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Abstract

A model based approach of tracking the limbs of a walking human subject is proposed in this paper. The tracking
process beging by building a data base composed of conditional probabilities of motions between the limbs of a walking
subject. With a suitable amount of video footage from various human subjects included in the database, a probabilistic
model characterizing the relationships between motions of limbs is developed. The motion tracking of a test subject
begins with identifying and tracking limbs from the surveillance video image using the edge and silhouette detection
methods. When occlusion occurs in any of the limbs being tracked, the approach uses the probabilistic motion model in
conjunction with the minimum cost based edge and silhouette tracking model to determine the motion of the limb occluded
in the image. The method has shown promising results of tracking occluded limbs in the validation tests.

Keywords : human body tracking, human pose, edge matching, self-occlusion, Markov Network
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Table 1. Angle error of left arm.
Upper Arm Lower Arm
Avg. Min. Max. | Error || Avg. Min. Max. | Erro
error | error | error | Var. error | error | error | Var.
1 86351 04245 21.809 26.557 11.200 0.5250 43000 1132
2 7.6083 0 17.246 22936 10.569 0.7144 20669 7217
3 8.8719 04349 21.809 26.856 11532 05250 48000 1233
4 44944 0 15318 8.0792 48917 0.0141 18982 267
E 2 2E T 4x 2%
Table 2. Angle error of right arm,
Upper Arm Lower Arm
Avg. Min, Max. Error Avg. Min. Max. Error
error error error Var. error error error Var.
1 24025 15277 44781 180.04 15674 05250 49.686 1283
2 23315 15277 44.781 15690 15960 0.7144 49.686 1577
3 18273 0.8610 44781 2435 17.900 0.5250 49686 2899
4 6.9550 0.390 18.087 22411 12.355 0.0141 25709 3172
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Table 3. Angle error of left leg.
Upper Leg Lower Leg
Avg. Min. Max. Error Avg. Min, Max. Error
error error error Var. error error error Var.
1 28223 | 01135 1221 57366 || 32866 | 00643 | 12038 6976
2 28350 | 00793 | 92113 | 50609 || 34564 | 00643 | 15106 9376
3 26644 | 01135 1221 52400 | 32866 | 00643 | 10233 6155
4 || 34612 | 01210 | 14427 | 82778 || 34758 | 00677 | 15106 1017
E 4 R2E rlglel Uz 2%
Table 4. Angle error of right leg.
Upper Leg Lower Leg
Avg. Min. Max. Error Avg. Min. Max. Error
error error error Var. error error error Var.
1 10231 | 02964 | 46759 | 16696 | 92034 | 01911 | 409% 6976
2 | 99387 { 01402 | 46759 | 17563 | 81749 | 0.1911 4099 1004
3| 43164 | 02538 | 23850 | 22517 | 51867 | 01911 | 20317 2035
4 || 42477 01402 | 17200 | 14904 | 37896 | 01689 | 18393 1357
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Fig. 11. Angles of each body part calculated by hand

labeled joint(magenta), by methed 1(green), by
method 2(red), by method 3(blue), by method

4(cyan).
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