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Abstract 

Models are typically applied to estimate the potential adverse effects of fire on land degradation 

and water resources and the potential benefits of post-wildfire rehabilitation treatments. 

However, few modeling studies have been conducted for meso-scale catchments, and only a 

fraction of these studies include transport and deposition of eroded material within the 

catchment or represent spatial erosion patterns. This study presents an application and 

evaluation of the OpenLISEM physically-based and spatially-distributed hydrological and soil 

erosion model for a burned Mediterranean meso-scale catchment (18.5 km2) in a data-scarce 

environment, using a robust parameterization and calibration procedure: (1) integrating satellite 

imagery and the topographic wetness index to support model parameterization; (2) event-based 

automated calibration using the Model-Independent Parameter Estimation and Uncertainty 

Analysis and parameters ensemble for before and after the fire; (3) a jack-knife cross-validation 

for model evaluation. The study shows that this procedure used in OpenLISEM provides 

reasonable results for pre- and post-wildfire catchment discharge and sediment transport (r2 and 

NSE > 0.5; absolute PBIAS < 25% for discharge and 55% for sediment transport). This may 

serve the needs of model applications in data-scarce burned areas. The results also provide 

recommended model parameters for burned areas with high severity such as random roughness 

(rr) = 2.41cm, and slope manning’s n (n) = 0.038; or post-wildfire to pre-wildfire ratios of 

model parameters such as saturated hydraulic conductivity (Ks) = 0.98×, channel manning’s n 

(chn) = 0.44×, grain size (d50) = 0.61×. The simulation results indicate that wildfire did not 

lead to significantly enhanced hydrological responses and soil erosion at the catchment outlet, 

partly explained by the spatial patterns of soil erosion. For both pre- and post-wildfire 

conditions, higher soil erosion was simulated in areas located far from the catchment outlet. 

The wildfire led to enhanced hillslope erosion, mostly in the upper part of the catchment, 

providing ample opportunities for transported sediment to deposit before reaching the outlet.  

Keywords: Hydrological events, Soil erosion, Model calibration, Jack-knife cross-validation, 

Catchment scale 
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1 Introduction 

Wildfires are common disturbances in Mediterranean forests (Pausas et al., 2009; Shakesby, 

2011; Verkaik et al., 2013). Fires consume above-ground vegetation and soil cover, and after 

the wildfire, highly erodible fine ash is deposited on the soil surface (Zavala et al., 2014). Fires 

also induce changes in soil structure, soil water repellency, and aggregate stability through soil 

heating and organic matter combustion (Mataix-Solera et al., 2011; Zavala et al., 2014). These 

changes in burned areas lead to enhanced hydro-sedimentary responses, resulting in land 

degradation and downstream water pollution, particularly in headwater forests (Moody et al., 

2013; Nunes et al., 2018a; Smith et al., 2011; Verkaik et al., 2013). Moreover, the hydro-

sedimentary impacts of wildfires may be more severe in a climate change context that implies 

an increase in the frequency and intensity of wildfires in Mediterranean forests in the future 

(Calheiros et al., 2021; Morán‐Ordóñez et al., 2020; Pausas et al., 2009; Shakesby, 2011). 

Accordingly, accurate predictions of post-wildfire hydro-sedimentary response to rainfall are 

needed to estimate the potential adverse effects of wildfire on land degradation and water 

resources, as well as the potential benefits of post-wildfire rehabilitation treatments (Moody et 

al., 2013; Nunes et al., 2018b; Shakesby, 2011). To date, most hydrological and erosion models 

developed for agricultural regions were tested and modified to simulate and predict the impacts 

of wildfire and post-wildfire rehabilitation treatments on hydrological response and soil erosion. 

These models used in fire-related runoff and erosion investigations are mainly classified into 

(1) hillslope-scale models, including USLE/RUSLE, MMF, PESERA, and ERMIT/WEPP in 

its hillslope version (Benavides-Solorio & MacDonald, 2005; Esteves et al., 2012; Fernández 

& Vega, 2016; Fernández et al., 2010; Hosseini et al., 2018; Lanorte et al., 2019; Larsen & 

MacDonald, 2007; Robichaud et al., 2007; Soto & Díaz-Fierros, 1998; Vieira et al., 2014; 

Vieira et al., 2018; Zema et al., 2020); (2) catchment-scale models based on representative 

elements, including ERMIT/WEPP in its catchment version, and SWAT (Basso et al., 2019; 

Carvalho-Santos et al., 2019; Nunes et al., 2018b; Salis et al., 2019); (3) catchment-scale 

models based on raster topography, such as LANDSOIL (Pastor et al., 2019) and LISEM (Van 

Eck et al., 2016). 

Most models are applied to predict erosion at the microplot or plot scale, even when applied to 

large areas. For example, the empirical RUSLE and physically-based PESERA models have 

been applied in a large-scale burned Mediterranean catchment to predict post-wildfire soil 

losses (Karamesouti et al., 2016); however, they only provide information for gross erosion in 
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each pixel and do not consider sediment transport and deposition within the catchment (i.e., net 

erosion), despite being applied at the watershed scale. 

The SWAT and WEPP/ERMIT models have both been modified to estimate sediment delivery 

in burned Mediterranean basins (Basso et al., 2019; Carvalho-Santos et al., 2019; Salis et al., 

2019). However, these studies do not accurately represent the spatial patterns of catchments 

since they consider “representative elements” and not the morphology  and topography directly 

as do raster grids, so connectivity is not explicitly represented (Nunes et al., 2018c). To our 

knowledge, the only published application of a raster model to predict erosion in burned areas 

is that of LANDSOIL (Pastor et al., 2019), albeit to a small 1 km2 headwater catchment. 

However, the empirical nature of LANDSOIL makes it difficult to ensure appropriate 

simulations for other, larger catchments without calibration data. In addition, most models 

adapted for burned areas are not validated or assessed for uncertainties due to the scarcity of 

measured data (Lopes et al., 2020). To our knowledge, in the Mediterranean area, only two 

studies reported both pre-fire and post-fire hydrological and soil erosion processes at the 

catchment scale (Nunes et al., 2020; Wu et al., 2020); datasets from other burnt areas in north 

America and Australia are not likely to be representative of Mediterranean conditions (Nunes 

et al., 2018a). However, these datasets are needed to test models in both unburnt and burnt 

conditions, and ensure that model parameters can be correctly modified to represent the 

disturbance caused by fires. 

The physically-based OpenLISEM model was developed to simulate catchment-scale 

hydrological and erosion processes, and has been applied to simulate post-wildfire discharge in 

a small burned area by Van Eck et al. (2016). These authors reported reasonable accuracy in 

predictions of total and peak discharge at the micro catchment scale (0.1 km2). In the present 

work, we build on this previous study to test OpenLISEM to explicitly simulate sediment 

connectivity patterns before and after a fire at a larger spatial scale. We applied the model to a 

meso-scale burned catchment (Odeáxere: 18.53 km2) located in southwestern Iberia, for which 

hydro-sedimentary data in burnt and unburnt conditions exists (Wu et al., 2020). The objectives 

of this study were 1) to parameterize OpenLISEM using satellite imagery and the topographic 

wetness index; 2) to design an approach to calibrate OpenLISEM for pre- and post-fire events, 

including automated calibration, sensitivity analysis, and jack-knife cross-validation. 

To this end, this study, firstly, integrated satellite-vegetation data with OpenLISEM 

parameterization; secondly, sensitivity analysis and autocalibration were performed using the 

Model-Independent Parameter Estimation and Uncertainty Analysis (PEST); thirdly, we 
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developed and applied a jack-knife cross-validation procedure to validate the ability of the 

OpenLISEM model to predict the hydrological and erosive response at the catchment scale. 

 

2 Study area 

The study was conducted in the Odeáxere catchment of southern Portugal (37.27º N, -8.67º W). 

