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Abstract: Crop classification is indispensable for agricultural monitoring and food security, but early-
season mapping has remained challenging. Synthetic aperture radar (SAR), such as RADARSAT
Constellation Mission (RCM) and Sentinel-1, can meet higher requirements on the reliability of
satellite data acquisition with all-weather and all-day imaging capability to supply dense observa-
tions in the early crop season. This study applied the local window attention transformer (LWAT)
to time-series SAR data, including RCM and Sentinel-1, for early-season crop classification. The
performance of this integration was evaluated over crop-dominated regions (corn, soybean and
wheat) in southwest Ontario, Canada. Comparative analyses against several machine learning and
deep learning methods revealed the superiority of the LWAT, achieving an impressive F1-score of
97.96% and a Kappa coefficient of 97.08% for the northern crop region and F1-scores of 98.07% and
97.02% for the southern crop region when leveraging time-series data from RCM and Sentinel-1,
respectively. Additionally, by the incremental procedure, the evolution of accuracy determined by
RCM and Sentinel-1 was analyzed, which demonstrated that RCM performed better at the beginning
of the season and could achieve comparable accuracy to that achieved by utilizing both datasets.
Moreover, the beginning of stem elongation of corn was identified as a crucial phenological stage
to acquire acceptable crop maps in the early season. This study explores the potential of RCM to
provide reliable prior information early enough to assist with in-season production forecasting and
decision making.

Keywords: early-season crop classification; synthetic aperture radar (SAR); RADARSAT constellation
mission (RCM); Sentinel-1; time-series; convolutional neural network (CNN)

1. Introduction

Crop monitoring is challenging on regional and national scales due to the uncer-
tainty of meteorological conditions and local land management decisions over growing
seasons [1–3]. In this context, crop classification based on remote sensing plays a piv-
otal role in providing foundational data for crop monitoring and diverse agricultural
applications [4–7]. Particularly, the practice of early-season crop mapping, involving the
identification of crop types during the initial stages or before harvest, has garnered sig-
nificant demand from businesses involved in crop insurance, land rental, supply-chain
logistics, and commodity markets [8,9]. Nonetheless, this process faces substantial research
gaps due to limited satellite observations and the scarcity of current-year crop labels, which
impede effective early-season crop identification.

Several early-season mapping methodologies have been developed to effectively
classify crop types, even in situations where there is limited or no ground truth data
available for the current year. These approaches leverage historical data to generate crop
labels and prior information for early-season crop identification [9–12]. For instance,
utilizing a phenological metric and meteorological data derived from MODIS NDVI time
series within a predefined time frame, the study takes into account the variability in crop
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development across different climatic zones. The employment of a Gaussian mixture model
(GMM) in one such approach enables the discrimination of winter crops from other crops
with a lead time of 1.5 to 2 months before harvest [13]. Moreover, the phenology-based
approach has been also used to differentiate winter wheat from other crops by comparing
the seasonal changes in vegetation index across all croplands with a standard seasonal
change derived from known winter wheat fields. The study successfully produced winter
wheat maps for 11 provinces in China from 2016 to 2018, achieving producer’s and user’s
accuracies higher than 89.30% and 90.59%, respectively [14]. Using a sample transfer
strategy, the topology of different crop types in the spectral feature space was employed to
generate labels, thereby supporting crop classification in a different year [15]. Nevertheless,
it is important to note that these transfer strategies heavily rely on historical crop labels,
making them challenging to apply in regions with limited labeled data [16]. Furthermore,
these methods can only be applied in limited crop types and specific regions, while the
difference in meteorological conditions and local farm management can pose significant
challenges and potentially lead to the failure of these methods [17].

With the accumulation of massive satellite data, using the incremental procedure
and dense remote sensing data from multi-source in the early season can achieve high-
accuracy crop identification. It consists of performing a supervised classification every time
a new image acquisition is available using all the previously available imagery [18]. This
setup allows to analyze the evolution of the mapping quality as a function of time and
therefore determine at which point in time the crop identification reaches an acceptable
quality. Not only high temporal resolution optical sensor data were used but also synthetic
aperture radar (SAR), which can meet higher requirements on the reliability of satellite
data acquisition with its all-weather and all-day capabilities, was applied [19–21]. Using
multiple scenes of TerraSAR-X and RADARSAT-2 data, the early-season map of corn and
soybean in eastern Canada was identified using a decision tree method. It found that corn
could be accurately identified by the end of June, a mere six weeks after nominal planting.
However, soybeans required additional acquisitions of TerraSAR-X and RADARSAT-2 [22].
The incremental classification scheme can not only monitor the accuracy evolution but also
determine the stopping dates to make sure of two objectives of earliness and accuracy [23].
The development of SAR constellation systems in recent years, such as Sentinel-1A/B and
RADARSAT Constellation Mission (RCM), increased the opportunity to build temporally
rich datasets in the early weeks of crop growth [24,25]. RCM, as a novel SAR satellite
constellation provided by the Canadian Space Agency (CSA), offers multiple polarization
modes including single, dual, full, and compact polarization. This diversity enhances its
utility for various Earth observation applications. Conversely, Sentinel-1, operated by the
European Space Agency (ESA), stands out as the most utilized SAR data source due to
its global coverage, accessibility, and no-cost access. Both RCM and Sentinel-1 operate in
the C-band radar frequency and offer frequent revisit observation intervals, typically less
than two weeks. These characteristics make them well-suited for precision agricultural
applications, particularly in crop monitoring. To our best knowledge, there is no study that
has examined the potential of RCM for early-season crop mapping.

