76

Cite as: Zaber-Kucharska A, Olbratowski P, Ginter J, Gotuchowska N, Kalicki B, Tomaszewska A: A machine-learning model for quantitative assessment
of maxillary sinus volume and involvement in children based on computed tomography. Pediatr Med Rodz 2026; 22 (2): 76-82

Aldona Zaber-Kucharska', Przemystaw Olbratowski=*, Jozef Ginter’, Received: 22.03.2006
Accepted: 19.05.2026

Natalia Gotuchowska', Bolestaw Kalicki', Agata Tomaszewska' Publshed: 09.072026

A machine-learning model for quantitative assessment of maxillary sinus
volume and involvement in children based on computed tomography
Algorytm uczenia maszynoweqo do automatycznej oceny objetoscii stopnia zajecia

zatok szczekowych u dzieci na podstawie badan tomografii komputerowej

" Department of Paediatrics, Paediatric Nephrology and Allergology, Military Institute of Medicine — National Research Institute, Warsaw, Poland

2Faculty of Physics, University of Warsaw, Warsaw, Poland

3 Biological and Chemical Research Centre, University of Warsaw, Warsaw, Poland

“WIT Academy, Warsaw, Poland

> Faculty of Medicine, University of Warsaw, Warsaw, Poland

Correspondence: Aldona Zaber-Kucharska, Department of Paediatrics, Paediatric Nephrology and Allergology, Military Institute of Medicine — National Research Institute, Szaserw 128, 04-141 Warsaw, Poland,
e-mail: aldonazaber@gmail.com

@ https://doi.org/10.15557/PiMR.2026.0012

ORCID iDs

1. Aldona Zaber-Kucharska @https://orddAorg/0009—0004—3577—3203
2. J6zef Ginter @https://ordd,org/OOOO—OOO17758175296

3. Natalia Gotuchowska @https://orcid.org/OOOOfOOOZ—19287175X

4. Bolestaw Kalicki @https://or(id,org/0000—0003»1606—5WOO

5. Agata Tomaszewska @https://or(id.org/0000—0003—3255—7623

AbS’[ra ct Introduction: Chronic rhinosinusitis in children represents a significant clinical challenge. Imaging-based diagnosis relies
primarily on descriptive assessment of computed tomography scans and simplified scoring systems that do not account for
the actual volume of inflammatory lesions. A more quantitative analysis of sinus involvement could improve diagnostic
accuracy and reduce interobserver variability. Objective: The aim of this study was to develop a machine learning algorithm
for the automated quantitative assessment of maxillary sinus volume and inflammatory involvement in children based on
computed tomography scans. Materials and methods: The study includes 92 computed tomography scans of the paranasal
sinuses obtained from paediatric patients, with the maxillary sinuses manually annotated by human experts. A three-
dimensional convolutional neural network was developed for sinus segmentation. Based on the segmentation results, sinus
volume and the percentage of sinus involvement by inflammatory changes were calculated. Results: The algorithm
demonstrates high segmentation performance, achieving mean sensitivity, precision, and Dice coefficient values of nearly
90%. The root-mean-square error for estimation of sinus volume and inflammatory involvement is 0.4 cm? and 1.3 percentage
points, respectively. Conclusions: The proposed approach enables rapid and precise assessment of maxillary sinus volume
and the extent of inflammatory involvement in paediatric computed tomography examinations. It may serve as a valuable
tool supporting clinical decision-making in the diagnosis and longitudinal monitoring of chronic rhinosinusitis in children.

Keywords: paediatric chronic rhinosinusitis, maxillary sinus, volumetric analysis, computed tomography, medical image
segmentation, convolutional neural network, deep learning, artificial intelligence

