Information, Computing and Intelligent Systems, 2025, No. 7, 61 — 71
UDC 004.93 https://doi.org/10.20535/2786-8729.7.2025.341475

EVALUATION OF THE EFFECTIVENESS OF
TWO APPROACHES TO BUILDING DAMAGE
DETECTION WITH SATELLITE IMAGERY

Yurii Oliinyk
https://orcid.org/0000-0002-7408-4927

Oleksii Rumiantsev*
https://orcid.org/0009-0005-7223-3633

National Technical University of Ukraine
“Igor Sikorsky Kyiv Polytechnic Institute”, Kyiv, Ukrainee

*Corresponding author: rumiantsev.oleksii@gmail.com

This study addresses the approaches for satellite image analysis to assess infrastructure damage. The
main aim is to conduct a comprehensive comparative analysis of the effectiveness of two key machine
learning approaches: specialized semantic segmentation based on the U-Net architecture and generalized
visual analysis using large vision-language models. The object of the research is the process of quantitatively
benchmarking these two distinct approaches to determine their practical applicability for multi-class damage
classification.

The research material is the publicly available xView2 dataset. The methods involved two parallel
experiments. For the semantic segmentation approach, a U-Net model with an EfficientNet-B4 encoder
was implemented and trained on 6-channel input data (”before” and ”after” images) using a combined Dice
and Focal loss function. For the vision-language models approach, the open-source LLaVA-1.5-7B model
was evaluated in a zero-shot mode using advanced prompt engineering for an aggregative counting task.
To enable a direct comparison, the standard Jaccard indexr was calculated based on the aggregated object
counts for each damage class.

The results of the experiments revealed a significant performance disparity. The specialized U-Net model
demonstrated high effectiveness, achieving an intersection over union score of 0.6141 on the test set. In
contrast, the LLaVA model proved unsuitable for accurate quantitative analysis, yielding an extremely low
Jaccard index of approximately 0.063, primarily due to its systemic failure to correctly identify and count
objects (Recall ~ 0.07). The scientific novelty lies in being the first study to quantitatively document this
order-of-magnitude capability gap, confirming that for tasks requiring high-precision mapping, specialized
segmentation models remain the indispensable tool.

Keywords: satellite image analysis, damage detection, semantic segmentation, U-Net, large vision-language
model.

1. Introduction

In an era increasingly defined by widespread natural disasters and geopolitical conflicts, the ability
for rapid and accurate assessment of infrastructure damage is a critical challenge in the modern world
[1]. The speed and objectivity of such assessments directly influence the effectiveness of humanitarian
response, economic recovery planning, and the documentation of potential war crimes. However,
traditional approaches that rely on manual satellite image interpretation by experts are too slow and
resource-intensive for large-scale crisis situations, creating a dangerous bottleneck when lives are at
stake.

These challenges have stimulated the development of automated, Al-based methods capable of
processing large volumes of remote sensing data within hours instead of weeks. Automation not
only accelerates the delivery of humanitarian aid but also provides an objective and quantitative
foundation for damage assessment and accountability. Therefore, the creation of reliable automated
damage assessment systems has become a key research direction at the intersection of computer
vision and crisis management. This establishes the field as not merely an academic pursuit, but a
vital component of modern emergency response and international law, underscoring the profound
relevance of advancing this technology.
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2. Literature review and problem statement

Semantic segmentation forms the foundation of most modern image analysis approaches, with the
U-Net architecture emerging as the dominant framework. U-Net’s encoder—decoder structure with
skip connections effectively combines deep semantic features with high-precision spatial information
[2], which is essential for accurate object delineation. Over time, the architecture has evolved through
numerous extensions, such as U-Net++ [3], and adaptations incorporating stronger encoder backbones
like ResNet and EfficientNet, which have become standard choices for remote sensing tasks.

