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Abstract: Cross-docking operations are highly dependent on precise scheduling and timely
truck arrivals to ensure streamlined logistics and minimal storage costs. Predicting potential
delays in truck arrivals is essential to avoiding disruptions that can propagate throughout
the cross-dock facility. This paper investigates the effectiveness of deep learning models,
including Convolutional Neural Networks (CNN), Multilayer Perceptrons (MLPs), and
Recurrent Neural Networks (RNNs), in predicting late arrivals of trucks. Through extensive
comparative analysis, we evaluate the performance of each model in terms of prediction
accuracy and applicability to real-world cross-docking requirements. The results highlight
which models can most accurately predict delays, enabling proactive measures for han-
dling deviations and improving operational efficiency. Our findings support the potential
for deep learning models to enhance cross-docking reliability, ultimately contributing to
optimized logistics and supply chain resilience.

Keywords: cross-dock; truck to door assignment; temporary storage; fuzzy chance
constrained optimization; uncertainty; optimization programming language

1. Introduction

Cross-docking is a pivotal logistics strategy designed to minimize storage time and
maximize operational efficiency by enabling the direct transfer of goods from inbound
to outbound trucks. In this tightly coordinated system, the timely arrival of trucks at
cross-docking facilities is crucial for maintaining a seamless flow of goods. Delays in
truck arrivals can disrupt carefully planned schedules and resource allocations, leading to
increased handling and temporary storage costs. These disruptions can cascade through the
supply chain, causing delays in deliveries, increased operational expenses, and diminished
customer satisfaction [1].

While substantial advancements have been made in optimizing cross-docking work-
flows, the inherent uncertainty and variability in truck arrival times remain significant
challenges [2,3]. Addressing this issue is critical for ensuring the reliability and efficiency
of cross-docking operations. Figure 1 provides an illustrative layout of a cross-docking
facility, showcasing the coordination required between inbound and outbound operations
and highlighting the importance of synchronized scheduling [4].

Recent research has focused on enhancing cross-docking operations through a va-
riety of optimization methods. Studies in this area have primarily concentrated on
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scheduling [5], vehicle routing [6,7], and inventory management [8], with the goal of
minimizing operational costs and improving throughput efficiency [2,9]. However, these
approaches frequently rely on predictable static schedules, overlooking the variability
introduced by factors such as traffic conditions, weather disturbances, and unexpected
logistical issues. This limitation constrains the effectiveness of traditional optimization
models, which lack mechanisms to accommodate real-time changes in arrival schedules
and as such are unable to proactively address delays [10,11].
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Figure 1. Layout of a cross-docking facility.

Given the critical importance of timely truck arrivals for cross-docking efficiency, this
paper introduces a predictive model designed to anticipate potential delays while allowing
for preemptive adjustments to mitigate operational disruptions. Because empirical data
specific to arrival delays in cross-docking facilities are often limited, we constructed a repre-
sentative hypothetical dataset that simulates realistic truck arrival patterns, incorporating
factors such as historical delay trends, traffic conditions, and random disturbances. The
primary objective of this predictive model is not only to forecast arrival delays but also to
serve as a proactive tool for operational continuity, thereby enabling cross-docking facilities
to adapt their processes in real-time and minimize the impact of potential delays.

In this study, we assess the performance of three advanced deep learning architectures:
Multilayer Perceptron (MLP), Recurrent Neural Network (RNN), and Convolutional Neural
Network (CNN). Each model offers distinct advantages in predictive modeling. MLP,
as a feed-forward neural network, is effective in learning from historical data patterns.
RNNSs, which are inherently suited for sequential data, are adept at capturing temporal
dependencies within time-series data—a critical feature when modeling truck arrival
patterns [12]. In contrast, CNNss are traditionally used for spatial data processing, and have
shown promise in feature extraction when applied to time-series data [13,14]. CNNs can
detect latent patterns that may influence arrival times, making them a powerful tool for
prediction in complex environments [15,16]. By evaluating the strengths and limitations of
each model, we aim to identify the most suitable architecture for predicting late arrivals
and generating timely alerts for operational adjustments.

To enhance the reliability of our predictions, we employ a rigorous hyperparame-
ter optimization process across all three models. Fine-tuning these parameters is essen-
tial for achieving high accuracy and model stability, particularly in the dynamic cross-
docking environment, where operational efficiency is sensitive to real-time changes in truck
arrival schedules.

The primary contributions of this research are as follows: (1) introducing a novel
predictive approach for forecasting late truck arrivals in cross-docking facilities; (2) imple-
menting and comparing the performance of MLP, RNN, and CNN models on a simulated
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dataset tailored to reflect cross-docking arrival patterns; and (3) performing systematic hy-
perparameter optimization to maximize prediction accuracy and model applicability. Our
findings provide actionable insights for logistics managers, enabling them to proactively
manage delays and improve the overall efficiency of cross-docking operations.

The remainder of this paper outlines our methodological approach, describes the
experimental setup, and presents an analysis of the models” performance results. Through
this research, we bridge the gap between advanced deep learning techniques and logistical
optimization, contributing to the growing body of literature on dynamic data-driven
solutions in supply chain management.

2. Problem Formulation and Predictive Modeling Methodology

In this section, we provide a structured approach to tackling the challenge of delayed
truck arrivals in cross-docking facilities. We first outline the problem formulation, followed
by a detailed description of the predictive modeling methodology encompassing data
generation, model selection, and evaluation.

