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Summary

Hydrological modelling is an essential aspect of water resources management and has many appli-

cations, particularly water quality monitoring and the pollutant transmission. Recent research found that

hydrology also plays a crucial role in plastic transport from land to the ocean, making it vital to understand

the impact of spatially distributed precipitation on the hydrological processes. This leads to the question of

how a hydrological model can help waste management and prevent plastic waste in the ocean. However,

developing a suitable hydrological model with limited data availability, complex topography, and human

interaction is a challenge. This research uses the Rio Las Vacas catchment as a case study and focuses

on testing the applicability of the wflow hydrological model and assessing the impact of heterogeneous

precipitation on the model result.

The research analysed the ground data available in Rio Las Vacas to verify and validate its quality.

This study uses precipitation gauges, ERA5, and CHIRPS to assess the most suitable input for modelling

rainfall-runoff in the Rio Las Vacas catchment. The catchment’s hydrology was analysed and a conceptual

model of the catchment was proposed. Using the wflow model, the hydrological response was modelled

using the three rainfall products and the effect of uncertainty and spatially distributed rainfall was assessed.

The result shows that the Rio Las Vacas catchment suffers from a shortage of hydrometeorological

information which is also of spurious quality. Only three rain gauges were available, and their analysis

revealed high error variance and independence between stations. Hydrological characterisation analysis

revealed significant human-induced changes. A calibrated wflow model effectively simulated the catch-

ment’s hydrological response, demonstrating that global parameterisation was sufficient as a starting

point for the model in this region. The soil water parameters are one of the most significant parameters in

generating runoff for the model. The impact of spatially distributed precipitation is prominent in the model.

This is one of the reasons for ERA5 to perform poorly in simulating the streamflow in the catchment. Based

on the quantitative validation, the best modelling results came from using rain gauge data interpolated

with the IDW method, followed by CHIRPS. However, the qualitative assessment shows CHIRPS is more

reliable among the datasets.

In conclusion, this study shows the difficulties of modelling a data-scarce basin in themountainous region.

However, extensive data verification and validation, in combination with hydrological characterisation,

helps to improve the model result. It also shows the precipitation inputs were crucial for a distributed

model. The use of precipitation input with finer resolution could improve the model significantly. The study

shows that the spatio-temporal distribution of the precipitation did not only affect the streamflow at the

measurement point, but also the spatio-temporal runoff generated in the basin at pixel level. This could

propagate to the water quality or plastic transport study. Among the datasets tested, CHIRPS emerged as

the most reliable and suitable for hydrological modelling in this basin, both quantitatively and qualitatively.
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1
Introduction

1.1. Background

Hydrological modelling is an essential aspect of water resource management and has many applications.

Hydrological models are used for water resource planning, development, and management and added into

coupled systems modelling, such as water quality, hydro-ecology, and climate [45]. Recent research found

that hydrology also plays a crucial role in plastic transport from land to the ocean [60]. Based on a global

model, it was found that 60% of plastic produced had been thrown away in landfills or the environment [40].

Much of these plastic wastes end up in the ocean, either via illegal dumping in the coastal settlement [29]

or transported via river [50, 35]. Meijer et al. [40] estimated that 0.8 - 2.7 million metric tons of ocean plastic

came from the river. This leads to the question of how a hydrological model can help waste management

and prevent plastic waste in the ocean.

Based on its size, plastic has different mechanisms of transport from terrestrial ecosystems to the

ocean. Macroplastic (size > 5 mm) primary mechanism of transport would be through direct deposit,

combined sewer overflow, and discharge from urban drainage system [15]. High precipitation and flooding

influence overland plastic mobilisation to the river system, especially in a highly populated urbanised area

[48, 15]. The source of plastic can also be traced from the very upstream of the catchment, for example, in

mountainous regions [32]. River discharge also has a significant correlation, although not uniform within

the river length, to the amount of plastic debris transported in the river [15]. Combining the facts, it is

believed that the hydrological model, in combination with the waste monitoring results, can be used to

monitor and predict the amount of plastic transported in the river.

Several actions and projects have been carried out to prevent and reduce the number of plastic waste

in the sea. One of these projects is in the Rio Las Vacas basin, a tributary of the Rio Motagua River in

Guatemala. Witteveen+Bos was tasked to inspect the backwater effect on the net installed in the Rio Las

Vacas [23]. Because Guatemala has a major concern regarding solid waste in the river ecosystem [5]. A

hydrological model could help with this problem by examining the relationship between water resource

engineering and the correlation between hydrology and plastic waste in the riverine system. However,

developing a suitable hydrological model with limited ground data availability is a challenge [61, 24]. The

problem is aggravated towards the upstream of the catchment, where the topography leads to notoriously

heterogeneous precipitation forces [2]. The interaction between humans and the catchment also adds

another challenge in conceptualising the catchment’s behaviour into a model [3]. These are the problems

Witteveen+Bos faced when developing a hydrological model for Rio Las Vacas.

1



Chapter 1. Introduction 2

Previous study shows that spatial variability of precipitation is one of the dominant factors in runoff

generation [52]. Hence, the estimation of spatially distributed precipitation as the input for hydrological

modelling is one of the critical components. The local rain gauges are often interpolated to create a spatially

distributed precipitation dataset. However, the accuracy of the dataset produced depends on the density

of the rain gauge network available [52]. Furthermore, the geographic effect in the mountainous basin also

could affect the accuracy [38]. These are the main issues in the Rio Las Vacas basin, which is located

in the mountainous basin and has a sparse rain gauge network. In recent years, data acquisition in a

data-scare region can be supplemented by the availability of satellite missions and reanalysis datasets

on multiple variables [24]. Several studies have been conducted to determine the consistencies of the

satellite-based and reanalysis datasets over various regions [21, 11]. However, the validity and consistency

of these datasets might not be transferable to other regions. Hence, a separate assessment is required to

discourse its reliability [21, 11].

This research focuses on improving the hydrological model set up by Witteveen+Bos in the Rio Las

Vacas. The study aims to explore the effect of spatial and temporal heterogeneous precipitation patterns

on the performance of the models to depict the hydrological processes in the catchment. A distributed

model called wflow was used in this research to model the hydrological processes in the mountainous

basin of Rio Las Vacas, Guatemala. This study’s outcome is expected to verify the ground data available

and use the capabilities of the wflow model to simulate the streamflow of the Rio Las Vacas catchment.

1.2. Research Question

Developing a reliable hydrological model to simulate discharge in data-scarce regions is challenging.

Furthermore, the quality of available ground data is also vague, increasing the uncertainty of the model.

Therefore, this study aims to gain insight into developing the hydrological model in the mountainous basin

with the limited available data. This leads to the following research question and associated sub-questions:

”How to improve hydrological modelling in data scarce and highly heterogenous precipitation

patterns basin?”

The study will address the main research question through a series of sub-questions. The following

sub-questions are formulated as follows:

SQ1: How to verify and validate the quality of the ground data?

The data scarcity is one of the challenges in building a hydrological model. Data scarcity is not limited

to the quantity but also the quality of the data. The Rio Las Vacas has several available ground data in

the form of rain gauges and river measurements. However, the data contains gaps, and the quality of the

measured values is unknown. This first question aims to verify and validate the quality of available ground

data in the Rio Las Vacas basin. This step also helps to understand the hydrological characteristics of the

catchment.

SQ2: How to select the appropriate precipitation forcing data for the model?

The limitation of the ground data is the extent of the represented area, which is aggravated by the number

of ground stations that cover the catchment. Mountainous regions are known for their heterogeneous

precipitation. This sub-questions explore how the ground station data and other data sources, such as

satellite or reanalysis data, can be used for the hydrological model.

SQ3: What is the hydrology characteristic of Rio Las Vacas basin?

Hydrological modelling requires assumptions and several parameter settings to obtain the model output.

These assumptions and parameterisation are crucial parts of the hydrological model formulation. Therefore,
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these assumptions and parameters should be based on the catchment’s hydrological characteristics. This

step will give insight into the catchment’s characteristics, thus leading to the assumption used in‘ the model.

SQ4: Comparing precipitation forces dataset; which simulates the discharge the best?

The advantage of using a distributed model such as wflow is that it can conceptually simulate the processes

in the catchment areas using discrete grids. Therefore, the model can test the effect of precipitation

force heterogeneity on the streamflow. This sub-question compares and explores the model output using

different precipitation forces and determines the most suitable dataset.

1.3. Structure of the Report

This report will be separated into several chapters. Chapter 2 will cover the study area description and

the data sources. This research methodology will be explained in Chapter 3, including the study sites,

the used dataset, and model structures. The result of this research will be covered in Chapter 4, where

the impact on the hydrological model and waste transport will be shown. Chapter 5 discussed the results

overall and their implications. Lastly, the report will be closed in Chapter 6 with the research’s conclusions,

recommendations and limitations.



2
Study area and data

2.1. Site description

2.1.1. Guatemala

Guatemala covers 108.890 square kilometres and is divided into three main drainage basins: the

Pacific Ocean, the Caribbean, and the Gulf of Mexico [55].

The country’s geography ranges from a coastal plain in the south to a volcanic mountain dispersed from

west to east, dominant in the country’s central area [55]. The country’s landscape comprises narrow coastal

plains, rolling limestone plateaus, and mountains [55]. The main physiographical feature of the area is the

Inter-American Andean Mountain range (Sierra Madre), which crosses from northwest to southeast [55].

This range can then be divided into four main geographical areas: two lowland areas and two mountain

systems. The lowland areas are: (1) the Peten and Belize lowlands, which have a typical karst topography

with altitude varies up to 600 meters; and (2) the Pacific coastal belt, from 25 to 50 km wide in the southern

part with altitudes up to 500 m above sea level. The two mountain systems are: (1) a volcanic mountains

range adjacent to the Pacific Coast, comprising 33 volcanoes with maximum heights of 3.000 to 4.200 m

above sea level; and (2) the Cuchumantanes, Chama, and Las Minas massifs and have summits as high

as 3.800 m above sea level. The Rio Motagua flood plain and the Caribbean coast’s low-lying coastal

plains comprise most of the topography.

