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Abstract 

Machine learning in transport modeling has become a trend in science and industry. In this paper, we observe its 

main directions and focus on a dataset of seasonal road creation. Seasonality as a parameter in transport 

modeling has a significant impact on transport scenarios but is underestimated worldwide and in Russia, despite 

modern data challenges. A major challenge in seasonality studies is the absence of systematically collected data 

across multiple spatial scales, ranging from national to regional levels. This study presents the first machine 

learning–oriented dataset of winter roads for Krasnoyarsk Krai, the Siberian federal district, Russia, organized by 

60 municipalities and integrating open geodata, government datasets, raster-based environmental variables, and 

socio-economic indicators. We propose a reproducible workflow for harmonizing heterogeneous sources, 

extracting geospatial predictors, and modeling winter road operational duration. Results indicate that forest area 

(correlation coefficient ρ=0.78), permafrost coverage (ρ=0.74), and snow depth (ρ=0.61) are the strongest 

predictors of winter road exploitation. Random Forest shows the best performance (R²=0.84; average 

exploitation forecast MAE=6.3 days) among other ML methods while linear models performed well with only 

two predictors. The study highlights the dominant role of natural and climatic factors in shaping seasonal road 

operability. It also outlines methodological directions for future regional datasets under increasing climate 

variability. The dataset will be extended to the entire Siberian Federal District and maintained to collect statistics 

for dual-season (winter and summer) accessibility modeling. This data has practical use in the forestry, road 

development, regional planning, and petroleum, and could interest researchers studying seasonal roads.  

Keywords: Machine learning (ML); small dataset; climate change; infrastructure; road network; winter roads; 

forestry; Krasnoyarsk Krai. 

1. Introduction 

There are several examples of transport accessibility 

research conducted at various spatial scales. At national 

level, studies include those focused on the Russian 

Federation (Маrtynyuk et al., 2016). At the federal 

district level, notable research includes that by Sargina, 

and Sedova (2023). Additionally, regional-scale 

analyses have been conducted, including specific 

regions such as the Karelia Republic (Mel’nik, Volkova, 

2017; Lavrinenko et al., 2019; Gerasimov et al., 2013. 

Khoroshilov et al., 2019). Such works could be found in 

a variety of domains globally, including other countries. 

Seasonal roads do not have permanent coverage, which 

makes susceptible to atmospheric influences. The 

development of logistics strategies optimizes the design 

and construction of winter roads, thereby increasing 

overall transportation efficiency, subject to balance 

between financial planning and the number of months 

per year suitable for transportation (Ladeischikov, 

Chudinov, 2024). This is especially true in the context 

of climate change, when the number of frosty days 

decreases and negatively affects traffic volumes 

(Roslyakova et al., 2017). 

Natural factors (harsh climatic conditions, 

permafrost soils) and economic and geographic factors 

(poor population, insufficient saturation with fixed 

assets and infrastructure) determine the increased costs 

for transport development in the North. Limited 

transport accessibility across seasons and modes of 

transport leads to the use of complex multi-stage 

logistics schemes, resulting in higher time and financial 

costs (Aibulatov et al., 2021; Lomakina, 2016). In the 

seasonal transport modeling, artificial intelligence (AI) 

and machine learning (ML) methods are employed to 

analyze seasonal patterns, utilize real time data, and to 

optimize capacity planning (URL-1). These approaches 
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are particularly important in the ground transportation 

systems (Behrooz, Hayeri, 2022; Hatamzad et al., 2022; 

Lake, 2023; Zhou et al., 2025). ML-datasets served as 

the basis for research, with their own estimates of 

quality and completeness (Rondina et al., 2023; 

Vovchenko et al., 2023). Globally, recent advances in 

machine learning and geospatial analytics enable new 

approaches to modeling seasonal transport networks. 

For instance, studies in Canada and the USA 

incorporate remote sensing, climate time series, and 

supervised learning models to predict seasonal 

accessibility or road surface conditions. Although there 

are just a few direct regional-scale analogues of current 

research, several international studies address related 

issues, such as seasonal roads, Arctic accessibility, and 

climate-driven impacts on transport infrastructure. In 

Canada, (Northwest Territories, Nunavut) Winter Ice 

Roads Program and Transport Canada projects (2018–

2023) focused on modeling ice-road operation periods 

and climate impacts (Barrette, 2015), In Alaska (USA), 

Studies within the USDOT Arctic Transportation 

Project (2019–2024) examining seasonal road 

accessibility and resource extraction areas (URL-2). 

However, in Russia, the absence of structured 

datasets remains the main bottleneck for adopting 

similar methodologies. Krasnoyarsk Krai, in the 

Siberian Federal District, Russia, provides an 

illustrative example: it is one of the largest territories in 

Russia, exhibits substantial climatic variation, and has a 

diverse economic structure in which forestry, mining, 

and remote settlements rely heavily on winter road 

connectivity. According to regional documentation, the 

total length of winter roads exceeds 30,000 km, yet 

there is no unified digital representation that integrates 

spatial geometry, natural constraints, and operational 

characteristics. 

