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 A B S T R A C T

As a cornerstone of climate-neutral heat supply in urban areas, district heating systems require monitoring to 
detect and mitigate leaks in their subterranean pipelines. Recent research has focused on an approach involving 
thermography, where leaks are detected as hot-spots in remote sensing imagery. To this end, various traditional 
computer vision algorithms have been implemented to automate anomaly detection.

This paper pursues a new approach that has so far received little attention in the context of leak 
detection in district heating pipelines: deep learning, specifically supervised semantic segmentation. By creating 
a generalisable, multi-stage training procedure to tackle the prevalent limited dataset problem, various 
architectures are tailored to this anomaly detection task, of which the SegFormer-B2 with Tversky loss is 
found to perform best. Via comprehensive quantitative, qualitative, explainable AI, and holistic evaluation, 
the model is assessed and compared to state-of-the-art traditional algorithmic alternatives. It is found to excel, 
outperforming previous intersection over union scores by almost 10%pt and maintaining a high precision with 
little detriment to recall and detection rate.
1. Introduction

When it comes to providing energy to buildings, district heating 
systems (DHSs) offer a viable solution for urban areas and an alter-
native to individual, fossil-fuel-based approaches (International Energy 
Agency (IEA), 2023). These mainly subterranean pipeline networks can 
supply heat from energy-generating facilities to end-energy users in an 
efficient and low-emissions manner — such as in Denmark, where two 
thirds of the population receive 89% climate-neutral heat via DHS (Ar-
beitsgemeinschaft Fernwärme (AGFW), 2023). However, constant use 
over decades inevitably causes material fatigue, and thus leaks to occur. 
If left unchecked, these can precipitate serious damage to the sys-
tem and surrounding infrastructure (Friman et al., 2014). Considering 
current heat-related goals in the effort to limit anthropogenic global 
warming (United Nations Environment Programme, Global Alliance for 
Buildings and Construction, 2024), a vital part of enabling sustainable 
cities must be to ensure the high efficiency, and thus minimal thermal 
losses, of these types of infrastructure.

Unfortunately, DHSs commonly either lack a form of integrated 
monitoring or can only provide rough leak location estimates, calling 
for alternative monitoring techniques (El-Zahab and Zayed, 2019). 
To this end, a thermography-based approach has emerged, centred 
around Axelsson (1988)’s and Ljungberg and Rosengren (1988)’s find-
ing that a heated medium leaking into pipeline surroundings will 
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cause a localised temperature spike at the surface. This, in turn, can 
be identified as a hot-spot in TIR images, the acquisition of which 
has been greatly simplified through recent developments in unmanned 
aircraft system (UAS) technology. However, for the method to become 
financially viable for system operators, some form of automatic analysis 
must be performed to identify potential leaks in the tens of thousands 
of resulting images (Friman et al., 2014).

This highly specific branch of image analysis comes with its own set 
of challenges. Firstly, the nature of thermal data is fundamentally dif-
ferent to standard red green blue (RGB) imagery, a much more common 
field of research. Where the integer pixel value in each channel of an 
RGB will combine to a shade and hue of colour, TIRs consist of decimal 
temperature values that can vary greatly (Vollmer et al., 2023). Given 
the nature of thermal sensors and UAS-based acquisition method, TIRs 
can suffer from various unwanted effects, such as vignetting, material-
dependent measurement errors, and weather influences (Vollmer et al., 
2023, 2025a). Secondly, the task of identifying anomalies and asso-
ciated existing methodology in RGBs cannot be translated directly to 
what is required here. Where classical outlier detection focusses on 
identifying data points that deviate from the majority (Pang et al., 
2022), this application works at a finer spatial resolution and defines 
anomalies as clusters of warm pixels – also known as hot-spots – within 
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Acronyms

AI artificial intelligence
BCE binary cross entropy
CAM class activation map
CNN convolutional neural network
CV computer vision
DHS district heating system
DL deep learning
DR detection rate
FCN fully convolutional network
FFN feed-forward network
FN false negative
FP false positive
GPU graphics processing unit
IoU intersection over union
LR learning rate
LT local thresholding
MiT mix transformer encoders
ML machine learning
MLP multi-layer perceptron
NN neural network
P precision
R recall
RGB red green blue
SM saliency mapping
SMP Segmentation-Models-PyTorch
THT triangle-histogram-thresholding
TIR thermal infrared
UAS unmanned aircraft system
VC vignetting correction
xAI explainable AI

TIR imagery. Lastly, due to the urban setting of DHSs, the number of 
such anomalies is greatly inflated by naturally warm elements in city 
environments, such as cars, manholes, street lamps, and people, which 
require sorting out (Vollmer et al., 2025a). Together with data process-
ing and false alarm removal, anomaly detection is therefore considered 
one of the key steps in TIR-based DHS leak detection (Vollmer et al., 
2023, 2024).

Fuelled by the growing availability of computing resources, artificial 
intelligence (AI) has emerged as a fast-growing field of research with 
a wide range of practical applications (Goodfellow et al., 2017). In 
the case of image processing, DL in particular has become highly 
relevant owing to its versatility and performance (Goodfellow et al., 
2017). While the use of standard RGB data is most common, the last 
decade has seen an increased interest in application of DL to imagery 
beyond the visible light spectrum (He et al., 2021). Other approaches 
for general pipeline inspection, such as via acoustic emission signal 
analysis, already implement DL to great effect (Siddique et al., 2023). 
Despite this, previous work on TIR-based DHSs leak detection has fo-
cused on traditional CV methods to identify anomalies, such as saliency 
mapping, local thresholding, and histogram-based methods (Vollmer 
et al., 2024). Machine learning (ML) or, seldomly, DL has so far only 
been used for their classification (Berg et al., 2016; Hossain et al., 
2020; Vollmer et al., 2024), mainly because annotation creation is an 
exceptionally labour-intensive undertaking (Vollmer et al., 2023; Cheng 
et al., 2024).

This paper therefore investigates the suitability of DL, specifically 
semantic segmentation, for the key task of finding anomalies in TIR 
imagery. Taking into account all previously mentioned challenges, our 
contributions can be summarised as follows:
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1. We prepare our specialised UAS-based TIR data for DL model 
training, thereby building a novel thermal anomaly segmenta-
tion dataset. Aside from specific preprocessing and input channel 
selection, this entails a new approach for overcoming the chal-
lenge of time-consuming annotation: automatic label generation 
using the best-performing traditional CV algorithm (Vollmer 
et al., 2024).

2. We propose a novel multi-stage training procedure to adapt DL 
to the unconventional data type and problem setting by com-
bining the use of a large, generated dataset and small, manually 
labelled dataset with established adaptation techniques.

3. Through a series of ablation studies, we find the best suited 
DL architecture and configuration among current state-of-the-art 
semantic segmentation convolutional neural network (CNN) and 
transformer models for our real-world use case in heat-related 
inspection.

4. Following Vollmer et al. (2024)’s form of comprehensive assess-
ment enables us to directly compare our novel DL model variants 
with previously analysed traditional algorithms to determine the 
best approach. The evaluation is enhanced with explainable AI 
(xAI) for a more detailed analysis of model behaviour.

5. In line with open science principles, our UAS-based TIR DL 
model training dataset (Ruck et al., 2025) and code1 will be 
published alongside this paper to ensure reproducibility.

