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Abstract: This study emphasises the complexity of carbon dioxide (CO2) emission dynamics by
conducting a wetland case study along the Dambovita River. Our evaluation highlights the impor-
tance of considering spatial variability, meteorological parameters and water quality parameters.
The variations in CO2 emissions have been monitored using two complementary methods: a closed
static chamber and a closed dynamic chamber. The closed dynamic chamber method has the highest
level of confidence. The statistical results of correlations facilitated the validation of the closed static
chamber method and its independent use in wetland ecosystems. Also, our findings revealed distinct
patterns in emissions across locations that are influenced by parameters such as pH, redox potential
(ORP), chlorophyll, dissolved oxygen concentration (DO), and temperature for the water–atmosphere
interface. These results contribute to the understanding of the carbon cycle in wetlands and con-
tribute to the improvement of greenhouse gas (GHG) reporting by obtaining data with a high level of
confidence, regarding the role of wetland ecosystems in the carbon cycle.

Keywords: GHG inventory; chambers; climate change; temperature; water quality

1. Introduction

The increase in greenhouse gas (GHG) concentration in the atmosphere determines
the amplification of the climate change phenomenon [1]. To limit the intensification of
GHG emissions, measures have been taken since 1992, when the world’s nations signed
the United Nations Framework Convention on Climate Change—UNFCCCC [2]. The
UNFCCC sought to stabilise the GHG concentration in the atmosphere to allow ecosystems
to adapt naturally to the impact of climate change. Starting in 1997, additional measures
were taken through the Kyoto Protocol, which sets binding GHG reduction targets for
developed countries that have signed this protocol. In 2015, the Paris Agreement was
signed, with the first objective being to limit the increase in global mean temperature to
1.5–2 ◦C, above pre-industrial level. The Intergovernmental Panel on Climate Change
(IPCC) is the United Nations body that has been appointed to assess scientific information
on climate change. IPCC developed the methodology for the inventories of greenhouse
gases generated by anthropogenic activities, depending on different key sectors [3,4]. These
GHG inventories include the “Land Use, Land Use Change and Forestry” (LULUCF) sector,
which covers emissions and removals from forest ecosystems, agricultural land, grasslands,
settlements, and other lands, as well as wetland ecosystems [1]. The accumulation of carbon
dioxide (CO2) in the atmosphere can be reduced through ecosystems by the accumulation
of CO2 in vegetation and soils, resulting in carbon sinks [5–9]. Human activities can affect
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these reservoirs by changing land use, resulting in emissions or absorptions of atmospheric
GHGs. The LULUCF sector can contribute to mitigating the effects of climate change
by increasing the elimination of GHGs from the atmosphere or reducing emissions by
stopping the loss of carbon stocks [10–13]. However, during the period 2007–2016, the
IPCC working group characterised agriculture, forestry, and other land uses (AFOLU) as an
important source of GHG emissions, contributing to approximately 23% of anthropogenic
CO2 emissions [2]. Soils can store large amounts of carbon (C), and some ecosystems can
contain more C than all plant biomass [14,15]. The most important processes that affect the
C balance of ecosystems are photosynthesis by surface vegetation, soil respiration and water
respiration in the case of wetlands. The relationship between production and decomposition
determines whether a system is a sink or a source of atmospheric CO2 [16–18].

Wetlands encompass a diverse range of habitats and are characterised by the presence
of water-saturated soils, situated at the transition between terrestrial and aquatic ecosys-
tems. These ecosystems are among the most productive ecosystems on the planet, and they
significantly influence the concentration of GHGs in the atmosphere, including CO2. Also,
these are well known for their capacity to sequester and store carbon, primarily through the
accumulation of organic matter in anaerobic conditions. However, wetlands also release
substantial amounts of CO2 into the atmosphere through various biogeochemical processes,
contributing to GHG emissions and climate change [19].

A direct assessment of soil and water organic carbon involves field activities, such as
carbon emission flux monitoring and soil and water sampling for laboratory analysis [20,21].
The application of high-tier methods recommended by the IPCC guidelines was targeted
to improve GHG reporting for the LULUCF sector. Thus, for the application of superior
tiers, it was necessary to obtain data with a high level of confidence, regarding the role
of wetland ecosystems in the carbon cycle. In the present paper, the dynamics of carbon
emission fluxes at three locations on the water surface were analysed, aiming to improve,
on the one hand, the GHG inventories and, on the other hand, to establish sustainable
management practises in wetland ecosystems [22–24].

Also, to accurately predict CO2 emissions and assess the role of wetlands in the global
carbon cycle, meteorological, physical and chemical parameters must be assessed. It is
well known that temperature is a primary meteorological factor affecting microbial activity
and organic matter decomposition rates, thereby influencing CO2 emissions [25,26]. Soil
moisture content is another critical parameter, with wetter conditions promoting anaerobic
decomposition processes and subsequent CO2 production. Additionally, precipitation
patterns can influence soil moisture levels, indirectly impacting CO2 emissions [27]. On the
physicochemical side, pH levels influence the solubility of CO2 in water and affect microbial
community composition, thus modulating CO2 production rates. Nutrient availability, such
as nitrogen and phosphorus concentrations, can stimulate microbial activity and organic
matter decomposition, amplifying CO2 emissions [28,29]. The amount of dissolved organic
matter, salinity, and conductivity may also change the dynamics of CO2 by affecting the
processes used by microbes and the rate at which carbon is recycled [30].

