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Abstract: Modeling the behavior of pedestrians is an important tool in the analysis of their behavior
and consequently ensuring the safety of pedestrian traffic. Children pedestrians show specific traffic
behavior which is related to cognitive development, and the parameters that affect their traffic
behavior are very different. The aim of this paper is to develop a model of the children-pedestrian’s
speed at a signalized pedestrian crosswalk. For the same set of data collected in the city of Osijek—
Croatia, two models were developed based on neural network and multiple linear regression.
In both cases the models are based on 300 data of measured children speed at signalized pedestrian
crosswalks on primary city roads located near a primary school. As parameters, both models
include the selected traffic infrastructure features and children’s characteristics and their movements.
The models are validated on data collected on the same type of pedestrian crosswalks, using the
same methodology in two other urban environments—the city of Rijeka, Croatia and Enna in Italy.
It was shown that the neural network model, developed for Osijek, can be applied with sufficient
reliability to the other two cities, while the multiple linear regression model is applicable with
relatively satisfactory reliability only in Rijeka. A comparative analysis of the statistical indicators of
reliability of these two models showed that better results are achieved by the neural network model.

Keywords: pedestrian children; pedestrian crossing speed; field measurements; prediction models;
neural network

1. Introduction

Pedestrian movements are an important segment of the entire urban mobility and
sustainable urban planning and design has to consider walkability of urban spaces as an
important issue. The analysis and evaluation of walkability is the subject of numerous
works in the literature [1,2]. Different works show evaluations of walkability through
specific indicators [1–3] also developed through some software tools for the evaluation of
walkability [4].

The modeling of pedestrian behavior in this context is an important tool in better
understanding the influential factors, as it enables the analysis of a large number of
scenarios and potentially dangerous interactions, without affecting the actual system and
endangering the safety of pedestrian movements.

When considering pedestrian movements, route selection and pedestrian behavior
at different types of intersections are connected and should be observed in the context of
the entire pedestrian movement [5]. The route selection must be observed in the spatial
and semantic context and influential factors related to the motivation, content of the
location and psychology are numerous [6], as well as the ones related to the dynamics
of changing preferences of the users [7], which should be analyzed in generating time-
based origin-destination matrices. In order to analyze pedestrian behavior at a specific
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type of intersection, the most commonly applied is modeling at microsimulation level.
In the study [8] Zeng et al. use an adjusted social force model in analyzing the influential
parameters of pedestrian behavior at signalized intersections. Modeling results show good
results in predicting individual trajectory and collision avoidance behavior with conflicting
vehicles.

In study [9] Bansal et al. formulated a model to explore the variation and examine the
influential factors on pedestrian crossing speed at signalized intersection. The correlation
analysis depicts that the pedestrian crossing speed has significant negative correlation with
the crosswalk width, the crosswalk length, the width of the pedestrian island, the classi-
fication of road, average traffic flow and average pedestrian delay. The variation in the
percentile crossing speeds exists among different age groups, group sizes, and crossing
patterns but the statistical analysis indicates no significant difference between genders.
The model has been developed using the stepwise linear regression (MLR) and as variables
the width of crosswalk, width of pedestrian island, and average depth of delay were
included. The reliability of the model is 70%.

Analyses of factors influencing pedestrian speed at signalized crosswalks was also
done on the basis of field investigation in Taiwan [10]. The significance of variables in the
regression analysis in this study indicated that sex, temperature, weather, number of lanes,
signal type, and pedestrian phase length significantly affect pedestrian walking speeds at
crosswalks. In this case, the reliability of the model was around 18%.

These studies show that pedestrian movement is under significant influence of cultural
heritage of a specific environment and conditions in which it was developed, therefore such
models are not universally applicable. The adjustment of the microsimulation model of
pedestrian movements to actual traffic conditions and location conditions, i.e., its’ calibra-
tion and validation through field measurements, is an essential prerequisite for successful
application of modeling. In the study [11], Gruden et al. achieved an improvement in
the reliability of microsimulation models for pedestrians by applying neural networks
in the model calibration process. The use of neural networks in modeling of pedestrian
movements has shown to produce good results. Chakraborty et al. [12] used an artificial
neural network technique to develop a pedestrian fatal crash frequency model at the
intersection level. In the research [13] Zhang et al. used neural network for prediction
of pedestrians’ red-light crossing intentions while Das et al. [14] used an artificial neural
network for traffic flow modelling to build a relationship between different pedestrian
flow parameters. A comparison of results linear regression model between observed and
estimated values for speed and flow parameters, the performance of ANN model gives
better fitness to predict data as compared to the deterministic models.

