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[Abstract]

This study proposes a wearable device-based system for classifying pet behaviors. The system
incorporates a preprocessing step that effectively removes inactive data from unlabeled datasets using the
DeepSVDD (Deep Support Vector Data Description) algorithm, thereby enhancing training performance.
Furthermore, the system applies the MPL (Meta Pseudo Labels) method and contrastive learning
techniques to extract and utilize meaningful information from unlabeled data during training. Experimental
results demonstrated the system's effectiveness, achieving 87% accuracy with a labeled data ratio of 20%
and 91% accuracy with a labeled data ratio of 60%. This system is practical for monitoring the health
status of pets or detecting abnormal behaviors at an early stage. By integrating wearable technology with

semi-supervised learning techniques, it presents new possibilities in the field of pet behavior analysis.
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I. Introduction
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II. Preliminaries

1. Related works

1.1 pet Monitoring System
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1.2 Semi-supervised learning
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III. The Proposed Scheme

1. Pet behavior Data Collection

1.1 Wearable devices
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Fig. 1. Wearable device images and wearable images

1.2 Data Collection Process
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2. Pet Behavior Classification System
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2.1.3 3CH Learning Data Structure Formation
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3. Experiment

3.1 Experimental environment

BE A0 PytorchS 0]-25t0] L1359t Table 1.
2 gwol Al Alerg Uepdc
Table 1. Experimental Specifications
Metric Description
CPU AMD Ryzen 5800X
GPU NVIDIA RTX 3090
RAM 64GB
CUDA 11.8
cuDNN 8.1
Torch 2.2.1
python 3.8.6
3.2 Data set

278t foJEl= Label Data2 835ty UHA|:=

UnLabeled Dataz &85ttt & AFofA] AFLSH H[o]
E]= Tabel 2.9} 72T}

Table. 2. Configuration Dataset

Beravior | N | G ot aata | Data | Date
Stand 0 2,007 25.62%
Walk 1 1,414 18.05% 6264 1566
Sit 2 2,309 29.48%
Lying 3 2,101 26.82%
label Data 7,831 100% 80% 20%
Unlabeled 11,328 100% 100% 0%
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Fig. 8. DeepSVDD Roc Auc Score Graph
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3.3 Removing Inactive Data Using DeepSVDD
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3.4 MPL Learning for Behavior Classification

3.4.1 MPL learning using Label Data only

£ ATOAE W EE S AAIS 93t AN HlofE)
oA MPL Wo] st o] Siet g A
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Table 3. MPL Learning Results by Label Ratio

label Ratio Aug Test Loss | Acc (%) | F1_Score (%)
20 % o 0.58 86.92 85.48
’ X 0.51 85.62 83.97
40 % o 0.43 89.03 88.12
X 0.47 87.90 86.35
o ) 0.35 91.21 90.58
60 % X 0.43 90.12 89.19
o ) 0.37 90.39 8956
0% X 0.39 90.12 89.36
supervised o 0.46 88.28 87.35
i X 0.58 86.92 85.48
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3.4.2 MPL Learning for pet Behavior Classification

& AofdE vEsE s RS ¢si MPL o<
W= A&t o] agolA AREE vlZhd HojE =
DeepSVDDOA] AElE 2/ Hlo|HE 7|8tez st}
Aol Z42 MPL 7|Ho] vl tlojgg sy os
gEsto 2 452 FIAIIERE B7she Aol

Ao A= DeepSVDD anomaly scoreS 7|&0=2
olg] vieE AAsto] vj2pd HlojBE A=sigitt A
Ao 2 train 0|89 anomaly scoreo] Tsl 1.58f,
2.0uf], 5.08f, 10.089] gto= v|2fd Ho|H g /st
7t 7390l tisi MPL sh52 Alegstgitt. o] Wi o
gt anomaly score 7]&0|A v|2fE Hlo]H & 48i5to
Lol dupt supNor S5 4 QEAlE Bk
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Table 4. MPL Learning Results on Anomaly Scores

Anomaly Augmentation | Test Loss | Acc (%) F1_§core

Score (%)
: O 0.41 90.25 89.45
X X 037 | 8935 | 8812
@] 0.34 91.14 90.53

x 3.0
X 0.41 90.87 90.09
5.0 o 0.35 91.28 90.65

x 5.
X 0.38 90.39 89.56
O 0.35 91.41 90.69

x 7.0
X 0.35 90.66 89.88
10.0 O 0.36 89.57 88.66
x = X 036 | 8937 | 8839
All O 0.38 89.57 88.56
UnlLabeld X 0.47 88.82 87.81
Supervised None 0.58 82.93 80.47
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IV. Conclusions
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