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Accurate crop type classification remains challenged by dependence on ground-based samples and the presence
of ‘salt-and-pepper’ noise. This study presented a hierarchical parcel-level classification framework for multi-
crop mapping, integrating the boundary-field interaction network (BFINet), the Red Edge Maize-Cotton Index
(RMCI), and a random forest (RF) classifier. BFINet enables precise delineation of agricultural field boundaries,
reducing the influence of non-cropland areas and minimizing pixel-level noise. RMCI is a new spectral index
designing for maize and cotton classification. The RF classifier is used to separate cropland into dominant crops
and minor crops, and subsequently to classify the minor crops into different crops. Applied to 2023 Sentinel-2
imagery in the Ebinur Lake Basin (ELB), the framework produced the region’s first detailed crop type map.
BFINet delineated agricultural parcels in ELB with IOU of 82.3 % and OA of 87.8 %. RMCI achieved an overall
accuracy (OA) of 98.6 % for maize—cotton separation, outperforming RF classifier (98.4 %). For minor crops, the
RF model attained an OA of 92.3 %. Compared to directly using standalone RF approach, The hierarchical
framework outperformed the standalone RF classifier in classifying all crop types in the ELB with F1 for cotton
(99.04 % vs. 87.28 %), maize (97.44 % vs. 96.22 %), wheat-maize (88.2 % vs. 82.0 %), grape (92.7 % vs. 89.0
%), and zucchini (94.4 % vs.75.6 %). This framework offers a scalable and accurate solution for crop mapping in
complex agricultural landscapes of arid regions.

1. Introduction

Accurate crop type classification is critical for estimating crop
acreage, predicting yields, and supporting agricultural decision-making.
In dryland regions, it is also a key prerequisite for estimating agricultural
water consumption (Abbasi et al., 2023), balancing agricultural and
ecological water consumption, given that agricultural water use is co-
determined by both cropland extent and crop type (Zeng et al., 2025).
Despite rapid advances in remote sensing and machine learning, three
major challenges continue to hinder accurate and timely crop type
classification: (1) high dependency on labeled samples, (2) salt-and-

pepper noise in classification outputs, and (3) time lags associated
with off-season mapping.

Traditional machine learning methods, such as random forests (RF),
are widely used for crop classification due to their ability to capture
spectral and temporal differences among crops (d’Andrimont et al.,
2021; You et al., 2021). Deep learning approaches, including convolu-
tional neural networks (CNNs), long short-term memory (LSTM) net-
works, and Transformers, have shown great potential in crop
classification by extracting complex spatiotemporal patterns from
remote sensing data (Zhong et al., 2019). However, both methods rely
heavily on large volumes of high-quality labeled data (Kussul et al.,
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2017), which are often costly and labor-intensive to acquire. To address
these challenges, two primary strategies have been proposed. The first
involves maximizing the utility of limited crop labels (Cai et al., 2024;
Xuan et al., 2023), such as leveraging weak supervision and spatio-
temporal feature mining to expand limited crop labels (Cai et al., 2024).
The second strategy is the development of crop-specific spectral indices,
which enable accurate mapping without the need for extensive labeled
samples, such as the Cotton Mapping Index (CMI) (Xun et al., 2021), the
Variation of the Vegetation-Pigment index (VVP) for maize mapping
(Huang et al., 2024), the SAR-based Paddy Rice Index (SPRI)(Xu et al.,
2023).

Supervised machine learning-based crop classification often suffers
from salt-and-pepper noise due to within-field spectral variability, data
missing due to cloud, and interference from adjacent non-crop features
(Hirayama et al., 2019; Wang et al., 2024). While post-classification
smoothing (Zhu, 2013) and attention-based interpolation for missing
data (Wang et al., 2024) can alleviate this problem, more promising
results have been achieved using object-based classification, where ho-
mogeneous pixels are aggregated into field-level units (Defourny et al.,
2019). Nevertheless, such methods require an accurate field boundary
delineation task still challenged by complex landscapes and smallholder
farming systems. Although deep learning models excel in feature
extraction and spatial-temporal context learning, most current archi-
tectures perform pixel classification without explicit awareness of field
geometry. As a result, they fall short in producing field-aligned and
spatially consistent outputs. In practice, agricultural decision-making
operates at the field or parcel level, underscoring the need for parcel-
aware classification. Recent advances in deep learning-based segmen-
tation models, such as BsiNet (Long et al., 2022; Zhao et al., 2024),
SEANet (Li et al., 2023), HBGNet (Zhao et al., 2025), have shown
promising results in extracting field boundaries. Nonetheless, challenges
persist in fragmented and smallholder farming areas, where fields are
small and boundaries are often irregular or poorly defined.

