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Abstract 

In the context of ongoing urbanization and warfare, accurate building damage detection is a crucial 

challenge. While most segmentation approaches rely on overhead satellite imagery, the task from 

ground-level perspectives remains underexplored. To address this gap, we introduce a dataset of 290 

side-view images of Ukrainian buildings, manually annotated with six classes. We propose a deep 

learning-based segmentation system that divides images into fixed-size patches and augments them 

with global ConvNeXt-Large image embeddings and positional embeddings for encoding spatial 

location. The backbone follows a modified U-Net design, where the encoder is replaced by ResNet-

50, SwinV2-Large, ConvNeXt-Large, Yolo11-seg, or DINOv2. We also evaluate a modified 

SegFormer-b5 for comparison.. We also study the effect of Felzenszwalb superpixel post-processing. 

Results show that U-Net with DINOv2 encoder and embeddings achieves the best performance on 

all six classes (IoU = 0.4711; F1 = 0.7462), while U-Net with ResNet-50 encoder and embeddings 

performs best on the three-class task (IoU = 0.7644; F1 = 0.8876). Embeddings strongly contributed to 

these gains: ResNet improved by +5.28 pp F1 and +7.81 pp IoU in the 3-class task, and DINOv2 by 

+4.71 pp F1 and +4.65 pp IoU in the 6-class task. 

Keywords: semantic segmentation; building damage; ground-level imagery; U-Net; embeddings; 

ResNet; SwinV2; ConvNeXt; DINOv2; Felzenszwalb superpixels 

 

1. Introduction 

Nowadays, cities are growing fast, and the consequences of damage from war, earthquakes, and 

other disasters are becoming more serious and frequent. As a result, it is crucial to inspect the 

condition of buildings promptly after such events. A fast and accurate assessment enables emergency 

services to respond more effectively, plan repairs, and utilize resources more efficiently. 

Manual inspections are generally accurate, but they require a significant amount of time, can be 

subjective, and pose risks in unsafe areas. Automated systems that use image analysis, especially 

deep learning methods, provide a faster and more consistent way to assess damage. Until now, most 

such systems have used images from satellites or drones to check large areas. However, many 

important types of building damage, such as cracks in walls, broken windows, or parts of the building 

falling, can only be seen clearly from ground level. For this reason, systems that analyze ground-level 

photos are crucial for understanding the actual situation in cities, especially in areas where buildings 

are partially obscured or difficult to see from above. 

Most current research on building damage segmentation focuses on the use of satellite imagery. 

Many of such systems perform multiclass segmentation where each pixel is labeled according to the 

severity of the structural damage [1,2]. Some approaches combine pre-disaster and post-disaster 

images, along with auxiliary geospatial data, to improve segmentation results [3]. Another study 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 October 2025 doi:10.20944/preprints202510.2032.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.2032.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 34 

 

introduces a damage segmentation system designed explicitly for war-affected areas in Syria [4]. A 

notable event in this field is the xView2 challenge [5], which uses the xBD dataset [6] and aims to 

identify buildings and rate the damage amount. This dataset contains around 850.000 annotated 

buildings spanning 45,000 square kilometers of satellite imagery and serves as a benchmark for 

damage classification from space. 

There are also researches based on aerial imagery captured by drones. For example, [7] presents 

a segmentation dataset that includes various damage classes for buildings, along with road, 

vegetation, and other contextual features. This study also evaluates a set of segmentation models. 

Similarly, [8] compares different segmentation methods using post-earthquake aerial images to assess 

how well they perform in real-world disaster conditions.  

However, the task of building damage assessment from ground-level imagery remains 

significantly underexplored compared to aerial approaches. Ground-level facade analysis has 

primarily focused on undamaged buildings, with research addressing various architectural elements 

and structural patterns. 

Several studies have developed segmentation systems for building facades using street-view 

imagery. [9] introduced a dataset of 1057 annotated images from 104 countries, focusing on irregular 

and non-regular facades with six classes, including background, plant, wall, window, door, and 

fence. The study evaluated multiple CNN architectures including U-Net[10], DeepLabv3+[11], 

SegNeXt[12], HRNet[13], and PSPNet[14] on images resized to 512×512 pixels. [15] collected 997 high-

resolution side-view building images from a single city in England, implementing a two-stage 

approach where one U-Net model segments large objects like walls and roofs, while another focuses 

on smaller elements such as windows, doors, and chimneys after object detection-based cropping. 

[16] presented a street-view dataset of 500 images with five facade classes, combining DeepLabV3 

segmentation with R-CNN-based[17] detection to improve boundary accuracy through quadrilateral 

refinement of detected objects. Recent advances in transformer-based architectures have also been 

applied to facade segmentation. [18] developed a dataset of 602 high-resolution street-view images, 

employing Vision Transformer[19] architectures including Segmenter[20] with ViT-B/16 and ViT-

L/16 backbones. The study incorporated line detection methods to enhance segmentation boundaries 

and edge quality. [21] applied Fully Convolutional Networks based on VGG-16[22] to two facade 

datasets, the first with 104 images and the second with 60 images, combining segmentation with 

object detection to improve accuracy for smaller architectural elements. The application of deep 

learning to structural damage assessment from ground-level perspectives has received limited 

attention. [23] addressed earthquake damage detection using 856 images cropped to 800×800 pixels, 

implementing a modified YOLO v5[24] architecture to detect four damage classes: debris, collapse, 

spalling, and cracks. [25] tackled facade damage segmentation using 1761 infrared and visible images, 

identifying four damage types, including moisture, efflorescence, cracks, and cavities. This work 

combined thermal and visible imagery through GAN-based fusion before applying YOLO-based 

segmentation architectures. [26] focused specifically on crack segmentation in structural elements, 

developing a modified U-Net encoder-decoder architecture that reduced model parameters while 

maintaining segmentation accuracy on images resized to 256×256 pixels. 

To the best of our knowledge, there are no publicly available datasets annotated for pixel-wise 

segmentation of building damage in ground-level images. There are also no models or systems in the 

literature that have been evaluated for this specific task. This gap motivates our work: we introduce 

a new annotated dataset of ground-level damage images and provide a comparative evaluation of 

several segmentation architectures specifically tailored for this setting. 

In recent years, deep learning has significantly improved the performance of semantic 

segmentation tasks. Convolutional neural networks became the foundation of many image 

understanding systems. One of the most well-known architectures in this field is the U-Net, which 

was originally designed for biomedical image segmentation. Its encoder-decoder structure with skip 

connections helps the network preserve spatial detail while learning high-level features. U-Net has 

since been adapted for a wide range of tasks, including urban scene segmentation. 
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To further improve feature extraction, many U-Net-based systems use powerful pretrained 

encoders. They include ResNet[27], which, with its residual blocks, provides deep representations 

that help capture complex patterns. SwinV2[28] and ConvNeXt[29] are examples of more recent 

architectures that combine CNN and transformer principles, enabling better long-range feature 

modeling and global context awareness. Transformer-based architectures, such as SegFormer[30], 

have also garnered attention for their efficient segmentation pipelines and strong performance on 

various benchmarks. Meanwhile, YOLO 11x-seg[31] extends real-time object detection models into 

the segmentation domain by adding spatial decoding layers. DINOv2[32], a self-supervised 

transformer-based model, provides strong general-purpose visual representations and has 

demonstrated competitive results in dense prediction tasks. Together, these architectures represent 

different design philosophies. CNNs, transformers, and hybrid models, all of which can be evaluated 

to determine which works best for the unique challenges of ground-level building damage 

segmentation. 

Beyond the backbones directly tested in this work, a wide range of other encoder architectures 

exist. Classic CNN-based encoders, such as VGG or DenseNet[33], have historically been popular for 

their simplicity and feature reuse but are now often surpassed by more advanced residual and 

transformer-based designs. Hybrid models like EfficientNet[34] aim for optimized scaling of depth, 

width, and resolution, offering strong performance with relatively fewer parameters. Pure 

transformer backbones such as ViT and DeiT[35] demonstrate powerful global context reasoning, 

though their high data and compute requirements often limit their application in domains with 

smaller datasets. More recent approaches include foundation models such as CLIP[36], which align 

vision and language representations to enable zero-shot transfer, and SAM (Segment Anything 

Model)[37], which generalizes segmentation through prompt-based interaction. 

In addition to alternative backbones, many modifications of the U-Net itself have been proposed. 

Variants such as Attention U-Net[38] incorporate attention mechanisms to better focus on relevant 

spatial regions, while U-Net++[39] introduces nested and dense skip connections to enhance feature 

fusion between encoder and decoder. Other adaptations include ResUNet[40], which integrates 

residual connections for deeper representation learning, and TransUNet[41], which combines the U-

Net’s decoder design with transformer-based encoders to capture both local and global 

dependencies. Lightweight versions, such as Mobile U-Net[42], have been developed for real-time or 

resource-limited applications. While these architectures extend the U-Net’s applicability and often 

improve task-specific performance, in this work, we employed the baseline U-Net framework to 

provide a straightforward and comparable foundation for testing different encoder choices under the 

same segmentation pipeline. 

Ground-level images present several challenges that make the task of damage segmentation 

more difficult than aerial or satellite imagery. Firstly, available datasets for this type of data are 

usually small and contain limited annotations, making it hard to train large models without 

overfitting. In many cases, collecting labeled data at ground level is time-consuming and expensive, 

especially in post-disaster environments. Secondly, these images often contain partial occlusions 

from trees, vehicles, fences, or other urban elements. Such visual clutter can hide key parts of the 

building or distort the appearance of damaged areas. Thirdly, lighting conditions vary greatl - 

shadows, reflections, weather, and time of day can significantly change the visibility and contrast in 

the images. Camera angles are also inconsistent, as ground-level photos are taken from different 

heights and perspectives, which may affect how certain structures appear. Finally, there is a 

significant class imbalance in the data. Common categories such as background and undamaged 

building parts dominate the dataset, while important damage types like "Broken Window" or 

"Debris" appear far less often. This imbalance may lead models to perform poorly on rare but critical 

classes. 

To the best of our knowledge, there is currently no standardized dataset or benchmark designed 

specifically for pixel-wise segmentation of building damage in ground-level images. This lack of 

annotated data for ground-level damage segmentation has made it difficult to compare models fairly 
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or to develop methods that are optimized for real-world urban environments. At the same time, there 

is no comprehensive study that evaluates how modern segmentation architectures—particularly 

those using advanced encoder backbones or embedding strategies - perform in such types of data. 

Our study aims to address this gap by creating a custom dataset of manually labeled ground-

level images and by testing several encoder architectures' training ability on this task. This makes it 

possible to analyze the strengths and limitations of different methods and to set a foundation for 

future research in this area. 

This paper presents a complete pipeline for semantic segmentation of building damage from 

ground-level images. The main contributions of the study are: 

• We introduce a custom-labeled dataset of 290 urban images taken from a ground-level 

perspective. Each image is manually annotated with six semantic classes related to structural 

damage and building context. 

• We design a patch-based segmentation approach using a modified U-Net architecture. Each 

image is divided into fixed-size patches, which are enriched with global image embeddings 

generated by a pretrained ConvNeXt-Large model. These embeddings provide context about 

the entire scene, helping the model better understand each local region. 

• To give the model awareness of spatial layout, we include positional embeddings that encode 

the patch’s location within the image. 

• We apply Felzenszwalb’s[43] superpixel-based post-processing to refine the model’s output and 

reduce visual noise in the segmentation maps. 

• We perform a comparative evaluation of five different encoder backbones - ResNet-50. SwinV2-

Large, ConvNeXt-Large, YOLO 11x-seg, and DINOv2 - as well as a modified version of 

SegFormer-b5, providing insights into how these architectures perform in the context of ground-

level building damage segmentation. 

These contributions help build a foundation for more robust and practical deep learning systems 

that can be deployed in urban disaster response and smart infrastructure damage assessment. 

