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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• Denitrification is mainly influenced by 
river discharge and geomorphic units 
(GUs).

• The surface area and number of GUs are 
the factors that can control 
denitrification.

• The linear mixed models estimate deni
trification across LULC types using 
Sentinel-2.

• The modelling is effective for showing 
the spatiotemporal dynamics of 
denitrification.

• The model is handy in floodplain or 
lowland areas where inundation is 
frequent.

A R T I C L E  I N F O

Editor: Christian Herrera

Keywords:
Sentinel-2
NDVI
Soil moisture
LULC
Linear mixed models (LMMs)

A B S T R A C T

Denitrification in large tropical river systems is likely important for nitrogen retention estimates, but is limited by 
the need for measurements and the ability to scale these estimates to relate seasonal changes to river geo
morphology and discharge. Geomorphic units (GUs), that describe the structure of a river system based on their 
inundation frequency and vegetation cover, may be useful to characterise features that influence denitrification 
rates. In this study, we tested the hypothesis that measurements of potential denitrification rate (PDR) using 
denitrification enzyme assays from different GUs could be used to1) relate PDR to soil, vegetation and different 
land use and land-cover (LULC) types as controlling factors and 2) that these characteristics could be assessed 
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Padma River
Bangladesh

using remote sensing data to model PDR over a large spatial scale (along a 50 km reach) for the Padma River 
(Bangladesh). Specifically, 245 PDR measurements were made from the four LULC types with in eight GUs during 
the dry/winter season 2020. Linear regression using a mixed-modelling approach showed that PDR was highly 
related to vegetation cover and soil moisture across all GUs. Sentinel-2 data were then used to develop re
lationships between the Normalised Difference Vegetation Index.

(NDVI) and vegetation cover and, specifically, between Sentinel-2 band 11 and soil moisture, which also 
reasonably described PDR rates. We then used this satellite data to estimate reach-scale PDR in post-monsoon, 
dry/winter and pre-monsoon seasons. The satellite-based model showed that PDR increased in GUs from post- 
monsoon 2019 to pre-monsoon 2020. The vegetation islands and the bars were the most important GUs for 
denitrification in all seasons. The satellite-assisted approach developed in this study can be applied to the GUs in 
large lowland rivers where inundation occurs frequently.

1. Introduction

Large rivers are geomorphologically diverse and dynamic, with 
variations in flow that influence nutrients transport to coastal areas. 
Water and sediment transport rates alter these systems continuously, 
creating a variety of recognisable geomorphic units (GUs) (Gupta, 2007; 
Syvitski et al., 2014), which are considered as building blocks of river 
morphology (Rinaldi et al., 2015). Seasonally inundated GUs of a low
land river can act like floodplains or riparian zones, making them either 
sinks or sources for nutrients (Alexander et al., 2000, Tank et al., 2008, 
Strauss et al., 2011, Ritz et al., 2018;). These potential nutrient reten
tion/export areas can be mapped based on seasonal changes in area 
exposed (Gani et al., 2022). Among nutrients, nitrogen is of special 

importance for regulating river productivity (Nanus et al., 2008), but 
excess nitrogen may cause adverse effects downstream like coastal 
eutrophication and hypoxia (van Wijk et al., 2022; Ritz and Fischer, 
2019; Lin et al., 2020), or contributing to poor river health. Nitrogen in 
river systems can be conserved through retention, reducing export to the 
downstream part of the river.

Denitrification is one of the main biogeochemical processes that 
result in nitrogen loss from natural ecosystems, as nitrate is converted to 
N2O and N2 gases (Davidson and Seitzinger, 2006; Beaulieu et al., 2011; 
Yao et al., 2016). In rivers, denitrification varies with geomorphology, 
water residence time, nutrient content and biotic factors (Piña-Ochoa 
and Álvarez-Cobelas, 2006; Seitzinger et al., 2006; Solomon et al., 2009; 
Xiong et al., 2017; Korol et al., 2019), particularly oxygen availability 

Fig. 1. Study area of Padma River, Bangladesh, showing the classified nutrient retention or export relevant geomorphic units (NREGUs) (C&S=Primary and sec
ondary channels, ED=Dry channel, EK = Unvegetated bank, L = Longitudinal bar, SB = Side bar, T = Transverse bar, VI = Vegetation Island, WD = Water 
Depression). The red dots in the GUs indicate sampling points.
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and concentrations of nitrate and organic carbon (Boyer et al., 2006; Liu 
et al., 2016; Shrestha et al., 2012; Groffman et al., 1991; Sgouridis and 
Ullah, 2014). The soil/sediment’s water content influences the rate of 
denitrification (Ding et al., 2019; Garnier et al., 2010; Ullah and 
Faulkner, 2006; Bai et al., 2005). A high moisture percentage restricts 
oxygen diffusion, creating favourable conditions for denitrification. 
Microorganism communities interact in the plant rhizosphere, so the 
presence or absence of vegetation drives the changes in land use and 
land cover (LULC), which influence the nitrogen budget in the sediment 
and, thus, the denitrification process (Audet et al., 2021; Nilsson et al., 
2020). Seasonally inundated areas of GUs are characterized by soil/ 
sediment moisture regimes, sediment characteristics, and vegetation 
dynamics that are important for denitrification.

