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Abstract—Deep learning (DL) is one of the key tools for analyzing
images beyond the visible light spectrum, such as thermal data,
for energy-related inspection and fault detection. However, pub-
lications using multispectral data focus on developing specialized
models to handle quality issues without considering the imagery
itself. This article investigates how feature engineering (FE), the
process of adapting raw data to serve as DL training data, can
impact performance when transferring prevalent model architec-
tures to combined red, green, blue (RGB) thermal imagery. The
popular U-Net is utilized for the common task of multiclass se-
mantic segmentation in remote sensing. A comprehensive ablation
study is performed on a novel, uncrewed aircraft system-based
dataset from two German cities to detect thermal urban features.
Common performance metrics, training, and energy consumption
statistics are compared to find the most suitable combination of
platform-specific and general enhancing FE while identifying the
impact of resolution, channel count, RGB, and color information.
The study reveals FE to significantly influence predictive perfor-
mance, where the choice of ablation parameters are found to have a
7%pt –10%pt impact. Computational resource utilization depends
on image size, following a logarithmic growth curve. Importantly,
the study demonstrates that in-depth FE of thermal imagery can
replace the need for additional RGB data.

Index Terms—Deep learning (DE), feature engineering (FE),
multispectral images, remote sensing, semantic segmentation,
thermography.

I. INTRODUCTION

WHILE political and social efforts strive to limit anthro-
pogenic global warming, the building sector remains

one of the greatest contributors to climate change [1]. It is
responsible for approximately 30%of the global energy demand,
primarily due to operational requirements such as heating [1].
The German government has, therefore, recently passed a law to
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establish a concept for country-wide heat supply, whereby mu-
nicipalities are charged with creating comprehensive plans for
climate-neutral heating in their communes [2]. Similar legisla-
tion already in effect in Scandinavian countries such as Denmark
has led to the implementation of centralized technologies—
specifically district heating systems (DHSs)—which currently
provide two thirds of the population with 89% climate-neutral
heat [3]. However, the efficient operation of such systems still
presents a significant challenge. In Germany, for example, net-
work losses were estimated at over 10% in 2022 [3]. Keeping
in mind current and future heating-related aims, a key part of
enabling sustainable cities must lie in ensuring a high level of
efficiency and minimal thermal losses in all involved infrastruc-
ture.

A versatile and holistic monitoring approach can be achieved
by combining modern technologies: uncrewed aircraft system
with multispectral sensors gather image data to be efficiently
analyzed via computer vision methods such as artificial intelli-
gence (AI) [4]. Where images are concerned, deep learning (DP)
has proven to be extremely effective for classification, detection,
and segmentation tasks in numerous domains. The past decade
has seen an increase in the application of DL to imagery be-
yond the visible light—380–700 nm wavelength—spectrum [5],
[6], [7]. Thermal infrared (TIR) data, for instance, captures
emitted electromagnetic waves corresponding to surrounding
temperatures, and thus, can provide context information on
heat sources [6], [8]. With regard to cities, its use ranges from
autonomous driving over crowd counting to the maintenance of
energy-related systems, including defect detection in DHS, solar
technologies, or transmission lines, and building inspections [6],
[8], [9], [10]. These problems are increasingly being addressed
with complex, high-level semantic segmentation models as they
enable pixelwise classification and more nuanced contextual
perception [6]. Merging standard red, green, blue (RGB) with
TIR imagery is said to enrich scene understanding, help supply
missing information under complex illumination, and greatly
increase segmentation accuracy [6], [7], [10].

However, transferring DL to novel data types comes with a
set of challenges. While images are generally subject to noise
and acquisition-dependent artifacts [11], TIRs are particularly
susceptible due to the involved sensor technology. They suffer
from substantially lower resolution and undesirable effects—
most prominently blurring and nonuniformity [5], [12], [13].
Although data quality is known to have a great impact on DL
performance [11], studies focus on model adaptation instead of
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Fig. 1. Overview of the study and developed data processing pipelines: From RGB and TIR image registration for RGBT dataset creation to exhaustive FE
ablation study. The numbers in brackets refer to manuscript sections containing further details on the step in question.

manual feature engineering (FE)—the process of adapting raw
data for its use in DL model training—to tackle the issue.