Because the area is dominated by mountainous terrain, the weather is influenced and varies accordingly.

Weather systems and prevailing winds generally move from west to east of the country. The area has

a tropical climate with distinct wet and dry seasons. The wet season extends from early May through

October, while the rest of the year is dry. The wet season usually begins slightly earlier in April [55]. The

local meteorological stations show more heterogeneous precipitation between July and December [54].

The smaller stream dries up, and stream flows decline during the dry season, especially in the highlands.

Most of the country’s highland and more minor stream basins experience drought conditions from late

February until the beginning of the wet season in May.

2.1.2. Rio Las Vacas Basin

The Rio Las Vacas basin is one of the tributaries of the Rio Motagua basin, part of the Caribbean Sea

basin. The Rio Las Vacas basin flows from the mountain into the Hidrovacas Dam with a total area of 235

km2 [17]. However, the study uses the basin derived from the DEM (see Fig. 2.1) with a catchment area of

4
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276 km2. The Las Vacas basin is part of the Guatemala Metropolitan Region (GMR) and is characterised

by a constant increase in urbanisation. The river supports approx. 2 million people that live within GMR

[5]. The area’s landscape ranges between 1.127 - 2.257 m above mean sea level and features steep

slopes that carry landslide risk [30]. The highland area of the catchment is dominated by an urban area,

covered for around 30%, while the rest of the area is covered by a combination of shrubland, grassland

and tree cover [1]. The precipitation is between 1.2 to 1.7 m per year, with the average discharge of 4 - 8

m3/s in the wet season and 2 - 4 m3/s in the dry season [5]. The wastewater effluent from Guatemala

City also influences the river discharge [5]. The area’s geological formations are volcanic, metamorphic

and sedimentary rocks. Depending on the composition and characteristics of the soil, these formations

support the water infiltration into the soil [17]. The groundwater unit of the area consists of local and shallow

aquifers [47]. Fig. 2.1 presents the catchment area up until Hidrovacas Dam.

Figure 2.1: Location of the study area within Rio Motagua basin

2.2. Static input data

The static input data includes topography and land use. Both inputs are assumed to be constant

because morphological changes are usually slow and do not significantly change during the modelling

period. Although land use has a faster change rate over time compared to topographical change, it is also

assumed to be constant. These assumptions are made to keep the hydrological model feasible.

2.2.1. Topography

The flow direction and water movement within a catchment were derived from the topographical map.

MERIT Hydro is used to build the base wflow model. MERIT Hydro is a flow direction map based on

MERIT DEM and the latest water layer data [63]. Besides MERIT Hydro, the study also uses the SRTM
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data as a supplement. The SRTM data was used for the precipitation interpolation analysis because the

data has been widely used for the interpolation analysis [53, 36]. The SRTM data has a resolution of 90 m

and vertical accuracy of 16 m [42]. Fig. 2.2 is presented the DEM of the study area.

2.2.2. Land use

The land use data will determine how the catchment responds to rainfall. This study uses the GlobCover

2009 as the land use input for the hydrological model [1]. GlobCover 2009 is a global land cover dataset

derived from satellite imagery acquired by the Medium Resolution Imaging Spectrometer (MERIS) sensor

aboard the European Space Agency’s Envisat satellite.

GlobCover 2009 offers information that is needed in the hydrological model. For example, the dataset

covers a wide range of land cover classes, distinct into classes, including tree cover, croplands, urban

areas, and bare soil. The comprehensive coverage enables the representation of different land use types

and their respective hydrological response, allowing more realistic simulation in hydrological modelling.

Fig. 2.2

Figure 2.2: DEM (right) and Land Use/Land Cover (left) of the study area

2.3. Dynamic input data

2.3.1. Precipitation

The Rio Las Vacas basin has a sparse precipitation monitoring network, making defining precipitation

challenging. The precipitation pattern is also spatially complex, with differences in precipitation amounts

over short distances, especially along the mountain ranges [44].

The local measurements were obtained from four meteorological stations around the catchment area
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(Fig. 2.7. The data from the three meteorological stations (INSIVUMEH, San Pedro Ayampuc, and Suiza

Contenta) were available from 2009 - 2019. The Aurora Airport station data has an hourly basis from

2000 to 2019. The local measurements allow for the study of the significance of variation in precipitation

on temporal and spatial scales. However, since all the stations are located outside the catchment area,

it is still a challenge to create reliable interpolation to create spatial representation over the catchment,

especially in Guatemala City, which is located in the foothills where the weather patterns are influenced by

the topography of the area [2].

2.3.2. Potential Evaporation

The potential evaporation data used for the model was obtained using the De Bruin formula based

on the meteorology data obtained from ERA5. Using this method, the potential evaporation could be

downscaled from ERA5 resolution to the model’s grid size using corrected temperature lapse rate and

solar radiation data. The potential evapotranspiration from ERA5 is presented in Fig. 2.5. In addition, the

potential evaporation data is also derived from temperature from one meteorological station, the Aurora

Airport, which provides the hourly temperature data (see Fig. 2.4). The method to estimate potential

evaporation from temperature data is presented in Subsection 3.1.3. The potential evaporation derived

using the Hargreaves equation ranges between 0.7 - 7.8 mm/day. This range is also in line with the data

obtained from ERA5. However, reflecting on the timing and magnitude of precipitation inconsistencies in

the Aurora Airport stations, the potential evaporation is also compared to the ERA5 data. Fig. 2.3 compares

the evaporation derived from Aurora Aiport and ERA5. It shows no correlation between both data.
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Figure 2.3: The comparison of ERA5 and Aurora Airport data.
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Figure 2.4: Hourly temperature data of Aurora Airport from 2005 - 2019

Figure 2.5: Mean potential evapotranspiration using the meteorology data from ERA5

2.3.3. Streamflow

The streamflow data is a daily average discharge measured in m3/s from 2005 to 2019. This data

was obtained indirectly from Universidad del Valle’s research for the same catchment [28]. Based on

correspondence with local experts, the noise could be the result of the mini hydropower generator upstream

of the measurement point. However, the location of this mini hydropower generator was not specified and

could not be pinpointed on the map due to its size. The streamflow is also influenced by the wastewater

effluent of the Guatemala Metropolitan Region [5, 17]. The data from Universidad del Valle is also compared

to the primary data obtained from the dam operator through Witteveen+Bos. However, since the primary

data length is limited to 2021 to 2022, the validation check only deals with the magnitude of streamflow.

Fig. 2.8 presents the comparison between the data from the university has the same magnitude as the

data obtained from the dam operator. The complete streamflow data and its measurement location are

presented in Fig. 2.6 and Fig. 2.7.
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Figure 2.6: Full time-series of streamflow data at Hydropower Dam - Rio Las Vacas

Figure 2.7: The streamflow measurement and ground stations location
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Figure 2.8: The comparison between discharge obtained from Universidad del Valle in 2019 and

Hidrovacas Dam operator in 2021



3
Methodology

This chapter describes the methodologies and approaches used in the study. Fig. 3.1 presents the

Overview of all steps to achieve the final results.

Figure 3.1: Overview of the modelling study

3.1. Hydrological charaterisation

This section describes the analysis method characterising the Rio Las Vacas Basin. Several analyses

of the catchment were carried out to check the fitness of the dataset to be used for the model. The data

assessment will focus on the ground stations and the remote-sensing data as a supplement.

3.1.1. Double Mass Analysis

The main objective of double mass analysis is to check the consistency of the data from the rain gauge

[9]. The study plotted the cumulative rainfall from each station against the mean of all rain gauge networks.

The inconsistencies in the data show when the gradient of the plot changes in time. When the gradient did

not change, the data of the rain gauges was considered consistent.

12
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3.1.2. Correlation-distance analysis

However, the rain gauge is only representative of a limited spatial extent [56]. Therefore, a correlation

analysis within the rain gauge network was performed to determine the spatial variability of the precipitation

in distance. The correlation in distance often can be expressed by negative exponential function as follows

[7]:

ρi = ρ0 exp

{
− r

r0

}
(3.1)

Where ρi represents correlation at a distance r, ρ0 represents correlation at a distance 0, r represents the

distance between stations, and r0 is a length scale defining the rate at which the correlation decreases.

From the above equation, the relative error in the areal rainfall estimation can be quantified using the

following equation [12]:

Zareal = Cv

√√√√ 1

N

(
1− ρ0 +

0.23

r0

√
S

N

)
(3.2)

Where Zareal represents relative variance error in areal rainfall estimate, Cv for the coefficient of

variation, S for catchment area in km2, and N for a number of gauging stations.

This relative variance error can be seen as a function of variation in time series, spatial correlation,

and match between the basin size and number of observation gauges. Reflecting on the formula, higher

temporal variation (in the form of Cv) will result in higher variance error, requiring a denser network or

higher permissible error.

3.1.3. Evaporation estimation

Due to limited local measurement data, estimating the evaporation around the study area has been

challenging. This study uses the Hargreaves equation to estimate potential evaporation. The Hargreaves

equation has a simpler data requirement, extraterrestrial radiation and temperature, to estimate the

potential evaporation [19]. This formula is an acceptable method from the guideline by FAO for limited data

availability[16]. The estimation using the Hargreaves formula will be used to study the water balances based

on the ground station data. The extraterrestrial radiation in the measurement station can be estimated

using the following equation:

RA =
24(60)

π
Gscdr[ωssin(φ)sin(δ) + cos(φ)cos(δ)sin(ωs)] (3.3)

Where RA represent the extraterrestrial radiation, Gsc for solar constant, dr for inverse relative distance

Earth-Sun, ωs for sunset hour angle, φ for latitude in rad and δ for solar decimation. Then, the poten-

tial evaporation was estimated using the extraterrestrial radiation and temperature data from the local

measurement station using the following equation:

ETP = 0.0023 ∗RA ∗ T 0.5
D (TC + 17.8) (3.4)

Where ETP represent the Evapotranspiration Potential, TD is the difference between the daily maximum

and minimum temperature, and TC is the daily mean temperature.

