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ABSTRACT

Modeling traffic-accident frequency is a critical issue to better understand the accident trends and the
effectiveness of current traffic policies and practices in different countries. The main objectives of this study
are to model traffic road accidents, fatalities and injuries in Jordan, using different modeling techniques,
including regression, artificial neural network (ANN) and autoregressive integrated moving average (ARIMA)
models and to evaluate the safety impact of travel-restriction strategies during Covid-19 pandemic on traffic-
accident statistics for the year 2020. To accomplish these objectives, data of traffic accidents, registered
vehicles (REGV), population (POP) and economic gross domestic product (GDP) from 1995 through 2020
were obtained from related sources in Jordan. The analysis revealed that accidents, fatalities and injuries have
an increasing trend in Jordan. Root mean of square error (RMSE), mean absolute error (MAE) and coefficient
of multiple determination (R?) were sued to evaluate the performance of the developed prediction models.
Based on model performance, the ANN models are the best, followed by the ARIMA models and then the
regression models. Finally, it was concluded that the strategies undertaken by the government of Jordan to
combat Covid-19, including complete and partial banning of travel, resulted in a considerable reduction of
accidents, injuries and fatalities by about 35%, 37% and 50%, respectively.

KEYWORDS: Traffic accidents, Artificial neural network, Covid-19 pandemic, Regression, Time-
series analysis, Prediction models.

INTRODUCTION worsens it (Mujalli et al., 2015). Jordanian traffic

accidents accounted for 4.5% of deaths in 2007 and

Traffic accidents have resulted in 1.35 million deaths
and in 20 to 50 million injuries, therefore being
considered the main cause of death of children and
young people between the ages of 5 and 29 years (WHO,
2018). In addition to economic losses, these accidents
created social, emotional and psychological damages to
the casualties and their relatives. However, traffic
accidents have not received the same attention from the
international community nor the strict preventive and
proactive measures, as is the case of the COVID-19
pandemic (Sekadakis et al., 2021).

Jordan, as a lower-middle income developing
country, exacerbates the global traffic situation and
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ranked as the third cause of death in 2010 (Al-Omary et
al., 2013). According to the latest reports and statistics
provided by the Jordan Traffic Institute, there was a
significant increase in the number of accidents in 2019,
as 161511 traffic accidents were recorded, including
10857 causality accidents, leading to 643 deaths, at a
financial cost estimated at US$ 456 million. Different
policies and actions have been implemented to combat
this problem, including the intensification of police
enforcement, new traffic laws, the installation of speed
cameras, among other related measures (JT1, 2020). In
evaluating these policies and measures at the country
level, however, different ad hoc procedures are used.
Thus, it is vital to develop traffic accident prediction
models that are able to figure out future traffic accident
trend and use the appropriate ones to evaluate the
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effectiveness of the implemented policies and measures
(Al-Masaeid, 2009).

The objectives of this study are two-fold; first, to
develop accident-prediction models using multiple
linear regression, artificial neural networks and time-
series analysis. The performance of the developed
models will be investigated and the best one will be
identified for future use. Second, to evaluate the safety
impact of strategies undertaken by the government of
Jordan to combat Covid-19, including complete and
partial banning on vehicle travel. Traffic accidents’ data
for the period 1995-2020 was used in model
development, validation and evaluation of Covid-19
strategies. Population, number of registered vehicles and
gross domestic product were used in developing the
models of the numbers of accidents, injuries and
fatalities.

LITERATURE REVIEW

Several studies analyzed accidents, their causes and
trends, as first steps in achieving road sustainability at
the national and international levels and several
accident-prediction models (APMs) have been
developed. The development of APMs has become
essential to traffic-safety management, road planning
and design (Hmaid and Imam, 2019). These models
estimate expected accident frequency as a function of
different factors, including road-infrastructure features,
traffic volume, geometric characteristics, socio-
economic characteristics, pavement conditions and
weather conditions, in a way that enables highway and
traffic engineers to understand the traffic and
engineering conditions of different sections of roads.
They effectively identify problems faced by road-safety
engineers (Lakshmipriya, 2018).

