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Abstract: Soil respiration (SR) is a main component of the carbon cycle in terrestrial ecosystems,
and being strongly affected by changes in the environment, it is a good indicator of the ecosystem’s
ability to cope with climate change. This research aims to find better empirical SR models using
25-year-long SR monitoring in two forest ecosystems formed on sandy Entic Podzol and loamy Haplic
Luvisol. The following parameters were considered in the examined models: the mean monthly soil
or air temperatures (Tsoil or Tair), the amount of precipitation during the current (P) and the previous
(PP) months, and the storage of soil organic carbon (SOC). The weighted non-linear regression was
used for model parameter estimations for the normal, wet, and dry years. To improve the model
resolutions by magnitude, we controlled the slope and intercept of the linear model comparison
between the measured and modeled data through the change in R0—SR at zero soil temperature.
The mean bias error (MBE), root-mean-square error (RMSE), and determination coefficient (R2) were
used for the estimation of the goodness of model performances. For the sandy Entic Podzol, it is
more appropriate to use the models dependent on SOC (TPPC). While for the loamy Haplic Luvisol,
the Raich–Hashimoto model (TPPrh) with the quadratic Tsoil or Tair dependency shows the better
results. An application of Tsoil for the model parameterization gives better results than Tair: the TPPC
model was able to adequately describe the cold-period SR (Tsoil ≤ 2 ◦C); the TPPrh model was able to
avoid overestimations of the warm-period SR (Tsoil > 2 ◦C). The TPPC model parameterized with
Tsoil can be used for the quality control of the cold-period SR measurements. Therefore, we showed
the importance of accounting for SOC and the water-holding ability when the optimal SR model is
chosen for the analysis.

Keywords: CO2 emission; forest soils; hydrothermal regime; carbon content; long-term observations;
humidity/aridity level; climate change; statistical modeling

1. Introduction

Soil respiration (SR) is the main pathway through which carbon exits terrestrial ecosys-
tems [1–3], changing soil organic carbon (SOC) storage and its allocation in soil [4]. It is the
integral part of the ecosystem carbon balance (net ecosystem production, NEP = GPP − Re),
defined as the difference between the gross primary production or photosynthesis (GPP)
and the total respiration (Re), which is the direct indicator of the ecosystem’s well being [5,6],
and a useful indicator of plant metabolism [1]. That is why SR—a main component of
Re—should be monitored for estimation of the ecosystem ability to withstand environmen-
tal stresses due to adverse changes in the environment or due to climate change [2,3], and
for reporting the annual greenhouse-gas inventory [7].

For the separation of the ecosystem-related and soil-related parameters in NEP, the
total respiration (Re) should be split to ecosystem respiration related to its growth (au-
totrophic respiration, Ra) and the soil respiration related to the microbial activity for the
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SOC decomposition (heterotrophic respiration, Rh) [8,9]. This respiration separation is
often modeled from the eddy-covariance data [1,10–14] that could lead to inconsistent re-
sults [15,16], due to the high variability of the Ra contribution to Re (10%–90%), depending
on the seasonality and vegetation types [17].

The direct methods for SR measurements employ operation of soil chambers of the
closed type [18,19]. As a rule, these methods require regular travelling to the site to conduct
measurements to assure the adequate representation of SR estimations during the year. This
represents the significant labor intensity of the soil-chamber measurement procedure [20].
The quality of these measurements can be altered by the size and the installation of the
chambers as well as by the soil heterogeneity [4], introducing high measurement variability,
and the presence of snow or vegetation covering the soil surface and interrupting gas
exchange [21,22]. Moreover, such a monitoring on a country level looks unrealistic because
of a prohibitively high cost [4].

The viable alternative to the measurement methods is to focus on the modeling of SR
including both simple empirical models [14,23–26] and more sophisticated process-based
dynamical models [4,27–29].

A number of research studies focusing on both SR measurements and applications
of empirical SR models highlight a strong dependency of SR on the following parameters:
(i) temperature [24,30–33] due to change in microbial activity; (ii) soil moisture [24,34–37]
due to change in soil porosity and accessibility of atmospheric oxygen;
(iii) precipitation [20,24,38–42] as a simpler way for the soil-moisture estimation; (iv) change
of water level in soil [26,43,44] blocking below-water-level SOC oxidation; and (v) allocation
of above-ground biomass [23,45]. Several studies link changes in the amount of SOC stored
in ecosystem soils to differences in SR [1,8,46–49].

The empirical models usually use one of two temperature sources for parameterization:
the soil temperature (Tsoil) [23,26,31–33] or the air temperature (Tair) [20,24,25,42]. Raich
and Potter (1995) [24] note that the soil-temperature application is more consistent from the
Q10 temperature-coefficient behavior’s point of view. They justified it by the direct response
of the microbial activity on changes in Tsoil. On the other hand, Suhoveeva and Karelin
(2022) [42] showed that the Raich–Hashimoto model [25] with the quadratic temperature
dependency gives good results when it is parameterized by Tair.

It should be noted that, as a rule, the choice of Tsoil or Tair stays on investigators’
judgment, and until now, no analysis on the preferred temperature sources for the model
parameterizations for different soil conditions have been conducted. The second remark on
the empirical SR modeling is often the presence of an insufficient magnitude resolution
of the modeled data in comparison to the measurements [20,31,42]—leaving the extreme
(summer or winter) measurements without adequate coverage by modeling, due to the
lack of their representativity in time series in comparison to the intermediately measured
values.

Following Raich and Potter’s (1995) [24] notes from above and paying attention to
the high variability of the winter-time measurements, we hypothesize that using Tsoil in
cold periods, generally not limited with water availability, could significantly improve
the SR modeling results in comparison to using Tair. On the other hand, following Maier
et al. (2010) [36], we hypothesize that in dryer warm periods, lacking a persistent amount
of moisture, soil structure and porosity affect the atmospheric oxygen availability in soil,
which together with the different amounts of SOC can affect the magnitude of SR.

