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Abstract
In 2024, Malaysia experienced a total of 532,125 road accidents and 5,364 fatalities. Meanwhile pedestrians recorded 
more than 550 casualties each year and consistently placed third rank after motorcyclist and passenger car. This study 
aims to analyze the influence of pedestrian crossing at selected unsignalized intersections during the vehicle’s manoeuvres. 
The eleven selected sites were based on blackspot location and the study focused on comparison between intersections 
with and without pedestrian bridge facility. In the early stage the study determined the pedestrian crossing characteristic 
throughout the day and the observations were concentrated on three peak hours which is the morning, midday, and 
afternoon. Next determine the frequency of traffic patterns involving pedestrian crossing (PC), traffic conflict (TC) 
and motorcycle crossing (MC). Traffic characteristic fluctuation analysis based on PC, TC, MC, and approach speed 
(AS) were carried out. Finally, this study manages to develop right-turn motor vehicles (RMV) considering pedestrian 
crossing and other traffic variables by adopting Binary Logistic Regression (BLR), Machine Learning base on Neural 
Net Fitting and Nonlinear Autoregressive Exogenous model (NARX). The RMV model’s calibration using 838 datasets 
and involving eight predictors that influence the vehicle's manoeuvres. The study reveals that pedestrian crossing, traffic 
conflict and traffic volume affect the RMV to accept shorter gap and providing the pedestrian bridge has a positive 
impact for vehicle manoeuvres. In addition, the result from machine learning using scale conjugate gradient algorithm 
achieved mean square error within 10% or performed accuracy 90%, in the RMV model.  Although the pedestrian 
bridge has been provided at the intersection, in a few cases the pedestrian refuses to benefit the facilities. This study 
recommends the implementation of autonomous vehicles (AV) and electric vehicles (EV) that are equipped with internet 
of things (IoV) and vehicle-to- everything communication (V2X) as part or partial solution in reducing traffic accidents.    
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1. Introduction
Signalized intersections or unsignalized intersections are 
recognized as blackspot locations and typically accident-prone 
sites. Especially when the interaction between vehicles with 
vulnerable road users (VRUs) include motorcyclists, cyclists, and 
pedestrians. Physically, pedestrians lacked protection to defend 
themselves from any contact forces of vehicles  [1]. In the year 
2023, according to a report from the World Health Organization 
(WHO), pedestrians stated 23 % of traffic fatalities, and more than 
80% road intersection assessment did not comply with the WHO 
standard for pedestrian safety [2].

In right-hand traffic countries at the intersection, right turning 
vehicles and pedestrians share the same right of way during 
permitted signal phases. Although the pedestrian has a priority 
right of way over vehicles, right-turning vehicles always compete 
with the pedestrians. Thus, the interaction between both traffic 
users often results in conflict. National Highway Traffic Safety 
Administration (NHTSA, 2024) reported in 2022, after front 
vehicles impact, right-sides impact were the causes for the 
highest number of pedestrian fatalities in the United States [3]. 
Furthermore, according to the Public Security Ministry of the 
People Republic of China, in 2019 have experienced 13,705 right-
turn traffic crashes, that represent 6.37 % of total accidents and 
resulting in 13,669 injuries and 3,483 fatalities [4].

Previous studies have justified this by providing the channelized 
right-turn lane and an improvised arrangement was found to 
effectively reduce the number of crash occurrences [5-10]. 
However, the conflict rate between pedestrians and other road 
users is still increasing [11]. Usually, senior traffic users are 
believed to have responded longer than the fresher traffic users 
but, the previous research found that the oldness was not a strong 
factor contributing to the driver’s behaviour at the junction [12,13]. 
Recently, pedestrians’ volume has been justified as an influencing 
parameter in traffic flows. The higher the pedestrian’s volume can 
lessen the waiting time and reduce the probability of collision to 
happen [14,15].

Development of the pedestrian behaviour model is quite challenging 
due to several aspects needed to consider   simultaneously such as 
waiting time, acceptance gap, rejected gap, traffic volume, vehicle 
speed and peak hour [16,17].  Furthermore, the vehicle trajectory 
prediction for pedestrian crossing has been carried out [18,19].

In field study on pedestrian-vehicle interaction should be carried 
out in safely conduct and avoid pedestrian-vehicle conflicts. 
Lately, many researchers introduce simulator studies to analyze the 
pedestrian interaction [20,21]. However, the study involved single 
pedestrians relating to a single-vehicle situation. Consequently, in 
a real environment rarely involving single pedestrian and single 
vehicle cases. Furthermore, the interaction between a pedestrian 
with multiple vehicles and other pedestrians typically influence 
decision to cross the zebra crossing [20-23]. However, the study 
found few cases where pedestrians decide to avoid using zebra 
crossing.

Furthermore, previous studies have established the predicting 
pedestrian crossing characteristic by utilizing real time series data 
[24-28]. The purpose of the study was observing the attitude of 
pedestrians and surrounding conditions. However, these models 
have limitations in terms of pedestrian-vehicle interaction.