For the specific task of building damage assessment, U-Net-based models are among the most widely
used, particularly in studies utilizing the xView2 benchmark dataset [4]. This dataset, which provides
paired images of disaster-affected areas before and after an event, has driven the development of change
detection methods that represent both images as a multi-channel input. In addition to conventional
CNN-based approaches, more advanced transformer-based architectures such as DAHiTrA [5] have
recently been proposed, employing hierarchical attention mechanisms to model spatial dependencies
and detect structural changes more effectively.

At the same time, there are studies that focus on alternative strategies, such as analyzing damage
based on a single image after the event. Although this approach loses the context of comparison, it
is more flexible because it does not require the availability of “before” archive images. In particular,
in the work [6], the authors demonstrated that by transfer learning a model previously trained on
xView2 on specific data of damage caused by combat operations, high Intersection over Union (loU)
can be achieved on the target dataset. This highlights the importance of adapting models to local
conditions and the specifics of damage.

In parallel with the progress of specialized models, the emergence of large Vision-Language Models
(VLMs) such as LLaVA [7] and proprietary systems like Gemini [8] has introduced new opportunities
for image analysis. Trained on massive web-scale datasets, these models can perform zero-shot analysis
through natural language queries. Although still an emerging field, the application of such models to
remote sensing has gained significant research attention. Recent works, including GeoRSMLLM [9] and
ChangeGPT [10], have demonstrated the potential of fine-tuned VLMs for tasks such as land cover
classification and textual change description.

Despite the rapid advancement of large vision—language models and their impressive performance on
general-purpose tasks, their effectiveness in highly specialized domains — such as satellite image-based
damage assessment — remains largely unexplored. Most existing studies either qualitatively showcase
the potential of VLMs or compare different models within this category, without conducting direct,
quantitative comparisons against established semantic segmentation architectures.

Consequently, a notable gap exists in the current scientific literature: the absence of a systematic,
quantitative, and qualitative comparison between specialized segmentation models (e.g., U-Net) and
general-purpose VLMs (e.g., LLaVA, Gemini) in the context of complex multi-class damage assessment.
The magnitude of the accuracy gap between these two approaches, the characteristic error types, and
the potential trade-off between flexibility and precision remain unclear. This lack of benchmarking
limits the practical adoption of VLMs in emergency response workflows and introduces uncertainty
regarding the selection of the most appropriate analytical approach for specific operational needs.

3. The aim and objectives of the study

The aim of this work is to address the identified gap in the literature by conducting a comprehensive
comparative analysis of the effectiveness of two fundamentally different approaches to satellite image
analysis — specialized semantic segmentation and generalized visual analysis — for the task of multi-
class building damage assessment.

1. To develop and train an effective semantic segmentation model based on the U-Net architecture,
establishing a quantitative performance benchmark for a specialized, fully-supervised approach.
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2. To establish an evaluation framework for a generalized, zero-shot approach using the LLaVA
Vision-Language Model, including the development of adapted metrics for its aggregative counting
task.

3. To conduct a direct comparative analysis of the results to quantitatively measure the
performance gap, identify the characteristic error types for each approach, and provide clear
conclusions on their respective practical applications.

4. The study materials and methods for comparing damage detection approaches
4.1. The object, subject, and hypothesis of the study

The object of this study is the process of automated, multi-class building damage assessment
from satellite imagery. The subject of the study is the evaluation of the effectiveness of two distinct
computational approaches: a specialized, fully-supervised semantic segmentation approach and a
generalized, zero-shot VLM analysis approach. The central hypothesis is that the specialized U-Net
model, trained on domain-specific data, will demonstrate significantly higher quantitative accuracy
and reliability compared to the general-purpose LLaVA model, revealing a fundamental performance
gap between the two approaches for this specialized task.

4.2. Dataset and preprocessing

All experiments in this study were conducted using the publicly available xView2 benchmark
dataset. This dataset was specifically developed for building damage assessment following natural
disasters and serves as a widely recognized standard for model comparison in this domain.