Timeliness is another major challenge. Most existing crop maps are
generated in the post-harvest season due to the scarcity of reliable in-
season labels and the underuse of crop phenological characteristics
(Zhang et al., 2022). This stems from difficulties in acquiring reliable in-
season labels and limited integration of crop phenology (Worrall et al.,
2023). To address this, recent studies have leveraged phenological in-
sights and deep learning techniques to enable in-season classification.
For instance, You et al. (2021) employed a hierarchical approach that
utilizes crop-specific phenological variations. Wang et al. (2023)
developed the Deep Adaptation Crop Classification Network (DACCN) to
enhance cross-domain transferability. More recently, Zhang et al. (2024)
developed Mask-PSTIN, a framework that combines temporal random
masking and pixel-set aggregation to improve model robustness and
early-season classification under limited and noisy observations.

These challenges are further amplified in multi-crop and water-
limited regions, where diverse crop phenology, fragmented field struc-
tures, and environmental variability exacerbate classification uncer-
tainty. No single approach can fully address these complexities.
Therefore, an integrated and scalable framework that leverages spectral
and phenological information, improves field-level spatial consistency,
and reduces dependence on extensive labeled data is urgently needed.

This study proposes a integrating framework tailored to the Ebinur
Lake Basin (ELB), a key arid agricultural region in Xinjiang, China
experiencing increasing water stress due to irrigated agriculture
expansion and cotton cultivation (Zeng et al., 2025). Despite several
land use studies in the ELB (Ma et al., 2020), detailed crop type data
remain scarce, limiting the assessment of agricultural water impacts.
Our objectives are: (1) design a hierarchical approach to combine crop
phenology, index-based and machine learning-based methods to reduce
dependence on labeled data and enhance classification accuracy; (2)
integrating high-precision field parcel delineation to mitigate salt-and-
pepper noise; (3) generating high-resolution crop type data to address
data gaps, thereby improving the assessment of agricultural impacts on
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water consumption in the ELB.
2. Materials
2.1. Study area

The ELB, situated in the northern foothills of the Western Tianshan
Mountain of China, mainly include Bole, Jinghe, Wenquan, Wusu, Tori,
as well as the Ebinur Lake Wetland National Nature Reserve. The lati-
tudes spanned from 43°37'N to 45°53'N and longitudes spanned from
79°52'E to 85°16'E. The climate is dominated by temperate continental
climate, characterized by an average annual temperature of 7.8 °C and
low annual precipitation ranging from 89.8 mm to 169.7 mm. As a key
ecological barrier and major agricultural region in northern China, the
ELB faces increasing water stress driven by expanding irrigated agri-
culture and cotton cultivation (Zeng et al., 2025). Although several
studies have investigated land use and land cover changes in the ELB
(Ma et al., 2020), few have focused on crop type classification. However,
the scarcity of detailed crop type data limits a comprehensive under-
standing of agriculture’s impact on water resources in the ELB.

Maize, cotton, winter wheat, silage maize, and other crops are widely
cultivated in the ELB. Their phenological calendar is shown in Fig. 2.
Major crops include maize, cotton, winter wheat, and silage maize,
whose phenological calendars overlap notably, especially between
spring maize and cotton during mid-summer—causing spectral confu-
sion in classification. Additionally, double cropping systems of winter
wheat-silage maize further complicate crop mapping (Zhang et al.,
2013).

2.2. Data

Sentinel-1/2 imagery, crop labels data, and auxiliary datasets were
utilized to design hierarchical classification strategy for multi-crop type
mapping of ELB in 2023.

2.2.1. Satellite data and processing

The satellite data included Sentinel-2 (S2) Multispectral Instrument
(MSI) Level-2A data and Sentinel-1 C-band Synthetic Aperture Radar
Ground Range Detected products (S1 SAR GRD) in 2023.

(1) Sentinel-2 satellite data

The cloud probability was used to mask clouds and cloud shadows in
S2 imagery. Ten spectral bands from S2, spanning from the blue to the
SWIR2 band, were selected for spatial feature engineering. To ensure
temporal consistency, 15-day composite images were generated by
calculating the median of all valid observations within each 15-day in-
terval. To further enhance the quality of the time series and remove
outliers, a Savitzky-Golay (SG) filter with a 9-point window and second-
order polynomial fitting was applied.

In addition, ten indices (Table 1) were calculated to support crop
identification based on the characteristics of dominant crop, cotton, in
the ELB. (1) Several commonly used indices—BSI, EVI, NDVI, NDSI,
LSWI, MCARI, NDRI, and PSRI—have been widely applied for cotton
mapping (Tian et al., 2023; Xun et al., 2021); (2) The Normalized Dif-
ference Red Edge Index (NDRE), which is highly sensitive to chlorophyll
content, can capture the grayish-white visual appearance of cotton
during the boll-opening stage (Sims and Gamon, 2002); (3)The
Enhanced Bloom Index (EBI), originally developed to quantify almond
blossom phenology (Chen et al., 2019), was incorporated as the gray-
white reflectance characteristics of almond blossoms are spectrally
similar to those of open cotton bolls.

