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ABSTRACT 

The recent increase in the use of ensembles in numerical weather prediction has led to 

new information being available to forecasters, including uncertainty statistics and 

probabilistic guidance. Ensemble Sensitivity Analysis (ESA) offers additional 

information that describes the relationship between a forecast metric known as the 

response function and initial or early forecast errors, and it is capable of revealing 

features of the flow that are dynamically relevant to the chosen forecast. The applicability 

of ESA to a high resolution convection forecast of April 2012 is investigated with an 

Ensemble Kalman Filter based on the Weather Research and Forecasting model. It is 

shown that forecasts of convection are primarily sensitive to positional differences in the 

synoptic-scale flow. The selection of the response function is also explored to determine 

how to choose a convective forecast metric. Sensitivity does vary with the choice of 

response, but the same features tend to be highlighted in all cases. 

Sensitivity is also compared with a standardized form in which the raw value is 

weighted by the ensemble spread in order to determine the merit of each type. The 

standardized sensitivity provides information on expected forecast error, and it reveals 

features that are not highlighted in the raw sensitivity. In addition, a cross-grid approach 

to sensitivity is studied in order to determine if it shows similar results as the same-grid 

method. Results show them to have differences, but the cross-grid method still reveals 

realistic features in the context of the event.
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CHAPTER 1 

INTRODUCTION 

Numerical weather prediction (NWP) is an initial-boundary value problem, which 

requires both perfect knowledge of the initial and boundary conditions and the dynamical 

governing equations (a model) to produce an accurate forecast. Errors in either of these 

will introduce errors to the forecast. Many sources contribute to model error. Due to the 

complexity of the equations that govern atmospheric flow, they cannot be solved exactly. 

This requires numerical approximations that involve spatial and temporal discretization 

of atmospheric variables. Greater accuracy can be achieved through finer resolution of 

the spatial and temporal scales, however, this increases the demand of computational 

resources. Not every particle can be modeled, so parameterizations are necessary to treat 

the bulk effects of sub-grid processes. These parameterizations are another source of 

error because they involve simplifications in order to solve the problem. Examples of 

these include radiative transfer, cloud microphysics, and turbulent energy transfer. 

Because of the nonlinear nature of the atmosphere, errors can accumulate quickly, 

causing two states with very small initial differences to evolve to very different states. 

Lorenz (1963) contributed to early work on the stability (predictability) of deterministic 

nonperiodic systems, such as the atmosphere. Results of the study suggested that two sets 

of initial conditions that differ by less than observing instrument error may produce 

forecasts that are very different, effectively limiting the predictability of a system. 

One method to study predictability is with sensitivity analysis. A broad definition 

of sensitivity is the degree to which a variable responds to changes of input or model. In 
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numerical weather prediction this can be seen as how a forecast changes with the initial 

conditions or model setup (e.g., grid spacing, physics parameterizations). Knowledge of 

sensitivity can give guidance on how to improve forecasts. Of particular interest here is 

the sensitivity to initial conditions. For example, if a Texas wind speed forecast is highly 

sensitive to initial pressure errors in Kansas, then perhaps more attention is warranted in 

improving the initial pressure field in Kansas. In addition, sensitivity can give clues to the 

dynamics behind a weather event. In this example the relationship between the wind 

speed forecast and pressure field in Kansas may indicate a weather feature that either 

causes or is related to a cause of the forecast. 

In order to account for the effects of initial condition errors, a probabilistic view 

of the atmosphere is taken. One method to do this is a sample (ensemble) of states 

(members) that represent the atmospheric probability density function (PDF). While there 

are several techniques to produce ensembles, the Ensemble Kalman Filter (EnKF) allows 

for flow-dependent errors, which means that the uncertainty is related to current features 

in the flow rather than historical relationships. With the EnKF the uncertainty 

information is propagated with the atmospheric state and updated from observations 

through data assimilation. Since the EnKF samples the PDF, each member can be 

integrated to produce probabilistic, flow-dependent forecasts. 

A method known as Ensemble Sensitivity Analysis (ESA) is used within an 

EnKF. ESA takes a set of forecasts with varied initial conditions and determines 

relationships between forecasts and initial or early forecast conditions. Because of the 

flow-dependent nature of the ensemble, ESA highlights dynamical relationships that are 
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important to a chosen forecast metric. Here a multigrid EnKF is used to produce 

ensemble forecasts of an April 2012 Southern Plains convective event, and ESA is 

applied. The following questions are addressed in this thesis: 

1. What is the nature and temporal evolution of convective sensitivity fields? 

2. What is the variability of ensemble sensitivity fields for response functions that 

use different variables to diagnose convection (e.g., simulated radar reflectivity, 

vertical velocity, etc.)? 

3. How does sensitivity vary with the size and location of the spatial extent of the 

response function? 

4. How should sensitivity versus a standardized sensitivity be interpreted? 

5. Can a forecast on a high resolution nest be related to larger scale features on a 

parent domain with sensitivity? 

