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Action Classification by Joint Boosting Using Spatiotemporal and Depth Information
Sho Ikemura®, Hironobu Fujiyoshi (Chubu University)

Abstract

This paper presents a method for action classification by using Joint Boosting with depth information obtained by

TOF camera. Our goal is to classify action of a customer who takes the goods from each of the upper, middle and

lower shelf in the supermarkets and convenience stores. Our method detects of human region by using Pixel State

Analysis (PSA) from the depth image stream obtained by TOF camera, and extracts the PSA features captured from

human-motion and the depth features (peak value of depth) captured from the information of human-height. We

employ Joint Boosting, which is a multi-class classification of boosting method, to perform the action classification.

Since the proposed method employs spatiotemporal and depth feature, it is possible to perform the detection of

action for taking the goods and the classification of the height of the shelf simultaneously. Experimental results show

that our method using PSA feature and peak value of depth achieved a classification rate of 93.2%. It also had a
3.1% higher performance than that of the CHLAC feature, and 2.8% higher performance than that of the ST-patch

feature.
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Fig.1. CHLAC features.
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Fig.2. ST-patch features.
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Fig.3. Experimental circumstance.
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Fig.5. Diagram of state transition for a pixel.
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Fig.4. Flow of action classification using Spatiotemporal and depth information.
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Table 1. Classification rate of action classification [%].

Upper |Middle | Lower | Other | All

PSA 529 63.8 | 654 | 929 | 82.1
CHLAC 13.5 265 | 29.2 | 932 | 69.8
ST-patch 49.6 | 563 | 646 | 929 | 809

PSA + Depth 88.4 844 | 830 | 96.6 | 932
CHLAC + Depth | 83.5 79.1 88.3 939 | 90.1
ST-patch + Depth | 88.3 73.6 | 784 | 959 | 904
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Upper [Middle | Lower | Other

Upper | 712 5 30 58

.| Middle 0 595 46 64
" Lower 0 1 616 125
Other 34 48 119 | 4331
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