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Abstract

The spring floods that occurred in 2024 in western and northern Kazakhstan caused extensive
damage. Our understanding of runoff formation processes under frozen-soil conditions
remains limited. In this study, we apply a coupled hydrothermal model as a case study to
explicitly simulate vertical heat and water transport, phase transitions, snow dynamics, and
reduced infiltration capacity due to cryogenic pore blockage (ice-filled pores). The model
is based on regular meteorological data from 65 stations in five regions covering the full
hydrological cycle (August–May) of 2021 and 2024. A multilevel diagnostic check showed that
soil temperature is reproduced with a median R2 of 0.962 and NSE of 0.888, the frozen/thawed
surface condition corresponds to WMO (World Meteorological Organization) standards on
approximately 91% of days, and water balance agreement reaches 86.2% (56 out of 65 stations).
The model reflects the regional variability of the 2024 flood. In the northern regions (Kostanay,
North Kazakhstan), snowfall was above average, and modeled runoff increased compared to
2021 (for example, at the Sergeevka station, it increased by a factor of four). In the western
regions, the trends were mixed: the strongest relative increase in runoff was recorded in the
Atyrau region (+119%), whilst in the West Kazakhstan region, the increase was more modest
(+19%), and in the Aktobe region, runoff increased by 60%. The key mechanism—the time
lag between rapid snowmelt and delayed soil thaw—is clearly evident: peaks in snowmelt
occur when the soil remains frozen, infiltration capacity decreases, and the runoff potential
index (RPI) exceeds 1 for extended periods. Although the model does not simulate the
river channel, its ability to diagnose runoff generation conditions at the slope scale offers a
diagnostic framework for identifying runoff-conducive conditions in regions with limited
data, rather than a physically validated tool for flood-prone area identification. The results
show that the 2024 flood period was characterized by abnormally high water inflow and
hydrothermal conditions consistent with a temporal mismatch between water supply and
the recovery of soil infiltration capacity. Because the RPI is a diagnostic indicator constructed
from water input and infiltration capacity, these results should be interpreted as evidence of
conditions conducive to runoff generation rather than as an independent causal verification
of the flood mechanism.

Keywords: floods; Kazakhstan; frozen soil; snowmelt; infiltration; hydrothermal modeling;
timing mismatch

Geosciences 2026, 16, 319 https://doi.org/10.3390/geosciences16080319

https://crossmark.crossref.org/dialog?doi=10.3390/geosciences16080319&domain=pdf&date_stamp=2026-08-06
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/geosciences
https://www.mdpi.com
https://orcid.org/0000-0002-4812-4104
https://orcid.org/0000-0003-2653-3166
https://orcid.org/0009-0007-3024-7871
https://orcid.org/0000-0001-9596-3173
https://doi.org/10.3390/geosciences16080319


Geosciences 2026, 16, 319 2 of 28

1. Introduction
In the spring of 2024, Kazakhstan was hit by a catastrophic flood, recognized as one of

the most devastating natural disasters in the country’s history. A state of emergency was
declared in 10 of the country’s 17 regions. According to official data, the flooding affected
around 120,000 people, with more than 17,000 homes damaged [1].

According to the findings of emergency services and international experts, the key
factors behind the flooding were abnormally high snow cover, extreme liquid precipitation
during the snowmelt period, and increased pre-winter soil moisture [2,3]. At the same time,
studies point to another important mechanism: the sharp warming at the end of March
2024 occurred against a backdrop of deeply frozen ground. Meltwater could not infiltrate
downwards and was almost entirely transformed into surface runoff [4].

In the scientific literature, this effect is described as a temporary mismatch between the
intense inflow of water to the surface and the persistence of low infiltration capacity due
to the presence of interstitial ice. However, it should be emphasized that this explanation
remains a scientific hypothesis requiring quantitative verification. Alternative mechanisms
include predominantly sub-permafrost runoff, intra-permafrost filtration through melt
channels, and combined processes, in which the dominant mechanism depends on the rate
of spring warming and the initial depth of frost penetration.

Thus, the flood of 2024 poses a fundamental question for the hydrological community:
what physical mechanism really determined the extreme runoff in various regions of
Kazakhstan? Answering this question involves the application of a model tool tailored
to diagnosing timing mismatch on a network of meteorological stations with a limited
amount of input data.

In the existing literature, hydrological modeling of spring floods in cold regions has
often relied on conceptual, semi-distributed, and land surface hydrological models, of
which the most widely used are HBV, SWAT, and VIC. These models remain relevant in
contemporary hydrological research: recent studies have applied or further developed
HBV and VIC for parameter optimization and distributed modeling, while SWAT and HBV
continue to be used for comparative streamflow estimation in data-limited basins [5–7].

The HBV model [8] uses degree-day formulations for snowmelt and empirical runoff
generation functions. Its strength lies in computational simplicity and low data require-
ments, which makes it suitable for long-term forecasting and regional hydrological applica-
tions. However, in many applications, frozen-soil effects are represented only indirectly, for
example, through air-temperature thresholds or empirical correction factors. This limits
the ability of the model to diagnose abrupt reductions in infiltration capacity caused by
pore-ice blockage. The SWAT model [9] includes a more detailed snow module and can es-
timate soil temperature in several layers, but the reduction in infiltration under frozen-soil
conditions is commonly represented by empirical parameterization rather than by explicit
ice-dependent hydraulic conductivity. The VIC model [10] implements an energy balance
approach to snowmelt and represents heat transfer in the soil column; nevertheless, the
influence of ice on hydraulic properties is usually simplified. Therefore, although HBV,
SWAT, and VIC are effective for many streamflow and snowmelt applications, they are not
primarily designed as diagnostic tools for identifying cryogenic infiltration blockage at the
level of individual meteorological stations.

More physically detailed representations of freezing and thawing processes have been
developed within cryogenic hydrology, soil physics, and geocryology. Established tools
include SHAW, CoupModel, HYDRUS-1D, and more recent distributed hydrothermal
coupling frameworks. The SHAW model [11] solves coupled one-dimensional heat and
water transfer in the snow–residue–soil system and explicitly represents freezing and
thawing processes. Recent modifications of SHAW have further improved the simulation
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of soil hydrological processes under freeze–thaw conditions by considering soil deforma-
tion and its effects on hydrothermal properties [12]. CoupModel [13] provides a flexible
one-dimensional platform for coupled water, heat, carbon, and nitrogen processes and
allows detailed configuration of soil freezing parameters. HYDRUS-1D with freezing mod-
ules [14,15] simulates coupled water, vapor, and heat movement during freezing–thawing
periods and is widely used for detailed profile-scale analysis of frozen-soil processes. Re-
cent thermal–hydro-mechanical formulations also demonstrate that coupled modeling of
heat transfer, water infiltration, and deformation in frost-susceptible soils is already well es-
tablished [16]. In addition, the DHTC model represents a modern distributed hydrothermal
coupled hydrological framework for cold regions [17].

Thus, freeze–thaw hydrothermal coupling itself should not be regarded as a new
concept. Existing cryogenic models provide high physical detail, but they are often de-
signed for site-specific studies, require detailed soil-profile parameterization, or depend
on spatially distributed information and calibration data that are not always available for
regional station network diagnostics. Conversely, conceptual and semi-distributed hydro-
logical models are easier to apply regionally, but their treatment of frozen-soil infiltration
limitation is often simplified or indirect.

Table 1 compares the main model classes according to their treatment of snowmelt,
freezing and thawing, ice-related infiltration reduction, connection to runoff, and data or
computational requirements.

The comparison shows that the proposed approach lies between highly simplified
hydrological models and physically detailed cryogenic profile models. It does not aim to
replace SHAW, CoupModel, HYDRUS-1D, DHTC, or fully distributed hydrological models.
Instead, it is intended as a computationally simple diagnostic framework for identifying
runoff generation conditions under limited data availability. Studies using physically based
watershed models, including SWIM-based applications for spring floods in Kazakhstan [18],
demonstrate the value of basin-scale modeling for analyzing cold-region runoff formation.
However, such models are designed primarily to reproduce integrated catchment response,
whereas this study focuses on diagnosing local infiltration limitation and timing mismatch
at the meteorological station scale.

It is important to emphasize that the approach proposed in this study should be under-
stood as a regional diagnostic case study rather than a novel modeling framework. The indi-
vidual physical components—enthalpy-based phase-change representation, Richards-type
moisture transfer, van Genuchten–Mualem hydraulic functions, and cryogenic impedance—
are well-established and implemented in SHAW, CoupModel, HYDRUS-1D, and Noah-MP.
Freeze–thaw hydrothermal coupling is not a new concept.

The contributions of this case study are application-specific and comprise three ele-
ments: (1) first, the simultaneous diagnostic application to 65 Kazhydromet meteorological
stations across five regions of Kazakhstan with regional pedotransfer parameterization
from the Kazakhstan state soil map; (2) the quantitative station-level testing of the tim-
ing mismatch hypothesis for the 2024 event—proposed qualitatively [4] but never tested
across a regional network; and (3) the novel use of WMO KN-01 soil condition codes as
deterministic autumn soil moisture initialization constraints.
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Table 1. Comparison of model classes used to analyze spring flooding in cold regions.

