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ABSTRACT: In Intelligent Transportation System (ITS), Road Traffic Speed Prediction (RTSP) is essential for
effective road operation and safety. This study investigates the impact of highway geometric features on traffic
operating speed of Idiroko Road, a critical transportation link in Nigeria with the border. Geometric features including
radius of curvature, road gradient, pavement width, shoulder width, median width and the presence of intersections
were determined on site, as well as the spot speed of different vehicle types using a stopwatch approach. The Extreme
Gradient Boosting (XGBoost) model was used to predict traffic operating speed, and Shapley additive explanations
(SHAP) were employed to interpret the correlation between variables. The findings reveal that the radius of curvature,
road gradient, pavement width, shoulder widths and the presence of intersections along the road have a significant
effect on traffic operating speeds. The XGBoost model demonstrated high accuracy and efficiency with 98.5% and
97.9% coefficient of determination (R2) in both testing and training datasets. This study emphasizes the effectiveness
of XGBoost in predicting traffic operating speed. The findings can be implemented in urban road design,
infrastructural planning and traffic management ultimately contributing to safer and more efficient road networks.
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L INTRODUCTION

With the increase in urbanization and motorization, road
traffic demand continues to rise significantly. Intelligent
Transportation  Systems (ITS) have enhanced road
functionality and efficiency by employing machine-learning
models to predict traffic flow, speed, and safety. Traffic speed
prediction is a crucial aspect of transportation engineering,
influencing road safety, traffic management, and infrastructure
planning. Accurate speed prediction models enhance traffic
efficiency and reduce accident risks (Ganan-Cardenas et al.,
2025). Highway geometries including radius of curvature,
relationship highlights the necessary consideration in highway
design, planning and maintenance (Fitzpatick, 2015; Bayode et
al., 2024).

Traditional statistical methods such as linear, multiple
linear, Poisson, and binomial regression models have been
employed by transportation researchers for traffic speed
prediction (Semeida, 2013; Charlton et al., 2014; Donnell,
2016; Montella et al., 2020). Charlton et al. (2014) examined
driver behavior in relation to speed, focusing on the influence
of perceived risk and comfort. Their findings indicate that
variations in speed choices are significantly influenced by the
geometric design of the roadway. Donnell (2016) investigated
the link between road curvatures, traffic speed and accident
and reflect underlying spatial factors in traffic state prediction
(Lee et al., 2021; Abdelraouf et al.,, 2022; Min et al., 2023).
Imoh and Rad (2025) analyzed and predicted traffic condition

*Corresponding author: ope.olowo.oo@gmail.com

gradient of road, pavement width, shoulder width and road
intersection are essential for the regulation of traffic flow,
traffic speed, road safety, and the behaviour of motorists
(drivers navigate highways and decision-making), thereby
affecting their perception of safety, visibility, and comfort
(Semeida, 2013; Bouktif et al., 2020). The complexity and
multidimensional relationship between road geometric design
including horizontal and vertical alignments, sight distance,
changes in lane and shoulder widths and driver behaviour
affects drivers exhaustion, speed choices and reaction time
when driving (Dong et al., 2015; Yang et al., 2022), thereby
affecting the overall safety of traffic along the road. This

rates along two-lane highway using linear regression model.
The study observed increase in accident frequency at sharper
curves and with high traffic speed. In addition, Montella et al.,
(2020) found that gradient and horizontal alignment
significantly influence speed consistency and safety outcomes.
However, recent transportation researchers employ machine-
learning models for the prediction of traffic operations on
highway and compare the performance with the traditional
models (Yang et al., 2022; Ma et al., 2023; Lee, 2023; Imoh
and Rad, 2025). Convolutional neural network (CNN), Long
Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU) models have been employed to forecast travel time and
traffic speed, accounting for spatio-temporal characteristics
on road network in Ikorodu, Lagos state, Nigeria using some
machine learning models including decision trees, gradient
boosting and random forest classifier. The study classified the
doi: http:/ /dx.doi.org/10.637L6 /njtd.v22i3.3514
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traffic condition into peak and off-peak periods. Bayode et al.
(2025) applied support vector machine (SVM) and extreme
gradient boost (XGBoost) for road safety prediction on some
road networks in SouthWest, Nigeria considering human
factors, traffic operations and the road geometry. The result
highlighted the factors contributing to road traffic accident
along the route. Ma et al. (2023) also used Bayesian deep
multi-linear relationship network to predict traffic flow and
speed on selected road networks. These studies illustrates the
effectiveness and efficiency of machine learning models as fast
and reliable tools in traffic operation predictions.

