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What is kinect fusion?

➡ Using low-cost sensor like MS Kinect (~100$)

➡ 3D object scanning 

➡ model creation

➡ interact with the scene

➡ can be in real time by using GPU
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Figure 3: Overall system workflow.

Surface reconstruction update: The global scene fusion pro-
cess, where given the pose determined by tracking the depth data
from a new sensor frame, the surface measurement is integrated into
the scene model maintained with a volumetric, truncated signed dis-
tance function (TSDF) representation.

Surface prediction: Unlike frame-to-frame pose estimation as
performed in [15], we close the loop between mapping and local-
isation by tracking the live depth frame against the globally fused
model. This is performed by raycasting the signed distance func-
tion into the estimated frame to provide a dense surface prediction
against which the live depth map is aligned.

Sensor pose estimation: Live sensor tracking is achieved using
a multi-scale ICP alignment between the predicted surface and cur-
rent sensor measurement. Our GPU based implementation uses all
the available data at frame-rate.

3.1 Preliminaries
We represent the live 6DOF camera pose estimated for a frame at
time k by a rigid body transformation matrix:

Tg,k =


Rg,k tg,k
0

> 1

�
2 SE3 , (1)

where the Euclidean group SE3 := {R, t | R 2 SO3, t 2 R3}. This
maps the camera coordinate frame at time k into the global frame
g, such that a point pk 2 R3 in the camera frame is transferred into
the global co-ordinate frame via pg = Tg,kpk.

We will also use a single constant camera calibration matrix
K that transforms points on the sensor plane into image pixels.
The function q = p(p) performs perspective projection of p 2
R3 = (x,y,z)> including dehomogenisation to obtain q 2 R2 =
(x/z,y/z)>. We will also use a dot notation to denote homogeneous
vectors ˙

u := (u>|1)>

3.2 Surface Measurement
At time k a measurement comprises a raw depth map Rk which
provides calibrated depth measurements Rk(u) 2 R at each image
pixel u = (u,v)> in the image domain u 2 U ⇢ R2 such that pk =
Rk(u)K�1

˙

u is a metric point measurement in the sensor frame of
reference k. We apply a bilateral filter [27] to the raw depth map to
obtain a discontinuity preserved depth map with reduced noise Dk,

Dk(u) =
1

W
p

Â
q2U

Nss (ku�qk2)Nsr (kRk(u)�Rk(q)k2)Rk(q) ,

(2)
where Ns (t) = exp(�t2s�2) and W

p

is a normalizing constant.
We back-project the filtered depth values into the sensor’s frame

of reference to obtain a vertex map Vk,

Vk(u) = Dk(u)K
�1

˙

u . (3)

Since each frame from the depth sensor is a surface measurement
on a regular grid, we compute, using a cross product between neigh-

Figure 4: A slice through the truncated signed distance volume
showing the truncated function F > µ (white), the smooth distance
field around the surface interface F = 0 and voxels that have not yet
had a valid measurement(grey) as detailed in eqn. 9.

bouring map vertices, the corresponding normal vectors,

Nk(u) = n
⇥
(Vk(u+1,v)�Vk(u,v))⇥ (Vk(u,v+1)�Vk(u,v))

⇤
,

(4)
where n [x] = x/kxk2.

We also define a vertex validity mask: Mk(u) 7! 1 for each pixel
where a depth measurement transforms to a valid vertex; otherwise
if a depth measurement is missing Mk(u) 7! 0. The bilateral filtered
version of the depth map greatly increases the quality of the normal
maps produced, improving the data association required in tracking
described in Section 3.5.

We compute an L = 3 level multi-scale representation of the sur-
face measurement in the form of a vertex and normal map pyramid.
First a depth map pyramid Dl2[1...L] is computed. Setting the bottom
depth map pyramid level equal to the original bilateral filtered depth
map, the sub-sampled version Dl+1 is computed from Dl by block
averaging followed by sub-sampling to half the resolution. Depth
values are used in the average only if they are within 3sr of the
central pixel to ensure smoothing does not occur over depth bound-
aries. Subsequently each level in a vertex and normal map pyramid
V

l2[1...L], N

l2[1...L] is computed with Equations 3 and 4 using the
corresponding depth map level. We note that given the camera to
global co-ordinate frame transform Tg,k associated with the surface
measurement, the global frame vertex is V

g
k(u) = Tg,k ˙

Vk(u) and
the equivalent mapping of normal vectors into the global frame is
N

g
k(u) = Rg,kNk(u).

3.3 Mapping as Surface Reconstruction
Each consecutive depth frame, with an associated live camera pose
estimate, is fused incrementally into one single 3D reconstruction
using the volumetric truncated signed distance function (TSDF)
[7]. In a true signed distance function, the value corresponds to
the signed distance to the closest zero crossing (the surface inter-
face), taking on positive and increasing values moving from the
visible surface into free space, and negative and decreasing values
on the non-visible side. The result of averaging the SDF’s of multi-
ple 3D point clouds (or surface measurements) that are aligned into
a global frame is a global surface fusion.

An example given in Figure 4 demonstrates how the TSDF al-
lows us to represent arbitrary genus surfaces as zero crossings
within the volume. We will denote the global TSDF that contains a
fusion of the registered depth measurements from frames 1 . . .k as
Sk(p) where p 2 R3 is a global frame point in the 3D volume to be
reconstructed. A discretization of the TSDF with a specified res-
olution is stored in global GPU memory where all processing will
reside. From here on we assume a fixed bijective mapping between
voxel/memory elements and the continuous TSDF representation
and will refer only to the continuous TSDF S. Two components are
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Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.

Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.
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Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.

Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.
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Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.

Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.
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Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.

Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.
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Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.

Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.

Raw Data Filtered Data

Vertex Map Normal Map

[x y depth] in pixels

[X Y Z] in metrics

project to 3D
multiply with K

cross product

Monday, February 17, 14



Kinect Fusion - Measurement
  [IZADI et al., 2011]

Bilateral 
Filter

Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.

Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.
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Kinect Fusion - Measurement
  [IZADI et al., 2011]

Bilateral 
Filter

Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.

Figure 2: RGB image of scene (A). Extracted normals (B) and surface reconstruction (C) from a single bilateral filtered Kinect
depth map. 3D model generated from KinectFusion showing surface normals (D) and rendered with Phong shading (E).

uously tracks the 6 degrees-of-freedom (DOF) pose of the
camera and fuses new viewpoints of the scene into a global
surface-based representation. A novel GPU pipeline allows
for accurate camera tracking and surface reconstruction at in-
teractive real-time rates. This paper details the capabilities of
our novel system, as well as the implementation of the GPU
pipeline in full.
We demonstrate core uses of KinectFusion as a low-cost
handheld scanner, and present novel interactive methods for
segmenting physical objects of interest from the reconstructed
scene. We show how a real-time 3D model can be leveraged
for geometry-aware augmented reality (AR) and physics-
based interactions, where virtual worlds more realistically
merge and interact with the real.
Placing such systems into an interaction context, where users
need to dynamically interact in front of the sensor, reveals a
fundamental challenge – no longer can we assume a static
scene for camera tracking or reconstruction. We illustrate
failure cases caused by a user moving in front of the sensor.
We describe new methods to overcome these limitations, al-
lowing camera tracking and reconstruction of a static back-
ground scene, while simultaneously segmenting, reconstruct-
ing and tracking foreground objects, including the user. We
use this approach to demonstrate real-time multi-touch inter-
actions anywhere, allowing a user to appropriate any physical
surface, be it planar or non-planar, for touch.

RELATED WORK
Reconstructing geometry using active sensors [16], passive
cameras [11, 18], online images [7], or from unordered 3D
points [14, 29] are well-studied areas of research in com-
puter graphics and vision. There is also extensive literature
within the AR and robotics community on Simultaneous Lo-
calization and Mapping (SLAM), aimed at tracking a user or
robot while creating a map of the surrounding physical envi-
ronment (see [25]). Given this broad topic, and our desire
to build a system for interaction, this section is structured
around specific design goals that differentiate KinectFusion
from prior work. The combination of these features makes
our interactive reconstruction system unique.

Interactive rates Our primary goal with KinectFusion is to
achieve real-time interactive rates for both camera tracking
and 3D reconstruction. This speed is critical for permitting
direct feedback and user interaction. This differentiates us
from many existing reconstruction systems that support only
offline reconstructions [7], real-time but non-interactive rates
(e.g. the Kinect-based system of [12] reconstructs at ⇤2Hz),

or support real-time camera tracking but non real-time recon-
struction or mapping phases [15, 19, 20].
No explicit feature detection Unlike structure from mo-
tion (SfM) systems (e.g. [15]) or RGB plus depth (RGBD)
techniques (e.g. [12, 13]), which need to robustly and con-
tinuously detect sparse scene features, our approach to cam-
era tracking avoids an explicit detection step, and directly
works on the full depth maps acquired from the Kinect sen-
sor. Our system also avoids the reliance on RGB (used in
recent Kinect RGBD systems e.g. [12]) allowing use in in-
door spaces with variable lighting conditions.
High-quality reconstruction of geometry A core goal of
our work is to capture detailed (or dense) 3D models of
the real scene. Many SLAM systems (e.g. [15]) focus
on real-time tracking, using sparse maps for localization
rather than reconstruction. Others have used simple point-
based representations (such as surfels [12] or aligned point-
clouds [13]) for reconstruction. KinectFusion goes beyond
these point-based representations by reconstructing surfaces,
which more accurately approximate real-world geometry.
Dynamic interaction assumed We explore tracking and
reconstruction in the context of user interaction. Given this
requirement, it is critical that the representation we use can
deal with dynamically changing scenes, where users directly
interact in front of the camera. While there has been work
on using mesh-based representations for live reconstruction
from passive RGB [18, 19, 20] or active Time-of-Flight (ToF)
cameras [4, 28], these do not readily deal with changing, dy-
namic scenes.
Infrastructure-less We aim to allow users to explore and
reconstruct arbitrary indoor spaces. This suggests a level of
mobility, and contrasts with systems that use fixed or large
sensors (e.g. [16, 23]) or are fully embedded in the envi-
ronment (e.g. [26]). We also aim to perform camera track-
ing without the need for prior augmentation of the space,
whether this is the use of infrastructure-heavy tracking sys-
tems (e.g. [2]) or fiducial markers (e.g. [27]).
Room scale One final requirement is to support whole
room reconstructions and interaction. This differentiates
KinectFusion from prior dense reconstruction systems, which
have either focused on smaller desktop scenes [19, 20] or
scanning of small physical objects [4, 28].
The remainder of this paper is structured into two parts: The
first provides a high-level description of the capabilities of
KinectFusion. The second describes the technical aspects of
the system, focusing on our novel GPU pipeline.

Raw Data Filtered Data

Data Pyramid to speed-up pose 
tracking 

http://razorvision.tumblr.com/post/15039827747/
how-kinect-and-kinect-fusion-kinfu-work

Monday, February 17, 14

http://razorvision.tumblr.com/post/15039827747/how-kinect-and-kinect-fusion-kinfu-work
http://razorvision.tumblr.com/post/15039827747/how-kinect-and-kinect-fusion-kinfu-work
http://razorvision.tumblr.com/post/15039827747/how-kinect-and-kinect-fusion-kinfu-work
http://razorvision.tumblr.com/post/15039827747/how-kinect-and-kinect-fusion-kinfu-work


Kinect Fusion
  [Newcombe et al., 2011]

Measurement

ICP (Iterative Closest Point)

TSDF Integration (Truncated Signed Distance 
Function)

Ray Casting
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ICP - Problem
by Szymon Rusinkiewicz, 2011

3

Pairwise Rigid Registration Goal

Align two partially-
overlapping meshes
given initial guess
for relative transform
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ICP - Aligning 3D Data
by Szymon Rusinkiewicz, 2011

5

Aligning 3D Data

If correct correspondences are known, can find 
correct relative rotation/translation
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ICP - Aligning 3D Data
by Szymon Rusinkiewicz, 2011
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Aligning 3D Data

… and iterate to find alignment
Iterative Closest Points (ICP)  [Besl & McKay 92]

Converges if starting position “close enough“
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ICP - Basic algorithm
by Szymon Rusinkiewicz, 2011

8

Basic ICP

Select e.g. 1000 random points

Match each to closest point on other scan,
using data structure such as k-d tree

Reject pairs with distance > k times median

Construct error function: 

Minimize (closed form solution in [Horn 87])
2¦ �� iiE qtRp
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ICP Variants 
by Szymon Rusinkiewicz, 2011

9

ICP Variants

Variants on the following stages of ICP
have been proposed:

1. Selecting source points (from one or both meshes)
2. Matching to points in the other mesh
3. Weighting the correspondences
4. Rejecting certain (outlier) point pairs
5. Assigning an error metric to the current transform
6. Minimizing the error metric w.r.t. transformation
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ICP - point-to-plane error
by Szymon Rusinkiewicz, 2011

12

Point-to-Plane Error Metric

Using point-to-plane distance instead of point-to-point 
lets flat regions slide along each other [Chen & Medioni 91]
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ICP - point-to-plane error
by Kok-Lim low, 2004
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Linear Least-Squares Optimization for  
Point-to-Plane ICP Surface Registration 
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ABSTRACT 
The Iterative Closest Point (ICP) algorithm that uses the point-to-
plane error metric has been shown to converge much faster than 
one that uses the point-to-point error metric. At each iteration of 
the ICP algorithm, the change of relative pose that gives the 
minimal point-to-plane error is usually solved using standard 
nonlinear least-squares methods, which are often very slow. 
Fortunately, when the relative orientation between the two input 
surfaces is small, we can approximate the nonlinear optimization 
problem with a linear least-squares one that can be solved more 
efficiently. We detail the derivation of a linear system whose 
least-squares solution is a good approximation to that obtained 
from a nonlinear optimization.  

1 INTRODUCTION 
3D shape alignment is an important part of many applications. It 
is used for object recognition in which newly acquired shapes in 
the environment are fitted to model shapes in the database. For 
reverse engineering and building real-world models for virtual 
reality, it is used to align multiple partial range scans to form 
models that are more complete. For autonomous range 
acquisition, 3D registration is used to accurately localize the range 
scanner, and to align data from multiple scans for view-planning 
computation. 

Since its introduction by Besl and McKay [Besl92], the ICP 
(Iterative Closest Point) algorithm has become the most widely 
used method for aligning three-dimensional shapes (a similar 
algorithm was also introduced by Chen and Medioni [Chen92]). 
Rusinkiewicz and Levoy [Rusinkiewicz01] provide a recent 
survey of the many ICP variants based on the original ICP 
concept. 

In the ICP algorithm described by Besl and McKay [Besl92], each 
point in one data set is paired with the closest point in the other 
data set to form correspondence pairs. Then a point-to-point error 
metric is used in which the sum of the squared distance between 
points in each correspondence pair is minimized. The process is 
iterated until the error becomes smaller than a threshold or it stops 
changing. On the other hand, Chen and Medioni [Chen92] used a 
point-to-plane error metric in which the object of minimization is 
the sum of the squared distance between a point and the tangent 
plane at its correspondence point. Unlike the point-to-point 
metric, which has a closed-form solution, the point-to-plane 
metric is usually solved using standard nonlinear least squares 
methods, such as the Levenberg-Marquardt method [Press92]. 
Although each iteration of the point-to-plane ICP algorithm is 
generally slower than the point-to-point version, researchers have 
observed significantly better convergence rates in the former 
[Rusinkiewicz01]. A more theoretical explanation of the 
convergence of the point-to-plane metric is described by Pottmann 
et al [Pottmann02]. 

In [Rusinkiewicz01], it was suggested that when the relative 
orientation (rotation) between the two input surfaces is small, one 
can approximate the nonlinear least-squares optimization problem 
with a linear one, so as to speed up the computation. This 
approximation is simply done by replacing sin ! by ! and cos ! by 
1 in the rotation matrix. 

In this technical report, we describe in detail the derivation of a 
system of linear equations to approximate the original nonlinear 
system, and demonstrate how the least-squares solution to the 
linear system can be obtained using SVD (singular value 
decomposition). A 3D rigid-body transformation matrix is then 
constructed from the linear least-squares solution. 

2 POINT-TO-PLANE ICP ALGORITHM 
Given a source surface and a destination surface, each iteration of 
the ICP algorithm first establishes a set of pair-correspondences 
between points in the source surface and points in the destination 
surfaces. For example, for each point on the source surface, the 
nearest point on the destination surface is chosen as its 
correspondence [Besl92] (see [Rusinkiewicz01] for other 
approaches to find point correspondences). The output of an ICP 
iteration is a 3D rigid-body transformation M that transforms the 
source points such that the total error between the corresponding 
points, under a certain chosen error metric, is minimal. 

When the point-to-plane error metric is used, the object of 
minimization is the sum of the squared distance between each 
source point and the tangent plane at its corresponding destination 
point (see Figure 1). More specifically, if si = (six, siy, siz, 1)T is a 
source point, di = (dix, diy, diz, 1)T is the corresponding destination 
point, and ni = (nix, niy, niz, 0)T is the unit normal vector at di, then 
the goal of each ICP iteration is to find Mopt such that 

( )( )! •"#=
i

iii
2

opt minarg ndsMM M
 

(1)

where M and Mopt are 4$4 3D rigid-body transformation matrices. 

 

 

 

 

 

 

 

 

 

 Figure 1: Point-to-plane error between two surfaces. 
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ICP - point-to-plane error
by Szymon Rusinkiewicz, 2011

13

Point-to-Plane Error Metric

Error function:

where R is a rotation matrix, t is translation vector

Linearize (i.e. assume that sinT | T, cosT | 1):

Result: overconstrained linear system
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ICP - point-to-plane error
by Szymon Rusinkiewicz, 2011

14

Point-to-Plane Error Metric

Overconstrained linear system

Solve using least squares
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ICP - Data Projection
by Szymon Rusinkiewicz, 2011

29

Projection to Find Correspondences

Idea: use a simpler algorithm to find correspondences
For range images, can simply project point  [Blais 95]

Constant-time
Does not require precomputing a spatial data structure
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efficient icp
by Szymon Rusinkiewicz & Marc Levoy, 2001

➡   ICP algorithm with 

➡   projection-based correspondences, 

➡   point-to-plane matching 

can align meshes in a few tens of ms.
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efficient icp
by Szymon Rusinkiewicz & Marc Levoy, 2001

30

Projection-Based Matching

Slightly worse performance per iteration

Each iteration is one to two orders of magnitude 
faster than closest-point

Result: can align
two range images
in a few milliseconds,
vs. a few seconds
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Frame-to-Model Alignment
➡ Frame-to-frame alignment:

➡ Unstable

➡ Prune to incremental drift
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Frame-to-Model Alignment
➡ Frame-to-frame alignment:

➡ Unstable

➡ Prune to incremental drift

➡ Frame-to-model alignment:

➡ Inherently prevents drift

➡ More stable
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Kinect Fusion
  [Newcombe et al., 2011]

Measurement

ICP (Iterative Closest Point)

TSDF Integration (Truncated Signed Distance 
Function)

Ray Casting
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SDF : signed distance 
function 

http://2.bp.blogspot.com/-bQanRezjlk4/TpdpSpMq5rI/
AAAAAAAAAWw/_8lQsmOJHWM/s320/SignedDistanceField.png

➡ Distance from a point x  to the boundary of a region
➡ Sign determined by whether x is in region

http://www.paraview.org/Wiki/ITK/Examples/ImageProcessing/
SignedDanielssonDistanceMapImageFilter
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Figure 8 - How a TSDF is created 

 
 
The resulting TSDF is used to reconstruct the surface of the current, refined model. To do so, ray casting 

is performed.  
Ray casting is a surface visualization method used in computer graphics11. It consists of choosing a point 

of  view,  the  camera’s  focal  point,  and  casting  rays  in  the  scene  from  it.  A  ray  is  basically  a  traveling  line,  it  
starts from the point of view with zero length and travels in a chosen direction until it intersect something. 
When the ray intersects a surface, the pixel it corresponds to in the image space of the camera is assigned 
to the 3D intersection point. This makes ray casting, with its output-centric focus, different from typical 
object-centered visualization methods such as vertex and segment rendering. Ray casting is often used in 
the visualization of translucent and semi-transparent objects, since it is easy to perform reflection and 
refraction by changing the direction of the traveling rays. It is also considered one of the better 3D 
visualization methods, resulting in high-quality images. Ray casting is also used for physics checks in virtual 
reality environments, as well for other distance-based computations such as 3D user-picking.  

In Kinect Fusion ray casting is used for this surface reconstruction step. Ray casting is performed from 
the global camera focal point by intersecting the zero level set of the TSDF. A prediction of the current 
global surface is obtained, with vertex data and estimated normal data. The refined, ray-casted model is 
the one that will be used in the next ICP step for alignment. By doing so instead of using just the last frame 
point cloud as the source for alignment, a less noisy model is obtained, placing the focus on finding a 
smooth surface. The process is sped up by using ray skipping, that is by advancing the rays at discrete steps. 
Ray casting is also used for the final visualization step. The end result is a 3D surface representing the 
acquired scene (see Figure 2). 

 

Conclusion and notes 
Kinect Fusion allows reconstruction of 3D scenes in real-time with ease thanks to its assumptions and 

the heavy parallelization. However, it still presents a few issues. 
The algorithm requires high computational power and a powerful GPU to work, due to the assumption 

of small movements between two frames. In addition, even at a high frame-rate, the motion of the Kinect 
sensor must be kept in check, as a sudden tilt or translation may break the assumption. The consequence of 
breaking the assumption is that the ICP alignment may not converge to a correct match. In this case, the 
algorithm will discard the new cloud and fall back to an older pose.  

However, as we have experienced with the KinFu implementation (see the next section), a different 
problem may arise. Due to sudden movements and thus due to the breaking of the assumption, the ICP 
alignment step may erroneously converge to a wrong match. In this case, the algorithm is not able to 
detect that tracking has been lost and instead will merge two different clouds together, breaking both the 
tracking and the reconstruction. We found that the major reason of loss of tracking in the scene was the 

                                                           
11 http://en.wikipedia.org/wiki/Ray_casting 

Monday, February 17, 14



TSDF integration
by Milwaukee 3D Printing Meetup & Voxel Metric

Monday, February 17, 14



TSDF integration
by Milwaukee 3D Printing Meetup & Voxel Metric

Monday, February 17, 14



TSDF integration
by Milwaukee 3D Printing Meetup & Voxel Metric

Monday, February 17, 14



TSDF integration
by Milwaukee 3D Printing Meetup & Voxel Metric

Monday, February 17, 14



TSDF integration
 [newcombe et al., 2011]

stored at each location of the TSDF: the current truncated signed
distance value Fk(p) and a weight Wk(p),

Sk(p) 7! [Fk(p),Wk(p)] . (5)

A dense surface measurement (such as the raw depth map Rk) pro-
vides two important constraints on the surface being reconstructed.
First, assuming we can truncate the uncertainty of a depth mea-
surement such that the true value lies within ±µ of the measured
value, then for a distance r from the camera center along each depth
map ray, r < (lRk(u)� µ) is a measurement of free space (here
l = kK�1

˙

uk2 scales the measurement along the pixel ray). Sec-
ond, we assume that no surface information is obtained in the re-
construction volume at r > (lRk(u) + µ) along the camera ray.
Therefore the SDF need only represent the region of uncertainty
where the surface measurement exists |r�lRk(u)|  µ . A TSDF
allows the asymmetry between free space, uncertain measurement
and unknown areas to be represented. Points that are within visible
space at distance greater than µ from the nearest surface interface
are truncated to a maximum distance µ . Non-visible points farther
than µ from the surface are not measured. Otherwise the SDF rep-
resents the distance to the nearest surface point.

Although efficient algorithms exist for computing the true dis-
crete SDF for a given set of point measurements (complexity is
linear in the the number of voxels) [22], sophisticated implemen-
tations are required to achieve top performance on GPU hardware,
without which real-time computation is not possible for a reason-
able size volume. Instead, we use a projective truncated signed
distance function that is readily computed and trivially parallelis-
able. For a raw depth map Rk with a known pose Tg,k, its global
frame projective TSDF [FRk ,WRk ] at a point p in the global frame
g is computed as,

FRk (p) = Y
⇣

l�1k(tg,k�pk2�Rk(x)
⌘
, (6)

l = kK�1
˙

xk2 , (7)

x =
j

p
⇣

KT�1
g,kp

⌘k
, (8)

Y(h) =

(
min

⇣
1, h

µ

⌘
sgn(h) iff h ��µ

null otherwise
(9)

We use a nearest neighbour lookup b.c instead of interpolating
the depth value, to prevent smearing of measurements at depth dis-
continuities. 1/l converts the ray distance to p to a depth (we found
no considerable difference in using SDF values computed using dis-
tances along the ray or along the optical axis). Y performs the SDF
truncation. The truncation function is scaled to ensure that a sur-
face measurement (zero crossing in the SDF) is represented by at
least one non truncated voxel value in the discretised volume ei-
ther side of the surface. Also, the support is increased linearly with
distance from the sensor center to support correct representation
of noisier measurements. The associated weight WRk (p) is propor-
tional to cos(q)/Rk(x), where q is the angle between the associated
pixel ray direction and the surface normal measurement in the local
frame.

The projective TSDF measurement is only correct exactly at the
surface FRk (p) = 0 or if there is only a single point measurement
in isolation. When a surface is present the closest point along a
ray could be another surface point not on the ray associated with
the pixel in Equation 8. It has been shown that for points close
to the surface, a correction can be applied by scaling the SDF by
cos(q) [11]. However, we have found that approximation within
the truncation region for 100s or more fused TSDFs from multiple
viewpoints (as performed here) converges towards an SDF with a
pseudo-Euclidean metric that does not hinder mapping and tracking
performance.

The global fusion of all depth maps in the volume is formed by
the weighted average of all individual TSDFs computed for each
depth map, which can be seen as de-noising the global TSDF from
multiple noisy TSDF measurements. Under an L2 norm the de-
noised (fused) surface results as the zero-crossings of the point-wise
SDF F minimising:

min
F2F Â

k
kWRk FRk �F)k2. (10)

Given that the focus of our work is on real-time sensor tracking and
surface reconstruction we must maintain interactive frame-rates.
(For a 640x480 depth stream at 30fps the equivalent of over 9
million new point measurements are made per second). Storing
a weight Wk(p) with each value allows an important aspect of the
global minimum of the convex L2 de-noising metric to be exploited
for real-time fusion; that the solution can be obtained incrementally
as more data terms are added using a simple weighted running av-
erage [7], defined point-wise {p|FRk (p) 6= null}:

Fk(p) =
Wk�1(p)Fk�1(p)+WRk (p)FRk (p)

Wk�1(p)+WRk (p)
(11)

Wk(p) = Wk�1(p)+WRk (p) (12)

No update on the global TSDF is performed for values resulting
from unmeasurable regions specified in Equation 9. While Wk(p)
provides weighting of the TSDF proportional to the uncertainty of
surface measurement, we have also found that in practice simply
letting WRk (p) = 1, resulting in a simple average, provides good re-
sults. Moreover, by truncating the updated weight over some value
Wh ,

Wk(p) min(Wk�1(p)+WRk (p),Wh ) , (13)

a moving average surface reconstruction can be obtained enabling
reconstruction in scenes with dynamic object motion.

Although a large number of voxels can be visited that will not
project into the current image, the simplicity of the kernel means
operation time is memory, not computation, bound and with current
GPU hardware over 65 gigavoxels/second (⇡ 2ms per full volume
update for a 5123 voxel reconstruction) can be updated. We use 16
bits per component in S(p), although experimentally we have ver-
ified that as few as 6 bits are required for the SDF value. Finally,
we note that the raw depth measurements are used for TSDF fusion
rather than the bilateral filtered version used in the tracking com-
ponent, described later in section 3.5. The early filtering removes
desired high frequency structure and noise alike which would re-
duce the ability to reconstruct finer scale structures.

3.4 Surface Prediction from Ray Casting the TSDF
With the most up-to-date reconstruction available comes the abil-
ity to compute a dense surface prediction by rendering the surface
encoded in the zero level set Fk = 0 into a virtual camera with the
current estimate Tg,k. The surface prediction is stored as a vertex
and normal map V̂k and N̂k in frame of reference k and is used in
the subsequent camera pose estimation step.

As we have a dense surface reconstruction in the form of a global
SDF, a per pixel raycast can be performed [21]. Each pixel’s cor-
responding ray, Tg,kK�1

˙

u, is marched starting from the minimum
depth for the pixel and stopping when a zero crossing (+ve to
�ve for a visible surface) is found indicating the surface interface.
Marching also stops if a �ve to +ve back face is found, or ulti-
mately when exiting the working volume, both resulting in non sur-
face measurement at the pixel u.

For points on or very close to the surface interface Fk(p) = 0 it
is assumed that the gradient of the TSDF at p is orthogonal to the
zero level set, and so the surface normal for the associated pixel u

➡ Each voxel stores:

➡ F: signed distance

➡ W: accumulated weight

Moving average at time k:
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TSDF integration
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Figure 3: Overall system workflow.

Surface reconstruction update: The global scene fusion pro-
cess, where given the pose determined by tracking the depth data
from a new sensor frame, the surface measurement is integrated into
the scene model maintained with a volumetric, truncated signed dis-
tance function (TSDF) representation.

Surface prediction: Unlike frame-to-frame pose estimation as
performed in [15], we close the loop between mapping and local-
isation by tracking the live depth frame against the globally fused
model. This is performed by raycasting the signed distance func-
tion into the estimated frame to provide a dense surface prediction
against which the live depth map is aligned.

Sensor pose estimation: Live sensor tracking is achieved using
a multi-scale ICP alignment between the predicted surface and cur-
rent sensor measurement. Our GPU based implementation uses all
the available data at frame-rate.

3.1 Preliminaries
We represent the live 6DOF camera pose estimated for a frame at
time k by a rigid body transformation matrix:

Tg,k =


Rg,k tg,k
0

> 1

�
2 SE3 , (1)

where the Euclidean group SE3 := {R, t | R 2 SO3, t 2 R3}. This
maps the camera coordinate frame at time k into the global frame
g, such that a point pk 2 R3 in the camera frame is transferred into
the global co-ordinate frame via pg = Tg,kpk.

