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Video Anomaly Detection Using Spatio-Temporal Adversarial Networks with Unsupervised Learning
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Fig. 1 Overview of the proposed method.
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Fig. 2 The method of Ravanbakhsh et al. [9]
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Fig. 3 The method of Liu et al. [12]
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Fig. 4 Overview of our model. The upper figure shows the
generator and the lower figure shows the U-Net discriminator.

32 REETL

Fex OET VL, Fig. 4 (2”79, Encoder, Decoder
O, Decoder F, Discriminator @ 4 22672 %. Encoder &
Decoder O, Decoder F 7> 5 72 5 &7 /L % Z 1LE 4 Generator
O(Gp), Generator F(Gp) & EFT 2.  Encoder 1ZAJ10OH)
i 7> 5 B A2 iA 8 & Convolutional LSTM[20]% V> C 4F
Mz L, Decoder FiZEiz AV CiiEAIARIEIC X
Y frame Ei{% % Tl L, Decoder O I optical flow % T4
5. GeDREEIZIZ, Liu H[12]0 X 912 U-Net[21]Z V™ 5
ZEHBIRTE B2, U-Net OFF skip #3512 L0, AT
WCEENDBERERPETET DR ERINnD. £
D=, Lee L[6]ERAH L7-ET Mig&E a2 55, THIA
DETN~EJLELZ. —F, Golix U-Net ZEH L,
Discriminator {213 Schonfeld % [19]i2 & ¥ $2%E & 4172 U-Net
Discriminator % £ L, o optical flow 7> Decoder (Z &
D TR & Fu7- optical flow 72% pixel-level & frame-level &
T 5.
3.3 2EI—X

Forx ORFZERBOIAI RS Y =213, LT D 250
H¥RLg, LpaRZHIZE/IMET 5 2 & TRt I 5.

Lg = ArLprame + AoLopt + LY, + L% )

Dgec

Lp = LDenc + LDdec + AcLconsist 3)
G 1% Generator, Dgpe, Dgec 1 % 4L % 41 Discriminator
Encoder module, Decoder module 39", %72, Lerame Lopt
IXENENEE & TRIFE R M O, optical flow @ T
K, I THHRRICHT2ERSTOERTH 2.
A& Consistency Regularization (2%} 32 EAL S D EEHK T
HD. LeDBHITLUTOLEBY THD.

Lframe = ”€t+1 - GF(xt)lll (€))

Lopt = 0¢11 — Go (x4 %)



L(I;)enc = _]E§~pg[109(1 = Denc([§41, Ot+1]))]
_Ex~px[l09(Denc([GF(xt)'0t+1]))] (6)

18, = ) 1011~ Daec([§e, 004 D]
ij

+ ) 109 Daec (6 (x0), 004 D1i1(7)
i,j

lﬁxﬁi%éﬁ%tﬁ:iﬁ”éEﬁT%ﬁTé%ﬁﬁﬁ%ﬁU
$e-r-1.§e-1-2, fﬂ\%%ﬁiéﬂé §34 7 L— LD
BTHD. 0p1ZH LIt + 1LITEIT D optical flow TH 5.
[Daec(§r+1,0641)]ij 5 £ O [Dyec(Gr(xe), 004111 1%, EZ
TV (i,j) (28 1) % Discriminator @ H 7% R & £ 3.
[$e410041)lF, g1 £ 0 DT ¥ U T A O G 2 BIR
T5H. I, LyDOFHIILUTOLEEY THD.

LDem = _E€~p; [log(Denc([§1 06411)]

Ex~px[109(1 - Denc([GF(xt)' 0t+1])] (8)
Lpg.. = _]E§~p;[z log [Daec([§6,0¢411D]i]
iLj

~Exp,[)_ 109 [1 = Diee [Gr(x0), 0¢1DNi ] (9)
i
Lconsist = ”Ddec(mix([le: Ot+1], GF (xt)rM))

_mix(Ddec([ftH:0t+1])'Ddec(GF(xt)): M)”Z(lo)
2T, Leonsise/E[19] TEA A7 Cutmix[22]— A
Consistency Regularization %3 Z OIEHNKEIE, +43ic
S <717~ Discriminator 7> 5 DO HAL, HEED 7 T A K
NRAL EWPRH o THELL HDIRETHDLHEWVD
EZIZFESVTWD, mixiIX (11) TFHETES.