The structure of the pedestrian flow is non-homogeneous, so special attention should
be paid to vulnerable pedestrian groups [15] such as elderly people, ill people, people with
mobility difficulties, visually impaired pedestrians and children. The numerical indicators
of child road traffic injury deaths [16–18] clearly indicate the need to pay particular attention
to this global problem.

Studies show different hazard perception of current traffic situation in different age
groups of pedestrians. The research results of pedestrians’ hazard-perception skills in
complex traffic scenes [19] show the dependence of contextual variables and risk perception.
The simple and usual design of the conflict zone, and less additional environmental content,
results in greater attention in the analysis of the current traffic situation. According to
the results of the study, the children and teens are highly influenced by the distraction of
attention.

Authors Luo et al. presented the results of using virtual reality technology to identify
risky pedestrian behaviors among Chinese children [20]. The impact of cognitive and
perceptual development on pedestrian behavior of children was analyzed and discussed.
The roles of distraction, temperament and personality, and social influences from parents
and peers were analyzed.
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In the study [21] Gitelman et al. observed child pedestrian behaviors at crosswalks
of urban intersections aiming to characterize their behavior patterns and identify risk
factors that may lead to injury. Multivariate logistic regression models were adjusted
to identify factors associated with crossing on red and with non-checking vehicle traffic
at un-signalized crosswalks. The results show that in addition to the age of children,
different attention distractors have a significant impact on children’s risky behavior in
traffic. The reality of models generating different traffic scenarios and predicting the
behavior of pedestrians and of individual groups of vulnerable traffic users, such as
children, is vital for successful testing of new technologies such is the applicability of
autonomous vehicles [22].

In this paper we presented the development of a model for prediction of children
pedestrian crossing speed for children aged 5–15 at a signalized pedestrian crosswalk.
Two models have been developed—a model based on neural network and a multiple
linear regression model. Both models were developed on a set of data collected during
measurements carried out in situ at the actual intersections in the city of Osijek, Croatia.
In both cases, the model is based on 300 data on the children’s movement speed on signal-
ized pedestrian crosswalks on primary city roads located near a primary school, and as
parameters, both models include the traffic infrastructure features and the characteristics of
children and their movement. The aim is to develop a reliable model of the neural network,
and for the same data, a multiple linear regression model and compare reliability indicators
for both models. Data collection was performed within the framework of the project of the
Croatian Science Foundation Problems in the Behavior of School-aged Children: The Role
of Executive Functions, Individual, Family and Genetic Factors-ECLAT, project leader
Assoc. prof. Silvija Ručević, HRZZ-IP-2016-06-3917 (the approval of the Ethics Commit-
tee of the Josip Juraj Strossmayer University of Osijek, Faculty of Humanities and Social
Sciences, to collect data and measure different indicators of children’s executive behavior,
dated 11-04-2017, reference number: 1/4/2017i). The basic steps in model formation and
validation are shown in Figure 1.

Figure 1. Flow chart of models development and validation.

The validation of the models on urban networks of other cities shall provide an oppor-
tunity and conditions for their wider applicability. The data collected in the similar manner
(same methodology) in matching conditions (location, type and position of crosswalk in
road network) in the city of Rijeka, Croatia and Enna, Italy were used to validate the models.
One of the cities has some similarities with Osijek (same country, educational system, size)
and the other is very different (size, different country and traffic system) so the analyzes of
application of developed models in similar but also completely different environment will
be discussed also.

2. Influential Parameters and Field-Testing Methodology

The influential parameters were selected based on analysis of existing studies among
those that resulted important when it comes to research of pedestrian behavior. Many stud-
ies have shown that children’s behavior in traffic is influenced by their age, gender [21,23,24]
control of inhibitors, parental expectations and beliefs [25], parental supervision [26],
the complexity of the situation [19], the distraction of attention [27,28], and various devel-
opment and other parameters that are not measurable in real traffic conditions.
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The procedure for crossing a signalized pedestrian crosswalk involves the reaction
time and time in the conflict zone (the time of crossing the conflict zone), but the two
segments were considered separately, as the previous research [29] found that they do
not have the same influencing parameters and that those parameters that are the same
do not have the same weighing coefficients. Distractors such as moving in a group and
mobile phone use have the greatest impact on the reaction time [29]. The use of mobile
phone has a smaller impact on the speed of crossing the conflict zone than it has on the
reaction time, while the movement of children in the group is still a significant distractor
for the speed of crossing the conflict zone. In this research, the children pedestrian speed
in conflict area of crosswalk—from the first step to the traffic lane to the first step on the
sidewalk—was considered for analyzes and model development, as this is the most critical
area considering traffic safety.

