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Occlusions disrupt the visualization of an object of interest, or target, in a real world scene. Video inpainting removes occlusions
from a video stream by cutting out occluders and filling in with a plausible visualization of the object, but the approach is too slow
for real-time performance. In this paper, we present a method for real-time occlusion removal in the visualization of a real world
scene that is captured with an RGBD stream. Our pipeline segments the current RGBD frame to find the target and the occluders,
searches for the best matching disoccluded view of the target in an earlier frame, computes a mapping between the target in the
current frame and the target in the best matching frame, inpaints the missing pixels of the target in the current frame by resampling
from the earlier frame, and visualizes the disoccluded target in the current frame. We demonstrate our method in the case of a walking
human occluded by stationary or walking humans. Our method does not rely on a known 2D or 3D model of the target or of the
occluders, and therefore it generalizes to other shapes. Our method runs at an interactive frame rate of 30fps.
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1 INTRODUCTION

Video streams are a widespread approach for visualizing real-world scenes in real time. However, video streams suffer
from occlusion. In a dynamic scene, an object of interest, or target, can become temporarily hidden by other objects. In
order to achieve an uninterrupted visualization of the target, one approach is to acquire the scene with multiple video
streams, in the hope that the target is visible in at least one stream at any given time. Such a visualization with multiple
streams implies a significant cognitive load for the user, who cannot monitor all streams in parallel, but has to examine
the streams one at the time. Moreover, there is no guarantee that the target is visible in any one of the available streams.

Another approach is to rely on earlier frames to fill in the parts of the target that are occluded in the current frame.
This inpainting approach for removing occlusions from video has the advantage of good visualization continuity, since
the viewpoint does not change, and of simple acquisition, requiring only one video stream. Whereas there are real time
video inpainting methods for removing occlusions of a static or of a rigid body target, prior art methods for deformable
targets are too slow for real time performance.

In this paper we describe a novel method for video inpainting to remove occlusions of a deformable target in real
time. Our method takes advantage of the fact that, in many cases of interest, such as when the target is a walking
human, the target deformation is coherent, and the range of deformations is small. Our pipeline segments the partially
occluded target from the current frame and inpaints the missing pixels by resampling from a matching disoccluded
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Video sequence A

Video sequence B

Fig. 1. Pairs of frames that illustrate our occlusion removal method: the original frame is shown to the left, and the frame output by
our method is shown to the right. Our method runs at an interactive frame rate of 30 frames per second.

target from an earlier frame. Our pipeline takes as input a single video stream enhanced with a depth channel, i.e. an
RGBD stream, acquired by a stationary computer tablet with a structured light depth camera accessory. The depth
channel enables faster and more robust target segmentation and matching.

We demonstrate our method in the case of a walking human who is occluded by other stationary or walking humans
(Fig. 1). Fig. 2 compares our output to truth using a synthetic occluder. Our method does not rely on a known deformable
model of the targets and occluders, and therefore it supports general target and occluder shapes. For example, in Fig. 1
right, the target is a human pulling a wheeled bag. Our pipeline runs at interactive rates. We also refer the reader to the
accompanying video that illustrates our method.

2 PRIORWORK

The removal of image defects, and the subsequent completion of the image by inpainting, is a well-known problem
since the invention of photography [Joyeux et al. 1999; Kokaram 2004]. Image defects such as scratches, dusts, text and
Manuscript submitted to ACM
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Fig. 2. Video sequence C — Comparison to ground truth: original frame (left), synthetic occluder added to original frame (middle),
and frame without occlusion generated by our method (right).

scene clutter are cut out, and the remaining hole regions are inpainted using information taken from regions outside
the hole, called source regions [Bertalmio et al. 2000]. Two fundamental approaches are low-level texture synthesis and
and higher-level structure propagation.

