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Abstract 

 

Extracting road networks from high-resolution imagery remains a significant challenge in geomatics, particularly in fragmented rural 

landscapes. The big difficulty is the spectral similarities between unpaved tracks and agricultural backgrounds that can lead to 

classification errors. This study proposes an automated geospatial pipeline based on the YOLOv11 architecture. Specifically, the 

approach is made on the optimization of the multi-class road detection in the rural areas of Kosina and Markowa, two villages in 

Poland. To reduce the computational effort, due to large-scale 9000x9000 px orthophotos and to improve the detection of small-scale 

features, Slicing Aided Hyper Inference (SAHI) strategy was integrated. High-resolution imagery has been decomposed into optimized 

tiles, ensuring feature continuity across boundaries and preventing GPU memory overhead. The instance segmentation model was 

trained on a custom-annotated dataset, with seven labels (categories) such as internal paved roads, rural tracks, and railway 

infrastructures. Therefore, a high level of robustness has been achieved reaching a mean Average Precision value (mAP@0.5) of 0.90. 

A confusion matrix reveals quantitatively that the pipeline effectively distinguishes between complex classes and low omission rates. 

As a result, the generated outputs are converted into interoperable GeoJSON format ensuring their integration into GIS environments. 

In conclusion, the experimental result demonstrates that the framework is valuable for emergency response logistics and urban 

planning. It offers a scalable and near real-time solution for updating national topographic databases. 

 

 

1. Introduction 

The progressive urban growth is not limited to the urban area, but 

it encloses the rural and the near-rural zones. This implies to an 

unplanned landscape transformation (Liu et al., 2024). A 

consequence of these new dynamics is the creation or 

modification of infrastructures, such as new rural roads, which 

are often not visible into the cadastral registry (Warchoł et al., 

2022). As technology advances, methods for obtaining data for 

cadastre updates are becoming increasingly accurate; 

furthermore, due to rapid digitization, the availability of source 

materials obtained using modern technologies is also increasing. 

However, the inconsistency between the cadastre database and 

the actual situation is increasingly common issue (Buśko et al., 

2023). 

 

The land and building register, also known as the real estate 

cadastre, contains data on the quantity, dimensions, location, 

ownership of individual land plots, and their use (Apollo et al., 

2023; Buśko et al., 2023; Maciuk et al., 2021). Therefore, the 

land and building register database is used, among other things, 

to distribute taxes, determine land ownership, manage land 

market prices, calculate agricultural subsidies, designate zones 

based on value and purpose of use, including roads, as well as to 

create the spatial data infrastructure of countries (Sobolewska-

Mikulska et al., 2020; Dawidowicz et al., 2020; Balawejder et al., 

2023). 

 

The misalignment between the current and recorded status in the 

land cadastre can pose a big challenge in land registry level, in 

land consolidation process and in case of disaster management 

(Balawejder et al., 2018; Deng et al., 2025). Road detection is 

also fundamental for new urban planning or regeneration, and 

even for autonomous driving systems. 

 

As shown in Figure 1, public roads can be divided into national 

roads, provincial roads, county roads, and municipal roads. 

National roads include, among others, highways, expressways, 

and international roads. Provincial roads are roads that connect 

cities. Roads connecting county seats are classified as county 

roads. Municipal roads are roads of local importance and do not 

fall into other categories, constituting a supplementary road 

network serving local needs. Private roads are not classified as 

municipal roads (Noga et al., 2017). In the study area, in the 

village of Markowa, agriculture is highly developed. 

 

The road infrastructure network consists largely of access roads 

to agricultural plots and is often not recorded in the land and 

building register database, although it is present in the field. 

  

 

Figure 1. Division of public and non-public roads. 
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To address these discrepancies, this research introduces an 

automated pipeline specifically fine-tuned for the detection of 

rural and internal road networks. While road extraction is a 

widely debated topic in remote sensing, most existing models 

focus on structured urban highways or main arterial routes. 

Targeting the 'rural niche' represents a notable innovation, as 

these paths often lack standardized spectral signatures and are 

frequently confounded by surrounding vegetation and 

agricultural patterns. By developing a model specifically 

optimized for these challenging environments, we provide a tool 

that can bridge the gap between official cadastral records and the 

current ground reality following the framework for automated 

road vectorization proposed by Jiao et al. (2024).  

