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Physics-Guided Machine Learning-Based
Forward-Modeling of Radar Observables: A Case
Study on Sentinel-1 Observations of Corn-Fields

Tina Nikaein , Member, IEEE, and Paco Lopez-Dekker , Senior Member, IEEE

Abstract—Artificial neural networks have the potential to model
the interaction of radar signals with vegetation but often do not
follow the physical rules. This article aims to develop a new
physics-guided machine learning approach that combines neural
networks and physics-based models to leverage their complemen-
tary strengths and improve the modeling of physical processes.
We propose a data-driven framework to model synthetic aperture
radar observables by incorporating physical knowledge in two
ways: through the network architecture and the loss function. A key
aspect of our approach is its ability to integrate knowledge encoded
in physics-based models. The results show that by using scientific
knowledge to guide the construction and learning of the neural
network, we can provide a framework with better generalizability
and stability.

Index Terms—Constraint, forward model, neural network,
physics-guided, radar backscatter, synthetic aperture radar (SAR).

I. INTRODUCTION

FORWARD models, or observation operators, are important
for the analysis and interpretation of remote sensing data,

for the conceptualization and development of observational
concepts, and for the assimilation of measurements in numerical
models. As in many other fields of study, traditional approaches
use either simple empirical models, simplified physical models,
or a mixture of both (e.g., physical models with empirically
tuned parameters). While robust and easy to work with, these
types of models often fail to account for many of the phenomena
present in the full physical system.

To address this shortcoming, remote sensing scientists are
increasingly adopting machine learning (ML) algorithms. These
algorithms can learn complex relations and patterns that are not
well captured by theoretical models due to the complexity of the
underlying physics [1], [2]. On the other hand, supervised ML
algorithms, particularly deep learning networks, often require
vast amounts of training data and can sometimes yield results
that, while statistically accurate, may not always align with
physical laws [3]. Another issue with purely data-driven models
is that they may work well for the region of input vector-values
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covered by the training data, but often fail to generalize for input
values outside this region [4].

An emerging trend in physical sciences is to use the robust
theoretical foundations of physics to guide and constrain ML
models, leading to predictions that are not only more accu-
rate, but also physically plausible. In this work, we follow this
approach to model satellite-based radar observables over crop
fields. While we apply the methodology to the particular case
of Sentinel-1 [5] Normalized Radar Cross Section (NRCS) over
corn fields, the approach should apply to other crops and other
observables.

Recently, there has been an increasing interest in the in-
tegration of physics with machine learning, as discussed in
detail in [6] and [7]. Previous studies demonstrated that physics-
informed machine learning can improve the accuracy and gen-
eralizability of the model in different applications. For exam-
ple, in [8] an improvement in the prediction of the chemical
reflectance signature was studied using a physics-guided neural
network (PGNN). In another study to predict lake tempera-
ture [9], PGNN was used in two different approaches: 1) the
simulated output of the physics-based model was fed into the
neural network as additional inputs; and 2) including physics
knowledge into the loss function. Their results showed better ac-
curacy and lower physical inconsistency. Jia et al. [10] pretrained
a model using simulated data from a generic physics-based
model to improve prediction accuracy with limited observed
data. An effective method for guiding the initialization process
to aid in model training and avoiding local minima is to em-
ploy transfer learning, an ML approach. With transfer learning,
a model can be first pretrained using simulated data from a
physics-based model and subsequently fine-tuned with a limited
amount of training data to adapt to the specific task at hand.
Their results show that using physical model data for pretrain-
ing, even with imperfect parameters, can reduce the training
data requirements. They incorporate the knowledge encoded in
the physical model with a recurrent neural network model to
leverage their complementary strengths to predict lake water
temperature. Zhong et al. [11] developed a physics-informed
deep learning model to simulate runoff changes in alpine catch-
ments under climate change, outperforming traditional models.
Their model combines deep learning techniques with the physics
of hydrological processes, providing more credible projections.
Previous studies showed the efficiency of including physical
knowledge into the architecture of the model, for example in [12]
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and [13], where prior system knowledge was incorporated in the
architecture, for lake temperature modeling and dynamic system
modeling, respectively. In all state-of-the-art applications, the
integration of ML with physical knowledge has led to significant
improvements in adaptability. To the best of our knowledge,
the application of these advancements to modeling microwave
signals from vegetation remains unexplored. This gap presents
a unique opportunity for research, where methodologies devel-
oped in other contexts could be adapted to enhance the accuracy
and efficiency of remote sensing in vegetative environments.