The current research aims to address these hypotheses by identifying the better ver-
sions of the empirical models parameterized by the monthly averages of (i) soil or air
temperature, (ii) the amount of precipitation, and (iii) the amount of SOC in application
to sandy Entic Podzol and loamy Haplic Luvisol. To do this, the weighted non-linear
regression was used to estimate the model coefficients for the normal, wet, and dry years
separately to ensure an adequate coverage of different climatic periods. By controlling the
slope and intercept of the linear-model comparison between the measured and modeled
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values, the selected models are being re-adjusted to adequately represent the measurement
range during the year.

2. Materials and Methods
2.1. The Sites, Measurements, and Soil Properties

The research is focused on two forest ecosystems situated on the opposite banks of
Oka River near Pushchino town, Moscow region. The first site (54◦50′ N, 37◦35′ E) with
the sandy Entic Podzol (Arenic) [50] is located in the zone of coniferous-deciduous forests
in Prioksko-Terrasny Nature Biosphere Reserve on the left (northern) bank of Oka River
(top, Figure 1). The landscapes are plain sandy terraces formed as the result of modern
and ancient erosion processes located above Oka-River flood plain—the low plains with
the gentle southern slopes toward the River. The second site (54◦20′ N, 37◦37′ E) with the
loamy Haplic Luvisol (Siltic) [50] is located in the zone of deciduous forests on the right
(southern) bank of Oka River (bottom, Figure 1). The landscape is hilly with about 150-m
of elevation above the River. Oka River serves as the boundary between the forest zones.
The cross distance between the sites is about 8.6 km in the north–south direction.
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Figure 1. Study sites, soil profiles (Entic Podzol and Haplic Luvisol) and site locations on the opposite
banks of Oka River; Prioksko-Terrasny Reserve is north from the River (“Prioksko-Terrasny Reserve”,
54◦52′ N, 37◦35′ E, Google Earth. November 2021. 25 May 2023); top left—Entic Podzol and bottom
left—Haplic Luvisol soil profiles.

Both forest sites are located in the same moderately-continental climate zone with
warm summers and moderately cold winters. Long-term meteorological observations (the
Complex Background Monitoring Station, settlement of Danki, Serpukhov district, Moscow
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region; 54◦50′ N, 37◦35′ E) for the last 10 years (https://pt-zapovednik.org, accessed on
1 June 2023) report the following: the average annual air temperature is 4.8 ◦C, the average
summer temperature is +17.6 ◦C (max 38–39 ◦C), and the average winter temperature is
−8.3 ◦C (min −43 ◦C in 1978); the average precipitation is 671 mm (max 91 mm in July);
the duration of the seasonal snow cover period is 133 days with the average snow depth
being 52 cm; the vegetation season lasts 186 days.

Due to the specifics of geomorphology, the soil properties of these sites are quite
different (left, Figure 1; Table 1). The higher concentration of fine particles (silt and clay)
in the Haplic Luvisol and consequently, smaller pores, explain its higher water-holding
capacity and as the result is the lower permittivity to the atmospheric oxygen, reducing
SOC oxidation [36], which is directly associated with its higher carbon storage. This process
is well investigated on the examples of the wet-meadow and bog soil, having high SOC
storage as well [26,37,43,51].

Table 1. Site description and soil properties of the forest ecosystems.

Entic Podzol Haplic Luvisol

Forest

Forest zone coniferous-deciduous Deciduous

Forest type
mature mixed with pine, linden,
aspen, birch, and oak, the age of

which reaches 90–120 years 2

secondary deciduous with aspen,
linden, and maple of an average

tree age of 50–70 years 2

Soil

Texture sandy-loamy 3 loamy 3

granulometry (sand:silt:clay) 11.6:1.0:1.3 1 4:4:2 2

pHKCl 3.67 1 5.56 2

C/N 15.3 1 12.8 2

SOC storage [kg C/m2] 1.23 (0–20 cm) 4 5.02 (0–20 cm) 4

Water-holding capacity [%] 40.5 2 57.5 2

1 [20]; 2 [40]; 3 [52]; 4 [53].

For the current research, we use a 25-year-long SR-measurement time series conducted
by the chambers of the closed type (SR—top, Figure 2) once a week. The standard chamber-
measurement approach is described in [20]. Firstly, the repetitive with 10-min interval
gas measurements using syringe-sample collection are conducted at sites at five nearby
locations to account for SR heterogeneity. Secondly, these samples are analyzed for CO2
concentrations in the laboratory using a gas chromatograph (KrystaLLyuks-4000 M, Meta-
Chrom, Yoshkar-Ola, Russia). The obtained changes in CO2 concentration are recalculated
into the SR fluxes by applying the chamber volumetric correction [19,22]. Simultaneously
with the SR, the soil temperature at 5-cm depth and the air temperature at 1-m height were
measured at the sites (Tsoil—brown, Tair—red; middle, Figure 2). The monthly averaged
data for the air temperature (Tair) and precipitation (Prec) were collected from the Complex
Background Monitoring Station, which is situated nearby to the coniferous-deciduous
forest site (blue; bottom, Figure 2). All the data were quality checked and averaged on a
monthly base to be fitted into the models.

The monthly averaged temperature (T) and precipitation (P) data have also been used
for the separation of the years of the measurements into “wet”, “dry”, and “normal” (top,
Figure 2) by an application of the following indexes to the data:

• Selyaninov hydrothermal coefficient—HTC = ∑ P/ ∑ T/10, when T > 10 ◦C (HTC6–8—
summer period, June to August months) [53];

• Wetness Indexes—WI = lg(∑ P/ ∑ T) (WI5–8 and WI5–9 for May to August and May
to September periods, respectively) [53].

https://pt-zapovednik.org
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Figure 2. The 25-year-long measurements of soil respiration (SR, top), temperatures of air and soil
(Tair—red and Tsoil—brown, middle), and precipitation (Prec, bottom); on the SR graph: normal
conditions—green, wet conditions—blue, dry conditions—brown.

