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The object of this research is color lookup table schemes that are most commonly used to visualize perfusion maps in the scope of
assessment of brain hemodynamic parameters. The problem is that such color schemes differ significantly in the number of colors, their
distribution, and the rules for converting grayscale image data into color. As a result, the same perfusion map may appear different
depending on the selected scheme, which complicates the visual assessment of hemodynamic parameters and significantly biases the
precision of their interpretation.

The research provides a comprehensive analysis of the ten commonly used color lookup table schemes for perfusion map visualization.
Assessment of both direct schemes and patient-derived data is provided. Among quantitative metrics are RMSE, PSNR, SSIM, FSIM,
ISSM, SRE, SAM, and UIQ. The CIELAB color space is used to provide a perceptual assessment of the color impact across neighboring
levels in the schemes. It also used to analyze the relationship between local intensity differences in greyscale perfusion maps and resulting
color perceptual differences once the lookup table is applied. Analysis reveals that the selection of color lookup table schemes is critical
for preserving signal intensity and structural integrity. Spectral rainbow and block-structured schemes lag behind others in performance,
making them less effective due to distorted structural features.

The results can be applied in practice to visualize perfusion map data in medical software to assess key hemodynamic parameters, such
as blood volume, blood flow, and mean transit time. Also, the results can be helpful for standardization and selecting optimal color lookup
table schemes in clinical practice, and for validating algorithms used to calculate perfusion maps during medical software development.
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1. Introduction

In medical diagnostics, clinicians frequently base their treatment
decisions on the medical image data. Typically, the end-point step of
medical imaging workflow involves analysis of such data through ad-
vanced visualization techniques. Consequently, the effective visualiza-
tion of data derived from various medical imaging methods is essential
for improving diagnostic precision and supporting better-informed
clinical decision-making.

Perfusion is the passage of fluid through the lymphatic system or
blood vessels to an organ or tissue [1]. Dynamic susceptibility con-
trast magnetic resonance imaging (DSC-MRI) is a technique that
creates perfusion-weighted images (PWI) using a T2-weighted MRI
sequence [2]. These images are obtained when a contrast agent passes
through the vascular system of scanned tissues. The contrast agent’s
susceptibility reduces the signal intensity on T2-weighted images.
This signal change over time is transformed into time-concentration
curves, which are the basis for perfusion analysis. It is provided pixel-
by-pixel by deconvolving an arterial input function and tissue time-
concentration curve, which is often implemented using singular value

decomposition deconvolution methods [3]. The output of perfusion
analysis consists of quantitative hemodynamic parameter values and
associated perfusion maps, which provide a visual interpretation of
the data. The key hemodynamic parameters commonly quantified are
blood volume (BV), blood flow (BF), and mean transit time (MTT).

Perfusion map data are usually real numbers and can therefore be
visualized as grayscale images [4]. To improve visual perception and
data interpretation, these maps are converted from grayscale to color
using color lookup tables (LUTs) [5], which are pre-calculated reference
tables that map input values to output values. Briefly speaking, LUT is
used to quickly convert color data from one set of values to another.

As effective visualization plays a crucial role in medical diagnostics,
color LUT schemes are widely used to represent medical images [6, 7].
In the case of perfusion analysis, color LUT schemes are used to im-
prove the interpretation of perfusion map data so that physicians can
quickly assess a patients condition (e. g., if a perfusion map shows blood
flow in the brain, the color coding of the map can help identify areas
with abnormally low or high values of this hemodynamic parameter).

The main components of the LUT scheme are the initial scale of
values. This scale of values is a set of numbers representing the intensity
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or quantitative indicators of the output data, and the color scale, which
is a set of colors corresponding to these numbers. Each LUT scheme
differs in the number of colors and the rules for applying them when
converting a grayscale image to a color image. Consequently, the usage of
different LUTS produces various effects on the interpreters perception [8].

Well-known color LUT schemes, such as Jet or Rainbow, can pres-
ent visual distortion that may lead to misinterpretation of scientific
results, as they do not uniformly represent data ranges in continuous or
binned variables [9-12]. Despite that, such schemes continue to be used
in scientific literature [13]. After surveying 997 scientific publications
in three different journals, the authors found that approximately 24%
of papers use Rainbow color LUT scheme. They noted a 99.6% chance
that a reader would encounter at least one visually problematic figure
in a random sample of 10 papers.

