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Improved Automatic Crack Identification for Electrical
Imaging Logging Using PSPNet
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[ Abstract] An improved PSPNet( pyramid scene parseing network ) network was proposed to automatically identify fractures in elec-
trical imaging logging images, which was difficult to extract fracture features and led to low segmentation accuracy and large calculation
of network parameters. Firstly, the backbone network in PSPNet was replaced with the optimized MobileNetV3 network, which could
significantly reduce the number of network parameters and the amount of computation. Secondly, the asymptotic feature pyramid net-
work ( AFPN) was introduced to increase the interaction of multi-scale information and enhance the recognition ability of small cracks.
Then, multi-depthwise Conv head transposed attention(MDTA) was introduced to extract global features and improve the extraction
ability of key information. Finally, the combination of Focal Loss and Dice Loss were used as a loss function to solve the problem of un-
balanced proportion of data sets. The experimental results show that the improved PSPNet network has a good segmentation effect on the
fracture in the electrical imaging logging. Compared with the PSPNet network, mloU ( mean intersection over union) improved by
3.17% and mPA (mean pixel accuracy) improved by 6. 38% . In addition, the number of parameters, calculation amount and weight
of the proposed algorithm are reduced by 94.3% , 95.7% and 93. 8% respectively compared with the original model. At the same
time, the crack identification system based on CIFLog is developed, which can meet the practical needs of the electrical imaging log-
ging.

[ Keywords] PSPNet; fracture identification; electrical imaging logging image; MobileNetV3; asymptotic feature pyramid network
(AFPN)
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Fig. 1  PSPNet network structure
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Table 1 Comparison of network structure before and after MobileNetV3 optimization
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2 237 x237 x 16 bneck,3 x3 1 237 x237 x 16 bneck,3 x3 1
3 237 x237 x 16 bneck,3 x3 2 237 x237 x 16 bneck,3 x3 2
4 119 x 119 x24 bneck,3 x3 1 119 x 119 x24 bneck,3 x3 1
5 119 x119 x24 bneck,5 x5 2 119 x 119 x24 bneck,5 x5 2
6 60 x60 x40 bneck,5 x5 1 60 x60 x40 bneck,5 x5 1
7 60 x60 x40 bneck ,5 x5 1 60 x 60 x40 bneck ,5 x5 1
8 60 x60 x40 bneck,3 x3 2 60 x60 x40 bneck,3 x3 1
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Fig. 7 Number of pixels in different categories
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3.4 HELXIN

R A ] 2 3l 238 08 e BUP K TR U T
AT I3 A MobileNetV3 [ 28 B il fiE 1% 32 7 PSPNet
B 43 EIERE 44 J5 4 PSPNet H1 Y ResNet50 43 il
i 4 MobileNetV3 LK 5 Y MobileNetV3 , il
GRS RN 2 P, M LT MobileNetV3, {46 5
MobileNetV3 fit mloU F1 mPA 43 %I T} T 9. 78% #il
6. 68% , BARAL S (TR A kg (H 23 /T
PSPNet 1155

< 2 MobileNetV3 4L BT 5 HYH Bh L 16
Table 2 Ablation experiment before and after
MobileNetV3 optimization

215 mloU/% mPA/% IHRER/G
MobileNetV3 68. 1 78.55 0.96
AL %) MobileNetV3 77.88 85.23 4.2
SRyt — 2 B IE ol R R A R, — 3 T 7

Y R SEE A ZH oA B IS DL ResNet50 1R 88 T
P25 1% PSPNet 4%, oAy JLAL by ek it Ty 28, 45 5% n
3 PN,

WL 3 AIH, B s T 4 R G Y Mobile-
NetV3 5] A AFPN 5] A MDTA ffi ] Dice Loss + Fa-
cal Loss Zﬂﬁ*ﬁ%@ﬁ, A REA BUHE T 2L 48 4y B RS
. B @51 A4 HY MobileNetV3 52 & 908 T K
2 B% mloU A1 F, 43 %% L JE AL AL 0. 37 A1 0.31 4
HArr AN, mPA HEFRE AL & T 0. 38 AN 4,
ALY MobileNetV3 = ZLAE & i B A S5 AL
)7 S I T PSPNet P45 GBS H85 16 M fig
AN 2R B B IF B AR BRI RS s € 4l
FIAMALH MobileNetV3 1 AFPN,mloU .mPA | F, 73
B —HE S T 1.52.0.25.1. 19 AN H 40, £
AFPN #r it =0l & R iF 19 7 X RENS i — 25§ TH B A
PRE; D 4151 A 1k 1k B9 MobileNetV3 . AFPN I
MDTA ,mloU, mPA | F, 73 ¥ It C 4142 % T 0.45,
0.41.0.31 A% E A5 APEALAY MobileNetV3
F1 Dice Loss + Focal Loss, T B 4 R5| ALALAY
MobileNetV3, mloU, mPA | F, 73 532 T+ T 0.98 FI

2.95.0.75 AN E 53 8, WX FAEA & RS- 11
B , A AR B — i R T m AR Y
KB F 4 5] A4k MobileNetV3  AFPN F1 Dice
Loss + Focal Loss, #H# T D 4Hn9 3 okt sS4l &,
mloU .mPA I F 43504 7 0. 81 4 F10. 58 1~ EH 4
J5G A5 AMLALE MobileNetV3 , AFPN . MDTA il
Dice + Focal ,mloU F1 mPA ¥ & T H AL, HAH L
T A HFEAAT S, mloU .mPA F1 F, 435053 B T+
T 3.17.6.38 f12.36 ™ H M., G A&ty
FHERME T B 4 H 5] AME4LH MobileNetV3 i
TS50 BGE M R AR WG i, (HAH
T A ALF R RL A SC b Btk ) 4% 1 S 80 AL
AT AR I /N T IR P 45 A5