Previous works done on the development of APMs
concentrated on different types of modeling techniques.
The most used models were based on conventional
regression modeling techniques (Al-Masaeid et al.,
2020; Khasawneh et al., 2018). This type of APMs is
one of the earliest modeling techniques and is
characterized by high application flexibility. Those
models can be applied to all types of roads or parts of
them, such as divided urban highways, arteries,
collectors, intersections or any traffic mixture of these
parts. This type of modeling is not able to explain all
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variabilities in traffic accidents, especially for temporal
data.

However, due to the nature of traffic-accident data of
being non-negative, random and discrete integers,
unlike the assumptions of regression models, time-series
modeling technique has become more used in modeling
traffic accidents over the past twenty years. Several
researchers used the Box-Jenkins method, often called
ARIMA models (a term that refers to an auto-regression
integrated moving average) (Avuglah et al., 2014;
lhueze and Onwurah, 2018; Hassouna et al., 2020). The
data of these models is characterized in comparison to
the conventional regression models’ data by being
temporally arranged, in addition to being based on the
analysis of annual data for periods of more than fifteen
years, without reservation, which led to a new and
unique style in modeling and statistical inference
(Hassouna and Tubaileh, 2020).

ARIMA, if fitted well, can forecast small ups and
downs much better than other models, but given that the
overall trend has not changed. If there is an unusual
growth or slowdown in the series, ARIMA might not
perform well. This is because ARIMA is only looking
into the back data of the variable. Accordingly, another
more advanced type of models has been recently utilized
in analyzing and predicting traffic accidents, which is
the artificial neural network (ANN) (Akgngor and
Dogan, 2009). What distinguishes the ANN modeling
technique and made it more widely used is its ability to
provide rich, robust and powerful models in
transportation engineering and road-safety applications.
ANN models are very convenient for approximating
unknown nonlinear functions that rely on many
variables, since the use of ANNSs eliminates the need to
define these functions (Kim et al., 2004).

Accordingly, it can be concluded that many
international and local studies have analyzed traffic
accidents, their trends and characteristics using different
accident-prediction models, whether being time-series
models, regression models or ANN models, and that
these models differ in their accuracy, strengths,
weaknesses and effectiveness in predicting traffic
accidents in the region. Up to the authors’ knowledge,
there is no local or international study that compares the
performance of these techniques and identifies the best
one in predicting accidents and causalities.
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DATA SOURCES

In this study, the required data has been acquired
from different sources (Khaled, 2020). The annual data
of traffic road accidents, injuries and fatalities for the
period 1995-2020 and the number of registered vehicles
in Jordan have been acquired from the annual reports
prepared by the JTI (2020). Data on the population of
Jordan for the period 1995- 2020 has been acquired from
the estimates provided by the Jordanian Department of
Statistics (DOS, 2020). Finally, the economic data
related to the Jordanian GDP for the period 1995-2020
was obtained from the World Bank website (World
Bank, 2020).

All types of accidents, including fatal, injury and

property damage which occurred during the study period
(1995-2018) were included in developing the traffic
accident models. Furthermore, it was decided to use the
2019-related data for verification purposes; so it was
kept aside from developing the trend analysis and
modeling. Moreover, the models have been applied to
predict accidents, fatalities and injuries in 2020, which
will show us the impact of the Corona “Covid-19”
pandemic and the closures that the Jordanian sectors
witnessed on the rates of traffic accidents.

Table 1 presents a summary of descriptive statistical
measures for traffic data (number of accidents (NOA),
number of injuries (NOI) and number of fatalities
(NOF)) used in the modeling for specific years during
the indicated period.

Table 1. Summary of descriptive data statistics during 1995-2019

Variable Number of Years Min. Value Max. Value Mean St. Dev.
POP (thousands) 25 4264 10554 6400.59 1973.44
REGV (thousands) 25 312 1677 902.32 452.88
GDP (million USD) 25 6727 44503 21778.35 13633.89
NOA 25 28970 161511 93011.76 41898.54
NOI 25 13184 19015 16830.00 1488.11
NOF 25 469 992 710.12 116.07
METHODOLOGY forward back-propagation training algorithm through a

Regression Models

Regression analysis is one of the methods used to
obtain a relationship of a dependent variable to one or
more independent variables (1Vs). SPSS, v.24 software
was used to develop regression models for accidents,
fatalities and injuries in this study. The development of
the regression models was done by experimenting with
a subset of significant independent variables; namely,
GDP, POP, REGV, motorization level (REGV/1000
POP) and the ratio of POP/REGV. In this procedure, all
the possible regression models were fitted and the best
one with a high R? value, a minimum standard error as
well as a low p-value for the coefficients of independent
variables and y intercept was chosen.