This article, therefore, presents a thorough investigation on the
effects of FE on remote sensing (RS) red, green, blue, thermal
(RGBT)-based DL. The challenging and increasingly popular
computer vision task of semantic segmentation is examined
within the framed context of city infrastructure monitoring—
specifically for identifying thermal, meaning heat-related, urban
features, and anomalies. Our contributions are as follows.

1) We identify key factors impacting quality in uncrewed
aircraft system (UAS)-based red, green, blue, thermals
(RGBTs) as either platform-specific (notably vignetting)
or general (specifically contrast and blurring) and find
suitable algorithms for mitigation.

2) For increased impact, we adapt a prevalent DL model to a
new, real-world case study in heat-related inspection, thus
creating a novel RGBT dataset.

3) An extensive ablation study is conducted to analyze nu-
merous data-related aspects—including filters, channel
constellations, and image sizes—with particular emphasis
on the impact of information loss. Our comprehensive
evaluation compares not only a broad range of perfor-
mance metrics, but also resource statistics to assess our
AI in terms of sustainability [14].

4) We provide best-practice conclusions for multispectral
remote sensing (RS) image acquisition and analysis for
future sustainable cities.

In addition, following open science principles, our novel
RGBT dataset [15] and code1 are published alongside this
article, thus ensuring reproducibility.

Fig. 1 visualizes the developed data processing pipelines,
including registration to create an RGBT dataset forming the
basis of the FE ablation study.

The rest of this article is organized as follows. After cov-
ering related work in Section II, all elements in Fig. 1 are
introduced in Section III and detailed in Section IV. Results are
presented in Section V and discussed in Section VI, and finally,
Section VII concludes this article.

II. RELATED WORK

A review in [16] of semantic segmentation in RS found
that 89% of papers compare different models, while 93%

1[Online]. Available: https://github.com/emvollmer/TUFSeg

perform architecture-based ablation studies. Similarly in multi-
spectral data, the authors in [6], [7], and[10] list various models
developed for RGBT data—such as the Penn Subterranean
Thermal Network [17]—but omit FE.

Many studies, especially in RS, disregard FE owing to
their use of benchmark datasets [16]. Publications that in-
spect data cleaning in RGB imagery find that it improves DL
performance. Undesirable illumination can be mitigated with
contrast-enhancing algorithms such as contrast limited adaptive
histogram equalization (CLAHE) to increase segmentation ac-
curacy [18]. In satellite imagery, atmospheric artifacts can be
reduced by increasing contrast, i.e., through unsharp mask and
median filtering to enhance classification accuracy and decrease
computational complexity [19].

Fewer studies look into FE in TIR-based DL models. In spite
of the technology’s numerous uses, He et al. [5] find that current
implementations are more akin to laboratory than industrial
applications. This may allow for less artifact-ridden data and
explain the model-driven focus. TIR quality improvement is only
described as increasing resolution by using specifically devel-
oped DL architectures [5]. While Chaverot et al. [20] observe
that DL commonly replaces image processing, they find TIR
quality enhancement, i.e., via deblurring to significantly improve
object detection. Data cleaning of TIRs for DL is described
by Herrmann et al. [21], who apply various filters to mimic
RGB appearance, and find that these improve the performance
of RGB-pretrained DL.

Although FE improves RGB- and TIR-based DL perfor-
mance, there exists—to the knowledge of the authors—no study
exploring the effects on combined RGBT-based semantic seg-
mentation. This article, therefore, utilizes the well-known U-Net
model for an ablation study focused on the central task of
multiclass thermal urban feature segmentation. By identifying
common and anomalous heat sources in urban environments,
DL can help detect DHS leakages conservatively by removing
false alarms [9].

