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Abstract: Mapping irrigated areas using remotely sensed imagery has been widely applied to
support agricultural water management; however, accuracy is often compromised by the in-field
heterogeneity of and interannual variability in crop conditions. This paper addresses these key issues.
Two classification methods were employed to map irrigated fields using normalized difference
vegetation index (NDVI) values derived from Landsat 7 and Landsat 8: a dynamic thresholding
method (method one) and a random forest method (method two). To improve the representativeness of
field-level NDVI aggregates, which are the key inputs in our methods, a Gaussian mixture model
(GMM)-based filtering approach was adopted to remove noncrop pixels (e.g., trees and bare soils)
and mixed pixels along the field boundary. To improve the temporal transferability of method one
we dynamically determined the threshold value to account for the impact of interannual weather
variability based on the dynamic range of NDVI values. In method two an innovative training sample
pool was designed for the random forest modeling to enable automatic calibration for each season,
which contributes to consistent performance across years. The irrigated field mapping was applied to
a major irrigation district in Australia from 2011 to 2018, for summer and winter cropping seasons
separately. The results showed that using GMM-based filtering can markedly improve field-level
data quality and avoid up to 1/3 of omission errors for irrigated fields. Method two showed superior
performance, exhibiting consistent and good accuracy (kappa > 0.9) for both seasons. The classified
maps in wet winter seasons should be used with caution, because rainfall alone can largely meet plant
water requirements, leaving the contribution of irrigation to the surface spectral signature weak. The
approaches introduced are transferable to other areas, can support multiyear irrigated area mapping
with high accuracy, and significantly reduced model development effort.

Keywords: irrigated field classification; Landsat; NDVI time series; Gaussian mixture model; interan-
nual climate variability; regional analysis

1. Introduction

Globally, irrigated agriculture plays an important role in supporting agricultural pro-
duction; however, water availability in the irrigation sector is limited due to hydrological
factors, competing demands and the impact of climate change [1,2]. Water use efficiency is
also low, at approximately 50% worldwide [3]. Consequently, good planning and manage-
ment are of great importance to support sustainable development in irrigated agriculture
and secure food supply. Monitoring the performance of irrigation is an important com-
ponent of efficient irrigation management, which is assisted by accurate irrigated area
mapping. An irrigated area map is a fundamental input to understand irrigation water
demand, water allocation and efficiency. It is also one of the critical inputs to hydrological
modeling, water budgeting and decision making [2,4,5].

Remote sensing is useful for irrigated area mapping over large regions because it
provides comprehensive spatial data at relatively affordable costs in addition to global
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coverage [6]. Many papers have reported that irrigated areas can be successfully mapped
using different types of satellite instruments, such as optical sensors [4,7,8], and microwave
instruments, such as synthetic aperture radar (SAR) sensors [9-11]. When using optical
data, irrigated fields can be mapped by using a single representative snapshot at the critical
time (e.g., during peak season) or time series of images across the crop growing season [6].
Due to the seasonal nature of cropping practices, many classification methods use time
series data to inform the irrigation status of individual fields. Inputs to classifications
are commonly raw reflectance bands or multispectral indices that describe the distinctive
features of irrigated fields. Normalized difference vegetation index (NDVI) is perhaps the
most popular choice because (1) it has a good representation of green biomass that changes
with the growth of crops; (2) it is an easily accessible indicator that can be generated from a
wide range of optical satellites, including the CubeSats (e.g., PlanetScope constellation),
with minimal bands; and (3) it is a normalized indicator that reduces the dependence on
atmospheric calibration [12,13]. Numerous papers have proved the effectiveness of using
NDVI time series in irrigated area mapping all over the world [7,14,15]. However, most
existing irrigated area mapping studies have two key limitations when they are applied to
large regions that involve a large number of fields and/or over multiple years: they lack
good resampling methods of pixel-scale data to improve field-level data quality and they
lack temporally transferable methods to avoid errors due to interannual climatic variability
in multiyear classification.

While pixel-scale NDVI values are commonly used in classification, aggregating
pixel-scale NDVIs to the field scale can improve classification results. In contrast to pixel-
scale classification, which often leads to fragment classification results (known as the
“pepper and salts” problem), field-scale analysis delineates field boundaries as a prior
step so that irrigated areas can be displayed on “real object” (fields) [16-18]. Although
there is an increasing trend towards field-scale analyses for practical considerations [19],
limited attention has been paid to the potential errors introduced when aggregating pixel-
scale data to the field scale. In particular, most studies have used all pixels within a
field to calculate field-average data, assuming that agricultural fields are homogenous.
In reality, each cropping field is heterogeneous, with multiple types of objects in the
field [4,20-22]. Subfield-scale variabilities caused by noncrop patches, such as pixels from
bare soil patches, trees and buildings, as well as mixed pixels at field boundaries can be
included in the field-scale aggregation when all the pixel values within the field boundary
are used, leading to representativeness errors in field-scale aggregation. A few papers
attempted to minimize the effect of non-representative pixels in individual fields using
different filtering approaches [23-25]. For example, Conrad et al. [23] evaluated the field
boundary quality to avoid the accidental inclusion of pixels from the neighboring areas.
De Castro et al. [25] only used pixels that are completely within the fields or pixels that
have at least 50% overlapping area with the field for aggregation. However, most existing
filtering methods rely on simple thresholds to screen out nonirrigation or noncropping
pixels. One exception is Park et al. [26], who used Gaussian mixture modeling to separate
tree canopies and intertree spaces (i.e., soil, ground cover) in a horticultural field. Such
filtering essentially selects representative pixels for inclusion in canopy-scale or field-scale
analyses, but there has been no study in irrigated field classification that used model-based
methods to automatically select in-field representative pixels.

