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Abstract

With the rapid development of autonomous vehicles and intelligent transportation systems,
vehicle detection and distance estimation have become critical technologies for ensuring
driving safety. However, real-world in-vehicle environments impose strict constraints on
computational resources, making it impractical to deploy high-end GPUs. This implies
that even highly accurate algorithms, if unable to run in real time on embedded platforms,
cannot fully meet practical application demands. Although existing deep learning-based
detection and stereo vision methods achieve state-of-the-art accuracy on public datasets,
they often rely heavily on massive computational power and large-scale annotated data.
Their high computational requirements and limited cross-scenario generalization capabili-
ties restrict their feasibility in real-time vehicle-mounted applications. On the other hand,
traditional algorithms such as Semi-Global Block Matching (SGBM) are advantageous in
terms of computational efficiency and cross-scenario adaptability, but when used alone,
their accuracy and robustness remain insufficient for safety-critical applications. There-
fore, the motivation of this study is to develop a stereo vision-based collision warning
system that achieves robustness, real-time performance, and computational efficiency. Our
method is specifically designed for resource-constrained in-vehicle platforms, integrating a
lightweight YOLOv8n detector with SGBM-based depth estimation. This approach enables
real-time performance under limited resources, providing a more practical solution com-
pared to conventional deep learning models and offering strong potential for real-world
engineering applications.

Keywords: YOLOv8; object detection; Semi-Global Block Matching; collision warning
system; Advanced Driver Assistance Systems (ADASs); real-time systems

1. Introduction
1.1. Pragmatic Challenges of Perception Technologies in Intelligent Transportation Systems

With the rapid development of Advanced Driver Assistance Systems (ADASs) and
fully autonomous driving technologies, high-precision and highly reliable environmental
perception has become the cornerstone of driving safety. Vision-based perception systems,
particularly camera-based object detection and 3D localization, play a central role due
to their low cost and rich information content. However, a widening “deployment gap”
has emerged between the pursuit of algorithmic performance limits in academic research
and the practical constraints faced in large-scale industrial deployment. At the heart of
this gap lies a fundamental contradiction: state-of-the-art perception algorithms often
come with massive model parameters and substantial computational demands, which
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sharply conflict with the stringent power, cost, and computational limitations of in-vehicle
embedded platforms.

In real-world vehicular environments, perception systems must complete detection,
localization, and decision-making within milliseconds, without relying on high-end GPUs.
Therefore, the value of an algorithm is determined not only by its accuracy on benchmark
datasets but also by its real-time performance and efficiency on resource-constrained edge
computing units. Recent research trends clearly reflect this shift, as both academia and
industry have moved their focus from solely improving accuracy to developing more
lightweight model architectures. For instance, models such as YOLOv8-Lite have been
proposed to address the excessive parameter sizes and computational demands of conven-
tional deep learning models. Their design philosophy emphasizes significantly reducing
computational burden while maintaining high accuracy, thereby meeting the stringent
requirements of real-world in-vehicle applications.

Consequently, the core objective of this study is not merely to propose a system with
high accuracy, but to directly confront this deployment gap by presenting a pragmatic
solution that achieves an optimal balance among computational efficiency, real-time perfor-
mance, and deployment feasibility.

1.2. The Current State of Real-Time 2D Detection: Strategic Choice of CNNs over Transformers

In the evolution of object detection technologies, the YOLO (You Only Look Once)
series has established itself as a benchmark in real-time applications owing to its remarkable
balance between speed and accuracy [1,2]. From the first version, which reformulated
detection as a regression problem, to subsequent versions that introduced anchor-based
designs and optimized backbones, and finally to the latest YOLOv8 with its anchor-free
design, efficient C2f modules, and decoupled detection heads, this series has continuously
advanced in architecture, consistently pushing the performance ceiling of single-stage
detectors [3,4].

In recent years, however, transformer-based detectors such as RT-DETR (Real-Time De-
tection Transformer) have gained significant attention in academia. Leveraging the global
contextual understanding enabled by self-attention mechanisms, they have demonstrated
superior accuracy in certain benchmark evaluations [5].

From a pragmatic deployment perspective, CNN-based YOLOv8 demonstrates
stronger overall advantages. Several recent comparative studies indicate that although the
largest RT-DETR models may slightly surpass YOLOv8 in mean Average Precision (mAP)
on general datasets such as COCO, YOLOv8 significantly outperforms its counterparts in
inference speed, particularly on central processing units (CPUs) [6]. For mass-produced
vehicles that cannot be equipped with expensive GPUs, superior CPU performance is a
decisive factor for real-world deployment. In addition, YOLOv8 is more efficient in terms of
parameter count, computational complexity (GFLOPs), and training memory requirements,
which translates into lower development and hardware costs [7–9].

A comparative study focusing specifically on ADAS scenarios directly confirmed
this point. Using real driving datasets such as BDD100k, Table 1 concluded that YOLOv8
outperformed RT-DETR in both accuracy and speed, making it a more suitable choice for
ADAS tasks [6]. This highlights an important phenomenon: a potential divergence between
the architectural directions favored in academic research (e.g., transformers and other
novel structures) and the practical demands of industrial deployment (favoring mature,
efficient CNNs). Therefore, this study adopts YOLOv8n as the core detector not out of
disregard for emerging technologies, but as a deliberate engineering decision grounded
in data and application context, aimed at maximizing the system’s practical value in
real-world scenarios.



Electronics 2025, 14, 4275 3 of 20

Table 1. YOLOv8 models demonstrate superior inference speed and efficiency, making them more
suitable for real-time ADAS deployment, whereas RT-DETR achieves higher accuracy at the cost of
significantly increased computational demand.

