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Stereoscopic Fatigue Probability Assessment of
Dynamic Bayesian Networks

LYU Li-cheng, SANG Sheng-bo
( Taiyuan University of Technology, Jinzhong 030600, China)
Abstract; In order to evaluate the visual fatigue caused by 3D equipment observation more effectively, the
dynamic Bayesian network is used to calculate the stereoscopic visual fatigue probability of 3D observers for
the first time. In the process of constructing a directed acyclic graph, the relationship between multiple factors
in stereo vision and fatigue phenomena is taken into account, the physiological characteristic nodes and
dynamic factors are added for making reasonable estimation. The state of each node is in one-to-one corres-
pondence with the state probability of Bayesian network nodes, which provides a systematic scheme for
stereoscopic fatigue probability assessment. The results show that: Compared with current MOS method, the
scheme of dynamic Bayesian network analyzes the observation more comprehensively, the fatigue state of the
observer is more accurate than the subjective result of the observer himself, and is closer to the actual situation.
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Fig.1 Binocular parallax when viewing 3D images
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Fig.2 Binocular parallax in 2D viewing
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Fig.3 The DAG of 3D visual fatigue measurement using
dynamic Bayesian networks
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Fig.4 Test images to evaluate visual fatigue
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Table 1 Conditional probability for fatigue
node with binocular parallax
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WEfi/em  Fw mE  WEf/em 1B BS
-80 0.05 0.95 0 0.98 0.02
-70 0.11 0.89 10 0.95 0.05
-60 0.38 0.62 20 0.94 0.06
-50 0.57 0.43 30 0.91 0.09
-40 0.69 0.31 40 0.91 0.09
-30 0.81 0.19 50 0.89 0.11
-20 0.87 0.13 60 0.86 0.14
-10 0.93 0.07 70 0.82 0.18
0 0.98 0.02 80 0.75 0.25
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Table 2 Conditional probability for fatigue node
with CR,SQ,EE
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111 0.95 0.05 011 0.23 0.77
110 0.85 0.15 010 0.12 0.88
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Fig.5 The visual fatigue test results with

MOS method
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Fig.6 Comparison of 2D observations and 3D
observations of 8 waves
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Fig.7 Comparison of blink frequency between 2D
observation and 3D observation
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Table 3 Conditional probabilities for EEG
and EM given fatigue
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P 0.90 0.08 0.02 0.94 0.05 0.01
E#H 0.02 0.08 0.90 0.01 0.05 0.94
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Table 4 Conditional probabilities for
the fatigue node at time ¢
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Ags BE wEpen | mmm BE wEPG)
W& 77 g Eg W& T gy E%
1 01000 0.99 0.01 0 01000 0.86 0.14

1 00111 0.98 0.02 0 00111 0.79 0.21

1 00110 0.96 0.04 0 00110 0.61 0.39

1 00101 0.89 0.11 0 00101 0.48 0.52

1 00100 0.87 0.13 0 00100 0.30 0.70

1 00011 0.77 0.23 0 00011 0.18 0.82

1 00010 0.72 0.28 0 00010 0.08 0.92

1 00001 0.62 0.38 0 00001 0.03 0.97

1 00000 0.55 0.45 0 00000 0.00 0.99
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1 10010 0.56 0.44 0 10010 0.03 0.97

1 10011 0.61 0.39 0 10011 0.04 0.96

1 10100 0.67 0.33 0 10100 0.05 0.95

1 10101 0.69 0.31 0 10101 0.05 0.95

1 10110 0.73 0.27 0 10110 0.08 0.92

1 10111 0.75 0.25 0 10111 0.12 0.88

1 11000 0.80 0.20 0 11000 0.15 0.85
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Fig.8 Comparison of MOS scheme with 3D visual fatigue test
results under the first and the second dynamic Bayesian model
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