The spatial variation of LULC types, representing different conditions 
of oxygen, nitrate and carbon can be used as indirect predictors of 
denitrification (Kreiling et al., 2019; Xiong et al., 2015; Han et al., 
2017). On a larger scale, LULC can be used as a proxy of vegetation 
dynamics (Guo et al., 2020) and soil moisture (Zucco et al., 2014; Yang 
et al., 2017). Recent research has shown that temporal variation of 
inundation should be considered to upscale potential denitrification 
because this controls nutrient and water supply to the floodplain eco
systems (Kaden et al., 2021). Therefore, many characteristics of the river 
channel can control denitrification directly or indirectly, but methodo
logical constraints make it difficult to link the spatial dynamics of the 
river channels to estimates of denitrification.

A number of techniques are available to estimate denitrification rates 
in soils/sediments (Tuttle et al., 2014; Tatariw et al., 2013; Opdyke 
et al., 2006). The acetylene inhibition method (Sørensen, 1978) is 
mostly used because it is relatively simple to apply and allows for ana
lysing large numbers of samples in space and time (Hansen et al., 2016; 
Groffman et al., 2006). Other methods such as mass balance approaches 
(Seitzinger et al., 2002), isotope analyses (Sebilo et al., 2017; Böhlke 
et al., 2004), membrane inlet mass spectrometry (Laursen and Seit
zinger, 2002; Pribyl et al., 2005) and modelling (Sun et al., 2017; Hoang 
et al., 2017; Maavara et al., 2019) have been used based on the condi
tions of the study sites. For these, however, it is difficult to determine the 
spatial variability of denitrification across river reaches because of their 
applicability, complexity and data demand to scale up at the desired 
level. It is even more complicated when the study area comprises 
different geomorphic units and is subject to seasonal flood dynamics and 
LULC changes.

Data derived from remote sensing creates opportunities to quantify 
biogeochemical processes like denitrification over larger areas; thus, 
satellite data are used as input data together with process-based mea
surements. Such an approach was applied in the Amazonian basin to 
quantify denitrification rates using available carbon and nitrate from in 
situ data and surface water extent from satellite data (Guilhen et al., 
2020). Other researchers suggested that soil moisture might be one of 
the most relevant factors for scaling up denitrification at an appropriate 
spatial scale (Martínez-Espinosa et al., 2022, 2021; Robertson et al., 

1993).
The Normalised Difference Vegetation Index (NDVI) is a widely used 

biogeophysical index to estimate vegetation cover (Yi et al., 2022; Dai 
et al., 2022; Yuan et al., 2013). NDVI is sensitive to inundation, varying 
according to water depth (Cho et al., 2008; Szabó et al., 2020). Different 
satellite products are available to estimate soil moisture that can be 
implemented from very local to large scales (Peng et al., 2021). Sentinel- 
2 band 11 is a shortwave infrared (1610 nm) (SWIR) band which can be 
used to discriminate moisture content in soil and vegetation (Holzman 
et al., 2021). One of the advantages of using Sentinel-2 products is that it 
can provide high spatial resolution data, i.e. 10 m for its visible and near- 
infrared bands (VNIR) and 20 m for band 11.

The present study aimed to assess the spatiotemporal distribution of 
PDR and develop a predictive model based on field-based and satellite 
data. The specific objectives of the research are to (i) show the influence 
of LULC in field-based PDR measurement; (ii) determine whether sat
ellite products can be related to soil moisture, vegetation cover, and 
LULC to model PDR at the reach scale; (iii) use the best model to predict 
reach-scale estimates of denitrification in the GU’s and compare with 
seasons; and iv) show the impact of GUs on reach-scale denitrification.

2. Material and methods

2.1. Study design and site description

The study area is a roughly50 km reach of the Padma River below the 
confluence of the Brahmaputra and Ganges rivers (Fig. 1). Seasonal 
inundation and the erosion and deposition of sediment in the study 
reach lead to the formation of seasonally inundated GUs, which are 
classified as primary and secondary channels (C&S), longitudinal bars 
(L), transverse bars (T), side bars (SB), unvegetated banks (EK), dry 
channels (ED), vegetated islands (VI) and water depressions (WD) (Gani 
et al., 2022). Each of these GUs is composed of patches of LULC types 
that change in area and vegetation cover through the year. During the 
field observation, five types of LULC were identified and included 
cropland (CL), natural vegetation (NV), land with water (LW), dry, bare 
land (DBL) and water bodies (WB). Water depressions (WD) in bars and 
islands, river edges and any wet portions of the terrestrial GUs were 
considered in the LW category. In some of the LW land cover types, algal 
mats were observed. Variations in the area of emergent GUs occur over 
four seasons. March–May is considered pre-monsoon, June–September 
is monsoon, October–November is considered post-monsoon, and 
December to February is considered dry/winter (Gani et al., 2022). The 
seasonally emergent GUs identified in this study are fully inundated 
during the monsoon. In the present research, field samples and analyses 
of denitrification rates were done for GUs in post-monsoon 2019, dry/ 
winter 2020 and pre-monsoon 2020.

Fig. 2. Overall approach to meet the research objectives.
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2.2. Overall approach

To meet the research objectives, we performed field observation and 
samplings, laboratory analysis, classification of LULC, and data analysis 
sequentially, as shown in Fig. 2.

