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Abstract: To enhance safety and efficiency in mixed traffic scenarios, it is crucial to predict freight
truck traffic flow accurately. Issues arise due to the interactions between freight trucks and passenger
vehicles, leading to problems like traffic congestion and accidents. Utilizing data from the Global
Positioning System (GPS) is a practical method to enhance comprehension and forecast the movement
of truck traffic. This study primarily focuses on predicting truck transit time, which involves
accurately estimating the duration it will take for a truck to travel between two locations. Precise
forecasting has significant implications for truck scheduling and urban planning, particularly in
the context of cross-docking terminals. Regression algorithms are beneficial in this scenario due to
the empirical evidence confirming their efficacy. This study aims to achieve accurate travel time
predictions for trucks by utilizing GPS data and regression algorithms. This research utilizes a
variety of algorithms, including AdaBoost, GradientBoost, XGBoost, ElasticNet, Lasso, KNeighbors,
Linear, LinearSVR, and RandomForest. The research provides a comprehensive assessment and
discussion of important performance metrics, including Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE), and R-squared (R2). Based on our research
findings, combining empirical methods, algorithmic knowledge, and performance evaluation helps
to enhance truck travel time prediction. This has significant implications for logistical efficiency and
transportation dynamics.

Keywords: freight truck scheduling; cross-docking terminals; GPS data analysis; regression
algorithms; traffic flow modelling; arrival time estimation

MSC: 37M10

1. Introduction

The precise forecasting of heavy truck movements’ timing and location is crucial for
the efficient operation of cross-docking terminals, which are integral to the management of
consumable goods, just-in-time inventory strategies, and rapid distribution across various
locations [1–4]. Over the last three decades, numerous studies on transportation have
focused on generating short-term forecasts for traffic variables, including traffic flow
patterns, flow velocity, travel durations, and matchmaking distances [5–7]. Estimating
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travel times for commercial vehicles in urban environments presents significant challenges
due to limited observed data, numerous origin–destination pairs, and variations in travel
times primarily caused by traffic-related delays [8–10].

Traditional data collection methods provide general insights but fall short of the in-
depth analysis required for modern transportation dynamics [11,12]. The integration of
GPS data in traffic monitoring and strategic planning has increased steadily over the past
two decades, driven by significant technological advancements [13,14]. This integration is
particularly relevant in regions like Iran, which serves as a critical junction for the trans-
portation of goods between European nations and Central Asia, including Turkmenistan,
Tajikistan, Kazakhstan, Kyrgyzstan, and Uzbekistan. Iran’s strategic location offers diverse
opportunities for trade and transportation interactions.

The accurate utilization of GPS data is essential for understanding and predicting
truck traffic behavior in complex scenarios. The numerous border crossings and maritime
gateways in Iran facilitate the intricate process of transporting goods across the country,
providing trucks with multiple entry and exit options. This predictive model extends
beyond logistics, impacting border traffic forecasting by leveraging the consistent trends
observed in the trucking industry, where trucks return to the country with or without cargo
after delivering shipments abroad [15].

This paper presents a comprehensive framework, combining GPS data with advanced
machine learning regression algorithms to forecast travel times for freight trucks accurately.
The study explores how to maximize the efficiency of goods in transit through Iran’s
strategic location, offering valuable insights for logistics planning, border traffic estimation
in strategic trade contexts, and cross-dock management. By examining the intricacies of
trucking operations, including border crossings, road transport, and maritime gateways,
the research enhances our understanding of these processes.

Key contributions of this study include:

• Introducing a novel method that integrates GPS data with advanced machine learning
regression algorithms to forecast freight truck travel times accurately.

• Providing valuable insights for logistics planning and border traffic estimation through
an exploration of goods’ transit efficiency in Iran’s strategic trade corridors.

• Enhancing the depth of analysis by examining various factors influencing trucking
operations, such as border crossings and maritime gateways.

• Offering a unique and detailed visualization of truck trajectories, grouped by date and
time, to improve the understanding of movement patterns.

• Establishing a foundation for informed decision-making in transportation, logistics,
and cross-docking terminals by advancing knowledge in travel time prediction and
truck traffic flow.

The structure of this paper is as follows: Section 2 presents a literature review to
identify research gaps forming the basis of our contributions. Section 3 explains the research
method, which involves advanced machine learning regression algorithms. Section 4
provides detailed findings, potential scenarios, and data analysis related to predicting
journey times and truck traffic trends. Section 5 discusses practical recommendations and
managerial perspectives on cross-docking terminals, transportation, and logistics planning.
Finally, Section 6 concludes the research by summarizing the findings, constraints, and
potential avenues for future research.

2. Literature Review

Case studies from China, the US, and Europe underscore the significance of accurate
truck scheduling and urban planning, particularly for cross-docking terminals [16,17].
Various prediction techniques have been employed in truck scheduling research, with
recent studies focusing on data mining and machine learning methods [18–20]. Below, we
examine key contributions in this field.

One of the earliest studies, conducted by Zhao and Goodchild [21], investigated
port discharge—a critical aspect of intermodal maritime systems affecting supply chain
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efficiency. By leveraging truck entry data, they improved port discharge and operational
effectiveness. Their research included a reliability assessment of travel time changes across
drainage networks, an analysis of truck routing choices, and a method to predict 95%
confidence intervals for travel times between origin–destination pairs using GPS data.
Morgul et al. [22] assessed the role of GPS data in transportation planning and proposed
an integrated strategy to use robust GPS data for predicting travel times for commercial
vehicles. Their study showed that the travel times derived from taxi GPS data closely
matched those of trucks, suggesting the potential for scaling taxi GPS data to enhance
truck travel time insights. Despite limited truck GPS data, taxi GPS data provided citywide
travel time estimations, showcasing an innovative synergy between existing data sources
and effective estimation strategies. Moniruzzaman et al. [1] utilized one-month volume
data from remote microwave traffic sensors and one-year GPS data to develop two sets of
artificial neural network (ANN) models. These models predicted short-term truck volumes
at a specific crossing, bridge clearance times, and traversal durations. Separate ANN
models were trained for volume prediction using a multi-layer feedforward neural network
with backpropagation. The predicted crossing times from the ANN models showed a
strong correlation with observed values, confirmed by evaluation indices, demonstrating
the robust predictive capability of the models.

Jiang [23] focused on predicting bus transit times using bus GPS data and artificial
neural networks. Accurate predictions were essential for urban transportation planning
and optimizing bus schedules. Jiang introduced three predictive models for travel time esti-
mation, each based on a three-layer neural network architecture. The first model predicted
total travel time using calculated features from bus GPS data. The second model utilized
information from preceding buses to predict segment travel times, and the third combined
segment predictions to estimate the total route travel time. Wang et al. [24] presented an
innovative method for predicting truck traffic flow using sampled GPS data within road
networks. They employed a two-stage framework: expansion and prediction. The ex-
pansion phase used a piecewise constant coefficient method to align the sampled and
actual truck flows, considering road gradients and traffic flow magnitudes. The predic-
tion phase applied Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU)
methodologies, significantly improving prediction accuracy. In recent research, Demissie
and Kattan [25] explored large-scale GPS data streams to estimate truck origin–destination
flows. They developed an exploratory framework to identify significant events such as
truck halts and trips, supported by the Pearson correlation coefficient and an entropy mea-
sure. This approach facilitated the comparative analysis of truck movement patterns and
identified potential shifts in truck travel dynamics over a year. The researchers then used a
multinomial logistic model to develop destination choice models across five time intervals.

