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Abstract 15 

Hydrological models are widely used to support water resources planning, flood and 16 

drought assessment, watershed management, and climate change impact analysis. The 17 

credibility of such applications depends strongly on how model performance is evaluated 18 

against observed data. Numerous statistical performance metrics have been proposed for 19 

hydrological model evaluation; however, their mathematical formulations, sensitivity to 20 

flow regimes, and interpretability differ substantially. As a result, the choice of evaluation 21 

criteria can strongly influence conclusions regarding model adequacy and comparative 22 

performance. This review synthesizes commonly used hydrological model performance 23 

metrics, including the Nash-Sutcliffe Efficiency (NSE), coefficient of determination (R²), 24 

Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Percent Bias (PBIAS), 25 

Kling-Gupta Efficiency (KGE), RMSE-observations standard deviation ratio (RSR), and 26 

Willmott’s index of agreement. For each metric, definitions, formulations, interpretation 27 

guidelines, strengths, and limitations are discussed based on classical and recent litera-28 

ture. Particular attention is given to the sensitivity of metrics to high-flow and low-flow 29 

conditions, systematic bias, variability, and error magnitude, as well as their suitability 30 

for different water resources applications. Comparative analysis highlights that no single 31 

metric can adequately capture all aspects of hydrological model performance, and metric-32 

dependent ranking of models is common across studies. The review study emphasizes 33 

the importance of multi-criteria evaluation frameworks and application-specific metric 34 

selection, especially under non-stationary climatic conditions. Practical recommendations 35 

are provided to support transparent, consistent, and meaningful performance evaluation 36 

in hydrological modeling and water resources decision-making. 37 

Keywords: Hydrological modeling; Model performance evaluation; Nash-Sutcliffe Effi-38 

ciency; Kling-Gupta Efficiency; Error metrics; Water resources applications 39 

1. Introduction 40 

Hydrological models are essential tools for water resources planning, flood and 41 

drought forecasting, watershed management, and assessing climate change impacts. The 42 

usefulness of any model depends critically on its ability to reproduce observed hydrolog-43 

ical behavior, including extreme events, timing, and variability. Quantitative performance 44 
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metrics, also called criteria of fit, provide a standardized way to evaluate how well simu-45 

lated outputs match observations. Each metric emphasizes different aspects of perfor-46 

mance, such as bias, variability, correlation, or absolute error, so no single metric can fully 47 

capture all relevant characteristics. A multi-criteria approach is therefore recommended 48 

[1] [2]. Recent review studies indicate that, despite the widespread use of hydrological 49 

models, evaluation practices remain inconsistent across studies, with substantial variation 50 

in metric selection, threshold interpretation, and reporting standards [3] [4] [5] [6]. Similar 51 

concerns have been raised in comparative assessments of process-based and data-driven 52 

models, where differences in evaluation criteria can strongly influence perceived model 53 

superiority, particularly under non-stationary climatic conditions [7]. This review sum-54 

marizes widely used performance metrics in hydrology, presents their definitions, formu-55 

las, interpretations, and limitations, highlights key findings and critiques from the litera-56 

ture, and offers practical recommendations for their effective use. In contrast to model-57 

specific evaluation studies, this paper focuses on the comparative behavior, diagnostic 58 

value, and applicability of commonly used performance metrics across different hydro-59 

logical conditions and water resources applications, drawing on both classical and recent 60 

literature [8] [9] [10]. 61 

2. Model Performance Evaluation in Hydrology 62 

Hydrological models are widely used in water resources science to simulate key com-63 

ponents of the hydrological cycle, including precipitation-runoff processes, streamflow 64 

generation, groundwater recharge, evapotranspiration, and water balance dynamics. 65 

These models support a broad range of water resources applications, such as flood fore-66 

casting, drought assessment, reservoir operation, watershed management, and evaluation 67 

of climate change impacts [1]. Advances in integrated and process-based modeling frame-68 

works have further expanded the scope of hydrological applications, increasing the need 69 

for robust and transparent performance evaluation methodologies [11]. Because model 70 

outputs are often used to inform planning, management decisions, and policy, systematic 71 

and transparent evaluation of model performance is a fundamental step in hydrological 72 

modeling studies. 73 

Model performance evaluation refers to the quantitative comparison of simulated 74 

outputs with observed data to assess how well a model reproduces observed hydrological 75 

behavior. In practice, evaluation is most commonly conducted using statistical perfor-76 

mance metrics that summarize differences between simulated and observed time series. 77 

These metrics provide objective measures of goodness-of-fit and allow comparison of 78 

model performance across different studies, catchments, and modeling approaches [1] 79 