This paper addresses this gap and aims to present a 

methodology for creating, studying and analyzing an 

ML-dataset of seasonal (winter) roads. We extend 

previous research on ground transport accessibility 

modeling by adding the aspect of road seasonality, 

which is of high demand in the infrastructural projects 

and has very limited available data at the scale of the 

Russian Federation. Study has asset of tasks, namely to: 

(1) create the first machine learning dataset of winter 

roads for Krasnoyarsk Krai using open geodata, official 

registries and raster-based environmental indicators; (2) 

develop a workflow for integrating and preprocessing 

heterogeneous spatial sources; (3) model winter road 

operational duration using multiple ML algorithms and 

quantify the influence of environmental and socio-

economic factors; and (4) provide an analytical 

interpretation of spatial and climatic drivers shaping 

seasonal road viability within the territory of 

Krasnoyarsk Krai. 

 

 

 

2. Materials and Methods 

2.1. Available Data on Seasonal Roads 

Nowadays, geospatial research still relies on 

government-collected data, but use of data from the 

private sector has increased in recent years. The study 

by Appiah et al. (2024) states that spatial analysis 

studies increasingly rely on private data sets. we 

reconsider several points: industry data collection faces 

fewer regulations on data quality, and companies are 

motivated to keep collecting data. This affects our 

ability to trust datasets. We must consider the future 

role of government and field work in data collection 

and dissemination. 

We can state that seasonal road datasets have a 

history of their creation, are published under a set of 

Open licenses, and are needed by researchers. They 

were developed for a variety of purposes, such as forest 

fire detection using deep learning tools (El-Madafri et 

al., 2023), and they address the representativeness of 

training and testing datasets. Globally, datasets and 

research papers on the road seasonality are available, as 

demonstrated by recent studies from India (Bhutad, 

Patil, 2022) and Canada (Salles and Mullan, 2024). 

Snowy road surface classification data are available in 

the datasets by Kara et al. (2024). Additionally, Zhou et 

al. (2025) provides a Mapillary crowdsourced street 

view dataset from Africa. A brief analysis of publicly 

available GIS-datasets with seasonality was conducted 

by Podolskaia and Akay (2023), noting that data are 

very often out-of-date. Open data related with road 

seasonality could be found on the university geoportals, 

such as Geoportal of HSE University (URL-3) under 

the Permafrost section. Databases of natural hazards, 

such as those from HSE University (Aniskina et al., 

2024) could be of practical interest for road seasonality 

research. 

To date, only one example of a seasonal road dataset 

by municipal region, including road lengths, is found in 

the preliminary study by Ostrovskih et al. (2015). For 

the present research, we have decided to generate a 

regional dataset for Krasnoyarsk Krai ourselves. 

Dataset preparation is a time-consuming task; its first 

version took us about a year of preparation and was a 

part of diploma graduation work and conference reports 

in 2024 (Podolskaia, Sinitsina, 2024a, 2024b, 2024c).  

Overall, we noted a clear and continuous lack of 

such data in Russia for the Russian regions. We found 

only a few examples for the Novosibirsk and Tomsk 

(Kuklina, 2020) regions. There is a dataset on socio-

economic development of Asian Russia covering 

Novosibirsk region (Musikhin, I., 2022). This dataset 

contains navigable rivers, railways, settlements, ports, 

and paved roads, which can be used as an infrastructure 

dataset to address seasonality within the region 

(Musikhin, 2022). Datasets with winter roads are 

particularly useful, restricted to the scale of the 

organization. In Russian practice in intellectual 

property, one way to keep rights for the data is to 
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register it with Rospatent (URL-4). Recent examples 

can be found in Sidorenkov et al. (2022) and in the state 

registration certificate by Sidorenkova et al. (2023). 

 

2.2. Seasonality in Forestry Transport Accessibility 

Road infrastructure plays an important role in 

forestry (Neverov et al., 2015). Road seasonality is a 

key factor shaping the accessibility of forest resources 

worldwide (Talalay, 2024) and in Russia (Kirillina et 

al., 2023), particularly in the Siberian Federal District 

and other regions. Seasonal road use refers to the use of 

roads based on the season climatic conditions in the 

area. The main terms of road seasonality in Russia are 

winter road and ice crossings, as defined in State 

standard 58948-2020 (2020) and Basic terms (2024), 

and summer roads. For the seasonal roads, the main 

focus of a large number of works by Russian specialists 

is on the winter roads. Winter roads (zimniks - in 

Russian): During the winter, some portion of the 

transport network consists of winter roads, which are 

laid across the ice of rivers and lakes, as well as on 

snow and ice. These roads are crucial for logistics and 

the delivery of goods to remote regions, especially 

when river transport is not feasible. Summer roads 

(letniks - in Russian): temporary ground roads used for 

specific purposes, such as logging or firefighting. These 

roads often lack a solid surface and can be used year-

around. Forest roads as part of forestry infrastructure 

(Forest Code of the Russian Federation, 2006) can be 

used for both winter and summer operations. 