The xView2 dataset comprises thousands of high-resolution satellite images (0.3-0.5 m/pixel)
collected by WorldView satellites. Its key characteristic lies in its structure: for each geographic
location, two images are provided — one captured before the disaster (pre-disaster) and one after
(post-disaster). This dual-image design enables both single-image state analysis and change
detection between paired images.

Each post-disaster image is accompanied by detailed vector annotations in JSON format. For every
building instance, both its polygonal footprint and corresponding damage class are provided. Within
the xView2 competition framework, four primary damage levels were defined: background, no damage,
minor damage, major damage, and destroyed.

In addition to these categories, the dataset includes an “unclassified” label for buildings whose
condition cannot be reliably determined. The dataset’s large scale and diversity — encompassing 19
disaster types ranging from hurricanes and earthquakes to fires and volcanic eruptions — make xView2
an ideal benchmark for training and objectively evaluating model generalization performance.

To ensure the reproducibility and objectivity of all experiments, a unified preprocessing pipeline
was developed and consistently applied across all models.

All experiments in this study were conducted using a custom subset of the publicly available xView?2
benchmark dataset, totaling 8,213 unique image pairs. The dataset was divided into three independent
subsets:

— training set: 4,853 pairs, used to train the model weights;

— validation set: 1,680 pairs, used to tune hyperparameters and monitor the training process (e.g.,
to select the best epoch);

— test set: 1,680 pairs, used only once for the final, objective evaluation of the trained models’
performance.

The division was performed at the level of unique images to avoid data leakage when parts of the
same image could end up in different sets.

Since semantic segmentation models require a large amount of video memory, full-size images
(1024x1024 pixels) were cut into smaller fragments (tiles or patches). This process, known as patching,
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was implemented “on the fly” using a custom DataLoader. The following parameters were used for
the training and test sets:

— tile size: 512x512 pixels;

— overlap: 25%, which allowed the model to see objects at the tile boundaries in different contexts.

For each tile, a corresponding pixel mask was generated, where each pixel was labeled with an integer
from 0 to 4, corresponding to five classes: background, no-damage, minor-damage, major-damage, and
destroyed.

To improve the generalization ability of the U-Net model and prevent overfitting, real-time
geometric augmentations were applied to the training tile set. The following set of transformations
was used:

— random horizontal and vertical reflections;

— random 90-degree rotations.

These transformations allowed us to artificially increase the diversity of the training data without
changing its semantic content.

4.3. Methodology for the semantic segmentation approach

For the semantic segmentation task, the U-Net architecture from the segmentation-models-pytorch
library was used, which is a high-level wrapper over PyTorch. Three different training strategies were
explored, the results of which are compared in this paper.

U-Net with a powerful and efficient EfficientNet-B4 encoder [11], pre-trained on the ImageNet
dataset, was chosen as the main architecture for the experiments. This allowed us to take advantage
of transfer learning for faster convergence and better learning of visual features. For comparative
analysis, the results obtained with the ResNet34 encoder in previous studies are also presented. The
number of output classes of the model was set to 5 (four damage classes and one background class).

A combined loss function consisting of Dice Loss and Focal Loss [12] was chosen for training
the model. This combination has proven itself well for segmentation tasks with pronounced class
imbalance, since Dice Loss optimizes the IoU metric at the object shape level, and Focal Loss
focuses on pixels that are difficult to classify.

AdamW [13] was used as the optimizer with a learning rate set to le — 4. For dynamic adjustment
of the learning rate during training, the CosineAnnealingLR scheduler was used, which smoothly
decreased it over epochs, contributing to more stable model convergence.

Training was conducted using mixed precision computing (torch.cuda.amp), which significantly
accelerated the process and reduced video memory usage. The batch size was set to 64. The models
were trained for 50 epochs on the training set, and the best model for the final evaluation was selected
based on the highest JoU metric on the validation set.