Texture synthesis is concerned with computing a larger texture that is similar to a smaller initial sample texture.
When large image defects such as unwanted objects are cut out, inpainting the large holes requires more than filling
in with hole boundary colors. In these cases, a plausible background texture can be synthesized that is similar to
surrounding source region texture, while maintaining continuity across the hole region boundaries [Bugeau et al.
2010; Efros and Leung 1999]. The plausibility of the inpainted image depends on the background being self-similar.
Performance is improved by patch-based inpainting, which uses source region patches instead of pixels [Barnes et al.
2009; Barnes and Zhang 2017].

However, if cutting out the foreground reveals a background with salient geometry or non-repeating patterns, then
the background structure must be extended into the hole region. The structure propagation approach extrapolates
source region edges such as isophotes [Oliveira et al. 2001] or follows user provided guidance [Barnes et al. 2009; Sun
et al. 2005] in order to inpaint plausibly. The structure propagation method is suited to inpainting cartoon-like image
holes. Multi-level approaches that combine both texture synthesis and structure propagation are an active research area
[Bertalmio et al. 2003; Criminisi et al. 2004; Elad et al. 2005].

A video is a linear sequence of images. To remove an object from a video segment, the object has to be cut out from
multiple frames where it is visible, leaving behind a spatio-temporal volume defining the hole region to be inpainted.
Video inpainting is more challenging than image inpainting because a) a large number of images have to be inpainted;
b) the source region where to search for the missing colors is larger due to the addition of the time dimension; c) the
inpainted holes must maintain temporal continuity across frames, in addition to maintaining spatial continuity across
hole boundaries [Liu et al. 2009; Shiratori et al. 2006; Wexler et al. 2007].

Efficient video inpainting is possible, even in the case of dynamic camera poses, by propagating the mapping of
inpainting pixels forward through successive video frames [Herling and Broll 2014; Kawai et al. 2016]. However, the
background in the hole region has to be static and with simple geometry, such as a few planes. In the case of static
foreground and background with significant depth separation, dynamic camera poses are leveraged to expose every
part of the background through parallax. The static background can then be fully reconstructed and inpainted in
every video frame [Xue et al. 2015]. Scene-space video inpainting removes the constraint on background simplicity
by reconstructing complex scene geometry from depth images [Klose et al. 2015]. Although capable of filling in hole
regions with complex background, the inpainting background scene points still need to be visible at other points in time
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at the same scene-space position, so the static background restriction is not removed. Thus, both of these approaches

are ill-suited for occlusion removal when the occluded background is typically dynamic and deformable.

For the more general problem of inpainting dynamic and deformable targets, such as walking humans, it is necessary

to �nd the best source region, and to map the current hole region to the source region, for every video frame. The

global optimization approach takes the entire spatio-temporal volume of the video sequence as search space for source

regions [Barnes and Zhang 2017; Granados et al. 2012; Newson et al. 2014; Wexler et al. 2007]. By optimizing a visual

quality energy function, the best mapping between the hole and source regions is obtained for inpainting the missing

pixels. Although high visual quality is achieved, the performance is insu�cient for interactive applications due to the

large search space for source regions and the high cost to evaluate the energy function.

Object based methods improve performance by reducing the search space for source regions [Cheung et al. 2006;

Huang and Tang 2016; Jia et al. 2005; Ling et al. 2011]. The target is segmented and tracked in the video. As occlusions

occur, the hole region is inpainted with samples found in the target segment in video frames where the target is visible.

Compared with the global optimization approach, the performance is improved when the target is small. However, to

the best of our knowledge, video inpainting of deformable targets at interactive rates without user input has not yet

been achieved.

3 SYSTEM OVERVIEW

Our system pipeline is shown in Fig. 3. The system takes as input a single RGBD video stream acquired from a

�xed viewpoint showing a moving and deforming target that becomes occluded. The system outputs a video stream

in which the target is disoccluded. The system processes each frame with a pipeline that has three main stages:

segmentation, which identi�es the occluded parts of the target, inpainting, which �lls in the occluded parts of the

target, and visualization, which shows the frame with the target unoccluded.

