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Simple Summary

Modern tomography methods produce high-quality images, making it difficult to evaluate
and compare their performance using traditional image quality metrics. Many commonly
used metrics tend to saturate and provide limited sensitivity to residual differences between
reconstruction methods. In this work, we introduce a structured evaluation framework
based on standardized reference images and diagnostic tools. Central to the approach is
the use of an “Ideal Image” as a physically meaningful benchmark and the Structure and
Contrast Index (SCI) to quantify structured residual information. Using simulation studies
in emission tomography (SPECT), we demonstrate how this framework supports algorithm
development, benchmarking, and quality assurance.

Abstract

Background/Objectives: Modern tomographic reconstruction methods—including physics-
informed and AI-based approaches—can produce very high fidelity images. In this regime,
widely used global image quality metrics often approach saturation, making it harder to
distinguish residual differences between methods and identify remaining performance
gaps. This study introduces a physically grounded and standardized evaluation framework
designed to retain sensitivity beyond conventional global metrics and support both com-
parison and systematic improvement in tomographic reconstruction methods. Methods:
The proposed framework defines standardized reference images—“Source”, “Detector”,
“Ideal”, and “Realistic”—using Monte Carlo simulations, with the Ideal Image serving
as a physically grounded benchmark. Reconstruction performance is evaluated using
pixel-wise difference and χ2 maps, Region-of-Interest analysis, intensity (gray-value) his-
togram comparisons, and the Structure and Contrast Index (SCI), computed on difference
maps. Demonstrations use simulated SPECT data reconstructed with ART, MLEM, and
RISE-1. Results: Across case studies, SCI and χ2-based diagnostics reveal structured residu-
als and localized deficiencies not evident from global similarity metrics such as SSIM or
NMSE. Comparative analyses show that methods with similar global scores can exhibit
distinct residual structures and region-specific performance variations, while improved
agreement in the sinogram domain does not necessarily translate into improved image
fidelity. Histogram-based diagnostics provide complementary information on intensity
redistribution not captured by pixel-domain summaries. Conclusions: The framework
provides a reproducible, physically meaningful, and sensitive approach for evaluating
tomographic reconstruction performance in the high-fidelity regime. By combining stan-
dardized reference images with multi-domain and multi-metric analysis, it enables robust
benchmarking and supports physically consistent interpretation of reconstruction quality.
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1. Introduction
The quality of tomographic image reconstruction is of fundamental importance in a

wide range of fields—from clinical diagnostics in nuclear medicine to structural imaging
in industrial and materials science. In recent years, the field has experienced dramatic
advances, driven by both improved detector instrumentation and the increasing avail-
ability of powerful computational resources. These developments have enabled the use
of sophisticated reconstruction methods, including algorithmic, AI-based, and hybrid
physics-informed approaches, that operate with high precision and accuracy. The shift
toward neural-network-driven solutions and the inherent need to detect “hallucinations” or
structural artifacts in high-performance regimes [1–8]. Modern hybrid approaches enable
the incorporation of prior physical knowledge into the reconstruction process, leading
to physically possible solutions instead of pure mathematical ones [9–11]. As a result,
reconstruction techniques are now approaching the limits of what is physically achievable,
although the extent of this gap has yet to be clearly quantified.

However, this progress also exposes a critical limitation in how reconstruction per-
formance is currently evaluated. Tomographic image reconstruction is a mathematically
ill-posed inverse problem: for any given set of projection data (e.g., a sinogram), multiple
images may exist that are consistent with it. Reconstruction methods differ in how they
incorporate assumptions, regularization, or prior knowledge to resolve this ambiguity.
Yet the tools typically used to assess reconstruction quality—simple digital or hardware
phantoms and global metrics such as the Structural Similarity Index Measure (SSIM), Nor-
malized Mean Squared Error (NMSE), correlation coefficient (CC), or Peak Signal-to-Noise
Ratio (PSNR)—were not designed for this high-performance regime. These traditional
metrics tend to saturate in high-quality reconstructions, making it difficult to capture sub-
tle but diagnostically relevant differences, thereby offering limited guidance for further
methodological development. Recent efforts tried to establish digital phantoms [12,13]
and evaluation criteria across different modalities like Computed Tomography (CT) and
Positron Emission Tomography (PET), but there is still work to be done.

Furthermore, evaluation is often based on a single reference image—typically the
“phantom”—which is assumed to represent ground truth. While this approach is
widespread, it is conceptually problematic. The phantom defines the object to be imaged,
but its detailed structure cannot be reconstructed without prior knowledge, compound-
ing the ill-posedness of the problem. Physical processes such as scattering, attenuation,
noise, and imperfect detection introduce distortions that make exact recovery of the true
distribution—represented by what we term the “Source Image”—fundamentally impos-
sible. As a result, comparisons made directly against the “Source Image” may lead to
misleading conclusions about reconstruction method performance. Instead, we argue that
multiple reference images are needed—including an “Ideal” image that represents the best
possible reconstruction achievable under perfect acquisition conditions, and it is the one
that should be used for evaluation purposes of reconstruction algorithms.

These challenges raise a set of fundamental questions:

• What set of reference images should be used to evaluate a reconstruction method in a
meaningful and physically realistic way?

• How can we distinguish between methods that perform similarly under tradi-
tional metrics?
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• How can we detect local deficiencies or residual information when global scores plateau?
• And is it possible to quantify the gap that exists between a given reconstruction and

what is physically achievable?

Together, appropriately chosen phantoms and refined quantitative metrics form a
robust, structured, and reproducible framework for assessing the performance of recon-
struction methods in a physically meaningful way. We demonstrate the utility of this
framework through detailed case studies involving the well-established Maximum Likeli-
hood Expectation Maximization (MLEM) and Algebraic Reconstruction Technique (ART)
algorithms and the novel Reconstructed Image from Simulations Ensemble-1 (RISE-1)
method, applied to the Shepp–Logan software phantom. While our focus is on Single-
Photon Emission Computed Tomography (SPECT), the structure of the framework extends
naturally to PET with only minor adjustments to the attenuation and coincidence models.
Its application to other modalities—such as CT, Magnetic Resonance Imaging (MRI), or
thermal imaging—is possible in principle but requires modality-specific definitions of the
standardized images and careful adaptation of the underlying forward and noise models.
In what follows, we describe the rationale, construction, and application of each element in
this evaluation toolkit.

2. Materials and Methods
The overarching goal of tomographic image reconstruction is to obtain a 3-D image

depicting aspects of the imaged object as accurately as possible from the obtained experi-
mental data (most often organized in the form of a sinogram). As the tomographic image
reconstruction is mathematically an “ill-posed problem” [1,9], the challenge is to select
among the many possible solutions that the sinogram can support, often injecting prior
knowledge into the analysis [1].

The use of both software (digital) and hardware phantoms plays a vital role in the de-
velopment and refinement of image reconstruction methods [12–15]. The use of phantoms
offers a most valuable advantage: the reconstructed image can be directly compared to the
known structure of the object being imaged. This in turn necessitates the development and
use of metrics that can quantify this comparison. In our efforts to develop new method-
ologies and enhance existing ones, we found that while established metrics were effective
for certain studies, the introduction of new standardized images and phantoms and of
new evaluation criteria and methods was particularly valuable. The newly introduced
images and metrics reported in this work have broad applicability, which is showcased in
two examples:

(a) In evaluating improvement and convergence in the well-known case of the MLEM
reconstruction algorithm [16];

(b) In evaluating the performance of a novel reconstruction algorithm and benchmark-
ing it versus the well-known ART and MLEM.

2.1. Phantoms

In emission tomography, a phantom—whether realized in software or as a physical
object—refers to a well-defined arrangement of radioactive emitters (e.g., technetium-99m,
99mTc) that serve as the source of radiation detected by the imaging system (such as γ-rays
in SPECT). This arrangement is characterized by a precisely specified spatial distribution,
in two or three dimensions, together with the emission intensity (specific activity) at each
location. Invariably, phantoms also include detailed descriptions of surrounding materials—
both within and outside the emitting regions—including density, absorptivity, and other
properties relevant to the physics of γ-ray propagation. The shape and physical properties,
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even of non-emitting γ-ray structures (e.g., bone), influence the attenuation and scattering
of the emitted γ-rays before they reach the detector.

In this work, we use the term phantom exclusively for this physical or digital configu-
ration to clearly distinguish it from its “Source Image”—the graphical representation of
the radiation-emitting portion of the phantom. Other image-based representations derived
from this primary configuration are introduced in Section 2.3.

For our investigation, we employed several phantoms, both standardized and custom-
designed. In the results presented here, we focus on a widely used software phantom: the
Shepp–Logan [17,18] phantom which is shown graphically in Figure 1. Variations of it are
used throughout the imaging community. Extending the analysis to other phantom designs
or to three-dimensional cases is conceptually straightforward. The Shepp–Logan phantom
extends evaluation to heterogeneous, anatomically inspired structures.

Figure 1. Graphical representation of the specific activity of the two-dimensional “Source Images” of
the Shepp–Logan phantom. Selected Regions of Interest (RoIs) are shown and will be discussed at
Section 2.4.3.

In the modified Shepp–Logan phantom version used in this work, the cranial bone
has been removed, while the major large ellipsoid representing the brain grey and white
serves also as a background source. Geometrical details and source activities of the two
variants of the modified Shepp–Logan phantom used in this work are shown in Table 1.
SRC0 is the background water source for each of the two phantoms. The first variant has a
moderate background source (first line of Table 1) while the second has a four times higher
value (second line of Table 1); SRC3–SRC8 have the same and two times the specific activity
of the two bigger ellipsoids SRC1 and SRC2. Table 1 summarizes the geometric and activity
parameters of the modified Shepp–Logan phantom.

The specific activity distributions of the Shepp–Logan phantom is shown graphically
in Figure 1.
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Table 1. Description of the radiation-emitting areas of the Shepp–Logan phantom consisting of eight
ellipsoids (SRC1–SRC8) of various sizes and activities. The second phantom configuration, used for
the MLEM-RISE-1 comparison, features a background activity that is four times higher (see line 2 of
the table), representing a more demanding reconstruction scenario.

Source Position
[mm]

Minor X
Axis [mm]

Major Y
Axis [mm]

Angle ϕ
[deg]

Surface/π
[mm2]

Surface
[a.u.]

Activity
[kBq]

Specific
Activity

[kBq/a.u.]

