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Table 2  Effect of different activation functions on the UNet model

Activation function P/% PS% 1%
Leaky ReLU 86.57 87.42 79.25
SiLU 87.11 87.63 80.15
hardswish 87.16 88.25 84.15
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5 Model PJ% PJ% 1/%
UNet 86.37 87.62 78.45
UNet+VGG16 85.14 87.98 78.72
UNet+MobileNetv3 85.08 87.86 78.68
UNet+ResNet50 88.87 90.78 80.74

2.2 RCH-UNet t&8Y;ERhiK I8
N T BB M AR ST R R R A G T IR
AT KA MG 4> BT 55 A 25, AR SCHEF UNet £ 2,

. AR

a. Original image

b. UNet

c. PSPNet

gha 2.1 TR ROTHE R, IR A RAK 4 PR
R4 HRRNEER

Table 4 Results of ablation experiments

UNet R C H P/% PJ% 1,/%
N 86.37 87.62 78.45
\ \/ 88.87 90.78 80.74
v v 94.54 95.15 83.47
v x/ 87.16 88.25 84.15
\ \/ \ 95.45 95.81 88.02
v N v 93.16 94.25 88.15
v v x/ 94.74 95.85 87.40
\ N \ \ 96.22 96.30 92.79

#: UNet #78 UNet 73 EI7Y, R FI8 ResNet50, C Fox CA & MM,
H IR hardswish 7% B%L.

Note: UNet represents UNet segmentation model, R represents ResNet50, C
represents coordinate attention mechanism, and H represents hardswish activation
function.

FHE% 4 BT %, A SCHE H ) RCH-UNet A5 88 AH B i 46
UNet #8, ZIPFMFEARIEE BTt R4 4 77
DAEH, {EEUR UNet fRBYEERE F BRI R (ResNet50) .
C (CA) Al H C(hardswish) 5Bk 15 e $2 FH- A5 (1) 43 21| %%
Ko HAFRACXTo#IB R, 7l P, 2
TFT 3.16. 7.53 M 4> Ao ResNet50 F1 CA & H LI
(R4 G ol T R IERLA AIE SUE ., AT 3 538 43 B B 7Y
FIRFAESEELAE 15 [, BT hardswish BEUE ARSI
W AR IRMEA B TR R RN, T AR E 45 1)
FhIE . 454 hardswish BRI Sr B 45 5 A R IFHz
TR BE 1A Rtk BE /7. IR RCH-UNet £5 24§ 45 f%
By R
2.3 AR EHERAIRTEL IR I

ASUHH 74875 1 UNet. PSPNet Fl1DeepLabv3,
1E R — 3 i 5 LAk T IRk, 50 845 5 A5
$EH ) RCH-UNet B HEAT HLEE . 40145 RAan & 8 Far,
MRS TR bR AN 5 BT

B4R S HREPE T LUE B, RCH-UNet 1% T J5
G UNet ] [,» P, P, or5l$Em T 1434, 9.85. 8.68
Ey A, ABBCT PSPNet (9 1+ Pa. P, 5y W42 7 23.04,
17.67+ 1014 4 H 73 &, FH% T DeepLabv3 1] I,» P,
P, Ay 4R T 9.15. 6.31 #13.99 N 4> 2. PSPNet 1
R e B o B R 22, P AN 78.55%, 1, AN
69.75%. #Lt2Z F, DeepLabv3 #M KW AL, P, N
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Fig.8 Segmentation results with different models
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Table 5 Experimental comparison of different models

i Model P./% P./% L/%
UNet 86.37 87.62 78.45
PSPNet 78.55 86.16 69.75
DeepLabv3 89.91 92.31 83.64
RCH-UNet 96.22 96.30 92.79

L m A R AR L, AR SCH HE ) RCH-UNet B2 J
DL BRI YERE, S TURARES ) T RIRERTE, K&
kA RCH-UNet 7E 5 4t BE 53 %1 77 T 2 A 5 s 1) HE A 2
AU LTt LRE T 1BId 456 ResNet50. CA Al hards-
wish 0% B8 %, RCH-UNet Ag % 58 U M Jfi #1245 1€ B 4%
ML FISCERAE R, AT 15 2 58 HE 1 3 25 1 . 1zt
FREERKYW, W THEEESEUES, EREEERRHE
PEEU N 2 4 G B . RE 4% 4t 1) PSPNet fil DeepLabv3
BALTE HoAh 37 50 F ol B AT RIFIRIL, (HEAI7ERTE
I8 53 B0 07 T RO 32 2 R . AHEE 2, RCH-UNet
R 368 3 A S P A B ) £ RIS BR B B, BENE TR
U b AR A EUR IHRRAE, 320 T o EIvERE .

