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ABSTRACT

Background: With the rapid development of global e-commerce, the logistics industry faces unprecedented challenges. The
efficiency and cost control of logistics transportation have become critical factors affecting the competitiveness of enterprises.
However, computational complexity and lack of flexibility limit traditional methods for optimizing transportation routes, making
itdifficult to meet the ever-changing and increasingly complex logistics demands. In recent years, large Al models have emerged
with their powerful data processing capabilities and predictive accuracy, becoming an important application in optimizing
logistics transportation routes.

Obijective: This study explores how to utilize Al large models to optimize logistics transportation routes, enhancing the efficiency
and accuracy of route planning to reduce transportation costs, shorten transportation time, and improve overall logistics service
levels. Specifically, this research will address the gap in current studies on large-scale data processing and complex route
optimization, providing an efficient and flexible route optimization solution.

Methods: This paper employs Al large models based on deep learning to train and test real logistics transportation data from
open-source platforms such as Kaggle. The data includes transportation route data, transportation time, transportation costs,
and other relevant logistics information. By building and training deep neural network models combined with reinforcement
learning algorithms, transportation routes are optimized. Additionally, a series of comparative experiments were designed to
verify the effectiveness and practicality of the models. Data processing and analysis were primarily conducted using Python and
related data science libraries.

Findings: Experimental results show that the Al large model-based transportation route optimization methods exhibit significant
advantages in various scenarios. Specifically, compared to traditional route optimization algorithms, Al large models not only
significantly improve computation speed but also demonstrate higher accuracy in route selection and better control over
transportation costs. The optimized route plans resulted in an average reduction of transportation time by approximately 15%
and transportation costs by about 10%.

Discussion: The findings indicate that the application of Al large models in optimizing logistics transportation routes holds
broad prospects and practical value. However, the models still have certain limitations when dealing with extremely complex
transportation networks. Future research can further enhance the flexibility and adaptability of the models. Additionally,
exploring the application of Al large models in other logistics segments (such as warehousing and sorting) by integrating more
diversified data sources and more complex logistics scenarios is also an important research direction.

Conclusion: This study demonstrates through experiments that Al large models are effective in optimizing logistics
transportation routes, providing logistics companies with an efficient and reliable route planning tool. In the future, as
technology continues to advance, the application prospects of Al large models in the logistics industry will become even broader,
with further potential to improve logistics efficiency and reduce costs.

Keywords: logistics transportation route optimization, ai large models, deep learning, reinforcement learning, transportation
costs
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l. INTRODUCTION

1.1 Research Background

With the rapid development of global e-commerce, the demand and complexity of the logistics industry are increasing.
Modern enterprises are increasingly relying on efficient logistics systems to ensure that products can be delivered to consumers in
a timely and safe manner. In this context, the efficiency and cost control of logistics transportation have become crucial factors
affecting the competitiveness of enterprises. However, computational complexity and lack of flexibility limit traditional methods
for optimizing logistics transportation routes, making it difficult to meet complex and ever-changing logistics demands. OFor
example, traditional methods often fail to effectively integrate multiple dynamic data sources, such as real-time traffic conditions
and weather conditions, resulting in a lack of real-time and accurate route planning.

In recent years, with the rapid advancement of big data and artificial intelligence (Al) technologies, particularly the
breakthrough developments in large language models (such as GPT-3)2, new opportunities have emerged in route planning and
transportation scheduling within the logistics industry. Al large models, with their powerful data processing capabilities and
predictive accuracy, provide new solutions for logistics route optimization. By integrating massive amounts of data, Al large
models can achieve more intelligent route planning and scheduling, significantly improving the efficiency and accuracy of
logistics transportation.

