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Abstract

Aiming at the problems of large data volume and low analytical efficiency in current wildlife image
recognition, this paper proposes and implements an animal detection and recognition system based
on the YOLOv8 deep learning model. This study first collected and annotated over 3000 images con-
taining 10 categories of wildlife to construct a dataset. Subsequently, the YOLOv8 model was trained
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and evaluated using this dataset, achieving an mAP@0.5 of 0.957 on the test set, demonstrating high
detection accuracy. Finally, a web system integrating user management, image/video/real-time cam-
era detection, and recognition result statistics and management was developed based on the Django
framework. Test results show that the system can quickly and accurately identify various wild ani-
mals, providing effective technical support for ecological monitoring and animal protection.
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Table 1. Software and hardware environment configuration
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it £ 170 THE
BIERS Microsoft Windows 10
CPU AMD Ryzen 7 5800H
GPU NVIDIA GeForce RTX 3070
WIEES Python
TRPE 2 S HESE PyTorch

IEFRES KB T: HH YOLOVS I Z N EITER -, IZE % (epochs) Ay 200, #HEKK
/IM(batch size) v 16, tRAv#RIE SGD, #1462 >1% K 0.01.
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Figure 1. Precision-recall curve
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Figure 2. Training process metrics
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Figure 3. Model performance comparison histogram
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Figure 4. System overall design diagram

B 4. BGRHRHE

DOI: 10.12677/aam.2025.1412489 99 N H it e


https://doi.org/10.12677/aam.2025.1412489

Hil 5

ARYCRH BIS 24K, JEvmf# Al Python Django HEZLARERY 55 Z S AMBLHERE, Him & H] HTML. CSS
A JavaScript #52 FI7 Fri ol AT MySQL F7 AAAF il I 5 SRS T 3%

Kol Pt EEAE A0SR PRRAESR . P SEHRILS T A SRS (I AR
Bo USRS B AR fEE R, HE5RISON #, A& nl. BEE. B,
Pl G AE. HI P SUEE R —X 2R AR,

5. A%y

ARG RN I (A 1), FFHI T Django. MySQL % Web JFR AN FET ik, F:#
SEIL T IS AL ThRE

(1) R EFIEM: KB 7 2T 2RI AENL . AT IE Ajax 175 i AR B SR EMHE R, J5
AN ERSYEp A EEE

(2) BRI - e S AR B Ja s BSOSO I PR A7 2245 5 H %, B S M A e 2 (1 YOLOv8
AT P oy KO0 R REAT AR, CRERB A R (PR 1 I A A 1 MRS 2 PR A JFREAR SGAE BAE A KL
Yol o R 4l R e R [ R AT i . 5 NI R IR BT RE S s = A

Figure 5. Image recognition interface
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