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Predicting of a person's position in trajectory
tracking from a continuous video stream

Oleg Amosov", and Svetlana Amosova
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Abstract. The paper proposes a method for predicting when a person enters
a forbidden zone during his trajectory following a video stream, considering
individual body parts. The authors used the PP-TinyPose PaddleHub neural
network model with its implementation based on two deep neural networks
to detect key points of the human body. The paper considers an example of
human position prediction from a continuous video stream in indoor
trajectory tracking. The authors predicted each key point in the coordinate
space of the video stream using a recurrent deep neural network algorithm.

1 Introduction

An intelligent system in production must warn people of potential risks to stop dangerous
activities before they cause serious damage. The goal is broader than just recognizing
dangerous activities or detecting damage caused by them. The detection and prediction task
focuses on recognizing humans and their body parts with fewer video frames to improve
performance. The urgency of this task stems from the need for human recognition, with the
following factors in mind:

- changing environment;

- insufficient computing power;

- rapid learning and retraining of the recognition and prediction model;
- unpredictability of human behavior.

We are currently observing research in human pose recognition (determination of body
position) from images and video streams. There are models to identify and classify key points
of the human body (Human Pose Estimation, HPE), such as, traditional [1-3] and modern
methods (State-of-the-art methods, SOTA) based on deep learning: ConvNet [4], DeepPose
[5], DeepCut [6], AlphaPose (RMPE) [7, 8], OpenPose [9], HigherHRNet [10], BAPose [11],
Paddle Paddle [12], etc.

The pictorial structure framework (PSF) is a traditional method introduced by Fischler
and Elschlager [13] to determine the human body position based on body parts. This method
works when body parts are shown clearly and not hidden by image objects. This method has
developed with contour detection algorithms such as the Histogram Oriented Gaussian
(HOGQG), but it still has low accuracy.

With the increased interest in deep learning, scientists have solved the problem of
determining the position of the human body using deep neural networks (DNNs).
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Convolutional network has been successful in machine vision tasks with a sufficient training
dataset.

Since 2014, works on single-person pose estimation in images using deep neural networks
have appeared. Work [4] proposes a new hybrid architecture comprising a convolutional
network (ConvNet) and Markov Random Field (MRF) to get an articulated estimation of
human pose on monocular images.

The idea of simultaneous recognition and determination of people's body position in
images using GNS was developed in 2016. The work [6] proposed the DeepCut method,
which performed bottom-up body position detection with a gradual recognition of all body
parts in the image and their marking (head, arms, legs, and so on).

Work [7] proposes a method of Regional Multi-Person Pose Estimation (RMPE or
AlphaPose), which is implemented "Top-Down Method" to eliminate inaccuracies in
identifying people by key points of the human body. The authors based their solution to the
problem of recognition of people on a two-step approach, based on two deep neural networks:
SSTN and SPPE. Such methods are based on a separate human detector and must evaluate
each person's pose individually. They require large computational resources and are not truly
end-to-end systems.

Zhe Cao et al. [9] introduced the OpenPose method in 2019. The method features a
bottom-up technique in which the VGG-19 convolutional deep neural network first
determines the 2D poses of several individuals, including an extended number of key points
for face, body, arm, hips, and feet, and then maps the key points to form pairs of related body
points.

The High-Resolution Network (HRNet) has shown excellent results in both top-down
[14, 15] and bottom-up [10] approaches. HRNet applied this deep neural network in BAPose,
PaddleDetection models as a basis for feature extraction and comparison for many
subsequent models for human body position determination in the video stream in top-down
and bottom-up approaches. HRNet deep neural network is used in BAPose, PaddleDetection
models for initial feature extraction, heatmap processing, and also for comparison of model
results.

All research has focused on image and video stream processing to achieve accuracy in
identifying key points of the human body. There are some works [16, 19] on predicting the
movements of individual human parts and hits in the forbidden restricted area [20, 21]. Most
of the research works reflect the tendency to focus on achieving the accuracy of keypoint
detection and omit the problem of predicting body position.

Despite the existence of many works on the estimation by deep neural networks of the
human body pose or joint localization of human joints on images and video stream, the
following problems remain:

- consideration of joint interdependence to build a predictive trajectory of the body position;
- the consideration of the shape of the body, volumetric clothing;

- the influence of illumination and viewing angles on the recognition accuracy;

- overlapping of individual body parts by objects.