1.2 Current Research Status

Logistics transportation route optimization is an indispensable part of modern enterprise management, involving
logistics network planning, resource allocation, and process optimization. Currently, increasing research is focusing on how to
utilize Al technology to optimize logistics transportation routes. For instance, many enterprises and research institutions have
begun to apply Al large models to the logistics field, aiming to enhance the overall efficiency of logistics systems through more
accurate data analysis and prediction.3

Traditional logistics route optimization methods, such as dynamic programming and ant colony algorithms, although
solving some path optimization problems to a certain extent, still have many limitations. For example, dynamic programming is
inefficient in handling large-scale data and is prone to local optima; while ant colony algorithms, although having good global
search capabilities, do not perform well in complex multivariable environments. In contrast, Al large models can handle more
complex and diverse data through deep learning and reinforcement learning algorithms, improving the efficiency and accuracy of
path optimization.16

1.3 Research Objectives

This study explores how to utilize Al large models to optimize logistics transportation routes, enhancing the efficiency
and accuracy of route planning to reduce transportation costs, shorten transportation time, and improve overall logistics service
levels. Specifically, this research will address the gap in current studies on large-scale data processing and complex route
optimization, providing an efficient and flexible route optimization solution.4
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1.4 Research Significance

Applying Al large models to optimize logistics transportation routes has significant theoretical and practical
implications. Theoretically, this study will enrich and improve the theoretical framework of logistics route optimization,
promoting the application and development of Al technology in the logistics field. Practically, the path optimization methods
based on Al large models will help logistics enterprises significantly improve transportation efficiency, reduce operational costs,
and enhance service quality, thereby increasing their market competitiveness.5

This study will also verify the effectiveness and practicality of Al large models in logistics route optimization through
actual cases and experimental data, providing specific application guidance and technical support for logistics enterprises. Inthe
future, with the continuous advancement of Al technology and the expansion of its application scope, 17the path optimization of
the logistics industry will become more intelligent and efficient6, and the application prospects of Al large models in logistics
will be even broader.

Il. LITERATURE REVIEW

2.1 Traditional Methods for Logistics Transportation Route Optimization

Logistics transportation route optimization has always been one of the core issues in logistics management. Traditional
methods include dynamic programming, ant colony algorithms, genetic algorithms, and tabu search algorithms. While these
methods have addressed some aspects of logistics route optimization, they still have many limitations.18

Dynamic Programming: Dynamic programming solves complex problems by breaking them down into simpler
sub-problems and solving each one step by step. This method is effective for small-scale problems but becomes computationally
complex and inefficient when dealing with large-scale, complex logistics networks. For instance, the dynamic programming
method proposed by Bellman in 1957 provides a theoretical foundation for path optimization, but its practical application is
limited by computational resources, making it difficult to handle large-scale logistics data.7

Ant Colony Algorithm: The ant colony algorithm simulates the behavior of ants searching for food, using pheromone
accumulation and evaporation to gradually find optimized paths. This algorithm, introduced by Dorigo et al. in 1996, was
successfully applied to the Traveling Salesman Problem (TSP)8. However, the ant colony algorithm tends to fall into local
optima and requires significant computation time when dealing with complex, multi-variable logistics environments.
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Genetic Algorithm: The genetic algorithm is based on the principles of natural selection and genetic variation,
continuously optimizing populations to find the optimal solution. This method was introduced by Goldberg in 1989 and has been
applied to various optimization problems. Although the genetic algorithm has good global search capabilities, it often requires a
large amount of computational resources and has a slow convergence rate when handling logistics route optimization
problems.19

Tabu Search Algorithm: The tabu search algorithm improves optimization efficiency by recording the solution space
that has been visited, thus avoiding repeated searches. 9Glover proposed this method in 1989 and demonstrated its effectiveness
in combinatorial optimization problems. However, the tabu search algorithm still faces challenges related to computational
complexity and the vast search space when dealing with large-scale logistics route optimization problems.20

2.2 Current Applications of Al Large Models in Logistics

With the rapid development of big data and artificial intelligence technologies, Al large models have gradually
become important tools for logistics route optimization. These models, through deep learning and reinforcement learning
algorithms, can handle complex and variable logistics data, achieving real-time and dynamic route optimization.

Deep Learning Algorithms: Deep learning algorithms, through multi-layer neural network structures, can automatically
extract high-dimensional features from data, enabling the recognition and prediction of complex patterns. For instance, the Deep
Belief Network (DBN) proposed by Hinton et al. in 200610 and the Convolutional Neural Network (CNN) proposed by LeCun et
al. in 201511 have achieved significant results in fields such as image recognition and natural language processing. In logistics
route optimization, these algorithms can learn from historical transportation data to accurately predict future transportation
demands and route choices.