If the values of any of these indexes differ (higher or lower) more than a standard
deviation (STD) from the averages for the chosen measurement period, the year was placed
into the “wet” or “dry” datasets, respectively. The following 5 years were classified as
“wet”—1999, 2003, 2006, 2008, 2020; the following 9 years were “dry”—2002, 2007, 2010,
2011, 2014, 2015, 2018, 2021, 2022; and the remaining 11 years stayed as “normal”—1998,
2000, 2001, 2004, 2005, 2009, 2012, 2013, 2016, 2017, 2019.

For the initialization of the empirical models dependent on SOC, the estimations of
the SOC storage in 20-cm layers of Entic Podzol and Haplic Luvisol were used (Table 1).

2.2. Empirical Soil Respiration Models

The current research of the SR estimations is focused on two groups of empirical
models connecting SR with the temperature and amount of precipitation, serving as a proxy
for the soil moisture [20,24,39–41,54] and by this, estimating SR affected by the climatic
conditions. The first group includes the models dependent on Tsoil [26,31–33], and the
second group are the models dependent on Tair [20,24,25,42]. The comparison between the
groups shows that both groups are generally based on the same formulations but with
using different sources of temperature: Tsoil or Tair.

Temperature and Temperature—Precipitation models [20,24,26,31–33]:

SRT = R0e QT (1)

SRTP = R0e QT
(

P
K + P

)
(2)
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Temperature—Precipitation model dependent on the amounts of precipitation for the
current (P) and previous (Pm−1) months [25,42]:

SRTPP = R0e QT
(

αP + (1− α)Pm−1

K + αP + (1− α)Pm−1

)
(3a)

SRTPPrh = R0e (QT−Q2T2)

(
αP + (1− α)Pm−1

K + αP + (1− α)Pm−1

)
(3b)

Temperature—Precipitation—SOC model [48]:

SRTPC = R0e QT
(

P
K + P

)(
SOC

ψ + SOC

)
(4)

As an extension from the previous models (Equations (3a) and (4)), we suggest to look
at the combined Temperature—Precipitation—SOC model dependent on the amounts of
precipitation of two months:

SRTPPC = R0eQT
(

αP + (1− α)Pm−1

K + αP + (1− α)Pm−1

)(
SOC

ψ + SOC

)
(5)

In all models, T is the average monthly temperature of the soil surface layer [26,31–33]
or the average monthly temperature of air [20,24,25,42]; P is the average monthly amount
of precipitation; SOC is the organic-carbon storage in the top 20-cm of the soil.

The R0 (g C/m2day) is SR at 0 ◦C in normal soil-humidity conditions—it is usually
estimated from the measurements as an average SR for the not-frozen top-soil level. After
R0 is identified, the non-linear regression is used to estimate other parameters of the
models: Q and Q2 are the exponential-relationship temperature coefficients; K (cm) is
the half-saturation constant of the hyperbolic relationship between SR and the amount of
precipitation; α is the redistribution coefficient between the amounts of precipitation for the
current (P) and previous (Pm−1) months; and ψ (kg C/m2) is the half-saturation constant of
the hyperbolic relationship between SR and SOC.

Practically all the empirical models described above, T (Equation (1))–TP
(Equation (2))–TPP (Equation (3a))–TPC (Equation (4))–TPPC (Equation (5)), use the linear
temperature dependency in the exponential term and because of it, can be put into the
same class of the temperature relationship with SR. On the other hand, the model TPPrh
(Equation (3b)) uses the quadratic temperature dependency in the exponential term, which
obtains good results when the model was parameterized with the air temperature [25,42],
and it was taken to compare with other models.

The quality control of modeling was based on the comparison of the following statistics:
the mean bias error (MBE), the root mean square error (RMSE), the slope and intercept of the
linear regression (lm) between the measured and modeled data, and the lm determination
coefficient (R2).

3. Results and Discussion
3.1. Choice of the R0

One of the key parameters of all the empirical models described above is R0—the soil
respiration at 0 ◦C. It significantly affects the modeling quality because it defines the low
boundary of the modeling data (winter periods) and the intercept with the ordinate axis
of the linear model (lm), comparing modeling and measured data. In the ideal model, the
intercept of lm should lay in the origin of the coordinate system and the slope of lm should
be equal to 1. However, as a rule for the real models, the slope < 1 and intercept > 0 due to
an insufficient magnitude of the modeled data in comparison with the measurements—the
extreme values are not represented well by the modeling [20,31,42].

In our research, R0 was estimated from modeling by the T–TP–TPP–TPC–TPPC mod-
els in the following way: R0 is directly interconnected with the intercept of lm and by
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controlling and lowing R0, the intercept of lm is being readjusted to become positive and
closer to zero and at the same time, the slope of lm increases and becomes closer to unity.
With the negative intercept of lm, there will be an underestimation of the soil respiration in
the winter periods.

The obtained R0 values (colored lines, Figure 3) are two–three times smaller than the
earlier obtained values by Raich and Potter (1995) [24] and Kurganova et al. (2020) [20]
for the Entic Podzol. They can be directly compared with the SR measurements at
0≤ Tsoil < 1 ◦C in the autumn–winter period (colored dots with labels, Figure 3) when there
is not any freezing of the top-soil level, and by the selection of the temperature interval,
they should be located closer to the lower SR observed at the lower temperatures (Tsoil ≈ 0).
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Figure 3. Parameter R0—soil respiration in autumn–winter period, Tsoil ≈ 0 ◦C—values (colored
horizontal lines) obtained during modeling by T–TP–TPP–TPC–TPPC models (intercept→ 0+) with
the parameterization by the soil temperature (top) and the air temperature (bottom, monitoring
station) in the normal (green line), wet (blue line), and dry (brown line) years; colored dots with
labels—individual SR measurements, where the labels are the measurement-month numbers and the
dot colors for the monthly-precipitation amount are red (11 < P < 34 mm), brown (34 < P < 57 mm),
yellow (57 < P < 80 mm), green (80 < P < 103 mm), and blue (103 < P < 126 mm).
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As the result of such a selection (intercept→ 0+), the R0 values obtained for the differ-
ent set of years—normal (n), wet (w), and dry (d)—demonstrate a weak linear dependency
from the soil moisture (colored lines, Figure 3) with the minimal R0 values correspond-
ing mainly with the dry period (brown lines). These R0 maximize the slope of lm (see
Tables A1–A4 in the Appendix A) as well.