Table 1 summarizes the current data mining and machine learning methodologies
based on the referenced studies and research environment. Notably, none of these studies
combine GPS data with machine learning techniques, such as AdaBoost, GradientBoost, XG-
Boost, ElasticNet, Lasso, KNeighbors, Linear, LinearSVR, and RandomForest for predicting
the arrival times of heavy trucks in transportation systems and cross-docking terminals.

To deeper examine into the landscape of heavy truck arrival time prediction, we
introduce a comprehensive Sankey diagram, illustrated in Figure 1. This diagram provides
an insightful visual representation of prominent research trends at the confluence of trans-
portation, machine learning, and predictive analysis. Leveraging data sourced from the
Scopus database since July 2023, this diagram intricately synthesizes the interrelationships
among countries, keywords, and primary sources within this domain.

The diagram distinctly accentuates three pivotal countries that have emerged as influ-
ential drivers in shaping this research terrain: China, the United States, and India. These
nations have consistently exhibited remarkable prominence in propelling advancements at
the nexus of transportation and machine learning. Moreover, the diagram informs three pre-
dominant keywords that have captured substantial attention within the discourse: “machine
learning”, “deep learning”, and “prediction”. These keywords encapsulate the quintessence of
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research endeavors focused on leveraging computational intelligence to elevate predictive
modelling and analytical capacities within the ambit of transportation systems. Signifi-
cantly, the Sankey diagram also spotlights the primary sources that serve as critical conduits
for disseminating cutting-edge research outcomes in this domain. Noteworthy among
these sources are the journals od “Transportation Research Part C: Emerging Technologies”,
“IEEE Access”, and the “IEEE Transactions on Intelligent Transportation Systems”.

Table 1. Review of existing machine learning and data mining techniques in this field.

Data Mining and Machine Learning Methods Reference

Regression and Classification Tree Pani et al. [26]

Support Vector Machine (SVM), Regression, and Mixed Integer Programming Bhattacharya et al. [27]

Gradient Boosting Regression (GBR), and Decision Tree (DT) Li and Bai [28]

KNeighbors, DT, SVM, Ensemble learning Van der Spoel et al. [29]

Bayesian Network using Fuzzy rule Salleh et al. [30]

Logistics Regression Alcoba, and Ohlund, [31]

Random Forest (RF), Non-Linear and Linear SVM, and ANN Barbour et al. [32]

Distribution, Spatiotemporal data mining, Pattern, and Social Representation and Relation analysis Wu et al. [33]

Backpropagation, Regression and Classification Tree, and RF James et al. [34]

Segment-Based Ordinary Kriging and Regression Kriging for Spatial Prediction Yu et al. [35]

RF, GBR and Linear Regression Trees Balster et al. [36]

SVM, Adaptive Boosting, and Extremely Randomized Tree Servos et al. [37]

Graph Neural Network (GNN) Verma et al. [38]

Dynamic Graph Convolutional Recurrent Imputation Network (DGCRIN) Li et al. [10]

SVM, DT, ANN, and Gaussian process regression Liu et al. [39]

RF, GBR, Bagging, and WaveNet Antamis et al. [40]

RF, GBR, Natural GBR, Extreme GBR and Bagging Valatsos et al. [41]
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Realizing the critical importance of predicting vehicle timing and location on both
domestic and international roads, particularly in regions like Iran where research in this
area is scarce, we initiated a comprehensive investigation into this problem. While extensive
studies have focused on truck scheduling, urban planning, and the application of machine
learning in transportation, there remains a significant gap in accurately predicting heavy
truck transit times using GPS data combined with advanced machine learning algorithms.
Existing studies have largely utilized traditional data sources or applied machine learning
techniques to related but distinct problems, such as bus transit time prediction or using taxi
GPS data for estimating truck travel times. None have comprehensively integrated GPS
data with a wide array of machine learning algorithms specifically tailored for predicting
heavy truck arrival times in cross-docking terminals and complex transportation networks.

This paper addresses this gap by introducing a novel approach that leverages GPS data
alongside advanced regression algorithms, including AdaBoost, GradientBoost, XGBoost,
ElasticNet, Lasso, KNeighbors, Linear, LinearSVR, and RandomForest. To facilitate accurate
prediction, the geographic coordinates are converted into real addresses, followed by a
normalization process using the MinMax method to account for differences in time and
place. Data segmentation then categorizes each route based on parameters such as date
and time, allowing for a detailed visualization of each truck’s full path and location on
specific dates through scatter plots. This approach not only enhances the visualization of
truck trajectories but also connects their movement paths chronologically.

For evaluation, the study employs the k-fold method, utilizing 80% of the dataset for
training and 20% for thorough testing. The integration of the K-Nearest Neighbors (KNN)
algorithm with the Leave One Out technique further refines the evaluation framework,
streamlining both the training and testing phases. By doing so, this research not only
improves the accuracy of truck travel time predictions but also provides valuable insights
for logistics planning, border traffic estimation, and the optimization of cross-dock opera-
tions. This comprehensive integration of empirical data and machine learning techniques
offers a robust framework for enhancing the efficiency and reliability of truck transit time
predictions, thereby filling a critical void in the existing body of research.

3. Methodology and Empirical Applications

Accurate freight truck traffic flow prediction is crucial for solving problems in urban
planning, truck scheduling, and cross-docking terminals. These predictions help urban
planners optimize traffic management, allocate resources, and design road infrastructure
for freight truck movements, ultimately reducing congestion and accidents and improving
traffic safety. In logistics, predictive truck scheduling enables companies to streamline
operations by optimizing delivery schedules, reducing idle time, and enhancing fleet
efficiency. This leads to reduced costs and improved sustainability. Cross-docking terminals,
which are critical for time-sensitive goods and just-in-time inventory management, benefit
from accurate predictions by optimizing inbound and outbound shipment coordination,
minimizing wait times, and ensuring smooth goods flow. Our research provides significant
benefits for urban infrastructure planning, logistics operations, and cross-docking terminal
efficiency, extending beyond algorithmic advancements (Figure 2).

Within this paper, we have considered the applied methods, which include both the
use of regression algorithms (Section 3.1) and the smart selection of the right time series
techniques (Section 3.2). After that, we go into more detail about the complicated steps
that went into making our complete algorithm (Section 3.3). Figure 3 shows the conceptual
roadmap of our research methodology.
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3.1. Data Preprocessing

We began by collecting raw GPS data from freight trucks navigating various routes
in mixed traffic scenarios. The initial step involved cleaning the data to address outliers
and missing values. We then normalized the features using the MinMax method to ensure
equal contribution during model training. Additionally, we engineered features such as
road type and truck characteristics to enhance predictive performance.

For feature selection, we employed correlation analysis, feature importance assessment,
and dimensionality reduction techniques to identify the most informative subset of features.
This selection process was guided by domain-specific insights, ensuring the inclusion of
factors known to influence truck transit time.

