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Wearable screens are part of everyday life, but the blue light they emit can affect the human body. Known
as the Blue Hazard, high-energy blue light has been linked to circadian rhythm disruption, reduced focus,
cognitive functions, and Computer Vision Syndrome. As screens move closer to the eyes, especially in users
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Computer vision with pre-existing eye conditions, effective filtering becomes increasingly important.

Blue filter This work presents a blue light filter that processes images in a novel color space, selectively reducing high-
Blue light hazard energy pixels while preserving most colors. After filtering, both contrast and image quality remain virtually

Color unchanged, according to several widely used metrics.

Image processing Physical measurements showed that blue light absorption exceeded theoretical expectations. Spectropho-

Spectral emission measure tometric tests across various screens demonstrated consistent performance—typically reducing 30%-40% of
blue light for a color difference (AE) of 10, with absorption reaching up to 100%. Compared to flux and
Night Shift, our filter reduces blue emissions by 17% and 34% more, respectively. With an average processing
time of 0.012 s per image using basic parallelization (up to 85 Hz), it is well-suited for modern wearable and

electronic devices.

1. Introduction

Wearables have become an integral part of daily life, ranging from
watches to augmented and virtual reality devices. As the sector con-
tinues to grow, these devices are now used for a wide range of tasks,
with screens featuring increasingly high resolutions. Notably, in the
case of augmented and virtual reality, these screens are positioned
directly over the eyes, raising concerns about their potential impact to
our vision.

Blue light, the most energetic portion of the visible spectrum emit-
ted by screens, has been extensively studied due to its potential links
to various health issues [1-3], including macular degeneration, cancer,
skin damage, and cataracts. Laboratory studies have demonstrated that
blue light exposure can damage ocular tissues. Its danger in the context
of everyday screen use remains a topic of debate.

Recent research reinforces concerns regarding the phototoxicity of
blue light, specifically emitted by screens [4]. According to Haghani
et al. [5], blue light emissions from electronic devices can disrupt
circadian rhythms —known as artificial light at night (ALAN). Their
systematic review links ALAN to several health conditions, including
diabetes [6] and cancer [7-9]. Furthermore, a recent review published
in Nature explores the impact of blue light on circadian regulation and
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beyond [10]. The authors note that blue light can affect cognitive and
physiological functions independently of circadian processes, primarily
through intrinsically photosensitive retinal ganglion cells (ipRGCs).
These cells have been shown to influence brain regions responsible for
attention, learning, memory, and executive function. As such, blue light
plays a significant biological role, and both the quantity and timing of
exposure are meaningful factors that should be carefully controlled.
As screens become brighter and are placed closer to the eyes,
the potential hazards may be amplified. Devices such as augmented
and virtual reality headsets, which are positioned directly in front of
the eyes, often lack built-in filtering mechanisms. Consequently, the
intensity of exposure — directly related to viewing distance - is higher,
particularly during extended use. This is especially relevant for users
who rely on these technologies intensively. In addition, head-mounted
displays are increasingly being used as assistive devices for individuals
with visual impairments or low vision [11]. The risks of the blue light
are particularly pronounced in individuals with pre-existing conditions,
such as low vision or other forms of ocular damage [12]. Many of these
users rely on physical blue filters in their daily lives. Incorporating
blue light filtering functionality directly into assistive devices not only
enhances usability but also better aligns with the specific needs of
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these users. In such scenarios, the implementation of effective blue light
filtering becomes even more relevant.

To address these concerns, most commercial devices employ two
primary strategies: dark modes in graphical interfaces and filtering
technologies. While dark modes offer several benefits [13,14], they are
unsuitable for video and image content. Consequently, filtering systems
have emerged as the preferred approach for general applications, and
they are the focus of our work. One of the earliest filtering systems
was the f.lux project [15], followed by other examples like Eye Care
for Android devices [16] and Night Shift for Apple products [17].
Studies analyzing various devices and their filtering systems [18-20]
demonstrate that these technologies reduce blue light emissions by
altering the overall color profile of images.

The widespread adoption of filtering systems is motivated not only
by the need for ocular protection but also by the broader effects
of blue light on human physiology. Blue light influences circadian
rhythms through photosensitive retinal ganglion cells (ipRGCs), which
play a crucial role in regulating the sleep-wake cycle [21]. Artificial
stimulation of ipRGCs by screen exposure can disrupt these cycles,
leading to sleep disturbances [22]. Additionally, blue light has been
associated with visual fatigue, commonly referred to as Computer
Vision Syndrome [23-25]. Other studies suggest links between blue
light exposure and reduced memory capacity [26] or altered hunger
regulation [17]. On the other hand, blue light has been shown to
enhance alertness and dynamic vision [27], often to the detriment of
other cognitive and physiological functions.

