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Abstract: Sugarcane is a major crop for sugar and biofuel production. Historically, mapping large
sugarcane fields meticulously depended heavily on gathering comprehensive and representative
training samples. This process was time-consuming and inefficient. Addressing this drawback, this
study proposed a novel index, the Normalized Difference Vegetation Index (NDVI)-Based Sugarcane
Index (NBSI). NBSI analyzed the temporal variation of sugarcane’s NDVI over a year. Leveraging
the distinct growth phases of sugarcane (transplantation, tillering, rapid growth and maturity)
four measurement methodologies, f(W1), f(W5), f(V) and f(D), were developed to characterize
the features of the sugarcane growth period. Utilizing imagery from Landsat-8, Sentinel-2, and
MODIS, this study employed the enhanced gap-filling (EGF) method to reconstruct NDVI time-
series data for seven counties in Chongzuo, Guangxi Zhuang Autonomous Region, during 2021,
subsequently testing NBSI's ability to extract sugarcane. The results demonstrate the efficiency of
NBSI with simple threshold settings: it was able to map sugarcane cultivation areas, exhibiting higher
accuracy when compared to traditional classifiers like support vector machines (SVM) and random
forests (RF), with an overall accuracy (OA) of 95.24% and a Kappa coefficient of 0.93, significantly
surpassing RF (OA = 85.31%, Kappa = 0.84) and SVM (OA = 85.87%, Kappa = 0.86). This confirms
the outstanding generalizability and robustness of the proposed method in Chongzuo. Therefore,
the NBSI methodology, recognized for its flexibility and practicality, shows potential in enabling the
extensive mapping of sugarcane cultivation. This heralds a new paradigm of thought in this field.
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1. Introduction

Sugarcane is a perennial grass species that predominantly grows in tropical and
subtropical regions, requiring abundant sunlight and precipitation [1-3]. It is a major global
economic crop, constituting approximately 70% of the world’s sugar production [4]. Besides
sugar, it is utilized for producing syrup and various other sugar-based products [5], thereby
ensuring sugar industry sustainability [6]. The cultivation of sugarcane in countries such
as Brazil, India, China, Thailand, Pakistan, the United States, and Australia has established
it as a crucial economic crop [7]. In recent decades, the expansion of sugarcane cultivation
areas has increased the demand for land [8], freshwater, and energy resources, subsequently
raising concerns about water scarcity and environmental alterations. Therefore, timely and
accurate information on sugarcane cultivation areas is crucial for industry planning and
promoting sustainable production practices [9].

Conventional approaches to acquiring vital data on sugarcane cultivation involve
cumbersome and arduous sampling procedures [10,11]. In comparison to traditional sur-
vey methods, remote sensing techniques prove to be both time- and resource-efficient for
the large-scale and long-term mapping and monitoring of sugarcane [12,13]. Since
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the 1980s, satellite remote sensing has become a crucial data source for detecting,
mapping, and monitoring crop growth, as well as supporting health management and
crop productivity [14]. Remote sensing, with its advantages of extensive coverage, pro-
longed temporal sequences, and frequent monitoring, has found widespread application
in crop monitoring and mapping efforts by providing high-quality, near-real-time, fine-
resolution data [15]. It has emerged as a pivotal tool for elevating sugarcane mapping
and enhancing water management practices [16]. In recent years, the growing availability
of satellite data with higher revisit frequencies, enhanced spatial and spectral resolutions
has enabled the acquisition of more accurate spectral and spatial information, providing
essential data for crop management [8]. Over the past decade, numerous studies have
been conducted to delineate sugarcane fields globally [17-20] and other crops [21-26],
particularly in Brazil [27,28], China [29,30], and India [31]. These studies commonly
utilized two types of remote sensing data: optical and synthetic aperture radar (SAR)
data, with spatial resolutions ranging from sub-meter to kilometer scales. The optical
images utilized include those from Landsat5 [14], Landsat 7/8 [28,32,33], Indian Remote
Sensing Satellite (IRS-P6) [31], ASTER data [34], Sentinel-2 [19,29,35,36], UAV [37,38],
Systeme Probatoire d’Observation de la Terre (SPOT) [39] and Moderate Resolution
Imaging Spectroradiometer (MODIS) [40,41], while SAR data includes imagery from
PALSAR [42], TerraSAR-X [29,43], ENVISAT ASAR [44], and Sentinel-1 [7,17,28]. Jatur-
ong Som-ard et al. [13] compiled data on the frequency of sensors utilized in sugarcane
research from 1980 to 2020. The free European S1 SAR and 52 MSI constellations, together
with the rich archive of Landsat images, are the most popular for monitoring sugarcane
areas [13].

Aside from data sources, the choice of classification algorithms significantly influences
the classification outcomes [45]. Since the late 1990s, various remote sensing image classi-
fication methods have been applied increasingly for crop mapping and monitoring [46].
These can be categorized broadly into two classes: classifier-based and threshold-based
methods. For the classifier-based methods, adequate samples are usually required to train
a classifier and fit the classification model [47,48]. Along with the rapid development of
computer science [49,50], machine learning (ML) algorithms such as logistic regression [51],
maximum likelihood [5], decision trees [52], object-based image analysis (OBIA) [53], prior-
knowledge-based [54], random forests [55], deep learning algorithms [56,57], and support
vector machines [58] have become the most commonly used techniques for crop classifi-
cation based on remotely sensed data [50,59,60]. The majority of investigations rely on
spatial statistical methodologies, utilizing single- or multi-date imagery. For instance, Jiang
Hao et al. [29] employed machine learning methods alongside Sentinel-1/2 time-series
satellite data to identify sugarcane areas in Zhanjiang, China. Ana Claudia dos Santos
Luciano et al. [33] developed a classical frame of object-based classifications for a time
series of Landsat images with the random forest machine learning algorithm. Mulianga [7]
estimated potential soil erosion for environmental services in a sugarcane growing area
using multisource remote sensing data. Wang et al. [15] mapped sugarcane in complex
landscapes by integrating multi-temporal Sentinel-2 images and machine learning algo-
rithms. These data-driven algorithms can increase classification accuracy and efficiency
by operating on multi-dimensional data independent of data distribution [16,61,62]. How-
ever, these algorithms belong to the class of shallow-structured models and, they cannot
extract and utilize deep features of remotely sensed imagery [62]. Recently, deep learning
(DL), a relatively new form of ML, has been shown to be superior to conventional ML
algorithms in identifying crops by automatically mining deep information from remotely
sensed data [63,64]. Zhou et al. [56] proposed an ECA-MobileNetV3(Large)+SegNet mode
for the binary sugarcane classification of remotely sensed images. However, DL models
usually require a large number of training samples [36] and have difficulty in generalizing
large areas [65,66]. Recently, the data mining dynamic time warping (DTW) method has
performed well in time-series analysis by comparing an unknown time series to a known
event signature, and has received increasing attention in the field of land cover classifica-
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tion [3,67]. Zheng Yi et al. [30,68] utilized the TWDTW method to extract sugarcane maps
of Brazil and China. However, the DTW usually requires a long remote sensing image time
series as model input, which can be a challenge in real applications [67].

