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o A TR S B A /N A R XY RO Y NP . 3 8 A DL 3 O AR B R X R R R 6 S SRR AT S
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Apple Leaf Spot Segmentation Model Based on
Consistency Semi-supervised Learning

DING Yongjun YANG Wentao ZHAO Yilong
(College of Computer Science and Engineering, Northwest Normal University, Lanzhou 730070, China)

Abstract.: Rapid and accurate lesion segmentation was essential for assessing disease severity and
ensuring precise pesticide application. Deep learning-based semantic segmentation offered the technical
foundation necessary for developing high-precision disease detection models. However, the annotation of
apple leaf spots was both time-consuming and labor-intensive. To address this issue, a model for apple
leaf spot segmentation was proposed based on a lightweight consistency semi-supervised learning
framework , using Longdong apples as the research subject. Firstly, following the Mean Teacher semi-
supervised learning framework, two lightweight DeepLabV3 + models were utilized to build the lesion
semantic segmentation model, which improved its ability to extract feature descriptors from limited
annotated data. Secondly, a systematic comparison of 19 consistency regularization methods revealed that
the combination of MSE and Huber was more sensitive to subtle image differences and exhibited higher
noise resistance, thereby improving the model’s adaptability to small, unevenly distributed, and blurred-
edge lesions. Next, a Bayesian algorithm was utilized to optimize six hyperparameters involved in the
model, which accelerated convergence speed and enhanced stability. The results demonstrated that the
optimized model, using only 30% of the annotated data, achieved a precision of 95.60% , a mean
intersection over union ( mloU) of 94.85% , and a mean pixel accuracy (mPA) of 96.50% . These
outcomes surpassed those of fully supervised and self-training semi-supervised learning frameworks. The
findings offered agricultural practitioners an efficient and reliable tool for disease detection.

Key words: apple diseases; disease spot segmentation; semi-supervised learning; consistency

regularization; Bayesian optimization; DeepLabV3 +
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Bl 2% 2 - AU v R X R R
BT S ABBERG e UK BT R Y L B RG, SER
I A T 2 B T AR e Ak 2, A AR
SRR B 52 Ik RO | B BT e R T S
SR, ) i B TG 22 0 04 il P A 28 R AN 2 s s
RK R PR VS G i AR 25 5% BR 7E A # AR B
HL VR P9 0] B8 3 SOl ) > Tk R A AR K A
16", A AT bR NY/T 992—2006 Rk 2 5 [
Wt 55 AL VBl S5 ) B, o B T AR o bR S o
FREERRE, S S /ANTF 10% R 1 9. 11% ~
25% 3 3 9% . 26% ~40% N 5 K A1% ~65% Fg 7
P KT 65% N9 9 . LG 0G F IH A& I AP AE
TR TR AR R AT, DY, bR v
(149 B 3 261 of 5 7 7 T AR B P MR A it 2 B AT

VE £ % % i Ji] Faster R — CNN . YOLO SSD % H
BRI 7 i 5 A AR A W BE 1 L X B Ty vk A S
Ivi) R A 2 o0 VR B A5 LR 46 I 4% (CNIN) 2 B 1B 1%
FFAE, SR J5 1 5 HE ( Anchor boxes ) Bl X 35§ 42 %
(Region proposals) A= i i 326 K6 DAE o 38 £ 34 FEAE 7]
I3 ( Bounding box regression ) A& fiff 1 5% 46 1 #E (1) o7 &
AR, AT S B0 X H A5 i) e 52 7 (HAE R 24
s R BE T BB ELI R 2 AR RS I HE AR M 7 2% 7
SERGBE o T SO E R 8 X A% i A 1R 2R
Fi4y 2, BAT RG> B BEAO ¥ J1 . DEEPAK 45
fii ] PSPNET 53 /N 27 I 455 5 Jk e 2 J3E A 11, {HL 5%
R ) 4 T3 M AL 25 5 1 R BEA T B K. BT
SEUURI U — Net B T 8 IO B 5 3 S 4% 1 52
B H A 5] 96.23% ~97.98% ,{H U — Net [
AR R SCH R A S, B 24 S AL PR
TR o LT 45 fi ) 2 #E 1 BiSeNet X 2 JI 11 83
o5 RV BN AR AT 40 ), A RD AT LA AR B 94 i R, H
A mloU {2k 82.39% , KAUR % {fi Fi etk 1Y
SegNet X 7 i B M % BE F 47 4> &1, K5 7 & 3
94.91% ARAEHIAE FH O3 R Ak &R 51 04T 1R AR, 2F
5 Z W /N BE . DeepLabV3 + 1 () ASPP A5 e i
FZ A AT 1 230 45 B0 3, AR AT ARl A [ )R
AR BXE A B, T ik A 2 B X 4% J2 RS R AIF 5 1R U2 1
SCRFIESEATRLA T 22 A FH AU AR A (B R A, B
AR AR ST

