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Abstract Aiming at the low absolute positioning accuracy of industrial robots, a method for identifying kinematic
parameters based on binocular vision is proposed. First, a modified Denavit-Hartenberg set of parameters was used to
construct the robot’s kinematic model. Next, the robot’s end was designed to travel in a multi-space sphere. A binocular
vision system was used to estimate the actual distance between various endpoints and the sphere’s center; moreover,
comparison of the measured distance with the theoretical distance generated the relative distance error function. The sine
cosine strategy and trust region optimization were used to optimize the particle swarm optimization algorithm and reduce its
possibility of falling into local optimization. Then, the kinematic parameter error was addressed iteratively using the
particle swarm optimization algorithm. Finally, the kinematic parameters were compensated and validated by comparison.
The experimental results demonstrate that the average distance error is reduced from 1.1601 mm to 0.2260 mm, improving
accuracy by 80.52%. Moreover, the standard deviation is reduced from 0.6582 mm to 0.1412 mm, an accuracy
improvement of 78.55% , demonstrating the efficiency and practicability of the proposed method.
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Fig. 2 Binocular vision recognition robot kinematic parameter system
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Table 3

Statistical analysis of distance error

Parameter Before calibration

accuracy /% )

trust-region (increased

PSO (increased
accuracy /%)

STAPSO (increased
accuracy /%)

Maximum error /mm 2.7903 0.8484(69.59)
Minimum error /mm 0.1265 0.055(56.52)
Average error /mm 1. 1601 0.3023(73.94)
Standard deviation /mm 0. 6582 0.2212(66.39)

0.843(69.79)
0.051(59.68)
0.3164(72.73)
0.2037(69.05)

0.573(79.46)
0.0501(60.40)
0.226(80.52)
0.1412(78.55)
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