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Abstract

Addressing limitations in remote sensing irrigation monitoring (insufficient resolution,
single-source constraints, poor terrain adaptability), this study developed a high-precision
identification framework for Jianping County, China, a semi-arid region. We integrated
Sentinel-1 SAR (VV/VH), Sentinel-2 multispectral, and MOD11A1 land surface tempera-
ture data. Savitzky–Golay (S-G) filtering reconstructed time-series datasets for NDVI, SAVI,
TVDI, and VV/VH backscatter coefficients. Irrigation mapping employed random forest
(RF), Support Vector Machine (SVM), and K-Nearest Neighbors (KNN) algorithms. Key
results demonstrate the following. (1) RF achieved superior performance with overall accu-
racies of 91.00% (2022), 88.33% (2023), and 87.78% (2024), and Kappa coefficients of 86.37%,
80.96%, and 80.40%, showing minimal deviation (0.66–3.44%) from statistical data; (2) SAVI
and VH exhibited high irrigation sensitivity, with peak differences between irrigated/non-
irrigated areas reaching 0.48 units (SAVI, July–August) and 2.78 dB (VH); (3) cropland
extraction accuracy showed <3% discrepancy versus governmental statistics. The “Multi-
temporal Feature Fusion + S-G Filtering + RF Optimization” framework provides an
effective solution for precision irrigation monitoring in complex semi-arid environments.

Keywords: Sentinel-1; Sentinel-2; object-oriented; random forest; irrigation identification

1. Introduction
Agricultural production exerts profound socioeconomic impacts across developing

nations, yet remains highly vulnerable to climate change threats [1,2]. Consequently, ir-
rigation has emerged as a critical strategy for stabilizing agricultural output, mitigating
drought-induced losses, and safeguarding food security [3]. Under intensifying climate
variability, irrigation’s role in meeting global food demand grows increasingly pivotal,
while population expansion necessitates finer-scale irrigation planning [4,5]. Notably, as
the largest consumer of freshwater resources, global agricultural water use has surged
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by 124.35% over the past 40 years, constituting more than 70% of global freshwater with-
drawals and nearly reaching the upper limit of water for agriculture on the plane [6,7],
highlighting the urgent need for efficient water governance. Although optimized water
management enhances socioeconomic returns [8], limited water availability fundamen-
tally constrains crop productivity in semi-arid regions [9,10]. This compels immediate
improvements in irrigation efficiency through high spatiotemporal resolution mapping of
irrigated areas—enabling regional water balance assessments and advancing sustainable
water resource stewardship.

The continuous development of remote sensing technology is profoundly changing
the agricultural monitoring system, providing core data support for precision agricultural
irrigation through high-resolution sensing of vegetation dynamics, water stress, and land
use patterns. Machine learning technologies are revolutionizing global irrigation monitor-
ing paradigms. Machine learning not only deciphers complex agro-hydrological signals
but also provides methodological foundations for assessing water-use efficiency under the
UN Sustainable Development Goals [11–13].

At present, researchers can utilize diverse machine learning models such as random
forest (RF), Support Vector Machine (SVM), and K-Nearest Neighbors (KNN) to extract
richer information from remote sensing data for land classification identification and
irrigation area identification, such as Landsat series satellites, Moderate Resolution Imaging
Spectroradiometer (MODIS), Sentinel series satellites, and Gaofen series satellites, which
provide strong support for accurate and efficient mapping of irrigated areas [14,15]. Many
researchers have carried out a series of studies based on MODIS, Landsat, and Sentinel
series data in combination with relevant time-series vegetation indices. Pramit et al. [16]
used MODIS NDVI data to classify and map the spatial and temporal dynamics of irrigated
and rainfed agricultural zones in Nepal over the last two decades. Md. Abdullah et al. [17]
analyzed agricultural drought variability in Bangladesh using two indices, VCI and VHI,
based on MODIS data; Selma et al. [18] used a deep learning model to analyze data from
the Moderate Resolution Imaging Spectroradiometer (MODIS), among others, for mapping
agricultural drought in the Omusati region of Namibia. Although MODIS data has the
advantage of high temporal resolution, the spatial resolution of 250 m does not allow
for a fine portrayal of irrigation in complex areas. Therefore, for fine identification of
irrigated areas, the use of higher spatial resolution Landsat or Sentinel series data should
be considered. Ghaith et al. [19] used dense Sentinel-1 synthetic aperture radar (SAR)
time series to train a random forest algorithm for mapping irrigated areas in Centre-Val
de Loire, France. Alemeshet et al. [20] produced maps of irrigated areas in the Bilate
and Gumara watersheds using time-series Sentinel-1 data. Ezhilarasi et al. [21] produced
spatio-temporal drought risk maps using Landsat 8 OLI/TIRS and 7 ETM+ normalized
difference vegetation indices. Landsat and Sentinel series data have high spatial resolution,
and although agricultural irrigation and drought monitoring can be accomplished with
a single use of a certain type of data, with the development of technology, the fusion of
multi-source data has become a cutting-edge direction, and synthetic aperture radar (SAR),
by virtue of its all-weather monitoring capability (e.g., Sentinel-1), can effectively make up
for optical limitations, and its sensitivity to soil moisture provides a new dimension for
agricultural irrigation monitoring [22–24].
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Previous research predominantly focused on single remote sensing data sources or
isolated temporal feature metrics, typically targeting large-scale irrigation districts in
plain areas. These studies largely overlooked the impact of multi-temporal feature sets
on machine learning model performance. In contrast, our study area features irrigation
systems distributed across fragmented valleys with non-concentrated irrigation timing and
poor spatial continuity. This research analyzes the differential impacts of multiple temporal
feature sets on irrigation mapping. We innovatively integrate multi-source remote sensing
data to construct five temporal feature sets, evaluating their performance for irrigation
identification in semi-arid regions using machine learning models. In this study, in order to
directly monitor the irrigated area, Sentinel-1, Sentinel-2, and MODIS multispectral images
were used as the remote sensing data sources, and three time-series vegetation indices
datasets (Normalized Difference Vegetation Index, Soil Adjusted Vegetation Index, and
Temperature Vegetation Dryness Index) were constructed based on the Savitzky–Golay
filtering technique with the help of these remote sensing data sources, and two time-
series backscatter coefficients datasets (Vertical Transmit—Vertical Receive Polarization,
Vertical Transmit—Horizontal Receive Polarization). Together with spectral features, shape
features, texture features, and topographic features, they form the irrigation identification
dataset. In addition, three machine learning algorithms—RF, SVM, and KNN—were used
for irrigation identification in the study area. This study not only provides a theoretical
basis for multi-algorithm optimization in remote sensing monitoring of irrigation in semi-
arid areas, but its identification results also provide valuable data support for agricultural
structure adjustment and water resource optimization in the study area, which is of practical
significance for realizing economic development and ecological sustainability.