The primary contribution of our work is the development of a
hardware-independent blue light filtering solution. Our filter can op-
erate on any device, regardless of its underlying architecture. It can be
implemented in augmented and virtual reality headsets, which typically
lack built-in filtering mechanisms. These devices are key components
in assistive systems for individuals with visual impairments, who can
benefit from a software-based blue light filtering algorithm.

We propose a novel blue light filtering method that selectively
targets the most energetic parts of an image by transforming it into
a color space with a reduced rendering volume. The filter achieves
excellent absorption rates while preserving most colors, contrast, and
overall image quality. We demonstrate its efficiency through physical
measurements of light emission: spectrophotometric analysis across
various screens shows that our filter outperforms existing solutions and
theoretical expectations.

This article is organized into six sections. Section 1 provides the
introduction. In Section 2, we discuss the representation of color.
Section 3 details the volumetric approach underlying the proposed
filter. Section 4 describes the specifics of the filtering method. The
results are presented in Section 5. Finally, Section 6 summarizes our
conclusions, highlights the study’s limitations, and suggests directions
for future research.

2. Color and its spatial representation

Color is a fundamental component of human vision. We perceive
color through specialized receptors in the retina, known as cones.
These cones are divided into three types, each sensitive to one of the
primary colors: red, green, and blue. The combination of signals from
these cones allows us to perceive the wide range of colors in our
environment. If we represent this perception in a three-dimensional
coordinate system, with each axis corresponding to one of the primary
colors, the resulting volume encompasses the possible combinations
and colors. This volume forms a cube, representing the RGB color
space. Similarly, digital displays use three emitters per pixel to simulate
colors, each emitter corresponding to the intensity of one type of cone.

However, reducing the biological process of color perception to a set
of coordinates oversimplifies reality—color also carries emotional and
psychological significance [28]. It is well established that the number
of colors humans can perceive exceeds those represented in the RGB
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space, as intermediate colors arise from combinations that cannot be
fully represented by the three primary components. To address this
limitation, alternative color spaces with different volumes have been
developed, such as CIELAB and CIELUV [29]. These models offer a
more accurate and homogeneous representation of colors, aligning
more closely with human vision.

The evolution of color representation extends to display technolo-
gies, which strive to produce the widest possible range of colors. This
range, known as the gamut, defines the volume of colors a display
can reproduce. Standards such as REC.2020 and Adobe RGB [30,
31] provide expanded gamuts that surpass traditional RGB in color
representation.

Regardless of the screen’s gamut, this work focuses on reducing the
volume associated with the most energetic colors, primarily blue and
violet. Fig. 1 illustrates this process. The first row displays the original
image, with the filtered result shown in the second row. Fig. 1b presents
the RGB cube, highlighting the volume reduction. This reduction is
more clearly appreciated in the side projection of the cube, shown
in Fig. 1c. The blue and violet components are translated downward,
reshaping the cube into a cone. Fig. 1d depicts the xy plane, a widely
used format in colorimetric representation, where the cube is visualized
as a triangle. In this plane, the blue corner coordinates shift towards the
other vertices. These visualizations were generated using Kei Otsuka’s
Color Distribution Plotter [32], which is publicly available on Matlab
Central.

The proposed filter reduces the spatial representation of colors by
approximating the cube to a cone. This new color space, termed RGb, is
introduced in this work, where the lower-case b represents the reduced
blue component. The filter computes this space and converts the coordi-
nates into the new color space, effectively diminishing the emissions of
the most energetic colors. In the RGb space, the diagonal corresponds to
grayscale or luminance, which is preserved. Colors above the diagonal,
characterized by a high blue component, are transformed into adjacent
colors in the spectrum towards the diagonal. We detail the calculation
of the RGb color space in the following section.

3. Filter approach

Filtering using the color space as a tool involves reducing the
volume of color representation in an image. The greater the reduction
in volume associated with short wavelengths, the lower the resulting
energy emission. However, excessive volume reduction leads to fewer
colors being represented, diminishing the realism of the image. The
proposed filter addresses this challenge by seeking an optimal balance
between two factors: the blue emission B, and the representation
volume, or gamut G.

B, represents the proportion of blue remaining in the Blue channel
of the image, defined as the ratio of the remaining blue to its original
amount. G, denotes the difference in representation volume between
the original and filtered images. The representation volume is normal-
ized to a maximum value of one unit, irrespective of the number of
colors it encompasses. Consequently, both metrics are expressed on the
same scale, ranging from zero to one, but with opposite interpretations:
B, indicates the proportion of blue retained, which decreases as the
representation volume difference, G,/ ;, increases.