The advantages of direct assimilation of microwave satellite
observation, which circumvents the need for retrievals, were
studied in [14] and [15]. Forward models are required to map bio-
geophysical parameters to satellite observations. In the context
of this article, our aim is to model the dependence of NRCS, σ0,
on crop and soil-related parameters, in order to use this model for
direct assimilation. A commonly used radiative transfer model
is the so-called water cloud model (WCM) [16], which often
serves as a forward operator. There are more complex models to
simulate radar backscatter, like the Tor Vergata model [17] and
the Michigan microwave canopy scattering model [18]. While
these models offer detailed simulations, their use is often limited
due to the difficulty in parameterizing them accurately. These
models require a large number of input parameters, many of
which are challenging to measure or estimate with high precision
in real-world conditions. More recently, the advantage of using
machine learning as an observation operator has been studied
by [19], [20], [21], and [22]. The challenge in accurately pre-
dicting NRCS lies in the complex interplay of numerous factors
influencing the returned signal, including surface roughness,
moisture content, vegetation cover, and geometric properties of
the observed scene. The study by Nikaein et al. [22], highlights
the difficulties in using data-driven models alone to simulate
synthetic aperture radar (SAR) observables, such as backscatter,
during anomalous conditions, e.g., drought years. This chal-
lenge arises when the model encounters scenarios for which
it has not been trained, such as vegetation parameters under dry
conditions, resulting in predictions that are not representative
of the actual conditions. This research builds on these insights
and seeks to address these limitations by demonstrating how the
integration of physical knowledge into ML models can improve
their performance as an observation operator. Specifically, the
focus is on the development of physics-guided machine learning
frameworks that incorporate domain knowledge into both the
architecture and learning process of ML models. By doing so,
this approach not only ensures that the predictions remain con-
sistent with fundamental physical principles, but also enhances
the ability of the model to generalize to previously unseen
conditions, such as drought or other environmental anoma-
lies. We used machine learning as an observation operator to
map biogeophysical parameters from crop growth models, such
as the Decision Support System for Agrotechnology Transfer
(DSSAT), to SAR observables. This approach provides a more
robust framework for simulating SAR observables.

The main aim of the article is to investigate how incorporating
physical constraints into ML models can enhance their robust-
ness, generalizability, and interpretability. Rather than focusing

on developing the best-performing ML model, our objective is
to understand how physical principles can be embedded into
the modeling process. To achieve this, we explore two comple-
mentary approaches. The first approach incorporates physical
knowledge directly into the learning process by adding a custom
constraint to the loss function. A positive gradient constraint
enforces consistency with the expected relationship between
radar backscatter and soil moisture. The second approach mir-
rors the structure of the WCM, decomposing radar backscatter
into physically meaningful components (soil and vegetation)
and constraining their contributions to the total signal. This
implementation enables explicit modeling of attenuation effects,
providing deeper insights into the physical processes governing
SAR observables.

The contributions of this work are multifold and are as
follows.

1) We demonstrate that incorporating physical constraints
improves model robustness and transferability across dif-
ferent environmental conditions, such as year-to-year vari-
ability.

2) We highlight the potential of gradient-based constraints,
as an effective way to embed physical principles into ML
models for modeling radar observables.

3) We show that mirroring the WCM structure in the neural
network architecture allows for intermediate outputs that
are physically interpretable, enabling the analysis of spe-
cific contributions from soil and vegetation to backscatter.

4) By using synthetic data derived from the WCM, we val-
idate the accuracy and behavior of the proposed models
under controlled conditions, providing a benchmark for
real-world applications.

This article provides a practical framework for integrating
physical principles into ML models, with the dual goal of
improving performance and gaining deeper insights into the
underlying processes. The findings contribute to advancing the
state of physics-informed machine learning and its applications
in remote sensing.

II. STUDY AREA AND DATA

Building on the work presented in [22], we select maize fields
in the province of Noord-Brabant, The Netherlands for our study.
The Crop Environment Resource Synthesis (CERES)-Maize
model, which is among the various crop models included in the
DSSAT [23], [24], were used to simulate crop growth for each
field. This model uses input data on soil characteristics, climatic
conditions, crop genetics, and management practices to simulate
daily growth stages, biomass development, and crop yield. Our
research focuses on key biophysical parameters of maize, such
as the Leaf Area Index (LAI), Above-Ground Biomass (AGB),
surface soil moisture (SMS), and root zone soil moisture (SMR),
to simulate SAR observables. More details, including details
about the study area and the crop growth modeling steps, can be
found in [22].

Following [22], we utilize Sentinel-1 C-band data acquired
in the Interferometric Wide Swath mode with a six-day repeat
cycle (relative orbit 37). NRCS values in both VV and VH
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polarizations were retrieved from the Agricultural SandboxNL
database [25]. In order to to validate the rationale of our proposed
approach, we generate synthetic data based on the principles
of WCM. This synthetic data allows us to test and validate
the accuracy, robustness, and ability of the model to generalize
across different scenarios in an idealized case.

III. METHODOLOGY

In this section, we describe the two main approaches to in-
corporate physical knowledge into neural networks: 1) physics-
based loss function; and 2) physics-guided network topology.

A. Physics-Based Loss Function

One way to incorporate physical knowledge into ML al-
gorithms is by enforcing constraints on the outputs of these
algorithms. This can be accomplished through the formulation
of a custom loss function, as shown in [9]. Consider a learning
system characterized by a function f , which operates on a set of
input parameters X that possess a physical relationship with the
target variable Y . In this context, we can express the relationship
as Ŷ = fNN(X), where fNN denotes the neural network function
approximating the mapping from X to Ŷ across our training
samples. In the conventional training paradigm, the goal is to
minimize the discrepancy between the predicted values (Ŷ )
and the observed values (Y ). However, while this standard
approach is effective in reducing predictive error, it may not
ensure that predictions are in accordance with the underlying
physical principles. To address this gap, the custom loss func-
tion comes into play, integrating physical constraints directly
into the learning process. By doing so, the loss function not
only penalizes deviations from observed data points, but also
incorporates penalties for violations of known physical laws.
This dual-purpose loss function ensures that the learning process
is not merely data-driven but is also guided by the underlying
physical principles. The modified learning objective, incorpo-
rating this physical constraint, is defined as

argmin
f

(
Ldata(Y, Ŷ ) + λLphys(Ŷ )

