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Abstract

In the context of participatory monitoring projects in hydrology, the collection of water
level data by laypersons is used as a simple and cost-effective alternative to auto-
matic water level sensors, especially in poorly gauged catchments in remote areas of
countries in the Global South. Such data can be used for the development of hydro-
logical models to support water resources management. However, a common prob-
lem with participatory monitoring approaches is the irregularity of data collection and
its decreasing frequency over time. Determining the amount and timing of data col-
lection required for satisfactory model calibration is critical. To investigate this further,
we examined daily water levels from a four-year project in western Kenya. We set up
scenarios that represented datasets of different lengths and seasonal starting points
for measurements. These scenarios were then used to calibrate a simple rainfall-
runoff model. The data were supplemented with satellite data on evapotranspiration
to improve the simulated water balance. The model runs were filtered using a water
balance filter, and the Kling-Gupta-Efficiency (KGE) was used to compare model effi-
ciencies. While a single month of water level data collected during the rainy seasons
was sufficient to achieve good model performance (KGE = 0.75), several months of
data were required for simulations starting in the dry seasons. Similar results were
found for the validation period, with lower overall model performance (KGE = 0.6).
Water level data collected during high flows generally led to an improvement in model
performance compared to data collected during low flows. However, after a certain
threshold, more water level data did not lead to further substantial model improve-
ment. Based on the analysis of different datasets, this study demonstrated that short-
term participatory monitoring programs that collect water level data during the wet
season have the potential to provide sufficient input to calibrate a hydrological model.
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1. Introduction

Climate and land use changes can greatly impact the hydrological cycle [1]. The
consequences could threaten established water use pathways for both society and
nature and affect water-related ecosystem services. Efforts to achieve the Sustain-
able Development Goals (SDGs) defined in the United Nations’ Agenda 2030 [2],
such as SDG 6 on ensuring water availability for all, could be compromised as a
result. This could be a particular threat to countries in the Global South [3], which lack
the resources to ensure that the goals are met [4-7].

Modelling catchment behavior provides a means of assessing the impacts of
global change. This in turn enables the development of sustainable water manage-
ment strategies. However, hydrological models require data to operate. Such data
can be scarce, as data collection is costly. While low-income countries in particular
suffer from inadequate data availability, a global decline in monitoring networks has
been observed [5-7]. A recent analysis of the occurrence of river gauges showed that
there is a strong bias towards an abundance of gauging stations in North America,
Europe, Australia, Chile, Brazil, Japan and parts of India, and large, almost blank
areas in Africa, Latin America and Asia [8].

As a result, alternative methods for collecting the necessary hydro-meteorological
data have been increasingly explored recently, but the focus of these studies has
been predominantly in high-income countries such as North America or Europe [7,9].
In addition to using remotely sensed data for meteorological and discharge data
[10-13], studies have also investigated the use of cameras [14,15], social media [16],
the mobile phone network [17], or private web-connected weather stations [18,19] to
collect the required information.

Another alternative is the use of “citizen science”, in which the general public is
involved in scientific research in various ways [7,20]. Participatory monitoring (PM)
can be considered as a subcategory of this, where laypersons only collect data, while
data analysis remains with experts [21,22]. The involvement of the general public
shows great potential and there has been increased research into whether PM data
can improve the data availability in poorly gauged basins [23—26]. Potential chal-
lenges include the complexity of the measurements [27] or temporal and spatial cov-
erage of PM data, which may vary due to different sampling designs and willingness
to participate [9]. This may result in irregular measurement frequency and overall
fewer measurements compared to, for example, automatic sensors.

While high-quality discharge measurements remain complex to carry out for
the layperson, it has been shown that water level data in particular can be eas-
ily collected by citizens with high accuracy either using physical staff gauges
[24,27,28] or virtual staff gauges using a smartphone application [29—-31]. As
discharge is directly related to water level, these data can also be used for hydro-
logical modelling [25,29,32-34]. For example, Weeser et al. [25] were able to cal-
ibrate a simple rainfall-runoff model in a headwater catchment in western Kenya
using one year of PM water level data. The PM data covered 75% of all days in
the calibration period and were characterized by a low measurement error. This
demonstrates a common feature of many PM projects focusing on water level
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measurements: participants measure less frequently and more irregularly compared to automatic sensors. However,
the data is often of high quality [9].

Several studies have shown that model calibration does not necessarily require continuous data [25,34—36]. Therefore,
it would be beneficial to determine the amount of data required to ensure reliable model calibration. Different studies have
investigated the importance of spatial and temporal resolution of hydrological data for model calibration and validation and
concluded that, while higher resolution can improve model results, this enhancement is not guaranteed [37—40]. Unusual

choice of model parameters [35]. Therefore, not all data in a time series contribute equally to determining the most behav-
ioral model parameters for a given model structure.

