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Abstract 10 

Estuaries have been recognized as one of the major sources of greenhouse gases (GHGs) in aquatic 11 

systems; yet we still lack insights into the impact of both anthropogenic and natural factors on the 12 

dynamics of GHG emissions. Here, we assessed the spatiotemporal dynamics and underlying drivers of 13 

the GHG emissions from the Scheldt Estuary with a focus on the effects of salinity gradient, water 14 

pollution, and land use types, together with their interaction. Overall, we found a negative impact of 15 

salinity on carbon dioxide (CO2) and nitrous oxide (N2O) emissions which can be due to the decrease of 16 

both salinity and water quality when moving upstream. Stronger impact of water pollution on the GHG 17 

emissions was found at the freshwater sites upstream compared to saline sites downstream. In particular, 18 

when water quality of the sites reduced from good, mainly located in the mouth and surrounded by 19 

arable sites, to polluted, mainly located in the upstream and surrounded by urban sites, CO2 emissions 20 

from the sites doubled while N2O emissions tripled. Similarly, the effects of water pollution on methane 21 

(CH4) emissions became much stronger in the freshwater sites compared to the saline sites. These 22 

decreasing effects from upstream to the mouth were associated with the increase in urbanization as sites 23 

surrounded by urban areas released on average almost two times more CO2 and N2O than sites 24 

surrounded by nature and industry areas. Applied machine learning methods also revealed that, in 25 

addition to salinity effects, nutrient and organic enrichment stimulated the GHG emissions from the 26 

Scheldt Estuary. These findings highlight the importance of the interaction between salinity, water 27 

pollution, and land use in order to understand their influences on GHG emissions from dynamic 28 

estuarine systems. 29 

Keywords: greenhouse gas; water pollution; estuary; Scheldt Estuary; salinity; land use; 30 

1. Introduction 31 

Supporting essential biogeochemical processes that are central to the Earth’s functioning, estuaries play 32 

an important role in carbon (C) and nitrogen (N) cycling (Frankignoulle et al., 1998; Park et al., 2023). 33 

Apart from serving as sinks for C and N elements, they also act as a natural source of greenhouse gases 34 

(GHGs) to the atmosphere. In particular, estuaries have long been recognized as one of the major sources 35 
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of nitrous oxide (N2O) in marine systems, which has become increasingly intensified because of 36 

eutrophication and water pollution (Ma et al., 2019). Similarly, estuaries are often supersaturated in 37 

carbon dioxide (CO2) and methane (CH4) because of riverine and terrestrial inputs, diffusion from 38 

sediments, surface runoff, and groundwater, and microbial processes (Belliard et al., 2022; Cotovicz et 39 

al., 2021; Yoon et al., 2017). Furthermore, since estuaries are often characterized by broad 40 

biogeochemical gradients and complex dynamics of river–sea transition zones, their GHG emissions 41 

have been reported with large spatiotemporal variability (Musenze et al., 2014).  42 

The spatiotemporal variability of estuarine conditions and GHG emissions has often been associated to 43 

salinity gradient (Wang et al., 2017a). In particular, because the major C inputs of estuarine waters are 44 

derived from upstream rivers, concentrations of organic carbon (OC), together with CO2 and CH4 45 

production, generally show a decrease from fresh to saline waters (Abril and Borges, 2005). 46 

Furthermore, from source to mouth of a river, the elevated salinity can inhibit growth of microorganisms 47 

and alter microbial pathways of organic matter decomposition, which thus hinders the GHG production 48 

in estuary systems (Wang et al., 2017a). Due to this complexity and multitude of potentially affecting 49 

factors, the reported emissions of estuarine ecosystems in regard to salinity gradient have been variable. 50 

Neubauer (2013) revealed that elevated salinity caused a decrease of 55% in ecosystem productivity and 51 

30% in CH4 production in a tidal freshwater marsh. On the other hand, Weston et al. (2011) indicated 52 

an elevation in microbial C mineralization because of salt-water intrusion, which led to a significant 53 

increase in CH4 fluxes regardless of the increased rates of sulfate reduction. Contradicting with the redox 54 

gradient theory where methanogenesis is typical outcompeted by sulphate reduction in high salinity 55 

systems, our findings suggest a complex relationship between salinity and CH4 emissions which can 56 

depend on specific environmental conditions and microbial community. Similar complexity has been 57 

found for CO2 emissions: while Marton et al. (2012) found no effect of elevated salinity on CO2 58 

emissions, Brouns et al. (2014) indicated a reduction of 40-60% in CO2 production due to salinization. 59 

Similarly, little consensus was found for a salinity tipping point at which the production of GHGs is 60 

significantly affected (Wang et al., 2017b). For example, Poffenbarger et al. (2011) showed no 61 

significant changes in CH4 emissions when salinity increased from fresh (< 0.5 ppt) to mesohaline (5-62 
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18 ppt) marshes while Chambers et al. (2011) described a near-complete reduction of CH4 production 63 

(up to 94% less than freshwater) when salinity increased from 4.5 to 14 ppt. 64 

Recent findings revealed that water pollution and anthropogenic changes in surrounding land use and 65 

land cover (LULC) could considerably amplify riverine GHG emissions as elevated emissions have 66 

been reported in sites that are in the vicinity of draining farmlands and urban areas (Cotovicz et al., 67 

2021; David et al., 2018; Galantini et al., 2021). After entering the flowing waterbodies, sewage 68 

discharges and agricultural runoff, which contain high amounts of C- and N-based compounds, increase 69 

nutrient levels and worsen water quality, eventually causing an increase in GHG emissions from rivers 70 

and estuaries (Nguyen et al., 2022; Park et al., 2023). It was found that polluted rivers in urban areas 71 

produced four times more CO2 and N2O than pristine rivers surrounded by nature areas while this ratio 72 

was 25 times in case of CH4 (Ho et al., 2022). Given the rapid progress of global urbanization, the role 73 

of urbanized rivers and estuaries has become crucial in global GHG emissions (Belliard et al., 2022; 74 