As shown in recent studies, poor selection of color LUTSs can result
in information loss or misinterpretation of structures, especially when
using schemes with nonlinear color changes [14, 15]. In light of this,
a color LUT scheme is considered optimal if the distances between
adjacent colors in the perceptual space are approximately equal. Lack
of perceptual uniformity can create false visual contrasts that do not
actually exist in the data. When applied to medical images, it can affect
the detection of subtle details, specifically in the context of identifying
pathological areas [16]. Significant limitations of studies mentioned
above, however, are that they relied on subjective user trials and focused
solely on basic perceptual distance measurements between colors
within the colormap.

To address the challenges faced by viewers with color vision defi-
ciency, several optimized color LUT schemes were proposed to ensure
that data remains interpretable by linearizing color distances [17].
However, these schemes were derived from idealized mathematical
models that may not reflect the complex, modality-specific structures
in clinical medical images.

The effectiveness of colormaps that are perceptually uniform can
vary depending on spatial frequency, since the human eye relies more
on luminance than on chromaticity to detect small details [18]. To ex-
amine how effectively different colormaps allow users to detect small
features in data, the authors utilized sinusoidal patterns to measure
detection thresholds. While such patterns are assumed to be representa-
tive in vision science, they do not reflect the complex, irregular shapes
and structures typically found in clinical data, such as medical images.

In the case of perfusion maps, they are also often visualized using
different color LUT schemes with varying numbers of colors and con-
struction principles. The choice of color LUT scheme may depend on
the particular hemodynamic parameters, the capabilities of the medical
software used, and even the physicians prior experience and prefer-
ences. As a result, the selected schemes may complicate the visual as-
sessment of hemodynamic parameters and affect the precision of their
interpretation, leading to wrong clinical conclusions [4].

Recent studies on the visual representation of quantitative MRI have
highlighted the importance of adapting color LUTS to human perception
across various techniques, including perfusion data [19, 20]. However,
these studies relied on qualitative assessments rather than experimental
trials and lacked a quantitative analysis of the color LUTs most commonly
used in clinical practice. Furthermore, by evaluating multiple modalities
through a generalized framework, these findings may fail to optimize
color LUTs for the specific diagnostic tasks of perfusion data.

To the best of current knowledge, no research has been published
specifically examining color LUT schemes for brain perfusion maps
derived from DSC-MRI. While there has been some analysis of color-
ization techniques in myocardial perfusion imaging [21], particularly
those involving nuclear medicine tomographic images, these do not
directly apply to DSC-MRI data. Furthermore, there are limited stud-
ies offering an analysis of the applicability of color LUT schemes in the
context of images derived from patient data.

Therefore, the object of this research is color lookup table schemes
that are most commonly used to visualize perfusion maps in the scope
of assessment of brain hemodynamic parameters.

The aim of this research is to assess the most commonly used color
LUT schemes for perfusion map visualization by analyzing different
quantitative metrics and perceptual characteristics.

To accomplish the aim, the following objectives have been set:

- conductadirectassessment of the color LUT schemes to analyze

the uniformity of color transitions and perceptual changes between

neighboring levels;

- evaluate the performance of the color LUT schemes using patient-

derived perfusion data by computing quantitative metrics and cor-

relating local grayscale intensity differences with their corresponding
perceptual differences in color;

- integrate the results from both assessments to determine key per-

formance indicators and evaluate their impact on the overall effec-

tiveness of the color LUT schemes.

2. Materials and Methods

To evaluate the effectiveness of the color LUT schemes, a compre-
hensive analysis was conducted that combined direct assessment of the
schemes and assessment using actual perfusion map images derived
from patient data.

The research used T2*-weighted perfusion magnetic resonance
imaging data obtained from the TCGA Research Network [22] during
the Glioblastoma Multiform research. BV, BF, and MTT perfusion
maps were used from the research [23] and were initially obtained
using NordicICE software with its FDA-approved DSC T2* perfusion
module (NordicNeuroLab AS, Norway).