The potential evapotranspiration grid cells for the model are estimated using the global radiation and

temperature data from ERA5. The temperature data is then scaled based on elevation. The estimation
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used the De Bruin formula [10] as presented in Fig. 2.5.

3.1.4. Water Balance

The water balance analysis was used to understand water partitioning within the catchment. The water

balance was used to understand the hydrologic system of the catchment [64]. The water balance model

in this analysis was conducted using the simple bucket model where the catchment was assumed as a

bucket which will be filled by precipitation and emptied by evaporation and discharge [64]. The model is

expressed as follows:

∆S = P − E −Q (3.5)

where S represent storage in catchment, P for precipitation, E for actual evaporation, and Q for discharge.

Because the analysis was conducted using long-term water balance, the change in storage ∆S became

negligible. Therefore, the model becomes a function as follows:

0 = P − E −Q (3.6)

The data available did not have the actual evaporation. Hence, a coefficient was applied to the potential

evaporation to obtain the actual evaporation. The model is expressed as follows:

0 = P − frac ∗ PET −Q (3.7)

The frac value was obtained iteratively using long-term precipitation and discharge to reach equilibrium.

The long-term water balance was also calculated using the Budyko framework. The Budyko framework

is based on the idea that the long-term average actual evaporation was mainly determined by the balance

between the precipitation and potential evaporation [57]. The Budyko framework uses the equation as

follows to estimate the average actual evaporation [6]:

EA

P
=

[
EP

P
tanh

(
E−

P 1

P

)(
1− exp

(
−EP

P

))]0.5
(3.8)

Where EA, EP , and P are the long-term actual evaporation, potential evaporation, and precipitation,

respectively. Budyko, 1974 argues that all catchments should be located near his proposed curve [6]

The data used for the water balance analysis will be solely based on ERA5 data. Despite the complete

data requirement to conduct a water balance analysis, the Aurora Airport data has too much uncertainty

and inconsistencies to be used. The data used for the study is from 2011 to 2019. The reason for not using

the entire time series for the water balance is because of a significant measurement error in the streamflow

data during the 2010 time frame. Therefore, maintaining consistency and continuity was considered

enough to keep the water balance from 2011 to 2019.

3.1.5. Hydrograph Separation

A hydrograph separation was conducted to gain more insight into the catchment area. The hydrograph

separation could be used to see how the catchment responds to the precipitation [4]. Furthermore, the

result of hydrograph separation could also be used to tackle the equifinality that might happen during the

model evaluation and calibration process [8, 59]. The method used for this separation uses WETSPRO

developed by KU Leuven, based on Willems, 2009 [59].
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3.2. Spatially Distributed Precipitation

The limitation of the ground station is that the ground station only represents a set of areas around the

station. Therefore, when used for a distributed model, the ground station data needs to be interpolated

to obtain spatial coverage of the catchment area. Several interpolation methods are commonly used:

Thiessen polygons, Kriging, Linear Regressions and Inverse Distance Weighing (IDW). Due to spatially

heterogeneous precipitation patterns and limited data, interpolation has been challenging. Kriging and its

variance could not be used due to the limited number of ground stations available for the method. This

study uses IDW and multiple linear regression (MLR) as interpolation methods because the advantages

vary on a spatial scale. Compared to the Thiessen polygons, which assign the same value to the whole

polygons, this method can overlook the local precipitation compared to IDW and MLR. The IDW method is

expressed in the equation as follows:

z =
Σ zi

d(x,xi)p

Σ 1
d(x,xi)p

(3.9)

The MLR approach employs satellite or reanalyses product, DEM properties (elevation, latitude,

longitude), and ground station data to estimate precipitation in the catchment area [53, 46]. This approach

has an advantage over the IDW approach for the limited amount of ground stations due to the inability

to carry out cross-validation for IDW results. In the MLR approach, the satellite/reanalyses product was

downscaled based on the model formula presented in Eq. (3.10), then validated on each ground station

using the performance criteria given in Subsection 3.3.2.

Pi = a0 ∗ Prs + a1 ∗ Elevation+ a2 ∗ Latitude+ a3 ∗ Longitude+ a4 (3.10)

Where Pi for the estimated precipitation at location i, Prs for the precipitation from satellite/reanalyses

product at location i, Elevation for the elevation (in m) at location i, latitude and longitude for the coordinate

at location i in decimal degree, and a’s for the parameters that will be estimated using Markov-Chain Monte

Carlo simulation.

In addition to the interpolation of local rain gauges, two global datasets were also used in this study. The

first one is ECMWF Reanalysis 5th generation (ERA5), a reanalysis product produced by the Copernicus

Climate Change Service (C3S) at ECMWF [22]. ERA5 combines historical observations into global

estimates using advanced modelling and data assimilation systems. The ERA5 model and algorithm

produce meteorological data of the earth, including precipitation and potential evaporation. ERA5 have a

grid size of 0.25◦ x 0.25◦ (approx. 31 x 31 km ) and contains hourly values ranging from 2009 to 2021.

The ERA5 dataset represents the reanalyses data [21].

The second one is The Climate Hazards Group Infrared Precipitation with Stations (CHIRPS) dataset, a

satellite product developed by the Climate Hazards Center (CHC). The CHIRPS dataset combines satellite,

local observation, and climate model data. The method employed caused CHIRPS to have more events

and less precipitation per event [18]. The spatial and temporal variability of the data has been studied

and shows aligned results on similar topography and climate [37]. The data produced has a grid size of

0.05◦ x 0.05◦ (approx. (5.5 x 5.5) km) and daily values ranging from 2009 to 2021. The CHIRPS dataset

represents a combination of gauge, satellite and reanalysis data [21].
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3.3. Hydrological model

The study used a distributed hydrological model package called Wflow. Wflow is a distributed hydrolog-

ical model package developed by Deltares [49]. The model is programmed in the Julia language, with the

software available online under the MIT License (open source). The Wflow has several model packages

inside, with a certain set of parameters to be calibrated. Wflow is used because of its capability to carry

out a distributed hydrology model. The distributed model discrete the model’s space into the grid-cell size

and performs calculations independently before compiling it according to its routing mechanism [26, 49]. A

distributed model can help catch the forcing heterogeneity in the area [26].

This study uses the wflow_sbm package. The model discrete the catchment into grid cells with eight

flow directions (D8) to manage surface and subsurface flow routing. The model operates under two primary

concepts to simulate the discharge. The first is the vertical concept, which includes precipitation-snow,

rainfall interception, and soil water process routines. The vertical routines process the water entering

the model in each grid cell. The second concept is the lateral concept, which involves flow generation.

The lateral concept uses the kinematic wave function to route the subsurface, overland, and river flows

according to the D8 directions [49, 58]. The schematic of wflow_sbm processes is presented in Fig. 3.2

Figure 3.2: The schematisation of land-river connection within wflow_sbm model [49]

3.3.1. Calibration

The initial value of the base model parameters was set up using the global parameterisation available

for wflow [58, 49, 27]. The model calibration was then conducted to fine-tune the model performance. The

wflow has a large set of parameters, and because of that, several parameters were selected to be used

in the calibration. These parameters were selected based on the expert’s knowledge at Witteveen+Bos,
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wflow documentation and literature [62, 49, 27]. Table 3.1 presents the selected parameters, what they

represent, and their influence. The calibration was conducted by scaling the combination of parameters

from a wide range and then narrowing it down based on the performance criteria to obtain the best set

of parameters for the model. The ERA5 dataset of 2012 was used for the calibration due to the limited

length of data available for the study. This period was selected because it was the largest event from the

available data.

Table 3.1: Wflow calibration parameters

Parameters Description Effect

KsatHorFrac Horizontal hydraulic conductivity at the surface of the soil Height of peak flows and base flows

KsatVer Vertical hydraulic conductivity at the surface of the soil Height of peak flows and base flows

f Scale decay parameter of Ksat over soil depth Regression of peak flows

N Manning roughness of land cells Timing of peak flows

N_river Manning roughness of river cells Timing of peak flows

MaxLeakage Maximum leakage of water that goes outside the model Height of peak and water loss

3.3.2. Validation

The model result will be assessed against the observed discharge to determine its performance and

efficiency. The metrics used for this were Nash-Sutcliffe Efficiency (NSE), Kling-Gupta Efficiency (KGE),

and cumulative discharge [43, 20].

The Nash-Sutcliffe Efficiency has been widely used in hydrology studies as a validation metric. Eq. (3.11)

presents the Nash-Sutcliffe formula.

NSE = 1−
∑

(Qobs −Qmod)
2∑

(Qobs −Qobs)2
(3.11)

Where Qobs and Qmod represent observed and modelled discharge, respectively.

A logarithmic variant of Nash-Sutcliffe Efficiency (NSElog) was also used. The NSE is sensitive to

high flow rates, especially extreme values [34, 41]. Krause et al., 2005 [34] propose using the logarithmic

variant to overcome the extreme values and increase the sensitivity to the lower flow rates. The NSElog

formula presented as follows:

NSlog = 1−
∑

(log(Qobs)− log(Qmod))
2∑

(log(Qobs)− log(Qobs))2
(3.12)

The model results yield reasonably excellent results for peak flows, and during low flow, situations can

be discovered by combining the application of two criteria [34].