)
with

Ldata(Y, Ŷ ) =
1

n

n∑
i=1

(yi − ŷi)
2 (1)

where f is the model, Ldata is the data term of the loss function,
Lphys is the physical constraint term, and λ is a hyperparameter
that balances the contributions of Ldata and Lphys to the overall
loss function. For the data term of the loss function, we use the
mean square error (MSE) function. To operationalize this physi-
cal constraint within our machine learning model, we developed
a custom loss function with an additional term specifically
designed to ensure the partial derivative of backscatter with
respect to surface soil moisture remains positive [26], as

Lphys(Ŷ ) =
1

n

n∑
i=1

ReLU

(
− ∂ŷi
∂SMs

)
(2)

where index i iterates over the training samples, and ReLU(·) is
a Rectified Linear Unit function applied within the Lphys term to
enforce the positive partial derivative constraint by penalizing
negative values of the predicted partial derivative.

This adjustment is critical for maintaining the physical in-
tegrity of the predictions of the model, ensuring they are con-
sistent with the known behavior of microwave radar signals
interacting with varying levels of soil moisture.

B. Physics Guided Network Topology

In this case, we are constraining the internal architecture
of ML models with physical insights to enhance their inter-
pretability. This approach involves integrating physical prin-
ciples directly into the structure of neural network, as shown
in Fig. 1. By doing so, we give an implicit physical meaning
to some intermediate outputs, which also means that we can
apply physical constraints to them. In this framework, we try
to limit the existing freedom of a standard neural network to
simulate NRCS. For this approach, we tried two steps: 1) bound
the freedom of the model in the architecture; and 2) incorporate
the physical knowledge through the loss function. The network
topology tested follows the architecture of the WCM [16], a
widely used model for backscatter. Here, the total NRCS during
the growth period (from planting to harvest) is decomposed in
a vegetation component, and underlying soil term, and a term
representing their interaction. The general form of the WCM
equations is represented in (3) to (6), where the WCM neglects
the interactions between the ground and vegetation, implicitly
assuming that it is small compared to the other terms

σ0
total = σ0

veg + σ0
soilT

2, (3)

σ0
veg = AV1 cos θ(1− T 2) (4)

T 2 = exp

(−2BV2

cos θ

)
(5)

σ0
soil = C +D · SMs. (6)

Here, θ is the incidence angle,σ0
total is the total backscattering co-

efficient,σ0
veg is the backscatter contribution from the vegetation,

σ0
soil is the backscatter contribution from the soil, and T 2 is the

two-way transmissivity of the vegetation layer. There are more
sophisticated ways to estimate σ0

soil (e.g., [27]) but generally,
it is a reasonable assumption that there is a linear relationship
between backscattering coefficient and soil moisture over bare
soil. σ0

soil influenced by soil moisture, surface roughness, and
the incidence angle of the radar signal. The attenuation term
depends on the density and water content of the vegetation. Scat-
tering from the vegetation depends on vegetation water content,
structure, and orientation of leaves and stems [28]. The WCM
contains four coefficients, A, B, C and D related to vegetation
scattering, vegetation attenuation, surface roughness, and soil
moisture respectively. All of these coefficients are polarization-
and frequency-dependent. A and B depend on vegetation type,
while C and D are related to soil texture. Several quantities can
be used to describe the vegetation by setting V1 and/or V2 to
quantities such as vegetation water content (VWC), vegetation
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Fig. 1. A depiction of the WCM-inspired NN, where prior knowledge from physics is embedded in a structured format.

optical depth, AGB, or LAI. As LAI is readily available from
the DSSAT model outputs, we follow [29] and [30] by assuming
V1 = V2 = LAI.

We defined a multiple input network that separates the in-
puts for the vegetation component from the inputs for the soil
component. The vegetation components inputs are LAI, AGB,
and SMR (as an indication of the availability of root zone
moisture to replace transpired water) and SMS is the input for the
soil component. As illustrated in Fig. 1, the network produces
internal outputs denoted as σ0

veg and σ0
soil. We anticipate that

any increase in σ0
veg will result in a diminished direct impact

from σ0
soil. This modulation effect is represented by the term T 2

within the framework and multiplied by NRCS from the soil
term. Note that in the attenuation term of the constrained model
architecture, we prescribe a behavior inspired by the reverse
exponential nature of attenuation and vegetation effects as it is
shown in (7). This term has a trainable coefficient α, which is
defined by the training procedure.

T 2 = exp(−ασ0
veg). (7)

The proposed framework incorporates physics-based prior
knowledge into the structure of the neural network and imposes
constraints on the internal states of the model and the output
values. In this architecture, the loss function constraint is applied
to σ0

soil rather than σ0
total. This choice is based on the observation

that the partial derivative with respect to SMS for σ0
soil is con-

sistently positive. The sensitivity of σ0
total to SMS can approach

zero when the LAI is high, so in the presence of noise, this can
lead to excessive penalties for slightly negative values.