The objective is to reduce the representation volume sufficiently to
optimize absorption while maintaining an acceptable level of image
quality. This trade-off is framed as a cost function that balances the blue
emission (B,) and the gamut difference (G, A lower gamut corre-
sponds to higher absorption, but excessive reduction can compromise
the image’s realism. The optimal filter for a given screen is determined
by minimizing the absolute difference between these two normalized
values, as they are inversely related but not directly proportional.
Additionally, a quality control factor, Q, ensures that image quality is
preserved throughout the transformation process. Under ideal condi-
tions, this factor approaches zero, indicating that quality is maintained.
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(c) (d)

Fig. 1. Filter functioning example and its volumetric color representation.

When image realism is at risk, Q adjusts the cost function to prioritize
quality. Therefore, Eq. (1) defines the cost.

cost = |B, = Gyirp — Ol (€D)]

Quality measures for multimedia files are diverse. In this work, we
use three non-referential metrics, meaning they do not directly compare
the filtered image with the original. Among them, one represents the
observer’s opinion and the other two are reportedly objective in a
supervised and unsupervised manner. These three metrics are well
known in the scientific literature, to the point of being included in
some programming languages: Brisque [33] (B), Piqe [34] (P), and
Nique [35] (N). Eq. 7 calculates the quality term, where the subscript
0 represents the original quality and the subscript f denotes the value
after filtering. It comprises three quality terms, one corresponding to
each metric. When the metric values before and after filtering are iden-
tical, each term equals one. Therefore, when quality is fully preserved,
the sum of the filtered metrics equals minus three, resulting in Q being
zero.

Q=3-B;/By—N;/Ny—P;/Py @)

To increase absorption, the color representation volume must be
reduced. However, to preserve as much of the total volume as possi-
ble, modifications should be limited to pixels with an excess of blue.
Changing the color space involves a linear transformation of the three
primary color components, which alters the representation volume. In
alternative color spaces to RGB, the blue component is part of at least
one of the color coordinates and is compensated by the other two,
enabling the selection of pixels with a predominant blue component.

Color spaces such as YES, YIQ, or YUV include a blue channel that
can be leveraged for filtering. For instance, in the YES color space, the
S channel is defined as S = 0.25R + 0.25G — 0.5G. Negative values
of S correspond to pixels where the proportion of blue exceeds that
of red and green combined. Building on this approach, we propose a
linear transformation adapted to the image, selecting the appropriate
proportions of each color. The coefficient matrix F, is defined by the
color coefficients f,; and f.,, which scale the primary colors. The
matrix transformation T is computed as the product of each pixel
and the coefficient matrix F,. Algorithm Eq. (3) provides the formal
representation.

_fcl
T=RGB*F,=RGBx*| —f., 3)
. f a1t f c2
T defines a surface that acts as a new boundary for the color
space, reducing its height, which corresponds to the blue component.
Each pixel’s T value represents the coordinate translation necessary to

Fig. 2. Transformation of the RGB cube into the RGb cone.

achieve the desired volume reduction. Fig. 2 conceptually illustrates
this process, with the shape exaggerated for clarity. In the figure,
the transformation of a pixel P is represented as T(P). Positive T
values indicate an excess of blue and determine the magnitude of the
translation vector, while T values less than zero result in no translation,
as the pixel already lies within the new volume.

In the new reduced-volume color space, RGb, the Red and Green
components remain constant, while b is determined as the B coordinate
applying the vertical translation. As shown in the figure, the cube
gradually transforms into a cone, with its generatrix approximately
aligning along the diagonal. This diagonal represents the white-to-black
gradient, corresponding to luminance.

The problem we address is the optimization of the color coefficients,
fo; and f., to minimize the cost function, using a gradient descent
algorithm. These two factors define the cutting edge of the new vol-
ume, removing the maximum amount of blue with the least possible
reduction. Additionally, by maintaining the diagonal of the cube, the
resulting filter ensures that contrast is preserved.

The optimal filter determines the values of f.; and f,, within the
range of [-1,0.5]. The column matrix F, has a sum of zero, which is
inherent in its definition. This ensures equilibrium among the primary
colors and aligns the cutting limit along the cube’s diagonal. The blue
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component must be constrained to positive values between 0.5 and 1.0
to ensure that the filter consistently reduces blue intensity.

The theoretical framework of this process leads to several interest-
ing conclusions, which are applied to the design of the filtering process.
These details are elaborated in the following section.

