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Abstract. The problem of increasing the accuracy of predicting human
actions is an urgent task for various human-machine systems. The study
examines the solution to the problem of predicting human speed using neural
network algorithms, computer vision technologies, and machine learning.
The formalization and software implementation of a neural network speed
prediction algorithm are presented. To solve the problems of determining
the current speed and predicting the upcoming positions of the human body
depending on the dynamics of its movement, a comparison of various
machine learning models was carried out. The RandomForestRegressor
algorithm showed the best position prediction accuracy. The best
determination of the current speed was demonstrated by dense multilayer
neural networks. The experiment revealed that when predicting a person’s
position at an interval of 0.6 seconds, his speed is determined with an
accuracy of more than 90%. The results obtained can be used to implement
neural network algorithms for controlling human-machine systems.

1 Introduction

In human-machine systems, tracking user actions to generate relevant system responses is
fundamental [1]. One of the modern ways to organize user tracking is computer vision
technology, which has been rapidly developing in recent years due to the growth in the
computing power of devices, the quality of cameras, and the emergence of more advanced
software tools [2].

However, in the process of using human action tracking systems based on computer
vision (or other motion capture technologies), a lag effect inevitably accumulates [3]. There
are several factors that reduce system performance: time to receive data from a source (for
example, cameras); time to transfer data to the processing terminal; data processing (object
recognition using intelligent algorithms and machine learning models); transferring the result
to the control system; formation of a command; response time of equipment or software tools
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to commands. As a result, the lag can last up to several seconds. For human-machine systems,
such low performance leads to untimely responses to user actions. For example, when a
person is already performing the next action or is not able to respond to an emergency
situation in a timely manner [4], the system can send a control command that is no longer
relevant. The main way to reduce lag is to predict user movements, which can be
implemented by using various regression methods (ranging from conventional linear to more
advanced machine learning methods).

The subject area of the study is determining the current speed and predicting the future
speed of a person through the analysis of several consecutive frames. The use of various
neural network architectures and machine learning algorithms is proposed as the main
solution. As a result of the analysis, the lag will be reduced, which will ensure a timely
response of the human-machine system to user actions.

2 Material and methods

The proposed neural network algorithm for predicting includes two main stages: determining
the current speed of a person depending on the dynamics of his movement and forecasting
variations in a person's velocity through the prediction of their future body positions.

In a formalized form, the following task is obtained: it is necessary to select a machine
learning algorithm A and its parameters P, which approximate the regression relationship

between a set of human body positions {X,_,,,,..X,_;,X,} from Q0 number of measurements

and its current speed s, with a minimum error E relative to the real speed s, :

A(x, X_.X}.P)>s),

1—=Q+12°"
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E=)"\/(s; —s,)" - min.
t=0

Each element X, contains the positions of key points, normalized relative to human body

center.

To create a training dataset and collect the required amount of data, two methods are
proposed:

— recording a person’s movement on a video camera with subsequent capture of key
points of the body; the person’s speed is determined by setting a fixed speed value
on the treadmill [5] and using manual start/stop to record changes in walking;

— simulation of the movement of a digital human model in a virtual environment,
saving the animation in the form of a video sequence, and then capturing the position
of all the necessary points and the current speed of the model’s movement. This
allows for varying the speed of movement by changing the animation speed [6].

The two methods are combined after obtaining information from two sources and
normalizing the initial data on the position of the human body. The number of key points is
determined by body recognition algorithms. Previous research shows that 18 points are
enough to completely reconstruct a human body model [6]. To capture points of the body, it
is possible to use various machine learning models (MediaPipe, MoveNet) and modern
TokenPose models and their modifications [7]. Previous research shows that 18 points are
enough to completely reconstruct a human body model [6].

Thus, to successfully solve problem (1), it is necessary to implement and compare various
machine learning algorithms and neural networks. The analysis revealed that it is justified to
use the following algorithms [8—10]:

— Regressors based on decision trees (DecisionTreeRegressor): easy to implement and
interpret machine learning algorithm that allows for approximating the regression
dependence;
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— Regressors based on random forest (RandomForestRegressor): an ensemble
classification method that combines several estimators (decision trees with a given
depth) to improve accuracy;

—  Multilayer dense neural networks: simple and universal approximators;

—  LSTM type recurrent neural networks: common and effective models for time series
analysis;

—  Multilayer convolutional neural networks: designed to generalize the features of
time sequences and series.

In addition to solving problem (1), it is necessary to predict the speed of a person at some
point in time. Formalizing the stages of this task can be achieved by adapting the results of
the previous study [11].

Let a set of data H, ={X, ,,,,...X, ,,X,} be given corresponding to the moment of time

=1
t €T , which is denoted as the number of measurements Q of the object (user). According to
the number of measurements @, a prediction for W steps (W) can be made:
F ={X,,,..X, .w»X,.n}-Thelengths of 0 and W may be equal or vary. However, it is worth
taking into account that a larger Q simplifies predicting due to an increase in the amount of
data, while a larger W reduces the prediction accuracy.

The process of training a neural network can be formulated as follows: for each output
vector ;j in the training sample ¥; =(X X X ), the corresponding input vector

JESEXRTEC Y T
t_
X =X

o X; 1, X ;) is composed of O previous sets of the object's states. Thus, the input
of the machine learning algorithm 4, is composed of Q previous states of the object, and
the output consists of W subsequent states. Then the optimization task of the algorithm 4,
is to minimize the standard error £ of the predicted values from their real values:
A X Y,
’ . 2
E(A,) — min.
To solve problem (2), various machine learning algorithms discussed above are also used,
since their architecture involves solving both problems by changing only the output layer.
Figure 1 shows a scheme of the experiment reflecting the progress of solving problems 1
and 2.
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Fig. 1. Scheme of the neural network predicting algorithm.
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At first, the original frame from the camera is converted into a set of coordinates of human
body key points. Next, it is necessary to collect data about the movement and generate Q

number of key point positions of the human body, which are fed to the input of the neural
network model. This makes it possible to reduce the lag of the control system by W (1/FPS)

ms, where FPS is the frequency of the video sequence received from the camera.