2. Case Study
2.1. Overview of the Study Area

The administrative region of Jianping is located in the western part of Liaoning
Province, within the coordinates of 119◦10′~120◦02′ E and 40◦17′~42◦21′ N, occupying a
geographical area encompassing 4838 km2. The region is situated at the intersection of
Liaoning, Hebei, and Inner Mongolia. The topography of the area is diverse, with 4 urban
districts, 17 township-level administrative divisions and 7 rural districts. The climate of
the region is temperate continental, with a continental climate in the north and a semi-arid
climate in the south. The region is influenced by the marine climate of the Pacific Ocean,
as well as the continental climate of the Mongolian Plateau, resulting in a semi-arid and
semi-humid climate with high precipitation variability. The average annual temperature
of the region is 7.6 ◦C, with an average altitude of approximately 780 m. The annual
precipitation is approximately 400 mm, with the main rainy season occurring from June to
September. The region’s water resources are primarily dependent on surface runoff and
groundwater. The principal crops cultivated in the study area are maize, sorghum, and
millet. The primary irrigation methods employed are drip and flood irrigation, with the
irrigation period occurring in April, July, and August [25]. The geographical location of the
study area is illustrated in Figure 1.
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Figure 1. Location map of the study area: Jianping County, Liaoning Province, China.

2.2. Data Base
2.2.1. Data Source and Pre-Processing of Multi-Source Remote Sensing Images

Sentinel-1 is the first radar satellite constellation launched under the Copernicus
Programme of the European Space Agency (ESA). It is equipped with a C-band synthetic
aperture radar (SAR) sensor capable of acquiring all-weather, day-and-night imagery. The
constellation currently includes Sentinel-1A and Sentinel-1C, with a revisit period of 12 days
for a single satellite, which is reduced to 6 days when both satellites operate jointly [26]. In
this study, Sentinel-1 Ground Range Detected (GRD) products acquired in Interferometric
Wide (IW) swath mode from 2022 to 2024 were used. A total of 20 time-series images
were selected, each covering the entire study area. Preprocessing steps applied to the
data included thermal noise removal, orbit file correction, radiometric calibration, speckle
filtering, and terrain correction using Doppler information. All Sentinel-1 datasets were
downloaded from the ESA Copernicus Data Space Ecosystem (https://browser.dataspace.
copernicus.eu/, accessed on 20 April 2025).

https://browser.dataspace.copernicus.eu/
https://browser.dataspace.copernicus.eu/
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Sentinel-2 is an Earth observation satellite constellation developed under the Coper-
nicus Programme of the European Space Agency (ESA), equipped with a Multispectral
Imager (MSI) that provides high-resolution multispectral imagery. The system comprises
Sentinel-2A and Sentinel-2B, which together offer a revisit frequency of 5 days [27]. The
MSI sensor captures data across 13 spectral bands ranging from the visible to the near-
infrared and short-wave infrared regions, with spatial resolutions of 10 m, 20 m, and 60 m,
depending on the band. In this study, Sentinel-2 Level-2A products acquired between
2022 and 2024 were utilized. A total of 25 acquisition dates were selected, with each date
requiring four image tiles to fully cover the study area, resulting in 100 time-series images.
The Level-2A products had already undergone geometric, radiometric, and atmospheric
corrections, and therefore no additional preprocessing was required. To ensure data quality,
only images with cloud cover below 10% were selected. Further processing included re-
sampling all bands to 10 m resolution, followed by band fusion, cropping, and mosaicking
to produce a consistent multi-temporal image dataset for Jianping County. The Sentinel-2
data used in this study were downloaded from the ESA Copernicus Data Space Ecosystem
(https://browser.dataspace.copernicus.eu/, accessed on 20 April 2025).

MOD11A1 is a land surface temperature (LST) product derived from the Moderate
Resolution Imaging Spectroradiometer (MODIS) onboard NASA’s Terra satellite. It pro-
vides daily surface temperature observations at a spatial resolution of 1 km [28]. In this
study, MOD11A1 data for Jianping County in 2024 were obtained using the Google Earth
Engine (GEE) platform (https://developers.google.cn/earth-engine?hl=zh-cn, accessed on
20 April 2025). These data were used as the surface temperature input for calculating TVDI.
A summary of all datasets used in this study is presented in Table 1.

Table 1. Detailed inventory of multi-source remote sensing imagery used for land use and irrigation
mapping in the study area from 2022 to 2024.