Avrtificial Neural Network Models

Three different ANN models were developed in this
study using WEKA 3.8.5 software. The models were
formulated using 24 data points of accidents and a feed-
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supervised multi-layer perceptron (MLP) (type of ANN)
to classify instances and develop the prediction models.
In this study, the sigmoid function produced the least
error from the networks. Therefore, the sigmoid function
was employed in the hidden and output layers of the
models’ networks. This function performs regression
instead of just classification. The output layer will
output continuous values instead of binary ones. This
function is unlike other step functions, where it
introduces non-linearity into the neural network model,
hence enabling each neuron in a multi-layer neural
network to produce a new representation of the original
data (Lippmann, 1987).

Accordingly, NOA, NOI and NOF were calculated
using the sigmoid function represented in Equation 1
and the final model was developed using Equation 2.

y= 1+e™* M
NOA' = Zn (w; * sig(a);) + 9 )
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where:

NOA': The normalized value of predicted NOA.

n : Number of nodes in the hidden layer.

w;: Weight of node from the hidden layer to the output.
sig(a);: Sigmoid value for the weighted sum of the

parameter which can be calculated by (x; *w; +

X, * Wy + X3 *x wg +node bias), where each x

represents the normalized value of the parameter.
9: The output bias.

According to Lippmann (1987), a simple network
structure of one or two hidden layers is preferred over a
complicated one. Also, Goodfellow et al. (2016) found
and proved that MLP with one hidden layer can
approximate any function that is required if given
enough hidden units (nodes) in the layer. Therefore, a
network with a structure of an input layer, one hidden
layer and an output layer was considered an acceptable
starting point for the modeling process.

Developing the ANN models for accidents, fatalities
and injuries prediction involved a sequence of steps,
including data  pre-processing, rescaling and
determining the node number. In data pre-processing,
the 24 data points are divided into training and testing
points at the ratio of 80:20 (Hegazy and Ayed, 1998).

.Drﬁnt input and output \'Iﬁl‘?ll’!l

Rescaling is used to give all the variables in the model
the same attention and importance (Lepikhin et al.,
2020; Bhandari, 2020). The optimization process was
used to select the optimum number of nodes in the
hidden layer. This method is an iteration process that
starts with zero or one node in the hidden layer and
increases this number as long as there is an improvement
in the performance of the network model. Figure 1
shows the methodology flowchart for developing ANN
models.

Different performance measures were used to
evaluate the performance of the developed ANN models
and to determine the optimal ANN parameters. These
measures are RMSE, MAE and R?. RMSE is considered
a performance metric to evaluate the loss in the ANN
model. Also, it is used to measure the standard deviation
in the model residual. However, MAE is used to
calculate the average error between the predicted values
from the model and the actual values. The lowest value
of this metric measures the highest model accuracy. On
the other hand, R? is a scaled term that measures the
goodness-of-fit of the models (0-1). The higher the
value, the better the model (Garcia et al., 2018).
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Figure (1): Flowchart for developing ANN models to
predict accidents, fatalities and injuries

ARIMA Models
In this study, the Box-Jenkins development strategy
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of three stages was followed, as presented by Avuglah
et al. (2014). These stages include identification,
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estimation and diagnostics checking. Identification can
be reached through several steps, including the
investigation of stationary Augmented Dickey—Fuller
(ADF) test as well as time, ACF and PACF plots
(Avuglah et al., 2014). The estimation phase is to detect
the parameter estimates (p,d,q.) that limit the mean
square error (Hyndman and Athanaopoulos, 2018). The
goal of diagnostics checking is to test the goodness-of-
fit of the specified model. If the fit is poor, appropriate
modifications will be conducted (Sekadakis et al.,
2021).

Moreover, to obtain the best-fit model with the
highest validity using the time-series methodology,
several tests are required, represented as follows: RMSE
and MAE are often determined to choose the best-fit
model. The lowest values of RMSE and MAE represent
an indicator for the best-fit model, as indicated by
Mwenda et al. (2014). Also, the model with the lowest
value of BIC is considered the best-fit model, as
indicated by Din (2016). Ljung—-Box test is lastly
implemented to verify the normality of the selected
model’s residuals (Hassouna et al., 2020).