The establishment of GHG quantification methods and techniques for wetlands ac-
cording to the requirements of the IPCC was identified and tested in pilot areas. The case
study area along the Dâmbovit,a River, situated in the peri-urban area of Bucharest, allows
a focused examination of CO2 emissions in a rapidly urbanising region, especially at the
transition between the river ecosystem and the accumulation lake. The presence of robust
aquatic and riparian vegetation cover in areas near natural riverbanks contrasts with less
dense vegetation in the transitional section, providing a varied dataset on how different
vegetation densities affect CO2 emissions. By developing and testing a methodology to esti-
mate CO2 emissions in this context, this research aims to provide insights that are applicable
under similar meteorological conditions, improving the understanding of environmental
impacts at urban–rural interfaces. In this research, the authors use two methods to analyse
CO2 emissions from the water–atmosphere interface and evaluated their performance to
determine the most accurate CO2 emissions. These methods include the dynamic closed
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chamber method (EGM-5) and the static closed chamber method (Injection Kit) and were
applied in a wetland case study in 2022. Unlike standard single-method approaches, which
may offer limited accuracy, this novel dual approach cross-validates the results, ensuring a
higher level of confidence in the data collected, especially in under-represented areas like
peri-urban wetlands.

2. Materials and Methods
2.1. Site Description

The selected research area is localised in Romania’s south-east part, in the peri-urban
area of Bucharest, along the Dambovita River, upstream from the “Lacul Morii” reservoir
(Figure 1). Since the reservoir’s construction in 1986, riverine wetlands have been formed
upstream of it, covered by the specific vegetation of Phragmites australis and Cattails. The
area considered in the case study has a perimeter of 8630 m and an area of 702,604 m2.
Along with it, three locations (A, B, and C) were selected based on the spatial distribution
and extent of vegetation to measure CO2 emissions from the water’s surface. Thus, location
A, located upstream, is characterised by a narrow river course, with a naturally developed
riverbed, and its banks are abundantly covered with Cattail vegetation. Location B features
a more expansive riverbank than location A, a constructed riverbed, and dispersed mixed
vegetation along the banks. This is considered an area of transition between points A
and C in terms of vegetation distribution. Area C was selected for its positioning as
close as possible to the constructed reservoir and also for the soils abundantly covered by
Phragmites australis vegetation.

Atmosphere 2024, 15, x FOR PEER REVIEW 3 of 20 
 

 

to analyse CO2 emissions from the water–atmosphere interface and evaluated their per-
formance to determine the most accurate CO2 emissions. These methods include the dy-
namic closed chamber method (EGM-5) and the static closed chamber method (Injection 
Kit) and were applied in a wetland case study in 2022. Unlike standard single-method 
approaches, which may offer limited accuracy, this novel dual approach cross-validates 
the results, ensuring a higher level of confidence in the data collected, especially in under-
represented areas like peri-urban wetlands. 

2. Materials and Methods 
2.1. Site Description 

The selected research area is localised in Romania’s south-east part, in the peri-urban 
area of Bucharest, along the Dambovita River, upstream from the “Lacul Morii” reservoir 
(Figure 1). Since the reservoir’s construction in 1986, riverine wetlands have been formed 
upstream of it, covered by the specific vegetation of Phragmites australis and Cattails. The 
area considered in the case study has a perimeter of 8630 m and an area of 702,604 m2. 
Along with it, three locations (A, B, and C) were selected based on the spatial distribution 
and extent of vegetation to measure CO2 emissions from the water’s surface. Thus, loca-
tion A, located upstream, is characterised by a narrow river course, with a naturally de-
veloped riverbed, and its banks are abundantly covered with Cattail vegetation. Location 
B features a more expansive riverbank than location A, a constructed riverbed, and dis-
persed mixed vegetation along the banks. This is considered an area of transition between 
points A and C in terms of vegetation distribution. Area C was selected for its positioning 
as close as possible to the constructed reservoir and also for the soils abundantly covered 
by Phragmites australis vegetation. 

 
Figure 1. Spatial representation [31] and landscapes pictures of the measurement areas on the water 
surface. 

Figure 1. Spatial representation [31] and landscapes pictures of the measurement areas on the
water surface.



Atmosphere 2024, 15, 1345 4 of 18

2.2. Climatic Context

In Romania, the year 2022 ranks fourth in the list of the warmest years based on data
from 129 weather stations between 1961 and 2023 (NMA, 2023) [32]. Bucharest was no
exception to the warming trend; in 2022, positive thermal anomalies of up to 1.4 ◦C were
recorded at the Bucharest–Afumati weather station compared to the standard reference
period of 1991–2020. Moreover, on 24 July 2022, 40.7 ◦C was recorded at the Bucharest–
Filaret meteorological station, the whole summer being characterised by persistent heat
waves mainly in the southern and eastern regions of the country. Compared to the summer
season, the spring of 2022 was mainly characterised by modest temperatures, close to the
normal values for the period and atmospheric instability. Regarding the precipitations, they
were predominantly excessive; in Bucharest, severe storms were registered, accompanied by
blizzards and hail. The autumn season recorded above-normal temperatures in Bucharest;
for example, on 2 November 2022, 25.6 ◦C was registered, 0.5 ◦C higher compared to the
absolute maximum monthly temperature (10 November 2010). During the winter season,
positive thermal anomalies were recorded; at the level of the entire country, the month of
December of the year 2022 was the third warmest since 1961. In January 2022, positive air
temperature anomalies of up to 2.8 ◦C were recorded, while in February, the value of the
deviation reached up to 3.3 ◦C.

2.3. Field Sampling and Analyses

The main approach used to measure CO2 emissions from the study area consisted
of a method involving a closed dynamic and opaque chamber with a specific surface at
the interface with water. Thus, a portable CO2 gas analyser (EGM-5) was used to directly
measure CO2 emissions. This method is dynamic and measures the difference in CO2
concentration (ppm) between the air entering and leaving the chamber by recirculating
it. The main characteristics of the EGM-5 portable CO2 gas analyser are its volume of
1171 mL and its covering area of 78 cm2 [33]. To perform CO2 emission measurements
at the water–atmosphere interface, the equipment consisting of the EGM-5 analyser and
the closed dynamic chamber, was specially adapted to the flooding conditions of aquatic
ecosystems and was mounted on a floating device (Figure 2a) [19,21,29].
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On the water’s surface, continuous overlaid measurements were performed (without
allowing the atmospheric air to enter the chamber) for 300 s each (the maximum allowed by
the equipment), with the final value recorded after 15 min. The EGM-5 measurement data
are provided in ppm; however, to ensure consistency with previous studies and related
methods, the measurement unit is converted to g m−2 h−1 based on Equation (1) [33].

