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ABSTRACT 

The aim of the research undertaken in this dissertation was to use medium-range to 

seasonal precipitation forecasts for hydrologic applications for catchments in the core 

North American Monsoon (NAM) region. To this end, it was necessary to develop a 

better understanding of the physical and statistical relationships between runoff processes 

and the temporal statistics of rainfall. To achieve this goal, development of statistically 

downscaled estimates of warm season precipitation over the core region of the North 

American Monsoon Experiment (NAME) were developed. Currently, NAM precipitation 

is poorly predicted on local and regional scales by Global Circulation Models (GCMs). 

The downscaling technique used here, the K-Nearest Neighbor (KNN) model, combines 

information from retrospective GCM forecasts with simultaneous historical observations 

to infer statistical relationships between the low-resolution GCM fields and the locally-

observed precipitation records. The stochastic nature of monsoon rainfall presents 

significant challenges for downscaling efforts and, therefore, necessitate a regionalization 

and an ensemble or probabilistic-based approach to quantitative precipitation forecasting. 

It was found that regionalization of the precipitation climatology prior to downscaling 

using KNN offered significant advantages in terms of improved skill scores.  

Selected output variables from retrospective ensemble runs of the National Centers 

for Environmental Predictions medium-range forecast (MRF) model were fed into the 

KNN downscaling model. The quality of the downscaled precipitation forecasts was 

evaluated in terms of a standard suite of ensemble verification metrics. This study 

represents the first time the KNN model has been successfully applied within a warm 
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season convective climate regime and shown to produce skillful and reliable ensemble 

forecasts of daily precipitation out to a lead time of four to six days, depending on the 

forecast month.  

Knowledge of the behavior of the regional hydrologic systems in NAM was 

transferred into a modeling framework aimed at improving intra-seasonal hydrologic 

predictions. To this end, a robust lumped-parameter computational model of intermediate 

conceptual complexity was calibrated and applied to generate streamflow in three 

unregulated test basins in the core region of the NAM.  The modeled response to different 

time-accumulated KNN-generated precipitation forcing was investigated. Although the 

model had some difficulty in accurately simulating hydrologic fluxes on the basis of 

Hortonian runoff principles only, the preliminary results achieved from this study are 

encouraging. The primary and most novel finding from this study is an improved 

predictability of the NAM system using state-of-the-art ensemble forecasting systems. 

Additionally, this research significantly enhanced the utility of the MRF ensemble 

forecasts and made them reliable for regional hydrologic applications. Finally, monthly 

streamflow simulations (from an ensemble-based approach) have been demonstrated. 

Estimated ensemble forecasts provide quantitative estimates of uncertainty associated 

with our model forecasts. 
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1. INTRODUCTION 

1.1. Scope and Nature of the research 

Precipitation is often the single most limiting natural resource in many semi arid 

climates around the world. Because variations in its frequency, duration and intensity can 

impose significant hardships on societal and ecological systems, there exists a need for 

reliable precipitation predictions across a range of timescales, ranging from flood 

forecasting (i.e. minutes to days) to dynamic water resources management (i.e. days to 

seasons, and beyond). Although it is the most critical variable for many hydrologic 

applications, warm season convective precipitation in semi-arid regions (e.g., the North 

American Monsoon) exhibits distinctive and difficult characteristics which inhibit 

effective management of water resources. Therefore, elucidating the critical 

hydrometeorological processes that respond to the spatio-temporal variability of the 

warm season precipitation is of primary importance. This issue is addressed in this 

research, with an emphasis on the core North American Monsoon (NAM) region. 

Not only is precipitation the most critical meteorological variable for many 

applications, but the presence or absence of precipitation also typically affects the 

statistics of streamflow.  It is evident from long-term streamflow records that there is a 

significant warm season influence on NAM hydrologic systems. Catchments within the 

core of the NAM exhibit, on average, maximum precipitation and runoff during the 

summer months of June through October (Gochis et al., 2006, Liebmann et al., 2008). 

Precipitation in the NAM region is significantly governed by warm-season convective 

processes and these processes are partially controlled by a regional circulation regime 
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that has close proximity to warm water bodies, possesses thermal forcing by local and 

regional terrain features and land-sea contrasts, is dynamically supported by synoptic-

scale transients, is conducive to moisture convergence, and, in some years, receives land-

falling tropical storms (Higgins et al., 1999, Gochis et al., 2006 and Douglas and 

Englehart, 2007). When combined, these factors lead to highly complex patterns of 

spatial and temporal variability in warm season rainfall in southwestern North America 

(c.f. Lang et al, 2007; Gebremichael et al., 2007; Gochis et al., 2007; Rowe et al., 2008).  

Due in part to these complexities and to poor process resolution in global weather and 

climate models, warm season precipitation remains poorly predicted on local scales 

(Olson et al. 1995, Cubasch et al. 1996, Fritsch et al. 1998, Gutzler et al., 2005). 

Historically, statistical post-processing approaches have been developed as a means 

to improve the skill of quantitative precipitation forecasts (QPFs) from numerical models 

(e.g. Antolik, 2000, Zorita and von Storch, 1999, and Clark and Hay, 2004). The two 

most common solutions are parametric algorithms (Wilks, 2006) and nonparametric 

algorithms (Opitz-Stapleton, 2007 and references therein). With regards to disaggregation 

in particular, the real difference between the parametric and the nonparametric 

approaches as follows. The parametric approach deals with an allocation problem through 

a “global” prescription of the associated function and correlation structure in a 

transformed data domain, whereas, in the nonparametric scheme, this problem is 

approached by looking at the relative proportions of the subset variables in a “local” 

sense. A general characteristic of parametric models is that their interannual variability is 

smaller than that of the corresponding observed data (Lall and Sharma, 1996). 
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Conversely, nonparametric approaches may be able to better capture variations that lead 

to heterogeneous functions and to adaptively model complex relationships. However, 

being based wholly on the observed data, nonparametric schemes are somewhat limited 

in the range of extreme values that can be generated, although resampling schemes (e.g., 

Rajagopalan et al., 1997) can ameliorate this problem somewhat. 

Watershed hydrologic models are vital tools for providing critical information in 

support of sustainable management of water resources [see Donelly-Makowecki and 

Moore, (1999), Burnash (1995) or Cameron et al. (1999)]. However, development of 

hydrological tools for applications in semi-arid environments is plagued by challenges 

such as basin hydrologic responses becoming more non-linear with increasing scale (i.e., 

Pilgram et al., 1998; Goodrich et al., 1997; Michaud and Sorooshian, 1994). Also, 

existing hydrometeorological records in semi-arid regions are hampered by regional 

socio-economic constraints and consequently often short and/or intermittent. Problems 

are further exacerbated by high proportion of zero daily flows, which implies that 

information content of even a relatively long record can be small (Ye et al., 1997). 

Studies in these catchments have shown that flash floods from a single large storm can 

exceed the total runoff from a sequence of years (i.e., Wheater, 2008). Together, these 

difficulties translate into significant predictive uncertainty in modeled results. 

Process-based (or so-called physically-based) hydrologic prediction methods simulate 

rainfall-runoff processes by defining the physical relationships between observable 

catchment characteristics and parameters for the hydrological processes represented in 

the model. However, application of physically-based distributed modeling is still under 
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criticism because such models are not only data-intensive but their calibration is often 

challenging (Bevin, 2002). On the contrary, conceptual models have been identified as an 

option because they supposedly are a compromise between process models and purely-

empirical (so-called ‘black-box’) models in terms of complexity and physical meaning 

(Ye et al., 1998). An important strength of conceptual watershed models is the potential 

ability to infer model parameter values from spatio-temporal data by establishing 

conceptual relationships between observable watershed characteristics (i.e., observed 

rainfall and streamflow) and the parameters for the hydrological processes represented in 

the model (i.e., the catchment water balance). Nonetheless, it has been demonstrated that 

most conceptual models have varying degrees of success in the specific context of 

ephemeral or semi-arid hydrological modeling (e.g., Wheater 2008; Chiew et al., 1993; 

Ye et al., 1997). 

The primary objective of the research described here is to enable hydrological 

interpretation of monthly to seasonal precipitation forecasts in terms of surface runoff for 

catchments in the core NAM region. To this end, it was necessary to develop a better 

understanding of the statistical relationships between runoff processes and the temporal 

statistics of rainfall. Our initial hypothesis was that in the core monsoon region of the 

NAM, streamflow may be better correlated with specific features of the NAM 

precipitation regime, such as intensity and duration of discrete storms, rather than with 

basin-average, time-average rainfall (which might be available as monthly or seasonal-

average from climate predictions). As a corollary, we also made the hypothesis that 

improved prediction of the spatial and temporal structure of rainfall across the monsoon 
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region would lead to improved predictions of important hydrological variables such as 

streamflow and soil moisture.  

Work in this dissertation is separated into two distinct but related parts.  In the first 

part, a methodology to statistically downscale medium range weather forecast ensembles 

for hydrologic application was developed. Ensembles of 14-day forecasts from the 

NOAA Medium Range Forecast (MRF) Model (Hamill et al., 2004, 2006) were 

statistically downscaled using a K-nearest neighbor (KNN) methodology, a 

nonparametric technique that re-samples the historical climatology based on forecasted 

synoptic scale weather patterns. For the first time, this tool was adapted to function 

within a warm season convective climate regime and has been shown to produce skillful 

and reliable ensemble forecasts of daily precipitation out to a lead time of 4–6 days 

depending on the forecast region. 

Next, the downscaled estimates of precipitation quantity obtained by the KNN 

methodology were assessed in their ability to yield meaningful streamflow forecasts in 

NAM watersheds using a conceptual-empirical lumped type numerical prediction model.  

The hydrological model was developed to capture dominant catchment dynamics in the 

NAM region while remaining parsimonious and computationally efficient. This part of 

the study was motivated by a need for improved forecasts of ephemeral streamflows in 

support of sustainable management of water resources within the NAM region. 

Historically, evapotranspiration data is used as an accounting index for time varying 

weather characteristics and the daily difference between precipitation and 

evapotranspiration was considered as the atmospheric demand. Lastly, we attempted to 
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reproduce those statistical properties of the streamflow time series that are critical from a 

water resource management perspective. 

1.2. Pertinence of and Background to the Research 

Warm season rainfall depends strongly on atmospheric motion, moisture availability, 

vertical stability and microphysical processes (Holton, 2004; Houze, 1993). Lack of 

predictability is attributed to the physical complexity of these processes, inadequate 

analysis and model initialization, and also arises because the temporal and spatial details 

involved in convective initiation and organization processes are often not well resolved 

by numerical models. In turn, poor skill in NWP model forecasts often necessitate the use 

of post-processing procedures in order to correct for biases (‘bias-correction’) or to relate 

larger-scale resolvable processes statistically to local scale precipitation characteristics 

(‘downscaling’, see von Storch (1995)). Here, we briefly describe two common 

techniques (artificial neural networks and model output statistics) and their potential 

drawbacks in applications.  

The artificial neural network (ANN) technique is a deterministic, nonlinear transfer-

function-based model (Gardner and Dorling 1998; Hsieh and Tang, 1998, Wilby et al., 

1998, Snell et al., 2002), which is based on biological neural networks and comprises an 

interconnected group of artificial neurons and processes information using a 

connectionist approach to computation. In many cases an ANN is an adaptive system that 

changes its structure based on external or internal information that flows through the 

network during the learning phase. Examples of its applications to forecasting of 

precipitation include studies by Lindner and Krein (1993) and Navone and Ceccatto 
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(1994). Despite its potential for meteorological application, use of artificial neural 

networks has had mixed success in its adaptation to downscaling warm season convective 

precipitation problems (Olsson et al., 2004). Additionally, interpreting the nonlinear 

neural network results is difficult because it does not directly offer a physical 

interpretation, see studies by Zorita and von Storch (1999) and Hsieh and Tang (1998). 

Model Output Statistics (MOS) is a multiple linear regression technique that has been 

used widely since the early 1970s to adjust dynamically based forecasts (Wilks, 2006). 

MOS provides a link between the local scale variables of interest at specific locations and 

the NWP model output based on an assumption that normality and linear dependence 

among the variables is satisfied. These derived relationships are then used to predict the 

variables from real-time NWP model output. An example of this approach is relating 

large-scale circulation features produced by general circulation model (GCM) to 

observed regional rainfall through a set of canonical correlation analysis (CCA) equations 

(e.g. Barnett and Preisendorfer 1987; Landman and Goddard 2002). One important 

challenge in applying MOS techniques is coping with very large numbers of model 

parameters (Grygier and Stedinger, 1988). Secondly, MOS-based downscaling schemes 

are limited in reproducing various aspects of the spatial-temporal dependence of local 

meteorological variable fields because non-Gaussian features in the data may not be 

adequately modeled (i.e., see Opitz-Stapleton, 2007). 

A different approach is the nonparametric resampling technique. Nonparametric 

procedures make no a priori assumptions about the population distribution from which 

the data are taken. Instead, a nonparametric model estimates a local fit between the 
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predictors and predictands (Buishand and Brandsma, 2001). Since the dependencies 

between convective precipitation processes and input forcings are not precisely known in 

advance, this scheme was preferentially selected over the other models. One example of a 

nonparametric approach is the K-Nearest Neighbor (KNN) methodology. The KNN 

technique has been shown to reasonably reproduce precipitation characteristics important 

for hydrological applications (e.g. Clark et al., 2004; Marshall et al., 2004). Other 

practical applications of the KNN technique in hydrology include stream flow simulation 

using nearest neighbor and kernel methods (i.e., Tarboton et al., 1998; Sharma and 

O’Neill, 2002, Souza Filho and Lall, 2003) and simulation of multivariate daily weather 

sequences (Yates et al., 2003; Gangopadhyay et al., 2005).  

The first paper in this dissertation used an adaptation of the KNN nonparametric 

resampling methodology in the generation of medium-range ensemble forecasts of 

precipitation in the monsoon dominated regime of western Mexico. The study extended 

the work of Clark et al. (2004) and Gangopadhyay et al. (2005) by applying the KNN 

algorithm in eigenspace to downscale the National Centers for Environmental Prediction 

1998 medium-range ensemble reforecasts (Hamill et al., 2006). All aforementioned 

works have demonstrated ability of the KNN technique to replicate precipitation from 

mid-latitude synoptic-scale systems. However, prediction of convective rainfall in the 

monsoon regions has been considered to be a more challenging problem than in several 

other regimes (Douglas et al. 1993, Mullen and Buizza 2001, Sperber and Yasunari 

2006). The results from this study, and others detailed in the second paper of this 

dissertation, demonstrate that the final downscaling methodology has the potential to 
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provide improved forecasts of precipitation for medium range forecasts which should be 

of practical use for prediction of river discharges in this water-stressed region. 

A hydrologic model, being a lumped spatio-temporal representation of inherent 

properties of the hydrologic system, is a modeling problem that requires careful 

consideration of at least three issues. First, develop a clear perceptual and conceptual 

understanding of the hydrological input-state-output behavior of the system (i.e. the 

anticipated purpose of the model). Second, derive a suitable level of model complexity 

that is supported by the available hydrometeorological records. This step involves trade 

offs. The third essential step is calibration of hydrological models to simulate real world 

conditions as close as possible (because model parameters are often are not exactly 

known). A human intervention calibration requires a great deal of specialized knowledge 

and time. A potentially more powerful approach is an automatic calibration of hydrologic 

models with global optimization algorithm. 

The second paper in this dissertation develops a conceptual-empirical, lumped–type, 

numerical prediction model which is intended to capture the dominant catchment 

dynamics in the NAM region while remaining parsimonious and computationally 

efficient. The paper used the KNN downscaled precipitation ensembles as surrogate 

observed data to confront inadequacies in the historic data. Evapotranspiration 

information, provided by the North American Regional Re-analysis (NARR; Mesinger et 

al. 2006), was used as an index of atmospheric demand. Subsequently, the overall water 

balance of the hydrologic system was assessed in terms of total monthly flow volumes. 