In the paper, we considered only winter roads. 

Despite the fact that winter roads are important 

infrastructure facilities for the regions of Russia 

(Morozov et al., 1969; Agapov, 2021), they determine 

access to forest resources, yet their accounting is almost 

not nonexistent at the federal, regional and local levels. 

Studies on the seasonality of road use in infrastructure 

projects (Vorontsova, 2017; Nokelainen, 2021; Kuklina, 

Osipova, 2018; Kopylov, 2022) and in forestry are few 

and represented by examples for the Arctic and 

subarctic regions of Russia, the Republic of Sakha 

(Yakutia) is the most frequent object of interest for 

winter roads (Suleymanov, 2022). An example of the 

Republic of Karelia in the 1999-2009 survey interval 

shows a positive relationship between the volume of 

timber removal and weather conditions under which 

winter roads can be operated (Prokopyev, Ryazantsev, 

2018). Forestry logging production, depending on 

season, is assessed in the number of studies 

(Shegel’man et al., 2007; Shegel’man, Lukashevich, 

2011). 

Practice has shown that the most promising type of 

winter forest road pavement is ice pavement, which 

ensures a temporary road remains functional throughout 

the winter season. In Russia, it is necessary to extend 

the operation of winter roads as much as possible. In 

this case, the key role belongs to economic aspects, 

since the existing year-round roads are insufficient, and 

the cost of timber removal in winter is significantly 

lower than in summer. Therefore, extending the service 

life of winter roads is an urgent task. 

 

2.3. Study Area: Krasnoyarsk Krai 

Krasnoyarsk Krai is a part of the Siberian Federal 

District, which has various types of transport facilities: 

ground (railways. roads, pipelines), water (sea and 

river), and air transport (Beresnev et al., 2017; 

Bezrukov, 2018). Railway transport was most 

developed in the south of Siberia, where the latitudinal 

Trans-Siberian and eastern sections of the Central 

Siberian and South Siberian railways pass with a branch 

towards South Kazakhstan (Plisetskiy, 2008).  

In Krasnoyarsk Krai, seasonal roads include winter 

and summer roads, both of which lack permanent 

surfaces and are highly sensitive to climatic variations. 

Winter roads are constructed over compacted snow or 

directly on frozen rivers and lakes. Their operation 

period depends on average sub-zero temperatures, snow 

compaction, and regional freeze-thaw cycles. We know 

that difficulties in winter road operation in the future 

will be largely due to the projected increase in the 

frequency of hazardous weather conditions, as 

described for Tomsk region (Barashkova et al., 2012). 

Research on the territory of the Ikutsk region shows the 

value of forest roads and their use in winter for forestry 

management (Bogomolova, Davudova, 2016; 

Bogomolova, Birukova, 2023). In 2024-2025 a series of 

conference papers focused on seasonal roads, namely: 

Podolskaia and Sinitsina (2024a; 2024b; 2024c) and 

Sinitsina and Podolskaia (2025). 

Krasnoyarsk Krai spans 2.3 million km2, with a 

latitudinal range crossing several climatic zones, from 

taiga to tundra. Forest exploitation is concentrated in 

central districts, while the north remains sparsely 

populated and has poor road infrastructure 

(Vladimirova, Zlobin, 2013; Goryaeva et al., 2020; 

Medvedev et al., 2021). Over 29,000 km of winter 

roads are listed in the regional Forest Plan (Forest Plan 

of Krasnoyarsk Krai, 2019-2028). Krasnoyarsk Krai is 

characterized by the significant remoteness of many 

settlements and industrial sites, complicating transport 

accessibility. Long distances and complex terrain 

require careful planning and modeling of transport 

routes (Podolskaia et al., 2019). In forested areas, 

permanent roads are often absent, necessitating the use 

of temporary paths and specialized vehicles for travel. 

In the summer, Krasnoyarsk Krai frequently 

experiences forest fires, requiring rapid planning of 

firefighting and evacuation routes (Sokolov et al., 

2016). Transport modeling must account for quick 

access to fire hotspots and population evacuation (Akay 

et al., 2022; Podolskaia et al., 2020a; Podolskaia et al., 

2020b; Podolskaia et al., 2020c; Podolskaia, 2021a, 

2021b). The climate of Krasnoyarsk Krai, with its low 

winter temperatures and high summer humidity, affects 

road conditions and transport infrastructure. So, 
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seasonal factors play a serious role in the transport 

network modeling.  

Krasnoyarsk Krai has its own Forest Plan for 2019-

2028 (Forest plan of Krasnoyarsk Krai, 2019-2028). 

