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Abstract. The HBV hydrological model simulates the discharge using as input data 

the daily rainfall and air temperature, and uses conceptual descriptions to represent 

hydrological processes. Multi-annual means of monthly potential evaporation are used 

as well. The model describes the water balance using three storage reservoirs – for the 

soil moisture zone, the upper storage zone (sub-surface flow) and the lower storage zone, 

respectively. Here we present the application of the model on the Ilarion catchment of 

the Aliakmon river, which is located in Western Macedonia, northwestern Greece. The 

river basin has a drainage area of 5014 km² and a mean elevation of 917 m.a.s.l., its 

topography varying from narrow gorges to wide flood plains. The years 1981–2003 were 

used for calibration and the 2004–2009, for validation. The HBV model managed to 

reproduce well the observed streamflow while keeping the parameters values physically 

meaningful.  
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1. INTRODUCTION 

Rainfall-runoff models represent valuable tools for various hydrological 

applications, like hydrological forecasting, climate change impact studies, spillway 

design, groundwater response simulations, or water balance mapping [1,2]. This 

paper deals with the application of the conceptual model HBV (Hydrologiska Byråns 

Vattenbalansavdelning), which is a general-purpose hydrological model named after 

the Swedish abbreviation of the Hydrological Bureau Waterbalance department (a 

former section of the Swedish Meteorological and Hydrological Institute) where the 

model was originally developed by Sten Bergström and his colleagues. The model 
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has been applied to hundreds of river basins worldwide – including nival and glacial 

basins in the Alps, Himalayas, North America, New Zealand and Greenland, arctic 

basins in Scandinavia and northern Alaska, and basins from humid and semi-arid 

environments like Tunisia or Panama [3]. The catchment basin areas ranged from 

few km² to over 40 000 km², highlighting the model’s ability to maintain the physical 

meaning of its parameters across scales.  

Here we present the application of the HBV model on a Greek river basin 

situated in Northern Macedonia region. The model performance was assessed using 

seven objective metrics for both calibration and validation periods.  

2. STUDY AREA 

The Ilarion catchment is located in northwestern Greece (Fig. 1), on the upper 

part of the Aliakmon River in Western Macedonia, between latitudes 39°30’–

40°30’N and longitudes 20°30’–22°00’E.  

 

Fig. 1 – Elevation and river network of the Ilarion catchment. The location of the basin in Greece is 

shown on bottom left.  
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The river basin has a drainage area of 5014 km² and a mean elevation of 917 

m.a.s.l. The topography is characterized by narrow gorges and wide vegetated plains 

without deep slopes. The mean annual temperature is ~11°C and the cumulated 

precipitation is around ~825 mm per year. The mean annual runoff at the basin outlet 

is around 49 m³/s [4]. 

3. DATA AND METHODS 

3.1. DAILY TIME SERIES AND MULTIANNUAL DATA 

Daily streamflow data at the outlet of the catchment was obtained from SMHI 

HypeWeb (https://hypeweb.se), an online platform that provides historical 

hydrological data series. Precipitation and air temperature were extracted from the 

E-OBS gridded dataset v31.0e, at 0.1°×0.1° spatial resolution for the period 1981-

2009 [5]. The years 1981-2003 were used for the calibration of the model, and the 

last six years (2004-2009) were kept for validation. Multi-annual potential 

evapotranspiration values over the river basin were extracted from the CHELSA 

database [6-9] for the period 1981-2010. 

3.2. THE HBV HYDROLOGICAL MODEL 

HBV is a semi-distributed hydrological model that simulates the discharge 

using daily rainfall and air temperature as input data [3,10]. HBV uses conceptual 

descriptions to represent hydrological processes [11]. Multiannual means of monthly 

potential evaporation are used as well. The model describes the water balance using 

three storage reservoirs – for the soil moisture zone, the upper storage zone (sub-

surface flow) and the lower storage zone, respectively (Fig. 2). Precipitation is 

simulated to be either snow or rain depending on whether the temperature of the 

corresponding time step is above or below a threshold, TT [°C]. 

All precipitation falling as snow is multiplied by a snowfall correction factor, 

SFCF. Snowmelt is calculated with the degree-day method (Eq. 1).  

