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Abstract

The information and communication technology revolution has provided researchers
with new opportunities to enhance traffic prediction methods. Accurate long-term traffic
forecasts are essential for sustainable infrastructure planning, supporting proactive mainte-
nance and efficient resource allocation. They also enable environmental impact assessments
and help reduce carbon footprints through optimized traffic flow, minimized idling, and
better planning for low-emission infrastructure. Most traffic prediction studies focus on
short-term urban traffic, but there remains a gap in methods for long-term planning of
rural highways, which pose significant challenges for intelligent transportation systems.
This paper assesses and compares six prediction models for long-term daily traffic volume
prediction, including two traditional time series methods (ARIMA and SARIMA) and
four artificial neural networks (ANNs): three feedforward networks trained with Bayesian
Regularization (BR), Scaled Conjugate Gradient (SCG), and Levenberg–Marquardt (LM),
along with a nonlinear autoregressive (NAR) network. Applying mean absolute percentage
error (MAPE) as the performance metric, the results showed that all models effectively cap-
tured the data’s nonlinearity, though their accuracy varied significantly. The NAR model
proved to be the most accurate, with a minimum average MAPE of 2%. The Bayesian
Regularization (BR) algorithm achieved superior performance (average MAPE: 4.50%)
among the feedforward ANNs. Notably, the ARIMA, SARIMA, and ANN-LM models ex-
hibited similar performance. Accordingly, the NAR model is recommended as the optimal
choice for long-term traffic prediction. Implementing these models with optimal design
will enhance long-term traffic volume forecasting, supporting sustainable transportation
and improving intelligent highway operation systems.

Keywords: ARIMA; Artificial Neural Networks; long term prediction; nonlinear
autoregressive; rural highway; traffic volume

1. Introduction
Transportation infrastructure availability and efficiency are essential for sustainable

development and crucial to a country’s economic growth. The success of a transporta-
tion system, such as highway networks, depends on its ability to safely, efficiently, and
cost-effectively move individuals and goods between locations [1]. Various approaches,
including models and theories, have been developed to evaluate and forecast trends in
highway traffic flow. The primary objectives of traffic prediction are to support transporta-
tion planning and optimize traffic management concerning environmental preservation,
economic efficiency, accessibility, reliability and mobility.
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Traffic volume prediction involves estimating the number of vehicles expected to use
a specific highway at future times [2]. For implementing advanced control strategies, traffic
management is improved with the help of accurate traffic volume prediction by providing
early information to the engineers [3]. In order to tackle traffic challenges, traffic volume
prediction helps traffic planners and engineers to design and develop efficient highways.
For safe and efficient roads, congestion can be reduced by managing real-time traffic data.
Urbanization is expected to reach 68% by 2050. The rate of urbanization has increased from
2% in 1800 to over 50% in 2007 with over 20 million people moving from rural to urban
zone each year. Cities make up to 3% of total land area contributes to 80% of global Gross
Domestic Product (GDP) [4]. Poor traffic management has caused death to approximately
1.35 million people globally. This high death toll is serious economic and environmental
issue [5]. The maintenance cost is increase for road surface issues due to increase in the
road network [6].

Predicted traffic volumes supply critical data for a variety of aspects of managing high-
ways; including planning, design, and decision-making for operations. Advanced highway
management strategies rely upon Intelligent Transportation Systems (ITS) that are typically
regarded as being more sustainable and therefore preferred over expensive construction
alternatives. ITS is dependent on sophisticated communications technology within both
vehicles and roadway infrastructure [7]. Cheng et al. [8] used data from 99 urban areas in
the United States collected between 1994 and 2014 and determined that implementation of
511 intelligent transportation systems resulted in significant reductions in traffic congestion
with a total of 175 million hours of travel saved, an estimated annual savings of over
$4.7 billion, the saving of approximately 53 million gallons of fossil fuel and reduction of
more than 10 billion pounds of carbon dioxide emissions. In addition to economic impacts,
the social impact of traffic relates to public health and safety. Vehicle emissions have
dramatically increased because of continued urbanization and increasing traffic densities
in major metropolitan areas [9]. There has been extensive research linking vehicle traffic,
roadway geometrics, and accident frequency, demonstrating that improvement in highway
geometries results in decreased crash occurrences [10]. Predictions of long-term traffic
volume will allow for more accurate budgeting and scheduling of roadway maintenance,
resulting in more economically sustainable use of maintenance funds, longer life expectancy
of infrastructure and reduced costs associated with reactive maintenance [11].

However, traffic forecasting needs to be reliable for ITS to be implemented effectively.
The prediction of traffic volume provides a basis for highway delay and service level
assessments which can assist in reducing traffic congestion by implementing specific
traffic control strategies or optimal routing [12]. For highway users, traffic prediction
provides valuable information, such as current traffic conditions, expected trip durations,
and highway status. Real-time and forecasted traffic data are relied upon by the majority
of route planning and navigation tools [13]. Additionally, traffic forecast contributes to
intersection management by enabling adaptive traffic signal operations.

An extensive literature review reveals that many researchers have contributed to
developing various approaches for short-term traffic flow prediction. However, few in-
vestigations have addressed long-term traffic volume forecasting, primarily due to the
limited availability of reliable long-term traffic data. Additionally, majority of current
research in both short-term and long-term prediction rely on small datasets or simulation
data [14]. Some of these studies have used only a single dataset for development, testing,
and comparison of their proposed methods, which raises concerns about the models’ gen-
eralizability and accuracy on other or new data [15]. The majority of research to date has
employed parametric methods, which have certain limitations. Long-term traffic volume
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prediction using nonparametric techniques, such as deep learning and artificial neural
networks (ANNs), is still in the early stages and requires further investigation.

This study aims to evaluate various prediction models for long-term forecasting of
daily traffic volume on rural highways in Saudi Arabia. While many studies focus on short-
term urban traffic prediction, this research addresses a significant gap by benchmarking
models for long-term rural highway traffic forecasting, an area underrepresented in existing
literature. The main contributions are:

• The identification of NAR network as a highly accurate and data-efficient model for
long-term rural traffic prediction, achieving an average MAPE of 2%, demonstrating
that accurate forecasts can be achieved primarily using past traffic data with minimal
reliance on extensive exogenous inputs.

• The finding that traditional parametric models (ARIMA, SARIMA) can compete with,
and in some cases outperform, complex neural network architectures (specifically
ANN-SCG and ANN-LM in this study), challenging the common assumption that
nonparametric methods are universally superior for this task.

• A practical benchmark and guidance for transportation planners, comparing six di-
verse models on real-world data and highlighting the trade-offs between accuracy,
model complexity, and computational cost for rural highway applications.

