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Abstract. We introduce the Spatial Efficiency and Kmoments (SPEAK) metric, a novel objective function for the 

spatial calibration of hydrological models. SPEAK is built on Kmoment-based statistics, including a Kmoment-based: 15 
i) correlation, ii) coefficient-of-variation ratio, and iii) probability density function. This novel formulation is explicitly 

designed to overcome key limitations of existing spatial performance metrics, such as sensitivity to binning strategies, 

grid resolution, and sample heterogeneity. By relying on distributional properties rather than grid-to-grid correspond-

ence, SPEAK provides a statistically robust framework for evaluating spatial patterns in gridded hydrological varia-

bles. The proposed metric is implemented in both semi-distributed and fully distributed configurations of the TUW 20 
hydrological model and tested across 99 near-natural Chilean catchments that encompass strong climatic and physio-

graphic gradients. Actual evapotranspiration (ETa) from GLEAM v4.2a is used as an independent spatial benchmark, 

allowing the assessment of model performance beyond streamflow reproduction. Calibration using SPEAK is com-

pared with a conventional streamflow-only calibration based on the Kling-Gupta Efficiency (KGE) and an ETa-only 

calibration based on the Spatial Efficiency metric (SPAEF). Model performance is evaluated using the normalised 25 
root-mean-square error (NRMSE), the spatial Pearson correlation coefficient, the Fraction Skill Score (FSS), and sen-

sitivity to catchment attributes. Results demonstrate that while streamflow-only calibration leads to satisfactory runoff 

simulations (KGE	 ≥ 	0.25 for all catchments and cases analysed; whereas the mean and median KGE are 0.80 and 

0.85, respectively), it fails to reproduce the spatial patterns of ETa. When ETa is used as a calibration target, SPEAK 

consistently outperforms SPAEF, exhibiting lower NRMSE (number of catchments with lower NRMSE: 85 and 92 30 
in fully and semi-distributed configuration, respectively), reduced internal component dispersion, and improved rep-

resentation of spatial patterns across seasons and hydroclimatic zones. Importantly, SPEAK shows limited dependence 

on catchment characteristics. These findings highlight SPEAK as a methodologically robust spatial performance met-

ric, with clear potential for improving the calibration and diagnosis of distributed hydrological models and other grid-

ded environmental variables. 35 
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1 Introduction 

Hydrological models are essential tools for understanding (e.g., Clark et al., 2011; Perrini et al., 2025) and predicting 

(e.g., Beck et al., 2020, Y. Guo et al., 2021, Wang et al., 2021, Guse et al., 2024) hydrological processes across 

different spatiotemporal scales (e.g., Huang et al., 2019, Aerts et al., 2022, Song et al., 2024), providing insights for 40 
effective water resources management (e.g., Baker et al., 2021; Hurkmans et al., 2023) and risk mitigation (e.g., Ko-

mma et al., 2008; Mendoza et al., 2012; Shi et al., 2024). 

The calibration of model parameters plays a key role in the robustness of spatially distributed hydrological simulations, 

including runoff dynamics, spatial patterns and statistical distributions of internal model states and fluxes. Neverthe-

less, calibration methods often rely solely on streamflow observations or catchment-scale evaluations, dismissing in-45 
ternal dynamics and the correct reproduction of spatial patterns of hydrological variables (Rajib et al., 2018, Jin & Jin, 

2020, Shah et al., 2021). Classic examples include the Nash-Sutcliffe Efficiency (NSE; Nash & Sutcliffe, 1970) and 

the Kling-Gupta Efficiency (KGE; Gupta et al., 2009), as well as subsequent variants (e.g., Fowler et al., 2018; Kling 

et al., 2012; Pool et al., 2018; Tang et al., 2021), which are widely applied to assess model performance based only 

on streamflow data. Hence, these metrics may yield acceptable streamflow simulations but may misrepresent the 50 
spatial variability of key hydrological processes (Beven, 2006; Hsu et al., 2025; Savenije and Hrachowitz, 2021). 

Over the last few decades, the increasing availability of gridded products has provided spatially distributed estimates 

of key hydrological variables, including precipitation (Belay et al., 2022; Pradhan et al., 2022), evapotranspiration 

(Stisen et al., 2021; Tran et al., 2023), soil moisture (Dorigo et al., 2017; Karami et al., 2026; Miralles et al., 2025), 

and snow cover (Bonney and Zhang, 2026; Xiao et al., 2024). These datasets enable the explicit evaluation of spatial 55 
patterns and temporal dynamics at multiple scales, offering an unprecedented opportunity to complement traditional 

streamflow-based metrics. Consequently, gridded observations can be incorporated as additional calibration targets, 

allowing rainfall-runoff models to be constrained not only by streamflow at catchment outlets but also by the spatial 

distribution of internal states and fluxes (e.g., Dembélé et al., 2020a; Demirel et al., 2023; Hsu et al., 2025). However, 

achieving a robust calibration of hydrological models remains a challenging task (Kirchner, 2006; Klemeš, 1986), 60 
especially when attempting to simulate the spatial patterns of internal model states and fluxes (see, e.g., Pimentel et 

al., 2023; Rakovec et al., 2016). The latter due to their high spatiotemporal variability, shaped by factors such as 

climate, topography, soil characteristics, and land cover. 

In recent years, the Spatial Efficiency (SPAEF; Koch et al., 2018) has become increasingly popular to assess the ability 

of hydrological models to capture spatial patterns (Gómez et al., 2024; Karpasitis et al., 2025). This metric simultane-65 
ously accounts for spatial correlation, the coefficient of variation, and histogram overlap between reference and sim-

ulated variables (Koch et al., 2018). Previous studies have shown that SPAEF may improve the representation of ETa 

spatial patterns in catchments characterised by diverse climatic and topographic conditions when used as an objective 

function in model parameter calibration (Koch et al., 2018, Stisen et al., 2021, Yorulmaz et al., 2023, Demirel et al., 

2024, Yorulmaz et al., 2024). However, SPAEF has shown some limitations, such as high sensitivity to binning, issues 70 
with skewed data and outliers, among others. Table 1 shows a compilation of different SPAEF-based proposed metrics 

to overcome some of the mentioned limitations. It is worth mentioning that the SPAEF metric – and some of its 

proposed modifications – have been meticulously assessed by Yorulmaz et al. (2024). 
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Table 1: Metrics formulated to assess model performance in terms of the capability to replicate spatial patterns in simulated 75 
variables. The metrics are presented arbitrarily in chronological order. 

