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4 Chapter 1 INTRODUCTION

1 Introduction

The usage of point clouds, a set of data points whose combined purpose is to represent 3D objects and
is often collected by using LiDAR scanners or photogrammetry, has become increasingly ubiquitous
within various fields of expertise over the years. Raw point clouds may be collected and converted
into formats useful for the creation of digital twins, which are models that seek to digitally mirror a
real-world phenomenon to help drive data-centric decision-making processes (AlBalkhy et al., 2024).
Such digital twins are used in a wide variety of fields; in the field of Architecture, Engineering and
Construction (AEC) and Facility Management (FM), for example, professionals are becoming in-
creasingly interested in employing point clouds for purposes such as geometric quality assessment,
a process in which the physical profiles and condition of constructed objects may be investigated to
see whether or not they comply with set standards (Kim et al., 2019). In the field of forestry and
environmental monitoring, LiDAR scans and subsequent point clouds may be processed to estimate
the amount of biomass, forest structure and tree height, which in turn may help in the support of
sustainable forest management (Edson & Wing, 2011).

Another example is the use of LiDAR and LiDAR-derived point clouds to measure the height of ob-
jects such as buildings. Here, it is relevant to mention the Actueel Hoogtebestand Nederland (freely
translated to ”Current Dutch Elevation Record”), often abbreviated to AHN. It is a national elevation
dataset based on LiDAR data collected by either helicopter or airplane, with the fourth edition of the
dataset sporting a height accuracy of up to 5 cm and an estimated average point density of 10-14
points per square meter (AHN, 2020b; Ministerie van Onderwijs, 2018). While the AHN and simi-
lar point cloud datasets work well for determining the height of broad and well-defined objects such
as buildings, thin or elongated structures (for example, antennas, masts and overhead lines) pose a
greater challenge. Since these objects often have a smaller reflective surface area, they are typically
represented less reliably.

The relevance of mapping such thin objects is twofold; firstly, thin objects often are important in an
urban context, for instance in monitoring overhead lines in public transportation systems or for map-
ping out anything that may obstruct flight paths near airfields. Secondly, accurate mapping matters in
areas where data collection happens less frequently or where the appropriate tools may be unavailable
depending on the accuracy needed, such as in rural or remote regions. Because accurate datasets allow
for a better-informed decision-making process and a deeper understanding of the spatial environment,
it is evident that there is significant value in improving the quality of our methods for capturing, pro-
cessing, and interpreting geospatial data. In many regions, particularly in developing countries and
remote areas, the access to high-quality spatial data remains a challenge. Whereas countries such as
the Netherlands are able to invest heavily in representative geospatial data as it is a relatively small
country with a high GDP, other countries may run into financial or technological roadblocks. For ex-
ample, the procurement of large-scale LiDAR datasets can prove expensive, especially when collected
at higher resolutions, accuracies and precisions. In such cases where there is a lack of high-quality
data, the need for alternative methods that can be used for data enhancement becomes apparent.

While various methods exist for smoothing out point cloud surfaces and removing outliers, few so-
lutions exist for the issue of missing data. Depending on the method of data collection, points rep-
resenting a surface may be lost during recording due to environmental factors such as reflectivity or
transparency of a given material and procedural issues such as occlusions or viewing angles (Huang
et al., 2020). Solutions for the issue of point completion exist in the form of deep-learning-based
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procedures, where neural networks are employed to infer missing points (Yu et al., 2021). However,
these methods are not yet at a level of maturity where they can be reliably applied to geospatial data
if the need for accuracy is high.

Given this, an alternative approach to increasing data quality can be found in exploiting other kinds
of geospatial data that may directly or indirectly encode the necessary information required. For ex-
ample, in the case of the accurate height determination of elongated vertical objects where LiDAR
point clouds are sparse or partially occluded, a workable solution for accurate height estimation is
to use shadow-based techniques. Shadows encode spatial information in the form of geometry and
orientation that may be exploited to learn more about the object that casts them. For example, by
combining the length of a shadow and solar angle of the sun at a given time of day, it becomes possi-
ble to calculate the height of the original object.