Mix([§r41, 00411, [GF(Xe), 0641], M) = MO[Ery1,0644]

+(1 = M)®[Gp(x,),0:44] (11)

ZIT, Me{0,1}WH L, BiFE (i,)) NEOEE (1) b L
IO ZrT 2E~RA7, 1131 THiz&Enz 2 E~
A7, OPXEREBORKRERT. b, FHORBELT
# 1% AdaBelief[23] Z H \» %5 . optical flow I
FlowNet2[26]ic & v #HET 5.
34 #H#®HIz—X

WIS, HEw 7 = — ROV TS, Aix oxhd 5 5
%fa(xt)%t(lz)@ctj WCERT D.

a(xe) = [|I$e+1 = Gr(x)|®loery — Go(xy)l
®Dgec([§e+1,0¢+1Dmaplly  (12)
map(N, ..., M) = |Fy([§¢+1,0¢41])
—Fn([Gr(x1), 0041 D1®  ©|Fy ([§41,0¢44])

—Fu([Gr(xp), 00411 (13)
map!L U-Net Discriminator @ Encoder, Dp. DIEE D
N, .., MJBO T @ Fy, .., FyDEZREL, Aoy
ARV YA X LD THD. Fox BT D U-Net
Discriminator ¢ 1 4] & 45 B map % @t & T 5 O %

Discriminator 2339 5 & L VRS A EH L, EAST

TBHIET, ENICRET D ) A ROBRBAPRHTE S

N THD. BEFAHITHO D RERR A 27 S(x) 1T
(14) ZHWTEHLTLZ & TROBND.

S(x,) = a(xy)

max(a(xl__m)) 14

ZIT, miIT AT —XDRETHS.
4. FREFEER
41 BE

Afa T, Biig R RIS O TR ART — 4
> hTHD UCSDped2[14] &, Avenue[15]% VT HEER
#iTo72. Fig. 5 127 —% &y FOfFlZ”7. UCSDped2
X 16¢clip DT — %, 12clip DT A KT —F M5B 5.
Fig.5 ZElZ "9 L 912, EFT —XIFBEHOAL— KT
BT T HETFRIR SN TV, —FRE T — 2 [T HEGE
TOET, BBEORALR EOK NGRS TS
Avenue X 16clip DFIET—%, 21clip DT A b F—Z
H7e5. Fig.5 AN RT L9, EFET —ZIT@EE DA
E— R CHITT DB SN TV 5. — FRET — X
WEED, i & BT 2 OEH 0 BRI L 7oAk 3 I gk &
nTnd

e 2 oOF—FEy ML T, Frame-level @

Receiver Operating Characteristic (ROC)  #h#RiZ%t 4%
AUROC IZ L 2 ETNVDIE Rl & 1T S 72
- G| _..l e '

Fig. 5 Examples of UCSDpedZ(Ieft)and Avenue(rlght)
The red rectangle means abnormal region.
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Table 1 Results of each dataset.

AUROCT
Method
UCSDped2 Avenue
Luo et al.[9] 0.922 0.817
Ravanbakhsh et al.[13] 0.935 N/A
Linetal[16] 0.951 0.851
Nguyen et al.[17] 0.962 0.872
Qurs w/o map 0.688 0.719
Ours w/ map(l) 0.947 0.884
Ours w/ map(2,3) 0.964 0.894
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Fig. 6 Results of UCSD. The first row is the Frame image,
which consists of the true value, the prediction result, and their
difference image. The second row is the optical flow true value,
prediction result, and their difference image. The third row
shows the differences of the middle layer features of the second
and third layers. The red rectangle area shows the final anomaly
map obtained by fusing map.
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