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Abstract: To address the limitations in semantic context utilization and spatio-temporal feature modeling in existing anomaly
detection methods, a video anomaly detection method based on video caption augmentation and dual-stream feature fusion was
proposed. Video captions were automatically extracted and encoded using the contrastive language-image pre-training ( CLIP) model
to serve as auxiliary semantic context information for anomaly detection. A spatio-temporal adaptive embedding module was
introduced to capture subtle temporal variations and complex spatial structures within videos, enabling effective spatio-temporal
feature fusion. A cross-modal alignment module was further designed to deeply integrate contextual semantic features with spatio-
temporal visual features, allowing more accurate capture of joint spatio-temporal-semantic representations of anomalous events.
Experimental results showed that the method achieved area under the curve A . scores of 97.54% on the ShanghaiTech dataset and
90.54% on the CUHK Avenue dataset. The results confirmed the performance and robustness of the method across multiple public
video anomaly detection datasets, providing an effective solution for this critical task.
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Fig.1 The anomaly detection framework based on video caption augmentation and dual-stream feature fusion
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Table 1 Comparison results of different methods
Ay’ %
Tiik ] 45
CUHK Avenue ShanghaiTech LAD2000
SCHR[ 23] D7k 13D 89.33 92.97 86.28
STD!" Spatio temporal dissociation 87.10 73.70 —
TransCNN'*! Hybrid CNN 89.60 94.60 —
SCHR[ 7] ik 13D 87.47 — 86.49
TDS-Net' "' 13D 89.02 95.82 86.07
PEL'' 13D (& 3CA) — 97.32 —
VadCLIP'" CLIP (R 3CA) — 97.49 —
SCHR[ 28] i Auto-encoder 83.10 83.10 —
SCHR[29] i Context-aware 88.50 74.10 —
WG T5 13D (LA & ) 90.54 97.54 86.93

T . B 25 #% # ( spatio-temporal dissociation, STD) 7%k, “—" F/RiZ A AR IZ SR E 1A ST IA BRI 5 45 51

S PEAl 7 i B TR AR AR B 5 7E CUHK
Avenue F i 8 XN R J7 2 O A B R) AT HR AR
RN 2 Frn, I T M 13D FRAE Nk s e
AUk RGN 25 5 ) S8 S B[], 25 SRR A E
SCHR[ 28 ] H2 H I 7 1, AR BIF 9 O 1 B 4 B S [R] B
M, X EEAG RS T A G A8 B A0 G A B
L8N SCHR IS AR 1 R [ TN R R AN S 5l
SRl O 7E B R R TUORS BE Y [R]Bs, ok B A 3
FTHE A BRAR AT 5T J7 T 10 4 B[R] AH B SC
Hk[7]F0 TDS-Net' "' J5 3£ 5 K, {H B REME 1 & 52t
iU R T W S KOs o | N R 4 o < I
J7 TH A RO

2 ANETF R R X

Table 2 Comparison of inference time among different methods

7k IR A /s
SCHRL 7] 5k 0.18
SCHR[ 28] 771 0.26
TDS-Net' "] 0.13
28 [ 3 W Transformer 0.15
AW Ty 0.21

1 W45 B 3E W Transformer ARG iR GIA LT
SCHRAE 4R BB B 0 B AR 25 ) Al

332 A

ASBIFE T8 52 T il ik 0 5 kAN [ A5 B AR i Xof
PRS- 35 AR BE Y S )

7. CUHK Avenue ZHi 4R b 70 Ar A [R] B 25 4
JCAS TR RO R S s 00 14 BE 9 52 T, 3 1) 9 i
RGB H#fiE JGIRHIE S =35 Fil 5 REAE 1 8508 (2440
FH 13D B 1 P 2% $2 BURFAE ) | %F LA 20 pb 28 ) 4%
(recurrent neural network, RNN) . []#5 1§ ¥ 880
(gated recurrent unit, GRU) F14 % #] {2 12 (long
short-term memory, LSTM ) 50 5 45 U 7E AN [A) 455 2%
FRIE T R385 R a0k 3 i, Hid A 45 S i
FrR, XFF RGB AT M BB FRAE, LSTM 1)

Ayl 64.80% Fl 66.60% , B £ T RNN Al
GRU; Xf T° RGB G it 1 fill 5 5 1iF , RNN 3% B B
fE,Au iK% 72.20% , 7% T GRU #1 LSTM, [ iR%4
R, RlG RGB DG T FREAE X 48 - R0 S s U
PEREE R EE . 7E5] A Transformer 5 , A [RIF 45
fE Y A WM e ¥ W 4R R, fE 51 A B S
Transformer ( JC F 38 I #x A 2w %) J& , A b TAU#
Transformer | P BE AT HE T, 2 B A 57 42
B2 Transformer RJ LA A R4 $2 Ui 7 sh &
I A2 R Z5 4, 5] AR I 5L i) 25 3 iE
W, Transformer #5%Y f5 | 5 5 K 04 RE 7 — 2 $2 71,
ARCAE T T2 [ & Y Transformer YA 850M:
TESI ARG IR G , AT AT AE RIS T
IR B e A I R g, JUHAE RGB A Ui il G FEAIE
TR Ay iR E 90.54% , i —WAE R SCH
TEFRIBORE B (9 VR . 1 3 560 245 SR 0F B 45 L B fig
%t E AR TR AR B
3 OR[EIN PRI RIS RRAE T APERE LA

Table 3 Performance comparison of different temporal
models with various modal features

A/ %
s kil RGB AL
RGBAFIE woir s
RNN 52.60 51.60 72.20
GRU 61.40 62.40 63.20
LSTM 64.80 66.60 68.20
Transformer 86.74 85.09 89.02
28 Transformer 87.33 85.68 89.50
If2s [ 3& W Transformer 87.82 85.93 89.76
ASHF SR 88.60  86.64 90.54

AHIFTEEE X 24T 55 Wk 27 T 5 H R A5 AR 7 i
P AT IR 00 o3 AT, 25 SRR 4 iR, S
S50 53 B 4T 55 % 2T B LAy 88.37% ;4
i 2 AT 55 B 2p I A Bt | MERE A B 3 4 T,



55 3

FRIGE A5 o T DU A 14 5 RO M il 45 P L S5 6 AG 7 9 117

1t CUHK Avenue ¥4 I | i 2% B XA R fiE
AR IR ZE R ANE 4 s, 24 B=10( Bl 24
R IR BIALTE L 1:10) I ASBFFE 713k
TS EVERE A I5 8] 90.54% . FRZE R KW L
ZALS A, A EE B AT LU RO 73 264
SR 451 5%, $ TR B R AR RE L AS AT S B0 B
AR BCE B=10, LU R E A [RE 55 2 ] H A
FRAEAUAT | S BRI S WA DU AR
K4 ORFEBUR RO R PERERE R
Table 4 The impact of different loss functions on
model performance

Lcls Lmsc AUC/%
x Vv 88.37
Vv Vv 90.54
TE V FR %A pR B, x F R ANl 240 26 R B,
90.6;
(o]
90.4} .
902} ° oo oo
_ 90.0f o
<, 89.8} °
P o
~ 89.6}
89.4}
89.2}
o]
89.0 : : : : : : ;
1 3 5 7 9 11 13 15
B

K4 S8 B SRR RE A R
Fig.4  The impact of parameter 8 on model performance
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Fig.5 The detection performance of the proposed method across various datasets
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