The frame is segmented both in 3D, by unprojecting pixels to a point cloud using the depth channel, and in 2D, using

the color and depth channels. The output of the segmentation stage is an �incomplete billboard�, which is a rectangular

impostor in 3D that is texture mapped with the parts of the target visible in the current frame. The billboard texture has

both color and depth channels. The incomplete billboard for the left pair in Fig. 1 is shown in Fig. 4. The segmentation

stage is described in Section 4.

The incomplete billboard is inpainted using color and depth data from an earlier frame that shows the target in a

similar pose. A matching earlier impostor billboard is found among the previously inpainted billboards, the current

billboard is mapped to the earlier billboard using feature correspondences, and the occluded parts of the current billboard

are �lled in by resampling from the earlier billboard. The inpainting stage is described in Section 5.

The inpainted impostor billboard is used for an unoccluded visualization of the target. The occluder can be shown

semi-transparently (Fig. 1, left), or it can be cut away (Fig. 1, right). The visualization stage is described in Section 6.

4 SEGMENTATION

The �rst step of occlusion removal is to identify the parts of the target that are occluded, which is done by segmenting

the current frame (Alg. 1).

The algorithm for segmenting the current frameFi takes as input a reference frameF0 captured from the same

view V0 before the moving objects appear, and cylindersCi � 1 bounding the moving objects that were computed at

the previous frame. The algorithm proceeds in three major steps: 2D segmentation, 3D segmentation, and billboard
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Fig. 3. System Overview

Fig. 4. Illustration of incomplete (le�) and inpainted (right) billboard for the case shown in Fig. 1. The parts of the target visible in the
current frame are highlighted in green, the parts of the billboard that are neither occluded nor part of the target are shown in blue,
the parts of the billboard that are occluded are highlighted in red, and the parts of the billboard that are inpainted are highlighted in
yellow.
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Algorithm 1 Segmentation

1: Input : current RGBD frameFi , reference RGBD frameF0, bounding cylindersCi � 1 of moving objects in previous
frame, camera viewV0.

2: Output : billboardsBBi of current frame, bounding cylindersCi of moving objects in current frame.
3: // Step 1: 2D segmentation
4: for each pixel ¹u;vº in Fi do
5: FG¹u;vº = Fi ¹u;vº:z < F0¹u;vº:z
6: // Step 2: 3D segmentation
7: for each pixel ¹u;vº in FGdo
8: if FG¹u;vº then
9: p = Unproject¹u;v;Fi ¹u;vº:z;V0º

10: Splat¹p; Itopº
11: if target appears for the �rst timethen
12: BL = DetectBlobs¹Itopº
13: for all blobsBLj in BLdo
14: Ci j = ComputeBoundingCylinder¹BLj º
15: else
16: for all cylindersCi � 1; j in Ci � 1 do
17: BLj = ComputeBlob¹Itop ;Ci � 1; j )
18: if Size¹BLj º > � B then
19: Ci j = ComputeBoundingCylinder¹BLj º
20: else
21: Ci j = ExtrapolatePosition¹Ci � 1; j º
22: // Step 3: Billboard construction
23: for all cylindersCi j in Ci do
24: BBj :rectangle = VerticalCrossSection¹Ci j º
25: BBj :texture= Project¹Fi ;V0;BBj :rectangleº
26: for each pixel ¹u;vº on BBj :texturedo
27: if Fi ¹u;vº == F0¹u;vº and !FG¹u;vº then
28: BBj :texture¹u;vº:label = background
29: else
30: p = Unproject¹u;v;Fi¹u;vº:z;V0º
31: if p is insideCi j then
32: BBj :texture¹u;vº:label = visible
33: else if p is behindCi j then
34: BBj :texture¹u;vº:label = background
35: else if p is in front of Ci j then
36: BBj :texture¹u;vº:label = occluded

construction. The 2D segmentation step (lines 3-5) partitionsFi into foreground and background by detecting changes

in the depth channel with respect toF0 (Fig. 5, top row).