The paper assumed that hydrologic units in the NAM region are Hortonian-type runoff 
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dominated ─ many studies carried out in different continents have shown that semi-arid 

environments are commonly subjected to Hortonian runoff under climatic aridity 

including those in Spain by Bergkamp (1998), Arizona by Goodrich et al. (1997) and the 

Sahel by Ribolzi et al. (2007). Subsequently, a two-objective multicriteria optimization 

problem was formulated in the context of overall water balance at the basin outlet and 

solved with a computerized global search procedure algorithm (Gupta et al., 1998). 
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2. PRESENT STUDY 

The methods, results and conclusions of the research carried out in support of this 

degree are presented in two papers that are appended to this dissertation. Sections 2.1 and 

2.2 below summarize these papers and give the most important findings of each. Section 

2.3 gives a list of the primary conclusions of the program of research described in this 

dissertation. The Ph.D. candidate had the leading role in all the research described in both 

papers and in drafting the manuscripts. 

2.1. Summary of paper #1: “Ensemble downscaling of medium range weather 

forecasts”, Journal of Hydrometeorology 

This paper describes a study in which, for the first time, a modified K-nearest 

neighbor (KNN) statistical downscaling tool was adapted to generate sharp and reliable 

precipitation predictions of the warm season convective climate regime in the North 

American Monsoon (NAM) core region. Prediction of the NAM warm season 

precipitation has been a highly pervasive spatio-temporal problem because significant 

changes in precipitation frequencies can occur over short distances within a few calendar 

days. As a consequence of this complexity and reduced GCM spatial resolution, the 

GCM fields remain poorly predicted in NAM. The KNN maps 14-day GCM-predicted 

surface state and flux fields of the Medium-Range Forecast model to observed 

precipitation forecasts within NAM through a statistical relationship. An important 

component of the development of the algorithm focused on two overarching issues which 

are intrinsically connected to its usefulness, i.e., defining regime-appropriate GCM 

predictor fields and optimization of the temporal window from which to resample. 
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This paper demonstrates that the KNN methodology has been designed and calibrated 

to reproduce uniquely skillful forecasts out to a lead time of 4−6 days. In order to support 

this rationale, the performance of KNN ensemble model was compared against daily 

predicted precipitation ensembles by the GCM and a second KNN calibration that used 

only the precipitation field as the MRF predictor. The performance of the prediction 

systems was accomplished by examining the quality of probabilistic forecasts using 

several bulk verification scores computed at separate lead times within hydroclimatic 

regions having similar climatologies of precipitation. In summary, the main conclusions 

of this study were as follows. 

1. It is demonstrated that the validity of downscaled ensemble rests on the choice of the 

type of predictors and the size of the temporal window. A plus or minus 14 day 

temporal window was adequate and the following seven MRF model output variables 

were selected: (1) the zonal wind shear between 500 and 250 hPa, (2) the meridional 

wind shear between 500 and 250 hPa, (3) accumulated precipitation, (4) total column 

precipitable water, (5) vorticity at 250 hPa, (6) the vertical difference of saturated 

potential temperature between 700 and 500 hPa levels, and (7) the vertical difference 

of saturated potential temperature between the 500 and 250 hPa levels. Jointly, these 

variables have a physically meaningful relationship with monsoon storms. 

2. The study demonstrated that KNN downscaled precipitation forecasts reproduce 

synoptic patterns during the warm-season that are, to within reasonable sampling 

uncertainty, indistinguishable from long-term climatology. However, the KNN 

systematically under-represents the temporal-spatial aspects in the transition months 
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(September−November and April−May). In part this is likely because of the model’s 

inability to adequately represent land-falling tropical storms known to be important to 

the late-summer/autumn rainfall climatology in this region, but likely also because the 

selection of model predictors is not so appropriate for the transition and cool seasons. 

In contrast, the average statistics of the climatology indicate that the raw MRF model 

generates physically improbable precipitation frequency patterns for the two NAM 

regions, e.g., the MRF precipitation patterns reveal little evidence of the monsoon 

over NW Sonora or the Southwest U.S. during the two wettest months, July−August. 

These results discount the usefulness of MRF precipitation information. It is 

important, therefore, to include MRF model parameters beyond precipitation to serve 

as KNN predictors because the MRF impression of any precipitation accuracy may be 

illusory. 

3. Using a procedure which mitigates the impact of spatially and temporal varying 

climatologic frequencies, we computed forecast scores at separate forecast projections 

lead times within a principal component zone having similar climatologies of 

precipitation. The performance of each prediction system was examined using the 

computed bulk verification scores.  

4. The bulk verification scores at separate forecast projections lead times indicate that 

the KNN provides a better probability forecast when compared with the 

climatological forecasts and the MRF ensemble forecasts at all precipitation 

thresholds in both principal component-based hydroclimatic zones. Additionally, it 

was documented that when optimized using seven MRF predictors, the KNN 
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performance stands in stark contrast to a second KNN calibration that used only the 

precipitation field as the MRF predictor. This finding highlights the criticality of 

using multivariate calibration rather than univariate calibration for the KNN model to 

improve discrimination of NAM precipitation events, i.e., that it is important to 

include MRF model parameters beyond precipitation to serve as KNN predictors.  

5. The reliability, sharpness and skill of the downscaling system begin to deteriorate 

rapidly after day six. The behavior between days 7−10 suggests the likelihood of an 

overarching mechanism or systematic shortcoming with our KNN implementation 

that is controlling the response. This behavior is like MOS PoP forecasts that are 

forced to relax toward climatology values. 
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2.2. Summary of paper #2: “Streamflow forecasting in the core North American 

Monsoon region”, in preparation for Journal of Hydrometeorology 

The primary objective of this study was to develop and calibrate a conceptual-

empirical, lumped-type, numerical hydrologic model for prediction of the natural 

variation of monthly streamflow at the NAM basin outlets during the rainy season using 

the ensemble precipitation forecasts from the first paper in this dissertation. Particular 

emphasis was placed on simulation of streamflows at lead times which are useful for 

sustainable management of water resources. To the best of our knowledge no study has 

attempted to use downscaled precipitation flux as a primary model input forcing in 

streamflow simulations in the NAM climatology. 

The paper focused on applying an automated procedure for adjusting the lumped a 

priori parameter estimates of the hydrologic model so as to improve the overall 

performance of the model. The first stage was to develop objective measures (hereafter 

“metrics”) that quantify the manner in which flux values computed from the model 

simulations differ from verifications. The percent bias in overall runoff ratio and mean 

square error on log transformed data were selected metrics to condition model parameters 

on processes operating at seasonal time scales, such as climatic variability of 

evapotranspiration. These metrics point towards the direction of model improvements in 

order to preserve basin water balance, i.e., each metric can take either positive or negative 

values while seeking an optimal value of zero. In the second stage, a two-objective 

multicriteria optimization problem was formulated in the context of overall water balance 

at selected headwater catchments in the NAM region and solved with the MOCOM-UA, 
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a computerized global search procedure algorithm. Finally, model results were 

investigated for validity. 

Preliminary results show that use of the precipitation ensemble provides consistent 

estimates of hindcast streamflows, especially in two large basins (regions 2 and 3). 

Specifically the following important findings were made: 

1. The automatic multicriteria optimization algorithm was be able to effectively provide 

a six-parameter estimates that improved the ability of the hydrologic model to 

represent important watershed process. The model was able to simulate the total 

stream volume and hydrograph timing for the same period on which it was observed. 

In addition, the simulation model replicates the periodic structure of the observed 

time series well (i.e. the two signals contain oscillations of similar frequency), 

confirming that the model’s response to input forcing was reasonable. The residual 

had no ‘predictability’ implying that all presently-usable information had been 

incorporated from the data and into the model. 

2. Notwithstanding the promise of this method, the current model structure is not able to 

represent both normal and very high flow behaviors of the hydrologic system with a 

single parameter set. The model was less successful in regard to large or “extreme” 

events despite using optimized parameters that favor contribution to direct runoff. It 

is not very clear what influenced this model structural. The underestimation of 

extreme events could be due to the effect of using average precipitation flux because 

it translates into loss of some subtle nonlinearities information that is significant to 

runoff generation processes in a specific watershed. Further, a lack of agreement 
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between the modeled and observed peak streamflow is potentially influenced by 

ongoing trends in land cover change and, therefore, non-stationarity in model 

parameters. However, it is possible that information extractable from validated 

remote-sensed products and observed data sets may provide a means for 

hydrometeorological model redesign in a way that has not hitherto been possible. 
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2.3. Primary Conclusions of this Doctoral Research Program 

The aim of the research described in this dissertation was to enable hydrological 

interpretation of intra-seasonal seasonal precipitation forecasts in terms of surface runoff 

for catchments in the core North American Monsoon (NAM) region, a semi-arid region 

that is prone to frequent drought. The primary conclusions of this research are as follows. 

• The statistical downscaling methodology presented here has been designed and 

calibrated to reproduce skillful probabilistic forecasts in the NAM region. The results 

demonstrate an improved prediction skill of the NAM precipitation out to a lead time 

of 4−6 days using KNN versus raw MRF model output. As such, this research has 

significantly enhanced the MRF ensemble forecasts by making them reliable for 

regional hydrologic applications. 

• The KNN ensemble precipitation has potential to provide a reliable forcing dataset for 

deriving consistent forecasts of seasonally-ephemeral streamflow using a conceptual, 

lumped–parameter, average-monthly water balance, hydrologic model. In this study, 

a two-objective multicriteria optimization problem was formulated in the context of 

overall water balance and solved with a computerized global search procedure 

algorithm to yield six-member parameter set that provided consistent and fairly 

reliable monthly stream flow predictions. 

• Given the inherent uncertainty associated with verification data used in this research, 

there may be scope for improved prediction skill when 10–15 years of annual records 

of the upgraded NAM precipitation observing network (NERN; Gochis et al., 2004) 

become available. The upgraded NERN network is highly informative in terms of 
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topography–rainfall dependencies and is also currently being used to validate 

satellite-derived precipitation products. Together, validated remote-sensed product 

and observed data sets above may provide the means for hydrometeorological model 

redesign in a way that has not hitherto been possible. 
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ABSTRACT 

A modified K-nearest neighbor (KNN) statistical downscaling tool was adapted to 

generate predictions of the warm season convective climate regime in the North 

American Monsoon (NAM) core region.  The KNN maps GCM-predicted surface state 

and flux fields of the Medium-Range Forecast (MRF) model to observed precipitation 

forecasts within NAM through a statistical relationship using a temporal window of ± 14 

days and seven MRF forecast model output variables selected to have a physically 

meaningful relationship with monsoon storms. Including MRF model parameters beyond 

precipitation is shown to be important. The prediction system performance was assessed 

from the quality of probabilistic forecasts using several bulk verification scores computed 

at separate lead times within hydroclimatic regions with similar precipitation 

climatology. The performance of the downscaling system deteriorate rapidly after day 

six, suggesting that an overarching mechanism or systematic shortcoming within the 

KNN implementation may be controlling the response from day 7 and beyond. 
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1. INTRODUCTION 

Precipitation is often the single most limiting natural resource in many semi arid 

climates around the world. Because variations in its frequency, duration and intensity can 

impose significant hardships on societal and ecological systems, there exists a need for 

sharp, reliable precipitation predictions across a range of timescales, ranging from flood 

forecasting (i.e. minutes to days) to dynamic water resources management (i.e. days to 

seasons, and beyond). Although it is a critical variable for many hydrologic applications, 

warm season convective precipitation in semi-arid regions, such as the North American 

Monsoon (NAM), remains poorly predicted on local scales by numerical weather 

prediction (NWP) models (Olson et al. 1995, Cubasch et al. 1996 and Fritsch et al. 1998). 

Warm season rainfall depends strongly on atmospheric motion, moisture availability, 

vertical stability and microphysical processes (Holton, 2004; Houze, 1993). Lack of 

predictability is attributed to the physical complexity of these processes, to inadequate 

analysis and model initialization, and also arises because the temporal and spatial details 

involved in convective initiation and organization processes are often not well resolved 

by numerical models. Since the GCM-predicted surface state and flux fields are usually 

available at a reduced spatial resolution (e.g. on a global 2.5° latitude–longitude grid), the 

transformation of knowledge accrued from the GCM into information that is useful at 

local scale is vital. The transformation involves relating larger-scale resolvable processes 

statistically to local scale precipitation characteristics (‘downscaling’, see von Storch, 

1995), subject to numerous structural challenges. Thus, this study explores the adaptation 

of a nonparametric resampling methodology to map a 15-day GCM-predicted surface 
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state and flux fields of the Medium-Range Forecast model (T62L28 NCEP GFS, circa 

1998) to observed precipitation forecasts within NAM through a statistical relationship. 

Several statistical post-processing approaches have been developed as means to 

improve the skill of quantitative precipitation forecasts (QPFs) from numerical models 

(c.f. Antolik (2000), Zorita and von Storch (1999), and Clark and Hay (2004), and 

references therein). Here, we briefly describe two common techniques, the artificial 

neural network and the model output statistics (MOS) and, discuss some potential 

drawbacks in their application. The artificial neural network (ANN) technique is a 

deterministic, nonlinear transfer-function-based model (Gardner and Dorling, 1998; 

Hsieh and Tang, 1998; Wilby et al., 1998; Snell et al., 2002), which is based on 

biological neural networks and comprises an interconnected group of artificial neurons 

and processes information using a connectionist approach to computation. In many cases 

an ANN is an adaptive system that changes its structure based on external or internal 

information that flows through the network during the learning phase. Examples of its 

applications to forecasting of precipitation include studies by Navone and Ceccatto 

(1994) and Hall et al. (1999). Despite its potential for meteorological application, use of 

artificial neural networks has had mixed success in its adaptation to downscaling 

problems. Olsson et al. (2004) applied this tool to relate spatial rainfall to relevant large-

scale atmospheric variables in a climatology where the relationship between the large-

scale atmospheric state and the highly localized spatio-temporal nature of the warm 

season convective precipitation was weak. They found that the neural network performed 

poorly both in terms of coherent evolution of observations and replication in terms of 
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rainfall variability. Additionally, other studies, (i.e., Zorita and von Storch, 1999; Hsieh 

and Tang, 1998), assert that interpreting the nonlinear neural network results is difficult 

because it does not directly offer a physical interpretation.  

Model Output Statistics (MOS) is a multiple linear regressions technique that has 

been used widely since the early 1970s to adjust dynamically based forecasts (Glahn, 

1985; Vislocky and Fritsch, 1997; Wilks, 2006). MOS provides a link between the local 

scale variables of interest at specific locations and the NWP model output based on an 

assumption that normality and linear dependence among the variables is satisfied. These 

derived relationships are then used to predict the variables from real-time NWP model 

output. An example of this approach is relating large-scale circulation features produced 

by general circulation model (GCM) to observed regional rainfall through a set of 

canonical correlation analysis (CCA) equations. Most importantly, several potential 

GCM predictor fields are screened, while only a few fields are selected as predictor fields 

in the CCA equations to produce MOS-recalibrated rainfall patterns (e.g. Barnett and 

Preisendorfer, 1987; Landman and Goddard, 2002). One important challenge in applying 

MOS techniques is coping with very large numbers of model parameters (Grygier and 

Stedinger, 1988). Additionally, MOS-based downscaling schemes can have difficulty in 

reproducing various aspects of the spatial-temporal dependence of local meteorological 

variable fields because non-Gaussian features in the data cannot adequately be modeled 

(Clark et al., 2004). 

Here, a different approach is used that requires adaptation of nonparametric 

resampling techniques. Nonparametric techniques are generally based on pattern-
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recognition and find application in circumstances where the form of the relationship 

between input and output data is not known (Lall and Sharma, 1996; Buishand and 

Brandsma, 2001). This is often the case with convective precipitation processes, where 

the dependencies on forcings are not precisely known in advance. One example of a 

nonparametric approach is the K-Nearest Neighbor (KNN) methodology which has been 

shown to better capture (any) variations that may lead to heterogeneous density functions 

and to adaptively model complex relationships. However, being based wholly on the 

observed data, the KNN schemes are somewhat limited in the range of extreme values 

that can be generated, although ‘smoothed’ resampling schemes (e.g., Rajagopalan et al., 

1997) ameliorate this problem somewhat. 