To account for the possibility that background in perfusion im-
ages may affect the analysis results, binary masks were used to segment
the brain from non-brain tissues. All binary masks were previously
obtained according to [24, 25] and aligned with the regions of inter-
est (ROIs) for perfusion analysis according to [23]. With their help,
only pixels corresponding to the brain perfusion ROI were analyzed;
all other pixels were excluded from the analyses (in the perfusion maps,
such pixels are usually marked in black).

In this research, nine color LUT schemes (Table 1) from well-
known medical equipment manufacturers are analyzed. They are wide-
ly used to overlay the corresponding colors onto perfusion maps [26],
making the affected areas of the organs visible. Additionally, the ASIST
color LUT scheme, which was explicitly designed by the Acute Stroke
Imaging Standardization Group - Japan (ASIST-Japan) to colorize
perfusion parameters in CT and MRI [27], is analyzed.

Table 1
Color LUT schemes used in the research
Color LUT scheme Visualization
GE-Rainbow - l
GE-Inv-Rainbow - .
Hitachi-Block _ -
Hitachi-Palette _ -|
Siemens-CT '
Siemens-MR _____
Terarecon HE
Toshiba-MR L
Toshiba-CT O e |
ASIST _____ g |

s
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Each LUT scheme was constructed as a numerical array of RGB
triplets. A fixed resolution of 256 equidistant points was enforced for
every LUT to align with the 8-bit depth of the greyscale output used for
perfusion maps visualization on a monitor. This approach ensures that
every grayscale intensity value maps to a unique color coordinate with-
out interpolation artifacts, allowing for a precise pixel-wise comparison
of perceptual characteristics across different manufacturer schemes.

Applying the color LUTS yielded a series of variants of the same
perfusion map, each with a different color interpretation. All obtained
images were stored separately for further analysis.

The perfusion image processing software was in-house devel-
oped to provide color modeling by applying the LUT scheme and to
assess the results comprehensively. The program was created using
Python 3.13.3. Visual Studio Code 1.104.2 was used to develop the soft-
ware application. The NumPy 1.26.4 library was used to work with ar-
rays, the PyDicom 2.4.4 library to work with medical images in DICOM
format, and the PyOpenGL 3.1.7 library for visualization.

To provide a direct assessment of the color LUT schemes, the im-
pact of colors in neighboring levels across each of the analyzed schemes
was examined. The colors that formed the LUT scheme arrays were
converted from RGB values to the CIELAB color space, using an RGB-
to-LAB conversion procedure [28]. The perceptually uniform CIELAB
color space, also referred to as L'a*b*, was used to provide a consistent
relationship between numerical color differences and their actual visual
appearance. In the RGB space, identical changes in channel values
do not correspond to consistent perceived differences. In contrast,
CIELAB represents color through three components: L* for lightness,
a* for the green-to-red axis, and b* for the blue-to-yellow axis. This
makes it possible to analyze colors in a manner aligned with human
visual perception and to more accurately assess distinctions among
shades and the uniformity of transitions within a palette [10, 14].

The impact of colors across neighboring levels in the LUT schemes
was analyzed using three components.

The first component relies on the analysis of a three-dimensional
color path across the LUT scheme in the CIELAB color space. Smooth-
ness of such plots reflects a consistent mapping of intensities to percep-
tual colors during the transition from greyscale to color representa-
tion [28]. In other words, it indicates a stable, well-balanced scheme by
assessing perceptual deltas between colors across the schemes.

The second component stands for the analysis of individual values
L%, a*, and b* profiles across the LUT scheme. Such plots reveal how
the absolute value of lightness and chromatic directions change in the
CIELAB color space. So, the smoothness of such plots indicates uniform
color transitions and preserved contrast. In contrast, abrupt changes
reveal distortions such as loss of detail in mid-tones or oversaturation
of specific channels.

To evaluate the uniformity of color transitions in the analyzed LUT
schemes, local curvatures and sudden shifts in the plots mentioned
above were assessed. This was accomplished by determining the color
transition velocity (the discrete first derivative of a sequence of color
coordinates in the schemes) and the color transition acceleration (the
discrete second derivative). In this research, the color transition velocity
represents the rate of color change between neighboring levels in the
LUT scheme. Meanwhile, the color transition acceleration identifies
fluctuations in that rate, highlighting non-linear patterns in the color
change scheme.