Number Time Type Number Time Type Number Time Type

1 2 April 2022 Sentinel-1A 25 25 July 2022 Sentinel-2A 49 13 July 2022 MOD11A1
2 26 April 2022 Sentinel-1A 26 27 August 2022 Sentinel-2A 50 27 August 2022 MOD11A1
3 8 May 2022 Sentinel-1A 27 26 September 2022 Sentinel-2A 51 26 September 2022 MOD11A1
4 20 May 2022 Sentinel-1A 28 21 October 2022 Sentinel-2A 52 21 October 2022 MOD11A1
5 1 June 2022 Sentinel-1A 29 24 April 2023 Sentinel-2A 53 24 April 2023 MOD11A1
6 19 July 2022 Sentinel-1A 30 14 May 2023 Sentinel-2A 54 14 May 2023 MOD11A1
7 31 July 2022 Sentinel-1A 31 3 June 2023 Sentinel-2A 55 3 June 2023 MOD11A1
8 9 April 2023 Sentinel-1A 32 3 July 2023 Sentinel-2A 56 3 July 2023 MOD11A1
9 21 April 2023 Sentinel-1A 33 22 August 2023 Sentinel-2A 57 22 August 2023 MOD11A1

10 15 May 2023 Sentinel-1A 34 21 September 2023 Sentinel-2A 58 21 September 2023 MOD11A1
11 27 May 2023 Sentinel-1A 35 21 October 2023 Sentinel-2A 59 21 October 2023 MOD11A1
12 7 August 2023 Sentinel-1A 36 9 March 2024 Sentinel-2A 60 9 March 2024 MOD11A1
13 31 August 2023 Sentinel-1A 37 29 March 2024 Sentinel-2A 61 29 March 2024 MOD11A1
14 24 September 2023 Sentinel-1A 38 18 April 2024 Sentinel-2A 62 18 April 2024 MOD11A1
15 18 October 2023 Sentinel-1A 39 8 May 2024 Sentinel-2A 63 17 June 2024 MOD11A1
16 21 May 2024 Sentinel-1A 40 17 June 2024 Sentinel-2A 64 17 July 2024 MOD11A1
17 2 June 2024 Sentinel-1A 41 17 July 2024 Sentinel-2A 65 6 August 2024 MOD11A1
18 13 August 2024 Sentinel-1A 42 6 August 2024 Sentinel-2A 66 5 September 2024 MOD11A1
19 6 September 2024 Sentinel-1A 43 5 September 2024 Sentinel-2A 67 5 October 2024 MOD11A1
20 12 October 2024 Sentinel-1A 44 5 October 2024 Sentinel-2A 68 15 October 2024 MOD11A1
21 19 April 2022 Sentinel-2A 45 15 October 2024 Sentinel-2A
22 9 May 2022 Sentinel-2A 46 19 April 2022 MOD11A1
23 23 June 2022 Sentinel-2A 47 9 May 2022 MOD11A1
24 13 July 2022 Sentinel-2A 48 23 June 2022 MOD11A1

2.2.2. Sample Data

In this study, field sampling was conducted across the study area during the crop
growing seasons from 2022 to 2024. A Global Positioning System (GPS) device was used to
precisely geolocate each sampling point. The collected samples were categorized into five
major land cover types: cropland, construction land, non-construction land, water bodies,
and other vegetation. Cropland samples were further classified into irrigated and non-
irrigated subcategories. To enhance the spatial representativeness of the sample, additional
visually interpreted points were randomly selected using high-resolution Google Earth

https://browser.dataspace.copernicus.eu/
https://developers.google.cn/earth-engine?hl=zh-cn
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imagery [29]. This approach ensured a more uniform distribution of sampling points across
the study area. The spatial distribution and total number of sample points are illustrated in
Figures 2 and 3. The classification of land use types was based on the national land use
classification standards in China, with detailed interpretation criteria provided in Table 2.

 
Figure 2. Spatial distribution of ground truth samples for model training and validation across the
study area (2022–2024).

Figure 3. Number of sample sites in the study area in 2022–2024 (Left: training sample points from
2022 to 2024; Right: validation sample points from 2022 to 2024).
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Table 2. Classification criteria and land cover category definitions used in the land use mapping
process.

Type Definition Interpretation of Symbols

Cultivated land
Land used for growing crops, including

paddy fields, dry fields, vegetable
gardens, etc.

During the growing season, the area is green, and
during the non-growing season, it is soil brown.
The texture is regular fields, with irregular dry
land boundaries. The shape is contiguous. The

geometric shape is obvious, mostly rectangular or
strip-shaped, mostly distributed in flat areas, and
some mountain edges are mostly strip-shaped.

Other vegetation
Refers to forest land with trees, shrubs,

bamboo, etc., and grasslands with
mainly herbaceous plants.

The forest is mostly dark green, with the shadows
of tall trees clearly visible; the texture is rough,
with intertwined tree crowns and a grainy feel.

The grassland is light green or yellow-green, with
a uniform and delicate texture and no obvious

boundaries. It is mostly distributed in
mountainous, sloping, and hilly areas.

Land for construction

Urban and rural residential areas and
industrial, mining, transportation, and
other land uses outside of these areas,
including urban land, rural residential

land, and industrial, mining,
transportation, and other construction

land.

The spectrum is mostly grayish white or light
gray; the texture is dense and regular; the

geometric features are obvious, with roads
appearing as lines and residential areas

appearing as blocks.

Waters
Naturally formed water bodies and

water conservancy facilities, including
rivers, lakes, reservoirs, canals, etc.

The spectrum is mostly dark blue or black; rivers
are naturally curved, while reservoirs and ponds

are regular in shape.

Unused land for construction

Refers to land that is currently difficult
to used, including bare land, sandy
land, bare rock, and other types of

unused land.

The sandy soil is bright white, while the bare soil
is grayish brown; the texture and grain are

uniform, and the boundaries with other soil types
are clear.