To do so on a large scale requires the automatic segmentation of shadows in aerial photography. Meth-
ods for the segmentation of sunlit regions from unlit regions in imagery can be broadly divided into
two categories: the property-based methods, where strictly the inherent properties of a given shadow
are used, and the model-based methods where additional information about the surrounding region
is used to aid in segmentation, e.g. through known geometry of the shadow-casting object and solar
angles (Liasis & Stavrou, 2016).

Although the filter-based methods were historically considered to be the most performant as per Liasis
and Stavrou (2016), recent developments in the field of Artificial Intelligence and the advent of deep-
learning based solutions have led to significant improvements in shadow detection and segmentation
accuracy, resulting in comparable accuracies to the filter-based methods (Luo et al., 2020). However,
the accurate extraction of shadows from aerial imagery remains difficult for a number of reasons. For
example, time of day has a large influence on e.g. contrast, colour and saturation which may lead
to different accuracies of segmentation. Additionally, shadows cast by buildings may overlap with
one another, leading to a loss of semantic information. Another issue is when a shadow self-overlaps
with the object that is casting it, e.g. a church tower overlapping with the underlying primary structure.

Given these challenges, the improvement of shadow segmentation could potentially be achieved by
combining multiple data sources to compensate for the individual shortcomings of the data. Conven-
tional neural networks generally rely on large-scale training using input-output data pairs and relies
purely on statistical inference of the data in itself. However, in cases where such data is lacking lies
another solution in the form of Physics-Informed Neural Networks (PINNs) Raissi et al. (2017). PI-
INs work by not only looking at purely the data, but also the rules and laws that describe the data.
This allows similar models to infer well even with lower amounts of training data. As an example,
PINNs have been employed to solve fluid dynamics problems such as in the work by Jin et al. (2021),
where the addition of the Navier-Stokes equations enabled the model to deliver promising results in
flow simulation. Building on this notion, an opportunity potentially lies in employing the concept
of PINNs for the regularization of shadow-segmentation using aerial photography. In this case, the
use of pre-calculated shadow projections from point clouds can serve as the method of regularization,
thus combining two different datasets to reach more accurate and robust segmentation than normal
segmentation would have achieved.
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Following the ever-existing need for alternative methods for data enhancement, this thesis will explore
the use of PINNs for an enhanced segmentation of shadows from aerial photography by including
shadow projections generated from point clouds as regularization. The goal is that the increased
robustness and accuracy of shadow segmentation will lead to more accurate height estimation of
objects; in particular in those that contain thin and elongated objects which may be captured sparsely
in LiDAR datasets.



Chapter 2 RELATED WORK 7

2 Related Work
This section will review existing methods for the estimation of object heights, with a particular focus
usage of shadow segmentation techniques in both traditional and deep learning approaches. Firstly,
LiDAR-based reconstruction of buildings will be discussed as this is relevant due their limitations in
representing thin and elongated objects. Then, the segmentation of shadows from aerial photography
will be discussed, as well as the derivation of an object’s height through these shadows. Finally, a
summary of the research gap is provided and based thereon the research questions will be formalized
as well as the scope of this thesis.

2.1 LiDAR-based Reconstruction Algorithms

In a paper written by Brenner (2005) where he discussed the reconstruction of buildings from im-
agery and laser scanning, he highlighted how the then-current manual workflows led to high costs
when having to process large amounts of data. Here, he highlighted the need for more ”automated,
efficient extraction systems” assisting in the extraction of objects from laser scans and photography.
Since then, LiDAR has grown to be one of the most popular methods for capturing high-density 3D
data (Nex & Rinaudo, 2011). Whereas photogrammetry may have issues if the terrain or lighting are
not favourable, LiDAR is able to perform relatively well even in rugged terrain. However, that does
not mean LiDAR is without its challenges: for example, LiDAR has issues with accurate boundary
extraction depending on the resolution (Cheng et al., 2008). A figure illustrating this problem can be
seen in appendix A.3.