Streszczenie Wprowadzenie: Przewlekle zapalenie zatok przynosowych u dzieci stanowi istotny problem kliniczny. Diagnostyka obrazowa
opiera sie przede wszystkim na opisowej ocenie badan tomografii komputerowej i uproszczonych skalach punktowych, ktére
nie uwzgledniajg rzeczywistej objeto$ci zmian zapalnych. Bardziej iloSciowa analiza moglaby poprawi¢ doktadno$¢ diagnozy
i zmniejszy¢ zmienno$¢ miedzyobserwacyjna. Cel: Celem niniejszej pracy jest stworzenie algorytmu uczenia maszynowego
do automatycznej ilosciowej oceny objetoéci i zajecia zatok szczgkowych u dzieci na podstawie badan tomografii
komputerowej. Material i metody: Badanie objelo 92 skany tomografii komputerowej zatok przynosowych u dzieci,
z zatokami szczegkowymi oznaczonymi recznie przez ekspertéw ludzkich. Opracowano tréjwymiarows konwolucyjng sie¢
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neuronowa do segmentacji zatok. Na podstawie wynikéw segmentacji obliczono objetos¢ zatok oraz procentowy stopien ich

zajecia przez zmiany zapalne. Wyniki: Algorytm wykazuje wysoka jako$¢ segmentacji, osiagajac Srednie wartosci czutosci,
precyzji oraz wspélczynnika Dice na poziomie prawie 90%. Sredniokwadratowy blad oszacowania objetosci zatok oraz
stopnia ich zajecia wynosi odpowiednio 0,4 cm? oraz 1,3 punktu procentowego. Wnioski: Zaproponowane podejscie
umozliwia szybka i dokladna ocene objetosci zatok szczekowych oraz stopnia ich zapalnego zajecia w badaniach tomografii

komputerowej u dzieci. Moze ono stanowi¢ cenne narzedzie wspomagajace decyzje kliniczne w diagnostyce oraz
monitorowaniu przewleklych choréb zatok przynosowych w populacji pediatryczne;.

Slowa kluczowe: przewlekle zapalenie zatok przynosowych u dzieci, zatoka szczgkowa, analiza objetosciowa, tomografia
komputerowa, segmentacja obrazéw medycznych, konwolucyjna sie¢ neuronowa, uczenie glebokie, sztuczna inteligencja

INTRODUCTION

isorders of the paranasal sinuses represent a sig-

nificant health concern in the paediatric popula-

tion. Maxillary sinusitis is one of the most com-
mon forms of sinus disease in children and may occur in
either an acute or chronic form™. Clinical symptoms are of-
ten nonspecific and vary depending on the age child’s age®®.
The prevalence of chronic rhinosinusitis (CRS) in children
is lower than in adults and is estimated at 2-4%. However,
the associated impairment in quality of life is comparable(®.
In the paediatric population, CRS is a consequence of fre-
quent upper respiratory tract infections, incomplete cranio-
facial development, immaturity of the immune system, co-
existing adenoid hypertrophy, allergic disease, and other
systemic conditions*®). Untreated or inadequately treated
sinusitis may lead to orbital and intracranial complications,
as well as disturbances in the development of craniofacial
structures”. Children are particularly predisposed to orbit-
al complications®.
Medical imaging plays a key role in the diagnosis of parana-
sal sinus disease. Computed tomography (CT) is considered
the reference modality for the assessment of paranasal sinus
anatomy and the extent of sinus involvement®. Compared
with other imaging techniques, CT enables accurate evalua-
tion of mucosal thickness and fluid accumulation, while also
demonstrating high sensitivity for the detection of inflamma-
tory changes?. In paediatric patients, however, interpretation
of CT images requires consideration of dynamic develop-
mental changes that affect sinus volume and morphology®*.
Assessment of paranasal sinus involvement on CT is an in-
tegral component of the diagnostic workup for chronic and
recurrent sinus disease. It is also a critical factor in deter-
mining eligibility for surgical treatment in patients with
CRS. Classical scoring systems, such as the Lund-Mackay
scale, offer a framework for the standardised classification
of CT findings®. However, they rely on simplified categor-
ical assessment of the presence or absence of sinus involve-
ment, without precise quantification of its extent. Likness
et al. and Kuo et al. demonstrated that the Lund-Mackay
scale frequently fails to reflect the actual degree of sinus
opacification accurately*'V. Furthermore, they argued that
quantitative estimation of the involved sinus volume corre-
lates more strongly with clinical symptoms.
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Quantitative volumetric analysis may significantly improve
diagnostic precision and facilitate objective monitoring of
disease progression and treatment response. However, even
computer-assisted volumetric measurements based on con-
ventional algorithms, such as region growing, remain pro-
hibitively time-consuming, hindering their use in clinical
practice. This limitation may be addressed through the ap-
plication of machine-learning methods, particularly neu-
ral networks.

