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Abstract: Food sustainability has become a major global concern in recent years. Multi-
ple complimentary strategies to deal with this issue have been developed; one of these
approaches is regenerative farming. The identification and analysis of crop type phenology
are required to achieve sustainable regenerative faming. Earth Observation (EO) data have
been widely applied to crop type identification using supervised Machine Learning (ML)
and Deep Learning (DL) classifications, but these methods commonly rely on large amounts
of ground truth data, which usually prevent historical analysis and may be impractical
in very remote, very extensive or politically unstable regions. Thus, the development of
a robust but intelligent unsupervised classification model is attractive for the long-term
and sustainable prediction of agricultural yields. Here, we propose FastDTW-HC, a com-
bination of Fast Dynamic Time Warping (DTW) and Hierarchical Clustering (HC), as a
significantly improved method that requires no ground truth input for the classification
of winter food crop varieties of barley, wheat and rapeseed, in Norfolk, UK. A series of
variables is first derived from the EO products, and these include spectral indices from
Sentinel-2 multispectral data and backscattered amplitude values at dual polarisations from
Sentinel-1 Synthetic Aperture Radar (SAR) data. Then, the phenological patterns of winter
barley, winter wheat and winter rapeseed are analysed using the FastDTW-HC applied to
the time-series created for each variable, between Nov 2019 and June 2020. Future research
will extend this winter food crop mapping analysis using FastDTW-HC modelling to a
regional scale.

Keywords: winter crops; unsupervised machine learning; dynamic time warping;
hierarchical clustering; Sentinel-1; Sentinel-2

1. Introduction
The impacts of a 1.5 ◦C global warming above pre-industrial levels have been assessed

by The Intergovernmental Panel on Climate Change (IPCC), including the influence on
food security [1]. Crop production systems for food, feed or fodder affect livestock health
and the balance of food trade [2]. Guaranteed crop production is a significant issue,
which relies on continued efforts and innovation from multiple complimentary agricultural
approaches. Regenerative farming is one such strategy to provide food sustainability. To
apply this strategy on each arable farm, fields growing different crop types should be

Agriculture 2025, 15, 82 https://doi.org/10.3390/agriculture15010082

https://doi.org/10.3390/agriculture15010082
https://doi.org/10.3390/agriculture15010082
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agriculture
https://www.mdpi.com
https://orcid.org/0000-0001-6960-5719
https://orcid.org/0000-0001-7391-5875
https://orcid.org/0000-0002-4918-0685
https://doi.org/10.3390/agriculture15010082
https://www.mdpi.com/article/10.3390/agriculture15010082?type=check_update&version=2


Agriculture 2025, 15, 82 2 of 22

identified and analysed. Conventional surveying methods have been applied by local
governments to identify crop fields to understand land cover usage, yield and production
of crops, depending on the policies in different regions. Intense areas or regions without
related cropland policies lack ground surveying data. Furthermore, conventional surveying
methods are considered time- and labour-consuming when the Area of Interest (AOI) can
include an entire country [3].

To satisfy the necessity of crop field identification around a country, crop types on fields
have been classified with satellite image products from earth observations (EOs) in recent
research studies. Multispectral image products have been applied to crop classification.
Multiple bands, such as Near Infra-Red (NIR) and Red and Shortwave Infra-Red (SWIR),
spectral indices calculated with these bands, Normalised Difference Vegetation Index
(NDVI), and Normalised Difference Moisture Index (NDMI), have been widely used in
crop type identification [4,5]. To improve crop classification and the estimation of the
crop yield and biomass, the difference in leaves between crops is considered, using EVI
(Enhanced Vegetation Index), which is calculated with the blue, red and NIR bands, in
the analysis whilst identifying the crop fields [6,7]. Though multispectral image products
can provide acceptable crop maps, the structures of the crops are studied with Synthetic
Aperture Radar (SAR) image products, and backscattered measurements from SAR image
products are added as variables to improve crop classifications and the phenological
analysis of crop yield and production.

2. Related Works
Several studies have integrated Synthetic Aperture Radar (SAR) and multispectral

image products in crop classification to identify crops with chlorophyll and their structures.
Blaes et al. (2005) applied multispectral images (SPOT and LANDSAT products) and
SAR images (ERS and RADARSAT products) for crop classifications. They proposed a
hierarchical classification strategy to discriminate 39 types of crops and compared the
accuracies among the results by applying multispectral images only, SAR images only and
then, finally, a combination of multispectral and SAR images. The results showed that the
accuracy improved by at least 5% by combining multispectral and SAR images in crop
classification, which demonstrates the potential value of integrating SAR with multispectral
image products in crop classification [8]. Researchers have classified multiple crop types
by supervised ML [9–15] with the integration of SAR and multispectral image products.
These studies required labelled ground truth and in situ field surveys as training inputs,
which influences the classification and clustering outcomes because of the limited training
data in specific study areas. In addition, the outcomes of these studies from single-image
classification were highly reliant on the selection of the sensing date of the satellite images.
Therefore, analysing temporal EO data is a suggested approach to resolve this issue.

