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AR M W45, & B NAS—Swin [ 2576 K HH b
PO B e v, 1 96%. Chen4E (2023) JET
201745 H—2018 - 4 I s 4k B /R AR IX . 1Py
HE6HE . HIRX .. HEEMRAR, @it CNN A4
Jri A Jy S B A E 1A T AL, A N YE AR
FHE, BRORFRELT S0, PIONEEEIR 79.28% ., 4K
M, Mg T R B AR, Zd8E,
BRI, PRGN (ChendE, 2023).

ST SR B R R ST T 2N X
KA, LIR R, bR A E
A (Zhang %, 2019) . NiuZF (2023) T
FE IO . VDR R L b T Bk 8 R Y BE O
VLRSI Google Earth 5215, & M 55 0 PR A B o5
A IR FE T Ay EIBRL, 4543 R 2F > 4R T 25 1]
ALBE ST, AR 5 K5 o R, - B0k B A
94.49%. Zhang%5 (2021) FIFHILZ & FtGF-25
%, $E oy PR A A AL X 45 HBRNet (High-—
Resolution Boundary Refinement Network) , 43|
REML S, A2 LUk 94.89%, TEHKE MR 5 rp 32
AR LidE (2022) T 20204F7 H 22021 4F
9 il TR IHAH GF-751%, 24l KA
155 7 EAGNet (Agricultural Greenhouse Extraction
Network ), f1 54k 22 B k5 RBIM (Residual
Block Improvement Module) £ A4y E 4 BSM

(Boundary Segmentation Module ) , 7 %5 fift i 2 45 K
B0 SRS 1 )i

53 BEgSEFENLE

B AR 43 2 o 7 AR T ) i R R 15 R
TEUINAR BAEAE, CART, SVM, RF FIRREE 2> /)
X HE A SE SR IR GRS . R R o 2 B A s Bk
JE ., bR . RIEPER SR AL, ATk
HEMERE (SRR, 2013), SR, HF R
GRREA, ELW S BE A E AN E M, R iE
FREETE. Bhis (2021) T 20194 12 A VLG4
% GF-6 %1%, L# CART P36 #H . SVM I KNN,
FW] CARTTE RIS IO B EAR T Hfhor ik, &6
AP R I

TR EAL (SVM) B ALB/ A,
I PR E R AR R R, M RE I 5R, (HSEUE
Al B Pk e (XU, 2013), Koe-San%§ (2013)
I 2012 4F 4 H + B H A2 B F) . WorldView—2 5%
%, 258 CIERHE LB ML, RFAISVM, &ILSVM
F1RF 1 T ML. Hasituya % (2016) % T 2014 4F
4 A L3I Landsat 8 OLIF %, 461 ML
FRIE, B SVM 28R 8 T ML A MDC

BEOLARAK (RF) THEBORGE, &G &4,
X W R NEAS RN R, B R 5®  (Hasituya 5,
2017), Lu%s (2018) 454 20174E5 A #rim4eE /R
H 36 X 4t 38 Sentinel-1 SAR H1 Sentinel-2 5244 i 56
TS SUHERE, HAS CART. RF FISVM, K3 RF
FISVM AT CART, SVM 7ERS6I 5w ik, 2Py
TEEE TP BRI 1%—3%. FEGESE (2018) T
20174 4 H N gEl AR X ARG GF-2 5218, 456t
TERFAE, F W RFfE T CART F1 SVM, Hasituya 55
(2017) FIH20154F5 b A 30 GF-1521%, Al
HO6iE . FEBOMBCRERE, BN RF 7ERRAE e 56 AN
PUIKE B LA F SVM.

TR 25 > 78 K IAEU 5 44T 55 Hh R IR
5o HES (2021) KT 2017 4F 8—12 H #iiT &4
5 GF-1 & o AR, IR E % 2] 5Hl4s
2, RMREEIEEEm OB EH., %
HE (2021) FIFH 2019 4F 4—10 A ] b 25 B 45 i
Sentinel-2 515, RWIEGEHLA - > 76 1LY HUNKG
JE BT IR, R I 76 B e 7 s sl Rp AiE A
BAPEEOR M.
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7—11 A =4 kil B B Sentinel-1 75 15 Fl1 Sentinel -2
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Remote sensing identification and classification research on plastic
film—covered farmland: Progress and prospects
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Abstract: Plastic film mulching provides substantial agronomic benefits, such as thermal insulation, moisture conservation, weed sup-
pression, and yield enhancement. However, it has led to increasingly severe agricultural plastic pollution. Remote sensing technology
enables accurate acquisition of spatiotemporal distribution data for plastic-mulched farmland at large scales. It provides essential sup-
port for black soil conservation and agricultural environmental improvement. This study systematically reviews and analyzes the cur-
rent status of remote sensing identification and classification for plastic-mulched farmland. The analysis focuses on four key aspects:
remote sensing data sources, feature extraction techniques, classification methods, and information fusion approaches. It also summa-
rizes the challenges in the remote sensing identification and classification of plastic-mulched farmland while outlining future trends
and research directions. The findings provide valuable references for advancing monitoring in this field. This study uses bibliometric
methods to systematically analyze the progress of research on remote sensing identification and classification of plastic-mulched farm-
land. Primary data sources include the China National Knowledge Infrastructure and Web of Science, with the analysis covering publi-
cations from 1980 to 2023. The research focuses on comparative analysis across four critical dimensions: remote sensing data charac-
teristics, feature extraction techniques, classification algorithms, and information fusion technologies. Medium-resolution satellite data
are extensively used for remote sensing data sources. High-resolution satellite imagery exhibits superior performance in plastic film
contour recognition. UAV remote sensing demonstrates notable advantages in localized monitoring, and integrating optical and micro-
wave data improves classification accuracy. Among spectral indices, the plastic-mulched land cover index and GDI are particularly ef-
fective in greenhouse identification. In feature extraction, spectral features are the predominant research focus. Texture features en-
hance identification accuracy for extensively distributed and highly clustered greenhouses. However, they show limited improvement
for small, fragmented areas. In addition, multitemporal feature fusion effectively distinguishes plastic mulch from greenhouses.
Among classification algorithms, machine learning methods are most widely adopted, followed by deep learning approaches. Convolu-
tional neural networks demonstrate outstanding performance in semantic segmentation tasks. Remote sensing offers advantages in
large-scale, high-frequency data acquisition. However, traditional monitoring methods remain indispensable because of their precision
and accuracy. The primary challenge is effectively integrating remote sensing with conventional monitoring to address the limitations
of both. Doing so can enhance the precision, efficiency, and applicability of agricultural monitoring systems. Moreover, deep integra-
tion of remote sensing and artificial intelligence can provide robust support for precision agriculture. Classifying ground objects with
similar spectral characteristics often causes spectral confusion, but combining novel spectral indices and multisource data fusion meth-
ods effectively addresses such confusion. Although deep learning methods exhibit superior classification performance, they face chal-
lenges, such as high computational costs, extensive training data requirements, and demanding hardware specifications. Strategically
adopting data augmentation, transfer learning, model compression, multiresolution fusion, and lightweight architectures can optimize
computational efficiency and promote extensive application in remote sensing classification. In conclusion, this work summarizes the
issues and challenges in remote sensing identification and classification of plastic-mulched farmland. It also outlines future trends and
research directions, providing references for advancing monitoring technologies in this field.

Key words: plastic film, plastic film pollution, multi-source remote sensing, feature extraction, image classification
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