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Wildlife image screening for infrared cameras based on YOLOvV7

Qi Jiandong'? Ma Zhongtian' Zheng Shangzi'
(1. School of Information, Beijing Forestry University, Beijing 100083, China;
2. Engineering Research Center for Forestry-Oriented Intelligent Information Processing of

National Forestry and Grassland Administration, Beijing 100083, China)

Abstract: [Objective] Due to the lush vegetation and disorderly trees in the wild environment, as well as
the influence of factors such as environment, weather, and lighting, infrared cameras are prone to triggering
shooting errors, resulting in the capture of a large amount of waste film, which requires a lot of manpower
for screening. To solve such problems, based on the YOLOvV7 model, this paper has made lightweight
improvements to achieve automatic screening of waste pieces. [Method] This study constructed a dataset of
2 172 wildlife images collected from the Beijing Wuling Mountain Nature Reserve in the period of
2014-2015, and marked the positions of animals in the images. YOLOv7 network was improved in different
ways. MicroBlock was introduced to replace the backbone network of YOLOv7, and the SPPCSPC structure
was light-weighted to reduce the model parameters. SIoU loss, LNDown downsampling, and BiFPN were
used to improve the model’s ability to detect animals. YOLOv5-m, YOLOVS5-1, Ghost-YOLOv5-1, YOLOV6,
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YOLOX-M, and YOLOR-CSP models were trained on an Snapshot Serengeti camera trap subset dataset

containing 10 000 images, and the screening effects of the model on wildlife images were compared.

Transfer learning was used to train a self-built wildlife dataset, and the training effects of freezing different

layers was tested. [Result] The improved model based on YOLOv7 reduced inference time by 14.3%,

floating-point operations per second by 33.5%, and parameters by 17.8% compared with the YOLOv7
network. The error detection of the improved YOLOvV7 model was also better than that of YOLOV7.

Although the improved YOLOvV7 did not achieve the best performance in all indicators compared with other

models, it achieved a better balance between detection time and accuracy. In the self-built dataset, the

unfrozen weight method had the best effect, and average precision was 12.6% higher than that of the model

without transfer learning. [Conclusion] This study provides a faster and more accurate screening solution

for wildlife monitoring networks in the Mountain area of Beijing Miyun.

Key words: wildlife image; image filtering; deep learning; object detection
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Fig. 12 Layer normalization method in this paper
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Fig. 13 FPN, FPN + PAN, BiFPN structure
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Fig. 14 Improved YOLOV7 structure diagram
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Tab. 1 Results of models enhancement study

BERDITF RUE S AL

RIS RRIRE B RE

I\%ﬁil Param%tffc}i;an tity Floating-point operation Weight/% Av.qage Omission Commission In ferfli%]ii d/ms
per second (FLOPS) precision/%  error/% errot/%
YOLOvV7 36.5 x 10° 104.7 x 10° 72.0 80.0 28.2 15.5 17.5
YOLOvV7 + MicroBlock 31.3 x10° 72.7 x 10° 61.5 78.9 30.1 13.0 15.6
YOLOV7 + Slim-SPPFCSPC 33.9 x 10° 101.2 x 10° 66.5 79.7 29.7 13.5 16.4
YOLOvV7 + SIoU 36.5 % 10° 104.7 x 10° 72.0 81.0 27.0 15.3 17.6
YOLOvV7 + LNDown 37.2 x 10° 100.6 x 10° 72.8 81.1 28.9 11.5 17.8
YOLOvV7 + BiFPN 36.8 x 10° 104.5 x 10° 72.0 80.4 29.8 11.4 17.9
AAEH Our model 30.0 x 10° 69.6 x 10° 59.0 80.5 285 12.7 15.0

VA R T R FE R A M — 5k B T T B 18] . Note: Inference speed is the time it takes the model to infer an image.
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PERE . SKIRAE NS4S 4.1 DA .