U4k, A HE 9T 4R H Y RCH-UNet A5 74 A1 22 g (1)
DeeplabV3. PSPNet. U-Net %74 7 ki 76 Bl (5 204 52 )1 45
SERCG, K 4 Fh o BB B0 2 1% % Jetson Xavier
NX. KR —5k 16 B A 7 Jetson Xavier NX | #4745
BRI, K A2 oy ) B R AR T R RO B TR0 DR i B30
PR FEbR . SRR K P A BIRERS 25 0% 6 FoR

Fo BIKE R EIFERIIEL

Table 6 Comparison of time consumption for single image

segmentation
5% Model Ff 1] Time/s
UNet 0.227
PSPNet 0.174
DeepLabv3 0.205
RCH-UNet 0.247

H# 6 A A1, RCH-UNet #5284 F ¥ FE Il 0.247 s,
W F7ER AL AR 2> BT 55, o0 E0RG SR L 4y 1 B )
BEOCE, DR AT /N 43 o 3o e v o R 1)
RCH-UNet #%,
2.4 RRIEFTETUNERLER S

ARSLHEF RCH-UNet FTHREUIREAE15 2% LA A IR 3R
FEE TSR, BR R E R A st (13) Fiow.

y=38.23x, +31.35 (13)

K x, AMBIEB R, y AR &, B2
B RN 0.84
N T DI BANRS R, AT RCH-UNet frdig
IR AL R LL AT GLCM P iU iR AE B GO L E . R
OO 350 5 ANMRFIEAE AE B [ VA 43 B i) 4 22 A
FUEMNEE, ZRESEINEN D (14) PR,
y=289x,+0.7x, +4.2x; +4.5x,+ 1.5xs +31.4 (14>

P x, WRRIER R, x, AXTHEE . x, NEEE. x, WA
KM xs NYEIE. y AL & . ZIREMRIET B
MR R? M 0.92.

TERE R AL HAN, AWFFOERE T S B, Hidsk
THURM = RN TE R Z 5 IR sebr = s 505, [
B SXof A N2 FH S P A SC TR ASE 2R A7 = s T, 2 SR
RT~R8Fim. WML REIR, B R ZML & TN
RSP 2 %6 H e LR ZEN 9.98%; £ R R ML~ & T
P40 B o LR 228 9.254%

Ll 3532 A A 25 110) 45 U PE A i b DA B2 3 24 7= i TN 485
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Table 7 Results and errors of one-factor yield prediction model

g5 %ﬁmﬂ‘.g ﬁ{)ﬂ\'ljr"% %R % Relative error
Plot No. Actual y{eld/ Prediction yleld/ R%
(kg'hm ™) (kg'hm ) ¢

1 7139 6232 12.7

2 6427 5823 9.4

3 5430 4947 8.9

4 5743 5157 10.2

5 6273 5727 8.7

*8 ZEARTETMRBERKIRE

Table 8 Results and errors of multifactor yield prediction model

e T il i
Plot No. ctual ylg]d/ Prediction zle]d/ R%
(kg-hm ) (kg-hm )
1 7139 6375 10.7
2 6427 5755 10.5
3 5430 5058 6.9
4 5743 5262 8.4
5 6273 5653 9.9
3 it it

