
 

 

 

Abstract— Hydrologic variability causes uncertainty in 

quantifying pollutants loadings to water bodies. Decision makers are 

inclined to improve data collection to reduce this uncertainty; 

however, such improvement is hindered by limited resources and 

expensive costs especially when numerous locations are involved. 

Therefore, an important question emerges of how to quantify 

pollutants loading in ungaged catchments using other gaged 

catchments with similar climate and hydrologic conditions. We 

develop a new methodology to evaluate uncertainty in quantitative 

metric that is the Uncertainty Indicator which estimates undetected 

NPS loading at given sampling interval. The estimated undetected 

loadings can be applied to other ungaged catchments in the watershed 

if under similar climatic conditions. The Uncertainty Indicator show 

that undetected pollutant loading decreases with sampling more 

frequently. Decision maker can quantify undetected pollutant annual 

loading for different sampling plans over a range of sampling 

intervals to help maximize benefits of data collection efforts. 
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I. INTRODUCTION 

ATER document quality problems are long term 

challenge in many regions in the world [15]. Nutrient 

rich runoff is the most widespread pollution source causing 

eutrophication in many of the impaired lake areas and 60% of 

the impaired river reaches in the US alone (Carpenter et al., 

1998). The increased loading of nutrients causes unwanted 

algal growth, depleting oxygen levels, degrading fisheries 

habitats, and even increases filtration costs [10, 16].  

Recently, water quality in western countries improved 

significantly as a result of successful mitigation of point 

sources and adopting Total Maximum Daily Loads (TMDL) 

plans to control Non Point Source pollution (NPS) [12]. NPS 

pollution management faces technical challenges arising from 

uncertainty in pollution sources and remedial measures 

efficiency.  A major factor in uncertainty is hydrologic 

variability in rainfall, erosion, and runoff intensity [17]. 

Hydrologic processes exhibit variability at temporal and 

spatial levels which is shown as uncertainty in pollution 
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prediction. Runoff and erosion processes which determine 

pollutant loadings are seasonal in nature, therefore, intensive 

sampling is needed to assess pollution loadings accurately.  

Typically, hydrologic variability is assessed through its impact 

on pollutants export coefficients [3,7, 13]. Export coefficients 

for pollutants are established based on estimates of runoff 

nutrient loads as a function of land use types [9, 14]. By 

definition, export coefficients are sensitive to spatial and 

temporal changes of hydrologic processes (i.e. runoff) , 

changes in land use and management practices [5]. Export 

coefficients (EC) are used in numerous NPS management 

applications [14].  

Practically, decision-makers observe random signals of 

nutrient loading to water body at discrete points in time which 

is determined by a given sampling interval. The discrete data 

points are used to estimate the annual NPS pollution loadings 

which determines the appropriate mitigation policies. 

Decision-makers tend to relate observed pollution to potential 

sources which are the types of land uses which translates to 

additional restrictions on the economic production of 

stakeholders.  In this sense, the benefit of quantifying  

uncertainty is to protect farmers (polluters) from additional 

economic losses due to imposing costly overprotective 

measures. 

II.   METHODOLOGY 

NPS pollutants are typically calculated using a lumped 

export coefficient model (EC). Pollutant export coefficients 

represent the average total amount of pollutant loaded into 

receiving water body from a catchment. The basic form of EC 

estimates annual pollutant loads to water bodies from a 

catchment as the sum of individual loads exported from each 

land use type and given as 





n

i

ii AEL
1

^

                                                  (1) 

Where L is the annual pollutant load (kg), Ei is the export 

coefficient from land use I ( kg/ha-yr), Ai is the watershed area 

occupied by land use i (ha); and n is the total number of land 

use types. E is in (kg/ha) and it is assigned for specific crops 

[11].  