Model mAP
(COCO val)

GPU Inference
Latency (T4, ms)

CPU Inference
Latency

(ONNX, ms)

Parameters
(M) GFLOPs Key Advantages for

ADAS Applications

YOLOv8n 37.3 2.22 45.9 3.2 8.7

Exceptional inference
speed, ideal for the most

demanding
real-time scenarios

YOLOv8s 44.9 2.81 68.3 11.2 28.6 Excellent trade-off between
speed and accuracy

RT-DETR-R18 46.5 7.40 - 21 69
Higher accuracy, but

significantly increased
GPU latency

RT-DETR-R50 53.1 10.8 - 43 129

Leading accuracy, but
prohibitive computational

cost, unsuitable for
real-time deployment

Furthermore, the pursuit of efficiency in real-time detection has spurred the devel-
opment of specialized lightweight architectures. Models such as YOLOv8-Lite and other
compact CNN variants exemplify this trend by prioritizing lower computational cost and
faster inference without a significant sacrifice in accuracy. These lightweight designs extend the
applicability of real-time detectors to embedded platforms and edge devices, reinforcing the
strategic rationale for selecting YOLOv8n in resource-constrained automotive environments.

1.3. Unresolved Frontiers in 3D Perception: The “Generalization Gap” in Stereo Depth Matchings

Two-dimensional detection alone is insufficient to support advanced driver assistance
functions such as collision warning; the system must possess accurate three-dimensional
perception capabilities, with depth estimation serving as a core component. Owing to its
passive and low-cost nature, stereo vision has emerged as an attractive solution. Current
stereo matching techniques can be broadly divided into two categories: traditional algo-
rithms based on geometric and photometric consistency, and end-to-end deep learning
networks. In parallel, monocular metric depth estimation has also been extensively stud-
ied [10], though it continues to suffer from issues such as scale ambiguity and reduced
robustness in real-world deployments.

Deep learning methods, such as PSMNet and RAFT-Stereo [11], employ supervised
training on large-scale synthetic datasets to construct highly nonlinear matching cost func-
tions, achieving remarkable accuracy on public benchmarks. Several systematic reviews
have also highlighted both the strengths and the persistent limitations of deep learning-
based depth estimation, particularly its vulnerability to domain shift [12]. However, despite
their apparent power, these models face a critical challenge in practical applications—the
domain shift problem. Survey studies have explicitly pointed out that the lack of gener-
alization to unseen scenarios remains one of the most pressing unresolved issues in deep
stereo matching [11]. Models trained on synthetic datasets such as Scene Flow experience
catastrophic performance degradation when directly applied to real-world scenarios like
KITTI, where lighting conditions, textures, and sensor noise characteristics differ signifi-
cantly [13]. Furthermore, studies have observed considerable fluctuations in generalization
performance across different training epochs, implying that their deployed behavior is
difficult to predict—an unacceptable uncertainty for safety-critical applications.
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This dilemma challenges the conventional perception of algorithmic “robustness.”
Deep learning is often assumed to be more resilient to noise and image variations than
traditional approaches. Yet, in the specific and crucial dimension of domain generalization,
the opposite holds true. Traditional algorithms, such as Semi-Global Block Matching
(SGBM), operate based on local geometric and photometric constraints rather than learning
from a specific data distribution. As a result, SGBM is inherently insensitive to dataset
“domains,” maintaining consistent processing logic whether applied to synthetic imagery
or real-world street scenes. This cross-domain consistency makes SGBM more reliable and
robust than deep models when confronted with unpredictable real-world environments.
For a collision warning system where safety is paramount, such predictable, cross-scenario
robustness is far more valuable than achieving extreme accuracy on specific benchmarks.

1.4. Contributions of This Study: A Deployment-Oriented Pragmatic Hybrid Vision Framework

Building upon the above analysis, this study introduces a deployment-oriented hybrid
vision framework that emphasizes system-level integration and validation rather than
merely utilizing an existing library.

Unlike works that only apply or fine-tune YOLO models, our research focuses on the
architectural synergy between a lightweight detector and a classical stereo algorithm. This
integration forms a pragmatic bridge between algorithmic performance and real-world
deployment, addressing both the “deployment gap” and “generalization gap.”

The central philosophy is to decouple perception tasks and assign each to the most
deployment-suitable paradigm for reliability and efficiency in embedded environments.

Specifically, the architectural innovations of this system are reflected in the follow-
ing aspects:

1. Strategic Decoupling for Risk Mitigation: Instead of adopting a single end-to-end deep
learning model for both 2D detection and 3D depth estimation, this study decouples
the two tasks. End-to-end models inherit the generalization fragility of deep stereo
matching modules, making the entire system unreliable in unseen scenarios. In con-
trast, decoupling 2D detection and 3D depth estimation functions as a proactive risk
management strategy. By separating high-risk tasks (cross-domain depth estimation)
from low-risk tasks (2D object detection), the most robust tools can be applied to each
challenge individually.

2. Fusion of Complementary Paradigms: On the basis of decoupling, this system in-
tegrates the strengths of two paradigms. For 2D vehicle detection, the YOLOv8n
model was selected, as it achieves the optimal balance between speed, efficiency, and
accuracy, representing the maturity and effectiveness of CNN architectures in real-
world applications. For 3D depth estimation, the traditional yet highly robust SGBM
algorithm was adopted. Its training-free nature makes it immune to the domain shift
issues that plague deep learning methods, thereby ensuring stable and reliable depth
information across diverse environments.