[12]. However, multiple studies have emphasized that commonly reported performance 80 

metrics are often applied without sufficient consideration of their underlying assump-81 

tions, sensitivity to flow regimes, or suitability for specific modeling objectives [8] [9] [10] 82 

Reviews focusing on model selection and benchmarking further highlight that incon-83 

sistent metric usage complicates cross-study comparison and limits reproducibility [3] [5]. 84 

In water resources applications, performance evaluation is particularly important because 85 

errors in simulated flows can directly influence estimates of flood risk, water availability, 86 

drought severity, and long-term water balance. 87 

A central challenge in hydrological model evaluation is that hydrological processes 88 

are complex, nonlinear, and variable across time and space. Models may perform well for 89 

certain aspects of the hydrograph (e.g., peak flows) while performing poorly for others 90 

(e.g., low flows or timing). For example, a model calibrated to reproduce flood peaks may 91 

underestimate baseflow during dry periods, while a model that captures long-term water 92 

balance may fail to reproduce short-term extremes [13]. This issue becomes more pro-93 

nounced when models are evaluated across multiple catchments or climatic regimes, 94 
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where differences in flow variability and seasonality can strongly influence metric behav-95 

ior and interpretation. Multi-catchment and regional-scale evaluations have shown that 96 

metric rankings can change substantially across basins, underscoring the context depend-97 

ency of commonly used criteria [14]. As a result, no single performance metric can fully 98 

characterize model behavior under all conditions relevant to water resources decision-99 

making. 100 

Performance metrics differ in what aspect of model behavior they emphasize. Some 101 

metrics focus on overall agreement between simulated and observed values relative to a 102 

benchmark (e.g., the observed mean), while others quantify absolute error magnitude, 103 

linear association, systematic bias, or variability. Error-based metrics such as RMSE and 104 

MAE describe the average magnitude of simulation errors, whereas relative efficiency 105 

measures such as the Nash-Sutcliffe Efficiency (NSE) evaluate performance relative to a 106 

simple reference model. Correlation-based metrics such as the coefficient of determination 107 

(R²) describe how well temporal patterns are reproduced but do not capture bias or vol-108 

ume errors. Bias-oriented measures, such as percent bias (PBIAS), explicitly indicate sys-109 

tematic overestimation or underestimation [1], which is critical in water balance and re-110 

source accounting studies. Several recent studies have cautioned that over-reliance on 111 

popular metrics without diagnostic analysis can lead to misleading conclusions about 112 

model adequacy, particularly when metrics are optimized during calibration but fail to 113 

represent hydrological realism or process consistency [9] [10]. Similar critiques have 114 

emerged from comparative reviews of hydrological and hydrodynamic models, empha-115 

sizing that numerical performance alone does not guarantee physically meaningful simu-116 

lations [5] [6]. 117 

Because each metric highlights different aspects of performance, reliance on a single 118 

metric can lead to incomplete or misleading conclusions. This issue is well recognized in 119 

the hydrological literature, and a multi-criteria evaluation approach is widely recom-120 

mended [1] [2]. The selection of appropriate performance metrics should therefore be 121 

guided not only by convention but also by the dominant flow regime, temporal scale, and 122 

decision context of the intended application [3] [4]. Recent review papers stress that ap-123 

plication-specific metric selection is particularly important under climate change condi-124 

tions, where historical calibration performance may not translate into future reliability [4]. 125 

By combining metrics that capture goodness-of-fit, error magnitude, bias, and variability, 126 

modelers can obtain a more balanced and interpretable assessment of model performance. 127 

Such an approach is especially important in water resources applications where different 128 

management objectives may prioritize different aspects of model behavior, such as accu-129 

rate flood peaks, reliable low-flow simulations, or long-term volume conservation. 130 

In addition to numerical performance metrics, model evaluation should be inter-131 

preted in the context of the specific hydrological regime and application. For instance, 132 

flood modeling studies often emphasize metrics that are sensitive to high flows and peak 133 

timing, while drought and low-flow studies require evaluation criteria that adequately 134 

represent low-flow behavior and persistence. Similarly, climate change impact assess-135 

ments often focus on long-term trends and variability rather than exact replication of in-136 

dividual events. Climate-focused hydrological studies increasingly emphasize robustness 137 

and consistency across scenarios rather than maximizing single-event accuracy [15][4]. 138 