Threshold-based approaches identify crops based on the magnitude of vegetation
indices (VIs) or the phenological metrics derived from VIs during the crop growth period,
relative to the variation in them [69]. These methods are usually implemented on time-series
images [70]. For example, crops including rice [71-73], sugarcane [33], winter crops [25]
and canola [74] are the prevalent crops classified by threshold-based approaches due to the
differences in spectral or phenological features observed in the time-series profile. Using
this method to distinguish crops at similar phenology stages may pose challenges [75].
Hence, traditional threshold-based methods require a substantial number of subjective
threshold determinations, severely limiting both efficiency and accuracy [76]. Approaches
based on several phenology thresholds corresponding to different growth stages of crops
(such as the green-up, senescence, and length of growing season) necessitate calibration
when extended to other regions or years. Consequently, traditional phenology-based
methods remain insufficient for ideal mapping endeavors and may encounter multiple
threshold limitations when applied on a larger scale [68,71].

Belonging to an advanced threshold-based method, an index-based method with just
one threshold being determined objectively, has received increasing attention in recent
years [36,77]. The index-based methodology, wherein a single threshold is objectively
determined, has been extensively utilized for delineating target crop maps from remote
sensing data [78]. This approach facilitates the classification of target crop types from
extant remote sensing data by amplifying the disparities between the target crop types
and other varieties [21,79,80]. Index-based methods have two significant advantages
when compared to classification and threshold-based methodologies: (1) they harness the
universal characteristics of target features, exhibiting commendable applicability under
diverse conditions [24]; and (2) the indices, which are continuous variables correlated
with the probability or coverage rate of target pixels, provide more objective and flexible
mapping of target features compared to hard classification [23]. Various indices have been
successfully developed for mapping different crops, such as the SAR-based Paddy Rice
Index (SPRI) [26], the Canola Index (CI) [36] derived from Sentinel-2 satellite time-series
data, the Potato Index (PF) [21] utilizing Sentinel-2 image time series, and the Winter
Wheat Index (WWI) [79] developed using NDVI data acquired at four key growth stages of
crops. In these cases, index-based methods are not only more precise than classifier-based
methodologies but also more cost-effective [80].

In previous studies, NDVI time-series data have been employed for sugarcane iden-
tification [5,10,81-83], but high classification accuracies were not attained because of the
serious spectral confusion between sugarcane and some crop types [75]. Many of these
studies have harnessed NDVI time-series data derived from various sensors. However,
the computation of NDVI time series can exhibit spatial and temporal discontinuities due
to cloud interference and limitations inherent to individual sensors. To address this issue,
several researchers have leveraged multi-source remote sensing imagery to reconstruct
high-quality NDVI time series, although at the expense of substantial computational re-
sources and storage space. In response to this challenge, Google Earth Engine (GEE) has
emerged since 2010 as an innovative alternative to traditional local processing of remote
sensing imagery [84]. As a cloud platform, GEE enables the rapid and efficient process-
ing of extensive remote sensing imagery [85]. For instance, Yang et al. [86] utilized the
gap-filling and Savitzky—Golay filter (GF-SG) method to fuse MODIS and Landsat images,
reconstructing a Landsat-MODIS-NDVI time series with a spatial resolution of 30 m and a
temporal resolution of 8 days on the GEE platform. However, for agricultural research, a
spatial resolution of 30 m is coarse and fails to meet agricultural requisites. The Sentinel-2
satellite, which can offer rich spectral information along with a high spatial resolution of
10 m, serves to address this imbalance. Consequently, we employed enhanced gap-filling
and Whittaker smoothing (EGF-WS) [87] on the GEE platform to fuse NDVI time-series
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data derived from MODIS, Landsat-8, and Sentinel-2 images, thereby reconstructing an
EGF-NDVI time series with a spatial resolution of 10 m and a temporal resolution of 8 days.

NDVI encapsulates a wealth of information pertinent to vegetation dynamics, with the
variations in NDVI serving as a significant biophysical characteristic of sugarcane and other
vegetation types, typically exhibiting a close association with the crop growth process [17].
In previous investigations, NDVI time-series data have been deployed for sugarcane
identification [20]. Given the cyclical nature of vegetation growth, NDVI curves for identical
land cover type pixels should exhibit similarities across different years. Furthermore, it has
been discerned that sugarcane manifests unique NDVI attributes during its growth phase,
which can be leveraged to differentiate it from certain other crops with similar phenological
stages. Thus, the optimal exploitation of the spatial similarity and temporal continuity of
NDVTI has been considered for the construction of a sugarcane index for the more rapid
and efficient identification of sugarcane. By amalgamating and concurrently mining the
available NDVI information throughout the entire growth cycle of sugarcane, the complex
issue of sugarcane mapping based on single and appropriate imagery can be addressed.
However, to the best of our knowledge, a sugarcane index for delineating accurate and
efficient sugarcane maps from remote sensing imagery has not yet been reported.

In this study, we utilized the EGF-WS method and employed GEE to reconstruct high-
resolution and continuous NDVI time series (EGF-NDVI) for sugarcane extraction. Based
on the phenological characteristics of sugarcane during its growth phase, we formulated a
Sugarcane Index (NBSI). By empirically selecting the optimal threshold values, we conducted
comprehensive tests on the efficacy and robustness of NBSI through experiments carried out
in seven counties within Chongzuo in the Guangxi Zhuang Autonomous Region.

The subsequent structure of this article is delineated as follows: Section 2 provides an
elaborate exposition of the experimental region, imagery data sources, and the origins of
ground data. Section 3 meticulously elucidates the NBSI index methodology, sugarcane
phenology and NDVI analysis, comparative methodologies, and accuracy assessment.
Section 4 presents the classification outcomes derived from the NBSI index, alongside a
qualitative and quantitative analysis of the classification results obtained from various
methods. The selection of optimal threshold values for the NBSI index, along with a
discussion on the advantages and disadvantages of the NBSI method, is explored in
Section 5. Section 6 encapsulates the conclusions drawn from this study.