2.1. Problem Description

Timely arrival of trucks at cross-docking facilities is essential to maintaining syn-
chronized operations. Any deviation from scheduled arrival times can cause significant
operational disruptions, leading to resource inefficiencies and increased handling costs.
Efficient cross-docking operations require precise synchronization between incoming and
outgoing trucks. Any delays in truck arrival disrupt this synchronization, leading to po-
tential congestion, underutilized resources, and increased operational costs. This study
addresses the problem of predicting late arrivals of trucks at cross-docking facilities in order
to preemptively mitigate the operational disruptions caused by such delays. Given the ab-
sence of publicly available datasets for cross-docking truck arrival times, we have generated
a hypothetical dataset designed to capture the complexities of real-world conditions. This
dataset includes key features such as historical arrival times, traffic conditions, seasonal
and weather-related delays, and other unforeseen events that commonly impact truck
arrival schedules.

The primary goal of our study is to develop a reliable predictive model that can forecast
late arrivals, enabling cross-dock operators to take proactive measures. By achieving accurate
predictions, this model can facilitate better scheduling adjustments, improve resource alloca-
tion, and reduce bottlenecks, ultimately contributing to smoother cross-docking operations.

2.2. Methodology

To address this issue, we employ deep learning models capable of capturing complex
patterns within arrival time data. This section describes the data preparation steps, model
selection process, hyperparameter tuning, evaluation metrics, and experimental setup used
to ensure accurate predictions of late arrivals.

1. Data Generation and Preprocessing. Given the absence of empirical data, a synthetic
dataset was created to simulate real-world scenarios. The data generation process
incorporated multiple variables that are known to influence arrival times, such as:

*  Historical Arrival Patterns: Time series data reflecting previous truck arrivals,
delays, and patterns.

*  Traffic Conditions: Indicators of traffic density, road congestion, and expected
delays based on common traffic patterns.

*  Unforeseen Delays: Data points representing unpredictable factors such as road
closures or breakdowns modeled to simulate real-world disruptions.
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These data were then preprocessed to ensure compatibility with deep learning models.
Features were normalized to a common scale and missing data points were imputed
where necessary. Finally, the dataset was divided into training, validation, and testing
sets while ensuring that the time series nature of the data were preserved, particularly
for models such as RNNs that rely on sequential patterns.

Predictive Model Selection. To identify the most effective model for predicting truck
arrival delays, we explored three prominent deep learning architectures:

*  Multilayer Perceptron (MLP): This feed-forward neural network is designed to
capture historical patterns and relationships in the data. We used MLP as a baseline,
serving as a control model for benchmarking against more advanced architectures.

e Recurrent Neural Network (RNN): Given the sequential nature of arrival times
and delay patterns, the RNN architecture is well-suited for our task. RNNs excel
at learning from time-dependent data, capturing temporal relationships that help
forecast future arrival times based on past sequences.

¢  Convolutional Neural Network (CNN): Although CNNs are traditionally used
for spatial data, they have shown promise in feature extraction from time series
data by identifying underlying patterns. A CNN model was adapted for this
application to capture spatial and sequential features.

Hyperparameter Optimization. To enhance the model’s predictive accuracy, we
performed systematic hyperparameter optimization across all experimental configu-
rations. Techniques such as grid search and random search were employed to identify
the optimal settings that maximized model performance. This rigorous process in-
volved testing over 2000 experimental arrangements to assess the impact of various
hyperparameters on the model’s predictive performance. Given that this project in-
volves a classification task, our optimization approach targeted maximizing accuracy
with a discrete categorical outcome.

Hyperparameter optimization was conducted in two stages:

(a) Basic Network Optimization (BNO): In this stage, fundamental hyperparam-
eters were tuned. Basic parameters included those essential for defining the
model structure and training behavior, such as batch size, number of epochs,
neuron count, and maximum input length. Optimizing these foundational
parameters ensures the network’s structural integrity, as these values have a
direct impact on the model’s convergence and generalization ability.

(b) Advanced Network Optimization (ANO): In this second stage, additional more
subtle parameters were analyzed to further refine the model’s performance.
These advanced features included weight initialization techniques, batch nor-
malization, and varying the model architecture. By examining these parame-
ters, we aimed to improve training stability and potentially speed up conver-
gence. Each advanced feature’s impact was tested across diverse datasets to
assess its effect on the network’s performance under varying data conditions.

Evaluation Metrics. Model performance was assessed using standard metrics relevant
to prediction accuracy, including;:

*  Mean Absolute Error (MAE): Used to capture the average deviation between
predicted and actual arrival times.

¢ Root Mean Squared Error (RMSE): Used to penalize larger errors more heavily,
offering insight into significant deviations.

*  Accuracy: Used for overall model efficacy, particularly in binary classification
(on-time vs. delayed).
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Employing these metrics ensures a comprehensive evaluation of each model’s effec-
tiveness in capturing arrival delays.

5. Experimental Setup. All models were implemented using Python and TensorFlow,
with experiments conducted on a machine equipped with high-performance GPUs to
support deep learning training. A consistent experimental environment was main-
tained across all models to allow for fair and accurate comparisons.

This methodology establishes a framework for evaluating the predictive capabilities
of MLP, RNN, and CNN models, and the results demonstrate which architecture is most
effective for forecasting truck delays in a cross-docking context. The insights gained from
this study aim to offer actionable intelligence for logistics operators, facilitating proactive
management of cross-dock operations amid unpredictable arrival schedules.

3. Model Architecture and Experimental Configurations

This section describes the model architectures and configurations designed for pre-
dicting late truck arrivals. Our objective is to identify a robust and adaptable configuration
of deep learning algorithms that achieves stable and reliable results across varied datasets.
We first provide an overview of the three key processing units within the predictive system,
followed by details of each experimental configuration involving the MLP, RNN, and
CNN architectures.