Another common challenge in irrigated field mapping is the development of a clas-
sification scheme that is robustly applicable to multiple years without manual parameter
tuning. Routine irrigated area monitoring is important for supporting multiyear irriga-
tion management due to the highly dynamic nature of irrigated areas in many regions.
Most published methods are designed to work over a short period (i.e., a single year
or a single season), with limited applicability to mapping dynamic field conditions over
multiple years [5,27]. Classification schemes developed under a certain time may not be
suitable for other times in the same area due to a variety of factors, such as the changing
climate [27]. The district-level mixture of irrigated and nonirrigated areas is particularly
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variable in response to interannual climate variations, and this can confuse classifiers. Some
papers have used a long-term average method to avoid recalibration [28]. Other papers
attempted to improve multiyear classification accuracy by developing innovative input
variables [27] or by combining training samples from multiple years for the development
of a comprehensive method/model [5]. However, there is a general lack of systematic
methods for performing automated classification across multiple years/seasons under
varying hydroclimatic conditions.

Motivated by the above limitations in irrigated field classification, this work presents
a statistical resampling method for field-scale pixel aggregation as well as two dynamic
classification methods to enhance the accuracy of irrigated field classification across years.
Time series of NDVI data and seasonal summaries of NDVI time series (NDVI metrics) from
Landsat were used as the inputs for the classification methods. The two key innovations of
this study are developing (1) a Gaussian mixture model (GMM)-based filtering method
that can automatically select representative pixels at individual fields to improve the
representativeness of input data for classification; (2) two temporally dynamic methods for
multiyear classification, both of which outperform a temporally static method used as a
comparator. The study was conducted in a modernized irrigation region—Coleambally
Irrigation Area (CIA)—in Australia from 2011 to 2018. The GMM-based filtering method is
applicable to any field-scale studies to improve the quality of input data, and the temporally
dynamic modeling framework is transferred to other irrigation districts to benefit regional
irrigation water management.

2. Materials and Methods
2.1. Study Area

The study area is the Coleambally Irrigation Area (CIA), a district with recently
modernized and automated canal-based water delivery infrastructure, located in southern
New South Wales, Australia (Figure 1). The district serves 79,000 hectares (ha) of irrigated
land with approximately 500 farms, which have an average farm size of 220 ha. The use
of dominant irrigated fields is for annual cropping, followed by pasture and irrigated
fruit trees. State forests and individual trees are scattered across the region, and there
are significant areas of dry-land grazing and cropping intermingled with the irrigated
land. The main irrigation season is across spring-summer—autumn from mid-August to
mid-May [29].

The cropping year is defined as the duration from the 1st of October to the 30th of
September, although the winter cropping season may extend to the end of November.
According to the local water utility, Coleambally Irrigation Co-operative Limited (CICL),
three dominant types of annual cropping patterns of this region are the following: single
summer cropping (October-April), single winter cropping (March-November) and double
cropping (October—April, March-November). Typical annual summer crops include corn,
cotton and rice, while typical winter crops are wheat, canola and barley. In addition,
winter is the typical growing season for rainfed pasture. There are also a small number of
farms growing perennial crops, such as almonds, wine grapes and citrus, in the CIA. The
proportion of each crop type varies from year to year depending on many factors, such as
water availability or crop prices (grower’s return) [30].

Figure 2 shows the seasonal rainfall and reference evapotranspiration (ETo) in the
CIA, which were calculated using the daily ETo and rainfall obtained from the nearby
Narrandera Airport weather station [31]. The average annual rainfall in the CIA is around
398 mm, with winter rainfall generally higher than summer rainfall, and there is substantial
interannual variability [31]. The average summer ETo is 1186 mm, largely exceeding the
average winter ETo, which is 397 mm. The long-term average temperature is 24 °C [31].
Due to the nature of the hot and dry summer in addition to the wetter and cool winter,
summer crops in the CIA rely heavily on irrigation, while winter crops can be rainfed or
supplementally irrigated.
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Figure 1. The study area—Coleambally Irrigation Area (CIA). The background image comes from the
true-color Landsat composite obtained in summer 2013-2014. The inserted map at the bottom-right
corner shows the location of the CIA in Australia.
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Figure 2. Summer and winter rainfall as well as the ETo from 2011 to 2018 in the CIA. The summer ETo
and rainfall were the accumulation of the daily ETo and rainfall from October to March, respectively,
and the winter ETo and rainfall were the accumulation of the daily ETo and rainfall from April to
September, respectively.

Irrigation water in the CIA is delivered to farms from the Murrumbidgee river through
the main channel and supply channels [32]. The actual amount of water delivered to a
farm/field in each season is capped by water allocation (allowing for any trading between
users), which is determined from the water availability in a given year. Water allocation
is affected by streamflows and reservoir storages in the upstream catchments; therefore,
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water delivered to a farm varies from year to year. Surface irrigation is the most common
irrigation method in the CIA [32].

2.2. Research Overview

Figure 3 presents the methodology of this paper. We classified irrigated areas at the
field scale—the typical management unit of land used for agricultural purposes with similar
crop cultivars and irrigation management. We firstly delineated field boundaries using
3-m-resolution PlanetScope data. Monthly Landsat 7 and 8 data were aggregated by field
to reproduce temporal changes in vegetation. Two different classification methods were
developed and evaluated, from which the best-performing method was selected to classify
fields for the entire study region.
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Figure 3. The flow diagram of the methodology. Sections 2.4.1,2.4.2,2.5.1,2.5.2,2.5.4,2.5.5 and 6.