# RCH-UNet 5 J& # UNet. PSPNet £l DeepLabv3
HEAT EL 843 T, RCH-UNet A5 784 () 14 RE F8 AR BH BAR T =
Fouf EE oy B, Ak, 5 SINGH £ 32 i B4k
3 B b 28 W 2% KRR L, RCH-UNet B P, i T
0.54 MNEAY A, Il 176 N E 4y A, 3 H RCH-UNet
TR HE A R R 0.391s. 5 SAEED 250 HH ) = £
Iy EIREAERIAMR T VAR L, RCH-UNet 74 f P, i H 0.11
ANES A, L 3.67 ANE s, EEEE RER 0.633 s.
5LV U 3 Mgt PSPNet 23 288 B A ., RCH-
UNet 2 8f P, B H 16.76 AN E 4005, I, & 1077 A H
Iy . IR H 45 B K W] ResNet50. CA VE & Sy HL I F0
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Pbis, B2 B R WA SO 4R (0 7 i B AMLIE& 1)
IESH AR T AT AL P2 B TN AR A R AR, 7E
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2 TR £ VR A i A2 380 L IR PSS DL IR, R R A AR
T ERE X, 2 MR, 8L R
FEAETE AR ZE . AN, 5 FENG 209 ST AN AT
DL P 15 42 BURE ot 418 %0 0000 4 46 7= B 4R L, RCH-UNet
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PRSI T MR B AR AE 1 E B3 G R 5% 7 v
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i€ 5.046 N0 i 5 FILREP 3T Sentinel-2A
TR MRAC = EAH L, A S 5 W0 7 1 10~ 35 4 Xt
B iR Z A% 6.832 AN 40 A, (R B AAESF [a] B AR A 2%
F&, ARSCHR W AR AL 7= 2 PR A 7 i A T Sentinel-2A
PEWM G SiEESPHREE T EANEBET4
L CNN-BiLSTM J7 v Tl A 16 /= Emk Fo 45 FAH L, AR5
BT 3 A 72 T v SR A 5 T A LR E S 2,543
ANE A MRAE R IR A RS B LA — o R Tt
ME, AT ER EEARE LRI 1) AHE TR
e UG BB AL FE T i 1 — AN 3, UG b e
FFRER D, AT A KSR P AEKSESER
X T RRAE B A = = AR 2) B FT AR SR B RS AR
AEWE A 780 A AW T 5. MRSt RIS 8. &
X CA_EAFAE B iR @, 7E 5 226 nT CAREAT an R W O TH
et 1D RERFLE B IMIERG, Ka P REit
ATRD G DR B R RS B s 2D $REUNE A Ko AR b A
PR, R A IR ) SERE S O 2 e e P =
TR ASE 28 A T 2 e A A B O A

4 & B

AW 5T HET UNet 79 #5584 74 4 RCH-UNet 73 | 15
A4, AfF RCH-UNet 152584 DA A6 I 9 1) O A L3RR 252
G R S EUHE AR5 2 LU BRSO RHIE . S A B fAE 15
LA SRR AE 5 S Br = S AT 0% (B3 2 A AT 15 2 i
Ter= MBI, AR FEEL R

1D ¥ UNet ' 1£ 4t ) CBR ( convolution batch
normalization ReLU) T SRAERLERLE #:5/y ResNet50 B 4%,
AT DL g A TR SR R AR R T, N JE SRR R A
5315 = TR B LA

2) 5B CA =T ML B8 A 2 () X G S
AN AT DLSE IR AR T H AR A R IARRAE, kb A H FRASHE
P, $emBEi g E . A0 R TR R 2
B s A B R 4 R

3) FEE MK HEIAE T, FAEEA &R ASHL
IR /N SCFEZE, ResNet50 F1 hardswish 13 243 75 B
TR T 4t 2 ) PR R R AR AE, 42 1 BHR AR
o EIRE B

4) iEif RCH-UNet #2& BURIRR L8 3 EE i D se L 1
R A ARAE P E R T, 2R EoR, E AR
= LURH S 3 R IR A 28 1 22 DR 25 7 B TN A Y ) 1 1) 448
XE G R ZE N 9.254%. WHALAE REH], ARRIEEE S
P BN AEAZ 2% bR 38 B S0 B RR AR 38 47 7 o Tl 2L A mT
171

BT HETBE LG R, KR M 70K £ 7E 52 BN
WAEKS PR ZNRIESE MR e 2 [ 1
AEEE 42 ) R A TR A o R A TR P B BT AL
% b, SEIUTESERR N 3% 5 AR AL B s T .

(1]

