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Abstract

Dentomaxillofacial imaging has a long history and has advanced significantly in the past 30 years.
Contributing factors have been the introduction of digital X-ray detectors, most notably flat-panel
detectors. Modern dentomaxillofacial imaging offers many tools to dentists and dental surgeons in
diagnostic and interventional radiology. Photon counting detectors were previously introduced in
particle physics applications and have since been making their way into medical imaging, where they
can also be used for spectral imaging. However, the spectral applications in dentomaxillofacial imag-
ing have thus far been limited. While the progress in dentomaxillofacial imaging has been significant,
some challenges remain. For the radiographic modalities, obtaining quantitative information regard-
ing the underlying anatomy has not been possible so far without increasing the dose or complicating
the workflow. Cone beam CT does yield quantitative information. However, especially larger objects
suffer from increased levels of scattered radiation, reducing the accuracy of the observed attenuation
values. In this work, we demonstrate an algorithm framework to obtain quantitative data using
a prototype spectral panoramic imaging system. The results are cross-verified using a simulation
framework for generating synthetic spectral panoramic images from CT and cone beam CT data.
We also demonstrate using a number of phantoms that the prototype system yields consistent bone
mineral density values with a reference system. In another line of work, we demonstrate how a 2D
anti-scatter grid improves the stability of the attenuation signal and image contrast when fitted to
a standard dental cone beam CT scanner. Although the concept was successfully demonstrated,
further work is needed to establish its clinical relevance in vivo.






Zusammenfassung

Die dentomaxillofaziale Bildgebung hat eine lange Geschichte und sich in den letzten 30 Jahren erhe-
blich weiterentwickelt. Zu den beitragenden Faktoren zahlt die Einfiihrung digitaler Rontgendetektoren,
insbesondere der Flachbilddetektoren. Die moderne dentomaxillofaziale Bildgebung bietet Zahnéarzten
und Kieferchirurgen zahlreiche Werkzeuge in der diagnostischen und interventionellen Radiologie.
Photonenzéhlende Detektoren wurden urspriinglich in der Teilchenphysik eingesetzt und finden in-
zwischen auch Anwendung in der medizinischen Bildgebung, wo sie ebenfalls fiir die spektrale Bildge-
bung genutzt werden konnen. Allerdings sind die spektralen Anwendungen in der dentomaxillo-
fazialen Bildgebung bisher begrenzt. Trotz der bedeutenden Fortschritte bestehen weiterhin einige
Herausforderungen. Bei radiografischen Verfahren war es bislang nicht moglich, quantitative Infor-
mationen {iber die zugrunde liegende Anatomie zu erhalten, ohne die Strahlendosis zu erhéhen oder
den Arbeitsablauf zu verkomplizieren. Die digitale Volumentomographie (Cone Beam CT) liefert
zwar quantitative Daten, jedoch leiden insbesondere gréflere Objekte unter erhohter Streustrahlung,
was die Aussagekraft der gemessenen Abschwéchungswerte mindert. Wir stellen ein algorithmisches
Framework vor, das quantitative Daten mithilfe eines spektralen Panorama-Prototyps gewinnt. Die
Ergebnisse werden durch ein Simulationsframework iiberpriift, das synthetische spektrale Panora-
maaufnahmen aus CT- und Cone Beam CT-Daten erzeugt. Zudem zeigen wir anhand mehrerer
Phantome, dass das Prototypsystem konsistente Werte der Knochendichte im Vergleich zu einem Ref-
erenzsystem liefert. In einem weiteren Projekt zeigen wir, wie ein zweidimensionales Streustrahlen-
raster die Konsistenz der Abschwichung und den Kontrast verbessert, wenn es in einen Standard-
Dental-Cone-Beam-CT-Scanner integriert wird. Obwohl das Konzept erfolgreich demonstriert wurde,
sind weitere Arbeiten erforderlich, um die klinische Relevanz in vivo zu bestétigen.
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1 Introduction

Dentomaxillofacial X-ray imaging has advanced significantly in the past 30 years. In the context
of extraoral imaging, digital sensors have replaced film in panoramic and cephalometric imaging,
while flat panel sensors have enabled dental cone beam computed tomography (CBCT) to become
common in dental clinics as well. Digitalization of the detectors has enabled, inter alia, CBCT, and
digital post processing of previously film based images, such as panoramic imaging. [1, 2, 3]

Scatter and cone beam artefacts are typical image quality degrading factors in CBCT imaging.
Beam hardening is an issue with all polychromatic X-ray imaging. Together, these artefacts impose
challenges on some aspect of CBCT usage [4].

Panoramic imaging is a widely used imaging modality in dentomaxillofacial imaging [5]. The
modality is used to obtain a low-dose radiographic overview of the teeth, mandible, and maxilla [6].
The scatter contamination is not as bad as in CBCT due to the smaller simultaneously exposed
area.

Photon counting X-ray detectors were introduced in the late 80’s and early ’90s. The detectors
were first developed at CERN for particle physics applications and have since been making their way
to clinical X-ray imaging as well. The advantages over conventional (energy-integrating) detectors
include the blocking of electronic noise, increased spatial resolution, and the possibility of doing
spectral imaging with a single sensor layer and detector. [7]

Attempts have been made to correct scatter using radiography anti-scatter grids and software.
1D-grids offer a moderate improvement in high scatter environments but yield worse results than
without the grid if the scatter signal is lower than the primary signal [8]. Monte Carlo simulation-
based corrections have had some success in improving soft tissue contrast [4]. Ideally, the secondary
noise introduced by scatter should also be modeled [9]. These Monte Carlo simulation-based ap-
proaches require an iterative process to solve and are, therefore, time-consuming.

In summary, quantitative information has been challenging to obtain in dentomaxillofacial imag-
ing thus far. The principal problems could be addressed with the advancement of hardware tech-
nology in detectors and antiscatter grids. If the new hardware is able to provide quantitative infor-
mation, then the subsequent question is whether this information can be used for solving clinically
relevant challenges.

Panoramic imaging makes a good starting point for photon counting research in the context of
dental imaging, as the active area required in panoramic imaging is small. In contrast, both the
cost and technical complexity of a photon-counting flat panel detector for CBCT make this field of
research challenging. To the author’s knowledge, large active area photon counting flat panels are
not readily available for purchase at the time of this writing.

This thesis contains the theoretical basis and the author’s experimental contribution for enabling
new applications in dentomaxillofacial of X-ray imaging using novel hardware. Chapter 2 contains
fundamentals of X-ray physics, hardware (e.g., tubes and detectors), and related algorithms. Chapter
3 contains a short overview of the applications of dental X-ray imaging.

The experimental work of the thesis is divided as follows: Chapter 4 deals with how to do
material decomposition on a panoramic system and some preliminary results. Chapter 5 describes
a simulation framework for obtaining panoramic images from CT. Chapter 6 discusses obtaining
bone mineral density measurements using the experimental panoramic system. Finally, Chapter 7
presents the results of a 2D tungsten grid fitted on a dental CBCT system.



2 X-ray imaging fundamentals

The purpose of this section is to provide the fundamental theoretical background of the experimental
work. We start with the fundamentals of the generation of X-rays and their interaction with matter.
Building on the fundamentals of physics, we then discuss X-ray detection. The next topic is a
selection of phenomena observed in X-ray imaging and how they can be utilized in spectral imaging.
Finally, image reconstruction is discussed.

2.1 X-ray generation

The most common way to generate X-rays is using an X-ray tube. In clinical X-ray imaging, X-rays
are still primarily produced by conventional X-ray tubes, although cold emission tubes have seen
some limited use [10]. An X-ray tube works by having a potential difference between the anode and
the cathode (the tube voltage, kVp). Figure 1 shows a schematic of an X-ray tube. The cathode,
typically in the form of a tungsten filament, has to be heated for electrons to be emitted towards the
cathode in a vacuum. Bremmstrahlung (German for braking radiation) occurs when the electrons
enter the electrical field of an atom of the anode. Characteristic X-rays are also generated, although
less frequently than bremmstrahlung (c.f. the blue graph of Fig. 10 for an example of the spectrum

).

Filament (Cathode) ‘% @* w

Figure 1: Simplified diagram of a conventional hot emission X-ray tube. A potential is applied in vacuum
between anode and cathode. Electrons hit the tungsten target and generate X-rays. The anode can be
stationary or rotating.

The bremsstrahlung radiation intensity for having a photon of energy E and electron energy T
in a solid state matter (such as an X-ray tube anode) is:

N [T= rar\ !
wn =" [Te () e (2.1

where N is Avogadro’s number, p is the density of the anode material, A is the atomic weight and
Q is the differential X-ray energy intensity, and d7'/dx is the collision stopping power, which can be
calculated according to the Bethe Formula [11, 12]. The integral goes from the binding energy of
the electron Tj to the photon energy T'= E. There is no reason to continue the integral further, as



the electron would not have enough energy to produce a photon of energy E anymore. In numerical
methods, the quantity @ can be approximated using a polynomial for easier calculations [11]. dT'/dz
values are tabulated e.g. in the NIST ESTAR database [13].

Aside from bremsstrahlung, characteristic peaks are generally also part of the spectrum. A
characteristic X-ray is emitted when a K-shell binding electron of the anode material (e.g. tungsten)
is excited to vacuum potential. An upper shell electron fills the vacancy and releases the excess
energy as an X-ray. This phenomenon will be discussed in more detail in the subsequent subsection.

The anode is either stationary or rotating. The cooling is applied via either air or a liquid.
Anode rotation and liquid cooling enable more power to be used but add more complexity to the
tube. Anode rotation allows an order of magnitude higher tube currents than in the case of a
stationary anode [10] (approximately 10 vs 100 mA in CBCT context).

The thermal emission is inefficient, with roughly 1 % of the electrical current converted to X-rays
and the rest to heat. Furthermore, about 99 % of the X-ray radiation is stopped in the lead shielding
of the tube, as the emission is isotropic and only the radiation directed towards the region of interest
can be allowed out [10]. Thus, only approximately 0.01 % of the used electrical current can be used
for the imaging.

For comprehensive modeling of the X-ray attenuation in the tube, the absorption of the X-rays
in the tube material, autofiltration, and the focal spot size should also be modeled. Autofiltration
can modeled using eq. 2.4 in subsection 2.2.1.

To model the emission of X-ray quanta from an X-ray tube, a binomial distribution can be used:

n

P(X =k)= (k>p'“(1 -p)" " (2:2)

where p is the emission probability of an individual quantum, n is the total number of interaction
events, and k is the number of emitted photons, i.e., successful trials. When n approaches oo, p
approaches zero so that np = k, where k is greater than 0, then the Poisson distribution can be
derived (see e.g. [14] for the complete derivation):
—\\k

e A
where X is the mean of the distribution. X-ray absorption will be discussed in the next section,
but it should be pointed out that the binomial and Poisson distribution govern incident spectrum
absorption at the detector (e.g. Iy in eq. 2.4) similarly to the emission presented here.

2.2 X-ray interaction with matter

In the scope of X-ray imaging, the relevant modes of X-ray interaction with matter are the photo-
electric effect, inelastic scattering, and elastic scattering. The pair production and the photonuclear
effect only occur at the MeV range [15].

2.2.1 Attenuation

The Beer-Lambert law is commonly used to model X-ray attenuation in a medium. For an input
spectrum I(F), the transmitted spectrum I(F) is:

I(E) = IO(E)e_t(/u'pe(E)+,U'C(E)+;U'T(E))’ (2.4)

where the p are the energy-dependent linear attenuation coefficients (LACs), pe for photoelectric,
¢ for Compton, and r for Rayleigh, while ¢ is the thickness of the attenuator material. The pair



production and the photonuclear effect only occur for energies >1 MeV, i.e. they are not relevant
for medical X-ray energies (approximately 20 — 140 keV). During a filtered back projection of single
energy CT, eq. 2.4 is typically assumed to be independent of energy. This will be discussed in more
detail in sections 2.4 and 2.5. Figure 2 shows a set of LAC plots of materials present in dental
imaging. For medical X-ray energies, it is observed that the LACs are not independent of energy.

Linear attenuation coefficient (LAC)
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Figure 2: Linear attenuation coeflicients of different materials and interaction mechanisms. The Compton
component dominates for the atomic number, soft tissue like materials water and POM. For hard tissue-
like materials such as dentin and titanium, the photoelectric component dominates for low energies but is
gradually replaced by the Compton component. For a high atomic number, such as gold, the photoelectric
component dominates the whole X-ray energy range. For gold, an increase in the attenuation at 80 keV is
observable due to the K-edge. From the total linear attenuation coefficient comparison, it is observable that
higher effective atomic number materials cause much higher attenuation. POM is slightly more attenuating
than water due to its higher density. Both the Rayleigh and the photoelectric components decrease strongly
as a function of energy, while the Compton component only decreases slightly or even increases in the low
energy range.



2.2.2 Photoelectric effect

The photoelectric effect occurs when a photon is absorbed by an electron in the shell of an atom.
During this process, the entire energy of the photon is transferred to the electron, resulting in its
excitation and release from the shell. The electron is typically from the inner shells (K or L),
as these shells have the highest probability of interacting with the photon at the X-ray energies.
Thereby, the photon must have a larger energy than the binding energy of the electron to be able to
free the electron. The photoelectron then typically releases the excess energy in the neighborhood.
Subsequently, another electron from an upper shell falls to fill the vacancy left behind by the pho-
toelectron. The secondary electron releases a fluorescence photon with an energy equivalent to the
difference between the binding energy of origin and destination shells. The released energy can also
be deposited locally via the Auger effect. [15]

The relation of the photoelectric component of the LAC follows approximately the following
relation [16]:

Z4
Hpe X 35 (2'5)
where Z is the effective atomic number and E is the energy of the (X-ray) photon. This approx-
imation yields an error < 0.55%) [17]. Thus, the photoelectric effect increases strongly for heavier
elements, and decreases rapidly for increasing photon energies. The reason for the sharp increase
of the phototoelectic effect a function of energy is the increasing shell binding energy of the heavier
elements.

Shell binding energies are presented in Fig. 3. The values are extracted from the evaluated
photon data library (EPDL) 97[18]. For approximately Z > 50, the K-shell binding energy begins
to overlap with the medical X-ray energy range. Photons having lower energy than the shell binding
energy are unable to interact with the shell. This causes a sharp increase in the X-ray attenuation
when the binding energy is exceeded, as discussed in more detail in section 2.2.1, cf. Fig. 2.
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Figure 3: Shell binding energies for atomic numbers 1 — 92. A polynomial is scaled to match K-shell
binding energies which is the uppermost series of circles. Shells of a single element are represented by the
same circle color.

2.2.3 Inelastic (Compton) scattering

Compton scattering, also called inelastic scattering, refers to an event where a photon deposits some
of its energy to an electron while continuing to exist and traveling through the material. The incident
photon with the initial energy E changes its direction by an angle 6 while giving some of its energy
to the electron. The energy of the photon after the event is:

_ E
1+ £ (1—cosh)’

mec?

/

(2.6)

where m, is the mass of the electron and c is the speed of light.
The distribution of the scattering angles for a free electron in vacuum and at rest is defined by



the Klein-Nishina formula [19]:

d 2 /BN’ (E E
Z?ZN = % <E> (E + E — sin20> (27)

where 7 is the classical electron radius. Figure 4 shows a distribution of eq. 2.7 for different X-ray
energies.
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Figure 4: The Klein-Nishina differential scattering cross-section polar plots for 40 — 120 keV photons. The
radial axis is the output of eq. 2.7 with the unit in m®/sr. The angular axis is Compton angle in degrees.
Note how the plot is more symmetric for lower photon energies, while higher photon energies are skewed
towards forward scattering.

If the electron is not free, i.e. is part of a material, or has an initial momentum then the Klein-
Nishina formula (eq. 2.7) is no longer completely valid. If the electron is bound, then Compton
scattering can only occur if enough energy is deposited to free the electron. Thus, the Klein-Nishina
formula is no longer accurate, especially for lower energy X-ray photons. The impact of the bound
electron can be modeled with the Waller-Hartree model [20]:

dO'WH dO’KN

where the momentum transfer for Compton line is given by:

1
4.(0) = =\/E? + E? —2EF cos® . (2.9)
C

Sw(ge) is a monotonously increasing function from Sy g (0) = 0 to Sw g (00) = Z [21]. The values
of g. as a function of 6 are shown in Fig. 5.
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Figure 5: The momentum transfer polar plot for a 50 keV photon interacting with a bound electron. The
radial axis is the output of eq. 2.9 with the unit in kgm/s. While small angles are favored in the vacuum
case (Fig. 4), here large angles are favored, with small angles being close to 0. The implication is that the
energy shift has to be large enough to free an electron from a shell.

If the electron has an initial momentum, this also affects the scattering distribution in the form of
Doppler broadening. If there is a distribution of initial momenta, then this distribution is effectively
convoluted with the Compton spectrum. There are analytical expressions to account for the Doppler
broadening [22]. It should be noted however, that some popular mass attenuation tables such as the
NIST XCOM |[23] and the EPDL 97 [18] as well as some popular Monte Carlo simulation tools such
as PENELOPE [22] have the bounding energy modeled but not the Doppler broadening.

Total cross-section can be obtained (e.g. from eq. 2.7 or 2.8) by integrating over the angle:

27
do
Otot = —d(cosl) . 2.10
o= [ Gpleosd) (210)

Further, the total cross-sections (c.f. eq. 2.10) can be converted to mass-attenuation coefficients

using:
M Otot

o ud’
where p is the mass density of the material. u is the atomic mass unit (1.6605402 x 10724 g) and A
is the relative atomic mass [23].

(2.11)

2.2.4 Elastic (Rayleigh) scattering

Elastic, or Rayleigh scattering, refers to the process where the angle of the photon is changed, but
the energy remains the same. The differential cross-section for elastic scattering is:

dO‘R o dO’T

10 - da (F(q.2)) . (2.12)



where the Thomson cross-section is:

dor o1+ cos20

—_— =ri— . 2.1

a ~ e 2 (2.13)
Figure 6 shown the angular distribution for eq. 2.13.
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Figure 6: Thomson scattering angular distribution using eq. 2.13. The unit of the radial axis is kgm/s.
The shape of the distribution resembles the Klein-Nishina plot (Fig. 4) but is symmetric.

For X-ray energies, the form of the momentum transfer ¢ is close to zero, reducing the form
factor to [22]:
F0,2)="7. (2.14)

Thus the total cross-section (using eq. 2.10) correlates approximately as:

2

(2.15)
although the correlation can vary depending on the energy range [22]. It should be noted that the
elastic scattering is always dependent on the material and cannot be considered in a vacuum case
like inelastic scattering can.

Eq. 2.12 is accurate only when the F > the K-shell binding energy. If this condition is not
satisfied, an additional correction term called the anomalous scattering factor needs to be introduced
to accurately model the abrupt changes in the form factor around the electron shells [18].

2.3 X-ray detection

Modern X-ray detectors can be classified according to their signal formation and electronic process-
ing. Direct conversion detectors convert incoming photons directly into electrical charge. Indirect
conversion detectors use scintillators to convert the arriving X-ray photons to lower energy photons,



e.g., visible light, and then detect the visible light by converting visible light photons into electri-
cal charge, i.e., electron-hole pairs. Photon-counting electronics are able to process each detected
photon individually. In contrast, energy-integrating electronics output the total sum of deposited
charge within one integration (readout) cycle.

Indirect conversion, energy-integrating detectors have been the primary detectors in clinical
X-ray imaging in recent decades. This configuration is relatively easy to manufacture and robust to
operate [24]. Large area digital flat panels became commercially available in the late 90’s [25].

In the indirect conversion process, the X-rays are absorbed by an electrically insulating (i.e., a
material with a large band gap) and optically transparent or translucent material. The charges are
converted to optical photons by an activation center, which is an impurity creating a recombination
center within the band gap of the insulator. This recombination center enables the emission of
secondary optical (typically visible) light photons. Depending on the type of the insulator, the
charge can be dominated by either free charge carriers or excitons. A schematic example is shown
in Fig. 7 (a).

