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Abstract: Floods during spring ice run are among the most hazardous hydrological phenomena
at the rivers of the northern part of the European territory of Russia (ETR). This paper presents
an original approach to classifying the peak levels of spring ice run against the critical water level
thresholds (markers of adverse and hazardous phenomena) during spring ice run in the lower reaches
of the Onega, the Northern Dvina, the Mezen, and the Pechora rivers. This approach is based on
the consolidation of heterogeneous data in spatiotemporal neighborhoods and the application of
machine learning methods. A comprehensive dataset, which includes long-term hydrological and me-
teorological observation series for 1961–2023, channel and catchment morphometric characteristics,
and ice regime indicators, aggregated within a circular neighborhood with a radius of 25–250 km
around 29 hydrometric stations, has been developed. On the basis of the analysis of hydrological
data of 7 locations in the lower reaches of the studied rivers, the effectiveness of classical models of
machine learning for binary classification of hydrological situations is demonstrated (“no adverse
or hazardous phenomenon” / “adverse or hazardous phenomenon”). Five machine learning model
training strategies have been tested (general training, spatial generalization across basins and stations,
and isolated training). Isolated training was found to provide the best classification quality for three
of the four studied basins (Onega, Northern Dvina, Mezen; F1-macro 0.684–1.000), while model
transferring between river basins has demonstrated lower quality (F1-macro 0.255–0.608) due to the
high specificity of local hydrological conditions. Spatial generalization at the station level within
a single basin (F1-macro 0.684–0.774) is recommended when observations are limited. Feature
importance analysis revealed the key role of temperature, precipitation, and hydrological predictors.
The developed methods can be useful in planning emergency prevention measures.
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1. Introduction

Among the hazardous hydrological phenomena, ice-related flooding occupies a special
place. Such ice-related flooding occurs during the cold season. Ice-related flooding is
accompanied by ice overflowing onto the shore, and has additional danger since in addition
to flooding it can cause damage to residential buildings, infrastructure, and hydraulic
structures. As a result, the damage from ice-related floods often exceeds the one from open
water floods (at similar water levels) [Kozlov et al., 2015]. At the Russian Arctic rivers, the
highest annual water levels are often observed during the breakup period, that is, during
spring ice run and ice jams [Agafonova and Vasilenko, 2020].
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The highest levels of spring ice run in the studied river sections depend largely on two
main factors: water flow and ice conditions, i.e., they have runoff, ice run, and sometimes ice
jam components [Regularities. . ., 2012]. Therefore, when developing forecasting methods,
it is necessary to consider both the factors that shape spring runoff and the factors that
determine ice breakup conditions.

The main factors shaping runoff during the snowmelt flood period (and the runoff
component of water levels) are snow water equivalent, precipitation (liquid and solid), heat
exchange determining the intensity of snowmelt and evaporation, and the water absorption
capacity of the basin, which determines potential runoff losses. Traditional methods for
forecasting flood characteristics are either based on water balance calculations or rely on
empirical relationships with 2–3 selected predictors (snow water equivalent, soil freezing
depth, and soil moisture). There are also forecasting methods based on runoff formation
models [Simonov, 2023; Varentsova et al., 2022].

The ice component of the water level is determined by the conditions of the spring
ice run, the thickness of the ice floes, and the presence of ice jams in the channel. In
hydrological practice, methods are being developed for forecasting specifically ice jam
levels. Forecasting ice run levels is a more general case, but the predictors of these
phenomena are essentially the same. Such forecasts are based on empirical relationships,
in modern practice by applying logistic regression or classical machine learning methods
(artificial neural networks, decision trees, etc.) [Blaskey et al., 2024; Iglin et al., 2025;
Malygin and Aleshin, 2022; Semenova et al., 2020; Sumachev et al., 2024; White, 2003]. The
main predictors that should be taken into account were identified back in [Shulyakovsky,
1951]. A slightly revised list of predictors looks like this: water discharge at the ice edge
(as a characteristic of the runoff component of the water level and the water conditions
during spring ice run), water level at the onset of freeze-up (as a characteristic of freezing
conditions and an indicator of hanging dams), and ice thickness (a characteristic of winter
conditions and the volume of ice participating in ice run). Instead of water discharge, the
rate of water level rise before breakup is sometimes used; instead of ice thickness, the
accumulated freezing degree-days is used; instead of the freeze-up level, the duration of
autumn ice run and slush run, or predictors based on air temperature data, are used. For
rivers freezing due to accumulation of frazil ice and slush, the highest water level at the
onset of freeze-up is used; for other sections, water discharges or water levels, as well as ice
thickness before the onset of breakup, are used [Buzin, 2015; Madaeni et al., 2020].