(& F x W]
FRME, £IE, BMEA, 5N FE L5 KRR X
i A 2B B K7 B K R WA AR TR SRR, 2023,
39(24): 69-78.
WANG Zhenhua, WANG Fei, LYU Desheng, et al. Effects of
brackish water irrigation on the physiological characteristics,
yield and quality of mulched drip irrigation cotton under
different soil textures[J]. Transactions of the Chinese Society
of Agricultural Engineering (Transactions of the CSAE), 2023,
39(24): 69-78. (in Chinese with English abstract)
FICIR, 5K, HEFEE, % 55T Sentinel-2A MIRTEMIETH
FRE = B[], Ak TR, 2022, 38(9): 205-214
WANG Huihan, ZHANG Ze, KANG Xiaoyan, et al. Cotton
planting area extraction and yield prediction based on Sentinel-
2A[J]. Transactions of the Chinese Society of Agricultural
Engineering (Transactions of the CSAE), 2022, 38(9): 205-214.
(in Chinese with English abstract)
B, EXSHE, EJEE, 5 T Android THLIY H AR TE
FERTON RS HT]. RN, 2023, 54(s2): 252-
259, 277.
HU Can, WANG Xingwang, WANG Xufeng, et al. Field
Cotton Yield Prediction System Based on Android Mobile
Phone[J]. Transactions of the Chinese Society for Agricultural
Machinery, 2023, 54(s2): 252-259,277. (in Chinese with
English abstract)
ZEN BN AL P D S . PR S AT AT[D). Bt Bk
PETIE R, 2022.
LI Xing. Research on the History, Current Situation and
Prospect of Cotton Production in Xinjiang[D]. Shaanxi:
Shaanxi Normal University, 2022. (in Chinese with English
abstract)
E R G RRT 2022 SFHRAE B A A 5[N] EE SR,
2022-12-27.
KMETE, Gk, 4R, 4. 2000-2020 4 R S8 X AR 1L
TR 2 (A R S AR AR AE 23 T 0], Al TR 274, 2021,
37(16): 223-232.
LIU Chuanji, JIN Xiaobin, XU Weiyi, et al. Analysis of the
spatial distribution and variation characteristics of cotton
planting in southern Xinjiang from 2000 to 2020[J].
Transactions of the
Engineering (Transactions of the CSAE), 2021, 37(16): 223-232.
(in Chinese with English abstract)
TP, BRER, EHER, & SR RERIEHR T 82 &
JREH LB IRT]. RS EOR, 2021, 41(21): 64-66.
B, WE, R4, S5 REIAROR S A F A
RAEAE AR P B 7= 5 (R S W D). W Al K2 4R (AR
BEEERRD , 2023, 49(3): 260-267.
LI Kan, XIE Zhangshu, HE Yuxi, et al. Effects of sowing date

and planting density on physiological characteristics and yield

Chinese Society of Agricultural

of cotton with different maturity properties[J]. Journal of

Hunan Agricultural University (Natural Sciences), 2023, 49(3):


https://doi.org/10.11975/j.issn.1002-6819.202305181
https://doi.org/10.11975/j.issn.1002-6819.202305181
https://doi.org/10.11975/j.issn.1002-6819.202305181
https://doi.org/10.11975/j.issn.1002-6819.2022.09.022
https://doi.org/10.11975/j.issn.1002-6819.2022.09.022
https://doi.org/10.11975/j.issn.1002-6819.2022.09.022
https://doi.org/10.11975/j.issn.1002-6819.2021.16.028
https://doi.org/10.11975/j.issn.1002-6819.2021.16.028
https://doi.org/10.11975/j.issn.1002-6819.2021.16.028

238

Flk T2 (http://www.tcsae.org)

2024 4

(9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

260-267. (in Chinese with English abstract)

INE S, X, B, S AR IR B R A AL 2 1] A
BT[], fRAERE, 2021, 43(1): 31-36.

SUN Julong, LIU Shuai, HU Qixing, et al. The influence of
different planting density on the spatial distribution of cotton
boll[J]. Cotton Sciences, 2021, 43(1): 31-36. (in Chinese with
English abstract)

Mrie, skEE, &, & PURMSATEE AT AR
HAEAGCRIEFC[I]. PEALAOIL 4R, 2019, 28(10): 1594-1601.
CHEN Bing, ZHANG Guolei, WANG lJing, et al. Effect of
different defoliants on machine-picked cotton under equal
spacing and dense planting model[J]. Acta Agriculturae Boreali-
occidentalis Sinica, 2019, 28(10): 1594-1601. (in Chinese with
English abstract)

SAEED F, SUN S, RODRIGUEZ-SANCHEZ J, et al. Cotton
plant part 3D segmentation and architectural trait extraction
using point voxel convolutional neural networks[J]. Plant
Methods, 2023, 19(1): 1-23.

LIY, CAO Z, LU H, et al. In-field cotton detection via region-
based
Electronics in Agriculture, 2016, 127: 475-486.

SINGH N, TEWARI V K, BISWAS P K, et al. Lightweight

network  models

semantic image segmentation[J]. Computers and

convolutional  neural for semantic
segmentation of in-field cotton bolls[J]. Artificial Intelligence
in Agriculture, 2023, 8: 1-19.

LV Q, WANG H. Cotton boll growth status recognition
method under complex background based on semantic
segmentation[C]//2021
Robotics, Control and Automation Engineering (RCAE).
Wuhan, China: IEEE, 2021: 50-54.