 𝑚𝑒𝑙𝑡 = 𝐶𝐹𝑀𝐴𝑋(𝑇(𝑡) − 𝑇𝑇) (1) 

Snowmelt (meltwater) and rainfall are retained within the snowpack until 

exceeding a certain fraction, CWH, of the water equivalent of the snow. Liquid water 

within the snowpack refreezes according to Eq. 2. 

 𝑟𝑒𝑓𝑟𝑒𝑒𝑧𝑖𝑛𝑔 = 𝐶𝐹𝑅 𝐶𝐹𝑀𝐴𝑋(𝑇𝑇 − 𝑇(𝑡)) (2) 

 

https://hypeweb.se/
https://www.ecad.eu/download/ensembles/download.php
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Fig. 2 – Model structure of HBV. Source: Koutsouris et al. (2017), adapted from Seibert (2000). 

Rainfall and snowmelt (P(t)) are divided into water filling the soil box and 

groundwater recharge depending on the relation between water content of the soil 

box (SM [mm]) and its largest value, FC [mm] (Eq. 3).  

 
𝑟𝑒𝑐ℎ𝑎𝑟𝑔𝑒

𝑃(𝑡)
= (

𝑆𝑀(𝑡)

𝐹𝐶
)

𝐵𝐸𝑇𝐴

 (3) 

Actual evaporation from the soil box equals the potential evaporation if SM/FC 

is above LP, while a linear reduction is used when SM/FC is below LP (Eq. 4).  

 𝐸𝑎𝑐𝑡 = 𝐸𝑝𝑜𝑡 ∙ 𝑚𝑖𝑛 (
𝑆𝑀(𝑡)

𝐹𝐶 ∙ 𝐿𝑃
, 1) (4) 

Groundwater recharge is added to the upper groundwater box, SUZ [mm]. 

PERC [mm/day] defines the maximum percolation rate from the upper to the lower 

groundwater box, SLZ [mm]. Runoff from the groundwater boxes is computed as 

the sum of two or three linear outflow equations depending on whether SUZ is above 

a threshold value, UZL [mm], or not (Eq. 5).  

 𝑄𝐺𝑊(𝑡) = 𝐾2𝑆𝐿𝑍 + 𝐾1𝑆𝑈𝑍 + 𝐾0 ∙ max (𝑆𝑈𝑍 − 𝑈𝑍𝐿, 0) (5) 
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This runoff is finally transformed by a triangular weighting function defined 

by the parameter MAXBAS (Eq. 6) to give the simulated runoff [mm/day]. 

 
𝑄𝑠𝑖𝑚(𝑡) = ∑ 𝑐(𝑖)

𝑀𝐴𝑋𝐵𝐴𝑆

𝑖=1

𝑄𝐺𝑊(𝑡 − 𝑖 + 1) 

where 𝑐(𝑖) = ∫
2

𝑀𝐴𝑋𝐵𝐴𝑆
− |𝑢 −

𝑀𝐴𝑋𝐵𝐴𝑆

2
|

4

𝑀𝐴𝑋𝐵𝐴𝑆2 𝑑𝑢
𝑖

𝑖−1
 

(6) 

If different elevation zones are used the changes precipitation and temperature 

with elevation are calculated using the two parameters PCALT [%/100 m] and 

TCALT [ºC / 100 m] (Eqs. 7,8).  

 𝑃(ℎ) = 𝑃0 (1 +
𝑃𝐶𝐴𝐿𝑇(ℎ − ℎ0

10000
) (7) 

 𝑇(ℎ) = 𝑇0 (1 +
𝑇𝐶𝐴𝐿𝑇(ℎ − ℎ0

10000
) (8) 

The long-term mean of the potential evaporation, Epot,M for a certain day of the 

year can be corrected to its value at day t, Epot(t), by using the deviations of the 

temperature, T(t), from its long-term mean, TM, and a correction factor, CET [°C-1] 

(Eq. 9). 

 
𝐸𝑝𝑜𝑡(𝑡) = (1 + 𝐶𝐸𝑇(𝑇(𝑡) − 𝑇𝑀))𝐸𝑝𝑜𝑡,𝑀 

with 0 ≤ 𝐸𝑝𝑜𝑡(𝑡) ≤ 2𝐸𝑝𝑜𝑡,𝑀. 
(9) 

3.3. CALIBRATION APPROACH 

Two methods of calibration were used:  

(i) Monte Carlo. Multiple model runs are made with random parameters. The 

parameter values are chosen randomly within a given range and the model is run 

using these parameters. The number of model runs (i.e., generated parameter sets) 

with the Monte Carlo method was set to 2 million.  