RESULTS and DISCUSSION

Descriptive Statistics of the Variables

In general, the Jordanian population is increasing
with time with a steady state for the citizens during the
study period (1995-2018), as shown in Figure (2-b).
However, there were some sudden increases due to
forced migration that happened two times during the
study period: in 2003 from Iraq due to the Gulf war and
from Syria from 2012 to 2014 due to the Syrian civil
war. Regarding the GDP, it was also increasing during
the study period, because Jordan's economy is classified
as an emerging market, trying to improve the investment
environment in a way that improves the economic
situation, see Figure (2-c). This contributed to the
increase in banking facilities the impact of which is
noted in increasing the number of vehicles in Jordan, as
shown in Figure (2-a). This relationship between
population increase, economic increase and increase in
the number of vehicles has been explained by many
studies (Garcia-Ferrer et al., 2007; Yannis et al., 2014).

It can be noticed that there has been a noticeable and
continuous increase in NOA for the period (1995-2018),
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with a total increase of 419.2% as a result of the rise in
POP, REGV and level of motorization. It should be
noted that 2008 witnessed a decrease in NOA (it seems
to contradict the prevailing trend) compared to 2007, as
a result of intensifying the traffic control laws and
speed-violation penalties in Jordan.

As for NOI and NOF, it is noted that there is an
upward trend and this upward trend is fluctuating
compared to NOA, which can be explained by the fact
that the Jordanian traffic laws have succeeded in
reducing the severity of accidents more than their
success in reducing the number of accidents. This
fluctuation makes it more difficult to develop the models
than in the case of NOA.

Regression Models’ Results

Based on regression analysis carried out using 24
data points and by trying different types of curve-
estimation models, the power regression model was the
best to predict NOA using motorization level as an 1V.
For NOI and NOF, the polynomial (quadratic) model
was the best and using (POP/REGV) as the most suitable
predictor.

Based on regression analysis,
equations were obtained:

the following

NOA = 64.636 M7 (3)

NOI = 188.664 X* — 13.190 X, + 12537.112  (4)

NOF = 10.255 X? — 0.790 X; + 535.809
where:
Xi = Population per number of registered vehicles per
year (POP/REGV).
M= Motorization level (number of registered vehicles
per one thousand of population).

)

All developed models and their parameter estimates
were found to be significant at the 95% confidence level.
The NOA power regression model’s coefficient of
determination (R?) was 0.872, which means that the
model explained 87.2% of the variations in NOA. This
model is similar to that suggested by Al-Masaeid (2009),
as it was found that the power model suits the nature of
traffic-accident data.
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Figure (2): Descriptive statistics for the study variables (REGV, POP, GDP, NOA, NOI and NOF)
during 1995-2018

For NOI and NOF, coefficients of determination (R?)
were (0.556) and (0.594), respectively, which indicates
the moderate degree of fit of the quadratic model to
predict NOI and NOF. The residuals’ analysis,
normality and homoscedasticity were also considered
and achieved for the developed models.

It is worth mentioning that the developed regression
models employed a limited number of variables.
Addition of more related variables, such as length of
paved roads or vehicle-kilometer of travel, may improve
their prediction power. However, accurate values for
these variables are not available.
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ANN Models’ Results

Table 2 presents the final performance measures for
the developed NOA model, using the WEKA software.
Table 2 indicates that the most accurate model for
predicting NOA is model No. 3, which has a 3-3-1 model
structure. The model has 3 input variables, 3 nodes and 1
output. Figure 3 shows the model structure as well as the
weights and bias. The (3-3-1) structure was the most
appropriate one to predict NOA having the least RMSE
and MAE and the highest R? of 0.984. Furthermore, the
(3-4-1) structure was found to be the most appropriate one
to predict NOI and NOF having the least RMSE and MAE
and the highest R% of 0.912 and 0.960, respectively.
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It is worth mentioning that the ANN developed
models are better than the regression models. This was
clearly noticed for NOI and NOF models, where R? has
improved from 0.594 to 0.960 for NOF and from 0.556
to 0.912 for NOI. This is in agreement with previous
studies (Garcia et al., 2018; Yu et al., 2016), which

showed that neural networks, with their remarkable
ability to derive meaning from complicated or imprecise
data, can be used to extract patterns and detect trends
that are too complex to be noticed by either humans or
other computer techniques.