The region has a hot-summer Mediterranean climate (Csa in the Köppen-Geiger classification) 

(Kottek et al., 2006) with average annual temperatures varying between 20°C and 25°C. The 

average annual precipitation is 624 mm concentrated in a wet season from October to March. 

 

 

Figure 1 Study area with maps of: a) land use; b) soil type; c) burn severity level; and d) the 

topographic wetness index (TWI). 

 

The catchment area is 18.53 km2, which is between 10 and 1000 km2; therefore, we used the 

term ‘meso-scale catchment’ in this study (Keesstra et al., 2009; Melland et al., 2018; Singh & 

Stenger, 2018; Uhlenbrook et al., 2004). Slope steepness varies from 0 to 36%, with an average 

of 16%. The study area is mainly covered by forests (69%) and shrubs (21%) (COS, 2007). The 
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forest area is mainly composed of Eucalypt plantations (34%), Mediterranean evergreen oak 

forests (22%), young Eucalypts (12%), and Pines (1%) (Fig. 1a). Note that this study used 

COS2007 as it was the closest available high-resolution landcover for the study period since 

the other was COS1995. The main soil types are Haplic Luvisols (LVh) (55%) and Chromic 

Luvisols (LVx) (32%), which account for about 87% of the catchment (Fig. 1b). The fire regime 

in the region belongs to the southwestern Iberia pyro-region (Calheiros et al., 2020). The 

hydrological and erosion response is typical for the western Mediterranean region (Peña-

Angulo et al., 2019). Almost the entire surface area of the catchment burned in early August 

2003 (Wu et al., 2020), which provides an interesting case study to analyze the hydrological 

consequences of wildfire at the meso-catchment scale. About 78% of the area was burned with 

high severity; the remaining 22% was burned with low severity or not at all (Fig 1c, with 

moderate-low and moderate-high severities classified as low and high severities, respectively) 

(Wu et al., 2020). 

 

3 Methods 

3.1 OpenLISEM model 

The OpenLISEM model is a physically-based hydrological model (De Roo & Jetten, 1999; De 

Roo et al., 1996a; De Roo et al., 1996b) which is usually applied to catchment sizes ranging 

from 1 ha to 100 km2 (Baartman et al., 2012; De Roo & Jetten, 1999; Grum et al., 2017; Van 

Eck et al., 2016). The model simulates hydrological processes, including interception, ponding, 

infiltration, overland flow, and channel flow. Soil erosion processes include detachment by 

rainfall, throughfall, overland flow, transport capacity, and deposition. The model also 

optionally takes into account the influence of tractor wheeling, paved roads, hard surfaces, and 

water or sediment barriers (De Roo et al., 1996a; De Roo et al., 1996b). However, the model 

does not include slower processes, such as evapotranspiration, interflow, and groundwater flow, 

because it is designed to simulate the effects of land-use changes or conservation measures 

during heavy rainstorms. The infiltration rate is calculated by a two-layer Green-Ampt method, 

based on the Darcy equation for one-dimensional flow; in this study, infiltration in channel beds 

was set to zero. The model offers a choice of equations for soil erosion: the equations originating 

from the EUROSEM model were used for simulating sediment detachment and delivery in this 

study. 
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3.2 OpenLISEM parameterization  

3.2.1 Initial parameterization 

OpenLISEM needs various input maps categorized as catchment maps, land use maps, surface 

maps, soil characteristics, infiltration-related maps, and channel maps. All input maps had a 

resolution of 25m and were based on land use classes (Table 1), soil types (Table 2), and the 

permanent channel system. The 25m DEM was derived from the 10m Digital Elevation Model 

of the Portuguese Geographic Institute - IGP, which was then used to derive the slope steepness 

map and the location of the outlet. With aerial photography from Google Earth, the permanent 

channel system in the catchment (Fig. 1a) and its dimensions (width: 3-4m and depth: 0.32-

0.43m) were constructed using ArcGIS. Besides, channel cohesion was calculated based on 

slope root cohesion and soil cohesion, and the channels Manning’s n was set to 0.035. 

 

Table 1 An overview of the input parameters that were based on the land use classes 

Land use Litter (-) 
Vegetation 

height (m) 

Random roughness 

(cm) 
Manning's n 

Root cohesion 

(kPa) 

Buildings 0.00 4.00 1.87 0.11 8.26 

Complex crop 

patterns 
0.00 4.00 1.87 0.11 8.26 

Pasture 0.00 0.50 1.22 0.41 3.41 

Mediterranean 

oaks 
0.50 6.00 1.50 0.32 26.60 

Eucalypts 0.35 10.00 1.19 0.30 10.00 

Pines 0.35 10.00 1.02 0.40 5.90 

Shrubs 0.50 2.00 1.12 0.27 8.26 

New Eucalypts 0.50 2.00 1.95 0.13 2.05 

Notes: Values were based on Cronshey (1986) (Manning’s n)；and Ferreira (1996); Nunes et al. (2017); Nunes et al. (2016); 

Nunes et al. (2018b); Nunes et al. (2009); Nunes et al. (2008); Serpa et al. (2015); Valente et al. (1997) (other parameters 

related to land use) 

 

3.2.2 Manual parameter adjustment for burned conditions 

Input parameters were adjusted for post-wildfire conditions using a simplified classification of 

low and high severity (Fig. 1c). Here, input parameters were adjusted in the burned areas with 

high severity. Litter cover (-) and vegetation height (m) were set to zero. Random roughness 

was assumed to have increased to 2.11 cm, and Manning’s n was set to 0.05, both according to 

Van Eck et al. (2016). Root cohesion was left unchanged, as it was assumed the roots would 

still be intact enough to provide some cohesion in the soil. Besides, the saturated hydraulic 

conductivity (Ks) was assumed to have decreased; pre-fire Ks values were accordingly adjusted 
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by being multiplied by 0.37 based on Ebel and Moody (2020), but note that these were further 

adapted during model calibration (see section 4.3). 

 

Table 2 An overview of the input parameters based on soil types for soil layers 1 and 2, 

respectively 

 

Fraction 

covered 

by stones 

Cohesion 

(kPa) 

Aggregate 

Stability 
D50 (mu) D90 (mu) 

Saturated 

Hydraulic 

Conductivity 

(mm/h) 

(layer 1/layer 

2) 

Wetting 

front suction 

(cm) 

(layer 

1/layer 2) 

Porosity 

 (layer 

1/layer 2) 

depth 

(cm) 

(layer 

1/layer 2) 

FLd 0.00 12.90 26.09 26.63 221 16.89/22.94 23.00/19.81 0.45/0.44 45/85 

Buildings 0.18 25.24 59.00 66.00 980 2.15/4.23 16.44/99.20 0.40/0.38 20/40 

CMu 0.00 22.70 20.18 97.59 760 9.05/14.33 9.41/8.74 0.45/0.49 45/91 

CMe 0.06 13.44 19.04 92.51 1245 13.34/4.18 10.80/12.90 0.44/0.48 40/60 

CMe(a) 0.00 10.08 19.04 92.51 1245 13.34/4.18 10.80/12.90 0.44/0.48 40/60 

LVh 0.18 25.24 59.25 65.53 980 2.15/4.23 16.44/99.20 0.40/0.38 20/40 

LVh(a) 0.00 18.93 59.25 65.53 980 2.15/4.23 16.44/99.20 0.40/0.38 20/40 

#FLd 0.13 12.67 28.66 18.37 724 14.08/6.93 19.89/25.98 0.46/0.49 35/40 

LVx 0.46 21.68 45.80 3.27 450 2.60/2.15 29.29/77.03 0.49/0.51 15/35 
Notes: Dystric Fluvisol (FLd); Humic Cambisol (CMu); Eutric Cambisol (CMe); CMe with agropedic phase (CMe(a)); Haplic 

Luvisol (LVh); LVh with agropedic phase (LVh(a)); Similar to FLd (#FLd); Chromic Luvisol (LVx). Among soil erosion 

factors, texture, stone fraction, aggregate stability, Ksat, porosity, and depth were taken from soil sample data for southern 

Portugal (de Carvalho Cardoso, 1965); Wetting front suction was calculated from texture following Rawls et al. (1983); 

Cohesion was taken from Rachman et al. (2003); D50 and D90 were calculated from texture following Skaggs et al. (2001). 