2. Study Area and Data
2.1. Study Area

This study is focused on Chongzuo, located in the southern part of the Guangxi
Zhuang Autonomous Region, positioned between longitudes 106°33’ to 108°6’E and lati-
tudes 22°36/ to 23°22'N. Encompassing an area of 17,300 km?, Chongzuo is characterized
by a subtropical monsoon climate with an annual average temperature of 21.7 °C and
a precipitation frequency ranging between 130 to 200 days per annum. The topography
is varied, encompassing mountainous terrains, hills, and plains, with elevations ranging
from —6 to 1359 m as depicted in Figure 1. The warm temperatures during summer, copi-
ous rainfall, and ample sunlight provide conducive conditions for sugarcane cultivation.
Chongzuo is the largest base for sugarcane cultivation and sugar production in Guangxi,
contributing 33% of the region’s sugarcane output and 20% of the national production,
thereby earning the moniker “Sugar Capital of China”. According to the 2021 Statistical
Bulletin on National Economic and Social Development of Chongzuo City, the primary
crops cultivated are rice, sugarcane, and corn, with sugarcane accounting for 53% of the
total cultivated area.
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Figure 1. The geographical Location of the study area. (a) Study area; (b) DEM of study area.
2.2. Data

Clouds and cloud shadows can impact the quality and quantity of optical remote
sensing data, potentially hindering accurate extraction of ground crop information. To
facilitate a more convenient and expeditious extraction of sugarcane, this study employed
the EGF-WS algorithm to integrate a high spatiotemporal resolution and continuous NDVI
time series from MODIS, Landsat-8, and Sentinel-2 satellites, as the research dataset. The
NDV1I is calculated utilizing the reflectance data from the near-infrared band (pn;g) and red
band (orep), as illustrated in the following equation:

oNIR — pRED

DVI =
NDVI= NIR+ pRED

)

where pnr is the near-infrared band, while prgp is the red band.

2.2.1. MODIS Image Collection

We procured the full annual suite of surface reflectance imagery for the year 2021 from
MODIS (designated “MODIS/09/MOD1A2021”), provided by NASA. Each MOD09A1
product encompasses seven spectral bands, all of which have undergone atmospheric
correction. The temporal resolution for all these imagery sets is 8 days, with a spatial
resolution of 500 m. A singular value is selected for synthesis from all images within an
8-day interval, based on image coverage, cloud cover, and aerosol presence. To generate
a cloud-free MODIS-NDVI time-series dataset, the “StateQA” band from each image is
utilized to identify clouds, cloud shadows, and cirrus clouds.

2.2.2. Landsat-8 Image Collection

For medium-resolution imagery, we harvested the full annular compilation of sur-
face reflectance images from Landsat-8 for the year 2021 via GEE, delineated as “LAND-
SAT/LC02/C1/T2_L2021". Post atmospheric correction, these images encompass four
visible bands, one near-infrared band, and two shortwave infrared bands. The revisiting
cycle of the Landsat-8 terrestrial satellite is 30 days with a spatial resolution of 30 m, afford-
ing reliable and consistent data. For the computation of Landsat-NDVI, we employed the
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B4 and B5 bands of Landsat-8. Additionally, the “QA_PIXEL” band was utilized to identify
and mitigate the effects of clouds, cloud shadows, and cirrus clouds.

2.2.3. Sentinel-2 Image Collection

The European Space Agency (ESA) provides a collection of surface reflectance imagery
designated as “COPERNICUS/S2021_SR”, categorized as high-spatial-resolution imagery.
The Sentinel-2 imagery, having undergone atmospheric correction, boasts a revisiting cycle
of 5 days and a spatial resolution of 10m. However, in low-latitude regions, the revisiting
period for the Sentinel-2 satellite extends to 10 days. The Sentinel-NDVI is computed
utilizing the B4 and B8 bands of Sentinel-2, while the “QA60” band is employed to mitigate
the effects of clouds, cloud shadows, and cirrus clouds.

The available imagery from MODIS, Landsat-8, and Sentinel-2 for Chongzuo City is
depicted in Figure 2. Throughout the year 2021, the counts of images from MODIS, Landsat-
8, and Sentinel-2 stand at 46, 53, and 568, respectively. The range of cloud-free observations
for each remote sensing image is as follows: 1 to 39 for MODIS, 1 to 30 for Landsat-8, and
1 to 209 for Sentinel-2. This variance elucidates the inferior quality of optical images, with
the quantity of cloud-free images significantly dwindling amid adverse weather conditions.

(b)

(a) (©) P

4

£

— Jandsat-8 Sentinel-2———

N I | . .
A 0 45 90 Km 0 Number of Image 568

Figure 2. Number of available images for each sensor. The number of scenes from MODIS, Landsat-8,
and Sentinel-2 over the study area in 2021. Spatial distribution of the original images for MODIS
(a); Landsat-8 (b); and Sentinel-2 (c). Spatial distribution of the cloud-free image for MODIS (d);
Landsat-8 (e); and Sentinel-2 (f).

2.3. Ground Reference Data

Utilizing field collection and visual interpretation methodologies, the gathered refer-
ence data serve as both training and validation samples, with the specific method encom-
passing field surveys and visual interpretation via GEE. Throughout the survey process,
we amassed samples of both sugarcane and non-sugarcane sites, augmenting this with mul-
tiple multispectral images acquired via unmanned aerial vehicles (UAVs). Subsequently,
field survey samples were located within Google Earth images, whereby manual visual
interpretation was employed to discern the surface characteristics and textures of various
entities. This was further enriched by amalgamating historical imagery from GEE across the



Remote Sens. 2023, 15, 5783

7 of 24

Image data

Preprocessing
" &

NBSI
/._ i EGF lmage \ / NDVI Based Sugarcane Index \ ﬂccuracy assessmem

Landsat 8 i period of sugarcane :

- ' [ 15 | 610 |[ 1112 | [NDVI | ] Field data :
Sentinel-2 | ‘month month month range | I T :
MODIS _ ; ! f Statistical data
e | | () (D) 602 D) || b | | [Googie Bar Bngnel

' Enhance Gap Filling |

Whittaker Smoother

entire growth cycle, resulting in the identification of sugarcane and non-sugarcane sample
points. Ultimately, a total of 6589 sugarcane and 6531 non-sugarcane sample points were
collected. Additionally, this study procured the “Statistical Bulletin on National Economic
and Social Development” for various counties within Chongzuo for the year 2021, which
was utilized to validate the congruence between the sugarcane cultivation area extracted in
this study and the agricultural statistical data.