Therefore, the choice and interpretation of performance metrics should be aligned with 139 

the intended water resources application. 140 

Overall, model performance evaluation is not a purely technical exercise but a critical 141 

component of responsible hydrological modeling. Clear reporting of evaluation metrics, 142 

their definitions, limitations, and interpretation enhances transparency, reproducibility, 143 

and comparability across studies [16]. Standardized reporting practices have been repeat-144 

edly advocated to reduce ambiguity and improve synthesis across review studies [3] [6] 145 
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[9]. In the following sections, commonly used performance metrics in hydrological mod-146 

eling are reviewed, with emphasis on their definitions, interpretation, limitations, and rel-147 

evance for water resources applications [13]. 148 

3. Performance Metrics for Hydrological Model Evaluation 149 

Below are eight commonly used criteria. For each, the definition, formula, interpre-150 

tation, limitations, and illustrative example from the literature are given. 151 

3.1. Nash-Sutcliffe Efficiency (NSE) 152 

NSE measures how well simulated values follow observed values compared to using 153 

the observed mean as a predictor. It remains among the most widely used metrics in run-154 

off and streamflow studies. 155 

𝑁𝑆𝐸 = 1 −
∑ (𝑄𝑜𝑏𝑠,𝑡 − 𝑄𝑠𝑖𝑚,𝑡)2𝑛

𝑡=1

∑ (𝑄𝑜𝑏𝑠,𝑡 − 𝑄𝑜𝑏𝑠
̅̅ ̅̅ ̅̅ )2𝑛

𝑡=1

 156 

where 𝑄𝑜𝑏𝑠,𝑡  and 𝑄𝑠𝑖𝑚,𝑡 are observed and simulated flows at time t, and 𝑄𝑜𝑏𝑠
̅̅ ̅̅ ̅̅  is the 157 

mean observed flow. 158 

Interpretation 159 

 NSE = 1 → perfect fit. 160 

 NSE = 0 → model is as good as predicting the mean value always. 161 

 NSE < 0 → model is worse than using the mean. 162 

 Common (but not universal) thresholds: NSE > 0.75 (good), 0.5–0.75 (accepta-163 

ble), 0.25–0.5 (fair), < 0.25 (unsatisfactory). 164 

Limitations 165 

 Strongly sensitive to high flows and outliers because it uses squared errors. 166 

 Tends to emphasize peak-flow performance; may mask poor low-flow per-167 

formance. 168 

 Not normalized for variance differences; can be misleading for biased distri-169 

butions. 170 

NSE was originally introduced as a relative efficiency criterion for hydrological mod-171 

els [18]. It remains a foundational metric for hydrological model evaluation and is widely 172 

used, with many studies reporting NSE to assess streamflow model performance, includ-173 

ing hydrological model intercomparisons. 174 

3.2. Coefficient of Determination (R²) 175 

R², the square of the Pearson correlation coefficient, measures the proportion of var-176 

iance in observed data explained by simulated values. It reflects the strength of the linear 177 

association between observations and simulations but does not necessarily indicate unbi-178 

ased accuracy. 179 

𝑅2 = (
∑ (𝑄𝑜𝑏𝑠,𝑡 − 𝑄𝑜𝑏𝑠

̅̅ ̅̅ ̅̅ )(𝑄𝑠𝑖𝑚,𝑡 − 𝑄𝑠𝑖𝑚
̅̅ ̅̅ ̅̅ )𝑛

𝑡=1

√∑ (𝑄𝑜𝑏𝑠,𝑡 − 𝑄𝑜𝑏𝑠
̅̅ ̅̅ ̅̅ )2𝑛

𝑡=1 ∑ (𝑄𝑠𝑖𝑚,𝑡 − 𝑄𝑠𝑖𝑚
̅̅ ̅̅ ̅̅ )2𝑛

𝑡=1

 180 

Interpretation 181 

 R² = 1 → perfect linear agreement. 182 

 R² close to 1 → strong correlation. 183 

 R² near 0 → weak correlation. 184 

 High R² suggests that the model reproduces the overall trend of observed 185 

data. 186 

Limitations 187 

 Does not indicate bias or absolute agreement and a model could systemati-188 

cally over or under-estimate values but still have high R². 189 

 Does not reflect absolute error magnitude. 190 

 Sensitive to the range/variance of observed data (higher variance tends to 191 

inflate R²). 192 
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It is reported alongside NSE and error-based metrics to show correlation or trend 193 

agreement even when bias or magnitude errors exist.  194 

3.3. Root Mean Square Error (RMSE) 195 

RMSE measures the square root of the average squared difference between simulated 196 

and observed values. It is a scale-dependent, absolute measure of prediction error. 197 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑄𝑠𝑖𝑚,𝑡 − 𝑄𝑜𝑏𝑠,𝑡)2