A variety of papers discuss the reconstruction of boundaries for buildings. For example, (Dorninger
& Pfeifer, 2008) describe an automated approach for the extraction, reconstruction and regularization
of buildings that exploits the fact that buildings are often made up of planar surfaces.(Kwak & Habib,
2014) recreated the geometry of buildings by recursively applying a minimum bounding rectangle
algorithm to collected LiDAR data. (R. Wang et al., 2016) use LiDAR data to first generate a Digi-
tal Elevation Model (DEM), after which a series of raster-based operations are applied to generate a
boundary representation of building objects.

However, while these methods are able to deal with issues in boundary representation in cases where
enough contextual information is available (i.e. plane fitting relies on recognizable geometric patterns
and a certain completeness of a dataset), they may struggle in cases with occlusions or insufficient
LiDAR hits when the objects have thin edges. This limitation is particularly present for objects such
as antennae or ornaments with small reflective surfaces. A practical example of this issue can be found
in Figure 1 Since these objects reside on top of buildings more often than not, accurate knowledge
of such geometries are relevant when accurate knowledge on the height of a building is required. As
such, there is a need for approaches that are able to compensate for these issues when LiDAR data is
lacking.

2.1.1 Point Cloud Completion

A potential option for missing LiDAR data is through point cloud completion by neural networks.
Fei et al. (2022) provide a large-scale review of many different deep-learning completion methods
and their architectures. For example, point cloud completion networks such as PointNet++ (Qi et al.,
2017) and PF-Net (Huang et al., 2020) use hierarchical learning, a process where (in the context of
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Figure 1: Point Cloud representations of the ”Nieuwe Kerk” in the city of Delft, the Netherlands. In
the top left, the AHN2 point cloud dataset is loaded, with the AHN5 visible in the top right. As can
be seen, there is a major difference in the representation of the church’s cross. Manual inspection
reveals that there is a difference of 3.45 meters in height between the the tops of the two datasets,
which would be a significant difference if an accurate height estimation of the church is needed.
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point clouds) an original set of points is continuously abstracted by downsampling, increasing the
local such that the further along in the hierarchy, the larger the local region becomes. Such a method
helps the model understand both global and local contexts. Another neural network architecture used
for the generation of points is the Generative Adversarial Network (GAN), which is comprised of a
generator that predicts missing points, and a discriminator that assesses the probability of generated
points being valid based on real data (Tan et al., 2023; X. Wang et al., 2020)

Although the above mentioned solutions may provide workable outcomes in cases outside of aestheti-
cal purposes, Fei et al. (2022) mention that more work needs to be done to get point cloud completion
to a point where it is practical when high accuracies are required. In cases where the models do not
have sufficient semantic surrounding information that they may exploit such as e.g. symmetries or
other design features, they will have difficulty in generating missing points that would be similar to
the ground truth. Considering the relative immaturity of point cloud completion algorithms, the need
for alternative methods for height measurement is further stressed.

2.2 Shadow-Based Height Estimation
The idea of using shadows to estimate the height of various objects has already been well-described
in the existing body of literature (Kadhim & Mourshed, 2018; Lee & Kim, 2013; Liasis & Stavrou,
2016; Shao et al., 2011; Shettigara & Sumerling, 1998).

2.2.1 Shadow Detection and Deep-Learning Algorithms

In order to accurately calculate the height of an object based on its cast shadow, its shadow needs
to be segmented from aerial photography with suitable precision. According to Liasis and Stavrou
(2016), the methods by which to detect shadows can be mostly described by two categories, namely
the property-based methods and the model-based methods. With property-based methods, the spec-
tral and spatial features of shadowed regions themselves are utilized, whereas model-based methods
employ the use of additional site-specific information, such as the solar altitude and the object’s ge-
ometry.