2.2.3. Validation Data

Statistical data on the cultivated and irrigated areas in Jianping County during the 2022–
2024 survey period were obtained from the Government Work Report and the Statistical
Yearbook published by the People’s Government of Jianping County (https://www.lnjp.
gov.cn/).

3. Methodology
3.1. The Study Framework

The study workflow (Figure 4) comprised the following steps:

(1) Acquisition of multi-source remote sensing imagery (2022–2024), with preprocessing
conducted in SNAP 10.0 and ENVI 6.0, followed by object-based image classification
implemented in eCognition software.

(2) Optimal scale parameter determination was performed using the Estimation of Scale
Parameters 2 (ESP2) tool, where peak values in the rate of change in local variance
(LV-ROC) curve identified optimal segmentation levels. A hierarchical segmentation
framework was subsequently established for the study area. Classification sam-
ples (annually collected) were then partitioned into training and validation sets at
a 7:3 ratio.

(3) Vegetation indices, spectral, textural, shape, and spatial structure features were ap-
plied to a random forest classifier. Classification results were evaluated using confu-
sion matrices. When accuracy was unsatisfactory, training samples were re-optimized
iteratively until acceptable accuracy was achieved.

(4) After achieving acceptable accuracy, produce a land use/land cover map with a spatial
resolution of 10 m (2022–2024). The cropland extent map was subsequently extracted,
enabling identification of groundwater-irrigated areas within this cropland layer.

(5) Groundwater-irrigated areas were similarly delineated using an object-oriented ap-
proach. Leveraging the land use classification map, five multi-temporal datasets
(NDVI, SAVI, TVDI, VV, VH) (Table 3) were constructed from multi-source remote

https://www.lnjp.gov.cn/
https://www.lnjp.gov.cn/
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sensing data applying Savitzky–Golay filtering. High-accuracy feature extraction
across the study area was performed using the RF, SVM, and KNN algorithms. Algo-
rithmic performance was evaluated via confusion matrices. Groundwater-irrigated
area maps were validated and refined against ground survey data.

Figure 4. Integrated workflow of data processing, classification modeling, and irrigation mapping
(2022–2024).

Table 3. Selected features and optimization results for improving supervised classification accuracy.

Feature Features Before Optimization Number Features After
Optimization Number Data Source Purpose

Spectral feature B2, B3, B4, B5 B8, B11, B12, Brightness 8 B8, B4, B2, B12, B3,
B5, B11, Brightness 8 Sentinel-2

Land classification,
Irrigation

identification

Vegetation index
characteristics

NDVI, Enhanced Vegetation Index
(EVI), SAVI, Normalized Difference

Water Index (NDWI), Modified
Normalized Difference Water Index
(MNDWI), Normalized Difference
Built-up Index (NDBI), Normalized
Difference Snow Index (NDSI), Land

Surface Water Index (LSWI)

8 NDWI, NDVI, SAVI,
EVI 4 Sentinel-2 Land classification

Shape feature Area, Border length, Length, Width,
Length/Width, Shape index, Density 7 Area, Density 2 Sentinel-2

Land classification,
Irrigation

identification

Texture feature
GLCM Mean, GLCM Std Dev, GLCM
Homogeneity, GLCM Dissimilarity,
GLCM Contract, GLCM Correlation

6

GLCM
Homogeneity,

GLCM Dissimilarity,
GLCM Contract,

GLCM Correlation

4 Sentinel-2
Land classification,

Irrigation
identification

Terrain features DEM, Slope, Aspect 3 Slope, DEM 2 GEE
Land classification,

Irrigation
identification

Time-series
vegetation index NDVI, SAVI, TVDI 3 Sentinel-2, MODIS Irrigation

identification

Time series
backward scattering

coefficient

Vertical–Vertical
Polarization,

Vertical–Horizontal
Polarization

2 Sentinel-1 Irrigation
identification
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3.2. Optimal Segmentation Scale Method

Determining the optimal segmentation scale is essential for object-oriented multiscale
segmentation. This requires repeated testing and simulation to optimize results [30–32].
In this study, the ESP2 tool was applied to identify the optimal segmentation scale for the
image to be classified. The formula is

LV =
1
m

× ∑m
1

(
CL − CL

)2 (1)

ROC =
Li − Li−1

Li−1
× 100% (2)

where CL is the luminance value of a single image in the Lth band, CL is the average
luminance of all the objects in the Lth band of the image, and m is the total number of
objects in the image; ROC is the rate of change in the LV, Li is the average standard deviation
of the ith object layer of the target layer, and Li−1 is the average standard deviation of the
ith−1 object layer of the target layer.

When the segmentation scale is much larger than the features in the scene, most
of the objects obtained by segmentation are highly correlated with each other, and the
measure of local variance will be very low, and if the segmentation scale approximates
the size of the target object, the variability among the objects will increase, and the local
variance will increase. As the segmentation scale increases, the local variance will increase
until it matches the real features; when the local variance reaches the maximum value,
the homogeneity within the same object is maximum and the difference between the
objects is maximum. The scale with the maximum local variance is defined as the optimal
segmentation scale, i.e., when the ROC-LV appears to be peaked, the segmentation scale
corresponding to this point is the locally optimal segmentation scale.

3.3. Savitzky–Golay Filter

The Savitzky–Golay (SG) filter, initially proposed by Savitzky and Golay [33], is a
robust signal-smoothing technique. It operates through least-squares polynomial fitting
to reconstruct noise-reduced remote sensing time series, effectively preserving vegetation
index details [34–37]. In this study, NDVI, SAVI, TVDI, VV, and VH time series data were
processed using the SG filter to minimize scattering noise impacts on classification accuracy.
Experimental settings employed a 4-point window (each side of the filter kernel) and
2nd-order polynomial.

