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Abstract: As an important branch of computer vision, abnormal behavior recognition and detection technology has
been widely used in intelligent security, medical monitoring, traffic control and other fields. However, the definition
and discrimination methods of abnormal behavior are closely related to the scene factors, and it is very important to
appropriately choose the feature extraction as well as abnormal behavior recognition and detection methods according
to the characteristics of different application scenarios, so as to improve the warning accuracy. So, this paper reviews
the video based human abnormal behavior recognition and detection methods. Firstly, the definition, characteristics and
classification of human abnormal behavior are given. Secondly, the feature extraction methods are summarized. The
selection of feature extraction methods and the quality of extracted features directly affect the subsequent discrimination
results. Then, the paper analyzes and discusses the abnormal behavior discrimination methods from two aspects: abnormal
behavior recognition and abnormal behavior detection. The common abnormal behavior detection data sets and related
algorithms’ performance are also given. Finally, the future research directions of this field are prospected.
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S AT N VRUNAE SEBR B A LE DUR ) (1)
SRR B H AN B AR R AT IR A EUD (2) SR
HONBARZ R E I, A N B ART R
R EE R B, [RI B N3 s A S s 1 oK (3) /a4
Fe e rp, MAEFAT AT AR O S, R TRk
TRAE bR G RERS 7 56 430 W AT 8. BERS, AT A
W7 RAF A AP E B R AT R I 7 AU AT
R4 N IEH AR AN RO, AR = A A 4
)R, SEIUE RS MBI AR (1) 4T R
A EEREAS [E S 5, SR ALAEE S 25 1 A
AAHIE, FET AR E R, 847 kil 75 % n]
Iy N B BRI B =
321 AWEBEREITARNGE

A B SR AT ARSI IR AR R G A 7
XTI A B AT AR v, 8 I A A 5 bR 2 Y i S
RAET AW SRR, 2 5 AT RE SR B 1% B 5
A, BACIHEAR 732K, BRI K880 SRR
BHL. TR Ak, BRI AE N —
T I B T VELE S W AT R N AU R RE A2 8
BEOT S B AT B R ESAE OGP, STk [79] 2 —Fi ik
PEALAT A R SR A R S R T, IR Bh
PEV X RV = AN RRAT S IR 4 X 25,
SRICEMIE G, 2 5B eSS sk X i
SCVETE IVE 2 B 46 &, A R8T R AE i N 21 57
o v 4k S I 2, 2 T IR A5 5 0 JE IR ) e A
HER.

TEHT BRI 7 W AT A, B 2K 051k
HARUF RO, SR, MBI 0 T8 25 G fn i
PANITRVE I A B, 3840 0 78 N 01K B OGN
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w0 ) 55 bR 25 S B 0 S5 AR A R . b
TAEAS A HE R AR 2 7 5 AT N IS [B) A7 B BN B,
— LU R 22 s A9 2 21 5 SOk e A 1 55 e
SRS ) LS P 55 M A o) R AR AR I SR
R B A HRL FE AR I 00 R S LAY, b g i AR
AR AR R A, FRAR ) — it PG A 2 7 49, d i b
A0 B IE SRR I 2R B 1 e AR 25, SCHR [85] 2T
ZoRB e SR T MO R R AT eI T, R
B 58 FAI Y T AR AE S, TR IR BE 2 7= Bl
JPREZR2E 3] S, I C3D - HARFAE, MARFAE )
OO A B AT R, SEEL T SS IRE A SIR
ST RIS E . SR [86] ARSI A, I8
ek T 65 I R P Y R AL O A A PR B 2 R A 3
AT ALK B, s Ak A rh 1) 3 25 47, e R AR A
A0 S A3, BT v B g ) S AT AR, T
2 71 2 2] T A RSRR T R S A T RE AL VE
Z R B, SCHR [87] X Ul SR EHE rb 1 b 25 e 7 it
AT B, H 55 B S s 00 i R 2 A Sy M 7 bR 28 R
B 22 ST 4%, 454 C3D A TSN B RPBh{E 7 25 4%
SEPL T S EAT k.
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e B 2 2] SR I A 2] — B AR A AR A
A8 43 A FNFR RS IR, DT K A N\ B8 B 55 2]
PR, AHEC T S 8 HdE, SRR 5 BUR A 5,
I, B TR R AT MRS T A . 1
e B AT AR Tk R, AR IR AR AT
Fric, FEINZRIT BT o 27 2] TEE B, 78 DR
Bovh S B 1 AR B AR BLRE, B 25 1R
L AR AR R S B . DB AL () B 3 R,
B AT RN T E T 73 T AR ) R AT
SR WU R 35 T PO ASE A 1 e AT ARSI