4. Proposed filter

Using gradient descent to minimize the cost, we determine the
optimal transformation to the new RGb, obtaining values for f.; and
f.o- We tested the process with numerous images and found that most
cases can be simplified into four distinct scenarios that closely approx-
imate the optimal output. Consequently, the process can be reduced
to a search among these four cases rather than an optimization. Each
scenario is defined by its coefficient matrix F,: (a) [-1.0,0.5,0.5]; (b)
[0.5,-1.0,0.5]; (c) [0.0,—1.0,1.0]; (d) [-1.0,0.0,1.0]. These cases repre-
sent boundary conditions where one of the primary colors is maximized
while the other components provide compensation. Simplifying the
process results in improved execution, determining which of these
cases is most suitable for a given image based on its dominant color
composition.

The most efficient coefficient matrix F, in terms of blue absorp-
tion, corresponds to the matrix transformation T that accumulates the
highest sum of positive values. By calculating this sum in advance,
we can identify the most effective filter. However, in some cases, the
simplification may result in a color difference greater than desired by
the user. To address this, we introduce a correction factor based on AE.

The color difference, AE, is the Euclidean distance in the CIE
L*a*b* color space, a standard metric widely used in the scientific
literature [36]. We define the color difference between the original
and filtered images as the average Euclidean distance across all pixels.
Due to the subjective nature of the correction factor, which adapts
to user perception, extreme precision is not necessary. To simplify
the computation, we approximate the Euclidean distance in the RGB
color space. Therefore, the Euclidean distance for one pixel is the
modulus of the vector connecting the pixel RGB,,;qi,q With RG B s110r045
as expressed in Eq. (4).

(Ry — R)? +(Gy — G,* + (By — B))'/? Q)

The translation we propose has only a vertical component by def-
inition, modifying the blue coordinate. The red and green differences
in the equation are zero because these components remain unchanged.
Simplifying, AE = ((By—B,)*)!/2, which further reduces to AE = B,—B,.
Hence, when measured in the RGB color space, AE directly corresponds
to the value of the matrix transformation 7', which is already known.
The average value of T represents the overall color difference for the
filtered image, denoted as AE,,,,,. In other words, the color difference
is the result of the filter, represented by T.

In our filter design, the user provides AE,,,., which is used to

regulate filter effectiveness. When 4E,,, is negative, its absolute value
is the filter limit, preventing unrealistic color differences. When pos-
itive, it enhances the filter’s effect, allowing up to nearly 100% blue
light reduction. If AE,,,, is zero, neither enhancement nor limitation is
applied. The parameter AE,,,. ranges from —100 to 100. Specifically, a
value of AE,,, = —100 results in no filtering, while AE,,, = 100 applies
the maximum filtering level.
We use AE,,, to calculate the correction factor f, as the ratio of the
color difference in the filtered image: f, = AE,./AE;y4.- f. scales T
to limit or enhance the transformation. For positive values of f,, we
multiply T by 1 + f,, to increase the translation. For negative values,
we use its absolute value as a limit, ensuring a minimum effectiveness
of 0.3. This limit is only applied when the filtered image exhibits a
greater color difference than desired.

The resulting filter is detailed in Algorithm 1. The filter dynamically
adjusts the reduction of blue light emissions based on the user’s speci-
fied regulation, adapting to their needs and preferences. The proposed
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Algorithm 1 Filter

inputs: image, AE,,,

outputs: filtered Image

a < [-1.0,0.5,0.5]

b < [0.5,-1.0,0.5]

¢ «[0.0,-1.0,1.0]

d < [-1.0,0.0,1.0]

filters < [a,b,c,d]

sums < new List()

foe1

for filterin filters do
T « image = filter

T<0=0
sums.append (sum(T.RG B))
end for

bestIndex « indexO f M axV alue(sums)
T = trans formations|bestIndex]
AE « sums|bestIndex]

if AE,,, < 0& AE;,q, > |AE,,,| then
fe = maxValue(0.3, AE . /AE;;4,.)
end if
if AE,,,, > 0 then
fc =1+ |AEuser|/AEimage
end if
T=Txf,

filtered Image| B] = image[B] — T

filtering mechanism is both adaptive and customizable, offering flexi-
ble, user-centered control over blue light exposure—ranging from no
filtering to the maximum reduction achievable by the algorithm.

The filter processes an image and computes the four possible matrix
transformations 7. It then calculates the sum of the positive values
and selects the option with the highest sum. Subsequently, if AE,,,,
is negative but still smaller than AE,,,,,, a correction factor f, is
computed with a value ranging from 0.3 to nearly 1 to reduce the filter’s
effect. If AE,,, is positive, f. is increased by one to enhance the effect.
Finally, the correction factor is applied to the matrix transformation
T, and the translation is performed, generating the filtered image. In
the following section, we analyze the outcomes in detail and provide
results to illustrate the process.