To this end, the paper is structured as follows: Section 2 discusses re-
lated literature and the research gap; Section 3 describes methodology, 
from data processing over model selection to implementation; Section 4 
includes a thorough model evaluation and simultaneous comparison 
to classical CV methods, while Section 5 concludes the paper with an 
outlook.

2. Related work

After Axelsson (1988) and Ljungberg and Rosengren (1988)’s initial 
discovery, several publications discuss automatic TIR image analysis for 
finding DHS leakages. They generally describe a two-part problem to 
generate a list of meaningful suspects for network operators:

1. Extracting anomalous pixel regions and
2. Removing false alarms, meaning hot-spots not stemming from 
leaks (Vollmer et al., 2024).

While methods for both vary, the latter often includes an initial pho-
togrammetric processing to map the images and remove areas outside 
the pipeline scope by masking with DHS location information (Vollmer 
et al., 2024).

In summary, the following research groups have developed method-
ology throughout the past decade. While each focuses on a different 
region – ranging from central and northern Europe to China –, all 
locations are characterised by a similar, generally colder climate and 
thus prevalence of DHSs.

1. Friman et al. (2014) and Berg et al. (2016) use a histogram-
based method to find anomalies as the warmest percentile of 
pixels. They implement photogrammetric processing and experi-
ment with feature-based ML classifiers for false alarm reduction, 
finding random forest to perform best (Berg et al., 2016).

2. Xu et al. (2016) and Zhong et al. (2019) develop a saliency 
mapping (SM) approach, with Sledz and Heipke (2021) suggest-
ing modifications. They also employ image georeferencing and 
masking.

1 https://www.github.com/emvollmer/TASeg

https://www.github.com/emvollmer/TASeg
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3. Sledz et al. (2020) implement a Laplacian of Gaussian blob 
detector, merging elliptical hot-spots to anomalous regions by 
temperature. In addition to image mapping and masking, they 
generate a digital surface model to remove false alarms.

4. Hossain et al. (2019) and Hossain et al. (2020) identify anoma-
lies by applying local thresholding (LT) to various filter outputs 
and combining results. For false alarm removal, they implement 
a CNN as well as feature-based conventional classifiers and find 
the DL model to surpass ML alternatives, including Berg et al. 
(2016)’s random forest.

5. Vollmer et al. (2023) utilise an enhanced THT algorithm for hot-
spot detection and remove false alarms by initial photogrammet-
ric processing and post-extraction size, shape, and temperature 
evaluation.

While all describe their methods as high performing, disparate datasets 
and a lack of availability prevented the most suitable anomaly detec-
tion algorithm from being identified. Vollmer et al. (2024) solve this 
problem by creating a dataset of two German cities and consistent 
pre- and post-processing framework. They implement, enhance, and 
compare the most promising algorithms, namely SM, LT, and THT, 
through a comprehensive quantitative, qualitative, and holistic evalu-
ation. THT is found to be the most reliable with novel measures like 
vignetting correction (VC) included in pre-processing. In contrast to 
most related work, they publicly share both code and datasets (Ruck 
et al., 2024). Vollmer et al. (2024)

As is clear from the given overview, traditional algorithms have so 
far dominated the field of anomaly detection for finding DHS leaks via 
TIR imagery. This can likely be attributed to the novelty of the domain 
and required annotation effort.2 Following Vollmer et al. (2024)’s 
insights, we are able to address multiple gaps in literature in this 
paper. We propose a solution to the annotation quandary, present an 
optimised DL model for the anomaly detection problem, and are able 
to compare the best AI variants to the existing classical algorithms by 
performing the same holistic evaluation.

3. Methodology

3.1. Data preparation

To allow for comparable results, Vollmer et al. (2024)’s UAS-based 
TIR datasets (Ruck et al., 2024) form the basis of this study. The given 
data consist of almost 3.000 images from 7 UAS flights of the two 
German cities Munich and Karlsruhe. Specific acquisition guidelines 
were adhered to to ensure that useable imagery was captured for the 
task at hand. Flights were carried out in the colder seasons and at night 
for minimal thermal reflectance and a maximum delta between DHS 
flow temperatures and the environment (Vollmer et al., 2023). This 
ensures that leaks can be clearly distinguished as thermal anomalies 
from their surroundings (Vollmer et al., 2023). Furthermore, flights are 
only performed in dry weather conditions, as rain and snowfall greatly 
diminish TIR image quality (Vollmer et al., 2023). Due to the nature 
of thermal sensors, TIR resolution is already considerably lower than 
that of standard RGBs, meaning the adherence to these conditions is 
essential to obtaining viable data.

Pre-processing is focused on counteracting unwanted effects in TIR 
data and focusing the analysis on areas of interest. Therefore, it mainly 
encompasses VC to mitigate radial distortion, the extraction of tem-
perature arrays, clipping data to reduce measurement errors, and geo-
referencing to remove areas outside the DHS pipeline scope (Vollmer 
et al., 2023, 2024). This provides every image 𝑇  with a full corrected 
temperature array 𝑇𝑢 (unmasked) and one reduced to the relevant areas 

2 For their AI classification model training, Hossain et al. (2020) report 
annotating 243,082 images by hand.
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Table 1
Overview of the automatically generated and manually annotated datasets. Data 
based on Ruck et al. (2024). 
 Generated Manual

 Train Val Train Val Test 
 # images 2142 404 172 52 45  
 MU1 355 155 38 23  
 MU2 41  
 MU6 691 71 34 7 2  
 MU15 168 7 13  
 MU16 294 4 10 2  
 KA1 162 117 41 12  
 KA2 472 54 42  

𝑇𝑚 (masked) (Vollmer et al., 2024). The combination of stringent acqui-
sition guidelines and image preprocessing mean that the temperature 
distributions across datasets are comparatively similar (see Appendix 
A). With regards to DL model training, the focus will therefore lie on 
honing a model to the given data as opposed to generalisability.

Originally developed to handle standard RGB imagery, DL mod-
els commonly expect three-channel inputs (Vollmer et al., 2025a). If 
one wishes to use inputs of differing channel counts, an additional 
convolutional layer can be included to map these to the expected 
three (Vollmer et al., 2025a). An ablation study was conducted to 
identify the most suitable combination of input channels, which is 
summarised in Appendix  B. The best model performance is achieved by 
using all available data and stacking to match the required dimensions: 
(𝑇𝑚, 𝑇𝑚, 𝑇𝑢). Doubling the masked temperature array helps focus the 
model on the task at hand, while including the unmasked 𝑇𝑢 provides 
additional context information, in particular to areas close to the 
masking border. Given the TIR resolution of 512 × 640, this creates 
data inputs of dimension (512, 640, 3). Data normalisation is based on 
the image channels’ arithmetic means and standard deviations.

Of the acquired images, 290 were manually labelled at the pixel-
level using a custom labelling tool. This annotated subset was the only 
data previously used by Vollmer et al. (2024) for method development. 
TIRs were divided into train, validation, and test splits via random as-
signment and heuristic greedy algorithm to remove overlapping images 
in different splits.