In data analysis, the estimation of PDR by depth and LULC, and the 
development of linear mixed models (LMMs) were done separately. 
After developing the LMMs, raster data were prepared for model 
application, and finally, the model was applied in the GUs to determine 
spatiotemporal dynamics of PDR (Fig. 2).

2.2.1. Field observation and samplings
During the field visit, spot identification of LULC types in different 

GUs (identified using Sentinel-2 data) was done, and coordinates were 
recorded using the Input app (https://inputapp.io, accessed on 25 
January 2022) in a smartphone. This app was linked with a geodata 
repository (Mergin cloud service, https://public.cloudmergin.com, 
accessed on 25 January 2022) and synchronised within QGIS. In QGIS, 
the sample points were buffered at a 10-meter distance to convert 
sampling points into polygons because homogeneous LULCs were found 
for at least 10 m distances during field observations.

Field sampling was carried out during the dry/low flow season 
(February 2020). Coordinates and % vegetation cover were estimated at 
each sampling point within the GUs and recorded to reassess vegetation, 
if necessary. Simultaneous sediment samples were collected from the 
sampling points, covering all types of LULC (Fig. 2). Two sets of samples 
were taken from the top 5 cm (2 times 190 samples) and 5–10 cm (2 
times 55 samples) of soil with a 10 cm-diameter PVC ring. All samples 
were kept separately in Ziplock bags stored in an icebox for the one-two 
days duration of the field campaign and then transported to the research 
laboratory in the Department of Botany, Jagannath University, Dhaka, 
Bangladesh.

2.2.2. Laboratory analysis
In the laboratory, the samples were divided so that one set was used 

to estimate soil moisture and bulk density and the other denitrification. 
Samples were processed within 24 h after reaching the laboratory. PDR 
was estimated by denitrification enzyme activity (DEA) as a part of the 
acetylene block method as the accumulation of N2O in the presence of 
acetylene (Groffman et al., 1999). In the laboratory, sediment samples 
were placed in gas-tight flasks with a septum port with the addition of 
media composed of NO3

− (100 mg N kg− 1), dextrose (40 mg kg− 1) and 
chloramphenicol (10 mg kg− 1). Anaerobic conditions were established 
by evacuating and flushing the headspace of flasks with nitrogen three 
times for 30 s. Then, purified acetylene (98 to 99.5 %) was added, and 
flasks were placed on a rotary shaker at 125 rpm for half an hour. Gas 
accumulated in the flask was extracted using a syringe and then injected 
into evacuated gas vials (15 mL) at three times every 30 min. After 
processing, the resulting gas vials were transported to IHE Delft Institute 
for Water Education, the Netherlands. In Delft, N2O was measured by 
gas chromatography (Scion 456-GC) using ambient air and standard 
N2O concentration with the electron capture detector (ECD) at 250 ◦C 
(Groffman et al., 1999).

2.2.2.1. Potential denitrification rate (PDR). Potential denitrification 
rate (PDR) was calculated as the slope of N2O produced in the jars over 
the incubation time. The solubility of N2O was accounted for using the 
Bunsen coefficient at 0 ◦C. Mass-specific denitrification rates were 
converted to areal rates by using the bulk density. Specifically, PDR was 
calculated according to the following equations: 

PDR = k×Mr×

⎡

⎢
⎢
⎣

∑n

i=0
(C − �C)(T − �T)

∑n

i=0
(T − �T)

/

Sw

⎤

⎥
⎥
⎦× ρ×D 

C and T are the known values of C (C0, C1, C2) and T (T0, T1 and T2), 
whereas Č is the mean value of C0, C1, C2, and Ť is the mean value of T0, 
T1 and T2. C0, C1 and C2 were calculated as μg N2O = μg N2O/mL×
[vol. of gas in mL +(vol. of water in mL× Bunsen Coefficient)].

PDR is the rate of potential denitrification (mg N2O-Nm− 2 h− 1), C0 is 
the N2O mass at 30 min (μg N2O-N), C1 is the N2O mass at 60 min (μg 
N2O-N), and C2 is the N2O mass at 90 min (μg N2O-N). k is the con
version factor (μgcm− 2 to mgm− 2) = 10, Mr is the mass ratio of N2 to N2O 
(0.64), Sw is sample weight (g), ρ is bulk density (g/cm3), D is the depth 
of collected sediment samples (5 cm) and T0, T1, and T2 are the dura
tions of incubation (h).

2.2.3. Classification of LULC and accuracy assessment
Two segments of Sentinel-2B images during the dry period (11 

February 2020) were downloaded (https://scihub.copernicus.eu/) and 
used to map LULC types. The image processing and analysis were per
formed using the semi-automatic classification plugin (SCP) tool in QGIS 
(Congedo, 2021). After collecting Sentinel-2 Level 1C products, an at
mospheric correction was applied (Dark Object Subtraction, DOS1; 
Moran et al., 1992). To create a training set for the LULC classification, 
field-based observed LULC types were used. About 70 % of the polygons 
were used as training data and the remainder as test data for the accu
racy assessment. The training data were corrected by observing the 
NDVI value (calculated using bands 4 and 8) during post-monsoon and 
pre-monsoon with spatial resolution of 10 m. Next, the random forest 
classification algorithm (Breiman, 2001) was applied using the ESA 
SNAP tool (SNAP version 8, http://step.esa.int). The Random Forest tool 
permits classifying a band set (10 Sentinel-2 bands except bands 1, 9, 
and 10 with spatial resolution varying from 10 to 20 m) using the ROI 
polygons in the training input. The ROIs were identified by Class IDs, 
and they were assigned to land use and land cover classes through Macro 
class IDs (https://fromgistors.blogspot.com/2021/02/random-forest- 
classification-using-scp.html). The accuracy of the LULC classification 
was assessed based on the confusion matrix, user’s accuracy, producer’s 
accuracy, overall accuracy and kappa hat coefficient values.