3. Methodology

In this study, we introduced a novel Sugarcane Index (NBSI) based on EGFE. As de-
lineated in Figure 3, the methodology primarily encompasses three steps: Initially, to
ameliorate the spatial and temporal discontinuities in optical imagery often induced by
the prevalent cloudy and rainy weather conditions in Chongzuo City, the EGF-WS fu-
sion algorithm is employed. Leveraging the GEE platform, this algorithm orchestrates a
temporal-spatial fusion of NDVI data computed from MODIS, Landsat-8, and Sentinel-2,
engendering a high spatial-temporal resolution and continuous time-series dataset (EGF-
NDVI). Subsequently, exploiting four unique phenology attributes discernible throughout
the entire growth cycle of sugarcane, NBSI is constructed based on the NDVI time series,
with an optimal threshold ascertained for sugarcane identification. NBSI furnishes the
requisite information for distinguishing sugarcane from other land cover types. Ultimately,
the accuracy of the NBSI extractions is assessed utilizing field-collected samples, sample
points interpreted via GEE, and statistical data.

_______________________________________________

Characteristics in the growth Assessment data

________________________

Figure 3. The workflow for identifying and mapping sugarcane fields by sugarcane index (NBSI).

3.1. Reconstruction of Sugarcane NDVI

The EGF-WS approach was employed to reconstruct a high spatiotemporal resolution
and continuous NDVI time series data for Chongzuo City. Broadly, the EGF-WS method
unfolds in three pivotal steps.

In the initial stages, MODIS images were processed to create cloud-free MODIS-
NDVI, forming a reference NDVI time series with high temporal resolution. Utilizing the
maximum synthesis method, the Sentinel-Landsat Satellite NDVI (SL-NDVI) time series
was generated at 16-day intervals. In the second step, EGF was applied to generate a new
NDVI time series—Sentinel-Landsat-MODIS NDVI (SLM-NDVI). This process focuses on
filling in the missing values in the SL-NDVI time series, providing high spatial resolution
for NDVI data. Finally, the Whittaker smoothing (WS) technique was employed on the
SLM-NDVI time series data to achieve smoothing, resulting in a Sentinel-Landsat-MODIS
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Whittaker-smoothed NDVI time series (referred to as EGF-NDVI) characterized by high
temporal and spatial resolutions.

3.2. Phenological Analysis

NBSI was derived based on the annual 2021 EGF imagery and corresponding ground
reference data for Chongzuo. As per field investigations and the pertinent literature, the
land cover in Chongzuo encompasses three primary crops: sugarcane, maize, and rice. The
phenology of these principal crops is illustrated in Figure 4.

Year i+1

3

SC | Mature and Ratoon Plant | Tilleri Mature and Ratoon Plantin
Harvest germination ing ng Harvest germination g
Harvest Harvest
RC Early rice Early
rice
Single Rice
MZ Spring maize Spring maize

Figure 4. Crop calendars for the major crops in Congzuo including sugarcane (SC), rice (RC), and
maize (MZ). In this figure, ‘H’ and ‘S’ denote harvest and sowing separately.

Sugarcane, as a major economic crop, constitutes 53% of the total agricultural area in
Chongzuo. Unlike annual crops, such as rice and maize, sugarcane progresses through four
primary growth stages: (1) ratoon germination or planting, occurring from late January
to late March, with new plantings typically established from late March to early May;
(2) tillering, commencing in May and enduring for about a month; (3) rapid growth,
wherein sugarcane initiates stalk elongation between June and October; and (4) maturation
and harvest, with maturation in November, followed by a harvest phase extending from
November to the ensuing April.

Rice and maize are the other major crops in Chongzuo. Rice cultivation is divided
into single-season and double-season varieties. Single-season rice is planted in late May
and harvested in early October. Double-season rice includes both early and late crops.
The early crop’s growth cycle extends from late March to late July, while the late crop
occupies the same fields from late July to late October. A notable interval, termed “double
rush” in late July, delineates a transitional window where early rice is swiftly harvested to
accommodate the sowing of late rice. Maize, a dryland crop, exhibits diverse cultivation
practices within Guangxi; spring maize is cultivated from early February to late June,
while summer maize extends from early July to late November. The distinct cultivation
cycles among these primary crops lay a robust foundation for developing phenology-based
algorithms to accurately identify and map sugarcane fields in this study. The inherent
phenology variations underscore the potential of leveraging temporal signatures to discern
sugarcane fields, contributing to a nuanced understanding and assessment of the agrarian
landscape of Chongzuo [88].

3.3. Analysis of NDVI Time Series for Distinguishing Sugarcane from Other Land Features

To facilitate the delineation among sugarcane, rice, and maize, 100 sample points
for each of these crops were randomly selected in Google Earth images based on ground
reference data. In this paper, only double-cropping rice and double-cropping maize were
studied. Subsequently, with the support of the GEE platform, time-series curves of NDVI for
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sugarcane, rice, and maize were constructed, spanning from 1 January 2021 to 31 December
2021, as shown in Figure 5.

1.0
------ Sugarcane
= =Rice
08} Maize
1 -
oy 0
AN K
0.6 it :
oo | s,
S T i
) £ I A
Z S0 - \,
0.4 R o ot '
| 1 1 1
.- s & ! | 1
A\ f - ! ! [N
1o : 1 1 ||
N . ! ! 1
02F : Nt e ,,,;-' 1 1 ::
: ol Lo i
. 1 ! | ]
a b ¢ d ef
: . '. Ly L1 . . .
0 50 100 150 200 250 300 350

DOY

Figure 5. NDVI time series of three major crops including sugarcane, rice, and maize.

The growth curves of sugarcane and maize in the DOY ~ 10-140 phase (indicated
by dashed lines a and c) exhibit similar fluctuation patterns, yet a distinct divergence
occurs in late July, as denoted by the yellow arrows, leveraging this characteristic feature to
differentiate maize from sugarcane. Throughout their respective growth cycles, the seasonal
transition significantly impacts the NDVI variations between sugarcane and rice, with a
notable discrepancy occurring in late July, marked by the blue arrow. The escalation of
NDVI for both sugarcane and rice commences around DOY ~ 100 (dashed line b), peaking
at DOY = 155 (dashed line d) for rice, followed by a decline to the nadir at the rice “double-
cropping” stage around DOY ~ 210 (dashed line e). Conversely, the NDVI for sugarcane
continues to ascend, gradually reaching a zenith around DOY ~ 220 (dashed line f). The
maximal NDVI divergence occurs around DOY = 200, optimizing the separability between
rice and sugarcane as indicated by the blue arrow, thereby serving as a discriminative
feature to delineate rice from sugarcane.

During the maturation phase, maize closely resembles sugarcane, especially during
its harvest phase in October. This resemblance often results in classification errors when
distinguishing harvested sugarcane. In our study, we address this challenge by utilizing
the difference between the peak NDVI value during the growing season and the minimum
NDVI value during the non-growing season, which helps to alleviate misclassifications to a
certain extent.