We will also use a single constant camera calibration matrix
K that transforms points on the sensor plane into image pixels.
The function q = p(p) performs perspective projection of p 2
R3 = (x,y,z)> including dehomogenisation to obtain q 2 R2 =
(x/z,y/z)>. We will also use a dot notation to denote homogeneous
vectors ˙

u := (u>|1)>

3.2 Surface Measurement
At time k a measurement comprises a raw depth map Rk which
provides calibrated depth measurements Rk(u) 2 R at each image
pixel u = (u,v)> in the image domain u 2 U ⇢ R2 such that pk =
Rk(u)K�1

˙

u is a metric point measurement in the sensor frame of
reference k. We apply a bilateral filter [27] to the raw depth map to
obtain a discontinuity preserved depth map with reduced noise Dk,

Dk(u) =
1

W
p

Â
q2U

Nss (ku�qk2)Nsr (kRk(u)�Rk(q)k2)Rk(q) ,

(2)
where Ns (t) = exp(�t2s�2) and W

p

is a normalizing constant.
We back-project the filtered depth values into the sensor’s frame

of reference to obtain a vertex map Vk,

Vk(u) = Dk(u)K
�1

˙

u . (3)

Since each frame from the depth sensor is a surface measurement
on a regular grid, we compute, using a cross product between neigh-

Figure 4: A slice through the truncated signed distance volume
showing the truncated function F > µ (white), the smooth distance
field around the surface interface F = 0 and voxels that have not yet
had a valid measurement(grey) as detailed in eqn. 9.

bouring map vertices, the corresponding normal vectors,

Nk(u) = n
⇥
(Vk(u+1,v)�Vk(u,v))⇥ (Vk(u,v+1)�Vk(u,v))

⇤
,

(4)
where n [x] = x/kxk2.

We also define a vertex validity mask: Mk(u) 7! 1 for each pixel
where a depth measurement transforms to a valid vertex; otherwise
if a depth measurement is missing Mk(u) 7! 0. The bilateral filtered
version of the depth map greatly increases the quality of the normal
maps produced, improving the data association required in tracking
described in Section 3.5.

We compute an L = 3 level multi-scale representation of the sur-
face measurement in the form of a vertex and normal map pyramid.
First a depth map pyramid Dl2[1...L] is computed. Setting the bottom
depth map pyramid level equal to the original bilateral filtered depth
map, the sub-sampled version Dl+1 is computed from Dl by block
averaging followed by sub-sampling to half the resolution. Depth
values are used in the average only if they are within 3sr of the
central pixel to ensure smoothing does not occur over depth bound-
aries. Subsequently each level in a vertex and normal map pyramid
V

l2[1...L], N

l2[1...L] is computed with Equations 3 and 4 using the
corresponding depth map level. We note that given the camera to
global co-ordinate frame transform Tg,k associated with the surface
measurement, the global frame vertex is V

g
k(u) = Tg,k ˙

Vk(u) and
the equivalent mapping of normal vectors into the global frame is
N

g
k(u) = Rg,kNk(u).

3.3 Mapping as Surface Reconstruction
Each consecutive depth frame, with an associated live camera pose
estimate, is fused incrementally into one single 3D reconstruction
using the volumetric truncated signed distance function (TSDF)
[7]. In a true signed distance function, the value corresponds to
the signed distance to the closest zero crossing (the surface inter-
face), taking on positive and increasing values moving from the
visible surface into free space, and negative and decreasing values
on the non-visible side. The result of averaging the SDF’s of multi-
ple 3D point clouds (or surface measurements) that are aligned into
a global frame is a global surface fusion.

An example given in Figure 4 demonstrates how the TSDF al-
lows us to represent arbitrary genus surfaces as zero crossings
within the volume. We will denote the global TSDF that contains a
fusion of the registered depth measurements from frames 1 . . .k as
Sk(p) where p 2 R3 is a global frame point in the 3D volume to be
reconstructed. A discretization of the TSDF with a specified res-
olution is stored in global GPU memory where all processing will
reside. From here on we assume a fixed bijective mapping between
voxel/memory elements and the continuous TSDF representation
and will refer only to the continuous TSDF S. Two components are

stored at each location of the TSDF: the current truncated signed
distance value Fk(p) and a weight Wk(p),

Sk(p) 7! [Fk(p),Wk(p)] . (5)

A dense surface measurement (such as the raw depth map Rk) pro-
vides two important constraints on the surface being reconstructed.
First, assuming we can truncate the uncertainty of a depth mea-
surement such that the true value lies within ±µ of the measured
value, then for a distance r from the camera center along each depth
map ray, r < (lRk(u)� µ) is a measurement of free space (here
l = kK�1

˙uk2 scales the measurement along the pixel ray). Sec-
ond, we assume that no surface information is obtained in the re-
construction volume at r > (lRk(u) + µ) along the camera ray.
Therefore the SDF need only represent the region of uncertainty
where the surface measurement exists |r�lRk(u)|  µ . A TSDF
allows the asymmetry between free space, uncertain measurement
and unknown areas to be represented. Points that are within visible
space at distance greater than µ from the nearest surface interface
are truncated to a maximum distance µ . Non-visible points farther
than µ from the surface are not measured. Otherwise the SDF rep-
resents the distance to the nearest surface point.

Although efficient algorithms exist for computing the true dis-
crete SDF for a given set of point measurements (complexity is
linear in the the number of voxels) [22], sophisticated implemen-
tations are required to achieve top performance on GPU hardware,
without which real-time computation is not possible for a reason-
able size volume. Instead, we use a projective truncated signed
distance function that is readily computed and trivially parallelis-
able. For a raw depth map Rk with a known pose Tg,k, its global
frame projective TSDF [FRk ,WRk ] at a point p in the global frame
g is computed as,

FRk (p) = Y
⇣

l�1k(tg,k�pk2�Rk(x)
⌘
, (6)

l = kK�1
˙xk2 , (7)

x =
j

p
⇣

KT�1
g,kp

⌘k
, (8)

Y(h) =

(
min

⇣
1, h

µ

⌘
sgn(h) iff h ��µ

null otherwise
(9)

We use a nearest neighbour lookup b.c instead of interpolating
the depth value, to prevent smearing of measurements at depth dis-
continuities. 1/l converts the ray distance to p to a depth (we found
no considerable difference in using SDF values computed using dis-
tances along the ray or along the optical axis). Y performs the SDF
truncation. The truncation function is scaled to ensure that a sur-
face measurement (zero crossing in the SDF) is represented by at
least one non truncated voxel value in the discretised volume ei-
ther side of the surface. Also, the support is increased linearly with
distance from the sensor center to support correct representation
of noisier measurements. The associated weight WRk (p) is propor-
tional to cos(q)/Rk(x), where q is the angle between the associated
pixel ray direction and the surface normal measurement in the local
frame.

The projective TSDF measurement is only correct exactly at the
surface FRk (p) = 0 or if there is only a single point measurement
in isolation. When a surface is present the closest point along a
ray could be another surface point not on the ray associated with
the pixel in Equation 8. It has been shown that for points close
to the surface, a correction can be applied by scaling the SDF by
cos(q) [11]. However, we have found that approximation within
the truncation region for 100s or more fused TSDFs from multiple
viewpoints (as performed here) converges towards an SDF with a
pseudo-Euclidean metric that does not hinder mapping and tracking
performance.

The global fusion of all depth maps in the volume is formed by
the weighted average of all individual TSDFs computed for each
depth map, which can be seen as de-noising the global TSDF from
multiple noisy TSDF measurements. Under an L2 norm the de-
noised (fused) surface results as the zero-crossings of the point-wise
SDF F minimising:

min
F2F Â

k
kWRk FRk �F)k2. (10)

Given that the focus of our work is on real-time sensor tracking and
surface reconstruction we must maintain interactive frame-rates.
(For a 640x480 depth stream at 30fps the equivalent of over 9
million new point measurements are made per second). Storing
a weight Wk(p) with each value allows an important aspect of the
global minimum of the convex L2 de-noising metric to be exploited
for real-time fusion; that the solution can be obtained incrementally
as more data terms are added using a simple weighted running av-
erage [7], defined point-wise {p|FRk (p) 6= null}:

Fk(p) =
Wk�1(p)Fk�1(p)+WRk (p)FRk (p)

Wk�1(p)+WRk (p)
(11)

Wk(p) = Wk�1(p)+WRk (p) (12)

No update on the global TSDF is performed for values resulting
from unmeasurable regions specified in Equation 9. While Wk(p)
provides weighting of the TSDF proportional to the uncertainty of
surface measurement, we have also found that in practice simply
letting WRk (p) = 1, resulting in a simple average, provides good re-
sults. Moreover, by truncating the updated weight over some value
Wh ,

Wk(p) min(Wk�1(p)+WRk (p),Wh ) , (13)

a moving average surface reconstruction can be obtained enabling
reconstruction in scenes with dynamic object motion.

Although a large number of voxels can be visited that will not
project into the current image, the simplicity of the kernel means
operation time is memory, not computation, bound and with current
GPU hardware over 65 gigavoxels/second (⇡ 2ms per full volume
update for a 5123 voxel reconstruction) can be updated. We use 16
bits per component in S(p), although experimentally we have ver-
ified that as few as 6 bits are required for the SDF value. Finally,
we note that the raw depth measurements are used for TSDF fusion
rather than the bilateral filtered version used in the tracking com-
ponent, described later in section 3.5. The early filtering removes
desired high frequency structure and noise alike which would re-
duce the ability to reconstruct finer scale structures.

3.4 Surface Prediction from Ray Casting the TSDF
With the most up-to-date reconstruction available comes the abil-
ity to compute a dense surface prediction by rendering the surface
encoded in the zero level set Fk = 0 into a virtual camera with the
current estimate Tg,k. The surface prediction is stored as a vertex
and normal map V̂k and N̂k in frame of reference k and is used in
the subsequent camera pose estimation step.

As we have a dense surface reconstruction in the form of a global
SDF, a per pixel raycast can be performed [21]. Each pixel’s cor-
responding ray, Tg,kK�1

˙u, is marched starting from the minimum
depth for the pixel and stopping when a zero crossing (+ve to
�ve for a visible surface) is found indicating the surface interface.
Marching also stops if a �ve to +ve back face is found, or ulti-
mately when exiting the working volume, both resulting in non sur-
face measurement at the pixel u.

For points on or very close to the surface interface Fk(p) = 0 it
is assumed that the gradient of the TSDF at p is orthogonal to the
zero level set, and so the surface normal for the associated pixel u

Monday, February 17, 14



Kinect Fusion
  [Newcombe et al., 2011]

Measurement

ICP (Iterative Closest Point)

TSDF Integration (Truncated Signed Distance 
Function)
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Monday, February 17, 14



RAy casting
  [Newcombe et al., 2011]

➡ Cast a ray from each pixel in the image through the 
focal point of the virtual camera

http://johnrichie.com/V2/richie/isosurface/volume.html
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RAy casting

➡ Find “zero-crossings” in tsdf volume

➡ p: extracted grid position by trilinear interpolation
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RAy casting

➡ Find “zero-crossings” in tsdf volume

➡ p: extracted grid position by trilinear interpolation

➡ Uniform sampling for voxel traversal

d

Uniform sampling
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RAy casting

➡ Find “zero-crossings” in tsdf volume

➡ p: extracted grid position by trilinear interpolation

➡ DDA for fast voxel traversal [Amanatides&Woo’87]

d

Uniform sampling DDA sampling
Monday, February 17, 14



RAy casting

➡ Find “zero-crossings” in tsdf volume

➡ p: extracted grid position by trilinear interpolation

➡ v: convert grid position p to 3D global position

➡ n: surface gradient at p
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RAy casting

  Ray-casting on the TSDF 

http://razorvision.tumblr.com/post/15039827747/how-kinect-and-kinect-fusion-kinfu-work
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RAy casting
 [Newcombe et al., 2011]

  Ray-casting on the TSDF 

       Surface                                         Normals

Figure 5: Reconstructed of a scene showing raycasting of the TSDF
(left) without and (middle and right) with interpolation of the TSDF at
the surface interface using eqn. 15.

Figure 6: Demonstration of the space skipping ray casting. (Left)
pixel iteration count are shown where for each pixel the ray is tra-
versed in steps of at most one voxel (white equals 480 increments
and black 60). (middle) ray marching steps are drastically reduced
by skipping empty space according to the minimum truncation µ
(white equals 70 iterations and black 10 ⇡ 6⇥ speedup). Marching
steps can be seen to increase around the surface interface where
the signed distance function has not been truncated. (Right) Normal
map at resulting surface intersection.

along which p was found can be computed directly from Fk using a
numerical derivative of the SDF:

Rg,kN̂k = N̂

g
k(u) = n

⇥
—F(p)

⇤
, —F =


∂F
∂x

,
∂F
∂y

,
∂F
∂ z

�>
(14)

Further, this derivative is scaled in each dimension to ensure cor-
rect isotropy given potentially arbitrary voxel resolutions and re-
construction dimensions.

Since the rendering of the surface is restricted to provide phys-
ically plausible measurement predictions, there is a minimum and
maximum rendering range the ray needs to traverse corresponding
to conservative minimum and maximum sensor range (⇡ [0.4,8]
meters for the Kinect). This results in the desirable property of
the proposed surface prediction requiring a bounded time per pixel
computation for any size or complexity of scene with a fixed volu-
metric resolution.

Classically a min/max block acceleration structure [21] can be
used to speed up marching through empty space. However, due
to continual updating of the TSDF (which would require a con-
stant update to the min/max macro blocks) we found that simple
ray skipping provides a more useful acceleration. In ray skipping
we utilise the fact that near F(p) = 0 the fused volume holds a good
approximation to the true signed distance from p to the nearest sur-
face interface. Using our known truncation distance we can march
along the ray in steps with size < µ while values of F(p) have +ve
truncated values, as we can assume a step µ must pass through at
least one non-truncated +ve value before stepping over the surface
zero crossing. The speed-up obtained is demonstrated in Figure 6
by measuring the number of steps required for each pixel to inter-
sect the surface relative to standard marching.

Higher quality intersections can be obtained by solving a ray/tri-
linear cell intersection [21] that requires solving a cubic polyno-
mial. As this is expensive we use a simple approximation. Given
a ray has been found to intersect the SDF where F+

t and F+
t+Dt are

trilinearly interpolated SDF values either side of the zero crossing
at points along the ray t and t+Dt from its starting point, we find

parameter t⇤ at which the intersection occurs more precisely:

t⇤ = t� DtF+
t

F+
t+Dt �F+

t
. (15)

The predicted vertex and normal maps are computed at the inter-
polated location in the global frame. Figure 5 shows a typical recon-
struction, the interpolation scheme described achieves high quality
occlusion boundaries at a fraction of the cost of full interpolation.

3.5 Sensor Pose Estimation
Live camera localisation involves estimating the current camera
pose Tw,k 2 SE3 (Equation 1) for each new depth image. Many
tracking algorithms use feature selection to improve speed by re-
ducing the number of points for which data association need be
performed. In this work, we take advantage of two factors to al-
low us instead to make use of all of the data in a depth image for
a dense iterated close point based pose estimation. First, by main-
taining a high tracking frame-rate, we can assume small motion
from one frame to the next. This allows us to use the fast projec-
tive data association algorithm [4] to obtain correspondence and the
point-plane metric [5] for pose optimisation. Second, modern GPU
hardware enables a fully parrallelised processing pipeline, so that
the data association and point-plane optimisation can use all of the
available surface measurements.

The point-plane error metric in combination with correspon-
dences obtained using projective data association was first demon-
strated in a real time modelling system by [23] where frame-to-
frame tracking was used (with a fixed camera) for depth map align-
ment. In our system we instead track the current sensor frame by
aligning a live surface measurement (Vk,Nk) against the model pre-
diction from the previous frame (V̂k�1, N̂k�1). We note that frame-
to-frame tracking is obtained simply by setting (V̂k�1, N̂k�1)  
(Vk�1,Nk�1) which is used in our experimental section for a com-
parison between frame-to-frame and frame-model tracking.

Utilising the surface prediction, the global point-plane energy,
under the L2 norm for the desired camera pose estimate Tg,k is:

E(Tg,k) = Â
u2U

Wk(u) 6=null

����
⇣
Tg,k ˙

Vk(u)� V̂

g
k�1 (û)

⌘>
N̂

g
k�1 (û)

����
2
, (16)

where each global frame surface prediction is obtained using the
previous fixed pose estimate Tg,k�1. The projective data as-
sociation algorithm produces the set of vertex correspondences
{Vk(u), V̂k�1(û)|W(u) 6= null} by computing the perspectively pro-
jected point, û = p(KeTk�1,k ˙

Vk(u)) using an estimate for the frame-
frame transform eTz

k�1,k = T�1
g,k�1

eTz
g,k and testing the predicted and

measured vertex and normal for compatibility. A threshold on the
distance of vertices and difference in normal values suffices to re-
ject grossly incorrect correspondences, also illustrated in Figure 7:

W(u) 6= null iff

8
<

:

Mk(u) = 1, and
keTz

g,k
˙

Vk(u)� V̂

g
k�1 (û)k2  ed , and

heRz
g,kNk(u), N̂

g
k�1 (û)i  eq .

(17)

where ed and eq are threshold parameters of our system. eTz=0
g,k is

initialised with the previous frame pose Tg,k.
An iterative solution, eTz

g,k for z > 0 is obtained by minimising
the energy of a linearised version of (16) around the previous es-
timate eTz�1

g,k . Using the small angle assumption for an incremental
transform:

eTz
inc =

h
eRz�� e

t

z
i
=

2

4
1 a �g tx
�a 1 b ty
g �b 1 tz

3

5 , (18)
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KINECT FUsion: RECAP
  [izadi et al., 2011]

Figure 9: Interactive simulation of particle physics on dy-
namic scenes. Particles interact with dynamically moving
foreground user, whilst physical camera and user move.
User can collide with the physics-enabled virtual objects.

Figure 10: Enabling touch input on arbitrary surfaces with
a moving camera. A) Live RGB. B) Composited view with
segmented hand and single finger touching curved surface.
C) rendered as surface normals. D) Single finger drawing
on a curved surface. E) Multi-touch on regular planar book
surface. F) Multi-touch on an arbitrarily shaped surface.

demonstrated in the interactive tabletop community, to reach
any surface in the user’s environment (see Figure 10).
GPU IMPLEMENTATION
Our approach for real-time camera tracking and surface re-
construction is based on two well-studied algorithms [1, 5,
24], which have been designed from the ground-up for paral-
lel execution on the GPU. A full formulation of our method is
provided in [21], as well as quantitative evaluation of recon-
struction performance. The focus of this section is on the im-
plementation of our novel core and extended GPU pipeline,
which is critical in enabling interactive rates.
The main system pipeline consists of four main stages (la-
beled appropriately in Figure 11):
a) Depth Map Conversion The live depth map is converted
from image coordinates into 3D points (referred to as ver-
tices) and normals in the coordinate space of the camera.

b) Camera Tracking In the tracking phase, a rigid 6DOF
transform is computed to closely align the current oriented
points with the previous frame, using a GPU implementa-
tion of the Iterative Closest Point (ICP) algorithm [1]. Rel-
ative transforms are incrementally applied to a single trans-
form that defines the global pose of the Kinect.

c) Volumetric Integration Instead of fusing point clouds or
creating a mesh, we use a volumetric surface representation
based on [5]. Given the global pose of the camera, oriented
points are converted into global coordinates, and a single 3D
voxel grid is updated. Each voxel stores a running average
of its distance to the assumed position of a physical surface.

d) Raycasting Finally, the volume is raycast to extract views
of the implicit surface, for rendering to the user. When us-
ing the global pose of the camera, this raycasted view of the

Figure 11: Overview of tracking and reconstruction pipeline
from raw depth map to rendered view of 3D scene.

volume also equates to a synthetic depth map, which can
be used as a less noisy more globally consistent reference
frame for the next iteration of ICP. This allows tracking by
aligning the current live depth map with our less noisy ray-
casted view of the model, as opposed to using only the live
depth maps frame-to-frame.

Each of these steps is executed in parallel on the GPU using
the CUDA language. We describe each of these steps of the
pipeline in the following sections.

Depth Map Conversion
At time i, each CUDA thread operates in parallel on a sep-
arate pixel u = (x, y) in the incoming depth map Di(u).
Given the intrinsic calibration matrix K (of the Kinect in-
frared camera), each GPU thread reprojects a specific depth
measurement as a 3D vertex in the camera’s coordinate space
as follows: vi(u) = Di(u) K�1[u,1]. This results in a sin-
gle vertex map Vi computed in parallel.
Corresponding normal vectors for each vertex are computed
by each GPU thread using neighboring reprojected points:
ni(u) = (vi(x+1, y)�vi(x, y))⇥(vi(x, y+1)�vi(x, y))
(normalized to unit length ni/||ni||). This results in a single
normal map Ni computed in parallel.
The 6DOF camera pose at time i is a rigid body transform
matrix Ti = [Ri|ti] containing a 3x3 rotation matrix (Ri)
and 3D translation vector (ti). Given this transform, a ver-
tex and normal can be converted into global coordinates:
vg

i (u) = Tivi(u) and ng

i (u) = Rini(u) respectively.

Camera Tracking
ICP is a popular and well-studied algorithm for 3D shape
alignment (see [24] for a detailed study). In KinectFusion,
ICP is instead leveraged to track the camera pose for each
new depth frame, by estimating a single 6DOF transform
that closely aligns the current oriented points with those of
the previous frame. This gives a relative 6DOF transform
which can be incrementally applied together to give the sin-
gle global camera pose Ti.
The important first step of ICP is to find correspondences be-
tween the current oriented points at time i with the previous
at i�1. In our system we use projective data association [24]
to find these correspondences. This part of the GPU-based al-
gorithm is shown as pseudocode in Listing 1. Given the pre-
vious global camera pose Ti�1

, each GPU thread transforms
a unique point vi�1

into camera coordinate space, and per-
spective projects it into image coordinates. It then uses this
2D point as a lookup into the current vertex (Vi) and normal
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At the end of the day:
Model Extraction

Marching Cubes on TSDF

Wikipedia
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KinectFusion extensions

➡ Problems with Kinect Fusion:

➡ Limited integration volume size 

http://www.ccs.neu.edu/research/gpc/
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KinectFusion extensions

➡ Problems with Kinect Fusion:

➡ Limited integration volume size 

➡ Loop closure

http://www.ccs.neu.edu/research/gpc/

http://robotics.usc.edu/~ahoward/projects_calme.php
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KinectFusion extensions

➡ Problems with Kinect Fusion:

➡ Limited integration volume size 

➡ Loop closure

➡ Texturing
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3D Self-Portraits

Hao Li1 Etienne Vouga2 Anton Gudym5 Linjie Luo3 Jonathan T. Barron4 Gleb Gusev5
1University of Southern California 2 Columbia University 3Adobe Research 4UC Berkeley 5Artec Group

3D scanning pose change output reconstruction textured reconstruction large variety of examples3D print

Figure 1: With our system, users can scan themselves with a single 3D sensor by rotating the same pose for a few different views (typically
eight, ⇠45 degrees apart) to cover the full body. Our method robustly registers and merges different scans into a watertight surface with
consistent texture in spite of shape changes during repositioning, and lighting differences between the scans. These surfaces are suitable for
applications such as online avatars or 3D printing (the miniature shown here was printed using a ZPrinter 650.)

Abstract

We develop an automatic pipeline that allows ordinary users to cap-
ture complete and fully textured 3D models of themselves in min-
utes, using only a single Kinect sensor, in the uncontrolled lighting
environment of their own home. Our method requires neither a
turntable nor a second operator, and is robust to the small defor-
mations and changes of pose that inevitably arise during scanning.
After the users rotate themselves with the same pose for a few
scans from different views, our system stitches together the cap-
tured scans using multi-view non-rigid registration, and produces
watertight final models. To ensure consistent texturing, we re-
cover the underlying albedo from each scanned texture and generate
seamless global textures using Poisson blending. Despite the mini-
mal requirements we place on the hardware and users, our method
is suitable for full body capture of challenging scenes that cannot
be handled well using previous methods, such as those involving
loose clothing, complex poses, and props.

CR Categories: I.3.3 [Computer Graphics]: Three-Dimensional
Graphics and Realism—Digitizing and scanning

Keywords: 3D scanning, non-rigid registration, depth-sensor, hu-
man body, texture reconstruction

Links: DL PDF WEB VIDEO

1 Introduction

For many years, acquiring 3D models of real-world objects was
a complex task relegated to experts using sophisticated equipment

such as laser scanners, carefully calibrated stereo setups, or large
arrays of lights and cameras. The recent rise of cheap, consumer-
level 3D sensors, such as Microsoft’s Kinect, is rapidly democra-
tizing the process of 3D scanning: as these sensors become smaller,
cheaper, more accurate and robust, they will continue to permeate
the consumer market. Within a decade, 3D capability will likely
become as standard built-in feature on laptops and home computers
as ordinary video cameras are today.

Recent work on software systems for geometry processing have
leaped forward to adapt to the revolution in 3D acquisition hard-
ware. Using methods like Kinect Fusion [Newcombe et al. 2011],
ordinary users with no domain knowledge can now generate scans
of everyday objects with stunning detail and accuracy. However,
with the users behind the 3D sensor, it is difficult to use these meth-
ods to capture the 3D self-portraits of the users on their own anal-
ogous to photographic self-portraits. In this paper, we concern our-
selves with the development of a flexible, robust and accurate cap-
ture system for 3D self-portraits using a single 3D sensor.

Figure 2: 3D printed miniatures
of captured surfaces.

There are many poten-
tial applications for such
3D self-portraits: com-
bined with some algo-
rithms for automatic skin-
ning, these portraits could
be used as personalized,
virtual avatars in video
games or video conferenc-
ing applications. Users
could quickly scan and up-
load complete 3D portraits
of themselves showing off
new outfits and styles to social media sites, or create physical ac-
tion figures of themselves by having the models 3D printed. Since
a 3D portrait fully captures a user’s measurements, it could be used
to accurately preview the fit and drape of clothing (“virtual try-on”)
when shopping online. By scanning themselves regularly over a
period of time, users could both visually and quantitatively track
improvements in their health and fitness.

With a single 3D sensor and no other operators helping to move the
sensor, users have to rotate themselves to scan all parts of their bod-
ies. This naturally raises two problems. First, incidental changes of

Li et. al, 2013
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KinectFusion extensions

➡ Circular buffer for space extention [Kintinuous’12]

➡ Loop closure [Kintinuous Loop Closure ’13]

➡ Texturing [3DSelfPortrait’13]

➡ Large Scale [LargeScale KinectFusion’13]
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➡ Loop closure [Kintinuous Loop Closure ’13]

➡ Texturing [3DSelfPortrait’13]
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kintinuous
Whelan et. al, 2012

➡ Using circular buffer 

➡ Moving TSDF volume

➡ Real-time surface extraction & triangulation

➡ Store in the system memory not in GPU
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circular (ring) buffer

➡ Data structure 

➡ uses a single, fixed-size buffer 

➡ virtually connected end-to-end

wikipedia.org
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circular (ring) buffer

➡ Circular buffer makes space-extended scanning 
possible

Whelan et. al, 2013
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kintinuous
Whelan et. al, 2012
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KinectFusion extensions

➡ Circular buffer for space extention [Kintinuous’12]

➡ Loop closure [Kintinuous Loop Closure ’13]

➡ Texturing [3DSelfPortrait’13]

➡ Large Scale [LargeScale KinectFusion’13]
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kintinuous Loop Closure
Whelan et. al, 2013

➡ What happens in loop closure?

➡ How to correct accumulated registration error?
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kintinuous Loop Closure
Whelan et. al, 2013

➡ Place Recognition

➡ SURF : Speeded Up Robust Feature

➡ Bag of Words (DBoW)

➡ Strict validation to eliminate outliers

➡ ICP
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kintinuous Loop Closure
Whelan et. al, 2013

➡ Space Deformation
➡ Deformation graph
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kintinuous Loop Closure
Whelan et. al, 2013

➡ Space Deformation
➡ Deformation graph

Fig. 3. Two-dimensional example showing the current position of the TSDF
shifting volume as a checkerboard pattern and the previously extracted
cloud slices as textured columns. Also shown is the dense pose graph as
small green points as well as a pose P� which caused a volume shift. The
association between P� and the extracted cloud slice is shown with a dotted
red line. A k = 4 connected sequential deformation graph is also shown,
demonstrating the back-traversal vertex association algorithm on a random
vertex v.

transformation by minimising all inlier feature reprojection
errors in a Levenberg-Marquardt optimisation.

3) Point Cloud ICP: At this point only candidate loop
closures with strong geometrically consistent visual feature
correspondences remain. As a final step we perform a non-
linear ICP step between I

id and I
md . Firstly we back-project

each point in both depth images to produce two point clouds.
In order to speed up the computation, we carry out a uniform
downsampling of each point cloud in R3 using a voxel grid
filter. Finally, using the RANSAC approximate transforma-
tion estimate as an initial guess, we iteratively minimise
nearest neighbour correspondence distances between the two
point clouds using a Levenberg-Marquardt optimisation. We
accept the final refined transformation if the mean L2

2-norm
of all correspondence errors is below a threshold. Typically
we found a threshold of 0.01 to provide good results.

Once a loop closure candidate has passed all of the de-
scribed tests, the relative transformation constraint between
the two camera poses is added to the dense pose graph
maintained by the iSAM module. Section IV-D describes
how this constraint is used to update the map.

C. Space Deformation
Our approach to non-rigid space deformation of the map is

based on the embedded deformation approach of Sumner et
al. [19]. Their system allows deformation of open triangular
meshes and point clouds; no connectivity information is
required as is the case with many deformation algorithms
[22], [23]. Exploiting this characteristic, Chen et al. applied
embedded deformation to automatic skeletonised rigging and
real-time animation of arbitrary objects in their KinÊtre
system [24]. Next we describe our adaptation of Sumner et
al.’s work to apply to large scale dense maps with a focus
on automatic incremental deformation graph construction.

1) Deformation Graph: Sumner et al. propose the use
of a deformation graph to facilitate space deformation of a
set of vertices. A deformation graph is composed of nodes
and edges spread across the surface to be deformed. Each
node N

l

has an associated position N
lg 2 R3 and set of

neighbouring nodes N (N
l

). The neighbours of each node

Fig. 4. Two-dimensional example of deformation graph construction.
On the left a spatially-constrained graph is constructed over a pre-loop
closure map suffering from significant drift. The nodes highlighted in red
are connected to nodes which belong in potentially completely unrelated
areas of the map. On the right our incremental sampling and connectivity
strategy is shown (two-nearest neighbours for simplicity) which samples
and connects nodes along the dense pose graph, preventing unrelated areas
of the map being connected by the deformation graph.

are what make up the edges of the graph. Each node also
stores an affine transformation in the form of a 3⇥ 3 matrix
N

lR and a 3 ⇥ 1 vector N
lt , initialised by default to the

identity and (0, 0, 0)> respectively. The effect of this affine
transformation on any vertex which that node influences is
centered at the node’s position N

lg .
2) Incremental Graph Construction: The original work of

Sumner et al. relies on a uniform sampling of the vertices
in R3 to construct the deformation graph [19]. Chen et al.
substitute this with a method that uses a 5D orientation-
aware sampling strategy based on the Mahalanobis distance
between surface points in order to prevent links in the graph
between physically unrelated areas of the model [24]. Neither
strategy is appropriate in a dense mapping context as drift
in odometry estimation before loop detection may cause
unrelated areas of the map to completely overlap in space.
This issue also arises in determining connectivity of the
graph. Applying sampling and connectivity strategies that are
only spatially aware can result in links between completely
unrelated areas of the map, as shown in Figure 4. For this
reason we derive a sampling and connectivity strategy that
exploits the dense camera pose graph for deformation graph
construction and connection. The method is computationally
efficient and incremental, enabling real-time execution. Our
sampling strategy is listed in Algorithm 1.