4.4. Methodology for the visual-language models approach

To evaluate the effectiveness of the visual questioning approach, one of the leading open-source
VLM, LLaVA-1.5 (7B), was selected. The model was tested in zero-shot mode, i.e., without any
additional training on the xView2 dataset, to evaluate its generalizability “out of the box.”

After a series of preliminary experiments with different types of queries, a final, highly detailed
prompt was developed and used for both models. This prompt is based on the techniques of “few-shot
learning” [14] and “chain-of-thought” [15] and contains the following key elements:

— role: the model was given the role of “satellite image analysis expert”;

— context: it was clearly stated that the model was given two images — pre-disaster and post-disaster
— and its task was to compare them:;

— class definitions: a detailed visual description was provided for each of the four damage classes
to minimize ambiguity;
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— clear task: the model was tasked with counting the total number of buildings in the “after” image
and providing a list of their classifications;

— format example: an ideal example of a response in JSON format was provided to demonstrate
the expected output structure.

The LLaVA model was evaluated on a random sample from the test dataset consisting of 200
examples. The transformers library with 4-bit quantization was used to run the model in an
environment with limited computing resources. The generation parameters were set to deterministic
(do_sample=False) to ensure reproducibility of the results.

The text response obtained from the model was processed by a special parser, which extracted
a vector of quantities for each damage class from it. For reliability and to prevent data loss during
long-term evaluation, the results for each example were stored incrementally.

4.5. Framework for comparative analysis

For an objective comparison of the performance of two different approaches (semantic segmentation
and aggregative visual questioning), two sets of metrics were used, adapted to the specifics of the input
data for each approach.

The quality of pixel masks generated by the U-Net model was evaluated using standard metrics
for segmentation tasks. Calculations were performed for all damage classes, ignoring the background
class to obtain a more relevant assessment.

IoU: the main metric that measures the degree of overlap between the predicted and reference
masks for each class.

F1-score (dice coefficient): the harmonic mean between Precision and Recall at the pixel level.

Since the VLM model generates aggregated data in the form of a vector of quantities
([number of no — damage, ...]) rather than pixel masks, standard segmentation metrics cannot be
applied directly. To evaluate its performance on this aggregative task, standard classification metrics
(Jaccard Index, F1-score, Precision, and Recall) were calculated based on object counts accumulated
across the entire test set.

First, the aggregated indicators True Positives (TP), False Positives (FP), and False Negatives
(F'N) were calculated for the entire dataset:

— TP was defined as the sum of element-wise minimums between the true and predicted quantity
vectors;

— FN was calculated as the difference between the total number of real objects and TP;

— FP was calculated as the difference between the total number of predicted objects and TP.

Based on these aggregated metrics, the following metrics were calculated:

— Jaccard Index: the main metric calculated as TP/(TP + FP + FN). It evaluates how well the
distribution of predicted classes corresponds to the true one;

— F1-score, Precision, and Recall: standard metrics, calculated from the aggregated TP, FP, FN,
to evaluate the accuracy and completeness of predictions at the distribution level;

— accuracy: shows the model’s ability to count, regardless of classes. It is calculated as the ratio
of the total sum of all predicted objects to the total sum of all actual objects (or vice versa, so that
the value does not exceed 1.0). This metric shows how prone the model is to “invent” objects or,
conversely, “miss” them.

5. Results of comparing damage detection approaches
5.1. Performance of the semantic segmentation approach

As part of this study, a semantic segmentation model based on the U-Net architecture was developed
and trained for multi-class damage assessment. The model was trained on the xView2 training dataset
using a change detection approach, where 6-channel images (before and after the event) were fed into
the input.
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The training process lasted 45 epochs. The dynamics of the loss function and IoU metrics on
the training and validation datasets during training are shown in Fig. 1 and Fig. 2. The graphs
demonstrate the stable convergence of the model: the loss function decreased monotonically, while
the IoU metric increased, reaching a plateau at the end of training. This indicates the absence of
significant overfitting and the success of the chosen optimization strategy.
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Fig. 1. Loss function graphs on training and validation datasets for the U-Net
model

For a final, objective performance evaluation, the best version of the model (saved with the
highest loU score on the validation set) was tested on a deferred test dataset. The quantitative
evaluation results are presented in Table 1. The presented metrics are macro-averaged across all four
damage classes (no damage, minor damage, major damage, destroyed), providing a comprehensive
assessment of the model’s overall performance.

