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Abstract

Terrestrial laser scanning (TLS) is widely used for generating accurate, high-resolution colored point clouds. However, a significant 

portion of the time at each scanning station is dedicated to capturing and stitching panoramic images for accurate colorization. 

For applications where precise colors are not critical, pseudo-colored point clouds can serve as a faster and computationally efficient 

alternative, particularly for presentations and qualitative analysis. This study proposes a novel pipeline leveraging advancements 

in deep learning-based photo colorization to pseudo-color point clouds. By treating the intensity maps from TLS as single-channel 

grayscale images, we apply pretrained deep learning models from the DeOldify library, trained with NoGAN techniques, to generate 

realistic pseudo colors. Indoor and outdoor TLS scan slices are showcased before and after pseudo colorization. The resulting, colored 

intensity maps are used to colorize point clouds, creating visually compelling representations. We compare these pseudo-colored point 

clouds with traditionally colorized counterparts that utilize RGB imagery. The results demonstrate that pseudo-colored point clouds can 

effectively enhance human evaluation and visualization tasks, providing a valuable tool for scenarios where real colors are unnecessary.
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1 Introduction
Colored point clouds are a powerful representation of 3D 
environments, combining spatial geometry with color 
information (e.g., RGB values) to provide richer context 
and a more detailed understanding of scenes. This added 
dimension of color enhances their utility in applications 
like object recognition, 3D reconstruction, and  scene 
segmentation, where geometric information alone may 
be insufficient to distinguish between similar shapes. 
For example, color can help differentiate between objects 
with overlapping geometries or provide insights into mate-
rial properties and textures. However, obtaining color 
data often requires specialized equipment, such as RGB-
enabled LiDARs or cameras, which may not always be 
available or practical. [1, 2] Deep learning offers a prom-
ising solution by enabling the derivation of color informa-
tion directly from uncolored point clouds or other related 
data sources [3, 4]. By leveraging the power of neural net-
works to learn complex mappings between geometry and 
visual appearance, it becomes possible to generate realistic 

and context-aware colorized point clouds. This capability 
not only expands the usability of existing uncolored data-
sets but also reduces the dependency on additional acquisi-
tion and calibration effort, opening up new opportunities in 
fields such as robotics, urban planning, and virtual reality.

The appeal of Generative Adversarial Networks (GAN) 
lies in their versatility and capability to learn complex 
data distributions without explicit density estimation. This 
makes them particularly effective in applications such as 
image synthesis, video generation, style transfer, and text-
to-image translation [5–7]. They have also been widely used 
in domains like healthcare for generating synthetic medical 
data and in gaming for creating realistic textures and assets.

However, the adversarial training process is noto-
riously challenging. It often suffers from instability, 
non-convergence, and phenomena such as model collapse, 
where the generator produces limited variations in its out-
puts. Addressing these issues has been a central focus of 
research, leading to advancements such as Wasserstein 
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GANs (WGANs) and Progressive GANs, which aim to 
stabilize training and enhance sample quality [8, 9].

2 Laser scanning and intensity maps
Terrestrial laser scanning (TLS) is a ground-based active 
sensing technology that emits laser pulses and measures the 
time-of-flight and backscatter intensity to generate dense 
three-dimensional point clouds enriched with radiometric 
information. Specifically, intensity maps  –  the  recorded 
strength of the laser return for each point – are influ-
enced by factors such as surface reflectivity, incidence 
angle, range, and scanner-specific calibration, and serve 
as proxies for surface properties and material character-
ization in applications like heritage documentation, geol-
ogy, and material classification [10, 11].

In this study, we acquired a curated set of both indoor 
and outdoor TLS scenes using a Trimble X7 3D laser 
scanner, a survey-grade instrument offering time-of-flight 
measurement over a 0.6–80 m range, sub 3 mm accuracy 
at 10 m, self leveling, automatic calibration, and inte-
grated high resolution cameras capable of fast HDR image 
capture – all within a rugged, survey-ready form [12–14].

