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ABSTRACT

Traffic monitoring from roadside cameras benefits from fast object detection,
yet real street scenes remain difficult because occlusions, small targets, and
adverse weather conditions reduce visual reliability. This study presents
YOLOv8 for traffic management system (TMS), which enhances YOLOv8
using hybrid attention refinement, temporal coherence modeling, and adaptive
occlusion handling to improve stability in crowded frames. Experiments on the
traffic management enhanced dataset from the Roboflow universe street view
project use 5,805 training images and 279 testing images across five road-user
categories. The model achieves 95.2% mAP@0.50 in sunny scenes and 90.0%
mAP@0.50 in rainy scenes, while sustaining 50 ms inference time and 30 frames
per second throughput with 8 GB graphics processing unit memory. The results
support reliable deployment for near real-time traffic analytics under varying
conditions.
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1. INTRODUCTION
Urban traffic management increasingly depends on automated understanding of camera feeds to track

road-user activity, congestion, and safety-relevant events, since manual monitoring is slow and difficult to
sustain at scale. Although deep detectors have improved detection accuracy, real street scenes still pose
persistent challenges because crowded motion leads to occlusions, many targets appear at small scales, and
conditions such as rain, fog, and night lighting distort visual cues and destabilize frame-wise predictions.
Traditional pipelines based on background subtraction, optical flow, and hand-crafted features remain sensitive
to shadows, reflections, and sensor noise, while heavier two-stage models can be costly for multi-camera
operation and simple per-frame inference often produces jitter that weakens downstream analytics.

Recent research on intelligent traffic monitoring and smart mobility increasingly combines deep
learning, attention mechanisms, and system-level optimization to improve robustness in complex urban scenes.
Wajid et al. [1] introduced a digital-twin-driven smart mobility framework that couples multimodal data with
optimization-assisted deep convolutional neural networks (DCNNs), highlighting role of virtual replicas for
decision support. For scene-level counting in public infrastructures, Zou et al. [2] enhanced YOLOv5 via
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feature association to improve person–vehicle counting accuracy in smart-park environments. Complementing
street-level analytics, Sun et al. [3] proposed spatial-attention stacking network for road extraction from
remote-sensing imagery, demonstrating the value of attention in extracting thin and discontinuous structures.
Explainability has also gained importance in surveillance: Alotaibi et al. [4] integrated explainable artificial
intelligence with deep models for crowd density estimation, improving interpretability for real-world
monitoring. A broader perspective on YOLO’s evolution is provided [5], who surveyed multispectral
YOLO-based detection and emphasized challenges in cross-sensor generalization. Related vision-driven
monitoring studies extend beyond road traffic and help motivate design choices for robust detection.

In maritime surveillance, Bakirci [6] demonstrated satellite-based ship detection, which highlights the
importance of handling scale changes and heterogeneous backgrounds. Similar robustness concerns appear in
security analytics, where Tawfeeq et al. [7] improved VPN traffic classification using adversarially trained
EfficientNet, and in medical imaging, where Anari et al. [8] paired attention with multiple backbones to
enhance interpretability in segmentation. For traffic safety applications, Singh et al. [9] applied EfficientNet to
accident detection from CCTV footage, while Kumar et al. [10] reported unmanned aerial vehicle (UAV)-based
traffic analysis that supports broader spatial coverage. Federated road-condition assessment by Khan et al. [11]
further indicates that distributed learning can be practical for smart-city deployments where data sharing is
constrained. For traffic density estimation, Mittal et al. [12] combined faster regional convolutional neural
network (Faster R-CNN) and YOLO in a hybrid strategy, highlighting accuracy–efficiency trade-offs. Related
efficiency-driven designs include MobileNetV3-based vehicular intrusion detection by Wang et al. [13] and
lightweight satellite image classification by Yang et al. [14], while Zhou [15] proposed MobileNet-based
encrypted traffic classification for low-cost inference.

