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Research on the autonomous phototaxis behavior of
a robot based on emotion intelligence

RUAN Xiaogang' ,PANG Tao' * ,ZHANG Xiaoping' , WANG Ershen’

(1. College of Electronic and Control Engineering, Beijing University of Technology, Beijing 100124, China; 2. College of Electronic
Information Engineering, Shenyang Aerospace University, Shenyang 110136, China)

Abstract ; In this paper, a kind of bionic learning mechanism of intrinsic motivation on the basis of emotion intelli-
gence is proposed for the autonomous phototaxis behavior of a mobile robot. The learning mechanism is on the basis
of the learning mechanism of the sensorimotor system of a living body, including the links of evaluation, behavioral
choices and orientation. The emotion model is constructed by the fuzzy neural network and the output of emotion
model is taken as the internal reward signal of the evaluation link. The learning mechanism may make a robot gradu-
ally form, develop and perfect the phototaxis skills by autonomous learning and training in an unknown
environment. The emotion intelligence may increase the number of exploratory successes and reduce the learning
steps. The simulation results demonstrated the effectiveness of this method.

Keywords ; cognitive robotics; intrinsic motivation ; mobile robot; phototaxis skill ; emotion intelligence ; sensorimo-
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Table 1 Emotion generation rule of OCC model

Emotion Rule
Prid The action is done by the agent and is
ride
approved by standards
Joy The occurrence of a desirable event
. . The  occurrence of a  confirmed
Satisfaction .
desirable event
) ) The occurrence of a unconfirmed
Disappointment .
desirable event
Distress The occurrence of a undesirable event
The action is done by the agent and is
Shame

unapproved by standards
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Fig.5 The robot phototaxis biomimetic model based on
emotion intelligence
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