3.4. Index Construction

Sugarcane is grown from cuttings rather than seeds. The initial growth phase, from
planting to the first harvest, is known as plant cane. This phase typically lasts between 12
to 18 months, depending on seasonal variations, cultivar types, and geographical location.
Post the inaugural harvest, the ratoon cane, a regrowth from the stubble, is harvested
annually under a conventional 12-month cycle, spanning an approximate period of 5 to
7 years or longer. The growth duration of sugarcane in Guangxi exhibits a range from
8 months to over a year, distinguishing its life cycle from annual crops such as rice and
maize. Sugarcane progresses through four primary growth stages, as delineated in Table 1.
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Table 1. Phenological periods and characteristics of sugarcane.

Phenological Period

Phenological Characteristics (NDVI) Sugarcane Field Photos

Late January to Early May
(ratoon germination or
planting)

May (tillering)

June to October (rapid growth)

November to April (mature and
harvest)

The sprouting of perennial sugarcane occurs
between late January and late March, with
new sugarcane planting typically taking
place from late March to early May.
Sprouting usually begins 15-30 days after
sugarcane planting. During this period,
NDVI starts to increase

The tillering period begins approximately
two months after sprouting and lasts for one
month. Tillers emerge from the base of the
mother shoot, forming 5-10 stems. During
this period, NDVI rapidly increases.

Sugarcane starts elongating its stalks
between June and October, extending
rapidly. This stage occurs approximately
4-10 months after planting. NDVI reaches
its peak during this period.

Sugarcane harvesting begins in November
and continues until April of the following
year. During this stage, NDVI starts to
decrease, and the moisture content in
sugarcane drops sharply.

The growth of sugarcane encompasses four distinct phases: (1) ratoon germination
or planting (inclusive of ratoon cane), with germination transpiring from late January to
late March, and the typical planting span for new sugarcane extending from late March to
early May. During this germination or planting phase, NDV1 is relatively low; (2) tillering,
usually initiating in May and lasting for about a month, during which a rapid increase in
NDVlI is observed; (3) rapid growth, the phase between June and October where sugarcane
stalks commence elongation and swiftly grow, reaching the apex of NDVI values; and
(4) maturation and harvest, starting in November when sugarcane matures and prepares
for harvest. The harvesting period unfolds from November and continues until April of
the ensuing year, witnessing a sharp decline in NDVL

Sugarcane diverges from the other two primary crops in Chongzuo, maize and rice, in
that it is not an annual crop and exhibits only a single peak over its yearly growth cycle. To
quantify these characteristics, boundaries representing the maximum (v) and minimum (w)
vegetation intensities, abbreviated as “V-line” and “W-line”, respectively, were established
to define the range of maximum to minimum vegetation. Within the study area of this
research, both newly planted and ratoon sugarcane exhibited similar growth periods and
NDVl variations. Xu et al. [26] proposed a SAR-based Paddy Rice Index (SPRI) that uses the
unique features of paddy rice during the transplanting-vegetative period. We referred to
SPRI in the construction of the sugarcane index (NBSI), aiming to extract sugarcane through
crucial phenological points. The standard NDVI curve for sugarcane was generated by
randomly selecting 50 sugarcane samples from various locations in Chongzuo from field
data for the year 2021, as shown in Figure 6.
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Figure 6. Diagram of four features in the NDVI time series for designing the sugarcane index in
Equation (6).

In this study, the value of the V-line is set to 1 and the W-line to 0. The unique growth
attributes of sugarcane can be summarized as follows: (1) between January and May, there
is both sprouting and newly planted sugarcane as well as maturing cane awaiting harvest,
exhibiting the period’s minimum NDVI. This characteristic is denoted as (W) (Feature 1),
represented by Equation (2); (2) during November to December, the harvest of sugarcane
results in a period of minimal NDVI, denoted as f(W5) (Feature 2), and is represented by
Equation (3); (3) the rapid growth phase from May to August showcases the maximum
NDVI value throughout the growth period, symbolized as f(V) (Feature 3), and expressed
by Equation (4); and (4) the difference between the minimum f(W) and maximum f (V) over
the entire growth cycle, denoted as NDVI fluctuation range D(P3 — P;), is represented as
f(D) (Feature 4). To amplify the difference, f(D) employs a sigmoid function to scale the
value of f(D) between 0 and 1, as delineated in Equation (5).

f(W1) =1—2x7 @)
f(W) =1—x7 €))
f(V) =2x -« (4)
1
f(D)1+e(%7D)rD:P3_P1 5)

Herein, x denotes the NDVI value, while P; and P3 represent critical points during the
growth phase of sugarcane.

The measures f(W1), f(Wa), f(V) and f(D) quantitatively delineate various character-
istics throughout the sugarcane growth period. The measure f(D) evaluates the NDVI
fluctuation range D, the ratio between (P3 — P1) and V-W, given that V-W =1, thus f(D)
reflects the proximity of D(P3 — Py) to 1; f(W1) quantifies the closeness of the local mini-
mum NDVI value to 0 during the ratoon germination or planting phase, f(W;) quantifies
the closeness of the local minimum NDVI value to 0 during the maturation phase, and
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f(V) quantifies the closeness of the local maximum NDVI value to 1 during the growth
phase. Sugarcane pixels should concurrently exhibit these four characteristics. Therefore,
NBSI was devised to amalgamate these four measurements into an equation, represented
by Equation (6):

NBSI = f(Wy) x f(W2) x f(V) x f(D) ©6)

The measures f(D), f(W) and f(V) span a range of 0 to 1 and exhibit a unified direction-
ality where larger values signify a higher likelihood of sugarcane cultivation. Contrasted
with the utilization of a singular measure, the amalgamation of these four measures affords
a more reliable estimation of the probability of sugarcane cultivation. These constituent
elements are multiplicatively combined as each serves as an essential criterion for identify-
ing a farmland pixel as sugarcane. The employment of multiplication rather than addition
ensures that only pixels exhibiting all four characteristics are classified as sugarcane. Under
an additive combination, a single characteristic could be overlooked when any two or three
other characteristics predominantly manifest. For instance, certain intensive crops with
relatively larger values of f(W) and f(V) could be erroneously classified as sugarcane under
Equation (6).