Machine learning boosting models such as adaptive
boosting (AdaBoost), extreme gradient boost (XGBoost) and
Categorical boost (CatBoost) are likewise explored in the
prediction of road traffic operations, accident injury and
improve prediction accuracy (Parsa et al., 2020; Ma et al.,
2021; Yang et al, 2022; Lee, 2023). Extreme gradient
Boosting model (XGBoost) in particular offer improved
accuracy and robustness prediction with less underfitting and
overfitting of data.

Lee, 2023 explored the use of XGBoost model and SHAP
explanatory to predict road traffic operation along freeway
considering the effect of intersection. Yang er al. (2022)
utilized XGBoost in the prediction of road traffic accident
severity considering several influencing factors. The study
highlights road alignment and condition as a significant factor
contributing to road accident severity. Parsa et al., (2020)
applied XGBoost and SHAP for real-time accident detection.
The results shows that XGBoost can detect accidents
robustness including accuracy, false alarm rate and accident
occurrence.

However, limited research has been conducted on the use
of machine learning boosting models to predict traffic
operating speed, particularly with consideration to road
geometry parameters. Due to the accuracy and efficiency of
this boosting model, it is important to explore the performance
in traffic speed prediction. This research explores the
application of the XGBoost model in predicting traffic
operating speeds while considering road geometry as a critical
factor. The impact of highway geometric design on traffic
operating speed is crucially illustrated using Idiroko Road,
Ado- Odo, Ota, Ogun State, a significant highway in Nigeria.
A critical transportation link, this road facilitates the movement

of products and individuals between Nigeria and its
neighboring countries. However, vehicles encounter
substantial obstacles due to the geometric characteristics of the
road, which include a sharp curve, inconsistent shoulder
provisions, and varying lane widths. This study investigated
the relationship between the traffic operating speed and the
geometric characteristics of the highway on Idiroko Road Ado-
Odo, Ota, Ogun State, and predicts the traffic operating speed
along the route. The ultimate goal is to improve traffic flow
and enhance traffic safety.

II. METHODOLOGY

The study utilized an urban multilane highway, Idiroko
road, Ado- Odo, Ota in Ogun State, Nigeria. The highway is
major highway connecting the boarder of the country. Several
industrial companies and vehicle types often use the road
leading to traffic congestion. It connects 15 intersections and
transit length of 200 km with deign speed of 100 km/hr. Figure
Ishows the road network extracted from google earth map.
The methodology adopted in this research to predict the
operating speed prediction is divided into four main steps: (1)
Data collection, (2) Data preprocessing, (3) XGBoost models,
and (4) Performance Evaluation.

A. Data Collection
The data collected was categorized into speed data and road
geometric data. 150 points were selected on the highway for
the analysis. The spot speed which refers to the instantaneous
speed of a vehicle at a specific location of different vehicle type
(passenger car, 2axle-4tryes, 2axle-6tyres, 3axles and 4axles)
were determined at each point using stopwatch approach
(AASHTO, 2014) see figure 2. The number of vehicle
collected at each point ranges from 20 to 50 accumulating to
7450 spot speed for all vehicle type. The road geometric
characteristics considered in this study includes pavement
width, shoulder width, median width, curve radius and road
gradient were obtained on site (AASHTO, 2012). Table 1
shows the variable symbol and descriptive statistics of data. All
data were obtain on site via site investigation, at daylight and
good weather condition.
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Figure 1: Map of study area eractedrom Google Earth Map

Brightly Colored B. Data Pre-processing

e s The performance of model depends on the relevance input
S parameters; therefore, irrelevance parameters introduce noise
or bias to the model (Yang et al., 2022; Yin et al., 2023). The
______ Study Langth @] collected data undergoes preprocessing, data cleaning to
Fopresching Veite removing duplicate entries, handling missing values, and
S Gahes. coqectiqg incor.ls.istencies in the dgtaset. The datasets were

splinted into training (70%) and testing (30%) sets.

Figure 2: Spot Speed Determination adapted from Roess ef al.

(2011)

Table 1: Descriptive Statistics of Independent Variables

Variables Max Min Mean S.D
PW 7.8 7.4 7.541 0.162
SW 2.71 2.1 2.478 0.239
NL 4 2 3 -
MW 0.8 0.44 0.46 4.92E(-16)
INT 1 0 - -

R 750 1328 733 556
G -6.5 10 0.54 2.8

PW (Pavement Width), SW (Shoulder Width), NL (Numbers of Lane), MW (Median Width), INT (Intersection), R (Radius
of Curvature) and G (Gradient of Vertical Curve).
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B. Extreme Gradient Model Implementation

