
Geocarto International

ISSN: (Print) (Online) Journal homepage: www.tandfonline.com/journals/tgei20

Cropping intensity mapping in Sentinel-2 and
Landsat-8/9 remote sensing data using temporal
transfer of a stacked ensemble machine learning
model within google earth engine

Marziyeh Majnoun Hosseini, Mohammad Javad Valadan Zoej, Alireza Taheri
Dehkordi & Ebrahim Ghaderpour

To cite this article: Marziyeh Majnoun Hosseini, Mohammad Javad Valadan Zoej, Alireza
Taheri Dehkordi & Ebrahim Ghaderpour (2024) Cropping intensity mapping in Sentinel-2 and
Landsat-8/9 remote sensing data using temporal transfer of a stacked ensemble machine
learning model within google earth engine, Geocarto International, 39:1, 2387786, DOI:
10.1080/10106049.2024.2387786

To link to this article:  https://doi.org/10.1080/10106049.2024.2387786

© 2024 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group

Published online: 06 Aug 2024.

Submit your article to this journal 

Article views: 601

View related articles 

View Crossmark data

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=tgei20

https://www.tandfonline.com/journals/tgei20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/10106049.2024.2387786
https://doi.org/10.1080/10106049.2024.2387786
https://www.tandfonline.com/action/authorSubmission?journalCode=tgei20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=tgei20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/10106049.2024.2387786?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/10106049.2024.2387786?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/10106049.2024.2387786&domain=pdf&date_stamp=06%20Aug%202024
http://crossmark.crossref.org/dialog/?doi=10.1080/10106049.2024.2387786&domain=pdf&date_stamp=06%20Aug%202024
https://www.tandfonline.com/action/journalInformation?journalCode=tgei20


Cropping intensity mapping in Sentinel-2 and Landsat-8/9 
remote sensing data using temporal transfer of a stacked 
ensemble machine learning model within google earth 
engine

Marziyeh Majnoun Hosseinia�, Mohammad Javad Valadan Zoeja,  
Alireza Taheri Dehkordia� and Ebrahim Ghaderpourb 

aDepartment of Photogrammetry and Remote Sensing, K. N. Toosi University of Technology, 
Tehran, Iran; bDepartment of Earth Sciences & CERI Research Center, Sapienza University of 
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ABSTRACT 
This article aimed to map Cropping Intensity Patterns (CIPs) in the 
southwest region of Iran using Google Earth Engine and monthly 
composites of Sentinel-2 and Landsat-8/9 data. To detect CIPs 
with high inter- and intra-class variability of crops, a heteroge
neous Stack ensemble of machine learning model was developed. 
The model incorporated the Minimum Distance (MD) approach as 
a meta-classifier, combining multiple base models, including 
Support Vector Machines (SVM), Random Forest (RF), Classification 
and Regression Trees (CART), and Gradient Boosted Trees (GBT). In 
2021, the Stack model was trained and evaluated using Ground 
Truth (GT) samples from the same year, achieving an Overall 
Accuracy (OA) of 94.24%. This performance surpassed the base 
models by about 4% in OA and was also reflected in the detection 
accuracies, including User’s Accuracy (UA), Producer’s Accuracy 
(PA), and F1-score, of the target classes. Subsequently, the trained 
stack model was temporally transferred to generate CIP maps for 
other years. The model achieved high OAs of 91.82% and 90.97% 
based on GT samples from 2020 and 2022, respectively. Finally, 
the time series of CIP maps (2019-2023) were utilized by the 
Cellular Automata-Markov model to forecast the map for 2024.
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1. Introduction

The world’s population is growing rapidly, and the effects of climate change are putting 
pressure on farmers to increase crop production on arable lands (Smith 2013; 
MohanRajan et al. 2020; Shibabaw et al. 2023). Cropping Intensity Patterns (CIPs) are 
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used to determine how many crops are grown on a particular farm during a Cropping 
Year (CY) (Liu et al. 2020). There are two main types of CIPs: mono-cropping and dou
ble-cropping (Zhao et al. 2021). Mono-cropping involves growing a single crop on a farm 
in a CY, either in autumn or in spring. In contrast, double-cropping involves growing 
two crops in succession on the same land in a CY, one in autumn and one in spring. The 
different CIPs have different environmental impacts, such as water usage, nutrient 
requirements, and greenhouse gas emissions. This is due to the different methods used 
for drainage, irrigation, and fertilization of each CIP (Zhang et al. 2021).

Accurate mapping of the spatial distribution of CIPs is essential to evaluate their eco
logical impact and promote sustainable land management practices. Moreover, CIP maps 
can be used as a basis for crop type classification (Wu et al. 2018), providing decision- 
makers with a clear view of the area allocated to autumn and spring crops. This can be 
particularly useful in ensuring food security for societies (Liu et al. 2020; You and Sun 
2022). Therefore, it is crucial to map different CIPs accurately and continuously monitor 
their changes over time. The traditional methods of obtaining CIPs through field surveys 
and censuses can be costly, and time-consuming, and may provide limited and incomplete 
data (Ghosh et al. 2023). Remote Sensing (RS) satellite data has emerged as a valuable 
alternative for generating accurate, up-to-date, and detailed CIP maps by providing many 
advantages such as revisit capabilities, rich spectral information, promising spatial resolu
tions, and long historical records (Sishodia et al. 2020; You and Sun 2022).

Traditionally, low spatial resolution (�250 m) satellite images with short revisit cycles, 
such as Moderate Resolution Imaging Spectroradiometer (MODIS), have been used to 
generate agricultural classification maps of various target classes to monitor land cover 
changes (Gray et al. 2014; Ghaderpour et al. 2023; Shawky et al. 2023). However, due to 
their coarse spatial resolution, the phenomenon of mixed pixels occurs, making it difficult 
to identify CIPs accurately (Lobell and Asner 2004). Medium-resolution images like 
Sentinel-2 (S2) and Landsat-8/9 (L8/9) are better suited for agricultural applications as 
they provide more detailed spatial information and help mitigate the issue of mixed pixels 
(Khanal et al. 2020).

Most studies reviewed in the literature utilized multi-temporal RS data to cover the entire 
CY for generating agricultural-related maps (Pluto-Kossakowska 2021). This approach allows 
for a comprehensive understanding of phenological changes occurring throughout the grow
ing season, facilitating the accurate identification of different CIPs. Likewise, most studies 
mainly utilized a single source of RS data, either S2 or L8/9 (Rahmati et al. 2022; Mullapudi 
et al. 2023). However, combining these two data sources can enhance the density of 
cloud-free observations, as each satellite acquires data at different times (Shen et al. 2023). 
By synergistically using S2 and L8/9, it is also possible to generate detailed phenological 
time series, resulting in improved classification accuracy of CIPs since the temporal changes 
in agricultural lands can be more effectively observed (Gao et al. 2023).

The use of multi-temporal and multi-source approaches for RS applications can pose 
significant challenges due to the vast amount of data that needs to be stored and proc
essed (Taheri Dehkordi et al. 2022). However, in recent years, the emergence of GEE has 
simplified RS applications by providing a cloud-based processing platform (Gorelick et al. 
2017). GEE has been widely used in various fields, such as water resources management 
(Taheri Dehkordi et al. 2022), long-term land cover change detection (Sidhu et al. 2018), 
and land cover classification (Huang et al. 2017). With GEE, users can easily access Java 
and Python Application Programming Interfaces (APIs), which eliminates the need to 
download data for different tasks. This allows for the development of innovative classifica
tion approaches with enhanced accuracy using GEE’s capabilities. As a result, scientists 
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can obtain more accurate results in near real-time earth observation applications of RS 
data (Abdali et al. 2023).