 

3.2.3 Pre-storm soil moisture content 

Since expanding saturated areas controlled by topographical properties have been reported 

during the wet season in this region, the topographic wetness index (TWI) was considered 

adequate for estimating soil moisture deficit at the beginning of each event, following the 

approach proposed by Nunes et al. (2009) based on the TWI formulations by Beven (2011). 

The spatial distribution of TWI is shown in Fig. 1d, which shows that areas with high index 

values prone to saturation are more concentrated along the main channel. 

3.2.4 Vegetation cover 

Satellite-vegetation information can be considered a suitable substitute for ground-based 

measurements for OpenLISEM parameterization (Van Eck et al., 2016) and was therefore used 

in this study. Following the approach of Van Eck et al. (2016), leaf area index (LAI) values and 

the fraction of soil cover by the canopy (PER) were estimated using the NDVI images close to 

the simulated rainfall event attained from https://earthexplorer.usgs.gov/. 

https://earthexplorer.usgs.gov/
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3.3 OpenLISEM calibration and validation 

3.3.1 Selection of hydrological events for calibration and validation 

A total of 37 hydrological events (27 pre-wildfire events and 10 post-wildfire events) were 

recorded between October 2001 and September 2004, spanning two hydrological years before 

the wildfire and one hydrological year after the wildfire (Wu et al., 2020). Since the model was 

developed to simulate hydrological and soil erosion processes during heavy rainstorms, long-

duration, low-intensity rainfall events were excluded from the further analyses in this study. 

Small events are also more challenging to simulate than larger events (Nearing, 2006), and large 

high-intensity events generally cause most erosion. Therefore, we focused on the relatively 

larger storms for model calibration (7 pre-wildfire events and 5 post-wildfire events), which led 

to quicker and higher runoff generation with more suspended sediment after the fire as 

compared to before the fire (Wu et al., 2020). Detailed characteristics of the selected storms 

can be found in the supplementary material Table S.1. Note, however, that after calibrating the 

model for these large storms, the model was also run for all smaller storms to evaluate the 

model’s performance for these small storms, even though they are less important in terms of 

runoff and sediment contribution (supplementary material Fig S.4). 

3.3.2 Model calibration and validation approach 

The ‘estimation module’ in the Model-Independent Parameter Estimation and Uncertainty 

Analysis (PEST) package (Doherty, 2018) was used for parameter estimation. Using these 

parameters, each storm was calibrated automatically using PEST. PEST estimates the parameter 

values by minimizing an objective function (Φ) computed as the sum of squared weighted 

residuals between model outputs and field measurements. Parameter bounds are needed for 

adjustable parameter scaling. In this study these were chosen based on the range of parameter 

values for land use classes and soil input data (Table 3). The parameter estimation procedure is 

described in more detail in Appendix A. 

3.3.3 Model calibration 

A sensitivity analysis was done using PEST to identify a subset of the most sensitive parameters 

for automated calibration (Takken et al., 1999). The model was firstly calibrated for each event 

individually, based on outlet discharge (Q, l/s), peak discharge (Qpeak, l/s) and sediment load 

in the discharge (Qs, kg/s). 
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Table 3 Range for the adjustable parameters related to land use and all soil families 

(multiplication factor over the original parameter) 

 Land use  All soil families 

Obs 
Adjustable 

parameters 

Initial 

value 

Lower 

bound 

Upper 

bound 
Obs Adjustable parameters Initial value Lower bound Upper bound 

Q 
Random roughness 

(rr, cm) 
1.0 0.23 1.53 Q 

Saturated hydraulic 

conductivity (Ks, mm/h) 
1.0 0.23 37.43 

Q 
Leaf area index 
(LAI, m2/m2) 

1.0 0.65 1.50 Q 
Initial soil moisture 
content (thetai, -) 

0.55 * 𝜃𝑠 0.40 * 𝜃𝑠 0.98 * 𝜃𝑠 

Q & Qs 
Manning’s n of 

slope (n, -) 
1.0 0.50 1.85 Q 

Wetting front suction (psi, 

cm) 
1.0 0.32 10.98 

Q & Qs 
Manning’s n of 

channel (chn, -) 
1.0 0.50 1.85 Qs Grain size (d50, mu) 1.0 0.08 29.69 

     Qs Cohesion (coh, kPa) 1.0 0.16 1.86 
     

Qs 
Cohesion of channel (chc, 

kPa) 
1.0 0.16 1.86 

     Qs Aggregate stability (ags, -) 1.0 0.06 2.26 

Notes: values related to land use were taken from literature (Cronshey, 1986; Ferreira, 1996; Nunes et al., 2017; Nunes et al., 

2016; Nunes et al., 2018b; Nunes et al., 2009; Nunes et al., 2008; Serpa et al., 2015; Valente et al., 1997); values related to 

soil were derived from literature (de Carvalho Cardoso, 1965; Nunes et al., 2008). 

 

Secondly, the parameters from the autocalibrated individual storms were combined into two 

ensemble parameter sets, one for pre-fire conditions and another for post-fire conditions (Fig. 

2). The weight of the parameters from each individual storm calibration in the ensemble was 

calculated using the prior and posterior likelihoods of each storm (Beven & Binley, 1992; 

McIntyre et al., 2005), where the prior likelihood is related with storm magnitude and the 

posterior likelihood is related with the width of the 95% confidence interval of the 

autocalibrated parameter.  The calculation of prior and posterior likelihoods is further described 

in Appendix A. 

Thus, parameter i of each ensemble parameter set (𝑆𝑝̅̅ ̅
𝑖) was computed as follows: 

𝑆𝑝̅̅ ̅
𝑖 = ∑ 𝑆𝑝𝑖𝑗  ×  𝜔𝑖𝑗

𝑛
𝑗=1       Eq. 1 

Where n is the number of storms for the ensemble parameter set, 𝑆𝑝̅̅ ̅
𝑖 is the ensemble value of 

autocalibrated parameter i, 𝑆𝑝𝑖𝑗  is the autocalibrated multiplication factor for adjustable 

parameter i of storm j obtained by applying automated calibration using PEST, and 𝜔𝑖𝑗 is the 

product of the prior and posterior likelihood for autocalibrated parameter i of storm j. 

3.3.4 Jack-knife cross-validation procedure and model performance 

In the jack-knife procedure, one storm at a time was treated as a validation event, while the 

autocalibrated parameters of the remaining storms were used to build a new ensemble parameter 

set to be tested (Fig. 2). The evaluation focused on the main output variables of hydro-
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sedimentary response: total response, peak response, and time to peak response, both for 

discharge and sediment transport. 

 

 

Figure 2 Procedures of model calibration and jack-knife cross-validation 

 

Model performance was evaluated using the coefficient of determination (r2) and the Nash-

Sutcliffe model efficiency (NSE) (Moriasi et al., 2015; Nunes et al., 2009). R2 values above 0.5 

for discharge and 0.4 for sediment transport indicates reasonable model performance. NSE 

values higher than 0.5 indicates satisfactory model performance. In addition, percent bias 

(PBIAS) was calculated to indicate the magnitude of model errors compared to measurements. 

Positive PBIAS values indicate model overestimation and negative values indicate model 

underestimation. For daily simulations, absolute PBIAS values below 25% for discharge, and 

below 55% for sediment transport are considered reasonable (Moriasi et al., 2015). 

 

4 Results 

4.1 Sensitivity analysis  

Observations of discharge (Q), peak discharge (Qpeak), and sediment transport (Qs) for all 

storms were evaluated in the sensitivity analysis (Fig. 3). It can be concluded that, for all 
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observations, saturated hydraulic conductivity (Ks) and the manning’s n of slope and channel 

(n and chn) are the most sensitive parameters. Random roughness (rr), grain size (d50), the 

cohesion of slope and channel (coh and chc), and aggregate stability (ags) are also important 

parameters. OpenLISEM is less sensitive to changes in initial water content (𝜃𝑖), wetting front 

suction (psi), and leaf area index (LAI). 

