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Abstract

Estimating forest height from Synthetic Aperture Radar
(SAR) images often relies on traditional physical models,
which, while interpretable and data-ef cient, can struggle
with generalization. In contrast, Deep Learning (DL) ap-
proaches lack physical insight. To address this, we propose
CoHNet - an end-to-end framework that combines the best
of both worlds: DL optimized with physics-informed con-
straints. \We leverage a pre-trained neural surrogate model
to enforce physical plausibility through a unique training
loss. Our experiments show that this approach not only
improves forest height estimation accuracy but also pro-
duces meaningful features that enhance the reliability of
predictions. All code and models are available at https:
//github.com/ragbm/CoHNet.

1. Introduction

Estimating forest height plays an important role for a wide
range of ecological, environmental, and conservation appli-
cations. It enhances understanding of forest ecosystems and
promotes sustainable practices by improving the accuracy
of forest biomass and carbon stock estimates [8] - an in-
formation fundamental for comprehending the vital role of
forests in carbon sequestration. It also aligns with global
initiatives like REDD+ (Reducing Emissions from Defor-
estation and Forest Degradation) that aim to reduce emis-
sions from deforestation and forest degradation [1]. The
importance of forest height is also illustrated by the ESA
BIOMASS mission, selected in 2013 as the seventh Earth
Explorer mission. BIOMASS will provide estimates of for-
est biomass and height with full coverage over the tropical
areas. Beyond carbon estimation, forest height also emerges
as a critical parameter for monitoring ecosystem dynamics.
Frequent and high-resolution remote sensing measurements
facilitate tracking of forest growth, disturbances (such as
logging or natural events), and regrowth. Such insights
are important for assessing the overall health and resilience
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Figure 1. CoHNet, an end-to-end network that uses interferometric
coherence estimated from InSAR data (backscatter of one image
shown on the left), derives optimized volume decorrelation (cen-
ter) which is then leveraged by a physical model to estimate forest
height (right). White regions in the maps denote non-forest areas.

of forest ecosystems, providing essential data for informed
conservation and management decisions [36].

Synthetic Aperture Radar (SAR) has emerged as one of
the most suitable technologies for forest height estimation
compared to optical and LiDAR sensors due to several ben-
e ts such as robustness regarding weather conditions, day-
and-night imaging capabilities, and the ability to partially
penetrate the forest canopy. SAR systems emit microwave
signals towards the Earth’s surface and record the backscat-
tered echoes. The interaction between the radar waves and
the forest canopy provides information about the structure
and height of the vegetation. The conventional approach for
forest height estimation using SAR leverages Interferomet-
ric SAR (InSAR) data [16, 19] and includes establishing an
empirical relationship with the interferometric coherence, a
correlation variable derived from two SAR images. Coher-
ence can be decomposed into various decorrelation factors,
with volume decorrelation being one of the most impor-
tant contributions [33]. This particular factor is intricately
linked to the volumetric scattering of the forest canopy. It
quanti es the level of decorrelation caused by the three-
dimensional nature of the vegetation structure. Despite its
pivotal role, its estimation remains a challenging task. Usu-



ally a physical model is used in inverting the forest height
from the volumetric decorrelation. Such models have sev-
eral limitations in practical applications including potential
inaccuracies in representing the complex forest structures,
sensitivity to assumptions about the distribution of scatter-
ers, and challenges in handling heterogeneous landscapes.

Data-driven approaches such as Deep Learning (DL) can
perform data-dependent corrections to compensate for mod-
eling errors. However, volume decorrelation cannot be di-
rectly learned from the data by supervised approaches due
to the lack of ground truth data for this variable.

We propose CoHNet (Coherence and Height Network,
visualization of in- and output maps shown in Figure 1) as
an alternative approach and estimate a DL-optimized pa-
rameter that is equivalent to volume decorrelation by op-
timizing the down-stream task of forest height estimation
for which reference data (e.g. via LIDAR measurements) is
available and include prior information via a physical model
that constraints forest height estimates to physically plausi-
ble solutions. In summary, our main contributions include:

We propose CoHNet as an end-to-end framework for
downstream-based output optimization with physical pri-
ors. The trained network has two outputs: The forest
height estimate and optimized volumetric decorrelation.
We introduce physics information into the neural network
via a novel physics-inspired training loss that uses a pre-
trained surrogate model that can be easily integrated into
the learning framework to impose physical constraints.

