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Abstract In situ high-frequencymeasured turbidity can
potentially be used as a surrogate for riverine phospho-
rus (P) concentrations to better justify the effectiveness
of nutrient loss mitigation measures at agricultural sites.
We explore the possibilities of using turbidity as a
surrogate for total phosphorus (TP) and particulate
phosphorus (PP) in four snowmelt-driven rivers
draining agricultural clayey catchments. Our results
suggest slightly stronger relationship between in situ
measured turbidity and PP than between turbidity and
TP. Overall, linear TP and PP regressions showed better
error statistics in the larger catchments compared with
their sub-catchments. Local calibration of the in situ
sensors was sensitive to the number of high P concen-
tration discrete water samples. Two optional calibration
curves, one with and one without influential data, re-
sulted in a 17% difference in the estimated mean TP

concentrations of a snowmelt storm contributing 18% of
the annual discharge volume. Accordingly, the error
related to monthly mean TP estimates was the largest
in spring months at all sites. The addition of total dis-
solved phosphorus (TDP) improved the model perfor-
mance, especially for sites where the TDP/TP ratio is
large and highly variable over time. We demonstrate
how long-term discrete samples beyond sensor deploy-
ment can be utilized in the evaluation of the applicability
range of the local calibration. We recommend analysing
the validity of P concentration estimates, especially
during high discharge episodes that contribute substan-
tially to annual riverine nutrient fluxes, since the use of
surrogates may introduce large differences into the P
concentration estimates based on selected local calibra-
tion curves.
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Introduction

Phosphorus (P) is one of the main fertilizers used in
agriculture. However, excess P losses from agricultural
areas to receiving water bodies can cause water quality
impairments. It has been shown that field and lake
percentages as well as soil type strongly control total
phosphorus (TP) loss from catchments in Finland
(Röman et al. 2018; Vuorenmaa et al. 2002). Thus, TP
transported in rivers is often monitored to evaluate ex-
cess P losses and the effectiveness of mitigation
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measures intended to constrain P losses from agricultur-
al sites (e.g., Tattari et al. 2017). TP can be divided into
two operational fractions: total dissolved phosphorus
(TDP) and particulate phosphorus (PP = TP TDP)
(Haygarth and Sharpley 2000). PP is usually the dom-
inant fraction in field runoff from drained clay soils
(Ulén and Persson 1999).

In situ measured turbidity (TURB) has been used as a
surrogate for TP or PP in several studies (Grayson et al.
1996; Hopkins et al. 2017; Horsburgh et al. 2010;
Lannergård et al. 2019; Spackman Jones et al. 2011;
Stubblefield et al. 2007; Valkama and Ruth 2017; Villa
et al. 2019). Recent studies have suggested that the river
nutrient load is better captured with high-frequency
optical sensors than with low-frequency water sampling
combined with continuous discharge data (Stutter et al.
2017; Valkama and Ruth 2017). However, TP flux
estimation associated with storm flow events is highly
sensitive to local sensor calibration, i.e., conversion of
sensor turbidity values into P concentrations
(Lannergård et al. 2019). Thus, site-specific local cali-
bration of the raw data of the optical sensors into repre-
sentative turbidity units or water quality concentrations
is needed depending on the sensor used and is
mandatory when surrogates are used. Automatic water
sample collection based on flow rate changes or on
preset water quality conditions provides a good
surrogate relationship according to Minaudo et al.
(2017) and Melcher and Horsburgh (2017). However,
autosamplers are typically available only at a few mon-
itoring sites, and large flow peaks are often missed by
manual sampling, especially if hydrograph slopes are
steep. Despite the existence of published guidelines for
in situ data processing (e.g., Pellerin et al. 2013), there is
a need to define practices regarding how to conduct the
efficient sampling needed for local calibration by
minimising costs and achieving acceptable accuracy in
the resulting water quality and nutrient yield estimates
(Horsburgh et al. 2010).

Turbidity is a suitable surrogate for TP only if a
reasonable relationship between these constituents is
found (Villa et al. 2019). The physicochemical proper-
ties of suspended sediment impact the capacity of
suspended solids to transport PP, which is largely site
dependent and varies temporally (House and Denison
2002; Van der Perk et al. 2007). Factors such as land
management may introduce additional variations to the
relationship between TP and turbidity. Local assessment
of the appropriateness of surrogate relationships

between turbidity and TP has been stressed in several
studies (e.g., Grayson et al. 1996; Ruzycki et al. 2014).
Stutter et al. (2017) concluded that the surrogate rela-
tionship between PP and turbidity was not transferable
to a neighbouring catchment with similar soils and land
cover. In addition, the particle size distribution of
suspended sediments and bedload can be different in
low- and high-flow situations (Pfannkuche and Schmidt
2003) and may impact the relationship between turbid-
ity and TP. In some sites, there is a positive relationship
between TP concentration and the specific surface area
of suspended sediments (Evans et al. 2004). Thus, for
example, the storm-related TP concentration in
suspended solids can be much higher during the rising
limb of the hydrograph compared with the falling limb
or baseflow (Evans et al. 2004). Nonlinearity and hys-
teresis effects were taken into account by Minaudo et al.
(2017), who found more reliable TP load estimates than
those calculated with a linear surrogate relationship
between TP and turbidity. The seasonal variation in
the relationship between TP concentration and
suspended sediments, as well as differences in P reten-
tion mechanisms, between two rivers, was reported by
Evans et al. (2004). Differences in the storm-related
concentration-discharge responses of TP and unfiltered
molybdate-reactive P may be explained by the surface
and subsurface transport of P fractions and the wetness
of the catchment (Outram et al. 2014). Dissolved P
loading may originate from scattered sources, such as
fields with high soil P levels (Uusitalo et al. 2007),
livestock grazing and manure spreading or point
sources.

The TDP/TP ratio may vary interannually and de-
pend on catchment properties (Johnes 2007). Thus,
variations in the TDP/TP ratio may degrade the usability
of turbidity as a surrogate for TP. Consequently, the
uncertainty of TP estimates using turbidity as a proxy
needs to be better quantified. To improve TP and PP
estimates with a turbidity surrogate, additional surrogate
constituents or explanatory variables such as snowmelt,
discharge, orthophosphorus, chlorophyll A or chloride
have been suggested by Spackman Jones et al. (2011)
and Schilling et al. (2017). Haygarth et al. (2005) sug-
gested that with care in calibration, turbidity could po-
tentially act as a surrogate for PP in stormflows; thus,
we study both TP’s and PP’s relationship with turbidity.

Often, the constraint in local sensor calibration is that
high flow situations are rarely sampled in regular mon-
itoring, especially when the hydrograph slopes are steep.
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We test a novel and cost-effective practice to utilize the
available long-term river water quality monitoring data
collected prior to sensor deployment as reference data
for local calibration. In optimal situations, this may
provide additional confidence in site-specific local sen-
sor calibration. The objectives of the study are as
follows:

1) To evaluate the performance of in situ UV-Vis
sensors in four river basins to produce turbidity,
TP and PP estimates.

2) To determine how turbidity acts as a surrogate for
PP and TP using long-term laboratory data.

3) To quantify the effect of potentially influential sam-
ples on TP concentration estimates due to changes
in the local calibration equations of the UV-Vis
sensors.

4) To test the transferability of a local TP calibration
equation of a UV-Vis sensor.

5) To evaluate the impact of TDP on the surrogate
relationship between turbidity and TP.

Study areas

Four rivers from Southwest Finland were selected based
on their in situ water quality, data availability and rep-
resentativeness of the area and size. The basin sizes
varied from smaller sub-basins (15–233 km2) to larger
main basins (727–1317 km2) (Table 1). The large rivers
of Aurajoki and Eurajoki flow into the Baltic Sea. The
Savijoki River is a small tributary of the Aurajoki River,
whereas the Yläneenjoki River belongs to the Eurajoki
basin and flows into Lake Pyhäjärvi (154 km2), which is
the source of the Eurajoki River and accounts for 25% of
the Eurajoki basin.

Most of the agricultural land of the Aurajoki and
Savijoki basins is classified as a Vertic Cambisol
(75%), which is a highly erodible soil. Thus, the river
water in these two rivers is highly turbid (Fig. A1).
Agricultural fields in the Savijoki area are steeper than
those in the entire Aurajoki area. These catchments do
not include any large lakes. The Aurajoki catchment is
representative of watersheds located in Southwest
Finland.

The Yläneenjoki and Eurajoki rivers represent
chained river-lake systems. In the Yläneenjoki catch-
ment, the share of agricultural land is slightly smaller

than that at the Aurajoki site, while in the Eurajoki
catchment, the share is even lower (Table 1). In these
catchments, the main soil types are Haplic Podzols and
Lithic Leptosols and thus different compared with those
of the Aurajoki and the Savijoki catchments. The tur-
bidity level is the lowest in the Eurajoki basin. On the
coastal plains of western Finland, acid sulphate soils in
former sea bed areas are common. Some agricultural
land areas in the Eurajoki basin are classified as acid
sulphate soils, which are highly productive. Periodical-
ly, high acidity and high concentrations of sulphate and
metals are associated with stream waters affected by
acid sulphate soils (Nyberg et al. 2012). Vuorenmaa
et al. (2002) studied small agricultural catchments and
found that losses of TP were lower from agricultural
acid sulphate soils compared with clayey agricultural
soils. Thus, the low field percentage and acid sulphate
soils in Eurajoki seem to explain the low TP and PP
concentrations there compared with other sites.