The rest of this article is devoted to analyzing the outcomes,
testing, and comparing the four combinations discussed: Stan-
dard NN and WCM-inspired NN, each with either a regular or
modified loss function. As mentioned in Section II, synthetic
data were generated using the WCM formula, which allows the
extraction of intermediate layer output. This data enables us to
validate the performance of the WCM-inspired NN model. In
this study, we formulate three key hypotheses that we aim to test
and validate through our results as follows.

1) When training and testing on consistent data sets, adding
any constraints would lead to a higher MSE, given that
this is our default (unconstrained) loss function.

2) Both our positive partial derivative and topology constraint
should enhance the robustness of the model and, conse-
quently, its transferability.

3) We anticipate that our WCM-inspired neural network will
learn to produce meaningful intermediate results.

C. NN Implementation

We implemented the neural network models using the Keras
library [31]. The dataset was partitioned field-wise into training
and testing subsets, following a 70:30 ratio to ensure indepen-
dence between the two datasets. We used the Adaptive Moment
Estimation (Adam) optimization algorithm to minimize the loss
function. To mitigate the risk of overfitting, we incorporated
an early stopping mechanism, adjusting the patience parameter
to 50. The input features were rescaled between 0 and 1 to
prevent saturation at the tails of the activation functions; the same
transformation was applied to the test data. Our fully connected
network architecture consists of 3 hidden layers and neuron
numbers of 32, 16, 4 with ReLU activation functions in each
hidden layer. In the constrained model architecture, ReLU was
used in the hidden layers, while the sigmoid activation function
was used in each output layer to produce outputs between 0 and 1.
The weights of the neural network were randomly initialized and
each experiment was run 50 times where the standard deviation
of accuracy was around 2% .

We present results and compare outcomes in the following
scenarios: standard NN, standard NN with constraints, WCM-
inspired NN, and WCM-inspired with constraints.

IV. EXPERIMENT WORKFLOW

In this section, we present the results from each approach for
two scenarios: 1) when the model is tested on data from the same
year, incorporating the environmental conditions present in the
training phase; and 2) when the model is tested on data from
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Fig. 2. General workflow of our proposed framework. The simulated data from the crop growth model was fed to the model. The details of data simulation and
modeling the NRCS using machine learning are discussed in [22]. (The map of The Netherlands is sourced from [25]).

a different year, which includes different environmental condi-
tions not represented in the training data. The details of these
environmental differences are detailed in [22]. Fig. 2 illustrates
the general workflow of our proposed framework, demonstrating
the simulation of NRCS using ML for corn parcels. The dashed
arrows in this figure highlight the added value of this method to
the data-driven study, enhancing it with physical principles not
addressed in our previous work [22].

As mentioned in the previous section, these models aim
to improve transferability. Specifically, the proposed method
is tested in two distinct situations: 1) training and testing on
the same year; and 2) testing on a different year with varying
meteorological conditions. The lack of separate signals for soil
and vegetation in satellite data limits the ability to validate the
model effectively. To address this limitation, synthetic data can
be used to understand better whether the model behaves as
expected. We expect that the model performs optimally under
these controlled conditions. We generate synthetic data by using
soil and vegetation states modeled by DSSAT for both years
as inputs to the WCM. The values for WCM parameters were
optimized by the range provided in [21].

V. RESULTS

A. Synthetic Data

Fig. 3 shows the results obtained by training the physics-
guided model on synthetic data for 2017, testing on data for
the same year Fig. 3(i) and on data for 2018 Fig. 3(ii). This

figure illustrates how constraints on the network topology by
physical properties such as soil moisture and vegetation char-
acteristics can improve remote sensing models’ accuracy. The
figure provides insight into the contributions to total backscatter.
Fig. 3(ii)(a) illustrates a rapid decrease in LAI during July, along
with lower maximum AGB and greater variability across the
parcels (indicated by the shaded area). In Fig. 3(ii)(b), T2σ0

soil is
overestimated in late-June/early-July; however, this has limited
impact on σ0

total since σ0
veg dominates during this period. Sim-

ilarly, while σ0
veg is overestimated in June, it has a negligible

effect on σ0
total because σ0

veg is much smaller than σ0
soil at that

time. The graph highlights that the largest deviation between
the estimated and synthetic truth σ0

total occurs from mid-July
onwards, coinciding with an anomaly in the LAI, which leads
to a poor estimate of σ0

veg. However, this difference remains
minimal, as shown in Fig. 3(ii)(d). The inclusion of a constraint
in the loss function helps to reduce this deviation, bringing the
estimate slightly closer to the synthetic truth, and improving
the accuracy of the model despite the anomaly. In subplot (c),
while the difference between synthetic (WCM) and estimated
backscatter looks large prior to June 2017, note that in linear
units, these initial values are all close to zero, so the absolute
difference is very small.

The physics-guided network topology [Fig. 3(d)] with R2 ≈
0.99 and an MSE close to zero, effectively captures the inter-
actions between the soil and attenuation [Fig. 3(b)] and the
vegetation [Fig. 3(c)]. This integration is consistent with the
principles of the WCM. The variability and trends observed
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Fig. 3. Time series of synthetic and estimated NRCS values are presented, based on training using synthetic data generated from 2017 vegetation and soil
parameters. The models were tested on (i) synthetic data from the same year (2017) and (ii) synthetic data generated from 2018 vegetation and soil parameters.
(b) to (d) illustrate the following: Blue lines represent unconstrained estimations, red ones indicate constrained estimations, and the black lines represent the
estimated backscatter from WCM.

in Fig. 3(d) are direct results of the dynamic changes in soil
moisture and vegetation properties captured in Fig. 3(b) and (c).
Maybe the most salient observation is that our WCM-inspired
model produces accurate values of σ0

soil and σ0
veg without be-

ing trained with corresponding data. This happens because the
WCM-inspired topology cannot find another way to minimize
the MSE in a situation where the NN topology is a perfect
match to the actual model. It would be risky to conclude that the
same behavior will automatically happen with real data given
the simplifying assumptions of the WCM.