Timber roads in the Krasnoyarsk Krai are represented 

by roads with sand and gravel pavement and concrete 

track pavement, as well as year-round lying roads and 

winter snow and ice roads. On the territory of the forest 

fund of the Krasnoyarsk Krai, there are 29,950 km of 

winter roads. The most severe transport provision 

challenges are experienced by forestry enterprises in the 

north of the region and in the zone of the Lower Angara 

region.  

An overview map (Figure 1) visualizes the spatial 

extent of Krasnoyarsk Krai, its administrative–

municipal structure, major natural zones, and key 

transport infrastructures. The map integrates several 

geospatial layers: permanent road networks, winter 

roads, hydrology, settlements, and permafrost 

distribution. A multiscale cartographic base enables 

users to distinguish accessibility differences between 

southern, central, and northern districts. In the southern 

part, dense settlement patterns and railways 

predominate, while central districts demonstrate a 

mixed system of permanent and seasonal access routes. 

Northern territories depend heavily on winter roads, 

which serve as the primary logistical corridors 

connecting industrial facilities, remote settlements, and 

resource extraction sites. Mapping also highlights the 

spatial correlation between winter roads and river 

valleys, where ice crossings and frozen water surfaces 

historically serve as natural transport corridors. 

 

2.4. Climate change risks and features of winter 

roads operation in Krasnoyarsk Krai 

Several recent publications (2021–2025) examine 

the critical relationships between road infrastructure, 

climate change, and associated risks in the Russian 

Arctic and Siberia, including studies by Aibulatov et al. 

(2021), Kostianaia et al. (2021), Gvishiani et al. (2023a, 

2023b), Kostianaia and Kostianoy (2023), and 

Kostianoy et al. (2025). Krasnoyarsk Krai is a region 

located across several climatic zones: Arctic, subarctic, 

and temperate continental (Efimenko et al., 2014). As a 

result, winter conditions in the region vary in duration 

and temperature characteristics. However, across the 

entire territory, there is a general trend of increasing 

average annual temperatures. 

It is also worth noting that due to the diversity of 

natural zones within the region, there are significant 

differences in the construction of winter roads. The 

region can be roughly divided into the following zones: 

tundra and forest-tundra, taiga, and highly urbanized 

areas. In the tundra and forest-tundra zones, winters are 

characterized by low snowfall and a high proportion of 

permafrost. The taiga zone poses challenges for winter 

road construction due to its dense forest cover. In highly 

urbanized areas, winter roads are often laid out 

chaotically by road users seeking to shorten travel 

routes. 

There are risks associated with permafrost thaw, 

snowdrifts, and ice formation across the region. Despite 

ongoing proposals to improve winter road construction 

technologies (Asankozhoev et al., 2022), there is a need 

to adjust route networks to account for changing 

environmental conditions in the construction areas. As 

note by Chugunkova et al. (2018), logging activities in 

Siberia —and the associated need for winter roads—are 

expected to shift primarily northward, following forest 

migration patterns. Climate change affects timing of 

possible work on winter roads, which in general means 

changes in scenarios for building routes to forest 

resources and in the forest transport accessibility of the 

region (Milyaev, 2012; Mokhirev et al., 2018; Mokhirev 

et al., 2020). 

 

2.5. Methodology to Create a Dataset of Winter 

Roads 

The variability of winter conditions across zones, the 

instability of seasonal road geometry, and the lack of 

unified official mapping frameworks required a tailored 

geospatial methodology integrating vector, raster, and 

climate-based data sources. Methodology, therefore, 

incorporates multi-source harmonization, seasonal 

verification, and the extraction of environmental 

predictors that reflect these region-specific conditions. 

Figure 2 presents an overview of the data-processing 

workflow used to construct the winter road dataset. The 

diagram illustrates the three major stages of the 

methodology: (1) data acquisition, (2) systematization 

and harmonization of spatial information, and (3) 

analytical preparation leading to the final consolidated 

dataset. This workflow reflects the seasonal nature of 

winter roads, the variability of data sources, and the 

differences in data acquisition methods. 

 

2.5.1 Data Acquisition 

At the first stage, all available information related to 

winter roads and their environmental context was 

collected. The upper block of the diagram corresponds 

to this phase, which integrates: 

 Parsing of publicly available online resources; 

 Overpass API queries for extracting Open Street 

Map (OSM) features; 

 Google Earth Engine (GEE) for climatic and 

environmental raster data; 

 Scientific literature review to identify relevant 

indicators; 

 Data requests submitted to regional organizations; 

 Conceptual model of spatial data on road 

seasonality, guiding the selection of variables. 

Additionally, vector data from governmental 

registries (winter and permanent roads, hydrology, 

administrative boundaries), raster layers (snow depth, 

permafrost, forest cover, land use), and municipal 

statistics (population, settlement typologies, 
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development indicators) were included. Due to 

differences in temporal coverage and spatial resolution, 

the seasonality and relevance of these sources required 

additional verification. 