3 Image colorization
Natural image colorization is the process of automatically 
adding color to grayscale or monochromatic images, aim-
ing to produce realistic and contextually appropriate col-
ors. Unlike traditional techniques that rely on fixed color 
maps or pseudo-colorization, natural colorization seeks 
to infer the true colors that objects in the image would 
have had in their original, unaltered form. This process 
involves understanding the semantics, textures, and con-
text within the image to generate colors that are both visu-
ally plausible and perceptually accurate [15]. Over the 
years, natural colorization has evolved significantly, with 
advancements in deep learning, particularly convolutional 
neural networks (CNNs), allowing for more sophisticated 
and convincing colorization techniques [16].

Historically, image colorization was a labor-inten-
sive task requiring manual intervention by artists or 
experts. Early computational methods focused on heuris-
tic or region-based approaches, where colorization rules 
were predefined and applied based on the image's con-
tent  [16,  17]. However, these methods often struggled to 
maintain color consistency and realism, especially when 
applied to complex or ambiguous scenes. The advent of 
deep learning has revolutionized the field, enabling auto-
matic colorization that learns from large datasets of color 
images to predict the most likely colors for each pixel in 

a grayscale image. Deep neural networks, such as gener-
ative adversarial networks (GANs) and CNN-based archi-
tectures, have been instrumental in generating high-quality 
colorized images by leveraging feature extraction, seman-
tic segmentation, and context-aware learning [16, 18].

A notable variation of GANs is the NoGAN 
(No Adversarial Training GAN) architecture, which elim-
inates the adversarial aspect of traditional GAN training. 
Instead of simultaneous optimization of the generator and 
discriminator, NoGANs decouple their training processes. 
The discriminator is pre-trained on the real dataset to learn 
robust representations, and the generator uses these pre-
trained features as a guide during its training. This approach 
simplifies the training process, avoiding the instability and 
hyperparameter sensitivity of adversarial optimization.

NoGANs rely on perceptual, or reconstruction losses 
derived from the discriminator's features rather than 
adversarial loss functions. This allows them to excel 
in tasks such as image restoration, super-resolution, 
and denoising, where high-fidelity reconstruction is criti-
cal, and adversarial artifacts are undesirable. An example 
of NoGAN in action is the DeOldify project [19], which 
uses this architecture for colorizing and restoring histori-
cal black-and-white images.

NoGANs offer several benefits over traditional GANs:
•	 Stability: decoupled training avoids adversarial 

dynamics, reducing the risk of mode collapse and 
oscillatory behavior;

•	 Simplicity: training the generator against fixed or 
pre-trained discriminator features is computation-
ally simpler and more robust;

•	 High-quality outputs: by focusing on perceptual 
fidelity and structural accuracy, NoGANs can pro-
duce outputs that better preserve the semantic and 
visual characteristics of the target domain.

GANs and their variants, including NoGANs, have 
become foundational tools in modern machine learning, 
enabling breakthroughs in generative modeling across 
numerous applications. While traditional GANs excel in 
generating diverse and high-quality outputs, NoGANs 
present an alternative for tasks requiring stability, simplic-
ity, and precise reconstructions. Together, these architec-
tures highlight the evolving landscape of generative mod-
eling, where research continues to push the boundaries of 
what can be achieved.

The benefits of natural colorization extend beyond 
visual enhancement. In fields like historical preservation, 
colorization helps bring old black-and-white photographs, 
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films, and documents to life, offering a more accurate rep-
resentation of the past. In the medical field, colorization can 
be used to enhance grayscale medical images like X-rays 
or MRIs, providing clearer visual cues for diagnosis [20]. 
Additionally, in remote sensing and satellite imagery, nat-
ural colorization is used to simulate realistic landcover and 
environmental images from monochromatic data, aiding in 
better analysis and decision-making [21, 22].

Terrestrial Laser Scanning (TLS) intensity maps can be 
utilized as single-channel grayscale images, particularly 
when the point cloud is dense enough to capture detailed 
surface variations. In TLS, intensity values are derived 
from the return strength of the laser pulses reflected from 
scanned surfaces, providing a measure of reflectivity that 
can vary depending on the material, texture, and geome-
try of objects. When the point cloud is sufficiently dense, 
these intensity values, representing a fine-grained distribu-
tion of reflectivity across the scanned area, can be treated 
as a high-resolution monochromatic image. The dense dis-
tribution of points ensures that the intensity map contains 
enough spatial detail to reflect subtle variations in surface 
properties, enabling its use as a grayscale image for tasks 
such as object detection, segmentation, and classification. 
In such cases, the  intensity map can effectively capture 
surface nuances, such as differences between materials 
(e.g., metal, stone, vegetation) or changes in texture, mak-
ing it a valuable tool for applications like environmental 
monitoring or architectural modeling. When combined 
with deep learning or image processing techniques, dense 
TLS intensity maps can be further enhanced, enabling 
them to serve as the foundation for more advanced tasks 
like natural colorization or  material recognition in the 
absence of true color data.