2. Materials and Methods 

2.1. Dataset Collection and Annotation 

In this study, we introduce a new dataset designed for the semantic segmentation of building 

damage in Ukrainian urban environments. The dataset consists of 290 ground-level images collected 

from open sources, including news websites, public Telegram channels, social media posts, and other 

freely accessible online platforms. The photos were taken under various conditions, including 

different lighting, angles, and weather situations, which provides important visual diversity for 

robust model training. All images were manually annotated using the Computer Vision Annotation 

Tool (CVAT) [44], with each pixel labeled according to one of six semantic classes: 

• Other - background and non-structural objects (gray) 

• Building - general building structures (green) 

• Roof - undamaged roof sections (orange) 

• Damage - damaged parts of buildings, excluding roofs and windows (purple) 

• Damaged Roof - visibly destroyed or collapsed roof areas (red) 

• Broken Window - shattered or missing windows (blue) 

The segmentation masks were saved in a single XML file, which includes polygon coordinates 

and bounding boxes for all 290 images. Each image is linked to its annotations via unique identifiers 

inside the XML structure. While the dataset provides high-quality polygon annotations, some 

inconsistencies and minor errors may be present. In certain cases, boundaries may be drawn too 

broadly, particularly when foreground objects overlap with buildings. For example, if a tree partially 

covers a facade, the annotation sometimes includes the tree region that lies over the building instead 

of masking only the building itself. Such cases introduce slight label noise and may affect 

segmentation accuracy for fine details. For better understanding, Figure 1 shows examples of 
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annotated images, with the corresponding class colors overlayed. These visualizations demonstrate 

the typical scene complexity and the diversity of damage patterns captured in the dataset. 

 

Figure 1. Examples of annotated images from our dataset(colors: Other - gray, Building - green, Roof - orange, 

Damage - purple, Damaged Roof - red, Broken Window - blue). 

The dataset exhibits a strong class imbalance, which reflects the real-world prevalence of certain 

features over others. The class distribution is shown in Table 1. As can be seen, the majority of labeled 

pixels belong to the class Other (66.10%) and Building (19.42%), while more critical damage-related 

classes such as Broken Window and Damaged Roof are underrepresented (2.66% and 1.92% 

respectively). 

Table 1. Class distribution in the dataset (percentages of total labeled pixels). 

Other Building Damage 
Broken 

Window 
Damaged Roof Roof 

66.10% 19.42% 8.66% 2.66% 1.92% 1.24% 

2.2. Patch-Based Representation and Embedding Integration 

To improve segmentation performance under high class imbalance and preserve fine local 

details, we introduce a patch-based training strategy that forms the foundation of our pipeline. 

Instead of training directly on full-resolution images, each original image is divided into fixed-size 

square patches using a sliding window approach with a defined stride. This allows the model to focus 

on localized regions while maintaining spatial coherence across the image. 

A patch is defined as a smaller, square region cropped from the full image. The division is 

performed by sliding a window of fixed size (e.g., 224×224, 384×384, or 640×640 pixels) across the 

image using a preset stride. For each extracted patch, the corresponding segmentation mask is also 

cropped to match the spatial region of the patch. This patching strategy significantly increases the 

number of training samples and improves learning stability. To ensure consistency in patch shape 

and facilitate batch processing during training, all patches must be of a fixed and uniform size. 

However, image dimensions often vary and are not always divisible by the selected patch size or 

stride. To address this, we apply a resizing operation before patching, scaling the entire image to a 

fixed resolution that guarantees complete and uniform coverage. This means that if either the height 

or width of an image would result in an incomplete final patch (e.g., a partial region smaller than the 

target size), the image is rescaled such that both dimensions become divisible by the stride or the 

patch size. This resizing step ensures that every extracted patch is of exactly the required dimensions, 

preventing the need for padding or discarding remainder regions. As a result, the training set 

contains only complete, valid patches that conform to the model’s input expectations.  

In addition to the raw image patch, we provide the segmentation model with two auxiliary 

embeddings that enrich the input representation: 

• Global image embedding: Each input image (resized to 384×384 before the embedding 

extraction) is also represented by a global embedding extracted with a pretrained ConvNeXt-

Large model. This results in a fixed 1536-dimensional vector that encodes the overall scene 

context. While the segmentation network processes local patches independently, the global 
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embedding provides complementary information about the entire image layout. This helps the 

model distinguish between visually similar local regions by grounding them in the broader 

scene structure, for example, recognizing that a small texture patch belongs to a building facade 

rather than a background object. 

• Positional embedding: Each patch is assigned a 2D coordinate vector that represents its relative 

position (x,y) within the original image grid. This positional encoding enables the model to 

preserve spatial relationships and enhance the consistency of predictions across adjacent 

patches. The positional vectors are normalized and have a fixed length of 2, capturing the 

horizontal and vertical offset of the patch’s top-left corner. 

Thus, the final input to the segmentation model is a triplet: 

1. The image patch and its corresponding segmentation mask; 

2. The global context embedding; 

3. The positional embedding. 

The design in Figure 2 illustrates the end-to-end flow of how patches are extracted, embeddings 

are computed, and the combined representation forms one item in the patch dataset. As shown, each 

image is first resized (if necessary) and then split into fixed-size patches. Global image embeddings 

are computed once per image, while positional embeddings are computed per patch. These are all 

fused before entering the model. This input structure enables the network to maintain both local 

precision (via high-resolution patches and masks) and global spatial awareness (via embeddings). 

 

Figure 2. Patch-based input representation. Each image is divided into fixed-size patches. A global image 

embedding is computed from the resized original image using ConvNeXt-Large. For each patch, its (x, y) 

position embedding is computed. The patch and its segmentation mask, along with global and positional 

embeddings, form a single dataset example. 

2.3. Dataset Preparation and Splitting 

We constructed six separate patch-based datasets by combining two class schemes: 

1. Six classes - Other, Building, Roof, Damage, Damaged Roof, Broken Window; 

2. Three classes - Other, Building, Damage. Roof is merged into Building, and Broken Window and 

Damaged Roof are merged into Damage. 

As classes Roof, Broken Window, and Damaged Roof are severely underrepresented in the data, 

in the second dataset, we merge them into semantically similar classes to make our metrics more 

robust. Each class schema has three patch configurations (224×224, 384×384, and 640×640 pixels), 

depending on the encoder for the global embeddings. For each configuration, we used a sliding 
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window to extract square patches with a fixed stride, ensuring coverage of the entire image. When 

image dimensions were not divisible by the stride, we applied resizing to guarantee that all extracted 

patches were uniform in size (as described in Section 2.2). 

The original dataset of 290 labeled images was split into 246 training and 44 validation images 

using an 85:15 ratio. Patches and corresponding segmentation masks were then extracted from each 

subset. The datasets differ by patch size and stride, selected based on the input resolution of the target 

segmentation models (e.g., ResNet-50, SwinV2-Large, ConvNeXt-Large). Table 2 summarizes the 

configuration and size of each dataset variant. 

Table 2. Patch-based dataset variants with resolution and sample counts. These variants are the same for the 3 

and 6 class datasets. 

Patch Size Stride Total Patches Train Patches Val Patches 

224×224 180 12,943 11,042 1,901 

384×384 256 5,460 4,659 801 

640×640 160 6,904 5,887 1,017 

To improve model generalization and mitigate overfitting, we applied a set of image-mask 

paired augmentations to all training patches: 

• Random Resized Crop(size = original patch size; scale = (0.6, 0.8)) - Randomly crops a part of the 

input image and resizes it back to the original patch size. The scale parameter defines the relative 

area of the crop compared to the original image, here randomly chosen between 60% and 80%. 

This helps the model learn robustness to partial views of objects; 

• Horizontal Flip (probability(p) = 0.5) - Flips the image horizontally with probability p. A value 

of 0.5 means that half of the images are mirrored, improving invariance to left-right orientation; 

• HSV shifts (hue shift limit=20, saturation shift limit=30, value shift limit=20, p=0.3) - Randomly 

alters the hue, saturation, and brightness of the image. The parameters define the maximum 

allowed shift: hue can change by ±20 degrees, saturation by ±30 units, and brightness by ±20 

units. With p = 0.3, this augmentation is applied to 30% of the images; 

• Random Brightness Contrast (brightness limit=0.15, contrast limit=0.15, p=0.4) - Randomly 

adjusts the brightness and contrast of the image. The brightness and contrast are changed by up 

to ±15% of the original values. The probability p = 0.4 means this is applied to 40% of the images; 

• Gaussian Noise (std range = (0.1, 0.2), p=0.4) - Adds Gaussian-distributed noise to the image, 

with the standard deviation randomly sampled between 0.1 and 0.2. This encourages the model 

to be more robust to noisy inputs. Applied with probability p = 0.4; 

• Elastic Transform (alpha=20, sigma=60, p=0.4) - Applies random elastic deformations to the 

image, simulating realistic spatial distortions. The parameter alpha controls the intensity of the 

displacement, while sigma determines the smoothness of the deformation field. With p = 0.4, 

this is applied to 40% of the images. 

All augmentations were applied on-the-fly during training using consistent random seeds and 

synchronized transformations for both the image and its mask to preserve spatial alignment. 

To reduce training time and ensure consistency across experiments, all six patch datasets were 

precomputed and cached. Each dataset was generated once and then saved to Google Drive in a 

structured format, with separate folders for training and validation patches, masks, and their 

corresponding embedding vectors. At the beginning of each training session, the selected dataset is 

downloaded into local storage, allowing for fast access during model execution. This approach 

eliminates the need to recreate patches or recompute embeddings during training, making the data 

pipeline both reproducible and efficient. During training, only data augmentations are applied on-

the-fly to the locally stored patches, while the patch structure and label integrity remain unchanged. 

This design significantly reduces preprocessing overhead and enables rapid experimentation with 

different model architectures and hyperparameter settings. 
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2.4. Overview of Modified U-Net 

The base architecture adopted in this study is the classical U-Net architecture, which we modify 

to support patch-based processing and auxiliary embeddings. U-Net remains a widely used structure 

for semantic segmentation due to its effective combination of spatial precision and contextual 

representation. It is particularly well-suited for dense prediction tasks, such as pixel-wise damage 

detection in visually complex and partially occluded urban scenes. U-Net consists of two symmetrical 

parts: an encoder path, which reduces the spatial resolution and extracts high-level features, and a 

decoder path, which progressively restores spatial detail to construct a full-resolution segmentation 

mask. These parts are connected by a central bottleneck layer that aggregates the most compressed 

representation of the input. A defining feature of U-Net is the use of skip connections between 

corresponding levels of the encoder and decoder. These connections allow detailed spatial features 

from earlier stages to directly inform later decoding steps, improving localization accuracy. 

In our implementation, the U-Net architecture is modified to integrate patch-based inputs and 

auxiliary embeddings. Each patch is first processed by an encoder backbone. The encoder output is 

then concatenated with two additional vectors: a global image embedding, extracted from the full 

image using a pretrained ConvNeXt-Large model, and a positional embedding, which encodes the 

(x, y) location of the patch within the original image. This combined representation is passed into the 

bottleneck. In the decoder path, we replace transposed convolutions with bilinear interpolation 

followed by standard convolution, while maintaining skip connections to corresponding decoder 

blocks. 

A high-level overview of this architecture is shown in Figure 3. Detailed descriptions of the 

encoder backbones, bottleneck design, and decoder blocks are provided in Sections 2.5 and 2.6. 
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Figure 3. Modified U-Net architecture with patch and embedding integration. The input patch passes through a 

single Encoder block. Skip connections feed features to each Decoder block. Encoder output is concatenated with 

the Global Embedding (ConvNeXt-Large) and the Positional Embedding before the Bottleneck. Decoder blocks 

use interpolation + convolution, and a final Conv2D layer outputs the segmentation mask. 

2.5. Encoder Variants 

To evaluate the impact of different backbone designs on segmentation quality, we incorporated 

five distinct encoder architectures into our modified U-Net framework: ResNet-50. SwinV2 Large, 

ConvNeXt Large, YOLO 11x-seg, and DINOv2. All models were initialized with pretrained weights 

and subsequently fine-tuned on our dataset. Each encoder was paired with a specific patch dataset, 

selected to align with its optimal input resolution. The patch sizes and strides were defined during 

dataset preparation (see Table 2) and reused for all downstream training. The output feature maps 

from intermediate encoder stages were used as skip connections in the decoder path, and their 

selection varied depending on the internal structure of each encoder model. A summary of the 

encoders, their parameter counts, chosen patch sets, and selected skip connection layers is presented 

in Table 3. 

Table 3. Architectural details of the encoders used in this study, including parameter counts, patch size and 

stride, skip connection layers, and the encoder output layer. 

Encoder 
Parameters 

(M) 

Patch 

Size/Stride 

Skip Connection 

Layers 

Encoder’s output 

layer 

ResNet-50 23.5 224×224 / 180 
conv1, layer1, layer2, 

layer3 
layer4 

SwinV2 Large 195.1 384×384 / 256 Stages 1-3 outputs  Stage 4 

ConvNeXt-Large 196.2 640×640 / 160 Stages 1-3 outputs Stage 4 

YOLO 11x-seg 19.1 640×640 / 160 Layers 1, 3, 5 Layer 7 

DINOv2(ViT-

L/14) 
266.5 640×640 1 / 160 Blocks 1, 7, 12 Block 20 

1 For DINOv2, input patches were resized to 518×518 during data augmentations to match the model’s input 

constraints. 