Some practical applications of the KNN technique in hydrology include simulation of 

multivariate daily weather sequences (Rajagopalan et al., 1997; Yates et al., 2003; 

Harrold et al., 2003a, 2003b; Clark et al., 2004, Gangopadhyay et al., 2005). In the 

present study, we extend the work of Clark et al. (2004) and Gangopadhyay et al. (2005) 

by applying the KNN algorithm in eigenspace to downscale the National Centers for 

Environmental Prediction 1998 medium-range ensemble reforecasts (Hamill et al., 2006). 

Clark et al. (2004) and Gangopadhyay et al. (2005) have demonstrated ability of the 

KNN technique to replicate precipitation from mid-latitude synoptic-scale systems. 

However, the prediction of convective rainfall in the monsoon regions has been 

considered to be a more challenging problem than in several other regimes (Douglas et 

al., 1993; Mullen and Buizza, 2001; Sperber and Yasunari, 2006). This study attempts to 

tailor the performance of the statistical downscaling technique to the NAM system by 
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adding algorithmic enhancements to the KNN method and by defining regime-

appropriate predictor fields. As we had no prior information about the optimal temporal 

window width for the present application, optimization of the temporal window width is 

also part of this research. As is demonstrated, the final downscaling methodology has the 

potential to provide improved forecasts of precipitation for medium range forecasts 

which should be of practical use for prediction of river discharges in this water-stressed 

region.  

Section 2 describes the data and NAM climatology regionalization procedure used in 

this work. Section 3 provides theoretical underpinning and describes the methodology 

used in two-step analog technique for statistical downscaling. Section 4 assesses the 

ability of the KNN technique, when conditioned on a selected set of MRF fields, to 

produce useful precipitation forecasts which capture the space–time variability of rainfall 

across western Mexico. The paper finishes with a summary of results and conclusions 

and recommendations for future research (section 5). 

2. NAM CLIMATOLOGY AND DATA SETS 

a. NAM climatology 

Precipitation in the North American Monsoon (NAM) region (Figure 1) is 

significantly governed by warm-season convective processes that occur between June and 

September. These processes are partially controlled by a regional circulation regime 

conducive to moisture convergence, proximity to warm water bodies, thermal forcing by 

local and regional terrain features and land-sea contrasts, dynamical support by synoptic-

scale transients and, in some years, land-falling tropical storms; see studies by Higgins et 
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al., 1999; Gochis et al., 2006; Douglas and Englehart, 2007. When combined, these 

factors lead to highly complex patterns of spatial and temporal variability in warm season 

rainfall in southwestern North America (c.f. Lang et al, 2007; Gebremichael et al., 2007; 

Gochis et al., 2007; Rowe et al., 2008). 

We applied Principal Components Analysis (PCA) to daily precipitation estimates in 

the NAM region in order to identify coherent regions with similar climatic features 

(Jackson, 2003; Jolliffe, 2002; North et al., 1982). We used the gridded daily total 

precipitation  (Higgins et al., 1996) for the period [1951−2000] over the mainland region 

of Mexico enclosed between 20°N and 35°N and 115°W and 100°W for the PCA 

analyses. This dataset was first transformed into standardized anomalies or ‘z-scores’ 

(i.e., mean of zero and a standard deviation of one). The covariance of the transformed 

data was subjected to an orthogonally-rotated PCA algorithm (Richman, 1986). To 

ascertain whether the leading principal components (PCs) describe fundamental 

properties of the NAM precipitation distribution in a robust way, the data set was further 

subdivided into five ten-year periods and each short period investigated. No significant 

differences in the structure of the PCs were detected. 

Figure 1 shows the spatial extents of the three PCA partitioned precipitation zones 

(PC zones) found in the NAM region. These three principal component zones are broadly 

consistent with the streamflow-based regions reported in (Gochis et al., 2006). Several 

methods for defining the number of interpretable principal components to be retained for 

hydroclimatic classification have been reviewed in the literature (Jackson, 2003, Section 

2.8; Jolliffe, 2002, Section 6.1; and North et al., 1982). The inset box is a Scree plot, 
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which provides a quantitative means for ascertaining the number of interpretable 

principal components to retain. This plot shows that the first inflection point occurs 

between the third and the fourth eigenvalues. Similarly, applying the rule given in 

Richman (1986) also indicates that the first three eigenvalues are sufficiently separated 

and may be treated as individual subspaces. The three leading modes explain more than 

73% of the variance: (i) PC1 (northwestern region, 42% of the total variance); (ii) PC2 

(southeastern region, about 20% of the total variance); and (iii) PC3 (eastern region, 11% 

of the total variance).  

b. Local data from meteorological stations  

Records of observed daily precipitation for gauge stations in the NAM region were 

obtained from an updated version of the ERIC-II dataset (Quintas, 2000). Most of the 75 

recording stations have discontinuities in their precipitation time series in the historic 

period [1945−1998], particularly for the period of the mid 1980’s. Since it was not 

possible to have a complete time overlap between the relevant datasets, we investigated 

the impact of using different sizes of historical data in the study period [1979−1998] to 

evaluate forecast ensembles. It was found that evaluation of ensemble forecasts was 

particularly sensitive to the presence of both suspected bad values and gaps in the time 

series. Filling data gaps synthetically by replacing missing monsoon precipitation 

observations using spatio-temporal interpolation was not practical because inter-station 

correlations during the warm monsoon season are relatively poor. Therefore, data from 

each gauging station were examined and a station classified as a ‘best station’ if the 

aggregated warm season time-series in the reference period [1979−1998] was more than 
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85% complete. Although somewhat arbitrary, using this acceptance criterion should 

adequately allow capture of most intra-seasonal climatic fluctuations which it has been 

shown have periods of 12-22 days (Maloney and Zhang, 2008-VAMOS). Data 

discontinuities outside this range tended to obscure identification of the useful qualities of 

the forecast ensemble. ‘Best stations’ were not corrected for any underlying systematic 

errors such as wind eddy-effects above the gauge and errors associated with rain-gauge 

type. The precipitation gauge network and ‘best stations’ are shown in Figure 1. 

Subsequently, PC zone 3 was excluded from the analysis because it has only one reliable 

verification station and so may not represent the regional climatology sufficiently.  

c. The CDC forecast archive 

The ensemble reforecast archive is based on a reduced resolution version of the 

National Centers for Environmental Prediction (NCEP) 1998 Medium-Range Forecast 

(MRF) model (T62L28 NCEP GFS, circa 1998) available from the National Oceanic and 

Atmospheric Administration (NOAA) Earth Systems Research Laboratory (ESRL). The 

MRF archive consists of one control run plus 14 ensemble members (Hamill et al., 2004, 

2006). Each 15-member ensemble consists of 15-day forecasts that are run daily from 

0000 UTC initial conditions starting January 1st 1979 to the present day. Surface state 

and flux fields are archived on a global 2.5° latitude–longitude grid consistent with a 

truncation at total wavenumber 62 (T62), while upper air fields are archived to T35. The 

data are available at the http://www.cdc.noaa.gov/reforecast/. This study used a 20-year 

archive of hindcasts for the warm seasons from 1979 to 1998, inclusive. Data were 
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extracted for the spatial domain defined by latitudes in the range [5°N−50°N] and 

longitudes in the range [125°W−65°W]. 

The major challenge when implementing a robust KNN downscaling scheme is 

identifying a parsimonious set of quasi-independent reforecast predictors that modulate 

NAM precipitation during the warm-season (Cavazos and Hewitson, 2005). The predictor 

set that was employed in previous studies (Clark and Hay, 2004; Gangopadhyay et al., 

2005) is an example that is appropriate for wintertime and snowmelt seasons over middle 

latitudes but which is not likely reliable for warm-season convection over the NAM 

region. Consequently, a candidate list of 14 available reforecast predictors was identified 

as being more likely relevant to the NAM climatology. This predictor selection exercise 

was guided by synoptic experience and basic understanding of the processes that govern 

NAM convection and monsoon variability (Bright and Mullen, 2002; Douglas and Leal, 

2003; Berbery, 2001; Anderson et al., 2000; Gochis et al., 2006 and 2007). The potential 

predictors selected included accumulated MRF precipitation, a selection of moisture 

fields, zonal and meridional winds, divergence, vorticity and vorticity advection at 

various levels, as well as convective stability indices. These 14 fields were extracted from 

the 20-year archive of hindcasts, analyzed using the receiver operating characteristic (or 

ROC; Wilson, 2000) and area under ROC (AUC) metrics, and those predictors with the 

lowest ROC scores were eliminated iteratively. This approach not only reduced the 

constituent variables from 14 to 8 but also, as discussed further in Results section, 

increased the level of system accuracy (indicated by an increase in the AUC from 65% to 

about 85%) for trace precipitation events during the warm season. Using the approach 
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just described, the following seven MRF model variables were selected as predictors: (1) 

the vertically-averaged zonal wind between 500 and 250 hPa, (2) the vertically-averaged 

meridional wind between 500 and 250 hPa, (3) accumulated precipitation, (4) columnar 

precipitable water, (5) vorticity at 250 hPa, (6) the vertical difference of saturated 

potential temperature (θe
* ) between 700 and 500 hPa levels, and (7) the vertical 

difference of saturated potential temperature between the 500 and 250 hPa levels. Other 

combinations of MRF predictors have not been tested, and admittedly others likely exist 

may offer better performance.  

The rank histogram technique was then used to further reduce the eight atmospheric 

circulation indices identified using the ROC tools to seven. By design, the rank histogram 

detects instances where the verification is not drawn from the same distribution as the 

ensemble, or instances where the ensemble was not evolved under a perfect model. We 

sought to identify a system that conformance to the uniform rank histogram rule in this 

study. We first examined the rank histograms for the KNN Ensemble forecast that 

resulted with the eight predictors selected using ROC techniques, and found the rank 

histogram shapes differed from one month to the next, thus suggesting a poorly calibrated 

system. Next, we made multiple tests that involved removing one to two predictors as 

input forcings, computing the corresponding rank histogram and determining whether the 

corresponding ensemble forecasts meet the conformance test. We found the KNN 

achieved most improved probabilistic forecasts when we excluded the 700 mbar Relative 

Humidity index from among the MRF predictor set. Consequently, we discarded this 

redundant index while keeping the remaining seven useful ones. 
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3. METHODOLOGY 

The KNN system comprises of modules that perform various mathematical functions 

(Figure 2). It works as follows: first, the system extracts from the full global model fields 

a database of the seven selected MRF predictors for the area 5°N–50°N and 135°W–

65°W, which is sufficient coverage to capture relevant large scale patterns while avoiding 

influences of the boundary. The NAM region is centrally located therein. The MRF 

database contain records of 2-week 15-member ensemble reforecast of the seven 

atmospheric fields available twice daily at 0000 and 1200 UTC for 1979–1998 (7305 

days). 

For each daily time-step in the 20-year study period, the KNN considers a query in 

the form of a vector containing that day’s atmospheric attributes and finds the nearest 

neighbor of the query in the MRF archive, i.e., the algorithm seeks 7-predictor objects in 

the database whose statistical behavior resemble the 7-predictor query within a 500-mi 

search radius “space” around the centroid of a PC zone. In other words, the forecast for 

the day under consideration is compared against past forecasts in this space and at the 

same forecast lead. However, only those reforecasts within a ±14 day temporal window 

centered on the date of the forecast comprise the ‘reference data’ from which to resample. 

The reference data is highly dimensional. Similarly, there are concerns about possible 

correlationship between variables, in part, because they incorporate warm-season 

thermodynamic effects and they have different units. Such concerns led to applying a 

Singular Value Decomposition scheme (SVD; see Cherry, 1997), an Eigen-based 
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approach, to reject a large part of the reference data patterns from participating in the 

matching process while maintaining nearly the original accuracy.  

The closeness (hereafter ‘distance’) of each past reforecast from the target forecast 

day is calculated inside the “Eigen space” as the square root of the sum of squared 

differences at the all reference data points in the following way: 

d
λ

tr W x′ p  
(1) 

where 

d  = distance between projected feature vector and principal components for all i in 

the reference dataset. 

λ
tr W  is the fraction of variance explained by principal component p  

These distances are sorted in ascending order and the first K neighbors are retained. A 

weight for each neighbor, w, is assigned using a bisquare weight function which accounts 

for the distribution of the distances of the selected nearest neighbors from the target: 

w
1 1

d
d K

∑ 1 1
d
d K

K

 

(2) 

for all j 1…K .  

The neighbor with the shortest distance gets a high weight, while the neighbor with 

the smallest distance (i.e., the Kth nearest neighbor) gets the least weight. Yates et al. 

(2003) proposes a heuristic method in which K is the nearest integer to the square root of 
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temporal length of the reference data. One of these K neighbors is randomly sampled and 

its analog date is retrieved. This step is repeated seven times in order to generate seven 

sub-ensembles; this means the same date can be selected multiple times, and in general 

the closest neighbor is selected most frequently. We have not proven theoretically that 

seven repetitions is the only optimum way to capture “close” analogs to the feature 

pattern within the Eigen space; seven times was purely on the intuitive. 

The algorithm continues for all 7305 days [20 years × 365 days per year, plus leap 

years] for each forecast lead time,  f = [1…14], and the cycle is repeated 15 times to 

generate analog ensembles for each of 15 MRF ensemble members. The final output for 

each principal component zone is a three-dimensional data matrix containing pointers to 

physical dates, namely: 

7305 days  14 forecast lead times  105 realizations per lead time .  

Lastly, the date matrix residing in the system memory is replaced by data from real 

meteorological stations within a PC zone to generate precipitation forecast at multiple 

stations. For optimum results, the KNN requires observed climatic precipitation at several 

grid points or a well-distributed reporting rain gage network within a PC zone. Note that 

the above explanation has been simplified in several aspects and the reader is referred to 

Appendix I for technical details. 

4. RESULTS 

The reliability, sharpness and skill of the KNN downscaling system begin to deteriorate 

rapidly after day six. Therefore, the KNN results presented here are specific to the system 

behavior for projections up to five days during which more confident signal of skill is 



 
60

available. The sixth day was not reviewed purely because it is the transition period 

between skill and no-skill. 

BASIC CLIMATOLOGIES 

a. Annual Cycle of Precipitation Frequency 

Gauge reports of daily precipitation accumulation for each station in a PC zone were 

analyzed for the 20-years 1979−1998. Frequency statistics for various thresholds (e.g. 1 

mm per day, 10 mm per day) were calculated at each station for each month and were 

then regionally averaged across PC zones 1 and 2 for display purposes. Estimates were 

derived separately for both the KNN output and raw MRF ensemble forecasts. Hybrid 

bootstrapping were used to estimate 95% confidence intervals for the KNN ensemble 

dataset (i.e., Efron and Tibshirani, 1986). 

Figure 3 shows the annual cycles of monthly PC zone averaged precipitation 

frequency for thresholds of 2.5 and 12.5 mm per day, and for forecast days 1 and 5 

analogous estimates from the KNN output and MRF ensembles. As noted in earlier 

studies (e.g. Higgins et al., 1999; Liebmann et al., 2008), the observed frequency of 

precipitation shows a pronounced annual cycle, with peak values occurring in the months 

of July and August (JA). The raw MRF plots in PC1 lag behind observed peak by 

approximately one month for both thresholds and forecast days. This lag in the onset of 

rainfall in the northern portions of the NAM is broadly consistent with results found with 

free-running global circulation models (Gutzler et al. 2005). The frequencies are sensitive 

to lead time, with probability decreasing with lead time. The evolving MRF probabilities 

in PC1 produce a distinct wet bias at day 1 for the 2.5 mm threshold and dry bias at day 5 
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for 12.5 mm. Event frequency also decreases rapidly with lead-time in PC2, but unlike 

PC1, the MRF statistics in PC2 are characterized by wet biases at days 1 and 5.  

