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ASSESMENT OF CO2 FLUXES IN THE DRY GRASSLAND OF SOUTHERN
WESTERN SIBERIA
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Abstract. For the first time, net ecosystem exchange (NEE) and ecosystem respiration (Rec,)
were measured using the chamber method within the dry grassland (true steppe) of the Kulunda
Plain, West Siberia, (Altai Krai), and gross primary production (GPP) was calculated. To identify
the relationship between CO, fluxes and environmental factors, the following parameters were
also measured: aboveground phytomass (AGP), photosynthetically active radiation (PAR), air
temperature, soil temperature and soil moisture. The median (1Q, 3Q) NEE, R, and GPP were -
103 (-152, -66), 90 (74, 105), and -200 (-251, -151) mg C m?h’', respectively. The key factors of
variability in NEE and GPP were aboveground phytomass, while for R.., — soil moisture content
in the 100 cm layer. Based on the obtained data, a neural network was successfully trained using
the Levenberg-Marquardt algorithm (R%ui = 0.9, R% = 0.9, R%e = 0.8; MSEain = 335, MSEyaiia
=647, MSEest = 360; Nirain = 50; Niain = 11), which will be used in the future to scale carbon
fluxes in space and time.

Key Words: carbon dioxide, summer fluxes, dry grassland, regional natural monument, south
of Western Siberia, Kulunda Plain, Altai Krai.
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AHHoTauus. BriepBeie B npeaenax Hacrosmend crenu KyayHAMHCKOW paBHHHBI, 3amajgHas
Cubups (AnTaiickuii Kpail) KaMepHBIM METOJ0M OBLTH U3MEPEHBI YHCTHI SKOCUCTEMHBIH 0OMEH
(NEE) u sxocucremHoe npixanue (Reco), a Takke paccunmTaHa BajoBas MEpPBUYHAS MPOTYKIIUS
(GPP). s BeisiBneHus cBsizu moTokoB CO2 ¢ pakTopamul cpeibl TakKKe U3MEPSITUCH CIISTYIONTIE
napaMmeTpsl: HagzeMHas ¢uromacca (AGP), gorocunrermueckn aktuBHas paauauus (PAP),
TeMIlepatypa Bo3Ayxa, TeMIrepaTypa MouBbl U ee BiakHOCTb. Meauanueie (1Q, 3Q) 3HaueHUs
NEE, Reco u GPP cocrasunu -103 (-152, -66), 90 (74, 105) u -200 (-251, -151) mr C m-2 u-1
cootBeTcTBeHHO. KitoueBbiMu (daktopamu u3meHuuBoctd NEE u GPP Owpimtn nHagzemuas
¢duromacca, a s Reco — BnaxknocTs mouBsl B cioe 100 cm. Ha ocHOBe moydeHHBIX JTaHHBIX
ycHemHo o0yuyeHa HEWpOHHas CeTh C HCIOJb3oBaHHMeM airoputma JleBenOepra-MapkBapaTa
(R2train = 0,9, R2valid = 0,9, R2test = 0,8; MSEtrain = 335, MSEvalid = 647, MSEtest = 360;
Ntrain = 50; Ntrain = 11), koTopasi B naibpHei1IeM OyeT UCIOIb30BaThCs A1l MACIITAOMPOBAHUS
MTOTOKOB YTJIepojia B IPOCTPAHCTBE U BPEMEHHU.

KurroueBrble ¢j10Ba: yriaeKUCIbli ra3, JETHUE TOTOKH, HACTOSIIUE CTEIH, TAMSITHUK IPUPOJIBI,

tor 3anagHoit Cubupu, KynyHnuHckas paBHHHA, ANTaiicKUi Kpaid.

