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Fig.1 Monitoring samples of pheasant
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Table 1 Pheasant sample quantity
IEHRS EER7/R S PR
42K Dataset Normal posture Special posture Occlusion concealment
YIZH4E Training set 6563 938 2500
WAL Test set 1312 187 500
STt Total 7875 1125 3000
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2.1 Tiny-YOLOV3 4&4&E
Tiny-YOLOV3 H brfa il 55 YOLO R 414X #%
IEGESRUE- Sau A aninE v g = RN okl CIE PR JEW AT i
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Tiny-YOLOV3 FTFM£%N YOLOV3 Kifiifk, H 13
MNERZ, 6 MRKILE, | NERZEMRL, S
2 s

Convl
416>416x16

416%416

I IT

Conv5
26%26%256

I IT

Conv8
13x13%x256

I IT

Conv10
13x13x24

I IT

Convl3
26x26x24

416x416

¥E: Conv: HHUE(E; Maxpool: KM ib{{FE; Concatenate: ZEHHRAE;

Upsample: _FRFEEEME; YOLO detection: YOLO #&JI/Z; NMS: JEHL KME
. 416x416. 208208, 26x26. 13x13 5-JI4R4 N EUR SHHE I ik,
16+ 256, 128 24 NEBZREZ. TR

Note: Conv: Convolution operation; Maxpool: Max pooling operation;
Concatenate: Concatenate operation, Upsample: Upsampling operation, YOLO
detection: YOLO detection layer; NMS: Non-maximum suppression. 416x416,
208%208, 26x26 and 13x13 refer to the resolution of input image and feature
map respectively. 16, 256, 128 and 24 as convolution layer depth. Same as
below.

B2 Tiny-YOLOV3 444 A
Fig.2 Tiny-YOLOV3 network structure diagram
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Note: 52x52 refers to the resolution of input image and feature map respectively.

B 3 ET-YOLO M4
Fig.3 ET-YOLO network structure diagram
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Note: SSD_MobileNetV2, YOLOV3, Faster-RCNN, Tiny-YOLOV3, ET-YOLO are five object detection networks. Same as below.
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Fig.4 Object recognition of pheasant in hidden condition
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Table 2 Comprehensive comparison of different detection
networks for pheasant

wRs e AEg IR TR e

Detection Precision Recall Mean Meap Model
network 1% jo, ~ Average . operation o\
precision/%  rate/(i:s ")

SSD_MobileNetV2 84.0 81.5 68.5 61 28
YOLOV3 93.5 90.5 85.0 24 234
Faster-RCNN 93.8 91.5 85.4 15 265
Tiny-YOLOV3 86.0 83.0 71.5 60 34
ET-YOLO 94.5 92.5 86.5 62 56

c. Faster-RCNN
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Fig.5 Object recognition of pheasant in special posture

c. Faster-RCNN
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Fig.6 Object recognition under the occurrence of other birds
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Recognition method of pheasant using enhanced Tiny-YOLOV3 model

Yi Shi*, Shen Lian®, Zhou Siyao®, Zhu Jingming!, Yuan Xuesong®

(1. College of Information Science and Technology (College of Cyber Security, College of Oxford Brookes), Chengdu University of
Technology, Chengdu 610059, China; 2. College of Electronic Science and Engineering, University of Electronic Science and Technology,
Chengdu 610054, China)

Abstract: The increase of pheasants has posed a threaten to crops as the advancement of ecology. However, most conventional
methods of bird repellent have inherent deficiencies in terms of efficiency and danger. An efficiency monitoring method for
pheasant is necessary to combine with artificial intelligence, in order to provide early warning and expulsion of pheasants.
Normally, pheasant activities are mostly in the early morning and dusk under complex environment with protective color or
habit of hiding. This behavior has made monitoring methods much more challenge. In this paper, a novel recognition method
for pheasant has been proposed on the deployment of embedded computing platform, combined with the enhanced
Tiny-YOLOV3 target detection network, particularly on considering the behavior of pheasant and specific living conditions. A
lightweight network is required to ensure the accuracy and real-time monitoring due to the deployment on a mobile platform in
the field environment. A real-time monitoring network ET-YOLO has also been established for the emergence of pheasants in
a complex field environment, according to the basic structure of the Tiny-YOLOV3 lightweight target detection network. The
feature extraction can deepen the net depth of Tiny-YOLOV3, and thereby increase the detection scale to improve the
detection accuracy of original net target. CenterNet structure was used in the net detection layer to further enhance the
detection accuracy and speed. The dataset of pheasant monitoring was produced after augmentation using the field collection
of images in various environments, including 6000 high resolution images of pheasant in different distances, angles and
environments. The indicators of experimental evaluation were mainly tested in terms of accuracy, real-time performance, and
model size. Specifically, the average detection accuracy, average detection speed, and detection model size of the pheasant
were used for evaluation. The experimental results showed that the average detection accuracy of ET-YOLO in the complex
field environment was 86.5%, and the average detection speed was 62 frames/s, 15% higher than that of initial Tiny-YOLOV3.
The average detection accuracy was higher than that of YOLOV3, Faster-RCNN and SSD MobileNetV2 by 1.5%, 1.1% and
18%, respectively. The average detection speed was 38 frames /s, 47 frames /s and 1 frame/s higher than that of YOLOV3,
Faster-RCNN and SSD MobileNetV2, respectively, when the detection model size of 56 MB. The proposed method can be
suitable for the deployment on embedded computing platforms equipped with agricultural robots and intelligent machines in
terms of recognition accuracy, real-time performance, and model size, particularly recognizing pheasants in complex
environments.

Keywords: agriculture; artificial intelligence; embedded system; pheasant recognition; ET-YOLO; CenterNet detection
structure



