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Abstract—In this work, we present a novel dynamical frame-
work for crop monitoring that integrates SAR and optical satellite
imagery. The proposed methodology employs two-dimensional
state transitions to explicitly model the expected temporal evolu-
tion of crops. By combining such crop modeling with multi-sensor
observations, including dual-polarimetric (VV and VH) radar
images gathered by Sentinel-1 and optical imagery from Sentinel-
2, the developed framework produces robust and consistent esti-
mations using the well-established Kalman Filter. Specifically, the
approach is applied to retrieve the biomass values of sugarcane
crops located in the Cauca Valley (Colombia), over a full growing
season (from summer 2024 to summer 2025). An intensive field
campaign was carried out, so that ground-truth measurements in
a large number of points, located in multiple fields, were available
to develop and validate the proposed integration algorithm.
Results show that biomass is accurately estimated especially when
all available observations, both SAR and optical, are employed.
In this case, a global root mean square error of 0.103 kg, a mean
absolute error of 0.064 kg and an accumulated biomass difference
of 13.8 kg-day are obtained after evaluating the model multiple
times on randomly-selected points. The analysis also highlights
a key limitation of optical imagery in the study area, as a large
number of images are affected by cloud cover, resulting in long
gaps within the time series and reduced estimation accuracy.
Furthermore, the best performance of the proposed integrated
model is achieved when all available SAR products, including
dual-polarization (VV and VH) coherence and intensity products,
are exploited, although very good results are also obtained using
single-polarization coherence and intensity data (either at VV
or VH polarizations). Comparison with alternative approaches,
including partially integrated methods using only one type of
information (either SAR or NDVI), and methods based solely
on machine learning, indicates that the proposed methodology
consistently offers superior accuracy in biomass estimation.

Index Terms—Agriculture, Dynamic Systems Theory, Phe-
nology, Kalman Filtering, Remote Sensing, Synthetic Aperture
Radar, NDVI

I. INTRODUCTION

EMOTE sensing and satellite imagery have become
essential tools for agricultural monitoring. Their adoption
has increased substantially due to their cost-effectiveness and
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scalability in assessing crop conditions, estimating yields, and
facilitating sustainable land management [1], [2], [3], [4], [5],
[6], [7], [8]. These technological advancements are particu-
larly critical in addressing the challenges posed by climate
variability, enhancing resource-use efficiency, and meeting the
growing demand for timely and accurate agricultural data.

Traditionally, optical sensors have been widely used for
agricultural applications because of their high sensitivity to
vegetation characteristics. By capturing the way plants reflect
and absorb different wavelengths of light, these sensors can
detect subtle changes in crop health, nutrient status, and stress
conditions [9].

However, the major limitation of optical imagery is its
dependence on cloud-free conditions. The presence of clouds
prevents the sensor from capturing the status of Earth’s
surface, resulting in images that lack useful information for
agricultural monitoring. More importantly, persistent cloud
presence leads to substantial gaps in the temporal series of
optical data, disrupting the continuity essential for accurate
time-series analysis [10]. Accordingly, the implementation of
reliable monitoring tools may be affected, as the absence
of consistent observations constrains the accurate tracking of
crop dynamics and limits the capacity to generate timely and
comprehensive agricultural assessments.

In this context, the use of synthetic aperture radar (SAR)
imagery [11], [12], which can be acquired independently of
weather conditions and solar illumination, has progressively
gained attention as an alternative technology for agricultural
applications [13], [14]. Many different methodologies based
on SAR data have been proposed to monitor crop growth.
For instance, some approaches directly exploit radar features
using decision trees, Wishart classifiers, or Machine Learning
methods, to estimate the phenological states of crops [15],
[16], [17], [18]. Alternatively, other works adopt a dynami-
cal approach [19], [20], [21], [22], [23], [24], [25]. In this
framework, Bayesian Filtering (BF) techniques, like Extended
Kalman Filtering (EKF) and Particle Filtering (PF), are em-
ployed to combine crop growth dynamics with SAR obser-
vations, thereby providing estimates of the crop phenology or
other biophysical variables in an integrated way. This dynamic
methodology was first demonstrated in [20] for rice moni-
toring using TerraSAR-X data. A related EKF-based strategy
was later presented in [21], applying C-band RADARSAT-2
imagery to retrieve the phenology of other cereal crops. The
PF was subsequently introduced in [22], [19] to estimate both
phenological stages and key agricultural dates (e.g., sowing
and panicle initiation) in rice fields. Furthermore, a data fusion
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approach combining SAR, NDVI, and temperature information
was proposed for rice in [23]. The advantages of combining
different sources of data are evident. Firstly, both the accuracy
and reliability of estimates can be improved, as errors or
uncertainties from one dataset can be compensated by another.
Secondly, it leverages complementary information, since dif-
ferent sensors capture distinct aspects of crop dynamics. More
importantly, fusion also ensures temporal continuity, allowing
monitoring to go on even when remote sensing data are
unavailable (e.g., optical imagery under cloudy conditions). Fi-
nally, it enhances generalization across varying environmental
conditions, leading to more robust and consistent monitoring
operation.

