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Introduction

Video Anomaly Detection
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Introduction

Unsupervised Video Anomaly Detection
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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

Hasan, Mahmudul, et al. "Learning temporal regularity in video sequences." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.

Liu, Wen, et al. "Future frame prediction for anomaly detection—a new baseline." Proceedings of the IEEE conference on computer vision and pattern recognition. 2018.



Introduction

Frame Reconstruction

DT TH=0HESE shSotH HIFY TS IS0 = et
& T PSNR XIH0IE Sall 01 BXIE Al

Hiot SHOZ 2ol HIZ ZHIYE IH=s= SHE0] et

x227x22 x227x227
1022222227 _foout Frames Reconstructed Frame 103227

AW 5105555 - g : 356%55%55 12,555
Shah e Pooling Layers|  [npooling Layers ShH

@: =
236x27x27 128x27x27\ 256 7 % ~
25(, 13x13  128x13x13 “’&% . :

5| I

£ &

onvolutional Layers

Deconvolutional Layers

B 53 Ba o2
Encoder Decoder
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Introduction

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.

Liu, Wen, et al. "Future frame prediction for anomaly detection—a new baseline." Proceedings of the IEEE conference on computer vision and pattern recognition. 2018.



Introduction

Making Anomalies More Anomalous
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Method

F2LM Generator
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Method
Triplet Loss
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Schroff, Florian, Dmitry Kalenichenko, and James Philbin. "Facenet: A unified embedding for face recognition and clustering." Proceedings of the IEEE conference on
computer vision and pattern recognition. 2015.



Method
U-Net Structure
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TABLE 1. Detailed network architecture of the encoder in the F2LM
generator. Abbreviations: k: kernel, p: padding, s: stride, H: height,

TABLE 2. Detailed network architecture of the decoder in the F2LM
generator. Abbreviations: k: kernel, p: padding, s: stride, H: height,

W: width, C: channel.

Layer name

Layer

Input size
(HxWx(O)

Output size
(H=xWxC)

inconv

[Conv2D (k=3, p=1.5=1)]
BatchNorm2d
RelU

% 2

256 x 256 x C

256 x 256 x 64

downconvy

MaxPool2d(k=2, s=2)

[Conv2D (k=3, p=1,5=1)]
BatchNorm2d
RelU

% 2

256 x 256 x 64

128 = 128 = 128

downconva

MaxPool2d(k=2, s=2)

[Conv2D (k=3, p=1,5=1)]
BatchNorm2d
RelU

x 2

128 = 128 x 128

G4 x 64 x 256

downconvsg

MaxPool2d(k=2, s=2)

[ConvZD (k=3, p=1,5=1)]
BatchNorm2d
RelU

® 2

64 x 64 x 256

32 2 32 x 512

LN

Lo normalization

32 x 32 x 512

32 x 32 x 512

W : width, C: channel.

L I Input size Output size
AYer name Layer (Hx W x C) (H %W x ()
ConvTranspose2d(k=2,s=2)
channel-wise concat
32 »x 32 x 512
upcony, MConv2D (k=3, p=1,5=1)T éd ; (ii : ;%. G4 = G4 x 256
BatchNorm2d ® 2 '
L Rel.U
ConvTranspose2d(k=2,s=2)
channel-wise concat , . )
upconv,  [Comv2D (k=3, p=1,s=1)] lﬁi » ?3;;(2?38 128 x 128 x 128
BatchNorm2d ® 2 -
L RelLU
ConvTranspose2d(k=2,5=2)
channel-wise concat : -
: 9
upconvy  [Conv2D (k=3, p=1.s=1)] s LR X A28 256 x 236 x 64
BatchNorm2d ® 2 J
ReL.U
i (= — =
outcony Conv2D (k=3, p=1,5=1) 256 x 256 x 64 256 x 256 x 3

tanh




Method
SE Block Structure

- DM, DY, cHE SEE 2 O S, 2 HHME Soll S5 2 SE=S HEGIRES

=13
o
of Ol TS O & HZE = US

- OlHEtXE S
Z For(") S
F..y 2 LT — [T B
X U 7‘ IX1XC IX1XC ]
Fyy Fsca!e('*') i
H E— H > —
w w w
3C c c
X = [Z1; Zg; Zin]
c=0(F22 (X)) U = [ug; uy; ...;u,]
z. = F5q(ue) = AvgPool(u,) Z=[z1;25; ;2]
S = Fox(Z) = o(MLP(Z)) = a(W,8(W,Z)) S = [s1; 525 5 8]
Uc = Fscqre(Ue) S¢) = Sc - Uc U = [fig; lp; oo Tc]