Category Snowmelt Freezing/Thawing
Ice-Related
Infiltration
Limitation

Connection to
Runoff

Spatial
Resolution/ Data
Requirement

Conceptual models
(HBV)

Degree-day
approach

Usually
threshold-based or
indirect

Usually not
explicitly
ice-dependent

Catchment water
balance

Low data
requirement;
suitable for
regional
applications

Semi-
distributed/land
surface
hydrological
models (SWAT,
VIC)

Degree-day or
energy-balance
approach

Represented
through
soil-temperature or
land surface
schemes

Empirical or
simplified
representation of
frozen-soil effects

Complete water
balance/
streamflow
simulation

Medium to high;
often requires GIS
and calibration
data

Cryogenic 1D
profile models
(SHAW,
CoupModel,
HYDRUS-1D)

Detailed energy
balance
representation

Coupled
heat-water transfer
with phase change

Explicit or
semi-explicit
dependence on ice
content or frozen
hydraulic
properties

Mainly vertical
profile processes;
runoff
representation is
limited or requires
additional
assumptions

High setup cost
per site; detailed
soil-profile data
required

Distributed
hydrothermal/
hydrodynamic
models (DHTC,
MIKE SHE,
ParFlow-type
approaches)

Energy balance or
distributed snow
schemes

Spatially
distributed
freeze–thaw
representation

Detailed or
physically based
representation

Basin-scale runoff
and/or flow
routing

High data and
computational
requirements;
spatial calibration
usually required

This study:
diagnostic 1D +
RPI

Estimated from
snow-depth
changes,
snow-cover codes,
temperature, and
precipitation

Enthalpy-based
heat transfer
scheme with
regionally
dependent ∆Tphase

Exponential
reduction in
effective hydraulic
conductivity with
increasing ice
content

Runoff generation
potential
diagnosed using
RPI = (hmelt +
Pliquid)/Icap

Low data
requirement;
applicable to
65 stations using
routine daily
observations

Thus, the proposed model should be interpreted as a limited-data diagnostic tool rather
than as a fully distributed flood-routing model. Its purpose is to identify where and when
rapid snowmelt and liquid precipitation coincide with delayed recovery of soil infiltration
capacity, thereby creating conditions favorable for surface runoff generation. Based on its
application to 65 meteorological stations in the Atyrau, Aktobe, West Kazakhstan, Kostanay,
and North Kazakhstan regions for the cold hydrological cycles of 2020–2021 and 2023–2024,
the framework enables quantitative assessment of the timing mismatch mechanism during
the 2024 extreme flood period.

2. Materials and Methods
2.1. Study Area and Data

In this paper, we examine the five regions of Kazakhstan most affected by spring
floods in 2024: Atyrau, Aktobe, West Kazakhstan, Kostanay, and North Kazakhstan. The
study area spans from 46° N to 55° N and from 48° E to 78° E, with stations unevenly
distributed across these administrative territories (Table 2, Figure 1).
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Table 2. Geographic coordinates of the study area and meteorological station distribution by admin-
istrative region.

Region Latitude Range Longitude Range Number of Stations

Atyrau 46.58–49.10° N 48.80–54.90° E 10
Aktobe 46.70–50.28° N 54.70–62.10° E 15
Kostanay 49.63–53.39° N 61.20–66.93° E 18
North Kazakhstan 53.61–54.87° N 68.55–70.00° E 10
West Kazakhstan 49.28–51.22° N 46.85–54.05° E 12

Figure 1. Map of meteorological stations across the territory of Kazakhstan. Study regions: West
Kazakhstan, Atyrau, Aktobe, Kostanay, and North Kazakhstan.

The territory is characterized by a sharply continental climate with pronounced lati-
tudinal zonation: the average January temperature ranges from −5 °C in the southwest
(Atyrau region) to −19 °C in the north of the region. Stable snow cover persists from
November to March, and its average long-term height increases naturally along the latitude
gradient from the low-power snow cover of the desert zone to the more stable and high
snow cover of the forest–steppe and steppe zones [19].

We used the daily data of 65 meteorological stations of RSE Kazhydromet for the
period from August to May 2020–2021 and 2023–2024 [20]. These two hydrological cycles
(2020–2021 and 2023–2024) were deliberately chosen to test the central hypothesis of this
study. The 2020–2021 cycle represents a background (relatively low-water) period in
which spring snowmelt did not lead to extreme flooding. Conversely, the 2023–2024
cycle corresponds to a catastrophic historical flood—the most severe in recent decades.
A systematic comparison of these two contrasting modes allows us to test whether the
timing mismatch mechanism consistently distinguishes between flood and non-flood
years. The 2024 flood is unique in recent history, and the availability of consistent soil
condition codes (WMO KN-01) and meteorological data from the Kazhydromet network
for these two periods ensures a robust comparison. While a longer time series would
be desirable for generalization, the extreme contrast between these two years provides a
strong test of the proposed mechanism. The database contains data on air temperature, soil
surface temperature, soil surface condition codes, snow cover height, degree of snow cover,
and precipitation.

To account for the influence of terrain on the formation of slope runoff, the SRTM
(Shuttle Radar Topography Mission) digital terrain model with a resolution of 30 m was
used, obtained through OpenTopography [21]. A local slope was calculated for each
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weather station in the 1 × 1 km window (Islope, Equation (15)), and used in the equation for
laminar flow velocity.

To parameterize the roughness of the underlying surface, we used annual data from
the MOD44B (Vegetation Continuous Fields) product of the MODIS satellite (NASA) with
a spatial resolution of 500 m [22]. Based on the percentage of open soil (Percentage Non-
Vegetated) for each time interval (2021 and 2024), the proportion of projective vegetation
coverage ( fveg) was calculated: fveg = 1.0 − Percentage_NonVegetated

100.0 . The obtained values of
fveg were used to calibrate the hydraulic resistance coefficients.

Short omissions of weather data (1–3 days) were restored by holding the last known
value. Prolonged omissions led to the exclusion of the corresponding periods from the
analysis. The total share of passes at all stations did not exceed 5%.

2.2. Model Description

Note that the model was operated in diagnostic mode throughout this study. The
optional hydraulic routing component (laminar surface flow with vegetation resistance)
was implemented in the code but not activated here, as the study objective was to estimate
runoff generation potential rather than simulate flood propagation or channel flow. The
model used in this case study was built on the van Genuchten [23] hydraulic functions
and mass-conservative numerical scheme of Celia et al. [24], supplemented with coupled
heat transfer accounting for cryogenic pore blockage (Ω = 8.5) and a diagnostic runoff
index (RPI) specifically designed to quantify the timing mismatch between snowmelt and
soil thawing.

Hydrothermal processes were simulated continuously over the entire hydrological
year on a 1.0 m vertical column (∆z = 0.05 m) [24] using a sequential operator-splitting
scheme (Section 2.6), in which the heat-transfer equation was solved implicitly and the
moisture equation explicitly.

Humidity fields in late autumn form the initial conditions of the system before winter
freezing, and the cryogenic profile of ice pores accumulated over the winter acts as a limiter
of infiltration and influences modeled runoff-generation potential in spring [25]. The
model is diagnostic and mechanism-oriented. It focuses on isolating the timing mismatch
(desynchronization) between the supply of meltwater and the infiltration capacity of the soil,
rather than on a full hydrodynamic simulation of flood propagation or river routing [23,26].

The unsteady vertical distribution of the soil temperature field T(z, t) (°C) is described
by a nonlinear thermal conductivity–convection equation modified for a partially frozen
porous matrix:

Ce f f (T, θw, θi)
∂T
∂t

=
∂

∂z

(
λ(θw, θi)

∂T
∂z

)
− ρwcw max(0, qw)

∂T
∂z

(1)

where T is the soil temperature (°C), t is time (s), z is the vertical depth (m), Ce f f is the
effective volumetric heat capacity (J/(m3 · K)), λ is the effective thermal conductivity
(W/(m · K)), θw and θi are the volumetric liquid water and ice contents (m3/m3), ρw and
cw are the density (1000 kg/m3) and specific heat (4180 J/(kg · K)) of liquid water, and qw

is the downward water flux (m/s).
Table 3 lists all input variables used by the model for each weather station.
Figure 2 presents the general scheme of the modeling implementation.
The following sections detail the key components of the model: the method of effective

heat capacity, the calculation of the moisture-dependent thermal conductivity, the cryogenic
mechanics of infiltration and soil parameterization, the numerical scheme, the boundary
conditions, and the formation of surface runoff and diagnostic indices (RPIs).
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Table 3. Model inputs.

Variable Symbol Units Source Resolution

Air temperature Tair
◦C Kazhydromet daily

Snow depth Hsnow cm Kazhydromet daily
Snow cover extent - Code E’ 0–9 Kazhydromet daily
Precipitation P mm Kazhydromet daily
Soil temperature (validation) Tsoil

◦C Kazhydromet daily
Soil condition code (validation) - Soil code 0–9 Kazhydromet daily
Local slope Islope dimensionless SRTM (30 m) static
Vegetation cover fraction fveg [0,1] MODIS MOD44B annual

Figure 2. Conceptual framework of the coupled hydrothermal model, illustrating the interactions
between snowmelt, soil freezing/thawing, infiltration limitation, and surface runoff generation
through the timing mismatch mechanism.

