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A Study on the Optimal Convolution Neural Network Backbone for
Sinkhole Feature Extraction of GPR B-scan Grayscale Images

ABSTRACT

To enhance the accuracy of sinkhole detection using GPR, this study derived a convolutional neural network that can optimally extract
sinkhole characteristics from GPR B-scan grayscale images. The pre-trained convolutional neural network is evaluated to be more than
twice as effective as the vanilla convolutional neural network. In pre-trained convolutional neural networks, fast feature extraction is
found to cause less overfitting than feature extraction. It is analyzed that the top-1 verification accuracy and computation time are different
depending on the type of architecture and simulation conditions. Among the pre-trained convolutional neural networks, InceptionV3
are evaluated as most robust for sinkhole detection in GPR B-scan grayscale images. When considering both top-1 verification accuracy
and architecture efficiency index, VGG19 and VGG16 are analyzed to have high efficiency as the backbone for extracting sinkhole feature
from GPR B-scan grayscale images. MobileNetV3-Large backbone is found to be suitable when mounted on GPR equipment to extract
sinkhole feature in real time.

Keywords : Shinkhole, Ground-penetrating radar, B-scan grayscale images, Parameters, Optimal convolution neural network,
Architecture efficient index
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Fig. 1. A, B, C Scan of Ground Penetrating Radar: (a) GPR, (b) A-scan, (c) B-scan, (d) C-scan
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Fig. 2. GPR B-scan Grayscale Images: (a) Image Segmentation, (b) Shinkhole Image, (c) No Shinkhole Image

A Kang et al., 2019).
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Fig. 3. Derivation of Optimal CNN Backbone for Sinkhole Extraction from GPR B-scan Grayscale Images
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Table 1. Image Generation

Range
- - - - g Horizontal flip
Rotation (°) Width shift (%) Height shift (%) Shear range (%) Zoom (%)
0~20 -0.1~0.1 -0.1~0.1 -0.1~0.1 0.9~1.1 True
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Table 2. Vanilla Convolutional Neural Network

Number of Parameters
Layer type Output Shape (Total number of
weights)
Conv2D 1 59,59, 32 416
MaxPooling2D 1 29,29,32 0
Conv2D 2 28,28, 64 8,256
MaxPooling2D 2 14, 14, 64 0
Conv2D 3 13,13, 128 32,896
MaxPooling2D 3 6,6, 128 0
Conv2D 4 5,5,256 131,328
MaxPooling2D 4 2,2,256 0
Flatten 1,024 0
Dense 256 262,400
Dense (sigmoid) 1 257
Table 3. Parameters
Parameters Name/Value
Activation function ReLU, Sigmoid
Rate of learning 1x103
Epochs 500
Batch size 20
Loss function Binary cross entropy
Optimizer RMSprop / Adam
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Table 4. Considered Analysis Cases of Vanilla Convolution Neural Network

Case ID
Remark
1 2 3 4 5 6 7 8
o RMSprop @) O O O
Optimizer
Adam O o O O
Dropout O ©) (@) @)
Image generation @) O (@) (@)
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Table 5. Compute Time and Top-1 Validation Accuracy of Vanilla Convolution Neural Network

Case ID
Remark
1 2 3 4 5 6 7 8
Compute time per epoch (sec) 0.83 0.59 0.85 0.61 0.83 0.57 0.83 0.59
Top-1 Validation accuracy (%) 71.8 76.3 70.9 74.5 77.2 77.2 78.2 78.2
Case 3 Case 4
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Fig. 4. Effect of Applying Image Generation at the Vanilla Convolution Neural Network: (a) Image Generation (RMSprop), (b) No Image
Generation (RMSprop), (c) Image Generation (Adam), (d) No Image Generation (Adam)
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Fig. 5. Effect of Applying Dropout (50 %) at the Vanilla Convolutional Neural Network: (a) Dropout (RMSprop), (b) No Dropout (RMSprop),
(c) Dropout (Adam), (d) No Dropout (Adam)
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Fig. 6. Top-1 Validation Accuracy and Architecture Efficient Index: (a) Top-1 Validation Accuracy, (b) Architecture Efficient Index
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Table 6. Model Performance