BbaaronapuocTu. Pabora BbImojiHEHa Npu mojjepkke MUHHCTEpCTBA HAyKH U BBICIIETO
oOpazoBanust Poccuiickoit ®exnepanu B paMkKax TOCYJapCTBEHHOTO 3aJaHHsl Ha Hay4dHO-
HCCIIEIOBATENCKYIO paboTy, BBIOJHSAEMYIO B AJTAalCKOM TOCYJapCTBEHHOM YHHMBEPCHUTETE,

npoekt FZMW-2023-0007.

Introduction

Finding ways to adapt to climate change requires refining regional estimates of the CO, (and
other greenhouse gas) balance (Cenci and Biffis 2025), which has been identified as a global
priority at the national (Decree... 2020; Strategy... 2021) and international levels (IPCC 2023).

Inventorying and long-term forecasting of the CO, balance is typically carried out using
mathematical simulation methods, which requires validation using regional field data.
Furthermore, it is important not only to measure CO; fluxes at different spatial scales and types of
terrestrial ecosystems, but also to explore and analyze their complex relationships with

meteorological and environmental factors (Pillai et al. 2025). The most important of these are soil
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temperature and moisture, as well as the input of substrates from plants into soil biota (Hu et al.
2024). Also, the CO, balance of a particular ecosystem depends on local environmental conditions
and land use types (Li et al. 2020; Wang and Ma 2022; Wang et al. 2024). For example, in
waterlogged alpine meadows, CO, fluxes are mainly controlled by soil temperature, while in water-
deficient steppe ecosystems, they are controlled by soil moisture in the root zone (Wang and Ma
2022). In international practice, studies on measuring CO, fluxes have been carried out mainly in
forest and wetland ecosystems (Mazzola et al. 2021; Shokoufeh et al. 2021), while in the steppes
such measurements are rare (Gilmanov et al. 2003; Perez-Quezada et al. 2010, Zhang et al. 2007;
Wen et al. 2024). A detailed review of balance estimates of net ecosystem production (NEP) of
CO: in the steppe zone of the world based on instrumental measurements from 1997 to 2011 is
presented in the paper by (Golubyatnikov et al. 2023). In Russia, there is also a prevailing interest in
taiga forest and wetland ecosystems, where measurements are mainly organized using the Eddy
covariance (EC) method (Glagolev 2010; Monitoring..., 2017; Kazantsev et al. 2018; Mamkin et
al. 2019; Dyukarev et al. 2019; Kuricheva et al. 2023). This is partly due to the fact that forests
account for 61% of Russia's total ecosystem area, tundra for 18%, swamps for 10%, and grassland
ecosystems for 6%. Preserved and restored steppe ecosystems account for only 3.4%, with only 1%
conserved in protected areas (Assessment... 2023, p. 56). In the Altai Krai, natural steppes account
for 2.9%, and restored steppes account for 7% of the region's total area. (Assessment... 2023, p. 63).
Moreover, the steppes are a critical component of biodiversity and are characterized by the largest
soil carbon reserves in southern Russia.

A limited number of model estimates of net primary production (NPP) and ecosystem
respiration (Re,) have been obtained for steppe ecosystems in Russia (Titlyanova and Shibareva
2017; Assessment... 2023). These data are comparable with the same assessments of CO,: NPP for
steppe ecosystems in Russia (Golubyatnikov et al. 2023). However, these model estimates require
refinement to ensure a reliable accounting of steppe area, as well as the use of a broader set of
factual data for validation (Assessments... 2023). Among the instrumental measurements in the
steppes, it is also worth noting the net ecosystem exchange (NEE) estimates using the EC method
(natural background and fallow) in the Republic of Khakassia (Belelli Marchesini et al. 2007,
Vuichard et al. 2008). Noteworthy are the R, estimates obtained using the EC method on the East
European Plain within forest-steppe agroecosystems, mixed and broad-leaved forests during 2020—
2022 growing seasons (Sukhoveeva et al. 2023). This confirms that direct instrumental ground-
based measurements of CO; fluxes in steppe ecosystems in Russia are currently few and have not