ResNet-50 is a convolutional architecture composed of an initial convolutional stem (conv1), 

followed by four sequential residual stages (layer1 to layer4). Each stage applies a series of residual 

blocks that progressively reduce spatial resolution while increasing semantic depth. The residual 

connections within each block facilitate gradient flow, enabling stable training of deep networks. In 

our system, ResNet-50 was used as the encoder with an input patch size of 224×224 and a stride of 

180. consistent with its canonical design. Intermediate feature maps were extracted from conv1, 

layer1, layer2, and layer3 for skip connections, supporting multi-scale fusion in the decoder. The 

output of layer4 served as the encoder’s final representation and was forwarded to the bottleneck. 

SwinV2 Large is a hierarchical Vision Transformer that applies self-attention within shifted, 

non-overlapping windows, achieving linear complexity with respect to image resolution. The 

architecture consists of four stages, each reducing spatial resolution while expanding feature 

dimensionality, analogous to the pyramidal design in convolutional encoders. For our experiments, 

SwinV2 was fine-tuned using a patch dataset with a resolution of 384×384 and a stride of 256, 

matching the model’s native input size. Feature maps were extracted from the outputs of stages 1, 2, 

and 3 for use in skip connections. The output of stage 4 served as the final encoder representation 

and was passed to the bottleneck. To reduce overfitting, all dropout layers were set to 0.5. 

Additionally, a few early layers of the encoder were kept frozen during fine-tuning. 

ConvNeXt Large is a convolutional backbone redesigned for competitive performance with 

vision transformers. It incorporates depthwise separable convolutions, large kernel sizes (7×7), and 

LayerNorm in place of BatchNorm, while preserving a hierarchical four-stage architecture with 
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progressive downsampling. The model was fine-tuned on 640×640 image patches with a stride of 160, 

in line with its design for high-resolution inputs. Feature maps were extracted from the 

downsampling outputs at the end of stages 1 through 3 for skip connections. The output of stage 4 

was used as the encoder representation for the bottleneck. To improve regularization, all dropout 

layers were configured with a dropout rate of 0.6. 

The encoder derived from the YOLO 11x-seg model leverages a deep stack of convolutional, 

CSP, and transformer blocks originally designed for efficient real-time object detection. In our 

adaptation for segmentation, the model's intermediate layers were repurposed to serve as multiscale 

feature extractors. Specifically, the outputs from layers 1, 3, and 5 were used as skip connections to 

the decoder, providing hierarchical spatial context. The output of layer 7, which captures the deepest 

and most abstract features, was passed to the bottleneck block and fused with global and positional 

embeddings. The encoder was trained using a 640×640 patch dataset with a stride of 160. ensuring 

alignment with the input expectations of the backbone. 

Another encoder utilizes the ViT-L/14 backbone from DINOv2, a self-supervised vision 

transformer trained via self-distillation without labeled data. It was selected for its capacity to learn 

semantically rich representations from the global context. Training was performed on 640×640 

patches, which were resized to 518×518 during augmentation to meet the input constraints of the 

model. Outputs from transformer blocks 1, 7, and 12 were used as skip connections to provide 

multiscale features with controlled memory consumption. The output of block 20 served as the 

encoder output and was passed to the bottleneck. 

2.6. Decoder and Fusion 

The central bottleneck block in our architecture plays a critical integrative role by combining 

three distinct streams of information: high-level feature maps from the deepest encoder layer, a global 

image embedding, and a positional embedding representing the (x, y) coordinates of the current 

patch within the original image. This design extends the classical U-Net bottleneck with a 

semantically enriched representation that injects global and positional context directly into the 

decoding pipeline. The global image embedding is obtained by passing the full-resolution input 

image through a pretrained ConvNeXt-Large network and extracting the final 1536-dimensional 

vector. In parallel, each patch's relative location, normalized in the range [0, 1] is encoded as a 2-

dimensional positional vector. Before fusion, both embeddings are projected through dedicated 

linear layers to reduce dimensionality and enhance compatibility with the spatial tensor structure of 

the encoder output. These projections are then broadcast to match the spatial dimensions of the 

encoder's final feature map and concatenated along the channel axis. The resulting tensor, rich in 

semantic and positional information, is processed by a convolutional bottleneck block, which serves 

as the starting point for the decoding path. 

The decoder follows the standard U-shaped design and performs progressive spatial 

upsampling through four stages of decoding. At each stage, bilinear interpolation is used in place of 

transposed convolutions to restore spatial resolution. This choice significantly reduces the number of 

learnable parameters and helps avoid the checkerboard artifacts that often arise from learned 

upsampling filters. Following interpolation, feature maps are concatenated with the corresponding 

skip connections from the encoder, preserving low-level details and enhancing spatial precision. Each 

concatenated tensor is processed by a dedicated decoder block comprising a convolution, batch 

normalization, activation function(for most architectures, we used GELU), and dropout layers, 

progressively narrowing the channel dimensions and refining segmentation boundaries. The final 

stage restores the resolution to the original patch size and outputs the semantic segmentation mask 

through a 1×1 convolutional layer projecting to the target number of classes.  

2.7. Overview of Modified SegFormer 

In addition to the U-Net-based models, we implemented a modified version of the transformer-

based SegFormer-B5 architecture adapted to the same segmentation framework. The SegFormer 
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backbone follows a hierarchical vision transformer design, which internally computes multiscale 

representations via attention across spatially partitioned windows. For our setup, it was used as a 

feature encoder that outputs a single high-level feature tensor. SegFormer-B5 was applied to the same 

patch-level inputs as the other models, 640×640 patches with a stride of 160, to ensure consistency 

across encoder variants. The encoder output, a high-dimensional tensor containing the final semantic 

features, was passed into a bottleneck block along with two auxiliary embeddings: a global context 

vector obtained from a ConvNeXt-Large model and a normalized positional embedding encoding 

the spatial coordinates of the patch. These embeddings were linearly projected and concatenated with 

the SegFormer output, as in the U-Net-based models, and processed through a convolutional 

bottleneck. In our implementation of SegFormer, skip connections were not used, as the intermediate 

feature maps from earlier encoder stages were not readily accessible through the existing model 

interface. Instead, only the final encoder output was forwarded to the decoder. The decoder was kept 

lightweight, consisting of two convolutional blocks separated by bilinear upsampling layers to 

restore the original spatial resolution. A visualization of the modified SegFormer pipeline is provided 

in Figure 4. The figure illustrates the overall data flow, including the input patch, SegFormer model, 

embedding fusion at the bottleneck, decoding blocks, and the final segmentation mask. 

 

Figure 4. Modified SegFormer architecture with patch and embedding integration. The input patch passes 

through a SegFormer model. Encoder output is concatenated with the Global Embedding (ConvNeXt-Large) 

and the Positional Embedding before the Bottleneck. Decoder blocks use interpolation + convolution, and a final 

Conv2D layer outputs the segmentation mask. 
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2.8. Post-Processing via Superpixels 

To enhance the spatial consistency of predicted masks and correct irregular object boundaries, 

we applied a superpixel-based post-processing strategy using the Felzenszwalb-Huttenlocher graph 

segmentation algorithm. This method operates by interpreting the image as a graph, where each pixel 

corresponds to a node, and edges connect neighboring pixels with weights determined by color 

intensity differences. The algorithm proceeds by greedily merging regions based on two criteria: the 

internal variation within a region and the minimum dissimilarity to neighboring regions. Merging 

stops when the inter-region dissimilarity exceeds the region’s internal variation by a threshold that 

depends on a tunable scale parameter. This approach encourages the formation of visually coherent 

regions that align well with true object boundaries, making it suitable for enforcing structure-aware 

smoothing in segmentation maps. 

We configured the algorithm with the following parameters: 

• Scale = 300 - This parameter directly influences the merging threshold. Larger values favor fewer 

and larger superpixels, resulting in coarser segmentation that merges finer details into broader 

regions. Lower values lead to finer segmentation, preserving small structures but potentially 

introducing noise. 

• Sigma = 0.9 - This controls the degree of Gaussian smoothing applied to the image before graph 

construction. Smoothing helps reduce image noise, which otherwise may create spurious 

boundaries.  

• min_size = 50 - This sets the minimum allowable size for any region (in pixels). After initial 

segmentation, regions smaller than this threshold are merged with neighboring regions, 

ensuring structural stability and preventing fragmentation into excessively small superpixels. 

To illustrate the behavior of the Felzenszwalb superpixel algorithm on images of damaged 

buildings, we provide a visual example in Figure 5. The superpixel boundaries, computed using the 

parameters scale = 300. sigma = 0.9, and min_size = 50, are overlaid on the original image. The figure 

demonstrates how the algorithm partitions the scene into compact, visually coherent regions that 

align with structural boundaries such as windows, wall damage, and roof edges. This region-level 

representation supports more stable and spatially consistent refinement of segmentation masks. 

 

Figure 5. Output of Felzenszwalb segmentation (scale = 300, sigma = 0.9, min_size = 50) on a damaged building 

image. Yellow contours mark regions grouped by local color and texture similarity. 

Once superpixels were extracted, we applied majority voting within each region: for each 

superpixel, the most frequent class label from the initial segmentation map was computed. If the 

dominant class covered at least 45% of the superpixel area, the entire region was reassigned to this 

class. 
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2.9. Loss Function 

All models in this study were trained using a composite loss function defined as a weighted sum 

of three components: pixel-wise cross-entropy loss (CE), intersection-over-union loss (IoU), and Dice 

loss. Each component contributes to addressing different aspects of the semantic segmentation task. 

The cross-entropy loss evaluates classification accuracy at the pixel level. It penalizes incorrect 

predictions independently for each pixel and is computed as the negative log-probability of the true 

class. While CE ensures global classification correctness, it does not account for spatial consistency or 

class imbalance. In particular, it tends to underperform for underrepresented classes. 

The IoU loss measures the ratio between the intersection and the union of the predicted and 

ground truth masks for each class. This region-based loss function promotes better shape alignment 

between predicted and target masks, improving the spatial precision of segmentation boundaries. 

However, IoU loss is less stable during early training stages, where predicted regions may have 

negligible or no overlap with the ground truth. 

The Dice loss complements both CE and IoU by computing a similarity coefficient between 

predicted and true masks. It is particularly effective for small or rare classes, as it directly optimizes 

for the overlap irrespective of class frequency. However, its sensitivity to noise and potential 

overemphasis on small regions can impact boundary accuracy if used in isolation. 

To balance the influence of these losses, weighted coefficients were assigned: 0.3 for CE, 0.35 for 

IoU, and 0.35 for Dice. The total loss function is defined as: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 0.3 ⋅ 𝐿𝐶𝐸 +  0.35 ⋅ 𝐿𝐼𝑜𝑈 +  0.35 ⋅ 𝐿𝐷𝑖𝑐𝑒  (1) 

Given the class imbalance in the dataset, per-class weights were applied to the CE, IoU, and Dice 

terms. The weights were empirically set as follows to counteract the skewed distribution: 

Table 4. Per-class weights used in the composite loss function for both 6-class and 3-class segmentation tasks. 

Dataset 

type 
Other Building Damage 

Broken 

Window 

Damaged 

Roof 
Roof 

6 classes 0.3 1.0 1.5 3.0 2.8 2.5 

3 classes 0.3 1.3 2.0 - - - 

3. Results 

3.1. Evaluation Metrics 

To evaluate the performance of each segmentation model, we computed a set of standard metrics 

across all segmentation classes as well as their mean values. The evaluation was conducted on the 

validation set, using pixel-wise comparisons between predicted segmentation maps and ground 

truth masks. The following metrics were used: 

• Pixel Accuracy (PA) measures the proportion of correctly predicted pixels across the entire 

image: 

𝑃𝑖𝑥𝑒𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑝𝑖𝑥𝑒𝑙𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠
 (2) 

This metric provides a general measure of prediction correctness but may be biased toward 

dominant classes in class-imbalanced datasets. 

• Intersection over Union (IoU) computes the overlap between the predicted and ground truth 

regions for each class: 

𝐼𝑜𝑈𝑐 =
 |𝑃𝑐  ∩  𝐺𝑐|

|𝑃𝑐  ∪  𝐺𝑐|
 (3) 
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Where Pc is the set of predicted pixels for class c, and Gc is the set of ground truth pixels for class c. 

