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Potholes Detection Using DL and Area Estimation Using Image Processing

EX| 2N2|IS 2 & Xl: YOLOVS (L/M/S) & Faster R-CNN (ResNet50, VGG16, MoblleNetVZ MVGGl6)
& =H: IPM (Inverse Perspective Mapping) — JHH 2t & 2 2H = f
HEOIO| B Het 2 HI2Y 8fA HSY - S| HHAM AME

1
O
0%
1z

OPNI= N EIRAPN lg=: PRI
@ YOLOVSs —» LEE 2D

2 /
B IPMO 2 HE0I0| B B E (K2 B H)
@=|

@ 9H X-” j -I —$— "1' Al 2:' j:” /Ql- — /él X-” E E E. /QI' % : - Figure 5: Output comparison of Faster RCNN with ResNet50, VGG16 and MobileNetV2 ba
bone
Figure 4: Output comparison of YOLOVS small, medium and large models
ds 8t E ™ D YOLOVS Small — SE-HEE 28 24, AlA2HIHE
Metrics YOLOVv5S Faster RCNN
el =% 0|01 A 1&E 0.009F — 2F 111 FPS (& & ALAI2H) Y, Yo Ys ResNet50 VGG16 | Mobile-
(FPN) NetV2
& Xl =5 mAP@0.95 = 78.4% O] &t Precision (P) 86.43% | 86.96% | 76.73% | 91.9% | 69.8% | 63.1%
Training Loss 0.015 0.017 0.020 0.065 0.226 0.209
o - - Mean Average Precision | 63.43% | 61.54% | 58.9% | 64.12% | 35.3% 30.5%
HOIX X mAP (Mean Average Precision): Ct& St loU J|& S8 Y& (mAP @0.5-0.95)
. . —_ - = Inference speed
tll-/\ == Al IIT=E= =
Mean Precision: EAl 54 = &M ZES HIE Resolution (1774x2365) | 0.014s | 0.012s | 0.009s | 0.098s | 0.114s | 0.036s
. CALAIDF & =N 2| X SEA Resolution (204 x170) 0.018s | 0.013s | 0.009s | 0.065s 0.119s 0.032s
Inference Time / FPS: 2 AlZt =2 ZLIHE Rgd Training timefepoch | 26s | 16s | 12s | 124s | 173s | 80s
Total training time 31200s | 19200s | 14400s | 12400s 17300s | 8000s
Model Size (MB) 95.3 43.3 14.8 165.7 175.5 329.8

Table 2: Comparison of YOLOvVS5 and Faster RCNN performance
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Computer Visoin Based Pothole Detection under Challenging Conditions
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Figure 5. Pothole detection results in adverse conditions.

Precision: 2 & - ™.
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_ Image G 5 mAP@ mAP@ Inference
Recal: S - 224 0| &= A XNl EEE 0| € XI(False Negative) ~ Model Resolugion  Frecision Recall 0.5 [0.5:0.95] Speed
mAP: X0 Q2 B3I HO|AM HI RS BtA EFX| A= =8 HJ}  Yolov3 640 x 640 0.434 0.346 0.285 0.092 ~35 ms
640 x 640 0.789 0.512 0.563 0.202 ~35 ms
640 x 640 0.708 0.684 0.681 0.268 ~35 ms
640 x 640 0.713 0.751 0.747 0.314 ~35 ms
1080 x 1080 0.777 0.771 0.771 0.330 ~82 ms
Yolo v3-SPP 640 x 640 0.812 0.663 0.711 0.286 ~36 ms
1080 x 1080 0.821 0.700 0.791 0.354 ~84 ms
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Pothole Detection Using Deep Learning Under Low-Light Conditions
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Figure 8. Comparison of night model performance.

Table 1. Performance metrics of different computer vision models.

Model Title mAP50 mAP75 mAP50-95
_ _ YOLOV8 Nano 0.831 0.732 0.549
mAP(50-95): loU 0.5~0.95 H?| B — FX[- D) S&F It YOLOVS Small 0.840 0.724 0.604
. Ot >= x40 _ Bl A X )& O YOLOvV8 Medium 0.867 0.719 0.611
mAPS0/mAP75: 2t loU DI & B E (mAP7S 1= 5~ M & OB M 0867 07 ol
MEXC 3A J|=H D2 UH As stAZ =& 24 RTDERT 0.674 0.569 0.472
MobileNet 0.643 0.584 0.581
YOLOV10 0.842 0.754 0.641
YOLOv11 0.853 0.734 0.682
Our Modlel 0.88 0.791 0.72

(YOLOvV11+FPN+Crad-CAM)
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Generative Al Powered Shadow-Resilient Pothole Detection in AVs
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Fig. 6. Real-world evaluation of the YOLOv11n model for pothole detection.
The model successfully detects potholes even in the presence of shadows,
demonstrating its robustness to challenging lighting conditions.

Ref. GAN

Detection

Accuracy

Inference

Technique Algorithm (mAP@0.5) Time (ms)
Pre/Post-
Augmentation
ggggg’ 0.755 — 0.814, | N/A
(17] | MUNIT SR 0831 = 0.856,| 20
Modified | 5 g39 0867 | 286
YOLOVS : : :
YOLOvVS, | 0.30 — 0.46,
[18] | ESRGAN EfficientDet| 020 — 039 | VA
[19] | AsphaltGAN| YOLOVS 0201 — 0304 | N/A
[20] | WGAN-GP | YOLOv5s | 0.637 — 0.678 | N/A
YOLOVOt, | 0.794 — 0.875, | 44
YOLOvIOn,| 0.720 — 0.763, | 3.0
%“rk CycleGAN | yor0Oviin| 0831 — 0883, | 2.3
or YOLOvI2n| 0.747 — 0.787 | 3.9
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Pavement Condition Assessment using Smartphone Accelerometers
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Road Pothole Detection Based on Crowdsourced Data and Extended Mask R-CNN
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Fig. 7. Comparison of the results of our proposed model and the benchmark models for pothole segmentation. (Sub-figures (a) and (b) depict the missed
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XN CC
Models AP0_5 AP0_75 APS APM' APL
ResNet-50 0.885 0.685 0.365 0.538  0.661
ResNet-101 0.876 0.705 0.406  0.547  0.660
Swin-T 0.871 0.692 0.413 0515 0.648
Our proposed model  0.921 0.772 0.441 0.614 0.711
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Pothole Assessment Using Photogrammetry-Assisted CNN
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Table 9. mAP and loU for test data.

mAP Average loU of TP detections
Dataset-A 90.16% 94.7%
Dataset-B 96.21% 97.00
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ECC-YOLO with Deformable Convolution and Attention I\/Iechanis
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Figure 8 presents the prediction results of RT-DETR-r18, YOLOv11n,

and ECC-YOLO in typical road scenarios.

Table 4 Ablation Experiment Results.

numbe Precision/ Recall/ mAP@0.5/
Experiment

r % % %

1 YOLOvliln 82.8 65.4 72.8

2 YOLOv11n+C3k2DCY 80.5 63.5 72.3

3 YOLOv11n+CDFA 77.5 65.4 74.2
YOLOv11n+CDFA+ELA-

4 81.2 64.4 73.2
HSFPN
YOLOv11n+C3k2DCY+ELA-

5 84.5 67.9 74.2

HSFPN+CDFA
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Pixel-Level Pavement Distress Detection via Stereo Vision and DL
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Fig. 17. Typical pothole segmentation images.



Review of Recent Automated Pothole-Detection Methods
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