been conducted in the Altai Krai.
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It should also be emphasized that greenhouse gas (GHG) emission datasets are often
incomplete due to inconsistent reporting and difficulties in organizing ground-based observations,
and recently there has been an increasing number of studies on filling these gaps and, in general, on
estimating carbon emissions based on machine learning (Cullen et al. 2024; Feng et al. 2024; Al
Nuaimi et al. 2025). Satellite remote sensing data (MODIS/Terra) for grass communities (Zhukov
and Zhukova 2023) and forest ecosystems (Rygalova et al. 2024) are also actively and successfully
used to estimate GHG fluxes in the absence of ground-based measurements. In this regard, the
purpose of this study is to evaluate CO2 fluxes using static cameras and test machine learning
methods for scaling CO2 fluxes in space and time in conditions of a shortage (short series) of
instrumental observations of fluxes and using only climatic parameters, which are usually easier to
organize and long-term. To achieve this goal, ground-based instrumental measurements of CO2
fluxes and related environmental factors were carried out for the first time in the arid meadows of
the Altai Territory. The neural network was trained using short series data obtained using the
Levenberg-Marquardt algorithm.

Materials and methods

Study Area

Measurements of CO, fluxes and associated environmental factors were carried out from July
22 to 25, 2024, at four measurement sites (MS) on the territory of the regional natural monument
“Balochnaya system in Novokormikha” (protected area since May 6, 2014), located on the Kulunda
Plain in the Altai Krai ( coordinates: 52.143755, 80.086703, WGS84). (Balochnaya system...
2025).

Climate and Weather Conditions

According to data from the nearest Roshydromet weather station, Volchikha (located 30 km
southeast of the study site), average annual air temperatures from 1995 to 2024 ranged from 0.5 to
4.5°C, while precipitation over the same period ranged from 190 mm to 580 mm. In 2024, the
average annual temperature was 4°C, and precipitation was approximately 400 mm, indicating
warm and moist conditions during the measurement period. Over the past 5 years, the 2024 growing
season was the most humid, but not the hottest, while the period from June to August was
characterized by the highest average daily air temperatures. During the field work itself, rain was
observed on July 22 (night and day), and also on the night of July 25.

Vegetation and Soils
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The natural monument is a gully up to 15 m deep and overgrown with birch forest, and an
adjacent flat area. The southwestern aspect of the gully is covered with steppe vegetation, and the
northeastern one is covered with a community with a tree layer (Betula pendula). The bottom of the
gully is composed of complexes of meadow and hydrophytic vegetation. The vegetation of the
study area belongs to the class of dry grassland formations (Lavrenko 1940, 1991; Ronginskaya
1963). Measurements of flows, environmental factors, and botanical descriptions were carried out
on the flat area, where forb-feather-grass dry grassland grows on low-humus, medium-deep
southern chernozems, classified as Chernozem according to the FAO classification, and Calcic,
Chca according to the WRB classification (Balochnaya system... 2025). During field geobotanical
releves, two steppe communities were identified, named according to the dominant species of the
identified sublayers. The communities are located 20 meters apart. The geobotanical releves were
prepared using generally accepted methods and processed using the dominant-determinate system.
They contain the following phytocoenotic data: phenological indices of dominant species, floristic
diversity of communities, and total projective cover (PC). The dominants within each MS were
identified. Latin plant names are given according to the International Plant Names Index (IPNI

2025). Four MS were established in the territory of these communities to measure CO, fluxes (Fig.

1.

Fig.1. CO, flux measurement sites. MS 1-4 are marked as T 1-4, respectively. MS 1 and 4 are
feather-grass wormwood steppe, MS 2 and 3 are fescue-feather-grass steppe

Aboveground Phytomass
AGP was mown within each measurement site. Phytomass reserve (P) was calculated using the
formula:

P=AGP,,,—AGP,, /S, (1)
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where AG P, — weight of raw AGP in grams, AG P, — weight of dried AGP in grams, Sy — area
of measurement site in m*. Drying was carried out in a drying chamber at a temperature of 105°C
until an absolutely dry state was achieved.

