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Abstract: This paper presents an approach to correcting misclassified pixels in
depth maps representing parts of the human body. A misclassified pixel is a pixel
of a depth map which, incorrectly, has the ‘background’ value and does not
accurately reflect the distance from the sensor to the body being scanned. A
completely automatic, deep learning based solution for depth map correction is
proposed. As an input, the solution requires a color image and a corresponding
erroneous depth map. The input color image is segmented using deep neural
network for human body segmentation. The extracted segments are further used
as guidance to find and amend the misclassified pixels on the depth map using a
simple average based filter. Unlike other depth map refinement solutions, this
paper designs a method for the improvement of the input depth map in terms of
completeness instead of precision. The proposed method does not exclude the
application of other refinement methods. Instead, it can be used as the first step
in a depth map enhancement pipeline to determine approximate depths for
erroneous pixels, while other refinement methods can be applied in a second step
to improve the accuracy of the recovered depths.

Keywords: Depth Map Refinement, Human Body, Photogrammetry, Deep Learn-
ing, Segmentation.

1 Introduction

Digital recreation of real-life objects as three-dimensional (3D) models in
the virtual digital domain is a topic of growing research and commercial
interest. There are many possible ways to acquire data required for the
reconstruction of 3D models, including image capturing using a digital camera
or mobile device. The sequence of overlapping images captured from different
viewpoints can be used in a photogrammetry-based pipeline to obtain a 3D
reconstruction from an image sequence. This method is of particular interest
because of the exceptionally large number of 2D image acquisition devices
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available, in particular, compared to 3D scanners, depth-sensors and the like.
The whole pipeline is realized in three phases [1]: Structure from Motion (SfM),
Multi-View Stereo (MVS), and mesh creation. The SfM phase uses an
overlapping image sequence to produce a sparse point cloud along with camera
intrinsic and extrinsic parameters. The output of the SfM phase is used as an
input to the MVS phase. As a result, this phase outputs a dense point cloud
representing the points of the 3D model’s surface in 3D space. A final meshing
step uses a dense point cloud to generate a 3D model of the object shown in the
image sequence. The completeness of the reconstructed 3D model is highly
dependent on the quality of a dense point cloud that MVS phase outputs. The
parts of the dense point cloud that are too sparse have a significant chance of
not being reconstructed at all. This makes MVS output improvement one of the
top priority tasks in terms of 2D to 3D photogrammetry-based reconstruction.
Recent benchmarks indicate that there is room for improvement even for the
state-of-the-art MVS algorithms, especially in terms of the output completeness
[2,3].

Since the MVS phase is a complex, multi-step process, the aims to improve
its output, can focus on improving one or more of the steps that this complex
process consists of. This paper concerns itself principally with the completeness
of the output of the MVS phase and how it may be improved through the
improvement of the depth map estimation process. This estimation is frequently
performed as part of many MVS algorithms [4].

A depth map is best conceptualized as a 2D image which complements a
traditional colored 2D image with an additional channel of information of the
same resolution which has a distance-value for every pixel representing the
distance of the particular point in space which is imaged by that pixel. In the
case of images forming a photogrammetry set these points are typically
assumed to be either part of the background or part of the surface of the object
being reconstructed. This, naturally, makes the quality of the depth map vitally
important to the reconstruction of the object through a mesh of its surface.

It is a well-established experimental fact that MVS algorithms have
difficulties with depth estimation if input images are textureless or contain
repeated textures [2, 4, 5]. Consequently, misclassified depth pixels, assigned
with background depth instead of foreground f++ depth, can be present on the
estimated depth map. In this paper, these misclassified values will be referred to
as the ‘missing depths,” and will represent an error in reconstruction where true
depth-value for the values is lost and can only be estimated and/or
reconstructed. The study presented in this paper is performed in the context of
2D to 3D photogrammetry-based reconstruction of a clothed human body. This
scenario is often plagued with depth-map pixel misclassification precisely
because commonly worn clothing patterns present many surfaces which are
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featureless (such as a plain white shirt) or have repeating textures (any patterned
cloth). Since they are caused by a local lack in variation, these misclassi-
fications are usually grouped, covering larger areas, such as whole arms, legs, or
the entire back. Since these groups appear on a visualized depth map (and on
the reconstructed geometry) as black voids, the terms misclassified group and
hole will be used as equivalents in the rest of the paper.

This research is motivated by the observation that human body dense point
clouds based on depth maps with problems such as those described are not
suitable for further reconstruction, being altogether too sparse for conversion
into a mesh. This is most commonly manifested, due to the robustness of the
mesh-creation algorithms, as a 3D model of the human body missing one or
more body-parts.