3.5. Machine Learning Methods and Accuracy Assessment

To evaluate the proposed NBSI, a comparative analysis was conducted against two
prevalent classifiers, RF and SVM. SVM, a non-parametric classifier, makes no assumptions
about the underlying data distribution and classifies images by constructing a hyperplane
using kernel functions [89-91]. RF is fundamentally an ensemble classifier, whose robust-
ness and convenience have rendered it a popular choice for sugarcane identification [92].
Given that both RF and SVM necessitate training samples, the training and testing data
were bifurcated into “sugarcane” and “non-sugarcane” categories. The sample data uti-
lized for calibration and validation in this study were chiefly derived from high-resolution
images on Google Earth. Initially, sugarcane or non-sugarcane samples were selected based
on color and texture visual interpretation from Google Earth images. We used the EGF-WS
method to reconstruct the NDVI time series of Chongzuo, with a temporal resolution of
8 days and a spatial resolution of 10 m. For the classification of RF, SVM, and NBSI, we
utilized the NDVI time series reconstructed by EGF-WS. Utilizing the ground-collected
sugarcane field plots along with the visually interpreted sample points from Google Earth
high-resolution images in conjunction with the extracted results of NBSI, a confusion matrix
was constructed to interpret the accuracy of the spatial distribution results of sugarcane
cultivation. Four common accuracy assessment indicators were employed for a quantita-
tive evaluation of the sugarcane identification results, specifically: overall accuracy (OA),
F; score, and Kappa coefficient. Producer’s accuracy (PA) represents the percentage of
surveyed reference samples correctly identified as the target category; user’s Accuracy
(UA) denotes the percentage of samples confirmed as the target class on the classified
map through field surveys among the surveyed reference samples; and overall accuracy
(OA) reflects the ratio of correctly classified samples to all samples. These accuracies were
computed using Equations (7)—(10), as delineated below:

_ XR
PA = X (7)

XRr

A =

ua = ®)

Sd

A=21
04 == ©)

UA+PA
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Within this framework, Xr denotes the quantity of samples correctly classified as
sugarcane, which indeed possess authentic sugarcane coverage. X;+ signifies the number
of samples classified as sugarcane, while X; represents the total count of samples with
genuine sugarcane coverage. Sd corresponds to the number of samples accurately classified,
and n stands for the total count of validation samples.

We compared the extracted sugarcane cultivation area in 2021 with the sugarcane
cultivation area reported in the 2021 statistical yearbook to validate the correlation between
the estimated sugarcane cultivation area and the agricultural statistical planting data.

4. Results
4.1. NBSI Classification Results

This study computed the EGF-NDVI time series by fusing imagery from Landsat-
8, Sentinel-2 and MODIS, then constructing the NBSI. Utilizing the NBSI, the following
sugarcane cultivation areas within various counties of Chongzuo City in the Guangxi
Zhuang Autonomous Region for the year 2021 were delineated: Daxin County (DX), Fusui
County (FS), Jiangzhou District (JZ), Longzhou County (LZ), Ningming County (NM),
Pingxiang County (PX), and Tiandeng County (TD), as illustrated in Figure 7.

107°0'0"E 107°30'0"E 108°0'0"E

(©)RegionD ¥,
z T z i, |
sl 18| Vi
2 (a) N 2 -
S D > A S R 8
- : ;
Z £
sl (4l . = 4 A
j=1 o
o & s [3e)
m o
- (HRegionE
& BN 3 Z :
S I 2
a : a
Bl
3 =
= iy =3
* P 2
& ]
mm  Sugarcane
2 [J Study area Z
e =3
=g 1 g
3’7 0 15 30 Km (2}
& =
107°0'0"E 107°30'0"E 108°0'0"E
(c)RegionB (d)RegionC

(h)RegionG ;% =

W »
_alle

Figure 7. Sugarcane maps achieved by NBSI: (a) results of sugarcane in the study area; seven regions,

denoted as A, B, C, D, E, F and G in (a), were selected randomly. The zoom-in views in (a) for the
seven regions are shown in (b-h).

The delineation of sugarcane cultivation areas in the seven counties was achieved by
classifying EGF imagery using the optimal threshold values for each county. As depicted in
Figure 7, the sugarcane cultivation within Chongzuo City is predominantly concentrated
in the central flat regions, exhibiting characteristics of large-scale contiguous cultivation
with relatively high planting density. This finding aligns with the spatial distribution of
sugarcane cultivation areas in the Guangxi region as extracted by Zheng Yi and Wang
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Jie. FS County hosts the largest sugarcane cultivation area, which is mainly located in the
southwestern part of the city and follows a compact planting pattern. Following FS, JZ and
NM also have major sugarcane cultivation areas. In JZ, the cultivation is mainly centered
in the western and eastern regions of the county, In NM, it is primarily concentrated in
the northern plain blocks, exhibiting a contiguous planting characteristic in the north.
The remaining cities have smaller sugarcane cultivation areas, manifesting a fragmented
planting pattern, dispersed across various regions within each county.

4.2. Qualitative Assessment

To validate the outcomes derived from NBSI, existing sugarcane mapping methods,
such as RF and SVM, were employed to identify sugarcane within the study area. For
a visual comparative analysis, the sugarcane identification results from NBSI, the 30 m
resolution sugarcane map extracted by TWDTW method, and the classification outcomes
obtained via RF and SVM machine learning approaches were compared. Utilizing ArcGIS
10.8 software, all sugarcane locations within the study area were visualized to generate the
corresponding sugarcane maps, as shown in Figure 8.
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Figure 8. Sugarcane maps obtained using different classification methods: (a) extraction results of
NBSI; (b) extraction results of TWDTW; (c) extraction results of RF; and (d) extraction results of SVM.

Figure 8 illustrates the results of sugarcane identification utilizing different methodolo-
gies. Sub-figure (a) depicts the outcomes of the present study using NBSI, represented in
green; sub-figure (b) showcases the results extracted through TWDTW method, represented
in blue; sub-figure (c) presents the results derived via the RF method, represented in yellow;
and sub-figure (d) exhibits the outcomes obtained by the SVM method, represented in
purple. Visually, a certain level of similarity is discernible among the sugarcane maps
generated by these distinct methods. To elucidate the details of the sugarcane maps and
facilitate visual comparison, seven typical regions within different counties were selected,
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as delineated by the red boxes in Figure 7a (Regions A-G), and were zoomed in on. The re-
spective sugarcane maps were then compared against high-resolution images from Google
Earth, as demonstrated in Figure 9.

Error classification

Figure 9. Zoom-ins showing seven selected sample blocks from classification results obtained by the
four methods (from top to bottom: Google Earth satellite images, NBSI, TWDTW, RF and SVM).