R FE R B SR AT S8 A bR T 0 BN AT AR
RYI L5, hFREEEA AN JC)7 I8 B
5] G 2 W PR T M A AR AN A AR R Sk (RO T T
R BRI B H7 o 2 W 2% ) n] DL R AT B 1 4 7 2K

I8 v 52 IBCRRAE 18 28 45 0 Jmy &8 TUART 4544, JF AE il e B
15 B A O AR 25, DT e AR ASE 28 311 25 % o T 5040 1) 44K
i AL, ff H] DeepLabV3 + 4 it 3¢ Lk BE 73 1 19
B A HE R R T AT . — Bk E U Ak
( Consistency regularization ) f& — Fp & I, i¢) 2 V5 & =
JHEAR o HAZ O AR 3 i A 5 R ek B S — 2
P T DU i O T A 28 R A it A R AL sh )
B gy oS B R — B AR, R [ A — BopE e
WA 7 95 AR 2% A B 4R b B R R B 28 P R R
IS X RN = B N S TS & I OE S
B KIS AR 1 B 1) — S 2 RO R A
2 K, T HL P 2 T AT AR AR T,
N T 5t 6 ) 8 0 G TR R B0 2 DL 10 2 i
BP0 NS B Jr kA X TR A R 5
BAHB, ZENG 7 T CHE o AT 3 A A
O AH R 5 1 T R S 2 A ) YOG B
e e iR 2%

BRSSP SR T 0 1 b b O A ok R R, AR SC
P&t —FP AL T DeepLabV3 + [ 9 2 Wi 2 ) 3R
W, I 38 ok % a6 %k — SOk I WA AT B A
SE 3 D3 4 ik ( Bayesian optimization, BO) & ¥
X A M A0 R R — Bt T Ak R AT 2 8 S
A AL B 4y B A, DA O (R)AE R 4R A B OR
.

1 #M#REFE

1.1 HEE

TE B ARG I AR, 23 A H ol A DRI T B
AR A7 ol e 1 1E 3 B A AR 7 T TSP R A
b, 1 ] Realme KU 8 2 hRUR AE T LR 4R i BE
(brown spot) \E5JK (Tust) JKIHENK (grey spot) DA K fg
Femt Ji (health) 854 400 % . ffi F] Labelme %
X BE S i AT Z2 B AR IS . i T R, 320k
MRAEE i R B R BREAE /N i B A S 1 i B
GG A5 R 2R B 5 R, DR AR T RORS HE i BXE >
HMEFEAR K o
1.2 mysEEs
1.2.1 DeepLabV3 +

DeepLabV3 + i 1 2 KU ¢ fiF £ B DA S % )22 &
BASAES TRZE TR SCRRE R RS, B A B0 A 5 40
TR RE ST, & — R B @R TE S RIRL AL,
K 2 fi 7R , DeepLabV3 + 5% H] 4 % &% — fift i # 45 44
Horpr, i b J2 4 5 MobileNetV2 I %5 [H] 43 < 85 1t 1k
X Ht ( Atrous spatial pyramid pooling, ASPP ),
MobileNetV2 #; # i s DeepLabV3 + Ht 1) Xception
F T M4, MobileNetV2 i FI B2 W] 73 25 4 BUHILZ
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Fig.1 Examples of experimental samples affected by various adverse conditions
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Fig.2 Structure diagram of DeepLabV3 + model
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HE N, 5B Y S SRR Lo » B

J C
Y vielg(y,,e) (1)
X C—2%
y—— HLhR %
A R 50 A

e— BRI K5
n—HEAR L

TEAR B M" 43 5 % A Smodel F1 Tmodel , %
NN AT SO E WAL L, (N
N'™) o 2 Y 2 T A B R B PR L, 5 L
AR 2 (R — P 45 0 1 AT

