
Sebastian BUDZAN1, Mateusz SZWEDKA1

Silesian University of Technology, Department of Measurements and Control Systems (1)
doi:10.15199/48.2024.12.12

Integration of YOLO detection algorithm with trajectory
prediction of pedestrians for advanced driver assistance system

Abstract. The article explores the potential of integrating the YOLOv3 detection algorithm with trajectory prediction in ADAS systems. It presents the
concept and analyzes the effectiveness of this combination in various driving scenarios. Additionally, it discusses practical implementation aspects and
suggests directions for the development of this solution for advanced driver assistance systems.

Streszczenie. A artykule zaprezentowano potencjał integracyjny algorytmu detekcji YOLO w wersji 3 z predykcją trajektorii w systemach ADAS.
Przedstawia on koncepcję oraz analizę efektywności tego połączenia w różnych warunkach drogowych. Ponadto omawia praktyczne aspekty imple-
mentacji i sugeruje kierunki rozwoju tego rozwiązania dla zaawansowanych systemów wspomagania kierowcy. (Integracja algorytmu detekcji YOLO
z przewidywaniem trajektorii ruchu pieszego dla zaawansowanego systemu wspomagania kierowcy)
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Introduction
Contemporary Advanced Driver Assistance Systems

(ADAS) face the challenge of integrating various technolo-
gies to ensure effective detection and prediction of behaviors
on the road. However, the complexity of the road environ-
ment and the diversity of traffic participants’ behaviors require
continuous improvement of these systems. Currently, ADAS
systems include many algorithms, mostly based on video in-
formation, including systems such as maintaining the driv-
ing path using road line detection, obstacle detection, pedes-
trian detection, road sign detection, intelligent speed assis-
tance system, fatigue detection, and general driver’s condi-
tion, parking assistance and rear and all-round video camera.

Pedestrian detection systems are based on increasing
road safety, thereby increasing the chance of avoiding a colli-
sion between a vehicle and a pedestrian. As the statistics of
the World Health Organization show in the document "Global
status report on road safety 2023", pedestrians accounted for
23% of all fatalities, and drivers 30% [1]. Pedestrian detec-
tion in real applications is a complex process and includes
not only detecting the human pose, but also tracking move-
ment, detecting orientation, analyzing intentions, and ulti-
mately predicting potential collisions. In the case of advanced
solutions, the ADAS system will also take into account scene
analysis and parameters related to vehicle movement. More-
over, pedestrian detection is associated with many factors to
which the algorithm should be robust, i.e. the appearance of
pedestrians, crowds when the human pose is not fully visi-
ble, varied distance from the camera, variable background,
and weather conditions.

Taking into account all the above observations, the prob-
lem of effective detection should be reduced to the precise
detection of the human silhouette and then the estimation of
the movement trajectory or analysis of the pedestrian’s inten-
tions. For this reason, the article presented the results for
various scenarios of pedestrian movement, including those
crossing a pedestrian crossing or moving along the sidewalk.

In this work, we described pedestrian intention estima-
tion idea and pedestrian pose detection with trajectory pre-
diction methods. We analyzed the effectiveness of a combi-
nation of YOLOv3 and a straightforward trajectory prediction
algorithm. We analyzed the obtained results using SYNTHIA
DataSet for different moving pedestrian scenarios.

Pedestrian intention estimation (PIE)
The main element of pedestrian behavior prediction sys-

tems is the ability to assess pedestrian intentions, which we

understand as the intention and action taken by a pedestrian
on the road. Effectively assessing these intentions is crucial
in a driver’s ability to respond to potential adverse reactions
from a pedestrian. For this reason, the pedestrian’s inten-
tions should be clearly defined using information obtained
from the analysis of his pose, movement, action taken, or
his surroundings and his interaction with the environment.

The PIE methods can be categorized into three main
groups [3], i.e. based on the duration of prediction, the
type of features involved, and the type of model used. In the
first group, short-term and long-term predictions are distin-
guished. These methods are primarily intended to predict the
movement of pedestrians. Short-term methods allow for pre-
dicting the next few seconds, while long-term methods aim to
estimate its trajectory or target.