Previous studies on mapping CIPs have used either phenology-based or traditional 
peak extractor methods (Guo et al. 2022). However, these methods have limitations due 
to variations in crop types and climate conditions that can cause significant changes in 
the duration of the crop growth cycle. In addition, peak extractor methods are susceptible 
to errors and uncertainties, making it necessary to employ multiple constraints to elimin
ate fake peaks (Xiang et al. 2019). These methods also disregard in-situ knowledge about 
crop phenology and intensity, leading to challenges in mapping CIPs across extensive spa
tial areas and multiple years (Yan et al. 2019; Guo et al. 2022).

To address these challenges, a classification approach that can effectively handle the 
high variabilities of crop products is necessary (Shao et al. 2016; Tao et al. 2022). Machine 
Learning (ML) models can be a suitable option as they have the capability to understand 
complex non-linear relationships within the data (Dehkordi et al. 2023, 2024). In RS appli
cations, various ML classification methods such as Support Vector Machines (SVM), 
Random Forest (RF), Classification And Regression Tree (CART), and Gradient Boosted 
Trees (GBT) have been utilized (Maxwell et al. 2018; Schulz et al. 2018). However, most of 
these methods rely on a single ML model, which can limit accuracy. To improve accuracy 
in detecting various classes, an ensemble model that combines different ML models has 
been shown to be effective (Rahmati et al. 2022; Abdali et al. 2023).

Ensemble models are generally classified into three types: boosting, bagging, and stack
ing (Zhang et al. 2022). The bagging algorithm assigns weights to hundreds of prediction 
function, regardless of their accuracy, which can lead to significant errors and computa
tional complexities (Saini and Ghosh 2017). Similarly, boosting methods are sensitive to 
anomalies generated by weak classifiers and require substantial training time (Galar et al. 
2012). Homogeneous ensemble models, such as bagging and boosting, use classifiers from 
the same ML algorithm. On the other hand, heterogeneous ensemble models use diverse 
classifiers from different ML algorithms, which can enhance performance by increasing 
the diversity within the ensemble model (Gonz�alez et al. 2020). Stacked ensemble models, 
hereafter referred to as Stack, are a type of heterogeneous ensemble model where a meta 
classifier combines and classifies the outputs from different classifiers, referred to as level 
one or base classifiers. Stack models are capable of constructing more sophisticated 
models compared to bagging and boosting techniques (Das et al. 2022), making them 
well-suited for classification of CIP classes with high inter- and intra-class variabilities.

Generating a CIP map for a specific year has value, but the ability to generate CIP 
maps for multiple years and forecast future maps can provide even more valuable insights 
for scientific and management purposes. However, the existing literature has overlooked 
the development of a framework that generates past and future CIP maps. The generation 
of CIP maps using ML models, whether for a single year or multiple years, requires GT 
data, which is often obtained through labor-intensive and time-consuming field surveys 
with economic and administrative constraints (Pettinger 1971). As the main contribution 
of this paper, a framework capable of generating a time series of CIP maps for previous 
years without the need for excessive GT data is proposed. Additionally, the proposed 
framework can generate CIP maps for future years by utilizing the time series of CIP 
maps and employing forecasting models. To achieve this, the knowledge of the trained 
Stack model is temporally transferred to generate CIP maps for different target years. 
This approach effectively leverages the information from a specific year to generate classi
fication maps for multiple years. Finally, the time series of CIP maps is utilized by the 
Cellular Automata-Markov (CA-M) model to forecast future CIP maps.
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The main objectives of this paper are as follows, and they are achieved by utilizing two 
sources of optical RS data (S2 and L8/9) to create a more comprehensive and temporally 
dense time series for better consideration of the phenological characteristics associated 
with the target classes (CIPs):

1. Identifying CIPs in RS data using a trained heterogeneous Stack ensemble model in 
2021. The model incorporates RF, SVM, GBT, and CART as base classifiers, with a 
Minimum Distance (MD) classifier serving as the meta classifier.

2. Generating a time series of CIP maps for 2019, 2020, 2021, and 2023 without the 
need for GT data from multiple years. This is achieved through the temporal transfer 
of the trained Stack model to different years.

3. Forecasting the CIP map for the upcoming CY (2024) using the CA-M model and 
the time series of previous maps generated by the Stack model.

2. Study area and datasets

2.1. Study area

The current paper selected Shahrekord (SHK) city as the study area which is in 
Chaharmahal and Bakhtiari (CHB) province in the southwest of Iran (Figure 1a). SHK is 
situated in the eastern part of the Zagros Mountain range, with an average elevation of 
2100 m above sea level (Figure 1b). The region experiences hot, arid summers and cold, 
snowy winters, with an average annual temperature of 11.7 �C and an annual rainfall of 
113 mm. The city has a population of approximately 400,000 people (D. Huang et al. 
2021). The study site consists of various land cover classes, including agricultural lands, 
soil and bare lands, urban areas, gardens, and trees (as shown in the 10-year average 
Normalized Difference Vegetation Index (NDVI) of this region (Figure 1c)). The region 
plays a significant role in contributing to the overall agricultural yield of the province and 
southwest parts of Iran. Both mono-cropping and double-cropping cultivation methods 

Figure 1. (a) Location of the study site in the southwest part of Iran and Chaharmahal and Bakhtiari province, (b) digital 
elevation model (DEM) of the study site (negative values of elevation indicate regions with elevations lower than mean 
sea level) and the orbit numbers of Sentinel-2 (S2) and landsat 8/9 (L8/9) images over the study site, and (c) the 10-year 
(2013-2023) average normalized difference vegetation index (NDVI) of the study site derived from L8/9.
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are employed for all croplands in this region. This means that both autumn and spring 
crops are cultivated. The main autumn crops include wheat and barley, while the main 
spring crops consist of corn, potatoes, and sugar beets. Additionally, alfalfa is another 
notable agricultural product cultivated in this region. Alfalfa exhibits a distinct pattern 
compared to other crops as it remains on a farm for multiple years after cultivation. 
Furthermore, unlike other autumn and spring crops, alfalfa is also harvested multiple 
times within a CY. Therefore, it is treated as a separate class in this paper, which is fully 
described in Section 2.3. The planting of autumn crops usually begins in November each 
year, while the harvesting of spring crops continues until almost the end of October the 
following year. Therefore, the complete CY in this region spans from November to the 
end of October of the following year.

2.2. Remote Sensing datasets

This research utilized two RS datasets: Sentinel-2 (S2) and Landsat-8/9 (L8/9). The S2 
mission is part of the European Space Agency’s (ESA) Earth Observation Copernicus pro
gram and involves two identical satellites, S2A (launched on June 23, 2015) and S2B 
(launched on March 7, 2017) (Drusch et al. 2012). Each satellite operates on a 10-day 
repeat cycle, which is reduced to 5 days when both satellites are used. Both S2A and S2B 
are equipped with a Multi-Spectral Instrument (MSI), which captures imagery using 13 
spectral bands. However, three of these bands are dedicated to atmospheric applications 
and were not used in this study. The remaining 10 bands, covering the visible, Near 
Infrared (NIR), and Shortwave Infrared (SWIR) regions from 496 to 2200 nm were used 
in this research. The study employed atmospherically corrected Level-2A (L2A) S2 images, 
which are corrected using the Sen2Cor module to provide Surface Reflectance (SR) values 
(Main-Knorn et al. 2017). The study area is entirely covered by a single S2 image with an 
orbit number of 39SVR (Figure 1b). It is important to note that S2 L2A data were only 
available from the end of 2018 over the study site.