Remote Sens. 2022, 14, 997

6 of 22

2.3. Data
2.3.1. Satellite Data

We used very-high-resolution satellite imagery (3 m) to delineate field boundaries
(Section 2.4.1). The composite image was derived from the Level 3B product of PlanetScope,
acquired on 30 August 2019, downloaded from the Planet Labs website [33]. Monthly
Landsat NDVI data were extracted at the pixel scale for the period of 2011-2018. These
were further filtered and aggregated to the field scale for classification (Section 2.4.2). Both
Landsat 7 (USGS Landsat 7 Surface Reflectance Tier 1) and Landsat 8 (USGS Landsat 8
Surface Reflectance Tier 1) images were used to construct false-color composites for the
visual inspection of training samples as well as to calculate pixel-scale NDVI data, which
was performed using the Google Earth Engine cloud platform [34].

2.3.2. Ancillary Data—Farmer-Reported Cropping Areas

Farmer-reported cropping areas for each irrigated crop type were collected and man-
aged by CICL. These data were used as an independent database with which to validate
the satellite-based classified cropping areas.

2.4. Data Preprocessing
2.4.1. Field Boundary Delineation

Delineating field boundaries is a prerequisite for field-scale irrigated area classification.
This is typically conducted by using either manual delineation or object-based image
analysis (OBIA) methods applied to satellite images [35]. OBIA first transfers the pixels into
small objects that are homogenous using image segmentation, and then further clusters
these objects by their spectral, geometrical and spatial features [36,37]. The ideal resolution
for satellite data for field boundary delineation is <10 m to ensure precision. Hence, we
used the Planetscope image which has a 3 m resolution. Field boundaries were assumed
to be static over the study period; therefore, the field boundary layer delineated using the
Planetscope image on 30 August 2019 was used for all tested years.

The image segmentation was performed using the Feature Extraction (FX) module
in ENVI [38], which applies edge-based watershed transform algorithms [39]. It is worth
noting that the parameter settings of algorithms have a direct impact on boundary accuracy.
Hence, inspired by Xu et al. [40], we used texture information, namely the gray-level
cooccurrence matrix (GLCM), to inform the best segmentation parameters for individual
fields. The essential idea is to explore the relationship between the GLCM variance and a
key segmentation parameter: scale level in the FX module. The GLCM variance can then
be used as an indicator to determine the optimal scale level for individual fields. Detailed
segmentation procedures are explained in Section S1 (Figures S1 and S2 and Table S1) of
the Supplementary Materials.

2.4.2. Field-Scale NDVI Filtering Using a Gaussian Mixture Model (GMM)

We used the normalized difference vegetation index (NDVI) [41] to separate irrigated
and nonirrigated fields, as recommended by many previous works [4,13-15]. A more
detailed justification for the use of the NDVI is provided in the Introduction section. The
NDVI is calculated using the red and near-infrared bands, and is commonly used to
represent green biomass, plant health and photosynthetic activity [42,43]. The assumption
is that irrigated fields are covered by a higher level of green biomass once crops are
established compared to nonirrigated fields. Landsat data were selected due to their good
spatial detail (30 m resolution) and long record duration, which fully cover the study period.
The typical 16-day return period of Landsat is halved over our study region, as the CIA
is in an overlapping area of two Landsat scenes (row 92 and path 84 in addition to row
93 and path 84). A cloud mask was applied which removed pixels labeled as “Cloud”
or “Cloud shadow” in the Land Surface Reflectance Code [44]. To reduce the impact of
cloud-contaminated pixels we used the maximum composite values method to extract
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the maximum monthly NDVI [45]. Any missing data for individual pixels were linearly
interpolated using the temporally neighboring monthly NDVI(s).

Field-scale NDVI values were derived by averaging the NDVI of representative pixels
selected using a GMM-based filtering method for individual fields. Specifically, this filtering
method was developed to select pixels that represent the actual field conditions and remove
within-field noncrop pixels, such as bare soil patches and trees. The overall process is to
(1) use the GMM to divide pixels into two clusters that hypothetically represent different
clusters of objects X and Y (e.g., crop and bare soil patches), (2) determine which cluster
is more representative for the field and (3) use pixels of the more representative cluster to
calculate the field-average NDVI.

Figure 4 demonstrates the GMM-based filtering method using an example field in
January 2018. The false-color composite shows the heterogeneity within the field, as crops
only cover the center of the field and the rest is fallow land (Figure 4a). Without filtering,
the field-average NDVI would be significantly reduced by the nonirrigated pixels displayed
in green in the false-color composite. A two-component Gaussian mixture model (GMM)
was thus applied to all NDVI values within the field, and thereby divided them into two
distributions (Figure 4b). A GMM is a probabilistic model that automatically assigns
observations to a predefined number of clusters (also called “component”, or k), assuming
observations in each cluster following the normal distribution [46]. We chose a bimodal
distribution (i.e., k = 2) because we assumed that pixels belong to either nonirrigated or
irrigated populations.

I | (R
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Figure 4. The flowchart of the GMM-based filtering method. (a) Field conditions; (b) applying 2-
component GMM on NDVI values; (c) the GMM decision tree; and (d) final results (the representative
pixels were shown with black dots).

