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Abstract

Multi-view image recognition is crucial for numerous
applications such as autonomous vehicles and robotics,
where accurate 3D reconstructions from 2D images are es-
sential. However, the presence of various noise factors like
motion blur, variable lighting, and changes in the field of
view can significantly degrade the quality of these recon-
structions. Through a series of experiments using simulated
data created in Blender, I explore the effectiveness of dif-
ferent de-noising methods, including AI-based and tradi-
tional image processing techniques. My findings indicate
that specific adjustments in the Gaussian Splatting data pre-
processing can significantly mitigate the adverse effects of
noise, leading to more accurate and reliable 3D reconstruc-
tions. The study contributes to the field by providing a de-
tailed analysis of noise impact and proposing viable solu-
tions to enhance the fidelity of multi-view image reconstruc-
tions in noisy environments. The code and resources devel-
oped for this project are available in the GS-preprocessor
repository on GitHub. 1

1. Introduction

Multi-view image recognition is pivotal in advancing fields
such as autonomous navigation and robotics, where it en-
ables the creation of three-dimensional models from mul-
tiple two-dimensional images. This technology is essential
for machines to understand and interact with the physical
world more effectively. However, the accuracy and relia-
bility of these models are often compromised by various
forms of noise, such as motion blur, lighting changes, and
field of view variations encountered in real-world scenarios.
Addressing these issues is crucial for enhancing the per-
formance and dependability of 3D reconstructions, which
are fundamental to applications in autonomous vehicles and
robotic manipulation.

While previous research has extensively explored Gaus-
sian Splatting techniques, recognized for their ability to
handle image distortions and improve 3D image reconstruc-
tions, there remains a significant research gap. Notable
studies, such as those on motion blur restoration [3] and
color consistency [14], have demonstrated the effectiveness
of these methods in reducing artifacts caused by camera
shake and lighting inconsistencies. However, the specific
impact of different types of noise, particularly motion blur,
variable lighting, and field of view changes on the accuracy
of 3D reconstructions, has not been sufficiently addressed.
This gap persists despite its critical relevance to practical
applications in dynamic environments [12].

This paper seeks to address the critical unanswered ques-

1https://github.com/surftijmen/GS-preprocessor

tions regarding the influence of noise on the effective-
ness of Gaussian Splatting in multi-view image recognition.
Specifically, it investigates: (1) the effect of motion blur on
the accuracy of 3D reconstructions, and (2) the impact of
changing light conditions on recognition capabilities. This
research systematically investigates these aspects, provid-
ing empirical evidence on how these noise factors affect the
reconstruction accuracy.

2. Related Works
The field of 3D Gaussian splatting has seen significant ad-
vancements, particularly in addressing challenges related to
deblurring and color consistency. These advancements are
crucial for achieving high-quality real-time rendering and
accurate scene reconstruction. In this section, I review sev-
eral state-of-the-art methods that contribute to the develop-
ment of effective deblurring frameworks, robust color cor-
rection techniques, and foundational concepts essential for
3D Gaussian splatting [6].

2.1. Image Deblurring Techniques

Deblurring 3D Gaussian Splatting[8] introduces a deblur-
ring framework that utilizes a differentiable rasterizer and
3D Gaussians. This method employs a multi-layer percep-
tron (MLP) to adjust the parameters of 3D Gaussians, al-
lowing for real-time sharp image rendering from blurry in-
puts . Similarly, DeblurGS: Gaussian Splatting for Camera
Motion Blur [11] focuses on optimizing sharp 3D Gaus-
sian splatting from motion-blurred images by integrating
auxiliary parameters that simulate the blur operation into
the Gaussian splatting pipeline. The BAD-Gaussians [15]
method leverages explicit Gaussian representation and han-
dles severe motion-blurred images with inaccurate camera
poses to achieve high-quality scene reconstruction. This
approach models the physical image formation process of
motion-blurred images and jointly optimizes the Gaussians
and camera trajectories, enabling superior rendering quality
and real-time capabilities .

