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Abstract

Evaluating and simulating streamflow is extremely useful for managing water resources in almost all regions,
particularly in arid ones. This study focuses on the performance of two hydrological models, HBV Light and
SWAT, in streamflow simulation in northern Ethiopia. The models were evaluated using an ensemble modeling
approach, which integrated Monte Carlo simulations for HBV Light and SWAT, while SWAT-CUP was used for
calibration and validation. During the sensitivity analysis, key parameters controlling the model outputs were
identified. For HBV Light, the parameters, K2, MAXBAS, and BETA, reflect subsurface processes, whereas
SWAT, CN2, GWQMN, and SOL_AWC were used to control surface runoff. During calibration and validation,
SWAT demonstrated statistically superior performance in modeling streamflow (R2=0.73, NSE=0.81) and (R?
=0.72, NSE=0.72) respectively. While HBV Light recorded a performance of (R?=0.71, NSE=0.70) during
calibration and (R?= 0.71, NSE= 0.71) during validation,which was closer to the observed streamflow. This
indicates during the validation phase, SWAT still performed better but HBV Light demonstrated narrower
predictive uncertainties at 95% along with more identifiability of the parameters that reduced the problem of
equifinality. The bottom line of this case was that SWAT was statistically better, while HBV Light was more
transparent and reliable with uncertainties. All things considered, both models could simulate streamflow, but
their differences suggested that context-based choice would be optimal. While predictive consistency and
uncertainty portrayal were most important, HBV Light was advantageous, and SWAT was better suited for use in
cases that rank calibration accuracy above all else. The hydrology of the catchment could be better understood if
streamline decision-making for the effective and sustainable management of water resources in the Geba

Catchment and similar semi-arid areas were combined, or if multi-model ensembles were utilized.
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1. INTRODUCTION

Hydrological modeling plays a fundamental role in understanding the dynamics of catchment
processes and supporting water resource management across diverse climatic regions.
Globally, rainfall-runoff models have evolved from empirical formulations to sophisticated
process-based tools that integrate climatic, hydrological, and land surface interactions. These
models are instrumental in flood prediction, water allocation, and impact assessment under
changing climate conditions (Ayele & Ayalew, 2024; Jehanzaib et al., 2022; S. Mekonnen et
al., 2023; Mosbahi et al., 2023; Onyutha, 2022, 2024). In Ethiopia, their application has
expanded to evaluate runoff behavior in data-scarce basins where hydro-climatic variability
and land-use changes are pronounced (Mekonnen & Manderso, 2023; Mekoya & Workneh,
2024; Nonki et al., 2023; Vogeti et al., 2023). However, model reliability remains challenged
by limited data availability, structural complexity, and parameter uncertainty issues that this
study addresses through a comparative evaluation of HBV Light and SWAT models within
the Geba Catchment (Asnake et al., 2021; Haleem et al., 2022; Leta et al., 2021; Lv et al.,
2022; Worku et al., 2022). The rainfall runoff model is helpful to study the non-linear behavior

of the catchment.

In Ethiopia, there are a large number of hydrological modeling works in different basins under
different climates, land use, soil, geology, and topographical settings (Emiru et al., 2022; Lv et
al., 2022; Magidi et al., 2021). The applied models have different structures to simulate
discharge. Their ability to simulate discharge in a comparative approach has not yet been
explored. Furthermore, identifying better model conceptualization, the parsimony issue,
identifiability of parameters, and predictive ability are the key points in understanding
catchment behavior at various spatio-temporal scales. Comparative modeling studies thus
would enable us to gain an insight into the weaknesses and strengths of the models in capturing
the various response mode of the hydrograph by evaluating the credibility of the model through

better process representation, parsimony, identifiability, and uncertainty assessment.

Moreover, in the study area there are no further researches were aimed to evaluate the
performance of the model under realistic simulations. Thus, Geba Catchment is selected
because of the availability of data to conduct comparative catchment analysis using HBV light
versus SWAT models for better understanding of rainfall - runoff relationship in the sub-basin.
Numerous hydrological models have been used to simulate the rainfall-runoff process (Dash
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et al., 2021; Emiru et al., 2022; Lv et al., 2022; Magidi et al., 2021; Santos et al., 2022). As
catchments vary, the applications of the models show variations. In this regard, comparative
modeling studies would help to find the appropriate model for better representation of the
catchment situation. Knowledge of catchment behavior and effect assessment are essential in

data-poor regions such as the Tekeze Basin.