By systematically preprocessing the data, we ensured that our models were trained
on high-quality, relevant information, thereby enhancing the accuracy and reliability of
our predictions. The following sections provide detailed descriptions of the regression
algorithms employed and the selection of time series techniques, followed by the intricate
steps of our algorithm development process.
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3.2. Regression

One of the most popular methods to model data is linear regression, which has a robust
and simple mathematical foundation [28]. This method is beneficial for identifying linear
correlations between two variables, enabling the estimation of one variable’s value based
on another. In this context, a linear relationship indicates that a change in one variable
directly impacts the other [42]. The independent variable, which influences change, is a
key term in this model.

A scatter plot is used to depict the relationship between two variables by plotting one
against the other [43]. If the graph forms a straight line, it indicates a linear relationship
between the variables [28]. Four conditions must be satisfied to validate the proposed
model that defines the link between the data and the dependent variable:

1. Linearity: the relationship between the variables should manifest as a linear pattern
on the scatter plot.

2. Independence: each data point should remain independent, without any connection
or reliance on others.

3. Homoscedasticity: the variability in the dependent variable should remain consistent
across the range of the independent variable, with data points scattering similarly
around the regression line for all values of the independent variable.

4. Normality: The residuals, representing the differences between observed and pre-
dicted values, should follow a normal distribution. This condition is crucial for
hypothesis testing and confidence interval calculations.

Ensuring these conditions are met enhances confidence in the accuracy of the proposed
model, establishing a strong foundation for further investigation.

3.3. Time Series

The data windowing approach is also utilized in data prediction. Sometimes, a
time series can be viewed as a regression issue, where “time” serves as the independent
variable [44]. The primary objective of time series analysis is to forecast the future value
of the dependent variable. Stationarity, a crucial quality in time series analysis, allows for
effective data analysis [45].

Time windows are essential for determining the long-term movement of a truck or
vehicle. Forecasting time depends on the location parameter (Loc). In our research, we
examine several time frames, such as 1, 3, 5, 7, 9, and 11 units. By carefully analyzing
outcomes from different time frame configurations, we gain a deeper understanding of the
effectiveness of our predictive models.

3.4. Full Algorithmic Framework

Figure 4 displays the flowchart of the entire procedure included in our comprehensive
method. The process begins with loading and reading raw data. Geographical coordinates
must be converted into a uniform numerical representation due to the various data formats
used. Data grouping is performed to enable the creation of a scatter plot. Simultaneously,
data undergoes time windowing to enhance the quality of our study.

The core phase, moving ahead, involves the machine learning process of training and
testing. This phase concludes with the development of a machine learning model that
is carefully designed using regression algorithms. We improve our ability to forecast by
utilizing the k-fold approach to enhance the accuracy of our predictions.

Here is an overview of each ensemble algorithm utilized in our research:

• AdaBoost (Adaptive Boosting): AdaBoost is an ensemble learning method that com-
bines multiple weak classifiers to create a strong classifier. It iteratively adjusts the
weights of incorrectly classified instances to focus on the difficult-to-classify samples.
Each weak classifier is trained sequentially, and its predictions are combined using a
weighted majority vote.
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• GradientBoosting: Gradient boosting is a machine learning technique that builds a
strong predictive model by sequentially fitting new models to the residuals of the
previous models. It minimizes a loss function by iteratively adding new decision trees,
where each tree is trained to correct the errors of the previous ones.

• XGBoost (Extreme Gradient Boosting): XGBoost is an optimized implementation of
gradient boosting that offers improvements in speed and performance. It incorporates
features such as parallelized tree construction and hardware optimization to achieve
state-of-the-art results in many machine learning tasks.

• ElasticNet: ElasticNet is a regularization technique that combines the penalties of
both the L1 (Lasso) and L2 (Ridge) regularization methods. It is used to address
multicollinearity and perform feature selection by encouraging sparse coefficients
while still allowing for correlated predictors.

• Lasso (Least Absolute Shrinkage and Selection Operator): Lasso is a linear regression
method that performs both variable selection and regularization by adding a penalty
term to the absolute values of the regression coefficients. It encourages sparsity in the
model by shrinking some coefficients to zero, effectively performing feature selection.

• KNeighbors (K-Nearest Neighbors): KNeighbors is a non-parametric algorithm used
for classification and regression tasks. It predicts the output of a data point by averag-
ing the target values of its k nearest neighbors in the feature space.

• Linear Regression: Linear regression is a simple linear model that predicts the target
variable as a linear combination of the input features. It is widely used for regression
tasks when the relationship between the features and the target variable is assumed to
be linear.

• LinearSVR (Linear Support Vector Regression): LinearSVR is a variant of support
vector regression that uses a linear kernel function to map the input features into a
higher-dimensional space. It aims to find a hyperplane that best fits the training data
while maximizing the margin.

• RandomForest: RandomForest is an ensemble learning method that constructs a
multitude of decision trees during training and outputs the average prediction of the
individual trees. It improves upon the decision tree algorithm by reducing overfitting
and increasing robustness.
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3.5. Model Validation

Ensuring the dependability and accuracy of our predictive models is crucial for the
strength of our research. The validation phase evaluates the accuracy of our created models
in forecasting truck transit times by analyzing the collected GPS location data.

To validate our models, we adopted a rigorous approach, employing the following
key methodologies:

• Dataset Splitting: The dataset was divided into training and testing sets. The training
set was utilized for model training, while the testing set remained unseen during the
training phase, allowing us to evaluate the model’s generalization to new, unseen data.

• Evaluation Metrics: We employed standard evaluation metrics to assess the per-
formance of our models. Key metrics include Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R-squared (R2).
These metrics provide a comprehensive understanding of the model’s accuracy and
predictive capabilities.

• Cross-Validation: To further enhance the robustness of our models, we implemented
cross-validation techniques. This involved dividing the dataset into multiple folds,
training the model on subsets of the data, and evaluating its performance across
different subsets. This approach helps mitigate overfitting and ensures the model’s
consistency across various data partitions.

• Comparison with Baseline: We compared the performance of our models against a
baseline model, such as a simple linear regression or a basic algorithm. This compari-
son provides insights into the added value of our proposed approach. Through these
validation procedures, it aims to ascertain the effectiveness of our models in accurately
predicting truck transit times based on GPS location data. The results of this validation
process will be presented in the next section.

4. Results

This research is based on a detailed dataset consisting of 14 Excel files specifically or-
ganized to store truck tracking data from 17 June 2021, to 3 August 2022. Consistently, each
file contains an astounding aggregation of 1,048,576 records. This data includes locations
in the routes of the trucks, from different cities in Iran to cities in Turkey, Turkmenistan,
Tajikistan and Afghanistan (Figure 5).

The dataset contains crucial attributes such as truck number, x-coordinate position,
y-coordinate position, Gregorian date, and time. The sole concern is converting the coordi-
nates into geographic locations, for which Section 4.1 provides a detailed explanation.