Chapter two provides a background on data assimilation, and Ensemble Sensitivity 

Analysis is presented. Chapter three describes the setup of the model and data 

assimilation, and chapter four covers an overview of the selected event. Chapter five 

presents results. Chapter six summarizes and concludes the research. 
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CHAPTER 2 

BACKGROUND 

2.1 Data Assimilation 

Due to its chaotic nature, atmospheric prediction is as much a data assimilation 

problem as a model development problem. Generally, data assimilation can be defined as 

preparing an initial state for a model from observations. Kalnay (2003) provides a 

summary of several methods that have been developed throughout history. Early work in 

NWP used subjective analyses produced by forecasters. For example, Charney et al. 

(1950) used U.S. Weather Bureau analyses interpolated to a grid. It was determined 

though that analyst biases introduced unwanted errors into the forecasts, and objective 

analysis would be more accurate. Work by Panofsky (1949) and Gilchrist and Cressman 

(1954) used polynomials to interpolate observations to grid points objectively. Several 

objective interpolation functions were developed, and the combination with a first guess 

or background field led to the general method of four-dimensional data assimilation, 

which can be divided into empirical and statistical schemes (Kalnay 2003). 

The empirical schemes are divided into the successive corrections method (SCM) 

and Newtonian relaxation. The SCM performs several iterations in which a background 

field is modified by observations weighted according to their distance from the grid point 

of interest. The relaxation method nudges the model state closer to observations by 

introducing an additional term into the model tendency equations (Kalnay 2003). 

Statistical schemes use likelihood information from the background and available 

observations to determine the most likely state through least squared error. Evensen 
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(2007) develops data assimilation in a Bayesian context. If the vectors x and y represent 

the atmospheric state and observations, respectively, then from Bayes’ theorem we know: 

                   (2.1)  

Equation 2.1 states that the probability of the state of the atmosphere given observations 

(the posterior) is proportional to a prior estimate of the distribution and the observation 

likelihood. For normally distributed errors these are Gaussian functions. The vector xb is 

the background state, and the matrices B and R are the background and observation error 

covariances, respectively. The matrix H maps the state variables to observations. The 

resultant combination of the prior and observation in a 1D problem is shown in figure 2.1 

           
 

 
      

            (2.2)  

             
 

 
                  (2.3)  

 

 
Figure 2.1: 1D example of combination of prior with observation. There is more uncertainty in the prior 

than the observation, which causes the posterior to be weighted more towards the observation. Note that the 

posterior distribution also has less uncertainty than the other distributions. 
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 The most likely state is the peak of the posterior distribution. Evensen (2007) 

defines a function J, where             
 

 
  . It is clear that when J is at its 

minimum the posterior is at its maximum. The function J is defined as: 

         
                            (2.4)  

Minimizing this cost function will provide the maximum likelihood state. This can be 

done by differentiating J with respect to x and setting it equal to zero. 

 
  

  
                           (2.5)  

There are two methods to determine the maximum likelihood state: variational and direct 

solve. The variational method determines the most likely state through an iterative 

procedure that minimizes equation 2.5 by guessing state vectors until the result is within 

a threshold of zero. The direct solve method determines the analysis state vector by 

solving equation 2.5 for x. 

                            (2.6)  

The vector x is given the subscript "a" to indicate it is the analysis. It can be seen that 

there are large matrix operations involved with this method, which are computationally 

expensive for large systems like in high resolution numerical weather prediction. 

The current implementations of the two methods are 3DVAR (variational) and the 

EnKF (direct solve). All else being equal these methods will result in the same solution. 

Differences arise, however, in the assumptions made about the background error 

covariance matrix B. The 3DVAR approach assumes static covariances between state 

variables. The National Meteorological Center (NMC) method described by Parrish and 

Derber (1992) creates B by calculating the covariance of differences between two 
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forecasts verifying at the same time for a sample of several cases from previous forecasts, 

such as the past few months. 

The relationships between state variables are not likely to be static, so it would be 

useful to be able to update B with every cycle to represent the covariances of the most 

current state. The Kalman Filter (Kalman 1960) is capable of doing this but only 

accurately for a linear system with normally distributed errors, and it is computationally 

prohibitive for large systems such as with NWP. The Ensemble Kalman Filter (EnKF) 

was introduced by Evensen (1994) as a computationally tractable approximation to the 

Kalman Filter that could be used in nonlinear systems such as the ocean or atmosphere. 

The analysis update equation (Eqn. 2.6) can be rewritten in a more concise form using the 

Kalman gain matrix K to represent all of the weights. 

                (2.7)  

In the EnKF an ensemble is used to approximate the probability distribution. Each 

member can be integrated separately with the model, and the background covariances are 

the sample covariances. 

   
 

   
      

  (2.8)  

The state and ensemble sizes are M and N, respectively. The matrix δXb
 
is dimension 

MxN, where each column represents a member’s perturbation from the ensemble mean. 

The background error covariance matrix B can also be updated to the analysis error 

covariance matrix A. 

           (2.9)  
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Since the covariances are determined by the ensemble and updated with every 

assimilation, the relationships between variables are considered flow dependent. This is 

the major difference from 3DVAR, and it allows for more realistic spreading of 

observation information with anisotropic features such as strong temperature gradients 

seen along frontal boundaries (Fig. 2.2). 

 

 
Figure 2.2: Illustration of how observation information might be spread for flow-dependent (left) and static 

(right) covariances. 