• This study serves as the first comprehensive evaluation for long-term rural traffic
forecasting in Saudi Arabia and establishes a foundational reference for the Saudi
Ministry of Transport and future researchers in the region, guiding model selection
based on accuracy, complexity and cost.

The results from this research can aid highway network management by applying and
expanding intelligent transportation systems.

In this paper, Section 2 reviews traffic prediction modeling, key factors, and relevant
studies, Section 3 details the materials, methods, data collection, models, and evaluation
framework, Section 4 discusses the results and compares model performances and Section 5
focuses on main findings, recommendations and future research.

2. Literature Review
2.1. Traffic Prediction Modeling

Traffic management benefits from traffic prediction models that use historical data
to forecast future conditions [16]. These models are generally classified into short-term
(e.g., less than 30 min) and long-term (e.g., a day or a week) forecast [17–20]. Recent
advancements in methods have enabled more accurate collection of traffic big data [18].
Examples of data collection techniques include various highway sensors such as loop
detectors, radars, cameras, GPS-enabled mobile applications, and probe vehicles.

2.2. Key Factors of Traffic Volume Prediction

Several factors can influence future traffic volume on any highway. These factors
are generally related to highway characteristics such as distance, capacity, and quality;
trip characteristics including purpose and time; and highway users’ attributes like age
and other economic factors such as fuel prices, tolls, taxes, and the availability of alterna-
tive transportation modes [21]. The traffic volume is significantly affected by economic
considerations such as toll charges, fuel costs and taxes [22,23].

2.3. Prediction Methods Groups

Parametric and nonparametric methods, based on theories such as artificial intelli-
gence and statistics, are utilized by researchers to forecast short-term and long-term traffic
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data [24]. These methods are also classified as machine learning methods and classical
statistical methods [25].

Parametric methods explicitly specify and examine how inputs relate to outputs
through a parameterized and interpretable model, enabling precise quantitative analysis of
their relationship. Typically, parametric methods rely on strong assumptions such as the
normality of residuals, a defined model structure, and the stationarity of the time series. In
nonlinear and disordered traffic flow data, these assumptions may not hold and often result
in poor performance. Conversely, the advantages of parametric methods include their ease
of implementation and interpretability. They offer quick learning from limited training
data and can perform well even with imperfect data fitting [26]. The statistical time series
analysis techniques form the foundation of the most popular parametric methods [14,15,27],
including historical averaging [14], smoothing techniques, growth trends [28,29], ARIMA
model and SARIMA, Kalman filtering models and various regression models [30–32].

Using data-driven approaches, nonparametric methods analyze how inputs relate
to outputs [33]. In contrast to parametric methods, which depend on pre-defined rela-
tionships, these approaches learn directly from training data, which allows for flexible
modeling of different functional forms without prior assumptions. Moreover, intelli-
gent learning algorithms are capable of recognizing nonlinear relationships in data. Poor
interpretability is a common challenge with these methods, which require intensive train-
ing procedures and large amounts of data. Nonparametric regressions (e.g., k-nearest
neighbor (k-NN) methods) [14,34,35], machine learning techniques (e.g., ANN [36] and
SVM [14,18,28,29,37,38]) and deep learning neural networks [20,39,40] are frequently used
in traffic prediction studies.

Recently, among various nonparametric approaches, ANNs have been prominently
considered for prediction tasks. Capacity to categorize patterns, predict outcomes and
make decisions based on past experience forms the basis for ANN optimization algorithms,
which are developed based on concepts derived from scientific research focusing on the
nature of the brain [37]. Given large datasets and limited knowledge of the underlying
processes, an ANN consists of a network of interconnected neurons that can receive, process,
and transmit signals [14]. Predicted and actual outputs are fundamental to supervised
learning, a subset of ANN training that minimizes the error between them. Conversely,
some ANNs utilize unsupervised learning, such as self-organization, where outputs are
unavailable, and the network organizes input cases into a useful configuration. Several
studies have applied ANNs in traffic prediction [41,42], employing techniques such as
backpropagation, RBANN, FNM, SVR, GAs, SAE, SVM, CNN and MLP.

2.4. Traffic Prediction Methods

Recent research has focused on improving traffic prediction and management. Xu
et al. [43] proposed MetaSTC framework, which employs a spatio-temporal clustering strat-
egy and a meta-learner to address the challenges of large-scale, heterogeneous traffic data.
Yang et al. [44] introduce the parallel self-learned and predefined joint spatial–temporal
GCN (PSPJSTGCN), a traffic flow forecasting model that combines self-learned and pre-
defined graph structures using a gated mechanism to enhance the extraction of spatial-
temporal dependencies. Xiao et al. [45] introduce the adaptive spatiotemporal dynamic
graph convolutional network (AST-DGCN), that utilizes dynamic graphs, self-attention,
and residual correction. Zhou et al. [46] introduce a large-scale spatio-temporal multimodal
fusion framework that uses Convolutional Neural Networks (CNNs) for spatial feature
extraction and Recurrent Neural Networks (RNNs) for accurate traffic prediction. This
framework can perform location-based predictions and has been successfully applied to
real-world large-scale maps, demonstrating its practical utility in urban traffic management.
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Lee [47] introduces the HI-XGB model that uses Shapley values and XGBoost to achieve
highly accurate urban traffic speed predictions. Min et al. [48] propose a deep multimodal
model that fuses data from different sensors to accurately estimate traffic speed. Shen [49]
introduces an interpretable XGBoost model for accurate long-term traffic speed prediction.
Nesa and Yoon [50] employs regression models and XAI techniques to predict traffic speeds.
Wieczorek et al. [51] presents an adaptive vehicle recognition system using fused energy
and deep optical flow features with graph mining and an ANN for high performance in
dense traffic. Satyanarayana et al. [52] achieves high-accuracy, real-time vehicle detection
on low-power devices using a CNN trained on road marks. Singh et al. [53] combines
YOLOv8 with Transformers and a modified pyramid pooling model for robust real-time
vehicle detection and tracking. Bakirci [54] explores YOLOv8 for vehicle detection in aerial
imagery. These innovative approaches reflect a continued focus to address the challenges
of transportation systems. The following sections discuss the latest studies on short-term
and long-term traffic volume prediction.