 

 

 

 
 

Figure 1. Study area (Krasnoyarsk Krai) 
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Figure 2. Methodology to create a dataset 

 

2.5.2 Systematization and Harmonization of Spatial 

Information 

Since the geometry of winter roads varies from 

season to season and depends on weather conditions 

and data collection techniques (GPS tracking, manual 

digitization, administrative reporting), special attention 

was given to spatial and attribute validation. As shown 

in the diagram, this step included: checking positional 

accuracy; detecting geometric inconsistencies across 

sources; filtering artifacts and duplicates; verifying the 

season in which each vector dataset was created. 

To ensure comparability across datasets, all spatial 

layers were harmonized to a common coordinate 

system, scale, and spatial resolution. This involved 

attribute normalization, classification unification, raster 

resampling, and intersection analysis to align vector and 

raster data within municipal boundaries. 

This corresponds to the systematization block on 

Figure 2, where inputs are transformed into the coherent 

geospatial structure. 

 

2.5.3 Analytical Preparation 

The validated and harmonized data were then 

consolidated into a single analytical table representing 

feature values for each municipality. The diagram 

shows this step through operations such as Python-

based data aggregation and topological validation. The 

integration process includes aggregating spatial metrics 

(length of winter roads, forest density, permafrost 

coverage, average snow depth), calculating distances 

and density-based indicators (to rivers, settlements, 

industrial sites), and generating synthetic variables, 

including seasonality indices. The output of this stage is 

a unified feature table, prepared for statistical analysis 

and machine-learning modeling. 

Finally, all aggregated indicators were transformed 

into numerical predictors suitable for ML algorithms. It 

includes deriving density-based variables, constructing 

binary factors related to seasonality, forming climatic, 

natural, and socio-economic features, and standardizing 

and normalizing variables. 

We have investigated the appropriate dataset size. 

Small ML-datasets are an interesting research area 

(URL-5) and have some special features, such as 

difficulties in extending them due to high cost and 

challenges in their collection (Bichri et al., 2023; 

Campbell, 2025). The modern approach to describing 

them is called a few-shot or zero-shot learning, which 

means using limited or no data (Peter, 2025). According 

to the Vorobyev (2021), despite difference in the tasks, 

data sources, and algorithms used, there is a steady 

decrease in the accuracy of machine learning models as 

the number of observations in training sets decreases. 

 

2.6. ML-Analysis Pipeline 

The ML analysis pipeline includes a large block of 

analysis of the main geographical and socio-economic 

features of winter road construction identified in 

scientific literature, along with their forecasting based 

on these factors. The training data includes 48 official 

road vector segments and more than 800 road vector 

data segments with a known operation time in days. 

These were split as 80/20 into training and test sets. 

Feature normalization (Starovoitov, Golub, 2021) was 
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applied using Scikit-learn’s MinMaxScaler. 

MinMaxScaler scales features to a specified range by 

subtracting the minimum value and dividing by the 

maximum value minus the minimum value. The ML-

analysis pipeline consists of several steps: data 

collecting, spatial data preprocessing, feature 

engineering, model training, and evaluation. The 

pipeline starts with a description of predictors. 

 

2.6.1 Predictors of Winter Roads 

Predictors are one of the key elements of a 

constructed dataset (Tagunov et al., 2022). We used the 

experience of their formation from the paper (Savin et 

al., 2022). A total of 9 predictors were used for ML 

modeling of winter road usability duration: 

 Mean snow height (raster, resampled to 500m: 

URL-6); 

 Elevation (GTOPO30: URL-7); 

 Distance to nearest settlement (calculated with 

QGIS: https://www.openstreetmap.org); 

 Land cover class (MODIS: URL-8); 

 Slope angle (derived from DEM, similar to 

elevation); 

 Road proximity to the rivers (Euclidean distance: 

URL-9, URL-10); 

 Forest area (EC JRC Global Forest Cover 2020: 

URL-11); 

 Permafrost (HSE geoportal: URL-12); 

 Urbanized territory (Rosstat statistics data: URL-

13). 

These predictors are the most informative. Elevation 

reflects the geodetic features and construction of winter 

roads, permafrost and snow cover influence the 

presence and operation of winter roads, the type of soil 

cover classifies the framework of land use in the 

municipality, distance to watercourses (rivers) reflects 

the main features of winter roads, and distance to 

settlements and urbanization reflect the qualitative 

features of winter roads. As part of the work, a number 

of other predictors (like woodlands) were considered, 

and their potential data dependencies were calculated. 

 

2.6.2 Data Collecting 

The first stage of work was the search for data on 

seasonal roads of Krasnoyarsk Krai. Researchers faced 

several difficulties: open data proved fragmented, and 

there is a lack of necessary semantics in the commercial 

data. 