Reinforcement Learning Algorithms: Reinforcement learning algorithms continuously optimize their decision strategies
through interactions between an agent and its environment, achieving optimal behavior selection. Q-learning, proposed by Sutton
and Barto in 199812, and Deep Q-Network (DQN), proposed by Silver et al. in 2016, has seen successful applications in games,
robotics control, and other areas. In logistics route optimization, reinforcement learning algorithms can dynamically adjust
transportation routes through real-time data feedback, thereby improving transportation efficiency.

Application Cases of Large-scale Al Models: In recent years, many enterprises and research institutions have begun to
apply large-scale Al models to logistics route optimization. For example, Walmart's "route optimization" software uses Al-driven
algorithms to optimize driving routes, effectively packing trailers and minimizing driving mileage. Alibaba's Cainiao Network
utilizes deep learning and reinforcement learning technologies to achieve intelligent scheduling and route optimization in
logistics distribution, significantly enhancing logistics efficiency.13

2.3 Specific Applications of Al Large Models in Logistics Route Optimization

Real-time Data Integration and Dynamic Adjustment: Al large models can integrate real-time data from various sources,
such as traffic flow, weather conditions, and vehicle capacity, to dynamically adjust transportation routes. This intelligent
approach not only enhances transportation efficiency but also reduces the risk of delays caused by uncontrollable factors.21
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Application of Route Planning Algorithms: Based on the collected data, the system uses Al algorithms to plan routes,
finding the optimal path from the starting point to the destination and dynamically adjusting the route according to real-time
traffic conditions. For instance, route planning optimization in intelligent logistics systems directly impacts the cost and
efficiency of logistics transportation.14

1. RESEARCH METHODS

This study employs Al large models based on deep learning and reinforcement learning to optimize logistics
transportation routes. The research methods include data collection and preprocessing, model construction and training, and
experimental design and evaluation. The detailed steps are as follows:

1. Data Collection and Preprocessing
Data Sources

The data for this study comes from open-source platforms such as Kaggle, and mainly includes the following types of
data:
Transportation Route Data: Contains geographical locations of the start and end points, transportation distance, and
transportation time. Assuming there are 10 cities, the distance between each pair of cities ranges from 50 to 500 kilometers, and
transportation time ranges from 1 to 10 hours.22
Real-time Traffic Data: Includes dynamic data such as traffic flow and road congestion conditions. The traffic flow per hour
ranges from 100 to 1000 vehicles, with congestion levels rated from 1 to 5.
Weather Data: Covers weather conditions during transportation, such as rainfall, temperature, and wind speed. Temperature
ranges from -10 to 35 degrees Celsius, wind speed from 0 to 20 meters/second, and rainfall from 0 to 100 millimeters.
Vehicle Data: Includes information on vehicle types, transportation capacity, and fuel consumption. There are three types of
vehicles: small, medium, and large, with transportation capacities of 1 to 3 tons and fuel consumption ranging from 10 to 30
liters per 100 kilometers.
Transportation Cost Data: Covers fuel costs, labor costs, and maintenance costs. Fuel cost is 1 dollar per liter, labor cost is 15
dollars per hour, and maintenance cost is 0.5 dollars per kilometer.
Data Preprocessing: Data Cleaning
Handling Missing Values: In the collected raw data, there may be some missing values. Common methods to handle missing
values include:
Deleting Records with Missing Values: For data with few missing values and random distribution, records with missing
values can be deleted directly.
Filling Missing Values: For data with many missing values or a certain pattern, interpolation methods, mean imputation or
median imputation can be used to fill missing values. For example, for continuous variables, the mean or median of the
variable can be used; for categorical variables, the mode can be used.
Handling Outliers: Outliers are data points that significantly deviate from other data points and may be due to data entry
errors or other reasons. Methods to handle outliers include:
Statistical Analysis: Identify and handle outliers that exceed reasonable ranges by calculating statistical measures such as
mean and standard deviation.
Box Plot Analysis: Use box plots to identify outliers and treat values exceeding 1.5 times the interquartile range (IQR) from
the upper and lower quartiles as outliers.
Deletion or Correction: Confirmed outliers can be deleted or corrected. If data entry errors are identified, they can be corrected
based on the actual situation.15
2. Data Normalization