 

 Two major assumptions of most data assimilation algorithms are uncorrelated 

observation errors and normally distributed errors. The first of these allows for 

assimilation of observations in serial rather than parallel. The second only requires the 

mean state vector and covariance matrix to be stored. Anderson and Anderson (1999) 

develops a general structure for ensemble-based nonlinear filters that can assume any 

error distribution. The EnKF is a specific nonlinear filter in which normally distributed 

errors are assumed. If the atmospheric PDF is non-Gaussian such as with moisture 



Texas Tech University, Christopher N. Bednarczyk, August 2013 

 

9 

 

variables that cannot have a negative value, then the EnKF may produce poor results. 

Anderson and Anderson (1999) also develops a Kernel Filter in which the PDF is 

approximated with many Gaussian kernels that are added to produce a non-Gaussian 

distribution. This method allows for multi-modal PDFs. Other distributions could also be 

implemented with the additional computation requirement of tracking higher moments of 

the PDF. 

2.2 Ensemble Sensitivity Analysis 

As previously mentioned sensitivity is the degree to which a variable responds to 

changes of input or model configuration. Ensemble Sensitivity Analysis addresses the 

initial condition sensitivity. It works similarly to the Kalman gain equation of the EnKF, 

which uses a linear regression to estimate relationships between state variables. ESA uses 

this same linear regression technique, except between forecast times instead of only at 

analysis time. In formulating the definition of ESA, a scalar forecast metric known as the 

response function J is defined, which can be any explicit or derived model variable. The 

Mx1 vector x is defined as the analysis or early forecast time state vector. The sensitivity 

is then how J changes with respect to x. With an ensemble there are N estimates of both J 

and x. The vector δJ is defined to be a 1xN row vector and δX a MxN matrix, where the 

columns represent each member’s perturbation from the ensemble mean. The sensitivity 

is simply the slope of the linear regression, which is the covariance of J and x divided by 

the variance of x. 

 
  

  
          

        

      
 (2.10)  
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The sensitivity is a Mx1 vector that represents the sensitivity of J to every state variable 

at initial or early forecast time. The matrix D is MxM with the state vector variances on 

the diagonal and zeros elsewhere. Figure 2.3 shows a hypothetical example of ESA. Here 

x is the initial 500 hPa geopotential height and J is the 24 hour forecast of wind speed 

(not necessarily in the same physical location). Each point represents an ensemble 

member, so a least squares linear regression can be done to find the line that best fits the 

data. The slope of the line indicates how the forecast wind speed changes with the initial 

geopotential height. This is a 1D example, so this process can be extended to every model 

grid point independently to provide a field of sensitivity. This will highlight specific 

regions and weather features to which the forecast wind speed is more or less sensitive. 

The sensitivity provides information on how an initial or early forecast error may 

be related to response function error, but it does not account for the expected magnitude 

of initial condition error. In addition it is difficult to compare sensitivity magnitudes for 

different variables. By multiplying the sensitivity by the standard deviation in the 

ensemble (a probable error), a predicted error (standardized sensitivity) can be calculated. 

    
  

  
   (2.11)  

This standardized sensitivity will have units of the response function, so it can be 

compared among variables, levels, and times. This is advantageous in situations where 

there are large differences of spread in the ensemble for different locations. For example, 

if the sensitivity at a point is 20 dBZ °C
-1

, then an interpretation is a 1 °C perturbation 

would be related to a 20 dBZ increase of the forecast. However, if a unit perturbation is 

very unlikely (based on knowledge of the ensemble spread), then the sensitivity is 
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misleading. If the ensemble standard deviation at that location is only 0.5 °C, then the 

anticipated forecast error from a likely perturbation there is 10 dBZ. If the sensitivity at a 

different location is 5 dBZ °C
-1

 and spread is 5 °C, then an expected response function 

error is 25 dBZ. In this example the forecast is more sensitive to expected initial errors at 

the second location. 

It should be noted that unlike other sensitivity methods ESA can only be used to 

statistically relate variables. This is because a perturbation to one state variable would be 

spread to other state variables due to covariance. All forms of sensitivity are based on a 

linear assumption. The difference in the ensemble approach, however, is it allows for the 

full nonlinear model integration before determining the linear relationships. The 

atmosphere is a nonlinear system, so there are limitations to the linear assumption. For 

example, figure 2.4 shows a hypothetical case of a relationship in which a linear fit is not 

the best description of the data. The linear sensitivity can still be calculated as long as the 

initial condition variance is nonzero, but a nonlinear relationship would perhaps provide a 

better fit. This may be useful for example in binary processes like convection. However, 

each member is equally likely, so sensitivity should not be allowed to depend on the 

state. The benefit of using a linear function is that one number can describe the sensitivity 

for the full set of possibilities. 
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Figure 2.3: Hypothetical example where sensitivity is the slope of the least squares best fit line. 

 
Figure 2.4: Hypothetical example where sensitivity may not appropriately describe the relationship. 
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2.3 Previous Work 

2.3.1 EnKF 

Early applications of the EnKF focused on simple models or large scale events, 

and a detailed summary can be found in Evensen (2003). Use on the regional scale and 

mesoscale has only been done for approximately a decade. In a month long comparison 

between a regional EnKF, 3DVAR, and downscaled GFS, the EnKF outperformed the 

other two forecasts (Meng and Zhang 2008b). Several EnKF-based studies have been 

performed on high impact events, including a winter storm, mesoscale convective vortex, 

and tropical cyclones (Zhang et al. 2006; Meng and Zhang 2007; Meng and Zhang 

2008a; Zhang et al. 2009; Torn 2010b; Cavallo et al. 2013). Meng and Zhang (2011) 

offers a summary of the use of an EnKF with limited area models of the regional and 

mesoscale, including advantages, disadvantages, and challenges. Additional applications 

of the EnKF are mentioned in the next section. 