Hu, Jie, Li Shen, and Gang Sun. "Squeeze-and-excitation networks." Proceedings of the IEEE conference on computer vision and pattern recognition. 2018.



Method
Destroyer
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Method
Destroyer
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Method
Destroyer
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Method
Loss Function
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Method
Loss Function

« Discriminator adversarial loss: A& O|c T 0 M= Oj2H =T
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Method
Loss Function
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Method
Training process
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Method
Anomaly Scoring
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Experiments

Comparison with baseline
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FIGURE 8. AUC comparison with baseline [10]. Abbreviations: FFP: future
frame prediction, G: F2LM generator, D: Destroyer.
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Experiments

Network design
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TABLE 10. Hyperparameters for the entire network.

Hyper-P Value Description
Cx 0.2 Margin of triplet loss
noise CI Noising method for the Destroyer training
patch size 32 Size of patch for patching
A 4 Number for adjusting diff,
Zp Zero vector Destroying method
Oint 1 Weight of intensity loss
ded 1 Weight of gradient loss
Audy 0.05 Weight of adversarial loss

54':':' I

1 (0.02, 0.94, 0.68)
o (0.50, 0.02, 0.06)
Y3 (0.48, 0.04, 0.26)
V4 (1.00, 1.00, 0.25)

Weight of triplet loss
Weight of label triplet loss for testing
Weight of motion triplet loss for testing
Weight of F2LM generator MSE loss for testing
Weight of Destroyer MSE loss for testing

TABLE 4. AUC comparison based on the feature fusion method. Best
results are bolded.

Fusion method UCSD Ped2  CUHK Avenue  Shanghai Tech.

Add 97.3% 87.5% 72.6%
Concat & SE block 97.5% 88.2% 74.3%

TABLE 5. AUC comparison based on the hyperparameter « of the triplet
loss. Best results are bolded.

Triplet cx UCSD Ped2  CUHK Avenue  Shanghai Tech.
0.2 97.5% 88.2% 74.3%
0.5 97.0% 87.5% 72.4%
0.8 95.9% 87.0% 72.4%
1.0 95.6% 86.7% 72.3%

TABLE 6. AUC r.omparlsun based on ihe drnpout nnlse method.

Abbreviations: CD: ch | dependent, CI: ¢ | independent. Best
results are bolded.
Noise method UCSD Ped2  CUHK Avenue  Shanghai Tech.
None 97.6% 90.0% 75.1%
Dropout(CD) 97.8% 90.6% 75.7%
Dropout(CI) 98.2% 91.2% 76.5%

TABLE 7. AUC comparison according to patch size. Best results are
bolded.

Patch size UCSD Ped2  CUHK Avenue  Shanghai Tech.
16 x 16 97.8% 90.4% 75.8%
32 x 32 98.2% 91.2% 76.5%
64 x 64 97.7% 89.8% 76.1%
128 x 128 97.6% 89.7% 75.9%

TABLE 8. AUC comparison based on the hyperparameter 1 of the
Destroyer. Best results are bolded.

A UCSD Ped2  CUHK Avenue  Shanghai Tech.
1 97.5% 90.2% 75.6%
2 97.6% 90.4% 76.1%
3 97.8% 91.0% 76.3%
4 98.2% 91.2% 76.5%
5 98.0% 90.7% 76.2%
6 98.0% 90.6% 76.3%

TABLE 9. AUC comparison based on the selection of Z,. Best results are
bolded.