=
of

ot

Size Top-1 Top-5 Time(ms) per inference step
Model P: Depth
ode (MB) Accuracy Accuracy arameters ept (GPU)
ResNet50 98 749 % 92.1 % 256 M 107 4.6
ResNet152 232 76.6 % 93.1 % 60.4 M 311 6.5
EfficientNetB7 256 843 % 97.0 % 66.7 M 438 61.6
InceptionV3 92 779 % 93.6 % 239 M 189 6.9
VGG16 528 713 % 90.1 % 138.4 M 16 4.2
VGG19 549 713 % 90.0 % 143.7 M 19 44
DesNet121 33 75.0 % 923 % 81 M 242 54
DesNet201 80 773 % 93.6 % 202 M 402 6.7
MobileNetV2 14 713 % 90.1 % 35 M 105 3.8
*Source : KERAS hompage KERAS Applications_Available models
Table 7. MobileNets Performance
Model Top-1 Accuracy MAdds Parameters Latency (ms)
MobileNetV2 72.0 % 300 34M 64
MobileNetV3-Large 752 % 219 54M 51
MobileNetV3-Small 67.4 % 56 25M 15.8
Table 8. Simulation Case of Pretrained Convolution Neural Network
Case Optimizer Dropout Image generation Extraction Type
1 Yes feature extraction
Yes
2 No fast feature extraction
RMSprop -
3 N Yes feature extraction
o
4 No fast feature extraction
5 Yes feature extraction
Yes
6 No fast feature extraction
Adam
7 N Yes feature extraction
o
8 No fast feature extraction
7] e} A= Al HlE- S S22 0 2 Hrls MobileNetV3-Smallg 7|sls = Algao) 97} RsE)x
2k o]#3k 37e] 2El 9o Algk Ed|o)X]olA AAlsH= SJtHoward et al., 2019). MobileNets®] A% Table 7]

o
o

VGG, DesNet, MobileNetV2 &€le]
Ak

Table 694 EfficientNetB72] top-1 & BE=(84.3 %)7}
71 AR, GPU 713k ek A7K61.6ms)o] 714 o shesl
St ARES 08 aefeh uf AR &8o] 7P v dvk
HhHo| MobileNetV2+= AthA o 2 Yo top-1 A5 A=
(713 %)% HolFA, @ ol ARK3S m9) o2 7 2o
&5 HoFEh

MobileNetV2: &l |7 ]
Ao nE F2e s sl
(Howard et al., 2017). =3}

Table 601 Az]s}

H 3=
And
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Tk

MobileNetV3-

.

arge 2

Aeletaick

Table 794+ MobileNetV3-Largeo] 7} =& top-1 75
AIEE HoFal 9o, MobileNetV3-Smalle] 33k AJ7to]
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gl oux] FAe] A ool WE WE 54 FE 54 750
=S Hrlel] 98] Table 6~79] RS A18-5}e] Table 89|
8714] —°,—«] GPR B-scan 3|M % oln|R|e] HJIE EA =
AEPoldS Ttk 71 =2 top-1 %5 AYTrF 24=
VGG19 AlEdold A3k Fig. 740 A8tk

VGG19 7]k 57 F2<0 FElo]A RMSprops 282 749
EFoRLolu on]A] S21e] AE ool #Algle], o|E= 30
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Fig. 7. Simulation Results of VGG19: (a) RMSprop, Dropout, Image Generation, (b) RMSprop, Dropout, Fast Feature Extraction, (c) RMSprop,
Image Generation, (d) RMSprop, Fast Feature Extraction, (e) Adam, Dropout, Image Generation, (f) Adam, Dropout, Fast Feature
Extraction, (g) Adam, Image Generation, (h) Adam, Fast Feature Extraction
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Table 9. Top-1 Validation Accuracy of Pretrained Convolution Neural Network ( %)