Temporal analysis of vegetation from multispectral image products with multiple
sensing dates using a developed Hidden Markov Model (HMM)-based technique was
conducted for crop classification, characterizing the phenological cycles of agricultural
crops [16,17]. A Conditional Random Fields (CRF) [18] approach was applied for crop clas-
sification with multispectral and SAR image products. The results of the spatial–temporal
analysis of this research demonstrated an improved Overall Accuracy (OA) of seasonal
crop classification [19]. In addition, a crop RF classification with Phenological Sequence
Patterns (PSPs), which recognised crop types based on the dense stack of Sentnel-1 data and
accurate vegetation phenology, exhibited higher performance than RF classification without
PSPs. Throughout these research studies, it was demonstrated that the phenology of the
vegetation played a significant role in improving the accuracies of the classification models.
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DTW is a method of analysing time-series data, which can be applied in the tem-
poral analysis of crop classification. Reference [20] analysed the temporal patterns and
classified the vegetation area into the five following groups with DTW: cotton−fallow,
forest, soybean−cotton, soybean−maize and soybean−millet. This study demonstrated
that classification with DTW is reliable. However, soybean−cotton had a wide confidence
interval, between 59% and 85%, although it was felt this could improve. A time-weighted
DTW method was applied to classify the summer vegetation with SAR polarisations. The
result in Malang, Indonesia reached an OA of 0.8 and a kappa coefficient of 0.77 and in
Lampung, Indonesia reached an OA of 0.7 and a kappa coefficient of 0.82 [21]. This research
provided good OA; nevertheless, the method required training samples and the accuracy
and the precision of the classification results of different vegetation were reliant on the
amount and the distribution of the ground truth samples. This method encountered the
same issue as supervised ML [9–15] and DL [22,23] in that it cannot be applied to historical
analysis or unreachable areas with zero or limited ground truth.

To resolve the high reliance on ground truth data, DTW was applied along with
using unsupervised clustering methods for classification. Computational experiments
were conducted with a combination of parametric derivative DTW and HC based on
benchmarks from the University of California Riverside (UCR) Time Series Classification
Archive [24], utilising a wide range of fields, including medicine, finance, multimedia and
engineering [25]. These experiments demonstrated the possibility of combining DTW with
unsupervised classification methods, where the parametric derivative DTW-HC model
examined by Wilcoxon signed-rank test [26] exhibited good performance [27]. The DTW-
HC model was applied to a household Daily Load Curve (DLC), clustering costumers into
groups to better match the supply from the energy companies and the demand from the
individual households for future energy plans. In addition to the DTW-HC model, the
study generated the results with compositions of the DTW and K-means, K-medoids and
Gaussian mixture models. Compared to K-means, the K-medoids and Gaussian mixture
clustering models, which randomly select cluster centres as origin prototypes, the DTW-HC
provided a better clustering prototype for each cluster. The DTW-HC model, the results of
which were evaluated by the Within-Cluster distance to Between-Cluster distance (WCBCR)
value, was outperformed when the results were compared to other clustering models [28].

The proposed method in this study aims to solve the following two research problems:
the high reliance on the sensing date selection of EO data and the necessity for ground
truth data from field investigations. Thus, this research studies the phenological stages of
three main winter food crops—winter barley, winter wheat and winter rapeseed—during
the temporal analysis of EO data. Time-series EO data are analysed with the FastDTW-HC
model for winter crop mapping without labelled ground truth samples. This allows for
crop maps to be produced on a regional scale without field investigations. By applying
the procedures of the FastDTW-HC in the workflow, the model can be applied to various
regions with different soil and metrological conditions to understand the phenology of
multiple crop types.

The collection of ground truth data on winter crops for further phenological research
has been undertaken by several researchers [29–31]. The main growth cycle of winter crops
is from late November to June, as illustrated in Figure 1. These winter crops are sown in
late November, mature in April and May, and are harvested in June or early July. Therefore,
following this growth cycle, satellite images from late November to June are required. To
classify the crop types, the phenological NDVI trends for winter barley, winter wheat and
winter rapeseed from previous research are used as benchmarks to define the unsupervised
clusters in this research [15,20,32]. Veloso et al. (2017) [32] monitored summer and winter
crops in southwest France, which share close agricultural conditions with Norfolk, UK.
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This study retrieved VH and VV measurements, as well as the VH/VV ratio, from SAR
using Sentinel-1 and the NDVI using multispectral SPOT5-Take5, Landsat-8, Deimos-1 and
Formosat-2 image products between November 2014 and December 2015. The temporal
values of the VH, VV, VH/VV and NDVI of the summer (maize, soybean and sunflower)
and winter crops (wheat and rapeseed) were investigated. This research shows that wheat
and barley can be better differentiated with VH and VV backscattered values and that barley
can more easily be detected with VH/VV during the post-harvest period. These values can
be used to distinguish crop types by their plant structure throughout the phenology [32].
Blickensdorfer et al. (2022) [15] achieved similar results with temporal observation curves of
the NDVI for winter wheat and maize compared to Veloso et al. (2017) [32]. Blickensdorfer
et al. (2022) [15] applied Sentinel-1 and -2 image products to classify crop types in Germany
with RF. The study presented the NDVIs, using values derived from Sentinel-2, with the
phenology of six types of vegetation (grassland, rapeseed, spring barley, winter wheat,
silage maize and sugar beet) between 2017 and 2019. It provides a better understanding
of the NDVI values for the growth cycles of winter barley, wheat and rapeseed, which is
applied in our research. The study also analysed the importance of feature sets retrieved
from Sentinel-1 and -2 products, which are inputs in the RF model. The analysis showed that
the Soil-Adjusted Vegetation Index (SAVI), NDVI, NIR and NDMI are of high importance
in the RF model for crop classification [15]. It was a significant reference in the selection of
spectral indices used in this research.
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Figure 1. The growth stages of winter barley, winter wheat and winter rapeseed from late November
to June [33–35].