2.1. Selection of the Influential Parameters

In this study, 14 parameters have been selected for analysis based on the conclusions
from the studies previously performed. Selected influence parameters can be grouped
as follows: the characteristics of the children observed (age, gender, physical disabili-
ties), pedestrian flow parameters (total number of pedestrians and number of children
on pedestrian crosswalk), manner of movement (alone, in a group, accompanied by an
adult), risky behaviors (running, distractions), and infrastructure (length and width of
pedestrian crosswalk, length of traffic light cycle and green pedestrian time). Thirteen input
parameters are included in further analysis, which were measured or observed in actual
traffic conditions. The length of the traffic light cycle at the observed intersections was
the same (90 sec), so the impact of this parameter could not be analyzed. The parameters
included in this study are shown and described in Table 1.

Table 1. Selected input parameters.

No. Parameters Designation

1. age group (AG1→≤ 5 years old children; AG2→6-7; AG3→8-9; AG4→10-11;
AG5→12-13; AG6→14-15; AG7→>15) I1

2. gender [girl→0, boys→1, for mixed groups (number of boys/total number of children)] I2

3. children with special needs (motoric disabilities, impaired vision and blindness,
wheelchair mobility, etc.) [no→0, minor interference→0,5, yes→1] I3

4.
movement in a group—the number of children in a group [number]—the whole group
has the same crossing time and it is one data in a database, and the crossing time is the
total transition time from the first to the last member of the group

I4

5. supervision by adults [no→0; yes→1] I5

6. mobile—messages/internet—occupying visual attention [no→0; yes→1] I6

7. mobile—talking, listening to the music—not occupying visual
attention [no→0; yes→1] I7

8. number of children on pedestrian crosswalk [number] I8

9. total number of pedestrians on pedestrian crosswalk (with children) [number] I9

10. length of pedestrian crosswalk [m] I10

11. width of pedestrian crosswalk [m] I11

12. green time for pedestrians [s] I12

13. traffic signal cycle length [s] -SEGEND:ffefc9c3-8f59-404e-
aa49-55c9cf63aba1:112

14. running [no→ 0; yes→ 1]—took this parameter into consideration as a form of risky
behavior (because it implies movement when both legs are above pavement level)

I13SEGEND:b65f404b-56b5-440b-
87c0-abf00a1a4a2c:115
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Most of the children included in these field measurements were included in the pre-
vious phases of the study and laboratory tests [29], so their characteristics (age, gender,
physical disabilities) were previously determined. Psychological characteristics, more
detailed cognitive development indicators and developmental difficulties, such as hyperac-
tivity, and their impact on the observed dependent variable have not been analyzed at this
stage of research.

Crossing time was measured in the field, but due to the different geometric charac-
teristics of the pedestrian crosswalks where data were collected, the chosen dependent
variable was mean crossing speed achieved by children at the length of crosswalk.

2.2. Field Testing Methodology

Data collection was performed at two intersections (Intersections A and Intersection B)
with a total of 8 pedestrian crosswalks. Data were collected by video camera recording
in real traffic conditions, from the first floor of a building near the intersections. Children
were recorded during the usual journey to school in order to establish their, as realistic
as possible, traffic behavior. The recordings were made during working days in May and
June 2019. Sites were selected at collector and primary urban roads in the buffer area of
primary schools and kindergarten (Figure 2). Two pedestrian crosswalks at each of the
observed intersections (Figure 3) have exactly the same geometric (width and length) and
regulatory characteristics (duration of green pedestrian time, duration of cycle), so the
number of data collected at these crosswalks can be observed, conditionally speaking,
uniformly (Table 2). In this context, it can be said that 6 pedestrian crosswalks of different
geometric and regulatory characteristics have been observed.

Figure 2. Locations of the intersections—City of Osijek, Croatia.

Figure 3. Intersection A (left)—crosswalks 1 and 3 on collector road and crosswalks 2 and 4 on
primary road; Intersection B (right)—crosswalks 1 and 3 on primary road and crosswalks 2 and 4 on
collector road.
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Table 2. Basic characteristics of the observed crosswalks.

Intersection Crosswalk Length (m) Width
(m) Cycle Length (s) Pedestrian Green Time (s) Number of

Crossings

A
1 7 3 90 50 48
3 9.3 4.5 90 50 58

2/4 10.5 3.1 90 20 74

B
1/3 14 3.1 90 13 72

2 9.2 2.5 90 52 18
4 9.2 2.2 90 52 30

3. Statistical Analysis of Collected Data

Based on video processing from the selected pedestrian crosswalks, a database of
300 measurements was made and parameters were defined (according to Table 1). Of the
children-pedestrians analyzed, 47% were girls, and 53% were boys, 26% were children
walking in a group, and 6% were crossing the pedestrian crosswalk accompanied by
an adult. In the overall population of children analyzed, 6% of children spoke on the
mobile phone and 7% used the mobile device in some other way while crossing the road.
Regarding the distribution of children by age, the fewest number of children were up to
5 years and 6-7 years of age, only 1.5% and 6% respectively, while all other age groups were
represented by at least 13% and at most 25% of the sample (which is a minimum of 39 and
a maximum of 75 children by age category). Overall, 3.3% of children were running while
crossing the road, all of them in age groups from 6 to 11 (AG2, AG3, AG4) and mostly
8-year-olds.