In contrast, this study uses both the small, labelled subset and 
previously unannotated images for DL model development. Instead 
of performing laborious annotations by hand, the best traditional CV 
algorithm from Vollmer et al. (2024) – namely THT – is instead used 
to this end. The method identifies a fitting threshold per image based on 
the assumption that pixels of interest will reside in the upper tail, and 
thus warmer end, of the TIR-based histogram (Vollmer et al., 2023). 
In its general form, the algorithm draws a triangle hypotenuse from 
the histogram’s peak to its outer right edge (Vollmer et al., 2023). 
Orthogonal distances between hypotenuse and each bin are calculated 
iteratively to find the longest, which in turn defines a threshold as the 
corresponding bin’s temperature value (Vollmer et al., 2023). Specific 
adaptations help tailor the algorithm to the task at hand, including a 
nuanced peak selection to ensure the warmest among all local maxima 
is used and the placement of a pixel percentage limitation on the chosen 
threshold to prevent overestimation (Vollmer et al., 2023).

Applying the THT method to a TIR produces a binary labelling mask 
with each pixel defining the corresponding image’s as anomalous or 
not. These outputs match those created by manual annotation and can 
therefore be used together for DL model training. The divide into splits 
is performed according to the afore-mentioned procedure from Vollmer 
et al. (2024). Table  1 provides an overview of Vollmer et al. (2024)’s 
manually annotated and the newly generated sets, both of which are 
used for model training. As images from the same dataset and thus 
UAS flight cannot be viewed as completely independent (Vollmer et al., 
2024), one dataset – specifically MU2 – is excluded from all but the 
test set (Vollmer et al., 2024). This allows for an unbiased assessment 
during model evaluation.



E. Vollmer et al. ISPRS Journal of Photogrammetry and Remote Sensing 228 (2025) 505–518 
Fig. 1. Visualisation of the developed multi-stage DL model training procedure. Reference [1] refers to Vollmer et al. (2024), [2] to Wolf et al. (2020), and [3] to Iakubovskii 
(2019).
3.2. Model development

3.2.1. Neural network architectures
Of the many possible DL approaches worth considering for anomaly 

detection, this study implements supervised binary semantic segmen-
tation. The choice reflects the definition of anomalies introduced in 
Section 1 as warm regions, or hot-spots, within a TIR image. Such 
pixel-wise granularity is necessary not only to allow for a comparison 
with the traditional CV algorithms, but in particular to enable post-
processing steps for false alarm mitigation, such as anomaly shape 
analysis (Vollmer et al., 2023). While image-level classification or 
even object detection would make for simpler problem formulations, 
these approaches yield only coarse outputs – either a single label per 
image or anomaly bounding boxes – making them unsuitable here. 
Consequently, this task might more precisely be described as anomaly 
segmentation (Pang et al., 2022), as it diverges somewhat from the clas-
sical, predominantly classification-based field of outlier detection (Pang 
et al., 2022). However, to remain consistent in our comparison with 
traditional CV methods (Vollmer et al., 2023), we will refer to it using 
the umbrella term anomaly detection.

A comparatively new research field, semantic image segmenta-
tion builds upon Long et al. (2015)’s fully convolutional network 
(FCN), an architecture capable of pixel-wise classifications. Most mod-
ern segmentation CNNs follow one of two common design patterns: 
encoder–decoder structures that enable precise boundary delineation 
and pyramid pooling modules that capture multi-scale contextual in-
formation (Chen et al., 2017). Numerous architecture adaptations have 
led to significant performance improvements and established mod-
els like the U-Net (Ronneberger et al., 2015) (encoder–decoder with 
skip connections), PSPNet (Zhao et al., 2017) (pyramid pooling), and 
DeepLabV3+ (Chen et al., 2018) (a hybrid of spatial pooling and de-
coder) as benchmarks in the field. Very recently, however, transformer-
based models have been shown to outperform these architectures in 
different semantic segmentation tasks (Liu et al., 2021).

Transformers are a class of neural networks (NNs) characterised by 
highly parallelised processing and the use of self-attention mechanisms 
that allow global correlations in the input data to be captured (Vaswani 
et al., 2017). The models generally consist of a set of serially con-
nected encoders and decoders, which convert the input data into a 
set of latent vectors and then generate output data from said vectors. 
Such architectures, while highly effective across various applications, 
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require a comparatively high amount of resources for training and, 
thus, specialised hardware. For this reason, variants such as Xie et al. 
(2021)’s lightweight SegFormer have recently been introduced, which 
consist of far fewer parameters and have been shown to outperform 
common architectures such as the Swin-Transformer while requiring 
minimal hardware specs (Liu et al., 2021).

In light of these currently competing architecture variants, we per-
form experiments to assess the suitability of the transformer versus 
conventional semantic segmentation CNNs for the specific task at hand. 
To this end, the SegFormer is compared with the three mentioned, com-
mon architectures – U-Net (Ronneberger et al., 2015), PSPNet (Zhao 
et al., 2017), and DeepLabV3+ (Chen et al., 2018) – each representing 
a different NN type. The results of these experiments are presented in 
Section 3.2.4, after discussing the details of the training procedure and 
configuration.

3.2.2. Training procedure
A multi-stage training procedure was developed to adapt DL archi-

tectures to the given circumstances. These are challenging owing to 
the unusual image type and lack of sufficiently large, labelled dataset. 
The latter is particularly problematic in higher-resolution data, such as 
UAS-based imagery, as increased granularity produces more specific, 
and therefore less generalisable, samples (Safonova et al., 2023). The 
developed methodology, as visualised in Fig.  1, is model independent, 
easily transferable, and can be used across architectures to improve 
performance when facing similarly challenging use cases.

When applied to the task at hand, it enables a step-wise adaptation 
from a known domain – multi-class semantic segmentation of RGB 
imagery – to the target one — binary segmentation of imbalanced, UAS-
based TIR data. This begins by initialising with RGB-learned weights, 
followed by leveraging a large, automatically labelled TIR dataset, and 
concludes with the application of manually annotated images. The 
first adaptation step thus shifts the focus from RGB to the infrared 
spectrum, thermal-specific patterns, and general characteristics of the 
target domain. In a second adaptation, the model is fine-tuned to a 
small, high quality dataset to learn precise class boundaries and correct 
any previously induced biases.

Tackling the common issue of limited annotated datasets begins 
at model initialisation by implementing transfer learning: Instead of 
starting with random weight values, the model is loaded with pre-
trained ones from training on public databases. While most available 
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Table 2
Ablation study for loss function selection.
 Name Function Performance

 IoU 𝐹2 R P  
 BCE 𝐿𝐵𝐶𝐸 (𝑦, 𝑦̂) = −(𝑦 log(𝑦̂) + (1 − 𝑦) log(1 − 𝑦̂)) 68.5 80.9 80.7 81.8 
 Jaccard 𝐿𝐽 (𝑦, 𝑦̂) = 1 − (𝑦⋅𝑦̂)+𝜀

(𝑦+𝑦̂−𝑦⋅𝑦̂)+𝜀
67.6 79.6 79.0 82.5 

 Dice 𝐿𝐷(𝑦, 𝑦̂) = 1 − (2𝑦⋅𝑦̂)+𝜀
(𝑦+𝑦̂)+𝜀

69.1 80.7 80.0 83.6 
 Tversky
(𝛼 = 0.3, 𝛽 = 0.7)

𝐿𝑇 (𝑦, 𝑦̂) = 1 − (𝑦⋅𝑦̂)+𝜀
(𝑦⋅𝑦̂)+𝛼⋅𝐹𝑁+𝛽⋅𝐹𝑃+𝜀

68.1 81.5 81.9 80.1 
weights are based on RGB datasets, studies such as Li et al. (2021) show 
that adopting these to TIRs still significantly improves the performance 
of semantic segmentation. In this study, we therefore use the fully 
and densely labelled semantic segmentation database ADE20K (Zhou 
et al., 2019) at a resolution of 512 × 512 pixels, which is popular in 
benchmarking due to a high scene diversity, large number of classes, 
and detailed annotation granularity.