2.2. Color Consistency and Correction

Color consistency and correction are crucial aspects of 3D
Gaussian splatting. The method described in Efficient and
Robust Color Constancy Using Gray Pixels[4] addresses
lighting inconsistencies in images by using gray pixels to
achieve robust color constancy under various lighting con-
ditions, which is vital for maintaining color fidelity in 3D
Gaussian splatting . Ensuring color consistency across mul-
tiple images is tackled by the technique in Improving Color
Consistency across Multiple Images via Global Optimiza-
tion on the Color Remapping Curves[9], which provides
a robust solution through global optimization, significantly
enhancing the visual quality of the rendered images . Ad-
ditionally, Color Correction by Gamma Intensity Transfor-
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mation[10] offers an effective method for correcting color
inconsistencies caused by various imaging conditions, use-
ful for pre-processing images to ensure uniform color dis-
tribution before applying Gaussian splatting .

2.3. Foundational Concepts and AI-Based Methods

The foundational concepts of Gaussian splatting are thor-
oughly detailed in 3D Gaussian Splatting for Real-Time Ra-
diance Field Rendering[6], which explains the methodol-
ogy behind Gaussian splatting and its applications in real-
time rendering. For motion deblurring, the approach out-
lined in Deep Multi-Scale Convolutional Neural Network
for Dynamic Scene Deblurring[7] presents a deep learn-
ing model that effectively handles motion blur in dynamic
scenes, providing a significant improvement in image clar-
ity.

3. Methodology
The methodology of this research involves generating and
analyzing noise-affected images to understand the impact
on the effectiveness of 3D Gaussian Splats in image recog-
nition tasks. My method involves creating three distinct sets
of images: normal (unaltered), noised (with added blur, or
lighting variations), and denoised (noise-reduced versions).
The latter image set is generated by applying my own de-
noise method to the blurred image set. This setup allows us
to create controlled environments with varying degrees of
blur and lighting. These image sets will be generated us-
ing 3D models rendered in Blender [2], which allows for
precise control over artificial blur parameters and environ-
mental conditions. The 3 image sets will then be converted
into 3D Gaussian splats to perform analysis.

3.1. Noise Generation and Image Sets Construction

To generate the image sets, I used a python script within
Blender to export 64 different camera angles of the cor-
responding object to images. This process allows to eas-
ily make adjustments to the 3D objects and export them in
the correct format. Figure 1 presents one of the exported
frames. I use the default Blender cube to test the deblurring
methods, since this simple object can be easily compared
for the analysis.

Motion Blur: Motion blur is simulated using Blender’s
CompositorNodeBlur to replicate camera shake. By adding
this tree node with a custom blur size, 25 in my case, it is
possible to generate the same set of images but all with a
blurred filter applied. Motion blur is simulated by applying
this in the x- and y direction.

Lighting Variations: Lighting conditions are altered in
Blender to simulate different times of day or weather con-

ditions. This includes changes in color temperature to test
the robustness of the light improvement techniques under
varying illumination. In Fig. 1 there is an example of the
original blue cube with a strong yellow light applied, which
makes it appear as a green.

Figure 1. Examples of generated results: original image, image
with motion blur, image with (strong) lighting variation.

3.2. Deblurring Motion Blur

According to previous research [1, 11], there are several de-
blurring techniques to consider for minimizing the effect of
motion blur. In this study, I evaluate three methods: Pylops
Deblur, Wiener Deblur, and Deblur-GAN.

Pylops Deblur Pylops [13] is a Python library for large-
scale optimization problems, which includes tools for im-
age deblurring. The Pylops Deblur method uses iterative
algorithms to solve the inverse problem of motion blur. It
formulates the deblurring process as a linear inverse prob-
lem and applies regularization techniques to stabilize the
solution.

Wiener Deblur The Wiener Deblur [1] method utilizes
the Wiener filter, a classical approach to image deblurring
that minimizes the mean square error between the estimated
and true images. The Wiener filter operates in the frequency
domain and requires knowledge of the power spectra of the
noise and the original image. This method is effective for
linear and stationary blur, but it unfortunately only works
with gray scaled images.

