Human Pose Estimation applying ANN while RGB-D
Cameras video handling

n[0000—0001—5192—8835 v [0000-0002-2221-0231]

lakov Korovi 1 Donat Ivano

Southern Federal University, 2 Chehova st., 3479328, Taganrog, Russia

donat.ivanov@gmail.com

Abstract. In the paper we try to solve the problem of online human pose esti-
mation. All over the world security systems of railway stations, airports and
other facilities have control points. Control points are equipped with cameras
and other devices for automated data acquisition. One of the tasks within securi-
ty providing is to recognize the position of body parts of the human, passing the
control point. In this paper, a method, based on the use of artificial neural net-
works. The features of the practical implementation of the proposed approach
are described.
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1 Introduction

The task of pose estimation is relevant when solving a large number of practical prob-
lems. In the paper In the paper we describe a human pose estimation in the safety
systems of railway stations, airports and other facilities.

Usually each visitor passes a control point. At the control point, a video camera is
installed. One of the tasks of video analysis is to recognize the position of parts of the
body of the visitor. In solving this problem, it is necessary to determine the position of
the parts of the human body passing the control point, based on data from existing
cameras.

The assessment of a human posture is an urgent task [1-7] due to different applica-
tions, such as motion capture, manipulation of objects in virtual environments, aug-
mented reality, remote control of robotics means, etc. Evaluation of a person’s posture
and its change in time also allows to determine the actions performed by a person, or
his behavior, which is an important task in the construction of video surveillance and
security systems.

The process of assessing a person’s posture is related to the search for posture pa-
rameters of a human body model that is most suitable for observations on one or more
input images. While marker-based systems are already available in many commercial
applications, marker-free posture assessment is still a complex research topic.

There are many algorithms that solve this problem with high accuracy from several
input images [8, 9] or even one photograph [10, 11]. Often, such systems require



manual initialization and cannot process camera images in real time. Promising meth-
ods for assessing human posture in real time use a three-dimensional body model [12—
14], time-of-flight depth cameras [13], or RGB-D cameras such as Microsoft Kinect,
Intel RealSense, Asus Xonar, etc. [15].

In terms of the type of data used to construct the human skeleton, it can be divided
into methods based on the use of only color (RGB) [16-20] and methods combining
color and depth data (RGB-D) [21-25]. The definition of human actions can be based
either on specified criteria for each type of action, or deep learning algorithms can be
used to solve this problem. Regardless of the type of input data (RGB or RGB-D), the
main purpose of these methods is to determine either the pose of the person or the
actions performed by him.

Methods using only information about the color of the scene may have limited ef-
fectiveness due to factors such as camera movement, occlusion, the complex structure
of the scene, or changing or low illumination of the scene.

Depth data are stable with respect to changes in the shooting conditions and back-
ground, and it makes it fairly easy to segment objects by depth. The use of depth sen-
sors allows you to get a reliable assessment of a person’s posture in real time, that is,
they demonstrate high recognition accuracy and low time complexity, therefore they
are quite popular in works on recognition of human actions. These methods are popu-
lar in studies of recognition of human actions [22-24, 26, 27]. However, at present,
the accuracy and cost of depth sensors can significantly limit the areas and conditions
of use of such systems.

There are three types of depth cameras that are commonly used in computer vision
tasks: triangulation (using a pair of RGB cameras or a stereo camera), a time-of-flight
camera (TOF, Time-of-Flight camera), and a camera based on structured backlight-
ing.

Depth sensors based on structured illumination and TOF are subject to significant
errors and low accuracy of measuring depth when working outdoors due to external
illumination of the scene.

Stereo cameras have a lower cost and can give a higher accuracy of measurement,
however, the calculation of depth requires more time and computational resources,
and such systems cannot be used in poor or low-light scenes.

There is also the possibility of using laser scanners, however, these devices are
very expensive and unsuitable for working in real time.

Therefore, when solving the problem of constructing a "skeleton" in order to de-
termine the human posture in real time, the best option is to use RGB-D cameras. In
this case, additional markers are not required, which cannot be installed on each per-
son passing the control point. The limiting factors for processing only color streams
or depth streams can be offset by a parallel stream. If the scene is poorly lit, you can
use the more computationally expensive features for working with scene depth. If it is
impossible to obtain a depth map using IR illumination, it is possible to use a pair of
RGB-images of a stereo camera to obtain the depth of the scene.