Metric Modification Reference 
SPatial efficiency (SPAEF) Original Koch et al. (2018) 
SPatial pattern efficiency met-
ric (ESP)* 

Incorporates Spearman correlation and RMSE between 
standardised (z-scores) maps 

Dembélé et al. (2020b) 

SPatial efficiency prime 
(SPAEF’) 

Dynamic number of bins instead of n = 100 Yorulmaz et al. 2024) 

SPatial count density effi-
ciency (SPACD) 

Replace histogram intersection with count-density normal-
isation  

Yorulmaz et al. 2024) 

SPatial hybrid 4 efficiency 
(SPAH4) 

Consideration of a fourth component: the kurtosis ratio Yorulmaz et al. 2024) 

SPatial kurtosis efficiency 
(SPAK) 

Replaces the histogram intersection with the kurtosis ratio Yorulmaz et al. 2024) 

SPatial hybrid 5 efficiency 
(SPAH5) 

Adds both kurtosis and skewness ratios as fourth and fifth 
components 

Yorulmaz et al. 2024) 

SPatial histogram equalisation 
efficiency (SPAHE) 

Applies histogram equalisation to the input maps before 
computing the intersection 

Yorulmaz et al. 2024) 

SPatial movers’ distance effi-
ciency (SPAMD) 

Replaces the histogram intersection with Earth Mover’s 
Distance (EMD) 

Yorulmaz et al. 2024) 

Wasserstein SPAtial Effi-
ciency (WSPAEF) 

Replaces the histogram intersection with the Wasserstein 
distance  

Gómez et al. (2024) 

Modified Spatial Efficiency 
(MSPAEF) 

Bias-sensitive and at the same time scale-independent. 
Formulation with four terms 

Karpasitis et al. (2025) 

*also known as SPEM. 
 
Although many improvements have been proposed to the original SPAEF formulation (Table 1), several structural 

limitations remain in current spatial performance metrics. Most variants still rely on histogram-based representations 80 
for comparing distributions, which are inherently sensitive to bin size, data resolution, and sample heterogeneity, 

thereby limiting their ability to fully capture continuous spatial and statistical variability. Such dependencies often 

introduce discontinuities and inconsistencies across catchments of different sizes or grid densities. Further, although 

incorporating higher-order statistical descriptors and distance metrics (e.g., kurtosis ratio, Earth Mover’s Distance, or 

Wasserstein distance) has enhanced the original SPAEF formulation, these formulations still rely on discrete grid 85 
comparisons and therefore struggle to represent the spatial correlation and variability of key hydrological variables. 

In short, despite the valuable advances of existing metrics, a more flexible and theoretically consistent framework is 

still needed to robustly capture spatial patterns of simulated model states and fluxes. 

In recent years, the limitations of classical statistical moments have been increasingly acknowledged in the context of 

hydroclimatic extremes (see Section 2.1). Classical estimators are highly sensitive to outliers and suffer from bias 90 
when using small samples (which are very common in hydrological records), or skewed and/or heavy-tailed hydro-

logical records (Koutsoyiannis, 2019; Lombardo et al., 2014). To address these limitations, the knowable moments 

(Kmoments) were proposed as a promising alternative, offering less biased estimators for extreme-value analysis 

(Koutsoyiannis, 2022, 2023, 2025). Initially introduced in the context of stochastic hydrology, the Kmoments were 

defined as expectations of order statistics and possess desirable mathematical properties such as boundedness, con-95 
vergence, and applicability to both continuous and discrete random variables (Koutsoyiannis, 2025). In the context of 

rainfall-runoff modelling, Pizarro and Jorquera (2024) introduced a new objective function – for calibration of lumped 

rainfall-runoff models – that combines the well-known Kling-Gupta Efficiency (KGE) and Kmoments, obtaining 
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promising results when compared with the original KGE formulation. However, the potential of Kmoments to enhance 

the ability to model spatial patterns has not been explored to date.  100 
In this paper, we introduce the Spatial Efficiency And Kmoments (SPEAK), a new metric to be used as an objective 

function for calibrating hydrological models. This metric combines the strengths of SPAEF and Kmoments to enhance 

the calibration of (semi)distributed rainfall-runoff models. Specifically, we address the following research questions: 

§ To what extent does the integration of Kmoment-based statistics into SPAEF-type spatial performance metrics 

enhance the robustness and accuracy of simulated evapotranspiration (ETa) spatial patterns across semi-105 
distributed and distributed hydrological models? 

§ How does the performance of a Kmoment-based spatial calibration metric vary across contrasting hydroclimatic 

and physiographic regimes, and to what degree is it sensitive to catchment characteristics and seasonal 

variability? 

2 A new metric for spatial calibration 110 

2.1 Problems of classical statistical moments in hydrological analysis 

Classical statistical moments have long been used as fundamental descriptors of hydrological variability, particularly 

in the analysis of rainfall, streamflow, and flood extremes. Mean, variance, skewness, and kurtosis are routinely em-

ployed to summarise the magnitude, dispersion, and asymmetry of hydrological processes. However, despite their 

theoretical properties, the practical estimation of higher-order moments from finite hydrological records presents sub-115 
stantial difficulties. These difficulties arise not from bias in the estimators themselves – since sample moments are, 

under standard assumptions, unbiased estimators of their population counterparts – but from the inherently slow con-

vergence of moment estimates and their strong sensitivity to extreme (in magnitude) observations. 
In hydrological systems, the probability distribution of key variables is often heavy-tailed. Under such conditions, 

high-order moments (i.e., 𝑞	 > 	2) are dominated by the largest observations in the sample (i.e., the maximum norm 120 
is the limit of the 𝑞-norm as 𝑞 tends to infinite). As the order of the moment increases, the contribution of moderate 

values becomes negligible relative to that of extreme values, effectively rendering the moment estimator a proxy for 

the maximum observed value. Consequently, the uncertainty associated with high-order moment estimates remains 

large even for relatively long records, because the probability of observing sufficiently large extremes within the 

available sample remains low. This phenomenon is particularly pronounced in hydrology, where observations are 125 
typically limited to a few decades, whereas the processes of interest may operate on centennial or millennial time 

scales. Additionally, for this type of scaling in state (i.e., power-type tail), moments are theoretically infinite beyond 

a certain order 𝑞!"#	, but moment estimators are always finite. The latter implies that the estimation is infinite biased. 

Taken together, these considerations highlight that the principal difficulty with classical statistical moments in hydro-

logical analysis is not statistical bias but rather the uncertainty associated with finite-sample estimation in heavy-tailed 130 
and state-scaling behaviours. These limitations motivate the exploration of alternative statistical frameworks that are 

better suited to the intrinsic variability and tail behaviour characteristic of hydrological processes. For a detailed ex-

ploration of these ideas, the reader is referred to Koutsoyiannis (2019, 2025) and Lombardo et al. (2014). 
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2.2 Kmoments, KCorrelation, and KPDF 

The Kmoment of order 𝑝 is defined as: 135 
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(𝑖-1)! (𝑛-𝑝)!
(𝑖-𝑝)! (𝑛)! 𝑥(')=/𝑏',*,$𝑥(':*)
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'=$
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(1) 
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(2) 

 

where, 𝑥(':*) denotes the 𝑖,- order statistic (i.e., 𝑖,- smallest value) of a sample of size 𝑛. This formulation ensures 

that the Kmoments are computable up to the sample size and are directly tied to the behaviour of the tails, making 

them particularly effective for quantifying extremes. Table 2 shows a conceptual comparison between classical mo-140 
ments and their Kmoment counterparts for the first four statistical moments: 
Table 2: Kmoments’ estimators for the first four statistical moments. 