To make use of the limited amount of annotated data to its fullest 
extent, training itself is divided into three phases. As visualised in Fig. 
1, the number of epochs increases with each phase to reflect their 
growing importance in refining model performance.3 The first two 
phases exploit binarised outputs from the conventional THT approach 
as segmentation masks, thus addressing one of the key challenges in 
UAS-based semantic segmentation: labour-intensive annotation (Cheng 
et al., 2024). In phase 1, all layers of the encoder are frozen for 
the first rounds of training. This prevents large gradients early on, 
which can cause the encoder to lose its previously learnt ability to 
extract meaningful features while also minimising resource require-
ments (Goodfellow et al., 2017). Training continues in phase 2 without 
frozen weights to better adapt the entire model to the imbalanced bi-
nary TIR dataset, and allow it to learn problem-specific features. In the 
last phase, the model is fine-tuned on the manually annotated data. This 
final and longest training with a small learning rate helps the model 
master the specifically desired anomaly segmentation behaviour. The 
variant that achieves the highest intersection over union (IoU) score on 
the validation split is selected at the end of training. Appendix  C breaks 
down the impact of each of the described training phases as well as the 
multi-step procedure as a whole and highlights the advantages of using 
a generated dataset alongside a high-quality manually labelled one.

3.2.3. Training configuration
In addition to the afore-described procedure, the following hyperpa-

rameters are chosen for model training. Ablation studies help identify 
some of the most suitable choices for this use case.
Loss function. As is common in real-world semantic segmentation, 
this study’s datasets are characterised by a significant class imbal-
ance (Cheng et al., 2024; Nogueira et al., 2024). With binary problems 
such as this one, the majority of pixels are assigned to the background, 
which causes the other class – anomalies – to be under-represented 
in both instance and pixel counts (Nogueira et al., 2024). Highly 
skewed data are problematic for all manner of DL, including semantic 
segmentation, as they bias a model towards the majority class (Johnson 
and Khoshgoftaar, 2019). The selection of a suitable loss function helps 
counteract this unwanted effect by emphasising the importance of 
the minority class during training (Johnson and Khoshgoftaar, 2019; 
Jadon, 2020).

Table  2 summarises an ablation study using four such functions. 
Performance is measured based on the common semantic segmentation 
metrics IoU, R, P, and 𝐹𝛽 score4 recall (R) and precision (P). With 
ground truth annotations 𝑦 and model predictions 𝑦̂, the following is 

3 For the exact values, see Appendix  C and Section 3.2.4.
4 Here 𝐹2, as R takes precedence over P in leak detection (Vollmer et al., 

2024).
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given for false positives (FPs) and false negatives (FNs): 𝐹𝑃 = 𝑦̂ ⋅ (1−𝑦)
and 𝐹𝑁 = (1 − 𝑦̂) ⋅ 𝑦.

The four tested loss functions are Binary Cross Entropy (BCE), 
Jaccard, Dice, and Tversky. While BCE uses similarity between 𝑦 and 𝑦̂
at pixel level (Jadon, 2020), Jaccard is derived from IoU with some 
adjustments to ensure differentiability. Specifically, the intersection 
operator is replaced by multiplication and the union by summation or 
subtraction, while adding 𝜀 prevents a division by zero (Duque-Arias 
et al., 2021). Dice loss is derived in analogous fashion from the dice 
coefficient (Sudre et al., 2017). Lastly, Tversky generalises dice loss for 
refined control over weighting of FP (via 𝛼) and FN (via 𝛽) (Salehi et al., 
2017). With 𝛽 > 𝛼 and 𝛼 + 𝛽 = 1, we penalise FN more than FP and 
increase R, as is desired for leak detection.

Overall, the performance scores show only minor differences be-
tween the tested loss functions. However, during training with a frozen 
encoder, BCE was found not to converge in IoU with simultaneous 
convergence of P towards 1 and R to 0. This indicates that BCE 
does not sufficiently penalise a FN classification of foreground pixels 
under certain conditions due to the strong data imbalance, making the 
function unsuitable for this study. Both Dice and Tversky losses showed 
the most promising results and were selected for final model training.

Learning rate scheduler and optimiser. To enable optimal model con-
vergence, the learning rate (LR) is decreased in the course of model 
training.5 Two schedulers are tested:

1. a PolynomialLR with exponent 1.0 (Xie et al., 2021), which 
reduces the LR in a linear fashion, and

2. a ReduceLROnPlateau, which lowers it when a select vari-
able – i.e. validation loss – does not decrease for a certain 
number of training steps.

Owing to better performance, PolynomialLR is selected. Analogous 
to Xie et al. (2021), an AdamW optimiser (Loshchilov and Hutter, 2017) 
is used to adjust the model weights according to the scheduler-defined 
LR.

Data augmentation. To avoid overfitting on account of the compar-
atively small splits, data augmentation is implemented by randomly 
modifying the training set to increase image amounts. In the context of 
image processing, common techniques include mirroring, enlargement, 
section rotations, or a combination thereof Goodfellow et al. (2017). 
For this case study, the applied transformations comprise vertical or 
horizontal mirroring, elastic distortion, or so-called ShiftScaleRo-
tate, whereby random image rotation is combined with either section 
enlargement or reduction and a random horizontal or vertical shift. 
Prior to these, the entire temperature array is altered through the 
addition of a value selected at random from a uniform distribution over 
the interval [−2, 2]. This helps increase robustness against temperature 
fluctuations and focus the model on relative differences rather than 
absolute values.