2.4.1. Short-Term Traffic Prediction

Among parametric methods, time series models are frequently employed for short-
term traffic prediction [55,56]. Due to their low complexity, ARIMA models, originally
established by Box and Jenkins, are broadly applied in traffic prediction and several ap-
proaches for learning and predicting time series data, which ranges from basic time series
analysis to newer methods utilizing ANNs [57]. Forecasting future values is attained by
applying a mathematical function that represents historical behavior at regular intervals to
the data [58]. Reflecting the effect of historical data while managing uncertainty, the pre-
dicted values are modeled as a linear combination of error terms and past data. Smith and
Williams [59] applied ARIMA approach to predict single-point traffic flow. Lee et al. [17]
found that a specific subset of ARIMA models provided the best prediction accuracy. Box
and Jenkins developed Seasonal ARIMA (SARIMA), which is effective for data with strong
seasonal patterns. Li et al. [20] observed that SARIMA models deliver accurate predictions.
Hong et al. [60] also applied a SARIMA model, which incorporates seasonal differencing
to account for peak and non-peak flow periods. However, they highlighted that these
models require significant time for outlier detection and parameter estimation. Based on
the ARIMA framework, many other time series models have been emerged in the past
few years. For example, Chen et al. [12] developed a Logistic Smooth Transition AutoRe-
gressive (LSTAR) model for short-term traffic prediction and proposed a new parameter
estimation method (LSTARIMA), which demonstrated higher accuracy than other time
series models. Their research also discovered that an optimized ARIMA model can perform
effectively compared to the conventional ARIMA by fine-tuning through sequential traffic
data analysis.

The rapid advancement in data acquisition, storage, and management technologies has
enhanced the potential of nonparametric methods for future traffic prediction [3,58]. Addi-
tionally, with the emergence of artificial intelligence applications, new approaches have
been introduced into traffic prediction, primarily involving machine learning techniques
such as deep learning neural networks and ANN [61]. Recent studies have applied various
nonparametric methods for short-term traffic forecasting and compared their performance
with standard parametric models [62–64].

Among nonparametric and artificial intelligence approaches, ANNs have been widely
applied for traffic prediction. Chen [37] discussed decomposition models, Winters’ models,
ARIMA, and various neural network models for traffic volume forecasting. His results
show that the radial basis function neural network (RBFNN) outperforms other models in
volume prediction. Smith et al. [14] applied backpropagation ANN for traffic forecasting,
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finding it superior to traditional time series models due to its ability to capture high
variability in traffic data [20]. For the short-term traffic prediction, Park et al. [65] compared
standard ANN with an RBF-enhanced ANN, concluding that the RBF model is more
accurate and requires less training time. Kumar et al. [66] used a multilayer perceptron
(MLP) for predicting accurate short-term traffic using time, density, speed, and day of the
week. Siddiquee and Hoque [29] utilizes backpropagation ANN for predicting accurate
daily traffic volume. Park [65] created a hybrid neural-fuzzy model, which integrates
fuzzy C-means with RBF neural networks for categorizing traffic patterns and improving
prediction accuracy. For traffic flow prediction, Alsehaimi et al. [67] recommended the
Adaptive Spatio-Temporal Attention-Based Multi-Model (ASTAM), which improves the
MAE, RMSE, and MAPE metrics.

2.4.2. Long-Term Traffic Prediction

Limited literature is available on the use of parametric and non-parametric models for
long-term traffic prediction. Yin et al. [68] introduce the Dual-module Adaptive Transformer
and Spatio-Temporal Attention Network (DAT-STAN) to improve traffic flow prediction
by capturing traffic patterns and integrating spatio-temporal features. Ali et al. [69] pro-
posed the Multi-scale Attention-Based Spatio-Temporal Graph Convolution Recurrent
Network (MASTGCNet) for enhancing traffic prediction accuracy in smart city networks.
This technique combines multi-scale feature extraction, dual attention mechanisms and a
blend of GRUs and GCNs to capture complex spatio-temporal relationships. It addresses
the limitations of traditional fixed-graph methods by dynamically modeling correlations
and long-term dependencies, while also incorporating resource allocation strategies to
reduce energy consumption in edge computing. Experimental reveal that MASTGCNet
significantly outperforms existing approaches, representing a valuable advancement in
intelligent traffic management. Table 1 summarizes studies related to long-term traffic
forecasting with various parametric and nonparametric methods.

Table 1. Summary of the published long-term traffic prediction studies.

Authors Prediction Methods Main Findings

Yasdi [70] Recurrent neural networks with
backpropagation

The model showed good results for
traffic prediction

Stutz and Runkler [71] Fuzzy clustering method The method showed promising results for
traffic prediction

Yin [72] Fuzzy neural model (FNM); ANN with
backpropagation

FNM provided more accurate predictions
compared to Backpropagation networks

Ahmed and Gazder [28] ANNs with Multi-layer perceptron
(MLP); Linear regression

The MLP has better accuracy than the linear
regression technique

Al-MASAEID AND
Al-Omoush [59]

Aggregate regression; Disaggregate
trend; Empirical Bayesian

Aggregate regression and empirical Bayesian
analysis provided similar results. Trend

method was not efficient.

Ratrout and Gazder [73]
ANN with (MLP); ANN with radial

basis function neural network (RBANN);
Linear regression analysis

ANNs have better accuracy than linear
regression technique

Su et al. [19]

Nonparametric kernel regression;
SARIMA; Back propagation NN; Least

Squares Support Vector
Machine (LSSVM)

Nonparametric kernel regression is more
accurate and effective than all of the

compared models

Khalifa et al. [74]
Holt-Winters; ARIMA; Random Forest;

MLP; AdaBoost; Long Short-Term
Memory networks (LSTM); Extra Trees

Holt-Winters and ARIMA showed
unsatisfactory performance. The MLP and

LSTM gave a better performance than
the others.
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Table 1. Cont.

Authors Prediction Methods Main Findings

Zang et at. [75] Residual net and Deconvolutional
Neural Network

The model performed better than any other
existing model for traffic long-term

flow prediction.

Zang et al. [76] Multiscale Spatiotemporal Feature
Learning Network (MSTFLN)

The model could effectively predict the
long-term traffic Information.

Wu et al. [77] Denoising schemes and support
vector machine

Ensemble Empirical Mode Detection (EEMD)
outperforms other denoising algorithms in

prediction accuracy.

Zhao et al. [78] Deep belief networks (DBNs)
Parallel DBN learning reduces pre-training and

fine-tuning times, enhancing efficiency and
effectiveness.

Li et al. [79] Gaussian interval type-2 fuzzy set
Forecasted traffic range fully encompassed the

actual traffic volume within upper and
lower bounds.

Tang et al. [80] DNN based traffic flow model
The DNN-BTF model, using CNN and RNN to
extract spatial-temporal features, outperformed

all models.

He et al. [81] Spatio-Temporal Convolutional Neural
Network (STCNN) model

STCNN model showed significantly better
performance than any other predictive model

Li et al. [82] T2F-LSTM neural network model
The introduction of interval sets of T2F

provided a better LSTM model performance for
Long-term traffic volume prediction.