III. METHODS

A. RGBT Data Registration

RGBT imagery is made up of four channels: three color and
one temperature-dependent one. Recording these data requires
both a visible light and infrared sensor. The most common and
cheapest thermal sensors are uncooled microbolometers, which

https://github.com/emvollmer/TUFSeg
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capture long-wavelength infrared (LWIR) radiation emitted by
all objects of common temperature on Earth (−83◦C to 727◦C).
The resulting outputs are in grayscale, with lighter pixels denot-
ing higher temperatures [5], [8], [12].

Typically, two separate sensors are used for acquisition [7],
placed side by side to match the fields of view [17]. Hybrid
cameras can facilitate the process by incorporating both tech-
nologies [7], [22]. RS acquisition, especially by UAS, is simpli-
fied through merged dual camera and gimbal systems [23]. In all
cases, the raw images require alignment to compensate differing
fields of view, resolution, and aspect ratios [22], [24]. TIRs
(around 640 × 512 or less [5]) generally have a considerably
lower resolution than RGBs (around 1920 × 1080 [7] or up to
4000 × 3000 [24]).

Aligning RGBs and TIRs typically consists of two steps: dis-
tortion correction and image registration [17], [23]. Depending
on the used camera, images typically suffer from two types of
distortions: radial (barrel or pincushion effects) or tangential
(lack of lens alignment with the image plane) [25]. To correct
these, a camera’s intrinsic and extrinsic parameters need to be
estimated. Most simply, this is achieved by recording refer-
ence images of a standardized pattern, such as checkerboard of
black and white squares, with which calibration functions from
computer vision libraries such as OpenCV [26] can estimate
a camera’s intrinsic matrix and distortion coefficients. When
applied, these will correct sensor-specific distortion in the given
data [17], [23], [27], [28].

After distortion correction, the two sensor outputs are aligned
on pixel-level to compensate any offset between camera views
(existing even for dual cameras). A simple registration approach
estimates the homography matrix that describes the cameras’
relationship with coordinate pairs from matching key points.
Both TIR and RGB are manually sampled to identify a list of
corresponding pixel locations for matrix estimation. Applying
this transformation warps the images to the same resolution [23],
[28].

B. Feature Engineering (FE)

Raw imagery can be affected by noise, lack of contrast,
problematic lighting conditions, blur, and other artifacts. How
severely these are expressed depends on the utilized technol-
ogy and acquisition conditions. For instance, capturing images
by popular UAS [5], [7] elicits pronounced nonuniformity in
TIRs [12]. Nighttime recordings are most useful for TIR infor-
mation due to low thermal reflectance, but RGBs suffer from
reduced luminance.

Observations from previous studies and existing conditions
help focus on two key aspects: platform-specific and general
image enhancement FE. Platform-specific speaks to the compen-
sation of effects induced by the utilized RS acquisition method—
in this case UAS. General enhancement (GE) mitigates quality
issues unrelated to the form of acquisition and instead pertaining
to the sensors themselves. These are centered around contrast
and blurring.

1) Platform-Specific FE: UAS image acquisition has several
advantages, including high flexibility, easy operability, and high
spatial resolution through low flight heights [29]. Uncrewed

Fig. 2. Location-dependent pixel distributions, colorized according to pixel
values from blue (low) to yellow (high). (a) Averages over all RGBs. (b) Averages
over all TIRs. (c) Averages over one select TIR dataset. (d) Corrected averages
over one select TIR dataset.

aircrafts (UAs) are utilized with dual RGB and TIR sensors
for crop [29], building [24], power line [30] monitoring, and
many more. However, the prevalent conditions during flights
can particularly affect the thermal camera, as its sensor, lens,
and housing temperatures are affected by heat from the gimbal
motor and coolness from propellers’ slipstream [12]. The re-
sulting nonuniformity manifests as a cooling of image corners
and edges [12]. Although microbolometers have an integrated
correction to compensate for fixed pattern noise, they cannot ad-
equately offset this so-called “vignetting” or “halo” effect [12].

Fig. 2 visualizes the average pixel values of all thermal versus
visual images. Ideally, the averages are close to equal for a
uniform distribution, as is true for RGBs [see Fig. 2(a)]. The
TIR channel, however, displays an extreme radial deviation [see
Fig. 2(b)]. This effect manifests differently depending on indi-
vidual flight conditions [see Fig. 2(c)].