5 This prevents individual training steps from inciting drastic changes which 
impede the finding of local optima (Goodfellow et al., 2017).
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Fig. 2. SegFormer architecture adapted to the TIR anomaly detection problem, with every transformer block containing a FFN and the decoder including MLP layers. Image based 
on Xie et al. (2021).
Table 3
Comparison of model variants on the validation split. Results are colour-coded 
from white (low) to green (high).
Model Encoder Loss IoU 𝐹2 R P

SegFormer MiT-B0 Dice 66.9 79.5 79.0 81.4
SegFormer MiT-B0 Tversky 65.2 82.2 84.5 74.0
SegFormer MiT-B1 Dice 66.6 79.6 79.4 80.4
SegFormer MiT-B1 Tversky 65.2 81.2 82.8 75.4
SegFormer MiT-B2 Dice 69.5 79.8 78.4 85.9
SegFormer MiT-B2 Tversky 70.2 84.5 85.9 79.4
SegFormer MiT-B3 Dice 71.5 82.4 81.8 85.0
SegFormer MiT-B3 Tversky 69.1 83.2 84.2 79.4
SegFormer MiT-B4 Dice 64.8 78.0 77.6 79.8
SegFormer MiT-B4 Tversky 67.4 81.2 81.7 79.3
U-Net ResNet101 Dice 62.9 75.1 73.7 81.0
U-Net ResNet101 Tversky 64.9 79.6 80.2 77.4
PSPNet ResNet101 Dice 54.9 72.3 73.3 68.7
PSPNet ResNet101 Tversky 53.4 75.0 79.1 62.2
DeepLabV3+ ResNet101 Dice 64.7 77.4 76.6 80.6
DeepLabV3+ ResNet101 Tversky 64.5 81.0 82.9 74.4

3.2.4. Final model selection
SegFormer architectures are available with various Mix Trans-

former encoders (MiT) ranging from small (B0) to large (B5), out of 
which B0 to B4 are tested. As per Section 3.2.1 and analogous to Xie 
et al. (2021), results for the conventional semantic segmentation CNN 
DeepLabV3+ (Chen et al., 2018) with a ResNet101 encoder pre-trained 
on ImageNet (Deng et al., 2009) is included. Both U-Net (Ronneberger 
et al., 2015) and PSPNet (Zhao et al., 2017) are trained in similar 
fashion for comparative purposes. To reduce the imbalance between 
fore- and background classes, all annotation masks with less than 40 
anomalous pixels were excluded from the training datasets.

All models were trained with a batch size of 16 for 15, 35, and 60 
epochs, respectively, in the three training phases of Section 3.2.2. In 
the case of the SegFormer-B4, the batch size was halved to 8 to accom-
modate the required graphics memory and the epoch count increased 
to 95 for the fine tuning phase to ensure complete convergence. In all 
cases, the images of the training dataset were artificially duplicated to 
increase dataset size for phase three.6

Table  3 shows the performance achieved by the different model 
variants on the validation dataset. Among the CNNs, the DeepLabV3+ 
most often achieves the best results, closely followed by U-Net, while 
PSPNet lags behind with up to 18.8%pt difference in metrics across 

6 This is equivalent to increasing the number of epochs by a factor of two 
and determining the evaluation metrics for the validation dataset in every 
second epoch.
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and 15.2%pt between loss functions. Generally, however, the Seg-
Former architectures outperform all conventional models, especially 
when comparing results for each loss function. Among the transformer 
variants, the midrange encoders B2 and B3 show the most promise.

These results differ from Xie et al. (2021) in two significant ways. 
Firstly, the fact that SegFormers B2 and B3 achieve the highest IoUs 
contradicts literature such as Xie et al. (2021), where IoU scores 
increase continually with architecture size. While the reason for this 
is unknown, it seems plausible that overfitting effects may still occur 
due to the small dataset size. Secondly, DeepLabV3+ variants not only 
yield lower IoUs than all SegFormers, but habitually score less across 
all other metrics when comparing results for each loss function. As Xie 
et al. (2021) report that their similarly configured DeepLabV3+ scores a 
considerably higher mean IoU than the SegFormer-B0 variant, it can be 
assumed that the ability of transformers to capture global correlations 
is even more advantageous for the use case investigated here. The 
SegFormer is therefore confirmed as the architecture of choice.

A comparison of loss function impact across all variants shows the 
results generally follow the pattern identified in Table  2: Dice loss 
increases IoU and P, while Tversky maximises 𝐹2 and R. Generally, 
however, utilising Tversky 𝐿𝑇  allows for a significant increase in the 
latter metrics with only minor losses to IoU. After IoU, R - and, con-
sequently, 𝐹2 - take precedence over P for leakage detection (Vollmer 
et al., 2024). The SegFormer-B2 with Tversky loss is therefore selected 
as the winning AI model for this study, as it achieves maximum R and 
𝐹2 with the second highest IoU and an average P score.

Fig.  2 shows the general structure of the SegFormer architecture 
adapted to this study’s anomaly detection problem and training pro-
cedure. An input image of size 𝐻 × 𝑊  is divided into 4 × 4 pixel 
patches, each of which is converted into a linear embedding via 2D 
convolutional layer and fed into the first of four transformer blocks that 
make up the encoder. The transformers extract features hierarchically 
at up to 1

32  resolution of the original image. The extracted features are 
passed to a MLP decoder, which predicts a binary segmentation mask 
and returns probability values by applying a sigmoid function. The 
prediction is expanded to match the original resolution via upsampling.

3.3. Implementation

All DL models are implemented via the ‘PyTorch’ (Paszke et al., 
2019) and ‘PyTorch-Lightning’ (Falcon and The PyTorch Lightning 
team, 2019) libraries. To ensure access to a wide range of model 
architectures, the ‘Segmentation-Models-PyTorch (SMP)’ (Iakubovskii, 
2019) and ‘Hugging-Face-Transformers’ (Wolf et al., 2020) toolboxes 
were used. The use of these libraries enables a higher degree of flexi-
bility compared to frameworks that abstract more from the details of 
the underlying implementation. For data augmentation, Buslaev et al. 
(2020)’s ‘albumentation’ library is used.

The code was implemented on the bwUniCluster2.0, a high-perfor-
mance computing cluster operated by the Federal State of Baden-
Wuerttemberg in Germany for university use. A single NVIDIA A100
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Table 4
Quantitative results of the SegFormer compared to traditional CV algorithms from Vollmer et al. (2024), evaluated on the manually annotated validation and 
test sets (see Table  1). Results are colour-coded from grey (low) over white (mid) to green (high).

Method Configuration Validation Test

IoU 𝐹2 R P DR DR30 IoU 𝐹2 R P DR DR30

SegFormer Th@0.5 70.7 84.6 85.9 80.0 94.3 96.8 61.3 73.3 71.6 81.1 79.8 86.3

Th@0.1 69.6 85.9 88.7 76.4 95.2 97.8 61.6 75.2 74.6 78.1 83.2 89.2

THT with VC 59.8 77.5 79.5 70.7 88.6 88.2 47.8 72.8 79.5 54.5 79.8 85.3

without VC 54.0 65.3 62.4 80.1 78.1 79.6 37.0 50.3 48.1 61.6 37.8 42.2

SM
MaxIoU 60.3 80.0 83.4 68.5 88.6 92.5 55.0 67.4 65.2 77.7 72.3 80.4

MaxIoU@85 57.1 81.2 88.1 61.8 94.3 94.6 53.3 67.6 66.4 73.0 75.6 82.4

MaxIoU@90 52.5 80.3 90.2 55.6 93.3 95.7 46.0 71.8 79.2 52.3 85.7 92.2

LT MaxIoU 51.6 62.7 59.6 79.4 71.4 79.6 35.2 43.4 39.0 78.1 63.0 67.6
(NVIDIA Corporation, 2022) graphics processing unit (GPU) with 50 GB 
of graphics memory was used for all model trainings and pipeline 
runs. Given these hardware specifications, the winning SegFormer 
variant from Section 3.2.4 took approximately 72 min to train. En-
ergy requirements, measured via the ‘perun’ package (Gutiérrez Her-
mosillo Muriedas et al., 2023), amounted to 0.258 kWh and 0.108 
kgCO2e. This is about 1.3 times the requirement for U-Net (0.205 kWh) 
and 1.4 times the requirement for DeepLabV3+ (0.191 kWh) training.7

4. Evaluation and comparison

The SegFormer model described in Section 3.2.4 is evaluated in a 
quantitative, qualitative, and holistic manner. This not only ensures 
a comprehensive assessment of AI performance for leak detection, 
but also enables a comparison with state-of-the-art CV algorithms 
from Vollmer et al. (2024).