Gao et al., 2022; Zheng et al., 2022). 75 

Rapid changes in land use have put immense pressures on estuarine systems, which has caused dramatic 76 

shifts in water quality, changes in streamflow and salinity, and subsequent effects on estuarine habitats 77 

(Freeman et al., 2019). While monitoring systems have been well established in response to these 78 

pressures, research on their effects on GHG emissions from estuaries remains limited. Specifically, the 79 

estuarine GHG dynamics and their driving factors remain poorly understood and quantified (Gao et al., 80 

2022; Nguyen et al., 2022). A handful of studies have shown that pollution can be a main driver of 81 

estuarine GHG emissions (Ho et al., 2022; Ho et al., 2021a; Nguyen et al., 2022; Park et al., 2023; Yoon 82 

et al., 2017); however, to our knowledge, no studies have investigated the interactive effects of the 83 

anthropogenic pollution effects and natural salinity gradients on estuarine GHG dynamics. Building 84 

upon these perspectives, this study aims to address the following research hypothesis in the context of 85 

estuarine emissions: salinity, water pollution, land use types, and their interactions will have an impact 86 

on GHG emissions from urbanized estuaries. To do so, we conducted a case study in the Scheldt Estuary. 87 

Being home to more than 10 million inhabitants, the Scheldt Estuary has long been experiencing 88 

intensive human interventions, including vessel transportation, sediment dredging and removal, 89 
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agricultural run-off, and discharges from urban sewage systems (Comer-Warner et al., 2018). These 90 

anthropogenic activities have been contaminating water quality and modifying river flow, which can 91 

turn the Scheldt to become a ‘hotspot’ of GHGs emissions. Specifically, we conducted four campaigns 92 

within two years in the Scheldt Estuary, measuring fluxes and concentrations of the three main GHGs, 93 

CO2, CH4, and N2O, along with physiochemical, hydromorphological, and meteorological variables. At 94 

each sampling site, we calculated the Prati water quality index and categorized types of adjacent 95 

landscapes to investigate their impact on the variation of GHG emissions. Thereby, this study was able 96 

to deliver novel insights into the GHG emissions from estuaries and their driving factors, which are 97 

essential to developing mitigation strategies in similar environmental settings. 98 

2. Materials and Methods 99 

2.1. Data collection 100 

2.1.1. Study area 101 

Samples were taken along the Scheldt Estuary that stretches from Ghent (Belgium) to Vlissingen (the 102 

Netherlands), the mouth of the Scheldt in the North Sea (Figure 1). The estuary is divided into two parts: 103 

1) the Sea Scheldt: from the Dutch/Belgian border until Ghent and 2) the Western Scheldt from the 104 

Dutch/Belgian border to the mouth (Schepers et al., 2018).The total length of the study area is 156 km 105 

while the area of the Scheldt basin is approximately 21,863 km² which is mainly surrounded by urban 106 

and industrial areas (Schepers et al., 2018). The average population density of the basin is 477 107 

inhabitants per km², corresponding to more than 10 million people residing in this area (Meire et al., 108 

2005). In summer, the average air temperature is 17.9 °C and the average precipitation 234.2 mm while 109 

in winter this is respectively 4.1 °C and 228.6 mm. The salinity of the Scheldt Estuary fluctuates from 110 

0.2 to 30.1 PSU (Meire et al., 2005). 111 
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 112 

Figure 1. Location of the study area and the 32 sampling sites of the four sampling campaigns, two in winter and two in 113 
summer. The red dots represent the sites that were sampled during all campaigns. S is short for Sea Scheldt and W for 114 

Western Scheldt. Urban areas are indicated in grey. Note that W10 is located at the mouth of the Scheldt Estuary. 115 

2.1.2. Field measurements 116 

Four sampling campaigns were conducted, one in the winter of 2021 (from 08/02/2021 to 12/03/2021), 117 

one in the summer of 2021 (from 16/08/2021 to 15/09/2021), one in the winter 2022 (from 31/01/2022 118 

to 11/02/2022) and one in the summer of 2022 (from 01/08/2022 to 11/08/2022). During all sampling 119 

campaigns 32 sampling sites were visited: 23 sites in the Sea Scheldt and 9 sites in the Western Scheldt 120 

(Figure 1). Besides measuring fluxes and dissolved concentrations of CO2, CH4, and N2O, we also 121 

collected physicochemical and meteorological data. In particular, dissolved oxygen (DO), water 122 

temperature, pH, total dissolved solid (TDS), and turbidity were determined by a handheld multiprobe 123 

(YSI 9620v2-2 version 1.2, YSI Xylem Inc., Yellow Springs, Ohio, USA). Calibration was performed 124 

prior to sampling and supplemented with an inspection after sampling. Each measurement was repeated 125 

three times at every site to ensure the stability of the multiprobe and water conditions. 126 

Water samples from all sampling sites were transported in a cooler and then preserved in a refrigerator 127 

until analysis. We used Merck kits to measure nutrient contents of the samples, including ammonium 128 

(NH4
+), nitrate (NO3

-), nitrite (NO2
-), orthophosphate (PO4

3-), total nitrogen (TN), and total phosphorus 129 

(TP) spectrophotometrically (low-range Merck test kits with AquaMate, Thermo Spectronic, S1). More 130 
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detailed information about the Merck kits can be found in Table S9.1. The analysis of organic carbon 131 

(OC) content, including total carbon (TC) and total organic carbon (TOC), was done by the 132 