The 3D segmentation step (lines 6-21) �rst computes a top view imageItop of the scene by unprojecting the foreground

pixels to 3D points using the depth channel (line 9), and by splatting the 3D points intoItop using a camera with a

downward view direction (line 10), see bottom left image in Fig. 5. Then, ifFi is the frame where the target �rst appears,

the Itop is segmented into blobs using OpenCV's Simple Blob Detector algorithm [Bradski 2000], (line 12), and a vertical

bounding cylinder is �tted to each blob (line 14). If the target was visible before (line 15), the blobs are tracked from

frame to frame, instead of detected by searching blindly the entire top view imageItop . Each tracked blobBLi j is found
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Fig. 5. Illustration of the steps of the segmentation stage. Top: depth channel of reference frameF0 (le�) and of current frameFi
(middle), and output of 2D segmentation (right). Bo�om: top view image of foreground objects used for 3D segmentation (le�), and
visualization from a translated viewpoint of bounding cylinders (middle) and of billboards (right).

in Itop in the region where its bounding cylinder was found at the previous frame (line 17). IfBLi j is not present inItop

(line 18), the corresponding object is totally occluded and the its bounding cylinderCi j is updated by extrapolating

its position from the previous frames (line 21). We use a threshold� B below which the object is considered totally

occluded. Furthermore, when the size ofBLJ approaches the� B, the bounding cylinder is set by interpolating between

the computed (line 19) and the extrapolated (line 21) cylinder (omitted for conciseness). The bounding cylinders are

illustrated from a translated viewpoint in the middle image on the bottom row in Fig. 5.

The third step constructs an impostor billboard for each moving object based on its bounding cylinder. A billboard

is a vertical rectangle de�ned by the cross section of the cylinder facing the camera (line 24), texture mapped with

an RGBD image. The texture is computed by projectively texture mapping the current frame onto the rectangle (line

25), and then by labeling every texel as a visible part of the object (line 32, green in Fig. 4), as a visible part of the

background (lines 28, 34, blue in Fig. 4), or as an occluded part of the object (line 36, red in Fig. 4). To label a texel, it is

�rst compared to the reference frameF0 (line 27). If the texel is distinct from the reference frame in the color channels

or the depth value, then the labeling is decided based on the 3D segmentation of each object given by the bounding

cylinder (lines 30-36).

5 INPAINTING

In the inpainting stage, the occluded pixels of the target billboard are further classi�ed as background pixels, which are

set to transparent, and as occluded target pixels, which are inpainted using samples from a previous target billboard, as

described in Alg. 2.

The algorithm takes as input the target billboardBBt computed by the segmentation stage at the current framei , the

cache of previously inpainted target billboardsIBBC, and the indexbi � 1 of the frame where the matching billboard was

found at the previous frame. The algorithm outputs the inpainted target billboardIBBi and the indexbi where the

matching billboard was found.
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Algorithm 2 Inpainting

1: Input : target billboardBBt of current framei , cache of previous inpainted target billboardsIBBC, frame indexbi � 1
of matching billboard from previous frame.

2: Output : inpainted target billboardIBBi and frame indexbi of matching billboard at current frame.
3: // Step 1: Selection of matching billboard
4: � min = 1
5: for j = bbi � 1 � w•2c to bbi � 1 + w•2c do
6: � = MatchingError(BBt ; IBBj )
7: if � < � min then
8: � min = �
9: bi = j

10: // Step 2: Feature based billboard alignment
11: BBt :f eatures= FeatureExtraction¹BBt :textureº
12: FeatureMatching¹BBt :f eatures; IBBj :f eaturesº
13: Divide BBt into square gridG
14: for each featuref in BBt do
15: c = cell ofG containing f
16: d = f � f :match
17: if j jdj j < jjc:djj then
18: c:f = f
19: c:d = d
20: // Step 3: Filling in occlusion holes
21: for each missing pixel¹u;vº in BBt do
22: d =

