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[Abstract]

Potholes that occur on paved roads can have fatal consequences for vehicles traveling at high speeds

and may even lead to fatalities. While manual detection of potholes using human labor is commonly

used to prevent pothole-related accidents, it is economically and temporally inefficient due to the

exposure of workers on the road and the difficulty in predicting potholes in certain categories.

Therefore, completely preventing potholes is nearly impossible, and even preventing their formation is

limited due to the influence of ground conditions closely related to road environments. Additionally,

labeling work guided by experts is required for dataset construction. Thus, in this paper, we utilized the

Mean Teacher technique, one of the semi-supervised learning-based knowledge distillation methods, to

achieve robust performance in pothole image classification even with limited labeled data. We

demonstrated this using performance metrics and GradCAM, showing that when using semi-supervised

learning, 15 pre-trained CNN models achieved an average accuracy of 90.41%, with a minimum of 2%

and a maximum of 9% performance difference compared to supervised learning.

» Key words: Pothole detection, Semi-supervised learning, Knowledge distillation,

Mean Teacher technique, pre-trained models, transfer learning
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I. Introduction
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Fig. 1.

Example of a Pothole
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Table 1. Hyperparameters of Mean Teacher

Parameter Value

Classification Loss Function Cross-Entropy

Consistency Loss Function Mean Squared Error

Weight for Total Loss 0.2

Weight for EMA 0.95

2. Pothole Dataset
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Fig. 3. Examples of Pothole Detection Obstacle on Road
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Table 2. Dataset Distribution

Class Dataset Distribution
Training | Validation | Test | Total
Normal Zoom in 360 120 120 600
Dashcam 540 180 180 900
Pothole Zoom in 360 120 120 600
Dashcam 540 180 180 900

£ 9 B, 2ol 0} S0 Ao Exfoh} mEE
0] Y= =2 Normal Class2Z A9Jst¥ 0, Fig. 4=
Normal Classoll i3t ojlA|S Boizc}. E3t Aoj2a} 4
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Fig. 5. Examples of Pothole Class
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Table 3. Number of Dataset samples by Label Ratio

CNN 2F159) 458 wojatt

] e Number of Dataset samples
(LE[D2 E6 L LT EIE 26 Table 4. Supervised Learning Result - (20:80)
20 © 80 * 360 samples w/ label
' * 1,440 samples w/o label Model Accuracy | Precision | Recall | F1 Score
30 : 70 * 540 samples w/ label ShuffleNet 0.8183 0.8257 0.8183 0.8173
' * 1,260 samples w/o label EfficientNet 0.8067 0.8401 0.8067 0.8018
50 : 50 * 900 samples w/ label MobileNet 0.7717 0.7719 0.7717 0.7716
* 900 samples w/o label DenseNet121 0.7217 0.7220 | 0.7217 | 0.7216
100 : 0 * 0 samples w/ label ResNext-50 0.7000 0.7000 0.7000 0.7000
*+ 1,800 samples w/o label ResNet-101 0.6767 0.6950 | 0.6767 | 0.6689
InceptionV3 0.6717 0.6908 0.6717 0.6632
. . ResNext-101 0.6367 0.6720 0.6367 0.6170
3. Result of Supervised Learning Models MnasNet 06333 06485 | 06333 | 06237
_E_KIEQP% E%‘%ﬂ} }?5]% H]_ﬁy__ HOH D17(~] 7(]504-/‘; g RegNet 0.5983 0.7062 0.5983 0.5379
‘ L - DenseNet169 0.5767 0.5944 0.5767 0.5558
o]83F CNN Rd50] ZES 25 ndl=o] 5k dl /s ResNet-50 | 05033 | 04258 | 05033 | 0.3436
Hr1= xI8isteict. AF.E CNN 2ElS52 AlexNet[12], AlexNet 05000 | 0.2500 | 0.5000 | 0.3333
.. VGG-19 0.5000 0.2500 0.5000 0.3333
DenseNet121[13], DenseNet169[13], EfficientNet[14], VGG-16 0.5000 02500 | 05000 | 03333
InceptionV3[15], MnasNet[16], MobileNet[17], Total 0.6410 0.6162 | 0.6410 | 0.5882
RegNet[18], ResNet50[19], ResNet101[19],
Resnext50[20],  Resnext101[20],  ShuffleNet[21], Labeled data B]&0] 20%<%1 Hlo|EAlS °]-&3o A