In the review [Soloviev and Lisenkov, 2024] it is demonstrated that accounting for the
full range of hydrometeorological characteristics and identifying nonlinear relationships
between them using classical empirical approaches can be challenging. Systems analysis
facilitates the consideration of a river basin as a single system with multiple interconnected
characteristics, but it does not always provide the tools to automatically extract hidden
patterns from large arrays of heterogeneous data. Machine learning methods, a key
technology of artificial intelligence, overcome this limitation and make it possible to
work with a large number of predictors and automatically identify hidden patterns and
nonlinear dependencies. Thus, systems analysis provides a conceptual framework and
meaningful interpretation of the processes under study, while machine learning serves
as a universal tool for automatically identifying nonlinear patterns in large arrays of
heterogeneous data. Their combined application opens up extensive opportunities in the
Earth sciences.

As a basic approach to develop a method of classifying peak levels of spring ice runs
against the critical water level thresholds, the method of building classification models on
the basis of a deliberately redundant set of predictors has been used.

The aim of the present work is to identify the prerequisites of spring ice run when the
water peak level attains critical thresholds on the basis of a wide spectrum of heterogeneous
geospatial data, to develop and validate a methodology for their consolidation in spatial
neighborhoods for constructing machine learning classification models with assessment
of generalization capability under various spatial transfer strategies, as well as to identify
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the most informative predictors and their combinations that describe the prerequisites
for hazardous water levels during spring ice run in the lower reaches of northern ETR’s
rivers. The results of feature importance analysis provide the basis for constructing simpli-
fied, lower space dimension models applicable for short-term and long-term hydrological
practical forecasting.

2. Materials and Methods

To develop methods for classifying peak spring ice run levels against the water level
thresholds the following four river basins have been selected: the Onega, the Northern
Dvina, the Mezen, and the Pechora river basins. The sections under study are the lower
reaches of these four rivers. This region belongs to the subarctic and temperate climate
zone. The climate of the territory is characterized by severe, long winters and short, cool
summers (https://nationalatlas.ru/, https://gis.gcras.ru/).

Spring ice breakup for the Northern Dvina, the Mezen, and the Pechora (to a lesser
extent for the Onega River) occurs primarily due to the impact of dynamic factors, that is,
flood waves and increasing water flow. Ice breakup is often accompanied by the formation of
ice jams. During ice run, ice jams can be formed in areas with insufficient ice-permeability
(i.e., at sharp bends, narrowings, and channel forks).

The highest annual water levels at the studied river sections are often observed
precisely during the period of ice breakup and clearing; for the lower reaches of the
Northern Dvina, the Mezen, and the Pechora rivers, this occurs in 60–70% of cases (for the
lower reaches of the Onega River, in 20% of cases) [Agafonova et al., 2016].

The subject of the present research is the study of the highest water level during spring
ice run at target hydrometric stations. Target stations are those selected for this study on the
basis of the availability of hydrological data. Model training and performance assessment
have been carried out for the target stations. Other stations, whose data have also been
used to generate the input data, are designated as additional stations. Observations are
organized within a hydrological year, spanning the period from October 1 to September 30
and incorporating all phases of the ice regime, from ice occurrence to ice clearing. At the
rivers of the research area, the highest annual water level may occur both during spring
ice run and after ice clearing, depending on the specific hydrological conditions of a given
year. When the highest annual level is formed during the ice run period, it can reach
critical levels established for a given post and corresponding to the criteria of adverse and
hazardous hydrometeorological phenomena. As the critical thresholds for water level, the
values established by Rosgidromet for each station were taken. The adverse and hazardous
phenomena are defined as per criteria of “Criteria of Hazardous Hydrometeorological
Phenomena” (Regulatory Document 52.04.563-2002):

• Adverse Hydrometeorological Phenomenon (AHMP) – is the hydrometeorological
phenomenon that significantly hinders or impedes the work of business units and
economic sectors but does not meet the criteria of the hazardous phenomenon;

• Hazardous Hydrometeorological Phenomenon (HHMP) – is the meteorological, agrom-
eteorological, hydrological, or maritime hydrometeorological phenomenon and/or
complex of hydrometeorological conditions that, due to its value, intensity, or duration,
poses a threat to human safety and may cause significant damage to infrastructure
facilities and the population.

