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ABSTRACT

Volumetric video acquisition systems enable realistic virtual
experiences such as Free-Viewpoint Video (FVV). Stereo
matching is a well known way of obtaining this volumetric
information as depth images, calculating the disparity be-
tween two stereo color images. On these applications, the
background of the scene captured is static and does not
change, so foreground information is much more valuable.
We propose adding foreground segmentation to help learning
based algorithms, such as deep learning models, improve
results previously obtained. We utilized the framework De-
tectron2 to model foreground segmentation by detecting
people. Additionally, we built a large stereo dataset focused
on FVV systems. Finally, we modified a successful deep
learning model from the state-of-the-art, CREStereo, to add
foreground segmentation and performed supervised training
on it to estimate disparity, obtaining promising results.

Index Terms— Foreground segmentation, deep learning,
stereo dataset, depth, multiview video, free viewpoint video.

I. INTRODUCTION

Nowadays, immersive video technologies are gaining im-
portance and innovative experiences are being developed
such as Free Viewpoint Video (FVV) technology. It allows
the user to navigate freely around a scene as if she were con-
trolling a virtual camera that could be positioned anywhere
[1]. These systems rely on a volumetric video acquisition
stage that captures the scene from multiple cameras and
yields a 3D representation of the scene containing both
texture and geometric information. In that sense, the per-
formance of any FVV system depends highly on the quality
of the generated geometric data.

This volumetric information can come in the shape of
depth images, where each pixel represents the distance from
the objects of the scene to the camera. They can be obtained
using numerous different means, and these means are divided
into two categories: passive and active. Passive methods
require simple hardware but it is hard to obtain good quality
depth images and often the algorithms to compute them are
very complex and computationally heavy. On the other hand,

Fig. 1. A stereo dataset was generated, containing 72000 stereo pairs and
the depth image associated to the left frame computed using time of flight
cameras. Foreground masks were computed over them using Detectron?2.

active methods use more complex and expensive hardware
to generate good quality depth images with light algorithms.
Being able to obtain good results out of passive methods
would greatly cut the costs of the acquisition systems. Stereo
matching is a classical computer vision problem aimed to
archive this. Given two images, one left and other right,
disparity maps can be computed based on matches between
them, and they can be transformed into depth if the geometry
of the cameras that captured them is known. As in many
other difficult tasks, deep learning is being applied to try
and solve this problem, obtaining very promising results.
Images captured by static multicamera setups for FVV
applications have a large percentage of pixels corresponding
to the background that barely change, meaning that the
foreground information is much more rich and valuable. This
inspired us to apply foreground segmentation to the learning
algorithms, giving more importance to these more valuable
pixels to obtain better results when estimating disparities.

To help develop these kind of learning algorithms, a large



stereo dataset focused on multiview setups has been devel-
oped. This implied calibrating the camera setup, rectifying
the stereo image pairs, obtaining depth images using time
of flight (active) hardware, and using Detectron2 [2] for
foreground segmentation by detecting people.

Finally, the deep learning model CREStereo [3] was
modified to make use of the foreground segmentation. Both
original and modified versions were trained using the newly
generated dataset and compared to validate the improve-
ments obtained.

II. PREVIOUS WORK

A. FVV Live

This project was inspired and belongs to the research
effort for the FVV Live (free viewpoint video live) system
[1] [4]. This system makes use of a multicamera setup to
render the view from a virtual camera which can be located
in any position close to the real cameras, everything while
working in real time.

B. Stereo Matching and Segmentation

Depth perception and object detection are two classi-
cal computer vision problems that often appear combined.
Works such as [5] try to solve them together, and others like
[6] take advantage of the segmentation to perform a better
stereo matching.

More recent studies apply deep learning techniques to this
combined problem, such as [7] adding the results from an
object detection net to the stereo matching model, or [8]
performing both task in a unique model to speed up the
process.

C. Detectron2

Detectron?2 [2] is a computer vision framework developed
by Meta for object detection and segmentation. For this
project, its functionality of detecting people was used to
obtain binary masks for foreground segmentation.

D. Stereo Datasets

Generating datasets is a key part of developing learning
based algorithms. Stereo datasets are complex to obtain as
there is no way of directly obtaining dense stereo matches.
For this reason, the mainly used datasets are computer
generated using 3D modeling, for example Scene Flow [9].
This is no easy task either, as realistic and varied geometries
are difficult to obtain too.

Real life stereo datasets are normally captured using
complex camera settings, they make use of active technology
to obtain the depth of the scene and then transform it
into stereo disparity. Some well known examples are KITTI
[10], Middlebury [11] and ETH3D [12]. However, specific
datasets for FVV scenarios are not yet available.

