B3 M3 HLP R 4R Vol. 53 No.3
2024 %5 A Journal of University of Electronic Science and Technology of China May 2024

E Tl FaEMEINSER
FEENEE

mERN', 2 EF, B OR, m RN

Q. E e fR R R B A AT A PR A R, 41FH 6210005 2. Ab5t3 oK% MRS 858, b5t 100081)

WE S TEGAFTANEA, FHMRAEREEFTHAET ) K AATER AT LR FRE, R—REHERS.
st A A B REBALR k. ek ik R AL M KEARIE % ( Approximate Nearest Neighbour Search, ANNS ) % 7| #47
K iTAR4E %, {281 T ANNS F48E R G003 A4 AL E P F o K 493038 8, s 77 ik 093+ SRR XA B AT KA AE
BHALEH R AT, ZXATEHINKRSH A A ELIERE, 8T —AE £ 454 ( Approximate Membership Query,
AMQ) F ik, FSFAEEALE EHTUR R FAEA, AT ANNS, AMQ B4 Ea9 it 3 4 2e & B 818 4 354 % BB 5147,
K R R T AR A & T ik 0Tt AR AR, £ MVTec-AD 4B £ W S H4 R 27, AT AMQ W FH :MR %o
B A FAL ANNS 7 k1K 1% A4, (24fFATE, Sk Efe N A4 R ERA, T35 RS I Fw AR 4t

HaE,
KA FEAn; RBEFI, AMsEREE; AEiIER; BISURLA
hESHES TP391.4 WHEARERS A DOI 10.12178/1001-0548.2024032

An Efficient Image Anomaly Detection Approach Based on
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Abstract An accurate and stable approach to image anomaly detection is to query the K-nearest neighbours
of the image features from normal examples and estimate the anomaly score, relying on Approximate Nearest
Neighbour Search (ANNS) indices. ANNS query operation has high computational cost on large datasets,
unpractical for low-latency and high-throughput scenarios. Based on locality sensitive Hashing and Bloom filters,
an Approximated Membership Query (AMQ) based approach is proposed to predict anomalies by approximate
membership of features. AMQ can address the performance bottleneck of search-based methods, given its lower
complexity and better compatibility with single-instruction multiple-data parallelism than ANNS. Experimental
results on MVTec-AD show that the accuracy of AMQ-based method is just decreased about 1% in comparison
with ANNS-based methods, while the inference latency, the throughput and the memory footprint are significantly
improved, close to the efficiency of end-to-end deep learning anomaly detection models.
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