The basic characteristics of the measured crossing speed of the entire database of field
measurements are shown in Table 3.

Table 3. Descriptive Statistics of dependent variable-crossing speed and Anderson-Darling test re-
sults.

N Mean SD Median Min Max Variance AD p-Value

Osijek 300 1.3630 0.2981 1.3529 0.5287 2.3729 0.0888 0.913 0.020

SD—standard deviation, AD—Anderson Darling test results, p-values of AD test.

Anderson–Darling test results showed that measured dependent variable does not
follow normal distribution (Table 3). A probability plot of the observed dependent variables
is shown in Figure 4.

Figure 4. Probability plot of children crossing speed.

Taking into account that the measured data do not follow the normal distribution,
analysis of the selected influential parameters was made using the non-parametric Kruskal–
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Wallis test, significance level of α = 0.05 was set. According to the results of Kruskal–Wallis
test shown in Table 4, p-values confirm influence of the specific input parameter on the
dependent variable—crossing speed (bold in Table 4).

Table 4. Influence of specific input parameters on dependent variables based on the Kruskal-
Wallis test.

I1 I2 I3 I4 I5 I6 I7 I8 I9 I10 I11 I12 I13

H 19.6 10.70 7.87 70.19 3.02 6.46 9.42 27.06 23.89 57.95 6.79 37.05 37.18

p 0.03 0.013 0.005 0.000 0.082 0.011 0.009 0.000 0.001 0.000 0.147 0.000 0.000

H—H value, result of Kruskal-Wallis test, p—p-value, result of Kruskal-Wallis test.

According to the results shown in Table 4, two parameters have not shown to be
influential: supervision by adults (I5) and width of pedestrian crosswalk (I 11).

The influence of each input parameter on the prediction results, as recognized by the
neural network, is shown in Figure 5. According to the results obtained by the neural
network, all parameters are influential, and the following parameters have the greatest
influence: children age group (I1), movement in a group (I4) and length of pedestrian
crosswalk (I10). By taking into account the analyses, all parameters described in Table 1
were used to form a model.

Figure 5. Impact of input parameters on speed prediction according to the NN model.

4. Description of Models for Children-Pedestrian’s Crossing Speed

Within the framework of this paper two models for prediction of children’s crossing
speed at a signalized pedestrian crosswalk were developed. The first model was made
using neural networks, and the second model was made as a multiple linear regression
model. Given below is a description of the models, modeling results, and their comparison
and validation of the model on the basis of the data measured in the other cities.

4.1. Neural Network Model Description

The database of 300 measured data in actual traffic conditions was used to define and
train the neural network. The total database was divided into two sets, 80% of the data (240)
was used for training and 20% (60) of the data was utilized for testing of generalizations.
More than 20 neural network types and configurations were tested in NeuroShell2 software,
with a different number of hidden layers and a different number of neurons in hidden
layers, and the best results that each network gave when applied to the test dataset were
memorized. The best response was obtained from Ward nets with three hidden layers and
55 neurons in each hidden layer, network characteristics and activation functions are given
in Table 5.
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Table 5. Basic characteristics of the chosen Ward net neural network.

Layers 1 (Input) 2 (Hidden) 3 (Hidden) 4 (Hidden) 5 (Output)

Neurons 13 55 55 55 1

Activation function Linear [−1, 1] Gaussian Tanh Gaussian compact Logistic

Ward nets, better known as feedforward networks, are neural networks structured in
such a way that the neurons of a layer have as input signals, the outputs of the neurons
in the precedent slab [30]. A feedforward network in which each neuron of one layer is
linked to the ones of the adjacent layer is called fully connected.

The number of neurons in the hidden layers is greater than the one recommended in
the literature [30], but this network configuration (Figure 6) has given better learning and
generalization results than the one with the initial number of neurons in the hidden layers.

Figure 6. Network configuration that gave the best prediction results.

There is no adopted rule as to which activation functions are used for which type of
problem. There are some experiential and experimental recommendations [31], but for
complex problems the optimal activation function cannot be determined in advance. In the
past few years, the use of visualization tools and techniques gives a better insight into the
propagation of data in NN hidden layers [32] exploring different aspects of NN training,
topology, and parametrization [33]. Special attention is paid to the process of activation of
neurons in hidden layers through sets of activation functions and data propagation within
hidden layers of the network, and the results show that different activation results between
hidden layers are essential in creating an efficient internal network architecture [34].

