Advances in Applied Mathematics N %2238, 2024, 13(5), 2323-2330 Hans )0
Published Online May 2024 in Hans. https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2024.135219

TrisimpleNet: EF =tk F4FIEE BRI ERBE
) P 2%

Ey T
PR B TR R R, DU R

Wk H . 20244F4H29H; FHHEM: 202445 H22H; KA H: 20244F5H31H

HE

TR ERSERNEN TG RES LR, RTUHAERESRETHRERAER, IEFHFEAK L
B, ZMRAESE 7RI EEEAREE, BT HAELREMAF SR, 232 BT Rk
R A R BB B R, RIBTRER I 2 A IMVTec ADSRFESERE F LMK ANBIEER S
BIR/N RS TR R ARG, AT BRIEEREARZRENEE TR R B, A AR5 5 BB T
— A4 N TrisimpleNet )R] . HALLE A Bk AR A ) R B AR SO IS I IE T FEAS, A\ TTT B8 2 ) H AR S
FriEoL. BAk, EF=JoHiRR R BEXNRRRECGET T, FERS IEEREARNMS/ LIRS ER
FrgEt:, MmRE T BAMKEE. SR RAEEIEE LNRE T BRI, WA JUREH5
AUROCHB R T,

K
BIEER, ERSESR, =4k

TrisimpleNet: Defect Detection Network
Based on Triplet Loss and Feature Synthesis

Jiaping Mao

College of Applied Mathematics, Chengdu University of Information Technology, Chengdu Sichuan

Received: Apr. 29", 2024; accepted: May 22", 2024; published: May 31%, 2024

Abstract

Unsupervised defect detection models often require synthetic samples; however, researchers tend
to focus more on generating defect samples and pay less attention to normal samples. This bias
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leads to overfitting of the model on normal samples, affecting its performance in practical applica-
tions. Inspired by previous studies on generating defect features by adding noise to features, and
observing that several categories of the widely used MVTecAD defect dataset are prone to being
misclassified as defects due to minor disturbances, this study proposes a model named Trisim-
pleNet to address the issue of normal samples being affected by randomness. The model generates
fake normal samples while generating defect samples, thus more comprehensively simulating
realworld scenarios. In addition, the loss function is optimized based on the idea of triplet loss,
making the model more robust to minor disturbances in normal samples, thereby reducing the
probability of false negatives. Experimental results show that the model performs well on the da-
taset, with improvements in AUROC for several categories during testing.
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Figure 1. Model architecture diagram
E 1. EBEE

MEEIK . SEABIESL, H O, e RY R N LLALKE (h,w) bt p 4618, p sy
Né“'w)={(h’,w’)|h’e[h—(p/2),~--,h+(p/Z)]W’e[w—(p/Z),---,w+(p/2)j} (3.1)

%F p AR T 1, o B

Zhy = fa ({04 1 (0 W) e N (3.2)
AF R UAIRFAE Z,y\, MBI KN (Ho, W, ) FEHHER R, B3R o' e R™™C, H]:

o= fcat(resize(Z'*‘,(HO,Wo))H eL) (3.3)

Loy, ) € RO AFFIEE o ALk5 Ay (h,w) VIR - fiiAk
o' =F,(x) (3.4)
3.2. FHEEEN

I T R H 5 T8 TN 2R 8 S BAT AR 20 A, (8 ] 5 00 22 2 IR LR A 40
% G, SEHUHGE N, K I ZRRFAE RS 21 H ARIS, A5 5 4a BRFIE R0 75 Z2 55 2, 1R 3 m] DU I A% )
BUHACAE SRR, BEXE P E T E 1, B

Qo = Go (o) (3.5)
3.3. $FHEAERLEE

DA B TC R BEFEAS (I 2R, AR 75 A il sk B PR AR R R P AR AR R AR el 5 A R 1B A B ik
AN, TIXAE R INRASAE AR ROR A, A7 SR P IE AN REAR 4 1 A DR K R RRAE TR AT 2542 30 [9]
WA Kb A Bk [ PR, DiffusionAD [10]7E {3 ] — 2677 ik A pl— S S IG & SE PR 8k, 1% i
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Gh = O+ & 37)
3.4. EHIH
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S 1E 3 B AR RE A R (9VP53 %5088 D, 20 IE HEARRIE B 65— ANAAHE (h, w) #SAE B — A AL B
(LM EN D, (o)) LA SR HAEAE B I R B0 5083 07200 D, (o) o Fae (GG )

TE RS O TR AR o (0,000 ) 31 o (0,000 ) — FORONS 0% D, S,
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D, (Gh.): D, (Gh) =D, ( Fuut (Ghus Ui ) (38)

D, () D, (dha ) = D, { o (G G ) (3.9)
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AT R BT TE HRE AR T ROP 40, X S M ST 4, T2 B0 MOk A PR 5 —
ANGLE (h, w) RERE A BT IE S VP AN X 4 FF o AP R %

Iﬁwl=rnax(Oih*—-DW(qLW))+rnax<0;4h’4-Dw(q;w)) (3.10)
th* A1 th™ 2P ki Hh & Ma . BRAEOL T, eIt E N 0.5 f-0.5.
ST SRABUR B, WL AR S W I, JEEA D, (a),,) #1D, (a), ) R
M IEHRAE AN DR IE RAAE O BE B K, AR — RISk -
Ir:,wz = (a _(Dy/ (qu_w)_ Dy/ (qulw)))+ Dy/ (qfl1w )' - Dy/ (qulw’)

T AR T

(3.12)

o =l +15° (3.12)

a, BANIEE GBI, BB RER 1. RSB RS R INAE KTy, 23
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Sri1,w = _Dy/ (qu1w) (314)
HT MR AT 57 L
Sac (%) = {Sh [ (D, W) € Ho xW, | (3.15)
5 Spp (X ) BEATHEAE, 5 B HHNFEAAAR M5 2, J8F mbriEuk AR i . 7
] e B KD 43 A S PR S5 A 0
Spo (%)= max s (3.16)

(hw)eHowy ™Y
PRI N 42 1 PR .