As water level data are considered a valuable alternative when discharge data are not available [33,34], the same is
true for PM water level data [25]. So far, only artificial PM data sets derived from automatic sensor data have been used
for such analyses [29,46]. Hence, this study aims to test how many daily PM water level measurements are required
to achieve a good calibration performance with a particular hydrological model applied in a small catchment located in
Kenya. For this several scenarios were developed to represent different amounts of PM water level data at different times
of the hydrological year. With this, a critical contribution can be made to the design of efficient future PM projects under
similar conditions.

2. Materials and methods
2.1. Study area and data

During a four-year PM field campaign in the Sondu-Miriu River basin in western Kenya (0.35°S; 35.5°E WGS 1984), water
level measurements were collected through PM at 13 gauging stations [24]. Kenya’s largest indigenous closed-canopy
forest, the Mau Forest, makes up a large proportion of the area [24]. This area provides critical water-related ecosystem
services, such as water storage and river flow [47] which are threatened by continued forest loss and degradation [48].
This could potentially jeopardize the achievement of the SDG 6 targets in the region. For this study, we used data from the
station with the highest temporal coverage of water level data (January 2016 — April 2020) covering a catchment area of
27.4 km? [25].

Most of the catchment is characterized by smallholder farms with a mix of annual crops, woodlands, forests, and pas-
tures [25]. The soils in the study area are characterized as deep and well drained and fall under the classification of Humic
Nitisols and Mollic Andosols [49]. Due to the movement of the Intertropical Convergence Zone, the rainfall pattern of the
area is characterized by two rainy seasons per year [50].

Air temperature and precipitation were collected at 10-minute intervals from an automatic weather station
(ECRN-100 high resolution rain gauge and VP-3 sensor, Decagon Devices, Pullman WA, USA) located 100 m north-
west of the catchment outlet. In addition, precipitation was recorded at two other sites located in the center and upper
parts of the catchment using tipping buckets (Theodor Friedrichs, Schenefeld, Germany). Area-weighted precipitation
was calculated using Thiessen polygons excluding stations with data gaps by adjusting the weights of the remaining
stations. Precipitation and air temperature were then aggregated in daily steps. Smaller gaps in the air temperature
dataset up to seven days (1% of the data), were filled using linear interpolation. Two larger gaps from 18" June 2016—
18™ July 2016 and 12" to 315t March 2020 were filled by averaging values of the previous and following years. Daily
minimum, maximum and mean temperatures plus the extraterrestrial radiation were used to calculate annual poten-
tial evapotranspiration (ETpot) was calculated using the Hargreaves equation [51]. At the outlet, participants manually
measured the water level using a physical water level gauge [24]. A signboard within sight of the water level gauge
explained the monitoring and data submission process using a combination of pictures and instructions in English and

PLOS Water | https://doi.org/10.137 1/journal.pwat.0000405 September 23, 2025 3/21




PLO?%. Water

Swahili [24]. Measurements were sent by participants to a local server via SMS. The measurement campaign at this
site resulted in 819 valid individual measurements (covering 56% of all days in the simulation period from April 2016 to
April 2020). Two obvious outliers were removed.

To evaluate the quality of laypersons’ measurements, water level was additionally measured every ten minutes with
a radar sensor (VEGAPULS WL61, VEGA Grieshaber KG, Schiltach, Germany) 20 m upstream of the staff gauge. The
radar-based water level data and the measurements by the participants show a very high correlation with Pearson r=0.96
(S1 Table). Together with manual discharge measurements (n=86) using the salt dilution method and an Acoustic Dop-
pler Current Profiler (RiverSurveyor S5, SonTek, San Diego CA, USA), these values were used to develop a rating curve
(Equation 1) to calculate discharge as described by Jacobs et al. [52].

0.0973-1.892-h+6.923-h?, h>0.236 m 2
Q= , LR = 098

Where Q=measured discharge (m® s') and h=water level (m).

Small data gaps, up to two days, in discharge and radar-based water level data were filled using linear interpola-
tion (0.1% of the data). A larger gap of 32 days between 12" September 2019 and 14" October 2019 was filled using a
random forest regression algorithm [53,54], using the open source Python package Scikit-learn [55]. This was possible
because both the discharge and radar-based water level data and the PM water level data show a high degree of agree-
ment (Pearsonq_wl=0.96 and Pearsonwl_pmiwl=0.96). The hydro-meteorological data of the simulation period are shown in

Fig 1.