 

 

Figure 3 OpenLISEM parameters sensitivity analysis 

 

The most sensitive parameters for Q and Qpeak are Ks, n, and chn. However, Qpeak appears to 

be more sensitive to changes in most parameters. Qs seems to be less sensitive to all parameters, 

although it is relatively sensitive to changes in Ks, d50, and coh. Note that the relatively higher 

sensitivity of Qs to Ks can be explained because Qs unilaterally depends on Q. 
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4.2 Calibration for individual storms 

Based on the sensitivity analysis, the adjustable parameters, Ks, n, chn, and rr were used for Q 

calibration. The parameters d50, coh, chc, and agrs were used for Qs calibration. Since Qs 

unilaterally depends on Q, as mentioned above, the model was firstly calibrated for Q. 

Fig. 4 shows the optimized multiplication factors and the 95% confidence limits of adjustable 

parameters for each individual event after automated calibration. Overall, autocalibrated 

parameters are consistent within the 95% confidence limits. For the calibrated Ks multiplication 

factor, most pre-wildfire storms belong to the group with lower multiplication and narrow 

margins, and most post-wildfire storms belong to a group with higher optimized multiplication 

factor and wide margins; but it should be noted that post-fire Ks were assumed to be lower than 

pre-fire Ks at the start. The same occurs for coh. As for n and chn multiplication factors, most 

pre-wildfire storms belong to a group with a higher optimized multiplication factor, and most 

post-wildfire storms belong to a group with a lower optimized multiplication factor, with 

relatively wide margins in both cases. As for other adjustable parameters (rr, d50, chc, and ags), 

there is no apparent difference between pre- and post-wildfire storms. 

Table 4 shows OpenLISEM performance after automated calibration for individual events. As 

can be seen, the model shows satisfactory performance for almost all selected storms except S7 

in accordance to the model performance criteria (r2 > 0.5 for Q and 0.4 for Qs; NSE > 0.5). This 

indicates that OpenLISEM does not simulate the hydro-sedimentary response of S7 correctly 

within the allowable bounds of the adjustable parameters. Besides, the discharge of pre-wildfire 

storms S3 and S7 and post-wildfire storms S9 (absolute PBIAS < 25%) was underestimated.  

The measured versus simulated results of the total, peak, and time to peak hydro-sedimentary 

response of all storms shows good results after automated calibration (r2 and NSE > 0.5), in 

accordance to the model performance criteria (in the supplementary material Fig. S.1). The 

absolute PBIAS for simulated hydro-sedimentary response is considered reasonable. Again, it 

is evident that S7 can be considered an outlier according to the simulated result of time to peak 

discharge, possibly due to a mismatch in the timing of available rainfall data with streamflow 

data, e.g., the rain gauge was not representative of catchment conditions for this particular storm. 

Thus, S7 was excluded from event-based ensemble OpenLISEM calibration and jack-knife 

cross-validation. 
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Figure 4 Adjustable parameters multiplication factor of each individual storm after automated 

model calibration (square-dots represent optimized values; bars represent the 95% confident 

limits) 
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Table 4 OpenLISEM performance for automated calibration optimization results of individual 

events 

   S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 

Q r2 0.66 0.95 0.86 0.97 0.95 0.96 0.57 0.99 0.61 0.87 1.00 0.78 

 NSE 0.65 0.94 0.81 0.97 0.94 0.95 0.22 0.99 0.51 0.87 0.97 0.73 

 PBIAS -5.90 -7.70 -29.30 -7.00 15.30 -7.50 -45.50 2.20 -39.70 2.70 -16.10 -8.60 

Qs r2 0.77 0.77 0.82 0.96 0.99 0.93 0.07 0.99 0.95 0.74 0.65 0.63 

 NSE 0.76 0.77 0.76 0.96 0.99 0.93 -0.11 0.99 0.95 0.68 0.58 0.57 

 PBIAS 14.50 -13.80 -13.10 -3.30 -3.30 -5.30 -27.70 4.20 -3.80 -19.00 -35.50 -24.70 
 

 

4.3 Calibration with pre- and post-fire ensemble parameter sets 

Table 5 shows calibrated values for the adjustable parameters both before and after the fire. 

Firstly, the calibrated multiplication factors and spatial mean values for rr, chc, and ags were 

almost the same for pre- and post-wildfire conditions. These are the least sensitive parameters 

in OpenLISEM. Secondly, for the most sensitive adjustable parameters, it can be noted that: (1) 

after the fire, the multiplication factor for calibrated Ks is 2.61, which contrasts with the 

assumed decrease of Ks as a result of fire (equaling 0.37*pre-wildfire Ks); (2) after the fire, the 

spatial mean values of Ks and chc are 4.63 and 15.44, increasing by 37% and 85%, respectively, 

compared to before the fire; (3) after the fire, the spatial mean values of n, chn and d50 are 0.07, 

0.02, and 27.96, decreasing by 84% and 60%, and 39%, respectively. 

 

Table 5 Multiplication factors for calibrated parameters. The spatial mean value of the 

parameters is given between brackets. 

 Pre-wildfire Post-wildfire 

Ks 0.99 (3.37) 2.61 (4.63) 

n 1.67 (0.45) 0.76 (0.07) 

chn 1.33 (0.05) 0.59 (0.02) 

rr 1.53 (2.13) 1.14 (2.27) 

d50 0.97 (46.16) 0.59 (27.96) 

coh 0.92 (8.34) 1.70 (15.44) 

chc 0.78 (10.29) 0.77 (10.23) 

ags 0.23 (11.50) 0.23 (11.50) 
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As can been seen in Fig. 5, the event-based ensemble OpenLISEM calibration shows good 

performance for pre-and post-wildfire hydro-sedimentary response at the catchment outlet. 

Besides, absolute PBIAS for simulated results of hydro-sedimentary response is considered 

reasonable. 

There are no noticeable differences for OpenLISEM performance in discharge simulations 

between before and after the fire. The results are consistent for both before and after the fire, 

with the best fit for time to peak discharge and increasingly worse performance for total 

discharge and, subsequently, for peak discharge. However, while model performance for pre-

wildfire discharge and sediment transport was similar, the performance for post-wildfire 

sediment was worse than that for post-wildfire discharge. Moreover, performance for post-

wildfire sediment transport was worse than for pre-wildfire sediment. According to Fig. 5, this 

relatively lower model performance after wildfire is mostly related to underestimating total 

sediment transport and peak sediment transport in the biggest storm S10. 

As for the prediction of individual events using the ensemble calibration parameter set for 

before and after the fire, OpenLISEM does not show satisfactory performance for every storm. 

R2 values were reasonable in most cases (r2 > 0.5 for Q and 0.4 for Qs), but NSE values only 

indicated satisfactory model performance (NSE > 0.5) for hydrograph prediction in six storms 

(4 before and 2 after fire) and for sedigraph prediction in three storms (2 before and 1 after fire).  

A similar decrease in model accuracy was found in the jack-knife cross-validation phase, with 

better performance for pre-wildfire conditions than for post-wildfire, and also better for 

discharge than for sediment transport, especially after the fire. These results are detailed in the 

supplementary material (Tables S.4 and S.5, and Fig. S.2 and S.3). 