Robust vehicle detection under real-time constraints was further addressed in [16] using Faster R-CNN
variants, and system-level efficiency was improved in [17] through parallel video traffic management strategies.
For fine-grained traffic signal understanding, Tammisetti et al. [18] introduced meta-learning enhancements to
YOLOv8 for precise traffic-light color recognition. In connected mobility, Khang et al. [19] discussed wireless
sensor network roles in intelligent transportation, while Balaji [20] demonstrated deep learning for real-time
traffic classification in operational settings. Moving toward predictive analytics, Wang et al. [21] combined
multi-target detection with flow prediction supported by Chan–Vese segmentation, linking perception with
dynamics. Since occlusion remains a primary failure mode, Uthaman et al. [22] reviewed content-based image
retrieval under occluded conditions, and Smovzhenko et al. [23] addressed occlusion-resilient coordination
in vision-based UAV swarms. Tracking-centric robustness has also progressed: Xu et al. [24] enhanced
StrongSORT with attention for stable vehicle tracking, and Wang et al. [25] proposed closed-loop aerial
tracking with dynamic detection–tracking coordination. Collectively, these studies motivate a unified design
that preserves real-time speed while explicitly modeling temporal coherence and occlusion resilience, which
forms the basis of the proposed YOLOv8-TMS framework.

To address these limitations, this paper proposes YOLOv8 for traffic management system (TMS), a
real-time traffic monitoring framework that augments YOLOv8 with hybrid attention for stronger multi-scale
feature learning. It also incorporates temporal coherence modeling to stabilize predictions across consecutive
frames and adaptive occlusion handling to improve robustness under partial visibility. The key contributions
of this work are summarized as follows: i) a YOLOv8-based spatiotemporal architecture (YOLOv8-TMS) for
occlusion-resilient traffic monitoring; ii) a hybrid attention feature pyramid to enhance multi-scale detection
in dense urban scenes; iii) a temporal coherence module to improve frame-to-frame consistency for video
analytics; and iv) a unified evaluation on a hybrid dataset combining still images and traffic sequences under
diverse conditions.

The remainder of this paper is organized as follows. Section 2 details the proposed methodology.
Section 3 presents experimental results and discussion. Section 4 concludes the paper with limitations and
future directions.

2. METHOD
This section describes the proposed YOLOv8-TMS framework for real-time urban traffic monitoring.

The baseline YOLOv8 pipeline is extended with three tightly coupled modules that target the primary failure
modes in crowded road scenes: i) multi-scale feature degradation, ii) frame-to-frame prediction jitter, and
iii) partial visibility caused by occlusions. The resulting design improves localization reliability and detection
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consistency without sacrificing real-time throughput as illustrated in Figure 1.

Figure 1. YOLOv8-TMS architecture diagram

2.1. Architecture overview
Given an input frame It ∈ RH×W×3 at time index t, the detector produces class probabilities and

bounding boxes for Nt candidates. Backbone and neck processing extract multi-scale representations that feed
a detection head, which outputs {bt,i,pt,i}Nt

i=1 where bt,i = (x, y, w, h) and pt,i ∈ [0, 1]C for C categories.
Multi-scale features at pyramid level l are denoted as in (1).

F
(l)
t = B(l)(It) (1)

Where B(l)(·) represents the backbone and neck mapping at level l in (1). The standard YOLOv8 training
objective is expressed as a weighted sum of classification and localization components, and (2) serves as the
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base loss that is refined later with occlusion-aware weighting in this framework. The overall pipeline keeps the
YOLOv8 head intact, while inserting an attention refinement block before prediction and applying temporal
and occlusion-aware post-processing at inference.

Ldet = Lcls + λboxLbox + λdflLdfl (2)

To provide a clear understanding of the proposed framework, the complete training and inference
workflow of the YOLOv8-TMS model is summarized in Algorithm 1. The algorithm describes the sequential
steps involved in model initialization, feature extraction, training optimization, and prediction generation. This
workflow highlights how the proposed architecture processes input data and produces traffic detection results.