Existing researches and models regarding pedestrian behavior at crosswalks [11,29]
as well as previous models describing vehicles movements [35] suggest that different
activation functions give better results in this kind of problems.

The learning process for the back-propagation network type is described by authors
Basheer and Hajmeer [36].

4.2. Linear Regression Model Description

The multiple linear regression model establishes the relationship between multiple
input (predictor) variables (yI) and the dependent variable f(y) observed. Mathematical
model can be easily described by the expression (1)

f(y; w0, w1 . . . wn) =
n

∑
i=1

wiyi + w0 (1)
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The stepwise regression method was used to select the input variables for the multiple
linear regression model i.e., the method of gradual expansion and reduction of the model
dimension. This method considers all input variables regardless of the strength of the cor-
relation connection and the significance of each variable is reexamined in each step. For the
purposes of model development by using the stepwise regression method, individual input
variables (Age group and Movement in a group) were divided into sub-variables, in order
to analyze in more detail, the influence of children’s age as well as individual or group
movement. The age group variable is divided into seven sub-variables (AG1–AG7) while
the movement in a group variable is divided into 5 sub-variables (MG1–MG5). Table 6
shows those variables and sub-variables whose inclusion in the model achieved the lowest
Mean absolute error (MAE). It is evident that, of all input variables and sub-variables,
the final model does not include some age groups (AG3, AG4, AG5, and AG6), gender,
supervision, group movements (group greater than 2, i.e., MG3, MG4, and MG5), number
of children on pedestrian crosswalk and pedestrian green time.

Table 6. Parameters (independent variables) of the multiple linear regression model.

Parameters Coefficient Value Standard Error t Pr > |t|

intercept −0.463 0.171 −2.711 0.007

width of pedestrian crosswalk 0.031 0.014 2.142 0.033

number of pedestrians −0.024 0.005 −4.526 <0.0001

length of pedestrian crosswalk 0.061 0.004 13.941 <0.0001

age group 1 (≤5 y) 0.442 0.075 5.878 <0.0001

age group 2 (6–7 y) 0.175 0.041 4.250 <0.0001

age group 7 (>15 y) 0.059 0.027 2.187 0.030

children with disabilities 0.739 0.097 7.651 <0.0001

movement in a group 1
(individual movement) −0.345 0.036 −9.697 <0.0001

movement in a group 2
(group of 2) −0.119 0.039 −3.007 0.003

mobile—messages/internet 0.225 0.037 6.163 <0.0001

Mobile—talking 0.219 0.041 5.296 <0.0001

running −0.479 0.040 −11.857 <0.0001

AG—age group; MG—movement in a group.

In order for the developed model to be applicable on other traffic networks, the input
parameters must satisfy certain model assumptions, pedestrian crosswalk length 7–14 m,
pedestrian crosswalk width 2.2–4.5 m, children running while crossing the road, presence
of the children with special needs—disabilities, individual movement of children or in
a group of 2, use of a mobile phone, multiple number of pedestrians (both children and
adults) who cross the road at the same time (up to a maximum of 11) and children up to
7 years of age and over 15 years of age.

5. Modeling Results

The comparison of model prediction results and data measured in real traffic condi-
tions was evaluated through selected statistical indicators [37–39].

• The correlation coefficient is a statistical measure of the strength of the relationship
between the relative movements of two variables. The values range is [−1, 1]

• Mean absolute error (MAE)
• Minimum and maximum absolute error (minAE, maxAE)
• Some additional statistical methods used to validate models are as follows:
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• Root-mean-squared error of prediction (RMSEp), defined as the square root of the
average of the squared differences between the measured (ym) and predicted (yp)
y-values

• The accuracy of a model (Model Accuracy, Ac) is the percentage difference between
the predicted and actual data. The mean accuracy of a model (Āc) for a series of
tests is the arithmetic average of Ac. The closer the Āc of a model is to zero the more
accurate the model is. A mean model accuracy of zero means that the model does not,
on average, underestimate or overestimate the measured values.

• The total accuracy (Am) of the model Am = Āc − standard deviation of Ac.

5.1. The Results of the Neural Network Model

The prediction results of the children crossing speed provided by the neural network
model show that the achieved correlation is 89.63% with the measured data, mean absolute
error is 0.098 m/s. All model rating indicators (Table 7) show that the model gives a good
prediction of children crossing speed.

Table 7. Model comparison.

Corel. coef. MAE minAE maxAE RMSEp Āc Am

NN model 0.896 0.098 0.000 0.501 0.132 0.018 −0.087

LR model 0.840 0.127 0.000 0.617 0.161 0.014 −0.109

Figure 7 shows a comparison of the prediction provided by the neural network with
the data measured in actual traffic conditions across the database.