2.2. Model setup

The rainfall-runoff model with daily time steps follows the concept of Weeser et al. [25], who used the Python package
“Catchment Modelling Framework” (CMF) [56] to develop a 5-parameter lumped conceptual model (Fig 2) based on the
understanding of the hydrological processes in the catchment described in Jacobs et al. [57].

Incoming precipitation either infiltrates into a storage box or forms direct runoff by saturation excess. From the storage
box, water is released either to the outlet using the normalized water volume raised to a power (Equation 2) or to the
atmosphere by evapotranspiration calculated based on potential evapotranspiration. Surface runoff and water discharging
from the storage box sums up to streamflow.

B
Qout = QO <\\//>
0 (2)

where q_, = outflow from storage box into outlet, Q =reference runoff when storage contains the reference volume Vo, V =
actual water volume stored in the box, V = Reference volume of the box representing maximum storage capacity and 3 =
kinematic flow curve shape exponent.

A set of a priori model parameter ranges (Table 1), originally defined by Weeser et al. [25] and based on expert knowl-
edge from previous comparable model applications and exploratory data analysis was used for this study.

Model parameter uncertainties were evaluated using a Latin Hypercube-based approach [58] with 10° parameter sets
using the open source Python package SPOTPY [59].

2.3. Model calibration and validation

The dataset was divided into a warm-up period (1%t January 2016-31%t March 2016), a three-year calibration period (1¢
April 2016—31st March 2019) and a one-year validation period (1t April 2019—-31st March 2020) (Table 2).
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Fig 1. Measured hydro-meteorological data from January 2016 to April 2020: Daily mean areal weighted precipitation using Thiessen-Poly-
gons (A), discharge (B), radar-based water level (C) and participatory monitoring (PM) water level (D).

https://doi.org/10.1371/journal.pwat.0000405.9g001

The Kling-Gupta-Efficiency (KGE, Equation 3) [60] was used to evaluate model performance.

i 2 . 2
KGE =1- (r_1)2_|_(_03’m_1) +(M51m_1)
Oobs Hobs 3)

where r = linear correlation between observations and simulations, o= standard deviation in simulations, o5 = standard
deviation in observations, usim = simulation mean and pops = observation mean.

KGE is a decomposition of the commonly used Nash-Sutcliffe-Efficiency (NSE) [61] to overcome problems such as
volume balance errors in basins with high runoff variability [60]. To calibrate the model on water level data, the Spearman
Rank correlation (Rspear) [62] was used [33] (S1 Table). R pcor F@Nges between -1 and 1 and reflects the similarity between
the dynamics of observed discharge and water levels [33]. Since RSpear values close to 1 indicate a strictly monotonous
relationship between observed discharge and water level, it does not ensure correct total discharge volumes [33]. There-
fore, even a perfect fit of the model with Rspear=1 using water level readings to calibrate the model may result in an over-
or underestimation of the respective discharge [33]. This means that setting a threshold for behavioral parameter sets
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Fig 2. Schematic overview of the model structure, where CMF processes are written in bold and their corresponding parameters in italic
letters (own illustration adapted from [25]).

https://doi.org/10.1371/journal.pwat.0000405.9002

Table 1. Model parameters and a priori ranges.

Name Meaning Unit a priori range

Min Max
B Kinematic flow curve shape exponent - 1 6
Q, Reference runoff when storage contains the reference volume V, mm day"’' 0.01 1,000
\A Reference volume where storage runoff is equal to Q, - 100 3,000
fETV, Scaling factor for potential evapotranspiration - 0.01 0.8
W, Saturation, where half of the catchment is saturated - 0.1 0.9

https://doi.org/10.1371/journal.pwat.0000405.t001

Table 2. Averaged annual hydro-meteorological data for the calibration and validation period in the study area. ETpm=potentiaI evapotranspi-
ration calculated using the Hargreaves equation.

Period Discharge (mm) Precipitation (mm) Mean Air Temperature (°C)? ET , (mm)
01 April 2016-31 March 2019 579 1,494 14.5 1,538
01 April 2019-31 March 2020 566 1,904 14.5 1,488

a) measured at the weather station at the catchment outlet, std=1.45 (°C)

https://doi.org/10.1371/journal.pwat.0000405.t002

cannot be defined as in a KGE-based calibration. Instead, we ranked all model runs with regard to their R and

spear

selected

the top 0.5%, similar to Weeser et al. [25]. For the validation period, all accepted parameter sets from the calibration

period were used.