Li et al. [83]
Wavelet-Decomposed Convolutional

Neural Network-Long Short-Term
Memory (W-CNN-LSTM)

W-CNN-LSTM combines wavelet, CNN, and
LSTM for improved long-term traffic

flow prediction.

Park et al. [84] Graph Convolutional Network
This model predicts traffic better, incorporating

weather data and outperforming
traditional methods.

Toba et al. [85] Combination of K-means clustering,
LSTM and Fourier transform

This method accurately predicts long-term
traffic trends, capturing periodicity and

variations effectively.

2.5. Findings of the Literature Review

Studies generally show that nonparametric methods are more suitable and accurate
than parametric approaches. However, a few studies report conflicting results, particularly
with certain advanced parametric models. Statistical time-series models are easy to use and
have low computational complexity, but their performance in long-term traffic prediction
suffers due to the high variability and nonlinearity of traffic data, which these models strug-
gle to capture. For example, ARIMA models focus on mean values and, as linear statistical
algorithms, face challenges in modeling traffic flow fluctuations and high variability. Con-
versely, the literature indicates that nonparametric methods are more successful for traffic
prediction. They are flexible, data-driven, and do not rely on distribution assumptions [86].

3. Materials and Methods
3.1. Data Collection

Daily traffic volume in this study represents the vehicle count on a highway in one
direction over a 24 h period. Using loop detector pairs in every highway lane for both di-
rections, the Saudi Ministry of Transport (MOT) gathered data from 2013 to 2019. However,
due to maintenance or other issues, detector shutdowns occurred, resulting in missing data.
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3.2. Selection of the Highways Sample

Saudi Arabia has over 60 rural highways connecting remote regions, each differing
in characteristics due to their unique economic and social roles [29]. This research aims to
predict the daily traffic volume on selected rural highways to evaluate the performance
of various prediction models. A representative sample of three traffic datasets from dif-
ferent highways was used, selected based on data availability, highway type, and average
monthly traffic volume. The primary criterion was sufficient traffic data over long periods.
While expanding the dataset to include more highway types and regions would improve
generalizability, it poses significant data collection challenges. This study provides a cru-
cial baseline using the most comprehensive available data. Table 2 presents the selected
highways, including their names and features.

Table 2. Selected highways and their characteristics.

Highway Name Highway
Code

No of
Lanes

Highway
Distance (km) Data Period No of

Available Days

Riyadh—Dammam RTD 3 383 (13 January 2014)–(10 July 2019) 1685
Riyadh—Qassim RTQ 3 317 (25 February 2013)–(22 May 2019) 1748
Qassim—Riyadh QTR 3 317 (26 February 2013)–(02 October 2019) 1905

3.3. Inputs Processing

As discussed in the literature, various factors can influence highway traffic volumes
over different time periods. In this study, key factors such as time characteristics, specifically,
the date of the month, day of the week and fuel prices were selected as input variables for
some of the prediction models. Table 3 illustrates a typical dataset with examples. The date
was divided into four components:

×1: the day of the month (1–31),
×2: the month (1 January to 12 December),
×3: the year (1 for 2013 up to 7 for 2019),
×4: the day of the week (1–Sunday to 7–Saturday).

Additionally, ×5 represents the fuel price for each day, with four possible values: 0.45,
0.75, 1.37, and 1.44 Saudi Riyals, reflecting fuel prices in Saudi Arabia over the past seven
years. The total daily traffic volume (y) is represented in the last column.

Based on literature review findings and the availability of specific data, this research
selected these inputs. To reduce model complexity and improve predictive accuracy, some
outliers in the original traffic volume dataset were adjusted.

Table 3. Example of the Typical Dataset Structure.

Date
(×1)

Month
(×2)

Year
(×3)

Day of the Week
(×4)

Fuel Price (×5)
(Saudi Riyals)

Total Daily Volume (y)
(No. of Vehicles)

13 1 1 2 0.45 13,378
14 1 1 3 0.45 14,322
15 1 1 4 0.45 15,704

3.4. Data Exploration

Before developing prediction models, traffic volume data from three highways were
analyzed to identify general patterns and relationships with input variables. Seasonal,
monthly, and daily patterns were revealed in the analysis of daily traffic volumes over the
entire year. The data show nonlinear and disordered patterns. As expected, traffic volume
is strongly correlated with the day of the week (×4) and significantly related to daily
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time characteristics, including the date (×1) and month (×2). Additionally, each highway
exhibits different traffic patterns due to variations in their economic and social significance.

3.5. Selection of the Prediction Models

Suitable prediction models were selected and applied using the three datasets de-
scribed earlier to assess their effectiveness for long-term traffic volume forecasting. Six
models were chosen: two parametric models (ARIMA and SARIMA) for comparison, and
four different types of ANN. Classical statistical methods, fully connected ANNs, and a
recurrent NAR network are included in this selection, which provides a broader benchmark.
The chosen set, representing parametric, nonparametric, and neural network approaches, is
broadly used, despite the existence of other models, e.g., Support Vector Machines (SVM),
k-Nearest Neighbors (k-NN), and LSTM. Without the complexity of hybrid or highly ad-
vanced architectures, this enables a clear evaluation of their suitability for long-term rural
highway traffic prediction and provides a solid foundation for future comparisons. For
linear and seasonal time-series problems, parametric models acted as established baseline
methods due to their proven performance [87]. In traffic volume forecasting, feedforward
ANNs are a key class of non-parametric models that can learn complex, nonlinear relation-
ships without strong assumptions [88]. Sharing the ability to model temporal dependencies
with more complex models like LSTM, the NAR network was specifically selected for its
simpler architecture. All models were implemented using MATLAB R2018b. Following
sections discusses Statistical Time Series models, Artificial Neural Network and Neural
Network Time Series.

3.6. Statistical Time Series Models

ARIMA is a non-seasonal linear time series model characterized by three key param-
eters: p (autoregressive order), D (degree of non-seasonal differencing), and q (moving
average order). Equation (1) shows that the predicted value in the ARIMA model is a linear
combination of past observations and errors.

Yt = ϕ0 + ϕ1Yt-1 + ϕ2Yt-2 +. . .+ ϕpYt-p + ϵt − θ1 ϵt-1 − θ2 ϵt-2 − . . . − θq ϵt-q (1)

where p and q are autoregressive and moving average, Yt is the actual observation and ϵt is
the random error at t, and θ1, θ2,. . ., θq and ϕ0, ϕ1,. . ., ϕp are coefficients, respectively [89].