Texture information has been shown to be valuable for crop type
classification. Kang et al. (2023) evaluated the performance of 18
texture features using ‘glemTexture’ function in the Google Earth Engine
(GEE) (Gorelick et al., 2017) for cropland extraction and cotton
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Table 1
The vegetation indices along with their corresponding formulas based on
Sentinel-2 spectral bands.

Spectral index Expression Reference
BSI: Bare Soil Index (B11 + B4) — (B8 + B2) .
T m I ma ooy Diek et al.
(B11 + B4) + (B8 + B2)
(2017)
EVI: Enhanced Vegetation 2.5x Huet !
Index (B8 — B4) uete et al.
(B8+6 xB4—75xB2+1) (2002)
NDVI: Normalized B8 — B4 . nd Si
Difference Vegetation B8 + B4 ung and Siu
Index (2010)
NDSI: Normalized Difference ~ B11 — B8 . A
Soil Index BI1+B8 eng et al.
(2015)
LSWI: Land Surface Water B8 — B11 i A
Index B8+ B11 1ao et al.
(2010)
NDRE: Normalized B8 — B6 )
. Sims and
Difference Red Edge Index =~ B8 + B6

Gamon (2002)

MCARI: Modified (B5—B4) —0.2 x (B5—B3) x

Chlorophyll Absorption (B5/B4) Wuetal.
Ratio Index (2008)
PSRI: Plant Senescence B4 — B2
Reflectance Index B6 Merzlyak et al.
(2002)
NDRI: Normalized B4 — B12
Difference Residue Index B4 + B12 Nagler et al.
(2000)
EBI: Enhanced Blossom B2 x (B2 + B3 + B4) (Chen et al.,
Index B2 x (B4—B2+1) 2019)

Note: Specifically, B2, B3, B4, B5, B6, B8, B11, and B12 represent the blue,
green, red, red edge 1, red edge 2, near-infrared (NIR), shortwave infrared 1
(SWIR1), and shortwave infrared 2 (SWIR2) bands, respectively.

identification. They found that the sum average (SAVG, Eq. (1)) derived
from the S2 blue band outperformed other texture metrics. This finding
aligns with earlier results by Shafizadeh-Moghadam et al. (2021). Based
on this evidence, the SAVG of the S2 blue band was selected to enhance
crop type classification.

2N, N, N, .. . .
SAVG =Y "k (Zi"l > el ])> Jditj=k m

where, p(i,j) represents the (i, j)th entry in the Gray-Level Co-occurrence
Matrix (GLCM) of a pixel, and N; denotes the number of distinct gray
levels in the quantized image. For each GLCM, the neighborhood size
was set to 4, with a 9 x 9 kernel (radius = 4 pixels).

(2) Sentinel-1 satellite data

Previous studies have demonstrated that radar backscatter co-
efficients effectively capture crop structure characteristics, ground
condition, and their interaction (Veloso et al., 2017). Here, S1 SAR GRD
imagery acquired in interferometric wide swath mode was used for crop
type classification. To reduce speckle noise, the Refined Lee filter with a
7 x 7 window was applied. The SAR images were composited at 15-day
intervals by calculating the median value of all observations within each
period and subsequently converted to decibel (dB) units using the for-
mula 10 x log10(x) (Mullissa et al., 2021). To further enhance the time
series quality, SG filter with a 7-point window and second-order poly-
nomial fitting was employed for additional noise reduction.

2.2.2. Crop geo-referenced points and agricultural parcels

Crop labels were collected in September 2023 using the GPS-Video-
GIS (GVG) app (Wu and Li, 2012). A total of 6997 geo-referenced points
(Fig. 1) were collected, including cotton, wheat, maize, and various
other crops (grapes, zucchini, and others). Specifically, the labeled
samples included 4206 cotton, 1696 maize, 175 winter wheat-silage
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maize (wheat-maize), 407 grape, 245 zucchini, and 268 other crops. To
support framework designed, the samples were divided into three
groups: the balanced sample set (SPy), the full sample set of cotton and
maize (SP.p), the full sample set of other crops (SP,). SP, comprised 300
randomly selected samples each for cotton and maize, and 600 for minor
crops. SP¢m, SPo, and SPy, were stratified and randomly split into a
training set (70 %) and a validation set (30 %). In addition, 476 agri-
cultural parcels were manually delineated through visual interpretation
to validate the parcel delineation results generated by BFINet model.

2.2.3. Auxiliary data

To eliminate the influence of non-cultivated land in crop classifica-
tion, the cropland layer from the ChinaCover2020 (Wu et al., 2024), a
land cover data developed by the Chinese Academy of Sciences was
utilized. This product has a spatial resolution of 10 m and an OA of 91 %,
derived from high-resolution remote sensing imagery. Originally
developed for ecosystem assessments, the cropland layer includes some
non-cropland features, such as field roads and ridges. Therefore, further
cleaning is needed to get a more accurate cropland map.

