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Abstract. This work investigates the feasibility of applying Neural Ra-
diance Fields (NeRFs) for reconstructing 3D representations of damaged
structures caused by the ongoing aggression of Russia against Ukraine.
The drone footage depicting the devastation was utilized and three NeRF
models, Instant-NGP, Nerfacto, and SplatFacto, were employed. The
models were evaluated across various damage levels (0: no damage, 4:
high damage) using visual quality metrics like Structural Similarity Index
Measure (SSIM), Learned Perceptual Image Patch Similarity (LPIPS),
Peak Signal-to-Noise Ratio (PSNR) and rendering speed metrics like
frames per second (FPS) and the number of rays per second (NRS). All
input data (videos frames) and evaluation results (rendered visualiza-
tions) are available as a Kaggle dataset (http://tiny.cc/srasxz)). No clear
correlation was observed between damage level and reconstruction qual-
ity metrics, suggesting these metrics might not be reliable indicators of
damage severity. SplatFacto consistently achieved the highest rendering
speed (FPS, NRS) and exhibited the best visual quality (SSIM, PSNR,
LPIPS) across all damage levels. The findings suggest that NeRF's, par-
ticularly SplatFacto, hold promise for rapid reconstruction and visual-
ization of damaged structures, potentially aiding in damage assessment,
documentation, and cultural heritage preservation efforts. Moreover, the
study sheds light on the potential applications of such advanced model-
ing techniques in archiving and documenting conflict zones, providing a
valuable resource for future investigations, humanitarian efforts, and his-
torical documentation. However, further research is needed to explore the
generalizability and robustness of NeRFs in diverse real-world scenarios.
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1 Introduction

Recent advancements in technology demonstrate the feasibility of restoring de-
teriorated artworks and cultural artifacts to their former glory. Employing ad-
vanced 3D reconstruction methodologies, these artifacts can be visually resur-
rected, even if they have been lost or irreparably damaged. Leveraging pho-
tographic documentation or 3D scanning data, it becomes possible to generate
accurate three-dimensional models of cultural assets, thereby enabling viewers to
engage with them once more. This restoration process extends to various forms
of cultural heritage, including rediscovered ruins, damaged historical texts, an-
cient Egyptian and Greek temples, monumental structures, medieval frescoes,
and other significant artifacts, all reconstructed with the aid of state-of-the-art
techniques.

The ongoing aggression and war of Russia against Ukraine has left a profound
mark on the landscape, particularly evident in the widespread destruction of
cities [I2]. The consequential impact of this aggression underscores the critical
need to monitor, visualize, and document the extent of devastation with a depth
that surpasses traditional methodologies.

Recently, several studies effectively demonstrated the potential of Neural
Radiance Fields (NERFs) for reconstructing 3D representations [3/4]. NERF
allows to create 3D models of objects and scenes from images of some scene from
different angles. NERF “learns” the scene from these images (“remembering” the
object’s shape and details) and use this information to generate a realistic 3D
model from any viewpoint, even one you didn’t take images from before. This
can be used for reconstructing damaged structures, capturing historical sites, or
even creating immersive virtual experiences.

In this work, the feasibility of application of NERF models for reconstruction
of 3D representations for damaged structures caused by Russian aggression in
Ukraine is considered. Section [2| contains description of the state of the art,
section[3]describes dataset, models, experiments, and the whole workflow, section
M) gives the results obtained during the experiments, section 5] contains discussions
of results and resumes them in section [Gl

2 Background and Related Work

Neural Radiance Fields (NeRFs) have revolutionized the field of 3D scene rep-
resentation by offering a novel deep learning approach. NeRFs operate under a
paradigm of learning a continuous volumetric representation of a scene from a
collection of 2D images captured from various viewpoints [3]. This representa-
tion allows for the synthesis of novel views, enabling visualization of the scene
from any desired perspective, even those not present in the original capture set.

NeRFs have experienced remarkable progress since their inception [3], ef-
fectively addressing initial limitations and paving the way for promising future
applications. The Mip-NeRF approach employs a multiscale representation, sig-
nificantly improving image detail and rendering speed while mitigating aliasing
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artifacts [5]. Mip-NeRF 360 tackles the challenge of unbounded scenes by en-
abling the reconstruction of large and intricate environments with 360-degree
camera views [0]. Instant Neural Graphics Primitives utilizes multiresolution
hash encoding for efficient training and real-time rendering, significantly im-
proving the speed and efficiency of NeRF models [4]. High-Fidelity Reconstruc-
tion combines multi-resolution 3D hash grids with rendering, achieving superior
surface reconstruction detail, leading to high-fidelity scene representations [7]. K-
Planes presents a ”white-box” model using k-planes to represent dynamic scenes
like videos [§]. This approach enables efficient optimization and incorporation of
specific priors, making it suitable for dynamic scene representation. 3D Gaussian
Splatting leverages pre-computed 3D Gaussians and visibility-aware rendering,
achieving real-time rendering at high quality, opening doors for interactive ap-
plications [9].