2.3. Effective Heat Capacity Method (Enthalpy Form)

To strictly comply with the law of conservation of energy during water–ice phase
transitions, the system includes an effective heat capacity method within the finite range
of the freezing point depression ∆Tphase, which depends on the textural class of the soil
(Table 4): for sands (Atyrau region), 1.0 °C is assumed; for sandy loam (West Kazakhstan
region), 1.5 °C; for light loam (Aktobe region), 2.0 °C; for medium loam (Kostanay region),
2.5 °C; and for heavy loam (North Kazakhstan region), 3.0 °C. This regional separation is
due to the different ability of finely dispersed soils to retain unfrozen water and a wider
interval of phase transition in clay soils.

Ce f f (T, θw, θi) = (1 − ϕ)Cmineral + θwρwcw + θiρici + L f ρi

∣∣∣∣∂θi
∂T

∣∣∣∣ (2)
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where ϕ is the total porosity of the soil in the studied region, θw is the volume of liquid
water, θi is the volume of intrapore ice, ρi = 917 kg/m3 and ci = 2110 J/(kg·K) are the
density and heat capacity of ice, respectively, Cmineral = 2.0× 106 J/(m3·K) is the volumetric
heat capacity of the mineral skeleton of the soil, and L f = 3.34 × 105 J/kg is the latent heat
of melting.

Enthalpy derivative ∂θi
∂T ≈ ϕ−θw

2 ∆Tphase
(with regional ∆Tphase) functions as a nonlinear

sink/energy source that iteratively absorbs or releases heat pulses during winter thaws
and spring snowmelt, enabling the temperature of the calculation node to be maintained
near the plateau of 273.15 K until the phase transformation of moisture finalizes.

At subzero temperatures, T < −∆Tphase, liquid humidity decreases to the residual
value of θr, and ice fills the remaining pore volume: θi = φ − θr. In the transition zone
(−∆Tphase ≤ T ≤ ∆Tphase), the liquid and solid phases are distributed linearly depending
on temperature. This ensures realistic seasonal freezing and thawing, which directly affects
the infiltration capacity.

2.4. Moisture-Dependent Thermal Conductivity of the Soil

The dynamic volumetric thermal conductivity of the soil λ(θw, θi) [W/(m·K)] is recal-
culated at each macro-step using the Coté and Konrad method [27] with the normalized
Kersten number (Sr):

λ(θw, θi) = λdry + (λsat − λdry) · S0.7
r (3)

where λdry and λsat are the thermal conductivity of dry and water-saturated soil, which
are determined individually for each texture class (Table 4) and Kersten number Sr =

(θw + 1.1θi)/ϕ. The coefficient 1.1 multiplied by the volume content of ice (θi) in the thermal
conductivity formula reflects the ratio of water density to ice density (ρw/ρi ≈ 1.09), which
is necessary to correctly account for the volume of pores occupied by ice.

2.5. Cryogenic Mechanics of Infiltration and Soil Parameterization

The vertical redistribution of moisture in unsaturated conditions is described by the
Richards equation in mixed diffusion–gravity form, taking into account the cryogenic
reduction in hydraulic conductivity:

∂θw

∂t
=

∂

∂z

[
De f f (θw, θi)

∂θw

∂z
− Ke f f (θw, θi)

]
+ Sphase (4)

where De f f = Lc · Ke f f (m2/s) is the effective moisture diffusivity, Lc = 0.1 m is a charac-
teristic capillary length scale ensuring dimensional consistency, Ke f f (m/s) is the hydraulic
conductivity, calculated using the van Genuchten model [23] with cryogenic correction
(Equation (6)), and Sphase is the phase-change mass source term (Equation (7)). Equation (4)
is therefore a Richards-type, mixed diffusion–gravity approximation, in which the capil-
lary diffusion term uses a constant length scale rather than the full soil-water diffusivity
D(θ) = K(θ) · dψ/dθ. The first term represents moisture diffusion driven by the matric
potential gradient, and the second term Ke f f represents gravitational drainage, which is the
dominant flux mechanism when the soil approaches saturation during spring snowmelt.
At cell interfaces, hydraulic conductivity is evaluated as the arithmetic mean of adjacent
nodes: Ki+1/2 = 0.5 · (Ke f f ,i + Ke f f ,i+1). This represents downward gravity-driven flow
under near-saturated conditions typical of spring snowmelt on frozen soils.
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2.5.1. Closure According to the Mualem–van Genuchten Model

Hydrophysical functions are closed using the fundamental Mualem–van Genuchten
parameterizations model [23]:

ψ(Se) =
1

αvg

[
S−1/m

e − 1
]1/n

(5)

Ke f f (θw, θi) = Ksat · S0.5
e

[
1 −

(
1 − S1/m

e

)m]2
· e(−Ω·θi) (6)

where m = 1 − (1/n) and Se = (θw − θr)/(ϕ − θi − θr)—effective saturation of pores with
liquid water. This parameter is calculated strictly relative to the available free porosity,
reduced by the current volume of intrapore ice (ϕ − θi). The dimensionless coefficient of
cryogenic impedance is assumed to be Ω = 8.5 in strict accordance with the validated equa-
tions of hydrodynamics of frozen media embedded in the global climatic and hydrological
models SHAW [11] and Noah-MP [28].

As pore ice content θi increases, the hydraulic conductivity decreases exponen-
tially through the cryogenic impedance term e(−Ω·θi) in Equation (6), reflecting progres-
sive pore blockage and increased flow tortuosity. For the soil textures considered here
(ϕ = 0.41 − 0.45), this formulation predicts a reduction in hydraulic conductivity of approx-
imately 50–53% when the ice-filled pore fraction reaches θi/ϕ = 0.2, and approximately
75–78% when it reaches θi/ϕ = 0.4.

2.5.2. Pedotransfer Coordinate Reference Procedure

In order to exclude the subjective selection of empirical coefficients, a strict Pedotrans-
fer Mapping Procedure was implemented as part of a numerical experiment. The state
soil map of the Republic of Kazakhstan has been digitized and verified by converting it to
the USDA International Classification of texture classes (based on validated granulometric
composition matching matrices).

The identified regional study areas were compared with the reference physical base of
the Carsel and Parrish constants [29] (Table 4), which allowed us to form invariant physical
profiles of the model, free from stochastic parameter fitting.

Table 4. Hydro- and thermophysical parameters of the pore matrix and textural classes of the
study regions.

Region Code Texture Class (USDA) θr θs = ϕ (-) αvg (m−1) nvg(-) Ksat (m/s) λdry (W/(m·K))
λsat (W/(m·K))

Atyrau region Sand 0.045 0.43 14.5 2.68 8.25 × 10−5 0.20
1.50

West Kazakhstan region Loamy sand 0.057 0.41 12.4 2.28 4.05 × 10−5 0.25
1.60

Aktobe region Sandy loam 0.065 0.41 7.5 1.89 1.23 × 10−5 0.25
1.55

Kostanay region Loam 0.078 0.43 3.6 1.56 2.87 × 10−6 0.30
1.75

North Kazakhstan region Silt loam 0.067 0.45 2.0 1.41 1.25 × 10−6 0.30
1.80
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2.5.3. Phase-Change Mass Coupling

To ensure mass conservation during freeze–thaw events, the moisture balance
Equation (4) includes a source term Sphase that accounts for the conversion of ice to
liquid water is as follows:

Sphase(z, t) = max

(
0,

θi(z, t − ∆t)− θi(z, t)
∆tin f ilt

)
(7)

where θi(z, t − ∆t) and θi(z, t) (m3/m3) are the volumetric ice contents at the previous
and current time steps, respectively, and ∆tin f ilt (s) is the hourly moisture time step
(∆tin f ilt = 3600 s). The max(0, ·) operator ensures that only ice melting contributes as
a liquid water source; refreezing is handled separately by the phase transition boundary in
the ice content update procedure. This approach follows the operator-splitting treatment
of coupled heat–moisture systems described in [14] and ensures that meltwater produced
by the thermal block is correctly transferred to the hydrological block at each time step,
preserving mass conservation during spring thaw events.

2.6. Discrete Numerical Time-Splitting Scheme

The conjugate nonlinear system is solved using the finite difference method, which
involves splitting through physical processes and a time-splitting technique [24]. This
method employs a division based on two independent spatial scales:

1. Vertical soil column with a depth of 1 m with a uniform step of ∆z = 0.05 m (20 nodes).
On this grid, the implicit scheme (daily step ∆Tmacro = 86400 s) solves the heat transfer
equation with phase transitions, and the explicit scheme (hourly step ∆tin f ilt = 3600 s)
solves the Richards equation for moisture transfer. The column represents a local
point (elementary catchment area) and calculates the temperature profile, ice content,
infiltration capacity, and water balance.

2. A horizontal slope area measuring 1 × 1 km, for which the local slope Islope is calcu-
lated according to SRTM data. This parameter is used only in the parameterization of
the laminar flow rate of excess water and does not require spatial sampling.