Important properties of scintillators include light yield, decay time, afterglow, microstructure,
self-absorption. Light yield (unit, e.g., photons/keV) indicates how much light per unit of deposited
energy is released. The decay time is the exponential time constant of the signal decay in the
scintillation. The decay time ranges from ns to ms for typical scintillators in medical imaging. There
are scintillators having an afterglow of seconds to minutes in other applications [26]. Afterglow means
the residual remaining signal after the proper signal decay, which is typically caused by charge carriers
being released from deep traps [26]. The microstructure can be, for example, granular, in which case
the scintillator can be called a screen, structured (e.g., columnar), or garnet. Self-absorption limits
the overall efficiency of the detector and imposes a maximum limit to the scintillator thickness (e.g.
<1 cm) [27].

Some of the more commonly used scintillators include CsI: T1, CAWO,, and Gs3S20:Ce (Gadox),
with ”:” indicating the activator element. CsI:TI has a high light yield and can be directly deposited
on top of a photodiode. The direction deposition can be used to obtain a columnar structure in
the scintillator. The columnar structure causes total internal reflection for some of the photons that
would have traveled a considerable distance laterally. Less light spreading enables better spatial
resolution, making the scintillator suitable for CBCT [28]. Gadox, on the other hand, has a short
decay time [26], making the scintillator suitable for high frame rate applications, such as helical CT.

The light photons emitted by a scintillator need to be detected and converted into electrical
charge. This process is handled by a photodetector, which is usually silicon, either in an amorphous,
thin film, or monocrystalline form arranged in a pixel matrix. Hydrogenated amorphous silicon,
active matrix thin film transistor (a-Si:H AMATFT) is an example of an amorphous silicon detector.
a-Si:H AMATFT enables cheap manufacturing of large active area flat panels combined with CsI:T1
scintillator. The purpose of hydrogen in amorphous silicon is to prevent the recombination of charge
carriers through the many crystal defects. The downside is that a-Si:H AMATFTSs suffer from image
lag, which is the equivalent of afterglow in the photodetector. The impact of lag in modern flat panels
on the reconstructed image quality is small [4], but can have a significant image quality impact in
certain conditions of medical imaging. Crystalline CMOS (complementary metal oxide silicon) is
another type of photodetector. The upsides of the CMOS photodetectors are that they are fast and
have low noise. On the other hand, scaling CMOS for large areas is not as straightforward as with
amorphous silicon and is mainly connected to costly process steps. Additionally, depending on the
application, avalanche photodiodes (APD), single-photon APDs (SPAD), and photoconductors can
be used for optical photon detection. It should be noted that SPADs are photon counting rather
than energy integrating. [29]

Energy-integrating detectors are able to accurately measure high photon fluxes. It has to be
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ensured that the digital part is not saturated. However, energy-integrating detectors start to fall off
with tiny radiation signals when the noise of the detector is equal to or greater than the accumulated
signal. [30]
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04| y
02| y
02} y
of . o y
L | L L L Il Il | | |
-4 -2 0 2 4 4 2 0 2 4

Figure 7: Top Row: Indirect (a) and direct conversion (b) detection schemes. An incoming X-ray is
first converted to optical photons in a thicker scintillator on top. The optical light photons reaching the
pixels of the bottom photodetector layer are converted into an electrical signal. In direct conversion, a
semiconductor, usually having a high Z, absorbs an incoming X-ray photon, creating electron-hole pairs.
The applied bias (v) causes, in this case, the holes to travel through the pixelated anode and the electrons
toward the cathode. Holes generate a signal in the underlying electronics after traveling through the bump
bonds (black). Bottom Row: Induced signal in each detection scheme. In thicker scintillators, light could
traverse considerably before reaching a pixel. On the other hand, the electrical charge is not spread out
as much in direct conversion. Note that the plots are for illustrative purposes, i.e., are not simulations or
measurements.

Photon counting, direct conversion detectors (PCDs) typically utilize a semiconductor de-
tector layer to convert arriving X-rays directly into electrical charge. PCDs are making their way
to clinical X-ray imaging [31, 32, 33, 34]. PCDs are typically realized in hybridized detector design,
meaning the sensor layer and the electronics are made out of two different materials and bump
bonded together to form a detector. An example is shown in Fig. 7 (b).

A simplified block diagram of photon counting, direct conversion analog electronics is shown in
Fig. 8. Input charges of different sizes can be measured if the application-specific integrated circuit
(ASIC) has more than one discriminator per pixel, enabling single-acquisition spectral imaging.
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Having a small pixelated anode with regard to the height of the detector (as in Fig. 7) means that
the input charge will resemble a Dirac impulse (small pixel effect). The preamplifier will convert this
Dirac impulse to a voltage step. The pulse shaper will then convert this voltage to a semi-gaussian
current, which will be compared against a reference current in a discriminator. If the shaper’s output
current exceeds the reference current, the counter will be incremented by one. [35]
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Figure 8: Simplified block diagram of photon counting electronics using Medipix-like notations: C for
preamplifier feedback capacitance, g,, for gain mode, and Vg for shaper feedback voltage [36].

There are several forms of non-idealities in the signal formation process. These non-idealities
cause degradation of the detector’s spectral response. The non-idealities can be divided into phe-
nomena taking place in the sensor layer and the ASIC response.

In the sensor layer, charge trapping, charge sharing, and X-ray fluorescence are prominent non-
idealities:

Electrical charge is sometimes trapped in the impurities of the semiconductor. The trapping
causes some charge of the signal to be lost and can also interfere with future signals. The trapping
can be short or long term, depending on the type of the trap. Long-term charge-trapping can
lead to detector polarization. Polarization typically refers to the accumulation of charge filling
the deep acceptor levers within the bandgap. Polarization is observed typically in Schottky-type
CdTe detectors (i.e., where one of the metallization layers forms a diode with the semiconductor)
as one charge carrier injection is limited [37, 38]. In the case of Schottky CdTe, holes are gradually
released by deep acceptor levels. The hole vacancies start to nullify the bias within the detector.
The perturbed electric field yields inferior change transport and energy resolution. Polarization can
be reversed by resetting the bias [39]. Alternatively, ohmic contacts can be used, which makes the
polarization slower. On the other hand, ohmic CdTe sensors have higher leakage current.

Charge sharing is caused by the expanding charge cloud spreading over multiple pixels. Both
diffusion and Coulomb repulsion contribute to the charge cloud spreading. The initial charge cloud
size is around 10 pm [40] after the photoelectron has given away most of its energy in the neigh-
borhood. The charge transport in the direction of the x-axis within the time interval At can be
calculated as a sum of charge carrier drift along the electric field and diffusion:

Ax = Al‘chrift + Axdiﬂ“usiona (216)
which are respectively calculated as:
Ax = peg By At + V6DAL, (2.17)

where /1.4 is the charge carrier mobility, E is the electric field, and D is the diffusion coefficient [41].
Y and z components can be calculated accordingly.
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The probability of charge trapping within a time interval can be calculated using

P=1-— eAt/Ttrapping (218)

where 7 is the trapping time [42, 40].

X-ray fluorescence refers to the emission of a secondary photon after being absorbed by K-shell is
especially harmful in high-Z semiconductors (such as CdTe) having a small pixel size. Photoelectric
interaction is dominating energy transfer in CdTe for medical X-ray energies. K-fluorescence happens
with 88 % probability in the case of photoelectric absorption in CdTe. The mean free paths of Cd
and Te K,-fluorescence X-rays are 110 pm and 60 pm, respectively. The mean free path of Te K,
X-ray (27.47 keV) is lower since it is above the Cd K-edge of 23.17 keV [18]. It is possible that the
fluorescence ray originating from the Te shell is absorbed by the K-shell of Cd and then emitted
again. It is possible that the fluorescence X-ray escapes the detector or travels to another pixel, in
which case the energy information and count information are corrupted.

Photon-counting electronics are subject to non-idealities as well. Notably, the non-idealities
include pulse pile-up and ballistic deficit, both associated with the preamplifier dead time, and
threshold instability.

In the case of small pixels, the preamplifier processes incoming Dirac-like impulses from the
detector (c.f. Fig. 8). The time it takes the preamplifier to process one charge is called dead time.
If another charge arrives before the dead time has elapsed, pulse pile-up occurs. This means that
the tail of the previous signal is summed with the next signal, and together, they appear as a partial
sum of the signals which worsens the energy resolution. The dead time for modern ASIC is the
range of tens to hundreds to nanoseconds. Considering that the corresponding pixel sizes are in the
range of 50-500 pm, the maximum count rates are in the range of tens to hundreds of Mcps/mm?
(million counts per second). [7]

The photon counting ASIC photon flux response can be modeled using either paralyzable or
non-paralyazable model. The paralyzable model is:

Robs = Rtrue . e_Rtme‘T7 (219)

where R is the observed count rate, Ry e is actual incident flux and 7 is dead time. This model
is normally observed in the electronics unless special measures are taken to prevent the paralysis.
As the flux increases, there is a maximum observed count rate, after which the count rate starts to
decrease again as the analog signal remains more and more over the threshold. [27]

The non-paralyazable model is:

Rtruc
Robs 1+ Rtrue - 7_- (220)
In this case, the detector is always ready to be triggered again after the dead time has elapsed. [27]

The dead time can be adjusted in many ASICs. For example, in Medipix ASICs the dead time
can be adjusted by using the preamplifier feedback capacitance [35]. However, if signal integration
time (proportional to dead time) is too low, a ballistic deficit will occur. A ballistic deficit means
that part of the signal is omitted from the integration process, again resulting in a worse energy
resolution.

While pile-up limits the maximum flux that photon counting detectors are able to resolve, the
detectors have no minimum limit of detectability. This is in contrast to energy-integrating detectors,
where the situation is reversed, as discussed earlier. [30]

Special ASIC designs can be used to reduce the effect of charge sharing and X-ray fluorescence
in high-Z, small-pitch sensors. The most common scheme is analog charge summing [43, 7]. This
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works by comparing the preamplifier signal of neighboring pixels and summing the signal back to
one pixel if more than one preamplifiers see a signal within a short time interval. On the other hand,
such features increase the dead time as the effective pixel size, and thus, the photon flux increases
as the physical pixel size remains the same. Furthermore, the electronics require additional time to
reconstruct the signal. Attempts have been made to minimize the increased dead time by introducing
a faster shaper for the signal reconstruction node, as opposed to the individual pixels [44].

Direct conversion, energy integrating detectors have seen use in dental panoramic and
cephalometric imaging sensors [45] and mammography [46]. This combination enables high a DQE
and MTF while only requiring simple read-out electronics. This combination offers excellent image
quality [47] with a relatively easy-to-manufacture solution.

Indirect conversion, photon counting detectors have only been used in research setups. The
scintillator is required to be really fast to avoid ballistic deficit in the electronics, and the problem of
light dispersion remains. However, the pulse shape is intrinsically Gaussian (as opposed to a Dirac
impulse from a direct conversion detector), meaning that a pulse shaper is not required for such a
detector [48].

2.4 Spectral X-ray imaging basics

The core principle of identifying the materials in X-ray attenuation is that there are at least two
different spectra detected. This can be achieved using a detector (c.f. subsection 2.3), or by exposing
the same detector to different spectra. The LACs of materials are energy-dependent and different
materials have different rates of change, as discussed in Fig. 2.

There are five main approaches to realize spectral X-ray imaging:

1. Dual source, dual detector
2. Single source with rapid kVp switching, single detector

3. Single source, spectral detector (either multiple layers of scintillators with independent read-
outs or photon counting sensor with multiple thresholds)

4. Single source with a split filter, single detector
5. Single source, single detector, two sequential scans

According to a helical dual-energy CT review article by HW Goo and JM Goo [49], the 1st
approach offers the best spectral resolution, with the 2nd yielding 35%, the 3rd 22-45%, and the 5th
70% (data not available for the 4th) of normalized CNR with matched dose. Regarding temporal
resolution, the 2nd and the 3rd approaches introduce a little time difference between high and low
energy data. The 1st approach has a temporal offset of less than 100 ms, while the 4th approach has
an offset of less than 300 ms. For the 5th approach, the offset depends on the scan time but is likely
the highest. Comparing the spectral resolution of a photon counting system against dual-energy
CT (DECT) is not straightforward, as the energy resolution depends on several factors, including
the pixel size and electronics, as explained in the previous section. System complexity and cost are
additional factors. For example, a dual source, dual detector system is more complex to manufacture
and synchronization is more challenging than in a single source, single detector system. However, a
quantitative comparison is not easy, since vendors don’t typically publish the pricing information.
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2.4.1 Basis material approximation

It can be demonstrated that using any two low Z materials (named @ and b here) as basis materials,
other low Z materials can be expressed as a linear combination of the two basis materials in the
clinical X-ray energy range [50], allowing a small error. This yields:

WE) > tapa(E) + toun(E) . (2.21)

The combination of basis material thicknesses best representing the material to be represented is
optimized as in [51]. If the basis materials are assumed to be polyoxymethylene (POM) and titanium,
and the errors are calculated for typical materials present in the dentomaxillofacial region: cancellous
bone, cortical bone, enamel, and dentin. The elemental compositions for the bony structures are
from [52], while enamel and dentin compositions are from [53]. The LACs can then be calculated
with the help of [23]. The errors are shown in Fig. 9.
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Figure 9: Errors of the basis material approximation assuming Ti and POM as basis materials for selected
dental materials in the clinical X-ray energy range.

In case the K-edge of the material is within the energy range of the effective source spectrum
(c.f. Fig. 2), then eq. 2.21 requires an additional term, which usually is the case for elements Z >
40 whose K-edge binding energy exceeds 20 keV. In the clinical context, high Z materials could be
present in the form of contrast agents such as iodine or metal implants.

2.4.2 Beam hardening

Equation 2.4 and Fig. 2 demonstrated that X-ray attenuation in a medium is energy dependent. If
the input radiation is monoenergetic, the energy dependence is not an issue, and the attention will
be linear. However, X-ray tubes are not monoenergetic, primarily due to bremsstrahlung. For the
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most part, low-energy photons will be attenuated more than high-energy photons. Figure 10 shows
a 100 kVp (spectrum generated using [11]) spectrum with 0.5 mm Cu filter before and after 15 cm
water and 1 cm cortical bone (LACs from [23]).
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Figure 10: Spectrum shape change after an attenuation of 15 cm of water and 1 cm cortical bone, i.e.,
after a human head. Plots have been normalized to have a sum of 1. 2.7 % of the radiation is transmitted.
The detector was not taken into account.

In the example case shown in Fig. 10, the effective energy goes from 64 to 70 keV. For this energy
change, the LAC of cortical bone decreases by 5.6 % and water by 2.2 %, i.e., the attenuation is
not linear. This can be especially harmful in CT, as uncorrected beam hardening leads to cupping
and streaking. The artifacts can be mitigated if the non-linearity is corrected [54], although scatter
correction might also be required, depending on the field of view [4].

2.4.3 Parameter estimation

An estimator is a method for estimating a single or a set of unknown parameters (usually named 6
of a population based on a random sample of observations ). In the context of X-ray imaging, a
simple example is given by finding the line-integral length of material A in (c.f. eq. 2.4) using the
transmission measurement y and the flatfield measurement b for pixel p:

Ay = —In (‘Z”) , (2.22)

P
assuming a single energy measurement of a single material with y = 1.
If the problem is more complex and the result cannot be directly calculated, i.e., a closed-form
solution does not exist, then a maximum likelihood estimation (MLE) can be conducted. MLE
requires the probability density function of the observations and their dependency on the unknown
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parameters, e.g., a forward model of the detected number of photons as a function of the line-integral
length. The likelihood function L is maximized to find a set of parameters that are most probable
given the forward model A(A) and observed data:

Aopt = arg max{LA(A4)} . (2.23)
For example, in the case of Poisson distribution, the likelihood function becomes:

AMA)Y )
e .
v;!

n
LMA;9) =] (2.24)
i=1

The function is evaluated for different values of A(A) to find the value of A providing the highest

likelihood given observed values of y;. In this case, there would be several transmission measurements

i of the same object in the same pixel. Poisson distribution is observed, e.g., in photon counting

X-ray detectors. Computationally, it is more efficient to calculate the negative log-likelihood, which
still will have the minimum at the same place as the maxima of the likelihood function:

n
LO(A);y) =D [win(A(4) = A(A) —In(y:!)] (2.25)
i=1
Alternatively, suppose the estimated parameters have independent measurement errors, are nor-
mally distributed, and have a constant standard deviation. In that case, it can be shown that a
least squares fit is the same as the maximum likelihood estimate [55]:

Aopt = arg man(yz - :ljz)2 ) (226)

where ¢; is the expected value of measurement y;. The input signal of an energy-integrating
detector could be estimated using this equation, as the detection process is directly proportional to
the number of secondary quanta, which for commonly used scintillators is Gaussian.

Prior information can be incorporated into the MLE using a penalty term P. The strength of
the penalty is controlled by r:

Aope = arg min{—L(A4) +rP} . (2.27)

This version can be understood as a Bayesian maximum a posteriori estimate. In the context
of X-ray imaging, the purpose of the penalty term is typically to enforce a degree of smoothness
into an image, assuming that there are correlations in the anatomy across the neighboring pixels or
voxels. Examples of the penalty include the linear Huber smoothness:

— 1), (2.28)

M-
&MN

and the quadratic total variation [56]:

N

P(A) = ZZ z; — )’ (2.29)

i=1 k=1

where 4 is the pixel or voxel index and K is the number of neighboring pixels or voxels. For
example, 2D image pixel has 4 direct neighbors, while a 3D volume voxel has 6. It is possible to
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introduce a minimum cutoff to these calculations, i.e., that differences below the minimum threshold
are not counted towards the sum, in order to avoid over-smoothing.

In the context of probability theory, Jensen’s inequality for convex functions, such as the expo-
nential (6(y) = eY), is:

E[0(y)] = 0(E[y]) . (2.30)

where E marks the expected value [57]. It is desirable for the negative log-likelihood (e.g. eq.
2.25) to be convex. Depending on the function being minimized, there might be some local minima
despite the function being generally convex. The calibration of the spectral forward models with
real-world data is such a case. The calibration will be discussed in detail in the first experimental
chapters. Even if the estimator is unbiased for noiseless and low noise inputs (equality in eq. 2.30),
bias appears (inequality in eq. 2.30) at some higher noise level. In X-ray imaging, this means that
MLE overestimates the line-integrals [58] at low photon statistics. In spectral X-ray imaging, two
material decomposition, one basis material is overestimated while the other is underestimated [59]
at low photon statistics.

2.4.4 Material decomposition

Material decomposition aims to use two or more spectral measurements to obtain information on
the material(s) being measured. The attenuation coefficient is a function of energy (c.f. eq. 2.4).
One interpretation is that the amount of different beam hardening is different at different energies.
Generally speaking, higher atomic number elements have higher photoelectric cross sections, which
decrease faster as a function of energy (compare plots in Fig. 2). Thus, the difference in beam
hardening will be greater.

Material decomposition can be carried out directly for the projection data or the reconstructed
images. Theoretically, projection domain decomposition correctly accounts for beam hardening,
while this relationship is more complex for image domain decomposition. This work focuses on
projection domain decomposition with the exception of simplified monoenergetic image domain
decomposition presented in later sections.

Projection domain decomposition attempts to model the X-ray spectrum to predict the spectral
change as a function of the input spectrum and the attenuator materials. The model can either
attempt to explicitly model the input spectrum and the spectral response of the detector(s) or use
a surrogate function to indirectly model the attenuation.

The first paper on DECT imaging was published by Alvarez and Macovski [60] in 1976, only
three years after Hounsfield introduced CT [61]. DECT became commercially popular around the
turn of the millennium [62]. Schlomka and coworkers at Philips introduced the first photon counting
CT (PCCT) in 2008 [63] with a projection domain decomposition algorithm. The first in vivo human
images were acquired using a Siemens system in 2016 [31]. Assuming two basis materials A; and
As, the expectation value of observed counts using the Schlomka model for bin k is:

o0
Ae(A1, Ag) = Y I(E)D(E)Sy(E)e 41 ()= Aanall), (2.31)

E=1
where I(FE), D(E), and Si(FE) are the input spectrum, detector absorption efficiency, and the
bin spectral response as functions of energy, respectively. The experimental calibration utilizes bin
sweeps of different monoenergetic sources (e.g. at a synchrotron). The number of free parameters is
reduced by assuming Gaussian photo, fluorescence, and escape peaks with a continuous background.
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The Schlomka parameterized model has some drawbacks. The model requires a monoenergetic
source for calibration. Such a source might not be readily available in laboratories. Furthermore,
the model is numerically heavy to evaluate. These problems can be mitigated by using a surrogate
spectrum for decomposition. The surrogate spectrum approach does not try to model the spectrum
or the spectral response directly; instead, this approach uses a small number of elementary functions
to model the non-linear relation of increasing attention of one or more materials against the observed
number of counts.