3. Research Objectives
To identify and classify winter varieties of barley, wheat and rapeseed using time-

series EO data and phenological studies in this research, there were five main objectives
as follows:
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(1) Improve the accuracy of winter crop mapping by integrating SAR with multispectral
image products. This can reduce the impact of poor-quality optical imaging acquired
on cloudy days and extend the application to data acquired at different dates and
times. Furthermore, it enhances EO methods by potentially identifying multiple crop
types with similar optical characteristics.

(2) Understand the growing seasons for these three winter crop types. The first step was
to acquire suitable satellite imagery during the growing seasons of the three winter
crops to reduce the likelihood of misclassification as spring or summer crops.

(3) Conduct a phenological analysis of the three crop types to understand the state of
the plants with various spectral indices, multi-band images, and backscattered VH
(referring to vertical transmission and horizonal receipt) and VV (vertical transmission
and receipt) polarisations. This analysis provides the sensitivities of the three different
winter crops to the spectral indices and backscattered amplitude values via a series of
given weighted inputs for integration into the final ML models.

(4) Develop an unsupervised ML method with temporal data analysis for winter crop
mapping. A supervised ML method cannot be developed without labelled ground
truth. Unsupervised ML reduces the time and labour required to generate such data
and, in addition, can be undertaken in areas where there is zero or limited ground
truth available.

(5) Compare and analyse the multiple, integrated results from the multispectral and SAR
image products, as well as the initial crop map generated from the NDVIs and the
supervised crop classifications from the Rural Payments Agency (RPA), UK [36], to
form an integrated set of input variables (from Sentinel-1 and -2). It is then possible to
identify the best classification results for the unsupervised ML model for winter crop
type mapping.

4. Methodology
4.1. Study Area

East Anglia is located in the east of England, UK, and it consists of the counties of
Norfolk, Suffolk, Cambridgeshire and Essex. It grows almost one-third of the UK’s crops,
and it is considered Britain’s “breadbasket”. Compared to other regions in Britain, this
region has relatively low rainfall and high temperatures, making it suitable for agriculture.
Thus, Norfolk, is one of the counties in East Anglia where over 75% of the land is used for
arable farming [37]. A 3 km × 3 km study area of Norfolk’s prime agricultural land was
selected for this study (Figure 2), from longitude 6◦47′4.618′′ to 6◦48′41.636′′ and latitude
46◦31′2.547′′ to 46◦32′9.297′′. The main winter crops grown in Norfolk are barley, wheat
and rapeseed. The other winter crops, such as oats and rye, are grown but on a smaller
scale and are, therefore, not the focus of this study. The ground truth data for these winter
crops were collected during field investigations across Norfolk by the RPA (Figure 2b)
between June and August 2020 at 28 ground truth data location points. These sampled
locations cover areas of 1.38 km2 for winter barley (13 ground truth points), 1.2 km2 for
winter wheat (10 ground truth points) and 0.56 km2 for winter rapeseed (5 ground truth
points). Polygons were generated for the ground truth points of the winter crops according
to farm field boundaries identified using Sentinel-2 multispectral images. The ground truth
polygons were divided into pixels, including 383 pixels for winter barley, 332 pixels for
winter wheat and 156 pixels for winter rapeseed.
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Figure 2. (a) Location of Norfolk in the UK, using a Google Earth image (inset), and a Sentinel-2
image map of Norfolk, UK, with the yellow square showing the study area; (b) detailed image of the
study area and ground truth point locations for winter barley (orange), wheat (blue) and rapeseed
(lilac) from RPA, UK.

4.2. General Workflow

This work required time-series images from the EO satellites Sentinel-1 and -2, as
shown in the workflow. Sentinel-1 image products were registered to Sentinel-2 image
products with UTM/WGS84 and both image products were resampled to the same pixel
size. The values for the NDVI, Soil-Adjusted Vegetation Index (SAVI), Normalised Dif-
ference Water Index (NDWI), NDMI, EVI, VH, VV, and VH/VV were all extracted from
each pixel in Stage A. In stage B, the proximity between each pixel was calculated with the
Fast DTW; thus, eight proximity matrices were generated. Pixels were classified by the HC
with the eight proximity matrices, and the results were georeferenced and saved as eight
geoTiff files during the first stage. The eight geoTiff files were validated with the ground
truth from the RPA, UK, to produce the sensitivities of the values of the NDVI, SAVI, EVI,
NDWI, NDMI, VH, VV and VH/VV. In stage C, the sensitivity of each value became its
given weight for each normalised proximity matrix. The normalised proximity matrices
with their given weights became the final input of the HC ML models to generate the final
integration results in the second stage (Figure 3).

4.3. Satellite Image Data

This research utilised Sentinel-1 SAR and multispectral (optical) image products
acquired over Norfolk between November 2019 and June 2020 using data downloaded
from the Alaska Satellite Facility [38] and Copernicus Open Access Hub [39].

Sentinel-1 Level-1 Interferometric Wide (IW) Ground Range Detected (GRD) image
products, which are multi-looked with a 12-day revisit period and collected at dual polar-
isations (VH and VV backscattering measurements) are used here. These products have
been projected to ground range using an Earth ellipsoid model. The spatial resolution of
the GRD products is 20.4 m in the range and 22.5 m in the azimuth directions, and these
image products have been resampled to provide a 10 × 10 m pixel.

