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Design of a dense sheep counting system based on M-SegNet algorithm
YE Runfa, ZHAO Jianmin, LI Xuedong

(College of Information Engineering, Inner Mongolia University of Science and Technology, Baotou Inner Mongolia
014010, China)

[ Abstract] Sheep counting is an important part of monitoring overgrazing in grasslands and large—scale livestock insurance claims,
and the traditional manual counting methods are time—consuming and laborious. For the problem of dense counting of sheep using
deep learning methods, the Modified SegNet( M—-SegNet) model based on a convolutional neural network was used to count images
of dense sheep, and the comparison experiments with Modified SFANet ( M—-SFANet) model were conducted, the results showed
that M—SegNet achieved better counting results in dense counting of sheep, and its density map mean absolute error is 6.84, the
mean square error is 9.48, and mean relative error of counting is 3.65%, which meets the requirements of monitoring overgrazing
and livestock insurance claims. In order to improve the management capability of intensive counting of sheep in pastures, a sheep—
intensive counting application system based on the Django framework was built. The system uses the Python language and a
lightweight database SQLite to implement functions such as user registration and login, user management, counting query and
operation history query.
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Fig. 1 The structure of the M—SegNet model
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Tab. 1 USC2021 sheep dataset
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Fig. 2 Sample example of USC2021 dataset

USC2021 PG FHBR BRFERE  BANFERE FHERY
PR 1995 404 042 487 45 202.53
2 705 144 065 478 49 204.35
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Tab. 2 Performance comparison of two counting methods

Tk Y2k 1E]/h MAE MSE MRE /%
M-SFANet 86 8.09 12.8 4.25
M-SegNet 66 6.84 9.48 3.65
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Fig. 3 Training loss curve of the two models
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Fig. 4 Visualization results of two selected models on the test set
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Fig. 5 Sheep counting application system structure diagram

ARG T e B CBOE I R 2
REE TAEN B, RGBT P M Sl 2 N
B AR R FUIRE, F R BR AR
S e 6 fros,

Ble6 FRIHEAZERFE

Fig. 6 Sheep count query result interface

A AE RIS/ AT R A [E] | A i)
P LR A PR R . O Tie s i by s 2
WG R AR RGBT T 4841 Dy L A& D RE , BRI
EAREAN, b REARTE I [ B R 0 S A A4S
A A TR AL ARORSE S S, 0 AE B e fit
TR

6 LZEFRIE

RSB T NBEBE TR 2, R F M—SegNet
MR AT RS 51180, I 5 M—SFANet #8147

X, SR 2 FE I M—SegNet FER1 H M—SFANet
PRI fE F158% , MAE \MSE Fl MRE 43 B FFAR T
1.25 .3.32 F10.6% , VI ZRit [ 40, [Rlip ik d2 4t 1 2841
MIPERE , $5 1 IEE 28T 5 P AR RO B
HA R e RS

ARG T 32 NG A i P S EA
D7 A A LA T BE P BEAS B b 6T S R
HEAT B, 7 (T RS R A S 4k 38T T TAE

[1] LEMPITSKY V, ZISSERMAN A. Learning to count objects in
images[ J]. Advances in neural information processing systems,
2010,2(4) . 1324-1332.

[2] ZHANG C, LI H, WANG X, et al. Cross—scene crowd counting
via deep convolutional neural networks [ C]//Proceedings of the
IEEE conference on computer vision and pattern recognition. 2015,
833-841.

[3] ZHANG Y, ZHOU D, CHEN S, et al. Single —image crowd
counting via multi — column convolutional neural network [ C]//
Proceedings of the IEEE conference on computer vision and pattern
recognition. 2016, 589-597.

(FEESR 76 )