The Extreme Gradient Boosting (XGBOOST) algorithm was
implemented in this research to investigate the relationship
between highway geometric properties and operating speed.
The selection of Extreme boost was motivated by its capacity
to generate precise and dependable predictions and its
exceptional reliability in managing structured data. Lee (2023)
and Yang et al (2022) described XGBoost as powerful
machine learning algorithm that improves prediction accuracy
through a boosting framework. The fundamental of XGBoost
as developed by Chen and Guestrin (2016), the model builds
multiple decision trees sequentially, minimizing errors by
adjusting weights and optimizing loss functions. The model
predicts the target variable (y;) from ensembled decision trees
by K additive function expressed in Equation 1. The Objective
function of the model expressed in Equation 2 combines the
loss function which measures the model fitness and the
regularizer responsible to control the overfitting complexity of
the model. The regularizer also includes two penalties; penalty
of tree numbers and leaf weights. The values assigned to the
terminal nodes of each tree are the leaf weight representing the
predicted output of samples in the leaf. These penalities are
determined using Taylor’s second order approach in Equation
3 and gradient descent to optimise the objective function.
Equation 4 shows the computed reqularizer.

Y=o(x) = Xho1 fi b, f )
0bj(®) = £10 ) + L) @)
f+dx) = fG) + fr@ax + 1 @ax> ()

0bj(@) = X1y + gif () +5hif2x)}+ () (4)
Where: y; is the target predicted variable, y; is the independent
variable of computed operating speed, x; are the dependent
variables selected geometric features, n are the numbers of
features, fy, is the tree structure with leaf score, f is the space
of trees, {2 is the regularizer and g;, h; are the optimization
value.

1) Hyperparameter Tuning Optimization and SHAP

additive explanation

Hyperparameter tuning was employed in the study to optimize
the XGBoost model using Grid Search. This was developed by
analyzing dependencies between road geometry and speed
predictions. Tuning of XGBoost prevents overfitting and
minimize model complexity (Sun et al, 2021). The
optimization results are to show the models learning rate which
are weight of each tree, learning step and process, the
Max_depth illustrating the maximum depth of trees,
n_estimator indicating the control numbers of weak estimators
and the subsample, that is the random sampling ratio. In
addition, SHAPly Additive Explanation (SHAP) refines these
predictions by considering probabilistic dependencies between
road geometry and speed (Lee, 2023). SHAP operated using
Equation 5 This hybrid model improves interpretability and
adaptability under varying conditions. The model outputs
speed predictions based on road geometry ranking of each
dependent variable on the impact on traffic operating speed
output (Khosbayar et al, 2021).

B = PR v (pu(1} — v(p)] 5)
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C. Model Performance Evaluation

The performance of the XGBN model was assessed for both
the training and testing dataset using Mean Absolute Error
(MAE) utilizing Equation 6 to evaluate the average error
magnitude. Root Mean Squared Error (RMSE) measures the
prediction accuracy utilizing Equations 7, Coefficient of
determinant R-squared (R?) to determine the goodness of fit
Equations 8 and Correlation (COR) to analyzes prediction
accuracy for different speed categories (Amiri et al., 2020;
Tayebikhorami and Sacchi, 2022).
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Where; n is the number of observations, y; is the actual value
of the ith observation, y is the predicted value of the ith
observed and is the average value of observations computed
with Equation (9).

ITII. RESULTS AND DISCUSSION

A. Traffic Speed Cumulative of Vehicle type

The cumulative percentile speed indicates the percentage of
vehicles using the road at different speed and operating speed
represents the speed at which drivers are typically observed
operating their vehicles (Berhanu et al., 2024). Figure 2 shows
the cumulative percentile of the four different vehicular types
along the study route indicating the 50" speed percentile,
which is the average traffic speed, the 85th speed percentile
(V85) known as the operating speed and the 90" percentile. For
passenger car, 2axle-4tyres, 2axle-6tyres, 3axles and 4axles

120

p
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Figure 3: Cumulative Percentile Speed of Different Vehicle.
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B. Variable Interaction and Interpretation

The SHAP values of seven features of the XGBoost model in
figure 4(a) illustrates the interaction between variables. The
variables were arranged according to their importance to the
traffic speed prediction. The SHAP value implicit the impact
of the variables on each other as the larger the SHAP value, the
greater the impact and otherwise. The concentration of the dots
denotes the strength of interaction, the red dots are mainly
concentrated on the side with SHAP values less than 0 and the
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blue dots are mainly concentrated on the side with SHAP
values greater than 0 (Ahmed et al., 2023; Chen and Chen,
2020). The interactions are not linear; R is negatively
correlated with G with the correlation lightly displaying
positive. G and NL have a weak positive correlation. Non-
linear interaction exists between INT and R, also PW and SW.
The interaction effects between PW, SW and MW are positive
correlated.
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Figure 4(a): Interaction plot for Independence Variable