The article aims to develop and investigate an algorithm for predicting human behavior
in the workspace for a time interval, considering the previous state and connection of key
points of the human body.

2 Setting the problem of predicting a person's position to prevent
him from invading a forbidden space

Considering the workspace W , in which a person carries out his activities. Access to a part
of the space (forbidden) is restricted to a person. When predicting human dynamics to predict
the entry of parts of the body into the forbidden zone, we will use the model of key points of
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the human body. Let us introduce a vector of classes for this purpose b=[B,,....B,,....Bx],
containing N classes of key points. Its elements are classes of key points for body parts like
the nose, left and right eyes, ears, shoulders, elbows, wrists, hips, knees, and ankles.

Let there be: a set of images of a person ® € Q, set by the attributes X ,, u = I,_U , whose

totality for the image ®eQ is represented by vector descriptions
P (0) = (X, (0), X,(0),..., X (0)) = X; the set of classes B={B,....B,,....0y} . The

learning set (dataset) represents a priori information D = {((X/,b%)}, Jj= I,_L , which is given by
a table, each row j of which contains a matrix description of the image (2D or 3D image of

a person) ®€Q and class vector b=[B,....B,»--,By]. We note that the training set

characterizes the unknown mapping F:Q—B [22].
It is required by the frames I, of the continuous video stream V =[I,,....I,,....,I.] and a

priori information given by the training set for deep training of neural networks with a
teacher, to solve the problem of detection, recognition, and prediction of the behavior of
images:

1) detect images — individual parts of the human body on the frames as an assessment of

features X with the help of deep neural networks that implement mapping F,:I, > X

[22, 23], and classify them using the mapping F, :X — b, according to the criterion P(X),

minimizing the probability of classification error;

2) make a prediction of the coordinates of individual body parts using time sequences of
coordinate measurements got from frames of a continuous video stream;

3) check the occurrence of predicted key points in the forbidden zones;

4) change human behavior scenarios to prevent undesirable actions.

3 Solving the problem of predicting the position of a person to
prevent his invasion of the forbidden space with a separate
procedure for selecting key points

The proposed solution method contains the following steps:
1. Separating from a continuous video stream V =[I,.,...,1,....,I.] frame I, size w" xh"

where 7 — current frame number.
2.Searching for images of a person on the frame f,:1, > G,, where G,— an array of

elements containing parameters n objects in the frame of the video stream. Deep neural
networks PP-PicoDet, VGG-19, HRNet, YOLO can detect the human body with success [14,
22, 23, 24, 25, 26]. If the sought object ® is present, we perform the transition to the next
step, otherwise, the next frame is taken.

3.The Region of Interest (ROI) of the first level R = crop(1,,x°,y°,w’,h’) , where
x’,y"— center coordinates of the ®-th object, w°, 4’ — its dimensions, crop — cutting

operation from I, the submatrix by coordinates (x"-w'/2,y"—hr’/2),

" +w 72,9 +1°/2).
4.Refinement of the area of interest for detailed information about the images of
individual parts of a person f, : (R",r) > R .
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5.Performing preprocessing of the region of interest (R =f,(R*,M,g), where M —
matrix of geometric linear and affine transformations R‘”, g —a set of matrix functions and

their parameters for brightness and contrast transformations R . Each image undergoes a
series of data magnification operations, including random rotation ([-30°, 30°]), random
scale ([0.75, 1.25]), and random rollover to improve recognition efficiency.

6. Allocation of informative features R“” by extracting features from a pre-trained deep
neural network (for example, Lite-HRNet [27]): f, : R®” X , where X region of interest
translated into feature space (feature map evaluation). DNNs architectures pre-trained on
both the COCO dataset [28] and on their own prepared datasets D.

7. Attributing a feature vector to one class f; :X — Pg, where pg — is a vector of size
Nx1, containing classification probabilities, N — number of classes. We define the
classification criterion as J(f;)=maxpy . IfJ(f;)>e, where € is a threshold, then

B, =argmax(pg ) otherwise the classification is considered wrong. The researchers
nel.N

summarized the accuracy characteristic of the method from the characteristics of the used
algorithms and calculated it using traditional metrics [29].

The results of the stage are time sequences of measuring the position N of key points of
the human body in the plane Oxy for 2D or in space Oxyz for 3D images of a person.

8.Prediction of the human body position. Let us plan a prediction problem and consider
its solution using time series for human key points.
Let the vector of the state of the human body, considering its key points, be a random

sequence A, =[(A)", ...AM ..., AW)'T, i=0,1,... . The state vector of each key point
is a random sequence A =[A], ...Al..., AT, n=LN.

