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• Accurate building heights are 
critical for a variety of 
purposes, such as urban 
planning, energy modelling, 
and digital twins.

• While LiDAR delivers precise 
data, it is costly and 
inaccessible to communities 
with limited resources

• This leads to a division in 
data access://doi.org/10.5194/isprs-archives-XLVIII-4-W10-

2024-169-2024

Problem
(Tsai et al., 2024)

(Soha et al., 2024)

https://doi.org/10.5194/isprs-archives-XLVIII-4-W10-2024-169-2024
https://doi.org/10.5194/isprs-archives-XLVIII-4-W10-2024-169-2024
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One solution is the 
derivation of building 
heights from Shadow 
Lengths, and 
Date/Time Metadata for 
solar angle. 

Research Gap

•
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• This concept of height estimation through shadows has been 
explored before. However, it requires the accurate detection of 
shadows in images for accurate results.

• Existing deep-learning approaches are relatively robust, but lack

• Contextual Awareness: What is a building shadow, and what is a 
regular shadow?

• Generalization: If I apply the model outside of the domain it was 
trained in, will it perform as well? Different lighting conditions? Places?

• Usage of physical priors: How can we predict where building 
shadows may be based upon building geometry and the position of the 
sun?

Research Gap



• [Q. Main] How and to what extent does injecting geometric priors in the form of shadow masks into a U-Net 
architecture improve the accuracy and robustness of building-shadow segmentation in aerial imagery?

• [Q1.] What is the baseline performance of an RGB U-Net trained on the Luo et al. (2020) dataset when evaluated on 
Dutch aerial imagery and compared to the original dataset?

• [Q2.] How does adding the pre-calculated shadow mask channel derived from building footprints affect segmentation 
accuracy across different urban morphologies, seasons, and solar geometries?

• [Q3.] Which loss formulations and weighting schemes most effectively balance appearance-based learning with the 
geometric prior?

• [Q4.] How effective are the inferred building shadows at estimating building height using the raster-based raycasting 
algorithm?
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Research Questions



• CNNs can detect features in 
images through kernels, learned 
in the convolution layer.

• A CNN learns through a loss 
function, which describes how 
wrong the model is by comparing 
its prediction to the correct 
answer

• This loss is then used in 
backpropagation, where the 
kernels are adjusted based on 
their contribution to the error

• Some loss functions model laws 
of physics to make them more 
accurate; these Physics-
Informed Neural Networks are 
an inspiration for the proposed 
method in this thesis.
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Key Concepts
Shadow Segmentation using

a CNN
                       

     
            

                               



• The CNN detects features by 
looking at the RGB channels

• However, it has no concept of how 
physics may influence the 
projection of shadows

• The model proposed in this thesis 
introduces this to the CNN by 
adding a probability field based on 
the buildings and the position of the 
sun: the Pseudo-Shadow

• l_min and l_max represent 
confidence of a shadow existing to 
that point.

• l_min = 2 meters,
l_max = 42.90 meters (≈ 95th

percentile of building heights in 
Netherlands) 
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Key Concepts
Integration of Geometric Prior

RGB
Building 
Footprint

Pseudo
Shadow
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• Dictate how a deep-learning network 
learns by evaluating difference 
between ground truth and model 
output. 

• Depending on the formularization of 
the loss function, loss and thus the 
training of the model behaves 
differently

• Two standard loss functions (BCE and 
Dice) were used, with three new 
geometric-prior based being 
introduced (Attentive BCE, Attentive 
Dice, BCE/Dice Physics Weighted)
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Key Concepts
Loss Functions



• In addition, three extra loss functions 
were added that implicitly use the 
pseudo-shadow

• For the attentive losses, inference is 
judged more harshly within the 
regions of the pseudo-shadow

• For the physics loss below, an 
additional error term is added to the 
default loss function.

• As such, attentive loss is multiplier 
based on pseudo-shadow, physics 
loss is additive 

19-6-2025 11

Physics-Guided
Loss Functions



• To estimate the heights of 
buildings, the lengths of a given 
shadow need to be found

• However, shadows from different 
buildings bleed into one another, 
leading to shadow-to-building 
mapping issues

• In addition, ambiguity may occur in 
cases where buildings overlap 
shadows

• To solve in part, this thesis employs 
a similar algorithm to the pseudo-
shadow smearing algorithm, but in 
reverse to break up and assign 
shadows. 
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Key Concepts
Height Estimation from 

Shadows
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• Imagery was collected from 7 different 
areas within the Netherlands

• Rough selection of 206 tiles based 
upon study area viability

• Out of these, 41 were selected as 
good fits, based on:

- At least one building with clearly visible 
shadow

• - Majority of shadows are relatively clearly 
discernible

• - Image also contains shadows not 
belonging to buildings

• - Some tiles should contain water

• Summer-Winter paired imagery, i.e. 
per location two images

• Data split up into cross-validation set, 
and out-of-fold dataset for full training 
/ height estimation
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Case Study Area
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Methodology at a glance



• U-Net, a famous CNN used in 
biomedical image recognition, was 
used as a baseline model 
architecture.

• Since availability of data is low (35 
images), transfer learning was 
employed in combination with 5-fold 
cross validation.

