
 Corresponding author: Oluwatumininu Anne Ajayi 

Copyright © 2023 Author(s) retain the copyright of this article. This article is published under the terms of the Creative Commons Attribution Liscense 4.0. 

Real-Time Route Optimization in Logistics: A Deep Learning Approach 

Oluwatumininu Anne Ajayi * 

Department of Industrial Engineering, Faculty of Engineering, Texas A&M University, Kingsville, Texas, United States of 
America. 

World Journal of Advanced Research and Reviews, 2023, 19(03), 1719-1722 

Publication history: Received on 19 June 2023; revised on 20 August 2023; accepted on 25 August 2023 

Article DOI: https://doi.org/10.30574/wjarr.2023.19.3.1524 

Abstract 

In the contemporary landscape of global logistics, the capacity to dynamically optimize delivery routes in real time is a 
critical determinant of operational efficiency, customer satisfaction, and environmental sustainability. Conventional 
routing algorithms, while effective in static or semi-dynamic contexts, often fail to adapt to rapid changes in traffic 
conditions, weather disruptions, road closures, and last-minute delivery requests. This paper proposes a novel Deep 
Learning-based architecture that leverages Long Short-Term Memory (LSTM) networks for real-time traffic forecasting 
and Deep Q-Networks (DQNs) for adaptive route decision-making. The system processes live inputs from GPS sensors, 
weather APIs, and traffic feeds to dynamically generate optimal delivery paths. Extensive simulations using synthetic 
and real-world datasets from urban logistics providers demonstrate substantial improvements in delivery time (up to 
21%), fuel consumption (13%), and vehicle utilization rates (17%) compared to traditional heuristics-based methods. 
This research provides both theoretical contributions and practical implementation guidelines for logistics operators 
seeking intelligent, AI-driven solutions for route optimization.  
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1. Introduction

The logistics industry is undergoing a digital transformation driven by the convergence of artificial intelligence (AI), the 
Internet of Things (IoT), and real-time data analytics. As e-commerce, just-in-time manufacturing, and urban delivery 
systems grow more complex, the need for intelligent logistics management systems becomes increasingly urgent. 
Central to this transformation is the optimization of vehicle routes in real time, an endeavor complicated by dynamic 
variables such as traffic congestion, fluctuating demand, adverse weather, infrastructure failures, and regulatory 
constraints (Lin et al., 2021). Traditional route optimization methods ranging from the Dijkstra algorithm and A* search 
to the Clarke-Wright savings algorithm are largely limited by their reliance on static datasets and inflexible decision 
logic. These models scale poorly in high-dimensional, time-sensitive environments and struggle with non-linear 
constraints or learning from historical patterns. 

By contrast, deep learning models, especially those capable of sequence learning and reinforcement-based decision-
making, offer the capacity to dynamically interpret incoming data streams and generate responsive routing strategies. 
In this paper, we present a comprehensive deep learning framework that integrates time-series forecasting with 
reinforcement learning to generate and adjust optimal logistics routes in real time. This research addresses a gap in the 
academic literature by proposing and validating a real-time, learning-based system that evolves with environmental 
feedback and user behavior. 
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2. Literature Review 

2.1. Traditional Approaches 

Classical vehicle routing problems (VRPs) have been widely studied using deterministic and heuristic models. 
Algorithms like the Traveling Salesman Problem (TSP), Clarke-Wright savings algorithm, and metaheuristic approaches 
such as Genetic Algorithms (GA), Simulated Annealing (SA), and Ant Colony Optimization (ACO) have long dominated 
logistics route planning (Laporte, 2009). While useful in constrained environments, these methods struggle with real-
time adaptability. 

2.2. Machine Learning and Predictive Models 

Recent years have seen the introduction of machine learning models for traffic prediction and route optimization. 
Support Vector Machines (SVMs), Random Forests (RFs), and ensemble methods have been used for short-term traffic 
flow forecasting (Zhou et al., 2020). However, their performance degrades when confronted with complex temporal 
dependencies. 

2.3. Deep Learning and Sequence Models 

LSTM and GRU (Gated Recurrent Unit) networks have proven effective in capturing long-range temporal patterns in 
time-series data, such as traffic flow and congestion prediction (Lv et al., 2015; Ma et al., 2017). These architectures 
outperform classical models by learning temporal correlations and detecting seasonality and trend variations. 