Differences between the KNN downscaled and verifying precipitation frequencies are 

small for all event types and lie well within the estimated bounds of sampling 

uncertainty. This suggests that the frequency distributions of KNN forecasts and the 

verifications are indistinguishable in both hydroclimatic zones. The close agreement 

between the two distributions is a consequence of the KNN methodology that is 

constrained to sample from observations within ±14 days of the verifying time.  

b. Warm Season Precipitation Frequencies 

A more detailed perspective of warm season performance can be gleaned from Figure 

4, which shows the cumulative distribution function (CDF) of daily rainfall amounts for 

the four summer months at different lead times. The CDF’s are based on 16 mutually 

exclusive and collectively exhaustive non-zero intervals. The first partition between 

categories corresponds to an observed precipitation of at least 0.254 mm (0.01”) and 

0.508 mm (0.02”), respectively. The upper 14 are defined from equal logarithmic 

intervals of log(0.508)+N*[log(PMAX)-log(0.508 mm)]/14 where N = 1, 2,… 14 and PMAX 

is the maximum observed 24 h accumulation at any station within a PC zone over the 20-

year sample. Partitioning for the MRF and KNN forecasts is also conditioned on these 16 

categories. The vertical bars denote 95% confidence intervals for the KNN ensemble data 

set.  

Each distribution plot from the observed data exhibits a steep gradient in the region 

where small values are concentrated, indicating that the data are highly skewed to the 
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right. In most cases, the raw MRF ensemble has little similarity to the observations and 

the performance of the raw MRF ensemble yields widely varied plots for different 

months or analysis criteria. The MRF CDF’s exhibit significant discrepancies with 

respect to observations in both PC zones for all forecast lead times (days 1 and 5 are only 

shown). The CDF’s reveal that the MRF model vastly under predicts the occurrence of 

heavy (~25 mm and greater) precipitation events, and outside of the months of June in 

both zones and (for day 5) July in PC1, grossly overestimates the occurrence of dry (< 

0.254 mm) days. This behavior is consistent with the annual cycle analysis (Figure 3). 

The poor performance of the raw MRF model can be attributed in good part to the coarse 

spatial resolution of the MRF model which neither sufficiently resolves regional 

topography important for convective initiation nor mesoscale processes in the regional 

convective environment that can serve to organize and intensify rainfall structures into 

mesoscale convective systems as described by Lang et al. (2007). As in Figure 3, there is 

a significant change in the CDF between days 1 and 5 in both PC zones. Outside of June 

in PC1, a significant overprediction of light to moderate events (< 10−15 mm) exists for 

day 1 that generally holds at day 5 in PC2, but PC1 in July flips to under prediction at all 

thresholds by lead day 5.  

In contrast to the raw MRF model, the KNN CDF’s indicate an accurate stochastic 

estimation of the observed precipitation field since observed statistics fall within the 95% 

confidence limit. The KNN PDF in June differs from verification to some extent because 

the true distributions tend to lie systematically near the lower confidence limit of the 

ensemble. This behavior is analogous to the findings in Figure 3 where the system 
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predicted more event frequencies than verification during this month. The wet bias may 

be related to the skewed distribution of reporting rain gauges: July has more than double 

the reports of June, which means our verification procedure must include more data from 

the wetter side of the annual cycle even if the KNN did not select more analog dates from 

the wetter side. Asymmetries notwithstanding, the CDF’s demonstrate that the 

downscaled KNN predictions more closely match observations than the MRF ensembles 

implying that the general probability distribution frequency and intensity structures of 

regional rainfall precipitation are reasonably well captured.  

c. MRF Model Time-Mean, Warm-Season Precipitation Patterns 

The CDF’s of Figure 4 contain only crude spatial information. In order to document 

KNN performance in the face of MRF precipitation errors that markedly change with the 

forecast projection, we examined variations in the monthly-averaged precipitation as a 

function of lead-time.  

Figure 5 shows the spatial distribution of average monthly precipitation from the 

MRF for days 1, 3, 5, 7, 9 and 11. There is little difference between days 7 and 9 during 

any month, even less between days 9 and 11 or at any lead-time thereafter (results not 

shown). This suggests the MRF precipitation field relaxes to its “free-running” monthly 

mean state by approximately day 10. During the wettest period (JA), the MRF monsoon 

center quickly retreats from PC1 southeastward into PC2 after day 1. The position of the 

1 mm and 2 mm contours reveal little evidence of the monsoon over NW Sonora or the 

Southwest U.S. during any month. The paucity of warm-season rainfall over the northern 

half of PC1 speaks to the importance of including MRF model parameters beyond 
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precipitation to serve as KNN predictors. The September remnants of the model’s NAM 

collapse to the model’s ITCZ by day 5; there is only a hint of a northwestward 

enhancement along the Mexican Coast, a likely reflection of the absence of land-falling 

tropical cyclones and concomitant onshore moisture flux in the coarse MRF during a 

month with peak observed occurrence. As expected, the 1-day MRF precipitation patterns 

over the core NAM region bear the most resemblance to corresponding observational 

analyses from the University of Delaware1 (Willmott and Matsuura, 2001) and the NCEP 

assimilation products (North American Regional Reanalysis2 and Global Reanalysis3) in 

that a well-defined elongated wet axis is positioned along the western slopes of the Sierra 

Madre Occidental. The day 1 amounts from the MRF ensemble for the two wettest 

months (JA) are closest to those from global reanalysis, which is no surprise in view of 

the similarity between the two numerical models, but the MRF ensembles are noticeably 

wetter than the Delaware and NARR products. Overall, the monsoon’s onset month 

(June) seems most similar to observations while its waning month (September) seems 

most discordant.  

d. Warm-Season Spatial Correlations 

A prerequisite for many hydrologic applications, such as streamflow forecasting, is an 

accurate representation of the spatial correlation structure of precipitation. In this regard, 

we computed the Spearman’s coefficient of rank correlation to investigate the generality 

of the performance of this algorithm in preserving the spatial autocorrelation between 

                                                 
1Images of analyses for the 20-year period 1979-1998 can be obtained from NOAA/ESRL 
Physical Sciences Division, Boulder Colorado and URL at http://www.cdc.noaa.gov/ 
2ibid 
3ibid 
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observation stations. The rank correlation coefficient was estimated between every pair of 

gauging stations in a PC zone, on a daily time series in each month within [1979−1998]. 

Similarly, this coefficient was also computed from each forecast ensemble data at 

identical stations. Finally, average values were calculated for each month. 

Figure 6 shows the annual cycle of regionalized Spearman's rank correlation 

coefficient for days 1 and 5 for the KNN ensemble forecasts and observations; the value 

shown is the average over all station pairs of nearest neighbors. As before, the error bar 

lines represent the 95% confidence intervals for the KNN ensemble. Similar results are 

observed at longer lead times so no attempt is made to review them here. The annual 

cycles of two products are nearly identical during the warm-season despite some 

variability represented by the downscaled ensemble. As shown in early figures, the KNN 

ensemble forecast provides a comparatively poorer representation of the observed spatial 

correlation structure in the transition months when the system changes states from wet to 

dry and vice versa, particularly in September/October/November and April/May. The 

relative underestimate in spatial correlation during the months of September−November 

may be influenced, in part, by the models inability to adequately represent land-falling 

tropical storms known to be important to the late-summer/autumn rainfall climatology in 

this region (Englehart and Douglas, 2001), and very likely by our selection of model 

predictors that are not so appropriate for the transition and cool seasons. Lastly, inasmuch 

as the spatial correlation values during the warm season are smaller than the values on 

dry months, it is shown that the summertime events are faithfully simulated. This 
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response offers support to the rationale that the KNN algorithm was effectively optimized 

to downscale precipitation taking place during the warm season. 

e. Summary 

While the raw MRF model generates physically improbable precipitation frequency 

patterns for these two NAM regions, we find that KNN downscaled precipitation 

forecasts reproduce synoptic patterns during the warm-season that are, to within 

reasonable sampling uncertainty, indistinguishable from long-term climatology. This is a 

general property of analog calibrations when applied to a multi-decadal long, archive of 

reforecasts (Hamill and Whitaker, 2006; Clark et al., 2004); this property denotes a major 

benefit of the KNN methodology as it ensures that KNN forecasts are very reliable. The 

question remains regarding how sharp and discriminatory the KNN forecasts are as a 

function of forecast projection. That topic is discussed next. 

ASSESSMENT OF DAILY FORECAST QUALITY 

a. Verification Procedures  

 A single score is generally insufficient for assessing all of the desired information 

on the skill and utility of an analysis/forecast system (Murphy and Winkler 1987; 

Murphy 1991); each verification measure provides unique information on performance. 

Following the recommendations put forth by Hamill et al. (2000), the quality of 

probabilistic forecasts is evaluated by several measures. These include: (i) Reliability 

diagrams (Mason, 2004); (ii) Rank histograms (Anderson 1996, Hamill and Colucci 

1998); (iii) Brier Skill Scores (BSS; Wilks 2006); and (iv) Relative Operating 

Characteristic curves (ROC; Mason and Graham, 1999). The reader is referred to the 
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above citations and to overviews by Stanski et al (1989), Jolliffe and Stephenson (2003) 

and Wilks (2006) for details on verification methods.  

 There is a risk of overestimating forecast skill over sufficiently large regions or 

long temporal periods (e.g. season) where the climatologic frequency of an event is not 

invariant. This is certainly the situation for the mountainous NAM region where 

precipitation frequencies can change significantly (by factors of 2 or more) over short 

distances (~100 km or less) and a few calendar days (~10 days). Hamill and Juras (2007) 

demonstrate how conventional methodologies of calculating bulk verification scores, 

more often than not, report inflated skill scores. The inability to produce consistently 

reliable skill scores is a pervasive problem for any forecast metrics that emanates from 

the tacit assumption that climatology frequency of an event is approximately invariant 

over all samples. They provide recommendations on how to minimize the aforementioned 

effects by taking into account variations in climatologic frequency of event among 

samples. We follow the suggestions of Hamill and Juras (2007) by computing forecast 

scores at separate lead times within a principal component zone having similar 

climatologies of precipitation, a procedure which should mitigate somewhat the impact of 

spatially and temporal varying climatologic frequencies. 

b. Reliability Diagrams 

Reliability diagrams (e.g. Wilks 2006, Figure 7.10) summarize the correspondence 

between the probability  of a forecast event  and the conditional probability 

that the event was forecast  where i denotes a discrete probability 

interval and the overbar a subsample average for category i. These diagrams provide 

fi = p yi( ) yi

oi oi = p(oi | fi ),
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information on joint distribution  and the degree to which a 

prediction system is capable of producing sharp, unbiased forecasts of dichotomous 

events (Murphy and Winkler 1987; Murphy 1991). A reliability diagram is constructed 

by plotting as a function of fi  for all values of i. The curve for a perfectly calibrated 

forecast lies along the 1:1 diagonal.  

Figure 7 shows reliability curves for the 2.5 and 12.5 mm thresholds at days 1 and 5. 

Separate diagrams are shown for each zone and month. For a given threshold and lead 

time, a reliability diagram for the MRF ensemble was generated by tallying the relative 

frequencies for 16 forecast probabilities [0/15, 1/15, … , 15/15] for all lead times. The 

corresponding KNN curve is superimposed. To negate possible advantages associated 

with a larger ensemble sizes (Richardson, 2001), the KNN output was effectively 

degraded from 105 to 15 members by binning into the nearest of the 16 probability 

intervals. (This procedure was used for all of the verification metrics that follow.) Error 

bars on KNN plots indicate the 95% confidence intervals. Insert boxes are 

refinement/sharpness diagrams and give the distribution of . They indicate the 

frequency at which forecast produces probabilities that are different from climatology. 

Note that a deterministic forecast would have bars at 0% and 100% forecasts only and 

would possess maximum sharpness. The dotted line at 45° represents perfect forecast 

reliability. Shaded areas denote regions that contribute to positive skill relative to 

observed climatology (Mason, 2004). The dashed horizontal and vertical lines denote 

observed climatology, which gives the boundary between skill and no-skill regions. 

p(yi ,oi ) = p(yi ) p(oi | yi )

oi

pi
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The MRF curves for the lighter amount (Figure 7a) tend to bounce about the 

horizontal climatological frequency line. Oscillatory behavior often signifies insufficient 

sample size, while a horizontal slope indicates overconfident forecasts that lack the 

ability to distinguish between different regimes. Note that the MRF curves generally sit 

outside of the shaded skill zone. Conversely, the KNN curves lie almost on the 45° line 

and within the shaded region, implying excellent reliability and forecast categories that 

contribute positively to skill. The KNN rarely issues highly confident wet forecast 

though, with virtually no values higher than ~65%. Comparison of the refinement 

distributions indicates that the KNN distributions tend to cluster more about climatology 

than the MRF ones. This indicates that improved skill and reliability of the KNN 

forecasts comes at the expense of sharpness. Results for heavier threshold (Figure 7b) are 

consistent with the results for light event thresholds, with the most notable exception 

being narrower forecast probabilities and reduced sharpness as would be expected for less 

likely, rarer high thresholds.  

Of course, other lead times were examined. The behavior described above 

characterizes projections up to 6 days. KNN reliability, sharpness and skill begin to 

deteriorate rapidly thereafter. The refinement distributions cluster more tightly about 

climatology, indicating reduced sharpness. The reliability curves are sloped more 

horizontal, exhibit more jaggedness, and even possesses larger uncertainty bounds. It is 

clear that the KNN calibration of the MRF is failing by one week. 

c. Ranked Histograms 
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Rank histograms are used to evaluate consistency, the condition of whether ensemble 

forecasts seemingly include observations as equilikely members. Histograms are 

generated separately for each month, zone and forecast projection. The rank-order-

statistic of the forecast is determined by repeatedly tallying the ranks of the observed 

precipitation relative to values from a 15-member ensemble, which defines 16 categories 

per procedure for the reliability diagrams; KNN ensemble sizes are reduced to 16 

categories as noted. Equality amongst ensemble members is handled by the procedure of 

Hamill and Colucci (1997, 1998). The figures are constructed by pooling together the 

histograms for all stations within a PC zone; thus sub-zone differences maybe masked by 

the compositing. The rank histogram provides a measure of ensemble reliability (Hamill, 

2001; Hamill and Colucci, 1998) and gives information on unconditional biases and 

dispersion properties. 

Figure 8 shows rank histograms for the KNN ensembles in both PC zones at lead time 

days 1 and 5. The dashed horizontal line is the expected value for a uniform distribution 

(1/16) and the error bars represent 95% confidence intervals for the KNN ensemble 

forecasts. The inset figure shows analogous results for the MRF ensemble. The raw MRF 

ensembles possess distribution profiles that vary widely among the panels, but two 

general characteristics come through. First, the MRF model shows a clear propensity for 

overpopulation of the extreme ranks, which is consistent with under dispersion and over 

confident forecasts. Under dispersion is a well known shortcoming of precipitation 

forecasts from numerical models that are too coarse to permit explicit convection. This is 

an expected result. Second, one end of the distribution tends to be overpopulated, which 
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denotes an unconditional bias. Overpopulation of the smallest/largest is consistent with 

an unconditional wet/dry bias. The day 1 forecasts for PC2 seemed particularly plagued 

by a wet bias, a likely reflection of many stations receiving light precipitation on dry 

days. This, too, is another signal of convective parameterization: all stations within a 

forecast grid box receive light precipitation (an area average value) when only a limited 

number stations actually do.  