The sequential operator-splitting strategy introduces a coupling error of order
O(∆tmacro) in the energy–mass exchange. To minimize this error, three measures are
implemented: (1) All temperature-dependent hydraulic properties (Ke f f , λ, Ce f f ) are re-
calculated at the start of each daily macro-step from the updated θw and θi fields; (2) the
phase-change mass source Sphase is explicitly transferred from the thermal block to the
moisture block at each macro-step; and (3) hydraulic conductivity is updated at each hourly
micro-step within the nested moisture loop.

This pseudo-implicit coefficient update strategy substantially reduces the effective
splitting error and follows the approach applied in the Noah-MP land surface model [28].
The residual splitting error is acceptable for the diagnostic purpose of identifying timing
mismatch conditions, as confirmed by the validation results presented in Section 3.3.

Since the flow hydraulics are not directly modeled, but only the potential for surface
runoff formation is estimated, the vertical soil column and slope section do not require strict
spatial coordination. The difference in grid scales does not lead to numerical inconsistency,
since the models are connected through a common physical criterion for the transition
to surface runoff. This approach allows us to focus on the key mechanism—the time
discrepancy between snowmelt and soil thawing (timing mismatch).

Time integration is performed with different steps for different processes: the thermal
block is solved with an implicit finite-difference scheme of the first order in time and
the second order in space at the daily macro-step ∆Tmacro = 86400 s, which ensures
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unconditional stability. The Richards equation for moisture transfer is solved using an
explicit scheme with an hourly step of ∆tin f ilt = 3600 s, and surface runoff is calculated
using an explicit scheme with a step of ∆trun = 1 s, satisfying the Courant–Friedrichs–Lewy
(CFL) condition.

The space–time discretization of the equation of thermal conductivity and balance of
phase transitions has the following form:

Cn
e f f ,i

Tn+1
i − Tn

i
∆t

=
1

∆z2

(
λn

i+1/2(T
n+1
i+1 − Tn+1

i )−

− λn
i−1/2(T

n+1
i − Tn+1

i−1 )
)
− ρwcw max(0, qn

w)
Tn+1

i − Tn+1
i−1

∆z
(8)

where Cn
e f f ,i is the effective heat capacity (J/(m3 · K)) at grid node i and time step n, Tn

i is
soil temperature (°C), ∆t = ∆Tmacro is the macro-time step (s), ∆z = 0.05 m is the vertical
grid spacing, λn

i±1/2 is the thermal conductivity (W/(m ·K)) at the interface between nodes,
qn

w is the infiltration flux (m/s), and ρw and cw are the density and specific heat of liquid
water (kg/m3 and J/(kg·K)).

To preserve second-order spatial accuracy, O(∆z2) at the lower boundary of the soil
column (i = Nz), the ghost node (Nz+1) is eliminated by applying a second-order Neumann
boundary condition within the central difference discretization. The resulting expression
forms the final row of the tridiagonal system of linear algebraic equations:

−
2λn

Nz

∆z2 Tn+1
Nz−1

+

(
Cn

e f f ,Nz

∆Tmacro
+

2λn
Nz

∆z2

)
Tn+1

Nz
=

Cn
e f f ,Nz

∆Tmacro
Tn

Nz
+

2qgeo

∆z
(9)

In Equation (9), qgeo = 0.06 W/m2 is the geothermal heat flux. The resulting system
of linear algebraic equations has a tridiagonal form and is efficiently solved at each time
step using the Thomas algorithm.

Within each daily macro-step, a nested iteration cycle is initialized at an hourly micro-
step ∆tin f ilt = 3600 s. This block performs a layer-by-layer recalculation of the dynamic
redistribution of moisture according to the nonlinear Richards equation and routes the
excess surface layer of water h f ilm, strictly satisfying the criteria of numerical stability of
CFL for explicit schemes.

2.7. Boundary Conditions

Dynamic variables of volumetric humidity (θw) and ice content (θi) at the beginning
of the winter period are initialized deterministically by decoding the daily synoptic codes
of the soil surface condition (Table 5) for October–November 2020 and 2023 [25]. This
approach allowed us to identify the key hydrological triggers that caused the difference
between the low-flow spring period of 2021 and the catastrophic flood of 2024.

Table 5. Synoptic codes of soil surface conditions (WMO KN-01).

Code 0 1 2 3 4 5 6 7 8 9

Condition Dry Moist Wet Flooded Frozen Ice Dry snow
(<50%)

Dry snow
(100%) Wet snow Crusted

snow

Soil codes 0–3 are taken into account in the autumn initialization, as they describe the
moisture content of the open soil surface before freezing. Soil codes 4–9 already relate to
winter phase states—frozen soil, ice, and snow; thus, they are used not to set the initial
humidity, but to subsequently check the phase state of the surface.
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Base scenario for 2021 (autumn 2020): The predominance of the soil codes of the dry
and moderately moist upper layer (soil codes 0 and 1) fixes a significant deficit in the
pre-winter moisture profile. In this case, the starting humidity is assumed to be close to the
residual value: θw → θr + 0.05.

At the same time, the effective volume of intrapore ice tends to zero (θi ≈ 0), leaving
the pore channels free for high-intensity spring infiltration.

Flood scenario of 2024 (autumn 2023): Continuous multi-day recordings of wet,
waterlogged, and superficially flooded soils (soil codes 1–3, corresponding to moist soil)
verify the extreme rise in water level immediately before the onset of stable negative
temperatures. In this case, humidity is approximated at the level of full saturation porosity:
θw → ϕ − 0.01.

Upon subsequent freezing, this volume of free moisture almost entirely passes into
the solid phase (θi → ϕ), forming a continuous cryogenic water barrier by the beginning of
spring snowmelt.

2.7.1. Upper Bound (z = 0)

The upper thermal node of the computational grid is (z = 0), which calculates
the dynamic thermal resistance and thermal insulation effect of seasonal snow cover
(Hsnow, (m)):

T(0, t) = Tair(t) · e−ksnow ·Hsnow(t) (10)

where the exponential attenuation coefficient ksnow in the initial formulation is recalculated
daily as a nonlinear function of snow density and metamorphism according to Sturm’s
formulas [30], ranging from 7.2 m−1 (winter dry wind snow) to 4.1 m−1 (spring wet ripened
snow). In the numerical implementation, due to the lack of daily measurements of snow
density, the coefficient is assumed to be constant ksnow = 4.0 m−1, which corresponds to
the average value and does not lead to a significant error in timing mismatch diagnostics.

The actual layer of meltwater entering the daytime surface in a calculated time step
(hmelt, (m)) is calculated only at a positive air temperature (Tair > 0 ◦C), which eliminates
the generation of false volumes of moisture from the winter settling of snowdrifts:

hmelt(t) = max
(

0,
(

Hsnow(t − 1)− Hsnow(t)
)
· ρsnow

ρwater

)
+ Pliquid(t) (11)

where Pliquid is the daily volume of liquid precipitation, ρwater = 1000 kg/m3, and ρsnow is
the snow density, which in the model depends on the snow cover status code E’ (Table 6):
for dry loose snow (E’ codes 5–8), ρsnow = 150 kg/m3 is accepted; for wet packed snow (E’
codes 1–4), ρsnow = 400 kg/m3; and for ice (E’ code 0), ρsnow = 917 kg/m3.

Table 6. Snow codes E’ (soil surface conditions in the presence of snow or ice cover) based on WMO
FM-12 SYNOP code [25].

Code Condition

0 Ground surface covered with ice.
1 Compact or wet snow covers less than half of the surface.
2 Compact or wet snow covers more than half of the surface but not completely.
3 Uneven layer of compact or wet snow completely covers the ground.
4 Even layer of compact or wet snow completely covers the ground.
5 Uneven layer of dry, powdery snow completely covers the ground.
6 Even layer of dry, powdery snow completely covers the ground.
7 Snow cover with high drifts.
8 Snow with ice or crust.
9 Snow-covered ground with severe snow blowing.
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The actual rate of moisture infiltration into the soil profile (qw|z=0) is limited by the
current absorption capacity of the upper calculation node (Icap = Ke f f |z=0): qw|z=0 =

min
(
hmelt(t), Icap(t)

)
.

2.7.2. Lower Bound (z = L = 1.0 m)

The process of bidirectional thawing is modeled by setting a physically valid second-
order Neumann boundary condition at the lower boundary of the domain. This condition
reflects the stable upward geothermal heat flow of the Earth (qgeo = 0.06W/m2) for the
Eurasian lithospheric plate:

λ(θw, θi)
∂T
∂z

∣∣∣∣
z=L

= −qgeo (12)

In the hydrodynamic block at the lower boundary (z = L), the condition of free
gravitational drainage is set:

∂ψ

∂z

∣∣∣∣
z=L

= 0 (13)

This methodological approach is mathematically the least arbitrary and introduces
the so-called conservative error into the calculation scheme. By completely eliminating
artificial moisture supports from below, this boundary condition helps isolate the modeled
contribution of cryogenic pore sealing in the upper aeration zone to spring surface runoff,
within the adopted model assumptions, rather than attributing runoff to marginal defects
or boundary artifacts of the computational grid [24].

Short gaps (1–3 days) were filled in by retaining the last known value, and longer gaps
led to the exclusion of the corresponding days from the analysis.

