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Abstract 

Artificial Intelligence (AI) is increasingly applied to road 

intersection management to optimize traffic flow, reduce 

congestion, and improve safety. However, the opaque 

nature of AI-based decisions can undermine trust and limit 

adoption in intelligent transportation systems. This paper 

extends research on AI-driven intersection management by 

integrating Explainable Artificial Intelligence (XAI) 

methods ensuring the decisions of AI are interpretable and 

trustworthy for real-world deployment by traffic 

management authorities. A YOLO-based model is used for 

vehicle detection and traffic state recognition, while XAI 

techniques are applied to provide interpretable insights into 

system decisions. Implementation on the NVIDIA Edge AI 

device is considered and tested on a large dataset of real-

world road scenes with multiple traffic objects, including 

various vehicle types and pedestrians. Results from 

experiments show that XAI integration enhances system 

comprehensibility without significantly reducing 

performance. These findings underline the importance of 

explainability for deploying trustworthy, accountable, and 

safe AI solutions in road intersection management. 

 

Keywords: Explainable Artificial Intelligence (XAI); Edge 

AI; Deep Learning; YOLO; Intersection Management. 

1 INTRODUCTION 

The critical need for effective road intersection management 

to combat congestion, mitigate rising emissions adversely 

affecting public health, and enhance overall urban safety is 

increasingly being addressed through the sophisticated and 

predictive modeling capabilities of recent AI and machine 

learning (ML) techniques to ensure sustainable and efficient 

urban traffic flow [1]. The motivation for research in this 

paper is the move from simply optimizing traffic flow with 

complex AI to ensuring the decisions of AI are interpretable 

and trustworthy for real-world deployment by traffic 

management authorities. Conventional traffic controls fail to 

mitigate congestion due to their static nature, while non-

explainable AI models, despite their good performance, often 

suffer from a "black-box" lack of opacity that severely limits 

acceptance and complicates the auditing of safety-critical 

decisions [2], thereby establishing the crucial need for 

Explainable AI (XAI) in intelligent transportation systems 

(ITS) [3]. Furthermore, the necessity of using Edge AI for 

real-time traffic control, specifically leveraging NVIDIA 

devices, is well-justified in recent literature by the need to 

overcome the fundamental latency constraints of cloud-based 

systems for time-critical decision-making [4]. 

The contribution of this paper is integration of XAI with 

a YOLO-based perception model on an Edge AI platform to 

achieve portability, performance and trustworthiness in road 

intersection management. 

The rest of the paper is organized as follows. In Section 2 

related work is briefly reviewed, in Section 3 Edge Ai 

platform and methodology are introduced, in Section 4 

results and disscusion are presented while in Section 5 

conclusions and future research directions are outlined. 

2 RELATED WORK 

Contemporary AI and ML approaches for Traffic Signal 

Control are recently being advanced through strong 

development of Adaptive Traffic Signal Control (ATSC) 

methods, ranging from established optimization and 

metaheuristic algorithms to cutting-edge Deep 

Reinforcement Learning (DRL) techniques like Multi-

Agent DRL, improving their effectiveness in managing 

dynamic traffic and improving real-time flow [5][6]. 

 The growing need for Edge AI, which embeds 

intelligence directly into devices for real-time processing on 

site with improved privacy and reduced latency, has driven 

the recent development in the field, focusing on enabling 

core technologies like specialized hardware accelerators 

and optimized software, while exploring emerging 

opportunities such as neuromorphic hardware, continual 

learning algorithms, and enhanced edge-cloud collaboration 

[7]. Similarly, there is the growing need for Edge AI in 

Intelligent Transportation Systems which is motivated by 

its ability to resolve the high latency, security, and 

bandwidth challenges of cloud-centric systems, driving 

recent developments across layered Edge AI architectures 

and advanced application scenarios like autonomous 

driving and intelligent and autonomous vehicular 

transportation [4][8]. Recent development in deep learning 

vision-based traffic perception centers on the YOLO (You 

Only Look Once) [9] algorithm, which, as a leading single-

stage model, provides the optimal balance of speed and 

precision necessary for real-time applications like vehicle 

and pedestrian counting, tracking, and general traffic state 

estimation [10], also providing possible connection to our 

previous results in other fields such as energy harvesting for 

transport applications [11]. 
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 Previously discussed growing need for Explainable AI 