Laboratory of Analytical Chemistry and Applied Ecochemistry (Ecochem) at Ghent University using a 133 

TOC/TN analyzer (Shimadzu TOC V CPN-analyzer). We followed the standards of APHA (2022) and 134 

US EPA (2012) for quality assurance and control of the analytical measurements. Note that to examine 135 

the effects of water quality on the GHG emissions of the Scheldt Estuary, we calculated the Prati water 136 

quality index (WQI) based on various water quality parameters, such as O2 level, OC and nutrients. 137 

Details of the calculation can be found in Ho et al. (2022). 138 

We surveyed hydro-morphological variables of the sites and their surroundings, including land use, 139 

macrophytes, riparian vegetation, channel types, and sediment accumulation, using a modified field 140 

protocol of Ho et al. (2022). Regarding land use, we categorized them into five types in the field 141 

protocol: urban, transportation, industry, arable, and nature by evaluating the land use surrounding each 142 

site within a stretch of 100 m x 10 m on both river banks. In addition, we collected information about 143 

river width and depth, tides, ecotopes and meteorological variables from the VNSC at 144 

https://www.scheldemonitor.be, and from Flemish and Dutch monitoring stations at https://waterinfo.be 145 

and https://www.rijkswaterstaat.nl. We chose the stations closest to the sampling sites, their distances 146 

ranged between 3 m and 5.48 km. Note that we developed an interactive application using the R Shiny 147 

package (Chang et al., 2015) so users can access, analyze, and visualize the collected data that are 148 

available online at https://env-research.shinyapps.io/Scheldt_GHGs/.  149 

2.1.3. GHG fluxes  150 

To measure the fluxes of CO2, CH4, and N2O, we applied the floating chamber (FC) method given its 151 

simplicity and feasibility, following the guidelines of the International Hydropower Association (IHA, 152 

2010). The deployed FCs were a circular container with a diameter of 23 cm, a height of 23 cm, a volume 153 

of 9.1 L and an area of 0.04 m2, which was made of 3 mm thick PVC plastic and wrapped by aluminum 154 

foil to prevent heat exchange during the measurement. We wrapped a foam ring around the FCs to keep 155 

the penetration of the FCs of around six cm from the top. Furthermore, we connected an anchor to the 156 

center of the FCs with a string to keep them stable on the water surface. We used a polyurethane tube 157 

https://www.scheldemonitor.be/
https://waterinfo.be/
https://www.rijkswaterstaat.nl/
https://env-research.shinyapps.io/Scheldt_GHGs/
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that was connected near to the top of the FCs to vent the pressure inside the FCs when placing the FCs 158 

on the water surface and then we submerged the tube after the water level reached the foam ring. We 159 

collected gas samples from the headspace of the FCs via a butyl rubber stopper that was embedded on 160 

top of the FCs and then stored into evacuated 12 mL Exetainer vials (Exetainer®, Labco Ltd, High 161 

Wycombe, UK). We collected three samples at 0, 20, and 40 minutes after placement in order to 162 

determine the fluxes of CO2, CH4, and N2O. By using gas chromatography, the sampled vials were then 163 

analyzed at ISOFYS, Ghent University (Shimadzu GC-14B, equipped with a double 1/8’OD, 0.085’ID, 164 

1 + 2m, Porapak Q 80/100, and an ECD detector) and ETH Zurich (Bruker, GC-456, Scion Instruments, 165 

Livingston, UK). Gas fluxes were calculated based on the following equation:  166 

Flux = Slope × Volume of chamber × (Area of chamber)-1 (Eq. 1) 167 

The slope was calculated based on the linear regression of gas concentration in the FCs versus time. 168 

Details of the R2 values can be found in Figure S10.1. 169 

2.1.4. Dissolved gas concentrations 170 

Prior to sample collection, 12 mL vials with airtight septa (Exetainer®, Labco Ltd, High Wycombe, 171 

UK) were pre-conditioned with 50L of 50% ZnCl2 as a preservative agent before capping and flushing 172 

with high purity N2 (Alphagaz 2, Carbagas, Gümlingen, Switzerland). At each sampling, we collected 173 

6 mL of water into the vials resulting in a final headspace pressure of around 2 atm. Note that we 174 

carefully removed air bubbles from the water samples prior to injection into the vial. We measured the 175 

concentrations of CO2, CH4, and N2O in the headspace using gas chromatography at ISOFYS, Ghent 176 

University and ETH Zurich. We calibrated the instrument during the measurement of each gas using 177 

several sets of standards. Dissolved gas concentrations (µMol L-1) were calculated using Henry's law 178 

considering the volume of the vials and headspace.  179 

𝐶𝑎𝑞 =  𝑝𝑎 × 𝑘ℎ (Eq. 2) 180 

where 𝑘ℎ is Henry’s constant adjusted for lab temperature (mol m-3 Pa-1) and 𝑝𝑎 is the partial pressure 181 

of the gas in the headspace (Pa-1). We corrected the effects of salinity on gas solubility using Sechenov 182 

equation (Hermann et al., 1995). 183 
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2.2. Data analysis 184 

2.2.1. Mixed models 185 

To investigate the impact of salinity, water pollution, land use types, and their interactions on the GHG 186 

fluxes from the Scheldt, we applied mixed models in R (R Core Team, 2014) using the lme4 package 187 

(Bates et al., 2015). Specifically, while the GHG fluxes were considered as response variables and 188 

analyzed separately, we took into account all of the collected variables as predictors, and seasons (winter 189 

and summer) and rivers (Sea Scheldt and Western Scheldt) as random variables in the mixed models. 190 