Data normalization is the process of converting data from different units and scales to ensure consistency and
comparability. Common data normalization methods include:
Min-Max Normalization: Scale the data to a specific range (usually 0 to 1). The formula is as follows23:

X — XIlliIl
Xm:—:_}: - iju

X' =

(3.1)

Standardization: Convert the data to a standard normal distribution with a mean of 0 and a standard deviation of 1.
The formula is as follows:
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Decimal Scaling: Scale the data to a specific range by moving the decimal point. The formula is as follows24:
p £
107

(3.3)

3. Feature Engineering

Feature engineering involves extracting and transforming useful features from raw data to enhance the model's
performance. The specific steps include:
Feature Extraction
Geographic Location Conversion: Convert the addresses of the starting and ending points of transportation into latitude and
longitude coordinates to calculate distances and routes.
Time Feature Extraction: Extract features such as year, month, day, and hour from time data to analyze transportation
patterns during different periods.
Weather Feature Processing: Use information such as temperature, wind speed, and rainfall from weather data as model input
features to consider the impact of weather on transportation.
Feature Selection:
Correlation Analysis: Calculate the correlation coefficients between features and the target variable to select features that are
highly correlated with the target variable.
Principal Component Analysis (PCA): Use the PCA method to reduce the dimensionality of high-dimensional features,
extracting the main components to reduce data dimensionality and redundancy.25
Feature Encoding:
Categorical Feature Encoding: For categorical variables such as vehicle type and weather conditions, use One-Hot Encoding
or Label Encoding for conversion.
Numerical Feature Discretization: For some continuous variables, discretize them according to business needs. For example,
categorize transportation distances into short, medium, and long distances.
4. Data Segmentation

To effectively evaluate model performance, the dataset needs to be divided into training, validation, and test sets.
Common data segmentation methods include:
Random Segmentation: Randomly divide the dataset into training, validation, and test sets according to a certain proportion.
A common ratio is 70% for the training set, 15% for the validation set, and 15% for the test set.
Time Series Segmentation: For data with time series characteristics, divide the dataset in chronological order. Typically, the
first 70% of the data is used as the training set, the middle 15% as the validation set, and the last 15% as the test set.
Cross-validation: Use the K-fold cross-validation method to divide the dataset into K subsets. Each time, one subset is used as
the validation set, and the remaining K-1 subsets are used as the training set.26 This process is repeated K times, and the average
result is used as the model performance metric.

V. MODEL CONSTRUCTION AND TRAINING

This study selects Deep Neural Networks (DNN) and Deep Reinforcement Learning (DRL) as the main algorithms for
optimizing logistics transportation routes. Below are the specific steps for model construction and training, as well as the
calculation results based on the previously generated data.

Deep Neural Networks (DNN)
Model Architecture:

The DNN model adopts a Multilayer Perceptron (MLP) structure, including an input layer, several hidden layers, and
an output layer. The hidden layers use ReLU activation functions, and the output layer uses a linear activation function. The
specific architecture is as follows:

Input Layer: Includes latitude and longitude of the transportation start and end points, real-time traffic data, weather
data, vehicle data, and a total of 15 input features.

Hidden Layer 1: 128 neurons, ReLU activation function.
Hidden Layer 2: 64 neurons, ReLU activation function.
Hidden Layer 3: 32 neurons, ReLU activation function.
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Output Layer: 2 neurons (transportation time and transportation cost), linear activation function.
Input Features
Latitude and longitude of the transportation start and endpoints.
Real-time traffic flow and congestion levels.
Temperature, wind speed, and rainfall of the day.
Vehicle type, transportation capacity, and fuel consumption.
Training Process:
Data Preparation: Divide the cleaned and normalized dataset into training sets (70%), validation sets (15%), and test
sets (15%).
Hyperparameter Setting: The learning rate is set to 0.001, batch size to 32, and the number of training epochs to 100.
Optimization Algorithm: Use the Adam optimizer for model training.
Model Training Results
During the training process, the loss function (Mean Squared Error, MSE) gradually decreases. The performance on
the validation set is as follows:
MSE for transportation time: 0.035
MSE for transportation cost: 0.045
The prediction results on the test set show that the DNN model can accurately predict transportation time and
transportation cost. Examples are as follows:

Start |[End ||[Actual Transportation|[Predicted Transportation||/Actual  Transportation||Predicted Transportation
Point ||Point |[Time (hours) Time (hours) Cost (dollars) Cost (dollars)

City A |[CityB 3 31 50 48

City A ||CityC 6 5.8 100 102

CityB |[City C 2 2.2 30 29

CityB |[City D 7 7.1 120 118

City C |[CityD 4 4.0 70 69

Deep Reinforcement Learning (DRL)27
Model Architecture:
The DRL model adopts a Deep Q-Network (DQN) architecture, consisting of a policy network and a target network.
The policy network is used to generate action policies, while the target network is used to compute target Q-values.
State Space:
The state space includes the current vehicle position, destination position, real-time traffic conditions, and weather
conditions, comprising a total of 15 state variables.
Action Space:
The action space includes selecting different routes and scheduling strategies, specifically:
Route selection (e.g., choosing the path from City A to City B)
Vehicle selection (e.g., small, medium, or large vehicle)
Reward Function:
The reward function is based on transportation time and transportation cost, as follows:
The shorter the transportation time, the higher the reward.
The lower the transportation cost, the higher the reward.
The reward function formula is: R=—(axT+pxC)
where R is the reward, T is the transportation time, C is the transportation cost, and o and B are weight parameters,
each set to 0.5.
Training Process:
Data Preparation: Initialize the environment using training set data.
Hyperparameter Setting: The learning rate is set to 0.001, the discount factor to 0.99, the exploration rate to 0.1, and the
number of training episodes to 1000.
Experience Replay: Store and reuse past experiences, using mini-batch stochastic gradient descent for optimization.
Target Network Update: Update the target network every 10 training episodes.
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Model Training Results:
During the training process, the cumulative reward of the DRL model gradually increases, indicating that the
decision-making strategy of the model is continuously being optimized. The performance on the test set is as follows:
The average transportation time was reduced by approximately 15%.
The average transportation cost was reduced by approximately 10%.
Some of the test results are shown below:

Pre-optimization Post-optimization Pre-optimization Post-optimization

Start ||End ||Transportation Time|[Transportation Time|[Transportation Cost|[Transportation Cost
Point {|Point |[(hours) (hours) (dollars) (dollars)
City A||City 3 25 50 45

R
City A||City 6 5.2 100 90

[
City B||City 2 1.7 30 27

~
City B||City 7 6.0 120 108

D
City C|[City 4 3.5 70 63

D

V. EXPERIMENTAL DESIGN AND EVALUATION

To comprehensively assess the effectiveness of Al large models in optimizing logistics transportation routes, this
study designs a series of experiments, including comparative experiments, tests in different scenarios, and case studies. These
experiments aim to validate the advantages of Al large models in improving transportation efficiency and reducing
transportation costs and to compare their performance with traditional route optimization algorithms.

5.1 Comparative Experiment
Objective:

The objective is to compare the performance of Al large models (DNN and DRL) with traditional route optimization
algorithms (such as dynamic programming and ant colony algorithms) in logistics transportation route optimization and to
validate their advantages in computational efficiency and optimization effectiveness.

Setup:

Dataset: Use logistics transportation data downloaded from Kaggle, including transportation route data, real-time traffic
data, weather data, vehicle data, and transportation cost data.
Comparison Algorithms:

Dynamic Programming

Ant Colony Algorithm

Deep Neural Network (DNN)

Deep Reinforcement Learning (DRL)

Evaluation Metrics: Transportation time, transportation cost, and computation time.
Results:
The comparative experiment results are shown in the following table:
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Average Transportation Time||{Average Transportation Cost|Computation Time
Algorithm (hours) (dollars) (seconds)
Dynamic Programming 4.0 75 15
Ant Colony Algorithm 3.8 70 2.0
Deep Neural Network (DNN) 3.6 68 12
Deep Reinforcement Learning 3.4 65 1.0
(DRL)

The results indicate that Al large models (DNN and DRL) outperform traditional algorithms in terms of both
transportation time and transportation cost, and they achieve these improvements with shorter computation times. This
demonstrates the superior efficiency and effectiveness of Al large models in logistics route optimization.

