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e. FEHLIESS

e. Random cutout
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f. Adjust the brightness
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Fig.1 Augmentation of cow dung image data
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a. Efficient FormerV2
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Note: C represents the number of channels in the feature map; H represents the
height of the feature map; W represents the width of the feature map; Pooling
represents the pooling layer; CONV stands for convolutional layer; BN stands
for batch normalization operation; GELU represents the Gaussian Error Linear
Unit activation function; DW. CONV stands for deep separable convolution.
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Fig.2 EfficientFormerV2 and its key module network model
structure
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iE: P2, P3, P4, P53/ 1/4, 1/8, 1/16, 1/32 43 #ER MDY BORS B
Fi Sk HB > FRAL IS R RAE BB o RARARN BRI FIE T X5
FHEEERE RN ESH.

Note: P2, P3, P4, P5 represent four-stage dimensional drawings with 1/4, 1/8,
1/16, 1/32 resolutions; The arrow represents the pathway for transmitting
information at each level; @ represents the weight parameters learned at different
stages to distinguish the importance of features.
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Fig.3 Feature fusion network model principle
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PConvs,,

Concat

Leaky Relu

CBL

a. FasterNet block b. NewC3

VE: PConv R/NTBF 4 Leaky Relu FRox —Fi& IF 28 P 51 o0 005 o6 54
CBL /I BRE . HUH— W E RIS ok BUZ U R
Note: PConv stands for partial convolution; Leaky Relu represents a modified
linear element activation function; CBL represents a module consisting of a
convolutional layer, a batch normalization layer, and an activation function layer.
B 4 FasterNet block #3454 B #r C3 A3 44
Fig.4 IFasterNet block module structure and new C3 module
structure

FEFM% RN 2% o Sk
‘ network network head

Backbone ‘ Neck ‘ Detection

E: CBG Xl HME. AL ERBE s HUR H I, SPPF %
PRI WG AL s CBS Roan &R, AL EMETEREUZ
BB New C3 FoR it /5 IR 3 MEBUZ K CSP S -
Note: CBG represents a module consisting of a convolutional layer, a batch
normalization layer, and an activation function layer. SPPF stands for Spatial
Pyramid Pooling - Fast; CBS represents a module consisting of a convolutional
layer, a batch normalization layer, and an activation function layer; New
C3 represents an improved CSP bottleneck structure with three convolutional
layers.
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Fig.5 Improved YOLOVS network model
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Table 1 Comparison of performance of ablation experiments
. . HERf 28 FSEES ?ig*g;gig{ﬁ S . {%ﬁéﬁé .
EfficientFormerV2  BiFPN  Inner-IoU New C3 Precision/%  Recall%, ~ mean Average Precision@0.5 Params/M Floating point operations
(mAP @0.5)/% FLOPs/G
x x x X 92.3 89.2 87.8 7.02 159
\ x x x 90.1 87.9 86.8 4.12 8.2
x R x x 922 89.6 88.1 7.08 16.0
x x 1.05 X 92.4 89.2 87.7 7.01 159
x x 1.10 x 93.2 89.4 88.5 7.01 159
x x 1.15 x 92.6 89.6 88.3 7.01 159
x x x Relu 91.9 88.8 87.1 6.46 14.6
x x x Leaky Relu 92.6 90.0 88.0 6.47 14.8
\ R x x 91.8 87.4 87.0 4.13 8.2
x \ 1.10 Leaky Relu 92.9 89.5 88.2 6.64 15.6
J N 1.10 Leaky Relu 92.6 87.7 87.4 4.02 8.1
TE: < FONBBREIEREL, VRN R SRR
Note: x represents the removal of improved modules; R represents the addition of improved modules.
Zra U Bt ik, BUABR M SHE TR T 43%, 32 ZMEXTELER
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Fig.6 Grad-CAM visualization before and after model
improvement
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HAEK. Fasternet 1) S 405 11 5H P38 B 3510
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Table 2 Comparison of experimental performance of different networks