Regarding the use of Earth observation data for sugarcane
monitoring, which was reviewed in [26], there is no successful
monitoring approach exploiting radar data for complement-
ing optical satellite for providing continuous estimates of
biophysical variables. There are works focused on harvest
detection [27] and others on productivity mapping [28]. In
addition, an approach based on machine learning for detecting
four phenological stages was presented in [29]. Consequently,
a methodology for sugarcane monitoring that integrates optical
and SAR imagery within a unified analytical framework has
not been developed yet. In this work, we propose a method
based on a dynamical approach which employs the well-known
Kalman Filter [30] to derive optimal state estimates. In partic-
ular, it is designed to continuously estimate biomass values of
the plants throughout the growing season, thereby providing
reliable frequent information about crop development. This
methodology is implemented and evaluated in the context of
sugarcane cultivation in the Cauca Valley, Colombia, which
is affected by long cloudy and rainy periods which make
only 20% of Sentinel-2 images valid for use. This work
was conducted as part of the scientific project 'DINOSAR:
Diagnostic Tool that INtegrates Optical, Infrared and SAR
data’, funded by the European Union Agency for the Space
Programme (EUSPA).

The article is structured as follows. Section II describes
the reference data and presents a formal description of the
proposed integration algorithm. The results obtained and the
evaluation of the performance of the proposed method are
presented in Section III. A discussion on the contribution and
limitations of this method is included in Section IV. Finally,
main conclusions are summarized in Section V.

II. MATERIALS AND METHODS
A. Test Site and Reference Data

The test site is located in the Cauca Valley, Colombia.
Sugarcane is a key agricultural crop in this region of the
country, mainly because its favourable climate and its long-
standing agroindustrial tradition. The valley is the epicentre
of the country’s sugarcane cultivation, hosting extensive plan-
tations and modern milling facilities that sustain a vertically
integrated industry. The conditions in the Cauca Valley allow
for year-round cultivation of sugarcane, with no distinct har-
vest seasons, with approximately 237,000 ha dedicated to its
cultivation.

More specifically, the selected study area lies close to the
cities of Cali and Palmira, as shown in Fig. 1. It spans
an area of approximately 560 km? and comprises 34 fields,
with a total of 70 measurement points, that are spread over
the area and that are selected to conduct the reference data
collection campaign. The selected fields include three different
environments (soil textures), four different sugarcane varieties,
and eight different ratoon ages, and occupy areas between 3.5
ha and 27.6 ha, with an average area of 13.1 ha.

The data collection campaign started in July 2024 and
ended in August 2025, so that more than one year of in-situ
measurements were collected, covering a complete season for
all fields. During the first two months of the season, points
were visited weekly. Afterwards, all points were visited every
two weeks until the end of the season. For each point of every
field, multiple sugarcane variables were manually measured,
as summarized in Table L.

TABLE I
VARIABLES MEASURED IN THE IN-SITU DATA COLLECTION CAMPAIGN
AND THEIR EXPECTED DYNAMIC RANGES.