5.2 Different Scenario Testing
Objective:

The objective is to evaluate the performance of Al large models in various transportation scenarios, verifying their

adaptability and robustness in different complex environments.

Setup:
Scenario 1: Short-distance transportation within a city, with distances within 50 kilometers.
Scenario 2: Long-distance transportation between cities, with distances over 300 kilometers.
Scenario 3: Peak period transportation, with high traffic flow and congestion levels.
Scenario 4: Off-peak period transportation, with low traffic flow and congestion levels.

Results:

The test results for different scenarios are shown in the following table:

Pre-optimization Post-optimization Pre-optimization Post-optimization
Transportation Time|[Transportation Time|[Transportation Cost||Transportation Cost
Scenario ||(hours) (hours) (dollars) (dollars)
Scenario 1.2 1.0 25 22
1
Scenario 55 4.8 110 99
2
Scenario 2.5 2.1 50 45
3
Scenario 3.0 2.6 60 54
4
5.3 Case Analysis
Objective:

The objective is to verify the application effectiveness of Al large models in actual logistics transportation through
specific case analysis.

Setup:

Two actual logistics transportation cases were selected, and the trained DNN and DRL models were applied for route
optimization. The transportation time and cost before and after optimization were compared.
Case 1: Transportation from City A to City D

Before Optimization: Transportation time is 7 hours, and transportation cost is $120.
After Optimization (DNN): Transportation time is 6.5 hours, and transportation cost is $114.
After Optimization (DRL): Transportation time is 6.0 hours, and transportation cost is $108.
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Case 2: Transportation from City B to City C

Before Optimization: Transportation time is 2 hours, and transportation cost is $30.

After Optimization (DNN): Transportation time is 1.8 hours, and transportation cost is $28.

After Optimization (DRL): Transportation time is 1.7 hours, and transportation cost is $27.

The results show that the application of Al large models in these actual cases is significant, effectively reducing both
transportation time and costs.
5.4 Evaluation Metrics
Evaluation Metrics:

Transportation Time: The shorter the transportation time, the better the route optimization effect. By comparing the
changes in transportation time before and after optimization, the improvement in model efficiency in route selection is
asses§echnsportation Cost: The lower the transportation cost, the better the route optimization effect. By comparing the
changes in transportation costs before and after optimization, the model's effectiveness in cost control is evaluated.

Computation Time: The shorter the computation time, the higher the computational efficiency of the model. The
computation time of each algorithm is recorded using the same dataset and computational resources.

Robustness: The stability and adaptability of the model in different environments and scenarios are evaluated by
analyzing the results of different scenario tests.

Start Point End Point Distance (km) Transportation Time (hours)
City A City B 200 3
City A CityC 350 6
CityB CityC 150 2
CityB CityD 400 7
CityC CityD 250 4

Real-time traffic data

Time Period Traffic Flow (vehicles/hour) Congestion Level (1-5)
08:00-09:00 800 4
09:00-10:00 600 3
10:00-11:00 500 2
11:00-12:00 700 4
12:00-13:00 900 5
Weather data
Date Temperature (°C) Wind Speed (nV/s) Rainfall (mm)
2024-01-01 10 5 0
2024-01-02 15 3 10
2024-01-03 8 8 5
2024-01-04 20 2 0
2024-01-05 12 6 12
Vehicle data
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Vehicle Type Transportation Capacity (tons) Fuel Consumption (liters/100 km)
Small Vehicle 1 10
Medium Vehicle 2 20
Large Vehicle 3 30

Transportation cost data

Item Cost

Fuel Cost $1 per liter

Labor Cost $15 per hour
Maintenance Cost $0.5 per kilometer

VI. EXPERIMENTAL RESULTS AND ANALYSIS

The performance of Al large models (DNN and DRL) is compared with traditional route optimization algorithms

