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ABSTRACT  
Accurate prediction of delivery delays is critical for efficient logistics management, especially in environments influenced by dynamic external 
factors such as weather and operational variability. This work proposes a set of hybrid deep learning architectures that integrate Long Short-
Term Memory (LSTM) networks with complementary models including multilayer perceptrons and convolutional layers to capture both 
temporal dependencies and feature-level interactions. 
The models are evaluated on a real-world logistics dataset incorporating weather and operational attributes. In addition to hybrid architectures, 
strong machine learning baselines such as Random Forest and XGBoost are included to provide a comprehensive comparison. Experimental 
results indicate that while XGBoost achieves the highest overall prediction accuracy, the proposed RF–LSTM hybrid model consistently 
outperforms other deep learning variants. 
Cross-validation results demonstrate stable performance (R² = 0.895 ± 0.003), confirming the robustness of the proposed approach. The study 
highlights the effectiveness of hybrid architectures for modeling complex logistics systems while also identifying challenges such as class 
imbalance in risk prediction. 
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INTRODUCTION  
Modern supply chains have become increasingly complex due to 
the growth of global trade and e-commerce. Delivery timelines are 
influenced by multiple interconnected factors such as traffic 
conditions, weather variability, warehouse operations, and 
supplier reliability, making delay prediction a challenging task. 
Traditional machine learning models provide limited capability in 
capturing non-linear and temporal dependencies present in 
logistics data. Deep learning approaches, particularly Long Short-
Term Memory (LSTM) networks, are wellsuited for modeling 
sequential patterns, while Convolutional Neural Networks 
(CNNs) can extract meaningful feature representations from 
structured inputs. Hybrid architectures that combine these 
techniques offer a promising solution for capturing both temporal 
and contextual relationships. The main contributions of this work 
are: 
• Development of hybrid LSTM-based models for 
delivery delay prediction 
• Integration of feature-level learning with temporal 
modeling 
• Comparative evaluation with strong machine learning 
baselines 
• Risk-aware interpretation of prediction outcomes 

This study focuses on systematically evaluating hybrid LSTM 
architectures to understand their effectiveness in modeling 
complex logistics systems under consistent experimental 
conditions. 
 
LITERATURE SURVEY 
The growing complexity of modern supply chains has increased 
interest in applying artificial intelligence for logistics prediction. 
Delivery delay forecasting remains challenging due to dynamic 
factors such as traffic conditions and environmental variability. 
Early approaches relied on classical machine learning models, 
including linear regression, decision trees, and random forests [1]. 
With the advancement of deep learning, Artificial Neural 
Networks (ANNs) demonstrated improved capability in modeling 
non-linear relationships [2]. 
Recurrent Neural Networks (RNNs), particularly LSTM, have 
been widely used for time-series forecasting due to their ability to 
capture temporal dependencies [3], [4]. Similarly, CNNs have 
been adapted for structured data to extract local feature patterns 
[5]. 
Hybrid CNN–LSTM models combine these strengths and have 
shown improved performance in traffic and demand prediction 
tasks [6], [7], [11]. Deep learning approaches have also been 
applied to supply chain forecasting with promising results [10], 
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while recent studies highlight the growing role of AI in logistics 
optimization [12]. 
However, limited work has systematically compared multiple 
hybrid architectures within a unified framework for both 
regression and classification tasks. This study addresses this gap 
by evaluating hybrid LSTM-based models under consistent 
experimental conditions. 
 
DATASET DESCRIPTION AND PREPROCESSING 
A. Dataset Overview 
The experiments use a publicly available logistics dataset 
capturing interactions between weather conditions and delivery 
operations. It includes 26 features representing transportation, 
operational, and environmental factors. The dataset supports two 
tasks: delivery time deviation prediction (regression) and 
operational risk classification into Low, Moderate, and High 
categories. 
B. Feature Description 
The input features capture multiple aspects of logistics operations, 
including mobility (vehicle movement and fuel usage), operational 
processes (inventory levels, loading time, order fulfillment), and 
environmental conditions (rainfall, wind speed, humidity, and 
weather alerts). Additional attributes such as supplier reliability, 
lead time, and historical trends provide insights into upstream 
dependencies. 
C. Target Variables 
Delivery time deviation is defined as the difference between actual 
and expected delivery time: 
 ∆T = Tactual − Texpected (1) 
In addition to regression, the problem is formulated as a 
classification task where operational risk is categorized into three 
levels: Low, Moderate, and High. These categories provide an 
interpretable representation of delivery uncertainty and system 
reliability. 
D. Preprocessing and Data Preparation 
All numerical features are standardized using z-score 
normalization to ensure stable training and improved convergence: 