2.2.4. Data analysis

2.2.4.1. Differences in PDR by depth and LULC. A paired t-test was 
performed to compare the measured PDR from 0 to 5 cm depth and 5–10 
cm depth. As there was no significant difference between the depths, 
data of 0–5 cm depth were used for the analysis. A Kruskal-Wallis rank 
test was applied to compare the PDR among the LULC types, with a post- 
hoc Dunn test with Bonferroni correction (R package “dunn.test”). All 
the above analyses were performed in R version 4.1.2 (R core Team, 
2021).

2.2.4.2. Development of linear mixed models (LMMs). In order to 
develop an effective model for predicting PDR from satellite data, we 
first developed best-fit multivariate models using field data that relied 
on soil moisture and vegetation parameters. These models (defined in 
this paper as models F) were then modified by substituting satellite data 
products for field data, either partly (models FS) or completely (models 
S). The resulting models predicted PDR for the entire study reach.

All models were linear mixed models (LMMs) developed following 
the procedure described by Zuur et al. (2007, 2009). This procedure 
includes a series of steps starting with a conventional regression model 
with the best possible fit, and extending this model with random effects 
and variance structures to further improve the fit of the model. The best- 
fit model is selected based on the Akaike Information Criterion (AIC) and 
log-likelihood (logLik) (Sakamoto et al., 1986).

2.2.4.2.1. LMMs based on field observation (Model F). First, a linear 
covariance model was developed with PDR (10 log-transformed) as the 
dependent variable and soil moisture, vegetation cover, bulk density, 
LULC and elevation as independent variables (Model F-0) 
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(Supplementary Table 1). Variables to retain in the model were selected 
based on the amount of variance explained by the R2 and the signifi
cance of intercept and slope in the model estimation. To avoid multi
collinearity, Pearson correlation coefficients were calculated to avoid 
including correlated variables in the model, and a variance inflation 
factor (“vif”) test was conducted between the predictor variables.

Next, the model F-0 was re-analysed with a generalised least-squares 
model fitted by the restricted maximum likelihood method (REML) 
using the same independent variables (Model F-1). This model was 
extended with LULC as random effect (Model F-2, random intercept 
model) or a variance term allowing separate variances for each LULC 
type (Model F-3, VarIdent model). The fourth (Model F-4) combined the 
random intercept and the variance structure (Supplementary Table 2). 
The functions “gls” and “lme” (nlme package; Pinheiro et al., 2021) in R 
were used to run all the models.

2.2.4.2.2. Replacing field variables with satellite data (Model FS). For 
the selection of satellite-based variables, we calculated correlation be
tween 12 Sentinel 2-derived bands and 35 indices and the best-fit field- 
based variables derived from the model F (Supplementary Table 3a, b). 
The Sentinel-2 band 11 and NDVI were correlated most strongly to SM 
and VC, respectively, and were used as fixed variables in the A models, 
resulting in models FS-1, FS-2, FS-3 and FS-4 (Supplementary Table 1). 
Field-observed LULC was retained as a random variable in the FS 
models.

2.2.4.2.3. LMMs with solely satellite data (Model S). The third model 
type was developed solely with satellite data. Satellite-derived LULC was 
used as a random variable instead of field-based LULC, and the models 
termed S-1, S-2, S-3 and S-4 (Supplementary Table 2). The same 
satellite-derived indices used in the S models were used as fixed 
variables.

2.2.4.2.4. Effects plots and model comparison. To visualise the effect 

of the predictor variables, effect plots were produced for all models (F, 
FS, S) using the R package “effects”. Effect plots show the change in PDR 
caused by one predictor variable while assuming the average value for 
the other predictors. The Model II regression was performed between 
models measured PDR and F-4 and also, F-4 and FS-4/S-4 using the 
“lmodel2” package in R to evaluate modelling results (Jensen, 1986).

2.2.4.3. Preparation of raster data for model application. The resulting 
LULC raster data were clipped to the pre-classified NREGUs vector data 
to get the LULC relevant for nitrogen retention/export. After that, NDVI 
was calculated and clipped with LULC raster data. Sentinel-2 band 11 
was also clipped to get the desired area of interest.

2.2.4.4. Model application (upscaling). The best-fit LMM (Model C4) 
was applied to each pixel of the NREGUs of the study area. The pixel size 
was 10 × 10 m, and the obtained pixels for the NREGUs in post- 
monsoon, dry/winter and pre-monsoon were 3665373, 3832900 and 
3822060, respectively. To perform model simulation across all pixels, all 
the raster data were converted into spatRaster using the function “Rast” 
in the “terra” package in R. Then, raster data were converted to spat
Vector format and model computation was performed according to 
LULC types using the “ifelse” function in R. After that, using “rasterise” 
function the predicted PDR was converted into a raster file. Mapping and 
further analysis were done in QGIS and R, respectively.