In Southwest Finland, the average annual rainfall is
723 mm years−1 (1981–2010), and the mean air temper-
ature is 5.5 °C (Pirinen et al. 2012). The median TP
concentrations (Table 1) indicate poor chemical status
for the Aurajoki, Savijoki and Yläneenjoki rivers,
whereas the chemical status based on TP concentration
is good in Eurajoki (Aroviita et al. 2012). However, the
ecological status of Eurajoki is moderate based on data
from 2012 to 2017. Long-term laboratory data indicate
that on average, more than 70% of TP is in particulate
form in the studied rivers (Fig. A1). Earlier studies
provided information on the P loading of the Eurajoki
and Yläneenjoki (Koskiaho et al. 2010; Ventelä et al.
2007), Aurajoki (Korppoo et al. 2017) and Savijoki
(Granlund et al. 2005; Rekolainen et al. 1991; Tattari
et al. 2017) rivers.

Data and methods

Discrete water samples and laboratory analyses

The water monitoring interval ranged from subdaily to
once-a-month sampling. Routine water quality surveil-
lance was conducted over the period 1990–2017. At
Savijoki, an automated water sampler was occasionally
applied from 2007 to 2009. At the Eurajoki site, water
samples were not collected regularly prior to the in situ
sensor installation in 2009; thus, long-term monitoring
data were not available from that site.
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Standardized methods were used in chemical analyses,
and we applied P fraction classification according to
Haygarth and Sharpley (2000) (Table A1). TP was deter-
mined colourimetrically by the molybdenum blue method
(Murphy and Riley 1962) using ascorbic acid as a reduc-
tant and the digestion of organic P compounds with potas-
sium peroxodisulphate. TDP was determined similarly to
TP, but the samples were filtered first using Nuclepore
polycarbonate membranes with a 0.4 μm pore size. PP
was obtained by subtracting TDP from TP. The nephelo-
metric method was applied for turbidity laboratory analy-
ses. TP, TDP and turbidity data were retrieved from the
open source database of the Finnish Environment Institute
(www.syke.fi/en-US/Open_information). The long-term
monitoring data were used to evaluate the feasibility of
building linear least square TP or PP estimation models
with turbidity as a surrogate. In addition, the laboratory
data were used in the local calibration of the sensors.

In situ optical turbidity measurements

We used s::can UV-Vis spectrophotometers (s::can
Messtechnik GmbH, Austria) to measure light

absorbance in the wavelength range from 220 to
720 nm. The manufacturer has defined global algo-
rithms that interpret the absorbance spectrum introduced
by turbid matter in water, which enables the spectropho-
tometer to produce raw turbidity values. In the case of
s::can sensors, a site-specific local calibration is needed
to convert raw units into representative turbidity values.
The sensors were measured at 30-min intervals during
the following periods: January 2010 to September 2013
(Aurajoki, Site 1), August 2009 to September 2013
(Savijoki, Site 2), June 2009 to December 2015
(Eurajoki, Site 3) and November 2013 to December
2015 (Yläneenjoki, Site 4). A few short periods existed
when sensor data were not retrieved for Eurajoki. The
sensor at Aurajoki was removed from the river for the
ice clearance periods of spring 2010 and 2011 to avoid
damage to the instrument. The optical path lengths of
the sensors were either 2 mm (Sites 1 and 4) or 5 mm
(Sites 2 and 3). The accuracy of a 2 mm sensor for raw
turbidity values is ± 12 units, and for 5 mm sensors, it is
± 3 units, based on measurement experience in Finnish
rivers. The optimal turbidity measurement ranges of the
2 mm and 5 mm sensors are 0–1000 FNU and 0–2500

Table 1 Study area characteristics. Land classification is largely
based on the 2012 CORINE land cover classification, and the soil
types were obtained from a digital soil map (1:200,000; Lilja et al.

2006). Dominant crop types were obtained from a parcel register
owned by the Agency for Rural Affairs

River/basin name 1. Aurajoki 2. Savijoki 3. Eurajoki 4. Yläneenjoki

Soil Vertic Cambisol,
Fibric/Terric Histosol,
Dystic Leptosol

Vertic Cambisol,
Dystic Leptosol,
Lithic Leptosol

Haplic Podzol, Dystric
Gleysol, Fibric/Terric
Histosol, Eutric
Regosol, Eutric
Gambisol, Lithic
Leptosol

Lithic Leptosol,
Fibric/Terric
Histosol, Eutric
Gambisol, Haplic P
odzol

Watershed size (km2) 727 15.2 1317 233

Urban and industrial areas (%) 4.5 2.1 4 3.4

Forest (%) 41.2 47.7 52.9 65.4

Peat or wetland (%) 7.8 0.8 2 3.3

Lakes (%) 0.2 0 25 0.1

Field (%) 37 39 16 28

Pasture (% of agricultural fields) 18.1 12 17.2 20

Mean field slope (%) 1.8 2.7 1.2 1.8

Dominant crop types Spring cereals,
grass, autumn cereals

Spring cereals,
grass, root crops

Grass, spring cereals,
autumn cereals

Spring cereals,
grass, autumn
cereals

Mean runoff (L s−1 km−2) 9.5
(1990–2017)
8.2 (2009–2013)

11 (1981–2010)
9.5
(2009–2015)

6.3 (1990–2017)
6.0 (2009–2015)

7.7 (1990–2016)
6.9 (2013–2015)

Median TP (1990–2017) (μg L 1) 160 (n = 1160) 110 (n = 926) 44 (n = 131) 100 (n = 869)
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FNU, respectively. The spectrophotometers used simul-
taneously measure turbidity and nitrate nitrogen. The
optical path length of each spectrophotometer is such
that the device is capable of measuring both turbidity
and nitrate nitrogen as well as possible, taking into
account the water quality of the river. All probes are
equipped with automatic compressed air cleaning oper-
ating every other hour. Manual cleaning was conducted
at least fortnightly during the growing season and every
3 weeks during the cold season. Baseline checking for
the spectrometers was performed with Milli-Q water
once a year. Degradation of the sensor lamps, which
were no more than 6 years old, was not detected at
baseline.

In quality control, the sensor data were visually
inspected to detect data gaps and anomalies. Water and
air temperature time series, as well as water level fluc-
tuation, sensor nitrate nitrogen reading, and sensor
maintenance notes, were used in the quality control.
Sensor data spikes, e.g., due to icing or biological dis-
ruption, were detected and removed from the raw data
time series. A few outliers were also removed from the
laboratory data when the ratio of analysed P to turbidity
was abnormal. After outlier removal, we were able to
perform the local sensor calibration and match quality-
controlled raw sensor turbidity values with discrete
laboratory-determined water quality data. The water
samples used in the calibration were collected as close
as possible to the sensors. The potential time difference
between grab sampling and sensor reading was resolved
by pairing the discrete samples with the nearest sensor
reading in time.

Statistical analysis

Prior to analysis, two-way relationships between TP or
PP and turbidity were examined. Based on scatterplots,
linearity of the relationships between variables was as-
sumed, and simple linear regression models were fitted
to the data. The models are in the form y = αx + β,
where TP or PP is the response (y) variable, turbidity
is the explanatory (x) variable, and α and β are the slope
and the intercept of the regression line, respectively.
Normality, heteroscedasticity and independency of the
model residuals were tested and found not to drastically
violate the regression model assumptions. This means
that the standardized residuals are symmetrically distrib-
uted, they are not clustered in any way and they do not
show any clear patterns. In general, when the models are

used purely for predictions, slight violations of the mod-
el assumptions are not considered a significant problem
(Kutner et al. 2004).

Several goodness-of-fit statistics were used to evalu-
ate the performance of the models (Table A2). The
coefficient of determination (R2) was used to assess
how well the model fits the data or how strong the linear
relationship is between values. The model standard per-
centage error (MSPE) and relative percentage difference
(RPD) were used to assess the linear regression models.
RPD was calculated between estimated values and
laboratory-determined values. MSPE and RPD can be
used to compare separate regression models
(Rasmussen et al. 2009) since these standardized statis-
tics are independent of the mean concentration
(Hardison 1969). The range of a value plus or minus
twice the RMSE produces the 95% confidence limits for
the prediction of the response variable (Kleinbaum and
Kupper 1978). Spearman’s correlation (rs) was used to
assess the relationship between laboratory-determined
TP or PP and turbidity. Simple linear regression models
between TP or PP and turbidity were formed using

i) sensor deployment period laboratory data and raw
turbidity sensor data (i.e., local calibration)

ii) long-term laboratory data
iii) sensor deployment period laboratory data

In local calibration (i), it is especially important that
the sample size is sufficiently large with respect to the
measurement range, and the samples represent the
whole flow or turbidity range (Pellerin et al. 2013).
Using long-term laboratory data (ii), it is possible to
determine whether turbidity acts better as a surrogate
for PP than for TP. We hypothesise that the larger
amount of long-term data and potentially more repre-
sentative long-term data would provide more insight
into the relationship of the water quality constituents.
A comparison between regressions ii and iii is made to
explore whether the resulting regressions based on dif-
ferent amounts of data are similar. In that case, the local
sensor calibration might be applicable to a wider P
concentration range than the discrete samples of the
sensor deployment period.

Linear regression models can be sensitive to obser-
vations that diverge from the overall pattern in sample
data. These so-called influential observations are not
erroneous but true extreme values that have an effect
on the model slope. This in turn has an influence on the
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estimates (e.g., the estimates of TP and PP in this case).
We identify visually potentially influential data pairs
and use Cook’s distance (Di) (Cook 1977) to quantify
their potential influence on linear regressionmodels.We
hypothesise that highly influential data pairs are those
when Di is larger than one, as suggested by Cook and
Weisberg (1982). Their effect on local calibration re-
gression equations (i) is shown. We also quantify the
impact of potentially influential samples onmonthly and
event-scale mean TP concentration estimates produced
with in situ sensors. In addition, we use multiple linear
regression (SPSS 23.0) to test the effect of adding the
TDP concentration as an additional explanatory variable
to the local TP calibration equations.