Table 1. Final performance metrics of the U-Net model on the test set

Metric Value

mloU (Jaccard Index) | 0.6141
F'1-score 0.7610
Accuracy (pixel) 0.9935

For a qualitative analysis, Fig. 3 shows an example of model visualization on an image from the
test set, where the mask generated by the model is compared with the corresponding reference mask.

The visual comparison confirms the model’s high level of accuracy. As shown, the predicted mask
(¢) closely matches the ground truth mask (b), correctly identifying both the location and the damage
class of the building.
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Fig. 2. IoU score on validation dataset for the U-Net model

a b c
Fig. 3. Example of visualization of the U-Net model: a — input image
(“after”); b — ground truth mask; ¢ — predicted mask

5.2. Performance of the visual-language models approach

The quantitative evaluation of the LLaVA-1.5-7B model in zero-shot mode was performed on a
random sample from the test set. The model’s performance in performing the aggregation task
(counting the number of buildings for each damage class) was evaluated using a set of distribution
metrics. Table 2 presents a detailed report on the model evaluation.

For a qualitative analysis of the model’s behavior, Fig. 4 and Fig. 5 show two representative
examples from the test sample. For each example, the input image “after,” the “raw” text response
generated by the model, and a comparison table between the reference and predicted numbers of
objects are shown.

Visual analysis of examples confirms quantitative metrics, demonstrating the model’s tendency to
significantly underestimate the number of objects and its difficulty in correctly classifying damage
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Table 2. Detailed report on the LLaVA model on the test subsets

Metric Value
Jaccard Index | 0.0627
F1-score 0.1181
Precision 0.4060
Recall 0.0691
Accuracy 0.1702

Class Ground truth Predicted
no-damage 116 100
minor-damage 0 10
major-damage 0 5
destroyed 0 1

Fig. 4. Example #1 of the LLaVA model in action. In an image containing 116
buildings, the model generated a response from which 116 objects were
parsed, but with partially incorrect class distribution

Class Ground truth Predicted
no-damage 2 1
minor—-damage 3 1
major-damage 0 1
destroyed 12 1

Fig. 5. Example #2 of the LLaVA model in action. In an image containing 17
buildings, the model generated a response from which 4 objects were parsed

levels.

5.3. Summary of comparative results

A direct comparison of the primary performance metrics reveals a significant disparity between the
two approaches. The specialized U-Net model achieved a pixel-level ToU of 0.6141. In contrast, the
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generalized LLaVA model achieved a Jaccard index of 0.0627 on the analogous aggregative task. This
represents a nearly tenfold difference in quantitative accuracy between the two approaches.

6. Discussion of comparative effectiveness

This study enabled a direct comparison between two fundamentally different approaches for damage
assessment: specialized semantic segmentation based on the U-Net architecture and generalized visual
reasoning using VLMs.

The key finding of this work is the substantial gap in quantitative accuracy between the two
approaches. The specialized U-Net model, trained on paired “before” and “after” images,
demonstrated strong performance, achieving an IoU score of 0.6141 on the test set. This result
confirms the model’s capability to reliably localize and classify all four damage levels at the pixel
level.

In contrast, the LLaVA model, evaluated using the Jaccard index metric, achieved only 0.0627.
This disparity is considered fundamental rather than incremental for several reasons. First, the
difference in performance spans an order of magnitude, reflecting a fundamentally different level of
capability. Second, the error analysis reveals that while U-Net produces local segmentation
inaccuracies, LLaVA exhibits a conceptual inability to execute core tasks such as object
identification and counting (Recall ~ 0.07). These findings indicate that, at the current stage of
technological development, specialized architectures such as U-Net remain the only reliable option
for producing detailed and trustworthy damage maps.