5. Results

First, we present theoretical results on the filter’s performance,
and then we provide empirical results by directly measuring screen
emissions. The results were obtained using MATLAB version R2023a,
running on macOS Sonoma 14.3.1. The tests were conducted on a
laptop equipped with a 2.4 GHz Intel Core i5 processor and 16 GB
of RAM. The main dataset consisted of 100 images selected from the
publicly available Landscapes dataset [37], which is distributed under
a free license. These images were chosen to represent a wide range of
colors and combinations [38].

Fig. 3 illustrates the filtering results using sample images that are
predominantly pink, violet, and a mix of blue and white. The absorption
is computed as the reduction in the blue channel of the RGB color
space. The optimal filter, which is neither limited nor enhanced, is
highlighted with a red box. From left to right, the sequence of im-
ages includes the original image, the filter limited to +54E,,,, the
optimal filter (boxed), the filter augmented by +104E,,,,, the filter
augmented by +404E,,,,, and the filter augmented by +1004E,,,,. The
corresponding blue absorption percentages for each image, from left
to right, are as follows: (1) Top image: 11%, 38%, 48%, 77% and
100%; (2) Middle image: 13%, 44%, 52%, 75% and 100%; (3) Bottom
image: 8%, 27%, 32%, 45% and 73%. The filter preserves most colors,
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Fig. 4. Different outcomes with different transformation matrices. On the left, the original image. On right, four filtered images using the four coefficient matrices F,.

o 8

. .

. L

Fig. 5. RGB cube representation for the four coefficient matrices F,.

modifying only those dominated by blue, such as blue and violet. As
absorption increases up to 100%, the color difference also increases.
The user can regulate the filter according to their needs, adjusting
between realism and efficiency. For users with specific conditions, the
filter can be adjusted to block nearly all blue light, providing a tailored
solution. The optimal filter serves as a reference, providing a balanced
trade-off between color difference and absorption. In all cases, white
is preserved, maintaining contrast, as is clearly visible in the bottom
image.

The filter selects the most appropriate transformation from four
options, each represented by a different coefficient matrix F,. The
selected transformation is the one that best adapts to the image’s
color composition and removes the greatest amount of blue. Fig. 4
illustrates the outcomes of applying the four matrices to the same
image. The largest image represents the original. Among the filtered
images, the top-left (¢ = [-1.0,0.5,0.5]) performs poorly, failing to
remove significant blue content, with a blue absorption of 1% and 4AE
of 0,27. The bottom-right image (d = [-1.0,0.0, 1.0]) also shows limited
effectiveness, with blue absorption of 2% and AE of 1.60. The bottom-
left image (¢ = [0.0,—1.0,1.0]) alters the sky but leaves the mountains
unchanged, with a blue absorption of 9% and AE of 6,09. Finally,
the top-right image (b = [0.5,—1.0,0.5]) is identified as optimal, as it
effectively removes blue from both the sky and the mountains, with a
blue absorption of 15% and AE of 10,12.

Fig. 5 displays the pixel representation within the RGB color space
cube, from a lateral perspective. The red line represents the diagonal

of the cube, corresponding to the black-to-white scale — black is
located at the bottom-left vertex, while white is at the top-right. The
arrangement of the cubes follows the same order as the photographs,
progressing from top-left to bottom-right. The filter matrices are from
left to right: a, b, ¢, and d. Among these, matrices b and c are the
most effective. However, matrix c¢ translates pixels directly towards
the diagonal, resulting in a smaller representation volume. In contrast,
matrix b distributes the pixels more broadly, preserving a higher rep-
resentation volume with higher absorption. This broader distribution
allows the image to retain a greater number of colors while still
effectively reducing blue light. For this particular image, we conclude
that matrix b is the optimal F,.

By preserving the black-to-white diagonal, the filter ensures that
contrast is maintained. Maintaining contrast is essential for preserving
the accuracy of shape representation. Fig. 6 illustrates the contrast
difference between the original and filtered images, evaluated using
the Histogram Spread metric (HS) [39]. A more uniform histogram
indicates better contrast, and the HS metric has been widely validated
in scientific studies as a reliable measure of contrast quality [40].

The left panel of Fig. 6 shows the HS values for the 100 images in
the dataset. Although the histogram spread is diverse across images,
the filter demonstrates robustness, maintaining consistent HS values.
The middle panel displays the contrast difference when using the
optimal filter configuration, while the right panel shows the contrast
difference with the filter enhanced to 4E,,,, +100. In both cases, the
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contrast difference remains negligible, with values close to zero. These
results confirm that our filter effectively preserves contrast, ensuring
the integrity of shape representation and image details.

