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Abstract: In order to solve the problem of cementing quality evaluation, we proposed a cementing
quality evaluation method based on CNN-SVM and integrated learning. Firstly, the method adopted
improvement measures such as reducing the number of network layers, adding multi-scale
convolutional layers, and embedding convolutional attention modules for the DenseNet model to
improve the training speed and evaluation accuracy of the model. Secondly, the InceptionV1 module
and dilated convolution were used to construct an Inception-DCNN model with relatively small model
complexity and relatively high evaluation accuracy. Thirdly, three classic convolutional neural
network models (ResNet50, MobileNetV3-Small and GhostNet) were selected. By utilizing the

powerful feature extraction capabilities of convolutional neural networks and the structural risk
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minimization capabilities of support vector machines, the above models were combined with a support
vector machine to synthesize a new CNN-SVM model to improve the generalization ability of the
model. Finally, the Bagging method was used to integrate the five new CNN-SVM models into a
strong learner, thereby improving the accuracy of the evaluation results and enhancing the anti-
interference ability of the model. The experimental results show that the accuracy of the method for 3
types of evaluation samples in the test set is 97.69% , which is 1—9 percentage points higher than
that of a single model and other methods, thus verifying the feasibility of using methods based on
CNN-SVM and ensemble learning for cementing quality evaluation.

Keywords: cementing quality evaluation; sector cement cement logging; integrated learning;

convolutional neural network; support vector machine
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Fig.2 Architecture of Inception-DCNN model

1.1.3 ResNet50

ResNet ' J& —F R B 5 B 28 0 46, 48 TR T AL e 2 5 2 2Z 8 i B #4520, @t gl A
B 2% 3 F A DR T2 T 4 e A e B T 2 ) AL, ) I AR v TR AR
B RE S RI2E BTy, FRZEZS I 3 TR,

AR S e 2 WA B 22 ) 4% ResNet50 P8 8 404k 3 i 47
Y%k, ResNet50 J& T ResNet RAIBIA, S5 16 k2 4
JG. H 50 )24, G 49 N EREM 1 D eEE)E 5lA
1R 5% 22 G5 48 Fe VT B 450 i A e T W SRR 380 5 82 100 R A S
rh {5 S 4 B 1 L BE TE I 4 b S P A% 3
1.1.4 MoblieNetV3-Small

MobileNet V3" J& —F iz & 9 6 BUAH 2 45 B RL, & 467K T MobileNet V1 [ ¥R BE 1T 43 25 4 LM
MobileNet V2 HAT 1Y L M 100 18 5% 22 2544, IR e AR Al B Net Adapt 5595 H 348 B B i i
0 B A s A 18] ke 22 25 A0 5 ) N BF R B T 28 BB (SED 21 bneck 2548 5 [7) sf 45 18 4 805
PR hard-swish(x) 18 RelLU6, A AN

hard-swish(x) =z « ReLU6(x + 3)/6, (D
Horh ReL U6 () BRAUCN B AR FE 0~6 P ReLU eRACE(A. A SCR T bneck 38 8 45 i 5 /0
f) MobileNetV3-Small 1y [& J: 57 1 77 i Y1l s 1.
1.1.5 GhostNet

GhostNet™" Jg — 4% 5 IR B2 45 P 2 I 25 A0 L 5 7 DR Ap A58 780 199 e 280V 18 R o M 1) [ BeF ik
R ) TR AEAE T B, GhostNet 5] A Ghost B3, i A i 09 715 BV AT 8158 K S ARl Ghost
B A5 4 FroR.

BRIEEH

B3 K=&

Fig.3 Residual structure

Y —
i i thy

Bl 4 Ghost #HRE#
Fig. 4 Structure of Ghost module

2 AR E D B B RRAE I Y L SRS R Y v A Ol R A TR R e



964 oMK A R (B 2R RO %62 %

PAAE @ 19 8] Ghost FRAEIE y ™, LA 2tk #4F SR FHIH 530 BUAS B AR 9 TR BE T 40 5 46 R AR . B )5 38
FRAEE Y " 5 Ghost ReE I y - BEATDF42 . 19 B R 200 4 th R AR
1.2 ZHFEEN

SRR ) HE AL — R A e — 53 S R) Y W B A ) R I B SR TN A5 A KU e /B R, B
B JE M RE FIZ AL RE 1, JF L 7E A0 AT 2% () 1 A T 3 SR YL AR T B R 5 i S 4R AR
P TR AT 20 28, 1208 T TS CRE A A (6] 2 0 A FEAS 58 42 43 T o 3 B {1 B 2 88 ~F ThT 5 3 19 I R ARE AR A
JIT 20 B 1) S ] i 5 0 3 - T 22 [] 7 (] B e KA.