 

The practical value of this approach extends beyond 

administrative updates; it is particularly critical for near real-time 

emergency response and post-disaster management. In the event 

of floods, landslide or seismic activities, having an up-to-date 

map of rural access roads, which are often the only lifelines for 

isolated communities, is essential for coordinating rescue 

logistics and assessing infrastructural damage. For similar 

purposes, other studies leverage DL techniques for post-disaster 

intervention (Linardos et al., 2022; Chaudhuri et al., 2020; Singla 

et al., 2025; Chicchon et al., 2024; Bhardwaj et al., 2025).  

 

The paper is structured as follows: Section 1.1 reviews the related 

literature on deep learning for road extraction; Section 2 details 

the Materials and Methods, including the YOLOv11 architecture 

and the SAHI tiling strategy; Section 3 presents the experimental 

results and the quantitative analysis; and finally, Section 4 draws 

the conclusions and outlines future research directions. 

 

1.1 State of the Art 

Traditional topographic surveying requires a long period for 

acquisitions, while the application of Convolutional Neural 

Network (CNN) is a faster and more efficient methodology. 

Geomatics is widely used for the management and mapping of 

road infrastructure. The combination of both the disciplines is 

defined GeoAI (Pierdicca et al., 2022) and can automatically 

extract, classify, and analyze spatial information. This approach 

offers key advantages, including the ability to process large-scale 

and high-resolution datasets efficiently, reduce manual 

interpretation effort, ensure consistent and reproducible results, 

and capture complex spatial patterns that are difficult to identify 

using traditional methods (Pierdicca et al., 2023; Sanità et al., 

2025). There are various Deep Learning (DL) algorithms used for 

road detection, as reported in this review (Liu et al., 2024). The 

approaches are mainly based on fully supervised, semi-

supervised, and unsupervised learning (Mo et al., 2024). In the 

literature, there are studies demonstrating the use of the U-Net 

network for this type of analysis because it can retain spatial 

information and capturing contextual features. Very common is 

the use of Semantic Segmentation (SS) technique being a specific 

task in specialized fields such as disaster management and 

environmental monitoring. However, its drawback is the 

requirement for extensive datasets but to address this limitation, 

Few-Shot Semantic Segmentation (FSSS) has been introduced, 

requiring only a limited number of annotated samples (Petrov et 

al., 2026). 

 

Accurate mapping is necessary for road network detection; 

however, the manual method is very time-consuming. Recent 

studies have leveraged GeoAI approaches to ensure a faster 

response. Çevikalp et al., proposed their method, using deep 

learning models like U-Net, comparing the accuracy assessment 

of road segmentation using high (Sentinel-2) and very high 

(Pléiades) spatial resolution imagery. They demonstrated that the 

accuracy decreases linearly to the spatial resolution reduction 

passing from F1 score (0.87) for Pléiades with spatial resolution 

of 30cm to F1 score (0.78) for Sentinel-2 imagery with spatial 

resolution of 10 m. 

 

A multi-scale road segmentation model for UAV remote sensing 

imagery is proposed by Cui et al., focusing on the YOLO model 

limitations. They improved the YOLOv12 model focalizing to its 

use for UAV imagery named UAVYOLOv12. 

 

The latest research is concentrated to generalize a model, 

furthermore some different methodologies have limitations 

especially for accuracy and real-time perform due to the heavy 

computing effort. The use of RGB-D data is often limited to an 

inadequate data fusion approach that can lead to a false 

representation in sensible region (Xue et al., 2025). To overcome 

this bottleneck, they proposed a data augmentation phase to 

increase the sensible region quantity useful for training the 

model. In addition, their methodology separates the road 

detection in two different lines and then they fused the results 

obtaining previously a result in each one of both subnets. 