Image Quality Assessment (IQA) metrics are used to evaluate the
perceptual quality of an image. We assessed the quality of our filter
using the same set of 100 images. One of the most widely used metrics
in the scientific literature is SSIM (Structural Similarity Index) [41],
which considers luminance, contrast, and color differences, as shown
in Fig. 7a. SSIM values range from 1 to —1, with 1 indicating identical
images. Since SSIM incorporates color differences in its computation,
the metric tends to decrease — and can even become negative — as
the level of filtering enhancement increases. These results indicate
that the filtered images differ in color from the originals, which is an
expected effect of the filtering process. However, under the optimal
filter configuration, most images tend to score close to 1, indicating
high structural similarity.

Other quality metrics confirm that the visual structure of the images
is preserved. Fig. 7b shows results for GMSD (Gradient Magnitude
Similarity Deviation) [42], a metric specifically designed to detect
image distortions. GMSD values range from O upward, with values
below 0.05 indicating high similarity and minimal distortion. In our
tests, 98 out of 100 images had a GMSD value below 0.05, and many
returned zero, indicating that structural quality is largely unaffected by
the filter.

We also present results using non-referential IQA metrics in Fig.
8, which assess image quality without comparison to the original.
The three metrics — NIQE [35], BRISQUE [33], and PIQE [34] — are
widely adopted and supported in many programming languages. The
results are expressed as the difference between the quality scores of
the original and filtered images. While there are minor fluctuations,
the values remain very close to zero, supporting the conclusion that
the filter preserves overall image quality.
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Fig. 8. IQA metrics: brisque, nige, pique.

About the performance of the filter, Fig. 9 illustrates the absorp-
tion values (Fig. 9a), representation volume rate (Fig. 9b), and color
difference (Fig. 9c) for various filter configurations. From left to right,
each plot box corresponds to a filter configuration: 4E,,, of -5 (lim-
ited to 5), the optimal filter (without limitations or enhancements),
and filters enhanced by +104E,,,,, +404E,,,,, and +1004E,,,,. The
volume reduction has an average of 15%, up to 36% with the optimal
filter. With a AE,,, limitation, absorption remains low but preserves
realistic colors, with the color difference approaching zero and volume
difference rate near one. The optimal filter configuration achieves blue
light absorption typically ranging between 30% and 40%, providing
the best balance between volume preservation and absorption. At
medium enhancement of +404E,,,,, absorption increases to 60%, while
color differences remain within acceptable limits. At the maximum en-
hancement of +1004E, the color difference and representation volume
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Fig. 10. Experiment setup.

difference significantly increase. Nevertheless, the filter achieves 100%
blue light absorption in most cases.

Also Fig. 9 shows that with medium enhancement, the filter
achieves high absorption levels. As the enhancement increases, the
representation volume decreases, which is reflected in the color dif-
ference AE. However, this increase remains controlled for values up to
+50 4E,,,. When the filter is maximized, absorption typically reaches
100%, although the color difference rises significantly. In summary,
the absorption ratio is considerable with controlled color differences in
most cases, while the filter’s customization allows users to adapt it to
any circumstance even achieving total absorption when required.

The theoretical results demonstrate that the filter performs effec-
tively, achieving significant blue light absorption while preserving most
colors in the RGb color space at its maximum volume. To validate these
findings, we tested the same set of 100 images using a spectrophotome-
ter. Photometry was employed to quantitatively measure radiation and
assess its potential impact on a human observer [43]. Fig. 10 illustrates
the experimental setup.

The Ocean SR2 spectrophotometer was employed, modified with an
entrance rack of 200 nanometers to accommodate screens of varying
sizes, because the standard 50-nanometer rack is less sensitive for
smaller screens. The device was calibrated in-house using Ocean View’s
UV calibration, paired with a 200-nanometer endpoint fiber. The fiber
was positioned directly in front of the screen using a holder, and
the room was completely darkened to ensure that the screen was
the sole light source. The spectrophotometer outputs spectral intensity
in counts, where each count corresponds to the number of photons
detected at a given wavelength, measured in nanometers.

The experiment consists of a comparison between the original image
and the filtered image under various filter configurations. To ensure a
fair and consistent evaluation, all tests were conducted on the same
laptop screen under identical lighting conditions, with the room dark-
ened to eliminate ambient light interference. The spectrophotometer
was positioned at the same distance, angle, and orientation for each
measurement. The images were displayed in full-screen mode, occupy-
ing the same screen area and activating the same pixels. The sensor

exposure time was fixed at 100 ms for all static images. As a result, the
intensity measured at each wavelength is directly comparable across all
configurations.

The noise was subtracted from the measurement and the screen
irradiance was calculated using parameters from the calibration file,
including the area of initial diffraction and other relevant metrics. All
results are comparative, assessing the original image against the filtered
image. The potential error from the setup and measurement device
can be disregarded, as it remains consistent across comparisons. Con-
sequently, standard deviation values are not reported, and conclusions
are drawn directly from the measurements.