Feature-based methods can be based on pedestrian
features, contextual features, or a hybrid solution. Pose [4],
head orientation [5], trajectory [6], and displacement is
important for pedestrian features. Contextual, on the other
hand, is based on the analysis of the pedestrian environment,
i.e. social interactions, scene information, and ego-vehicle in-
formation. In the case of social interactions, situations when
a pedestrian is in a crowd are most important. Scene analy-
sis focuses on assessing whether a pedestrian is near pedes-
trian crossings, intersections, or stops. Hybrid solutions nat-
urally combine both previously mentioned solutions and are
used in the most complex scenarios.

An interesting approach is to base it on the model type.
In this group of methods, solutions are often based on pre-
diction with all kinds of filters, e.g. Kalman [7] allowing the
prediction of pedestrian traffic trajectories, then we are talk-
ing about dynamic models or the use of neural networks,
then most often the solutions will be data-driven models. In
this group, both CNN and Long Short-Term Memory (LSTM)
[8, 9, 10], Game-theory-based models [11], and Graph-
based networks models [12] are used. Their common fea-
ture is that they are based on data that, when used to train
the network, can take into account unusual, rare road situa-
tions, but require significant computational expenditure and
the preparation of a data set, the quality of which will largely
determine the effectiveness of detecting road situations in-
volving pedestrians.

Taking into account that the PIE methods should ulti-
mately be designed for usability in ADAS systems, taking into
account the above, we decided to use a hybrid solution in our
work that does not focus on specific road situations but is
based on a precise human pose detection algorithm along
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with trajectory estimation. Effective detection of the human
pose is crucial due to the possibility of using simpler and
faster trajectory prediction methods, but it is also the start-
ing point for the detection of specific road situations involving
pedestrians. This approach will naturally be a cascade so-
lution in which the human pose is first detected, and then,
based on data about the position of the pose in time, we
estimate the pedestrian’s trajectory. In this regard, we also
conducted research using several selected, typical extreme
road situations related to pedestrian movement, i.e. cross-
ing lanes in front of the vehicle, moving on the sidewalk ap-
proaching and away from the vehicle.

Pedestrian pose detection and trajectory prediction
Human pose detection algorithms are most often an

adaptation of algorithms used for this detection in outdoor
conditions or previously used in the case of urban surveil-
lance cameras. The scene seen from the perspective of the
car’s camera is completely different, and the speed of the
car causes the background to change much faster compared
to situations in which the camera is stationary and only the
person moves. The most commonly used detection methods
use the classical approach or neural networks. In the classi-
cal approach, the method comes down to extracting features
specific to the human figure. The most basic approach is to
use the Histogram of Oriented Gradients descriptor most of-
ten in combination with the Support Vector Machines classi-
fier [13], which focuses on low-level features, through the in-
formation on the intensity of the gradient for the featured nine
directions. However, the method has some disadvantages,
the main of which is the problem of covering a fragment of
the silhouette by another or a completely different object, as
well as a high percentage of objects incorrectly classified as
human poses, especially for objects whose gradient system
is similar to the human pose, e.g. lanterns, power poles, high
windows. Among the classical methods using feature extrac-
tion, Haar Classifier, and Aggregate Channel Features are
also used. These types of methods often use additional op-
erations to improve the efficiency of their algorithms, such as
background reduction, filtration, and conversion to other color
spaces. On the other hand, a common approach is to use a
hybrid approach in which pose detection is combined with the
detection of the head [14] or other parts of the human body,
but in this case, the authors most often use the second group
of methods, i.e. neural networks [15, 16].

These methods most often use Convolutional Neu-
ral Networks (CNN), YOLO, Single Shot Detector (SSD),
Region-Based Convolutional Neural Networks (R-CNN), Fast
R-CNN or Faster R-CNN. The next proposed variants of neu-
ral networks are aimed primarily at improving efficiency while
reducing computational costs, but the most important reason
is the need to take into account the dynamics of the scene in
front of the vehicle, the unusual behavior of the pedestrian, as
well as the speed of the vehicle and the pedestrian. Impor-
tantly, the methods strive not only to increase true positive
(TP) detection but to reduce false positive (FP), a problem
that is present in human pose detection algorithms.

Detection and prediction of pedestrian trajectories is one
of the most important elements of the PIE system. Due to the
complexity of the scene in urban conditions, the influence of
external factors such as social relationships, scene dynamic,
and interactions with other people and other objects in the
scene [17] its precise determination in a short time horizon
of 5-10 seconds is a key aspect of the effectiveness of the
system for predicting pedestrian behavior on the road. The

effectiveness of trajectory estimation depends largely on the
precision of silhouette detection and also affects its predic-
tion. A popular approach to the problem of prediction is the
use of statistical methods, filters, e.g. Kalman [18], advanced
tools such as Long-Short Term Memory Networks (LSTM)
[19], or knowledge-based approaches [20].

