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Abstract
Domain shift changes the normal-feature distribution and anomaly-score scale of industrial inspection
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systems, causing detectors that perform well under laboratory conditions to produce unstable de-
cisions after deployment. To address the limited comparability between teacher-student distilla-
tion scores and prototype-matching scores, the dilution of sparse defects by global aggregation, and
the coupling of post-processing parameters, this paper proposes an inference-time decision layer
that requires no backbone retraining. The method performs location-scale standardization and
weighted fusion of heterogeneous scores using statistics estimated from normal training data, ap-
plies max pooling to preserve strong local responses, and uses a single smoothing parameter to con-
trol the trade-off between image-level screening and pixel-level localization. On AeBAD-S, the com-
plete configuration achieves an image-level AUROC of 88.48%, exceeding MMR'’s 84.7% by 3.78 per-
centage points. At o = 1.5, the pixel-level AUROC is 83.90%, 1.40 percentage points below MMR,
while the PRO score is 76.03%. These results indicate that the method is better suited to deploy-
ment scenarios prioritizing product-level pass/fail decisions, with reduced region-coverage perfor-
mance as the corresponding trade-off. The proposed method is therefore positioned as a light-
weight decision layer for existing industrial anomaly-detection pipelines rather than as a general-
purpose segmentation model.
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Figure 1. Overview of the DASF pipeline with max-pooling
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Figure 2. Score-distribution validation and DASF alignment
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Figure 3. Gaussian convolution and max-pooling analysis
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o 0=25: RHEEPIE—~EURYHK 87.72%/M% 2 %% 82.78%/PR0O69.92% .
e 0=30: FIEFEE R M~ KIS 88.48%/M% % 2 82.14%/PRO73.95%.

BN o REEZ R SUIMER, 8K o B g s i EEgm B . FE N T AT AR 5 A
BUE MR IR RRIZAT B, R HEBNGE T M4

Kl 4 33— R RS RO IS AT 1 S S ISR N B R ZE R
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Figure 4. Parameter sensitivity and per-domain performance
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K 4)Ex, BEE o WA, EIE% AUROC Bk L7k, M &S AUROC 5 PRO &K FB#%; 1K 4(b)
HBox, X MMR B ZERENNR &AL, A SO EHAEERTA 444 T 5. X A5 55 % RQ3
SRR T R4 A I A B

4, SCIRE
4.1, SEEHETSMREIE

S Rl S8 — AN AT Rl AL ZY, AN I R R R SR 2 I — AN, JREid AeBAD-S BT R SEG
AT VA
e RQl: ZfE - REFHEILK NFB iEERERERMESER? £ TME., MR EAE
i, Pla=01ENAEH NFB X, JF048 NFB BlSAUE . 1% SEIe 1M DASF fldr 4 3 i &
W E, AL Z-score 5 I AARELL 77721 LU
e RQ2: BAMNAEEEHEMGHMEIMERHERE? B R E s bS5 avg_max, F£LA
BB SRR BRI . i) B S e R AR A 2 0 RS, DA iR & AR .
e RQ3: BSHFIFEEENHEBRERNEBRFEMZERIBE? ©o,=0, =0, K& o JFFN
5 E5 20 AUROC. 1% %4% AUROC Fll PRO, LI I HAE &R B is AT S50 Rtk
R EHEYE IR - KRR - VR FERR T XTI R RQL IFMM AL AIESE, RQ2 VN R A