It should be noted that the R0 values obtained from the models parameterized by Tair
are about 15% higher than the values obtained from the models parameterized by Tsoil.
This observation can be explained from the differences between Tair and Tsoil for these
conditions: the average soil temperature (Tsoil ≈ 2 ◦C, brown vertical line, Figure 4) is about
two degrees higher than the simultaneously observed air temperature (Tair = 0 ◦C, blue
horizontal line, Figure 4), which is associated with the more intensive SR for Tair = 0 ◦C
than for Tsoil = 0 ◦C.
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Figure 4. The interrelationship between Tsoil measured at the sites and Tair obtained from the
monitoring station; horizontal blue line—Tair = 0 ◦C; vertical brown line—average soil temperature
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The R0 values obtained for different conditions (colored horizontal lines, Figure 3) are
close to each other when the parameterization with Tsoil was done. This finding signals that
there are more accurate estimations with Tsoil and agrees with Raich and Potter’s (1995) [24]
notes on the Q10 temperature coefficients that the microbial biomass responsible for SR is
better reacted to the Tsoil changes—the immediate substrate—than to the Tair changes.

This conclusion also agrees well with the observed (Figure 4) significant spread
of the air temperatures (Tair ≈ −12–+2 ◦C) for the soil temperatures close to zero Cel-
sius (Tsoil = 0 ◦C), seen at both sites and fewer smaller spreads of the soil temperatures
(Tsoil ≈ 0–+5 ◦C) for Tair = 0 ◦C. On the other hand, the Tsoil ≈ 2 ◦C threshold serves as a
clear indicator of the temperature-regime change. When Tsoil > 2 ◦C, air and soil tempera-
tures are in a close coupling with each other (red line, Figure 4), while for Tsoil ≤ 2 ◦C, this
coupling behavior has been effectively broken due to the strong influence of liquid water
keeping soil from freezing.

The individual values of the measured SR at near zero temperatures, when there is not
any freezing of the top-soil level occurred (colored dots, Figure 3), are generally associated
with the end-of-the-year cold periods with not very large monthly precipitation (Figure 2).
Investigating the large scattering of these SR values, we found some evidence that they
depend both on the monthly precipitation and soil properties together. For the Entic Podzol
(sandy soil with poor water-holding ability and larger pores), the lower precipitation
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periods (red and brown dots, Figure 3 left) have the extremely low SR—good drainage
easily dries out this soil. However, for Haplic Luvisol (loamy soil with high water-holding
ability and smaller pores), the lower precipitation periods (red and brown dots, Figure 3
right) are actually associated with the higher SR—this soil is over saturated with water [36]
in cold periods. These evidences point out the importance accounting for the soil properties
in SR modeling.

All those mentioned above ensure us that the R0 values we obtained from the modeling
(colored horizontal lines, Figure 3) behave as expected in comparison to the measurements.

3.2. Modeling Results

The modeling with the T (Equation (1))–TP (Equation (2))–TPP (Equation (3a))–TPC
(Equation (4))–TPPC (Equation (5)) models was conducted with using the non-linear regres-
sion for model fitting on the monthly-averaged measured SR, Tsoil or Tair, and precipitation
datasets where the winter and summer values were double weighted to obtain the represen-
tativeness of the models regardless of the time of the year. In addition to this modeling, the
results of the TPPrh (Equation (3b)) modeling with the quadratic temperature dependency
were used for comparisons. The temperature-related coefficients R0 и Q were estimated
from the T model with using the intercept → 0+ constraint for the lm, comparing the
measurements with the modeled data (T, TP, TPP, TPC, TPPC). These coefficient values
were taken as the base for further modeling with more complex TP, TPP, TPC, TPPC, and
also TPPrh (R0, Q, and Q2) models. This way, we separate the temperature-related effects
(R0, Q, and Q2) and, sequentially, focus on the precipitation (K) and SOC (ψ) effects, and
also on the effect of the precipitation redistribution between months (α).

Figures 5 and 6 show that the smallest SR values are observed during the dry years,
while the maximal 30% larger values are reached in the normal years, and the SR becomes
smaller again during the wet years. These observations agree well with the obtained R0
dependency from the soil moisture (colored lines, Figure 3) and also with the previous
research results [55–57]. They can be explained by the reduced microbial activity when there
is not enough water presented in soil in dry years [32,58,59] and also by the lack of available
oxygen for the SOC oxidation when it is saturated with water in wet years [26,36,37].

After fixing the temperature coefficients (R0 и Q) determined by the T–TP–TPP–TPC–
TPPC modeling by the method described above (Figures 5 and 6), the comparison among
the modeling results shows the following similarities and differences among the models
depending on (i) the soil type: Entic Podzol or Haplic Luvisol, and (ii) the sources of the
temperature used for parameterization: Tsoil or Tair.