A t-test was subsequently applied to the two-component GMM with component
distributions of N(y1,01) and N(pup, 02) to determine how statistically distinct the two
populations were (Figure 4c). The null hypothesis was that yi; = yp, that is, the pixel values
were from a single population. If the null hypothesis (p < 0.05) was rejected we concluded
that irrigated and nonirrigated pixels coexist, and GMM-based filtering is required. We
then selected the higher mean () as the field-scale NDVI, provided the number of pixels in
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N (pz, 02) exceeds 20% of the total number of pixels. Normally this representative Gaussian
distribution has more than 50% of the total pixels, but here we set a lower threshold of
20% to give priority to the distribution with a higher NDVI, while also ensuring that small
clusters of trees or weeds and deceptively high NDVIs are not treated as irrigated. If the
null hypothesis was accepted we assumed that the field is homogenous, with pixels from
one population. In this case, the field-level NDVIs were extracted from all pixels. For the
example in Figure 4, the GMM identified two clusters and identified the irrigated pixels, as
shown with black dots in Figure 4d, demonstrating the ability of GMM-based filtering to
reduce noise in the field-scale data.

2.5. Irrigated Field Classification

Decision-based classification methods are commonly used in irrigated field classifica-
tion studies [5,7]. We developed two temporally dynamic classification methods to detect
irrigated fields, both having the same basic building block—a decision tree—but using dif-
ferent strategies to make decisions. The first method (method one, the dynamic thresholding
method) applied threshold-based decision trees with an annually changing threshold to
classify irrigated and nonirrigated fields. The threshold was derived from the seasonal
maximum NDVIs from all fields using a Gaussian mixture model and a density slicing
function. The second method (method two, the random forest method) was developed using
the random forest algorithm, which was trained using an innovative training sample pool
that allows the classification rules to be updated for individual years. A baseline method
(method—Dbaseline) using the same structure of method one but with fixed thresholds was
used for comparison. The baseline method is a temporally static model that is commonly
applied in existing studies [7,47]. Comparisons against the baseline demonstrate the value
of using temporally dynamic models in multiyear classification.

2.5.1. Model Inputs—NDVI Metrics

Selecting an appropriate seasonal summary of NDVI time series (NDVI metrics) is
important to distinguish irrigated fields from nonirrigated fields. NDVI metrics were
selected based on the premise that (1) irrigated cropping fields exhibit more intense green
than nonirrigated fields and (2) irrigated fields have distinctive seasonal characteristics:
a low NDVI at sowing and harvesting and a high NDVI at the peak season. Hence, in
the thresholding methods (method one and method—Dbaseline) two critical features, namely
the seasonal maximum NDVI (abbreviation: MAX) and the NDVI range (abbreviation:
RANGE), were used (Table 1).

Table 1. Two critical NDVI features used in the thresholding methods.

Feature Name Abbreviation Description

Th.e seasonal MAX The maximum NDVI value within a season !.
maximum NDVI

NDVI range RANGE The maximum NDVI minus the minimum NDVI.

Note: if the minimum NDVI is less than 0.2, use 0.2.

1 Maximum NDVT is extracted from December to February for summer and from June to October for winter.

We developed a set of NDVI metrics as model inputs for the random forest classifi-
cation (method two). Method two can handle high dimensional problems [48]; therefore, a
total of 14 NDVI inputs were used to help the method better understand the interclass and
intraclass variation. These NDVI inputs include raw NDVI values and summaries of NDVI
time series, such as the timing of the NDVI reaching a certain value or the maximum rate
of increase in the NDVI. Detailed explanations of the 14 NDVI inputs are provided in Table
53 of the Supplementary Materials.
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2.5.2. Dynamic Thresholding Method (Method One)

Method one (dynamic thresholding method) used a simple decision tree with thresholds
applied to the MAX and RANGE to binarily classify fields (Figure 5). The threshold, «,
for the MAX is determined dynamically across years to cater for interannual variations in
the best separation point for irrigated and nonirrigated fields. This variation is primarily
due to different weather conditions between years. The selection of « is described in detail
below (step 1 to step 6). The RANGE threshold checks that the expected dynamic NDVI
behavior of irrigated crops is present; that is, that the NDVI increases from near zero to a
well-vegetated field before potentially declining. This eliminates fields with a constantly
high NDVI, such as areas of trees. This threshold is set at a fixed value of 0.4.

AX > a (o is the
ynamic threshold

l ,,

Irrigated Nonirrigated Nonirrigated
field field field

Yes

Figure 5. The decision tree for method one.

The determination of « is summarized as follows:

Step 1: for a particular year, extract the seasonal maximum NDVI (MAX) for all fields.

Step 2: apply a Gaussian mixture model (GMM) with the number of components (k)
selected based on the maximum Bayesian inference criteria (BIC) for models with k ranging
from 2 to 9.

Step 3: resample all MAX values (all fields) into k components, with each component
distributed as N(y;, 0;), where i is the component number.

Step 4: calculate the 5% quantile of each cluster (left tail) and combine clusters whose
5% quantiles are above and below 0.6, respectively. The comparison with 0.6 is to further
divide clusters into two populations to represent irrigated and nonirrigated fields. The use
of the 5% quantile within each cluster assumes that if more than 95% of pixels in a cluster
are above 0.6 (i.e., most of the fields in this cluster have reached a high NDVI within the
season), the cluster represents irrigated fields.

Step 5: calculate the mean and standard deviation for the two groups from step 4
(w01, up,o, where the subscripts [ and & represent clusters” 5% quantiles < 0.6 and >0.6,
respectively).