Examples of surrogate spectrum forward models include the polynomial and the polychromatic
Beer-Lambert models. The polynomial model is discussed in more detail in section 4. The poly-
chromatic Beer-Lambert model is:

F
9i(Air, Ai2) = Z Byiexp(=Gri (Ai fi(E) + A f2(E))), (2.32)
f=1
where 9; is the observed number of counts for pixel 7, By; and G; are f:th fit parameters, and
f(E) are the energy dependent attenuation functions [64]. F is in the range of 2-4 (1 would be equal
to normal flatfield correction) i.e. < than the kVp (80-150 in CT) in e.q. 2.31.
The spectrum can also estimated directly through transmission measurements using the maxi-
mum likelihood, expectation-maximization algorithm [65, 66].
A more advanced version of the Schlomka parameterized model has also been introduced [67].
This version incorporates an analytic Fourier model to incorporate pulse pileup into the forward
model.

2.5 Image reconstruction basics

This subsection is based on the book [41] unless otherwise stated.

A function can be called a good function if the function is differentiable everywhere for an
arbitrary number of times and all of its derivatives go to zero faster than |x|~" when x — +o00. The
Gaussian function is an example of a good function. A fairly good function has the same properties,
except the latter condition is only true for some, but not all N. All polynomials are fairly good
functions.

The 1D Dirac delta function 0(r), where r is a scalar value, e.g. the magnitude of an nD vector,
is a function that is defined everywhere but non-zero only at the origin. Now, consider rotating 2D
vector r with a unit vector n. In this case, the function §(r - 1) is nonzero for as long as scalar
product is r - i = 0. An offset p can be applied to move the nonzero values away from the origin:
d(r - — p) perpendicularly to ii. To obtain the line mass of a function f(r) from an angle ¢ using
rotated Cartesian coordinates (z',y’) :

A(p,6) = / Prf(r)s(r b - p) = [ da’ [ dy fror (2'y/) 5 (& — p) = [ Ay Fror (017

0

(2.33)
where fro (¢/,y') is a Cartesian presentation of r with the &’ being parallel to i1 such that r-n = 2’.
This is known as the Radon transformation and can be used to obtain a 1D projection (p) in
angle ¢ from a 2D function (image) f(r). The function f(r) should be assumed to be good to for
mathematical well-behavadness. It should be noted here that the simplified case of parallel beam
geometry is assumed for simplicity. The same core principle applies to real-world cases such as CBCT
[68], and helical CT [69]. The Radon transformation is the starting point of the reconstruction. The

radon transform can be expressed in the the operator form as:
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A(p; ¢) = Ra(f(r)). (2.34)

If one were to take the the 1D Fourier transform of a 1D projection (i.e. the output of e.q. 2.33)
is:

AW.0) = [FAp. ) ) = [ " dpexp(~2mivp) / " Rrip—r )
. . — 70 (2.35)
= 2r f(r exp(—2miv —r-n) = 2r f(r) exp(—2mir - Aw).
= [ i) [ dpesp-2rivmstoxei) = [ ) exp(-2rin )

—o0 0

The final integral is equivalent to the 2D Fourier transform (of the original object), but with the
vector nv replacing the spatial frequency p. In the operator form, this can be summed as

Fy=F 1R (2.36)

This is also known as the Fourier slice theorem, or central slice theorem. E.q. 2.36 states
that taking a two-dimensional Fourier transform of the function f(r) is equivalent to first taking
the two-dimensional radon transform and then the one-dimensional Fourier transform.

The inverse 2D dimensional Radon transform can be obtained from eq. 2.36 to get:

R, =F; FL. (2.37)

This equation enables one to obtain the original object from transmission measurements (i.e., to
reconstruct the object by backprojecting the projections). As per [41]: "the 1D Fourier transform
of the projection A(p, ¢) is equal to the 2D transform of the original function f(r) evaluated along a
line through the origin of the Fourier plane.” Backprojecting at different angles yields lines passing
through the origin at different angles in the 2D Fourier space. As the lines always pass through the
origin, the lower frequencies will be more densely sampled than the higher frequencies. Carrying the
backprojection as such will result in a blurry image [14]. To more correctly reconstruct the original
object, a filter in the frequency domain (e.g., |v|) needs to be applied. When working with noisy
data, it should be noted that the noise is present on all frequencies, but the anatomically relevant
information is mainly on the lower frequencies. Thus, in real-world applications, the filter might
balance the sharpness and noise properties.

To cover the whole function F5 ! the integral shall be over v and ¢. It is desirable to express
the integral over 0 < ¢ < m and —oo < v < 00, as this enables the reconstruction to be carried out
using half of a rotation rather than a full rotation. This requires d?p = |v|dvd¢ as the area element
must be positive. With the filter applied, e.q. 2.37 can be unrolled to:

o0

FrFN ) = [ o [ dvespenie- ) [ dpA(p. ) exp(-2riv)
0 e oo (2.38)
:/ d¢/ dv exp(2mir - aw)|v|A(v, @),
0 —00

which is also called the filtered backprojection.
Nyquist sampling criterion can be applied to the filtered backprojection. If applied in the form
of projections to pixels, an approximate limit is:

™
Nproj > ENpixa (239)
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where Np.; is the total number of projections used for the reconstruction and Np, is the number
of detector pixels in the direction of the scanning movement. A lesser number of projections will
lead to aliasing artifacts [70].

2.6 X-ray rejection (anti-scatter) grids

Scatter contamination is a well-known problem in medical X-ray imaging, especially if the detector
has a large two-dimensional active area, such as CBCT. Scatter artefacts include loss of contrast,
HU-value inconstancy, and cupping [4].

Both hardware and software-based scatter corrections exist. Hardware correction has been tra-
ditionally implemented in the form of 1D- radiography grids (grid pitch in 107° m range) and larger
2D-grids for helical CT (grid pitch in 1073 m range. 1D here refers to the lamella only being in one
direction, with a filler material in between. Software-based corrections should ideally correct for the
secondary Poisson noise introduced by the scattered radiation, which is not straightforward, as the
subtraction of the scatter signal affects the variance of the input frames [9].

Previously, 2D-grid manufacturing has been realized by semiconductor processing, e.g., by etching
holes to a silicon wafer, casting the holes with lead, and removing the silicon [71, 72, 73]. Such an
approach has been adequate for the modular detector systems of helical CTs, but the manufacturing
process, i.e., the size of the wafer, puts an upper limit on the grid size. Additionally, this approach
yields a geometric efficiency of 50 to 80 % [74]. 1D-grids only compensate for the lost primary signal
when the scatter-to-primary ratio exceeds 1 [8]. This number is even larger for some geometries and
lower kVps.

Due to recent advancements in additive manufacturing, especially tungsten powder laser sintering
(also called laser powder bed fusion) being able to produce wall thicknesses in the 10~* m range,
2D-grids with similar pitches to the semiconductor processed 2D grids (grid pitch 1073 m) [75] have
become available at larger areas (up to 20x20 cm?). The relative density of the walls has been
reported to be close to unity [76]. As this is a self-supporting structure, no filler material is required,
unlike in the 1D grids.
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3 Applications of dentomaxillofacial X-ray imaging

Dentomaxillofacial X-ray imaging is a common imaging modality used in hospitals and dental prac-
tices. The clinical frequency of dental X-ray images is several times higher than the clinical frequency
of CT examinations worldwide [5].

Dentomaxillofacial X-ray imaging consists of dentomaxillofacial radiography and cone beam com-
puted tomography (CBCT). Dentomaxillofacial radiography is further divided into intraoral and
extraoral (panoramic) radiography.

3.1 Intraoral radiography

Intraoral radiography is used when a very high-resolution image of a small area is desired. The
X-ray detector is placed inside the patient’s mouth in intraoral radiography, as the name suggests.
Intraoral imaging was done historically with film and nowadays using a photostimulable phosphor
plate or a digital sensor.

There are three main techniques of capturing an intraoral X-ray image: parallel, bisecting, and
bitewing. The technique is chosen based on the patient’s anatomy and the indication for imaging
[77].

In the parallel technique, the detector is placed parallel to the long axis of the teeth (c.f. Fig. 11
(a)). The parallel technique is used when a view of both the pulps and the crowns of one or a few
adjacent teeth is desired [77]. The technique is used when a high-resolution view of the periapical
region of a single tooth is desired or when planning dental procedures such as a bridge or implant
[77].

long axis

(a) (b)

detector.

long axis

bisector
long axis |

X-rays

detector holder

Figure 11: The parallel (a), bisecting (b), and bitewing techniques. The arrows indicate the X-ray direction,
but the whole detector is typically exposed.

The patient’s mouth might be cramped in a way that makes using the parallel technique impos-
sible. In this case, the bisecting technique is used instead (Fig. 11 (b)). In the bisecting technique,
the X-ray detector is positioned as close as possible to the tooth, and an imaginary line bisects the
angle formed by the long axis of the tooth and the plane of the detector [77]. The X-ray beam
travels perpendicular to this bisector.

The bitewing technique is used to capture the crowns of upper and lower teeth in a single image.
It provides a clear view of the contact areas between adjacent teeth, making it valuable for assessing
the interdental area for changes, such as caries (cavities). (Fig. 11 (c)). In this technique, the X-ray
detector is placed between the upper and lower teeth so that it covers the crowns of both arches.
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3.2 Panoramic radiography

Panoramic radiography (also called orthopantomograph) is a low-dose [78], entry-level examination
and provides an overview of the dental arch, i.e., the crowns, pulps, gum, mandible, and maxilla.
Similarly to intraoral imaging, panoramic imaging is very widely used globally [5]. Panoramic
imaging displays the location of the inferior alveolar nerves and maxillary sinuses, which are relevant
during many operations [79].

Figure 12 shows the panoramic principle of operation. The core principle is that the detector
and the tube rotate around the patient so that the dental arch is always perpendicular to the ray
path. The details of the method will be discussed further in the subsequent experimental chapters.

Focal area

/

Image Sliding rotation center

receptor
'y

X-ray
source

Figure 12: The working principle of panoramic imaging. Shown are the trajectories of the image receptor
and the X-ray source. The position of these two decides the focal area (also called the sharp layer) and the
rotation center, which in this case is sliding. The focal area aligns with the teeth. [Adapted from [80]]

The Frankfort plane is the line passing through the porion (the superior point of the external
auditory meatus) and the caudal point in the bony orbita [81]. During panoramic imaging, the
Frankfort plane should be horizontal [79]. The occlusal plane passes between the crowns of the teeth
[79]. The occlusal plane should be tilted forward during panoramic imaging [79]. This results in a
smile-like appearance for teeth, as posterior teeth appear higher with respect to the anterior teeth.
The two planes are highlighted on a cephalometric X-ray image of the MIDA model [52] in Fig. 13.
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Figure 13: The Frankfort plane is highlighted using a red line. The occlusal plane is highlighted using a
blue line.

Panoramic imaging systems have been reported to have a spatial resolution in the sharp layer
up to 3.19 lp/mm (linepairs/millimeter) [82], while one experiment claimed as high as 5 lp/mm
[83]. In contrast, CBCT systems have been reported to have a maximum resolution of 2.8 Ip/mm
[84]. It should be stressed that the panoramic imaging only has high resolution within a sharp
layer while everything outside is blurry, while in CBCT the resolution is more constant within the
imaged volume. The thickness of the sharp layer in the anterior region can range from 6 mm [79]
to 17 mm [83], while the thickness in the posterior region ranges from 12 mm [79] to 44 mm [83].
Additionally, modern systems are able to computationally form multiple sharp layers and create a
compound image by selecting the most relevant features from each sharp layer [85].

Panoramic imaging is sensitive to patient placement as the sharp layer is relatively small and
some of the anatomical features overlap. The patient is either standing or sitting and biting a bite
block. The purpose of the bite block is to ensure that the anterior teeth are at the correct position
[85]. Nevertheless, positioning errors are common [79]. A study with N = 315 found that only 20%
[86] are clinically excellent, e.g. have no positioning errors. Nevertheless, 70% of the images were
clinically acceptable and only 10% were rejected. The rejection rates have been found to vary greatly
in dental imaging (including panoramic imaging), depending on the age of patients, experience of
operators, and systems themselves [87]. For studies with N > 100, the rejection rates varied between
5.6 — 34% for intraoral imaging, 3.3 — 14% for extraoral radiography and 1.6 — 6.4% for CBCT [87].

The most common positioning errors are head rotations, failure to press the tongue against the
palate, or not removing jewelry before the imaging [86]. The possible head rotations are shown in
Fig. 14, which shows a 3D rendered bone image of an anthropomorphic head phantom (phantom
in chapter 5). The 3D rendering was generated using the Planmeca Romexis software (Planmeca
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Oy, Helsinki, Finland). Nodding refers to moving the chin upwards or downwards, rolling, moving
the head sideways, and tilting, moving the top of the head to one side while the bottom side moves
towards the other side [79].

Figure 14: Positioning errors during panoramic imaging.

3.3 Cone beam computed tomography

CBCT became widely available around the turn of the millennium when amorphous silicon flat panel
detectors became commercially available [88]. In dentomaxillofacial imaging, an affordable and low
floor space requiring imaging system with high resolution is desirable [88]. The working principle
is shown in fig. 15. For most applications, a single rotation around the patient is sufficient. In a
CBCT exposure, there typically is no movement perpendicular to the axial plane, as opposed to
spiral CT [89].
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Figure 15: CBCT imaging principle. The tube (black cube) and the detector (green rectangular cuboid)
rotate around an object (blue cylinder). X-ray beam (gray transparent pyramid) passes through the object.

A CBCT system with a large field of view (FOV) is subject to a considerable amount of scatter
[8]. The scatter to primary can exceed 1 [8]. Scatter degrades HU value accuracy as well as the
contrast-to-noise ratio and blurs the spatial resolution. In most cases, this not an issue, as in
dentomaxillofacial imaging a high resolution image of the bony tissue is the most crucial [88].

CBCT is used, when a superimposed radiographic view of the dentomaxillofacial area is not suf-
ficient [1]. Such cases are, e.g., surgical planning and follow-up for oral and maxillofacial operations,
orthodontic treatment planning, airway and sinus assessment, and periodontal disease detection [90].

Before a surgical operation can start, the bone structure and volume, sinus and nerve canal
locations, and the alveolar ridge have to be assessed. Depending on the anatomy, radiography might
not be sufficient, and a CBCT image is required [3]. Airway assessment is typically required when
planning an orthognathic surgery for obstructive sleep apnea [91]. In challenging endodontics cases,
the pre-treatment assessment or follow-up sometimes requires CBCT [92].

CBCT is used in many cases of oral and maxillofacial surgery: in diagnosis, planning or follow-
ups. CBCT is regularly used in implant and orthognathic surgery planning (c.f. Fig. 16) and
follow-ups. Diagnosis of benign and malignant cysts and tumors has been found to have a greater
efficacy using CBCT than with panoramic radiography. Sometimes, a 3D view of the root canals, the
nerves, or the inferior alveolar (mandibular) canal is required during surgery planning to ensure that
the operation can be carried out safely. Some fractures, such as vertical root fracture or complex
jaw fractures are more reliably diagnosed with CBCT. [93]
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Figure 16: Implant planning in Planmeca Romexis software. Shown are the three anatomical planes of a
CBCT image and a 3D render. The mandibular nerve is shown in red, the surgical guide in green, the crown
of the implant in purple, and the screw in blue. Figure courtesy of Planmeca Oy, Helsinki, Finland.

In the field of orthodontics, CBCT is usually required for the diagnosis or treatment planning
of impacted teeth, cleft lip or palate, and orthognathic surgery planning and follow-up [94]. Addi-
tionally, CBCT is used in the following cases if the clinician considers the benefits to outweigh the
risks of obtaining a 3D image: supernumerary teeth, root resorption, evaluating alveolar boundary
conditions before using temporary anchorage devices, and assessing the temporomandibular joint
degeneration [94].
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4 Spectral photon counting for panoramic dental imaging

In this chapter, an algorithm for realizing spectral panoramic imaging using a photon counting
detector is presented. Spectral calibration and material decomposition (see chapter 2.4 and Methods
within this section) are adapted for the low count environment of panoramic imaging. Specifically,
the polynomial model is used as it can account for scatter contamination better than physics-
based models, such as the polychromatic model. This chapter discusses the feasibility of the results
primarily from a qualitative and experimental perspective.

The text and figures have been published as:

e V Somerkivi, et al. Spectral photon counting for panoramic dental imaging. Biomedical
Physics & Engineering Express, vol. 9, no. 3. 2023.

Slight modifications have been made to incorporate the text and figures better into this doctoral
thesis.

4.1 Introduction

Panoramic is a useful, low-dose imaging modality for dental radiography [78]. One way to generate
a panoramic image is by summing partially overlapping frames together [95]. The shift from one
frame to the next is determined by the movement and rotation of the imaging system. Panoramic
imaging provides an overall view of the maxilla, the mandible, and the teeth while being able to
show many lesions in this area [77]. Panoramic imaging has also been used for detecting caries [96],
periodontitis [97], and maxillary sinusitis [98]. However, for all these conditions the intra or extra
observer agreement in diagnosis is not optimal. One reason for sub-optimal diagnostic accuracy is the
superimposition of soft and hard tissues in this imaging modality. This could eventually be overcome
by recently developed spectral x-ray imaging approaches [99, 59, 100, 101]. These approaches have
demonstrated superior diagnostic capability by employing material decomposition approaches based
on spectral detection and the ability to detect features that would remain hidden in a conventional
image.

One challenge, however, is that for panoramic imaging, the photon statistics for an individual
frame are very low. In other words, they have a very low number of average counts per frame and
thus suffer from bias. This implies that the pre-existing spectral projection domain algorithms, e.g.
[102, 103, 59, 64], cannot be directly applied to panoramic imaging data, as applying these algorithms
to very low photon statistics observed in panoramic imaging would introduce statistical bias [59].
The decomposition is a nonlinear operation and the noise is propagated through the decomposition,
leading to an amplified noise in the output of the decomposition [104].

One way to do spectral panoramic x-ray imaging is to calculate the ratio of bins during imaging
and compare that ratio to one obtained from reference phantom scan [105, 106]. However, the
output of this algorithm is one unitless number i.e. not a line-integral of two or more basis materials
as e.g. by an algorithm used for spectral angiography [59]. Furthermore, this algorithm does not
thoroughly address the spectral responses of individual detector pixels.

In this paper, we present a first quantitative material decomposition algorithm for panoramic
imaging. We show how to adapt an existing material decomposition algorithm to address the require-
ments of panoramic imaging. The results of the decomposition are two basis material panoramic
images. The performance of this algorithm is demonstrated in an experimental setup using an
anthropomorphic head phantom.
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4.2 Methods
4.2.1 Material decomposition

The concept of using low-order polynomials to model line-integrals in spectral x-ray imaging was
first demonstrated by Cardinal and Fenster [107]. In their work, the decomposition for two spectral
measurements and materials was done by having the basis material line-integrals (A9, A}) for de-
tector pixel i as a function of the low and high energy log-signals (I}, ) and parameters determined
in calibration (do, dy):

A = P, 1 do),  Af = P15 dy). (4.1)

This kind of formulation enables a fast and accurate decomposition in the case where there are the
same number of basis materials and spectral measurements by simply evaluating these functions
at the log-signals of the measurements. However, it is not possible to incorporate any kind of
regularization for this closed-form solution.