𝑛

𝑡=1
 198 

Interpretation 199 

 RMSE = 0 → perfect fit. 200 

 Lower RMSE → closer agreement between observed and simulated values 201 

on average. 202 

 Because units are the same as the variable (e.g., m³/s), RMSE provides a phys-203 

ically meaningful error magnitude. 204 

Limitations 205 

 Sensitive to large errors and outliers (peaks, extreme events). 206 

 Because it is scale-dependent, direct comparison between basins with differ-207 

ent flow magnitudes is problematic unless normalized. 208 

MSE is often reported alongside relative or normalized metrics, such as RSR or NSE, 209 

to facilitate comparison across basins. RMSE or RSR is widely reported in hydrological 210 

studies to quantify absolute prediction errors [1]. 211 

3.4. Mean Absolute Error (MAE) 212 

MAE measures the average magnitude of the absolute differences between simulated 213 

and observed values, regardless of direction. It is a scale-dependent, robust metric that is 214 

less sensitive to outliers than RMSE. 215 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑄𝑠𝑖𝑚,𝑡 − 𝑄𝑜𝑏𝑠,𝑡|

𝑛

𝑡=1
 216 

Interpretation 217 

 MAE = 0 → perfect match. 218 

 Lower MAE → on average, smaller absolute errors, gives a sense of typical 219 

error magnitude 220 

Limitations 221 

MAE is scale-dependent, with units the same as the observed variable. It treats all 222 

errors linearly and does not reflect error variance, so a few large errors and many small 223 

errors can produce the same MAE as many moderate errors. As a result, MAE may un-224 

derrepresent the importance of peaks or extreme events, which is critical in applications 225 

such as flood modeling. 226 

This model is less sensitive to outliers and large errors unlike RMSE. Errors contrib-227 

ute linearly rather than quadratically, so MAE is more robust when extreme events are 228 

rare or when one cares about typical performance rather than peaks.  229 

3.5. Percent Bias (PBIAS) 230 

PBIAS measures the average tendency of simulated flows to systematically over or 231 

underestimate observed values, expressed as a percentage. 232 

𝑃𝐵𝐼𝐴𝑆 = 100 ×
∑ (𝑄𝑠𝑖𝑚,𝑡 − 𝑄𝑜𝑏𝑠,𝑡)𝑛

𝑡=1

∑ 𝑄𝑜𝑏𝑠,𝑡
𝑛
𝑡=1

 233 

Interpretation 234 

 PBIAS = 0 → no bias, ideal. 235 

 Positive PBIAS → model overestimates flows. 236 

 Negative PBIAS → model underestimates flows. 237 

 Common thresholds: ±10% = excellent, ±10–15% = good, ±15–25% = satisfac-238 

tory, > ±25% = unsatisfactory. 239 

Limitations 240 
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 Shows only average directional bias, not error distribution. 241 

 Large positive and negative errors can cancel out, masking poor perfor-242 

mance. 243 

Reporting PBIAS for bias detection is widely recommended for bias detection and 244 

provide practical thresholds for model acceptability [1]. 245 

3.6. Kling-Gupta Efficiency (KGE) 246 

KGE provides a balanced performance metric by decomposing errors into correla-247 

tion, bias, and variability components. 248 

𝐾𝐺𝐸 = 1 − √(𝑟 − 1)2 + (𝛽 − 1)2 + (𝛾 − 1)2 249 

where: 250 

r is the linear correlation coefficient between simulated and observed, 𝛽 = bias ratio, 251 

𝛾 = ratio of coefficients of variation 252 

Interpretation 253 

 KGE = 1 (perfect agreement) 254 

 Values closer to 1 indicate better overall performance. 255 

 Component analysis allows diagnostic insight into whether poor perfor-256 

mance is due to bias, variability, or correlation. 257 

Limitations 258 

 Different KGE formulations exist; specifying which version is used is im-259 

portant. 260 

 Aggregates multiple aspects into a single number; component analysis is re-261 

quired for detailed diagnostics. 262 

Comparative studies have shown that KGE can be more diagnostically informative 263 

than NSE when component terms are examined [13]. Because KGE explicitly shows which 264 

component (r, bias, or variability) is responsible for poor performance, it is more diagnos-265 

tic than NSE. 266 

3.7. RSR (RMSE-observations standard deviation Ratio) 267 

RSR standardizes RMSE by the standard deviation of observed data, allowing com-268 