Sentinel-2 Level-2A multispectral image data were collected during a 5-day repeat
cycle, with 13 spectral bands spanning the coastal aerosol, visible, Near Infra-Red (NIR),
water vapor and Short-Wave Infra-Red (SWIR) spectral regions, with a 60 m, 10 m and 20 m
Ground Sampling Distance (GSD). Since the optical spectrum cannot penetrate through
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cloud cover, to avoid low-quality multispectral imagery, only images with an estimated
cloud cover of less than 10% were used.
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4.4. Image Data Pre-Processing to Produce Key Indices

All Sentinel image products were geo-referenced to a common WGS84 datum and
UTM N31 projection, and we resampled them using bilinear interpolation to a pixel size of
60 × 60 m. A series of image spectral indices were calculated from the Sentinel-2 data using
the formulas set out in Table 1 (using the spectral bands listed in Table 1). Sentinel-1 images
of the backscattered amplitude values representing VH, VV and the ratio of VH/VV were
also selected and calculated for use in our method.

Table 1. Generic formulae of the multispectral indices used in this method. L refers to a value
representing the canopy background adjustment factor (0.5 being a general value found to minimise
soil brightness variations).

Spectral Index Formula

NDVI (NIR − Red)/NIR + Red) [40]
SAVI (1 + L) × (NIR − Red)/(NIR + Red + L); where L = 0.5 [41]
EVI 2.5 × (NIR − Red)/(NIR + 6 × Red − 7.5 × Blue + 1) [42]

NDMI (NIR − SWIR)/(NIR + SWIR) [43]
NDWI (NIR − Green)/(NIR + Green) [44]

4.5. Combined Fast Dynamic Time Warping and Hierarchical Clustering (FastDTW-HC)

This research developed a ML model by combining the following two mathematical
methods: Fast DTW and HC. The procedures in the workflow were constructed for EO
time-series data applications specific to crop classification.
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FastDTW-HC consists of the following two sequentially applied processing methods:
1. proximity calculations using FastDTW and 2. Hierarchical Clustering (HC). Fast DTW
is described in Section 4.5.1 and is the method utilised to produce proximity matrices for
each variable, and these matrices form the inputs to the HC Machine Learning (ML) model.
HC is described in Section 4.5.2, and involves the grouping of similar pixels according to
the values in the proximity matrices of each variable and the pixels with “cluster numbers”
are georeferenced and saved as a GeoTiff file.

Following the general workflow in Figure 3, FastDTW-HC for crop classification
combines these methods in two stages. The first stage involves the generation of proximity
matrices for eight initial HC ML models, which leads to a set of eight initial results, one
from each index (NDVI, SAVI, EVI, NDMI, NDWI, VH, VV and VH/VV, as listed in Table 2),
which are aimed at calculating the sensitivity (i.e., recall) of each index for barley, wheat
and rapeseed with Equation (1). To understand the sensitivities of the eight index values,
the eight initial results are validated against the RPA ground truth. The sensitivity of
each index to barley, wheat and rapeseed is transformed to derive weights for the input
proximity matrices of each index, which are used in the second stage. In the second stage,
the proximity matrices of each index are calculated by FastDTW, weighted and normalised
before being input in the HC ML model. The input normalised proximity matrices are
defined with different index combinations, as shown in Table 2.

Table 2. The five combinations of indices (multispectral indices and SAR amplitude images) tested
with the FastDTW-HC ML model.

R1 NDVI + SAVI + EVI + NDMI
R2 NDVI + SAVI + EVI + NDMI + NDWI
R3 NDVI + VH + VV + VH/VV
R4 NDVI + SAVI + EVI + NDMI + VH + VV + VH/VV
R5 NDVI + SAVI + EVI + NDMI + NDWI + VH + VV + VH/VV

This second stage works with the five different combinations of the index (referred to
as R1 to R5, as shown in Table 2) and their normalised proximity matrices: four normalised
proximity matrices (NDVI, SAVI, EVI and NDMI) for the HC ML model of R1; five nor-
malised proximity matrices (NDVI, SAVI, EVI, NDMI and NDWI) for the HC ML model
of R2; four normalised proximity matrices (NDVI, VH, VV and VH/VV) for the HC ML
model of R3; seven normalised proximity matrices (NDVI, SAVI, EVI, NDMI, VH, VV and
VH/VV) for the HC ML model of R4; and eight normalised proximity matrices (NDVI,
SAVI, EVI, NDMI, NDWI, VH, VV and VH/VV) for the HC ML model of R5.

Recall/Sensitivity =
TP

TP + FN
(1)

4.5.1. Calculating Proximity with Fast DTW

The DTW is a robust proximity calculation method of similarities, which reduces
the influence of irregular sampling in time-series caused by satellite imaging that is often
affected by weather and clouds [20], and it was utilised to generate the proximity matrices
in this research. The general concept of the DTW is shown in Figure 4. Unlike the traditional
Euclidean method, which calculates the similarities (distances) of pixels X and Y at the same
point in time, in the two time-series, the DTW performs the dynamic similarity calculation
within the time-series at multiple time points.
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Mathematically, it does this by quantifying the similarity between two time-series
datasets to find the warping alignment in their temporal patterns, calculated as the mini-
mum of the cumulative similarity distances of the pixels in two time-series, as illustrated in
Figure 5. In this research, the similarity between pixels in two time-series was calculated
from the matrix constructed from the two sets of index values on a pixel-by-pixel basis.
The time-series of index values for two pixels, X and Y, were calculated using Equations (2)
and (3), with the lengths of time-series n and m, as follows:

X = x1, x2, . . ., xi, . . ., xn (2)

Y = y1, y2, . . ., yj, . . ., ym (3)

where x and y are the individual index values for a pixel acquired at a specific time in the
time-series; thus, they form an n-by-m matrix from the similarity of the pixels in the X and
Y time-series to generate the warping elements, wk = (i, j)k, which are utilised to form a
single or multiple warping paths, as shown in Figure 5. Several “warping paths” can be
found between these two time-series, with a total of K warping elements, as follows:

DTW(X, Y) = min
{√

∑K
k=1 wk

}
(4)

where K is the total number of warping elements, and k is the number of individual
warping elements.