] NOA

Outpar layer

Figure (3): Number of accidents (NOA) model structure

Table 2. ANN architecture and performance measures for NOA model

ANN Models for NOA
Model |\ del Variables | VO OF | ANNModel et | R R2 | RMSE | MAE
No. Nodes Structure

Training 0.958 | 0.918 | 13091.7 10509.3
1 POP, GDP, REGV 1 3-1-1 —

Validation | 0.949 | 0.901 | 12917.4 10359.2

Training 0.989 | 0.978 7643.6 6338.1
2 POP, GDP, REGV 2 3-2-1 —

Validation | 0.956 | 0.914 | 11718.3 8482.3

Training 0.992 | 0.984 5193.8 3930.5
3 POP, GDP, REGV 3 3-3-1 —

Validation | 0.988 | 0.976 6339.3 5052.8

Training | 0.945 | 0.893 | 14631.7 | 11096.3
4 POP, GDP, REGV 4 3-4-1 .

Validation | 0.952 | 0.906 | 12089.9 9235.5

ARIMA Models’ Results

The Box-Jenkins (Box, 1976) approach of model
identification, parameter estimation and diagnostics
check was followed in the analysis of accidents data.
The stationarity of the time series of NOA, NOI and
NOF was investigated. The ADF test indicated that the
series of NOA, NOI and NOF were non-stationary. To
remove the non-stationary trend, the data was
differenced. After differencing the data (d = 1), the time
plot and the ACF and PACF plots showed stationary
trends for NOA, NOI and NOF. This is confirmed by the
ADF test, where ADF= -0.2577, -4.1337 and -4.1118
with p-value < 0.05 for NOA, NOI and NOF,
respectively; thus, the series of NOA, NOF and NOI
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were stationary. Consequently, the stage of identifying
other parameters in the ARIMA model started. The
model parameters were estimated using the maximum
likelihood estimation method (Wei, 2006) and using
idealized patterns represented by Dixon (Dixon, 1992).
All probable models were diagnosed to determine the
best-fit model among the estimated potential models
with varying parameters. RMSE, MAE, BIC and R?
were used to select the best-fit model.

The ARIMA (8,1,0), ARIMA (7, 1,4) and ARIMA
(8,1,2) were found to be the best-fit models for
predicting NOA, NOI and NOF, respectively, because
they have the lowest values of RMSE, MAE and BIC
and the highest values for R-squared and stationary R-
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squared. R?values for NOA, NOI and NOF models were
0.96, 0.67 and 0.76, respectively. To examine the
validity of the selected models, the Ljung-Box test was
used to determine the independency of the residuals. The
results showed that the significant p-values were > 0.05
for the three models; therefore, the null hypothesis
cannot be rejected and thus, the residuals are
independent and not correlated.

Clearly, there are considerable variations in the R?
values for NOA, NOI and NOF ARIMA models. Both
NOI and NOF trends are less predictable when
compared with NOA trend, as shown in Figure 2. The
low values of R?in NOI and NOF models may be
explained by the fact that ARIMA may not perform well
if there is an uncommon slowdown or growth in the
series, because ARIMA is only looking at the back data
of the variable.

Validation and Application of Models

Using the accidents’ data of 2019, the prediction
performance of the three types of models (Regression,
ANN and ARIMA) was validated, as shown in Table 3.
The accuracy of the models was compared through
computing the percentage errors of prediction for the
NOA, NOI and NOF in the year 2019. Figure 4 shows
the validation results for the number of fatalities during
the period (1995-2019).

According to the previous conducted comparison and
validation shown in Table 3 and Figure 4, it can be
inferred that the developed ANN models provided higher
accuracy compared with ARIMA models regarding the
performance measures (RMSE, MAE, R? and % Error).
Clearly, ANN models provide very accurate estimates of
the number of accidents, injuries and fatalities, with a
maximum error of about 1%. ARIMA was also better than
regression that comes in the last place in terms of the
prediction power; however, the developed regression
models were much simpler in terms of models’ structure
and analysis than the developed ARIMA and ANN
models. Although it is preferred to use more than one-year
data for validation purposes, the use of one-year data is
not unreasonable.