Deblur-GAN Deblur-GAN[7] is an advanced deep learn-
ing approach that uses Generative Adversarial Networks
(GANs) to restore sharp images from motion-blurred in-
puts. This method consists of two networks: a generator
that attempts to produce a sharp image from a blurred in-
put and a discriminator that tries to distinguish between real
sharp images and the generator’s output. The adversarial
training process helps the generator learn to create more re-
alistic deblurred images.

3.3. Deblurring Varying Light Conditions

To simulate the impact of different lighting conditions, such
as those during sunset, multiple images of the same ob-
ject are generated in Blender[2] with varied lighting hues .
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These images are used to test various algorithms and Python
scripts aimed at ensuring color consistency across the im-
ages. This part of the research seeks to understand how
changes in light color influence the recognition rates in 3D
Gaussian Splats and to develop methods to compensate for
these variations effectively.

Numpy Mean Method This method standardizes the
color profiles of images using PIL and NumPy[5]. It com-
putes the mean color values of a reference image and ap-
plies this color tint to another image, ensuring that both
images share the same color theme. This normalization
of color tones is essential for improving feature matching
across views, reducing reconstruction artifacts, and enhanc-
ing the visual quality of the 3D model. Color consistency
not only aids in achieving more reliable reconstructions
but also enhances the applicability of Gaussian splatting in
fields where high-quality visual outputs are required, such
as in virtual reality and digital heritage preservation. Given
an original image with mean color values µoriginal and a re-
colored image with mean color values µrecolored, the output
image array Ioutput is computed as:

Ioutput = Irecolored ·
µoriginal

µrecolored
, (1)

where Irecolored is the array of the recolored image and
µoriginal

µrecolored
is the ratio of the mean color values of the original

and recolored images.

Colormatcher The Colormatcher[14] method uses the
ColorMatcher library to transfer the color profile from a
reference image to other images. This script loads a ref-
erence image and applies its color profile to all images in
the specified directory, using the Monge-Kantorovitch Lin-
ear (MKL) method for color transfer. This method transfers
the color characteristics from a reference image to a target
image by solving an optimal transport problem, which min-
imizes the cost of transporting the color distribution of the
target image to match that of the reference image [4]. The
goal is to find a transport map T that minimizes the cost
function c(x, y), typically the Euclidean distance between
color vectors. The optimal transport problem is defined as:

T ∗ = argmin
T

∫
X

c(x, T (x))dµ(x). (2)

In this context, T represents the transport map I aim to de-
termine, c(x, y) denotes the cost function, µ is the color
distribution measure of the target image, and ν is the color
distribution measure of the reference image.

Generally, the objective is to adjust the colors in the tar-
get image so that its color distribution becomes as close
as possible to the color distribution of the reference image,
minimizing the total ”cost” of this adjustment.

3.4. Preprocessing

With these findings I introduce the GS-preprocessor, a
preprocessing noise removal method to optimize Gaussian
Splatting blurred models. Given blurry multi-view obser-
vations, my goal is to restore a sharp 3D scene using the
previously mentioned methods.

4. Experiment

In this section, I describe the experimental setup so that the
research can be reproduced. I will also explain the eval-
uation methods used to assess the effectiveness of various
deblurring and recoloring techniques.

4.1. Experiment Setup

The experiment is setup in two stages. Initially, synthetic
data is used, specifically the cubes generated in Blender as
mentioned before, to test the effectiveness of the different
deblurring and recoloring methods. This controlled envi-
ronment allows for precise manipulation of variables such
as motion blur and lighting conditions. Following the sim-
ple synthetic object tests, the methods are applied to more
realistic (but still synthetic) data to evaluate their perfor-
mance in practical scenarios. This consists of a sequence
of images taken from a 3D chair object with first a motion
blurred camera and then with a point light which changes
its color from white to red over time.

4.2. Evaluation Methods

To compare the effectiveness of different recoloring meth-
ods, I utilized three metrics on the images: Delta E, Struc-
tural Similarity Index (SSIM), and Peak Signal-to-Noise
Ratio (PSNR). These metrics provide a comprehensive eval-
uation of color accuracy, structural similarity, and image
quality, respectively. I then use the Cumulative Distribu-
tion Function (CDF) so I can compare the performance of
the deblur methods within the resulting gaussian splats.