2. Related Work

The traditional approach to estimate forest parameters such
as height from Interferometric SAR (INSAR) are physical
models that simulate how radar waves scatter as they pene-
trate the canopy, accounting for factors like forest structure
and ground surface conditions. There are two main cat-
egories: (i) The Scattering Phase Center Model describes
how the radar waves interact with different parts of the for-
est, such as leaves, branches, and trunks. By modeling the
scattering at different canopy layers they provide informa-
tion on the structure and height [9, 17, 21, 38]. (ii) Inter-
ferometric Coherence Models acknowledge that interfero-
metric coherence is affected by vegetation properties such
as canopy movement and moisture. These models predict
the decorrelation caused by vegetation, which helps to dis-
tinguish the canopy from the ground topography within the
interferometric signal. The most widely used approach is
the Random Volume over Ground (RVoG) model [16] [19]
[29] which assumes a vertically homogeneous forest vol-
ume over a region. Several different extensions have been
proposed including the three-stage algorithm [10], the vol-
ume temporal decorrelation model [30], the slope corrected
model (S-RVoG) [23], and other variations [13, 39, 43].
The RVoG model is based on the assumption that the de-
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cay of the forest height along the vertical re ectivity pro-
le is given as a function of the extinction coef cient. It
is simpli ed to a sinc function which is also called coher-
ence amplitude inversion and can result in overestimation of
forest heights due to temporal decorrelation and signal-to-
noise decorrelation. However, multiple challenges remain,
including how signal decorrelation from dense vegetation,
topographic complexity, and the in uence of moisture in-
uence the radar signals.

Recent deep learning based approaches formulate the
task as either a classi cation or regression problem. Clas-
si cation frameworks categorize vegetation into discrete
height classes, enabling the identi cation of height ranges
corresponding to different forest structures [40, 41] but
bearing the risk of not capturing the full range of variation
in forest height. Regression-based approaches treat forest
height as a continuous value. They are better suited for cap-
turing ne-grained variations in forest height [7] [21] [24]
[42]. With the increasing availability of large-scale remote
sensing data and the advantage of Deep Learning (DL) in
handling complex tasks, many recent studies have focused
on fusing data from multiple remote sensing sources such
as SAR, LiDAR, and optical data allowing for more ro-
bust height estimation [2, 14, 15, 22, 35]. While super-
vised learning is the most common approach for training
deep learning models using forest height reference data,
other learning techniques such as self-supervised learning
using masked autoencoders have been used as well [4]. Vi-
sion Transformers have also been used to estimate canopy
height, e.g. Hy-TeC [12] leverages optical and LiDAR data
for 10m canopy height mapping over Ghana.

Hybrid and physics-aware models incorporate physics
into machine learning models to improve model accuracy,
generalization, and reliability, especially in data-sparse do-
mains or applications where parts of the functional relation-
ship between measurements and target variables are known.

One approach is to directly introduce physics into the
neural network structure, often referred to as Physics-
Informed Neural Networks (PINNSs) or physics-aware deep
learning - an emerging approach that integrates physical
laws and domain-speci ¢ knowledge directly into the train-
ing of the neural network by embedding a residual loss
from a governing equation (e.g. partial differential equa-
tions) into the loss function [18, 25, 32]. For inverse prob-
lems where model parameters need to be inferred from data,
physical models representing the inversion can be embed-
ded into the loss function and can be used to calculate gra-
dients, helping the network to learn physically consistent
parameter values. These models are often hard to differ-
entiate and are thus replaced by surrogate models that are
trained by physical model simulation [5, 6].

Another approach is to couple physical models with
data-driven components like neural networks that for in-



stance can generate more meaningful features. Mansour et
al. [27] propose a hybrid inversion framework to estimate
forest height from INSAR coherence where a parametriza-
tion of the forest structure is derived as a function of the
input features using an MLP. The predicted pro le is used
to invert the forest height, where the error is backpropagated
through the hybrid model components.

We use a physics-aware approach allowing the neural
network to learn an optimized parameter relying on the
physics-based downstream task which has been encoded in
a neural surrogate model.