3. Methods

The workflow of the hierarchical parcel-level approach for multi-
crop classification is illustrated in Fig. 3. First, the BFINet was
employed to delineate agricultural field boundaries from the cropland
layer of ChinaCover2020. Based on these field parcels, a hierarchical
crop type classification strategy was designed to improve crop type
discrimination. In the first step, an RF classifier was employed to sepa-
rate the cropland into two groups: dominant crops (maize and cotton)
and minor crops (grape, zucchini, and others). In the second step, a new
Red Edge Maize-Cotton Index (RMCI) was developed to differentiate
maize and cotton by analyzing spectral bands with high separability.
Simultaneously, the RF classifier was further applied to classify the
minor crops into specific crop types. Finally, the classification results
from both groups were merged to produce comprehensive spatial dis-
tribution map of crop types in the ELB.

3.1. BFINet for boundary delineation

BFINet (Zhao et al., 2024) is dual-branch architecture designed for
high-precision delineation of agricultural field parcels. It was originally
trained on irregular and smaller field in the Chongging and Hunan
province of China, where the IOU and OA were 83.3 % and 89.7 %,
respectively. In this study, BFINet was implemented on a local work-
station equipped with an NVIDIA RTX 3080 GPU (10 GB VRAM), 32 GB
RAM, and 1 TB of storage.

BFINet jointly learns semantic features of both field boundaries and
masks, enabling more accurate field delineation. It consists of three key
modules: (1)semantic interaction module, which enables weight sharing
between the boundary and field mask tasks, improving field identifica-
tion accuracy; (2) boundary enhancement module, which refines spatial
details to enhance boundary delineation precision; and (3) multi-scale
module, which employs convolution kernels of varying sizes to cap-
ture global and local field features, improving the delineation of fields
with different sizes and shapes.

3.2. Classifier for classification

The RF classifier was selected as benchmark classifier to separate
cropland into two groups: dominant crops and minor crops, and subse-
quently to classify the minor crops into wheat-maize, zucchini, grape,
and other categories. RF is widely used in crop classification tasks due to
its robustness, non-parametric nature, and ease of implementation
(Altman and Krzywinski, 2017). As an ensemble classifier, RF combines
multiple decision trees to improve predictive accuracy, making it a
reliable and widely adopted method in crop type -classification.
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Fig. 2. Phenological calendar of major crops in the ELB.

Following the recommendation of You et al. (2021), the number of de-
cision trees was set to 120, and the minimum number of samples
required to form a leaf node was set to 10. In addition, Support Vector
Machine (SVM) and Gradient Tree Boosting (GTB) classifiers were
employed to compare the performance with RF.

3.3. RMCI for classification of cotton and maize
To reduce crop labels dependent, RMCI was newly proposed to

separate maize and cotton in the ELB using a combination of pheno-
logical analysis, feature analysis, and mathematical method.

3.3.1. Phenological analysis for optimal classification time window

To better capture the distinct temporal characteristics of different
crop types, this study divided the growing season into early growing
season (EGS), peak growing season (PGS), and late growing season
(LGS) (Lian et al., 2021). Here, the green chromatic coordinate (GCC)
(Shen et al., 2022; Sonnentag et al., 2012) was utilized to determine
growing season and the optimal time window. Spectral analysis con-
ducted by GCC can reveal inconsistencies in the timing of peak occur-
rences and the steepness of the time-series profile for different crops.
Phenological analysis use GCC to reveal variability in the timing of peak
vegetation activity and the slope of the temporal profile among crops
(Shen et al., 2022). The growing stages of crops can be identified by the
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Fig. 3. Hierarchical parcel-level workflow for multi-crop classification in ELB.

rate of GCC (p,). GCC values increase progressively during crop germi-
nation and growth, then stabilize once the canopy reaches full devel-
opment, with only minor fluctuations in p, during this phase, and then
subsequently decline during senescence. The definition of GCC and p,
are shown as follows:

G
- _ 2
Gee R+G+B 2
_ GCC, — GCC, 4
L o ®)

where R, G, and B were the values of the red, green, and blue spectral
bands, respectively. The variable t represented the specific date, with
GCC; and GCCt.; denoting the GCC value at date t and (t-1), respectively.
The p, represented the rate of change of GCC at date t. The EGS, PGS, and
LGS of cotton can be identified by the variation in p (Chen et al., 2019).
Specifically, the EGS was characterized by p values exceeding 0.01. The
PGS was marked by p values ranging between —0.01 and 0.01. The LGS
was defined as the period from PSG to the occurrence of a negative peak
in p, indicating the onset of crop senescence.

3.3.2. The identification of optimal feature for dominant crops separation
To identify highly discriminative features capable of effectively
distinguishing maize and cotton in the ELB, a detailed analysis was

conducted on the dynamic trends of various reflectance bands, vegeta-
tion indices, and texture features throughout the growing season, as
represented by changes in day of year (DOY) (Fig. 4).