Alongside the Nath-Suttclife efficiency, the study also uses the Kling-Gupta Efficiency (KGE) to assess

the overall result. The KGE addresses the limitation imposed by NSE (and NSElog) by considering not

only the closeness of the match but also the similarity in variability and timing. By incorporating these

additional dimensions, KGE provides a more nuanced understanding of how well the model captures the

dynamics and patterns of the observed data [20]. The formula for KGE presented in Eq. (3.13)

KGE = 1−
√
(r − 1)2 + (α− 1)2 + (β − 1)2 (3.13)
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With r for Pearson correlation coefficient, α for variability of prediction errors, and β for bias term.

These metrics have a range result of −∞ < NSE/KGE/NSElog < 1.0. The value of 1 means the

model perfectly simulates the observed discharge, while the value of zero and below only predicts the

mean value. The model performs acceptably if theNSE > 0.50 and theKGE > 0.3 [33]. Both performance

scores are judged as equivalent because while the KGE is more responsive to the flow pattern, the NSE

and NSElog are more responsive to the peak’s magnitude and timing of the simulation [33]. In addition,

some visual judgement is also used to help assess the model performance.

Lastly, the annual cumulative discharge of the observation and simulation is also compared. This is

done to avoid relying solely on the performance-scoring test. The annual cumulative discharge is not

sensitive to temporal variances, which can mitigate the disadvantages of performance scoring. It serves

as an extra parameter on the model performance assessment.

3.3.3. Sensitivity analysis

The sensitivity analysis for this thesis was carried out on several parameters presented for calibration

(see Subsection 3.3.1). These analyses’ results were then assessed using the performance criterion

discussed in Subsection 3.3.2. The sensitivity analyses were conducted by changing the scale of the

tested parameter, while the other not-tested parameters were set to default. This analysis aims to gain

insight into the significance of each parameter to the model result. The selection of parameters for this

analysis was based on the expert knowledge and documentation from Witteveen+Bos and Deltares.



4
Result

4.1. Hydrological characterisation

This section describes the results of the analysis to characterise the Rio Las Vacas Basin hydrology.

4.1.1. Double mass analysis

The local measurements were then studied for their consistencies using the double mass analysis [9].

The study plotted the cumulative rainfall from each station against the mean of all rain gauge networks.

The inconsistencies in the data show when the gradient of the plot changes in time. When the gradient

did not change, the data of the rain gauges was considered consistent. Fig. 4.1 presents the result of the

double mass plot.

In Fig. 4.1a, the station was consistent up until the middle, where the gradient changed. This occurrence

also happened on the Fig. 4.1b, where the gradient changed and then recovered. The occurrence could

result from the stations being moved or having problems [9]. However, since both stations recovered and

recorded consistent data after the change, the data from both stations was considered suitable. For Suiza

Contenta stations, it is considered consistent.

The data from Aurora Airport was analysed against the INSIVUMEH stations as well. Because of their

adjacent location, the hypothesis was the double mass analysis should be near 1:1 to each other. The

analysis result is presented in Fig. 4.2.

The result is shown in some step-like figures. Because the INSIVUMEH station test against the average

of other stations was considered consistent, some problems might have occurred at Aurora Airport station.

Hence, the Aurora Airport station data was deemed inconsistent and thus could not be used for the study.

19
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(a) INSIVUMEH station

(b) San Pedro Ayampuc station

(c) Suiza Contenta station

Figure 4.1: Result of Double Mass Analysis for ground stations
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Figure 4.2: Result of Double Mass Analysis for Aurora Airport and INSIVUMEH stations

4.1.2. Correlation-distance analysis

The correlation distance of each station was assessed using daily and monthly temporal scales. The

stations used are INSIVUMEH, San Pedro Ayampuc, and Suiza Contenta. This selection is based on

the result of double mass analysis, which shows that these stations have the most consistent data and

acceptable quality. The correlation of these stations shows a drop significantly after 20 kilometres (see

Fig. 4.3). The coefficient of variance (Cv) for both temporal scales are 2.6 and 1.1 for daily and monthly

time series, respectively. The Cv is generally lower on the longer temporal due to the diminished temporal

variance. However, based on the result, the Cv presented from the data shows a relatively high variance.

Further investigation of the variance by calculating the relative error variance (Zareal) resulted in 45% and

7% for the daily and monthly temporal scale, respectively. The error variance for the monthly temporal

scale is commonly accepted due to the value below 10% [12]. The Zareal for the daily basis could be

reduced by adding new ground stations in the catchment. This study estimated an additional 16 ground

stations were required to reduce the Zareal under 10%.

Figure 4.3: The correlation distance between three local stations shows the correlation falls significantly

after 20 km
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4.1.3. Hydrograph separation

Several errors and noise were found in the streamflow data inspection. The most notable error is

the sudden drop in the streamflow data to near-zero value for one or several days and then returns to

normal. Therefore, the first assumption made during the analysis was removing the data below 1 m3/s.

This assumption was made because the average discharge in the dry period is between 2.5 - 4.5 m3/s [5].

The common practice for conducting the hydrograph separation is estimating the recession constant using

the Master Recession Curve [25, 14, 39]. However, the data noises made it challenging to determine the

MRC. Hence, the second assumption used visual inspection and trial-and-error to calibrate the low-pass

filter. Although the visual inspection involves the subjectivity of the inspector and uncertainty in estimation

[59].

Fig. 4.4 presents the result of the hydrograph separation with the corresponding precipitation. In the

dry season of 2014 and 2017, the filter successfully fitted across the recession curve. However, in the

other years, the recession slope did not match the filtered baseflow. The recession slope year-by-year

was also not typical and hard to fit. For example, the recession slope gradient of the dry season of 2012 is

steeper compared to the following dry season. Another example is the dry season 2016, which has the

mildest slope compared to other dry seasons. The mean baseflow obtained from the separation is 3.5

m3/s, with a minimum of 2.6 m3/s and a maximum of 4.5 m3/s.

Figure 4.4: Hydrograph separation result

4.1.4. Water Balance

For the water balance analysis, the ERA5 was used. The decision to use only ERA5 data and not

include the ground data was made due to the scarcity of data. The three rain gauges with consistent rainfall

did not provide meteorological data to estimate the potential evaporation. Meanwhile, though the Aurora

Airport has the data, the quality of the data recorded is not sufficient, as presented in Chapter 2. The

data used for the analysis is from 2011 to 2019. The reason for not using the full-time series for the water

balance is because of a significant measurement error in the streamflow data during the 2010 time frame.

Therefore, maintaining consistency and continuity was considered enough to keep the water balance from

2011 to 2019. The water balance results are presented in Table 4.1.
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The result showed that the water balance did not close due to uncertainty in the data. The result showed

that the Eact/Epot value was 0.38, considered very low actual evaporation for a tropical region. The water

balance based on precipitation and discharge measurement (P-Q) was then compared to the theoretical

analysis using the Budyko framework to validate the result. Fig. 4.5 showed that at the y-axis, the P-Q water

balance significantly differed from the theoretical approach. Both data were located at the same x-axis

point due to the same potential evaporation and precipitation data used in the analysis. Further analysis

was conducted by correcting the measurement data using the hydrograph separation result to remove

the wastewater effluent in the discharge. P-Q water balance using the corrected streamflow resulted in a

similar magnitude of evaporative index to the Budyko framework.

Table 4.1: Result of water balance using ERA5 dataset in mm/year

Year Precipitation Streamflow Pot. Evaporation Act. Evaporation Balance

2011 1.700 915 1.531 585 200

2012 1.281 698 1.638 626 -43

2013 1.433 808 1.566 597 26

2014 1.513 920 1.589 608 -15

2015 1.293 753 1.646 629 -89

2016 1.203 732 1.641 628 -157

2017 1.447 900 1.557 595 -48

2018 1.362 647 1.645 629 86

2019 1.325 641 1.683 644 40

Figure 4.5: A comparison between long-term water balance calculated using Budyko framework (green),

the observed P-Q (pink), and corrected Q data (red) in the Budyko curve graph
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4.2. Spatially Distributed Precipitation

The local rain gauge data was interpolated using IDW and MLR interpolation methods to create a

spatially distributed dataset for the area. The IDW function uses a power parameter that controls the known

measurement locations that affect the interpolated values based on their distance from the observation

point. In the typical case, the IDW result is cross-validated by eliminating several ground stations from

the function and comparing the result to the eliminated ground station data. However, the result is used

due to this study’s limitation of ground stations. The MLR interpolation, on the other hand, estimates the

interpolated values using the coverage data, in this case, ERA5, and DEM properties (latitude, longitude,

and elevation). The parameter for MLR was obtained using the MCMC algorithm and then validated by

comparing the estimated values and the ground station data. Fig. 4.6 presents the validation of the MLR

interpolation. The validation result showed that the interpolation result for the monthly timescale is good

enough. However, the daily timescale presented in Fig. 4.6b shows an abysmal result.

Further, the spatial and temporal representation of each dataset was analysed. The first assessment

was the temporal correlation between each dataset. Fig. 4.7 presents the scatter plot between IDW as

the base and three other datasets. The scatter plot between IDW and CHIRPS shows a low correlation

despite having comparable annual precipitation. This suggest that IDW and CHIRPS have differences in

the timing of rainfall in the catchment. In comparison, the scatter plot between IDW and ERA5, which also

shows a low correlation but exhibits tighter clusters, indicates a better temporal correlation. Another note

from the temporal correlation is that the ERA5 often underestimated the precipitation compared to IDW and

CHIRPS. The second assessment examined the spatial distribution of the rainfall. Fig. 4.8 presents the

mean precipitation of each dataset. The ERA5’s grid size is relatively large for the catchment size, which

might overlook the spatial variability of the catchment. The IDW and CHIRPS, which have smaller grid

sizes than ERA5, show more spatial distribution. CHIRPS and IDW show a similar precipitation distribution,

where the higher altitude has more precipitation than the lower altitude. However, CHIRPS, which utilises

multi-source data, shows more even and less spatial variance in the middle section of the catchment

compared to IDW.
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(a) Monthly interpolation

(b) Daily interpolation

Figure 4.6: MLR Interpolation result for monthly and daily timescale
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(a) ERA5 (b) MLR

(c) CHIRPS

Figure 4.7: Scatter plot of daily gauge precipitation interpolated using IDW versus (a) ERA5; (b) MLR; (c)

CHIRPS for the entire period
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(a) ERA5 (b) MLR

(c) IDW (d) CHIRPS

Figure 4.8: The mean precipitation (2011-2019) from the different dataset in mm/d

4.3. Hydrological model

In this section, the hydrological model results are discussed. First, the base model and statistics

are described. Second, the overall results are discussed, mainly focusing on the performance score.