Results

The quality and applicability of TP and PP estimates
of the in situ turbidity sensors

The local TP, PP and turbidity calibration results are
shown in Tables 2 and 3 and in the Supplementary
material (Fig. A2). The median RPD between turbidity
estimates of the sensors and laboratory analysed turbid-
ity varied between 22 and 29% depending on the site
considered (Table 3). Hence, there was not a perfect fit
between the sensor and laboratory-determined turbidity.
Thus, we used the quality-checked sensor raw turbidity
and not the calibrated sensor turbidity in the formation
of the local TP and PP calibration equation to avoid the
potential additional imprecision between the two differ-
ent turbidity determination methods.

The Aurajoki River

The water sampling represented the discharge range and
variation quite well between 2010 and 2013, i.e., during
sensor deployment. However, the TP concentration
range (48–670 μg L−1) (Fig. 1) was not as wide as the
range (48–1300 μg L−1) from 1990 to 2017. However,
laboratory data displayed similar regressions between
TP and turbidity during the twomonitoring periods (Fig.
A3). There was only a minor difference in the mean ±
standard error of the regression slopes (1.34 ± 0.04) of
the sensor period data vs. 1.25 ± 0.02 of the long-term
data, and the regression intercepts (64.29 ± 3.33 vs.
67.86 ± 2.11) were the same between the two periods.
This indicates that the local TP calibration equation of

the sensor can be applied to an extended concentration
range of TP up to 1300 μg L−1. Overall, the sensor
showed a slightly better capability to produce PP than
TP estimates based on the R2, MSPE and median RPD
(Table 3). Consistently, the median RPD of laboratory-
based PP estimates was 13–14%, whereas for TP, it was
14–15%, but the MSPE values for PP were not better
than those for TP (Table 4). However, there was a large
variation between individual chemistry TP samples and
TP estimates (Fig. 1), which was also the case for PP.

The Savijoki River

The TP concentration range of the discrete samples was
64–1100 μg L 1 during sensor deployment (Table 2).
However, the majority of the samples only covered the
TP range of 64–400 μg L 1 (n = 135). The visual com-
parison of TP estimates and chemistry TP data (Fig. 1)
and a large Di indicate that the calibration equation
shown in Table 2 needs to be evaluated against an
optional regression curve.MSPE (39%) and the median
RPD (26%) were relatively large. The mean difference
between chemistry data and sensor-based TP estimates
was 47 μg L 1 (SD = 44 μg L 1).

The sensor deployment period (2009–2013, n = 140)
and the long-term laboratory data (1990–2017, n = 919)
resulted in notably different linear regressions between
turbidity and TP (Fig. A3), which also indicates that the
number of high TP concentration (> 400 μg L 1) sam-
ples was low in the formation of the calibration equa-
tion. Only eight PP samples were available for the
sensor calibration; thus, a PP estimation model was
not produced for Savijoki.

Overall, the mean turbidity was similar in Savijoki
and Aurajoki (Table 2 and Fig. A1). The sensor-
measured turbidity in the Aurajoki main river was better
than that in the Savijoki headwater based onMSPE and
median RPD. However, the median difference between
laboratory- and sensor-based turbidity was quite similar,
with 9 FNU and 10 FNU in Aurajoki and Savijoki,
respectively.

The Eurajoki River

The TP concentration of the discrete samples in the local
sensor calibration ranged from 10 to 300 μg L 1, but
above the concentration 120 μg L 1, only two samples
were available (Fig. 1). Note that discrete samples prior
to sensor deployment were not available from the
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Eurajoki sensor location. The median RPD values of the
TP and PP estimates were 21% and 22% (Table 2),
respectively, whereas the median absolute difference
was 9 μg L−1 and 8 μg L−1 for TP and PP, respectively.
The median RPD of 29% for the turbidity estimates was
larger than that of the TP or PP. However, the turbidity
level (mean: 13 FNU) was clearly lower in Eurajoki than
at Sites 1 and 2. Themean difference between the sensor
and laboratory-based turbidity was only 3.7 FNU (SD =
3.0 FNU).

The Yläneenjoki River

The median RPD was 30–31% for all water quality
constituents, as one potentially influential point with
high Di was within the regression and resulted in high
R2 values (Table 2). The influential sample collected on
May 20, 2014, had the highest TP concentration of
1400 μg L−1 and a turbidity value of 1100 FNU (Fig.
1). The rest of the discrete TP sample concentrations
only reached 300 μg L 1, and turbidity reached 120
FNU. An analysis of the constituent relationships with-
out the influential sample is needed, and those equations
are shown in Table 3.

The long-term laboratory data (1990–2017, n = 602)
showed a rather similar regression between TP and
TURB than the shorter sensor deployment period labo-
ratory data (n = 35) due to the abovementioned sample
with a high TP concentration (Fig. A3). Exclusion of
that point from the long-term TP estimation model
resulted in the following model: TP = 1.08 TURBlab +
73.8 (R2 = 0.49, n = 601, p < 0.001). However, the ex-
clusion of the point did not introduce a significant
change between the regressions (n = 602 and n = 601)
shown in Table 4, since there were no differences in the
mean ± standard error of the slopes and the intercepts.
The equation (n = 601) was formed with data containing
seven samples in the TP range 300–480 μg L 1, which
was not covered by the sensor calibration data. Exclu-
sion of the potentially influential point from the labora-
tory data covering the period 2013–2015 resulted in the
regression equation: TP = 0.98 TURBlab + 97.5 (R2 =
0.30, n = 34, p = 0.001). Thus, the strength of the rela-
tionship between TP and turbidity is quite low in terms
of R2. There was no difference in the mean ± standard
error of the regression slopes (0.98 ± 0.27) of the sensor
period data vs. 1.08 ± 0.05 of the long-term data, but the
regression intercept (97.5 ± 13.4 vs. 73.8 ± 2.3) differed
slightly between the two datasets. Hence, extrapolation

Table 2 Determined regression models were used in local cali-
bration to convert in situ sensor raw turbidity values into calibrated
total phosphorus (TP), particulate phosphorus (PP) and turbidity
(TURB) estimates. The explanatory variable (x) is the raw sensor
turbidity. Summary statistics include the number of discrete data

pairs (n), the maximum Cook’s distance (Di), the standard error
(SE) of the slope, the coefficient of determination (R2), the root
mean square error (RMSE), the model standard percentage error
(MSPE) and the median relative percentage difference (RPD)

Site Regression model n Max
Di

SE
slope

Laboratory
value,
mean
(μg l−1)/
(FNU)

Laboratory
values, min–
max
(μg L 1)/
(FNU)

Sensor-
calibrated
values, min–
max (μg L 1)/
(FNU)

R2 RMSE
(μg L 1)/
(FNU)

MSPE
(%)

Median
RPD
(%)

1 Aurajoki TP = 2.73x + 89.34 125 0.55 0.122 162 48–670 89–639 0.80 40.0 25 19

PP = 2.14x + 63.12 120 1.01 0.117 117 31–423 68–434 0.74 32.0 27 16

TURB = 2.13x + 16.88 123 2.14 0.052 74 12–490 17–446 0.93 17.1 23 16

2 Savijoki TP = 2.29x + 89.50 138 3.74 0.107 166 64–1100 94–1200 0.77 64.3 39 26

PP data not available - - - - - - - - - -

TURB = 2.69x − 4.31 138 0.95 0.053 86 4–1300 1–1302 0.95 31.5 37 21

3 Eurajoki TP = 4.18x + 12.60 104 9.42 0.210 50 10–300 16–219 0.80 15.3 30 21

PP = 4.01x + 3.12 98 9.70 0.194 40 6.5–276 6.3–202 0.82 14.1 35 22

TURB = 1.58x − 1.25 104 0.44 0.065 13 2–78 0–77 0.85 4.7 36 29

4
Yläneen-
joki

TP = 1.57x + 116.91 33 557 0.056 175 64–1400 117–1410 0.96 45.1 26 30

PP = 1.56x + 70.60 33 687 0.052 129 0–1341 71–1351 0.97 41.7 33 30

TURB = 1.31x + 25.15 33 880 0.023 74 7.6–1100 25–1105 0.99 18.4 26 31
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of the sensor TP calibration equation (Table 3) beyond
the TP concentration of 300 μg L 1 should be made with
caution.

Turbidity as a surrogate for TP and PP based on discrete
water sample data

The correlation of TP or PP with turbidity was signifi-
cant (rs = 0.38–0.85, p < 0.001) at all sites, but the
strength varied. TP had a similar correlation with tur-
bidity in Aurajoki (rs = 0.85, n = 726) and Eurajoki (rs =
0.73, n = 108). In addition, the PP correlation in
Aurajoki (rs = 0.85, n = 622) and Eurajoki (rs = 0.84,
n = 102) was similar. In Savijoki, PP (rs = 0.45, n = 41)
correlated less with turbidity than TP (rs = 0.81, n =
919), whereas in Yläneenjoki, the correlation of PP
(rs = 0.54, n = 540) with turbidity was stronger than that
of TP (rs = 0.38, n = 602). Thus, in all but one site, PP

correlated equally or better than TP with turbidity.
The mean TP/TURB ratios and standard deviation
(SD) were 2.6 (SD = 1.4) in Aurajoki, 2.5 (SD =
3.1) in Savijoki, 5.0 (SD = 2.1) in Eurajoki and 5.0
(SD = 5.3) in Yläneenjoki. Thus, for the TP/TURB
and PP/TURB ratios, the variance was larger in the
sub-catchments compared with the larger catch-
ment sites.