Moment Order Classical Moment Description Coefficient 𝑏!,#,$ Kmoment Equivalent 
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Using the above formulation, we define the Kcorrelation (𝑟./) as the correlation coefficient based on Kmoments. 𝑟./ 

quantifies the agreement based on normalised ranks of order statistics between two variables:  145 
 

𝑟./=1-9𝛦 ;max9
ref	-	𝐾0%

𝐾1%-𝐾0%
,
sim - 𝐾0%

𝐾1%-𝐾0%
EFE

1

 
(3) 

 

where 𝐾0%  and 𝐾1% are the first and second Kmoments of the respective variables in Table 2, and ref and sim represent 

the reference and simulated values, respectively. A higher 𝑟./ value indicates closer agreement, especially in the tails 

of the distribution. This formulation is particularly robust under dependence and, therefore, it is more suitable than 150 
traditional correlations, such as Pearson or Spearman, for performance evaluation in hydrological modelling.  

Additionally, we define a smooth alternative to histograms based on Kmoments, following the framework proposed 

by Koutsoyiannis (2022), in which histograms are replaced by a smooth empirical probability density function (KPDF) 

derived directly from Kmoments. Following the previous K-based definitions, the cumulative distribution function 

(KCDF) can be computed as: 155 
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𝐹$ = 1	- H

1
𝛬2*𝑝	+ 𝛬0-𝛬2

J (4) 

 

where, 𝛬2=𝑒3 ≈ 1.78 (with 𝛾 the Euler–Mascheroni constant), and 𝛬0=2. These values were proposed in the theo-

retical framework of the Λ-coefficients (see Koutsoyiannis (2022). The KPDF is then reconstructed by numerically 

differentiating Eq. (4) in terms of the Kmoment order 𝑝, i.e.: 160 
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(5) 

This approach yields a smooth and normalised representation of the empirical density function, constructed through a 

Kmoment-based estimation. 

2.3 Introducing the SPatial Efficiency And KMoments (SPEAK) 

The Spatial Efficiency and Kmoments (SPEAK) is a new metric, specifically designed to assess the capability of 

(semi)distributed hydrological models to reproduce spatial patterns in rainfall-runoff modelling. SPEAK also evalu-165 
ates the statistical consistency of simulated and reference values of the analysed variable. The formulation of SPEAK 

is as follows: 

SPEAK	= 1	- [(𝑟./-1)1 + (𝛽./-1)1 + (𝛾./-1)1 (6) 

where 𝑟./ is the Kmoment-based correlation coefficient (between the reference and simulated ETa maps, concate-

nated on time), 𝛽./ is the ratio between simulated and reference coefficient of variations (𝐶𝑉=𝐾1 𝐾0⁄  and 

𝛽=𝐶𝑉45! 𝐶𝑉678⁄ ); and, 𝛾./ is the similarity between reference and simulated KPDFs assessed through the Hellinger 170 
distance 𝐻(𝑃, 𝑄): 

𝐻(𝑃, 𝑄)=
1
√2

(/R[𝑃678	- [𝑃simS
1
)

9∈;

0
1
 

(7) 

where, 𝑃678 and 𝑃sim represent the normalised probability densities of the reference and simulated data, respectively, 

evaluated at a shared set of points 𝑥. We define 𝛾./ as a bounded similarity metric in Eq. (8): 

𝛾./ = 1	- 𝐻(𝑃, 𝑄) (8) 

𝛾./ ranges from 0 to 1, where values approaching 1 reflect a closer agreement between the reference and simulated 

KPDFs, and values near 0 indicate substantial divergence. The Hellinger distance is computed over a common support 175 
using the square-root transformation of the interpolated densities to ensure numerical stability and a consistent geo-

metric interpretation (see Cha (2007)). By construction, this approach preserves continuity, avoids discretisation arte-

facts, and provides a robust basis for quantifying similarity. By aggregating these terms, SPEAK provides a novel 

similarity score ranging from -∞ to 1, with higher values indicating a stronger agreement. 
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3 Example application 180 

3.1 Study area and data  

Our study domain is continental Chile, which is characterised by a large hydroclimatic and physiographic diversity. 

Specifically, we selected 99 near-natural catchments (see Fig. 1) from the CAMELS-CL database based on four cri-

teria: (1) less than 25% of missing daily streamflow records during the period 1980-2020, allowing only non-consec-

utive gaps; (2) absence of large dams, minimising the influence of reservoir operations on streamflow; (3) land-use 185 
and water-use indicators (i.e., consumptive water withdrawals <10% of mean streamflow, urban land cover ≤ 5% of 

the catchment area, irrigated agriculture ≤20% of catchment area; and forest plantations <20%); (4) exclusion of 

catchments with more than 5% glacier coverage or with any clear evidence of artificial modifications in the river 

network. Collectively, these thresholds are aligned with previous studies (e.g., Acuña and Pizarro, 2023; Baez-Vil-

lanueva et al., 2021; Jorquera and Pizarro, 2023; Pizarro and Jorquera, 2024) and enable the explicit quantification of 190 
human influence, ensuring that the selected catchments exhibit near-natural hydrological regimes. The analysis period 

spans from January 1, 1980, to March 31, 2020. The selected catchments exhibit a broad range of characteristics, 

highlighting substantial variability across the study domain. Catchment areas vary considerably, from as small as 35 

km² to as large as 11,137 km², with a median area of 672 km². Mean annual precipitation also shows pronounced 

variability, ranging from 94 to 3,660 mm yr⁻¹, with a median of 1,393 mm yr⁻¹. The aridity index spans a wide range, 195 
from 0.3 in southern Chile to 31.6 in northern Chile, with a median of 0.69. Mean catchment elevations extend from 

118 m a.s.l. in western areas near the Pacific Ocean to 4,270 m a.s.l. in the eastern Andes Mountains, with a median 

elevation of 1,052 m a.s.l. Regarding precipitation seasonality, most catchments are characterised by a winter-domi-

nated rainfall regime; however, some northern catchments are exceptions, with precipitation mainly concentrated dur-

ing the summer months. Furthermore, a marked latitudinal gradient is observed across Chile, with precipitation gen-200 
erally increasing toward the south while temperatures tend to decrease. 