A sediment adjusted total NPS nutrient loading model is 

suggested by [7] to consider uncertainty due to hydrologic 

variability represented as sediments loading is used here as 

follows  
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where R is the annual runoff (m
3
); Φ(R) is the annual 

sediment discharge as a function of annual runoff (kg); and the 

term (Ei/ Φ(R)) represent the erosion-scaled export coefficient 

for land use i (kg
-1

), Ei is the export coefficient from land use I 

( kg/ha-yr), Ai is the watershed area occupied by land use i 

(ha);. 

The sediment-adjusted EC (Equation 2) has the advantage 

of maintaining low data requirements as compared to spatially 

distributed models while improving prediction accuracy of 

observed sediment loadings. The hydrologic variability is 

explicitly represented in Equation 2 with sedimentation which 

is directly caused by runoff.  

In this work, we develop an indicator parameter to represent 

the uncertainty level as a function of data collection frequency. 

The developed measure, hereafter referred to as Uncertainty 

Indicator (UI), is structured to predict the estimates of 

undetected NPS loading between sampling events. We develop 

an indicator that links the monitoring frequency (as δt) to 

expected NPS pollutant loadings. The developed indicator 

hereafter referred to as Uncertainty Indicator (UI) and it 

provides an estimate of undetected pollutant loadings (in kg 

/yr) at given sampling frequency.  

The UI is the estimated pollutant loading due to hydrologic 

variability. The Uncertainty Indicator is formalized as follows    

 

( ( )) ( ))Uncertainty Indicator E x t = E(L t - L          (3) 

 

where E(x(δt)) is the expected pollutant loading in kg/yr and 

it quantifies uncertainty in pollution loadings due to hydrologic 

variability,  E(LΦ(δt)) is the expected pollutant loadings 

calculated by export coefficient considering estimates of 

sediment loading (Equation 2), L  is pollution loading using 

export coefficient not considering hydrologic variability 

(Equation 1).  The expected NPS loadings without hydrologic 

variability ( L ) are estimated using the basic model by 

Reckhow and Simpson (1980) shown in Equation 1 using 

inputs of land use data and standard EC estimates. 

The E(LΦ(δt)) calculation requires using estimate of sediments 

loading which is a function of sampling interval (δt) in a 

watershed. Sediment loading is estimated using sampling 

program that collects data at  

given sampling interval. Pollutants loading are continues and 

variable depending on various factors like runoff and land use 

practices upstream, however, sampling events measure 

pollution at snapshots of the time. Therefore, the undetected 

pollution loading between sampling events represent 

hydrologic variability.  

Since hydrologic variability is the same at the basin level, 

analysis of hydrologic variability for one gaged catchment with 

adequate data record can be used to estimate hydrologic 

variability for other watersheds with deficient data record or 

with no data (ungaged catchment). If the period between 

sampling events is long, the hydrologic variability is expected 

to be high.   

A historical record can provide a basis to estimate 

hydrologic variability for a given watershed. The  historical 

data record is used as a baseline data set and it is composed of 

time series of precipitation, runoff, sediments, and pollutant 

data. The baseline data set is used to derive secondary data 

sets by sampling the baseline data set at longer sampling 

intervals than the original δt. 

Then the secondary data sets are used to calculate 

corresponding export coefficients and pollution loading using 

equations 1 and 2. This step simulates the impact of changing 

sampling interval on NPS pollutant loading estimation. 

Information level scenarios are produced by sampling the 

baseline data set at increasing increments of sampling intervals 

(δt). The δt determines the sampling frequency and it provides 

a practical indicator of uncertainty in hydrologic variability. 

As the sampling interval is reduced (at higher sampling 

frequency); Pollutant loading estimation becomes more 

accurate   

III. CASE STUDY 

The Study Watershed is the Lower Nooksack River basin 

located in Whatcom County in the northwest corner of 

Washington State, USA. The Nooksack River basin (Figure 1)  

covers an area of 825 square miles and encompassing a diverse 

geography ranging from the Cascade Mountains in the 

northwest to the lowlands and discharging to Bellingham Bay. 

