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Effective identification of crop types is fundamental for safeguarding food security. In this
context, satellite-based remote sensing (RS) data has emerged as a promising tool, offering
wide spatial coverage and high temporal frequency. However, due to the significant intra-
and inter-class variability among crop types, there remains a growing need for more
precise classification methods using RS data. This study proposes a novel supervised
parallel-cascaded architecture (Ensemble models) targeting seven crop classes. The parallel
component consists of five independent branches, each generating probability maps for
different target classes using multi-temporal Sentinel-1 and Landsat-8/9 imagery. These
maps were produced through various machine learning and deep learning classification
models. Subsequently, the generated probability maps from the parallel branches were
stacked and used as a new feature set fed into a meta-model in the cascaded structure. The
results demonstrated that the Convolutional Neural Network (CNN) algorithm achieved
superior performance in both parallel and cascaded components, making it the optimal
choice for both the base and meta models. The proposed architecture achieved an overall
accuracy (OA) of 94.79% and a Kappa coefficient of 0.937. These results highlight the
significant advantage of the parallel-cascaded structure over conventional classification
methods that simply stack RS data and feed it into a single model leading to a 6% increase
in overall accuracy. Future research could use higher-resolution distance assessments and
more accurate synthetic hybrid models.
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Introduction

Climate change and human activities have caused significant changes in the spatial distribution of agricultural
crops. Accurate and timely mapping of agricultural crops is essential for food security, optimal farm
management, and sustainable development goals. Remote sensing (RS) data have emerged as an efficient
alternative to traditional methods such as field monitoring because they offer wide spatial coverage, high
temporal frequency, and diverse spatial resolution. These data are divided into two categories: multispectral
(MS) and synthetic aperture radar (SAR). In this study, a combination of Sentinel-1 (SAR), Sentinel-2 (MS), and
Landsat 8/9 (MS) satellite data was used to improve crop classification accuracy. Accurate mapping of
agricultural crops using RS data is a challenging task due to the high intra- and inter-class variability caused by
crop diversity. To address this challenge, machine learning and supervised deep learning algorithms were used in
this study. However, it is important to remember that some machine learning models used in this approach may
perform better than others, leading to serious uncertainty. Hence, in this paper, a new structure called the
parallel-cascade structure is used.

Data and Proposed Method

Study Area: Agricultural lands of Mahabad city in northwest Iran, with a variety of crops such as wheat, corn,
beet, onion and alfalfa and orchard.

Utilized datasets:

«  Satellite Data: Sentinel-1 (SAR), Sentinel-2 (MS) and Landsat 8/9 (MS) multi-temporal images

»  Ground Reality Data (GT): collected through field surveys in 2023, including 345 training polygons.
Proposed method:

1. Data preprocessing: cloud removal, generation of monthly composites and sampling at 30 m resolution.

2. Parallel structure: using five feature collections (FC) including spectral bands and vegetation indices
(NDVI, NDWI, NDBI, EVI, SAVI) and VV and VH bands of Sentinel-1 satellite as input to machine
learning models.

3. Base model selection: evaluating CNN, RF and SVM maodels in each branch of the parallel structure
with 5-fold cross-validation.

4. Cascade structure: combining the output probability maps from the parallel structure and evaluating
CNN, RF and SVM models for final classification.

Discussion and Results

* The base model selection: CNN performed best in all branches (OA = 81-76%). Selecting the best
machine learning model in each branch of the parallel structure reduces any negative impact of low-
performing models when combined in the cascade section.

« In terms of overall accuracy and kappa coefficient, branches based on vegetation indices performed
better than branches based on spectral bands as well as VV and VH bands from Sentinel-1.

»  The meta model selection: CNN outperformed RF and SVM models with OA = 91.43% and Kappa =
0.901 and was selected as the meta model.

»  The effect of data fusion: The simultaneous use of SAR and MS data improved the accuracy compared
to three-source, two-source and one-source methods, respectively.

» Once again, the feature set based on vegetation indices outperformed Sentinel-1 over spectral bands and
VV and VH bands.

» Parallel-cascade model and its comparison with the conventional method: The conventional method
consists of stacking spectral bands and vegetation indices and VV and VH bands. The proposed
method, which is the result of stacking the probability maps of each branch, showed 6% higher overall



- Journal of Remote Sensing and GIS D s
s 1 Applications Q ad
g in Environmental Sciences ji

rsgi.tabrizu.ac.ir B, w8

accuracy (OA) than the feature stacking method. The superior performance of the proposed set structure
can be attributed to several reasons, which are explained below. First, the parallel part consisted of five
parallel branches, each corresponding to a specific FC. These parallel branches produce PMs for each
target class and provide a multi-view representation of the data. Second, the classifier in the cascade
structure directly identifies the target classes from the output probability maps produced by the parallel
part. Third, the meta-model in the cascade structure used the collective knowledge of the parallel
branches in the parallel structure to make the final classification decision.

»  Uncertainty reduction: The output probability maps of the proposed method had a significant difference
between the first and second maximum values. So that the Skewness values obtained from the
histogram of the conventional structure and the proposed structure were equal to 0.22 and 1.81
respectively.

* From the viewpoints of producer accuracy (UA) and user accuracy (PA), the proposed method
generally outperformed the conventional method, and achieved the highest improvement in the onion
class, 10.96 and 8 percent, respectively.

Conclusion

This study proposes a machine learning-based parallel-cascade hybrid method for classifying agricultural crops
using multi-source satellite data from Sentinel-1, Sentinel-2, and Landsat8/9. The proposed method outperforms
conventional methods with an accuracy of 91.43% and, by reducing the uncertainty in classification, enables the
production of accurate crop maps at different scales. This approach can be used as an effective solution for crop
monitoring and agricultural management.

Keywords: Remote sensing, machine learning, supervised classification, ensemble model
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Figure 1. (a) Location of the study area in Iran, (b) Study site (Mahabad)
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Table 1. Spectral bands of S2 and L8/9 satellites used in this study
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Table 2. Number of specific points (pixels) of the field survey per class
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Figure 2. Different classes of the study area: (a) Corn, (b), Sugar beet, (c) Alfalfa, (d) Onion, (e)
Garden and (f) Wheat. (g) Distribution of Ground Truth samples
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Figure 3. Outline of the proposed framework
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Figure 4. Performance of Machine learning models in different branches of Parallel structure in terms of
OA and Kappa using 5-fold cross validation of training data.
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Figure 6. Performance of different models as the Meta-model in the Cascaded structure in terms of OA
and Kappa using 5-fold cross validation of training data.
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Figure 7. Effect of using different data sources based on the validation dataset. CNN is selected as the
Machine learning model in Parallel and Cascaded structures.
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Table 5. Certainity per class of proposed framework and stacking features model.
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Figure 8. Comparison of crop type classification maps of the study site derived from the
proposed methodology (Parallel-Cascaded) compared to the Stacking structure.
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Figure 9. Confusion matrixs of stacking model and Parallel-Cascaded structurs
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Figure 10. Comparison of the UA and PA of different target classes in the proposed method (Parallel-
Cascaded) and stacking structure using the validation dataset.
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