Subsequently, the yearly results of both models are presented, focusing on differences in anomalies with

the observed discharge and the timing of the peaks.

4.3.1. Base model data

The base wflow model used for this study is the existing wflow model provided by Witteveen+Bos. The

model was constructed using mainly globally available data. Then, several of these data were reanalysed

and compiled into a wflow model. The data sources for building the wflow model are presented in Table 4.2.

The wflow model produced has the statistics presented in Table 4.3.
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Table 4.2: data sources used to construct the wflow model

Type Source Function

Landuse GlobCover Determine landuse classes

Landuse modis_lai Generate cyclic LAI parameter maps

Meteo chelsa Discharge estimate to determine river width

Meteo ERA5
Forcing data: precipitation, temperature,

potential evaporation (based on De Bruin method)

Meteo era5_orography Lapse correction, based on higher resolution DEM

Meteo koppen_geiger Discharge estimate to determine river width

Soil soilgrids Determine soil classes and related parameters

Topography merit_hydro Elevation model

Table 4.3: wflow model statistics

Value Unit

Catchment size 277.36 km2

Mean elevation 1522 m

Spatial resolution 0.00833 degree

Number of pixels 336 -

Model extent (lon) -90.651, -90.459 degree

Model extent (lat) 14.573, 14.773 degree

4.3.2. Calibration

This section discusses the calibration and validation processes. During the calibration, it was found that

the model cannot simulate the amount of baseflow as presented in Fig. 4.9a. This aligns with the conclusion

drawn from the hydrological characteristic (see Section 4.1. Regarding hydrological characteristics, it

was concluded that the baseflow is mainly the effect of human intervention in the form of wastewater

effluent. Hence, a lateral inflow was introduced in the model to represent the city’s wastewater effluent.

However, the data on wastewater effluent and its dynamic is unavailable, resulting from the combination

of wastewater effluent and natural baseflow. Therefore, it was deemed not wise to use the result of

hydrograph separation as lateral inflow. To simplify the process, the wastewater effluent was assumed to

be constant and calibrated using trial-and-error to determine the amount of wastewater discharge. The

separation result was used as a guideline in this calibration process. Fig. 4.9 presents the simulation

result by introducing the lateral inflow to the model. From this process, the lateral discharge of 3 m3/s

presents the best result and was used for the model. The final calibrated parameters of the wflow model

are presented in Table 4.4.
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(a) Base model

(b) Inflow 2.5 m3/s

(c) Inflow 3.0 m3/s

Figure 4.9: Comparison of the amount of lateral inflow introduced to the model and the effect on the

performance score
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Table 4.4: The final calibrated parameters for wflow model

Parameter Base Value Unit Base Scale Calibrated Scale

KsatVer 65.65 - 624.11 mm/d 1.0 5.0

KsatHorFrac 100 (-) 1.0 5.0

f 6.49E-4 - 1.73E-3 mm−1 1.0 2.5

N 0.011 - 0.458 s.m
1
3 1.0 1.0

N_river 0.03 - 0.05 s.m
1
3 1.0 1.0

MaxLeakage 0 mm/d 1.0 1.0

4.3.3. Modelling result

First, the performance score of the discharge was considered, which offers a quantitative measure

of the agreement between the model and the observed discharge, using the first and second years as a

warm-up period. The hydrograph and corresponding performance score values are presented in Fig. 4.10.

The overall performance of the model was able to capture the bias and pattern of the observed streamflow

with satisfactory results, presented by the KGE result > 0.3 for all precipitation forcing. However, the

model was unable to get a reasonable estimate of the peak magnitude and timing of the streamflow,

presented by no NSE result > 0.5. The NSElog result was negligible because this study’s low flow was

synthesised using lateral inflow. The IDW shows the best result with KGE of 0.54 and NSE of 0.10,

followed by CHIRPS and ERA5.

In addition to the performance score, this study also reports the cumulative flow. Table 4.5 displays

the cumulative discharge over the period. The result varied over the years, but the IDW result aligns

the closest to the observed cumulative discharge overall. However, the observed discharge has several

missing data over the year that must be considered.

Table 4.5: The cumulative discharge per year (in mm)

Year Observed ERA5 IDW CHIRPS

2011 915 1.090 1.200 1.223

2012 698 691 660 740

2013 808 924 828 949

2014 920 926 696 961

2015 753 760 705 716

2016 732 600 589 668

2017 900 1.004 768 768

2018 647 753 605 656

2019 641 743 876 830

Total 7.014 7.491 6.927 7.511

Yearly anomalies and model performance

Fig. 4.10 shows the result of the wflow model in one long time series. The detail per year is presented

in Appendix A. Based on the figure, the following anomalies draw attention.

• Year 2013: The model is able to simulate the precipitation event. The CHIRPS dataset shows

overestimation due to the fact that the dataset recorded more precipitation events at the smaller grid

size. This contrasts with the ERA5 data, which shows a severe overestimation of peak discharge
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in October. The phenomenon occurs due to the high precipitation event in the ERA5-dataset grid

that covers a major share of the catchment, causing an extensive peak discharge. The IDW predicts

underestimated discharge most of the time compared to the other dataset. However, the timing of

the IDW agrees the best with the measurement data compared to other datasets, presented by the

highest NSE score.

• Year 2014: In this hydrological year, ERA5 underestimates the peak discharge events throughout

the year except one in October, which severely overestimates it. The disadvantages of ERA5’s grid

size are prominent this year because the grid that covers a major share of the catchment conforms

better with the ground stations in the lower area. Hence, when the lower area of the catchment has

intense precipitation events, in the model, it also propagates to the higher region, which is covered by

urban areas. The CHIRPS and IDW datasets have comparable results, with the former performing

better. The IDW dataset predicts an underestimated streamflow in October’s precipitation event

compared to CHIRPS.

• Year 2015: Generally, the model shows consistent underestimation of the measurement data as

presented in Fig. 4.11. The IDW shows the best result compared to other datasets in terms of timing.

However, in terms of magnitude, the IDW dataset agrees with the measurement for the smaller

peak (under 20 m3/s) but underestimates the larger peak. This caused the IDW dataset to meet

satisfactory results with NSE > 0.5 and KGE > 0.3 this year. The other two datasets also achieve

an acceptable outcome regarding bias and patterns in the catchment, presented by KGE > 0.3.

However, for the peak magnitudes, CHIRPS and ERA5 show an underestimation most of the time,

with ERA5 lower than CHIRPS. ERA5 peak discharge presented in the previous two years also

occurs this year.

• Year 2016: The anomaly presents in this year as presented in Fig. 4.12. The model hardly agrees

with the measurement. The model also underestimates whether per event or annual cumulative in

this year. One of the causes is the sudden high peak in August, with no precipitation forcing response

in the model. This occurrence could happen for two reasons: (1) an error in measurement discharge

or (2) an extreme local convective storm that was not recorded in the precipitation forcing dataset. In

several points, CHIRPS indicates an intense flood event in July and October, while other datasets

did not. This also strengthens the hypotheses of the local convective storm in the middle of the

catchment because, unlike the other dataset, CHIRPS has a finer grid and rainfall estimation.

• Year 2017: The same anomaly happened in 2016, also presents in 2017. The uniqueness of this

year is the ERA5 dataset constantly predicts extreme flood events, while the other dataset did not

predict anything. This occurrence was presented in June, September, and October events where

the ERA5 predicted peak discharges. It contrasts with the 2016 event, where CHIRPS constantly

predicted flood events while other data sets did not.

• Year 2018: The model result is not satisfactory. The model disagreed with the measurement, as

the measurement recorded several flood events since the beginning of May, while the model only

predicts after May. The KGE and NSE scores present poor results, especially for ERA5. ERA5

predicted an extreme flood event in October, which also occurred in 2013, 2014, and 2015. In the

same event, CHIRPS managed to predict the event but severely underestimated the peak magnitude

of the event. IDW, which also managed to predict the event and the peak magnitude, has off-timing.

• the Year 2019: In the model’s final year, CHIRPS started very poorly indicated, with no events

from May to July. Meanwhile, the other dataset agrees with the measured discharge, though having

difficulties in predicting the peak magnitude. IDW and CHIRPS datasets also overestimated the flood
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event from August to September. ERA5, despite underestimating the August-September flood event,

overestimated one event in October when other datasets did not. This year’s NSE and KGE scores

are the poorest among others.

Figure 4.10: The long-term model result includes the cumulative discharge
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Figure 4.11: Modelling result Year 2015. This year shows the best model result compared to the other

year. The IDW met satisfactory model condition with NSE > 0.5 and KGE > 0.3
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Figure 4.12: Modelling result Year 2016. This year starts the anomaly of either measurement or model

results that persist to the following year. It presents that the three datasets disagreed with several flood

events, notably CHIRPS, this year.

Impact of Spatially Distributed Precipitation

The distribution and variance of precipitation directly impact the result of runoff in each grid cell. Fig. 4.13

presents an example of the precipitation and the modelled runoff using wflow model on 02 September

2015. All three datasets show different spatial distributions, leading to varied distributed responses. In this

period, ERA5 shows a comparable streamflow with IDW. However, this streamflow was mostly generated

in the southern part of the catchment and did not show response in the urban areas (indicated in Latitude

14.6 - 14.7 degrees and Longitude -(90.525 - 90.600) degrees). The problem in IDW also propagates in

the model result, as most of the runoff is generated in the southern part of the catchment. Overall, most

of the streamflow was generated from runoff in urban areas, followed by arable lands. However, due to

the size of ERA5’s grid, the model often struggles to estimate a similar magnitude to the measurement

discharge. On the other hand, IDW and CHIRPS provide better spatial distribution, and the model made a
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better estimation compared to ERA5.