The structural formulation of the models in semi-arid basins like the Geba Watershed is a
crucial determinant of the reliability of the simulation. As the conceptual model of lump is
linked with the idea of hydrology, the HBV Light Model uses the components of storage by
highlighting the processes of subsurface flow and recession. This implies its applicability in
data-scarce regions with high groundwater-surface water interactions. On the other hand, the
SWAT Model has a semi-distributed structure that splits the basin into sub-watersheds and
Hydrological Response Units (HRUSs) thereby representing spatial variability in land use, soil,
and topography explicitly. This structure comparison affects sensitivity and uncertainty of
model performance, and HBV Light has better performance to contain temporal flow range due
to few data. SWAT is capable of representing the complexity of surface processes by explicitly
accounting for their spatial variability in a detailed and distributed manner. Therefore,
comparison shows the impact of model architecture on the representation of processes in semi-

arid hydrological conditions.

2. MATERIALS AND METHODS
2.1 Study Area Description

Geba Catchment is situated in Tigray Regional State and drains the northeastern portion of the
Tekeze River Basin. The upper portion of the catchment, which encompasses around 2437.52
km?, is the main focus of this study. The geographical location of the study area is between
13°20'49" and 14°10'13" latitudes and 39°21'00"” and 39°46'30" longitudes East (Figure 1).
The basin exhibits a significant elevation gradient, ranging from a minimum of 1740 m to a
maximum of 3300 m above sea level. (Ahmad et al., 2023). Geological formations and erosion
factors greatly influence the topography of the basin. The main rivers have steep hills and

rugged escarpments.
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Figure 1. Location map of the Geba catchment and meteorological stations

Note: (met station and sub-station in the legend stand for meteorological stations and secondary observation
points, respectively.

2.2 Data Collection

The hydrological and meteorological datasets utilized in this study were obtained from the
Ministry of Water and Energy and the Ethiopian Meteorological Institute. The dataset
comprises streamflow records from 2000 to 2023 and meteorological data spanning 1992 to
2023. In addition, the Ethiopian Mapping Agency supplied the Digital Elevation Model
(DEM), Land Use/Land Cover (LULC), and soil maps which served as essential spatial inputs
for the analysis. The LULC map used in this study represents the year 2020 and includes six
primary land cover classes: cultivated land, grassland, shrub land, forest, urban areas, and
barren land. The DEM (30 m) and soil maps (FAO classification) were integrated with the

LULC data as essential spatial inputs for both models.

2.3 Data Quality and Resolution

The input datasets used for both models were rigorously screened and standardized for spatial
and temporal consistency. Meteorological data (rainfall, temperature, and potential
evapotranspiration) were available at a daily time step for the period 1992-2023. Spatial inputs,
Digital Elevation Model (DEM, 30 m resolution), soil map (FAO classification), and Land

Use/Land Cover (LULC, 2020 classification), were resampled to a uniform grid resolution
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compatible with the SWAT model. Streamflow data from 2000-2023 were used for calibration
and validation. Data reliability was verified using double mass curve analysis and statistical
outlier detection. These steps ensured that both temporal and spatial data quality should meet
the standards required for robust hydrological modeling in data-limited contexts.