If a maximum likelihood (ML) estimation is desired, then the inverted relation [59] can be used.
Here, the expected number of counts ¢ for pixel ¢ and spectral measurement s is defined as:

:gzs = bfeiifv lAf = ‘PiS(Ai;Cis)v Al = (A?7»A?)T7 (42)

where b; is the flatfield signal for pixel ¢ and spectral measurement s. The polynomial model P/
used in this study assumes two basis materials:

N
P = 4.3
=5 (4.3)
N = Co + ClA? + 621421 + Cg(A?)Z + C4(A%)2 + C5A?A,L1

D=1+ cgAY + c; AL,

where ¢ (pixel and spectral measurement subscripts dropped for simplicity) are the fit coefficients.
Initially, a least-squares fit to the calibration measurements is carried out to find the fit param-
eters c;q:

K
¢is = argmin Z wi (15, — P (Ai; ¢is))7, (4.4)
k=1

where [, are linearized calibration measurements, A;, are the line-integrals, and wy the weights
with k being the calibration measurement index. The weights are assigned according to the standard
deviation of the corresponding calibration measurement. During calibration, the line-integrals (i.e.
thicknesses) of the materials are obtained by measuring these values from the physical calibration
phantom.

Following the forward model calibration (eq. 4.4), a maximum likelihood decomposition is car-
ried out to find the combination of basis materials thicknesses A; maximizing the likelihood given
the spectral measurements. Assuming that the spectral measurements follow independent Poisson
statistics, it is computationally more efficient to minimize the corresponding negative log-likelihood:

S
Ai = argmin — £;(A;) = Y55 (A:) — yiIn(5; (As).- (4.5)
s=1

In eq. 4.5, the expected number of counts are a function of the basis material line-integrals. This
enables maximum likelihood estimation of the line-integrals.
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Generating the basis material images (eq. 4.5) leads to noise amplification and a degradation
of contrast to noise ratio. Both of these problems can be remedied by denoising which takes into
account the anti-correlated noise in basis material images.

The penalized log-likelihood function ¢(A) is:

$(A,d) = —L(A) + AR(A, &) (4.6)

Ny S
—L(A) = 55 (A) — yIn(g; (Ay))

=1 s=1

NP
R(A,a) = Z H(EqA)‘PqT - Daq“% + vl[etgllrow—0,
q=1

where —L£(A) is the sum of negative log-likelihoods over all pixels and spectral measurements. R(A)
is the regularization term which is responsible for the denoising. g denotes patch index. Dictionary
D contains a large number of small, high-quality images of typical structures of relevant anatomy.
These small images in a dictionary are called atoms. The image to be denoised is divided into small
patches, which are still larger than atoms. The idea is then to find a sparse linear combination o, of
atoms that represent the image patch £, A to be denoised. o, and A are each optimized in turn so
that one is optimized while the other remains constant. ¢, is the whitening transformation matrix
converting E,A to new bases so that the noise is uncorrelated across the spectral channels. || ||% is
the Frobenius norm while || ||;ow—o counts the number of nonzero rows. The in depth definition of
all parameters and operators is in [59].

4.2.2 Panoramic imaging

In panoramic imaging the imaging system follows an elliptical trajectory around the patient so that
the detector is on the front of the patient and the tube is on the back. The panoramic image is
formed by summing partially overlapping frames together along this trajectory [108]. Figure 12
shows a working principle of panoramic imaging. The sharp layer typically aligns with the dental
arch. Everything outside the sharp layer gets blurred while the details in the sharp layer remain
visible. Additionally, it is important that one ray path crosses the dental arch only once (so that
the teeth don’t overlap) and that the path is roughly perpendicular to the arch. The process of
generating the panoramic image is sometimes called reconstruction even though no backprojection
is done, as opposed to computed tomography [77].

Post processing is typically applied after the panoramic image has been formed. Typically, the
purpose of this post processing is to remove noise and adjust brightness and contrast so that more
details are visible in single window level setting. [109]

4.2.3 Experimental measurement

Phantom An anthropomorphic head phantom (Erler-Zimmer GmbH, Lauf, Germany) was used in
this study as seen in fig. 17. The phantom features a realistically attenuating skull, a dental bridge
and a dental implant all encapsulated in plastic. These kinds of phantoms are used in dental x-ray
unit production quality assurance among other things.

Experimental setup A DC-Vela photon counting detector (Varex Imaging Corporation, Salt Lake
City, USA) was fitted to a Planmeca Promax Mid imaging unit (Planmeca Oy, Helsinki, Finland) as
shown in fig. 17. The detector has two adjustable energy thresholds, a charge-sharing correction, a
0.75 mm thick CdTe sensor layer and a maximum frame rate of 300 fps when using two thresholds.
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Table 1: Calibration Material Thicknesses. The thicknesses were chosen so that the line-integrals observed
in an actual panoramic image would be densely sampled and to limit the number of pixels having line-
integrals thicker than the maximum calibration thicknesses would be small.

Basis material Thickness
POM 0681012 14]ecm
Ti [0.01.0 2.1 3.1 4.1 6.1] mm

The dimensions of the sensor are 64 (width) pixels by 1541 (height) pixels and the detector has
a pixel size of 100 pym. The adapter holding the sensor was designed so that the source-to-image
distance (SID) and the imaging geometry is the same as in Planmeca’s standard imaging units.

The panoramic reconstruction was carried out using Planmeca’s proprietary back end software.
The same back end software is used in Planmeca’s commercially available units.

Acquisition Parameters

Prior to the phantom measurement, 36 calibration measurements with different thicknesses of
titanium and polyoxymethylene (POM) were performed. The thicknesses are listed in table 1.
Titanium and POM were chosen for basis materials as their attenuation profiles (i.e. effective
atomic number and density) [18] are close to those of dentin [53] and soft tissue [23], respectively.
The latter pair reflects tissue types typical to jaw and lower head.

Acquisition Parameters are shown in table 2. The dose-area product (DAP) was measured
with KermaX Plus IDP 120-131 HS sensor (IBA Dosimetry GmbH, Schwarzenbruck, Germany).
According to a 2019 diagnostic reference study [110], the mean DAP of 21 panoramic imaging units
for adult patients was 74.1 mGy(cm)? with a standard deviation of 28.9 mGy(cm)2. The DAP
of 72.1 mGy(cm)? used in this study is very close to the mean and therefore clinically relevant.
The charge-sharing correction was on for all measurements. Different tube currents were used for
calibration and imaging (c.f. table 1). During calibration the detector is exposed to flatfield radiation
and a higher current would induce pulse pileup in the detector application-specific integrated circuit
(ASIC). Thresholds were chosen so that the low energy threshold (15 keV) captures all counts and
high threshold (36 keV) has roughly half of the counts of the low threshold for the most attenuating
calibration step. This was not an explicit optimization for any specific task as in [111] but it was
manually found to be a working solution. The number of photon counts during calibration was of
similar magnitude in this study (table 2) and a previous study [59]. However, in this study the
exposure time was not increased for thick calibration measurements. The number of flatfield photon
counts during imaging in this study is low (1.2 x 10*). In a similar material decomposition approach
[59] statistical bias starts to quickly increase below 10% counts, which is well below the number of
flatfield counts in our study. Additionally, the use of regularization has been demonstrated to lower
the bias limit [104]. However, the previous study [59] used different photon spectra and a differently
sized sample, which alters the number of detected counts and affects the noise properties and the
bias limit.
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Table 2: Acquisition Parameters. Flatfield count values refer to the minimum number of counts per acqui-
sition (panoramic reconstruction), as the movement speed varies. The virtual panoramic image generation
for calibration data in subsection 4.2.4 explains why there is more flatfield counts in calibration than in
imaging even though the tube current - exposure time product is smaller for calibration than imaging.

tube voltage 70kVp |aluminum filtration 3.5mm

tube current (imaging) 9mA thresholds 15, 36 keV

tube current (calibration)  1mA dose-area product 72.1 mGy(cm)?
flatfield counts (imaging) 1.2 x 10* | source to image distance 600 mm
flatfield counts (calibration) 6.5 x 10° | magnification 1.4

exposure time (imaging) 185 frame rate 200 fps
exposure time (calibration) 25s field of view 6 x 154.1 (mm)?
movement/frame (max) 1.2px

4.2.4 Material decomposition workflow in panoramic imaging

The algorithm presented in IT.A takes in 2D native detector frames. However, native detector frames
cannot be used to directly decompose panoramic images as described in section 4.2.2 as the native
frames have different dimensions and amount of photon counts in contrast to a panoramic image.
Furthermore, the photon statistics in the native frames are low. Such low statistics would introduce
a significant bias in the estimation [59]. Thus, some additional steps are required to be able to get
quantitative material decomposition images.

The workflow to generate spectral panoramic images is shown in fig. 18. The first step was to
acquire calibration frames in the native detector size. 5000 native (64 x 1541) frames were acquired
for each of the 25 calibration measurements. The mean of each calibration measurement is taken
to suppress Poisson noise. The panoramic reconstruction in this work was done by summing 3700
partially overlapping frames. To generate a virtual panoramic image, instead of using partially
overlapping individual frames, the mean frame was used as every frame. A virtual panoramic image
was generated for each calibration measurement. The size of these virtual panoramic images was
3390 x 1541, matching the size of actual panoramic images. The calibration was then carried out
for these images by fitting the polynomial coefficients according to eq. 4.4.

Panoramic images are acquired normally. These images are decomposed as any 2D image, using
eq. 4.5. Regularized decomposition is done using eq. 4.6 as explained in section 4.2.1. Finally, virtual
monoenergetic images are generated by multiplying the decomposition results and their respective
linear attenuation coeflicients and summing together these two multiplications.

4.3 Results

The accuracy of the calibration coefficients is assessed by using them to decompose a set of test
points having different thicknesses of POM and titanium than those used in the calibration (c.f.
table 1). The calibration coefficients were first calculated using eq. 4.4. The test points were then
decomposed using eq. 4.5. The mean of each test point was taken from over the whole virtual
panoramic image, excluding some bad pixels, mostly near the edges of the image. The true values
versus the results of the test decomposition are shown in fig. 19. Some of the decomposition points
(>0.6 cm of titanium, >14 cm of POM) in fig. 19 actually exceed the maximum thicknesses of the
calibration data points in table 1. Thus, it is not feasible to expect the model to yield correct values
here. For the last calibration point (14 cm POM, 6.1 mm Ti) the radiation had attenuated by a
factor of 4.1 x 10" for bin low and 1.7 x 107 for bin high. During imaging the total number of counts
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Figure 17: The experimental setup. The tube (a) is mounted on the left end of the U-arm of the unit. The
detector (b) is mounted on the right end of the U-arm of the unit. The U-arm rotates around the center of
rotation (c¢). The phantom is in the middle of the image. [Adapted from [112]]

expected for flatfield is (c.f. table 2) 1.2 x 10%. Thus, only a couple of counts are expected with such
attenuation. Having an attenuation which yields very small number of counts will be very noisy and
suffer from rounding error due to the discrete nature of the photons. Note that this does not affect
calibration test decomposition in fig. 19, as there are more flatfield counts during calibration (c.f.
table 2) than during imaging.

A 2D histogram of the output of eq. 4.5 applied to the panoramic image obtained from the
anthropomorphic head phantom is shown in fig. 20. The histogram has 101 bins in each direction.
A Gaussian filtering with a sigma of 2 was applied to the histogram in order to the make the
prominent features clearer. The test calibration points with indices from 7-9, 13-15 and 19-21 (c.f.
fig. 19) span the region of the line-integral values the decomposition of the head phantom yields. In
other words, the accuracy of these 9 points is relevant for the sample studied and the reliability of the
decomposition of the head phantom. The maximum absolute error for this set of test decomposition
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Figure 18: Spectral panoramic imaging workflow. In virtual panoramic images the detector frames are
summed in similar fashion to actual panoramic. Thus, the value of each pixel in the output image of a virtual
panoramic is the sum from the same pixels in the same frames as in actual panoramic i.e. both virtual and
actual panoramic images have the same pixelwise spectral response. This ensures that the model works
correctly for actual panoramic images. Calibration needs to be run only once and the same coefficients can
be used for different panoramic measurements. [Adapted from [112]]

points is 0.028 cm of titanium (index = 8), with the rest of the errors being around 0.01 cm in fig.
19. For POM the maximum absolute error for this set is 0.55 cm (index = 21), with the rest of the
errors being less than 0.4 cm.

Subsequently, a change of basis from POM and titanium was performed into dentin and soft
tissue using coefficients from the EPDL97 database [18]. The output of the algorithm described in
section 4.2.4 is shown in 21, where the dentin (b) and the soft tissue (¢) images in fig. 21 have units
of length (cm). Figure 21 also contains the flatfield corrected and linearized all counts image (a) as
a reference and as an indication of the total attenuation.

Figure 22 contains the 50 keV virtual monoenergetic image which is unitless. Two regions of
interest (ROIs) were chosen from the monoenergetic image in fig. 22 so that ROI 1 had considerable
hard tissue component while ROI 2 had only soft tissue component. This is reflected on plots in fig.
22. More specifically, ROI 1 has considerably larger absolute values in attenuation than ROI 2 and
the ratio of the absolute values decreases as the function of energy.
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Figure 19: Test decomposition points versus the ground truth for different thicknesses of titanium and
POM. Points that have 0.66 cm of titanium are underestimated for POM thicknesses <1.5cm. Smaller
thicknesses of titanium are also underestimated for POM thicknesses <13 cm. For the points which titanium
is underestimated, POM is correspondingly overestimated. [Adapted from [112]]

The soft tissue component in fig. 21 is very homogeneous. The reason for this is that the phantom
is a skull fully encapsulated in plastic. The skull displaces some plastic so that larger values in the
dentin image (b) correspond to locally smaller values in the soft tissue image (c), compare e.g. the
lower teeth in fig. 21 (b) and (c) below the red dashed ellipse. In a living human patient there would
be air cavities e.g. in the mouth, the nose and the throat. The increased soft tissue values around
the center of the image around the horizontal direction are a result of actually having more plastic
in the beam path in these directions i.e., the increase in the values in this area is not an artefact.
This increased thickness is visible in fig. 22 and in the soft tissue image in 21, but not in the dentin
image in fig. 21.

A threshold was applied for inpainting very low photon statistics in the panoramic image before
decomposition. Here, a threshold of 10 counts /bin/pixel was applied to the decomposition output
as a very low number of counts is typically caused by a metal object in the beam path. Thick metals
are not decomposed correctly when there is also a soft tissue or POM component present, e.g. test
calibration points 23, 24, and 28-30 in fig. 19. Thus, the dental bridge over the bottom left molars
and the implant on a bottom right molar in fig. 21 appear almost monotonously white in the dentin
image (b) and black in the soft tissue image (c).

The white blob within the red dashed ellipse in the linearized all counts image (a) fig. 21 is most
likely caused by an overlap of the mandible from the other side with the teeth or the maxilla. Thus,
for x-ray paths in this area the attenuation is increased. However, this area is actually darker in
fig. 21 in the dentin image (b) and again brighter in the soft tissue image (c). This is an indication
that the estimation might not work correctly for this area as it does not make sense that the dentin
component in this area is smaller than in the surrounding area. In other words, the situation is
somewhat similar as in the case of metals, but the number of counts in this area is still above the
threshold.

The skull and the teeth are visible and have positive values in the dentin image in fig. 21, while
the values between the spine and the jaw are close to zero (e.g. ROI 2 in fig. 22), which is to be
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Figure 20: The 2D histogram of the decomposed values of the panoramic image. The test decomposition
points which fit within the boundaries are overlaid with the corresponding step index number. The smaller
peak at 0cm titanium, 6-8 cm POM represents the areas where there is no bone. The larger and broader
peak at >0.05cm titanium, >10cm POM represents the areas with bone. Different parts of skull and jaw
have different amount of bone for different line-integrals, hence the more broader distribution. [Adapted
from [112]]

expected as there is no bone along those x-ray paths. Most details, e.g. the pulps of the teeth, are
still visible in the dentin component in fig. 21 similarly to the all counts image in the same figure.
However, the contrast for some of the very finest details has been reduced in the dentin image in
fig. 21 (b) in comparison to the linearized all counts image (c.f. the blue ellipses in (a) and (b) in
fig. 21).

Areas within the orange and green dashed circles have almost the same intensity the dentin
image (b) in fig. 21 but in the linearized all counts image (a) the area within the green dashed
circle is darker than the within the orange circle. The latter trend is the same for the soft tissue
image (c). In other words, the mandible seems to have somewhat uniform thickness in the dentin
component while there is less soft tissue component (plastic in the phantom) along the line-integral
paths within the green dashed circle than within the orange circle, according to the output of the
algorithm. Recall that the flatfield corrected image represents the total attenuation i.e., both the
dentin and the soft tissue components contribute to it. Thus, it makes sense that the mandible area
in the linearized all counts image fig. 21 (a) does not have uniform intensity. The mandible area is
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Figure 21: Flatfield corrected and linearised all counts image [7.3-9.6] (a) and the two material decompo-
sition images, dentin [-0.4-1.5cm] (b) and - soft tissue [7.5-18 cm] (c). Some of the root canals (c.f. blue
ellipse) in (a) and (b), is clearly visible in (a), but barely visible in (b). A white blob is highlighted by a red
dashed ellipse in (a) and (c¢). The same area appears as a darker blob in the dentin image (b). Areas within
the orange and green dashed circles have roughly the same intensity in (b) but the area within the orange
circle is brighter than the area within the green dashed circle in both (a) and (c). [Adapted from [112]]

mentioned as an example here, but the trend is visible over the whole image.

As the decomposition is carried out for the reconstructed panoramic image, some anatomic noise
is to be expected. In other words, several frames having slightly different paths through the anatomy
contribute to one column in the final panoramic image. Most of the bone (the mandible, the maxilla,

37



Attenuation (unitless)
Ratio (unitless)

25 30 35 40 45 S0 55 60 65 70
Energy (keV)

(b)

Figure 22: 50 keV virtual monoenergetic image (a) [1.3-5.6 (unitless)] with energy profiles plotted based on
the two ROIs (b). Attenuation is given on the left y-axis and the ratio of the two is on the right y-axis in (b).
The signal ratio of the two ROIs in (b) decreases as the energy increases, which is an indication that ROI
1 contains materials with higher atomic number elements than ROI 2. The contrast of the monoenergetic
image (a) is defined by the energy used, with higher energies giving more weight to the soft tissue component.
[Adapted from [112]]

and the teeth) are withing the sharp layer and do not need to be considered. However, the spine
is not within the sharp layer. Furthermore, sometimes the opposing mandible overlaps with the
anatomy in the sharp layer and might cause an error. Finally, most of the soft tissue is expected to
be outside of the sharp layer, and needs to be considered as well.

The width of the detector (64 pixels) would be an intuitive window size when measuring the
horizontal change of thickness in a panoramic image. However, in reality the majority of the signal
is carried in the center pixels of the frame, with the edge pixels having only a minor contribution.
This is the case due to the collimator blades blocking the majority of the signal at the edges. Thus,
we used the full width at half maximum of the mean flatfield frame, 30 pixels, as the width to
estimate anatomical noise.

The anatomical noise of the soft tissue component was quantified by estimating the change of
thickness in the soft tissue image in fig. 21. The general trend of the image along the horizontal
dimension is smooth and almost constant. The strongest change is along the center area, where the
maximum thickness change is around 1 cm / 30 pix.

The dentin image in fig. 21 was used to measure the change of the bone signal for spine and the
opposing mandible. For the spine, the maximum change was around 0.1 ecm / 30 pixels, which was
measured from the narrow area below the mandible. For the opposing mandible, the change was
0.25 cm / 30 pixels for the more prominent right side of the image, and 0.05 cm / 30 pix for the left
side. This was measured by plotting the edge between the teeth.

4.4 Discussion

The workflow described in subsection 4.2.4 enables the decomposition of panoramic images as 2D
images at clinically relevant dose levels. However, the method does lose some spectral sensitivity by
summing pixels along the horizontal dimension. Different pixels in a physical detector have slightly
varying energy responses and summing them together widens spectral overlap across the energy
bins.
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Regarding anatomical noise, the center pixels for the soft tissue in fig. 21 were identified as an
area where the noise is the highest. For bone, the border with opposing mandible and the spine were
identified as having some noise. The implication here is that the neighbouring columns have also
contributed to the absolute value when looking at the soft tissue or dentin images at the respective
areas. Finally, details outside the sharp layer will be blurred. However, this is the case for panoramic
in general, not just the spectral algorithm presented in this paper.