3.4. Machine Learning

Supervised classification algorithms are widely used. The training samples and
the images provided must be associated and the final classification of each feature is
decided by the classifier. In this study, three algorithms—RF, SVM, and KNN—are used for
irrigation recognition classification. Many studies have proved that RF, SVM, and KNN are
supervised classifiers with better accuracy [38–40].

3.4.1. RF

The RF algorithm extends decision tree classifiers by integrating multiple decision
trees whose outputs are collectively combined, operating on three core principles: Bagging
(bootstrap aggregating), feature randomness, and voting/averaging [41,42]. Its working
mechanism initiates with random selection of multiple data subsets from the training data,
each subset training a specialized decision tree. To preserve feature randomness, each
tree is restricted to randomly selected feature subsets during splitting, thereby preventing
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correlated errors across trees. When processing validation data, final classifications are
determined through majority voting, with the complete workflow illustrated in Figure 5.

 
Figure 5. Random forest classification: ensemble learning workflow from bootstrap sampling to
majority voting.

3.4.2. SVM

The SVM is a machine learning technique extensively applied to classification, re-
gression, and anomaly detection tasks. Its fundamental principle involves identifying an
optimal hyperplane (or decision surface) that segregates distinct categorical samples while
maximizing the classification margin, thereby enhancing model generalization capabil-
ity [43–45]. The mathematical formulation is expressed as follows.

(i) Hyperplane equation:

w·x + b = 0 (3)

where w refers to the normal vector of the hyperplane, which determines the aspect of the
hyperplane; x refers to the feature vector of the input samples; and b denotes the bias term,
which controls the offset of the hyperplane.

(ii) Decision function:

f(x) = sign(w·x + b) (4)

where f(x) denotes the prediction category of sample x and w·x + b denotes the function
interval from sample x to the hyperplane.

(iii) The objective function of the dyadic problem:

max
α ∑iαi −

1
2∑i,j αiαjyiyjK

(
xixj

)
(5)

where αi denotes the Lagrange multiplier, which corresponds to the weight of the sample
xi; yi, yj denotes the category labels of the samples xi and xj; and K

(
xixj

)
denotes the kernel

function, which is used to compute the inner product in the high-dimensional space (e.g.,
linear kernel, RBF kernel).

3.4.3. KNN

The KNN algorithm, a widely adopted nonparametric method for classification and
regression, operates by categorizing data points through a similarity assessment with their
nearest neighbors. Particularly valuable in remote sensing classification [41,43], the KNN
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model is more sensitive to the scale, and before using it, it is necessary to standardize or
normalize the features of the data and choose the K value and distance metric (adjustable
p), before completing the classification or regression task. Its main formula is as follows.

(i) Minkowski distance:

d(x, y) =
(
∑n

i=1|xi − yi|
p
)1/p

(6)

where d(x, y) denotes the Minkowski distance of samples x and y; xi, yi denotes the
value of the ith feature of samples x and y; n denotes the total number of dimensions
of features. When p = 1, the formula is Manhattan distance; when p = 2, the formula is
Euclidean distance.

(ii) Classification decision:

Prediction category = argmax(c)∑k
i=1 I(yi = c) (7)

where k denotes the number of nearest neighbors selected (hyperparameter K); yi denotes
the category label of the ith neighbor; c denotes the candidate category; and I(yi = c) denotes
the exponential function, which is 1 when yi = c, and 0 otherwise. argmaxc denotes the
selection of the category c that maximizes the result of the summation.

3.5. Model Performance Indicators

The confusion matrix, a fundamental machine learning evaluation tool, quantifies
classification model performance by tabulating predicted results against true labels [46–48].
This study employs four evaluation metrics: overall accuracy (OA), producer’s accuracy
(PA), user’s accuracy (UA), and Kappa coefficient (Kappa) for quantitative assessment.

Overall accuracy (OA) quantifies the agreement between classified and actual land
cover types, defined numerically as the ratio of correctly classified pixels (sum of diagonal
elements in the confusion matrix) to the total number of validation pixels. The calculation
formula is

PC = ∑n
k=1

Pkk
P

(8)

where Pc is the overall classification precision, Pkk is the number of image elements of all
samples on the diagonal; and p is all image elements.

Producer’s accuracy (PA), also termed cartographic accuracy, measures the probability
that a ground-truth class is correctly represented in the classified map. It is numerically
defined as the ratio of correctly classified pixels for a given class to the total reference pixels
of that class. The calculation formula is

Pui =
Pii

P+i
(9)

where Pui is producer precision, Pii is the number of correctly categorized pixels of a certain
type, and P+i is the number of pixels of that type in the reference data.

User’s accuracy (UA), also termed user precision, quantifies the probability that a
classified pixel truly represents its assigned category. Computed as the ratio of correctly
classified pixels in a given class to the total pixels assigned to that class in the classified
map, its mathematical formulation is

Pai =
Pjj

Pj+
(10)
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where Pai is user precision, Pjj is the number of correctly categorized image elements in a
class, and Pj+ is the number of image elements of that class in the categorized data.

The Kappa coefficient is a statistical metric assessing agreement between classification
results and ground-truth labels. The Kappa coefficient can quantify the extent to which the
model performance exceeds the random categorization, and is suitable for the evaluation
of imbalanced class distributions. Ranging from −1 to 1, its calculation formula is

Kappa =
N∑r

i=1 Xii − ∑r
i=1 XiX+i

N2 − ∑r
i=1 XiX+i

(11)

where N is the total number of real categorized image elements of the surface, Xii is the
total number of real image elements of a certain category of the surface that is correctly
categorized, Xi is the total number of real image elements of a certain category of the surface,
and X+i is the total number of image elements of a certain category that is categorized.

