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Abstract The mature development of big data, artificial intelligence, mobile Internet, cloud computing and the Internet of Things
accelerate automation and intelligence of video surveillance, intelligent video surveillance has gradually replaced traditional surveil-
lance, as an important part of the security in various industries. In intelligent video surveillance systems, recognizing human activi-
ties plays an important role in effective discovering potential risk factors, dynamic supervision of scenes, and early warning of ab-
normal events. However, recognizing human activity in real video surveillance scenarios faces significant challenges. This paper
aims to provide a necessary reference for the research of human activity recognition, and provides a comprehensive overview of the
research progress of deep activity recognition models in the past six years from three modal data, RGB video, human skeleton and
RGB+D video. This paper compares different model architectures based on various data modalities based mainly on the recognition
accuracy of the models and taking into account the size, computational efficiency and inference speed of the models, and analyzes
the advantages and limitations of various approaches which apply different data to recognize human activities. Finally, it focuses on
the challenges of human activity recognition in intelligent video surveillance systems and potential directions for future research.
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Figure 1 An overview of deep learning methods for video human activity recognition
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Figure 2 Procedure diagram of human activity recognition
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Figure 3 Chronological overview of video activity recognition method
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Figure 4 Example diagrams of RGB video activity recognition datasets
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Table 3 Performance comparison of two-stream
convolutional networks on UCF101 dataset

WiRzS LN A€/ UCF101 HE R
iDT+FVE RGB+Flow 85.9 —
Two-stream!*”! RGB+Flow 88.0 —

TSN RGB+Flow 94.0 14fps
DVOF"! RGB+Flow 94.9 —
Enhanced MV RGB 86.4 390fps
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%4 LSTM/RNN REITHIRAIREAE UCF101 &R
& ERYTEREXTEE
Table 4 Performance comparison of LSTM/RNN
deep activity recognition models on UCF101 dataset

T LN & [ UCF101
LRCNM! RGB+Flow ImageNet 82.3
Two-LSTM!*! RGB+Flow ~ |mageNett 88.6
1M Sports
Soft-attention!*” RGB ImageNet 75.8
videoLSTM*! RGB+Flow ImageNet 88.9
L2STM™! RGB+Flow ImageNet 93.6
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Figure 6 Example diagram of 2D and 3D convolution
process
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Figure 7 3D convolution is decomposed into (2+1) D
convolution
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Figure 8 Non-local module (figure from Ref. [55])
"[I" denotes matrix multiplication, the " @ " denotes
that the element level sum. In the figure, tensor trans-
formation is used to represent the dimension change
process of the feature graph
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Figure 9 Space-temporal and motion encoding module (STM) and temporal excitation and aggregation module
(TEA) are compared. The images are from [55-56]
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ETF 3D Mg REQHAMARREREE UCF101 #0 Kinetics 1E & L RYMERELLIR

Table 5 Performance comparison of 3D network-based and its improved version of the depth model on UCF101
and Kinetics datasets

LI E/ T K
WARFS ERNCES e e GFLOPS | UCF 101 | Topl Top5
(framesxsizexcrops*clips) MM
3D INet Sports-1M 16x112x112x1xall 321 N/A 82.3 N/A N/A
Res-C3DM ResNet-34 Sports-1M 16x112x112x1x10 64.9 38.5 85.8 67.4 87.2
49] Image-
P3D ResNet-152 16x160x160x1x20 261 N/A 88.5 N/A N/A
Net+Sports-1M
I3D-RGB™# Inception ImageNet+Kinetics Allx224x224x1x1 12.7 544 95.6 71.7 89.3
R(2+1)D-RGB"Y ResNet-34 Sports-1M+Kinetics 32x224x224x1x10 63.6 152.4 96.8 74.3 91.4
S3DF Inception ImageNet+Kinetics 64x224x224x1x1 8.77 66.38 N/A 72.2 90.06
S3D-G-RGB™ Inception ImageNet+Kinetics 64x224x224x1x1 11.56 71.38 96.8 74.7 93.4
ip-CSN-1528%% ResNet-152 Kinetics 32x224x224x3x10 32.8 108.8 N/A 78.8 93.5
Non-local 13D ResNet-50 ImageNet+Kinetics 128x224x224x3x10 35.33 282 N/A 76.5 92.6
StNet™®! 2D ResNet-50 | ImageNet+Kinetics | (25%15) x256x256x1x1 33.16 189.29 N/A 69.85 N/A
SlowFast*”! ResNet-50 Kinetics (8+64) x224x224x3%10 N/A 65.7 N/A 77 92.6
TPNPS ResNet-50 Kinetics 32%256%x256x3%10 N/A 213 N/A 78.9 93.5
STMP! 2D ResNet-50 | ImageNet+Kinetics 16x244x244x3x10 24 66.5 96.2 73.7 91.6
TEAY 2D ResNet-50 | ImageNet+Kinetics 16%244x244x3x10 N/A 70 96.9 76.1 92.5
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Figure 10 The diagram of model architectures of two-stream method, LSTM and 3D convolutional network
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Figure 11 Timelines of two-stream methods, 3D convolutional networks
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Figure 12 Skeletal sequences are represented as pseudo-images
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Figure 14 Diagram of the different representations of joint coordinates of human skeletons in different models
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