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Abstract. Existing stream nutrient (i.e., nitrogen or phosphorus) monitoring approaches often exhibit low sampling 

frequency and associated high uncertainty due to financial and maintenance constraints. Data-driven Sparse Sensing (DSS) 

offers an alternative approach to estimate concentration data at high resolution using fewer measurements. DSS transforms 10 

stream data from training locations into a reduced-dimension space and identifies optimal sampling times. These optimal 

measurements are used to reconstruct high-resolution concentration data at target locations. In this study, we used the DSS 

framework to estimate stream nutrient concentrations and loads (nitrate nitrite as NOx and total phosphorus as TP) across the 

US Midwest region, with additional analyses in other hydrologic regions to examine regional variability in optimal sampling 

times. The modeling approach was designed to address key issues in nutrient monitoring programs, including determining 15 

the required size and length of training data and establishing data selection procedures. The base model predicted NOx and 

TP concentrations and loads with good accuracy (NSE> 0.5, load error < ±4% for NOx; NSE>0.45, load error < ±10% for 

TP) using only 40-60 samples per year (~10-15% of total measurements). Optimal sampling times were concentrated in 

spring and early summer in the Midwest but varied across regions. Findings indicated that DSS requires only 2-3 years of 

training data from either 10-15 regional monitoring locations (NOx and TP) or the target location itself (NOx). This study 20 

demonstrates that DSS can be integrated into nutrient monitoring programs to generate high-resolution stream data, estimate 

loads, and support resource-efficient management decisions. 

1 Introduction 

While nutrients (i.e., nitrogen and phosphorus) are necessary for plant and microbial growth, excessive amounts in surface 

waters can trigger eutrophication, adversely affecting human health and the environment. Nutrient pollution results in 25 

economic losses arising from social, ecological, and policy-related issues (Pretty et al., 2003). In the US, nutrient pollution-

related costs are estimated to total more than $2B per year in freshwater systems, mostly due to reduced property values and 

increased expenses in drinking water treatment processes (Dodds et al., 2009). In addition, coastal areas face an annual 

economic loss of approximately $100M in the US (Davidson et al., 2014). While attempts to lessen nutrient loading from 
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point sources have been successful, managing pollution from nonpoint sources, especially from pasture and croplands, 30 

remains a challenge (Carpenter et al., 1998; Stets et al., 2020; Wurtsbaugh et al., 2019).  

To manage nutrient pollution effectively, reliable nutrient load estimates are needed. These can be obtained via high-

frequency water quality sampling, which minimizes the error or uncertainty in load estimations (Gao et al., 2020; Wang et 

al., 2024) and captures changes that occur over short time scales (Pellerin et al., 2016). As a result, hourly or daily 

monitoring is often recommended for nutrients (Cassidy & Jordan, 2011; Gao et al., 2020; Jones et al., 2012; Minaudo et al., 35 

2017; Reynolds et al., 2016; Valkama & Ruth, 2017). However, most monitoring programs sample at biweekly or monthly 

intervals because of the costs associated with regular grab sampling and the high expense of installing and maintaining in-

situ sensors (Blaen et al., 2016; Pellerin et al., 2016; Read et al., 2017; Sprague et al., 2017). Monitoring phosphorus is 

particularly challenging as it requires highly selective analytical methods to differentiate forms and detect small 

concentrations (Worsfold et al., 2016).  40 

Nutrient models (i.e., statistical, physical, or deep learning approaches) have been widely used to estimate continuous 

nutrient loads and concentrations. However, their efficacy is often compromised by substantial data requirements, site-

specific parameter calibration, inappropriate scalability, and inability to fully represent underlying physical mechanisms 

(Blöschl & Sivapalan, 1995; Castrillo & García, 2020; Y. Chen et al., 2020; Harrison et al., 2021; Holmberg et al., 2006; Hu 

et al., 2021; Khullar & Singh, 2021; Nour et al., 2006; Schärer et al., 2006; Varadharajan et al., 2022). Consequently, there is 45 

an increasing demand for alternative approaches that can accurately estimate nutrient loads and capture short-term 

changes while easing the requirement of continuous high-frequency sampling.  

Many prior studies have reported environmental signals or time-series (i.e., stream flow, temperature, nutrient 

concentrations, dissolved oxygen, soil moisture) to be “sparse” (Katul et al., 2007; Kirchner & Neal, 2013; Parolari et al., 

2021; Zhang et al., 2023b). Sparse signals can be represented with fewer coefficients than the number of individual samples 50 

in an appropriately transformed domain (e.g., Fourier). The sparsity of stream signals, where only a few active modes can 

capture most of the variance (Katul et al., 2007), can be leveraged to estimate continuous stream data, easing sampling 

requirements (Bin Mamoon et al., 2025; Zhang et al., 2023a; Zhang et al., 2023b). This eventually promotes the use of 

dimensionality-reduction techniques such as compressed sensing and data-driven sparse sensing to generate reduced-order 

models. These dimension reduction techniques rely on sparsity and low dimensionality to reconstruct high frequency data 55 

from minimal measurements (Donoho, 2006; Manohar et al., 2018).  