Deriving the optimal warping alignment for the similarity calculations from thousands
of pixels in time-series datasets can be highly computationally expensive, requiring very
large amounts of RAM and long running times. To overcome these issues, the Fast DTW
method is applied, which involves the following three key steps: coarsening, projection and
refinement. 1. Coarsening progressively up-samples each time-series to produce multiple
matrices with a decreasing number of n and m elements by averaging adjacent pairs of
points, as illustrated in Figure 6. 2. In the projection stage, the optimal warping alignment
for each case is found at the (lowest) poorest “resolution” and is gradually projected to
the highest resolution. 3. In the Refinement stage, whilst the optimal warping alignment
is projected from the lowest resolution to the highest, it is refined with local adjustments
among the neighbourhood of values around the projected path. Fast DTW involves a
multi-level approach via these three stages, which reduces the processing demands by
downsizing the distance matrix in the DTW algorithms. In the case of the DTW, the optimal
warping alignment is calculated from all warping elements generated from every element
in the n-by-m matrix, whereas Fast DTW generates the optimal warping alignment at
levels of increasing complexity and processes only the relevant neighbouring elements of
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any projected optimal warp alignment from the previous lower resolution level matrix, as
shown in Figure 6 [45]. After the optimal warping alignment between each index of each
pixel is generated, the optimal warping alignments of each index of pixels are saved as a
proximity matrix.
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4.5.2. Hierarchical Clustering

The proximity matrices of each index generated from the Fast DTW form the input
variables of the HC ML models. This research applied the HC ML methods to generate
the eight initial results using the winter crop maps from each spectral index and the
backscattered amplitude values. From the eight FastDTW-HC models, the sensitivity (i.e.,
recall) of each index for barley, wheat and rapeseed was calculated, and the final five
integration results produced five FastDTW-HC models with the sensitivity of each index.

Utilising the proximity matrices, image pixels were clustered by the HC agglomerative
method, which is a “bottom-up” approach, starting with a single pixel as a cluster and
progressively merging single clusters into larger clusters until all pixels are classified into
the same cluster (unless certain termination conditions are set), as illustrated in Figure 7.
HC classifies those pixels by calculating the similarity distances between the proximity
matrices using the complete-link (also called the diameter) algorithm in Equation (5) [46].
This algorithm calculates the similarity distance between two clusters with the maximum
of all pairwise distances between any members of one cluster to any members of the other
cluster [47].

max{d(a, b) : a ∈ A, b ∈ B} (5)
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where A and B represent two respective clusters; a and b represent one of the patterns in
each cluster; and d represents the distance between a and b.
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Figure 7. A graphical illustration of the hierarchical clustering concept. Five individual (conceptual)
clusters (A, B, C, D and E) are clustered according to their similarity (i.e., distance) values. Clusters A
and B and clusters D and E then form new clusters of AB and DE, whilst C remains alone. Similarities
among AB, DE and the individual cluster C, are then used to form the second layer. Since C is more
similar to AB, a new ABC cluster is formed whilst DE remains. The final layer gathers all remaining
clusters into one large cluster, ABCDE, and the dendrogram of A, B, C, D and E is formed [48].

4.6. Validation Against RPA In Situ Data

The final FastDTW-HC integration results (R1 to R5) were validated against the in
situ “ground truth” pixels in the study area. These results included 383 pixels of barley,
332 pixels of wheat and 156 pixels of rapeseed. The recall, precision, accuracy and F1
scores, as well as kappa coefficients, from the final integration results were calculated using
Equations (1) and (6) to (11), which are provided in Table 3.

Precision =
TP

TP + FP
(6)

Table 3. Kappa coefficient calculations for an example involving three elements judged by Rater1
and Rater2.

Rater2

Rater1

A B C Totals
A AA AB AC Rater1A
B BA BB BC Rater1B
C CA CB CC Rater1C

Totals Rater2A Rater2B Rater2C ABC

Accuracy =
TN + TP

TN + FP + TP + FN
(7)

F1Score =
2

1
Precision + 1

Recall

=
2 ∗ Precision ∗ Recall

Precision + Recall
(8)

Po = (AA + BB + CC)/ABC (9)
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Pe =
Rater1A ∗ Rater2A

ABC2 +
Rater1B ∗ Rater2B

ABC2 +
Rater1C ∗ Rater2C

ABC2 (10)

Kappa = (Po − Pe)/(1 − Pe) (11)

5. Crop Classification Results
5.1. Winter Crop Maps

Aiming to reduce the impact of any low-quality, slightly cloudy Sentinel-2 images that
may be present, an unsupervised classification using NDVI, VH, VV and VH/VV images
was generated and compared to the RPA supervised classification (Figure 8a). Comparing
R3 with the NDVI only (Figures 8c and 8b, respectively), the identification of winter wheat
is improved by the inclusion of the backscattered amplitude values of VV, VH and VH/VV
but is relatively unreliable for other crops and produces a kappa coefficient of only 0.17, as
well as overall accuracies, precisions and F1 scores, as shown in Table 4.

Table 4. Statistical analysis of the classification results with the NDVI only and with R1 to R5.

