Anomaly Detection
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2. Anomaly Detection2| Dataset
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3-1. mvTec Dataset

Carpet

]

LT
\““\‘

S |
.“.“‘-.

-
4
o
‘
=
-~
-
-

DO

Bottle Cable

Sap X9

M= 2EoAMe 23 A2

Wood

3629%2| train OIO|E{Qt 1725% 9] testH|O|HZ FME[0 RQUCH

?Iet HolH Moz F 157tX|ef FtH| 12|z ZF/E0f RALY.

train OIO|E= normal HIO|EHEBt2 2 test H|O|E{+= normal, abnomal HIO|EHZ FME|0f UL}

157kX|2] ZHE| 2] & bottle, cable
57tXl&  texture?] EXZ 1

segmentation 8&

3-2. BTAD(Bean Tech Anmaly Detection) Dataset
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3-3. LAG(Large-scale Attention based Glaucoma) Dataset
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3-4. STC(ShanghaiTech Campus) Dataset
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3. Anomaly Detection2| '&4|
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2. classification 24! (Deep SVDD)

svddZt feature spaceOlAl d& CIOIHE M= 7HE &2 F(hypersphere)E &1, Y Z4A
HE 7[Hte 2 O|¢X|E EX|Sts WHRO|CE x2H= input spaced| EEM0|| st 4 HOH
o F2MOf siEsts HITE4 HIOIHZE AUCD 7PISHALE svdde HA input spaced| U= HIO|
HE2 pik)2t2 S kernel function2 O|83iA F 2t feature spaceZ OfES A|ZICH OfE

S
=
d4 HOIH features= E S2iMe 7tE X2 & H= WS Ttk J2|2 7 & &



2 normal, HIZZAZ 2 abnormalO|2t1 TtCHSH= Z40|Ct.
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3. Feature matching 24! (CutPaste)
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4. Video Anomaly Detection (Future Frame Prediction)
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Figure 2. The pipeline of our video frame prediction network. Here we adopt U-Net as generator to predict next frame. To generate
high quality image, we adopt the constraints in terms of appearance (intensity loss and gradient loss) and motion (optical flow loss).
Here Flownet is a pretrained network used to calculate optical flow. We also leverage the adversarial training to discriminate whether the
prediction is real or fake.
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