FCO2

(
g m−2 h−1

)
=

dC
dT

µmol
mols

× P
1013

× 273
273 + Tair

× 44.009g
22.414dm3 × V

A
m3

m2 × mol
106µmol

× 3600s
hr

× 103L
m3 (1)
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where
dC
dT = concentration inside the chamber in time interval;

P
1013 = adjustment for barometric pressure with P reported in millibar;

273
273+Tair = air temperature adjustment;

44.009g
22.414dm3 = molar volume and ideal gas constant at standard temperature and pressure;
V
A = ratio between the chamber’s volume and area.

An alternative to the closed dynamic chamber method that has been field-tested for
determining emissions from the water–atmosphere interface is the Injection Kit method.
This is a technique for measuring gas concentrations utilising small gas samples collected
in a static chamber and transferred to the EGM-5 analyser by a syringe (Figure 2b). The
Injection Kit consists of a network of tubes connected to a static chamber for CO2 accumula-
tion and a series of injections for gas sample collection. A static floating collection chamber
with a volume of 4.25 L was used to collect CO2 from the water–atmosphere interface.

This approach monitors CO2 concentrations that accumulate in a closed opaque cham-
ber placed on the surface of the water, and in this study, measurements were performed
continuously for 30 min. During the first 5 min, samples were taken every 1 min, then
repeated every 3 min, and the last two measurements were performed at each 5 min. The
CO2 concentration in the gas samples was calculated by injecting the sample into a fixed
gas stream with a known CO2 concentration. Then, we measured the CO2 sample collected
from atmospheric air and calculated the difference in value between the initial or atmo-
spheric concentration and the concentration of CO2 from the sample [34]. CO2 emissions
were calculated and converted from the mixing ratio (ppm) to mass units according to
Equation (2) by assuming a model of the relation between gas concentration and time
interval [19].

f
(

g m−2 h−1
)
= 10−3 V

A
dCO2

dt
MP

R(273.15 + T)
(2)

where
V
A = the ratio between the chamber’s volume and area;
dC
dT = the change in concentration in time;
M = molar mass of CO2 (g/mol);
P = air pressure (atm);
R = ideal gas constant (0.0821 L atm /mol K);
T = air temperature (◦C).

Both methods of measuring CO2 emission fluxes were applied in situ in the research
area during the year 2022, with measurement sessions occurring at least once a month for
water–atmosphere interface assessments. Although the two methods, which operate with
opaque chambers, are complementary, the EGM-5 method is considered reference one since
it is the most accurate. Both methods present limitations in determining net emissions and
do not allow the measurement of CO2 uptake in ecosystems.

2.4. Monitoring the Key Parameters That Influence CO2 Emissions

To evaluate the parameters on which CO2 emissions depend, field measurements, lab-
oratory analyses and weather data collection were carried out, using conventional methods
to determine the evolution of each variable. The meteorological parameters classified as
factors that deeply affect or even regulate CO2 exchanges at the water–atmosphere interface
are air temperature (Tair), precipitation (Pp) and wind speed [35]. The temperature values
at 2 m and pressure data are satellite data collected from the NASA POWER [36] platform’s
precipitation measurement campaign.

To further emphasise the impact of precipitation on CO2 emissions, it was investigated
if this effect is amplified or takes effect over time, and thus, the correlation of CO2 emissions
with cumulative precipitation over three days was chosen for emissions from the water–
atmosphere interface.
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Field experiments involved the measurements of physical parameters such as air
temperature (Tair) and water temperature (Twater), water pH and water quality analyses
Twater and water pH were determined in situ, simultaneously, with the same multiparamet-
ric measuring instrument, Lutron PH222 (±0.05 pH). The physical–chemical parameters
of the water were measured in situ using a calibrated Eureka Manta 2 multiparametric
water quality probe. Two series of measurements were conducted on the same plot to
determine the concentration distribution of measured parameters such as pH, chlorophyll,
salinity, dissolved oxygen concentration (DO), redox potential (ORP), conductivity, turbid-
ity, water temperature, total dissolved solids (TDS), and chromophoric dissolved organic
matter (CDOM).

To determine the water quality parameters, water samples were collected in May from
each plot. The water samples were analysed for pH parameters, key nutrients such as
nitrogen (N) and phosphorus (P), chemical oxygen demand (COD), and chlorophyll-a.

Carbon dioxide emissions are influenced by multiple factors directly or indirectly [37].
For the analysis of the effect of these parameters on the CO2 emission variability, the
Pearson analysis was used. Likewise, simple and multiple regression analyses were used
to test and validate CO2 emission models appropriate to the study areas. For the entire
factorial analysis process, statistical analysis software (SPSS) 29.0 was used.

3. Results

The measurement campaign included the monitoring of potential CO2 emissions
from the reservoir, Lacul Morii. Weekly measurements were conducted over the summer
season, when respiration should be at its peak, but the emission values recorded were
predominantly negative, ranging from −4.18 g m−2 h−1 to −0.11 g m−2 h−1. These results
demonstrate the existence of carbon sequestration conditions, and, according to the IPCC,
it has been confirmed that the lake no longer emits CO2 25 years after its construction [1].
Further, the hypothesis that CO2 flux upstream may vary due to a range of factors has been
researched. Thus, CO2 emissions were measured and assessed in riverine wetlands formed
upstream of the reservoir at the water–atmosphere interface.