1. A variety of sources were used for data collection: 

2. Open vector data: OSM, Natural Earth, geoportals 

in particular HSE; 

3. Raster data: global map of forest cover ONL EC, 

Agroecological Atlas of Russia, MODIS Land 

Cover (MCD12Q1) (URL-8), GTOPO30 DEM; 

4. Federal and regional sources: FGIS SKDRF (URL-

14) data from highway administrations (for 

example, Krasnoyarsk Krai); 

5. Requests to the organizations: requests were sent 

to government and commercial structures, but not 

all of them provided answers. The data from 

OGKU Tomskavtodor (URL-15), and the 

Krasnoyarsk Krai Highway Administration (URL-

16), which provided up-to-date tables with 

information about winter roads, were especially 

valuable. 

Because data is highly fragmented, it is necessary to 

implement methods for collecting and parsing data from 

other resources. During the 2024-2025 season, some 

winter roads were opened and closed several times 

because the region had a warm winter, which melted the 

snow and ice cover, making travel through the winter 

roads impossible.  

Incorporating seasonal road networks into a GIS 

framework poses significant challenges due to the 

highly specific, temporally dependent nature of data 

acquisition.  The geometry of seasonal roads varies 

from year to year and is strongly influenced by the 

chosen data-capture method. For example, vector 

features may be derived   from GPS tracks recorded 

during field operations or from manually digitized lines 

based on a user’s memory recollection of the route. 

Consequently, determining the season during which 

each vector dataset was created is essential, as it 

directly affects geometric accuracy and interpretability. 

 

2.6.3 Spatial data processing 

After collecting data, the stage of their 

systematization and processing in the GIS environment 

began. The following operations were performed: 

 Geocoding: conversion of tabular data into spatial 

objects (for example, winter roads of the 

Krasnoyarsk Krai); 

 Map checking: troubleshoot errors in the topology 

of the road network (breaks, overlaps); 

 Analysis of intersections: study of the interaction 

of Seasonal roads with other objects (power lines, 

reservoirs, swamps); 

 Generating layers: formation of separate layers for 

winter roads and roads of constant use; 

 QGIS-mapping tools were used to visualize the 

data. 

The dataset was compiled using a combination of 

geospatial and statistical methods, including zonal 

statistics, median and modal aggregation, nearest hub 

distance algorithms, elevation and slope analysis from 

GTOPO30 using Python scripts, as well as land cover 

classification extraction from GEE and Hansen Global 

Forest Change via JavaScript scripting. 

At the primary processing stage, the data were 

cleaned and organized: 

 Parsing and systematization: analysis of scientific 

literature and data from open sources to clarify 

road attributes; 
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 Create dataset: combine data into a single model 

that includes information about seasonality, 

condition, and road geometry; 

 Relevance check: elimination of outdated data 

(some vector sources have remained unchanged for 

over 3 years). 

 

2.6.4 Feature Engineering: Extraction of Predictors 

into Pandas Data Frame 

Feature engineering in this context involves 

transforming raw data into informative predictors for 

each data segment. This is done by aggregating time 

series or grouped data using statistical measures 

(means, standard deviations, etc.), which are then stored 

in a structured Pandas Data Frame for further analysis. 

This reduces data dimensionality while preserving key 

patterns and prepares the data for machine learning. 

 

2.6.5 ML-Analysis, Results Evaluation: Using 

Methods from Scikit-learn Library 

ML-analysis methods include linear regression, 

Ridge (linear with L2 regularization), Lasso regression 

(linear with L1-regularization), Decision tree, Random 

Forest (random forest regressor), Gradient Boosting 

regressor, and Gist gradient accelerating regressor 

(Pedregosa et al., 2011). Model training ends with 

evaluating of its results by calculating metrics. 

 

3. Results and Discussion 

3.1. Winter Road Dataset of Krasnoyarsk Krai 2024-

2025 

A hybrid data acquisition strategy was employed to 

build the winter roads dataset. Vector data from OSM 

(tagged as highway=winter_road, ice_road=yes) formed 

the baseline geometry. This was supplemented by 

krudor.ru tabular listings of active winter roads. The 

geometry of roads officially represented by the regional 

state government agency, the “Directorate of Highways 

in Krasnoyarsk Krai,” was also extracted. This 

extraction used Python parsing with the Beautiful Soup 

library on the website of the control system for the 

formation and use of road funds. Raster data was 

further added, including forest, altitude and climate 

data, from Google Earth Engine and the USGS 

EarthExplorer website. Additional vector data, 

administrative vector boundaries and permafrost from 

the HSE geoportal. Oil and gas pipeline network data 

from the ArcGIS Hub website, watercourse data from 

the Natural Earth website (with adjustments based on 

OSM data), and data from the Federal Statistical 

Service for the region were also added for calculating 

population density and other socio-economic indicators.  