Required, using a random sequence of measurements of the human body position 1 at

key points &, =[(&}))", ... ..., E)'T, & =[EL, - - gk]T ,Nn=1.N, to find
the best estimate ii Ik s which minimizes the RMS criterion

Jow = E[y; —h;,,)" (M, —%,;,,)]. Here E— a symbol of the mathematical expectation.
Note that the case & > corresponds to assessmg the state forecast.
Optimal evaluation k, . let's define it as k =¢,;(§,) . Thus, to solve the problem of

estimating the prediction of human body pos1t10n, it is necessary to find a nonlinear function
@, () in the general case in some rational way [30]. We can choose the current coordinates,

their velocities, and accelerations as elements of the state vector of the key point when finding
a prediction estimate in the Cartesian coordinate system. For example, the coordinate x for
the time moment ¢, would be the current coordinate, its velocity, and acceleration x;, v, a;
. The selection is similar for the coordinates y and z .

The Bayesian and non-Bayesian approachgs, the least-squares method can be chosen to

solve the problem of forecast estimation A, =@,(€,)[31]. Within each method, the

prediction estimate A, =@,(§,) canbe represented as A;,, = ¢,(§,,w), where the nonlinear
mapping ¢,(e) is parameterized by the vector w. Machine learning using neural networks,
fuzzy systems, wavelets, and their combinations can find w [32, 33].
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9.The entry of a person into the forbidden zone is determined by checking the inequalities

f

X <x/, yr<y', Z<z’, where X, 9,2, n=1.N — the predicted coordinates of the

key points of the person at the time ¢,, a X!, yf ,z/ — the boundary coordinates of the
forbidden zone.

4 Example

The prediction of coordinates for a time interval, considering the previous state and
connection of key points of the human body, we can estimate using deep neural networks of
Long Short-Term Memory (LSTM) [34] by time series.

Dataset. We will use the pre-trained PP-TinyPose PaddleHub model on the COCO dataset
to determine the coordinates of the key points. The COCO dataset [28] contains over 200
thousand 2D images and instances of 250 thousand people labeled with 17 key points (most
people in COCO at medium to large scales). We trained the PP-TinyPose PaddleHub model
on the COCO dataset, with the train2017 dataset (includes 57k images and 150k instances of
people) and tested on val2017 (includes 5k images) and test-dev2017 (includes 20k images).

Each key point is in the format [x,, y,,V,,...,X;, »;,v;] i.e., it has an indexed location x;, y,
and a visibility feature (reliability) v,.

Model. The PaddleDetection model supports keypoint detection with two top-down and
bottom-up solutions. The top-down approach first detects the main body and then the local
key points. This solution has higher accuracy but takes longer as the number of detected
objects increases. The bottom-up approach first detects the key points and then combines
them with the corresponding parts. It is fast and its speed does not depend on the number of
detected objects.

Let us consider an example of implementing the proposed method of predicting human
actions in the working and forbidden space for a time interval, considering the previous state
and connection of key points of the human body. We processed video clips of duration 3 with
a resolution of 1080x1920, mp4 format, and at 30 fps to show the work of the method.

Stage 1. Applies the PP-TinyPose PaddleHub model with a real-time top-down approach.

Stage 2. An "ultralight" PP-PicoDet neural network is used for human body detection
[24].

Stage 3. We normalized all detected people to about the same scale by cropping and
resizing the bounding rectangles.

Stage 4. Refine the area of interest in detailing the image information. Localization and
cropping from frames of 60x60 px images of individual body parts takes place: face, ears,
shoulders, elbows, wrists, hips, knees and ankles (Fig. 1).

a) b) ¢)
Fig. 1. Examples of splitting a frame: (a) ear; (b) wrist; (c) shoulder.

Stage 5. Each image undergoes a series of data magnification operations, including
random rotation ([-30°, 30°]), random scale ([0.75, 1.25]), and random flip.