Various vignetting correction (VC) approaches exist, but they
do not always negate the entire effect and often require a ref-
erence image [12], [31]. Therefore, a method utilizing radial
polynomial functions as described in [32] is implemented. Pixels
are grouped based on radial distance to the image center and bin
averages used to model a vignetting function. The function is ap-
proximated for each image so that magnitude variations between
images or datasets do not pose a problem. Here, 100 bins and a
tenth degree polynomial function are found to be optimal. Fig. 3
exemplifies how the algorithm corrects substantial vignetting in
a TIR from Fig. 2(c) dataset. Fig. 2(d) shows the corrected pixel
distribution for that specific dataset.

2) General Enhancement (GE): Image enhancement refers
to the improvement of quality, specifically contrast and blur,
regardless of the acquisition platform.

a) Contrast enhancement: Undesirable lighting condi-
tions can greatly degrade image quality. Phenomena such as
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Fig. 3. Visualization of the VC algorithm. (a) TIR image. (b) VC TIR.

Fig. 4. Visualization of the contrast-enhancing algorithms CLAHE [see
Fig. 4(b)] and Retinex [see Fig. 4(c)]. (a) RGB image. (b) CLAHE RGB.
(c) Retinex RGB.

brightness, shadows, over-, or underexposure induce noise and
obscure object features, especially outdoors. Contrast enhance-
ment restores images to compensate such effects and increase
quality. Illumination is particularly problematic in RGBs when
images are acquired at night [18].

Several algorithms can perform this task, most prominently
the histogram-based CLAHE [18] and Retinex [33] methods.
Both are designed to compensate for spatially varying nonuni-
formity resulting from varying brightness (i.e., enhance local
contrast), but can also suppress noise in RGBs and TIRs [13],
[18], [34], [35].

Histogram equalization enhances image contrast by stretching
existing pixel values across all possible values. Although effec-
tive, this technique can introduce noise and reduce information
content in images with high contrast. An improved variant
is CLAHE, a method that first divides the image into small
areas before applying histogram equalization to limit excessive
contrast and increase noise robustness in low-contrast areas [18],
[36].

Retinex imitates the behavior of photoreceptors and ganglion
cells in the human eye (retina) and processing structures of
the mind (cortex). Images are interpreted as a multiplication
of illumination (overall scene lighting) and reflectance (intrin-
sic scene properties). By separating the two components and
applying local logarithmic luminance compression and spectral
brightening, varied illumination can be compensated and quality
improved [33], [34].

While Retinex can be applied directly to three-channel data,
CLAHE only works with single channels. It is common practice
to convert RGBs into L×A×B color space (where L repre-
sents luminance and A and B color distributions) and enhance
the L channel [37]. Fig. 4 compares both algorithms. Retinex is
capable of extracting significantly more information from darker
image regions while preserving the structure of illuminated
ones. It is, therefore, implemented for contrast increase here.

Fig. 5. Visualization of the UM algorithm. (a) TIR image. (b) UM TIR.

As the VC from Section III-B-1 can noticeably darken TIRs, the
algorithm is also applied to increase their luminance.

b) Deblurring: TIRs generally suffer from blurring, which
complicates the detection of smaller or farther objects. This
can be mitigated with the unsharp masking (UM) algorithm,
as visualized in Fig. 5. The technique involves blurring an
image I with a noise-reducing filter (typically Gaussian) G and
concatenating the output with I according to (1). λ is a positive
integer defining the effect’s strength with a default of 1, used
here to prevent additional, unwanted noise artifacts [20], [38]

Icorr = I + λ(I −G(I)). (1)

UM is also commonly applied to RGBs. In satellite imagery,
it has been shown to increase DL classification accuracy by
reducing artifacts and enhancing edges [19], and therefore, is
used on our remotely sensed RGBs as well.