Further analysis of LLaVA’s distribution-level metrics ( Precision and Recall) provides deeper insight
into the causes of its low performance. The extremely low Recall value (0.0691) represents the primary
limitation: it suggests that the model identifies only about 7% of all actual buildings present in the
imagery. This finding highlights a systemic inability of the model to reliably detect and enumerate
objects.

At the same time, the relatively higher Precision value (0.4060) reflects an interesting behavior:
among the limited number of buildings that the model manages to classify, a non-zero proportion of
predictions are correct. However, this marginal accuracy is entirely offset by the severe incompleteness
of the analysis. In contrast, U-Net demonstrates well-balanced performance, as reflected by its high
F1-score (0.7610).

The results clearly delineate practical niches for both approaches.

U-Net remains indispensable for applications requiring high quantitative accuracy and reliability. Its
capacity to produce detailed, validated pixel-level maps establishes it as the de facto “gold standard”
for precise damage assessment, mapping for rescue operations, and other high-stakes analytical tasks.

LLaVA (and similar open-source VLMs) operating in zero-shot mode are unsuitable for quantitative
analysis. Nevertheless, their unique advantage — the ability to function without additional training or
labeled data — gives them potential value in tasks requiring rapid, preliminary qualitative assessment.
For example, they may be useful for coarse filtering or triaging large image collections to detect
possible damage indicators, where accuracy is not the primary requirement.

It should be noted that the LLaVA evaluation was performed in zero-shot mode, and its
performance could likely be improved through fine-tuning on a specialized dataset. Furthermore,
this study examined only one open-source VLM, whereas more advanced proprietary models may
yield different outcomes. Finally, both models were evaluated using data exclusively from the
xView2 dataset, which limits the generalizability of the findings to other damage domains,
particularly those related to conflict-induced destruction.

The findings confirm that U-Net and VLMs are complementary tools suited to different stages of
crisis response. Specialized models such as U-Net are indispensable for detailed quantitative analysis,
whereas VLMs retain potential for rapid qualitative reconnaissance and preliminary triage, albeit
requiring substantial improvement to reach operational reliability.
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Key areas for future research include fine-tuning open VLM on specialized datasets to test whether
this approach can bridge the existing performance gap, as well as developing hybrid architectures that
combine the strengths of both approaches.

Conclusions

This study investigated and compared two distinct computational approaches for building damage
assessment. Based on the experimental results, the following conclusions were reached:

1. The specialized approach using a U-Net based semantic segmentation model proved to be highly
effective for multi-class damage assessment. The trained model achieved a high quantitative accuracy,
reaching an JoU of 0.6141 on the xView?2 test set.

2. The generalized approach using the LLaVA VLM in a zero-shot setting was found to be
unsuitable for reliable quantitative analysis. The established evaluation methodology revealed a
critically low performance, with a Jaccard index of 0.0627, primarily caused by a systemic failure in
object identification (Recall of 0.0691).

3. The comparative analysis confirmed a fundamental, order-of-magnitude performance gap
between the two approaches. The results quantitatively demonstrate that for tasks requiring
high-precision damage mapping, the specialized, supervised U-Net approach is a reliable and
effective tool, whereas the generalized, zero-shot VLM approach, in its current state, is not a viable
alternative.
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Y 1mpoMy JOCTiIZKEHH]I PO3IVISIAIOTHCA IMIXOMAW 0 AHAJMI3y CYMyTHHKOBUX 3HIMKIB I OIHKH IMOIIKO/IXKEHb
indpacrpykrypu. OcHOBHa MeTa — IMPOBECTH KOMILIEKCHUI TOPIBHSUIbHUI aHaJi3 edEeKTUBHOCTI JIBOX KJIIOYOBHUX
MIXO/iB MAIITMHHOTO HABYAHHS: CIEIai30BaHOl CEeMAHTUYHOI CcerMeHTarlil Ha OcHOBi apxiTekTypu U-Net Ta
y3araJibHEHOI'O Bi3yaJIbHOT'O aHAJI3y 3 BUKOPUCTAHHSM BEJIMKUX 30POBO-MOBHUX Mojeseil. O6’eKToM 0C/iKeHHs €
MIPOTeC KiJIbKICHOTO TIOPIBHAHHS IMX JBOX PI3HUX IMiJIXOMIB JIjIsi BU3HAYEHHHA IXHBOI NMPAKTUIHOI IPUJIATHOCTI JIJIst
6araToKaacoBOl KaacudiKaIliil MOMIKOIKEHb.