The task is to provide the binary classification of the highest levels of water during
the spring ice run according to the following: the highest ice run level belongs either to the
“no AHMP/HHMP” class – if the level does not reach the critical threshold of AHMP, or to
the “AHMP/HHMP” class – if this level is at or over-the-top of the critical threshold level
of AHMP/HHMP (Figure 1).

To address the task of classification of hydrological phenomena, machine learning
methods were used. The training was carried out on the basis of heterogeneous data related
to the subject of research, including: meteorological (air temperature, precipitation) and
hydrological (water levels and discharges, ice thickness, timing of ice phenomena) observa-
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Figure 1. Water levels during the spring ice run on the Northern Dvina River – Ust-Pinega village:
two hydrological-year scenarios (2020→ AHMP/HHMP, 2021→ “no AHMP/HHMP”); the level
fluctuation during the spring ice run is provided in the insets.

tions at selected hydrometric and meteorological stations; morphometric characteristics
of the river network and catchment basins (slopes, channel sinuosity, catchment area);
hydrological vector maps IIASA (https://gis.gcras.ru/), constituting the sets of polygons
with homogeneous hydrological indicators.

To consolidate these heterogeneous data and prepare them for use in machine learning
models, the spatiotemporal neighborhood approach described in [Lisenkov et al., 2025]
was applied. This approach is widely used in solving geophysical problems, in particular
in morphostructural zoning (MSZ) methods used to identify seismically active areas. For
example, in [Gvishiani et al., 2016, 2021; Soloviev et al., 2013]. In the present study, this
approach is applied for the first time to the problem of hydrological classification.

When organizing the data preparation process for training and testing models, the
specifics of spatial structure of hydrological and meteorological observation points were
taken into account. River basins are relatively isolated hydrological systems, and therefore
correlations between hydrological characteristics exists for stations within a single river
basin only. At the same time, meteorological observations are not tied to river catchments.
Flat areas are characterized by high spatial connectivity of meteorological fields. Therefore,
data from meteorological stations located both within and outside such basins could be
used to reconstruct hydrological conditions, provided the distance from the reference
gauge section is taken into account. The applicability of data from a meteorological station
is determined by its remoteness from the hydrometric station and its position relative to
the basin boundaries.

The hydrological input data consisted of observations of water levels, discharges, ice
phenomena, and ice thickness at 29 hydrometric stations. For each river basin, target
stations were identified (70011, 70842, 70801, 70844, 70847, 70827, 70834). Classification
of hydrological situations was implemented for these target stations (Figure 2).

When constructing the dataset for each target station, data from all stations located
upstream of the target station in the same basin were used as additional input. If there
were multiple target stations in one basin, data from upstream stations were included
as additional predictors for downstream target stations. Data from downstream target
stations were not used, as information about downstream river conditions cannot be used
as a predictor for upstream sections.

Eleven meteorological stations located within the research area were selected to
provide for meteorological observations. During the initial processing of meteorological
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data, the proximity of the meteorological stations to the hydrometric station was accounted
for. When determining the spatial neighborhood radius for data aggregation, the necessity
to ensure complete coverage of the target and additional stations with meteorological
observations was taken into account.

An analysis of the spatial distribution of the meteorological stations revealed that
a radius of 125 km ensures that at least one meteorological station is located within the
neighbourhood of each target and additional hydrometric stations. But to achieve stable
averaging of meteorological data and account for the spatial variability of meteorological
conditions it is imperative to have several meteo stations within the neighborhood of each
hydrometric station. This is assured with a neighborhood radius of R = 300 km.

Figure 2. Geographical location of the hydrometric and meteorological stations selected for the
research (1 – target hydrometric stations, 2 – additional hydrometric stations, 3 – meteorological
stations).