3. Methodology
3.1. Preliminaries

Interferometric Synthetic Aperture Radar (InSAR) is a re-
mote sensing technique that combines two SAR images
taken from slightly different positions enabling measure-
ment of surface height and deformation [28]. The key
observable of InSAR is the interferometric coherence
between two interferometric images s1(w) and s,(w) ac-
quired at given polarization w [7, 27, 34, 37], i.e.
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where () denotes the complex conjugate and h:i a spa-
tial average using a prede ned window size. The vertical
wavenumber , (rad/m) is the sensitivity of the interfero-
metric phase height to changes and is proportional to the
baseline distance between the SAR sensors [19, 26, 27].
Interferometric coherence is commonly derived using a
maximum likelihood estimator that employs a moving box-
car window [37] and can be further factorized [33] into
= sensor  temp quant SNR vols where volume decor-
relation g is caused by the presence of volumetric scatter-
ing and thus of particular relevance for forest height estima-
tion [16, 19]. Itis derived from by neglecting other decor-
relation factors such as quantization decorrelation ( quant),
temporal decorrelation ( mp = 1) in the case of a bistatic
con guration, and decorrelation due to other sensor param-
eters ( sensor = amb rg az) SUch as SAR ( amp) and az-
imuth ( ;) ambiguities as they do not depend on the illu-
minated scene. However, is dependent on the baseline
unless proper range Itering actions are made resulting in
range decorrelation ( ). Thus, usually only a rough ap-
proximation of , is computed as
SNR )

vol = rg=

compensating only for noise ( snr) and .

The inversion of bio-/geophysical parameters such as
forest height includes establishing a relation between the
estimated complex coherence and the bio-/geophysical pa-
rameter. One of the most commonly used approaches for
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forest height is the Random Volume over Ground (RVoG)
model which describes the forest canopy via a two-layer
scattering model consisting of the vegetation layer and the
ground surface layer. The volume scatterers follow a uni-
form random spatial distribution [31, 43]. The volume
decorrelation factor o (estimated via Eq. 2) is set into
relation to the forest canopy height h,, and the forest ver-
tical re ectivity pro le f(z) (where z is forest scatters at
different heights and z the ground contribution) [3, 27] via

R,

Vol( z) =ei 2Zo _0 f(z)ei i dZ:

3
N F(z) dz &

In practice, several crucial points affect the computation
of the interferometric coherence and therefore the estima-
tion of forest height: First, the SNR value is mostly calcu-
lated using a theoretical approach with the assumption of a
constant noise power [20]. Second, the temporal decorre-
lation causes a loss of coherence if present. This is not the
case in bistatic data from TanDEM-X but temporal decorre-
lation becomes relevant in repeat pass acquisitions as with
Sentinel-1. Third, the window size of the spatial average
during coherence computation affects the obtained value.
Several of these parameters (e.g. the window size of the
spatial integration during coherence optimization, compen-
sation terms for quantization errors, etc.) are assumed to
be constant over a scene, yet are actually data-dependent
(e.g. large windows would lead to more stable coherence
estimates over homogeneous regions but introduce errors in
heterogeneous areas).

3.2. CoHNet: A Physics-aware Model Architecture

The underlying idea of the proposed framework is that the
physical model should in principle be able to provide ac-
curate forest height if its model assumptions are ful lled.
Among others, these include that the presented input is the
actual volume decorrelation. The commonly used approx-
imation of the volume decorrelation (see Eq. 2) is close
enough to lead to reasonable results, yet the rather crude
assumptions (as discussed in Section 3.1) cause estimation
errors. Thus, we propose a network that generates an op-
timal input for the physical model, minimizing prediction
errors and producing estimates as close as possible to the
actual forest height.

Figure 2 provides an overview of CoHNet. Given the
computed coherence as input, it estimates the optimized
volumetric decorrelation which is then used in a physical
model (together with ) to predict forest height.

Unfortunately, the vanilla implementation of the RVoG
model does not allow its direct inclusion into such a pipeline
as it is neither fast enough during inference nor differen-
tiable. We replace it with a Neural network based Surrogate
Model (NSM) which is pretrained to simulate the physi-
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cal model outputs given the corresponding inputs of volume
decorrelation and 5.

Both models are concatenated into a single pipeline such
that the output of the coherence model is used as input to
the forest height model. End-to-end training is performed
on the concatenated model by xing the weights of the pre-
trained forest height model (i.e. NSM). Only the coher-
ence model weights are updated using the loss generated
by NSM. Thus, the nal network learns input-output map-
pings such that the model’s solution space is constrained by
the physical model estimates allowing the solution to be in
the functional space of the physical model. Once the model
is trained, it provides two outputs: The optimized volume
decorrelation and forest height estimates.