Figure 4.13: The spatial precipitation of each dataset and its corresponding modelled runoff result

4.3.4. Sensitivity Analysis

This section discussed several parameters that exert significant influence on the wflow model. The

impact of these parameters will be delved into, including how they impact the model in timing, magnitude of

peaks, cumulative discharge, and variations across different years. The sensitivity analysis was conducted

manually on one extreme event in 2012

”Ksat” parameter

Ksat represents the hydraulic conductivity of the soil, which will affect the model’s magnitude of peaks

and baseflow. In wflow, Ksat is divided into two parameters, KsatHorFrac for the horizontal conductivity

and KsatVer for the vertical conductivity. The initial value for KsatVer is derived from the soil data, while the

KsatHorfrac assumes a default value of 100 mm/d. The KsatVer works on the vertical module, where the

higher value means higher hydraulic conductivity, promoting more infiltration and reducing the magnitude

of peak discharge. KsatHorFrac works on the lateral module, specifically on the subsurface flow, where

the higher value supports interaction between the groundwater storage and streamflow. Hence, the

higher value reduces the peak discharge magnitude, resulting in a milder recession. Due to its nature,

KsatHorFrac can significantly influence the model performance because the initial value is not derived from

the soil properties. Hence, having an expert guess on its magnitude can be challenging. Nevertheless, the

range of hydraulic conductivity can be backed up by literature depending on the soil type, for example,

Domenico et al., 1990 [13]. The sensitivity of Ksat parameters is presented in Fig. 4.14

”f” parameter

This parameter represents the decay parameter of Ksat over the soil layer. The higher f value signifies

a rapid decrease in Ksat with the soil depth, as presented in the blue line in the Fig. 4.15b. This occurs

because the soil’s capability to conduct water diminishes rapidly, limiting the infiltration depth and increasing
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the water volume that contributes to the overland flow. Fig. 4.15b presents the effect of the f parameter on

the Ksat decay over the soil thickness. The parameter itself did not differ much over varying scales as given

in Fig. 4.15a. Some jumps on minimal precipitation and a very high peak magnitude were demonstrated

on the large scale of the f parameter. In contrast, the typical band of magnitude (scale of 0.1 - 10) did not

show much variation in the simulated streamflow.

Other parameters

Other than the parameters discussed above, several other parameters were also inspected. The

MaxLeakage parameter represents the maximum amount of water that can leave the model through deep

groundwater flow. This parameter is also linked closely with KsatVer and f parameters due to the effect

dependent on the amount of water circulating in the groundwater bucket. The impact of this parameter is

not significant in this study because of the limited baseflow in the catchment. It is also hard to get an expert

guess for the parameter, however, the ceiling for this parameter is 2 mm/day [27]. The Manning roughness

of land and river cells was also inspected. Manning roughness represents the surface’s roughness that is

passed by the water flow and will affect the discharge timing. In the simulations carried out, this parameter

affected not only the timing but also the peak’s magnitude. This was understandable due to the catchment

size and the model’s timestep.
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(a) KsatHorFrac

(b) KsatVer

Figure 4.14: Sensitivity of the Ksat parameter
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(a) Sensitivity of the f parameter

(b) Effect of f to KsatVer decay

Figure 4.15: (a) Sensitivity of the f parameter



5
Discussion

This chapter interprets the results and puts them into perspective. It first follows the same order as in

the Chapter 3 and Chapter 4.

5.1. Hydrological Characterisation

This section will discuss the findings during the data assessment and catchment profiling. Subsec-

tion 5.1.1 discussed the data refinement and the findings regarding precipitation data. Further, the pattern

and hydrological processes behind the discharge data are delved in Subsection 5.1.2. To summarise

the characterisation, a simple water balance model was constructed, and the findings are presented in

Subsection 5.1.3

5.1.1. Precipitation

This section will discuss the precipitation used for this study. Limited access to the measurement data

was a challenge at the beginning of the study. Most of the local measurements for this study were obtained

as secondary data from previous research at Universidad del Valle, Guatemala, and the Aurora Airport

station was obtained online.

Local measurements are often more accurate than satellite or reanalysis data because they directly

measure precipitation without complex processing and calibration. However, local measurements pose

disadvantages, such as time gaps and limited area coverage representation. The local measurement

product also has a limitation of temporal coverage, mostly coming only in a daily value. The combination

of these values and the actual quality of the local measurement data caused ascertained uncertainty.

As presented in Subsection 4.1.1, all stations except Aurora Airport have consistent measurements.

The higher amount of precipitation is slightly lean to the stations located in the higher area (Suiza Contenta

and INSIVUMEH). The correlation-distance analysis showed a limited correlation between each station,

especially between higher and lower altitudes stations. This indicated the precipitation predominantly

by the small extent of convective storms, which was the reason for the discrepancies in the behaviour

of each station. Hence, it proved the heterogeneity in spatial and temporal scales. The result from the

correlation distance was further used to assess the station’s network, assuming all stations work fine. The

assessment shows the high variance and the error estimate from the available stations. The combination of

heterogeneity, limited amount of ground stations, and no ground stations within the catchment became the

factor of this high variance. This result led to the relative error estimate variance (Zareal) found was very

39
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high on the daily time series with an amount of 45%, exceeding the best practice’s acceptance range of

5-10% [31, 12]. This indicates the network’s error estimation to represent the precipitation in the catchment

area. The absence of a rain gauge in the catchment’s middle section also aggravated the network’s

misrepresentation. Thus, this finding highlights the uncertainty of the interpolation method. In addition, the

analysis also estimates that the catchment required an additional 16 stations to have Zareal under 10%.

5.1.2. Discharge

The Hidrovacas Dam operator owns discharge data. The discharge data is a relatively sensitive topic

based on correspondence with Witteveen+Bos and the researcher from Universidad del Valle, Guatemala.

Witteveen+Bos provided the water level of the dam reservoir, which was obtained from the dam operator.

The discharge data of the river was also obtained as secondary data from the Universidad del Valle. The

data from the university also claimed to be sourced from the dam operator and could not specify the

exact location of the measurement. The correspondence with the university also found several identified

interventions in the river stream, namely a mini hydro power plant upstream of the measurement location,

effluent of wastewater from the wastewater treatment plant, and direct dumping from the households in

Guatemala City and its vicinity. Later in the study, continuous correspondence effort resulted in additional

hourly discharge data provided by Witteveen+Bos with time series from 2021 to 2022. It is difficult to

compare the data from Universidad del Valle and Witteveen+Bos because the measurement times do not

overlap. Nevertheless, a time-series comparison of the data from the university in 2019 and Witteveen+Bos

in 2021 shows a similar baseflow magnitude. Hence, it was deduced that the measurement data was

obtained from the same location.

Because of the limited options available to obtain the data, it is hard to deal with uncertainties. Never-

theless, the models must be calibrated using the available data. The facts mentioned above regarding the

questionable measured discharge resulted in significant uncertainties in the hydrological model. As an

alternative to obtain additional data, the spillway equation was used to obtain the reservoir outflow of the

Hidrovacas Dam. However, the result obtained has a different magnitude compared to the streamflow data

presented in Fig. 2.6. The data is also not continuous because the reservoir outlet is human-controlled.

Therefore, this study does not use the data derived from the spillway equation.

This study was based on data from the Universidad del Valle, and further verification was carried out to

check the quality of the data. The data shows a lot of errors and noises (Fig. 2.6). The low flow shows

volatile changes and some values near zero in the graph. These near-zero values were assumed to have no

data/error in measurement. The discharge pattern exhibits rapid changes, from almost no discharge to high

discharge within a short period. The streamflow pattern also often did not correlate with the precipitation

data. Therefore, it has been challenging on a digital low-pass filter. Usually, the digital low-pass filter uses

the recession analysis to obtain the recession constant using the master recession curves method [25, 39,

14]. The sudden jumps and drops in the streamflow data presented brought a challenge during the analysis.

Hence, this study used visual inspection after cleaning the data valued under 1 m3/s, acknowledging

disadvantages such as the inspector’s subjectivity and uncertainty [59]. Nevertheless, this assumption was

understandable since the analysis aimed to determine the characteristics and pattern instead of obtaining

a definite value. The focal point of the inspection fitted the slope after the inflection point in the recession

limb of the hydrograph.

The result was that the digital filter was well-fitted for the dry seasons of 2014 and 2017. However, in the

other years, the slope of the baseflow separated using the digital filter was not fitted due to the slope of the

recession being too steep or almost nonexistent, as presented in the dry season of 2019. Consequently,
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it was difficult to draw definitive conclusions from this result alone. Therefore, the result was accepted

and integrated into the existing literature on the catchment area. The minimum and maximum baseflow

discharge aligns with the range of 2 - 4 m3/s during the dry season [5]. The stable baseflow during the dry

season indicates the vast and active groundwater storage [39, 14]. However, the involvement of baseflow

during the wet season did not indicate an active groundwater interaction; it suggests the streamflow in the

catchment was driven by the rainfall-runoff response [39]. According to the DRR report, the wastewater

effluent from the city also contributes to the streamflow of Rio Las Vacas [5]; this is also strengthened by

faecal matters in water puddles downstream of the city [23]. It is inconclusive to deduct the source of the

baseflow in the catchment. Hence, a further water balance analysis was conducted to help characterise

the Rio Las Vacas catchment.