To solve the problem, the proposed solution addresses the improvement of
depth map completeness as a way to indirectly improve the density of dense
point cloud. Therefore, this paper proposes a novel, completely automatic
solution for the recovery of missing depths from a depth map showing human
subject using machine learning methods. While other solutions for depth map
improvement primarily focus on edge improvements on the existing depth map,
the proposed solution is able to recover missing depth values from the existing
ones under certain conditions which as suggested by the result of empirical
research, occur in normal use of such software for commercial or research
purposes. As input, the solution requires an RGB image of the subject and the
corresponding unrefined depth map which may contain holes. To recover
missing depths, a deep neural network is utilized to analyze the RGB image and
recognize the human body depicted on it, segmenting it into sections
corresponding to major body parts. Incorrectly assigned depths are, then,
recovered on a per-segment basis using correctly estimated depth values inside
the segment. In other words, the central assumption is that the depth of missing
pixels which form, say, the left arm will be most correlated with other left-arm
pixels whose depths are known. To further enhance edges and geometry of the
recovered depth map, the output from the proposed method can be used as an
input to other depth map refinement solutions.

The rest of the paper is organized as follows: In Section 2 a brief overview
of the existing depth map refinement methods is presented. Section 3 discusses
in detail the proposed method for depth map correction. The obtained results are
presented and discussed in Section 4. The final, fifth, section offers the main
conclusions, as well as possible directions for future work.

2 Related Work

Many filtering algorithms have been proposed to refine depth maps. Those
filters are designed primarily to enhance edges while correcting artifacts on
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depth maps. In [6] a bilateral filter is proposed. The filter preserves edges while
assigning the pixels weighted average of its neighboring pixels. Multiple
modifications of bilateral filter, known as join bilateral filter are proposed in [7]
and [8]. Unlike the bilateral filter which uses filter input to calculate weights,
these filters use another guidance image for weight calculation. Consequently,
they overcome over-blur and under-blur issues introduced by the original
bilateral filter which, due to its simple method of functioning, smoothed the
entire image more or less equally. In [9] a guided image filter has been
proposed. In comparison to bilateral and joint bilateral filters, this filter type
exhibits superior performance near the edges. The bilateral filter was the basis
for the construction of the trilateral filter [10]. Unlike the bilateral filter, this
filter provides better noise reduction and better outlier rejection. Multiple
modifications in form of joint trilateral filters have been proposed in [1-13].
Whereas the majority of filters refine existing depths by smoothing while
preserving edges, [11] is designed to also fill the holes in depth maps. Here,
color images are used jointly with depth maps to find and extract misclassified
pixels from a depth map, which is then followed with a hole filling step. The
authors demonstrate that the method can successfully fill smaller holes on the
depth map, but there is no evidence that whole body regions such as arms, or
legs can be recovered in this way. Papers [14, 15] utilize the idea of using
multiple temporally or spatially connected depth maps for pixel depth
correction. In [15] voting-based filter built on the top of the joint bilateral filter
is used on a sequence of spatially and temporally connected depth maps. This
approach has proven to be successful in correcting depths based on neighboring
depth maps. While arguably quite effective, this filter is significantly limited
due to the requirement for multiple depth maps taken in temporal sequence.
This makes the filter entirely unsuitable to any problem where no more than one
point in time is considered or where there are no multiple depth map readings.
A depth map refinement solution specific for MVS pipeline is proposed in [14].
The authors propose Z\ VHjopp' a method for outlier reduction based on
redundancy. Each pixel is assigned with multiple depths according to other
depth maps showing the same point. Then, a Random Markov Field model is
used to choose the most probable depth among all depths assigned to the pixel.

Recently, deep neural networks have been successfully applied for the task
of depth map estimation and refinement [5, 16 — 19]. The pure depth map
refinement solution presented in [5] reduces the noise and boosts geometric
details for the input depth map, but does not solve the problem of missing depth
values. More often, depth map refinement follows depth map estimation [16,
17, 19]. In those cases, an initial depth map is estimated and then refined by
some of the earlier mentioned filters or machine learning techniques. The
authors of [17] state that their deep neural network based solution for depth map
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estimation and refinement even outperforms state-of-the-art photogrammetry
software such as Colmap [20, 21].

However, a big problem with neural network-based solutions is ground
truth depth map data required to train the network. Ground truth depth data is
available in publicly available datasets not related to people, such as NYU v2
[22] and Make3D [23]. Some of the top-performing solutions, such as [17] are
trained and tested on those datasets. Human based datasets with ground truth
depth maps are hard to find and are usually not free to use. In [5], the authors
obtain near ground truth depth maps of the human body by reconstructing a 3D
model of a human subject and calculating depths based on the model. This
approach for ground truth data generation is not possible if the output model is
missing parts of the body, which is the problem addressed in this paper. Further,
the use of purely synthetic data of necessity obscures some of the finer details of
the actual problem such as, for instance, the peculiarities of lens geometry or the
noise presented in most 2D image sensors, to name just two ubiquitous
complications. Thus, work with a synthetic ground truth faces an uphill battle to
demonstrate that its results are applicable to production (rather than academic
dataset) images.