Even after the calibration, the model presented in subsection 4.2.1 has finite accuracy in decom-
position as indicated by fig. 19. Errors get larger if the material thicknesses in imaging are larger
than in the calibration. Furthermore, the model has not been designed to account for scatter. Even
though the calibration materials were placed in contact with the collimator, due to the small source
to image distance, some amount of scatter still reached the detector. For increasing thicknesses,
more photons interact via Compton or Rayleigh scattering, while the number of unattenuated pho-
tons gets exponentially smaller. The model assumes that photons which interact with the object
being imaged do not cause counts in the detector. This is strictly speaking never the case, but issues
appear to arise only for the strongly attenuating test decomposition points in fig. 19. In contrast,
when observing the distribution of panoramic decomposition results in fig. 20 we see that a vast
majority of the points are <12cm of POM, <0.2cm titanium. As the test decomposition points
in this regime are decomposed quite accurately in fig. 19, a low decomposition error can also be
assumed for the sample scan. Finally, it should be noted even the more accurately test decomposed
regime has larger errors than a test decomposition in a previous study [113], which also used a
projection domain decomposition, although with higher kVp (more transmission) and larger source
to image distance (less scatter). Transmission in the setup used in this work could be increased by
using a higher kVp and/or adding more filtration. A new tube should be added for this and care
should be taken so that neither the dose nor the exposure time increases.

The impact of scatter was not quantified in this study, but it is a possible cause of the bias,
especially if there are thick metals in the beam as discussed above. In the case of CBCT of a head,
the scatter signal can exceed the primary signal reaching the detector in the head area [8] which
would lead to severe bias in eq. 4.5. However, panoramic imaging uses a very narrow collimation
in the horizontal direction which means that the scatter is not as high as in CBCT. Nevertheless, a
strongly attenuating metallic object, such as a dental bridge (c.f. fig. 21 (a), white object on the
left side of the image, on the molars), blocks virtually all direct radiation and only the overlapping
scatter background remains, introducing a strong bias to the decomposition results in that area. In
the future, a kernel based scatter correction method [114] could be experimented with to mitigate
scatter without needing a 3D reconstruction of the imaged object.

Despite the measures taken to minimize pileup (cf. 4.2.3), pileup still might cause some error to
the final results as charge-sharing correction increases the deadtime by an order of magnitude [43].

Despite the aforementioned limitations, the algorithm is clearly able to separate the plastic and
the skull from each other, as seen in the plot of ratios in fig. 22 and in fig. 21. This implies, that the
limitations do not degrade neither spectral nor anatomical separation efficiency too much. A clinical
study would be required to confirm if the soft and hard tissue anatomies indeed are be separated
for actual human patients as well.

One implication of fig. 21 is that bone mineral density measurement using a hard tissue (e.g.
dentin) basis material image might be possible. It was attempted on [106] directly from the count
data, but was too unstable, one possible explanation being the soft tissue background. Our algorithm
takes into account the spectral response and the material decomposition yields quantitative line-
integral values which might make it more suitable for this task, but further investigation is required.
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4.5 Conclusion

We have built a prototype panoramic X-ray photon counting system and developed a new algorithm
which enables material decomposition for panoramic imaging. By doing the calibration from the
virtual panoramic images, the calibration result is enabled to be sensible despite the very low photon
statistics. The decomposition of a spectral panoramic image into soft and hard tissues might be
advantageous in clinical cases where the overlap of soft and hard tissues is a problem or where
having the bone mineral density information might be advantageous. This should be verified in
clinical trials.
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5 Generating spectral dental panoramic images from com-
puted tomography volumes

This chapter continues from the experimental foundations of spectral panoramic imaging laid out in
the previous chapter. This chapter presents simulation framework for generating synthetic panoramic
images from both CT and CBCT volumes. The soft and hard tissues are segmented from the volumes
and forward projected to generate a panoramic images. It possible to adjust the dental arch and
method on how the panoramic image is generated. Thus, it also possible to experiment with different
geometries and estimate anatomical noise.

This text and figures have been made available in preprint as:

e V Somerkivi, et al. Generating spectral dental panoramic images from single energy computed
tomography volumes. arXiv:2305.10087 (2023).

Slight modifications have been made to incorporate the text and figures better into this doctoral
thesis.

5.1 Introduction

Dental panoramic X-ray imaging is a common imaging modality around the world. According to
United Nations Scientific Committee on the Effects of Atomic Radiation, the panoramic imaging
examination frequency per 1000 population was 140 in Germany, 120 in Japan, 74 in the United
Kingdom, and 64 in the United States [5]. It provides a low-dose radiographic image, which is used
mainly for a high- resolution view of the maxilla, the mandible, and the teeth and any lesions in
these structures [6]. A panoramic image is generated by moving and rotating the X-ray tube and
the detector in parallel to the dental arch while maintaining a constant magnification of the arch,
as shown in fig. 12. In the case of a digital detector, frames are captured at a high frame rate
and summed with a partial overlap to generate the panoramic image [95]. Different tissue types are
superimposed in conventional, transmission-based radiography, including panoramic imaging. This
superimposition causes difficulties and confusion in the interpretation of panoramic images. For
example, the oral cavity can be mistaken for a fracture in the mandible, even though the cavity is
in the soft tissue [115].

Spectral X-ray imaging has been studied extensively in the past 15 years [63] [103] [64] [101].
These studies have demonstrated that material decomposition provides additional information on
top of the normal attenuation images by revealing clinical features which would be invisible in a
conventional attenuation image. Recently, spectral panoramic imaging specifically has also been
investigated [105] [106] [112]. A previous work demonstrated that it is possible to achieve mate-
rial decomposition in panoramic imaging for as long as there is a sufficient number of counts for
calibration and decomposition [112].

Currently, no clinical studies on the feasibility of spectral panoramic imaging have been pub-
lished. Preliminary results from a previous pre-clinical study have been obtained [112]. However,
the confidence in the results would increase if there was a reference to compare these results to.
Several approaches to generate synthetic panoramic images from CT have been described [116] [117]
[118] [119]. These approaches aim at automatically or semi-automatically finding the dental arch,
e.g. by using the maximum intensity projection along the axial slices followed by subsequent thresh-
olding and morphological thinning. After the dental arch has been extracted, the panoramic image
is generated by extracting voxel values along lines which are orthogonal to the dental arch. The
length of lines is set so that the lines run through the mandible, the maxilla, and the teeth while
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the rest of the lower head is left out. This kind of process may be suitable for generating synthetic
panoramic images for reading in dental practice. However, if verification is desired, then the whole
image generation process should be modeled. This includes forward projecting actual frames and
summing the frames to get the panoramic image. Additionally, the generation of basis material
images is required when modeling spectral imaging.

This work introduces a framework for generating spectral panoramic images from CT volumes.
We use a CT image of an anthropomorphic head phantom as input and generate a set of spectral
panoramic images using the framework. We then cross-compare the output of the framework against
experimental spectral panoramic images.

5.2 Methods
5.2.1 Simulation framework

The framework was implemented in Python (Python Software Foundation, Wilmington, Delaware,
United States). A proprietary X-AID module (MITOS GmbH, Munich, Germany) was used for
the forward projection step. The main steps of the workflow are shown in fig. 23 and the detailed
explanation is below.

The first part of the framework deals with preparing the input CT volume for the workflow. If
the voxels are not isotropic, e.g. the input is from a helical CT, an interpolation is first carried out
so that the output is isotropic. Secondly, the user has to rotate the volume along the three axes so
that the volume is symmetric along the coronal and axial views, and the dental arch is horizontal in
the sagittal view. The final step of the preparation is thresholding the volume to two basis materials.
There are two ways to carry out the thresholding, depending on the type of the input volume.

A simple threshold is used in the segmentation if the imaging system’s Hounsfield Unit (HU)
values are not perfectly reliable due to scatter contamination [8]. A threshold of 1280 HU was used
in this study. Both basis material images are scaled with their respective mean signals so that the
mean value of the segmented volumes is 1.

If the HU values of the input volume are more reliable e.g., by reducing the scatter contamina-
tion by using an anti-scatter grid [120], then a more sophisticated thresholding is possible in the
framework. The method uses a sheetness score combined with a threshold in order to better segment
the bone, as bones in the skull mainly consist of sheet-like structures [121]. The sheetness score S
is calculated as in [121]:

_Rghee _RQube _Rr210ise
S = exp {mzt] (1 — exp {%}) (1 — exp {272]> ) (5.1)

where Rgneet = |A2|/|A3], Reuve = |(2|A3] — |A2]) — [M])|/IAs], and Ruoise = v/AZ + A3 + A3 with )

being the local Hessian eigenvalues so that |[A;| < |A2| < |A3|. @ and S are set to 0.5 here, while

is equal to maximum of Ryeise. The output HU values 2 are then:

-1 if (€S - Q) <T

O- 000 if ( S.5+ ) < 7 (5.2)
;S othwerwise

where §2; are the HU values of the input volume and T is the threshold value. (£;S -5+ Q;) was
heuristically found to yield good results in the thresholding.

The next step is to trace the dental arch of the volume. The dental arch needs to be correctly
registered in order for the panoramic reconstruction to succeed (c.f. fig 12). This requires the
user to manually provide the coordinates of the dental arch. There are two ways to achieve this
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Figure 23: Main steps of the simulation framework. PETI stands for panoramic equivalent thickness image.
The dental arch used and the geometry generated from the arch are shown overlaid with an axial slice of a
volume on the bottom left side. Every 60th projection is shown, with green being the detector, dark blue
the source, cyan the focal through, and red the rotation center. [Adapted from [80]]

in the framework: u-shaped (9 coordinates) and exact (11 coordinates) arches. The u-shaped arch
generates a smoother profile with a smaller number of rotations. The u-shaped arch was used in
this work (shown in fig. 23) as it corresponds better to a realistic trajectory. It is also possible to
restrict the overlap of the mandible from the other side in the framework. This feature was not
used for the results presented in this paper, as it was desirable to have the simulation results match
the experimental results. The dental arch is created by interpolating between the user-given points
by using the piecewise cubic hermite interpolating polynomial (PCHIP) algorithm. The algorithm
is desirable for creating the dental arch, as it is more resistant to ringing artifacts than spline or
regular polynomial-based interpolation algorithms [122].

After the dental arch is complete, the subsequent step is forward projecting the frames. The
X-AID module uses a ray-driven forward projector which traces the path from the source to the
target pixel and sums up everything along the path. The panoramic reconstruction is carried out
by summing the frames according to the movement profile generated using the dental arch (c.f. fig.
23).

The output of the panoramic reconstruction is called a panoramic equivalent thickness image
(PETI) in this framework. In this case, the volume was thresholded into soft tissue and dentin.
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Thus, the output here is two PETIs of soft tissue and dentin with a unit of thickness (mm by
default).

For the generation of log images, dentin and soft tissue PETIs were used as basis materials. The
linear attenuation coefficients (LACs) are obtained from the XCOM database [23]. The pyXSFW
framework [123] was used to model the tungsten anode spectrum. The detector was modeled as
having a sensor thickness of 0.75 mm of cadmium telluride, with each absorbed photon inducing one
count. With the spectrum and the LAC(s) known for both basis materials and the detector, the
output signal can be calculated:

T = Z I (E)D(E)F(E)efAstust(E)*Adud(E)7 (5.3)
E=1

where [o(E) is the input spectrum, D(FE) is the detector absorption efficiency, F(E) is the
spectral response of the detector, A;; and Ay are the respective soft tissue and dentin line integral
lengths, while ug:(E) and pq(E) are the energy-dependent soft tissue and dentin LACs, respectively.

No quantum noise was added to the images in this work, as the purpose was to evaluate the
feasibility of the results in the sense that the output is as expected. While the experimental results
are subject to quantum noise, it would not make the comparison easier or better to add noise to
the synthetic images. If there was a need to add quantum noise, it should be added to the forward
projected frames before panoramic reconstruction. This would ensure that the reconstructed image
has a realistic noise distribution.

Virtual monoenergetic images (VMIs) are generated by multiplying the PETIs with their respec-
tive LACs and then summing them together.

The individual projections making up a single output pixel in a panoramic image all pass through
the patient at a slightly different path. However, all overlap in the sharp layer (c.f. fig. 12).
Anatomical noise in a panoramic image pixel is measured by recording all of the pixel values from
the frames contributing to the pixel in the panoramic image. In other words, this indicates how
different the individual line integral paths making up the final panoramic image pixel are. The mean
of these values is the final PETT output value in the pixel.

5.2.2 Experimental measurements
5.2.3 CBCT acquisition

Planmeca Viso G7 (Planmeca Oy, Helsinki, Finland) was used for the CBCT acquisition. The
acquisition was carried out in offset mode, and two rotations were conducted and stitched together
to acquire the whole head phantom. The reconstructed volume was used as input to the simulation
framework. The size of the reconstruction output grid in voxels was 1216x1193x1361 (width, lenght,
height). The acquisition parameters are listed in table 3. The dose is higher than what would be
used in the typical patient acquisition, as high resolution with lower noise was desired.

The anthropomorphic head phantom RANDO SK150 (Radiation Analogue Dosimetry System;
The Phantom Laboratory, Salem, NY, USA) was used in this study. The phantom is a skull en-
capsulated in plastic. The plastic has air cavities that mimic the upper respiratory tract. A hole
has been drilled into the phantom from the bottom of the jaw so that there is also a cavity in the
bottom of the jaw in the plastic and in the mandible.

5.2.4 Spectral panoramic acquisition

The polynomial model and its calibration were discussed in section 4.2.1.

44



Table 3: CBCT acquisition parameters.

source to image distance 70 cm
acceleration voltage 120kVp
tube current 11 mA

exposure time 11.4s

dose-area product 4100 mGycm?
magnification 1.5
isotropic voxel size 225 pm
field of view (widthxheight) 25x30 cm?

Panoramic imaging presents a new challenge to the decomposition process, as individual frames
in panoramic imaging have a very low number of counts. Directly decomposing frames would induce
severe statistical bias to the decomposition [104]. On the other hand, the count statistics in the
final panoramic image are sufficient for typical line integrals in the jaw area [112]. However, to
decompose the final panoramic image instead of individual frames, an appropriate calibration needs
to be carried out. One such way is generating virtual panoramic images for calibration. This
involves taking still calibration exposures, taking the mean of each measurement, and performing
a panoramic reconstruction for each mean frame by using the mean frame as every frame in the
reconstruction. The final panoramic image can then be calibrated using these virtual panoramic
images. Thus, the actual panoramic exposure will have the same flatfield values and pixel weights
as the calibrated panoramic image. A change of basis from the calibration materials into soft tissue
and dentin is carried out after the decomposition. A detailed explanation of the whole process can
be found in [112].

An experimental spectral photon counting panoramic system was used to capture an image of the
same phantom. The Planmeca Promax Mid (Planmeca Oy, Helsinki, Finland) system has a DC-Vela
detector (Varex Imaging Corporation, Salt Lake City, USA). DC-Vela is a photon counting detector
with two adjustable thresholds, a charge sharing correction, and a 0.75 mm cadmium telluride sensor
layer. The acquisition parameters for the experimental panoramic system are shown in table 4.

Table 4: Panoramic acquisition parameters.

source to image distance 60 cm
acceleration voltage 70kVp
tube current 9mA
exposure time 18s
dose-area product 72.1 mGycm?
magnification 1.4
field of view (widthxheight) | 0.6x15.41 cm?

A decomposition process like the one described in this section was not modeled in the simulation
framework. If the same forward model is used to simulate the transmission and to decompose, the
output of the decomposition will be the same as the input in the absence of noise. This holds as
long as the input volume is segmented into exactly two basis materials.
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5.3 Results

The output of the simulation framework is shown in fig. 24. As expected, the maxilla, the mandible,
and the teeth are the prominent features of the dentin image (a). The spine is also visible to the
sides. The soft tissue image (b) has larger line integral thicknesses to the center. Outside of the
center, there are homogeneous areas with, darker air gaps with the upper respiratory tract being
the most prominent. The tract starts at the sides, next to the spine, and extends upwards until
splitting into the oral and nasal tracts and arching towards the center. There are also darker areas
in the soft tissue image (b) in the same places where the bone features are in the dentin image (a).
For example, the spine, the mandible, and the teeth are visible as darker areas in the soft tissue
image (b). The drill hole (solid orange ellipse) is visible in both images. This is expected, as the
hole was indeed drilled through the bottom of the jaw and partially through the mandible. The
air gaps highlighted in (b) by the larger and smaller dashed ellipses are not part of the respiratory
tracts. The gaps are roughly where the maxillary sinuses would be. While darker areas are inside
the ellipses, the areas are only barely visible.

The basis material images from the experimental system are shown in fig. 25. The maxilla, the
mandible, and the teeth are the dominant features in the dentin image (a). The soft tissue image (b)
is quite homogeneous, with the air gaps, especially the upper respiratory tract being the dominant
features. The air gaps not being part of the respiratory tract are again highlighted by the dashed
ellipses. In the experimental image 25, these gaps stand out more prominently, although the smaller
gap overlapping with the lower nasal cavity limits its visibility.

Figure 25 is similar to what was described in a previous work [112]. The most notable difference
is the presence of the upper respiratory tract in the soft tissue image. Note that the images of this
work are left-right flipped, unlike the image in the previous work. Dentin was considered to be a
good basis material in the previous work, so it was kept the same in this work. The calibration of
the panoramic system, including the results of the test decomposition and noise considerations are
discussed in detail in a previous work [112].

There are some differences in features between the bone component in figures 24 and 25. The
mean line integral length of fig.3 (a) is lower than fig. 4 (a). The overlap from the mandible from
the other side has locally very large values in fig. 24, however. This is why the windowing is wider
in fig. 24 (a) than in fig. 25 (a). In fig. 24 (a), the contrast between the body and the base of the
mandible is more prominent than in 25 (a).

The soft tissue images (b) have notable differences in 24 and 25. The soft tissue image in 25
is much more homogeneous than 24. More specifically, the bright features in the synthetic dentin
image (a) in fig. 24 appear dark in the soft tissue image (b) in fig. 24. In other words, the
negative correlation between the experimental basis material images in 25 is much smaller than in
the synthetic images in fig. 24. On the other hand, the upper respiratory tract is clearly visible in
both soft tissue images. Additionally, the drill hole can be seen in both the dentin images and both
soft tissue images in figures 24 and 25.

The shape of one of the overlapping mandibles is highlighted by a blue dashed line in figures 24
and 25. But the exact location and shape of the overlap is different between the two figures. This
is a result of different imaging geometries. The experimental device uses a fixed geometry, whereas
the simulator uses a manually defined geometry, which is specifically tuned for each volume.

The details in fig. 26 show slices from the CBCT acquisition. The slices confirm that there
are indeed air gaps in the positions highlighted in fig. 24 and fig. 25. The drill hole is inside the
mandible but is visible in all of the images in figures 24 and 25.

Figure 27 displays the anatomical noise for both the soft tissue and the dentin PETIs of two
pixels in fig. 24. More precisely, each histogram in fig. 27 is generated by recording the individual
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Figure 24: Synthetic pan images, generated from the CBCT scan of the RANDO SK150 phantom. A solid
orange ellipse highlights the drilled hole in both images. The blue dashed lines highlight the boundary for
the overlapping mandible from the other side in the bone image (a). The two dashed ellipses show small air
gaps in the plastic in the soft tissue image (b). Many dark features in the soft tissue image (b) are not air
but the absence of bone i.e., there is a strong negative correlation between the two images. [Adapted from
[80]]

projections contributing to the panoramic image’s particular pixel. These two cases were included to
highlight the extremes in the anatomical noise. The upper two histograms are near the boundary of
the mandible overlap. The values close to 18 mm (b) are a sum of the overlap and the actual signal,
while the lower values are only from the actual signal. The lower two histograms are from a region
with little anatomical noise. Thus, the values are very close to each other. Most of the panoramic
image has a noise magnitude close to pixel (900, 2390), while an increase in the noise is observed for
bone — soft tissue boundaries with pixel (1131, 1180) as an extreme case with the mandible overlap.