SRC0 (0, 0) 75 100 0◦ 7500.00 1200 6000 5
24,000 20

SRC1 (+24, +2) 12 34 −18◦ 408.00 65 325 5
SRC2 (−24, +2) 17 45 +18◦ 765.00 122 610 5
SRC3 (0, +40) 23 27 0◦ 621.00 100 1000 10
SRC4 (0, +13) 5 5 0◦ 25.00 4 40 10
SRC5 (0, −11) 5 5 0◦ 25.00 4 40 10

SRC6 (−11,
−64) 5 2.5 0◦ 12.50 2 20 10

SRC7 (0, −64) 2.5 2.5 0◦ 6.25 1 10 10
SRC8 (+9, −64) 2.5 5 0◦ 12.50 2 20 10

2.2. Evaluation of Reconstruction Algorithms in Medical Imaging

Reconstruction algorithms across a range of imaging modalities are routinely assessed
both in absolute terms and through comparative analysis, with a focus on their fidelity in
reproducing the underlying imaged object. These evaluations are typically performed using
a combination of physical and digital (software) phantoms, which serve as “ground-truth”
references. The reconstructed images are quantitatively compared to the known structure of
these phantoms using a suite of established and well-characterized metrics. These metrics
are designed to quantify various aspects of image quality, such as spatial resolution, contrast
recovery, and noise characteristics. In Section 3, we will explore in detail the extent to which
these metrics effectively capture the reconstruction performance of a given methodology
and how reliably they discriminate between alternative reconstruction methods.

Despite the apparent maturity of this evaluation framework, several important ques-
tions remain open. For instance, is it theoretically possible for any reconstruction method-
ology to perfectly reproduce a source phantom given ideal conditions? If not, what fun-
damental limitations—whether physical, computational, or methodological—define the
closest achievable approximation? Furthermore, when two reconstruction methodologies
yield comparably high metric scores, it remains unclear whether this indicates genuine
equivalence in performance, a saturation point dictated by physical constraints, or merely
a shortcoming in the sensitivity of the employed evaluation metrics. It is plausible that
both limitations of the metrics and physical asymptotes in performance play a role. In the
subsequent sections, we aim to investigate these questions and offer at least partial answers
supported by theoretical insights and empirical evidence.

Central to this inquiry is the availability of highly advanced simulation frameworks
that enable precise modeling of the underlying physical processes in imaging. In particular,
the Monte Carlo-based GEANT4/GATE software suite [19,20] has emerged as an indis-
pensable tool in nuclear medicine imaging modalities. Its capability to simulate complex
interactions of particles or photons with matter at high accuracy, combined with the increas-
ing affordability of intensive computational resources, provides a powerful foundation for
probing the ultimate limits of image reconstruction accuracy in SPECT and PET modalities.
These tools allow for the generation of controlled, high-precision datasets, which are critical
for disentangling methodological limitations from intrinsic physical constraints.

https://doi.org/10.3390/tomography12040049
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For the Shepp–Logan phantom, the SPECT image results of the simulation presented
in this paper were produced using the Monte Carlo GEANT4/GATE [19,20] software
package together with a typical γ-camera dual-head system routinely used in a clinical
environment and radio-tracer 123I with γ-rays at 159 keV. The phantoms are constructed
using the simple analytical functions allowed by GATE, with the characteristics shown in
Table 1. Since our study focuses on the reconstruction quality of the central-slice image
only, a natural thickness of ±5 mm is given to the phantom geometry. A total of 128 planar
images are acquired with this simulated γ-camera system, corresponding to an angular
step of ∆θ = 2.8125◦, covering the full 360◦ range. The obtained phantom matrices and
the generated sinograms are normally composed to a 256 × 256 pixel image size, unless
otherwise specified.

2.3. The Need for Standardized Images

While the foundational principles of tomography were established [21] and significant
early advances were achieved [22] in an era predating modern computing, the ability to
incorporate detailed, physics-based modeling of all relevant processes influencing image
formation was severely limited. Early methodologies often relied on drastic simplifying
assumptions, as the computational tools necessary for realistic simulations did not yet exist.
Today, however, the field benefits from highly accurate and comprehensive simulations,
capable of modeling even subtle effects that impact the quality of the reconstructed image.
In the case of emission tomography, these include inhomogeneities in absorption due to
variations in the material between the source and detector, scattering phenomena, and
differences in imaging geometry or detector response.

As a result, the reconstructed image—and its corresponding sinogram—can vary
depending on the specific assumptions and physical models used in the simulation. Rather
than treating this variability as a limitation, it offers an opportunity: these simulation-
derived variants can serve as new reference standards against which to compare the
outputs of reconstruction methodologies under evaluation. Such comparisons provide a
more nuanced and realistic benchmark for methodology performance, grounded in the
complex physical realities of image formation. The set of standardized images required
for this purpose is presented below only for emission tomography. By analogy, the same
conceptual images can be defined for other modalities (e.g., MRI and CT); however, a
different physical forward model must be applied, incorporating the specific constraints of
each system.

A simple image that is produced by simulating in detail the processes that occur from
emission to detection is what we term the “Detector Image”, which is constructed by using
the nominal position of the emitted photons that were detected. Figure 2 shows the images
of the source phantom and of the “Detector” image for the test phantom used in our study
and the difference among them. This image is useful for forward-model validation and
field-application studies.

A widely used reconstructed image obtained using detailed simulation packages is
the image that is expected to emerge from a realistic detection system—e.g., a commercial
scanner. In such simulations the detailed specification of a digital or hardware source phan-
tom and every detail of the detection system is meticulously described. This image, which
we term the “Realistic Image”, is particularly useful for field applications—for example, in
a clinic or a laboratory that relies on a specific detection setup and equipment to derive its
results. The “Realistic Image” is the appropriate tool in such environments to explore issues
such as optimization of radiopharmaceutical dose (in PET or SPECT), collimator geometry
(in SPECT), number of planar images to be taken, and similar parameters. This image is
directly related to the hardware and experimental conditions, which make it unsuitable for
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assessing the capabilities and performance of a reconstruction methodology, as discussed
above. To facilitate this need we propose the introduction of the “Ideal Image”.

Figure 2. “Source” and “Detector” images from simulations of the modified Shepp–Logan phantom.
The “Source Image” includes all emitted photons; the “Detector” image includes only detected ones.
The rightmost panels show their difference; photon absorption and scattering within the phantom is
the dominant effect.

In practical imaging scenarios, no matter how advanced the reconstruction method-
ology is, the resulting image will never reach a statistically perfect representation of the
source phantom. This is due to several limiting factors:

(a) The interaction of the emitted photons within the body containing the volume to be im-
aged (e.g., a patient’s body), including scattering, annihilation, or kinematic blurring
(in PET), some of which are often grouped under the encompassing term attenuation.

(b) The interaction of the photons with intervening material between the boundaries of
the imaged object and the detector array (e.g., air, collimator, and encasing materials
in SPECT).

(c) Limitations of detection such as finite angular acceptance or energy resolution.
(d) Limitations in data acquisition, including a finite number of projections and limited

counting statistics.
(e) Electronic noise and uncertainties in the instrumentation chain leading to event recording.
(f) Uncertainties introduced in analyzing finite-statistics digitized data (e.g., binning errors).

With the exception of case (a), these physical limitations can be mitigated by acquiring
a sufficiently large number of projections and allowing for extended counting times to
ensure robust statistics. The image resulting from such a simulation—conducted under
these near-ideal conditions—is what we define as the “Ideal Image”. It represents the
highest level of accuracy attainable and differs from the “Source Image” solely due to
the fundamental photon interactions (attenuation and scattering) simulated within the
GATE framework. This image serves as an absolute benchmark against which practical
reconstruction methods can be evaluated. In this sense, the “Ideal Image” is universal: it is
independent of specific detection geometry, equipment, or algorithm and is determined
solely by the fundamental physics and statistical constraints of the imaging system.

In order to address the issue of minimizing the effects deriving from the geometric
and construction peculiarities of the collimator—a very important consideration in SPECT
due to finite angular acceptance—the concept of the “Ideal Collimator” was introduced. In
imaging systems like SPECT, collimators are made of dense, absorbing materials that allow
for only rays traveling in specific directions to reach the detector. However, collimators
are not infinitely narrow, which introduces blurring: some rays scatter on or penetrate
through the collimator and reach neighboring detector channels. In simulations, a software
collimator ignores the finite thickness of a hardware collimator and allows for each channel
to collect rays from a single direction. An “Ideal Collimator” is therefore effectively a
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software filter that accumulates only rays emitted perpendicularly to the detector surface.
Differences between the image of the phantom and the “Ideal Image” thus reflect inherent
deterioration of the image due to (a) above, which no reconstruction methodology can
overcome without the use of prior-knowledge input. Such a comparison is shown in
Figure 3. Differences between the image derived through a reconstruction methodology
and its corresponding “Ideal Image” are attributable to deficiencies in the reconstruction
methodology. Quantifying these differences or deficiencies will be the topic of the following
section. Table 2 summarizes the four types of images we introduced, along with the method
of generation and principal utility.

Figure 3. Simulated Shepp–Logan image of the “Source Image” and the “Ideal Image”, together with
their difference.

Table 2. The four images and sinograms defined and used in this work.

Image/Sinogram Generation Method Comments

“Source”

Direct emissivity map of the
phantom. No attenuation,
scatter, or detector effects; no
forward model needed.

Provides the reference “reality”
and a benchmark for testing
reconstruction methodologies.

“Detector”

Forward model accounts for
attenuation, scatter, geometric
acceptance, and detection
efficiency. Provides an excellent
representation incorporating all
detection physics.

Represents the starting point for
any reconstruction;
reconstructed images should
improve upon the “Detector”
image.

“Ideal”

Forward model under
asymptotic conditions: infinite
statistics, “Ideal Collimator”,
and no detector blur. Represents
the physical upper bound on
recoverable information.

Provides an absolute benchmark
for testing reconstruction
methodologies.

“Realistic”

Forward model with full system
effects: finite resolution,
collimator blur, detector
response, and realistic counts.
Represents actual scanner
behavior.

Useful for field applications
(e.g., clinics or laboratories) that
rely on specific detection
equipment to derive results.

The method of their generation and their principal utility is listed in the table. They are discussed in a more
thorough manner in the text.

This taxonomy is not merely conceptual: it follows directly from the structure of the
physical forward model used in SPECT and other tomographic modalities. The “Source
Image” represents the emissivity term; the “Detector Image” represents, with high fidelity,
the emission and detection physics underlying the process; the “Ideal Image” corresponds
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to the forward model stripped of instrumental imperfections and noise; and the “Realistic
Image” incorporates all real system effects. These four images therefore isolate distinct
physical contributions—source distribution, propagation physics, detection characteristics,
and acquisition statistics—and are essential for disentangling algorithmic limitations from
physical constraints. In this sense, the taxonomy is required for any rigorous, physics-
grounded evaluation of reconstruction fidelity.