Zy UCSD Ped2  CUHK Avenue  Shanghai Tech.
None 97.5% 88.2% 74.3%
Background vector 97.6% 91.0% -
Zero vector 98.2% 91.2% 76.5%
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Experiments

Qualitative analysis
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Experiments

Qualitative analysis
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Experiments

Ablation study

Ml JHel 21FH QL FTCE 0IS0t= 2E0l JHE X YUS SHE
IHXDEOE 4TSN Mol 2 IHHUS S8
Ef E; En FTC UCSD Ped2 CUHK Avenue Shanghai Tech.
w4 95.4% 835.1% 72.8%
v Vv Vv 95.8% 85.7% 73.0%
v v v 96.8% 86.2% 73.4%
Vv v v v 97.5% 88.2% 74.3%
v Vv Vv 05.2% 83.2% 71.0%
Method Generator Destroyer UCSD Ped2 CUHK Avenue Shanghai Tech.
Frame-Prediction [10] N4 95.4% 84.9% 72.5%
Frame-Prediction (w/ Destroyer) Vv Vv 96.3%(+40.9%) 87.7%(+2.4%) 72.7%(+0.2%)
TransAnomaly [12] vV 96.2% 85.6% N/A
TransAnomaly (w/ Destroyer) Vv Vv 96.8%(+0.6%) 88.2%(+2.6%) N/A
Ours (w/o Destroyer) N4 97.5% 88.2% 74.3%
Ours v v 98.2%(+0.7%) 91.2%(+3.0%) 76.5%(+2.2%)
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Experiments

Comparison with SOTA

X DS HI WA

2 [, Ped2 HI0O|E{A!= Best-second, LHHX| HIOIE{AS Best AUC M

Year Method UCSD Ped2 CUHK Avenue Shanghai Tech. Publisher
AUC EER AUC EER AUC EER

2018 FFP [10] 954%  11.7%  85.1%  214%  72.8%  33.1% CVPR
Wang et al. [38] 96.4% 8.9% 853%  239% - - MM
MemAE [6] 94.1% - 83.3% - 71.2% - ICCV

2019 AMC [8] 96.2% - 86.9% - - - ICCV
AnoPCN [11] 96.8% - 86.2% - 73.6% - MM
AnomalyNet [39] 94.9% 10.3% 86.1% 22.0% - - IEEE Transactions
DSTN [40] 95.5% 9.4% 87.9%  202% - - IEEE Access
Siamese [41] 94.0% 14,1% - - - - WACV
GMM-FCN [42] 922%  12.6%  834%  22.7% - - CVIU

2020 Tang et al. [43] 96.3% 10.0%  85.1% - 73.0% - Pattern Recognition Letters
FFP+MS_SSIM+FCN [44]  959% 11.1% 859%  204%  73.5%  32.5% ICCC
Dual D-b GAN [45] 95.6% - 84.9% - 73.7%  32.2% IEEE Access
MNAD-P [5] 97.0% - 88.5% - 70.5 - CVPR
TransAnomaly [12] 96.4% - 87.0% - - - IEEE Access
BR-GAN [21] 97.6% 7.6% 88.6% 19.0% 74.5% 31.6% IEEE Access

2021 Multi-scale U-Net [46] 95.7% 120%  86.9% 202%  73.0%  32.3% IEEE Access
HMCEF [47] 93.7% 18.8%  832%  20.0% - - MobileHCI
HF2-VAD [17] 99.3% - 91.1% - 76.2% - ICCV
Zhong et al. [9] 97.7% - 88.9% - 70.7% - Pattern Recognition

2022 DLAN-AC [16] 97.6% - 89.9% - 74.7% - ECCV
DR-STN [48] 97.6% 6.9% 90.8% 11.0% - - Pattern Recognition Letters
Scene-Aware [49] - - 89.6%  21.1%  74.7%  28.6% MM
MsMp-net [50] 97.6%  6.6% 89.0% 18.1% - - [EEE Access

2023 Bi-READ [51] 97.7% 7.9% 86.7% 19.5% - - VCIR
USTN-DSC [52] 98.1% - 89.9% - 73.8% - CVPR
SwinAnomaly [53] 98.2% - 84.8% - 76.3% - IEEE Access

Proposed Ours (w/o Destroyer) 97.5% 7.0% 88.2% 19.1%  743%  31.4%

Ours 982% 59% 91.2% 155% 76.5%  30.0%
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Experiments

Visualization
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Thank you
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