Despite these limitations in simulating individual hydrographs and sedigraphs, model 

performance was still considered satisfactory in distinguishing the total hydro-sedimentary 

response of different storms before and after the fire (Fig. 5). 
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Figure 5 Model performance in catchment hydro-sedimentary response simulations after 

OpenLISEM calibration for before (blue) and after (purple) the fire 
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4.4 Soil erosion spatial patterns  

To explore the impacts of wildfire on soil erosion and deposition patterns, the simulated soil 

erosion and deposition patterns (divided by rainfall amount) (Malvar et al., 2013; Malvar et al., 

2016; Prats et al., 2019; Vieira et al., 2015) for before and after the fire are shown in Fig. 6. For 

both pre- and post-wildfire conditions, higher soil erosion was simulated in the stream and in 

the area with complex crop patterns located in the upper part of the catchment. Deposition 

mainly occurs in the riparian areas close to the main stream. By comparison, after the fire, 

relatively higher soil erosion was simulated in both complex crop patterns and on the hillslopes 

with high burn severity; however, it is evident that higher hillslope erosion also mainly occurs 

in the upper part of the catchment, which in normal (unburnt) conditions is less connected with 

the catchment outlet as compared with the middle and lower part. 

 

 

Figure 6 Simulated soil erosion and deposition pattern (divided by rainfall amount) before and 

after the fire 
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5 Discussion 

5.1 Modelling and parameterization 

Our findings show that, for hydrological processes, the OpenLISEM model is most sensitive to 

changes in Ks, n, and chn. For erosion processes, it is most sensitive to changes in Ks, d50, and 

coh. However, the sensitivity of the parameters varies from storm to storm and between 

observation groups (Q, Qpeak, Qs). This was also found in other studies (De Roo et al., 1996a; 

Jetten et al., 1998; Sheikh et al., 2010; Van Eck et al., 2016). For example, peak discharge is 

more sensitive to changes in these calibrated parameters, which indicates that more focus should 

be given to peak discharge during calibration.  

In contrast, OpenLISEM is not sensitive to changes in LAI when simulating the impacts of 

vegetation on hydrological and erosion processes. This is consistent with Van Eck et al. (2016), 

who found OpenLISEM showed little sensitivity to the interception simulation due to the model 

itself and the low interception rates of plantation forests. Using satellite imagery to estimate 

vegetation cover values for OpenLISEM can therefore be a reliable alternative to costly field-

based estimates, especially for larger catchments and when timeseries are required to assess 

vegetation recovery. 

De Roo and Jetten (1999) reported that OpenLISEM was sensitive to changes in 𝜃𝑖, especially 

to small changes in 𝜃𝑖 when reaching saturation. This was not found in our study, probably 

because our catchment is much larger than the small 45 ha catchment analysed by De Roo and 

Jetten (1999). The result indicates that OpenLISEM is not sensitive to the methods used to 

introduce 𝜃𝑖. Therefore, TWI and a TOPMODEL-based approach can be considered a suitable 

substitute for fieldwork-based measurements to spatialize pre-storm 𝜃𝑖, especially in a data-

scarce environment. Besides, Nunes et al. (2009) found that TWI and a TOPMODEL-based 

approach to spatialize pre-storm 𝜃𝑖 can decrease uncertainty in a similar model; therefore, in 

this context, the method was applied to support OpenLISEM parameterization. 

 

5.2 Model performance and limitations 

In this study, the OpenLISEM model was applied for the first time to a burned Mediterranean 

meso-scale catchment (18.5 km2) in order to improve the understanding of fire-induced 

hydrological changes and spatial soil erosion patterns. In this study, model parameterization 

was based on land use and soil data from maps and existing databases, and on satellite imagery 
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and TWI estimations, but not including local field sampling of e.g. soil properties. Although 

we think that field estimations would certainly have helped increase insight in local conditions, 

the size of the catchment requires using maps and upscaling local measurements also with local 

measurements. In addition, fieldwork is generally hard to plan in fire-related studies, as it is 

impossible to predict where and when a fire will occur (Shakesby, 2011). To overcome the data 

availability limitation, a robust parameterization and calibration procedure was presented: (1) 

integrating satellite imagery and TWI to support model parameterization, (2) event-based 

automated calibration with PEST and parameters ensemble for before and after wildfire; (3) a 

jack-knife cross-validation for model evaluation. It should be highlighted, however, that 

automated parameter estimation using PEST requires the undertaking of many model runs, 

which represents a considerable numerical burden (Doherty, 2018). Therefore, in order to ease 

numerical burden, 25m resolution maps were used instead of 10m resolution since the model 

runs more than 20x faster using 25m as compared to 10m resolution. To assess the differences 

between the resolutions, we ran the model at 10m resolution using the parameter set that was 

calibrated for 25m and we found there were almost no differences in spatial patterns of soil loss 

(see details in the supplementary material (Fig. S.5)). This is consistent with Hessel (2005), 

who also suggested the model performance at 10m and 20m resolution is similar, unlike at 50m 

and larger. 

OpenLISEM successfully simulated total discharge, peak discharge, and total sediment 

transport before and after wildfire at the catchment outlet. The exception was sediment transport 

of the largest storm after the fire, partly explained with measurement uncertainty, as peak 

turbidity values were outside the calibration sensor range (Wu et al., 2020). Nevertheless, the 

model showed an acceptable performance for the main output variables of pre-and post-wildfire 

hydro-sedimentary responses. 

With the model calibration and validation results, we concluded that OpenLISEM was able to 

simulate catchment total and peak discharge and total sediment transport before and after 

wildfire satisfactorily. However, this conclusion has some limitations. Firstly, OpenLISEM is 

a physically-based model, simulating multiple hydrological and erosion processes based on a 

large set of input data. This allows for a good representation of the catchment, and can help 

understand complex hydrological and erosion processes, and especially how they can be 

impacted by wildfire. However, increasing the number of processes will increase the data 

requirements of the model, which will increase the uncertainty of simulated values (Batista et 

al., 2019; Jetten et al., 1999; Takken et al., 1999). In this study, input data uncertainty can be 
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attributed to: (1) rainfall, including time step of rainfall intensity and the spatial distribution of 

rainfall. As Ks is the most sensitive parameter, different rainfall intensities will lead to different 

overland flow generation rates, with large consequences for simulation results. For example, 

when the model was automatically calibrated for individual storms using PEST, S7 was 

considered to be an outlier, which can partially be explained by the uncertainty of spatial 

information of rainfall intensity for this particular storm. (2) Input parameters related to land 

use and soil types. While input data were taken from representative profiles for southern 

Portugal, calibration was done for the existing spatial pattern of land use and soil types, not for 

each patch of land or soil, resulting in some amount of uncertainty. 

Secondly, no model is entirely comprehensive, and in this case, OpenLISEM does not 

incorporate interflow and groundwater flow processes; therefore, the long-duration storms have 

been excluded from the modelling study. This is similar to other event-driven hydrological 

models, and it has been shown that slower processes are not critical at an event level (De Roo 

& Jetten, 1999). More importantly, the simulation of saturated overland flow that occurs during 

wet conditions was limited since 𝜃𝑖 was an insensitive parameter, which may contribute a lot 

to runoff generation in this catchment (Wu et al., 2020). 

Thirdly, although OpenLISEM is a spatially distributed erosion model, it was calibrated using 

discharge and sediment transport data collected at the catchment outlet. Compared with Van 

Eck et al. (2016), who applied the model to a smaller Portuguese catchment, OpenLISEM 

performed considerably better for overall model performance, with higher r2 and NSE above 

the thresholds for satisfactory or good model performance. This could be explained by the larger 

size catchment, probably due to an averaging effect (De Roo & Jetten, 1999; Takken et al., 

1999). Again, it indicates outlet calibration and evaluation can mask significant spatial variation 

within the catchment, but unfortunately, in this study, we lack the data to confirm or deny this 

(Batista et al., 2019). 

Finally, OpenLISEM performed considerably better for discharge than for sediment delivery, 

particularly after the fire. This is consistent with Jetten et al. (1999), who also suggested that 

discharge is better predicted than sediment transport. In this study, it can be partly explained by 

the autocalibrated procedure using PEST in which we performed discharge calibration first, 

followed by sediment transport calibration. Besides, it should be noted that the method of 

ensemble parameter set calculation was partly based on storm magnitude, because large high-
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intensity events not only play an important role in model calibration, but are also responsible 

for a large part of hydrological response and soil erosion. 