IoU is effective at measuring segmentation quality, especially around object boundaries. 

● Dice Coefficient (Dice) is a similarity measure that gives more weight to the intersection than 

IoU: 

 𝐷𝑖𝑐𝑒𝑐 =
2 ⋅ |𝑃𝑐  ∩  𝐺𝑐|

|𝑃𝑐|  +  |𝐺𝑐|
 (4) 

It is particularly useful for measuring performance on small or underrepresented classes due to 

its sensitivity to class imbalance. 

• Precision, Recall, and F1-score are defined per class and rely on the following counts: 

o True Positive (TP): Pixels correctly predicted as class c; 

o False Positive (FP): Pixels incorrectly predicted as class c; 

o False Negative (FN): Ground truth pixels of class c predicted as another class; 

o True Negative (TN): All other pixels correctly predicted as not belonging to class c. 

Precision measures how many of the pixels predicted as a given class are actually correct. It 

reflects the model's ability to avoid false positives. High precision means fewer irrelevant pixels were 

misclassified as the target class. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑐 =
𝑇𝑃𝑐

𝑇𝑃𝑐  +  𝐹𝑃𝑐

 (5) 

Recall measures how many of the actual pixels of a class were correctly identified by the model. 

It indicates how well the model recovers all true instances of a class. Low recall suggests many true 

pixels were missed. 

𝑅𝑒𝑐𝑎𝑙𝑙𝑐 =
𝑇𝑃𝑐

𝑇𝑃𝑐  +  𝐹𝑁𝑐

 (6) 

F1-score is the harmonic mean of precision and recall. It balances the trade-off between precision 

and recall. F1 is beneficial when a class is imbalanced or when both false positives and false negatives 

are critical, which is the case in our task. 

𝐹1𝑐 =
2 ⋅  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑐  ⋅  𝑅𝑒𝑐𝑎𝑙𝑙𝑐

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑐  +  𝑅𝑒𝑐𝑎𝑙𝑙𝑐

 (7) 

3.2. Environment Setup 

All experiments were conducted using the Google Colab cloud environment with an Intel(R) 

Xeon(R) CPU @ 2.20 GHz (1 core, 1 thread), a Tesla T4 GPU (15,360 MB VRAM), and 12 GB of system 

RAM, running Ubuntu 22.04.4 LTS. The software stack included Python 3.11.13, PyTorch 2.6.0 with 

CUDA 12.4, and the CUDA compiler toolkit version 12.5. Training was performed under a daily time 

constraint of 4 GPU-hours per session. Mixed-precision training was enabled using torch.cuda.amp 

to reduce memory consumption and improve computational efficiency. The optimizer for all models 

was AdamW with architecture-specific hyperparameters. Batch sizes varied depending on the 

memory usage of the analyzed architectures: ResNet-50 (96), YOLO-11x-seg (28), SwinV2-L (4), 

ConvNeXt-L (4), DINOv2 (4), and SegFormer-B5 (3). Initial learning rates and weight decay values 

were also set per mode, which is shown in Table 5: 

Table 5. Learning rates and weight decays for each model. 

Model Learning Rate Weight Decay 

ResNet 3e-4 1e-2 

YOLO 1e-4 1e-2 

Swin 3e-5 1e-3 

ConvNeXT 8e-6 1e-3 
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DINOv2 2e-5 1e-3 

SegFormer 2e-5 1e-3 

Learning rates were adjusted during training using the ReduceLROnPlateau scheduler, 

configured with a patience of 2 epochs and a decay factor of 0.4. Details on the composite loss 

function, including weighting coefficients and per-class weighting strategy for addressing class 

imbalance, are provided in Section 2.9. 

3.3. Model Complexity and Inference Time 

Table 6 summarizes the number of parameters across different model components, while Table 

7 reports the average inference time on the test set (44 images of varying size, batch size 1). All 

experiments were run under the same hardware and software setup described in Section 3.2. The 

parameter distribution highlights large differences in architectural complexity. DINOv2 has by far 

the largest encoder (266.5M parameters) and decoder (35.1M), reaching a total of 315.3M trainable 

parameters. SwinV2 and ConvNeXt follow closely with ~220M each, dominated by their encoders, 

while SegFormer is considerably lighter at 87.7M. ResNet50 (70.6M) and YOLO (30.9M) are the 

smallest. The role of frozen parameters is minimal, with only SwinV2 and SegFormer including small 

frozen encoder blocks. Interestingly, although SwinV2 and ConvNeXt have almost identical 

parameter counts, ConvNeXt achieved much faster inference time. 

Inference speed reflects these complexity differences but also reveals the overhead of superpixel 

postprocessing. Without superpixels, ConvNeXt, ResNet50, and YOLO are the fastest (around 4-4.5s 

per image), while SwinV2 and DINOv2 are the slowest (over 7s). Adding superpixels nearly doubles 

runtime across all models, raising ResNet50 from 4.41s to 9.55s and DINOv2 from 7.02s to 11.98s. 

Despite architectural differences, the relative slowdown caused by superpixels was consistent across 

all models. 

Table 6. Parameter counts (in millions) for each model, showing encoder, frozen encoder, decoder, and 

bottleneck contributions, as well as the total number of trainable parameters. 

Model Encoder  
Freezed 

Encoder 
Decoder  Bottleneck  Total  

ResNet50 23.5 0 12.5 34.6 70.6 

SwinV2 195.1 0.91 7 19.7 220.89 

ConvNeXt 196.2 0 7 19.7 222.9 

SegFormer 84.7 2.9 0.67 5.2 87.67 

YOLO 19.1 0 4.3 7.5 30.9 

DINOv2 266.5 0 35.1 13.7 315.3 

Table 7. Average inference time per image (in seconds) for each model, measured with and without superpixel 

postprocessing. 

Model Without superpixels With superpixels 

ResNet50 4.41 9.55 

SwinV2 7.27 11.25 

ConvNeXt 4.05 9.64 

SegFormer 4.89 9.61 

YOLO 4.32 8.82 

DINOv2 7.02 11.98 

3.4. Architecture's Performance Comparison  

A total of 48 models were evaluated across two segmentation tasks: 24 models evaluated on a 

dataset with 3 target classes and 24 on a dataset with 6 target classes. 
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Each model architecture was tested in four variations: 

1. Baseline model without embeddings or superpixel postprocessing; 

2. With auxiliary embeddings in the bottleneck (-Emb); 

3. With postprocessing using Felzenszwalb superpixels (-Sup); 

4. With both embeddings and superpixels (-SupEmb). 

The evaluated backbones included ResNet-50. ConvNeXt-Large, SwinV2-Large, YOLO 11x-seg, 

DINOv2, and SegFormer-B5. Performance was assessed using two metrics: Intersection over Union 

(IoU) and F1-score, each computed per class and averaged across all classes. 

3.4.1. 3-Class Models Performance 

The evaluation results for the 3-class segmentation models are summarized in two tables. Table 

8 presents the F1-scores for each class along with the mean F1-score across classes. Intersection over 

Union (IoU) scores per class and their mean values are presented in Table A1 in the appendix. Below 

is a detailed analysis of the results across all model variants. 

ResNet. Among the ResNet-based models, the ResNet-Emb configuration achieved the highest 

performance with a mean F1-score of 0.8982 and a mean IoU of 0.7743. Compared to the base ResNet 

model (0.8454 F1, 0.6962 IoU), this corresponds to a gain of +5.3 pp(percentage points) in F1 and +7.8 

pp in IoU. The improvement was consistent across all classes, with the largest F1 increase observed 

in the “Damage” class: from 0.7704 to 0.8492. The ResNet-SupEmb variant also showed strong results 

(0.88 F1, 0.7459 IoU) but was slightly behind ResNet-Emb. Overall, ResNet-Emb was the top-

performing model across all evaluated architectures. 

SwinV2. The SwinV2-Emb model achieved the highest mean F1-score for this encoder (0.8093), 

confirming that embeddings provided the main source of improvement. In IoU, the embedding-

augmented model also performed best, with 0.6537 compared to 0.6286 for the baseline, a gain of +2.5 

pp. In contrast, the use of superpixels slightly reduced performance: both the base and embedding-

augmented superpixel variants scored lower than their non-superpixel counterparts in F1 (drops of 

-0.7 and -1.0 pp) and IoU (-1.1 and -1.7 pp, respectively). 

Table 8. F1-scores for 3-class segmentation models across the categories: Other, Building, and Damage. 

Model Other Building Damage Mean 

ResNet 0.9489 0.8168 0.7704 0.8454 

ResNet-Emb 0.9732 0.8721 0.8492 0.8982 

ResNet-Sup 0.9437 0.8005 0.7464 0.8302 

ResNet-SupEmb 0.9677 0.853 0.8192 0.88 

SwinV2 0,9317 0,7261 0,6929 0,7836 

SwinV2-Emb 0,9451 0,7663 0,7166 0,8093 

SwinV2-Sup 0.9308 0.7156 0.6838 0.7768 

SwinV2-SupEmb 0.9434 0.7585 0.6961 0.7993 

ConvNeXt 0.9365 0.7828 0.7225 0.8139 

ConvNeXt-Emb 0.9472 0.7968 0.7336 0.8258 

ConvNeXt-Sup 0.9399 0.7444 0.6717 0.7853 

ConvNeXt-SupEmb 0.9557 0.78 0.6949 0.8102 

SegFormer 0.9257 0.7753 0.6892 0.7967 

SegFormer-Emb 0.9312 0.7776 0.6759 0.7949 

SegFormer-Sup 0.9381 0.7612 0.6424 0.7805 

SegFormer-SupEmb 0.936 0.7592 0.6364 0.7772 

YOLO11-seg 0.9216 0.7335 0.6671 0.7741 

YOLO11-seg-Emb 0.9487 0.7592 0.7132 0.807 

YOLO11-seg-Sup 0.9242 0.7338 0.6571 0.7717 

YOLO11-seg-SupEmb 0.9489 0.7545 0.6938 0.7991 

DINOv2 0.9625 0.8237 0.7821 0.8561 
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DINOv2-Emb 0.9593 0.8324 0.7855 0.859 

DINOv2-Sup 0.9636 0.8031 0.7348 0.8339 

DINOv2-SupEmb 0.9595 0.8016 0.7292 0.8301 

ConvNeXt. The ConvNeXt-Emb variant achieved the best results in this group with a mean F1 

of 0.8258 and a mean IoU of 0.6619, outperforming the base model (0.8139 F1, 0.6427 IoU). The relative 

gains were modest (+1.2 pp in F1, +1.9 pp in IoU), but consistent across all classes. Notably, the F1-

score for the “Damage” class increased from 0.7225 to 0.7336. The SupEmb model showed similar F1 

but slightly lower IoU (0.8102 F1, 0.667 IoU). Superpixel postprocessing had a minor or no positive 

effect in this setup. 

SegFormer. The best-performing SegFormer model was the base configuration without 

embeddings or superpixels (0.7967 F1, 0.6248 IoU). Adding embeddings led to a slight performance 

drop (0.7949 F1, 0.6248 IoU), while incorporating superpixel postprocessing consistently decreased 

both F1 and IoU across configurations. The SegFormer-SupEmb model showed the lowest 

performance (0.7772 F1, 0.6307 IoU). All variants struggled most with the "Damage" class, where the 

F1-score remained below 0.69 and the IoU below 0.47. Overall, the inclusion of embeddings and 

superpixels did not provide notable improvements and slightly reduced model consistency. 

YOLO. The best results were obtained using the YOLO11-seg-Emb configuration with 0.807 F1 

and 0.6565 IoU. Compared to the base model (0.7741 F1, 0.6171 IoU), this yields an improvement of 

+3.3 pp in F1 and +3.9 pp in IoU. The largest per-class improvement was seen in the “Damage” class: 

F1 improved from 0.6671 to 0.7132, and IoU from 0.4768 to 0.5211. The Sup and SupEmb models did 

not outperform the embedding-only variant, confirming a consistent benefit from embeddings. 

DINOv2. DINOv2 performed best in the DINOv2-Emb variant, with a mean F1 of 0.8590 and a 

mean IoU of 0.7085, slightly ahead of the base model (0.8561 F1, 0.7027 IoU). The difference was minor 

(+0.3 pp F1, +0.6 pp IoU). While the Sup and SupEmb variants underperformed, the embedding-based 

variant maintained a similar performance level. Across all variants, the “Other” class remained 

consistently high-performing (above 0.95 F1), while the “Damage” class showed only moderate 

improvements. 