Compressed sensing (CS) has been effective in compression and recovery of MRI images, radar data, soil moisture data, and 

land cover data (Lustig et al., 2008; Wei et al., 2017; L. Zhang et al., 2010). CS transforms the signals into a universal basis, 

the Fourier domain, where only a few active Fourier modes can represent the signals. For example, the variances of daily 

stream flow and concentration signals were captured with only 0.3% to 36% most energetic coefficients in the Fourier 60 

domain (Zhang et al., 2023a). Based on the sparsity of the signals, CS can reconstruct the signal with very few sparse 

measurements. With only 5-10% of total measurements, 15-minute stream flow and concentration time-series (from the 

Midwest region in the US) were successfully reconstructed using CS (Zhang et al., 2023a). Further, nitrogen loads were 
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estimated with an average error of 6.6% at an effective sampling frequency of 10 days. However, CS has some limitations 

for practical applications. First, the Fourier space is on a universal basis, which may not be optimal for all signals. Second, 65 

CS requires random sampling in time, which is difficult to implement in existing monitoring programs. To overcome these 

drawbacks of CS, alternative dimension reduction techniques, such as Data-driven Sparse Sensing (DSS), have been 

proposed (Manohar et al., 2018).  

Data-driven sparse sensing (DSS) has been widely used in image reconstruction, reconstruction of two-dimensional flow and 

temperature fields, as well as optimal sensor placement (Manohar et al., 2022; Ohmer et al., 2022). DSS transforms the 70 

signal into a tailored reduced-dimension space, identified via a singular value decomposition, where the signals can be 

sparsely represented. Furthermore, DSS can identify optimal sampling times and locations based on their information 

content (Manohar et al., 2018; Zhang et al., 2023b). Using DSS, daily streamflow data across the US were reconstructed 

with only 5-50 samples per year (Zhang et al., 2023b). The optimal sampling times were distinct across the regions and 

showed seasonal patterns (Zhang et al., 2023b). The DSS framework was also applied to estimate continuous nutrient 75 

concentration data using high-frequency surrogate water quality data and sparse concentration data (Bin Mamoon et al., 

2025). Results showed that with 20-80 samples per year, the DSS model (trained with flow and concentration data) estimated 

continuous and reliable concentration data at target locations.  

Bin Mamoon et al. (2025) established that DSS can reconstruct high-resolution concentration data and loads from minimal 

measurements. This study builds on this prior work with a focus on addressing the practical challenges of incorporating DSS 80 

into stream monitoring. First, this study evaluates two training strategies to leverage existing water quality data to design a 

monitoring program, training on either regional data (i.e., from nearby locations) or local, historical data (i.e., from the same 

location). Within these training strategies, we identify the minimum training data required to achieve performant models in 

terms of the number of locations and time-series length. Secondly, this study investigates whether DSS performance depends 

on climate and watershed properties, toward identifying locations with potential for sampling improvements. Lastly, our 85 

prior work was restricted to a limited number of training data sets with multiple surrogate water quality variables. We found 

that DSS performed well with only flow and concentration data. Therefore, the objectives of the present study are addressed 

with an expanded data set including more locations with longer time-series, enabling analysis of DSS data requirements and 

the historical data training strategy. By addressing these challenges, this study informs the strategic implementation of the 

DSS framework into nutrient monitoring programs to ensure more efficient use of monitoring resources.  90 

2 Data and Methodology 

2.1 Data-driven Sparse Sensing (DSS) Framework 

The DSS framework uses the singular value decomposition (SVD) and QR factorization to represent the signal in an 

appropriate reduced-dimension space and identify the most informative sampling times and locations (Manohar et al., 2018). 

SVD is used in the DSS framework to reduce dimensionality by detecting dominant spatial or temporal modes that capture 95 
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key features of the system dynamics (Kutz, 2013; Taira et al., 2017). These singular modes represent a tailored lower-

dimensional subspace onto which higher-dimensional data can be projected, preserving important information while 

reducing data requirements (Brunton & Kutz, 2022). Once the dimensionality of the data is reduced, DSS uses QR 

factorization with column pivoting to rearrange the data matrix based on information content. This identifies the most 

informative rows or columns, which represent the best sampling times or sensor locations for estimation or reconstruction 100 

(Brunton & Kutz, 2022). Thus, the DSS framework ensures that sparse measurements offer enough information to minimize 

the number of samples needed for accurate reconstruction (Manohar et al., 2018; Zhang et al., 2023b). The DSS framework 

is illustrated in Fig. 1. 

 

 105 

Figure 1: Data-driven sparse sensing (DSS) framework for reconstructing high-resolution stream nutrient concentration time 

series, identifying optimal sampling times, and improving monitoring efficiency in watershed systems. This figure was adapted 

from Bin Mamoon et al. (2025). 

Reconstruction of high-frequency time series using DSS followed the procedure described below. Available flow and 

concentration data were organized into a matrix 𝐀 = [𝐚1, 𝐚2 … 𝐚n] ∈ ℝm×n  where each of the 𝒏  columns represented 110 

different stream monitoring locations, and each of the 𝒎 row elements represented daily samples from those locations. For 
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each model iteration, one of the concentration time-series was selected as the target data 𝐲 while 80% of the remaining flow 

and concentration time-series were randomly selected as the training data 𝐗. To ensure that the predictive performance 

remained consistent despite variations in the training set, we repeated the selection of training gauges 5 times for each target 

gauge prediction. An SVD of training data 𝐗: 115 

𝐗 = 𝚿𝚺𝐕T,           (1) 

yields a set of orthonormal temporal basis functions ( 𝚿 = [𝛙1, 𝛙2 … 𝛙n] ∈ ℝm×m ) and spatiotemporal correlational 

functions (𝐕 = [𝐯1, 𝐯2 … 𝐯n] ∈ ℝn×n). These modes are ordered by the cumulative variance in the data captured by each 

mode pair. The diagonal matrix 𝚺 ∈ ℝm×n contains the singular values 𝝈, such that σ1 > σ2 >. . > σn, where σ1 represents 

the variance captured by mode pair (𝛙1, 𝐯1) and so forth. The optimal rank-r approximation of the dataset 𝐗 is 120 

𝐗 ≈ 𝚿𝐫𝚺𝐫𝐕𝐫
𝐓 ,           (2) 

where 𝚿𝐫 = [𝛙1, 𝛙2 … 𝛙r] is the tailored temporal basis that explains 85% of the cumulative variability in the training data. 