Regression techniques are well-suited for estimating truck trip times due to their
compatibility and effectiveness when used in combination. Utilize the extensive truck mon-
itoring data spanning a full year to enable the platform to generate very precise forecasts
regarding the arrival times and locations of trucks. This section delves into the insights
obtained by utilizing GPS data to predict the travel time of a truck. A comprehensive
analysis is being compiled to provide various perspectives on the outcomes of predictive
modeling. Section 4.1 explains the process of converting raw geographic coordinates into
actual addresses, a crucial step in the research. The narrative transitions to Section 4.2,
which discusses the methodical categorization of the data into several groups. Section 4.3
presents a visual tale using scatter plots, while Section 4.4 breaks down the structure of
the data. Section 4.5 outlines the challenging processes of data training and testing as the
trip progresses. Section 4.6 tests the proposed method in various scenarios, resulting in a
comprehensive evaluation across multiple settings.
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4.1. Process of Transforming Geographic Coordinates into Physical Addresses

Geographical coordinates are essential in mapping vehicles to convert an address into
specific latitude and longitude map points. Geocoding is the process of converting a physi-
cal address into its corresponding geographical coordinates. Reverse geocoding converts
geographic coordinates into physical addresses. Geocoding assigns unique coordinates to
each address on the map. The dynamic change is facilitated by a Locator service, which is
simplified by the Locator class.

When geocoding, several input parameters must be considered. The Address object is
crucial for matching addresses during the geocoding process. During reverse geocoding,
the Point object holds more significance than the Address object. The Address object within
the geocoding framework communicates with the geocoding service. The geocoding service
returns an Address Candidate object that includes the matched address and its matching
map point. Subsequently, this map point becomes the focal point on the map.

The geographical coordinates of address-linked sites have been meticulously assigned,
as evident from a detailed examination of Table 2. Assigning a distinct identifying field
to each vehicle is crucial in this architecture, as it simplifies monitoring the routes they
have travelled.
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Table 2. Physical aspects.

Index Id x1 y1 x2 y2 Loc1 Loc2 Date des Second

0 0 44.38008 39.401642 44.380080 39.401642 24,227.816042 24,227.816042 2021-06-1704:47:58 900.0

1 0 44.38008 39.401642 44.380080 39.401642 24,227.816042 24,227.816042 2021-06-1705:02:58 900.0

2 0 44.38008 39.401642 44.380080 39.401642 24,227.816042 24,227.816042 2021-06-1705:17:58 900.0

3 0 44.38008 39.401642 44.380080 39.401642 24,227.816042 24,227.816042 2021-06-1705:32:58 900.0

4 0 44.38008 39.401642 44.380080 39.401642 24,227.816042 24,227.816042 2021-06-1705:47:58 900.0

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

6,995,098 4896 25.986813 43.974322 25.986813 43.974322 20,921.600716 20,921.600716 2022-07-2810:38:47 901.0

6,995,099 4896 25.986813 43.974322 25.986813 43.974322 20,921.600716 20,921.600716 2022-07-2810:40:27 100.0

6,995,100 4896 25.986813 43.974322 25.986813 43.974322 20,921.600716 20,921.600716 2022-07-2810:42:09 102.0

6,995,101 4896 25.986813 43.974322 25.986813 43.974322 20,921.600716 20,921.600716 2022-07-2810:57:11 902.0

6,995,102 4896 25.986813 43.974322 25.986813 43.974322 20,921.600716 20,921.600716 2022-07-2811:03:30 379.0

6,995,103 rows × 9 columns

4.2. Data Grouping

An essential aspect of our study involves categorizing each route and linking it to
precise time markers, which include both date and time. This thorough classification is ben-
eficial for locating and identifying all the locations visited by each truck. The segmentation
provides a precise depiction of the whereabouts of each vehicle on specific dates. Please
review Table 3 for complete information on the locations and positioning of each vehicle at
various periods.

Table 3. Data grouping.

Number of Data Date Id Loc Time Time_Cumsum

0 02021-06-1701:00:00 0 24,228.181138 45,000.0 45,000.0

1 12021-06-1702:00:00 0 24,228.181138 3600.0 48,600.0

2 22021-06-1703:00:00 0 24,228.181138 3600.0 52,200.0

3 32021-06-1704:00:00 0 24,228.434423 21,522.0 73,722.0

4 42021-06-1705:00:00 0 24,227.816042 3600.0 77,322.0

. . . . . . . . . . . . . . . . . .

1,158,510 2022-07-2906:00:00 4896 20,692.553074 3118.0 4,806,768.0

1,158,511 2022-07-2907:00:00 4896 20,698.443486 3545.0 4,810,313.0

1,158,512 2022-07-2908:00:00 4896 20,802.591637 46,731.0 4,857,044.0

1,158,513 2022-07-2909:00:00 4896 20,916.917395 122,581.0 4,979,625.0

1,158,514 2022-07-2912:00:00 4896 20,884.905480 87,301.0 5,066,926.0

1,158,515 rows × 5 columns

4.3. Scatter Plots

Visualizing data graphically is a strategic approach to clarify and reveal the intricate
patterns, trends, and relationships within the data. We utilized the elements id, Loc, and
time to create a three-dimensional graph to analyze the intricate network of vehicle paths.
This research on dynamic visualization provides us with the means to go beyond static
images and experience the immersive capabilities of a 3D platform. Figure 6 visually
represents the multidimensional trip and acts as evidence of this visual narrative.
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Figure 6. Data scatter diagram for track of trucks.

Strategic color usage enhances the graphical scene with deeper significance. The color
palette is an effective tool for categorizing and labelling different data classes. Cars are
categorized based on a unique identifier (id) and each car is associated with a particular
color, occupying a specified location. Vehicles are arranged using a chromatic orchestration,
with each one vividly colored to represent a specific genre. This division provides energy
and visual differentiation to the graphical representation. Please refer to Figure 7 for a
colorful and compelling graphic portrayal of this image.
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Figure 8 illustrates the evolution of a vehicle’s trajectory over time. This graphic pro-
vides a detailed representation of the vehicle’s chronological voyage by clearly illustrating
its path and movements. Figure 8 illustrates the complete trajectory of a vehicle, from the
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beginning of its voyage to the conclusion of its route. Overall, these stats provide more
than just numerical details, and offer informative comments.
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4.4. Data Structure

This research is based on a large dataset consisting of 14 Excel files. This data repository
stores intricate truck tracking data from 17 June 2021 to 3 August 2022, spanning a complete
year. There are five crucial characteristics in the dataset: (1) truck number; (2) x- and
y-coordinates of the place; (3) date; and (4) time.

Once we have carefully developed our machine learning regression model to address
the issue, the subsequent crucial stage is evaluation. It is crucial to thoroughly evaluate
the model’s performance by examining a well-chosen set of parameters from this per-
spective. The paper will discuss key parameters, such as MSE, RMSE, MAE, and R2.
Table 4 meticulously documents the results of this assessment, which is the crucial aspect
of validation.

In the study, we employed an ensemble of algorithms to predict truck transit time.
These algorithms include AdaBoost, GradientBoosting, XGBoost (Extreme Gradient Boost-
ing), ElasticNet, Lasso (Least Absolute Shrinkage and Selection Operator), KNeighbors
(K-Nearest Neighbors), Linear Regression, LinearSVR (Linear Support Vector Regression),
and RandomForest.