Figure 4(b) describes a heat map of correlation coefficients
between variables to independent variable. The correlation
coefficient shows the importance of variable to the prediction
of traffic speed, all variables are sorted in order from positive
to negative from radius of curvature, grade of road, numbers of
lane, intersection, pavement width, shoulder width and median
width. The Radius of curvature, presence of intersection,
pavement width and shoulder width has significant positive
correlation with traffic speed. This is reasonable because as
vehicle approaches curve and intersection the speed tends to
reduce (Shiran et al., 2021; Mystakidis et al., 2025). Sharper
curves reduce operating speed due to increased lateral friction
and driver caution. While the presence of intersections lowers

operating speed due to potential conflicts and required
stopping behavior. Wider lanes facilitate higher speeds,
reducing vehicle interaction, that is, the wider the width of the
road and the shoulder the higher the vehicular speed. The
steeper the grade of the road leads to decrease in speeds for
heavy vehicles, whereas declines may increase speeds,
potentially raising safety concerns The median width, numbers
of lanes has less significant in traffic speed prediction. The
practical implications of road geometry influence on traffic
speed includes urban road design, infrastructural planning and
traffic management. The model optimizes speed limits based
on geometric design, infrastructural design and road authorities
to improve traffic operation and safety.



267 NIGERIAN JOURNAL OF TECHNOLOGICAL DEVELOPMENT, VOL. 22, NO.3, JUNE 2025,

NL

INT

PW

SW

MW

-025

-0.00

Figure 4(b): Heat Map of Variables

C. Model Performance Evaluation

Table 2 shows the summary of the result of the performance
evaluation conducted on the model using R2, MAE, MSE,
RMSE and COR criteria XGBoost model exhibited a strong
performance in predicting traffic operating speed. The model's
predictions are close to the actual values, with minimal error,
as evidenced by the low MAE and RMSE values for both the
training and testing sets. The MAE for the training dataset as
0.108 and 0.137 for testing, indicating that the model's
prediction deviated from the actual speed by an average of
approximately 0.137 km/h. The R? value for the training set
was 0.985, while the R? value for the testing set was 0.979
showing the model's prediction accuracy. This value indicates
the percentage of efficiency of model 98.5% and 97.9%
respectively for both training and testing, these values
illustrates a strong relationship between the operating speed
and the geometric properties of the highways (Yusuf et al.,
2016; Sun et al., 2021).

For the training set, the COR values is 0.993 and testing set as
0.989. These values indicate the strength and direction of the
linear relationship between the predicted and actual values.
These high correlation values corroborate that the model's
predictions are in good agreement with the observed data,
indicating a strong positive relationship. The model's
performance evidences its ability to accurately represent the
intricate relationships between highway geometric properties
and operating speed. The model's capacity to generalize

effectively to the testing data implies that it can be consistently
employed to forecast operating speed in comparable scenarios.
The results of this study have substantial implications for
traffic management and highway.

Table 2: Performance Evaluation of Model

Metrics R2 MAE MSE RMSE COR
Training 0.985 0.108 0913 0.116 0.993
Testing 0.979 0.137 0.021 0.144 0.989

IV. CONCLUSION

This research considered the influence of highway geometric
in the prediction of traffic speed along a multilane highway in
Nigeria through integration of Extreme Gradient Boosting
(XGBoost) model for intelligent transportation system. The
findings indicated that traffic operating speed prediction
presents a robust and interpretable approach, considering road
geometry, capturing complex relationships and incorporating
probabilistic reasonings. It was discovered that the increase in
shoulder width and pavement width results in an increase in
operating speeds, which in turn enhances the safety and
comfort of the driver. Furthermore, it was determined that
roundabout intersections enhanced traffic flow, although
traffic speed reduces at intersections. Road management
agencies should consider the placement of traffic signs, speed
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bumps, or pedestrian crossings to enhance road safety along
routes with high interference.

XGBoost model provides a promising avenue for improving
traffic speed prediction, ultimately contributing to safer and
more efficient road networks. The findings of the study can
serve as a basis for future highway design and policy-making,
underscoring the significance of geometric features in the
enhancement of the efficiency and safety of roadways.
Although, XGBoost models provide positive results in
predicting traffic operating speed, further research should be
explored to evaluate the models using new datasets across
other jurisdictions. In addition, evaluating and validating other
ML models can be explored to predict traffic operating speed
and improve road operation and effectiveness. Future research
can focus on incorporating real-time data sources, such as
GPS-based vehicle tracking and IoT sensors, to further
enhance prediction accuracy and adaptability.
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