The above-described list of hydrometeorological data was supplemented by the fol-
lowing geospatial data related to the research subject:

• FABDEM (Forest and Buildings removed Copernicus DEM) digital elevation model
with a spatial resolution of 30 m in GeoTIFF raster format [Hawker et al., 2022];

• the HydroRivers river network database in ESRI Shapefile vector format, containing
information on the morphometric characteristics of river streams, including length,
slope, catchment area, and stream order [Lehner and Grill, 2013];

• thematic hydrological maps of the International Institute for Applied Systems Analysis
(IIASA) in ESRI Shapefile vector format, characterizing the spatial distribution of river
runoff, snow, and ice cover, published on the geoinformation portal of the Geophysical
Center of the Russian Academy of Sciences (GIS “Arctic”) (https://gis.gcras.ru/).

In accordance with the approach of [Lisenkov et al., 2025], heterogeneous geospatial
data from HydroRivers, FABDEM, and thematic IIASA maps were aggregated into circular
neighborhoods with a radius of 25 to 250 km, with a step of 25 km, centered at the locations
of 29 hydrometric stations, and presented as a set of quantitative parameters. All possible
combinations of neighborhoods’ radii were considered for each type of geospatial data
(Figure 3).

The resulting feature vector, describing the research subject for each target station in
a given hydrological year, contains three types of data: characteristics of the target station,
characteristics of additional stations in the same river basin (up to nine stations), and
characteristics of meteorological stations located in the neighborhood of both the target
station and each of the additional stations. If there are multiple meteorological stations in
the neighborhood of a single station, their readings are averaged.
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Figure 3. Formation of spatio-temporal neighborhoods for the aggregation of heterogeneous geospa-
tial data (using the Onega River basin as an example).

Taking into account the specifics described above, the final dataset contains 10,625
examples (observation vectors), each characterized by 5,074 features (Table 1). The high
dimensionality of the feature space is due to the inclusion of a complex of hydrological,
meteorological, and geospatial characteristics for the target and additional stations, as well
as the use of different neighborhood radii for geospatial data consolidation.

Table 1. Structure of features for the training data array

Group of Features
Quantity

of
Attributes

Description

Base 4
Hydrological year, River basin, Max ice run
level (Hir), event class (“no AHMP” and
“AHMP/HHMP”)

Target gauging stations (target_*) 20
Coordinates, radius, and neighborhood type
for data consolidation, morphometry,
hydrological indicators

Target and additional stations meteorological
data (meteo_*_target, hydro_N_meteo_*)

590
[1 target + 9 additional] × 59 features each
(including the neighborhood radius for
obtaining meteo data)

Additional basin gauging stations (hydro_N_*) 180

Up to 9 slots × 20 features each (Coordinates,
radius, and neighborhood type for geospatial
data consolidation, morphometry, hydrological
indicators)

FABDEM 410 [1 target + 9 additional] × 41 features each

HydroRivers 480 [1 target + 9 additional] × 48 features each

IIASA Hydrological maps 3390 [1 target + 9 slots] × 339 features each

Note. In feature names, the element target (prefix target_ or suffix _target) denotes a feature of the target
station; the prefix hydro_N_ denotes the N -th additional (upstream) station within the same basin (N = 1 . . .9);
meteo_ denotes meteorological features aggregated within the neighborhood of the corresponding station.

Using the generated dataset, five series of experiments as described below were
conducted to evaluate the generalization ability of machine learning models and their
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applicability to various spatial conditions. These experiments differed in their training
strategies and data partitioning into training and test sets.

• Experiment I (general training): All data were distributed in a ratio of 80% for training
to 20% for testing, using stratification by river basin, target point, and event class (“no
AHMP”, “AHMP/HHMP”).

• Experiment II (spatial generalization across the river basins): The model was trained on
data from three river basins and tested on a fourth basin, which was not involved in the
training. A total of four experimental scenarios were conducted using a “leave-one-out”
approach, with each basin in turn assigned as a test basin.

• Experiment III (spatial generalization across target stations): The model was trained
on data from six target stations and tested on a seventh station, which was not involved
in the training. A total of seven experimental scenarios were conducted using a “leave-
one-out” approach.

• Experiment IV (isolated training across basins): A separate model was created for each
river basin. The data from each basin were divided into training (80%) and test (20%)
sets, independently of the other basins, using stratification by target gauging stations
and event class (“no AHMP”, “AHMP/HHMP”).

