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Abstract: In response to the high cost and low efficiency of traditional monitoring methods for the population of spotted
seals in the Bohai and Yellow Seas, this paper proposes a facial feature-based individual recognition model for spotted seals.
This model is based on a convolutional neural network architecture, which integrates attention mechanism and multi-scale

feature processing technology to enhance the recognition ability of key facial features. It also utilizes depthwise separable
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convolution to reduce model parameters and computational requirements. The results showed that integrating SlimC2F,
CBAM, and SPPF modules significantly enhances network recognition performance, with the proposed method ( SlimC2F-
CBAM+SPPF) achieving the best results. On the self-built dataset with backgrounds and the Caltech-256 public dataset,
the model recognition accuracy reaches 98.35% and 80.70%, outperforming current mainstream methods. With the
application of transfer learning strategies, the model’s adaptability to different backgrounds has been enhanced, with an
increase in identification accuracy to 98.70%. In addition, the model maintains high identification accuracy even on smaller
datasets. Finally, visualization analysis demonstrated that the model primarily focused on capturing key areas such as eyes
and nose for spotted seal facial recognition, further validating the effectiveness and interpretability of this method while

providing new technical means for efficient monitoring of spotted seals.

Key Words: spotted seals; individual recognition; facial recognition; deep learning; convolutional neural network
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Fig.1 Research process diagram
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Fig.2 Partial facial images of spotted seals
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Table 1 Hyperparameter Settings

S8 Y GHIER 24 WIH{E
Hyperparameter Initial value Hyperparameter Initial value
25 2] % Learning rate 0.001 HLREEA & Batchsize 128

Flf Momentum 0.937 A% Optimizer SGD

AN E T R AL Weight decay 0.0005 i ATEME R/ Imagesize 224x224x3
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Table 2 Impact of different modules on recognition results
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Table 3 Performance comparison of different models ( self-built dataset)

BB o i [ Al P14 KON

Number Model Accuracy/ % Precision/ % Recall/ % F1-score/% Model size/MB

@ VGG16 84.29 84.66 89.29 86.91 147.87

@ MobileNetV2 89.57 89.84 91.24 90.53 9.05

® EfficientNetV2 95.07 94.94 95.31 95.12 25.76

@ Swin Transformer 94.58 94.34 94.93 94.63 107.2

® RepVit 92.33 92.40 92.21 92.30 91

© ConvNextV2-T 85.72 85.91 85.63 85.77 112

@ FaceNet 94.33 94.50 94.20 94.35 108

® ArcFace 97.26 97.40 97.15 97.27 96

© Ours 98.35 98.30 98.31 98.31 30.2

F4 FEEBMEEERTEE (A IEERSE)

Table 4 Performance comparison of different models ( public dataset)

o) e Top-1 NiRES Top-5 HET R o) fe Top-1 MiRTES Top-5 HETH R
Numb Model Top-1 Top-5 Numb Model Top-1 Top-5
umber ode accuracy/ % accuracy/ % umber ode accuracy/ % accuracy/ %
) VGG16 68.02 85.75 © ConvNextV2-T 67.19 84.85
@ MobileNetV2 71.08 87.37 @ FaceNet 76.60 90.09
©) EfficientNetV2 78.64 91.12 ArcFace 79.23 91.25
@ Swin Transformer 76.29 89.90 © Ours 80.70 92.63
® RepVit 75.44 89.34

LS 5 S FRAT 75 SORITCTT S50 BEVE S A A TSR R O AR S A T 4 L HE AT HERRIP AL
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Fig.11 Partial facial images of spotted seals without background
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Table 5 Model performance comparison based on different datasets

Tk eSS R4 W% K PEJGiE F1 534
Method Training set Test set Accuracy/% Precision/% Recall/ % Fl-score/%
@® HHF AHR 98.35 98.30 98.31 98.31
@ ToH 55 L5 98.84 98.83 98.80 98.82
® A5 T H 91.57 91.92 92.53 92.22
@ T 5 By 95.80 95.91 95.83 95.87

M5 T LR, 15 565 BB PEREA BRI, A IR A 45 15 57— Bt BRI 4
RERCHT s 1 S5 B — B0 PEBE R R 45 SR O MAT 1 55 ) 1T SR Il 5 b PR RE R FEd
B,
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R AT R AEERE TN RIS S BT M 20 R 8RR HIT i — L%k, W3 6 Wl LA
2, R AT R R D7 ik Rab TR AR B[R #5545 B AN AL | i — 2552 Th 1 B3 1 oS TR ) o
itk S5E N,

®6 ETRAHEEMERERE

Table 6 Model performance based on mixed dataset

Tk S ik g HiRTES LES FEJLES F1 4345
Method Training set Test set Accuracy/ % Precision/% Recall/ % F1-score/%
) RAHIRSE HHR 98.70 98.65 98.68 98.67
® I S S T 98.55 98.50 98.53 98.52
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Fig.14 Spotted seal facial detection and recognition
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