To effectively mine the key information in time-series satellite images, deep learning
methods have been widely applied in early-season crop mapping in recent years. In
order to determine the earliness of prediction of crop cover maps, an End-to-End Learned
Early Classification of Time Series (ELECTS) model was proposed, which can estimate
a classification score and a probability of whether sufficient data have been observed to
come to an early and still accurate decision [23]. Starting from yearly static reference
and characterizing the different crop presence temporally by performing a phenological
analysis of historical time series, the short-term ground truth maps, which specifically
for Sentinel-2 feature a 5-day reference, were generated. The study presented using 3D
convolution neural network (CNNs) to generate a crop map of the current season at a
specific point in time as well as all intermediate maps during the season able to describe
in near real time the evolution of crop presence [11]. However, the main concern of deep
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CNNs is that they demand more training data to fit rapidly increasing model parameters,
leading to a high demand of computational resources [26,27]. The architectures with
more layers and parameters such as VGG-16, AlexNet, and ResNet require more training
data to fit the model parameters, which are not easy to be used for the small training
data applications [28,29]. Although the transfer learning scheme based on deep learning
approaches helps to gain crop mapping results in transfer sites, abundant historical labels of
crop type are required [30]. Recently, attention mechanisms have been successfully applied
in vision applications, e.g., weed detection and the crop classification of high-resolution
UAV images [31]. However, the utilization of the attention mechanism is constrained by the
high computational cost, given that the number of pixels in a satellite image far exceeds the
number of units of words in natural language processing. Jamali et al. [26] proposed a local
window attention transformer (LWAT) for polarimetric SAR image classification, which can
balance the size and receptive fields and computational cost. Consequently, this paper aims
to address three research questions: (1) Can the LWAT be applied to achieve early-season
crop classification using multi-source time-series SAR data? (2) Does Sentinel-1 with dual
polarimetry or RCM with compact polarimetry outperform the other for early-season crop
mapping? (3) What is the optimal date and phenological stages to obtain an acceptable
crop map while ensuring timeliness?

To address the research questions, this study aims to explore the potential of time-series
Sentinel-1 and RCM data for early-season crop classification. The LWAT is selected to apply
to this application. Unlike self-attention, LWAT enhances feature representation within
local contexts while significantly reducing annotation costs and hardware requirements.
The method was tested using Sentinel-1 and RCM, covering the period from 29 May to
12 July 2022, over two crop-dominated regions (corn, soybean, and wheat) in southwest
Ontario, Canada. The study quantitatively evaluated the performance of early-season crop
mapping using Sentinel-1 and RCM, providing an analysis of the accuracy evolution of
dominant crops. Finally, the optimal date and their corresponding phenological stage were
identified to achieve both earliness and accuracy.

The main contributions of this paper are as follows.

(i) The integration of the LWAT with time-series SAR data for early-season crop mapping.
(ii) A comparative analysis of the performance of Sentinel-1 and RCM for early-season

crop classification.
(iii) Determination of the optimal date and phenological stage to achieve both earliness

and accuracy for early-season crop mapping.

2. Study Area and Data
2.1. Study Area

Two crop regions near London City, southwest Ontario, Canada, were selected for this
study, as shown in Figure 1. The northern crop region (yellow rectangle) covers an area
of approximately 170 km2, while the southern crop region (green rectangle) spans around
200 km2. The major crops in this region include corn, soybean, and winter wheat. Here,
the early season is defined as the end of May to early July within six to eight weeks after
the spring seeding of corn and soybean. In contrast, winter wheat in this study site was
planted in October of the previous year and harvested in July of the following year [7,32].
Thus, the early season is only for corn and soybean in this study. Notably, in addition to the
fields planted with the above crops, some fields might be followed by growers and planted
with cover crops, such as alfalfa and forage [33]. These cover plants were merged into the
grass category, which needs to be discriminated from major crops. Other ground cover
types are woodland, build-up, and water.
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Figure 1. The locations of the study area, which are near the London City, southwest Ontario, Canada.