Step 6: calculate the dynamic threshold using the density slicing function (1):

p= POt (1)
o+ oy,

2.5.3. The Baseline Method (Method—Baseline)
We also generated a baseline model (method—baseline) that inherits the same structure
of method one but with fixed thresholds of both the MAX and RANGE. The method—baseline

serves as a control test, whose performance is thus compared with method one to demonstrate
the merit of using dynamic thresholds. The MAX and RANGE were set as 0.6 and 0.4,
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respectively, based on the manual inspection of arbitrarily chosen samples. This means that
any field that has a seasonal maximum NDVI larger than 0.6 and an NDVI range larger
than 0.4 was considered as an irrigated field.

2.5.4. The Random Forest Method (Method Two)

Method two used a popular machine learning algorithm—a random forest for classifica-
tion. The random forest algorithm has been increasingly used in irrigated land classification
due to its ability to handle high-dimensional data with good accuracy and efficiency [48,49].
The innovation in method two, compared to existing random forest classification methods, is
that it was retrained each year using a training sample pool constructed to account for the
impacts of changing weather conditions across years. Method two was implemented using
the R package “randomforest” [50].

Training Samples

Method two, as a supervised classification, requires the selection of training samples
for model development. Irrigated and nonirrigated samples were selected via the visual
interpretation of satellite imageries. Visual interpretation is an efficient sample collection
method compared to on-field collection, but the irrigation status requires verification using
robust lines of evidence [5]. The auxiliary data used for visual interpretation included
Landsat 8 false-color composites, monthly NDVI time series, very-high-resolution images
on Google Earth and fieldtrip information. The overall procedures of sample selection
were summarized as follows, and the detailed processes are provided in Section S2 in the
Supplementary Materials.

This paper created a novel training sample pool, aiming to minimize the effort involved
in sample collection while maintaining method two's transferability across multiple years.
One concern in multiyear classification is that the crop phenology (NDVI time series)
for some samples varies dramatically across time, which makes a model trained in one
year inapplicable for another [51]. One possible solution is to recalibrate the model using
samples from different years, but the sample recollection and model recalibration is a
time-consuming process. To solve this problem we first inspected the NDVI time series of
samples from different classes to determine which class(es) have high variation between
NDVI profiles across years. The classes that have consistent NDVI time series across years
are called “static” classes, and they can be kept unchanged in the training sample pool. The
classes for which NDVI time series change dramatically across years are called “dynamic”
classes, and samples in these classes need to be updated when model training is applied in
different years.

This paper designed 4 static classes (i.e., “irrigated cropping and pasture”, “unknown”,
“bare soil” and “perennial plantation” (Figure 6A,B)) and two dynamic classes (i.e., “nonir-
rigated grazing land” and “forest” (Figure 6C,D)) based on observations of field-level NDVI
time series and expert knowledge. It is worth noting that dynamic samples are only used for
winter classification when nonirrigated grazing land and forest fields show irrigated-like
features and could be potentially misclassified as irrigated fields. In summer, nonirrigated
grazing land and forest fields are very similar to “bare soil” or “unknown”, so their samples
were merged into these two classes rather than being established as separated classes.

Samples from the static classes, once collected within the CIA, were kept unchanged in
the sampling pool. Samples from the dynamic classes were collected from around the CIA
region or predefined state forest areas. We collected dynamic samples from the surrounding
CIA region because the functions of these fields are permanent (e.g., nonirrigated grazing
lands often maintain the same land use across years). We used the same locations every
year to obtain the dynamic samples and thus we only needed to update the data, which is
easily automated. All training samples were collected from a climatic normal year (2013-14)
and a dry year (2011-12) for the summer and winter seasons, respectively (Figure 7), in
which yellow as well as blue points represent static samples and green points represent
dynamic samples. The training sample numbers are summarized in Table 2.
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Validation Samples

NDVI

The validation sample pool is structurally similar to the training sample pool, except
that samples are collected independently for each year. The numbers of samples in each
class are summarized in Table S2 in the Supplementary Materials.
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Figure 6. (A) Examples of static fields in winter; (B) examples of static fields in summer; (C) nonirri-

gated grazing land samples collected via Google Earth; and (D) forest samples collected via Google

Earth. Images for nonirrigated grazing land and forests from Google Earth are displayed in Section S3
of the Supplementary Materials (Figure S3).
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Figure 7. Training samples for winter and summer classification. Each point represents a field. The
nonirrigated grazing samples were collected at the surrounding area of the CIA.

Table 2. The number of training samples in each class.

Irrigated Nonirrigated

. Bare . Perennial
Cr(?ppmg Soil Grazing Forest Plantations Unknown
Fields Land
Summer 55 25 - - 13 40
Winter 147 35 47 52 4 48

Notes: The percentage of irrigated and nonirrigated classes in the training samples are controlled to roughly
match the actual percentage across space.

2.5.5. Model Accuracy Assessment

A confusion matrix (CM) was used for validation in method one and method—baseline
(unsupervised methods), as well as for both training and validation in method two. An
N x N confusion matrix is a table used to evaluate the classification model performance
(N is the number of classes), which shows the number of correctly classified targets on the
main diagonal and the erroneously classified targets on the off-diagonal elements. The CM
for summer is a 4 x 4 matrix (i.e., irrigated fields, unknown, bare soil and perennial); for
winter it is a 6 X 6 matrix (i.e., irrigated fields, unknown, bare soil, perennial, nonirrigated
grazing land and forest). The CM was further merged into a 2 x 2 matrix, in which all
classes were assigned into either irrigated or nonirrigated groups.