To obtain the optimal sampling points from the 𝑟 basis modes 𝚿𝐫, QR factorization with column pivoting is performed, 

yielding 

𝚿r
T𝐂T =  𝐐𝐑 ,           (3) 125 

where C is the measurement matrix that yields 𝑝 column vectors ordered by their informational value. The pivot points in C 

signify either the best times to sample or the best locations to sample, if 𝐗T is used as the training data.  

The target data 𝐲 can be represented in terms of the tailored basis 𝚿𝐫 as 

𝐲 = 𝚿𝐫𝐚 ,           (4) 

where 𝐚 is a vector that yields coefficients for the different basis functions in 𝚿𝐫. This study assumes the target watersheds 130 

are poorly gauged, and so reconstruction must proceed from limited measurements. Hence, the values of the coefficients in 𝐚 

are from sparse measurements obtained at the optimal sampling times at the target location, 𝐲s, as 

𝐲𝐬 = 𝐂𝐲 ≈ 𝐂𝚿𝐫𝐚̂ ,          (5) 

which is further used to estimate high-resolution time series at the target gauge: 

𝐲̂ = 𝚿𝐫𝐚̂ ,           (6) 135 

In summary, the DSS framework incorporates two common dimension-reduction techniques, SVD and QR factorization, to 

minimize dimensionality while preserving the key features of the system. The SVD provides a tailored basis of the dataset 

while QR factorization identifies the informative sampling times and locations from this basis. Subsequent measurements at 

the target locations can be mapped onto the appropriate bases to produce high-resolution time series data.  

This study implemented the DSS framework to reconstruct concentration time series (NOx and TP) by modifying the 140 

MATLAB code for DSS retrieved from the following GitHub repository: https://github.com/kmanohar/SSPOR_pub. 
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2.2 Data and Study Area 

Nutrient concentration (NOx and TP) and corresponding flow (Q) time-series across different regions in the US were 

obtained from the United States Geological Survey (USGS) National Water Information System 

(https://waterdata.usgs.gov/nwis) and used in this study. The compiled dataset included 21 NOx gauges and 39 TP gauges 145 

(along with their corresponding flow gauges) from the Midwest region and 5 NOx gauges (along with their corresponding 

flow gauges) from both the South Atlantic Gulf region and the Mid-Atlantic region to compare the regional DSS models 

(Fig. 2a, 2b). For specific scenario-based analysis (discussed in the following section), subsets of these gauges were used as 

per the data requirements of each experimental setup. The USGS gauges had daily measurements spanning at least 3 years 

with less than 10% missing values. To fill in the missing data, cubic spline interpolation was implemented, and the data were 150 

normalized to z-scores before analysis. A summary of the collected dataset (station name, location, hydrologic region, 

corresponding catchment properties, i.e., basin area, mean daily flow, mean concentrations, dominant land-class) for these 

USGS monitoring gauges is provided (Table S1). Land use distribution for the respective basins was obtained from the 

National Land Cover Database (NLCD 2021) (https://www.mrlc.gov/data) and categorized into seven broad groups: Barren 

land, Developed, Forest, Grassland/Shrub, Pasture/Cropland, Rivers/Lakes, and Wetlands (Fig. S1). 155 

2.3 Model Scenarios 

he DSS framework was tested under a base model scenario and various real-world scenarios to evaluate predictive 

performance. The number of gauges and the duration of their records varied across simulation scenarios (Table 1). 

The base model was simulated to assess its performance relative to benchmark load estimation models. A comparative 

assessment of data and sampling requirements was also conducted between DSS and another similar sparse modeling 160 

technique (i.e., compressed sensing). In addition to the base NOx model from the Midwest region, separate DSS models 

were developed in different hydrologic regions to examine the variation in optimal sampling times. 

 

Table 1: Summary of datasets used under base and scenario analyses. 

Analysis Type Nutrient Region No of 

gauges 

Monitoring period 

Base Models NOx Midwest 21 May 2021 – April 2024 

TP 39 October 2019 – April 2022 

Regional Models NOx Midwest 21 May 2021 – April 2024 

NOx Mid-Atlantic 5 

NOx South Atlantic 5 

Scenario 1 (Historic) NOx Midwest 4 April 2014 -April 2024 

TP 3 October 2008 - September 2022 

Scenario 2 (Regional) NOx Midwest 22* April 2014 to April 2024 
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TP 40* October 2010 - September 2022 

* Additional gauges with shorter records (≤ 2 years) were included to maximize the dataset 165 

Two scenarios were simulated as prototypes to improve the sampling efficiency of water quality monitoring programs. These 

include: (1) High-resolution data estimated at the target location using the historic stream data from the same location, and 

(2) High-resolution data estimated at the target location using concurrent stream data from regional locations (Fig. 2c). 

 

 170 

Figure 2: USGS monitoring locations (NOx) across the US considered in this study (a), NOx and TP monitoring stations in the 

Midwest region (b), and schematic outline for scenarios 1 and 2, using historical and regional data for training, respectively (c). 