On the other hand, the KNN-based histograms are rather flat. Departures from the 

uniform distribution line are generally small, and they mostly lie well within the 95% 

confidence intervals. Although it could be argued that PC2 exhibits a weak wet bias in 

view of the systematic overpopulation of smallest rank (KNN value near 0.10 vs. uniform 

value of ~0.06), the KNN-derived rank histograms can be categorized as showing no 

pronounced shape in their profiles (e.g. convexity, concavity or overpopulation of an end 

of the distribution) in any warm season month, zone or lead times, including projections 

beyond day 5 (results not shown). Consistency at any projection is a desirable feature of a 

good ensemble forecast that is ensured by the KNN method since this implementation is 

restricted to sample from a climatology that is local in time and space. However, 

consistency is not sufficient condition for a skill or value. 

d. Brier Skill Score (BSS) 

The Brier score is the mean square error of probability forecasts. It is related to the 

reliability diagram and can be computed directly from them. The Brier score is zero for a 

perfect forecast, and its upper bound is one. The Brier score (BS) can be decomposed into 

the sum of three terms related to reliability, resolution and uncertainty (e.g. Wilks 2006): 
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 is the total number of forecast/event pairs and  is the sample climatology. The 

quantities with i-subscripts denote subsample values of ,  and  for discrete 

categories in the 16 probability intervals defined by the MRF and degraded KNN 

ensemble.  

The reliability term  summarizes the degree of agreement between forecast 

probabilities and observed frequency of occurrence for the event. The  term is zero 

for a forecast system with perfect reliability. The resolution term  measures the 

degree to which the forecast frequencies differ from the sample climatology (i.e., the 

closeness of the reliability curve to the diagonal). A relatively large  term contributes 

to a smaller Brier score, and indicates forecasts that sort observations into categories with 

substantially different relative frequencies than the overall sample climatology (i.e., the 

distance between the reliability curve and the horizontal dotted line). The uncertainty 

term  depends only on the overall sample climatology and, thus, is independent of 

the forecast system. The term is large when the overall sample climatology is close 

to 50% and forecasting the event is inherently more uncertain. The Brier skill score 

(BSS) is defined as the percentage improvement of the Brier score with respect to 

climatology, 

BS = BSrel − BSres + BSunc

BSrel =
1
N

Ni[ fi
i=1

I

∑ − oi ]
2

BSres =
1
N

Ni[oi
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I

∑ − o]2
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, 

where  is the Brier score for a forecast based on climatology. The BSS also can 

be written in terms of reliability and resolution terms if . The  for a 

perfect forecast, and  for a no-skill forecast. 

Figure 9 presents the 14-day evolution of the BSS decomposition for the 2.5 and 12.5 

mm limits. Only KNN curves are displayed since the MRF curves lie well below -20% 

(and lower bound of the KNN uncertainty bars), which denotes an unskillful forecast as 

noted for the reliability diagrams. The KNN forecasts maintain a relatively constant level 

of model (~0.10) skill out to day 7. The error bars during half of the wettest month start 

below no-skill value at day 1, and the uncertainty always widens somewhat with 

projection during week one; the transition months do not exhibit these behaviors and 

suggest a more confident signal of skill. 

Skill plunges after day 7 and generally dips to or slightly below zero by around day 9 

or 10. This sweeping behavior between days 7−10 suggests the likelihood of an 

overarching mechanism or systematic shortcoming with our KNN implementation that is 

controlling the response. For the most part, the BSS curves do not drop significantly 

(more than a couple percent) below zero after day 10. This behavior is like MOS PoP 

forecasts that are forced to relax toward climatology values. There are some notable 

exceptions, such as PC2 in June for both thresholds, which would seem to indicate a 

minor flaw in our KNN implementation strategy for these extended times. These later 

points are discussed in the next section. 

unc

relres
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e. Receiver operating characteristic (ROC)  

 The Receiver Operating Characteristic curve, or ROC curve, measures the ability of 

a forecasting system to discriminate between two alternative outcomes. It summarizes the 

distribution of the forecast probabilities conditioned on the observations, p(fi|oi). The 

ROC curve is not sensitive to conditional and unconditional biases, and therefore is 

independent of reliability (Jolliffe and Stephenson, 2003). Hence, the ROC curve reflects 

the potential skill if the forecasts were correctly calibrated (Wilks 2006, pg. 294−298). 

The ROC algorithm is based on contingency tables that give the number of observed 

occurrences and non-occurrences of a precipitation event as a function of the forecast 

occurrence and non-occurrence of the event. Here, a hit is registered if the ensemble 

predicts a likelihood of an event to be no less than the given probability threshold. The 

probability of detection or hit rate (HR) is computed as the ratio of the number of correct 

forecasts of the event to the total number of event occurrences; the false alarm rate (FAR) 

is computed as ratio of the number of wrong event forecasts (yes forecast, no occurrence 

observed) to the total number of event non-occurrences. Our analysis follows the same 

methodology as that described by Mason and Graham (2002) for assessing probabilistic 

skill of precipitation forecasts. Thus, the degree of concave curvature of a ROC curve 

above the 45° diagonal of the unit square is a reflection of potential skill in a forecast 

system. The area under the ROC curve (AUC) is used as a summary measure of forecast 

usefulness (Wilson, 2000). The AUC ∈ [0.5,1], where AUC ≈ 0.5 indicates that the 

forecast system has no skill while a value closer to unity indicates higher discrimination 
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ability. The mechanics of computing the ROC are described in Wilks (2006) and 

references within.  

The [FAR, HR] matrix was computed for the 16 forecast probability outcomes [0/15 

1/15 2/15 … 15/15], the maximum number for the 15-member MRF model output, for 

different precipitation event thresholds as high as 25.4 mm, a threshold for which there is 

a sufficiently high number of observed events to justify an analysis; once again, the same 

16 categories were used for the KNN output to facilitate a fair comparison, although a 

much higher number could be used. The AUC estimation is based on a straight-line fit of 

the [FAR, HR] pairs to standard normal deviates; thus our parametric estimates of the 

AUC (Figure 10) give the potential skill for a properly calibrated ensemble as the number 

of independent ensemble members approaches infinity. A parametric estimate is used in 

view of the small ensemble sizes and low climatologic probability of the heavier events. 

This smallness leads to bunching of most of the ROC points toward the lower-left corner 

of the HR-FAR plot and precludes reliable assessment of AUC by the trapezoid rule. 

Hence, the parametric fit is deemed the more insightful approach (see Wilson, 2000). 

Examination of the raw MRF ensemble (thin solid lines) shows that AUC score rarely 

rises above a 0.6 value, and more often it barely hovers above the 0.5 no-skill line. The 

notable exception is June when the AUC is near 0.8 to day 7, which is arguably the 

easiest month to differentiate rain-no rain forecasts over the NAM. We conclude that the 

raw MRF ensemble exhibits little or no useful ability (especially if one assumes the KNN 
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error bars apply to the MRF) to discriminate 2.5 mm or higher events during the three 

wettest months.  

Three major points warrant discussion in regard to the KNN forecasts (heavy solid 

lines with uncertainty bars). First, the KNN exhibits comparable potential skill in both 

zones. Second, AUC curves for the KNN forecasts are typically flat out to ~7 days, 

staying near a value of 0.7 (0.8) in JAS (June) for the 2.5 and 12.5 mm. Evidently the 

KNN calibration with these 7 MRF predictors provides a useful level of potential 

discriminating ability in both principal component-based hydroclimatic zones. After one 

week, the KNN during the two wettest months (JA) rapidly deteriorates to just above the 

zero discrimination line by approximately day 10, which is about the time by which the 

MRF precipitation field appears to spins up to its free mean-state. Third, 25.4 mm (1.0”) 

cutoff and higher shows no potential skill except for a minimal level during June out to 

day ~7 (0.6 or less), a result that reflects the ability of the MRF-KNN to discriminate the 

onset of the monsoon.  

The 7-predictor performance stands in stark contrast to a second KNN calibration that 

used just one MRF predictor, the precipitation field (hereafter referred to as KNN1). The 

dashed lines of Figure 10 show the AUCs for the KNN1 calibration. The curves for the 

KNN1 calibration never exceed those for the KNN, and they consistently lie below the 

90% uncertainty bound for the 7-predictor KNN curves. KNN1 scores for other accuracy 

measures (not shown) also do not exceed the KNN (results not shown). This result points 

to the criticality of doing a multivariate calibration over univariate calibration of the 

KNN algorithm in order to improve discrimination of NAM precipitation events. 
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5. CONCLUSIONS AND RECOMMENDATIONS 

This study adapted a modified K-nearest neighbor (KNN) statistical downscaling 

technique to improve forecasting skill of the warm season convective climate in the 

North American Monsoon (NAM) core region. Prediction of the NAM warm season 

precipitation has been a highly pervasive spatio-temporal problem because significant 

changes in precipitation frequencies can occur over short distances within a few calendar 

days (e.g., Liebmann et al., 2008). As a consequence of this complexity and reduced 

spatial resolution, the GCM fields remain poorly predicted in NAM. Therefore, statistical 

downscaling of knowledge accrued from the GCM into information that is useful at local 

scale is desirable although the NAM warm season regimes present many challenges. The 

KNN can produce internally consistent precipitation forecasts at the local scale if applied 

in a region exhibiting coherence in statistical properties of precipitation. Therefore, we 

applied a varimax-rotated principal component technique to a correlation matrix of daily 

precipitation of the four summer months, i.e. June−September, in a 50-year period from a 

1° × 1° gridded precipitation product, resulting into three climatological regimes of 

precipitation (PC zones). One of the PC zones was excluded from statistical downscaling 

studies because it contains only one observation station. Next, the KNN was applied 

separately to each of the remaining PC zones. The algorithm maps a 15-day GCM-

predicted surface state and flux fields of the Medium-Range Forecast model (T62L28 

NCEP GFS, circa 1998), available at large spatial scales, to observed precipitation 

forecasts within NAM through a statistical relationship. 
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An important component of the development of the algorithm focused on two 

overarching issues which are intrinsically connected to its usefulness – but which in 

many cases are poorly understood: (i) identifying a parsimonious set of quasi-

independent reforecast predictors that elucidate critical processes that govern the warm-

season climate system; and (ii) defining an appropriate temporal window from which to 

resample. On the basis of synoptic experience and basic understanding of the NAM 

system, 14 potential MRF predictors were suggested as possible predictors. We applied 

the Receiver Operating Characteristic curve, or ROC curve, instead of the traditional 

multiple linear regression methods to identify a more compressed set of predictors. The 

shape of the ROC helped improve forecast reliability through modification of constituent 

members of predictor set and temporal window width until the KNN system elicited 

relevance feedback. A ±14 day temporal window was adequate. The following seven 

MRF model output variables were selected: (1) the zonal wind shear between 500 and 

250 hPa, (2) the meridional wind shear between 500 and 250 hPa, (3) accumulated 

precipitation, (4) total column precipitable water, (5) vorticity at 250 hPa, (6) the vertical 

difference of saturated potential temperature between 700 and 500 hPa levels, and (7) the 

vertical difference of saturated potential temperature between the 500 and 250 hPa levels. 

Jointly, these variables have a physically meaningful relationship with monsoon storms. 

The algorithm seeks out ‘objects’ in the MRF database of seven types of predictor 

within a temporal window centered on the date of the target 7-predictor vector’s state. 

MRF Data pre-processing step involves using the Singular Value Decomposition scheme 

(SVD; see Cherry, 1997) to reject a large part of the reference data patterns from 
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participating in the matching process while maintaining nearly the original accuracy. The 

algorithm computes a statistical distance (a measure of “closeness”) of each past 

reforecast from the target forecast day within the “SVD space”. The first K closest 

analogs to the target pattern are identified and assigned weight using a bi-square weight 

function. One of these K neighbors is randomly sampled and its analog date is retrieved. 

This step is repeated seven times to increased representation of ensembles under given 

predictor conditions. Seven sub-ensembles are generated; the same date can be selected 

multiple times, and in general the closest neighbor is selected most frequently. The 

algorithm continues for all days in [1979–1998], for each of the 14 forecast lead times, 

and the cycle is repeated 15 times to generate analog ensembles for each of 15 MRF 

ensemble members. Lastly, the date matrix residing in the system memory is replaced by 

data from real meteorological stations within a PC zone to generate precipitation forecast 

at multiple stations. 

We compared the performance of KNN ensemble model with raw MRF ensembles in 

terms of average climatology statistics, e.g., spatial correlation, CDF and average spatial 

precipitation patterns. These analyses indicate that the raw MRF model generates 

physically improbable precipitation frequency patterns for the two NAM regions. For 

instance, perusal of the MRF precipitation patterns (see Figure 5) reveal little evidence of 

the monsoon over NW Sonora or the Southwest U.S. during the two wettest months, 

July−August. These results alert one of the problems associated with MRF precipitation 

information. It is important, therefore, to include MRF model parameters beyond 

precipitation to serve as KNN predictors since the MRF impression of any precipitation 
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accuracy may be illusory. In addition, the analysis has demonstrated that KNN 

downscaled precipitation forecasts reproduce synoptic patterns during the warm-season 

that are, to within reasonable sampling uncertainty, indistinguishable from long-term 

climatology. However, the KNN ensemble forecast provides a comparatively poorer 

representation of the observed spatial correlation structure in the transition months when 

the system changes states from wet to dry and vice versa, particularly in 

September−November and April−May. The systematic under-representation of the 

temporal-spatial aspects in the transition months is, partly, due to the paltry number of 

station records available for some NAM regions. Notwithstanding limitation at the 

transition periods, these results offers support to the rationale that the KNN algorithm 

was effectively optimized to downscale precipitation taking place during the warm 

season. 

In order to document the KNN performance in the face of the aforementioned MRF 

precipitation errors, four statistical verification metrics were utilized (see Murphy 1991). 

An underlying concern was whether the stationarity assumption, the tacit assumption that 

climatology frequency of an event is approximately invariant over all samples, remains 

the correct basis for producing consistently metric scores. Thus, we followed the 

suggestions of Hamill and Juras (2007) by computing forecast scores at separate forecast 

projections lead times within a principal component zone having similar climatologies of 

precipitation, a procedure which mitigates somewhat the impact of spatially and temporal 

varying climatologic frequencies. 
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First, we evaluated the performance of the prediction systems by examining their 

tercile forecasts using reliability plots and Brier scores. The reliability diagrams were 

used to determine the degree to which the system was capable of producing sharp, 

unbiased forecasts of precipitation events. The Brier score, a metric that is related to the 

reliability diagram, was decomposed into its three terms related to reliability, resolution 

and uncertainty before use. The ensuring results indicate that the probabilistic forecasts of 

the KNN ensembles were better than both the climatological forecasts and the MRF 

ensemble forecasts. After examining its associated refinement distributions, it is 

concluded that the gain in skill and reliability of the KNN forecasts is at the loss of 

sharpness. With respect to the Brier score, it is noted that the MRF ensemble forecasts are 

unskillful (< -20%) while the KNN forecasts maintain a relatively constant level of model 

(~10%) skill with uncertainty bounds that widen somewhat with projection during week 

one. 

Secondly, the rank histograms were used to evaluate whether ensemble forecasts 

seemingly include observations as equilikely members (consistency verification). The 

MRF model shows a clear propensity for overpopulation of one end of the rank 

distribution (i.e. under-dispersion and over-confident forecasts and unconditionally 

biased), a signature of insufficient convective parameterization. On the other hand, the 

KNN-based histograms departures from the uniform distribution line lie well within the 

95% confidence intervals at any projection – this is a desirable feature of a good 

ensemble forecast that is ensured by the KNN. 
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Finally, we examined the ROC curve for probability forecasts in the framework of a 

collection of 15-member ensemble precipitation forecasts. We used several thresholds of 

daily predicted precipitation ensembles by the MRF, the 7-predictor KNN and a second 

KNN calibration that used just one MRF predictor, the precipitation field (hereafter 

KNN1). The ROC curve reflects the potential skill if the forecasts were correctly 

calibrated. Our findings indicate that: (i) the KNN provide a better probability forecast 

when compared with the climatological forecasts, MRF ensemble forecasts and the 

KNN1 ensemble forecasts at all precipitation thresholds in both principal component-

based hydroclimatic zones; (ii) the KNN does a poor job for thresholds in excess of 25 

mm; and (iii) the KNN reliability, sharpness and skill plunge after about one week. The 

sweeping behavior after day 6 suggests the likelihood of an overarching mechanism or 

systematic shortcoming with our KNN implementation that is controlling the response. It 

is not clear how to disentangle this type of inadequacy. Regardless of which measures are 

used, these findings highlight the criticality of multivariate calibration over univariate 

calibration for the KNN model in order to improve discrimination of NAM precipitation 

events (in other words, including MRF model parameters beyond precipitation to serve as 

KNN predictors is important). 