2.4. Water balance filter

To compensate for possible over- or underestimation of the modelled discharge and to ensure that the models are not
completely out of range, Weeser et al. [25] introduced an annual water balance filter. This was considered necessary,

because R

spear

does not reflect absolute discharge volumes [33].
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The filter was applied according to the three-year calibration period (1%t April 2016—31%t March 2019). The balance was
calculated from observed precipitation minus mean actual evapotranspiration (ET_ ) retrieved from the MODerate Reso-
lution Imaging Spectroradiometer (MODIS). An ET_, of 2,995 mm for the three years was calculated using the MOD16A2
Collection 6 Global Evapotranspiration Product [63]. This dataset provides evapotranspiration data in the form of scaled
tiles, with an eight-day temporal resolution and a spatial resolution of 500 meters [63]. To calculate ET__, the tiles within
the three-year calibration period were clipped and averaged to the catchment area. As the values of the image tiles have
been scaled, they need to be multiplied by a scaling factor of 0.1 in order to restore them to their original values. The val-
ues of the tiles are then summed up.

This MODIS-derived ET_ is comparable (+ 8.3%) to the ET_ , sum of 2,745mm for the three-year calibration period,
which was calculated from the difference of measured precipitation and calculated runoff. Possible changes in water bal-
ance storage were considered to be small enough to be ignored [64].

A subjective confidence interval of +/-25% was added to account for possible measurement errors, storage changes
and unknown uncertainties. This confidence interval is comparable to other studies [25,65,66]. Based on this assumption,
the true ET_, therefore likely ranged from 2,245 mm to 3,742 mm. Subtracting this range from the measured precipita-
tion of 4,482 mm resulted in a discharge range of 739mm to 2,236 mm for the three years. Therefore, all model runs that
resulted in total discharge values outside of this range were discarded.

2.5. Data availability scenarios

To be able to assess the influence of the duration and timing of data collection on model performance, we developed sce-
narios representing datasets of different length and seasonal starting points of measurements. To avoid the potential influ-
ence of the irregularity of the citizen science measurements, resulting in differences in the number of measurements per
month over time, and to ensure comparability, we needed to reduce data asynchrony and establish a baseline PM dataset
of daily measurements. To accomplish this, we took advantage of the high correlation between PM and radar-based water
level data (Pearson r=0.96). We used a random forest based regression model [53-55] to generate this baseline dataset
with daily measurements. The model was trained with the available PM and radar-based water level data. We then used
this model to predict the remaining 44% of days without PM measurements during the simulation period. The random
forest regression model achieved a prediction accuracy of 0.96 (Fig 3). Given this, we consider the predicted values to be
comparable to the original measurements provided by the participants.
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Fig 3. Baseline PM dataset of daily water level data in the simulation period (April 2016 — April 2020), showing the measured PM values and
values estimated through random forest regression.

https://doi.org/10.1371/journal.pwat.0000405.9003
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This baseline PM dataset was used to develop different scenarios of varying data availability to analyze the influence
of varying amounts of water level data and the timing in the hydrological cycle on model credibility. Because high-flow
conditions (higher discharge and higher water levels) appear to be more valuable for calibration than baseflow events
parability and to limit random effects, six starting points, three in wet and three in dry conditions (one per season per year)
were defined by analyzing rainfall, discharge and water level during the calibration period (Fig 4).

A wet period is characterized by frequent rainfall, high discharge and high water levels. In this study, the onset of a wet
period was determined to begin when discharge exceeds 4 mm day™"'. Dry periods are characterized by minimal to no rain-
fall, low discharge and low water levels. The starting point was set following the last local peak in discharge (b: 0.47 mm
day™', d: 0.91mm day™" and f: 0.36 mm day™") of a wet period (see Fig 4).

Data availability scenarios were developed by increasing the length of the dataset from each starting point (a-f) with
monthly increments. For example, scenario a1 is a 1-month dataset starting at starting point a, while scenario c4 is a
4-month dataset start at starting point c. The number of scenarios per starting point corresponds to the maximum number
of months from the respective starting point to the end of the calibration period (Table 3). For ease of reference scenarios
based on a, ¢ and e are also referred to below as “wet scenarios” because they start under wet conditions, while b, d and
f are referred to as “dry scenarios” accordingly. Due to the increasing amount of PM water level data considered for each
scenario, “wet scenarios” with more data may also include data from dry periods (lower water levels) and “dry scenarios”
vice versa.
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Fig 4. Overview of A) precipitation, B) discharge and C) baseline PM water level data in the calibration period (April 2016 — April 2019) with six
different scenario starting points, n=3 in wet seasons (a, ¢ and e) and n=3 in dry seasons (b, d and f).

https://doi.org/10.1371/journal.pwat.0000405.9004
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Table 3. Scenario groups and number of scenarios based on the different starting points.