AdaBoost iteratively adjusts the weights of incorrectly classified instances to focus on
difficult-to-classify samples. GradientBoosting sequentially fits new models to the residuals
of the previous models, minimizing a loss function by adding decision trees that correct the
errors of the preceding ones. XGBoost, an optimized implementation of gradient boosting,
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incorporates features like parallelized tree construction and hardware optimization to
achieve state-of-the-art results. ElasticNet combines L1 and L2 regularization to address
multicollinearity and perform feature selection. Lasso performs variable selection and
regularization by adding a penalty term to the absolute values of regression coefficients,
encouraging sparsity in the model. KNeighbors predicts the output of a data point by
averaging the target values of its k nearest neighbors. Linear Regression predicts the
target variable as a linear combination of input features and is used when the relationship
is assumed to be linear. LinearSVR uses a linear kernel function to find a hyperplane
that best fits the training data while maximizing the margin. RandomForest constructs
multiple decision trees during training and outputs the average prediction of individual
trees, reducing overfitting and increasing robustness.

Table 4. Comparison of algorithms based on metrics.

Algorithm MSE RMSE MAE R2

0 KNeighborsRegressor 0.000050 0.007063 0.004540 0.430742

1 LinearRegression 0.000052 0.007212 0.004717 0.406420

2 LinearSVR 0.000054 0.007359 0.004423 0.381872

3 RandomForestRegressor 0.000052 0.007223 0.004656 0.404593

4 AdaBoostRegressor 0.000101 0.010039 0.008029 −0.150267

5 GradientBoostingRegressor 0.000051 0.007151 0.004599 0.416330

6 XGBRegressor 0.000051 0.007129 0.004598 0.419922

7 Lasso 0.000088 0.009361 0.006873 −0.000002

8 ElasticNet 0.000088 0.009361 0.006873 −0.000002

4.5. Training and Testing Process

Our machine learning model has undergone extensive training, utilizing 80% of
the dataset just for this purpose. The meticulous training occurred in the context of
Figure 9, illustrating the convergence of data and learning. The primary concept of this
approach is to evaluate the performance of a model on data subsets that it has not been
exposed to previously. After completing the training phase, the main validation step
was initiated, utilizing the final 20% of the data. Proficiently isolating this section for
examination is an excellent way to evaluate the effectiveness of a model by contrasting it
with unfamiliar data. The model can assess its capacity to apply acquired knowledge to
unfamiliar scenarios by precisely categorizing items. This demonstrates its potential for
application in new environments.
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4.6. Evaluation of Algorithms

The evaluation, a crucial component of algorithmic application, is conducted based on
the carefully prepared and trained data from the preceding section. This section demon-
strates how our suggested algorithms engage with real-world data through a range of
scenarios and methodically selected criteria.

• First Scenario

We investigate truck movement prediction in the first scenario and analyze the impact
of different window sizes on the predictive accuracy. Window sizes of 1, 3, 5, 7, 9, and
11 play a significant role in enhancing prediction accuracy, with each size contributing
distinct nuances. Our inquiry progresses through various stages with precise attention
to detail, thoroughly examining the complexity of predicting truck movements within a
specific range.

Table 5 displays a curated set of results, showing the effects of using our nine regression
techniques with different window sizes. We have meticulously gathered many factors that
affect prediction accuracy to analyze the interaction between algorithms and the changes
in window sizes.

Table 5. Prediction results for different windows.

Window Size Algorithms MSE RMSE MAE R2

1 KNeighborsRegressor 0.0028 0.0528 0.0352 0.409

1 LinearRegression 0.0029 0.0535 0.0366 0.3912

1 LinearSVR 0.0029 0.054 0.0356 0.3814

1 RandomForestRegressor 0.003.2 0.0565 0.0375 0.3224

1 AdaBoostRegressor 0.0052 0.0724 0.0601 −0.1129

1 GradientBoostingRegressor 0.0028 0.0527 0.0355 0.4108

1 XGBRegressor 0.0028 0.0525 0.0352 0.4156

1 Lasso 0.0047 0.0686 0.0515 0

1 ElasticNet 0.0047 0.0686 0.0515 0

3 KNeighborsRegressor 0.0026 0.05.15 0.0340 0.4399

3 LinearRegression 0.002.7 0.05.17 0.0350 0.4338

3 LinearSVR 0.0028 0.0533 0.0326 0.398.9

3 RandomForestRegressor 0.002.7 0.05.2 0.0347 0.4275

3 AdaBoostRegressor 0.003.5 0.0594 0.0454 0.2543

3 GradientBoostingRegressor 0.0026 0.05.11 0.0340 0.4486

3 XGBRegressor 0.0026 0.0506 0.0335 0.458

3 Lasso 0.0047 0.0687 0.0514 -

3 ElasticNet 0.0047 0.0687 0.0514 0

5 KNeighborsRegressor 0.0026 0.0512 0.0338 0.424

5 LinearRegression 0.0026 0.0514 0.0347 0.4197

5 LinearSVR 0.0028 0.053.1 0.0327 0.3813

5 RandomForestRegressor 0.0026 0.05.13 0.0342 0.4236

5 AdaBoostRegressor 0.0034 0.0584 0.0448 0.2508

5 GradientBoostingRegressor 0.0026 0.0506 0.0337 0.4387
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Table 5. Cont.

Window Size Algorithms MSE RMSE MAE R2

5 XGBRegressor 0.0025 0.05.01 0.0332 0.4494

5 Lasso 0.0046 0.0675 0.0509 -

5 ElasticNet 0.0046 0.0675 0.0509 -

7 KNeighborsRegressor 0.0027 0.05.18 0.0339 0.4227

7 LinearRegression 0.0027 0.05.15 0.0346 0.4298

7 LinearSVR 0.0028 0.0533 0.0326 0.3885

7 RandomForestRegressor 0.0026 0.05.11 0.0341 0.4387

7 AdaBoostRegressor 0.004 0.063.2 0.0514 0.1419

7 GradientBoostingRegressor 0.0026 0.0507 0.0335 0.4483

7 XGBRegressor 0.0025 0.05 0.0330 0.4628

7 Lasso 0.0047 0.0682 0.0510 0

7 ElasticNet 0.0047 0.0682 0.0510 0

9 KNeighborsRegressor 0.0027 0.0519 0.0339 0.4199

9 LinearRegression 0.0026 0.0512 0.0343 0.4343

9 LinearSVR 0.0028 0.0525 0.0324 0.4059

9 RandomForestRegressor 0.0026 0.0507 0.0338 0.4458

9 AdaBoostRegressor 0.0045 0.067 0.0553 0.0336

9 GradientBoostingRegressor 0.0025 0.0505 0.0333 0.4508

9 XGBRegressor 0.0025 0.0498 0.0328 0.4659

9 Lasso 0.0046 0.0681 0.0508 −0.0001

9 ElasticNet 0.0046 0.068.1 0.0508 −0.0001

11 KNeighborsRegressor 0.002.7 0.05.16 0.0339 0.4133

11 LinearRegression 0.0026 0.0508 0.0342 0.4311

11 LinearSVR 0.0037 0.0609 0.0497 0.1835

11 RandomForestRegressor 0.0025 0.0504 0.0338 0.4407

11 AdaBoostRegressor 0.0061 0.078.1 0.0685 −0.346

11 GradientBoostingRegressor 0.0025 0.05 0.0332 0.4491

11 XGBRegressor 0.0024 0.0494 0.0328 0.4624

11 Lasso 0.0045 0.0674 0.0505 0

11 ElasticNet 0.0045 0.0674 0.0505 0

The complex patterns of predicted performance vary across different window sizes,
with each size imparting distinct characteristics to the algorithms.