2.3.2 ESA 

The applications of ESA so far have been to understanding event dynamics and 

observation impact/targeting. It was first used in Hakim and Torn (2008) to study a 

deepening midlatitude cyclone in the Midwest. Relationships were determined between 

the cyclone strength and other aspects of the atmospheric state, which revealed real 

weather features. Figure 2.5 shows the sensitivity of the cyclone central pressure to two 

initial condition fields. Sensitivity to initial pressure and potential temperature is 

represented by the thick contours and shading, respectively. In addition, the thin contours 

are the initial ensemble mean surface pressure. Strength of the forecast cyclone was 
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determined to be sensitive to the initial cyclone position, as seen by the negative contours 

southwest of the mean position. This indicates that a southeastward shift in the initial 

position of the cyclone is related to a stronger forecast cyclone. In addition, the dipole in 

Texas of both the pressure and potential temperature sensitivity indicates frontal position 

relates to the forecast cyclone strength. 

 
Figure 2.5: Hakim and Torn (2008) figure 8; ensemble mean sea level pressure (thin contours), sensitivity 

of forecast cyclone strength to initial sea level pressure (thick contours), and sensitivity to initial surface 

potential temperature (shading). 

 

Ancell and Hakim (2007) derived the relationship between adjoint and ensemble 

sensitivity and found they are linked through the analysis error covariances. Adjoint and 

ensemble sensitivity were compared in a winter Pacific Northwest cyclone for a response 

function of near surface pressure at a point in Washington State. Sensitivity with respect 

to temperature and geopotential height at various vertical levels showed them to be 
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maximized in the same general area but exhibit different structures. Adjoint sensitivity 

was more localized with small magnitudes and had a strong upshear tilt with height (Fig. 

2.6), which has been found in other adjoint sensitivity studies (Langland et al. 1995; 

Rabier et al. 1996; Ancell and Mass 2006). In contrast, ensemble sensitivity was more 

synoptic scale with larger magnitudes and tilted gradually with height. The ensemble 

sensitivity field also was more representative of the weather features present at the time, 

such as geopotential height ridges and troughs or strong temperature gradients. 

 
Figure 2.6: Ancell and Hakim (2007) figure 7; vertical cross sections of adjoint (top) and ensemble 

(bottom) sensitivity of surface pressure to geopotential height. 
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Torn and Hakim (2008) created a climatology of sensitivity for western 

Washington State. Forecasts of sea level pressure and precipitation were most frequently 

sensitive to a region west of the forecast area over the Pacific Ocean in the pressure and 

geopotential height fields. This region tilted westward with height, which agrees with the 

results of previous studies (Ancell and Hakim 2007; Hakim and Torn 2008). Precipitation 

forecasts also tended to be sensitive to low-level temperature. These sensitive regions 

were upstream by a distance that approximately matched the distance a midlatitude wave 

would travel during the forecast period. This further supports the claim that sensitivity 

reveals real weather features at earlier times that are dynamically linked to the response 

function. 

Torn and Hakim (2009) used ensemble sensitivity to study two typhoons that 

underwent extratropical transition in the western Pacific Ocean. The forecasts of 

minimum pressure were highly sensitive to initial 500 hPa geopotential height in two 

areas (Fig. 2.7). The first was immediately around the cyclone, which indicates position 

variability at analysis time was a large source of error. The second region was associated 

with shortwave troughs upstream of the cyclone over Russia and Mongolia. The 

conclusion was the forecast cyclone was sensitive to position differences in the troughs. 

This variability impacted timing of interaction with the cyclone, which affected 

extratropical transition and ultimately the magnitude of forecast errors at later times. Torn 

(2010a) applied ESA to the study of African Easterly Waves. Short term forecasts of 

wave strength were found to be most sensitive to initial mid-level circulation strength and 

thermodynamic environment (equivalent potential temperature).  Longer range forecasts 
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were more sensitive to the downstream thermodynamic environment, which suggests the 

area the wave moves into matters more than the initial circulation. 

 
Figure 2.7: Torn and Hakim (2009) figure 4; sensitivity of 24 (a,c) and 48 (b,d) hour forecast minimum 

pressure of two typhoons (a,b and c,d) undergoing extratropical transition. 

 

A series of studies used ESA with very short term (≤6 hours) wind speed forecasts 

for wind farms (Zack et al. 2010a,b,c) in California and along the Washington-Oregon 

border. Results of Zack et al. (2010a) showed sensitivity to be mainly localized around 

the response function but still reveal specific areas upwind around a mountain pass, 

indicating the importance of diurnal mesoscale flows (Fig. 2.8) 
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Figure 2.8: Zack et al. (2010a) figure 4; Sensitivity of 3 hour forecast 80 m wind speed to initial 80 m wind 

speed. 