Scenario group Starting month Conditions Number of scenarios
a 05/2016 wet 34

b 11/2016 dry 28

c 08/2017 wet 19

d 12/2017 dry 15

e 04/2018 wet 11

f 12/2018 dry 3

Total number of scenarios 110

https://doi.org/10.1371/journal.pwat.0000405.t003

A scenario was considered suitable for model calibration if KGE ___ (average of the 500 best KGE values within the
applied water balance filter) = 0.75 [60,67—69]. As a benchmark, the model was calibrated with the original PM dataset,
the baseline PM dataset and the radar water level dataset. Calibration was carried out for these datasets with and without
applying the water balance filter to assess the added value of the filter.

In order to compare the differences and similarities between the different scenario groups, the uncertainty of each

model parameter and its contribution to the individual model performance (KGE) was analyzed.

3. Results
3.1. Comparison with original and radar-based dataset and impact of the water balance filter

Using the original PM dataset (KGE__, =0.52), the baseline PM dataset (KGE, . =0.51) and the radar-based water

level dataset (KGE,__. =0.53) for model calibration revealed similar model performances. By applying the water balance
filter on these calibration schemes the model performance improved considerably for all schemes at a similar magnitude
(original PM dataset=0.73, PM baseline dataset=0.75, radar-based dataset=0.74). Considering the positive effect of the
water balance filter and the marginal difference in calibration performance between the original and baseline dataset, only
filtered scenario results (KGE and parameter values) are presented in the following sections, which are all based on the
gap-filled baseline PM dataset.

3.2. Scenario calibration and validation

The KGE, _,. of the scenarios showed noticeable differences with wet scenarios ranging from 0.51 to 0.85, while the dry
ones ranged from 0.24 to 0.82 (Fig 5).

The mean values differed significantly between wet and dry scenarios with 0.75 (a), 0.81 (c) and 0.82 (e) compared
to 0.58 (b), 0.66 (d) and 0.67 (f). Differences between the scenario groups were evaluated using with the Mann-Whitney
U test [70], which showed a statistically significant difference between groups a-b (p<0.001), c-d (p<0.01) and e-f
(p=0.048).

Looking at the individual values for each scenario (Fig 6), it was observed that the wet scenarios already meet the
condition (KGE__, 20.75) when calibrating on one month of available data (with a1=0.79, c1=0.83 and e1=0.80). The
highest overall calibration efficiency was achieved with scenarios ¢5 and c6 (0.85), and the lowest with b7 (0.24).

Using more data did not necessarily improve model performance, which can be observed for all scenario groups (a), (c)
and (e). For example, scenarios based on group (a) maintain model performances around 0.8 when calibrated on data for
up to 10 months (a10). The subsequent decline coincides with the onset of the dry season and decreasing water levels.
Results for scenarios groups (¢) and (e) were more stable around 0.8 and showed smaller decreases when water levels
fell around 12/2017 and 10/2018, respectively. Scenarios (b), (d) and (f), which started under dry conditions did not show
such a clear trend. All scenario groups were characterized by different efficiencies with a substantial dynamic of increasing
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and decreasing values. Most striking was the long-lasting low model performance of scenario group (b), induced by the
long dry spell from 12/2016—08/2017. Also noticeable are the outliers of the efficiency in d3 as well as f2. Overall, it can be
observed that the model efficiency (for both wet and dry) saturates over time at around 0.76 - 0.79 and even long datasets
(> 24 months) did not lead to a clear improvement of the model performance.

The validation results showed a similar pattern to the calibration results (Fig 7). While the overall KGE___values were

mean

lower, there was again a clear difference between wet and dry scenarios, although less pronounced than in the calibration.
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Wet scenarios ranged from 0.39 to 0.67, while dry scenarios ranged from -0.16 to 0.66. The means differed slightly
less between wet and dry scenarios at 0.6 (a), 0.62 (c) and 0.63 (e) in comparison to 0.5 (b), 0.54 (d) and 0.27 (f). The
Mann-Whitney U test again showed a statistically significant difference between the groups of a-b (p-value=0.002), c-d
(p-value=0.03) and e-f (p-value=0.01). The individual KGE___ values of the scenarios confirm this (Fig 8).

Wet scenarios with few months of data again had higher values than the corresponding dry scenarios. Similar to
the calibration, it can be observed that the KGE,___ values did not improve further after a certain point (12 months) and
remained around 0.65. Again, an increasing amount of PM water level data could only lead to a significant improvement in
model performance for the dry season scenarios.

3.3. Parameter uncertainty

To assess parameter uncertainty and their influence on model performance, individual parameter values of each sce-
nario were plotted against their corresponding KGE values using dotty plots. Note that only filtered model parameters are
displayed.