Figure 9 delineates the detailed zoom-in results of the NBSI and TWDTW methods,
and the classifiers RF and SVM. The first row of Figure 9 presents high-resolution satellite
images provided by GEE, followed by the NBSI identification results in the second row,
TWDTW identification results in the third row, RF classification results in the fourth row,
and SVM classification results in the fifth row. Upon visual comparison, it can be seen
that the NBSI results furnish more precise field boundary information and yield more
accurate classification outcomes compared to the results of the TWDTW method. This
enhancement may be attributed to the spatial resolution of 10 m of the sugarcane map
generated in this study, in contrast to the 30 m resolution of the map produced by the
TWDTW method. The NBSI identification results exhibit a consistency with the high-
resolution satellite imagery, as depicted in the second row of Figure 8. Conversely, apparent
classification errors are observed in the machine learning methods (SVM and RF) and
TWDTW results, as illustrated by the circles in Figure 8. Notable omission errors occur in
the TWDTW classification results in regions B, F and G; RF classification results in regions
A, C,E, F and G; and SVM classification results in regions B and E, denoted by red circles.
Commission errors are evident in the RF classification results in regions D and G; and in
SVM classification results in regions A, D and G, denoted by yellow circles. Hence, it can
be seen that NBSI yields more accurate classification outcomes compared to the other three
methods, with sugarcane fields being more accurately separated from other land cover
types, exhibiting not only fewer errors but also precise boundary information.
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4.3. Quantitative Assessment

To assess the capability of the NBSI in identifying sugarcane, the accuracy of the
2021 Chongzuo sugarcane map was evaluated using the validation samples described in
Section 2.3. We compared the extraction results of NBSI with two prevalent classifiers,
namely, RF and SVM. The training and testing data were partitioned into sugarcane and
other categories. The outcomes are depicted in Table 2:

Table 2. Quantitative assessment of the classification accuracy of the NBSI method and the two
comparative methods.

Regions Methods OA Kappa F,

NBSI 95.51 0.98 96.69

DX RF 93.21 0.93 95.59
SVM 85.87 0.97 94.95

NBSI 96.47 0.94 95.37

FS RF 87.24 0.91 93.27
SVM 94.47 0.89 91.51

NBSI 96.37 0.93 94.83

JZ RF 85.31 0.9 91.94
SVM 94.2 0.91 92.51

NBSI 95.48 0.96 95.58

LZ RF 93.75 0.93 93.21
SVM 94.78 0.86 93.63
NBSI 95.24 0.96 95.67

NM RF 92.96 0.84 91.41
SVM 90.19 0.92 91.3

NBSI 97.53 0.94 95.58

PX RF 88.44 0.92 92.49
SVM 92.22 0.96 90.47

NBSI 95.55 0.97 97.88
TD RF 93.26 0.93 93.47
SVM 91.12 0.96 90.41

In the seven counties of Chongzuo, NBSI achieved the highest overall accuracy (OA) of
95.51%, 96.49%, 96.37%, 95.48%, 95.24%, 97.53%, and 95.5%, surpassing RF’s 93.21%, 87.24%,
85.31%, 93.75%, 92.96%, 88.44% and 93.26%, and SVM’s 85.87%, 94.47%, 94.2%, 94.78%,
90.19%, 92.22% and 91.12%. Likewise, the NBSI attained the maximum Kappa coefficient of
0.98 across all seven counties, with an average Kappa value of 0.95, which is 2.43%-12.01%
higher than RF and 1.11%-10.14% higher than SVM. This suggests a successful identification
of the majority of sugarcane pixels in all study areas using our method. Specifically, the
utilization of NBSI in FS accurately delineated sugarcane fields (OA = 96.49%), primarily
due to the predominance of sugarcane cultivation and low landscape complexity in FS.
Moderate mapping accuracy was obtained in the more complex areas of LZ and TD by
NBSI. NM, presenting a high level of landscape complexity, posed the most challenging area
for sugarcane mapping, where NBSI reported the lowest OA of 95.24%, albeit significantly
higher than SVM (90.19%) and RF (92.96%).

A comparison of UA and PA amongst the three methods across the seven study sites
revealed a superior balance of commission and omission errors by our method. This was
reflected in the higher F; scores demonstrated by our method, notably, an F; of 95.37 in
FS by NBSI, substantially surpassing the machine learning methods, thereby affirming
NBSI's recognition capability in regions where sugarcane is the predominant crop. In
contrast, the RF method yielded only a 93.27% F; score, indicating that many sugarcane
pixels were missed in major sugarcane cultivation sites. For regions JZ and LZ, NBSI
achieved higher F; values of 94.83% and 95.58%, whereas RF and SVM methods resulted
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in F; values between 92.51-93.63%, implying the incorrect classification of many non-
sugarcane pixels, as sugarcane in these two regions where sugarcane is not the dominant
crop. In the NM and PX regions of Chongzuo, the NBSI method was able to mitigate
classification confusion by amplifying the distinction between sugarcane and other land
covers, a significant challenge in mixed cultivation areas. The superior performance of
NBSI over the two machine learning methods, especially in the most challenging regions
for sugarcane mapping, was evident. Specifically, F; scores by NBSI were 1.74-4.64% and
1.1-7.41% higher than RF and SVM methods respectively, indicating NBSI’s superior ability
in identifying sugarcane fields.

From the 2021 sugarcane map identified by NBSI, sugarcane cultivation areas in each
county were quantified and compared with the statistics from the 2021 Statistical Yearbook
and the Statistical Bulletin of National Economic and Social Development, as illustrated in
Figure 10:
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Figure 10. A comparison of sugarcane area estimates by prefecture and city between the sugarcane
map in 2021 and the agricultural statistical data reported for 2021.

The estimated areas closely align with the statistical areas, differing by a mere 1.98 km?,
potentially attributed to a lower proportion of fragmented sugarcane cultivation in DX.
Following closely, FS, PX, JZ, and NM exhibit differences of 10.07, 9.8, 10.04, and 9.99 km?,
respectively. LZ county registers the largest disparity of 20.05 km? between estimated and
statistical areas, likely stemming from a higher proportion of fragmented cultivation plots
inLZ.

5. Discussion

To address the challenges arising from the suboptimal quality of optical remote sensing
imagery during cloudy and rainy conditions, this study utilized the EGF-WS method to
integrate imagery from Landsat-8, Sentinel-2, and MODIS. This integration resulted in EGF
imagery with a spatial resolution of 10 m and a temporal resolution of 8 days. Utilizing the
EGF imagery, the EGF-NDVI was computed. Leveraging the EGF-NDVI in conjunction
with the various phenological characteristics observed during the sugarcane growth cycle,
the NBSI was constructed. Through empirical selection of optimal threshold values, a 10 m
resolution sugarcane map of Chongzuo City in the Guangxi Zhuang Autonomous Region
was delineated.
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5.1. Threshold Selection

In numerous remote sensing studies, threshold-based approaches have been effectively
employed for delineating various crop types. Accordingly, this study utilized both empirical
methods and the OTSU method to ascertain the optimal threshold values for each county
and district. The outcomes of these two threshold determination methods across different
regions are depicted in Figure 11.
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Figure 11. Threshold maps for each county. % represents the automatic threshold obtained by OTSU,
and e represents the optimal threshold selected by empirical methods; (a-g) show the threshold maps
for DX, FS, JZ, LZ, NM, PX, and TD, respectively; and (h) represents the threshold table for Chongzuo.