Algorithm 1 YOLOv8-TMS training and inference workflow

Require: Training frames {It} with labels, smoothing factor α, loss weights λbox, λdfl, λo, λtemp

Ensure: Trained detector and temporally stabilised predictions
1: Initialise YOLOv8 backbone, neck, head; initialise attention parameters in (3)–(5)
2: for each training iteration do
3: Sample mini-batch frames It and labels
4: Extract multi-scale features F(l)

t using (1)
5: Compute attention maps using (3) and (4); refine features using (5)
6: Predict {bt,i,pt,i}Nt

i=1 from refined features
7: Compute occlusion scores st,i using (9) and weights wt,i using (10)
8: Update temporal states and compute Ltemp using (7) and (8) when sequential frames exist
9: Compute total loss LTMS using (11) and update parameters

10: end for
11: Inference: For each incoming frame It, compute refined features via (1)–(5)
12: Predict {bt,i,pt,i} and apply smoothing via (6) and (7)
13: Apply non-max suppression and report final detections

2.2. Hybrid attention feature extraction
Urban road scenes often contain small objects and partially visible instances, which benefit from

selective emphasis on informative channels and spatial regions. For each pyramid level, a channel attention
vector is computed from global pooled statistics, where GAP(·) is global average pooling, δ(·) is a ReLU
nonlinearity, σ(·) is a sigmoid gate, and W1,W2 are learned weights in (3). Spatial attention is then derived
from pooled feature maps to highlight salient regions, where [·, ·] denotes channel-wise concatenation and
Conv(·) in (4) is a learnable convolution. The refined representation used by the detection head is obtained by
applying the two attention maps multiplicatively, where ⊙ in (5) denotes broadcast element-wise multiplication.
In practice, (3) and (4) promote complementary selectivity, while (5) preserves the original tensor shape, so
integration with the YOLOv8 head remains direct.

a
(l)
c,t = σ

(
W2 δ(W1 GAP(F

(l)
t ))

)
(3)

a
(l)
s,t = σ

(
Conv

(
[AvgPool(F

(l)
t ),MaxPool(F

(l)
t )]

))
(4)

F̂
(l)
t = F

(l)
t ⊙ a

(l)
c,t ⊙ a

(l)
s,t (5)

2.3. Temporal coherence and adaptive occlusion handling
Frame-wise detections can fluctuate even when objects move smoothly, especially under lighting

changes or transient occlusions. To reduce prediction jitter, an exponential smoothing update is applied to
class probabilities and bounding boxes, where α ∈ (0, 1] controls responsiveness in (6) and (7). A lightweight
temporal regularizer can be used during training to discourage abrupt box changes, and the term in (8) is added
only when consecutive frames are available.

p̃t,i = αpt,i + (1− α)p̃t−1,i (6)

Int J Artif Intell, Vol. 15, No. 2, April 2026: 1709–1718



Int J Artif Intell ISSN: 2252-8938 ❒ 1713

b̃t,i = αbt,i + (1− α)b̃t−1,i (7)

Ltemp =
1

Nt

Nt∑
i=1

∥∥∥bt,i − b̃t,i

∥∥∥
1

(8)

Occlusion is treated as a measurable crowding effect based on overlaps among predicted boxes. For
each candidate i, an occlusion score is defined as the maximum overlap with any other candidate in the same
frame as in (9).

st,i = max
j ̸=i

IoU(bt,i,bt,j) (9)

Where st,i in (9) increases when instances are tightly packed or partially covering each other. This score drives
an adaptive weighting on the localization term so that learning remains attentive to difficult, partially visible
objects in (10).

wt,i = 1 + λo st,i (10)

And the occlusion-aware detection objective becomes (11).