L= SL,\.W,.,\,MA + VL.«..‘sas,..,...y (2)
rh e W B R LR
y——— B4 5 A

AN G B A L, %0 IR 161 £ 46 X Smodel i
IS4, Tmodel 1 2K 3 W3 i J5 Tmodel 2
5 B 5 B9 Smodel ZEUIMALR A




%12

TR 4 T BORE R W o ST RS BE SR B 317

S model

£ AJ’»’UCCI)LHIJ\ 3+

AR s EM

T model

B Y T DeeplabV3+

BatchxZEHEL (4)x256x256

BatchxZE B4 (4)x256x256

B3 e

Fig.3 Semi-supervised learning framework
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FHE y MSE i R AL H o Huber i & AL H B, Huber
P 1 A S TR AU S H AR o
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SRAG XS H b eRBUE S
(3) % 5 Wr i3 #2 ( Gaussian process, GP)
f(x) ~GP(m(x) k(x,x")) (5)
2 m(x) SR (ENTR '
k(x,x") — R R BN Tt 5B 5 A S Z E
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ZHHE .
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s = 1 PEREK o
1.4 #EELEMNIERR
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REHEAT PR .
L5 LBWFEE
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RTX 3080,64 GB &4t N 1,960 GB SSD [ 7 i 4%,
BAF DY Ubuntu 16. 04 LTS 64 L #R1E R G, %A
Python 3. 8 . Pytorch 4,

2 HREHH

2.1 —HHEEMHKER

R BN RDG REA AT e B Bt S AR AL
TSR BT AR AE I e s wl B 52 i i SR AR AR AR i
SR I BE TR WK 2l A s BE 11 % BRI DL B EAR oy B R
I3 BP9 BRE A 1 25 2K A A0 BRE TR R 4 ) R
1M MSE X /)35 22 Uk, 25 By 4 412 9 26 A £t e it
Z [H] A 20 0 25 5% s Huber X 58 (6 B A 847 19 5 #
P, BEWD IR 00 5 Dice F T 5 B R A B
JE AT BTN DX B B 1 53 EKE B Focal X T HEA
RS- ) AL A 50 o 1) 3 I 5 Tversky i o 45
L O AR B 1 A B, X6 00 AR AT & R
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Mk 53 A 22 8] (4 AR RS BB, A R T 4R IO R
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0.001, B R ALE & H 0.5, — MR RALE y
0.5 TR RS B B AT o 0.5, A R4 B
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Minimization ¢ H:2[ 7 #3847 %F Fb 5256, DAk 3] % B A
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Borbr A S RST oA B |30 20 R A S AR TR Y

KL Divergence

MSE+Huber

MSE+Dice

Huber+Dice Huber+Focal
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12 A~ 95 B, — 302k 1IE W 4k 24 Entropy Minimization |
Dice MSE + Huber i}, 735 SR B, U H A5 5
ANEOT I 1112 12 P8 A I 3 4R E AT P fiE
VAN S5 R 3R 1 i, MSE + Huber 2 &K 1 26 Fl
P T L e, o3 0 B 94. 40% Fl 89.31% ,
B A0 B A e 1 ME A M A L RE g, T AT RCR
T0 L AP 3 O 1 45 R, 6 B s Lo A AN B i g
ROR] B A 00 A0 R

Entropy Minimization

MSE+Jaccard

MSE+Tversky
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P4 A [l — B0 T T Ak 532k o i B B 2 1 45 2R

Fig.4 Results of spot segmentation using different consistency regularization methods
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1 ZF-HMENENLER (BREHIFESE 30%)

Tab.1 Comparison results of consistency regularization

(labelled data proportion was 30 % ) %
—H I N AL A P mloU mPA
MSE 82.49 77.33 84. 68
Huber 94.01 79.12 87.80
Dice 89. 64 85.70 88. 20
Focal 86.97 73.99 82.77
Tversky 78.12 80. 28 94. 54
KL Divergence 78.12 81. 85 91.63
Jaccard 76. 16 70.93 94. 09
Boundary 92.32 82. 15 93.42
Entropy Minimization 89. 16 71.30 93. 83
MSE + Huber 94. 40 89. 31 82.94
MSE + Dice 91. 65 86. 17 80. 68
MSE + Focal 79.25 76.09 84. 88
MSE + Tversky 78. 64 71.95 85.83
MSE + Jaccard 78.67 83. 68 84.07
Huber + Dice 81.08 78. 80 92.43
Huber + Focal 85.50 72. 44 85.35
Huber + Tversky 83. 64 79.90 84.21
Dice + Focal 80. 82 70. 69 88. 14
Dice + Tversky 87.24 88. 19 82.11