We connect deformation graph nodes returned by our
sampling strategy in a sequential manner, following the
temporal order of the pose graph itself. That is to say our set
of graph nodes N is ordered. We sequentially connect nodes
up to a value k. We use k = 4 in all of our experiments. For
example, a node l will be connected to nodes (l±1, l±2). We
show k = 2 connectivity in Figure 4. Note the connectivity
of end nodes which maintains k-connectivity.

3) Incremental Vertex Weighting: Each vertex v has a set
of influencing nodes in the deformation graph N (v). The
deformed position of a vertex is given by [19]:

v̂ =
X

k2N (v)

w
k

(v)
⇥
N

kR(v �N
kg) +N

kg +N
kt

⇤
(2)

where w
k

(v) is defined as (all k summing to 1):

w
k

(v) = (1�
��v �N

kg

��
2
/d

max

)2 (3)

Before After
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kintinuous Loop Closure
Whelan et. al, 2013

➡ Space Deformation
➡

TABLE I
ROOT MEAN SQUARED ABSOLUTE TRAJECTORY ERROR IN METRES ON

EVALUATED DATASETS WITH VARIOUS UNCERTAINTY ESTIMATES.

Dataset Estimate
Uniform Hessian

fr1/room 0.083 0.078
fr1/desk2 0.088 0.075
fr3/longOffice 0.054 0.029
fr3/noStructureTextureLoop 0.037 0.031

surface orientation may not be well constrained. In order
to overcome this issue we add additional vertex constraints
between the unoptimised and optimised 3D back-projections
of each of the matched inlier SURF keypoints detected in
Section IV-B, where P

i

is the camera pose of the matched
loop closure frame:

E
surf

=
X

q

���((P
iRVq

) + P
it)� ((P 0

iR
V
q

) + P 0
it
)
��2
2

(8)

The final total cost function is defined as:

w
rot

E
rot

+ w
reg

E
reg

+ w
conPEconP + w

surf

E
surf

(9)

With w
rot

= 1, w
reg

= 10, w
conP = 100 and w

surf

= 100,
we minimise this cost function using the iterative Gauss-
Newton algorithm choosing weighting values in line with
those used in [19]. As highlighted by Sumner et al., the
Jacobian matrix in this problem is sparse, enabling the use
of sparse linear algebra libraries for efficient optimisation.
We use the CHOLMOD library to perform sparse Cholesky
factorization and efficiently solve the system [25]. We then
apply the optimised deformation graph N to all vertices over
all cloud slices C in parallel across multiple CPU threads.
As described in previous work we compute an incremental
mesh surface representation of the cloud slices as they are
produced by the frontend [2]. We use an incremental variant
of Marton et al.’s fast triangulation algorithm to maintain
edge connectivity between cloud slices [26]. The incremental
mesh can be deformed by applying the deformation graph to
its vertices. In our experience an incremental mesh typically
contains more minuscule holes than a batch mesh, which
in path planning is functionally almost identical but less
visually appealing. In all results we show the batch mesh
computed over the set of optimised vertices.

V. RESULTS

We evaluate our system both quantitatively and qualita-
tively, demonstrating strong performance in trajectory esti-
mation, map quality and computational performance.

A. Quantitative Performance
To evaluate camera trajectory estimation we present results

on the widely used RGB-D benchmark of Sturm et al. [3].
We evaluated four datasets with results shown in Table I.
Figure 5 shows the measured trajectory errors using the
hessian uncertainty method. Our results show that regardless
of the method for uncertainty used, consistent performance
is achieved.

Fig. 5. Absolute trajectory errors on the four evaluated RGB-D benchmarks
using the hessian uncertainty estimate.

Fig. 6. Large outdoor dataset. Inset shows brickwork is clearly visible.

Fig. 7. Dataset composed of two floors. Inset shows everyday objects such
as chairs and computers are captured in high detail.
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➡ Space Deformation

➡ Map deformation considering:
➡ rigidity, 

TABLE I
ROOT MEAN SQUARED ABSOLUTE TRAJECTORY ERROR IN METRES ON

EVALUATED DATASETS WITH VARIOUS UNCERTAINTY ESTIMATES.

Dataset Estimate
Uniform Hessian

fr1/room 0.083 0.078
fr1/desk2 0.088 0.075
fr3/longOffice 0.054 0.029
fr3/noStructureTextureLoop 0.037 0.031

surface orientation may not be well constrained. In order
to overcome this issue we add additional vertex constraints
between the unoptimised and optimised 3D back-projections
of each of the matched inlier SURF keypoints detected in
Section IV-B, where P
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is the camera pose of the matched
loop closure frame:
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we minimise this cost function using the iterative Gauss-
Newton algorithm choosing weighting values in line with
those used in [19]. As highlighted by Sumner et al., the
Jacobian matrix in this problem is sparse, enabling the use
of sparse linear algebra libraries for efficient optimisation.
We use the CHOLMOD library to perform sparse Cholesky
factorization and efficiently solve the system [25]. We then
apply the optimised deformation graph N to all vertices over
all cloud slices C in parallel across multiple CPU threads.
As described in previous work we compute an incremental
mesh surface representation of the cloud slices as they are
produced by the frontend [2]. We use an incremental variant
of Marton et al.’s fast triangulation algorithm to maintain
edge connectivity between cloud slices [26]. The incremental
mesh can be deformed by applying the deformation graph to
its vertices. In our experience an incremental mesh typically
contains more minuscule holes than a batch mesh, which
in path planning is functionally almost identical but less
visually appealing. In all results we show the batch mesh
computed over the set of optimised vertices.

V. RESULTS

We evaluate our system both quantitatively and qualita-
tively, demonstrating strong performance in trajectory esti-
mation, map quality and computational performance.

A. Quantitative Performance
To evaluate camera trajectory estimation we present results

on the widely used RGB-D benchmark of Sturm et al. [3].
We evaluated four datasets with results shown in Table I.
Figure 5 shows the measured trajectory errors using the
hessian uncertainty method. Our results show that regardless
of the method for uncertainty used, consistent performance
is achieved.

Fig. 5. Absolute trajectory errors on the four evaluated RGB-D benchmarks
using the hessian uncertainty estimate.

Fig. 6. Large outdoor dataset. Inset shows brickwork is clearly visible.

Fig. 7. Dataset composed of two floors. Inset shows everyday objects such
as chairs and computers are captured in high detail.

Algorithm 1: Incremental Deformation Node Sampling
Input: P dense camera pose graph

i pose id of last added node
dp pose sampling rate

Output: N set of deformation graph nodes
do

l |N |
if l = 0 then

Nlg  P0t
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for i to |P | do
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Here d
max

is the Euclidean distance to the k + 1-nearest
node of v. In previous work based on this technique the
sets N (v) for each vertex are computed in batch using a k-
nearest neighbour technique. Again, being based on spatial
constraints alone this method fails in the example shown in
Figure 4. To overcome this issue we derive an algorithm
that assigns nearest neighbour nodes to each vertex using a
greedy back-traversal of the sampled pose graph nodes.

Algorithm 2: Back-Traversal Vertex Association
Input: C cloud slices

N set of deformation graph nodes
bp number of poses to traverse back

Output: N (v) for each v
do

foreach Cj do
foreach v 2 Cj do

l binary search closest(CjP , N)

N 0  ;
n 0

for i 0 to bp do
N 0

n  Nl
n n+ 1

l l � 1

sort by distance(N 0,v)
N (v) N 0

1!k

end

Referring back to Figure 3, we recall that each pose
that causes a volume shift has an associated set of vertices
contained within a cloud slice. We can exploit the inverse
mapping of this association to map each vertex onto a single
pose in the dense pose graph. However, the associated pose
is at least a distance of half the TSDF volume size away
from the vertex, which is not ideal for space deformation.
In order to pick sampled pose graph nodes for each vertex
that are spatially and temporally optimal, we use the closest
sampled pose to the associated cloud slice pose as a starting
point to traverse back through the sampled pose graph nodes
to populate a set of candidate nodes. From these candidates
the k-nearest neighbours of the vertex are chosen. We list
the algorithm for this procedure in Algorithm 2 and provide
a visual example in Figure 3.

The per-vertex node weights can be computed within
the back-traversal algorithm, which itself can be carried
out incrementally online while the frontend volume shifting
component provides new cloud slices. The ability to avoid
computationally expensive batch steps for deformation graph
construction and per-vertex weighting by using incremental
methods is the key to allowing low latency online map
optimisation at any time.

D. Optimisation
On acceptance of a loop closure constraint as described in

Section IV-B we perform two optimisation steps, firstly on
the dense pose graph and secondly on the dense vertex map.
The dense pose graph optimisation provides the measurement
constraints for the dense map deformation optimisation in
place of user specified constraints that were necessary in
Sumner et al.’s original approach [19]. Dense pose graph
optimisation is carried out using the iSAM framework [18].
Although we are optimising a massive number of variables
by using a dense every-frame pose graph, we benefit from the
sparse linear algebra representation used internally in iSAM,
such that execution time is reasonable.

1) Map Deformation: Sumner et al. define three cost
functions over the deformation graph and user constraints
to optimise the set of affine transformations over all graph
nodes N . The first maximises rigidity in the deformation:
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Where Equation 4 is the alternative Frobenius-norm form
provided by Chen et al. [24]. The second is a regularisation
term that ensures a smooth deformation across the graph:
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The third is a constraint term that minimises the error on a
set of user specified vertex position constraints U , where a
given constraint U

p

2 R3 and �(v) is the result of applying
Equation 2 to v:
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We link the optimised dense pose graph to the map
deformation through the E

con

cost function. With P being
the pose graph before loop constraint integration we set
P 0 to be the optimised pose graph returned from iSAM.
We then add each of the dense camera pose translations to
the deformation cost as if they were user specified vertex
constraints, redefining Equation 6 as:
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A dense constraint distribution across the surface obtained
from this parameterisation aids in constraining both surface
translation and orientation. However at some points the
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surface orientation may not be well constrained. In order
to overcome this issue we add additional vertex constraints
between the unoptimised and optimised 3D back-projections
of each of the matched inlier SURF keypoints detected in
Section IV-B, where P

i

is the camera pose of the matched
loop closure frame:
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The final total cost function is defined as:
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With w
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conP = 100 and w
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= 100,
we minimise this cost function using the iterative Gauss-
Newton algorithm choosing weighting values in line with
those used in [19]. As highlighted by Sumner et al., the
Jacobian matrix in this problem is sparse, enabling the use
of sparse linear algebra libraries for efficient optimisation.
We use the CHOLMOD library to perform sparse Cholesky
factorization and efficiently solve the system [25]. We then
apply the optimised deformation graph N to all vertices over
all cloud slices C in parallel across multiple CPU threads.
As described in previous work we compute an incremental
mesh surface representation of the cloud slices as they are
produced by the frontend [2]. We use an incremental variant
of Marton et al.’s fast triangulation algorithm to maintain
edge connectivity between cloud slices [26]. The incremental
mesh can be deformed by applying the deformation graph to
its vertices. In our experience an incremental mesh typically
contains more minuscule holes than a batch mesh, which
in path planning is functionally almost identical but less
visually appealing. In all results we show the batch mesh
computed over the set of optimised vertices.

V. RESULTS

We evaluate our system both quantitatively and qualita-
tively, demonstrating strong performance in trajectory esti-
mation, map quality and computational performance.

A. Quantitative Performance
To evaluate camera trajectory estimation we present results

on the widely used RGB-D benchmark of Sturm et al. [3].
We evaluated four datasets with results shown in Table I.
Figure 5 shows the measured trajectory errors using the
hessian uncertainty method. Our results show that regardless
of the method for uncertainty used, consistent performance
is achieved.

Fig. 5. Absolute trajectory errors on the four evaluated RGB-D benchmarks
using the hessian uncertainty estimate.

Fig. 6. Large outdoor dataset. Inset shows brickwork is clearly visible.

Fig. 7. Dataset composed of two floors. Inset shows everyday objects such
as chairs and computers are captured in high detail.

Algorithm 1: Incremental Deformation Node Sampling
Input: P dense camera pose graph

i pose id of last added node
dp pose sampling rate

Output: N set of deformation graph nodes
do

l |N |
if l = 0 then

Nlg  P0t
l l + 1

i 0

Plast  Pi
for i to |P | do

if
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��
2
> dp then
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Here d
max

is the Euclidean distance to the k + 1-nearest
node of v. In previous work based on this technique the
sets N (v) for each vertex are computed in batch using a k-
nearest neighbour technique. Again, being based on spatial
constraints alone this method fails in the example shown in
Figure 4. To overcome this issue we derive an algorithm
that assigns nearest neighbour nodes to each vertex using a
greedy back-traversal of the sampled pose graph nodes.

Algorithm 2: Back-Traversal Vertex Association
Input: C cloud slices

N set of deformation graph nodes
bp number of poses to traverse back

Output: N (v) for each v
do

foreach Cj do
foreach v 2 Cj do

l binary search closest(CjP , N)

N 0  ;
n 0

for i 0 to bp do
N 0

n  Nl
n n+ 1

l l � 1

sort by distance(N 0,v)
N (v) N 0

1!k

end

Referring back to Figure 3, we recall that each pose
that causes a volume shift has an associated set of vertices
contained within a cloud slice. We can exploit the inverse
mapping of this association to map each vertex onto a single
pose in the dense pose graph. However, the associated pose
is at least a distance of half the TSDF volume size away
from the vertex, which is not ideal for space deformation.
In order to pick sampled pose graph nodes for each vertex
that are spatially and temporally optimal, we use the closest
sampled pose to the associated cloud slice pose as a starting
point to traverse back through the sampled pose graph nodes
to populate a set of candidate nodes. From these candidates
the k-nearest neighbours of the vertex are chosen. We list
the algorithm for this procedure in Algorithm 2 and provide
a visual example in Figure 3.

The per-vertex node weights can be computed within
the back-traversal algorithm, which itself can be carried
out incrementally online while the frontend volume shifting
component provides new cloud slices. The ability to avoid
computationally expensive batch steps for deformation graph
construction and per-vertex weighting by using incremental
methods is the key to allowing low latency online map
optimisation at any time.

D. Optimisation
On acceptance of a loop closure constraint as described in

Section IV-B we perform two optimisation steps, firstly on
the dense pose graph and secondly on the dense vertex map.
The dense pose graph optimisation provides the measurement
constraints for the dense map deformation optimisation in
place of user specified constraints that were necessary in
Sumner et al.’s original approach [19]. Dense pose graph
optimisation is carried out using the iSAM framework [18].
Although we are optimising a massive number of variables
by using a dense every-frame pose graph, we benefit from the
sparse linear algebra representation used internally in iSAM,
such that execution time is reasonable.

1) Map Deformation: Sumner et al. define three cost
functions over the deformation graph and user constraints
to optimise the set of affine transformations over all graph
nodes N . The first maximises rigidity in the deformation:
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Where Equation 4 is the alternative Frobenius-norm form
provided by Chen et al. [24]. The second is a regularisation
term that ensures a smooth deformation across the graph:
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The third is a constraint term that minimises the error on a
set of user specified vertex position constraints U , where a
given constraint U

p

2 R3 and �(v) is the result of applying
Equation 2 to v:
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We link the optimised dense pose graph to the map
deformation through the E

con

cost function. With P being
the pose graph before loop constraint integration we set
P 0 to be the optimised pose graph returned from iSAM.
We then add each of the dense camera pose translations to
the deformation cost as if they were user specified vertex
constraints, redefining Equation 6 as:
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A dense constraint distribution across the surface obtained
from this parameterisation aids in constraining both surface
translation and orientation. However at some points the
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surface orientation may not be well constrained. In order
to overcome this issue we add additional vertex constraints
between the unoptimised and optimised 3D back-projections
of each of the matched inlier SURF keypoints detected in
Section IV-B, where P

i

is the camera pose of the matched
loop closure frame:

E
surf

=
X

q

���((P
iRVq

) + P
it)� ((P 0

iR
V
q

) + P 0
it
)
��2
2

(8)

The final total cost function is defined as:
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With w
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we minimise this cost function using the iterative Gauss-
Newton algorithm choosing weighting values in line with
those used in [19]. As highlighted by Sumner et al., the
Jacobian matrix in this problem is sparse, enabling the use
of sparse linear algebra libraries for efficient optimisation.
We use the CHOLMOD library to perform sparse Cholesky
factorization and efficiently solve the system [25]. We then
apply the optimised deformation graph N to all vertices over
all cloud slices C in parallel across multiple CPU threads.
As described in previous work we compute an incremental
mesh surface representation of the cloud slices as they are
produced by the frontend [2]. We use an incremental variant
of Marton et al.’s fast triangulation algorithm to maintain
edge connectivity between cloud slices [26]. The incremental
mesh can be deformed by applying the deformation graph to
its vertices. In our experience an incremental mesh typically
contains more minuscule holes than a batch mesh, which
in path planning is functionally almost identical but less
visually appealing. In all results we show the batch mesh
computed over the set of optimised vertices.

V. RESULTS

We evaluate our system both quantitatively and qualita-
tively, demonstrating strong performance in trajectory esti-
mation, map quality and computational performance.

A. Quantitative Performance
To evaluate camera trajectory estimation we present results

on the widely used RGB-D benchmark of Sturm et al. [3].
We evaluated four datasets with results shown in Table I.
Figure 5 shows the measured trajectory errors using the
hessian uncertainty method. Our results show that regardless
of the method for uncertainty used, consistent performance
is achieved.

Fig. 5. Absolute trajectory errors on the four evaluated RGB-D benchmarks
using the hessian uncertainty estimate.

Fig. 6. Large outdoor dataset. Inset shows brickwork is clearly visible.

Fig. 7. Dataset composed of two floors. Inset shows everyday objects such
as chairs and computers are captured in high detail.

Algorithm 1: Incremental Deformation Node Sampling
Input: P dense camera pose graph

i pose id of last added node
dp pose sampling rate

Output: N set of deformation graph nodes
do

l |N |
if l = 0 then
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l l + 1

i 0
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for i to |P | do

if
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Here d
max

is the Euclidean distance to the k + 1-nearest
node of v. In previous work based on this technique the
sets N (v) for each vertex are computed in batch using a k-
nearest neighbour technique. Again, being based on spatial
constraints alone this method fails in the example shown in
Figure 4. To overcome this issue we derive an algorithm
that assigns nearest neighbour nodes to each vertex using a
greedy back-traversal of the sampled pose graph nodes.

Algorithm 2: Back-Traversal Vertex Association
Input: C cloud slices

N set of deformation graph nodes
bp number of poses to traverse back

Output: N (v) for each v
do

foreach Cj do
foreach v 2 Cj do

l binary search closest(CjP , N)

N 0  ;
n 0

for i 0 to bp do
N 0

n  Nl
n n+ 1

l l � 1

sort by distance(N 0,v)
N (v) N 0

1!k

end

Referring back to Figure 3, we recall that each pose
that causes a volume shift has an associated set of vertices
contained within a cloud slice. We can exploit the inverse
mapping of this association to map each vertex onto a single
pose in the dense pose graph. However, the associated pose
is at least a distance of half the TSDF volume size away
from the vertex, which is not ideal for space deformation.
In order to pick sampled pose graph nodes for each vertex
that are spatially and temporally optimal, we use the closest
sampled pose to the associated cloud slice pose as a starting
point to traverse back through the sampled pose graph nodes
to populate a set of candidate nodes. From these candidates
the k-nearest neighbours of the vertex are chosen. We list
the algorithm for this procedure in Algorithm 2 and provide
a visual example in Figure 3.

The per-vertex node weights can be computed within
the back-traversal algorithm, which itself can be carried
out incrementally online while the frontend volume shifting
component provides new cloud slices. The ability to avoid
computationally expensive batch steps for deformation graph
construction and per-vertex weighting by using incremental
methods is the key to allowing low latency online map
optimisation at any time.

D. Optimisation
On acceptance of a loop closure constraint as described in

Section IV-B we perform two optimisation steps, firstly on
the dense pose graph and secondly on the dense vertex map.
The dense pose graph optimisation provides the measurement
constraints for the dense map deformation optimisation in
place of user specified constraints that were necessary in
Sumner et al.’s original approach [19]. Dense pose graph
optimisation is carried out using the iSAM framework [18].
Although we are optimising a massive number of variables
by using a dense every-frame pose graph, we benefit from the
sparse linear algebra representation used internally in iSAM,
such that execution time is reasonable.

1) Map Deformation: Sumner et al. define three cost
functions over the deformation graph and user constraints
to optimise the set of affine transformations over all graph
nodes N . The first maximises rigidity in the deformation:
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Where Equation 4 is the alternative Frobenius-norm form
provided by Chen et al. [24]. The second is a regularisation
term that ensures a smooth deformation across the graph:
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The third is a constraint term that minimises the error on a
set of user specified vertex position constraints U , where a
given constraint U

p

2 R3 and �(v) is the result of applying
Equation 2 to v:
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We link the optimised dense pose graph to the map
deformation through the E

con

cost function. With P being
the pose graph before loop constraint integration we set
P 0 to be the optimised pose graph returned from iSAM.
We then add each of the dense camera pose translations to
the deformation cost as if they were user specified vertex
constraints, redefining Equation 6 as:
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A dense constraint distribution across the surface obtained
from this parameterisation aids in constraining both surface
translation and orientation. However at some points the
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surface orientation may not be well constrained. In order
to overcome this issue we add additional vertex constraints
between the unoptimised and optimised 3D back-projections
of each of the matched inlier SURF keypoints detected in
Section IV-B, where P

i

is the camera pose of the matched
loop closure frame:
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The final total cost function is defined as:
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we minimise this cost function using the iterative Gauss-
Newton algorithm choosing weighting values in line with
those used in [19]. As highlighted by Sumner et al., the
Jacobian matrix in this problem is sparse, enabling the use
of sparse linear algebra libraries for efficient optimisation.
We use the CHOLMOD library to perform sparse Cholesky
factorization and efficiently solve the system [25]. We then
apply the optimised deformation graph N to all vertices over
all cloud slices C in parallel across multiple CPU threads.
As described in previous work we compute an incremental
mesh surface representation of the cloud slices as they are
produced by the frontend [2]. We use an incremental variant
of Marton et al.’s fast triangulation algorithm to maintain
edge connectivity between cloud slices [26]. The incremental
mesh can be deformed by applying the deformation graph to
its vertices. In our experience an incremental mesh typically
contains more minuscule holes than a batch mesh, which
in path planning is functionally almost identical but less
visually appealing. In all results we show the batch mesh
computed over the set of optimised vertices.

V. RESULTS

We evaluate our system both quantitatively and qualita-
tively, demonstrating strong performance in trajectory esti-
mation, map quality and computational performance.

A. Quantitative Performance
To evaluate camera trajectory estimation we present results

on the widely used RGB-D benchmark of Sturm et al. [3].
We evaluated four datasets with results shown in Table I.
Figure 5 shows the measured trajectory errors using the
hessian uncertainty method. Our results show that regardless
of the method for uncertainty used, consistent performance
is achieved.

Fig. 5. Absolute trajectory errors on the four evaluated RGB-D benchmarks
using the hessian uncertainty estimate.

Fig. 6. Large outdoor dataset. Inset shows brickwork is clearly visible.

Fig. 7. Dataset composed of two floors. Inset shows everyday objects such
as chairs and computers are captured in high detail.
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surface orientation may not be well constrained. In order
to overcome this issue we add additional vertex constraints
between the unoptimised and optimised 3D back-projections
of each of the matched inlier SURF keypoints detected in
Section IV-B, where P

i

is the camera pose of the matched
loop closure frame:
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The final total cost function is defined as:
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we minimise this cost function using the iterative Gauss-
Newton algorithm choosing weighting values in line with
those used in [19]. As highlighted by Sumner et al., the
Jacobian matrix in this problem is sparse, enabling the use
of sparse linear algebra libraries for efficient optimisation.
We use the CHOLMOD library to perform sparse Cholesky
factorization and efficiently solve the system [25]. We then
apply the optimised deformation graph N to all vertices over
all cloud slices C in parallel across multiple CPU threads.
As described in previous work we compute an incremental
mesh surface representation of the cloud slices as they are
produced by the frontend [2]. We use an incremental variant
of Marton et al.’s fast triangulation algorithm to maintain
edge connectivity between cloud slices [26]. The incremental
mesh can be deformed by applying the deformation graph to
its vertices. In our experience an incremental mesh typically
contains more minuscule holes than a batch mesh, which
in path planning is functionally almost identical but less
visually appealing. In all results we show the batch mesh
computed over the set of optimised vertices.

V. RESULTS

We evaluate our system both quantitatively and qualita-
tively, demonstrating strong performance in trajectory esti-
mation, map quality and computational performance.

A. Quantitative Performance
To evaluate camera trajectory estimation we present results

on the widely used RGB-D benchmark of Sturm et al. [3].
We evaluated four datasets with results shown in Table I.
Figure 5 shows the measured trajectory errors using the
hessian uncertainty method. Our results show that regardless
of the method for uncertainty used, consistent performance
is achieved.

Fig. 5. Absolute trajectory errors on the four evaluated RGB-D benchmarks
using the hessian uncertainty estimate.

Fig. 6. Large outdoor dataset. Inset shows brickwork is clearly visible.

Fig. 7. Dataset composed of two floors. Inset shows everyday objects such
as chairs and computers are captured in high detail.
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Fig. 8. Large indoor and outdoor dataset made up of over five million vertices. Insets show the high fidelity of small scale features in the map.
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Figure 9: Ecorr uses the reliable pairwise correspondences from
the previous step to avoid local minima during global alignment.

(a) (b) (c)
Figure 10: Merging with visual hull as a shape prior. The globally
aligned scans contain a hole on top of the subject’s head due to
occlusion (a). Without using the visual hull, Poisson surface recon-
struction flattens the hole (b), whereas more pleasing results can be
obtained using the visual hull as a shape prior (c).

measures violation of the correspondences found previously:

Ecorr =
1

|C|
X

(p1,p2)2C

kp1 � p2k2

with C the set of all pairwise correspondences, and where for each
correspondence, p1 and p2 are the deformed positions of the cor-
responding points on the surfaces.

We follow Li and coworkers [2009] and minimize E using Gauss-
Newton iterations, where the linear system at each step of Gauss-
Newton is solved using a sparse Cholesky factorization. Since the
Jacobian of the energy is rank-deficient (rigid motions of all of the
view scans does not change any of the energies, for example), we
regularize the problem by adding a small (10�8) multiple of the
identity to the Gauss-Newton matrix. This regularization has the
effect of slightly penalizing motion of the deformation graphs away
from their initial configuration. We use CHOLMOD [Chen et al.
2008] to compute the Cholesky factorization, and have found that
the parameters ↵rigid = 500, ↵smooth = 2.0, and ↵corr = 2.5 work
well in practice. Gauss-Newton typically converges in under 10
iterations. Figures 3 and 7 show examples of the set of views before
and after global non-rigid registration. Figure 9 illustrates the effect
of Ecorr. We found that it is often beneficial to repeat the entire non-
rigid registration step several times, using the previous iteration’s
output instead of the rigid alignment as the starting point. There
is usually no noticeable improvement after 5 such iterations. The
results of this step of the algorithm are globally, non-rigidly warped
view meshes SN

i . The convergence of the global optimization is
visualized in Figure 8.

3.5 Watertight Merging

If the coverage of the warped view scans were complete, we could
perform a watertight Poisson surface reconstruction [Kazhdan et al.
2006] to obtain a single consistent mesh from all the non-rigidly
aligned meshes. Unfortunately, in practice there are large holes, for
example on the top of the head and under the arms, where the 3D
sensor is unable to gather any depth information. We therefore pro-
vide a prior to reduce discontinuous transitions between captured
and missing regions, using a visual hull similar to the approach of
Vlasic et al [2009].

(a) (b) (c)
Figure 11: Mapping texture onto the merged surface directly from
each scan leads to discontinuous transitions (a). Albedo recovery
(SIRFS) offsets the lighting variations and yields consistent texture
(b). Poisson blending further smooths the transitions and fill the
texture in the occluded areas (c).

For each warped view surface SN
i we take its camera view cRi from

after the initial rigid alignment (we assume that nonrigid alignment
does not significantly alter the camera position or orientation) and
use it to rasterize a depth map of SN

i . We then fit a bounding cuboid
around the set of all warped meshes SN

I and uniformly sample its
volume (we use a density of one sample per 10 mm); for each sam-
ple, we look at all of the views and check if the ray from the sample
to cRi intersects the view SN

i . We perform this check efficiently by
projecting the sample onto the depth maps. If at least 70% of the
views occlude the sample, we declare the sample inside the visual
hull. In this way the visual hull calculation is robust against errors in
segmentation (limbs that are missing because they are almost facing
away from the camera, for instance) without introducing spurious
volume.

We take the visual hull, delete all samples in its interior, and re-
construct a surface using marching cubes. This hull surface is in-
cluded along with the surfaces of the warped views SN

i in a fi-
nal watertight Poisson surface reconstruction. The reconstruction
is weighted, with the hull surface given a weight of 0.5 relative to
the scanned surfaces, so that the hull surface has influence only in
regions where scanned data is missing. Figure 10 illustrates the
benefits of including the hull in the reconstruction.

3.6 Texturing

Since our capture is done by rotating the subject with respect to
the sensor and the lighting environment, under typical non-uniform
lighting conditions the appearance of the subject changes between
views. The large lighting variations across the captured view scan
textures make it challenging to compute a consistent global texture
for the merged model. Simply averaging per-scan textures can lead
to unpleasant results (see Figure 11).

To offset the lighting variations, we recover the underlying albedo
from the per-scan texture using a simplification of the “Shape, Il-
lumination, and Reflectance from Shading” (SIRFS) technique of
Barron and Malik [Barron and Malik 2012; Barron and Malik
2013]. SIRFS is a unified optimization framework for recovering
a depth map, reflectance (albedo) image, and global illumination
from a single image, using shading cues. Because we have already
acquired a high-quality depth map, we can assume depth is known,
and solve a simplified version of SIRFS where only reflectance,
shading, and illumination are unknown.

For each scan, we have a composite log-RGB texture image I and a
composite depth map Z. With this, our simplified SIRFS problem
is

max

R,L
P (R)P (L) s.t. I = R+ S(Z,L),

where R is a log-reflectance image, and L is a spherical-harmonic
model of illumination. S(Z,L) is a rendering engine which lin-
earizes Z into a set of surface normals, and produces a log-shading
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Figure 9: Ecorr uses the reliable pairwise correspondences from
the previous step to avoid local minima during global alignment.