Delta E (CIE76) Delta E (CIE76) is used to measure the
color difference between the original and recolored images
in the LAB color space. It is calculated using the following
formula:

∆E76 =
√
(L2 − L1)2 + (a2 − a1)2 + (b2 − b1)2, (3)

where L1, a1, b1 are the LAB components of the original
color and L2, a2, b2 are the LAB components of the recol-
ored color. This formula computes the root of the sum of
the squared differences in lightness (L) and color opponent
dimensions (a and b), providing a numerical measure of per-
ceptual color distance.
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Structural Similarity Index (SSIM) The Structural Sim-
ilarity Index (SSIM) measures the similarity between two
images. The formula for SSIM is:

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
, (4)

where µ is the average, σ2 is the variance, σxy is the
covariance of x and y, C1 = (0.01L)2, C2 = (0.03L)2,
and L is the dynamic range of the pixel values. This formula
will be used to estimate the performance of the recoloring
algorithm, and the values will be used to compare which
method works best.

Peak Signal-to-Noise Ratio (PSNR) Peak Signal-to-
Noise Ratio (PSNR) is used to measure the quality of the
reconstructed image compared to the original. It is calcu-
lated using the following formula:

PSNR = 20 log10

(
MAXI√

MSE

)
. (5)

The Mean Squared Error (MSE) is given by:

MSE =
1

mn

m−1∑
i=0

n−1∑
j=0

[I(i, j)−K(i, j)]2, (6)

where I is the original image, K is the compressed image,
and m and n are the dimensions of the images.

Cumulative Distribution Function (CDF) The Cumula-
tive Distribution Function (CDF) is used to analyse the dis-
tribution of distances between the points in the blurred, de-
blurred, and original point clouds. The CDF, F (x), for a
given distance x, is defined as the probability that a point
in the deblurred point cloud is within distance x of a point
in the original point cloud. Mathematically, the CDF is ex-
pressed as:

F (x) =
1

N

N∑
i=1

⊮(di ≤ x), (7)

where di is the distance between the i-th point in the
deblurred point cloud and its nearest neighbor in the original
point cloud, N is the total number of points, and ⊮ is the
indicator function, which is 1 if di ≤ x and 0 otherwise.

By comparing the CDFs of the blurred and deblurred
point clouds with the original point cloud, I can quantita-
tively assess the effectiveness of the deblurring algorithm.
A CDF curve that is closer to the upper-left corner of the
plot indicates better performance, as it shows that a higher
proportion of points in the deblurred point cloud are closer
to their corresponding points in the original cloud.

5. Results and Discussion
The results after applying both methods to remove noise
are presented in this section. The original, blurred and de-
blurred images together with the corresponding gaussian
splats are firstly shown for motion blur. After that there is a
statistical analysis for the recoloring method. These results
will be evaluated and compared against each other.

5.1. Motion Blur

Figure 2 presents the results from the 3 deblurring methods.
Both Wiener deblur and PyLops deblur only give relevant
results with gray scaled images.

Figure 2. (a) Wiener deblur, (b) PyLops deblur, (c) Deblur-GAN.

The Wiener deblur method [1] approach slightly reduces
the effect of motion blur but introduces unwanted vertical
lines as shown in the red square in the first image in Fig. 3.
This side effect makes the algorithm difficult to use properly
for removing blur, since it creates a new type of noise.

The Pylops deblur method performs somewhat better,
almost fully reducing the motion blur effect. However, it
struggles with deblurring corners, altering the shape of ob-
jects as highlighted in the red areas of the second image
in Fig. 3. Although this side effect is minimal, the visual
difference in the corners alters the object too much to be
an effective noise reduction method for Gaussian splatting.
This method is further explained in appendix B.

Figure 3. Wiener- and PyLops deblur error indication. Wiener
deblur introduces unwanted vertical lines, PyLops struggles with
deblurring corners.

The effectiveness of deblur-GAN in removing motion
blur is clearly demonstrated in Fig. 4, presented together
with the original blurred version. Both of these point clouds
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have the same input dataset with 64 images. On the right
picture I have applied the Deblur-GAN algorithm to deblur
the input dataset. In the Appendix in Fig. 9 there are more
results of deblurred realistic objects.