Linear regression models were fitted to all long-term
discrete water samples, and additional models were
formed by excluding points with Di > 1 (Table 4 and
Fig. A3). In terms of R2, the relationship between PP
and turbidity was better than that between TP and tur-
bidity at three sites: Aurajoki, Eurajoki and Yläneenjoki
(Table 4). However, according to the MSPEs, turbidity
is not a better surrogate for PP than for TP. The median
RPD of the TP estimates ranged from 14 to 23%,
whereas for PP, the median RPD ranged from 13 to
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Fig. 1 In situ sensor-based total phosphorus (TP) concentration
estimates versus TP determined in the laboratory. The TP labora-
tory data that are considered potentially influential aremarkedwith

dashed circles. The TP estimates are calculated with the calibration
equations given in Table 2
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38%. The median RPD value of the Savijoki PP esti-
mate was high compared with that of other sites.

There was a notable deficiency in the quality of the
TP or PP estimates at the minimum concentrations and
at low concentrations when the largest RPDs were
found. Thus, the lowest P estimates were systematically
larger compared with the minimum P chemistry values
(Table 4). The constants of the regression models deter-
mine the minimum P estimates, and those were always
well above the minimum P concentrations based on
chemistry analyses. Both under- and overestimation of
the maximum concentrations occurred, and the match
between discrete and estimated high P concentrations
was highly dependent on the slope of the regressions.
The difference between the maximum laboratory-
determined TP concentrations and the estimated TP
concentrations varied from 32 to 34%. The PP models
estimated the maximum PP values with a difference
ranging from 32 to 6%.

We calculated monthly TP estimates and recognized
seasonal variation in monthly RPD values. On a month-
ly basis, the median RPDs of the TP model of Aurajoki
varied between 8 and 22%. The highest median RPDs

that appeared in April and May were 22% and 20%,
respectively. Similarly, at other sites, the medianRPD of
TP estimation models was elevated during the spring
months of April and May compared with other seasons
(Fig. 2).

Potentially influential water samples

Visual inspection of the regressions between explanato-
ry raw sensor data and chemistry TP and PP data
indicates some potentially influential points, which if
removed from or included in the regression may intro-
duce a difference in the local sensor calibration and
generated concentration estimates (Figs. 1 and A2).
The hypothesis is that if Di > 1, it indicates a highly
influential point. We evaluated the effect of a few high
TP and PP concentrations as well as points with Di > 1
in local calibration models.

The Aurajoki TP estimation model had no data with
Di > 1. The removal of the two points with the highest TP
concentrations had a slight impact on the slope and
intercept of the local calibration equation (Tables 2 and
3) and introduced an average difference of 13 μg L−1

Table 4 Turbidity as an explanatory variable (x) for total phos-
phorus (TP) and particulate phosphorus (PP) in linear regression
models based on water sampling and laboratory analyses. The
correlation coefficient (R2), the root mean squared error (RMSE)

of the regression model, the model standard percentage error
(MSPE) and the median relative percentage difference (RPD) are
also presented

Site and
timeframe

Regression model Max
Di

Number of
data pairs

TP or PP range in the
laboratory (μg L−1)

TP or PP range
estimated (μg L−1)

R2 RMSE
(μg L−1)

MSPE
(%)

Median
R P D
(%)

1 Aurajoki,
1990–2017

TP = 1.25x + 67.86 1.64 726 48–1300 77–1082 0.89 39.7 22 14

TP = 1.22x + 70.25 0.54 725 48–1000 79–853 0.88 38.8 21 15

PP = 1.20x + 33.41 3.69 622 21–1225 42–1001 0.91 32.4 23 14

PP = 1.13x + 38.55 0.33 620 21–776 47–739 0.89 30.3 22 13

2 Savijoki,
1990–2017

TP = 1.08x + 64.29 5.08 919 29–1100 68–1469 0.83 51.5 31 19

TP = 1.22x + 52.63 0.48 916 29–960 56–992 0.85 45.8 28 18

PP = 0.97x + 45.70 6.46 41 11–568 51–384 0.51 66.0 58 36

PP = 0.82x + 54.87 0.35 39 11–290 59–218 0.34 45.9 48 38

3 Eurajoki,
2009–2014

TP = 2.38x + 19.45 8.78 108 10–300 24–205 0.76 16.5 33 17

TP = 1.63x + 27.51 0.35 106 10–120 31–119 0.61 11.9 25 15

PP = 2.32x + 9.73 10.1 102 7–276 15–191 0.82 13.9 35 18

PP = 1.69x + 16.40 0.49 100 7–114 20–111 0.74 9.3 25 17

4 Yläneenjoki,
1990–2017

TP = 1.16x + 70.87 3.87 602 34–1400 73–1347 0.74 38.4 33 23

TP = 1.08x + 73.78 0.21 601 34–480 75–506 0.49 38.3 33 23

4 Yläneenjoki,
1990–2015

PP = 1.13x + 37.12 8.85 540 0–1341 39–1280 0.82 30.3 37 24

PP = 1.73x + 0.26 0.32 539 0–431 42–455 0.60 30.0 37 23
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(11%) in the monthly mean TP estimates between the
two models (n = 125 and n = 123) (Fig. 3). However, the
removal of the two high TP points increased the maxi-
mum Di, and two additional points were removed. This
resulted in an average 7% difference only in monthly
mean TP estimates between the original (n = 125) and the
optional model (n = 121), and the difference was less than
10% during 30 months out of 45 (Fig. 3). The monthly
mean TP concentration was the highest in December
2011, and the difference between the TP estimates was
6–14% (Fig. 3). The model (n = 121) had a better RMSE
compared with the original but is technically applicable
only at lower TP concentrations. Thus, we recommended
applying the original TP model for Aurajoki. Exclusion
of one point from the local PP calibration in Aurajoki
resulted in an average 2% effect on monthly PP esti-
mates. The effect size was 5–7% when the monthly PP
concentration was large (> 270 μg L−1). Despite the
minor effect of the point on the regression, we suggest
removing it from the regression, since the PP concentra-
tion (95 μg L−1) of the point is low and it seems a true
outlier based on visual analysis (Fig. A2). However, we
decided to keep the two high PP values considered
potentially influential points in the PP calibration. Their
exclusion does not change the regression slope when the
standard error of the estimate is taken into account or
notably improves the error statistic of the local calibra-
tion, but they provide information about the PP and
turbidity relationship at high PP concentrations.

In Savijoki, four points were considered potentially
influential (Fig. 1), and after removal of those from the
local calibration, Di improved notably (Tables 2 and 3).
Two of those samples were collected on the same day, 7
October 2009. The first sample (TURB = 1300 FNU,
TP = 1100 μg L 1) was collected prior to the peak flow
of a discharge event, and the second sample (TURB =
690 FNU, TP = 390 μg L 1) was collected during the
falling limb of the flow hydrograph. The two other
potentially influential samples were collected in No-
vember 2011 and August 2009. A calibration model
(n = 134) without potentially influential data covered
the TP concentration range 64–400 μg L 1 very well.
The exclusion of potentially influential data improved
the median RDP value from 26 to 24%. However, this
introduced a large difference in estimated TP concentra-
tions during high discharge episodes that typically appear
during autumn or spring snowmelt (Fig. 4). The differ-
ence in the monthly mean TP estimates between the
models was 20–24% during June–August 2010 and De-
cember 2011 (Fig. 4). The maximum effect of the points
on the monthly TP estimate reached 64 μg L 1 (20%) in
December 2011. However, during 70% of the months,
the difference was less than 10%. Based on the analysis,
the variation in the relationship between turbidity and TP
is large, and optional calibrations indicate that at high TP
concentrations, the uncertainty of estimates is quite high.

In Eurajoki, the two discrete samples with the highest
TP concentrations were considered potentially influen-
tial (Fig. 1). The sample with the highest TP concentra-
tion (300 μg L−1) was collected at the time of the rising
limb of the hydrograph of a large snowmelt event that
lasted for 10 days from 12 to 22 April 2013 and con-
tributed 18% of the annual discharge volume. The mean
estimated TP concentrations of that snowmelt event
decreased 17% from 204 μg L 1 (model n = 104; Fig.
A4) to 170 μg L 1 (model n = 103) by exclusion of that
point with the highest TP from the local calibration.
Removal of the two influential points one by one im-
proved the median RPD of the TP estimates from 21%
(n = 104) to 16% (n = 103) and to 15% (n = 102). The
effect of the optional calibrations on monthly mean TP
estimates reached 24 μg L 1 (19%) (Fig. 3). The mean
TP concentration was the highest in October 2012, and
the related TP estimate was 127 μg L 1 (n = 104),
109 μg L 1 (n = 103) and 102 μg L 1 (n = 102). Howev-
er, in most months, the influential points had a relatively
small effect (< 10%) on the mean TP estimates (Fig. 3).
In the case of PP, the removal of one point from the
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Fig. 2 The relative percentage difference (RPD) between total
phosphorus (TP) laboratory concentrations and TP estimates pro-
duced with linear regression models (see Table 4). The vertical
lines within the boxes are the median
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local calibration improved the model as the median RDP
decreased from 22 to 19% (Tables 2 and 3). However,
the new model is strictly only applicable up to a PP
concentration of 157 μg L 1, which means that PP
concentration estimates in high flow situations are high-
ly uncertain.