The studies carried out by focusing on pedestrian-vehicle 
interaction at zebra crossings for development of pedestrian 
behavior models [29]. Consequently, other researchers have 
conducted the study considering the element of vehicle relative 
position and speed between vehicles and pedestrians to determine 
the pedestrian crossing characteristic [28]. Moreover, predicted 
pedestrian behavior relating to time of arrival, velocity, and 
trajectory of both side direction vehicles [29]. This study only 
considers single-pedestrian interactions. In real scenarios typically 
involved multi-pedestrian and variety vehicle category interaction. 
Previous studies found that pedestrians are more likely to cross the 
road at a bigger gap [30]. Recently, other researchers determined 
the critical gap for pedestrians crossing by adopting a statistical 
approach [31]. Meanwhile, an existing study considered variables 
such as group behavior, vehicle speed and waiting time for 
development of pedestrians crossing models [32]. 

Promoting of Autonomous Vehicles (AV) on public roads indicates 
a new trend in transportation technology that influences both road 
safety and operational efficiency [33]. Consequently, the challenge 
depends on the effectiveness of integrating AVs into mixed 
traffic conditions, including human operated vehicles (HVs) and 
Vulnerable Road Users (VRU) such as motorcyclists, cyclists, and 
pedestrians [34-38]. Conflict studies (CS) have been conducted 
to scrutinize how hazardous interaction between vehicles and 
pedestrians [38,39]. The technique used to measure the various 
type of interaction between both traffic users from different levels 
of severity. 

Previous studies applying micro-simulation techniques to analyse 
the interaction of AV and HV involving pedestrians [40]. These 
methods adopt sensors to detect the traffic conditions, infrastructure 
location and weather conditions. The development of pedestrian’s 
models was based on those parameters.

Currently less studies are conducted on interaction between AV and 
pedestrians in present surrounding situations [20]. The researcher 
needs to require legal authorizations permission to permit AVs on 
road access to traffic. This procedure is the main reason why the 
studies on real observation associated with AV and pedestrians 
have some constraint. Consequently, the simulation approach 
was the alternative solution to analyse the AV interactions with 
Vulnerable Road Users (VRU) [41]. 

Basically, this paper was a continuation from the previous study and 
focused on the application of machine learning in the transportation 
domain and traffic safety. The novelty presented in this paper 
was the comparison between three machine learning which is 
binary logistic regression, neural net fitting model and nonlinear 
autoregressive exogenous model (NARX). Moreover, emphasis 
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on pedestrian crossing characteristic with vehicles manoeuvre at 
unsignalized intersections.
This paper is organized as follows. Section 2, discuss data 
collection, simple analysis regarding pedestrian characteristics 
and mix traffic behaviours at selected sites. It involved pedestrian 
crossing frequency, pedestrian crossing based on day time, mixed 
traffic pattern throughout the day and 3D traffics characteristic 
fluctuation. Next Section 3 concentrates on scientific tools used in 
the study which is binary logistic regression (BLR) and section 4 
emphasis on simulation by adopting machine learning (ML) based 
on neural network fitting and nonlinear autoregressive exogenous 
model (NARX). Section 5 discussion, and recommendation. Lastly 
section 6, conclusion and finding of the study. 

2. Data Collection 
Federal Route 50, located in the southern peninsula of Malaysia, 
was selected for this study. This infrastructure has four lanes and 
two carriageways with a proposed design speed of 100 km/h. 
In 2025, it received traffic volume more than 98,129 veh/day or 
9,737 veh/h. Approximately around 70 hours of video camera was 
recorded for all sites and the analysis of the data was executed in the 

laboratory. The analysis of max-traffic conditions involved traffic 
volume, pedestrian crossing, vehicle category, approach speed, 
traffic conflict, vehicle manoeuvres, vehicle gaps and others. The 
pedestrian crossing frequency at eleven unsignalized intersections 
during three peak hours as shown in Figure 1. Each site involved 
six hours of data observation in the morning from (8:00-10:00), 
midday (12:00-14:00) and afternoon (16:00-18:00). This study 
involved two areas: the urban region consists of five sites (S2, S5, 
S8, S9 and S10) and sub-urban areas include six sites (S19, S20, 
S21, S22, S23, S24).  The development of pedestrian models was 
concentrated on three sites S2, S9 and S10 which were located in 
urban areas. Moreover, only five unsignalized intersections which 
provide pedestrian bridges were S24, S2, S20, S5, and S23 detected 
pedestrian crossing 9, 25, 66, 74, and 82 respectively.  Figure 
2-4, shows the selected layout for sites that provide pedestrian 
bridge facility. Data collection indicated S24 remarks the lowest 
pedestrian crossing (morning: 1, midday: 6, afternoon: 2). Second 
lowest by S2 (morning:16, midday:3, afternoon 6). Next S20 
(morning: 13, midday:14, afternoon: 39), meanwhile S5 (morning: 
42, midday:12, afternoon: 20) and highest pedestrian crossing at 
S23 (morning: 14, midday:47, afternoon: 21).