3 Results and discussion

To solve problems (1) and (2), a comparison of various machine learning algorithms and
neural network models was carried out. A summary of the final optimal characteristics of
algorithms and models is presented in Table 1.

Table 1. Final characteristics of machine learning algorithms.

Model Description

DecisionTreeRegressor Standard decision tree regressor with parameter max_depth =
(DTR) 5

LinearRegression Ordinary least squares linear regression with default
(LR) parameters

RandomForestRegressor Standard random forest regressor with parameters

(RFR) n_estimators = 10, max_depth =35
Convolutional neural Multilayer convolutional network of 4 pairs of Conv1D and
network (CNN) BatchNormalization layers (number of filters: from 32 to

256), GlobalAvgPool2D, and Dense layers
Recurrent neural network Multilayer neural network with 2 hidden Dense layers of 100

(LST™M) and 200 neurons and 2 LSTM layers of 20 neurons
Simple neural network Multilayer neural network with an input consisting of a
(NN) hidden Dense layer of 200 neurons with a ReLU activation

function and a Dropout layer with 20% pruning

Each of the architectures was used to solve problems 1 and 2. The results for the control
sample not involved in training or testing the algorithms are presented in Table 2. For the
first task, 4 tests were carried out, two of which did not use predicted data (W =0). In
addition, the size of 0 and W varied: 10 and 15 frames were used, which corresponds to 0.4
and 0.6 seconds. The total volume of collected data on human movement at different speeds
on an active running platform was 3495 records for training and testing and 548 records for
control validation. To assess the quality of the models, the metric of mean absolute error
(MAE) between the actual speed and the prediction was used. For the second task, the
deviation for each tracked point of the human body model was calculated, and then the MAE
was determined.

Table 2. Comparison of machine learning algorithms using the MAE metric.

Model Speed determination problem (1) Speed prediction
problem (2)

Q=10, Q=10, Q=15, Q=15, Q=10, Q=15,
W=0 W=10 W=0 W=15 W=10 Ww=15
DTR 0.101 0.213 0.095 0.2 0.0033 0.0037
LR 0.496 0.489 0.489 - 0.0034 0.0035
RFR 0.1 0.158 0.096 0.163 0.0021 0.0022
CNN 0.164 0.183 0.163 0.177 0.0101 0.0103
LSTM 0.196 0.216 0.171 0.198 0.0064 0.0069
NN 0.084 0.133 0.081 0.129 0.0044 0.0048
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In the first problem, it was found that when determining the speed based only on the
current position values for 10 or 15 frames, the NN model shows the best performance.
Analysis of predictions for 10 and 15 frames shows that the NN model also has the smallest
error. The second most accurate model is RFR. The LR model at Q=15, W=15 was unable to
correctly approximate the speed, showing too high an error, which makes this model
unsuitable for use.

The solution to problem (2) is provided by almost all algorithms; the most effective is the
RFR model. The result of applying the RFR model to predict position and NN to determine
speed is presented in Figure 2.

Real speed: 0.99 Speed forecast (Q=10,W=0): 1.08

Speed forecast (Q=15,W=0): 1.03
Real speed (W=10): 1.11 Speed forecast (Q=10,W=10): 1.22
Real speed (W=15): 0.65 Speed forecast (@=15W=15): 0.71

ey

b

Fig. 2. The use of trained models to predict speed.

This experiment uses video obtained by capturing a virtual scene in which a digital human
model is walking. There is a certain increase in error when using a forecast of 10 or 15 frames,
but this allows for a reduction in lag by 0.4 or 0.6 seconds, respectively. By assessing the
error during movement (at a speed of 1 m/s), a fairly high prediction accuracy was obtained.
The possible braking of a person during walking is also taken into account (in Figure 2, the
brake occurred after 15 frames and was predicted quite accurately). Thus, the accuracy of
speed prediction using RFR and NN ranged from 91-96% (at W=0) to 90.8% (at W=15),
which can be considered an acceptable result. The obtained result concludes that neural
network forecasting algorithms can determine a person's speed with over 90% accuracy for
a prediction interval of up to 0.6 seconds.

4 Conclusion

The study examines the problem of predicting the human movement speed using neural
network algorithms. The solution to this problem can be used in applied research, for
example, when implementing control algorithms for active running platforms. Information
about the position of points in the human body obtained using computer vision technologies
is used as initial data.

As a result of the research, a neural network prediction algorithm was formalized,
including the solution to two problems: determining the position of a person through W
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number of frames and determining his speed using Q0 number of frames. As a result of

solving these problems, the lag effect of the control system was reduced. During the research,
data on human movements was collected using computer vision and the MediaPipe library,
after which various neural network models and machine learning algorithms were compared.
The RandomForestRegressor algorithm showed the best accuracy when predicting position
and multilayer neural networks when determining speed. It was found that when predicting
a person’s position in an interval of 15 frames (approximately 0.6 seconds), the person’s
speed is determined with an accuracy of more than 90%. The results obtained can be used to
implement neural network algorithms for controlling systems with human presence, for
example, in treadmills. The direction of further research is to increase the interval of analysis
and prediction of human movements, expand the learning dataset, and increase the accuracy
of the neural network algorithm.

The research was carried out at the expense of the grant of the Russian Science Foundation No. 22-71-
10057, https://rscf.ru/en/project/22-71-10057/.
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