parison across basins or datasets. 269 

𝑅𝑆𝑅 =
𝑅𝑀𝑆𝐸

𝑆𝐷 (𝑄𝑜𝑏𝑠)
=

√1
𝑛

∑(𝑄𝑠𝑖𝑚 − 𝑄𝑜𝑏𝑠)2

√ 1
𝑛 − 1

∑(𝑄𝑜𝑏𝑠 − 𝑄𝑜𝑏𝑠)2

 270 

Interpretation 271 

 Lower RSR → better fit; ideal = 0. 272 

 Common thresholds:  ≤0.5 = very good, 0.5–0.6 = good, etc. 273 

Limitations 274 

 Because it divides by observation variability, RSR can be influenced by low 275 

variability in observed series. 276 

 Like RMSE, it still penalizes large errors; RSR is a normalized but still scale-277 

sensitive metric. 278 

RSR is promoted as a normalized error metric suitable for inter-basin comparison [1]. 279 

3.8. Willmott Index of Agreement (d) / refined index (𝒅𝒓) 280 

Willmott’s index quantifies agreement between simulated and observed flows, 281 

bounded between 0 and 1. The refined index (𝑑𝑟) improves statistical interpretability. 282 

𝑑 = 1 −
∑ (𝑄𝑠𝑖𝑚,𝑡 − 𝑄𝑜𝑏𝑠,𝑡)2𝑛

𝑡=1

∑ (|𝑄𝑠𝑖𝑚,𝑡 − 𝑄𝑜𝑏𝑠| + |𝑄𝑜𝑏𝑠,𝑡 − 𝑄𝑜𝑏𝑠|)
2

𝑛
𝑡=1

 283 

Interpretation 284 

 d = 1 indicates perfect agreement; d = 0 indicates no agreement. 285 

 Because d is bounded, it is often easier to communicate than unbounded 286 

MSE or RMSE. 287 
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Limitations 288 

 d can be overly sensitive to the sample distribution and may inflate apparent 289 

skill when variability is low. 290 

 The original d has known statistical issues, use Willmott's refined index (𝑑𝑟) 291 

where appropriate and explain which version is used. 292 

The refined index 𝑑𝑟 was introduced to improve statistical interpretation of agree-293 

ment metrics [17], the index is used in climate and hydrology model comparisons when a 294 

bounded measure is desired. 295 

4. Comparative Analysis of Metrics 296 

Table 1 summarizes commonly used hydrological performance metrics, highlighting 297 

their primary focus, strengths, and limitations as reported in the literature. 298 

Table 1: Commonly Used Hydrological Model Performance Metrics: Properties and Limitations 299 

Metric What it measures Sensitive to 
Ideal 

value 
Main limitation 

NSE 
Fit relative to mean (good-

ness-of-fit) 
High flows, outliers 

1 (per-

fect) 

Overemphasizes peaks; can hide 

low-flow errors 

R² 
Proportion of variance ex-

plained (correlation) 
Range/variance of data 1 

Doesn’t show bias or absolute er-

ror 

RMSE 
Average magnitude of error 

(squared) 
Large errors/outliers 0 

Scale-dependent; penalizes large 

errors 

MAE Average absolute error All errors equally 0 
Scale-dependent; underweights 

large errors 

PBIAS Average bias (%) 
Systematic over/under-

estimation 
0% 

Cancelling errors can mask prob-

lems 

KGE 
Combined correlation, bias, 

variability 

Different components 

(r, bias, cv) 
1 

Multiple formulations; must ex-

amine components 

RSR RMSE normalized by obs SD Observation variability 0 Influenced by low obs variability 

Willmott  

𝑑/𝑑𝑟 
Bounded agreement measure 

Distribution of obser-

vations 
1 

Original d has statistical issues; 

use 𝑑𝑟 when possible 

 300 

Performance metrics used in hydrological modeling differ substantially in their 301 

mathematical formulation, interpretation, and sensitivity to specific characteristics of the 302 

simulated time series. As a result, different metrics may lead to different conclusions 303 

about model performance when applied to the same dataset. Understanding the compar-304 

ative strengths and limitations of commonly used evaluation criteria is therefore essential 305 

for meaningful model assessment, particularly in water resources applications where 306 

modeling outcomes inform decision-making. Large-scale reviews and benchmarking ex-307 

ercises confirm that metric-dependent ranking of models is common, especially when con-308 

trasting conceptual, process-based, and data-driven approaches [3][5][7]. 309 

One of the most widely used metrics in hydrology is the Nash-Sutcliffe Efficiency 310 

(NSE) [18], which evaluates model performance relative to the mean of observed data. 311 