The third component of color impact analysis in the LUT schemes
is to compute and visualize a distance metric in Euclidean space be-
tween each possible color pair in the scheme. Such an analysis for each
LUT scheme results in a matrix structured as a heatmap of perceptual
distances, where the shade of gray at the specified row-column inter-
section represents the distance (i.e., higher matrix values yield brighter
pixel intensities in the heatmap image). Irregular visual patterns on
heatmaps, such as locally bright bands or dark zones, may indicate non-

uniformity in the color distribution. The perceptual distance metric AE
between two colors is quantified as

AE=\(L=L) +(=a) +(t:-8) 1)

where L%, a*, and b* - color coordinates in the CIELAB space.

To assess the color LUT schemes using actual perfusion map im-
ages derived from patient data, several quantitative metrics were com-
puted. Additionally, local perceptual differences in color were compared
with underlying intensity differences in perfusion map data.

The following metrics, which quantify image similarity before and
after colorization of perfusion maps, were analyzed.

Root mean square error (RMSE) quantifies the difference in each
pixel before and after processing [29]. The lower its value, the greater
the similarity between images. This metric is used exclusively for gray-
scale images. It is simple to calculate, but it does not account for the
structural features of images.

Peak signal-to-noise ratio (PSNR) is an indicator that determines
the level of signal relative to noise in an image [29]. The higher its value,
the less information loss. Like RMSE, this metric is used for grayscale
images. It is simple and easy to interpret, but it does not account for the
structural features of images and depends on the noise level.

Structural similarity index measure (SSIM) estimates structural
changes in an image rather than deviations of individual pixels [30].
Its value ranges from -1 to 1, where 1 indicates maximum similarity
between images. SSIM accounts for structural features of images and
correlates with human perception.

Feature similarity index measure (FSIM) uses feature detection to
evaluate image quality or similarity, relying on phase convergence and
gradient magnitude. It was developed to assess the similarity of structural
features between restored and original images [31]. The index value
ranges from 0 to 1, where 1 indicates complete identity of the images.

Information-theoretic-based statistic similarity measure (ISSM)
applies information theory to analyze image similarity by evaluating
their mutual information and entropy [32]. This metric accounts for
the statistical characteristics of images. The ISSM value ranges from
0 to 1, where 0 indicates no similarity between the compared images,
and 1 indicates perfect similarity (i. e., the images are identical in terms
of statistical characteristics).

Signal-to-reconstruction error (SRE) determines the level of error
relative to the signal strength [33]. SRE is a measure of how accurately
an algorithm reproduces the original pixel intensities after processing,
conversion, or compression. A higher SRE value indicates better image
quality and less processing-induced distortion. SRE is sensitive to noise
and does not account for spatial relationships between neighboring pixels.

Spectral angle mapper (SAM) measures spectral similarity between
image pixels and known reference spectra by treating them as vectors
in a space, which dimension corresponds to the number of bands [34].
The smaller value, the closer the match to the reference spectra. The
main advantage of SAM is its ability to account for the spectral char-
acteristics of images.

Universal image quality (UIQ) measures the overall quality of an
image by analyzing parameters such as file size, contrast, brightness,
etc. [35]. The UIQ value ranges from -1 to 1, where 1 indicates identi-
cal images, 0 indicates no correlation between analyzed images, and
negative values may occur in cases of severe distortion or if the image
structure is inverted.

Since RMSE and PSNR work with grayscale images, to apply them,
the colored perfusion maps were converted to grayscale using a spe-
cific algorithm. The process consists of three main steps: first, obtain
the red, green, and blue channel values for each pixel; second, apply
a mathematical formula to combine the red, green, and blue channels
into a single grayscale value; and third, replace the original values of the
red, green, and blue channels with the resulting grayscale value.
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Usually, the second step involves averaging the red, green, and blue
channels. However, to take into account the peculiarities of color per-
ception by the human eye, which is sensitive to green and blue colors,
different weights were used for the channels

Grayscale = 0299 -R+0.587 -G +0.114 - B, (2)
where Grayscale - the grayscale value for a pixel in a grayscale image;
R, G, and B - the values of the red, green, and blue channels of the cor-
responding pixel in a color image [4].