NDVI Only

Recall Precision Accuracy F1 Score Kappa

Barley 91% 64% 74% 0.75

0.45Wheat 20% 65% 66% 0.31

Rapeseed 69% 92% 93% 0.79

R3: NDVI + VH + VV + VH/VV

Barley 33% 49% 55% 0.39

0.17Wheat 53% 44% 56% 0.48

Rapeseed 45% 100% 90% 0.62

R1: NDVI + SAVI + EVI + NDMI

Barley 81% 72% 78% 0.76

0.59Wheat 28% 68% 68% 0.4

Rapeseed 77% 98% 96% 0.86

R4: NDVI + SAVI + EVI + NDMI + VH + VV + VH/VV

Barley 85% 58% 66% 0.69

0.35Wheat 17% 55% 63% 0.26

Rapeseed 62% 98% 93% 0.76

R2: NDVI + SAVI + EVI + NDMI + NDWI

Barley 81% 66% 73% 0.73

0.35Wheat 32% 57% 65% 0.41

Rapeseed 31% 100% 88% 0.47

R5: NDVI + SAVI + EVI + NDMI + NDWI + VH + VV + VH/VV

Barley 86% 66% 76% 0.75

0.52Wheat 28% 76% 69% 0.41

Rapeseed 61% 100% 93% 0.76

Identifying the most suitable combination of variables for the unsupervised model
requires two series of final integration results from the various input variables. These
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two series of integration results include those generated only from spectral indices (R1
and R2) and those which also include backscattered amplitude values (R3, R4 and R5), as
illustrated in Figure 8.

Agriculture 2025, 15, x FOR PEER REVIEW 15 of 24 
 

 

Winter crops:  Barley  Wheat  Rapeseed 

(a) Supervised classification from RPA, UK (b) NDVI 

 

(c) R3: NDVI + VH + VV + VH/VV (d) R1: NDVI + SAVI + EVI + NDMI 

  
  

Figure 8. Cont.



Agriculture 2025, 15, 82 14 of 22Agriculture 2025, 15, x FOR PEER REVIEW 16 of 24 
 

 

(e) R4: NDVI + SAVI + EVI + NDMI + VH + VV + VH/VV (f) R2: NDVI + SAVI + EVI + NDMI + NDWI 

  

(g) R5: NDVI + SAVI + EVI + NDMI + NDWI + VH + VV + VH/VV 

 

Figure 8. (a) Supervised classification results on winter crops produced by the RPA (RPA, 2021); (b) 
initial result with the NDVI and the final integration results with R1 to R5 (c–g). Orange represents 
barley, blue represents wheat and lilac represents rapeseed. 

Table 4. Statistical analysis of the classification results with the NDVI only and with R1 to R5. 

NDVI Only 
 Recall Precision Accuracy F1 Score Kappa 

Barley 91% 64% 74% 0.75 
0.45 Wheat 20% 65% 66% 0.31 

Rapeseed 69% 92% 93% 0.79 

Figure 8. (a) Supervised classification results on winter crops produced by the RPA (RPA, 2021);
(b) initial result with the NDVI and the final integration results with R1 to R5 (c–g). Orange represents
barley, blue represents wheat and lilac represents rapeseed.

Using the statistical analysis in Table 4, R1 in Figure 8g provides the best and most
reliable result with a kappa coefficient of 0.59 and accuracies of 78% for barley, 68% for
wheat and 96% for rapeseed. As the second most reliable result, R5 had a kappa coefficient
of 0.52 and accuracies of 76% for barley, 69% for wheat and 93% for rapeseed. The main
advantages of R5 over R1 are the precision value of wheat, hence the more precise mapping
of wheat, at 76%, and the increase in the identification of barley to 86% with the recall,
by including the NDWI and backscattered amplitude values. Evaluating the influence of
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the amplitude values in R1 and R4, the identification of barley improved, with the recall
increasing from 81% to 85%, an increase of 4%. The overall influence of the NDWI on
winter crop mapping can be observed by comparing the differences between R1 and R2.
R1 lacks the ability to identify wheat, with a recall of only 28%; however, by including the
NDWI, the identification of wheat can be improved.

Comparing the ground truth in Figure 2b and the RPA’s supervised classification in
Figure 8a with the unsupervised classifications R1 and R5, it is clear that the supervised
classification, which uses ground truth, produced the most accurate results, with accura-
cies of 84% for barley, 76% for wheat and 94% for rapeseed. The overall identification of
winter crops, as well as the classification of barley and wheat, was more accurate using a
supervised approach with reliable ground truth than with R1 and R5. However, R1 and
R5 approached similar levels of accuracy as the RPA supervised classification and demon-
strated improved accuracy and precision in the classification of winter crops compared
to previous research studies without the use of ground truth data. This unsupervised
approach reduces the time and labour costs and highlights what can be achieved when
ground truth data are not available. On occasion, R1 and R5 misclassified some hedgerows
as wheat, as well as some “set-aside” areas in barley fields as wheat. Some of these may be
misclassifications, but when the results are compared with Sentinel-2 imagery acquired
in May 2020, it appears that some hedgerows and set-aside areas around the margins of
the barley fields are, indeed, growing winter wheat. This indicates that our proposed
unsupervised classification method can function well in a mixed-crop environment, on
local and regional scales, but we suggest that the best validation approach should include
visual inspection of the multispectral images, as well as field investigation.

The R1 to R5 and NDVI results, as shown in Figure 8, which references the field
investigation by the RPA, indicate that some spring barley fields are classified as barley
and/or wheat because of the similar phenology of their spring and winter varieties. The
best results were obtained using R1 and R5.