For Yläneenjoki, removal of the TP sample with the
highest concentration (1400 μg L 1) (Fig. 1) increased
the mean slope of the calibration curve from 1.6 to 3.4,
and the median RDP improved notably. The effect of
influential data removal was similar for the PP calibra-
tion (Tables 2 and 3). Overall, we can state that more
sampling at higher flow rates is needed to improve the
sensor calibration.

Transferability of local sensor calibration between sites

The local TP calibration equations of the Aurajoki main
river were transferred to its tributary, the Savijoki River
(Fig. 5). Naturally, the Savijoki River, which is smaller,
has steeper flow slopes and concentration changes than
the main river. The transferred equations seem to func-
tion as a mean TP calibration for the Savijoki sensor,

since those fit in between the local sensor calibration
equations of the Savijoki site (Fig. 5). There was a small
difference only in the mean ± standard error of the
regression slopes between the two study sites, of 2.73
± 0.122 at Aurajoki vs. 2.28 ± 0.107 at Savijoki, where-
as the regression intercepts were the same when all data
were included in regressions (Table 2). There were no
differences in regression slopes between Aurajoki
(3.038 ± 0.163) and Savijoki (3.31 ± 0.250) when the
potentially influential points were removed from the
regressions (Table 3). Hence, the data suggest that cal-
ibration of Aurajoki could be transferred to Savijoki.

The impact of TDP on the surrogate relationship
between turbidity and TP based on grab samples

The applicability of turbidity as a proxy for TP may
decrease in the case of large temporary variability in the
TDP/TP ratio. The mean TDP/TP ratio and SD were
slightly higher in the sub-catchment sites (Savijoki
[0.29, SD = 0.17] and Yläneenjoki [0.32, SD = 0.14])
compared with the larger basins (Aurajoki [0.25, SD =
0.12] and Eurajoki [0.26, SD = 0.12]). The discrete
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Fig. 3 The monthly mean sensor-based calibrated total phosphorus (TP) concentrations. The local calibration results are shown with and
without potentially influential data for a Aurajoki, b Savijoki and c Eurajoki
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samples indicated that at high turbidity levels, the TDP/
TP ratio remained low (< 0.2; Fig. A4). Accordingly, the
mean andmedian TDP/TP ratios were the largest at each
site during winter (Jan.–Mar.) when these rivers freeze
and the river discharges are typically low. Thus, the
TDP/TP ratio showed some seasonal variation. Despite
the mean TDP/TP ratios being elevated in winter, the
RPD of the TP estimates was not higher during the
winter months January–March compared with other
seasons (Fig. 2). Seasonally, the lowest mean and me-
dian TDP/TP ratios were found either during summer
(for Aurajoki), autumn (for Savijoki), or spring (for
Eurajoki and Yläneenjoki).

We tested the impact of the varying TDP/TP ratio on
the relationship between TP and turbidity at TP concen-
trations lower than 400 μg L−1 by splitting the grab
sample data of Aurajoki into three subsets according to
the level of the TDP/TP ratio (Fig. 6). The data belonging

to the subgroup TDP/TP > 0.31 represented 20% of the
data. The related regression model produced up to 30%
higher TP concentration estimates than the model based
on all data (Table 4). Eighty percent of the observations,
at TP concentrations lower than 400 μg L−1, belonged to
the two other groups where the TDP/TP ratio was lower
and the linear TP estimationmodels differed notably (Fig.
6). Thus, the episodically varying TDP/TP ratio has a
great impact on the accuracy of some of the TP estimates.
More precisely, the results suggest that linear models
underestimate the actual TP concentration episodically
when the TDP/TP ratio is high.

TDP as an additional explanatory variable in TP
estimation

The addition of TDP as an explanatory variable to the
local TP calibration of the in situ sensors could
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potentially improve the TP estimation models. Multiple
linear TP estimation models were built for Sites 1, 3 and
4 (Table A3) since TDP data were not available for
Savijoki. Analysis indicated the absence of
multicollinearity between TDP and raw turbidity since
the correlation between the predictors was less than
0.7 at all sites. The R2, RMSE and MSPE of TP estima-
tion improved at all three sites. Median RPDs were
12%, 15% and 12% for Sites 1, 3 and 4, respectively.
This indicates that the addition of TDP to local calibra-
tion improved the TP estimates notably at the Aurajoki
and Yläneenjoki sites, but for Eurajoki, the median RPD
remained similar.

Discussion

We calculated TP and PP concentration estimates with
turbidity as a proxy. The differences in the error statis-
tics (MSPE, median RPD) between the TP and PP

estimates were small. This indicates that turbidity is an
equal proxy for both PP and TP concentrations in rivers
draining catchments typified by Vertical Cambisol,
Haplic Podzol and Lithic Leptosol soils. The local sen-
sor calibrations resulted in a medianRPD of 15–24% for
TP and 15–19% for PP at the studied sites. These values
were found when the influential samples were removed,
which may reduce the applicability of the sensors in
producing reliable enough estimates at high P concen-
trations. Earlier, Christensen et al. (2002) reported me-
dian RPD ranging from 10 to 17% for TP estimates in
four Kansas streams. Their results were based on only
1 year of data. It is obvious that our data are more
comprehensive, including a wider range of natural water
quality variations as well as multiyear sensor and labo-
ratory data. The calculated error statistics in our case
indicate a slightly lower performance level of the surro-
gate equations, potentially because of the larger range of

TP nmodel of the Savijoki site, = 138
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Fig. 5 Relationship between raw turbidity (TURBraw) sensor
values and total phosphorus (TP). The dots are TP grab samples
at Savijoki. White dots indicate potentially influential data. The
black lines denote TP estimates based on two optional local sensor
TP calibration models for Savijoki. The grey lines represent TP
estimates based on the local sensor calibration models of the
Aurajoki River, which is the headwater of the Savijoki River.
The dashed lines denote TP estimates as potentially influential
points are excluded from the sensor calibrations
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Fig. 6 Relationship between turbidity (TURB) and total phospho-
rus (TP) based on grab samples collected from the Aurajoki River.
The data were divided into three groups based on the ratio between
total dissolved phosphorus and total phosphorus (the TDP/TP
ratio). Linear regression models between TP and TURB are shown
for the three groups. The difference between the model-predicted
TPs increased as turbidity increased. The p values of the analyses
were less than 0.001
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water quality variation described by our more extensive
amount of monitoring data. TheMSPE values of the TP
surrogate equations for the larger and smaller water-
sheds were 25% and 29–35%, respectively. These
values are similar to the TP surrogate equation results
presented by Spackman Jones et al. (2011), which
showed an MSPE of 26–35% for two sites in the Little
Bear River in the USA. Overall, sensor raw turbidity
functioned better as a proxy for TP and PP for the two
larger rivers compared with their sub-catchments. The
TDP/TP ratio was higher and had a larger variation in
the sub-catchment sites. In addition, the TP/TURB and
PP/TURB ratios had a larger variance in the sub-
catchment sites compared with the larger ones. These
variations are likely to at least partly explain the better
performance of the TP and PP estimation models for the
larger rivers, which is consistent with the findings of
Spackman Jones et al. (2011). We assumed that the
sensors would provide better estimates for PP than TP
due to light scattering properties of particles carrying
PP. The relationship between in situ measured turbidity
and PP was slightly stronger than that between turbidity
and TP, although MSPE indicated varying results for
turbidity as a surrogate for PP and TP.

We used long-term laboratory data parallel to the
short-term laboratory data collected during the deploy-
ment of the sensors. This proved beneficial in the anal-
ysis of the quality and applicability of the local sensor
calibrations. We found long-term data (provided by the
national surface water quality monitoring programme)
useful since the data included additional high flow
events associated with high turbidity values and P con-
centrations, which were rarely captured during sensor
deployment despite intentions to collect samples at high
flows. Aurajoki’s long-term data included a decent
number of samples that covered large turbidity and TP
ranges. The TP concentration estimates based on the
long-term and shorter sensor deployment period discrete
samples showed similar regression equations for
Aurajoki. Thus, the Aurajoki local sensor calibration
equation was found to be applicable to a larger P con-
centration range than the range of the discrete samples
used for the sensor calibration.

The median RPD of the TP estimates, based on long-
term discrete samples, was between 14 and 23% (n =
106–919) depending on the site considered. These
values were on the same level as those for the sensor-
estimated TP concentrations. We compared individual
sample pairs (in situ measurement and discrete water

samples) and water quality concentrations produced
with different instruments; thus, part of the calculated
difference is due to the difference between the samples
and analysis methods. The overall performance level of
the turbidity sensors with regard to producing high-
frequency TP and PP estimates seems acceptable when
keeping in mind that many sources of uncertainties are
also involved in water sampling and laboratory analy-
ses. In general, the acceptable measurement uncertainty
is ± 20% for turbidity and ± 15% for TP and PP labora-
tory data, which are available at lower frequencies, and
sampling is often lacking during short-term storm
events. The high frequency in situ monitoring provides
an extensive amount of data on the turbidity variation,
but a linear relationship between turbidity and TP or PP
does not fully explain the temporal variation in turbidity
and P ratios that was present in the studied sites. This
increases the uncertainty of TP and PP estimates based
on turbidity sensor data. Thus, it is important to be
aware of the strengths and limitations of proxy estima-
tions and the applicability of TP and PP concentration
estimates when evaluating catchment dynamics over
different time scales.