CO; Flux Measurements

CO, fluxes were measured using the static chamber method using transparent and opaque
chambers (closed with covers made of foil-clad polyethylene foam, which additionally reduced
their heating). Transparent chambers were used to measure CO; fluxes: NEE, and opaque ones — for
Reo. GPP was calculated as the difference between NEE and Re, (with negative values
corresponding to the CO, sink from the atmosphere to ecosystems and vice versa). The chambers
were made of transparent 4 mm thick organic glass in the shape of a parallelepiped (height — 70 cm,
side dimensions — 34x34 c¢m, volume — 0.103 m?) (Fig. 2). The chambers were equipped with
samplers with silicone hoses. Settled well water was poured into a trough at the base, functioning as
a water seal. The air in the chambers was mixed with a fan with an air flow rate of 0.88 m*/min. To
reduce the impact of the foundation insertion on the soil gas profile, they were installed on July 22,
2024, 12 hours before the start of measurements. A portable infrared gas analyzer EGM-5 Portable
CO; Gas Analyzer (PP-System, USA) with a concentration measurement error of <1% was used to
measure the concentration of carbon dioxide over a range of 0—100,000 ppm. Measurements were
carried out at each MS in triplicate in the morning from 9:30 to 11:30 am and in the evening from
4:00 to 6:00 pm. The exposure duration was 3 minutes. Specific CO, fluxes were calculated in the
MatLab software package (MathWorks, Inc., USA) using the formula:

H

=2aPMb——"—,
flux=2aPMb" 0 (2)

where flux — specific CO; flux (mg C m>h™), a = 0.12 mg mol K/(kg J ppm), P — total pressure of
the gas mixture (Pa), M — molar mass of gas (0.012 kg/mol for express flux inmg C m>h™), b — the
rate of change of gas concentration in the chamber atmosphere (ppm/h; calculated as the slope of
the line representing the increase in gas concentration in the chamber using the least squares method
with weights, fitlm function, MATLAB), H — chamber height (m), T — temperature in the chamber
at the end of the measurement (K), T, — temperature in the chamber at the beginning of the
measurement (K).

Absolute error of flux was estimated using the formula:

A flux=2 aPM |AbH+[b|AH]|. (3)

1
T+T,
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Here Ab — error in determining the parameter b (ppm/h), AH — is the error in determining the
camera height (m; assumed to be 0.05 m, which is mainly due to the inaccuracy of estimating the
camera installation height due to surface unevenness). To compare the obtained instrumental
estimates of GPP and NPP, the satellite remote sensing product MOD17A2HGF.061 (Terra Gross
Primary Productivity), which is an 8-day composite with a 500-meter spatial resolution of GPP
values (Running and Zhao 2021).

Ecological Factors

For continuous monitoring of air and soil temperature during daylight hours, autonomous
Thermochron iButton DS1921 sensors (Dallas Semiconductor, USA) were installed at a height of
100 cm and a depth of 0.30 cm. They were set to measure at a frequency of 3 hours and had an
accuracy of £0.5°C. In the immediate vicinity of each MS, soil volumetric moisture content was
measured in percentages at the surface once daily from 13:00 to 16:00 and then in 10 cm increments
down to a depth of 100 cm using an express kit consisting of an NN-2 data logger and an ML3
ThetaProbe sensor (measurement accuracy of £1%) (Delta-T Devices, UK). The total solar
radiation (TSR) intensity was measured during daylight hours using a Janiszewski thermoelectric
pyranometer connected to an EMS12 data recorder (Environmental Measuring Systems, Czech
Republic), with continuous data recording during daylight hours at a frequency of 20 times/min.
The measurement period was predominantly cloudless, so uniform conversion factors were used
first from volts to kcal/cm?min (calibration coefficient —0.12), and then to W/m? (coefficient — 698)
(Photosynthesis... 1989).