The rst network follows a U-Net architecture proposed
for directly estimating forest height from coherence or other
INSAR related features [24] with the exception that the ac-
tivation function in the output layer is a sigmoid function
so that the output is limited to the range of coherence. The
second network is based on -Net [37], a residual U-Net
architecture tailored for INSAR data. We use a U-Net archi-
tecture for its effectiveness in extracting geospatial features
and its compatibility with the study’s physics constraints.

For the optimization of the network, we introduce
a novel physics-inspired loss based on the Root Mean
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Squared Error between predicted H®! and reference H'f

forest heights of N samples, i.e.
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where hysm(Pvor( i) = H®St is the forest height pre-
dicted by the surrogate network hysy of the physical model
based on the output of the rst network i.e. the optimized
volume decorrelation ”, o based on the given coherence
This allows us to learn optimized volume decorrelation
without direct reference data as this does not exist. We pre-
ferred this loss over an L1-based loss since we do not expect
outliers within the data and the estimation of taller trees is
more relevant than the estimation of lower vegetation.

4. Experiments
4.1. Dataset, Setup, and Metrics

We train and evaluate CoHNet on data of the AfriSAR cam-
paign [11] - a NASA-ESA joint campaign that collected
airborne SAR and LiDAR data for sensor calibration and
the development of forest structure and biomass retrieval
algorithms. Instead of the airborne SAR imagery of the
AfriSAR campaign, we use INSAR acquisitions obtained by
TanDEM-X (DLR) in 2016 over the same region.



(a) Pre-trained NSM

(b) CoHNet with using Gabon NSM

(c) CoHNet with region-wise NSM

(d) Direct Model.

Figure 3. Performance (RMSE in [m]) of different models trained (rows) and tested (columns) over various regions. The scale of each
heatmap is normalized per subplot for better comparison. Subplots represent (a) Pre-trained NSM, (b) CoHNet with Gabon NSM, (c)
CoHNet with region-wise NSM, and (d) Direct Model. Each model demonstrates varying degrees of adaptability across dataset regions.

The study area for the AfriSAR campaign is Gabon as it
is a densely forested country with rich structural and func-
tional biodiversity. Five different sites are part of the cam-
paign, i.e. Mondah forest, Lope National Park, Mabounie,
Rabi, and Pongara National Park. We do not consider
Mondah as it is covered by only a single TanDEM-X im-
age which does not allow for unbiased testing. While this
dataset contains only data over Gabon, if offers four geo-
graphical disjoint regions with very distinct properties re-
garding forest type (e.g. Mangrove in Forest in Pongara).
We use the already gridded forest characterization products
derived from full-waveform lidar data acquired by NASA’s
airborne Land, Vegetation and Ice Sensor (LVIS) instru-
ment. This contains geolocated canopy cover at a spatial
resolution of 25m readily processed to the Level 3 (I13al)
product RH98 which is the mean relative height at which
98% waveform energy occurs.

For each of the four regions, the available images are
split into training and test images, resulting in 5, 4, 2, and 1
training images for Mabounie, Rabi, Pongara, and Lope, re-
spectively. For each region, we use one additional image as
a test set which ts the general data distribution of the train-
ing set. In addition to these four region-wise datasets, a fth
dataset is created that consists of all the four regions com-
bined with a total of 12 training and 4 test images. Maps
of coherence (computed according to Equation 1), volume
decorrelation (Equation 2), and , are geocoded and used
by a RvoG model (see Section 3.1) to estimate forest height.
The average error of the RVoG model over all regions is
14.2 m. As reference data serves the LVIS measured forest
height. All data products are geocoded, aligned, and divided
into 64 64 patches with a stride of 32. Table 1 summarizes
these properties of the train and test sets.