77, RQ3VFHNEIT S 4. B PRCE SIS, RAMFES LR HRBEAZRN I BT RIS E
R T MERF XA, AR ZE, AEGET 8 I
4.2. YRR

FEIPALIEHES AeBAD-S (B KANHLH sl - st ) [2]. B IZGSEAE 521 1R EIE:
PEAL L 1,639 RS, 7 5 RIS A B =28 3 i 75 -
o [@3H(Same): MIRLE IEHFEAR S UIZR A7 —30(689 ME: 230 IF iEH EHE + 459 1 554 E18) .
o BF(Background): VIZESMHAREN T FQHAR (305 . 93 @ IEH EIE + 212 1@ 7% K1)
e B (Nlumination): &I R AT ME: 75 IFIEH EME + 198 i 55 K15).
o MA(View): FITERALE S A XTI GRZAT R AR (E72 1E: 92 TR IEH EIME + 280 a5 % K15).
B i RS- MR R bR, SRR AL AR . el A A
A FHLE MVTec AD [3] [5] EFFRABIITAS . ZBERAE A 15 > Tk 540255, 3t 5,354 1
K15, BUERBARERR. NUR. ISRMmaEaHigi. BT MVTec AD S256 5 AeBAD-S {4 FIASFH 1M
EMRAIE, HAERMTHREEIRIEH M, WE ™8 2350 B RAIE .

4.3. THLIEHR

A Tl S8 R 8 PR SR L [9], ASCHR s =R kR . FE%% AUROC 78 IE % /5% B HE
FFReSs, BUR Bl Faihit . oAb EL avg_max 3k 5 R % AUROC #ir =15 2 2 H I 54 2 AL Rg
715 PRO (Per-Region-Overlap) i+ % 7l Il [X 42k 5 3 Sk e DI B8 R B, I o0t 2% 328 ol B X IS5 AL
o ZIERR S BIXT RIS ST L AR R A X R T
5. MASRERETEMY
5.1. AeBAD-S B {14 RE

AT AeBAD-S FIfEAREE R, Mo =3.00f, ALTEMEES AUROC J 88.48%, % MMR
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] 84.7%7 3.78 NE A Mo =151, iZfEFrN 87.43%, ZEHN 273 NED . MM, o=15M

H11% % 2% AUROC A 83.90%, # MMR 1k 1.40 NE 4 & o =150 =3.0 /) PRO 454 76.03%7F1
73.95%, KT MMR 1] 89.1%. Xuest B REUG ST RE J1ie R, [FIRHME R g At 2 X 3807 5
CEARNGE

Table 4. Overall results on AeBAD-S
52 4. AeBAD-S B FEER

[ E{% 2% AUROC 1% & % AUROC PRO L]
MMR [2] 84.7% 85.3% 89.1% F I KA
KX Ti#(o=15) 87.43% 83.90% 76.03% BEL S
A H(o=3.0) 88.48% 82.14% 73.95% EIHE 25

ARG R AT T DO S R B0 B AR50 A 55 S S B X I ) o 4 A
LAY PRO #4 B B Af PR A1 o

5.2. SERASEIS : NFB Bi&IE

wWi# 5 Fron, f NFB @G AUEH H 0.0 3% 0.2 5, KBS AUROC M 86.65%72 i % 87.83%, 53
gt AUROC I\ 83.79%7% A 83.74%. fE4THIRECE ~, ZAndEAbi R A0IEYE G EEEHA T, WA
RRIRbRIIREIE/N . BT RIRGE EEETH ZREE XN, 1.18 NME 5 SRR ZE. K 5 4
IRSINVEIE/ R N

Ablation: NFB Fusion Weight (A_NFB=0.20) Image AUROC Improvement vs Baseline (a=0.0)
+1.18%
87.65% 87.8:

+1.18%

+1.00%
3.74%

Image AUROC Improvement (%)

B Image AUROC
B Pixel AUROC
B PRO +0.00%

02 0.0 01 02

NFB Fusion Weight (a) ! NFB Fusion Weight (a)
(a) NFB filt 5 AL

Ablation: Pooling Strategy Effect on AeBAD-S

= Image AUROC
= Pixel AUROC
= PRO

Pooling Strategy

(b) LR

Figure 5. Ablation studies on AeBAD-S
5. AeBAD-S jHmhSLI
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Table 5. Ablation of the NFB fusion weight on AeBAD-S
%2 5. AeBAD-S | NFB &1 E imt