4.1. Quantitative evaluation

A wide range of semantic segmentation metrics are evaluated to 
cover all aspects of a thorough and quantitative assessment. These 
include recall (R), precision (P), intersection over union (IoU), 𝐹2
score, detection rate (DR), and detection rate 30 (DR30) to match those 
utilised by Vollmer et al. (2024). The last two are custom metrics, 
defining the proportion of anomalies identified out of all and those 
larger than 30 pixels respectively (Vollmer et al., 2024).

Table  4 shows the results for the SegFormer applied to the valida-
tion and test splits of the manual dataset, coined evaluation dataset 
in Vollmer et al. (2024). Both a default threshold of 0.5 (Th@0.5) 
and a lower threshold of 0.1 (Th@0.1) are used for the analysis. 
These values are selected heuristically and based on well-performing 
ones from comparable implementations in literature. Given the in-
herent requirement for conservative handling to avoid sorting out 
true leak candidates (Vollmer et al., 2024), the binarisation should 
strive to minimise FNs. This means the selection must tend towards 
mid- and low-range values.8 A similar observation is made by Alkan 
and Karasaka (2023) in their study of different thresholds for binary 
semantic segmentation of remote sensing imagery. They find the best 
performance is achieved by 0.5, followed by 0.12, which guides the 
threshold selection in this study.

To allow for a direct comparison, Table  4 also includes results of the 
best performing variants among the classical algorithms THT, SM, and 

7 For reference, Gowda et al. (2024) report an energy consumption of 
79.5 kWh for training a DeepLabV3 on four NVIDIA V100 GPUs, illustrating 
how energy consumption can vary across setups and highlighting this study’s 
comparatively resource-efficient configuration.

8 While high thresholds may ensure low FP rates, this comes at the 
detriment of FN.
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LT (Vollmer et al., 2024). This highlights the DL model’s aptitude at 
producing the desired segmentation behaviour. The Segformer model 
scores by far the highest IoUs on both validation and test sets, beating 
the previous best by around 9.7%pt and 6.5%pt respectively. It par-
ticularly excels at achieving a high P without detriment to R and DR, 
something the traditional methods struggle with. On the test split, for 
instance, the SegFormer Th@0.1 surpasses THT with VC’s P score by 
23.7%pt with a comparatively small R loss of 4.9%pt whilst even achiev-
ing an increase in DR and DR30 of 3.4%pt and 3.9%pt respectively. In 
general, both SegFormer configurations almost consistently outperform 
the classical CV state-of-the-art. Setting the threshold lower generally 
produces slightly better results, though it considerably increases the 
number of identified anomalies, including false alarms.

4.2. Qualitative evaluation

A qualitative evaluation, shown in Fig.  3, is performed on the same 
exemplary images used by Vollmer et al. (2024). This provides means 
to comparatively assess the SegFormer’s ability of handling common 
scenarios in leakage detection. The table includes results from the THT 
algorithm as the winning method in previous work (Vollmer et al., 
2024).

Overall, this qualitative comparison shows the SegFormer model to 
deliver more robust results. In imagery containing both an exception-
ally conspicuous leak as well as smaller anomalies (Fig.  3.1), the model 
identifies all hot-spots without classifying as large a pixel area as THT. 
In scenes where a uniform threshold does not allow for sufficiently 
accurate differentiation and THT struggles (Figs.  3.2 and 3.3), the 
SegFormer model is capable of discerning relevant anomalies that were 
previously missed. In addition, the generated segmentation masks are 
precise and comprehensible for a human observer.

4.3. Model explanation

Further insights into the DL model can be obtained through a 
comparatively new branch of research: xAI. Motivated by the inherent 
black-box nature of AI models, this field aims to provide explana-
tions of why models behave in a certain way and what guides the 
decision-making behind their predictions (Holzinger et al., 2022). Of 
the large variety of existing xAI methods, explanations are most of-
ten created through visualisation techniques, commonly CAM-based 
methods (Islam et al., 2022). One of the most influential of these, 
Grad-CAM, visualises important regions in an image for a specific class 
by analysing gradients in the last convolutional layer, enabling it to be 
model-agnostic (Selvaraju et al., 2020). Although most techniques for 
explaining image-based AI models focus on classification tasks (Gipiškis 
et al., 2024), this method was adapted to semantic segmentation via 
implementations such as the Seg-Grad-CAM (Vinogradova et al., 2020).
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Fig. 3. Segmentation masks predicted by the SegFormer for three example scenarios, with (Vollmer et al., 2024)’s winning THT for comparison.
While both Sections 4.1 and 4.2 have highlighted the SegFormer’s9 
ability to excel at anomaly detection, xAI can help check if the model 
behaves as intended. To this end, Gildenblat and contributors (2021)’s 
PyTorch Grad-CAM toolbox is adapted to work with a segmentation 
model using non-integer TIRs. Post-processing is applied to remove 
unwanted artefacts in the explanations.10 Fig.  4 shows two exemplary 
image inputs, associated annotation masks, resulting SegFormer predic-
tions, and xAI explanations. These last are visualised as heat maps, with 
model interest increasing from blue to red.

The first image 4.1 features an example in which prediction and 
annotation masks are equivalent. The segmentation Grad-CAM outputs 
in 4.1.e) and f) showcase how the choice of three-channel input constel-
lations, consisting of duplicated 4.1.a) and single 4.1.b), helps to focus 
the model on the relevant image areas above and around DHS pipelines. 
While the model generally highlights all warmer regions, only those 
within the mask are attributed with high importance, gaining the 
associated pixels a place in the prediction output. The input channel 
selection is therefore confirmed as having the intended effect on model 
behaviour.

The second example 4.2 exhibits an output 4.2.d) that differs from 
the given ground truth 4.2.c). Specifically, more pixels are predicted 
to be anomalous than are defined as such in the annotation mask. The 
Grad-CAM explanation reveals the reason for this: The model attributes 
just as much attention to the street lamp at the upper right edge and 
manholes in the image centre as it does the manhole in the bottom 
right corner. In contrast, the annotation mask only includes the warmer 
pixels along the centre covers’ edges and excludes the street lamp, as its 
temperature is lower in comparison. As the explanations in both exam-
ples show, the model’s focus areas always extend beyond the anomalies 

9 To exemplify, the 0.5 threshold is utilised to balance anomaly amounts 
while ensuring high quantitative scores.
10 The explanations include an excess mask-location-dependent highlight in 
the upper left corner due to the definition of masked pixels as negative values 
instead of ‘None’.
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themselves, indicating the model takes anomalies’ local surroundings 
into account for its decision-making process. This allows for local 
maxima to be identified regardless of their absolute temperature and 
explains the model’s nuanced segmentation behaviour. However, said 
model trait also highlights the necessity for a post-detection anomaly 
categorisation so that such false alarms may be sorted out (Vollmer 
et al., 2025a).