Figure 1 shows the spatial distribution of the catchment area, mean elevation, mean precipitation, and mean annual 

potential evapotranspiration (PET) of the selected catchments. One can note the strong latitudinal and altitudinal gra-

dients of Chile, which are crucial in shaping hydrological responses. The selected catchments are representative of 

different hydroclimatic zones in continental Chile, such as Far and Near North (N=4 and N=2, respectively), Central 205 
(N=29), South (N=45), and Austral (N=19). This stratification relies on latitude, following previous studies (e.g., 

Segovia et al. 2025), to facilitate comparative analysis across regions. 

Hydrological data were obtained from the CAMELS-CL database (Alvarez-Garreton et al., 2018), which compiles 

daily streamflow records from hydrometric stations maintained by the Chilean Water Directorate (DGA). Daily time 

series of precipitation and maximum/minimum temperatures were retrieved from the gridded meteorological product 210 
CR2METv2.5 (Boisier, 2023), which provides data at a horizontal resolution of 0.05 ° × 0.05°. PET was estimated 

using the gridded temperatures and the Hargreaves-Samani equation (Hargreaves and Allen, 2003; Hargreaves and 

Samani, 1985). Additionally, actual evapotranspiration (ETa) was retrieved from the Global Land Evaporation Am-

sterdam Model (GLEAM), a satellite-based framework that estimates global-scale terrestrial evaporation and transpi-

ration. GLEAM combines microwave remote sensing observations with reanalysis meteorological data and a soil 215 
water balance model to provide spatially distributed fields of evaporation, transpiration, interception loss, and root-

7

https://doi.org/10.5194/egusphere-2026-2912
Preprint. Discussion started: 5 June 2026
c© Author(s) 2026. CC BY 4.0 License.



 
 
   
 
 
zone soil moisture. The most recent version, GLEAMv4.2a (Miralles et al., 2025), provides daily estimates at a 0.10° 

horizontal resolution, making it particularly suitable for large-scale hydrological modelling studies (see, e.g., Ding 

and Zhu, 2022; Guo et al., 2024; Jiang et al., 2020; Sirisena et al., 2020a). We use ETa data from the GLEAMv4.2a 

product, initially available at a 0.10° x 0.10° horizontal resolution but regridded to 0.05° x 0.05° through bilinear 220 
interpolation to ensure the same horizontal resolution available at CR2MET and, therefore, ensuring spatial con-

sistency with the input meteorological forcings. The temporal resolution of all datasets is maintained daily to facilitate 

seamless integration into the modelling framework. It is worth mentioning that reference ETa data – from the GLEAM 

v4.2a product – were used without applying any bias correction or temporal adjustment procedures. This decision was 

made to preserve the intrinsic variability and spatial structure of the satellite-derived fields, ensuring that the evalua-225 
tion reflected the raw performance of the calibration metrics. 
 

 
Figure 1: Analysed case studies and catchment attributes. (a) Area (km2), (b) mean elevation (m), (c) mean annual 
precipitation (mm), (d) mean annual PET (mm). The coloured dots represent the location of catchment outlets. A histogram 230 
of the analysed variable is shown below each subplot. 

3.2 Hydrological model 

We used the Technische Universität Wien (TUW) hydrological model, which is a conceptual, bucket-style, and semi-

distributed model developed by the Technical University of Vienna (Parajka et al., 2007). Its structure is based on the 

Hydrologiska Byråns Vattenbalansavdelning  (HBV, Bergström, 1976) rainfall-runoff model, and has been widely 235 
applied in hydrological modelling and water resources management studies (Araya et al., 2023; Baez-Villanueva et al., 

2021; Parajka et al., 2016; Sleziak et al., 2018, 2021; Széles et al., 2020; Segovia et al., 2025). The TUW model 

requires precipitation, temperature, and PET as input meteorological forcings, which are distributed across elevation 

bands to capture altitudinal controls on snowfall and melt. Within each band, the snow module partitions precipitation 

into rainfall or snowfall based on temperature thresholds and updates the snowpack using a degree-day formulation. 240 
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Meltwater and rainfall enter the soil module, where soil storage, ETa, and nonlinear runoff generation control the 

amount of water transferred to the subsurface reservoirs, where all infiltrated water is collected. The response module 

then separates this flux into fast, very fast, and slow components using two conceptual stores, each governed by dis-

tinct storage coefficients and a constant percolation rate. Finally, the combined outflows are routed to the catchment 

outlet through a transfer function, producing the simulated runoff. Figure 2 shows the model structure, and Table 3 245 
includes a brief description of each parameter. 

In this study, we adopted three configurations in each catchment regarding the spatial distribution of hydrological 

model inputs: 

a. Lumped configuration: Catchment-averaged model inputs with uniform-in-space parameters’ values (i.e., not 

depending on the spatial dimension). 250 
b. Semi-distributed model configuration: Model inputs are spatially disaggregated to 200-m elevation bands with 

uniform-in-space parameters’ values (i.e., not depending on the spatial dimension). 

c. Fully distributed model configuration: Model inputs are provided at the grid-cell (0.05° x 0.05°) level across 

each catchment with uniform-in-space parameters’ values (i.e., not depending on the spatial dimension). 
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 255 
Figure 2: TUW rainfall-runoff model structure.  
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Table 3: TUW model parameters, their description, and the range of adopted values. 

Parameter Symbol Unit Description Range 
Snow Correlation 
Factor 

SCF - Empirical factor adjusting solid precipita-
tion for snow accumulation. 

0.9-1.5 

Degree Day Factor DDF mm/degC/timestep Controls the rate of snowmelt based on ac-
cumulated degree days above the threshold 
T°. 

0.0-5.0 

Threshold Tempera-
ture Rain 

Tr ºC The temperature above which precipitation 
is considered entirely as rainfall. 

1.0-3.0 

Threshold Tempera-
ture Snow 

Ts ºC The temperature below which precipitation 
is considered entirely as snowfall. 

-3.0-1.0 

Melt Temperature Tm ºC Threshold temperature controlling the onset 
of snowmelt. When the air temperature ex-
ceeds Tm. 

-2.0-2.0 

Limit Potential Evap-
oration 

𝐿-./0 - The fraction of potential evapotranspiration 
limiting actual evapotranspiration under dry 
conditions. 

0.0-1.0 

Field Capacity FC mm Maximum soil moisture storage capacity be-
fore percolation and surface runoff. 

Catchment-de-
pendent 

Non-Linear Runoff 
Production 

BETA - Control the non-linearity of runoff genera-
tion from excess soil moisture. 

0.0-20.0 

Storage Coefficient 
for very fast response 

𝑘1 Timestep Recession parameter for quickflow routing 
through the very fast response reservoir. 