Advances in artificial intelligence have created novel op-
portunities for the automated analysis of medical images.
Machine-learning algorithms are increasingly being inte-
grated into paediatric radiology!'?. Lee et al. demonstrated
that a convolutional neural network could reproduce Lund-
Mackay sinus opacification scores with high agreement('.
Their automated system exhibited robust reproducibility
and reduced interobserver variability compared with man-
ual assessment.

Sun et al. employed a neural network to delineate the osse-
ous structures of the paranasal sinuses for surgical planning
and neuronavigation. Whangbo et al. utilised a multi-
class segmentation approach to identify individual cavities
of the ethmoid, frontal, maxillary, and sphenoid sinuses'*.
Humpbhries et al. trained a neural network to segment the
paranasal sinuses as a single structure, thereby enabling es-
timation of their total volume®. By applying appropriate
Hounsfield-unit thresholds, they were also able to quanti-
fy the proportion of mucosal opacification. More recently,
Kuo and Liu developed a machine-learning model to seg-
ment each sinus cavity separately, computing both its vol-
ume and degree of inflammatory involvement!”. This line
of research was subsequently continued by Wang et al. and
Kaygisiz Yigit et al.(519)

Although these studies demonstrated good agreement be-
tween model predictions and expert annotations, their
models were developed and validated in adult or adoles-
cent populations with fully developed sinus morphology.
Additionally, they rely on large and computationally de-
manding neural architectures that require specialised hard-
ware, which may limit their application in many clinical
settings. To our knowledge, studies dedicated specifically
to the paediatric population remain lacking, even though
sinonasal disorders in children may lead to particularly
severe and lifelong consequences.
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In light of these considerations, the present study aimed
to develop a machine-learning model for the automated,
quantitative assessment of maxillary sinus involvement in
children based on CT examinations of the paranasal sinu-
ses. Our approach utilises a neural network to segment the
maxillary sinuses from digitally reconstructed CT images.
Subsequently, a simple geometric algorithm distinguishes
the left and right sinus cavities. Finally, voxels correspon-
ding to air and mucus are quantified independently within
each cavity to determine the extent of sinus involvement.
The neural network was trained on a dataset of CT scans
manually annotated by human experts. The following sec-
tions describe the individual components of the system, the
characteristics of the dataset, and the training procedure,
followed by an evaluation of model performance.

MODEL

In the proposed approach, each examined CT scan of the
paranasal sinuses is first downsampled to a voxel size of
1 x 1 x 1 mm?. This reduced resolution still allows for reli-
able estimation of sinus volume and involvement while en-
abling the model to process images of any higher resolution,
which encompasses virtually all modern CT scans. The re-
sulting reduction in voxel count also allows the neural net-
work to remain very compact.

The downsampled 3D image is used directly as input to the
model. The network comprises only six convolutional lay-
ers and contains 424,993 parameters. The input image is
processed in patches of 44 x 44 x 44 voxels (equivalent to
44 x 44 x 44 mm?®), which is sufficient to capture a substan-
tial portion of even the largest maxillary sinuses observed
in children.

The network’s sole task is segmentation of the maxillary si-
nuses, without distinguishing between the left and right
sides. Specifically, it assigns each input voxel a probability
of belonging to the sinuses. Voxels located entirely outside
or inside the sinuses are assigned values of 0 and 1, respec-
tively, while voxels at the sinus boundaries receive interme-
diate values. This approach is analogous to anti-aliasing in
digital imaging, and provides a smooth representation of
sinus borders. A simple geometric algorithm is then em-
ployed to distinguish the two maxillary cavities, facilitating
separate computation of their volume and involvement for
the left and right sides.

The number of voxels identified within each cavity deter-
mines the sinus volume. The degree of involvement is es-
timated by quantifying voxels filled with air and mucus.
Fig. 1 depicts a representative histogram of CT attenuation
values across sinus voxels. Two distinct peaks are observed
around 0 HU and —1000 HU, corresponding to mucus and
air, respectively. However, a flat background is also present
due to imperfections in digital image reconstruction and
the presence of intermediate values at sinus boundaries.
This makes it difficult or even impossible to define a sharp
HU threshold separating air from mucus.
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Fig. 1. Histogram of HU values within the maxillary sinuses,

summed across all CT scans included in the present study.