Measured Variable Dynamic Range

Cane height [0, 400 cm]
Cane diameter (stem) [0, 5 cm]
Number of Stems per meter (< 3 months) [0, 56]
Number of Stems per meter (> 3 months) [0, 16]
Biomass (kg/stem) [0, 4 kg]
Biomass (kg/leaves) [0, 0.9 kg]

Figure 2 shows all measurements of total biomass (obtained
as the summation of the biomass of stems and leaves) and
cane height gathered during the whole season, represented
as a function of the date from the beginning of the season
of each field (i.e., Day of Season, abbreviated as DoS).
For a better illustration of the height and biomass temporal
evolution, the measurements are linearly interpolated to obtain
daily values. As shown in Figs. 2(a) and (b), both height
and biomass are low during the first three months and then
increase progressively. Height follows an approximately linear
trend over the season, whereas biomass remains very low
initially and then rises more quickly. Notably, biomass exhibits
considerable fluctuations, with sudden drops and increases
observed during the season. In addition, both variables show
substantial variability, as some plants grow faster or provide
more biomass than others, even within the same field, as
a consequence of different cultivation conditions and many
external factors. Evidently, this variability must be addressed
for accurate modelling.

B. Satellite Images

Satellite images correspond to Sentinel-1 (SAR) and
Sentinel-2 (optical) acquired during the whole field campaign,
i.e., between July 2024 and August 2025.

Concerning Sentinel-1, all available SLC (Single-Look
Complex) images coming from orbit 142 (descending pass)
acquired in Interferometric Wide swath (IW) mode were con-
sidered. Only images from Sentinel-1A satellite were gathered,
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Cauca Valley,

Fig. 1. Optical image of the Cauca Valley with the location of the measurement points (green dots) employed in the in-situ data collection campaign.
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Fig. 2. Cane height and total biomass measurements for all points selected for the in-situ data campaign.

hence providing a revisit cycle of 12 days. The preprocessing
steps carried out with the images were:

1) Coregistration of all images to a common reference im-

age using precise orbital information and the Copernicus
DEM (with a spatial resolution of 30 m).

2) Terrain flattening and radiometric calibration to g, in

3)

order to generate the backscatter coefficients at both
polarizations VV and VH [31].

Interferogram generation for all pairs of consecutive
dates, both at VV and VH polarimetric channels.

4)

5)

Speckle filtering and coherence estimation: a multitem-
poral filter using 6 consecutive images is used, allowing
for a strong speckle removal and a better preservation
of edges and features [32], [33], [34], [31]. Also, the
filter provides a good compromise between the loss of
spatial resolution and the required accuracy in coherence
estimation.

Geocoding of all intensity (backscatter) and coherence
images to a cartographic grid (in latitude/longitude co-
ordinates) with a 10 m posting output.
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Regarding optical data, we employed geometrically and atmo-
spherically corrected Level-2 Sentinel-2 products. The NDVI
products were computed from the near infrared and red bands.
All optical products were resampled to the same geographical
grid of the radar products.

C. Integration Algorithm

As previously outlined in Section I, the proposed sug-
arcane monitoring approach focuses on estimating biomass
throughout the growing season, as biomass is the most relevant
parameter for monitoring this crop. Compared to other physi-
cal variables or vegetation indices, biomass estimates provide
more meaningful insights and stronger support for practical
decision-making, so that knowing how biomass evolves in time
is critical for farmers and other agricultural professionals.

The goal of the integration algorithm is therefore to provide
optimal estimates of sugarcane biomass throughout the grow-
ing season, by appropriately combining its expected temporal
evolution with information derived from satellite observations.
This combination of temporal modeling and a set of indirect
measurements is very well described in the context of Dynam-
ical Systems Theory [21], [25]. Evidently, in our specific case,
we consider sugarcane crops and the biomass they produce as
a dynamic system that evolves over time.

The integration algorithm consists of two main components.
First, an evolution model describes how biomass is expected
to change over time. This temporal evolution is described
with a state-space model in which the biomass corresponds
to the state variable, that is, the key variable that completely
represents the dynamic system and that is used to characterize
its present and future states and values. Second, an observa-
tion model establishes the relation between the state variable
(biomass) and a set of observations. In our case, the observa-
tions are derived from SAR and optical images gathered by the
Sentinel-1 and Sentinel-2 satellites, respectively. Since these
satellites do not measure biomass directly, the data are treated
as indirect measurements of the variable we aim to estimate.
The combination of the evolution and observation models is
carried out with the well-known Kalman Filter (KF) [30],
which provides optimal solutions to many prediction tasks,
and constitutes the core of the integration algorithm proposed
here.

Since this work focuses on the estimation of a single crop
variable (i.e., biomass) throughout a complete season, we
follow the formulation of a one-dimensional KF in which the
desired variable is treated as a state variable. The filter is com-
posed of two steps: prediction and update. The prediction step
provides a prior estimation of the system state by “projecting”
its expected evolution ahead by making use of the evolution
model. Then, the update step refines the previous estimation
by including observations (and therefore by making use of the
observation model).