E. Capture Hardware

The hardware used to capture the dataset were Microsoft
Azure Kinect cameras. They were built with a very high
resolution color camera and a IR (infrared) transmitter and
receiver to measure depth using time of flight. Modulated
IR light is emitted into the scene and then recorded to
obtain high quality depth images. The only downside is that
problems can appear when capturing the light back, this
yields invalid pixels in the depth image.

F. CREStereo

Using deep neural networks to solve the stereo problem
is a task that has been greatly developed in the past few
years. Well known datasets release benchmarks so people
can submit their algorithms and results are ranked.

CREStereo (Cascaded REcurent Stereo matching network)
[3] is a recently released deep learning model from the state-
of-the-art. This model obtained very good results in well
known benchmarks like KITTI and ETH3D, and was at the
top of the Middlebury ranking at the time of the development
of this project.

This model combines a coarse-to-fine hierarchical ap-
proach to better detect small details, with a stacked cascade
architecture for high resolution interference, and an adaptive
group correlation layer to avoid problems caused by errors
in rectification as it is meant for practical situations.

The original model was developed using the MegEngine
framework [13], but for this project we used a Pytorch
version instead, available in [14].

III. FVV DATASET

We generated a dataset to help develop learning based
algorithms for stereo matching making use of the foreground
segmentation: the FVV Dataset. The process followed is
detailed in this section.

A. Recording the Dataset

To record the dataset, four Azure Kinect cameras were
used. They were placed in two rigid stereo rigs to simulate
two stereo cameras recording the scene at the same time.
These cameras allow hardware triggered capture, so all four
are connected to ensure synchronized capture between them.

The dataset consists of recordings of 16 people acting on
6 scenes of different complexities. An example of each one
of this sequences can be seen on Fig. 2

« Reader: the simplest sequence, The person acting
stands in place while reading some magazines and
books.

o Ad: The person acting stands behind a table and shows
a metallic piece and uses some tools on it. While still
moving little, the movements are more complex.

o Talk: This sequence has the person acting moving
around the stage while talking on their phone. It
presents the complexity of the movement of the person.



(c) Talk sequence

(a) Reader sequence (b) Ad sequence

(d) Boxes sequence (e) Lecture sequence (f) Tidy sequence

Fig. 2. Frames belonging to the sequences recorded for the dataset, ordered by complexity. In the first four, only one person was recorded, whereas the
last two sequences were recorded in couples. Recorded people were told to act freely to ensure more differences appeared between sequences

« Boxes: Some boxes lie around the stage, the person
acting moves them from one side to the other. This not
only has the complexity of the movement, but also has
the person interacting with different objects.

e Lecture: Two people are recorded talking about a
metallic piece, they move it around and hand it between
them while standing in place.

o Tidy: The most complex scene. The stage has some
pieces of furniture and some small details, two people
tidy the stage, moving everything around.

Taking into account the restrictions of our hardware,
the final recordings for the dataset were 30 seconds long,
recorded at 15 fps and the resolution was 1280x720.

B. Capture Software

Making use of the Azure Kinect SDK (Software Develop-
ment Kit) [15] and the OpenCV library [16], we developed
a software to capture and post-processing the sequences.

This software is able to record sequences using the four
cameras (two stereo pairs) in a synchronized fashion. In
addition, it uses OpenCV stereo camera calibration to obtain
the extrinsic parameters that relate the global position and
orientation of each pair of cameras. Their stereo calibration
file is stored together with the two videos as individual
frames as PNGs (Portable Network Graphics). The two
stereo color images are stored as RGB (Red Green Blue)
with 8 bit per channel. It also performs post-processing on
the images before storing them.

Using the camera calibration, we can once again use
OpenCV to rectify the stereo pair of images. This is the
process where both images are transformed so every two
stereo matching pixels are located on the same horizontal
line, making the stereo matching problem much easier.

Depth is stored as a one channel image with 16 bits
per pixel, where the pixels represent the absolute distance
between the camera and the objects from the scene measured
in millimeters. From the two Azure Kinect cameras we
obtain two depth images from the point of view of the IR
sensor. These do not match any of the color frames, but
the Azure Kinect SDK lets us warp these images to their

respective color sensors. For the depth image we stored the
one corresponding to the left color frame.

For the depth image we stored the one corresponding to
the left color frame. However, time of flight techniques are
not perfect, and invalid values appear when one pixel is
not capable of correctly measure the depth. Some of the
invalid pixels that appear on the left depth image can be filled
making use of the right depth image by warping the right
image to the left using the stereo calibration. The resulting
depth image matches the left color image and has some of
its invalid pixels filled using the information from the right
image.