For the test, we used a 2009 MacBook Pro with a Retina display.
The screen’s color profile was set to "Color LCD”, and brightness was
adjusted to 80% of its maximum emission. Fig. 11 shows the visible
spectrum irradiated under different filter configurations applied to the
same image. The visible spectrum ranges from 380 nm to 750 nm,
with the blue component spanning 400 nm to 495 nm. The measured
images are shown below: (a) Original image; (b) Filter limited to —54F;
(c) Optimal filter; (d) +104E enhancement; (e) +404E enhancement;
(f) +1004E enhancement. As the filter’s effectiveness increases, blue
light absorption improves, with maximum absorption occurring at the
450 nm wavelength. Other wavelengths corresponding to non-blue
colors remain largely unaffected, meaning most colors are preserved,
except for bluish tones. At the maximum enhancement of +1004E, the
filter absorbs 69% of the 450 nm wavelength associated with blue light.
The decision to maintain pure white ensures that contrast is preserved,
even under these conditions, although it limits the overall absorption.
With the optimal filter configuration, absorption reaches 35%, with a
color difference of 23, achieving a balance between blue light reduction
and color fidelity.

Fig. 12 illustrates the same experiment conducted with a violet-
dominated image. With this color distribution, the filter achieves 100%
absorption in the most enhanced configuration. In the case of the
optimal filter, the absorption is lower than in the previous experiment,
reaching 28%, but the color difference is only 10, resulting in a better
absorption-to-color-difference ratio. When the filter is enhanced by
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+104E, absorption rises to 42%, with a color difference of 15. These
results demonstrate that the filter can achieve significant blue light
absorption while maintaining low color differences.

Fig. 13 presents the results of the filtering process applied to a
photograph containing a wide range of colors. The filter modifies only
the blue components of the image while preserving the remaining
colors. In this case, the optimal filter and the enhanced filter with
+104E,,, achieve low color differences of 3.92 and 9.06, respectively,
with absorption rates of 17% and 36%.

These examples collectively demonstrate that the filter achieves
significant blue light absorption while altering only the most energetic
colors, maintaining low color differences. The filter typically removes
between 20% and 40% of blue light with a color difference around 10,
which is considered a favorable outcome. For users requiring higher
absorption levels, the filter’s effectiveness can be enhanced up to 100%,
at the cost of a higher color difference.

We tested the same 100-image dataset [38] with the spectropho-
tometer, now focusing on the 450 nm wavelength, which corresponds
to the peak of blue light emission. Fig. 14 compares the theoretical
absorption with the real absorption measured using the spectropho-
tometer for this wavelength. The real absorption of the screen emission

42% absorption, color difference of 15.84; (e) Filter amplified to +404E,

74% absorption, color

user>

100% absorption, color difference of 51.06.

exceeds theoretical expectations in most images across all configura-
tions, except for the highest enhancement level, +1004E,,,.. With the
optimal filter, as well as with small to medium enhancements, the real
absorption is greater than expected. However, when the filter reaches
its maximum level, absorption becomes limited. Nonetheless, with
slight enhancement, it is possible to achieve the maximum absorption
while maintaining a balanced color difference. These results suggest
that medium enhancements, particularly the optimal configuration, are
the most recommended, as they offer a good trade-off between blue
light reduction and color preservation. The spectrophotometer results
confirm the effectiveness of the filter.

We compared our filter with existing solutions, including the free
software f.lux for Mac and the Night Shift feature on iOS. Both systems
modify the entire screen by shifting pixel colors towards orange. Images
of their outputs are unavailable due to restrictions on screenshots
imposed by these programs. However, original and filtered images
for our approach are provided in Fig. 16. Fig. 15 illustrates the
emission spectra for different configurations of f.lux and Night Shift.
Our filter absorbs more than 90% of blue light, whereas Night Shift
at its maximum setting absorbs 65%, and f.lux at a color temperature
of 2700 K absorbs 82%. This represents an improvement of 34% over
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Night Shift and 17% over f.lux. Although full blue light absorption is
not always necessary, our filter allows user-controlled modulation up
to the maximum level, adapting to individual preferences and needs.
These results highlight the effectiveness of our filter, showing that it
can outperform existing solutions.

Additionally, Fig. 15 shows that both f.lux and Night Shift not only
reduce blue light but also alter the green and red light projections,
significantly increasing red emission. As a result, these filters change
all colors in the image, whereas our approach selectively modifies only
the most energetic blue components. The energy projection for high
frequencies (e.g., red colors) in our filtered images remains nearly
identical to that of the original image.