Figure 4. Gaussian splatting point clouds: (a) Blurred image set,
(b) Deblurred image set with Deblur-GAN.

The processed 3D Gaussian splats are significantly
sharper compared to the blurred image set. This method
restores most of the details lost due to motion blur, which is
evident when comparing the deblurred images to the origi-
nal blurred set.

To effectively compare the Deblur-GAN result with the
original point cloud, there is an illustrated CDF in Fig. 5 of
the distances from the points in the blurred and deblurred
point clouds to their nearest neighbors in the original point
cloud. The blue curve representing the deblurred point
cloud. The deblurred point cloud exhibits a notably im-
proved distribution of distances to the original point cloud,
with most points being closer to the original than those in
the blurred point cloud. This shift in the CDF curve to-
wards the origin for the deblurred point cloud indicates that
the deblurring method effectively reduces noise and arti-
facts, restoring the point cloud more accurately to its origi-
nal structure.

Figure 5. Cumulative Distribution Function (CDF) of distances to
the original point cloud. The red curve represents the blurred point
cloud, while the blue curve represents the deblurred point cloud.

Visually comparing the deblurred versions to the origi-
nal one further underscores the effectiveness of this method
in preserving image quality, making it the superior motion
deblurring technique.

5.2. Varying Light Conditions

The quantitative comparison of the recoloring methods on
the default cube using Delta E, SSIM, and PSNR metrics is
summarized in Tab. 1. The visualization of these results are
displayed in Fig. 6.

Method ∆E SSIM PSNR
colored 27.24 0.94 15.49 dB
numpy 4.03 0.99 33.66 dB

color matcher 7.04 0.89 28.31 dB

Table 1. Quantitative comparison of recoloring methods, which in-
dicate that both the numpy method and the Color matcher method
result in an improved recoloring of the image.

Figure 6. Examples of generated images of a synthetic cube under
varying light conditions: (a) Original image, (b) Input image with
altered lighting, (c) Image recolored using NumPy method, (d)
Image recolored using Color Matcher method.

The results of applying the same comparison method on
the realistic chair model are shown in Tab. 2 and Fig. 7.

Method ∆E SSIM PSNR
colored 1.46 0.995 36.08 dB
numpy 1.23 0.97 37.40 dB

color matcher 0.55 0.997 39.21 dB

Table 2. Quantitative comparison of recoloring methods for the
chair object.

Figure 7. Examples of generated images of a synthetic chair under
varying light conditions: (a) Original image, (b) Input image with
altered lighting, (c) Image recolored using NumPy method, (d)
Image recolored using Color Matcher method.
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Since it might be challenging to notice the differences
between the objects in the figures above, refer to the
zoomed-in versions of these images provided in the ap-
pendix for a more detailed view in C.

The quantitative analysis using Delta E, SSIM, and
PSNR metrics reveals a positive performance. As intended
for both objects, the colored version shows a poor com-
parison to the original image since they have a relatively
high Delta E. For the synthetic cube, the NumPy method
shows superior color accuracy and structural similarity, as
evidenced by a low Delta E of 4.03, high SSIM of 0.99, and
PSNR of 33.66 dB. For the realistic chair model however,
all methods improve, with the color matcher method achiev-
ing the best results: a Delta E of 0.55, SSIM of 0.997, and
PSNR of 39.21 dB. Visual comparisons in Figures 5 and 6
support these metrics, demonstrating the color matcher’s su-
perior ability to handle lighting variations while preserving
image fidelity. These findings highlight the importance of
choosing advanced recoloring methods for applications re-
quiring high color accuracy and image quality under diverse
lighting conditions. In the appendix in Fig. 11 the effect of
applying the color matcher algorithm is presented after ap-
plying a red light on the chair object. In this figure you can
clearly see the positive impact of applying this method.

6. Limitations & Future Works
This section discusses the limitations encountered in this
study and proposes future research directions to address
these challenges and improve the robustness and effective-
ness of multi-view image reconstructions using 3D Gaus-
sian Splats.