4. Results and Analysis
4.1. Construction of Feature Dataset

Feature dataset construction is critical for land use classification and irrigation area
identification. The study initially selected 32 classification features for screening. To
address data volume and redundancy challenges, a refined dataset of 20 features—spanning
spectral, index, shape, texture, and topographic attributes—was ultimately selected based
on importance ranking (Figure 6, Table 3). This optimized dataset served as the foundation
for land use classification. For irrigated area identification, three vegetation index time
series (NDVI, SAVI, TVDI) and two backscatter coefficient time series (VV, VH) were
employed. The TVDI dataset utilized MODIS-derived land surface temperature imagery to
ensure temporal consistency.

Figure 6. Feature importance ranking for land use classification based on random forest permutation
importance.

4.2. Analysis of Optimal Scale Segmentation

Multi-scale segmentation integrates critical parameters including band weight, shape
factor, and segmentation scale, whose determination fundamentally governs segmentation
quality. To optimize parameters for the study area’s land use types, Sentinel-2 covariance
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and correlation matrices first evaluated band-specific segmentation contributions to estab-
lish band weights. Subsequently, the ESP2 (Estimation of Scale Parameters 2) tool analyzed
local variance variations, identifying six candidate optimal scales: 115, 155, 180, 230, 290,
and 310 (Figure 7). Comparative analysis selected scale 180 to mitigate feature mixing
from oversegmentation and fragmentation from undersegmentation, with compactness
and shape factors set to 0.5 and 0.2, respectively. This parameter configuration ensured
feature integrity while capturing accurate multi-scale characteristics.

 

Figure 7. Evaluation results of optimal segmentation scale determination using the ESP2 algorithm
for object-based image analysis in the study area.

4.3. Time Series Vegetation Index Features and Backward Scattering Coefficient Analysis

Feature time-series reconstruction results were compared by first applying cropland
patch masks to isolate agricultural pixels, then restricting samples to maize-dominated
areas to minimize interference from crop type variability. The Savitzky–Golay filter was
subsequently employed for time-series reconstruction within the cropland extent, with
representative sample point selections detailed in Table 4.

Table 4. Geographic coordinates and category labels of typical sampling and validation points used
for model training and accuracy assessment.

Typical Sample
Point Name Coordinates Typical Sample

Point Name Coordinates

Irrigation point 1 42◦0′2.430′′ N,
119◦24′18.954′′ E Non-irrigation point 1 41◦57′25.268′′ N,

119◦41′57.170′′ E

Irrigation point 1 41◦59′41.636′′ N,
119◦33′28.386′′ E Non-irrigation point 1 41◦39′4.499′′ N,

119◦27′15.124′′ E

Irrigation point 1 41◦53′54.258′′ N,
119◦31′0.653′′ E Non-irrigation point 1 41◦40′0.214′′ N,

119◦19′45.660′′ E

Irrigation point 1 41◦37′19.873′′ N,
119◦59′26.005′′ E Non-irrigation point 1 41◦29′7.471′′ N,

119◦28′48.427′′ E

Irrigation point 1 41◦34′11.834′′ N,
119◦47′29.987′′ E Non-irrigation point 1 42◦12′1.019′′ N,

119◦22′37.798′′ E

Figure 8 displays vegetation index time-series curves where the horizontal axis de-
notes acquisition dates of 2024 remote sensing imagery and the vertical axis represents
value ranges of different indices. These processed curves effectively capture distinct tempo-
ral characteristics between irrigated and non-irrigated conditions, exhibiting pronounced
phenological responses. The study area follows a typical dual-peak irrigation pattern (April
and July–August). Results demonstrate that NDVI and SAVI exhibit similar trends, with
significantly higher values during the critical growth period (July–August) at irrigated sites
compared to non-irrigated sites. Non-irrigated areas showed slow value increases from
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April to July driven solely by precipitation. This divergence arises from enhanced vegeta-
tion coverage under irrigation. TVDI exhibited no significant fluctuation due to combined
rainfall and irrigation influences, though generally maintained stability or decreased during
irrigation months (July–August). This contrasts with non-irrigated site 1, where TVDI rose
continuously from April to August before declining rapidly post-September. All indices
demonstrated stronger positive responses during irrigation periods than non-irrigation
months, confirming their utility for irrigation timing identification. Among the three
indices, SAVI demonstrated superior discriminative capacity for irrigation characteristics.

Figure 8. Time series vegetation index curves (NDVI, SAVI, TVDI) before and after S-G filtering from
March to October 2024.

Figure 9 reveals distinct VV and VH backscatter time-series patterns between irrigated
and non-irrigated areas. In irrigated zones, VV exhibited a steep positive trajectory from
May, peaking at higher magnitudes (−7.5 to −9.45 dB) during July–August before gradual
post-September decline. Non-irrigated areas showed attenuated VV responses with lower
peaks (−9.49 to −10.92 dB) and accelerated post-September decay. This VV behavior re-
flects crop structural dynamics and moisture sensitivity, where summer irrigation promotes
denser canopy development, enhancing double-bounce scattering from stems and leaves.
Similarly, VH in irrigated areas displayed pronounced June–August increases (−13.29
to −15.57 dB), contrasting with muted non-irrigated fluctuations (−16.07 to −17.55 dB).
VH’s sensitivity to volumetric water content and canopy architecture yielded more domi-
nant scattering shifts under irrigation. Critically, both polarizations demonstrated rapid
post-irradiation augmentation and elevated peaks, confirming that radar scattering en-
hancement correlates with irrigation-induced vegetation structural and hydrologic changes,
establishing these signatures as robust irrigation indicators.
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Figure 9. Time series backscattering coefficient curves (VV, VH) before and after S-G filtering from
March to October 2024.