Dataset used for research
During our work, we relied on a public data set, which

is recognized as SYNTHIA DataSet [21]. It contains about
100GB of images and is also divided into training and test
collections if we want to provide a model based on neural
networks. Moreover, this data set has also a pack of detailed
information about those images, like the position in the image
in both two dimensions and three dimensions. The main ad-
vantage is the possibility to provide multiple scenarios thanks
to the uniqueness of scenes, e.g.: walking through the road
crossing or change of trajectory during the walk on the side-
walk. It is a very wide set (tabela 3.1), which contains 13
object classes. [22].

Class ClassID Red Green Blue

Road 3 128 64 128
Car 8 64 0 128
Sign 9 192 128 128

Pedestrian 10 64 64 0
Cyclist 11 0 128 192

Table 1. Partial table with description of chosen class with its chan-
nel intensities

According to license limitations, authors allow the scien-
tists to use their set for research or educational purposes.

Object
class Angle (◦) Two-dimensional format limiting

[xmin, ymin, xmax, ymax] (px)
Pedestrian 3.08 [82.16, 170.8, 159.54, 431.45]

Table 2. Table, which contains class etiquette and information about
the position

Fig. 1. Pedestrian walking through a road crossing - 000391.png

To research further detection and prediction information
gained from the third column of the second table (Table 2.)
will be used. Our work will be focused on implementing
proper mathematical operations connected with the YOLOv3
algorithm and detecting pedestrians during their movement
(see Fig. 1).

The integration of algorithm
The name YOLO is an acronym for the network, whose

full name is "You Only Look Once" (see Fig. 2). It uses a
single deep convolutional network for both classification and
detection. There are some advantages to using it, including
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that the method takes in the whole image in the learning pro-
cess, so it is thus possible to spot a class object together with
the whole background. The algorithm divides the image into
a grid of size SxS. When the focal point falls into one of the
grid cells, this grid cell will be responsible for object detection
[23]. Its CNN backbone is Darknet53, which was originally a
deep convolutional network of 53 layers. A further 53 layers
are added for detection purposes. The network also provides
for ten times as many cubes as the second version, which
unfortunately has a significant impact on speed [24].

Fig. 2. YOLO’s network architecture [25]

Nevertheless, it is not possible to provide a prediction
using YOLOv3 alone. For this to be possible, further solutions
need to be implemented, and we aimed to determine how
complicated it is to provide something comparable in any way
to the current ADAS systems. We also decided to test our
results in several scenarios in which a pedestrian crosses
the road on the left or right, and a pedestrian walks on the
pavement in our direction and the opposite direction.

The first scenario is presented below, where we can see
pedestrians walking from the right side of the pavement to
the left and vice versa.

(a)

(b)

Fig. 3. First scenario - pedestrian walking through the road, right to
left (a),left to right (b)

We used the data information as a rectangle with a
marked human pose calculated by the YOLOv3 algorithm
when detecting the desired class (see Fig.3). The rectan-
gle was split in half both vertically and horizontally to get the
location of the dot which is crucial for prediction. Using these
dot samples, a straightforward algorithm was developed that

took five previous samples to predict five future samples. The
algorithm was based on tables that generally stored 11 sam-
ples. The sixth - last one; from the past was always ommited.

(a) (b)

(c) (d)

Fig. 4. Prediction results for first scenario – pedestrian walking
through the road

As can be seen in Figure 4, the algorithm seems to be
very stable - especially in the vertical dimension, where can
be observed daily pedestrian movement; and gives promis-
ing results for both situations. Figure 4a and Figure 4b are
related to the a image from Figure 3, and b is related to the
b image from Figure 3). It was possible to find further points
where the pedestrian was supposed to move.

(a) (b)

Fig. 5. Second and third scenario – pedestrian moves toward us (a)
and away from us (b)

However, we also presented two other scenarios. These
provide an answer to the question of whether the algorithm
is "good enough" to provide correct prediction in situations
where the pedestrian is walking towards the camera as well
as in the opposite direction (see Figure 5). It seems that
the results will not be as good for these specific situations
and, according to the data presented in the graphs, are only
slightly better for the first case.