3. Results

3.1. Classification of LULC types

The LULC types of the study area were categorized as cropland (CL), 
natural vegetation (NV), land with water (LW), dry, bare land (DBL) and 

Fig. 3. LULC types of the study area of the Padma River, Bangladesh, during post-monsoon 2019, dry/winter 2020 and pre-monsoon 2020 (CL = Cropland, NV =
Natural vegetation, LW = Land with water, DBL = Dry bare land and WB=Water bodies).
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water body (WB) in all seasons except post-monsoon (Fig. 3). The land 
portion starts appearing in pre-monsoon, so the study area is devoid of 
CL. In all seasons, the area was dominated by water bodies, including 
primary and secondary channels, covering an area of 305, 197 and 270 
km2 during post-monsoon, dry/winter and pre-monsoon, respectively. 
LW, where inundation occurs for a short time, mainly comprises river 
edges and water depressions inside the land portion covered by about 
25 % of the study area. Other LULC types, CL, NV, and DBL, covered an 
area of 5%, 9 % and 12 %, respectively (Table 1).

The LULC classification had a total accuracy value of 82.4 %, 87.4 % 
and 91.7 % and a kappa hat coefficient of 0.57, 0.7 and 0.69 during post- 
monsoon, dry/winter and pre-monsoon, respectively (Supplementary 
Table 4a, b and c).

3.2. Potential denitrification rate (PDR) in different LULC types

The measured PDR at sample sites during the dry/winter season 
varied from 0.41 to643mg N2O-Nm− 2d− 1 in CL, 0.11-523 mg N2O-N 
m− 2 d− 1in NV, 0.11–250 mg N2O-N m− 2 d− 1in LW and 0.07̶ 37.72 mg 
N2O-N m− 2 d− 1in DBL. The highest mean value of PDR (56 mg N2O-N 
m− 2 d− 1) was found in CL, and the lowest mean value was in DBL (4.27 
mg N2O-N m− 2 d− 1). In the case of LW and NV, the mean value of PDR 
was about 20 mg N2O-N m− 2 d− 1 (Fig. 4). The Kruskal-Wallis test 
showed a significant difference of PDR among LULC types (chi-squared 
= 39.8, df = 3, p-value = 1.17e− 8). The post-hoc Dunn’s test showed 
that PDR in CL (group a) and DBL (group b) were significantly different 
from the others (Fig. 4).

3.3. Model results

The linear model with vegetation cover (VC), soil moisture (SM) and 

LULC had an R2 of 0.31. In this model, the intercept, explanatory vari
ables VC and SM, and categorical variables LULC types were significant 
(p < 0.001 or P < 0.05), and marginally significant for LW. The devel
oped LMMs showed better results for models F-1 to F-4. There was a 

Table 1 
The total estimated area of LULC types of the study area of Padma River during 
different seasons.

Class Area (km2) Percentage (%)

Post- 
monsoon

Dry/ 
Winter

Pre- 
monsoon

Post- 
monsoon

Dry/ 
Winter

Pre- 
monsoon

CL – 20.4 19.7 – 5.32 5.16
NV 48.1 33.6 53.5 13.1 8.77 14.0
LW 6.2 86.1 24.9 1.69 22.5 6.51
DBL 6.8 46.0 13.6 1.85 12.0 3.57
WB 305 197 270 83.3 51.5 70.8

Fig. 4. Mean potential denitrification rate (PDR) in different LULC types (CL =
Cropland, DBL = Dry bare land, LW = Land with water and NV=Natural 
vegetation) with standard error of the mean and number of samples in the study 
area of Padma River (Groups sharing a same letter not were significantly 
different (p < 0.01) according to Kruskal-Wallis test with a post-hoc Dunn test.

Table 2 
Comparison of different LMMs. The best-fit models with the lowest AIC and Log- 
likelihood values are marked in bold.

Model 
code

Model type Explanatory 
variable 
source

LULC 
data 
type

AIC Log- 
likelihood

F-1 Generalised 
least-square

Field Field 424.49 − 205.25

F-2 Random 
intercept

Field Field 423.06 − 206.53

F-3 Generalised 
least-square 
with variance 
structure

Field Field 425.63 − 205.82

F-4 Random 
intercept with 
variance 
structure

Field Field 416.31 ¡200.15

FS-1 Generalised 
least-square

Satellite Field 421.45 − 203.73

FS-2 Random 
intercept

Satellite Field 422.22 − 206.11

FS-3 Generalised 
least-square 
with variance 
structure

Satellite Field 444.49 − 215.24

FS-4 Random 
intercept with 
variance 
structure

Satellite Field 418.45 ¡201.23

S-1 Generalised 
least-square

Satellite Satellite 432.18 − 209.09

S-2 Random 
intercept

Satellite Satellite 431.84 − 210.92

S-3 Generalised 
least-square 
with variance 
structure

Satellite Satellite 444.28 − 215.14

S-4 Random 
intercept with 
variance 
structure

Satellite Satellite 428.52 ¡206.26

Table 3 
Results of LMMs (Models F-4, FS-4 and S-4) showing fixed effects and random 
effects of different factors on predicting PDR. The significance of intercepts and 
slopes are indicated with ** (p < 0.01) and *** (p < 0.001). The total number of 
observations was 190. (F = model with field-based data, FS = model with sat
ellite and field-based data and S = model with satellite-based data).