2.4. Quantitative and Diagnostic Evaluation Tools

As outlined in the preceding discussion, the development and validation of novel
image reconstruction methodologies necessitate the use of well-characterized, standardized
benchmarks, along with robust and meaningful quantitative metrics. Such benchmarks
are essential to ensure objective, reproducible, and interpretable evaluations of perfor-
mance. The standardized images defined in Section 2.3—“Source”, “Detector”, “Ideal”,
and “Realistic”—provide the physically meaningful anchors needed to evaluate fidelity
across image and sinogram domains. These images establish a structured framework
against which reconstructed outputs can be compared. In the present section, we extend
the evaluation methodology by

(i) Recalling the global quantitative metrics that remain essential for baseline comparisons;
(ii) Introducing local and histogram-based diagnostics that retain sensitivity when global

measures saturate;
(iii) Formalizing Region-of-Interest (RoI) analysis as a focused evaluation tool.

The section concludes with an integrated interpretation framework that unifies all
these approaches.

In Table 3, metrics and evaluation criteria used in our investigations are presented. All
methods are applicable to both software and hardware phantoms. For the well-established
ones, references are provided, while those introduced in this work are marked as “new”.

Table 3. Applicability of evaluation metrics and diagnostic tools across different imaging contexts.

Metric Field Data References

Correlation Coefficient (CC) Only on sinograms [23,24]

Normalized Mean Square Error (NMSE) Only on sinograms [25]

Peak Signal-to-Noise Ratio (PSNR) Only on sinograms [26]

Contrast-to-Noise Ratio (CNR) Only on sinograms [27]

Structural Similarity (SSIM) Only on sinograms [28]

Structure and Contrast Index (SCI) ✓ new

χ2 maps of sinograms ✓ new *

χ2 maps of images × new *

Difference map of sinograms and SCI ✓ new *

Difference map of images and SCI × new *

Sinogram intensity (gray-value) histogram analysis
and χ2

reduced of intensity histograms ✓ new *

https://doi.org/10.3390/tomography12040049
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Table 3. Cont.

Metric Field Data References

Image intensity (gray-value) histogram analysis
and χ2

reduced of intensity histograms × new *

(✓) indicates conditional or partial applicability; (×) indicates the metric cannot be meaningfully applied in that
setting. For “field” (experimental or clinical) data, image-based comparisons often require projections to sinogram
space. Histogram-based diagnostics quantify differences in gray-value distributions and do not represent spatial-
frequency or Fourier-domain analysis. * These tools are widely used qualitatively, but in this work a subjective,
quantitative formalization (SCI for difference maps, χ2

reduced for χ2-maps, and χ2
reduced for intensity-distribution

comparison) is introduced.

2.4.1. Global Quantitative Metrics

Several well-established quantitative metrics are routinely employed to assess the
quality of reconstructed sinograms and images and their fidelity to reference data. These
metrics are applicable to both reconstructed images and sinograms and are instrumental in
benchmarking methodological performance.

Global metrics often condense image or sinogram agreement into a single, reproducible
number such as χ2. They are easy to report and compare but can mask localized or
structured residuals once reconstructions are already of high quality. We therefore use
them as a baseline and subsequently probe deeper with the diagnostics presented in
Sections 2.4.2 and 2.4.3. For the sake of completeness, accuracy, and reproducibility, we
provide both the references (see Table 3) and the exact formulas in Appendix A.

Global Scalar Metrics

Global scalar metrics remain widely used in tomographic image analysis because they
condense the agreement between two images or sinograms into a single reproducible quan-
tity. In principle, many such metrics may be employed to evaluate reconstruction fidelity.
Beyond the classical χ2 statistic, we have examined a broader family of global comparison
measures, including information-theoretic divergences such as the Jensen–Shannon (JS)
divergence [29,30] and the Kullback–Leibler (KL) divergence [31]; statistical–geometric
measures such as the Hellinger distance [32]; and optimal-transport distances such as the
1-Wasserstein and 2-Wasserstein metrics [33–35]. These modern alternatives often retain
sensitivity in high-fidelity regimes, where conventional scalar metrics (e.g., SSIM, NMSE,
CC, and PSNR) tend to saturate and lose discriminative power.

On the role of metrics as cost functions.

Many of these comparison metrics are not only used for evaluation purposes but
also frequently serve as cost functions guiding the reconstruction process itself. Iterative
and model-based algorithms often optimize a specific discrepancy measure—whether
a likelihood-based statistic such as the χ2, an information divergence such as the Kull-
back–Leibler divergence, or a geometric discrepancy arising from optimal transport. The
choice of cost function thus strongly influences convergence behavior, noise propagation,
and the types of structures preferentially preserved or suppressed. The optimal choice
depends on the physical acquisition model, statistical noise characteristics, and diagnostic
priorities of the imaging modality. In this respect, although more sophisticated metrics can
offer improved sensitivity or robustness, simpler measures such as the χ2 retain practical
advantages in transparency, physical grounding, and broad applicability across imaging
and sinogram domains.

https://doi.org/10.3390/tomography12040049
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Rationale for the use of χ2 in this work.

For the purposes of this manuscript, we have deliberately adopted the χ2 statistic as
the primary global scalar metric. This decision reflects considerations of interpretability,
methodological consistency, and reproducibility across all reconstruction scenarios exam-
ined in this study, rather than an assertion of its superiority over alternative metrics. The
χ2 metric provides a physically grounded, noise-aware measure of discrepancy and can
be uniformly applied in image, sinogram, and intensity histogram analysis within our
evaluation framework.

Formally, given two arrays (X) and (Y) representing reconstructed and reference data
(image or sinogram) and corresponding variance estimates (σ2

i ), the global χ2 metric is

defined as χ2 = ∑i
(Xi−Yi)

2

σ2
i

, where the sum extends over all valid pixels or bins. When

explicit variance estimates are unavailable, reduced or unweighted χ2 variants may be
used, though their interpretation becomes less strictly statistical.

These global metrics, collectively, provide a necessary quantitative foundation for
evaluating reconstruction methodologies. However, once their values saturate—especially
for SSIM and CC—their discriminative power diminishes. The next subsections therefore
introduce local and histogram-based diagnostics that remain sensitive in this regime.

In all χ2 evaluations presented in this work, the variance entering the denominator is
derived directly from the Monte Carlo simulation and is therefore dominated by counting
statistics. The underlying signal is taken as noise-free. The χ2 used throughout is the
reduced χ2, computed either globally or pixel-wise to form χ2 maps.

Pixel independence cannot be assumed in sinograms or reconstructed images, since
both contain spatially correlated structures. For this reason, χ2 is used as a discrepancy
measure and as a reconstruction cost function but not for estimating parameter uncertain-
ties; those are obtained with the Jackknife method. The choice of χ2 reflects simplicity and
transparency, not exclusivity: other discrepancy metrics were examined, and the qualitative
conclusions reported here do not depend on the particular cost function. As noted else-
where, the optimal choice of discrepancy metric is modality- and application-dependent.

2.4.2. Local and Intensity (Gray-Value) Histogram Diagnostic Tools
Motivation

Global metrics (Section 2.4.1) provide indispensable, reproducible scalar summaries
of agreement between reconstructed and reference data. However, in the high-fidelity
regime reached by modern methodologies, these metrics often reach asymptotic behavior
(e.g., global χ2 values) or saturate (e.g., SSIM ≈ 1; NMSE ≈ 0), concealing where resid-
ual discrepancies remain and whether those residuals are random or contain structured
information that can still be recovered.

To overcome this limitation, we employ a set of spatial and histogram-based diagnos-
tics designed to (i) expose localized deviations, (ii) evaluate their statistical significance,
and (iii) determine whether the residuals are organization-free (noise-like) or structurally
coherent (information-bearing). These diagnostics are applied both in image and sinogram
domains, using the standardized images introduced in Section 2.3.

1. χ2 and Image Difference Maps
Image difference maps and χ2 maps serve as valuable diagnostic tools, providing
spatially resolved insight into how reconstructed data compare with a reference image
or sinogram. Difference maps highlight pixel (or voxel)-wise discrepancies, allowing
structural mismatches to be identified in images and projection-space inconsistencies
to be detected in sinograms. χ2 maps extend this concept by normalizing residuals
against expected noise variance, thereby yielding a statistically grounded measure
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of local agreement. Whereas image difference maps emphasize absolute deviations,
χ2 maps account for noise and experimental variability and are particularly useful in
iterative methodologies in which χ2 minimization serves as the cost function.
As a reconstruction converges toward a correct solution, both difference and χ2 maps
should approach zero values across the field of view, with residuals persisting only
in regions where reconstruction remains imperfect. Figure 4 illustrates these tools
using the Shepp–Logan phantom. In both image and sinogram space, the recon-
structed data are compared against their respective references, with the resulting
difference and χ2 maps clearly delineating regions of mismatch. Such visualiza-
tions are invaluable for qualitatively diagnosing convergence behavior and guiding
methodological refinement.

Figure 4. Difference and χ2 map of images and sinograms. In the first row, the sinogram correspond-
ing to an “Ideal Image” of a Shepp–Logan phantom and the sinogram resulting from an MLEM
reconstruction are shown along with the resulting sinogram difference and χ2 map. In the second row,
the “Ideal Image” from a Shepp–Logan phantom, the MLEM reconstructed image, their difference,
and the corresponding χ2 map are shown.

Formally, let X and Y be two arrays of the same shape representing, respectively,
the reconstructed object (image or sinogram) and the reference (typically the “Ideal”
image or sinogram; for field data, the comparison may be performed in sinogram
space). Define the residual (difference) map as

R = X − Y or R = |X − Y|. (1)

The signed form visualizes the direction of deviations; the absolute form empha-
sizes magnitude.
To assess the statistical significance of residuals, the pixel-wise (or bin-wise) χ2 map is
computed as

χ2 =
N

∑
i=1

(Xi − Yi)
2

σ2
i

(2)

Spatially correlated clusters of elevated ones indicate modeling inadequacies or sys-
tematic reconstruction bias, even when the global χ2 is acceptable.
When χ2 is the cost function minimized during reconstruction, these maps reveal
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where the optimization converges effectively and where significant structure remains—
information that a single global number cannot convey.