0.0-2.0 

Storage Coefficient 
for fast response 

𝑘% Timestep Recession parameter for routing through the 
fast response storage. 

2.0-30.0 

Storage Coefficient 
for slow response 

𝑘* Timestep Recession parameter governing slow flow 
or baseflow routing. 

30.0-250.0 

Threshold Storage 
State 

𝑙234 mm Storage level threshold in the upper zone 
triggering quick runoff generation. 

1.0-100.0 

Constant Percolation 
Rate 

𝑐56.7 mm/timestep Maximum percolation rate from the upper to 
the lower soil zone under saturated condi-
tions. 

0.0-8.0 

Maximum Base at 
Low Flow 

𝐵8/9 Timestep Maximum storage coefficient during low-
flow conditions. 

0.0-30.0 

Free Scaling Parame-
ter 

𝐶.:306 Timestep2/mm Calibration parameter scaling the routing 
time of surface runoff through the basin. 

0.0-50.0 

3.3 Calibration and evaluation strategies 

The parameters of the TUW model were calibrated using a Particle Swarm Optimisation (PSO)-based algorithm, 

implemented in the R package hydroPSO (Zambrano-Bigiarini and Rojas, 2013), designed for hydrological model 260 
parameter estimation. PSO is a metaheuristic optimisation technique inspired by the collective behaviour of natural 

swarms, such as birds in flight. Originally developed by Kennedy and Eberhart (1995), PSO has gained popularity in 

optimisation due to its efficiency at exploring complex search spaces. 

The calibration and evaluation periods range from April 1, 1982, to March 31, 2002, and from April 1, 2002, to March 

31, 2020, respectively. Additionally, a warm-up period, from January 1, 1980, to March 31, 1982, is used to stabilise 265 
internal model states and reduce the influence of initial hydrologic conditions before formal calibration begins. It is 

worth mentioning that, as the catchments are located in Chile (in the Southern Hemisphere), the water year starts on 

April 1 in most of the case study catchments. Therefore, we use April 1 and March 31 as the beginning and end of the 

water year for all the catchments for simplicity. 

In order to systematically assess how the choice of objective function influences the model's ability to reproduce 270 
observed ETa’s spatial patterns, we perform three model calibrations at each catchment: 

11

https://doi.org/10.5194/egusphere-2026-2912
Preprint. Discussion started: 5 June 2026
c© Author(s) 2026. CC BY 4.0 License.



 
 
   
 
 
§ KGE-based calibration, which aims at maximising the KGE computed with daily flows at the catchment outlet: 

KGE	= 1	- fR𝑟<-1S1+R𝛽<-1S1+R𝛾<-1S1 
(9) 

where 𝑟< is the Pearson correlation between simulated and observed streamflow values, 𝛽< is the bias ratio 

between simulated and observed streamflow values, and 𝛾< is the ratio of coefficients of variation between 

simulated and observed streamflow values. KGE ranges from -∞ to 1, with 1 being the optimal value. 275 
§ SPAEF-based calibration, which aims at maximising the SPAEF metric computed with ETa: 

SPAEF	= 1	- [(𝑟-1)1+(𝛽-1)1+(𝛾-1)1 (10) 

where 𝑟 denotes the Pearson correlation coefficient between reference and simulated spatial fields (concatenated 

on time); 𝛽(= (𝜎45!/𝜇45!)/(𝜎678/𝜇678)	)	represents the fraction of the coefficient of variation, assessing relative 

variability; and, 𝛾 H=
∑ !5>?@!,A!B
"
!#$
∑ @!"
!#$

J quantifies histogram similarity (intersection for the given histogram 𝐾 of 

the observed pattern and histogram 𝐿 of the simulated pattern, each containing 𝑛 bins), thereby comparing the 280 
underlying distributional shapes. By aggregating these terms, SPAEF provides a bounded similarity score in the 

range ]-∞,1] with higher values indicating stronger agreement. 

§ SPEAK-based calibration, which aims at maximising the SPEAK metric. Computations were performed between 

the reference and simulated ETa maps, concatenated on time. 

Note that the KGE-based calibration was performed using the lumped model configuration, whereas the SPAEF- and 285 
the SPEAK-based calibrations were conducted using the semi-distributed and the fully distributed model configura-

tions. To compare the performance provided by the calibration experiments, we use the root mean square error nor-

malised by the mean of the referenced data, which provides a dimensionless indicator of model accuracy (Willmott, 

1981; Willmott and Matsuura, 2005): 

NRMSE = 
f1𝑛∑ (𝑆' 	- 𝑅')1*

'=0

𝑅
 

(11) 

where 𝑆' and 𝑅' are the simulated and referenced values, 𝑅 denotes the mean of the reference data, and 𝑛 is the number 290 
of grid cells. Lower NRMSE values indicate a closer agreement between simulations and reference values, enabling 

meaningful comparison across catchments or spatial domains with differing magnitudes.  

Additionally, the Fraction Skill Score (FSS) is also used for performance comparison tasks. FSS is usually used in 

precipitation forecasts (Gaur et al., 2022; Necker et al., 2024; Roberts and Lean, 2008). FSS takes values from zero to 

one, with one indicating perfect agreement. Computational steps involve the identification of values exceeding certain 295 
thresholds (under a given window size) and, as a consequence, the creation of binarised maps (relying on the selected 

thresholds) and the computation of fraction cells above such threshold. The computation of mean-square error (MSE) 

between observed and simulated fractions as well as its normalisation by the worst-case MSE (MSECD) are essential 

steps in FSS quantification:  

FSS = 1 −
MSE
MSECD

 (12) 
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Here, FSS was computed using the top four ETa percentiles (i.e., 75th, 90th, 95th, and 99th) and a pixel-scale window 300 
size. 

4 Results and discussion 

4.1 Streamflow-based calibration: Highlighting issues of spatial distribution of internal states and fluxes 

Fig. 3a shows the KGE values obtained with the streamflow-based calibration over the full analysis period. Results 

show that the streamflow-based calibration effectively adjusted parameter values to reproduce runoff at catchment 305 
outlets under diverse hydroclimatic regimes. The mean and median KGE are 0.80 and 0.85, respectively, with a stand-

ard deviation of 0.15. The 5th and 95th percentiles are 0.46 and 0.94, respectively, with minimum and maximum 

values of 0.25 and 0.95. The interquartile range is 0.11, and only six catchments exhibited KGE values below 0.5, 

indicating a generally robust performance across the study region. However, ETa results (Fig. 3b-f) show persistent 

mismatches between simulated and reference values, with error patterns that differ notably across hydroclimatic zones, 310 
similar to those obtained by Mei et al. (2023) and Sirisena et al. (2020b). 