2.2. Ground Truth Data

The ground truth data for crop classification are from our annual crop inventory.
The ground survey was taken in the middle of July 2022. In this season, winter wheat
was matured and corn and soybean were easily identified. After recording locations
and crop types, manual digitization was carried out using ArcMap software based on
high-resolution satellite images like Planet Scope and Sentinel-2 to generate the crop-
type polygons (Figure 2). Finally, these polygons were converted into a ground truth
image and randomly divided into five datasets for training and validation at the pixel
scale. This division served to obtain the mean and standard deviation of accuracy by
conducting experiments five times. In total, 70% of the data were used for training, while
the remaining 30% served as validation data. For our study, patches with a local window
size of 12 × 12 were utilized for generating training and validation sets. In the case of
the northern crop region, a total of 378,647 patches were employed for training with an
additional 882,915 patches designated for validation. In the southern crop region, the
training dataset comprised 115,478 patches, and 269,252 patches were used for validation
purposes. Furthermore, phenology information for corn and soybean was collected using
the BBCH values [34]. The general phenology stages of corn are from leaf development to
stem elongation, while the stages of soybean are from leaf development to flowering. Some
field photos and their corresponding phenological stages are shown in Figure 3.
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Figure 3. Field photos for corn and soybean in the early season.

2.3. Satellite Data

In this study, satellite data from both Sentinel-1 and RCM were selected. Four scenes
of dual-polarization (VH and VV) Sentinel-1 data with the Interferometric Width (IW)
mode are provided by the ESA, as shown in Table 1. Although the ESA announced the
revisit time of using two satellites is 6 days, only Sentinel-1A was working in our study
site, and Sentinel-1B’s mission ended on 3 August 2022 due to an anomaly related to the
instrument electronics power [35]. Our study area is located in an overlap of two orbits
(orbit number 77 with an incidence angle of 31.5◦ and orbit number 150 with an incidence
angle of 41.5◦) of Sentinel-1, causing the data access frequency to be less than 12 days [7].
Six scenes of RCM data were provided by the CSA, spanning from 29 May to 12 July 2022.
Unlike the commonly used linear polarization modes, such as HH and VV polarization,
RCM utilizes compact polarimetry, transmitting right circular radar signals and receiving
horizontal (RCH) and vertical (RCV) directions [36]. Compact polarimetry offers richer
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information about SAR scattering compared to single and dual-polarizations and comes
with swath widths significantly larger than fully polarimetric modes [37]. RCM, with its
constellation of three identical satellites, has the capability to provide 4-day repeats and
more frequent revisits of any given target. In our study area, the typical revisit time for
RCM data is around 8 days, allowing us to capture changes and variations of crops at a
relatively high frequency. This temporal resolution ensures that earth observation does not
miss any phenological stages of crop growth, thereby enhancing the identification of crop
types using time-series SAR data. The spatial resolution of the RCM data used in our study
is 5 m, providing fine details for crop identification. This 5 m spatial resolution allows for
a clear delineation of field boundaries, providing more accuracy than SAR images with
coarser spatial resolutions. The combination of higher spatial and temporal resolutions
enables the effective monitoring of early-season crop types. For the northern crop region,
both Sentinel-1 and RCM covered the entire area, while only Sentinl-1 visited the southern
crop region.

Table 1. The list of Sentinel-1 and RCM image acquisition.

Acquisition Dates (2022) Satellite Corn Growth Stage Soybean Growth Stage

29 May RCM 2–3 leaves unfolded First pair true leaves unfolded

30 May Sentinel-1 2–3 leaves unfolded First pair true leaves unfolded

6 June RCM 4–6 leaves unfolded First pair true leaves unfolded

11 June Sentinel-1 6–8 leaves unfolded Trifoliolate on 2–3 nodes unfolded

14 June RCM Beginning of stem elongation Trifoliolate on 4–5 nodes unfolded

22 June RCM Beginning of stem elongation 3–4 side shoots visible

30 June Sentinel-1 First node detectable 7–8 side shoots visible

4 July RCM 1–2 nodes detectable Harvestable vegetative plant parts final

5 July Sentinel-1 1–2 nodes detectable Harvestable vegetative plant parts final

12 July RCM 4–6 nodes detectable 20–40% flowers open

3. Method
3.1. SAR Data Pre-Processing

The pre-processing steps applied to the Sentinel-1 and RCM data consist of radiometric
calibration, multilook processing, speckle filtering, co-registration, and terrain correction
using the SNAP software. The time-series SAR data were firstly processed with the
radiometric calibration, aiming to provide imagery where digital values directly relate to
the radar backscatter of the scene. After calibration, the digital values were converted to
sigma nought values using the appropriate calibration look-up tables. SAR images typically
exhibit inherent speckles, which can hinder image interpretation. To mitigate the influence
of speckle noise, the multilook processing was applied, which not only reduces speckle but
also allows us to generate an application product with a nominal image pixel size [22]. In
multilook processing, a single-look SAR image is averaged over a small sliding window
in both the azimuth and range directions in the space domain. This averaging process
helps to smooth out speckle noise while preserving important image features. For RCM,
3 looks in the range and 4 looks in the azimuth direction were used, while for Sentinel-1,
4 looks in the range and 1 look in the azimuth direction were used. In addition to multilook
processing, a speckle filtering technique using a 3 × 3 boxcar filter was applied for each
RCM and Sentinel-1 scene to further reduce speckle appearance. To create a coherent
time series of SAR images, co-registration was performed by selecting one image as the
master reference, and the other images were resampled to match the geographical raster
of the reference product. When SAR data are acquired from a satellite, the sensor is not
always directly overhead (nadir), resulting in oblique viewing angles. This oblique viewing
angle, combined with the uneven terrain elevation, causes geometric distortions in the
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acquired imagery. Terrain corrections are intended to compensate for these distortions
so that the geometric representation of the image will be as close as possible to the real
world. Lastly, the rectified image after terrain correction is output in the WGS84 geographic
coordinate system. Additionally, the spatial resolution of the raster grid for both Sentinel-1
and RCM data was standardized to 10 m. This adjustment ensured that the images from
both sensors had uniform dimensions and could be seamlessly compared and integrated
during subsequent analysis.