• Experiment V (isolated training by target gauging stations): A separate model was cre-
ated for each target station. The data from each gauging station were divided into train-
ing (80%) and test (20%) sets, stratified by event class (“no AHMP”, “AHMP/HHMP”).

The binary classification of hydrological events was implemented using ensemble ma-
chine learning methods: ExtraTrees, RandomForest, GradientBoosting, Logistic Regression,
and an MLP multilayer neural network. In the resulting dataset, observations for which
critical thresholds had not been exceeded (“no AHMP/HHMP”) comprised 73% of the
sample, while observations for which critical thresholds had been reached or exceeded
(“AHMP/HHMP”) comprised 27%. To account for and counter-balance this class imbalance
during training, the following methods were used: sample-based minority class expansion
(SMOTE) and setting different class weights during training [Elreedy and Atiya, 2019].

The quality of the models was assessed using F1-score metrics (weighted and macro),
as well as Precision and Recall for the “AHMP/HHMP” class. Detailed definitions and
calculation formulas for these metrics are provided in [Lisenkov et al., 2025]. For inter-
pretive convenience, the following indicative thresholds were introduced in this study:
F1-macro ≥ 0.5 (satisfactory quality), F1-macro ≥ 0.7 (good quality). Preference was given
to the F1-macro metric as the most informative for imbalanced classes, since it equally
considers the classification quality of both classes, regardless of their ratio in the sample.

3. Results and Discussion

The results of classifying adverse and hazardous hydrological events demonstrated
varying effectiveness of the developed models depending on the chosen training strategy
and the characteristics of the target stations (Table 2).

General training on an integrated sample for all basins (Experiment I) demonstrated
good classification quality (F1-macro in the range of 0.455–1.000) and practical applicabil-
ity. However, the results are significantly determined by the class balance: at sites with the
“AHMP/HHMP” proportion of less than 10%, the model tends to degenerate into predicting
the dominant class (“no AHMP/HHMP”), which artificially inflates the F1-weighted value
(up to 0.886) at a low F1-macro (0.455–0.480). The general training strategy does not
ensure stable classification quality at sites with sharply different class proportions and is
recommended as a baseline for subsequent experiments only.

Spatial generalization across river basins (Experiment II) did not yield the expected
results: low F1-macro values (0.254–0.608) indicate the high specificity of hydrological
conditions and the impossibility of successfully transferring the models between different
catchments without significant loss of quality.

In contrast to Experiment II, spatial generalization across target stations (Experiment
III) demonstrated potential for practical application. For the Pechora and the Onega basins,
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Table 2. Results of the binary classification of hydrological events: “no AHMP” vs “AHMP/HHMP”

Experiment River Basin
Station
Code

Precision Recall F1 Macro
F1

Weighted
Sample

Size
Best Model

I
(General)

Onega
70011 0.827 0.843 0.659 0.815 370 ExtraTrees

70842 1.000 1.000 1.000 1.000 320 ExtraTrees

Northern
Dvina

70801 0.694 0.833 0.455 0.758 300 —

Pechora
70827 0.933 0.800 0.688 0.838 250 —

70834 0.833 0.833 0.455 0.833 300 —

Mezen
70844 0.852 0.923 0.480 0.886 325 —

70847 0.833 0.833 0.455 0.833 300 —

II
(Cross-Basin)

Onega
70011 0.688 0.738 0.535 0.704 1550 RandomForest

70842 0.907 0.900 0.608 0.904 1575 RandomForest

Northern
Dvina

70801 0.861 0.270 0.255 0.344 1575 DecisionTree

Pechora
70827 0.635 0.588 0.513 0.607 1275 GradBoost

70834 0.794 0.783 0.555 0.789 1500 GradBoost

Mezen
70844 0.875 0.880 0.572 0.877 1575 RandomForest

70847 0.773 0.805 0.607 0.771 1575 RandomForest

III
(Cross-Station)

Onega
70011 0.809 0.823 0.685 0.799 1550 GradBoost

70842 0.957 0.865 0.703 0.894 1575 ExtraTrees

Northern
Dvina

70801 0.861 0.270 0.255 0.344 1575 DecisionTree

Pechora
70827 0.884 0.863 0.774 0.843 1275 ExtraTrees

70834 0.900 0.812 0.717 0.837 1500 ExtraTrees

Mezen
70844 0.900 0.892 0.656 0.896 1575 GradBoost

70847 0.788 0.794 0.676 0.791 1575 DecisionTree

IV
(Isolated Basin)