Overall, the integration of multispectral and SAR imagery improves the identification of
winter varieties of barley and wheat. Furthermore, with the combination of spectral indices
and backscattered amplitude values, our R1 and R5 unsupervised ML methods provided the
best results for the winter food crop mapping and are suitable for mixed crop farming.

5.2. Monitoring of Winter Crop Phenology

Using one of the most robust results with multispectral and SAR images, R5, we
investigated the patterns of winter crop phenology, as shown in Figure 9, where the months
of the growing season are shown on the X-axes of the plots, orange lines represent barley,
blue lines wheat and lilac lines rapeseed. In Figure 9a, the NDVI values of the three winter
crops throughout the growing season are shown; it can be seen that barley and wheat are
very similar and this, on occasion, led to misclassifications. Since the pattern of the NDVI
values for rapeseed was slightly different to those of barley and wheat, only rapeseed was
effectively recognised with this unsupervised classification.

Because of the similarities between the winter crop NDVI patterns throughout the
growing season, additional multispectral indices and SAR backscattered amplitude values
were used to improve the unsupervised classification. By including the SAVI, EVI and NDMI,
the identification of wheat and the precision of barley and rapeseed mapping improved. The
kappa coefficient increased, and this demonstrates that the integration of additional variables
provides a more reliable result than the NDVI alone. The differences in the SAVI, EVI and
NDMI patterns among the three types of winter crops explain the improvement with the
unsupervised classification. Compared to the NDVI, the SAVI, EVI and NDMI trends were
very different across the three crop types. Due to the flowering season and structural changes
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in the leaves and plants (see Figure 1), we observed a large drop in the EVI value in April
and in the SAVI value in May, and these make significant contributions to the classification.
In Figure 9e, the pattern of the NDWI values is similar to that of the NDVI, and the NDWI
patterns of barley and wheat also have high similarity, which reduces the reliability of
the wheat identification compared to the results from the NDVI only and R2, as shown
in Figure 8. If backscattered amplitude values are included, the identification of winter
crops improve, especially wheat with R1 and R5 and barley with R4 and R5. Although
the backscattered amplitude values are relatively low for the winter crops, the patterns of
the VH, VV and VH/VV values allow for the identification of the three crop types with
dynamic structural changes, as illustrated in Figure 1, which advances our approach to the
unsupervised classification of crops. The significant contribution of the VV is highlighted
by the very similar patterns among the three winter crops throughout the year, as shown in
Figure 9g. Furthermore, the high sensitivity of the winter crops to VV is recognised in the
initial results, which are very similar to the contributions made by the SAVI and EVI.
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As demonstrated by the temporal analysis and the initial results of the multispectral in-
dices and backscattered amplitude values, the NDVI made the greatest contribution, whilst
the SAVI, NDMI, EVI, VH and VV also made important contributions to the unsupervised
classification model for the three winter crops.

6. Discussion
This research demonstrates that classification using only spectral indices from mul-

tispectral image products provide acceptable results, but by integrating these with SAR
image products, the precision and accuracy of individual winter crop classifications can
significantly improve, even though the contributions of the backscattered measurements
are smaller than the spectral indices, as shown in Table 5. Low contributions from the
backscattered measurements for winter crops can be seen in research using the DTW and
Sentinel-1 and TerraSAR-X for complex farming classifications, where the analysis of the
accuracies for winter crops indicates they were relatively low [49].

Table 5. The sensitivity (i.e., recall) of the variables (spectral indices and backscattered amplitude
values) for barley, wheat and rapeseed in the FastDTW-HC models.

Sensitivity
Variable

NDVI SAVI EVI NDMI NDWI VH VV VH/VV

Barley 91% 46% 43% 95% 81% 81% 81% 49%
Wheat 20% 20% 45% 20% 19% 19% 0% 9%

Rapeseed 69% 96% 50% 26% 33% 44% 67% 60%

The sensitivities of the spectral indices and backscattered amplitude values in classi-
fying winter crops were calculated from the eight initial results using the FastDTW-HC
models. In general, for recognising winter crops, the NDVI outperformed all of the other
variables, but it had a relatively low sensitivity to rapeseed. The SAVI showed higher
sensitivities to rapeseed, at 96%, but low sensitivities to barley, as shown in Table 5.

The NDMI had slightly higher sensitivity to barley and the same sensitivity to wheat
compared to the NDVI. The spectral indices and VH backscattered measurement shared
similar sensitivities, at around 20% for wheat, which represent minor contributions of each
variable in R5. The VV backscattered measurement and VH/VV ratio, on the other hand,
made significant contributions on the extraction of rapeseed compared to the other variables.

Statistical analysis of the RPA’s supervised classification shows accuracies of 84% for
barley, 76% for wheat and 94% for rapeseed. The FastDTW-HC unsupervised model used
here exhibited accuracies with R4 of 78% for barley, 68% for wheat and 96% for rapeseed
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and with R5 of 76% for barley, 69% for wheat and 93% for rapeseed. Comparing the best
performing outcomes of the unsupervised classification (R1 and R5) to the RPA’s supervised
classification in 2020, it can be observed that the supervised classification results are better
across this same study area. However, supervised classification relies on ground truth
training samples from the study area and during the same time period.

The unsupervised learning methods (K-means and Gaussian mixture models (GMM))
used in previous research studies are only suitable for large farming areas growing
two types of crops and require optimised sowing and harvest times for more accurate
classifications [50]. Ma et al. (2020) developed a Principal Components Isometric Binning
(PCIB) unsupervised classification method, but this was only tested with two crop types,
rice and maize, from 2010 to 2017, and when applied on multiple crop types in 2018 re-
sulted in many misclassifications, especially for set-asides and hedgerows, which were
recognised as maize [51]. The inaccurate classifications influenced by hedgerows, set-asides
and mixed-crop areas can influence future predictions of crop yields and biomass based on
the digital crop maps.