Both Scenario 1 (model trained with historic data) and Scenario 2 (model trained with regional data) were used to determine 

the number of monitoring years required to train the DSS model. For Scenario 1, historic data from the target location was 

used as training data with lengths ranging from 1-8 years for NOx and 1-12 years for TP. For Scenario 2, regional data was 175 

used as training data with ranges of 1-10 years for NOx and 1-12 years for TP.  

In addition to the number of monitoring years, Scenario 2 was used to determine the number of monitoring gauges required 

to train the model with regional data. In this case, DSS model performance was compared across training data sizes of 5, 10, 
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and 15 pairs of flow and concentration time series for NOx reconstruction, and 5, 15, and 25 pairs of time series for TP 

reconstruction.  180 

Scenario 2 was further evaluated to examine the impact of different training data selection processes. To simulate a scenario 

in which limited concentration data are available for training, models trained with both flow and concentration data were 

compared to models trained with only flow data. Model performance was examined in two additional cases: one in which 

concentration and flow data were paired and drawn from the same monitoring sites, and another in which concentration and 

flow data were selected independently from different sites within the region. 185 

2.4 Model Performance Evaluation 

Model performance was evaluated using the Nash-Sutcliffe Efficiency (NSE) and the Mean Absolute Error (MAE). NSE 

reflects the model's capacity to explain the observed variability (Nash & Sutcliffe, 1970) and MAE denotes the absolute 

magnitude of deviation between simulated values and observed values (Willmott & Matsuura, 2005). NSE and MAE can be 

written as  190 

𝐍𝐒𝐄 = 𝟏 −
∑ (𝒚𝒐𝒃𝒔−𝒚̂𝒔𝒊𝒎)𝟐N

i=1

∑ (𝒚𝒐𝒃𝒔−𝒚𝒐𝒃𝒔,𝒎𝒆𝒂𝒏)𝟐N
i=1

 ,        (7) 

𝐌𝐀𝐄 =
1

N
∑ |𝒚̂𝒔𝒊𝒎 − 𝒚𝒐𝒃𝒔|N

i=1  ,        (8) 

where 𝒚
𝒐𝒃𝒔

 is the observed concentration, 𝒚̂
𝒔𝒊𝒎

 is the simulated concentration and 𝑁 is the number of total samples in the 

time-series. For daily NOx time-series, an NSE greater than 0.35 signifies satisfactory performance, whereas an NSE over 

0.5 denotes good performance (Pandit et al., 2025). A lower NSE threshold was set for TP, with over 0.3 signifying 195 

satisfactory, while over 0.45 signifying good performance (Pandit et al., 2025).   

Annual nutrient loads were calculated using either observed or predicted daily flow and concentrations (Moatar & Meybeck, 

2005) as  

𝐋 = 𝐊 ∑ 𝐗𝐣𝐐𝐣
𝐧
𝐣=𝟏   ,         (9) 

where 𝑳 is nutrient loads expressed in tons per year, 𝑲 represents a unit conversion factor, 𝑿𝒋  denotes the daily nutrient 200 

concentrations in mg/L, 𝑸𝒋 indicates the daily streamflow in m³/sec, and 𝒏 signifies the number of days. The percentage 

error in the annual nutrient load was compared to benchmark results obtained using state-of-the-practice load estimation 

models (Lee et al., 2019). The benchmark results were obtained from a USGS dataset that estimated annual nutrient loads (at 

23 locations) using 13 load-estimation models: interpolation, ratio estimator methods, LOADEST regression models, and 

weighted regression models. The models also assessed 6 sampling strategies: biweekly (~26 samples/year), monthly (12 205 

samples/year), bimonthly (6 samples/year), high-flow targeted (18 samples/year), early high-flow targeted (18 samples/year), 

and monthly plus high-flow samples (18 samples/year). Among these models, WRTDS-K (Q. Zhang & Hirsch, 2019) 
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models provided the best results for bi-weekly sampling or flow-targeted sampling, with error rates of ~10% for nitrate-

nitrite, and ~20% for total phosphorus. 

3 Results 210 

3.1 Overview of Base Model Performance 

3.1.1 Informative Sampling Times and Locations 

QR factorization with column pivoting allows the identification of the most informative sampling times from the tailored 

basis. The months from Spring and Summer were the most informative for sampling NOx and TP, as per the DSS model. 

While reconstructing the NOx time series, the majority of the informative samples (almost 65%) were distributed across the 215 

months from March to June (Fig. 3a). For the TP time series, March, May, June, and July were the months with the majority 

of the informative samples (almost 56%) (Fig. 3a). In terms of seasons, Spring and early Summer were found to be the most 

suitable times for sampling NOx and TP (Fig. 3b). When the optimal sampling times were projected onto the concentration 

time series, they generally coincided with the time of peak values or near-peak values of concentration (Fig. 3c). 

 220 
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Figure 3: Monthly (a) and seasonal (b) distribution of informative sampling times. Lower panels show examples of TP and NOx 

time series reconstruction from optimal samples (c). This figure shows results corresponding to the top 100 informative sampling 

times. 

QR pivoting can also identify the most informative sampling locations. For the current dataset, the DSS model does not 225 

suggest any identifiable spatial patterns in the most informative sampling locations for reconstructing the NOx or TP time 

series. The most informative gauges, for both NOx and TP, were distributed across the watersheds (Fig. S2). Most of the top 
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15 sampling locations were nutrient monitoring gauges (11 out of 15 for NOx and 12 out of 15 for TP) (Tables S2 and S3). 

