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Abstract: The camera traps is a common method to monitor wildlife. A large amount of data and complex background in-
formation make it difficult to label and detect. In order to solve the above problems, a wild animal detection method based
on pseudo-labels and YOLOv4 was proposed. Firstly, a pseudo-labeling calibration method based on motion detection was
proposed to realize automatic and fast calibration of video datasets by background difference method and morphological
operation, which solved the problem of difficult automatic labeling caused by complex background in monitoring data.
Then, a cross stage partial block was proposed to reduce the amount of computation required for the path aggregation net-
work in YOLOv4. Finally, the Swish activation function was introduced in the dense convolution area, which improves the
feature extraction ability of the model in the deep region. In this study, the monitoring videos of six kinds of wild animals in
Zhejiang Jiangshan Xianxialing Provincial Nature Reserve were used as data sets for experiments. The results show that
the method proposed in this study achieves 86.41% mean average precision (mAP) and a frame rate of 18. 93 frames per
second. These metrics represent improvements of 1. 62 percentage points, 3. 43 percentage points, and 7. 11 percentage
points over the YOLOv4, RFCN, and YOLOv8x algorithms, respectively. This demonstrates that the proposed algorithm ef-

fectively addresses the labeling and detection challenges faced by existing methods. Balanced improvement of detection

mAP and frame rate contributes to automated and intelligent analysis of wildlife monitoring data.
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Figure 1 Example of background difference
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3 BatrEAIRE RS

Figure 3 Pseudo-labels example of automatically labeled

AHIGEILHRTE 6 FP sl 115 A Wa il R4 , 35 F5
10 915 sk A5 11 &, Horb I ZR 4 425 90 A LA 1Y
8 726 7k &, MK 45 A 7% 25 - MM Y 2 189 7K &
G, el 8:2(% 1),
1 HEESIHER

Table 1 Statistics of the dataset

PG H R /3K
ByFh Image count
Species VIl M4
Training set Test set
HNE FHE Tragopan caboti 1650 387
F1% Lophura nycthemera 1219 322
KNS Bambusicola thoracicus 1405 367
W4 Sus scrofa 1725 380
/NEE Muntiacus reevesi 1434 463
SIS RE Meles leucurus 1293 270
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Figure 5 ReLU, Hard-Swish and Swish activation function curves
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Figure 6 Wildlife detection model structure
1
st E Pu=[ P(R)R (11)
3 ERSHH w= | P(R)R,

3.1 FEGIEE

R 56 AR T ik 0 R I P BE L 2E £ YOLOv4
RFCN™H1 YOLOvS8 = Ul (1) H A AT A 4714
AEXT L o S0 rp Xk AR R AR Bk (8 A ] A )1 2
RN AR | 13 B A R 88 S 800 AR RS
608 x 608, batch_size 16, ¥ 124 2] 4y 0. 001, %k
54~ epoch 27 2 FRIE YA JFR 19 95% . BE AR ] In-
tel Core i7-12700KF 4b i #% , NVIDIA GeForce GTX
2080Ti i ; #4 FR 455 J& PyTorch FEZE | Python A
43. 10, GPU I# %2R I CUDA11. 0 A1 cuDNNS. 3.
3.2 TRk

P 48 B R %R (precision, P) . A [l (ve-
call, R) . F 3 ¥5 )& ¥ {8 (mean average precision,
mAP) FI K (frame rate) . K580 R A FER A5
Ao (8) F=t(9) iR .

— T,

p= T,+F,’ (8)
— T,

k= T, +F\° (9)

R, T,(true positive)jﬂ%ﬁﬁﬁﬁiﬁgu B9 H AR5, Fy
(false positive) A #4512 U Y B R 15K, F (false
negative ) N AHE IE BTN K B9 HAR 2.

T LR B0 A AN A [ AT B R RS 2 - 1
A (average precision, AP) , mAP h £ 2K YK
(P, =t (10) A= (1) B

p,= (10)

K CHYIFEE P IS i BT HRS BE
AW H mAP i FH 93 IF: L (intersection over union,
LloU) H{E 47 0. 5,
3.3 BRI LS

A7 15 YOLOv4 . RFCN 1 YOLOv8 2 51| 451 754
PR REXT HL &5 SR N2 2 firR o ATk 5 RFCN #E 7Y
FH LG, 76 mAP FIWTR 7 H 4 5 T 3. 43 /4> 5 43 50f
3.52Wi/so AMWFFEJ7 5 YOLOv8m Fll YOLOv8x 15
UM, W3R B T 36.93.8. 17 Wi/s, mAP 42 5 1
11717 11N A SR S BXUEIAR 754 L RFCN A%
TUHYOLOVS 72 51 ASE TR A B 4 b 335 iy B A 20y 49 el
P, A7 55 YOLOvA BEEUAR LY, 7 1] 3R AR
3.TLAE 43 R ARG B % mAP RT3 53 ] £ 5
153N A 43 51 620 43 sURT 2. 40 /s . AT UL,
AR 5 A AR TS DU ot 3 4 ] B, S5 B0 B g )
SRR A

F2 AL ZRER

Table 2 Comparison of model experimental results

(T\:ru **jg! ) A

L Y T Y L L T
Detection .. Y 1%

Precision Recall Frame rate
model mAP

RFCN 92.79 49.75 82.98 15.41
YOLOv8m 74. 60 72.73 74.70 55. 86
YOLOv8x 81.18 78.05 79. 30 27.10
YOLOv4 91. 40 80.73 84.79 16. 53
WDM 92.93 77.02 86. 41 18.93
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Figure 7 Detection average precision results for each category
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Figure 8 Comparison of object detection results of different models for six species
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Table 3 Comparison of convolution block experimental results
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Detection model mAP Params FLOPs

YOLOv4 84.79 64.33 64.23
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Table 4 Comparison of activation function experimental results

T R KR 1% A /% YRS I 1% Wi /(i-s™")
Activation function Precision Recall mAP Frame rate
WDM+ReLU 89.71 77.18 81.55 16.55
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WDM+Swish 92.93 77.02 86. 41 18.93
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Table 5 Comparison of pseudo-labels experimental results %
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