The green and red curves represent the functions used to

estimate the free and involved volumes, respectively

To address this issue, two weights are assigned to each sinus
voxel based on its CT attenuation value, following the two
functions shown in Fig. 1. The red and green curves cor-
respond to mucus and air, respectively. Voxels with atten-
uation below —300 HU are considered fully free, whereas
those above —100 HU are considered fully involved. These
thresholds were determined empirically by overlaying the
weight colours on the CT images and confirming that free
and involved regions appear uniformly green and red, re-
spectively, with intermediate colours only at the boundaries.
The transition between the two curves in Fig. 1 follows
a half-wave sinusoid, representing a smooth threshold be-
tween free and involved HU values. This also guarantees
that the two functions always sum to one. The free and in-
volved volumes are then obtained by summing the corre-
sponding weights across all voxels within each cavity.

DATASET

The neural network described in the previous section must
be trained on a dedicated dataset. The dataset was con-
structed from the medical records of paediatric patients
hospitalised in the Department of Paediatrics, Paediatric
Nephrology and Allergology at the Military Institute of
Medicine — National Research Institute in Warsaw, Poland,
between 1 January 2020 and 31 December 2024. The data-
set comprises CT scans of the paranasal sinuses obtained
in children aged 0-18 years diagnosed with CRS based on
CT assessment, physical examination, and medical histo-
ry. Patients with acute rhinosinusitis or incomplete medical
records were excluded from the analysis.

Three-dimensional CT images were acquired using a GE
Medical Systems scanner with a spiral technique at 120 kV
and reconstructed with the sharpening Bone or Bone
Plus filter. All scans have comparable voxel dimensions
of approximately 0.3 x 0.3 x 0.6 mm?® and a matrix size
of 512 x 512 voxels in the transverse plane, with several
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hundred voxels along the body axis. A total of 92 three-
dimensional images were manually segmented by five hu-
man experts who labelled each voxel as either belonging to
the maxillary sinuses or not. This time-consuming process
was facilitated using the open-access 3D Slicer software for
medical image analysis (www.slicer.org)®”.

Human segmentations accurately capture the overall shape
of the sinus cavities but are often imprecise at the level of
individual voxels, particularly near septa. To address this,
simple image-processing operations are applied to the hu-
man label maps. These operations smooth the segmenta-
tion boundaries and separate them from the internal sinus
walls, preventing wall tissues from being incorrectly clas-
sified as mucus. They also convert the original binary la-
bels into floating-point fuzzy labels, which can be direct-
ly compared with the probabilities predicted by the neural
network.

The 92 scans comprise 184 maxillary sinuses, evenly divid-
ed between left and right sides. Fig. 2 presents a scatter plot
of all sinuses in the volume-involvement plane. Sinus vol-
umes in the dataset range from less than 2 cm? to more than
25 cm?, consistent with the patient age range of 0-18 years.
All degrees of involvement are represented, from complete-
ly aerated to fully involved. The data may suggest that small-
er sinuses tend to exhibit a higher degree of involvement,
a finding consistent with established medical knowledge.

TRAINING

The goal of training the neural network is to reproduce the
human segmentations when provided with their corre-
sponding CT images. A properly designed network trained
on sufficiently large and diverse data can then generalise
this knowledge to segment new scans, previously unseen
in the training dataset. The training workflow proceeds as
follows.

First, the human label maps are downsampled to a voxel
size of 1 x 1 x 1 mm? along with their corresponding CT
images. Second, both images and segmentations are ran-
domly rotated and translated as a form of data augmenta-
tion. This technique is commonly used in machine learn-
ing to make the training data more diverse and helps the
network learn to process images at different positions and
orientations!?.

The augmented images are then passed to the neural net-
work, which produces its own fuzzy segmentations or label
maps. Their deviation from the human maps is quantified
using a loss function. This loss is minimised with respect to
the 424,993 network parameters using the popular Adam
optimisation algorithm®". As the loss or deviation ap-
proaches zero, the segmentations yielded by the network
become increasingly similar to the true human annotations.
A total of nearly one million minimisation steps is re-
quired to train the model, which takes approximately five
days on a PC equipped with a gaming-class 12 GB graphics
card. The card serves as a hardware accelerator for complex
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Fig. 2. Sinus involvement plotted against cavity volume for all
184 maxillary sinus cavities across the 92 CT scans in the
dataset created for the present study

mathematical operations. Training was performed using
a cluster of 16 more advanced graphics cards available at the
Military Institute of Medicine — National Research Institute.