Statistical data processing and machine learning

Standard nonparametric statistics were calculated for the obtained data: the sample median for
CO:; flux measurements and environmental factors, and uncertainty characteristics — the first and
third quartiles. Statistical hypotheses were tested using the Kruskall-Wallis test at a significance
level of p=0.01. The model (input: environmental factors; output: CO, fluxes) was developed
using machine learning using the Neural Network Toolbox module in MATLAB. A standard two-
layer feed-forward NN was used. The Levenberg-Marquardt algorithm was used for NN training, as
it is the most universal method suitable for most problems. Furthermore, it has proven effective
when working with small training sets and weak correlations between CO, fluxes and
environmental parameters (Beale et al. 2010). The input parameters were checked for high internal
correlation (R* > 0.5) using the correlation matrix. The original set of input and target data was
divided (by default) into three subsets: the training subset “Training” (70%), which was used to

adjust the neural network weights by minimizing the model error (Beale et al. 2010); the test subset
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“Testing” (15%), which was used to independently evaluate the performance of the trained model;
and the validation subset “Validation” (15%), which was used to monitor training and stop testing if
there was no improvement. The number of layers of neurons (10) in the hidden subset was selected
empirically to achieve the highest training efficiency, which was expressed by the lowest MSE

(Beale et al. 2010).

Results and discussion

During the fieldwork, geobotanical releves of the steppe communities and the measurement
sites established within them were conducted. MS1 and MS4 were established in feather-grass-
wormwood steppe communities: Stipa capillata, Artemisia frigida, Festuca pseudovina, Koeleria
pyramidata (Fig. 2) MS2 and MS3 were established in fescue-feather-grass-steppe communities:
Stipa capillata, Festuca pseudovina (Fig. 2). AGP was calculated at each MS (see Table 2).

As a result of measurements at the MS, data were obtained on NEE and R..,: CO,, as well as
associated environmental factors: air temperature at a height of 100 cm, PAR, soil temperature at
the surface and at a depth of 30 cm, and volumetric soil moisture in a 100-cm layer with
measurements every 10 cm. Based on these measurements, GPP: CO, was calculated. The results of
all measurements are presented in Table 2.

Table 2. CO; fluxes and ecological factors of environment for MS 1-4 (median/1 quartile/3
quartile)

Parameter MS 14 MS 1 MS 2 MS 3 MS 4
NEE -145/-159/-

-103/-152 /-66 118 -68/-85/-56 -162/-200/-134 | -54/-90/-41
Reco 90/74/105 99/86/111 74/67/86 101/79/135 91/85/95
GPP -237/-266/- -157/-181/-

-200/-251/-151 205 -149/-156/-134 | -284/-310/-241 137
P 218/140/323 291 129 419 144
PAR 1206/1007/136 | 1057/777/140 | 1240/1042/138 | 1217/1100/126 | 1204/1051/1

8 6 7 5 362

Tair 31/28/34 31/27/34 32/28/34 32/29/34 32/28/34
Ty 29/27/37 28/27/38 29/27/37 31/27/38 31/27/37
T30 22/22/22 22/22/22 22/22/22 22/22/23 22/22/23
Wo 22/20/24 21/20/21 23/20/25 22/20/25 22/17/25
Wio 18/17/19 18/17/21 18/18/23 19/18/19 17/17/18
W 16/15/18 15/13/18 17/15/26 15/13/20 16/16/18
Wi 13/13/14 13/13/14 15/13/16 13/13/18 13/11/14
Wao 15/14/16 15/13/16 16/15/16 15/14/16 12/11/14
Wso 14/13/15 14/13/15 15/15/16 13/13/14 13/12/13
Weo 14/13/16 14/12/16 16/15/16 15/14/16 12/12/14
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Wi 16/14/17 16/13/18 17/17/18 15/15/18 14/14/14
Wxo 17/17/18 18/13/19 17/17/18 18/15/19 17/16/19
Wy 19/17/20 17/15/20 17/17/18 22/19/22 20/15/21
Wioo 22/20/24 19/16/20 24/23/24 24/23/26 20/19/22
Wae 17/17/18 17/15/17 18/17/19 18/17/18 16/15/17