 

Hakim and Torn (2008) make the point that ESA should only be applied within an 

EnKF since it provides an appropriate flow-dependent PDF of the atmosphere. Other 

ensemble generation techniques would be problematic unless sufficient time is given to 

build flow-dependence, which would depend on the scale of motion. All of the previously 

mentioned studies use the EnKF to create forecasts. Schumacher (2011), however, 

applied ESA to a flooding event with the European Centre for Medium-Range Weather 

Forecasts (ECMWF) operational ensemble, which is based on singular vectors and 

stochastic physics (Buizza et al. 1999, 2007). This is a questionable perturbation method 

to use with ESA since the singular vectors are designed to give the most impact to 

forecasts for Europe, and they do not sample the atmospheric probability distribution. 

The study did, however, allow 36 hours to elapse in the model before performing any 
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sensitivity analysis, which may allow for sufficient flow-dependence to develop. In 

addition to sensitivity, correlation analysis was performed. This is related but instead of 

describing the slope of the linear regression it evaluates how strong the linear relationship 

is between extended and early forecasts. The correlation is calculated by dividing the 

covariance of J and x by each variable’s standard deviation. Both sensitivity and 

correlation analysis highlighted features in the 500 hPa geopotential height field. These 

indicated positional variability in an anticyclone and ridge controlled the development of 

a warm-core vortex that brought heavy rain to the southern plains. 

Another study that used correlation analysis is Sippel and Zhang (2010), which 

studied the predictability of a rapidly-intensifying hurricane within an EnKF. The growth 

in ensemble spread was found to be related to low-level moisture and convective 

instability as well as the strength of a nearby front. Chang et al. (2013) used correlation 

analysis in the medium range with Pacific extratropical cyclones. It was found that areas 

of significant correlation of minimum pressure with geopotential height can be traced 

backward in time from the cyclone region to wave packets originating over western Asia. 

Two more studies that applied correlation to predictability are Hawblitzel et al. 

(2007) and Sippel and Zhang (2008). These used ensembles generated from 3DVAR 

perturbations, which is a suspect method since it does not sampling from the current 

atmospheric probability distribution. Hawblitzel et al. (2007) studied a mesoscale 

convective vortex and Sippel and Zhang (2008) studied a non-developing tropical 

disturbance. Both studies found the final strength of the respective events mainly to be 

related to early forecast hour convection. 
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Most applications of ensemble sensitivity have been to large, synoptic scale 

events using models with coarse grid spacing. Table 2.1 summarizes the previous work 

with ESA. Hawblitzel et al. (2007) and Sippel and Zhang (2008) do use finer resolution 

where a cumulus parameterization begins to not be necessary. However, these used static 

covariances to generate ensembles, which do not give flow-dependent relationships. This 

may be acceptable though since only the regions immediately around the feature of 

interest were used. Also, the use of correlation instead of sensitivity does not give 

information on the amount by which a forecast changes. Rather it only communicates 

how well the data is explained by a linear relationship. Sippel and Zhang (2010) did use 

an EnKF at convection permitting grid spacing, but again correlation was used instead of 

sensitivity. The only studies to apply true ESA at small scales were Zack et al. 

(2010a,b,c), but these were for very short term forecasts. It can be seen that there has yet 

to be an application of ESA to high resolution convection forecasts. 

Table 2.1: Summary of previous ESA work 

Paper Grid spacing (km) Ensemble size Perturbation Method 

Hakim and Torn (2008) 100 100 EnKF 

Ancell and Hakim (2007) 45 90 EnKF 

Torn and Hakim (2008) 45 90 EnKF 

Torn and Hakim (2009) 45 90 EnKF 

Torn (2010) 108, 36 96 EnKF 

Chang et al. (2013) T85 (≈ 150 km) 80 EnKF 

Schumacher (2011) T399 (≈ 50 km) 51 ECMWF 

Sippel and Zhang (2010) 40.5, 13.5, 4.5 30 EnKF 

Hawblitzel et al. (2007) 30, 10 20 3DVAR 

Sippel and Zhang (2008) 30, 10, 3.3 20 3DVAR 

Zack et al. (2010a,b,c) 12, 4 48 EnKF 
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CHAPTER 3 

EXPERIMENT SETUP 

3.1 Model Configuration 

A 50 member ensemble based on the Advanced Research version of the Weather 

Research and Forecasting model (WRF-ARW, Skamarock et al. 2008) version 3.3 is 

used. A coarse domain (D1) of 36 km grid spacing is a parent for a nest of 12 km grid 

spacing (D2), which then acts as a parent for an even finer nest of 4 km grid spacing 

(D3). These are shown in figure 3.1. Each grid has 38 vertical levels and a model top of 

50 hPa. D1 receives lateral boundary conditions (LBCs) from the GFS model, while the 

nests receive them from their parents. In order to maintain spread along the boundaries of 

D1, the GFS-forced LBCs are perturbed using WRF-Var (Barker et al. 2004) as described 

in Torn et al. (2006).  For D2 and D3, the LBCs are provided by D1 and D2, respectively, 

using a variant of the global ensemble values method in Torn et al. (2006). Instead of 

pairing each member with a member from a global ensemble, they are matched with the 

parent limited area ensemble. The only relationships between the domains are through the 

boundaries, which are one way. This means the parent influences the nest, but the nest 

cannot pass information back to the parent. 
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Figure 3.1: Model Domains. Grid spacing is 36, 12, and 4 km. 

