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Fig. 1 Schematic diagram of the CaneUNet-W model structure
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Table 1 Model structure parameter settings (example for input image size 512X 512)

R B BfERA RS (HXWXC) SV
ETIUER Encl Conv3 X 3+BN+ReLU X 2 512X 512X 64 ResNet-34 %5 1 |2
Enc2 Conv3 X 3+BN+ReLU X2 256 X256 X 64 MaxPool + ResNet-34 #f 2 |2
Enc3 Conv3 X 3+BN+ReLU X 2 128X 128X 128 ResNet-34 %53 J2
Enc4 Conv3 X 3+BN+ReLU X 2 64X 64 X256 ResNet-34 f 4 2
Enc5 Conv3 X3+BN+ReLU X 2 32X32X512 ResNet-34 #f 5 2
ATEN UpConv5 Transposed Conv 2 X2 64X 64 X256 5 Encd FFAEAHINRL G
UpConv4 Transposed Conv 2 X 2 128X 128X 128 5 Enc3 REAEAR MRS
UpConv3 Transposed Conv 2 X 2 256 X256 X 64 5 Enc2 REAEAR MRS
UpConv2 Transposed Conv 2 X2 512X 512X 64 5 Encl FHAEAR N
UpConvl Conv3 X 3+BN+ReLU 512X 51232 a2
it 2 OutputConv Convl X 1+Sigmoid 512X512X 1 TR CHEART R it
Npyp < MR~ RED (10) RIS TR = = N e 21 E L R 45 N T N S
NIR + RED ) NDVI Wi SR, 85 & R EE XA
H RED. NIR 73 IAREHAR I L0006 B 5 40 4b TR, ¥+ RARERAAEL: EH
WBt o (Level 0) « BZ T 5 (Level 1) « FET5 (Level

TGRSy BL NDVI AR RAE K 1. fEH
RAEF IR BT AT T TR GPS e 2,
A o UL R A i RE L AR B B e R

2) . WETFF (Level 3) RAFETF (Level 4) «
ARG NDVI X [ S 16 KARAS S 6 01
2 B

x2 FTEFRWARE

Table 2 Drought classification standards

FREH NDVI F{EX [F] EYPREHR

Level 0 NDVI>0.70 TG A S5 B A

Level 1 0.50<NDVI<0.70 BREKGAE, W (B s i
Level 2 0.35<NDVI<0.50 R TE, ks
Level 3 0.20<NDVI<0.35 HRTR, AR
Level 4 NDVI<0.20 FEETR, AT R AL AE

S 1R T g5 A AR R NDVI AR B 50T
T H T ARG R, 1% RN B R AN
[f] NDVI X [8] st B (A A4 BOR A, SRR 23
o3 1) s B RN T AL 5 AR AL R AE . K175, NDVI
{ELAE X (A1 F B ATAE — 52 (RO, [ (L P )
5377 AT e S BOL T B 15 22 40 AR 10 1) 5,
T J5 B2 (AT 0 ] 2 R A0Oh R 25 s BRI ASL T 1) SR s At
FHCIR S WL PERRAE . BRAL, %5 I AEAR A X Skl 2k
B R T REAPAEE AL R 22, AR T RE AT IX Bk A
B IR IR — D3 % VR S O .

Hik 1 BETREBGLRN TR SR A

BN BIEEG, SR ro, NDVI B{EES
{7,755 T}

Wi TR5%E b

WIga: WEBEES )

LSS T P RAME R 6, ) W NDVI R v, ) s

2 F o FIREEL ro) VAR BIHFERE M, ) e 10,1« £(D) 5
3R THAME GyeM « oo, <viny<r, » MIRAE S %%
d «k;

4R PIFFEHRE D=d_, | (x,y)e M} o
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9 T A RN B AR AR X H R R R ) A bk TP+FN
AW FAERI R H R B 5245 E AR AT T AL ) Precision x Recall
F1—score=2x (14)
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h = A ATIXRAE XIS UE,  Serb AN X TR 2
BRI, IR TR AR I TE . A
WP P2 TR N SR, SR B B 6 2% X sy
o R TR OE AR T L E & Y], VISR
WA N 512X 512 15K A HIBR AN H R I R i
GIBYI TG, SR TS =AML AR X
XIS . o, A KA 93 skEAD) A, B
X ALE 100 FKAEAD) € XALE 100 5REEA D) o
AR EOR TG IR, — XA AE
Xsmsr, BRI 78 B AR MO IR AT S 4L
BB S AR IVEAL . BB T PyTorch ¥R B 2% S HE
ZUs, REARZAT ISR ) NVIDIA RTX 3090 GPU,
NZREEBE A 200 %, R Adam b4, JFE
WIE S A 1107, ZH g H g, 73 il E A 0.9,
0.999, 8 2% ek #iizk FH I FH T H BRI ) — o528 X
WIS AL, BT H RE R G AR R RN —
(R ), YN R IRIY B 35 SR F T B DI ER () T A2 ik
ANFGFEG,  FFAENNRM BOEAT B 8 PR, Al
TIPEAN A RORE R H e PSR A . A8 1K 23 %1
TR PR REPPAl I R B I N Z TN Fiabs, RG2S IF
[t (Intersection over Union, IoU) \ “F-¥JAZ It (mean
IoU, mloU) . #EAfi% (Precision) « #[7]% (Recall) .
Fl-scor ) Kappa #¥(. & XF:

ToU HT-PEUM BRI YOI H e b b b5 Sz H 7 M Bk
Z M EZRERE, & Hh:

TP

" TP+ FP+FN

mloU s H R 5 H RERL R 1) ToU SRS,
ST B 3 B B ) 255 P

Precision. Recal AN Fl-score - F PPl 284 6 H-
PEH R T PERE . ForR, Precision 27 gAY N
g H R B 4 2 S B T H R H B ) L4
Recall 3 7% LS H 7 i H 5 2% Bl A5 70 T Aff Tt 1) L
#, Fl-score & X4 Precision 4 Recall FJifFAISFHY
A, T LR85 VAR 7 H TR R SR Pt v PR At 2k
AN

IoU an

TP

12
TP+ FP (12)

Precision =

Precision + Recall
Kappa ZHH T VAL H R 45 55 L — 2
PERI R 22, ] LA TSR AR (1) 2 B M R S 2 L RE

R
P-P
k: o e
i (15)
Horp, WEE—HER Po b 504

~ TP+ TN
°* TP+TN+FP+FN
BEHL—E0CE P, N
p _ TP+ FP)RP+ FN)+ (FN + TN)(FP+TN)
¢ (TP +TN + FP + FN)?

(16

a7n
Hor, ELIEH] (True Positive, TP) &7 # AR 7 F i il
TR HIER G 2%, B (True Negative, TN)
ohy A AR R T A TN kA RE R R = K, AR E
(False Positive, FP) AR5 YA TN Ay H IR Hb 1)
AEH G = H, BUx ] (False Negative, FN) Jhy i
TR % FOUIN Ay A 7 i ) H R AR 2

3 KWHERSDN

4T B AR AT TR 0 H R B TR0 A
CaneUNet-W 7EAFZE ARz ALRE Sy, REE =
RUH A RL X A RE RGO SRR S50 &
G LU AR AE AN [ Iy 22 O R PERE, 2 R BT A
RMZALRE ST SEERIX I 0% 5 Av B AT CIX,
SR AR R AR I TR AE 22 57, XA X
UATRIEENE S P i E W R

x3 XEXXIERITAR

Table 3 Regional crossover experimental design plan

KRR YLK IR TRX IR
S — AX+B X CIx
LR B X+C X A X
Sy = A X+C X B [X

FERF IR H JEIOPNAS DI Bt A1 0 I R4
TEARZ HUNGRI D s Lt AT MR sese . 7 A 55
Kb, MG R R . V2R S B RS
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R SIS R — BRI T L. RE AL B. C =
NS X (1) 25 () 1 50 5 SR AEAE e ok, (H i T3k
TR X HORAUET 50T, & X AT e s T
L RRELET I 5 ADMRZREREAR . PR
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REAE 2 [B) 38 fi 50 4 7 ain WA IX R T+ 524540, AT
TERRAS il T DR X SR 25 Bl 2K SSORRE 28 I vk Yl £
e it o
3.1 RREIEREITAE

H T VSRR (CaneUNet-W) [HVERE, 20 3IAE =
X AT I UE S 56 AL TR () B VERE R AR o
2 53 4 5T BB R MR DX S H 7 e RO A 45
(R PE REPEAL 45 SRR FR 0, SO T B 1) 73 FIORG
LAz A he

R 4G THA (CaneUNet-W) {F =41 X A7
XGRS g P PERE PR Fe bR o, AR AE % TV
Wroabs EXHAS TRGE A, X R A
RULE H REFMAE X AR AT S5 b A RIGF W& 52
fofe s MNEB g Rl LA, BIRESIR — (A

X B Xl Zk, CIX MO H (R IR 57 ToULFl-score
H1 Recall 23 JiA 2] 0.964. 0.982 F10.977, 2 WA
RE A% 70 2 L3 1 DX 3 b A U A A X L 7, B
Eeam 2 ANz AL fE 1. 3 Kappa {84 0.909, tik—
AIGAE T T 45 SR B ShR i 2 (R — Btk . 7Rk
B (B X, C X, AXMR) f, AR
Fr mloU 4 Kappa FRILSEH, 4004 0.955 A
0.954, 4% BRBALE A X OKIEX) X R 24
TERIFRIAE R T, A1 4R BEAE TR FER 1) — S50 1t AN
WO RRERE . b5 R B AR VI A A 2 Rk
B (RS B XA C XD, fetsds side T Al e
AN TR 25 0] 40 A R3S NV B8 ) o AH B LA R 458 56
FERZE S = (A X, C X%, B X)) A HL
BIFRPRAIXT AR, ToU A mloU 4354 0.873 Al
0.882, Kappa & 0.874, Recall {54 0.920, #MKT
HoAb AL, KRB R B X R AR X I A
E—EMIREN . XftE BIX (WEX) #%
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Fig. 2 Performance evaluation results of the model in the three-region cross-validation experiments. Evaluation metrics include IoU,
mloU, Fl-score, Precision, Recall, and Kappa coefficient. Each experiment used data from two regions to train the model
and tested it in the remaining regions. Subplots: Left (Grouped bar charts) show the scores of each metric; Right (ROC

curves) show the classification performance and AUC value.
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mloU=0. 914
909