Our analysis found that the red edge 2 (hereafter Red2) band, NDRE
and VH exhibited the highest discriminability between maize and cot-
ton, with Jeffries-Matusita (JM) distance equals to 0.712, 0.574, and
0.326. The notably difference of Red2 and VH between cotton and other
crops aligns with the findings of Xun et al. (2021), who also declared
both are suitable to differentiate cotton from non-cotton features. The
discriminative ability of VH was previously employed by Kang et al.
(2023) for cotton mapping. However, the potential of NDRE for cotton
identification has not yet been fully explored.

3.3.3. The mathematical expression of RMIC

Further analysis of the spectral characteristics of maize and cotton
revealed that the absolute difference between the Nir and Red2 bands
was not sufficiently distinct during the PGS of cotton. However, the
distinction in NDRE primarily arose from the sum of the Nir and Red2
band values. To enhance the separability between maize and cotton,
both the NDRE and Red2 bands at PGS of cotton were employed to
construct the RMCI. The definition is as follows:

NDRE

RMCI = ———

Red2 Q)



Y. Xie et al. International Journal of Applied Earth Observation and Geoinformation 143 (2025) 104765
04 - Red edge 1 0.6 Red edge 2 0.7 Red edge 3 0.7 . Nir
05+ 0.6 | 0.6 |
03r L L
3 Loal 3 0.5 3 0.5
04 0.4
£ 02t = 03} = =
> > > 0371 > 031
0.2 r
o1t 0.2 0.2
0.1 0.1} 0.1
0.0 = 0.0 0.0 0.0 -
90 120 150 180 210 240 270 300 90 120 150 180 210 240 270 300 90 120 150 180 210 240 270 300 90 120 150 180 210 240 270 300
DOY DOY DOY DOY
NDRE VH PSRI
0.7¢ HEdedgee 031 0.4
_12 =
0.6 [ 03
0.5t 05 1 -16 s
£ o4} 2 2 R
Sost S S s S o1
02} 0.1¢
—24 0.0
0.1r .
0.0 0.0 —28 -0.1
90 120 150 180 210 240 270 300 90 120 150 180 210 240 270 300 90 120 150 180 210 240 270 300 90 120 150 180 210 240 270 300
DOY DOY DOY DOY
NDSI NDRI MCARI
0.00
—0.2 0.0 ~0.02
—0.04
-0.2
E —0.4 E E iR e Cotton
= = 04 o8 :
—0.6 - Maize
i€ -0.10
—0.8 —0.12

90 120 150 180 210 240 270 300
DOY

© 90 120 150 180 210 240 270 300
DOY

Fig. 4. Feature evaluation for high separability between Maize and Cotton. Shaded

Fig. 5 illustrates p of the GCC alongside the temporal variation of
RMCI. The EGS of cotton occurred between DOY 140 and 180, the PGS
spanned DOY 180 to 220, the LGS is from DOY 220 to the onset of crop
senescence. During the PGS, the RMCI exhibited the greatest separa-
bility between maize and cotton, with higher contrast compared to the
EGS and LGS.

To determine the optimal RMCI threshold for distinguishing maize
and cotton, we employed a threshold-based classifier and applied
GridSearchCV method from the sklearn library (Pedregosa et al., 2011),
a widely used method for parameter tuning and threshold optimization
(Zhang et al., 2023). Using a validation sample set of SP., during the
PGS, candidate thresholds ranging from 0.1 to 0.6 (at 0.01 intervals)
were evaluated. The threshold that yielded the highest overall accuracy
(OA) was selected as the final decision criterion.
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Fig. 5. Temporal profile of GCC rate of change and RMCI, with shaded areas
representing the 5th to 95th percentile range of RMCI values for maize
and cotton.
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areas represent the 5th to 95th percentile range of variation within each class.

3.4. Method of accuracy assessment and post-processing

The accuracy of crop type mapping was quantitatively evaluated
using OA, producer accuracy (PA), user accuracy (UA), Fl-scores (F1),
Kappa coefficient, and intersection over union (IOU). The IOU formula is
given as follows:

_ TruePositive
* TruePositive + FalsePositive + FalseNegative

IoU ()

where True Positive, False Positive and False Negative denote the number
of true positive, false positive and false negative pixels, respectively.

To mitigate the ’salt-and-pepper’ noise in pixel-level classification
results, a “despeckling” algorithm was applied (Deines et al., 2019). For
patches smaller than 0.25 ha, classification results were refined using a
majority filter with a 20-meter square kernel. The 0.25 threshold was set
based on field size in the ELB. The post-processing strategy effectively
reclassified most isolated pixels as background and filled small gaps
within the cotton fields (Tian et al., 2023).