From each scene, small windows of the intensity map 
(grayscale patches representing laser return strength) 
were extracted and used as inputs for learned color-
ization. We  applied two modern methods – DeOldify, 
a  GAN-based technique configured in NoGAN mode, 
and DeepAI's large language model enhanced color-
izer  –  to  generate plausible RGB representations from 
these TLS intensity snippets. These synthesized outputs 
were then validated against camera-stitched reference 
RGB images from the same scenes, enabling a robust 
quantitative comparison of colorization fidelity across 
structured indoor and complex outdoor contexts.

Inference times for both colorization methods are com-
patible with near real-time operation when adequate GPU 
hardware is available. Once the TLS intensity image is ras-
terized, colorization is performed in a single forward pass 
of the network, making the approach suitable for interac-
tive visualization and rapid scene inspection workflows.

4 Scenes and data
Scenes 1–3 originate from an indoor terrestrial laser scan-
ning dataset comprising approximately 12 million points, 
while Scenes 4–6 were extracted from an outdoor TLS 
survey containing approximately 124 million points. 
These scenes are illustrated in Fig. 1.

4.1 Scene 1
Scene1 captures a compact indoor office with varied object 
clutter and mixed materials, providing a moderately com-
plex spatial and visual environment. The room is furnished 
with desks, dual-monitor workstations, cardboard boxes, 
and a coat rack with hanging garments, all arranged around 
a central workspace. Natural light appears to enter indirectly 

Fig. 1 Scenes colored using the RGB panorama taken by the scanner: (a) Scene 1; (b) Scene 2; (c) Scene 3; (d) Scene 4; (e) Scene 5; (f) Scene 6

(a) (b) (c)

(d) (e) (f)
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from an adjacent space through an open wooden-framed 
door, contributing to soft ambient illumination. The sur-
faces exhibit moderate reflectivity variation – such as glossy 
monitors, matte walls, and wooden flooring – which is well 
captured in the TLS intensity data. The combination of 
semi-structured geometry, occluded corners, and fine-scale 
detail presents a suitable test case for evaluating how color-
ization models perform in constrained and cluttered office 
settings with diverse object classes and partial occlusions.

4.2 Scene 2
Scene 2 depicts a well-lit indoor office environment char-
acterized by organized spatial geometry and diverse 
material textures. The room features large wooden stor-
age cabinets, a set of office chairs, desks, and a central 
window partially covered by vertical blue blinds, which 
allow natural light to enter and create strong directional 
illumination. The wooden flooring introduces high-fre-
quency texture, while the mixture of fabric surfaces and 
reflective finishes adds variation in both color and reflec-
tance. The TLS intensity map captures these differences 
through localized contrast and geometric edges, although 
the lack of surface albedo in intensity data presents a chal-
lenge for accurate chromatic inference. This scene is rep-
resentative of real-world workspaces where structural 
regularity is combined with occlusions, clutter, and com-
plex lighting – making it an instructive benchmark for 
evaluating learned colorization performance in richly fur-
nished indoor environments.

4.3 Scene 3
Scene 3 presents a cluttered office interior characterized 
by moderate occlusion, overlapping objects, and varied 
surface materials. The composition includes two desks 
partially covered with brown protective cloths, a coat rack 
holding a navy-blue suit, a set of cardboard boxes, and mis-
cellaneous electronics and garments scattered throughout 
the workspace. The background is formed by light-colored 
painted walls and vertical wooden paneling, with indi-
rect lighting casting soft shadows that affect local reflec-
tance. The scene's spatial depth and object density present 
a meaningful challenge for colorization methods, particu-
larly in managing ambiguous boundaries and low-texture 
occluded regions. This setting exemplifies practical scan-
ning conditions in operational environments, where the 
variability in object appearance and layout requires robust 
generalization from learned models.