 

5.3 Impact of wildfire on hydrological and erosion processes 

Wildfire did alter catchment hydrological and erosion processes, which can be reflected in 

changes to spatial mean values of calibrated parameters after wildfire compared to before 

wildfire, such as Ks, n, chn, d50, and coh. As expected, compared with pre-wildfire, after a 

wildfire, n and chn decreased by above 60%, which leads to the faster hydrological response 

after a wildfire as compared to before wildfire, as can be seen in Fig. 5. 

However, unexpectedly, post-wildfire events had higher spatial mean values of Ks when 

compared with pre-wildfire events. Our initial estimate of post-wildfire Ks was 0.37 * pre-

wildfire Ks following field study results (Ebel & Moody, 2020), but the autocalibration 

proposed a multiplication factor of this Ks of 2.61 (the pre-wildfire Ks itself was multiplied by 

0.99). The end result is that post-wildfire Ks equals 0.98 * pre-wildfire Ks. 

One immediate conclusion is that, in future applications of OpenLISEM, Ks should not be 

decreased as a result of a wildfire. This contrasts with the conclusions of Ebel and Moody 

(2020), which may be related to scale differences; while Ebel and Moody (2020) reached their 

conclusions based on point infiltration measurements, OpenLISEM assumes cell-wide 

homogenous values (25*25m2) where the presence of high infiltration patches might counteract 

the fire effect (see (Nunes et al., 2018c)). In this particular case, this can be related to the scale 

issues surrounding the effect of soil water repellency on post-wildfire hydrological and erosion 

processes (see Langhans et al. (2016)). Soil water repellency has been commonly observed after 

fires, including in Mediterranean forests, enhancing runoff generation and, consequently, soil 

erosion (Moody et al., 2013; Shakesby, 2011). On the one hand, wildfire can induce and 

enhance soil water repellency and, on the other hand, induce macropore flow due to processes 

such as root burning. Therefore, Ferreira et al. (2005) and Martínez-Zavala and Jordán-López 

(2009) also suggested the patchy patterns of occurrence and persistence of soil water repellency 

can be modulated by other factors such as post-wildfire macropores when the scale becomes 

wider. This mechanism might explain the difference between the point measurements of Ebel 

and Moody (2020) and the parameterization of Ks in the 25*25 m2 cells used in this study. 
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Another factor that might explain these differences is the uncertainty of the hydrological effects 

of the ash layer that remains on the soil surface after the wildfire. On the one hand, it has been 

shown that clogging and sealing topsoil pores by fine ash particles leads to reduced infiltration 

(Stoof et al., 2016). On the other hand, Moody et al. (2009) reported higher values of near-Ks 

for soil with ash than in soil unaffected by the fire; Woods and Balfour (2008) pointed out the 

final runoff rate was lower, and the total infiltration was higher than in the plots without ash; 

Stoof et al. (2010) demonstrated direct incorporation of ash into soils did not alter soil texture 

but increased water retention. 

Changes in d50 and coh after wildfire were both related to soil erosion processes. Decreasing 

d50 may lead to an increase in soil erosion, while increasing cohesion can limit soil loss. 

Decreased d50 after a fire may be because we are simulating ash and fine sediments from forest 

soils. Unexpectedly, as compared to before fire, there is a higher cohesion after a fire. One 

possible explanation would be this compensates for the appearance of stones after a few erosion 

events (Shakesby, 2011). Moreover, input parameters in the burned areas, including LAI, PER, 

litter cover, and vegetation height, were adjusted for post-wildfire conditions, which means 

there was increased fine sediment supply after the wildfire. 

Nevertheless, these changes in the burned areas did not lead to significantly enhanced sediment 

yield as would be expected. While the fire led to higher soil erosion rates in the burned areas 

(Fig. 6), the highest soil erosion rates after the wildfire were still simulated in the area with 

complex crop patterns, as was the case in pre-wildfire conditions. All these high erosion areas 

are not well connected with the catchment outlet when compared to the middle and lower part 

of the catchment. Again, this indicates that other factors can moderate the impacts of wildfire 

on hydrological and erosion response at large scales, and is consistent with the observations of 

Wu et al. (2020) who attributes the limitation of post-wildfire soil erosion to transport-limited 

sediment yield, rather than to detachment limitations. 

When compared with other modelling studies referred earlier, this work contrasts in two main 

aspects: the negligible impact of fire on the runoff generation ratio and on sediment yield. From 

our arguments above, it follows that these differences can be related with the relatively large 

gridcell size (25m) when compared with microplots and plots used in other model studies, and 

also the larger size of the Odeaxere catchment (18 km2) compared with those of other studies 

(typically under 1 km2). A larger cell size includes within-cell patchiness of soil water 

repellency partly negating its effects on runoff generation, and a larger catchment includes burnt 
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headwater catchments which are not well connected to the main channel. More modelling 

studies for larger catchments would help assess and verify these differences. 

 

5.4 Implications 

Our study shows the potential to apply an event-driven model to study hydrological and erosion 

processes in burnt catchments in data scarce environments using a robust calibration procedure. 

Our approach uses event-based automatic calibrating using PEST, to limit biases in the assumed 

parameter values for post-fire conditions; and a jack-knife procedure to allow cross-validation 

despite scarce data. It would be interesting to apply this procedure to other larger catchments 

and assess similarities and differences in the autocalibrated parameters, although the scarcity of 

comparative pre- and post-fire data for burnt areas will probably limit the availability of a 

dataset for this purpose. 

Our study also reinforces the usefulness of satellite imagery to derive vegetation cover 

information for spatially-distributed modelling, as described in previous studies; and provides 

a calibrated parameter set (Table 5) for a burnt Mediterranean catchment, which might be 

replicated in other studies where post-fire parameter information is lacking, which is often the 

case. In particular, the relative parameter changes between pre- and post-fire conditions might 

be applicable elsewhere, such as the strong decrease in flow resistance and particle size, the 

strong increase in soil cohesion and surface storage, and (in contrast to other studies) the limited 

changes to soil hydraulic conductivity. 

 

6 Conclusions 

The OpenLISEM model was tested for discharge and sediment transport predictions before and 

after wildfire using storms that occurred during two hydrological years before the wildfire and 

one hydrological year after the wildfire. Overall, the model showed an acceptable performance 

for the main output variables of pre-and post-wildfire hydro-sedimentary response through 

model performance evaluation and jack-knife cross-validation. Comparatively speaking, 

OpenLISEM had a better performance for pre-wildfire hydro-sedimentary response predictions 

than for post-wildfire predictions, in particular for sediment yield. After the wildfire, a relatively 

lower model performance was mostly related to underestimating total sediment yield and peak 

sediment transport in the biggest storm.  
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The wildfire did alter catchment hydrological and erosion processes, reflected in changes to 

spatial mean values of calibrated parameters after wildfire, such as LAI, n, and d50. Contrary 

to observations at the patch scale, calibrated values for Ks did not change with the wildfire, 

possibly due to the relatively large size of model cells and the study catchment, which mitigates 

small-scale effects. 

Wildfire did not significantly enhance sediment yield at the catchment outlet. In both pre- and 

post-wildfire conditions, higher soil erosion was simulated in the area with complex crop 

patterns located far from the catchment outlet; moreover, enhanced hillslope erosion after 

wildfire also mainly occurs in the upper part of the catchment. These areas are not well-

connected with the outlet, and the model results indicate a transport limitation on sediment yield. 