2.8. Hydrodynamics of Surface Slope Runoff

The infiltration capacity Icap (mm/day) is dynamically computed at each daily time
step from the effective hydraulic conductivity of the uppermost soil layer, which explicitly
accounts for cryogenic ice blockage through Equation (6):

Icap(t) = Ke f f(θw(0, t), θi(0, t))∆tday · 103, (mm/day) (14)

where Ke f f is given by Equation (6), ∆tday = 86400 s, and the factor 103 converts m/s
to mm/day. As ice content θi in the surface layer increases during winter freezing, the
cryogenic impedance factor e(−Ω·θi) causes both Ke f f and Icap to decrease exponentially—by
approximately 75–78% when θi/ϕ > 0.4. Conversely, as the thawing front descends and θi

decreases in spring, Icap recovers progressively. This dynamic coupling between the thermal
state, represented by θi from the enthalpy block, and the hydraulic state, represented by
Icap, constitutes the core physical mechanism of the timing mismatch hypothesis.

To account for the spatial heterogeneity of the relief, the dimensionless slope coefficient
Islope = sin(α)The was calculated individually for each of the 65 weather stations using the
SRTM 30m digital terrain model. An altitude window of 1 × 1 km was cut out around the
coordinates of the station, from which a local elementary slope was then determined:

Islope =
Zup − Zdown

∆L
(15)

where Zup and Zdown (m) are the elevations at the upper and lower boundaries of the
1 × 1 km window centered on each meteorological station, and ∆L (m) is the horizontal
distance between them.
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2.9. Runoff Potential Diagnostic Index (RPI)

The Runoff Potential Index (RPI) was introduced to quantify the timing mismatch hy-
pothesis:

RPI =
hmelt + Pliquid

Icap
(16)

where hmelt is the daily meltwater input calculated from the decrease in snow cover height,
and Pliquid is the daily liquid precipitation. When RPI > 1, the estimated daily water supply
exceeds the infiltration capacity of the upper soil layer, indicating conditions favorable
for surface runoff generation. RPI is therefore used as a diagnostic consistency indicator
rather than as an independent validation metric. Because water input and infiltration
capacity are explicitly included in its definition, exceeding the RPI threshold alone cannot
be interpreted as diagnostic consistency of the proposed timing-mismatch mechanism.
Instead, the index is used to compare the duration, timing, and regional synchronization
of runoff-conducive conditions between the 2020–2021 and 2023–2024 hydrological cycles.
For each station, changes in the number of days with RPI > 1, total water inflow, and
model runoff between the periods under consideration were calculated: ∆D = D2024 −
D2021, ∆Input = Input2024 − Input2021, and ∆Runo f f = Runo f f2024 − Runo f f2021. The
∆D indicator characterizes changes in the duration of periods with a high potential for
surface runoff formation, while ∆Input and ∆Runo f f reflect changes in water inflow and
catchment response, respectively.

Stations were classified according to the degree of diagnostic consistency. Strong
consistency was assigned if both conditions of the hypothesis were fulfilled simultaneously:
an increase in the number of days from RPI > 1 (∆D > 0) and the signs ∆Input and
∆Runo f f matched; partial consistency was assigned if only one of them was fulfilled.
There were two conditions; if neither of the conditions were met, the station was classified
as not consistent.

2.10. Diagnostic Validation Strategy

Direct observations of river discharge and flood extent were not available for all
stations, and thus direct validation against observed discharge was not feasible due to
the absence of gauging stations at the spatial scale of our elementary slopes and the
unavailability of flood extent data for 2024. Thus, the model was evaluated using a multi-
level diagnostic validation strategy, focusing on the hydrothermal state—the primary driver
of runoff generation. This is a standard approach for diagnostic models that aim to identify
conditions conducive to runoff rather than to simulate flood hydrographs.

The validation focused on hydrothermal parameters that directly control runoff gener-
ation: soil temperature (thermal regime of the active layer), frozen/thawed surface state
(phase condition of the uppermost soil layer), infiltration capacity (influenced by ice content
and soil texture), and water balance consistency (relationship between water input and
modeled runoff). These parameters are the primary physical drivers of surface runoff
formation in cold regions, rather than the flood hydrograph itself, which would require
separate river route modeling.

Three levels of validation were used:

1. Comparison of the simulated near-surface soil temperature with observations of soil
temperature at the station.

2. Comparison of the simulated frozen/thawed surface state with the WMO soil condi-
tion codes (KN-01).

3. Assessment of the consistency in the sign of change between total water inflow and
modeled surface runoff when comparing 2021 and 2024.
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These validation levels were chosen because soil temperature and phase state are the
primary controls of infiltration capacity in frozen soils. The third level provides a diagnostic
check on whether the modeled runoff response is physically consistent with changes in
water input.

The following indicators were used: R2, the Nash–Sutcliffe efficiency coefficient (NSE),
bias, and the phase state correspondence, defined as the proportion of days with the
correct definition of the frozen/thawed surface. The consistency of the water balance was
estimated as the proportion of stations where the sign of the change in the total water
inflow between 2021 and 2024 coincides with the sign of the change in the model surface
runoff (consistency coefficient).

3. Results
3.1. Interannual Consistency of Water Balance

For an initial assessment of the physical viability of the model, the relationship between
changes in total water inflow and changes in model surface runoff between 2021 and
2024 was analyzed. Figure 3 shows the relationship between the change in the total
seasonal water inflow (∆Input) and the corresponding change in runoff (∆Runoff) for the
studied stations.

Figure 3. Interannual agreement between changes in total water inflow and changes in runoff in 2021
and 2024. Green dots indicate stations consistent with the model’s hydrological response; red dots
indicate inconsistent stations.
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Most stations show a consistent response: an increase in water inflow was accompa-
nied by an increase in model runoff, and a decrease in water inflow was accompanied by a
decrease in runoff. A total of 56 out of 65 stations (86.2%) showed a consistent direction of
change, which indicates a physically plausible interannual model response.

To facilitate spatial comparison, the station-based results were aggregated by region.
Table 7 summarizes the mean total water input and simulated surface runoff for 2021 and
2024, together with their standard deviations and the results of paired t-tests.

Table 7. Regional summary of model results for 2021 and 2024 (mean ± standard deviation across
stations). Statistical significance was evaluated using paired t-tests.

Region Stations
Input 2021

(mm)
Input 2024

(mm)
Runoff 2021

(mm)
Runoff 2024

(mm)
p-Value
Input

p-Value
Runoff

Aktobe 15 265 ± 140 429 ± 170 180 ± 92 288 ± 104 <0.001 <0.001
Atyrau 10 169 ± 67 293 ± 36 67 ± 26 147 ± 42 <0.001 <0.001
Kostanay 18 346 ± 144 537 ± 171 302 ± 136 429 ± 162 <0.001 <0.001
North Kazakhstan 10 473 ± 153 628 ± 159 433 ± 155 522 ± 145 0.001 0.041
West Kazakhstan 12 357 ± 64 412 ± 79 167 ± 53 203 ± 48 0.044 0.105

To assess the robustness of regional differences, we calculated standard deviations
(reported as mean ± standard deviation) across stations within each region and performed
paired t-tests to evaluate the statistical significance of interannual changes between 2021
and 2024. The results show that increases in total water input were statistically significant
(p < 0.05) for all regions, although the effect was weakest in West Kazakhstan (p = 0.044).
For modeled runoff, the increases were significant (p < 0.05) in the Aktobe, Atyrau,
Kostanay, and North Kazakhstan regions, but not in West Kazakhstan (p = 0.105). This
suggests that, in West Kazakhstan, the increase in runoff was less pronounced and more vari-
able across stations, likely due to the predominance of sandy loam soils, which freeze less
deeply and thaw more rapidly, thereby reducing the cryogenic effect. The relatively large
standard deviations indicate considerable spatial heterogeneity within all regions, reflecting
differences in local snow accumulation, soil properties, and topographic conditions.

To assess the stability of the proposed mechanism, the stations were classified ac-
cording to the degree of diagnostic consistency for the timing mismatch hypothesis. The
classification results are shown in Table 8.

Table 8. Regional distribution of diagnostic consistency for the timing mismatch hypothesis.

Region Stations Strong Consistency Partial Consistency Not Consistent Consistency Rate

North Kazakhstan 10 8 (80%) 2 (20%) 0 (0%) 100.0%
Kostanay 18 18 (100%) 0 (0%) 0 (0%) 100.0%
Aktobe 15 15 (100%) 0 (0%) 0 (0%) 100.0%
West Kazakhstan 12 10 (83%) 1 (8%) 1 (8%) 91.7%
Atyrau 10 10 (100%) 0 (0%) 0 (0%) 100.0%

Total 65 61 (93.8%) 3 (4.6%) 1 (1.5%) 98.5%

The hypothesis was diagnostically consistent across all studied territories: The con-
sistency rate was 100% in four regions and 91.7% in the West Kazakhstan region. In the
Kostanay, Aktobe, and Atyrau regions, all stations are classified as having strong consis-
tency. In the North Kazakhstan region, 80% of stations have strong consistency and 20%
have partial consistency, which gives an overall consistency of 100%.
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In the West Kazakhstan region, consistency was 91.7%, and one station did not meet
the hypothesis criterion. This may indicate the presence of local factors that affect the
formation of runoff and are not taken into account by the mechanism under consideration.