• With a window size of 1, the XGBRegressor method stands out as the top performer,
with an R2 parameter value of 0.4156. The AdaBoostRegressor performs poorly,
showing a weak stride with a value of 0.1129. The Lasso and ElasticNet algorithms
show mediocre performance.

• Increasing the window size to 3, the XGBRegressor demonstrates its superiority by
achieving an R2 parameter value of 0.458. On the other hand, the Lasso and ElasticNet
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algorithms encounter a situation where they stop making progress, resulting in a value
of 0.

• The XGBRegressor demonstrates predictive ability, with an R2 score of 0.4494 and a
window size of 5. The Lasso and ElasticNet algorithms exhibit a subdued trajectory,
converging to a value of 0.

• The XGBRegressor shows a crescendo in performance, achieving an R2 parameter
value of 0.4628 with a window size of 7. On the contrary, the Lasso and ElasticNet
algorithms experience reduced output when the value is 0.

• The XGBRegressor stands out with an R2 parameter value of 0.4659 in a window size
of 9. Both the Lasso and ElasticNet algorithms exhibit a gradual decrease, reaching a
value of 0.0001.

• With a window size of 11, the XGBRegressor’s performance improves, resulting in an
R2 value of 0.4624. The AdaBoostRegressor demonstrates modesty by yielding a value
of 0.346.

Table 5 provides detailed information on the interaction between algorithms and win-
dow sizes. The research concludes that a window size of 7 indicates optimal performance.
Around 70% of the algorithms perform optimally throughout this period, leading to a
dependable outcome.

• Second Scenario

As we delve further into our exploration, the second scenario involves dividing the
data into segments of varying sizes—50,000, 75,000, and 100,000 records—each revealing
unique insights through regression methods. Algorithms play various roles in these
explanations by creating patterns that are well-suited to the dataset’s size. Table 6 illustrates
the interaction between data pieces and regression algorithms in response to this case.

From the outcomes of each segment size, we may draw the following conclusions
from Table 6:

• With a segment size of 50,000, the XGBRegressor method demonstrates an R2 param-
eter value of 0.4486, taking the lead in the ensemble of algorithms. The AdaBoost-
Regressor method communicates its story softly, with a coefficient of 0.0434. The
GradientBoosting and KNeighbors algorithms stand out as top performers, leaving a
unique mark in the story.

• The XGBRegressor algorithm emerges as the top performer with an R2 value of
0.4395, while the AdaBoostRegressor algorithm performs less impressively at 1.124 in
a segment size of 75,000. Every algorithm contributes to the discussion, creating its
unique mark on the overall picture.

• With a segment size of 100,000, the XGBRegressor algorithm achieves an R2 parameter
value of 0.4417, outperforming the Lasso and ElasticNet algorithms, which both score 0.
Three narratives arise, reflecting the interaction between algorithms and data records.

When applied to a wide range of data record counts, the XGBRegressor algorithm
consistently delivers more satisfactory results.

• Third Scenario

As our research progresses to the third scenario, the k-fold method provides valuable
insights into the practical utility of the model, revealing the effectiveness of predictions.
The parameter “k” determines the division of data samples into k subsets. These subsets
are utilized for both training and validation purposes.

K-fold cross-validation involves dividing the dataset into k subsets. One subset is
selected for testing, while the remaining k-1 subsets are used for training. There are
10 threads of data that form the tapestry, encompassing nine regression algorithms. Table 7
displays the unexpected findings and the effectiveness of the k-fold method in achieving
accurate results.
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Table 6. Results of different data parts for the algorithms based on different parameters.

Size of Each
Data Part Algorithms MSE RMSE MAE R2

50,000 KNeighborsRegressor 0.0042 0.065 0.043326 0.4353

50,000 LinearRegression 0.0043 0.0653 0.044548 0.429

50,000 LinearSVR 0.0048 0.0692 0.043532 0.3596

50,000 RandomForest Regressor 0.0044 0.0664 0.044555 0.4108

50,000 AdaBoostRegressor 0.0078 0.08.83 0.075135 −0.0434

50,000 GradientBoostingRegressor 0.0042 0.0644 0.043308 0.4445

50,000 XGBRegressor 0.0041 0.0642 0.042847 0.4486

50,000 Lasso 0.0075 00865 0.064728 0

50,000 ElasticNet 0.0075 00865 0.064728 0

75,000 KNeighborsRegressor 0.0026 0.0511 0.033681 0.4357

75,000 LinearRegression 0.0027 0.0515 0.034808 0.4166

75,000 LinearSVR 0.0028 0.0531 0.032382 0.3799

75,000 RandomForest Regressor 0.0027 0.0518 0.034425 0.411

75,000 AdaBoostRegressor 0.0097 0.0983 0.089883. −1.124

75,000 GradientBoostingRegressor 0.0026 0.0508 0.033757 0.432

75,000 XGBRegressor 0.0025 0.0505 0.033364 0.4395

75,000 Lasso 0.0045 0.0674 0.05034 0

75,000 ElasticNet 0.0045 0.0674 0.05034 0

100,000 KNeighborsRegressor 0.0027 00518 0.034224 0.4242

100,000 LinearRegression 0.0027 0.0521 0.035349 0.4177

100,000 LinearSVR 0.003 0.055 0.034161 0.3519

100,000 RandomForest Regressor 0.0027 0.0523 0.034851 0.4134

100,000 AdaBoostRegressor 0.004 0.0632 0.052425 0.1442

100,000 GradientBoostingRegressor 0.0026 0.0514 0.034216 0.4333

100,000 XGBRegressor 0.0026 0.0511 0.033777 0.4417

100,000 Lasso 0.0047 0.0683 0.051225 0

100,000 ElasticNet 0.0047 0.0683 0.051225 0

Table 7. Outcomes of our algorithms employing our parameters in the k-fold technique.