Filter methods are property-based methods that analyse shadows based on e.g. intensity values or
textures. The most simple example are histogram-based techniques that work based on the assump-
tion that sunlit and shadowed regions have a clear separation between them in terms histogram levels
(Adeline et al., 2013). A threshold by which to segment the different areas may then either be set
automatically through statistical means (Otsu, 1979) or may be selected manually (Yamazaki et al.,
2009). Another example of such a filter includes Gabor filters (Granlund, 1978), which are linear fil-
ters consisting of a Gaussian function and a sine-wave sensitive to edges and ridges that are oriented
in a particular direction.

Model-based approaches consider a priori knowledge about the site of study. If one has pre-gathered
geometrical information about the object casting a shadow as well as knowledge on the then-current
standing of the sun, segmentation would become easier since its shadows can be precisely calculated
instead of needing to interpret images. An example of this is Volumetric Shadow Analaysis as per-
formed by Lee and Kim (2010) which assumes that the ground sample distance, elevation and solar
azimuth are known.
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In 2012, Adeline et al. (2013) conducted a comparative study where they evaluated and ranked the
above mentioned shadow-detection techniques on their F-scores. The conclusion was that histogram
thresholding using the methods of Nagao et al. (1979) performed the best, followed by a physics
based method by Richter and Müller (2005), a support vector machine-based (SVM) method and re-
spectively in last a K-means clustering method and the SMACC method.

Property-based methods Physics-based methods Machine-learning methods

Histogram thresholding method (Nagao et al., 1979) RGB combination model Richter and Müller (2005) method SMACC SVM

Average F-score for testing dataset 92.5 87.5 90.0 83.9 87.7

Table 1: The results of the comparative study by Adeline et al. (2013)

Since then however, the traditional machine learning methods such as SVM and K-means have largely
been outpaced by deep learning algorithms. Deep learning is a subset of machine learning where neu-
ral networks with multiple layers are used to interpret data. One example of a deep learning method
are Convolutional Neural Networks (CNNs), which are commonly employed for the purposes of
computer vision. A CNN consists of multiple layers through which input data is fed, with each layer
performing specific operations to extract and process features.

CNNs have been employed in various papers for shadow segmentation. For example, a widely used
CNN architecture named U-Net (Ronneberger et al., 2015) was adapted by Jiao et al. (2020) for the
segmentation of clouds and shadows. This is then followed by Dense Conditional Random Field
(Dense CRF) refinement, where the inference of a given pixel is not only dictated by its local context
but the global context (Krähenbühl & Koltun, 2011). In another example, Luo et al. (2020) created
a CNN named ”DSSDNET” in an encoder-decoder residual structure, which was trained using an
auxiliary supervision structure giving each level the ability to train directly on the ground truth, thus
avoiding vanishing gradient issues. It differs from conventional CNNs and deep-supervision networks
in the sense that the outputs of the intermediate auxiliary layers are combined and refined into a fi-
nal prediction, instead of only fusing from the last levels of the network. In their testing, the model
reached an average F-score of 91.78%, outcompeting other shadow detection methods such as U-Net
(in its original form per Ronneberger et al. (2015), which scored an F-score of 87.84%.

While CNNs like DSSDNet have demonstrated a good accuracy in shadow segmentation, their ap-
proaches rely solely on the features learned from the input data during training. To date however,
there are no CNNs that are trained to use precalculated shadow masks as input for training. The con-
cept of using pre-calculated shadows with CNNs has to the best of my knowledge only been used in
the paper by Ufuktepe et al. (Ufuktepe et al., 2021), where they used precalculated shadow masks to
generate a ground-truth dataset by which the model could be self-supervised and trained.

2.2.2 Physics-Informed Neural Networks for Shadow Segmentation

In the current body of work, most of the work on shadow segmentation through neural networks is
purely driven by a data-centric approach; that is, any inference or training is only based on the re-
lations encoded within the data. However, if one has knowledge on the laws that this data has to
abide by (often the laws of physics), it becomes possible to fine-tune the learning process to reach
more robust and accurate results. This is the basis of Physics-Informed Neural Networks (PINNs), as
originally proposed by Raissi et al. (2017).