It is important to distinguish between the RPI threshold condition and the scientific
findings of this analysis. The RPI formula defines when runoff generation occurs (RPI > 1
when hmelt + Pliquid > Icap). The scientific findings concern what is not embedded in this
definition: (1) In 2024, all five regions reached peak RPI excess within a 6-day window
(2–8 April), driven by a documented large-scale synoptic warming event on 1–2 April,
whereas in 2021, peaks were distributed over 19 days (25 March–13 April)—this spatial
synchronization explains the catastrophic scale of the 2024 event. (2) The pre-winter soil
moisture state (wet autumn 2023 vs. dry autumn 2020) determined the initial ice content
θi and thus the spring Icap suppression. (3) Stations in the Ural River floodplain (Uralsk:
∆runoff = −57 mm; Chapayevo: −76 mm) show negative ∆runoff, correctly reflecting that
their 2024 flooding was driven by river overflow rather than slope-scale runoff generation—
consistent with the diagnostic scope of the model.

3.2. Coupled Hydrothermal Evolution on the Example of the Sergeevka Station

After a regional generalization, a detailed example of the Sergeevka station (North
Kazakhstan region) was considered. Figure 4 shows the conjugate evolution of water
inflow, frozen layer, infiltration capacity and potential runoff index (RPI) in the cold season
of 2023–2024.

Figure 4. Coupled hydrothermal evolution at the Sergeevka station (North Kazakhstan region) during
the 2023–2024 cold season: (a) water input (snowmelt and precipitation), (b) frozen layer thickness,
(b) infiltration efficiency, (d) runoff potential index (RPI). Vertical dashed lines indicate key transition
dates: green – onset of snowmelt, orange – peak snowmelt. The horizontal gray dashed line in panel
(d) indicates the runoff potential threshold (RPI = 1).
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The results show that during the cold season of 2023–2024, the Sergeevka station expe-
rienced a temporary overlap of water inflow, frozen soil conditions, and reduced infiltration
capacity. Some of the snowmelt and precipitation impulses occurred against the background
of a persistent frozen layer, especially in the autumn–winter and early spring periods. At
this time, infiltration efficiency remained low, accompanied by a higher threshold value of
RPI > 1, which is indicative of a greater probability of surface runoff formation.

At the same time, the main peak of snowmelt in early April falls in the transition
stage, when the frozen layer was already beginning to degrade and the infiltration capacity
was rapidly restored. This shows that the mechanism of runoff formation is related to not
only the presence of a frozen layer but also the temporary discrepancy between the flow of
water, the condition of the soil, and the rate of infiltration recovery.

In 2024, rapid spring warming led to intense snowmelt. However, the soil re-
mained frozen at depth, as thawing takes longer. As a result, the infiltration capacity
was significantly reduced, which resulted in exceedance of the RPI threshold, indicating
conditions conducive to surface runoff generation—a modeled example of the timing
mismatch mechanism.

Thus, the key result is not just the coincidence of snowmelt and freezing maxima, but
the presence of a transition period when the water inflow increases faster than the soil has
time to restore its infiltration capacity. This temporal discrepancy is consistent with the
proposed timing mismatch mechanism.

In order to identify the most pronounced model reactions, a table of stations with the
largest absolute change in surface runoff between 2021 and 2024 was compiled.

Table 9 shows that changes in modeled surface runoff between 2021 and 2024 were
concentrated mainly at stations located in the North Kazakhstan and Kostanay regions.
The largest increase in modeled runoff was calculated for the Saumalkol station, where
the difference between 2021 and 2024 reached +304 mm. High runoff increases were also
obtained for the Arshalinsky Z/SVH, Zhitikara, Mikhaylovka, and Karabutak stations.

Table 9. Stations with the greatest modeled change in surface runoff between 2021 and 2024.

Station Region Input Diff Runoff Diff Diff in RPI Days

Saumalkol North Kazakhstan +376 +304 +28
Arshalinsky Z/SVH Kostanay +343 +318 +18
Zhitikara Kostanay +262 +232 +28
Mikhailovka Kostanay +285 +226 −22
Karabalyk Kostanay +265 +207 +18
Kishkenekol North Kazakhstan +246 +196 +15
Zheleznodorozhny SVH Kostanay +338 +188 +21
Karabutak Aktobe +274 +181 +28

In most cases, an increase in surface runoff was accompanied by an increase in the
number of days exceeding the threshold of RPI > 1. This indicates longer periods of
potential surface runoff generation in 2024 compared with 2021. However, this relationship
was not observed at all stations. For example, at Mikhaylovka station, the number of days
with RPI > 1 decreased by 22 days, despite a substantial increase in total modeled runoff.
This demonstrates that flood response intensity is controlled by not only the duration of
threshold exceedance but also the magnitude of the water pulse and its coincidence with
periods of reduced soil infiltration capacity.

The case of the Mikhaylovka station warrants particular attention because it represents
an apparent paradox: modeled runoff increased by 226 mm between 2021 and 2024, while
the number of days with RPI > 1 decreased by 22 days. This apparent inconsistency can be
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explained by considering the intensity rather than only the frequency of RPI exceedance
events. In 2024, Mikhaylovka experienced fewer but substantially more intense snowmelt
pulses. Total water input increased by 285 mm (41.5%), with additional water concentrated
within a short period of rapid spring warming. During this period, the soil remained frozen
and infiltration capacity was strongly reduced. Consequently, a single large meltwater
pulse produced more runoff than multiple smaller pulses distributed over a longer period
in 2021.

This observation highlights an important limitation of using the number of days with
RPI > 1 as a standalone indicator. While the duration of threshold exceedance reflects
the persistence of flood-prone conditions, the magnitude of daily water surplus is equally
important. Total runoff is determined by the temporal integration of RPI exceedance, rather
than by exceedance frequency alone. Therefore, the Mikhaylovka response is consistent
with the timing mismatch mechanism: the critical factor is not the number of days when
the threshold was exceeded, but whether the largest water pulses occurred during periods
of minimum infiltration capacity.

Thus, the results for individual stations confirm that the strongest model response was
formed not only due to an increase in total water intake, but also due to an unfavorable
combination of snowmelt, precipitation, and the limited infiltration capacity of frozen soil.

3.3. Thermal Structure of the Soil and Dynamics of the Thawing Front

For an additional physical explanation of the revealed mechanism, the vertical struc-
ture of the ground temperature at the Sergeevka station was considered. Figure 5 shows
the temporal evolution of the temperature field and the position of the isotherm 0 ◦C,
interpreted as the estimated position of the thawing front.

Figure 5. Temporal evolution of soil temperature and dynamics of the thaw front at the Sergeevka
station (North Kazakhstan region) during the cold season of 2023–2024. The white dotted line
indicates the estimated position of the thaw front (0 ◦C).

The temperature field demonstrates a steady persistence of negative temperatures in
the subsurface layers throughout most of the cold season. After the formation of the snow
cover, the upper part of the profile remained thermally isolated, while the deeper horizons
maintained negative temperatures. This indicates a long-term preservation of the frozen
state of the soil during the winter period.
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In spring, thawing began from the surface, but the restoration of positive temperatures
in depth occurred with a delay. The figure shows that the transition through 0 ◦C in deeper
layers shifted downward mainly in the late spring period, while during the main part of
the cold season, the subsurface horizons remained frozen.

In combination with the analysis of the water inflow, this demonstrates the existence
of a temporary discrepancy between the water supply to the surface and the restoration of
the infiltration capacity of the soil. Thus, the vertical structure of the ground temperature is
also consistent with the timing mismatch mechanism: water could have entered the surface
during the period when frozen horizons still limited infiltration and contributed to the
formation of surface runoff.

Since the model does not model fluvial hydrodynamics or calculate river flow, vali-
dation was performed using hydrothermal variables directly related to the formation of
surface runoff. The results of the multilevel diagnostic validation are presented in Table 10.

Table 10. Distribution of thermal validation metrics (soil temperature) across all stations for 2021 and
2024 combined.

Metric Min Q1 Median Q3 Max Mean Std

R2 0.779 0.928 0.962 0.984 0.992 0.948 0.044
NSE 0.625 0.812 0.888 0.955 0.980 0.873 0.090
Bias (◦C) −1.726 −0.370 1.388 2.519 4.814 1.245 1.669

The median R2 of 0.962 (IQR: 0.928–0.984) indicates a very strong linear correlation
between modeled and observed soil temperatures, suggesting that the model captures
temporal soil temperature dynamics with high fidelity. The median NSE value of 0.888
(IQR: 0.812–0.955) confirms that the model also performs well in terms of predictive effi-
ciency.

A higher R2, compared with NSE, is expected, as R2 measures linear correlation
and is insensitive to systematic bias, whereas NSE accounts for both bias and variance.
The systematic positive bias (median: 1.388 ◦C; IQR: −0.370–2.519 ◦C) indicates a slight
overestimation of soil temperature, likely resulting from uncertainties in snow insulation
parameterization, as the snow cover thermal resistance coefficient was kept constant across
all stations. The lowest R2 (0.779) and NSE (0.625) values were observed at stations with
sandy soils in the Atyrau region, where soil temperature dynamics are more variable due
to rapid heat transfer. The wide range of bias values (−1.726–4.814 ◦C) reflects spatial
heterogeneity in soil properties and snow conditions, which are not fully represented by
the regional soil texture classification.