4. Results
4.1. Delineation of cropland parcels in the ELB

We directly applied the pretrained BFINet model to the ELB without
additional fine-tuning. Inference on a single remote sensing image of the
specified size from the ELB took approximately 2 h. Compared with 476
manually delineated reference parcels, the BFINet model achieved high
accuracy with an IOU of 82.3 % and OA of 87.8 % (Fig. 6). These results
highlight the strong robustness and spatial transferability of the BFINet
model, pretrained on regions characterized by small and irregular field
patterns, enabling accurate cropland parcel delineation in the ELB.

The delineated cropland parcels of ELB and their differences from the
cropland layer of ChinaCover2020 were shown in Fig. 7. The average
field size ranged from 0.09 ha to 2.90 ha, with a mean parcel size of 0.64
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Fig. 7. Delineation of cropland parcels of ELB and comparison with cropland layer of ChinaCover2020.

ha. The BFINet-derived cropland mask effectively suppressed noise from
non-cropland features (e.g., field roads), which were commonly mis-
classified as cropland in ChinaCover2020. Area comparison revealed
that ChinaCover2020 overestimated cropland extent by approximately
26 %.

4.2. Classification of dominant and minor crop groups

The spatial distribution of dominant and minor crops group gener-
ated using SP2 samples and RF classifier was presented in Fig. 8. The RF
model achieved an OA of 96.15 %, with a Kappa coefficient of 0.922, PA,
UA, and F1 all exceeding 94 % based on validation sample. The spatial

distribution across the four subregions (S1, S2, S3, S4) showed clear
boundaries with minimal ‘salt-and-pepper’ noise, benefiting from the
delineated agricultural parcels. The total area covered of dominant
crops was 4326.65 km?, while minor crops covered approximately
1286.51 km?.

In addition, we evaluated the performance of SVM and GTB classi-
fiers for distinguishing dominant and minor crops. SVM achieved an OA
of 50.80 % with a kappa coefficient of 0.02, while GTB yielded an OA of
95.67 % and a kappa of 0.91. Both methods underperformed compared
to the RF classifier in the classification of dominant and minor crops
within the ELB. Therefore, RF was selected as the benchmark method for
this task.
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4.3. Separation of maize and cotton

The optimal RMCI threshold during the PGS period of cotton in 2023
was estimated to be 0.42 using GridSearchCV method. This optimized
threshold was then applied to distinguish maize from cotton within the
dominant crops group. The spatial distribution of true color images,
RMCI and classified result of maize and cotton of four subregions (S1,
S2, S3, and S4 in Fig. 7) were shown in Fig. 9. The average RMCI values
during the PGS demonstrated a clear separation between maize and
cotton, with higher RMCI values corresponding to maize and lower
values indicating cotton.

A stratified random sampling approach using 30 % of maize and
cotton samples from SP1 was employed to calculate the accuracy by
RMCI (Table 2). The OA reached 98.60 %, the F1 of maize and cotton
were 99.04 % and 97.44 %, PA and UA for both crops exceeding 94 %.
These high metric values clearly demonstrate the effectiveness of RMCI
in distinguishing between maize and cotton.

We compared RMCI with RF classifier that was trained with nearly
3000 cotton samples and 1100 maize samples (Fig. 10). The spatial
distribution of both showed high agreement, with only minor differ-
ences observed within the highlighted black circle. The RMCI threshold
method showed slightly higher accuracy than RF classifier, with the OA
increasing from 98.4 % to 98.6 %, and minimal differences in area
statistics. The RMCI method estimated cotton and maize areas at
3,534.39 km? and 787.74 km?, respectively, compared to 3,505.89 km?
and 816.24 km? for the RF classifier. These results underscore the robust
performance of RMCI in effectively distinguishing between maize and

cotton.

4.4. Minor and final crop type classification result

Within the minor regions, 70 % of samples from the minor crops
group in SP1 were used with RF classifier to classify wheat-maize,
zucchini, grapes, and other crops. As shown in Table 3, the accuracy
assessment indicated an OA of 92.28 %, with PA, UA, and F1 for all crop
types exceeding 88 %. Notably, the classification accuracy of RF clas-
sifier for minor crops was lower than that for dominant crops, especially,
wheat-maize exhibiting the lowest accuracy (PA = 88.24 %, UA = 88.24
%, and F1 = 88.24 %), some of them were mixed with grapes. In addi-
tion, grapes were also mixed with zucchini and wheat-maize. The mixed
issue is primarily attributed to insufficient crop labels.

We also tested SVM and GTB classifiers in the classification of minor
crops. SVM achieved an OA of 41.40 % with a kappa coefficient of 0.05,
while GTB yielded an OA of 93.10 % with a kappa of 0.91. Both methods
underperformed compared to the RF classifier in the classification of
minor crops within the ELB. Consequently, RF was adopted as the
benchmark method for minor crop classification as well.