C. Model Architecture

Despite the ongoing development of specialized models (see
Section II), the U-Net architecture [39] is still the most prevalent
in RS [40]. The model enhances a classical fully convolutional
network by including skip connections between encoder and
decoder [39]. This improves segmentation when working with
limited training data, as is common for real-world implemen-
tations [39]. The model excels in various fields, is among the
most popular for urban feature segmentation [16], [41], [42], and
known to proficiently analyze multispectral satellite data [43].
Its continued relevance makes the U-Net a good choice, as it
allows for more generalizable, and thus, significant results.

Architecture-related details are based on survey of urban
feature segmentation in RS images in [16] . The most common
backbone (also for RGBT data [7]) is the ResNet, which is why
the ResNet-152 is selected as an encoder [16]. Chiefly, cross en-
tropy (CE) functions are used to determine loss [16]. An adapted
variant—focal CE—targets difficult-to-learn instances and helps
manage the common issue of class imbalance [44], [45]. As
this works well for training a U-Net on multispectral satellite
data [44], the sigmoid focal CE function [45] is implemented
here.

Transfer learning can balance limited datasets [46]. Initializ-
ing a model with weights from other trainings helps compensate
for a lack of data with knowledge from a related task [46].
While public weights are based on RGBs, ablation studies such
as [24] have shown DL performance to significantly improve
when used with RGBT data. Therefore, the U-Net encoder back-
bone is loaded with weights trained on the popular ImageNet
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dataset [47], as done in [46]. Because of this, the model only
accepts inputs with the same channel count. Two options exist to
adapt to RGBT images: concatenate the data into three channels
or map the fourth channel to the given three with a preceding
convolutional layer. Both are compared here.

IV. EXPERIMENT

The overall data handling procedure developed for this case
study experiment is visualized in Fig. 1. The following subsec-
tions address relevant aspects of both pipelines.

A. Case Study Description and Data Registration

The case study comprises images from various suburban re-
gions around Munich (Germany), captured from 8 PM to 6 AM in
December 2019 with temperatures ranging from −5 ◦C to 2 ◦C.
Additional data from urban areas in a second German city, Karl-
sruhe, help diversify the study. These recordings were acquired
in January and March 2022 with temperatures of 0 ◦C–3 ◦C.

Acquisition took place via Matrice 600 Pro [48] and 300
RTK [49] UA. The flight was almost entirely automated to follow
a lawnmower pattern at 60-m altitude in nadir. RGBT imagery
was captured simultaneously with DJI’s Zenmuse XT2 [50],
a combined gimbal and camera incorporating a 4k RGB and
thermal sensor by FLIR. The RGBs have a size of 4000 × 3000
pixels and the TIRs of 640 × 512.

Of 8452 combined images, 793 are selected for annotation—
700 from Munich and 93 from Karlsruhe. Owing to an 88%
overlap, only every ninth image depicts an entirely new scene
and is, therefore, worth considering for annotation. Of these,
trained experts select the most suitable by avoiding duplicate
areas and motion blur due to turns during UAS flight. Within
the TIRs, we identify nine classes of common thermal urban
features and label a total of 8010 polygons using Visual Geome-
try Group’s VGG Image Annotator [51]. The annotation masks
required for semantic segmentation are generated from these
polygons by assigning each pixel a number per its defined class
and all unlabeled pixels to the background. The class distribution
in Appendix A highlights an annotation and pixel imbalance
common to these types of tasks.

The raw images are processed according to Section III-A, as
shown in the left part of Fig. 1. This case study’s RGBs suffer
from a distinct fisheye distortion, which is corrected using 129
key points before image registration with Python’s OpenCV [26]
and scikit [52]. A result of annotating the TIRs is an aspect ratio
of 5 : 4. The data are scaled to 3000 × 3750 to match RGB
resolution.

B. Ablation Study

Table I shows how the ablation study investigates manual
FE for DL. Aside from image filters, we examine the effect
of information loss—specifically color when reducing chan-
nel count and content when varying resolution—to identify
attributes influencing model performance.

Based on Section III-B, three key FE options are defined:
none, platform-specific (PS) processing (meaning vignetting

TABLE I
OVERVIEW OF PARAMETER COMBINATIONS AND CHANNEL INPUT DEFINITIONS

removal), and GE (meaning additional Retinex and UM algo-
rithms). These are applied in parallel (individually per channel)
as this has been shown to yield better results in TIR-based DL
than consecutive preprocessing [21].

