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Abstract: Stormwater management in urban areas requires continuous water quality data of high-temporal 

resolution to better understand and control pollutant loads and dynamics. However, the difficult analytical context 

of stormwater may lead to significant uncertainties and/or biases in data produced by online water quality sensors. 

In order to provide insights into the  alignment of continuous data with discreet data collected through conventional 

sampling and analysis, 25 grab samples were collected and analysed for pH, conductivity and turbidity in parallel 

with the continuous monitoring using sensors installed in a gully receiving road runoff. Analysis has shown that 

while differences in laboratory and field-measured pH could be explained by instrumental uncertainty alone, there 

were significant differences in conductivity and turbidity, meaning the presence of additional errors. This study 

highlights the need for further investigation of data-quality-related matters in the stormwater field. 
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INTRODUCTION 

Water quality sensors are applied for various purposes in contemporary urban stormwater 

management, such as quality-based real time control (Q-RTC), evaluation of the treatment 

performance of stormwater control measures, characterisation of pollutant dynamics, and 

calibration and validation of the water-quality component of hydrological models (Flanagan et 

al., 2019; Gruber et al., 2004). Physico-chemical and flow conditions, along with factors such 

as fouling or unsuitable calibration for highly variable field conditions, can all introduce 

uncertainty and errors, either systematic or not, in the data returned by the sensors (Gruber et 

al., 2004). To be able to evaluate the potential of online water quality sensors to contribute to 

the knowledge of stormwater quality dynamics, it is important to confront data produced by 

them with discreet data collected using established methods. Thus, this study aims to evaluate 

the comparability of stormwater quality data collected through a continuous monitoring 

campaign with discrete data collected through grab sampling techniques followed by standard 

laboratory analysis.  

METHODS 

Continuous online water quality data (CD) were collected between 2021-10-01 and 2021-11-

19 in a gully pot receiving water from a 660 m2 road catchment, located at Luleå South Harbour, 

Sweden (Figure 1). The sampling point was equipped with three digital sensors manufactured 

by Ponsel: conductivity C4E, pH PHEHT and turbidity NTU. A Campbell Scientific CR1000X 

data logger was used for recording measured data at time-steps of 5-20 s. The sensors were 

submerged in a well constructed inside the manhole (Fig. 1) to prevent the adverse effects that 

changing water levels can have on the sensors and measurements. The sensors were calibrated 

before their installation on site and both the sensors and the housing were cleaned weekly.  

For comparative analysis, a sampling campaign was conducted in parallel with the continuous 

measurements. In total, 25 grab samples were collected over three rain events from the sensor 
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housing for laboratory analysis. In the laboratory, the samples were analysed with pH 3110 and 

Cond 3110 instruments produced by Xylem Analytics, and the HACH 2100Qis Turbidimeter.    

Data were analysed to assess the difference between CD and discreet data resulting from the 

laboratory analysis of samples (DD). Time-weighted averages of CD over the time of sample 

collection were compared with associated DD values. In order to consider whether differences 

between CD and DD could be explained by instrumental uncertainty alone, the differences were 

calculated for each parameter (pH, conductivity and turbidity), and instrumental uncertainties 

were propagated to each difference (Fig. 2 a, b, c). This comparison allows the presence of 

additional sources of error to be demonstrated. For the cases when the observed difference 

between CD and DD could not be explained by analytical uncertainty, an additional statistical 

analysis procedure was developed. As none of the data sets are normally distributed (Shapiro-

Wilk, p < 0.05), non-parametric statistical tests were used. To characterize whether there was a 

significant, systematic bias between the two methods, the paired Wilcoxon statistical test was 

used. To assess if the data were correlated despite the additional sources of error, the Spearman 

test of monotonicity was used. 

 

Figure 1 Presentation of the Luleå South Harbor study site including a section view of the sampling station. 

2. RESULTS AND DISCUSSION 

pH 

Data collected by pH sensors installed in the field are well-aligned with DD from the samples 

analysis (Fig. 2 a). This is backed up by the fact that maximum offset is ~5% and this value 

falls within the range of propagated analytical uncertainty of the instruments. Thereby, we 

observe only expected noise in our data and the data sets are essentially equivalent.  



 
 

     
Figure 2 CD and DD for 25 samples (3 rain events) and differences between them with instrumental uncertainty shown as 

error bars. (a) pH, (b) Conductivity, (c) Turbidity. 



 
 

CONDUCTIVITY 

Fig. 2 b demonstrates that the observed differences between CD and DD exceed propagated 

instrumental uncertainties, meaning that additional errors are present. There is a significant 

difference between CD and DD (Wilcoxon, p < 0.05), indicating that there is a systematic bias 

leading to lower values measured in the field than in lab conditions. Nevertheless, continuous 

and discreet data sets have a strong monotonic correlation (Spearman test, p < 0.05, ρ = 0.996). 

As CD are significantly offset but data are well-correlated and the coefficient of determination 

for linear regression is rather high (R2 = 0.997), it can be corrected, either by calibration or post-

verification. Sensor drift or biases due to flow conditions are probable causes, which can be 

further examined using metadata. 

TURBIDITY 

Fig. 2 c demonstrates distinct differences in the comparability of field and laboratory measured 

data between the rain events. For the first rain event, as the relative differences between CD 

and DD are close to the magnitude of propagated uncertainty, they appear to be explained 

mainly by instrumental uncertainty. However, it also appears that data from the second and 

third rain events are biased, as for some samples, the observed difference exceeds analytical 

uncertainty by an order of magnitude. A comparison using only the measurements during Event 

1 shows that turbidity measured in the field is significantly higher than that measured in the lab 

(Wilcoxon, p < 0.05), while on the contrary, laboratory-measured turbidity is significantly 

higher than field-measured turbidity for rain events 2 and 3 (p < 0.05).  As with conductivity, 

the Spearman test shows a strong monotonic correlation for entire data set (p < 0.05, ρ = 0.955). 

Again, field conditions or sensor drift cause greater errors than differences in instrument design. 

CONCLUSIONS 

The present analysis has shown that while field measurements of pH were essentially equivalent 

to those measured in a lab, the online measurements of turbidity and conductivity are biased 

compared with typical laboratory measurement, most likely due to factors associated with field 

conditions. Identification of the exact causes of the errors requires further investigation.  
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