Generalize a model is an actual challenge because most of the 

dataset annotated are composed by very high-resolution imagery 

in which the spatial resolution is around 1m. Then, the critical 

issue is the inference made on a dataset with lower spatial 

resolution, such as Sentinel-2 (10 m). This challenge has been 

investigated by Jangir et al. (2025); however, a key 

methodological distinction exists. While our approach utilizes a 

dataset natively annotated at high resolution for both training and 

inference, their research employs super-resolution techniques on 

Sentinel-2 imagery. Their objective is to generalize the model by 

artificially enhancing low-resolution data, whereas our pipeline 

leverages the intrinsic geometric fidelity of native high-

resolution sources. Different approach with high accuracy and 

low Dice Loss are reported in the study by Yanuargi et al. (2025). 

They employed a Deep Learning (DL) Convolutional Neural 

Network (CNN) based on the U-Net architecture for road 

segmentation. They novelty was on the identification of new road 

paths evaluating two different encoders: Inception-ResNet-V2 

and a pure U-Net encoder. Notably, the Inception-ResNet-V2 

architecture achieves an accuracy of 91.3%, compared to 90.7% 

for the standard U-Net. 

 

The development of a specific dataset for rural roads, as 

presented in this manuscript, is strongly required to bridge the 

gap between general-purpose foundation models and the specific 

requirements of rural infrastructure monitoring. As highlighted 

by Ameen et al. (2026), this process is essential for effective fine-

tuning, which enables models to adapt their broad visual 

knowledge to the distinct semantic features of complex 

geospatial environments. The rapid evolution of computer vision 

led to the introduction of new foundation models leaving a gap 

between the natural images and geospatial data. Subrahmanya 

(2026) assumes that the standard architecture forgets the pre-

trained features and degrade model generalization. As 

demonstrate Blushtein-Livnon et al. (2025), light fine-tuning 

with manual geometric annotation assures high precision 

segmentation. 

 

The promising idea is to exploit cutting-edge model to achieve 

automated analysis of orthoimages capable of balancing high 

performance with lower training and execution times compared 

to other solutions based on Vision Transformer (ViT) 

architectures. A fast and efficient method for road detection is 

presented in (Sun et al., 2025) where a pre-trained ViT encoder 

has been considered to extract the features from RGB data. In this 
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paper, CNN and ViT were considered for a multi class instance 

segmentation. 

 

The novelty introduced in this paper is the innovative framework 

that exploits the sensing power of a DL model for a multiclass 

classification on the specific domain of rural network. Rural road 

networks present unique challenges, such as spectral similarity 

with the surrounding environment and irregular geometries (Mo 

et al., 2024). Furthermore, it is necessary to recognize the novelty 

of the multiclass approach as an essential element for the 

recognition of rural roads in country contests where the 

secondary or internal road can be confused with temporary 

passages of agricultural vehicles. 

 

2. Material and method 

The core of this research lies in the development of a fully 

automated pipeline designed to bridge the gap between deep 

learning inference and geospatial data integrity within a context 

of rural road networks. The proposed methodology is structured 

into five sequential stages detailed in Section 2.3 and represented 

in Figure 2. This sequential approach ensures the consistency of 

the road extraction process from raw data to final validation. 

 

2.1 Study area 

The proposed experimental framework of this study focuses on 

two rural settlements in Southeastern Poland: Kosina and 

Markowa, both located within the Podkarpackie Voivodeship 

(Figure 3). These areas were selected to evaluate the model's 

transferability across geographically proximal yet structurally 

distinct rural environments. These villages are situated within the 

transition zone between the Sandomierz Basin and the 

Subcarpathian Foothills. A predominantly flat to gently 

undulating topography characterizes this area, minimizing 

extreme topographic shadowing while introducing complexities 

related to varying soil moisture and agricultural reflectance. 

 

Consistent phenological stages are ensured by the presence of a 

temperate continental climate. Within the study area, in the 

village of Markowa, agriculture is highly developed. The road 

infrastructure network consists largely of access roads to 

agricultural plots and is often not recorded in the land and 

building register database, although it is present in the field. 

 

2.2 Dataset 

The dataset consists of 80 RGB orthophotos in GeoTIFF format, 

acquired in a specific rural area in Poland and were retrieved from 

the Polish National Geoportal1. The ortophotos considered refers 

to Kosina and Markowa, urban-rural municipalities in the 

southeastern Poland. The image resolution is 0.25 m/px, acquired 

in 2022, the original size was 9000x9000 px in PL-1992 

coordinate system (EPSG:2180). 