Onega
70011 0.884 0.865 0.684 0.833 370 ExtraTrees

70842 1.000 1.000 1.000 1.000 320 ExtraTrees

Northern
Dvina

70801 0.833 0.833 0.700 0.833 300 GradBoost

Pechora
70827 0.788 0.700 0.412 0.741 250 DecisionTree

70834 0.933 0.667 0.556 0.741 300 DecisionTree

Mezen
70844 1.000 1.000 1.000 1.000 325 LogReg

70847 0.825 0.750 0.429 0.786 300 LogReg

V
(Isolated Station)

Onega
70011 0.865 0.865 0.780 0.865 370 GradBoost

70842 1.000 1.000 1.000 1.000 320 ExtraTrees

Northern
Dvina

70801 0.833 0.833 0.700 0.833 300 GradBoost

Pechora
70827 0.800 0.800 0.444 0.800 250 ExtraTrees

70834 0.833 0.833 0.455 0.833 300 ExtraTrees

Mezen
70844 1.000 1.000 1.000 1.000 325 GradBoost

70847 0.845 0.833 0.491 0.839 300 ExtraTrees

F1-macro values in the range of 0.685–0.774 were achieved; however, the transferability of
the approach to other monitoring stations requires further validation at the subsequent
stages of the research.

Isolated training across individual river basins (Experiment IV) and target stations
(Experiment V) provided the best classification quality for three of the four studied basins
(Onega, Northern Dvina, and Mezen; F1-macro 0.684–1.000). For river basins with suffi-
cient observation data volumes, isolated training is preferable. It ensures high accuracy
due to maximum adaptation to local hydrological conditions.
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Among the classification algorithms, ExtraTrees demonstrated the most stable results
and can be recommended as the base algorithm for this task. GradientBoosting is an
effective alternative, demonstrating competitive results in Experiments III and V. In certain
cases with linearly separable classes, simple models can also be applied: for example,
logistic regression achieved F1=1.0 for gauge 70844 in Experiment IV.

Feature importance analysis using the Permutation Feature Importance (PFI) approach
[Breiman, 2001] showed that the water level classification task is solved primarily on the ba-
sis of hydrological and meteorological indicators (Figure 4). The composition of leading fea-
tures varies significantly depending on the basin. For the Onega, the most informative pa-
rameter is the average air temperature 10 days before ice breakup (T_mean_br_minus_10),
followed by liquid precipitation in February (X_gt_0_II) at the target and adjacent stations.
For the Northern Dvina, liquid precipitation in February (X_gt_0_II) at upstream stations
and solid precipitation in November–April predominate. For the Pechora, the leading
indicators are the ice jam onset date (D_ij) at adjacent stations, the accumulated positive
degree-day in March (APDD_III), and liquid precipitation in February (X_gt_0_II). For the
Mezen, the most informative parameters are liquid precipitation in February (X_gt_0_II)
at adjacent stations, maximum ice thickness, and the highest water level during the first
30 days of the ice cover period. All basins have the accumulated freezing degree-day during
the ice cover period at the target station (AFDD_ic_target).

Geospatial data (FABDEM, HydroRivers, IIASA) are not presented among the most
important features in any of the basins, which confirms their limited applicability for this
task due to the static nature of this data.

The composition of the most significant indicators is somewhat consistent with the
composition of the indicators in similar studies for rivers in the northern European part of
Russia (this includes such indicators as water level at the onset of freeze-up, ice thickness,
and/or the accumulated freezing degree-days during the ice cover period). However, unlike
in these studies, the leading indicators included meteorological characteristics before ice
breakup (average air temperature 10 days before ice breakup, total liquid precipitation in
February, etc.). This may be due to a bias toward spring indicators in the overall list of
meteorological characteristics.