The empirical methodology entailed a random selection of 203 sugarcane pixels from
1000 pixels in the DX region, with the remaining 797 pixels representing other categories.
Subsequently, the overall accuracy was calculated under various threshold values, with a
search stride of 0.0001 from 0 to 2. At a threshold of 0.7461, the accuracy notably ascended
to 95.51%, followed by a sharp decline in accuracy beyond this threshold, plummeting to
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15% at a threshold of 2. Hence, within the purview of this study, a threshold of 0.7461 is
deemed optimal for segregating sugarcane from other land cover types in the DX region.
Analogously, the optimal thresholds for other regions were ascertained as FS = 0.5674,
JZ =0.6085, LZ = 0.7139, NM = 0.7687, PX = 1.0858, and TD = 1.8682.

The OTSU algorithm, employed in computer vision applications to distinguish the
foreground from the background, endeavors to maximize inter-class variance and minimize
intra-class variance based on the histogram of a variable [93]. As depicted in the figure,
the threshold selected via the OTSU method, when compared to the optimal threshold,
is closest in FS county, with a deviation range of 0.0206 to 1.1502 across all counties. The
outcomes indicate that the optimal thresholds obtained through the empirical approach

yield the highest overall accuracy, substantially surpassing the overall accuracy achieved
through the OTSU method.

5.2. Advantages of the NBSI Method

This investigation has fashioned the NBSI from the EGF-NDVI time series, testing its
efficacy across research areas of varied topography and cultivation proportions, and has
achieved remarkable accuracy. This can be chiefly ascribed to three advantages over other
methods. Initially, as opposed to employing a single metric, the NBSI amalgamates four
measures, facilitating a more reliable estimation of sugarcane cultivation probability, while
existing methodologies merely employ a subset of features or utilize them independently.
These four components are multiplicatively combined, being requisite conditions to discern
a cropland pixel as sugarcane is cultivated. The employment of multiplication, rather
than addition, is aimed to ensure that only pixels embodying all four characteristics are
categorized as sugarcane. If amalgamated additively, a feature could be overlooked when
any other two or three features predominate. The product of the four measures in the NBSI
amplifies the distinction between sugarcane and non-sugarcane pixels, thereby achieving
the highest F; scores across all regions. Second, within this study, the NBSI accentuates
the index value disparity between sugarcane and non-sugarcane, with an upper boundary
“V-line” value of 1 and a lower boundary “W-line” value of 0, implying sugarcane near
1 and non-sugarcane near 0, simplifying the determination of optimal threshold values
to segregate sugarcane from non-sugarcane regions through the index. Third, the NBSI
method has the potential to be implemented with great reliability in a region without
using training data. When applied to a new region, the decision rule is still valid, but the
threshold needs to adjust for higher classification accuracy slightly. The temporal variations
of multiple spectral indices may promote the development of index-based methods. This
index method harbors significant potential for delineation in other crop types and could be
considered for application across different crop types in other years or regions.

5.3. Limitations of the NBSI Method

Despite certain advantages over conventional sugarcane mapping methodologies,
the NBSI still harbors some limitations. Initially, akin to other index-based methods, the
NBSI appears to exhibit sensitivity to cloud cover, which could influence the NDVI base
values, potentially diminishing the sugarcane recognition accuracy of the NBSI. The NBSI
method is suitable for regions with high-quality observations during the growth stage.
When the quality of the observations is lower due to cloud cover, the change could cause
sugarcane to be misclassified as another crop. Second, understanding a region’s sugarcane
phenological cycle is a prerequisite for NBSI application. While this study has procured the
sugarcane phenological cycle of Guangxi Chongzuo and facilitating its direct application
in future investigations, the adoption of NBSI for sugarcane mapping in other nations or
regions necessitates the determination of f{(W), {(V), and f(D) based on the NDVI time series
and local sugarcane phenology. Third, the proposed NBSI, being pixel-based, might be
susceptible to salt-and-pepper noise. Current research trends indicate a rise in classification
methods based on remote sensing image segmentation, as they yield smoother classification
outcomes. Future research could contemplate the extension of the pixel-based NBSI to
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object-based methodology applications. Fourth, the NBSI method performed better than
the RF and SVM of Chongzuo, which proved the ability of the NBSI method when applied
to sugarcane mapping areas in Chongzuo area. At present, this method is only applicable
in this study area, but has not been extended to other regions; its universality will be further
improved in the next work. SAR time series can capture signals corresponding to critical
growth stages of rice, facilitating rice mapping in cloudy regions. Given the structural
similarities between sugarcane fields and rice paddies, a plethora of rice identification
methods can serve as valuable reference materials for sugarcane identification. In our
forthcoming research endeavors, we intend to incorporate SAR imagery to augment the
precision and robustness of sugarcane mapping. Finally, we are endeavoring to employ
deep learning for sugarcane identification in related research [56]. The present study
confines its definition of sugarcane solely to NDVIL. Wang et al. [88] have employed LSWI,
EVI, and NDVI collectively to ascertain sugarcane acreage in Guangxi. In our forthcoming
work, we aspire to investigate the integration of additional features to assess NBSI's
capacity for sugarcane extraction and aim to explore the integration of more advanced
methodologies with NBSI.

6. Conclusions

Sugarcane, as a pivotal source of sugar and biofuel production, plays an indispensable
role in bolstering the sugar industry. This article introduces a novel Sugarcane Index,
termed NBSI, devised by integrating imagery from MODIS, Sentinel-2, and Landsat-8.
The temporal sequence data from the amalgamated imagery serves to delineate sugarcane
cultivation from other land cover types and crops. The efficacy of NBSI in identifying
sugarcane was examined across seven counties within Chongzuo City, Guangxi Zhuang
Autonomous Region, and was compared against prevalent classifiers such as SVM and
RE The outcomes indicate that NBSI is capable of crafting sugarcane maps with an overall
accuracy exceeding 90.45% and a Kappa coefficient surpassing 0.93, outperforming SVM
and RF in Chongzuo region. Unlike traditional methods requiring extensive field sampling,
NBSI necessitates merely the selection of a threshold value to extract sugarcane cultivation
maps, demonstrating superior flexibility and applicability in sugarcane identification. This
augurs well for the potential adaptation of NBSI in drafting sugarcane cultivation maps
across different regions, thereby rendering assistance in sugarcane mapping endeavors.
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