B. Sentinel-1 Data

After assessing the performance of the proposed method on
synthetic data, we now proceed to evaluate its performance using
satellite data. Fig. 4 provides a comparison of the NRCS in
VV polarization between the two approaches that incorporate
physical knowledge into neural networks, with each model
trained and tested on data from 2017. Fig. 4(a) illustrates
the simulated biogeophysical parameters of maize fields in
2017, which are important to understand the subfigures (b), (c),
and (d). Fig. 4(b)–(d) show the T2σsoil, σveg, and σtot gener-
ated by our trained WCM-inspired neural network. Fig. 4(e)

shows the total NRCS for the regular fully connected dense
network.

Fig. 4(b) shows the contributions of NRCS from the interac-
tion between soil and attenuation. The blue line corresponds
to the model trained without physical constraints, while the
red line corresponds to the model trained with the modified
loss function. Both models follow a similar trend, but the
constrained model shows more variability, particularly from
early June onward. This suggests that the constrained model is
more responsive to fluctuations in soil moisture. Fig. 4(c) shows
the NRCS contributions from vegetation. Both models show
an increasing trend from June, are aligned with the growing
season, and follow the same behavior as LAI. Fig. 4(d) shows
the overall NRCS simulated by the physics-guided network
topology. The variability seen in subplot (b) due to soil and
attenuation interactions directly impacts the overall NRCS in
subplot (d). Peaks and troughs in soil moisture (subplots (a)
and (b)) correspond to similar variations in the total NRCS,
highlighting the sensitivity of the model to soil moisture dy-
namics. The increasing trend observed in subplot (d) from
mid- to late-2017 aligns with the progression of the growth
season, as indicated by increasing LAI and AGB in subplot (a).
This demonstrates that the physics-guided network effectively
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Fig. 4. Time-series of observed and estimated NRCS for training and test data on the same year data (2017). Solid lines indicate the mean value of the feature
over maize parcels in the test set, and the bounded area shows the 20th-80th percentiles. (a) Vegetation and soil parameters during the growing season in daily steps
in 2017. (b) to (e) illustrate the following: blue lines represent unconstrained estimations, red ones indicate constrained estimations, in (d) and (e), the black lines
represent the observed backscatter. The dashed rectangle around subplots (b), (c), and (d) highlights that these are related to the physics-guided network topology
method.

integrates the seasonal growth patterns of vegetation and
changes in soil conditions. Fig. 4(e) illustrates the NRCS values
obtained using a standard neural network. It compares the ob-
served NRCS (black line) with estimates from the standard neu-
ral network without constraints (blue line) and with constraints
(red line). The constrained model shows a closer alignment with
the observed NRCS data. The constraint enforces a positive gra-
dient with respect to soil moisture, improving the responsiveness
of the model to changes in soil conditions. Interestingly, the total

NRCS from the WCM-inspired NN does not improve much
with the additional constraint. However, the primary effect of
incorporating the constraint into the loss function is to reduce
the T2σ0

soil term and increase σ0
veg as soon as LAI begins to rise.

Notably, throughout most of the growing season, the estimates
of σ0

total from both the WCM-inspired NN and the standard NN
are quite similar. The notable exception occurs during the bare
soil period, where the standard NN appears to perform slightly
better.
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Fig. 5. Time-series of observed and estimated NRCS for training on 2017 data and testing on 2018 data. (a) Vegetation and soil parameters during the growing
season in daily steps in 2018. (b) to (e) illustrate the following: blue lines represent unconstrained estimations, red ones indicate constrained estimations, in (d) and
(e), the black lines represent the observed backscatter. The dashed rectangle around subplots (b), (c), and (d) highlights that these are related to the physics-guided
network topology method.

Now we turn our attention to how the different models, trained
on 2017 data, behave and perform on test data corresponding to
2018. As discussed before, the 2018 period includes combina-
tions of input values not seen in 2017. This cross-year analysis
helps to evaluate the transferability and robustness of the model
under different environmental conditions.

Fig. 5 shows the model inputs and outputs in this case.
Fig. 5(a) presents the DSSAT generated SMS, LAI, and AGB
over time in 2018. A comparison with Fig. 4(a) immediately
reveals the severe drought during the summer months, as noted
in [32], and its impact on the LAI and AGB. Panel (b) shows

that the constrained WCM-inspired model predicts significantly
lower values for the T2σ0

soil term during the drought period.
Subplot (c) shows that, as in the 2017 case, the constrained
model produces higher contributions of the vegetation to the
total NRCS and, more importantly, a sharper contrast between
the bare-soil period and the growth period. The estimated NRCS
without constraint in Fig. 5(d) follows the observed data but
shows some deviations, especially between mid-June and Au-
gust. The constrained model aligns well with the observed data,
demonstrating improved accuracy in capturing NRCS variations
due to changes in soil moisture and vegetation. The NRCS
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TABLE I
COMPARISON OF MODEL’S PERFORMANCE WITH AND WITHOUT CONSTRAINTS FOR TESTING ON DATA FROM 2017 AND 2018

values obtained using the standard neural network are shown
in Fig. 5(e). In the standard NN, the estimate is poor during the
LAI anomaly, and the constraint brings the estimate closer to the
observed σ0

total. When both NNs include a constraint in the loss
function, the overall performance is better for the WCM-inspired
NN.