ST B B R RO Rk R
e Hali 7 — 25 4 4% 0 H B0 AR DU I G it A7 il
8 R TSR A B C.D .G 45 E 25
T NE 8 H AT LUE HY B 45 I A4S Fle it 2840
AAFERIROR . A A8 AR 20 i PSPNet 217
M3 E & T PSPNet 1% X% 24 1F 7543 Fl
FH, ST 2 4% 7 R, 76 K] 8 A7 78 KR I
7, B4LFE PSPNet (1)Lt 5] AL 1LAY Mobile-
NetV3 25 254, 7 B R 5 PSPNet FYRUR 224K
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ZH7E B ZHAYIERD 5] A AFPN 2% 45y | 3 5oF v i3t
il 22 RO RRIE X P N85 () 4y BT 58 3%, N € 4
W5y EILE R E th ] DU 222 W 245 0 L B 4B
Ut TR A X6} 445 43S T A, T 7 IR /N . D ALAE
C ZH3ERE 51 A MDTA 7R JIALH, o — 242
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Table 3 Ablation experiment

Dice Loss +

Pefer

231 MobileNetV3 AFPN  MDTA Focal Loss mloU/ % mPA/% F\/% ZHEE/M BE/MB HEE/G
A x x x x 78.25 84.85 86.72 46.70 182.00 162.10
B vV 77.88 85.23 86.41 2.16 8.60 4.20
C vV 2 79.40 85.48 87.60 2.49 10.50 6.47
D Vv vV vV 79.85 85.89 87.91 2.66 11.20 6.92
E vV Vv 78.86 88.18 87.16 2.16 8.60 4.20
F vV vV vV 80. 66 89.89 88.49 2.49 10. 50 6.47
G 2 2 2 v 81.42 91.23 89.08 2.66 11.20 6.92
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Fig. 8 Comparison of segmentation effect of ablation experiment
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Table 4 Attention ablation experiment

21 51 mloU/% mPA/%

C 79.40 85.48

C +LSKA 78.92 84.24
C+ECA 79.78 85.79
C +PNA 79.69 85.68
C + SimAM 78.79 84.20
C + MDTA 79.85 85.89

5] A\ ECA ( efficient channel attention) "'  PNA ( paral-
lel networks attention ) "' #I MDTA (1 mloU #5427},
HAKM S, 51 A ECA fY mloU Fl mPA #2717 0. 38 Fil
0.31 A% &, 51 A PNA 1) mloU 1 mPA #2£7} T
0.29 F10.2 A%, 51 A MDTA [ mloU Fl mPA $2
F+T0.45 F10.41 A~ H 453 45551 A LSKA (large selec-
tive kernel attention ) HOTET SimAM™ (1 mIoU HRME A

TR, EARTE, 51 LSKA i mloU Fl mPA F&{% T
0.48 F11.24 ™A% A5, 51 A SimAM ) mloU Fl mPA
FEAIR T 0.61 A1 1.28 AN E 40w, SR BE, A H T H:
= I ML, 51 A MDTA (}:%jj WFIJ i mloU F1
mPA fEbRfR e, BRI A ROCERAEFE .
3.5 3fLbLig

T BRI Bk 2 B I % 5 E At 0 4% A 4 4%

Blu s HATES Ty, S5 T S 58 A R 9 e
R4, 3% i 3L T ResNet50 Al ResNet101 1) FCN [
21211 HT ResNet50 Fl MobileNetV3 ) DeeplabV3

K262 JLTF Xception Y DeeplabV3Plus'™ R£%  Jt

T MobileNetV3 ) LRASPP!'? [ £& 3k 3 47 % Lt 52
55, 253N 5 Pron , et Y PSPNet 5.3 19 mloU R
81.42% , LRI RISE & T 3. 17 A 43 45, mPA
91.23% , lIFAR R = T 6.38 A, K9 A
AP RIZE ) mIoU F1 mPA BT A0 B i i e
i b RZE AN R, i A9 mTA O R
mloU F1 mPA #4775 T HAL M 4% 18 10 445 Fl [ 2%
RIS EE B B 6 HE S A )
I HAEEZE T A 4 B W 45 B Ak, PRI 10 AT AT,
BARPE R L LRASPP £ 4. 8 GFLOPs,
(B SH0E MNAEARFUER L LRASPP /)N, Bhot ) il 1)
& SHar AU AT A /N T At 2% SRIE
TAEGCRA PR B 2 T AT DL G A

£5 XTHEsR

Table 5 Contrast experiment

SHws  WNE/ O HE

215 mloU/ % mPA/ % .
M MB /G
FCN-ResNet50 69.50 75.75 35.30  276.0 172.6
FCN-ResNet101 68.20 74.45 54.29  424.9 263.3

DeeplabV3-ResNet50  70.60 81.90  41.90 328.0 152.6
DeeplabV3-MobileNetV3  66.70 75.85  11.02 86.4 8.7
LRASPP-MobileNetV3  69.50 75.35 3.20 25.3 2.1
Deeplabv3Plus-Xception  78.28 84.74  54.70 214.7 83.4
PSPNet-ResNet50 78.25 84.85 46.70 182.0 162.1
ARk 81.42 91.23  2.66 1.2 6.9
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Fig. 9  Comparison of mloU and mPA of various networks
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