(ii) Genetic Algorithm and Powel optimization (GAP). The GAP algorithm 

optimizes a model parameter set constrained by predefined minimum and maximum 

values by means of an evolutionary mechanism. The approach tries to further 

optimize the parameter set using Powell’s quadratically convergent method [12] as 

recommended by Seibert and Vis [13]. The GAP optimization was run independently 

500 000 times, with 1000 parameter sets for each population.  

The parameter ranges for all variables involved in the calibration process are 

shown in Table 1. They were adapted from Karamouz et al. [14] and Seibert [12]. 
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Table 1 

Minimum and maximum parameter values used for calibration 

Module  Parameter Description Units Min Max 

Snow 
accumulation 
and melting 

TT 
Temperature threshold for 
snow/rain 

°C –2.5 2.5 

CFMAX Degree-day factor mm/°Cday 0 10 

SFCF Snowfall correction factor — 0.5 1.5 

CFR Refreezing coefficient — 0 1 

CWH Water holding capacity — 0 1 

Soil moisture 

FC Maximum soil moisture storage mm 50 500 

LP 
Soil moisture value above which 
AET=PET 

mm 0 1 

BETA 
Determines the relative 
contribution from rain / 
snowmelt to runoff 

— 0.1 6 

Response  

PERC 
Maximum rate of recharge 
between upper and lower 
groundwater reservoirs 

mm/day 0 15 

UZL Threshold for Q0 flow mm 0 100 

K0 1st recession coefficient day–1 0.1 0.99 

K1 2nd recession coefficient day–1 0.01 0.3 

K2 3rd recession coefficient day–1 0.001 0.1 

Flood routing MAXBAS 
Triangular weighting function 
length in routing 

day 1 7 

4. RESULTS 

Simulated streamflow was evaluated against observed streamflow using the 

Nash-Sutcliffe Efficiency, together with six other indicators described in Table 2, 

along with their values computed for the calibration and validation periods.  

The HBV model managed to reproduce well the observed streamflow while 

keeping the parameters values physically meaningful (Fig. 3). Some simulated flood 

events had underestimated peak flows, while others were overestimated. Overall, the 

streamflow was underestimated (positive PBIAS) for both calibration and validation.  
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Table 2  

Selected indices for performance assessment and their values for the calibration and validation 

N° Index 
Formula 

(Value range and Ideal value) 
Calibra-

tion 
Valida-

tion 

1 

NSE  
(Nash-
Sutcliffe 
Efficiency) 

𝑁𝑆𝐸 = 1 −
∑ (𝑄obs,𝑖 − 𝑄sim,𝑖)

2𝑁
𝑖=1

∑ (𝑄obs,𝑖 − 𝑄obs
̅̅ ̅̅ ̅̅ )

2𝑁
𝑖=1

 

(Range: – ... 1. Ideal value: 1) 

0.805 0.751 

2 

MKGE  
(Modified 
Kling-Gupta 
Efficiency) 

𝐾𝐺𝐸 = 1 − √(𝑟 − 1)2 + (𝛽 − 1)2 + (𝛾 − 1)2 
where:  

𝑟 =
∑ [(𝑄obs,𝑖−𝑄obs̅̅ ̅̅ ̅̅ ̅)(𝑄sim,𝑖−𝑄sim̅̅ ̅̅ ̅̅ ̅)]𝑁

𝑖=1

√∑ (𝑄obs,𝑖−𝑄obs̅̅ ̅̅ ̅̅ ̅)𝑁
𝑖=1

2
∑ (𝑄sim,𝑖−𝑄sim̅̅ ̅̅ ̅̅ ̅)𝑁

𝑖=1

2
 ; 𝛽 =

𝑄sim̅̅ ̅̅ ̅̅ ̅

𝑄obs̅̅ ̅̅ ̅̅ ̅
 ; 𝛾 =

𝜎sim/𝑄sim̅̅ ̅̅ ̅̅ ̅

𝜎obs/𝑄obs̅̅ ̅̅ ̅̅ ̅
 

(Range: – ... 1. Ideal value: 1) 