2.4 Rainfall Data Screening

First, a visual review of daily rainfall data was used to screen meteorological stations in the
research area for rough rainfall data. This initial step focused on identifying obvious data entry
errors or non-physical rainfall values (e.g., negative rainfall). Next, a statistical outlier analysis
was performed on the daily and monthly rainfall records. Specifically, the Inter-quartile Range
(IQR) method was employed to flag extreme values (outliers) within each station. These
flagged outliers were then cross-checked with records from adjacent stations to determine if
they represented true, extreme events or if they were errors. Data filtering was carried out from
1992 to 2023. This was due to extensive gaps in rainfall records at some stations and the
absence of long, overlapping periods of observation. To screen for inconsistencies and non-
homogeneity among stations, the Double Mass Curve analysis was utilized. This involved
plotting the cumulative rainfall of each station against the concurrent cumulative rainfall of a
strong, consistent base station or the average of a group of reliable stations. Any significant
change in the slope of the curve indicated a non-homogeneity or inconsistency in the data of
the station. These inconsistencies may arise from factors such as station relocation, instrument
changes, or long-term systematic errors. These issues were corrected as described in the data
analysis section.Time series plotting of the daily rainfall was used to create a graphic
comparison of the rainfall data, further highlighting temporal consistency. Figure 2 illustrates
the long-term yearly rainfall computed over the period 1992-2023. It clearly shows strong
seasonal variability in rainfall distribution. The highest rainfall occurred from June to
September while smaller rainfall records were observed from March to May. Very low rainfall
is observed during the dry months between October and February. This seasonal pattern reflects

the dominant summer monsoon system that controls rainfall in the Geba Catchment.
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Figure 2. Yearly rainfall at selected rainfall stations

2.5 Data Analysis

The normal ratio approach and station average were utilized to fill the gaps in all stations. The
homogeneity and consistency of rainfall were examined using a double mass curve which was
also utilized to correct conflicting data. For reference, evapotranspiration (ETo) was estimated
using the Penman—Monteith method, which is regarded as the standard approach when
conventional meteorological variables such as solar radiation, wind speed, temperature, and
humidity are available (Daniel & Abate, 2022). Nevertheless, not every station in this research
region had access to such data. The Hargreaves technique was used to assess potential
evapotranspiration since most stations contain both maximum and minimum temperature. The
Thiessen Polygon Method was employed to convert the point rainfall measurements from the
selected meteorological stations into areal rainfall inputs. This approach ensures that the
rainfall input for each sub-basin accurately reflects the weighted average of the contributing

stations.

2.6 Model Description and Mathematical Formulation
HBYV Light Model:
The HBV Light Model is a conceptual rainfall-runoff model that represents the hydrological
cycle using linked storage components for snow, soil moisture, groundwater, and routing. The
model simulates runoff based on the following core relationships:

P=Pets + AS Q)

Q= KoS1 + K1S2 + K2S3 (2)
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where Pefs is the effective precipitation, AS is the change in storage, Q is total runoff, and Ko,
K1, K2 and Kz are recession coefficients for upper and lower zones. The terms Si, S2 and Sz
represent storage components of the system at different time levels. The nonlinear soil moisture
relationship is controlled by the BETA parameter which determines the partitioning between
infiltration and quick runoff.

SWAT Model:

The SWAT model is a semi-distributed, process-based hydrological model that divides a basin
into sub-basins and Hydrological Response Units (HRUSs). The water balance in each HRU is

expressed as:
t
SWi =SWq +_21(Rday — Qsurf + Ea —Wseep —Qgw) @)
I_

where SW: is final soil water content, SWo is initial soil water content, t is time in days, Rday iS
the amount of precipitation on day i, Qsurf is the amount of surface runoff on day i, Ea is the
amount of evapotranspiration on day i, Wseep is amount of water entering the vadose zone and

Qgw is the amount of return flow on day i, all are in mm of water.

2.7 Model Sensitivity Analysis

The HBV-Light model sensitivity analysis was conducted using a Monte Carlo simulation
approach, whereas sensitivity analysis for the SWAT model was performed automatically
using the SUFI-2 algorithm within SWAT-CUP. The impact of each model parameter was
assessed by systematically exploring its predefined range through continuous variation.
Parameters were typically perturbed within £20% of their initial best estimates, or across their
full permissible ranges, to evaluate their influence on the objective function. This approach
allows robust assessment of model sensitivity by quantifying the response of simulated outputs

to parameter uncertainty.