For the top 5 gauges, the most informative flow time series were from smaller watersheds, and concentration time series 

were from larger watersheds. For NOx, the only flow time-series consistently ranked in the top 5 had a basin area of 1,813 230 

km2 (8.78 – 29,299 km2 across all Q time-series with a median of 3,891 km2) and a mean daily flow of 4.67 m3/s (0.072 – 

2,271 m3/s across all Q time-series with a median of 39.60 m3/s) (Table S2). For the 5 NOx time series that were consistently 

ranked in the top 5 informative gauges, the ranges of basin area and mean daily concentrations were 679 – 13,435 km2 (8.78 

– 69,571 km2 across all NOx time-series with a median of 4,247 km2) and 0.86 – 5.54 mg/L (0.68 – 7.74 mg/L across all 

NOx time-series with a median of 2.24 mg/L), respectively (Table S2). For TP, the only flow time-series consistently ranked 235 

in the top 5 had a basin area of 40.7 km2 (12.97 – 14,360 km2 across all Q time-series with a median of 183.4 km2) and a 

mean daily flow of 0.535 m3/s (0.064 – 141.6 m3/s across all Q time-series with a median of 4.32 m3/s) (Table S3). For the 4 

TP time-series that were consistently ranked in the top 5 informative gauges, the ranges of basin area and mean daily 

concentrations were 15.85 – 1,341 km2 (12.97 – 14,360 km2 across all TP time-series with a median of 138.6 km2) and 0.13 

– 0.27 mg/L (0.07 – 0.47 mg/L across all TP time-series with a median of 0.182 mg/L), respectively (Table S3). In terms of 240 

land-use classes, agricultural lands were more prominently featured among the top NOx and TP gauges. Among the top 15 

gauges, 12 NOx gauges and 14 TP gauges were located in watersheds dominated by pasture or croplands. This may be 

because of the dataset’s composition, which is primarily composed of agricultural watersheds in the Midwest. 

3.1.2 Model Performance across Monitoring Gauges 

The DSS model demonstrated good performance for most of the NOx and TP concentration time series in terms of NSE 245 

values with 50% sample reduction (Figure S3). For NOx, 13 out of the 21 gauges had mean NSE values greater than 0.5, 

while 7 gauges had a mean NSE value less than 0.35. For TP, the DSS model yielded a mean NSE value greater than 0.45 at 

34 out of 39 TP gauges, with only 3 gauges yielding mean NSE values less than 0.3. Examples of reconstructed 

concentration time series at selected nutrient monitoring gauges show that reconstructed TP concentrations were very similar 

to the observed concentrations, while the reconstructed NOx concentrations underestimated some of the observed peak 250 

magnitudes (Fig. 3c).  

The DSS model achieved good accuracy for predicting NOx and TP concentrations with 40-60 samples annually. With only 

40 samples per year (~10% of total measurements) at the target gauge, daily NOx time-series were reconstructed with a 

mean NSE of 0.36 ± 0.27 and a mean MAE of 0.84 ± 0.55 mg/L using data from the top 15 gauges as the training set (Fig. 

4a, 4c). Daily TP time-series reconstructed utilizing 40 samples annually at the target gauge yielded a mean NSE of 0.43 ± 255 

0.28 and a mean MAE of 0.08 ± 0.07 mg/L, using data from the top 20 gauges as the training set (Fig. 4b, 4d).  

As more measurements were taken, reconstruction performance increased. The mean NSE value increased to 0.49 ± 0.26 

(NOx) and 0.51 ± 0.28 (TP) when 60 samples (~15% of total measurements) instead of 40 samples were taken at the target 

gauge (Fig. 4a, 4b). As more training data were incorporated into the DSS model, reconstruction performance improved 

significantly with the same number of samples being used. When the training gauges increased from 15 to 20, the mean NSE 260 
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value for NOx reconstructions increased from 0.36 ± 0.27 to 0.51 ± 0.40 using 40 samples per year at the target location 

(Fig. 4a). For TP, the mean NSE value increased from 0.43 ± 0.28 to 0.54 ± 0.28 when the training gauges increased from 20 

to 30. The mean NSE value further increased to 0.59 ± 0.31 when all gauges were used (Fig. 4b). 

 

 265 

Figure 4: Model performance (in terms of NSE and MAE) for NOx (a, c) and TP (b, d) reconstructions considering different 

numbers of top informative samples (different groups) and top informative gauges included in the training set (different bars 

within each group). The length of each bar/box represents the range of performance metrics among all the gauges. The red dashed 

line (upper panels) represents the threshold NSE value for the model to be satisfactory. 

3.1.3 Estimation of Annual Nutrient Loadings 270 

Accurate annual nutrient loads can be obtained from fewer measurements via the DSS model (Fig. 5). The annual NOx load 

was estimated with a mean error of -3.16 ± 6.11% using only 20 samples per year (~5% of total yearly measurements), 

whereas the mean error for annual TP loads was -9.20 ± 10.85% with the same number of samples being used. As the 

number of samples taken increased to 40 samples per year (~10% of total yearly measurements), the mean error reduced to -

2.28 ± 4.42% and -3.81 ± 5.93% for annual NOx and TP loads, respectively.  275 

The annual nutrient load errors obtained from the DSS model (using 10, 20, and 30 samples per year) were compared against 

the benchmark USGS dataset, where the WRTDS-K model performed comparatively better than the other load estimation 
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models (Lee et al., 2019; Zhang and Hirsch, 2019). The DSS model's performance was identical to, or somewhat better than, 

the benchmark results (Fig. 5). The results were comparable to the WRTDS-K model results (median annual load error 

within ±3% and ±10% for NOx and TP loads, respectively) when the annual loads were estimated using a concentration 280 

time-series that was reconstructed with more than 10 samples per year. 