As discussed in Section III-C, both the concatenation into
three-channel and model adaptation to four-channel inputs are
tested. RGBs are converted into single-channel grayscales,
meaning the relevance of color can be investigated. With a
thermography-centered objective, we can additionally investi-
gate the sole use of TIR inputs as a baseline. This alleviates
higher processing costs of combining RGBs and TIRs and
potential registration discrepancies [6].

In all Table I configurations, the input data are scaled to high
(3750 × 3000), mid (640 × 512), and low (320 × 256) resolu-
tion, as larger files require more significant hardware capacities.
We can thereby investigate what impact image size has on RGBT
or TIR model performance and whether an inverted U-shaped
relationship exists here. To allow for a simple, statistical anal-
ysis [24], each configuration is trained with four seeds (see
Appendix B for more details).

The resulting 108 models are evaluated using a wide range of
semantic segmentation metrics: overall accuracy, balanced ac-
curacy, precision, weighted precision, weighted F1-score, mean
intersection over union (IoU), and weighted mean IoU. These
are chosen based on the most common metrics in RS urban
feature detection [16] and RGBT segmentation [7]. The balanced
and weighted variants consider class imbalance by calculating
classwise scores and determining (weighted) averages. These
metrics, alongside their standard equivalents, are particularly
helpful for a comprehensive estimation of model performance
here.

Measured resource metrics include time used for FE and
model training as well as energy consumption in accordance with
sustainable AI principles [14]. The energy used is calculated
with Perun [53], which outputs both kW·h and kgCO2eq.

V. RESULTS

Table II summarizes the ablation study results, divided into
performance- and resource-related metrics. To compensate fluc-
tuations due to seed initialization, these are presented as “mean
± standard deviation (SD),” calculated across the four selected
seeds (see Appendix B).
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TABLE II
ABLATION STUDY RESULTS

Fig. 6. Performance metrics for filter and channel input combinations, aver-
aged over all image sizes.

VI. DISCUSSION

A. Performance

1) Quantitative Evaluation: A characteristic trend of overall
high- and low-scoring metrics confirms the presence of a strong
class imbalance. A generally high mean accuracy (88%–96%)
and low balanced accuracy (48%–59%) signifies that dominant
classes are predicted much more accurately than underrepre-
sented ones. Like balanced accuracy, precision considers each
class equally and lies in a comparable range. With a weighting
factor defined by the number of true class instances, weighted
precision balances class size discrepancies and scores very
high (92%–96%). The averaged mean IoU scores are lowest

(39%–48%), while the class-weighted variant reaches 83%–
92%. Even higher scores are obtained by the weighted F1
metric. In total, the choice of parameter values accounts for
a 7%pt –10%pt difference across the various performance
metrics.

SDs are only 3.7% on average, but a 2.74% median and
10%–18% peak values signify outliers—most prominently the
three-channel TIR midresolution none, RGBT midsized PS, and
high-resolution GE. These stem from individual seeds curtail-
ing performance—here numbers 1000, 1 234 567, and 1000,
respectively. While subsequent analyzes use mean values, these
outliers can influence general conclusions.

The simplest data processing without filters using three-
channel RGBT high-resolution images scores highest for the
lower metrics, specifically balanced accuracy, mean IoU, and
second for precision. The higher performing metrics (accuracy,
weighted precision, weighted IoU, and weighted F1) almost
all peak for PS FE with the highest resolution four-channel
inputs. Despite this, the overall best results are found for GE
three-channel midsized TIR data, which scores best in both
precision-related metrics and second in all others. This is an
interesting observation, as it indicates that supplementary RGBs
are not necessarily as necessary when the TIRs are feature
engineered. Table II reveals a clear pattern for near to all metrics
regarding the sole use of thermal imagery: PS and GE FE
improve upon performance (up to 5%pt averaged). To allow
further study, filters and channels are analyzed separately from
image sizes.