3.2. Local Window Attention Transformer (LWAT)

This study introduces a practical framework for early-season crop mapping by in-
tegrating the LWAT with time-series RCM and Sentinel-1 data. The LWAT, originally
proposed in [26], comprises two integral components: a feature extractor and a local win-
dow attention (LWA) module, which is depicted in Figure 4, offering a comprehensive
solution for effectively classifying crops in the early crop growing season.
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The feature extractor within the LWAT framework is intricately designed with a
hierarchical architecture, harnessing the capabilities of both 3D and 2D CNNs. Originally
intended to extract valuable insights from higher-dimensional polarimetric features, the
3D CNNs are employed in this study to process the time-series stack of backscattering
coefficients obtained from RCM and Sentinel-1. Effectively capturing spatial and temporal
features inherent in SAR data over crop regions, these 3D CNNs play a crucial role in
feature extraction. Through a sequence of three consecutive 3D CNN layers, the spatial
information of SAR data is thoroughly explored. Subsequently, a 2D CNN is introduced
to refine prominent spatial features, thereby optimizing computational efficiency without
compromising accuracy. Noteworthy is the specifications of kernel sizes for the 3D CNNs
(16, 32, 64) and the 2D CNN (12), which are tailored to the characteristics of the data. This
feature extractor, as corroborated by prior research [26], comprises three 3D convolutional
layers followed by a 2D convolutional layer, underscoring its efficacy in extracting pertinent
features essential for crop classification tasks. The resulting high-dimensional features are
then fed into the LWAT module to obtain a more representative feature representation.

The LWAT module plays a pivotal role in enhancing the classification process by
incorporating a local attention mechanism. Unlike conventional CNN architectures, which
utilize local receptive fields, typically a K × K grid, where each output pixel depends on
a small neighborhood of input pixels, the LWAT module adopts a self-attention mecha-
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nism that considers all input pixels when computing the new value of a pixel. However,
employing a too large receptive field may result in high computational costs.

The LWA mechanism addresses this challenge by allowing the localization of each
query’s receptive field within a defined window, thereby facilitating the efficient manage-
ment of receptive fields without imposing additional computational burdens. For pixels
within a specific window, the input sequence X is denoted as [x1, x2, . . . , xn] to represent
the original feature values. The transformer then converts X into three vectors, including
key (K), query (Q) and value (V), corresponding to different weight vectors (denoted as
Wk, Wq, and Wv), with dk representing the dimensionality of key values. The attention
map is generated using the following equation [38].

Attention(Q, K, V) = softmax
(

QKT + R√
dk

)
V (1)

where R represents the relative position bias, aiding in capturing positional information,
particularly in sequences. These biases enable tokens to attend more to nearby tokens and
less to distant ones. In contrast to the self-attention scheme, LWA restricts the receptive
fields of each token to the neighbor region [26]. This compromise between the size of
the receptive field and computational costs enables LWA to effectively capture intricate
spatial patterns from feature sequences while ensuring acceptable computational expenses.
Additionally, when the size of the local window exceeds the receptive field, LWA behaves
similarly to the self-attention scheme.

3.3. Comparison Methods

In this study, to underscore the performance of the LWAT, several traditional machine
learning methods as well as deep learning models are selected for comparison purposes.
These include the support vector machine (SVM), random forest (RF), VGG-16, AlexNet,
2DCNNs, ResNet-50, and Swin Transformer (ST).

Among the machine learning methods, SVM stands out as a well-established super-
vised learning algorithm renowned for its versatility in handling both linear and non-linear
classification tasks. By optimizing a hyperplane to separate classes within the feature
space, SVM demonstrates robust performance across various domains [1]. RF, an en-
semble learning technique, exhibits resilience to overfitting while effectively capturing
intricate relationships within high-dimensional data through the aggregation of decision
trees [7,8]. Deep learning models such as VGG-16 and AlexNet have revolutionized image
classification tasks with their hierarchical architectures and powerful feature extraction
capabilities [29]. VGG-16, characterized by its simplicity and depth, employs 3 × 3 convo-
lutional filters to extract features hierarchically, while AlexNet pioneered techniques such
as ReLU activation functions and dropout regularization. Additionally, 2DCNNs represent
a broad category of deep convolutional neural networks tailored for image processing
tasks, leveraging multiple layers of convolutions and pooling for feature extraction [23].
The ResNet-50 architecture introduces the concept of residual connections to alleviate the
vanishing gradient problem in deep networks, thereby facilitating the training of deeper
models. With 50 layers, ResNet-50 achieves remarkable performance in image classification,
object detection, and related computer vision tasks [39]. Finally, the ST model offers a novel
fusion of transformer and convolutional architectures, harnessing hierarchical designs to
effectively capture both local and global information within images [31].