Marepiajmom I JIOCTiIKEHHsT CJAYyTyBaB 3araJibHOJIOCTYIMHUN HaOIp ganux xView2. Meroan BKIIOUaIN IBa
rnapaJiejibHi excriepuMenTr. Jljisi mijxo/y ceMaHTHYHOI cerMeHTarlil OyJio peajli30BaHO Ta HaBYeHO Mojesb U-Net 3
enkosiepoM EfficientNet-B4 ma 6-kanajbnux BximHux Janux (300paxkennst "no"ta "miciaa") 3 BuKOpuCTaHHAM
roMmbinoBanol dyukiii Brpar Dice Ta Focal. [lng mizgxomy i3 30pOBO-MOBHUMHU MOMEJISIMH, MOJETb 3 BIIKPUTUM
KomoM LLaVA-1.5-7B ouninoBaJjacsa B pexkuMi "zero-shot"s BukopucTtaHHsSM IepenoBol iHXKeHepil 3aluTiB g 3a1ad4i
arperoBaHoro mizpaxysky. ljisi mpsiMoro mopiBHsiHHsI OyB pO3paxOBaHWii cTaHuapTHUil indexc MKaxkapa Ha OCHOBI
arperoBaHoOro MiJIPAXyHKy O0’€KTIB JIJIsT KOXKHOTO KJIACY IOIIKO/2KEHb.

PesynbraTtn excrepuMenTiB BUSBUIIM 3HaUHY pPO30OikHICTH y mpomykruBHocti. CreriasnizoBana wmojeinb U-Net
MIPOJIEMOHCTPYBaJIa BUCOKY €(hEeKTUBHICTh, mocsaraysimn mokasauka loU 0.6141 ma tecroBomy Habopi. Ha mporusary
oMY, MoJieTb LLaVA BugBMJIacA HENPHUJIATHOIO IS TOYHOTO KIJIBKICHOTO aHaJsi3y, MOKa3aBIIN HAJI3BUYAITHO HU3bKE
sHadennst indexcy Haxxkapa OGmuszpko 0.063, mepeBaxkHo depe3 i1 CHCTEMHY HECIIPOMOXKHICTH KOPEKTHO
inenrudikysarn Ta mizpaxosysarn 06’ekTn (moBHOTA JIst posnoainis ~ 0.07). Haykosa HOBU3HA IOJISITAE B TOMY, IO
Iie TepIre JOCJIiIPKEHHSI, TKe KiJTbKICHO 3aJIOKYMEHTYBAJIO TIeil PO3PUB Y MOXKJIUBOCTAX Ha MOPSIOK, MiATBEPKYIOUH,
oo JJis  3aBJaHb, sKi BHMAralOTh BHCOKOTOYHOIO KaprTorpadyBaHHsI, Ceriajgi30BaHi MOIeJi CermMeHTarl
3aJUIMAIOTHCA HE3aMIHHIM iHCTPYMEHTOM.

Ktro4oBi cs1oBa: : anasi3 CyryTHIKOBUX 3HIMKIB, OIiHKA PyHHyBaHb, ceManTndHa cermenTarist, U-Net, Besuki 30poso-
MOBHI MoJIeJi.
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