3. Dual Optimization of Performance and Efficiency: Beyond theoretical arguments,
this study rigorously validates the effectiveness of the proposed hybrid architecture
through experiments on the KITTI dataset, widely regarded as the gold standard in
autonomous driving research. The objective is to demonstrate that the system not
only achieves or surpasses the accuracy of comparable methods (e.g., earlier works
combining YOLOv5 and SGBM) but also sustains real-time processing performance
(>100 FPS) on resource-constrained platforms. This provides a deployable solution
for developing low-cost, efficient, and reliable driver assistance systems.



Electronics 2025, 14, 4275 5 of 20

In conclusion, the contribution of this study lies not merely in implementing a working
system, but in establishing and empirically validating a system-level integration framework
for perception in autonomous driving.

This work demonstrates that combining a modern lightweight CNN detector with
a classical stereo vision algorithm—within a unified and deployment-oriented design—
provides a pragmatic pathway to bridge the gap between academic research and real-world
applications, effectively overcoming the deployment and generalization limitations of
deep-learning-only solutions.

2. System Methodology
The system architecture proposed in this study is designed to achieve both high effi-

ciency and robustness. The core idea is to decouple vehicle detection and depth estimation
into two independent yet parallel processing pipelines. The overall framework is illustrated
in Figure 1.

 
Figure 1. Architecture of the collision warning system based on YOLOv8n and SGBM.

2.1. Vehicle Detection Module (YOLOv8n)

The objective of this module is to rapidly and accurately localize all vehicles within a
single image. Two-stage detectors such as Faster R-CNN have demonstrated high accuracy
but often suffer from substantial computational overhead, rendering them less suitable for
real-time deployment. For instance, Yusro et al. [14] compared Faster R-CNN and YOLOv5
for overlapping object recognition, confirming the well-known trade-off between precision
and inference speed.

In contrast, single-stage detectors—particularly those in the YOLO family—have be-
come dominant in real-time computer vision applications due to their unified design and
efficient feature processing. The latest evolution, YOLOv8, introduces several architectural
advancements that significantly improve both accuracy and efficiency. Specifically, its
anchor-free detection head simplifies the prediction process and enhances flexibility for
objects of varying scales, while the decoupled detection head separates classification and
localization branches to reduce task interference. Moreover, the C2f (Cross Stage Partial
Fusion) module enhances gradient flow and feature reuse, resulting in better general-
ization and stability compared with the CSP-based modules in YOLOv5 and YOLOv7.
These innovations collectively contribute to YOLOv8’s superior balance between precision
and speed.
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As summarized in Table 2, the YOLOv8 family provides multiple variants (n, s, m, l, x)
offering different trade-offs between model complexity and performance. Considering the
stringent real-time constraints and hardware limitations of in-vehicle embedded systems,
this study adopts YOLOv8n as the detector. Although it yields a slightly lower mAP com-
pared with larger variants, YOLOv8n achieves an impressive inference speed of 176.8 FPS
with a compact 4.5 MB model size, offering the most practical trade-off between accuracy
and computational cost. Wang et al. [1] also adopted YOLOv8n for vehicle detection in
traffic scenes, demonstrating its robustness and reliability under real-world conditions,
further supporting its suitability for this study.

Table 2. Performance of YOLOv8 variants on the COCO dataset.

Model mAP@0.5:0.95 FPS Model Size (MB) GFLOPs

YOLOv8n 37.3 176.8 4.5 7.0

YOLOv8s 44.9 150.3 11.2 16.5

YOLOv8m 50.2 121.5 25.9 49.0

YOLOv8l 52.9 97.3 43.7 109.1

YOLOv8x 53.9 69.6 71.7 257.8

Furthermore, Bakirci et al. leveraged transfer learning [2] to reduce dependency on
large-scale annotated datasets and to lower the computational cost and training time asso-
ciated with training from scratch on YOLOv8. Following this strategy, our study initializes
YOLOv8n with pre-trained weights on the large-scale COCO dataset to obtain strong
general feature representations. The model is then fine-tuned on the KITTI vehicle dataset,
enabling it to adapt more effectively to real-world traffic scenarios. This approach balances
training efficiency with generalization capability, ensuring that the model maintains stable
and reliable performance in real-time applications.

2.2. Depth Estimation Module (SGBM)

Figure 2 illustrates the SBGM module is primarily responsible for generating dense
disparity maps from rectified stereo images. First, the input left and right images undergo
stereo rectification, which reprojects the image pair onto a common geometric plane. This
process ensures that corresponding points lie on the same horizontal scanline, forming the
fundamental prerequisite for any stereo matching algorithm to function correctly. Without
rectification, disparities between the left and right images would include not only horizontal
shifts but also vertical misalignments, leading to matching failures and accumulated errors.

After stereo rectification, this study employs the Semi-Global Block Matching (SGBM)
algorithm to generate disparity maps. The core principle of SGBM is to perform disparity
estimation through energy function minimization, where the energy function consists of
two components:

1. Data Term: Measures the similarity between pixels to ensure that matched points
remain consistent in intensity or color.

2. Smoothness Term: Imposes constraints on the disparity values of neighboring pix-
els, preventing abrupt discontinuities in the disparity map and effectively reducing
mismatches in low-texture regions.

To balance both efficiency and accuracy, SGBM simplifies the original two-dimensional
global optimization problem into cost aggregation along multiple one-dimensional paths,
applying dynamic programming across 8 or 16 different directions. This approach achieves
a favorable trade-off between accuracy and efficiency: it provides greater robustness than
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local methods while avoiding the prohibitive computational burden of global methods,
thereby making it particularly suitable for real-time in-vehicle applications.