Figure 1: Pedestrian Crossing Frequency at Eleven Intersection During Peak Hour

Figure 2: Unsignalized Intersection (S2)

Figure 1: Pedestrian Crossing Frequency at Eleven Intersection During Peak Hour
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Figure 3: Unsignalized Intersection (S20)

Figure 4: Unsignalized Intersection (S5)

Furthermore, unsignalized intersection sites without pedestrian bridges experienced the

highest pedestrian crossing was S9, S22, and S10 detected 150, 143 and 139 respectively. In

detail S9 record (morning:57, midday:69, afternoon: 24). Second higher was S22 obtained

(morning:48, midday:58, afternoon 37). Next third higher was S10 receiving pedestrian

crossing (morning:66, midday:30, afternoon:43). The difference between a site without a

pedestrian bridge and a pedestrian bridge were obvious around (S9:150 - S24:9 =141 PC).

This scenario indicates that providing the pedestrian crossing is crucial as an alternative path

for pedestrians. However, although the pedestrian bridge has been provided at selected sites,

still in some cases the pedestrian avoids to utilize the facility.

Moreover, in general Figure 5 illustrates the Pie Chart for pedestrian crossing during three

peak hours. The result found that overall sites in the morning, midday, and afternoon
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 Figure 4: Unsignalized Intersection (S5)

Furthermore, unsignalized intersection sites without pedestrian 
bridges experienced the highest pedestrian crossing was S9, 
S22, and S10 detected 150, 143 and 139 respectively. In detail 
S9 record (morning:57, midday:69, afternoon: 24). Second higher 
was S22 obtained (morning:48, midday:58, afternoon 37). Next 
third higher was S10 receiving pedestrian crossing (morning:66, 

midday:30, afternoon:43). The difference between a site without 
a pedestrian bridge and a pedestrian bridge were obvious around 
(S9:150 - S24:9 =141 PC). This scenario indicates that providing 
the pedestrian crossing is crucial as an alternative path for 
pedestrians. However, although the pedestrian bridge has been 
provided at selected sites, still in some cases the pedestrian avoids 
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experience 337, 310 and 235 pedestrians crossing respectively. Which means in the morning

occasion touch the maximum 38% percentage, slightly decrease during midday 35% and drop

27% in the afternoon. However, in detail as illustrated in Figure 1, S9 located in the urban

region reaches the highest pedestrian crossing recorded 69 during midday from (12:00-14:00).

Meanwhile, the second highest, was S22 which, situated at a sub-urban area, obtained 58

pedestrian crossings and occurred in the same circumstance as S9. Moreover, both S9 and

S22 share the similarity in terms of frequency (second highest frequency) and event (8:00-

10:00). In addition, both sites were also surrounded with commercial area, factory and

residential.

Figure 5: Percentage of Pedestrian Crossing Base on Day Time

2.1. Traffic Behaviour Throughout a Day

Figure 6, shows the comparison between three traffic characteristics at eleven unsignalized

intersections throughout a day. In this section, concentrate on three parameters which are

pedestrian crossing, traffic conflict and motorcycle crossing. Traffic conflict is defined as a

near miss event between two or more vehicles and divided into three categories (rear-end

conflict, angle conflict, and head-on conflict). Consequently, measuring motorcycle crossing,

when motorcycle starts manoeuvre from minor road onto major road. Subsequently,

pedestrian crossing considering from pedestrian walk onto the major road in both directions.

As mentioned in section 2.1 Figure 5, pedestrian crossing (PC) represents a decreasing trend

from morning to afternoon. However, traffic conflict (TC) and motorcycle crossing (MC)

indicate an increasing pattern throughout the day as illustrated in Figure 6. During morning,

midday, and afternoon traffic conflicts experience 54, 77 and 131 cases respectively.
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2.1. Traffic Behaviour Throughout a Day
Figure 6, shows the comparison between three traffic characteristics 
at eleven unsignalized intersections throughout a day. In this section, 
concentrate on three parameters which are pedestrian crossing, 
traffic conflict and motorcycle crossing. Traffic conflict is defined 
as a near miss event between two or more vehicles and divided 
into three categories (rear-end conflict, angle conflict, and head-
on conflict). Consequently, measuring motorcycle crossing, when 
motorcycle starts manoeuvre from minor road onto major road. 
Subsequently, pedestrian crossing considering from pedestrian 

walk onto the major road in both directions. As mentioned in section 
2.1 Figure 5, pedestrian crossing (PC) represents a decreasing 
trend from morning to afternoon. However, traffic conflict (TC) 
and motorcycle crossing (MC) indicate an increasing pattern 
throughout the day as illustrated in Figure 6. During morning, 
midday, and afternoon traffic conflicts experience 54, 77 and 131 
cases respectively. Meanwhile, motorcycle crossings stated 496 
cases during morning, slightly increased during midday remarks 
507 cases and rapidly rocket during afternoon stated 708 cases.  

to utilize the facility.