Figure 7. Comparison of measurements and prediction of neural network model for the cross-
ing speed.

5.2. Multiple Linear Regression Model Results

The results of the prediction provided by the LR model show achieved correlation of
84% with the measured data and mean absolute error is MSE = 0.127 m/s. According to
model rating indicators (Table 7) the linear regression model is applicable in the prediction
of the observed dependent variable.

Figure 8 shows a comparison of the prediction provided by the LR model with the
data measured in real traffic conditions.
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Figure 8. Comparison of measurements and LR model prediction for crossing speed.

5.3. Model Comparison According to Selected Indicators

The comparison of neural network model and multiple linear regression model ac-
cording to the selected model rating indicators is shown in Table 7.

According to the results shown in Table 7, better prediction results are achieved by
the neural network model, it has a higher correlation coefficient and a lower mean absolute
prediction error. The linear regression model gives acceptable results, and its advantage is
broad applicability, as it does not require specific software or expertise. The results of both
models show that they were applicable in local conditions, which was expected. The model
validation results shown below, made in two very different urban traffic networks, provide
insight into the possibility of a wider application of the model.

Figure 9 shows a comparison of absolute error values, as the absolute difference
between measured (ym) and predicted (yp)data

∣∣ym − yp
∣∣ for both models observed.

Figure 9. Comparison of the absolute error values for both models.

6. Models Validation

The validation of the models was made on an available measurement basis with the
same methodology in the other two urban environments—in the city of Rijeka, Croatia
and Enna, Italy. Rijeka and Osijek are cities with a similar number of inhabitants, around
100.000 inhabitants, but with significantly different spatial, urban and traffic conditions.
While City of Rijeka is situated in very complex topographical conditions and has high
inhabitation density (2900 inh/km2), city of Osijek has very favorable location and inhabi-
tation density of 640 inh/km2 [40]. The fact influences also, as shown in previous research,
the traffic operation and management [41]. Enna is a smaller city according to the number
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of inhabitants (around 30,000 inhabitants) and has a significantly different traffic system
and habits.

In both cities (Rijeka, Enna), the experiment was conducted under the same conditions:
the intersections were located at the vicinity of elementary school at the primary roads,
the experiment was done during morning hours when children go to school at signalized
pedestrian crosswalks. In all three cities the research included the categories of children
aged 5–15 as in Osijek and the selected parameters explained in the previous chapter were
elaborated in the same manner.

6.1. First Validation of the Models—Rijeka

The base of pedestrian speeds of children-pedestrians in Rijeka available for model
validation consisted of 120 measurements. Model comparison according to selected model
rating indicators for database measured in Rijeka is shown in Table 8. The validation results
of both models compared to the measured data in situ are shown in Figure 10.

Table 8. Comparison of the models for the Rijeka database.

Corel.coef. MAE minAE maxAE RMSEp Āc Am

NN model 0.905 0.129 0.000 0.252 0.143 −0.042 −0.138

LR model 0.705 0.159 0.000 0.643 0.217 0.041 −0.113

Figure 10. Validation of the model for the crossing speed measurement database in Rijeka.

The validation results of the neural network model on Rijeka’s urban traffic network
(Table 8, Figure 9) show equally good prediction results as for the urban traffic network for
which the model was developed (Osijek). Results show that the multiple linear regression
model developed for Osijek can be used for preliminary assessment of children pedestrian’s
speed in real traffic conditions in Rijeka, but for more detailed analysis, a model based on
the data measured in local conditions should be developed.

6.2. Second Validation of the Models—Enna

The children-pedestrian speed base in Enna, Italy, available for model validation was
60 measurements. Model comparison according to selected model rating indicators for
the measured database in Enna is shown in Table 9. The validation results of both models
compared to the measured data in situ are shown in Figure 11.

Table 9. Model comparison for Enna database.

Corel.coef. MAE minAE maxAE RMSEp Āc Am

NN model 0.822 0.085 0.001 0.234 0.101 0.053 −0.057

LR model 0.748 0.313 0.033 0.598 0.343 0.297 0.015
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Figure 11. Model validation for the crossing speed measurement database in Enna.

The validation results of the neural network model in Enna’s urban traffic network
(Table 9, Figure 10) show that the neural network model is also applicable in conditions of
the urban traffic network of another country in an urban environment with significantly
different features (number of inhabitants, spatial and traffic conditions). The multiple linear
regression model for children-pedestrians at signalized pedestrian crossings developed for
Osijek, however, is not applicable in Enna. The mean error (MEA) of this model for Enna is
twice as big than the one obtained for the data set measured in Rijeka

The analysis of the circumstances of the children’s movements at the observed intersec-
tions in Enna shows that a large number of children was supervised (organized assistants
at the intersections, adult supervision), that children do not run on crosswalks and that
the behavior of children is different from the one recorded in Osijek and Rijeka. For better
insight into the performance of the model, a larger database of measured data than the
existing one should be provided, and greater reliability of the model would be obtained for
a linear regression model developed based on locally measured data.