(XAI), explained by the recently recognized imperative for 

trustworthy AI in critical domains like healthcare and 

finance, has led to the development of many post-hoc and 

intrinsic methods, with SHAP (Shapley Additive 

Explanations), LIME (Local Interpretable Model-agnostic 

Explanations), and Grad-CAM (Gradient-weighted Class 

Activation Mapping) being among the most prevalent 

techniques utilized for model interpretability [12]. 

Our research is aimed at identifying the research gap 

reflected in the lack of integrated solutions that 

simultaneously address real-time performance, object 

detection accuracy, and mandated explainability on 

resource-constrained edge devices in AI applications for 

intersection management. 

3 EDGE SYSTEM ARCHITECTURE AND 

METHODOLOGY 

In our research, complex traffic situations have been 

analyzed by deep learning on an edge device in order to 

identify major congestion in different directions at road 

intersections, where overcrowding of different groups 

involved in traffic were considered, such as vehicles, 

pedestrians, bicycles and others. The aim was to allow for 

automated decisions regarding traffic regulation and 

congestion and pollution reduction. On top of deep learning 

comprehensive traffic participants detection, a XAI layer 

has been added to provide for trustworthy and reliable 

detection system that can explain its decisions. The focus 

was on implementation with an Edge AI device. 

For the approach considered in this research The Traffic 

Detection Project dataset was used [13], which is a traffic-

camera image dataset containing 8,693 images annotated for 

object detection in YOLO format, split into training (7,566), 

validation (805) and test (322) subsets. The images depict 

road scenes with multiple traffic objects, including various 

vehicle types (cars, motorbikes, buses, trucks), pedestrians 

and traffic signs captured from fixed cameras. Most images 

are taken in Turkey, especially in cities such as Bursa, 

Istanbul and Konya, while still providing some geographic 

diversity with scenes from other countries. The dataset spans 

a range of environmental conditions (different weather, 

lighting and traffic density levels), which makes it useful for 

testing the robustness of detection models in realistic traffic 

scenarios. Thanks to its size, high-quality bounding-box 

annotations and variability, it is well suited for training and 

benchmarking of modern deep learning object-detection 

models in traffic surveillance and intelligent transportation 

research. In Figure 1 dataset typical traffic situation is 

presented, with several traffic participans groups annotaded 

wth bounding boxes. 

In this paper, a recent YOLOv11 model nas been used, 

trained on selected dataset [13] which comprises relevant 

traffic images. Static images of traffic scenarios have been 

used, but the next steps will include computer vision from 

IMX219 camera connected to MIPI CSI-2 Jetson Camera 

module monitoring real time traffic.  

Inference tasks have been conducted using the Edge AI 

device NVIDIA Jetson Orin Nano (Figure 2), which features 

multicore Ampere GPU, a 6-core ARM CPU and achieves 

up to 40 TOPS performance depending on specific 

configuration. A general overview of the specifications of the 

Jetson Orin Nano used in this research is summarized in 

Table 1. Fundamental details about the operating system, 

JetPack version, as well as general information on the CPU, 

GPU, memory utilization, temperature and energy 

consumption can be tracked using jtop, a real-time 

monitoring tool for NVIDIA Jetson devices. Device has been 

used in its recent Super Developer Mode, signidicantly 

increasing performance. 