 
Figure 2. Architecture of the SGBM module.

2.3. 3D Localization and Collision Warning

At this stage, the results of YOLOv8n and SGBM are integrated to enable the collision
warning functionality. The overall process consists of three steps: data fusion, distance
calculation, and collision judgment.

• Data Fusion: For each vehicle bounding box detected by YOLOv8n, the system extracts
disparity values from the corresponding region in the SGBM disparity map. To reduce
noise interference, this study adopts the median disparity as the representative mea-
sure. Compared with the mean, the median is more robust against extreme deviations
caused by local mismatches or occlusions, thereby yielding more stable results.

• Distance Calculation: Once δ is obtained, the system computes the vehicle’s depth
information using the stereo geometry formula

Z =
f × b

δ
(1)

where f denotes the focal length of the stereo camera, b is the baseline distance between
the two cameras, and δ is the representative disparity value. This formula is derived
from the principle of triangulation, enabling the conversion of pixel-level disparity
into metric-scale distance. To further validate reliability, the proposed method was
compared with annotated ground truth in the KITTI dataset, demonstrating good
accuracy within a 30-m range.

• Collision Judgment: In addition to depth estimation, Figure 3 illustrates system
incorporates ego-vehicle speed information obtained from GPS or onboard sensors
to calculate the safe following distance according to traffic safety regulations. Recent
studies have also explored vision-based approaches for high-precision vehicle speed
measurement, further highlighting the potential of camera-driven perception systems
in traffic safety applications [4]. If the estimated distance Z is smaller than the safety
distance threshold, the bounding box of the target vehicle is highlighted in red to warn
the driver; otherwise, it is shown in green to indicate a safe state. This mechanism can
be executed within the millisecond range, providing real-time collision risk alerts and
enhancing driving safety.
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Figure 3. Collision judgment mechanism.

3. Experiments and Results
3.1. Dataset

To objectively evaluate the performance of the proposed system and ensure compa-
rability with other studies, this work adopts the KITTI Vision Benchmark Suite as the
experimental dataset. KITTI is widely regarded as the gold standard in autonomous driv-
ing research and was jointly established by the Karlsruhe Institute of Technology (KIT)
in Germany and the Toyota Technological Institute at Chicago (TTI-Chicago). It provides
comprehensive multi-modal sensing data with the following characteristics:

• Sensor Data: Includes high-resolution and precisely calibrated grayscale and color
stereo camera images, Velodyne 3D LiDAR point clouds, and GPS/IMU positioning
data. These multimodal data make KITTI highly authoritative for research in object
detection, depth estimation, and localization.

• Annotations: Provides high-quality 3D object bounding boxes generated from LiDAR
data, serving as reliable ground-truth labels for evaluating detection and distance
estimation performance.

• Diverse Scenarios: Covers a wide range of driving environments, including urban
streets, rural roads, and highways, enabling comprehensive assessment of algorithm
generalization across different scenarios.

• Given its high-quality imagery, precise annotations, and diverse driving conditions,
KITTI serves as an ideal benchmark to validate the feasibility and reliability of the
proposed system in real-world scenarios.

3.2. Implementation Details

All detection results were evaluated following the official KITTI benchmark protocol,
using the standard train/validation/test splits, Intersection-over-Union (IoU) thresholds
(mAP@0.5 and mAP@[0.5:0.95]), and the three difficulty levels (Easy, Moderate, and Hard).

To ensure statistical reliability, each experiment was independently repeated five times,
and 95% confidence intervals were computed for all mAP values.

To facilitate reproducibility, the experimental environment and implementation set-
tings are detailed as follows:

• Hardware Platform: All experiments were conducted on a workstation equipped with
an NVIDIA GeForce RTX 3080 GPU, an Intel Core i9-10900K CPU, and 64 GB of RAM,
providing sufficient computational power for efficient processing of large-scale data.

• Software Environment: The system was implemented in Python 3.8, integrating
PyTorch 1.10 and OpenCV 4.5 to enable efficient combination of deep learning models
with traditional image processing algorithms.

• YOLOv8n Training Strategy: A cosine annealing scheduler was employed to stabilize
convergence and prevent overfitting. Input images were resized to 640 × 640 px, and a
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batch size of 16 was adopted. Data augmentation strategies included random flipping,
scaling, mosaic augmentation, and color jittering to enhance model generalization.

• SGBM Parameter Tuning: In this study, the SGBM (Semi-Global Block Matching)
depth estimation module as Figure 4, was not used with default settings but was
systematically tuned and validated. Specifically, a combination of grid search and
manual fine-tuning was employed, and the final configuration was as follows:

1. blockSize = 5: Defines the matching window size, achieving a balance between
detail preservation and stability.

2. P1 = 8 × 3 × 52, P2 = 32 × 3 × 52: Control the disparity smoothness penalties.
A larger P2 improves overall disparity map smoothness but may blur depth
discontinuities at object boundaries.

3. uniquenessRatio = 10: Filters out low-confidence matches, reducing erroneous
estimations.

4. speckleWindowSize = 100, speckleRange = 32: Effectively remove isolated noise
regions, improving the stability of disparity maps.

 

Figure 4. Semi-Global Block Matching.

During parameter tuning, the KITTI dataset was used as the primary reference, with
LiDAR range data serving as the validation standard. Evaluation metrics included Root
Mean Square Error (RMSE) and RS1R, quantifying the accuracy and robustness across
different parameter combinations. After extensive experiments, results showed that setting
blockSize = 5 provided the best balance between boundary preservation and disparity
smoothness, significantly enhancing the reliability of the collision warning module.