To assess how consistently each LUT scheme reflects variations in
the underlying greyscale data, the relationship between local intensity
differences in greyscale perfusion maps was analyzed. These differences
were then compared to the corresponding color perceptual differences
in CIELAB space after colorizing the perfusion maps. The sample slice
with the largest pixel count in the brain segment was selected to deter-
mine three perfusion maps (i. e., BV, BE, and MTT) for this assessment.

For every pair of neighboring pixels in the perfusion map image,
the absolute difference in the original scalar values (AI) was computed
together with the perceptual color difference (AE) between the two
corresponding CIELAB colors. This procedure was applied separately
in the horizontal and vertical directions. The result was two large sets
of AI - AE pairs for each LUT that together capture the full range of
local transitions present in the sample perfusion map images. Based on
these data, a linear relationship was then estimated between intensity
differences and color perceptual differences. For each direction, a linear

regression model without an intercept was fitted to predict AE from
Al describing how proportionally a given LUT scheme reflects local
intensity changes into perceptual changes in color. The quality of this
correspondence was quantified using the coefficient of determination
R? derived from the fitted regression. Therefore, perceptually better
color LUT schemes produce scatter plots in which the AI - AE pairs
form a diffuse cloud tightly aligned with the regression line, resulting
in higher slopes and R? values. Specifically, higher slopes correspond
to increased sensitivity between colors, while high R? values indicate
greater perceptual uniformity.

3. Results and Discussion

3.1. Direct assessment of the color LUT schemes

The perceptual assessment results of the impact of colors across
neighboring levels in the LUT schemes are summarized in three figures
for each analyzed component separately. Specifically, Fig. 1 shows the
three-dimensional color path in the CIELAB space, Fig. 2 displays indi-
vidual L, a* and b* profiles, and Fig. 3 presents heatmaps of perceptual
distances between each possible color pair.

Visual inspection of the plots in Fig. 1 suggests that GE-Rainbow
and GE-Inv-Rainbow cases are smoother and exhibit fewer abrupt
changes, while the results in Fig. 2 also identify Siemens-MR, Terarecon,
and ASIST cases. At the same time, the assessment of Color Transition
Velocity and Color Transition Acceleration across all cases (Table 2)
indicates ASIST and Siemens-MR as best-performing schemes.
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Fig. 1. Three-dimensional color paths of different LUT schemes in the CIELAB space: 2 — GE-Rainbow; b — GE-Inv-Rainbow; ¢ — Hitachi-Block;
d — Hitachi-Palette; e — Siemens-CT; f— Siemens-MR; g — Terarecon; b — Toshiba-MR; i — Toshiba-CT; j — ASIST
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Fig. 2. Individual value L* 2% and &* profiles of different LUT schemes (lightness L * component is marked with black; chromaticity 2* is marked with blue;
chromaticity &* is marked with red): 2 — GE-Rainbow; b — GE-Inv-Rainbow; ¢ — Hitachi-Block; d — Hitachi-Palette; e — Siemens-CT; f — Siemens-MR;
g — Terarecon; b — Toshiba-MR; i — Toshiba-CT; j — ASIST
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Fig. 3. Heatmaps of perceptual distances between each possible color pair in the different LUT schemes: @ — GE-Rainbow; b — GE-Inv-Rainbow;
¢ — Hitachi-Block; d — Hitachi-Palette; e — Siemens-CT; f - Siemens-MR; g — Terarecons b — Toshiba-MR; i — Toshiba-CT; j — ASIST

Also, it can be observed that a block-structured scheme, such as
Hitachi-Block, exhibits notable issues of abrupt chromatic oscillations.
These limitations may lead to visual artifacts, in which minor varia-
tions in perfusion values are either overstated or understated, thereby
compromising diagnostic reliability.