W, Hh, #EeFl, % 5T CNN-BILSTM HIME{L
I ED] R TRESR, 2021, 37(17): 152-159.
DAI Jianguo, JIANG Nan, XUE Jinli, et al. Method for
CNN-BIiLSTM[J].

Society of Agricultural

4th International Conference on

predicting cotton yield based on
Transactions of the
Engineering (Transactions of the CSAE), 2021, 37(17): 152-159.
(in Chinese with English abstract)

FENG A, ZHOU J, VORIES E D, et al. Yield estimation in
cotton using UAV-based multi-sensor imagery[J]. Biosystems
Engineering, 2020, 193: 101-114.

MA Y, MA L, ZHANG Q, et al. Cotton yield estimation based
on vegetation indices and texture features derived from RGB
image[J]. Frontiers in Plant Science, 2022, 13: 925986.

DUBE N, BRYANT B, SARI-SARRAF H, et al. Cotton boll
distribution and yield estimation using three - dimensional

2020, 112(6):

Chinese

point cloud data[J]. Agronomy Journal,
4976-4989.

RONNEBERGER O, FISCHER P, BROX T. U-Net:
Convolutional networks for biomedical image segmentation[J].
Springer International Publishing, 2015, 9351: 234-241

MR, BRI, whIRAZ, S5 IR T R B B R TR

(21]

[22]

(23]

[24]

[25]

[26]

(27]

(28]

[29]

[30]

(31]

2 SIS X B TR R TR AR, 2022, 38(17):
150-157.

SUN Jun, GONG Dongjian, YAO Kunshan, et al. Real-time
semantic segmentation method for field grapes based on
channel feature pyramid[J]. Transactions of the Chinese
Society of Agricultural Engineering (Transactions of the CSAE),
2022, 38(17): 150-157. (in Chinese with English abstract)
KoL, Mk, RS, S5 JET 2 RS SR A S R
(K152 EAL UNet & 82 BB 2 1 [0]. A0k TRE2E R, 2022,
38(13): 194-201.

ZHU Lixue, WU Rongda, FU Genping, et al. Segmenting
banana images using the lightweight UNet of multi-scale serial
dilated convolution[J]. Transactions of the Chinese Society of
Agricultural Engineering (Transactions of the CSAE), 2022,
38(13): 194-201. (in Chinese with English abstract)

SAHIN H M, MIFTAHUSHUDUR T, GRIEVE B, et al.
Segmentation of weeds and crops using multispectral imaging
and CRF-enhanced U-Net[J]. Computers and Electronics in
Agriculture, 2023, 211: 107956.

DIAO Z, GUO P, ZHANG B, et al. Maize crop row
recognition algorithm based on improved UNet network[J].
Computers and Electronics in Agriculture, 2023, 210: 107940.
HE K, ZHANG X, REN 8§, et al. Deep residual learning for
image recognition[C]//2016 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). Las Vegas, NV, USA:
IEEE, 2016: 770-778.

HU J, SHEN L, ALBANIE S, et al. Squeeze-and-Excitation
Networks[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2020, 42(8): 2011-2023.

WOO S, PARK J, LEE JY, et al. Cbam: Convolutional block
attention module[C]//15th European Conference on Computer
Vision (ECCV). Munich, Germany: Springer, 2018: 3-19.
HOU Q, ZHOU D, FENG J. Coordinate attention for efficient
mobile network design[C]//2021 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). Nashville,
TN, USA: IEEE, 2021: 13713-13722.

LI Y, GENG T, STEIN S, et al. GAAF: Searching activation
functions for networks through genetic
algorithm[J]. Tsinghua Science and Technology, 2022, 28(1):
207-220.

ZHANG Y, MA B, HU Y, et al. Accurate cotton diseases and

pests detection in complex background based on an improved

binary neural

YOLOX model[J]. Computers and Electronics in Agriculture,
2022, 203: 107484.

ALABI T R, ABEBE A T, CHIGEZA G, et al. Estimation of
soybean grain yield from multispectral high-resolution UAV
data with machine learning models in West Africa[J]. Remote
Sensing Applications: Society and Environment, 2022, 27:
100782.