At present, the system’s collision-warning logic adopts a static threshold design,
relying solely on a fixed safety distance as the judgment criterion. While this method
demonstrates basic feasibility under normal conditions, it may cause false positives or
delayed warnings in high-speed driving or adverse weather scenarios. Future research
will focus on optimizing this design toward a dynamic adaptive threshold model, enabling
automatic adjustment based on vehicle speed, environmental conditions, and traffic context,
thereby improving practicality and reliability across diverse driving situations.

3.3. Evaluation Metrics

To comprehensively validate the effectiveness of the proposed system, three categories
of evaluation metrics were adopted:

• Object Detection Performance: The mean Average Precision (mAP) provided by the
official KITTI benchmark was used as the evaluation standard. Results are reported
under three difficulty levels (Easy, Moderate, Hard) to assess model performance
across scenarios of varying complexity.
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• Distance Estimation Accuracy: Root Mean Square Error (RMSE) and Mean Absolute
Error (MAE) were used to measure the deviation between the predicted distance and
ground truth, providing a direct indication of depth estimation accuracy.

• System Real-time Performance: The overall processing speed was measured in Frames
Per Second (FPS) to verify whether the proposed system meets the real-time require-
ments of in-vehicle applications.

Through these metrics, the system is comprehensively validated from the perspectives
of accuracy, robustness, and real-time performance, thereby demonstrating its practical
value in real-world traffic scenarios.

In addition to mAP, precision and recall were reported at the operational confidence
threshold (0.25) to evaluate false-positive and false-negative trade-offs critical for safety-
critical applications.

3.4. Experimental Results

The overall system achieves a consistent processing speed of 112 FPS, which includes
not only the YOLOv8n inference time but also the computational overhead from SGBM
disparity calculation, data fusion, and collision judgment logic, thereby fully satisfying the
real-time requirements for in-vehicle applications.

Table 3 compares the detection performance of YOLOv5s, YOLOv7-tiny, and YOLOv8n
on the KITTI validation set under three levels of difficulty (Easy, Moderate, Hard). It can
be observed that YOLOv8n achieves the highest mean Average Precision (mAP) values—
98.3%, 89.1%, and 88.4%, respectively—consistently outperforming both YOLOv5s (88.1%,
78.7%, 69.5%) and YOLOv7-tiny (93.5%, 83.9%, 79.6%).

Table 3. Vehicle detection performance on the KITTI dataset (mAP@0.7 IoU).

Model Easy Moderate Hard Model Size (MB) FPS

YOLOv5 88.17% 78.70% 69.45% 14.6 98

YOLOv7-tiny 93.52% 83.94% 73.62% 12.3 106

YOLOv8n 98.3% 89.1% 88.4% 4.5 112

Notably, YOLOv8n shows the greatest advantage in the Hard scenario, indicating
stronger robustness in complex conditions such as long-range detection, partial occlusion,
and low visibility.

In terms of computational efficiency, YOLOv8n not only reduces the model size to
4.5 MB (compared with YOLOv5s’ 14.6 MB and YOLOv7-tiny’s 12.3 MB) but also achieves
a real-time inference speed of 112 FPS, significantly higher than YOLOv5s (98 FPS) and
slightly faster than YOLOv7-tiny (106 FPS). These results highlight that YOLOv8n attains
the most favorable trade-off between accuracy, speed, and model compactness, making it
the most practical and deployment-friendly choice for real-time vehicle detection tasks on
resource-constrained embedded platforms.

As shown in Table 4, when the vehicle distance is within 0–30 m, the system achieves
a Mean Absolute Error (MAE) of only 0.45 m and a Root Mean Square Error (RMSE) of
0.62 m, indicating highly accurate estimation in close-range scenarios. In the 30–60 m range,
both MAE and RMSE increase to 1.21 m and 1.85 m, respectively, reflecting a slight decline
in accuracy but remaining within an acceptable margin. Notably, regardless of distance, the
system consistently maintains a processing speed of 112 FPS, demonstrating its capability
to meet real-time in-vehicle application requirements.



Electronics 2025, 14, 4275 11 of 20

Table 4. Distance estimation errors and system processing speed.

Distance Mean Absolute Error (MAE) Root Mean Square Error (RMSE) FPS

0–30 m 0.45 m 0.62 m 112 FPS

30–60 m 1.21 m 1.85 m 112 FPS

Furthermore, to better evaluate the deployment performance, precision and recall
metrics were calculated for YOLOv8n at the operational confidence threshold of 0.25, as
summarized in Table 5. The results indicate that YOLOv8n achieves a well-balanced trade-off,
maintaining high recall for critical object detection while keeping the false positive rate low.
This balance demonstrates strong practicality and safety for real-time in-vehicle applications.

Table 5. Precision, recall, and mAP performance of different YOLO models at the deployment
confidence threshold (0.25) on the KITTI dataset.

Metric YOLOv5s YOLOv7-Tiny YOLOv8n

Precision (%) 90.2 93.1 94.5

Recall (%) 87.8 91.2 94.0

mAP@0.5 (%) 88.2 93.5 98.3

mAP@[0.5:0.95] (%) 70.4 78.6 89.1

It can be observed in Figure 5 that all models exhibit reduced accuracy at longer
distances due to image degradation and diminished feature contrast. Among the three
models, YOLOv8n consistently achieves the highest accuracy and lowest error rates in both
near- and mid-range scenarios (0–30 m and 30–60 m), reflecting its superior robustness and
generalization capability.