The system architecture for predicting late truck arrivals at cross-docking facilities is
organized into a multistage process, with each component tailored to ensure efficient data
handling, model training, and outcome generation. This architecture is divided into three
main units:

e  Input Preprocessing Unit

*  Main Processing Unit
¢ Output Processing Unit

Each unit plays a specific role within the prediction system, transforming raw data
into actionable insights for logistics operators. The overall system is presented in Figure 2,
reflecting the use of MLP model; the architectures of the CNN and RNN models are
presented in Figure 3.

Multiple Hidden Layers

Metadata Late Arrival Prediction

Truckld, Driverld, Weather
Conditions, Route, Days o I
the week, Holiday, Arrival
time and Distance.

Yes or No
based on Actual Time
of Arrival Predicted

Figure 2. General representation of the system with MLP.



Stats 2025, 8,9

6 of 20

i MEMORY CELLS

{ OUTPUT

INPUT | . OUTPUT i
taver | HIDDEN LAYERS | ) jyep LAER ;  HIDDEN LAYERS ' ravER
Recurrent Neural Network Convolutional Neural Network

Figure 3. General representation of the RNN and CNN model architectures.

3.1. Input Preprocessing Unit

This unit begins with synthetic data generation, given the absence of real-world
datasets; the generated dataset includes variables such as historical arrival times, traffic con-
ditions, weather data, and time-based patterns. Each data point undergoes preprocessing,
which involves several critical steps.

First, to normalize the range of variables and prevent features with larger scales from
disproportionately impacting model performance, features are scaled to a common range,
such as [0, 1]. This can be achieved using Min—-Max Scaling, mathematically defined as

X X —min(X)
scaled ™ max(X) — min(X)’

where X represents the feature vector, min(X) is the minimum value, and max(X) is the
maximum value of X.

Where data points are incomplete (e.g., missing traffic or weather data), values are
imputed using statistical or synthetic methods. A common method is mean imputation.

% X; if X; is observed
imputed = "X
et L X g X; is missing

Given the sequential nature of time series data, particularly for models such as RNNS,
the data points are organized chronologically, letting {x;}_; represent a sequence of input
features over time t. This enables the models to learn temporal dependencies crucial for

accurate predictions.

3.2. Main Processing Unit

This is the core unit where predictive modeling occurs. We tested three primary deep
learning architectures.

MLP captures general patterns without accounting for temporal dependencies. The
mathematical representation of an MLP with one hidden layer is

h = oc(Wix+by), 7 = Wyh + by,
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where x is the input vector, W1, W, are weight matrices, by, b, are biases, and ¢ is an
activation function (e.g., ReLU or sigmoid).

Given the time-sequential nature of truck arrival data, RNN models (especially LSTM
models) capture time-dependent trends and patterns. An RNN updates its hidden state h;
as follows:

h; = c(Wyh;_1 + Wix; +b).

For LSTM muodels, the cell state ¢; and hidden state h; are updated using gating mech-
anisms:
f; = O'(Wf[htfl, Xt} + bf)’ i = O-(Wi[htflr Xt] + bl)

¢=fiO0qg_1+i; O tanh(Wc [ht_l,xt] + bc), h =0; 0 tanh(ct)

where f;, i, 0; are the forget, input, and output gates, respectively.
Known for their feature extraction capabilities, CNNs are used to capture localized
patterns. For time series data, a 1D convolution is applied:

K
ht:0'<2WkXt+k+b>
k=1

where K is the kernel size, wy, are filter weights, and b is the bias term.

Hyperparameters such as the learning rate (x), number of layers (L), and number of
units (U) are systematically tuned. For instance, optimizing a might involve minimizing
the loss L using gradient descent:

0+ 60— aVylL.

3.3. Output Processing Unit

This final unit transforms model outputs into meaningful predictions for logistics operators.
The output from the deep learning models is a continuous score p, representing the
probability of delay. For binary classification, a threshold 7 is applied.

Delayed ifp>Tt

d =
Ypre On-Time ifp<Tt

Additional metrics are generated as well, such as confidence intervals and predictions
over time; for instance, the confidence score can be expressed as

Confidence = |p — 1|.

These insights allow for real-time adjustments to schedules, resource allocation, and
operational strategies.

Experimental Configuration

*  Experimental Configuration I: Our first configuration utilizes the Multilayer Percep-
tron (MLP), a feedforward neural network. The MLP is structured with three layers,
namely, input, hidden, and output, where each neuron in the hidden layer aids in
classification tasks. We leverage MLP’s strength in handling random variables and
categorizing complex inputs to examine its effectiveness in predicting late arrivals.

¢  Experimental Configuration II: In this setup, we apply Recurrent Neural Networks
(RNN’s) capable of sequentially processing data and retaining “memory” of previous
states. Given the sequential nature of truck arrival times, RNNs, particularly their
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Vanilla and LSTM variants, are explored to analyze their ability to capture time-
dependent patterns in arrival data.

*  Experimental Configuration III: The final configuration employs Convolutional Neu-
ral Networks (CNNs). Known for their efficiency in minimal preprocessing and
spatial pattern recognition, CNNs provide a robust option for handling diverse data
inputs. We evaluated CNNs on their ability to recognize relevant patterns that could
contribute to predicting truck arrival delays.

3.4. Data Synthesis for Experimentation

The prediction of truck arrival times at cross-docking facilities is critical for optimizing
logistics operations and enhancing supply chain efficiency. However, the lack of available
real-world data poses significant challenges in developing robust predictive models. To
address this gap, we employed a data synthesis approach that enabled the generation of a
realistic dataset capturing various factors influencing truck arrival times.