 

2.3 Methodology 

The data collection is reported in Section 2.2. To reduce the 

computational training cost, the original orthophotos have been 

cut and reduced in 1000x1000 tile size. Furthermore, before the 

training phase, data augmentation has been applied to increase 

the number of images in the input dataset. At the same time, 

working with smaller tiles simplify the data annotation made by 

domain experts. The data augmentation techniques have been 

performed making rotation, flipping, brightness changes, 

                                                                 
1 https://www.geoportal.gov.pl/ 

contrast, etc. The final input dataset results composed by 16000 

images. To evaluate the model’s performance, another dataset 

referred to another Poland municipality has been considered. The 

input dataset has been split in 80/20 for training and validation. 

 

The data annotation made by domain experts as reported in 

Figure 4 that is an example on how this step has been performed. 

 

The supervised approach described and used in this work is a 

multiclass type based on seven road-classes: asphalt, exit, hard 

road, internal pavement, internal road, rural road, and railways. 

 

“Asphalt” has been used to annotate the road made with asphalt 

that was out of private property. The “exit” were all the road parts 

that were at a cross point between the principal road and an 

internal pavement of a private or public road or property. “Hard 
 

 

Figure 2. Methodology. 

 

Figure 3. Location of the study area in Poland. 

 

Figure 4. Example of the labelled image. 
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road” roads that are difficult to travel. “Internal pavement” is for 

the pavement area inside a parking lot or inside a private 

pavement. “Internal Road” is a private road for residential use. 

“Rural road” are the roads in the vegetation area. To conclude, 

“railways” refers to the railway infrastructure. 

 

The annotation phase has been conducted in Roboflow web 

platform2 creating a polygon along the road boundary recognized 

by the experts. Roboflow is a platform for image annotation 

within the Machine Learning (ML) and computer vision contexts. 

It enables users to perform a dataset preparation, annotation and 

some model training in a unified workflow. It works very well 

with Python Notebook. Using the Python API is possible to send 

images to Roboflow models and obtain prediction within object 

detection and classification in short time. Some State-Of-The-Art 

models as YOLOv11-v26 and RF-DETR are integrated in 

Roboflow. 

 

Instance segmentation aims to identify, localize, and delineate 

pixel-level boundaries for every individual object within an 

image. Unlike standard semantic segmentation, this task 

differentiates between multiple instances of the same class, 

assigning each a unique identity and a predefined category. This 

level of detail enables advanced spatial analysis, such as 

automated object counting and precise calculation of the pixel 

area for each detected feature. As an evolution of object 

detection, instance segmentation represents one of the most 

complex challenges in computer vision, requiring the model to 

simultaneously perform bounding box localization and 

classification. It occurs frequently in remote sensing projects. 

 

Although tiling orthophotos during the training phase helps the 

model with small object detection, the problem resurfaces during 

the inference phase. Large-scale images undergo downsampling 

to prevent GPU memory overload and to comply with the input 

dimensions required by computer vision models. 

 

The SAHI technique offers a simple and effective approach to aid 

in small object detection during inference on large-scale imagery. 

A slicing-aided inference is implemented where the image is 

divided into partially overlapping tiles each of which undergoes 

individual inference. This technique is considered model-

agnostic because can be applied to any pre-trained model without 

any additional fine-tuning. 

 

2.4 YOLO architecture  

The YOLO model was first introduced in 2015 and has been 

continuously improved. YOLO has a single-sot detection 

architecture (SSD) based on CNNs, enable one-stage detection. 

Here, the prediction of both bounding box and class occurs in a 

single step. The widespread use of Ultralytics YOLO models in 

computer vision projects depends on their different approach 

respect to the traditional two-stage detection approach used in 

models like Faster R-CNN e Mask R-CNN. The SSD approach 

considers object detection as a single regression problem, making 

the process faster but less accurate than the two-stage detection 

approach. In the latter, the object detection process is slower but 

has higher precision because it is separated into two stages. The 

main goal is to develop models that maintain SSD speeds with 

high precision. 