2. Structure and Contrast Index (SCI)
Visual inspection of image difference and χ2 maps provides valuable qualitative
insight into reconstruction deficiencies; however, a scalar diagnostic is required to
quantify whether residuals contain organized structure or are dominated by noise, and
to enable objective comparison between different reconstruction results. To address
this need, we introduce the Structure and Contrast Index (SCI).
The SCI is a diagnostic quantity computed exclusively from a single difference map

R = X − Y (3)

where X is a reconstructed image (or sinogram) and Y is the corresponding reference,
typically the “Ideal Image” or “Ideal Sinogram”. The SCI is not a similarity metric
between two images, such as the Structural Similarity Index (SSIM).
The SCI is defined as the product of the contrast and structure components that also ap-
pear in the SSIM formulation, evaluated on the difference map R. The luminance com-
ponent of SSIM is explicitly discarded, as it is not meaningful for residual maps whose
mean value is close to zero and, in high-fidelity reconstruction regimes, tends to domi-
nate the SSIM value, thereby reducing sensitivity to structured residual information.
The SCI is introduced to retain sensitivity in high-fidelity reconstruction regimes,
where conventional global similarity metrics saturate and lose the ability to discrimi-
nate structured residual information. By construction, the SCI quantifies the extent to
which the residual map contains coherent, spatially organized structure (e.g., edges,
textures, or repeated patterns) as opposed to random, noise-like fluctuations. As
reconstruction quality improves, such organized residual structure is progressively
eliminated and the SCI approaches zero, whereas elevated values indicate that recover-
able information remains in the residuals, pointing to limitations in system modeling,
regularization, or reconstruction strategy. Because the SCI is specifically sensitive to
structured residual content, its interpretation depends on the nature of the residuals:
in regimes dominated by strong, noise-like fluctuations, low values may reflect the
masking of coherent structures rather than genuinely high reconstruction fidelity.
More generally, as with most quantitative metrics, the SCI should be interpreted in
context, alongside complementary metrics and domain-specific considerations, rather
than in isolation. This behavior will be illustrated concretely in the benchmarking
example discussed in Section 3.2.
The SCI can be computed in both image space and sinogram space. For field or clinical
data, where a ground-truth image is unavailable, the SCI is most reliably applied in
sinogram space, where projection-domain statistics are well-defined.
The values of contrast, structure, and SCI for the difference maps of images and
sinograms shown in Figure 4 are given in Table 4.

Table 4. Contrast and structure components and SCI for difference maps of sinograms and images
shown in Figure 4.

Context Contrast Structure SCI

Sinograms
(Difference Map) 0.07 ± 0.02 0.13 ± 0.04 0.009 ± 0.004
Images
(Difference Map) 0.234 ± 0.001 0.242 ± 0.003 0.0566 ± 0.0007
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3. Intensity (gray-value) histogram analysis
As an additional diagnostic tool, we introduce the concept of intensity histograms
analysis of tomographic images and sinograms. This approach involves analyzing
the intensity content (gray value) of an image or sinogram—effectively decomposing
it into components that vary in gray value—and comparing the resulting intensity
histograms between experimental data and reconstructions.
Given two images X and Y, we first normalize them by dividing each image by its
mean intensity:

Xnorm =
X

mean(X)
and Ynorm =

Y
mean(Y)

. (4)

With this normalization, the total luminosity of the images becomes comparable, since

∑
i

Xi
norm = ∑

i
Yi

norm. (5)

Let SX and SY denote their corresponding intensity distributions, represented as
one-dimensional histograms using a common set of NB bins. All bins have the same
width and span the full intensity range required to cover both normalized images.
A direct comparison of the two histograms is now possible. Their difference can be
quantified in a straightforward way by computing the reduced χ2

reduced value applied
to all histogram bins:

χ2
reduced =

1
NB

NB

∑
i=1

(
Si

X − Si
Y

)2
. (6)

Such comparisons can offer quantitative and visual insight into the fidelity of the
reconstruction, particularly with regard to resolution and structural detail. Recon-
structions that exhibit blurring typically show broader or attenuated peaks in their
intensity histograms, especially in regions corresponding to high-intensity features
such as sharp edges or small hotspots.
Conversely, a well-resolved reconstruction preserves the higher-intensity components
present in the original image or sinogram. Intensity histograms thus complement
traditional pixel-domain metrics by probing the intensity domain, where differences
in texture, contrast, and resolution become more apparent.
This can be especially revealing for identifying systematic degradation or smoothing
introduced by regularization or filtering within the reconstruction pipeline.
The intensity (gray-value) histogram analysis used in this work characterizes the
distribution of pixel or bin intensities and should not be confused with spectral or
frequency-domain analysis based on spatial Fourier transforms. Histogram analysis
probes how reconstruction processes redistribute intensity values and is sensitive to
resolution loss, smoothing, and intensity migration effects, whereas spatial-frequency
analysis addresses different aspects of image structure.
Figure 5 provides representative examples of such intensity histograms for the experi-
mental and reconstructed images and sinograms of Figure 4. As illustrated, deviations
in the shape and width of the peaks serve as indicators of the degree to which spatial
detail has been preserved or lost during reconstruction.
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Figure 5. The intensity histograms (on logarithmic and linear scale) of “Ideal” and reconstructed
images (on the left) and sinograms (on the right) of Figure 4 for the case of MLEM after 24 iterations
are provided. Linear and logarithmic scales are shown to visualize both dominant and low-frequency
components of the gray-value distribution (histogram-based diagnostics quantify differences in
gray-value distributions and do not represent spatial-frequency or Fourier-domain analysis).

2.4.3. Region-of-Interest (RoI) Analysis

A Region of Interest (RoI) is a diagnostic construct that enables localized quantitative
evaluation of reconstruction performance within selected subregions of an image [36–42].
Conceptually, it functions as a controlled zoom-in on areas of particular diagnostic or
structural importance, allowing for quantitative scrutiny of features that may be diluted or
concealed in global analyses.

By restricting evaluation to meaningful subregions—such as boundaries, isolated
hotspots, or regions containing closely spaced sources—RoIs provide a refined perspective
on reconstruction quality and help identify local variations that may not be captured by
whole-image metrics.

Although an RoI is defined and processed as an image mask, it is not an additional
image type but rather a flexible analytical tool within the evaluation framework.

RoIs are defined on any reference image—e.g., the “Ideal Image”—and are subse-
quently applicable to all standardized images introduced in Section 2.3 (“Source”, “Detec-
tor”, “Ideal”, and “Realistic”) that represent the same imaged object or phantom. The same
RoI boundaries are then applied identically to each reconstruction to ensure reproducibility
and strict comparability among methodologies.

Because RoIs are defined purely in image space, they have no corresponding sinogram,
underscoring that they operate as diagnostic tools rather than data representations. Each
RoI is represented as a binary mask

Ω ⊂ Zn,

where denotes Ω the set of discrete pixel or voxel coordinates belonging to the RoI, and Zn

represents the n-dimensional integer lattice of the image grid (for planar and for volumetric
data). Within each RoI, the quantitative metrics introduced in Sections 2.4.1 and 2.4.2 can
be recomputed to yield localized indicators of fidelity, for example,
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SSIMΩ, CNRΩ, NMSEΩ, χ2
Ω.

These localized metrics quantify reconstruction accuracy exactly where it matters most,
avoiding the averaging effects that can obscure deficiencies in global assessments. The
selection of RoIs should be guided by the physical or diagnostic objectives of the study.

Edge-crossing RoIs evaluate boundary sharpness and partial-volume effects; hotspot
RoIs assess localized intensity recovery; and regions containing closely spaced structures
probe spatial resolution. Additional RoIs may be defined in uniform or background areas to
characterize noise properties or to serve as internal normalization references. When applied
systematically, RoI analysis exposes method-dependent differences that remain invisible
to global metrics. For instance, two reconstructions may achieve comparable global SSIM
but differ markedly in localized SSIM or χ2 values within critical subregions—highlighting
differences in modeling or regularization performance. Thus, RoI analysis serves as an inte-
gral “magnifying lens” within the quantitative evaluation toolkit, bridging global metrics
and local diagnostics to provide a coherent, multiscale view of reconstruction quality.

Figure 1 illustrates the representative RoIs used in this work. For the Shepp–Logan
phantom, three RoIs are shown: (i) an edge-region RoI probing spatial resolution, (ii) a
hotspot RoI assessing local intensity recovery, and (iii) a uniform-background RoI quantify-
ing noise stability.

The same masks were applied identically to all reconstructions to ensure reproducibil-
ity and facilitate direct comparison between methodologies.

2.4.4. Methods of Reconstruction

Three distinct reconstruction methods were employed in this study to demonstrate
and validate the proposed evaluation framework: the Algebraic Reconstruction Technique
(ART) [43,44], the Maximum Likelihood Expectation Maximization (MLEM) [45] algorithm,
and the recently developed Reconstructed Image from Simulations Ensemble-1 (RISE-1)
method [46–49].

While the first two are well-established iterative frameworks, they differ fundamen-
tally in their optimization logic. ART operates in a deterministic linear way, while MLEM
employs a statistical, iterative maximum likelihood criterion to reach the optimal recon-
struction. RISE-1 is a novel stochastic, model-based technique that explores a broader
parameter space through ensemble sampling.

Algebraic Reconstruction Technique (ART)

ART is a foundational iterative framework for tomographic imaging, which reformu-
lates the reconstruction problem as a large-scale system of linear equations, seeking to
recover the image vector by iteratively projecting current estimates onto the hyperplanes
defined by individual projection measurements. Characterized as a row-action method,
ART sequentially updates image pixels f j along each ray path to minimize the local residual
between the measured data path Si (sinogram) and the forward-projected estimate Ri,
utilizing the projection matrix Pij:

f (k+1)
j (i) = f (k)j (i) +

Si − R(k)
i

∑j Pij
Pij (7)

where (k) denotes the current iteration [44]. The deterministic nature of ART, which treats
each measurement as an exact linear constraint, provides a robust and computationally
efficient framework for addressing ill-posed problems and mitigating streak artifacts char-
acteristic of analytical methods. However, its strict enforcement of data consistency often
leads to increased sensitivity to noise and local fluctuations in the reconstructed image.
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In the present work, the projection matrix Pij was constructed based on the spatial
attenuation distribution of the medium, as determined by GATE Monte Carlo simulations.
To facilitate a direct and unbiased comparison with MLEM, the ART algorithm was executed
until the χ2 values exhibited stationarity, serving as a standardized convergence criterion
across both iterative methods.

Maximum Likelihood Expectation Maximization (MLEM)

The MLEM algorithm estimates the activity distribution f j that maximizes the likeli-
hood of the measured projections gi, given the system response matrix Pij. Iterations were
performed until convergence, as determined by the stabilization of the global χ2 between
successive reconstructed images.

f (k+1)
j = f (k)j

1
∑i Pij

∑
i

Pij
gi

∑m Pim f (k)m

. (8)

where f (k)j is the estimated value of voxel j at iteration k.
MLEM reconstructions were generated using synthetic projection data simulated

with the GATE (Geant4 Application for Tomographic Emission) toolkit under conditions
replicating realistic detector geometry and noise statistics.

Reconstructed Image from Simulations Ensemble (RISE-1)

The RISE-1 method, part of the RISE suite, is a stochastic, simulation-driven recon-
struction technique that generates a set of statistically consistent candidate images by
sampling the space of physical and statistical parameters describing the imaging system.
Each ensemble member is obtained by forward-modeling photon transport through the
system using the same GATE-based configuration as MLEM, followed by a comparison
between simulated and measured projections using a χ2 cost function. The final recon-
structed image is calculated as the expectation value over the accepted ensemble members,
yielding an inherently regularized solution that suppresses noise amplification and reduces
dependence on initial conditions.

Both reconstruction methods were applied to the standardized phantom data intro-
duced earlier. For MLEM, reconstructions were generated at successive iteration counts to
analyze convergence behavior and to demonstrate the sensitivity of the proposed metrics
and diagnostic tools to subtle image improvements. For RISE-1, the reconstruction was per-
formed using the same projection data and imaging geometry, enabling direct quantitative
comparison with the MLEM results.