Case ResNet50 ResNet152 EfficientNetB7 InceptionV3 VGG16 VGG19
1 76.4® 73.6 80.9® 78.2 81.8® 84.5®
2 70.0® 64.5® 75.4 64.5 75.4 82.7
3 72.7 71.8 80.0 74.5 80.9 80.9
4 71.8 65.4 74.5 61.8 74.5® 80.0
5 74.5 74,59 80.0 76.4 78.2 52.7®
6 73.6 70.0 53.6 527 773 80.9
7 71.8 71.0 76.3 79.1% 79.1 67.2
8 71.8 69.1 51.8® 61.8 772 79.1
""" @b @) | 64 | 100 | 208 | Taea 73U s
Case DesNet121 DesNet201 MobileNetV2 256 | MobileNetV2 1024 | MobileNetV3 Large | MobileNetV3 Small
1 83.6® 75.4 66.3® 63.6™ 55,4 64.5®
2 66.4" 71.09 70.0 68.2 772 68.2
3 80.0 75.4 66.4 67.2 53.6 73.6®
4 67.3 71.8 68.2 69.1 782 71.8
5 76.3 78.2 80.9% 78.2% 58.2 71.0
6 71.0 73.6 70.0 72.7 77.3 71.8
7 80.0 79.1® 78.2 76.3 573 65.4
8 68.2 71.8 70.9 69.1 80.0® 72.7
""" @0 @ | 172 | sr [ e T Tae T e T e T
Table 10. Compute Time of Pretrained Convolution Neural Network (Second for 1 Epoch)
Case ResNet50 ResNet152 EfficientNetB7 InceptionV3 VGG16 VGG19
1 0.28® 0.51® 0.47® 0.28® 0.28 0.29®
2 0.21 0.23® 0.27 0.20 0.17 0.18
3 0.28® 0.51 0.40 0.28® 0.30® 0.26
4 0.20® 0.23 0.26 0.19 0.16® 0.18
5 0.28® 0.38 0.37 0.28® 0.27 0.15
6 0.21 0.22® 0.25 0.19 0.16® 0.16
7 0.28® 0.37 0.38 0.27 0.27 0.26
8 0.20® 0.22® 0.24® 0.18® 0.19 0.14®
(@0 %) | - 00 | 1318 | 98 | 555 | 875 | 071
Case DesNet121 DesNet201 MobileNetV2 256 | MobileNetV2 1024 | MobileNetV3 Large | MobileNetV3 Small
1 0.74® 0.48® 0.31® 0.27 0.29® 0.28
2 0.18™ 0.23 0.20 0.29 0.25 0.20
3 0.30 0.48® 0.28 0.28 0.29% 0.29
4 0.21 0.23 0.18™ 0.30 0.22 0.20
5 0.29 0.34 0.28 0.27 0.29® 0.28®
6 0.18™ 0.21® 0.18™ 0.20 0.17 0.18
7 0.29 0.35 0.28 0.29¢ 0.29% 0.28
8 0.18® 0.21® 0.19 0.18® 0.15® 0.17®
(@) %) | 3L | 1ss | w2 | o1 | 933 | 647
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Table 11. Architecture Efficient Index