Table 3. Description of the identifiers presented in Figure 4

Identifier Description

T_mean_br_minus_10 Average air temperature 10 days before ice breakup at target station, ◦C

X_gt_0_II Sum of liquid precipitation in February, mm

X_lt_0_I/IV/XI/XII Sum of solid precipitation in Jan / Apr / Nov / Dec, mm

AFDD_I/II/XI Accumulated freezing degree-days in Jan / Feb / Nov, ◦C·day

AFDD_minus_15
Accumulated freezing degree-days below −15◦C during ice cover period,
◦C·day

AFDD_ic_target
Accumulated freezing degree-days during the ice cover period at target station,
◦C·day

H_ic Water level on the day of freeze-up onset, cm

APDD_III/V Accumulated positive degree-days in Mar / May, ◦C·day

APDD_max_br_target
Accumulated max positive degree-days within 30 days before ice breakup at
target station, ◦C·day

Hmax_ic Highest water level in the first 30 days of ice cover period, cm

IT_max Maximum ice thickness, cm

D_ij Ice jam start date

N_fr Duration of freezing (between ice appearance and freeze-up onset dates)

N_frr Duration of autumn ice run and slush run, days

catchment_area_km2 Catchment area, km2

However, the most informative indicator – the average air temperature 10 days before
ice breakup – is operational in nature, becoming available only 1–5 days before the event,

Russ. J. Earth. Sci. 2026, 26, ES3016, EDN: ESQYLD, https://doi.org/10.2205/2026es001147 9 of 12

https://elibrary.ru/ESQYLD
https://doi.org/10.2205/2026es001147


Machine Learning Classification of the Peak Levels of Spring Ice Run. . . Lisenkov et al.

(a) (b)

(c) (d)
Figure 4. Feature importance analysis for ice event classification. The description of identifiers is
provided in Table 3. (a) Onega; (b) Northern Dvina; (c) Pechora; (d) Mezen.

limiting the forecast lead time when used. Indicators providing a lead time of 50–75 days
(AFDD_II, X_gt_0_II, AFDD_minus_15) are available by the end of February and can serve
as the basis for a long-term forecast. Hydrological indicators – the highest level during the
first 30 days of the ice cover period (Hmax_ic) and the level on the day of freeze-up onset
(H_ic) – are significant primarily for the Mezen and Pechora basins and provide a lead time
of 90–150 days.

The present study addresses the problem of classifying the highest level of spring ice
run during the current hydrological year relative to critical threshold levels for adverse or
hazardous phenomena without specifying a specific moment of occurrence. Consequently,
it seems appropriate to use the developed classification models in conjunction with the river
breakup date forecasting models [Limber et al., 2025], which would further refine the time
horizon of the expected event and expand the possibilities for preventive decision-making.

4. Conclusions

A comprehensive methodology for generating datasets for machine learning models is
proposed, consolidating heterogeneous hydrological and meteorological observation series
(1961–2023), morphometric characteristics extracted from the FABDEM digital elevation
model and the HydroRivers database, and IIASA hydrological maps within circular spatio-
temporal neighborhoods with a radius of 25–250 km around 29 hydrological stations,
including 7 target ones (10,625 observations, 5,074 features), for binary classification of
spring ice run levels (“no AHMP/HHMP” / “AHMP/HHMP”) in the lower reaches of the
Onega, Northern Dvina, Mezen, and Pechora rivers, where the class “no AHMP/HHMP”
corresponds to cases in which the peak ice run level does not attain the critical threshold
of an adverse hydrometeorological phenomenon (AHMP), and the class “AHMP/HHMP”
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corresponds to cases in which it is attained or exceeded, meeting the criteria of an AHMP
or a hazardous hydrometeorological phenomenon (HHMP).

Testing five training strategies revealed that isolated learning provides the best classi-
fication quality for most of the studied basins; spatial generalization at the station level
within the studied basins is recommended when observation series are limited; cross-basin
model transfer demonstrates lower and inconsistent quality due to the high specificity
of local hydrological conditions. The most informative were the dynamic hydrometeo-
rological predictors: average air temperature 10 days before ice breakup, accumulated
positive degree-days in February–March, and water levels at the onset of freeze-up. The
contribution of morphometric and geospatial data (FABDEM, HydroRivers, IIASA) proved
insignificant.

The obtained results could be used while forecasting the characteristics of the ice
regime with the lead times that range from 1–5 days when using air temperature data
before ice breakup (both actual and forecast), to 50–75 days when relying on February
precipitation data, and up to 90–150 days when using autumn-winter hydrological pa-
rameters data. It opens up the potential applicability of the approach (in hazardous ice
phenomena at the rivers of the European sector of the Arctic zone of Russia early warn-
ing systems) across several forecast horizons – from operational response to long-term
preventive planning.
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