A major portion of annual nutrient loading from
diffuse sources takes place during autumn storms and
spring snowmelt storms; thus, capturing P concentra-
tions during these events is essential. Typically, water
quality constituents respond in a different manner to
flow changes at the rising and falling limbs of the flow
hydrograph (Kämäri et al. 2018; Lloyd et al. 2016).
Thus, hysteresis may have a notable effect on the local
calibration of sensors and may introduce bias into P
concentration estimates if turbidity is used as a proxy
for P. In Eurajoki, we demonstrated a difference as large
as 17% in the mean TP concentration estimates of a
large snowmelt event based on two optional sensor
calibration equations. This finding is consistent with
the work of Minaudo et al. (2017), who reported that
TP concentration estimates during high discharge epi-
sodes were subject to considerable uncertainty, depen-
dent on the storm event considered, as they used a
nonlinear model to convert turbidity into TP. A nonlin-
ear empirical modelling approach with hysteresis effects
included between TP and turbidity might improve the
modelling result but would require intensive grab sam-
pling and preferably use bankside analysers during sev-
eral storms (Minaudo et al. 2017). At some sites, im-
provements to the linear surrogate measures could be
achieved by employing spring snowmelt as a categorical
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explanatory variable according to Spackman Jones et al.
(2011). Stutter et al. (2017) found differing calibration
relationships between turbidity and PP at the rising and
falling limbs of a storm event hydrograph but also found
that the approach requires intensive water sample-based
monitoring. Potentially, storm classification and turbid-
ity sensor calibration based on storm type could improve
the calibration results, as suggested by Stutter et al.
(2017). The storm-type classification approach would
require the multi-year intensive sampling of a large
number of storms. It would be worth testing different
river sizes, especially if such calibrations were transfer-
able across catchments with similar soils and land use.
To date, site-specific calibrations have been judged to be
non-transferable between catchments (e.g., Stutter et al.
2017). However, our analysis suggested that the local
TP calibration model is transferable between the main
river and its tributary. It would be worth continuing
testing if a common calibration curve could be reason-
ably applied to similar catchments.

The local calibrations shown could be improved by
increasing the number of discrete samples collected
during high flow events. It is recommended that an
automated water sampler be applied since we showed
that regular environmental monitoring rarely captures
rapid high-concentration storm events. Potentially, sep-
arate calibrations for baseflow and stormflows could be
developed in the future in case a larger amount of data
clearly indicates a nonlinear relationship between
turbidity and TP.

On a monthly basis, the highest median RPD values
of the TP concentration estimates in the Aurajoki,
Savijoki and Yläneenjoki catchments were found in
April or May. The TP/TURB ratios were consistently
relatively low in April and May. Accordingly, PP/
TURB ratios were lower than average from April to
May at each site, reflecting snowmelt and flow change
impacts to some degree. In line with this, Stubblefield
et al. (2007) reported a decreased ratio between TP and
total suspended solids during increased spring flows. In
an earlier study, Spackman Jones et al. (2011) found that
the TP/TURB ratio varied between snowmelt and
baseflow conditions and reported a categorical variable
for spring snowmelt that was significant for TP
estimates.

The lowest TP and PP concentrations were system-
atically overestimated by the sensors. The relatively
large intercepts (13–90 μg L−1) of the linear TP regres-
sions when compared with minimum laboratory

concentrations were resulted in an overestimation of
the lowest TP concentrations. Some earlier study results
show relatively large intercepts in regression equations
for TP estimates (e.g., Christensen et al. 2002), and
Spackman Jones et al. (2011) reported a notable amount
of TP concentration estimates below a detection limit.
Thus, we suggest further studies on suitable solutions
for handling low concentrations in relation to surrogate
use in riverine in situ monitoring. In addition, the range
of the TP/TURB ratio increased considerably during low
turbidity conditions and introduced bias between TP
estimates and discrete TP samples. However, the mini-
mum P concentrations appeared during low flows; thus,
the bias in low flow P estimates likely does not have a
considerable impact on annual P load estimates.

The extensive long-term laboratory data only showed
a moderate correlation (rs = 0.4) between turbidity and
TP in Yläneenjoki. Seasonal catchment dynamics and
land-use practices introduced the most pronounced tem-
poral variation in the TP/TURB ratio since, from June to
the end of October, the mean TP/TURB ratio (mean =
8.1, SD = 6.9) was more than two times higher than the
mean of November–May (mean = 3.1, SD = 2.7). The
Yläneenjoki catchment has more poultry than the other
sites, and chicken manure is applied to fields in spring.
This may have potentially contributed to the occasion-
ally highly elevated TP/TURB ratios found during sum-
mer and early autumn. Overall, the TP/TURB ratio was
more stable in Aurajoki and Eurajoki than in Savijoki
and Yläneenjoki.

The influential samples had a varying impact on the
TP estimates. During autumnal high flows or spring
snowmelt events, the mean TP concentrations were
notably different, depending on the selected sensor cal-
ibration model. Thus, the performance of turbidity sen-
sors in estimating the TP concentration is questionable,
despite the high measurement frequency, if the temporal
variation in the TP and turbidity ratio is not captured
well enough with local TP estimation models at high
flow events that contribute a large share of annual
nutrient fluxes. A large Di in regression does not auto-
matically mean exclusion of a point from the regression,
but additional evaluation of the point’s influence on the
regression slope and intercept is needed.

The median TDP/TP ratio was the highest at
each site during the winter season, but we were
not able to generate a seasonally different relation-
ship between turbidity and TP since the variation
in the TDP/TP ratio was also large within seasons.
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Thus, short-term variation in the TDP/TP ratio
caused inaccuracy in the TP estimates generated
with the turbidity surrogate. This result is in line
with that presented by Lannergård et al. (2019),
who found that season was not a significant factor
in the relationship between high-frequency
turbidity and TP. The addition of discharge as an
additional explanatory variable for the P estimation
model might improve TP estimation at some sites.
Minaudo et al. (2017) used discharge as a proxy
of reactive P.

Variation in the TP/TURB and TDP/TP ratios
caused inaccuracy to the performance of the linear
P regression models, which is partly related to
hydrological conditions. These observed variations
likely also reflected local land-use practices and
temporal shifts in the transportation pathways of
TP compared with turbid matter; in addition, these
variations likely reflected the origin of the opera-
tional P fractions observed in river water. For
example, the organic matter content of turbid mat-
ter impacts P concentrations. P-rich organic matter
and fine sediments typically accumulate within the
reach during low flows and have been reported to
mobilise during high flow conditions (Evans et al.
2004). The slope of the linear regression model
between laboratory-determined TP and turbidity
was the highest as the TDP/TP ratio was large in
the Aurajoki site. The result indicates that period-
ically, part of P was transported in a form that
does not scatter light and was not detectable with
the nephelometric method. We observed that the
addition of TDP to the TP regression model as an
additional explanatory variable improved the
regression. Schilling et al. (2017) concluded that
in some rivers, the inclusion of orthophosphorus in
the TP regression model was less important, but at
other sites, it was critically important. However, it
is not possible to measure TDP continuously with
a UV-Vis probe, which hampers the usability of
TDP in the conversion of in situ sensor data into
TP estimates. Of the future developments, perhaps,
the best approach would be to have a high-
frequency P device that can directly measure the
P concentration of water in the field. Until then,
however, there is still a need to investigate the TP/
TURB ratio in waters with varying TDP concen-
trations. Further studies should focus on stormflow
events when the nutrient load is at its highest.

Conclusions

This study analyses how well TP and PP concentrations
can be captured with in situ high-frequency UV-Vis
turbidity sensors in rivers draining clay-dominated
catchments where TP and PP correlate with turbidity
to varying degrees. We found that turbidity is an equally
good proxy for PP and TP. Thus, the error statistics of
PP and TP estimates were quite similar. The median
difference between the discrete P samples and the high-
frequency P estimates ranged from 15 to 24% depend-
ing on the site considered. We presented the challenges
that are faced in the use of sensor turbidity as a proxy for
P in practice. Local sensor calibration is a crucial point
in cases where surrogates are used. Preferably, a large
number of discrete samples covering the entire range
and variation in turbidity and P concentration are need-
ed, but in practice, high flow events are rarely sampled
without an automated sampler. In addition, linear re-
gression and turbidity as a surrogate for P may introduce
a large bias, even in annual P load estimates when large
flow events comprise a considerable share of annual
water yield. We quantified that optional sensor calibra-
tions (i.e., with and without influential samples) intro-
duced a 17% difference into estimated mean TP con-
centrations during a snowmelt storm. However, for most
months, influential samples accounted for less than a
10% difference in the monthly mean TP concentration
estimates between two optional calibrations. To over-
come the lack of discrete samples with high P concen-
trations during sensor deployment, we additionally
analysed the relationship between turbidity and P based
on long-term discrete sampling (1990–2017). We
showed that the analyses of long-term data in parallel
with short-term in situ monitoring period data are useful
since they may, on the one hand, show an increased
applicability range of sensor calibrations or, on the other
hand, suggest that more sampling is needed for sensor
calibration. This approach is recommended as a com-
mon practice in local in situ sensor calibration.

The data suggested that linear regressions between
TP or PP and turbidity do not fully describe actual TP
and PP concentrations in the rivers. A large seasonal
variation in the relationship between turbidity and P
values, the hysteresis effect and the variation in the
TDP/TP ratio decreased the performance of the regres-
sion models. The RPD between discrete TP and PP
samples and estimated samples was large, especially at
low concentrations, since the constants of the calibration
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equations that determine the minimum concentration of
P estimates were larger than the minimum laboratory-
based P concentrations. The removal of influential ob-
servations improved the overall performance of the re-
gression models, but simultaneously, the representative-
ness of calibrations at the highest TP or PP concentra-
tions became uncertain. A large share of the annual P
load takes place during relatively short-term runoff
events during snowmelt and autumn; thus, it is crucial
to accurately estimate the high P concentrations during
these events. In the case where the regression model
does not adequately describe the high concentrations
during high flow events, the uncertainty of annual load
estimates may become unacceptable.