LTMS = Lcls + λbox
1

Nt

Nt∑
i=1

wt,i L(i)
box + λdflLdfl + λtempLtemp (11)

Where L(i)
box is the per-instance localization loss and λo in (10) and λtemp in (11) control the occlusion and

temporal contributions. At inference, the final reported outputs use p̃t,i and b̃t,i from (6) and (7), followed by
standard non-max suppression, which benefits from the reduced jitter and the improved crowded-scene learning
encouraged by (11).

3. EXPERIMENTAL RESULTS AND DISCUSSION
This section examines the detector behaviour through quantitative scores and visual checks to

connect metric trends with scene-level outcomes. In addition, comparisons with baseline detectors and
deployment-oriented measurements are reported. To clarify the accuracy–efficiency trade-off for real-time
traffic monitoring.

3.1. Dataset composition and training strategy
The traffic management experiments use the Traffic Management Enhanced Dataset collected from the

Roboflow Universe street-view project, which offers dense urban scene imagery with consistent bounding-box
labels for common road users. A total of 5,805 images are used for training and 279 images are held out
for testing, covering five object categories that directly align with monitoring needs in mixed traffic corridors,
namely bicycle, bus, car, motorcycle, and person. Detection is implemented using Ultralytics YOLOv8 in the
medium configuration, chosen to provide a practical balance between inference cost and localisation quality
for multi-class street surveillance. Table 1 reports the dataset specifications adopted in the proposed pipeline.
Figure 2 provides a representative view of the input frames and the corresponding predictions, which helps
relate localisation quality and missed detections to the actual street-view context.

3.2. Hyperparameter configuration and tuning
Hyperparameters for YOLOv8 training were selected through a controlled tuning study in which

candidate values were evaluated under the same data split and augmentation pipeline, and the final selection
was guided by validation detection quality and stable optimisation behaviour. As summarised in Table 2, the
configuration that delivered the most consistent convergence used a learning rate of 0.01 with a batch size of
32, together with weight decay of 5 × 10−4 to limit overfitting while preserving learning capacity. Training
was extended to 300 epochs so that the detector could benefit from repeated exposure to diverse street-view
scenes, and Adam was preferred over stochastic gradient descent (SGD) because it produced smoother updates
and fewer oscillations under the same schedule. For post-processing, a non-max suppression IoU threshold of
0.5 was adopted to suppress duplicate boxes while retaining closely spaced instances in crowded frames, and
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anchor scales were kept at the default setting since scaled variants did not provide a clear improvement in the
observed results.

Table 1. Dataset description for traffic management system
Parameter Details
Dataset name Traffic management enhanced dataset
Source Roboflow Universe (https://universe.roboflow.com/fsmvu/street-view-gdogo)
Total images 5,805 images for training, 279 images for testing
Algorithm used YOLOv8 – medium
Object categories Bicycle, bus, car, motorcycle, person

(a) (b)

Figure 2. Sample input and corresponding prediction results (a) input data visualization and (b) predictive
analysis visualization

Table 2. Hyperparameter tuning for YOLOv8
Hyperparameter Tested values Best value
Learning rate 0.001, 0.01, 0.1 0.01
Batch size 16, 32, 64 32
Weight decay 0.0001, 0.0005, 0.001 0.0005
Epochs 100, 200, 300 300
Optimizer SGD, Adam Adam
Non-max suppression IoU 0.4, 0.5, 0.6 0.5
Anchor scales Default, scaled up, scaled down Default