Moreover, in general  Figure 5  illustrates the Pie Chart for 
pedestrian crossing during three peak hours. The result found that 
overall sites in the morning, midday, and afternoon experience 337, 
310 and 235 pedestrians crossing respectively. Which means in the 
morning occasion touch the maximum 38% percentage, slightly 
decrease during midday 35% and drop 27% in the afternoon. 
However, in detail as illustrated in  Figure 1, S9 located in the 

urban region reaches the highest pedestrian crossing recorded 
69 during midday from (12:00-14:00). Meanwhile, the second 
highest, was S22 which, situated at a sub-urban area, obtained 58 
pedestrian crossings and occurred in the same circumstance as 
S9. Moreover, both S9 and S22 share the similarity in terms of 
frequency (second highest frequency) and event (8:00-10:00). In 
addition, both sites were also surrounded with commercial area, 
factory and residential.

Meanwhile, motorcycle crossings stated 496 cases during morning, slightly increased during

midday remarks 507 cases and rapidly rocket during afternoon stated 708 cases.

Figure 6: Frequency of Traffic Pattern Throughout a day at Federal Route

2.2. Traffic Characteristic Fluctuation

Figure 7 shows 3 dimensions (3D) using MATHLAB R2022b programming involving four

parameter traffic fluctuation throughout a day at eleven sites. The 3D ribbon diagram consists

of the X-axis representing variables; Y-axis is the number of samples (33) and Z-axis indicate

frequency. It took around sixty-six hours video recording for data collection. The observation

includes pedestrian crossing, traffic conflict, motorcycle crossing and approach speed. The

definition of three variables which is PC, TC and MC has been discussed in Section 2.3. In

this Section approach speed is described as 85th percentile speed measured in range 50 meter

at each site over 100 samples vehicles. The 3D ribbon diagram represents colouring

visualization, blue colour signifies pedestrian crossing range between 1-69 pc. Light blue

colour shows the traffic conflict range between 1- 24 cases. Next, yellow colour tape

expresses the motorcycle crossing range between 0-142 vehicles. Lastly, red colour

demonstrates approach speed range between 60 km/hr- 77 km/hr and the average speed for all

sites was 59 km/hr. Approach speed has less fluctuation and is more stable compared to

motorcycle crossing and pedestrian crossing.

Figure 6: Frequency of Traffic Pattern Throughout a day at Federal Route
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2.2. Traffic Characteristic Fluctuation
Figure 7 shows 3 dimensions (3D) using MATHLAB R2022b 
programming involving four parameter traffic fluctuation 
throughout a day at eleven sites. The 3D ribbon diagram consists 
of the X-axis representing variables; Y-axis is the number of 
samples (33) and Z-axis indicate frequency. It took around sixty-
six hours video recording for data collection. The observation 
includes pedestrian crossing, traffic conflict, motorcycle crossing 
and approach speed. The definition of three variables which is 
PC, TC and MC has been discussed in Section 2.3. In this Section 
approach speed is described as 85th percentile speed measured in 

range 50 meter at each site over 100 samples vehicles. The 3D 
ribbon diagram represents colouring visualization, blue colour 
signifies pedestrian crossing range between 1-69 pc. Light blue 
colour shows the traffic conflict range between 1- 24 cases. Next, 
yellow colour tape expresses the motorcycle crossing range 
between 0-142 vehicles. Lastly, red colour demonstrates approach 
speed range between 60 km/hr- 77 km/hr and the average speed 
for all sites was 59 km/hr. Approach speed has less fluctuation and 
is more stable compared to motorcycle crossing and pedestrian 
crossing.         

Figure 7: 3D Ribbon Traffic Characteristic at Eleven Sites (Unsignalized Intersection)

Figure 8, shows the overall variables traffic frequency. Motorcycle crossing recorded the

highest volume 142 veh/hr at S10 during the afternoon (16:00-18:00). Next, the second

highest MC detected at S22 during midday (12:00-14:00) with 105 veh/hr. Followed by S8

stated third highest 74 veh/hr during the afternoon (16:00-18:00). Conversely, S5 noted

without record any motorcycle crossing because in the middle of the intersection has road

median or divider and pedestrian bridge. Consequently, the maximum traffic conflict at S22

stated 24 cases during the afternoon (16:00-18:00). S10 and S21 experience the second

highest 18 cases of traffic conflict during the afternoon (16:00-18:00). Even though S10

records second highest traffic conflict, this intersection detects the highest motorcycle

crossing 142 veh/hr and second highest pedestrian crossing 66 cases.
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Figure 7: 3D Ribbon Traffic Characteristic at Eleven Sites (Unsignalized Intersection)

Figure 8, shows the overall variables traffic frequency. Motorcycle 
crossing recorded the highest volume 142 veh/hr at S10 during the 
afternoon (16:00-18:00). Next, the second highest MC detected 
at S22 during midday (12:00-14:00) with 105 veh/hr. Followed 
by S8 stated third highest 74 veh/hr during the afternoon (16:00-
18:00). Conversely, S5 noted without record any motorcycle 
crossing because in the middle of the intersection has road median 

or divider and pedestrian bridge. Consequently, the maximum 
traffic conflict at S22 stated 24 cases during the afternoon (16:00-
18:00).   S10 and S21 experience the second highest 18 cases of 
traffic conflict during the afternoon (16:00-18:00). Even though 
S10 records second highest traffic conflict, this intersection detects 
the highest motorcycle crossing 142 veh/hr and second highest 
pedestrian crossing 66 cases.