VGG16[22], VGG19[22]12.2 & 157)0] S o] &390
o, Z& 222 ImageNetS 0|8t ARY efgd Rl
VRl %7] 74EAl2 ARttt Optimizere] 79
Adamg o]|8&stg o, stolHuletu]Ee] 7L Grid
Search A} Ir(Learning Rate)2 0.00057} 71 £-2 /4
58 ¥9F or, Loss Function2 Cross Entropy& At
gsloict. F242 HjRIAjo|x 16 7]E0 Fr] 1508 Al
oYstlot, Early Stoppings ©|&3sto] Aew
(Accuracy)2 71302 O A% U= CheckpointE
M5t ®351 Aeter} 7k MAas 71x] wdlso] 73

9 Loss?} F1 ScoreE o]85}0] 4912 L}-9jc} AlslS
Qe AFRE A&twel F1 Score?] 4A1L- D}Ej Fdyu

TP+ TN
TP+ FN+ FP+ TN

TP

(TP + FP)
TP

(TP + FN)

Precision X Recall
F1 = Seore = 2 % Precision + Recall @

(4)

Accuracy =

(5)

Precision =

Recall = (6)

241 (4), (5). (6)ll] AFgElE TP, TN, FN, FPo] 7
= 38 (Confusion Matrix)o|A] AFR-E= Q Ao|H,
7 Ao ds B7HE $oll AFEET Table 47E

7} Labeled data B8]89 T2 X|=5t45S o] &5t

ESSS 0]8519S mf  ShuffleNeto]
0.81830=% 7M1 £2 MH=2 Hoj3 on, EfficientNeto]
0.80672 7|55 &+ B2 £2 4d52 EoRTh H+

Accuracy+= 0.64100 2 HZES =S Hoj&r]

A= olE

rOl‘ o\:
(0]

Table 5. Supervised Learning Result - (30:70)

Model Accuracy | Precision | Recall | F1 Score
EffcientNet 0.8967 0.9007 0.8967 0.8964
ShuffleNet 0.8483 0.8655 0.8483 0.8465
MnasNet 0.8400 0.8514 0.8400 0.8387
DenseNet121 0.8383 0.8476 0.8383 0.8372
DenseNet169 0.8283 0.8297 0.8283 0.8282
ResNet-50 0.8200 0.8247 0.8200 0.8193
ResNet-101 0.8167 0.8176 0.8167 0.8165
MobileNet 0.7917 0.8419 0.7917 0.7837
InceptionV3 0.7900 0.7910 0.7900 0.7898
ResNext-101 0.7867 0.7871 0.7867 0.7866
ResNext-50 0.7733 0.7805 0.7733 0.7719

RegNet 0.6567 0.6915 0.6567 0.6403
AlexNet 0.5000 0.2500 0.5000 0.3333
VGG-16 0.5000 0.2500 0.5000 0.3333
VGG-19 0.5000 0.2500 0.5000 0.3333

Total 0.7458 0.7053 0.7458 0.7103
Labeled data H]-&°] 30%91 HJo|E{Al-S o]83to] A

Tol5E ol&sIRS Ml vlEo] 20% HlojEMlaks o
27 ShuffleNet®C} EfficientNeto] o =2 d52 B
o]Z9it}, EfficientNet2 Ag: 7|&07 0.89672 7|=
3t o, Labeled data Yl&2 20%7F ARESH

ShuffleNet®2 T} 2F 0.089] AE3FARS HojZ9ict
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Table 6. Supervised Learning Result - (50:50)

Teacher 25 7|9k CNN 2259 &5 U 45 B7Is
A1egstoict. AREEl CNN 252} stojmotulg], £7] 7}
ZA 59 S A=sse AY ey FYUsiy,
Table 82E] 117}X] 7t Labeled data H]&0f w2 ZX]
Tots2 olgst ONN 29359 ds5 Hoj&eh

Table 8. Semi-Supervised Learning Result - (20:80)

Model Accuracy | Precision | Recall | F1 Score

ShuffleNet 0.9150 0.9179 0.9150 0.9149
ResNet-50 0.9050 0.9083 0.9050 0.9048
MobileNet 0.8767 0.8768 0.8767 0.8767
EffcientNet 0.8733 0.8889 0.8733 0.8721
ResNext-50 0.8583 0.8639 0.8583 0.8578
DenseNet169 0.8450 0.8545 0.8450 0.8440
ResNet-101 0.8300 0.8379 0.8300 0.8290
MnasNet 0.8267 0.8278 0.8267 0.8265
DenseNet121 0.8233 0.8481 0.8233 0.8201
RegNet 0.8200 0.8214 0.8200 0.8198
InceptionV3 0.8200 0.8221 0.8200 0.8197
AlexNet 0.7367 0.7372 0.7367 0.7365
ResNext-101 0.6500 0.6696 0.6500 0.6396
VGG-16 0.5000 0.2500 0.5000 0.3333
VGG-19 0.5000 0.2500 0.5000 0.3333

