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[Abstract]

In this paper, we propose the Deep Learning-Based Companion Animal Abnormal Behavior Detection
Service, which using video and sensor data. Due to the recent increase in households with companion animals,
the pet tech industry with artificial intelligence is growing in the existing food and medical-oriented companion
animal market. In this study, companion animal behavior was classified and abnormal behavior was detected
based on a deep learning model using various data for health management of companion animals through
artificial intelligence. Video data and sensor data of companion animals are collected using CCTV and the
manufactured pet wearable device, and used as input data for the model. Image data was processed by combining
the YOLO(You Only Look Once) model and DeepLabCut for extracting joint coordinates to detect companion
animal objects for behavior classification. Also, in order to process sensor data, GAT(Graph Attention Network),

which can identify the correlation and characteristics of each sensor, was used.

» Key words: Abnormal Behavior Detection, Behavior Pattern Analysis, Multimodal Analysis,
Deep Learning, Wearable Device
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I. Introduction
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III. The Proposed Scheme
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Table 1. Behavior Classification Table
Action Group Class Number
Dynamic “Running” (1+2)-(3+4)
Behavior “Walking” 1-3-2-4

“Lying” 6 or
Static ying (142+3+4+6)
Behavior “Standing” 1+2+43+4
“Sitting” 1+2+3+4+5
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IV. Experiment and result
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Table 3. Experiment Environment

Type Item

CCTV

Smart Home Camera Pro

Wearable Device Arduino Nano 33 IoT Board

CPU Intel i9-10980HK 2.4GHz
GPU NVIDIA GeForce RTX 3080
RAM 32G

Python 3.6.8

Pytorch 1.7.1+cu110

Model Accuracy
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g. 5. Image Classification Model Training
Graph (Accuracy)

Model Loss

16 — Tain

14 st

1z

10

08

Loss

06
)

4.1 Behavior classification based on image data Ez \q”\wm\
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22 ntlo] CNN-BILSTM 2%} o2l sk mleto|gE Graph (Loss)
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Table 5. Behavior Classification Result
Table 4. Image Classification Training Parameters Classified ACEUTEEY Recall Fl-score
Behavior
Parameter Value Running 0.94 0.85 0.89
Learning rate 0.0005 Walking 0.94 0.88 0.91
Batch size 10 Standing 0.99 0.96 0.98
Sitting 1.00 1.00 1.00
Output dimension | 6 Lying 100 100 100

Epoch 100 (Early stopping = 10)

Loss function Categorical crossentropy

Optimizer Adam
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4.2 Behavior classification based on sensor data
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Table 6.2 A& o5 metu]E{o]cth

Layer (type) Output Shape Paran #
dense_30 (Dense) multiple 14000
multi_head_graph_attention_4 multiple 4004000
multi_head_graph_attent ion_4 multiple 4004000
multi_head_graph_attention_4 multiple 4004000
dense_31 (Dense) nultiple 10005

Total params: 12,036,005
Trainable params: 12,036,005
Mon-trainable params: O

Fig. 7. Model Summary

Table 6. Graph Classification Parameter

Parameter Value

. . 1000
Hidden Units (About half of the nodes)
Learning Rate 0.00001
Batch Size 2
Output

. . 5
Dimension
Epoch 100 (Early stopping = 10)
Loss Function Sparse Categorical Crossentropy
Optimizer SGD . .

(Stochastic Gradient Descent)

BlAE Hlolg] Mg § 200779 Hlolef Al 28519
ouj, o} Fig. 8.1} Fig. 9.& s 12 =g, Fig. 10.2
=5 2YE YERc

model accuracy
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Fig. 8. Sensor—based Classification Model
Training Graph(Accuracy)

maodel loss
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loss
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epoch

Fig. 9. Sensor—based Classification Model
Training Graph(Loss)

Test data Answer : standing

Probability of lyingDown behavior = 10.415%
Probability of running behavior =  0.000%
Probability of sitting behavior =  7.412%
Probability of standing behavior = B82.152%
Probability of walking behavior = 0.021%
Test data Answer : walking

Probability of lyingDown behavior = 0.000%
Probability of running behavior = 11.275%
Probability of sitting behavior = 1.537%
Probability of standing behavior = 0.047%

Probability of walking behavior = 87.141%

Test data Answer : sitting

Probability of lyingDown behavior = 0.015%
Probability of running behavior = 0.000%
Probability of sitting behavior = 93.579%
Probability of standing behavior = 6.192%
Probability of walking behavior = 0.214%
Test data Answer : lyingDown

Probability of lyingDown behavior = 84.594%
Probability of running behavior = 0.021%
Probability of sitting behavior = 15.065%
Probability of standing behavior = 0.118%
Probability of walking behavior =  0.202%
Test data Answer : running

Probability of lyingDown behavior = 0.000%
Probability of running behavior = 99.926%
Probability of sitting behavior = 0.000%
Probability of standing behavior = 0.000%
Probability of walking behavior =  0.074%

Test Accuracy 91.1%

Fig. 10. Classification Results and Accuracy

V. Conclusions
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