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CNN-BILSTM-based dog activity detection using wearable sensor data
YANG Yi,KE Jun
(School of Mechanical Engineering, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: A hybrid detection method based on data augmentation and CNN-BiLLSTM was proposed to
meet the difficulties in feature extraction from wearable sensor data, class imbalance, and the challenge of
capturing long-term temporal dependencies in canine behavior recognition. This method used robust
normalization (RN) and principal component analysis (PCA) to eliminate outliers and reduce feature
dimensions, and mitigated class imbalance through a resampling strategy. On this basis, convolutional
neural network (CNN) was used to extract local spatial features and suppress high-frequency noise,
bidirectional long short-term memory networks (BiLSTM) were introduced to construct a bidirectional
temporal dependency model. The experimental results showed that compared to the unidirectional CNN-
LSTM model, the CNN-BiLSTM model proposed in this paper achieved an improvement of 2.3% in
accuracy and 2. 1% in F1 score, with the F1 score for the complex behavior "playing" being improved by
26.0%. Compared with other mainstream behavior recognition algorithms, CNN-BiLSTM maintained a
high recognition accuracy even when handling up to nine types of behavioral categories. It provided a
reliable solution for dog behavior monitoring and recognition based on wearable devices.

Key words: dog activity detection; convolutional neural network; wearable sensors; deep learning;
bidirectional long short-term memory network; robust normalization
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