C. Foreground Segmentation

To model this foreground segmentation we apply object
detection and detect people on the color images. We use the
framework Detectron2 for this task. It generates a binary
mask as shown on the bottom left image from Fig. 1.

D. FVV Dataset Structure

FVV Dataset consists of a total of 72000 stereo images
with their respective foreground masks and depth image.
These images are organized by sequences, each one of them
is a directory and inside we can find the following structure:

o Original: not rectified frames.

— Color_L: left RGB frame.

— Color_L_mask: binary mask for the left frame.

— Color_R: right RGB frame.

— Color_R_mask: binary mask for the right frame.

— Depth: original left depth image.

— Complete_Depth: left depth image filled with in-
formation from the right camera.

o Rectified: rectified frames.

— Color_L: rectified left RGB frame.

— Color_L_mask: binary mask for the rectified left
frame.

— Color_R: rectified right RGB frame.

— Color_R_mask: binary mask for the rectified right
frame.

— Depth: rectified left depth image.



— Complete_Depth: rectified left depth image filled
with information from the right camera.

IV. EXPERIMENTS

A. Approach

We implemented a disparity estimation system modifying
a deep learning model from the state-of-the-art, CREStereo
[3], to make use of the foreground segmentation in the
shape of binary masks. Then, we trained it using the newly
generated dataset and compared the results to the ones
obtained by the original model.

For these experiments, first we develop a data-loader
module that allows us to load the dataset dividing it by
sequences. It also takes care of transforming the stored depth
images (Z) into disparity maps (x; —x,.). To do it, we stored
in the calibration file the baseline (B) and focal distance (f)
obtained in the calibration and rectification process. We use
them to compute the disparity map using (1).

Bf
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Using this data-loader we divide the train and test sets by
the people acting on the sequences. We use 12 people for the
train set and 4 for test, which means 75% for training (54000
stereo pairs) and 25% for testing (18000 stereo pairs).

To evaluate the trained models we used the Lq loss (2),
the Lo loss (3) and the Bad2.0 metric (4). We calculate the
same metrics but only inside of the foreground mask. Non-
valid pixels in the ground truth are never taken into account
when calculating these metrics.
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B. Training the Original Model

We follow a similar approach as the developers of the
model to train it using our new dataset. We trained it
on a NVIDIA GeForce RTX 3080 GPU, and its memory
limitations forced us to use a batch size of 1 and to reduce
the size of the images to 910x512, which we do by random
cropping the original images. The process consists of 300
epochs, each one using a random group of 500 images.

We use Adam as the optimizer with a variable learning
rate. It starts with a warm up phase going from 8 - 107> to
4 -10~* linearly in 6 epochs. Then it remains at that value
until epoch 180. Finally, it falls to 2 - 10~ linearly.

TABLE 1
RESULTS OF THE TESTS ON CRESTEREO

. Bad Avg.
Experiment Ly Lo Bad20 | L1 D | L2 D
20D time (s)
CRES
218 | 5.14 22.78 2.58 3.42 50.21 1.40
Original
CRES
1.53 | 2.29 23.08 225 2.96 45.41 1.64
Detectron

C. Adding Foreground Segmentation

To improve the results of the model, we propose adding
the foreground segmentation masks to the training. We add
the masks as a fourth channel on the input image and modify
the training loss function to give a weight of 0.75 to the
pixels inside of the mask and 0.25 to the ones outside of it.

We train the modified model using the same parameters
as with the original one. Now the memory consumption is
bigger, so we reduce the size of the images to 704x400.

V. RESULTS

Once the models were trained, we test them using the
mentioned metrics. The results are presented on Table I.
There, CRES original is the unmodified model trained with
our dataset, CRES stereo is the model that uses the fore-
ground segmentation and the metrics marked with a D are
the ones computed only on the foreground mask.

The results confirm that we were able to generate a very
good disparity estimation system using our dataset. Adding
the foreground segmentation to the training not only made
the estimation better on the foreground, but helped getting
better results on the background as well. Fig. 3 shows visual
results of the estimation, the images present good quality
and a nicely defined foreground. Adding Detectron2 helps
getting better foreground definition, as we can see on the
metallic piece on the hand of the actor on the top row, and
the table on the bottom row.

VI. CONCLUSIONS

We have proposed the use of foreground segmentation
when training deep learning algorithms for stereo disparity
and depth estimation in a FVV scenario. We have tested
it on a state-of-the-art model and archived a very promising
improvement in the performance of the system. We have also
generated a large dataset to help create disparity estimation
systems focused on multicamera DIBR applications. The
dataset can easily be extended and the original media can
be processed in different ways to obtain different results.
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