As a time series model, ARIMA uses past traffic volumes to forecast future traffic.
Based on the literature, ARIMA parameters (constant, AR, and MA) can be estimated using
the Box–Jenkins method or other approaches. In this study, the optimal values of p, D, and
q were selected through trial and error, guided by the minimum AIC. These values were
then used to estimate ARIMA parameters for the prediction model. The SARIMA model,
which captures seasonality, employed the same parameter estimation approach [90].

3.7. Artificial Neural Networks (ANNs)

The primary goal of ANNs is to model the relationship between inputs and outputs
by training on data to produce accurate target outputs [91]. In this study, MATLAB’s
neural network fitting app was used. The ANN consists of three layers: input, hidden,
and output, and employs the sigmoid function as the transfer function. Several training
algorithms are available; however, this research selected BR, LM and SCG to compare
their performance and determine which works best for long-term traffic volume prediction
on rural highways. During training, the network memorizes input–output relationships,
and the error decreases to a small value. However, when tested on new data, the error
may become large, a phenomenon known as overfitting. This can be mitigated through
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generalization techniques that restrict the network size, although determining the optimal
size is challenging and typically approached with different methods.

The ANNs used in this research are feedforward neural networks (FFNNs) that model
the relationship between the input variables x = [x1, x2, . . ., xn] and the output y through
a series of nonlinear transformations. The network consists of an input layer, one hidden
layer, and an output layer. The output of each neuron jj in the hidden layer is computed as:

hj = f (1)(∑n
i=1 w1

jixi + bi
j) (2)

where w1
ji are the weights connecting input ii to hidden neuron j, bi

j is the bias term for

neuron j and f (1) is the activation function. The final network output is then:

ŷ = f (2)(∑m
j=1 w2

j hj + b2) (3)

where m is the number of hidden neurons, w2
j are the weights from the hidden layer to the

output, b2 is the output bias, and f (2) is a linear activation function for regression tasks.
The goal of training is to find the parameters θ = {W(1), b(1), W(2), b(2)} that minimize a loss
function, such as the MSE, between the predicted outputs ŷ and the actual targets y.

The first two algorithms, SCG and LM, use early stopping to address this issue. Early
stopping divides data into three sets: training, validation, and test. The model’s weights
and biases are trained on the training set, while the validation set monitors generalization
and determines when to stop training. The test set evaluates the model’s performance on
unseen data.

3.7.1. Scaled Conjugate Gradient (SCG)

The SCG algorithm adjusts weights by searching along the conjugate gradient, offering
faster convergence than first-order methods by avoiding costly line searches. Developed by
Møller [92], it remains popular among researchers with large datasets who prioritize conver-
gence speed over memory. In SCG algorithm the Hessian matrix can be approximated by

sk=
É(wk + σk pk)

σk
+ λk pk (4)

βk=
(|gk+1|2 − gT

k+1gk)

gT
k gk

(5)

pk+1= −gk+1 + βk pk (6)

where E is the total error function and E is the gradient of E, λk, βk and σk are scaling
factors [93]. The algorithm itself is complex and completes its search in multiple steps [94].

3.7.2. Levenberg–Marquardt (LM)

The LM is a fast optimization technique based on numerical methods [95], closely
related to quasi-Newton methods. It achieves near second-order training speed by approxi-
mating Hessian matrices (H), which involve second derivatives of the performance function
at current weights and biases. By avoiding these complex calculations, LM converges faster
than conjugate gradient methods. Instead, it approximates H with JTJ, where J contains
first-order derivatives of network errors, making the computation more efficient. This
approximation is effective when the performance index is a sum of squares, common in
feedforward networks:

H = JT J (7)
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The update rule then becomes:

xn+1 = xn −
JTe

[JT J + kI]
(8)

where e represents network errors, I is the identity matrix, and k is a scalar that interpolates
between gradient descent and Newton’s method based on performance criteria [96].

3.7.3. Bayesian Regularization (BR)

Regularization is used by BR to reduce overfitting [97]. To promote smoother responses
and improve generalization, this approach uses a modified performance index (PI) that
penalizes large weights and biases. The modified PI adds an MSWB term to the standard
mean squared error (MSE):

PI = αMSE + (1 − α)MSWB (9)

where MSE is the mean squared error, MSWB is the mean sum of squares of weights and
biases, and α is the performance ratio parameter. Selecting the optimal α is crucial; a small
value reduces performance, while a large value risks overfitting. In BR, α is automatically
estimated by treating weights and biases as random variables with known distributions,
relating α to their variances.

All ANNs in this study had a single hidden layer with five input nodes date (×1),
month (×2), year (×3) day of the week (×4) and fuel price (×5) and one output node (total
daily volume y). Data were split into 70% for training, 15% for validation and 15% for
testing. To identify the optimal number of hidden neurons, models were tested with 5 to
600 neurons; 125 neurons yielded the lowest MAPE on the validation set. This number was
used for all models to ensure consistency and optimal performance.

3.8. Neural Network Time Series

This is another neural network type used for fitting problems, employing a two-layer
feedforward architecture. It utilizes dynamic filtering with previous time series values to
predict future data, using tapped delay lines for nonlinear filtering and prediction. In this
study, the NAR model was chosen to represent this group. The NAR model can be trained
with any training function and is mathematically expressed as:

Ŷ = ƒ (y(t-1) + y(t-2) + . . . + y(t-d)) (10)

where ƒ is a nonlinear function and predicted values depend on the earlier values of the
regressed d [98]. As a time series model, it has a single input (past traffic volumes) and
predicts the next day’s volume. The NAR model was implemented with a single hidden
layer and trained using Bayesian regularization. Based on literature, 50 hidden neurons
were selected. The key hyperparameter is the number of feedback delays; performance
was tested for delays ranging from 1 to 200, with 200 delays yielding the lowest MAPE.
Data were split into 70% training, 15% validation, and 15% testing, consistent with the
other models.

3.9. Model Evaluation

Various techniques can be employed to evaluate the effectiveness of prediction models,
including regression analysis, mean absolute error (MAE), Mean Absolute Percentage
Error (MAPE), Mean Square Error (MSE), Variance of Absolute Percentage Error (VAPE)
and the probability of percentage errors. MAPE is suitable for transportation planning,
is scale-independent and unit-free, and adjusts for differences in error magnitude. Due
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to its ease of interpretation as an average percentage error, MAPE was used to evaluate
all prediction models in this study, which helps in stakeholder communication. It enables
consistent comparison across datasets that have different traffic volumes. RMSE and R2

highlight various aspects of error, but the clarity and consistency of MAPE’s trends provide
a more reliable foundation for model comparison [99–101]. The prediction methodology is
illustrated with a flowchart diagram (Figure 1).

 

 

Figure 1. Methodology flow diagram for Long-term traffic prediction [93,102].