We recommend analysing the correlation and regres-
sions of turbidity with P based on intensive laboratory
analyses before investing in a turbidity sensor for the
purpose of monitoring the P concentration in rivers.
More research is needed to define better and cost-
effective surrogate calibration methods that could be
applied in national water quality monitoring
programmes. Research-based discussion on the accept-
able uncertainty of event-scale estimates, annual nutri-
ent concentration estimates or load estimates is also
encouraged.

Acknowledgements We would like to thank the anonymous
reviewer for the valuable comments that improved the manuscript.

Funding information Open access funding provided by Finn-
ish Environment Institute (SYKE). This study was funded by the
Ministry of Agriculture and Forestry as part of the monitoring
network MaaMet, the Finnish Environment Institute, the Centre
for Economic Development, Transport and the Environment for
Southwest Finland, and the Strategic Research Council of the
Academy of Finland (project 312650, BlueAdapt). Open access
funding was provided by the Finnish Environment Institute
(SYKE).

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in anymedium or format,
as long as you give appropriate credit to the original author(s) and
the source, provide a link to the Creative Commons licence, and
indicate if changes were made. The images or other third party
material in this article are included in the article's Creative Com-
mons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article's Creative Com-
mons licence and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain

permission directly from the copyright holder. To view a copy of
this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Aroviita, J., et al. (2012). Guidelines for the ecological and chem-
ical status classification of surface waters for 2012–2013 –
updated assessment criteria and their application.
Environmental Administration Guidelines 7/2012, Finnish
Environment Institute (SYKE): 144.

Christensen, V. G., Rasmussen, P. P., & Ziegler, A. C. (2002).
Real-timewater qualitymonitoring and regression analysis to
estimate nutrient and bacteria concentrations in Kansas
streams. Water Science and Technology, 45, 205–219.
https://doi.org/10.2166/wst.2002.0240.

Cook, R. D. (1977). Detection of influential observation in linear
regression. Technometrics, 19(1), 15–18.

Cook, R. D., & Weisberg, S. (1982). Residuals and influence in
regression. New York: Chapman and Hall.

Evans, D. J., Johnes, P. J., & Lawrence, D. S. (2004). Physico-
chemical controls on phosphorus cycling in two lowland
streams. Part 2–the sediment phase. Science of The Total
Environment, https://doi.org/10.1016/j.scitotenv.2004.02.023,
329, 165, 182.

Granlund, K., Räike, A., Ekholm, P., Rankinen, K., & Rekolainen,
S. (2005). Assessment of water protection targets for agricul-
tural nutrient loading in Finland. Journal of Hydrology, 304,
251–260. https://doi.org/10.1016/j.jhydrol.2004.07.033.

Grayson, R., Finlayson, B. L., Gippel, C., & Hart, B. (1996). The
potential of field turbidity measurements for the computation
of total phosphorus and suspended solids loads. Journal of
Environmental Management, 47, 257–267. https://doi.
org/10.1006/jema.1996.0051.

Hardison, C. H. (1969). Accuracy of streamflow characteristics, in
geological survey research: U.S. Geological Survey
Professional Paper, 650-D, D210–D214.

Haygarth, P. M., & Sharpley, A. N. (2000). Terminology for
phosphorus transfer. Journal of Environmental Quality,
29(1), 10–15.

Haygarth, P., Wood, F., Heathwaite, A., & Butler, P. (2005).
Phosphorus dynamics observed through increasing scales in
a nested headwater-to-river channel study. Science of the
Total Environment, 344, 83–106. https://doi.org/10.1016/j.
scitotenv.2005.02.007.

Hopkins, K. G., Loperfido, J. V., Craig, L. S., Noe, G. B., &
Hogan, D. M. (2017). Comparison of sediment and nutrient
export and runoff characteristics from watersheds with cen-
tralized versus distributed stormwater management. Journal
of Environmental Management, 203, 286–298. https://doi.
org/10.1016/j.jenvman.2017.07.067.

Horsburgh, J. S., Spackman Jones, A., Stevens, D. K., Tarboton,
D. G., & Mesner, N. O. (2010). A sensor network for high
frequency estimation of water quality constituent fluxes using
surrogates. Environmental Modelling & Software, 25, 1031–
1044. https://doi.org/10.1016/j.envsoft.2009.10.012.

House, W. A., & Denison, F. H. (2002). Total phosphorus content
of river sediments in relationship to calcium, iron and organic

366 Page 18 of 20 Environ Monit Assess (2020) 192: 366

https://doi.org/http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.2166/wst.2002.0240
https://doi.org/10.1016/j.scitotenv.2004.02.023
https://doi.org/10.1016/j.jhydrol.2004.07.033
https://doi.org/10.1006/jema.1996.0051
https://doi.org/10.1006/jema.1996.0051
https://doi.org/10.1016/j.scitotenv.2005.02.007
https://doi.org/10.1016/j.scitotenv.2005.02.007
https://doi.org/10.1016/j.jenvman.2017.07.067
https://doi.org/10.1016/j.jenvman.2017.07.067
https://doi.org/10.1016/j.envsoft.2009.10.012


matter concentrations. Science of the Total Environment,
282-283, 341–351. https://doi.org/10.1016/S0048-9697(01
)00923-8.

Johnes, P. J. (2007). Uncertainties in annual riverine phosphorus
load estimation: impact of load estimation methodology,
sampling frequency, baseflow index and catchment popula-
tion density. Journal of Hydrology, 332, 241–258.
https://doi.org/10.1016/j.jhydrol.2006.07.006.

Jordan, P., Arnscheidt, A., McGrogan, H., & McCormick, S.
(2007). Characterising phosphorus transfers in rural catch-
ments using a continuous bank-side analyser.Hydrology and
Earth System Sciences, 11, 372–381. https://doi.org/10.5194
/hess-11-372-2007.

Kämäri, M., Tattari, S., Lotsari, E., Koskiaho, J., & Lloyd, C. E.
M. (2018). High-frequency monitoring reveals seasonal and
event-scale water quality variation in a temporally frozen
river. Journal of Hydrology, 564, 619–639. https://doi.
org/10.1016/j.jhydrol.2018.07.037.

Kleinbaum, D. G., & Kupper, L. L. (1978). Applied Regression
analysis and other multivariable methods: Duxbury Press.

Korppoo, M., Huttunen, M., Huttunen, I., Piirainen, V., &
Vehviläinen, B. (2017). Simulation of bioavailable phospho-
rus and nitrogen loading in an agricultural river basin in
Finland using VEMALA v.3. Journal of Hydrology.
https://doi.org/10.1016/j.jhydrol.2017.03.050.

Koskiaho, J., Lepistö, A., Tattari, S., & Kirkkala, T. (2010). On-
line measurements provide more accurate estimates of nutri-
ent loading: a case of the Yläneenjoki river basin, southwest
Finland. Water Science & Technology -WST, 62, 115–122.
https://doi.org/10.2166/wst.2010.275.

Kutner, M. H., Nachtsheim, C. J., & Neter, J. (2004). Applied
linear regression models (4th ed.). Chicago: McGraw-Hill/
Irwin.

Lannergård, E. E., Ledesma, J. L. J., Fölster, J., & Futter, M. N.
(2019). An evaluation of high frequency turbidity as a proxy
for riverine total phosphorus concentrations. Science of the
Total Environment, 651, 103–113. https://doi.org/10.1016/j.
scitotenv.2018.09.127.

Lilja, H., Uusitalo, R., Yli-Halla, M., Nevalainen, R., Väänänen,
T., & Tamminen, P. (2006 ). Finnish soil database. Soil map
at scale 1:250,000 and properties of soil. MTT:n selvityksiä,
114, 70. (in Finnish, English abstract).

Lloyd, C. E. M., Freer, J. E., Johnes, P. J., & Collins, A. L. (2016).
Using hysteresis analysis of high-resolution water quality
monitoring data, including uncertainty, to infer controls on
nutrient and sediment transfer in catchments. Science of the
Total Environment, 543, 388–404. https://doi.org/10.1016/j.
scitotenv.2015.11.028.

Melcher, A. A., & Horsburgh, J. S. (2017). An urban observatory
for quantifying phosphorus and suspended solid loads in
combined natural and stormwater conveyances.
Environmental Monitoring and Assessment, 189, 285.
https://doi.org/10.1007/s10661-017-5974-7.

Minaudo, C., Dupas, R., Gascuel-Odoux, C., Fovet, O.,
Mellander, P.-E., Jordan, P., Shore, M., & Moatar, F.
(2017). Nonlinear empirical modeling to estimate phospho-
rus exports using continuous records of turbidity and dis-
charge. Water Resources Research, 53, 7590–7606.
https://doi.org/10.1002/2017WR020590.

Murphy, J., & Riley, J. P. (1962). A modified single solution
method for the determination of phosphate in natural waters.
Analytica Chimica Acta, 27, 31–36.

Nyberg, M. E., Österholm, P., & Nystrand,M. I. (2012). Impact of
acid sulfate soils on the geochemistry of rivers in south-
western Finland. Environmental Earth Sciences, 66, 157–
168. https://doi.org/10.1007/s12665-011-1216-4.

Outram, F. N., Lloyd, C.E.M., Jonczyk, J., Benskin, CMcWHs,
Grant, F., Perks, M.T., Deasy, C., Burke, S.P., Collins, A.L.,
Freer, J., Haygarth, P.M., Hiscock, K. M., Johnes, P. J., &
Lovett, A. L. (2014). High-frequency monitoring of nitrogen
and phosphorus response in three rural catchments to the end
of the 2011–2012 drought in England. Hydrology and Earth
System Sciences, https://doi.org/10.5194/hess-18-3429-2014,
18, 3429, 3448.