NSE is sensitive to large errors and places greater emphasis on high flows due to the 312 

squared error formulation. Consequently, NSE is often well suited for applications fo-313 

cused on peak flows, such as flood modeling and flood frequency analysis. However, NSE 314 

has well-documented limitations, including reduced sensitivity to low flows and a ten-315 

dency to penalize models that perform reasonably well during dry periods but fail to re-316 
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produce extreme events. As a result, reliance on NSE alone may lead to biased assess-317 

ments of model performance, particularly in drought studies or baseflow-dominated 318 

catchments. 319 

The coefficient of determination (R²) is commonly used alongside NSE to assess the 320 

strength of the linear relationship between observed and simulated values [18]. While R² 321 

provides useful information about how well temporal patterns and variability are cap-322 

tured, it does not account for systematic bias or differences in magnitude. A model may 323 

exhibit a high R² while consistently overestimating or underestimating streamflow vol-324 

umes. For this reason, R² is insufficient as a standalone performance metric and should be 325 

interpreted in combination with error- and bias-based measures. 326 

Error-based metrics such as the Root Mean Square Error (RMSE) and Mean Absolute 327 

Error (MAE) quantify the average magnitude of simulation errors [1]. RMSE is more sen-328 

sitive to large errors due to the squaring of residuals, making it particularly responsive to 329 

peak flow mismatches. MAE, by contrast, treats all errors equally and provides a more 330 

robust measure of overall error magnitude. In comparative terms, RMSE is often preferred 331 

in flood-related studies where peak errors are critical, while MAE may be more appropri-332 

ate for general water balance assessments or long-term simulations where extreme values 333 

should not dominate evaluation. 334 

Percent bias (PBIAS) explicitly measures the average tendency of a model to overes-335 

timate or underestimate observed values [1]. This metric is especially relevant in water 336 

resources planning and management, where systematic bias can lead to incorrect esti-337 

mates of water availability, reservoir inflows, or consumptive use. However, PBIAS does 338 

not provide information about the timing or variability of simulated flows and may indi-339 

cate acceptable performance even when temporal dynamics are poorly represented. As 340 

such, PBIAS is most informative when used in conjunction with metrics that capture var-341 

iability and correlation. 342 

More recently, composite metrics such as the Kling-Gupta Efficiency (KGE) have 343 

been proposed to address some of the limitations of NSE. KGE decomposes model per-344 

formance into correlation, bias, and variability components, allowing a more balanced as-345 

sessment of model behavior [14]. This decomposition facilitates diagnostic evaluation by 346 

identifying whether poor performance arises from errors in timing, systematic bias, or 347 

misrepresentation of variability. As a result, KGE has gained increasing attention in hy-348 

drological modeling studies, particularly in comparative and multi-objective evaluation 349 

frameworks. 350 

The Ratio of the Root Mean Square Error to the Standard Deviation of Observations 351 

(RSR) provides a standardized measure of error relative to observed variability [1]. Lower 352 

RSR values indicate better model performance, and the metric is often used in conjunction 353 

with NSE and PBIAS in model evaluation guidelines. RSR is useful for comparing perfor-354 

mance across different watersheds or datasets with varying levels of variability, although 355 

it shares sensitivity to large errors similar to RMSE. 356 

Willmott’s index of agreement aims to overcome some limitations of correlation-357 

based metrics by providing a bounded measure of agreement between simulated and ob-358 

served values [17]. These indices are sensitive to both systematic and random errors and 359 

have been applied in various hydrological and environmental modeling studies. How-360 

ever, their interpretation is less intuitive compared to more widely used metrics, which 361 

may limit their adoption in applied water resources studies. 362 

Comparative analyses across the literature consistently indicate that no single metric 363 

is sufficient to fully characterize hydrological model performance. Metrics may yield con-364 

flicting evaluations depending on the dominant flow regime, temporal scale, and model-365 

ing objective. For example, a model may achieve high NSE and low RMSE for flood events 366 
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while exhibiting substantial bias and poor low-flow performance, leading to misleading 367 

conclusions if evaluation focuses only on peak flows. 368 

Therefore, a multi-metric evaluation framework is widely recommended, particu-369 

larly for water resources applications that involve diverse hydrological conditions and 370 

management objectives. Combining metrics that capture efficiency, error magnitude, bias, 371 

correlation, and variability provides a more comprehensive and defensible assessment of 372 

model performance. Such an approach enhances transparency and ensures that model 373 

evaluation results are aligned with the specific requirements of flood management, 374 

drought assessment, climate change impact analysis, and watershed-scale water resources 375 