We envision that studying the impact of expanding the temporal window width as a 

function of lead time alone will be an interesting research because it could leverage the 

improvement in the KNN forecast model. In the current setting, the chances of finding 

one or more similar forecast analogs within the temporal window diminish at long lead 

times. We speculate that a much large window at those extended periods would capture 
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sufficient population of similar analogs. Further, there may be scope for improved 

prediction skill when 10–15 annual records of the upgraded NAM precipitation observing 

network (NERN; Gochis et al., 2004) become available. The NERN network is highly 

informative in terms of topography–rainfall dependencies. This dataset may validate 

satellite-derived precipitation products. Together, validated remote-sensed product and 

observed data sets (NERN and currently existing records) may provide decision-relevant 

answers for the KNN model redesign in a way that has not hitherto been possible. 

Overall, the KNN methodology presented here has been designed and calibrated to 

reproduce uniquely skillful forecasts out to a lead time of 4−6 days in heterogeneous 

landscapes. Additionally, this research has significantly enhanced the MRF ensemble 

forecasts by making them reliable for regional hydrologic applications. 
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APPENDIX 

This Appendix presents the mathematical formulations of the KNN algorithm.  (cf. 

Yates et al., 2003; Gangopadhyay et al., 2005). The algorithm adopts basic assumptions 

which include: (i) the atmospheric model reasonably captures the large-scale circulation 

patterns, and (ii) the search for the closest reforecast analog to the current numerical 

forecast is confined within the principal component space of the atmospheric model (the 

ρ-subspace search). 

A preliminary step is to extract from the full global model fields a database of the 

seven selected MRF predictors for the area 5°N–50°N and 135°W–65°W, which is 

sufficient coverage to capture relevant large scale patterns while avoiding influences of 

the boundary. The NAM region is centrally located in the MRF coverage. Suppose that 

MRF dataset is required for 20 years (1979–1998) and the number of MRF predictors 

selected is seven. The seven atmospheric fields from the MRF space (available twice 

daily at 0000 and 1200 UTC) are extracted from the full global model fields for every 

ensemble member to create the input database for the KNN downscaling scheme. Next, 

delineate in the MRF ensemble the NAM region associated with each principle 

component (PC) zone to be used for the downscaling algorithm. Subsequently, define the 

“MRF space” as a region within a 500-mi search radius from the centroid of a PC zone. 

For each PC zone, downscaling is accomplished by an iterative procedure which involves 

simultaneous sampling, with replacement, of predictor sets from the numerical model 

output archive (Figure 2). The algorithm examines each of the 15 ensemble members 
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individually. The KNN algorithm cycles through various steps to identified days similar 

to each of the 7305 × 14 days in the archive. The steps of the algorithm are as follows: 

Compile a feature vector of MRF model output for a given day and forecast lead time. 

The feature vector for the day (the feature day, f) can be expressed, in expanded form as: 

F x x x x    

where 

 x v ; x v ; x v ; x v ; and 

 

v atmospheric variable i i 1, 2, 7 at time j j 1, 2; 0000 and 1200 UT  

Please note that we assume daily atmospheric pattern comprises of 14 predictors 

because, while the atmospheric pattern types are only seven, the MRF patterns are output 

daily at 0000 and 1200 UTC. 

Determine the size,  L, of the data block that includes all potential neighbors to the 

current feature vector from which the resampling is to be done. A temporal window of 

width, w, is chosen and all days within the window are considered as potential candidates 

to the current feature vector. Yates et al. (2003) used a temporal window of 14 days, 

which implied that if the current day is January 20 then the window of days consists of all 

days between January 13 and January 27 for all N years but excluding January 20 for the 

given year. The data block of potential neighbors from which to resample consists of L 

days, where L = [(w+1)∗N−1]. In our study, thus, a 14-member atmospheric pattern 

variables for the same lead period is generated for the 28 days of all 20 years that 

correspond to the Julian days within a ±14−day window centered on the Julian f  [(f−14) 

to (f+14) inclusive], except current day f , i.e., 
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A L

a , a , a ,
a , a ,

aL, aL,
 

 

where 

A L  is template data 

a ,  is value of atmospheric variable for time i 1…L and variable j 1 … 14  

The template data is highly dimensional. Since different predictor variables are 

correlated because they incorporate both thermodynamic and dynamic effects (see section 

2), it is reasonable to condensing it using the Singular value decomposition (SVD; 

Cherry, 1997). Here, we normalize the template data then perform an SVD. 

C SVD ZSCORE A L   

C U W V T  

P L ZSCORE A L U   

P L   p p p   

 p

p ,
p ,

pL,

 

 

where 

P L  is the principal component matrix for feature day f 

p  is the principal component  j 1, 2, , 14  of length L 

v atmospheric variable i  i 1, 2, 7  at time j  j 1, 2; 0000 and 1200 UT  

ZSCORE command removes the mean and normalizes the data to variance of 1. 
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The criterion for selecting an appropriate number of principal components is that a 

component must explain no less than 1 percent of the total variance. This reduces the 

template size significantly and does not scarifies the classification accuracy because it 

only rejects redundant patterns − the first four to six principal components capturing 

more almost all of the variance. Each principal component can be considered a natural 

“ensemble of analogs” for the atmospheric patterns.  

Subsequently, the feature vector, F , for forecast day f is projected onto this principal 

component space following a strict mathematical framework. The resulting projected 

vector will be referred to as ‘projected feature vector’. This step allows us to reduce the 

computation time. 

F′ ZSCORE F U  

F′ x′ x′ x′ x′

where 

x′  are the elements of the projected feature vector F ′  

Having reduced the data sizes while maintaining nearly the original accuracy, we 

proceed by rejecting a large part of the template patterns dynamically from participating 

in the matching process by considering only the first nret principal components. The 

nearest neighbors of an instance are defined in terms of the standard Euclidean distance. 

The problem of classification is posed in the following way: 

d
λ

tr W x′ p  
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where 

d  = distance between projected feature vector and the 

principal component for i 1…L  

λ
tr W  is the fraction of variance explained by principal component p  

Next, these distances d  are sorted in ascending order (d ), and the first K-nearest 

neighbors are retained. Yates et al. (2003) recommends the use of a heuristic method for 

choosing K according to which K  √L where L is length of the template data [i.,e., 

L 28 1 20 1 579 days;  K 24 . 

We assign weights to each of the K-nearest neighbors upon constructing a weighted 

probability distribution, defined as: 

w
1 1

d
d K

∑ 1 1
d
d K

K

 

 

for all j 1…K . The neighbor with the shortest distance gets a high weight, while 

the neighbor with the smallest distance (i.e., the Kth nearest neighbor) gets the least 

weight.  

The cumulative probabilities, p , are give by: 

p w  

One of these K neighbors is randomly selected in accordance with the following rule. 

A uniform random number, u~U 0,1 , is first generated. We finally determine closest 
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day as being one which corresponds to the minimum absolute difference between the 

random number u and weight, p . We deem it appropriate to repeat this procedure seven 

times in order to generate seven sub-ensembles; this means the same date can be selected 

multiple times, and in general the closest neighbor is selected most frequently. We have 

not proven theoretically that seven times repetition is the only optimum way to capture 

“close” analogs to the feature pattern within eigenspace; seven times was purely on the 

intuitive that the randomness of this operation will deal with the inhomogeneities of the 

weighted probability metric. 

The algorithm continues for all 7305 days [20 years × 365 days per year, plus leap 

years] for each forecast lead time f, and the cycle is repeated 15 times to generate analog 

ensembles for each of 15 MRF ensemble members. The final output for each principal 

component zone is a three-dimensional data matrix containing pointers to physical dates, 

namely: 

7305 days  14 forecast lead times  105 realizations per lead time .  

This output data is then used to forecast precipitation at multiple stations within the 

principal component zone. 
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LIST OF FIGURES 

Figure 1. The three objectively isolated homogeneous precipitation zones in NAM region 

using the Principal Component Analysis (PCA) of daily precipitation correlation 

matrix: (i) PC1 (northwestern region explains 42% of the total variance); (ii) PC2 

(southeastern region explains about 20% of the total variance); and (iii) PC3 

(eastern region explains 11% of the total variance). Insert is a Scree plot 

(dimension truncation aid, see main text). The first inflection point in the Scree 

occurs between the third and the fourth eigenvalues. Open circles represent the 

rain gauge network while the closed circles represent ‘best’ gauging stations in 

the reference period [1979−1998]. Topography is indexed to a color palette.  

Figure 2. The KNN algorithm at a glance (see main text for details). 

Figure 3. Annual cycle of daily precipitation frequency in the period [1979−1998]. The 

precipitation-frequency information is derived separately for a combination of the 

following: data sources (i.e., observations, KNN and MRF), event type (i.e., 2.5 

and 12.5 mm/day) and the forecast lead time, respectively. The dashed line is for 

verification drawn from gauge stations in a principal component region. Error 

bars indicate the 95% confidence interval estimated from the KNN ensembles. 

Figure 4. The cumulative distribution functions (CDF’s) of mean daily rainfall amount 

(mm) for different warm season months in the period [1979−1998]. A 95% 

confidence limit is estimated from the KNN ensembles. The dashed line is for 

verification drawn from gauge stations in a principal component region. The thin 
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gray line represents the raw MRF ensembles. The concave downward look is a 

signature of data that is positively skewed. 

Figure 5. The MRF Model Time-Mean, Warm-Season Precipitation Patterns for forecast 

lead times 1, 3, 5, 7, 9 and 11 days. 

Figure 6: The annul cycle of regionalized Spearman's rank correlation coefficient as a 

function of time obtained from the ensemble members and verifications in each 

principal component zone at 5-day forecast lead time. Values of the coefficients 

are average estimates for the period [1979−1998] conditioned on forecast lead 

times. A 95% confidence limit is estimated from the KNN ensembles. The dashed 

line with closed circles represents the observed average value in a principal 

component region for the period [1979–1998]. 

Figure 7. The reliability (attributes) diagram for the warm season months in 1979−1998 

over each principal component zone. The reliability curves correspond to 2.5 and 

12.5 mm thresholds at days 1 and 5. For a given threshold and lead time, a 

reliability diagram was generated by tallying the relative frequencies for 16 

forecast probabilities [0/15, 1/15, … , 15/15] for all lead times. The shaded 

portion of the plot represents regions of skill (see main text for details). The KNN 

plots have 95% confidence interval on each conditional probability estimate. The 

dotted diagonal line represents the diagram of a perfect forecast. The dashed 

horizontal line represents the diagram of a no-skill forecast. Insert boxes are the 

refinement diagrams for the model forecasts. The dashed vertical line in the 
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refinement diagram represents the model climatology. Separate diagrams are 

shown for each zone and month. 

Figure 8. The warm season precipitation rank histograms for the KNN ensembles in both 

PC zones at lead time days 1 and 5. The dashed horizontal line is the expected 

value for a uniform distribution (1/16) and the error bars represent 95% 

confidence intervals for the KNN ensemble forecasts. Insert caption in each panel 

illustrates analogous results for the raw MRF ensemble. 

Figure 9. The 14-day evolution of the Brier skill score (BSS) decomposition for the 2.5 

and 12.5 mm limits. Only KNN curves are displayed since the MRF curves lie 

well below -20% (and lower bound of the KNN uncertainty bars), which denotes 

an unskillful forecast as noted for the reliability diagrams. 

Figure 10. The average area under the Receiver Operating Characteristic curve (AUC) 

over each principal component zone is computed as a function of forecast lead 

time. The AUC estimation is based on a straight-line fit of (false alarm rate, hit 

rate) pairs to standard normal deviates; thus our parametric estimates of the AUC, 

[AUC ∈ {0.5,1}], give the potential skill for a properly calibrated ensemble as the 

number of independent ensemble members approaches infinity. The AUC is 

stratified by forecast ensemble sources (i.e., KNN7, KNN1 and MRF), event 

threshold (i.e., 2.5 and 12.5 mm/day) and the warm season month, respectively. 

The error bars are the 95% confidence bounds of the KNN7 system. Refer to the 

main text for details. 
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FIGURES 

 

 

Figure 1. The three objectively isolated homogeneous precipitation zones in the NAM 

region using the Principal Component Analysis (PCA) of daily precipitation 

correlation matrix: (i) PC1 (northwestern region explains 42% of the total variance); 

(ii) PC2 (southeastern region explains about 20% of the total variance); and (iii) PC3 

(eastern region explains 11% of the total variance). Insert is a Scree plot (dimension 
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truncation aid, see main text). The first inflection point in the Scree occurs between 

the third and the fourth eigenvalues. Open circles represent the rain gauge network 

while the closed circles represent ‘best’ gauging stations in the reference period 

[1979−1998]. Topography is indexed to a color palette. 
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Figure 2. The KNN algorithm at a glance (see main text for details). 
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Figure 3. Annual cycle of daily precipitation frequency in the period [1979−1998]. The 

precipitation-frequency information is derived separately for a combination of the 

following: data sources (i.e., observations, KNN and MRF), event type (i.e., 2.5 and 

12.5 mm/day) and the forecast lead time, respectively. The dashed line is for 

verification drawn from gauge stations in a principal component region. Error bars 

indicate the 95% confidence interval estimated from the KNN ensembles. 



 

 

109

 



 

 

110

Figure 4. The cumulative distribution functions (CDF’s) of mean daily rainfall amount 

(mm) for different warm season months in the period [1979−1998]. A 95% 

confidence limit is estimated from the KNN ensembles. The dashed line is for 

verification drawn from gauge stations in a principal component region. The thin gray 

line represents the raw MRF ensembles. The concave downward look is a signature of 

data that is positively skewed. 
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Figure 5. The MRF MRF model time-average warm-season precipitation patterns for 

forecast lead times 1, 3, 5, 7, 9 and 11 days. 
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Figure 6: The annul cycle of regionalized Spearman's rank correlation coefficient as a 

function of time obtained from the ensemble members and verifications in each 

principal component zone at 5-day forecast lead time. Values of the coefficients are 

average estimates for the period [1979−1998] conditioned on forecast lead times. A 

95% confidence limit is estimated from the KNN ensembles. The dashed line with 

closed circles represents the observed average value in a principal component region 

for the period [1979–1998]. 



 

 

115

 

Figure 7. The reliability (attributes) diagram for the warm season months in 1979−1998 

over each principal component zone. The reliability curves correspond to 2.5 and 12.5 

mm thresholds at days 1 and 5. For a given threshold and lead time, a reliability 
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diagram was generated by tallying the relative frequencies for 16 forecast 

probabilities [0/15, 1/15, … , 15/15] for all lead times. The shaded portion of the plot 

represents regions of skill (see main text for details). The KNN plots have 95% 

confidence interval on each conditional probability estimate. The dotted diagonal line 

represents the diagram of a perfect forecast. The dashed horizontal line represents the 

diagram of a no-skill forecast. Insert boxes are the refinement diagrams for the model 

forecasts. The dashed vertical line in the refinement diagram represents the model 

climatology. Separate diagrams are shown for each zone and month. 
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Figure 8. The warm season precipitation rank histograms for the KNN ensembles in both 

PC zones at lead time days 1 and 5. The dashed horizontal line is the expected value 

for a uniform distribution (1/16) and the error bars represent 95% confidence intervals 

for the KNN ensemble forecasts. Insert caption in each panel illustrates analogous 

results for the raw MRF ensemble. 