EVALUATION

To assess the final performance of the trained model, the
entire dataset is usually split into validation and training
sets in the conventional 1:4 ratio. Loss is minimised unique-
ly on the training set, after which performance metrics are
estimated for the validation set. In this way, the model is
evaluated only on previously unseen scans, reflecting the
real clinical setup.

The validation set should include scans of varied sinus vol-
ume and degrees of involvement to be representative for the
entire dataset. Additionally, some choices may inadvertent-
ly underestimate or overestimate true performance, so that
several validation sets should be considered for a reliable
assessment. Accordingly, a widely used testing procedure,
known as Monte Carlo cross-validation, was applied®?.
Using the K-Means algorithm, the 92 scans were clustered
into groups with similar sinus volume and congestion®.
From each group, one scan was randomly chosen for valida-
tion, with the remaining scans included in the training set.
Ten independent pairs of training and validation sets were
randomly selected in this manner. For each pair, full loss
minimisation was performed on the training set, followed
by evaluation of performance metrics on the validation set.
The arithmetic means and standard deviations across these
ten runs are reported below as the final values and uncer-
tainties of the performance metrics.

For sinus segmentation alone, the model achieves a true-
positive rate (recall, sensitivity) of 89.0 + 0.5%, a positive
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Fig. 3. Maxillary sinus volume (left) and involvement (right) estimated by the machine-learning model versus reference values computed from
human expert segmentations. Red and green points correspond to the validation and training sets, respectively

predictive value (precision) of 90.0 + 0.3%, and an F1
(Dice) score of 89.5 + 0.3%*. For the estimation of sinus
volume and involvement, the root-mean-square errors are
0.4 £ 0.2 cm? and 1.3 + 0.3 percentage points, respectively.
To illustrate the achieved accuracy, Fig. 3 shows the sinus
volume and involvement predicted by the model plotted
against the reference values obtained from human segmen-
tations. The data points align closely along the straight line
representing perfect agreement for both the training and
validation sets.

SOFTWARE

The trained model has been integrated into a user-friend-
ly graphical application, illustrated in Fig. 4. The applica-
tion reads a three-dimensional CT image from a DICOM
(Digital Imaging and Communications in Medicine) file
and displays its two-dimensional cross-sections, with
free and involved regions highlighted in green and red,
respectively. It also reports the volume and percentage
of involvement for the left and right maxillary sinuses.
The programme runs smoothly even on mid-range laptops,
completing segmentation and prediction in approximate-
ly 10 seconds.

DISCUSSION

As noted in the Introduction, recent literature describes
extensive work on paranasal sinus segmentation from CT
scans>%. Although these studies also employ neural net-
works, they focus on adults or adolescents. Automatic ex-
amination of sinuses in children is inherently more com-
plex due to less pronounced anatomical structures and their
dynamic changes with age. At the same time, children are
more susceptible to sinus pathologies, such as CRS, and
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untreated or inappropriately managed sinonasal abnormal-
ities may lead to severe, lifelong complications. In this con-
text, the present work is a pioneering effort to develop ma-
chine-learning models specifically tailored to the paediatric
population.

A neural network is introduced for automatic segmenta-
tion of the maxillary sinuses in paediatric CT examinations.
The resulting segmentations are subsequently used to esti-
mate sinus volume and the degree of mucosal involvement.
The system achieves a volumetric accuracy of 0.4 £ 0.2 cm?
and a precision of 1.3 + 0.3 percentage points for involve-
ment estimation. These values are significantly more precise
than a human inspection of a CT scan could ever provide.
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Brightness balance
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Volume 7.8 cm?
Free 7.7 cm?
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Fig. 4. Graphical user interface of the proposed model. Free and in-
volved areas are highlighted in green and red, respectively.
Total, free, and involved volumes, as well as the fraction
of involvement, are displayed separately for each side
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Furthermore, the model maintains the same fidelity that is
achieved by state-of-the-art neural architectures tested so
far in adult populations, despite the difficulties associated
with immature sinus anatomy.