              (2) 
The dataset is initially divided into training and testing subsets 
using an 80–20 split ratio. To further ensure robustness, a 5-fold 
cross-validation strategy is applied during model evaluation. 
To make the data compatible with LSTM-based architectures, the 
input features are reshaped into a three-dimensional tensor format: 
 (samples,1,features) (3) 
This representation enables the model to capture sequential 
dependencies and non-linear relationships within structured 
tabular data. 
E. Dataset Relevance 
The dataset combines operational, environmental, and temporal 
features, making it well-suited for evaluating hybrid deep learning 
models. The presence of interdependent variables reflects real-
world logistics complexity, where multiple factors jointly 
influence delivery performance. 
Such a multi-dimensional representation motivates the use of 
hybrid architectures that can simultaneously capture featurelevel 
interactions and temporal dependencies. 
PROPOSED METHODOLOGY 
This study evaluates hybrid deep learning architectures for 
delivery delay prediction by combining feature-level learning with 
temporal modeling. The goal is to capture both nonlinear feature 
interactions and sequential dependencies present in logistics data. 
A. Hybrid Model Design 
Three hybrid LSTM-based architectures are considered: 
• MLP–LSTM: Combines dense layers for feature 
representation with LSTM for temporal modeling. 
• CNN–LSTM: Uses convolutional layers to extract local 
patterns, followed by LSTM for sequence learning. 

• RF–LSTM: Employs dense layers inspired by ensemble 
learning, integrated with LSTM outputs. 
Random Forest and XGBoost are also used as baseline models for 
comparison. 
B. Model Architecture 
Each hybrid model follows a dual-branch structure. The feature 
learning branch extracts non-linear representations using dense or 
convolutional layers, while the LSTM branch captures temporal 
dependencies. The outputs are concatenated and passed through 
dense layers to generate predictions. 
C. MLP–LSTM Architecture 
The MLP–LSTM architecture is designed to combine feature-level 
representation learning with temporal modeling. In this approach, 
the input data is processed through two parallel branches. The 
outputs from both branches are concatenated and passed through 
fully connected layers to produce the final prediction. This hybrid 
structure enables the model to effectively learn both static feature 
interactions and sequential patterns. 
The architecture of the MLP–LSTM model is illustrated in Fig. 1. 

 

 

 

 

 

 

 

Fig. 1. MLP–LSTM hybrid architecture. 

D. CNN–LSTM Architecture 
The CNN–LSTM architecture extends the hybrid design by 
incorporating convolutional feature extraction. The convolutional 
branch focuses on capturing localized patterns and feature 
interactions that may not be effectively learned by dense layers 
alone. 
In parallel, the LSTM branch captures temporal dependencies 
within the input sequence. This design enables the model to jointly 
learn spatial feature representations and temporal relationships. 
The CNN–LSTM architecture is shown in Fig. 2. 
E. RF–LSTM Architecture 
The RF–LSTM architecture combines ensemble-inspired feature 
learning with temporal modeling. Dense layers are used to 
approximate ensemble behavior by capturing nonlinear feature 
interactions, which are then integrated with LSTM outputs. The 
combined representation is passed through dense layers to 
generate the final prediction, enabling effective learning of both 
feature-level and sequential patterns. 
The structure of the RF–LSTM model is illustrated in Fig. 3. 
F. Training Strategy 
For regression, Mean Squared Error (MSE) is used: 
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Fig. 2. CNN–LSTM hybrid architecture. 

 

Fig. 3. RF–LSTM hybrid architecture. 

                         (4) 

For classification, sparse categorical cross-entropy is applied: 

 L	=	−Xyi	log(ˆyi)	 (5) 

All models are trained using the Adam optimizer with consistent 
hyperparameters. Dropout and early stopping are used to improve 
generalization and prevent overfitting. 
 
EXPERIMENTAL SETUP 
This section describes the experimental configuration used to 
evaluate the proposed hybrid deep learning models. A consistent 
setup is maintained across all models to ensure a fair and reliable 
comparison. 
A. Training Configuration 
The dataset is split into training and testing sets (80–20), with 5-
fold cross-validation applied to ensure robustness. All features are 
standardized before training. Models are trained using the Adam 
optimizer. Mean Squared Error (MSE) is used for regression, while 
sparse categorical cross-entropy is used for classification. 
Experiments are conducted using GPU acceleration, with hybrid 
models requiring higher training time due to LSTM-based 
sequential processing. 

B. Evaluation Metrics 
To evaluate regression performance, the following metrics are 
used: 

(6) 

(7) 

(8) 

 
yi	denotes the true where 

value, yˆi	 the predicted value, and y¯	 the mean of the observed 
values. 
For the classification task, multiple evaluation metrics are 
considered to provide a comprehensive assessment: 

• Accuracy 
• Precision 
• Recall 
• F1-score 

Accuracy is defined as: 

  (9) 
In addition, a confusion matrix is used to analyze class-wise 
prediction performance and identify potential class imbalance 
issues. 