7. Discussion

This paper deals with the development of a model of the speed of children-pedestrians
at signalized pedestrian crosswalks, developed based on data collected in real traffic
conditions. The models were developed using a database of 300 measurements collected in
the urban traffic network of the city of Osijek, Croatia, and validation was carried out on
data from two other urban networks, Croatia (Rijeka) and Italy (Enna). City of Rijeka has
very similar number of inhabitants but different space organization and that resulted in
different traffic conditions, so it is interesting to analyze possibilities of applying the model
developed in Osijek in these changed circumstances. The City of Enna is very different
from other two cities both in size, organization, traffic system, and culture.

Two models have been developed to predict the speed of children’s movement in the
conflict zone, the neural network model and the multiple linear regression model. The per-
formance of the model was assessed through eight selected indicators. The neural network
model has better predictive performance indicators, with a correlation coefficient of 0.896
and mean average error (MEA) of 0.098 in comparison with the multiple linear regression
model with correlation coefficient 0.840 and MAE 0.127. Both models are applicable to
the local traffic network of the city of Osijek. The advantage of linear regression model is
that it is easier to apply, it does not require expert software, which we see as an essential
prerequisite for the ability to use the model in another environment. The impact of all input
parameters on crossing speed has been analyzed during development of both models.

The neural networks model assesses that all input parameters are influential but the
largest weighing coefficients are assigned to the children age, the movement in a group and
to the length of the pedestrian crosswalk. While developing the multiple linear regression
model, the carried out nonparametric statistical test (Kruskal-Wallis test) detected two
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parameters that have no effect on the speed of children-pedestrians at signalized pedestrian
crosswalks and these are supervision by adults (I5) and width of pedestrian crosswalk (I11).
In case of the first parameter, supervision by adults, the test result is partly unexpected
because in some previous studies this parameter was shown to be significant [26]. Analysis
of the database found that only 6% of this situation was recorded in the entire database,
which could be an explanation for the obtained result. The impact of second parameter,
width of pedestrian crosswalk, is expected and probably more clearly visible [9] at a
stronger pedestrian traffic load than that recorded in this database and it will be addressed
in further research.

For the development of the multiple linear regression model, the variables Age group
and Movement in a group have been introduced into the model divided in sub-variables,
and the number of input variables from the initial 13 has been increased to 23. The model
was developed by a stepwise regression method, which identified 12 of the 23 input
parameters as significant. Length of the pedestrian crosswalk, running across the crosswalk,
individual movement of children (MG1), disabilities, use of the mobile phone, and the
presence of the youngest children (AG1) have the greatest impact on crossing speed of all
input parameters. When analyzing the age of children according to the multiple linear
regression model, the impact of the youngest children (AG1 and AG2, children up to seven
years) is significant, as well as the impact of the oldest group of children (AG7, older than
15 years) although the impact of the latter is slightly lower, while other categories are not
recognized as significant. It is similar to the Movement in a group, where the model has
detected a strong impact when children move individually (MG1) and a slightly lower
impact when they are moving in a group of 2 (MG2), while other groups are excluded from
the model development.

It is evident that both models recognize the two parameters as the most significant,
and these are one geometric parameter (crosswalk length), and the manner of movement
(individually or in a group).

An analysis of the applicability of the model outside of the local urban traffic network
conditions based on which the models are developed is carried out through validation
of the model. The first validation was made for the urban traffic network of the city of
Rijeka in Croatia, for which the earlier research has shown that driving dynamics and
driver reaction times differ from the conditions in Osijek [41]. The second validation was
made for a database from Enna in Italy. The validations were performed on available
databases of 120 measurements (Rijeka) and 60 measured data (Enna), the measurements
were performed for the same age group of children and using the same methodology as
in Osijek. The results of the validation of the model show that the model of the neural
network is applicable to both observed validation networks.

The achieved results, i.e., a correlation coefficient 0.905, MAE 0.129 for Rijeka, Croatia
and correlation coefficient 0.822 and MAE 0.085 for Enna, Italy, show that the selected input
parameters are influential in both monitored validation networks and that the model can
be used for optimizing the geometric and regulatory characteristics of the conflict zone, as
well as for analyzing the impact of different conflict zone solutions on vulnerable traffic
users such are children. Validation results of the neural network model indicate a potential
for its broader applicability than local.

The multiple linear regression model on the validation databases achieves weaker
results. Rijeka had a correlation coefficient of 0.705 and MAE 0.159 indicating that the
model could be used for e.g., a preliminary assessment of the variant solutions. However,
for more sensitive analyses, a multiple linear regression model should be developed on a
locally measured database.