The distributions confirm that the model performs consistently well across the majority
of stations, with reduced performance observed mainly in regions characterized by extreme
soil heterogeneity or complex snow dynamics. The soil surface state was validated by
comparing modeled frozen/thawed conditions with WMO KN-01 codes. The median
agreement between model results and observations is presented in Table 11.
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Table 11. Water balance consistency between total water input and modeled surface runoff across all
stations by region.

Region Stations (Total) Consistent Inconsistent Consistency Rate (%)

Aktobe 15 14 1 93.3%
Atyrau 10 10 0 100.0%
Kostanay 18 17 1 94.4%
North Kazakhstan 10 7 3 70.0%
West Kazakhstan 12 8 4 66.7%

Total 65 56 9 86.2%

The verification of water balance consistency also showed a stable relationship be-
tween changes in total water input and changes in modeled surface runoff. In 56 of the
65 stations (86.2% of cases), the direction of change in water input between 2021 and 2024
was consistent with the direction of change in surface runoff (Table 11). This confirms
that the modeled hydrological response is physically plausible, despite the absence of
direct runoff observations. The inconsistencies observed at the remaining nine stations
(13.8%) were primarily concentrated in West Kazakhstan (four stations) and North Kaza-
khstan (three stations), suggesting that local factors such as soil texture heterogeneity,
anthropogenic modification of natural drainage, or uncertainties in snowmelt timing may
influence the runoff response in these regions.

3.4. Spatial Corroboration Using Observed Flood Dynamics and Sentinel-2 Imagery

To complement the hydrothermal validation presented in Section 3.3, we compare
the temporal and spatial pattern of modeled runoff generation conditions against the
documented chronology of the 2024 Kazakhstan floods.

According to official emergency management reports, the 2024 spring floods in Kaza-
khstan began on 27 March 2024, with a state of emergency declared on 6 April in all five
study regions [1]. The coupled model produces peak Icap suppression and maximum
RPI exceedance across all five regions within the period of 2–8 April 2024, representing a
temporal agreement of 2–6 days with the documented emergency onset. In contrast, for
the 2020–2021 hydrological cycle, the value of the modeled RPI remained predominantly
below 1 throughout the spring period at most stations, consistent with the absence of flood
emergencies in that year.

The most severely affected areas in 2024 were the North Kazakhstan and Kostanay
regions, which experienced the greatest residential displacement and infrastructure dam-
age [1]. The coupled model produces the greatest absolute increases in modeled runoff
for exactly these two regions—+22% and +42%, respectively—and the highest number
of days with RPI > 1 in 2024—122 and 105 days, respectively. The Atyrau region, which
experienced intense but short-duration flooding primarily associated with Ural River over-
flow, shows the largest relative runoff increase, +119%, concentrated within a narrow time
window consistent with rapid snowmelt on sandy soils.

These comparisons demonstrate that the coupled model correctly reproduces both the
timing and regional ranking of flood-prone conditions in 2024 relative to 2021, providing
qualitative diagnostic consistency for the timing mismatch diagnosis. We acknowledge that
formal quantitative validation against observed discharge hydrographs was not feasible
due to the absence of gauging-station records at the elementary-slope scale; this limitation
is explicitly stated in Sections 2.10 and 4.2.

To provide independent observational evidence for the modeled runoff generation
hotspots, Sentinel-2 L2A NDWI (Normalized Difference Water Index) products (10 m native
resolution, scene cloud cover < 30%) were obtained from the Copernicus Browser [31] for
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two dates: 13 August 2023 (dry baseline, permanent water only) and 14 April 2024 (flood
peak, approximately 8 days after the state-of-emergency declaration). The NDWI was
computed from the green (B3) and near-infrared (B8) bands. Both scenes were exported
in EPSG:4326; the August baseline was reprojected onto the April grid (1250 × 939 px,
nearest neighbor), so the effective analysis domain is the intersection of the two scenes
(≈51.08–60.11◦ E, 46.79–51.23◦ N) rather than the full baseline extent. At this latitude, the
resampled pixel measures ≈ 630 × 629 m. Permanent water was removed via baseline
subtraction; flood pixels were isolated where the NDWI difference exceeded 55 on the
0–255 uint8 scale (∆NDWI ≈ 0.22), followed by 3 × 3 binary opening to suppress isolated
noise. Pixel areas were integrated on the sphere (R = 6371 km), yielding 8291 flood pixels
over a net inundated area of ≈3328 km2 in the Atyrau and West Kazakhstan regions.

Figure 6 shows the satellite-derived flood extent overlaid with station ∆runoff values.
Stations with the highest modeled runoff increases are spatially co-located with or

adjacent to satellite-detected inundation zones: Peshnoye (+175 mm), Kulsary (+172 mm),
and Ganyushkino (+104 mm) in Atyrau, and Dzhambeyty (+143 mm) in West Kazakhstan.
Stations showing negative ∆runoff (Uralsk: −57 mm; Chapayevo: −76 mm) are located
in the Ural River floodplain where flooding was primarily driven by river overflow—
consistent with the diagnostic scope of the slope-scale model.

Figure 6. Satellite -derived flood inundation extent (Sentinel-2 L2A NDWI) overlaid with modeled
surface runoff changes (∆runoff, 2024 vs. 2021) at meteorological stations in the Atyrau and West
Kazakhstan regions. Stations in the Ural River floodplain (Uralsk, Chapayevo) exhibit negative
∆runoff due to the dominance of river overflow rather than local slope-scale runoff generation.
Credit: European Union; contains modified Copernicus Sentinel data, 2024 [31].

We acknowledge three limitations of this study: (a) the satellite extent reflects inte-
grated flood processes including river overflow, whereas the model diagnoses slope-scale
runoff generation potential; (b) the 14 April scene captures inundation approximately
8 days after the peak modeled runoff generation (2–8 April), so some extent may reflect
downstream propagation; and (c) cloud cover limited the satellite analysis to the Atyrau
and West Kazakhstan regions. Despite these limitations, the spatial correspondence be-
tween modeled runoff hotspots and satellite-detected inundation provides independent
observational diagnostic consistency for the diagnostic capability of the RPI framework.

The flood area estimate carries substantial uncertainty from three sources: the NDWI
difference threshold (varying it over 50–60/255 changes the delineated area by roughly
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±15–20%), the coarse ≈ 630 m working resolution relative to the 10 m native product, and
residual cloud/shadow effects, since masking relied on scene-level cloud filtering rather
than per-pixel scene-classification masking. The satellite extent is therefore used as an
independent qualitative corroboration of modeled runoff hotspots, not as a quantitative
validation target.

4. Discussion
4.1. Analysis of Research Results

The results of the coupled hydrothermal model applied in this case study are consis-
tent with the hypothesis that the key role in the formation of extreme surface runoff in
Kazakhstan in the spring of 2024 could be played by a temporary discrepancy between
intensive water supply and maintaining low infiltration capacity due to the presence of
intrapore ice. Our results are consistent with the conclusions of [4], which, based on satellite
data and ERA5 reanalysis, concluded that the flood of 2024 was the result of two factors: a
wet autumn and a powerful Arctic invasion. However, unlike their qualitative analysis,
our model provides quantitative estimates: the accuracy of determining the frozen/thawed
state is 91%, and the share of stations with an agreed sign of changes is 86.2%. The latter
assumption may be due to the combination of abnormally high pre-winter soil moisture
and deep freezing at the end of winter creating an almost impermeable layer that turns
any spring water pulse into surface runoff. The authors of [18] used the SWIM model and
showed that peak floods in the Zhabai River basin may double by the middle of the century
due to climate change. Our model complements these forecasts, indicating that the key
factor is not so much the absolute amount of snow cover as the pre-winter soil condition
and the depth of freezing. Thus, this study complements precipitation- and snow-focused
interpretations by demonstrating that the antecedent hydrothermal state of the soil may
also influence the development of runoff-conducive conditions.

The diffusion–gravity clarification of Equation (4) affects only the magnitude of intra-
profile moisture redistribution, not the two quantities that govern the diagnostic result:
the surface infiltration capacity Icap = Ke f f |z=0, controlled by the cryogenic term e(−Ω·θi),
and the near-saturation gravitational flux. Because the interannual contrast (2021 vs. 2024)
and the regional ranking are set by antecedent ice content θi (autumn moisture) and by
snowmelt volume and timing, none of which depend on Lc, the principal interannual
and regional patterns are essentially unchanged, and this is consistent with the sensitivity
analysis (Section 4.3).

According to the predefined diagnostic classification, 64 out of 65 stations (98.5%) met
at least one of the criteria associated with timing mismatch conditions. Strong diagnostic
consistency was identified at 61 stations (93.8%), while 3 stations (4.6%) showed partial
consistency. These percentages describe agreement with the model-based diagnostic criteria
and should not be interpreted as an independent validation rate or direct proof of flood
causation. Only one station in the West Kazakhstan region was not consistent with the
hypothesis, likely due to local anthropogenic modification of natural drainage patterns and
floodplain development [32]. Sandy loam soils predominate in this region, which freeze
less deeply and thaw faster, weakening the cryogenic effect. The share of stations showing
a consistent direction of change between water input and modeled runoff is 86.2% (56 out
of 65 stations), which confirms the physical plausibility of the model response. Thus, the
unexpected result does not refute the hypothesis, but indicates the need to take into account
local features.