2.4. Reinforcement Learning in Route Optimization 

Reinforcement Learning (RL), especially Deep Q-Networks (DQN) and Policy Gradient methods, has been applied to 
decision-making in uncertain environments (Mnih et al., 2015). In logistics, RL has been explored for adaptive 
scheduling, vehicle dispatch, and dynamic routing (Gao et al., 2022). Yet, few studies combine real-time traffic 
forecasting with reinforcement-driven route adjustments in a unified framework. This aligns with recent innovations 
in combining LSTM and Q-learning for intelligent transportation systems (Li et al., 2021), reinforcing the practical 
viability of hybrid deep learning and RL frameworks. 

2.5. Gaps in the Literature 

Most current works focus on either traffic forecasting or route planning independently. There is limited integration of 
temporal deep learning with real-time adaptive routing in live operational environments. This paper fills that gap by 
proposing a hybrid architecture combining LSTM-based forecasting with RL-based control. 

3. Methodology 

3.1. Data Sources 

To train and validate the model, multiple data streams were utilized: 

• Historical Traffic Data: Sourced from a leading logistics firm across 3 metropolitan cities (2019–2022) 
• Live Traffic APIs: Real-time data from Google Maps and HERE Maps 
• Weather Data: Integrated from OpenWeatherMap APIs to account for exogenous disruptions 
• Delivery Logs: Including timestamps, coordinates, vehicle IDs, delivery windows, and route sequences 

3.2. Model Architecture 

3.2.1. LSTM-Based Forecasting Layer 

• Input: Sequential traffic data (e.g., speed, volume) from various road segments 
• Output: Predicted congestion levels and travel times for future time windows (5–30 minutes) 
• Structure: 2-layer stacked LSTM with dropout and batch normalization 
• Loss Function: Mean Squared Error (MSE) 

3.2.2. DQN-Based Routing Layer 

• State: Current location, predicted traffic on all possible routes, delivery deadlines, vehicle load 
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• Action: Choose next node in route 
• Reward: Penalize delays, fuel usage, and detours; reward early arrivals and low emissions 
• Training: Epsilon-greedy exploration and experience replay for stability 

3.3. System Architecture 

• Backend: Python with TensorFlow and PyTorch 
• Deployment: Containerized microservices on AWS EC2 using Docker 
• Simulation Platform: OpenAI Gym custom environment for delivery route simulation 
• Frontend: Web dashboard for visualization and real-time alerts 

4. Results 

4.1. Evaluation Metrics 

• Average Delivery Time (ADT) 
• On-Time Delivery Rate (OTDR) 
• Fuel Consumption per Route (FCR) 
• Dynamic Adaptability Score (DAS) 

4.2. Experimental Setup 

The system was tested on a simulation of 500 delivery requests across a major urban region (e.g., Lagos). Scenarios 
included peak and off-peak hours, roadblocks, and random order surges. 

4.3. Performance Summary 

Table 1 Comparative Performance Metrics of Traditional VRP and Proposed Deep Learning Model 

Metric Traditional VRP Proposed Deep Model Improvement 

Average Delivery Time 52.4 min 41.2 min 21.3% 

On-Time Delivery Rate 72% 89% +17 pts 

Fuel Consumption 6.8L/100km 5.9L/100km 13.2% 

Adaptability Score 0.64 0.91 +42% 

5. Discussion 

The results demonstrate that integrating LSTM-based traffic forecasting with RL-based adaptive routing significantly 
improves logistics performance. Several key insights emerged: 

• Real-time adaptability is essential in urban environments with high variability in traffic conditions. 
• Data fusion (combining weather, traffic, and historical delivery data) improves route stability. 
• Edge computing may be required for real-time inference on delivery vehicles. 
• Limitations include: 

o High training time and computational cost 
o Dependence on high-quality traffic data 
o Model retraining frequency required to accommodate new traffic patterns  

6. Conclusion 

This study presents a scalable and intelligent framework for real-time logistics optimization using deep learning. By 
combining LSTM-based forecasting and RL-driven route adjustment, the system not only improves delivery efficiency 
but also contributes to environmental sustainability through reduced emissions. This research offers significant 
implications for smart city logistics, last-mile delivery platforms, and urban mobility planning. Future work could also 
benefit from multi-task learning approaches, which allow shared representations across related routing and forecasting 
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tasks (Zhang & Yang, 2017). Future work could focus on federated learning models for privacy-preserving deployments, 
transfer learning for cross-city adaptation, and integration with autonomous vehicle navigation systems.  
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