For Entic Podzol and Tsoil:

• The best slope-lm values (slope, Figure 7) were observed with the TPPC model in a dry
environment (slope≈ 0.9), with the TPC model in a normal environment (slope ≈ 0.9),
and with the TPP model in a wet environment (slope ≈ 0.9); the TPPC and TPPrh
models show the slope > 0.85 for most of the conditions;

• The best R2-lm values (R2, Figure 7) were observed with the TPPC model in a dry
environment (R2 ≈ 0.7) and with the TPPrh model in normal and wet environments
(R2 ≈ 0.75); the TPPC and TPP models show the R2 > 0.7 for all moisture conditions;

• The best MBE values of the comparison between the models and measurements
(|MBE|, Figure 7) were observed with the TPC and TPPC models in a dry environ-
ment (|MBE| ≈ 0.15), and with the TPPrh model in normal and wet environments
(|MBE| ≈ 0.08); the TPPC model shows |MBE| < 0.17 for all moisture conditions.

• The best RMSE values of the comparison between the models and measurements (RMSE,
Figure 7) were observed with the TPC и TPPC in a dry environment (RMSE ≈ 0.45),
and with the TPPrh model in normal and wet environments (RMSE ≈ 0.55); the TPPC
model shows RMSE < 0.63 for all moisture conditions.
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For Entic Podzol and Tair:

• The best slope lm values (slope, Figure 7) were observed with the TPPC model in
dry and wet environments (slope ≈ 0.88–0.9), and with the TPPrh model in a normal
environment (slope ≈ 0.88);

• The best R2-lm values (R2, Figure 7) were observed with the TPPC model for all
moisture conditions: R2 ≈ 0.67 for dry, R2 ≈ 0.77 for wet, and R2 ≈ 0.74 for normal;

• The best MBE values (|MBE|, Figure 7) were observed with the TPPC model in nor-
mal and dry environments (|MBE| ≈ 0.15), while the TPP model gives the smallest
|MBE| ≈ 0.11 in a wet environment;

• The best RMSE values (RMSE, Figure 7) were observed with the TPPC model for all
moisture conditions: RMSE ≈ 0.47 for dry, RMSE ≈ 0.53 for wet, and RMSE ≈ 0.63
for normal.

For Haplic Luvisol and Tsoil:

• The best slope-lm values (slope, Figure 7) were observed with the TPPrh for all
moisture conditions (slope ≈ 0.85–0.9);

• The best R2-lm values (R2, Figure 7) were observed with the TPPrh for all moisture
conditions (R2 ≈ 0.65–0.75);

• The best MBE values (|MBE|, Figure 7) were observed with the TPPrh for all moisture
conditions (|MBE| ≈ 0.15);

• The best RMSE values (RMSE, Figure 7) were observed with the TPPrh for all moisture
conditions (RMSE ≈ 0.43–0.53).

For Haplic Luvisol and Tair:

• The best slope-lm values (slope, Figure 7) were observed with the TPPrh model in dry
and wet environments (slope ≈ 0.85–0.91), and with the TPC and TPPC models in a
normal environment (slope ≈ 0.85);

• The best R2-lm values (R2, Figure 7) were observed with the TPPrh for all moisture
conditions (R2 ≈ 0.57–0.73);

• The best MBE values (|MBE|, Figure 7) were observed with the TPPrh model in
normal and wet environments (|MBE| ≈ 0.15–0.23), and with the TPPC model in a dry
environment (|MBE| ≈ 0.23);

• The best RMSE values (RMSE, Figure 7) were observed with the TPPrh for all moisture
conditions (RMSE ≈ 0.53–0.73).

From the conducted analysis, we see that the SOC and water-holding abilities are criti-
cal for the choice of optimal SR models. The TPPrh model with the quadratic dependency on
the temperature becomes more optimal in most of the environmental conditions—normal,
dry, and wet—for Haplic Luvisol having the finer texture (siltic), meaning lower permittiv-
ity to gasses [36], and the ability to hold larger amounts of water in comparison to Entic
Podzol (Table 1) and for a longer time period. On the other hand, the TPPC model looks
more optimal for sandy Entic Podzol, for which the weak water-holding ability leads to
lack of water in the dry periods and brings forward the presence of SOC—as the substrate
for the microbial community—to support SR when precipitation occurs.

These conclusions are also supported by the comparison of the mean annual SR mea-
surements with modeled values (Figure 8). While the TPPrh model shows a better annual
performance for Tsoil, for Tair, the TPPC model becomes slightly better for Entic Podzol—the
respective SR measured and modeled values stay within the standard deviation ranges
of each other. However, it should be noted that these conclusions based on the annual
means can be biased toward the larger summer SR values, underestimating the effects of
the smaller winter SR. The underestimation of the mean annual SR is also in agreement
with the fact that the model-comparison slopes are smaller than unity for both Entic Podzol
(Figure 5) and Haplic Luvisol (Figure 6), causing a possible underestimation of the larger
summer-time SR values. In the next section, we will see that the lower winter-time SR
values are actually adequately modeled by our procedure and should not influence the
respective model behavior showed in Figure 8.
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Figure 7. The comparison-statistics: slope—the slope of the lm; R2—the determination coefficient
of the lm; |MBE|—the absolute mean-bias error; and RMSE—the root-mean-square error between
the modeled and measures soil respiration values for the normal (blue), wet (red), and dry (green)
environmental conditions; in each panel: top—Tsoil (local), bottom—Tair (monitoring station) used for
parameterizations; in each panel: left—for Entic Podzol, right—for Haplic Luvisol.