FEHET B AR ) 5 iR, SRR GRBT B, F)
K& IEH v B As 2 B zh 9 5 28 I ALE; Il 25
S5 SR AR I 18] 7 A N E B g i 2 I 4%, 1531
A JE I ()7 51 B E, BT RE A A T R 4
2, FHRF R AR 5 AT 51 2 8] ) 5 A4 A0 )R 3
RZE, X IRARE AT 73 68 i B8 ) ) 5 s L B
W AR R WL S HEEE T VR, A A
788 (principal component analysis, PCA) RE %44 = 4
B WS B AEREAE 25 [R), [ 4E 5 IR AE AT DL R AIG
Y 7% 1) EHL Iy Al S 3] S5 2 (), SICEIGT TR 4 AR 1Y) EE A,
M B8 3 o AR TP 2 B R, AR X — R,
DL PCA 92l i — FR 41 248 B T 5 A AT
S5 001 R B a4 2 s AR St S5 44, STHR [90] 4
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AT I 5 4 F T Aan AR A3 PP 410 N #0947 R 5. Medel
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S8 el GiUR b RS I B R D QR AR T YA
H I T H R SR, AT T S A 1 S AR O
SEMLRH AT AN, Chong 575 $ tH—Fhint 2= H 4w
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S 1 25 R FH A ARG R I A2 I 2% 2 5] 23 1) R ik i s
[A] RS Ah. AR, STk [94] K CNN F145 R A 4
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BRI E. Ak, BEE N TR R 8, TR
F 2 STHROR () T M6 B S Rl 7 i 2 AN 55 SOk
[977] $5& HH —Foft 5 T Aot 22 IO 4% 1100 0L ik 2 HE 22, 11
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BT 2 ) B MR FERFAE R FH 24— 2R ) AL
DURLAT P B S5 454, SCHR [98] Wit T =45
PRE 25 5 1R BE 1 w25 45 B 1 SRR B3 P 48 I 4%,
F 553 B 1) S A0 5 e . X R VAT 7R 4L
PEFRESS BB IR, 1B H 7 P, B R 2R R R
VENSC I, 7 RENE IR LU IR HERA .
4 BREITARNHIES
4.1 BIEE

TESEHEAT AR R b, B S AT AR, &
AAEH 2 A TR R S . AT R
AT A I T 3 T A s R AR, Ak X
0 53 W AT R I A SR SR HEAT A4, AR RLAT
5. A R AU

(1) USCDP: 2 % 4f 4 1 FH 8] 7 v 5 S B LR
AT NI, ISRt RAEIEFAT R, W4
TR FEEAT R, Hoh AT N AR N SER I
AT NAT N RS, USCD S48 98 BLAl AT, AR
0 L AT T N (082 30 07 T R s TR R R A
A, ¥J3& T USCD Pedl A1 USCD Ped2 W4y, Hrh
USCD Pedl FZ A& N#ETE B 7 M3, Hbro

HER AL, USCD Ped2 EZAL& NFFEAKFJ7 M 1 #
3, &3 B b — BAFE R, 2R R BT AR
AN SR AT AW T, JB TR S AT R .