4.4 Scene 4
Scene 4 captures a vibrant urban streetscape featuring 
a linear pedestrian pathway, parked vehicles, commercial 
façades, and roadside furniture. The image shows a mix 
of building types, including modern storefronts and older 
residential structures, accompanied by natural elements 
such as trees with partially shed foliage. A red-brick wall 
with wrought iron fencing lines the right side of the image, 
adding material contrast to the smooth asphalt and stone 
surfaces. Several pedestrians and seated café patrons are 
faintly visible, indicating temporal motion captured during 
scanning. The TLS data from this scene reflects high-fre-
quency spatial detail and varied surface reflectance, mak-
ing it a complex outdoor benchmark. Its diverse texture, 
occlusions, and dynamic lighting – resulting from tree 
cover and building shadows – pose significant challenges 
for learned colorization models, particularly in preserving 
semantic coherence across object classes.

4.5 Scene 5
Scene 5 represents a dense urban facade captured from 
a  frontal perspective across a road, showcasing a combi-
nation of residential and commercial functions. The scene 
includes multiple multi-story buildings with varying archi-
tectural finishes – ranging from stone cladding and plaster 
to pastel-painted surfaces – and a series of parked vehicles 
lining the street. Two outdoor cafés with patrons seated 
under umbrellas are visible at street level, adding semantic 
and textural variability. Vertical elements such as windows, 
balconies, and shop signage contribute to high-frequency 
structural features, while localized shadows and reflec-
tance gradients indicate diverse material responses under 
natural daylight. This urban configuration, with its blend 
of geometric regularity and social activity, offers a rich 
context for evaluating colorization models on fine-grained 
boundary preservation, occlusion handling, and color con-
sistency across adjacent yet visually distinct surfaces.

4.6 Scene 6
Scene 6 captures a broad urban streetscape rendered from 
an oblique perspective, showcasing a long façade of multi-
story buildings accompanied by a pedestrian sidewalk and 
rows of parked vehicles. On the right, the view is domi-
nated by commercial establishments housed in buildings 
with mixed stone and concrete finishes, while to the left, 
a brick fence and leaf-covered sidewalk introduce natural 
and man-made textures. The presence of sunlight filtering 
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through tree foliage produces a strong contrast between 
shadowed and overexposed regions, especially evident in 
the top-left quadrant. Several visual occlusions, such as 
poles, cars, and trees, contribute to complex depth cues. 
This scene presents substantial colorization challenges 
due to its dynamic lighting, varied surface albedos, and 
mixed architectural and natural elements. It is particu-
larly suited for testing perceptual consistency and spatial 
coherence in outdoor colorization tasks involving partial 
occlusions and photometric irregularities.

5 Experiments and results
Raw terrestrial laser scanning (TLS) data were processed 
to generate grayscale intensity maps, which encode the 
relative reflectance of scanned surfaces without color 
information. These maps were processed using two 
automated image colorization techniques: DeOldify, 
an open-source model based on a NoGAN architecture, 
and DeepAI, a proprietary platform that employs large 
language model (LLM)-driven visual reasoning. Each 
method independently produced synthetic RGB images 
from the intensity input. To evaluate the fidelity of these 
colorizations, the outputs were quantitatively compared 
against reference RGB images generated through pan-
oramic stitching of multi-view photographs captured by 
the TLS scanner itself. The reference images served as 
a photorealistic ground truth for evaluation. Objective 
image similarity metrics were then computed, which 
assesses perceptual similarity using deep feature repre-
sentations. These metrics were normalized and aggre-
gated to produce a combined score for each method and 
scene, enabling consistent comparative evaluation across 
varied environments. This framework allowed for a sys-
tematic assessment of how well colorization models can 
recover plausible and perceptually accurate color from 
TLS intensity maps, benchmarked against the stitched 
RGB imagery as ground truth.