0.7

0.6 Q

KGEmean

0.5

0.4

0.3

0.2

H e.

o
’
m

L

8
<©

Q%‘:&iaggagé
=

Scenarios:

5] a
0.1

0.0

Scenarios

value. Note: model runs for scenario b1 were dis-

mean

Fig 8. Validation results for the different scenario parameter sets and the resulting KGE
carded due to not fulfillment of water balance filter.

https://doi.org/10.1371/journal.pwat.0000405.9008

PLOS Water | https://doi.org/10.137 1/journal.pwat.0000405 September 23, 2025 11721



https://doi.org/10.1371/journal.pwat.0000405.g007
https://doi.org/10.1371/journal.pwat.0000405.g008

PLO&&. Water

For wet scenarios, parameters V and fETV, show clear optimal ranges with 500—1000mm and 0.1 to 0.2, respectively
(Fig 9).

Contrasting, Q, and W, , were not constrained at all. The behavior of  was somewhat intermediate, depicting a ten-
dency towards constraint at values of 5-6. However, the patterns among the scenario families of (a, c, f) were somewhat
different. Scenarios based on group (a) showed a generally larger variability of KGE going down as low as 0.1, while
scenario families (c) and (e) outperformed (a) with KGE ranging from 0.6 to 0.95.

When comparing the parameter sensitivity of the dry scenarios (b, d, f), some similar patterns could be recognized, but
there were also clear differences (Fig 10).
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Fig 9. Parameter values and the corresponding KGE values of the filtered respective model runs for wet scenarios based on threshold a, c
and e. Different shades indicate the different scenarios.
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Most striking was the larger range of KGE for similar parameter values, while for the wet scenarios this was only found
for (a). In general, dry scenarios which considered fewer PM water level data (light red), showed wider parameter ranges
and possible KGE values, than those containing more data (dark red).

For scenario groups (b) and (d) parameter 3 showed a higher tendency towards constraint with higher values than
scenarios (a, ¢, e). Parameter values for scenario group (f) did not show such a clear trend. For parameter Q, there was
no trend at all, while for V and fETV,, low parameter values led to higher KGE. Scenario groups (f) only included medium
(around 0.5) values for parameter W, , and groups (b) and (d) only included higher values, but the corresponding KGE
values covered a wide range. Scenario f2, which can be considered an outlier in model performance, showed significantly
different parameter values than the other two scenarios of (f).
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The general findings of the scenario analysis were also confirmed by the parameter uncertainties. For example,
parameters for (a) show high KGE values for the first scenarios (a1 - a10), while the parameter ranges were much wider
(including lower KGE values) for scenarios that contain the period 05/2017—-09/2017 (e.g., a11 to a17). The parameters
of the final scenarios (a18 - a34) clustered in a specific range of parameter values with higher associated KGE values.
Parameters of dry scenarios with high KGE showed a similar accumulation. Scenario f2, on the other hand, had an outlier
tendency, with clearly distinct parameter ranges compared to scenarios f1 and f3, which showed a distribution similar to
those of the lower (b) and (d) scenarios.

4. Discussion

Based on the results of this study, it could be argued that short-term PM projects aimed at collecting water level data
during the wet season can be sufficient for the development of reliable hydrological models. Although most PM studies in
hydrology have been conducted in North America and Europe, this could also be a feasible approach for countries in the
Global South [3,9]. There is also still considerable potential [71] for regions of the Global South, such as the study area,
to use a PM approach to address subobjectives of SDG 6, such as 6.5 (Implement integrated water resources manage-
ment), 6.a (Expand Water and sanitation support to developing countries) and 6.b (support local engagement in water
and sanitation management) [2], as these countries might lack the resources to ensure it [4—7]. This work particularly
represents an important contribution to subobjective 6.b, as it shows how such PM projects can help to involve the local
community. Nevertheless, this will not fully address the overall shortage of hydrometeorological data in many of these
countries.

4.1. How much PM data is required for model calibration?

The analyses of different scenarios of PM water level data for model calibration and validation provided valuable informa-
tion on how much water level data is required for a well-calibrated hydrological model for applications in similar small tropi-
cal catchments. The results showed that a small number of daily measurements collected by laypersons can already be
sufficient for high model performance if collected at the right time of the hydrological year. Based on our results, the best
model performance is obtained when data is collected during a wet period with high flow conditions, i.e., high variability of
water levels.

