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Abstract

The cultivation of turf grass on arable land is one of the manifestations of the “non-grainization” of ar-
able land. Therefore, timely and accurate understanding of the cultivation of turf grass (hereinafter
referred to as “turf’) within arable land is of great practical significance for monitoring the “non-grain-
ization” of arable land. In response to the complex observation conditions of the Lingnan region, char-
acterized by frequent cloud cover and rain, as well as the severe fragmentation of arable land, this study
takes Xinhui District in Guangdong Province and Jiexi County as examples to propose a parcel-scale
turf classification method. First, high-resolution optical remote sensing is used to extract field data in
the study area. Then, based on typical ground object samples collected from field surveys, a reference
curve for typical ground objects based on the Sentinel-1 SAR backscatter coefficient is constructed. A
feature set containing temporal, texture, and statistical information is established at the field scale. Fi-
nally, a rapid identification method for turf based on the XGBoost machine learning model is developed,
enabling precise identification of turf under the cloudy and rainy conditions of the study area. The re-
sults show: (1) the backscatter time series characteristics of turf are significantly different from those
of other ground objects such as rice; (2) the validation results of the XGBoost model based on time-
series SAR features indicate that the recall and accuracy rates in Xinhui District and Jiexi County are
above 80% and 93%, respectively, demonstrating good robustness of the model; (3) control experi-
ments under different feature combinations show that using only time-series SAR features can accu-
rately distinguish between optically confusing turf, other grasslands, rice, and other ground objects,
making the model easily applicable to the cloudy and rainy South China region. The research results
provide data support and decision-making support for the fine monitoring and scientific management
of “non-grainization” of arable land and the safeguarding of food security.
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Figure 1. Photo of turf grass on arable land
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Table 1. Parcel based image features
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Figure 2. Study area of Jiexi County and Xinhui District
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Figure 3. Sample distribution map of Jiexi County and Xinhui District
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Figure 4. Classification average (solid line) and 0.5 times standard deviation (shaded area) time series plot of VH mean for
field samples within the arable land area

Bl 4. #tSEEIFEREA VH HESHER 7 3T () R H 05 BiREE(RR) R E

MIME AT LoRF, KR )5 A UM RO, JCHAE A KB BOMUSGA BL R0 1 [
JERN G BEREN, BRI 5, A A EUN R BT R TR B EIR AR, KBS KRR REEK
I JAH 2, X T REAN S R AR AL IR PR N e A %

MR LR, ARAKRE H 2t i 2B TRl sh B, ek 1 A A AR P AR ik, Bl
FERMRIER . R UE], PR R HCR AN S KRS R R 2 R E R 3R T SO R e, ST
RFAEAE PR, AT T XURARE R T U K s T AR s B Y €0 P 2 AR A e sl g FE AR O /0, (EL 88D

DOI: 10.12677/gser.2024.136100 1044 HoELRL 22 5T


https://doi.org/10.12677/gser.2024.136100

R

PR AR, X S A A AR RS S ARG . — SR R AR EAR AT

T of b LA AN [ S S L B SAR SLARINS P b 26 0 #, W LTS T A BIUK A B BRI H A )
FEJ5 A HIUH R AR B 225 o I PR AR 2 ) 22 S AR LA 2 S BT RE B IX 7 5 Bz 5K A e At st ]
IR .

4.3. FPREREEETN

PIANIE FE DA R DE SA R ARARFAIE S I PP SAR SEARRFAE S HL AL 5 1 7 -SRI 45 SR IR 2.2 3 o
N T ERE TG RETYPERE, (i FLE RS 2N Kappa SR80 SR RAE 2 80 th i 7r ek me, A HEmI AR . &
SRR FLASO i 5 R R 7 ek e

Table 2. Performance of turf recognition in Xinhui District
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Table 3. Performance of turf recognition in Jiexi County
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Figure 5. Turf extraction result samples (Red for turf grass; Green for paddy rice)
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