6.1. Limitations

While the methods and results presented in this study show
significant improvements in handling motion blur and light-
ing variations in multi-view image reconstructions, there are
several limitations that need to be acknowledged.

Motion Blur Reconstruction Despite the effectiveness
of the deblurring techniques evaluated, motion blur can-
not be fully reconstructed. The inherent loss of informa-
tion during the motion blur process means that some details
are irretrievably lost. Even advanced methods like Deblur-
GAN [7] can only approximate the original image based on
learned patterns, which might not always represent the ac-
tual scene accurately.

AI-based Deblurring The use of AI-based deblurring
methods, such as Deblur-GAN, relies on training data to
predict and restore blurred images. This introduces a limi-
tation as the restored image is not the actual data but a plau-
sible reconstruction based on the model’s training. The per-

formance of these models heavily depends on the quality
and diversity of the training data, which might not cover all
possible real-world scenarios.

Recoloring Imperfections Recoloring methods, includ-
ing the Numpy Mean Method and Colormatcher, aim to
standardize color profiles across images. However, these
methods are not always perfect and can sometimes intro-
duce artifacts or fail to achieve exact color consistency. Fac-
tors such as varying lighting conditions and the intrinsic
color properties of the objects being imaged can affect the
efficacy of these recoloring techniques [12, 14].

6.2. Future Works

Future research can address these limitations through sev-
eral avenues:

Enhanced Motion Blur Models Developing more so-
phisticated models that can better estimate and restore lost
information due to motion blur is a crucial area for future re-
search. This could involve hybrid approaches that combine
traditional deblurring techniques with AI-based models to
leverage the strengths of both.

Training Data Diversification For AI-based deblurring
methods, expanding the diversity and quality of training
datasets can help improve model performance. This in-
cludes creating more advanced datasets that capture a wider
range of motion blur scenarios and lighting conditions.

Advanced Recoloring Techniques Future work can also
focus on developing more advanced recoloring techniques
that minimize artifacts and achieve better color consis-
tency. This could involve creating machine learning models
specifically trained for color correction tasks under varying
lighting conditions.

Real-world Application and Testing Extending the test-
ing of these methods to more real-world scenarios will pro-
vide further insights into their robustness and practical ap-
plicability. This includes testing on datasets from different
domains such as medical imaging, autonomous driving, and
surveillance systems to validate and refine the techniques.

Integration with Real-time Systems Another important
direction is the integration of these deblurring and recolor-
ing techniques into real-time systems, such as autonomous
navigation and robotic vision systems. This requires op-
timising the computational efficiency of the algorithms to
meet the demands of real-time processing.
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7. Responsible Research
This section considers the reproducibility and integrity of
the conducted research. The proposed method avoids us-
ing sensitive information, and all used data is completely
synthetic.

7.1. Ethical Considerations

In conducting this research, all experiments were designed
and executed with a commitment to ethical standards. The
synthetic data generated for this study using Blender en-
sures that no real-world subjects were involved, thereby
eliminating any ethical concerns related to privacy or con-
sent.

7.2. Data Transparency

All data used in this research, including the synthetic im-
ages and the generated 3D models, are made publicly avail-
able. The datasets for reproducing the results can be ac-
cessed at the GS-preprocessor GitHub repository2. This
transparency allows other researchers to validate and use
the corresponding data.

7.3. Reproducibility

I have taken significant steps to ensure the reproducibility
of my findings. Detailed descriptions of the methodologies,
along with the scripts used for generating and processing
the images, are provided. By sharing my code and data, I
aim to enable others to replicate my experiments and ver-
ify the robustness of my results. The code for reproducing
the results can be accessed at previously mentioned GitHub
repository3. This transparency allows other researchers to
validate and reproduce my work. The code base makes use
of the Deblur-GAN algorithm which is available at the fol-
lowing repository 4. The corresponding training data can
also be found in this repository. The code used for gen-
erating the PyLops deblurred results can be found in this
repository 5.

7.4. Integrity

Every aspect of the research, from data collection to analy-
sis and interpretation, is conducted with utmost honesty and
accuracy. Clear documentation of methodologies ensures
that findings are based on reliable processes.

