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Interior Human Action Recognition Method Based on Prior Knowledge of Scene
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Abstract Currently, the recognition technology targeted at human action in an interior scene is widely used in video content un-
derstanding , home-based care, medical care and other fields,and existing researches pay more heed to the modelling of human ac-
tion, while ignoring the connection between interior scene and human action in videos. With a view to making full use of the rele-
vance between the scene information and the human motion, this paper studies the recognition approaches for human action in an
interior scene based on scene-prior knowledge. Yet, the paper proposes scene-prior knowledge inflated 3D ConvNet (SPI3D).
Firstly,the ResNet152 network is adopted to extract scene features for scene classification. Then,based on the results,combined
with scene-prior knowledge, this paper introduces quantified scene prior knowledge, optimizes the overall objective function by
constraining the weights. Additionally,aiming at the problem that most of the existing data sets focus on the characteristics of hu-
man action, whereas the scene information remains complex and plain,an interior scene-action database(SADB) is established. It
is shown in experimental results,on the SADB, the recognition accuracy rate of SPI3D reaches 87. 9% ,6 % higher than the recog-
nition accuracy of 13D directly. It can be seen that the modelling for the recognition on human action in interior scene is featured
by better performance after introducing the prior knowledge of the scene.
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Table 2 C3D accuracy on split 1 of UCF-101 and SADB

Cppz: 95
Modality ~ UCF-101  SADB
RGB 82.3 68.7

4.4.2 TSN W % 5 %

AN LI JH A TSN M 45 J2 78 UCF-101 $#s 42 b 5 i)l
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Table 3 Classification accuracy of TSN on UCF-101,
HMDB-51 and SADB

BT 2 %)
Modalities ~ UCF-101 ~ HMDB-51  SADB
RGB 86.0 53.5 72.4
Flow 88. 1 66.5 73.3
RGB+ Flow 94.0 68.5 76.7

FEAd ] TSN [ 2% 42t SADB ¥ 8 1, fdt HI 6 WA Sl 4
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4.4.3 13D M &R £ 3
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Table 4 13D Top-1 and Top-5 action recognition accuracy on

Kinetics and SADB

CHAL: 26)
Kinetics SADB
Modalities
Top-1 Top-5 Top-1 Top-5
RGB 71.1 89.3 77.6 87.2
Flow 63.4 84.9 72.4 82.5
RGB+Flow 74.2 91.3 81.7 89.9
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Table 5 Action recognition accuracy of 13D and SPI3D on SADB

CHLA 2 20
13D SPI3D
Modalities
Top-1 Top-5 Top-1 Top-5
RGB 77.6 87.2 83.8 90.9
Flow 72.4 82.5 75.9 87.0
RGB+Flow 81.7 89.9 87.9 94.8

26 FH T 13D 1 SPI3D #£ SADB H i 4317 R 15 51 25
X EL . DS 25 ST LA H L SPISD 7 X 0 i A 45 £
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Table 6 Comparison of recognition accuracy of some categories of

13D and SPI3D on SADB dataset

G- 90D

Action 13D SPI3D
Falling 90. 1 98.7
Cooking 81.6 87.3
Brushing teeth  88.7 94.0
Coughing 57.8 60. 2
Crying 49.4 53.2
Sitting 73.5 72.8

F 7 HVH TN R BELAE N JT RO SR LA K SADB B s £ |
B FEMEFR B . SPI3D 7F SADB B4 45 b i) & B0 ¥ £t T L fib A5
B 43 JE R AN SR ] T 64 Wit A, B IR I ZRAE A
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Table 7 Comparison of recognition accuracy of different models on
UCF-101, HMDB-51, Kinetics and SADB
CRRAL %0

Model UCF-101 HMDB-51 Kinetics ~ SADB
C3D 82.3 — 56.1 68.7
RGB-TSN 86.0 53.5 - 72.4
Flow-TSN 88.1 66.5 — 73.3
Two-Stream TSN 94.0 68.5 — 76.7
RGB-13D 95.1 74.3 71.1 77.6
Flow-13D 96.5 77.3 63.4 72.4
Two-Stream 13D 97.8 80.9 74.2 81.7
RGB-SPI3D — - - 83.8
Flow-SPI3D — — — 75.9
Two-Stream SPI3D — — — 87.9
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