3.1. Physicochemical Characterisation of the Water in Each Investigated Location

To characterise the water quality at each research location, laboratory analyses of the
main water quality indicators were performed. The results of the water samples collected
from the three locations established along the river’s course are presented in Table 1.

Table 1. Physicochemical indicators of water characteristic of each study location.

Indicator A B C

pH pH (t ◦C) 7.54 (21.4) 7.36 (21.8) 7.39 (22.1)
Ntotal mg N/L 3.92 4.20 8.40
Ptotal mg P/L 0.123 0.243 0.333
COD mg O2/L 5.98 15.3 9.4

Chlorophyll-a µg/L 1.18 4.74 3.55

The value of the pH in location A indicates that the water is slightly alkaline. Consid-
ering that wastewater is discharged upstream, this might explain why this location has
a higher pH. Also, this location exhibits relatively low levels of both total nitrogen and
total phosphorus. The low COD values suggest the influence of anthropogenic activities in
the area, but the chlorophyll-a values indicate a relatively healthy aquatic ecosystem with
moderate primary productivity.

The value of the pH in location B is lower than that in location A and is most likely
caused by the increase in total nitrogen and total phosphorous content. Higher levels
of COD suggest possible pollution, likely from urban runoff or wastewater discharge;
nevertheless, despite these high levels, the location exhibits increased primary produc-
tion, most likely because of nutrient input. As a response to nutrient enrichment due to
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pollution or other factors, there might be the periodic presence of floating masses on the
water surface developed by Spirogyra species identified in this study location during the
monitoring period.

The pH value of the water in location C indicates that it is also slightly acidic. However,
this area exhibits significantly elevated levels of both total nitrogen and total phospho-
rus. The total nitrogen value of 8.40 mg N/L indicates a high concentration of nitrogen
compounds, and the total phosphorus value of 0.333 mg P/L suggests a relatively high
concentration, which can exacerbate eutrophication issues, leading to algal blooms, oxygen
depletion, and negative impacts on this aquatic ecosystem. This area may be under ecologi-
cal stress from upstream chromium pollution, but the relatively moderate levels of both
COD and chlorophyll-a suggest that the ecosystem may still be resilient.

3.2. Extrapolation of CO2 Emissions

The extrapolation of CO2 emissions in 2022 based on air temperature and pressure
(Table S1) for the study area involves the unobserved values of CO2 emissions using the
model adapted to the in situ measured data.

Table S2 provides data, including the mean CO2 emissions, standard deviations (SDs),
and 95% confidence intervals for each month. The extrapolated mean CO2 emission rate of
location A shows significant variation throughout the year. The lowest calculated mean
is in February with 0.605 g m−2 d−1 for EGM-5 and 0.769 g m−2 d−1 for the Injection
Kit, and the peak is for EGM-5 in June with 21.744 g m−2 d−1 and for the Injection Kit
in August, with values of 14.810 g m−2 d−1. EGM-5 has a peak of emissions for location
B in July when the extrapolated values are 3.473 g m−2 d−1 and are lowest in December
(0.374 g m−2 d−1). The values obtained by the Injection Kit method had the maximum
average of CO2 extrapolated emissions in August, with 3.315 g m−2 d−1 and the lowest, also
in December, with 0.265 g m−2 d−1. This location has low variability in emissions, except
in the summer season. For location C, the highest emissions occurred in August for both
methods, with 2.153 g m−2 d−1 and 1.767 g m−2 d−1, respectively, and the lowest in January,
with 0.214 g m−2 d−1 and 0.165 g m−2 d−1. Confidence intervals are generally narrow,
indicating precise estimates for most months. The values of the confidence coefficient
for this extrapolation indicate that between 64.35% and 67.56% of the variability of CO2
emission measurements is due to real differences, the rest of the percentage difference being
attributed to errors determined by the non-uniform frequency of measurement campaigns
or other factors.

To better reflect the real CO2 emissions in extrapolation, the average monthly CO2
emissions were corrected and adjusted, considering the differences in emissions between
day and night. The confidence coefficients of these values were also determined (Table 2).
The adjustment values highlight significant seasonal variations and provide more accurate
estimates. Location A shows the most significant difference in values, where the corrected
mean for EGM-5 in June is 36.240 g m−2 d−1 and 21.808 g m−2 d−1 for the Injection
Kit, with a confidence coefficient of 73.29%, compared to the initial uncorrected mean of
21.744 g m−2 d−1 and 13.047 g m−2 d−1, respectively. For location B, the corrected means
range from 0.253 g m−2 d−1 to 6.940 g m−2 d−1 for EGM-5 and from 0.160 g m−2 d−1

to 3.926 g m−2 d−1, with confidence coefficients consistently at 73.27% or 73.29%. This
suggests moderate confidence in measurements across the months. For location C, the
corrected means vary less for both methods, from 0.153 g m−2 d−1 to 3.468 g m−2 d−1 for
EGM-5 and from 0.118 g m−2 d−1 to 2.372 g m−2 d−1 with the Injection Kit, with confidence
coefficients also consistently at 73.27% or 74.03%. This location shows lower variability in
mean values but still maintains a similar level of confidence.
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Table 2. Extrapolated mean CO2 emissions for each location, based on the hypothesis that considers
the day and night variation.