Prior to the modelling, the GHG fluxes were natural log-transformed and all continuous predictors were 191 

standardized (values minus the mean and divided by the standard deviation) to improve the performance 192 

of the model and increase the interpretability of the results (Zuur and Ieno, 2016). To avoid model 193 

overfitting (Ho and Goethals, 2022), we selected the most parsimonious model by comparing the AICs 194 

of all models with a condition of keeping salinity and either water quality or land use in the model since 195 

they are critical in driving estuarine GHG emissions. We used the ‘dredge’ function in the muMIn 196 

package to generate the most parsimonious model (Barton and Barton, 2014). Among the equivalent 197 

models (ΔAIC ≤ 2), we chose the model with the highest weight value (Chen et al., 2022). We used the 198 

variance inflation factors (VIFs) to examine the multicollinearity among predictors in the most 199 

parsimonious models and found that all predictors had VIF < 3, indicating no multicollinearity in the 200 

most parsimonious models (Zuur et al., 2010). Finally, we displayed the interactions between salinity, 201 

water quality and land-use types with interaction plots using the interactions package v.1.1.5 (Long, 202 

2019). Specifically, the interactions package provides a convenient framework for modeling and 203 

analyzing interactions between variables in mixed models via creating interaction terms, visualization 204 

and interpretation. 205 

2.2.2. Combination of PCA and K-means clustering 206 

We applied a combination of Principal component analysis (PCA) and K-means clustering to determine 207 

how much of the variance of the data can be explained by the measured variables in order to unravel the 208 

nature of the underlying processes of estuarine GHG production (Tabachnick and Fidell, 2012). Prior to 209 
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the PCA, we standardized the data to avoid the biases of PCA by the scale of the variables (Manly and 210 

Alberto, 2016). In the K-means clustering, we applied the Elbow method to determine the optimal 211 

number of clusters. In particular, we tested the algorithm with the number of clusters up to 10 and in 212 

every test and calculated the Within Cluster Sum of Squares (WCSS) which measures the squared 213 

average distance of all the points within a cluster to the cluster centroid (Han et al., 2012). The optimal 214 

number of clusters was chosen when the decrease in WCSS becomes marginal, meaning that the increase 215 

in the number of clusters gives no significant improvement in the clustering. In this study, the data was 216 

partitioned based on GHG emissions. After determining the optimal number of clusters, the clusters 217 

were presented in the biplots depicting the PCs that explained most of the variance. Combining the two 218 

aforementioned methods allowed to identify and quantify the patterns of the underlying processes 219 

affecting the emissions of each cluster. PCA and K-means clustering were respectively implemented via 220 

stats (R Core Team and Worldwide Contributors, 2002) and clusterR (Mouselimis et al., 2019) 221 

packages in R. 222 

2.2.3. Random forests 223 

To identify the main factors driving the spatiotemporal variation in GHG emissions, random forests 224 

(RFs) were implemented in R (R Core Team, 2014) via the ranger package (Wright and Ziegler, 2017). 225 

We applied the same model inputs, including all of the collected variables, and outputs, including the 226 

three GHG fluxes, as in the mixed models for training the random forests. To optimize the models, we 227 

tuned two essentials hyperparameters, including the minimal size of a node (min.node.size) and the 228 

number of candidate variables considered at each split (mtry) while the number of trees (num.trees) as 229 

a not tunable parameter was set sufficiently high, i.e. 500 (Probst et al., 2019). To do so, the mlr package 230 

of Bischl et al. (2016) was applied in parallel on eight CPU cores. The tuned model with optimal 231 

hyperparameters was run to identify the importance of variables for the GHG fluxes. Permutation 232 

accuracy importance was preferred over the conventional variable importance since it can deal with the 233 

drawbacks of the latter, such as bias towards continuous variables compared to categorical variables and 234 

sensitivity with missing data and outliers (Strobl et al., 2007).  235 
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3. Results and discussion 236 

3.1. Spatiotemporal variability of estuary GHG dynamics  237 

To investigate the dynamics of biogeochemical processes and GHG production in the Scheldt Estuary, 238 

we measured various physicochemical variables and GHG emissions in the Scheldt which differed 239 

notably between the two parts of the Scheldt (Figures 2, S1.1 and S1.2). Specifically, the average 240 

emissions of CO2 and N2O from the Sea Scheldt were around five times higher than those from the 241 

Western Scheldt, i.e., 3.9 ± 0.2 g CO2 m-2
 d-1 and 1.2 ± 0.1 mg N2O m-2 d-1

 from the Sea Scheldt compared 242 

to 0.7 ± 0.1 g CO2 m-2
 d-1 and 0.30 ± 0.04 mg N2O m-2 d-1

 from the Western Scheldt. On the other hand, 243 

CH4 emissions were relatively the same between both parts, on average 7.5 ± 1.2 mg CH4 m-2
 d-1 in the 244 

Sea Scheldt and 9.6 ± 2.3 mg CH4 m-2
 d-1 in the Western Scheldt. Compared to global estimates of 245 

riverine GHG fluxes, i.e. 9,900 g CO2 m-2
 yr-1 (Liu et al., 2022), 41.4 g CH4 m-2

 yr-1 (Stanley et al., 2022), 246 

and 0.22 g N2O m-2
 yr-1 (Maavara et al., 2019), the Scheldt Estuary emitted less than around 10 times of 247 

CO2 and CH4 fluxes while its N2O emissions were about 1.5 times higher. Nutrients and OC 248 

concentrations increased when moving upstream: up to two times more of TOC, three times more of 249 

TN, and two times more of TP were found in the Sea Scheldt than in the Western Scheldt. This can be 250 

attributed to two factors: nutrient dilution by the North Sea and higher urbanization in upper part of the 251 