 
Figure 3: Results obtained from the streamflow-based calibration (period 1982-2002). Panel (a) shows KGE values for 99 
catchments, considering only streamflow data during calibration. Panels (b) to (f) show the monthly mean actual evapo-
transpiration (ETa) obtained during calibration, considering only streamflow data. Panel (b), Río Loa Antes Represa Le-315 
quena (ID: 2101001); panel (c), Río Chalinga en la Palmilla (ID: 4712001); panel (d), Río BioBío en Coihue (ID: 8334001); 
panel (e), Río Mañihuales Antes Junta Río Simpson (ID: 11308001); panel (f), Río San Juan en Desembocadura (ID: 
12582001). 

For instance, in the Loa River catchment (Fig. 3b), the model fails to reproduce the observed seasonality of ETa (i.e., 

timing and magnitude). Additionally, substantial deficiencies are obtained towards the end of the water year (Decem-320 
ber–March) in the Chalinga, Biobío and Mañihuales catchments (see Fig. 3c-e), where simulated ETa fails to follow 

the sharp increase and sustained peak of the reference dataset. Lastly, an inverse behaviour is obtained in the southern 
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catchment (Fig. 3f): the model remains unresponsive, primarily during the early months (April–August), underesti-

mating ETa considerably, and subsequently fails to reach the reference peak values during summer, resulting in a 

consistent bias. These discrepancies emphasise the structural limitations of a streamflow-based calibration strategy in 325 
capturing the spatial and temporal complexity of ETa dynamics under diverse climatic regimes. While the KGE opti-

misation generally yields good streamflow simulations at the catchment outlet, it does not necessarily ensure an ade-

quate reproduction of other water fluxes such as ETa. The latter highlights the importance of integrating additional 

hydrological variables and fluxes into the calibration, alongside streamflow. 

4.2 ETa-based calibration: SPEAK performance 330 

Fig. 4 shows the spatial distribution of seasonal ETa amounts over one of the analysed catchments (Catchment ID: 

11302001, Rio Ñirehuao En Villa Mañihuales). The catchment in question was arbitrarily selected to show the spa-

tially distributed ETa results. Fig. 4a, 4b, and 4c show seasonal ETa for the reference data, SPEAK-based, and SPAEF-

based simulations, respectively. Interestingly, SPEAK- and SPAEF-based ETa simulations yielded coherent, repro-

ducible spatial ETa patterns across all seasons. The catchment-average absolute errors per season were 10.17, 12.81, 335 
39.54, 21.78 and 13.9, 15.04, 41.94, 47.86 – for SPEAK and SPAEF, respectively – for autumn, winter, spring, and 

summer; respectively. Modelling issues arise for warmer seasons (OND and JFM), evidencing slightly better results 

for SPEAK-based simulations. 

 
Figure 4: (a) Reference ETa from GLEAM for each three-month season (AMJ, JAS, OND, JFM), and spatial distribution 340 
of relative errors in simulated ETa with the TUW model with (b) the best SPEAK and (c) the best SPAEF calibrations for 
catchment ID: 11302001 (period 2001-2020). The red colour bar indicates the ETa in (mm/season), whereas the grey colour 
bar indicates the absolute error (in mm/season) in simulated ETa with respect to the reference data. 

Fig. 5 shows the fraction skill score maps associated with SPEAK- and SPAEF-based simulations for four different 

ETa thresholds taken into consideration (Fig. 5a: 75th; Fig. 5b: 90th; Fig. 5c: 95th; and, Fig. 5d: 99th mean annual 345 
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ETa percentiles) over the same catchment. Overall, Fig. 5 shows a number of low-FSS-value pixels for both SPEAK- 

and SPAEF-based simulations. It is also evident that SPEAK-based simulations have more pixels with higher FSS 

values (compared with SPAEF-based simulations) and outperform SPAEF-based simulations across all analysed 

thresholds. Additionally, there is a spatial FSS gradient, with higher values from west to east. The catchment-average 

FSS was 0.17, 0.06, 0.05, 0.02, and 0.05, 0.03, 0.03, 0.00 for the SPEAK- and SPAEF-based simulations, respectively, 350 
and for the 75th, 90th, 95th, and 99th ETa percentiles, respectively. 
 

 
Figure 5: FSS for SPEAK- and SPAEF-based mean annual ETa simulation (catchment ID: 11302001; period: 2001-2020). 
From a) to d): 75th, 90th, 95th, and 99th ETa percentiles taken as thresholds for FSS computation.  355 

Four additional case studies are shown in Fig. 6, comparing reference and simulated annual mean ETa by SPEAK and 

SPAEF. It is possible to observed that SPEAK-based simulations reproduce the ETa spatial fields with closer agree-

ment to the reference GLEAM data. In the Río Itata catchment (Fig. 6a), SPEAK accurately captures the west-to-east 

moisture gradient, reproducing the attenuation of ETa toward the interior valley, aligning well with regional ETa 

magnitudes. In the Biobío River catchment (Fig. 6b), the SPEAK-based simulation preserves the topographic contrasts 360 
that govern ETa under semi-humid conditions, demonstrating the metric’s capability to maintain elevation-dependent 

variability (spatial correlation between reference and simulated maps: 0.289 and 0.097 for SPEAK and SPAEF, re-

spectively). Further south, in Río Cautín and Río Trancura (Figs. 6c and 6d), SPEAK maintains the internal heteroge-

neity of the observed fields and avoids excessive smoothing, a particularly valuable feature in humid catchments where 

vegetation and orographic effects modulate spatial fluxes. In contrast, the SPAEF-calibrated outputs exhibit higher 365 
ETa magnitudes, particularly in lowland regions, with a loss of spatial definition across all catchments. These devia-

tions are more pronounced in Fig. 6a, where SPAEF yields spatially homogeneous fields that fail to capture the catch-

ment's gradual spatial characteristics. Similarly, in Biobio (Fig. 6b), the simulated field is smoothed over elevation 

gradients, limiting its representativeness in systems with complex terrain. Such a pattern likely stems from the histo-

gram-based formulation of SPAEF’s γ component, which introduces rigidity in cases of strong physiographic varia-370 
bility. The average values for the four presented catchments, in terms of spatial correlation between the reference and 

simulated maps, were 0.272 and 0.160 for SPEAK and SPAEF, respectively. 
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Figure 6: Comparison between (a) GLEAM actual evapotranspiration fields (annual mean per pixel) and simulated ETa 
using parameters obtained by calibrating with (b) SPEAK and (c) SPAEF against GLEAM reference data. Each column 375 
corresponds to a specific catchment: (a) Río Itata at Balsa Nueva Aldea (ID: 8135002); (b) Río Biobío at Rucalhue (ID: 
8317001); (c) Río Cautín at Almagro (ID: 9140001); and (d) Río Trancura Antes Río Llafenco (ID: 9414001). 