These general findings of our study are in line with previous studies that have investigated how many discharge
concluded that about 32 discharge measurements were sufficient for model calibration in several Swedish catch-
ments, which strongly agrees with our results. In the case of Etter et al. [29], PM data were artificially calculated from
real water level measurements in several Swiss catchments. Here, weekly values for a 1-year period were suffi-
cient. In contrast, a study conducted in several catchments in eastern Australia using automatic sensor discharge
data revealed a more complex picture. While for some winter rainfall dominant regions 20 years of data prior to the
prediction lead to best results, catchments with more uniformly distributed rainfall data from individual months was
sufficient [72].

4.2. Influence of data from dry and wet seasons

In particular, data from wet periods provide more valuable information for parameter selection because they cover more
dynamics of the water cycle and represent different hydrological processes and catchment behavior. In our case study,
only one month of data collected during wet periods was sufficient for good model performance. Similarly, Van Meerveld et
al. [34] converted continuous discharge data from the United States into discrete water level classes and concluded that

a few water level classes are sufficient for discharge simulation. For scenarios starting in the dry season, considerably
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more measurements were required to achieve similar results. However, adding more daily water level measurements

was not automatically associated with better model performance. In fact, including more measurements taken during low
flows actually worsened model performance. The reduced value of lower water levels (without strong dynamics) for model
calibration was already pointed out by Seibert and Vis [33] who concluded that water levels alone may not be sufficient for
model calibration in drier catchments.

The importance of high discharge or water level data for calibration has also been found by others [32,34,35,73]. For
example, a study by Huang and Bardossy [73] investigated several catchments in the eastern United States and found a
higher correlation between peak flow and high flow data and higher model performance. However, in contrast to our find-
ings, they determined that approximately 10 years of data are required for calibration in order to achieve very good results
for validation [73].

Jian et al. [32], identified that water level measurements at the 95" quantile are more suitable for identifying dynamics
of discharge. Furthermore, a study by Rahbeh et al. [74], which analyzed a multi-year dataset, concluded that the use
of discharge from wetter years leads to overall better results for hydrological model performance. Considering that other
studies have come to the same conclusions about the importance of high flow conditions for better model performance, it
can be assumed that our chosen thresholds for identifying the onset of wet and dry periods were appropriate. When com-
paring the results of the scenario groups with respect to which time period is included in the scenarios, general patterns
in terms of the required amount of PM water level data for good model performance can be observed. While most of the
scenarios based on wet starting points (a, c, €) show comparable high model performances, those including water level
data from the period 05/2017—09/2017 experienced a sharp decrease in model performance, where long dry spells led to
decreased or in general low model performance. After adding data from a period with higher water levels, like scenarios
b11 — b28 or d3 - d15, a significant increase in model performance was experienced. The only outlier was f2, where a
comparable calibration model performance to the wet scenarios was reached with two months of water level data from a
dry season. However, this clarity was not evident in the validation with the parameters found for f2. A general substantial
increase from the first to the second dry scenario was also found for b2 and d2, however, less pronounced and with and
lower KGE, _, for calibration and validation.

The better model performance of scenarios where data collection started in the wet period compared to scenarios
starting in the dry season found for model calibration were also confirmed for model validation, despite slightly lower
overall KGE__, . This lower model performance during the validation period can be mainly attributed to the overestima-
tion of discharge at the beginning of the validation period between 05/2019 and 08/2019. It is likely that contribution of
local precipitation recorded at individual rainfall stations during this period was overestimated by the Thiessen poly-
gon method we used for spatial interpolation. The problem of scaling precipitation measured at individual points is a
long-known problem in hydrological modeling [75,76]. However, we can still see that most of the measured discharge
values fall within the uncertainty bands spanned by accepted KGE__ >0.75 (S1 and S2 Figs). Nevertheless, our
results strongly indicate that water level measurements from wet seasons are more important for model performance
than during dry seasons.

4.3. Model parameter uncertainty

A general analysis of the five model parameters revealed that the selected parameter ranges were within a space where

a high KGE was achievable for all parameters. Most of them, except Q,, showed a clear accumulation of good model per-
formances at specific points within the selected ranges. When compared with other studies where one-dimensional dotty
plots were used to assess parameter value distributions [77—-79], similarities but also differences were found. For instance,
Shin et al. [77] compared a four-parameter IHACRES model [80] and a nine-parameter SIMHYD model [81]. While the
analysis for the four-parameter model showed clear optima for all parameters, the distributions for the nine-parameter
model showed comparable distributions to our model, especially those for infiltration.
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However, for our model it was noticeable that the parameters V and fETV, showed a predominant accumulation in
lower parameter values (V= around 1000 mm and for fETV, between 0 and 0.25), while all other scenario groups showed
a wider spread in possible parameter values. Also, parameter W, , showed an accumulation of both, low and high model
performances only for medium to higher parameter values (roughly 0.5 — 0.9). This indicates that model performance
depends mainly on V, fETV, and to a certain degree on W, ,, while Q0 and 3 are less constrained. As different parameter
sets led to good model performance, any future model applications should also be carried out within a suitable uncertainty
framework and consider uncertainty in the model outputs.