We tested the filter using the same image previously analyzed with
f.lux and Night Shift across different devices and operating systems: iOS
on an iPhone, Android on a smartphone, and Windows on a laptop. Fig.
17 presents the irradiance spectra for these cases, showing consistent
outcomes. In all three scenarios, our filter achieved an absorption
rate near 100%, comparable to the results from the MacBook tests,
demonstrating that the filter’s effectiveness is not tied to a specific
screen type.

However, the emitted energy varies across devices, depending on
the type of screen. Additionally, mobile screens are placed closer to the
fiber during measurements to ensure accurate readings. Consequently,
the absolute absorption values differ between devices, even though
the filter’s relative effectiveness remains consistent. Notably, on mobile

devices (both Android and iOS), the filter induces slight changes in
other colors, reducing green and red emissions when applied to the
same image used on laptops. This effect was beyond the scope of this
study and could be explored in future research.

The filter was tested on the MacBook Pro using the full set of 100
images, achieving an average processing time of 6.90 s in total, or
approximately 0.069 s per image, without parallelization. The average
processing time was calculated using MATLAB’s native timing function,
which executes the code multiple times with a high-resolution timer.
By simply calculating the four transformations in parallel to select the
optimal, the algorithm processes the 100 images in just 1.1796 s, or
approximately 0.012 s per image. This corresponds to a refresh rate of
85 Hz, which is compatible with many modern displays. Since pixel
processing is completely independent, the algorithm exhibits a high
degree of extra parallelism and there is room for improvement in future
work. These results are promising and suggest that the filter could be
effectively applied in electronic devices and wearable technologies.

6. Conclusions, limitations and future work

Blue light affects the human body in various ways, making the con-
trol of its emission from electronic devices a topic of significant interest.
This work proposes a filter that reduces the color representation volume
for image projections, absorbing approximately 40% of blue light in its
optimal configuration with a color difference of around 10. The filter’s
effectiveness can be further enhanced by user customization, achieving
up to 100% absorption at the cost of a higher color difference.

The results were obtained through direct physical measurements
of screen emissions. We tested the filter using a spectrophotometer,
and the real absorption surpasses the theoretical predictions, achieving
excellent results across different devices. Absorption rates are consis-
tent between different screen types up to the maximum absorption
of 100%. Moreover, when compared to previous solutions, our filter
demonstrates superior performance in the blue light emission, with an
improvement of 34% over Night Shift and 17% over f.lux.

The filter leverages an alternative color space that dynamically
adapts to the image’s color distribution to optimize performance. With
an average reduction of 15% volume representation, the filter achieves
an average blue absorption of 43%. Additionally, it preserves contrast,
image quality, and the overall color appearance. The contrast differ-
ence, measured using the histogram spread metric, is effectively zero
in most cases. Similarly, image quality is maintained, with differences
tending towards zero across multiple evaluation metrics, including
GMSD, NIQE, BRISQUE, and PIQE.
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The average processing time per image is on the order of hundredths
of a second without parallelization. When applying basic parallelization
across the algorithm tasks, this time is reduced by a factor of six,
enabling a screen refresh rate of 85 Hz. With pixel-level parallelization,
the filter could achieve even higher performance, which we identify as
a meaningful direction for future research. These results suggest the
filter’s strong potential for integration into real-time video processing
and future applications in electronic and wearable devices.

The filter’s effectiveness is limited in white-dominant images, as
white contains a significant amount of blue light. While the current de-
sign prioritizes contrast preservation, addressing the challenges posed
by white-dominant images is a potential area for future research. More-
over, achieving the highest absorption levels can result in excessive
color differences, which also warrants further investigation.

Processing performance should also be evaluated across a vari-
ety of devices with different screen technologies, taking into account
the trade-offs between refresh rate, power consumption, and memory
usage. We consider this an important direction for future research,
particularly in the context of resource-constrained environments.

As we gain more insight into the effects of blue light on the brain
and body, future research can be directed towards assessing the impact
of filtering on these biological outcomes. We consider the proposed
filter particularly suitable for head-mounted displays, which currently
lack integrated blue light filtering mechanisms. Its application in as-
sistive devices for individuals with visual impairments represents a
promising direction for future work.

This work introduces a filter capable of adapting image colors and
modulating intensity to suit user needs. It achieves high absorption
rates while maintaining contrast, quality, and most colors, using a
reduced color space to minimize blue emissions. The filter demonstrates
reliable performance across different screens and devices, supported
by physical light measurements obtained using a spectrophotometer.
Furthermore, our results show that the filter can outperform exist-
ing solutions. These findings provide a promising foundation for its
deployment across a wide range of electronic devices.
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