Across the six architectures, the best-performing configurations were ResNet-Emb, SwinV2-

SupEmb, ConvNeXt-Emb, SegFormer, YOLO11-seg-Emb, and DINOv2-Emb. The overall top model 

was ResNet-Emb, achieving the highest mean F1 (0.8982) and IoU (0.7743), while the lowest scores 

were observed for the base SwinV2 model (0.5305 IoU, 0.7753 F1). The most substantial performance 

boost from embeddings was seen in the ResNet model (+5.3 pp F1, +7.8 pp IoU), followed by YOLO11-

seg. Conversely, superpixels were most beneficial for SwinV2, where the SupEmb variant 

outperformed the base model by 11.5 pp in IoU and 2.4 pp in F1. For other models, superpixels 

provided a negligible or negative impact. The SegFormer architecture was an exception: both 

embeddings and superpixel postprocessing led to slight performance degradation, with the base 

model achieving the highest scores within its group. 

3.4.2. 6-class Models Performance 

The evaluation results for the 6-class segmentation models are summarized in Table 9 for the F1-

score and Table A2 (Appendix) for IoU. This task is more challenging than the 3-class setup due to 

the increased number of semantic classes, which introduces greater class imbalance and visual 

ambiguity. As with the 3-class models, each architecture was evaluated in four configurations: base, 

-Emb, -Sup, and -SupEmb. The analysis below outlines the performance of each model. 

ResNet. The best performance among the ResNet variants was achieved by ResNet-Emb, which 

reached a mean F1-score of 0.6432 and a mean IoU of 0.3841. This represents a clear improvement 

over the baseline ResNet model (0.5864 F1, 0.3475 IoU), corresponding to relative gains of +5.7 

percentage points (pp) in F1-score and +3.7 pp in IoU. The most significant improvements were 

observed for the “Damaged Roof” class, where the F1-score increased by +19.4 pp and IoU by +10 pp. 

Notable gains were also seen in the “Damage” class (+7.4 pp F1, +4.2 pp IoU). In contrast, the 
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superpixel-based configurations did not yield consistent improvements and, in some cases, slightly 

reduced performance. 

SwinV2. The top-performing SwinV2 variants were SwinV2-Emb and SwinV2-SupEmb, which 

achieved nearly identical results in terms of mean F1-score (0.6764 and 0.6748, respectively) and mean 

IoU (0.4133 and 0.4167, respectively). Compared to the baseline model (0.6387 F1, 0.387 IoU), both 

configurations offered consistent gains across most classes, with embeddings contributing the 

majority of the improvements. The most notable enhancements were observed in the “Damaged 

Roof” class, where F1 increased by +8.0 pp and IoU by +8.2 pp for the embedding-only variant. The 

addition of superpixels led to a minor increase in IoU for classes such as “Roof” and “Damaged Roof” 

(e.g., +1.5 pp in “Roof”), but did not improve F1-scores and slightly degraded them in some cases. 

ConvNeXt. The highest performance among ConvNeXt-based models was achieved by the 

ConvNeXt-Emb configuration, with a mean F1-score of 0.6694 and a mean IoU of 0.4009. Compared 

to the baseline (0.6568 F1, 0.3919 IoU), this corresponds to a modest improvement of +1.3 pp in F1 

and +0.9 pp in IoU. The largest per-class improvements were observed in the “Broken Window” and 

“Damaged Roof” classes, where F1 increased by +4.6 pp and +3.9 pp, respectively. Interestingly, the 

superpixel-enhanced variants (ConvNeXt-Sup and SupEmb) did not lead to further improvements; 

their performance remained similar or slightly lower, particularly in IoU. For instance, ConvNeXt-

SupEmb achieved 0.6592 F1 and 0.3942 IoU, slightly below ConvNeXt-Emb. 

SegFormer. The SegFormer-Emb variant achieved the highest mean F1-score (0.6379), while the 

SegFormer-SupEmb model showed the highest mean IoU (0.3834), though differences between 

configurations were minor. Compared to the baseline SegFormer (0.6286 F1, 0.3782 IoU), SegFormer-

Emb resulted in an F1 improvement of +0.9 pp and an IoU gain of +0.35 pp. Notably, the embeddings 

significantly improved the “Roof” (F1: +7.3 pp) and “Damaged Roof” (F1: +6.5 pp) classes. However, 

this came at the cost of a substantial decrease in “Damage” class performance (−6.5 pp F1), 

highlighting the inconsistent impact of embeddings across classes. The addition of superpixels did 

not yield systematic improvements and, similar to embeddings, produced mixed results with small 

class-specific variations. 

YOLO. Among the YOLO11-seg variants, the best mean F1-score (0.6352) was achieved by the 

YOLO11-seg-Emb model, while the highest mean IoU (0.3791) was obtained by the YOLO11-seg-

SupEmb configuration. Compared to the baseline YOLO11-seg model (0.6116 F1, 0.3725 IoU), this 

reflects an improvement of +2.4 pp in F1 and +0.66 pp in IoU for the -Emb variant, and +2.3 pp F1 and 

+0.7 pp IoU for the -SupEmb variant. These modest gains suggest that both embeddings and 

superpixels provided minor but consistent benefits. Notably, the most significant per-class 

improvements from embeddings were observed in the “Damaged Roof” class (+6.7 pp F1, +5.3 pp 

IoU) and “Roof” class (+7.2 pp F1, +0.8 pp IoU). In contrast, superpixel postprocessing showed 

inconsistent effects across classes, providing only small improvements or slightly degraded results 

in some cases. Overall, both enhancements contributed moderately to YOLO11-seg performance, 

with embeddings being slightly more effective in F1-score. 

DINOv2. The highest performance among all models in the 6-class setting was achieved by the 

DINOv2-Emb variant, with a mean F1-score of 0.7462 and a mean IoU of 0.4711. Compared to the 

baseline DINOv2 model (0.6991 F1, 0.4246 IoU), this represents a substantial improvement of +4.7 pp 

in F1 and +4.7 pp in IoU. The largest per-class gains were observed in the “Damage” class (F1: +18.9 

pp, IoU: +17.2 pp). Interestingly, the application of superpixels alone (DINOv2-Sup) offered minor 

gains over the base model, especially in the “Damaged Roof” class (+1.1 pp IoU), but overall had less 

impact than embeddings. 

In the 6-class setting, the highest overall performance was achieved by the DINOv2-Emb 

configuration, with a mean F1-score of 0.7462 and a mean IoU of 0.4711. The lowest scores were 

recorded for the baseline ResNet model (0.5864 F1; 0.3475 IoU). The largest relative improvements 

over the respective baselines were observed for DINOv2 with embeddings, which demonstrated 

gains of +4.7 percentage points (pp) in both F1 and IoU, and for ResNet with embeddings, which 

achieved increases of +7.4 pp in F1 and +4.2 pp in IoU. Moderate but consistent gains were recorded 
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for SwinV2-Emb, YOLO11-seg-Emb, and ResNet-Emb, while ConvNeXt-Emb and SegFormer-Emb 

showed smaller relative improvements. Across all architectures, the weakest results were 

consistently observed for the Roof class, where IoU values in the best configurations rarely exceeded 

0.14, and for other categories such as Broken Window and Damaged Roof, which also showed low 

class-specific IoUs. 

The transition from the 3-class to the 6-class setting substantially increased task difficulty due to 

the introduction of additional semantic categories that were previously merged into broader 

“Building” and “Damage” labels. These newly separated classes, such as Roof, Damaged Roof, and 

Broken Window, are underrepresented in the dataset and exhibit greater visual variability, which 

contributed to lower per-class IoUs. In the 3-class setup, the ResNet-Emb model achieved the highest 

overall performance (mean F1 = 0.8982; IoU = 0.7743), with DINOv2-Emb ranking second (F1 = 0.8590; 

IoU = 0.7085). After moving to the 6-class configuration, DINOv2-Emb became the top-performing 

model (F1 = 0.7462; IoU = 0.4711), while ResNet-Emb dropped to fourth place despite maintaining a 

considerable lead over its baseline variant. The baseline ResNet, which in the 3-class task was 

competitive with DINOv2, recorded the lowest mean performance among all evaluated models in 

the 6-class task (F1 = 0.5864; IoU = 0.3475). Category-wise, the “Other” class retained stable results 

across both tasks, with F1-scores above 0.93 in the best models, while the “Building” class 

experienced a moderate decline, partly due to the separation of its roof regions into a distinct low-

performing class. Overall, mean metrics for the best 3-class model exceeded those of the best 6-class 

model by 15.2 pp in F1 and 30.3 pp in IoU. 

Table 9. F1-scores for 6-class segmentation models across the categories: Other, Building, Damage Broken 

Window, Damaged Roof, and Roof. 

Model Other Building Damage 
Broken 

Window 

Damaged 

Roof 
Roof Mean 

ResNet 0.9108 0.6897 0.5788 0.5315 0.3605 0.4472 0.5864 

ResNet-Emb 0.9415 0.7168 0.6527 0.5192 0.5546 0.4744 0.6432 

ResNet-Sup 0.9137 0.6866 0.582 0.5178 0.3608 0.4775 0.5897 

ResNet-

SupEmb 

0.9412 0.7057 0.6439 0.5154 0.5431 0.4304 0.6299 

SwinV2 0.9313 0.7426 0.6477 0.5574 0.5131 0.4401 0.6387 

SwinV2-Emb 0.9499 0.7537 0.6512 0.5516 0.6006 0.5512 0.6764 

SwinV2-Sup 0.9327 0.7377 0.629 0.5472 0.5163 0.4404 0.6339 

SwinV2-

SupEmb 

0.9503 0.7502 0.6328 0.541 0.6077 0.567 0.6748 

ConvNeXt 0.9498 0.7467 0.628 0.496 0.5388 0.5814 0.6568 

ConvNeXt-Emb 0.9448 0.7475 0.6219 0.5417 0.5781 0.5826 0.6694 

ConvNeXt-Sup 0.9457 0.7328 0.6151 0.4819 0.5475 0.5945 0.6529 

ConvNeXt-

SupEmb 

0.943 0.7427 0.6022 0.5271 0.5629 0.5775 0.6592 

SegFormer 0.9342 0.7633 0.5713 0.525 0.4587 0.5189 0.6286 

SegFormer-

Emb 

0.9355 0.7535 0.5061 0.5162 0.5239 0.592 0.6379 

SegFormer-Sup 0.9335 0.7623 0.5625 0.5123 0.4611 0.5197 0.6252 

SegFormer-

SupEmb 
0.9357 0.7504 0.501 0.4999 0.515 0.5785 0.6301 

YOLO11-seg 0.9194 0.7262 0.5978 0.5236 0.4669 0.4359 0.6116 

YOLO11-seg-

Emb 

0.9302 0.7039 0.6196 0.5161 0.534 0.5076 0.6352 

YOLO11-seg-

Sup 

0.9226 0.7249 0.6014 0.5128 0.4646 0.478 0.6174 
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YOLO11-seg-

SupEmb 
0.9316 0.699 0.6116 0.5038 0.5447 0.5146 0.6342 

DINOv2 0.943 0.7985 0.5214 0.576 0.6647 0.6913 0.6991 

DINOv2-Emb 0.9678 0.8057 0.7105 0.6063 0.703 0.684 0.7462 

DINOv2-Sup 0.9451 0.7911 0.5539 0.5469 0.6606 0.6916 0.6982 

DINOv2-

SupEmb 

0.9611 0.7859 0.6831 0.5723 0.6784 0.6685 0.7249 

3.5. Embeddings Influence 

This section evaluates the impact of auxiliary embeddings on model performance across both 3-

class and 6-class segmentation tasks. The analysis compares each baseline model with its embedding-

augmented (-Emb) counterpart, quantifying changes in F1-score and IoU for each class. For clarity, 

the differences are summarised in per-class difference tables for each architecture, presented 

separately for the 3-class and 6-class setups. 

3.5.1. 3-Class Models 

In the 3-class segmentation task, the effect of adding embeddings was evaluated for each model 

by calculating per-class differences in F1-score and IoU between the baseline and the corresponding 

“-Emb” variant. These changes are summarised in Table 10 for F1-scores and in Table A3 (Appendix) 

for IoU. The largest mean F1-score gain was observed for ResNet (+5.28 pp), driven mainly by the 

Damage class (+7.88 pp) and Building class (+5.53 pp). YOLO11-seg also showed notable 

improvements (+3.29 pp mean), with balanced gains across all classes, while SwinV2 achieved a 

moderate mean increase of +2.57 pp. ConvNeXt recorded smaller yet consistent gains (+1.19 pp). In 

contrast, SegFormer slightly decreased in mean F1-score (-0.18 pp), due to a drop in the Damage class 

(-1.33 pp). DINOv2 showed a negligible change (+0.29 pp mean) with minor declines for the Other 

class (-0.32 pp).  