3. Results
In this section, we demonstrate the utility and versatility of the standardized reference

images, simulated sinograms, and evaluation metrics introduced in the previous section.
Designed for broad applicability, these tools enable rigorous, quantitative comparison
across diverse reconstruction methodologies and imaging modalities.

To illustrate their relevance, two representative case studies are presented. In Case
A, we analyze the behavior and convergence of the MLEM algorithm [16], using both
conventional and newly introduced metrics to reveal subtle changes in image quality
and reconstruction performance. The study of the well-known MLEM illustrates the
value of the several diagnostic tools and metrics without adding the complexity of an
unfamiliar algorithm.

In Case B, we evaluate the novel RISE-1 algorithm, directly benchmarking it against
MLEM and ART using the same identical data, phantoms, and reference images. This
comparison highlights the ability of the proposed method to sensitively detect differ-
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ences in reconstruction quality—both globally and within selected Regions of Interest
(RoIs)—providing insights beyond those offered by traditional single-value measures. A
comparative assessment of RISE-1, MLEM, and ART is conducted to demonstrate the
methodological framework, which is designed to support transparent and reproducible
comparisons between established algorithms and novel or less familiar approaches.

As noted in Section 2.4.1, our analysis considered a broader family of global scalar and
geometric comparison metrics—including information divergences and optimal-transport
distances—that can offer enhanced sensitivity in high-fidelity regimes. For the sake of method-
ological consistency and clarity in the comparative studies that follow, we report exclusively
the χ2 statistic in this section, even though more advanced metrics were examined in parallel.

3.1. CASE A: Exploring Convergence and Properties of MLEM

In this first case, we chose to showcase the method using a 2-D software phan-
tom (Shepp–Logan: Table 1 and Figure 1). The sinograms were generated using
128 equally spaced projections by simulating the emission and propagation of the pho-
tons with GEANT4/GATE using an “Ideal Collimator”. All simulated experiments were
performed using controlled random seeds and identical instrument parameters to ensure
reproducibility. Data generation and pre-processing settings were kept constant across
all evaluations. To assess robustness, all reconstructed images were generated with com-
parable count statistics consistent with the Poisson processes governing γ-ray emission.
Under these conditions, the MLEM algorithm demonstrated stable performance with only
minor variations. For the case of Shepp–Logan a number of MLEM reconstructions were
produced, each resulting from a different number of iterations. Four of them are shown in
Figure 6, alongside the “Ideal Image” and their corresponding sinograms. Metric uncer-
tainties were estimated using the Jackknife method [50–52]. The global metrics values are
illustrated in the first column of Figure 7. Their numerical values along with the metrics
in the sinogram domain and a comparison of MLEM (48 iterations) with “Source Image”
instead of “Ideal” are provided in Appendix B.

Figure 6. The top row depicts the “Ideal Sinogram” (a) and those resulting from different stages
of MLEM (3, 9, 24, and 48 iterations) (b–e). The bottom row shows the “Ideal Image” (f) and the
corresponding MLEM reconstructions (g–j).
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Figure 7. A selection of metrics (NMSE, PSNR, CC, SSIM, CNR, and SCI) are presented for each one
of the RoIs and the entire image, and for four stages of MLEM evolution. The SCI computed from
the difference map between reconstructed and reference images. SSIM approaches unity at early
reconstruction stages, whereas the SCI continues to evolve, indicating sensitivity to residual structure
beyond global similarity.

3.1.1. χ2 and Difference Maps for Sinograms and Images

As discussed in Section 2.4.2, difference maps and χ2 maps provide further insight
into the quality of reconstructions, highlighting both absolute deviations and statistically
normalized ones, respectively. In this case study, we apply these diagnostics to evaluate
MLEM reconstructions at two stages, after 9 and 48 iterations, as illustrated in Figure 8.
Notably, in the fully converged case, the χ2 map of the sinogram (χ2

reduced = 2) shows
minimal residual structure, indicating convergence, indicating that minimal additional
information can be extracted from the data. By contrast, the maps obtained after nine
iterations (χ2

reduced = 12) reveal clear residual patterns, underscoring that the reconstruction
has not yet converged and it has not captured the available information. The difference
maps (Figure 8), in contrast to the χ2 maps, also provide the sign of the discrepancy in each
area, allowing us to identify which regions in the image and sinogram are overestimated
or underestimated. In the difference map of the MLEM image after nine iterations, we
notice that the background around the hotspots is significantly overestimated, while the
boundaries of the hotspots are underestimated—an effect that is greatly mitigated after
48 iterations.
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Figure 8. The first row provides the difference and χ2 maps for the sinogram and the second one the
difference and χ2 maps for the images. The difference and χ2 maps reveal areas of the images that
are not well-represented by the reconstruction.

3.1.2. Structure and Contrast Index (SCI) of Images and Sinograms

The Structure and Contrast Index (SCI) is the metric we introduced to quantify the
magnitude of the discrepancy seen in the difference maps of sinograms and images. The
values of the SCI, along with the individual components of Luminance Contrast and
Structure, for image and sinogram difference maps for all the stages of MLEM are given in
Table 5 and illustrated in Figure 9. As expected, the SCI of the sinogram difference map for
MLEM (three iterations) is higher compared to the case of MLEM at full convergence. As
the algorithm converges, the difference becomes dominated by statistical fluctuation and
noise, leading to a lower SCI for both image and sinogram difference maps, indicating that
little additional information can be obtained from the experimental data.

While global similarity metrics such as SSIM rapidly approach unity after only a few
reconstruction iterations, the SCI—computed on difference maps—continues to decrease
systematically, reflecting the progressive elimination of structured residuals. This demon-
strates that the SCI provides complementary information rather than duplicating the role
of SSIM, particularly in the high-fidelity regime where global similarity metrics saturate
(Table 5 and Figure 7).

Table 5. Luminance, contrast, structure, and SCI values of sinogram and image difference maps
(reconstructed—“Ideal”) using MLEM at different iteration stages.

Metric on
Difference Map MLEM (3 Iterations) MLEM (9 Iterations) MLEM

(24 Iterations)
MLEM

(48 Iterations)

Luminance
(sinogram) 0.000 ± 0.006 0.000 ± 0.002 0.000 ± 0.002 0.000 ± 0.002

Luminance (image) 0.000 ± 0.002 0.0000 ± 0.0002 0.0000 ± 0.0004 0.0000 ± 0.0002
Contrast (sinogram) 0.58 ± 0.05 0.16 ± 0.03 0.07 ± 0.02 0.05 ± 0.02
Contrast (image) 0.696 ± 0.001 0.424 ± 0.001 0.234 ± 0.001 0.192 ± 0.001
Structure (sinogram) 0.738 ± 0.007 0.349 ± 0.005 0.130 ± 0.004 0.063 ± 0.001
Structure (image) 0.826 ± 0.007 0.356 ± 0.005 0.242 ± 0.003 0.062 ± 0.002
SCI (sinogram) 0.43 ± 0.04 0.06 ± 0.01 0.009 ± 0.003 0.003 ± 0.001
SCI (image) 0.575 ± 0.005 0.151 ± 0.002 0.057 ± 0.001 0.0119 ± 0.0004
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Figure 9. Convergence of the SCI. The structure, contrast, and SCI are computed from the difference
map between reconstructed (four MLEM stages) and reference images in (a) and sinograms in (b).

3.1.3. Intensity (Gray-Value) Histogram Analysis of Images and Sinograms

We have introduced the intensity (gray-value) histogram analysis of tomographic
images and their corresponding sinograms as an additional diagnostic tool.

In Figure 10, we study the image and sinogram intensity histograms for several MLEM
stages (3, 9, 24, and 48 iterations).

In addition we show the utility of this tool investigating how the number of angu-
lar projections used in reconstruction affects image quality (Figure 11). A Shepp–Logan
phantom, simulated using an “Ideal Collimator,” serves as the ground truth. Recon-
structions were performed using sinograms with 32, 64, and 256 uniformly distributed
planar projections.

In Figure 11, we present the intensity histograms of the “Ideal Image” and those of
the reconstructed images for each projection set. As the number of projections increases,
the intensity histogram peaks in the reconstructed images become narrower, progressively
converging toward the intensity histogram of the “Ideal Image”. This demonstrates and
quantifies that increased angular sampling enhances the reconstruction’s ability to recover
accurate intensity distributions, particularly around localized high-intensity regions (e.g.,
“hotspots”), resulting in higher resolution.

Interestingly, Figure 11, which displays the sinogram intensity histograms, shows that
the overall shape of the intensity histogram of the sinograms remains rather insensitive
to the number of projections. This indicates that while the information content of the
sinogram may appear similar, the resolution and fidelity of the final reconstructed image
are significantly influenced by the density of angular sampling. The intensity histogram of
the image capture with greater sensitivity than sinogram-based metrics alone.

In the next example (Figure 12), we present the image intensity histograms and sino-
gram intensity histograms obtained from different levels of statistics. Artifacts during
reconstruction—because of statistical fluctuation on the sinograms that allow for the migra-
tion of image intensity to neighboring pixels—contribute to the distortion of the intensity
histogram. Higher levels of statistics lead to sharper peaks on the intensity histogram.

The two examples shown demonstrate that the intensity histogram analysis is a
valuable diagnostic tool for assessing reconstruction quality. In addition, the intensity
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histogram of the sinograms shows that no area with different numbers of counts reaching
the detector is missed or underestimated. It is important to analyze both the sinograms
and the images, as agreement in the sinogram’s intensity histogram does not guarantee the
agreement in the image’s intensity histogram.

Figure 10. The top row of the figure displays the “Ideal Image” alongside the four MLEM recon-
structions. In the second row, the intensity histograms of the “Ideal Image” and each of the four
reconstructions are illustrated on the left. On the right, the intensity histograms of the “Ideal Sinogram”
and those resulting from MLEM are presented. Linear and logarithmic scales are shown to visualize
both dominant and low-frequency components of the gray-value distribution (histogram-based
diagnostics quantify differences in gray-value distributions and do not represent spatial-frequency or
Fourier-domain analysis).

3.1.4. Region-of-Interest (RoI) Analysis: Application of New Metrics and Images

A limitation of global evaluation metrics—such as χ2 or SSIM—is that they dilute
the effect of localized discrepancies across the full image or sinogram. As a result, small
but diagnostically critical deviations (e.g., missed hotspots; poor edge delineation) may
go undetected. To remedy this, as discussed in Section 2.4.3, we make use of the well-
known technique of Region-of-Interest (RoI) analysis [36–42] in conjunction with the newly
introduced images and metrics.
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Figure 11. The top row of the figure displays the “Ideal Image” alongside the three reconstructions
from MLEM at full convergence and with 32, 64, and 256 projections. In the second row, the
intensity histograms of the “Ideal Image” and each of the three reconstructions are illustrated on
the left. On the right, the intensity histograms of the “Ideal Sinogram” and those resulting from
32, 64, and 256 projections are presented. Linear and logarithmic scales are shown to visualize
both dominant and low-frequency components of the gray-value distribution (histogram-based
diagnostics quantify differences in gray-value distributions and do not represent spatial-frequency or
Fourier-domain analysis).