Pellerin, B. A., Bergamaschi, B.A., Downing, B.D., Saraceno,
J.F., Garrett, J. A., & Olsen, L. D. (2013). Optical techniques
for the determination of nitrate in environmental waters:
guidelines for instrument selection, operation, deployment,
maintenance, quality assurance, and data reporting. U.S.
Geological Survey Techniques and Methods 1-D5 (37 p.).

Pfannkuche, J., & Schmidt, A. (2003). Determination of
suspended particulate matter concentration from turbidity
measurements: particle size effects and calibration proce-
dures. Hydrological Processes, 17, 1951–1963. https://doi.
org/10.1002/hyp.1220.

Pirinen, P., Simola, H., Aalto, J., Kaukoranta, J.-P., Karlsson, P.,
& Ruuhela, R. (2012). Climatological statistics of Finland
1981–2010 (reports 2012:1). Helsinki, Finland: Finnish
Meteorological Institute.

Rasmussen, P. P., Gray, J. R., Glysson, G. D., & Ziegler, A. C.
(2009). Guidelines and procedures for computing time-series
suspended-sediment concentrations and loads from in-stream
turbidity-sensor and streamflow data: U.S. Geological
Survey Techniques and Methods book 3, chap. C4, 53 p.

Rekolainen, S., Posch, M., Kämäri, J., & Ekholm, P. (1991).
Evaluation of the accuracy and precision of annual phospho-
rus load estimates from two agricultural basins in Finland.
Journal of Hydrology, 128, 237–255. https://doi.org/10.1016
/0022-1694(91)90140-D.

Röman, E., Ekholm, P., Tattari, S., Koskiaho, J., & Kotamäki, N.
(2018). Catchment characteristics predicting nitrogen and
phosphorus losses in Finland. River Research and
Applications, 34, 397–405. https://doi.org/10.1002/rra.3264.

Ruzycki, E. M., Axler, R. P., Host, G. E., Henneck, J. R., & Will,
N. R. (2014). Estimating sediment and nutrient loads in four
western lake superior streams. JAWRA Journal of the
American Water Resources Association, 50, 1138–1154.
https://doi.org/10.1111/jawr.12175.

Schilling, K. E., Kim, S.-W., & Jones, C. S. (2017). Use of water
quality surrogates to estimate total phosphorus concentra-
tions in Iowa rivers. Journal of Hydrology: Regional
Studies. https://doi.org/10.1016/j.ejrh.2017.04.006.

Spackman Jones, A. S., Stevens, D. K., Horsburgh, J. S., &Mesner,
N. O. (2011). Surrogatemeasures for providing high frequency
estimates of total suspended solids and total phosphorus con-
centrations1. JAWRA Journal of the American Water
Resources Association, https://doi.org/10.1111/j.1752-
1688.2010.00505.x, 47, 239, 253.

Stubblefield, A. P., Reuter, J. E., Dahlgren, R. A., & Goldman, C.
R. (2007). Use of turbidometry to characterize suspended

Environ Monit Assess (2020) 192: 366 Page 19 of 20 366

https://doi.org/http://creativecommons.org/licenses/by/4.0/
https://doi.org/http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.jhydrol.2006.07.006
https://doi.org/10.5194/hess-11-372-2007
https://doi.org/10.5194/hess-11-372-2007
https://doi.org/10.1016/j.jhydrol.2018.07.037
https://doi.org/10.1016/j.jhydrol.2018.07.037
https://doi.org/10.1016/j.jhydrol.2017.03.050
https://doi.org/10.2166/wst.2010.275
https://doi.org/10.1016/j.scitotenv.2018.09.127
https://doi.org/10.1016/j.scitotenv.2018.09.127
https://doi.org/10.1016/j.scitotenv.2015.11.028
https://doi.org/10.1016/j.scitotenv.2015.11.028
https://doi.org/10.1007/s10661-017-5974-7
https://doi.org/10.1002/2017WR020590
https://doi.org/10.1007/s12665-011-1216-4
https://doi.org/10.5194/hess-18-3429-2014
https://doi.org/10.1002/hyp.1220
https://doi.org/10.1002/hyp.1220
https://doi.org/10.1016/0022-1694(91)90140-D
https://doi.org/10.1016/0022-1694(91)90140-D
https://doi.org/10.1002/rra.3264
https://doi.org/10.1111/jawr.12175
https://doi.org/10.1016/j.ejrh.2017.04.006
https://doi.org/10.1111/j.1752-1688.2010.00505.x
https://doi.org/10.1111/j.1752-1688.2010.00505.x


sediment and phosphorus fluxes in the Lake Tahoe basin,
California, USA. Hydrological Processes, 21, 281–291.
https://doi.org/10.1002/hyp.6234.

Stutter, M., Dawson, J. J., Glendell, M., Napier, F., Potts, J. M.,
Sample, J., et al. (2017). Evaluating the use of in-situ turbid-
ity measurements to quantify fluvial sediment and phospho-
rus concentrations and fluxes in agricultural streams. Science
of the Total Environment, 607-608, 391–402. https://doi.
org/10.1016/j.scitotenv.2017.07.013.

Tattari, S., Koskiaho, J., Kosunen, M., Lepistö, A., Linjama, J., &
Puustinen, M. (2017). Nutrient loads from agricultural and
forested areas in Finland from 1981 up to 2010—can the
efficiency of undertaken water protection measures seen?
Environmental Monitoring and Assessment, 189, 95.
https://doi.org/10.1007/s10661-017-5791-z.

Ulén, B., & Persson, K. (1999). Field-scale phosphorus losses
from a drained clay soil in Sweden. Hydrological
Processes, 13, 2801–2812. https://doi.org/10.1002
/(SICI)1099-1085(19991215)13:17%3C2801::AID-
HYP900%3E3.0.CO;2-G.

Uusitalo, R., Turtola, E., & Grönroos, J. (2007). Finnish trends in
phosphorus balances and soil test phosphorus. Agricultural
and Food Science, 16, 301. https://doi.org/10.2137
/145960607784125339.

Valkama, P., & Ruth, O. (2017). Impact of calculation method,
sampling frequency and hysteresis on suspended solids and
total phosphorus load estimations in cold climate.Hydrology

Research, 48, 1594–1610. https://doi.org/10.2166
/nh.2017.199.

Van der Perk, M., Owens, P. N., Deeks, L. K., Rawlins, B. G.,
Haygarth, P. M., & Beven, K. J. (2007). Controls on
catchment-scale patterns of phosphorus in soil, streambed
sediment, and stream water. Journal of Environmental
Quality, 36, 694–708. https://doi.org/10.2134/jeq2006.0175.

Ventelä, A.-M., Tarvainen, M., Helminen, H., & Sarvala, J.
(2007). Long-term management of Pyhäjärvi (southwest
Finland): eutrophication, restoration – recovery? Lake and
Reservoir Management, 23, 428–438. https://doi.
org/10.1080/07438140709354028.

Villa, A., Fölster, J., & Kyllmar, K. (2019). Determining
suspended solids and total phosphorus from turbidity: com-
parison of high-frequency sampling with conventional mon-
itoring methods. Environmental Monitoring and Assessment,
191, 605. https://doi.org/10.1007/s10661-019-7775-7.

Vuorenmaa, J., Rekolainen, S., Lepistö, A., Kenttämies, K., &
Kauppila, P. (2002). Losses of nitrogen and phosphorus from
agricultural and forest areas in Finland during the 1980s and
1990s. Environmental Monitoring and Assessment, 76, 213–
248. https://doi.org/10.1023/A:1015584014417.

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional
affiliations.

366 Page 20 of 20 Environ Monit Assess (2020) 192: 366

https://doi.org/10.1002/hyp.6234
https://doi.org/10.1016/j.scitotenv.2017.07.013
https://doi.org/10.1016/j.scitotenv.2017.07.013
https://doi.org/10.1007/s10661-017-5791-z
https://doi.org/10.1002/(SICI)1099-1085(19991215)13:17%3C2801::AID-HYP900%3E3.0.CO;2-G
https://doi.org/10.1002/(SICI)1099-1085(19991215)13:17%3C2801::AID-HYP900%3E3.0.CO;2-G
https://doi.org/10.1002/(SICI)1099-1085(19991215)13:17%3C2801::AID-HYP900%3E3.0.CO;2-G
https://doi.org/10.2137/145960607784125339
https://doi.org/10.2137/145960607784125339
https://doi.org/10.2166/nh.2017.199
https://doi.org/10.2166/nh.2017.199
https://doi.org/10.2134/jeq2006.0175
https://doi.org/10.1080/07438140709354028
https://doi.org/10.1080/07438140709354028
https://doi.org/10.1007/s10661-019-7775-7
https://doi.org/10.1023/A:1015584014417

	High-frequency...
	Abstract
	Introduction
	Study areas
	Data and methods
	Discrete water samples and laboratory analyses
	In situ optical turbidity measurements
	Statistical analysis

	Results
	The quality and applicability of TP and PP estimates of the in situ turbidity sensors
	The Aurajoki River
	The Savijoki River
	The Eurajoki River
	The Yläneenjoki River
	Turbidity as a surrogate for TP and PP based on discrete water sample data
	Potentially influential water samples
	Transferability of local sensor calibration between sites
	The impact of TDP on the surrogate relationship between turbidity and TP based on grab samples
	TDP as an additional explanatory variable in TP estimation

	Discussion
	Conclusions
	References