The final crop classification result of ELB in 2023 was generated by
combining maize, cotton, wheat-maize, zucchini, grapes, and other
crops. The overall ELB classification results, along with detailed maps of
the sub-regions S1-S4, were presented in Fig. 11. All crops were shown
in the result with clear field boundaries minimal ‘salt-and-pepper’ noise.
Overall, cotton, maize and wheat-maize were classified with high ac-
curacy, while grapes and zucchini were also effectively distinguished. In
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RMCI-based classification results.

Table 2
Accuracy of RMCI-based crop classification within dominant crop groups.
Crop group Class Cotton Maize PA (%) UA (%) F1 (%)
Dominant Cotton 1079 7 99.36 98.72 99.04
Maize 14 399 96.61 98.28 97.44
OA = 98.60 % Kappa = 0.9647

the ELB, the proportion of each crop type was as follows: cotton (64.43
%), maize (14.36 %), wheat-maize (6.67 %), zucchini (8.37 %), grapes
(3.43 %), and others (2.74 %). Their spatial distribution showed clear
heterogeneity, largely shaped by variations in temperature, water
availability, and agricultural practices. Cotton was primarily cultivated
in the eastern areas, whereas maize was mainly grown in the western
regions of ELB.

Detailed classification results were observed across subregions S1 to
S4. In S1, the main crops were maize and wheat-maize, and minor crops
like grapes and zucchini were also well distinguished. In S2, cotton was
the dominant crop and clearly identified. Grapes were well separated,
but some confusion occurred between zucchini and other crops (black
circle). In S3, cotton remained the dominant and well-classified crop,
though slight confusion was observed between spring maize and
zucchini (red circle). In S4, cotton and grape were the main crops and
both were accurately classified, with minor misclassification between
grape and zucchini (red circle).

5. Discussion

This hierarchical crop classification framework combines index-

based and machine learning methods for multi-crop mapping at parcel
level. It reduces reliance on crop labels and mitigates ’salt-and-pepper’
noise while maintaining high classification performance. The newly
proposed RMCI effectively distinguishes maize and cotton in the ELB.
Moreover, the generated crop type data help fill a critical information
gap in the ELB, supporting better agricultural water management in a
region with strong conflict between farming and ecological protection.

5.1. The advantage of the hierarchical classification strategy for multi-
crops classification

To evaluate its effectiveness of hierarchical classification strategy, its
results were compared with were compared with those obtained using
only the RF classifier. First, the hierarchical approach by integrating
agricultural parcels notably reduced the ‘salt and pepper’ noise common
in pixel-based classifications. Second, it achieved strong classification
performance. F1 for various crops were shown in Table 4. The results
showed that the hierarchical classification approach outperformed the
standalone RF classifier for all crops, with particularly lower accuracy
observed for minor crops when using RF alone compared to the hier-
archical strategy. This discrepancy was primarily due to the RF tendency
to overfit the dominant crops and underfit the minor crops when clas-
sifying multiple crops simultaneously, especially when the crop labels of
dominant crops far outnumber minor crops. A similar issue was reported
by Zeng et al. (2020), who also observed this phenomenon of imbal-
anced performance when dealing with datasets dominated by major
landcover. The superior performance of the hierarchical strategy has
also been highlighted in previous studies (Asadi and Shamsoddini, 2024;
Tan et al., 2011), largely due to its ability to mitigate class interaction
effects (Yang et al., 2023).
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Table 3
Overview of minor crop classification accuracy.
Crop group Class Wheat-maize Grape Zucchini Others PA (%) UA (%) F1 (%)
Minor Wheat-maize 30 4 0 0 88.24 88.24 88.24
Grape 2 101 1 0 97.12 88.60 92.66
Zucchini 0 3 42 1 91.30 97.67 94.38
Others 2 6 0 54 87.10 98.18 92.31
OA = 92.28 % Kappa = 0.8890

5.2. Why RMCI is good for the separation of maize and cotton

The JM for the RMCI is 0.751, surpassing that of the NDRE (0.574)
and the Red2 band (0.712), indicating that RMCI offers the strongest
spectral separability between maize and cotton. This advantage arises
from the distinct physiological and spectral dynamics of the two crops.
As maize develops from the seedling stage to maturity, leaf chlorophyll
content increases notably, and the cellular structure becomes progres-
sively denser. These change result in higher red-edge reflectance and
diminished red reflectance (Pagani et al., 2009). Conversely, cotton
exhibited a continuous increase in Red2 band reflectance prior to boll
opening (Hong et al., 2022; Shi et al., 2022). NDRE, derived from the
NIR and red edge bands, has been widely validated as a sensitive indi-
cator of chlorophyll content, nitrogen status, and crop maturity for
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cotton (Khodjaev et al., 2024), it does not capture cotton’s unique Red2
band behavior. By integrating both NDRE and Red2, RMCI captures
complementary spectral characteristics of the two crops, thereby
enhancing classification accuracy.