Table 2

Quantitative comparisons of color transitions in the color LUT schemes

Color LUT Color transition velocity (;olor transi-

tion accelera-

scheme 3Dpath| L* a’ 6" | tion, 3D path
GE-Rainbow 2.6070 | 1.3537 | 3.2830 | 2.7547 2.6224
GE-Inv-Rainbow | 2.6158 | 1.3537 | 3.2830 | 2.7547 2.6258
Hitachi-Block | 6.3664 | 3.0635 | 7.6911 | 7.2483 45310
Hitachi-Palette | 14170 | 0.6974 | 1.4844 | 1.6604 1.9728
Siemens-CT 2.1254 | 1.1755 | 2.6376 | 2.1712 4.4940
Siemens-MR 0.9129 | 04751 | 0.9014 | 0.9625 0.5409
Terarecon 1.0219 | 0.5127 | 1.0258 | 1.1846 1.2475
Toshiba-MR 1.5948 | 0.7509 | 1.7608 | 1.8169 1.8731
Toshiba-CT | 14957 | 1.0151 | 1.7614 | 14976 |  2.0554
ASIST 0.9639 | 0.3643 | 0.8886 | 1.2329 0.1162

Note: the results of best and second-best performing schemes are marked
in bold and underlined, respectively

Analyzing the results in Fig. 3, which show heatmaps
of perceptual distances between each possible color pair

thresholds for metrics were introduced. Rather than applying ar-
bitrary fixed values, thresholds were statistically determined using
quartile-based cut-offs derived from the aggregate distribution of all
processed perfusion maps across all analyzed color LUT schemes.
For metrics where higher values indicate superior quality (e. g.
PSNR, SSIM, FSIM, ISSM, SRE, and UIQ), the threshold was set to
the third quartile (Q3). Conversely, for error-based metrics where
lower values represent better performance (e. g., RMSE and SAM),
the threshold was established at the first quartile (Q1) to repre-
sent the best-performing 25% of the data. Namely: RMSE - 0.0044,
PSNR - 44.46, SSIM - 0.8951, FSIM - 0.5901, ISSM - 0.6771,
SRE - 26.274, SAM - 76.706, UIQ - 0.0095. Subsequently, a suc-
cess rate was calculated for each color LUT scheme, defined as the
percentage of cases in perfusion map images that successfully met
these statistically derived criteria.

Table 3 indicates that among all schemes, ASIST and Siemens-MR
appeared to be the most effective for the perfusion maps used in this
research, maintaining both accuracy (RMSE and PSNR) and visual
similarity (SSIM and UIQ). It should be noted that some LUT schemes,
in particular Hitachi-Palette, exhibit relatively high values on several
quantitative indicators. At the same time, GE-Rainbow and GE-Inv-
Rainbow are significantly inferior to other schemes, making them less
suitable for tasks where image quality is critical.

Table 3

Quantitative assessment of the color LUT schemes based on actual perfusion map

images derived from patient data

in the LUT schemes, it is evident that the Hitachi-Palette, Color LUT | Quantitative metrics, percentage of cases exceeding the threshold
Siemens-MR, Terarecon, and ASIST cases exhibit the most scheme RMSE | PSNR | SSIM | FSIM | ISSM | SRE | SAM | UIQ
consistent and uniform patterns. In contrast, block-struc- GE-Rainbow 0 0 222 2056 | 4111 | 1.67 | 2667 | 0
tured Hitachi-Block and Toshiba-CT schemes exhibit lo- GE-Inv-Rainbow | 444 | 222 | 3.89 | 2444 | 36.11 | 17.78 | 6.11 0
calized anomalies (i. e, sharply defined bright and dark [ 277 Block | 40 | 30 | 33.89 | 2833 | 52.78 | 35 | 0.56 | 26.11
regions, multiple discontinuity zones, and fragmented | b /4167 | 45 | 56.67 | 2111 | 056 | 5444 | 100 | 4056
diagonal patterns). Siemens-CT | 2611 | 2667 | 1278 | 35.56 | 1167 | 10 | 889 | 5167
3.2. Assessment of the color LUT schemes using perfu- Stemens-MR 30 2778 | 56.67 | 3444 | 2556 | 55.56 | 50.56 | 47.22
sion maps derived from patient data Drérecan 10 20 2.22 20 2444 | 333 | 1944 0
Table 3 presents the outcomes of quantitative metrics Toshiba-CT 444 | L1 | 944 | 778 | 2222 | 056 | 556 | 10
used to evaluate color LUT schemes, based on actual per- Toshiba-MR 46.11 | 47.22 | 25.56 | 2444 | 30 | 3056 | 0.56 | 20
fusion map images derived from patient data. Since the ASIST 47.22 | 50 | 4667|3333 | 556 | 41.11 | 31.67 | 54.44

number of metric values to be compared in the scope of
the LUT scheme quantitative assessment was significant,