Footnote: the unit for specific CO; fluxes (NEE, R..., GPP) is mg C m™ h™', for phytomass reserve (P) is g/m’,
Jfor temperatures are °C; soil moisture by depth (W) is volumetric moisture — %.

To identify significant differences in the magnitude of CO, fluxes in the groups between the
MSs, the Kruskal-Wallis test was used at a significance level of p=0.01 (Table 3). The differences
that emerged for NEE and GPP (see Table 3) were most likely associated with the phytomass
reserve (P). Higher values of NEE and GPP for MSs 1 and 3 are associated with higher productivity
values — 291 and 419 g/m? respectively, and lower values of NEE and GPP for MSs 2 and 4 with
lower values — 129 and 144 g/m? (see Table 2). We believe that the result of the Re, test for MS 4
(see Table 2) is due to moisture reserves in the meter-deep soil layer. A calculation of the moisture
content (average for July 23-25) per 100 cm by MS revealed that MS4 (dominant: Koeleria
pyramidata) recorded the lowest values — 175 mm. This compares to MS1 (dominant: Artemisia
frigida) — 181 mm, MS2 (dominants: Stipa capillata, Festuca pseudovina) — 198 mm, and MS3
(dominant: Stipa capillata) — 193 mm. Moreover, comparatively low moisture content was also
observed under MS1, which can be explained by the fact that Artemisia frigida is an indicator of
arid conditions (Peat and Bowes, 1994).

Table 3. Kruskal-Wallis test for significant differences in CO, fluxes in groups between MSs

MS NEE Reco GPP
1 A A A
2 B B B
3 A A A
4 B AB B

An independent estimate of GPP and NPP was obtained using MODIS/Terra satellite data.
According to MOD17A2HGEF, for the study area on July 23-28, 2024, GPP values fluctuated
around 310 mg C m>h', and NPP ~ 230 mg C m > h™'. Thus, remote sensing generally agrees well
with the median values for sites 1 and 3, whose plant communities are dominant in the study region.
It should be noted that values of 300-310 mg C m>h' are anomalous and exceed the long-term
average (2000-2024) by 20%, which may be due to high humidity during the study period.
Typically, the maximum in GPP according to MOD17A2HGF was observed in the period June 25 —
July 5, but in 2024 it shifted to July 4 — 12 due to heavy precipitation, leading to an increase in soil

moisture reserves. The GPP reconstruction was based on the hypothesis of a correlation between
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ground-based instrumental observations of CO, fluxes (a short observation series) and variations in
climatic factors. It was assumed that NN-based methods would allow extrapolation of the obtained
relationships to a longer time range. To train the NN using cross-correlation, 8 of the 17 measured
environmental factors were excluded. The exclusion threshold was a correlation coefficient (R)
greater than 0.5 (in absolute value). As a result, the following predictors were selected for training
the NN: phytomass reserve (P), air temperature at a height of 100 cm (T.), soil temperature at a
depth of 30 cm (T5p), soil moisture at depths of 10, 30, 60, 80, 90 cm (W10, W30, Weo, Wso, Wog). The
results of NN training for predicting NEE, Rc.., and GPP fluxes are presented in Figure 2.
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Fig. 2. Results of training the NN for predicting the values of NEE, R.., and GPP fluxes
depending on environmental factors: phytomass reserve (P), Tair, T30, W10, W30, Weo, Wso, Woo. Blue
— training set, green — validation, red — test