planning. 376 

5. Implications for Water Resources Applications 377 

The choice of hydrological model performance metrics has direct implications for 378 

water resources planning, management, and decision-making. Different water resources 379 

applications prioritize different aspects of model behavior, such as peak flows, low flows, 380 

long-term water balance, or variability. Consequently, the selection of evaluation criteria 381 

should be aligned with the specific objectives of the study, rather than relying on a single, 382 

generic metric. 383 

5.1. Flood Modeling and Flood Risk Management 384 

Under climate change scenarios, flood-focused performance evaluation becomes 385 

even more sensitive to bias and variability metrics, as changes in extreme-event frequency 386 

and magnitude can distort traditional efficiency scores [15]. In flood-related applications, 387 

accurately simulating peak flows, timing, and rising limbs of hydrographs is critical for 388 

infrastructure design, early warning systems, and risk assessment. Metrics such as the 389 

Nash-Sutcliffe Efficiency (NSE) and RMSE are frequently used in flood modeling because 390 

they emphasize high-flow conditions and penalize large errors. However, NSE’s sensitiv-391 

ity to extreme values can lead to acceptable scores even when flood volumes or timing are 392 

poorly represented. 393 

Bias-oriented metrics such as PBIAS are therefore essential companions in flood stud-394 

ies, as systematic over- or underestimation of peak discharge can significantly affect flood 395 

hazard mapping and structural design decisions. In this context, Kling-Gupta Efficiency 396 

(KGE) offers advantages by explicitly accounting for correlation, bias, and variability, al-397 

lowing modelers to diagnose whether deficiencies arise from incorrect flood magnitude, 398 

timing, or variability. For flood-focused water resources applications, a combination of 399 

NSE or KGE with RMSE (or RSR) and PBIAS provides a more reliable assessment than 400 

any single metric alone. 401 

5.2. Drought Analysis and Low-Flow Assessment 402 

Drought studies, environmental flow assessments, and water supply planning re-403 

quire accurate simulation of low flows and flow persistence rather than peak events. Tra-404 

ditional metrics such as NSE and RMSE often perform poorly in these contexts because 405 

they are dominated by high-flow periods and squared errors. As a result, models that 406 

reproduce flood peaks well may still misrepresent low-flow behavior while achieving ac-407 

ceptable NSE values. 408 

For low-flow and drought applications, absolute error measures such as MAE, bias 409 

indicators such as PBIAS, and normalized metrics like RSR are often more informative. 410 

Additionally, specialized efficiency measures or modified NSE formulations that empha-411 

size low-flow conditions have been recommended in the literature. The implications for 412 

water resources management are significant: misrepresentation of low flows can lead to 413 

incorrect assessments of water availability, ecosystem stress, and drought severity. There-414 

fore, metric selection should explicitly reflect the importance of low-flow performance in 415 

drought-related studies. 416 
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5.3. Climate Change Impact Assessment 417 

Climate change impact studies focus on changes in hydrological regimes, including 418 

shifts in mean flow, variability, and extremes over long time horizons. In this context, 419 

evaluation metrics must be capable of capturing not only short-term accuracy but also 420 

long-term bias and variability. Metrics such as PBIAS are particularly important for as-421 

sessing systematic errors in simulated water balance, while KGE provides insight into 422 

whether discrepancies arise from changes in variability, correlation, or mean flow. Recent 423 

climate-impact modeling studies emphasize that failure to evaluate long-term bias can 424 

propagate substantial uncertainty into adaptation and infrastructure planning decisions 425 

[15][4]. 426 

R² is often reported in climate impact studies to demonstrate trend agreement be-427 

tween observed and simulated series; however, it should not be interpreted as evidence 428 

of accurate magnitude or volume reproduction. Poor metric selection in climate change 429 

assessments can propagate uncertainty into water resources planning decisions, such as 430 

reservoir operation, irrigation demand estimation, and adaptation strategies. A multi-431 

metric framework is therefore essential to ensure robust conclusions under changing cli-432 

matic conditions. 433 

5.4. Watershed-Scale Water Balance and Resource Planning 434 

For watershed-scale water balance studies, the accurate representation of long-term 435 

volumes and seasonal patterns is often more important than individual event simulation. 436 

Metrics that explicitly quantify bias, such as PBIAS, play a central role in evaluating 437 

whether models conserve water mass over time. Absolute error measures (RMSE or MAE) 438 

provide information on typical deviations, while normalized metrics such as RSR facilitate 439 

comparison across watersheds with differing hydrological regimes. 440 

In integrated water resources management, model outputs inform decisions related 441 

to allocation, storage, and sustainability. Inadequate evaluation, such as relying solely on 442 