5.1 Metrics
5.1.1 Mean Absolute Error (MAE)
The Mean Absolute Error (MAE) is a pixel-wise statisti-
cal metric that quantifies the average absolute difference 
between predicted color values and the reference (ground 
truth) values, computed separately for the red, green, and 
blue channels. In the context of colorization, MAE pro-
vides a direct and interpretable measure of how much the 
generated image deviates in color intensity from the actual 
RGB image on a per-pixel basis. It is particularly sensitive 

to localized deviations and is useful for detecting consis-
tent color bias or desaturation. A lower MAE indicates 
a higher degree of color fidelity and better approximation 
of the true color palette of the scene. However, MAE does 
not account for perceptual similarity or spatial structure 
and may penalize semantically correct but chromatically 
shifted predictions [23,  24] Range of this metric is 0 to 
infinity (non-negative), where 0 indicates perfect color 
prediction (no error), while a larger value means a greater 
average difference between the predicted and actual col-
ors. Mean Absolute Error (MAE) was computed in RGB 
vector space by evaluating the absolute difference between 
corresponding RGB channel values of the predicted and 
reference images. The error was averaged over all pixels 
and channels, treating each color channel equally to avoid 
perceptual or application-specific bias.

5.1.2 Histogram Distance (Wasserstein)
Histogram distance evaluates the similarity between the 
color distributions of the colorized image and the ref-
erence image across RGB channels. In this evaluation, 
the  Wasserstein (or Earth Mover's) Distance was used, 
which measures the minimal cost of transforming one his-
togram into another [25]. This metric is well-suited to color 
evaluation because it captures not only differences in color 
frequency but also the distance over the color space between 
mismatched bins. A lower histogram distance implies that 
the overall tone and color balance of the image align more 
closely with the reference, regardless of exact pixel loca-
tions. Unlike MAE, this metric is more global in nature, 
emphasizing distributional correctness over spatial accu-
racy [26]. Range of this metric is 0 to infinity (non-nega-
tive). 0 indicates that the histograms are identical, meaning 
the color distributions match perfectly, while higher values 
indicate increasing differences in the distributions.

5.1.3 Learned Perceptual Image Patch Similarity 
(LPIPS)
LPIPS is a perceptual metric that quantifies the visual sim-
ilarity between images by comparing deep feature repre-
sentations extracted from neural networks (e.g.,  AlexNet 
or VGG). Rather than relying on pixel-wise differences, 
LPIPS evaluates how close two images appear from the 
perspective of a trained vision model, which has been 
shown to align well with human judgment. In the context 
of TLS colorization, LPIPS is particularly valuable because 
it can capture subtle artifacts such as texture hallucina-
tions, over-smoothing, or unnatural saturation that may not 
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be penalized by traditional metrics. A lower LPIPS value 
indicates higher perceptual similarity to the ground truth, 
making it an essential component in assessing the plau-
sibility and visual quality of learned colorizations [27]. 
Range of this metric is 0 to infinity, but most commonly it 
ranges from 0 to ~1 (with values greater than 1 possible in 
cases of very large perceptual differences). 0 indicates that 
the two images are perceptually identical according to the 
model, while higher values indicate perceptual differences. 
In practice, values around 0.1–0.2 are considered close to 
visually similar for typical image tasks.

5.2 Results for each scene
The objective of presenting the results of each scene is to 
explore in detail how different environmental complex-
ities and point cloud densities affect the performance of 
the learned coloring methods. For each Scene, a multifac-
eted approach is employed, integrating visual comparison 
and quantitative metrics as the foundation for evaluation. 
This comprehensive method enables the analysis of both 
local errors and global color distributions. The results of 
the NoGAN-based DeOldify and DeepAI approaches can 
thus be directly compared with the reference RGB images.

5.2.1 Scene 1
In Scene 1, the NoGAN based DeOldify outperformed 
DeepAI across all metrics. The MAE for NoGAN was sig-
nificantly lower (12.4 vs. 14.3), indicating more accurate 
per-pixel color reproduction. Similarly, the histogram dis-
tance was lower for NoGAN (0.12 vs. 0.15), suggesting that 

the overall color distribution better matched the reference 
RGB. Most notably, the LPIPS score – representing percep-
tual similarity – was substantially lower for NoGAN (0.5931 
vs. 0.7075), reinforcing the perceptual advantage. The com-
bined score confirmed this trend, leading to NoGAN being 
preferred for this scene. The results suggest that NoGAN 
maintained structural and chromatic fidelity more effec-
tively in environments with moderate texture and illumina-
tion. Fig. 2 shows the colorization results for Scene 1.