These diagnostic results highlight the potential value of antecedent autumn–winter
soil conditions alongside spring meteorological anomalies. The model has potential for
use in early-warning applications, such as in the autumn monitoring of WMO KN-01 soil
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condition codes combined with RPI forecasting. However, operational implementation
would require further validation against observed discharge data and integration with
hydrological routing models.

4.2. Limitations

Several limitations should be acknowledged. First, the model does not simulate river
channel hydraulics, flood routing, or lateral redistribution of water between neighboring
areas; therefore, the model output should be interpreted as runoff generation potential
rather than as a flood hydrograph. Second, the vertical moisture transfer formulation uses
a diffusion-form approximation of Richards-type flow, which limits the representation of
capillary rise, preferential flow, and some unsaturated-flow processes. Third, the snow
insulation coefficient is treated as constant (ksnow = 4.0) because daily snow-density ob-
servations were unavailable, although snow thermal properties vary with density, age,
compaction, and metamorphic state. Fourth, the daily meteorological forcing prevents
the model from resolving intraday melt and infiltration peaks, which may be important
during rapid spring warming events. Fifth, the initial autumn soil moisture conditions are
estimated from WMO soil condition codes rather than from direct volumetric soil-moisture
measurements, introducing uncertainty into the pre-winter moisture profile.

Despite these limitations, the model shows good agreement with the available di-
agnostic observations, including near-surface soil temperature, frozen/thawed soil-state
classification, and interannual water balance consistency. The obtained performance statis-
tics (median R2 = 0.962, median NSE = 0.888, and 91% soil-state accuracy) indicate that the
framework is suitable for identifying timing mismatch conditions at the regional station
network scale, while not being intended for flood routing or discharge prediction.

The sequential operator-splitting between the thermal and moisture equations in-
troduces a coupling error of order O(∆tmacro). Full simultaneous implicit coupling, as
implemented in SHAW or HYDRUS-1D, would further reduce this error but would require
iterative nonlinear solvers and substantially increase computational cost, making regional
application to 65 stations impractical with the available daily meteorological data. The
validated performance metrics, namely median R2 = 0.962 and NSE = 0.888, indicate
that the splitting error does not substantially degrade the model’s diagnostic capability for
identifying timing mismatch conditions.

4.3. Sensitivity Analysis

To evaluate the robustness of model outputs to uncertainties in key parameters, we per-
formed a one-at-a-time sensitivity analysis for five representative stations (Petropavlovsk,
Sergeevka, Aktobe, Atyrau, and Uralsk). The following parameters were varied within
physically plausible ranges: the cryogenic impedance coefficient (Ω = 6.5, 8.5, 10.5), the
snow insulation coefficient (ksnow = 3.0, 4.0, 5.0 m−1), initial soil moisture (θw,0 varied by
±10% of the baseline), and saturated hydraulic conductivity (Ksat varied by ±50% of the
Carsel–Parrish baseline values). All other parameters were retained at their default values.

The results show that, among the tested parameters, the cryogenic impedance coeffi-
cient Ω produced the narrowest range of variation in modeled runoff (±29–166% relative
to the baseline). The snow insulation coefficient ksnow produced a wider range (±88–354%),
reflecting the importance of snow cover in regulating soil temperature and melt timing.
The largest ranges of variation were observed for initial soil moisture θw,0 (±146–520%)
and saturated hydraulic conductivity Ksat (±200–680%). These ranges indicate substantial
to very large uncertainty in the absolute magnitude of simulated runoff across all tested pa-
rameters, including Ω. In this limited one-at-a-time sensitivity analysis across five stations,
only the interannual direction of change (2024 vs. 2021) and the regional ranking of runoff-
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generation potential appeared comparatively robust, while absolute runoff magnitudes
should not be interpreted as precisely constrained.

Critically, while these parameters affect the absolute magnitude of simulated runoff,
the interannual differences between 2021 and 2024 and the RPI threshold exceedance
remained robust across all stations and parameter variations. For all northern stations
(Petropavlovsk, Sergeevka, and Aktobe), runoff in 2024 consistently exceeded runoff in
2021 under every scenario, and the number of days with RPI > 1 was always higher in
2024. Even at stations with weaker or negative responses (Uralsk), the relative ranking
between years remained unchanged across the parameter space.

These wide ranges indicate that the absolute magnitude of simulated runoff is sub-
ject to considerable parametric uncertainty, particularly through initial soil moisture
and saturated hydraulic conductivity. However, the interannual direction of change
(2024 > 2021) and the regional ranking of runoff generation potential remained com-
paratively robust across all tested parameter combinations. The diagnostic capability of
the model—identifying whether runoff potential increases between years and where—is
therefore not overly sensitive to fixed parameter choices, even though absolute runoff
values are.

4.4. Future Work

Future work should be directed toward the development of a two-dimensional (2D)
distributed modeling framework, integration with river-routing models, refinement of the
infiltration component, and application to historical flood events for retrospective assess-
ment and model validation. Another promising direction is the integration of physics-
constrained machine learning approaches with process-based hydrological modeling. Re-
cent studies have demonstrated that neural networks incorporating physical constraints can
successfully reproduce complex geophysical relationships while maintaining consistency
with governing equations and domain knowledge [33,34]. Similar approaches could be ap-
plied to frozen-soil hydrology to improve the estimation of infiltration capacity, freeze–thaw
dynamics, and runoff generation under changing climatic conditions.

5. Conclusions
In this study, we implemented a one-dimensional coupled hydrothermal model de-

signed to diagnose the formation conditions of surface runoff caused by the timing mis-
match between the flow of water to the surface and the preservation of low infiltration
capacity due to the presence of intrapore ice. The model combines the calculation of the
soil temperature regime while taking into account the freezing and thawing of water, the
movement of moisture in the soil during freezing, and an assessment of surface runoff
formation based on the RPI. It was applied to 65 meteorological stations in five regions of
Kazakhstan for the periods from autumn to spring 2020–2021 and 2023–2024.

The results indicate that the spring of 2024 was characterized by hydrothermal con-
ditions consistent with the proposed timing mismatch mechanism, in which rapid water
supply coincided with delayed recovery of soil infiltration capacity. However, because
the RPI is constructed from water input and infiltration capacity and direct slope-scale
discharge observations were unavailable, our analysis results should be interpreted as a
diagnosis of runoff-conducive conditions rather than as an independent causal attribution
of the 2024 floods. The predefined diagnostic criteria were met at 98.5% of stations (64 out
of 65), while the direction of interannual change in water input and modeled runoff was
consistent for 86.2% of stations. These results indicate the regional consistency of the simu-
lated hydrothermal response, but they do not constitute direct validation against observed
discharge. The discrepancy may be explained by the lighter mechanical composition of the
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soils (sandy loam), the lower depth of freezing, and possibly the influence of anthropogenic
factors such as the disruption of natural runoff and floodplain development.

Validation against observed soil temperatures yielded a median R2 = 0.962 and
NSE = 0.888, with 91% accuracy in frozen/thawed-state classification, confirming that
the hydrothermal drivers of runoff generation are well reproduced. Critically, the model
reveals that the autumn pre-winter soil moisture state, rather than spring snowfall volume
alone, is associated with increased modeled runoff-generation potential during spring
warming events. This shifts the focus of flood early warning from spring meteorological
anomalies to autumn soil condition monitoring using WMO KN-01 codes combined with
spring RPI forecasting.

Independent qualitative satellite-based spatial corroboration using Sentinel-2 NDWI imagery
(14 April 2024) demonstrates spatial correspondence between modeled runoff hotspots and
documented flood inundation zones in the Atyrau and West Kazakhstan regions (net inundated
area: 3328 km2), reflecting the diagnostic consistency of the RPI framework.

We acknowledge that the model does not simulate river channel hydraulics or flood
routing, and direct validation against observed flood hydrographs was not possible due to
the absence of discharge data at the slope scale. Therefore, our conclusions regarding flood
formation are based on the diagnosed conditions conducive to runoff generation, rather
than on direct flood volume simulation. The model provides a diagnostic framework for
identifying areas at risk of flooding under similar hydrothermal conditions, but its opera-
tional use for flood forecasting would require coupling with a river-routing component
and further validation against observed discharge data.

The applied model can be used to monitor the WMO codes in autumn and calcu-
late the RPI in spring to assess the risk of extreme runoff. The model does not take into
account directional hydraulics, horizontal overflows, or capillary pressure but uses a con-
stant coefficient of snow insulation. Future work should focus on spatial generalization
within a two-dimensional distributed framework, integration with river-routing mod-
els, improving the infiltration component, and applications to historical flood events for
retrospective validation.

Thus, the coupled hydrothermal model implemented in this work demonstrates
physically consistent behavior, computational efficiency for regional-scale application, and
diagnostic utility for identifying conditions associated with extreme surface runoff driven
by the timing mismatch mechanism.
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