4. Results and Discussion
A critical step in this study was the systematic optimization of hyperparameters for

neural network models to ensure fair comparison and maximize predictive accuracy. For
feedforward ANNs, the number of hidden neurons was optimized, performance was
evaluated across 5 to 600 neurons, with the lowest MAPE on the validation set achieved
at 125 neurons. This configuration was used for all ANN variants (BR, SCG, LM). For the
NAR model, the key hyperparameter was the number of feedback delays, ranging from 1 to
200. Results in Table 7 indicated that accuracy improved with increasing delays, plateauing
around 25 delays. The minimum MAPE was consistently obtained with 200 delays, which
was selected for the final NAR model despite higher computational costs. For parametric
models (ARIMA and SARIMA), the Box-Jenkins methodology was employed; the optimal
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parameters (p, D, q) and seasonal parameters (ps, Ds, qs) were determined by minimizing
the Akaike Information Criterion (AIC) for the Riyadh-Dammam (RTD) dataset. The
optimal structures were (7, 1, 2) for ARIMA and (7, 1, 2) × (7, 1, 2) for SARIMA, which
were then applied across all datasets for consistency.

4.1. Results of the Statistical Time Series Models

Initially, the RTD highway dataset was used to determine the optimal hyperparameters
for ARIMA (p, D, q) and SARIMA (p, D, q) × (ps, Ds, qs) models. These optimal parameters
were then applied to develop models for three datasets (RTD, RTQ, and QTR). Table 4
presents the model characteristics and their prediction accuracy, assessed via MAPE. Results
indicated that both ARIMA and SARIMA models achieved promising prediction accuracies
across all datasets, with average MAPE values of 7.42% and 7.00%, respectively. The
SARIMA model demonstrated marginally better performance. These findings suggest that,
despite their assumptions, both parametric models effectively predicted nonlinear traffic
volume data.

Table 4. ARIMA and SARIMA models characteristics and MAPE (%) results of RTD, RTQ and
QTR highways.

Highway
Code

Time Series Model

ARIMA SARIMA

RTD
MAPE = 7.098%

(p, D, q) = (7, 1, 2)
AIC = 2.983 × 104

MAPE = 6.599%
AIC = 3.114 × 104

(p, D, q) × (ps, Ds, qs) = (7, 1, 2) × (7, 1, 2)

RTQ
MAPE = 7.218%

(p, D, q) = (7, 1, 2)
AIC = 2.814 × 104

MAPE = 6.836%
AIC = 2.858 × 104

(p, D, q) × (ps, Ds, qs) = (7, 1, 2) × (7, 1, 3)

QTR
MAPE = 7.926%

(p, D, q) = (7, 1, 2)
AIC = 3.324 × 104

MAPE = 7.574%
AIC = 3.429 × 104

(p, D, q) × (ps, Ds, qs) = (7, 1, 2) × (7, 1, 2)
Average
MAPE 7.400 7.000

4.2. Results of the Artificial Neural Networks

The three selected training methods were applied on each dataset to evaluate and
compare their prediction capabilities. Table 5 presents the ANN-MAPE results against
different hidden neurons.

Table 5. ANN-MAPE (%) results of different number of hidden neurons.

No. of Hidden Neurons 5 25 50 75 100 125 150 200 500 600

MAPE (%) 13.2 6.37 4.92 3.95 3.56 3.22 3.25 3.48 3.82 3.70

Table 6 presents the prediction accuracies of the three neural networks (with
125 neurons), evaluated using MAPE for RTD, RTQ, and QTR highways. Overall, all
three ANNs demonstrated acceptable predictive performance, though their accuracies
varied. The Bayesian Regularization (BR) training method yielded the lowest MAPE values
across all datasets, with an average MAPE of 4.50%. The LM method produced higher
MAPE values, averaging 8.00%, while the SCG method resulted in the highest errors,
with an average MAPE of 13.80%. These results highlight the importance of selecting an
appropriate training method in addition to optimizing the number of hidden neurons.
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Table 6. ANNs MAPE (%) results of RTD, RTQ and QTR highways.

ANN Training Method/Highway Code RTD RTQ QTR Average

Bayesian Regularization (BR) 3.222 4.432 5.869 4.466
Scaled Conjugate Gradient (SCG) 14.618 12.409 14.459 13.800

Levenberg–Marquardt (LM) 7.484 6.936 9.598 8.000

4.3. Results of the Neural Network Time Series

Table 7 presents the prediction accuracy of the NAR model, evaluated using MAPE for
RTD, RTQ, and QTR highways. Overall, the results indicate that the NAR model achieved
high prediction accuracy, with MAPE values of 1.65%, 1.70% and 2.57% for RTD, RTQ, and
QTR, respectively, at a delay of 200. Increasing the delay number from 1 to 200 significantly
reduced MAPE values; however, minimal differences were observed beyond a delay of 25.
MAPE values for delays of 50, 100 and 200 were nearly similar across all datasets.

Table 7. NAR model MAPE (%) results of RTD, RTQ and QTR highways.

Delay Numbers RTD RTQ QTR Average

1 15.221 10.371 13.970 13.130
2 9.623 9.281 10.936 9.990
3 7.605 8.710 8.036 8.100
4 6.309 8.416 7.614 7.430
5 5.602 7.768 6.886 6.700
6 4.509 7.038 6.577 6.000
7 3.801 5.558 5.384 4.866
8 3.704 5.531 5.012 4.733
9 3.607 5.265 4.795 4.500

15 3.408 5.649 5.040 4.666
25 2.801 4.330 4.233 3.766
50 1.952 3.778 3.558 3.300
100 1.702 4.243 2.428 2.766
200 1.648 1.695 2.566 2.000

4.4. Comparisons of the Applied Prediction Models

Table 8 shows minor variations in prediction performance across highways, at-
tributable to differences in their traffic volume patterns. While all models provided usable
forecasts, their accuracy varied substantially, with the NAR model being the most accu-
rate, achieving a minimum average MAPE of 2%. Overall, all models performed well for
traffic volume prediction across the three datasets; however, their prediction accuracies
differed. The NAR model consistently outperformed others, with the lowest average MAPE
(2%). In contrast, the ANN with the SCG training method was the least accurate (average
MAPE: 13.83%), performing worse than traditional ARIMA and SARIMA models. This
contradicts the common assumption that nonparametric methods are superior to classical
time-series models. The ARIMA, SARIMA, and ANN-LM models showed similar per-
formance (average MAPE 7.5%), indicating that well-specified parametric models can be
competitive with neural networks for this task. Notably, the strong performance of the
NAR model, which relies solely on past traffic volumes, suggests that additional exogenous
factors (e.g., date, month) used as inputs in feedforward ANNs may be unnecessary for
high accuracy, thereby simplifying data collection. The ANN models, particularly the
impact of key variables like the day of the week, month, and date, appear crucial only
when used with neural networks; in contrast, ARIMA, SARIMA and NAR models using
only past traffic volumes, delivered more accurate results than some ANNs with additional
factors. Regarding computational efficiency, ANNs, ARIMA, and SARIMA models ran
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significantly faster than the NAR model, which, with 50 hidden neurons and 200 delays,
required nearly 19 h for training. The ANN with the Bayesian Regularization (BR) method
took longer than other training approaches.