(a) (b) (c)
Figure 10: Merging with visual hull as a shape prior. The globally
aligned scans contain a hole on top of the subject’s head due to
occlusion (a). Without using the visual hull, Poisson surface recon-
struction flattens the hole (b), whereas more pleasing results can be
obtained using the visual hull as a shape prior (c).

measures violation of the correspondences found previously:

Ecorr =
1

|C|
X

(p1,p2)2C

kp1 � p2k2

with C the set of all pairwise correspondences, and where for each
correspondence, p1 and p2 are the deformed positions of the cor-
responding points on the surfaces.

We follow Li and coworkers [2009] and minimize E using Gauss-
Newton iterations, where the linear system at each step of Gauss-
Newton is solved using a sparse Cholesky factorization. Since the
Jacobian of the energy is rank-deficient (rigid motions of all of the
view scans does not change any of the energies, for example), we
regularize the problem by adding a small (10�8) multiple of the
identity to the Gauss-Newton matrix. This regularization has the
effect of slightly penalizing motion of the deformation graphs away
from their initial configuration. We use CHOLMOD [Chen et al.
2008] to compute the Cholesky factorization, and have found that
the parameters ↵rigid = 500, ↵smooth = 2.0, and ↵corr = 2.5 work
well in practice. Gauss-Newton typically converges in under 10
iterations. Figures 3 and 7 show examples of the set of views before
and after global non-rigid registration. Figure 9 illustrates the effect
of Ecorr. We found that it is often beneficial to repeat the entire non-
rigid registration step several times, using the previous iteration’s
output instead of the rigid alignment as the starting point. There
is usually no noticeable improvement after 5 such iterations. The
results of this step of the algorithm are globally, non-rigidly warped
view meshes SN

i . The convergence of the global optimization is
visualized in Figure 8.

3.5 Watertight Merging

If the coverage of the warped view scans were complete, we could
perform a watertight Poisson surface reconstruction [Kazhdan et al.
2006] to obtain a single consistent mesh from all the non-rigidly
aligned meshes. Unfortunately, in practice there are large holes, for
example on the top of the head and under the arms, where the 3D
sensor is unable to gather any depth information. We therefore pro-
vide a prior to reduce discontinuous transitions between captured
and missing regions, using a visual hull similar to the approach of
Vlasic et al [2009].

(a) (b) (c)
Figure 11: Mapping texture onto the merged surface directly from
each scan leads to discontinuous transitions (a). Albedo recovery
(SIRFS) offsets the lighting variations and yields consistent texture
(b). Poisson blending further smooths the transitions and fill the
texture in the occluded areas (c).

For each warped view surface SN
i we take its camera view cRi from

after the initial rigid alignment (we assume that nonrigid alignment
does not significantly alter the camera position or orientation) and
use it to rasterize a depth map of SN

i . We then fit a bounding cuboid
around the set of all warped meshes SN

I and uniformly sample its
volume (we use a density of one sample per 10 mm); for each sam-
ple, we look at all of the views and check if the ray from the sample
to cRi intersects the view SN

i . We perform this check efficiently by
projecting the sample onto the depth maps. If at least 70% of the
views occlude the sample, we declare the sample inside the visual
hull. In this way the visual hull calculation is robust against errors in
segmentation (limbs that are missing because they are almost facing
away from the camera, for instance) without introducing spurious
volume.

We take the visual hull, delete all samples in its interior, and re-
construct a surface using marching cubes. This hull surface is in-
cluded along with the surfaces of the warped views SN

i in a fi-
nal watertight Poisson surface reconstruction. The reconstruction
is weighted, with the hull surface given a weight of 0.5 relative to
the scanned surfaces, so that the hull surface has influence only in
regions where scanned data is missing. Figure 10 illustrates the
benefits of including the hull in the reconstruction.

3.6 Texturing

Since our capture is done by rotating the subject with respect to
the sensor and the lighting environment, under typical non-uniform
lighting conditions the appearance of the subject changes between
views. The large lighting variations across the captured view scan
textures make it challenging to compute a consistent global texture
for the merged model. Simply averaging per-scan textures can lead
to unpleasant results (see Figure 11).

To offset the lighting variations, we recover the underlying albedo
from the per-scan texture using a simplification of the “Shape, Il-
lumination, and Reflectance from Shading” (SIRFS) technique of
Barron and Malik [Barron and Malik 2012; Barron and Malik
2013]. SIRFS is a unified optimization framework for recovering
a depth map, reflectance (albedo) image, and global illumination
from a single image, using shading cues. Because we have already
acquired a high-quality depth map, we can assume depth is known,
and solve a simplified version of SIRFS where only reflectance,
shading, and illumination are unknown.

For each scan, we have a composite log-RGB texture image I and a
composite depth map Z. With this, our simplified SIRFS problem
is

max

R,L
P (R)P (L) s.t. I = R+ S(Z,L),

where R is a log-reflectance image, and L is a spherical-harmonic
model of illumination. S(Z,L) is a rendering engine which lin-
earizes Z into a set of surface normals, and produces a log-shading
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From single RGB image using priors:
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Shape, Albedo, and Illumination from a Single Image of an Unknown Object

Jonathan T. Barron and Jitendra Malik
UC Berkeley

{barron, malik}@eecs.berkeley.edu

Abstract

We address the problem of recovering shape, albedo, and
illumination from a single grayscale image of an object,
using shading as our primary cue. Because this problem
is fundamentally underconstrained, we construct statistical
models of albedo and shape, and define an optimization
problem that searches for the most likely explanation of a
single image. We present two priors on albedo which en-
courage local smoothness and global sparsity, and three
priors on shape which encourage flatness, outward-facing
orientation at the occluding contour, and local smoothness.
We present an optimization technique for using these pri-
ors to recover shape, albedo, and a spherical harmonic
model of illumination. Our model, which we call SAIFS
(shape, albedo, and illumination from shading) produces
reasonable results on arbitrary grayscale images taken in
the real world, and outperforms all previous grayscale “in-
trinsic image”-style algorithms on the MIT Intrinsic Images
dataset.

1. Introduction
We wish to take only a single grayscale image of an

object and estimate the shape, albedo, and illumination
that produced that image (Figure 1). This “inverse optics”
problem is terribly underconstrained: the space of albedos,
shapes, and illumination that reproduce an image is vast.

But of course, not all albedos and shapes are equally
likely. Past work has demonstrated that simple statistics
govern natural images [8, 23], and we will construct models
of the similar statistics that can be found in natural albedo
and shape. Our algorithm is simply an optimization prob-
lem in which we recover the most likely shape, albedo, and
illumination under to our statistical model, such that a sin-
gle image is exactly reproduced. Our priors are effective
enough that shape, albedo, and illumination can be recov-
ered from real-world images, and are general enough that
they work across a variety of objects: a single model learned
on teabags and squirrels can be applied to images of cof-
fee cups and turtles. Our model can be seen in Figures 1, 2

Figure 1. Our algorithm takes only a single masked grayscale im-
age as input (shown on the left) and produces as output a depth
map, albedo map, shading image, and spherical harmonic illu-
mination model. These images were taken by the authors with a
cellphone camera in uncontrolled indoor and outdoor illumination
conditions. All images and results in this paper were produced us-
ing the same piece of code with the same parameter settings. The
“shading” image is a rendering of the recovered depth under the
recovered illumination. Depth is shown with a pseudo-color visu-
alization (red is near, blue is far). Many more similar results can
be found in the supplementary material.

1
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Figure 9: Ecorr uses the reliable pairwise correspondences from
the previous step to avoid local minima during global alignment.

(a) (b) (c)
Figure 10: Merging with visual hull as a shape prior. The globally
aligned scans contain a hole on top of the subject’s head due to
occlusion (a). Without using the visual hull, Poisson surface recon-
struction flattens the hole (b), whereas more pleasing results can be
obtained using the visual hull as a shape prior (c).

measures violation of the correspondences found previously:

Ecorr =
1

|C|
X

(p1,p2)2C

kp1 � p2k2

with C the set of all pairwise correspondences, and where for each
correspondence, p1 and p2 are the deformed positions of the cor-
responding points on the surfaces.

We follow Li and coworkers [2009] and minimize E using Gauss-
Newton iterations, where the linear system at each step of Gauss-
Newton is solved using a sparse Cholesky factorization. Since the
Jacobian of the energy is rank-deficient (rigid motions of all of the
view scans does not change any of the energies, for example), we
regularize the problem by adding a small (10�8) multiple of the
identity to the Gauss-Newton matrix. This regularization has the
effect of slightly penalizing motion of the deformation graphs away
from their initial configuration. We use CHOLMOD [Chen et al.
2008] to compute the Cholesky factorization, and have found that
the parameters ↵rigid = 500, ↵smooth = 2.0, and ↵corr = 2.5 work
well in practice. Gauss-Newton typically converges in under 10
iterations. Figures 3 and 7 show examples of the set of views before
and after global non-rigid registration. Figure 9 illustrates the effect
of Ecorr. We found that it is often beneficial to repeat the entire non-
rigid registration step several times, using the previous iteration’s
output instead of the rigid alignment as the starting point. There
is usually no noticeable improvement after 5 such iterations. The
results of this step of the algorithm are globally, non-rigidly warped
view meshes SN

i . The convergence of the global optimization is
visualized in Figure 8.

3.5 Watertight Merging

If the coverage of the warped view scans were complete, we could
perform a watertight Poisson surface reconstruction [Kazhdan et al.
2006] to obtain a single consistent mesh from all the non-rigidly
aligned meshes. Unfortunately, in practice there are large holes, for
example on the top of the head and under the arms, where the 3D
sensor is unable to gather any depth information. We therefore pro-
vide a prior to reduce discontinuous transitions between captured
and missing regions, using a visual hull similar to the approach of
Vlasic et al [2009].

(a) (b) (c)
Figure 11: Mapping texture onto the merged surface directly from
each scan leads to discontinuous transitions (a). Albedo recovery
(SIRFS) offsets the lighting variations and yields consistent texture
(b). Poisson blending further smooths the transitions and fill the
texture in the occluded areas (c).

For each warped view surface SN
i we take its camera view cRi from

after the initial rigid alignment (we assume that nonrigid alignment
does not significantly alter the camera position or orientation) and
use it to rasterize a depth map of SN

i . We then fit a bounding cuboid
around the set of all warped meshes SN

I and uniformly sample its
volume (we use a density of one sample per 10 mm); for each sam-
ple, we look at all of the views and check if the ray from the sample
to cRi intersects the view SN

i . We perform this check efficiently by
projecting the sample onto the depth maps. If at least 70% of the
views occlude the sample, we declare the sample inside the visual
hull. In this way the visual hull calculation is robust against errors in
segmentation (limbs that are missing because they are almost facing
away from the camera, for instance) without introducing spurious
volume.

We take the visual hull, delete all samples in its interior, and re-
construct a surface using marching cubes. This hull surface is in-
cluded along with the surfaces of the warped views SN

i in a fi-
nal watertight Poisson surface reconstruction. The reconstruction
is weighted, with the hull surface given a weight of 0.5 relative to
the scanned surfaces, so that the hull surface has influence only in
regions where scanned data is missing. Figure 10 illustrates the
benefits of including the hull in the reconstruction.

3.6 Texturing

Since our capture is done by rotating the subject with respect to
the sensor and the lighting environment, under typical non-uniform
lighting conditions the appearance of the subject changes between
views. The large lighting variations across the captured view scan
textures make it challenging to compute a consistent global texture
for the merged model. Simply averaging per-scan textures can lead
to unpleasant results (see Figure 11).

To offset the lighting variations, we recover the underlying albedo
from the per-scan texture using a simplification of the “Shape, Il-
lumination, and Reflectance from Shading” (SIRFS) technique of
Barron and Malik [Barron and Malik 2012; Barron and Malik
2013]. SIRFS is a unified optimization framework for recovering
a depth map, reflectance (albedo) image, and global illumination
from a single image, using shading cues. Because we have already
acquired a high-quality depth map, we can assume depth is known,
and solve a simplified version of SIRFS where only reflectance,
shading, and illumination are unknown.

For each scan, we have a composite log-RGB texture image I and a
composite depth map Z. With this, our simplified SIRFS problem
is

max

R,L
P (R)P (L) s.t. I = R+ S(Z,L),

where R is a log-reflectance image, and L is a spherical-harmonic
model of illumination. S(Z,L) is a rendering engine which lin-
earizes Z into a set of surface normals, and produces a log-shading
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Figure 9: Ecorr uses the reliable pairwise correspondences from
the previous step to avoid local minima during global alignment.

(a) (b) (c)
Figure 10: Merging with visual hull as a shape prior. The globally
aligned scans contain a hole on top of the subject’s head due to
occlusion (a). Without using the visual hull, Poisson surface recon-
struction flattens the hole (b), whereas more pleasing results can be
obtained using the visual hull as a shape prior (c).

measures violation of the correspondences found previously:

Ecorr =
1

|C|
X

(p1,p2)2C

kp1 � p2k2

with C the set of all pairwise correspondences, and where for each
correspondence, p1 and p2 are the deformed positions of the cor-
responding points on the surfaces.

We follow Li and coworkers [2009] and minimize E using Gauss-
Newton iterations, where the linear system at each step of Gauss-
Newton is solved using a sparse Cholesky factorization. Since the
Jacobian of the energy is rank-deficient (rigid motions of all of the
view scans does not change any of the energies, for example), we
regularize the problem by adding a small (10�8) multiple of the
identity to the Gauss-Newton matrix. This regularization has the
effect of slightly penalizing motion of the deformation graphs away
from their initial configuration. We use CHOLMOD [Chen et al.
2008] to compute the Cholesky factorization, and have found that
the parameters ↵rigid = 500, ↵smooth = 2.0, and ↵corr = 2.5 work
well in practice. Gauss-Newton typically converges in under 10
iterations. Figures 3 and 7 show examples of the set of views before
and after global non-rigid registration. Figure 9 illustrates the effect
of Ecorr. We found that it is often beneficial to repeat the entire non-
rigid registration step several times, using the previous iteration’s
output instead of the rigid alignment as the starting point. There
is usually no noticeable improvement after 5 such iterations. The
results of this step of the algorithm are globally, non-rigidly warped
view meshes SN

i . The convergence of the global optimization is
visualized in Figure 8.

3.5 Watertight Merging

If the coverage of the warped view scans were complete, we could
perform a watertight Poisson surface reconstruction [Kazhdan et al.
2006] to obtain a single consistent mesh from all the non-rigidly
aligned meshes. Unfortunately, in practice there are large holes, for
example on the top of the head and under the arms, where the 3D
sensor is unable to gather any depth information. We therefore pro-
vide a prior to reduce discontinuous transitions between captured
and missing regions, using a visual hull similar to the approach of
Vlasic et al [2009].

(a) (b) (c)
Figure 11: Mapping texture onto the merged surface directly from
each scan leads to discontinuous transitions (a). Albedo recovery
(SIRFS) offsets the lighting variations and yields consistent texture
(b). Poisson blending further smooths the transitions and fill the
texture in the occluded areas (c).

For each warped view surface SN
i we take its camera view cRi from

after the initial rigid alignment (we assume that nonrigid alignment
does not significantly alter the camera position or orientation) and
use it to rasterize a depth map of SN

i . We then fit a bounding cuboid
around the set of all warped meshes SN

I and uniformly sample its
volume (we use a density of one sample per 10 mm); for each sam-
ple, we look at all of the views and check if the ray from the sample
to cRi intersects the view SN

i . We perform this check efficiently by
projecting the sample onto the depth maps. If at least 70% of the
views occlude the sample, we declare the sample inside the visual
hull. In this way the visual hull calculation is robust against errors in
segmentation (limbs that are missing because they are almost facing
away from the camera, for instance) without introducing spurious
volume.

We take the visual hull, delete all samples in its interior, and re-
construct a surface using marching cubes. This hull surface is in-
cluded along with the surfaces of the warped views SN

i in a fi-
nal watertight Poisson surface reconstruction. The reconstruction
is weighted, with the hull surface given a weight of 0.5 relative to
the scanned surfaces, so that the hull surface has influence only in
regions where scanned data is missing. Figure 10 illustrates the
benefits of including the hull in the reconstruction.

3.6 Texturing

Since our capture is done by rotating the subject with respect to
the sensor and the lighting environment, under typical non-uniform
lighting conditions the appearance of the subject changes between
views. The large lighting variations across the captured view scan
textures make it challenging to compute a consistent global texture
for the merged model. Simply averaging per-scan textures can lead
to unpleasant results (see Figure 11).

To offset the lighting variations, we recover the underlying albedo
from the per-scan texture using a simplification of the “Shape, Il-
lumination, and Reflectance from Shading” (SIRFS) technique of
Barron and Malik [Barron and Malik 2012; Barron and Malik
2013]. SIRFS is a unified optimization framework for recovering
a depth map, reflectance (albedo) image, and global illumination
from a single image, using shading cues. Because we have already
acquired a high-quality depth map, we can assume depth is known,
and solve a simplified version of SIRFS where only reflectance,
shading, and illumination are unknown.

For each scan, we have a composite log-RGB texture image I and a
composite depth map Z. With this, our simplified SIRFS problem
is

max

R,L
P (R)P (L) s.t. I = R+ S(Z,L),

where R is a log-reflectance image, and L is a spherical-harmonic
model of illumination. S(Z,L) is a rendering engine which lin-
earizes Z into a set of surface normals, and produces a log-shading
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Figure 9: Ecorr uses the reliable pairwise correspondences from
the previous step to avoid local minima during global alignment.

(a) (b) (c)
Figure 10: Merging with visual hull as a shape prior. The globally
aligned scans contain a hole on top of the subject’s head due to
occlusion (a). Without using the visual hull, Poisson surface recon-
struction flattens the hole (b), whereas more pleasing results can be
obtained using the visual hull as a shape prior (c).

measures violation of the correspondences found previously:

Ecorr =
1

|C|
X

(p1,p2)2C

kp1 � p2k2

with C the set of all pairwise correspondences, and where for each
correspondence, p1 and p2 are the deformed positions of the cor-
responding points on the surfaces.

We follow Li and coworkers [2009] and minimize E using Gauss-
Newton iterations, where the linear system at each step of Gauss-
Newton is solved using a sparse Cholesky factorization. Since the
Jacobian of the energy is rank-deficient (rigid motions of all of the
view scans does not change any of the energies, for example), we
regularize the problem by adding a small (10�8) multiple of the
identity to the Gauss-Newton matrix. This regularization has the
effect of slightly penalizing motion of the deformation graphs away
from their initial configuration. We use CHOLMOD [Chen et al.
2008] to compute the Cholesky factorization, and have found that
the parameters ↵rigid = 500, ↵smooth = 2.0, and ↵corr = 2.5 work
well in practice. Gauss-Newton typically converges in under 10
iterations. Figures 3 and 7 show examples of the set of views before
and after global non-rigid registration. Figure 9 illustrates the effect
of Ecorr. We found that it is often beneficial to repeat the entire non-
rigid registration step several times, using the previous iteration’s
output instead of the rigid alignment as the starting point. There
is usually no noticeable improvement after 5 such iterations. The
results of this step of the algorithm are globally, non-rigidly warped
view meshes SN

i . The convergence of the global optimization is
visualized in Figure 8.

3.5 Watertight Merging

If the coverage of the warped view scans were complete, we could
perform a watertight Poisson surface reconstruction [Kazhdan et al.
2006] to obtain a single consistent mesh from all the non-rigidly
aligned meshes. Unfortunately, in practice there are large holes, for
example on the top of the head and under the arms, where the 3D
sensor is unable to gather any depth information. We therefore pro-
vide a prior to reduce discontinuous transitions between captured
and missing regions, using a visual hull similar to the approach of
Vlasic et al [2009].

(a) (b) (c)
Figure 11: Mapping texture onto the merged surface directly from
each scan leads to discontinuous transitions (a). Albedo recovery
(SIRFS) offsets the lighting variations and yields consistent texture
(b). Poisson blending further smooths the transitions and fill the
texture in the occluded areas (c).

For each warped view surface SN
i we take its camera view cRi from

after the initial rigid alignment (we assume that nonrigid alignment
does not significantly alter the camera position or orientation) and
use it to rasterize a depth map of SN

i . We then fit a bounding cuboid
around the set of all warped meshes SN

I and uniformly sample its
volume (we use a density of one sample per 10 mm); for each sam-
ple, we look at all of the views and check if the ray from the sample
to cRi intersects the view SN

i . We perform this check efficiently by
projecting the sample onto the depth maps. If at least 70% of the
views occlude the sample, we declare the sample inside the visual
hull. In this way the visual hull calculation is robust against errors in
segmentation (limbs that are missing because they are almost facing
away from the camera, for instance) without introducing spurious
volume.

We take the visual hull, delete all samples in its interior, and re-
construct a surface using marching cubes. This hull surface is in-
cluded along with the surfaces of the warped views SN

i in a fi-
nal watertight Poisson surface reconstruction. The reconstruction
is weighted, with the hull surface given a weight of 0.5 relative to
the scanned surfaces, so that the hull surface has influence only in
regions where scanned data is missing. Figure 10 illustrates the
benefits of including the hull in the reconstruction.

3.6 Texturing

Since our capture is done by rotating the subject with respect to
the sensor and the lighting environment, under typical non-uniform
lighting conditions the appearance of the subject changes between
views. The large lighting variations across the captured view scan
textures make it challenging to compute a consistent global texture
for the merged model. Simply averaging per-scan textures can lead
to unpleasant results (see Figure 11).

To offset the lighting variations, we recover the underlying albedo
from the per-scan texture using a simplification of the “Shape, Il-
lumination, and Reflectance from Shading” (SIRFS) technique of
Barron and Malik [Barron and Malik 2012; Barron and Malik
2013]. SIRFS is a unified optimization framework for recovering
a depth map, reflectance (albedo) image, and global illumination
from a single image, using shading cues. Because we have already
acquired a high-quality depth map, we can assume depth is known,
and solve a simplified version of SIRFS where only reflectance,
shading, and illumination are unknown.

For each scan, we have a composite log-RGB texture image I and a
composite depth map Z. With this, our simplified SIRFS problem
is

max

R,L
P (R)P (L) s.t. I = R+ S(Z,L),

where R is a log-reflectance image, and L is a spherical-harmonic
model of illumination. S(Z,L) is a rendering engine which lin-
earizes Z into a set of surface normals, and produces a log-shading

Direct Mapping SIRFS
SIRFS + 

Poisson Blending
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Scalable Real-time Volumetric Surface Reconstruction

Jiawen Chen Dennis Bautembach Shahram Izadi

Microsoft Research, Cambridge, UK

Figure 1: We take depth maps from a consumer depth camera (top left) and fuse them into a single surface model (center & right) in real-time
using a compact GPU data structure. This allows live reconstruction of large-scale scenes with fine details (rendered w/ ambient occlusion).

Abstract

We address the fundamental challenge of scalability for real-time
volumetric surface reconstruction methods. We design a memory
efficient, hierarchical data structure for commodity graphics hard-
ware, which supports live reconstruction of large-scale scenes with
fine geometric details. Our sparse data structure fuses overlapping
depth maps from a moving depth camera into a single volumetric
representation, from which detailed surface models are extracted.
Our hierarchy losslessly streams data bidirectionally between GPU
and host, allowing for unbounded reconstructions. Our pipeline,
comprised of depth map post-processing, camera pose estimation,
volumetric fusion, surface extraction, and streaming, runs entirely in
real-time. We experimentally demonstrate that a shallow hierarchy
with relatively large branching factors yields the best memory/speed
tradeoff, consuming an order of magnitude less memory than a reg-
ular grid. We compare an implementation of our data structure to
existing methods and demonstrate higher-quality reconstructions on
a variety of large-scale scenes, all captured in real-time.

CR Categories: I.3.3 [Computer Graphics]: Picture/Image
Generation—Digitizing and scanning;

Keywords: volumetric surface reconstruction, scalability, real-time,
hierarchical grid, streaming, Kinect, GPU

Links: DL PDF

1 Introduction

Surface reconstruction is an important and established problem in
computer graphics and computer vision, with many practical appli-
cations particularly for cultural heritage, special effects, gaming, and
fabrication. One subclass of this problem takes multiple overlapping,
noisy depth measurements of an object or a scene as input and fuses
them into a single 3D surface representation, which aims to closely
reflect the geometry of the real world. Depth can be estimated from
regular 2D images, using structure-from-motion (SfM) [Pollefeys
et al. 2008] or multi-view stereo (MVS) [Seitz et al. 2006] methods,
or from active sensors such as laser scanners or depth cameras, based
on triangulation or time-of-flight (ToF) techniques.

For triangulation-based active sensors, one well known approach
for surface reconstruction is the volumetric method of Curless and
Levoy [1996]. This method is particularly compelling as it gives high
quality reconstruction results using a computationally simple fusion
method. The approach makes no assumptions about the underlying
surface topology, uses the redundancy of overlapping depth samples,
captures the uncertainty of depth estimates, and fills small holes but
leaves unobserved regions empty.

Consumer depth cameras (such as Microsoft Kinect and Asus Xtion)
have made real-time depth sensing a commodity. This has naturally
led to an interest in applications of real-time surface reconstruction;
for example, for augmented reality (AR), where the geometry of the
real-world needs to be combined live with the virtual and rendered
immediately to the user, autonomous guidance, where a robot needs
to reconstruct and respond rapidly to the physical environment, or
even simply to provide instantaneous feedback to users as they scan
an object or scene.

KinectFusion [Newcombe et al. 2011b; Izadi et al. 2011] adopted
the method of Curless and Levoy and demonstrated compelling live
reconstructions from noisy Kinect depth maps, which were applied
to a variety of interactive scenarios [Izadi et al. 2011]. The data
structure that underpins this system, and the original Curless and
Levoy method, is typically a regular 3D grid, uniformly divided
into a set of voxels, mapped onto predefined physical dimensions.
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2.3 Real-time reconstruction using active sensors

The tradeoffs between scale, quality and speed have led some re-
searchers to forgo scale completely, and instead explore live recon-
structions of smaller scenes and objects, using active sensors to help
achieve interactive rates. In one of the first examples, Rusinkiewicz
et al. [2002], use a custom structured light sensor to scan a hand-held
object. The online algorithm first aligns point clouds (using a variant
of ICP), quantizes samples into a voxel grid, and uses splatting for
rendering. Higher quality surface reconstruction is achieved by an of-
fline Curless and Levoy implementation. Weise et al. [2009] extend
this approach to detect loop closure during a full 360 scan of a hand
held object, distorting the object as rigidly as possible to correct for
drift errors. Cui et al. [2010] use a hand-held low-resolution, noisy
ToF camera and a depth super resolution algorithm to rapidly scan a
single small object.

These previous systems demonstrate interactive performance, but are
focused on single-object reconstructions. Systems such as [Henry
et al. 2010; Hornung et al. 2013; Stückler and Behnke 2012] demon-
strate larger scale indoor reconstructions at lower frame rates (rang-
ing from ⇠3-10Hz) with active sensors. Point and occupancy based
representations are used for reconstruction at scale. The focus of
these systems is not high quality surface reconstruction, but instead
dealing with the challenges of robust localization, loop closure and
correcting for model drift. These are important elements of Simulta-
neous Localization and Mapping (SLAM) systems, and while out of
scope for our work, have been the focus of considerable research in
the robotics community [Thrun et al. 2005].

KinectFusion [Newcombe et al. 2011b; Izadi et al. 2011] demon-
strated a real-time variant of Curless and Levoy [1996] to fuse noisy
Kinect depth maps. The implicit surface is stored in graphics mem-
ory as a regular voxel grid, and extracted by raycasting. This limits
high quality reconstructions to about (3m)3 physical size at 5123
voxel resolution, which requires ⇠512MB of graphics memory. Yet
the compelling real-time results has led to several projects extending
the spatial scale of KinectFusion.

2.4 Extending KinectFusion

One simple approach to spatially extend KinectFusion is to stream
the current volume data out of graphics memory, clear the volume,
but maintain global camera pose to ensure new and previously gen-
erated surfaces share the same coordinate system. This approach
creates multiple overlapping surfaces that need to be merged as a
postprocess. Moving volume methods take the idea further, defining
an active region around the camera which (logically) moves with the
sensor. Approaches either transform the entire signed distance field
in the active region [Roth and Vona 2012], or use a less expensive
rolling buffer that re-indexes the grid and reallocates deactivated
regions [Whelan et al. 2012]. The latter system extracts a point cloud
from deactivated regions and periodically creates a mesh on the host.
These methods still rely on a regular grid, making the active region
small to ensure fine quality, and reconstruction is limited to scenes
where geometric structures are close by. A clipped active region can
also can affect tracking quality and user experience. Finally, once
streamed to host, data cannot be reintegrated back into the volume.

Although many efficient hierarchical data structures for rendering
exist [Crassin et al. 2009; Laine and Karras 2010], we require real-
time dynamic updates for fusion and surface extraction, making
many of these approaches impractical. Zhou et al. [2011] propose
a GPU-based octree which performs Poisson surface reconstruc-
tion [Kazhdan et al. 2006] on ⇠300K vertices at interactive rates.
Zeng et al. [2013] extend this data structure to implement a 9 to
10 level octree for KinectFusion, and show results scaling up to a

moderately-sized office. While the closest work to ours, the reliance
on an octree imposes significant pointer overhead. We demonstrate
that shallower hierarchies are more efficient on current hardware
and scale better to larger scenes when combined with streaming. We
compare to these existing approaches in Section 6.

3 3D reconstruction pipeline

integrateestimate
pose

raw depth camera pose volume

model depth and normal maps

raycast

Figure 2: High level 3D reconstruction pipeline.

We seek to reconstruct both large-scale and fine-scale surface geom-
etry at real-time rates, by incrementally accumulating noisy depth
maps into a memory efficient volumetric data structure. We adopt the
method of Curless and Levoy [1996], and encode surfaces implicitly
as a signed distance field (SDF). Our pipeline is shown in Figure 2
and is based on the standard KinectFusion system [Izadi et al. 2011;
Newcombe et al. 2011b] but evolves to accommodate this new scal-
able structure. We briefly review this volumetric method to guide
the design of our data structure.

For now, we assume a regular dense 3D grid. The input to our
system is a sequence of noisy depth images Zi. We initialize the
camera to the origin, which is also the center of the virtual volume’s
front face. For each frame, we incrementally update the volume
by integrating (or fusing) surface observations into the stored SDF,
adding new data into empty regions or denoising existing data. Next,
we raycast the volume (using the current camera pose estimate),
marching individual rays through the grid, to find sign changes in
the SDF (the zero-crossing) and extract surface points and normals.
Finally, when the next depth map arrives, we use the point-plane
variant of the ICP algorithm [Chen and Medioni 1992] to estimate
the new camera pose by aligning the input depth measurements with
the extracted oriented points.

Integration Consider a single depth sample z = Z0(x, y). With-
out noise, the sample locally approximates the surface as a plane.
Each voxel in the grid whose center projects to the same (x, y) loca-
tion as this depth sample is part of the sample’s footprint. At each
voxel we store the distance from its center to the plane (with positive
values in front).