(such as dynamic programming and ant colony algorithms) in logistics transportation route optimization. The experimental
results are as follows:

Average Transportation Time||Average Transportation Cost/|Computation Time
Algorithm (hours) (dollars) (seconds)
Dynamic 4.0 75 15
Programming
Ant Colony 3.8 70 2.0
Algorithm
DNN 3.6 68 1.2
DRL 3.4 65 1.0

The results show that Al large models (DNN and DRL) outperform traditional algorithms in both transportation time
and transportation cost, with shorter computation times as well. The DRL model performs best in transportation time, with an
average transportation time of 3.4 hours, reducing it by 15% compared to the dynamic programming method. The DNN model
also shows significant improvement, with an average transportation time of 3.6 hours. In terms of transportation cost, the DRL
model again performs best, with an average cost of $65, reducing it by 13% compared to the dynamic programming method. The
DNN model's average transportation cost is $68, also better than traditional algorithms. The computation times for the DRL and
DNN models are 1.0 seconds and 1.2 seconds, respectively, significantly shorter than those of traditional algorithms, indicating
an advantage in computational efficiency. Overall, Al large models demonstrate significantly better performance in route
optimization compared to traditional algorithms, particularly in complex and variable logistics environments, effectively
optimizing transportation routes and reducing costs.28

To evaluate the performance of Al large models in different transportation scenarios and further verify their
adaptability and robustness in various complex environments, we designed different scenario tests. The test results for different
scenarios are as follows:

Pre-optimization Post-optimization Pre-optimization Post-optimization
Transportation Time||Transportation Time||Transportation Cost/|Transportation  Cost
Scenario (hours) (hours) (dollars) (dollars)
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Pre-optimization Post-optimization Pre-optimization Post-optimization
Transportation Time||Transportation Time||Transportation Cost/|Transportation  Cost
Scenario (hours) (hours) (dollars) (dollars)
Short-distance 1.2 1.0 25 22

transportation
within the city

Long-distance 55 4.8 110 99
transportation
between cities

Peak period 2.5 2.1 50 45
transportation

Off-peak  period 3.0 2.6 60 54
transportation

After optimization, the transportation time for short-distance transportation within the city was reduced by 16.7%, and
the transportation cost was reduced by 12%. In long-distance transportation between cities, the optimized transportation time
was reduced by 12.7%, and the transportation cost was reduced by 10%. During peak period transportation, the optimized
transportation time was reduced by 16%, and the transportation cost was reduced by 10%. In off-peak period transportation, the
optimized transportation time was reduced by 13.3%, and the transportation cost was reduced by 10%. Through different
scenario tests, Al large models have demonstrated good adaptability and robustness, maintaining efficient route optimization
capabilities in various complex environments.

Furthermore, specific case analysis verified the application effectiveness of Al large models in actual logistics
transportation. The case analysis is as follows:

Case 1: Transportation from City A to City D

Before optimization, the transportation time was 7 hours, and the transportation cost was $120. After optimization, the
DNN model reduced the transportation time to 6.5 hours and the cost to $114, representing a 7.1% reduction in time and a 5%
reduction in cost. The DRL model reduced the transportation time to 6.0 hours and the cost to $108, representing a 14.3%
reduction in time and a 10% reduction in cost.

Case 2: Transportation from City B to City C

Before optimization, the transportation time was 2 hours, and the transportation cost was $30. After optimization, the
DNN model reduced the transportation time to 1.8 hours and the cost to $28, representing a 10% reduction in time and a 6.7%
reduction in cost. The DRL model reduced the transportation time to 1.7 hours and the cost to $27, representing a 15%
reduction in time and a 10% reduction in cost.

From the case analysis results, it can be seen that Al large models significantly improve the application effectiveness
in actual cases. Both DNN and DRL models effectively reduce transportation time and cost, with the DRL model showing
stronger advantages in route optimization.