Table 8. Comparison of the MAPE (%) of all prediction models.

Prediction Model Name RTD RTQ QTR Average

ARIMA 7.098 7.218 7.926 7.420
SARIMA 6.599 6.836 7.574 7.000

ANN with Bayesian Regularization (BR) 3.222 4.432 5.869 4.500
ANN with Scaled Conjugate

Gradient (SCG) 14.618 12.409 14.459 13.830

ANN with Levenberg–Marquardt (LM) 7.484 6.936 9.598 8.100
NN time series with Nonlinear
Autoregressive model (NAR) 1.647 1.695 2.566 2.000

Figure 2 illustrates the predicted traffic volumes from all models alongside the actual
traffic volumes for RTD, RTQ, and QTR. The shown portion, selected randomly, includes
42 data points representing every fifth day near the end of each dataset. These figures
compare the predicted and actual volumes, highlighting how well each model captures
traffic patterns. Across all datasets, the NAR model’s predictions closely follow the actual
data, validating the high accuracy indicated by the earlier MAPE analysis.

The superior performance of the NAR model can be attributed to its architecture,
which is fundamentally designed for sequential data. The optimization of the feedback de-
lays to 200 provided the model with an extended memory, enabling it to capture long-range
temporal dependencies and complex, nonlinear patterns within the traffic volume time
series that other models could not. The ability to model such extended temporal contexts is
a key advantage of recurrent architectures over feedforward networks for traffic predic-
tion [45]. The NAR model’s architecture is well-suited to capture the intense intermittency
and stochasticity of traffic flow [67]. Furthermore, BR incorporates a regularization term
that penalizes overly complex models, effectively controlling overfitting and promoting
smoother, more generalizable predictions [97]. The use of the Bayesian Regularization
training algorithm enhanced learning stability by effectively preventing overfitting, lead-
ing to a more robust and generalizable model. In contrast, the linear assumptions of the
ARIMA and SARIMA models limited their ability to capture the high stochasticity of the
data, while the feedforward ANNs, despite their nonlinear capabilities, lacked inherent
temporal memory and were more sensitive to the choice of training algorithms.

This comprehensive evaluation of six prediction models on three distinct rural high-
way datasets provides clear evidence for their applicability in long-term traffic volume
forecasting. The detailed findings offer several key conclusions with practical benefits for
transportation planners and engineers.

1. The NAR model is the most accurate predictor. It consistently achieved the lowest
prediction error across all datasets, with an average MAPE of 2%. Its design, which
relies solely on past traffic volumes to forecast future values, proved exceptionally
effective at capturing the underlying temporal dynamics of rural highway traffic,
making it a highly recommended model for applications where forecasting precision
is paramount.

2. The superiority of neural networks is not universal. While the ANN trained with
Bayesian Regularization (ANN-BR) was a strong performer (Average MAPE: 4.5%),
the results challenge the assumption that nonparametric methods always outperform
classical ones. The ANN-SCG model performed poorly, and the ANN-LM model
showed accuracy comparable to the much simpler and more interpretable ARIMA
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and SARIMA models. This indicates that well-specified parametric models remain
competitive for this specific task.

3. Model design and configuration are critical to performance. The significant perfor-
mance gap between ANN-BR and the other ANN training algorithms underscores
the importance of the training method and inherent regularization. Furthermore,
the systematic search for optimal hyperparameters, such as the number of hidden
neurons in ANNs and the feedback delays in the NAR model, was proven to be a
necessary step, as these choices profoundly influenced predictive accuracy.

4. A clear trade-off exists between accuracy and computational cost. The NAR model’s
superior accuracy came at the cost of significantly longer training times (up to 19 h
for 200 delays) compared to the near-instantaneous training of ARIMA/SARIMA
and the relatively fast training of other ANNs. This highlights a critical practical
consideration: the choice of model often involves balancing the need for high accuracy
against available computational resources and time constraints for model development.

In summary, this benchmark study demonstrates that effective long-term traffic pre-
diction for rural highways is achievable with multiple modeling approaches. The choice
of an optimal model depends on the specific priorities of the project, whether they fa-
vor maximum accuracy (NAR), a balance of performance and simplicity (ANN-BR), or
computational efficiency and interpretability (ARIMA/SARIMA).

Figure 2. Portion of predicted traffic volumes of all the applied models with actual traffic volumes of
RTQ, QTR and RTD.
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4.5. Implications for Sustainable Transportation

Traffic congestion and suboptimal traffic flow are major sources of excess fuel con-
sumption and pollutant emissions. The relationship between traffic flow and emissions
is well-established in international methodologies [9]. Accurate long-term traffic volume
forecasts are crucial for modeling vehicle emissions and implementing effective mitigation
strategies, as errors can significantly impact emission estimates. The NAR model, with
a low MAPE of 2%, offers superior accuracy, reducing uncertainty and enabling trans-
portation agencies to better plan for environmental impacts, development projects, and
electrification efforts, ultimately aiding in reducing the carbon footprint of rural highways
and supporting national climate goals.

Long term traffic volume forecasts are vital for the economic sustainability of highway
infrastructure, as they optimize maintenance costs and resource allocation. The highly accu-
rate NAR model enhances life-cycle cost management by enabling better planning, reducing
waste, and extending infrastructure lifespan, ultimately ensuring cost-effective investments
and maximizing public funds’ returns through a proactive, data-driven approach [11].

5. Conclusions and Recommendations
Accurate long-term traffic volume forecasts are crucial for infrastructure investment

decisions, feasibility studies, and sustainable transportation planning. This study addressed
a critical gap by benchmarking forecasting models specifically for rural highways, an
area underrepresented in the literature. In addition to that, in the case of the highway
charging concept, the traffic volume prediction can help to manage the toll booth system
in an efficient way. The predicted volumes analysis will help determine which level of
maintenance is required, when it is required, and when is the best time to perform the
maintenance works without causing heavy traffic congestion. In addition to all of the above
applications, the predicted traffic volume is also useful to predict and analyze some related
events such as the number of accidents or the environmental impacts such as air and noise
pollution. This research has evaluated six different prediction models for the application
of long-term prediction of the daily traffic volume using three datasets of long duration
counts of daily traffic volumes. The main conclusions of this research are:

1. Highly accurate long-term traffic prediction for rural highways is achievable. The
evaluated models effectively captured the complex, nonlinear patterns in the data.