We defined in Section 2.4.3 (see Figure 1) three representative RoIs in the Shepp–Logan
phantom to target specific reconstruction challenges: For each of these RoIs, we compute
localized χ2 values, intensity histograms analysis, and SSIMs of the reconstructed and
reference images or sinograms. These localized metrics offer a powerful complement to
global scores, as they reveal details that may go unnoticed otherwise.

In Appendix C we present the RoIs of the “Ideal Image” alongside those from the
four MLEM reconstructions and a table with all the metrics values for each RoI. The
corresponding bar plots for each RoI, along with the ones for the entire image, are presented
in Figure 7. The metrics show greater sensitivity in RoIs than the entire image, as expected.
For example, SSIM values for RoIs are significantly lower than those computed for the entire
image, emphasizing the importance of localized evaluation in identifying performance
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gaps. Additionally, for the newly introduced metrics SCI, the values for RoIs showed
greater variation across MLEM iterations, and substantially higher values, about an order
of magnitude, indicative of its sensitivity, further underscoring the utility of RoI analysis in
tracking convergence and identifying areas for improvement.

Figure 12. The top row of the figure displays the “Ideal Image” alongside the four reconstructions
from MLEM at full convergence, utilizing sinograms with different level of statistics (1/8, 1/4, 1/2,
and full counts). In the second row, the intensity histograms of the “Ideal Image” and each of the
four reconstructions are illustrated on the left. On the right, the intensity histograms of the “Ideal
Sinograms” with the four cases are presented. Linear and logarithmic scales are shown to visualize
both dominant and low-frequency components of the gray-value distribution (histogram-based
diagnostics quantify differences in gray-value distributions and do not represent spatial-frequency or
Fourier-domain analysis).

By leveraging RoI analysis in conjunction with the new metrics, we validate the
sensitivity and interpretability of the proposed metrics and tools, demonstrating their
ability to characterize local image fidelity and optimize reconstruction methods.

3.2. CASE B: Benchmarking a New Reconstruction Method

In this second demonstration case, we apply the new methodology to evaluate and
benchmark the performance of RISE-1 (Section 2.4.4), a novel algorithmic reconstruction
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method. Using the introduced images and quantitative metrics, we compare the perfor-
mance of the novel RISE-1 against the established MLEM and ART methods.

The proposed methodology is reconstruction-method agnostic: it does not depend on
the internal formulation of the algorithm, whether proprietary, unpublished, or otherwise
inaccessible. Instead, it evaluates performance solely on the basis of the reconstructed
output, ensuring a fair, consistent, and broadly applicable benchmarking framework.

To demonstrate this benchmarking process, we selected a particularly challenging
test case: the reconstruction of a Shepp–Logan phantom with significant background
activity. The specific activity ratio across regions (background:side ellipses:central ellipse
and hotspots) is set to (20:5:10), according to Table 1. In this case study, the phantom
configuration is intentionally more challenging than in the MLEM convergence study,
with background activity increased by a factor of four. This elevated background reduces
contrast and makes the reconstruction problem intrinsically more difficult. The “Ideal
Sinograms” were generated using the “Ideal Collimator” model, ensuring a high-quality
reference dataset for evaluation.

Figure 13 presents the ART, MLEM, and RISE-1 reconstructions alongside the “Ideal
Image” and their corresponding sinograms. A visual inspection suggests broadly compara-
ble performance among the three algorithms. All methods successfully capture the overall
structure and reproduce the hotspots, providing a faithful representation of the phantom.

Figure 13. Top row: (a) “Ideal Sinogram” and sinograms obtained using three reconstruction methods:
(b) ART, (c) MLEM, and (d) RISE-1. Bottom row: (e) “Ideal Image” and corresponding reconstructions:
(f) ART, (g) MLEM, and (h) RISE-1.

The examination of the metrics associated with the overall reconstruction (Table 6)
indicates that RISE-1 and MLEM perform comparably and consistently outperform ART.
Particularly informative are the difference maps (Figure 14), which reveal that the im-
proved χ2 of ART in representing the sinogram is achieved at the expense of introducing
pronounced pixel-to-pixel fluctuations in the reconstructed image.

To further discriminate between the two high-performing methods (MLEM and RISE-
1), we examine the RoIs shown in Figure 15, together with the corresponding metric values
reported in Table 6 and the associated plots in Figure 16. Across all RoIs, the small hotspots
are more accurately reproduced by RISE-1, as reflected in higher values of CC, SSIM, and
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CNR and lower NMSE and SCI values. Notably, the newly introduced SCI exhibits the
strongest discriminative power between these near-convergent methods.

ART, which is found to underperform relative to MLEM and RISE-1 according to global
metrics, attains even lower SCI values, which may appear counterintuitive. However, this
behavior is fully consistent with the interpretation of the SCI in fluctuation-dominated
regimes. The pronounced pixel-to-pixel fluctuations characteristic of ART reconstructions—
clearly evident in Figure 13 and further reflected in the difference maps (Figure 14)—
effectively mask any remaining coherent residual structure. As a result, the SCI, being
specifically sensitive to structured residual content, returns low values not because the
reconstruction is superior but because the residuals lack detectable organization. This
provides a concrete example of the broader principle that the SCI, like other metrics, must
be interpreted in context: when considered in isolation, low values may be misleading,
whereas their proper meaning emerges only when evaluated alongside complementary
metrics and the underlying residual characteristics.

Table 6. Comparison of metrics across entire image and ROIs for ART, MLEM, and RISE-1. SCI
is computed from difference maps (reconstructed—reference) and quantifies structured residual
content. Best values are highlighted in bold.

Region Method NMSE PSNR CC SSIM CNR SCI χ2
reduced Image/Sinogram

Entire Image ART 0.075(1) 22.088(6) 0.982(1) 0.964(8) 1.715(2) 0.0021(2) 6.3/1.1
MLEM 0.024(1) 27.574(6) 0.994(1) 0.988(8) 1.935(3) 0.0006(1) 1.9/3.1
RISE-1 0.014(1) 29.514(5) 0.996(1) 0.993(8) 2.211(3) 0.0096(1) 1.1/3.8

RoI-1 ART 2.2(3) 14.7(1) 0.80(7) 0.51(4) 1.68(4) 0.071(4) 12.4
MLEM 0.5(1) 21.3(2) 0.88(5) 0.75(5) 2.57(5) 0.230(4) 3.0
RISE-1 0.4(1) 19.1(3) 0.92(5) 0.84(6) 3.47(6) 0.004(3) 2.2

RoI-2 ART 1.6(3) 15.2(3) 0.81(9) 0.56(4) 1.39(4) <0.003 6.6
MLEM 1.1(2) 18.07(7) 0.78(7) 0.55(4) 1.25(4) 0.334(2) 4.5
RISE-1 0.8(2) 19.0(2) 0.85(6) 0.68(5) 1.56(5) 0.132(2) 3.5

RoI-3 ART 0.98(2) 19.3(2) 0.850(5) 0.665(7) 1.690(7) 0.034(6) 6.8
MLEM 0.66(2) 22.7(3) 0.859(7) 0.713(7) 2.058(8) 0.226(5) 4.5
RISE-1 0.43(1) 24.2(1) 0.913(5) 0.817(8) 2.163(8) 0.063(5) 3.0

The image intensity histograms and sinogram intensity histograms (Figure 17) sup-
port these observations. All reconstruction methods produce sinograms whose sinogram
intensity histograms closely match that of the “Ideal Sinogram”. In contrast, the image
intensity histograms exhibit noticeable differences. While MLEM and RISE-1 closely resem-
ble each other and better represent regions of increased intensity, ART appears to exhibit
significantly increased dispersion of pixel intensities.

A combined assessment of all metrics indicates that RISE-1 and MLEM perform
comparably and consistently outperform ART. The difference maps are particularly re-
vealing, showing that the improved χ2 performance of ART in the sinogram domain
is achieved at the expense of introducing unrealistic pixel-to-pixel fluctuations in the
reconstructed image.
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Figure 14. The top-left and bottom-left panels show the difference maps (reconstruction—“Ideal”)
and χ2 maps for images and sinograms, for the three reconstruction methods (ART, MLEM, and
RISE-1). The right panels present the corresponding residual intensities and χ2 histograms. The
χ2

reduced values for both images and sinograms are reported in the bottom χ2 histograms for each
reconstruction method.
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Figure 15. The panels show three RoIs from the phantom. The top row presents the “Ideal Image”,
followed by reconstructions obtained with ART, MLEM, and RISE-1 in the subsequent rows. The
images are normalized with reference to “Ideal Image”.

Figure 16. The metrics NMSE, PSNR, CC, CNR, SSIM, and SCI are presented for each one of the RoIs
and the entire image, across the three reconstruction techniques: ART, MLEM, and RISE-1. The SCI
computed from the difference map between reconstructed and reference area. The reconstructions
shown correspond to the high-background phantom configuration described in Section 3.2 and
Table 1, which is substantially more challenging than the phantom used in the MLEM convergence
study (Figure 7).
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Figure 17. Left: Intensity histograms of the “Ideal Image” (blue bars) and reconstructions obtained
using ART (red line), MLEM (black line), and RISE-1 (blue line). Right: Intensity histograms of the
“Ideal Sinogram” (blue bars) and corresponding ones from ART (red line), MLEM (black line), and
RISE-1 (blue line). Both linear and logarithmic scales are shown to highlight dominant as well as low-
frequency components of the gray-value distribution. The values of χ2

reduced applied to all histogram
bins are provided (histogram-based diagnostics quantify differences in gray-value distributions and
do not represent spatial-frequency or Fourier-domain analysis).

4. Applicability to Hardware Phantoms and Field Data
Although this study has focused on software phantoms, the proposed evaluation

framework applies equally well to hardware phantoms and to a lesser degree to field data,
including clinical imaging cases.

For hardware phantoms, only minimal adjustments are needed when applying stan-
dardized reference images and diagnostic metrics. Such phantoms are well-characterized
(e.g., Jaszczak or IEC phantoms commonly used in nuclear medicine); the “Ideal” and
“Realistic” images can be generated using high-precision simulation codes and then follow
the same methodology as the one used for software phantoms. These can then be incorpo-
rated into performance benchmarking protocols, particularly during system calibration,
acceptance testing, or routine quality assurance.