Location A B C
Method EGM-5 Injection Kit Confidence

Coefficient
EGM-5 Injection Kit Confidence

Coefficient
EGM-5 Injection Kit Confidence

CoefficientMonth Corrected
Mean

Corrected
Mean

Corrected
Mean

Corrected
Mean

Corrected
Mean

Corrected
Mean

January 1.560 0.862 73.27% 0.777 0.562 74.03% 0.153 0.118 73.27%
February 0.512 0.654 76.88% 1.816 0.652 76.88% 0.672 0.459 76.88%

March 4.572 5.484 73.27% 1.212 0.773 73.27% 0.960 0.658 74.03%
April 6.053 4.870 73.29% 1.443 1.092 73.29% 1.112 0.871 73.29%
May 12.288 9.411 74.03% 4.184 1.767 74.03% 2.382 1.724 74.03%
June 36.240 21.808 73.29% 6.204 3.808 73.29% 3.468 2.360 73.29%
July 19.683 8.279 73.27% 5.993 3.427 73.27% 2.829 2.372 73.27%

August 24.444 17.503 73.27% 6.940 3.926 73.27% 2.544 2.093 73.27%
September 4.997 10.615 73.29% 4.901 1.080 73.29% 0.864 1.301 73.29%

October 2.522 1.466 73.27% 0.762 0.658 73.27% 0.717 0.463 74.03%
November 0.962 1.245 75.67% 0.631 0.513 75.67% 0.237 0.274 74.88%
December 1.320 1.153 74.80% 0.253 0.160 74.03% 0.497 0.485 74.80%

3.3. Analysis of Seasonal Variability of CO2 Emissions from the Water–Atmosphere Interface

Figure 3 illustrates the local climate–temperate seasonal variability of CO2 emissions
at the water–atmosphere interface, measured by the EGM-5 method. In general, all three
locations showed clear seasonal patterns of CO2 emissions during the growing season,
with the highest levels observed in the summer and the lowest in the winter. This pattern
indicates that higher summer temperatures significantly enhance biological activity and
soil respiration, leading to higher CO2 emissions, whereas the colder winter months sup-
press these processes. Location A exhibits the most significant rise in summer emissions,
with larger variability compared to the other seasons, reaching 24.444 g m−2 d−1, which
indicates a pronounced temperature sensitivity. Spatial variations are also evident between
the three study locations; thus, compared to location A, locations B and C consistently show
lower emissions in all seasons, reaching a peak during summer at 6.940 g m−2 d−1, respec-
tively, and 3.468 g m−2 d−1 in spring, which also indicates the influence of site-specific
environmental factors in CO2 dynamics.

Table 3 summarises the performance metrics and equations of regression models using
temperature and pressure as parameters. The parameters are analysed based on their
correlation (R2), regression equations (Eq.), and standard deviation (SD) of the residuals.
The regression results for the Tair parameter indicate that the proportion of variance
explained by the model is the most significant for location B, where R2 = 0.926. This
location has the lowest SD (0.996), indicating the predictions are closest to the actual
values. Also, locations A and C show positive and significant correlation coefficients, with
R2 = 0.872 and R2 = 0.851, respectively. The coefficient of determination for pressure in
the three locations indicates that the proportion of variation is also highest in location
B, where R2 = 0.927, but is also significant in location A with R2 = 0.843, and location C
with R2 = 0.851. Multiple regression shows a decrease in R2 values compared to a single
parameter; thus, location B has an R2 of 0.837, location A has 0.671, and in location C, it is
statistically insignificant.

Table 3. Regression models between CO2 emissions measured with EGM-5 and meteorological
parameters in the investigated locations.

Regression Model Statistical
Parameters Location A Location B Location C

Simple regression
E = f(T)

R2 0.8728 0.926 0.851
Eq. y = 0.02445T2.12 y = 0.03984T1.56 y = 0.04516T1.26

SD 6.454 0.996 0.617

Simple regression
E = f(P*)

R2 0.843 0.927 0.851
Eq. y = 5.467 × 104P2.1 y = 1.894 × 103P1.55 y = 2.721 × 102P1.255

SD 6.447 0.989 0.617

Multiple regression
E = f(T,P*)

R2 0.671 0.837 0.397
Eq. E = 233.7 + 0.788T − 233.8P E = −0.557 − 1.012T + 1.282 × 103P E = −11.33 + 0.266T + 10.59P
SD 6.312 1.123 3.418

P* = P/1000.
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Figure 3. Seasonal variability of CO2 emissions from water–atmosphere interface measured by
EGM-5 method.

The box plots from Figure 4 illustrate seasonal CO2 emissions across the three locations
measured using the Injection Kit method. The CO2 emissions also show, in the case of
this method, clear seasonal variation, with summer consistently exhibiting the highest
emissions in all locations. In location A, emissions exhibit a dramatic increase in the summer
season, reaching a peak between 17.503 g m−2 d−1 and 21.808 g m−2 d−1, whilst winter
values are at their lowest, ranging from 0.654 g m−2 d−1 to 1.153 g m−2 d−1. This trend
suggests that, in location A, the intense biological activity due to the presence of abundant
vegetation in the warmer months leads to the increased release of CO2 [38]. Location B, on
the other hand, shows a more subdued response in CO2 emissions compared to location A,
with lower overall emissions throughout the year. While summer still shows the highest
emissions between 3.427 g m−2 d−1 and 3.926 g m−2 d−1, the difference between seasons is
less pronounced, with winter and spring being similar. In location C, the pattern is more
complex, with significant variation between seasons as spring experiences a substantial rise
in emissions up to 1.724 g m−2 d−1, while for winter, it remains low, with CO2 emissions
ranging from 0.118 g m−2 d−1 to 0.485 g m−2 d−1, similar to location B. Notably, summer
emissions are more stable at location C, indicating that the warm season in this location
might not have as dramatic an impact on CO2 release. Autumn, however, sees a decline,
but emissions remain elevated compared to winter.

The regression models applied for emissions measured with the Injection Kit method
demonstrated strong predictive capabilities based on temperature and pressure across the
three locations, as indicated in Table 4. Simple regressions for temperature showed the
highest R2 values in Location B, with R2 = 0.933, indicating that temperature alone accounts
for most of the emission variation. Location C follows with R2 = 0.851, while location A
is slightly lower but still very strong with R2 = 0.842. The non-linear equations reveal
location-specific differences in the sensitivity of emissions to temperature and pressure.
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The SD for these simple regressions indicates that location C offers the most accurate
emissions predictions, whereas location A exhibits higher variability. The coefficient of
determination for pressure demonstrates strong predictive power, with Location B again
showing the highest R2 = 0.925. The equations indicate non-linear relationships between
emissions and pressure, where the SD revealed that location C has the lowest prediction
error, making it the most reliable, while location A has the highest variability. When
considering both temperature and pressure in multiple regression models, the performance
remains strong, particularly in location C, where R2 = 0.869, followed by location B with
R2 = 0.750, indicating a robust combined effect of the two variables. Location A shows a
weaker fit with R2 = 0.660, suggesting higher uncertainty in these predictions.
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Figure 4. Seasonal variability of CO2 emissions from water–atmosphere interface measured by
Injection Kit method.

