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Abstract: Video anomaly detection finds wide applications in the field of intelligent security. Methods based on
generative models have garnered extensive attention in academia due to their powerful generative capabilities. However,
such methods typically involve a large number of parameters and often rely on a vast amount of training data, limiting
their applicability in real-world scenarios. This paper proposes a video anomaly detection method based on foreground
object detection and regression ( FODR-VAD ). Firstly, foreground objects are detected using an object detector, and
spatiotemporal cubes centered around these objects are constructed. Secondly, pseudo-anomalous data is created using a
random shuffling approach. Finally,the video anomaly detection problem is transformed into a regression task , optimizing
feature representation under the supervised learning paradigm. With the model parameter count less than 1 million and
using less than half of the training set,the proposed method achieves Micro-AUC scores of 99.09% ,88.16% ,and 78.47%
on the UCSD Ped2,CUHK Avenue,and ShanghaiTech datasets,respectively. The results demonstrate that the proposed
method significantly reduces the requirement for training data while ensuring high anomaly detection capability.
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Fig.2 Image-level pseudo anomaly generation
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Table 1 Comparison of training epochs and model training parameter counts

Method Ped2 epochs Ave epochs SHT epochs Params M
DLAN-AC®] 80 80 20 —
HF2-VAD!!®] 80 80 50 129.459
LLSH[%! — 60 60 4.718
STEAL-Net!*! 60 60 60 5.980
MNAD'®! 60 60 10 15.651
SLO-VAD[?* >50 >50 >50 2.727
Ours <0.35 <0.15 <0.15 0.979

3.2.2 MR FE oM
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Table 2 Comparison between FODR-VAD and other methods
Method Object Detector Ped2 AUC/% Ave AUC/% SHT AUC/%
Frame-Pred!”] — 95.40 85.10 72.80
Mem-AE[S! — 94.10 83.30 71.20
MNAD-Rec!?] — 90.20 82.80 69.80
MNAD-Pred"®’ — 97.00 88.50 70.50
Integrad AE[ 15 — 96.30 85.10 73.00
STEAL-Net[! — 98.40 87.10 73.70
DLAN-AC!®) — 97.60 89.90 74.70
AMMCH! — 96.60 86.60 73.70
LLSH!? — — 87.40 77.60
HF2-VAD!'®) vV 99.30 91.10 76.20
SLO-VAD!24 vV 97.60 90.90 78.80
Ours v 99.09 88.16 78.47
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Table 3 AUC scores( %) on different test datasets

Test

Ped2 Ave SHT

Ped2 99.09 79.93(-8.23) 72.43(-6.04)

Train Ave 77.11(-21.98) 88.16 77.03(-1.44)
SHT 79.18(~-19.91) 83.03(-5.13) 78.47
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Fig. 5 Visualization of the predicted results on SHT
x4 AEHREMEFETH AUC 5H( %)
Table 4 AUC scores( %) under different pseudo anomaly generation methods
Ped2 Ave SHT
EEE ) 95.01 85.30 70.25
I} [ 4 J32 96.26 82.89 77.38
i 2s AE 3 99.09 88.16 78.47

T BRGEAE N Gt B b W R B o EE A AN [R] CLE 3 AR P EIUE AN [R]) 2 15 % Sk e RE A7 A
SN AT T AR S HE R AR PF T T RS SCIR B B R B A T Al 3 YOFRAF3 25Nk 5 P
7, FARLI TR E N 1E] 6 Jrzi.

RS TEEEHEPE)ZRETH AUC 58 (%)
Table 5 AUC scores( %) under different normal probability ( P-value) conditions
P 0.05 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Ped2 96.83 98.74 98.40 98.87 98.54 98.63 98.67 96.75 96.83 96.34
Ave 85.67 87.58 87.15 86.01 86.40 86.62 83.70 83.78 84.74 83.36
SHT 75.57 78.07 77.79 76.78 77.87 76.04 76.41 76.82 76.59 76.30
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Fig. 6 A line graph of AUC scores under different normal probability ( P-value ) conditions
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