Using the classification from the Ministry of 

Transport of the Russian Federation and field-based 

literature, roads were segmented into seasonal and 

permanent categories. The geodatabase generated 

includes over 800 segments. These were tagged with 

seasonality attributes extracted from OSM, the Federal 

State Information System for Monitoring the Formation 

and Use of Road Funds (FGIS SKDF), and datasets 

from the Krasnoyarsk Krai Highway Administration. 

Several roads were inspected using visible=range 

satellite images, cartographic web services, and 

municipal-level data from the HSE geoportal. Table 1 

summarizes the update dates, scale or spatial resolution, 

and projection systems, and other parameters of 

collected data. Additional filtering and geometry 

cleaning were done using the Topology Checker plugin 

in QGIS, as well as a manually created Python script for 

correctly reprojecting a large amount of raster data. 

The density map of winter roads (Figure 3) 

demonstrates the quality of open vector data. Using the 

qualitative background method, the density of all types 

of open data vector roads is displayed on the map, and 

their numbers are shown by the municipality. We noted 

that the highest density is observed in small 

municipalities, and the length and number of winter 

roads in them may be the smallest among 

municipalities. The map also shows the number of 

crossings of winter roads with watercourses (rivers). 

 
Table 1.  Sources of collected data on the winter roads of Krasnoyarsk Krai 

Source Layers Data type Spatial 

resolution 

Access 

date 

Last 

update 

date 

Comments 

 

Road Funds Control System  

(FGIS SKDF: URL-16) 

Roads of all types  Vector, 

Tabular 

Multi-

scale  

04/01/2025  07/10/2025 Data on 

roads in the 

region used 

to correct 

OSM 

geometry 

GTOPO30: URL-9) Elevation and 

Slope  

Raster 30x30 arc-

seconds  

04/01/2025 07/16/2025 DEM data 

on 

elevation 

and slope 

steepness 
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Figure 3. Density of winter roads by municipalities in Krasnoyarsk Krai 

(sources: OSM and Road Funds of FGIS SKDF) 

 

3.2. ML-Analysis of Winter Road Dataset of 

Krasnoyarsk Krai 2024-2025 

Results of ML-analysis of winter road dataset 

indicate that forest area (correlation coefficient ρ=0.78), 

permafrost coverage (ρ=0.74), and snow depth (ρ=0.61) 

are the strongest predictors of winter road presence and 

usability. Predictors related to the socio-economic 

factors show moderate correlations (ρ=0.3–0.5). The 

best ML-model performance was achieved using a 

Random Forest (determination coefficient R²=0.84, 

mean absolute error MAE=6.3 days when selecting 

only data with an opening and closing date). Based on 

the regression and correlation calculations (Spearman, 

Kendall, Pearson), the following predictors can be 

estimated:  average volume of snow cover, altitude 

above sea level, proximity to the nearest settlement, 

forest area, class of ground cover, winter road’s 
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proximity to the rivers, permafrost area, and 

urbanization.  

The following observations arise when combining 

predictors: 

1. Forest area and permafrost are significant 

predictors in both Linear and Lasso regression 

models, with R²=0.82, demonstrating a strong 

relationship with the target variable, forest 

resources accessible in winter. The multiple 

correlation is 0.92; 

2. Rivers, permafrost area, and average snow 

cover height show high prediction in linear and 

lasso regressions of R²=0.5, which is a 

moderate explanatory ability; 

3. Among other roads, the construction of winter 

roads is influenced by unclassified roads, with 

R² for various models above 0.5. It should also 

be noted that other predictors often have R² 

values above 0.3, indicating moderate 

associations, but, given the specifics of small 

datasets, they cannot be accepted as true and 

require further investigation. 

 

We evaluated the results using several criteria linked 

to the quality and analytical suitability of the geospatial 

data.  First, the created dataset demonstrates strong 

internal consistency: spatial metrics derived from 

different sources exhibit stable relationships and do not 

contain anomalies typically associated with seasonal 

road networks with low standardization.  Second, cross-

validation using official registries and independent 

satellite observations confirms that the geometry of 

winter roads is consistent with the actual conditions of 

the 2024-2025 season.  Third, the final feature table 

supports the correct operation of basic ML approaches 

(regression, Random Forest), which indicates that the 

dataset is sufficiently reliable for further predictive 

modeling.  Overall, the results can be considered 

accurate, robust, and suitable for analyzing seasonal 

accessibility and the factors shaping the winter road 

network. 

The ML-dataset generated is a basis for a spatial 

model of the road network in Krasnoyarsk Krai (URL-

17). The ML-analysis pipeline was transformed into a 

Python-based GUI tool that provides semi-automatic 

dataset analysis. It includes modules for spatial data 

import, ML-prediction, and risk zone mapping based on 

user-defined thresholds. At the moment, the tool is 

under active development. 