5.1.3. Water Balance

The water balance analysis was conducted to conclude the hydrological characterisation of the catch-

ment. The water balance was constructed using the ERA5 dataset. This decision was made due to limited

evapotranspiration and meteorological data from other stations. The Aurora Airport ground station provided

both precipitation and evaporation data. However, the quality of data in the Aurora Airport, which has

inconsistencies and uncertainty, made this study decide not to use the data from the ground station.

The rainfall-runoff coefficient from the water balance was relatively high, around 0.4 - 0.6. Looking back

at the catchment land cover and land usage, the coefficient seems attainable because of the growing urban

areas and limited tree coverage in the catchment. However, the Eact obtained from a simple equation was

far off compared to the Eact calculated from the theoretical Budyko framework. Meanwhile, the Budyko

water balance showed that the catchment lacked precipitation to have the amount of discharge presented

in the measurement. The discrepancy between the two methods assumed it was sourced from human

intervention in the catchment. Budyko framework as an empirical approach overlooked the catchment’s

human intervention effect. The literature review and correspondence with local experts also clarified

that the wastewater effluent from the city influenced the river discharge [5], but the magnitude of the

influence was still unknown. Therefore, it was concluded that the baseflow of the catchment mainly came

from the effect of wastewater effluent from the city. This conclusion was made based on the findings

presented above and the hydrograph separation presented in the previous section, which showed a

relatively steady baseflow, around 2 - 4 m3/s during the dry season (between December and March).

Furthermore, to strengthen this conclusion, a correction on discharge data by removing the wastewater

effluent using the hydrograph separation result showed the evaporative index on a similar magnitude to

the Budyko framework. The validation from the Budyko framework strengthens the assumption and shows

the significance of human-induced changes in the catchment. These findings and conclusions regarding

the catchment were carried out as input and consideration for the hydrological modelling.

5.2. Spatially Distributed Precipitation

Two interpolation methods were employed to create spatial coverage for these stations. The first one

was using IDW. Since the gauge locations are relatively close (< 30 km) to each other and located at the

edges of the catchment area, the value over the edges resembles the measurement values. The critical

part was the middle section of the catchment, where the values from the three gauges meet. There was

no local measurement around the area to validate the value obtained from IDW. A cross-validation to

validate the result was also impossible because of the limited number of gauges. The second method was

MLR. This method employs the DEM characteristics (longitude, latitude, and altitude) in the precipitation
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estimation equation. The parameters for the equation were estimated using the MCMC algorithm. The

result of monthly precipitation was considered good, with an acceptable average performance score (>

0.7). However, this result did not translate well into the daily precipitation estimation. It was believed

because of the daily variability from the local measurement. The local gauges have minimal rainfall during

the dry season and a generous amount during the wet season—this variability averages down the result of

this method. The input for daily timescale, in this case, ERA5, was unsuitable for this method for several

reasons. First, because the ERA5 has a relatively large grid for the catchment, it hardly catches the

temporal variance. In Fig. 4.3 shows that the ground stations have high temporal variability; the large grid

could overlook this variability. Second, the ERA5 value often underestimates the precipitation within the

catchment, especially in the middle section, which was mainly covered by one tile (see Fig. 4.8a in purple).

The assessment of the dataset was then conducted by comparing all the datasets in terms of spatial and

temporal distribution. The scatter plot of the daily precipitation shows a weak correlation to interpolated local

rain gauge data using IDW. The low correlation between CHIRPS and IDW was presumably due to different

temporal dynamics and the algorithm behind each dataset. This was because CHIRPS, despite using IDW

method in the ground data correction, also utilise the reanalysis and satellite data. The widely dispersed

cluster also indicates there are timing discrepancies between CHIRPS and IDW. Another probable reason

was due to the limited rain gauge data, especially in the middle of the catchment. As presented in Fig. 4.7,

the CHIRPS dataset estimates precipitation in the middle of the catchment (latitude 14.650 to 14.725

degrees), which was very different to the IDW estimate. This was because IDW spatial distribution depends

on the local rain gauge as the input. The fact that no rain gauge data in the middle section made the IDW

distribution in the middle only an average of the rain gauge networks. Meanwhile, for ERA5 and IDW, the

low correlation was because of the less spatial distribution of ERA5, on top of the difference in the algorithm

of these datasets. The majority of the catchment area was only covered by one ERA5 grid, compared to

the more spatially varied IDW. The cluster formed between IDW and ERA5 was denser compared to the

CHIRPS, which could indicate that the IDW and ERA5 have more agreement in the precipitation’s timing

compared to CHIRPS. For the MLR, all the results are similar to ERA5 since the dataset was used as

the input behind the formula. The MLR result, though bringing improvement in the spatial variance of the

precipitation, did not have much impact on improving ERA5 data. Hence, it was decided not to use the

MLR result in the hydrologic model.

5.3. Hydrological modelling

This section delves into the hydrological model’s results, from the sensitivity analysis to the final result.

The sensitivity analysis, performed manually, initially started from a wide range of scales, and the result

was used to narrow it down for the model calibration. The primary focus is identifying and discussing

several parameters affecting the model performance.

The wflow model used was based on the SBM principle. The model contains a large number of

parameters that provide flexibility in adjusting the model. However, the abundance of parameters also

could lead to equifinality, which became a challenge to determine whether the model performs well for the

correct reasons or because some parameters offset other parameters, affecting the result.

This study shows the wflow model was able to simulate the hydrological response of the catchment,

despite only configuring a few parameters. The selected parameters primarily influence the vertical module.

The sensitivity analysis shows that the parameters in the vertical module, especially the soil water, are

significant to the model result. The calibration of these few parameters also indicates that the global
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parameterisation proposed by Imhoff et al., 2020 [27] was adequate and applicable for this region. However,

a deeper look at other parameters, such as rooting depth and infiltration capacity, to enhance its connection

to the physical realities.

The result consistently has a lag time of 1-2 timestep from the measured discharge. This was under-

standable due to the nature of the catchment, which has a rapid response that could be less than a day

[TOC4Guatemala, 17, 5]. Meanwhile, because of limited data, the best model that this study can produce

was in a daily timescale, which might miss the fluctuation that happens hourly.

Lastly, although the result still did not satisfy the condition to be used for forecasting, the model was

capable of capturing the hydrological signatures recorded in the measurement data. From this onwards,

the study delved into how the forcing data affects the modelling result.

5.3.1. Comparing precipitation forcing data

The model’s forcing input was changed while the model parameters remained unchanged to investigate

the effect of spatial and temporal variability in precipitation. This study tested three types of forcing

precipitation: ERA5, CHIRPS, and the ground stations interpolated using IDW. Performance scoring,

cumulative discharge, and inspection were used to determine the performance of each forcing data set in

the model.

Overall, the model could simulate floods in the catchment, especially during the wet season. There

were no issues in the capability of the model to capture the bias and variability of the measurement,

presented by the KGE > 0.3 for all models. However, none of the precipitation data met the satisfactory

performance scoring, as shown by the lack of a model result with NSE > 0.5. The main issue with the

model result was that it is incapable of predicting the peak magnitude and timing of the flood compared

to the measurement. The NSE values are sensitive to offsets in timing and magnitude of the peaks, as

discussed in Subsection 3.3.2. The IDW showed better timing and discharge magnitude than the other

forcing data, presented by the only positive NSE score despite poor performance. The validation scores

show the difficulty of hydrological modelling in the data-scarce regions.

The cumulative discharge was not sensitive to the timing of peaks and, therefore, is a good value

for validating the model. The gap in the measurement data made the cumulative discharge less reliable.

However, this was still a good addition to the validation of the model. Overall, ERA5 and CHIRPS

consistently overestimated the streamflow, while IDW slightly underestimated it. Considering the gaps in

the measurement data due to error, the underestimation of IDW could be larger than reported, while the

ERA5 and CHIRPS could be smaller.

In detail, looking over specific years, from 2013 to 2016, the model can simulate the streamflow

compared to the measurement, with 2016 presenting the best result. However, from 2017 onwards, all

forcing data struggled to predict a good result. The model often lacks response while measurement records

a flood-level discharge. It became one of the uncertainties whether the model’s errors in prediction or

measurement errors.

Regarding the performance of forcing data, the ERA5 has the lowest scores among other data. In

the year-by-year outlook, ERA5 consistently overestimate the flood event around November. This was

consistent with the surge of precipitation that has been a known error of ERA5 in the mountainous area

[22]. It also showed the valuation of forcing’s grid resolution to the model’s outcome. IDW and CHIRPS

predicted flood simultaneously; however, they did not severely overestimate as much as ERA5. The

finer resolution of IDW and CHIRPS indicated that this flood event probably occurred due to intense local
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convective rainfall. Meanwhile, ERA5’s grid propagated this event to almost the whole catchment, causing

a severe overestimation of the event. The result of this study aligned with the previous study, especially

Hafizi et al., 2022 [21] due to similar topography, where the model using the ERA5 dataset struggled to

perform for streamflow validation.

The spatial distribution of ERA5 also showed disadvantages when assessing the runoff distribution

of the model. The result using the ERA5 dataset often presents an overestimation or underestimation,

especially in urban areas. Besides the precipitation distribution, land use also has significance in the

runoff generation. The most runoff was generated from urban land cover, followed by the arable lands.

Runoff generation over urban land cover is important for water quality or plastic transmission because the

urban areas generate a significant pollutant in the watershed [60]. The formula developed by Meijer et al.,

2021 [40] also put significance on the precipitation and land use in determining the probability of plastic

transmission. The use of the ERA5 dataset for pollutant study in this catchment could diminish or magnify

the effect of the hotspots located in urban areas. Hence, CHIRPS and IDW are considered better options

for pollutant study.