5.4 Discussion

The presented framework enables generation of panoramic images from CT and CBCT volumes.
The PETTIs generated this way resemble the experimental material decomposition panoramic images.
The framework also enables quantitative and pixel-wise estimation of anatomical noise in panoramic
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Figure 25: The experimental panoramic images. The highlighted details are the same as in fig. 24. The
overlap from the mandibles is not symmetric in (a), as the overlap on the right side of the image only starts
from a higher and more away from the center than the overlap on the left side. Here, the darker features in
(b) are mostly air gaps in the phantom. The yellow and the red points are the anatomical noise measurement
pixels.

images.

The thresholding approach for segmentation assumes that one voxel induces a signal only on
the soft tissue or bone image, but not both. The assumption may be correct for voxels containing
only plastic, as they should only contribute to the soft tissue image. The skull, on the other hand,
consists of more than one type of tissue. For instance, cancellous bone [124], cortical bone [124],
dentin [53], and enamel [53] have different effective atomic numbers and are to an extent present in
the skull. Furthermore, in reality, one voxel can have more than one tissue type.

The overlap of the mandible from the other side appears different in figures 24 and 25 due to the
different geometries. The difference has an impact on both location and the intensity of the overlap.
Ideally, the geometry of the experimental setup should also be used in the simulation framework to
mitigate these differences. However, the exact geometry of the used imaging system is not publicly
available. The non-symmetrical overlap of the mandibles in the experimental image is likely caused
by a sub-optimal mounting of the detector in the experimental system.

The value of a single panoramic image output pixel consists of line integrals passing through the
lower head at slightly different paths. The values of the line integrals passing through the mandible
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Figure 26: An axial and two coronal slices showing the same details in the CBCT image as in the two pan
images. From the CBCT image, it is confirmed that there are indeed air gaps in the highlighted positions.
The visible soft tissue boundary in (b) and (c) around eye sockets’ upper part marks the two rotations’
stitching boundary. [Adapted from [80]]

are very close to each other (bottom row of fig. 27) (excluding the opposing mandible overlap region
as seen on the top row of fig. 27). This implies that a minor deviation in the angle or location of
the path does not change the line integral value notably. Thus, a slight variation in the geometry
should not provide notably different values, assuming the sharp layers of the two geometries mostly
overlap. This assumption is satisfied in this work as details like the pulps or the mandibular canals
would no longer be visible if the two geometries’ sharp layers were not close to each other.

The choice of PETI materials is somewhat arbitrary when segmenting CT volumes. Dentin and
soft tissue were used in this study as they are a good guess with respect to the effective atomic
numbers and densities of the underlying materials. Cortical bone could have been used instead of
dentin, as their attenuation profiles are close [124, 53]. The experimental setup decomposes images
initially into the calibration materials, in this case, titanium and polyoxymethylene (POM). In the
subsequent change of basis it has to be decided which materials and energies for low and high bins
are used, which are again arbitrary to some extent. In other words, there is no single correct value
for the experimental output images. Thus, it is not feasible to expect the synthetic and experimental
panoramic images to match exactly.

The input volumes should ideally have both high-resolution and reliable HU values. This would
enable reliable two-material segmentation while preserving bone feature visibility. Reliable HU-
values would also increase the volume of segmented images, as with the system used in this study
some of the cancellous bone was segmented as soft tissue. Partially missing cancellous bone is a
plausible explanation as to why the contrast between the body and the base of the mandible is
stronger in fig. 24 than in fig. 25. An increase in the soft tissue — bone threshold would result in soft
tissue being segmented as bone. With reliable HU values, the bone could be potentially segmented
into more than two basis materials, making the results even more realistic.

With the aforementioned differences in the generation of the experimental and synthetic spec-
tral panoramic images in mind, it was expected that the two images are not exactly the same.
Nevertheless, the close resemblance of the two images increases the confidence that the output of
the experimental spectral panoramic imaging workflow is feasible and expected. Additionally, the

49



Dentin (1131,1180) Soft tissue (1131,1180)

& gl o

6 5
2 2
E5 Ta
Y Y
o4 e
[0} o3
Q 3 Q
£ £,
c 2 c

1 1

0 0

10.0 12.0 14.0 16.0 18.0 80.0 82.0 84.0 86.0 88.0 90.0 92.0
Line integral length (mm) Line integral length (mm)
Dentin (900,2390) Soft tissue (900,2390)
3 3
d

wn wn
= =
<2 <2
Y— Y—
o o
= =
[ (]
Q Q
€ €
51 S1
c c

0 0

2.6 2.8 3.0 3.2 3.4 97.0 97.5 98.0 985 99.0 99.5 100.0
Line integral length (mm) Line integral length (mm)

Figure 27: dentin and soft tissue anatomical noise histograms from two locations with pixel indices given
in (height, width). The yellow point in fig. 24 corresponds to the top row (a) and (b) and the red point (c)
and (d) to the bottom row. Observe that the x-scales are very different for the two rows (compare (a) vs
(c) and (b) vs (d)). [Adapted from [80]]

developed simulation framework will be useful in further exploring spectral panoramic imaging.

The framework will be adapted for dual-energy CT (DECT) input in a future work. DECT
images can be decomposed and forward projected directly without thresholding. This way, a voxel
can consist of more than one material. DECT decomposed images can also be used as a reference
for estimating bone mineral density (BMD) [125]. Photon counting CT (PCCT) provides the same
benefits as DECT while having spatial resolution close to CBCT [32]. Thus, PCCT would be the
ideal way to provide the ground truth for BMD estimation from spectral panoramic images. Another
future work will explore the clinical relevance of PETTs.
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5.5 Conclusion

A framework for generating synthetic spectral panoramic images from CT volumes has been suc-
cessfully implemented. The synthetic panoramic images obtained using the framework support the
results obtained from the experimental spectral panoramic system. The framework also provides a
basis for further research.
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6 Mandible bone mineral density estimation using spectral
panoramic X-ray imaging

In this chapter, the feasibility of bone mineral density measurement using spectral panoramic X-ray
imaging is assessed. We first expand the simulation framework to work on dual-energy data. Specifi-
cally, the input is decomposed into basis materials rather than segmented. Thus, the framework also
outputs bone component images comparable to the experimental system. A clinical DECT system
is used to acquire reference images of head phantoms containing real human skulls. Dedicated dual
energy phantom is also used for verification. The impact of positioning errors is also assessed (see
section 3 for details).
The text and figures have been published as:

e V Somerkivi, et al. Mandible bone mineral density estimation using spectral panoramic X-ray
imaging. Imaging Science in Dentistry, vol. 55, no. 1. 2025.

Slight modifications have been made to incorporate the text and figures better into this doctoral
thesis.

6.1 Introduction

Osteoporosis affects at least 200 million people worldwide [126], and it is responsible for over 1
million fractures annually in the United States alone [127, 128]. In addition, osteoporosis increases
the risk of dental implant failure [129] and periodontal disease [130]. Early detection of osteoporosis
enables treatment with dietary supplements and increased physical activity [131].

Bone mineral density (BMD) is a key indicator of osteoporosis and is most commonly measured at
the lumbar spine using dedicated dual-energy X-ray absorptiometry (DXA) systems [132]. However,
BMD can also be assessed at other anatomical sites, reflecting overall bone health. [130]. Mandibular
BMD, in particular, correlates significantly with measurements taken at the forearms and lumbar
spine [131, 133, 134], and serves as an important marker of skeletal health. Although dedicated
mandibular DXA scanners have been available for several decades [130, 133], they are not widely
used clinically. Instead, the health of the mandible is currently evaluated by visual assessment of
panoramic images acquired via dental panoramic X-ray imaging-a low-dose and widely available
modality in dental clinics [135]. BMD can also be measured from the extremities and the mandible
using CBCT [136] and approximately the same number of panoramic images and CT images are
acquired globally each year [5].

The newly developed technique of spectral panoramic X-ray imaging enables obtaining quantita-
tive measurements of soft tissue and bone thickness. [112]. The resulting bone thickness images may
be well-suited for estimating BMD from panoramic images. If BMD estimation can be successfully
integrated into these systems, it could enable the generation of substantial, clinically relevant BMD
data without increasing radiation exposure or complicating existing workflows.

This study evaluated the feasibility of spectral panoramic imaging for generating BMD maps
of the mandible. Reference data were obtained from a clinical dual-energy computed tomography
(DECT) scanner, and a simulation framework from previous work [80] was adapted to produce basis
material panoramic images from decomposed DECT volumes. Experimental basis material images
were then compared to their synthetic reference counterparts to assess the suitability of the spectral
imaging approach.
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6.2 Methods
6.2.1 Phantoms

A total of 3 anthropomorphic head phantoms, each containing a real human skull encased in plastic,
were used in this study. Two of these were RANDO SK150 phantoms (Radiation Analogue Dosime-
try System; The Phantom Laboratory, Salem, NY, USA), and the third was an X-ray Phantom
Head (Erler-Zimmer GmbH, Lauf, Germany). The 2 RANDO SK150 phantoms feature air holes in
the plastic that mimic the upper respiratory tract; one (labeled 1) has a drilled hole in the mandible,
while the other (labeled 2) does not, as shown in Figure 28 A. The X-ray Phantom Head (labeled
3) contains no air gaps in its plastic construction.

To assess the linearity of the BMD scores, the Gammex 472 dual energy phantom (Sun Nuclear,
Melbourne, FL, USA) was used. This phantom contains inserts with calcium concentrations of 50,
100, 200, 300, 400, 500, and 600 mg/mL, each with a diameter of 2.85 cm. Calcium, being the
heaviest element in the bone mineral hydroxyapatite: (HAP, Cas(PO4)30H) is critical for these
measurements. A solid water insert served as the reference. Additionally, 10 cm of polymethyl
methacrylate (PMMA) slabs were stacked in the background to simulate the soft tissue component
of the head phantoms. The measurement configuration is illustrated in Figure 28 B, and a region of
interest (ROI) measuring 100 pixels in height by 200 pixels in width was used to measure the aBMD
over the cylindrical inserts

dl

Figure 28: A. Anthropomorphic head phantom number 2: RANDO SK150 (Radiation Analogue Dosime-
try System; The Phantom Laboratory, Salem, NY, USA). B. Gammex dual-energy inserts (Sun Nuclear,
Melbourne, FL, USA) with the PMMA background

The most suitable area for the areal BMD (aBMD) measurement is in the mandibular body, below
the molar and the canine teeth (c.f. [131] and the references therein). This site is anatomically the
most stable across different patients; i.e., when comparing aBMD scores across patients is the most
relevant. It also has the highest correlation of aBMD values with most other bone sites in the body
[133]. More specifically, the goal was to use the whole mandible under the 2nd premolar, 1st molar,
and 2nd molar to measure the aBMD score (c.f. Fig. 29). A rectangular region of interest (ROI)
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was selected to cover the whole area under the teeth. The ROI size varied somewhat with anatomy,
but all ROIs were roughly 300 pixels in height and 400 pixels in width.

For the head phantoms, the optimal area for areal BMD (aBMD) measurement was the mandibu-
lar body, located below the molar and canine teeth [131]. This site is anatomically stable across
patients, making it particularly relevant for comparative aBMD assessments, and it exhibits the
highest correlation with aBMD values at other skeletal sites [133]. Specifically, a measurement was
taken from the entire mandible region beneath the second premolar, first molar, and second molar
(see Fig. 29). A rectangular ROI, approximately 300 pixels in height and 400 pixels in width (with
slight variations depending on anatomy), was used to encompass the area under the teeth. The
aBMD score at the mandibular angle was measured in a similar manner; however, this region typi-
cally exhibits lower aBMD values than the mandibular body, [133] thus providing a broader range
of values.

Panoramic imaging is sensitive to patient positioning [137]. Common errors include placing
the head outside the sharp focal layer, rolling the head to the left or right, or nodding forward or
backward [137, 138, 139]. To evaluate the robustness of the aBMD measurements in the presence of
minor positioning errors, phantom number 2 was subjected to several adjustments: it was nodded
backward by 3°, moved upward by 2 cm while simultaneously being rolled to the right by 3°, and
moved backward by 1 cm. These modifications were implemented while ensuring that the panoramic
image remained interpretable (e.g., pulps of the teeth and mandibular canals were still visible). A
control image was acquired under optimal positioning conditions.

6.2.2 Data acquisition

An experimental spectral photon counting panoramic system was used to image the phantoms.
Specifically, the Planmeca Promax Mid system (Planmeca Oy, Helsinki, Finland) equipped with a
DC-Vela detector (Varex Imaging Corporation, Salt Lake City, USA) was utilized. The DC-Vela
is a photon-counting detector featuring 2 adjustable thresholds, charge-sharing correction, and a
0.75 mm cadmium telluride sensor layer. The acquisition parameters for this panoramic system are
provided in Table 5.

Table 5: Spectral panoramic acquisition parameters.

source to image distance 60 cm
tube voltage 70kVp
tube current 9mA
acquisition time 18s
dose-area product 72.1 mGycm?
magnification 14
field of view (widthxheight) | 0.6x15.41 cm?
detector pixel size 0.1x0.1 mm?
detector energy thresholds 15, 36 keV

A dual-source DECT scanner (SOMATOM Force, Siemens Healthineers, Erlangen, Germany)
was employed to acquire dual-energy volumes. The MonoE + protocol was used to generate virtual
monoenergetic images of the scanned phantoms. Knowing the energy of the input images is critical
for subsequent processing, as will be discussed in the following subsection. The acquisition param-
eters for the DECT system are listed in Table 6, and the Qr69 kernel was chosen to achieve the
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highest available spatial resolution.

Table 6: DECT acquisition parameters.

tube voltage 80/Sn150kVp
tube current 552/397 mA
acquisition time 1s
CTDIVOhG 49 mGy
dose length product | 1360 mGycm
monoE+ 50/190 keV
kernel Qr69s/2
axial voxel size 0.39 mm
slice thickness 0.6 mm

6.2.3 Data processing

An algorithm for calibrating and decomposing data from a panoramic photon counting system
was previously described [112]. Briefly, stationary calibration measurements were acquired using
titanium and polyoxymethylene (POM) slabs of varying thicknesses. These materials were chosen
because they are available in high purity and can be easily fabricated to the desired dimensions;
titanium closely approximates the atomic number of calcium (and thus HAP), while POM has an
effective atomic number similar to water and soft tissue [23]. The calibration measurements were
used to generate virtual panoramic calibration images that match the dimensions of the panoramic
acquisitions. A polynomial forward model was then calibrated via maximum likelihood estimation
of model parameters for each pixel in the panoramic image. Subsequent panoramic images could be
decomposed by applying regularized maximum likelihood estimation as if the image was a standard
projection domain image [59].

A simulation framework for generating synthetic spectral panoramic images from single-energy
CT acquisitions was described in previous work [80]. In this approach, the initial segmentation
step was replaced by an image-based material decomposition of the DECT data. Two virtual
monoenergetic images served as input and were transformed into basis material images via matrix
inversion. For water and dentin as basis materials, the decomposed image A is given by:

-1
A= {“ld ’““W} I, (6.1)
Mhd  Mhw

where p represents the linear attenuation coefficients of the basis materials (d for dentin and w
for water) at the monoenergetic energies (! for low and h for high), and I is a 2 x i matrix (with
1 representing the number of voxels). The upper row of I contains the linearized voxel values from
the low energy monoenergetic volume, and the lower row contains the values from the high-energy
volume. The resulting 2 material-decomposed images (the rows of A) were then incorporated into the
previously described framework. Briefly, the dental arch was determined semi-automatically, a series
of projections through the dental arch was generated for each decomposed volume, and panoramic
reconstruction was subsequently performed. The resulting panoramic equivalent thickness images
(PETIs) were used to calculate the aBMD scores.

Anatomical noise was estimated as described previously, [80] by recording the line-integral path
lengths of each pixel in every projection that contributed to a given output pixel in the synthetic
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panoramic image. These recorded path lengths were then displayed as a histogram. Note that
the synthetic image projections are noise-free, aside from the inherent noise of the DECT volume
(which is minimal given the DECT dose and the post-processing applied). Adding noise to match
experimental levels is not meaningful, as the synthetic images serve as the ground truth.

6.2.4 aBMD score calculation

A change of basis was applied to enhance the contrast between soft tissue and bone in the experi-
mental materialdecomposed panoramic images. Various basis material combinations were evaluated
to identify the pair that minimized residual bone signal in the soft tissue image. Dentin and soft
tissue emerged as the optimal combination. For synthetic panoramic images, dentin is the standard
output. The aBMD values were calculated by multiplying the dentin image by the density of dentin
1.95g/cm3 [140].

For each ROI measurement site, 2 mean values were calculated: 1 for the mandible (excluding
any overlap) and 1 for the background. The background mean was subtracted from the mandible
mean to ensure comparability across different sites, as the background area in the hard tissue image
is typically nonzero. Thresholding, combined with morphological operations (opening followed by
closing), was used to segment the background and mandible and to exclude overlapping areas when
necessary. The aBMD score for the Gammex inserts was calculated using the same method as for
the anthropomorphic phantoms.

A linear fit between the synthetic and experimental mandible aBMD scores was performed with
the intercept constrained to zero, based on the expectation that no intercept should exist between
the 2 sets of values. The dataset comprised nine data points from 3 phantoms (left angle and both
left and right bodies of the mandible). Given the small dataset, allowing a nonzero intercept would
increase the risk of overfitting, and more complex relationships cannot be reliably estimated. The
resulting fitting function was used to scale the experimental values to a magnitude comparable to
the synthetic values.

6.2.5 Statistical analysis

Statistical analyses were performed using Python 3. Correlation coefficients and linear fits were
computed using the NumPy package, while the root mean squared error (RMSE) was calculated using
the scikit-learn package. The null hypothesis ( p = 0 ) was tested by calculating the corresponding
p-value with the SciPy package. The RMSE for the anthropomorphic head phantoms was calculated
to assess the deviation of the experimental values from the synthetic values, which were considered
the ground truth. Pearson’s correlation coefficient was computed for the anthropomorphic aBMD
scores to evaluate the linearity between the synthetic and experimental measurements. Additionally,
the correlation coefficient was calculated for the Gammex 472 dual-energy phantom inserts to verify
the linearity of the measured aBMD values.

6.3 Results

Figure 29 presents the experimental material decomposition panoramic images for anthropomorphic
phantom number 2. In the dentin image (Fig. 29 A), prominent features include the maxilla,
mandible, and teeth. However, the opposing mandible partially overlaps on both sides, and on the
right side this overlap covers the mandibular angle, thereby precluding aBMD measurement at that
location - a limitation observed in phantoms 1 and 3 as well. In the soft tissue image (Fig. 29 B),
the respiratory tract is the dominant feature, appearing as darker grooves. The dentin component
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exhibits a moderate negative correlation with the soft tissue image; for instance, the teeth and
mandibular base appear darker relative to the surrounding areas.

1.7

15.1

Figure 29: Fig. 2. A. Dentin component obtained from the spectral panoramic system. The rectangles
highlight the area used for the aBMD measure-ment-red for the mandibular body and brown for the angle
of the mandible. The blue dashed line highlights the lower border of the opposing mandible overlap region,
which precludes measurement of the right mandibular angle. B. Soft tissue component obtained from the
spectral panoramic system. [Adapted from [141]]

The synthetic panoramic images generated from DECT scans of anthropomorphic phantom num-
ber 2 are shown in Figure 30. As expected, the dentin component image (Fig. 30 A) is dominated by
bony features, with the mandible and teeth prominently visible in the lower half. The overlapping
region of the mandible appears as wedges toward the center of the image, extending to the roots
of the mandibular teeth. In the soft tissue component image (Fig. 30 B), distinct features are
visible: the respiratory tract appears as darker, arched lines, and the horizontal center-where more
soft tissue is present-appears brighter than the edges. The dentin component imparts a very weak,
inversely correlated signal to the soft tissue image (Fig. 30 B), which is subtle. Additionally, the
overlap between the cervical spine and the mandibular body manifests as a high-value region in the
dentin image (Fig. 30 A) and as a corresponding darker shape in the soft tissue image (Fig. 3B),
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as indicated by the arrows. Similar darker regions are observed where other bony features overlap.
Notably, enamel, unlike other hard tissues, induces a positively correlated signal in the soft tissue
image, making it appear brighter than the surrounding tissues.