5.2.2 Scene 2
In Scene 2, both methods performed comparably in terms 
of perceptual similarity (LPIPS: 0.6065 for NoGAN vs. 
0.5944 for DeepAI). However, NoGAN still achieved 
lower MAE (11.8 vs. 13.6) and a better histogram dis-
tance  (0.11 vs. 0.14), indicating more accurate and glob-
ally consistent colorization. Although DeepAI had a mar-
ginally better LPIPS, its higher absolute error penalized 
its combined score. Therefore, NoGAN was again the pre-
ferred method. This outcome suggests that in scenes with 
subtle chromatic gradients and limited color diversity, 
MAE and histogram alignment dominate over percep-
tual realism in determining performance. As illustrated in 
Fig. 3, the colorization results for Scene 2 are presented.

5.2.3 Scene 3
Scene 3 featured lower MAE and LPIPS for NoGAN (11.3 
and 0.6146, respectively) compared to DeepAI (13.9 and 
0.6955). Histogram distance was also lower for NoGAN 
(0.13 vs. 0.16). These consistent advantages translated 

Fig. 2 Results for the Scene 1: (a) Intensity map; (b) DeOldify; (c) DeepAI

(a) (b) (c)

Fig. 3 Results for the Scene 2: (a) Intensity map; (b) DeOldify; (c) DeepAI

(a) (b) (c)



228|Horváth et al.
Period. Polytech. Civ. Eng., 70(1), pp. 222–231, 2026

into a notably better combined score, affirming NoGAN's 
ability to preserve both local color accuracy and percep-
tual coherence in structurally detailed scenes. The results 
suggest that DeepAI's generative model may struggle with 
maintaining realism in scenes with sharp architectural 
boundaries or high-frequency texture. The colorization 
results for Scene 3 are shown in Fig. 4.

5.2.4 Scene 4
In Scene 4, NoGAN again outperformed DeepAI in every 
measured category. It achieved a lower MAE (11.6 vs. 
13.2), better histogram distance (0.12 vs. 0.15), and a supe-
rior LPIPS score (0.5812 vs. 0.6867), indicating closer 
perceptual similarity to the reference. The consistent 
performance across all metrics led to a lower combined 
score for NoGAN, reinforcing its robustness in indoor or 
semi-controlled scenes. The observed results suggest that 
NoGAN's conservative colorization strategy may be more 
robust to indoor lighting variations and specular surfaces. 
As shown in Fig. 5, the corresponding colorization results 
are reported for Scene 4.

5.2.5 Scene 5
This scene presented the most significant performance gap 
between the two methods. NoGAN achieved the lowest 
MAE (10.7), histogram distance (0.10), and LPIPS (0.5595) 
across the entire dataset. In contrast, DeepAI showed the 
highest perceptual error (LPIPS: 0.7280) of all scenes. The 
combined score strongly favored NoGAN, emphasizing its 
advantage in preserving both visual and numerical simi-
larity in scenes with high dynamic range or strong reflec-
tance contrast. The large LPIPS discrepancy highlights 
DeepAI's limitations in perceptually constrained environ-
ments. Fig. 6 illustrates the colorization results for Scene 5.

5.2.6 Scene 6
In Scene 6, NoGAN maintained its lead with lower MAE 
(11.2 vs. 13.4), better histogram distance (0.11 vs. 0.14), 
and improved LPIPS (0.5963 vs. 0.6664). The perfor-
mance difference, while less pronounced than in Scene 5, 
still favored NoGAN in the combined score. These results 
indicate that even in scenes with complex depth and shad-
ing gradients, NoGAN can maintain more stable visual 

Fig. 4 Results for the Scene 3: (a) Intensity map; (b) DeOldify; (c) DeepAI

(a) (b) (c)

Fig. 5 Results for the Scene 4: (a) Intensity map; (b) DeOldify; (c) DeepAI

(a) (b) (c)

Fig. 6 Results for the Scene 5: (a) Intensity map; (b) DeOldify; (c) DeepAI

(a) (b) (c)
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consistency and better global color harmony than its coun-
terpart. The colorization results corresponding to Scene 6 
are provided in Fig. 7.

