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Abstract: Efficient and precise monitoring of crop diseases is not only critical for ensuring agricultural production safety
but also plays a pivotal role in shaping national food security policies. In recent years, with the rapid advancement of
unmanned aerial vehicle (UAV) technology, UAV remote sensing has gained widespread application in agricultural crop
disease monitoring due to its advantages of high spatial resolution, timeliness, and relatively low cost. This paper first
introduces the background of UAV remote sensing in crop disease monitoring and summarizes the commonly used UAV
equipment in agricultural production, along with the sensors they carry for crop monitoring. Next, it systematically reviews
the specific applications and achievements of UAV remote sensing in crop disease monitoring, from the dual perspectives of
technical methods and research progress. Finally, key factors affecting the accuracy of UAV-based disease monitoring are
discussed in detail, the current technical bottlenecksare analyzed, and the future development direction of UAV remote
sensing for crop disease monitoring is also envisioned. This study aims to provide theoretical support and practical guidance
for the development of crop disease monitoring platforms and related technologies in China.
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Table 1 Commonly used UAV flight platforms
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Table 2 Commonly used UAV load equipment
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Figure 2 Schematic diagram of the deep learning network
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Figure 3 Schematic diagram of convolutional neural network
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Figure 4 Schematic diagram of Fast R-CNN and YOLO series model structure

H AR L AE AR s 2 R I b R B T ik MR (A A T B G . B0, Xk
TR R R TSR AR KR GPU RN AR, HlZhid i 4. HAR RS HE L3 (I YO-
LO)7E SR v 2 90 R 47 (B 22 vk B 4G DN B V6 A HE 3 B ATI AR ZE 0, 3 PR 1 HLAE S
MV R R RO o TR A ) AR Y PR R S B LR ME DL R, ZE R A, G HOR T
B W B R AT Mg R v I (AR VAR D3R ) 3 — IR REE  2E h . DA RS S fR A SR B
W PR AR W H AR RN A | DA A L s AT AT g ek, DTN B 4t 1 P T VR0 3 A , 4 sl ol
i A ER AR Be AL AT TE AL
23 1EMIREIBEXN S ETR

T Sy RS TR AT 30 3 4 R 25 D) 2 S B EIAG h (R SRR A, IR 25 A LoRFE S 43 2820 07 X, X 4
MERIAIT I XEEARAAT LA RS 0 BRI AR R 3 I 5L, A B T o i 3 i 5ioRL
ORI TR RS A5 B, B JokS A P

W UL oy IR FE 2 AU 2% (FCN )  U-Net™' | SegNet™ ' Fl DeepLab®4 33 645 Y 3 13
Z 2GR G FEAE , A SO R R A 4015 FRAE S8 T RS BE R R oy 25, AL T B ARk
BEAY , T U3 RIS RY A 75 S 200 B 35 A DU RN iy S 2 g L T P R SO . E AT, R TR B2 ) i
Moy IR E Az N TR 9 E AR IIAT 55 2 b o AN, LIN S5 11 T — i e 21
(Adapter Module ) Jf-i 2 7 FE A5 fff idh 25 v e A TS BC#SABEE DL T SAM BERY (9 14 8 , 45 5 ¢ W et iy A
AITE BRACOL F1 BRACOT 45 48 FIHUS T W F . ABINAYA Z5™142 H ) CAAR-UNet A | i
PSRRI i g 5 ) 58 2% U-Net BRI, s 0y SE 80 1 VR 35 i - SRS , 20 a4 1



-622- oMok L ok F F R % 55 %

AT T UL AITERE , Rl R A e AL B 2R 17 S M s D5 T AR BEZE o YUAN SEPOg e i 7 — Fifi 1 2=
[P S ) i i e B0 RR o 22 o 2%, R P 22 ROBE A8 AR AR TR A R ik 0 sz 87, W 35 4R s 1 7 A
PG 1 oy BIPERE . WANG S5 ) T —Fh 5 T Swin Transformer [y 43 B RY | 58 o8 P& 42 5 45 1) 4%
(PAN)Z5FG Rl & 22 ROBEHRHIE , A R0 D TR A8 25 52 B0 NS BURRS BE R . RAT A58 3 Atten-
tion U=Net 73 HIBIR YA it , 51 A Dice ZREANK , WP 1 TR Al 3 19 70 B R 3 AT X
TR SR R T SO RIS TR AT R ] -5 0 5 o SR JEE AN R ) T A (EL RS IRY ) 52 23R
PRI PR RERC2E o A T RN BE S SE IR 2 (LI, FU S5 T MobileNetV2 i SE EE 4L
Bt T DeepLabv3+, AR T RORTH S G far A9 [RI BT 17 20K B o LU 28952 HY A9 MixSeg #6874 1 iod
LEL T2 ML Transformer FIZ2 2025 (MLP) | 7652 28 PREE T A5 T 46 I v UG 1 353
R IZETE A AR B T AR Y mloU, I HASR B S8 AR, B 7E R FH R AR S 3 7
SIS P

3/5/23 6 4(
IEM
S— 128
v
256 {TEM } 256
512 o 512

Input -V(‘(JRM-% | I . I I Output
1% 16\
32x 32 \[ N 32x32 X on

™

64 x 64

EM  IEM
128x 128 Conv3x3+BN+ReLU | Replaceable  128% 128
I Max-pooling { IDM‘—
256x256 236 x 256 Identity (¥ Skip connection 256 x 256
. Up—-conv

El5 U-NetiE REE
Figure 5 Schematic diagram of the U-Net model
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