AEALE (o) F154: AUROC % F % AUROC PRO
0.0 86.65% 83.79% 73.25%
0.1 87.65% 84.06% 73.73%
0.2 87.83% 83.74% 73.90%

A (0.2vs0.0) +1.18% —0.05% +0.65%

NFB JH SRR, ArdEtl e i B RIESE vT oy BB o SR b e 5 2, TR R AUROC 7 4 7]
UEE T8 il W AL

5.3. SRS EMLLE

%6 R, £o=30M, AXHENEES AUROC 7. & RMEBA&LE FET MMR, 7E41L
e TN 79.60%, BXET MMR 1) 79.9%. PUFHR %A 1)-F351E My 88.48%, # MMR & 3.78 M H
gy ris HAORRR WS T I 2 (8 5% K (95.00%% ) 88.8%) .

GEBARE ZOM R M o=15K, BE% AUROC A 83.90%, % MMR [t 85.3%(K 1.40 4>
B e RN E - RS b AT 7 B G e 1 G A 3R FD B = HE P IR TES D Siit
KB OL N, AR & ZE K.

PRO [ FREFE RNEHE(E 7). Mo =150, ALI7ERIF PRO N 76.03%, T MMR [ 89.1%;
TEFR AR (2 8), Wi 76.44%7H1 89.6%. PRO ik Tl [X 38 15 58 BE bk X I B, T4y
R RO AL SRR R A RE TS i P e, A BRI A —E. Bk, AgadE i T
PRAEHIRTIRAE, A IE G AE B SRR X s 1 B . 36 9 Wilk— Bz —& it

Table 6. Image AUROC and Pixel AUROC on AeBAD-S
7 6. AeBAD-S EHIEIR K AUROC 518 F%K AUROC

K% 2 AUROC (%) 1% E£ %% AUROC (%)
[F]35% B iR A Fy iE2 3 Gh JLHR L H T3

PatchCore [17] 75.2 74.1 74.6 60.1 71.0 86.3 83.7 80.9 76.2 81.8
Reverse Distillation

Jiik

[10] 82.4 84.3 85.5 71.9 81.0 87.1 85.6 83.8 79.4 84.0
DRAEM [49] 64.0 62.1 61.6 62.3 62.5 71.2 69.4 65.3 68.1 68.5
NSA [50] 66.5 48.8 55.5 55.9 56.7 72.8 58.6 62.1 60.5 63.5
MMR [2] 85.6 84.4 88.8 79.9 84.7 87.3 85.9 86.1 82.0 85.3

AL TFF(o=15) 90.20 86.50 94.20 78.80 87.43 84.86 83.24 85.41 82.09 83.90
AL Ji#(o=20) 90.80 87.10 94.60 79.20 87.93 83.98 82.31 84.52 81.67 83.12
AKX FF(o=3.0) 91.60 87.70 95.00 79.60 88.48 83.11 81.20 83.67 80.56 82.14

O AR EREBW], AT R BB G 2Ok B L WSROI, B A T AR
MMR; &3 AUROC MLEAAMRT MMR. BRItL, S BEERE ™ dh ik P RE I HI3R T, AR 5 52
REPERERI R 3RTT
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Table 7. PRO on AeBAD-S
= 7. AeBAD-S E£HJ PRO

PRO (%)
Jii:

[Fi) 45 GBS JaH A T
PatchCore [17] 89.5 89.4 88.2 84.0 87.8
Re"erse[[f(if]“"a“o” 86.4 86.4 86.7 82.9 85.6
DRAEM [49] 71.4 443 67.6 711 63.6
NSA [50] 43.0 29.7 59.9 51.1 45.9
MMR [2] 89.6 90.1 90.2 86.3 89.1
AR TH(o=15) 76.44 75.23 77.65 74.81 76.03
A JiE(o=20) 74.19 72.46 74.38 71.83 73.22
A0 =3.0) 72.60 70.00 79.70 73.50 73.95

