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A.5- Normalising and smoothing the weighted entropy map Three datasets:

1- Weizmann (Gorelick et al. 2007): 93 low-resolution (144x180, 50 fps) video sequences showing 10
actions achieved by 9 actors.

2- Depth-included Human Action (DHA) (Lin et al. 2012): 23 action categories performed by participating
21 different individuals (12 males and 9 females).

3- KTH (Schuldt et al. 2004): a multi-view scenario dataset including 6 actions with several variations.

Human action recognition (HAR) is significantly used in a variety of applications, such as, video surveillance,

human computer inferaction, healthcare monitoring, smart homes. The € is then normalised to the [0 255] values and smoothed by applying a 2-D Gaussian kernel with o = 4 in order to

- Vision-based HAR is still a challenge due to different limitations, such as light conditions, occlusion and fill the small holes if found and obtain the final temporal saliency map.

cluttering background.

Experimental parameters:

1- Seven user- defined thresholds with values values= 4, 8, 16, 32, 64, 128, 256.
2- The size of the overlapped block is 3x3.

3- The size of the salience region is 168x72 resolution.

4- This bounding box produces a 23040 dimensions HOG-S feature vector.

- These problems can be overcome by acquiring a set of features and training a classifier leading to promising
results. However, uncorrelated and lost information may occur during the feature extraction.

- Usually, HAR explores the pixel domain to represent actions, which means large amounts of redundant data

to be processed. In addition, these methods use complex motion estimation algorithms to model the actions,

leading to high complexity. Table 1. Recognition accuracy (%) Table 2. Recognition accuracy  Table 3. Recognition accuracy

of the proposed HOG-S and the (%) of the proposed HOG-S and (%) of the proposed HOG-S and

state of the art for Weizmann. the state of the art for DHA. the state of the art for KTH.
This work proposes exploring temporal saliency for human action modelling. Temporal salience models capture
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The proposed methodology consists of two stages:
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B) Histogram of oriented gradient of the temporal saliency maps for feature extraction. '
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B.1- Feature extraction
A.2- Block based 2DFFT Table 6. Confusion matrix of DHA dataset using KNN classifier (Overall accuracy: 99.39%)

The proposed descriptor is obtained by applying the histogram of oriented gradient (HOG) on the salience regions - S E A T T . T T T N A A
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A.4- Define the temporal intensity change

Since, the above feature extractionmethod  \/ ——————————'miam L[] 2N
Frame difference between each two consecutive frames, (f;, f;.;) is obtained to define the changes in the reduces the variation of the feature vector within a 1
pixel intensity. Then, this difference is compared with user-defined thresholds to detect the moving pixels. give action and increases the discrimination among Time down-sampling based
No. of Entropy map the actions set, the discriminant analysis classifier fo encode the actions
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€(x,y) H Th\ - Several experiments were conducted to find the Fig. 3: Proposed approach for temporal saliency E:rl?llj;:gg the temporal saliency maps addresses the problem of extracting an accurate representation
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\ optimal classifier and the KNN classifier with 1 = The HOG-S descriptor for HAR increases the discrimination for human actions.
A user-defined

= The proposed method outperforms the state-of-the-art by 2:7% with DHA, 1% with KTH and it is
comparable in the case of Weizmann.

t+hreshold neighbouring shows better performance.
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