Figure 8: Traffic Characteristic at Eleven Sites (Unsignalized Intersection)
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3. Binary Logistic Regression Model
This study was conducted using a quantitative statistical approach 
and the development of pedestrian model, and traffic behaviour 
model by adopting Binary Logistic Regression (BLR). Binary is 
a statistical method based on two possibilities, typically denoted 
as 0 and 1. Binary logistic regression models usually predict 
the dependent variable will be equivalent to a given value. The 
relationship between dependent variable and independent variable 
is nonlinear. Meanwhile the logistic curve or S-shape is used to 
estimate the model. Defining the logistic function for right turn 
motor-vehicle RMV as in Equation 1:

Figure 8: Traffic Characteristic at Eleven Sites (Unsignalized Intersection)
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𝑃𝑅𝑀𝑉(𝑖) =
1

1 + 𝑒−(𝛽0+ 𝛽1𝑋1+ 𝛽2𝑋2+…+ 𝛽𝑛𝑋𝑛)
(1)

𝑃𝑅𝑀𝑉(𝑖) is the probability that the dependent variable equal 1 or 0 and where 𝛽𝑜 = constant,

𝛽1 , 𝛽2 , and 𝛽3 = is the regression coefficient, 𝑋1 , 𝑋2 , 𝑋3 and 𝑋𝑛 = other independent

parameters. Data collection using a video camera at those blackspot areas was accomplished,

and microscopic analysis of the traffic behaviour was analysed in the laboratory. The details

of each variable involved are provided in Table 1.

Abbr. Description

RMV
RMV=1 if motor vehicles turned right at a gap acceptance, but 0 if

not.

Gap Gap which is rejected or accepted (sec).

Car, Mc, Rider, Van,

Lorry, and Bus.

Car, Mc, Rider, Van, Lorry and Bus=1 if the RMV is car, and 0 if

otherwise.

SCar, SMc, SBus,

SLorry, SVan

Second vehicle is passenger car, motorcycle, bus, lorry and van passing

the RMV on the major road

TVol Traffic volume (veh/hr) for each unsignalized intersection

PBridge
If Pedestrian Bridge is in unsignalized intersection, so PBridge = 1, but

0 if not.

PCross Pedestrians Crossing at unsignalized intersection

AGc If angular conflict (AGc) detects=1, but 0 if not
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PRMV(i) is the probability that the dependent variable equal 1 or 0 
and where β0 = constant, β1, β2, and β3= is the regression coefficient, 
X1, X2, X3 and Xn = other independent parameters. Data collection 
using a video camera at those blackspot areas was accomplished, 
and microscopic analysis of the traffic behaviour was analysed in 
the laboratory. The details of each variable involved are provided 
in Table 1.

Abbr. Description
RMV  RMV=1 if motor vehicles turned right at a gap acceptance, but 0 if not.
Gap Gap which is rejected or accepted (sec).
Car, Mc, Rider, Van, Lorry, and Bus. Car, Mc, Rider, Van, Lorry and Bus=1 if the RMV is car, and 0 if otherwise.
SCar, SMc, SBus, SLorry, SVan Second vehicle is passenger car, motorcycle, bus, lorry and van passing the RMV on the major road
TVol Traffic volume (veh/hr) for each unsignalized intersection
PBridge If Pedestrian Bridge is in unsignalized intersection, so PBridge = 1, but 0 if not.
PCross Pedestrians Crossing at unsignalized intersection
AGc If angular conflict (AGc) detects=1, but 0 if not
REc, Heo If rear-end conflict (REc), head-on conflict (Heo) detects=1, but 0 if not 

Table 1: Attributes of Traffic Behaviour Models

Table 2 shows the result of variable estimation. The development 
of right-turn motor vehicles (RMV) was focused into three parts 
which are pedestrian bridge, pedestrian crossing and right turn 
motor vehicles (RMV). The RMV is defined as a right-turn motor 
vehicle from minor road onto major road at an unsignalized 
intersection. Model 1 involves two variables (gap and pedestrian 
bridge), meanwhile Model 2 consists of two predictors (gap and 
pedestrian crossing). Finally Model 3  includes seven parameters 
(gap, pedestrian crossing, traffic volume, second vehicle passing 
RMV is motorcar, second vehicle passing RMV is motorcycle, 
rear-end conflict and angular conflict). The calibration of RMV 
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4. Machine Learning Base on Neural Network Fitting
Mathematical software (MATHLAB) R2023b programming used 
as simulation tools for communications, autonomous, image 
processing, semiconductors and robotics. Machine learning base 
on Neural Net Fitting has three training algorithm functions to train 
the neural network. They are Levenberg-Marquardt Algorithm 
(LMA), Bayesian Regularization Optimization (BRO) and Scaled 
Conjugate Gradient (SCG). In this study, SCG approaches were 
selected to simulate the pedestrian dataset based on the performance 

such as regression value and mean square error. 