The IoU results mirrored most of these patterns. ResNet again showed the highest mean 

improvement (+7.81 pp), with the largest gain in Damage (+10.35 pp). YOLO11-seg followed (+3.94 

pp mean), supported by strong gains in Other and Damage classes. ConvNeXt (+1.92 pp) and SwinV2 

(+2.51 pp) achieved moderate gains. SegFormer recorded no net IoU change due to declines in 

Building and Damage classes. DINOv2 showed a small positive shift (+0.58 pp mean), but a decrease 

for the Other class (-0.70 pp). Overall, embeddings consistently boosted ResNet, YOLO11-seg, 

SwinV2, and ConvNeXt performance in both metrics, while SegFormer experienced localized 

negative effects, and DINOv2 showed only marginal improvements. The Damage class, although the 

hardest and least represented in the dataset, showed strong improvement in both F1-score and IoU 

for ResNet, YOLO11-seg, and SwinV2 after adding embeddings. 

Table 10. F1-score improvements from embeddings in 3-class segmentation models. 

Model Other Building Damage Mean 

ResNet 0.0243 0.0553 0.0788 0.0528 

SwinV2 0,0134 0,0402 0,0237 0,0257 

ConvNeXt 0.0107 0.014 0.0111 0.0119 

SegFormer 0.0055 0.0023 -0.0133 -0.0018 

YOLO11-seg 0.0271 0.0257 0.0461 0.0329 

DINOv2 -0.0032 0.0087 0.0034 0.0029 

3.5.2. 6-Class Models 

In the 6-class segmentation task, adding embeddings produced varied effects across models, 

with results summarised in Table 11 for F1-scores and Table A4 (Appendix) for IoU. ResNet achieved 

the highest mean F1-score improvement (+5.68 pp), strongly influenced by large boosts in the 
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Damaged Roof (+19.41 pp) and Damage (+7.39 pp) classes. SwinV2 followed with a +3.77 pp mean 

gain, driven by Damaged Roof (+8.75 pp) and Roof (+11.11 pp) increases. DINOv2 also recorded a 

substantial mean improvement (+4.71 pp), mainly from a +18.91 pp boost in the Damage class. 

ConvNeXt and YOLO11-seg achieved moderate mean F1-score gains (+1.26 pp and +2.36 pp), with 

ConvNeXt’s largest boost in Broken Window (+4.57 pp) and YOLO11-seg in Roof (+7.17 pp) and 

Damaged Roof (+6.71 pp). SegFormer showed a small overall increase (+0.93 pp) but with a sharp 

decline in the Damage class (-6.52 pp).  

For IoU, DINOv2 had the largest mean gain (+4.65 pp), again driven by Damage (+17.21 pp). 

ResNet followed (+3.66 pp mean) with a strong Damaged Roof gain (+9.99 pp) and balanced 

improvements in Damage (+4.24 pp) and Building (+2.43 pp). SwinV2 achieved a +2.63 pp mean gain, 

mainly from Damaged Roof (+8.24 pp). ConvNeXt (+0.90 pp) and SegFormer (+0.35 pp) recorded 

smaller mean increases, while YOLO11-seg showed only a slight improvement (+0.33 pp). The Roof 

and Damaged Roof classes showed the largest gains from embeddings across most models, with 

Damaged Roof often being the main driver of mean improvement. DINOv2 showed an especially 

large improvement for the Damage class, with a gain far above what was seen for most other classes. 

ResNet and SwinV2 also recorded strong improvements for the most difficult classes, while YOLO11-

seg showed smaller yet consistent gains. SegFormer continued to underperform on Damage but 

delivered moderate benefits for the Damaged Roof. Overall, ResNet, SwinV2, and DINOv2 exhibited 

the most consistent positive effects from embeddings in the 6-class configuration. 

Table 11. F1-score improvements from embeddings in 6-class segmentation models. 

Model Other Building Damage 
Broken 

Window 

Damaged 

Roof 
Roof Mean 

ResNet 0.0307 0.0271 0.0739 -0.0123 0.1941 0.0272 0.0568 

SwinV2 0.0186 0.0111 0.0035 -0.0058 0.0875 0.1111 0.0377 

ConvNeXt -0.005 0.0008 -0.0061 0.0457 0.0393 0.0012 0.0126 

SegFormer 0.0013 -0.0098 -0.0652 -0.0088 0.0652 0.0731 0.0093 

YOLO11-

seg 
0.0108 -0.0223 0.0218 -0.0075 0.0671 0.0717 0.0236 

DINOv2 0.0248 0.0072 0.1891 0.0303 0.0383 -0.0073 0.0471 

Between the 3-class and 6-class segmentation tasks, embeddings generally had a relatively 

greater positive influence in the more complex 6-class setup for certain architectures, especially in 

boosting performance for underrepresented or visually diverse categories such as Damaged Roof and 

Roof. In both settings, ResNet consistently achieved the highest mean gains in F1 and IoU, with 

YOLO11-seg and SwinV2 also showing stable improvements. ConvNeXt delivered moderate but 

consistent benefits, while SegFormer often had neutral or negative changes, and DINOv2 alternated 

between small gains and substantial boosts for specific classes. The patterns of change in F1 and IoU 

were broadly aligned across both tasks, with models showing large F1 improvements typically also 

achieving proportional IoU gains. However, the magnitude of benefits in the 6-class case suggests 

that embeddings were particularly effective when the task required finer class distinctions. 

3.6. Superpixels Influence 

This section measures the effect of Felzenszwalb superpixel post-processing on segmentation 

accuracy. For each architecture, we compare the baseline model with its -Sup variant and the -Emb 

model with its -SupEmb counterpart. We report per-class changes in F1-score and IoU, computed for 

both the 3-class and 6-class tasks. For clarity, the results are presented as difference tables for each 

setup, allowing a direct view of where superpixels help or hurt across classes. 

3.6.1. 3-Class Models 
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Table 12 presents the per-class F1-score changes for the 3-class task, while Table A5 in the 

appendix reports the corresponding IoU changes. Across all models, the introduction of superpixels 

generally had little positive influence and more often led to performance declines. Both F1 and IoU 

saw small or moderate drops for most classes, with the Damage category being the most negatively 

affected. While occasional gains were observed in isolated cases, such as marginal increases in IoU 

for certain models, larger decreases in other classes outweighed these. Importantly, this trend was 

consistent across both baseline and embedding-augmented variants, though the magnitude of 

changes varied. In many instances, embedding-augmented models exhibited slightly stronger F1 

declines, suggesting that the added complexity from embeddings may not interact well with 

superpixel segmentation. Overall, superpixels did not provide systematic benefits in the 3-class 

setting, and their influence remained limited compared to other design choices. 

Table 12. F1-score changes from superpixels in 3-class segmentation models, with the highest per-model 

improvement values highlighted in bold and the largest declines underlined. 

Model Other Building Damage Mean 

ResNet-Sup -0.0052 -0.0163 -0.0240 -0.0152 

ResNet-SupEmb -0.0055 -0.0191 -0.0300 -0.0182 

SwinV2-Sup -0,0009 -0,0105 -0,0091 -0,0068 

SwinV2-SupEmb -0,0017 -0,0078 -0,0205 -0,01 

ConvNeXt-Sup 0.0034 -0.0384 -0.0508 -0.0286 

ConvNeXt-SupEmb 0.0085 -0.0168 -0.0387 -0.0156 

SegFormer-Sup 0.0124 -0.0141 -0.0468 -0.0162 

SegFormer-SupEmb 0.0048 -0.0184 -0.0395 -0.0177 

YOLO11-seg-Sup 0.0026 0.0003 -0.0100 -0.0024 

YOLO11-seg-SupEmb 0.0002 -0.0047 -0.0194 -0.0079 

DINOv2-Sup 0.0011 -0.0206 -0.0473 -0.0222 

DINOv2-SupEmb 0.0002 -0.0308 -0.0563 -0.0289 

3.6.2. 6-Class Models 

Table 13 presents the per-class F1-score changes for the 6-class task, while Table A6 in the 

appendix reports the corresponding IoU changes. Across most architectures, superpixels had little 

positive influence on performance, and in most cases, consistent declines were observed. When 

improvements occurred, they were usually small, while declines, particularly for the Broken Window 

class, were more frequent and pronounced. Notably, the Damaged Roof and Roof classes showed the 

clearest gains: in several models, superpixels increased IoU for these categories, with occasional 

modest improvements in F1-score. In contrast, Broken Window experienced drops in both IoU and 

F1, but with slightly bigger magnitude than the gains seen for Damaged Roof. YOLO11-seg achieved 

the largest mean F1-score gain among all models and, notably, the largest improvement in F1 for a 

specific class: the Roof class, where it outperformed every other model-superpixel combination. In 

terms of IoU, YOLO11-seg also registered substantial improvements, with up to +1.56 pp in the Roof 

class and moderate increases in Damaged Roof. However, the model with the highest mean IoU gain 

overall was DINOv2 with superpixels, whose improvement exceeded YOLO’s mean IoU by only 0.02 

pp - a practically negligible margin. Interestingly, the largest IoU gain for any single class was 

achieved by SegFormer in its embedding-augmented superpixel variant, with +3.79 pp for Damaged 

Roof. DINOv2 also recorded positive IoU changes for Roof and Damaged Roof, but these were offset 

by larger declines, especially in its embedding-augmented variant, for the Broken Window class. For 

SwinV2, improvements were concentrated in Damaged Roof (up to +1.91 pp), while other categories, 

especially Broken Window, saw negligible or negative changes. For F1, both SwinV2 variants 

recorded mostly minor declines, suggesting that IoU gains were not consistently linked to 

classification accuracy. ConvNeXt and SegFormer generally experienced small but consistent 

negative changes in both metrics, with Broken Window and Damage classes being the most affected. 
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For ResNet, superpixels had minimal IoU effect but slightly reduced F1, particularly in the 

embedding-augmented model. Overall, base models more often retained or slightly improved IoU 

for Damaged Roof and Roof, while embedding-augmented variants were more prone to F1 and IoU 

declines, especially for Broken Window. This pattern suggests that the extra feature complexity 

introduced by embeddings may interact poorly with superpixel over-segmentation in classes that 

rely on fine-grained details, whereas classes with larger, contiguous regions (like roofs) may benefit 

more from the region-preserving properties of superpixels. 

Table 13. F1-score changes from superpixel post-processing in 6-class segmentation models, with the highest 

per-model improvement values highlighted in bold and the largest declines underlined. 

Model Other Building Damage 
Broken 

Window 

Damaged 

Roof 
Roof Mean 

ResNet-Sup 0.0029 -0.0031 0.0032 -0.0137 0.0003 0.0303 0.0033 

ResNet-SupEmb -0.0003 -0.0111 -0.0088 -0.0038 -0.0115 -0.044 -0.0133 

SwinV2-Sup 0.0014 -0.0049 -0.0187 -0.0102 0.0032 0.0003 -0.0048 

SwinV2-SupEmb 0.0004 -0.0035 -0.0184 -0.0106 0.0071 0.0158 -0.0016 

ConvNeXt-Sup -0.0041 -0.0139 -0.0129 -0.0141 0.0087 0.0131 -0.0039 

ConvNeXt-SupEmb -0.0018 -0.0048 -0.0197 -0.0146 -0.0152 -0.0051 -0.0102 

SegFormer-Sup -0.0007 -0.001 -0.0088 -0.0127 0.0024 0.0008 -0.0034 

SegFormer-SupEmb 0.0002 -0.0031 -0.0051 -0.0163 -0.0089 -0.0135 -0.0078 

YOLO11-seg-Sup 0.0032 -0.0013 0.0036 -0.0108 -0.0023 0.0421 0.0058 

YOLO11-seg-

SupEmb 
0.0014 -0.0049 -0.008 -0.0123 0.0107 0.007 -0.001 

DINOv2-Sup 0.0021 -0.0074 0.0325 -0.0291 -0.0041 0.0003 -0.0009 

DINOv2-SupEmb -0.0067 -0.0198 -0.0274 -0.034 -0.0246 -0.0155 -0.0213 

When comparing the 3-class and 6-class results, the influence of superpixels showed different 

patterns. In the 3-class task, changes were generally modest and not tied to a specific architecture: 

across models, superpixels tended to slightly reduce F1 and IoU, with occasional small class-level 

improvements but no standout gains. In the 6-class task, however, the effects became more class-

dependent. The most consistent improvements were seen for “Damaged Roof” and “Roof,” whereas 

“Broken Window” often declined in both F1 and IoU. YOLO11-seg-Sup achieved the largest mean F1 

increase and the highest single-class F1 boost (“Roof”), while DINOv2-Sup delivered the best mean 

IoU gain, only 0.02 pp higher than YOLO. The strongest single-class IoU improvement appeared in 

SegFormer-SupEmb for “Damaged Roof” (+3.79 pp). Thus, while the 3-class setting showed mostly 

neutral or negative effects distributed across models, the 6-class setting revealed that superpixels 

could provide targeted benefits in certain classes, though at the cost of declines elsewhere. 