Finally, the developed models were used to predict
NOA, NOI and NOF for the year 2020 to show the
difference between observed and forecast values; i.e., to
show the impact of strategies undertaken to combat
Covid-19 on road traffic-accident statistics. The
implemented strategies included a complete ban on
travel and a quarantine, except for emergency, from 17%
of March 2020 to 15" of June 2020, followed by a partial
ban on travel at night, except for emergency cases, until
15" of August 2020, as well as the implementation of
odd and even system for vehicles allowed to travel
(Al-Tammemi, 2020).

Table 3. Comparison between actual and predicted NOA, NOI and
NOF for regression, ANN and ARIMA models

NOA models comparison results

Year Actual NOA | Regression-predicted NOA | ANN-predicted NOA | ARIMA-predicted NOA
2019 161511 111774 159489 156501
% Error -30.7% -1.2% -3.1%
Goodness of Fit (R?) 0.872 0.984 0.960
NOI models’ comparison results
Year Actual NOI Regression-predicted NOI ANN-predicted NOI ARIMA-predicted NOI
2019 17013 19926 16992 16862
% Error 17.12% -0.12% -0.89%
Goodness of Fit (R?) 0.556 0.912 0.674
NOF models’ comparison results
Year Actual NOF | Regression-predicted NOF | ANN-predicted NOF ARIMA-predicted NOF
2019 643 937 652 618
% Error 45.7% 1.4% -3.9%
Goodness of Fit (R?) 0.594 0.960 0.764
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Figure (4): Actual vs. predicted NOF for regression, ANN and ARIMA models

In 2020, the observed numbers of accidents, injuries
and fatalities were 122970, 12690 and 461, respectively.
Since the performance of ANN models was very
accurate, they were used in accident statistic estimates
for 2020. According to the ANN models, the estimated
numbers of accidents, injuries and fatalities were
166965, 17496 and 690, respectively. Thus, the
implemented strategies had reduced the numbers of
accidents, injuries and fatalities by approximately 35%,
37% and 50%, respectively. This result is in agreement
with many international studies, including Yasin et al.
(2021) and Saladié et al. (2020), which indicated that
during the COVID-19 pandemic, travel restrictions led
to a significant reduction in vehicle traffic that was
reduced by more than 50% worldwide, which in turn led
to a reduction in the numbers of traffic fatalities and
injuries globally.

CONCLUSIONS

This study investigated the possibility of using
different modeling techniques; namely, regression,
ARIMA and ANN, to predict traffic NOA, NOI and
NOF in Jordan and compared the performance of these
models to find out the best of them in predicting future
statistics. The study also explores the impact of the
Covid-19 pandemic and subsequent closures and
restricted-travel strategies on traffic accidents in Jordan
in 2020.

The results of this study indicated that all three
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modeling techniques can be used to predict the numbers
of traffic accidents, fatalities and injuries in the future.
Based on the model performance, the ANN models are
the best, followed by the ARIMA models and then the
regression models. Compared with regression and
ARIMA models, ANN models provided more accurate
estimates of traffic accidents and casualties. For the
developed ANN models, the obtained R? values of the
NOA, NOI and NOF models were 0.984, 0.912 and
0.96, respectively. In the validation analysis, these
models provided estimates of NOA, NOI and NOF with
a maximum error of estimate of about 1 %.

Also, analysis revealed that population, number of
registered vehicles and gross domestic product have
significant effects on the number of accidents and their
consequences. This implies that the inclusion of a broad
spectrum of human-, vehicle- and economy-related
factors in road traffic accident modeling and forecasting
is necessary rather than solely aggregated accident
counts. Probably, incorporating more independent
variables, such as length of paved roads and vehicle-
kilometer of travel, may improve some models’
prediction power.

Finally, it was concluded that complete and partial
banning of vehicle travel undertaken by the government
to prevent the spread of Covid-19 resulted in a
significant reduction of traffic accidents and casualties.
In 2020, the estimated reductions in traffic accidents,
injuries and fatalities were approximately 35%, 37% and
50%, respectively.
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Recommendations

For future studies, the researchers recommend
incorporating more related independent variables that
may affect accident occurrences or consequences.
Probably, the use of variables, such as vehicle-kilometer
of travel and length of paved roads, may improve some
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