 

The physics parameterizations used are the same on all three domains, and they 

can be seen in Table 3.1. It should be noted that there is no cumulus scheme used on D3 

because the 4 km grid spacing of the model begins to explicitly resolve convection. 

While this grid spacing will not resolve all convection, it has been shown that there is 

limited improvement in forecast skill past 4 km grid spacing, and the finer resolution may 

not be worth the additional computational cost (Kain et al. 2008). Each member is 

advanced with the same model setup. Meng and Zhang (2007) did find that an EnKF with 

each member integrated with a different physics configuration produced better forecasts 

than a single physics ensemble. However, this method makes it impossible to separate 

ensemble spread into that resulting from initial condition variability and that from physics 

variability. Here the same physics configuration is used for all members in order to 

isolate all spread to that resulting from the initial conditions. 
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Table 3.1: Physics parameterizations 

Physics Scheme 

Shortwave radiation Dudhia (Dudhia 1989) 

Longwave radiation RRTM (Mlawer et al. 1997) 

Planetary boundary layer YSU (Hong et al. 2006) 

Surface layer Similarity theory (Skamarock et al. 2008) 

Land surface Noah LSM (Chen and Dudhia 2001) 

Microphysics Thompson (Thompson et al. 2004) 

Cumulus Kain-Fritsch (Kain 2004) 

 

3.2 Data Assimilation Configuration 

The Data Assimilation Research Testbed (DART, Anderson et al. 2009) 

Ensemble Adjustment Kalman Filter (EAKF, Anderson 2001) is used to assimilate 

observations and produce analyses. The EAKF is a version of the EnKF and has been 

shown to perform better. A cycling period (Fig. 3.2) is done before an extended forecast 

in order to build flow dependent errors in the ensemble. During this period observations 

are assimilated with a background field, which is a prior ensemble forecast. The 

assimilation produces an analysis represented by a new ensemble, which is advanced 

with the model forward to produce a new background six hours later.  At this time 

assimilation occurs again with the new observations available. 
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Figure 3.2: Diagram of cycling process 

 

A potential problem with the EnKF is the tendency to lose spread over time due to 

model and sampling error. As the ensemble loses spread the analyses are weighted closer 

to the background and eventually good observations are rejected causing the state to veer 

away from truth, which is known as filter divergence. A state vector for a modern NWP 

model is larger than 10
6
 dimensions, and an ensemble of 50 members cannot characterize 

the complete probability distribution. Two methods to combat filter divergence are 

covariance inflation and localization. The first increases the spread in the ensemble 

before and/or after assimilation. If done before assimilation (prior inflation) it reduces 

confidence in the background, which forces the analysis to be weighted more towards 

observations. After assimilation (posterior inflation) increases the spread in the analysis. 

Merits to the use of both types have been discussed (Anderson 2007; Anderson 2009). 
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Prior inflation attempts to account for model error since it is performed after the 

ensemble is advanced. Posterior inflation is meant to reduce sampling error due to a small 

ensemble. Here only prior inflation is performed since the use of posterior inflation has 

been shown to cause model instability. 

Covariance localization attempts to minimize the impacts of sampling error by 

reducing or eliminating long distance spurious correlations between state variables.  This 

is done by applying a weighting function to reduce covariances as spatial distance 

increases. The most common weighting function and the one used here is the Gaspari-

Cohn polynomial which approximates a Gaussian shape but does reach zero at a specified 

distance (Gaspari and Cohn 1999). The localization halfwidth is a common term used in 

defining the spatial extent of the function, which is half the distance at which the 

localization function reduces to zero. This is analogous to but not the same as the 

standard deviation of a Gaussian function. A comparison of the two is shown in figure 

3.3 using a halfwidth and standard deviation of 100. 

 
Figure 3.3: Comparison of the Gaspari-Cohn polynomial with a Gaussian function using 100 as the 

halfwidth and standard deviation. 
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Assimilation is done separately on each domain with the only difference in the 

filter setup being the horizontal localization radius. D1 uses a halfwidth of 0.15 radians, 

while D2 and D3 both use a 0.05 radian halfwidth. These correspond to distances of 

approximately 950 km and 320 km. Vertical localization is also applied with halfwidths 

of 1.5 km and 0.5 km, respectively. Since assimilation is done separately on each domain, 

the only relationships between them are the initial downscaling at the time of ensemble 

generation, the observations used for assimilation, and the information passed through the 

one-way boundaries. See Table 3.2 for a list of observation types assimilated, all of 

which were made available through the Meteorological Assimilation Data Ingest System 

(MADIS). The table also indicates the time window used for each observation type. 

Different windows were used because at small scales observations that are distant in time 

may not be representative of the current state. The following state variables were updated 

by an assimilation: zonal wind component, meridional wind component, vertical wind 

component, geopotential height, potential temperature, pressure, water vapor mixing 

ratio, cloud water mixing ratio, rain water mixing ratio, 10 meter zonal wind component, 

10 meter meridional wind component, 2 meter temperature, 2 meter water vapor mixing 

ratio, and  surface pressure. 