We would analyse the predictors toward the binary response. To 
achieve that, an artificial neural network has been implemented 
in the research. Two-layer feedforward network consisting of ten 
sigmoid hidden neurons and a single output layer neural network 
with one sigmoid suitable for the regression task was established 
using MATHLAB. The architecture of this network is illustrated 
in Figure-9. The continuous training process and the interaction 
between the units, in three layers (input, hidden and output) 
produce better results until the error in the prediction is reduced 
and achieved the adequate level of precision.

The training process consisted of two sets of data which are inputs 
and targets. Input dataset content (838 x 10) matrix representing 
838 samples and 10 parameters. Meanwhile, the target dataset 
includes (838 x 1) matrix describing 838 samples and 1 parameter. 
Total samples of 838 datasets used for the simulation, seventy 
percent (586 samples) portion for training. Fifteen percent (126 
samples) allocated for the validating and the remaining data used 
for testing the network. As mentioned in section 3.0, the dataset 
applied in binary logistic regression BLR has a maximum of eight 
parameters as independent variables and one dependent variable. 
Meanwhile in ANN machine learning has ten predictors in the 
input layer and one parameter in the output layer. Ten predictors 
include gap, pedestrian crossing, pedestrian bridge, traffic volume, 
second vehicle passing RMV is motorcar, second vehicle passing 
RMV is motorcycle, RMV is motorcar, RMV is motorcycle, rear-
end conflict and angular conflict. One parameter in the output layer 
is RMV.
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838 datasets used for the simulation, seventy percent (586 samples) portion for training.

Fifteen percent (126 samples) allocated for the validating and the remaining data used for

testing the network. As mentioned in section 3.0, the dataset applied in binary logistic

regression BLR has a maximum of eight parameters as independent variables and one

dependent variable. Meanwhile in ANN machine learning has ten predictors in the input layer

and one parameter in the output layer. Ten predictors include gap, pedestrian crossing,

pedestrian bridge, traffic volume, second vehicle passing RMV is motorcar, second vehicle

passing RMV is motorcycle, RMV is motorcar, RMV is motorcycle, rear-end conflict and

angular conflict. One parameter in the output layer is RMV.

Figure 9: Architecture of Deep Neurel Network Diagram
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4.1. Scale Conjugate Gradient
Artificial Neural Network performance can be visualized through 
the simulation from three different stages which is training, 
validating, and testing. Scale Conjugate Gradient method selected 
to carry out the network performance process. In this case, the 
number of samples is quite big and more than 800 samples are 
suitable for SCGA. The approach has an advantage in terms of 
gradient calculation and is more memory efficient than other 
methods. The basic equation for conjugate gradient algorithm is 
calculated in form;
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where, 𝑋 is input, 𝐹 𝑋 is output based on input and 𝐼𝑟 is learning rate.

Previous study found scaled conjugate gradient algorithm (SCGA) performed better as

compared to Levenberg - Marquardt algorithm (LMA) and Bayesian Regularization

Optimization (BRO) [10]. Mean square error (MSE) used to evaluate the accuracy of

simulation data while analysing the network performance. MSE functions to determine the

variance of residuals. It measures the average of squared differences between the actual and

target values in the data set. The operation of the MSE is presented in Equation 5.
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N represents the number of sample or dataset, 𝑦𝑖 is the actual value, 𝑦� is output data or target

value. The accurate prediction can be achieved when the MSE value is close to zero. Figure

10, illustrated a plot line between input value and target value. The simulation performance

involved three processes which is train, validation, and test. The criteria for preference

simulation data when all three step plot lines demonstrate the same result. In the early stage,

the plot line experiences less fluctuation between (0-25 epochs) and then the process

continues to become uniform after reaching alteration 30 and touch the best performance plot.

The training network performance reached the lowest value MSE at 0.100 with epoch 43

before the alterations finished at 49. Training state depicted in Figure 11, performed gradient

0.0229 at alteration 27. Wherein, the reducing errors throughout the process were visualized.
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Figure 11: Training state with validation check using SCG algorithm

Figure-12, illustrates the regression plot connection between the target-output values. To

determine the perfect fit in a regression plot, the value of target and output should be

obtaining the same result. It means R equal to one, indicating the linear regression has a good

relationship between targets and outputs. The linear regression coefficient for training,

validation, test, and all achieved 0.762, 0.772, 0.768 and 0.765 respectively. It means the

outcomes from the regression plot graph performed adequately in this study.
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Figure 12: Regression Plot Using Scale Conjugate Gradient Algorithm

In Table 3, summary results for R value and mean square error MSE by adopting machine

learning SCGA. The R value determined for training, validating and test process was 0.763,

0.772 and 0.768 respectively. Furthermore, the MSE output for training, validating and test

performed 0.103, 0.100 and 0.099 respectively.