2.8 Time Period Specified: Calibration and Validation
The model calibration for both models is conducted from 2000 to 2023. When the agreement
between observed and simulated flow is good, model parameter and model performance

evaluation factor are fixed.
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2.9 Model Performance

For the calibration and validation periods of this work, the model performance was assessed
using different model evaluation criteria (Al-Taei et al., 2023). The integrated assessment of
the study involved three complementary stages: sensitivity analysis, calibration and validation,
and uncertainty quantification which is performed independently for both models and then
comparatively analyzed. Performance measures used in calibration and validation include
theCoefficient of Determination (R?2), Nash—Sutcliffe Efficiency (NSE), PBIAS, and calculated
as follows (Nash & Sutcliffe, 1970, Santhi et al., 2001):

n (4)
) { 1(Oi —Oave) i _Save)}
R2 _ =

4 20 2
_Zl(oi —Oavg) _Zl(si —Save)
1= 1=

n

Y(0i-8j)° (5)

NSE =1- =1
N 2
Z(Oi —Oave)

=1

_%(Oi -Si)

PBIAS=100 =L (6)
n

20

=1

where O;j is observed stream flow, Oayg IS average observed Stream flow, S; is simulated Stream

flow, Save is average Simulated Stream flow and n is total number of observations

This explicit formulation provides clarity on the physical and mathematical bases of both

models and their integration through sensitivity, calibration, and uncertainty evaluations.

2.10 Uncertainty Analysis for Both Models

Model simulations are inherently subject to uncertainty arising from parameter selection,
model structure, performance, and calibration procedures. To quantify these uncertainties,
uncertainty analyses were conducted using Monte Carlo simulation for the HBV-Light model
and the SUFI-2 algorithm implemented in SWAT-CUP for the SWAT model (Angelakis et al.,
2023; Azizi et al., 2021). Model uncertainty was evaluated using the p-factor, defined as the
percentage of observed data bracketed by the 95% prediction uncertainty, and the r-factor,
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representing the average thickness of the uncertainty band. An optimal model performance is
characterized by a higher p-factor combined with a lower r-factor, reflecting a balance between
predictive reliability and precision; these metrics were therefore used as key performance

indicators in this study.

For the HBV-Light model, parameter and uncertainty analyses were performed using a Monte
Carlo framework with 150,000 parameter sets to ensure comprehensive exploration of the
parameter space and minimize the likelihood of overlooking optimal parameter combinations.
This number of simulations was considered sufficient given the model’s computational
efficiency and is consistent with recommendations from previous hydrological studies for
robust uncertainty characterization (Pianosi et al., 2016; Seibert, 2000). The resulting ensemble
of simulations was used to derive upper and lower uncertainty bounds of the simulated
streamflow, thereby capturing variability associated with different parameter choices (Ouallali
et al., 2024; Sahu et al., 2023).

For the SWAT model, uncertainty analysis was conducted using the SUFI-2 algorithm within
the SWAT-CUP framework, where parameter uncertainty was propagated through multiple
calibration iterations; the number of iterations employed is reported in the results section.
While parameter uncertainty plays a critical role in simulated streamflow, previous studies
suggest that rainfall-runoff modeling may yield acceptable performance across a wide range
of parameter sets, allowing the selection of an optimal solution when multiple parameter
combinations provide reasonable fits to observed data (Mustafa et al., 2023; Ouallali et al.,
2024; Sahu et al., 2023).

3. RESULTS AND DISSCUSSION
3.1 HBV Light Model

3.1.1 HBV Model Sensitivity

Throughout the simulation, the other model parameters were either insensitive or less sensitive
than MAXBAS, BETA and K2 which were the most sensitive at Geba Catchment. Figure 3,
Figure 4 and Figure 5 shows the subsurface or ground water dominance. This is the main
process for the HBV-Light model because its K2 (recession or storage coefficient at box 2) is

sensitive to all objective functions, unlike other processes.
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3.1.2 HBV Model Simulation

The Geba Watershed model performance by HBV light model had been satisfactory for
eighteen years (from 2000 to 2018) and from 2019 to 2023, with R? = 0.71, NSE = 0.707, and
R%=0.74, NSE = 0.73 for the calibration and validation period as shown in Figure 6 and Figure
7 respectively. The consistent underestimation of low flows during the validation period was
likely related to the simplified groundwater representation in the HBV model. The model uses
fixed recession coefficients that may not fully reflect the slow groundwater release observed in
the Geba Catchment. In addition, limited low-flow observations increase uncertainty in
calibrating parameters that control base flow and recession behavior. The optimized model

parameter value for HBV Light model is presented in Table 1.
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Figure 6. Flow simulation for calibration in HBV Light model
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Figure 7. Flow simulation for validation in HBV Light model
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Table 1. Summary of optimized model parameter values for HBV Light Model