Table 3.2: Analysis window and observations assimilated for each platform type 

Platform Satellite Rawinsonde ACARS Marine METAR Mesonet 

Window (min) ±60 ±30 ±30 ±15 ±7 ±7 

U x x X x x x 

V x x X x x x 

T  x X x x x 

P  x  x x x 

Q  x X x x x 
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The ensemble is initialized at 18 UTC 31 March 2012 with random perturbations 

from WRF-Var added to the Global Forecast System (GFS) analysis interpolated to the 

D1 grid. The ensemble is advanced six hours to 00 UTC 1 April, which allows some flow 

dependence to be introduced before the first assimilation. D1 is the only domain cycled 

until 18 UTC 1 April, at which time it is downscaled to the D2 and D3 grids. These are 

advanced six hours to their first assimilation time at 00 UTC 2 April. From 00 UTC 2 

April to 00 UTC 3 April, all three domains are cycled. After the final assimilation at 00 

UTC 3 April extended 24 hour forecasts are produced on all domains. 
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CHAPTER 4 

CASE OVERVIEW 

The case selected is one of severe convection for the Southern Plains in which a 

mesoscale convective system initiated along a frontal boundary in the rolling hills of 

western Texas, eventually producing tornadic supercells in North Texas. According to the 

Storm Prediction Center (SPC) there were 89 total severe weather reports in Texas on this 

day (Fig. 4.1). 

 
Figure 4.1: Severe weather reports for 03 April 2012 (source: SPC) 

 

This event was driven by an upper-level low positioned over the southwestern United 

States and lifting north into the Central Plains region with a secondary negatively tilted 
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shortwave trough over Texas (Fig. 4.2). The upper-level system is important to the 

formation of a surface cyclone and associated frontal boundaries. 

At lower levels a strong push of cooler air can be seen moving into West Texas, 

and a thin tongue of warm air is evident moving off the high terrain of Mexico (Fig. 4.3).  

In the moisture field (Fig. 4.4) there are two streams of dry air moving into Texas, one 

associated with the cooler air from New Mexico and the other associated with the warmer 

air from Mexico. The wind field clearly differentiates source regions, which confirms the 

presence of three separate air masses. Figure 4.5 shows a trough of low pressure in Texas 

coincident with the confluent flow at the air mass boundaries. The leading edge of the 

cool, dry air from New Mexico is a Pacific front. This Pacific air mass has winds mainly 

from the west or northwest. As one progresses eastward across the front, an abrupt wind 

shift to the southwest is collocated with the western edge of the warm tongue. Continuing 

to progress eastward, another wind shift to the southeast is seen collocated with the 

eastern edge of the warm tongue and dry air and marks the position of the dryline. The 

intersection of the three air masses is located in central Texas. It should be noted that at 

analysis time there is active convection near the triple point, which causes the 

disorganized nature of the pressure/height field there. 

 During the forecast period the Pacific front advances eastward overtaking the 

dryline and causing overnight and daytime thunderstorms in Texas and Oklahoma (Fig. 

4.6). The ensemble mean and spread for composite simulated reflectivity is plotted at 

forecast hour 24 (Fig. 4.7). It can be seen there is good agreement in the ensemble for 

storms in Oklahoma, but there is a large amount of uncertainty in the forecast for North 
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Texas. This forecast spread presents a favorable case to investigate the predictability of 

severe convection through ESA. 

 
Figure 4.2: Ensemble mean analysis of 300 hPa geopotential height (contoured every 60 m), wind speed 

(filled every 5 m s
-1

), and wind (full barb is 10 m s
-1

). Shortwave trough axis is marked with dashed line. 

 
Figure 4.3: Ensemble mean analysis of 850 hPa geopotential height (contoured every 15 m), temperature 

(filled every 2 °C), and wind (full barb is 10 m s
-1

). 
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Figure 4.4: Ensemble mean analysis of 850 hPa geopotential height (contoured every 15 m), dewpoint 

temperature (filled every 2 °C), and wind (full barb is 10 m s
-1

). 

 
Figure 4.5: Subjectively analyzed ensemble mean analysis of sea level pressure (contoured every 2 hPa), 2 

m mixing ratio (filled every 2 g kg
-1

), and 10 m wind (full barb is 10 kt). Blue and orange curves represent 

positions of Pacific front and dryline, respectively. 
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Figure 4.6: Ensemble mean forecasts of sea level pressure, 2 m mixing ratio, and wind at forecast hour (a) 

6, (b) 12, (c) 18, and (d) 24. 
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Figure 4.7: Ensemble mean (contours every 5 dBZ) and spread (shading every 5 dBZ) of simulated 

composite radar reflectivity at forecast hour 24. 
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CHAPTER 5 

RESULTS 

5.1 General Nature of Convective Sensitivity 

There is no explicit model variable for moist convection, so a derived proxy must 

be utilized in order to choose a response function. For the first inspection of sensitivity 

applied to convection, the response function is chosen to be the column maximum 

simulated radar reflectivity (dBZ) at forecast hour 24 (00 UTC 4 April) spatially 

averaged over the black rectangle indicated in figure 5.1. This is located in an area of 

large ensemble spread, so it presents a greater predictability problem than other areas. 

The choice of response function is arbitrary to some extent and consideration must be 

given to the individual’s forecast of interest. 