Engaging in peer review processes has further enhances
integrity by subjecting the research to scrutiny from fellow
experts in the field. Feedback received through peer review
has helped in identifying potential weaknesses and strength-
ens the overall robustness of the study.

2https://github.com/surftijmen/GS-preprocessor
3https://github.com/surftijmen/GS-preprocessor
4https://github.com/KupynOrest/DeblurGAN
5https : / / pylops . readthedocs . io / en / stable /

tutorials/deblurring.html

8. Conclusion

This research delves into the critical impact of noise on
the effectiveness of 3D Gaussian Splats in multi-view im-
age recognition. By systematically analyzing the effects
of motion blur and varying lighting conditions, the study
offers valuable insights into optimizing Gaussian Splatting
parameters to enhance the robustness of 3D reconstructions.
Through experiments with synthetic data, several key find-
ings emerge:

Motion Blur The application of advanced deblurring
techniques, particularly Deblur-GAN, significantly im-
proves the clarity of motion-blurred images. Despite the
inherent limitations in fully reconstructing motion-blurred
scenes, these methods demonstrate substantial potential in
approximating the original details, thereby enhancing the
accuracy of 3D reconstructions.

Lighting Variations The study outlines the efficacy
of color consistency techniques, with the Numpy Mean
Method and Colormatcher demonstrating notable improve-
ments in maintaining color fidelity across varied lighting
conditions. These techniques are crucial for ensuring
reliable feature matching and high-quality 3D models.

With these findings, significant advancements have been
made in optimizing Gaussian Splatting for multi-view im-
age recognition. The integration of advanced deblurring
methods and color consistency techniques enhances the ro-
bustness and accuracy of 3D reconstructions, making Gaus-
sian Splatting a more effective tool in diverse environmental
and motion conditions.
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A. Recoloring real world data

The effect of applying the color matcher algorithm is seen
in Fig. 8. 67

Figure 8. Examples of generated images: (a) original image, (b)
sample image, (c) recolored with colormatcher.

Figure 9. Recolored and lighted chair with red light.

Figure 10. Blurred and deblurred chair with Deblur-GAN

6https://www.universetoday.com/60072/what-is-a-
moon/

7https : / / education . nationalgeographic . org /
resource/moon/

Figure 11. The effect of applying the Color Matcher algorithm on
a 3D image scan with white to red changing light.

B. PyLops Deblur

In Fig. 12 , the results of applying various PyLops deblur-
ring algorithms to an image of a cube are presented. The
figure is organized into six main images and two line plots:

• Original Image: The top-left image shows the original,
unblurred cube.

• Blurred Image: The top-center image displays the cube
after applying a blurring operator.

• Deblurred Image: The top-right image represents the
cube after applying a basic deblurring algorithm.

• FISTA Deblurred: The bottom-left image shows the re-
sult of using the Fast Iterative Shrinkage-Thresholding
Algorithm (FISTA) for deblurring.

• TV Deblurred: The bottom-center image presents the
cube after using Total Variation (TV) regularization for
deblurring.

• TV+Haar Deblurred: The bottom-right image shows
the result of combining TV regularization with Haar
wavelet transform for deblurring.

Additionally, two line plots compare horizontal and ver-
tical sections of the images:

• Horizontal Section: The top-right plot compares inten-
sity values along a horizontal line across the images,
showing how each deblurring method restores the orig-
inal image compared to the blurred one.

• Vertical Section: The bottom-right plot compares inten-
sity values along a vertical line across the images, illus-
trating the effectiveness of each deblurring method.
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Figure 12. Deblurring methods using Python PyLops [13]

C. Zoomed In Examples

In this section the pictures used in the report are visible in a
bigger format to have a better view on the details.

Figure 13. Examples of generated images under varying light con-
ditions: (a) Original image, (b) Input image with altered lighting,
(c) Image recolored using NumPy method, (d) Image recolored
using Color Matcher method. Figure 14. Examples of generated images: (a) original image, (b)

input image, (c) Numpy, (d) recolored with colormatcher.
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