3.7. Visual Evaluation of Embeddings and Superpixels   

In this section, we present several qualitative examples where the impact of embeddings and 

superpixels on model predictions is most evident. All images are taken from the test set. The 

visualizations highlight cases where improvements from embeddings or superpixels are clearly 

visible to the human eye. Figure 6 demonstrates the effect of embeddings on ResNet and DINOv2, 

while Figure 7 shows the influence of superpixels applied to DINOv2 with embeddings. 

Panel (a) of Figure 6 illustrates the effect of embeddings on ResNet for the 3-class setup. Even 

without embeddings, ResNet already achieved one of the strongest metrics, and this is visible in its 

segmentation output. However, the base model often attempted to segment surrounding background 

objects in addition to the target building, with mixed success. By contrast, embeddings helped the 

model focus more precisely on the main building, avoiding false background regions and improving 

the segmentation quality. 

Panel (b) of Figure 6 shows ResNet in the 6-class setup. In this harder task, the baseline ResNet 

produced the weakest results, which can be seen in its tendency to over-segment background regions 
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and produce noisy outputs. Similar to the 3-class case, embeddings improved the model’s focus on 

the main building and reduced background interference. Although the overall quality was only 

moderately better, embeddings still enhanced the clarity of the prediction compared to the base 

model. 

Panel (c) of Figure 6 presents the results for DINOv2 in the 6-class setting. The baseline DINOv2 

already delivered relatively strong segmentations, but it consistently struggled with the class 

Damage, often misclassifying damaged areas as class Other. Embeddings helped to resolve this 

weakness: the Damage class was segmented more accurately, and the overall consistency of the 

segmentation improved across other classes as well, though to a smaller degree. 

   

(a) (b) (с) 

Figure 6. Visual impact of embeddings on segmentation performance. Each row shows: first - original image, 

second - ground-truth segmentation mask, third - model prediction without embeddings, fourth - model 

prediction with embeddings. (a) Effect on ResNet in the 3-class setup. (b) Effect on ResNet in the 6-class setup. 

(c) Effect on DINOv2 in the 6-class setup. Color coding of classes: grey - Other, green - Building, purple - Damage, 

blue - Broken Window, orange - Roof, red - Damaged Roof. 

Figure 7 illustrates the effect of superpixels on DINOv2 with embeddings. In our experiments, 

superpixels generally refine object boundaries, aligning them more closely with the building 

contours. At the same time, they sometimes introduce new issues. For example, in some regions, 

background areas visually similar in color to the building can be absorbed into the building class, 

despite the original model correctly predicting the boundary. Small structures, such as windows, can 

also be occasionally merged into neighboring classes because the corresponding blobs are too small 

to be preserved during superpixel partitioning. This visual behavior aligns with the quantitative 

observation that superpixels strongly reduce accuracy primarily for the Broken Window class, while 

providing modest improvements for larger, more contiguous regions such as roofs. 
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Figure 7. Effect of superpixels on the DINOv2-Emb model in the 6-class setup. Top left - original image, bottom 

left - ground-truth segmentation mask, top right - DINOv2 with embeddings, bottom right - DINOv2 with 

embeddings and superpixels applied. Color coding of classes: grey - Other, green - Building, purple - Damage, 

blue - Broken Window, orange - Roof, red - Damaged Roof. 

3.8. Results Discussion 

In the 3-class task, ResNet with embeddings delivered the best overall performance. The relative 

simplicity of this scenario, with visually distinct and larger categories, allows a model with fewer 

parameters to generalize effectively on the limited dataset. ResNet, with a moderate parameter count, 

was less prone to overfitting compared to larger models like DINOv2. DINO, with its more complex 

architecture and much larger parameter space, appears to struggle with the smaller and easier 3-class 

setup, where the model’s capacity exceeded the complexity of the task. However, in the 6-class case, 

the situation shifted: the higher granularity of the categories, including visually and semantically 

similar damage-related classes, required greater representational power. Here, DINO’s larger 

capacity allowed it to outperform ResNet, which lacked sufficient parameters to capture the fine-

grained class differences and thus showed the weakest results among all models. 

Embeddings consistently improved segmentation quality across nearly all models and tasks. 

Their primary contribution was to help models focus on the main building while avoiding spurious 

segmentation of background structures. This effect was visible in the visual comparisons: baseline 

models often segmented adjacent objects (trees, roads, or fences), while embedding-augmented 

variants concentrated more effectively on the primary building. The mechanism behind this 

improvement likely comes from the joint use of positional and global embeddings. Positional 

embeddings helped the network associate central patches with higher likelihoods of containing 

building structures, while de-emphasizing peripheral regions. However, purely positional 

information could have caused systematic errors in cases where large buildings extended into the 

image borders. Here, global embeddings provided complementary context by encoding an overall 

representation of the image, ensuring that edge patches belonging to the building were not ignored. 

Together, these embeddings offered a richer representation that guided the network to correctly 

classify ambiguous patches, especially in scenarios involving visually similar classes. Additionally, 

embeddings introduced another source of information, effectively giving the model multi-scale and 

contextual cues beyond those encoded in the encoder itself. This allowed better delineation of 

building structures and improved accuracy, particularly for challenging classes like Damage and 

Damaged Roof. 
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Superpixels provided some visual refinements but were generally less beneficial in terms of 

metrics. Their boundary-preserving properties occasionally helped masks align more closely with 

true building contours, especially for large, contiguous classes such as Roof and Damaged Roof. 

These classes benefited because superpixels could exploit clear boundaries with background 

elements like sky, which often differ in color and texture. However, Felzenszwalb’s method, based 

on color similarity, also introduced systematic problems. Regions with similar textures or colors were 

sometimes merged incorrectly, leading to errors where background areas were fused into the 

building mask. Small structures such as Broken Windows were particularly harmed, as their fine-

grained regions were often eliminated or merged with larger neighboring areas. This explains why 

the Broken Window class consistently suffered the largest accuracy drops after superpixel 

application. Another key observation is that embedding-augmented models tended to be more 

negatively affected by superpixels. One possible explanation is that embeddings had already 

improved boundary alignment and class consistency, leaving little room for additional benefit from 

over-segmentation. The rigid partitioning introduced by superpixels may have conflicted with the 

contextual cues provided by embeddings, resulting in redundant or even contradictory refinements.  

In terms of computational efficiency, ResNet was the clear choice for the 3-class scenario, offering 

both strong accuracy and low inference time. It had one of the smallest parameter counts and 

delivered stable results, making it highly suitable for tasks where speed and efficiency are priorities. 

For the 6-class setup, DINO achieved the highest accuracy, though at the cost of a much larger size 

and slower inference times. Its performance justified the higher computational demand, but in 

resource-constrained applications, alternatives like ConvNeXt may be more practical. ConvNeXt 

offered nearly twice the inference speed of DINO with over 100 million fewer parameters, though 

with weaker segmentation quality. This highlights the trade-off between accuracy and efficiency: 

models like DINO are optimal when performance is the sole priority, while lighter models such as 

ConvNeXt may be preferable in time- or resource-sensitive deployments. 

4. Discussion 

4.1. Discussion 

This study addresses a significant gap in the field of building damage assessment by focusing 

on ground-level imagery analysis, an area that has received considerably less attention compared to 

the well-established satellite-based approaches. While satellite and aerial damage detection systems 

have been extensively developed and validated across multiple disaster scenarios, ground-level 

perspective analysis remains underexplored despite its potential to capture fine-grained structural 

details that are often invisible from overhead viewpoints. Our work contributes to filling this research 

gap by demonstrating that ground-level damage segmentation can achieve reliable performance 

when supported by appropriate methodological frameworks and sufficient training data. The 

introduction of our war-damage dataset represents a unique contribution to the field, as existing 

damage assessment datasets have primarily focused on natural disasters, particularly earthquakes, 

or addressed minor structural deterioration such as moisture damage, efflorescence, and weathering-

related issues. War-induced building damage presents distinct visual patterns and destruction types 

that differ substantially from earthquake or natural aging damage, requiring specialized approaches 

for accurate detection and classification. By providing the first annotated dataset specifically 

designed for pixel-wise segmentation of conflict-related building damage from ground-level 

imagery, this work establishes a foundation for future research in post-conflict damage assessment 

and urban resilience analysis. 

Our patch-based segmentation approach with dual embedding integration offers several 

methodological advantages that extend beyond the specific application domain. Rather than 

following the conventional practice of resizing input images to fixed dimensions, which inevitably 

leads to information loss and subsequent quality degradation during mask upsampling, the patch-

based strategy preserves original image resolution while enabling processing of arbitrarily sized 
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inputs. The integration of global and positional embeddings addresses the inherent limitation of 

patch-based methods, where individual patches lack broader spatial context. This combination 

creates a framework that maintains local detail precision while incorporating scene-level 

understanding, effectively bridging the gap between local and global feature representations. The 

consistent improvement observed across multiple encoder architectures when embeddings were 

applied demonstrates the robustness and generalizability of this approach. The fact that embedding 

integration provided performance gains across nearly all tested models and semantic classes, 

particularly in the more challenging six-class configuration, suggests that this methodology 

represents a reliable enhancement rather than an architecture-specific optimization. This consistency 

indicates that the patch-embedding framework could be effectively adapted to other semantic 

segmentation tasks beyond damage assessment, potentially serving as a general-purpose 

enhancement for scenarios where maintaining high-resolution detail is critical. Our comparative 

analysis of encoder architectures reveals important insights about the relationship between model 

complexity and task difficulty. The superior performance of lightweight models like ResNet-50 in the 

three-class scenario, compared to their relative underperformance in the six-class setting, illustrates 

that optimal architecture selection should consider semantic complexity rather than defaulting to the 

largest available model. This finding has practical implications for deployment scenarios where 

computational resources are constrained, suggesting that task-appropriate model scaling can achieve 

better efficiency-performance trade-offs than indiscriminate use of heavyweight architectures. 

From a practical deployment perspective, this work advances the feasibility of automated 

damage assessment systems in post-disaster and post-war environments. The ability to process 

ground-level imagery effectively complements existing aerial and satellite monitoring capabilities, 

potentially enabling more comprehensive and rapid damage evaluation workflows. Emergency 

response teams and urban planning authorities could leverage such systems to prioritize inspection 

efforts, allocate resources more effectively, and support evidence-based recovery planning. 

4.2. Limitations 

The proposed approach also has some conceptual limitations. First, all images in the dataset 

were collected from Ukrainian buildings, which may limit the generalization of the method when 

applied to completely different architectural styles common in other regions. Facades, materials, and 

construction layouts can differ substantially across countries, and these differences may reduce the 

transferability of the learned representations. Second, the dataset contains only damaged buildings, 

without examples of entirely undamaged structures. This imbalance may lead the model to implicitly 

assume that every image must contain at least some level of damage, which could reduce its 

reliability in scenarios where undamaged buildings are common. Such a bias might cause false 

positives or over-segmentation of minor details as damage, especially in environments with cleaner 

or more uniform structures. 