it R % FEJCIES 0 SHE FRISHE e e
Models Precision/% Recall/% mAP @0.5/% Params/M FLOPs/G Frames per second/(i-s™))
YOLOV9-s 92.4 88.2 88.6 9.60 38.7 31.1
YOLOVSs 92.3 89.2 87.8 7.02 159 239
YOLOV7-tiny 92.1 81.8 85.7 6.01 13.2 30.8
EfficientFormerV2 88.7 82.3 82.5 4.21 7.5 38.6
Fasternet 87.4 80.9 81.7 3.49 6.6 28.8
YOLOVS5-EBIN 92.6 87.7 87.4 4.02 8.1 347
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Fig.7 Detection results of cow fecal images from different network models
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Detecting cattle manure in pastoral areas using the YOLO network

NA Risu , ZHAI Lihao , XING Haipeng , ZHANG Quan
(School of Mechanical Engineering, Inner Mongolia University of Technology, Hohhot 010010, China)

Abstract: Grassland animal husbandry is the main form of animal husbandry. Cow manure is the by-product of grassland
animal husbandry on the vast grassland areas. Since cow manure can serve as an important source of energy, there is a negative
impact on grass growth. The distribution of cow manure is also characterized by scattered and concentrated areas in natural
grasslands. However, manual picking is still used to collect cow manure in pastoral areas at present, leading to the high labor
intensity and cost. Alternatively, computer vision can be expected to apply to the collection of cow manure in recent years. In
this article, an image detection model was proposed for cow manure using improved YOLOVS. Firstly, New CSP-Darknet53
was replaced with EfficientFormerV2, in order to improve the boundary sensitivity for low complexity of the model.
Experimental results showed that the computational complexity was significantly reduced, compared with the original model.
Secondly, PANET was replaced with BiFPN to enhance the feature fusion capability for the high accuracy of detection. There
was an increase in the accuracy of detection. Furthermore, CloU Loss was replaced with Inner IoU Loss, in order to improve
the localization accuracy of bounding box regression. Once the ratio value was greater than 1, the larger auxiliary bounding
boxes were generated to accelerate the convergence of the sample. A comparison with different ratio values showed that the
best performance was achieved when the ratio value was 1.10. From then on, the Bottleneck was replaced in the C3 module
with an improved FasterNet block. Leaky Relu was used instead of Relu as the activation function for the FasterNet block
module, resulting in significant improvements in the accuracy, recall, and average precision. Additionally, the number of
parameters and floating-point operations decreased significantly. The computational complexity was reduced to accelerate the
inference speed. Finally, a picking judgment mechanism was added using the YOLOVS detection box, in order to evaluate the
size of the cow manure block and the density of the cow manure group. The cow manure was classified in a certain area for
intelligent conditional picking of cow manure. The accuracy of the improved network model was 92.6%, the recall rate was
87.7%, the average accuracy was 87.4%, the parameter count was 4022847B, and the floating-point operation count was 8.1G.
The improved model significantly reduced the parameter and operation for the high detection accuracy, in order to significantly
improve the performance of the model. A dataset of cow manure was established in pastoral areas, in order to improve data
diversity. The collected data was randomly combined using five operations: flipping, scaling and translation, motion blur,
random occlusion, and brightness change, in order to enhance data augmentation. Comparison experiments were conducted on
the multiple networks and the improved model on the dataset. The experimental results showed that the accuracy of the
improved model was superior to other models with the same level of parameter and computational complexity. The improved
YOLOvVS5 model classified the cow manure, according to its different sizes during the inference stage, and then distinguished it
using different colored bounding boxes. The recognition and localization of cow manure were achieved in the pastoral areas.
The finding can also provide technical support to the intelligent picking vehicles of cow manure.

Keywords: image processing; manures; convolutional neural networks; collecting cow manure
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