 
Figure 5. Confusion matrices of YOLOv5s, YOLOv7-tiny, and YOLOv8n for vehicle detection
across different distance ranges (0–30 m and 30–60 m). Each subfigure illustrates the classification
performance between Car and Non-Car categories, where the horizontal axis represents the predicted
label and the vertical axis denotes the ground truth. The diagonal cells indicate correct classifications,
while the off-diagonal cells correspond to false predictions.
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In contrast, YOLOv5s shows the most noticeable performance drop at longer distances,
while YOLOv7-tiny provides moderate improvement over YOLOv5s but remains inferior
to YOLOv8n.

Overall, the results confirm that the proposed system benefits from the lightweight
yet high-precision characteristics of YOLOv8n, making it the most suitable for real-time
embedded vehicle detection applications.

The system was tested on a representative scene from the KITTI dataset, and the output
results are shown in Figure 6. The left image illustrates vehicles detected by YOLOv8n,
where bounding boxes are color-coded based on the estimated distance: green indicates
a safe following distance, while red highlights potential collision risks. This annotation
method provides drivers with clear and intuitive warnings in real time, facilitating rapid
assessment of the current traffic situation.

(a) (b) 

Figure 6. (a) Vehicle detection and collision warning results, where bounding boxes are color-
coded according to estimated distance (green: safe; red: potential collision risk); (b) Disparity map
generated by the SGBM algorithm, where warmer colors indicate closer objects and cooler colors
indicate farther distances.

The right image presents the disparity map generated by the SGBM algorithm. Warmer
colors indicate objects closer to the camera, whereas cooler colors represent farther distances.
It can be observed that the contours of the preceding vehicles are clearly distinguishable,
with smooth boundary transitions. This demonstrates that SGBM maintains stable outputs
even in low-texture regions, effectively capturing depth information in the scene and
providing a reliable foundation for subsequent 3D localization and distance estimation.

Moreover, the comparison between the left and right images highlights the comple-
mentary nature of 2D detection and 3D depth estimation: YOLOv8n rapidly identifies
and localizes vehicles in 2D space, while SGBM supplies fine-grained depth informa-
tion. When combined, the system not only confirms the presence of vehicles but also
accurately estimates their distance from the ego-vehicle, thereby enabling robust collision
warning functionality.

3.5. Comparative Baseline Analysis

To further benchmark the proposed hybrid system against representative alternatives,
two additional baselines were implemented and evaluated under identical KITTI settings:

(1) YOLOv5 + SGBM, to quantify improvements over earlier CNN-based designs;
(2) MobileStereoNet-Small, a lightweight end-to-end deep stereo model.

In addition, a series of lightweight detectors—EfficientDet-Lite, MobileNet-SSD,
YOLOv5s, YOLOv7-tiny, YOLOv8n, and a Transformer-based RT-DETR-R18—were tested
to analyze accuracy–speed trade-offs on the same dataset.
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All methods were evaluated using the same image resolution (1024 × 512), iden-
tical hardware environment, and consistent evaluation metrics (mAP@0.7, FPS, MAE,
and RMSE). Among these, EfficientDet-Lite provides a representative benchmark for
mobile-optimized convolutional detectors, offering moderate accuracy with lower compu-
tational load.

The results summarized in Table 6 and visualized in Figure 7 demonstrate that the
proposed YOLOv8n + SGBM framework achieves the optimal balance between accuracy,
robustness, and real-time performance. Compared with YOLOv5 + SGBM, it improves
mAP by 9.6% under the Hard scenario and increases inference speed by 26%.

Table 6. Comparative performance of the proposed YOLOv8n + SGBM and representative baseline
models on the KITTI dataset.

Model/Framework Detection mAP (Moderate) Depth MAE (m) Depth RMSE (m) FPS Model Size (MB)

MobileStereoNet-Small 80.2 1.21 2.10 61 38

MobileNet-SSD + SGBM 77.6 1.05 1.58 118 6.7

EfficientDet-Lite + SGBM 83.1 0.91 1.36 112 7.9

YOLOv5 + SGBM 79.5 0.93 1.42 98 14.6

YOLOv7-tiny + SGBM 85.3 0.87 1.33 106 12.8

YOLOv8n + SGBM
(Proposed) 89.1 0.62 1.05 124 4.5

RT-DETR-R18 + SGBM 90.4 0.59 0.97 48 21

 

Figure 7. Accuracy–speed trade-off comparison of detection frameworks on the KITTI dataset. The
proposed YOLOv8n + SGBM achieves the best balance between accuracy and real-time performance
among all tested lightweight and transformer-based models.

While Transformer-based RT-DETR-R18 achieves slightly higher accuracy, its latency
(48 FPS) is far below the real-time threshold required for embedded deployment. These
findings confirm that the hybrid YOLOv8n + SGBM configuration provides the most
practical trade-off for automotive applications, combining high precision and low computa-
tional cost.
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3.6. Hardware Deployment and Performance Validation

To further verify the deployability and real-world feasibility of the proposed collision-
warning system, the complete pipeline was implemented on the NVIDIA Jetson AGX
Orin (32 GB), an automotive-grade System-on-Chip (SoC) widely adopted in advanced
driver-assistance and autonomous-driving research.

This platform integrates a 2048-core Ampere GPU and 64 Tensor Cores, providing
high computational throughput with moderate power consumption.

The entire framework—including YOLOv8n inference, SGBM disparity computation,
data-fusion, and collision-judgment logic—was executed in real time using the same
software stack described in Section 3.2.