 

This has been achieved by introduction innovation in the 

subsequent versions such as C2PSA and C3k2 modules (Khanam 

et al., 2024). The former module implements an attention 

                                                                 
2 https://app.roboflow.com/ 

mechanism while the latter ensures more efficient feature map 

processing. These kinds of innovations allow YOLO models to 

achieve performances levels comparable to model based on 

Vision Transformer architectures. 

 

The precise model YOLOv11, used to perform our research on 

road extraction, join the Ultralytics YOLO (You Only Look 

Once) family since 2024. Ultralytics YOLOv11 model is very 

robust for object detection, instance segmentation, pose 

estimation and classification. Other models have been tested with 

this input dataset, and the best performance has been achieved 

with the YOLOv11 medium-size model. It delivered optimal 

performance while effectively mitigating the risks of both 

overfitting and underfitting. An important contribution derived 

from the Slicing Aided Hyper Inference SAHI (Akyon et al., 

2022), a tool specifically designed to handle large-scale inference 

projects and natively integrated with the Ultralytics software 

package. SAHI has the responsibility to manage the sliced 

inference even when performs on image bigger than those of 

training. Despite this, it successfully identifies small objects. 

 

2.5 Inference pipeline 

Figure 5 represents the pipeline representation of the automated 

processing script, illustrating the internal logic from data 

ingestion to the generation of the final road maps. As a first step, 

the script loads the 9000x9000-pixel GeoTIFF image from the 

test dataset. The model has never seen this image during the 

training and validation phases. It then extracts the coordinates, 

the resolution and the reference systems. The second step refers 

to the SAHI to reduce the computational effort. 

 

Since the orthophoto exceeds GPU memory capacity, our 

algorithm employs the SAHI technique. Rather than processing 

the entire image in a single pass, inference is performed on 

individual tiles with dimensions like those used during the 

training phase. This prevents GPU memory overhead and ensures 

a low system memory footprint, allowing the inference to run 

efficiently even on hardware with limited resources without 

compromising processing speed. During sliced inference, the 

image is processed in 1000x1000 px slices (tile). An overlap ratio 

of 0.3 is maintained between adjacent tiles to ensure that objects 

bisected by tile boundaries are neither missed nor double-

counted. In this step YOLO model analyses each individual slice, 

identifying regions of interest and generating pixel-based 

segmentation masks. The algorithm then aggregates these local 

results, reconstructing them to match the original dimensions of 

the full-scale image. 

 

In the next step, the algorithm converts the pixel coordinates of 

the identified polygons into real-world geographical coordinates 
 

 

Figure 5. Inference pipeline. 
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(expressed in metres or degrees). This is achieved by applying a 

mathematical transformation using an Affine Matrix, derived 

from the metadata previously extracted from the GeoTIFF file. 

The last step is the GeoJSON saving files. Simply the algorithm 

transforms the image in a geographic database letting the 

knowledge of the semantic and geographic information of the 

element. It can manage automatically the complex amount of 

georeferenced data. 

 

The ultimate scope of the workflow developed in this paper takes 

archives of orthophotos as input and produces an output archive 

in an open format (GeoJSON) to manage a collection of spatial 

geometries enabling their use in GIS platforms. The second 

innovative aspect of this manuscript is the creation of a dedicate 

Python script named Yolov11Seg2GeoJSON 3 to generate 

automatically a GeoJSON file from the YOLOv11 inference on 

georeferenced imagery. The algorithm included in the Python 

script let to process GeoTIFF with YOLO-v11 based 

segmentation model without resolution loss. Since the YOLO 

architecture does not intrinsically handle the geographic headers 

found in georeferenced imagery, the Yolov11Seg2GeoJSON is 

necessary to bridge the gap between image-space and GIS 

environments for an immediate spatial analysis. After the model 

completes the inference in pixel space (x, y), the script translates 

these local coordinates into a global reference system. 

 

3. Results 

The use of the SAHI module for sliced inference enabled us to 

achieve strong metrics even when performing inference on 

orthophotos significantly larger than those used during the 

training phase, ensuring the successful identification of even the 

smallest objects. In addition to YOLO, training and inference 

tests were also conducted using the RF-DETR model, an object 

detection and instance segmentation framework developed by 

Roboflow based on Vision Transformer technology, which 

yielded results comparable to those of the YOLO model during 

the inference phase. Furthermore, our selected model supports 

the SAHI module for sliced inference without the need for 

additional custom code. 