• In addition, each image had data 
augmentation performed, increasing 
cross-validation size to 280 images 

• The U-Net model before transfer 
learning was trained on a dataset by 
Luo et al. (2020), and used Binary 
Cross Entropy as the loss function
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Model Training
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From Rebecca Patro’s “Cross Validation: K Fold vs Monte Carlo”, 2021

https://towardsdatascience.com/cross-validation-k-fold-vs-monte-carlo-e54df2fc179b/



• 26 Model configurations were 
formulated to test the effectiveness of 
the addition of geometric priors in the 
form of pseudo-shadows

• Configuration Subset A:
Baseline Performance (No geometric 
priors)

• Configuration Subset B:
4th Channel Pseudo-Shadows added.

• Configuration Subset C:
Physics-guided loss, where loss 
functions are modified based upon 
pseudo-shadows.

• Configuration Subset D:
Hybrid of B and C.
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Model Configurations
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• Experimental Subset A: Baseline 
models

• Like expected, models trained by 
baseline to only recognize building 
shadows do not perform well.

• No statistically significant difference 
between Dice-based loss and BCE-
based loss in this case
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PHYSHADE Cross-
Validation Results



• Experimental Subset B: 4th Channel 
Pseudo-Shadows Added

• Addition of geometric priors in the 
form of Pseudo-Shadows as a fourth 
channel significantly increase 
segmentation performance by around 
0.32.

• The difference between Dice score 
means of the RGB vs RGBS models 
is tested as statistically significant
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PHYSHADE Cross-
Validation Results



• Experimental Subset C: Physics-
Guided Loss

• Like expected, physics-guided loss 
without being able to “see” the 
pseudo-shadows does not improve 
performance

• Physics term causes more erratic 
behaviour as signified in increases in 
Std. Dice across the board. However, 
none tested as significantly different
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PHYSHADE Cross-
Validation Results



• Experimental Subset D: Hybrid 
Models

• Combining the RGBS configuration 
together with physics-guided loss in 
the majority of configurations led to no 
significant differences

• Of the four models that had significant 
changes in score, three led to lower 
scores, whereas one led to the 
highest score of all models

• Exploration of sub 0.1 
hyperparameters can be interesting 
following trends
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PHYSHADE Cross-
Validation Results



• Subset B: The addition of Pseudo-
shadows as a fourth channel 
increases Dice score by around 0.32, 
meaning that segmentation quality 
improves significantly.

• Subset C: The addition of physics-
guided loss based on the Pseudo-
Shadows by itself does not lend to 
meaningful increases in segmentation 
quality

• Subset D: The combination of fourth 
channel pseudo-shadows and 
physics-guided loss in most cases 
leads to decreased performance, but 
also creates the best performing 
model.

19-6-2025 31

PHYSHADE 
Segmentation 
Summary



• To establish the performance of height 
estimation, a few different models 
were chosen to be trained on the full 
set instead of the cross-validation set:

- HYB BCE PHYS10, as this was the model 
with the highest Dice scores
- RGBS BCE50 DICE50, as this model is the 
ablational counterpart of the above
- RGBS BCE70 DICE30, as this model was the 
second best performing model. 

• These models were then assessed on 
the out-of-fold dataset, alongside the 
pre-transfer learning model LUO 
UNET to establish a baseline
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Final Training of 
Three Models
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• For the PHYSHADE models, an 
RMSE was achieved of 2.07 and an 
MAE of 1.46 over the out-of-fold 
dataset.

• However, the baseline LUO UNET 
outperformed the PHYSHADE models 
that were made for segmenting 
especially building shadows

• Overlap between post-processing 
steps and purpose of PHYSHADE 
means that a higher recall is more 
important than precision, as relevant 
false positives are filtered out

• However, due to limited height 
estimation dataset size, performance 
related statements remain tentative
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Height Estimation 
Results
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• The addition of Pseudo-Shadows as a fourth channel allows for PHYSHADE to selectively 
segment building shadows with relatively good performance, getting Dice scores up to 0.847 
during cross-validation

• The addition of Pseudo-Shadows in the form of physics guided loss rarely provided benefit, 
although one model combining the fourth channel pseudo-shadows together with the physics-
guided loss led to the best performing model of all different configurations.

• For height estimation, the RMSE and MAE values lie around 2 meters and 1.46 meters 
respectively, meaning that they can potentially be a viable alternative provided that the accuracy 
required is not mission-critical.

• For the height estimation method used in this study combined with the pre-processing steps, a 
higher inference recall is valued more than precision for the purposes of height estimation
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Discussion & Conclusion



• Since shadows carry ambiguity if they overlap with one another, additional error may be 
introduced such as when shadows are misattributed. 

• This error was less visible within the out-of-fold dataset employed in this study, but would be 
exacerbated in more dense urban contexts. 

• Dataset size for training, validation and height estimation is small, with the main training set only 
containing 35 images and the out-of-fold validation set only containing 6 images. As such, this 
limits the claims about the generalisability of the methods employed.
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Limitations



• Future studies could focus on repeating the same study with a larger data sample to verify the 
performances established in this thesis. 

• Additionally, building segmentation networks could be combined with a similar pseudo-shadow 
based method here to develop fully automated pipelines. For example, a multi-headed CNN that 
segments both buildings and building shadows at the same time.

• On top of that, raycasting could be foregone by including the height estimation into a CNN 
structure as well, such as in the work by Li et al. (2020). Combining this with PHYSHADE’s 
pseudo-shadows may help quality of segmentation and estimation there.

• Finally, additional methods distinguishing shadows from different buildings should be explored as 
overlapping shadows are currently causing height estimation performance degradation.
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Future Work
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