(a) (b)

Fig. 6. Prediction results for second and third scenario – pedestrian
moves toward us (a) and away from us (b)

The prediction results of the second scenario are pre-
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sented in Figure 6 (a), and the third scenario in Figure 6 (b).
Importantly, the differences between the future points esti-
mated from the trajectory prediction are not large enough to
effectively determine the direction of pedestrian movement,
which is caused by the problem of the proportion of the sil-
houette size to the image size, often emphasized in the liter-
ature, and practice, the distance of the person from the ve-
hicle’s camera. On the other hand, the obtained results sug-
gest the correct operation of the human figure detector, but
at the same time, despite the correct trajectory prediction, it
is not possible to determine the direction of movement.

(a) (b)

(c) (d)

Fig. 7. Example of overlapping scenarios

The situation in which a pedestrian moves towards us
and changes direction (see Figure 7, where a, b, c, and d are
consecutive captured frames of the same video) to cross the
road gives promising results and, according to the graphs in
Figure 8 (a, b, c and d are related to the four images in Figure
7), the changes are implemented very quickly, which led us to
conclude that this algorithm is a good start to provide much
more advanced research to establish better and more precise
solutions.

(a) (b)

(c) (d)

Fig. 8. Prediction results for overlapping scenarios

Unfortunately, as we expected from previous experi-
ments, the results in the scenario where the pedestrian
moves away from us and changes trajectory to cross the road
(see Figure 9) gave worse results than in the previous mul-
tiple scenario case. Nevertheless, the algorithm reacts very
quickly to changes which proves its sensitivity in a short time
horizon.

(a) (b)

(c) (d)

Fig. 9. Scenarios overlap - further observations

We have observed that even in situations where the pre-
diction is not very precise, we are still able to record changes
in direction very quickly, and the graphs seem to confirm this
(see Figure 10).

(a) (b)

(c) (d)

Fig. 10. Scenarios overlap plots - further observations

Determining efficiency
During our work, we have decided to use a few statistical

methods to determine if our solution gives any proper results.
Those methods are described below.

Pearson correlation coefficient
It allows us to measure the linear relationship between two
sets of data. The correlation coefficient varies between -1
and 1, with correlations of -1 or 1 indicating an exact linear
relationship, while a value of 0 indicates no correlation. A
positive correlation provides information that as the argu-
ment x increases, the value of y increases, while a negative
correlation does the opposite, i.e. that an increase in the
argument x will cause the value of y to decrease [26].

ρ =
cov(X,Y )

σxσy
(1)

Estimation however is determined with equation 2.

r =

∑n
i=1(xi − x)(yi − y)√∑n
i=1(xi − x)2(yi − y)2

(2)

x value is mean of x vector, y value is mean of y vector.
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Spearman’s rank correlation coefficient
The Spearman rank correlation coefficient is a non-
parametric measure of the monotonicity of the relationship
between two data sets. Contrary to Pearson’s correlation,
Spearman’s correlation does not assume a priori that the two
data sets have a normal distribution. It also varies between
-1 or +1, with 0 indicating no correlation, while correlations of
-1 or 1 indicate an exact monotonic relationship. A positive
correlation provides the information that as the argument x
increases, the value of y increases, while a negative correla-
tion does the opposite, i.e. that an increase in the argument
x will cause the value of y to decrease [27].

ρ = 1− 6
∑

d2i
n(n2 − 1)

(3)

The value of d represents the distance between pairs xi

and yi, while n represents the number of samples provided.

Kendall’s Tau
Kendall’s Tau is a measure of concordance between two
rankings. Values close to 1 indicate strong agreement and
values close to -1 indicate strong disagreement. It mea-
sures the degree of monotonicity between variables and, like
the Pearson model, calculates relationships between ranked
variables, making it applicable to data with a non-normal dis-
tribution [28]

τ =
c− d

c+ d
=

S(
n
2

) =
2S

n(n− 1)
(4)

The value of c in alignment 4 indicates the number of
congruent pairs, while d indicates the number of incongruent
pairs.