2. Model choice significantly impacts accuracy. The NAR model was the most ac-
curate (avg. MAPE: 2%), followed by the ANN-BR (avg. MAPE: 4.5%). The
ARIMA, SARIMA, and ANN-LM models formed a third tier of performance (avg.
MAPE: ~7.5%).

3. The superiority of neural networks is not universal. The poor performance of ANN-
SCG and the comparable performance of ANN-LM to traditional ARIMA/SARIMA
models demonstrate that well-specified parametric models remain competitive and
can outperform certain neural network approaches.

This study underscores that model configuration is paramount. The significant per-
formance differences between ANN training algorithms (BR vs. SCG/LM) highlight that
the choice of training method and hyperparameter tuning is as critical as the choice of the
model class itself. For accurate traffic prediction using ANNs, it is vital to optimize the
number of hidden neurons and select a suitable training method. For the NAR model, the
results have concluded that a higher delay number will lead to better prediction accuracy.
However, the delay number should have important consideration in designing the NAR
model, especially when long-term data of past days are limited.

The prediction results of the NAR model have shown that it is a more preferred and
dependable model since the model is totally developed based on data and it is free of the
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assumptions of data distribution, highly flexible and easy to use. Using this model for long-
term traffic prediction with a smaller number of delays may be more cost-effective since it
needs a smaller number of past traffic volumes and required less running time compared to
higher delay numbers. The NAR model transforms rural highway planning with its high
accuracy achieved through minimal data, improving efficiency and practicality.

For practical implementation, the NAR model is recommended where high accuracy
is critical, despite its computational cost. For scenarios requiring a balance of speed and
performance, the ANN-BR or even the simpler SARIMA model are viable alternatives.
Implementing these models can significantly enhance highway network management and
Intelligent Transportation Systems applications.

The models demonstrated strong performance, but their applicability to other regions
and cultural contexts needs further validation, particularly for the NAR model. Future
research should focus on testing these models across different geographical settings to
assess their generalizability. Incorporating additional features such as holiday indicators,
school vacations, and weather conditions could improve model accuracy. Exploring these
variables, especially in ANN models that handle multiple inputs, may also help explain
residual variance during atypical days. Furthermore, while this study systematically
optimized key hyperparameters like the number of hidden neurons and NAR delays, a
more exhaustive hyperparameter search (e.g., using automated grid or random search
routines across a broader parameter space) could be undertaken in future work to ascertain
if further marginal gains in prediction accuracy are achievable.

This research supports sustainable transportation by improving long-term traffic
forecasts that enhance economic viability, environmental impact mitigation, and traffic
safety. It enables proactive planning and resource optimization, ultimately promoting safer,
greener, and more efficient transportation systems. Furthermore, long-term traffic volume
forecasts are a critical enabler of sustainable transportation systems, directly supporting
environmental goals through accurate emission planning and economic goals through
optimized resource allocation.

This study establishes a robust benchmark for long-term rural highway traffic pre-
diction. Future work should focus on three key directions to build upon these findings.
First, the benchmark should be expanded to include advanced deep learning architectures,
particularly LSTM and Transformer networks, to rigorously test their performance against
the superior NAR model identified here. Second, a formal sensitivity analysis is crucial
to quantify the importance of the various input variables (e.g., day of week, fuel price) in
the FFNN models, providing deeper insight into the factors driving predictions. Finally,
applying this extended benchmark to a wider variety of highway datasets from different re-
gions is essential to validate the generalizability and robustness of the models’ performance
across diverse traffic patterns.

Funding: This research received no external funding.

Data Availability Statement: No new data were created or analyzed in this study. Data sharing is
not applicable to this article.

Conflicts of Interest: The author declares no conflicts of interest.

Abbreviations
The following abbreviations are used in this manuscript:

AIC Akaike Information Criterion
ANN Artificial Neural Network
ARIMA Autoregressive Integrated Moving Average
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ASTAM Adaptive Spatio-Temporal Attention-Based Multi-Model
AST-DGCN Adaptive Spatiotemporal Dynamic Graph Convolutional Network
BR Bayesian Regularization
BS Background Subtraction
CB CatBoost
CNN Convolutional Neural Network
DAT-STAN Dual-module Adaptive Transformer and Spatio-Temporal Attention Network
DBN Deep Belief Network
DNN Deep Neural Network
DOF Deep Optical Flow
EEMD Ensemble Empirical Mode Decomposition
EN Energy
FCM Fuzzy C-Means
FNM Fuzzy Neural Model
GA Genetic Algorithm
GDP Gross Domestic Product
GM Graph Mining
GPS Global Positioning System
ITS Intelligent Transportation System
k-NN k-Nearest Neighbor
LASSO Least Absolute Shrinkage and Selection Operator
LM Levenberg–Marquardt
LSSVM Least Squares Support Vector Machine
LSTM Long Short-Term Memory
LSTAR Localized Space-Time Autoregressive
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MASTGCNet Multi-scale Attention-Based Spatio-Temporal Graph Convolution Recurrent Network
MetaSTC Metapopulation Spatio-Temporal Clustering
MLP Multilayer Perceptron
MOT Ministry of Transport
MSE Mean Square Error
MSTFLN Multiscale Spatiotemporal Feature Learning Network
NAR Nonlinear Autoregressive
PI Performance Index

PSPJSTGCN
Parallel Self-learned and Predefined Joint Spatial–Temporal Graph
Convolutional Network

QTR Qassim—Riyadh (Highway code)
RBF Radial Basis Function
RBANN Radial Basis Function Artificial Neural Network
RF Random Forest
RFE Recursive Feature Elimination
RNN Recurrent Neural Network
RTD Riyadh-Dammam (Highway code)
RTQ Riyadh—Qassim (Highway code)
SAR Saudi Riyal
SARIMA Seasonal Autoregressive Integrated Moving Average
SAE Stacked Auto-Encoder
SCG Scaled Conjugate Gradient
SHAP Shapley Additive Explanations
STCNN Spatio-Temporal Convolutional Neural Network
SVM Support Vector Machine
SVR Support Vector Regression
T2F-LSTM Type-2 Fuzzy Long Short-Term Memory
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UAV Unmanned Aerial Vehicle
VAPE Variance of Absolute Percentage Error
XAI Explainable Artificial Intelligence
XGB Extreme Gradient Boosting
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