For the combined score then each scene’s colorization 
results were evaluated against the RGB image obtained 
from camera-based point cloud coloring. Mean Absolute 
Error (MAE) was computed over all pixels and RGB 
channels, histogram similarity was measured using the 
Wasserstein distance averaged over RGB channels, and 
perceptual similarity was assessed using LPIPS. To obtain 
a single indicator, MAE was normalized by the 8-bit RGB 
range, while histogram distance and LPIPS were used on 
their native scales. The Combined Score was calculated 
as the unweighted mean of the three normalized metrics, 
with lower values indicating closer agreement with the ref-
erence image. Table 1 summarizes the quantitative eval-
uation metrics computed for each scene and colorization 
method, while Figs. 2–7 shows the corresponding color-
ization results for Scene 1–6.

The results indicate that colorization performance is 
strongly influenced by point density. Scenes derived from 
the denser outdoor point cloud exhibit more stable color dis-
tributions and improved perceptual consistency, while low-
er-density indoor scenes show increased ambiguity in tex-
ture and material transitions. This suggests that higher point 
density provides richer spatial context in the intensity maps, 
which directly benefits learning-based colorization quality.

6 Conclusions
The final evaluation, enriched by the inclusion of percep-
tual similarity metrics, provides a comprehensive assess-
ment of learned colorization methods for terrestrial laser 
scanning (TLS) intensity data. In addition to pixel-wise 
errors (MAE), histogram alignment, and structural preser-
vation, we incorporated the Learned Perceptual Image Patch 
Similarity (LPIPS) metric to evaluate perceptual closeness 
to the ground truth RGB images. LPIPS proved especially 
valuable in capturing qualitative differences overlooked by 
traditional metrics, such as oversaturation or texture hallu-
cination. When all metrics were normalized and aggregated 
into a Combined Score, it became evident that performance 
varied significantly by scene. While NoGAN consistently 
yielded lower MAE and histogram distance – indicating 
stronger alignment to actual color distributions – DeepAI 
demonstrated more favorable perceptual scores in some 
cases, albeit with greater variation and occasional structural 
degradation. The overall rankings showed that NoGAN 
was preferred in the majority of scenes, particularly where 
structural consistency and muted realism were required. 
However, DeepAI was more competitive in scenes where 
visual vibrancy and human-perceived plausibility domi-
nated, as indicated by its stronger LPIPS performance in 
selected cases. Despite these relative strengths, the abso-
lute metric values remained unsatisfactory by analytical 
standards, with perceptual errors and color deviations too 

Table 1 Calculated metrics for each scene

Metric Scene 1 Scene 2 Scene 3 Scene 4 Scene5 Scene 6

MAE RGB (NoGAN) 12.40 11.80 11.30 11.60 10.70 11.20

MAE RGB (DeepAI) 14.30 13.60 13.90 13.20 13.10 13.40

Histogram Distance (NoGAN) 0.12 0.11 0.13 0.12 0.10 0.11

Histogram Distance (DeepAI) 0.15 0.14 0.16 0.15 0.13 0.14

LPIPS (NoGAN) 0.59 0.61 0.61 0.58 0.56 0.60

LPIPS (DeepAI) 0.71 0.59 0.70 0.69 0.73 0.67

Combined Score (NoGAN) 0.25 0.26 0.26 0.25 0.23 0.25

Combined Score (DeepAI) 0.31 0.36 0.30 0.30 0.30 0.29

Fig. 7 Results for the Scene 6: (a) Intensity map; (b) DeOldify; (c) DeepAI

(a) (b) (c)
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high for precise geospatial tasks. This underscores a central 
finding: while learned colorization models show promise 
for visual enhancement, they remain insufficient for opera-
tional or quantitative use in TLS-based workflows without 
domain-specific adaptation or supervision.

The proposed approach is well suited for rapid visual-
ization in civil engineering applications such as construc-
tion progress monitoring, indoor asset documentation, and 
stakeholder-oriented presentations, where visual realism 
is beneficial, but metric color accuracy is not required.
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