The kappa coefficient is a widely used index to evaluate classification accuracy. It is
considered as a more advanced metric than the overall accuracy because it takes agreement
by chance into account [49,52]. Kappa coefficients for the various methods across years
were calculated using the 2 x 2 validation CM. The best-performing method (highest kappa
coefficients across years) was selected as the final method for irrigation field mapping.

2.6. Independent Accuracy Evaluation

When the best-performing method was selected based on kappa coefficients, the final
classified irrigated cropping fields for both seasons could be extracted. The total areas of
classified fields were aggregated over the district and locations of irrigated fields were
shown on maps. To draw a concrete conclusion on classification accuracy we also used the
farm-level reported cropping areas (Section 2.3.2) to independently evaluate classification
results. Independent evaluation is useful to avoid issues such as deceptive accuracy led
by dependency between training and validation samples drawn from the same heuristic
rules [52]. In this study the farmer-reported areas were aggregated over the district for
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each season across 2011 to 2018, and then compared with the total classified cropping
areas. Weather conditions for each season were also added to facilitate the interpretation of
the comparison. Specifically, we calculated the ratio of seasonal rainfall over the seasonal
ETo as the weather index (Figure 2), which indicates crop water availability from rainfall
and irrigation requirements in different seasons. A higher rainfall/ETo ratio means that
rainfall is able to supply a greater proportion of crop water requirement, and thus irrigation
might be reduced or ceased. In that case, rainfed cropping fields may not be subject to
significant water stress and are likely to exhibit irrigated-like NDVI time series as well as
be misclassified as irrigated fields.

2.7. Evaluating the Value of GMM-Based Filtering

We conducted classifications with and without GMM-based filtering to determine the
value of the GMM-based filtering method. We kept the trained best-performance model
unchanged and used it to repredict fields with nonfiltered data. The original classification
results from the best-performing model were set as Reference, and the new classification
results that were derived using nonfiltered data were set as Target. The differences be-
tween Reference and Target were considered as the errors raised by nonfiltered field-scale
data, which were quantified using a 2 x 2 confusion matrix (CM). In calculating commis-
sion/omission errors any irrigated fields in Reference that were classified as nonirrigated
in Target were considered as omission errors, and any nonirrigated fields in Reference that
were classified as irrigated in Target were considered as commission errors.

3. Results
The results are presented in the following order:

e In Section 3.1. we first compared the kappa coefficients for method one, method two and
method—baseline for winter and summer classification and selected the best-performing
method. A comparison between method one and method—baseline was also presented to
demonstrate the importance of using dynamic thresholds.

e InSection3.2. we summarized the total classified irrigated area from the best-performing
model and their comparisons with the farmer-reported areas (independent evaluation).
Classified irrigated cropping maps were also presented.

e In Section 3.3. we demonstrated the improvement in classification using the GMM-
based filtering method.

3.1. The Comparison of Method Performances

Figure 8 shows the validation accuracy (kappa coefficient) for the three methods
in each year. We found that method two had the best accuracy, with kappa coefficients
exceeding 0.9 in all tested years for both the summer and winter classifications. Method one
performs well in summer, but its performance is less satisfactory in winter (i.e., 2013-2016,
Figure 8). Nevertheless, method one still outperforms method—baseline for almost all years,
indicating the importance of using a dynamic threshold in multiyear classification. The
performance of method—baseline is limited by the static decision rules, which do not respond
to different weather conditions and therefore lead to very low performance in some years
(e.g., winter in 2016).

Figure 9 shows the comparison of the thresholds (MAX) used in method one and method—
baseline, which suggests that the difference between the dynamic and static thresholds for
both winter and summer are changing year to year. All dynamic thresholds in both seasons
are larger than 0.6, suggesting the potential underestimation of the fixed threshold used in
method—baseline. Furthermore, the importance of interannual variability is demonstrated
by the dynamic thresholds varying over a considerable range (0.65 to 0.79 for summer and
0.64 to 0.80 for winter). This suggests that a higher static threshold would only partially
address the lower performance of a static method. The detailed results for method one are
shown in Figures 54 and S5 of the Supplementary Materials.
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3.2. Irrigated Area Estimation Using the Best Method (Method Two) and Independent Evaluation

Method two was selected as the final method based on its consistently good performance
across years and seasons. The total irrigated areas in the CIA estimated using method two
across years are summarized in Figure 10, in comparison with the farmer-reported areas
in the same season. The ratios of seasonal rainfall over the seasonal ETo are also shown
as weather indicators. We found that when the ratio is lower than approximately 0.4
the classified and reported areas have good agreement. When the ratio is above 0.4 the
discrepancy between the reported and classified areas becomes clear. This discrepancy
reaches its maximum in winter 2015-16, which also has the maximum rainfall /ETo ratio
of 1.31, and large numbers of rainfed cropping fields were included as irrigated in the
classified maps, which reduces the accuracy of classification.
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Figure 10. The classified irrigated areas (unit: ha) and their comparisons with the farmer-reported
areas. The ratio of rainfall over the ETo was presented as a weather indicator, showing the crop water
availability and irrigation requirement in each season.

Figure 11 presents the irrigated maps for 2011-2012, 2016-2017 and 2017-2018 because
these maps were considered the most reliable based on their comparison with farmer-
reported areas (Figure 10). The classified maps for the remaining years are shown in Figure
56 in Section S4 of the Supplementary Materials. Overall, the summer and winter fields are
scatted across the region without systematic spatial patterns of change from year to year.
Besides, the locations of the summer and winter irrigated fields change from year to year.