Deteriorated water quality caused direct economic impacts 

such as closures of shellfish bed activities due to unsafe levels 

of bacterial pollution nearby Portage Bay in 1998 (Hallock, 

2002) and the disruption of recreational uses [2]. Related 

studies indicate that agriculture, dairy farming, and waste 

lagoons contribute the most  to the observed elevated 

pollutants levels (i.e. nitrogen, phosphorus, and coliforms) in 

the Noocksack River Basin [1, 4, 6, 8].  Fishtrap creek is one 

catchment selected for analysis of hydrologic variability.  

 

 

Fig. 1 Map of Lower Nooksack River basin and Fishtrap creek.  
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IV. RESULTS AND DISCUSSION 

The Fishtrap creek watershed has extensive data record for 

several pollutants. In this work, we focus on loading of Total 

Phosphorus (TP) which is an indicator of agricultural NPS 

pollution. Summary of the fishtrap creek data is shown in 

Table 1.  
TABLE I 

PHOSPHORUS BASIC EXPORT COEFFICIENTS, LAND AREA, AND LOADING 

RATES FOR LAND USES IN FISHTRAP CREEK CATCHMENT (SOURCE: KHADAM 

AND KALUARACHCHI, 2006). 
Land use Basic  

EC (Ei) 

Area 

(ha) 

P Loading 

rate 

(kg/ha) 

Total P 

loading 

(kg) 

Agriculture 0.025 4896 30 151739 

Urban 0.02 2397 1.8 4267 

Forest 0.02 836 1.6 1355 

Dairy 0.035 1381 167.8 231668 

Total  9510  389029 

 

 

Baseline data set is a daily record from 1987 to 1998 for the 

outlet of Fishtrap Creek Catchment (Figure 3) including the 

parameters precipitation (cm), runoff (cm), sediment loadings 

(kg), and TP loading (kg).  

The observed TP loading for Fishtrap Creek (Figure 2) 

indicates frequent shock loading events which exemplify the 

importance of intensive sampling to capture hydrologic 

variability in the catchments of the River basin. Intuitively, at 

low sampling frequency; less data is collected and the chance 

of missing important loading events due to hydrologic 

variability is higher which means higher risk of harmful 

undetected loadings to water bodies. 
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Fig. 2 A daily time series of TP loading at outflow of Fishtrap Creek 

Catchment. 

 

Using the baseline data with daily time steps; secondary 

data sets are derived at discrete and increasing sampling 

intervals ranging from 2 days to 120 days to simulate long-

term data collection schemes at varying sampling frequencies. 

Therefore, the outcome is a set of sampling data collection 

schemes based on sampling interval ranging from 2 day 

sampling reflecting the most accurate to 120 days reflects the 

least accurate scenario. 

 

The uncertainty indicator is calculated for that year using 

the calculated loadings corresponding to secondary data sets. 

As shown in Figure 3, the uncertainty indicator decreases as 

the data collection is improved with shorter sampling interval. 

Therefore for any catchment in the Nooksack River watershed 

the error in TP loading estimation due to hydrologic variability 

is quantified for a range of sampling intervals.  
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Fig. 3 Predicted undetected annual TP loadings (Uncertainty 

Indicator) as function of sampling interval for Fishtrap Creek 

Catchment for the year 2000. 

V.  SUMMARY AND CONCLUSION 

In this work, we propose a new methodology to quantify 

uncertainty in NPS pollution due to hydrologic variability.     

Our methodology predicts undetected annual pollutant 

loading corresponding to sampling periods. The undetected 

pollution estimation is obtained from one catchment and can 

be applied to different catchments in the basin or watershed 

assuming climatic conditions are the same.  

The UI provides an explicit measure of the adverse effects on 

receiving water bodies at a range of sampling intervals due to 

uncertainty arising from gaps in data collection. The 

undetected TP loadings impair the local water bodies, 

jeopardize the existing recreational uses, and puts households’ 

agricultural economic activity at risk of more stringent 

remediation measures.  
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