Parameter  unit Valid Optimized parameter vglue _for

range calibration
FC mm (0,inf) 850
LP _ [0,1] 0.8
BETA _ (0,inf) 0.85
PERC mm/At  [0,inf) 60
UZL mm [0,inf) 50
KO 1/At [0,1) 0.85
K1 1/At [0,1) 0.55
K2 1/At [0,1) 0.65
MAXBAS At [1,100] 1
Cet 1/0C [0,1] 0.01

3.1.3 HBV Model Parameter and Uncertainty Analysis

The calibration results of the HBV-Light model indicated the presence of parameter

equifinality, whereby multiple parameter combinations produced comparable performance

metrics, complicating the identification of a unique parameter set that best represents actual

catchment processes. Despite this, the HBV-Light calibration exhibited relatively narrow

uncertainty bounds and consistent parameter identifiability, suggesting reduced parameter

ambiguity and a better-constrained equifinal behavior within the HBV framework (Figure 8).

The concept of equifinality in hydrological modeling has been widely documented, with

several studies reporting substantial equifinal and poorly constrained parameter sets during
model calibration ( Beven & Binley, 1992, Bammou et al., 2024; Ben Khélifa & Mosbabhi,
2022; Bogale, 2021).
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As shown in Figure 9 and 10, the majority of the simulated flow fell between the interval or

uncertainty range. Only parameter uncertainty was taken into account in this investigation. As
a result, the simulated outcome of the flow was trustworthy. Consistent with past studies
addressing model uncertainty in Ethiopian basins (Bogale, 2021; Nonki et al., 2023; Ouallali
et al., 2024), the majority of simulated flows in this study fell within the 95% predictive
uncertainty range, confirming the reliability of the Monte Carlo-based uncertainty
characterization. It was found that the simulation result was beyond the uncertainty range for

the Muger Catchment Abay Basin in Ethiopia.
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Figure 9. Uncertainty analysis for calibration period
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Figure 10. Uncertainty analysis for validation period
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3.2 SWAT Model

3.2.1 SWAT Model Sensitivity

It is important to note that direct comparison of parameter sensitivity between SWAT and HBV
Light is not based on numerical values as each model employs distinct structural and
conceptual formulations. Instead, the comparison focuses on the relative influence of dominant
parameters and the hydrological processes they represent. HBV-Light focuses on subsurface
flow control, whereas SWAT emphasizes surface runoff generation. The most sensitive factors
were land use and antecedent soil water conditions (CN2), followed by the soil characteristics
of the watershed (SOL_AWC) and ground water determinant parameters for flow (GWQMN)
(Figure 11). The delay time for aquifer recharging (GW_DELAY) and the depth of the soil
layer from the top to the bottom (SOL_Z) was a soil parameter mainly controlling surface
runoff generation whereas the remaining parameters were not significantly sensitive to runoff

simulation.

P value t stat

REVAPMN.gw 1

EPCO.hru 10
SOL_K.sol
GW_REVAP.gw
ALPHA_BF.gw
ESCO.hru
SOL_Z.sol
GW_DELAY.gw
CN2.mgt
GWQMN.gw

SOL_AWC.sol | e —

0 0.25 05 0.75 1 r T T T T 1
-0.5 0 0.5 1 1.5 2

Parameters

w A U1 O N 0 ©

Relative sensitivity Relative sensitivity

Figure 11. Model parameter sensitivity ranking

In Figure 11, the p-values denote the significance level associated with each t-statistic of the
parameter in the sensitivity ranking. Parameters with p-values approaching zero (typically <
0.05) are considered statistically significant. The initial figure presented rounded values; this

was corrected to show precise significance levels, indicating that parameters CN2, SOL_AWC,
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and GWQMN exhibited the highest sensitivity at 5% significance level. Surface dominance
should be the parameter identified in the SWAT Model as land use and antecedent soil water

conditions (CN2) were the most sensitive of the model parameters.