The multiple linear regression model is not applicable on the validation base for Enna
because it has a significant mean average error, which is twice the size of what the same
model shows for Rijeka database. The traffic analysis at the monitored pedestrian cross-
walks in Enna shows that children are mostly supervised (organized intersection assistants),
which affects their slower movement speed in the conflict zone, and there is no running
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across the crosswalk which is a form of risky behavior. Considering that the multiple
linear regression model recognizes the input parameter of supervision as insignificant, a
significant prediction error has been obtained. The neural network model recognizes the
significance of this parameter, so the prediction error is therefore significantly smaller.

8. Conclusions

The application of the model is an indispensable tool in analyzing the functional and
safety features of the traffic system and its users, as experimentation in the real system is
usually not acceptable. The particular challenge is to model the behavior of children in
traffic, as they have their own specific characteristics when compared to the other categories
of pedestrians.

In this paper two models for the speed of children-pedestrians at signalized pedestrian
crosswalks were developed, validated and compared: a model of neural networks and a
model based on linear regression. A signalized pedestrian crosswalk is a regulated traffic
situation with clear rules, and the analysis of existing researches and children pedestrian
behavior in actual traffic conditions has set out 14 parameters that can affect the behavior
and speed of children in zones of signalized pedestrian crosswalks. The parameters are
grouped into traffic infrastructure elements (length and width of the pedestrian crosswalk;
length of green pedestrian light, length of cycle) and children’s characteristics (gender, age,
potential disability) and their movement (group movement, use of the mobile phone when
moving, running). No other cognitive development indicators for children are included in
the models, except for the age of children.

A model that for the purpose of prediction uses more (13 in total) influential parame-
ters, which is the neural network model, provided higher accuracy for the environment for
which it was developed, (Osijek, Croatia) as well as for the two environments where the
model was validated (Rijeka, Croatia; Enna, Italy).

The model based on multiple linear regression was also shown as applicable, except
for Osijek on whose measurement base it was developed, in one of the validation bases—
Rijeka, while the applicability indicators of the model are negative for Enna and the model
should not be applied. When applying this type of model, it is important to know the basic
premise of the model, the conditions in which the model was developed, its purpose and
limitations, which was well illustrated by the application of the multiple linear regression
model in Enna where the model is not applicable since it does not take the supervision
parameter into account, which in the case of Enna has proven to be significant. The results
of validation of the linear regression model in Enna show that the impact of supervision on
children’s behavior at signalized pedestrian crosswalk needs to be further investigated.

The limitations of this research are in the size of the database, which does not cover
some forms of behavior sufficiently to show the significance of its impact, such as the
behavior of children in the case of adult supervision. The analysis of the database shows
a relatively small percentage of cell phone use, although increasing the database would
probably increase that percentage somewhat, it still does not represent the dominant
distractor of attention in young children in local traffic condition.

Further research shall focus on increasing the database in all environments, as well as
on a more detailed analysis of the geometric characteristics of the conflict zone, whose im-
pact is not clearly defined by this research (impact of the width of pedestrian crosswalk,
geometry of the pedestrian island) and the regulation parameters (impact of cycle length
and green time for pedestrians). The continuation of the research would also comprehend
the impact of the weather conditions and temperature on children’s behavior in the conflict
zone as well as the examination of additional distractors, such as food or drink consump-
tion, environmental content—static (billboards, shop windows) and dynamic (familiar
person, child or group of children on the opposite side of the road) etc. An analysis of
the sequence of children’s crossing speed would give a detailed and qualitative insight
into the influence of various factors that occur during children’s crossing of a pedestrian
crosswalk (e.g., the influence of the appearance of red light on children speed increase) and
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will be tested in future researches. Based on the experience obtained by of this research, it is
planned to continue to explore the speed of children on non-signalized pedestrian cross-
walks that have own significant particularities and where additional parameters become
relevant, such as the dynamic characteristics of the vehicle traffic flow.

The application of the model of prediction of the vulnerable traffic groups’ behavior,
in this case children, becomes a significant tool for optimizing the design elements and
assessing the variant solutions for parts of the traffic system where they move on a daily
basis and which needs to be adapted to their requirements. The continuous education
of children regarding traffic behavior has a limited reach, if not combined with other
preventive measures, among which the design of traffic infrastructure is one of the more
important. Models of behavior prediction of vulnerable pedestrian groups become sig-
nificant in the analysis of new traffic technologies, such as the interaction of autonomous
vehicles with pedestrians.
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183–191. (In Croatian). Available online: https://zavod.pgz.hr/projekti/publikacije/zbornik4 (accessed on 1 December 2020).
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