Table I provides the performance metrics for different models
for both years. As it was shown and discussed in [22], if the
trained model is applied to sets of inputs corresponding to
conditions (e.g., severe drought) for which it has not been trained
we expect decreased model performance. The fully connected
dense neural network demonstrates higher accuracy in predict-
ing NRCS values when trained and tested on data from the
same year. Although constraints improve the performance of the
standard network, the improvement is less pronounced than in
the physics-guided network case. When trained on 2017 data and
tested on 2018 data, the WCM-inspired network predicts NRCS
values with a higher accuracy. The correlation coefficients for
2018 are relatively low. However, it is crucial to emphasize that
these metrics are calculated for the entire period under consid-
eration. Notably, a significant improvement in these metrics is
observed during the anomaly in late summer 2018. Constraints
further improve both models, but the physics-guided network
remains superior in terms of accuracy and robustness.

The results indicate that our physics-constrained method im-
proves the forward modeling of SAR observables, demonstrat-
ing the potential to combine machine learning with scientific
knowledge for advanced remote sensing applications.

VI. CONCLUSION

In this article, we introduced a physics-guided neural network
to model SAR observables over vegetation. Unlike traditional
black-box neural networks, our approach integrates physical
principles directly into the network architecture and the loss
function, resulting in a model that is not only data-driven
but also physically consistent. Specifically, we incorporated
physics-guided constraints into the neural network by: 1) adding
a physics-based term to the loss function; and 2) modifying
the network architecture to reflect the underlying physical pro-
cesses.

Our proposed network topology follows that of the WCM,
which is widely used to model NRCS over crop fields. Through
data-driven training, the model learns behaviors that are not
reflected in a standard analytical WCM formulation. At the
same time, the model inherits some simplifications embedded
in the WCM. For example, the WCM does not represent double
bounce (e.g., stem-ground) scattering. It is therefore possible
that a network topology inspired by more sophisticated physical
models would produce better results. However, a more complex
topology may gravitate towards a fully connected dense NN,
which as our results showed, is harder to train and generalizes
worse.

For our physics-guided loss function, we added a single
constraint, requiring the partial derivative of the NRCS with
respect to the soil moisture to be positive. This constraint makes
sense from a physical modeling point of view and is consistent
with the WCM topology. It is also a very simple constraint, and
therefore easy to implement, which we assume to be valid at all
times. However, in reality, there can be a correlation between
the SMS and the VWC which can affect the NRCS in complex
ways. More importantly, there is additional physical knowledge
that could be incorporated into the loss function.

Back to our key hypotheses, according to our results, we can
see the following.

1) In line with expectations, the WCM-inspired model does
perform worse than the regular dense network when
trained and tested on data from the same year. The WCM-
inspired limits what the model can learn, e.g., hidden
correlations between SMS and VWC. However, contrary
to our expectations, but in line with the literature, the
results produced by the constrained models have a lower
MSE for both training and test datasets. This suggests that
these constraints not only prevent overfitting but also aid
the training process. Our interpretation is that constraints
can effectively reshape the loss landscape, potentially
smoothing out poor local minima and leading the opti-
mizer toward more generalizable and accurate solutions.
Thus, when constraints align well with the underlying
physical or statistical realities of the data, they can be a
powerful tool to enhance the learning process and overall
model performance.
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2) As expected, both proposed approaches produce models
that generalize better to completely unseen situations.

3) With synthetic data, the results are encouraging; the sim-
plicity of the WCM model suggests that the neural network
should learn it perfectly, yet achieving this was nontrivial
and required considerable effort. This success highlights
the capabilities of the network. With actual data, the inter-
mediate outputs appear reasonable and generally consis-
tent with typical WCM behavior. In particular, the outputs
in the constrained case are quantitatively better, indicating
a potential advantage of incorporating constraints.

Looking ahead, one promising direction for further research
is the application of transfer learning techniques, which could
leverage pretrained models to improve performance on new
datasets or under different environmental conditions. In addition,
addressing the challenge of local minima in neural network
training remains a critical area of focus. Various strategies,
including fine-tuning the network architecture and optimizing
hyperparameters, may mitigate these issues and lead to more
optimal solutions.

We also recommend that future studies research expand this
work by extending the area of interest to cover a broader range of
agricultural landscapes and by including multiple seasons to bet-
ter capture seasonal dynamics. Furthermore, future efforts could
focus on integrating the developed method in data assimilation
or anomaly detection to enhance the practical applications of the
model in agricultural monitoring. If possible, simulate the model
under controlled conditions in which the expected behavior of
the soil and vegetation components is known. This can help
identify whether the model systematically biases towards one
component or another.

ACKNOWLEDGMENT

The authors would like to thank our colleague at TUDelft, Dr.
Riccardo Taormina, for his valuable insights into this work.