3.4. Incremental Classification

In order to monitor the accuracy evolution and determine the optimal dates for early-
season crop mapping, the incremental classification scheme was applied. It consists of
performing a supervised classification every time a new image acquisition is available
using all the previously available imagery [18]. In the case of this study, every new SAR
acquisition, either the Sentinel-1 or RCM, triggers a new model training and prediction of
crop maps. Moreover, the incremental procedure was applied to not only the Sentinel-1 and
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RCM data individually but also to their combined dataset. This approach aims to compare
the performance of early-season crop mapping when using different datasets as inputs.

The validation protocol uses 70% of the reference data for training and the remaining
30% for validation. The random split between the 2 sets is performed at the pixel level,
which ensures that a pixel used for the training step is not used for the validation. Two met-
rics, including F1-score and Kappa coefficient, were selected to evaluate the classification
results quantitatively.

The LWAT approach introduced in the previous section was used for supervised
classification compared with other machine learning and deep learning methods. The
Adam optimizer with a learning rate of 0.001 and a dropout rate of 40% were applied
to improve generalization. To efficiently train the models, a batch size of 256 was set.
Leveraging the computational power of a GeForce RTX 3090Ti, the training process took a
few minutes to tens of minutes, depending on the volume of the SAR time series.

4. Experiment and Results
4.1. Crop Classification Using the LWAT with RCM Data

In this part, the LWAT will be compared with several traditional machine learning
methods as well as deep learning models, including the SVM, RF, VGG-16, AlexNet,
2DCNNs, ResNet-50, and ST. The objective of this comparison is to demonstrate the
effectiveness of LWAT in early-season crop mapping. The input data are six scenes of RCM
time series captured between 29 May and 12 July 2022, which covers the northern crop
area. In order to reduce the discrepancy of feature extraction steps, the backscatter of two
polarization channels, i.e., RCH and RCV, serves as the input data. This choice is based
on the underlying belief that the feature extractor within the LWAT model possesses the
capability to extract high-dimensional features, thereby negating the need for manually
designed features as input. Thus, the input data consist of a total of 12 bands with two
bands corresponding to each phase of the image.

Figure 5 illustrates the classification maps using eight selected methods. Overall,
the classification maps generated by two machine learning approaches, including SVM
and RF, exhibit a higher presence of speckle noise compared to deep learning approaches.
This discrepancy can be attributed to that deep learning methods can utilize neighboring
pixels by CNN architectures to suppress speckle noise for both training and prediction,
significantly reducing the occurrence of salt noise in the classification outcomes. The
inherent speckle noise present in SAR images results in misclassifications between corn and
soybean as well as grassland. By contrast, the deep learning methods produce smoother
classification results due to their proficiency in extracting high-dimensional features from
surrounding pixels, consequently mitigating the influence of speckle noise on the final
outcomes.

Table 2 presents the quantitative evaluation of classification results, with the F1-score
provided for each category, as well as the F1-score and Kappa coefficients for the overall
assessment. The number highlighted in bold indicates the highest accuracy achieved. In
Table 2, deep learning methods consistently outperformed SVM and RF in terms of accuracy
across most crop categories. For the three most dominant crop types, the average F1-score
of the deep learning method exceeds 95%. Notably, while LWAT did not exhibit the highest
accuracy in water, woodland, and grassland categories, it achieved an impressive F1-score
of 97.96% and a Kappa of 97.08%, outperforming other deep learning methods in major
crops. The ResNet-50 consistently maintained accuracy above 96%, except for the build-up
category, reaching notable accuracy levels of 96.65% for grass and 98.88% for water. Despite
its high performance, ResNet-50 displayed a relatively higher standard deviation compared
to VGG-16, which is another competitive classifier with an F1-score of 97.68% and a Kappa
of 96.67%. Meanwhile, 2DCNN excelled in the woodland category, attaining an F1-score
of 97.42% and a Kappa of 96.29%, with the smallest standard deviation among all deep
learning methods, indicating its stability. On the other hand, AlexNet and ST methods,
facing challenges in the build-up region, demonstrated lower performance than other
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deep learning methods. In summary, the LWAT method showcased superior performance
compared to traditional machine learning and other deep learning classifiers, especially in
terms of accuracy for the majority of land-cover types, particularly for the three dominant
crop categories.
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Table 2. The quantitative evaluation of crop classification for the north crop region.