Scheldt Estuary. Previous studies also found a decrease in concentrations of nutrients and OC when 252 

moving seawards because of dilution effects from the North Sea (Fang et al., 2019; Fleming-Lehtinen 253 

et al., 2015; Gross et al., 2022; Martens, 2019). Higher nutrient concentrations found in the freshwater 254 

discharge from the Sea Scheldt were associated with higher urbanization in this area: the further 255 

upstream, the more urbanized areas (Figure S4.1).  256 
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 257 

Figure 2. GHG emissions from the Scheldt Estuary. The trend lines represent the central tendency of variable patterns in two 258 
seasons as characterized by a loess curve with 95% confidence intervals shaded between the upper and lower bands. The 259 

vertical line represents the border between Sea Scheldt and Western Scheldt. Exact p values of the Wilcoxon Rank Sum test 260 
for comparison between two seasons and between two rivers can be found in Tables S1.1 and S1.2. 261 

Regarding the temporal variation, we found that the GHG emissions remained relatively stable between 262 

the two years, while CH4 and N2O emissions showed a moderate difference between summer and winter 263 

(Tables S1.2 and S1.3). In particular, the Scheldt emitted double the amount of CH4 in summer 264 

compared to winter, i.e., 10.9 ± 1.9 and 5.3 ± 0.8 mg m-2
 d-1, respectively, while the levels of the N2O 265 

emissions increased from around 0.68 ± 0.07 mg m-2
 d-1 in summer to 1.21 ± 0.16 mg m-2

 d-1 in winter. 266 

On the other hand, the emissions of CO2 kept stable around 3.0 ± 0.2 mg m-2
 d-1. Note that while the 267 

seasonal variation of the CH4 emissions occurred in both Sea Scheldt and Western Scheldt, the N2O 268 

emissions only varied across the two seasons in the Sea Scheldt and remained stable seasonally in the 269 

Western Scheldt. Furthermore, we found higher DO level of 10.9 ± 0.05 mg O2 L-1 in winter compared 270 

to its summer values of 6.9 ± 0.1 mg O2 L-1. Similarly, the concentration of N species was higher in 271 

winter than summer: 20 times higher for NH4
+ and two times higher for NO2

- and NO3
-, which can be 272 
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attributed to much lower N leaching from agricultural activities during summers (Billen et al., 2005).. 273 

Moreover, we observed two opposite trends of TOC and TIC levels between the two seasons: while TIC 274 

concentrations decreased by around 1.5 times, TOC concentrations doubled from summer to winter. 275 

These fluctuations in the C and N species imply that higher microbial activity, including nitrification, 276 

denitrification, C mineralization, took place in summer which caused lower concentrations of O2, OC 277 

and N species because of their consumption (Ho et al., 2021b). Furthermore, although warmer summers 278 

can enhance algal activities leading to lower inorganic carbon (IC), higher TIC in summer in our case 279 

suggests that discharges of OC were the major driver of the IC pool, which is in agreement with previous 280 

studies (Amann et al., 2015; Atkins, 2017). 281 

3.2. Effects of salinity 282 

To assess the effects of salinity on the GHG dynamics of the Scheldt, we categorized the estuary into 283 

four classes: fresh (< 0.5 PSU), oligohaline (0.5-5 PSU), mesohaline (5-18 PSU) and polyhaline waters 284 

(18-30 PSU) according to the Venice salinity system (Figure 3). We found significant differences of 285 

CO2 and N2O emissions across the salinity classes while the CH4 emissions on average remained 286 

relatively unchanged despite the substantial variation of their values in each salinity class. In particular, 287 

the emissions of CO2 decreased gradually when the sites became more saline: 4.8 ± 0.4 g CO2 m-2 d-1 in 288 

freshwater, 2.9 ± 0.3 g CO2 m-2 d-1 in oligohaline, 2.3 ± 0.3 g CO2 m-2 d-1 in mesohaline, and 0.6 ± 0.1 289 

g CO2 m-2 d-1 in polyhaline waters. Similarly, when the salinity increased by one level, the N2O 290 

emissions decreased by about half: 1.70 ± 0.18 mg N2O m-2 d-1 in freshwater, 0.73 ± 0.08 mg N2O m-2 291 

d-1 in oligohaline, 0.48 ± 0.07 mg N2O m-2 d-1 in mesohaline, and 0.28 ± 0.05 mg N2O m-2 d-1 in 292 

polyhaline waters. These decreases led to the declining trend of global warming potential (GWP) values 293 

with the increase of the salinity level regardless of the wide variation of the CH4 emissions across the 294 

salinity classes. This implies that freshwater rivers could contribute more to warming climate than their 295 

counterparts located near the coastal areas.  296 



14 

 

 297 

Figure 3. GHG fluxes and their global warming potential from the Scheldt Estuary in different salinity categories using the 298 
Venice system: freshwater (<0.5 PSU), oligohaline (0.5-5 PSU), mesohaline (5-18 PSU) and polyhaline water (18-30 PSU). 299 

The violin plots include box plots showing median, lower (Q1) and upper (Q3) quartiles and 1.5 times the length of the 300 
interquartile range of GHG fluxes. Note that the violin plots also depict distribution of the data of which the width 301 

corresponds to the frequency of data points in the distribution. Kruskal–Wallis tests followed by Bonferroni–Dunn test were 302 
applied for multiple comparisons between different salinity categories. ∗p ≤ 0.05, ∗∗p ≤ 0.01, ∗∗∗p ≤ 0.001, ∗∗∗∗p ≤ 0.0001. 303 

Exact p values of the Kruskal Wallis with Bonferroni-Dunn for multiple comparison between salinity categories can be found 304 
in Table S1.4. 305 

Although saline waters can considerably alter microbial pathways of OC and nutrient decomposition via 306 

inhibitory impact of osmotic stress and high concentrations of saline-induced toxic products, reports on 307 

the effects of elevated salinity riverine emissions have been inconsistent (Wang et al., 2017a). For 308 

example, methanogens are likely to be outcompeted by sulfate-reducing bacteria that can steer 309 

biogeochemical processes towards the production of CO2 rather than CH4 as indicated in Neubauer 310 