In conclusion, considering the validation scores, cumulative discharge and spatial distribution, IDW is

the best-performing forcing data. However, the lack of rain gauges inside the catchment caused the IDW

dataset to overlook certain local rainfall that was not recorded in the available rain gauges. It made IDW,

though the best performers, require certain conditions to perform, such as minimal local rainfall events

in the middle of the catchment. Compared to CHIRPS, which responded to the majority of flood events

measured, it shows that the data is not specialised for certain circumstances. IDW also underestimate the

cumulative discharge. Considering the measurement discharge has missing data due to errors, the IDW

underestimation could be more significant than reported. Furthermore, CHIRPS is one of the well-known

datasets for hydrology study and has been used in the region [37]. In consideration of the aspects above,

CHIRPS shows more promising results despite average scores.

5.3.2. Validation

It is hard to validate the result based on the performance scoring alone, especially theNSE andNSElog.

NSE and NSElog metrics rely heavily on goodness-of-fit, which necessitates the alignment of timing and

peak magnitude. However, due to the rapid response of catchment areas, achieving suitable timing in daily

hydrological models is particularly challenging. Therefore, the utilisation ofKGE is warranted. UnlikeNSE

and NSElog, KGE evaluates the timing and peak magnitude and considers bias pattern and variability

in model outcomes. This provides a more comprehensive assessment, especially in rapid-response

catchment areas. However, the bias patterns and variability in KGE could overwhelm the peak magnitude

and timing [33]. Therefore, both scoring is evaluated independently. In addition to the performance scoring,

visual inspection and cumulative discharge were inspected during validation to ensure the model result.

Overall, the validation shows the model’s consistent performance, shown by minimal discrepancies

between the calibration performance score and the cumulative discharge magnitude. This indicates that

the model is not specialised for a specific event.
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Conclusion and recommendation

6.1. Conclusion

This research aimed to improve the hydrological model in the Rio Las Vacas basin, with the spatial-

temporal heterogeneity of precipitation in the area. To address this objective, three sub-questions were

investigated.

SQ1: How to verify and validate the quality of the ground data? The data for this study faced

challenges in both quantity and quality due to the limited number of meteorological stations in the Rio Las

Vacas catchment. To address this, the study employed several validation methods. First, double mass

analysis to verify the consistencies of the precipitation data, where only three of the four available stations

have consistent data. Second, the correlation-distance analysis was conducted to check the correlation of

each station. The result showed that each station has limited correlation, thus indicating the heterogeneity

of the precipitation in the area. Third, network analysis was also carried out and shows the error estimate

variance (Zareal) of 45% and 7% on a daily and monthly basis, respectively. High Zareal indicates the error

variance of the station’s network to represent the precipitation in the catchment. The absence of stations

in the middle section of the catchment also aggravated the misrepresentation. The findings suggest that

adding 16 more stations was necessary to achieve an acceptable error rate under 10%.

SQ2: How to select the appropriate precipitation forcing data for the model? This study evaluates

three precipitation datasets: local ground stations, ERA5, and CHIRPS. Inverse Distance Weighting (IDW)

interpolation was applied to the local rain gauge data to enhance the spatial representation of precipitation.

During the evaluation, the ERA5 had three grids covering the study area, with one grid covering the majority

of the area. Although the ERA5 has been widely used for hydrology studies, it could not represent the

heterogeneity of precipitation in this area. Multi-linear regression (MLR), combining ground stations, DEM

characteristics, and ERA5 data, was used to generate new gridded precipitation data.

The evaluation result found that each precipitation dataset has its own character. The IDW dataset

was limited to ground data coverage, especially in the middle of the catchment. ERA5 dataset has good

temporal coverage but poor spatial resolution. This made capturing the spatial variability and, subsequently,

temporal variability challenging for ERA5. CHIRPS had a finer resolution than ERA5, thus offering additional

spatial variance coverage for this study. Thus, it offered a balance between the spatial and temporal

coverage for the catchment. The comparison and correlation of these datasets resulted in the elimination

of the MLR dataset to be used for the hydrological study. The main reason was that the dataset was almost
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identical to the ERA5, which was the input, and the algorithm did not offer any improvement for the ERA5

dataset.

SQ3: What is the hydrology characteristic of the Rio Las Vacas basin? The hydrological model

of the catchment was based on knowledge of the catchment behaviour and available data. In this study,

the characterisation relied mainly on the ERA5 dataset due to the complete coverage of precipitation

and potential evaporation and discharge measurement data. The catchment exhibits abundant baseflow,

but the baseflow pattern did not suggest significant groundwater storage. Water balance analysis using

the P-Q method and the Budyko framework revealed low actual evaporation. Compared to the Budyko

framework, the result showed that the actual evaporation was significantly higher, and the catchment

should not have the amount of discharge presented in the measurement. By combining the information

from prior studies on the catchment, such as the Dutch Risk Reduction report [5] and Funcagua report

[17], the high baseflow of Rio Las Vacas was severely influenced by human intervention.

SQ4: Comparing precipitation dataset; which simulates the discharge the best? Three precipita-

tion datasets were tested in this study. Quantitative and qualitative validation was conducted to determine

the best precipitation dataset. Based on the quantitative result, the rain gauge network interpolated using

IDW provided the best result. However, from the qualitative side, the use of the IDW dataset posed a

significant uncertainty. CHIRPS, while second-best in quantitative validation, offered better qualitative

reliability as an established global dataset, providing more consistent spatial coverage and has been tested

in the region. Meanwhile, ERA5, despite being known as an established global dataset, lacked spatial

distribution. This limitation made ERA5 less effective, especially in catchments like Rio Las Vacas with

complex topography and variable rainfall patterns. Furthermore, spatial distribution had an effect on runoff

generation at the pixel level and the transmission of pollutants. Hence, for hydrological model applications

in a catchment like Rio Las Vacas, CHIRPS was more suitable because of the balance between spatial

resolution and reliability.

In short, modelling the Rio Las Vacas Basin remained a challenge due to the uncertainty of the

hydrological model in a data-scarce basin and low data quality, which drove this study to perform extensive

verification and validation in each step. The hydrological characterisation helped to create a good foundation

of assumption for the hydrological model. This study also showed the capabilities of wflow to simulate

the hydrological response of the relatively small catchment. The wflow model was calibrated using a few

selected parameters, while the base value was obtained using global parameterisation. Looking at the

model performance, the global parameterisation was considered adequate for a basin like Rio Las Vacas.

The vertical parameters, especially related to soil water accounting, were found to have a significant

magnitude to the model result. Among various precipitation datasets, fine-grid size and spatio-temporal

representation of the basin were important. The model based on ERA5 data was improved significantly

by changing the precipitation data to one that has a finer grid and spatio-temporal representation. The

spatiotemporal representation also propagated to the spatiotemporal distribution of the runoff, which was

crucial for the flood and pollutant transmission study. Based on the quantitative and qualitative results,

CHIRPS was considered the most suitable dataset among the datasets used in this study to improve the

hydrological model.

6.2. Limitations and Recommendation

The first recommendation would be to focus on the data. This study shows how difficult to handle

the spatial-temporal heterogeneity of the precipitation, not to mention the human-induced changes inside
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the catchment. The most critical part was collecting the precipitation data in the middle section of the

catchment since the current rain gauge used in the study already provides data for the edges of the

catchment. However, the elevation begins to rise in the middle of the catchment. There are probabilities of

orographic effects due to the topography of the area, which was overlooked by the study. Extra precipitation

data collection is recommended to reduce the network’s error estimate variance. Based on the analysis,

an additional 16 stations can reduce the Zareal under 10%, which is under the best practices’ acceptance

range of 5-10% [31, 12]. The placement of these stations should follow the guidelines from the World

Meteorology Organisation (WMO) to obtain the best efficiency.

The study also overlooked the evaporation because of the limited number of local gauges with sufficient

meteorological data. The evaporation in this study solely relied on the meteorological data provided by the

ERA5 product, though the data was tried to be normalised based on the elevation. Furthermore, several

study shows that temperature and evaporation have significant effects on the soil moisture content, which

is also beneficial to be included in the calibration and fine-tuning of the model [21, 11]. Another look into

how the evaporation could be varied along the spatial spectrum could be analysed.

In this study, only one dataset per input was considered. However, during the assessment, it was found

that the two global datasets correlate to the ground data differently. CHIRPS correlate with the amount of

precipitation in the basin but not the temporal dynamics. Meanwhile, ERA5 correlate better to the temporal

dynamic but performs poorly on the amount of precipitation in the basin due to its grid size. A probabilistic

data fusion model to achieve water balance closure proposed by Schoups and Nasseri, 2021 [51] has the

potential to improve the current study.

The study employed a 1-day time step due to the data availability. Looking at the rapid response of the

catchment, a shorter time step could be beneficial. The DRR Team Report show that the initial response

of the catchment came within 3-6 hours after the precipitation [TOC4Guatemala, 5]. The 1-day time step

surely overlooks this variation. This could be the reason why the model had a lag time of 1-2 time steps

behind the measurement discharge.

The next recommendation is to conduct a site visit, especially on the data measurements, which could

be beneficial and offer insight into the catchment. The site visit report provided by the Witteveen+Bos

limits the environmental condition of the catchment area. Another addition from several reports offers

insight into the human altercation in the catchment. However, these reports did not offer the details of

each altercation, and the modeller had a limited understanding of translating reality into the model.

A more comprehensive site visit can also enhance Wflow’s capabilities. This study limits its tested

parameters due to its limited understanding of the catchment. This study calibrated the parameters Ksat

and f based on the soil type in the site visit reports. Meanwhile, other parameters could be delved into,

such as infiltration capacity, soil thickness, and residual water content. The study found that the soil

water accounting scheme of wflow is significant in generating the runoff. Hence, these parameters are

recommended to be explored further in the future study with additional understanding and information from

the site visit.
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Figure A.1: Model run 2013
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Figure A.2: Model run 2014
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Figure A.3: Model run 2015
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Figure A.4: Model run 2016
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Figure A.5: Model run 2017
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Figure A.6: Model run 2018
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Figure A.7: Model run 2019
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