Note: RS- Relative sensitivity values of model parameters have a value; the t Stat gives a
measure of sensitivity (larger absolute values are more sensitive); the p value establishes the
significance of the sensitivity (a value near zero has greater significance); and "R_"and "V_"
denote relative change and replacement to the initial parameter values, respectively. 0 < RS <
0.05, 0.05<RS <0.2,and 0.02 < RS < 1.0 are considered small to negligible. RS > 1.0 is quite
high.

3.2.2. SWAT Model Calibration and Validation

The monthly time-based statistical values for R2, NSE, and PBIAS over eight years (January
1, 2000 to December 31, 2018) and the validation period (January 1, 2019 to December 31,
2023) were 0.81, 0.73, -11% and 0.72, 0.72, -11% for calibration and validation, respectively
(Figure 12 and Figure 13). These results were comparable to those of the study by (Costea et
al., 2022; Duc & Sawada, 2023; Esmaeilpour, 2024). By repeatedly altering the parameters
1500 times, the model was automatically calibrated. The value that fits is presented in Table
2.Following adjustments, the model test indicated that R?, NSE, and PBIAS were 89.60%,

86.36%, and -8.16%,respectively. Consequently, the goal functions were met.
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Figure 12. Observed and simulated flow hydrographs during calibration period

108



Abebe et al. /EJWST. Volume:8: 95-118 /2025 (ISSN: 2220 — 7643)

mmmm Areal Rainfall ------ Observed ——— Simulated
140 ~- |||II - - --Il II- - - | I||' - | |l __IIII I|- - 0.00

% 120 1 | ‘ L 20000 E
2 100 A E
; 80 A - 400.00 q(=2
o e
£ 601 - 600.00 €
S 40 1 E
& 20 4 - 800.00 %

0 1000.00

S>> PP DD PP
\‘b @‘ﬁ %@Q x‘b @‘LA %QQ \‘b @‘Zﬁ %@Q \%Q @‘Iﬁ %@Q x‘b @‘Zﬁ %QQ
Month
Figure 13. Observed and simulated flow hydrographs during validation period
Table 2. Summary of optimized model parameter values for SWAT Model

Parameter Valid range Optimized parameter value for calibration

ALPHA BF 0-1 0.72

CN2 35-98 91

GWQMN 0-5000 700

ESCO 0-1 0.64

SOL_AWC 0-1 0.93

CANMAX 0-10 7.2

REVAPMN 0-500 445

GWREVAP 0.02-0.2 0.06

SOL 7 0-3500 2315

SOL_K 0-2000 1645

GW_DELAY 0-500 265

3.2.3 SWAT Model Parameter and Uncertainty Analysis

The relationship between parameter values and the goal function is shown in Figure 14. This
graph serves to illustrate the distribution of sample points and provide a sense of parameter
sensitivity for the more sensitive parameters chosen during calibration. As in Figure 14, the
sample points were dispersed throughout the objective function, leading to the best
identifiability of parameters that fall within this range. The results were comparable to those of
(Mathevet et al., 2023; Mustafa et al., 2023).
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Figure 14 Sample dotty plot for selective sensitive parameters

N.B: The x-axis indicates parameter range and the y axis for objective function
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The distribution of the sample points showed that the majority of the points were spread farther
from the goal function as compared to the HBV model. This may imply that the HBV light

model was less dependable in terms of parameter identifiability.

SUFI-2, 95PPUs, the p-factor, and the r-factor served as indicators of the uncertainty. The p-
factor and r-factor of the calibration for monthly streamflow were 0.69 and 0.64, respectively.
This showed that the 95% prediction interval (PPU) could bracket around 69% (out of a perfect
100%) of the recorded monthly stream flow with an extremely narrow 95% PPU band of 0.64
(near a perfect 0) during calibration (Ouallali et al., 2024). A well-balanced relationship
between the p-factor and r-factor was maintained during the SUFI-2 calibration process. The
obtained p-factor of 0.69 and r-factor of 0.64 reflect an optimal equilibrium, ensuring that
approximately 70% of the observed flow values were bracketed within a narrow predictive
uncertainty band, thereby confirming both precision and reliability of the calibrated model