The L8/9 data were also utilized as an additional source of RS data. These missions 
were launched as part of the Earth observation mission by the US Geological Survey 
(USGS) on February 12, 2013, and February 10, 2022, respectively (Wulder et al. 2019). 
Both L8 and L9 missions have a spatial resolution of 30 m. This research used SR prod
ucts from both missions, which have been corrected for atmospheric effects using the 
Land Surface Reflectance Code (LaSRC). Each mission provides a temporal resolution of 
16 days, which is reduced to 8 days when the data are combined. Therefore, due to their 
similar spatial, spectral, and temporal characteristics, the combination of L8 and L9 data
sets was considered as a single dataset referred to as L8/9 (Masek et al. 2020). Given their 
similar characteristics, this combination poses no challenges for the ML models and can 
potentially enhance the accuracy of CIP detection by enriching the phenological informa
tion associated with each target class (Kabir et al. 2023). Like the S2 dataset, bands rang
ing from visible to SWIR in L8/9 were also employed. It is important to note that L9 
observations were not available before 2022. Thus, only L8 data were used for 2019, 2020, 
and 2021. The study area is fully covered by a single L8/9 image acquired in row 38 and 
path 164 orbit (Figure 1b).

2.3. Ground truth dataset

The proposed framework of this study relies on the supervised classification using ML 
models; therefore, having reliable GT data for model calibration and validation is crucial. 
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To achieve this, extensive field visits were conducted to hundreds of croplands over three 
successive CYs: 2020, 2021, and 2022. These field visits ensured an adequate distribution 
of GT samples throughout the study site. Figure 2a,b illustrate the distribution of the col
lected GT samples, along with some images captured during the field surveys. The field 
visits took place in April, May, June, July, August, and September of each year, aligning 
with the peak growth period of autumn and spring crops in the study area. Each farm 
was visited multiple times per CY to accurately determine its CIP. During these visits, the 
corner coordinates of the farms were recorded using a Garmin eTrex 30 GPS device with 
an accuracy of less than 5 m. To mitigate the mixed pixel effect, the corner pixels were 
recorded with a minimum distance of 30 m from the surrounding land cover classes. It is 
worth mentioning that in the study region, autumn crops can rely on both rain-fed and 
irrigation methods, whereas spring crops and alfalfa are exclusively irrigated. Therefore, 
efforts were made to encompass both irrigated and rainfed autumn crops within the refer
ence dataset.

As a result of extensive field surveys, a comprehensive dataset was collected, consisting 
of five target classes was collected. These target classes are autumn mono-cropping (C1), 
spring mono-cropping (C2), double-cropping (C3), alfalfa (C4), and other land cover 
classes (C5). The number of GT samples for each year can be found in Table 1. Alfalfa is 
a notable agricultural product in the study area, with distinct cultivation and harvesting 
patterns compared to other crops. Unlike other crops that are harvested once in a CY, 
alfalfa is harvested multiple times within a CY. Furthermore, if a cropland is cultivated 
with alfalfa in one CY, it may continue to be under alfalfa cultivation in subsequent CYs. 
Therefore, a separate class was considered for alfalfa. The other land cover classes (C5) 
include reference samples of bare soil, urban areas, gardens, and trees. The reference sam
ples for urban areas were mainly derived from high-resolution Google satellite image 
interpretation. Figure 2c also illustrates the monthly distribution of NDVI values for the 
various target classes in the 2021 CY (from November to October). These values were 
derived from monthly mean composites of S2 data using the 2021 GT samples. The graph 
for C4 demonstrates the distinct pattern of alfalfa compared to other agricultural prod
ucts. Additionally, autumn crops (in C1 and C3) exhibit their highest level of greenness 
from April to June, while spring crops (in C2 and C3) reach their greenness peak from 
July to October.

The dataset for the year 2021 contains a higher number of samples (4981) compared 
to other years. Consequently, 2021 was selected as the reference year for training the 
proposed Stack model. During the training phase, 70% of the GT data in each class was 
utilized for model calibration, while the remaining 30% was set aside for model validation. 
It is important to emphasize that the validation data did not influence the training pro
cess. Subsequently, the trained model was temporally transferred to different years (2019, 
2020, 2022, and 2023) to generate CIP maps in those years. To evaluate the model’s tem
poral transferability, validation was conducted using the entire set of GT samples in 2020 
and 2022.

3. Proposed methodology

The proposed methodology (Figure 3) includes four main phases: 1) Dataset Preparation, 
2) Stack Model Development, 3) Temporal Transferability, and 4) The 2024 Forecast. The 
following sections provide a detailed description of each phase.
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Figure 2. (a) Distribution of the collected ground truth (GT) samples in three cropping years (CYs) of 2020, 2021, and 
2022, (b) some images captured during the extensive field visits in the study site, and (c) the normalized difference 
vegetation index (NDVI) distribution of various target classes derived from Sentinel-2 (S2) monthly mean composites 
in 2021 CY using 2021 GT samples. In the figure, ‘C’ stands for land cover class.
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3.1. Dataset preparation

This study utilizes the SR values of both S2 and L8/9 RS datasets for CIP mapping. This 
approach increases the number of observations for each cropland and provides more 
detailed phenological information for ML models (Shen et al. 2023). S2 L2A data are 
available from the end of 2018 in GEE (Section 2.2). Hence, this study focuses on map
ping different CIPs in the study region from 2019 to 2023. Additionally, L9 observations 
were not accessible before 2022. Therefore, for the years 2019, 2020, and 2021, only L8 
data was utilized. In addition to the spectral bands, this study incorporated NDVI for 
both S2 and L8/9 datasets. The NDVI is a widely used RS index, especially in vegetation- 
related studies, as it is highly correlated with the phenological characteristics of crops 
(Huang et al. 2021). It is calculated using the formula (NIR ̶ R)/(NIRþR) using the NIR 
and R (Red) bands of satellite images (Bhattacharjee et al. 2021).

Previous studies have shown that using multi-temporal S2 and L8/9 data is more 
effective than single-date scenarios in providing detailed phenological information and 
growth patterns (Pluto-Kossakowska 2021). In this study, multi-temporal S2 and L8/9 

Table 1. Number of collected ground truth samples in three cropping years: 2020, 2021, and 2022.

Target Classes Referred to

Number of Reference Samples

2020 2021 2022

Autumn mono-cropping C1 768 933 359
Spring mono-cropping C2 706 1456 288
Double-cropping C3 111 223 52
Alfalfa C4 659 713 310
Other landcover classes C5 1268 1656 576
Total 3512 4981 1585

Figure 3. Outline of the proposed methodology. The google earth engine (GEE) JavaScript-based code of the stack 
model and a part of the ground truth (GT) samples can be found online though the following link https://github. 
com/ATDehkordi/stack_ensemble_GEE.
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datasets were used for CIP mapping in each CY. The images were acquired within the 
complete CY of each year, from November of the previous year to the end of October of 
the target year. However, since S2 and L8/9 belong to the category of optical RS data, 
cloud coverage can be a limiting factor (Aljenaid et al. 2022; Singh et al. 2022). Thus, 
only satellite images with less than 10% cloud coverage were considered from the entire 
collection of S2 and L8/9 data over the study site. Potential cloudy pixels were also 
identified and removed from each image using the pixel quality attributes provided with 
S2 (’QA60’ band) and L8/9 (’QA_PIXEL’ band) data (Kumar and Mehta 2023). In some 
months of the target CYs (2019-2023), no images could be found with less than 10% 
cloud coverage. Moreover, the process of cloud removal may result in data gaps within 
the RS datasets.