4.4. Evaluation of the analysis pipeline

A final evaluation of the model integrated into the image analysis 
pipeline helps assess the SegFormer’s holistic aptitude for leakage 
detection. Aside from masking the inferred results, this includes a post-
processing classification of all identified anomalies according to the 
temperature difference to their surroundings: uncritical (𝛥𝑇 < 5 ◦C), 
moderate (5 ◦C ≤ 𝛥𝑇 < 10 ◦C), pronounced (10 ◦C ≤ 𝛥𝑇 < 15 ◦C), and 
critical (15 ◦C ≤ 𝛥𝑇 ) (Vollmer et al., 2024). As in Vollmer et al. (2024), 
the datasets MU2 and KA1 are analysed. All anomalies classified as – 
at minimum – moderate were checked and categorised manually. To 
ensure an unbiased evaluation for the MU2 dataset, no images from
MU2 were included in the training or validation splits of the generated 
dataset.

Table  5 summarises the SegFormer results and compares them to 
the traditional THT method. The SegFormer identifies more anomalies 
across both datasets, showing it operates more conservatively, and 
thus favourably, for leakage detection. At the same time, the average 
anomaly area is generally considerably smaller than that of THT, 
confirming Section 4.2’s observation of the SegFormer’s capability to 
draw more nuanced contours around anomalies.

Regarding MU2, the large, critical leakage is detected equally re-
liably by the DL model as its traditional algorithmic counterpart. The 
number of relevant anomalies identified by the SegFormer is consid-
erably higher, again demonstrating a more conservative approach. A 
manual categorisation shows that these mostly pertain to the category 
‘‘other’’, where an in-depth analysis reveals their main source as hot-
spots on building rooftops (caused by, e.g., chimneys) with a commonly 
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Fig. 4. Seg-Grad-CAM explanations for exemplary TIR input images.
Table 5
Leakage detection pipeline evaluation results for the datasets MU1 and KA1.
 MU2 KA1

 SegFormer
Th@0.5

THT
with VC

SegFormer
Th@0.5

THT
with VC

 

 # of anomalies 1112 709 1038 647  
 average anomaly area 134.8 195.4 193.0 202.7  
 
Classifiedby 𝛥𝑇

uncritical 942 561 962 567  
 moderate 134 105 74 62  
 pronounced 11 18 6 18  
 critical 25 25 0 0  
 # of relevant anomalies 170 148 76 80  
 
Classifiedby type(manually)

leakage 19 20 0 0  
 manhole 61 82 52 51  
 car 90 46 10 10  
 other 14 19  
low absolute temperature. The difference in detected manhole covers 
can be ascribed to some no longer falling below the 5 ◦C threshold 
when the cold inner area is defined as part of the anomaly. For the
KA1 dataset, the overall picture is more homogeneous. While specific 
assignment to moderate and pronounced categories differs,11 the more 
significant number of relevant anomalies and type classifications is very 
similar. In particular, the number of anomalies caused by warm vehicles 
and manholes is almost or exactly identical, highlighting a comparable 
performance between AI and classical CV methodologies.

11 This may be attributed to the fact that the SegFormer generally de-
fines anomaly boundaries closer around hot-spots, yielding slightly warmer 
surroundings and thus somewhat smaller temperature differences.
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As a final analysis, Table  6 compares both methods in terms of re-
quired resources, specifically total and individual step durations. These 
are derived from runs using the hardware described in Section 3.3 and 
multiprocessing with batch sizes of 16.12 Total values should be seen as 
reference points, as deviations can still occur between pipeline runs.13

As expected, the main focus of the comparison lies on the anomaly 
detection step, where the methodology deviates. This is highlighted by 

12 It should be noted that the pipeline was not designed with a time 
constraint in mind and that runs depend greatly on available hardware and 
options for parallelisation.
13 For example, the standard deviation for the dataset statistics calculation 
step across 9 consecutive runs is 10.4 s, though this drops to 2.1 s when 
excluding the initial run.
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Table 6
Pipeline run times exemplified on KA1, with 496 images and anomaly amounts listed in Table  5.
 Method Calculation Pipeline step durations [s] Total duration [s]  
 Dataset

statistics
Anomaly
detection

Anomaly
extraction

Anomaly
classification

 

 THT
(with VC)

total 22.31 95.13 40.40 7.10 165.57  
 per image/anomaly 0.05 0.19 0.06 0.01 0.33/0.26  
 SegFormer
(Th@0.5)

total 22.47 103.65 60.98 9.15 197.17  
 per image/anomaly 0.05 0.21 0.06 0.01 0.40/0.19  
the equal times per image or anomaly for Steps 1, 3, and 4. Although 
one might expect the considerably less complex THT method to out-
perform the DL model, Table  6 paints a different picture. Inference 
using the SegFormer-B2 model is almost as fast as the implementation 
of the traditional CV algorithm. This corroborates the high performance 
and efficiency reported by Xie et al. (2021) for their lightweight trans-
former architecture. However, the here achieved 4.8 FPS for anomaly 
detection is nowhere near their recorded 24.5 FPS,14 revealing room 
for improvement and the possibility of surpassing THT run times with 
code optimisations.

5. Conclusion

This study greatly advances UAS and TIR-based leak detection by 
tackling the critical step of finding thermal anomalies via a DL semantic 
segmentation model. It is among the first to apply DL to this energy-
related use case while providing extensive insights into the utilised 
methodology. A novel, multi-stage training procedure enabled the de-
velopment of a high-performing SegFormer model, overcoming the one 
of the biggest challenges in UAS-based semantic segmentation: limited 
annotated data. This procedure is easily adaptable to other use cases 
and may therefore function as a guide for similar implementations of 
domain shift. Compared to traditional state-of-the-art CV algorithms, 
the DL model is found to offer a high degree of flexibility and aptitude 
for achieving the desired segmentation behaviour. Both quantitative 
and qualitative evaluations show that the SegFormer considerably im-
proves upon results from the best performing classical equivalent, a 
conclusion supported by the holistic assessment. Smaller anomalies are 
reliably found, the generated segmentation masks are precise, and the 
number of detected, yet implausible anomalies is significantly lower 
compared to the traditional algorithms from Vollmer et al. (2024). The 
xAI analysis sheds further light on model characteristics, showcasing 
how it focuses on local maxima by considering anomalies’ immediate 
surroundings and how the choice of combined masked and unmasked 
inputs has the desired effect of attributing more importance to ar-
eas around the DHS. Given all these afore-mentioned characteristics, 
this study’s SegFormer model is found to surpass existing traditional 
CV methods, thereby establishing a new state-of-the-art in anomaly 
detection for TIR-based DHS leak detection.

Naturally, this study is subject to some limitations. Though diverse, 
the datasets used in this study are comparatively small and include only 
two German cities. As no other research group from Section 2 has made 
their data publicly available, the model’s data foundation could not 
be enhanced with imagery from other regions. While the necessity for 
DHSs and, in turn, these forms of monitoring approaches is greatest in 
colder countries similar to Germany, it is unclear how well the model 
will generalise across varying DHSs, sensor types, and flight heights. 
Additionally, adjustments to the model (such as the inclusion of this 
kind of new data) require retraining, which presupposes the availability 
of appropriate computing resources. The corresponding hardware is 
often cost- and energy-intensive and may not be generally available.