Figure 30: A. Dentin image generated from a dual-energy computed tomography (DECT) scan using the
simulation framework. Rectangles denote the areas used for aBMD measurement: red for the mandibular
body and brown for the mandibular angle. Yellow (left) and red (right) dots indicate the anatomical noise
measurement points. B. Soft tissue image obtained from a DECT scan using the simulation framework.
Two examples of the weak inversely correlated signal from the dentin component in the soft tissue image
are indicated by green arrows. [Adapted from [141]]

The synthetic dentin component in Figure 30 A closely resembles its experimental counterpart in
Figure 29 A in terms of feature contrast. For instance, the contrast among the mandibular base, the
center of the mandibular body, and the roots of the teeth is similar in both images. However, the
regions of mandibular overlap differ between the 2 images: in the synthetic image (Fig. 30A), these
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areas are narrow and centrally located, whereas in the experimental image (Fig. 29 A) they are
broader but less pronounced. This discrepancy likely arises from differences in the geometries used
in the simulation compared to those in the experimental panoramic image generation. Nonetheless,
the overall appearance of the teeth and mandible is consistent between the 2 sets of images

Figure 31 presents the aBMD measurements for the 3 anthropomorphic phantoms. The linear
fit between the experimental and synthetic values yielded a slope of 0.956, indicating that the
absolute values from both approaches are very similar. The largest deviation observed was 0.06 g/cm?
(approximately 9% in relative terms), and the low RMSE indicates a strong linear correlation.
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Figure 31: Areal bone mineral density (aBMD) scores for phantoms 1-3, with scores provided for both
sides (left or right) of the mandibular bodies and left angles (denoted as -A) of the mandible. An asterisk
(*) indicates cases with significant overlap from the opposing mandible; only the non-overlapping area was
used. Pearson correlation coefficient r = 0.969(P < 0.001) and RMSE = 0.0292 g/cm?®. [Adapted from

[141]]

The aBMD scores of phantom 2 at different positions are shown in Table 7. The left side RMSE
is almost equal to the RMSE of Fig. 31 i.e. the error did not increase when positioning errors were
present. The RMSE of the right side is higher (versus Fig. 31) because of a single outlier, which
ROI area reduction by the partial mandible overlap, in this case, could explain.

The aBMD scores of phantom 2 at different positions are shown in Table 3. The RMSE on the
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left side was nearly identical to that shown in Figure 31, indicating that minor positioning errors
did not increase the error. However, the RMSE on the right side was higher compared to Figure 31,
which can be attributed to a single outlier-likely resulting from a reduction in the ROI area due to
partial mandible overlap.

Table 7: Areal bone mineral density (aBMD) scores for the mandibular body of phantom number 2
with different positioning errors. *Denotes significant overlap from the opposing mandible. Only the non-
overlapping area was used.

phantom position left right
(g/cm?) | (g/cm?)
simulated, optimal 0.75 0.72
control, correct 0.79 0.74
nod backwards by 5° 0.74 0.81%*
moved up by 2 cm AND
roll to the right by ~ 3° 0.75 0.72
moved back by &~ 1 cm 0.78 0.75
mean of experimental 0.764 0.752
RMSE vs. simulated 0.0296 0.0474

The results of the aBMD linearity test are shown in Fig. 32. The experimental aBMD scores
deviate by a maximum of 0.13 g/cm? from what is predicted by the fit. Overall, the experimental
scores follow the linear fit closely, as the correlation coefficient is close to 1. The aBMD scores
covered by the linearity test range from 0.0 to 2.7 g/cm?, while the anthropomorphic phantoms
(Fig. 31 and Table 7) only range from 0.5 to 0.8 g/cm?.

The results of the aBMD linearity test are shown in Figure 5. The experimental aBMD scores
deviated by at most 0.13 g/cm? from the values predicted by the linear fit, and the correlation
coefficient was nearly 1, indicating excellent linearity. It is noteworthy that the aBMD scores evalu-
ated in the linearity test spanned a broader range ( 0.0 to 2.7 g¢/cm? ) compared to those from the
anthropomorphic phantoms (0.5 to 0.8 g/cm?) as shown in Fig. 31 and Table 7).

Figure 33 presents the anatomical noise histograms. The histogram counts at both measured
points were very similar, indicating that the area used for aBMD measurements was anatomically
stable; that is, the line-integral path lengths remained consistent regardless of angle or location within
that area. Thus, the aBMD scores were not significantly affected by minor geometric variations or
patient positioning errors.

6.4 Discussion & conclusion

This study demonstrated a method for generating mandibular aBMD scores using an experimental
spectral panoramic imaging system. The method was validated by crossverifying the results against
gold-standard DECT data using a modified panoramic simulation framework. The visual similarity,
consistent contrast, low RMSE, and high correlation between experimental and synthetic results
collectively indicate that the aBMD scores obtained are reliable. Furthermore, the anatomical noise
histograms in Figure 33 and the aBMD scores in Table 7 suggest that the method is robust against
minor positioning or orientation errors.

The main results, shown in Figures 31 and 32, exhibit very high correlation coefficients with P-
values < 0.001, indicating statistical significance despite some imperfections in the regression. The
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Figure 32: Gammex calcium (Ca) inserts compared to the experimental areal bone mineral density (aBMD)
scores, along with a linear fit. A Ca concentration of 0mg/mL corresponds to the solid water insert. Pearson
correlation coefficient r = 0.998(P < 0.001). [Adapted from [141]]

correlation in Figure 31 is slightly lower than that in Figure 32, which can be attributed to the fact
that, if the noise magnitude is similar for both datasets (due to matching dose and attenuation), the
relative deviation will be more pronounced when the range of values is narrower, as seen in Figure
31.

One discrepancy between the experimental and synthetic images is that enamel produces a
negatively correlated soft tissue signal in the experimental image, similar to other bony tissues, but
a positively correlated signal in the synthetic image. The positive correlation observed for enamel
is likely an artifact, since it is counterintuitive that the most attenuating tissue would generate
a positive signal on another spectral channel. A probable explanation is a partial volume effect,
whereby the thin dentin layer’s attenuation is blended with the attenuation of the surrounding
plastic. Confirmation of this effect would require a high-resolution spectral imaging system, such as
a photon counting CT [32].

The overlap of the opposing mandible in the experimental images introduced challenges in de-
termining aBMD scores, particularly by preventing measurements at the right mandibular angle.
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Figure 33: Anatomical noise histograms for the synthetic dentin image in Fig. 30 (a), with pixel indices
in the label. The yellow point in Fig. 30 corresponds to histogram (a) and red point to histogram (b). Both
histograms have counts only in a very narrow line integral length range. [Adapted from [141]]

This overlap is most likely due to suboptimal detector mounting. Future improvements in detector
mounting are expected to reduce the overlap region, ensuring that it does not encroach upon the
aBMD measurement area. Despite this limitation, the aBMD scores were in good agreement overall.

The ROIs used for aBMD measurements in Figure 31 and Table 7 were selected manually,
which may lead to slight mismatches between the experimental and synthetic images and introduce
potential errors. Automatic segmentation and registration of the mandible could mitigate this issue
[142]. Additionally, quantum noise is amplified during the decomposition process [143]. Although
regularization reduces this noise, it does not completely eliminate it, contributing some variance to
the results.

Ideally, scaling the experimental aBMD scores to match the synthetic ones would not be nec-
essary. However, in the experimental setup, a change of basis is required to convert calibration
materials into physically meaningful materials (soft tissue and dentin). This difference in generating
the synthetic and experimental dentin images is a potential source of error in comparing aBMD
scores. If DECT values are accepted as the ground truth, tuning the basis vector energies might
improve the match between experimental and synthetic results. Nevertheless, perfect regression
between the 2 datasets is unlikely, as the imaging systems and settings differ - one employing image-
domain decomposition and the other using projection-domain decomposition-and they are subject
to varying degrees of scatter.

In lumbar spine DXA measurements, a reference score is established based on age, sex, and
body mass index[144]. To determine whether a similar scaling approach is necessary for spectral
panoramic mandibular aBMD scores, an in vivo patient study with a substantial sample size is
warranted.

Despite the limitations discussed, the synthetic and experimental panoramic images show strong
agreement. This suggests that it is technically feasible to employ spectral panoramic imaging for os-
teoporosis and periodontal disease screening via aBMD measurements without increasing patient ra-
diation exposure. Additionally, orthodontics could benefit from the ability to measure aBMD scores
of specific teeth and surrounding tissues before and after implant placement, although mandible
overlap may pose challenges in certain cases. Given that panoramic imaging is the most common
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extraoral dental radiological examination, [5] the clinical potential of this approach is substantial.
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7 Effect of a prototype 2-dimensional antiscatter grid on im-
age quality obtained with a dental cone-beam computed
tomography scanner

In this chapter, the feasibility of improving dentomaxillofacial image quality using 2D-grid is ex-
plored. With the advancements of additive metal manufacturing, 2D-grids of suitable dimensions
are now available for dental scanners. We build on a previous work on how correct the residual
scatter, which is required to prevent artefacts induced by the grid. Various anthrophomorphic head
and other phantoms are imaged with a dental scanner fitted with a 2D-grid.

The text and figures have been published as:

e B Li, V Somerkivi, et al. Effect of a prototype 2-dimensional antiscatter grid on image qual-
ity obtained with a dental cone-beam computed tomography scanner. Imaging Science in
Dentistry, vol. 55, no. 1. 2025

Slight modifications have been made to incorporate the text and figures better into this doctoral
thesis.

7.1 Introduction

Cone-beam computed tomography (CBCT) is a widely used imaging method in dentistry. In a CBCT
scan, an X-ray source and a detector rotate around the patient to collect 2-dimensional (2D) X-ray
projections, which are then reconstructed into high-resolution volumetric images. These images pro-
vide high diagnostic accuracy and assist in treatment planning. Despite the promise of dental CBCT,
increasing image quality and quantitative accuracy remains a primary research area. In addition
to qualitative improvements in tissue visualization and diagnostic performance, higher CT number
accuracy is desired to extract quantitative information from dental CBCT images. Increased quan-
titative accuracy may expand the utility of dental CBCT in various applications, such as extracting
bone density for dental implant placement, planning surgical tooth extractions, evaluating dental
bone grafts, assessing trauma, and planning reconstructive or corrective jaw surgery. Another appli-
cation that would benefit from improved quantitative accuracy is the generation of the 3-dimensional
(3D) models used for surgical planning and fabrication of surgical guides based on CBCT images,
which rely on accurate representation of tissue-specific CT numbers. [145, 146, 3, 147, 148]

To improve CBCT image quality, numerous technical challenges must be addressed, including
the presence of artifacts from metallic objects, motion, beam hardening, image noise, and scatter.
[3, 149] Among these issues, scattered radiation represents one of the most fundamental causes
of image quality degradation in CBCT. [150, 151] Compared to a conventional multidetector CT
system with a fan-shaped X-ray beam, a CBCT system employs a larger cone of X-rays in the
craniocaudal direction, increasing the fluence of scattered X-rays. In turn, scatter degrades contrast,
increases image artifacts, and reduces CT number accuracy, which compromises the representation
of tissue densities in CBCT images. Numerous methods have been investigated to address the scatter
problem. The most common approach is algorithmic scatter correction, in which the scatter signal
bias is corrected after the X-ray detector has captured scatter. Most scatter correction methods
employ a model to estimate and correct the scatter bias from the CBCT raw data and subsequently
compensate for the scatter signal. [152, 153, 154] However, suboptimal modeling of scatter conditions
may lead to misestimation of scatter intensity and incomplete scatter correction. Another approach
for scatter suppression is the use of scatter rejection devices such as antiscatter grids, which prevent
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scattered X-rays from reaching the detector. Conventional radiographic antiscatter grids employ a 1-
dimensional array of radiopaque septa that absorb incident scattered X-rays. Although conventional
antiscatter grids reduce scatter intensity, their performance is insufficient to achieve highly accurate
CT numbers in CBCT images. [155, 156] In addition to physics-based scatter correction and rejection
techniques, image restoration methods have also been investigated, in which the effects of scatter
are removed from CBCT images via heuristic and machine learning approaches. [155, 157, 158, 159]

In the present work, a novel scatter suppression approach was investigated for dental CBCT
systems. A prototype 2D antiscatter grid (hereafter termed the ” 2 D grid”) was developed, composed
of a 2D array of tungsten septa placed on the X-ray detector, with each septum aligned toward the
X-ray source. Compared to conventional radiographic antiscatter grids with a 1-dimensional (1D)
array of radiopaque septa, 2D grids can provide significantly improved scatter rejection performance
and superior primary X-ray transmission. [160, 161] While 2D grids have been shown to improve
CBCT image quality in human torsos, they have not been investigated in the context of dental
CBCT imaging. [162, 163, 164] Due to the smaller X-ray field of view (FOV), shorter source-to-
detector distance, and smaller anatomical regions imaged with dental CBCT systems, the scatter
characteristics and resulting image quality improvements may differ from those in CBCT systems
designed for imaging the torso. Hence, this study investigated the effect of 2D grid-based scatter
suppression on dental CBCT image quality.

7.2 DMaterials and Methods
7.2.1 2D grid prototype

Figure 34: A. Photo of the tungsten 2-dimensional (2D) antiscatter grid used in the experiments. B. 2D
grid prototype as mounted on the X-ray detector. [Adapted from [165]]

The prototype 2D grid (M2 Technologies, Denver, CO, USA) had a grid pitch of 1.8 mm , a grid
ratio of 12, and a wall thickness of 0.1 mm (Fig. 34 A). It was 3 cm wide in the axial direction and
25 cm long in the transverse direction of the CBCT system. Its grid walls were aligned towards the
X-ray source in the source-detector geometry of the Planmeca Viso G5 CBCT system (Planmeca
Oy, Helsinki, Finland). The grid was directly mounted on the X-ray detector (Fig. 34 B). The
prototype was manufactured from pure tungsten using a powder bed laser melting process, with air
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in the spaces between the tungsten. Tungsten was chosen for its structural rigidity and superior
X-ray attenuation properties compared to lead. Moreover, tungsten is well-suited for the powder bed
laser melting process, which enables the fabrication of 2 D grid structures with 0.1 mm-thick walls.
Although lead is commonly used in conventional antiscatter grids, it is suboptimal for fabricating
2D grid structures using laser sintering-based additive manufacturing processes.

While the 2D grid rejects the vast majority of scattered X-rays, a small fraction still passes
through and adversely affects image quality. This residual scatter was corrected using a measurement-
based scatter correction method, termed Grid-based Scatter Sampling (GSS).[163, 166, 167] The GSS
method utilizes the 2D grid itself as a scatter measurement device to directly measure and correct
the remaining scatter in raw projections. Prior reports have demonstrated that the GSS method can
accurately measure and correct residual scatter transmitted through the 2D grid. [163, 166, 167] In
this work, the GSS method was optimized and adapted for the 2 D grid prototype and the dental
CBCT system under investigation.

7.2.2 CBCT imaging experiments

The CBCT experiments were performed using a Planmeca Viso G5 dental CBCT system. While
the 2D grid covered only a small section of the detector (Fig. 34 B), the X-ray FOV covered the
full active area of the detector to mimic scatter conditions in a dental CBCT scan. CBCT system
and scan parameters are summarized in Table 7.2.3. The jaw protocol was used to acquire the data.
The frames were acquired in an offset geometry setting (Fig. 35 A). With this setting, the detector
and the tube are offset toward the same side and rotate 360° around the object, such that one side
at a time is visible to the detector. This allows a larger object to be reconstructed than under a
symmetric geometry setting.

The effect of the 2D grid on CBCT image quality was evaluated in numerous phantom experi-
ments, with the phantoms summarized in Table 7.2.3. For each phantom, 2 sets of experiments were
performed: with and without the 2 D grid. The no-grid and 2D-grid CBCT scans were acquired us-
ing identical dose and scan parameters, as summarized in Table 7.2.3. Projections acquired with the
2 D grid were corrected for residual scatter using the GSS method. The system’s default software-
based scatter correction was applied to all datasets without the 2D grid. The correction algorithm
attempts to remove smooth, low-frequency signal, also called cupping, from the soft tissue part of
an image volume after reconstruction. Water-equivalent beam hardening correction was applied to
both the 2D-grid and no-grid CBCT scans, and the images were subsequently reconstructed using
the CBCT system software. Filtered back projection was applied to reconstruct all images.

7.2.3 Effect of the 2D grid on scatter suppression and CBCT image quality

Scatter intensity reduction performance was evaluated in CBCT projections of an anthropomorphic
dental phan-
Table 7.2.3: Summary of imaging acquisition parameters
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Figure 35: A. Diagram of the imaging system with the 2-dimensional (2D) grid and 3 sample projections
of the anthropomorphic dental phantom used for scatter-to-primary ratio (SPR) calculations. B. SPR in
CBCT projections acquired with the 2D grid in place. The average SPR of each pixel column in one of the
projections is shown. C. Average SPR of the full phantom region. D. Average SPR in the low signal, or
highly attenuating, region of each projection. [Adapted from [165]]

Parameter name

Value

Tube voltage (kV)

Exposure (mAs)

Dose-area product (mGych)
Voxel size, dental (mm3)
Voxel size, brain (mm?)
Frame field of view (cmz)
Detector pixel pitch (mm?)
Pixel binning

Source-to-imager distance (cm)

Source-to-object distance (cm)

100
160
289

0.15 x 0.15 x 0.15

0.5 x0.5x0.5

16
0
2

x 16

139

X 2
70

48.6

tom. The reduction in scatter intensity was characterized by the scatter-to-primary ratio (SPR)
in projections acquired with and without the 2D grid. Raw CBCT projections of a phantom,
Projphan , contain both primary and scattered X-rays. When CBCT projections are acquired with
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a 2D grid, a primary-only projection, Projsgg, was computed by correcting for scatter using the
GSS method. Hence, scatter intensity ( S ) and SPR were calculated as follows:

S = Proj ,pan — Projgss (1)
Proj — Proj
SPR — Jphan : Jass (2)
Projags

This approach was also used to estimate SPR in CBCT projections acquired without a 2 D grid,
since the primary signal intensity was the same in the 2 D -grid and no-grid CBCT scans.

CBCT image quality was evaluated both qualitatively and quantitatively. The qualitative assess-
ments focused on the image artifact reduction performance of the 2 D grid, and they complemented
and confirmed the quantitative analyses. For the quantitative evaluations, CBCT scans of each phan-
tom acquired with and without the 2D grid were first rigidly co-registered; subsequently, Hounsfield
unit (HU) consistency and contrast were analyzed. Image contrast was calculated by determining
the difference between the target and background ROIs.

The image reconstruction process yielded a 3D map of linear attenuation coefficients. The at-
tenuation coefficient for each voxel was converted to an HU value using the standard HU calculation
method: [168, 169]

] k - Mwater
HU(,j,k) = (13, k) = Prwater) | 000 (3)

Hwater

where  is the attenuation coefficient of a voxel located at i, j,k in the 3D volume and piwater
is the attenuation coefficient of water obtained from a calibration phantom. With this linear trans-
formation, air corresponds to -1000 HU and water to 0 HU . The same HU calculation method was
used for all imaging experiments.