These advancements collectively demonstrate the rapid development of NeRF
technology. By addressing initial limitations, these innovations push the capa-
bilities of NeRF's towards real-time applications, detailed scene reconstruction,
and handling complex scenes with diverse material properties and dynamics.

While NeRFs have seen significant advancements, several key challenges re-
main. For example, training NeRFs on large datasets with high resolution can
be computationally expensive and time-consuming. Ongoing research explores
techniques for improving training efficiency and reducing memory footprints.
NeRFs can struggle with scenes containing complex materials with non-diffuse
BRDF (Bidirectional Reflectance Distribution Function) properties or challeng-
ing lighting conditions that deviate from the typical assumptions made during
training. Real-world data often contains noise, occlusions, or missing informa-
tion. Improving the robustness of NeRFs to handle such data remains an ongoing
area of research that can potentially improve generalization and reconstruction
quality for integrating NeRF's into real-world applications. Addressing these chal-
lenges is crucial for further advancing the practical applications and capabilities
of NeRF technology. That is why the main of the work is to investigate the fea-
sibility of application of NERF models for reconstruction of 3D representations
for damaged structures caused by Russian aggression in Ukraine.

3 Methodology

3.1 Data

The data for this project consisted of drone footage depicting the aftermath of
Russian aggression in Ukraine. Due to the ongoing conflict, the initial step in-
volved collecting existing videos from various sources, primarily YouTube. While
this approach provided a starting point, the preferred method for future data
acquisition would be to utilize drone cameras directly. This would enable high-
resolution video capture and ensure comprehensive coverage of all key details
and angles. All input data (videos frames) and evaluation results (rendered vi-
sualizations) are available as a Kaggle dataset ﬂ
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To effectively analyze and categorize the scenes within the dataset, a method
of differentiation based on ”damage levels” was employed. This categorization
was crucial for understanding the varying degrees of destruction observed in
each scene. Annotators were instructed to assign damage level scores ranging
from 0 to 5 to each scene, representing the extent of destruction. This scoring
system enabled a quantitative representation of the severity of damage, ensur-
ing consistency and accuracy in the evaluation process. Initially, the damage
level classification was based on the existing dataset, which provided a range of
damage levels. However, it is important to note that this classification system
can be extended to encompass a broader range of destruction scenarios with
the inclusion of new data. For instance, level 5 classifications could represent
scenes where structures are completely obliterated, leaving only ruins with no
discernible remnants of their original form. Incorporating such detailed classifica-
tions aims to provide a more nuanced understanding of the extent of devastation
caused by the conflict. These efforts contribute to the comprehensive analysis
and visualization of the aftermath captured in the drone footage.

Borodyanka residential area, damage level 4. This dataset focuses on the
aftermath of conflict in Borodyanka, characterized by a lack of varied perspec-
tives (Fig. The footage reveals a high level of destruction, providing intricate
details and figures. The camera path is complex, offering a nuanced view of the
affected area. However, the presence of many background objects introduces a
challenge, as limited information is available about these elements, potentially
impacting the overall interpretability of the dataset.

Fig. 1. Examples of drone imagery for Borodyanka, damage level 4.

Chernihiv Hotel “Ukraine”, damage level 3. This dataset features drone
footages capturing the aftermath of Russian aggression on the Chernihiv hotel
“Ukraine” (Fig. The camera follows a 360-degree path, capturing the scene
from all angles and perspectives. The medium to high level of destruction is
emphasized, with minimum background objects, focusing primarily on the hotel.

Chernihiv residential area, damage level 2. This dataset captures drone
footages of a residential area in Chernihiv (Fig. The footage follows 360-degree
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Fig. 2. Examples of drone imagery for Chernihiv Hotel “Ukraine”, damage level 3.

camera path but with several jumps. The level of destruction is medium to low,
and the main scene contains numerous objects. There are many background
objects, which may impact the clarity of the footage.

Fig. 3. Examples of drone imagery for Chernihiv residential area, damage level 2.

Chernihiv Bridge, damage level 1,3. The Chernihiv Bridge dataset show-
cases drone footage with a forward-flying camera path, providing a singular
perspective of the scene (Fig.4). The scene exhibits a low level of destruction on
one half and a high level on the other. There are minimum background objects,
with the main focus on the Bridge.

Fig. 4. Examples of drone imagery for Chernihiv Bridge, damage level 'mixed’.

Chernihiv cathedral, damage level 0. This dataset showcases drone footage
captured using a 360-degree camera path, featuring the Chernihiv Cathedral
(Fig.5) with occasional zoom adjustments. The scene focuses primarily on the
cathedral and does not depict any destruction.
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