Chapter 2 RELATED WORK 11

Earlier mentioned in the comparative analysis by Adeline et al. (2013), one may have noticed that two
physics-based methods were mentioned for the segmentation of shadows, with the method employed
by Richter and Müller (2005) coming in second when compared to the other methods. Their method
operates by the same philosophy as that a PINN would; both use physics-based constraints. However,
they differ greatly since Richter and Müller (2005) in practice is a deterministic method that does not
employ neural networks, whereas a PINN relies specifically on a neural network to generalize and
infer without needing manual calibration under different circumstances.

While current CNN models for shadow segmentation are relatively performant, there is currently no
existing work that explores the usage of physical constrains to regularize the CNN during training and
inference. As such, the potential for physics-based constraints to increase the quality of generalization
is being left on the table. At the same time, the existing physics-based methods like Richter and Müller
(2005) do not make use of the versatility of a CNN which can be applied in more diverse conditions,
which means that there is a gap in research where the performance of a CNN enriched with physically
informed constraints can be explored.

2.3 Summary of Related Work & Research Gaps

Based on the above literature review, the following research questions were formulated to guide the
research:

• The scanning of objects through LiDAR can suffer from issues with boundary representation,
which leads to difficulty in height estimation for objects without enough contextual information
for inference.

• While many algorithms exist for the purposes of refining a point cloud (e.g. through outlier
removal or denoising), few approaches focus on completing missing data outside of deep-based
methods or are not usable in precise contexts.

• As Huang et al. (Huang et al., 2020) put it: ”the challenges of [...] missing points [...] have
been less addressed and remain unresolved.”.

• Machine learning solutions for point cloud completion have demonstrated some promise, but
are ultimately not at a point where they can be widely adopted when accurate results are needed
(Fei et al., 2022).

• Shadows offer an alternative way for the derivation of height information, and these can be
segmented by various means.

• Although different property-based and model-based methods exist for shadow segmentation,
the usage of precalculated shadows as complementary input to aerial photography in convolu-
tional neural networks has to the best of my knowledge not been explored.

• While deep-learning based CNN models have become increasingly popular, they remain purely
data-driven without taking into account physical constraints; further assessment into a CNN-
model confined by physics-based constraints as used in Physics-Informed Neural Networks
(PINNs) for the purposes of shadow segmentation would therefore break novel ground.
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3 Research Questions
Based upon the related work and the identified gaps, this thesis will use the following research ques-
tions:

Q Main. How and to what extent can a Physics-Informed Neural Network (PINN) improve
the accuracy and reliability of shadow segmentation from aerial photography, and
how does this impact height estimation performance for thin, elongated objects that
are poorly represented in point clouds when compared to conventional techniques?

Q1. What is the current state of height-derivation techniques, and what are their respective
strengths and limitations?

Q2. How can thin and elongated objects be defined for the purposes of this research?

Q3. What is the current state of shadow detection from aerial photography in the context of
thin and elongated objects?

Q4. How does incorporating physics-based constraints into a CNN-based shadow segmenta-
tion model impact segmentation accuracy, and how does this improvement translate to
better height estimation outcomes compared to conventional LiDAR-based methods?

Q5. Under what environmental and temporal conditions does the proposed method maintain
robust performance, and are there scenarios where it outperforms or underperforms con-
ventional approaches?
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4 Scope
This thesis will focus on the creation of a Physics-Informed Neural Network designed to segment
shadows from aerial photography. The study will be limited to:

• Adapting an existing CNN model (U-Net) for shadow segmentation, thereby using an existing
neural architecture.

• The use of precomputed shadow masks based upon LiDAR data as physics-based constraints
for fine-tuning.

• The evaluation of performance of the new segmentation model using default metrics such as
F-score.