Table 4. Regression models between CO2 emissions measured with Injection Kit and meteorological
parameters in investigated locations.

Regression Model Statistical Parameters Location A Location B Location C

Simple regression
E = f(T)

R2 0.842 0.933 0.851
Eq. E = 5.214 × 10−2T1.6 E = 0.221T1.211 E = 0.5215T0.068

SD 2.309 0.803 0.646

Simple regression
E = f(P*)

R2 0.842 0.925 0.793
Eq. E = 3.324 × 103P1.599 E = 4.969 × 104P2.509 E = 1.179 × 102P1.005

SD 2.305 0.845 0.751

Multiple regression
E = f(T,P*)

R2 0.660 0.750 0.869
Eq. E = 0.133T + 2.091P E = 0.104T + 0.606P E = 0.44T + 0.837P
SD 3.200 1.199 0.631

P* = P/1000.
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3.4. Drivers of CO2 Emission Variability: Meteorological Parameters

The following graphs show the daily mean values of CO2 emissions measured with
the EGM-5 method (Figure 5a) and with the Injection Kit method (Figure 5b) in relation to
the variable Tair for each location. The variation in CO2 emissions follows similar trends
to those of temperatures; thus, higher emissions are observed in all three locations in the
vegetation season between June and August. Lower emissions were measured in winter
(December, January, and February) when the minimum Tair reached −4.11 ◦C and also
in late autumn. The intra-annual variations in CO2 emissions from location C have an
oscillating trajectory, and major discrepancies between them and Tair are evident in the
warm season. This might be due to microbial activity, plant photosynthesis, or dynamic
hydrological processes due to the proximity of this location to the reservoir [39,40].
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Kit (b) method and daily mean air temperature.

Pearson product correlations were further employed to investigate correlations be-
tween meteorological factors and CO2 emissions as the dependent variables. A matrix of
correlation coefficients between the independent variables and CO2 emissions from each
location is presented in Table 5.

According to the correlation matrices for all three locations analysed, only temper-
atures had a positive and significant influence on CO2 emissions based on the values
gathered and assessed from a statistical standpoint.

The Pearson product correlation between the EGM-5 and Injection Kit methods with
Tair proved to be strongly positive and statistically significant [41] in location A, with
r = 0.676 (p < 0.01) and r = 0.598 (p < 0.01), respectively, and in location B, with r = 0.832
(p < 0.01) and r = 0.734 (p < 0.01), respectively, while in location C, they showed similarities
in significance, with r = 0.738 (p < 0.01) and r = 0.777 (p < 0.01), respectively.
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Table 5. Correlation matrix showing Pearson correlation coefficient for CO2 emissions and meteoro-
logic parameters for locations A, B and C.

Location EGM-5 Injection Kit Tair Twater Wind Speed Cumulative
Pp

A

EGM-5 1
Injection Kit 0.862 ** 1
Tair 0.676 ** 0.598 ** 1
Twater 0.788 ** 0.661 ** 0.892 ** 1
Wind Speed −0.032 −0.311 0.033 −0.095 1
Cumulative Pp −0.514 −0.309 −0.806 −0.66 0.046 1

B

EGM-5 1
Injection Kit 0.812 ** 1
Tair 0.832 ** 0.734 ** 1
Twater 0.793 0.643 ** 0.957 ** 1
Wind Speed −0.007 −0.197 −0.063 −0.063 1
Cumulative Pp −0.181 −0.351 −0.347 −0.368 0.383 1

C

EGM 1
Kit 0.785 ** 1
Tair 0.738 ** 0.777 ** 1
Twater 0.677 ** 0.685 ** 0.973 ** 1
Wind Speed 0.093 −0.091 −0.09 −0.16 1
Cumulative Pp −0.311 −0.249 −0.388 −0.497 0.018 1

** Correlation is significant at the 0.01 level (1-tailed).

There were also significant, positive correlations between the EGM-5 and Injection
Kit methods with Twater in location A, with r = 0.788 (p < 0.01) and r = 0.661 (p < 0.01),
in location B, with r = 0.793 (p < 0.01) and r = 0.643 (p < 0.01), and in location C, where
the Person product correlation value was r = 0.677 (p < 0.01) for the EGM-5 method and
r = 0.685 (p < 0.01) for the Injection Kit method.

3.5. Comparison Between and Validation of the Two Complementary Methods

Figure 6 shows the temporal variability of the CO2 emissions monitored with the EGM-
5 method and the Injection Kit method depending on the spatial variability. Throughout the
monitoring period, in location A, the mean CO2 emissions measured with EGM-5 ranged
between 0.02176 g m−2 d−1 in November and 0.9963 g m−2 d−1 in August. The Injection
Kit method highlighted average monthly values of CO2 emissions between 0.00906 g m−2

d−1 also in November and 0.5823 g m−2 d−1 in August. In this location, the variation in the
monthly amplitude between the two methods was a maximum of 0.6959 g m−2 d−1 in June,
and the average difference between the two methods for this location was 0.0734 g m−2 d−1.
The Pearson correlation coefficient between the two methods for location A was found to be
strongly positive and statistically significant [41] (r = 0.862; p < 0.01). Location B had higher
discrepancies in the values of CO2 emissions obtained by the two methods, with an average
of the differences throughout the entire monitoring period of 0.0914 g m−2 d−1, whereas
location C had an average of 0.0491 g m−2 d−1. The Pearson correlation coefficient between
the two methods for both location B and location C proved to be strongly positive and
statistically significant, with r = 0.812; p < 0.01 and r = 0.785; p < 0.01. Although the monthly
averages show the same trend of CO2 emission values measured with both methods, with
the Pearson correlation coefficient being strongly positive and statistically significant [41],
significant differences appear in conditions of increased CO2 emissions.