Extending the framework to clinical or experimental data introduces additional con-
straints, chiefly because the true object is generally unknown. In such cases, many of
the pixel (voxel)-level image comparisons used in simulations cannot be applied directly.
Instead, meaningful analysis can still be carried out by comparing measured sinograms
with those re-projected from reconstructed images. Metrics such as difference and χ2 maps,
difference sinograms, and intensity histogram analysis remain informative in this context.

To illustrate the applicability and importance of the proposed framework of metrics
to the case of clinical data, details about the hardware phantom used and corresponding
GATE simulations are provided in Appendix D. Figure 18 presents the reconstructed images
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and their corresponding sinograms for the two approaches we studied—with attenuation
correction (AC) and without attenuation correction (NC).

Figure 18. Left: “Detector” sinogram. Top row: Reconstructed image and sinogram without
attenuation correction (NC). Bottom row: Reconstructed image and sinogram with attenuation
correction (AC).

Quantitative evaluation was performed by comparing the reconstructed sinograms to
the “Detector” sinograms, and the results are summarized in Table 7.

Table 7. Comparison of reconstruction metrics between no attenuation correction (NC) and attenua-
tion correction (AC) cases using a selection of single-valued metrics. SCI is computed from difference
maps (reconstructed—reference).

Metric Without Attenuation
Correction (NC)

With Attenuation
Correction (AC)

NMSE 0.085 ± 0.006 0.067 ± 0.003
PSNR 21.1 ± 0.3 24.19 ± 0.19

CC 0.9880 ± 0.0006 0.9916 ± 0.0003
CNR 2.16 ± 0.07 2.31 ± 0.07
SSIM 0.9642 ± 0.0001 0.9715 ± 0.0001
SCI 0.2606 ± 0.0003 0.2773 ± 0.0002

It is evident from the table that the metrics obtained using attenuation correction are
generally better, with the PSNR emerging as the most sensitive. The χ2 and difference
maps (Figure 19) provide a detailed view and comparison.

They clearly indicate that the AC sinogram represents the “Detector” sinogram more
accurately, especially in the central region. The NC case exhibits a considerable discrepancy
in the same area, which corresponds to the region of maximum radio-tracer concentration.
In addition, as shown in Figure 20, the intensity histogram obtained with the AC solution
follows the reference histogram more closely than the NC solution, as expected. These
results highlight the efficacy of the attenuation correction method. The benefits of this
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approach are expected to be even more pronounced when accurate attenuation maps are
available from joint SPECT/CT acquisitions.

Figure 19. Top row: χ2 maps comparing the reconstructed sinograms to the “Detector” sinograms for
both cases NC and AC. Bottom row: Difference maps comparing the reconstructed sinograms to the
“Detector” sinograms for both cases NC and AC.

Even in clinical settings, where ground truth is not directly available, the proposed
evaluation framework provides a structured approach to evaluate reconstruction perfor-
mance. It can be used to check internal consistency, identify regions of the sinogram that
are inadequately accounted for, and assess the stability of reconstructions under real ac-
quisition conditions. When a phantom or a high-fidelity synthetic substitute is available,
comparisons between “Realistic” reconstructions and their “Ideal” counterparts can reveal
performance losses attributable to physical limitations.
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Figure 20. Sinogram intensity histogram of the detector data and the reconstructed sinograms with
and without attenuation correction. Panel (a) shows the intensity histograms on a logarithmic scale
and panel (b) on a linear scale. Linear and logarithmic scales are shown to visualize both dominant
and low-frequency components of the gray-value distribution.

In addition to sinogram-based diagnostics, certain metrics can still be meaningfully
applied directly on reconstructed images, even when no ground-truth reference is available.
A particularly relevant example is the Contrast-to-Noise Ratio (CNR), provided that the
analysis is restricted to well-defined anatomical or functional regions. To demonstrate
this point, we evaluated the reconstructed DATSCAN images of the Parkinsonian patient
discussed above by defining a Region of Interest (RoI) around the striatal uptake and
estimating the background using the area outside the selected RoI. Although this procedure
does not require a reference “Ideal Image”, it offers a practical measure of detectability and
contrast recovery in real clinical data.

Figure 21 illustrates the reconstructed images obtained without and with attenuation
correction, together with the selected RoI (red box). The CNR (Figure 21) was computed
independently for each case using the reconstructed intensities only. The attenuation-
corrected reconstruction exhibits a significantly higher CNR, consistent with the improved
contrast observed visually and with the sinogram-based metrics reported earlier. This
example highlights that, even in the absence of ground-truth information, the proposed
framework accommodates complementary image-domain metrics that retain interpretabil-
ity and clinical relevance.

These capabilities highlight the framework’s versatility, making it valuable not only
for algorithm development but also for practical system evaluation and the optimization of
clinical imaging protocols.
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Figure 21. Reconstructed DATSCAN SPECT images of a Parkinsonian patient without attenuation
correction (NC) (left) and with attenuation correction (AC) (right). The red rectangle indicates
the Region of Interest (RoI) used for calculating the Contrast-to-Noise Ratio (CNR) directly from
the reconstructed images. Since no ground-truth phantom exists for clinical data, the CNR was
estimated using the mean activity inside the RoI and the noise level derived from the surrounding
background region. The AC reconstruction demonstrates a markedly improved CNR (NC: 3.47, AC:
4.41), consistent with the enhanced visual contrast and with the quantitative improvements observed
in the corresponding sinogram-domain metrics.

5. Conclusions
Traditional global metrics such as SSIM, PSNR, CC, and NMSE saturate early and

fail to detect residual structure in the high-fidelity regime increasingly reached by modern
reconstruction methods. This limitation motivates the need for a more sensitive and physi-
cally grounded evaluation framework. The present work addresses this need through a
structured set of standardized reference images and sinograms and a hierarchy of diagnostic
metrics operating in image, sinogram, and intensity (gray-value) domains.

We introduced a family of reference images—“Source”, “Detector”, “Ideal”, and
“Realistic”—that represent distinct stages of the imaging and reconstruction pipeline. The
methodological structure of the proposed framework is general, while the physical real-
ization of reference images is modality-specific and must be adapted through appropriate
forward models. These images provide physically meaningful anchors for evaluating re-
construction fidelity and form a consistent basis for comparing algorithms, forward-model
evaluation, and acquisition conditions across modalities. The “Ideal Image” used extensivly
in this work and served as the more appropriate reference and a benchmark for evaluation
of reconstruction techniques with similar performance. We also developed diagnostic tools
that quantify discrepancies at multiple levels, including spatial difference maps quantified
with the Structure and Contrast Index (SCI), χ2 maps, RoI-based comparisons. Together,
these tools provide a coherent, multi-domain system for assessing reconstruction quality.

The case studies demonstrate the sensitivity and coherence of this framework in the
regime of high-fidelity reconstructions. In the analysis of MLEM convergence and in the
comparison of RISE-1 with MLEM, RoI-based metrics, χ2 maps, and the SCI identify struc-
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tured residuals and enable discrimination between near-convergent, high-performance
methods long after global metrics have saturated. Intensity histogram analysis, quantified
through χ2-based measures, provides a complementary perspective in the intensity domain,
revealing changes in resolution and local contrast not captured by pixel-wise diagnostics;
its role is to quantify discrepancies in intensity distributions rather than spatial structure.
The evaluation of ART further illustrates the importance of multi-metric evaluation: im-
proved agreement in the sinogram domain does not necessarily translate into improved
image fidelity. This is made explicit by the difference maps and complementary metrics,
which reveal that such apparent improvements may be accompanied by increased image-
domain discrepancies and pronounced local fluctuations. The same methodology extends
to hardware phantoms and, with appropriate restrictions, to clinical data. In clinical and
experimental settings, where ground truth is unavailable, sinogram-domain comparisons,
intensity histogram analysis diagnostics, and RoI-based measures remain informative and
directly applicable to image quality assurance and protocol optimization.

Future work will include the study of intensity histogram analysis in three-dimensional
phantoms, refinement of residual-information measures beyond χ2, development of multi-
modal phantoms, and evaluation under low-statistics acquisition conditions. Integration
with deep-learning reconstruction pipelines and automated RoI selection are promising
directions. Importantly, the methodology will be validated using hardware phantoms to
establish its robustness under realistic acquisition conditions.

Taken together, the evaluation framework introduced here provides a unified, physics-
grounded, and diagnostically sensitive approach for assessing tomographic reconstruction
quality. By combining standardized images with multi-domain diagnostic tools—including
RoIs, the SCI, and intensity histogram analysis—it enables a rigorous, reproducible com-
parison of reconstruction methods from simulation and algorithm development through to
clinical practice.
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Abbreviations
The following abbreviations are used in this manuscript:

χ2 Chi-square Statistic
AC Attenuation Correction
AI Artificial Intelligence
ART Algebraic Reconstruction Technique
CC Correlation Coefficient
CNR Contrast-to-Noise Ratio
CT Computed Tomography
GATE Geant4 Application for Tomographic Emission
JS Jensen–Shannon divergence
KL Kullback–Leibler divergence
MLEM Maximum Likelihood Expectation Maximization
MRI Magnetic Resonance Imaging
NB Number of Histogram Bins
NC No Attenuation Correction
NMSE Normalized Mean Square Error
PET Positron Emission Tomography
PSNR Peak Signal-to-Noise Ratio
RISE-1 Reconstructed Image from Simulations Ensemble-1
RoI Region of Interest
SCI Structure and Contrast Index
SPECT Single-Photon Emission Tomography
SSIM Structural Similarity Index Measure

Appendix A. Evaluation Metrics Formulas
Let X, Y ∈ RN denote vectorized reconstructed and “Ideal” images (or sinograms),

respectively, with means µx, µy; variances σ2
x , σ2

y ; and covariance σxy. All sums are over
valid pixels or bins.

1. Correlation Coefficient (CC)
The correlation coefficient evaluates the degree of linear similarity between two
datasets—typically, the reconstructed image and the reference image:

CC =
∑(X − µx)(Y − µy)√

∑(X − µx)2 ∑(Y − µy)2
. (A1)

2. Normalized Mean Square Error (NMSE)
This metric quantifies the overall squared deviation between a reconstructed image or
sinogram and its reference, normalized by the square of the reference image:

NMSE =
∑(X − Y)2

∑ Y2 . (A2)

3. Peak Signal-to-Noise Ratio (PSNR)
The PSNR measures the ratio between the maximum signal intensity and the mean
square reconstruction error:

PSNR = 10 log10

(
MAX2

X
MSE

)
. (A3)
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where (MAXX)
2 is the maximum possible pixel value of the reconstructed image

and MSE is the mean squared error of it. (MSE = ∑(X − Y)2/N; N = number of
valid pixels.)

4. Contrast-to-Noise Ratio (CNR)
The CNR assesses the detectability of a target against background noise. It is defined as

CNR =
T − B

σB
. (A4)

where T is the average reconstructed value in the target area (usually a hotspot), B
is the average, and σB is the standard deviation of image elements corresponding to
the background area. There is no universally applicable strategy for defining T and B,
as the optimal choice is case-dependent. In this work, an image-specific threshold is
defined, above which regions are classified as hotspot areas, while regions below the
threshold are considered background.