Since the study aims to utilize the temporal transferability of the proposed Stack model 
to generate CIP maps in different years (from 2019 to 2023), it is crucial to ensure that 
the input features of the ML models remain consistent and similar across all years. To 
achieve this, the study employed the monthly mean composites of S2 and L8/9 data from 
April to October, resulting in a total of 7 composites for each dataset. This period was 
chosen as it provided gap-free datasets over the study area for all target CYs and 
coincides with the peak of greenness for both autumn and spring products, thereby 
incorporating critical phenological information into the input features of the ML models. 
The process of mean compositing also helps to mitigate potential data acquisition- and 
sensor-related noise present in the images (Selvaraj and P�erez 2023). The monthly compo
sites of S2 data were resampled using the bilinear technique to match the spatial reso
lution of L8/9 data (Silvero et al. 2021; Wang et al. 2022). Subsequently, the data from 
both sources were stacked together, resulting in a 30-meter data cube for four consecutive 
CYs (from 2019 to 2023). Each data cube was utilized separately to generate the CIP map 
of the study site in the target years. The proposed Stack ensemble model is introduced in 
the next phase, which employs the 2021 data cube and GT samples for model calibration.

3.2. Stack model development

This study proposes a Stack ensemble of ML models for classifying CIPs in GEE. The 
proposed Stack model combines the predictions of multiple base classifiers using a meta 
classifier to generate the final prediction. To ensure diversity in the Stack model, RF, 
SVM, GBT, and CART were selected as the base classifiers, as each model has its unique 
characteristics. Additionally, the MD classifier was also selected as the meta model 
because simple linear models can achieve higher accuracies in the Stack architecture 
(Alazba and Aljamaan 2021). It is important to note that although GEE has facilitated the 
process of RS datasets by providing an online cloud-based platform, these five ML models 
were the main classifiers provided by GEE at the time of conducting this research. In the 
proposed Stack approach, all base classifiers were trained separately using the same train
ing data. The outputs of the base classifiers are probabilities that indicate the likelihood of 
a sample belonging to different target classes (C1-C5). The meta classifier, trained using 
the same training dataset as the base models, utilizes these probabilities to determine the 
final class of a sample.

The RF utilizes an ensemble of decision trees to make predictions (Breiman 2001). 
Each decision tree within the RF is trained on a different subset of the training data and 
generates its prediction. Once all the decision trees have been trained, the RF combines 
their individual predictions through a voting mechanism. In classification tasks, the class 
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with the highest number of votes is chosen as the final prediction. RF involves several 
main input hyperparameters that need to be determined (Table 2).

The SVM aims to identify an optimal hyperplane that effectively separates different 
classes within the input feature space (Hearst et al. 1998). By finding the best hyperplane, 
SVM can efficiently handle data that is not linearly separable. This is achieved by the kernel 
trick, where a kernel function projects the input feature space into a higher-dimensional 
space. In this higher-dimensional space, the classes can be separated by a hyperplane. One 
of the most used SVM kernels is the Radial Basis Function (RBF), employed in this study. 
The other main input parameters of SVM are presented in Table 2.

The GBT is an ensemble learning technique that sequentially combines multiple deci
sion trees to make predictions (Friedman 2001). It is built on the concept of boosting, 
which involves training multiple weak learners, typically decision trees with shallow 
depths, to enhance the overall predictive accuracy. The GBT utilizes gradient descent opti
mization during the iterative training process of each weak learner. The main input 
hyperparameters of GBT are also summarized in Table 2.

The CART constructs a decision tree model for making predictions based on input fea
tures (Breiman et al. 1984). It utilizes a splitting criterion, which assesses the distribution 
of classes within a node, to determine the optimal division of data at each internal node. 
The CART follows a recursive partitioning technique to build the decision tree, iteratively 
splitting the data based on the selected splitting criterion. It creates a hierarchical struc
ture of decision nodes and leaf nodes, where each decision node represents a feature and 
a corresponding splitting condition, and each leaf node represents a predicted class or 
value. The input hyperparameters of this model in GEE are also displayed in Table 2. The 
MD classifier falls under the category of distance-based classifiers (Hodgson 1988). In the 
classification phase, the MD classifier calculates the distance between the feature vector of 
an unlabeled data point and the GT samples of each class. It then assigns the unlabeled 
data point to the class whose sample is closest in terms of distance. The distance metric 
in this approach can also be determined (Table 2).

The dataset for the year 2021 had a larger number of samples (4981) compared to 
other years (Table 1). Therefore, 2021 was selected as the reference year for training the 
Stack model. During the training phase, 70% of the GT data from each class in 2021 were 
randomly chosen for model calibration, while the remaining 30% was held out for model 
validation. It is important to note that the validation data did not influence the training 
process. To determine the optimal hyperparameters for each ML model (Table 2), a grid 
search approach was employed using 5-fold cross-validation on the training data (70% of 
GT samples in 202). Once the optimal hyperparameters were identified, each model was 
trained using the entire set of training data. For model development in 2021, the 

Table 2. The Input hyperparameters of different classifiers used in the proposed Stack model.

Model Hyperparameter Description Grid search space

RF Number Of Trees The number of decision trees to create. [10, 50, 100, 200, 300]
Variables Per Split The number of variables per split. [1-5, step ¼ 1]
Max Nodes The number of leaf nodes in each tree. [1-5, step ¼ 1]

SVM G The gamma value in the kernel function. [1, 5, 10, 100, 1000] � 10−4

C The cost parameter [1, 10, 100, 1000, 10000] � 10−3

GBT Number Of Trees The number of decision trees to create. [10, 50, 100, 200, 300]
Shrinkage This parameter controls the learning rate. [1, 10, 100, 1000] � 10−4

Max Nodes The number of leaf nodes in each tree. [1-5, step ¼ 1]
CART Max Nodes The number of leaf nodes in each tree. [1-5, step ¼ 1]

Min Leaf Population Nodes with at least this many points. [1-20, step ¼ 2]
MD Distance Metric The distance metric to use. ’Euclidean’, ’Cosine’, ’Mahalanobis’, 

’Manhattan’
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corresponding data cube of 2021 was used as the input for the Stack model. In the next 
phase, the trained model from 2021 is utilized to generate CIP maps for the years 2019, 
2020, 2022, and 2023, using the corresponding prepared data cubes (Section 3.1).

3.3. Temporal transferability

This study uses a trained Stack model from 2021 to create CIP maps for the years 2019, 
2020, 2022, and 2023 from the corresponding data cubes of these years (Section 3.1). It is 
important to highlight that, the proposed methodology employed mean monthly compo
sites of S2 and L8/9 data to generate RS data cubes. This approach was chosen not only 
for the reasons outlined in Section 3.1 but also because mean compositing provides a bet
ter assurance of feature similarity and consistency across different years, boosting the per
formance of CIP mapping in different years using the proposed Stack model. By 
leveraging patterns and relationships learned from the 2021 training data, the model 
accurately predicts data for multiple years without any excessive GT samples. This 
approach saves time and resources, while still providing valuable predictions for different 
periods. To evaluate the temporal transferability of the proposed Stack model, all the GT 
data from 2020 and 2022 were used for validation. None of the data from 2020 and 2022 
interfered with the training of the Stack model. Having CIP maps from multiple years is 
also crucial for forecasting future CIP maps, as the time series of maps captures change 
patterns that can be used to model the CIP map for the following year. Next, the gener
ated time series of CIP maps from 2019 to 2023 is used to model the CIP map of 2024.

