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A human fatigue detection method based on speech spectrogram features

Li Xiang', Li Guozheng®, Deng Mingjun', Wan Ping', Yan Lixin'
(1. School of Transportation and Logistics, East China Jiaotong University, Nanchang 330013, China;
2. School of Mechanical, Electronic and Control Engineering, Beijing Jiaotong University, Beijing 100044, China)

Abstract: To apply the visual image analysis of speech spectrogram to human fatigue detection effectively, a human fatigue detection
method based on speech spectrogram features is proposed. Firstly, the influence mechanism analysis of human fatigue on speech
spectrogram is analyzed. The Mel frequency stretching transform of speech spectrogram based on the auditory perception theory is used to
highlight the region of interest which is susceptible to fatigue. Secondly, the Mel frequency stretched spectrogram is divided into
24 overlapping critical frequency band sub-images, and 15 texture features are extracted from the gray level co-occurrence matrixes of
each sub-image in 4 directions to quantitatively describe the fatigue information. Finally, a human fatigue detection model based on multi
sub-bands fatigue information fusion is formulated by designing the feature-layer classifier for distribution detecting the features of each
critical frequency band. In this way, the fatigue detection result can be achieved, which is based on the decision-level multi-classifiers
fusion decision. Experimental results show that the extracted speech spectrogram features have stronger fatigue classification ability than
traditional acoustic features. The fatigue detection effectiveness of this method is also better than the existing spectrogram feature
recognition methods.
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(c) Spectrogram of the normal speech signal
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(e) Mel-spectrogram of the normal speech signal

SEIR 57 R IR TSR DX I, LR 3 /N 73 B R ST, 0o
Je S 55 A5 S R BRI S A2 A F Y

10

05¢

e M ——

EEEE

0 02 04 06 08 10 12 14 16 18

A [Rl/s
(b) P IRBIEFE 5 I SR

(b) Time domain waveform of the fatigue speech signal
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(f) Mel-spectrogram of the fatigue speech signal
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Spectrograms in different states and their Mel-frequency transformation results
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Fig.2 Mapping relationship between linear and Mel frequency
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Table 1 The up and low range of each critical frequency band

T2 TFH Mel B (MR Hz) B3 Mel S (P00 He)
1 0.0(0.0) 254.1 (177.0)

2 127.1 (83.5) 381.2 (281.7)

3 254.1(177.0) 508.2 (398.9)

4 381.2 (281.7) 635.3 (530.0)

5 508.2 (398.9) 762.3 (676.8)

6 635.3 (530.0) 889.4 (841.1)

7 762.3 (676.8) 1016.4 (1025)

8 889.4 (841.1) 1143.5 (1230.8)
9 1016.4 (1025.0) 1270.5 (1461.2)
10 1 143.5 (1230.8) 1397.6 (1719.1)
11 1270.5 (1461.2) 1524.6 (2 007.8)
12 1397.6 (1719.1) 1651.7 (2331.0)
13 1524.6 (2 007.8) 1778.7 (2692.7)
14 1651.7 (2331.0) 1905.8 (3 097.5)
15 1778.7 (2 692.7) 2032.8 (3 550.7)
16 1 905.8 (3 097.5) 2159.9 (4 058.0)
17 2032.8 (3 550.7) 2286.9 (4 625.8)
18 2 159.9 (4 058.0) 2414.0 (5 261.3)
19 2286.9 (4 625.8) 2541.0(5972.7)
20 2414.0 (5 261.3) 2668.1(6769.0)
21 2541.0 (5 972.7) 2795.1 (7 660.4)
22 2 668.1 (6 769.0) 2922.2 (8 658.0)
23 2795. 1 (7 660. 4) 3049.2 (9 774.8)
24 2922.2 (8 658.0) 3176.3 (11 025.0)
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Table 2 The calculation formulas and descriptions of GLCM features
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Fig.3  Structure and detection flow of the human fatigue detection model
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Fig. 4 Human fatigue detection results with different

feature extraction parameters
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Table 3 Comparison with the detection results of traditional acoustic features
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Table 4 Comparison with the detection results of common speech spectrogram texture features
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