Data synthesis involves creating a dataset that mimics the characteristics and distribu-
tions of real-world data to enable the training and validation of predictive models even in
the absence of historical data. Our synthesis process comprised the following steps:

* Defining Key Variables. To effectively simulate truck arrival times, we identified
the key variables that are known to influence delivery performance, as presented in
Table 1.

Table 1. Key Variables and Description for the Dataset.

Variable Description
Departure Time The timestamp when the truck leaves its origin.
. The total distance (in miles) from the origin to the
Distance T . .
destination, impacting travel time.
Average Speed The speed of the truck during transit, influenced by

traffic conditions and road types.

Variations in traffic density (e.g., Light, Moderate,

Traffic Conditions Heavy) affecting travel speed.

External environmental factors (e.g., Clear, Rain, Snow)

Weather Conditions influencing driving conditions and speed.

Different traffic patterns associated with morning,

Ti fD .
mme otay afternoon, and evening hours.

Attributes of the route, such as urban versus rural

R h .
oute Characteristics areas, and the number of stops along the way.

¢  Generating Synthetic Data. The synthetic dataset was generated using a Python-
based simulation approach. We designed a program to create data points based on
random selections and distributions for each variable. The following considerations
were taken into account during the simulation:

- Distances were randomly generated within a specified range (e.g., 10 to 500 miles)
to reflect typical logistics operations.

— A baseline average speed of 60 mph was established, with adjustments made
based on traffic and weather conditions; for instance, under heavy traffic, the
speed was reduced by 50%, while adverse weather conditions further decreased
speed by 15-40%.

—  The travel time was computed as the ratio of distance to adjusted speed, resulting
in realistic transit times.



Stats 2025, 8,9

9 of 20

- Departure times were randomized within a 30-day window, and arrival times
were calculated by adding the travel time to the departure time.

Throughout optimization, we tracked the highest scores of validation loss and accuracy
for evaluation purposes. Cross-entropy was used as the primary loss function, and accuracy
served as the principal performance metric. For model implementation, Keras version
2.15.0 was employed, with layer structures configured to ensure modular, adaptable design.
Sigmoid layers were used for binary classification, while softmax layers were used to
address multiclass problems. Additionally, we applied an early stopping mechanism to
terminate training if the validation accuracy and loss showed no improvement over five
consecutive epochs, thereby preventing overfitting and unnecessary iterations.

3.5. Performance Measure Analysis

Upon data preparation and model configuration, we analyzed algorithmic perfor-
mance through network optimization. This analysis was split into two phases:

*  Basic Parameter Variation: We first tested the effect of basic hyperparameters, includ-
ing the number of epochs, dropout rate, and batch size. Adjustments were made
systematically to identify the configuration yielding the highest prediction accuracy
and stability. Fine-tuning these parameters allowed for baseline performance insights
before adding complexity with advanced features.

*  Advanced Feature Variation: Following basic optimization, we introduced advanced
network features such as weight initialization methods, batch normalization, and model
variants in order to evaluate their impact on model accuracy and robustness. These refine-
ments allowed us to assess the model’s responsiveness to deeper architectural changes.

For more robust accuracy, instead of a fixed 80-20 training—testing split, we imple-
mented k-fold cross-validation using the scikit-learn library. This method shuffles the
dataset and splits it into k sections, allowing each subset to serve as both training and testing
data across multiple iterations. This process reduces variability, offers insights into model
consistency, and helps to normalize outliers by calculating an averaged final accuracy score.
Tolerance levels for accuracy deviation across iterations were also evaluated, allowing us to
gauge the model’s performance range against specific hyperparameter settings.

4. Model Evaluation and Results

We conducted simulation studies using Python 3.13.1 in the Google Colab environment.
Several key libraries were utilized to perform data analysis, modeling, and computational
tasks, including NumPy 2.2.0, SciPy 1.15.1, Pandas 2.2.3, Matplotlib 3.9.0, and TensorFlow 2.
Google Colab offers a cloud-based platform that provided the necessary computational
resources and flexibility for executing our simulations. To evaluate the predictive model’s
effectiveness on late truck arrivals, we conducted extensive experiments using synthetic
and real-world datasets. To ensure balanced performance in classification, the model’s
predictive power was assessed based on key metrics, including accuracy, precision, recall,
and F1 score.

Further, we conducted case studies with real-world cross-docking data to assess the
model’s applicability and robustness in realistic settings. This setup included nine key
hyperparameters across three experimental configurations. A summary of the results is
provided in Table 2. The influence of each hyperparameter, categorized as either advanced
or medium impact, is detailed in the following sections, providing insights into how each
parameter choice affects overall model performance.
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Table 2. Classification report for the initial model.
Class Precision Recall F1-Score Support

0 0.97 0.78 0.86 153
1 0.08 0.43 0.14 7

Accuracy 0.76 160

Macro Average 0.52 0.60 0.50 160

Weighted Average 0.93 0.76 0.83 160

We evaluated the model’s performance before and after implementing various im-
provements, such as handling class imbalances and performing hyperparameter optimiza-
tion. The results are presented below.

4.1. Experimental Configuration I: Initial Results

The initial model was trained without addressing the class imbalance or performing
hyperparameter tuning. The results are presented in Table 2.

The initial configuration of the model was evaluated using a dataset with class im-
balance, as indicated by the distribution of 153 samples for class 0 (no delay) and only
seven samples for class 1 (delay). The model was trained without addressing this imbalance
or optimizing hyperparameters. The results are summarized in the classification report and
confusion matrix in Table 3.