Case ResNet50 ResNet152 EfficientNet B7 InceptionV3 VGG16 VGG19 Vanilla CNN
1 2.72 1.42 1.72® 278 2.89 2.90 0.87
2 3.22 2.72 271 3.22 435 4.46 1.29
3 2.55 1.38® 2.0 2.65® 2.70® 3.03 0.83®
4 3.50 2.74 2.81® 3.12 4.57 437 1.22
5 2.57 1.95 2.16 271 2.81 3.52 0.93
6 3.49 3.13® 2.09 2.73 4.69® 4.82 1.35®
7 2.49® 1.89 2.0 2.83 2.86 2.54® 0.94
8 3.58@ 3.05 2.15 3.25@ 4.01 5.45® 1.33
@by ) | 437 | 1268 | 633 | 26 | 17| 145 | 626
Case DesNet12] | DesNet20l | MobileNetv2 256 l\é;biigzt D\f;’bi:ieet b\//[;’blslfni‘flt Vg;ﬁa
1 1.13® 1.55 2.14® 2.28 1.91 2.25® 0.87
2 3.64 2.98 3.49 233 3.00 3.42 1.29
3 2.60 1.54® 2.30 241 1.82® 2.55 0.83®
4 3.16 3.06 3.66 2.27® 3.56 3.45 1.22
5 2.64 2.24 2.82 2.82 1.99 2.48 0.93
6 3.91® 3.47% 3.75® 3.48 439 3.93 1.35®
7 2.72 2.27 2.72 2.63 1.97 2.28 0.94
8 3.74 3.41 3.60 3.77% 5.05® 4209 1.33
C(@b)0) ) | 2460 | 1253 | 752 | 660 | 1774 | 866 | 626

oL,

] L AN E top-1 HS HL=e] Wzt
L= A0 2 Table 90 4157 9lt} Table 62] KERAS
JEdo] A Ax}ol|A] EfficientNetB7¢} MobileNetV2<] top-1
A% AP} 2k2h 843 %, 713 %=, o] F 2] top-1 A%
Ahs] 13 % Aol whyshe Ao Whslm g, B o
ox] =% Table 92 7+ AV top-1 75 8= 217+ 80.9 %,
782 %= 7] A7} WAEEA] o= o= vERT
o]i= KERAS AREgo]d did ofn|A] S/85} Aol 231
o] ¥ A7-¢] GPR B-scan 3% ofn|x|e] & 54 FE
AREE or]A] 574 B AlEHle| A &35} AFolslr] o]tk
mapd AAle] 335 MobileNetV2:= Table 92] 5 AlEo]
A Z7(Adam, Dropout, Image generation, feature extraction)
© 2 EfficientNetB79} AF38R= =& top-1 75 AseS HAst
U Nk opfe} riE o ® e Nt AREe R AV 58S
siet 4= Slth
EfficientNetB7, InceptionV3, VGG19, MobileNetV3-Large
= Ao 210 wet Zkz} 29.8 %, 26.4 %, 31.8 %, 24.6 %2
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o} Eq. (1ol WE o7[E)x] F:& A55 Table 11 Aefslck

Z} AVge] Fu o [ElA & A== 281004 545 AlO]E,
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Table 12. Architecture Efficient Index and Maximum Top-1 Validation

Accuracy
Architecture Top-1 Validation

Model Efficient Index Apccuracy (%)
Vanilla CNN 1.35 78.2
ResNet50 3.58 76.4
ResNet152 3.13 74.5
EfficientNetB7 2.81 80.9
InceptionV3 3.25 79.1
VGGl6 4.69 81.8
VGG19 5.45 84.5
DesNet121 391 83.6
DesNet201 3.47 79.1
MobileNetV2 3.75 80.9
MobileNetV3-Large 5.05 80.0
MobileNetV3-Small 4.20 73.6

Table 125 Z=§gH o2 w&st uj, A9 25 %9 top-1 A=
ATE(81.1 % oV 3] 25 %2 oA a8 A4(4.32)5
FAlo F=3h= VGG19 ¥ VGGI16¢] GPR B-scan §] 1% oln]
2] AFE EA FEWME o g2 Ao g & g8AS 2=
Ao 2 vehta 9tk w3k GPR WAl 7|8k AA)7F B-scan
S|z olu|R|e] ATE EX FE5 9JsiA= MobileNet =
MobileNetV3-Large7} 7F Zgsitia Hridch
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