Total 0.7853 0.7583 0.7853 0.7619

Labeled data 8]-€°0] 50%9! Ho|E|AlE o]&5}o] A=
&5-5 0]83h 74 0]= Hl&o] 20%<! dlo]EAlut FUst
A ShuffleNeto] 7P =2 Hol=oir},
EfficientNet2 A=te 7|02 0.8733& 7] =51 4HK|
2 =2 £0]2 HWol29l o0, ResNetb0xt, MobileNeto]
7+ 0.9050, 0.87672 7] 25tH Z43F A2 woi=oir}

Mo
oo =2

Table 7. Supervised Learning Result - (100:0)

Model Accuracy | Precision | Recall | F1 Score
EffcientNet 0.9667 0.9667 0.9667 0.9667
DenseNet121 0.9583 0.9592 0.9583 0.9583
ShuffleNet 0.9550 0.9577 0.955 0.9549
MobileNet 0.9517 0.9525 0.9517 0.9516
DenseNet169 0.9500 0.9502 0.9500 0.9500
ResNext-50 0.9500 0.9510 0.9500 0.9500
InceptionV3 0.9433 0.9436 0.9433 0.9433
ResNet-50 0.9383 0.9405 0.9383 0.9383
ResNext-101 0.9333 0.9340 0.9333 0.9333
MnasNet 0.9217 0.9268 0.9217 0.9214
ResNet-101 0.9133 0.9134 0.9133 0.9133
VGG-16 0.9017 0.9017 0.9017 0.9017
RegNet 0.8567 0.8577 0.8567 0.8566
AlexNet 0.7117 0.7137 0.7117 0.7110
VGG-19 0.4933 0.2483 0.4933 0.3304
Total 0.8896 0.8744 0.8896 0.8787

Labeled data 10| 100%¢] Glo|EJAIS o] 8510 ]
L3523 o852 o vl&o] 30%<! tlolefAlut 5
5} EfficientNeto] 7M =2 AML9 HoZR9)C}
EfficientNet2 0.96672] 452 B30 R k552 0]
8% 29 3 7Y s Aers skt
4. Results of Semi-Supervised Learning Models

ojuA|E o]§3t REE BE pUASo] Agsly nul

S FXEsksy pulso] ML dHwE 98] Mean

Model Accuracy | Precision | Recall | F1 Score

EffcientNet 0.9133 0.9136 0.9133 0.9133
MobileNet 0.8650 0.8680 0.8650 0.8647
InceptionV3 0.8333 0.8351 0.8333 0.8331
ResNet-101 0.8333 0.8437 0.8333 0.8321
ResNext-50 0.8317 0.8374 0.8317 0.8310
ResNext-101 0.8217 0.8225 0.8217 0.8216
DenseNet121 0.8167 0.8328 0.8167 0.8144
ResNet-50 0.8100 0.8107 0.8100 0.8099
DenseNet169 0.7967 0.7989 0.7967 0.7963
ShuffleNet 0.7800 0.7828 0.7800 0.7794
RegNet 0.6883 0.6982 0.6883 0.6844
MnasNet 0.5083 0.7521 0.5083 0.3516
AlexNet 0.5000 0.2500 0.5000 0.3333
VGG-19 0.5000 0.2500 0.5000 0.3333
VGG-16 0.5000 0.2500 0.5000 0.3333

Total 0.7332 0.7031 0.7332 0.6888

Labeled data ¥]&& 20%%t o]&ste] &A|wakSS
0]83191S 7L Astw 7|& EfficientNeto] 0.91332 7]
S5l 7MY =2 452 7ISSIH B3 AleslsE
&3t EfficientNety} BlwsIls 39 A 71 oF
0.110] ¢} =9ton, P A= e+ °F 0.099 2 29 7
ST AR

Table 9. Semi-Supervised Learning Result - (30:70)