SVM (%) RF (%) VGG-16 (%) AlexNet (%) 2DCNN (%) ResNet-50 (%) ST (%) LWAT (%)

Corn 84.21 ± 0.02 82.48 ± 0.02 97.57 ± 0.17 95.68 ± 0.27 97.40 ± 0.05 97.70 ± 0.79 96.16 ± 0.04 97.99 ± 0.31
Soybean 83.47 ± 0.02 81.97 ± 0.01 97.84 ± 0.18 96.26 ± 0.25 97.63 ± 0.03 97.92 ± 0.69 96.67 ± 0.03 98.13 ± 0.25
Wheat 88.23 ± 0.09 87.53 ± 0.01 98.15 ± 0.07 96.20 ± 0.22 97.79 ± 0.06 98.17 ± 0.67 96.94 ± 0.05 98.33 ± 0.28
Grass 58.58 ± 0.26 54.40 ± 0.24 96.44 ± 0.29 90.50 ± 0.02 94.93 ± 0.24 96.65 ± 1.11 92.74 ± 0.15 96.23 ± 0.70

Woodland 72.74 ± 0.09 70.26 ± 0.09 97.30 ± 0.32 95.83 ± 0.32 97.40 ± 0.05 97.23 ± 0.83 96.60 ± 0.13 97.12 ± 0.16
Build-up 37.56 ± 1.50 28.81 ± 0.50 82.49 ± 5.54 59.95 ± 3.74 81.32 ± 3.84 80.13 ± 6.92 76.90 ± 0.76 84.68 ± 2.66

Water 79.20 ± 0.91 78.61 ± 0.69 98.10 ± 0.71 92.90 ± 0.93 96.95 ± 0.47 98.88 ± 0.38 96.17 ± 0.14 94.85 ± 2.89

F1-score 83.08 ± 0.03 81.48 ± 0.01 97.68 ± 0.16 95.69 ± 0.24 97.42 ± 0.01 97.77 ± 0.75 96.32 ± 0.04 97.96 ± 0.28
Kappa 75.81 ± 0.05 73.57 ± 0.01 96.67 ± 0.22 93.82 ± 0.35 96.29 ± 0.02 96.79 ± 1.08 94.72 ± 0.06 97.08 ± 0.40

4.2. Crop Classification Using the LWAT with Sentinel-1 Data

In this section, the LWAT is compared with other deep learning approaches using
Sentinel-1 time-series data to demonstrate its capabilities across different datasets. The
input data consist of four scenes of Sentinel-1 data captured between 30 May and 5 July
2022, covering the southern crop region as depicted in Figure 1. In contrast to RCM’s CP
bands, the backscattering coefficients of VH and VV polarization channels were utilized.
Thus, the input data comprise a total of eight bands with two bands corresponding to each
phase of the image.

Figure 6 illustrates crop classification maps for the southern crop region generated
by various deep learning models. Overall, when compared to classification maps derived
from RCM data, Sentinel-1 results exhibit more speckles, particularly for the soybean class.
Among the six methods, VGG-16, 2DCNN, and ST show less smoothness compared to the
results obtained by the remaining three methods, impacting the overall effectiveness of
crop identification. Notably, AlexNet, which did not perform well with RCM data, exhibits
improved performance with Sentinel-1 data. In contrast, LWAT demonstrates advantages
in spatial coherence and the smoothness of the classification map.
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Table 3 provides a quantitative evaluation of the six methods, aligning with the
visual results in Figure 6. The table includes the F1-score for each category as well as
the F1-score and Kappa coefficients for the overall assessment. The number highlighted
in bold indicates the highest accuracy achieved. The ST method achieved an F1-score
of 93.58% and a Kappa of 90.20%, which were influenced by lower accuracy in corn
and soybean classes. VGG-16 and 2DCNN attained Kappa coefficients of 94.62% and
95.29%, respectively, with accuracy exceeding 96% for the three dominant crops. AlexNet
demonstrated a performance comparable to ResNet-50 in terms of average accuracy but
with a lower level of standard deviation. LWAT outperformed all other methods, achieving
around 98% accuracy for corn, soybean, and wheat. It is the top-performing method among
the six, boasting an F1-score of 98.07% and a Kappa of 97.02%. The classification results
derived from both RCM and Sentinel-1 data showcase the excellent performance and
adaptability of the LWAT method across diverse SAR datasets.

Table 3. The quantitative evaluation of crop classification for the south crop region.