• The usage of height estimation as a validation metric as opposed to a main research goal.

• Aerial photography datasets with known metadata (solar angle, shadow position).

As such, this study will not focus on:

• The improvement of height estimation algorithms

• Object classification except for shadow segmentation

• Reconstruction of buildings or thin objects

• Exploring physics-based constraints other than those that can be generated from point clouds
for shadow segmentation.

In this study, the height of a building refers to its absolute highest point. This is often demarcated
by elongated objects such as antennae or church crosses, which are frequently underrepresented in
LiDAR data
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5 Methodology
This section will outline the proposed methodology for shadow segmentation using Physics-Informed
Neural Networks (PINNs). Firstly, some relevant theory on shadow-based height estimation will be
mentioned as well as the basic theory behind Convolutional Neural Networks (CNNs) and PINNs.
Afterwards, the methodology necessary for answering the research questions will be outlined. The
approach will use an existing CNN model but will integrate physics-based constraints to effectively
turn it into a PINN. The main objective through this is to improve the accuracy of shadow segmen-
tation by enforcing consistency in predicted shadow regions. The estimation of building heights will
then be used as a validation metric to assess the effectiveness of the segmentation method, besides
traditional F-scores for comparison to other models.

5.1 Theory
5.1.1 Shadow-based height estimation

The estimation of heights from shadows relies on the geometric relationship between shadow length
(ls), solar altitude angle (̸ Solaralt) and object height (ho).

(1) ho =
ls

tan(̸ Solaralt)

However, this formula makes the assumption that the shadow a given object casts falls on flat ground.
As soon as the terrain becomes uneven, or the shadow falls on top of other objects additional measures
need to be taken to ensure that the calculation is accurate. For example, adding the difference in height
between the base of the building and the tip of shadow is required to come to an accurate height:

(2) ho =
L

tan(̸ Solaralt)
+(htip −hbase)

Note in the above equation that L is the planimetric horizontal length of a given shadow. To ensure an
accurate height, L should be measured from the tip of the shadow to the point directly vertical from
the highest point of the building.

5.1.2 Neural Networks for Shadow Segmentation

A Convolutional Neural Network (CNN) is a deep-learning model that is often used for the purposes
of computer vision, or any other field where innate structures in large datasets are exploited for infer-
ence. A CNN consists of multiple layers through which data is processed. Generally speaking, the
following layers can be identified in a CNN (LeCun et al., 2015):

• Convolutional Layers: Layers where input data is scanned using filter banks to detect specific
patterns such as textures and shapes.

• Activation Layer: The output of each individual node in a convolutional layer here is fed
into an activation function, which calculates the output of a neuron. Depending on the type of
function used by which to calculate the output, the main goal of this layer is to allow for the
approximation of non-linear relations in the data.
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• Pooling Layer: Downsamples the information coming in to reduce spatial dimension, remov-
ing redundant information and reducing computational complexity.

• Dense Layer: A fully connected layer that combines all extracted features to provide a final
output (Lecun et al., 1998).

For example, an image inserted into a CNN is first processed by the convolutional layers where fea-
tures such as edges and textures are detected. As these features flow further into the model through
more pooling and convolutional layers, the data is progressively abstracted. In the end, a dense fully
connected layer maps these features back into specific output (Lecun et al., 1998; LeCun et al., 2015).

In order to train a basic CNN, a training dataset is fed into the network and the kernels in the convolu-
tional layers are randomly initialized. After passing through the layers, the performance of the neural

Figure 2: Schema showing the layout of a typical CNN from Goodfellow et al. (2016)
. In the figure, the ”Detector layer” is the same as the ”Activation Layer” mentioned above.
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network is calculated through a loss function, which measures the difference between the predicted
output and the ground truth. As an example of a loss function, in cases where the output is binary (i.e.
a pixel is shadowed or non-shadowed), binary cross-entropy can be used which measures difference
between the output and the ground truth:

(3) lBCE =− 1
N

N

∑
i=1

[yilog(ŷi)+(1− yi)log(1− ŷi)]

where i is a pixel in image N, yi is the binary label of a given pixel i, and ŷi the probability that pixel
i belongs to the ground-truth label. Through a process called backpropagation, this loss function is
then used to define how much each individual parameter in the convolutional layers has contributed
to the loss. Based on the result of backpropagation, the weights are then finally adjusted through an
algorithm like gradient descent to minimize the error (LeCun et al., 2015)

The ways in which a neural network can be trained can be split up into three categories depending on
the data available; Firstly, supervised training relies on labeled datasets. This means that for a given
input, the output is compared to a validation set. Secondly, unsupervised training relies on the algo-
rithm to learn patterns from unlabeled data, meaning that there is no known mapping from input to
output. Finally, there is semi-supervised learning which utilizes both labeled and unlabeled datasets
(Nan, 2023). Such a method is advantageous, as fully supervised training requires large amounts of
data which is either expensive or time consuming to procure, which is not feasible in all cases.

However, transfer learning offers an alternative method for reducing the costs of training. Originally
introduced by Pratt et al. (1991), transfer learning relies on the concept of taking a neural network
originally made for a similar purpose and using the same weights instead of training a new model
with randomly initialized weights. For example, in order to train a neural network that can recognize
cats, it might make sense to start out with the weights of a CNN already trained for dogs, as they
are morphologically relatively similar. From there, the model can be further trained and fine-tuned
into specifically recognizing cats, and will require relatively less paired input-output data than if the
weights were randomly initialized.

5.1.3 Physics-Informed Neural Networks for Shadow Segmentation

A CNN can be turned into a Physics-Informed Neural Network (PINN) by integrating physical con-
straints into the loss function used during training. This can be achieved by simply adding the loss
function to any given prior loss function. For example, if binary cross-entropy was used in a prior
model:

(4) ltotal = lBCE + lPhys

where lPhys is a loss function that penalizes based upon a given physical constraint. For the segmen-
tation of shadows, this loss can be based upon a precomputed shadow mask that abides by real-world
constraints. The exact formulation of lPhys will be defined later during the research phase, and will
likely include some form of scaling parameter to balance its strength against the pre-existing loss
function.
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5.2 Method
Here, the general methodology that will be used for this study is described. A simple schematic
overview of the methodology can be found in Appendix 4.

5.2.1 Dataset Selection and Preprocessing

This study will use aerial imagery datasets annotated with shadows as well as LiDAR point clouds.
An overview is provided below:

• Point cloud: The AHN5 AHN (2020a), a high resolution LiDAR dataset will serve as the
primary source of point cloud data for non-terrain objects. It will be used for generating physics-
based shadow masks and also serve as a baseline comparison for height-estimation metrics.

• Digital Surface Model: A DSM based upon the AHN4 describing the entirety of Netherlands.

• 25CM Aerial Photography: a low-resolution dataset containing RGB imagery of the Nether-
lands taken in the summer

• 7.5CM Aerial Photography: A higher resolution dataset containing RGB imagery of the
Netherlands taken in the winter.

• Annotated Aerial Photography Dataset: A pre-made publicly available dataset containing
annotated aerial photography indicating shadows, as per Luo et al. (2020).

This data will be processed in the following way prior to training and evaluation of the model:

• Point Cloud: The point cloud will be clustered to gather distinct buildings. Then, for each
building, a shadow mask will be calculated using the method described in section 5.2.2. This
mask will then be used as input for the PINN loss function. Additionally, variations on the
quality of the data (occlusions, lower resolution) will be simulated to assess the robustness of
the method later.

• Digital Surface Model: The DSM will be used to extract ground height information necessary
for height estimation as described in section 5.1.1.

• Aerial Photography: The 8CM high-resolution aerial photography will be downsampled to
25CM to ensure that equal resolution data will be available of both summer and wintertime.
Based on these images, a training dataset will be created for the purposes of transfer learning.