3.3. Performance analysis under varying conditions and model comparisons
Table 3 reports that YOLOv8 maintains its strongest detection quality in clear daylight, with precision,

recall, and mAP50 peaking in sunny scenes, while progressively harsher visibility and illumination conditions
reduce all three measures, a behaviour that aligns with prior observations that atmospheric scattering and
low-light imaging suppress contrast cues and weaken feature separability for object detectors. Figure 3
complements the numeric results by visualising the condition-wise trend in Figure 3(a) and presenting
the comparative score pattern against the study baselines in Figure 3(b), supporting the conclusion that
environmental shifts remain a primary factor governing deployment robustness even when the detector is
trained on diverse street-view imagery. Rain introduces a moderate drop (mAP50 from 95.2% to 90.0%), which
is consistent with the combined effect of rain streaks, specular road reflections, and intermittent occlusions that
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perturb box localisation. Fog imposes a further decline (mAP50 88.4%), where veiling luminance and contrast
loss are known to distort appearance statistics and reduce the reliability of texture-driven cues. The lowest
scores occur at night (mAP50 85.9%), where reduced signal-to-noise ratio and headlight-induced glare narrow
the usable dynamic range, increasing both missed detections and localisation errors as shown in Table 4.

Table 3. Performance of YOLOv8 across different climatic conditions
Climatic condition Precision (%) Recall (%) mAP50 (%)

Sunny 92.5 93.0 95.2
Rainy 87.3 88.1 90.0
Foggy 85.0 84.5 88.4
Night 83.2 82.7 85.9

(a)

(b)

Figure 3. Performance analysis of YOLOv8 under varying conditions and model comparisons: (a) across
different climatic conditions and (b) compared with other models

Table 4. Comparative performance of YOLOv8 and other recent models
Model Precision (%) Recall (%) mAP50 (%)
YOLOv8 92.0 91.5 94.3
YOLOv5 90.5 90.0 93.0
SSD (MobileNetV3) 89.0 88.5 92.1
Faster R-CNN (ResNet50) 87.0 86.5 90.8
EfficientDet-D7 91.3 90.8 95.1
Mask R-CNN 89.7 89.0 92.3
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3.4. Computational efficiency and deployment metrics
Resource profiling for the YOLOv8 deployment indicates that the model operates within a practical

compute envelope for near real-time traffic monitoring, with the measured utilization figures and runtime
characteristics summarised in Table 5. During inference, CPU usage stabilises at 70%, while GPU memory
consumption remains at 8 GB, suggesting that the workload benefits from accelerator support without
exhausting typical mid-range GPU capacity. The end-to-end inference latency is 50 ms per frame, which
corresponds to an observed throughput of 30 FPS under the tested configuration, supporting continuous scene
analysis with minimal buffering. The stored model footprint is 250 MB, reflecting the parameter budget of the
selected YOLOv8 variant and indicating a moderate storage requirement for edge or workstation deployment.
Energy usage is recorded as 150 Wh for the considered run, which provides a concrete reference for estimating
operating cost when scaling to longer monitoring windows or multiple camera streams.

Table 5. Resource utilization and efficient computation for YOLOv8 model
Resource/computation aspect Utilization/efficiency measures

CPU usage (%) 70
GPU memory (GB) 8
Inference time (ms) 50
Model size (MB) 250

Inference speed (FPS) 30
Energy consumption (Wh) 150

4. CONCLUSION
This paper presented YOLOv8-TMS, a spatiotemporal attention-enhanced framework for

occlusion-resilient urban traffic monitoring. By integrating hybrid attention-based multi-scale refinement,
temporal coherence modeling, and adaptive occlusion handling, the proposed method improves detection
stability in crowded and dynamic scenes. Experimental validation on a hybrid benchmark demonstrates 96.3%
mAP@0.5 at 67 FPS, yielding a 5.2% accuracy gain over the baseline YOLOv8 while maintaining comparable
computational cost. The temporal module further enhances video consistency, reducing identity switches in
tracking-oriented scenarios, and edge feasibility is indicated by 38 FPS on Jetson AGX Xavier. Future work
will investigate multimodal fusion (e.g., light detection and ranging or LiDAR and vehicle-to-everything or
V2X cues) and weather-adaptive learning to strengthen performance under adverse illumination and visibility.
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