3.4. The 2024 forecast

It is possible to generate a forecast map for 2024 using the time series of generated CIP 
maps from 2019 to 2023, with the help of the CA-M chain model. It is worth noting that 
the CA-M model has not yet been utilized for forecasting future CIP maps. However, it is 
widely employed for modeling both spatial and temporal changes in land cover types, 
aiming to foster sustainable land use development (Jana et al. 2022; Arfasa et al. 2023).

The CA-M approach combines the CA and Markov chain models. The CA model cap
tures the spatial dynamics of changes in the target classes by using the concept of cells 
(Norris 2012). The model takes into account the current state of a cell and its neighboring 
cells to determine the transition rules for updating the state of that cell in the subsequent 
time step. These transition rules are established based on the spatial patterns and rules 
observed in previous CIP maps within the study area. On the other hand, the Markov 
chain model characterizes the temporal dynamics of changes in the target classes 
(Norris 2012). The construction of the Markov chain is based on the observed historical 
transitions from one target class to another. The transition probabilities within the chain 
indicate the likelihood of a target class transitioning to another class in the next time 
step. The CA-M model takes into consideration both the local interactions among neigh
boring cells and the overall temporal trends observed in the transitions of the target 
classes. In this study, the number of iterations for the CA model was set to 10, as this has 
yielded the best results in forecasting future land use/cover maps (Jana et al. 2022). 
Additionally, the standard 5� 5 mean contiguity was employed for the CA-M model 
(Jana et al. 2022). To evaluate the accuracy of the CA-M model in CIP mapping in 2024, 
a map was first generated for 2023 using the previous Stack-derived CIP maps from 2019 
to 2022 (referred to as 2023CA-M). This map is then compared to the reference map of 
2023 derived from the proposed Stack model (referred to as 2023Stack). This comparison 
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serves to demonstrate the effectiveness of the CA-M model in modeling CIP changes. 
Once the performance of the CA-M model has been validated, it is utilized to forecast the 
2024 CIP map.

3.5. Evaluation metrics

To quantitatively assess the performance of the Stack model in 2021 and evaluate its tem
poral transferability in 2020 and 2022, the classification results were analyzed using the 
Confusion Matrix (CM) of the validation data and various CM-derived metrics. These 
metrics include Overall Accuracy (OA), Kappa coefficient, Producer’s Accuracy (PA), 
User’s Accuracy (UA) and F1-score.

The performance of the CA-M model in generating the 2023 CIP map (referred to as 
2023CA-M) was evaluated by comparing it with the CIP map generated by the proposed 
Stack model for 2023 (referred to as 2023Stack). The evaluation involved the use of several 
Kappa metrics and Quality Disagreement (QD) and Allocation Disagreement (AD) 
parameters (Table 3). It is recommended that Kappa metrics alone might not be sufficient 
for suitable validation of the CA-M model in forecasting CIP maps. Therefore, QD and 
AD were also calculated by comparing the entire 2023CA-M map with the 2023Stack map. 
The Kappa metrics (Kno, Kstd, and Kloc) have a range of 0 to 1, where a value of 1 indi
cates perfect agreement between the forecast map and the reference map, and a value of 0 
indicates no agreement better than chance. For QD and AD, lower values closer to zero 
indicate a better match between the forecasted and reference CIP maps. Additionally, the 
coefficient of determination (R2) was used to compare the total area of each class between 
the 2023CA-M and 2023Stack maps.

4. Results

4.1. Performance of stack model

The hyperparameters of various algorithms within the Stack model were initially tuned 
using 5-fold cross-validation on the training data from 2021 (Section 3.2). Subsequently, 
the entire training dataset was utilized to train the Stack model in 2021. It is important to 
note that, for the 2021 dataset, a combination of S2 and L8 datasets was utilized, as L9 
data was not available in 2021.

Table 3. Metrics for performance evaluation of CA-M model in forecasting CIP maps.

Metric Description

Kno This refers to the Kappa coefficient for no information, which assesses the overall 
agreement between the forecasted map and the reference map.

Kstd This is the conventional Kappa Index of Agreement, which compares the observed 
proportion of correct classifications to the expected proportion of correct 
classifications without the ability to accurately specify the location.

Kloc This is the Kappa coefficient for pixel-level location, which measures the success 
rate of accurately specifying the location. It is used to compute the spatial 
accuracy in the overall landscape.

QD This parameter assesses how similar a forecasted map is to a reference map in 
terms of the quantities (number of pixels) of different classes.

AD This assesses how similar a forecasted map is to a reference map in terms of the 
spatial allocation of different classes.

For more information, please see (Pontius 2000) and (Pontius & Millones 2011).
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Figure 4 depicts that the proposed Stack ensemble model performs better than other 
ML models in terms of OA and Kappa. The Stack model achieved an OA of 94.24% and 
a Kappa of 0.92, which is approximately 3.7% and 0.05 better than the second-best per
forming model, RF, which had an OA of 90.56% and a Kappa of 0.87. The poorest per
forming model was MD, with an OA of 78.59% and a Kappa of 0.71. SVM, GBT, and 
CART ranked third to fifth in terms of OA and Kappa for CIP classification. The results 
suggest that the proposed Stack model is the best choice for CIP classification among all 
the other ML models considered in this study.

The findings also suggest that the proposed Stack model reduced both omission and 
commission errors in the identification of target classes (Figure 4). The values of UA, PA, 
and F1-scores derived from the CMs in Figure 4 are also illustrated in Figure A1 for bet
ter interpretation. For example, for C1 with 280 validation samples, the Stack model 
accurately classified 264 of them, while the other classifiers achieved values of 257, 243, 
241, 236, and 219, respectively. This indicates that the Stack model outperformed the 
others in accurately classifying C1. The superior performance of the proposed Stack 
model is further evidenced by the F1-scores displayed in Figure A1. For instance, the 
F1-scores for classes C1 to C5 are 93.28% for C1, 98.27% for C2, 88.57% for C3, 92.73% 
for C4, and 92.72% for C5. These scores surpass those of the RF model, the second-best 
performing model, which achieved F1-scores of 90.65% for C1, 95.77% for C2, 73.38% for 
C3, 88.76% for C4, and 89.67% for C5. Consequently, it can be concluded that the Stack 
model enhances the performance of all base models across all target classes, with class C3 
showing the most significant improvement of approximately 15%. These results the Stack 

Figure 4. Performance evaluation of different machine learning models using validation data in 2021 (30% of the 
ground truth samples in 2021).
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model’s ability to improve the UA and PA of different target classes, resulting in the high
est OA and Kappa compared to other ML models.

To demonstrate the effectiveness of the proposed Stack structure, which comprises 
CART, GBT, SVM, and RF as base classifiers, various scenarios were tested (Figure 5). In 
these experiments, the meta classifier was fixed as MD, as it is recommended for the meta 
classifier to be a simple classifier (Section 3.2). It is evident that the Stack ensemble struc
ture improved the final OA compared to the single-classifier scenarios, regardless of the 
number of base classifiers. For instance, the best single classifier, RF, achieved an OA of 
90.56%. However, when combined with CART (CARTþRF), GBT (GBTþRF), and SVM 
(CARTþRF) in the two-base classifier scenarios, the OA increased to at least 91.59%. 
This trend is also observed in the three-base classifier scenarios. For example, 
CARTþGBTþRF achieved an OA of 92.58%, which is higher than the individual OAs 
of these base classifiers. The proposed Stack model with the four base classifiers yielded 
the best performance, achieving an OA of 94.24%. Therefore, the structure of 
CARTþGBTþ SVMþRF as the base classifiers and MD as the meta learner was selected 
as the proposed structure in this paper.