PRO Zi Rt — B IRGE T B Mg: ErfENEB IR AR REZ, EARSEHX MMR 11X 3507 5
P

Table 8. Same-domain results on AeBAD-S
3% 8. AeBAD-S B4R

. E % 2% AUROC (%) 1% & % AUROC (%) PRO (%)
ik o=15 c=20 c=3.0 o=15 o=20 c=3.0 o=15 c=20 o=3.0
MMR [2] 85.6 87.3 89.6
AXFHE - 90.20 90.80 91.60 84.86 83.98 83.11 76.44 74.19 72.60
A +6.00 -4.19 -16.96

LR, B2 AUROC 5 PRO [ MBI AEANAFAE UM A I T3 AR T 0L, BRIAZ IR A
BEDURR T4 w2 BG5S T B E B A T RE SR A

5.4. MVTec AD LRYSHBISGE R

N B SRR SR IE I, AU ab_final_opt Bt B /£ MVTec AD _EiEATIZE M IIZk: 20
%5 WideResNet50, Ji3 fli4 5455, focal gamma = 2.0, RH avg_max ik, JFi%HE o, =10,
0y =35+ w=05. ZMEH TR PRGOS S 3 R e, 9 I &I R

Table 9. Results on MVTec AD
52 9. MVTec AD &£8R

Category K% 4% AUROC 1% %% AUROC PRO
Bottle 99.9% 96.40% 87.6%
Cable 95.2% 93.16% 74.9%

Capsule 97.6% 97.00% 90.3%
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Carpet 100.0% 97.31% 90.7%
Grid 99.9% 98.43% 93.7%
Hazelnut 100.0% 97.95% 89.6%
Leather 99.8% 98.62% 96.8%
Metal Nut 99.7% 95.63% 82.0%
Pill 94.3% 98.27% 88.3%
Screw 90.3% 98.86% 94.1%
Tile 99.0% 91.14% 75.4%
Toothbrush 99.4% 97.46% 89.0%
Transistor 99.5% 93.46% 77.8%
Wood 98.2% 92.53% 81.1%
Zipper 97.3% 95.40% 84.8%
F 98.01% 96.11% 86.41%

TEAICE T, MVTecAD PB4 20 AUROC. 1524 AUROC F1 PRO 43 %4 98.01%- 96.11%7!
86.41%, LA avg_max 7Ei% [FIREE AR L EUS T B8 1) =TT FF .

# MVTecAD LRI &S RSB AHALE, FHE% 2 AUROC 1y 98.31%, % avg_max & 0.30
ANE S, FRRES AUROC 1 PRO I8 FBE. %455 AeBAD-S b og i fE xS 321y 11.28 4
B M EA HEER, PRG0S NFB 5 PR EN R . WAL RILFE T, BE RN
WAL s MR A SR A AN PEAN H A

TEGRIANZ, MVTec AD 5 AeBAD-S 525555 f#i H WideResNet50 Fi1 ResNet50, BRiAER A 7720
WAE. K, MVTec AD 254 X BRI AEAH B AMEA RO IESE , A RE A TE ARG E N 1 Hon 5

LGt vl
6. SEEkiTi
6.1. SCEMME

PR IR R AL T ARSI 5, NSRBI - ARG B AR, BT ATV D B A AR R 4
B W TEBIGTEEHREIEFEA, UL~ AR P BT A RIS 5, ZMHE T 6
5 FEAREOE A . NFB AL 1.18 A 70 sl BB EE BN T e iR o, (H U AL e s
A AR RS T M8 ARG DL T SR kb 7e (5 8