However, in the presence of noise, which for simplicity we model
as a Gaussian whose variance depends on depth N(z,�(z)) [Chang
et al. 1994; Nguyen et al. 2012], the true surface is somewhere in
the vicinity of z. In the case where the camera is stationary, we can
incrementally obtain a least squares estimate of the SDF by weighted
averaging. Augment the SDF (D) with a weight (W ) and initialize
each voxel in the grid to D = 0,W = 0. For each incoming sample
zi+1, update the grid with the rule Di+1 = (DiWi + di+1)/(Wi +
1),Wi+1 = Wi + 1, where di+1 is the signed distance from the
voxel center to the incoming sample. In the case where the camera
moves, it is clear that the current SDF Di becomes inconsistent with
the new depth frame Zi+1. It is impossible to obtain a full SDF
using only incremental accumulation.

Truncation and free space carving Curless and Levoy observed
that to handle a moving sensor, permit thin surfaces to be recon-
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2.3 Real-time reconstruction using active sensors

The tradeoffs between scale, quality and speed have led some re-
searchers to forgo scale completely, and instead explore live recon-
structions of smaller scenes and objects, using active sensors to help
achieve interactive rates. In one of the first examples, Rusinkiewicz
et al. [2002], use a custom structured light sensor to scan a hand-held
object. The online algorithm first aligns point clouds (using a variant
of ICP), quantizes samples into a voxel grid, and uses splatting for
rendering. Higher quality surface reconstruction is achieved by an of-
fline Curless and Levoy implementation. Weise et al. [2009] extend
this approach to detect loop closure during a full 360 scan of a hand
held object, distorting the object as rigidly as possible to correct for
drift errors. Cui et al. [2010] use a hand-held low-resolution, noisy
ToF camera and a depth super resolution algorithm to rapidly scan a
single small object.

These previous systems demonstrate interactive performance, but are
focused on single-object reconstructions. Systems such as [Henry
et al. 2010; Hornung et al. 2013; Stückler and Behnke 2012] demon-
strate larger scale indoor reconstructions at lower frame rates (rang-
ing from ⇠3-10Hz) with active sensors. Point and occupancy based
representations are used for reconstruction at scale. The focus of
these systems is not high quality surface reconstruction, but instead
dealing with the challenges of robust localization, loop closure and
correcting for model drift. These are important elements of Simulta-
neous Localization and Mapping (SLAM) systems, and while out of
scope for our work, have been the focus of considerable research in
the robotics community [Thrun et al. 2005].

KinectFusion [Newcombe et al. 2011b; Izadi et al. 2011] demon-
strated a real-time variant of Curless and Levoy [1996] to fuse noisy
Kinect depth maps. The implicit surface is stored in graphics mem-
ory as a regular voxel grid, and extracted by raycasting. This limits
high quality reconstructions to about (3m)3 physical size at 5123
voxel resolution, which requires ⇠512MB of graphics memory. Yet
the compelling real-time results has led to several projects extending
the spatial scale of KinectFusion.

2.4 Extending KinectFusion

One simple approach to spatially extend KinectFusion is to stream
the current volume data out of graphics memory, clear the volume,
but maintain global camera pose to ensure new and previously gen-
erated surfaces share the same coordinate system. This approach
creates multiple overlapping surfaces that need to be merged as a
postprocess. Moving volume methods take the idea further, defining
an active region around the camera which (logically) moves with the
sensor. Approaches either transform the entire signed distance field
in the active region [Roth and Vona 2012], or use a less expensive
rolling buffer that re-indexes the grid and reallocates deactivated
regions [Whelan et al. 2012]. The latter system extracts a point cloud
from deactivated regions and periodically creates a mesh on the host.
These methods still rely on a regular grid, making the active region
small to ensure fine quality, and reconstruction is limited to scenes
where geometric structures are close by. A clipped active region can
also can affect tracking quality and user experience. Finally, once
streamed to host, data cannot be reintegrated back into the volume.

Although many efficient hierarchical data structures for rendering
exist [Crassin et al. 2009; Laine and Karras 2010], we require real-
time dynamic updates for fusion and surface extraction, making
many of these approaches impractical. Zhou et al. [2011] propose
a GPU-based octree which performs Poisson surface reconstruc-
tion [Kazhdan et al. 2006] on ⇠300K vertices at interactive rates.
Zeng et al. [2013] extend this data structure to implement a 9 to
10 level octree for KinectFusion, and show results scaling up to a

moderately-sized office. While the closest work to ours, the reliance
on an octree imposes significant pointer overhead. We demonstrate
that shallower hierarchies are more efficient on current hardware
and scale better to larger scenes when combined with streaming. We
compare to these existing approaches in Section 6.
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Figure 2: High level 3D reconstruction pipeline.

We seek to reconstruct both large-scale and fine-scale surface geom-
etry at real-time rates, by incrementally accumulating noisy depth
maps into a memory efficient volumetric data structure. We adopt the
method of Curless and Levoy [1996], and encode surfaces implicitly
as a signed distance field (SDF). Our pipeline is shown in Figure 2
and is based on the standard KinectFusion system [Izadi et al. 2011;
Newcombe et al. 2011b] but evolves to accommodate this new scal-
able structure. We briefly review this volumetric method to guide
the design of our data structure.

For now, we assume a regular dense 3D grid. The input to our
system is a sequence of noisy depth images Zi. We initialize the
camera to the origin, which is also the center of the virtual volume’s
front face. For each frame, we incrementally update the volume
by integrating (or fusing) surface observations into the stored SDF,
adding new data into empty regions or denoising existing data. Next,
we raycast the volume (using the current camera pose estimate),
marching individual rays through the grid, to find sign changes in
the SDF (the zero-crossing) and extract surface points and normals.
Finally, when the next depth map arrives, we use the point-plane
variant of the ICP algorithm [Chen and Medioni 1992] to estimate
the new camera pose by aligning the input depth measurements with
the extracted oriented points.

Integration Consider a single depth sample z = Z0(x, y). With-
out noise, the sample locally approximates the surface as a plane.
Each voxel in the grid whose center projects to the same (x, y) loca-
tion as this depth sample is part of the sample’s footprint. At each
voxel we store the distance from its center to the plane (with positive
values in front).

However, in the presence of noise, which for simplicity we model
as a Gaussian whose variance depends on depth N(z,�(z)) [Chang
et al. 1994; Nguyen et al. 2012], the true surface is somewhere in
the vicinity of z. In the case where the camera is stationary, we can
incrementally obtain a least squares estimate of the SDF by weighted
averaging. Augment the SDF (D) with a weight (W ) and initialize
each voxel in the grid to D = 0,W = 0. For each incoming sample
zi+1, update the grid with the rule Di+1 = (DiWi + di+1)/(Wi +
1),Wi+1 = Wi + 1, where di+1 is the signed distance from the
voxel center to the incoming sample. In the case where the camera
moves, it is clear that the current SDF Di becomes inconsistent with
the new depth frame Zi+1. It is impossible to obtain a full SDF
using only incremental accumulation.

Truncation and free space carving Curless and Levoy observed
that to handle a moving sensor, permit thin surfaces to be recon-
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Figure 3: Logical view of hierarchical data structure.

structed, and reduce computation, the SDF is only meaningful near
the surface and that distant voxels can be ignored. Therefore, they
use a truncated SDF (TSDF) region in the vicinity of the observation
(2�(z) in our case). Notice however that an observed depth sample
yields more information than just near the surface: it indicates that
the entire ray up to the surface is unoccluded. Curless and Levoy
called this free space carving and explicitly mark these voxels as
“free space”. Therefore voxels exhibit three potential states: observed
free space, unobserved or near surface.

3.1 Data structure design

Our goal is to design a data structure that compactly represents a
TSDF and permits efficient integration and raycasting operations.

Exploiting sparsity The vast majority of the world is empty,
which is reflected by the fact that in a regular grid, most of the
voxels are marked as free space or unobserved. These voxels are
good candidates for compression. Curless and Levoy highlight this
sparsity in the data, and dynamically compress regions outside of
the truncation using run-length encoding (RLE). RLE does not nat-
urally map to our scenarios, as we require fast addition or removal
of surfaces, which would result in large overheads managing and
traversing runs on the GPU. Instead we design a hierarchical data
structure: near surfaces, we densely allocate voxels and store a high
resolution TSDF, integrating as before. However, completely free
space or unobserved regions is represented with coarser nodes.

Hierarchical representations Hierarchical data structures have a
long history in computer graphics and we discuss our design choices
here. They can be roughly divided into bounding volume hierar-
chies (BVHs), which cluster geometry and are used in traditional
polygon raytracing techniques, and spatial subdivisions methods,
which partition space. We rule out BVHs since our algorithm needs
to store dynamic SDFs and cannot afford to rebuild the hierarchy
every frame. While a number of spatial subdivision strategies are
available, we can disregard anisotropic structures such as kD-trees or
BSP-trees due to the fact that our moving depth camera reorients as
the user moves. Therefore, we choose a regular spatial subdivision.

Regular spatial subdivision still offers a number of choices. First, we
must choose a refinement strategy: at what point do we split a node?
At one extreme, with no refinement, we have a dense regular grid,
which scales as O(n3) in memory. At the other extreme, with full
dyadic refinement and data stored only in leaves, we have a complete
octree, which is space efficient, but results in a very deep hierarchy
that is difficult to update and traverse on a GPU. In between, we
can choose different branching factors at each level, resulting in
a hierarchical grid (or N3-tree). A final option is adaptive refine-
ment: represent the SDF at multiple resolutions by storing the value
at different levels of tree, splitting a node when it can no longer
summarize the variation within [Frisken et al. 2000].

We experimented with most of these options and show in Section 6
that a 3-4 level N3-tree with regular grids at nodes, without adaptive
refinement, yields the best memory/speed tradeoff. Although adap-
tive refinement works well for synthetic data [Frisken et al. 2000],
the highly anisotropic nature of our depth sample footprints makes
adaptive refinement challenging. As verified by [Chang et al. 1994;
Nguyen et al. 2012], the z uncertainty of a depth sample grows as
O(z2). Due to this elongated footprint, the standard subdivision rule
that splits a node until it is smaller than the sample footprint in all
three dimensions essentially causes full refinement. Similarly, for
rules that subdivide based on content, with a shallow tree optimized
for updating and raycasting, interior nodes never project to a small
enough screen area to capture sufficient detail.

Overview of data structure Figure 3 shows a logical view of our
data structure. The example hierarchy consists of three levels: the
root (in red) is a fully allocated grid and provides a coarse subdivi-
sion of the physical volume. According to our noise model [Nguyen
et al. 2012], the surface lies within the truncation region (in gray),
and any intersecting voxels will need to be refined. Refinement
proceeds recursively until we reach the leaf level (in blue), where
each node is a small regular grid. We sweep through the voxels
of the leaf grid and update the distances and weights accordingly.
Notice how the majority of root voxels are free space (in cyan), and
do not require refinement.

A common scenario that occurs due to noise or moving objects is
that a previously refined voxel (in yellow) is subsequently observed
as free space. Our strategy for dealing with these cases is to store
metadata at interior nodes, similar to a hierarchical z-buffer [Greene
et al. 1993]. In addition to a pointer to the node’s children, we
store a nearSurface flag, indicating whether any of its children are
potentially near a zero crossing, and a minWeight value, which is
the minimum of their weights. This metadata is updated during
integration with a summarization step, which propagates data up the
tree. The nearSurface flag lets the raycaster skip entire subtrees,
while minWeight optionally lets us “freeze” nodes (e.g., the voxel
in yellow) as free space when it is above some threshold and garbage
collect its children.

We extend the binary free space carving of Curless of Levoy to more
effectively fuse depth maps from the Kinect, which tend to be noisy
near silhouettes, causing flickering near object edges in the SDF. We
instead clamp the incoming SDF value di+1 to its maximum value
within the truncation region and perform weighted averaging instead.
This results in clean, rounded silhouette edges. Finally, in order to
accommodate depth uncertainty, we adapt the truncation size of the
SDF according to depth [Chang et al. 1994; Nguyen et al. 2012].

4 GPU implementation

We implement our 3D reconstruction pipeline on the GPU using
CUDA. This section details how the hierarchy is laid out in graphics
memory and traversed in parallel for integration and raycasting.
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Figure 8: Quality comparison. Top: at equal voxel resolution,
our hierarchy permits a much larger active region compared to a
moving regular grid. Bottom: at equal physical extent, our hierarchy
captures significantly more detail in a fraction of the memory.

small active region may suffice for indoor scenes, but for larger
outdoor scenes, a large volume is necessary for reliable dense frame-
to-model tracking. In another comparison, at the same physical
extent of (6m)3 necessary to capture an office scene, a regular grid
[Newcombe et al. 2011b; Izadi et al. 2011] has 12mm voxels which
severely oversmoothes fine details, whereas the hierarchy faithfully
reconstructs details with 3mm precision in a fraction of the memory,
while remaining interactive (⇠24 Hz).

6.4 Limitations and future work

As mentioned, the focus of this paper is our scalable data structure
and addressing issues of camera drift remains future work. In our ex-
periments, drift is highly scene dependent. “Outside-in” scans such
as CAR have minimal error and we are able to close the loop. Track-
ing error is more noticeable in “inside-out” scans and is especially
evident in long “forward-only” paths such as PASSAGE. A related
issue is relocalization when camera tracking fails. We implemented
a simple relocalizer that maintains a history of keyframes consisting
of a pose, a depth map, and a normal map. We create a new keyframe
whenever the camera moves past the basin of convergence for ICP
(empirically set to 15cm translation and 10� rotation). At runtime, if
ICP fails to converge, we exhaustively search the history. Robustly
handling drift, loop closure, and relocalization are longstanding
problems in the SLAM community and are clear areas for future
work. Other areas of future work include addressing limitations
in mobility (our current system relies on having a powerful server
within wireless range) and exploring the use of our data structure
with longer range sensors that have challenging noise characteristics,
such as passive stereo cameras.

7 Summary

We demonstrate the new capability of real-time volumetric recon-
struction at scale. We extend the method of Curless and Levoy to

interactively acquire both large- and fine-scale reconstructions. To
support this level of scalability, we design a fast, compact volumetric
data structure for commodity graphics hardware. Our results show
surface reconstructions of a variety of indoor and outdoor scenes,
without trading scale, quality or speed.
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in mobility (our current system relies on having a powerful server
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with longer range sensors that have challenging noise characteristics,
such as passive stereo cameras.
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Scalable Real-time Volumetric Surface Reconstruction

Jiawen Chen Dennis Bautembach Shahram Izadi

Microsoft Research, Cambridge, UK

Figure 1: We take depth maps from a consumer depth camera (top left) and fuse them into a single surface model (center & right) in real-time
using a compact GPU data structure. This allows live reconstruction of large-scale scenes with fine details (rendered w/ ambient occlusion).

Abstract

We address the fundamental challenge of scalability for real-time
volumetric surface reconstruction methods. We design a memory
efficient, hierarchical data structure for commodity graphics hard-
ware, which supports live reconstruction of large-scale scenes with
fine geometric details. Our sparse data structure fuses overlapping
depth maps from a moving depth camera into a single volumetric
representation, from which detailed surface models are extracted.
Our hierarchy losslessly streams data bidirectionally between GPU
and host, allowing for unbounded reconstructions. Our pipeline,
comprised of depth map post-processing, camera pose estimation,
volumetric fusion, surface extraction, and streaming, runs entirely in
real-time. We experimentally demonstrate that a shallow hierarchy
with relatively large branching factors yields the best memory/speed
tradeoff, consuming an order of magnitude less memory than a reg-
ular grid. We compare an implementation of our data structure to
existing methods and demonstrate higher-quality reconstructions on
a variety of large-scale scenes, all captured in real-time.

CR Categories: I.3.3 [Computer Graphics]: Picture/Image
Generation—Digitizing and scanning;

Keywords: volumetric surface reconstruction, scalability, real-time,
hierarchical grid, streaming, Kinect, GPU

Links: DL PDF

1 Introduction

Surface reconstruction is an important and established problem in
computer graphics and computer vision, with many practical appli-
cations particularly for cultural heritage, special effects, gaming, and
fabrication. One subclass of this problem takes multiple overlapping,
noisy depth measurements of an object or a scene as input and fuses
them into a single 3D surface representation, which aims to closely
reflect the geometry of the real world. Depth can be estimated from
regular 2D images, using structure-from-motion (SfM) [Pollefeys
et al. 2008] or multi-view stereo (MVS) [Seitz et al. 2006] methods,
or from active sensors such as laser scanners or depth cameras, based
on triangulation or time-of-flight (ToF) techniques.

For triangulation-based active sensors, one well known approach
for surface reconstruction is the volumetric method of Curless and
Levoy [1996]. This method is particularly compelling as it gives high
quality reconstruction results using a computationally simple fusion
method. The approach makes no assumptions about the underlying
surface topology, uses the redundancy of overlapping depth samples,
captures the uncertainty of depth estimates, and fills small holes but
leaves unobserved regions empty.

Consumer depth cameras (such as Microsoft Kinect and Asus Xtion)
have made real-time depth sensing a commodity. This has naturally
led to an interest in applications of real-time surface reconstruction;
for example, for augmented reality (AR), where the geometry of the
real-world needs to be combined live with the virtual and rendered
immediately to the user, autonomous guidance, where a robot needs
to reconstruct and respond rapidly to the physical environment, or
even simply to provide instantaneous feedback to users as they scan
an object or scene.

KinectFusion [Newcombe et al. 2011b; Izadi et al. 2011] adopted
the method of Curless and Levoy and demonstrated compelling live
reconstructions from noisy Kinect depth maps, which were applied
to a variety of interactive scenarios [Izadi et al. 2011]. The data
structure that underpins this system, and the original Curless and
Levoy method, is typically a regular 3D grid, uniformly divided
into a set of voxels, mapped onto predefined physical dimensions.
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Fig. 1. (a) The image degradation pipeline (forward compositional). On the left an imaging sensor samples the incoming light rays to acquire a SR
image. This image is at a particular pose in space and the warping transforms the image. Optical, motion and sensor blur then further degenerate the image
before it is down-sampled to produce a low resolution image. (b) The image generation pipeline (inverse compositional). Several low resolution images are
sampled from a continuous light field. The images are combined via their weighting C based on their distance to the ideal image with the same resolution.
The low resolution images are transformed to a common reference frame. The images are up-sampled and then inverse blurring is applied.

blur or inverse blur matrices of a given radius. The warping
function w(·), the blur function !(·) and these variables
will now be defined following the processing pipeline of
Figure reffig:inverse from left to right.

1) Intensity and depth interpolation: From the first two
processing blocks in Figure 1(b), the LR images are trans-
formed from left to right, however, the geometric points are
warped from right to left so as to interpolate the intensities
and depths at the location corresponding to the SR pixels
(interpolation is only performed once). The SR warped image
Iw and depth-map Dw of dimensions q! r are obtained by
re-sampling the aligned LR images as

I
w(P!, t) = I (Pw, t) , (3)

where Pw are the projected warped and up-sampled points
from equations (4) and (6) defined later. In practice the
depth interpolation functions are optimised and computed
differently as in [22] and a bi-linear technique is used. In the
Figure 1(b) the transformation blocks are shown separately,
however, in practice the transformations are all associative
and the images I(t) are only interpolated once.

2) Geometric warping - motion model: The motion
model w(T,vs

i ;K) is defined as a 3D point warping func-
tion, which is related to the 3D camera pose T and to a
scene vertex vs

i :

pw
i =

K(Rvs
i + t)

e"3 K(Rvs
i + t)

, (4)

where vs
i is obtained by applying equation (1) to the sub-

sampled pixel ps given later in equation (6). e3 is a unit
vector with the third component equal to 1.

3) Image up-sampling : The next block involves the up-
sampling of the LR image to the SR image. As for the motion
model, the high resolution pixels coordinates are transformed

from right to left in Figure 1(b). This consists in warping
the reference SR pixels by a diagonal homography scaling
matrix:

S =

!

"
1 0 0
0 1 0
0 0 s

#

$ , (5)

where s is the desired scale factor. A sub-sample pixel in
the LR image is then obtained by the following homographic
warp that computes sub-pixel coordinates in the LR image:

ps =
Sp!

e"3 Sp
!
, (6)

where ps = (ps", 1)" is the homogeneous coordinate of the
SR pixel p! in the LR space. The relationship between the
dimensions of the LR and SR images is subsequently q = sn
and r = sm. Note we assume that the physical SR sensor
size remains the same as the LR sensor, but its resolution is
increased (SR and LR pixels units are not the same).

4) Combination matrices: The matrices C#(t) and
C̃#(t) are normalised diagonal ”combination” matrices, with

C#(t) = C(t)
%&N

t=0 C(t)
'$1

, that allow to linearly com-
bine the input depth-map and color images into consistent
high resolution ones. The raw combination metric C(t)
that penalises a difference in image resolution is defined in
Section II-B.

5) Blur: The function f(Iw,B$1), is a filter which
performs image deconvolution. This will be assumed to be
a post-processing step of the reconstructed SR image, that
can be achieved using a classic Wiener filter (used here) or
modern optimization approaches with image priors.

A. Virtual camera pose and resolution

The main contribution of this paper is based on how
the LR images are combined to form a SR image. Classic

Monday, February 17, 14



➡ High resolution images 

➡ to estimate 6D pose and 3D mapping

Super Resolution SLAM
Meilland et. al, 2013

w(Tt,V
!;K)DiscreteContinuous

Geometric/

Sampling

Low resolution images

I(t)

Down sampling

w(S"1)

Blur

!(B)

Noise

photometric
warping

Scene

High Resolution Image

I!

(a)

w(Tt,V
!;K)Discrete

Continuous

Geometric/

Sampling

I(t)

Upsampling

w(S)

Inverse Blur

!(B"1)

Noise

C

photometric
warping

High Resolution

I
!

Depth and color images

Scene

Combination

Low resolution depth and color images

I
w(t)

(b)

Fig. 1. (a) The image degradation pipeline (forward compositional). On the left an imaging sensor samples the incoming light rays to acquire a SR
image. This image is at a particular pose in space and the warping transforms the image. Optical, motion and sensor blur then further degenerate the image
before it is down-sampled to produce a low resolution image. (b) The image generation pipeline (inverse compositional). Several low resolution images are
sampled from a continuous light field. The images are combined via their weighting C based on their distance to the ideal image with the same resolution.
The low resolution images are transformed to a common reference frame. The images are up-sampled and then inverse blurring is applied.

blur or inverse blur matrices of a given radius. The warping
function w(·), the blur function !(·) and these variables
will now be defined following the processing pipeline of
Figure reffig:inverse from left to right.

1) Intensity and depth interpolation: From the first two
processing blocks in Figure 1(b), the LR images are trans-
formed from left to right, however, the geometric points are
warped from right to left so as to interpolate the intensities
and depths at the location corresponding to the SR pixels
(interpolation is only performed once). The SR warped image
Iw and depth-map Dw of dimensions q! r are obtained by
re-sampling the aligned LR images as

I
w(P!, t) = I (Pw, t) , (3)

where Pw are the projected warped and up-sampled points
from equations (4) and (6) defined later. In practice the
depth interpolation functions are optimised and computed
differently as in [22] and a bi-linear technique is used. In the
Figure 1(b) the transformation blocks are shown separately,
however, in practice the transformations are all associative
and the images I(t) are only interpolated once.

2) Geometric warping - motion model: The motion
model w(T,vs

i ;K) is defined as a 3D point warping func-
tion, which is related to the 3D camera pose T and to a
scene vertex vs

i :

pw
i =
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, (4)

where vs
i is obtained by applying equation (1) to the sub-

sampled pixel ps given later in equation (6). e3 is a unit
vector with the third component equal to 1.

3) Image up-sampling : The next block involves the up-
sampling of the LR image to the SR image. As for the motion
model, the high resolution pixels coordinates are transformed

from right to left in Figure 1(b). This consists in warping
the reference SR pixels by a diagonal homography scaling
matrix:

S =

!
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1 0 0
0 1 0
0 0 s
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$ , (5)

where s is the desired scale factor. A sub-sample pixel in
the LR image is then obtained by the following homographic
warp that computes sub-pixel coordinates in the LR image:

ps =
Sp!

e"3 Sp
!
, (6)

where ps = (ps", 1)" is the homogeneous coordinate of the
SR pixel p! in the LR space. The relationship between the
dimensions of the LR and SR images is subsequently q = sn
and r = sm. Note we assume that the physical SR sensor
size remains the same as the LR sensor, but its resolution is
increased (SR and LR pixels units are not the same).

4) Combination matrices: The matrices C#(t) and
C̃#(t) are normalised diagonal ”combination” matrices, with

C#(t) = C(t)
%&N

t=0 C(t)
'$1

, that allow to linearly com-
bine the input depth-map and color images into consistent
high resolution ones. The raw combination metric C(t)
that penalises a difference in image resolution is defined in
Section II-B.

5) Blur: The function f(Iw,B$1), is a filter which
performs image deconvolution. This will be assumed to be
a post-processing step of the reconstructed SR image, that
can be achieved using a classic Wiener filter (used here) or
modern optimization approaches with image priors.

A. Virtual camera pose and resolution

The main contribution of this paper is based on how
the LR images are combined to form a SR image. Classic
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C. Depth weighting coefficients

A theoretical random error model proposed in [29] is
used for weighting depths. The corresponding weighting
coefficient of the pixel pi is defined by

C̃ii(t) =
fb

!d
D(pi, t)

!2, (9)

where f is the focal length of the depth camera, b is the
baseline and !d is the standard deviation of the expected
disparity error.

III. SUPER-RESOLUTION VISUAL SLAM

A. Cost function

The SR visual SLAM problem is defined here to be
that which estimates, incrementally, the set of camera poses
Tt(xt) whilst simultaneously estimating the SR depth image
D" and the SR intensity measurements I" from a set of
LR images. This is achieved by considering the following
photometric and depth errors:

eI =
!N

t=0 C(t)
"
I" ! I

"
w
"
#TtT(xt),V",S

$
, t
$$

eD =
!N

t=0 C̃(t)
"
D" !D

"
w
"
#TtT(xt),V",S

$
, t
$$ ,

(10)
where it is supposed that for each pose there exists an incre-
mental pose that combines homogeneously with the global
pose to give the true transformation: "x̃i : #TtT(x̃t) = Tt.
The full state vector representing the unknowns is then
[I",D",x1, . . . ,xN ]. Non-linear optimisation of this error
can then be decomposed via marginalisation into two sepa-
rate minimisation phases which are performed iteratively for
each LR input image: i.e. pose estimation followed by depth
and intensity estimation. This is the optimal formulation for
the joint problem assuming that the initial SR depth and in-
tensities measurements are locally close to the solution [22].

B. 3D image registration and tracking

For each current image, the unknown motion parameters
x # R6 are defined as:

x =

% 1

0
(!,")dt # se(3), (11)

which is the integral of a constant velocity twist which
produces a pose T. The pose and the twist are related via
the exponential map as T = e[x]! with the operator [.]# as:

[x]# =

&
[!]$ "

0 0

'
. (12)

Thus the pose cost function is then obtained by simultane-
ously minimising the errors of equation (10) in an iterative
robust least square procedure

O(xt) = "2
IeI(t)

%WIeI(t) + "2
DeD(t)%WDeD(t), (13)

where "(.) are weighting scalar gains and where W(.) are
diagonal weighting matrices obtained by M-estimation [30].
The unknown xt is then iteratively estimated using

xt = !(J%WJ)!1J%W
(
eI(t) eD(t)

)%

#Tt $ #TtT(xt),
(14)

where J contains the stacked Jacobian matrices of the errors
and W contains the stacked weighting matrices. More details
on such a minimisation can be found in [22].

Minimising both errors provides a lot of advantages since
photometric and depth information are complementary. In
practice the depth error usually offers a larger domain of
convergence and fast minimisation. It also allows to track
texture-less areas, but is sensitive to noise and may encounter
unconstrained scenes. On the other hand, the photometric
term allows to track any textured areas with a better preci-
sion [21].

C. Super-resolution

Equation (10) is minimised incrementally w.r.t. the SR
photometric parameter I" as new LR images I(t) are reg-
istered with the reference frame. The update rule is defined
as

C"(t)$ C"(t! 1) +C(t),
I"(t)$

*
C"(t! 1)I"(t! 1) +C(t)Iw(t)

+
C"(t)!1,

where C"(t) stores the cumulative global intensity weights
from t = 0 to t that allows to normalise the weighted
sum of intensities. Iw(t) is the warped current image after
registration. The same procedure is applied for the depth
parameter D"

C̃"(t)$ C̃"(t! 1) + C̃(t),
D"(t)$

*
C̃"(t! 1)D"(t! 1) + C̃(t)Dw(t)

+
C̃"(t)!1.

IV. EXPERIMENTS

A. Real-time implementation

A real-time implementation of the super resolution track-
ing and mapping algorithm was implemented on the GPU
using OpenCL. The algorithm runs at 30 Hz with low
resolution input images of size 640 % 480 pixels and a 4%
super-resolution factor on a Nvidia GTX 670 card. The up-
scaling factor of s = 4 was chosen for real-time purposes
but theoretically it is only limited by the Cramer-Rao lower
bound.

The entire tracking and mapping pipeline is performed on
the GPU, except insignificant linear algebra computations
such as the pose matrix update in (14) which is performed
on the CPU. A coarse to fine multi-resolution pose estimation
approach is employed as detailed in [13]. Since the RGB-
D sensor usually provides noisy depth measurements, a
bilateral filter is applied to remove noise whilst preserving
discontinuities. The filtered depth-map is only used for pose
estimation, whilst the raw depth-map D is used for depth
integration, in order to preserve details in the integration
process.

B. Simulated results

The algorithm has been tested on a synthetic sequence of
images and depth-maps of dimensions 640%480 with ground
truth poses, generated from the Sponza atrium model1. The
sequence is a 20 meter corridor with textured surfaces and
complex geometry. The reference image is taken at the

1Sponza atrium model, Dabrovic, M and Meinl, F., 2002
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➡ Weighting:

➡ Image distance function:

Super Resolution SLAM
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techniques average the aligned images using a smoothing
point-spread function [27]. This naive approach has the effect
of simply considering the combination matrices to be C(·) =
I. Clearly, this results in a simple average of the input warped
images. This often yields a blurred reconstruction since the
images seen with a highly different resolution than the SR
image are treated the same as those which contain as much
detail as those seen by the SR camera. In reality though, the
images undergo full 3D transformation and non-linear light
field sampling effects are hard to model. To solve this, the
aim here is to define a distance function which allows to
favour closer effective resolutions of the LR images w.r.t.
the SR image.

The following will show that a LR camera can undergo
a 3D transformation with respect to the SR image such that
it sees the same effective light rays in space (i.e. the same
resolution). This also means that we can compute a set of
”optimal virtual images”, with the same resolution as the LR
image, such that it intersects the same viewing cones as the
SR image. Naively, this can be seen as translating the camera
toward the scene (rotation also plays a role) so that it sees
an effective higher resolution (even if it does not cover the
same field of view as the SR camera).