(Figure 15 and 16).
75
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Streamflow
8
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Figure 16 Uncertainty during the validation period
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Table 3. Evaluation of the model performance of HBV Light and the SWAT Model

Streamflow Simulation R? NSE PBIAS (%)
HBV light model calibration 0.71 0.70 -4

HBV light model validation 0.71 0.71 -3

SWAT model calibration 0.81 0.73 -11

SWAT model validation 0.72 0.72 -11

The study period (2000-2023) was characterized by notable climate variability and gradual
land use modification within the Geba Catchment. Although the models were calibrated to
observed conditions, these inter-annual fluctuations influenced runoff generation patterns and
model responses. Future studies should explicitly integrate climate and land use dynamics to
evaluate their long-term influence on model robustness and parameter stability. Such
extensions would enhance model applicability under changing environmental conditions.

Generally, the comparative evaluation showed the contrasting hydrological representations of
the two models. While SWAT demonstrated stronger statistical efficiency and replicated
observed hydrographs, it exhibited broader uncertainty ranges owing to greater parameter
interdependence. Conversely, HBV Light showed narrower predictive intervals and enhanced
identifiability, thereby reducing parameter equifinality. These findings highlighted that model
choice should be context-driven: HBV Light offered superior reliability in data-limited basins
emphasizing uncertainty quantification whereas SWAT was preferable when calibration

precision and spatial process representation were prioritized.
4 CONCLUSION

A detailed comparative analysis of the HBV Light and SWAT model was done in the modelling
of streamflow in the Geba Catchment. The evaluation was conducted using the best calibration
methods and uncertainty tests to assess statistical effectiveness and predictive accuracy..
Sensitivity analysis showed parameter dominance that were opposite to those in HBV Light
with the outputs being influenced mainly by subsurface processes (K2, MAXBAS, BETA) In
SWAT, surface hydrological processes are represented by CN2, GWQMN, and SOL_AWC.
The SWAT model shows good statistical performance with ENS values of 0.81 and 0.75 in
calibration and validation, respectively. However, HBV Light, having ENS values of 0.70 and
0.73, indicated that SWAT fitted better to observed overall flows. This made SWAT especially

appropriate in situations where an accurate reproduction of the observed streamflow was of
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interest. Conversely, HBV Light had 95% predictive uncertainty margins and more reliable
parameter identifiability. This largely neutralized equifinality problems which were eminent in
SWAT stochastic calibration. These features highlighted a major trade-off. Although SWAT
was doing much better in achieving more similar statistical approximation of the observations,
HBYV Light was much better in the predictability of the results. In other words, HBV Light
representation of uncertainty was more transparent. The models differed from each other by
demonstrating different behavior: HBV Light was characterized by the use of the groundwater
processes, but SWAT was characterized by the surface runoff. Such difference demonstrated
the nature of the complex hydrology of the Geba Catchment. Seasonal variations in land use
and the presence of clay-based soils characterize the process of runoff generation. Although
SWAT was statistically more accurate, its nature of underestimating low flows as well as
overestimating peak flows along with the wider range of uncertainty of its prediction, could be
restrictive to the application of this model in the long-term water resource planning. On the
other hand, HBV Light had a significant strength in its ability to restrict the behavior of the
parameters, and limited the parameters to slimmer predictive spaces, which made it especially
useful in data-sparse contexts, and integrative watershed management. HBV-Light, however,
has some limitations. Its performance can vary depending on catchment characteristics, and
certain surface hydrological processes are not represented as accurately as in other models.In
general, the study demonstrated that the process of model selection could be seen as an
optimization between statistical performance, predictive reliability, and uncertainty
transparency. It is better to use a more careful, context-based strategy: HBV Light is most
appropriate when it is needed to make strong predictions in case of uncertainty, whereas SWAT
can be more suitable in cases where the main goal is high calibration accuracy. Integrating the
understanding of the two models or using multi-model ensembles may offer a better picture of
the catchment hydrology, leading to the development of improved decisions in the
sustainability of water resources and water management in the semi-arid areas. Implications of
the findings also include the need to have strong data collection, careful model analysis, and
adaptability of catchment hydrological dynamics in the application of conceptual hydrological

models.
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