The dataset is projected to expand substantially 

expansion in the coming years for several reasons. First, 

annual reconstruction of winter-road routes, which shift 

due to weather patterns and economic activity, is 

expected to add approximately 10–20% of new 

geometries each year. Second, increased data 

availability from governmental sources is anticipated, 

as several organizations, including forestries, 

emergency services, dispatching units, have confirmed 

readiness to provide regular updates, thereby increasing 

temporal granularity. Third, integrating new auxiliary 

data streams, such as additional climate series, incident 

statistics, and vehicle GPS tracks, will add new 

features. 

 

4. Conclusion 

We aggregated data on the winter roads in the 

Krasnoyarsk Krai into an ML-dataset with a structure 

format and quantitative parameters. The dataset 

contains 60 records on municipalities and 813 winter 

road segments and is updated as of 17/07/2025, 

including all the collected data from the 2024-2025 

season. Analysis of winter road density shows strong 

spatial concentration in central and southern areas, 

while northern municipalities contain long, sparse 

corridors aligned with major rivers. Correlation analysis 

shows that forest area (ρ=0.78), permafrost coverage 

(ρ=0.74), and snow depth (ρ=0.61) have the strongest 

relationships with winter road operational duration. 

Among ML models, Random Forest produced the best 

performance (determination coefficient R²=0.84, mean 

absolute error of average exploitation forecast 

MAE=6.3 days). The dataset will be further updated for 

the next winter roads operation season, which is 

preliminarily planned for November 2025 - April 2026. 

The novelties of this work are to produce a structured, 

geospatially rich road dataset in a region where no such 

dataset previously existed, and to demonstrate its use 

for future climate risk assessment and regional 

infrastructure planning. 

We state that the ML-dataset with winter roads is a 

subject of future improvement and should be extended 

in its length by collecting year-by-year statistics and 

attribute values from different sources. Due to the lack 

of datasets of this type, we consider the work a first 

attempt at data collection for the regions of the Siberian 

federal district. A specific feature of winter roads in 

Russia is not just their seasonal status due to the nature 

and climate change, but also the combination of legal 

and illegal operation, which is practically difficult to 

manage and update for use. Amelioration of dataset’s 

attributes has been a constant, ongoing effort since 2024 

to provide a comprehensive statistical picture of the 

seasonal roads of the Siberian federal district for the 

years to come.  

The implementation and development of winter 

roads datasets for the Krasnoyarsk Krai could be part of 

a number of projects that involve road infrastructure. 

Forestry, agriculture, petroleum, regional development, 

ground transport accessibility for people and goods, 

economic assessments, and permafrost evaluation are 

possible areas of practical value. Our project is 

comparable to international experience in scale and 

analytical goals, but it is one of the first in Russia to 

integrate GIS data, official registries, and climatic 

layers into an ML-ready dataset of winter roads, thus 

filling a notable methodological gap. 
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Collecting data on summer temporary roads 

(“summer tracks”) is feasible but requires adapted 

procedures. Summer roads are often documented 

informally, primarily as GPS tracks from forestry 

machinery or internal enterprise records. Several 

regional organizations have already expressed readiness 

to share such data voluntarily. Satellite imagery, 

including Sentinel-2 and Planet Scope, captures 

summer tracks more effectively than winter roads. This 

increases mapping opportunities. Based on the current 

outreach and available remote sensing data, we estimate 

that an initial dataset of summer roads for central and 

southern districts of the region can be developed by 

2026–2027. 

This will enable dual-season accessibility modeling, 

significantly strengthening the analytical potential of 

the study. 

Several advanced AI approaches remain promising 

for the analysis of seasonal transportation networks, 

namely multifactor ML-modeling, Deep Learning 

spatial modeling, and computer vision (CV). 

Multifactor modeling includes widely used Random 

Forest and XGBoost (to evaluate the importance of 

environmental and socio-economic predictors) and 

SHAP analysis, providing interpretable insights into 

how climate factors influence winter road formation. In 

the Deep Learning domain there are Graph Neural 

Networks (GNNs) to model winter roads as dynamic 

graphs and to identify bottlenecks, failure-prone 

segments, and unstable crossings, and spatio-temporal 

transformers to learn temporal climate patterns to 

predict operational windows. Computer vision 

techniques use firstly combination of Convolution 

Neural Networks (CNN) with satellite imagery to detect 

emerging winter roads and annual route changes, and, 

secondly semantic segmentation with U-Net, DeepLab 

architectures to classify terrain types (snow, ice, forest, 

wetlands) and detect potentially hazardous areas. 

AI can provide potential new insights into several 

key tasks: identifying climate-sensitive zones, 

determining municipalities at high risk of seasonal 

inaccessibility, establishing annual “shift corridors” 

where winter roads relocated; analyzing the 

relationships between operational duration and 

microclimatic regimes, and examining the correlation 

between forest exploitation and machinery movement 

on seasonal road layout. 
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