(2013); they found that elevated salinity caused a decrease of 30% in CH4 production in a tidal 311 

freshwater marsh. In contrast, Wilson et al. (2015) found no significant differences in CH4 emissions 312 

across different salinity levels in the Gulf of Mexico Estuary, which was also the case of the Scheldt 313 

Estuary. The wide variation of CH4 emissions with several extremely high fluxes in all the salinity levels 314 
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suggests the contribution of ebullition in the Scheldt which is inherently a sporadic process that could 315 

be missed by short deployment of our FCs. The ebullition fluxes can be notably disturbed in case of the 316 

Scheldt where large scale dredging remains a common practice to guarantee safe access to the port of 317 

Antwerp (Martens, 2019). Regarding the CO2 and N2O emissions, their negative correlation with salinity 318 

(Figure S2.1) could be confounded by the increase of pH and the decrease of NO3
-, TN and TOC when 319 

moving downstream. Specifically, lower pH at the upstream sites led to higher availability of H+ which 320 

could react with HCO3
-, causing the shift of the equilibrium towards the reaction of HCO3

- and hence 321 

more CO2 production. Higher NO3
-, together with more availability of OC and less inhibitory effects of 322 

lower saline waters, also facilitated the production of N2O (Wang et al., 2017a). Brouns et al. (2014) 323 

found similar findings in their experiment that indicates a reduction of 40-60% in CO2 production with 324 

the elevated salinity.  325 

3.3. Effects of water pollution 326 

According to the Prati water quality index, we found that majority of the sites in the Scheldt acquired 327 

either good or acceptable water quality while only three sites were categorized as heavily polluted 328 

(Figure 4). Note that while good water quality sites were located mainly in polyhaline and mesohaline 329 

waters, (heavy) polluted water quality sites were located mainly in fresh and oligohaline waters which 330 

were surrounded mainly by urban and industrial areas (Figure S3.1). This implies the impact of 331 

discharges from these built-up areas on the enrichment of OC and nutrients in the Scheldt, which in turn 332 

affected the GHG emissions from the sites. We observed an increase in CO2 and N2O emissions when 333 

the water quality of the sites exacerbated from good to acceptable and to polluted. Specifically, when 334 

water quality of the sites reduced from good to polluted, CO2 emissions from the sites doubled while 335 

their N2O emissions tripled. Contrary to the expectation that polluted sites would release more CH4 as 336 

observed in previous studies (Nguyen et al., 2022; Park et al., 2023), there was insignificant difference 337 

of CH4 emissions across the water quality categories despite their large variation in each water quality 338 

category.  339 
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  340 

Figure 4. GHG fluxes from the Scheldt Estuary in different water quality categories using Prati Water Quality Index. The 341 
violin plots include box plots showing median, lower (Q1) and upper (Q3) quartiles and 1.5 times the length of the 342 
interquartile range of GHG fluxes. Note that the violin plots also depict distribution of the data of which the width 343 

corresponds to the frequency of data points in the distribution. Kruskal–Wallis tests followed by Bonferroni–Dunn test were 344 
applied for multiple comparisons between different water quality categories. ∗p ≤ 0.05, ∗∗p ≤ 0.01, ∗∗∗p ≤ 0.001, ∗∗∗∗p ≤ 345 

0.0001. Exact p values of the Kruskal Wallis with Bonferroni-Dunn for multiple comparison between salinity categories can 346 
be found in Table S1.5. 347 

To investigate the potential interactive effects of salinity and water quality on GHG emissions from the 348 

Scheldt, we used their interaction term in the mixed models (Table S3.1) and then visualized it in the 349 

interactive plots (Figure 5). Specifically, the relatively parallel lines delineating the evenly decreasing 350 

CO2 emissions with salinity in four water quality categories indicate the strong negative effects of 351 

salinity on CO2 emissions regardless of the water quality of the sites while the effects of water quality 352 

on the CO2 emissions remained relatively unchanged along the salinity gradient. On the other hand, 353 

because of stronger interaction, the effects of water quality on CH4 emissions was much more 354 

pronounced when sites were less saline or, in other words, when moving upstream. Furthermore, when 355 

sites were polluted, salinity had negative impacts on CH4 emissions while an increase in salinity had 356 

relatively no impact on CH4 emissions when the water quality of the sites was acceptable or good. The 357 
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intersecting lines in case of N2O implies strong interactive effects between both variables: the N2O 358 

emissions from (heavily) polluted sites changed in the opposite direction compared to those from 359 

good/acceptable quality sites when moving from freshwater to saline sites. Besides, we found larger 360 

differences across the water quality categories at the freshwater than saline sites, indicating stronger 361 

impact of water quality on GHG emissions upstream compared to at the mouth of the Scheldt. This 362 

finding is in line with studies in other estuaries where pollution in upper parts of the estuaries was the 363 

main source of estuarine GHG emissions (Nguyen et al., 2022; Park et al., 2023; Yoon et al., 2017). 364 

  365 

Figure 5. Interactive effects of salinity and water pollution on the greenhouse gas emissions from the Scheldt Estuary. The 366 
lines represent the predicted value of the greenhouse gas emissions across four water quality categories with 95% confidence 367 

intervals shaded between the upper and lower bands.  368 
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3.4. Effects of land use types 369 

The results from the field protocol indicated that most of urban sites are located upstream while most of 370 

the industrial sites are located near the port of Antwerp (Figure S4.1). It is important to note that half 371 

of these built-up sites were classified as (heavily) polluted according to Prati Index (Figure S4.2). 372 