Overall, this study presents an application and evaluation of the OpenLISEM model for a 

burned area in a data-scarce environment, using a robust parameterization and calibration 

procedure: (1) integrating satellite imagery and TWI to support model parameterization, (2) 

event-based automated calibration using PEST and parameter ensembles for before and after 

wildfire; (3) a jack-knife cross-validation for OpenLISEM model evaluation, which suggests a 

potentially broader application. It also proposes fire impacts on hydrological parameters in 

similar models applied at a similar spatial scale. We suggest that typical values, such as LAI = 

0, rr = 2.41cm, n = 0.038, could be used to scale burned areas with high severity. Besides, ratios 

of post- to pre-wildfire model parameters such as saturated Ks = 0.98×, chn = 0.44×, d50 = 

0.61× could be used for model parameterization. Subsequently, an accompanying paper 

elaborates on the implications of storm frequency and magnitude for post-wildfire erosion using 

the calibrated OpenLISEM model. 
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Appendix A 

Pre-storm moisture content computation 

The average soil moisture deficit at the beginning of each event was estimated based on initial 

baseflow at the beginning of the runoff event, using the following equation (Eq. 1): 

𝑄𝑖 = 𝐴 ∗ 𝑒−𝑌 ∗ 𝑒−
𝐷

𝑚     Eq. 1 

with 𝑄𝑖  baseflow before the storm (m3 h-1), 𝐴  catchment area (m2), 𝑌  average topographic 

wetness index value for the catchment, 𝐷 average soil moisture deficit for the catchment (m), 

m the decay of hydraulic transmissivity with soil profile depth. 

 Then, 𝐷𝑥 soil moisture deficit at point 𝑥 (m) was calculated as (Eq. 2), 

𝐷𝑥 = 𝐷 + 𝑚 ∗ (𝑌 − 𝑌𝑥)    Eq. 2 

with 𝑌𝑥 topographic wetness index value at point 𝑥. 

 

LAI and PER computation 

𝐿𝐴𝐼 =  −𝐾−1 ∗ 𝐿𝑁 ((𝑁𝐷𝑉𝐼 − 𝑁𝐷𝑉𝐼max _𝐿𝐴𝐼) ∗ (𝑁𝐷𝑉𝐼min _𝐿𝐴𝐼 − 𝑁𝐷𝑉𝐼max _𝐿𝐴𝐼)
−1

)         Eq. 3 

where K is the light extinction coefficient specific to each vegetation type, ranging between 0.8 

and 1.4 (Baret & Guyot, 1991).  

The fraction of soil cover by the canopy (PER) was also calculated from the light extinction 

coefficient (Eq. 4) using the LAI maps (Deguchi et al., 2006). 

𝑃𝐸𝑅 = 1 − 𝐸𝑋𝑃(−𝐾 ∗ 𝐿𝐴𝐼)  Eq. 4 

 

Parameter estimation and sensitivity analysis 

PEST achieves automated calibration of individual events through changing model adjustable 

parameters to minimize the objective function (Φ) by a Gauss-Marquardt-Levenberg method.  

Φ = ∑ (𝑤𝑖𝑟𝑖)
2𝑚

𝑖    Eq. 5 

where Φ represents the objective function, m is the number of observations, 𝑤𝑖 is the weight 

associated with the ith observation, and 𝑟𝑖  is the ith residual (difference between model-

simulated output and measurement). In this study, observations at the catchment outlet (obs) 
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were divided into three groups: discharge (Q, l/s), peak discharge (Qpeak, l/s), and sediment 

transport (Qs, kg/s), which can facilitate calculation of the weights (𝑤𝑖) because the magnitude 

of discharge (Q) and sediment transport (Qs) was somewhat different.  

During optimization processes, PEST calculates the Jacobian matrix and then estimates the 

relative comprehensive sensitivity of each parameter. The value reflects the input parameters' 

sensitivity to the objective function, in which a higher value represents a higher response to the 

objective function. The formula is as follows (Eq. 6), 

𝑠𝑖 =（𝐽𝑡 • 𝑄 • 𝐽）𝑖𝑖

1/2
/𝑚    Eq. 6 

Where, 𝑠𝑖 is the comprehensive sensitivity of the 𝑖th parameter, and m is the weighted average 

of observations. Note that Ks was used for Q calibration, not for Qs calibration, although it is 

also the most sensitive parameters for Qs. There are three reasons: (1) Sediment transport was 

well related to water discharge for this catchment according to event-based analysis  (Pearson’s 

correlation coefficient, p < 0.05); (2) after automatic calibration, we got the optimized value 

and the 95% confident limits of adjustable parameters; as for model calibration, we took two 

factors into consideration: the 95% confident limits of adjustable parameters and storm 

magnitude; (3) PEST achieves automated calibration of individual events through changing 

model adjustable parameters to minimize the objective function (Φ) by a Gauss-Marquardt-

Levenberg method, which requires no more than 4 adjustable parameters for each parameters 

estimation, otherwise there is no solution or considerable uncertainty about the results. 

 

Prior and posterior likelihoods (𝝎𝒊𝒋) computation  

The prior likelihood of storms, 𝐸𝑗, represents the applicability of the autocalibrated parameter 

set of storm j prior to considering high-intensity storms commonly held responsible for the main 

part of the hydrological response and soil erosion. It integrates parameters into the ensemble 

set according to storm magnitude. In this study, 𝐸𝑗 was quantified in terms of the normalized 

event index (EVI = (total rainfall * IP30max) / rainfall duration) measure of the candidate 

storms (i.e., all 𝐸𝑖 sum to unity).  

The relative posterior likelihood, 𝐵𝑖𝑗, quantifies the applicability of autocalibrated parameter i 

of storm j based on the 95% confidence limits of automated calibration. This was done to give 
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a higher weight for parameters with narrow limits, as parameters with wide confidence limits 

can be more widely adjusted without decreasing model performance. It was computed as: 

𝐵𝑖𝑗 =
1− 

𝐶𝐼𝑖𝑗

𝐶𝐼𝑚𝑎𝑥

∑ (1− 
𝐶𝐼𝑖𝑗

𝐶𝐼𝑚𝑎𝑥
)𝑛

𝑗=1

         Eq. 7 

Where 𝐶𝐼𝑖𝑗  is the distance between lower and upper limits within 95% confidence of 

autocalibrated parameter i of storm j, 𝐶𝐼𝑚𝑎𝑥 is the maximum value of 𝐶𝐼𝑖𝑗. 

The likelihood of parameter i, 𝜔𝑖𝑗, was then computed by:   

𝜔𝑖𝑗 =
𝐸𝑗𝐵𝑖𝑗

∑ 𝐸𝑗𝑃𝑖𝑗
𝑛
𝑗=1

       Eq. 8 

All the 𝜔𝑖𝑗 values sum to unity. 
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Supplementary material 

 

Table S.1 Characteristics of the selected storms for the model calibration and validation 

before and after the fire 

 Storms NDVI API Qi Pdura P IP IP30max EVI Rdura Q RC Qstm Qpeak Qs SSL 

 No. - - m3 s-1 h mm mm h-1 mm h-1 - h m3 s-1 - m3 s-1 m3 s-1 kg s-1 ton 

Pre-wildfire S1 0.76 8.42 0.05 12 31.45 2.62 16.76 13.25 14 3.39 0.28 5.25 17.41 8.61 433.98 

 S2 0.68 29.34 0.83 12 11.83 0.99 12.30 43.92 10 0.98 0.16 2.38 3.67 1.30 46.87 

 S3 0.64 37.73 0.56 13 15.94 1.23 7.10 12.13 14 0.88 0.15 2.07 3.07 0.32 15.90 

 S4 0.73 33.65 0.47 14 21.14 1.51 10.83 8.71 18 0.94 0.15 1.93 5.72 1.80 116.78 

 S5 0.75 13.78 0.27 18 51.37 2.85 18.11 16.35 12 6.97 0.31 9.86 29.66 19.38 837.08 

 S6 0.70 0.95 0.09 14 38.64 2.76 18.25 51.68 13 2.26 0.14 3.48 8.82 4.60 215.39 

 S7 0.69 4.46 0.61 18 35.95 2.00 5.27 50.36 20 1.81 0.19 3.96 6.67 1.82 131.26 

Post-wildfire S8 0.33 8.92 0.00 9 30.20 3.36 17.37 10.53 6 6.73 0.25 8.68 22.83 15.85 342.33 

