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Abstract

In real driving environments, factors such as in-vehicle lighting, road noise, and driver head-pose
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changes can interfere with emotion recognition results. When relying on only one type of data
source, the model’s judgment is prone to instability. To address this issue, this paper designs and
implements a multimodal emotion recognition system for driving scenarios, integrating video-based
facial expressions, static images, and speech-text information into a unified recognition process.
The system mainly consists of three recognition modules: the video-stream module is based on Res-
Net-18 and incorporates an SE attention mechanism into the residual structure to enhance the re-
sponse to facial regions such as the eyes and mouth; the image module adopts MobileNetV3 and uses
data augmentation methods such as rotation, cropping, and brightness disturbance to improve the
model’s adaptability to different shooting conditions; the speech-text module uses Wav2Vec 2.0 and
BERT to extract acoustic and semantic features, respectively. Experiments are conducted on the
DMED dataset, and the fusion model achieves an accuracy of 94.2%, which is 4.1 percentage points
higher than that of the best single-modal model. In addition, this paper develops a visualization in-
terface using PyQt5, enabling data input, preprocessing, model inference, and result display. Over-
all, the system can meet the basic real-time detection requirements in vehicle-mounted scenarios.
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Figure 1. System composition structure diagram
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Figure 2. Video stream recognition flowchart
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Figure 3. Statistical analysis of the DMED dataset
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Figure 4. Training procedure and loss change curves of the ambivalent emotion recognition model
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Figure 5. Precision-Recall (P-R) curves for multi-class emotion recognition
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Figure 6. Relationship curve between F1 score and confidence in driver emotion recognition task
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