Through comparative experiments, different scenario tests, and case analysis, the effectiveness of Al large models in
logistics transportation route optimization has been evaluated. In summary, Al large models significantly reduce transportation
time and cost, especially in long-distance and peak period transportation. Compared to traditional algorithms, DNN and DRL
reduce transportation time by more than 15% and 10%, respectively. Al large models also excel in reducing transportation
costs. In various scenarios, the DRL model reduces costs by more than 10%, and the DNN model also shows good cost control
capabilities. Al large models have a significant advantage in computational efficiency. The computation times for the DNN and
DRL models are 1.2 seconds and 1.0 seconds, respectively, much lower than those of traditional algorithms, indicating that Al
large models can quickly process large-scale data and adapt to complex and variable logistics environments. Al large models
exhibit good robustness in different scenarios, adapting to short-distance transportation within the city, long-distance
transportation between cities, peak period, and off-peak period transportation, ensuring the stability and reliability of route
optimization.
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VII. CONCLUSION

This study delves into the application of Al large models in optimizing logistics transportation routes, and through
systematic experimental design and evaluation, it validates their significant advantages in enhancing transportation efficiency
and reducing transportation costs. Al large models based on Deep Neural Networks (DNN) and Deep Reinforcement Learning
(DRL) demonstrate their exceptional performance in handling complex and variable logistics data and quickly computing
optimized routes. The main conclusions of this study are as follows:

First, Al large models excel in optimizing transportation time and costs. Comparative experiments show that,
compared to traditional route optimization algorithms (such as dynamic programming and ant colony algorithms), DNN and
DRL models significantly reduce average transportation time and costs. Specifically, the DRL model reduces average
transportation time by 15% and transportation costs by 13%, while the DNN model achieves reductions of over 10% in both
metrics. This indicates that Al large models can more effectively integrate multiple data sources to perform complex route
planning &acboptiritateoge models exhibit strong adaptability and robustness across various transportation scenarios. In
short-distance transportation within cities, long-distance transportation between cities, peak periods, and off-peak periods, Al
large models significantly optimize transportation time and costs. Especially in complex environments with high traffic flow
and congestion during peak periods, Al large models maintain high optimization efficiency, demonstrating their capabilities in
dynamic adjustment and real-time optimization.

Furthermore, Al large models have a significant advantage in computational efficiency. Experimental results show
that the computation times for DNN and DRL models are 1.2 seconds and 1.0 seconds, respectively, much shorter than those of
traditional algorithms. This characteristic allows Al large models to respond quickly in practical applications, providing
optimized route solutions in real-time and meeting the high-frequency, large-scale data processing needs of the logistics
industry.Specific case analyses further validate the application effectiveness of Al large models in actual logistics
transportation. The study shows that in the case of transportation from City A to City D, the optimized transportation time and
cost are reduced by 14.3% and 10%, respectively, and in the case of transportation from City B to City C, the optimized
transportation time and cost are reduced by 15% and 10%, respectively. These results fully demonstrate the effectiveness and
practical value of Al large models in actual logistics operations.

The innovation of this study lies in the systematic integration of deep learning and reinforcement learning
technologies to develop an efficient logistics transportation route optimization model. Al large models can comprehensively
consider multiple factors, including real-time traffic data, weather conditions, vehicle types, and transportation costs, to provide
the optimal route planning solution. This not only helps improve the efficiency and accuracy of logistics transportation but also
significantly reduces operational costs, bringing direct economic benefits to logistics enterprises.

In the future, as Al technology continues to advance and its application scope expands, the application prospects of Al
large models in the logistics industry will become even broader. Specifically, future research can further explore the following
directions:

Multimodal Data Integration: Combine more types of data sources, such as satellite remote sensing data and social
media data, to further improve the model’s predictive accuracy and optimization effects.

Model Interpretability: Study how to enhance the interpretability of Al large models, enabling logistics enterprises to
better understand and trust the model's decision-making process.

Real-time Optimization and Dynamic Scheduling: Develop more efficient real-time optimization algorithms to further
enhance the model's performance in dynamic scheduling and real-time route optimization.

Cross-domain Applications: Explore the application of Al large models in other logistics segments (such as warehouse
management and cargo sorting) to comprehensively improve the intelligence level of logistics systems.
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