Table 3. Confusion matrix for MLP.

Predicted: On-Time (0) Predicted: Late (1)
Actual: On-Time (0) 119 34
Actual: Late (1) 4 3

The model achieved a high precision of 0.97 and a recall of 0.78 for class 0, resulting in
an Fl-score of 0.86. These metrics indicate that the model performed well in identifying
instances where there was no delay, correctly classifying 119 out of 153 samples. However,
the false negative rate (34 misclassified instances) suggests room for improvement in iden-
tifying all non-delay cases. The model’s performance for class 1 (delay) was significantly
weaker, with a precision of only 0.08 and a recall of 0.43, leading to a very low Fl-score of
0.14. This indicates that while the model identified some delay instances, it struggled with
precision, meaning that most of the predictions for delays were incorrect. The confusion
matrix reveals that only three out of seven delay cases were correctly classified, with four
instances being misclassified as no delay.

The overall accuracy of 76% is heavily influenced by the model’s strong performance
for the majority class (class 0). The macro-average precision (0.52), recall (0.60), and F1-
score (0.50) highlight the disparity in performance between the two classes, while the
weighted averages are skewed toward the majority class due to its larger support. The
results underscore the significant impact of class imbalance on model performance. With
only 4.4% of the dataset representing class 1 (delay), the model was biased toward the
majority class (class 0). This bias is evident in the high precision and recall for class 0,
contrasted with the poor metrics for class 1.

The confusion matrix reveals a total of 119 true positives for class 0 and three true
positives for class 1. However, the high number of false negatives for class 1 and the pres-
ence of 34 false positives for class 0 indicate a need for better differentiation between the
two classes. The absence of hyperparameter optimization likely contributed to the sub-
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optimal model performance, particularly for the minority class. Factors such as learning
rate, class weighting, and architecture-specific parameters (e.g., number of layers or units)
may need adjustment to improve recall and precision for class 1. The low precision and
relatively higher recall for class 1 suggest that the model tended to overpredict delays,
leading to many false positives. This tradeoff between precision and recall highlights the
need for targeted strategies to improve balance.

4.2. Improvement Steps and Results

The results indicate that the initial model is not yet suitable for real-world deployment,
as it fails to reliably identify delay instances. To address these limitations, techniques such
as oversampling (e.g., SMOTE), undersampling, or class weighting should be employed to
balance the dataset and improve performance for the minority class. Systematic optimiza-
tion of hyperparameters, including learning rate, class weighting, and model architecture
parameters, is necessary to enhance both precision and recall for class 1. Incorporating
modeling approaches such as ensemble methods or leveraging attention mechanisms in
recurrent networks may help to more effectively capture patterns in the minority class. Fo-
cusing on metrics such as recall and F1-score for class 1, rather than on accuracy alone, will
provide a better understanding of the model’s effectiveness in handling the minority class.
Generating synthetic delay cases using data augmentation methods could help to increase
the representation of class 1, providing the model with more examples to learn from.

By addressing these challenges, subsequent experiments can aim to achieve more
balanced and reliable performance across both classes, ensuring that the model is robust
enough for practical applications in logistics operations. To improve the model’s perfor-
mance, the following techniques were applied:

¢ The Synthetic Minority Oversampling Technique (SMOTE) was used to address class
imbalance by oversampling the minority class (delay).

*  Hyperparameter optimization, including grid search, as used to tune the learning rate,
batch size, and number of hidden units.

* C(lass weights were incorporated to assign more importance to the minority class
during model training.

After applying the above techniques, the classification report and confusion matrix
obtained for the improved model are shown in Tables 4 and 5.

Table 4. Performance metrics for the improved MLP.

Class Precision Recall F1-Score Support
0 0.97 0.88 0.92 153
1 0.77 0.71 0.74 7
Accuracy 0.93 160
Macro Average 0.87 0.80 0.83 160
Weighted Average 0.93 0.93 0.93 160

Table 5. Confusion matrix for the improved MLP.

Predicted: On-Time (0) Predicted: Late (1)
Actual: On-Time (0) 135 18
Actual: Late (1) 2 5

The improvements show a significant increase in precision and recall for class 1 (delay),
with an increase in overall accuracy to 93%, reflecting better model performance.
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Table 6 compares the key metrics of the initial and improved models to highlight the
impact of the optimizations.

Table 6. Comparison of model performance before and after optimization.

Metric Initial Model Improved Model
Precision (Class 0) 0.97 0.97
Recall (Class 0) 0.78 0.88
Precision (Class 1) 0.08 0.77
Recall (Class 1) 0.43 0.71
Accuracy 0.76 0.93

The comparison of model performance before and after optimization highlights sub-
stantial improvements, particularly for the minority class (class 1, delay). Precision for class
1 increased from 0.08 to 0.77 and recall rose from 0.43 to 0.71, demonstrating a dramatic
enhancement in the model’s ability to correctly identify delays while minimizing false
positives. Class 0 also saw an improvement in recall, increasing from 0.78 to 0.88 while
maintaining the already high precision of 0.97. These changes contributed to a significant
increase in overall accuracy, from 76% to 93%.

These results underscore the effectiveness of addressing class imbalance, optimizing
hyperparameters, and leveraging advanced techniques. These adjustments not only im-
proved the detection of delays but also enhanced the model’s generalization, making it
more reliable for real-world logistics applications. These improvements demonstrate the
positive impact of addressing class imbalance and tuning the model’s hyperparameters.