The difference between the magnitude of the recorded values may be due to the
fundamental principles of each method, with the EGM-5 method having a closed chamber
equipped with a pump that recirculates the gas, while the Injection Kit employs a closed
chamber in which the gas accumulates.
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To highlight the importance of understanding CO2 emissions from the water–atmosphere
interface along the study area, and to obtain highly accurate monitoring results, two
complementary methods, the EGM-5 method and the Injection Kit technique, were utilised
in situ and compared. Thus, the boxplot graph in Figure 7 illustrates the CO2 emission
ranges based on measurements performed in each month for both methods, as well as
their variations over time. For each location, the EGM-5 method consistently shows higher
median and mean CO2 fluxes compared to the Injection Kit, along with greater variability
and more outliers, indicating that EGM-5 captures a wider range of CO2 emission rates. The
Injection Kit method, in contrast, demonstrates lower and more consistent CO2 emission
values with narrower interquartile ranges and fewer outliers. This suggests that the
Injection Kit provides more stable and lower estimates of CO2 fluxes, while the EGM-5
method detects higher and more variable fluxes under the same conditions.
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3.6. Effect of Water Quality on CO2 Emissions

For a more precise explanation of the emissions from the water–air surface, the values
of the water quality parameters in each study location were involved. Thus, correlation of
the Pearson product, as well as linear regressions, were used for statistical analysis, both
for the entire research area and for each location (Tables S3 and S4). These aims determine
the spatial level of CO2 emission correlations by calculating the values of the correlation
coefficients employing both methods used in the measurements, as well as the degree of
significance and linear relationship between CO2 emissions and water quality parameters.

Thus, the correlation values show that variables such as pH, conductivity, salinity and
TSD tend to have negative correlations with CO2 emissions measured with the EGM-5
method, while ORP, DO%, CDOM, turbidity and DO mg/L show positive correlations.
For location A, there are strong negative correlations [41] with pH (r = −0.820; p < 0.01),
while ORP (r = 0.700; p < 0.01), chlorophyll (0.813; p < 0.01) and DO (r = 0.748, p < 0.01)
show strong positive correlations [41]. The regression coefficients indicate the highest
significance in location A for pH, where R2 = 0.836; p < 0.01, meaning that 83.6% of the
variance in emissions measured by EGM-5 was predictable from the level of pH. In location
B, most variables showed weak correlations with CO2 emissions, except for pH which had
moderate negative correlations (r = −0.619; p < 0.01), while chlorophyll proved to have
a positive correlation (r = 0.681; p < 0.01). The regression coefficients were found to be
significant for all the water quality parameters analysed. In location C, pH (r = −0.910;
p < 0.01) and turbidity (r = −0.955; p < 0.01) had negative correlations, while ORP (r = 0.854;
p < 0.01), chlorophyll (r = 0.946; p < 0.01) and DO% (r = 0.692; p < 0.01), had positive
correlations. The bivariate regression equations showed a significance of the regression
coefficient for pH (R2 = 0.829; p < 0.01), chlorophyll (R2 = 0.895; p < 0.01), DO% (R2 = 0.805;
p < 0.01) and turbidity, respectively, where R2 = 0.911; p < 0.01.

CO2 emissions assessed using the Injection Kit method reveal a similar pattern of
correlations with variables analysed at the entire study area level. For instance, pH dis-
plays negative correlations, whereas DO% shows positive correlations, albeit with strong
variations. Location A stands out with positive correlations between CO2 emissions and
variables like chlorophyll (r = 0.632; p < 0.01) and DO mg/L (r = 0.737; p < 0.01), highlighting
the influence of these factors on carbon release in this specific context. Location B, on the
other hand, has weaker and more inconsistent correlations, highlighting the complexities of
the relationship between environmental variables and CO2 emissions. Location C exhibits
a mix of both negative and positive correlations; thus pH (r = 0.765; p < 0.01) and turbidity
(r = −0.822; p < 0.01) present negative correlations with CO2 emissions, while chlorophyll
(r = 0.775; p < 0.01) and DO% (r = 0.808; p < 0.01) show positive correlations, with high
degrees of strength. Additionally, ORP displays a modest positive correlation with CO2
emissions. Bivariate regression analysis was also applied to determine a significant portion
of the variability in the CO2 emission measured by the Injection Kit that can be attributed
to changes in the independent variables. In location C, turbidity has an R2 of 0.853, in-
dicating that 85.2% of the variance in the dependent variable is explained by turbidity,
suggesting a very strong negative correlation [41]. Similarly, DO% in location C has an R2

of 0.838, showing a very strong positive correlation [41]. These high R2 values highlight the
importance of turbidity and DO% in explaining the variance in the dependent variable at
this location. Conversely, lower R2 values were obtained in locations A and B, indicating
weaker explanatory power.

The Injection Kit method reveals similar patterns of correlations. Even if some vari-
ables consistently correlate with CO2 emissions across both methods, the Injection Kit
method usually indicates weaker correlations than the EGM-5 method. The effects of
water quality variables are complex and often interconnected. Also, regression analysis for
each variable revealed the complexities of these relations, emphasising the importance of
complex location-specific solutions for regulating and mitigating CO2 emissions.
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4. Discussion and Conclusions

This paper addresses the temporal and spatial dynamics of CO2 emissions from the
water–atmosphere interface and their relationship with the meteorological and physico-
chemical parameters of the water in three locations of wetlands (A, B, and C) formed along
the Dambovita River, upstream from Lacul Morii lake, located in the peri-urban area of
Bucharest, Romania. Using two closed chamber methods, the dynamic closed chamber
EGM-5 method and the static closed chamber Injection Kit method, the provided values
demonstrated the effectiveness of the EGM-5 method in detecting the more dynamic and
fluctuating CO2 emissions measured continuously in 5 min, while the Injection Kit proved
to detect more static and discontinuous fluctuations in CO2 emissions in 30 min.