We first introduce the general formulation of the filter to
provide the reader with basic information of the process. Then,
we will outline which parts are specifically tailored to our
specific case.

The first step of the KF corresponds to the prediction, which
is done according to:

R = TRk 1) (1)

being Rk is the predicted state at discrete time K, Ry 1
corresponds to the previous state at time step K 1, and f
represents the evolution model associated with the temporal
evolution of the state variable that is being estimated (usually
denoted as temporal model). Note that f in Eq. 1 symbolically
describes this temporal evolution of the state variable R.
Specific details on the practical implementation of f are
provided in Subsection II-Cl1.

The estimated uncertainty Py of the prediction at time K is:

Pc=FPx 1FT +Qxk 1 2)

where F is the Jacobian (linear approximation) of f at time
k 1, Q is the covariance of the model associated with state
Rk 1, and superscript T denotes matrix transposition, .

The update step, which is carried out when a new obser-
vation zy is available at time K, provides a final estimate
(posterior) of Rk by means of the following expressions:

K =PHT(HPHT +Ry) 5 3)
R = R + Ki(zk  h(%k)); 4)
Pc =(1  KgH)Pg: (5)

Here, h symbolically denotes the observation model, which
relates the state variable to the measurement(s) zx, and H
corresponds to its linear approximation at time K. Note that
Zx may correspond either to a single measured feature or to
a set of features (e.g. backscattering coefficient at various
channels). Further details of the observation model are pro-
vided in Subsection II-C2. Variable Ky corresponds to the
Kalman gain at time k, and it is a critical component of
the filter since it determines how much weight is given to
the measurement versus the prior. The value of the Kalman
gain depends on the model covariance Q (Eq. 2) and the
covariance of the observation R. The final estimate ¢ in Eq. 4
and its uncertainty Py (Eq. 5) are recursively updated as a
function of K. It is very important to note that the Kalman
gain is dynamically (i.e., temporally) adapted based on the
uncertainties (in terms of the covariances) of both the evolution
and observation models, making the filter robust to varying
uncertainty (i.e., noise) levels and, simultaneously, ensuring
that an optimal estimate is delivered.

1) Evolution Model: The evolution model describes how
the state variable changes over time and is used in the predic-
tion step of the Kalman filter to generate an a priori estimate,
as previously mentioned. This evolution is represented with
a symbolic or generic function f as shown with Eq. 1. It is
worth noting that, in our case, an analytical expression for f
is normally not available, either because it does not exist or
would be extremely complex. The evolution model could be
derived from crop growth models such as WOFOST [35] or
DSSAT [36], among others. However, after some testing we
concluded that they cannot replicate the variability observed
in our study case (Fig. 2). Consequently, we decided to extract
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temporal dynamics directly from the data gathered in the field
campaign.

Several approaches can be used to obtain an empirical
expression of F, such as curve-fitting methods (e.g., poly-
nomial models) or machine learning regression techniques.
Such methods tend to provide an average response for each
date along the growing season, as well as smooth variations.
Therefore, they cannot follow the quick changes and strong
variability observed in the biomass for the measured points,
and, consequently, they would inevitably introduce bias in the
estimations if such methods were applied (estimations would
be biased towards the average of all curves). For this reason,
we opted instead to employ transition matrices, modeling
the biomass temporal evolution as a first-order discrete-time
Markov process (or chain) [37]. In such a model, the state
space is defined as a set of possible (i.e., discrete) biomass
levels, and temporal dynamics are described by the transition
probabilities between these states.

Formally, we model the biomass as a discrete random
variable R : ¥ S, being S a numerable set representing the
state space of the process, and each S 2 S is a state (that is,
we assume that the values  of the state variable X belong to a
set of possible discrete values or ’bins’). We also assume that
the value Ry verifies the Markov condition, so that it depends
only on R¢ 1 (i.e., the estimated biomass at discrete time K
depends solely on the previous estimate at time K 1, and not
on any earlier values). That is, the probability of moving to a
next state j depends only on the current state i:

Pij(K)=PRx=j & 1=1) (©)

forallk 0, i;J 2 S. The Markov process is described with a
square matrix I'yx denoted as transition matrix, which contains
the probabilities of moving to each state from any individual
state for every discrete time K. It is very important to note
that we define a transition matrix for every time Kk, which
means that the transition probabilities change over time. This
corresponds to a time-inhomogeneous Markov chain, which
is represented by a sequence of transition matrices I'k. Such
formulation allows us to model biomass dynamics in two
dimensions, incorporating both the biomass values and the
temporal information provided by the Day of Season (DoS).