C. Comparative Evaluation Protocol 
All models are trained using the same feature set, preprocessing 
pipeline, optimizer, and training configuration. No model-specific 
hyperparameter tuning is performed to maintain consistency across 
experiments. 
This standardized evaluation setup ensures that observed 
performance differences arise from architectural design rather than 
variations in training conditions. 
The inclusion of both baseline models and hybrid architectures 
allows for a balanced comparison between classical machine 
learning approaches and deep learning-based methods. 

RESULTS AND COMPARATIVE ANALYSIS 
This section presents the experimental results obtained from the 
evaluation of hybrid LSTM-based architectures, including MLP–
LSTM, CNN–LSTM, and RF–LSTM. Classical machine learning 
models such as Random Forest and XGBoost are also included as 
baselines for comparison. 
A. Delivery Time Deviation (Regression Results) 
The regression task evaluates the ability of models to predict 
delivery time deviation. Performance is measured using R2, Mean 
Absolute Error (MAE), and Root Mean Squared Error (RMSE). 
The comparative results are presented in Table I. 

TABLE I 
REGRESSION PERFORMANCE COMPARISON 

Model R2 MAE RMSE 
Random Forest 0.902 1.52 1.92 

XGBoost 0.918 1.40 1.76 
RF–LSTM 0.911 1.46 1.83 

CNN–LSTM 0.903 1.53 1.92 
MLP–LSTM 0.900 1.54 1.94 

Among all models, XGBoost achieves the highest performance 
with an R2	score of 0.918 and the lowest RMSE of 
1.76, indicating strong predictive capability. 
Among the hybrid architectures, RF–LSTM performs best with an 
R2	score of 0.911, outperforming CNN–LSTM and MLP–LSTM. 
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This suggests that combining ensemble-style feature learning with 
temporal modeling improves prediction accuracy. 
The results also show that hybrid models perform competitively 
with strong machine learning baselines, demonstrating their 
effectiveness in capturing both feature interactions and temporal 
dependencies. 

B. Cross-Validation Analysis 
To assess the robustness and generalization capability of the 
proposed models, a 5-fold cross-validation strategy is employed. 
This approach ensures that the model performance is evaluated 
across multiple data splits, reducing the likelihood of biased results 
due to a single train-test partition. 
The RF–LSTM model achieves an average R2	score of 0.895 with 
a standard deviation of 0.003, as summarized in Table II. The 
consistency of performance across folds indicates that the model is 
stable and less sensitive to variations in the training data. 
TABLE II CROSS-VALIDATION PERFORMANCE 

Model	 Mean	R2	 Std	
Dev	

RF–LSTM	 0.895	 0.003	
The low variance indicates that the model generalizes well across 
different data splits and provides consistent performance. 

C. Risk Classification Results 
For the classification task, multiple evaluation metrics are used, 
including accuracy, precision, recall, and F1-score.The overall 
classification performance is summarized in Table III. 
The results indicate strong classification performance, although 
slight variations are observed across different classes due to data 
imbalance. 

TABLE III 
CLASSIFICATION PERFORMANCE 

Metric Value 
Accuracy 0.97 
Precision 0.96 

Recall 0.97 
F1-score 0.96 

 

Fig. 4. Confusion matrix for risk classification 

D. Confusion Matrix Analysis 
The confusion matrix reveals that the model performs well on 
majority classes, while performance on minority classes is 
relatively lower. This indicates the presence of class imbalance in 
the dataset, which affects classification accuracy for 
underrepresented categories.The class-wise prediction 
performance is further analyzed using the confusion matrix, as 
shown in Fig. 4. 

E. Comparative Discussion 
The results show that XGBoost achieves the highest performance, 
while hybrid LSTM-based models remain competitive by 
effectively capturing temporal dependencies. Among them, RF–
LSTM provides the best balance between accuracy and stability. 
Overall, hybrid architectures demonstrate strong potential for 

logistics prediction, with class imbalance identified as a key area 
for improvement. 

CONCLUSION AND FUTURE WORK 
This study presented a comparative evaluation of hybrid LSTM-
based architectures for delivery delay prediction and risk 
classification. Results show that XGBoost achieves the highest 
overall performance, while RF–LSTM performs best among 
hybrid models, demonstrating the effectiveness of combining 
feature learning with temporal modeling. 
Cross-validation confirms stable performance, while confusion 
matrix analysis highlights class imbalance as a limitation. Overall, 
hybrid architectures prove effective for modeling complex 
logistics data, though classical models remain strong baselines. 
Future work will focus on integrating attention mechanisms, Graph 
Neural Networks (GNNs), and transformer-based models to 
enhance feature representation. Incorporating real-time data 
sources and extending the framework into a scalable SaaS-based 
system are also promising directions. 
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