RF can also be considered as the primary contributor to the improvement of classifica
tion OA in the proposed Stack structure. This is evident when comparing the scenario of 
CARTþGBTþ SVM, where the OA is 89.54%. By including RF as one of the base classi
fiers, the OA increases by 4.7% (resulting in an OA of 94.24% for CARTþGBTþ
SVMþRF). SVM ranks second in terms of contribution, as the OA of CARTþGBTþRF 
increases by 1.66% compared to the scenario with all four base classifiers. GBT follows as 
the third, contributing an increase of 0.85% to the OA of CARTþ SVMþRF in the four- 
base classifier scenario. CART, on the other hand, only has a marginal impact, increasing 
the OA by 0.49% from 93.75% (GBTþ SVMþRF) to 94.24% (four-base classifier 
scenario). The greater impact of RF can also be observed in the three-base classifier and 
two-base classifier scenarios. This prominence of RF compared to other classifiers can be 

Figure 5. Analysis of the structure of the proposed stack model compared to different scenarios.
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attributed to its higher OA, while the other classifiers contribute in the same order as their 
individual OAs in single scenarios.

In the proposed Stack structure, both S2 and L8 RS datasets were used for 2021 (L9 
data were not available during this period). Figure 6 shows that when both S2 and L8 
were used, the Stack model achieved an OA of 94.24% and a Kappa of 0.92. However, 
when only S2 was utilized, both OA and Kappa decreased to 91.37% and 0.88, respect
ively. On the other hand, employing only L8 resulted in the poorest performance for the 
proposed Stack model, with an OA of 88.56% and a Kappa of 0.84. These findings 
highlight that the multi-sensor classification of CIPs yields higher accuracies compared to 
single-source approaches. Additionally, S2 demonstrates superior performance over L8 in 
identifying the target classes.

The utilization of both S2 and L8 datasets resulted in the highest PAs and UAs across 
all target classes. In terms of PAs, class C4 showed the greatest improvement when both 
S2 and L8 were employed, with enhancements of 4.67% and 10.28% compared to the S2- 
only and L8-only cases, respectively. For UAs, the most significant increase was observed 
in class C3, where UA improved from 63.04% (L8-only) and 73.17% (S2-only) to 84.93% 
when both S2 and L8 were utilized. These findings demonstrate the superior performance 
of the multi-source input features in the Stack model compared to using a single source.

4.2. Temporal transferability

The Stack model trained in 2021 was temporally transferred to the years 2019, 2020, 
2022, and 2023 to generate CIP maps using the corresponding prepared data cubes 
(Section 3.3). Table 4 indicates that when temporal transferability is employed, the pro
posed Stack model achieves the highest classification accuracies. In 2020, it obtained an 
OA of 91.82% with a Kappa value of 0.89, while in 2022, it achieved an OA of 90.97% 
with a Kappa value of 0.87. Compared to the second-best model, RF, the Stack model 
outperforms by approximately 4.5% and 5.3% in terms of OA in 2020 and 2022, respect
ively, demonstrating its superior performance in temporal transferability. These results 
indicate that the proposed Stack model exhibits better generalization to different years 
and provides more reliable outcomes compared to other ML models. CMs of 2020 and 
2022 in Figure 7 also depict that the majority of samples are correctly classified, confirm
ing the feasibility of temporal transfer of the proposed Stack model to generate time series 
maps of CIP for different years. The values of UA, PA, and F1-scores derived from the 
CMs in Figure 7 are also illustrated in Figure A2 for better interpretation. Among the 

Figure 6. Effect of using Sentinel-2 (S2) and Landsat-8 (L8) remote sensing datasets in the proposed Stack model 
using validation dataset in 2021.
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target classes, C2 achieved the highest F1-scores in both 2020 and 2022, with values of 
95.58% and 94.13%, respectively. Conversely, C3 recorded the lowest F1-scores, with 
values of 82.79% and 71.87%. These results are consistent with those from 2021 
(Figures 4, 6, and Figure A2), where C2 was the most accurately detected class and C3 
was the least accurate among the target classes.

The effectiveness of temporal transfer depends on the similarity and consistency of 
input data cubes of RS images across different years (Section 3.3). To achieve this, 
monthly mean composites of S2 and L8/9 datasets were utilized in this study, ensuring an 
equal number of features for the classification of CIPs. The high values of OAs and 
Kappas in 2020 and 2022 (Figure 7) also demonstrate the success of mean compositing in 
consistently representing the dynamics of CIPs monthly. In other words, this approach 
enables the generation of consistent features across target years, ensuring accurate map
ping of CIPs.

Figure 8 also shows that the proposed Stack model successfully generated CIP maps 
through temporal transfer. The maps exhibit low point-based noise, which is common in 
pixel-based classification techniques. It is evident that the majority of the cultivated area 
each year falls into the C1 category, as autumn crops like wheat and barley play a crucial 
role in ensuring food security. Following C1, C2 emerges as the most common CIP across 
all years in the study area. C3 and C4 alternate in the third and fourth places in different 
years. Among the target years, 2020 recorded the highest total cultivated area, reaching 
7123.22 ha. The significant increase in the area of C1 class, which includes both irrigated 
and rainfed crops like wheat and barley, in the study region over the past five years can 
be attributed to the unusually high levels of precipitation experienced at the end of 2019 
(Sherpa and Shirzaei 2022). On the other hand, 2022 exhibited the lowest cultivation 
area, with an area of about 6177.97 ha. There is an overall declining trend in total 
cultivation areas which can be attributed to the water scarcity problems of the region 
(Taheri Dehkordi et al. 2022, 2022).

Table 4. Temporal transferability of different MLs using the complete GT samples of 2020 and 2022 (Table 1).

Year Metric Stack RF SVM GBT CART MD

2020 OA (%) 91.82 87.32 85.94 85.82 80.35 74.47
Kappa 0.89 0.85 0.82 0.79 0.76 0.69

2022 OA (%) 90.97 85.68 84.91 84.55 78.95 71.22
Kappa 0.87 0.83 0.82 0.78 0.74 0.65

Figure 7. Confusion matrices of validating the proposed Stack model using the complete ground truth samples in 
2020 and 2022.
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It can be concluded that the area occupied by CIPs consisting of irrigated-only crops, 
specifically C2 (where all spring products are irrigated), C3 (where all spring products are 
irrigated), and C4 (where alfalfa is irrigated), has shown a consistent downward trend 
(Figure 8). This trend is particularly noticeable in C2 and C3, where the areas have 
decreased from 1501.07 ha to 1171.94 ha and from 1129.84 ha to 917.53 ha, respectively. 
The decline in these CIPs can be attributed to the significant reduction in water resources 
in the region, as reported in previous studies (Taheri Dehkordi et al. 2022). The area 
occupied by C4, which involves the cultivation of alfalfa, has exhibited more stability over 
time. This is because when a farm is cultivated with alfalfa, it can be harvested for mul
tiple years. On the other hand, the C1 category, which includes both irrigated and rainfed 
crops, displays the highest variability across the years due to the dependence of rainfed 
crops on seasonal precipitation patterns.