 

 

119

 



 

 

120

 

Figure 9. The 14-day evolution of the Brier skill score (BSS) decomposition for the 2.5 

and 12.5 mm limits. Only KNN curves are displayed since the MRF curves lie well 

below -20% (and lower bound of the KNN uncertainty bars), which denotes an 

unskillful forecast as noted for the reliability diagrams. 
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Figure 10. The average area under the Receiver Operating Characteristic curve (AUC) 

over each principal component zone is computed as a function of forecast lead time. 

The AUC estimation is based on a straight-line fit of (false alarm rate, hit rate) pairs 

to standard normal deviates; thus parametric estimates of the AUC, [AUC ∈ {0.5,1}], 

give the potential skill for a properly calibrated ensemble as the number of 

independent ensemble members approaches infinity. The AUC is stratified by 

forecast ensemble sources (i.e., KNN7, KNN1 and MRF), event threshold (i.e., 2.5 

and 12.5 mm/day) and the warm season month, respectively. The error bars are the 

95% confidence bounds of the KNN7 system. Refer to the main text for details. 
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ABSTRACT 

A conceptual-empirical, lumped hydrologic model was developed and calibrated to 

predict the natural variation of monthly streamflow at basin outlets in the North 

American Monsoon region during the rainy season from ensemble forecasts precipitation 

provided by a K-Nearest Neighbor (KNN) model prediction system. The percent bias in 

overall runoff ratio and mean square error on log transformed data were selected as 

objective metrics to condition model parameters on processes operating at seasonal time 

scales, such as climatic variability of evapotranspiration and this two-objective 

multicriteria optimization problem was solved using the MOCOM-UA global search 

algorithm and model results investigated for validity. The optimization algorithm was 

able effectively to provide six-parameter estimates that improved the ability of the model 

to represent important watershed process. The resulting model was able to simulate total 

stream volume and hydrograph timing for the same period on which it was observed and 

to replicate the periodic structure of the observed time series well. However, with the 

model structure used was not able to represent both normal and very high flow behaviors 

of the hydrologic system with a single parameter set, a result which may be related to the 

effect of using average precipitation flux. It is speculated that validated remote-sensed 

precipitation products may allow hydrometeorological model redesign to mitigate against 

this. 
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1. INTRODUCTION 

Rapid population growth and increased resource demand within the North American 

Monsoon (NAM) region is compromising finite water resources in the region (NWC, 

1995). This is especially true within many core NAM catchments, where water 

requirements for urban and rural communities must be carefully managed in order to 

mitigate periods of sustained drought. The significance of this issue is further heightened 

by water being unevenly distributed over space and time (Gochis et al., 2006). Therefore, 

achieving the right balance between water security, and social and economic 

development is critical for establishing adequate land resource management strategies in 

this region (WB, 2006). An important first step in this direction is developing improved 

forecasts of precipitation and streamflow on timescales that are relevant for water 

management decision-making (i.e. days to months).  

The annual rainfall regime in the NAM region is significantly controlled by warm-

season convective processes and exhibit considerable spatial and temporal variability 

which is attributed to the complex interactions between atmospheric circulation features 

and local topography (Liebmann et al., 2008, Gochis et al., 2007, Douglas et al., 1993). 

However, streamflow responses to precipitation forcing can exhibit significantly 

complex, time-varying and non-linear structures. Watershed modeling tools, in 

combination with skillful forecasts of precipitation, have the potential to provide spatial 

and temporal information about surface water flows in support of sustainable 

management of water resources [e.g., Donelly-Makowecki and Moore, (1999), Burnash 

(1995), Cameron et al. (1999)]. 
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Application of hydrological analysis and modeling tools in the NAM region are 

hindered by three fundamental problems. First, the basin hydrologic responses become 

more non-linear with increasing scale (i.e., Pilgram et al., 1998; Goodrich et al., 1997; 

Michaud and Sorooshian, 1994), in contrast to some other environments where linear 

scaling assumptions are more or less valid.  Second, the existing meteorological and 

hydrological observing network is spatially inadequate and the corresponding time series 

are often short and intermittent, being hampered by regional socio-economic constraints. 

Third, studies in ephemeral catchments have shown that flash floods from a single large 

storm can sometimes exceed the total runoff from a sequence of years (Wheater, 2008).  

Problems are further exacerbated by the high proportion of zero daily flows which 

implies that information content of even a relatively long record can be small (Ye et al., 

1997). These difficulties translate into significant diagnostic and predictive uncertainty. 

Process-based, or so-called ‘physics-based’ hydrologic prediction methods simulate 

rainfall-runoff processes by establishing physical relationships between observable 

catchment characteristics (e.g., geology, topography, soils and land cover etc.) and 

parameters for the hydrological processes represented in the model (e.g. Leavesley et al., 

2003). These methods have advantages such as the ability to simulate spatial distribution 

of hydrologic processes over a river basin but can require large computing resources. 

However, a few pervasive challenges complicate efforts to comprehensively assess 

differences between physics-based models and reality (e.g., see Beven, 2002): 

(i) Considerable difficulties exist in actually measuring many of the state and flux 

variables predicted by distributed numerical models, in part, because of the 
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discrete way in which such models are formulated. Consequently, comparison of 

small numbers of point state-variable measurements to grid-scale model 

predictions generally exhibits only mixed success (e.g. Lane et al., 1999). 

(ii) Scale dependencies in important parameter values derived for point-based 

observations to effective parameter values at the model grid scale are often 

difficult to generalize across entire modeling domains.   

Alternatively, simple-structured, conceptual models can sometimes be implemented 

to simulate the most important processes of regional or river basin water balances in 

highly heterogeneous hydrologic environments (e.g. Mouelhi et al., 2006). Specifically, 

conceptual watershed models infer model parameters values from existing 

hydrometeorological data, by establishing conceptual relationships between observable 

watershed characteristics (i.e., observed rainfall and streamflow) and the parameters for 

the hydrological processes represented in the model (i.e., the catchment water balance). 

These models can have several advantages over physics-based models discussed above.  

Conceptual models exhibit a great degree of flexibility in that their conceptual 

representation of hydrological processes is developed around the available data sets. An 

accumulated body of knowledge has demonstrated that most conceptual models are 

robust and perform well in ephemeral hydrological modeling (e.g., Wheater, 2008; 

Young et al., 2006; Ye et al., 1997; Chiew et al., 1993). However, Wheater (2008) 

comments that these model may misrepresent complex flow dynamics within arid basins 

(i.e. extremely large flows which are generated from small daily rainfall events are poorly 

simulated) if the series of observations is short. 
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This paper used the concepts of Young et al. (2006) to implement and calibrate a 

conceptual hydrologic model for prediction of the natural variation of monthly 

streamflow within NAM watersheds during the rainy season. Ensemble forecasts of 

streamflow conditions are produced using the ensemble precipitation forecasts of 

Maitaria et al. (2009) derived for the NAM region. These precipitation forecasts were 

developed using the K-nearest neighbor statistical post-processing algorithm (KNN). The 

KNN combines information of retrospective GCM forecasts with simultaneous local 

historical observations to produce skillful and reliable 15-member ensemble forecasts of 

daily precipitation out to a lead time of four to six days. The precipitation ensemble is 

likely to minimize spatio-temporal under-representations due to the paltry number of 

station records available for some NAM regions. To the best of our knowledge no study 

has attempted to use downscaled precipitation flux as a primary model input forcing in 

streamflow simulations in the NAM climatology. 

Our main objective is to develop streamflow forecasts at the basin outlets for different 

forecast lead times derived from the ensemble precipitation forecasts. Particular emphasis 

is placed on simulation of streamflows at lead times which are useful for sustainable 

management of water resources. Model results are evaluated using data from selected 

headwater catchments in the NAM region. As such, this paper focuses on applying an 

automated procedure for adjusting the lumped a priori parameter estimates of the 

hydrologic model so as to improve the overall performance of the model. 

The next section describes the study area and data sets used in this work. Section 3 

provides a summary of the model architecture and the methodology for estimating its 
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parameters. Section 4 discusses results from an application of the model to selected NAM 

hydrologic domains. Finally, section 5 presents a discussion of the study conclusions and 

offers some suggestions for improving ephemeral streamflow forecasts in this region. 

2. STUDY AREA AND DATASETS 

The study area is comprised of selected watershed within two principal component-

based hydroclimatic zones in the western side of the Sierra Madre Occidental (SMO), a 

large mountainous range in the West of Mexico (Figure 1). These hydroclimatic zones 

(i.e., PC1 and PC2) were derived via a rotated empirical orthogonal function procedure 

on daily summer precipitation anomalies for NAM region as described by Maitaria et al. 

(2009). There is a clear gradient in rainfall amount from PC2 to PC1. As discussed in 

various studies (i.e., Gochis et al., 2007 and Higgins and Gochis, 2007), the entire study 

area is subjected to the North American Monsoon system, during which precipitation is 

partially converted into stream flow. The watersheds are characterized by average annual 

runoff coefficients of less than 0.3 and streamflow is generally uninfluenced by upstream 

impoundments or diversion (Gochis et al., 2006). For the purposes of this study, observed 

streamflow data in unregulated headwater basins within the core monsoon region of the 

NAM of sizes ranging from 1,000 to 10,000 km2 were considered. Here, we define a 

hydrologic domain as an entity resulting from the union of adjacent basins which we 

assumed to be homogeneous in the context of hydroclimatic variability (hereafter region). 

Pertinent characteristics of the regions are shown in Figure 1 and listed in Table 1. All 

essential data types are comprised of 20 warm season months, June through to September 

(JJAS) for the period [1979–1998] (i.e., 4 × 20 = 80 months). This study period was 
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chosen because it overlaps with the downscaled precipitation ensemble time series 

developed in Maitaria et al. (2009). 

The monthly historical mean streamflow data used in the present analysis are the 

updated time series described by Gochis et al. (2006). All hydrologic domains have at 

least 95% of complete streamflow records for the JJAS months. For periods of missing 

data, an estimate of missing streamflow data points for each hydrologic domain was 

based on an algorithm that exploits both spatial and temporal covariability to estimate 

missing values from available values (c.f., Kondrashov and Ghil, 2006). This algorithm 

estimates missing data points on the basis of computed values of the mean and covariance 

components of the discontinuous data set. The algorithm first computes the principal 

components of that data set. Next, the leading principal component modes are subjected 

to a moving window cross-validation optimization where noise is discarded and 

estimated signals are used to fill the gaps. In brief, the scheme can be assumed to be 

synonymous with the general Singular Value Decomposition (SVD; Cherry, 1997) 

framework, which underlies both regression and principal components analysis. 

Evapotranspiration (ET) flux is an important hydro-climatic component of the long-

term water balance but estimates of ET are notoriously uncertain (Vazquez and Feyen, 

2003; Vorosmarty et al., 1998). For this work, evapotranspiration data set is composed of 

the 1° × 1° gridded 3-hour product provided by the North American Regional Re-analysis 

(NARR; Mesinger et al., 2006). While the NARR data is in fact a model estimate of ET, 

it is more self-consistent than other data products (e.g. pan-evaporation) for this area. The 
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NARR data for the same study period covering the entire study region was aggregated to 

daily ET values.  

The mean areal precipitation estimates are derived from the daily member ensemble 

precipitation. By virtue of being an ensemble set, this dataset offers an opportunity to 

estimate uncertainty in the simulated flows. All forecast points from the existing gaging 

network inside a principal component zone for all ensembles were averaged. Similarly, 

calculations were made to obtain average daily ET values from all grid point 

measurements in the same principal component zone. These indices were then used to 

compose the input forcing for the hydrological model simulations average monthly 

historical streamflows compared against simulated (or ‘hindcast’) time series for each 

region separately.  

3. HYDROLOGIC PREDICTION MODEL  

The hydrologic prediction model is a hybrid conceptual-empirical lumped type of 

daily time step. Its architecture is based on the conceptual rainfall-runoff model 

developed for streamflow predictions in similar ephemeral river systems in Australia 

(Young et al., 2006) ─ a brief description is included in the Appendix 1.  The model uses 

daily precipitation and evaporation as input data. It is comprised of a soil moisture 

accounting component (SMA) linked to a linear flow routing component. The SMA 

scheme has a limited storage capacity that simulates rainfall interception and uses a 

nonlinear scheme to generate runoff. This approach is identical to the method used by Ye 

et al, (1998). The sum of the daily runoff components is further aggregated to compute 
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total catchment runoff. Finally, a routing operator transforms the rainfall excess into 

stream discharge. 

We examined both the evapotranspiration flux and observed streamflow records for 

records during the June-July-August-September (JJAS) period and historical stream flow 

records for the JJAS period for completeness. Records where missing data was less than 

5% of the entire JJAS time series were used and the missing data was estimated 

following a procedure described in Section 2.  

Each region was conceptually represented by four SMA parameters and two routing 

parameters (see Figure A1 in Appendix 1). It was assumed that infiltration excess runoff 

(i.e. Hortonian flow) is the dominant runoff process and the influence of groundwater on 

runoff production is negligible. The model assumes that the rainfall excess is non-linearly 

related to the input precipitation flux and rainfall excess is routed through a linear 

reservoir to generate runoff. The gradual decrease of discharge occurring on the recession 

limb of the hydrograph is approximated by hydrograph recession parameters. Finally, 

model components and parameters that control the overall water balance are evaluated 

using statistical metrics related to aggregate streamflow behavior at monthly time scales. 

The streamflow prediction experiment is performed in two steps. The model is run at 

a daily time step driven by the mean precipitation value of the 15-member ensemble and 

the ET, to predict daily runoff. Evapotranspiration flux was used as an index of 

atmospheric demand and the daily difference between precipitation and 

evapotranspiration was an estimate of water availability. Note that this model is not 

configured to simulate single-event storms. Each input forcing is in the form of a time 
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series of daily principal component zone average. The model output is the total monthly 

streamflow obtained from aggregating daily modeled values. To this end, model 

parameters were calibrated from the observed stream flow records (cf. Beven and Binley, 

1992; Reed et al., 2004) using the multicriteria global optimization algorithm 

(MOSCEM-UA) of Gupta et al. (1998). Model parameters are uniquely identified for 

each region. In the following section we discuss in detail the results of applying the 

MOSCEM-UA to calibrate the model, with optimized simulation results compared to 

measured streamflow for the study period 1979–1998.  

The aforementioned procedure was repeated 15 times to generate 15 ensembles of 

streamflow predictions. Each prediction time series was generated using the calibrated 

model parameter set but using one precipitation ensemble obtained from the 15-member 

ensemble set. The basic assumption was that the output streamflow ensemble members 

are more representative of possible input uncertainty compared to when the model is 

forced with the mean of the entire 15-member precipitation ensemble. We assumed that 

all the ensemble members are statistically identical (i.e. independent and equally likely), 

thus, allowing the calibrated parameter sets to be transferable to each simulation. The 

model can also be executed for multiple ensemble precipitation lead times, using 

different precipitation ensemble members (i.e., ensemble member = [1 to 15]) to generate 

streamflow predictions. These streamflow ensemble predictions may allow water 

resource managers to make informed choices of a probability threshold appropriate to 

their water demand circumstances (i.e., Richardson, 2001). 
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4. RESULTS AND DISCUSSIONS 

Annual hydrographs from the study region is shown in Figure 2. This plot serves to 

further illustrate the point made in the introduction section that more than two-thirds of 

the annual flow occurs during the warm season (June to October). Thus, the ability to 

forecast in advance river flow during the warm season is very desirable and valuable for 

management of water resources in the study region.  The aim is to satisfactorily 

reproduce those statistical properties of the streamflow time series that are critical from a 

water resource planning and management perspective (e.g., mean, median, variance, and 

temporal correlation structure). Therefore, analysis focused on evaluating the model 

components and parameters that control mass balance. Note that this model does not have 

sufficient capability to model very small drainage areas such as that region 2 in PC1, so 

this small region was excluded from subsequent analyses. 