(2) UMNUL: Z 5 8205 11 Bedian, b e —
NEAG AT A, Hoh AT E BOE
BT IERAT A, NBEF MR YA & B T 2 AT .
BB LA IE S AT MR AR, IHE— Wi as N R A
S, R LR P R, Z BTG R, iR A
FEF AN N R TN, BT ERRFATAN

(3) CUHK Avenue!"U: ZE 4 i 16 Bl 2l
BTN 21 B AT B, I S AR AR % RN 5
Bt 47 N FAE, Fmi R EAT AR AR ER
FRIE.

(4) Subway entrance and exit!'?!: ZE LA
PIANREATE, — BRI N AT, I 96 408, 5
— Bk A, I 43 Jr b, B E 19 MR
70, WFEAETT M)y AEAE S, RRAT i — it I
AW T HEARE, JE T ZENSRFR R EATN.

(5) ShanghaiTech!"%): %% 4% £ WA KL H5 75 13
NI A B A FE AN B TR, B8
330 ANYIZRALART 107 /NIAARA, 35 130 4> 7% 5
i, B A7 R R 2R, = — MR S+
AT JR A 2.

=2 EHEIERIMIZR AUC LA (%)

WiRES USCD Pedl USCDPed2 UMN  ShanghaiTech ~ CUHK Avenue  Subway Entrance  Subway Exit
Social Forcel'* 67.5 55.6 96.0
MPPCA®! 66.8 69.3
Permutation-based!'*¥ 91.0 78.3 69.1 82.4
Conv AE!®] 81.0 81.1 70.2 94.3 80.7
ConvLSTM AEY 75.5 88.1 77.0 93.3 87.7
Spatiotemporal AE!" 89.9 87.4 80.3 84.7 94
GrowingGas!'%! 93.8 94.1 99.7
GANP! 97.4 93.5 99.0
Multi-task Fast R-CNNL"! 92.2 89.8
Unmasking!!”” 68.4 82.2 80.6 713 86.3
Stacked RNNI®3] 92.2 68 81.7
U-Net!'%! 83.1 95.4 72.8 85.1
AMDNP7! 92.1 90.8 87.9
Plug-and-play CNNU®! 95.7 88.4 98.8
Narrowed Normality Clusters!!'% 99.3 88.9 93.5 95.1
MPED-RNNI* 75.4 86.3
Object-centric AE!! 97.8 99.6 84.9 90.4
Adversarial 3D Conv AE!!?! 95.7 96.0 84.0 91.2 90.5 98.8




TREE-F . AT AN AR T F AT R IR B 5AEN 77 ik 42K 9

42 —LEGEEHEBIKIRE FRORI

BEXF AR ) RLFH 355, e AT B0 ) IE AR
Ao AT ] BRAEAE W, [FIIS, AN[E 7350 [ — 35 K
7] — 7 EAT NI HE 45 RARME. BRI A
THEHE B Ea AT 3RS 1038 F 7 A DU 1k e 4 A Pl A
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W43, ROC(Receiver Operating Characteristic Curve)
il 24 PR G A 52 1 SRORE A 73 A B SE R, 4 F T EE R
SRR 95, Horb, ROC HhZ6 T B THIA B 5 SO
AUC(Area Under Curve), & —4> 0-1 Z [A] F1E, 1%1E
KR B VA BB LT QSR 2 B, 4R T A
VEAE MR Sk D A B b Rk e SR, AR VEAR
Fabr R R EIE ML AUC.
43 BZLERSHH
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ICHE S 15 SCRMIE, 381 0 i B8 PO (E B 21, H
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ARHRN.
5 REKRE
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FELAS N 45 22 77 TH] 1] 72, Y53 R T Je SE iR N T 7.
(3) F AT 5 T K2 B R W AT ORI T,

i WSE BOE S, W W AT 85 70 BE, S 800 HUE
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