VGG-16 (%) AlexNet (%) 2DCNN (%) ResNet-50 (%) ST (%) LWAT (%)

Corn 96.98 ± 0.53 97.61 ± 0.56 97.08 ± 0.37 97.38 ± 0.89 94.19 ± 1.37 98.42 ± 0.28
Soybean 95.98 ± 0.77 96.80 ± 0.74 96.06 ± 0.49 96.44 ± 1.22 92.66 ± 2.83 97.90 ± 0.40
Wheat 97.44 ± 0.12 97.84 ± 0.62 97.66 ± 0.09 97.92 ± 0.70 95.53 ± 0.96 98.28 ± 0.29
Grass 96.17 ± 0.17 96.93 ± 0.62 95.76 ± 0.22 96.43 ± 1.05 91.46 ± 0.85 97.21 ± 0.48

Woodland 96.04 ± 0.13 96.71 ± 0.30 96.18 ± 0.29 96.61 ± 0.76 95.30 ± 0.79 97.16 ± 0.33
Build-up 93.65 ± 0.92 94.68 ± 0.16 93.85 ± 0.10 94.22 ± 1.52 85.10 ± 6.34 96.04 ± 0.75

Water 91.37 ± 0.77 93.74 ± 2.75 94.45 ± 1.17 96.05 ± 1.59 90.68 ± 4.21 96.76 ± 1.29

F1-score 96.52 ± 0.52 97.22 ± 0.62 96.59 ± 0.37 96.95 ± 1.01 93.58 ± 1.91 98.07 ± 0.34
Kappa 94.62 ± 0.81 95.71 ± 0.96 94.73 ± 0.57 95.29 ± 1.56 90.20 ± 3.16 97.02 ± 0.52

4.3. Accuracy Evaluation in the Early Season

Another objective of this study is to explore two SAR sensors including RCM and
Sentinel-1 for early-season crop classification and to monitor the evaluation of the accuracy
of crop classification in the early crop growth stages. Using the incremental classification
scheme based on the LWAT, which achieved the best results among eight selected methods,
every new SAR acquisition, either the Sentinel-1 or RCM (Table 1), triggers a new model
training and prediction of crop maps.



Remote Sens. 2024, 16, 1376 12 of 18

The classification results using the incremental procedure with both RCM and Sentinel-
1 time-series data are shown in Figure 7. Overall, with an increase in SAR data, the oc-
currence of misclassified small patches in the classification results has been depressed
gradually, leading to smoother classification outcomes. Using only a single-scene RCM
image for crop identification on 29 May yielded reasonably accurate crop maps. Neverthe-
less, due to the limited time-series information, there was space for improvement in the
classification results. Subsequently, the integration of a Sentinel-1 image into the results on
30 May resulted in an increased number of small patches compared to the previous phase,
especially for the corn and soybean categories. This addition significantly enhanced the
ability to distinguish grassland from other crop types.
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The results are further illustrated through precision metrics, including F1-score and
Kappa, as presented in Figure 8. In Figure 8a,b, whether employing a combination of
RCM and Sentinel-1 data or relying solely on RCM, the precision metrics demonstrate a
noticeable upward trend until approximately 20 June, which was followed by a sustained
plateau consistently exceeding 95%. In contrast, the precision associated with the exclusive
utilization of Sentinel-1 data did not reach saturation by that specified date. Convergence
with the precision of RCM data was observed exclusively during the final phase of the
imaging sequence when using a single dataset. It is noteworthy that the accuracy achieved
using RCM alone was comparable to that achieved by utilizing both datasets. However,
in the early season, dense data facilitated the generation of acceptable crop maps earlier,
starting from 30 May. Additionally, the accuracy of RCM consistently outperformed that of
Sentinel-1 in the early season even with an equivalent number of SAR images.

Figure 8c presents the changes in the accuracy of three major crops as well as the grass
class in the study area. The wheat exhibited higher accuracy than other crops earlier due to
its advanced phenological stages, facilitating its identification from other crops. Regarding
soybeans and corn, the initial accuracy, standing at approximately 74%, rose to 82% on
30 May with the addition of Sentine-1 data. Subsequently, accuracy gains persisted in
tandem with cumulative data acquisition, culminating in a stabilized precision over 97%.
A marked surge in accuracy is conspicuously observed for the grass category, ascending
from an initial 40% to a remarkable 92% by 22 June. During the same period, corn and
soybean accuracy exhibited an appreciable surge of approximately 21%. Generally, 22 June
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marks a critical juncture, ensuring the availability of a sufficient volume of SAR images
and yielding commendable classification outcomes in the early season.
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5. Discussion
5.1. Feature Analysis of Compact- and Dual-Polarization

According to the accuracy evolution in Figure 8a, RCM outperformed Sentinel-1 in
terms of classification accuracy. Due to the both of them being C-band SAR, the major
difference between RCM and Sentinel-1 is the polarization mode, i.e., compact polarimetry
and dual polarimetry. One of the methods to analyze the physical mechanism behind their
ability to discriminate crops is the polarimetric decomposition. In this study, the H/Alpha
decomposition was selected to provide clues for analyzing the differences between compact-
and dual-polarization SAR [40,41]. The feature plane generated by polarimetric entropy
and scattering angle (alpha) was utilized to describe the feature changes of major crops
(corn, soybean, wheat, and grass) in the early season, which was divided into several zones
to represent different scattering mechanisms [42,43].