Thus, the values obtained by the EGM-5 method proved to be higher than the In-
jection Kit method by 15% in the cold seasons and by approximately 32% higher in the
warm seasons.

The statistical parameters for both methods, as Pearson correlation coefficients, were
statistically significant in all three study locations, with r = 0.862 (p < 0.01) in location A,
r = 0.812 (p < 0.01) in location B and r = 0.785 (p < 0.01) in location C, which validated
the efficiency and complementarity of both methods in determining CO2 emissions in
aquatic ecosystems.

However, it is recommended to use the EGM-5 method as the basic method pre-
dominantly, and in the situations where the Injection Kit method is used, corrections are
necessary based on temperature fluctuations associated with seasonal changes.

The extrapolation of the values measured in situ based on the relationships between
Tair, pressure, and CO2 emissions reveals distinct seasonal variability across the three
locations. The integration of day–night variation ensures a high degree of confidence
coefficients for these extrapolations, with values up to 76.88%, which provides consistency
and reliability in the predictive models.

These findings align with the clear correspondence between CO2 emissions from the
water–atmosphere interface and temperature variations (Tair and Twater). Significant posi-
tive correlations were identified in all three locations between CO2 emissions measured by
the EGM-5 method and Tair (correlation coefficients varying between 0.676 and 0.832; with
statistical significance at the p < 0.01 level), as well as with Twater (correlation coefficients
varying between 0.677 and 0.793; with statistical significance at the p < 0.01 level), while
the Injection Kit method showed positive and statistically significant correlations varying
between 0.598 and 0.777, with statistical significance at the p < 0.01 level, respectively,
and between 0.661 and 0.685, with statistical significance at the p < 0.01 level. Regression
analyses further reinforced these relationships, where the simple regression models demon-
strated that Tair and pressure were significant predictors of CO2 emissions across the three
locations. The highest regression coefficients, R2 of 0.926 with the EGM-5 method and R2

of 0.933 with the Injection Kit method for Tair, and pressure regression values of R2 = 0.989
with EGM-5 and R2 = 0.925 with the Injection Kit method were observed in location B,
indicating that temperature and pressure explained 92% of the variance in emissions, but
with statistically significant regression coefficient values in the other locations as well.
These results highlight the influence of temperature and pressure on the release of CO2
from the water–atmosphere interface. This observation is consistent with global patterns
observed in other aquatic systems, where temperatures have been identified as key drivers
of CO2 fluxes [42–44]. The influence of precipitation and wind speed was minimal and
statistically insignificant.

The spatial dynamics of CO2 emissions along the three locations revealed significant
differences, such that location A, characterised by dense vegetation and a natural river
course, presented the highest CO2 emissions, especially in the summer months, with a
peak in June of 36.240 g m2 d−1 with the EGM-5 method and of 21.808 with the Injection
Kit method. These increased values in location A align with findings from studies in
similar vegetated wetlands, where high primary productivity contributes to elevated CO2
emissions during warmer months [45,46]. Location B, being considered the transition
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zone with mixed vegetation and a built riverbed, presented lower emissions, with maxima
observed in August of 3473 g m2 d−1 with the EGM-5 method and 3.926 with the Injection
Kit method, but the seasonal variation was less pronounced in comparison with location
A, due to hydrological dynamics. Location C, situated near the reservoir, had the lowest
CO2 emissions in all seasons, with a peak in June of 3468 g m2 d−1 with the EGM-5 method
and a peak in July of 2.372 with the Injection Kit method. Reduced biological activity and
possible sedimentation effects due to reservoir water dynamics and hydrological processes
could explain the lower emissions and more complex seasonal pattern at this location.

Our depicted results for CO2 emissions along the Dambovita River indicated similar
spatial variations to urban rivers connected to lakes in the subtropical monsoon climate
regions of China [47,48], where CO2 emissions increased upstream compared to down-
stream and in the receiving lakes. Temporal variations showed similar trends with CO2
emissions from a rainwater wetland created in southern Finland [49], as well as from rivers
and canals in the Danube Delta [50], where the monthly average CO2 emissions at the
water–atmosphere interface during the peak growing season, from June to September,
exceeded those of the other months.

Water quality parameters such as pH, dissolved oxygen concentration (DO), chloro-
phyll, and redox potential (ORP) were found to be the main water quality parameters
influencing the variability of CO2 emissions. Thus, higher levels of ORP and chlorophyll
were associated with increased CO2 emissions, while pH showed a negative correlation in
all three locations.

The methodology developed and validated includes procedures for assessing CO2
emissions in order to establish their correlation with observed local conditions (weather,
landscape, vegetation, etc.) for a better application of the analytical method. The applied
methodologies improve the accuracy of the national GHG inventory by employing high-tier
techniques adapted to wetland ecosystems, reducing the uncertainties in national GHG
emission inventories. The study provides local environmental management with a scientific
basis for implementing optimal climate adaptation strategies by prioritising management
practises that mitigate emissions and increase carbon sequestration. Moreover, the inte-
gration of predictive models based on meteorological data (temperature and pressure)
considerably enhances this study, offering an effective instrument for the replicability of
spatial (three locations) and temporal (monthly and seasonal) variations in CO2 emissions
for other similar case studies.

Future perspectives of the research activities presented in the paper aim for the im-
provement and application of the methodology at the national level in different wetland
areas (like Danube Delta).
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