An important methodological strength of the present study
is the use of fuzzy labels for both human annotations and
model outputs®. In contrast to the conventional binary la-
belling employed by most previous studies in this field, this
approach more faithfully captures the inherent ambiguity of
anatomical boundaries and effectively addresses the partial-
volume effect introduced by the finite resolution of CT im-
aging. For instance, if a voxel is located at the sinus bound-
ary, a fractional label can correctly reflect the fact that it is
partially occupied by air and partially by mucosal tissue.

A distinctive feature of this system is its simplicity. The neu-
ral network contains only 424,993 parameters, which is very
modest compared with most medical imaging solutions that
include from 1.5 million to 1.5 billion parameters. This al-
lows the model to run smoothly even on mid-range laptops
without dedicated high-performance graphics hardware.
On such devices, the software completes segmentation
and prediction in about 10 seconds. This efficiency facili-
tates deployment across diverse clinical settings, from hos-
pital departments to single-physician outpatient practices.
The resulting segmentation maps, with aerated and involved
regions marked in colour, are displayed as overlays on CT im-
ages, allowing immediate visual verification by the clinician.
From a clinical perspective, the presented tool provides
a rapid, accessible, reproducible, quantitative, and pre-
cise assessment of the maxillary sinus volume and muco-
sal involvement. It has the potential to reduce inter-observ-
er variability and thus enhance the standardisation of CT
evaluations in children with CRS. The tool may be particu-
larly valuable for objective longitudinal monitoring of dis-
ease progression and treatment response.

One constraint of the current study is the focus on the max-
illary sinuses alone. Another limitation is that all scans were
acquired using a single CT scanner. Consequently, the gen-
eralisability of a machine-learning model trained on this
dataset to scans acquired using other systems remains un-
certain. Nevertheless, the dataset is unique in international
literature. To the best of our knowledge, only the NasalSeg
and CT-SCOPE datasets are partially comparable®®”.
However, they focus primarily on adult populations, pro-
vide lower spatial resolution, or target segmentation of bony
structures rather than sinus volume.

Given these limitations, the overall success of the present
study supports further development and refinement. More
diverse training data should be collected in the future.
The ethmoid, frontal, and sphenoid sinuses can be anno-
tated by human experts to enable the system to segment all
paranasal sinuses. Other structures, such as the ostiome-
atal complex or nasolacrimal ducts, can be also considered.
CT scans from patients with acute rhinosinusitis could be
included as well, extending the system’s applications across
different inflammatory phenotypes. Finally, experts may

PEDIATR MED RODZ Vol. 22 No. 2, p. 76-82

annotate various lesions, such as retention cysts, polyps,
and osteitis, as well as anatomical variants including con-
cha bullosa and Haller or Onodi cells, enabling the mod-
el to detect them.

Apart from these relatively straightforward improvements,
more advanced extensions of the current framework can be
envisaged. One involves training the model to estimate the
anatomical age of the sinuses based on morphological de-
velopment and pneumatisation patterns. By comparing the
result with the patient’s chronological age, clinicians could
assess, to a certain extent, whether the paranasal sinuses are
developing appropriately or exhibit signs of developmental
delay, including hypoplasia.

Preliminary experiments indicate that the model, when in-
tegrated with complementary algorithms, can quantitative-
ly estimate the patency of the entire drainage and ventila-
tion pathway extending from the sinus ostia through the
ostiomeatal complex to the nasal cavity. Accurate assess-
ment of these narrow, convoluted channels is often chal-
lenging for radiologists, particularly in cases of complex
or variant anatomy. Quantifying the patency of the out-
flow and aeration tracts could provide a clinical explana-
tion for symptomatic patients whose sinus cavities appear
clear on CT.

CONCLUSIONS

The proposed machine-learning algorithm enables au-
tomated and precise assessment of maxillary sinus vol-
ume and inflammatory involvement in children with CRS.
The method demonstrates high agreement with expert seg-
mentation, operates on standard computer hardware, and
provides immediate, visually verifiable results. This ap-
proach represents a promising step toward objective, repro-
ducible, and standardised imaging evaluation of paediatric
CRS and may serve as a foundation for broader, multi-sinus
automated assessment in the future.
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