From the approaches described above it follows that to solve the problem of con-
structing a human “skeleton" the most optimal solution is to use data on the color and
depth of the scene. The use of existing methods based on these data streams is inef-



fective due to the presence of a priori information about the scene being processed
(the passage of a control point by a person), since by adding optimizations for a spe-
cific task, one can achieve a significant increase in the speed and accuracy of the con-
struction of the “skeleton” human and determination of marker poses for detecting
non-standard behavior. For a quick preliminary search for “nodal” points of the skele-
ton, you can use a neural network, the coordinates and connection of which are al-
ready drowned on the depth map.

2 The Proposed Method for Human Pose Estimation from a
Video Image

The principle of the proposed method is as follows: using an RGB-D camera, an RGB
image and a depth map of the scene are captured. At the first stage, a camera with IR
illumination is used, which allows you to quickly and with sufficient accuracy to get a
depth map. However, there is no problem switching to using a stereo camera, since
the method relies on processing the finished depth map, and where it was received
from (ToF camera or stereo camera) does not matter.

After receiving the color image, it goes through the preprocessing process, and a
correspondence is established between the pixels in the RGB image and the depth
map. A depth map is necessary to obtain information about the three-dimensional
coordinates of each part of the human body and the structure of the skeleton as a
whole, and that is why the RGB-D camera is used in the method.

With the help of a trained neural network, a color image is used to search for the
main parts of the human body (head, neck, trunk, shoulders, elbows, hands, knees,
feet), and the correctness of the found parts is preliminary checked based on the con-
ditions described above.

The centers of the elements found are projected onto a depth map, according to
which the coordinates of the parts of the body are further refined, a “skeleton” is built,
the correctness of its structure is checked, the resulting coordinates of each part are
obtained, and a three-dimensional graph of the “skeleton” is constructed.

Thus, the following stages can be distinguished:

e Preparatory stage:
— Collection and layout of the base of RGB-images with people in various poses
— Neural network training
— Calibrate RGB-D cameras
e Main stage:
— Getting RGB images and depth maps
— Distortion correction
— RGB images and depth maps
— Select a region of interest on a depth map
— Detecting body parts in an RGB image and obtaining their three-dimensional
coordinates
— Validation of the received skeleton



— Search for skeleton elements by depth map

The most significant stages of the proposed method are considered on the example
of practical implementation.

3 Practical implementation of the proposed method

3.1 Preliminary stage

The method of preliminary improvement of video sequence images [28] and the gen-
eral algorithm of a target environment analyzer [29] are used to prepare images from
the camera.

To train the neural network used for the preliminary search for body parts in the
RGB image, a database of images was collected and marked out (70% of them for
training and 30% for verification).

The database of images was collected by shooting people in various poses and per-
forming some standard actions to obtain each part of the body from several angles and
under different shooting conditions. Each image contains a set of traceable body parts,
not necessarily complete. From frame to frame, changes were made to: scene illumi-
nation, angle, scale and rotation, so as not to train the neural network in specific
shooting conditions.

To perform the marking of the image database, software was developed to acceler-
ate the marking process. A screenshot of the program used is shown in Figure 1.

1. Head(Fonosa) 2. Neck 3. Shoulder(Mneuo) 4. ) 5. Hand ) 6. Body( 7. 8. Feet(Crynws)

i

Fig.1. Image Markup Software

The developed software allows you to specify a list of labeled classes, switch be-
tween them, select the corresponding areas in the image, load and save markup data in



an xml file, prepare a batch data set for training a neural network using the Tensor-
flow framework [30, 31].

To train the neural network, the following set of classes was chosen: head, neck,
center of the trunk, shoulder, elbow, hand, pelvis, knee, foot. If one of the classes was
absent or was poorly visible on the marked image, then the corresponding part of the
body was not marked. Examples of labeled images are shown in the following figure

Fig.2. Tagged Image Examples

Based on the obtained set of tagged images and xml files with information about
the markup, the neural network was trained. To solve the problem of searching and
classifying objects on RGB images, we used the Google Object Detection API, which



allows you to fine-tune the future network model and select the necessary relationship
between accuracy and speed.

Neural network training was conducted using Amazon Web Services, and more
than 200,000 steps were taken to prepare the final neural network model. The use of
cloud services is due to the high computing and time costs of network training.

When an image is received using an RGB camera due to the distortion effect, sig-
nificant perspective distortions are observed at the image edges [32]. To correct dis-
tortion, it is necessary to calibrate the camera methods [33].

3.2 Main stage — building a "*human skeleton™

Figure 3 shows a block diagram of the algorithm of the method for detecting a human
skeleton by the data stream received from an RGB-D camera.