 

 

Figure 5: Comparison of model performance (in terms of percentage error in annual loads) between the WRTDS-K model and the 

DSS model for NOx (a) and TP (b). The DSS models were trained with all the available flow and concentration gauges. 285 

3.1.4 Relation between Model Performance and Catchment Properties 

An attempt was made to understand the impacts of key catchment properties, such as watershed area, mean flow, and land 

class distributions, on reconstruction accuracy using the DSS framework. In general, higher NSE and lower MAE values 
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aligned with larger basin area and higher mean flow, specifically for TP (Fig. 6, 7). For example, the mean NSE value for the 

NOx model increased from 0.58 ± 0.36 (across all the gauges) to 0.64 ± 0.19 for the gauges with a basin area greater than 290 

2,500 km2 and to 0.62 ± 0.22 for gauges having a mean flow greater than 15 m3/s (Fig. 6a, 6c). Similarly, the TP model 

yielded a mean NSE value of 0.59 ± 0.31 across all the gauges. But for the gauges with a basin area greater than 250 km2, 

the mean NSE value was 0.67 ± 0.15. The mean NSE value increased to 0.66 ± 0.16 when the mean flow was greater than 3 

m3/s at the target gauge (Fig. 7a, 7c).  

Model performance did not show any consistent trends with individual land-class percentages when segregated by dominant 295 

land-use combination (aerial extent of at least 10% in most of the basins) (Fig. 6e, 7e). 
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Figure 6: Model performance for NOx as a function of basin area (a, b), mean daily stream flow (c, d), and land-use composition 

(e, f). Model performance is quantified by Nash-Sutcliffe Efficiency (NSE) and the mean absolute error (MAE, mg/L). 300 
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Figure 7: Model performance for TP as a function of basin area (a, b), mean daily stream flow (c, d), and land-use composition (e, 

f). Model performance is quantified by Nash-Sutcliffe Efficiency (NSE) and the mean absolute error (MAE, mg/L). 

3.1.5 Models from Different Hydrologic Regions 

In addition to the base DSS model for the Midwest region, two new DSS models (only for NOx) were developed for the 305 

South Atlantic and the Mid-Atlantic regions (Fig. 2a). The new DSS models showed less satisfactory model performance 

compared to the model for the Midwest region. Specifically, the models for the Mid-Atlantic and South Atlantic Gulf regions 
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yielded mean NSE values lower than 0.35 (Fig. 8a). This deterioration in performance can be attributed to the smaller size of 

the datasets available for training (5 gauges with 3 years of monitored data), as discussed in the following section. 

 310 

 

Figure 8: Model performance for NOx reconstructions at different regions (a, b) as a function of different numbers of samples 

(different groups) and distribution of informative sampling times by season (c) and month (d) for different regions. The red 

dashed line (a) represents the threshold NSE value for the model to be satisfactory. 
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While the DSS model in the Midwest region identified the months from Spring and Summer as the most informative for 315 

sampling NOx, the optimal sampling times for the Mid Atlantic and South Atlantic Gulf regions were distributed across Fall, 

Winter, and/or Summer (Fig. 8c). In the Mid-Atlantic region, almost 60% of the pivot sampling times occurred in Fall and 

Winter (31.81% in September through November, 28.91% in December to February) (Fig. 8d). In the South Atlantic Gulf 

region, almost 65% of the informative sampling times were in Summer and Fall (30.73% in June to August, 34.72% in 

September to November) (Fig. 8d). These differences may reflect variations in hydrology and land use practices across these 320 

regions. 

3.2 Model Performance across Selected Scenarios 

The DSS model performance was evaluated using 2 training data scenarios (i.e., historical and regional) to examine the 

impacts of variations in data size, data span, and training data selection methods. 

3.2.1 Length of Training Data 325 

In scenario 1 (model trained with historic flow and concentration data from the target location), the NOx model performance 

improved gradually as the amount of training data increased (from 2 to 8 years of monitored data). Specifically, using 60 

samples per year, the mean NSE value increased from 0.47 ± 0.36 with 3 years of training data to 0.61 ± 0.29 with training 

data spanning 8 years (Fig. 9a). In contrast, TP model performance remained below the satisfactory level (< 0.30) throughout 

the scenario. With 60 samples per year, the TP model yielded a mean NSE value of 0.18 ± 0.06, even with 12 years of 330 

training data (Fig. 9b). 

In scenario 2 (model trained with regional flow and concentration data), model performance (for both NOx and TP) showed 

low sensitivity but performed above a satisfactory level regardless of training data extent (Fig. 9c, 9d). With training data 

spanning 3 years, the NOx model yielded a mean NSE value of 0.64 ± 0.37 using 60 samples at the target gauge. For the 

same number of samples, the mean NSE value was 0.55 ± 0.57 when the training data spanned 10 years (Fig. 9c). Similarly, 335 

with 60 samples per year, the TP model yielded a mean NSE value of 0.66 ± 0.24 and 0.56 ± 0.47 for training data lengths of 

2 years and 12 years, respectively (Fig. 9d). 
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Figure 9: Model performance (in terms of NSE) for NOx (a, c) and TP (b, d) reconstructions across different model configurations 340 
(different bars), i.e., variations in length of training data taken from either historic data at the target site (a, b) or regional stream 

data (c, d). The results shown here are based on the model that used 60 samples per year. The length of each bar/box represents 

the range of performance metrics among all the gauges. The red dashed line represents the threshold NSE value for the model to 

be satisfactory. 