3.3. An Optimal-Model Selection and the Winter Soil Respiration Control

The obtained above conclusions on the quality of the SR models parameterized with
the different temperature sources (Tsoil and Tair) for Entic Podzol (Figure 9) and Haplic
Luvisol (Figure 10) are well illustrated by the time series generated from the TPPC (red) and
TPPrh (blue) models. It should be noted that the TPPC model generates higher values than
the TPPrh model and by this, the TPPC model better approximates the winter extremes
but overestimates the summer SR pikes. It can be seen that an application of Tsoil for the
model parameterization allows more accurate estimations of the winter SR (both models)
and reduces overestimations in summer (both models), improving SR estimates in the
warm periods.
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Figure 8. The mean annual SR (gC m−2 day−1) over 25-year-long periods—blue bars—measured (SR)
and modeled (labels on the x-axis) with the standard deviation ranges (orange bars) of the individual-
year distributions of the mean annual SR; top—Tsoil (local), bottom—Tair (monitoring station).
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As an explanation of such model behavior, we can point to the soil condition difference
between the winter and summer periods: when there is enough water in winters, the SR
becomes more dependent on the Tsoil interconnected with microbial activity and SOC
presence as a substrate for the microbial community [24], while in dryer summer periods,
the presence of precipitation and the respective temperature and humidity changes though
the evapotranspiration of vegetation [60,61] start playing an important role in the soil
water balance and SR regulation. All those mentioned above are illustrated by Figure 4
(Section 3.1) highlighting different regimes of dependency between the Tsoil and Tair in the
cold and warm times of the year—blue and red lines, respectively.

We combine the TPPC and TPPrh models by the regime-change condition (Tsoil ≈ 2 ◦C)
from Figure 4, comparing the soil and air temperatures:

• with the Tsoil > 2 ◦C—choose the TPPrh model;
• with the Tsoil ≤ 2 ◦C—choose the TPPC model.
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For the comparison analysis of the combined TPPC, the TPPrh models (Table 2) show
the best statistical values for R2, MBE, and RMSE for the following model parameterizations:

All data: for the combined TPPC[Tsoil], the TPPrh[Tsoil] model parameterized by the
soil temperature;

Cold period: for the TPPC[Tsoil] model parameterized by the soil temperature;
Warm period: for the TPPrh[Tsoil] or TPPrh[Tair] model parameterized by the soil or

the air temperature.

Table 2. Quality control of the modeling by the combined TPPC: TPPrh models with the parameter-
ization by different temperature sources ([Tsoil] or [Tair]) conducted on the 25-year monitoring for
Entic Podzol and Haplic Luvisol; top—all data, middle—cold periods (Tsoil ≤ 2 ◦C), bottom—warm
periods (Tsoil > 2 ◦C).

Entic Podzol Haplic Luvisol

Model R2 MBE RMSE R2 MBE RMSE

(all data)

TPPC[Tsoil]:TPPrh[Tair] 0.734 −0.150 0.527 0.624 −0.348 0.716

TPPC[Tair]:TPPrh[Tair] 0.731 −0.156 0.536 0.623 −0.357 0.723

TPPC[Tsoil]:TPPrh[Tsoil] 0.735 −0.115 0.524 0.674 −0.287 0.651

Tsoil ≤ 2 (cold periods)

TPPC[Tsoil] 0.116 −0.225 0.397 0.054 −0.376 0.553

TPPC[Tair] 0.110 −0.241 0.428 0.047 −0.402 0.580

TPPrh[Tsoil] 0.032 −0.224 0.411 0.110 −0.425 0.581

TPPrh[Tair] 0.070 −0.288 0.480 0.040 −0.456 0.643

Tsoil > 2 (warm periods)

TPPC[Tsoil] 0.583 −0.124 0.638 0.465 −0.413 0.852

TPPC[Tair] 0.616 −0.094 0.599 0.431 −0.412 0.856

TPPrh[Tsoil] 0.604 −0.051 0.584 0.512 −0.239 0.698

TPPrh[Tair] 0.604 −0.106 0.589 0.431 −0.333 0.790

It should be noted that the (intercept→ 0+) approach which we developed guarantees
an adequate estimation of the cold-period SR and a good magnitude resolution of the model
results (confirmed by Figure 8) in comparison to the measurements—an often observed
inefficiency of the standard parameterization approaches [20,31,42].

For Haplic Luvisol (Figure 10), the SR measurements are well represented by the
modeling values before the 2015 year; however, in the later period, the winter-time SR
values are too large due to changes in the forest structure (tree fall down) that year, making
soil more accessible to elements [62].

The low R2 values for the cold period (Table 2) are directly associated with the high
variability of the observations (see Figure 3) which typically occur during the winter-time
measurements due to snow presence on the ground and freezing–thawing cycles and
also due to changes in precipitation causing CO2 accumulation in soil and interrupting
gas exchange.

4. Conclusions

We have demonstrated an importance to account for the SOC storage and water-
holding ability for the selection of the proper SR models. For the sandy Entic Podzol with
a coarse texture and good drainage, it is better to use the models accounting for the SOC
storage (TPC and TPPC), while for the loamy Haplic Luvisol, having a finer texture and
high water-holding ability, it is better to apply Raich–Hashimoto-type models (TPPrh) with
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the quadratic temperature dependency being connected to the water presence in the soil
and the reaction of the microbial biomass on temperature change.

Both in the dry and in the normal years, accounting for SOC storage significantly
improves the modeling results (TPC and TPPC models) in comparison to the more simple
model results (T, TP, and TPP models). In the dry years, the TPPC model is better than
the TPC model, but in the normal years, the TPC model is better than the TPPC model,
highlighting an importance of the prolonged presence of soil humidity in dry periods.

An effect of humidity change becomes the most important in the wet years (TPP
и TPPC models). Optimal values for the parameter α included into the TPP and TPPC
models become close to zero or negative in the dry years, highlighting an importance of
the (continuous) moisture and precipitation presence from the previous month (PP).

We found that TPPC parameterized by the soil temperature adequately describes the
SR measured during the cold periods (Tsoil ≤ 2 ◦C), whereas TPPrh parameterized by the
soil or air temperature is better for describing the SR measured during the warm periods
(Tsoil > 2 ◦C).

The parameterization of the models with the soil temperature is shown to be an
important factor for adequate SR estimates. With this parameterization, the TPPC model
can be applied for the control of the winter-time SR measurements conducted at the sites.