Furthermore, we found that urban sites released the most of CO2 and N2O, i.e., 4.28 ± 0.38 g CO2 m-2 d-373 

1 and 1.35 ± 0.14 mg N2O m-2 d-1, followed by sites surrounded mainly by nature, industry and 374 

transportation while sites surrounded mainly by agriculture areas emitted the least (Figure 6). 375 

Comparing across the land-use types, urban sites released on average almost two times more CO2 and 376 

N2O than nature and industry sites, and six times more than agriculture sites. No significant difference 377 

of CH4 emissions were found across the land-use types (exact p values can be found in Table S1.6). 378 

Consequently, sites surrounded by urban areas had the highest GWP of 4.86 ± 0.42 g CO2-e m-2 d-1, 379 

followed by nature sites with 3.50 ± 0.54 g CO2-e m-2 d-1, industry sites with 2.85 ± 0.35 g CO2-e m-2 d-380 

1, transportation sites with 1.79 ± 0.63 g CO2-e m-2 d-1, and agriculture sites with 1.07 ± 0.17 g CO2-e m-381 

2 d-1. Also noteworthy is that we found high and widely fluctuating emissions of all three GHGs from 382 

sites surrounded mainly by nature in the Scheldt Estuary, which is in disagreement with previous studies 383 

(Brown et al., 2022; Ho et al., 2022; Nguyen et al., 2022) that found natural sites to release the less 384 

GHGs compared to more anthropogenic sites. This contradiction can be attributed to a highly 385 

fragmented nature and landscape of Flanders (De Keersmaeker et al., 2015), which hence diminishes 386 

the impact of these areas on improving river water quality and thereby reducing GHG emissions.  387 
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  388 

Figure 6. GHG emissions of the Scheldt Estuary in different land-use types. The violin plots include box plots showing 389 
median, lower (Q1) and upper (Q3) quartiles and 1.5 times the length of the interquartile range of GHG fluxes. Note that the 390 

violin plots also depict distribution of the data of which the width corresponds to the frequency of data points in the 391 
distribution. Kruskal–Wallis tests followed by Bonferroni–Dunn test were applied for multiple comparisons between 392 
different land-use types. ∗p ≤ 0.05, ∗∗p ≤ 0.01, ∗∗∗p ≤ 0.001, ∗∗∗∗p ≤ 0.0001. Exact p values of the Kruskal Wallis with 393 

Bonferroni-Dunn for multiple comparison between salinity categories can be found in Table S1.6. 394 

To investigate the potential interactive effects of salinity and land use types on GHG emissions from the 395 

Scheldt, we used their interaction term in the mixed models (Table S4.1) and then visualized it in the 396 

interactive plots (Figure 7). The intersecting lines suggest strong interactive effects between the two 397 

variables on the emissions of all GHGs: the emissions from urban sites changed in the opposite direction 398 

compared to those from arable sites when moving from freshwater to saline sites. Specifically, higher 399 

emissions can be found at the urban sites in the upstream part compared to the other sites; however, this 400 

gap disappeared gradually and went in the opposite direction when the sites became saline. In fact, from 401 

upstream to mouth, while the emissions from urban sites decreased substantially, the emissions from 402 

arable sites had an upward tendency, especially in case of the CH4 emissions. Furthermore, when 403 

investigating the interactive effects of salinity and water pollution in each land use type, we found only 404 
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marginal effects on GHG emissions from sites surrounded by urban and nature areas, which is in contrast 405 

to the strong interactions found at sites surrounded by arable, transport or industrial areas (Figures S5.1, 406 

S5.2, and S5.3). This implies that there were strong positive impacts of urban land use on GHG 407 

emissions from the Scheldt, which is in contrast to the negative impacts of natural sites regardless of the 408 

water quality conditions and salinity levels at the sites. On the other hand, at the sites surrounded by the 409 

other land use types, GHG emissions strongly depended on the interactive effects of salinity and water 410 

pollution. Recently, the strong positive impacts of urbanization on estuarine GHG emissions have also 411 

been reported in other studies as a result (un)treated wastewater discharges (Nguyen et al., 2022; Park 412 

et al., 2023; Yoon et al., 2017). To our knowledge, this is the first study that indicates the crucial roles 413 

of the interactive effects between salinity, water pollution and land use types on estuarine GHG 414 

emissions. Its specific conclusions should be extrapolated to other estuaries with caution since each 415 

estuary has its own characteristics regarding water quality and surrounding landscape. For this reason, 416 

it can be beneficial to have more data collected from various estuaries with different water quality 417 

conditions and surrounding land use types. Furthermore, the cumulative effects of land use types on 418 

water quality and consequently elevated GHG emissions from rivers and estuaries should be further 419 

investigated.  420 
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 421 

Figure 7. The interactive effects of the salinity and land use types on the greenhouse gas emissions from the Scheldt Estuary. 422 
The lines represent the predicted value of the greenhouse gas emissions across the five land use categories with 95% 423 

confidence intervals shaded between the upper and lower bands.  424 

3.5. Influencing factors on estuary GHG dynamics  425 

PCA was combined with the K-means clustering to reveal how environmental variables affected the 426 

GHG emissions. Firstly, we found that five clusters were optimal based on the Elbow Method (Figure 427 

S7.1), which are represented in different colors in the biplots of PCA in Figure 8. The description of the 428 
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clusters in regard to the GHG emissions can be found in S7 in the SM. Indicating the weights of the 429 

variables to reconstruct each PC, the loading coefficients in Table S7.1 shows that air temperature 430 