Observation MSE R

Training 586 0.1027 0.7625

Validating 126 0.1007 0.7718

Test 126 0.0989 0.7683

Table 3: Machine Learning SCGA result R-values and Mean Squared Error (MSE)

The error histogram of the trained neural network as depicted in Figure 13 for the training,

validating, and testing process. This histogram shows that the data fitting errors are well

distributed within acceptable range from -0.9938 and 0.8017.
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In Table 3, summary results for R value and mean square error MSE 
by adopting machine learning SCGA. The R value determined for 
training, validating and test process was 0.763, 0.772 and 0.768 

respectively. Furthermore, the MSE output for training, validating 
and test performed 0.103, 0.100 and 0.099 respectively.

Observation MSE R
Training 586 0.1027 0.7625



Adv Mach Lear Art Inte, 2026 Volume 7 | Issue 1 | 11

Table 3: Machine Learning SCGA Result R-values and Mean Squared Error (MSE)

The error histogram of the trained neural network as depicted in 
Figure 13 for the training, validating, and testing process. This 

histogram shows that the data fitting errors are well distributed 
within acceptable range from -0.9938 and 0.8017.

Figure 13: Error Histogram using Scale Conjugate Gradient Algorithm

4.2. NARX Neural Network Model

Nonlinear autoregressive exogenous model (NARX) is defined as a nonlinear autoregressive

which has exogeneous inputs. It describes the model relationship with current value and past

values of the time series. NARX networks are suitable for nonlinear modelling and variety of

mix traffic characteristic. It can train to analyze complex relationship between turning vehicle

and other pedestrian crossing or traffic flow parameters. Nonlinear auto-regressive (NAR)

method was derived in Equation 6, where (t + p) as prospective value of the target output at

time and it is determined based on past values of the target output.

𝑦(𝑡 + 𝑝) = 𝑓(𝑦 𝑡 . 𝑦 𝑡 − 1 , …, 𝑦 𝑡 − 𝑑𝑦 ) (6)

In this section, NARX network models were develop using MATLAB Neural Network tool

for combination of right-turn motor vehicle and max traffic condition datasets. The purpose

of this study to understand a relationship between the input parameters and the favorite output.

The close-cycle structure of NARX network model is shown in Figure 14. In the diagram the

x is the external input meanwhile y is the output, w is the weight and b is the bias.
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In this section, NARX network models were develop using 
MATLAB Neural Network tool for combination of right-turn 
motor vehicle and max traffic condition datasets. The purpose 
of this study to understand a relationship between the input 
parameters and the favorite output. The close-cycle structure of 
NARX network model is shown in Figure 14. In the diagram the 
x is the external input meanwhile y is the output, w is the weight 
and b is the bias.

Validating 126 0.1007 0.7718
Test 126 0.0989 0.7683

Figure 14: Nonlinear autoregressive exogenous model NARX network

NARX neural network is also classified as a machine learning and the approach consisted

three algorithms, same as neural network fitting (NNF). The similar dataset, matrix and

simulation portion applied in NNF were also use in NARX simulation. Total of 838 datasets

for right turn-motor vehicles and pedestrian crossing were involved in the simulation of

NARX scale conjugate gradient algorithm (SCGA) neural network, NARX bayesian

regularization optimization (BRO) and NARX Levenberg - Marquardt algorithm (LMA).

Figure-15-16 demonstrates the response of all types NARX network such as training target (.

blue colour), training output (+ blue colour), validating targets (. green colour), validating

output (+ green colour), test target (. red colour) and test output (+ red colour). Despite of

having training performance network MSE 0.214, 0.199 and 0.147 for SCGA, LMA and

BRO respectively, the below Figure illustrates the error variations (target – output), which

indicated that the average error distributed around zero. It can be described that the both

NARX neural network model performs quite well. The result shows that NARX BRO

simulation achieved accuracy around 85 percent compare to NARX SCGA and NARX LMA

perform about 80 percent.

Figure 14: Nonlinear Autoregressive Exogenous Model NARX Network
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NARX neural network is also classified as a machine learning and 
the approach consisted three algorithms, same as neural network 
fitting (NNF). The similar dataset, matrix and simulation portion 
applied in NNF were also use in NARX simulation. Total of 838 
datasets for right turn-motor vehicles and pedestrian crossing were 
involved in the simulation of NARX scale conjugate gradient 
algorithm (SCGA) neural network, NARX bayesian regularization 
optimization (BRO) and NARX Levenberg - Marquardt algorithm 
(LMA). Figure-15-16 demonstrates the response of all types NARX 
network such as training target (. blue colour), training output (+ 

blue colour), validating targets (. green colour), validating output 
(+ green colour), test target (. red colour) and test output (+ red 
colour). Despite of having training performance network MSE 
0.214, 0.199 and 0.147 for SCGA, LMA and BRO respectively, 
the below Figure illustrates the error variations (target – output), 
which indicated that the average error distributed around zero. 
It can be described that the both NARX neural network model 
performs quite well. The result shows that NARX BRO simulation 
achieved accuracy around 85 percent compare to NARX SCGA 
and NARX LMA perform about 80 percent. 