( Begin )
| Initialization |
N

Getting a color image (color_img) and a

depth map (depth_img) from an RGB-D
camera

v

Perspective distortion correction
RbgFrameRestore(rgb_image,
inner_cam_param)

v

Aligning color and scene depth data
AlignFrames(color_img, depth_img)

Selecting an area of interest on the depth
map and cutting off excess elements
DepthMapOptimize(depth_img)

Detecting body parts in an RGB image and
obtaining their three-dimensional
coordinates
PartsDetection(color_img, depth_img)

Is the skeleton built
correctly and completely or is it
impossible to build?

Search for skeleton elements on a depth
map

A request was received to stop the’
detector

Fig.3. Human skeleton detection algorithm



Let us consider in more detail each of the stages of the method for detecting a hu-
man skeleton.

3.3 Acquiring RGB images and depth maps and distortion correction

The RGB-D camera provides a couple of frames: RGB images and depth maps.
Frame construction is done by converting the byte stream from the RGB-D camera to
the corresponding data structures.

The color image is in RGBA8888 format, the depth map is a 16-bit image in gray-
scale. The resolution of the RGB image is usually greater than the resolution of the
depth map, so at one of the next steps it is necessary to display pixels between this
pair of frames.

According to the internal parameters of the camera obtained at the preparatory
stage and the calculated distortion coefficients, the perspective distortions of the RGB
image are corrected.

3.4 RGB images and depth maps

Knowing the external parameters of a pair of cameras (color and rangefinder), we
combine the pair of frames. For each pixel of the depth map, knowing (X, y, z), we
calculate the coordinates and size of the region in the color image, the Z coordinate is
the value of the depth map in the selected pixel, and it is equal to the distance from
the camera plane to the point. The pixel of the depth map corresponds to the region in
the color image, and not one dot due to the fact that the resolution of the color image
is greater than the resolution of the depth map.

Since the distances to the points in the color image are not known, it is not possible
to make directly correspondence of a pixel of the color image to the pixel of the depth
map. Therefore, to establish such a correspondence, simply a “back link” is used.
The principle of matching by “backlink” is shown in Figure 4.

Depth Map (640x480) i Part of the color image (1920x1080)
the pixel in th
€ depth ma —
cor P
responds tq anarea in the
color image
[
)
Then each of the pixels in this
area corresponds to a specified
pixel of the depth map
(“backlink”

Fig.4. OtoGpaxeHune nukceneit Mex/1y LBETHBIM H300pakeHHEM U KapToii TTyOUHEI

The correspondence of pixels is established by storing the indices of the corre-
sponding points.



3.5  Selecting a region of interest on a depth map

With the known internal parameters of the depth camera, and data on the location of
the control point, it is necessary to cut off all unnecessary details on the depth map,
except for the surface related to the human body. The floor and objects located out-
side the control point can be cut off according to the specified threshold values Y and
Z of the coordinates of the points in the scene.

Each pixel of the depth map is converted to a vertex in three-dimensional space us-
ing expression (1):

|(Wx = (dx - Cx) -‘;_::1
dz
{Wyz(dy_cy)'gf @

t Wz=dz

where d,,d,,d, — (X, y) pixel coordinates on the depth map, (z) distance to the
corresponding point,
Wy, Wy, W, — Vertex coordinates in three-dimensional space,
Cx, Cy — Optical axis coordinates,
fx fy — focal length along the x and y axes
Depending on the position of the camera and the control point, threshold values
are set for cutting off excess vertices and points on the depth map. For example, if the
frame of the control point is located directly in front of the camera at a distance of 2
m, has a width of 80 cm, and the camera is at a height of 2 m from the floor, you can
specify the following set of restrictions:

0, mpu w, (i) < —400 wau w, (i) > 400,
d, = 0, mpu w,, (i) < —2000, 2
0, mpu w, (i) > 2400

The restriction on z (2.4 meters) in (2) was made in order not to capture objects lo-
cated behind a person passing the control point. Those elements of the depth map that
were cut off using expression (2) will not be taken into account when constructing the
human “skeleton”.

Performing such post-processing of the depth map is aimed at speeding up calcula-
tions and reducing the likelihood of detecting “nonexistent” erroneous parts of the
body due to foreign objects in the frame. If the method should be applied in the sys-
tem without the presence of a limited area of human location, the area of interest can
be selected dynamically by searching for a person in an RGB image with further
translation of the coordinates into the coordinate system of the depth map.



3.6 Detecting human body parts in an RGB image and obtaining their three-
dimensional coordinates and validation of the received "'skeleton™

Using a trained neural network, a color image searches for parts of the human body.
The points found in the color image are transferred to the corresponding points on the
depth map, as a result of which, for each found part of the body, real three-
dimensional coordinates are calculated using expression (1).