Student’s "t" Test
This test is defined as a statistical hypothesis test. Its pur-
pose is to test whether two samples were drawn from the
same population as expected. It works by testing the means
of two samples of data to see if they are significantly different
from each other. It does this by calculating the standard er-
ror of the difference between the means, allowing itself to be
interpreted in such a way that it is possible to see how likely
the difference is if the two samples get the same mean. The
t-value, on the other hand, can be interpreted by comparing
it to outliers obtained from the t-distribution. The outlier itself
can be calculated by using the degrees of freedom and the
significance level using the percentage point function (FPP).
This test is divided into two versions, one is to test unbound
samples, i.e. samples that are independent of each other,
and the other is to test bound samples, i.e. samples where
the samples are dependent on each other, e.g. repeated ac-
quisition of points from an image on the same object. In the
case of the second method, the following formula should be
used [29].

t =
XD − μ0

sD/
√
n

(5)

In equation 6, XD is the mean, while sD is the standard
deviation between all pairs. The constant micro0 is equal
to zero when testing whether the mean of the difference is
significantly different. The degrees of freedom are equal to

n-1, where n represents the number of samples. By degrees
of freedom, it meant the sum of all observations in the two
samples minus two.

Results of efficiency determination
All classes used in the study were analyzed, thus dif-

ferent results were obtained. Table 3 containing the results
for each is included below. Tests were carried out based on
points detected and points predicted on the x axis, as signifi-
cant changes in direction are observed on this axis only.

Class Pearson Spearman Kendall

1 99% 99% 99%
2 98% 99% 99%
3 70% 71% 63%

Table 3. Correlation between points detected and predictions on the
x-axis

Each class hinted at different conclusions, the first
of which allows us to conclude that the predicted points
are directly correlated with the preceding values and this
goes without saying. This confirms that there is a strong,
almost 100% correlation between what is detected by the
algorithm and what will be predicted by the algorithm. Thus,
the algorithm, when a pedestrian is crossing across the
roadway, is very accurate and can be used in such a case
without problems. This was confirmed by all three tests
for both images of this class. When it comes to class two,
the results from the table for the tests performed by the
Spearman and Kendall models also left no doubt as to the
association of these two variables with each other. It is worth
mentioning that the received results for the first image of
this class were also almost identical. For the third class, the
situation became interesting for all correlation coefficients.
This unfortunately gave less precise predictions compared
to the 2 previous classes. The conclusion that emerges is
that camera angles and distances need to be considered,
especially for this class, as thin points can overlap signifi-
cantly. A solution may be to increase the number of steps in
the sequence or to create a condition that determines when
data is collected for the list.

Student’s test results
This subsection uses the Student’s test, which was con-
ducted on the same data obtained from the second image
of each class. This will lend credence to the validity of
the previous results while allowing an additional test to be
performed. The data are dependent datasets and will be
considered as such. Again, all results have been placed in
Table 4 and analysis has been carried out based on this.

Class Student’s T test result

1 98.5
2 42.43
3 10.75

Table 4. Student’s test performed on points lying on the x-axis

For the first class high value obtained indicates that the
groups analyzed are decidedly different from each other. This
is confirmed by the observation and comparison with each
other of the data contained in the list containing the detected
focal points and the data contained in the predictions. Fur-
thermore, it can be seen that each successive point has a
significantly different value from the previous one which facil-
itates the prediction based on the 5 points. When it comes
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to the second class it is possible to spot that after analyzing
the data contained in both sets, it is undoubtedly noticeable
that there is considerably less variation among the succes-
sive centers detected, which often differ by only a few pixels.
Despite the lack of variation, the results seemed to be accept-
able, however, the problem with the appropriate positioning
of the camera angle is confirmed here, as the points overlap
significantly. The third class, as expected, scored the lowest,
this means that more meaningful ways of scoring need to be
applied in the case of this class. The differences between
the two seem to be symbolic, so predicting trajectories far
becomes very problematic.

Conclusion
In our article, we presented the possibility of implement-

ing these solutions in detection algorithms, which could po-
tentially be very useful in ADAS systems. While the applica-
tion of the algorithm proved to be as possible and relatively
simple to implement, the results are unfortunately not highly
satisfactory. Under conditions where the pedestrian is ob-
served in cross traffic, the results can be considered suffi-
cient, but the second and third classes defined in this paper,
show some shortcomings. We also claim that the possible
limitation of this algorithm is its scalability. We have imple-
mented it to detect and predict the trajectory of one person
only. If we want to achieve results for a group of pedestri-
ans, we first have to detect and make a collection of central
points for each one of them. Nevertheless, it was possible
to confirm here the possibility of extending the pre-prepared
algorithms with the computing-optimized, author’s solutions
related to traffic trajectory prediction.
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