14 This value is given for the SegFormer-B2, for single-scale inference and a 
batch size of 16 on the ADE20K dataset (Xie et al., 2021).
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The improvements achieved by the DL model for this vital step in 
automatic TIR-based DHS leak detection highlight various opportuni-
ties for future studies. The inclusion of datasets from various different 
regions can help test and train the model’s generalisability and ensure 
robustness towards more diverse urban landscapes. Coupled with its 
integration into an active learning loop (Safonova et al., 2023), model 
performance could be further improved with a comparably low effort. 
The ultimate goal would be the creation of an expansive dataset that 
includes multitudes of confirmed leaks, which would allow the model 
to be tailored to the more exclusive task of leak detection instead of 
thermal anomaly detection and subsequent false alarm removal. As this 
is contingent upon a wide-scale sharing of (annotated) data, an interim 
approach could be the combination of given datasets with publicly 
available ones, such as Vollmer et al. (2025b), as a first step towards 
implementations that eliminate the need for downstream classification.

On a broader scale, enhancing the analysis with a temporal assess-
ment and automatic comparison between TIR data may help transform 
the method into a regular monitoring approach. Given the ever-growing 
interest in UAS-based urban monitoring, existing multi-sensor applica-
tions could be expanded to include the required image acquisition (Bay-
omi and Fernandez, 2023). Coupled with code optimisation to enable 
faster run times and potentially real-time implementation (Xie et al., 
2021), this study’s SegFormer-based automatic TIR analysis for DHS 
leak detection could become an integral part of UAS inspections of our 
future smart cities.
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Fig. A.5. Histograms of temperature distributions per individual dataset.
Fig. A.6. Histograms of temperature distributions per individual dataset, grouped in one plot.
Fig. A.7. Histograms of temperature distributions in train, validation, and test splits for model training.
Appendix A. Temperature distributions

This appendix compares the temperature distributions between the 
different datasets as well as splits used for model training. While there 
are some fluctuations between the individual distributions shown in 
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Fig.  A.5, Fig.  A.6 highlights how the majority of the data is similarly 
positioned between −15 ◦C to −5 ◦C.

Once combined into train, validation, and test splits for model 
training, the distributions become very similar, as highlighted in Fig. 
A.7.
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Table B.7
Comparison of model variants with on the validation split. Results are colour-coded from 
white (low) to green (high).
Model Encoder Loss Channels IoU 𝐹2 R P

SegFormer MiT-B2 Tversky (𝑇𝑚, 𝑇𝑚, 𝑇𝑢) 70.2 84.5 85.9 79.4
SegFormer MiT-B2 Tversky (𝑇𝑚, 𝑇𝑢) 69.4 83.8 85.1 79.0
SegFormer MiT-B2 Tversky (𝑇𝑚) 67.4 82.2 83.3 78.1
SegFormer MiT-B2 Tversky (𝑇 ) 43.9 66.9 71.6 53.1
𝑢
Table C.8
Performance comparison after each phase, evaluated on the validation split. Results are colour-coded from white (low) 
to green (high).
Model Encoder Loss Phase Epochs Dataset Encoder IoU 𝐹2 R P

SegFormer MiT-B2 Tversky 1 15 generated frozen 40.4 62.6 66.5 50.7
SegFormer MiT-B2 Tversky 2 35 generated unfrozen 62.7 80.7 83.4 72.0
SegFormer MiT-B2 Tversky 3 60 manual unfrozen 70.2 84.5 85.9 79.4
Table C.9
Performance comparison with and without generated dataset, evaluated on the validation split. Results are 
colour-coded from white (low) to green (high).
Model Encoder Loss Phase(s) Epochs IoU 𝑭𝟐 R P

SegFormer MiT-B2 Tversky 3 60 49.1 79.0 91.1 51.6
SegFormer MiT-B2 Tversky 3 110 68.1 83.8 85.8 76.8
SegFormer MiT-B2 Tversky 1, 2, and 3 15, 35, and 60 70.2 84.5 85.9 79.4
Appendix B. Ablation study of input channel configurations

This appendix compares the impact of channel definitions on model 
performance, specifically the contributions of 𝑇𝑚 and 𝑇𝑢. Although the 
focus lies on the masked images and thus the areas above and around 
the DHS, the entire unmasked image may provide additional useful 
context information. For instance, the area leftover after masking may 
only constitute a tiny portion of the original image (e.g. a piece of road 
at the image edge), which can be easily misclassified without context 
information is the given surface temperature is simply higher due to 
higher ambient temperatures or material. To assess the validity of this 
assumption, various combinations are compared via the SegFormer-B2 
model with Tversky loss.

While conventional DL architectures for image analysis expect three 
channel inputs owing to that being the standard format of RGB imagery, 
models can be adapted to accept other channel counts by including 
an initial convolutional layer (Vollmer et al., 2025a). Through this 
method, various configurations can be tested to identify the best-suited 
inputs. These encompass:

1. single-channel inputs (𝑇𝑢) as a reference,
2. single-channel inputs (𝑇𝑚) as a baseline for masked data on its 
own,

3. two-channel inputs (𝑇𝑚, 𝑇𝑢) to assess the impact of including 
context information,

4. three-channel inputs (𝑇𝑚, 𝑇𝑚, 𝑇𝑢) to assess the performance when 
combining and weighting masked and unmasked data.

As the results in Table  B.7 show, the additional inclusion of context 
information through 𝑇𝑢 improves the performance of the model with 
respect to all metrics. Doubling the 𝑇𝑚 layer and thereby emphasis-
ing the masked data more strongly, results in a further performance 
increase throughout. For this reason, the inputs used in this study are 
three-channel (𝑇𝑚, 𝑇𝑚, 𝑇𝑢).

Appendix C. Impact of the multi-phase training procedure

Different experiments were conducted to assess the impact of vari-
ous aspects of the developed multi-phase training procedure, based on 
an exemplary Segformer configuration.
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Table  C.8 breaks down the performance for each training phase. The 
results clearly highlight how each consecutive step is able to improve 
all evaluated metrics.

Table  C.9 investigates the influence of the generated dataset on 
performance. For this, the standard training procedure with 15, 35, 
and 60 epochs per respective phase is compared to only using the 
manual dataset, both for the standard duration of phase 3 and the total 
epoch count. The results bring to light several influencing factors of 
both datasets and procedure. Firstly, the model requires more time to 
focus on the new target domain when using only the manual dataset. 
The model trained for 60 epochs solely on that set is defined by an 
extremely high R but low IoU, indicating classical characteristics of 
early training such as over-segmentation and poor boundary definition. 
In comparison, a model trained for only 50 epochs on the generated set 
(see Table  C.8) is already better adapted to the UAS-based TIRs.

After 110 epochs, the manual dataset-based model has a similarly 
refined focus and outperforms phase 2 results. Overall, however, the 
multi-step procedure, which combines the use of both datasets, still 
surpasses utilising only the high-quality manual one on all counts.

Data availability

All data, code, and configurations used in this work
will be made available with this publication via Zenodo (Ruck et al., 
2025) (http://doi.org/10.5281/zenodo.14287864) and GitHub
(https://www.github.com/emvollmer/TASeg).
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