Author Contributions: Conceptualization, I.K. and S.K.; methodology, I.K. and S.K.; formal analysis,
S.K.; investigation, S.K.; resources, V.L.d.G., D.K., T.M. and D.S.; data curation, V.L.d.G., D.K. and
S.K.; writing—original draft preparation, S.K.; writing—review and editing, I.K., K.I. and S.K.;
visualization, D.K., V.L.d.G. and S.K.; supervision, I.K. and K.I.; project administration, I.K. and
K.I.; funding acquisition, I.K. and K.I. All authors have read and agreed to the published version of
the manuscript.

Funding: The data collection and preparation were carried out as part of the most important in-
novative project of national importance, “Development of a system for ground-based and remote
monitoring of carbon pools and greenhouse gas fluxes in the territory of the Russian Federation,
ensuring the creation of recording data systems on the fluxes of climate-active substances and the car-
bon budget in forests and other terrestrial ecological systems” (Registration number: 123030300031-6);
the data analysis and modeling works were supported by state assignment No. 122111000095-8.

Data Availability Statement: The data presented in this study are available on reasonable request
from the authors.

Acknowledgments: We give thanks to Vera Ableeva (Station of Background Monitoring, Roshy-
dromet) who provides us the meteorological data set (1973 to 2021) for the study area. We especially
thank Daniela Dalmonech for her comments and suggestions improving the objectivity of the better
model selection process and anonymous reviewers for their constructive comments.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A

The results of parameterizations of the models and the comparisons between the soil
respiration measurements and modeling results for the Entic Podzol (Tables A1 and A3) and
Haplic Luvisol (Tables A2 and A4); Tsoil or Tair was used for the model parameterizations.

Table A1. Parameters (R0, Q, Q2, K, α, ψ) of the models (T, TP, TPP, TPC, TPPC, TPPrh) and the com-
parisons with the measurements (|MBE|, RMSE, slope, intercept, R2) for the Entic Podzol and forest
ecosystem in normal (n), wet (w), and dry (d) years; Tsoil was used for the model parameterizations.

Model Wetness R0 Q Q2 K α ψ Slope Intercept |MBE| RMSE R2

T n 0.545 0.118 - - - - 0.827 0.063 0.237 0.643 0.720

TP n 0.545 0.118 - 0.901 - - 0.819 0.049 0.266 0.644 0.726

TPP n 0.545 0.118 - −0.941 1.137 - 0.843 0.054 0.219 0.609 0.745
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Table A1. Cont.

Model Wetness R0 Q Q2 K α ψ Slope Intercept |MBE| RMSE R2

TPC n 0.545 0.118 - 6.838 - −0.179 0.897 −0.022 0.200 0.617 0.747

TPPC n 0.545 0.118 - −0.571 1.753 −0.043 0.863 0.066 0.172 0.628 0.724

TPPrh n 0.545 0.197 0.005 −1.694 2.266 - 0.853 0.172 0.083 0.549 0.765

T w 0.508 0.121 - - - - 0.860 −0.044 0.284 0.645 0.711

TP w 0.508 0.121 - −4.341 - - 0.885 0.029 0.167 0.625 0.702

TPP w 0.508 0.121 - −4.954 0.072 - 0.897 0.026 0.149 0.623 0.704

TPC w 0.508 0.121 - −5.869 - 0.042 0.863 0.063 0.171 0.623 0.697

TPPC w 0.508 0.121 - −11.137 0.330 0.148 0.831 0.152 0.138 0.617 0.686

TPPrh w 0.508 0.188 0.005 −5.843 0.119 - 0.840 0.214 0.060 0.548 0.732

T d 0.526 0.094 - - - - 0.763 0.095 0.233 0.511 0.610

TP d 0.526 0.094 - 0.864 - - 0.753 0.082 0.261 0.512 0.623

TPP d 0.526 0.094 - 0.734 1.157 - 0.751 0.081 0.265 0.510 0.629

TPC d 0.526 0.094 - 12.374 - −0.353 0.889 −0.003 0.157 0.451 0.688

TPPC d 0.526 0.094 - 20.012 0.870 −0.440 0.898 −0.019 0.161 0.452 0.692

TPPrh d 0.526 0.094 0.005 0.734 1.157 - 0.805 0.097 0.174 0.493 0.617

Table A2. Parameters (R0, Q, Q2, K, α, ψ) of the models (T, TP, TPP, TPC, TPPC, TPPrh) and the
comparisons with the measurements (|MBE|, RMSE, slope, intercept, R2) for the Haplic Luvi-
sol and forest ecosystem in normal (n), wet (w), and dry (d) years; Tsoil was used for the model
parameterizations.