Note: the results of best and second-best performing schemes are marked in bold
and underlined, respectively
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The ISSM metric focuses on evaluating the preservation of struc-
tural differences between image regions. For this reason, block LUTSs
performed best on this metric, as discrete color changes enhance local
contrast transitions. However, such enhancement can lead to a loss of
smooth transitions and distortion of the actual intensity distribution,
which is crucial for accurate clinical interpretation. Therefore, using
only the ISSM metric to evaluate the quality of LUT schemes may be
insufficient and needs to be supplemented with other metrics.

To compare local perceptual differences in color and underlying
intensity differences in perfusion map data, the linear regression model
without an intercept was applied to the sample perfusion map images.
Table 4 summarizes the results of linear regression analysis.

Results of regression analysis for each color LUT scheme applied to the sample

perfusion map images

perceptual differences in color and underlying intensity differences
in perfusion map data acted as one more key performance indicator
for assessing LUT schemes. The strong correlation values obtained
for top-performing schemes indicate that this metric is capable to
quantify of how consistently the LUT scheme reflects variations in
the underlying greyscale data.

The results showed that the selection of the color LUT scheme
plays an essential role in maintaining perfusion map integrity, both in
terms of intensity preservation and in the representation of structural
features. The ASIST, Hitachi-Palette, Siemens-MR and Toshiba-MR
schemes demonstrated the most stable and consistent performance
across most quantitative and perceptual criteria. In contrast, spectral
rainbow LU'Ts, in particular Siemens-CT, Terarecon, and
Toshiba-CT, were found to be less effective, potentially
introducing distortions in visual information and re-
sulting in the omission of critical diagnostic details.

Table 4

Therefore, the results confirm the need for a compre-

hensive approach to evaluating color LUT schemes

and justify the advantages of perceptually optimized

LUTs for visualizing perfusion data in both scientific
and clinical contexts.

The findings from this research can be directly use

in clinical applications for enhancing the visualization of

hemodynamic parameters (CBV, CBF, and MTT). Fur-

thermore, they facilitate the standardization of imaging
workflows and offer a validated benchmark for develop-

ing algorithms used to calculate perfusion maps.

3.4. Research limitations and directions for its

Color LUT Linear regression equation, y = Bx; R* coefficient of determination
scheme BE BV MTT

GE-Rainbow | y=358x%R*=0.72 |y=363x%R*=072| y=39.1x R*=0.70
GE-Inv-Rainbow | y=20.7x; R*=0.70 |y=20.2x; R2=0.70 | y =21.2x; R* = 0.81
Hitachi-Block | y=383x; R*=0.76 |y=374xR*=0.75| y=43.7xR*=0.72
Hitachi-Palette | y=46.9x; R*=0.77 |y=459x;R*=0.77 | y=533xR*=0.73
Siemens-CT | y=42.1x; R”*=0.82 |y=415xR*=082| y=41.6x; R>=0.86
Siemens-MR y=479x; R*=0.84 |y=469x R =084 y=532x R =085
Terarecon y=46.3x; R =082 |y=453x;R*=0.81| y=473x; R*=0.84
Toshiba-MR y=578xR*=0.78 |y=558%R*=075| y=59.3x%; R* = 0.73
Toshiba-CT 7 =439x; R* = 0.81 |y=424x; R*=0.80| y=452x; R*=0.83
ASIST 7 =467x; R* = 0.85 |y=457x; R2=0.83 | y=48.8x; R2=0.85

development
This research has several limitations that should be

Note: the results of best and second-best performing schemes are marked in bold

and underlined, respectively

From the results of linear regression analysis, it was found that
Siemens-CT, Siemens-MR, and ASIST schemes consistently demon-
strate the highest linearity across all perfusion maps (R? > 0.84), en-
suring a predictable perceptual response. Meanwhile, the Toshiba-MR
scheme exhibits the highest sensitivity, characterized by the steepest
slope coefficients (/8 > 55), enabling effective differentiation of subtle
signal changes.