NSE, can mask systematic biases that lead to overestimation of available water resources 443 

or underestimation of deficits. Consequently, transparent reporting of multiple comple-444 

mentary metrics is critical for ensuring that hydrological models provide credible support 445 

for water resources planning and policy. 446 

6. Key Recommendations for Practice and Research 447 

The No single performance metric fully captures hydrological model behavior across 448 

all flow regimes and applications. Commonly used metrics such as NSE and RMSE are 449 

intuitive and widely reported, but they emphasize different aspects of model perfor-450 

mance. NSE evaluates predictive skill relative to the observed mean and tends to empha-451 

size peak flows, while RMSE quantifies absolute error magnitude in physical units. The 452 

coefficient of determination (R²) describes the strength of linear association between ob-453 

served and simulated values but provides no information about bias or error magnitude. 454 

In contrast, PBIAS explicitly quantifies systematic over- or under-estimation and is there-455 

fore essential when volume conservation or water balance accuracy is important. 456 

Kling-Gupta Efficiency (KGE) addresses several limitations of NSE by decomposing 457 

model performance into correlation, bias, and variability components, making it particu-458 

larly useful for diagnostic evaluation. Normalized or bounded metrics, such as RSR and 459 

Willmott’s refined index of agreement (dᵣ), further support comparison across catchments 460 

or studies with differing flow magnitudes. Consequently, reliance on a single metric can 461 

lead to misleading conclusions, especially when models perform unevenly across high-462 

flow and low-flow conditions. 463 

In practice, multi-criteria evaluation is strongly recommended. Reporting a combi-464 

nation of complementary metrics, such as NSE or KGE (overall goodness-of-fit), RMSE or 465 
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RSR (error magnitude), and PBIAS (bias), provides a concise yet comprehensive assess-466 

ment of model performance. For applications focused on low-flow behavior or drought 467 

analysis, additional metrics sensitive to low flows (e.g., modified NSE formulations, per-468 

centile-based metrics, or flow-regime-specific indicators) should be included [13]. 469 

Specific recommendations include: 470 

 Use a suite of metrics: At minimum, report one relative goodness-of-fit met-471 

ric (NSE or KGE), one absolute or normalized error metric (RMSE, MAE, or 472 

RSR), and one bias indicator (PBIAS). 473 

 NSE: Appropriate for assessing overall streamflow performance and peak 474 

flows; should always be paired with bias and low-flow-sensitive metrics. 475 

 KGE: Preferred when diagnostic insight is needed, as it reveals whether de-476 

ficiencies arise from bias, variability, or correlation. 477 

 PBIAS: Essential when volume conservation, water balance, or systematic 478 

over- or under-estimation is critical. 479 

 RMSE/MAE/RSR: RMSE provides intuitive error magnitudes; MAE offers 480 

robustness to outliers; RSR facilitates inter-basin comparison. 481 

 R²: Useful for contextualizing correlation but should never be used alone to 482 

claim model adequacy. 483 

 Willmott’s d/dᵣ: Suitable when a bounded metric is desired for communica-484 

tion; the refined index (dᵣ) is preferred due to improved statistical behavior. 485 

Finally, numerical metrics should always be complemented with visual diagnostics, 486 

such as hydrographs, scatter plots, flow-duration curves, and Q-Q plots, as aggregated 487 

statistics can mask important differences in timing, magnitude, or flow-regime behavior. 488 

Statistical diagnostics drawn from hydrological statistics literature further support this 489 

recommendation, particularly for identifying non-normality, heteroscedasticity, and re-490 

gime-dependent errors [19]. Future research should aim to develop clearer, application-491 

specific guidelines for metric selection and to integrate flow-regime-focused and diagnos-492 

tic evaluation frameworks into standard hydrological modeling practice. 493 

7. Conclusion 494 

Hydrological model performance metrics are complementary rather than inter-495 

changeable tools. Robust model evaluation requires combining goodness-of-fit, error-496 

magnitude, and bias measures, such as NSE or KGE together with RMSE or RSR and 497 

PBIAS, alongside graphical diagnostics. Explicit reporting of metric definitions, versions 498 

(e.g., KGE formulation), thresholds, and component terms enhances transparency and in-499 

terpretability. This need for clarity has been repeatedly highlighted in recent methodolog-500 

ical critiques and synthesis studies. Thoughtful selection and combined use of evaluation 501 

metrics are therefore essential for reliable model assessment and for supporting informed 502 

decision-making in water resources applications. 503 
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