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Spraying quality detection algorithm by fusing improved
Padim modeling with ResNet network
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Abstract: In order to meet the needs of spraying robots for spraying quality detection, the improved padim modeling and ResNet network
are fused by using transfer learning to build an integrated model of spray quality detection for the autonomous spray robot. The model can
be used for defect location and classification at the same time by extracting image features once. At the defect location end, the Padim
model is improved to reduce the network computing consumption caused by feature redundancy, and the patch embedding vector semantic
layer obtained by the ResNet-18 network is first changed from the original three layers to a single second layer. Then the dimension of
feature expression is reduced from 100 to 20 dimensions. Finally, the normal distribution model obtained by training the positive samples
and the test image are used for defect location. At the defect classification end, the pre-trained ResNet-18 network is re-trained with
negative samples, and the ResNet-18 classification model is obtained to classify the test images for defects. After experiments, the
integrated model is transplanted into the Jetson nano mobile terminal. The parameter quantity is 11. 69 M, the positioning accuracy is
94.5%, and the classification accuracy is as high as 99.6%. The detection time is 0. 730 s when the robot displacement speed is
0.02 m/s, and there will be no missing frame detection, which meets the requirements of real-time detection.
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Fig.2 Patch embedding vectors and localization segmentation

AT RLE (i,7) AR B AR PR patch i, I
YR N A BRI A RS X, = (5 k e [1,N]} i
SFOJEI B (w,, 2 i) A EARIR & 1 (EREA )
LR Y i RTINS R
patch 37 % 5 2 T0 R T A AICIE, BRI, ARG T 2
TCREHAME Ny, Y, i) T AR RIREAE 2% 7 19 i —
A AR A IR

ik % Rippel 2517 5% FH T [% BE B9 31 50 5 % 40 4K,
M(x,) R IR AL (i,7) 19 patch — A~ 53 4840
M(x;) HHRA x; By patch 527 21 4 1 N(w,, 2 i)
ZIAEERS , Forh M () W AT

M) = =) Yy -y (2)
PRI, AT LA A ol S T ) G B 2 2 I
M:(M(xly‘>)1<i<w,1</<u (3)

3 FREWRN— LR

BN Padim FRA T S 2% i R L AE X T T
Rl HIG: 5L B or 2R IR B B ), & Se ) Padim
BEHEAT s, R MR il R (AR, SRR SR T RS o )
TB R T AL L fift D 159 26 )11 ) B E B AR
PEEE A HTEBLT IR ST S R e i) >, e
JEAE BT 25 ResNet-18 [ 28 H M — YR A FFAE | 45 BRI
E AR AR 73 SRS R R AT Rl 5, () I 5 8 dkt I 2 {2
FoP ISR TIRE , TR — AR RO T 78 3l



- 94 . LSRR R e o

536 %

3.1 B Padim R E (LR EY

Padim FBI S BT MVTec $ddE AR 4 ik — It
14 A2, 0F HAF N RIEIE SR BN A%,
BORBOR AR B A BEXT H AR EA TR R BRI, (R 2 X F
BT I3 i 7 S5 A R B — R IR A T TR BRL Y B SR
Padim 5781253 A it TUARREAE, 17 LG 2% 4 e A6 T 4
SR X I 2k ResNet-18 W25 HEHL patch A 1) & 15
SCZFNBEALRE AE R AE 22047 i Ak, an il 3 Fros, ok
Padim BIALEE patch fix A i) &1 2 B RJGHT 3 2
2 2 SERRLE S AR IE R IA B 128 4EECh 20 4, i
VERERERE AN 2 I 0h SUIE R RN 43 HE 5 SURBAS 4 /N A 2
B Wb TR T SR BT

m Patch(i, /) = Patch(i, /) I3 i ik

E 3 itk Padim HRBUSAE IR EUZE

Fig. 3 Improved Padim model feature extraction layer
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HRIE S Python3. 6 Python3. 6
ARG Ubuntul6. 04LTS Ubuntul8. 04
FHESR Pytorchl.5.0 Pytorchl. 5.0
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Table 2 Comparative experiments on the influence

of different semantic layers
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ALL(128) 96.3 89.9 2.396

Wi 3 AT LUA Btk A 0] it [ B 4 2 300 A ) 4
B BEMLIE4E (Rd) 7E AUROC , PRO-SCORE FiI 46 1l fif ]
i THEEE [ PCA 5, KR PCA M4k A i 251
Y PR A, TR FE S BB AR IR 2 X 40 1E 7 28500 A S5 o 2%
T EARYEE [ a] U i A 1] f8 KN Bl AL
] 20 HEFT 40 ZEXT 2 TR M AR /N ORI D 1 4
JE AT AR Rl AT S

S 3 XHTE R 2 2] 5 R AR U Gt AT 5L 00 % L, KR
SIHERGR Ace FIUINZRIREL Epoch VE A8 b5, X Lk 45
BN 4 Fron,

x4 EIBFISEMBIIGHIR LR
Table 4 A comparative experiment of transfer

learning and primitive training

] 245 25 341 Ace/% Epoch
JE A2 ResNet-18 60.5 50
2% 2] ResNet-18 99. 6 4

M 4 0T UE T R 2609 ResNet-18 #E7
Y%k 50 5, MER R s HA 60. 5% , 78 I 2B Ay -
AT RN, AT 2k 4 58, MR R AT 35 99. 6%, It
AT LAE A/ IEASBE T |, 3 8527 ) RE 06 it o 155 780 17 fet
M IR DR AR SEBR R AR ] B U 1T S A e 7 58

SEI 4 S — PR AR R R[] I 2R B ResNet-18
1 ResNet-50 HE1 TR~ > HEA TS50 % bL , 2 2 W SE 56 4R
PRI FIERG 2R Ace , 2 500 G I A (1] £ ST 34 (5 4 R
oRIEi TN ORE A I3l I



- 96 - LSRR R e o

5536 4%

R 5 TllZEEER ResNet-18 1 ResNet-50 By %T bk 3056
Table 5 Comparison of ResNet-18 and
ResNet-50 pretraining models

TR I A Ace/ % ZHE/M Kz a8/ s
E % =] ResNet-18 99.6 11. 69 0.730
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