3.2.2 Size of Training Data 345 

DSS model performance was sensitive, particularly for NOx, to the number of gauges included in the training set. With 60 

samples obtained annually at the target gauge, the NOx model yielded a mean NSE value of 0.36 ± 0.22 using 10 pairs of 

flow and concentration time series for training, which increased to 0.45 ± 0.24 using 15 pairs of time series for training (Fig. 

10a). In contrast, the TP model showed less sensitivity to the training data size; it achieved a mean NSE value of 0.45 ± 0.33 

and 0.42 ± 0.24, respectively, with 15 and 25 pairs of flow and concentration time series used as training data (Fig. 10b). 350 
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Figure 10: Model performance (in terms of NSE) for NOx (a) and TP (b) reconstructions across different numbers of training 

gauges. The results shown here are based on the model that used 60 samples per year. The length of each bar/box represents the 

range of performance metrics among all the gauges. The red dashed line represents the threshold NSE value for the model to be 355 
satisfactory. 

3.2.3 Selection Processes of Training Data 

Model performance improved for both NOx and TP when concentration data was included in the training data (Fig. 11a, 

11b). When trained with both flow and concentration and using 60 samples per year, the NOx model yielded a mean NSE 

value of 0.40 ± 0.33 (Fig. 11a), and the TP model yielded a mean NSE value of 0.37 ± 0.31 (Fig. 11b). However, the mean 360 

NSE values were below the satisfactory levels (0.35 for NOx and 0.3 for TP) when trained with flow only. Some sites did 

show acceptable performance when trained on flow only, suggesting that DSS sampling strategies can be developed to 

initiate a water quality sampling program in some cases. Model results were similar for both NOx and TP, regardless of how 

the training data were selected (Fig. 11c, 11d). With 60 samples per year at the target gauge, the NOx model yielded a mean 

NSE value of 0.44 ± 0.25 when the flow and concentration data were selected independently. With paired flow and 365 

concentration data, the mean NSE was 0.39 ± 0.28 (Fig. 11c). For TP, the model yielded a mean NSE value of 0.38 ± 0.30 

for independently selected flow and concentration data and a mean NSE value of 0.41 ± 0.27 with paired flow and 

concentration data (Fig. 11d). 
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 370 

Figure 11: Model performance (in terms of NSE) for NOx (a, c) and TP (b, d) reconstructions across different training data 

selection methods, i.e., model trained with flow and concentration versus only flow (a, b) and random versus paired selection of 

flow and concentration data (c, d). The results shown here are based on the model that used 60 samples per year. The length of 

each bar/box represents the range of performance metrics among all the gauges. The red dashed line represents the threshold NSE 

value for the model to be satisfactory. 375 
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4 Discussion 

4.1 Optimizing Sampling Frequency and Times with DSS 

The DSS model was able to predict high-resolution NOx and TP concentrations and annual loads with 40-60 samples per 

year (approximately equivalent to weekly sampling). This aligns with the results from prior research that employed a DSS 

modeling framework (Bin Mamoon et al., 2025). The DSS model not only uses a small amount of data to generate 380 

continuous concentration time series, but it can also identify this subset of data based on their information content. In 

conventional monitoring practices, sampling is typically performed at intervals of fixed frequency, i.e., weekly, bi-weekly, or 

monthly (Bieroza et al., 2018; Bowes et al., 2009; Gao et al., 2020; Minaudo et al., 2017; Reynolds et al., 2016; Robertson et 

al., 2018; Villa et al., 2019), and in some cases additional sampling is carried out around storm events (Minaudo et al., 2017; 

Robertson et al., 2018). National and regional programs also opt for similar fixed sampling intervals (14-52 samples per year 385 

for USGS; 20 samples per year for Chesapeake; 20-35 samples per year for Minnesota) (Egge et al., 2021; U.S. EPA, 2010). 

Unlike these conventional approaches, one can pinpoint the most informative sampling times and locations before sampling 

based on historical data using the DSS model framework.  

For the Midwest region, optimal sampling times occurred in spring and early summer, which coincides with peak values and 

most variability in nutrient concentrations. Similar findings were also reported in prior studies that implemented the DSS 390 

framework (Bin Mamoon et al., 2025; Zhang et al., 2023b). However, the optimal sampling times were different for the Mid 

Atlantic region (fall and early winter) and the South Atlantic region (fall and summer). These differences may reflect 

variations in hydrology (i.e., snowmelt, storm events, subsurface transport) and land use practices (i.e., fertilizer application) 

across these regions (Duan et al., 2012; Kaushal et al., 2014; Mulholland & Hill, 1997; Royer et al., 2006; Van Meter et al., 

2020). For example, sudden spikes in streamflow due to late-season storms and snowmelt events are common in the Mid-395 

Atlantic region, which can elevate nutrient concentrations in fall to early winter (Inamdar et al., 2018). In the South Atlantic 

region, row crops (i.e., corn and cotton) usually receive fertilizer during early spring (at planting) and late spring (as side-

dress), causing peaks in nutrient levels during the following months. These differences in sampling times imply that a “one-

size-fits-all” sampling approach may not work across different regions. Rather, the DSS framework can identify the 

sampling times that are relevant to regional watershed processes and characteristics. 400 

In terms of optimal sampling locations for NOx and TP, an evenly distributed pattern (with respect to basin size, mean daily 

flow, land use classes, and mean daily concentrations) was observed. Indeed, the availability of diverse flow and 

concentration data that can capture the entire spectrum of environmental variability has the potential to improve model-

independent (data driven) methods (Kratzert et al., 2019). The present study highlights the potential of the DSS framework 

as a "regional" model that does not require explicit prior knowledge of the hydrological system. 405 
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4.2 Sampling Efficiency of the DSS Framework 

The DSS framework demonstrated a substantial reduction (~85-90%) in sampling requirements while estimating daily 

concentrations or annual loadings. Like all modeling methods, the DSS framework needs concentration data at the target 

location for model training. However, it can generate high-frequency concentration time-series and reliable annual load 

estimates from a limited number of observations. This highlights the feasibility of the DSS framework for monitoring 410 

programs with limited resources or watersheds with sparse observational data.  