Loy, wHAZA RN H S T ENITA B, X 8Ty 40 35 — X — (one-vs-one,
OVO) ., —Xf £ (one-vs-rest, OVR) | JZ2 K ZHE 1 &AL (H-SVMs) . X F K A2 R E, OVO
TEREWE K(K—1)/2 4 SVM 73 K4, A28 L0 T X0 Hoh WA 28 50 2 18] 1 AR A%
OVR J7 b — K BIMERIES, M ALEBER ML, HFEME K A SVM 732K, HE5
AR AE M SE s H-SVMs 1568 I A7 2R 5100 P A 128, R0 728k — BRI D IR 738, itk
TEA, H NSRS 2o k.

1.3 CNN 5 SVM Bk 5
18 55 36 BRI 45 2R FH 1) 28 3 X A /N A i 0 2Ry

N
Reny () :%ZL(%,]‘"(I,)), 2
i=1

Horpr y, RORHEAREIAA, fa) FREARTIE, Ly, ) Bk mi . R REcer, Bf
HEEARRE N LTI RN 25K R, () A T BAAE. HBLSC AR B i W A R, 225
DRV f /N T U AR 75 B ) B i 4005 ) L. SVIML SR JH B9 465 R XU I s/ A1 D U T 7 — 7 7 B2 L i e it 40
A, HaXERHN

R (f) =R, () +AT () (3
Hor JOO AR 2 2 o8 TR 2 50 KU r_c_NN_ﬁ_i” HHHE I bl
b " .. . 71T -
R 5 2% BE () 3 8. PRI, AR SCHE T ONN 3R e

WRFIESRICAE T B SVM 2 f KR RMERe . b T N
i CNN-SVM 1y 205 55 4 30 13 I Bk 1 7 41 1| g

|
|
R AR e 5 R R. ks om H@j; :
AR ONN i 25 BURLF R B 45 8 1F I o S
SBT W R P 1 3 06 VP A6 4 95 1 160 £ o IR
Ko SRR SVM U ONN IR HUR . o 11 31 B T 447}# oy

SVM 432
N

A HREAE 1) 4/ SVM BIA . R T OV O J5 i %
AT ISR, SVM [ B A [ 5T 6 1) = 2597
Mg, Ht, K EiR S B DenseNet, Inctption-
DCNN, Resnet50, MobileNetV3-Small fil GhostNet
WA 55 SVM 4 &, 15 3 i /Y DenseNet-SVM, Inception-DCNN-SVM, ResNet50-SVM,
MobileNetV3-Small-SVM il GhostNet-SVM #& #,

2 ETF CNN-SVM HIERF S8

2.1 &EWFES

BRI 2T ) B 2 A R AR B A B I8 i — > SR R AR AL, DLt e A AR 1Y) 43 SIS ot M M
ZALRE 1. BERF 2T Wk £ EAT Bagging . Boosting fll Stacking =28, Bagging J ik FIFH H B R #E
o0 B SBE R BUR 6] A9 I G . AR5 X X SR A i I 2R 245 AT 25 s Boosting J7 1K W 4% 455 70 5
W, o RSB A I R O T AT — R I SR 45 L s Stacking J7 138 1B 22 A BRI 25 45 AR
S VIR0 . BRI Zh— o2 2 2R AT 46 .

B 5 CNN-SVM ELHE R &Y
Fig.5 Structure of CNN-SVM cascade model



a4 Hoo4r, %, HET CNN-SVM FIEE W2 > /Y [ 5 5 A0 7 i 965

2.2 CNN-SVM &R EIRBHE
AR R A Bagging . ¥ 2 3E 9 DenseNet-SVM, Inception-DCNN-SVM, ResNet50-SVM,
MobileNetV3-Small-SVM #l GhostNet-SVM A HEAT 8 e, W45 31— S VR0 0 32 00 & . iz bk
RE TR A o 2= > . HEEH WAl 6 s,
JRREA

A CNN-SVM

L i - dstDenseNersvM
IR ’——( Inception-DCNN-SVM —]
i thy

I 2k N R
HE% ] ResNet50-SVM ) o

=S
,—{ IlZkAi4 ’——( MobileNetV3-Small-SVM }
gites ‘—»C GhostNet-SVM >—

Bo6 &SMFIRBLN
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Table 2 Cementing quality evaluation effect of five CNN models %
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Fig. 8 Confusion matrix of improved Fig. 9 Confusion matrix of improved

DenseNet model on test set DenseNet-SVM model on test set
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Table 4 Performance comparison of different models %
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Table 5 Performance comparison of different models after adding noise %
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