Model estimates

Model F-4 Model FS-4 Model S-4

Fixed effects
Intercept − 2.378 *** − 1.457 *** − 1.357 ***
Slopes
Veg. Cover (%) 0.0072 ***
Soil Moisture (%) 0.0348 ***
NDVI 1.356 *** 1.264 **
Sentinel-2 band 11 − 1.981 ** − 2.271 ***

Random effects
Intercepts
CL 0.2783 0.4564 0.3983
DBL − 0.1773 − 0.3966 − 0.2820
LW 0.0790 0.1239 0.0437
NV − 0.1799 − 0.1838 − 0.1599
Intercept stdev 0.2449 0.3873 0.3171
Residual stdev 0.4167 0.4771 0.4794
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significant difference between models F-3 and F-4 and the lowest AIC, 
and the log-likelihood value indicates that model F-4 was the best for 
predicting PDR in the present study. Replacing VC and SM with NDVI 
and band 11 with field-based/satellite-based LULC types showed similar 
results (Model FS-1 to FS-4 and model S-1 to S-4). In all cases, the 
random intercept models with variance structure (Models F-4, FS-4 and 
S-4) showed the lowest AIC and log-likelihood values (Table 2). The 

explanatory variables (VC and SM) and fixed intercept were significant, 
and there were random effects of LULC types. The random effects 
showed that the highest PDR was estimated in CL, followed by LW, NV 
and DBL (Table 3).

For all type models (F-4, FS-4, S-4), the effect plots showed the 
impact of fixed variables on PDR estimation, but the magnitude of the 
effect differed based on LULC type (Fig. 5). CL showed an effect of higher 

Fig. 5. Plots showing the effects of different parameters using LULC types in estimating PDR for modelsF-4, FS-4 and S-4. a, b) effect of vegetation cover and soil 
moisture; c, d) effect of NDVI and B11 (band 11) using field observed LULC, and e, f) same as (c, d) but with satellite-derived LULC. The bold line in the plot indicates 
the fixed effect of the models, and the dashed lines with different colours indicate the LULC type-specific effect of the models. The shaded area indicates the 95 % 
confidence interval for the mean effect value.
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magnitude than the other LULC types in PDR estimation, whereas DBL 
showed the minimum. The differences in PDR effects between NV and 
DBL were observed in models FS-4 and S-4, whereas in model F-4, the 
effects were the same (Fig. 5).

3.4. Comparison between measured and satellite estimated PDR

Fig. 6 depicts Model II regression between measured and estimated 
(Model-F4) PDR. The normalised residuals with few outliers indicate a 
relatively precise and unbiased model (Fig. 6 b and c). In Fig. 7, satellite 

Fig. 6. a) Scatter diagram of Model F-4 fit showing regressing PDRfrom fixed (VCandSM)and random effects (LULC types), the diagram also showed the appropriate 
regression line (red line, standard major axis) with confidence intervals (2.5 % and 97.5 %) of intercepts and slopes; b) Residuals plot showing model performance 
(accuracy) and c) Histogram of raw residuals showing normal distribution. Coloured symbols in the plot a) represent LULC types (Cropland = light green, Natural 
vegetation = dark green, Land with water = blue, Dry bare land = gold).

Fig. 7. Field-based (VC and SM) vs satellite-based (NDVI and band 11) estimation of PDR using field-based and satellite-derived LULC types. The dashed lines 
indicate the model performed estimates. The solid black line indicates the y = x line. Coloured symbols in the data represent LULC types (Cropland = light green, 
Natural vegetation = dark green, Land with water = blue, Dry bare land = gold).
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data-estimated PDR is plotted against field data-measured PDR. Both 
regression lines were not significantly different from the y = x line based 
on the 95 % confidence interval of the slopes and intercepts (Fig. 7, 
Table 4. The coefficient of determination (R2 = 0.66) indicates a good 
correspondence between the two datasets (i.e. field compared with 
satellite). This provides evidence that NDVI and band 11 can be used 
with sufficient reliability as a proxy for vegetation cover and soil 
moisture. However, when satellite-derived LULC was used, the R2 was 
0.49 (Fig. 7). This was logical because satellite-derived LULC is not as 
precise as field-observed LULC types.

3.5. Spatio-temporal distribution of PDR

3.5.1. Mapping of the model estimated PDR
The model estimation (model S-4) showed that PDR ranged from 

0–35 mg N2O-N m− 2 d− 1 during post-monsoon, 0–82.8 mg N2O-N m− 2 

d− 1duringdry/winter, and 0–120 mg N2O-N m− 2 d− 1 during post- 
monsoon (Fig. 8). An increase of modelled PDR was observed from 
post-monsoon 2019 to pre-monsoon, 2020. The lowest value of 
modelled PDR was observed in DBL during all three seasons. The higher 
PDR was found in the VI, where CL and NV were the dominant LULC 
types (Figs. 3 and 8).

3.5.2. Comparison of estimated PDR in different NREGUs
The mean estimated PDR (Model S-4) ranged from 0–10, 0–15 and 

0–20 mg N2O-N m− 2 d− 1 in post-monsoon, dry/winter and post- 
monsoon, respectively. The median value of PDR was increased from 
post-monsoon 2019 to pre-monsoon 2020 in all GUs except EK, in post- 
monsoon. In all three seasons, the highest median value was found in VI, 
mainly owing to CL or NV, and the lowest median PDR was found in the 
unvegetated bank (EK) post-monsoon as the GUs started emerging then. 
In WD, the median value of PDR was higher than the bars in the river (L, 
T and SB) except in the pre-monsoon. In this season, PDR was higher in 
EK and occurred due to the start of inundation (Fig. 9). An increase in 
the water content of EK mainly increases PDR.