To further validate the effectiveness of RMCI in distinguishing be-
tween maize and cotton, the index was incorporated into the feature set
for crop classification using the RF classifier. SHAP (Shapley Additive
Explanations) values (Lundberg et al., 2018) were employed to assess
the contribution of each input variable in predicting cotton presence.
The results identified RMCI, VH, and NDRE as the three most influential
predictors based on their mean absolute SHAP values (Fig. 12). RMCI
consistently ranked among the top predictors on DOY 196, 181, and 211,
underscoring its significance in distinguishing maize and cotton. Spe-
cifically, RMCI values on DOY 196 and 181 were the highest-ranking
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Fig. 11. Crop classification in the elb for 2023 using the hierarchical approach.

Table 4

Accuracy comparison between the hierarchical approach and the standalone RF classifier.
Approach Cotton Maize Wheat-maize Grape Zucchini Others
Hierarchical 99.04 % 97.44 % 88.24 % 92.66 % 94.38 % 92.31 %
Solely RF 97.28 % 96.22 % 81.97 % 89.01 % 75.61 % 88.89 %

variables, demonstrating its capacity to discriminate between the two
crops as early as early July.

5.3. RMCI compared with previous studies

Several cotton-specific mapping indices have been developed,
including the White Boll Index (WBI) by Wang et al. (2021) and the
Cotton Mapping Index (CMI) by Xun et al. (2021). The WBI leverages
Sentinel-2 imagery during the boll-opening stage to identify cotton.
Compared to WBI, the RMCI offers simpler formulation and higher ac-
curacy (98.6 % vs. 95.0 %). Similarly, RMCI outperforms CMI by
providing a less complex calculation process while achieving superior
mapping accuracy, with CMI's maximum OA reaching only 93.25 %.
Existing cotton products in the ELB provide a benchmark for evaluation
of RMCI transferability. Kang et al. (2023) employed an RF classifier to
identify cotton in Xinjiang and mapped the distribution of cotton within
the ELB in 2021. The ELB is characterized by a single dominant cropping
season, with limited double-cropping practices (e.g., wheat-silage
maize). Due to temperature-related constraints, the planting and
phenological calendars of maize and cotton remain relatively consistent

11

across years in ELB. Threshold, RMCI threshold in 2023 was directly
applied to generate the cotton spatial distribution for 2021 in the ELB.
Despite this simplification, the Fig. 13 shown that the classification re-
sults exhibit strong consistency and improved accuracy compared to
those reported by Kang et al. (2023). Blue circles highlight areas where
RMCI successfully identified cotton, while orange circles indicate re-
gions where cotton was missed. Some discrepancies may be attributed to
the use of a fixed inter-annual threshold, which may not have fully
captured the peak growth stage (PGS) of cotton in 2021. In future work,
it is necessary to develop dynamic or adaptive thresholding methods
that better account for temporal and regional variations in crop growth
stages and spectral responses.

5.4. Limitations and potential improvements

Although the hierarchical parcel-level crop classification method
integrating RMCI and machine learning achieved good results in the
ELB, some issues remain to be addressed in future studies. First, the
RMCI threshold of 0.42 in 2023 was directly applied to 2021. Although
satisfactory spectral separability was achieved in 2021, the potential
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impact of interannual phenological variation on threshold trans-
ferability should be systematically investigated in future research. Sec-
ond, some minor crops, such as winter wheat-silage maize are
underrepresented, which may affect classification performance by RF, to
address the limited availability of labeled samples in the target region, a
domain adaptation-based sample augmentation method could be
employed to enhance model generalization in future. Third, the RMCI
was specific designed for the separation of maize and cotton, if the
dominant crop composition shifts, a new or existing crop-specific indices

12

should be integrated into hierarchical crop classification, and the
effectiveness should be explored more in future.

6. Conclusion

This study presented a hierarchical crop classification framework for
the ELB that efficiently and accurately distinguished dominant crops
(maize and cotton) while simultaneously classifying minor crops at
parcel level. This framework integrated the strengths of index-based
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methods for specific crops, machine learning-based methods for multi-
crop classification, and cropland parcels for minimal ‘pepper & salt’
noise. BFINet delineated agricultural parcels in ELB with IOU of 82.3 %
and OA of 87.8 %. A newly developed RMCI effectively separated maize
and cotton, notably reducing the reliance on crop labels and achieving
an OA of 98.6 %. The hierarchical framework outperformed the stand-
alone RF classifier in classifying all crop types in the ELB. In addition,
this study filled the gap in high-accuracy, parcel-level crop type maps in
the ELB, providing valuable data support for water and food manage-
ment. In summary, this study offered an improved classification strategy
for multi-crops systems. Future work will evaluate the spatial and
temporal transferability of RMCI and explore the integration of addi-
tional crop-sensitive indices to enhance its broader applicability.
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