3.3. Benefit of GMM-Based NDVI Filtering

The classification results using nonfiltered data (Target) were compared with the
classification results using filtered data (Reference) to show the value of the GMM-based
filtering method. The omission and commission errors are summarized in Table 3. We
found that irrigated fields were more likely to be classified as nonirrigated fields (omission
errors) using nonfiltered data. Omission error is generally higher at the start of the study
period, for both summer and winter. This is most likely due to changes in field boundaries
across time, indicating that the use of static field boundary layers without an innovative
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filtering method could lead to the loss of detection of irrigated fields. The change in field
boundaries was also visualized using an example farm in two different years (Figure 12),
from which we can see a clear boundary change at the left-bottom of the farm. Detailed
discussions of Table 3 are presented in Section 4.1.2.
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Figure 11. The irrigated area maps for 2011-2012, 20162017 and 2017-2018. The class “Double
irrigated” represents fields that are classified as both summer and winter irrigated fields in one
cropping year.

Table 3. The commission and omission errors calculated by comparing classifications using filtered
and nonfiltered data.

Summer Winter
Year Omission Error Commission Omission Error Commission

Error Error
2011-2012 32.30% 0% 32.10% 0.20%
2012-2013 22.70% 0% 17% 0.50%
2013-2014 11.90% 0% 14.70% 0.20%
2014-2015 10% 0% 13.10% 1.10%
2015-2016 11.90% 0% 14.20% 5.10%
20162017 7.30% 0% 17.20% 0.50%

2017-2018 6.70% 0% 9.40% 0.30%
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Figure 12. The change in field boundaries shown by Landsat 8 false-color composite (band 5-4-3) in
an example farm in two different years.

4. Discussion
4.1. Classification Methods and Recommendations
4.1.1. Selection of Classification Method

We find that the overall classification accuracy is higher for summer than winter for
both method one and method two (Figure 8). Identifying irrigated areas in summer (dry
season) in this semiarid region is relatively easy, as high evaporative demand combined
with somewhat lower rainfall makes irrigated fields distinct from nonirrigated fields
(Figure 2). This is evident in the high accuracy (kappa coefficient > 0.85, Figure 8) for
all methods including method—baseline in summer, compared with kappa values often
below 0.8 in winter for method one and method—baseline. Since summer is the main irrigation
season, our results show a promising future for the routine monitoring of irrigated areas
in the CIA using remote sensing data and classification methods. Our results suggest that
summer irrigation area mapping in the CIA using any methods proposed in this study will
reach good accuracy with kappa > 0.85 (Figure 8).

In contrast, identifying winter irrigated areas is more challenging, as the low ETo
and high rainfall makes water no longer limited (Figure 2). In this case, simply relying on
one or two key features, such as the peak seasonal NDVI used in thresholding methods,
is not sufficient to differentiate the irrigated fields with nonirrigated grazing lands and
forests. For example, the seasonal peak NDVI for nonirrigated grazing land in winter
2016 reached 0.7-0.8 (Figure 6), which is similar to irrigated fields. We therefore need to
use multiple metrics from the time series of NDVI data to capture the minor differences
between irrigated and nonirrigated fields. A sophisticated model, such as random forest, is
more capable of handling large numbers of inputs than simple threshold-based decision
tree models in this case. More importantly, we develop an innovative training sample
pool for method two that allows for the classification rules to be automatically updated
season-by-season, leading to much more consistent performance in multiyear classification,
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as opposed to method one, which shows relatively low performances in the winters of
2013-2016 (Figure 8).

Comparing the two thresholding methods, we find that the accuracy for method one
is generally higher than for method—baseline (Figure 8). While both rely on thresholds to
make decisions, the improved performance in method one comes from the implementation
of the dynamic threshold. When field conditions, such as the peak season NDVI, change
in response to interannual weather variability, the threshold changes correspondingly.
For example, a higher threshold is given in wet winters (2016) compared to that in dry
winters (2013) (Figures 2 and 9). In this study, all dynamic thresholds for both summer
and winter are higher than the static value of 0.6 used in method—baseline (Figure 9). With
an underestimated threshold, method—baseline can misclassify some nonirrigated fields
as irrigated, thus leading to overestimates of irrigated areas and lower accuracies. The
improvement of method one compared to method—baseline indicates the importance of using
a dynamic threshold in the classification method to support multiyear irrigated mapping.
This is particularly important if the study region has large interannual variability in weather.

To summarize, method two is the most appropriate classification method for both wet
and dry seasons, while method one is more appliable for the dry season but still under-
performs compared with method two. Method one has a simple model structure with fewer
input requirements and no requirement for training samples; however, it is less accurate
in winter due to its simple model structure, which fails to distinguish the differences be-
tween nonirrigated and irrigated fields. In contrast, method two uses advanced machine
learning techniques, which shows better classification performance in complex situations.
Nevertheless, the performance of method two should not be exaggerated, as our indepen-
dent evaluation indicates that some rainfed cropping fields may still be misclassified into
irrigated fields in wet winters (high rainfall /ETo ratio, Figure 10). This is because rainfed
and irrigated fields exhibit highly similar land features when water stress is low, making
classification challenging.