u  mloU mPA P

S AT AR B
Fig.5 Parallel coordinate diagram
FETHIIR BB A I 2R 2] B8 98 A7 BRI AR A T 2
Wi o —EUE B o T A T A B L R B
AR, TEALE T 20% pR ik AR W LT, H P o
93.22% ,mloU ¥ 92. 67% ,mPA iy 94. 12% , 13 ] i%
HE 22 RE W (25 Fh 4 20 S A I 9 i b — B0k, A R0
S TR AL BE ) AR SE E

Pt
pefess

K6 lgrdhi gk

Fig.6 Training loss curves

®2 ATEHEL G USSR

Tab.2 Training indicators with different data
proportions %

HHE He ) X P mloU mPA
oy = 82.49 77.33 84. 68

10 H I 2k 86. 02 79. 41 86. 83
— P 87.34 86.52 89.96

A Wk 88. 16 88.74 88.93

20 ERIED 90. 11 89.32 93. 05
— 93.22 92.67 94. 12

g A= 92.12 89.21 89. 89

30 SRS 92.45 92.33 93.56
— M 95. 60 94. 85 96. 50

4 Wk 93. 56 86. 78 91.23

40 ERE 93. 82 94. 56 94. 45
— Pk 96. 23 96. 34 96. 62

g A= 94. 45 88.23 91. 34

50 ERIE:S 95.12 95.23 95.12
— 97. 60 96. 85 97.00

2.4 5HthZ MR

B A SC R R 4> F B AL 5 LRASPP | FCN
U —Net, PSPNET, BiSeNet, SegNet % %5 HiL A&
LTSI OB AT R B, S N 3 TR . RBLA ST
R e B e A, AR bm VR B 1R R 30% 1B L L P
4 95.60% ,mloU 4 94.85% , mPA }j 96.50% . [l
W, R R 3.99 x 10°, B4 h 3.219 x 10°, 1
SE AR PR AR o HE— 2 UL T TR S R
A R

R3 TREEBETHSBEMERE (FREHES 30%)

Tab.3 Segmentation performance under different models( annotated data accounts for 30 % )

R TR N AE 5/ MB T Py ot P/ % mPA/ % mloU/ %
LRASPP 84 1.907 0 x 10° 1.1025 x 107 94. 00 94. 85 92. 00
FCN 270 2.8432 x 10" 3.5310 x 10’ 92.30 92. 80 89.25
U — Net 33 7.760 0 x 10° 4.3190 x10° 93.45 94. 10 91. 34
PSPNET 175 3.9540 x 10" 4.569 0 x 107 91.23 93.32 92.34
BiSeNet 45 1.190 8 x 10" 1. 1403 x 10’ 93.43 93.45 93.22
SegNet 108 2.9892 x 10" 2.5890 x 107 94. 43 94.78 93.45
DeepLabV3 + 24 3.990 0 x 108 3.2190 x 10° 95. 60 96. 50 94. 85
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HAT AT BRAR 1 204 b 312 BORRAE 8 348 45 1) BE
Fa) 3t 17 A58 YA A ] 30 % 1) s T 5CH s B 3 1 Y
P ik 3| 95.60% , mloU & 94.85% , mPA %

S

96.50% . ¥ T 4 W B o o A U kR R
¥

(3) AN TR] ) — i 1 W) A 75 X6 g B6E 2 81 Ak 2R
A RFERW . PRV, MSE 55 Huber 414 BEMS 0
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IR TR E ME . T DU Rk AT S RS,
AL JE LR P mloU Ml mPA 43 | #£ F+ 1.20.5. 54,
13.56 N H 4

Soils and Crops, 2021, 10(2);: 237 —244. (in Chinese)

rfE Al H R AL, 2006.
A B b 2 24,2023 ,44(4) 1604 - 612.

2 £ X B

(1] B34k, SRmims , RO, S5 Bl 2 3 X9 0 el i T AR s MR oz [T ] T 5 i ROl F 5 ,2022,40(4) 88 - 98.

HU Huatao, FEI Libin, DENG Mingjiang, et al. Effects of bioactive agents on apple orchard in eastern Gansu area[J].
Agricultural Research in the Arid Areas, 2022, 40(4) . 88 —98. (in Chinese)

(2] SHAHL, HAA, Mdfh, 5. HON P EcEaUR RE M IT]. MR ,2021,47(4) :221 -227.