SRR 2 Fron, BIRACHUER YOLOVT #
% 18 + YOLOvS-m, 1H ¥ 35K B & T YOLOVS-
m, H R %2z 54875 % 2 3K T YOLOvVS-m.
YOLOVS-1 F¥IKE B BB ey, I8 B2 LE 2ot () YOLOv7
PR TG, HOJRor i 22 By, it BF 0 2 B A I
R AR I3k ) YOLOVT 545 . YOLOX-M B4R &
B /N T et i YOLOVT A5 RY, (H Hoid i I 8 3
e, HIRR %28 K. YOLOR-CSP 835 2 5 sk
) YOLOV7 Sy B A KF 1, H a2 3 B2 e oSt 1
YOLOv7 # 18 7 3.4 ms, H % ¥ & Il FLOPS ¥
o AEE T 2.4 1% . Ghost-YOLOvS-1 f Ay, H AR
Z: 4 B A FLOPS S5 KM FEAIC, (L HESE N [A] bE SR
RRE S T 3.3 ms, AJRE A& T GhostNet 1 HL i
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Tab. 2 Detection results of different models on the SS subset

il e FLOPS R TR T iR o2 2 A

Model Parameter quantity Weight/% Average precision/% Omission error/% Commission error/% Inference speed/ms
YOLOVS-m 21.2x10° 49.0x10°  41.0 80.2 28.8 16.0 14.5
YOLOVS-1 46.5 x 10° 109.1 x 10°  89.0 81.0 28.1 12.6 18.1
Ghost-YOLOVS5-1 20.4 x 10° 43.1x10° 417 80.7 289 11.9 21.4
YOLOvV6 34.9 x 10° 85.8x10° 725 79.8 27.7 16.3 17.2
YOLOX-M 25.3 x 10° 73.8 x 10° 194.0 80.6 289 12.2 19.2
YOLOR-CSP 52,9 x10° 110.1 x 10°  203.0 80.4 30.6 11.6 18.4
AR Our model 30.0 x 10° 69.6x10°  59.0 80.5 279 12.7 15.0
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TRt T R 2 5] BRI SR AL
VIRE LA, SRR Z A 7R 22 B iy, TOVEAR AT
X BF A S R HEAT 7
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Tab. 3 Results of different freezing layers

for transfer learning %
TP K A7 XL RS 5 T O A7 0 L S VR — THRE WERE  RARE
T2 AR ZH R TR i (0 22 S R8OR, (R Frozen layer szir;iz Omission - Commission
Xf FEARAE FHIE RS 2 ST R A U ROR « SE38 TR TE Not vamafored s s 1o
. N . 1z Ot transIerre . . .
ff1257 21 %9 0.000 1, R SGD flLfb 4%, 548 50 4
epochs 0 82.1 248 114
S =13 o 5 75 % ) 3 81.9 28.0 10.2
T3 NARLR IR D, B @B E T
HOSKBRLE S, M 3 AT B M M IRER ST R S 67 33 13.4
R, KRR OB 54 3 R RR OB ok s o)

11 (freeze backbone)

AR P O e, AR ZE AN R 2 AR, RS 5 R
BUE 5 56 iR 45 T 0 45 BUEE A8 70 2% AR o ok
FRAR o 3 U8 B 80 TN R R A TR 3 R A A B A
FIVE, s R AN SE A AR R, PRESIR 2Rk SO A

i 16 KB VR A B ARG T RS S
Bew, AT 5 58T 2R B PR TH BERL IR, 20 2 )5
BL T RRE . XU WIIERS 5 > AT AE B
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Fig. 16 Freeze average precision curves of different freezing layers
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Tab.4 Our algorithm filter results in the self-built dataset

FUEI B TRIEGHcE ARG HCR (ERIEe Tk R % B iRz
Number of true positive Number of false positive Number of true negative ~Number of false negative Omission error/% Commission error/%
191 5 195 9 4.5 2.6

K17 RAEBERSE T M BLREE

Fig. 17 Images that do not appear in the dataset
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