(0.38), DO (-0.34), and NO3
- (-0.30) had the highest correlation coefficients with PC1 while TC (0.39), 431 

salinity (0.34), and TIC (0.31), were the most correlated component loadings of PC2. These coefficients 432 

indicate the positive or negative correlations between these variables and the PCs, from which we can 433 

conclude how these variables affected the data of different clusters. From this analysis, it can be noted 434 

that the availability of IC concentrations affected positively the CO2 emissions which is also the case of 435 

the impact of N species on N2O emissions. Furthermore, the higher the salinity level of a site was, the 436 

smaller were its CO2 and N2O emissions. Similarly, it appears that higher pH affected negatively the 437 

N2O emissions from the Western Scheldt possibly by retarding microbial activity, including nitrification 438 

and denitrification processes (Goncalves et al., 2015). The presence of extreme values of CH4 emissions 439 

in different clusters confirm the sporadic nature of the ebullitive emissions, which requires appropriate 440 

monitoring methods for assessments, such as bubble traps and hydroacoustic surveys (DelSontro et al., 441 

2015). 442 

 443 
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 Figure 8. Biplots of the first two principal components (PCs) which is labeled according to the five K-means 444 
clusters (colors) and season (shapes).  445 

To identify the main important factors explaining the GHG emissions, we applied random forest based 446 

variable importance analysis that indicated the effects of the factors in changing the GHG emissions 447 

from the sites (Figure 9). Overall, salinity was among the top important variables affecting the variations 448 

of the three gases. However, it is important to bear in mind the strong association between the increase 449 

of salinity and the reduction of organic matter and nutrients because of the dilution effect: the closer to 450 

the mouth, the lower became the levels of C and N species. This association confounds the impact of 451 

salinity on the emissions from the Scheldt Estuary with the impact of the other variables. In particular, 452 

chemical equilibria of the IC species appear to be the dominant process affecting the CO2 fluxes as pH, 453 

TIC and TC are among the top important variables. We observed that the closer to the mouth, the higher 454 

was the pH and the lower were the CO2 fluxes, indicating that when moving downstream of the Scheldt, 455 

the lower availability of H+ to react with HCO3
- caused the shifts of the equilibrium towards the 456 

production of more HCO3
- and hence less CO2. To further investigate the role of organic carbon in the 457 

production of CO2, it is recommended to analyze dissolved and particulate organic carbon for better 458 

representation of the carbon source in estuarine systems. Similarly, the elevation of N2O fluxes can be 459 

attributed to the decrease in salinity level and the increase in NO3
- concentrations when moving upstream 460 

of the estuary where more urbanization and higher NO3
- from wastewater discharges were found. While 461 

higher NO3
- concentrations enabled more N2O production, lower salinity level in the Sea Scheldt 462 

alleviated the inhibition of osmotic stress and saline-induced toxic products, including H2S, HS-, S2-, and 463 

Cl- (Wang et al., 2017a). Although CH4 emissions from the Scheldt appear sporadic as shown in previous 464 

figures, the importance analysis revealed that temperature, DO, organic matter and salinity affected CH4 465 

production the most. While the first three factors directly influence methanogenesis, methanogens in 466 

saline waters were likely to be outcompeted by sulfate-reducing bacteria that could utilize hydrogen and 467 

acetate at lower concentrations, hence, constrained methane production (Belliard et al., 2022). To further 468 

investigate the major CH4 and N2O production pathways, position isotopic analysis (Yu et al., 2020) and 469 

molecular analyses on the abundance and expression of key functional genes (Gallarotti et al., 2021) are 470 

highly recommended.   471 
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 472 

Figure 9. Permutation accuracy importance of variables in the variation of GHG fluxes from the Scheldt Estuary. The 473 
presented variables have p-value larger than 0.05, meaning they have significant impact on the variation of the GHG 474 

emissions. 475 

4. Conclusion 476 

• The interactions between salinity, water pollution and land use play a crucial role in the 477 

dynamics of biogeochemical processes and GHG production in the Scheldt Estuary. Overall, 478 

we found significant differences of CO2 and N2O emissions across the salinity classes while the 479 

CH4 emissions on average remained relatively stable. However, the negative correlation of CO2 480 

and N2O emissions with salinity could be affected by the increase of pH and the decrease of 481 

NO3
-, TN and TOC when moving downstream. 482 

• An increase in CO2 and N2O emissions was observed when water quality of the sites exacerbated 483 

from good to acceptable and to polluted while no significant difference of CH4 emissions could 484 

be found across different water quality categories. Specifically, when water quality of the sites 485 

reduced from good to polluted, CO2 emissions from the sites doubled while their N2O emissions 486 

tripled. Regarding the interaction between salinity and water quality, higher emissions were 487 

released from (heavily) polluted sites compared to good/acceptable quality sites in the upstream 488 
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part; however, this gap shrunk gradually and went in the opposite direction when the sites 489 

became saline. Besides, we found larger fluctuation across the water quality categories at the 490 

freshwater sites compared to that at the saline sites, indicating stronger impact of water quality 491 

on the GHG emissions in the upstream compared to that in the mouth of the estuary. 492 

• Comparing across the land-use types, urban sites released on average almost two times more 493 

CO2 and N2O than nature and industry sites, and six times more than agriculture sites. On the 494 

other hand, no significant difference of the CH4 emissions across the land-use types was found. 495 

Moving downstream, while the emissions from urban sites decreased substantially, the 496 

emissions from arable sites had an upward tendency, especially in case of the CH4 emissions. 497 

Furthermore, when investigating the interactive effects of salinity and water quality in each land 498 

use type, we found only marginal effects on the emissions from sites surrounded by urban and 499 

nature areas which is in contrast to strong interaction that was found in sites surrounded by 500 

arable, transport and industrial areas. 501 

• This study highlights the importance of taking into account the interaction between salinity, 502 

water pollution, and land use in order to understand the influencing factors of GHG emissions 503 

from dynamic estuarine systems. 504 
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