The correlation coefficients for all samples were equal to or greater than 0.9. The resulting NN
can be used (primarily) for spatial scaling of CO flux values due to the fact that the variability of
the input parameters during the measurement period was insignificant. The applicability limits of
the current neural network for the input variables P, Tair, T30, W10, W30, Weo, Wso, Woo are as follows:
129-419 g/m?, 24-44°C, 21-23°C, 17-23%, 11-18%, 12-16%, 13-19%, 15-22%; accordingly,
inadequate results may be obtained beyond these limits. With further collection of field data under
different temporal and environmental conditions, the NN should be further trained. AGP is a key
parameter in carbon flux studies (Ilyasov et al. 2020). One of the study's hypotheses — to establish a

link between NEE, R.., and plant community productivity — was also confirmed (see above).
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Furthermore, our results within the MS range are highly comparable with those for the dry
grasslands of Siberia and Kazakhstan, ranging from 60 to 226 g/m?* (Titlyanova and Shibareva
2017, p. 50).

The good agreement between direct and satellite data in our study of the dry grassland, as well
as in assessing the GPP of extrazonal forest ecosystems in the Altai Krai steppe (Rygalova et al.
2024), strongly suggests further productive work on the temporal and spatial extrapolation of
ground-based data, as well as for the verification and possible calibration of remote sensing data in
the region. It should be noted that progress is currently being made in improving the quality of
remote sensing products, and MODIS data and ground-based measurements are being successfully
used to develop and validate various models for estimating GPP at 10 km resolution (Wang et al.
2024).

Various types of NN have demonstrated satisfactory results in predicting GHG emissions,
including backpropagation neural networks (BNNs) and recurrent neural networks (RNNs). These
networks have their own advantages and disadvantages in terms of complexity and the accuracy of
their results (Feng et al. 2024). In our case, a standard two-layer feed-forward neural network
(FNN) was used. A similar example to our study, using a simple NN architecture and a limited set
of input environmental parameters, was obtained in Indonesia for irrigated rice fields when
predicting methane (CH.) and nitrogen dioxide (N.O). As in our case, air temperature, soil
temperature, and soil moisture were selected as predictors (Chusnul et al. 2025). Clearly, rice fields
have their own specific characteristics, primarily related to soil moisture regimes. However, the use
of soil moisture as a predictor in modeling soil organic carbon content (Luo et al. 2020) and
predicting carbon sinks (Humphrey et al. 2021) is becoming increasingly common. Air
temperature, which we selected as one of the predictors, like atmospheric CO, concentration, is a
clear and uncontroversial factor in influencing CO, sinks. Closely related to temperature, PAR is
one of the most important factors influencing GPP (Yin et al. 2021). However, in our case, PAR and
temperature were closely correlated, and using both parameters in the model could have introduced
noise. Therefore, given that air temperature is clearly the leading factor, as well as the simple

measurement technology and availability of data, we chose this parameter.

Conclusions
The work is devoted to measurements of CO, fluxes in the dry grassland (true steppe) of the
Altai Krai. Field chamber observations of CO, concentration served as the technological basis

for the study. For the first time, estimates of such parameters as net ecosystem exchange,
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ecosystem respiration, and gross primary production were obtained for the region. Correlations
were revealed between CO, fluxes and various environmental factors, such as aboveground
phytomass, PAR, air temperature, soil temperature and moisture. The median (1Q, 3Q) NEE,
Reco, and GPP were, respectively: -103 (-152, -66), 90 (74, 105), and -200

(-251, -151) mg C m>h™'. The key factor of variability in NEE and GPP were aboveground
phytomass, while for Re., was soil moisture content in the 100 cm layer. Based on the obtained
data, a neural network was trained using the Levenberg-Marquardt algorithm, which allows for

GPP reconstruction using the above-mentioned climatic parameters, where R%c = 0.8.
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