Training is performed with an Adam optimizer for 100
epochs with a batch size of 8 and a learning rate varying
between 10 4 and 10 2 and requires approximately 1 hour
on an NVIDIA A100-SXM4-40GB GPU, while inference
takes only a few seconds per scene, making the approach
computationally feasible for large-scale applications.
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#Patches Avg. Height | RMSE PM
Region Train | Test | Train | test (inm)
Mabounie || 2985 | 603 | 32.7 | 29.3 16.1
Rabi 2670 | 621 | 30.5 | 336 13.3
Pongara 1421 | 475 | 311 | 295 14.6
Lope 1253 | 848 | 37.8 | 36.4 16.8
Gabon 8329 | 2547 | 33.0 | 32.2 14.2

Table 1. Statistics of the used datasets to train and evaluate all
models including the number of patches, average LVIS reference
height (in m), and the error of the physical model (PM) for each
individual region as well as for all regions combined.

4.2. Surrogate Model Performance

While a physics engine could be used to enforce the phys-
ical plausibility, these models are not differentiable, com-
putational expensive, and dif cult to integrate into a neural
network pipeline. Thus, we train a Neural network based
Surrogate Model (NSM) for the RVoG physical model to
leverage physical principles and capture the relationship be-
tween the radar backscatter and forest height. The surrogate
model is trained with the same inputs as the RvoG model,
i.e. volume decorrelation obtained from coherence and the
corresponding vertical wavenumber ( ) based on the rela-
tive position of the two SAR satellites.

Figure 3a shows an overall good agreement between the
predictions of the surrogate models and the results of the
physical model for all the regions, including the combined
Gabon model. For surrogate models trained and evaluated
on the same region, the RMSE varies between 0.955 to
3.52 m. The combined Gabon model trained and evaluated
on all regions has an RMSE between 0.973 to 2.18 m. Sur-
rogate models that are evaluated on regions that they are
not trained on show in general still acceptable error rates,
yet with a much higher variance. This shows that replac-
ing the original RoOVG model with a neural network based
surrogate model is indeed a viable option.
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Figure 4. Qualitative results for CoHNet trained on Gabon over the four regions: Mabounie, Rabi, Pongara, and Lope. Areas with no
available LVIS reference are shown in white. Predictions are masked by a forest/non-forest map (white regions denote areas with no

forest).

4.3. CoHNet Performance

We rst evaluate the performance of the proposed model
over the different regions. We use the surrogate model
trained over all of Gabon as it shows the best agreement
with the physical model (see Section 4.2). The training of
the surrogate model only requires input data and the height

2334

estimates of the physical model, which can be easily com-
puted for all regions. We leave the evaluation of the in-

uence of different surrogate models to an ablation study
shown in Section 4.5.

The RMSE in Figure 3b shows good performance of
roughly 7 m RMSE if the model is trained and tested on
the same region (note, that train and test data belong to dif-
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Figure 5. Qualitative comparison of forest height estimates from different models such as the physical model (RVoG), the direct model,
CoHNet, and the difference (CoHNet - Direct Model) for the Mabounie region.

ferent image acquisitions and different areas within the re-
gion). This decreases the RMSE by roughly 50% compared
to the traditionally used RVoG model (see Table 1). The
error naturally increases if the model is applied to a region
it is not trained on. However, in most of these cases the
loss in performance is limited. The best-performing model
across all regions is the combined Gabon model for which
the RMSE varies between 5.97 to 8.62 m.

Performance of all the models drops when evaluated on
the Lope region with the exception of the Lope model itself
indicating a distribution shift in this region. The Rabi model
struggles in other regions showing the highest errors with up
to 11.3 m on Lope.

Figure 4 shows qualitative results for the Mabounie re-
gion illustrating a good visual agreement between predic-
tions and LVIS measurements.

4.4. Comparison with a direct model

To analyze the performance further, we compare against a
U-Net model [24] that learns a direct input-output mapping
between coherence and the reference LVIS forest heights
without leveraging any physical constraints. Following the
data setup described in Section 4.1, we train ve indepen-
dent models, i.e. a model for each single region and a com-
bined model using data from all the four regions.

Figure 3d shows the Gabon model to perform best across
all regions with an RMSE between 5.2 to 6.71 m, i.e. a
4.2-12.1% decrease compared to the region-speci ¢ mod-
els. This is in line with other forest height estimates over
the region based on deep learning models, e.g. Carcereri et
al. [7] reports an RMSE of 5.41 m (although not directly
comparable due to differences in input and dataset splits).