Under the default operating mode (30 W power limit,1024 × 512 input resolution), the
system achieved an average throughput of 124 FPS, maintaining stable operation without
thermal throttling.

Peak power consumption was 32 W, and total memory usage remained below 2.3 GB,
confirming that the hybrid architecture can be efficiently deployed on embedded automo-
tive hardware without external GPUs.

A detailed performance summary is provided in Table 7, which also includes results
from the desktop CPU environment for comparison.

Table 7. Hardware performance comparison between desktop CPU and embedded Jetson AGX Orin
platforms for the proposed YOLOv8n + SGBM collision-warning system.

Platform Processor/SoC Avg FPS Power (W) Memory Usage (GB)

Desktop CPU i9-10900K 83 78 2.2

Jetson AGX Orin (32 GB) 2048-core Ampere GPU + 64 Tensor Cores 124 32 2.3

The proposed system demonstrates a 4.8× improvement in energy efficiency (FPS/W)
relative to a CPU-only baseline, bridging the gap between laboratory-level experiments
and real-world embedded deployment

These findings validate that the YOLOv8n + SGBM framework is not only theoretically
effective but also practically executable within the computational and thermal constraints
of modern in-vehicle systems.

4. Cross-Dataset Generalization and Failure Case Analysis
To evaluate cross-dataset generalization, the system was additionally tested on

BDD100k, Cityscapes, and ACDC datasets.
Table 8 shows consistent performance across domains and confirming strong general-

ization capability. Representative success and failure cases under diverse conditions are
illustrated in Figures 8–11.

Table 8. Cross-dataset generalization results of the proposed YOLOv8n + SGBM framework.

Dataset mAP (Moderate) Depth MAE (m) RMSE (m) FPS

KITTI 89.1 0.62 1.05 124

BDD100K 86.7 0.73 1.14 121

Cityscapes 87.4 0.69 1.09 120

ACDC 84.6 0.78 1.21 118

Average 86.95 0.71 1.12 120.8
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Figure 8. Detection and depth estimation failure under dense fog conditions. The low contrast and
strong light scattering from fog significantly degrade visual clarity, causing YOLOv8n to miss distant
vehicles and SGBM to generate unstable disparity estimations.

 
Figure 9. Failure case under shadowed low-light conditions.

 
Figure 10. Failure case under shadowed sun glare conditions.
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Figure 11. Failure case under severe occlusion. The bus in the foreground blocks most of the target
vehicle, causing YOLOv8n to miss the detection and preventing the collision-warning system from
generating an alert.

Although the proposed YOLOv8n and SGBM integrated system demonstrates out-
standing detection and depth estimation performance on the KITTI dataset, it may still fail
under certain extreme conditions. To present a complete picture of the system’s applicability
and potential improvements, this section analyzes several representative failure cases.

• Adverse Weather (Heavy Rain or Dense Fog)

In rainy or foggy environments, image clarity is often severely degraded, which signif-
icantly reduces YOLOv8n’s feature extraction capability and consequently lowers detection
accuracy. At the same time, SGBM struggles to stably match pixel pairs in such low-contrast
scenes, leading to noisy disparity maps and inaccurate distance estimation. This highlights
the limited reliability of vision-only approaches under adverse weather conditions.

As shown in Figure 8, dense fog significantly reduces overall image visibility and
contrast, obscuring lane boundaries, vehicle contours, and traffic signs.

In such low-visibility conditions, the YOLOv8n detector suffers from weakened feature
extraction due to the lack of high-frequency texture information, leading to unstable or
missed detections for distant vehicles.

Meanwhile, the SGBM module experiences matching ambiguity in homogeneous fog
regions, producing noisy disparity maps and inaccurate depth estimation.

As a result, the system occasionally triggers false collision warnings (red bounding
boxes) due to degraded depth reliability in these low-contrast scenes, even when the actual
distance remains safe.

Early studies addressed this challenge primarily through image preprocessing. For
instance, He et al. (2010) proposed the classical Dark Channel Prior (DCP) [15], which
restores visibility by estimating the transmission map and atmospheric light. While such
methods are effective in enhancing image quality, they remain external to the detection
pipeline and often introduce additional computational overhead.

Recent research, however, has shifted toward deep integration of weather-robust
designs into detection models themselves. The YOLOv8-STE model [16] incorporates a
Swin Transformer module within the YOLOv8 framework, leveraging its strong feature-
capturing capability to directly mitigate weather-induced degradation. Similarly, D-
YOLO [17] adopts a dual-path architecture, jointly processing blurred inputs and deblurred
features to improve robustness in foggy or rainy scenes. Along the same line, Kumar
and Muhammad [18] proposed another variant of YOLOv8 tailored for adverse weather,
where data merging techniques are applied to better exploit complementary feature rep-
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resentations, thereby further enhancing detection robustness under challenging visibility
conditions. Another emerging direction is transfer learning on specialized datasets such as
ACDC, which include a wide variety of adverse weather conditions. This strategy enhances
generalization by exposing models to diverse environmental degradations during training.

• Extreme Illumination (Strong Glare or Low-Light at Night)

Under extreme lighting conditions, vehicle-mounted images may suffer from various
forms of degradation. In strong sunlight, glare can cause local overexposure, making it
difficult for YOLOv8n to extract reliable features. At night or in low-light conditions, images
often appear too dark, reducing detection accuracy. For SGBM, low brightness diminishes
texture distinctiveness, lowering the stability and reliability of disparity estimation.