The overall water balance of the system was assessed in terms of total monthly flow 

volumes. From a hydrological modeling viewpoint, it was assumed that regions in NAM 

region are Hortonian-type runoff dominated. Studies from other arid environments in 

different continents have shown that the validity of Hortonian runoff mechanism in Spain 

(Bergkamp, 1998), Arizona (Goodrich et al., 1997) and the Sahel (Ribolzi et al., 2007). 

The percent bias in overall runoff ratio (%BiasRR; equation 1) and mean square error on 

log transformed data (%BiasFMM; equation 2) were used as overall metrics for model 

calibration.   Each metric can take either positive or negative values while seeking a value 

of zero. These two metrics are supposed to condition model parameters on processes 

operating at seasonal time scales such as climatic variability of evapotranspiration.  
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Here the %BiasRR is defined as: 

%BiasRR =
QSt − QOt( )

t =1

N

∑

QOt
t =1

N

∑
x100

 

(1) 

where, QO and QS denote time series of observed and simulated flow, respectively.  

The %BiasFMM is defined as: 

%BiasFMM =
log(QSmed ) − log(QOmed )

log(QOmed )
x100

 
(2) 

where QOmed and QSmed denote observed and simulated flows, respectively. 

Comparison between measured and simulated streamflows in Figure 3 indicates that 

the model generally predicts the region variation in water amounts well, with a log-

transformed mean square error (MSE log10) = 0.27; a log-transformed flow duration 

curve (MSE FDC log10) = 0.14; %BiasRR log10 = -0.84%; and %BiasFMM log10 = 

2.37% for region 3. Similar results were observed for region 1. The residual plots 

essentially exhibit ‘white noise’ behavior implying that no ‘predictability’ is left and that 

most of the meaningful information has been incorporated from the data and into the 

model. The central tendencies of the model (the mean, median and standard deviation) 

are preserved (Table 2), although these statistics are by themselves are not exhaustive.  In 

fact, the majority of high flood peaks are missed, and that the data scatter is fairly large. It 

is hypothesized that the large scatter is caused by the SMA model parameters varying in a 

non-linear fashion due to the complex nature of the hydrologic response characteristics of 

headwater regions. 
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Model performance was then tested using flow duration curves (FDC; see Nathan and 

McMahan, 1990). A FDC provides information regarding the ability of a model to 

produce flow values of different magnitudes but carries no information on whether a 

particular simulated flow volume corresponds to the same period on which it is was 

observed. A preliminary analysis of existing streamflow data had suggested that low 

flows are the most common components of the rivers and streams in this region. 

Therefore, the datasets was log-transformed in order to increase the sensitivity of FDC to 

low flows. An inspection of the FDC (Figure 4) shows: 

i) The model generally represents the distribution of flows in region 3 well. However, 

flows below 5 mm/month and above 100 mm/month were generally not well 

modeled. 

ii) There is a mismatch between simulated and verification curves for region 1 in that 

the model exhibits a dry, or low flow, bias. Nonetheless, these forecasts still 

provide useful statistical information for water resources. 

In addition to these analyses, the fit between daily observed and simulated 

streamflows (Figure 5) was examined. The large degree of scatter probably signifies that 

the real watershed exhibits more complex behavior than the model representation and that 

there are likely to be uncertainties with respect to the precipitation forcing. Additionally, 

the hydrologic response in the headwaters can be so rapid that a model time step of one 

day may only provide a crude estimate of the streamflows. The travel times of runoff 

crests along arid zone rivers become systematically shorter at higher discharges (Sharma 

and Murthy, 1998; Ben-Zvi et al., 1991). The travel times for large flows in NAM 
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watersheds are of the order of hours. We therefore speculate that hourly data will produce 

better predictions because it would allow us to perform to optimize the system on the 

basis of timing in watershed lag time and test hypotheses about the underlying 

hydrological processes. 

Next, the histogram of residuals was used to ascertain whether the residuals are 

random and contain no systematic trend. The residuals were scaled by the residual 

standard deviation. The structure seen indicates a partially right-skewed distribution of 

the residuals (Figure 6). Ideally, the histogram should have a bell-shaped symmetry (i.e., 

a Gaussian distribution). These results indicate potential problems with the hypothesis 

that infiltration excess dominates in this region. 

Additionally, we compared the frequency signals in both observed and model-

simulated time series. A close correspondence between the frequency peaks for the two 

datasets would suggest that the model’s response to input forcing is reasonable. A 

Fourier-transform-based power spectral analysis (PSD; see Fleming et al., 2002) was 

used to explore the frequency content of each of the hydrologic time series and 

graphically compared. The PSD results (Figure 7), indicated that simulation model 

replicates the periodic structure of the observed time series well i.e., the two signals 

contain oscillations of similar frequency. This was the case for either region 1 or 3.  

We had hoped to improve estimates for the model parameters by using other different 

sets of statistical measures to search for parameter fields that provide improved model 

performance (see Appendix 2). However, normalized parameter plots of any two-

objective Pareto set had wide spread of most parameter values indicating presence of 
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large parameter uncertainty (result not shown). The large parameter uncertainty of the 

Pareto set is likely due to a combination of errors related to model structural inadequacies 

and input and output measurement errors, but could also be caused by correlations 

between different parameters. Parameter uncertainty may also result from low 

information content of the measurements.  

It is important to remember that, in the NAM region, there has been substantial soil 

degradation such that appreciable areas are devoid of natural vegetation cover (e.g., see 

Perez-Verdin et al., 2009; Trejo and Dirzo, 2000). Hydrologic studies in this region, e.g., 

Viramontes and Descroix (2003), have shown that the characteristic time of soil moisture 

depletion values have been decreasing slowly (i.e., there has been a progressive reduction 

in soil moisture holding capacity) between the 1970s and the 1990s. The observed 

hydrological behavior change is consistent with on-going land use changes. Time 

evolution of the soil moisture depletion impacts the soil water-holding capacity parameter 

used in the model described here (i.e. model parameter, STc – see Appendix 1). 

Therefore, a lack of streamflow concordance between the model and verification during 

our study period 1979–1998 could also be influenced by modifications due to the 

ongoing land cover changes. We speculate that the large differences between observed 

and simulated streamflow estimates in PC1 might be attributed to more intense land 

degradation in that region. Thus, it may be appropriate to increase the model 

dimensionality by adding an “effective friction” parameter that is closely related with 

land cover state.  Existing, gridded satellite-based estimates of land cover types could 
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potentially be a source of information quantifying this new parameter (e.g. Chen et al., 

2003). 

Since the distributions of causal rainfall and runoff are different for each NAM 

hydrologic unit, there is concern that regional average areal precipitation estimates reduce 

the degree of temporal rainfall variability. These hydrologic units respond sensitively 

(with a short lag time) to natural rainfall variability. Unfortunately, the implication of 

mean regional fluxes is misrepresentation of some subtle nonlinearities information that 

can be critical for estimating peak flows from these watersheds. Watershed-specific 

temporal distributions, if available, would guarantee that the frequency distribution of 

synthesized peak runoff is the same as that of observed values. 

5. CONCLUSIONS AND RECOMMENDATIONS 

This paper presents the implementation of a numerical model that uses statistically 

downscaled precipitation ensemble and evapotranspiration datasets as inputs in the 

generation of streamflow simulations within the North American Monsoon (NAM) 

region. The study was motivated by a need for improved forecasts of ephemeral 

streamflows in support of sustainable management of water resources within the NAM 

region. We used previously developed KNN-downscaled precipitation ensembles as 

surrogate observed data to confront inadequacies in the historic data and utilized its 

extended lead time ensemble components. Warm season months of June through to 

September for period [1979–1998] were simulated since this period contained 

overlapping streamflow and the downscaled precipitation ensemble time series. 
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The North American Regional Re-analysis evapotranspiration information (Mesinger 

et al., 2006) was used as an index of atmospheric demand. The daily difference between 

precipitation and evapotranspiration was estimated as an indicator of water availability. 

Flow equations based on the principle of mass balance and time response were used for 

simulating hydrologic fluxes on the basis of Hortonian runoff principles. In this regard, a 

two-objective multicriteria optimization problem was formulated in the context of overall 

water balance and temporal redistribution and solved with a computerized global search 

procedure algorithm (Gupta et al., 1998). The resulting six-member parameter set 

provided consistent and reliable model forecasts. 

Preliminary results show that use of the precipitation ensemble provides consistent 

estimates of hindcast streamflows, especially in region 3, which happens to be the largest. 

In particular, we were able to improve the model performance in terms of water balance 

and hydrograph timing. A power spectral density (PSD) analysis confirmed that the 

simulation model replicates the periodic structure of the observed time quite well. 

However, we were less successful in regard to large or “extreme” events despite the 

optimization of parameters that favor contribution to direct runoff. The Pareto set of 

optimized parameters had a large uncertainty band indicating either inherent weaknesses 

of the hybrid model structure or model input errors. Underestimation of extreme events 

could also be due to the effect of using mean square error on log transformed data; a 

performance measure which is less sensitive to extreme event flows. Significant 

uncertainty (and error) is introduced by using the average precipitation flux from the 

entire climatology (given that our exiting data network is sparse) in model manipulations 
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because it translates into loss of some subtle nonlinearities that may be significant to 

runoff generation processes.  

Additionally, a number of hydrologic studies in our study region (e.g., Viramontes 

and Descroix, 2003) have demonstrated that runoff and channel flow dynamics have 

undergone changes from the 1970s to the 1990s due to human-induced land cover 

changes. A lack of streamflow concordance between the model and verification during 

our study period 1979–1998 may be attributed, in part, to these changes. This model 

weakness could potentially be mitigated by inclusion of complimentary data types which 

better characterize ground characteristics (i.e. remotely sensed land-use/land-cover 

information). Such complimentary dataset may also help improve parameter 

identifiability. Satellite data may provide information on time-variable land cover types. 

The information extractable from validated remote-sensed products and observed data 

sets may provide a means for hydrometeorological model redesign in a way that has not 

hitherto been possible. 
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APPENDIX 1 

This Appendix presents the mathematical formulations of the conceptual model 

algorithm (cf. Young et al., 2006 and Ye et al., 1997). The model assumes that infiltration 

excess runoff (i.e. Hortonian flow) is the dominant runoff process. 

The input daily rainfall (RF) time series for the model is a proportional mix (k1) of 

catchment daily rainfall (CR) and local daily rainfall (LR) (Equation 1). In this study CR 

will be the principal component zone average rainfall assumed to fall uniformly and LR 

is the daily rainfall record for the rainfall stations within the watershed under 

consideration. RF generally captures some of the spatial variation in contributing rainfall. 

Note that CR is computed from the KNN ensemble precipitation data (having undergone 

some degree of quality control and some arithmetic manipulation); LR ∈ CR. 

( ) CRk1LRkRF 11 ∗−+∗=  where 0 ≤ k1  ≤ 1 (1)

The daily rainfall excess (RX) time series is non-linearly (k3) dependent on RF and 

linearly dependent on catchment values of daily evaporatranspiration, ET. While ET can 

affect the water balance (and shape of the hydrograph) at various timescales – e.g. 

evapotranspiration has a feedback mechanism with infiltration at short time scales – its 

major role is to control the long-term water balance. 

( )tt2t ETRFkRX 3k −∗=  where 0 ≤ k2  ≤ 1 (2) 

The rainfall excess RX is scaled (k2) to ensure equivalence of the volumes of rainfall 

excess and the total generated (recorded) streamflow during the modeling period.  
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The rainfall excess is then passed through a single linear reservoir (of capacity STC) 

to evaluate the volume in store, ST (Equation 3). ST can be considered to lump 

interception storage, surface depression storage and soil moisture storage. 

t1tt RXSTST −= −   (3) 

Storage-excess runoff (Q) occurs when ST > STC: 

Ctt STSTQ −=   (4) 

As a simple means of modeling hydrograph recession after storage-excess runoff 

ceases, a linear hydrograph recession parameter is used, such that if STt = STC and Qt-1 > 

k4 then: 

1t5t QkQ −∗=  where 0 < k5 < 1 (5) 

Else if Qt-1 ≤ k4 then Qt = 0. Here, k4 is an arbitrary lower limit at which the 

proportional flow recession of Equation 5 is deemed to be equivalent to no-flow. The 

hydrograph recession parameter (k5) is a constrained proportioning factor. 

In summary, the model has three input daily time series (CR, LR, and ET) and six 

parameters (k1–k5 and STC). These parameters require calibration. 
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APPENDIX 2 

This Appendix presents the mathematical formulations of the statistical measures 

referenced in this paper (see Gupta et al., 1998).  The diagnostic statistical measure for 

water balance is the percent bias in overall runoff ratio (%BiasRR). Note that since the 

runoff ratio computations for the observed and simulated cases use the same observed 

precipitation dataset, the definition of %BiasRR simply requires time series of observed 

flow (QO) and simulated flow (QS):  

%BiasRR =
QSt − QOt( )

t =1

N

∑

QOt
t =1

N

∑
x100       (B.1) 

The statistical measure %BiasFMM was calculated using the median value of the 

observed (QOmed) and simulated (QSmed) flows as an index: 

%BiasFMM =
log(QSmed ) − log(QOmed )

log(QOmed )
x100      (B.2)  

The diagnostic statistical measures for vertical redistribution are the percent bias in 

FDC mid-segment slope (%BiasFMS): 

%BiasFMS =
log(QSm1)− log(QSm2 )[ ]− log(QOm1)− log(QOm2 )[ ]

log(QOm1)− log(QOm2 )[ ]
x100  (B.3) 

where m1 and m2 are the lowest and highest flow exceedance probabilities (0.2 and 

0.7 respectively) within the mid-segment of the flow duration curve. 

The percent bias in FDC high-segment volume (%BiasFHV) is computed as follows: 
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%BiasFHV =
QSh − QOh( )

h=1

H

∑

QOh
h=1

H

∑
x100       (B.4) 

where h = 1,2,…H are the flow indices for flows with exceedance probabilities lower 

than 0.02.  

The diagnostic statistical measure for long-term baseflow is the percent bias in FDC 

low-segment volume (%BiasFLV): 

%BiasFLV = −1⋅
log(QSl ) − log(QSL )[ ]

l=1

L

∑ − log(QOl ) − log(QOL )[ ]
l=1

L

∑

log(QOl ) − log(QOL )[ ]
l=1

L

∑
x 100  (B.5) 

where l = 1,2,..L is the index of the flow value located within the low-flow-segment 

(0.7-1.0 flow exceedance probabilities) of the flow duration curve, L being the index of 

the minimum flow. 
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Figure 2. An annual average hydrograph for region #3 where monthly values (%) are the 

average for the region. [Note: Similarly results are found for all NAM regions.] 
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Figure 3. Precipitation in mm/day but observed, modeled and residual monthly flows in 

mm/month for all 20 JJAS seasons: top figure for region 3, bottom figure for region 

1. 
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Figure 4. Flow-duration curve of observed and simulated monthly streamflows for model 

based on all 20 JJAS seasons: top figure for region 3, bottom figure for region 1. 
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Figure 5. Observed versus simulated streamflows on a logarithmic scale based on all 20 

JJAS seasons: top figure for region 3, bottom figure for region 1. 
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Figure 6. Histogram of residuals (scaled by the residual std deviation) based on all 20 

JJAS seasons: top figure for region 3, bottom figure for region 1. 
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Figure 7. Independently normalized power spectra of observed discharge and of the 

discharges predicted by the calibrated model. The two signals contain oscillations of 

similar frequency.  This figure is typical for either region 3 or region 1 (see main 

text). 
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Figure Appendix_1: A simplified illustration of the rainfall-ET-runoff model. 
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TABLES 

 

Table 1: Hydrologic domains (basins) in the NAM region. 

Region 1 2 3 

Coverage Area (Km2) 12,131 8,390 21,507 

Principal component zone  PC1 PC1 PC1 

    

 

Table 2: Basic statistical results (mm/month) 

 Region 1 (PC 1) Region 3 (PC 2) 

mean median std mean median std 

Simulated 30.5 44.3 26.2 44.6 21.4 32.4 

Observed 30.8 46.1 28.2 45.0 20.7 34.0 

       

 