Frequency maps of Figure 9 indicate that a considerable portion of the croplands in 
the study site was classified as C1 (autumn mono-cropping) due to the cultivation of 
crops like wheat and barley, which fall under the C1 CIP. The second most frequently 
occurring CIP in the study site was C2, while C3 and C4 were less common. Notably, the 
frequency of croplands classified as C4 was higher than other CIPs. This can be attributed 
to the fact that when a cropland is cultivated with alfalfa, it often remains dedicated to 
alfalfa cultivation for several consecutive years.

Figure 8. Cropping Intensity Pattern (CIP) maps of 2019-2023 derived from the proposed methodology. All the area 
units are in hectares (ha).

GEOCARTO INTERNATIONAL 17



4.3. The 2024 forecast

The proposed Stack ensemble model was used to generate a time series of CIP maps for 
the study site from 2019 to 2023. Subsequently, the CA-M model was employed using the 
previous maps to forecast the CIP maps for 2023 and 2024. To evaluate the performance 
of the CA-M model in forecasting the 2024 map, the CIP map of 2023 generated by the 
CA-M model (2023CA-M) was compared with the CIP map derived from the Stack model 
(2023Stack). Based on visual inspection (Figure 10), it is evident that CA-M successfully 
and accurately forecasted the CIP map of 2023 based on the previous CIP maps. 
Additionally, Table 5 provides the values of evaluation metrics used to compare 2023CA-M 
and 2023Stack. The Kappa metrics attained values exceeding 0.78, while QD (0.01) and AD 
(0.06) exhibited low values close to zero. The values of these metrics collectively indicate 
minimal differences and a high level of consistency between the two CIP maps.

The effectiveness of the CA-M model is further demonstrated by comparing the culti
vation areas of different target classes in the 2023CA-M and 2023Stack (Table 6). The results 
revealed a strong correlation (R2 ¼ 0.98) between the areas obtained from the two maps. 
Additionally, the relative forecast error between the two maps using the CA-M model was 
less than 20% in all classes, compared to the 2023Stack. These findings prove the accurate 

Figure 9. Frequency maps of target classes from 2019 to 2023 derived from the proposed methodology. Each map 
displays the number of times that various locations within the study area being classified as the target classes over a 
span of five years (2019-2023).
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performance of the CA-M model in forecasting CIP maps. Consequently, it is expected 
that the 2024 map is also relatively accurate.

According to the forecasted CIP map of 2024 (2024CA-M in Figure 10), a total cultiva
tion area of approximately 6200 ha is anticipated for 2024, with C1 remaining the 

Figure 10. Comparison of 2023 Cropping Intensity pattern (CIP) maps derived from the proposed stack (2023Stack) 
model and cellular Automata-Markov (CA-M) (2023CA-M) model. The forecasted CIP map of 2024 using CA-M model is 
also provided (2024CA-M).

Table 5. Evaluation metrics, used to compare 2023CA-M and 2023Stack.

Evaluation Metrics

Kno Kloc Kstd QD AD

0.91 0.80 0.78 0.01 0.06

Table 6. Comparison of the areas of target classes derived from 2023CA-M and 2023Stack.

Year Model

Area (ha)

R2C1 C2 C3 C4

2023 Stack 3745.84 1371.94 917.53 1183.83 0.98
CA-M 3016.04 1516.34 879.43 1192.55

Relative Error (%) [(AreaCA-M – AreaStack)/AreaStack] −19.48 10.52 −4.15 0.73
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dominant CIP in the study region, covering an area of approximately 3000 ha. While 
there may be some errors in the 2024 forecasted map, as other parameters such as pre
cipitation, temperature, and soil conditions must be considered for accurate future CIP 
mapping, it still offers valuable insights into the study site. These insights can aid in 
informed decision-making, water management, and ensuring food security within society.

5. Discussion

5.1. Multi-source CIP mapping

This article proposed a methodology that combines S2 and L8 data for improved accuracy 
in CIP mapping. The results demonstrate that using a multi-source approach leads to bet
ter results (Figure 6). This is because S2 and L8 data are collected on different dates, 
allowing each sensor to complement the other and capture the phenological dynamics of 
various CIPs more comprehensively. Similar results have been reported in other agricul
tural studies, highlighting the superior performance of combining S2 and L8 (Shen et al. 
2023). However, this combination has not been widely used in CIP mapping. Most papers 
only focus on crop type classification. Other studies reported improved CIP classification 
by incorporating other sources of RS data. For instance, in one study, a combination of 
Gaofen-1 and MODIS satellite data led to increased classification accuracy (Xiang et al. 
2019). It is worth noting that S2 data achieved higher accuracies compared to L8/9 
when used for CIP mapping alone. This is due to the richer spectral information and 
denser temporal resolution (5-day interval) offered by S2 in comparison to L8 data 
(Wang et al. 2022).

5.2. Proposed stack ensemble model

This study introduced a novel ensemble framework for ML models known as the Stack 
model. The Stack model performs better than any of its constituent ML models (Figure 4
and Figure A1). However, some studies were unable to create ensemble models capable of 
surpassing the performance of each individual base ML model, which depicts the super
iority of the proposed Stack model (Vasilakos et al. 2020). In other studies, plenty of ML 
models were used in the ensemble structure to improve the classification accuracy 
(Rahmati et al. 2022). In contrast, the proposed Stack model leverages only five ML mod
els to enhance the accuracy of CIP classification. Notably, the superior performance of the 
Stack model extends beyond 2021 and exhibits consistent excellence when is temporally 
transferred to different years (Table 4, and Figure 7 and Figure A2). The proposed Stack 
model demonstrates superior performance due to several contributing factors: 1) The 
Stack model is a type of heterogeneous ensemble model that combines predictions from 
various base classifiers using a meta classifier. This diversity enables the model to capture 
a broad range of complex patterns and relationships in the data, leading to improved per
formance. 2) Stacking allows for adjusting predictions from the base models. The stack 
ensemble can learn to correct errors or biases present in individual base models, while the 
meta classifier can identify and weigh the predictions based on their reliability, mitigating 
the impact of individual model weaknesses. 3) Thirdly, the Stack ensemble demonstrates 
excellent generalization to unseen data by leveraging collective knowledge from diverse 
base models, which explains its superior performance in temporal transferability.

The results presented in Figure 4 and Figure A1, and Table 4 clearly indicate that the 
RF model outperformed other models such as GBT, SVM, CART, and MD in the 
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mapping of CIPs. While there have been few studies utilizing ML models for CIP map
ping, RF has consistently demonstrated superior performance compared to other ML 
models in landcover classification and crop type mapping (Palanisamy et al. 2023; Tariq 
et al. 2023). The superior performance of RF in this study can be attributed to several fac
tors. Firstly, the ensemble nature of RF, which combines multiple decision trees, helps to 
mitigate the biases and variances associated with individual trees (Saini and Ghosh 2017). 
Secondly, RF has the ability to capture complex, non-linear relationships in the data by 
randomly selecting subsets of features and training decision trees on these subsets 
(Maxwell et al. 2018). This flexibility allows RF to effectively model the intricate patterns 
present in the CIP data. Lastly, the random feature selection and bootstrapping techniques 
employed in RF contribute to robustness by reducing the impact of noisy or outlier obser
vations and minimizing the risk of overfitting to the training data (Zhang et al. 2022).