4.4. Land Use Classification and Cropland Change Analysis

Land use classification in the study area was performed using the random forest
algorithm. Analysis of the classification results (Figure 10) revealed broadly consistent
patterns across all three years, with discernible variations particularly in non-constructed
land and other vegetation categories. Accuracy assessment (Figure 11) demonstrated
substantial model performance, yielding Kappa coefficients of 82.76% (2022), 80.13% (2023),
and 86.09% (2024), with corresponding overall accuracies of 89.97%, 88.31%, and 90.44%.
All Kappa values exceeded 80% and overall accuracies surpassed 88.31%, confirming
effective classification of the majority of samples.

Figure 12 delineates the spatiotemporal distribution of cultivated land extent across
the study area from 2022 to 2024. Comparative analysis with statistical data (Table 5) reveals
minimal discrepancies in irrigated area calculations, with a 2023 deviation of only 19.98 km2.
From 2022 to 2024, statistical records indicate a net cropland increase of 48.02 km2, while
computed results show a 46.16 km2 expansion. Crucially, cultivated land extent remained
spatially consistent over the three-year period, with computational errors consistently
below 3% relative to statistical benchmarks. This sub-3% error tolerance substantiates the
methodology’s viability for land classification and establishes its utility as a robust basis
for irrigation identification.
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Figure 10. Multi-year land use classification maps for 2022, 2023, and 2024 based on object-oriented
classification of multi-source remote sensing imagery.

Figure 11. Overall and class-wise accuracy assessment of cropland identification results from 2022 to
2024 based on ground validation samples.

Table 5. Comparison between the cropland area calculated from classification results and official
statistical records from 2022 to 2024.

Year Calculated Irrigated Area
(km2)

Statistics
(km2)

Difference
(km2)

Value of Error
(%)

2022 1672.88 1714.77 −41.89 2.44%
2023 1730.65 1750.63 −19.98 1.14%
2024 1719.04 1762.79 −43.75 2.48%
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Figure 12. Spatial distribution maps of cropland extent derived from remote sensing classification in
the study area from 2022 to 2024.

4.5. Analysis of Irrigation Area Identification Accuracy and Change Analysis

Irrigation area distributions from 2022 to 2024 derived from KNN, SVM, and RF
algorithms are mapped in Figure 13. The RF algorithm demonstrated superior performance,
achieving consistently higher overall accuracy (OA) and Kappa coefficients than both
counterparts across all three years (Figure 14). Specifically, RF attained OAs of 91.00%
(2022), 88.32% (2023), and 87.78% (2024) with corresponding Kappa values of 86.37%,
80.96%, and 80.40%. SVM closely followed, yielding OAs ranging from 86.36% to 90.01%
and Kappa coefficients between 76.57% and 83.14%. In contrast, KNN demonstrated
relatively lower performance, with OAs of 82.36% to 83.93% and Kappa values of 73.23%
to 79.80%. These results confirm RF’s enhanced capability for irrigation identification
compared to SVM and KNN approaches.

Over the three-year monitoring period, the study area demonstrated a 16.02 km2

expansion in identified irrigated areas, exceeding the 10.45 km2 increase documented
in official statistical records. This growth trajectory exhibits significant correlation with
regional water conservation policies. As a key implementation zone for efficient irrigation
technologies, the area has prioritized drip irrigation systems, low-pressure pipeline water
conveyance, and “electricity-for-water” metering techniques. These innovations have
substantially enhanced water-saving efficiency compared to traditional flood irrigation
practices prevalent a decade ago. Consequently, such policy-driven interventions have
simultaneously facilitated irrigated land expansion, stimulated agricultural economic
development, and induced multifaceted ecological consequences.
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Figure 13. Annual distribution maps of irrigated areas in the study region from 2022 to 2024 based
on classification of time-series remote sensing data.

 

Figure 14. Rising sun chart showing class-level accuracy metrics for irrigated area identification from
2022 to 2024, including producer’s and user’s accuracy.

Comparative analysis of irrigated area estimates from 2022 to 2024 (Table 6) reveals
discernible accuracy variations among the three classification algorithms across years. The
RF algorithm demonstrated minimal deviation (0.66% to 3.44%), attesting to its superior
robustness and estimation reliability. Conversely, SVM and KNN exhibited larger errors,
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with KNN particularly notable at 7.85% in 2024. Collectively, all algorithms achieved
strong concordance with statistical data, though RF consistently outperformed alterna-
tives, confirming the methodology’s practical utility for irrigated area delineation in the
study region.

Table 6. Comparison of irrigated area estimates obtained from remote sensing classification and
official statistics from 2022 to 2024.

Year Algorithm Calculated Irrigated
Area (km2)

Statistics
(km2)

Difference
(km2)

Value of
Error (%)

2022
RF 579.09

575.32
3.77 0.66%

SVM 596.63 21.31 3.70%
KNN 606.05 30.73 5.34%

2023
RF 580.61

576.07
5.29 0.92%

SVM 594.02 18.7 3.25%
KNN 599.15 23.83 4.14%

2024
RF 595.11

585.77
19.79 3.44%

SVM 614.49 39.17 6.81%
KNN 620.47 45.15 7.85%

5. Discussion
5.1. Comparison and Analysis of Classification Algorithms

This study utilized multi-source remote sensing data (2022–2024) for irrigated area
identification. Comparative analysis of three classification algorithms demonstrates the
superior capability of RF in handling complex datasets (Section 4.4). Under limited 2024
sampling conditions (n = 2674), RF achieved higher overall accuracy (87.77%) than SVM
(86.36%) and KNN (82.36%), with a Kappa coefficient (80.40%), exceeding that of SVM
(76.57%) and KNN (75.53%). RF also surpassed both algorithms in producer’s and user’s
accuracy for irrigated parcels. Conversely, with larger 2023 samples (n = 5065), RF main-
tained superior performance (OA = 88.33%; Kappa = 80.96%) compared to SVM (86.98%;
77.16%) and KNN (81.63%; 73.23%). These results indicate KNN’s limited suitability for
large-scale datasets, aligning with Kassouk et al. [49] who documented RF’s advantages in
stability, usability, and processing efficiency for Tunisian illicit irrigation well detection.