REFERENCES

[1] B. A. Forman, R. H. Reichle, and C. Derksen, “Estimating passive mi-
crowave brightness temperature over snow-covered land in North America
using a land surface model and an artificial neural network,” IEEE Trans.
Geosci. Remote Sens., vol. 52, no. 1, pp. 235–248, Jan. 2014.

[2] B. A. Forman and R. H. Reichle, “Using a support vector machine and a
land surface model to estimate large-scale passive microwave brightness
temperatures over snow-covered land in North America,” IEEE J. Sel.
Topics Appl. Earth Observ. Remote Sens., vol. 8, no. 9, pp. 4431–4441,
Sep. 2015.

[3] M. Reichstein et al., “Deep learning and process understanding for data-
driven earth system science,” Nature, vol. 566, no. 7743, pp. 195–204,
Feb. 2019.

[4] S. Zhong et al., “Machine learning: New ideas and tools in environ-
mental science and engineering,” Environ. Sci. Technol., vol. 55, no. 19,
pp. 12741–12754, Oct. 2021.

[5] R. Torres et al., “GMES sentinel-1 mission,” Remote Sens. Environ.,
vol. 120, pp. 9–24, May 2012.

[6] J. Willard, X. Jia, S. Xu, M. Steinbach, and V. Kumar, “Integrating physics
-based modeling with machine learning: A survey,” Mar. 2020.

[7] M. J. Zideh, P. Chatterjee, and A. K. Srivastava, “Physics-informed ma-
chine learning for data anomaly detection, classification, localization, and
mitigation: A review, challenges, and path forward,” IEEE Access, vol. 12,
pp. 4597–4617, 2024.

[8] C. P. Murphy and J. P. Kerekes, “Physics-guided neural network for pre-
dicting chemical signatures,” Appl. Opt., vol. 60, no. 11, pp. 3176–3181,
Apr. 2021.

[9] A. Daw, A. Karpatne, W. Watkins, J. Read, and V. Kumar, “Physics-guided
neural networks (PGNN): An application in lake temperature modeling,”
Sep. 2021.

[10] X. Jia et al., “Physics-guided machine learning for scientific discovery:
An application in simulating lake temperature profiles,” ACM/IMS Trans.
Data Sci., vol. 2, no. 3, pp. 20:1–20:26, May 2021.

[11] L. Zhong, H. Lei, and B. Gao, “Developing a physics-informed deep learn-
ing model to simulate runoff response to climate change in alpine catch-
ments,” Water Resour. Res., vol. 59, no. 6, 2023, Art. no. e2022WR034118.

[12] A. Daw, R. Q. Thomas, C. C. Carey, J. S. Read, A. P. Appling, and
A. Karpatne, “Physics-guided architecture (PGA) of neural networks for
quantifying uncertainty in lake temperature modeling,” in Proc. 2020
SIAM Int. Conf. Data Mining (ser. Proceedings. Society for Industrial and
Applied Mathematics), Jan. 2020, pp. 532–540.

[13] F. Djeumou, C. Neary, E. Goubault, S. Putot, and U. Topcu, “Neural net-
works with physics-informed architectures and constraints for dynamical
systems modeling,” in Proc. 4th Annu. Learn. Dyn. Control Conf., PMLR,
May 2022, pp. 263–277.

[14] H. Lievens et al., “Optimization of a radiative transfer forward operator
for simulating SMOS brightness temperatures over the upper Mississippi
basin,” J. Hydrometeorol., vol. 16, no. 3, pp. 1109–1134, Jun. 2015.

[15] H. Lievens, B. Martens, N. E. C. Verhoest, S. Hahn, R. H. Reichle, and
D. G. Miralles, “Assimilation of global radar backscatter and radiometer
brightness temperature observations to improve soil moisture and land
evaporation estimates,” Remote Sens. Environ., vol. 189, pp. 194–210,
Feb. 2017.

[16] E. P. W. Attema and F. T. Ulaby, “Vegetation modeled as a water cloud,”
Radio Sci., vol. 13, no. 2, pp. 357–364, Mar. 1978.

[17] M. Bracaglia, P. Ferrazzoli, and L. Guerriero, “A fully polarimetric mul-
tiple scattering model for crops,” Remote Sens. Environ., vol. 54, no. 3,
pp. 170–179, Dec. 1995.

[18] F. T. Ulaby, K. Sarabandi, K. Mcdonald, M. Whitt, and M. C. Dobson,
“Michigan microwave canopy scattering model,” Int. J. Remote Sens.,
vol. 11, no. 7, pp. 1223–1253, Jul. 1990.

[19] D. Rains, H. Lievens, G. J. M. De Lannoy, M. F. McCabe, R. A. M.
de Jeu, and D. G. Miralles, “Sentinel-1 backscatter assimilation us-
ing support vector regression or the water cloud model at European
soil moisture sites,” IEEE Geosci. Remote Sens. Lett., vol. 19, pp. 1–5,
2021.

[20] X. Shan et al., “Towards constraining soil and vegetation dynamics in
land surface models: Modeling ASCAT backscatter incidence-angle de-
pendence with a deep neural network,” Remote Sens. Environ., vol. 279,
Sep. 2022, Art. no. 113116.