k Algorithm_Name MSE RMSE MAE R2

1 KNeighborsRegressor 0 0.007 0.004554 0.4319

1 LinearRegression 0 0.007 0.00473 0.4228

1 LinearSVR 0.0001 0.0093 0.00688 0.0029

1 RandomForestRegressor 0 0.0071 0.004652 0.4205

1 AdaBoostRegressor 0.0001 0.0083 0.006639 0.209

1 GradientBoostingRegressor 0 0.007 0.0046 0.4314

1 XGBRegressor 0 0.0069 0.004516 0.4433

1 Lasso 0.0001 0.0093 0.006879 0

1 ElasticNet 0.0001 0.0093 0.006879 0
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Table 7. Cont.

k Algorithm_Name MSE RMSE MAE R2

2 KNeighborsRegressor 0 0.007 0.004545 0.4354

2 LinearRegression 0 0.007 0.004724 0.4226

2 LinearSVR 0.0001 0.0071 0.005144 0.4067

2 RandomForestRegressor 0 0.007 0.004652 0.4206

2 AdaBoostRegressor 0.0001 0.0082 0.006646 0.2141

2 GradientBoostingRegressor 0 0.0069 0.004586 0.4381

2 XGBRegressor 0 0.0069 0.004514 0.4476

2 Lasso 0.0001 0.0093 0.006886 0

2 ElasticNet 0.0001 0.0093 0.006886 0

3 KNeighborsRegressor 0 0.007 0.004553 0.4317

3 LinearRegression 0 0.0071 0.004732 0.4167

3 LinearSVR 0.0001 0.0073 0.004471 0.3704

3 RandomForestRegressor 0.0001 0.0071 0.004656 0.4128

3 AdaBoost Regressor 0.0003 0.016 0.01224 −1.9995

3 GradientBoostingRegressor 0 0.007 0.004599 0.4301

3 XGBRegressor 0 0.0069 0.00452 0.4402

3 Lasso 0.0001 0.0093 0.006873 0

3 ElasticNet 0.0001 0.0093 0.006873 0

4 KNeighborsRegressor 0 0.0071 0.004562 0.4228

4 LinearRegression 0.0001 0.0071 0.004743 0.4127

A LinearSVR 0.0001 0.0095 0.008205 −0.0491

4 RandomForestRegressor 0.0001 0.0071 0.004662 0.4108

4 AdaBoostRegressor 0.0004 0.0199 0.016922 −3.6026

4 GradientBoostingRegressor 0.0001 0.0071 0.004616 0.4214

4 XGBRegressor 0 0.007 0.004531 0.436

4 Lasso 0.0001 0.0093 0.006885 0

4 ElasticNet 0.0001 0.0093 0.006885 0

5 KNeighborsRegressor 0 0.007 0.004566 0.4267

5 LinearRegression 0 0.007 0.004745 0.4225

5 LinearSVR 0.0001 0.0075 0.004588 0.3488

5 RandomForestRegressor 0.0001 0.0071 0.004663 0.407

5 AdaBoostRegressor 0.0001 0.0088 0.006909 0.1045

5 GradientBoostingRegressor 0.0001 0.0073 0.004623 0.3747

5 XGBRegressor 0.0001 0.0073 0.004541 0.3761

5 Lasso 0.0001 0.0093 0.006882 0

5 ElasticNet 0.0001 0.0093 0.006882 0

6 KNeighborsRegressor 0 0.0069 0.004538 0.4372

6 LinearRegression 0.0001 0.0071 0.004717 0.3977

6 LinearSVR 0.0001 0.0082 0.006636 0.2024

6 RandomForestRegressor 0 0.007 0.004638 0.422

6 AdaBoostRegressor 0.0001 0.0084 0.006924 0.1487
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Table 7. Cont.

k Algorithm_Name MSE RMSE MAE R2

6 GradientBoostingRegressor 0 0.0069 0.004595 0.4336

6 XGBRegressor 0 0.0068 0.00451 0.4477

6 Lasso 0.0001 0.0092 0.006883 0

6 ElasticNet 0.0001 0.0092 0.006883 0

7 KNeighborsRegressor 0.0001 0.0076 0.004562 0.3993

7 LinearRegression 0.0001 0.0075 0.004743 0.4201

7 LinearSVR 0.0001 0.0109 0.008452 −0.2307

7 RandomForestRegressor 0.0001 0.0077 0.004662 0.3857

7 AdaBoostRegressor 0.0018 0.0428 0.036901 −18.0133

7 GradientBoostingRegressor 0.0001 0.0076 0.004603 0.3981

7 XGBRegressor 0.0001 0.0076 0.004525 0.4055

7 Lasso 0.0001 0.0098 0.006902 0

7 ElasticNet 0.0001 0.0098 0.006902 0

8 KNeighborsRegressor 0 0.007 0.004564 0.4295

8 LinearRegression 0.0001 0.0071 0.00474 0.4114

8 LinearSVR 0.0002 0.0134 0.012251 −1.1097

8 RandomForestRegressor 0.0001 0.0071 0.004686 0.4115

8 AdaBoostRegressor 0.0001 0.0084 0.006911 0.1732

8 GradientBoostingRegressor 0 0.007 0.004618 0.4253

8 XGBRegressor 0 0.0069 0.004541 0.4374

8 Lasso 0.0001 0.0092 0.006881 0

8 ElasticNet 0.0001 0.0092 0.006881 0

9 KNeighborsRegressor 0 0.0069 0.004527 0.44

9 LinearRegression 0 0.007 0.004718 0.4198

9 LinearSVR 0 0.007 0.004775 0.4185

9 RandomForestRegressor 0 0.007 0.004633 0.4208

9 AdaBoostRegressor 0.0001 0.0082 0.006648 0.2064

9 GradientBoostingRegressor 0 0.0069 0.004583 0.4296

9 XGBRegressor 0 0.0069 0.004505 0.433

9 Lasso 0.0001 0.0092 0.006887 0

9 ElasticNet 0.0001 0.0092 0.006887 0

10 KNeighborsRegressor 0 0.0071 0.00457 0.4275

10 LinearRegression 0.0001 0.0071 0.004749 0.4209

10 LinearSVR 0.0001 0.0074 0.004489 0.3769

10 RandomForestRegressor 0.0001 0.0072 0.004678 0.4049

10 AdaBoostRegressor 0.0001 0.0107 0.009156 −0.3251

10 GradientBoostingRegressor 0 0.007 0.004618 0.4292

10 XGBRegressor 0 0.007 0.004542 0.4389

10 Lasso 0.0001 0.0093 0.00689 0

10 ElasticNet 0.0001 0.0093 0.00689 0
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Algorithms showcased their proficiency through multiple trials by adjusting to the
rhythm of “k” values in the evolving script of k-fold validation. The main findings from
Table 7 can be summarized as follows:

The XGBRegressor demonstrates its power for k = 1, achieving an R2 parameter value
of 0.4433. The Lasso and ElasticNet have coefficients of 0, while the LinearSVR model
performs poorly. The KNeighbors, Linear, RandomForest, and GradientBoost algorithms
synergize effectively. During the k = 2 iteration, the XGBRegressor model achieves an R-
squared value of 0.4476. The Lasso, ElasticNet, and AdaBoost algorithms are experiencing
setbacks. KNeighbors, Linear, LinearSVR, RandomForest, and GradientBoost models
harmonize perfectly.

During the beginning of k = 3, the XGBRegressor shows an R2 value of 0.4402. Ad-
aBoost fails at 1.9995, while Lasso and ElasticNet exhibit weakness. When k = 4, XGBRegres-
sor achieves an R2 of 0.436, while AdaBoost drops to 3.6026, and LinearSVR only reaches
0.0491. KNeighbors performs well with an R2 of 0.4267, while Lasso and ElasticNet do not
perform as strongly. In k = 6’s analysis, XGBRegressor outperformed Lasso and ElasticNet
with an R2 of 0.4477. AdaBoost’s explanation lacks impact.