4.1.2. Improvement in Classification Results with GMM-Based Filtered Data

By comparing the classification results predicted by method two using GMM-filtered
and nonfiltered data, we conclude that the GMM-based filtering method can effectively
reduce omission errors for irrigated cropping fields (Table 3). These errors are attributed to
the difference in field-scale data quality. When noncrop pixels are included in pixel-to-field
aggregation the NDVI profiles for cropping fields are distorted, leading to less detection
of cropping fields and the underestimation of cropping areas. The maximum omission
error is 32.3% (Table 3), indicating that up to approximately 1/3 of irrigated fields could
be missed with nonfiltered data. Interestingly, we find smaller omission errors when the
tested year is closer to the year that field boundaries were delineated (i.e., field boundaries
were delineated in 2019 and omission errors follow a generally increasing trend back to
2011, Table 3). This probably indicates the impact of changing field boundaries across time
(Figure 12) on classification. This error trend also indicates that the assumption of static
field boundaries may not be reliable, and that the frequent updating of satellite images and
field delineation is required. However, the costs of boundary delineation should also be
taken into account as the delineation process requires costly very-high-resolution satellite
images. Based on the results from this study, we consider regular updates of field boundary
as necessary for long-term analysis. At the same time, GMM-based filtering is an effective
filtering method that can improve field-level data quality and improve the quality of the
classification outputs.

4.2. Multiyear Irrigated Area Monitoring and Water Management

Overall, the annual summer irrigated area in the CIA is relatively stable compared
with the winter irrigated area (Figure 10). The is probably because summer and winter
irrigations are subject to different controlling factors. Since the CIA has a hot and dry
summer, rainfall plays a smaller role to compensate for crop evapotranspiration; summer
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crops rely mainly on irrigation. In this case, the total irrigation area in the district is
determined by the district-level water allocation in that particular year. If water allocation
is maintained at a medium-to-high level, a change in the annual irrigation area is expected
to be small. When water availability is low summer irrigation areas reduce markedly,
as observed in the 2015-2016 summer, which is the lowest water allocation year in the
study period (37%) [53]. In contrast, winter irrigation areas are more uncertain as they are
determined by both rainfall and water allocation. If rainfall is high the amount of irrigation
is reduced to a small proportion to act as a supplementary to support crop growth, and
if water allocations are low (and thus water prices high) winter irrigation cropping is less
viable. Due to the mixture of water sources that are dominated by rainfall, winter irrigated
areas change dramatically across years and are less predictable than summer irrigation
areas (Figure 10).

The variation in irrigated areas across years in the CIA also highlights the importance
of routine irrigation area monitoring in irrigation districts. The extent and locations of
irrigated fields change very dynamically from year to year, under the influence of complex
factors such as water availability, short-term weather conditions, commodity prices, long-
term climate changes and changing management practices [7,8,28]. Currently, irrigation
area monitoring systems are lacking in many irrigation districts, not to mention the avail-
ability of continuous and consistent high-resolution irrigated area maps [2,8]. Many parts
of the world still rely on static mapping of irrigated areas. The utilization of such static
maps may lead to unreliable analyses of water and food security management, irrigation
performance, irrigation allocation estimates and crop yield prediction.

Remote-sensing-based classification provides a good tool to support multiyear ir-
rigated area monitoring. However, one difficulty is that the phenology of some plants
changes with annual weather, which makes a well-calibrated classification model inaccu-
rate when transferred across years [6]. Conversely, recalibrating or redeveloping models for
individual years is time-consuming and impractical. This paper provides two temporally
dynamic methods to fill this gap. Method one is an unsupervised method that utilizes a
statistical summary of NDVI indices of all fields and generates a dynamic threshold to
better separate irrigated and nonirrigated fields in different years. Method two improves its
multiyear performance by using innovative combinations of training samples that allow
its classification rules to be automatically updated every year. Once trained for a district,
both models are fully automatic and computationally efficient. The approaches to method
development used here are highly transferable to other districts and to support long-term
irrigated area monitoring.

4.3. Study Limitation

We found the performance of method two in wet winters to be less reliable due to the
high vegetation cover on rainfed cropping fields. Future work could focus on establishing a
separate rainfed cropping class and involving more features than NDVI and NDVI metrics
that better capture the differences between rainfed and irrigated cropping fields. Another
limit relates to perennial crops, which have different seasonal NDVI profiles to annual
irrigated crops. These crops may be classified into the “perennial” or “unknown” classes in
method two, which were further marked as nonirrigated fields. Nevertheless, perennial crops
can be either rainfed or irrigated, but we lack ground samples in this study to explicitly
identify perennial crops. Despite the fact that perennial crops are not common in the CIA,
future studies could collect more information on ground samples of perennial crops to
obtain more complete classification classes in method two, which may further improve
classification results.

5. Conclusions

This paper focuses on developing field-scale data processing methods and temporally
transferable classification methods to support multiyear irrigated area mapping. We solved
two questions arising from current limitations in irrigated area mapping: (1) how to reduce
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the impact of within-field noise when converting pixel-level satellite data to the field-
level, and (2) how to develop classification models that can support multiyear irrigated
area classification with good accuracy by adapting between years. Key conclusions are
summarized as follows:

(1) The Gaussian mixture model (GMM)-based filtering method developed in this
study can automatically reduce within-field noises in individual fields, which reduces
misclassification errors by up to 1/3 for both summer and winter seasons.

(2) Two temporally dynamic methods based on field-level NDVI metrics proved to
be efficient in multiyear irrigated field classification. The random forest method (method
two) consistently demonstrated the best performance (kappa > 0.9 in validation) for both
summer and winter seasons in the study period (2011-2018), although classification errors
increase in wet winters (ratio of seasonal rainfall over the seasonal ETo > 0.4).
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