0.867 0.760 

3 
PBIAS  
(Percent 
Bias) 

𝑃𝐵𝐼𝐴𝑆 = 100
∑ (𝑄obs,𝑖 − 𝑄sim,𝑖)𝑁

𝑖=1

∑ (𝑄obs,𝑖)𝑁
𝑖=1

 

(Range: −100 ... . Ideal value: 0) 

8.198 12.305 

4 

R²  
(Coefficient 
of Determi-
nation) 

𝑅2 = {
∑ [(𝑄obs,𝑖 − 𝑄obs

̅̅ ̅̅ ̅̅ )(𝑄sim,𝑖 − 𝑄sim
̅̅ ̅̅ ̅̅ )]𝑁

𝑖=1

∑ (𝑄obs,𝑖 − 𝑄obs
̅̅ ̅̅ ̅̅ )𝑁

𝑖=1

2
∑ (𝑄sim,𝑖 − 𝑄sim

̅̅ ̅̅ ̅̅ )𝑁
𝑖=1

2}

2

 

(Range: 0 ... 1. Ideal value: 1) 

0.814 0.763 

5 
EV  
(Explained 
Variance) 

𝐸𝑉 = 1 −  
∑ [(𝑄sim,𝑖 − 𝑄obs,𝑖) −

1
𝑁

∑ (𝑄sim,𝑖 − 𝑄obs,𝑖)𝑁
𝑖=1 ]

2
𝑁
𝑖=1

∑ (𝑄obs,𝑖 − 𝑄obs
̅̅ ̅̅ ̅̅ )

2𝑁
𝑖=1

 

(Range: – ... 1. Ideal value: 1) 

0.811 0.761 

6 

MAE  
(Mean 
Absolute 
Error) 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑄obs,𝑖 − 𝑄sim,𝑖|

𝑁

𝑖=1

 

(Range: 0 ... . Ideal value: 0) 

0.439 0.435 

7 

RMSE  
(Root Mean 
Square 
Error)  

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑄obs,𝑖 − 𝑄sim,𝑖)

2
𝑁

𝑖=1

 

(Range: 0 ... . Ideal value: 0) 

0.553 0.604 

 
The Nash-Sutcliffe Efficiency for the calibration period was 0.805, and for the 

validation one, 0.751, which represent good values, especially considering the large 

size of the river basin and its elevation range of ~2 km. The peak times of the floods 

were generally well reproduced.  

The Modified Kling-Gupta Efficiency had slightly better scores for both 

calibration and validation, indicating that the HBV model was consistent in terms of 

peak timing, variability, and accuracy. If only the simulated streamflow is of interest, 

HBV has an advantage in terms of preprocessing and speed over spatially-distributed 

models, which provided similar results [15].  
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Fig. 3 – Simulated vs observed daily discharge over the calibration (1981–2003) and validation 

(2004–2009) periods.  
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Ewen et al. [16] classified the errors in physically-based rainfall-runoff models 

into three groups: model structure errors (related to the equations of the model); 

parameter errors (due to the parameter values used in the equations); and run time 

errors – associated with rainfall and other forcing data. While all the aforementioned 

errors affect the difference between simulated and observed runoff, their individual 

contributions cannot usually be isolated, as there is always a lack of knowledge about 

the catchment and its hydrological responses [16]. Also, changes in atmospheric 

circulation [17-19], air temperature [20,22], precipitation type [23,24] or land cover 

[25,26] could affect the streamflow regime over few decades. Last but not least, the 

low number of weather stations involved in the precipitation gridding might be 

another reason for the differences between the simulated and the observed discharge. 

While rain gauges provide accurate precipitation measurements at local scale, they 

are unable to properly represent the rainfall spatial distribution in sparsely gauged 

regions [27], in particular in mountainous river basins.  

5. CONCLUSIONS 

We presented the application of a conceptual rainfall-runoff model on a large 

river basin in northwestern Greece. The main conclusions are as follows:  

(1) the model provided satisfactory results, despite the sparse station data used in the 

gridding over the region, which probably underestimated the precipitation amount.  

(2) The HBV model was easy to setup and the visual interface looks ergonomic.  

(3) The model runs fast, allowing for an accurate automatic calibration.  

(4) The GAP optimization performed better than Monte Carlo (time-wise), providing 

a better set of parameters.  
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