When k = 7, this correlates with Linear’s R2 at 0.4201, but AdaBoost shows a discrep-
ancy at 18.0133. LinearSVR’s optimization fails. In chapter 8, the XGBRegressor achieved
an R2 score of 0.4374, while the LinearSVR scored 1.1097. An orchestra of equality exists
alongside the others. KNeighbors’ R2 in stanza k = 9 is 0.44, with Lasso and ElasticNet
following behind. The XGBRegressor model with k = 10 produced a final R2 score of 0.4389.
AdaBoost registers a value of 0.3251, while the other models show a consistent response.

• Fourth Scenario

In the fourth case, the model’s error rate is equivalent to the average error rate observed
in all iterations. In this system, “k” is equivalent to “n,” which represents the number
of samples in the dataset. This plot resembles an extended k-fold cross-validation and
involves the utilization of the Leave One Out (LOO) method. Table 8 displays the results of
this case and the knowledge acquired through this approach.

Table 8. Comparison of parameters using LOO technique.

Metrics Results

MSE 0.009389521

RMSE 0.096899541

MAE 0.06528897

R2 0.404312521

5. Discussion and Managerial Insights

The above-mentioned findings offer a comprehensive overview of outcomes derived
from different scenarios, parameters, and evaluations, aiming to provide deep insights into
the practicality and efficiency of the proposed algorithms through an Iranian case study.

The analysis of different scenarios has uncovered interesting patterns. The XGBRe-
gressor algorithm consistently outperformed others in predictive accuracy across various
window sizes, demonstrating its ability to effectively manage variations in the data’s level
of detail. The XGBRegressor also performed well in data-partitioning scenarios, handling
different data quantities adeptly. In particular, the dataset containing 75,000 records re-
quired further investigation into data distribution and algorithmic patterns. The k-fold
cross-validation method revealed nuanced variations in algorithm efficacy, with XGBRe-
gressor remaining the top performer, although other algorithms showed strengths in
different iterations. This underscores the importance of using diverse validation strategies
in model assessment. Both the Leave One Out (LOO) technique and the k-fold method
highlighted the importance of validation techniques in achieving conclusive results. The
parameters MSE, RMSE, MAE, and R2 served as benchmarks for model evaluation in all
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situations. These metrics provided a comprehensive view of each algorithm’s predictive
capability. The XGBRegressor consistently demonstrated strong performance, aligning with
its reputation for reliable and accurate prediction. The managerial implications suggest that
algorithms like RandomForest, KNeighbors, and XGBRegressor hold significant potential
for practical use.

5.1. Managerial Insights

The outcomes can provide crucial managerial insights that can significantly enhance
transportation and logistics management, as depicted in Figure 10.
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By leveraging GPS data and advanced regression algorithms such as XGBoost, Ran-
domForest, and GradientBoosting, the study achieves high accuracy in predicting truck
transit times. This precision is vital for logistics managers to effectively plan and op-
timize delivery schedules, ultimately improving operational efficiency. For example,
Zhao et al. (2019) used GPS data from Beijing’s Sixth Ring Road to predict truck travel
speeds under various conditions with an optimized GRU algorithm, demonstrating the
practical application of similar methodologies [46].

Accurate transit time predictions enable logistics companies to streamline their opera-
tions by minimizing idle time, optimizing routes, and improving fleet utilization, leading
to cost reductions and increased operational efficiency. Better predictions also allow for
more precise resource allocation, such as scheduling loading and unloading activities and
managing driver shifts. This reduces bottlenecks at cross-docking terminals and other
logistics hubs, ensuring a smoother flow of goods. Wang et al. (2020) similarly applied
machine learning techniques to improve driving style identification in open-pit mining,
demonstrating the broader applicability of these methods [47].

The integration of GPS data and machine learning provides a robust foundation for
data-driven decision-making. Managers can rely on empirical data and sophisticated
algorithms rather than heuristics or past experiences. This data-driven approach enhances
the scalability and flexibility of predictive models, allowing for adaptation to different
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regions, traffic conditions, and logistical scenarios. Predictive analytics also aid in long-
term strategic planning. Understanding traffic patterns and potential delays can inform
infrastructure development, investment in new technologies, and partnerships with other
logistics providers. Predictive models help identify potential delays and disruptions in
advance, enabling managers to develop contingency plans to mitigate risks, ensuring more
reliable delivery schedules and improved customer satisfaction. Rivera-Campoverde et al.
(2024) demonstrated similar applications in the management of vehicle emissions, showing
the versatility of these approaches [48].

The study highlights the importance of synchronizing inbound and outbound logistics
at cross-docking terminals. Efficiently managing these terminals reduces wait times and
ensures a smooth flow of goods, especially crucial for time-sensitive and perishable items.
For policymakers, the study provides valuable insights into traffic management and infras-
tructure development, informing policies aimed at reducing congestion and improving
road safety.

5.2. Alignment with Sustainable Development Goals (SDGs)

The present study aligns with several Sustainable Development Goals (SDGs) through
its implications in logistics, urban planning, and transportation efficiency. The following
sections provide a detailed assessment of the study’s impact on specific SDGs [49–51]:

SDG 3: Improved health and safety on roads due to reduced congestion and accidents.
SDG 7: Lower fuel consumption through optimized routes.
SDG 8: Increased economic productivity and better working conditions for drivers.
SDG 9: Innovations in transportation infrastructure and logistics.
SDG 11: Enhanced urban sustainability and livability.
SDG 12: More efficient use of resources in production and distribution.
SDG 13: Reduced greenhouse gas emissions.

The conceptual model in Figure 11 illustrates the flow from data collection and pro-
cessing to the positive impacts on various SDGs, showcasing the broader societal benefits
of the research on truck transit time prediction.
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6. Conclusions, Limitations, and Future Works

The effective optimization of truck scheduling in cross-docking terminals and traffic
management in large urban areas requires an insightful strategy. Restrictions on heavy-
duty trucks, which limit them to specific routes, often lead to traffic congestion. Thus,
predicting travel speeds on specific roads is crucial to providing customized information
services to drivers. This study utilized truck-generated tracking data and regression
algorithms, recognized for their predictive capabilities in estimating travel durations and
vehicle locations. By employing a range of regression algorithms, including AdaBoost,
GradientBoost, XGBoost, ElasticNet, RandomForest, KNeighbors, Linear, LinearSVR, and
Lasso, our investigation provides insights across various scenarios. Among these, the
XGBRegressor algorithm consistently stands out as a superior predictor, surpassing other
algorithms in different time steps and situations. This finding opens exciting research
opportunities for the future, including investigating different regression algorithms and
performing comparative analyses to understand their effectiveness relative to our results.

Expanding the scope of this predictive model to include a broader range of vehicle
types, such as buses, vans, and cars, presents a promising opportunity. These diverse
vehicle types exhibit inherent variations in movement patterns, characteristics, and op-
erational dynamics, making them rich subjects for investigation. By customizing and
refining predictive methodologies to match their unique characteristics, we can develop a
comprehensive toolkit for predicting the travel times and trajectories of various vehicles.
This effort is crucial for enhancing transportation management strategies that address both
freight logistics and the efficient movement of passengers, promoting a holistic approach to
optimizing mobility.

Our research established a solid foundation for improved predictive models in es-
timating truck travel time. Future research can focus on ongoing exploration, method
improvement, and expanding applications to various vehicle types. This advancement will
contribute significantly to transportation management, achieving effective and sustainable
mobility solutions [52,53].
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