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[Abstract]

In this paper, we proposes data preprocessing and augmentation techniques to enhance object detection
performance in traffic CCTV systems under various weather and illumination conditions. To overcome the
limitations of existing models, which exhibit degraded recognition rates in low-light and adverse weather
conditions, we introduce an optimization method for YOLOvS-based models by integrating class balancing,
CLAHE(Contrast Limited Adaptive Histogram Equalization), Gaussian blur, and specialized environmental
simulations. The proposed method resolves class imbalance through quality score-based downsampling and
ensures dataset diversity by simulating various scenarios such as rain, fog, and nighttime conditions. Experimental
results demonstrate that the proposed model achieved an Fl-score of 0.8792 and an mAP@0.5 of 0.5549,
representing a performance improvement of approximately 30.6% and 87.9%, respectively, compared to the
baseline model. These results indicate a significant enhancement in the system stability and generalization
capabilities required for real-time traffic monitoring environments. Consequently, this research is expected

to provide positive contributions to the advancement of smart city infrastructures and traffic safety systems.
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II. Preliminaries
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Fig. 2. Flowchart of the overall implementation and
experimental procedure for the proposed method
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Table 2. Performance comparison of models

Augmentation Normal
conf_thresh mAP_50 conf_thresh mAP_50
0.05 0.545 0.05 0.5762
0.1 0.545 0.1 0.5689
0.15 0.5405 0.15 0.5645
0.2 0.5405 0.2 0.5599
0.25 0.532 0.25 0.5549
0.3 0.5194 0.3 0.5549
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1. Baseline Model
1.1 Per-Class Training Results
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Table 3. Initial Model’s TP, FP, FN, AP, Precision, Recall, and F1-score by class

class TP FP FN AP Precision Recall F1-Score
Compact Car/Sedan 536 242 194 0.6447 0.6889 0.7342 0.7109
SUV/VAN 453 210 208 0.5676 0.6833 0.6853 0.6843
Truck 313 129 170 0.5876 0.7081 0.6480 0.6768
Bus(Small,Large) 106 12 66 0.6015 0.8983 0.6163 0.7310
Police Car 0 0 67 0 0 0 0
Tow Truck 33 135 68 0.2906 0.1964 0.3267 0.2454
Other Special Vehicles 358 144 117 0.6583 0.7131 0.7537 0.7329
Adult 198 135 141 0.5040 0.5946 0.5841 0.5893
Motorcycle 52 6 72 0.4435 0.8966 0.4194 0.5714
Traffic Cone 318 9 103 0.7223 0.9725 0.7553 0.8503
Other 0 0 69 0 0 0 0
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Table 4. Final Model’s TP, FP, FN, AP, Precision, Recall, and F1-score by class

class TP FP FN AP Precision Recall F1-Score

Compact Car/Sedan 644 115 86 0.8021 0.8485 0.8822 0.8650
SUV/VAN 61 153 50 0.8702 0.7997 0.9244 0.8575
Truck 435 69 48 0.8878 0.8631 0.9006 0.8815
Bus(Small,Large) 163 21 9 0.8973 0.8859 0.9477 0.9157
Police Car 66 2 1 0.9091 0.9706 0.9851 0.9778
Tow Truck 92 23 9 0.8641 0.8000 0.9109 0.8519
Other Special Vehicles 449 71 26 0.8924 0.8635 0.9453 0.9025
Adult 290 34 49 0.8107 0.8951 0.8555 0.8748
Motorcycle 110 8 14 0.8155 0.9322 0.8871 0.9091
Traffic Cone 351 24 70 0.8076 0.9360 0.8337 0.8819
Other 63 12 6 0.8761 0.8400 0.9130 0.8750

1.2 Test Results e
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Table 5. Comparison of key metrics by model

Configuration Ret_JaIanc GR:bl3] Augrnent mAP@0.5
ing Blur ation
Baseline - - - 0.2953
Test 1 v - - 0.3842
Test 2 v v - 0.4415
Test 3 (Final) v v v 0.5549

2.3 Test Results and Comparison of Models
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Table 6. Comparison of key metrics by model

Result Initial Final Gain (%)
Precision 0.6984 0.8602 +23.2%
Recall 0.6499 0.8990 +38.3.%
F1-score 0.6733 0.8792 +30.6.%
mAP@0.5 0.2953 0.5549 +88.0%

3. Comparison of Results under Environmental
Scenarios

F7te 2% g, Aok, @A, ¥ oM £7] =
23t 25 Relo] AR EX| Ang v
T2 mAP@0.50] 2]t Eh

Table 6. Detection Performance (mAP@0.5) by

Environmental Scenarios

Environment Normal Augmentation Gain (%)
Daytime 0.5146 0.5823 +13.2%
Sunset 0.3175 0.5312 +67.3%
Night 0.2475 0.5102 +106.1%
Rain 0.2183 0.489 +124.2%
Lightning 0.2841 0.534 +87.0%

3.1 Daytime Conditions
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Fig. 5. Comparison of Results in Daytime Conditions

3.2 Sunset Conditions
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Fig. 6. Comparison of Results in Sunset Conditions

3.3 Nighttime Conditions
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Fig. 7. Comparison of Results in Nighttime Conditions

3.4 Rainy Conditions
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Fig. 8. Comparison of Results in Rainy Conditions

3.5 Lightning Conditions
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2E 22 W 7

Fig. 9. Comparison of Results in Lightning Conditions

IV. Conclusions
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