 

The training process was monitored through loss functions and 

accuracy metrics over 350 epochs (Figure 6 and Figure 7). Both 

training and validation losses for box, segmentation, and 

classification tasks showed a consistent downward trend, 

converging without signs of overfitting. This stability indicates 

that the YOLOV11 model effectively captured the underlying 

spatial patterns of the rural road network. Furthermore, the 

precision, recall, and mAP@0.5 metrics reached a stable plateau, 

confirming the robustness of the weights used for the subsequent 

inference phase on the Kosina and Markowa datasets. 

 

The evaluation of the YOLOv11-based pipeline performance is 

made using the normalized confusion matrix shown in Figure 8. 

The results point to a high level of classification robustness, with 

diagonal elements consistently exceeding 0.88. This indicates a 

strong alignment between our predictions and the ground truth 

across all road categories. 

 

In particular, the model performed exceptionally well on Internal 

Roads (0.96), Rural Roads (0.95), and Tramway/Railways (0.95). 

These figures are especially meaningful considering the highly 

fragmented landscape of the Kosina and Markowa study areas. 

                                                                 
3 https://github.com/lindonepi/Yolov11Seg2GeoJSON 

 
Figure 6. Training and validation metrics of the YOLOV11 

model (loss function). 

 

 
Figure 7. Training and validation metrics of the YOLOv11 

model (precision and recall). 

 

 
Figure 8. Confusion matrix. 

 

The precision achieved for rural roads suggests the model 

successfully captured the specific geometric cues, such as 

linearity and typical widths that separate narrow, unpaved paths 

from the agricultural surroundings. 

 

However, the data also highlights some expected challenges. It is 

evident a minor spectral overlap between Internal Pavement 

(0.88) and the Background (0.15). This likely stems from the 

similar radiometric signatures of concrete courtyards and certain 

roofing materials common in these villages. Similarly, the 

Asphalt class was misclassified as Background in 16% of cases. 

This is a typical issue in rural geomatics: older asphalt often 

weathers or becomes covered by dust and debris, making its 
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spectral signature nearly indistinguishable from bare soil or dry 

vegetation. 

 

Finally, while it is observed a 0.28 False Positive rate for rural 

roads against the background, this is a well-known hurdle in 

high-resolution road extraction. Features like linear farm tracks 

or irrigation furrows often mimic the topology of the actual road 

network. On the other hand, the remarkably low False Negative 

rates (between 0.03 and 0.12) across all classes are a key result. 

They confirm that the pipeline is highly reliable at maintaining 

network continuity, a feature that is essential both for enhancing 

emergency response logistics in rural areas and for supporting 

long-term urban planning and infrastructure management within 

GIS-based systems. 

 

The Precision-Recall (PR) curve (Figure 9) further validates the 

model's effectiveness, showing an overall mAP@0.5 of 0.900. 

The training phase has been conducted over 350 epochs using an 

initial learning rate of 0.001 and a weight decay of 0.0002 for 

model regularization. The input image size, which is usually set 

to 640px in the Yolo configuration, was set to 1000 pixels to 

match the size of the images in the annotated dataset. This helps 

improve the model's ability to retain image detail and recognize 

small objects. An early stopping mechanism was implemented to 

terminate training before the onset of overfitting. A Focal Loss 

function has been used to enhance model performance. Model 

training and inference were performed on a Linux Ubuntu O.S. 

with an Intel i9 CPU and an Nvidia RTX 4070 Ti GPU. 

 

Specifically, the model achieves near-optimal results for 

structured categories such as Exits (0.961) and Asphalt roads 

(0.937). While the Rural Road class shows a slightly lower 

performance (0.873) due to the inherent complexity of unpaved 

surfaces in agricultural zones, it still demonstrates remarkable 

stability. The lower mAP for Tramway/Railway (0.746) is likely 

linked to the lower frequency of these features within the study 

areas. Overall, the PR analysis confirms that the YOLOv11-

based workflow is robust and well-balanced for automated road 

mapping. The sharp, rectangular profile of the curves for most 

categories indicates that the pipeline maintains high precision 

levels even at high recall thresholds. 