HAN Juhong, YUE Decheng, LIU Jianwei, et al. A preliminary investigation report on apple diseases and pests in Pingliang
City, Gansu Province[ J]. Plant Protection, 2021, 47(4) : 221 —=227. (in Chinese)

(3] SRl IR R RER 55, 15 20 5 HON A 3R 4 Fb 200 LA 0T Ra S B [ T]. 3 54E4,2021,10(2) :237 - 244.
ZHANG Dingxin, XU Bingliang, CHEN Zhen, et al. Analysis on the four major diseases of apple in the past 20 years and
occurrence prediction in Gansu Province[ J].

[4] Ekrm. RERSRGLEREHEAIT]. dERR,2017(3) :96 - 100.

[5] JZ. hEAEYRZ R RO EPRES X T]. RV G, 2021, 37(1) : 184 - 192.

ZHOU Meng. The realistic challenge and countermeasure analysis of the development of biological pesticide in China[]J].
Chinese Journal of Biological Control, 2021, 37(1) : 184 —192. (in Chinese)

[6] Al Ay, Kk =R fl w25 HLAE L BT NY/T 992—2006[S]. Jbat:

(7] SBfh, 584, 000K, %, BT IRES I N/NERE RN EEIRMNT].

GUO Wei, DANG Mengjia, JIA Xiao, et al. Grade classification of wheat stripe rust disease based on deep learning[ J].
Journal of South China Agricultural University, 2023, 44(4) . 604 —612. (in Chinese)
[8] BARIBS, ISLAM M N, RASHID M, et al. A real-time approach of diagnosing rice leaf disease using deep learning-based
Faster R — CNN framework[ J]. Peer] Computer Science, 2021, 7 e432.
[9] MATHEW M P, MAHESH T Y. Leaf-based disease detection in bell pepper plant using YOLO v5[J]. Signal, Image and
Video Processing, 2022, 16 841 —847.
[10] TIAN L, ZHANG H, LIU B, et al. VMF —SSD: a novel V-space based multi-scale feature fusion SSD for apple leaf disease
detection[ J]. TEEE/ACM Transactions on Computational Biology and Bioinformatics, 2022, 20(3) : 2016 —2028.

[11] Eg, M, R aE 5. 2T 00 718 S5 30 W0 25 g L JR) 00 oK GR 5 5 4331 [T ] gl TR 2% 42 ,2021,37(9) :
211 -221.
WANG Can, WU Xinhui, ZHANG Yanqing, et al. Recognition and segmentation of maize seedlings in field based on dual
attention semantic segmentation network[ J]. Transactions of the CSAE, 2021, 37(9) : 211 —=221. (in Chinese)
[12] DEEPAK K, VINAY K. Application of PSPNET and fuzzy logic for wheat leaf rust disease and its severity[ C] // International
Conference on Data Analytics for Business and Industry (ICDABI), 2022, 547 —551.

[13]  EMF, WA, BWH, 5. LT U— Net Ml WoGHE BR800 88 BER 4 B [T]. D63k 2 5635 41,2021, 41(5) :
1499 - 1504.
WANG Xiangyu, LI Haisheng, LU Lijun, et al. Segmentation of cucumber target leaf spot based on U — Net and visible
spectral images[ J]. Spectroscopy and Spectral Analysis, 2021, 41(5) ; 1499 —1504. (in Chinese)
[14] LI Kaiyu, SONG Yuzhaobi, ZHU Xinyi, et al. A severity estimation method for lightweight cucumber leaf disease based on
DM — BiSeNet[ J]. Information Processing in Agriculture, 2024, 8.

[15] KAUR P, HARNAL S, GAUTAM V, et al. Performance analysis of segmentation models to detect leaf diseases in tomato plant
[J]. Multimedia Tools and Applications, 2024, 83(6) : 16019 - 16043.

[16] ZENG W, HE M. Rice disease segmentation method based on CBAM — CARAFE — DeepLabV3 + [ J]. Crop Protection, 2024,
180 106665.

[17]

ZHU S, MA W, LU J G, et al. A novel approach for apple leaf disease image segmentation in complex scenes based on two-



12 1) ToRE G FET —FOrE A WEE > 003 i B 0 KA B B 5 321

[(29]

[30]

[31]

[32]
[33]

[34]

[35]

[36]

stage DeepLabV3 + with adaptive loss[ J]. Computers and Electronics in Agriculture, 2023, 204 . 107539.