 S9 0.44 5.55 0.05 11 19.90 1.81 10.89 58.28 12 0.54 0.06 0.98 1.56 0.71 30.51 

 S10 0.44 24.35 0.22 22 72.64 3.30 20.46 19.70 15 9.70 0.38 16.10 46.05 33.03 1783.78 

 S11 0.45 24.09 0.98 9 15.33 1.70 5.63 67.55 11 3.41 0.46 5.75 14.59 3.56 140.95 

 S12 0.45 11.97 0.39 10 17.41 1.74 12.57 9.59 7 2.57 0.31 4.06 7.03 4.83 121.68 

Notes: The antecedent precipitation index (API, -) and initial baseflow (Qi, m3 s-1) were also included to describe antecedent 

conditions prior to each runoff event; API was calculated using the equation proposed by Kohler et al. (1951) and based on the 

rainfall of the previous 10 days; 

Rainfall variables including rainfall duration (Pdura, h); rainfall amount (P, mm); rainfall intensity (IP, mm h-1); maximum 

rainfall intensity in 30 min (IP30max, mm h-1); the normalized event index (EVI, -); IP30max was calculated from maximum 

hourly rainfall, using existing relationships between hourly and 30 mins rainfall (Brandão et al., 2001); multiply total rainfall 

and IP30max together divided by rainfall duration equals EVI; 

Hydro-sedimentary variables including runoff duration (Rdura, h); surface discharge (Q, m3 s-1); runoff coefficient (RC, -); 

streamflow discharge (Qstm, %); peak discharge (Qpeak, m3 s-1). The transport of sediment by discharge was characterized by 

sediment transport (Qs, kg s-1) and sediment yields (SSL, ton).  

 

Since PEST does sensitivity analysis and parameter estimation automatically, it is important to 

set the bounds of the allowable values (i.e., physically meaningful) for each parameter (Table 

3 & 4). The procedure for estimating the bounds of each parameter was as follows: firstly, a 

minimum and maximum value of each parameter for all land use or soil types in the catchment 

were derived through literature review, and then average statistic variable of minimum and 
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maximum of each parameter for the catchment were computed, including average, minimum, 

1st Quartile, median, 3rd Quartile, and maximum. Finally, a conservative range and a wide range 

were recommended for PEST automatic calibration and sensitivity analysis. The lower and 

upper bounds of the conservative range represent median of minimum and maximum, 

respectively. The lower and upper bounds of the wide range represent the 1st Quartile of the 

minimum and the 3rd Quartile of the maximum, respectively. 

 

Table S.2 Range for the adjustable parameters related to land use (multiplication factor over 

the original parameter) 

   Conservative range  Wide range  

Obs Adjustable parameters 
Initial 

value 

Lower 

bound 

Upper 

bound 

Lower 

bound 

Upper 

bound 

Q 
Random roughness 

(rr, cm) 
1.0 0.48 1.24 0.23 1.53 

Q 
Leaf area index (LAI, 

m2/m2) 
1.0   0.65 1.50 

Q & Qs 
Manning’s n of slope 

(n, -) 
1.0 0.60 1.51 0.50 1.85 

Q & Qs 
Manning’s n of 

Channel (chn, -) 
1.0 0.60 1.51 0.50 1.85 

Note: values were taken from literature (Cronshey, 1986; António José Dinis Ferreira, 1996; Nunes et al., 2017; Nunes et al., 

2016; João Pedro Nunes et al., 2018; Nunes et al., 2009; Nunes et al., 2008; Serpa et al., 2015; Valente et al., 1997) 

 

As for adjustable parameters related to soil types, two sets of parameter bounds were used: one 

represents all soil families in this catchment which were used in the sensitivity analysis of the 

model, and the other one represents the prominent soil families only which were used in the 

automatic calibration since Haplic Luvisols (LVh) and Chromic Luvisols (LVx) cover about 

90% of the catchment. 
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Table S.3 Adjustable parameters related to soil types and parameter bounds (multiplication 

factor over the original parameter) 

   All soil families Major soil families 

   Conservative range  Wide range  Conservative range Wide range 

Obs Adjustable parameters 
Initial 

value 

Lower 

bound 

Upper 

bound 

Lower 

bound 

Upper 

bound 

Lower 

bound 

Upper 

bound 

Lower 

bound 

Upper 

bound 

Q 

Saturated hydraulic 

conductivity (Ksat, 

mm/h) 

1.0 0.30 21.93 0.23 37.43 0.92 18.47 0.84 27.42 

Q 
Initial moisture 

content (thetai, -) 
0.55 * 𝜃𝑠   0.40 * 𝜃𝑠 0.98 * 𝜃𝑠   TWI TWI 

Q 
Wetting front suction 

(psi, cm) 
1.0 0.37 2.34 0.32 10.98 0.47 1.64 0.45 2.21 

Qs Grain size (d50, mu) 1.0 0.21 6.14 0.08 29.69 0.45 5.64 0.24 8.43 

Qs Cohesion (coh, kPa) 1.0 0.51 1.46 0.16 1.86 0.51 1.05 0.41 1.10 

Qs 
Cohesion of channel 

(chc, kPa) 
1.0 0.51 1.46 0.16 1.86 0.51 1.05 0.41 1.10 

Qs 
Aggregate stability 

(ags, -) 
1.0 0.07 1.77 0.06 2.26 0.34 1.06 0.23 1.12 

Note: values were derived from literature (de Carvalho Cardoso, 1965; Nunes et al., 2008). 

 

Table S.4 LISEM performance of each storm after event-based ensemble LISEM calibration 

for before and after the fire 

   S1 S2 S3 S4 S5 S6 S8 S9 S10 S11 S12 

Q r2 0.55 0.94 0.74 0.87 0.93 0.98 0.93 0.31 0.86 0.83 0.77 

 NSE 0.53 0.83 -0.05 0.87 0.89 -0.27 0.85 -21.46 0.86 0.23 0.12 

 PBIAS -25.70 -34.40 -79.10 -12.60 29.80 93.80 31.90 151.80 -6.60 -82.30 16.40 

Qs r2 0.61 0.28 0.87 0.53 0.95 0.93 0.97 0.37 0.55 0.55 0.62 

 NSE 0.50 0.17 -34.64 0.37 0.91 -2.55 0.97 -32.07 0.33 0.03 0.04 

 PBIAS 9.60 30.30 294.20 36.00 17.00 168.10 -0.90 338.10 -52.90 -80.10 13.00 
 

Table S.5 LISEM performance of each storm for jack-knife cross-validation 

   S1 S2 S3 S4 S5 S6 S8 S9 S10 S11 S12 

Q r2 0.66 0.94 0.72 0.84 0.84 0.95 0.83 0.30 0.85 0.80 0.76 

 NSE 0.59 0.82 -0.12 0.83 0.69 -0.14 0.53 -21.46 0.83 0.18 0.10 

 PBIAS -30.90 -36.20 -81.40 -11.90 39.00 89.80 51.90 150.60 -10.70 -84.30 16.90 

Qs r2 0.73 0.21 0.86 0.47 0.90 0.89 0.96 0.42 0.58 0.60 0.64 

 NSE 0.69 -0.14 -36.51 0.30 0.63 -3.41 0.89 -19.68 0.14 0.05 0.41 

 PBIAS -1.90 52.20 305.40 40.10 43.00 190.60 16.90 287.90 -65.90 -79.80 1.90 
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Figure S.1 Measured versus simulated results of all events after automated calibration at the 

catchment scale 

 



36 
 

 



37 
 

 

Figure S.2 Rainfall (P, right axis), discharge (Q, left axis) and sediment flow (Qs, left axis) at 

the Prado outlet for four events 
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Figure S.3 Model performance in catchment hydro-sedimentary response simulations for jack-

knife cross-validation (blue = Pre-wildfire; purple = Post-wildfire). 
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Figure S.4 Model performance in terms of  predicting total discharge and erosion for all 

events during the study period (blue = Pre-wildfire; purple = Post-wildfire). 

 

 
Figure S.5 Soil loss map of 25m vs 10m resolution 

 