Figure 15: Respone of the NARX SCGA Neural Network Simulation

Figure 16: Respone of the NARX LMA Neural Network Simulation

Figure 15: Respone of the NARX SCGA Neural Network Simulation

Figure 16: Respone of the NARX LMA Neural Network Simulation

Figure 15: Respone of the NARX SCGA Neural Network Simulation

Figure 16: Respone of the NARX LMA Neural Network Simulation
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Figure 17: Respone of the NARX BRO Neural Network Simulation

5. Discussion

The overall gap for pedestrian crossing between intersections without facilitated pedestrian

bridges (442 pc) and provided pedestrian bridges (256 pc) was 186 persons. Despite having

pedestrian bridges for safety purposes, in a few cases the pedestrians are still reluctant to

utilize the infrastructure. To ensure the safety of road users, by strengthening the enforcement

and implementation of technologies such as autonomous vehicles, surveillance cameras,

Internet of things (IoT) and vehicle to everything communication (V2X) might reduce the

number of accidents.

This study found several traffic characteristics from the observation and analysis such as the

number of pedestrian crossings showing the decreasing trends from morning (373 pc),

midday (319 pc) and afternoon (250 pc). Meanwhile traffic conflict indicates an increasing

pattern from morning (54 cases), midday (77 cases) and afternoon (131 cases). Moreover,

motorcycle crossing shares the same characteristic with traffic conflict experiencing a

growing trend from morning (496 units), midday (507 units) and afternoon (708 units).

In machine learning, we can decide the portion of our dataset to use for training, validating

and the test process. By adjusting this percentage in the portion probably may determine a

good result. In addition, by comparing three methods in neural net fitting namely Levenberg

Marquardt Algorithm (LMA), Bayesian-Regularization Algorithm (BRA) and Scaled

Conjugate Gradient Algorithm (SCGA) might be a best option before selecting the specific

approach in machine learning.
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5. Discussion
The overall gap for pedestrian crossing between intersections 
without facilitated pedestrian bridges (442 pc) and provided 
pedestrian bridges (256 pc) was 186 persons. Despite having 
pedestrian bridges for safety purposes, in a few cases the 
pedestrians are still reluctant to utilize the infrastructure. To 
ensure the safety of road users, by strengthening the enforcement 
and implementation of technologies such as autonomous vehicles, 
surveillance cameras, Internet of things (IoT) and vehicle to 
everything communication (V2X) might reduce the number of 
accidents.

This study found several traffic characteristics from the observation 
and analysis such as the number of pedestrian crossings showing 
the decreasing trends from morning (373 pc), midday (319 pc) 
and afternoon (250 pc). Meanwhile traffic conflict indicates an 
increasing pattern from morning (54 cases), midday (77 cases) and 
afternoon (131 cases). Moreover, motorcycle crossing shares the 
same characteristic with traffic conflict experiencing a growing 
trend from morning (496 units), midday (507 units) and afternoon 
(708 units).

In machine learning, we can decide the portion of our dataset to 
use for training, validating and the test process. By adjusting this 
percentage in the portion probably may determine a good result. 
In addition, by comparing three methods in neural net fitting 
namely Levenberg Marquardt Algorithm (LMA), Bayesian-
Regularization Algorithm (BRA) and Scaled Conjugate Gradient 
Algorithm (SCGA) might be a best option before selecting the 
specific approach in machine learning. 

The opportunities applying NARX in this study give a new 
dimension in the simulation response of NARX neural networks. 

The ability to visualize overall dataset performance between target-
output and error distribution may provide better understanding in 
the machine learning model. In this study NARX BRO network 
performed better than NARX SCGA and NARX LMA with 
accuracy 85%, 80% and 80% respectively. The approach is 
typically trained using the historical dataset and from this study 
on average the outcomes model represents the actual data. Future 
research may concentrate on artificial intelligent, machine learning 
and nonlinear autoregressive exogenous NARX simulation models 
in transportation domain.

6. Conclusion
The advantage of integrating both machine learning (ML) based 
on neural net fitting and binary logistic regression (BLR) in the 
research work might precisely understand our dataset performance 
and accuracy. Machine learning has ability to visualize the 
simulation, prediction performance, mean square error, regression 
plot and error histogram. Meanwhile BLR can assist in terms of 
equation and detail measurement of each element in the model.

The research discovers seven predictors in the binary logistic 
regression model include (gap, pedestrian crossing, traffic 
volume, second vehicle passing RMV is motorcar, second 
vehicle passing RMV is motorcycle, rear-end conflict and angular 
conflict)  influence the RMV to accept shorter gap and one 
parameter which is pedestrian infrastructure likely effect the RMV 
to accept longer gap. Furthermore, all seven elements in the BLR 
model achieved significance level at 99% except pedestrian bridge 
remark 95% confidence level.   
     
Machine learning using a neural network model obtains mean 
square error (MSE) percentage within 10% in right turning motor 
vehicles (RMV). Subsequently, R value is determined using Scale 
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Conjugate Gradient Algorithm (SCGA) in four steps: training, 
validating, testing and all processes exceed 0.76. Meanwhile for 
binary logistic regression (BLR) models achieved R2 more than 
0.60, which means the correlation between input and target is 
adequate high.
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