Fig. 6 compares averages over all image sizes. Overall, raw
data yield the best results for lower metrics, while GE (followed
by PS) scores highest in the higher metrics. As the latter mea-
sure representative performance despite class imbalance, this
indicates that FE helps overall performance, but does not aid
with underrepresented classes.
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Fig. 7. Qualitative comparison of high (3+T) versus low (3+RGBT) performing metrics winners, exemplified via the model variant of resolution 640× 512 and
seed 42.

Fig. 8. Resource resolution relationship.

Preferable channel combinations also vary. For the raw data,
3+RGBT inputs are best, closely followed by 4+RGBT. Using
only TIRs yields conspicuously low results (up to 5%pt de-
crease), indicating that RGBs should be included when utilizing
raw data. Contrarily, the closeness of 3+ and 4+RGBT scores
shows that the loss of color caused by the greyscale transforma-
tion has little impact.

For PS and GE, the best results are achieved with 3+T inputs,
meaning the sole use of TIRs is beneficial. This could imply that
RGB FE is less helpful than initially hypothesized, but individual

score comparisons contradict this. The mentioned outliers may
be causing the discrepancy. Compared to raw 3+T inputs, both
PS processing and added RGB information individually improve
results, yet their combination in PS 3+RGBT performs worse
than either. This may indicate an issue with data registration.

An evaluation of how image size influences performance finds
the highest resolution (3750 × 3000) to provide the best results
most often, followed closely by midsized images. Only in few
instances does the smallest resolution yield the best models.
Interestingly, for GE, midresolution always produces the highest
scores. Analyzing averages for each image size shows that
highest resolution images are particularly helpful in increasing
performance of the low-performing metrics by up to 4%pt. For
higher scoring metrics, total averages vary only slightly (around
or less than 1%pt), meaning differences have a smaller impact.

2) Qualitative Evaluation: The qualitative comparison in
Fig. 7 visualizes the impact of FE and RGB information loss
and its influence on model behavior. The generated predictions
allow conclusions to be drawn about how variants trained on
differently processed data react to representative scenarios. In
line with Fig. 6, a representative model is selected for low
(raw 3+RGBT) and high (GE 3+T) performing metrics each—
specifically 640 × 512 resolution and seed number 42, since
these are closest to their variants’ average performance.

Fig. 7 clearly underlines the previous differentiation between
high- and low-performing metrics. Common classes (i.e., build-
ings and cars) are overlooked far less often than the less prevalent
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ones (i.e., street lamps) because of annotated instance and pixel
amounts (see Appendix A).

A closer look at example (1) in Fig. 7 shows the 3+T model
trained on FE data to be capable of more nuanced distinctions
between common objects, such as warm and cold cars. It specif-
ically associates only the warm pixels with said class, actually
surpassing the annotation mask in detail. The 3+RGBT model
trained on raw data displays a tendency to overclassify, in this
instance warm cars. This might be explained with the fact that
the combined FE implemented in this study is able to com-
pensate thermal halos such as those around the cold vehicles
in the raw TIR image. In contrast, this may also be what allows
the raw 3+RGBT variant to be somewhat more sensitive to highly
underrepresented classes, as shown in example (2). Although not
entirely correct, the raw 3+RGBT model’s prediction is closer
to the annotation mask in terms of warm manholes and street
lamps, illustrating the reason for it scoring highest among the
low-performing metrics.

While related work generally sets the expectation that includ-
ing additional RGB information will bolster segmentation per-
formance [6], example (3) in Fig. 7 contradicts this assumption.
Although the RGB visually aids human observers in identifying
the cars in the top image half, the results show the 3+RGBT
model utilizing the raw imagery as incapable of doing so. The
other variant, relying solely on FE thermal imagery, correctly
classifies the nonobscured car. This, again, supports an important
conclusion derived from the quantitative analysis, specifically
that carefully selected FE can compensate or even outperform a
lack of additional RGB data.