3.5.2.1. Impact of GUs on PDR estimation. Estimated nitrogen lost from 
the study area through denitrification was 191, 1087and 972 kg N2O-N 
d− 1during post-monsoon, dry/winter and pre-monsoon, respectively. 
The total PDR count in the vegetation island (VI) showed that the esti
mated PDR increased from post-monsoon 2019 to dry/winter 2020 and 
decreased in pre-monsoon 2020, associated with the increased surface 
area from post-monsoon to dry/winter. After that, it tended to decrease. 
Again, in mid bars (L and T) the surface area and the number of NREGUs 
increased from post-monsoon to pre-monsoon, accelerating the 
increasing tendency of PDR from post-monsoon to pre-monsoon, but in 
case of the side bar (SB), the PDR was maximum during pre-monsoon 
due to increase of the number of NREGUs. In the case of EK, ED and 
WD, the maximum surface area and the highest number were observed 
post-monsoon, which corresponded to the highest total estimated PDR 
in these NREGUs (Fig. 10).

4. Discussion

LMMs developed during this study were able to predict PDR 
reasonably well using independent variables of vegetation cover, soil 
moisture and LULC. These factors have been shown previously to have a 
regulating role for PDR (Xiong et al., 2017; Orr et al., 2014; Chen et al., 

Table 4 
Confidence intervals of the Model II regressions (Model FS-4 vs Model F-4 and 
Model S-4 vs Model F-4).

Regression Models 2.5 % 
intercept

97.5 % 
intercept

2.5 % 
slope

97.5 % 
slope

Model FS-4 vs Model 
F-4

− 0.919 2.291 0.949 1.171

Model S-4 vs Model 
F-4

− 1.364 2.764 0.974 1.309

Fig. 8. Estimated PDR (potential denitrification rate) in the study area of Padma River during the post-monsoon 2019, dry/winter 2020 and pre-monsoon 2020 (WB 
was excluded in the estimation) based on model S-4, which relies on NDVI, band 11 and LULC. See text for further information.
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2009), although PDR can vary with changes in LULC types in river 
systems (Korol et al., 2019; Jung et al., 2014). Satellite-derived remote 
sensing data enables scaling up of PDR across river reaches. The remote 
sensing derived NDVI provided a sufficiently robust proxy for vegetation 
dynamics, as we found a significant correlation between vegetation 
cover and NDVI. The NDVI mostly correlated with Sentinel-2-derived 
indexes used to determine soil moisture, butSentinel-2band 11 did not 
correlate significantly with NDVI. In the LMM model, a combination of 
these two showed better results in the model estimation than the other 
Sentinel-2 bands and indexes. In the dataset, LULC played a significant 
role in model PDR estimation providing random effects as intercepts 
based on LULC. The highest PDR estimated in CL was from the appli
cation of fertiliser to maximise crop production (Ahmmed et al., 2018), 
or the presence of legumes. PDR is commonly higher in river catchments 
dominated by agriculture compared with forests and natural vegetation 

(Welsh et al., 2017; Han et al., 2017; Liu et al., 2016).
As seasonal discharge affects the surface area of classified nutrient 

retention or export relevant geomorphic units (NREGUs) in the study 
area (Gani et al., 2022), it is likely also influential for altering PDR from 
post-monsoon 2019 to pre-monsoon 2020, supplying nitrogen through 
infiltrating river water and deposited river sediment that supported 
vegetation growth. The nature of the NREGUs also contributed to PDR. 
During pre-monsoon, both in CL and NV vegetation were in a seasonally 
mature stage, so the highest mean PDR was observed in that period due 
to the higher value of NDVI. On the other hand, the lowest mean PDR 
occurred post-monsoon because the plants just started growing as the 
islands and bars began appearing. In addition, the cultivation of CL 
throughout the year, except for post-monsoon, had an impact on the 
spatiotemporal distribution of PDR.

The present study area is comparable with floodplain areas or 

Fig. 9. Model estimated mean denitrification rate in different GUs during post-monsoon 2019, dry/winter 2020 and pre-monsoon 2020 (ED=Dry channel, EK =
Unvegetated bank, L = Longitudinal bar, SB = Side bar, T = Transverse bar, VI = Vegetation Island, WD = Water depression).