SEIG X H R R A A X Ik, )2 The main distribution areas of sugarcane in the experimental areas , with the red layer overlaid

3 MIREXA/WmELIEMREX EL: FR5E T =L XIS A IBGIE RAERI R A XRIERE (mloU=0. 955, Kappa=0. 954),
B XRIBFEAL (mloU=0. 882, Kappa=0.874) , C Xih#F1B, FEREIEKM, H mloU #0 Kappa B&{K. EI/REW

BRI S YR E R IR BRI E R R0

Fig. 3 Study area distribution and experimental performance comparison: The geographical locations and model performance of the

three experimental areas are marked. Area A performed best (mloU=0.955, Kappa=0.954), Area B performed relatively

poorly (mloU=0.882, Kappa=0.874), and Area C, with its flat terrain and later data collection time, had slightly lower mIoU

and Kappa. The figure visually illustrates the impact of topographic and phenological differences on the model's recognition

accuracy.
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Fig. 4

Visual example of sugarcane field segmentation and drought level prediction in a typical test area. The left column shows the

original UAV imagery, the middle column shows the predicted drought levels, and the right column shows the overlay

results, which intuitively demonstrate the model's accurate identification of sugarcane field edges and the objective and

refined characterization of drought spatial conditions using the NDVI physical index.
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Table 5 Performance comparison of different models in sugarcane field recognition tasks

kit IoU

mloU F1-score Precision Recall Kappa Time (s)
U-Net 0.814 0.683 0.898 0.988 0.822 0.618 18.24
DeepLabv3+ 0.969 0.925 0.984 0.987 0.982 0.921 21.99
CaneUNet-W 0.970 0.926 0.985 0.983 0.987 0.923 11.55
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Fig. 5

compares the CaneUNet-W model with other models on various metrics and evaluates the overall performance of the three

models. Evaluation metrics include loU, mloU, F1-score, Precision, Recall, and Kappa coefficient. The left figure shows the

specific values of the three models on each metric and the overall performance differences; The right figure shows the ROC

curves of the three models' classification performance and AUC values.
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6 Comparison of model performance evaluation and ablation experiment results. Performance analysis of five ablation models

of the improved U-Net model on various evaluation metrics (IoU, mloU, F1-score, Precision, Recall, Kappa). The left figure

(Violin-box-means plot) shows the value distribution, dispersion, and mean comparison of each model on all metrics; The

right figure (ROC curve plot) shows the classification performance of the five models and their corresponding AUC values.
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Research on a Low-Altitude Remote Sensing Segmentation Model
for Sugarcane Drought Level Identification

WANG ZhengFeng', LI Li%, MA RuiSheng®, MO YunJi¢*, KUANG ZhaoMin®"

1. School of Computer Science and Engineering (School of Artificial Intelligence), Guilin University of Technology/Guangxi
Key Laboratory of Embedded Technology and Intelligent Systems, Guilin 541006, Guangxi, China; 2. Guangxi Climate Center,
Nanning 530022, China; 3. Guangxi Institute of Meteorological Sciences, Nanning 530022, China; 4. Guangxi Meteorological
Technology Equipment Center, Nanning 530022, China

Abstract: To address the limitation of drought assessment and early warning methods relying primarily on single meteorological
indicators in accurately reflecting sugarcane growth, this study constructs an intelligent method for identifying sugarcane drought
levels by integrating low-altitude remote sensing imagery and a deep learning model. Low-altitude remote sensing imagery of
healthy and drought-stressed sugarcane fields was collected in three typical planting areas. The Normalized Difference Vegetation
Index (NDVI) was calculated and drought level labels were established based on expert interpretation. Based on the U-Net semantic
segmentation framework, a residual network (ResNet-34) was introduced as the backbone, and weighted skip connections were used
to enhance edge recognition capabilities, resulting in the CaneUNet-W model. Model performance was evaluated through regional
cross-validation. Results showed that the model achieved average Intersection over Union (IoU), F1-score, and Kappa coefficient of
0.924, 0.960, and 0.912, respectively, for sugarcane fields identification, demonstrating high accuracy and generalization.The spatial
distribution characteristics of the model's inference results were basically consistent with the visual interpretation trends of experts
based on high-resolution imagery. The method presented in this paper can objectively reflect the remote sensing phenotypic variation
of sugarcane canopy under drought stress, verifying its feasibility and effectiveness in intelligent identification and refined
assessment of sugarcane drought conditions. However, due to the lack of synchronous ground-based measured data, future research
will introduce physiological indicators such as soil moisture for quantitative calibration, thereby improving the disaster prevention
and mitigation capabilities of sugarcane production.
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