Table 1. Algorithm pseudocode
=1 EEARR

A7

#F: FREFRELER

# GURFIE & B3

# NS [R] 3 A7 1) v 0 g 75
# D4 eds

pretrain_init(F)

random_init(G, D)

for x in data_loader:

0 =F(x) # $RHULEF L

q=G(0) # BiER

g_1=q + random(N_1) #rFREHE

_2 = q + random(N_2) #& F1E #4510
loss = loss_func(D(q), D(q_1), D(g_2)).mean()
loss.backward() # & [F4EHE

F = F.detach() # F N #7550
update(G, D) #f#H] Adam ¥

# loss function
def loss_func(s, s_1,s_2):
th+=-th =0.5, a=1

return max(0,th-s) + max(0,th_+s_1)+max(0,0-( s- s_1))+|s_1-s_2|
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4. S8
4.1, IR IE

[FIFEAE MV Tec AD [3]5 5 Al = M - HE1T 7 5556, MVTec AD (8 T 5 g3/l 10 ik
SIS, $Lit 5354 ik AR B F T U000 15 EAGANH F DU i 0 5 & Pk b DS TR o BUR 4L
Bo FFHONBRBEREA BRI TR R RAriE . FIRE BUR R 38Ty 256 x 256 Fl 224 x 224 [7], &AM
FEE G, TEREHRE P IR ik, B 25, TR 8B EE N ZAEA B ililge—4—

eSS E
4.2. VHEIEIR

PG 20 57 5 R 1 i it ROC it 2% T T AR (1-AUROC) K i &, A B3k R i B AR S, (A
3.16). T ZRIMIBFFC[7] [8], 7E MVTec AD Lit% 7 255)°F) AUROC FI#EAAZ 5 (1)~F1) AUROC,
FIFA, 374 SimpleNet [6]. PaDiM [7]. PatchCore [8]. FEHR{E NELERTLL .

43. EHRECEMTS

S A BT P 252 AE ImageNet _EFIIZ5 T WideResNet50 4K,  FEAFAESEHUES 73 1 HI AR
AESREGE, 0 3.1 thpTid . RRAESRBGE RIRFIELEE B Y 1536, K/ 36*36. Jm SEHURHEERC &% 2 —
AN T i L N RV R TR AR R R 4 42 o R REAE A s 1) IR W R AE BNV A8 Ik ST R 7y
AT N (0,0 ) o JELI SCAA 57 5 R AL A BROA T UL T 8 B o Dy 0.015, EACHE 43 N I 57 75 R4
ARG BCE o' 9 0.00015. ol — MR MR ELE . 4> Leaky ReLU(RIZy 0.2)M1—4
ANEEA R J7E 3.10 HY th™ M th# B 0.5, 77 #% 3.11 i IE N 1. i H] Adam ik &, KRFAIE
& AR A ) 2% 11 27 21 2 43 I B 0 0.0001 A1 0.0001, AN EE ZE kA E v 0.00001. &EANEUHE AL I 25 A
WBCE Y 160, #LE AN 4.

4.4. SRIREER

MVTec AD b5 far il 45 SR DL S S FE BRI R L tn e 2 o, MR 20 ot 6 I Bk gy
gy, 7R 3.16 PR ZSKI IR UERILAE 5 32 v N e A PR B ) T LR S vh # 7E JE Ak A 52T AR
tb5 SimpleNet, #MRAETH 0.7%H4 R FMFEAM BN T 43%i5 3] 7 99.6%. AHLL T — 70 AR
PaDiM FIHkFE 5 ¥ PatchCore ARG R T HIKMIHETE, Hri MR R, BRI iR e k. T
A= TR R A R o i e B R I IE AR AT X HOBE B, FRAR T RO B R A, PR
T AFAERR NI 12 Dy B BB B P O 2

Table 2. System resulting data of standard experiment (%, bold indicates optimal horizontal comparison)

% 2. AUROC ftE (%, MARRERITEERM)

P PaDiM PatchCore SimpleNet Our
mvtec_carpet 99.8 98.7 99.7 100.0
mvtec_tile 98.1 98.7 99.8 99.9
mvtec_screw 975 98.1 98.2 98.6
mvtec_pill 90.1 96.6 99.0 99.6
mvtec_toothbrush 100.0 100.0 99.7 100.0
BY1E 97.1 98.4 99.3 99.6
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FAVERESRSETT T I, 32 2 LAERT 7T UL K B 2 5] = ek R A, AERR R A N & B R
R, AR BREBCAR) IE R AE IR P A S Py 3 TE S ARFAE R IR W R AE S Dy IE W R IR — [A) A B
FHRAE %R, 8 = oA R = H MR AT o, HeZ& AL MVtec AD T B = & I 7y
KSR T Tt
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