The direct models have slightly lower errors in most
cases with differences from 0.71 to 2.01 m. A perfor-
mance decrease is noticed for the Rabi and Lope regions
where CoHNet outperforms the direct model. Figure 5
summarizes the different relevant height maps of the phys-
ical RvoG model, the direct model, and CoHNet (using the
Gabon NSM).
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4.5. Ablation Study

We study the effectiveness of CoHNet using each region’s
speci ¢ NSM, i.e. the CoHNet model trained on data of
Mabounie also uses the NSM that is trained on Mabounie.
Figure 3c shows similar RMSE values compared to the
model with the Gabon NSM. There is an increase of error
for Lope models where the generalization of the model de-
creases when evaluated on the other regions. Using a better
physical model indicates that there is a possibility to reduce
the error even further. The achieved performance critically
depends on the de nition of the inversion model. An over-
simpli ed inversion model with strict assumptions results
in a compromised performance of the model and the ability
to generalize further. A more complex or more robust ver-
sion of the RVoG model can help to resolve this issue and to
improve the overall performance of the proposed approach.

4.6. Optimized Volume Decorrelation

The preceding sections show that CoHNet generates
physically-consistent and accurate forest height. However,
in contrast to both the physical model and the direct model
it offers a second output: The optimized estimate of the vol-
ume decorrelation which is of potential interest on its own
and valuable also for other applications, e.g. being used in
other forest height models.

Figure 6 compares the original coherence, the computed
volume decorrelation, and the estimated optimized volume
decorrelation over Mabounie. The latter is less noisy and
provides ner structures. Figure 7 shows the results if each
of these parameters is used for forest height inversion in a
physical model. Using the original coherence overestimates
small heights, while heights around 30-40 m are underesti-
mated yielding an RMSE of 17.2 m. The overestimation
of smaller heights is well compensated by using the com-
puted volume decorrelation, reducing the overall RMSE to
16.3 m. Finally, leveraging the estimated optimized volume
decorrelation improves the estimation for all height levels
and reduces many of the existing ambiguities, decreasing
the RMSE to 7.03 m.



Figure 6. Qualitative comparison of different types of coherence features in CoHNet such as input coherence, volume decorrelation,
optimized volume decorrelation, and the difference between the both for the Mabounie region. Black regions represent non-forest areas.

(a) Coherence

(b) Volumetric Decorrelation

(c) Optimized Volumetric Decorrelation

Figure 7. Density scatter plots for height inversion via a physical model for different input parameters.

5. Conclusion

We introduce CoHNet - an end-to-end, physics-informed
model, which generates physically plausible forest height
estimates. CoHNet uses a U-Net backbone in a pipeline
where two models are concatenated: The rst estimates op-
timized volume decorrelation while the second uses a phys-
ical model to predict forest height. CoHNet leverages input
data such as coherence and reference forest height, but no
reference data for volume decorrelation is needed.

The neural surrogate model requires additional training
compared to the direct model. However, the corresponding
training data consists only of data products that are readily
available, i.e. mainly coherence and the forest height com-
puted by the physical model. These data products can easily
be obtained for all regions where INSAR data is available
and the physical model is applicable.

CoHNet reduces the error of the physical model by
roughly 50% and is on par with a direct deep learning
model while maintaining the advantages of a PM and pro-
viding optimized volume decorrelation as additional output
- avariable that is of relevance in a manifold of applications.
Volume decorrelation is a key INSAR feature when dealing

with vegetation and fundamental in applications that rely
on estimating structural properties of volumetric targets. In
addition to estimating forest height, it enables biomass esti-
mation which is important for carbon stock assessments and
ecological studies. So far, volume decorrelation is derived
from INSAR coherence via empirical heuristics. CoHNet is
the rst data-driven approach which does not apply hard-
coded rules but estimates it directly from coherence.

A limitation of CoHNet is that the derived optimized
volume decorrelation is only meaningful over forest. As
it is directly optimized through matching the measured for-
est height, there are no constraints applied for regions that
do not contain forest - or more speci cally where no ref-
erence height is available and where the physical model is
not applicable. A disadvantage of the used dataset is the

xed resolution of 20 m which may not capture ne-scale
forest structure variation. This can addressed by using high-
resolution LiDAR and SAR measurements.

Future work will focus on integrating a detection module
predicting when the physical model is applicable. Further-
more, the uncertainty of the surrogate model in matching
the given physical model can be taken into account to fur-
ther enhance accuracy and robustness.
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