When performing a detection, the main condition is the search for the head. If it
was not found in the color image, then an attempt is made to search for it using the
Haar cascade, since the person will most likely look towards the camera. If neither the
neural network nor the Haar cascade could perform a search for a person’s face, this
frame is skipped. This is due to the fact that the head is the simplest element to search,
and can act as a starting point for checking the correctness of the construction of the
entire skeleton.

After receiving the three-dimensional coordinates of the center of each of the parts
of the human body, the correctness of the construction of the skeleton is checked. The
following set of criteria is used:

1. The length of the humerus of the left and right hand should differ by no more than
5%;

2. The length of the radius of the left and right hands should differ by no more than
5%;

3. The distance from the center of the neck to the center of the head cannot exceed
1.5 * the height of the head;

4. The center of the body cannot be higher than the neck or head (this test is connect-
ed with the assumption of “standard” postures of the person when passing the con-
trol point);

5. The lengths of the thighs of the left and right legs should not differ by more than
10% (if the thigh is not visible on the frame, this check is not taken into account);

6. The lengths of the tibia of the left and right leg should not differ by more than 10%

(if the tibia is not visible on the frame, the check is not taken into account);

. The distance from the neck to the shoulders should differ by no more than 15%;

8. The neck and shoulders should be located in a rectangular area responsible for the
detection of the human body.

~

If any of the parts of the body does not satisfy the specified conditions, then it is
marked with a marker, according to which at the next stage an attempt will be made to
complete the specified part.

On the one hand, the difference in the measurement of the lengths of the left and
right arms or legs of 0.5-1.5 centimeters is a rather large measurement error, however,
for the tasks of assessing human postures corresponding to non-standard behavior,
there is no need for an absolute measurement error of 1 mm. Even with an error of 1.5
cm, it is possible to evaluate the relative position of body parts relative to each other.
If from frame to frame, the resulting lengths will range from -0.5 to +0.5 cm, such
vibrations can be smoothed out by applying a filter. This can be either a smoothing
filter or a Kalman recursive filter.
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If violations are observed during the verification of the criteria described above,
then an attempt is made to make corrections to the constructed skeleton; if this fails,
then the frame is skipped. In case of successful processing of the next frame, the co-
ordinates of the body parts on the previous “unsuccessful” frame are calculated using
interpolation. If the number of iterations of this stage exceeds 5 times and the struc-
ture of the skeleton with the available parts does not pass verification, then the current
frame is marked as incorrect and is skipped.

Figure 7 shows an example of the operation of the detector of body parts and the
distance from the plane of the camera to each point:

E HEAD [672 mm]]

BODY [776 mm
SHOULDER (804 mm]|
=]

SHFOULDER (747

NECK [ 778 mm ]|
o

Fig.5. The result of using a body parts detector

3.7  Search for skeleton elements by depth map

Following a given set of rules, an attempt is made to complete the missing parts of the
skeleton. Such parts are considered elements that were not found when detecting body
parts in the RGB image and obtaining their three-dimensional coordinates, as well as
elements marked as unreliable when checking the correctness of the skeleton ob-
tained.

The set of rules is based on a priori information about the structure of the skeleton,
the relationship of body parts with each other, and the proportions of the human body.
Here are a few examples of the applicable rules.

If there is no neck, then the angle of inclination is determined from the known ele-
ments of the torso, and the main neck is searched from the center ready in the given
direction - the point of intersection of the axis passing through the center of the head
and body-axis and the axis passing through the centers of the left and right shoulder.

If there is no information about the coordinates of the elbows, a gradient descent
along the visible surface of the arm is made from the shoulder to the side of the hand,
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and a point is searched between them in accordance with the ratio of the length of the
humerus and radius of the person.

A similar approach is used for knee detection, only the two edge points are the feet
and lateral parts of the human pelvis.

When obtaining coordinates for each missing part of the skeleton, the skeleton
structure is also checked for correctness when adding a new node. If the element is
found correctly, then its coordinates on the depth map are converted into three-
dimensional world coordinates using the expression (1).
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5 Conclusions and Future Work

The obtained results allow real-time recognition of all visible on the image parts of
the body of a person passing the control point.

In the future, it is planned to use the information obtained on the coordinates of the
parts of the body and the change in these coordinates over time, to analyze the nature
of the movements of the person passing the control point. An analysis of the nature of
the movements will make it possible to determine some types of deviations in behav-
ior.
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