Í

c2G
c:d K¹r ; � º•

Í

c2G
K¹r ; � º,

wherer = jj¹u;vº � ¹ c:f :u;c:f :vºj j
23: ¹uj ;v j º = ¹u;vº + ¹d:u;d:vº
24: BBt ¹u;vº = IBBj :¹uj ;v j º
25: BBt ¹u;vº:label = IBBj ¹uj ;v j º:label
26: // Step 4: Update cache of inpainted billboards
27: IBBi = BBt
28: IBBi :f eatures= FeatureExtraction¹IBBi :textureº
29: IBBC:Insert¹IBBi º

The inpainting algorithm proceeds in three major steps: selection of matching billboard, feature based billboard

alignment, and �ll-in of occlusion holes.

To select the matching billboard (lines 3-9), the algorithm searches for the previous billboard that is most similar to

the current billboard. A window ofw billboards are considered, centered at the previously found best match. The width

of the windoww is empirically set at 0.3 times the distance, in number of frames, from the current billboard to the

previously found best match. The index of the frame where the best matching billboard was found is recorded to center

the search at the next frame (line 9). Given two billboardsBBt andIBBj , the matching error is computed by minimizing

the depth alignment error between the billboards asIBBj is translated left-right and forward-backward with respect to

BBt . The depth alignment error for a left-right translation� u and a forward-backward translation� z is de�ned as the

mean squared error between the depthszt andzj of the two billboardsBBt andIBBj over theN overlapping pixels, as

shown in Eq. 1.

� ¹� u; � zº =
Õ

u;v
¹zt ¹u;vº � zj ¹u + � u;vº + � zº2•N (1)
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Fig. 6. The heat map visualization of the matching error. The x axis is the current frame indexi , and the y axis is the previous frame
index j ; j < i . The search window is the region between the black lines, and the best matches found for each frame are marked by
purple dots. The entire heat map is shown here to cover all possible pairs of¹i ; j º, whereas only the¹i ; j º pairs inside the search
window are calculated in Step 1 of Alg. 2.

Fig. 6 gives a heat map visualization of the matching error for the 140 frame sequence used in Fig. 1, left. A point

¹i ; j º on the heat map corresponds to the matching error between a framei and an earlier framej . The black lines show

the search window used by the algorithm, and the purple dots shows the best matches found for each frame. The black

lines show that the search starts in the global minimum error valley. The plot shows that the period of motion is about

40 frames. The purple dots form a relatively straight line because the period does not change much, however, it is

not constant. Our algorithm relies on the availability of a similar billboard, but it does not require that the motion be

periodic.

If the target billboard computed by segmentation does not contain any occluded pixels, the inpainting algorithm

stops. Step 1 has to be executed even for target billboards without occluded pixels in order to update the frame indexbi

where to start the next matching billboard search.

Before actual inpainting can begin, a mapping between the current and previous billboard has to be computed.

The rigid alignment computed at Step 1 during the selection of the matching billboard is not su�cient for quality

inpainting. At Step 2, a non-rigid alignment is computed based on color features (lines 10-19). ORB features [Rublee et al.

2011] are extracted from the color texture of the billboard (line 11), and they are matched to the previously extracted

features of the cached billboardIBBj using the Hamming distance (line 12). The mapping betweenBBt andIBBj is

computed e�ciently with the help of a 2D gridG. The features ofBBt are assigned to cells inG (lines 14-19), which has

a dimension of 20� 40 cells, width� height. The gridG controls feature density in cells with great texture variation by

culling all but one feature that are assigned to each cell. When multiple features are assigned to a cell, only the feature

that is closest to its matched feature is kept (line 16-19).

Fig. 7 shows the billboard inpainted with and without non-rigid alignment. The left image shows extracted features

in both the current and previous frames in colored circles. The matched features which survive culling are highlighted

in cyan, while those that are discarded are colored red. The density of feature matches is e�ectively controlled by the
Manuscript submitted to ACM
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