 

Figure 10 presents the visual inference results on a grid of image 

tiles from the study area. The qualitative inspection confirms the 

model's high precision in detecting diverse road categories, with 

confidence scores consistently exceeding 0.85. 

 

A key observation is the model’s ability to maintain feature 

continuity across tile boundaries that is a direct result of the 

Sliced Aided Hyper Inference (SAHI) strategy. Even in densely 

 

 
Figure 9. Precision-recall curve. The bold blue line represents 

the mean Average Precision (mAP) across all classes. 

 
Figure 10. Class prediction. 

 

 

 
Figure 11. a) Overlapping between GeoJSON multi-class 

segmentation and raw ortophoto image. b) Overlapping between 

GeoJSON multi-class segmentation and google satellite wms. 

 

structured rural zones, where internal roads and farm tracks are 

closely intertwined, the YOLOv11 framework successfully 

distinguishes between individual segments. The spatial 

consistency of these bounding boxes and masks is critical for the 

subsequent conversion into a topologically correct GeoJSON 

network, but we have our solution reported in Section 2.5.  

 

The qualitative results are represented in Figure 11 in which the 

GeoJSON file, multiclass segmentation results, has been 

overlapped to its input orthoimage (Figure 11.a) and to the 

Google Satellite (Figure 11.b). It is evident how accurate are the 

results obtained from our experiment. 

b) 

a) 
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4. Conclusion 

This research successfully implemented an automated geospatial 

pipeline based on the YOLOv11 architecture, specifically 

optimized for road extraction in complex rural landscapes. The 

annotation has been performed and provided by the authors in 

Roboflow environment, considering the 80% of the dataset for 

training and the 20% of the dataset for testing. To address the 

critical challenge of recognizing small rural roads, YOLO has 

been enhanced through sliced inference using Slicing Aided 

Hyper Inference (SAHI) cutting the large size images in 

1000x1000 px tiles. Our approach gives good performance 

(Figure-8), reducing the time consuming and considering a multi-

class supervised training. By integrating Slicing Aided Hyper 

Inference (SAHI), it has been possible to address the dual 

challenge of detecting small-scale features, such as unpaved rural 

tracks, while maintaining high computational efficiency on large-

scale 9000x9000 px orthophotos. The efficiency of the proposed 

tiled-inference pipeline makes it particularly suitable for time-

critical emergency response and post-disaster assessment 

(Figure-5). By providing rapid, automated road network 

extraction in near real-time, the system enables authorities to 

quickly identify accessible routes and logistical bottlenecks 

immediately following a catastrophic event, where manual 

mapping would be too slow to support life-saving operations. 

 

The results demonstrate that this tiled-inference approach not 

only prevents GPU memory overhead but also significantly 

outperforms conventional manual or semi-automated mapping 

methods in terms of processing speed. The quantitative 

evaluation yielded a robust mAP@0.5 score of 0.90, confirming 

the model's high reliability across diverse road categories in the 

Kosina and Markowa study areas. Beyond the technical 

performance, the remarkably low omission rates ensure the 

network continuity required for practical GIS applications, 

ranging from emergency response logistics to long-term urban 

infrastructure planning. A significant technical contribution is 

made by the development of a python script for data type 

convertion. We designed a dedicated script to translate pixel-

level masks into georeferenced GeoJSON structures ensuring full 

interoperability in GIS environments and for immediate 

integration into land register databases. 

 

Future work will focus on expanding the diversity of the training 

dataset to include a wider range of geographical regions. Since 

the current study areas, Kosina and Markowa, share similar 

phenological and topographic characteristics, a key objective will 

be to test the model's generalization capabilities in significantly 

different environments. Finally, exploring additional instance 

segmentation models will help further refine the detection of 

overlapping features, ultimately providing a scalable and 

interoperable framework for the rapid update of national 

topographic databases. Moreover, future research will focus on 

compare our YOLOv11-SAHI framework on large-scale 

benchmarks as for example the WHU-CR dataset. It assesses to 

perform our model across diverse geographic regions. A 

comparative analysis with the Narrow-Road-Aware Network 

(NANet) could be conducted to benchmark our approach against 

state-of-the-art architectures specifically designed for narrow 

rural road extraction (Wang et al., 2026). 
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