6.2. B&/NEBFHENTIENE

B KRS R A SR e SR i B 5 WA, XS AN SCHEBREE BRI ADHE A G 1R R
HRN — 2. Seie P BB AUROC $igrii PRO T F#, i IUEAE SR A ) i 0 5 e 3 X Hel 78 e 2 A A4
WIRARUET . 3T o AEhbRc T BE . i AN TAZ S SR AL B ARRE, ZisiT A KPR SG W T
EHAMESREER . ARBGL R R 5E, MM RAEN o« EIERRETT I, S inErIm
LSRR,
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6.3. RSHTEHRNESITEFGE

KRS HBONG M o, FFRIEBURYESCIR R E w, W R N =S B SRt
—YEIE TR, HIREHEEBATRE, RN o=380; HFRHEREELRIBSLIMELE, 7R
o=15. HTFX - MBOUREAMEERNBL [ F TR AEARF AP ZR T U7 A A, 250
HEFAER B A IRER SR, 58 2 AT JAEA RS E R .

7. RRM
7.1. NFB B+ B 4

NFB A= RE & K =200 MEA, H1E6E 600 N, HEFN 7578 & R E AT il R AR
. 1E NVIDIA RTX 3090 I, 1Z0 B RERE U AE IR N2 15~20 ms. X FaERBURBI N, A9
INK, BCRFIEsIE A R S ER T .

7.2. HESFREEGTTRBRY

Z-score FRAELASER D R i A, (BB bk 22 0] B R A AT B B BB . 2 B 8
FIIE R REA = L R T i, RSB r] BE TR IR ARG B R . J5 S vl e b o % - 4 d p o 22
S,/Q, Faft UM h. BESTFEMEA D AHET, LATA SR i 55 75 2 [51] .

7.3. MAFEESEHREBRZLREN

AeBAD-S LU o Al T 5t JCIRANL A DURR IR A6 A, (H MR 7 e e SR M . A el
B E N E S . ROLEEBUE o W RERE AL SR SR AR, B 8 BUEAE M b #5221 TR R
e ARRATHREE 1L 70 B A1 B ASAL IR B & NG o

74. G A HEMSZIFHLER

AR IR IR RIS R, MOARIRBEZRENUM T EHE . B5 XA B F AL, BBV Ehs
ZA R BRI AR . 5UERI, MVTec AD 5 AeBAD-S i FIAEB T MG MEINRE AR E,
BAm e RA ™K 2B L SRS FUNAE S — B B P AT R SLIR,  FFR S A VL X H) 575
A o

8. &it

ARSCEF U AL T 77 S G 58 e, T BRI T i 0T - A E T2 S ) DASF JE AL EEA0
Bl S MR . 3 LI oA o6t 5 7 LA R IR N ZREE 00 — I (X ME) A0 B v O (O Z IR ),
Xt RN B S R B oy B s A B - RO AR s 23R E TR R A - B mT Ee e, AN e M e DT T
ST R AR 5 o RGP DU I R RGBS A N, R S AR R N A o N A RIS AT
Ho

AeBAD-S 4 BRI, SE¥ALE 1152 AUROC Jy 88.48%, 5 MMR & 3.78 N E 70 s MM
5 %% AUROC 5 PRO ¥JHFT . iX—45 408 7 10 iE VG BR 2 = i A 5 o e ¢
NI, AR XI55 . MVTecAD (14 Bhas it — 5 Ui iE, Sk it 5 as M A 2%
HERIVEAR H Ao

BRI S, SLIRCRRK DASF A —FPC 7 H ARt . 0 75 42 ol sl E B I RIS 2 (1 4% B A 5 Ak
HUERN G % Cld S g EbsdE . FANEE RS KIEE RS, MEERI e A R 2 4 1
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T R R R 12450 DR G AR BT RIS I SR 52 UM - SEARRAR AR B AL E, R EIR
HR O B ARG, MARRGRIOECLRE I FARTE . T A AiiEE ) B n el i
BERMGUATEVERS], FEEFAR ME. T2 MR RA RS N ETRIE.
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