4.3. Experimental Configuration II: Initial Results

In this section, we present the results obtained from implementing a Recurrent Neural
Network (RNN) model for predicting truck arrival delays, specifically, for classifying the
delays into binary categories of “on-time” (0) and “late” (1). The model was evaluated
using the metrics of accuracy, precision, recall, F1-score, confusion matrix, and area under
the curve (AUC) score to assess its performance on a highly imbalanced dataset.

The RNN model was trained for 50 epochs and the performance on the test set was
evaluated. The final training accuracy achieved was 93.27%, while the validation accuracy
was 98.50%. This indicates a significant improvement in the model’s ability to generalize
from the training data to unseen data. The validation loss decreased substantially over the
epochs, which indicates that the model converged effectively during training.

The classification report shown in Table 7, provides detailed insights into the model’s
performance for each class (on-time and late arrivals).

Table 7. Classification report metrics.

Class Precision Recall F1-Score Support
0 0.25 1.00 0.40 1
1 1.00 0.98 0.99 199
Accuracy 0.98 200
Macro Avg 0.62 0.99 0.70 200
Weighted Avg 1.00 0.98 0.99 200

The precision for class 1 (late arrivals) is 1.00, meaning that whenever the model
predicted a truck as late, it was always correct. This indicates high confidence in classifying
late arrivals. The recall for class 1 is 0.98, meaning that the model correctly identified 98%
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of the actual late arrivals. This is an excellent result, although there is still a small number
of false negatives. The precision for class 0 (on-time arrivals) is 0.25, which is relatively
low. This indicates that when the model predicts a truck as on-time, only 25% of these
predictions are correct. The low precision is likely due to the class imbalance, where the
model is biased toward predicting class 1 (late arrivals).

The recall for class 0 is 1.00, meaning that the model correctly identified all actual
on-time arrivals. However, the model’s overprediction of class 1 means that the high
recall for class 0 comes at the cost of low precision. The macro average precision, recall,
and F1-score are computed across both classes, which balances the results for imbalanced
classes. The macro average recall is 0.99, reflecting the model’s ability to correctly classify
most instances. The macro average Fl-score of 0.70 is moderate, as it is affected by the
imbalanced dataset and the low precision for class 0.

The weighted average of the metrics provides a more realistic evaluation of the model’s
overall performance accounting for the class distribution. The weighted precision and
F1-score are both very high (1.00 and 0.99, respectively), suggesting that on average the
model performs very well, particularly on the majority class (late arrivals).

The confusion matrix for the RNN model is shown in Table 8.

Table 8. Confusion matrix for RNN.

Predicted: On-Time (0) Predicted: Late (1)
Actual: On-Time (0) 1 0
Actual: Late (1) 3 196

The confusion matrix indicates the performance of a binary classification model in
predicting on-time (class 0) and late (class 1) arrivals. The matrix shows that the model
correctly predicted 196 instances of late arrivals (true positives), and made only one error by
predicting a late arrival as on-time (false negative). Additionally, the model misclassified
three on-time arrivals as late (false positives). Notably, there were no true negatives,
meaning the model did not correctly identify any on-time arrivals as class 0. This suggests
that the model is highly biased toward predicting class 1 (late), achieving strong recall for
late arrivals but struggling with precision for on-time arrivals.

The confusion matrix reveals that while the model performs extremely well in iden-
tifying late arrivals, it has a significant bias toward predicting late arrivals, resulting in a
high number of false positives for the on-time class.

4.4. Improvement Steps and Results

The ROC AUC score for the RNN model is 0.99, which suggests that the model is
excellent at distinguishing between the two classes. An ROC AUC score of 1.0 would
indicate perfect classification, while a score of 0.5 would indicate random guessing. The
precision-recall AUC score is 0.99997, indicating that the model has an almost perfect
precision—recall curve. This is particularly useful for evaluating imbalanced datasets, where
the minority class (late arrivals) is of more importance. A high precision-recall AUC
score indicates that the model is performing very well in identifying late arrivals without
generating too many false positives.

While the RNN model performed exceptionally well in detecting late arrivals (class 1),
with high precision and recall, the results also highlight some key challenges. The model
shows a strong bias toward predicting late arrivals, likely due to the imbalanced nature of
the dataset, where class 1 (late arrival) is more prevalent than class 0 (on-time arrival). This
is reflected in the poor precision for class 0, which indicates that the model’s predictions
for on-time arrivals are less reliable. The model’s focus on correctly identifying class 1 can
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be addressed by adjusting the classification threshold, potentially improving the precision
of class 0 without severely affecting the recall for class 1. To further improve the model’s
performance for on-time arrivals, the following techniques were applied:

*  Synthetic Minority Over-sampling Technique (SMOTE) for balancing the classes.

*  Class weight adjustment during training to penalize the model more for misclassify-
ing class 0.

e Threshold tuning to modify the decision boundary between class 0 and class 1.

The optimized RNN model demonstrated notable improvements over its initial per-
formance as can be seen in Table 9. The precision for class 1 (delay) increased to 0.80,
with recall reaching 0.75, resulting in an Fl-score of 0.77. These metrics reflect the model’s
enhanced ability to correctly identify and predict delays while reducing false positives.
Class 0 (no delay) maintained high precision (0.95) and saw an improvement in recall (0.90),
resulting in an F1-score of 0.92.

Table 9. Performance metrics for the improved RNN model.

Class Precision Recall F1-Score Support
0 0.95 0.90 0.92 153
1 0.80 0.75 0.77 7
Accuracy 0.92 160
Macro Avg 0.88 0.83 0.85 160
Weighted Avg 0.93 0.92 0.92 160

The confusion matrix for the improved RNN is presented in Table 10.