For comparison, the DSS model outperformed the results obtained through a similar dimension reduction technique, 

Compressed Sensing (CS), that was applied to reconstruct streamflow and nutrient signals (Zhang et al., 2023a). With only 

20 to 80 samples annually (equivalent to a sampling frequency of 0.05-0.22 days), the DSS model could estimate TP load 

with an error rate < ±10%. To get similar results using CS, sampling was needed every 9-10 hours (sampling frequency of 415 

0.4 days). With a sampling frequency of 10 days (35 to 40 samples annually), CS was able to estimate annual NOx loads 

with an error rate of −6.6% ± 3.8%, whereas the error rate was < ±3% using the DSS model. Another major advantage of 

using DSS over CS is that it identifies the optimal sampling times and locations rather than relying on random sampling. 

4.3 DSS Modeling and Catchment Properties 

The DSS model for TP performed better for gauges with larger basin areas and higher flow regimes, whereas the model for 420 

NOx showed less consistent sensitivity to these factors. Large basins possess a smaller number of active degrees of freedom 

or reduced dimensionality (Bin Mamoon et al., 2026; Ombadi et al., 2021; Vignesh et al., 2015) as they filter out the 

randomness driven by stochastic rainfall signals and basin heterogeneities via the “smoothing effect” (Müller et al., 2021; 

Smith et al., 2004; Nester et al., 2011). While high-flow regimes usually minimize concentration spikes, concentration levels 

are elevated due to reduced dilution capacity during low-flow periods (Macintosh et al., 2011; Withers et al., 2011). Overall, 425 

larger basins and high-flow regimes provide stability and buffering capacity, thereby enhancing model performance. 

4.4 Nutrient Monitoring and Modeling with DSS 

The findings from the scenario-based analysis provide insights into the minimum data requirements, model transferability, 

and the flexibility of data selection strategies. The DSS framework can guide strategic planning for existing or proposed 

monitoring programs by identifying minimum data requirements and optimal sampling strategies. For example, the results 430 

indicate that 2-3 years of monitored flow and concentration data from 10-15 nearby locations can yield effective high-

resolution reconstructions at target locations. Results suggest that using long term historical data from a single location 

provided limited benefit (specifically for TP), which may reflect the effects of land-use or climate change (Kaushal et al., 

2014). On the other hand, increasing the number of regional data captures a broad range of hydrologic and biogeochemical 

variability that improves model generalization (Kratzert et al., 2019).  435 
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This framework offers a viable starting point for monitoring or modeling efforts in ungauged or poorly gauged locations. 

The results presented in this study imply that programs with limited resources should prioritize short-term, spatially 

distributed monitoring at nearby locations and targeted sparse measurements from the target locations. This contradicts the 

suggestion of long-term, high-frequency monitoring at the target location, as proposed in prior studies (Kamrath et al., 2023; 

Kaushal et al., 2014). The findings also demonstrate the ability of the DSS framework to learn transferable patterns across 440 

locations with minimal data, aligning with recent studies that leverage transfer learning across sites or catchment 

heterogeneity to improve the performance of water quality models (X. Chen et al., 2024; Ma et al., 2024).. 

5 Conclusion 

High-frequency stream nutrient data are essential for accurately identifying the sources of pollutants and assessing the 

effectiveness of water quality control measures. However, monitoring stream nutrients at high frequency is challenging due 445 

to financial and operational constraints. This study utilized the DSS model framework to assess training data and sampling 

requirements for reliable prediction of NOx and TP concentrations and annual loads. Results showed that NOx and TP 

concentrations and loads can be estimated at target locations with good accuracy using only 40-60 samples per year (~10-

15% of total measurements) obtained at the optimal sampling times. However, DSS model performance in the Mid-Atlantic 

and South Atlantic Gulf regions was challenged by limited data.  450 

A major goal of this study was to evaluate the DSS model performance under different scenarios to inform future monitoring 

programs. Our scenario-based analysis revealed that daily NOx and TP concentrations can be accurately predicted with only 

2-3 years of historic (only NOx) or regional (both NOx and TP) flow and concentration data, regardless of how they are 

selected (randomly or paired by location), using sparse measurements from at least 15 of these monitoring locations. This 

suggests that monitoring programs can use in-situ high-frequency sensors across locations and supplement with occasional 455 

grab sampling. The results also imply that high resolution concentration data can be generated from regional flow and 

concentration data (need not to be from same location) as long as these gauges span different catchment sizes, flow rates, and 

concentrations. Overall, this DSS model framework showed the potential to ensure the efficient use of the resources 

associated with nutrient monitoring programs, ultimately resulting in improved water quality management efforts. 

Code and data availability 460 

All streamflow and concentration data were collected by the United States Geological Survey (USGS) and are available 

through NWIS (https://waterdata.usgs.gov/nwis). Gauge numbers and web links to data sources are listed in Table S1 in the 

Supporting Information. The DSS algorithm was implemented by modifying MATLAB code downloaded from the GitHub 

repository: https://github.com/kmanohar/SSPOR_pub. 
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Supplement link 465 

The supplementary material is published as a separate file with this article. 
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