The spatial results displayed in Figures 4, 5, and 6 highlight the hydrological implications of adopting a Kmoment-

based formulation for spatial calibration. By employing continuous, bin-free KPDF representations, SPEAK enhances 

both the magnitude and the agreement in variability with the reference fields, ensuring that the simulated spatial pat-380 
terns remain consistent across distinct hydroclimatic regimes. Complementing these findings, five ETa hydrologic 

signatures (mean, min, max, P05, and P95) were computed for the four catchments analysed above, considering ref-

erence data as well as SPEAK- and SPAEF-based simulations. These findings are shown in Table 4, alongside evi-

dence indicating which simulation had closer agreement (green colours indicate that SPEAK-based simulations had 

closer agreement with the reference data than SPAEF-based simulations). 385 
Figure 7 shows the spatial evaluation of model performance in reproducing ETa, considering all case studies. Fig. 7a-

c show NRMSE values, while Fig. 7d-f show the Pearson correlation between simulations and reference data. NRMSE 

and Pearson correlation were used as extra benchmark assessment metrics. We use the NRMSE because the mathe-

matical formulations of SPEAK and SPAEF differ, so their values (magnitude) cannot be directly compared. Addi-

tionally, we use the Pearson correlation because it is insensitive to bias. Our results reveal clear differences in NRMSE 390 
between SPEAK- and SPAEF-based calibrations. In general, SPEAK provides more consistent spatial patterns of ETa 

across central and southern Chile, as reflected by lower NRMSE values in a large fraction of catchments (see Table 

5), indicating that the inclusion of the Kmoment formulation improves its ability to represent the overall spatial be-

haviour of ETa. Conversely, SPAEF tends to outperform SPEAK in a limited number of catchments, primarily in 

Reference

(a) (b) (c) (d)

SPEAK

SPAEF

ETa [mm]

1.2
1.4
1.6
1.8
2.0
2.2
2.4

Relative error [%]

-60.0
-40.0
-20.0
0.0
20.0
40.0
60.0
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areas where both metrics yield similar performance. Pearson correlation results were similar, indicating superior per-395 
formance to SPEAK compared to SPAEF. These results highlight that, although both formulations are based on spatial 

correspondence principles, SPEAK provides a more stable and accurate characterisation of model reference agreement 

under diverse conditions. Table 5 shows the statistical summary of NRMSE values for both analysed configurations 

(fully and semi-distributed) across the 99 Chilean catchments. Our findings show that SPEAK provided a lower 

NRMSE for ETa in 85 (fully distributed configuration) and 92 (semi-distributed configuration) catchments, in com-400 
parison with SPAEF. 
Table 4: Catchment-average ETa hydrologic signatures. Mean: average in time ETa; Min: minimum ETa value; Max: 
Maximum ETa value; P05: 5th percentile; P95: 95th percentile. 

Catchment ID ETa Signature Reference [mm] SPEAK [mm] SPAEF [mm] Closer agreement 

8135002 

Mean 685.99 658.71 950.94 SPEAK 

Min 449.65 440.03 696.65 SPEAK 

Max 812.96 951.46 1247.79 SPEAK 

P05 572.27 468.86 724.83 SPEAK 

P95 788.00 882.50 1165.20 SPEAK 

8317001 

Mean 692.59 611.88 914.80 SPEAK 

Min 460.84 455.10 700.13 SPEAK 

Max 841.97 827.54 1233.23 SPEAK 

P05 516.69 501.83 783.22 SPEAK 

P95 813.82 740.84 1094.12 SPEAK 

9140001 

Mean 709.02 631.78 777.93 SPAEF 

Min 511.44 470.44 642.03 SPEAK 

Max 852.63 808.35 936.34 SPEAK 

P05 609.30 514.08 671.03 SPAEF 

P95 831.52 759.63 891.61 SPAEF 

10111001 

Mean 758.91 688.52 831.68 SPEAK 

Min 536.44 501.09 638.86 SPEAK 

Max 877.90 928.45 1085.07 SPEAK 

P05 623.07 587.01 734.83 SPEAK 

P95 848.12 825.52 971.62 SPEAK 

 
 405 
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Figure 7: Spatial distribution comparison between SPEAK and SPAEF performance in terms of additional performance 
scores: NRMSE (a, b, c) and Pearson correlation (d, e, f). The fully distributed TUWmodel was adopted. NRMSE (a) and 
Pearson correlation (d) values for simulations calibrated with the SPEAK metric. NRMSE (b) and Pearson correlation (e) 
values from simulations calibrated with the SPAEF metric. Lighter colours indicate lower NRMSE (Pearson correlation) 410 
values and, therefore, a better (worse) simulation. One-to-one comparison for NRMSE and Pearson correlation values 
obtained from both calibration metrics (Fig. 7c-f), where green markers indicate catchments with better SPEAK perfor-
mance and orange markers denote better SPAEF performance.  
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Table 5: NRMSE summary statistics from the sample of 99 catchments for all the spatial calibrations conducted in this 415 
study, using semi-distributed and fully-distributed model configurations and SPEAK and SPAEF as calibration metrics 
across the 99 Chilean catchments. Bold numbers mean a better score value. 

 Fully Distributed 
SPAEF 

Fully Distributed 
SPEAK 

Semi-Distributed 
SPAEF 

Semi-Distributed 
SPEAK 

Mean 0.76 0.46 0.62 0.36 

Median 0.56 0.28 0.40 0.26 

Standard Deviation 0.55 0.49 0.57 0.42 

IQR 0.63 0.17 0.39 0.14 

P5% 0.23 0.17 0.21 0.13 

P95% 1.72 1.79 1.57 1.14 

Min 0.15 0.14 0.16 0.10 

Max 2.90 2.50 3.44 3.13 

Range 2.72 2.40 3.27 3.02 

CV 0.72 1.05 0.90 1.17 

Skewness 1.56 2.62 2.60 4.29 

Number of catchments 
with lower NRMSE 14 85 7 92 

 
Fig. 8 shows the spatial distribution of SPEAK and SPAEF values across all considered case studies. The results show 

that the spatial pattern of SPEAK-based simulations is similar to that obtained for SPAEF-based ones. The latter is 420 
highlighted by the high Pearson correlation coefficient between SPEAK and SPAEF values of 0.84 and 0.81 for semi-

distributed and fully distributed configurations, respectively. 
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Figure 8: SPEAK and SPAEF values for 99 catchments, computed at a daily temporal scale. (a) SPEAK for semi-distributed 425 
configuration (max. value: 0.95); (b) SPAEF for semi-distributed configuration (max. value: 0.88); (c) SPEAK for fully 
distributed configuration (max. value: 0.87); (d) SPAEF for fully distributed configuration (max. value: 0.76). The bottom 
row displays the histograms with metric values. 