5. Structural Similarity Index (SSIM)
SSIM measures the structural fidelity between two images by combining luminance
(l), contrast (c), and structure (s) components:

SSIM =
2µXµY + C1

µ2
X + µ2

Y + C1︸ ︷︷ ︸
l

· 2σXσY + C2

σ2
X + σ2

Y + C2︸ ︷︷ ︸
c

· σXY + C3

σXσY + C3︸ ︷︷ ︸
s

. (A5)

Here C1, C2, and C3 are small constants preventing division by zero. SSIM values
near 1 indicate close similarity; deviations from unity signify structural differences
not captured by simpler intensity-based metrics.

Appendix B. Global Metrics for MLEM Reconstructions
For the four stages of MLEM discussed in Section 3.1, the standardized evaluation

metrics NMSE, PSNR, CC, CNR, SSIM, and χ2
reduced, along with the new entry proposed in

this work, the SCI, for the entire image, are provided in Table A1. The table compares the
MLEM image reconstructions and the sinograms derived from the reconstructions through
forward projection, to the image of the “Ideal Image” and the “Ideal Sinogram”.

In Table A1 we notice that the metrics reflect the improvement in the image as the
number of iterations increases and approaches convergence. The NMSE, SCI, and χ2

reduced
are decreasing, while the PSNR, CC, CNR, and SSIM are increasing. We observe that SSIM
on the image achieves a very high value after just three iterations, despite the images
being significantly inferior to the converged version (Figure 6). This occurs because crucial
image details—such as the boundaries between areas with different intensities and small
hotspots—represent only a small fraction of the overall image, resulting in a limited impact
on the overall metrics. The metrics for comparison of converged reconstruction (MLEM
with 48 iterations) with “Source Image” and “Ideal Image” are provided in Table A2. We
observe—see Table A2—that metrics comparing the reconstructed images to the “Ideal” im-
age indicate closer agreement than to the “Source” for Shepp–Logan phantom, as expected.
Similar results and conclusions were obtained in a study for the Jaszczak phantom. When
the SSIM in the comparison to the “Ideal Image” reaches the value of unity (1), it is sup-
posed to indicate saturation, and therefore no consequent improvements can be achieved
by further developing the algorithm. Additionally, we note that the sinograms after a
few iterations closely resemble the experimental one, even though the images still have
significant room for improvement. However, it is evident by a simple visual inspection of
the corresponding images that this is not the case. This highlights (a) the importance of
evaluating the image itself when assessing a reconstruction technique, rather than focusing
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solely on the sinogram, which is possible only in studies with digital (software) or hardware
phantoms, and (b) the need of introducing new metrics in this near saturation—high-fidelity
regime such as the Structure and Contrast Index (SCI) which shows the expected behavior.

Table A1. Image-domain and sinogram-domain metrics for MLEM reconstructions (with 3, 9, 24, and
48 iterations), relative to the corresponding “Ideal” images and sinograms. The SCI is computed from
difference maps (reconstructed—reference) and quantifies structured residual content. SSIM values
refer to the similarity between reconstructed and reference images. SSIM approaches unity at early
reconstruction stages, whereas the SCI continues to evolve, indicating sensitivity to residual structure
beyond global similarity.

Comparison of “Ideal” and Reconstructed Image and Their Corresponding Sinograms

Metric MLEM (3 Iterations) MLEM (9 Iterations) MLEM (24 Iterations) MLEM (48 Iterations)

Image Sinogram Image Sinogram Image Sinogram Image Sinogram

NMSE 0.164 ±
0.003 0.10 ± 0.03 0.050 ±

0.002
0.007 ±
0.008

0.014 ±
0.002

0.001 ±
0.004

0.009 ±
0.001

0.001 ±
0.003

PSNR 14.73 ± 0.01 18.0 ± 0.2 19.92 ± 0.01 32.2 ± 0.2 29.66 ± 0.01 38.9 ± 0.2 35.03 ± 0.01 41.8 ± 0.2

CC 0.973 ±
0.001

0.982 ±
0.009

0.980 ±
0.001

0.998 ±
0.004

0.993 ±
0.001

0.999 ±
0.002

0.998 ±
0.001

1.000 ±
0.001

CNR 2.44 ± 0.01 1.7 ± 0.1 2.89 ± 0.01 2.0 ± 0.1 3.60 ± 0.01 2.0 ± 0.1 4.11 ± 0.01 2.0 ± 0.1

SSIM 0.890 ±
0.008 0.9 ± 0.2 0.974 ±

0.008 0.99 ± 0.2 0.993 ±
0.008 1.00 ± 0.2 0.995 ±

0.008 1.00 ± 0.2

SCI 0.575 ±
0.005 0.43 ± 0.04 0.151 ±

0.002 0.06 ± 0.01 0.057 ±
0.001

0.009 ±
0.004

0.0119 ±
0.0004

0.003 ±
0.001

χ2
reduced

1 25.9 122.0 10.6 12.1 2.7 3.6 2.2 1.9
1 χ2 values use variances taken from MC counting statistics; pixel correlations are present and χ2 is used as a
discrepancy measure, not for error propagation.

Table A2. Metrics resulting from the comparison of the Shepp–Logan phantom reconstructed with
MLEM (full convergence). The first column provides the comparison with the “Source” phantom
image, and the second with the “Ideal” reconstructed image. The SCI is computed from difference
maps (reconstructed—reference) and quantifies structured residual content. SSIM values refer to the
similarity between reconstructed and reference images.

Comparison of MLEM (48 Iterations) Reconstruction to “Source”
and “Ideal” Reconstructed Images

Metric “Source” “Ideal”
NMSE 0.021 ± 0.001 0.009 ± 0.001
PSNR 32.904 ± 0.006 35.027 ± 0.006
CC 0.995 ± 0.001 0.998 ± 0.001
CNR 4.11 ± 0.09 4.11 ± 0.09
SSIM 0.989 ± 0.008 0.995 ± 0.008
SCI 0.0509 ± 0.0008 0.0119 ± 0.0004
χ2

red 4.1 2.2

Appendix C. Metrics for RoIs of MLEM Reconstructions
In Figure A1, the RoIs of the four stages of MLEM (3, 9, 24, and 48 iterations), along

with the ones of “Ideal Image”, are presented. In Table A3, the metrics values for the
aforementioned RoIs are provided.
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Figure A1. The three Shepp–Logan RoIs shown for the “Ideal Image” and the reconstructed images
from four stages of MLEM. The images are normalized with reference to “Ideal Image”.

Table A3. The metrics (NMSE, PSNR, CC, SSIM, and CNR) for each RoI, for the four stages of MLEM
(3, 9, 24, and 48 iterations). For MLEM using 48 iterations, the values corresponding to the entire
image are reported in the last column. The SCI is computed from difference maps (reconstructed—
reference) and quantifies structured residual content. SSIM values refer to the similarity between
reconstructed and reference images. SSIM approaches unity at early reconstruction stages, whereas
the SCI continues to evolve, indicating sensitivity to residual structure beyond global similarity.

Comparison of MLEM Reconstructions for Different ROIs and Entire Image

Metric MLEM
(3 Iterations)

MLEM
(9 Iterations)

MLEM
(24 Iterations)

MLEM
(48 Iterations)

MLEM
(48 Iterations)

RoI-1 | Entire Image
NMSE 0.9 ± 0.1 0.49 ± 0.08 0.14 ± 0.04 0.031 ± 0.027 0.009 ± 0.001
PSNR 6.9 ± 0.1 11.6 ± 0.1 22.1 ± 0.4 26.6 ± 0.4 35.027 ± 0.006
CC 0.91 ± 0.09 0.97 ± 0.04 0.99 ± 0.02 0.99 ± 0.01 0.998 ± 0.001
CNR 3.01 ± 0.04 4.28 ± 0.05 5.69 ± 0.06 7.29 ± 0.07 4.114 ± 0.008
SSIM 0.19 ± 0.03 0.56 ± 0.03 0.91 ± 0.06 0.98 ± 0.07 0.995 ± 0.008
SCI 0.99 ± 0.07 0.93 ± 0.07 0.58 ± 0.06 0.10 ± 0.02 0.0118 ± 0.0002

RoI-2 | Entire Image
NMSE 1.1 ± 0.2 0.53 ± 0.05 0.23 ± 0.04 0.11 ± 0.06 0.009 ± 0.001
PSNR 8.6 ± 0.3 11.7 ± 0.3 19.6 ± 0.4 24.7 ± 0.3 35.027 ± 0.006
CC 0.8 ± 0.1 0.94 ± 0.06 0.97 ± 0.03 0.95 ± 0.04 0.998 ± 0.001
CNR 1.60 ± 0.02 2.34 ± 0.05 2.83 ± 0.06 3.17 ± 0.06 4.114 ± 0.008
SSIM 0.17 ± 0.02 0.52 ± 0.05 0.83 ± 0.06 0.94 ± 0.06 0.995 ± 0.008
SCI 0.98 ± 0.07 0.93 ± 0.07 0.70 ± 0.06 0.33 ± 0.06 0.0118 ± 0.0002

RoI-3 | Entire Image
NMSE 1.08 ± 0.03 0.29 ± 0.01 0.108 ± 0.006 0.058 ± 0.004 0.009 ± 0.001
PSNR 9.45 ± 0.02 12.13 ± 0.02 21.97 ± 0.02 27.94 ± 0.02 35.027 ± 0.006
CC 0.899 ± 0.007 0.939 ± 0.005 0.977 ± 0.003 0.985 ± 0.002 0.998 ± 0.001
CNR 0.508 ± 0.006 0.949 ± 0.008 1.788 ± 0.008 2.364 ± 0.008 4.114 ± 0.008
SSIM 0.469 ± 0.006 0.797 ± 0.008 0.936 ± 0.008 0.970 ± 0.008 0.995 ± 0.008
SCI 0.93 ± 0.01 0.68 ± 0.01 0.398 ± 0.007 0.139 ± 0.003 0.0118 ± 0.0002

https://doi.org/10.3390/tomography12040049

https://doi.org/10.3390/tomography12040049


Tomography 2026, 12, 49 39 of 41

Appendix D. Details About Hardware Phantoms
We processed a DATSCAN SPECT (using an I-123 bases radiopharmaceutical) of a

patient suffering from Parkinson’s disease, for which no CT-based attenuation map was
available. Initially, a preliminary reconstruction was performed without attenuation cor-
rection. Subsequently, a uniform water region was introduced into the attenuation map
to approximate photon attenuation effects, including both photoelectric absorption and
Compton scattering. This enabled reconstruction using two approaches: (a) a purely geo-
metric projection matrix without attenuation modeling, and (b) a full attenuation-corrected
model simulated using the GATE/GEANT package.
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