5.2.2 Shadow Mask Generation

The generation of shadow masks will be executed as follows:

1. Point Cloud Processing:

• Extraction of non-ground points to separate buildings from terrain.

• Cluster individual buildings and other structures using DBSCAN.

• Assign heights to clustered objects based on the difference between the highest and lowest
point.

2. Solar Position Calculation:
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• Using date-time metadata combined with geographic coordinates, obtain solar azimuth
and altitude.

• Conversion of these angles into vectors.

3. Shadow Projection

• For each point of building object, compute its projection onto DEM by using solar vector.

• If the projection intersects with another building or object first, a test will be performed to
see if the point needs to be invalidated (e.g. when the shadow ends on the side of a wall).

• Apply edge detection to projected points to obtain mask boundaries.

5.2.3 CNN Model Pretraining and Transfer Learning

For this study, U-Net (Ronneberger et al., 2015) as it is a popular, tried and tested image classification
model. In the pretraining phase, the model will be trained on the dataset by Luo et al. (2020) to
function as a baseline. The training loss function here will be:

(5) lpretrain = lBCE

where Binary Cross-Entropy (lBCE) will change depending on the difference per pixel between the
ground-truth and the predicted shadow labels. Afterwards, the total loss function will be updated to
include the shadow-mask based loss function prior to fine-tuning the CNN, which will turn it into a
PINN.

(6) ltotal = lBCE + lPhys

5.2.4 Evaluation Metrics and Occlusion Testing

To evaluate the described PINN-model, the following two metrics will be used:

• F-Score: The F-score will be calculated based upon a separate dataset, which will allow for the
evaluation of the model based on precision and recall.

• Height Estimation: Height values obtained from the calculation from segmented shadows will
be compared to the AHN5-determined clustered point cloud heights.

These metrics will be evaluated using various versions of the input datasets. For example, simulated
occlusions and lowered resolution of the point clouds can be used to see whether the method is robust
enough in situations where only lower quality data is available. In a similar fashion, the metrics
will also be assessed over different times of year using the winter and summer aerial imagery, to see
whether or not the model is robust to spectral changes. Finally, the newly created physics-informed
model will be compared to its pretrained counterpart to assess the impact of the fine-tuning procedure.
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6 Time Planning

Date Range To-Do

22 Jan 22 Jan Hand in Research Proposal
22 Jan 28 Jan Prepare for P2 Presentation
29 Jan 29 Jan P2 Presentation
29 Jan 5 Feb Research CNN architectures
5 Feb 12 Feb Data Collection & Processing
12 Feb 5 Mar Shadow Simulation
5 Mar 2 Apr CNN Training & Inference
2 Apr 16 Apr Height Calculation & Experimental Setup
16 Apr 11 May Finish Writing Draft
12 May 28 May P4 Go / No Go
2 Jun 15 Jun Implement Draft Feedback
16 Jun 4 July Final Presentations
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Appendices

A Figures

Figure 3: Illustration of point cloud density and its impact on surface reconstruction quality. The top row shows an initial cube with simulated
point clouds of increasing density from left to right, while the bottom row demonstrates the corresponding reconstructed surfaces using Blender’s
”Nearest Vertex” shrink-wrapping method. Lower-density point clouds result in coarser surfaces and boundary representations, whereas higher
densities result in an representation more accurate to the original.
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Dataset Selection

Data Preprocessing
- Normalize and Downsample Images

- Cluster and Filter Point Clouds
- Generate DSM

Shadow Mask Generation
- Compute Solar Angles

- Project Shadows
- Apply Occlusion Tests

CNN Pretraining
(U-Net on Luo et al. dataset)

PINN Fine-Tuning
- Integrate Physics Loss

- Train with Shadow Masks

Evaluation
- F-score

- Height Estimation
- Robustness Testing

Comparison with Baselines
- CNN (No Physics Constraints)

- Point Cloud-Based Height Estimation

Figure 4: Flowchart indicating the various steps in the methodology.
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