Assuming that there are N 2 N™* possible states, each T'x
isa N N matrix defined as:

2 3
Pra(k)  P21(k) Pn;1(K)
gpl;z(k) P2.2(k) PN;z(k)z
k= : : : )
Pin(K) Pan(k) Prin (K)

Each column of Ty contains the probabilities Pjj(k) of
transitioning from current state i to future state j at time K (see
Eq. 6). Evidently, each I'y satisfies the following conditions
concerning probabilities:

Pij (k) 2[0;1];8i;j 2 S; ®)

>
8i2S; Pij k=1 9)
j2s

that is, each probability Pjj(k) lies between O and 1, and the
summation of all probabilities of moving from state i to j
at time Kk is 1. This matrix I'x allows us to calculate the
most probable future state and its associated variance (i.e.,
uncertainty) Q (see Eq. 2) required for the application of the
KF. The most probable state provided by the evolution model
(the prior in Eq. 1) is:

R = arg max Pjj (k) (10)
j
and the variance is:
Qk=Var[R« =jjR« 1=1] ,
> 2 an
= XPik) %j Pij (K)
j=1 j=1

where Rj corresponds to the numeric value associated with
future state j. Since no analytical function is used, Eq. 2
simplifies to:

Pk =Pk 1+ Qx (12)

For practical purposes, we decided to generate weekly
transitions so that each I'k captures how likely it is for biomass
to change from one state to another between week k 1
and K. Daily transitions are not considered, as significant crop
variations over a single day are negligible, and because ground
truth measurements are available at weekly/biweekly intervals.
In this way, aligning the model with this temporal resolution
provides more consistent and meaningful estimates.

Figure 3 shows examples of transition matrices generated
for biomass at DoS 10, 100, and 200. There is a total of
132 possible states, being each one associated with a specific
discrete interval of biomass values. As shown in (7), each
element of the matrix contains the probabilities of transitioning
from a current state (horizontal axis of Fig. 3) to a future state
(vertical axis). For instance, and to illustrate the use of this
matrix, in the magnified image of Fig. 3(a), the green and
red rectangles highlight the case where, at DoS = 10, the
current biomass state is i = 12. In this situation, there are ten
possible future states (red rectangle), each associated with a
probability. The non-zero probabilities are listed in Table II,
which shows that a transition to state 14 is the most probable.
Accordingly, we deduce that at DoS = 10, if the current state
is 1 = 12, the future state (one week ahead) is j = 14 (which
corresponds to a biomass value of 0.015 kg.). Also, by means
of Eq. 11, we can derive the variance of the estimation which
is approximately Qy=10 = 0:000014 kg?.

2) Observation Model: The observation model provides
estimates of the crop physical variable as a function of the
different satellite observations. As noted earlier, we use time
series of Sentinel-1 and Sentinel-2 imagery. Both SAR- and
optical-based observation models were generated using the
Random Forest Regressor (RFR), provided by the scikit-learn
package in Python language [38]. Therefore, as with the
evolution model, we do not employ an analytical function for
h (see Eq. 4), so that the posterior (i.e., the final estimate after
the update step) directly depends on the output of the RFR and
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the Kalman gain. In this regard, Eq. 3 can be simplified to its
scalar version:

Pk

K= — &

13)

where Rk (uncertainty of the observation) is calculated as the
variance across all trees of the RFR. The final uncertainty of
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(c) Transition matrix for DoS = 200.
the model (Eq. 5) is also simplified to:
Pe =(1 Ky)Pxk: (14)

For the SAR model, multiple features derived from the
original images can be employed, including backscatter and
interferometric coherence at diverse polarimetric channels. An
ablation study analyzing the contribution of the different SAR
features is presented in Section III-C. The optical model relies
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TABLE II
EXAMPLE OF USE OF TRANSITION MATRIX.