Fig. 10. Estimated PDR (a), the total surface area of GUs (b) and the number of GUs (c) during different seasons in the study area of Padma River, Bangladesh 
(ED=Dry channel, EK = Unvegetated bank, L = Longitudinal bar, SB = Side bar, T = Transverse bar, VI = Vegetation Island, WD = Water Depression).
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riparian zones where inundation occurs temporally, accelerating the 
enrichment of nitrogen in NREGUs (Xiong et al., 2017; Koschorreck and 
Darwich, 2003). The nitrate concentration of inundating waters is one of 
the factors that control denitrification (Ma et al., 2020; Orr et al., 2014). 
The study area also acts as a buffer zone for nitrate concentration, 
especially when water interacted with the edges of NREGUs. During the 
present study, we found the total maximum PDR during dry/winter due 
to surface area, but the mean value of PDR was the highest in all NRE
GUs during pre-monsoon. During this time, river discharge tends to in
crease, so the edge of all NREGUs becomes saturated with water, 
creating anoxic condition that are needed for denitrification (Seitzinger 
et al., 2006). It was not possible to show the influence of nitrogen inputs 
via river water and deposited sediments during the present study in the 
case of individual NREGUs separately, but the impact of the number of 
bars (SB) and dry channels (ED) and unvegetated banks (EK) on PDR 
estimation during post-monsoon and pre-monsoon showed that 
increasing tendency of water connectivity, i.e. inundation frequency 
with the bars increases microbial activity (Fischer et al., 2005). Hence, 
PDR increased in pre-monsoon and post-monsoon for these types of 
NREGUs. Such a phenomenon was observed in the case of N2O emissions 
(indicative of PDR) in the White River vegetation (Jacinthe et al., 2012) 
and in the Congo River basin (Borges et al., 2019), where flood fre
quency or wetland connectivity increased the denitrification rate. There 
might be other factors responsible for accelerating PDR during pre- 
monsoon. Recent studies showed that high temperatures could influ
ence denitrification in lowland rivers (Gervasio et al., 2022; Ding et al., 
2019). During pre-monsoon, the area experienced higher temperatures 
than the other seasons, which likely contributed to a higher mean value 
of PDR.

The measurement of PDR is based on the denitrification enzyme 
activity (DEA), which estimates the denitrifier population in soils that is 
reflective of long-term in situ denitrification rates (Tiedje et al., 1982). 
So, the present model estimated PDR as a proxy for actual denitrifica
tion. Measuring the actual denitrification rate for large rivers with high 
discharge is challenging, where access to sampling sites is difficult 
(Boyer et al., 2006; Groffman et al., 2006). Even though possible, 
applying the small-scale field measurements to the riverscape scale is 
more challenging owing to the considerable variability of environmental 
factors and spatial distribution (Orr et al., 2014; Martínez-Espinosa 
et al., 2021). Considering this, the modelling we used provides an 
alternative approach for estimating the denitrification rate and scaling 
up to the larger reach of basin scales.

Denitrification is one of the key retention processes in large rivers, 
but due to methodological difficulties, its quantification has been largely 
limited to point locations. Previous studies have been unable to realis
tically and representatively map the spatiotemporal distribution of 
denitrification. At reach or even larger scales, denitrification is mainly 
controlled by nitrogen flux and water residence time, which is influ
enced by river discharge and GUs. Considering this interaction between 
hydrology and geomorphology in large tropical rivers, the current 
approach can be more effective. The model can estimate denitrification 
from very local to large-scale because PDR is calculated in the model 
pixel to pixel and reported per day. Moreover, the use of Sentinel-2 data 
provides the opportunity to predict PDR on finer time scales (the global 
revisit time of Sentinel-2 is five days) with higher resolution (20 m). 
Therefore, the present modelling is a parsimonious tool that can provide 
a more precise temporal estimation.

We expect this satellite-based model is applicable to any river system 
with temporary inundation. But to apply this model, a potential area of 
nutrient retention must be identified, as described by Gani et al. (2022), 
and LULC types should be classified more precisely. There are other 
limitations of the model. We validated the model with field data for only 
one season. Due to the highly dynamic and flooding nature of the river, it 
was not possible to collect samples in other seasons. This constraint can 
be overcome by validating this model in other river systems. Due to the 
cloud cover of the study area, we were only able to show the PDR 

estimation on a seasonal basis, but this can be done monthly based on 
the availability of satellite products.

5. Conclusion

In the present study, the importance of soil moisture, vegetation, and 
LULC as the drivers of PDR was determined by the use of linear mixed 
models. The developed model showed the spatiotemporal distribution of 
PDR using Sentinel-2 data at reach scale and could explain reasonably 
well the role of NREGUs in PDR on spatial and seasonal scales in the 
study area. The vegetation islands and the bars were the most important 
GUs for denitrification in all seasons. Together with the surface area, the 
number of NREGUs, LULC and river discharge was also responsible for 
the spatiotemporal distribution of PDR. The present research is a novel 
approach that uses satellite products to estimate PDR and can be applied 
to the GUs in large lowland rivers where inundation occurs frequently.
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Ritz, S., Dähnke, K., Fischer, H., 2018. Open-channel measurement of denitrification in a 
large lowland river. Aquat. Sci. 80 (1), 1–13. https://doi.org/10.1007/s00027-017- 
0560-1.

Robertson, K., Klemedtsson, L., Axelsson, S., Rosswall, T., 1993. Estimates of 
denitrification in soil by remote sensing of thermal infrared emission at different 
moisture levels. Biol. Fertil. Soils 16 (3), 193–197. https://doi.org/10.1007/ 
BF00361407.

Sakamoto, Y., Ishiguro, M., Kitagawa, G., 1986. Akaike Information Criterion Statistics. 
D. Reidel Publishing Company.

Sebilo, M., Billen, G., Grably, M., Mariotti, A., 2017. Isotopic composition of nitrate- 
nitrogen as a marker of riparian and benthic denitrification at the scale of the whole 
seine river system. Author (s): Mathieu Sebilo, Gilles Billen, MichelineGrably and 
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