LIU Y, FENG H, YUE J, et al. Estimation of potato above-

ground biomass based on unmanned aerial vehicle red-green-


https://doi.org/10.1186/s13007-022-00978-9
https://doi.org/10.1186/s13007-022-00978-9
https://doi.org/10.1016/j.compag.2016.07.006
https://doi.org/10.1016/j.compag.2016.07.006
https://doi.org/10.1016/j.aiia.2023.03.001
https://doi.org/10.1016/j.aiia.2023.03.001
https://doi.org/10.1016/j.biosystemseng.2020.02.014
https://doi.org/10.1016/j.biosystemseng.2020.02.014
https://doi.org/10.3389/fpls.2022.925986
https://doi.org/10.1002/agj2.20412
https://doi.org/10.1016/j.compag.2023.107956
https://doi.org/10.1016/j.compag.2023.107956
https://doi.org/10.1016/j.compag.2023.107940
https://doi.org/10.1109/TPAMI.2019.2913372
https://doi.org/10.1109/TPAMI.2019.2913372
https://doi.org/10.1016/j.compag.2022.107484
https://doi.org/10.1016/j.rsase.2022.100782
https://doi.org/10.1016/j.rsase.2022.100782
http://www.tcsae.org

57 Xl #EZE. T RCH-UNet [T 5 25 R AT A6 PSR AJ0E 2 1) 3 7= 5 T 239

blue images with different texture features and crop height[J]. Remote Sensing, 2021, 13(11): 2036.

Frontiers in Plant Science, 2022, 13: 938216. [33] SELVARAJU R R, COGSWELL M, DAS A, et al. Grad-cam:
[32] ROMANO E, BERGONZOLI S, PECORELLA I, et al Visual explanations from deep networks via gradient-based

Methodology for the definition of durum wheat yield localization[C]//2017 IEEE International Conference on

homogeneous zones by using satellite spectral indices[J]. Computer Vision (ICCV). Venice, Italy: IEEE, 2017: 618-626.

Prediction of cotton yield densely planted in Xinjiang of China using
RCH-UNet model

LIU Xiang , TIAN Min™ , LIANG Jinyan
(College of Mechanical and Electrical Engineering, Shihezi University, Shihezi 832003, China)

Abstract: Cotton is one of the most important economic crops in China. It is of great significance to predict the yield of cotton.
In this study, the Unmanned Aerial Vehicle (UAV) remote sensing platform was first used to collect some data on the densely
planted cotton in Xinjiang, China. Five-point sampling was also utilized in the period of defoliation. A total of five cotton fields
were then selected as well. Secondly, each image was divided into multiple sub-images and then enhanced by color space
conversion, brightness, noise blurring, flipping and rotating operation. A high-quality dataset was constructed to estimate the
cotton yield. Better training was achieved, compared with the original. Eventually, the cotton dataset with the construction site
was used to extract the element rate from the cotton images using RCH-UNet (resnet coordinate hardswish UNet). Among
them, the UNet was used as a baseline model to construct an improved U-type convolutional neural network. While the IoU
(intersection over union), PA (pixel accuracy), and precision were taken as the evaluation metrics. The overall RCH-UNet
improved the three metrics by 14.34, 9.85, and 8.68 percentage points, respectively, compared with the original UNet.
Specifically, ResNet50 backbone feature extraction network was selected to replace the traditional CBR (convolution batch
normalization ReLU) downs sampling structure in UNet; The CA (coordinate attention) mechanism was combined with the
UNet; The ReLU activation function in UNet was replaced with the hardswish activation function. The results showed that: 1)
The richer semantic information in the ResNet50 was learned through the residual structure, indicating the better feature
extraction and expression of the improved model. 2) The CA mechanism was significantly enhanced to learn the detailed
features. At the same time, there was an effective reduction in the interference of irrelevant features to the model. 3) The
hardswish activation function presented the stronger expression and feature fusion of UNet when performing up-sampling and
jump connection. Subsequently, the performance of RCH-UNet was tested with the PSPNet and DeepLabv3 models under the
same experimental conditions. The IoU, PA, and precision of RCH-UNet had improved by 9.15, 6.31, and 3.99 percentage
points, respectively, compared with the DeepLabv3 model. A prediction model of cotton yield was constructed with the ridge
regression from the cotton pixels extracted by the RCH-UNet model. The image texture features were also extracted by GLCM
(gray-level co-occurrence matrix). The R* value of the improved model was 0.92, and the average relative error between the
predicted and actual yield was 9.254%. The RCH-UNet model was accurately and effectively extracted from the cotton images;
Meanwhile, the prediction model of cotton yield was effectively verified using deep learning and image processing. The UAV
low-altitude imaging can also be expected to predict the yield of densely planted cotton in Xinjiang , China.

Keywords: deep learning; image processing; semantic segmentation; UNet; self-attention mechanism; dense cotton; yield
prediction
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