To avoid the problem with missing ground truth depth data, the proposed
solution does not use deep neural networks to directly predict a refined depth
map. Instead, a deep neural network is used to process the corresponding color
image and extract data that will be used for depth map refinement. The idea of
using a color image to refine the depth map, though not in this manner, is
already known and utilized in previous work [11, 17]. Lastly, the paper presents
a simple filter for depth map correction based on average depth calculation
which is used to fill the missing values and refine the depth map.

3 The Proposed Method

A complete pipeline for the proposed method is shown in Fig. 1. As an
input, the method receives an RGB image [/ showing a subject and a
corresponding depth map D in a Portable Network Graphics (PNG), three-
channel RGB format scaled so that each color-component is on the 0 to 255
range and white is (255, 255, 255) while black is (0, 0, 0). The RGB image is
further used as a basis for human body segmentation. The extracted human
body segment information is then used jointly with the input depth map to
generate a corrected depth map.

The reader should note that due to privacy concerns we may not use images
in a form which permits user identification. This means that in all illustrations in
this paper we do not use the original RGB input images, but instead censor them
by showing only the silhouette of the subject. This is a modification of the
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illustrative images only, and in the actual operation of the system unmodified
RGB images are needed and used.

Fig. 1 — The proposed method pipeline for depth map correction.

The rest of the section discusses in more detail the proposed method’s
pipeline. The necessary depth map and RGB image preprocessing techniques
are stated. Next, part of the pipeline related to the human body segmentation is
explained in detail. Lastly, the method to produce a final depth map is
presented.

3.1 Input preprocessing

Since the input RGB image and the corresponding depth map can be of
arbitrary size and orientation, both images are first rotated to be of the same
orientation. Next, images are scaled to a size which best approximates the
optimal size of 480%720 pixels, while keeping the original image size ratio. The
purpose of this process is to reduce the size for performance and accuracy
reasons without imposing a deforming transformation on the input data.

The target image size is treated as a parameter of the system and, in this case,
has been determined empirically through a series of simple experiments. Each
experiment is conducted on a set of RGB images showing a human subject. The
set is used as a basis to create multiple subsets with images from the original set
resized to different dimensions in each subset while keeping the original image
ratio to avoid image deformation. The images from the subsets are fed to the
pretrained deep neural network model to obtain corresponding segmentation
masks. The masks are then compared visually and in terms of accuracy to
determine what image dimensions result in optimal segmentation masks. To
choose the most accurate mask among multiple segmentation masks, we
calculate the average number of pixels classified as a body part for each mask
and declare as the optimal the one resulting in the highest average number. The
calculation is performed on each mask set and optimal global dimensions are
determined by ranking image dimensions according to the accuracy achieved on
mask sets for each image and choosing the best ranked dimensions.
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3.2 Human body segmentation

This phase of the pipeline uses the preprocessed input RGB image to
produce a human body segmentation mask, such as those presented in Fig. 2. A
body segmentation mask is yet another image in the vein of the depth map, of
the same resolution as the input image, and representing an additional channel
of information. This channel, in particular, is one of a set of values which
indicate either background or, in the case of foreground, which body segment
the corresponding RGB pixel corresponds to.

Fig. 2 — WSHP body segmentation masks.

For human body segmentation, the latest pretrained model of WSHP human
body parsing deep neural network [24] is used to annotate up to seven different
segment classes on the input image. Annotations include six body parts: head,
torso, left/right upper arms, left/right lower arms, left/right upper legs, left/right
lower legs and a special class for the image background. WSHP deep neural
network uses DeepLab [25] based shared model proposed in [26] to parse body
parts on the input image. DeepLab network is a fully convolutional neural
network based on VGG-16 [27] architecture. Contrary to the original VGG-16
architecture, DeepLab replaces the last, fully-connected layer, with a
convolutional layer. For more details about the network architecture, a reader is
referred to [26]. The segmentation mask produced by the network is further
used as an input to the depth map correction phase.

3.3 Depth Map Correction

In the depth map correction phase, the segmentation mask is used jointly
with the preprocessed depth map to obtain a corrected depth map. Depth map
correction is a two-step process. In the first step, different segments are
identified in a segmentation map and average depth color is calculated for each
segment. A pseudoalgorithm for this step is shown in Fig. 3. Here, S denotes a
segment inside the segmentation mask of size NxM. The erroneous depth map

of size NxM is denoted with D. P represents a pixel at the position (x,,y,) ina

segmentation mask or depth map. Since both of these images are of the same
size, each pixel on a segmentation map has its corresponding pixel at the same
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coordinates on the depth map and vice-versa. As a result, the first step outputs
an average depth value for each segment based on the corresponding depth map.
Since the input depth map is represented in a three-channel format, average
depth color is calculated per channel (C,, C; and C, in Fig. 3).