Current state  Current value  Future state  Future values  Probability
10 0.007 0.04
11 0.009 0.04
12 0.011 0.08
13 0.013 0.21
14 0.015 0.29
12 0.005 15 0.017 0.21
16 0.019 0.04
17 0.021 0.04
18 0.023 0.01
19 0.025 0.04

solely on NDVI measurements. Additionally, the day of season
(DoS) was included as an input feature for both SAR and
optical models to better capture crop growth dynamics.

To train the two models, the datasets are split into training
and testing sets using, respectively, 70% and 30% of the
available data. The number of trees of the RFR is set to 300.

The performance of the SAR and optical observation models
is evaluated by comparing estimated and observed biomass
values, as illustrated in the scatter plots of Fig. 4. Although
the same percentage of testing samples is to create both
models, Figs. 4(a) and (b) highlight that the absolute number
of testing samples is lower for the optical case, due to the
reduced availability of cloud-free images in the area. For this
case, the SAR observation model comprises backscatter and
interferometric coherence of both polarimetric channels (i.e.
four features).

Quantitatively, the performance of each observation model
is evaluated using the root mean squared error (RMSE) and
the mean absolute error (MAE) between estimated and true
biomass values, as summarized in Table III. These metrics
indicate that the SAR model performs worse than the optical
model, with higher RMSE and MAE values (0.29 kg and
0.20 kg, respectively). In contrast, the optical model achieves
lower errors (a RMSE of 0.23 kg and a MAE of 0.15 kg),
reflecting its greater sensitivity to biomass.

TABLE III
SAR AND OPTICAL OBSERVATION MODELS GLOBAL ACCURACY METRICS
FOR BIOMASS ESTIMATION.

RMSE [kg] MAE [kg]
SAR observation model 0.283 0.194
Optical observation model 0.232 0.157

3) Algorithm Workflow: Taking into account the previ-
ously defined evolution and observation models, Fig. 5 shows
how the complete integration algorithm proceeds to provide
biomass estimates throughout the season.

As described in Subsection II-C1, the transition matrices
are defined on a weekly basis, enabling the evolution model
to generate an estimate (provided by the prediction step of
the Kalman filter) at weekly intervals. Subsequently, different
scenarios are considered depending on the availability of

satellite observations acquired during the week for which the
biomass value is to be estimated:

1) Case 1: No observation - The final estimate corresponds
to the one provided by the evolution model (there is no
update step in the KF).

2) Case 2: Sentinel-1 observation - When a Sentinel-1
image is available, the estimate is updated using the SAR
observation model.

3) Case 3: Sentinel-2 observation - When a Sentinel-2
image is available, the estimate is updated using the
optical observation model.

4) Case 4: Sentinel-1 and Sentinel-2 observations - When
both images are available, the estimate is updated using
both observation models.

D. Evaluation

Model performance is assessed by the Root Mean Square
Error (RMSE) and Mean Absolue Error (MAE), widely em-
ployed for estimation tasks in a variety of areas. Moreover, we
include an additional and specific quantitative quality metric
which is the difference in accumulated biomass between the
estimations and the ground data.

Essentially, accumulated biomass represents the total
biomass produced by one plant over the growing season and
can be defined as:

Zy,

B(t) dt (15)

Bacc =
to
being B¢ the biomass at time t, ty and t¢ correspond to the
first and last day of the growing season. It is therefore the area
under the biomass—time curve. The difference of accumulated
biomass Bgcc is defined as:

Bacc = jgacc Baccl: (16)

where éacc results from the accumulation of estimated value
and Bgec is the accumulation of in-situ measured values.

III. RESULTS
A. Detailed Results at Selected Points

The proposed integration approach is applied to estimate
weekly biomass values throughout a complete season of sugar-
cane crops. To correctly evaluate the methodology, we start by
making a selection of the measurement points (with available
ground-truth data) to build both the evolution and observation
models. Specifically, we employ 90% of the points (63 from a
total of 70 points) to build the models, and the remaining
10% (7 points) are reserved for testing and validating. In
this way, all data associated with the testing points are not
’seen’ by the models. Evidently, in all cases, biomass estimates
are compared with the in-situ data collected during the field
campaign.

As explained in Section II-C, the proposed methodology
combines temporal crop dynamics with SAR and optical ob-
servations, resulting in a complete integration framework. The
results presented in this section correspond to the case in which
all available SAR products are employed as input features to