[21] S. de Roos, L. Busschaert, H. Lievens, M. Bechtold, and G. J. M.
De Lannoy, “Optimisation of AquaCrop backscatter simulations using
Sentinel-1 observations,” Remote Sens. Environ., vol. 294, Aug. 2023,
Art. no. 113621.

[22] T. Nikaein, P. Lopez-Dekker, S. C. Steele-Dunne, V. Kumar, and M. Huber,
“Modeling SAR observables by combining a crop-growth model with
machine learning,” IEEE J. Sel. Topics Appl. Earth Observ. Remote Sens.,
vol. 16, pp. 7763–7776, 2023.

[23] C. A. Jones and J. R. Kiniry, A CERES-Maize: Simulation Model of Maize
Growth and Development. Austin, TX, USA: Texas A&M University
Press, 1986.

[24] J. W. Jones et al., “Decision support system for agrotechnology transfer:
DSSAT V3,” in Understanding Options for Agricultural Production (ser.
Systems Approaches for Sustainable Agricultural Development), G. Y.
Tsuji, G. Hoogenboom, and P. K. Thornton, Eds. Dordrecht, Netherlands:
Springer, 1998, pp. 157–177.

[25] V. Kumar, M. Huber, B. Rommen, and S. C. Steele-Dunne, “Agricultural
SandboxNL: A national-scale database of parcel-level processed Sentinel-
1 SAR data,” Sci. Data, vol. 9, no. 1, Jul. 2022, Art. no. 402.

[26] M. C. Dobson and F. T. Ulaby, “Active microwave soil moisture research,”
IEEE Trans. Geosci. Remote Sens., vol. GE-24, no. 1, pp. 23–36, Jan. 1986.

[27] K. Chen, T.-D. Wu, L. Tsang, Q. Li, J. Shi, and A. Fung, “Emission of
rough surfaces calculated by the integral equation method with comparison
to three-dimensional moment method simulations,” IEEE Trans. Geosci.
Remote Sens., vol. 41, no. 1, pp. 90–101, Jan. 2003.

[28] S. C. Steele-Dunne, H. McNairn, A. Monsivais-Huertero, J. Judge, P.-
W. Liu, and K. Papathanassiou, “Radar remote sensing of agricultural
canopies: A review,” IEEE J. Sel. Topics Appl. Earth Observ. Remote
Sens., vol. 10, no. 5, pp. 2249–2273, May 2017.



6502 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 18, 2025

[29] I. Champion and G. Guyot, “Generalized formulation for semi-empirical
radar models representing crop backscattering,” 1991.

[30] L. Prévot, I. Champion, and G. Guyot, “Estimating surface soil moisture
and leaf area index of a wheat canopy using a dual-frequency (C and X
bands) scatterometer,” Remote Sens. Environ., vol. 46, no. 3, pp. 331–339,
Dec. 1993.

[31] F. Chollet, “Keras,” 2015. [Online]. Available: https://github.com/fchollet/
keras

[32] M. Shorachi, V. Kumar, and S. C. Steele-Dunne, “Sentinel-1 SAR
backscatter response to agricultural drought in The Netherlands,” Remote
Sens., vol. 14, no. 10, Jan. 2022, Art. no. 2435.

Tina Nikaein (Member, IEEE) received the B.Sc.
degree in surveying and geomatics engineering and
the M.Sc. degree in remote sensing from Tehran
University, Tehran, Iran, in 2015 and 2018, respec-
tively, and the Ph.D. degree in remote sensing from
the Department of Geoscience and Remote Sensing,
Faculty of Civil Engineering and Geosciences, Delft
University of Technology, Delft, The Netherlands.

Her research interests include radar remote sens-
ing, InSAR, and environmental monitoring.

Paco Lopez-Dekker (Senior Member, IEEE) was
born in Nijmegen, The Netherlands, in 1972. He
received the Ingeniero degree in telecommunica-
tion engineering from the Universitat Politècnica de
Catalunya (UPC), Barcelona, Spain, in 1997, the M.S.
degree in electrical and computer engineering from
the University of California, Irvine, CA, USA, in
1998, under the Balsells Fellowship, and the Ph.D.
degree in clear-air imaging radar systems to study the
atmospheric boundary layer from the University of
Massachusetts, Amherst, MA, USA, in 2003.

In 2003, he joined Starlab Barcelona, where he worked on the development
of GNSS-R sensors and techniques. From 2004 to 2006, he was a Visiting Pro-
fessor with the Department of Telecommunications and Systems Engineering,
Universitat Autonoma de Barcelona. In March 2006, he was awarded a Ramon
y Cajal Grant to conduct pioneering research on bistatic synthetic aperture
radar (SAR) at Remote Sensing Laboratory, UPC. At the university, he taught
courses on signals and systems, signal processing, communications systems and
radiation, and guided waves. From 2009 to 2016, he led the SAR Missions Group
at the Microwaves and Radar Institute, German Aerospace Center, Wessling,
Germany. Since 2016, he has been an Associate Professor with the Department of
Geoscience and Remote Sensing, Faculty of Civil Engineering and Geosciences.
He has been deeply involved in several radar mission proposals, and is the Lead
Investigator of the Harmony ESA Earth Explorer 10 Mission candidate. He
has authored or coauthored 50 peer-reviewed journal articles and more than
100 conference contributions in a broad range of topics related to radar remote
sensing.

https://github.com/fchollet/keras
https://github.com/fchollet/keras


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