The proposed Stack model in this study has achieved remarkable accuracies in classify
ing CIPs. The model outperformed the state-of-the-art results reported in previous 
articles. For instance, previous studies using MODIS and Gaofen-1 data reported OAs of 
approximately 62% and 78%, respectively (Xiang et al. 2019). Another study reported an 
average OA of 89% for mapping different classes of CIPs (Liu et al. 2021). A recent article 
utilizing GEE and analyzing the peaks of temporal MODIS NDVI profiles achieved an 
OA of 85.3% (Gumma et al. 2022). In contrast, the proposed method in this research 
yielded an OA of around 95% during the training year. Even when transferred to other 
years without extensive training data, it still achieved a high OA of approximately 91%.

5.3. Temporal transfer

The superior performance of the Stack model allowed for the generation of CIP maps for 
different years without the need for extensive GT data collection, which is both costly and 
time-consuming. Moreover, even with sufficient resources for GT data collection, produc
ing CIP maps for past years would be unfeasible. However, temporal transferability allows 
for the effective mapping of CIPs in previous years. By utilizing a time series of CIP 
maps, forecasting models, such as CA-M, can be employed to generate a 2024 map. The 
success of CA-M in forecasting CIP maps (Tables 5 and 6) can be attributed to the tem
poral transferability of the Stack model, which could generate highly accurate CIP maps 
for different years. Although the 2024 forecast map may contain certain inaccuracies, as it 

Table 7. Possible confusions between the target classes of this study.

Target class
Discriminative 
characteristic

Main possible confusion 
with Reason

C1 Low greenness at the end 
of CY

C5 (grasslands and 
pastures)

- Similar greenness values in spring.

C2 Low greenness at the 
beginning of CY

C3 - Exhibition of greenness by C2 in the spring 
caused by the growth of crop residue 
from previous CY

C3 Low greenness between 
the autumn product 
harvest and spring 
product cultivation

C2, C4, and C5 (trees and 
gardens)

- Smaller number of training samples 
- Monthly mean features may not fully 

capture discriminative characteristic�

C4 High greenness 
throughout the CY

C3 and C5 (gardens and 
trees)

- High greenness throughout the CY by C3 
and C5 (gardens and trees)

C5 Mainly low NDVI values 
(except vegetation- 
related subclasses)

C1 - High intra-class variability of C5.

�Explanation: The reason why the utilization of both Sentinel-2 and Landsat 8/9 data led to the highest increase in 
User’s Accuracy (UA) for C3 (Figure 6) because of enriching phenological information.
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does not account for other influential factors such as precipitation, temperature, and soil 
conditions necessary for precise future CIP mapping, it still provides significant and valu
able insights into the study site. These insights can be instrumental in making informed 
decisions, managing water resources effectively, and ensuring food security for society.

The Stack model’s remarkable accuracies also validate the suitability of using monthly 
mean composites of S2 and L8/9 data to maintain consistency in input features across dif
ferent years (Figure 7 and Figure A2). Essentially, this approach ensures a more uniform 
and stable representation of the target classes, thereby enhancing the model’s capacity to 
generalize across various years. By averaging pixel values over a month, mean monthly 
compositing produces a smoother and less noisy depiction of the target classes, resulting 
in a more accurate representation. Additionally, mean compositing aids in reducing the 
impact of cloud cover and atmospheric conditions, further enhancing the model’s 
performance.

5.4. Confusion between target classes

In general, the Stack model proved to be effective in classifying the target classes (Figure 6). 
However, there are still cases where confusion arises between the target classes (Table 7). 
It is important to mention that there could be additional confusion in CIP classification 
that has not been summarized. Nonetheless, Table 7 provides a comprehensive overview of 
the challenges faced in CIP classification, offering valuable insights into the topic.

5.5. Future perspectives

The entire study was designed and implemented using the functionalities provided by 
GEE, which offers a wide range of RS datasets, significant computational resources, and 
multiple algorithms (Gorelick et al. 2017; Taheri Dehkordi et al. 2022). One of the key 
advantages of GEE is its ability to process satellite data online, eliminating the need for 
manual downloads. Since the datasets and methods employed in this research are publicly 
available within the GEE platform, the proposed approach can be implemented in large- 
scale and long-term studies thanks to the high-performance computing and parallel proc
essing capabilities offered by GEE (Huang et al. 2017). For future studies, an ensemble 
deep learning model will be developed to further improve the mapping of CIPs. However, 
it is important to note that users will need to process the data locally or utilize the capabil
ities of Google Colab, as GEE did not support deep learning models at the time of con
ducting this research. The scope of this paper was limited to assessing the temporal 
transferability of the proposed model within a specific region, stemming from the lack of 
reference samples in other regions. Future research can focus on evaluating deep learning- 
based ensemble models in both temporal and spatial contexts. By expanding the evaluation 
to encompass both dimensions, a more comprehensive understanding of the model’s per
formance can be obtained. Moreover, implementing data augmentation techniques to 
increase the number of training samples for different classes can also be pursued (Hao 
et al. 2023). Additionally, the inclusion of additional data sources such as Sentinel-1 (S1) 
can be beneficial. S1 data provides valuable information regarding the structure, geometry, 
and moisture content of various crops, which can significantly improve the classification 
accuracy of CIP detection (Sherpa and Shirzaei 2022). This paper only evaluated the tem
poral transferability of the proposed model in the same region. Future research can focus 
on evaluation deep learning-based models both temporally and spatially.
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6. Conclusions

Monitoring the dynamics of CIPs is crucial due to rapid population growth, climate 
change, and increased demands. In this study, S2 and L8/9 data from 2019 to 2023 were 
utilized to generate CIP maps for the southwestern regions of Iran. To accurately detect 
CIPs, a Stack ensemble structure of ML models was developed, considering the high inter- 
and intra-class variabilities of CIPs. The Stack model employed RF, SVM, GBT, and 
CART as base classifiers, with MD as the meta model. The Stack model was trained in 
2021 using GT samples from the same year, and the validation results in 2021 indicated 
its superior performance compared to each individual ML base model. The findings also 
suggested that utilizing multi-source classification (combining S2 and L8/9 data) yielded 
more accurate results than single-source classification (S2-only or L8-only). The trained 
Stack model from 2021 was then used to generate CIP maps for the years 2019, 2020, 
2022, and 2023. The temporal transferability of the model was evaluated using the GT 
dataset from 2020 and 2022, confirming its effectiveness in generating accurate CIP maps 
without excessive GT data. By generating an accurate time series of CIP maps from 2019 
to 2023, the CA-M model was employed to forecast the 2024 map, which provides 
valuable insights in land use planning and decision-making processes. The CA-M model’s 
performance was validated by comparing its 2023 map with the 2023 map derived from 
the Stack model. The results exhibited a strong agreement between the CA-M and Stack 
maps in 2023, indicating the efficacy of the CA-M model. This study provides valuable 
insights into the monitoring and forecasting of CIPs, which play a critical role in ensuring 
food security, shaping water management policies, and fostering environmental conserva
tion. The proposed methodology can be applied by researchers and scientists worldwide 
to investigate long-term changes in CIPs across various regions.
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APPENDIX 

Figure A1. User’s accuracy (UA), producer’s accuracy (PA), and F1-score values for performance evaluation of different 
machine learning models using validation data in 2021 (30% of the ground truth samples in 2021).
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Figure A2. User’s accuracy (UA), producer’s accuracy (PA), and F1-score values for validating the temporal transfer of 
the model trained in 2021 to the years 2020 and 2022, using the complete ground truth samples from both years.
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