Table 10. Confusion matrix for the improved RNN.

Predicted: On-Time (0) Predicted: Late (1)
Actual: On-Time (0) 138 15
Actual: Late (1) 2 5

The overall accuracy rose to 92% and the macro average Fl-score increased to 0.85,
reflecting a better balance between the two classes. These improvements highlight the
effectiveness of addressing class imbalance, optimizing hyperparameters, and leveraging
the ability of RNNs to capture temporal dependencies in time series data. The model’s
enhanced ability to generalize makes it more reliable for real-world logistics applications,
particularly for scenarios requiring predictions over sequential data.

The confusion matrix shows that the optimized RNN model correctly identified
138 on-time arrivals (true negatives) and five late arrivals (true positives). It misclassified
fifteen on-time arrivals as late (false positives) and two late arrivals as on-time (false
negatives). These results demonstrate significant improvement compared to the initial
model, especially in its ability to correctly classify instances of delays (class 1). The reduction
in false negatives (from four to two) and the overall balance between precision and recall
reflect the effectiveness of the optimization techniques and the RNN's ability to leverage
temporal patterns in the data.

4.5. Experimental Configuration III: Model Initial Results

The performance of the Convolutional Neural Network (CNN) model was evaluated
for classifying delayed and on-time trips. The optimized model demonstrated excellent
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predictive capabilities, achieving a test set accuracy of 100%. Below, we present the detailed
performance metrics, confusion matrix, and a discussion of the improvements.
The CNN model achieved the specific performance metrics presented in Table 11.

Table 11. Performance metrics for the improved CNN model.

Class Precision Recall F1-Score Support
0 (On-Time) 1.00 1.00 1.00 206
1 (Delayed) 1.00 0.99 1.00 192
Accuracy 1.00 (398)
Macro Avg 1.00 1.00 1.00 398
Weighted Avg 1.00 1.00 1.00 398

The confusion matrix for the CNN model is presented in Table 12.

Table 12. Confusion metrics for the improved CNN model.

Predicted: On-Time (0) Predicted: Delayed (1)
Actual: On-Time (0) 206 0
Actual: Delayed (1) 1 191

4.6. Improvement Steps and Results
The following optimizations were applied to achieve these results:

e Additional preprocessing techniques were applied to enhance the quality of the input
data. Features relevant to traffic patterns, weather, and temporal dependencies were
further refined.

*  Systematic optimization of hyperparameters, including the learning rate, filter sizes,
kernel numbers, and layer configurations, ensured better feature extraction and classi-
fication accuracy.

e Dropout layers and L2 regularization were introduced to prevent overfitting while
maintaining generalization performance.

e  Even though the dataset showed a relatively balanced class distribution, weighted
loss functions were used to ensure fair performance for both classes.

e The CNN architecture was adjusted to include deeper layers and more filters in order
to capture complex spatial-temporal patterns in the dataset.

The optimized CNN model demonstrated nearly perfect performance, with precision,
recall, and F1-scores of 1.00 across both classes except for a recall of 0.99 for the delay
class (class 1). The model correctly classified 206 on-time trips and 191 delayed trips, with
only one misclassification for the delayed class. The ROC AUC and precision-recall AUC
scores of 1.0 further validate the model’s ability to distinguish between the two classes with
minimal errors.

This performance highlights the CNN’s strength in capturing localized and structural
patterns in the dataset. Its advanced feature extraction capabilities enabled it to identify
subtle differences between on-time and delayed trips, leading to its outstanding results.
These outcomes suggest that the CNN model is highly reliable for deployment in real-world
logistics scenarios, where accurate and timely predictions are critical.
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4.7. Model Evaluation Summary

*  The CNN model achieved outstanding classification results, with perfect precision,
recall, and F1-scores for both classes.

*  The accuracy of the model on the test set was 100%, indicating that the model was
able to correctly classify all instances in the test set.

¢  The confusion matrix and AUC scores further confirm the model’s robustness, with
no significant misclassifications.

While the CNN model exhibited exceptional performance on this dataset, further
validation with cross-validation techniques and testing on additional unseen data is recom-
mended to ensure its generalizability and guard against potential overfitting. A model’s
ability to generalize well to new data is crucial for real-world applications where data
distributions may vary.

In conclusion, the CNN model demonstrates excellent classification accuracy for the
task of predicting delayed and on-time trips. The results indicate that the model is highly
effective in distinguishing between the two classes, as evidenced by the classification
metrics, confusion matrix, and AUC scores. Further work can focus on model optimization
and testing on larger datasets to assess its scalability and real-world performance.

To assesss the performance of the MLP, RNN, and CNN machine learning models
in predicting the delay or on-time status of trips, we examine the comparative results
of each model below, analyzing their strengths and weaknesses, then suggest potential
avenues for further improvement. A summary is presented in Figure 4. The Multilayer
Perceptron (MLP), Recurrent Neural Network (RNN), and Convolutional Neural Network
(CNN) models were evaluated on the same dataset, which consisted of features such as trip
distance, traffic conditions, weather, and time of day. The goal was to predict whether the
trip would be delayed or on-time. The results for each model are summarized in Table 13.

Performance Comparison

ROC AUC

Recall (Class 1)

F1 Score (Class 1)

Precision (Class 0)

Accuracy

mCNN mRNN mMLP

Figure 4. Performance comparison of the MLP, RNN, and CNN models.
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Table 13. Comparison of model performance on the test dataset.