Figure 9 presents three canonical scattering mechanisms presented by elementary tar-
gets in compact- and dual-polarization entropy/alpha planes. It is noted that the compact-
polarization plane can clearly separate dihedral (double-bounce scattering), dipole (volume
scattering), and surface targets (surface scattering). However, for linear polarization chan-
nels, the HH is sensitive to surface scattering mechanisms such as specular reflection,
double bounce, and volume scattering from horizontally oriented structures. Conversely,
the VV channel is sensitive to surface scattering mechanisms such as single bounce and vol-
ume scattering from vertically oriented structures. Since Sentinel-1 lacks the HH channel,
its dual-polarization plane cannot clearly separate surface and dihedral scattering due to it
lacking the co-polarization band [43,44].

Figures 10 and 11 are the variation of scattering features derived from RCM and
Sentinel-1 in the early season, respectively. In Figure 10, the scatter plot of corn was
dominated by mid-entropy dipole scattering at the beginning, and as the crop grew, the
polarization entropy increased gradually and moved to dihedral scattering (Z5 to Z7). By
contrast, the soybean showed a similar scattering pattern at the beginning, while there was
only a slight increase in entropy. However, the distinction between dihedral and surface
scattering posed a challenge for Sentinel-1 (Figure 11), resulting in an initial inability to
differentiate between soybean and corn during the early stages of growth. As both corn
and soybean continued to develop, their scattering plots illustrated a similar progression,
slightly shifting from a low-entropy to a mid-entropy zone (from Z1 to Z4).
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5.2. Compared with Optical Sensors

This section aims to compare the classification performance of SAR data with opti-
cal images to highlight the advantages of SAR for early-season crop classification. Here,
Sentinel-2 was selected due to its shorter revisit time than Landsat and open access. How-
ever, before 10 June, cloud cover and fog significantly hindered the availability of images,
as depicted in Figure 12a. During the same period, two scenes of RCM and one scene of
Sentinel-1 were collected. Subsequently, an incremental approach was adopted for classifi-
cation, utilizing Sentinel-2 data from 10 June, 15 June, and 18 June. All spectral bands were
employed as inputs for the LWAT classification, and the quantitative assessment outcomes
are presented in Figure 12c.
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Based on the results in Figure 12c, a remarkable F1-score of 96.78% and a Kappa value
of 95.41% were acquired even with just a single Sentinel-2 image. As more images were
incorporated, the accuracy consistently improved, surpassing 98%, which is comparable to
the accuracy achieved by SAR in early July. Examining the changes in NDVI as illustrated
in Figure 12b, there is an approximate 0.1 difference in NDVI values between corn and
soybean around 10 June. This disparity widens as the crops mature. Sentinel-2 effectively
capitalizes on these spectral distinctions, enabling successful differentiation between the
two crops. The experiment underscores the capability of optical satellites to discriminate
between crop types in the early stages of the growing season, aligning with previous
research findings [18,19]. In contrast, dense SAR data by integrating Sentinel-1 and RCM
can provide reliable prior information for decision making at the beginning of crop growth,
which is earlier than previously reported [9,14,19,22]. At the same time, SAR can achieve
similar accuracy to optical images through the accumulation of data.

5.3. Optimal Phenological Stage for Early-Season Classification

In Figure 8, the classification accuracy for the main crops reached a plateau around
22 June. However, when applying this knowledge to a different study site, relying solely
on dates becomes less dependable. Instead, a more robust connection between dates and
crop phenology is established particularly for corn and soybean. By cross-referencing field
photographs (Figure 3) and compiled phenological stages (Table 1), on 14 June, corn had
entered the initial stages of stem elongation, while soybean was undergoing side shoot
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formation. During these phases, a noticeable surge in crop canopy coverage was evident
for both corn and soybean. Prior to 14 June, most fields predominantly displayed bare
soil, owing to the smaller size of the crop plants. However, by 14 June, the prevailing
cover in the fields had transformed into a vegetative canopy. Subsequent to this stage, corn
experienced a height increase, leading to conspicuous and easily distinguishable contrasts
in the physical appearance of the two crops. Thus, the phenology of stem elongation of
corn is an optimal phenological stage for obtaining early-season crop maps. This choice not
only yields classification outcomes of satisfactory accuracy but also ensures the attainment
of crop maps at the earliest feasible juncture.

6. Conclusions

This study introduced an application framework for early-season crop classification,
integrating LWAT with time-series Sentinel-1 and RCM data. Assessing its effectiveness
across corn, soybean, and wheat in southwest Ontario, Canada from 29 May to 12 July
2022 revealed the superiority of LWAT. LWAT achieved remarkable F1-scores of 97.96%
and 98.07% for the northern and southern crop regions, respectively, leveraging RCM
and Sentinel-1 data. The study highlighted the early-stage performance advantage of
RCM over Sentinel-1 and demonstrated the potential of SAR images for early-season
crop mapping. Identifying the optimal date for acceptable crop mapping results from
SAR images, approximately six weeks after seeding, emphasized the importance of stem
elongation of corn. This study underscores the potential of RCM data for timely and
dependable information, aiding in-season production forecasting and decision making.
Future work aims to enhance method efficiency by addressing redundancy in crop category
information within field areas.
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