We also explored potential links between catchment descriptors and SPEAK and SPAEF values obtained after cali-

bration, for both the fully distributed and semi-distributed configurations, by calculating their Pearson correlation (see 430 
Fig. 9). Overall, both metrics display similar relationships with geomorphological, land-cover, and hydroclimatic de-

scriptors, confirming that no single catchment attribute dominates their performance. The attributes mentioned above 

were adopted from CAMELS-CL. For elevation- and slope-related variables, negative correlations are observed for 

both metrics, consistent with the hydrological gradients imposed by topography and with the model’s design, which 

initially incorporated elevation bands as a structural element. 435 
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Figure 9: Pearson correlation coefficient between the value of different performance metrics and catchment attributes. (a) 
Semi-distributed SPEAK; (b) Semi-distributed SPAEF; (c) Fully distributed SPEAK; (d) Fully distributed SPAEF. Circles 
with thick borders represent statistically significant correlations (p-value < 0.05). Each column shows results for (a) SPEAK 
with elevation bands (b) SPAEF with elevation bands (c) SPEAK fully distributed, and (d) SPAEF full distributed (Fig. 9d). 440 

The correlation analysis indicates that the spatial performance of both metrics is not strongly controlled by geomor-

phological attributes or land-cover descriptors, which generally show weak to moderate Pearson correlations. In con-

trast, stronger associations are observed for hydrometeorological descriptors and hydrological signatures, particularly 

precipitation, temperature, and Q95. These relationships suggest that the values attained by SPEAK and SPAEF tend 

to vary systematically across catchments with different hydroclimatic conditions. However, since the objective func-445 
tions were evaluated using ETa, these correlations should not be interpreted as direct evidence that either metric cap-

tures rainfall-driven processes or streamflow variability more effectively. Rather, they indicate that the spatial effi-

ciency scores are partly associated with the prevailing climatic and hydrological regimes of the catchments. In this 

context, the lower correlation between SPEAK and PET compared with SPAEF is noteworthy, because PET represents 

atmospheric evaporative demand rather than the actual water flux used as a calibration target. This result suggests that 450 
SPEAK may be less dependent on PET-related spatial gradients, while still evaluating the spatial agreement of simu-

lated ETa. Overall, SPEAK shows a correlation structure broadly comparable to that of SPAEF, preserving a similar 

degree of structural neutrality while exhibiting sensitivity to selected hydroclimatic controls. 

Finally, the internal components of SPEAK and SPAEF – and their performance across the simulations – are shown 

in Fig. 10. Our findings revealed apparent structural differences between these metrics. It is worth noticing that the 455 
mathematical formulation of the components is different and therefore, a one-to-one comparison is impossible to 

perform. Despite the latter, and to provide a panoramic view of our results, a smaller spread is observed across all 
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SPEAK components, with a particularly marked improvement in γ, especially under the semi-distributed configura-

tion. This behaviour results from SPEAK’s dependence on smooth empirical density functions derived from 

Kmoments, which provide a continuous, bin-free estimate of the ETa probability density function (KPDF). By con-460 
trast, SPAEF’s γ component depends on histogram-based similarity, which is inherently sensitive to bin size and data 

resolution, often introducing discontinuities or instability across catchments of varying scale. The use of KPDFs in 

SPEAK mitigates this limitation, ensuring consistent and scalable performance in both small and large catchments. 

Moreover, the 𝑟./	(Kmoment-based spatial correlation) and 𝛽./ (Kmoment-based CVs’ ratio) components of SPEAK 

are closer to 1, showing that a SPEAK-based calibration enables to effectively achieve a simultaneous improvement 465 
of the three components, as opposed to SPAEF. 

 
Figure 10: Boxplots of SPEAK and SPAEF components obtained with the (a) fully distributed and (b) semi-distributed 
configurations. The horizontal dashed line represents the optimal value. Each boxplot comprises results from the 99 case 
study catchments. The boxes represent the interquartile range (IQR; 25th to 75th percentiles), the horizontal line indicates 470 
the median, whiskers extend to 1.5 × IQR, and circles denote outliers falling outside the whiskers.   

5 Conclusions 

We introduced the Spatial Efficiency And Kmoments (SPEAK), a novel spatial calibration metric that integrates 

Kmoment-based statistics into a SPAEF-type framework to improve the representation of spatial hydrological pro-

cesses in (semi)distributed rainfall-runoff models. Across 99 Chilean catchments characterised by strong hydrocli-475 
matic and physiographic gradients, SPEAK consistently improved the simulation of actual evapotranspiration (ETa) 

spatial patterns compared with conventional SPAEF-based calibration. The integration of Kmoment-based statistics 

(e.g., KPDF, Kcorrelation, and Kmoments) substantially enhanced the robustness and accuracy of ETa simulations in 

both semi-distributed and fully distributed model configurations. SPEAK systematically produced lower NRMSE 

values, stronger spatial correlation, and reduced dispersion among calibration components than benchmark metrics. 480 
The performance of SPEAK remained generally robust across contrasting hydroclimatic and physiographic regimes. 

Although some sensitivity to precipitation seasonality was identified, most geomorphological, land-cover, and hydro-

logical descriptors exhibited weak correlations with metric performance, indicating limited dependence on catchment 
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characteristics. This suggests that SPEAK maintains stable behaviour across catchments with diverse elevations, arid-

ity conditions, precipitation regimes, and spatial scales. In addition, the metric showed consistent performance across 485 
seasons, although larger modelling discrepancies persisted during warmer periods, which were characterised by 

stronger ETa dynamics. Despite these promising results, some limitations should be acknowledged. The spatial eval-

uation relied exclusively on ETa from the GLEAM v4.2a product, which remains subject to uncertainties associated 

with remote sensing retrievals and forcing data. Furthermore, the TUW model employed spatially uniform parameter 

values, potentially limiting its ability to represent local heterogeneity. Future work should therefore evaluate SPEAK 490 
using additional hydrological variables, modelling frameworks, and climatic regions. Key findings as follows: 

§ SPEAK improves the spatial calibration of hydrological models by integrating Kmoment-based statistics.

§ The proposed metric enhances the robustness and accuracy of simulated ETa spatial patterns in both semi-dis-

tributed and distributed model configurations.

§ SPEAK consistently achieved lower NRMSE values and stronger spatial correlation than benchmark metrics 495 
across 99 Chilean catchments. 

§ SPEAK exhibited limited dependence on most catchment descriptors, indicating robust behaviour across con-

trasting hydroclimatic and physiographic regimes.

§ Seasonal variability influenced model performance, with larger discrepancies observed during warmer seasons,

when ETa dynamics are stronger.500 
§ Incorporating spatially distributed information is essential for improving the representation of internal hydrolog-

ical processes beyond streamflow-only calibration approaches.
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