4.3. Future Work 

Future work can proceed in two main directions: dataset and model architecture. On the dataset 

side, a priority is to extend the current collection with more annotated images of damaged buildings 

and to include undamaged buildings, either from public datasets or through new annotations, to 

distinguish intact and damaged areas better. Adding data from other countries and architectural 

styles would improve the model’s generalization beyond Ukrainian buildings. It is also important to 

apply richer augmentation strategies, such as cut-and-paste techniques that insert building parts (e.g., 

broken windows) into other images, to generate more varied and challenging samples. On the 

modeling side, future studies should evaluate stronger encoder backbones, including foundation 

models like CLIP and SAM, as well as larger versions of the architectures already tested. In addition, 

exploring modifications of the U-Net design could provide further performance gains, such as 

attention-based blocks, multi-scale feature fusion, or alternative decoder structures.  
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A further promising improvement is the integration of sketch-based segmentation methods. In 

particular, the recent HCTSketch[45] framework for stroke-level sketch segmentation can be 

leveraged to enhance Felzenszwalb’s graph-based segmentation. By incorporating stroke-aware 

decomposition strategies, it is possible to refine the detection of fine-grained structural elements such 

as corners, edges and fragmented building parts. This combination could yield more precise 

boundary delineation in complex damage scenarios where standard color-based post-processing 

struggles. 

Also an adopted approach of combined outputs from different layers of deep neural 

networks[46] could improve the precision of the model. 

5. Conclusions 

This study introduces a novel dataset of 290 side-view images of Ukrainian buildings specifically 

designed for war-induced damage segmentation, featuring a comprehensive six-class annotation 

scheme that includes Other, Building, Roof, Damage, Damaged Roof, and Broken Window 

categories. This represents the first specialized dataset addressing conflict-related building damage 

from a ground-level perspective, filling a critical gap in the existing damage assessment literature. 

We developed and validated a patch-based segmentation approach that integrates dual 

embedding streams to enhance semantic understanding. The methodology combines positional 

embeddings that encode spatial patch coordinates within the original image with global embeddings 

extracted through a pretrained ConvNeXt-Large model to provide scene-level context. This approach 

demonstrated remarkable cross-architectural robustness, delivering consistent improvements across 

both CNN and transformer-based encoder designs. 

Our comprehensive experimental evaluation encompassed six encoder architectures, including 

ResNet-50, SwinV2-Large, ConvNeXt-Large, YOLO11x-seg, DINOv2, and SegFormer-b5, resulting in 

a total of 48 model configurations tested across dual-complexity assessment scenarios. The evaluation 

covered both a simplified 3-class task and a more challenging 6-class segmentation problem, with 

each model tested with and without embedding integration and superpixel post-processing. 

The quantitative results demonstrate substantial performance improvements through 

embedding integration. In the 3-class task, ResNet achieved the most significant gains with +5.28 pp 

in F1-score and +7.81 pp in IoU, ultimately reaching optimal performance levels of F1=0.8982 and 

IoU=0.7743. For the more complex 6-class scenario, DINOv2 delivered the strongest improvements 

with +4.71 pp in F1-score and +4.65 pp in IoU, achieving the best overall performance of F1=0.7462 

and IoU=0.4711. These results establish ResNet with embeddings as the optimal solution for the 3-

class task and DINOv2 with embeddings for the 6-class configuration. 

Our systematic evaluation of Felzenszwalb superpixel post-processing revealed limited 

effectiveness across most semantic classes. While minor improvements were observed for Roof and 

Damaged Roof categories, the technique generally produced negative impacts on segmentation 

accuracy, particularly affecting fine-grained classes that require precise boundary detection. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

CNN Convolutional neural network 

FP False Positive 

FN False Negative 

GAN Generative adversarial networks 

IoU Intersection over Union 

CVAT Computer Vision Annotation Tool 

SAM Segment Anything Model 

TN True Negative 

TP True Positive 

PA Pixel Accuracy 

PP Percentage Points  

ViT Vision Transformer 

Appendix A 

Table A1. IoU for 3-class segmentation models across the categories: Other, Building, and Damage. 

Model Other Building Damage Mean 

ResNet 0.8848 0.6359 0.5681 0.6962 

ResNet-Emb 0.9248 0.7265 0.6716 0.7743 

ResNet-Sup 0.8721 0.6117 0.5355 0.6731 

ResNet-SupEmb 0.9105 0.6946 0.6327 0.7459 

SwinV2 0,8498 0,5352 0,501 0,6286 

SwinV2-Emb 0,8598 0,5821 0,5193 0,6537 

SwinV2-Sup 0.8477 0.5184 0.4866 0.6176 

SwinV2-SupEmb 0.8566 0.5698 0.4997 0.642 

ConvNeXt 0.8306 0.5951 0.5026 0.6427 

ConvNeXt-Emb 0.8538 0.6175 0.5142 0.6619 

ConvNeXt-Sup 0.8455 0.5611 0.4847 0.6304 

ConvNeXt-SupEmb 0.885 0.617 0.499 0.667 

SegFormer 0.8155 0.5944 0.4645 0.6248 

SegFormer-Emb 0.8267 0.591 0.4567 0.6248 

SegFormer-Sup 0.8523 0.5973 0.4554 0.635 

SegFormer-SupEmb 0.8607 0.5856 0.4458 0.6307 

YOLO11-seg 0.828 0.5464 0.4768 0.6171 

YOLO11-seg-Emb 0.8704 0.5781 0.5211 0.6565 

YOLO11-seg-Sup 0.8337 0.5445 0.463 0.6137 

YOLO11-seg-SupEmb 0.8688 0.5693 0.4985 0.6455 

DINOv2 0.886 0.6494 0.5727 0.7027 

DINOv2-Emb 0.879 0.6617 0.585 0.7085 

DINOv2-Sup 0.9096 0.6492 0.5592 0.706 

DINOv2-SupEmb 0.8998 0.6467 0.5506 0.699 
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Table A2. IoU for 6-class segmentation models across the categories: Other, Building, Damage Broken Window, 

Damaged Roof, and Roof. 

Model Other Building Damage 
Broken 

Window 

Damaged 

Roof 
Roof Mean 

ResNet 0.7948 0.5079 0.2796 0.2868 0.1131 0.1028 0.3475 

ResNet-Emb 0.838 0.5322 0.322 0.2975 0.213 0.1019 0.3841 

ResNet-Sup 0.8008 0.5059 0.2788 0.2706 0.1187 0.1131 0.348 

ResNet-SupEmb 0.8376 0.5244 0.3253 0.2963 0.2125 0.0908 0.3811 

SwinV2 0.8366 0.5643 0.3521 0.2858 0.1542 0.1292 0.387 

SwinV2-Emb 0.8694 0.5942 0.3588 0.2942 0.2366 0.1263 0.4133 

SwinV2-Sup 0.8388 0.557 0.3395 0.2765 0.1672 0.1391 0.3863 

SwinV2-SupEmb 0.8715 0.591 0.3538 0.2921 0.2557 0.1361 0.4167 

ConvNeXt 0.8792 0.5971 0.3553 0.236 0.1603 0.1236 0.3919 

ConvNeXt-Emb 0.8675 0.5892 0.3497 0.2782 0.1818 0.1389 0.4009 

ConvNeXt-Sup 0.8719 0.5836 0.3401 0.2244 0.1766 0.1251 0.387 

ConvNeXt-

SupEmb 
0.863 0.5763 0.3326 0.2654 0.1875 0.1406 0.3942 

SegFormer 0.8472 0.6088 0.2736 0.2695 0.1499 0.12 0.3782 

SegFormer-Emb 0.8556 0.5996 0.2585 0.2772 0.1568 0.1425 0.3817 

SegFormer-Sup 0.8451 0.6084 0.2662 0.2568 0.1536 0.1285 0.3765 

SegFormer-

SupEmb 
0.8588 0.5978 0.2411 0.2624 0.1947 0.1458 0.3834 

YOLO11-seg 0.8245 0.5445 0.3189 0.3015 0.1342 0.1117 0.3725 

YOLO11-seg-Emb 0.8318 0.5252 0.3133 0.2774 0.1876 0.1195 0.3758 

YOLO11-seg-Sup 0.8378 0.5487 0.316 0.2993 0.1416 0.1273 0.3784 

YOLO11-seg-

SupEmb 
0.8407 0.5252 0.3084 0.2656 0.2033 0.1312 0.3791 

DINOv2 0.8538 0.6495 0.2746 0.3363 0.267 0.1664 0.4246 

DINOv2-Emb 0.9115 0.6687 0.4467 0.3743 0.2809 0.1445 0.4711 

DINOv2-Sup 0.8601 0.6378 0.2834 0.3372 0.2777 0.1881 0.4307 

DINOv2-SupEmb 0.8982 0.637 0.4177 0.3414 0.2996 0.1465 0.4567 

Table A3. IoU improvements from embeddings in 3-class segmentation models. 

Model Other Building Damage Mean 

ResNet 0.0400 0.0906 0.1035 0.0781 

SwinV2 0,01 0,0469 0,0183 0,0251 

ConvNeXt 0.0232 0.0224 0.0116 0.0192 

SegFormer 0.0112 -0.0034 -0.0078 0.0000 

YOLO11-seg 0.0424 0.0317 0.0443 0.0394 

DINOv2 -0.0070 0.0123 0.0123 0.0058 

Table A4. IoU improvements from embeddings in 6-class segmentation models. 

Model Other Building Damage 
Broken 

Window 

Damaged 

Roof 
Roof Mean 

ResNet 0.0432 0.0243 0.0424 0.0107 0.0999 -0.0009 0.0366 

SwinV2 0.0328 0.0299 0.0067 0.0084 0.0824 -0.0029 0.0263 

ConvNeXt -0.0117 -0.0079 -0.0056 0.0422 0.0215 0.0153 0.009 

SegFormer 0.0084 -0.0092 -0.0151 0.0077 0.0069 0.0225 0.0035 

YOLO11-

seg 

0.0073 -0.0193 -0.0056 -0.0241 0.0534 0.0078 0.0033 

DINOv2 0.0577 0.0192 0.1721 0.038 0.0139 -0.0219 0.0465 
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Table A5. IoU changes from superpixels in 3-class segmentation models, with the highest per-model 

improvement values highlighted in bold and the largest declines underlined. 

Model Other Building Damage Mean 

ResNet-Sup -0.0127 -0.0242 -0.0326 -0.0231 

ResNet-SupEmb -0.0143 -0.0319 -0.0389 -0.0284 

SwinV2-Sup -0,0016 -0,0077 -0,0063 -0,0053 

SwinV2-SupEmb -0,0032 -0,0123 -0,0196 -0,0117 

ConvNeXt-Sup 0.0149 -0.034 -0.0179 -0.0123 

ConvNeXt-SupEmb 0.0312 -0.0005 -0.0152 0.0051 

SegFormer-Sup 0.0368 0.0029 -0.0091 0.0102 

SegFormer-SupEmb 0.034 -0.0054 -0.0109 0.0059 

YOLO11-seg-Sup 0.0057 -0.0019 -0.0138 -0.0034 

YOLO11-seg-SupEmb -0.0016 -0.0088 -0.0226 -0.011 

DINOv2-Sup 0.0236 -0.0002 -0.0135 0.0033 

DINOv2-SupEmb 0.0208 -0.015 -0.0344 -0.0095 

Table A6. IoU changes from superpixel post-processing in 6-class segmentation models, with the highest per-

model improvement values highlighted in bold and the largest declines underlined. 

Model Other Building Damage 
Broken 

Window 

Damaged 

Roof 
Roof Mean 

ResNet-Sup 0,006 -0,002 -0,0008 -0,0162 0,0056 0,0103 0,0005 

ResNet-SupEmb 
-

0,0004 
-0,0078 0,0033 -0,0012 -0,0005 -0,0111 -0,003 

SwinV2-Sup 0,0022 -0,0073 -0,0126 -0,0093 0,013 0,0099 
-

0,0007 

SwinV2-SupEmb 0,0021 -0,0032 -0,005 -0,0021 0,0191 0,0098 0,0034 

ConvNeXt-Sup 
-

0,0073 
-0,0135 -0,0152 -0,0116 0,0163 0,0015 

-

0,0049 

ConvNeXt-

SupEmb 

-

0,0045 
-0,0129 -0,0171 -0,0128 0,0057 0,0017 

-

0,0067 

SegFormer-Sup 
-

0,0021 
-0,0004 -0,0074 -0,0127 0,0037 0,0085 

-

0,0017 

SegFormer-

SupEmb 
0,0032 -0,0018 -0,0174 -0,0148 0,0379 0,0033 0,0017 

YOLO11-seg-Sup 0,0133 0,0042 -0,0029 -0,0022 0,0074 0,0156 0,0059 

YOLO11-seg-

SupEmb 
0,0089 0 -0,0049 -0,0118 0,0157 0,0117 0,0033 

DINOv2-Sup 0,0063 -0,0117 0,0088 0,0009 0,0107 0,0217 0,0061 

DINOv2-SupEmb 
-

0,0133 
-0,0317 -0,029 -0,0329 0,0187 0,002 

-

0,0144 
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