3.3.Key performance indicators and their impact on the overall
effectiveness of the color LUT schemes

Based on the results from both assessments, it is evident that
evaluating the overall effectiveness of color LUT schemes requires
a multi-dimensional approach rather than a single-metric analysis.
The results of this research demonstrate that certain metrics are
more sensitive than others to the specific perceptual irregularities
and mapping inconsistencies found in perfusion map colorization.

Specifically, color transition velocity was established as a pri-
mary indicator for the direct assessment of color transitions between
neighboring levels. The results revealed that LUT schemes with high
velocity fluctuations in these transitions corresponded directly to
visible irregularities in the clinical maps. The findings indicated that
schemes with minimal velocity fluctuations in these transitions cor-
responded to more stable color changes and fewer visual inconsis-
tencies within the clinical perfusion maps. The performance of the
RMSE, PSNR, SSIM, and UIQ metrics helped identify deviations in
signal integrity. These metrics provided effective indicators for the
quantitative assessment of image similarity before and after coloriza-
tion of actual perfusion maps. In particular, SSIM and UIQ reflected
the preservation of structural details, which is not captured by pixel-
wise calculations alone. The linear regression analysis between local

considered when interpreting the results.

Firstly, DSC-MRI perfusion data from only glioblas-
toma patients were used.

Second, the research does not include subjective assessment from
human observers. While conducted analysis provides a standardized
benchmark for assessment of different color LUT schemes, it cannot
fully account for the complex ways of physicians perceiving perfusion
maps data. These perceptions can affect how they understand the in-
formation and make their treatment decisions.

Further research could expand the dataset to include perfusion maps
from not only glioblastoma patients but also those with various other
pathologies. This would allow for a more comprehensive evaluation of
the results and assess the effectiveness of color LUT schemes across a
wider range of clinical scenarios. Additionally, further research could
explore the psychophysical mechanisms of color perception. In particular,
conducting multi-observer research could allow for an assessment of how
color LUT schemes perform across a variety of physicians, accounting for
individual variability in human perception.

4. Conclusions

1. A direct assessment of the color LUT schemes revealed sig-
nificant variations in perceptual stability. The analysis of color transi-
tions between neighboring levels showed that while some schemes
maintained consistent perceptual steps, others exhibited notable issues
of abrupt chromatic oscillations. Specifically, the ASIST and Siemens-
MR schemes exhibited the highest values for color transition velocity,
recording 0.9129 (optimal) and 0.9639, respectively. regarding color
transition acceleration, the ASIST scheme demonstrated a high per-
formance value of 0.5409, while the Siemens-MR scheme achieved an
optimal value of 0.1162.

2. Quantitative evaluation using patient-derived perfusion data
revealed that LUT selection significantly impacts the structural integrity
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of the visualized data. The ASIST and Siemens-MR schemes ap-
peared to be the most effective for the perfusion maps used in this
research. The ASIST scheme achieved optimal metrics with a RMSE
of 47.22, PSNR of 50, and UIQ of 54.44. It also ranked second in
SSIM with a value of 46.67. On the other hand, the Siemens-MR
scheme excelled in SSIM with a score of 56.67 and SRE of 55.56,
while attaining the second-best results in FSIM at 34.44 and SAM
at 50.56. By correlating local grayscale intensity differences with
their corresponding perceptual differences in color, it was found
that Siemens-CT, Siemens-MR, and ASIST schemes achieved the
highest linearity across all perfusion maps (R* > 0.84). This indicates
that underlying intensity differences were accurately represented
by corresponding color changes, ensuring a predictable perceptual
response. At the same time, the Toshiba-MR scheme demonstrated
superior sensitivity, marked by slope coefficients (S > 55) that are
notably steep. This characteristic allows for precise differentiation
of subtle signal changes.

3. By integrating the results from both direct and image-based
assessments, key performance indicators can be established to evalu-
ate overall effectiveness. The results demonstrate that color transition
velocity, RMSE and PSNR metrics for accuracy, SSIM and UIQ metrics
for visual similarity are primary drivers of color LUTs effectiveness.
Additionally, significant insights can be derived from conducting linear
regression analysis between local intensity differences and perceptual
differences in color. Based on these, the ASIST and Siemens-MR scheme
was identified as the most effective for visualization of perfusion maps
derived from DSC-MRI.
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