B. Resource Utilization

As expected, the consumption of both time and energy for
model training is mostly dependent on image resolution. Fig. 8
exemplifies the correlation using averages for each image size.
Interestingly, the relationship seems to follow a logarithmic
growth curve. Although high-resolution images are 6× the
size of mid ones, the difference in resource requirements is
negligible—especially compared to small images half their size.
Significant time and energy savings can only be achieved with
small images, or conversely, higher resolutions are not prob-
lematic in either regard after a certain saturation threshold has
been met.

The impact of FE on resource utilization, as highlighted in
Fig. 8, is secondary in comparison to resolution. FE is negligible
with respect to the training duration, as Fig. 8 shows that the
training times are only seconds apart. Where energy consump-
tion is concerned, training with FE instead of raw imagery
requires somewhat more kW·h. These numbers increase only
slightly for higher resolutions, from ca. 12% to 14%. However,
these are one-time costs, as the model requires training only
once before it can be utilized. In terms of data preprocessing,
GE unsurprisingly takes the longest, followed by PS. This also
means that more time must be anticipated for inference, although
it only amounts to 0.4 s (GE) versus 0.12 s (raw) per image for
the highest resolution.

VII. CONCLUSION

This study analyzed the influence of FE—specifically PS
(VC) and GE (contrast increase and deblurring)—on a novel
RGBT dataset for the task of multiclass thermal urban feature
segmentation. We find such manual FE to account for a 7%pt –
10%pt difference in performance and can thus discredit the com-
mon assumption that DL will directly infer engineered features
itself. While supplementary RGB information is beneficial when
working with raw imagery, the overall best results are achieved
by applying in-depth GE FE and using only TIR data. This
has a significant implication for thermography-focused imple-
mentations as it means a less expensive acquisition with simple
thermal sensors can counteract a lack of RGB information if FE
is performed. In the context of managing more sustainable cities,
this may have wide-reaching implications for future designs
of smart city monitoring applications, where the problem of
leakage detection in pervasive DHS technology can be com-
bined with other, solely thermography-based applications such
as building and solar panel inspections by cheaper means.

Regarding image size, high-resolution data not only yield
the best results most often, but also particularly improves those
metrics performing less well due to class imbalance. Owing to
the analysis of time and energy consumption, we now know
that this costs surprisingly little additional resources owing to
their logarithmic relationship. In contrast to findings of previous
work, high-quality TIR sensors are crucial in collecting data
that will improve performance of economical, heat-related DL
models.

This study is subject to some limitations. Only four seeds were
used for initialization, lessening the statistical significance of the
calculated SD [24]. Data annotation and registration are subject
to human error. In future, FE studies—especially regarding
RGBs and data assimilation—can provide further insights. Ad-
ditional experiments can help quantify the contribution of each
implemented filter to DL model performance using standard,
spectral, and multispectral data. This includes analyses using
explainable AI to help further understand and characterize the
models trained on differently preprocessed data. Implementing
the presented FE in combination with other models will help to
assess the general applicability of the derived conclusions.

APPENDIX A

An overview of class distributions is given in Table III.

TABLE III
OVERVIEW OF CLASS DISTRIBUTIONS
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APPENDIX B

Due to case study size, the data are simply split into 80%
training and 20% test sets. While the split is randomized, the
following three conditions are ensured:

1) all classes are represented in both sets;
2) both sets contain images from both cities;
3) the annotation distribution is close to 80–20.
Each configuration is trained with four seeds, arbitrarily cho-

sen to initialize model weights unspecified by transfer learning.
These are: 42, 1000, 1 234 567, and 10 110 110. All variants are
trained on the bwUniCluster2.0 high-performance computing
system using a NVIDIA A100-PCI GPU for 35 epochs and a
batch size of 8. We use Python 3.8 with OpenCV 4.6.0.66
and scikit-image0.19.3 for processing, segmentation_models
1.0.1 (tensorflow 2.10.0) for training [54], tensorflow-
addons 0.20.0 for loss definition, and scikit-learn 1.3.2 for
evaluation.

Data availability

The utilized, novel RGBT dataset will be made available with
this publication via Zenodo [15]. The code is available at https:
//github.com/emvollmer/TUFSeg.
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