Table 7.2.3. Summary of phantoms used in imaging experiments

Phantom # Phantom description
1 Dental portion of the head X-ray phantom
(Erler-Zimmer GmbH, Lauf, Germany)
2 Sedentex image quality evaluation phantom,

with calcium-containing inserts
(Leeds Test Objects, North Yorkshire, UK)
3 Gammex DE calcium inserts (Sun Nuclear, FL, USA)
4 Brain portion of the CT Torso Phantom CTU41
(Kyoto Kagaku, Kyoto, Japan)

First, HU uniformity performance was evaluated in CBCT images of a dental-focused anthropo-
morphic dental phantom (Erler-Zimmer GmbH, Lauf, Germany). Fourteen teeth were segmented
from the co-registered images with and without the 2D grid using the MATLAB Image Segmenter
(MathWorks, Natick, MA, USA). The ROIs for image analysis were the entire segmented teeth.
An HU histogram of each segmented tooth was calculated, and the mean HU was analyzed to as-
sess tooth-to-tooth HU variation. Bony anatomy contrast was evaluated using the Sedentex CT IQ
phantom (Leeds Test Objects, North Yorkshire, UK) with 4 calcium-containing cylinder modules
from the Gammex 472 phantom (Sun Nuclear, Melbourne, FL, USA) inserted in an acrylic cylinder
160 mm in diameter. The signal difference between the high-contrast inserts and the acrylic back-
ground was computed to compare the bony anatomy contrast in 2D-grid and no-grid CBCT images.
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The ROIs for the calcium cylinders were circular, with a diameter equal to half the diameter of the
cylinders (approximately 17 mm ). A similarly sized circular ROI was used for the acrylic back-
ground near the calcium contrast inserts.Due to the lack of soft tissue contrast in the other dental
phantoms available at the time of this study, soft tissue contrast performance was evaluated using
the brain portion of the CT Torso Phantom CTU41 (Kyoto Kagaku, Kyoto, Japan). For simplicity,
this phantom will be referred to as the ”brain phantom” for the remainder of this paper. ROIs were
selected to calculate signal differences for the gray matter/ventricle and gray matter/hemorrhage
regions. HU uniformity was also evaluated in the brain phantom. The skull and brain regions of the
phantom were segmented by thresholding. HU uniformity in soft tissues was evaluated by placing
9 ROIs across the brain soft tissue region, while HU uniformity in bony tissues was evaluated by
placing 16 ROIs across the brain skull region. The standard deviation and maximum deviation with
respect to the mean HU across all ROIs were investigated. The shape and location of the ROIs are
shown in the figures in the Results section.

7.3 Results
7.3.1 Scatter-to-primary ratio

Example CBCT projections of the anthropomorphic dental phantom acquired with the 2D grid,
along with the 2D

grid imaging diagrams, are presented in Fig. 35 A. Without the 2 D grid, SPR values varied
between 0.5 and 2 , with the highest values observed in the central section of the phantom where the
X-ray beam exhibited the greatest attenuation. With the 2 D grid in place, SPR values fell below
0.1 across the entire phantom projection (Fig. 35 B). On average, the 2 D grid reduced SPR by a
factor of 10 in each projection (Fig. 35 C). In highly attenuating regions of the projections, SPR
was reduced by up to a factor of 20 on average (Fig. 35 D).

7.3.2 HU uniformity and image contrast improvements

Images of the dental phantom acquired with and without the 2D grid are provided in Figures 36
A and 36 B. While both images appear qualitatively similar, the CT numbers for dentin were
substantially higher in images acquired with the 2D grid due to X-ray scatter suppression. The
mean HU values of all teeth were 1718 HU with the 2D grid and 1227 HU without it. HU values
also varied as a function of tooth location, as seen in segmented images (Figs. 36 C and 36 D).
HU histograms of teeth #2 (maxillary right second molar), #6 (maxillary right cuspid), and #9
(maxillary right central incisor) under the Universal Numbering System are shown in Figure 37. In
images acquired without the 2D grid, the HU histograms exhibited large differences among teeth.
With the 2D grid, these differences were significantly reduced due to robust scatter suppression.
Specifically, the standard deviation of HU values among teeth decreased from 166 to 43 HU , the
maximum deviation from the mean decreased from 275 to 116 HU , and the maximum difference
among teeth decreased from 510 to 146 HU .

Bony anatomy contrast was evaluated using calciumcontaining inserts placed in the Sedentex
phantom. Contrast increased linearly as a function of calcium concentration for both 2D-grid and
no-grid configurations (Fig. 40). For a 600 mg/mL calcium insert, the measured contrast was 1782+
143 HU in images acquired with the 2D grid and 13454+ 117 HU in images acquired without it.

Figure 39 shows images of the brain phantom captured with the dental CBCT system. The
contrast between structures such as ventricles and hemorrhage, relative to the background brain
parenchyma, appeared noticeably greater in images acquired with the 2 D grid. CT number line
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Figure 36: A. Axial image with the 2-dimensional (2D) grid (window width/level=4000/1000). B. Axial
image without the grid (window width/ level = 4000/1000 ). C. Magnified section of teeth with the 2 D grid
(window width/level = 1000/1800 ). D. Magnified section of teeth without the grid (window width/level
=1000/1300 ). [Adapted from [165]]

profiles in Figure 7 also demonstrate superior soft tissue contrast with the 2D grid. Quantitatively,
soft tissue contrast increased from 19 — 62HU to 27 — 89HU, corresponding to an average increase
of 48% (Table 7.4).

Figure 41 illustrates the effect of the 2D grid on shading artifacts. In the region indicated by the
red box in Figure 41 A, significant shading artifacts were observed near the skull in images acquired
without the 2D grid (Fig. 41 B), and these artifacts were markedly reduced in images captured
with the grid (Fig. 41 C). Similar effects are also evident in another image slice (Figs. 41 D-F).
These observations were further supported by the HU uniformity among ROIs placed in the brain
parenchyma (Fig. 42). When the 2D grid was applied, the standard deviation of ROI mean HU
values decreased from 4.8 to 2.4 HU . HU uniformity in the ROIs positioned in the skull region also
improved upon application of the 2D grid (Fig. 43), with the standard deviation of ROI mean HU
values decreasing from 208 to 104 HU.

70



300 I Tooth #2
[ Tooth #6
[ Tooth #9

Counts

0 500 1000 1500 2000 2500
HU
B 400
I Tooth #2
I Tooth #6
300 Tooth #9

Counts

0 500 1000 1500 2000 2500
HU

C 2200
o e 2D grid
2000 = No grid
1800
e %o e, e ¥ a

® 9
1600 @ L]
)
T = [ |
1400 = =
1200 = =
- - " amnm

1000

2 3 4 5 6 7 8 9 1011 1213 14 15
Tooth #

Figure 37: Sample Hounsfield unit (HU) histograms of the segmented teeth in images acquired with (A)
and without (B) the 2-dimensional (2D) grid. The histograms represent the maxillary right second molar
(#2), maxillary right cuspid (#6), and maxillary right central incisor (#9). C. Mean HU value of each
segmented tooth based on the Universal Numbering System. [Adapted from [165]]

7.4 Discussion

This study investigated the effect of robust scatter suppression on CBCT image quality in a dental
CBCT system. The prototype 2D grid demonstrated high efficacy in rejecting scattered X-rays in
dental CBCT geometry, achieving a reduction in SPR by a factor of 10 to 20 in large-FOV CBCT
scans.

Table 7.4. Soft tissue contrast across ventricles and hemorrhage in the anthropomorphic brain
phantom (unit: Hounsfield unit)
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ROI name 2D grid contrast No grid contrast

Ventricle 1 36+7 23+5
Ventricle 2 27T+ 7 1945
Hemorrhage 89+9 62£8

ROI: region of interest, 2D: 2-dimensional

In all phantom experiments, the use of the 2 D grid resulted in consistent and uniform HU
values for a given material type, and contrast was substantially improved, particularly in bony
anatomy. These findings indicate that image artifacts, contrast loss, and HU degradation caused
by scatter are significantly reduced by the 2 D grid under the same X-ray exposure level as scans
captured without the grid. This effect occurs because in projections, bony tissue regions often
exhibit a higher SPR than soft tissue regions. Bony anatomy strongly attenuates primary X-rays
due to its higher atomic number and density, while the scatter signal remains relatively uniform.
Consequently, the rapid reduction of primary signal in bony regions yields a higher SPR and greater
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Figure 39: Brain phantom image slices acquired with (A) and without (B) the 2-dimensional (2D) grid.
Image slices depict the hemorrhage acquired with (C) and without (D) the 2D grid. Display window
width/level: 100/60. [Adapted from [165]]

CT number degradation. [153, 170] When scatter is effectively suppressed, improvements in CT
number consistency are more pronounced. Although the scatter transmission properties of the 2
D grid do not depend on the exposure level, the rejection of scatter combined with exposure level
variations may impact image noise characteristics. The removal of scatter improves contrast in
CBCT images, but it also increases noise due to the reduced overall X-ray fluence reaching the
detector. The interplay between increased noise resulting from reduced scatter and exposure level
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Figure 40: Line profiles drawn over ventricle (A) and hemorrhage (B) according to the regions of interests
(ROIs) indicated in C and D , demonstrate soft tissue contrast in images acquired with and without the
2-dimensional (2D) grid. [Adapted from [165]]

variation remains an area for further investigation.

Another area of interest is the accuracy of HU values in high-density regions, such as dentin,
after scatter suppression. However, estimating the ground truth HU values for dentin is nontrivial
because HU values vary strongly as a function of X-ray energy. The mean energy of the 110 kVp
X-ray spectrum used in this study was estimated at 65 keV in the absence of a phantom; however,
beam hardening in dentin would likely increase the mean beam energy to between 70 and 90 keV |
corresponding to a theoretical dentin HU range of 1520 — 2240HU. The mean HU value of dentin
was 1718 HU in CBCT images acquired with the 2D grid, which falls within the expected range,
whereas it was 1227 HU in images without the 2D grid, indicating an underestimation of dentin
density. Contrast was also improved in both soft and hard tissue regions. For example, contrast in
calcium-containing regions was 27% higher (Fig. 40), and soft tissue contrast in a brain-mimicking
phantom was approximately 50% higher (Fig. 39).

Improved CT number accuracy in bony anatomy and teeth has various quantitative imaging
applications, including facilitating the extraction of bone density from CBCT images for dental
implant placement planning, surgical tooth extractions, evaluation of dental bone grafts, and cor-
rective jaw surgery. Virtual 3D models generated for surgical planning rely on precise segmentation
of anatomical structures; improved CT number accuracy may enhance segmentation and thus yield
more accurate 3D models. In implant treatment planning, better CT number accuracy can assist
in quantitatively assessing bone quality at an implant site. Regarding post-implant CBCT images,
more accurate r representation of bone density and morphology may improve evaluations of peri-
implant bone, such as assessments of bone integration or bone loss. [148] Additionally, higher soft
tissue contrast could facilitate the visualization of soft tissue lesions and gingival soft tissue thick-
ness. [145] Although the dental CBCT system used in this work is not designed for intracranial
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imaging, the observed improvement in soft tissue contrast suggests that a flat-panel detector-based
CBCT system integrated with a 2 D grid could potentially be used beyond dental and maxillofacial
imaging, such as for bedside imaging of hemorrhage in the brain.[171]

-

-

- Y

Figure 41: Magnified sections of the artifact region indicated by the white box in A are shown in B acquired
with the 2D: 2-dimensional (2D) grid and C' (without the 2 D grid). Similarly, magnified sections of the
artifact region indicated by the white box in D are shown in E (acquired with the 2D grid) and F (without
the 2D grid). 2D: 2-dimensional. [Adapted from [165]]

Another area of interest is the comparison of CBCT images acquired with the 2D grid prototype
to those obtained using a conventional 1D antiscatter grid, which consists of a 1D array of lead
lamellae. Although 1D grids are commonly used in diagnostic X-ray imaging, [172] a conventional
1D grid with a focusing geometry suitable for dental CBCT systems was not available for this study.
Previous studies comparing 2D and 1 D grids in CBCT systems-primarily designed for imaging the
human torso. These works demonstrated that 2D grids have a factor of 2-6 lower scatter transmission
than conventional 1D grids. [160, 161] In general, 2D grids provide superior scatter suppression,
CT number consistency, and contrast-to-noise ratio than 1D grids when imaging large FOVs or
anatomical regions, such as the pelvis. [163] An image quality comparison of 1D and 2D grids in
dental CBCT remains a subject for future investigation.

This study had several limitations. First, the 2D grid prototype was relatively small, covering
only about 18% of the FOV in the cranio-caudal direction. A larger 2D grid spanning the full
FOV of the CBCT system remains to be investigated. Although the grid prototype in this initial
feasibility study covered only a small section of the X-ray detector, the full FOV was irradiated in all
experiments, as in a full-FOV CBCT scan. This ensured that the scatter intensity generated by the
imaged object was equivalent to that in a fullFOV scan, thus mimicking realistic scanning conditions.
It is expected that a larger 2D grid would exhibit similar scatter transmission characteristics and a
comparable trend in image quality improvement. The impact of scatter mitigation on image quality
using smaller FOV protocols will be investigated in the future. Second, the image processing software
was not fully optimized for 2D grid implementation. The noise properties of CBCT images acquired
with the 2D grid differ substantially due to its X-ray transmission characteristics and require further
research. Third, this study did not investigate the effect of robust scatter suppression on metal
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Figure 42: Mean Hounsfield unit (HU) values in 9 region of interests (ROIs) demonstrate improved HU
uniformity in the brain phantom. The ROI locations are shown in the inset. With the 2-dimensional (2D)
grid, the standard deviation of HU values among the ROIs was reduced from 4.8 to 2.4 HU . The maximum
deviation from the mean HU of all ROIs was 8.3 HU without the 2 D grid and 4.5 HU with the grid.
[Adapted from [165]]

artifacts.

In this work, a prototype 2D grid was developed and evaluated for dental CBCT systems. The
prototype reduced scattered X-ray intensity and improved the fidelity of CBCT images. Notably, a
significant improvement in HU value uniformity was observed in bony structures and teeth. Such
improvement could enhance the utility of dental CBCT imaging for the quantitative evaluation of
bone density, provide better visualization of peri-implant tissues, and enable more accurate genera-
tion of 3D models for surgical planning and surgical guides. Improved contrast and reduced artifacts
in soft tissues may further expand the applications of dental CBCT systems in soft tissue imaging.
Future work will focus on optimizing 2D grid properties for dental CBCT and fabricating a larger
grid prototype to enable imaging of larger anatomical regions.
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Figure 43: Mean Hounsfield unit(HU) values in 16 region of interests (ROIs) demonstrate improved HU
uniformity in the skull region. The ROI locations are shown in the inset. With the 2-dimensional (2D) grid,
the standard deviation of HU values among the ROIs was reduced from 208 to 104 HU . The maximum
deviation from the mean HU of all ROIs was 144 HU without the 2D grid and 64 HU with the grid. [Adapted
from [165]]
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8 Conclusion & outlook

The aim of the thesis was to investigate the technical feasibility of obtaining quantitative data from
dentomaxillofacial imaging systems and to explore the possible applications of such systems.
Summary:

The first three experimental chapters focus on the spectral panoramic imaging system.

Chapter 4 demonstrates that projection-based decomposition algorithms cannot be applied di-
rectly to panoramic projection images, as the count rates are so low that bias would be exceedingly
high. An algorithm to calibrate and decompose the panoramic image as a whole is then presented
as a solution. Preliminary quantitative results are then discussed. It also demonstrated that scatter
sets the upper limit for the thicknesses that can be accurately decomposed and that the typical
thicknesses present in dentomaxillofacial imaging are below this limit.

Chapter 5 presents a simulation framework for generating synthetic panoramic images from CT
and CBCT volumes. The framework was used to cross-verify the experimental results obtained
previously and was also used in a reader study [173]. Visual correlation is mostly good between
the experimental and synthetic images, although some deviation is caused by the segmentation, as
segmenting CT or CBCT volumes to bone and soft tissue does not yield the same result as spectral
material decomposition.

Chapter 6 updates the simulation framework of Ch. 5 to work on multi-energy volumes. The
spectral synthetic panoramic images generated from helical DECT scans are compared against the
results of the experimental panoramic system. Specifically, the bone mineral densities from the
experimental and synthetic panoramic images are compared. There is a good agreement both visually
and quantitatively. Additionally, the experimental system outputs a good linear regression of BMD
phantom across a broad range of clinically relevant aBMD values.

The final experimental Chapter, 7, focuses on the dental CBCT system fitted with the 2D
antiscatter grid. The novelty of this research lies within exploring the benefits of scatter reduction
in the context of head and neck area imaging. Both tissue contrast and homogeneity are significantly
improved with the grid. These improvements apply to both soft and hard tissues.

Outlook:

Osteoporosis screening and monitoring remineralization after surgery are some possible applica-
tions of aBMD measurement in spectral panoramic imaging. Thus, chapters 4-6 present the means
and the results on how spectral photon counting could enable a new application for panoramic imag-
ing. However, the presented work is expected to mainly work for the mandible, as the maxilla will be
likely to have overlapping bone structures even after the detector mount is fixed. Additionally, this
approach obviously requires a hardware upgrade to be deployed in the field. A significant portion
of the proposed spectral panoramic systems would be deployed in private dental clinics. An addi-
tional challenge would then be to incentivize the private clinics to participate in the opportunistic
osteoporosis screening.

The simulation tools developed for the papers of this thesis might also have use on their own.
Major dental CBCT vendors offer tools to generate synthetic panoramic images from CBCT volumes.
Further research could focus on finding out if the tools described in this thesis could offer additional
value in this case. Additionally, a standalone simulator tool could be of use to academics and
clinicians for training and research purposes.

Improved tissue contrast and consistency enabled by the ASG in ch. 7 could enable new ap-
plications in head and neck CBCT. Enhanced hard tissue contrast and consistency would improve
existing workflows, as dental CBCT's are used for surgical planning and monitoring in oral and max-
illofacial surgeries. Enhanced soft tissue contrast could be useful in mobile head and neck imaging
applications, such as diagnosing intracranial hemorrhage.
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The proposed anti-scatter grid design requires some consideration as well. Covering full detector
requires modules, and are applications relevant enough for dental clinics. The CBCT system design
would need to have a different layout for emergency applications. A supine position would be
required. The active area of the detector depends on the application. A smaller detector would
be sufficient for a purely brain imaging system [4]. For a whole body system, a larger detector is
required. An example of such a system would be Planmed XFI.

Dual layer flat panels could be an intermediate step on the way towards photon counting CBCT,
as the technological roadmap for photon counting flat panels remains uncertain. Alternatively, slow
kVp switching could be realized with existing hardware. Movement artefacts would then have to be
addressed.

Conclusion:

Two separate pipelines of hardware-based image quality enhancement in dentomaxillofacial imag-
ing have been investigated: the spectral panoramic pipeline yielded an algorithm enabling spectral
imaging in the experimental setup as well as simulation tools for cross verification and potential for
use elsewhere. The 2D ASG study demonstrated the improvement of tissue contrast and consistency,
enabling possible new applications. Thus, there are no fundamental technical limitations in going
from engineering prototypes to clinical trials with these systems.
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Appendix: Scientific contributions

Publications with significant contribution (peer-reviewed)
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V Somerkivi, T Sellerer, D Berthe, Y Haemisch, T Pantsar, H Lohman, T Kaasalainen, and F
Pfeiffer. Mandible bone mineral density estimation using spectral panoramic X-ray imaging. Imag-
ing Science in Dentistry, vol. 55, no. 1. 2025.

B Li, V Somerkivi, F Bayat, C Huynh, and C Altunbas. Effect of a prototype 2-dimensional an-
tiscatter grid on image quality obtained with a dental cone-beam computed tomography scanner.
Imaging Science in Dentistry, vol. 55, no. 1. 2025.

Other work with significant contribution

V Somerkivi, A Kolb, R Sellerer, D Berthe, Y Haemisch, T Pantsar, H Lohman, and F Pfeiffer.
Generating spectral dental panoramic images from single energy computed tomography volumes.
arXiv:2305.10087 (2023).

Publications as a contributing author (peer-reviewed)

S Hoshian, V Jokinen, V Somerkivi, AR Lokanathan, and S Franssila. Robust superhydrophobic
silicon without a low surface-energy hydrophobic coating. ACS applied materials & interfaces, vol.
7, no. 1. 2015.

D Berthe, D Kolb, A Rabi, T Sellerer, V Somerkivi, GC Feuerriegel, AP Sauter, F Meurer, Y
Haemisch, T Pantsar, H Lohman, D Pfeiffer, and F Pfeiffer. Evaluation of Spectral X-Ray Imaging
for Panoramic Dental Images Based on a Simulation Framework. Journal of Imaging Informatics in
Medicine, vol 37, no. 2, 2024.

Conference Talk

V Somerkivi, T Sellerer, T Pantsar, H Lohman, and F Pfeiffer. Spectral photon counting for
panoramic dental imaging. International Symposium on Medical Applications of X-ray, Phase-
contrast and Photon-counting. Munich, Germany. 2023.
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