A second step is used to assign calculated depth values to the erroneous
pixels in the depth map D . All pixels that are classified in a segmentation map
as part of the body and represent part of a background in a depth map are
assigned with an average depth of a corresponding segment. A pseudoalgorithm
for this step is shown in Fig. 4.
for all segments () in segmentation map do

if S is not assigned with a background class then
for all pixels (P) in S do

if D(xp,yp) # background depth color then
sump < sump + D(xP,yP)i,
sumg, < sumy, +D(xP,yP)ZG

2
sumpy < sumg + D(xp,yp)5

end if
end if
N <« number of pixels in segment S

Cp < fsumy /N
12: Cq <—«/sumG /N
13: CBe‘lsumB/N

14: end if
15:  end for

S S AP AN L S S e

[—

Fig. 3 — Pseudo-algorithm for segment depth calculation.

for all pixels (P) in erranous depth map D do
if P is not assigned with a background segment class then
S « getSegmentForPixel(P)

C <« getSegmentAverageDepth(S)

D(xp,yp)g < Cg

D(xp,yp)y < Cy
end if

1

2

3

4

5: D(xp,yp)g < Cp
6

7

8

9: end for

Fig. 4 — Pseudo-algorithm for pixel depth estimation.

This means we do not need neighboring pixels to fill holes, allowing for a
much greater area of effect. A valid worry, at this stage, is to consider that this
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averaging may destroy significant geometric detail in the reconstructed object.
This can be largely dismissed under the circumstances since if there was
significant geometric detail it would cause enough textural variation on the
image for the hole not to appear in the first place: holes, as stated above, result
principally from flat, uniform, poorly-textured areas which are precisely those
for whom the assumption of flatness may be said to hold.

4 Experimental Results

The method is evaluated in the context of photogrammetry-based 2D to 3D
reconstruction pipeline. Human body images captured by a multi-view stereo
setup are used as input to the AgiSoft MetaShape [28] photogrammetry
software, configured for high-quality settings, which produces depth maps.
Fig.5 shows the results achieved by the proposed method. As long as a single
correct pixel of a segment remains, the whole segment may be reconstructed.
The first, third and fourth row of Fig. 5 are examples of completely corrected
depth maps, while the second row shows a partially corrected depth map caused
by a lack of non-background pixel depths in lower legs segment. Since the
recovered segment part is filled with average depth color, the method is
particularly successful in recovering segments that are flat, like legs, back or
arms. The method is robust to slight vertical viewpoint changes, as shown in the
second row of Fig. 5.

To output high-quality depth map correction, the method requires a
precisely segmented input image. Poor segmentation can lead to the calculation
of incorrect average depth values per segment, as is shown in Fig. 6. On the
other hand, if many small segments are detected as part of segmentation this
may lead to a lack of valid depth pixels per segment which, in turn, leads to bad
average values and, finally, to badly reconstructed holes.

5 Conclusion

In this paper, an end-to-end automatic method for depth map correction in
the context of human body reconstruction is presented. The proposed solution
addresses the problem of incomplete 3D model reconstruction caused by bad
depth map estimation due to surfaces with poor illumination or low texture. It is
demonstrated that the proposed method improves such erroneous depth maps by
recovering missing values, even when in large groups. This, in turn, improves
the reconstructed 3D model. The method relies on the joint use of the unrefined
depth map and the corresponding color image with annotated body segments.
The best results are achieved under the assumption that human body
segmentation is at least moderately precise and that pixels inside the recovered
segment are of similar depth. Since the method output is another depth map, the
proposed method can be pipelined with other depth map refinement methods to
produce both more complete and precise depth maps.
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In future work, special attention will be directed towards human body
segmentation problem. The method output would benefit from a solution able to
segment left and right arm or leg as different segments. Finer body
segmentation could also result in better output depth maps since finer
segmentation would increase the accuracy of the segment’s average depth
calculation. To overcome the limitations of the presented method, future
research will consider the replacement of average depth calculation step with
machine learning methods. This replacement could result in more accurate
depths assigned to the recovered depth map pixels.

Fig. 5 — Left to right: (1) input image (censored);
(2) segmentation mask produced by WSHP deep neural network;
(3) depth map from AgiSoft MetaShape; (4) output of the proposed method.
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(8]

(9]

[10]

Fig. 6 — Left to right: (1) input image (censored); (2) depth map from
AgiSoft MetaShape; (3) segmentation map from WSHP neural network;
(4) output of the proposed method for (3); (5) manually corrected
segmentation mask; (6) output of the proposed method for (5).
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