KIM T, OH J, KIM N Y, et al. Comparing Kullback-leibler divergence and mean squared error loss in knowledge distillation
[J]. arXiv Preprint, arXiv: 2105. 08919, 2021.

MILLETARI F, NAVAB N, AHMADI S A. V — Net: fully convolutional neural networks for volumetric medical image
segmentation| C] /2016 Fourth International Conference on 3D Vision (3DV). IEEE, 2016 565 - 571.

ABRAHAM N, KHAN N M. A novel Focal Tversky loss function with improved attention U — Net for lesion segmentation[ C] //
2019 IEEE 16th International Symposium on Biomedical Imaging (ISBI 2019). IEEE, 2019 683 - 687.

OGWOK D, EHLERS E M. Jaccard index in ensemble image segmentation: an approach[ C] // Proceedings of the 2022 5th
International Conference on Computational Intelligence and Intelligent Systems, 2022, 9 — 14.

GRANDVALET Y, BENGIO Y. Semi-supervised learning by entropy minimization[J] // Advances in Neural Information
Processing Systems. 2004, 17 529 - 536.

LAINE S, AILA T. Temporal ensembling for semi-supervised learning[ J]. arXiv Preprint, arXiv: 1610. 02242, 2016.
CHEN Y, TAN X, ZHAO B, et al. Boosting semi-supervised learning by exploiting all unlabeled data[ C] // Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2023 ; 7548 —-7557.

LEE D H. Pseudo-label; the simple and efficient semi-supervised learning method for deep neural networks[ C] // Workshop on
Challenges in Representation Learning, ICML,2013 . 896.

MIYATO T, MAEDA S, KOYAMA M, et al. Virtual adversarial training: a regularization method for supervised and semi-
supervised learning[ J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2018, 41(8): 1979 - 1993.
ZENG Q, XIE Y, LU Z, et al. Pefat: Boosting semi-supervised medical image classification via Pseudo-loss estimation and
feature adversarial training [ C] // Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
2023 15671 - 15680.

MRIE, 6% )7, 5 BT Rk B AR A ) S B PR FRPAE SR IR ST [T . Rl AIL 741 ,2023,54 (12) 1173 - 185.
CHEN Li, HAN Yi, YANG Guang, et al. Spatially heterogeneous cropland characteristic extraction based on improved semi-
supervised models[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2023, 54 (12). 173 - 185. (in
Chinese )

WAENG TR, S BT B Deformable DETR 828 fiy 22 50 5 ¥ 5 Fiy AR J7 5 S M [T ] o [l Al WL T A 2
1R ,2024,44(15) 6248 - 6261.

LEI Zhipeng, PENG Chuan, XU Zihan, et al. Pattern recognition methods of multi-source partial discharge based on the
improved Deformable DETR model and its application[ J]. Proceedings of the CSEE, 2024, 44 (15): 6248 — 6261. (in
Chinese )

BALASUNDARAM S, PRASAD S C. Robust twin support vector regression based on Huber loss function [ J]. Neural
Computing and Applications, 2020, 32(15): 11285 - 11309.

LIN T Y, GOYAL P, GIRSHICK R, et al. Focal loss for dense object detection[ C] // Proceedings of the IEEE International
Conference on Computer Vision, 2017 ; 2980 —2988.

WEI H, CHEN L, GUO L. Divergence-based fuzzy cluster ensemble for image segmentation[ J]. Entropy, 2018, 20(4) ; 273.
MARMANIS D, SCHINDLER K, WEGNER ] D, et al. Classification with an edge: improving semantic image segmentation
with boundary detection[ J]. ISPRS Journal of Photogrammetry and Remote Sensing, 2018, 135, 158 - 172.

MARTIN G M, FRAZIER D T, ROBERT C P. Approximating Bayes in the 21st century[ J]. Statistical Science, 2024,
39(1): 20 -45.

LIN X. Research on remote sensing image segmentation network based on improved LRASPPHead [ C] // 2023 IEEE
International Conference on Sensors, Electronics and Computer Engineering (ICSECE). IEEE, 2023 . 864 - 871.

GONG H, LIUT, LUO T, et al. Based on FCN and DenseNet framework for the research of rice pest identification methods
[J]. Agronomy, 2023, 13(2) . 410.