To better understand, consider the Figure 2. The SR image
is defined by the frame T!. The current LR image which
must be used to generate a part of the SR image is defined
in Frame Tt. Both the LR and SR images observe a vertex
v! ! R3 of the scene. The light reflected off the surface at v!

forms cones in space that are projected onto the SR and LR
images respectively. Now consider moving a virtual camera
defined by the frame To and with the same resolution as the
LR image. This camera can move in 3D via its homogeneous
transformation matrix To = (Ro, to).

The first goal is to determine the 3D pose of the virtual
camera such that it has the same effective resolution as
the SR image. For each viewing cone, this is equivalent to
finding the intersection of the virtual LR image plane with
the SR viewing cone such that it sees the same surface area.
This area is equivalent when the inverse of the scaling ho-
mography S"1, from (5), is equal to the planar homography
H =

!
Ro " d"1ton

#
"
. This gives the following constraint

on Ro and to:

S"1 "
!
Ro " d"1ton

#
"
= 0. (7)

The planar homography H is related to the unknown pose
To at which the virtual image intersects the viewing cone
and the local surface plane ! = (n#, d)#. The viewing cone
intersects the 3D surface at vertex v! with a certain radius.
This forms the plane ! tangent to the surface with the normal
n. This normal is known from the dense 3D map, and is
obtained by a local cross product on the image grid. to is the
translation vector of the virtual camera and d is the distance
between the camera centre of projection and the plane d =
|n#v!|.

Next we determine Ro from the intersection of the virtual
image with the viewing cone. Since this intersection is
invariant to rotations around the Z axis, only the other two
rotations need to be computed. In practice, the two remaining
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Fig. 2. T! is the SR reference image, To is the optimal virtual camera
pose (with the same effective resolution of the vertex v!) and Tt is a LR
frame.

rotations are set such that the optical axis of the virtual
camera is in the direction of the viewing ray of the SR image
(for each pixel). This means that the virtual camera is centred
on each pixel in the SR image which helps avoid optical lens
distortion effects and ensures overlap (see To in Figure 2).
Subsequently the full rotation matrix Ro = (r#ox, r

#
oy, r

#
oz)

#

is defined such that

roz = v!#v!#"1, rox = [r!y]$roz , roy = [roz ]$rox,

where [.]$ represents the skew symmetric matrix operator
and r!y is the 2nd line of R!.

Finally the virtual camera translations are obtained by
solving (7) for the translation vector as:

to = d(Ro " S"1)n.

B. Image resolution distance function

Given To and Tt, it is possible to define a distance metric
between each LR pixel and each ideal pixel associated to v!

i .
This distance transforms directly into a weighting coefficient
for combining the LR intensities for each image t as

Cii(t) = (#(Tt "To)v
!
i #+ !)"1

, (8)

where Cii(t) is a diagonal element of C(t). ! is a noise
constant to avoid division by 0 and v!

i = (v!#, 1)# ! R4 is
the homogeneous vertex vector.

It can be seen that this distance constrains 5DOF (i.e.
not the rotation around Z). Also, if the LR camera moves
towards the optimal resolution (in translation and rotation)
then the error decreases whilst as it moves away the error
increases. The scale factor which combines the rotational and
translation components is determined by the vertex v!

i on the
surface.

virtual camera frame

The current frame
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➡ Image distance function:

➡ Depth weights:
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C. Depth weighting coefficients

A theoretical random error model proposed in [29] is
used for weighting depths. The corresponding weighting
coefficient of the pixel pi is defined by

C̃ii(t) =
fb

!d
D(pi, t)

!2, (9)

where f is the focal length of the depth camera, b is the
baseline and !d is the standard deviation of the expected
disparity error.

III. SUPER-RESOLUTION VISUAL SLAM

A. Cost function

The SR visual SLAM problem is defined here to be
that which estimates, incrementally, the set of camera poses
Tt(xt) whilst simultaneously estimating the SR depth image
D" and the SR intensity measurements I" from a set of
LR images. This is achieved by considering the following
photometric and depth errors:

eI =
!N

t=0 C(t)
"
I" ! I

"
w
"
#TtT(xt),V",S

$
, t
$$

eD =
!N

t=0 C̃(t)
"
D" !D

"
w
"
#TtT(xt),V",S

$
, t
$$ ,

(10)
where it is supposed that for each pose there exists an incre-
mental pose that combines homogeneously with the global
pose to give the true transformation: "x̃i : #TtT(x̃t) = Tt.
The full state vector representing the unknowns is then
[I",D",x1, . . . ,xN ]. Non-linear optimisation of this error
can then be decomposed via marginalisation into two sepa-
rate minimisation phases which are performed iteratively for
each LR input image: i.e. pose estimation followed by depth
and intensity estimation. This is the optimal formulation for
the joint problem assuming that the initial SR depth and in-
tensities measurements are locally close to the solution [22].

B. 3D image registration and tracking

For each current image, the unknown motion parameters
x # R6 are defined as:

x =

% 1

0
(!,")dt # se(3), (11)

which is the integral of a constant velocity twist which
produces a pose T. The pose and the twist are related via
the exponential map as T = e[x]! with the operator [.]# as:

[x]# =

&
[!]$ "

0 0

'
. (12)

Thus the pose cost function is then obtained by simultane-
ously minimising the errors of equation (10) in an iterative
robust least square procedure

O(xt) = "2
IeI(t)

%WIeI(t) + "2
DeD(t)%WDeD(t), (13)

where "(.) are weighting scalar gains and where W(.) are
diagonal weighting matrices obtained by M-estimation [30].
The unknown xt is then iteratively estimated using

xt = !(J%WJ)!1J%W
(
eI(t) eD(t)

)%

#Tt $ #TtT(xt),
(14)

where J contains the stacked Jacobian matrices of the errors
and W contains the stacked weighting matrices. More details
on such a minimisation can be found in [22].

Minimising both errors provides a lot of advantages since
photometric and depth information are complementary. In
practice the depth error usually offers a larger domain of
convergence and fast minimisation. It also allows to track
texture-less areas, but is sensitive to noise and may encounter
unconstrained scenes. On the other hand, the photometric
term allows to track any textured areas with a better preci-
sion [21].

C. Super-resolution

Equation (10) is minimised incrementally w.r.t. the SR
photometric parameter I" as new LR images I(t) are reg-
istered with the reference frame. The update rule is defined
as

C"(t)$ C"(t! 1) +C(t),
I"(t)$

*
C"(t! 1)I"(t! 1) +C(t)Iw(t)

+
C"(t)!1,

where C"(t) stores the cumulative global intensity weights
from t = 0 to t that allows to normalise the weighted
sum of intensities. Iw(t) is the warped current image after
registration. The same procedure is applied for the depth
parameter D"

C̃"(t)$ C̃"(t! 1) + C̃(t),
D"(t)$

*
C̃"(t! 1)D"(t! 1) + C̃(t)Dw(t)

+
C̃"(t)!1.

IV. EXPERIMENTS

A. Real-time implementation

A real-time implementation of the super resolution track-
ing and mapping algorithm was implemented on the GPU
using OpenCL. The algorithm runs at 30 Hz with low
resolution input images of size 640 % 480 pixels and a 4%
super-resolution factor on a Nvidia GTX 670 card. The up-
scaling factor of s = 4 was chosen for real-time purposes
but theoretically it is only limited by the Cramer-Rao lower
bound.

The entire tracking and mapping pipeline is performed on
the GPU, except insignificant linear algebra computations
such as the pose matrix update in (14) which is performed
on the CPU. A coarse to fine multi-resolution pose estimation
approach is employed as detailed in [13]. Since the RGB-
D sensor usually provides noisy depth measurements, a
bilateral filter is applied to remove noise whilst preserving
discontinuities. The filtered depth-map is only used for pose
estimation, whilst the raw depth-map D is used for depth
integration, in order to preserve details in the integration
process.

B. Simulated results

The algorithm has been tested on a synthetic sequence of
images and depth-maps of dimensions 640%480 with ground
truth poses, generated from the Sponza atrium model1. The
sequence is a 20 meter corridor with textured surfaces and
complex geometry. The reference image is taken at the
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techniques average the aligned images using a smoothing
point-spread function [27]. This naive approach has the effect
of simply considering the combination matrices to be C(·) =
I. Clearly, this results in a simple average of the input warped
images. This often yields a blurred reconstruction since the
images seen with a highly different resolution than the SR
image are treated the same as those which contain as much
detail as those seen by the SR camera. In reality though, the
images undergo full 3D transformation and non-linear light
field sampling effects are hard to model. To solve this, the
aim here is to define a distance function which allows to
favour closer effective resolutions of the LR images w.r.t.
the SR image.

The following will show that a LR camera can undergo
a 3D transformation with respect to the SR image such that
it sees the same effective light rays in space (i.e. the same
resolution). This also means that we can compute a set of
”optimal virtual images”, with the same resolution as the LR
image, such that it intersects the same viewing cones as the
SR image. Naively, this can be seen as translating the camera
toward the scene (rotation also plays a role) so that it sees
an effective higher resolution (even if it does not cover the
same field of view as the SR camera).

To better understand, consider the Figure 2. The SR image
is defined by the frame T!. The current LR image which
must be used to generate a part of the SR image is defined
in Frame Tt. Both the LR and SR images observe a vertex
v! ! R3 of the scene. The light reflected off the surface at v!

forms cones in space that are projected onto the SR and LR
images respectively. Now consider moving a virtual camera
defined by the frame To and with the same resolution as the
LR image. This camera can move in 3D via its homogeneous
transformation matrix To = (Ro, to).

The first goal is to determine the 3D pose of the virtual
camera such that it has the same effective resolution as
the SR image. For each viewing cone, this is equivalent to
finding the intersection of the virtual LR image plane with
the SR viewing cone such that it sees the same surface area.
This area is equivalent when the inverse of the scaling ho-
mography S"1, from (5), is equal to the planar homography
H =

!
Ro " d"1ton

#
"
. This gives the following constraint

on Ro and to:

S"1 "
!
Ro " d"1ton

#
"
= 0. (7)

The planar homography H is related to the unknown pose
To at which the virtual image intersects the viewing cone
and the local surface plane ! = (n#, d)#. The viewing cone
intersects the 3D surface at vertex v! with a certain radius.
This forms the plane ! tangent to the surface with the normal
n. This normal is known from the dense 3D map, and is
obtained by a local cross product on the image grid. to is the
translation vector of the virtual camera and d is the distance
between the camera centre of projection and the plane d =
|n#v!|.

Next we determine Ro from the intersection of the virtual
image with the viewing cone. Since this intersection is
invariant to rotations around the Z axis, only the other two
rotations need to be computed. In practice, the two remaining
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Fig. 2. T! is the SR reference image, To is the optimal virtual camera
pose (with the same effective resolution of the vertex v!) and Tt is a LR
frame.

rotations are set such that the optical axis of the virtual
camera is in the direction of the viewing ray of the SR image
(for each pixel). This means that the virtual camera is centred
on each pixel in the SR image which helps avoid optical lens
distortion effects and ensures overlap (see To in Figure 2).
Subsequently the full rotation matrix Ro = (r#ox, r

#
oy, r

#
oz)

#

is defined such that

roz = v!#v!#"1, rox = [r!y]$roz , roy = [roz ]$rox,

where [.]$ represents the skew symmetric matrix operator
and r!y is the 2nd line of R!.

Finally the virtual camera translations are obtained by
solving (7) for the translation vector as:

to = d(Ro " S"1)n.

B. Image resolution distance function

Given To and Tt, it is possible to define a distance metric
between each LR pixel and each ideal pixel associated to v!

i .
This distance transforms directly into a weighting coefficient
for combining the LR intensities for each image t as

Cii(t) = (#(Tt "To)v
!
i #+ !)"1

, (8)

where Cii(t) is a diagonal element of C(t). ! is a noise
constant to avoid division by 0 and v!

i = (v!#, 1)# ! R4 is
the homogeneous vertex vector.

It can be seen that this distance constrains 5DOF (i.e.
not the rotation around Z). Also, if the LR camera moves
towards the optimal resolution (in translation and rotation)
then the error decreases whilst as it moves away the error
increases. The scale factor which combines the rotational and
translation components is determined by the vertex v!

i on the
surface.

virtual camera frame

The current frame
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➡ On unifying key-frame and voxel-based dense visual 
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➡ Combines advantages of two methods:

➡ Voxel grid representation

➡ Image-based key-frame based

Key Frame Fusion
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➡ Voxel grid representation

✤ Easy and efficient defining 
mathematical operations

✤ Global noise reduction 

- Hard to handle loop closure

- Requires a lot of memory

➡ Image-based key-frame based

- Hard

- Not inherent

✤ Easy to handle drifts and 
loop closure

✤ Requires less memory

Key Frame Fusion
Meilland et. al, 2013
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➡ Unified system:

Key Frame Fusion
Meilland et. al, 2013

3D Model
Key-frames/Voxel-grid

RGB-D Sensor Warping

Prediction

Estimation

Learning/
Update

Fig. 1. Unified image and model-based system. For both volumetric and
key-frame based representations, tracking and mapping can be decomposed
in four major blocks: warping, prediction, estimation and model update

model requires 5122 ! 6 images plus 6 poses to represent
the scene, while, volumetric approaches require 5123 voxels
minus any compression achieved with octrees. It is clear that
if complex non-concave objects or non-convex scenes need
to be mapped, key-frame based approaches will require an
increasing number of reference views to account for the self
occlusions of the scene. However, in the proposed approach,
key-frames are to be chosen carefully to encapsulate the
concave and convex elements of the scene, allowing a
compact and efficient representation to be found.

II. DENSE REAL-TIME TRACKING AND MAPPING

A. Introduction

Consider a calibrated RGB-D sensor with a colour bright-
ness function I : !! R+ " R+; (p) #" I(p, t) and a depth
function D : ! ! R+ " R+; (p, t) #" D(p, t), where
! = [1, n] ! [1,m] $ R2, P = (p1,p2, . . . ,pnm)! %
Rmn"2 $ ! are pixel locations within the image acquired at
time t, and n!m is the dimension of the sensor’s images. It
is convenient to consider the set of measurements in vector
form such that I(P, t) % R+nm"1 and D(P, t) % R+nm"1.
Note that t and P may be omitted for clarity.

V = (v1,v2, . . . ,vnm)! % Rmn"3 is defined as the
matrix of 3D vertices related to the surface according to the
following point-depth back-projection:

vi = K#1piD(pi), (1)

where K % R3"3 is the intrinsic camera matrix and pi are
homogeneous pixels coordinates. V will be taken to be a 3D
vertex function V : !! R+ " R3; (p, t) #" V(p, t).

The set S = {I,V,N,C} is defined to be a 3D textured
surface. The uncertainties C % Rnm are computed for each
vertex according to the depth sensor model of [23]. The
normals N % R3"nm are computed for each vertex using
a local cross product on the image grid. Again, the surface
normals and the uncertainties will be considered as functions
such that N : ! ! R+ " R3; (p, t) #" V(p, t) and
C : !! R+ " R; (p, t) #" C(p, t).

A typical localisation/reconstruction pipeline is shown in
Figure 1. For both volumetric and key-frame based ap-
proaches, the incremental reconstruction pipeline contains
the following blocks: frame prediction, warping, estimation
and model update. Here frame-to-frame pose estimation is
made between a predicted view and the live frame so that
this step is the same for both approaches. The only blocks
that differ are the view prediction and model update.

B. Pose estimation

Now consider the predicted reference surface S
$ =

{I$,V$,N$,C$} to be a view prediction of the current
surface S = {I,V,N,C}. The goal is to find the unknown
motion parameters x % R6 between S

$ and S defined as:

x =

! 1

0
(!,")dt % se(3), (2)

which is the integral of a constant velocity twist which
produces a pose T, where T = (R, t) % SE(3). R % SO(3)
is a rotation matrix and t % R(3) a translation vector. The
pose and the twist are related via the exponential map as
T = e[x]! with the operator [.]% as:

[x]% =

"
[!]" "

0 0

#
, (3)

where [.]" represents the skew symmetric matrix operator.
An improved version of the bi-objective direct iterative

closest point (ICP) approach of [24] is employed, which
simultaneously minimises a photometric error along with a
geometric error between the surfaces S

$ and S such that

e(x) =

$

%
I
&
w('TT(x),V$)

(
& I$(P$)

'RR(x)N$!
&
V! &!'TT(x)V$!

(!

)

* , (4)

where the first row of equation (4) is the photometric term
and the second row is a point-to-plane ICP error with
projective data association. The function w(·) is the inverse
warping function described in Section III-B.

This non-linear error is iteratively minimised using a
Gauss-Newton approach such that:

x = &(JTWJ)#1JTWe, (5)

where JT =
+
Jesm N$'Jicp

,
.

J contains the stacked Jacobian matrices of the errors of
equation (4). Jesm is the Jacobian matrix of the photomet-
ric term computed using the efficient second order (ESM)
approach [25] and Jicp is the standard ICP Jacobian matrix.

W is a diagonal weighting matrix of dimensions 2nm!
2nm obtained by M-estimation [26], with Huber’s influence
function. Since the photometric error is influenced by the
geometric error, the matrix W is computed such that:

W =

"
WesmWicp 0

0 Wicp.

#
(6)

This weighting scheme efficiently handles geometric occlu-
sions, such as dynamic moving objects. Note that the pho-
tometric errors (and subsequently the weights) are coupled
with the geometry while the geometric error is independent
of the photometry (only for projective light RGB-D sensors).

The pose estimate 'T is finally updated using a homoge-
neous update until convergence as 'T( 'TT(x).

III. SYNTHESISING A NOVEL VIEW FROM THE MODEL

The main difference between volumetric and key-frame
approaches appears whenever it is necessary to interact and
use the 3D model data. Even within each of these approaches
several errors may be minimised, primarily depending on a
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➡ Pose Estimation:

➡ ICP + photometric constraint

Key Frame Fusion
Meilland et. al, 2013

3D Model
Key-frames/Voxel-grid

RGB-D Sensor Warping

Prediction

Estimation

Learning/
Update

Fig. 1. Unified image and model-based system. For both volumetric and
key-frame based representations, tracking and mapping can be decomposed
in four major blocks: warping, prediction, estimation and model update

model requires 5122 ! 6 images plus 6 poses to represent
the scene, while, volumetric approaches require 5123 voxels
minus any compression achieved with octrees. It is clear that
if complex non-concave objects or non-convex scenes need
to be mapped, key-frame based approaches will require an
increasing number of reference views to account for the self
occlusions of the scene. However, in the proposed approach,
key-frames are to be chosen carefully to encapsulate the
concave and convex elements of the scene, allowing a
compact and efficient representation to be found.

II. DENSE REAL-TIME TRACKING AND MAPPING

A. Introduction

Consider a calibrated RGB-D sensor with a colour bright-
ness function I : !! R+ " R+; (p) #" I(p, t) and a depth
function D : ! ! R+ " R+; (p, t) #" D(p, t), where
! = [1, n] ! [1,m] $ R2, P = (p1,p2, . . . ,pnm)! %
Rmn"2 $ ! are pixel locations within the image acquired at
time t, and n!m is the dimension of the sensor’s images. It
is convenient to consider the set of measurements in vector
form such that I(P, t) % R+nm"1 and D(P, t) % R+nm"1.
Note that t and P may be omitted for clarity.

V = (v1,v2, . . . ,vnm)! % Rmn"3 is defined as the
matrix of 3D vertices related to the surface according to the
following point-depth back-projection:

vi = K#1piD(pi), (1)

where K % R3"3 is the intrinsic camera matrix and pi are
homogeneous pixels coordinates. V will be taken to be a 3D
vertex function V : !! R+ " R3; (p, t) #" V(p, t).

The set S = {I,V,N,C} is defined to be a 3D textured
surface. The uncertainties C % Rnm are computed for each
vertex according to the depth sensor model of [23]. The
normals N % R3"nm are computed for each vertex using
a local cross product on the image grid. Again, the surface
normals and the uncertainties will be considered as functions
such that N : ! ! R+ " R3; (p, t) #" V(p, t) and
C : !! R+ " R; (p, t) #" C(p, t).

A typical localisation/reconstruction pipeline is shown in
Figure 1. For both volumetric and key-frame based ap-
proaches, the incremental reconstruction pipeline contains
the following blocks: frame prediction, warping, estimation
and model update. Here frame-to-frame pose estimation is
made between a predicted view and the live frame so that
this step is the same for both approaches. The only blocks
that differ are the view prediction and model update.

B. Pose estimation

Now consider the predicted reference surface S
$ =

{I$,V$,N$,C$} to be a view prediction of the current
surface S = {I,V,N,C}. The goal is to find the unknown
motion parameters x % R6 between S

$ and S defined as:

x =

! 1

0
(!,")dt % se(3), (2)

which is the integral of a constant velocity twist which
produces a pose T, where T = (R, t) % SE(3). R % SO(3)
is a rotation matrix and t % R(3) a translation vector. The
pose and the twist are related via the exponential map as
T = e[x]! with the operator [.]% as:

[x]% =

"
[!]" "

0 0

#
, (3)

where [.]" represents the skew symmetric matrix operator.
An improved version of the bi-objective direct iterative

closest point (ICP) approach of [24] is employed, which
simultaneously minimises a photometric error along with a
geometric error between the surfaces S

$ and S such that

e(x) =

$

%
I
&
w('TT(x),V$)

(
& I$(P$)

'RR(x)N$!
&
V! &!'TT(x)V$!

(!

)

* , (4)

where the first row of equation (4) is the photometric term
and the second row is a point-to-plane ICP error with
projective data association. The function w(·) is the inverse
warping function described in Section III-B.

This non-linear error is iteratively minimised using a
Gauss-Newton approach such that:

x = &(JTWJ)#1JTWe, (5)

where JT =
+
Jesm N$'Jicp

,
.

J contains the stacked Jacobian matrices of the errors of
equation (4). Jesm is the Jacobian matrix of the photomet-
ric term computed using the efficient second order (ESM)
approach [25] and Jicp is the standard ICP Jacobian matrix.

W is a diagonal weighting matrix of dimensions 2nm!
2nm obtained by M-estimation [26], with Huber’s influence
function. Since the photometric error is influenced by the
geometric error, the matrix W is computed such that:

W =

"
WesmWicp 0

0 Wicp.

#
(6)

This weighting scheme efficiently handles geometric occlu-
sions, such as dynamic moving objects. Note that the pho-
tometric errors (and subsequently the weights) are coupled
with the geometry while the geometric error is independent
of the photometry (only for projective light RGB-D sensors).

The pose estimate 'T is finally updated using a homoge-
neous update until convergence as 'T( 'TT(x).

III. SYNTHESISING A NOVEL VIEW FROM THE MODEL

The main difference between volumetric and key-frame
approaches appears whenever it is necessary to interact and
use the 3D model data. Even within each of these approaches
several errors may be minimised, primarily depending on a
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➡ Pose Estimation:

➡ ICP + photometric constraint

➡ Nonlinear! (Gauss Newton)

Key Frame Fusion
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3D Model
Key-frames/Voxel-grid

RGB-D Sensor Warping

Prediction

Estimation

Learning/
Update

Fig. 1. Unified image and model-based system. For both volumetric and
key-frame based representations, tracking and mapping can be decomposed
in four major blocks: warping, prediction, estimation and model update

model requires 5122 ! 6 images plus 6 poses to represent
the scene, while, volumetric approaches require 5123 voxels
minus any compression achieved with octrees. It is clear that
if complex non-concave objects or non-convex scenes need
to be mapped, key-frame based approaches will require an
increasing number of reference views to account for the self
occlusions of the scene. However, in the proposed approach,
key-frames are to be chosen carefully to encapsulate the
concave and convex elements of the scene, allowing a
compact and efficient representation to be found.

II. DENSE REAL-TIME TRACKING AND MAPPING

A. Introduction

Consider a calibrated RGB-D sensor with a colour bright-
ness function I : !! R+ " R+; (p) #" I(p, t) and a depth
function D : ! ! R+ " R+; (p, t) #" D(p, t), where
! = [1, n] ! [1,m] $ R2, P = (p1,p2, . . . ,pnm)! %
Rmn"2 $ ! are pixel locations within the image acquired at
time t, and n!m is the dimension of the sensor’s images. It
is convenient to consider the set of measurements in vector
form such that I(P, t) % R+nm"1 and D(P, t) % R+nm"1.
Note that t and P may be omitted for clarity.

V = (v1,v2, . . . ,vnm)! % Rmn"3 is defined as the
matrix of 3D vertices related to the surface according to the
following point-depth back-projection:

vi = K#1piD(pi), (1)

where K % R3"3 is the intrinsic camera matrix and pi are
homogeneous pixels coordinates. V will be taken to be a 3D
vertex function V : !! R+ " R3; (p, t) #" V(p, t).

The set S = {I,V,N,C} is defined to be a 3D textured
surface. The uncertainties C % Rnm are computed for each
vertex according to the depth sensor model of [23]. The
normals N % R3"nm are computed for each vertex using
a local cross product on the image grid. Again, the surface
normals and the uncertainties will be considered as functions
such that N : ! ! R+ " R3; (p, t) #" V(p, t) and
C : !! R+ " R; (p, t) #" C(p, t).

A typical localisation/reconstruction pipeline is shown in
Figure 1. For both volumetric and key-frame based ap-
proaches, the incremental reconstruction pipeline contains
the following blocks: frame prediction, warping, estimation
and model update. Here frame-to-frame pose estimation is
made between a predicted view and the live frame so that
this step is the same for both approaches. The only blocks
that differ are the view prediction and model update.

B. Pose estimation

Now consider the predicted reference surface S
$ =

{I$,V$,N$,C$} to be a view prediction of the current
surface S = {I,V,N,C}. The goal is to find the unknown
motion parameters x % R6 between S

$ and S defined as:

x =

! 1

0
(!,")dt % se(3), (2)

which is the integral of a constant velocity twist which
produces a pose T, where T = (R, t) % SE(3). R % SO(3)
is a rotation matrix and t % R(3) a translation vector. The
pose and the twist are related via the exponential map as
T = e[x]! with the operator [.]% as:

[x]% =

"
[!]" "

0 0

#
, (3)

where [.]" represents the skew symmetric matrix operator.
An improved version of the bi-objective direct iterative

closest point (ICP) approach of [24] is employed, which
simultaneously minimises a photometric error along with a
geometric error between the surfaces S

$ and S such that

e(x) =

$

%
I
&
w('TT(x),V$)

(
& I$(P$)

'RR(x)N$!
&
V! &!'TT(x)V$!

(!

)

* , (4)

where the first row of equation (4) is the photometric term
and the second row is a point-to-plane ICP error with
projective data association. The function w(·) is the inverse
warping function described in Section III-B.

This non-linear error is iteratively minimised using a
Gauss-Newton approach such that:

x = &(JTWJ)#1JTWe, (5)

where JT =
+
Jesm N$'Jicp

,
.

J contains the stacked Jacobian matrices of the errors of
equation (4). Jesm is the Jacobian matrix of the photomet-
ric term computed using the efficient second order (ESM)
approach [25] and Jicp is the standard ICP Jacobian matrix.

W is a diagonal weighting matrix of dimensions 2nm!
2nm obtained by M-estimation [26], with Huber’s influence
function. Since the photometric error is influenced by the
geometric error, the matrix W is computed such that:

W =

"
WesmWicp 0

0 Wicp.

#
(6)

This weighting scheme efficiently handles geometric occlu-
sions, such as dynamic moving objects. Note that the pho-
tometric errors (and subsequently the weights) are coupled
with the geometry while the geometric error is independent
of the photometry (only for projective light RGB-D sensors).

The pose estimate 'T is finally updated using a homoge-
neous update until convergence as 'T( 'TT(x).

III. SYNTHESISING A NOVEL VIEW FROM THE MODEL

The main difference between volumetric and key-frame
approaches appears whenever it is necessary to interact and
use the 3D model data. Even within each of these approaches
several errors may be minimised, primarily depending on a
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forward or inverse warping function. These warping func-
tions will be elaborated here and a new warping function
will be proposed for combining several key-frames together
efficiently, evidently solving the problem of partial overlap
and occlusion (between current and key-frame images).

A. Geometric warping

The geometric warping function P
w!

= w (T,K,V),
transforms the vertices V with the pose T and projects the

transformed vertices on the image plane by Pw! = MV
!

,
where the perspective projection matrix M is defined such
that M = K!T. ! = [1,0] ! R3"4 projects the 4 " 4
pose matrix onto the 3" 4 space and Pw! is normalised by

dividing by its third co-ordinate to obtain P
w!

.

B. Inverse warping / texture projection

Inverse warping is the equivalent of texture projection in
computer graphics. It basically consists in projecting the
current image/texture onto the world geometry. It is often
referred as inverse warping since the transformation from
the source intensities to the destination space is performed
by projecting the destination vertices (reference image) to
the source space (current image) and then interpolating the
intensity values on a regular grid as:

I#(P#) = I(w(T,K,V#)). (7)

As it can be seen in equation (7), the current intensity
warping only depends on the reference vertices V#. This
allows to perform computationally efficient grid interpolation
of the surface and obtain a correspondence between the
reference and the current intensities. One major drawback
of this approach is that occlusions are not handled, since
several vertices may project onto the same pixel, leading to
inconsistencies in the warped image. This is, however, the
fastest way to transfer image intensities between frames and
its Jacobian can be pre-computed.

C. Forward warping / rasterisation

Standard rasterisation is one of the easiest ways to render
novel views whilst handling occlusions via z-buffering. The
pipeline is this time straightforward (source to destination),
since the world geometry (triangles) is directly projected
and interpolated at the screen pixels (destination) yet the
colours are interpolated in the reference texture. The main
difference is that this requires a scattered interpolation which
is computationally more expensive. The intensity warping
can be defined such that

I#(P#) = I
!
!
"
P#,E, w(V,T

$1
,K#)

#$
(8)

where E ! NJ"3 contains J " 3 indices of each triangle
(computed in the image as described in Section V-A.1), and
! is the rasterisation function that interpolates the scattered
vertices projected at the destination pixel locations P#.
Rasterisation is directly implemented in hardware on GPUs
and allows to efficiently perform scattered interpolation on a
very large amount of triangles. With abuse of notation, the
function

S
# = S

!
!
"
P#,E, w(V,T

$1
,K#)

#$
(9)

will be a synthesis of the surface S at position T, where S
#

is the new predicted surface which contains new intensities,
vertices, normals and uncertainties.

D. Warping comparisons

Forward warping (rasterisation) benefits from many hard-
ware accelerated features that cannot be done efficiently with
inverse warping (texture projection). In particular, mipmap-
ping, anisotropic filtering (which prevents aliasing) and oc-
clusions (via z-buffering). Even if the scattered interpolation
can be highly optimised (see Section. V-A.1), the computa-
tional cost is less efficient than inverse warping, mainly due
to triangulation and scattered interpolation of the surface.