Precision Recall F1-Score
Model Accuracy (Class 0) (Class 1) (Class 1) ROC AUC
MLP 0.95 0.94 0.97 0.95 0.98
RNN 0.98 0.98 0.99 0.99 0.99
CNN 1.00 1.00 0.99 1.00 1.00

From Table 13, we can observe that:

¢  The MLP model achieved high accuracy and good precision and recall values, but did
not reach the performance level of the RNN and CNN models.

*  The RNN model demonstrated excellent performance, with high precision and recall
for both classes, although it did not match the CNN model’s perfect accuracy.

*  The CNN model outperformed the others, achieving a perfect accuracy of 100%. This
was largely due to its ability to capture complex spatial dependencies in the data,
which proved beneficial for the classification task.

The CNN model achieved 100% accuracy, which is an impressive result; however, it is
important to note that the dataset was imbalanced in terms of the class distribution, as the
delayed trips were fewer in number. Therefore, while the CNN model was able to correctly
classify the instances, it may have overfitted to the limited examples of delayed trips. This
is supported by the fact that the recall for class 1 (delayed) was 0.99, which means that only
a single instance out of 199 delayed trips was misclassified.

On the other hand, the RNN model showed slightly lower performance, but still
achieved impressive results. RNNs are typically well-suited for sequential data and can
learn patterns over time, which could be beneficial in scenarios where the temporal rela-
tionship between trips matters (e.g., time of day, date, etc.).

The MLP model, while performing reasonably well, struggled to achieve the same level
of accuracy as the RNN and CNN models. This could be due to the lack of inherent temporal
or spatial feature extraction respectively provided by the RNN and CNN architectures.he
MLP, as a fully connected feed-forward network, might not be as effective in handling the
complex interactions between features.

We can visualize the ROC and precision—recall curves in order to better understand
how each model performs across different thresholds. Figures 4 and 5 present these curves
for each model.

From the ROC and precision-recall curves, we can further confirm that the CNN
model has the highest AUC scores, indicating its superior ability to distinguish between
the two classes. The RNN model also demonstrates strong performance, especially in terms
of recall for class 1 (delayed), while the MLP model has the lowest AUC scores.

While the CNN model achieved perfect accuracy on the test set, it is important
to consider the possibility of overfitting, particularly in cases where the model per-
forms significantly better on the training data compared to the test data. Although no
overfitting was observed during training, we recommend evaluating the model using
cross-validation on a larger and more diverse dataset in order to assess its robustness
and generalization capabilities.

The RNN and MLP models, while not achieving perfect accuracy, demonstrated better
generalization ability on unseen data compared to the CNN model. This suggests that
despite slightly lower accuracy, these models may be less prone to overfitting and could
perform better in real-world scenarios where unseen data might introduce more complexity.
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Figure 5. Training and validation loss and accuracy for the MLP, RNN, and CNN models.

4.8. Conclusions and Future Work

In conclusion, the CNN model emerged as the most effective among the tested ar-
chitectures, excelling across all evaluation metrics, including accuracy, precision, recall,
and Fl-score. Its ability to classify delayed and on-time trips with near-perfect accuracy
highlights its potential for real-world applications. However, it is crucial to ensure that
the model’s exceptional performance is not influenced by overfitting, which could limit
its generalizability when applied to unseen data. To address this, further validation using
independent datasets with diverse characteristics is necessary. The RNN model, while
slightly less accurate overall, displayed remarkable promise, particularly in its recall for
delayed trips. This suggests that it successfully captures the sequential dependencies inher-
ent in the problem. Future work could focus on refining the RNN model by incorporating
more sophisticated techniques for temporal dependency modeling and experimenting
with additional features. The MLP model, though relatively less effective in comparison,
provided meaningful insights and could be optimized further through hyperparameter
tuning and architectural adjustments.

Looking ahead, several avenues can be explored to enhance the studied models and
their applicability. Advanced feature engineering is one promising direction, which would
allow external factors such as weather conditions, real-time traffic data, and driver behavior
patterns to be integrated into the dataset. These additional variables could provide richer
contextual information, enabling the models to make more informed predictions. Moreover,
addressing the issue of class imbalance is critical for ensuring robust performance. Models
should be tested on datasets that are more balanced in terms of the proportion of delayed
and on-time trips. Techniques such as oversampling, synthetic data generation, or class-
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weighted loss functions can help to mitigate the challenges posed by imbalanced data,
ensuring that models are capable of generalizing effectively across all scenarios.

Another exciting avenue for exploration involves developing hybrid architectures that
combine the strengths of different models. For instance, a hybrid model integrating CNN
and RNN components could capture both spatial and temporal features more effectively,
leveraging the CNN’s ability to extract spatial patterns and the RNN’s strength in handling
sequential dependencies. Additionally, the MLP could be incorporated to process non-
sequential features, creating a comprehensive architecture capable of addressing various
aspects of the problem.

Beyond model development, translating these findings into real-world applications
poses another set of challenges and opportunities. The integration of these predictive
models into operational systems such as traffic management platforms or cross-docking
scheduling software requires rigorous testing in live environments. Factors such as scalabil-
ity, computational efficiency, and robustness under varying conditions must be evaluated
thoroughly. Real-world deployment also opens up possibilities for incorporating feed-
back mechanisms, through which the model can continuously learn and adapt based on
real-time data.

Ultimately, the long-term goal is to create predictive systems that not only optimize
scheduling and resource allocation at cross-docking facilities but also contribute to broader
supply chain efficiency. By addressing the challenges of truck arrival prediction through
innovative modeling approaches, this research lays the groundwork for more reliable,
adaptable, and efficient logistics solutions.
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