Model Wetness R0 Q Q2 K α ψ Slope Intercept |MBE| RMSE R2

T n 0.448 0.119 - - - - 0.755 0.112 0.287 0.718 0.635

TP n 0.448 0.119 - 2.179 - - 0.738 0.079 0.347 0.717 0.658

TPP n 0.448 0.119 - 0.181 1.129 - 0.747 0.097 0.315 0.690 0.671

TPC n 0.448 0.119 - 10.960 - −1.050 0.856 −0.006 0.239 0.662 0.696

TPPC n 0.448 0.119 - 4.537 1.099 −0.767 0.843 0.044 0.212 0.650 0.694

TPPrh n 0.448 0.238 0.007 7.495 1.036 - 0.865 0.070 0.150 0.577 0.742

T w 0.432 0.122 - - - - 0.794 −0.055 0.416 0.792 0.631

TP w 0.432 0.122 - −5.128 - - 0.818 0.035 0.285 0.756 0.619

TPP w 0.432 0.122 - −5.151 0.995 - 0.818 0.035 0.285 0.756 0.619

TPC w 0.432 0.122 - −5.316 - 0.030 0.813 0.039 0.288 0.756 0.618

TPPC w 0.432 0.122 - −2.683 1.298 −0.124 0.828 0.004 0.298 0.757 0.626

TPPrh w 0.432 0.239 0.007 −0.030 1.537 - 0.902 0.022 0.150 0.587 0.742

T d 0.408 0.093 - - - - 0.687 0.057 0.363 0.607 0.467

TP d 0.408 0.093 - −0.356 - - 0.691 0.061 0.352 0.605 0.463

TPP d 0.408 0.093 - −2.952 0.037 - 0.751 0.064 0.269 0.578 0.469

TPC d 0.408 0.093 - 6.617 - −1.147 0.794 0.012 0.264 0.567 0.500

TPPC d 0.408 0.093 - −1.954 0.009 −0.180 0.757 0.064 0.262 0.577 0.469

TPPrh d 0.408 0.221 0.008 −3.074 0.384 - 0.842 0.069 0.143 0.426 0.635
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Table A3. Parameters (R0, Q, Q2, K, α, ψ) of the models (T, TP, TPP, TPC, TPPC, TPPrh) and the
comparisons with the measurements (|MBE|, RMSE, slope, intercept, R2) for the Entic Podzol
and forest ecosystem in normal (n), wet (w), and dry (d) years; Tair (meteostation) was used for
parameterization.

Model Wetness R0 Q Q2 K α ψ Slope Intercept |MBE| RMSE R2

T n 0.686 0.087 - - - - 0.836 0.074 0.211 0.640 0.717

TP n 0.686 0.087 - 0.384 - - 0.832 0.067 0.224 0.640 0.720

TPP n 0.686 0.087 - −0.473 1.135 - 0.844 0.066 0.205 0.625 0.729

TPC n 0.686 0.087 - 4.362 - −0.128 0.890 0.013 0.177 0.626 0.734

TPPC n 0.686 0.087 - 1.001 1.122 −0.079 0.885 0.042 0.157 0.616 0.736

TPPrh n 0.618 0.121 0.002 0.273 1.128 - 0.889 −0.025 0.218 0.639 0.734

T w 0.724 0.082 - - - - 0.881 0.014 0.191 0.553 0.762

TP w 0.724 0.082 - −2.618 - - 0.898 0.056 0.118 0.544 0.757

TPP w 0.724 0.082 - −2.171 1.331 - 0.906 0.052 0.109 0.536 0.764

TPC w 0.724 0.082 - −4.089 - 0.032 0.884 0.083 0.114 0.544 0.753

TPPC w 0.724 0.082 - −1.114 −2.042 −0.055 0.901 0.054 0.116 0.532 0.766

TPPrh w 0.651 0.095 0.001 −4.949 1.249 - 0.870 0.087 0.136 0.544 0.753

T d 0.649 0.063 - - - - 0.755 0.114 0.225 0.507 0.608

TP d 0.649 0.063 - 0.167 - - 0.754 0.111 0.231 0.507 0.611

TPP d 0.649 0.063 - −0.750 2.586 - 0.753 0.116 0.227 0.503 0.613

TPC d 0.649 0.063 - 8.757 - −0.291 0.867 0.038 0.147 0.464 0.662

TPPC d 0.649 0.063 - 20.364 0.763 −0.435 0.883 0.009 0.153 0.462 0.672

TPPrh d 0.584 0.110 0.002 0.084 1.234 - 0.850 −0.008 0.216 0.506 0.637

Table A4. Parameters (R0, Q, Q2, K, α, ψ) of the models (T, TP, TPP, TPC, TPPC, TPPrh) and the
comparisons with the measurements (|MBE|, RMSE, slope, intercept, R2) for the Haplic Luvisol
and forest ecosystem in normal (n), wet (w), and dry (d) years; Tair (meteostation) was used for
parameterization.

Model Wetness R0 Q Q2 K α ψ Slope Intercept |MBE| RMSE R2

T n 0.538 0.100 - - - - 0.767 0.103 0.331 0.810 0.628

TP n 0.538 0.100 - −0.204 - - 0.768 0.107 0.325 0.809 0.627

TPP n 0.538 0.100 - −2.136 0.440 - 0.784 0.133 0.270 0.803 0.621

TPC n 0.538 0.100 - 3.588 - −0.522 0.823 0.058 0.272 0.795 0.640

TPPC n 0.538 0.100 - −0.946 −0.933 −0.202 0.824 0.094 0.233 0.764 0.654

TPPrh n 0.538 0.175 0.004 −0.346 2.364 - 0.813 0.178 0.170 0.724 0.667

T w 0.611 0.093 - - - - 0.823 −0.007 0.338 0.758 0.662

TP w 0.611 0.093 - −3.108 - - 0.842 0.041 0.254 0.745 0.654

TPP w 0.611 0.093 - −2.787 1.268 - 0.842 0.046 0.249 0.742 0.655

TPC w 0.611 0.093 - 1.107 - −0.318 0.872 −0.023 0.263 0.747 0.665

TPPC w 0.611 0.093 - −0.242 2.004 −0.232 0.860 0.018 0.245 0.739 0.662

TPPrh w 0.611 0.158 0.003 3.576 −0.618 - 0.914 −0.066 0.227 0.680 0.718
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Table A4. Cont.

Model Wetness R0 Q Q2 K α ψ Slope Intercept |MBE| RMSE R2

T d 0.530 0.065 - - - - 0.686 0.078 0.343 0.584 0.485

TP d 0.530 0.065 - −1.484 - - 0.704 0.098 0.298 0.574 0.470

TPP d 0.530 0.065 - −3.552 0.156 - 0.750 0.096 0.239 0.555 0.480

TPC d 0.530 0.065 - 3.968 - −0.969 0.792 0.053 0.225 0.545 0.504

TPPC d 0.530 0.065 - −0.013 −0.432 −0.595 0.777 0.081 0.218 0.543 0.495

TPPrh d 0.530 0.126 0.003 −0.011 −0.432 - 0.844 −0.043 0.251 0.516 0.578
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