 

 

Fig. 1 Typical dataset traffic situation image with 21 traffic 

participans in groups annotaded wth bounding boxes 

Table 1 Specifications of NVIDIA Jetson Orin Nano device 
Category  Specification 

CPU 
6-core Arm Cortex-A78AE v11.2  

64-bit CPU 

GPU 
NVIDIA Ampere, 1,024 CUDA cores,  

32 Tensor Cores 

RAM 8 GB 128-bit LPDDR5 (unified) 

Software 
Ubuntu 22.04, JetPack 6.2 (CUDA 12.6.68, 

cuDNN 9.3, TensorRT 10.3.0.30) 

Power 7W – 25W 

 

 

Fig. 2 Experimental setup with NVIDIA Jetson Orin Nano  

 The model was trained for 40 epochs and achieved a 

high mean Average Precision at 50% Intersection over 

Union (mAP@50 ≈ 0.929) and a solid mean Average 

Precision averaged over Intersection over Union thresholds 

from 0.50 to 0.95 (mAP@50–95 ≈ 0.76), confirming its 

strong capability for detection tasks and its suitability for 

deployment in real-world transport engineering 

environments concerning road intersection management. 

The overall accuracy achieved by the model is 88%. 

Figure 3 shows the Precision–Recall curve for some 

evaluated classes - bicycle, bus, car, and motorbike - 

together with the aggregated performance curve 
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summarizing results across all classes. The curves exhibit 

stable precision across a wide range of recall values, 

indicating that the model maintains reliable detection 

performance, even as recall increases. Although small 

differences between individual class curves are present, 

variations remain minimal, suggesting that the model 

generalizes well across all evaluated object categories. 

 

 
 Fig. 3 The model’s Precision-Recall curve 

Custom wrappers were developed to enable seamless 

use of XAI techniques—SHAP, LIME, and Grad-CAM—in 

combination with the YOLO model, allowing flexible 

experimentation and evaluation. Implementing these 

methods on the Jetson platform required targeted 

adjustments and performance optimizations, including 

installing a CUDA-enabled PyTorch build to fully utilize 

GPU acceleration. 

Grad-CAM, originally intended for CNN-based 

classification, had to be reworked for object detection by 

incorporating YOLO’s multi-scale feature maps and 

bounding box logic. The key modification involved 

capturing high-level activation maps from the model’s 

second to last convolutional layer prior to inference and 

then applying the standard Grad-CAM computation to those 

features. 

The SHAP wrapper relies on a revised prediction 

function that extracts YOLOv11’s average detection 

confidence values. Using these outputs, SHAP’s 

KernelExplainer is executed with GPU batching to compute 

the corresponding SHAP values, with GPU execution being 

mandatory due to the heavy computational load. 

Likewise, the LIME wrapper includes a tailored 

classification utility that retrieves YOLOv11 class 

probability estimates and applies LIME ImageExplainer 

with GPU-batched evaluation to derive explanations over 

segmented regions. To improve the fidelity of the generated 

explanations, the number of perturbation samples per image 

was set high, taking advantage of the GPU resources. 

4 RESULTS AND DISCUSSION 

Grad-CAM benefits strongly from GPU acceleration 

because it relies on a single forward pass and uses 

activations from a chosen layer, avoiding the repeated 

forward–backward computations required by LIME and 

SHAP, which consequently gain less from GPU execution. 

For benchmarking on the NVIDIA Jetson, CPU-only 

and GPU-accelerated runtimes were compared at a batch 

size of 16. With GPU support, Grad-CAM achieved 

significant reduction in execution time, while LIME 

reached smaller but notable improvement. SHAP, however, 

could not be evaluated on the CPU due to excessive latency 

and memory consumption, therefore overall results without 

GPU acceleration were not considered. 

To meaningfully demonstrate GPU capabilities, LIME 

was evaluated with many perturbation samples, whereas 

SHAP used fewer samples to maintain feasible resource 

usage. Timing results across different batch sizes confirmed 

that Grad-CAM consistently delivers by far the highest 

throughput among the three XAI techniques (Figure 4). 