Stage 6. An efficient high-resolution Lite-HRNet neural network [27] is used for two-
dimensional pose estimation and localization of key human anatomical points (e.g., elbow,
wrist, hip, knee, etc.) or parts. Lite-HRNet is pre-trained on 8 NVIDIA V100 GPUs with a
mini-package size of 32 GPUs, using an Adam optimizer with an initial learning rate of
2e3. The model provides a high accuracy of keypoint detection when expanding the dataset.
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We evaluate the heat maps of individual body parts got by Lite-HRNet NS to show the
validity v the location of the key point. We evaluate the Heatmaps TopDown_DARK using
a post-Gaussian filter, and average the predicted heatmaps of the original and inverted image.
The coordinates of the key points are 0 "Nose", 1 "Left Eye", 2 "Right Eye", 3 "Left Ear", 4
"Right Ear", 5 "Left Shoulder", 6 "Right Shoulder", 7 "Left Elbow", 8 "Right Elbow", 9 "Left
Wrist", 10 "Right Wrist", 11 "Left Thigh", 12 "Right Thigh", 13 "Left Knee", 14 "Right
Knee", 15 "Left Ankle", 16 "Right Ankle" (Fig. 2).
C»

: 0 [684.0994873046875, 981.4361572265625, 0.8799353241920471]
Save image to: ./logs/N_Nose/Nose_l6801€886&351.Jjpy

€95635795593]

168016886354, ipg

9 [744.18896484375, 1430.960205078125, 0.8973
Save image to: ./logs/N_Left Wrist/Left_Wri

. 16 [801.6666870117188, 1836.0, 0.49078842997550964]
Save image to: ./logs/N_Right_ Ankle/Right_Ankle 16801€88€35€.]jpg

Fig. 2. An example of dividing the frame into fragments with the coordinates of the key points.

Stage 7. The standard means Average Precision (mAP) and mean Average Recall (mAR)
help in evaluating the efficiency of the classification algorithm.

The accuracy specifications of the model for determining key points on the video clips
with a duration of 3 seconds showed average accuracy values of mAR=89% and
completeness of mAR=83%.

We emphasize the errors are because the overlap of the right parts of the body occurs in
the studied video clip and the coordinates are relative to the location of the left parts,
considering the physiological features of the human skeleton. For error-free classification, it
is recommended that a person use a stricter form of clothing with distinctive attributes of the
left and right parts of the body.

Stage 8. The input video signal is used for prediction by splitting the video into frames.
The advantage of LSTM-based recurrent networks is the support for multiple parallel input
sequences as multidimensional input data, which distinguishes them from other models.

Fig. 3. Construction of the skeleton by the key points of the human body.

Temporal coordinate sequences for 17 key points of the human body (as in Fig. 3) in the
plane Oxy are fed into the recurrence network with the LSTM layer.

To predict the values of future time-steps of a sequence for a time interval given the
previous state, it is necessary to pre-train deep LSTM neural networks on sequences where
the responses are training sequences with values shifted by one or more time-steps on COCO,
Sub-JHMDB, and/or PennAction datasets. The LSTM network learns to predict the value for
the next or more subsequent steps at each time step of the input sequence.
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We used a recurrent NS with multiple layers in our simulations: a hidden LSTM layer,
with the number of neurons varying from 200 or more; the LSTM layer is followed by a fully
connected layer with 200 neurons to interpret the detected features; the dimensionality of the
output layer is determined by the number of prediction items used, one for each prediction
time interval.

Fig. 4 shows the comparison of the predicted coordinate values at 5-time steps with the
test values. We found that the root-mean-square error of the predicted position of the selected
key point, the left ankle, with a prediction for a time interval of 1 s can be reduced to 1 cm
(up to 37 pixels) in real physical space (plane) for the considered experiment.

X Forecast
pix T

I ‘ Observed
800 - +— Forecast
700
600
500
400
300
2001

100+

0

0 5 10 15 20 25 i

Fig. 4. Forecast by coordinate X .

5 Conclusion

The paper poses the problem of predicting the position of a person to prevent his invasion of
forbidden space while trajectory following him, considering individual body parts. We have
developed a method for recognizing human body parts in a continuous video stream using
PP-PicoDet deep neural networks, Lite-HRNet. The human position prediction uses a
separate procedure to extract key points and then transfers the coordinates into temporal
sequences and processes them using LSTM deep neural networks.

The paper considered an example of human position prediction from a continuous video
stream in indoor trajectory tracking. The resulting trajectories for a set of experimental videos
were computed and evaluated using metrics that showed a positive effect on optical flow rate
estimates. We can use our algorithm as a preliminary step for further joint processing of
trajectories, such as object action recognition. We have implemented all neural network
algorithms as software modules in the Python language.

We have proved, through field experiments, the effectiveness and applicability of the
proposed method for solving the problem of human position prediction in various subject
areas in real-time.
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