As illustrated in Figure 9, the black vehicle on the left side of the road is located
in a deep shadow region. Due to insufficient illumination and low contrast against the
surrounding pavement, the detector fails to identify it, resulting in no bounding box being
generated. Consequently, the collision-warning system does not issue an alert for this
vehicle, even though it is within the same lane and relatively close.

Under extreme lighting conditions, direct sunlight can create strong glare and localized
overexposure in the captured images. The excessive brightness saturates pixel values near
the light source, resulting in significant information loss and texture flattening.

As illustrated in Figure 10, the bright glare from the setting sun causes severe overex-
posure in the center of the frame, overwhelming the visual sensor and reducing feature
contrast for distant vehicles. In this scenario, the YOLOv8n detector misinterprets the
bright reflection on the road surface as a potential object, generating a false collision alert
with red bounding boxes.

Several solutions have been proposed. High Dynamic Range (HDR) imaging can
improve overall image quality under overexposure and underexposure, mitigating lighting
variations. Data augmentation strategies, such as synthesizing night images or simulating
glare effects, can enhance model robustness against different lighting conditions. More-
over, Zhang et al. (2021) proposed the KinD algorithm [19], which effectively improves
brightness and contrast in low-light images, demonstrating the feasibility of enhancing
image inputs prior to detection. In addition, Xu et al. (2020) [20] introduced a frequency-
based decomposition-and-enhancement framework that jointly addresses illumination
restoration and noise suppression, achieving state-of-the-art performance on real low-light
datasets. These studies confirm that advanced low-light image enhancement methods
can provide more reliable inputs for vehicle detection and stereo depth estimation under
extreme lighting conditions.

• Severe Occlusion (Exceeding a Certain Ratio)

In real-world traffic scenarios, when a vehicle ahead is partially blocked by large
vehicles or obstacles and the occlusion ratio exceeds a certain threshold (e.g., over 60%),
YOLOv8n may fail to output stable bounding boxes. Likewise, SGBM’s disparity estimation
deteriorates due to insufficient visible regions, resulting in malfunctioning collision warn-
ings. This highlights the inherent limitation of single-frame vision under severe occlusion.

As shown in Figure 11, the large bus in the foreground almost completely obscures
the smaller vehicle ahead, leaving only a small portion of the target visible.

Due to the limited observable area, the detector cannot confidently identify the par-
tially hidden object, and consequently, the collision-warning system fails to issue any alert.

Earlier approaches attempted to mitigate this issue by leveraging temporal informa-
tion or tracking algorithms. For instance, Wojke et al. (2017) introduced the DeepSORT
algorithm [21], which combines appearance features with association metrics to maintain
tracking stability even during partial or temporary occlusions. While effective, such clas-
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sical trackers are often limited in handling complex occlusion scenarios with fluctuating
detection confidence.

Recent advances in multi-object tracking (MOT) research have provided more robust
solutions. A representative example is ByteTrack [22], which introduces the key innovation
of associating even low-confidence detection boxes to maintain trajectory continuity. This
design enables the tracker to preserve object trajectories when detections drop in confidence
due to temporary occlusion or sensor noise. Building upon this foundation, subsequent
improvements have further enhanced ByteTrack’s robustness. For example, a modified
Kalman filter has been proposed, in which the state vector directly estimates object width
and height rather than aspect ratio, better modeling nonlinear vehicle motion under oc-
clusion and varying viewpoints. Additionally, Gaussian Smoothing Interpolation (GSI)
has been integrated to fill gaps in trajectories when detections are missing, significantly
improving tracking continuity and stability.

5. Conclusions
This study presents an in-vehicle collision warning system that strategically integrates

YOLOv8n for 2D object detection and SGBM for 3D depth estimation, achieving a bal-
anced trade-off between real-time performance, detection accuracy, and computational
efficiency under resource-constrained environments. Through a modular design, the pro-
posed framework effectively combines lightweight deep learning-based perception with
classical stereo vision techniques to deliver a deployable and robust solution for intelligent
driving assistance.

Experimental evaluations on the KITTI dataset demonstrate that YOLOv8n consis-
tently outperforms YOLOv5 and YOLOv7-tiny across all difficulty levels, exhibiting su-
perior detection precision, faster inference speed, and a significantly smaller model size.
Meanwhile, SGBM provides low-error and stable depth estimation at short to mid-range
distances, ensuring accurate and timely collision assessment. The additional cross-dataset
and on-hardware validation further confirm the system’s robustness and real-world de-
ployability on embedded platforms.

Despite these promising results, several limitations remain in challenging environ-
ments such as adverse weather, extreme illumination, and heavy occlusion, where visual
detection and stereo matching may degrade. These issues expose the inherent constraints of
vision-only systems and point toward potential directions for further improvement. Future
research will therefore focus on two main aspects:

1. Sensor Fusion for All-Weather Robustness: To overcome the limitations identified
in adverse weather, future work will integrate the vision-based system with com-
plementary sensors such as LiDAR or radar, enabling robust perception even under
low-visibility conditions.

2. Advanced Tracking for Occlusion Handling: To address severe occlusion scenarios,
we plan to incorporate state-of-the-art multi-object tracking algorithms, such as an
improved ByteTrack with advanced motion models, to maintain stable trajectories
even when detections are temporarily lost.

In conclusion, this research not only verifies the effectiveness, efficiency, and scalability
of the YOLOv8n–SGBM hybrid framework but also demonstrates its deployment-readiness
for real-world vehicular systems. The proposed approach provides a practical pathway
toward low-cost, real-time, and reliable collision warning, offering substantial potential for
next-generation intelligent driving and autonomous perception applications.
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