According to the unsupervised classification with FastDTW-HC in this research and
the supervised classification by the RPA, some hedgerows and set-asides around the field
margins were misclassified as either wheat or barley in both winter crop maps. This situa-
tion can also be found in previous research studies on crop classification using supervised
and unsupervised ML and DL approaches with satellite or aerial imagery [52–55]. How-
ever, by observing the crop patterns in the Sentinel-2 images, it can be seen that some fields
are “mix-cropped”, which leads to some errors in the validation of the results, requiring
further field-based investigations. This demonstrates that the FastDTW-HC model is capa-
ble of mapping mixed winter crops. The validation process, forming part of this research,
is conducted on a pixel-by-pixel basis, offering more detail, accuracy and precision due to
the complexity of farming types compared to previous research studies that classified and
validated the results by field. This leads to a moderate kappa coefficient. In future research,
when this method is applied on a regional scale, crops will be identified in 3 km by 3 km
open windows and a more robust validation will be provided.

This winter crop mapping method involves the selection of satellite imaging dates that
follow the growing season of winter crops to avoid misclassifications caused by summer
crops. However, even in the best results, with R1 and R5, some spring barley and winter
wheat fields were identified as winter barley fields because of their similar phenological
stages. To resolve this issue, multi-sensor products are suggested to be used in future
research to provide more detailed time-series data for precise temporal analysis during
particular phenological stages.

7. Conclusions
This research identifies three winter crop types—barley, wheat and rapeseed—from a

temporal analysis of a series of spectral indices. When analysing the sensitivities of each
variable (Figure 8), the NDVI (Figure 8b) was shown to be the most important spectral
index for recognising the three winter crop types. Thus, this research was developed from
the baseline provided by the initial results in Figure 8b and evaluated other combinations of
image variables and other spectral indices and backscattered amplitude values to improve
the unsupervised classification of winter crop types, as illustrated in Figure 8. The RPA’s
supervised classification, shown in Figure 8a, using reliable ground truth data produced
the most accurate results, and the identifications of barley and wheat were more precise
than with R1 and R5. However, R1 and R5 reached similar levels of accuracy as the
RPA’s supervised classification and showed improved results compared to supervised
classifications in previous research studies.
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This work developed an unsupervised classification method for winter crop mapping
generated by a reliable FastDTW-HC process with clear procedures that do not rely on
ground truth data. The FastDTW-HC model extracted and analysed the main winter
crops grown across Norfolk, UK, which can be directly applied in regions growing winter
barley, wheat and rapeseed. This method can be utilised on multiple crop types once the
phenological stages of the biology are understood using earth observation techniques. The
integrated multispectral and SAR images are used in the time-series to advance the crop
type mapping, and the following are the seven main outcomes of this work:

(1) The analysis of the integrated results determined the following most suitable combina-
tion of spectral indices and backscattered amplitude values for winter crop mapping
using the FastDTW-HC model: NDVI, SAVI, EVI, NDMI, NDWI, VH, VV and VH/VV.

(2) The best performance results were with R1 and R5, which had moderate kappa
coefficients of 0.59 and 0.52 and acceptable accuracies of 78% and 76% for barley, 68%
and 69% for wheat and 96% and 93% for rapeseed. This means the model is reliable
and the combinations of spectral indices with R1 and R5 are suggested to be used in
future research. Comparing R1 and R5, R5 including backscattered measurements
can provide better precision in the identification of winter wheat.

(3) Temporal analysis of the multispectral indices and backscattered SAR amplitude
values can enhance the understanding of seasonal growth patterns of winter varieties
of barley, wheat and rapeseed. By understanding the phenological stages of crops
with EO data, farmers can better schedule periods of irrigation, pesticide application
and harvest.

(4) The sensitivities of each spectral index and backscattered amplitude values were
analysed for the winter crops throughout the growing season, providing crop maps
and temporal analysis.

(5) The unsupervised classifications, R1 and R5 from the FastDTW-HC model, had similar
levels of accuracy as that of the supervised classification published by the RPA.
The development of this model can benefit policymakers interested in crop land
management and food sustainability. In addition, food security issues in regions for
which no field ground truth data are available can be improved by utilising the EO
method in this study to produce accurate crop maps for crop growing plans and
potential food distribution.

(6) Observations of arable fields using optical satellite images reveal that the FastDTW-
HC model developed in this research is suitable for complex farming areas, including
those where mixed crops and set-asides are used.

(7) Using the methods developed in this work and previous research, the analysis of
spectral indices throughout growth cycles can aid in classifying different crop types
in multiple regions under various soil and meteorological conditions.

8. Future Works
With an enhanced understanding of winter crop phenology and the high accuracy of

classification results, future land management strategies can be improved. Furthermore,
observations and predictions of biomass and yield across winter crops can be made more
precisely with more accurate crop maps. By monitoring biomass and yields, winter crop
planting strategies can be improved with crop rotations and mixed crops to maintain soil
health and ensure maximum yields.

The next research steps will be to monitor the biomass and yields, and the proposed
FastDTW-HC model will be applied on a regional agricultural scale for winter crop map-
ping. Maps of winter barley, wheat and rapeseed between 2018 and 2023 across Norfolk
will be of interest as a next step. Combining winter crop maps with meteorological data
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and field investigations can further improve this multivariate statistical method to provide
better predictions of yield and biomass.
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