4.4, Utility of water balance filter

Since the calibration on water level data does not guarantee correct absolute discharge volumes [33] the application of a
water balance filter is a simple way to avoid over- or underestimation of the modelled discharge. The water balance filter
used in this study considerably improved the model performance (KGE___ ) of all scenarios by discarding simulations
which were not within the set uncertainty of +25%. However, no sensitivity analysis of the selected confidence interval has
been carried out. Future research applying a water balance filter could investigate the influence of the confidence interval
on the modelling results. The benefit of a simple water balance filter has already been observed in other studies where
the filter was applied in a similar manner [25,82] or the hydrological model was calibrated directly on the remote sensing
derived data [83].

A major advantage of posterior constraining models using a water balance filter is its ease of application. As
stated by Weeser et al. [25], the filter does not affect the modelling, but subsequently only selects those model runs
which are within the set boundaries. In general, the use of such a simple water balance filter could be a helpful tool
for the analysis of other ungauged catchments, as it provides a seemingly accurate enough estimation of the water
balance.

4.5. Research limitations

Our scenario approach used data from one catchment, which is similar to most other studies using PM water level data for
hydrological modelling [25,84—86]. However, the complexity of our model should be taken into account when evaluating
the scenario analysis. Outliers like scenario f2, where a high model performance (KGE__, around 0.8) with two months of
low water level data was achieved, could be a random result of the simple model structure. Testing the approach in other
catchments with different characteristics is therefore recommended.

To increase comparability of the presented scenarios, the gaps in the available water level data were closed using the
correlation with the radar-based measurements. In fact, the original data showed a mostly even distribution over the entire
calibration period, even though PM measurements were available for less than half of the days. Considering the high
quality of predictions and the marginal difference between the baseline calibration and the calibration using the original
dataset, the potential impact of this step on the overall model performance can be disregarded.

5. Conclusions

This study analyzed the influence of PM data availability, expressed as length of the dataset and period of the
hydrological year in which water level data collection started (dry vs. wet period), on the calibration and validation
performance of a simple rainfall-runoff model. To increase comparability of the presented scenarios the gaps in the
available water level data were closed using the correlation with the radar-based measurements. In fact, the original
data showed a mostly even distribution over the entire calibration period, even though PM measurements were avail-
able for less than half of the days. Considering the high quality of predictions and the marginal difference between the
baseline calibration and the calibration using the original dataset, the potential impact of this step on the overall model
performance can be disregarded.

PLOS Water | https://doi.org/10.1371/journal.pwat.0000405 September 23, 2025 16/21




PLO?%. Water

Results showed that one month of data collected during a wet (rainy) period is already sufficient to achieve good model
efficiency, while the same amount of data collected during a dry period was less suitable. Including additional low water
level measurements even reduced model efficiency. In most cases, scenarios where data collection started in the dry
season required substantially more data to approach similar calibration model efficiencies compared to scenarios where
data collection started in the wet season. Models also showed a saturation effect over time where additional data did not
improve or decrease model efficiency, regardless of the starting period. Validation results support these observations but
showed lower overall model performances.

In this model application, water level data measured by participants proved to be a reliable alternative to sensor-based
discharge measurements for model calibration. Since the model relied on automatic sensor data for precipitation and air
temperature, low-cost monitoring alternatives for these parameters could be investigated as a next step. Here, for exam-
ple, the focus could be set on the possible measurement irregularity of precipitation and its suitability for hydrological
modelling.

Summarized, calibrating hydrological models on PM water level data instead of automatic sensor discharge seems to
be an economic and easy to establish way to analyze water flows. This is especially the case in poorly or ungauged catch-
ments often found in the Global South. Local residents can contribute to monitoring SDG 6 and addressing sub indicator
6.b by participating in measurement campaigns. However, further confirmation from other catchments with more complex
hydrological processes is recommended.
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S1 Fig. Rainfall during calibration and validation period (upper panel), modelled discharge when calibrating and
validating on scenario a1 (middle panel) and on b2 (lower panel). Shaded areas represent uncertainty of model simu-
lations constrained by all simulations with accepted KGE
(TIF)

mean.

S2 Fig. Rainfall during calibration and validation period (upper panel), modelled discharge when calibrating and
validating on scenario a28 (middle panel) and on b28 (lower panel). Shaded areas represent uncertainty of model
simulations constrained by all simulations with accepted KGE
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mean”
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