On the other hand, inverse warping is only valid for small
viewpoint changes where occlusions and perceptual aliasing
can be neglected. In order to take advantage of hardware
rasterisation, it is proposed here to use forward warping for
view prediction and model update steps, which only have to
be performed once per frame. Dense iterative registration,
which requires multiple warps per frame, can use a fast
inverse warping between the predicted frame and the live
frame which are assumed to be close.

E. Multi-key-frame fusion

Supposing that an initial estimation of the current camera
pose %T is available (i.e. the last estimated pose), the surface
prediction is performed by first extracting close key-frames
from the graph. A simple criteria is used to select the
M closest key-frames to the current frame based on the
distance along the graph. This avoids choosing key-frames
which are close geometrically but have not been connected
visually during the acquisition (i.e. on the other side of a
wall). Further connections could be made by performing loop
closure and bundle adjustment on the entire key-frame graph.

Each key-frame is then rasterised and blended into a
virtual frame at the predicted camera viewpoint such that

S
# =

M&

i=1

f
!
S

!
!
"
P#,E, w(Vi, %T$1Ti,K

#)
#$$

, (10)

where f(S(·)) is a blending function, that correctly fuses the
synthesised images. In order to detect occlusions between the
rendered surfaces before blending a Mahalanobis distance is
computed between the candidate vertices to test their mutual
dependency. Let us consider the sets {v#

a, c
#
a} and {v#

b , c
#
b}

to be two vertices and uncertainties candidates for a new
vertex v#. The distance is defined by

dM = e!3 (v
#
a # v#

b )
!(c#a + c#b)

$1e!3 (v
#
a # v#

b ). (11)

The blended vertex v# is obtained using a Chi-square test
such that:

v# =

'
()

(*

(v!

a
c
!

a

"1+v
!

b
c
!

b

"1)
(c!

a
"1+c

!

b
"1) if dM < 3.841

v#
a elseif e!3 v

#
a < e!3 v

#
b

v#
b else

(12)

where 3.841 corresponds to 5% of error tolerance.
The intensities of the virtual image I# are also obtained by

blending the reference key-frames. The weighting function
proposed in [8] is used if the dependence test of (12)
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Figure 3: High level HDR tracking and mapping pipeline. A live RGB-D frame is registered to a 3D HDR map by estimating the pose and shutter
values. The incoming LDR images are then fused with the HDR map to improve the dynamic range. A HDR environment map is available as
output for rendering purposes. On the right, a graph of key-frames is displayed in the image, with the edges of the graph in violet.

Assuming brightness consistency and that both I and I! have the
same exposure, the 6 dof unknown x can be estimated by minimis-
ing the following non-linear intensity error:

e(x)ldr =
!

I
"

w(#TT(x),V!)
$
" I!(P!)

%
, (4)

where the warping function w(#TT(x),V!) warps the vertices V!,
associated with the back-projected pixels P! from equation (1),

with the transformation #TT(x) onto the normalised image plane:

pw = K!!!&Tv!. (5)

The matrix !!! = [I3#3,0] $ R3#4 projects 4 vectors onto 3 space.
An overline will be used to indicate homogeneous coordinates nor-
malised wrt. the last component. One difference with respect to
classic approaches is that each LDR image is normalised in a range
[0,1] instead of [0,255] for an 8 bit image.

2.4 High dynamic range registration

Now consider that the 3D key-frame model contains high dy-
namic range images, hence the reference image intensities are not
clamped: I!hdr $ [0,"]. The scene irradiance E, which is indepen-
dent of the camera transformations, is related to its corresponding
pixel intensities I by the following camera response function:

I = cr(E#t) (6)

where the inner term corresponds to the light-exposure E#t in units
Jm2, received by the sensor during the exposure time, #t. As
in [8] we use the term irradiance, however, the quantity is actually
weighted by the spectral response at the sensor site.

In this work it is assumed that the exposure setting #t of the cam-
era is unknown. If the electronic shutter or exposure time is varied
(automatically or manually) over time between different captured
images then it is still possible to estimate the relative exposure time

$ = #t1
#t2

between two subsequent frames. If an exact exposure time

is available then it is possible to recover the irradiance.
For real-time performance it is assumed here that the camera re-

sponse function (CRF) is simple non-linear function:

&I = (E#t)% (7)

where % is the gamma correction factor which can be chosen man-
ually or is usually provided by the constructor. For the remainder
of the paper it will be assumed that the gamma correction has been

removed from the sensor images such that I =&I
1
% .

The classic LR intensity error can then be re-formulated as:

e(x)hdr =
!

I
"

w(#TT(x),V!)
$
" (#$ +$)I!hdr(P

!)
%
, (8)

where #$ +$ is the unknown shutter estimate that linearly maps an
HDR intensity to an LDR intensity. #$ is the initial value (initialised
from the last estimate) and $ is the increment (initially $ = 1).
Note that in the formulation of this objective function, the error is
bounded by the LDR image space (even if the values remain float-
ing point and thus HDR). This choice is somewhat arbitrary (the
error could have been minimised in HDR space) but it allows in
practice to maintain a known bound on the error I % [0,255]. In
practice a depth error can also simultaneously minimised with the
intensity (see [25]) but for clarity this will not be detailed here. In
particular, choosing a bounded error function allows to avoid tuning
the weighting between intensity and depth components.

The unknowns x and $ are estimated using a standard re-
weighted Gauss-Newton approach:

'
x $

(
="(JT WJ)"1JT Wehdr, (9)

where W is a diagonal weighting matrix of dimensions nm#nm ob-
tained by robust M-estimator based on Huber’s influence function
which rejects un-modelled data such as moving object occlusions
and local illumination changes. The nm# 7 Jacobian matrix J is
computed using an efficient second order approach as in [35]

J =
1

2

'
Jesm Iw + I!hdr

(
(10)

where Jesm $ nm#6 is the Jacobian of x computed as in [3]. Iw +
I!hdr $ nm# 1 is the Jacobian matrix of $ and Iw is the warped
image of equation (8).

The homogeneous pose estimate #T and the linear gain #$ are fi-
nally updated incrementally using the following updates:

)
#T& #TT(x)
#$ & #$ +$

(11)

and the minimisation is iterated until x and $ are sufficiently small.

2.5 3D High dynamic range mapping

Once the current camera pose and shutter increments have been
estimated with respect to the HDR space, the goal is to update the
3D model with new HDR measurements. The current image can be
converted to the common HDR space using the estimated gain $ :

Ihdr =
I

$
. (12)

Similarly to the super-resolution fusion approach in [25], the cur-
rent frame in HDR space I hdr = {Ihdr,V} is fused into a 3D model
represented as a graph of key-frames (see Figure 4). In this pro-
cess, the current image is warped onto the M closest key-frames in
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Figure 3: High level HDR tracking and mapping pipeline. A live RGB-D frame is registered to a 3D HDR map by estimating the pose and shutter
values. The incoming LDR images are then fused with the HDR map to improve the dynamic range. A HDR environment map is available as
output for rendering purposes. On the right, a graph of key-frames is displayed in the image, with the edges of the graph in violet.

Assuming brightness consistency and that both I and I! have the
same exposure, the 6 dof unknown x can be estimated by minimis-
ing the following non-linear intensity error:

e(x)ldr =
!

I
"

w(#TT(x),V!)
$
" I!(P!)

%
, (4)

where the warping function w(#TT(x),V!) warps the vertices V!,
associated with the back-projected pixels P! from equation (1),

with the transformation #TT(x) onto the normalised image plane:

pw = K!!!&Tv!. (5)

The matrix !!! = [I3#3,0] $ R3#4 projects 4 vectors onto 3 space.
An overline will be used to indicate homogeneous coordinates nor-
malised wrt. the last component. One difference with respect to
classic approaches is that each LDR image is normalised in a range
[0,1] instead of [0,255] for an 8 bit image.

2.4 High dynamic range registration

Now consider that the 3D key-frame model contains high dy-
namic range images, hence the reference image intensities are not
clamped: I!hdr $ [0,"]. The scene irradiance E, which is indepen-
dent of the camera transformations, is related to its corresponding
pixel intensities I by the following camera response function:

I = cr(E#t) (6)

where the inner term corresponds to the light-exposure E#t in units
Jm2, received by the sensor during the exposure time, #t. As
in [8] we use the term irradiance, however, the quantity is actually
weighted by the spectral response at the sensor site.

In this work it is assumed that the exposure setting #t of the cam-
era is unknown. If the electronic shutter or exposure time is varied
(automatically or manually) over time between different captured
images then it is still possible to estimate the relative exposure time

$ = #t1
#t2

between two subsequent frames. If an exact exposure time

is available then it is possible to recover the irradiance.
For real-time performance it is assumed here that the camera re-

sponse function (CRF) is simple non-linear function:

&I = (E#t)% (7)

where % is the gamma correction factor which can be chosen man-
ually or is usually provided by the constructor. For the remainder
of the paper it will be assumed that the gamma correction has been

removed from the sensor images such that I =&I
1
% .

The classic LR intensity error can then be re-formulated as:

e(x)hdr =
!

I
"

w(#TT(x),V!)
$
" (#$ +$)I!hdr(P

!)
%
, (8)

where #$ +$ is the unknown shutter estimate that linearly maps an
HDR intensity to an LDR intensity. #$ is the initial value (initialised
from the last estimate) and $ is the increment (initially $ = 1).
Note that in the formulation of this objective function, the error is
bounded by the LDR image space (even if the values remain float-
ing point and thus HDR). This choice is somewhat arbitrary (the
error could have been minimised in HDR space) but it allows in
practice to maintain a known bound on the error I % [0,255]. In
practice a depth error can also simultaneously minimised with the
intensity (see [25]) but for clarity this will not be detailed here. In
particular, choosing a bounded error function allows to avoid tuning
the weighting between intensity and depth components.

The unknowns x and $ are estimated using a standard re-
weighted Gauss-Newton approach:

'
x $

(
="(JT WJ)"1JT Wehdr, (9)

where W is a diagonal weighting matrix of dimensions nm#nm ob-
tained by robust M-estimator based on Huber’s influence function
which rejects un-modelled data such as moving object occlusions
and local illumination changes. The nm# 7 Jacobian matrix J is
computed using an efficient second order approach as in [35]

J =
1

2

'
Jesm Iw + I!hdr

(
(10)

where Jesm $ nm#6 is the Jacobian of x computed as in [3]. Iw +
I!hdr $ nm# 1 is the Jacobian matrix of $ and Iw is the warped
image of equation (8).

The homogeneous pose estimate #T and the linear gain #$ are fi-
nally updated incrementally using the following updates:

)
#T& #TT(x)
#$ & #$ +$

(11)

and the minimisation is iterated until x and $ are sufficiently small.

2.5 3D High dynamic range mapping

Once the current camera pose and shutter increments have been
estimated with respect to the HDR space, the goal is to update the
3D model with new HDR measurements. The current image can be
converted to the common HDR space using the estimated gain $ :

Ihdr =
I

$
. (12)

Similarly to the super-resolution fusion approach in [25], the cur-
rent frame in HDR space I hdr = {Ihdr,V} is fused into a 3D model
represented as a graph of key-frames (see Figure 4). In this pro-
cess, the current image is warped onto the M closest key-frames in
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Figure 3: High level HDR tracking and mapping pipeline. A live RGB-D frame is registered to a 3D HDR map by estimating the pose and shutter
values. The incoming LDR images are then fused with the HDR map to improve the dynamic range. A HDR environment map is available as
output for rendering purposes. On the right, a graph of key-frames is displayed in the image, with the edges of the graph in violet.

Assuming brightness consistency and that both I and I! have the
same exposure, the 6 dof unknown x can be estimated by minimis-
ing the following non-linear intensity error:

e(x)ldr =
!

I
"

w(#TT(x),V!)
$
" I!(P!)

%
, (4)

where the warping function w(#TT(x),V!) warps the vertices V!,
associated with the back-projected pixels P! from equation (1),

with the transformation #TT(x) onto the normalised image plane:

pw = K!!!&Tv!. (5)

The matrix !!! = [I3#3,0] $ R3#4 projects 4 vectors onto 3 space.
An overline will be used to indicate homogeneous coordinates nor-
malised wrt. the last component. One difference with respect to
classic approaches is that each LDR image is normalised in a range
[0,1] instead of [0,255] for an 8 bit image.

2.4 High dynamic range registration

Now consider that the 3D key-frame model contains high dy-
namic range images, hence the reference image intensities are not
clamped: I!hdr $ [0,"]. The scene irradiance E, which is indepen-
dent of the camera transformations, is related to its corresponding
pixel intensities I by the following camera response function:

I = cr(E#t) (6)

where the inner term corresponds to the light-exposure E#t in units
Jm2, received by the sensor during the exposure time, #t. As
in [8] we use the term irradiance, however, the quantity is actually
weighted by the spectral response at the sensor site.

In this work it is assumed that the exposure setting #t of the cam-
era is unknown. If the electronic shutter or exposure time is varied
(automatically or manually) over time between different captured
images then it is still possible to estimate the relative exposure time

$ = #t1
#t2

between two subsequent frames. If an exact exposure time

is available then it is possible to recover the irradiance.
For real-time performance it is assumed here that the camera re-

sponse function (CRF) is simple non-linear function:

&I = (E#t)% (7)

where % is the gamma correction factor which can be chosen man-
ually or is usually provided by the constructor. For the remainder
of the paper it will be assumed that the gamma correction has been

removed from the sensor images such that I =&I
1
% .

The classic LR intensity error can then be re-formulated as:

e(x)hdr =
!

I
"

w(#TT(x),V!)
$
" (#$ +$)I!hdr(P

!)
%
, (8)

where #$ +$ is the unknown shutter estimate that linearly maps an
HDR intensity to an LDR intensity. #$ is the initial value (initialised
from the last estimate) and $ is the increment (initially $ = 1).
Note that in the formulation of this objective function, the error is
bounded by the LDR image space (even if the values remain float-
ing point and thus HDR). This choice is somewhat arbitrary (the
error could have been minimised in HDR space) but it allows in
practice to maintain a known bound on the error I % [0,255]. In
practice a depth error can also simultaneously minimised with the
intensity (see [25]) but for clarity this will not be detailed here. In
particular, choosing a bounded error function allows to avoid tuning
the weighting between intensity and depth components.

The unknowns x and $ are estimated using a standard re-
weighted Gauss-Newton approach:

'
x $

(
="(JT WJ)"1JT Wehdr, (9)

where W is a diagonal weighting matrix of dimensions nm#nm ob-
tained by robust M-estimator based on Huber’s influence function
which rejects un-modelled data such as moving object occlusions
and local illumination changes. The nm# 7 Jacobian matrix J is
computed using an efficient second order approach as in [35]

J =
1

2

'
Jesm Iw + I!hdr

(
(10)

where Jesm $ nm#6 is the Jacobian of x computed as in [3]. Iw +
I!hdr $ nm# 1 is the Jacobian matrix of $ and Iw is the warped
image of equation (8).

The homogeneous pose estimate #T and the linear gain #$ are fi-
nally updated incrementally using the following updates:

)
#T& #TT(x)
#$ & #$ +$

(11)

and the minimisation is iterated until x and $ are sufficiently small.

2.5 3D High dynamic range mapping

Once the current camera pose and shutter increments have been
estimated with respect to the HDR space, the goal is to update the
3D model with new HDR measurements. The current image can be
converted to the common HDR space using the estimated gain $ :

Ihdr =
I

$
. (12)

Similarly to the super-resolution fusion approach in [25], the cur-
rent frame in HDR space I hdr = {Ihdr,V} is fused into a 3D model
represented as a graph of key-frames (see Figure 4). In this pro-
cess, the current image is warped onto the M closest key-frames in
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Figure 3: High level HDR tracking and mapping pipeline. A live RGB-D frame is registered to a 3D HDR map by estimating the pose and shutter
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Assuming brightness consistency and that both I and I! have the
same exposure, the 6 dof unknown x can be estimated by minimis-
ing the following non-linear intensity error:

e(x)ldr =
!

I
"

w(#TT(x),V!)
$
" I!(P!)

%
, (4)

where the warping function w(#TT(x),V!) warps the vertices V!,
associated with the back-projected pixels P! from equation (1),

with the transformation #TT(x) onto the normalised image plane:

pw = K!!!&Tv!. (5)

The matrix !!! = [I3#3,0] $ R3#4 projects 4 vectors onto 3 space.
An overline will be used to indicate homogeneous coordinates nor-
malised wrt. the last component. One difference with respect to
classic approaches is that each LDR image is normalised in a range
[0,1] instead of [0,255] for an 8 bit image.

2.4 High dynamic range registration

Now consider that the 3D key-frame model contains high dy-
namic range images, hence the reference image intensities are not
clamped: I!hdr $ [0,"]. The scene irradiance E, which is indepen-
dent of the camera transformations, is related to its corresponding
pixel intensities I by the following camera response function:

I = cr(E#t) (6)

where the inner term corresponds to the light-exposure E#t in units
Jm2, received by the sensor during the exposure time, #t. As
in [8] we use the term irradiance, however, the quantity is actually
weighted by the spectral response at the sensor site.

In this work it is assumed that the exposure setting #t of the cam-
era is unknown. If the electronic shutter or exposure time is varied
(automatically or manually) over time between different captured
images then it is still possible to estimate the relative exposure time

$ = #t1
#t2

between two subsequent frames. If an exact exposure time

is available then it is possible to recover the irradiance.
For real-time performance it is assumed here that the camera re-

sponse function (CRF) is simple non-linear function:

&I = (E#t)% (7)

where % is the gamma correction factor which can be chosen man-
ually or is usually provided by the constructor. For the remainder
of the paper it will be assumed that the gamma correction has been

removed from the sensor images such that I =&I
1
% .

The classic LR intensity error can then be re-formulated as:
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where #$ +$ is the unknown shutter estimate that linearly maps an
HDR intensity to an LDR intensity. #$ is the initial value (initialised
from the last estimate) and $ is the increment (initially $ = 1).
Note that in the formulation of this objective function, the error is
bounded by the LDR image space (even if the values remain float-
ing point and thus HDR). This choice is somewhat arbitrary (the
error could have been minimised in HDR space) but it allows in
practice to maintain a known bound on the error I % [0,255]. In
practice a depth error can also simultaneously minimised with the
intensity (see [25]) but for clarity this will not be detailed here. In
particular, choosing a bounded error function allows to avoid tuning
the weighting between intensity and depth components.

The unknowns x and $ are estimated using a standard re-
weighted Gauss-Newton approach:

'
x $

(
="(JT WJ)"1JT Wehdr, (9)

where W is a diagonal weighting matrix of dimensions nm#nm ob-
tained by robust M-estimator based on Huber’s influence function
which rejects un-modelled data such as moving object occlusions
and local illumination changes. The nm# 7 Jacobian matrix J is
computed using an efficient second order approach as in [35]

J =
1

2

'
Jesm Iw + I!hdr

(
(10)

where Jesm $ nm#6 is the Jacobian of x computed as in [3]. Iw +
I!hdr $ nm# 1 is the Jacobian matrix of $ and Iw is the warped
image of equation (8).

The homogeneous pose estimate #T and the linear gain #$ are fi-
nally updated incrementally using the following updates:

)
#T& #TT(x)
#$ & #$ +$

(11)

and the minimisation is iterated until x and $ are sufficiently small.

2.5 3D High dynamic range mapping

Once the current camera pose and shutter increments have been
estimated with respect to the HDR space, the goal is to update the
3D model with new HDR measurements. The current image can be
converted to the common HDR space using the estimated gain $ :

Ihdr =
I

$
. (12)

Similarly to the super-resolution fusion approach in [25], the cur-
rent frame in HDR space I hdr = {Ihdr,V} is fused into a 3D model
represented as a graph of key-frames (see Figure 4). In this pro-
cess, the current image is warped onto the M closest key-frames in
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where the warping function w(#TT(x),V!) warps the vertices V!,
associated with the back-projected pixels P! from equation (1),

with the transformation #TT(x) onto the normalised image plane:

pw = K!!!&Tv!. (5)

The matrix !!! = [I3#3,0] $ R3#4 projects 4 vectors onto 3 space.
An overline will be used to indicate homogeneous coordinates nor-
malised wrt. the last component. One difference with respect to
classic approaches is that each LDR image is normalised in a range
[0,1] instead of [0,255] for an 8 bit image.

2.4 High dynamic range registration

Now consider that the 3D key-frame model contains high dy-
namic range images, hence the reference image intensities are not
clamped: I!hdr $ [0,"]. The scene irradiance E, which is indepen-
dent of the camera transformations, is related to its corresponding
pixel intensities I by the following camera response function:

I = cr(E#t) (6)

where the inner term corresponds to the light-exposure E#t in units
Jm2, received by the sensor during the exposure time, #t. As
in [8] we use the term irradiance, however, the quantity is actually
weighted by the spectral response at the sensor site.

In this work it is assumed that the exposure setting #t of the cam-
era is unknown. If the electronic shutter or exposure time is varied
(automatically or manually) over time between different captured
images then it is still possible to estimate the relative exposure time

$ = #t1
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between two subsequent frames. If an exact exposure time

is available then it is possible to recover the irradiance.
For real-time performance it is assumed here that the camera re-

sponse function (CRF) is simple non-linear function:

&I = (E#t)% (7)

where % is the gamma correction factor which can be chosen man-
ually or is usually provided by the constructor. For the remainder
of the paper it will be assumed that the gamma correction has been
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where #$ +$ is the unknown shutter estimate that linearly maps an
HDR intensity to an LDR intensity. #$ is the initial value (initialised
from the last estimate) and $ is the increment (initially $ = 1).
Note that in the formulation of this objective function, the error is
bounded by the LDR image space (even if the values remain float-
ing point and thus HDR). This choice is somewhat arbitrary (the
error could have been minimised in HDR space) but it allows in
practice to maintain a known bound on the error I % [0,255]. In
practice a depth error can also simultaneously minimised with the
intensity (see [25]) but for clarity this will not be detailed here. In
particular, choosing a bounded error function allows to avoid tuning
the weighting between intensity and depth components.

The unknowns x and $ are estimated using a standard re-
weighted Gauss-Newton approach:
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where W is a diagonal weighting matrix of dimensions nm#nm ob-
tained by robust M-estimator based on Huber’s influence function
which rejects un-modelled data such as moving object occlusions
and local illumination changes. The nm# 7 Jacobian matrix J is
computed using an efficient second order approach as in [35]
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where Jesm $ nm#6 is the Jacobian of x computed as in [3]. Iw +
I!hdr $ nm# 1 is the Jacobian matrix of $ and Iw is the warped
image of equation (8).

The homogeneous pose estimate #T and the linear gain #$ are fi-
nally updated incrementally using the following updates:
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#T& #TT(x)
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and the minimisation is iterated until x and $ are sufficiently small.

2.5 3D High dynamic range mapping

Once the current camera pose and shutter increments have been
estimated with respect to the HDR space, the goal is to update the
3D model with new HDR measurements. The current image can be
converted to the common HDR space using the estimated gain $ :

Ihdr =
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. (12)

Similarly to the super-resolution fusion approach in [25], the cur-
rent frame in HDR space I hdr = {Ihdr,V} is fused into a 3D model
represented as a graph of key-frames (see Figure 4). In this pro-
cess, the current image is warped onto the M closest key-frames in
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ing the following non-linear intensity error:

e(x)ldr =
!

I
"

w(#TT(x),V!)
$
" I!(P!)

%
, (4)

where the warping function w(#TT(x),V!) warps the vertices V!,
associated with the back-projected pixels P! from equation (1),

with the transformation #TT(x) onto the normalised image plane:

pw = K!!!&Tv!. (5)

The matrix !!! = [I3#3,0] $ R3#4 projects 4 vectors onto 3 space.
An overline will be used to indicate homogeneous coordinates nor-
malised wrt. the last component. One difference with respect to
classic approaches is that each LDR image is normalised in a range
[0,1] instead of [0,255] for an 8 bit image.

2.4 High dynamic range registration

Now consider that the 3D key-frame model contains high dy-
namic range images, hence the reference image intensities are not
clamped: I!hdr $ [0,"]. The scene irradiance E, which is indepen-
dent of the camera transformations, is related to its corresponding
pixel intensities I by the following camera response function:

I = cr(E#t) (6)

where the inner term corresponds to the light-exposure E#t in units
Jm2, received by the sensor during the exposure time, #t. As
in [8] we use the term irradiance, however, the quantity is actually
weighted by the spectral response at the sensor site.

In this work it is assumed that the exposure setting #t of the cam-
era is unknown. If the electronic shutter or exposure time is varied
(automatically or manually) over time between different captured
images then it is still possible to estimate the relative exposure time

$ = #t1
#t2

between two subsequent frames. If an exact exposure time

is available then it is possible to recover the irradiance.
For real-time performance it is assumed here that the camera re-

sponse function (CRF) is simple non-linear function:

&I = (E#t)% (7)

where % is the gamma correction factor which can be chosen man-
ually or is usually provided by the constructor. For the remainder
of the paper it will be assumed that the gamma correction has been

removed from the sensor images such that I =&I
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The classic LR intensity error can then be re-formulated as:
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where #$ +$ is the unknown shutter estimate that linearly maps an
HDR intensity to an LDR intensity. #$ is the initial value (initialised
from the last estimate) and $ is the increment (initially $ = 1).
Note that in the formulation of this objective function, the error is
bounded by the LDR image space (even if the values remain float-
ing point and thus HDR). This choice is somewhat arbitrary (the
error could have been minimised in HDR space) but it allows in
practice to maintain a known bound on the error I % [0,255]. In
practice a depth error can also simultaneously minimised with the
intensity (see [25]) but for clarity this will not be detailed here. In
particular, choosing a bounded error function allows to avoid tuning
the weighting between intensity and depth components.

The unknowns x and $ are estimated using a standard re-
weighted Gauss-Newton approach:
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where W is a diagonal weighting matrix of dimensions nm#nm ob-
tained by robust M-estimator based on Huber’s influence function
which rejects un-modelled data such as moving object occlusions
and local illumination changes. The nm# 7 Jacobian matrix J is
computed using an efficient second order approach as in [35]
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where Jesm $ nm#6 is the Jacobian of x computed as in [3]. Iw +
I!hdr $ nm# 1 is the Jacobian matrix of $ and Iw is the warped
image of equation (8).

The homogeneous pose estimate #T and the linear gain #$ are fi-
nally updated incrementally using the following updates:
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and the minimisation is iterated until x and $ are sufficiently small.

2.5 3D High dynamic range mapping

Once the current camera pose and shutter increments have been
estimated with respect to the HDR space, the goal is to update the
3D model with new HDR measurements. The current image can be
converted to the common HDR space using the estimated gain $ :
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. (12)

Similarly to the super-resolution fusion approach in [25], the cur-
rent frame in HDR space I hdr = {Ihdr,V} is fused into a 3D model
represented as a graph of key-frames (see Figure 4). In this pro-
cess, the current image is warped onto the M closest key-frames in
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Figure 4: HDR fusion: From left to right same scene observed with increasing shutter values. The last image on the right is obtained using the
HDR blending of equation (13) and is displayed using the tone-mapping of [23].

the graph using the estimated pose and the transformed intensities
from (12). Integration of the intensities is then performed using an
incremental weighted average of each pixel p.

Each key-frame image I!hdr and its cumulative weights C!hdr are
updated incrementally between time t"1 and time t as:

C!hdr(p, t)# C!hdr(p, t"1)+ f (Iw(p, t))

I!hdr(p, t)#
f (Iw(p, t))Iw

hdr(p, t)+C!hdr(p, t"1)I!hdr(p, t"1)
C!hdr(p, t)

(13)
where Iw and Iw

hdr are respectively the current LDR and HDR im-
ages warped onto the reference key-frame. f (I(p)) is the weighting
function of [8] which is used to compute a weight from the original
LDR measurements I(p), defined as

f (I(p)) =

!
I(p) if I(p)$ 0.5

1" I(p) if I(p)> 0.5
(14)

This blending function is a simple hat function that gives a lower
weight when an intensity value is close to the sensor saturation
bounds of [0,1] and favours intensities in images that are closer
to the center of the dynamic range of that image. This allows to
continually integrate new information into the key-frame images of
the graph by weighting higher dynamic ranges better.

Figure 4 illustrates the HDR fusion process of a single reference
image. The first 4 images are captured with increasing shutter val-
ues. It can be seen that, depending on the shutter time, each individ-
ual image is not able to capture the full intensity range of the scene
because several regions are either under- or over-exposed. The last
image is the HDR reconstruction obtained with equation (13). For
display purposes it has been converted to LDR space with non-
linear tone mapping [23]. It can be seen that the HDR reconstruc-
tion allows to represent the full scene range without saturations.

In order to map large environments, the amount of occluded pix-
els between the current frame and the predicted 3D model frame
are computed and monitored. This allows to detect unvisited areas
and extend the 3D environment-map with new HDR key-frames
(see [24] for more detail).

3 AUGMENTED REALITY

The main underlying objective of this work is to perform photo-
realistic augmented reality in such a way that the virtual objects are
indistinguishable from the real scene. Most state-of-the-art works
in augmented reality focus on positioning and orientating the vir-
tual object(s) w.r.t the viewer producing promising results, however,
photo-realistic rendering is rarely considered in live AR. Indeed vi-
sual cues are present for real objects at many levels, ranging from
environment reflections to shadows and this needs to be integrated
into the rendering of virtual objects for high realism.

In this paper the augmented reality pipeline is divided in two
steps. The first step, illustrated in Figure 5 consists in reconstruct-
ing reflection maps at arbitrary locations and detecting the light po-
sitions. Assuming a static environment, it only necessary to per-
form this once when the 3D model is reconstructed. The second

step, illustrated in Figure 6, is performed for each live image and
consists in augmenting the live images with virtual objects contain-
ing HDR environment reflections and shadows.

3.1 Virtual light-field synthesis

As shown on Figure 5, the input to the virtual light-field pipeline is
the graph of HDR key-frames and the virtual objects positions. The
output is a set of HDR reflection maps (one for each object) and a
set of light positions with their pre-computed depth-maps. The fol-
lowing sections will describe each step of the light-field synthesis.

3.1.1 Generating reflection maps

When a sufficiently complete 3D model of the environment is
reconstructed, classic 2D HDR reflection-maps can be generated
within the scene at arbitrary 3D locations. For a desired rendering
location (typically specified by the user-application in the current
image), each reflection-map is obtained by rasterising and blending
the entire graph of HDR key-frames onto the six faces of a cube-
map positioned at the selected 3D location. The blending func-
tion of equation (13) is used to obtain un-saturated measurements
in HDR space. To take into account reflections between virtual ob-
jects, the reflection maps are generated recursively for each object.
Additionally the scene depth is stored in a second cube-map in or-
der to detect lights positions as described in Section 3.1.2 and also
to allow shadow casting on the reflection maps.

