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Figure 1 EEG signal image encoding with GAF
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Figure 2 EEG signal image encoding with MTF
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Figure 3 EEG signal image encoding with MDF
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Figure 6 Multi-channel image stitching method
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Table 3 Comparison of average classification accuracies of different methods with DEAP and AMIGOS datasets
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Multi-task Learning-driven Emotion Recognition Based on Time Series Imaging

XU Shengxin', LIANG Bizheng®, HU Fei’, XU Huaxing’

(1. National Engineering Center for Risk Perception and Prevention (RPP), China Academy of Electronics and Information Technolo-
gy, Beijing 100041, China; 2. Institute of Telecommunication and Navigation Satellites, China Academy of Space Technology, Beijing
100094, China; 3. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; To overcome the high computational complexity of EEG-based emotion recognition methods based on fea-
ture extraction or time-frequency representations, a multi-task learning-driven method for emotion recognition based
on time series imaging ( TSI) was proposed. EEG signals were directly transformed into two-dimensional images
using Gramian angular field, Markov transition field, and motif difference field. Built upon the ResNetl8 architec-
ture, a multi-task feature fusion framework was designed to integrate features from the three imaging methods to en-
hance emotional feature representation. Experimental results showed that with the DEAP dataset, the proposed
method achieved average classification accuracies of 96. 51% and 97.22% for binary classification of Valence and
Arousal, respectively, and with the AMIGOS dataset, the accuracies reached 98. 59% and 99. 64%. When extend-
ed to four-class and eight-class classification tasks, the proposed method achieved average accuracies of 91. 06%
and 87.43% with DEAP | and 97.41% and 89. 84% with AMIGOS, respectively. These results demonstrated the
robustness of the proposed method in EEG-based emotion recognition.

Keywords: EEG; emotion recognition; time series imaging; multi-task; feature fusion