Analysis of sample size–accuracy relationships (Figures 3 and 13) reveals that 2024
(smallest sample: n = 2674) yielded lower RF accuracy (87.77%) than 2022 (91%), despite
2023’s maximum sampling (n = 5065) producing intermediate accuracy (88.33%). This
demonstrates that while sample quantity influences irrigation mapping accuracy, sample
quality exerts greater impact. Consequently, optimal classifier selection requires balancing
multiple factors including sample size, dataset complexity, and computational efficiency.
For complex multi-source remote sensing data, random forest represents a robust choice
for irrigation identification cartography.

5.2. Comparison and Analysis of Irrigation Identification Parameters

By integrating Sentinel-1, Sentinel-2, and MODIS imagery, we established comprehen-
sive time-series datasets including NDVI, SAVI, and TVDI vegetation indices, alongside
VV and VH backscatter coefficients. Comparative analysis demonstrates that NDVI and
SAVI time-series curves exhibit a unimodal phenological pattern—gradually ascending
to peak values in August before declining. Crucially, during the critical growth phase
(July–August), irrigated areas displayed substantially enhanced peak values relative to non-
irrigated zones; NDVI peaks reached 0.56–0.63 (irrigated) versus 0.30–0.56 (non-irrigated),
while SAVI peaks attained 0.83–0.94 (irrigated) compared to 0.46–0.84 (non-irrigated). This
pronounced peak disparity serves as a pivotal irrigation indicator, with SAVI exhibiting
superior discriminative capacity. TVDI trajectories proved less distinctive, though irrigated
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areas maintained stable or decreasing trends during July–August due to supplemental
watering, whereas non-irrigated areas displayed rainfall-dependent fluctuations (increas-
ing/stable/decreasing). Collectively, all vegetation indices demonstrated diagnostic utility
for irrigation detection, with SAVI delivering optimal performance.

Sentinel-1-derived VV and VH backscatter coefficients offer distinct advantages
through cloud-penetrating capability and moisture sensitivity. Integrating these attributes
with Sentinel-2’s rich spectral information and high spatial resolution effectively compen-
sates for spatiotemporal coverage limitations, enhancing irrigation identification accuracy
and reliability. Both polarizations exhibited significantly elevated post-summer-irrigation
peaks compared to non-irrigated areas; VV demonstrated 1.47–1.91 dB higher peak differ-
entials, while VH showed enhanced discrimination with 1.98–2.78 dB differentials. VH’s
superior performance originates from heightened sensitivity to volumetric water content
within cluttered canopies, yielding more pronounced scattering variations in irrigated
zones. These quantifiable polarimetric divergences establish VV and VH as robust indica-
tors for precision irrigation monitoring.

5.3. Uncertainty Analysis and Outlook

This study employed multi-source remote sensing data spanning 2022–2024, though
the quantity of ground-surveyed sample points in 2022 and 2023 was comparatively lim-
ited relative to 2024. While supplemental analyses integrated Google Earth imagery and
high-resolution satellite data to enhance coverage, and despite achieving robust final
identification accuracy, the sparser sampling in earlier years may introduce geolocational
uncertainties in historical datasets.

Several methodological uncertainties warrant consideration. Primarily, the feature
selection process did not fully leverage the high temporal resolution of TVDI, resulting
in attenuated time-series signatures that weakened irrigation identification robustness.
Secondly, the backscatter analysis employed only VV and VH polarizations; future stud-
ies should incorporate hybrid configurations (e.g., dual-polarized and fully polarimetric
modes) to enhance temporal resolution and optimize feature sets for irrigation detection.

Advancing beyond conventional machine learning, emerging deep learning architec-
tures show significant promise. The U-Net framework [50] enhances feature extraction,
ConvLSTM networks [51] improve spatiotemporal segmentation, and Transformer-based
models [52] enable directional object detection. These approaches demonstrate superior ca-
pability in processing complex geospatial data, offering pathways to enhance classification
accuracy and computational efficiency in subsequent research.

6. Conclusions
Water resources are increasingly scarce in semi-arid regions. This study aims to de-

termine irrigated areas within the study region, and provide a basis for calculating total
irrigation water consumption and managing irrigation water use with high spatial resolu-
tion. Using Sentinel-2 imagery, we constructed feature information including vegetation
indices, spectral characteristics, textures, shapes, and spatial structures. The RF algorithm
generated three-year land use type maps. Building on this, multi-source remote sensing
data established time-series vegetation index and backscatter coefficient datasets. Irrigation
identification maps were then produced using RF, SVM, and KNN algorithms.

Analysis reveals RF’s superior capability in handling complex irrigation data with
higher accuracy. Compared to SVM, RF does not require kernel function selection, simplify-
ing processing and shortening runtime. Relative to KNN, RF mitigates the dimensionality
disaster effect caused by extensive time-series feature datasets, which reduces KNN’s
classification accuracy.
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Regarding time-series features, SAVI demonstrates greater advantages than NDVI
and TVDI for irrigation identification in semi-arid areas, while VH outperforms VV for
backscatter coefficients. TVDI, VV, and VH show limited differentiation under insufficient
temporal resolution, emphasizing the need for adequate temporal resolution in irrigation
identification. Although Sentinel-1 and Sentinel-2 data show significant potential for
irrigation mapping, their 6-day revisit period may miss irrigation/rainfall events in areas
with complex rainfall patterns, diverse crop types, and multiple fertilizer applications for
vegetable crops. Future work should therefore focus on constructing higher spatiotemporal
resolution datasets to detect irrigation using fewer training samples.
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