3.1.2 Detecting light sources

The aim here is to detect light sources for casting shadows onto
the dense scene map. Two approaches have been implemented, the
K-means method [2] and the Median Cut approach. To simplify
computation, the light sources are only detected in a single gener-
ated reflection map (corresponding to a single virtual object).

For the K-means method, each sample is considered as being
composed of three values: the position of the pixel in the image
(u,v) and the intensity of the pixel I(u,v). First the images are
filtered for high intensity pixels (above a given threshold). Then
n clusters corresponding to n light sources are estimated using K-
means. Finally the light source position is given as the centre of
each cluster and its direction is chosen to point toward the centre of
the HDR map (which is the centre of the virtual object).

The K-means method aims to minimise the sum of squared dis-
tances between all points and the cluster centre:

1. Choose K initial cluster centres.
2. Assign each image observation to the cluster whose mean is

closest to it.
3. Estimate the new centres of the new clusters.
4. Iterate steps two and three until the assignments no longer

change.

The Median Cut algorithm is computed as follows:
1. The image is divided by a line l (along the longest dimension)

into 2 sub-images I1 and I2.
2. The splitting line is moved until the optimal line position is

found : argmin{l}(!I1"!I2).
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Figure 5: Virtual light-field composition pipeline. The 3D HDR model is used to create virtual light probes, detect light sources and to perform
pre-computations for real-time shadow mapping. This provides necessary scene information for photo-realistic AR.

3. Recurse to step one with each of the 2 new sub-images until
the initially fixed number of regions is reached.

4. Estimate the position of the light (which is the barycentre) in
the sub-images.

The Median Cut is accelerated using Integral Images [40].

3.1.3 Shadow-maps pre-computation

Real-time shadow casting is performed using variance shadow
maps [9] which allow to generate smooth shadows with a minimal
computational cost. To efficiently compute light casting onto the
dense 3D surface, the lights’ depth-maps are pre-computed and pre-
filtered once (since a quasi-static background 3D environment-map
is considered). The 3D model (several key-frame’s depth maps) is
rendered and blended at each light position and the corresponding
depth values and variances are stored in a floating point texture.
One of the major drawbacks of shadow maps is that their computa-
tional cost grows linearly with the number of lights, which restricts
the maximum number of lights for real-time constraints (! 10 lights
for the hardware described in Section 4).

3.2 Rendering

As shown on Figure 6, the rendering pipeline input is the current
RGB-D frame converted to HDR space and its 3D pose. The output
is an augmented image, containing virtual objects, HDR reflections
and shadows projected onto the real 3D scene. The pipeline can be
divided in several steps which are described in the following sec-
tion, whilst Figure 7 shows the intermediate results of the pipeline.

3.2.1 Reflection mapping

The generated reflection-maps (2D omni-directional environment-
maps) can be used to perform classic HDR reflection mapping [6]
of virtual objects positioned in the scene (at the same position as
the light-field maps). The objects are rendered in the scene using
classic rasterisation and a depth test is performed with the current
depth-map in order to handle occlusions. The standard reflection
model is computed in the fragment shader (screen space), for each
given incident vector v and surface normal n. This model returns

the reflection direction calculated as v" 2n#vn. The reflected di-
rection allows to perform efficient texture look-up in the reflection-
map associated to the virtual object.

3.2.2 Real-time shadow casting

Real-time shadow casting is achieved using the pre-computed light
depth-maps, and the current frame depth-map. Each vertex of the
current frame is projected onto each light depth-map, in order to
perform a depth comparison which indicates if the pixel is shad-
owed or illuminated. To avoid aliasing and also to obtain more
realistic shadows, we use variance shadow maps. Instead of storing

a single depth value in the shadow map, an overlapping Gaussian
distribution (mean and variance) is maintained for each pixel. This
allows to weight the shadow value with the variance of the shadow
map, which creates smooth shadows edges (see Figure 7(c)). The
interested reader can refer to [9] for additional details.

3.2.3 Forward CRF

Since the inputs of the rendering pipeline are in HDR space (im-
age and HDR reflections), it is necessary to convert the output aug-
mented image into LDR space for on-screen display. Whilst any
kind of tone-mapping could be performed, it is proposed here to
simply apply the estimated ! from equation (8) followed by the de-
sired gamma correction, which corresponds to transforming back
the image to its original colour space.

3.2.4 Glow mapping and display

For additional realism a glow-map is also used to blur the saturated
reflections in the final image which simulates lens blooming. This
is achieved by first down-sampling the augmented image, then ex-
tracting the pixels with an intensity value above a saturation thresh-
old (e.g $ 1.0) and finally blurring the segmented image with a
Gaussian filter. The final glow-map is then blended with the cur-
rent image using an additive blending function and the result is dis-
played on screen. Figure 7(e) shows the glow-map obtained from
the image of Figure 7(d). It can be seen that only saturated pixels
(i.e the lights) are extracted and blurred.

4 RESULTS

The entire 3D HDR tracking and mapping pipeline along with aug-
mented reality rendering is implemented on the GPU using the
OpenCL library with OpenGL interoperability and GLSL shaders.
The entire algorithm runs robustly and accurately at frame-rate
(30Hz) on a standard desktop PC running Ubuntu 12.10 with an
Intel Core i7 2700k and a 2GB nVidia GeForce GTX670.

The approach has been successfully tested on various environ-
ments with an Asus Xtion RGB-D sensor in automatic shutter
mode. According to the constructor, the RGB image delivered by
the sensor is by default non-linearly corrected with a gamma correc-
tion of 2.2. In order to avoid non-linear intensity changes induced
by shutter variations, the gamma correction is removed from the
images before processing and re-applied before display as in (7).

Figure 8 shows the resulting HDR reflection-maps acquired after
performing dense mapping of an entire room in real-time using an
image-based key-frame 3D model. The automatic shutter of the
camera varies naturally as the camera scans the dark and lighter
parts of the scene allowing to capture the full dynamic range of
the office. The LDR images with different shutter settings have
been incrementally warped and fused into the same map in a dense
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Pipeline:

raw input data per-view fusion rigid alignment  non-rigid alignment output reconstruction textured reconstruction 3D print

Figure 3: Our reconstruction pipeline takes as input around 150 frames of raw depth maps and textures for each of eight captured views
(Sec. 3.1). It fuses and segments these frames to yield per-view fused surfaces (Sec. 3.2). These per-view surfaces are first registered using
rigid alignment (Sec. 3.3) and then refined with non-rigid alignment in a global optimization (Sec. 3.4). The aligned surfaces are merged into
a final watertight surface (Sec. 3.5) with consistent texture (Sec. 3.6) which is suitable for 3D printing.

users’ poses can happen between the scans even with the best effort
to keep the same pose; and second, non-uniform and uncontrolled
lighting in the homes of typical users can cause significant appear-
ance changes during rotation as captured by the sensor.

To address the first problem of pose change, we propose a multi-
view non-rigid registration based on work by Li et al [2009] to ro-
bustly align all the scans and merge them into a globally consistent
surface using Poisson surface reconstruction [Kazhdan et al. 2006].
To ensure that the final reconstructed models have consistent illu-
minated texture, we leverage the ideas of Barron et al [2012; 2013]
and recover the underlying albedo for each scan. Poisson texture
blending [Chuang et al. 2009] then adds smooth transitions between
these albedo maps across scans.

Our system is the first autonomous capture system for 3D self-
portraits with a lightweight acquisition setup (only one 3D sensor,
in contrast to multi-view stereo methods [Seitz et al. 2006]) and
great flexibility in the kinds of user poses and personalized gar-
ments and accessories that can be captured (see Figure 1 for ex-
amples). Although many exisiting methods based on human body
shape or structure priors [Anguelov et al. 2005; Hasler et al. 2009;
Weiss et al. 2011; Cui et al. 2012] work well for subjects stand-
ing in controlled poses and wearing unobtrusive clothing, they are
not designed to handle more interesting poses with all varieties of
personalized garments where these assumptions break down. Sim-
ilarly, skeleton tracking [Shotton et al. 2011; Wei et al. 2012] is
difficult for poses involving significant limb occlusions in partial
body scans. Our system takes a purely geometric shape-based ap-
proach to body capture that makes minimal prior assumptions about
the subject’s shape and pose to ensure maximal flexibility.

User Experience. The user begins the scanning process by press-
ing the “start capture” button on her computer, then prepares the
desired pose about one meter away from the depth sensor. A sound
signals the beginning of the acquisition process and warns the user
to stand as still as possible for about four seconds until the sensor
has made a full scan of the subject from the current view. A second
sound notifies the user that capture of the current view is complete,
and the user is given five seconds to turn roughly 45 degrees clock-
wise and roughly reproduce the original pose. This process repeats
about eight times, until a 360-degree capture of the subject is com-
plete. This online portion of our algorithm, illustrated in Figure 1,
takes about two minutes total. It is followed by about 12 minutes
of offline processing requiring no user intervention. The details of
both portions are described in the next section.

2 Related Work

We review the relevant recent advances in 3D shape reconstruction
from captured depth and point cloud data.

Static Objects. To obtain the complete geometry of a static ob-
ject, rigid reconstruction techniques assemble multiple partial 3D
scans by matching their overlapping regions. When pairs of scans
are very close to each other, alignment techniques based on the
iterative closest point algorithm (ICP) [Rusinkiewicz and Levoy
2001] are generally preferred due to their efficiency and reliability.
Real-time 3D reconstruction methods from continuous streams of
depth maps [Rusinkiewicz et al. 2002; Newcombe et al. 2011] are
all based on ICP since consecutive scans are temporally coherent.
However, even when the registration between pairs of scans con-
verges, it is likely that tiny errors are introduced due to noise and
incompleteness of the acquisition data. The accumulation of errors
leads to the well-known “loop closure” problem which has been ad-
dressed by the multi-view registration framework of Pulli [1999].
A method for handling the loop closure problem in a real-time
3D scanning setting has been developed by Weise and cowork-
ers [2011]. While both approaches aim at diffusing the registration
error across all recorded 3D scans, they only align scans of static
objects. Using rigid registration techniques for human capture re-
quires that the subject stays perfectly still; this requirement is only
reasonable with the assistance of a turn-table or a second operator
(to sweep the sensor around the subject while the she stands still.)

Deformable Objects. For 3D digitization at home, we wish to
reconstruct an entire body by turning around a single static depth
sensor. To align scans of deformable subjects, pairwise non-rigid
registration techniques have been introduced to handle different
types of deformations such as quasi-articulated motions [Chang
and Zwicker 2008; Chang and Zwicker 2009], isometric deforma-
tions [Huang et al. 2008], and smooth rigidity-maximizing transfor-
mations [Li et al. 2008]. As in the rigid case, these techniques have
been extended to reconstruct deformable objects from a stream of
multiple input scans. Due to the potential complexity of the defor-
mations, these methods generally require good coverage, e.g. mul-
tiple sensors surrounding the subject [Sharf et al. 2008; Vlasic et al.
2009; Li et al. 2012; Tong et al. 2012]. While [Tong et al. 2012] re-
quires 3 depth sensors and a turntable, our pipeline only needs one
static sensor and can handle arbitrary poses and props, since we
do not involve human shape priors. Moreover, our non-rigid align-
ment is purely geometric and thus reliable for textureless subjects
while [Tong et al. 2012] relies on texture features for matching.

Monday, February 17, 14



3D Self portraits
li et. al, 2013

Aggregation & per-view fusion of data 

For ~8 views

The approach of Li and colleagues [2009] uses a crude approxi-
mation of the scanned object as a shape prior to obtain a more de-
tailed reconstruction. Several dynamic shape reconstruction tech-
niques [Mitra et al. 2007; Wand et al. 2009] do not require any
shape prior, but assume the motion of the subject to be very small
and smooth. Two techniques [Tevs et al. 2012; Bojsen-Hansen
et al. 2011] were recently introduced to handle topology changes
in the input data, but cannot avoid drift when longer sequences
are involved. Brown and Rusinkiewicz [2007] presented a global
multi-view registration technique to unwarp small-scale deforma-
tions introduced by calibration errors across multiple scans. The
global alignment method of Chang and Zwicker [2011] can cope
with larger deformations, but is designed to handle quasi-articulated
motions and is less suitable for aligning garments. Based on a sim-
ilar optimization framework, Cui and colleagues [2012] developed
a pipeline to reconstruct a full human body from a single Kinect
sensor. While the results are promising, their method is limited to
subjects that perform a T-pose and wear relatively tight clothing, so
that the articulation assumption remains valid.

3 Reconstruction Pipeline

Approach and Terminology Our method begins by scanning the
user from a few views (usually around 8) so as to cover the full body
(Sec. 3.1). The raw frames captured by the sensor are fused and seg-
mented to reduce acquisition noise and separate the subject from the
background (Sec: 3.2), resulting in one view scan per view. Since
the user needs to rotate and repose for each different view, deforma-
tions and inconsistencies are inevitable. We develop a systematic
approach to robustly align the separate view scans. We first perform
rigid alignment between the scans of adjacent views (Sec. 3.3). We
then refine the alignments with non-rigid optimization and find the
dense correspondences between the adjacent scans. The correspon-
dences are used to warp the scans in a global optimization (Sec. 3.4)
and the aligned scans are merged into a watertight surface using the
visual hull as the shape prior (Sec. 3.5). Finally we reconstruct a
globally consistent texture for the merged surface that transitions
smoothly across different views in spite of any illumination differ-
ences (Sec. 3.6). Figure 3 illustrates the steps of our system.

3.1 Scanning

The first step of our pipeline is to scan the user and collect geometry
and texture data. As described in the introduction, the user main-
tains the desired pose in front of the 3D sensor for a few seconds
while the sensor collects depth and texture frames. Then the user
rotates about 45 degrees and reproduces the same pose for another
scan from a new view. Our system scans the user about 8 to 9 times
(a full spin) for full-body reconstruction of the desired pose. In to-
tal, the scanning takes about two minutes to finish. The resulting
partial scans may contain deformations and inconsistencies, which
we address robustly in Sec. 3.3 and Sec. 3.4.

We use the Kinect sensor as our main 3D sensor for scanning since
it is affordable and widely available. However, it should be noted
that our system is not restricted to any particular scanning technol-
ogy and can work with all kinds of 3D sensors. The current gen-
eration of Kinect hardware requires a tradeoff between depth map
quality and field of view: adequately resolving the fine details of a
user’s clothing and body requires them standing close enough that
the entire body cannot be captured at once.

We therefore use the Kinect’s motorized tilt feature to extend the
effective scanning range while asking the user to stand relatively
close (ca. one meter) to the sensor to maintain scanning resolu-
tion. The scanning for each view begins with the Kinect maximally
elevated (27 degrees above horizontal), and during the capture we
sweep the Kinect downwards in a 54-degree arc. We expect that

per-view aggregation of raw frames per-view fusion

Figure 4: The captured incomplete raw depth maps (left). Fused
and segmented per-view surface and texture (right).

per-view fusion (a) (b) (c)

Figure 5: Geometric debris are filtered for each view (a). After
multiple views are aligned some fragments remain (b) and we ex-
tract the largest single connected mesh (c).

the future generations of the 3D sensors with greater resolution and
accuracy will obsolete this strategy and enable faster accurate scan-
ning. While it is best to avoid motion during this sweeping process,
we find that slight involuntary movements (e.g. breathing) do not
affect the quality of the result.

3.2 Fusion and Segmentation

During the scanning for each view, we gather roughly 150 frames
of raw depth maps and textures. Since the Kinect is in motion dur-
ing this capture, registration of the raw depth map is required to
aggregate a full per-view scan. For each frame, since we know an
approximate volume enclosing the user being scanned, we clip all
geometry outside of this volume as a simple initial segmentation of
the body from the background, and then register the new frame to
those previously captured using rigid ICP (correspondence search
radius is 25 mm, maximal iterations number is 15, and all vertices
are used for matching). We perform this registration in real time so
that we can give the user visual feedback of scan progress.

We use Poisson surface reconstruction [Kazhdan et al. 2006] to
merge all the registered depth maps into a single reconstructed view
surface S and obtain the per-view fusion mesh of Figure 5. We then
texture and clip S: we compute the median frame’s camera posi-
tion and orientation c, and rasterize all of the raw frames using this
camera. We average the resulting image and use it as the texture
of S. Moreover, we delete any parts of S that do not overlap any
of the raw frames, so that we do not introduce any spurious data
during Poisson reconstruction. By analysing the distribution of nor-
mals, we also detect large horizontal planar regions (the floor) and
remove them. As shown in Figure 4, this super-resolution recon-
struction process yields surfaces S with substantially greater detail
and less noise than the individual frames. We show quantitative
validation of this process in Figure 12.

Our initial segmentation removes some of the background, but we
still end up with a lot of outlier data in S, such as parts of the floor,
walls, and nearby objects. We therefore perform a second round
of segmentation to remove this misclassified debris: we know that
the user is rotating between each view, while the background is
not, so we remove, before the alignment, portions of S that remain
unchanged for more than 3 scans as shown for a single view in
Figure 5 (a) and all views in Figure 5 (b). We also delete small
disconnected debris from the main watertight mesh by extracting
the largest single connected mesh as illustrated in Figure 5 (c).
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After initial rigid ICP

Nonrigid ICP (solves loop closure as well)

Figure 6: Illustration of the loop closure problem. Aligning con-
secutive scans sequentially leads to large accumulated alignment
error between the first and last scans near the subject’s foot, due to
inevitable movement during reposing (left). The problem is solved
by optimizing the multi-view non-rigid alignment globally (right).

3.3 Initial Rigid Alignment

Although we ask the user to rotate about 45 degrees between views,
in practice the user turns between 30 and 60 degrees, resulting in
n ⇠ 8 views. Before attempting to find correspondences for non-
rigid registration, we preprocess the n views by roughly aligning
them, first by assuming they differ exactly by a 45-degree rotation,
and then refining the alignment using progressive rigid registration.
We compute the axis of rotation by extracting the largest eigenvec-
tor from the covariance matrix of the point cloud formed by taking
the union of the vertices of all the scans; this heuristic works well
for scanning people (who are taller than they are wide), and is op-
tional if prior information is known about the setup of the 3D sensor
(e.g., that it is mounted parallel to the ground).

Registration is done in a cumulative fashion: we first perform rigid
ICP to align S1 with S0, then align S2 with both S0 and S1, and
so forth. Our rigid ICP algorithm is based on point-to-plane min-
imization [Rusinkiewicz and Levoy 2001] using closest point con-
straints. To improve robustness, we then repeat alignment in re-
verse, aligning Sn�1 to Sn, Sn�2 to Sn�1 and Sn, and so forth.
During rigid ICP, we ignore all potential correspondences where the
corresponding points’ normals differ by more than ten degrees: in
this way, non-rigidly-deforming local features, like a moving arm,
are ignored by ICP. We observed that this measure was necessary to
prevent ICP from converging to poorly aligned local minima. Fig-
ure 3c shows a typical example of the views after rigid alignment.

Applying the rigid transformations to the meshes and their cam-
eras gives us transformed, aligned meshes SR

i and their transformed
camera views cRi . These will be the input to the next step in our al-
gorithm, non-rigid registration.

3.4 Multi-View Non-Rigid Registration

Once the views have been rigidly aligned, we fuse them together
using non-rigid registration. In our application, this registration is
challenging for two reasons: first, large, reliable regions of over-
lap exist only between consecutive views; and second, the subjects
inevitably shift their arms, head, and feet slightly while rotating be-
tween each view, even when trying to hold very still, and this error
accumulates so that there is a significant non-rigid deformation be-
tween the first and last view. We attempted progressive fusion of
the views, i.e. registering SR

1 with SR
2 , registering that result with

SR
3 , and so on, but because of accumulation of deformations in the

input and errors in the registration, this approach often gave poor
results with loop closure errors (see Figure 6). We therefore split
non-rigid registration and reconstruction into two steps, along the
lines of Chang and Zwicker’s approach to global registration of ar-
ticulated models [2011]: first, we find pairwise correspondences
between consecutive views, and then globally stitch together the
view scans using those correspondences.

multi-view 
non-rigid registration

pairwise correspondence
computation

initial 
alignment

Figure 7: The stages of registration between per-view scans. The
first scan is rigidly aligned to the second, the first two are aligned to
the third, and so on until all scans are rigidly aligned (left). Paiwise
non-rigid ICP is then used on consecutive pairs of scans (middle)
to find dense correspondences between the scans; these are used
for global multi-view non-rigid registration (right).

optimization iterations

0 1 2 3 4 5

0 > 2cm

Figure 8: We visualize the convergence motion of the view scans
between consecutive iterations during multi-view non-rigid regis-
tration by projecting and color-coding the motion on the merged
surface (typically converges after 5 iterations).

Pairwise Correspondences For each rigidly aligned view scan
SR
i , we use the robust non-rigid ICP algorithm of Li and col-

leagues [2009] to register it with the surface of the next view SR
i+1

(if SR
i is the last view, we register it to the first). Since consecutive

scans have reasonably large overlapping region of similar shape,
this registration is robust (the most challenging registration is of
the last scan to the first). We do not use the warped source sur-
face directly for registration but rather sample its vertices and find
those samples that lie within a certain distance (⇠ 5mm) of the
target surface. We store the sample, and its projection onto the tar-
get surface (represented by the barycentric coordinates on the target
triangle), as a correspondence pair to be enforced during the global
deformation. We use a sampling density of one sample per 15 mm,
which results in roughly 1000–2000 correspondences for a typical
pairs of view scans.

Global Deformation Once we have computed reliable correspon-
dences between each pair of views, we deform all of the view
scans globally by enforcing those correspondences while keep-
ing the view scans as rigid as possible. We efficiently solve for
this maximally-rigid deformation using a modification of Li et al’s
method [2009]: as in their approach, we represent the deformation
of each view using a coarse deformation graph (we use a graph node
density of one node per 50 mm), and minimize the energy

E =

nX

i=1

h
↵rigidErigid(S

R
i ) + ↵smoothEsmooth(S

R
i )

i
+ ↵corrEcorr,

where as in Li et al. [2009], the terms Erigid and Esmooth measure
the local rigidity of the deformation graph deformation, and the
smoothness of the deformation, respectively. The new term Ecorr

Monday, February 17, 14



Deformable & non-rigid 
alignment

➡ Robust Single-View Geometry And Motion 
Reconstruction.

➡  3D Self-Portraits.

➡  Elastic Fragments for Dense Scene Reconstruction.

Monday, February 17, 14



Elastic Fragments for Dense 
Scene Reconstruction

zhou et. al, 2013

Handles the deformations caused by:
High-frequency errors, 
Low-frequency distortion

O
rig

in
al

da
ta

C
al

ib
ra

te
d

da
ta

(a) Extended KinectFusion (b) Zhou and Koltun (c) Our approach

Figure 2. Reconstructions produced by different approaches on the stone wall sequence from Zhou and Koltun [35]. The top row shows
results with original data from the sensor, the bottom row shows results with data that was processed by the calibration approach of Te-
ichman et al. [31], which reduces low-frequency distortion. (a) Extended KinectFusion [22] is unable to produce a globally consistent
reconstruction due to drift. (b) The approach of Zhou and Koltun [35] is restricted to rigid alignment and is unable to correct the incon-
sistencies in trajectory fragments acquired at different times and from different points of view. (c) Our approach uses elastic registration
to align corresponding areas on different fragments, producing clean results on both original and calibrated data; the results are virtually
identical in the two conditions, indicating that our approach can successfully deal with substantial low-frequency distortion in the input.

Current techniques for dense scene reconstruction from
consumer-grade range video cast the problem in terms of
trajectory estimation [16, 7, 34, 35]. The implicit assump-
tion is that once a sufficiently accurate estimate for the cam-
era trajectory is obtained, the range images can be inte-
grated to yield a clean model of the scene’s geometry. The
difficulty is that for sufficiently complex scenes and cam-
era trajectories there may not be any estimate for the trajec-
tory that yields an artifact-free reconstruction with rigidly
aligned images, due to the low-frequency distortion in the
input. Rigidly aligning the images along a camera path is
not always sufficient to resolve the inconsistencies produced
by distortions in the sensor.

In this work, we introduce a scene reconstruction ap-
proach that is based on non-rigid alignment. Our guiding
observation is that we can reliably obtain geometry that is
locally accurate. Specifically, we partition the input stream
into small fragments of k frames each. Frame-to-model reg-
istration [16] is used to reconstruct the surfaces imaged in
each fragment, integrating out high-frequency error. Since

the low-frequency distortion introduced by the sensor is in-
trinsically stationary and since the fragments are temporally
brief, each fragment is internally consistent. The problem
is that fragments that were acquired from substantially dif-
ferent points of view are in general not mutually consistent.
Our approach allows the fragments to subtly bend to resolve
these extrinsic inconsistencies. This is done by optimizing
a global objective that maximizes alignment between over-
lapping fragments while minimizing elastic strain energy to
protect local detail.

Non-rigid registration has a long history in medi-
cal imaging and computer vision, resulting in sophisti-
cated techniques for aligning two-dimensional contours and
three-dimensional shapes [19, 9, 33, 14, 10]. These tech-
niques primarily aim to align two or more reasonably com-
plete representatives from an object class. Our work aims to
reconstruct spatially extended scenes from a large number
of range images, each of which covers only a small part of
the scene. Real-world scenes can have detailed geometric
features at multiple scales. Our approach was thus designed
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Comparison to rigid methods

(a) Extended KinectFusion (b) Zhou and Koltun (c) Mocap trajectory (d) Our approach
Figure 5. Evaluation on a benchmark scene [29]: (a) Extended KinectFusion [22], (b) Zhou and Koltun [35], (c) volumetric integration
along the motion-captured camera trajectory, and (d) our approach. Our approach is the only one that preserves high-frequency features
such as the chair leg (red closeup) without introducing noisy artifacts on the flat panel (blue closeup).
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using a simple running weighted average (line 13) [5]. Both
the new weight and averaged TSDF are stored at the voxel.
Raycasting for Rendering and Tracking A GPU-based
raycaster is implemented to generate views of the implicit
surface within the volume for rendering and tracking (see
pseudocode Listing 3). In parallel, each GPU thread walks
a single ray and renders a single pixel in the output image.
Given a starting position and direction of the ray, each GPU
thread traverses voxels along the ray, and extracts the posi-
tion of the implicit surface by observing a zero-crossing (a
change in the sign of TSDF values stored along the ray). The
final surface intersection point is computed using a simple
linear interpolation given the trilinearly sampled points either
side of the zero-crossing. Assuming the gradient is orthogo-
nal to the surface interface, the surface normal is computed
directly as the derivative of the TSDF at the zero-crossing
[22]. Therefore each GPU thread that finds a ray/surface in-
tersection can calculate a single interpolated vertex and nor-
mal, which can used as parameters for lighting calculations
on the output pixel, in order to render the surface.

Listing 3 Raycasting to extract the implicit surface, compos-
ite virtual 3D graphics, and perform lighting operations.

1: for each pixel u ⇧ output image in parallel do

2: raystart ⌅ back project [u, 0]; convert to grid pos
3: raynext ⌅ back project [u, 1]; convert to grid pos
4: raydir ⌅ normalize (raynext � raystart)
5: raylen ⌅ 0
6: g ⌅ first voxel along raydir

7: m ⌅ convert global mesh vertex to grid pos
8: mdist ⌅ ||raystart �m||
9: while voxel g within volume bounds do

10: raylen ⌅ raylen + 1
11: gprev ⌅ g
12: g ⌅ traverse next voxel along raydir

13: if zero crossing from g to gprev

then

14: p ⌅ extract trilinear interpolated grid position
15: v ⌅ convert p from grid to global 3D position
16: n ⌅ extract surface gradient as ⌃tsdf(p)
17: shade pixel for oriented point (v,n) or
18: follow secondary ray (shadows, reflections, etc)
19: if raylen

> mdist

then

20: shade pixel using inputed mesh maps or
21: follow secondary ray (shadows, reflections, etc)

Our rendering pipeline shown in Figure 12 also allows con-
ventional polygon-based graphics to be composited on the
raycasted view, enabling blending of virtual and real scenes
with correct occlusion handling (see Figure 6). In the first
step (labeled a), a mesh-based scene is rendered with graph-
ics camera parameters identical to the physical global cam-
era pose (Ti) and intrinsics (K). Instead of rendering to the
framebuffer, the vertex buffer, surface normals and unshaded
color data are stored in off-screen vertex, normal and color
maps respectively (labeled b), and used as input during ray-
casting (labeled c). For each GPU thread, a distance from the
associated mesh vertex to the camera center is calculated in
grid coordinates (Listing 3 lines 7 and 8). This distance acts
as an additional termination condition while stepping along
each ray (line 19), allowing accurate occlusion testing be-
tween volumetric and mesh surface geometries.

Figure 12: Rendering pipeline combining raycasting of vol-
ume with compositing of virtual polygon-based graphics.

Ambient, diffuse and specular lighting contributions can be
calculated across reconstructed and virtual geometries (see
Figure 6). More advanced shading calculations can be per-
formed by walking along the second (and possibly further)
bounce of each ray. Shadows are calculated after the first ray
hits a voxel or mesh surface (Listing 3 line 13 and 19), by
walking a secondary ray from the surface to light position
(using grid coordinates). If a surface is hit before ray ter-
mination then the vertex is shadowed. For reflections, once
the first ray hits a surface, a new ray direction is calculated,
based on the surface normal and initial ray direction.
A novel contribution of our raycaster is the ability to view
the implicit surface of the reconstructed 3D model, compos-
ite polygon geometry with correct occlusion handling, and
provide advanced shading requiring raytraced operations, all
in real-time, through a single algorithm. Any 6DOF graph-
ics camera transform can be used to raycast the volume, in-
cluding arbitrary third-person views allowing user navigation
of the 3D model. However, another key contribution of our
raycaster, is in generating higher-quality data for ICP cam-
era tracking. When the raycast camera transform equates to
the physical camera pose, the extracted vertices and normals
equate to depth and normal maps (from the same perspec-
tive as the physical camera) but with considerably less noise,
shadows and holes than the raw Kinect data. As shown in
[21], this allows us to mitigate issues of drift and reduce ICP
errors, by tracking directly from the raycasted model as op-
posed to frame-to-frame ICP tracking.

Simulating Real-World Physics
Taking the merging of real and virtual geometries further,
the GPU pipeline is extended to support simulation of phys-
ically realistic collisions between virtual objects and the re-
constructed scene. A particle simulation is implemented on
the GPU, based on [9] and [10]. Scene geometry is repre-
sented within the simulation by a set of static particles (see
Figure 13). These are spheres of identical size, which remain
stationary but can collide with other dynamically simulated
particles. Whilst an approximation, this technique models
every discrete surface voxel within the volume in real-time,
achieving compelling results even for very small and arbi-
trarily shaped objects such as a book’s edges or a teapot’s
handle in Figures 7 (bottom right) and 13.
Static particles are created during volume integration. As
the volume is swept, TSDF values within an adaptive thresh-
old close to zero (defining the surface interface or zero level
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