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Abstract

Fine-grained identification and monitoring of wild birds are of great significance for ecological re-
search and protection. However, traditional identification methods face challenges such as limited
generalization ability in complex natural environments. To improve the accuracy and real-time
performance of fine-grained recognition of wild birds, a recognition model based on the improved
Convolutional Neural Network (CNN) was constructed and optimized by combining unmanned aer-
ial vehicle (UAV) image acquisition technology. By introducing residual connection and attention
mechanism, combined with data augmentation and regularization techniques, the performance of
the model has been significantly improved. In the experimental results, the species recognition time
of the improved CNN model on the Birdsnap dataset was 15 milliseconds, and the accuracy rate was
92.3%. The species identification time on the CUB-200-2011 dataset was 14 milliseconds and the
accuracy rate was 94.5%. The results show that the improved CNN model is superior to the control
model in both recognition speed and accuracy, and it has stronger robustness and higher species
recognition diversity. The research results not only provide a new technical path for fine-grained
identification of wild birds, but also offer more efficient and accurate technical support for ecologi-
cal monitoring and protection work, which is conducive to promoting the in-depth development of
bird ecology research and protection work.

Keywords

Convolutional Neural Network, Attention Mechanism, Residual Connection, Wild Birds, Fine-Grained
Identification and Monitoring

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

B AR S R AR BE R S RIS T AR A Z R R DA B A R . E S
BRAESIER AR, V52 SR In G A SRk 2 . RS AI NSRS S T IS B[ 1] [2]. 1 WnrE iR
HAES RS, SRS ARSI AR, SESELeY R A2 B E . TR, BE
IO NHUEAFIGR B S PR R, He 9B AR S 2R B Ai0REFE 1R ) 5 I R A, 7T B T B3] 4] ¥
e E A Bt SREE, metp ol dERRHEN SRR, ARSI AR AL TR A . A
MM, A BRJTEAE A B 2% B AR () BUE I, SR T 1 2 Pk, WG s L s IR AN T
PLEF[5] [6].

YT O 8 R IR FE 22 )RS SRR T T F, Farman H 58 N EFX0 & 8RR 51 5 43
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SRFFESRINAE 7. A RRY, 1% CNN BB HER RIS R T 92%, T8 CNN 1) 90%{Effi %, Lt
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MIERA 2L F] 82.8%, HIBIZIAH] 77.0%, HHELIA FImEEA PRART, FEA0RE S B AR IR ATE S B
MY~ BB RRPERE8]. 3 B15E NE X B A2 28T 5 B SR At F I B0IR, $eth—Fpdk T

DOI: 10.12677/aep.2025.159139 1239 IR AT


https://doi.org/10.12677/aep.2025.159139
http://creativecommons.org/licenses/by/4.0/

R &%
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K PRSACERAR IR 75, B BARX IR 2 AW, T AL BT I A% B AR AT AT, IR T
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Figure 1. Schematic diagram of birds
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Figure 2. Data collection strategy
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Figure 3. Schematic diagram of the improved CNN model network structure
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Figure 4. Attention feature map
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Figure 5. Schematic diagram of transfer learning
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Figure 6. Wild bird fine-grained identification and monitoring process
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Table 1. Experimental environment and model parameter settings
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. vt BEALIERE (£15°), BENLENFE OKFF
i/ L
FR ASUS ROG Maximus Z690 Hero B o ), BEHLEI(80%)
IR Corsair RM1000x (1000W) EM4k L2 EEMfk, 1ENI{E % 0.0005
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Figure 7. Comparison of loss curve and accuracy curve
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Figure 8. mAP value and model size comparison
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Figure 9. Species identification time comparison
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Figure 10. Comparison of bird species identification diversity and identification confidence
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Table 3. Species recognition robustness comparison
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