Model Accuracy | Precision | Recall | F1 Score
EffcientNet 0.9150 0.9207 0.9150 0.9147
MobileNet 0.8883 0.8887 0.8883 0.8883
ResNext-50 0.8750 0.8750 0.8750 0.8750
DenseNet169 0.8700 0.8700 0.8700 0.8700
InceptionV3 0.8550 0.8593 0.8550 0.8546
ResNet-50 0.8500 0.8526 0.8500 0.8497
ResNet-101 0.8433 0.8433 0.8433 0.8433
ResNext-101 0.8400 0.8404 0.8400 0.8400
DenseNet121 0.8300 0.8348 0.8300 0.8294
ShuffleNet 0.8267 0.8320 0.8267 0.8260
MnasNet 0.7883 0.8466 0.7883 0.7790
RegNet 0.7833 0.7885 0.7833 0.7824
VGG-19 0.5000 0.2500 0.5000 0.3333
AlexNet 0.5000 0.2500 0.5000 0.3333
VGG-16 0.5000 0.2500 0.5000 0.3333
Total 0.7777 0.7335 0.7777 0.7435

Labeled data B]&©] 30%9! H|o|HAIS o] &3t FA]
E5H50] A AlwstaEr P e 7|E 9F 0.039
MEsFARS. "o =it} E35} EfficientNeto] 0.91509] A
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Table 10. Semi-Supervised Learning Result - (50:50)

Model Accuracy | Precision | Recall | F1 Score
EffcientNet 0.9117 0.9119 | 0.9117 0.9117
InceptionV3 0.8833 0.8883 | 0.8833 0.8830
ResNext-50 0.8817 0.8832 | 0.8817 0.8815
DenseNet121 0.8800 0.8800 | 0.8800 0.8800
MobileNet 0.8783 0.8785 | 0.8783 0.8783
ResNext-101 0.8750 0.8759 | 0.8750 0.8749
DenseNet169 0.8650 0.8742 | 0.8650 0.8642
ShuffleNet 0.8367 0.8479 | 0.8367 0.8353
ResNet-101 0.8367 0.8479 | 0.8367 0.8353
ResNet-50 0.8267 0.8291 0.8267 0.8263

RegNet 0.7950 0.7974 | 0.7950 0.7946

VGG-16 0.7217 0.7228 | 0.7217 0.7213

MnasNet 0.6717 0.7633 | 0.6717 0.6404

AlexNet 0.5283 0.5754 | 0.5283 0.4411

VGG-19 0.5000 0.2500 | 0.5000 0.3333

Total 0.7928 0.7884 | 0.7928 0.7734
Labeled data H]&0] 50%<1 Clo|EAlE o]&sI9=

o) H Jees 0.79288 BojEch Alzaly mduct

OF 0.0079] 5ANS HolZm, ape u]go] kopls
% M L_SEA} ;E_-.o] 7510}—7(]‘— 7—] 0 g}O]o]- /\ 0]%4(,}-_ E‘éd:

R &E8r50] 732 ShuffleNetd} EfficientNeto] 7+ 284
FUIAHLS DAsIE oL} R sk 72 EfficientNet
o] B HgoA 152 27d5H¥ o0, ShuffleNet
o 9 RE UGN £ 452 DR Fatoict
Table 11. Semi-Supervised Learning Result - (100:0)
Model Accuracy | Precision | Recall | F1 Score
EffcientNet 0.9683 0.9692 0.9683 0.9683
ShuffleNet 0.9667 0.9672 0.9667 0.9667
MnasNet 0.9567 0.9568 0.9567 0.9567
MobileNet 0.9567 0.9568 0.9567 0.9567
InceptionV3 0.9483 0.9483 | 0.9483 0.9483
DenseNet121 0.9450 0.9454 0.9450 0.9450
DenseNet169 0.9433 0.9434 | 0.9433 0.9433
ResNet-101 0.9400 0.9407 0.9400 0.9400
ResNext-101 0.9383 0.9384 | 0.9383 0.9383
ResNext-50 0.9350 0.9376 | 0.9350 0.9349
ResNet-50 0.9183 0.9197 0.9183 0.9183
AlexNet 0.9050 0.9052 0.9050 0.9050
VGG-19 0.8833 0.8834 | 0.8833 0.8833
RegNet 0.8567 0.8572 0.8567 0.8566
VGG-16 0.5000 0.2500 | 0.5000 0.3333
Total 0.9041 0.8879 | 0.9041 0.8929
Labeled data H]&©] 100%2! H|o|E}AlZ o] &5t 742

O A= 0.90409] HA5S HoZh,
EfficientNet& 0.96672] A%-S HojxQict A&
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5. Qualitative Comparison based on GradCAM
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Fig. 6. GradCAM Application Examples
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Fig. 7. GradCAM Results on Best Model of Supervised Learning
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Fig. 8. GradCAM Results on Best Model of Mean Teacher
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