 

 

Fig. 4 Computational time vs batch size for SHAP, LIME 

and Grad-CAM 

Figure 5 presents visual explanations generated by 

Grad-CAM and LIME. Grad-CAM produces heatmaps in 

which warmer colors (red/yellow) indicate the most 

influential areas for the predicted class. LIME highlights 

image regions through superpixel segmentation, where red 

segments correspond to features with stronger influence on 

the prediction compared to green segments, as determined 

by the local surrogate model. XAI output provides clear, 

verifiable justification for the system's decision in real-

world road intersection traffic scenario. 

 

 

Fig. 5 Grad-CAM heatmaps and LIME superpixel 

explanations illustrating key decision-making regions 

In our experiments, XAI integration causes only 

minimal, acceptable performance degradation while 

significantly boosting transparency. The next step in future 

research would assume inclusion of decision layer, which 

would enforce adaptive traffic policy. It would include the 

logic that transforms the YOLO output (vehicle and other 

traffic participants counts, queues lengths, speeds) into a 

definitive traffic signal control action (e.g., adjusting green 

light phase duration) deciding on resolving conqestion in 
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any group of traffic participants (vehicles, motorbikes, 

pedestrians, cyclists, etc.) where XAI explanations would 

be used to provide explanation for the action performed. 

Research results confirm a clear trade-off between the 

interpretability and efficiency of XAI methods on resource-

constrained devices. While SHAP and LIME offered useful 

explanations, they proved too demanding for real-time 

deployment. Grad-CAM emerged as the most suitable 

choice due to significant GPU acceleration, underscoring 

that XAI method selection must align with available 

hardware capabilities. 

From the wider perspective, results confirm that XAI 

models fundamentally contribute to trust, safety, and 

operational usability in AI systems. In road intersection 

management, visual explanations of traffic decisions allow 

human operators to rapidly understand AI behavior, react 

faster to unexpected traffic situations, and efficiently 

correct misclassified vehicle or pedestrian movements. This 

reduces risk and increases acceptance of emerging AI-

driven ITS technologies. 

5 CONCLUSION AND FUTURE WORK 

Our results confirm that integrating XAI into deep learning 

systems for smart road intersection management on Edge 

AI devices is feasible but presents substantial difficulties. 

Successful implementation necessitates a relatively capable 

edge device, like the NVIDIA Jetson Orin Nano, and an 

essential selection of XAI methods for practical 

deployment. Combining XAI techniques (SHAP, LIME, 

Grad-CAM) with the computationally intensive YOLO 

model adds significant complexity, especially given the 

resource constraints of edge devices for real-time inference. 

Of the three methods tested, Grad-CAM proved most 

suitable due to the challenging nature of YOLO's single-

stage detection process. Grad-CAM exhibited significant 

performance improvement with Jetson's GPU acceleration. 

Conversely, LIME and SHAP were less suitable because 

they require multiple forward and backward passes, leading 

to less notable GPU speedup and making them impractical 

for real-time intersection applications. 

The primary limitation that surfaced in our research is 

that resource constraints on current edge devices enforce a 

critical trade-off between the interpretability provided by 

complex XAI methods (like SHAP and LIME) and the real-

time efficiency required for practical deployment, making 

simpler techniques like Grad-CAM the feasible option. 

 Future research should focus on full-scale experiments 

integrating XAI with real-world camera systems at 

intersections. This includes possibly exploring other XAI 

variants, especially CAM methods suitable for YOLO. 

Ultimately, future work must investigate edge-cloud hybrid 

explanation strategies to effectively balance interpretability 

demands with the strict real-time computational constraints 

of smart intersection management. 

 Explainability is essential in the next generation of safe 

and widely adopted Intelligent Transportation Systems 

(ITS) because it is the crucial bridge between complex AI 

decision-making and human trust, enabling the necessary 

transparency for rapid operator intervention, regulatory 

compliance, and continuous improvement of system 

performance in safety-critical scenarios [14].  
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