 
Figure 5.1: Same as 4.7 except with response function location identified with black box. 
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Beginning aloft, the sensitivity of the reflectivity forecast to the 300 hPa 

geopotential height field at various forecast hours is shown in figure 5.2. Generally, this 

examination aloft reveals the synoptic-scale features in the governing flow that are 

related to the response function. There is limited temporal coherency in sensitivity for the 

first several early forecast hours. This is likely related to the early forecast adjustment 

occurring due to the EnKF analysis not assuming any balance relationships, which is 

likely exacerbated by higher resolution. Another reason is potentially the adaptive 

inflation used by the DART EAKF. Sensitivity at the same time (Fig. 5.2a) shows broad 

negative values across the domain. This suggests that lower heights are related to stronger 

convection. The area of strongest negative sensitivity in southern Texas contains values 

of approximately 1 dBZ m
-1

, indicating that a lower height there by 1 m would be related 

to 1 dBZ higher reflectivity through equation 2.11. Another feature of interest is the 

sensitivity dipole located near the center of the low, which suggests that a position shift in 

the low is related to the strength of convection. The pattern of the dipole implies that 

lows located farther southeast from the mean position are related to higher reflectivity. 

Both the dipole and broad negative sensitivity are consistent with each other. A 

southeastward shift of the low should be related to a shift of the large scale system, which 

would generally produce lower heights throughout the domain. Conversely, a weaker 300 

hPa trough over Texas may be related to lower reflectivity. 

Stepping backward (Fig. 5.2b,c,d) from the time of the response function, the 

sensitivity pattern is similar with mostly magnitude variations. The same dipole feature 

and broad negative sensitivity is maintained until approximately forecast hour 12. At this 
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time the dipole magnitude has reduced and it is oriented more east-west. The broad 

negative sensitivity at this hour is focused more in the area just east of the low rather than 

east and south at later forecast hours. This suggests that a higher reflectivity forecast 

tends to be associated with a system that is farther east at early forecast hours. A gradient 

in sensitivity can provide information on how the geopotential height gradient (and wind 

speed) relates to the forecast. This can be seen in figure 5.2 with the negative sensitivity 

elongated with the trough. The gradient in sensitivity suggests that greater height falls in 

coastal Texas would occur than for the central and northern areas of the domain in order 

to produce the same change in the response function. This would cause a weaker height 

gradient and weaker flow aloft. 

 The sensitivity to 500 hPa geopotential height (Fig. 5.3) is similar to the 300 hPa 

level. At forecast hour 24 there is again broad negative sensitivity throughout the domain 

with magnitudes greater than the 300 hPa level. This may indicate that convection is 

more sensitive to the 500 hPa geopotential height field than at 300 hPa. However, if the 

geopotential height gradient is larger at 300 hPa (as is the case here), then a shift of the 

same distance at both levels would produce larger perturbations at 300 hPa. This would 

create greater variance and lower sensitivity values. The dipole is present as well, but it is 

offset slightly from the center of the low. This pattern suggests that depth of the low may 

be of equal importance as its position. As the sensitivity is traced backward in time the 

dipole migrates closer to the center of the low. It may also indicate a relationship with the 

vertical tilt of the low. Comparing the ensemble mean geopotential height at both levels, 

there is a slight westward tilt with height of the low. The dipoles indicate a more 
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eastward shift of the low’s center at 300 hPa than at 500 hPa would relate to a higher 

reflectivity forecast, which would require less tilt with height. Another feature present at 

both 300 and 500 hPa is an area of positive sensitivity over northern Mexico at forecast 

hour six. This could be suggesting that a stronger geopotential height gradient is related 

to higher reflectivity, which would indicate that faster flow is important. 

 Next, the lower-level thermodynamic sensitivity is inspected, which provides 

information about finer-scale features nearer the surface that are important to the 

response function. The sensitivity to 850 hPa temperature at forecast hour 24 highlights a 

few features (Fig. 5.4). The first one is the positive sensitivity immediately around the 

response function, which indicates warmer temperatures there are related to higher 

reflectivity at the same time. Since at this time there is active convection in the box, this 

may be indicating a sensitivity of the response function to itself rather than a relationship 

with the environment. However, this can be traced back in time to an area southwest of 

the response function at forecast hour nine with its greatest magnitude occurring between 

hours 16 and 18. Since this feature eventually feeds right into the response function area 

at forecast hour 24, it suggests a relationship with the temperature of the inflow air. 

Warmer air would provide more buoyant parcels and potentially strengthen convection. 

Another feature is a tripole located around a temperature ridge and trough pair 

(solid and dashed lines, respectively) in central and southern Texas. The negative-

positive-negative structure with zeros located along the axes indicates that an eastward 

shift in the ridge and trough is related to stronger convection at the same time. This 

feature can be traced back to forecast hour 20 at which time it merges with the positive 
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sensitivity mentioned previously. The temperature ridge and trough is due to the front's 

position and ongoing convection since cloud shadowing and precipitation would have a 

cooling effect. This leads to the conclusion that the sensitivity indicates east-west 

position shifts of the front being related to the convection forecast. The tripole could be 

considered an autocorrelation of the reflectivity forecast since ongoing convection is tied 

to the front. However, this still provides information about features important to the 

forecast. 

The broad area of strong negative sensitivity in West Texas at later forecast hours 

suggests that colder temperatures there are related to stronger convection. This could be 

indicating that either the progression of the front is related to the response function or the 

temperature of the post-frontal air mass is relevant. A dipole is not necessary to indicate 

position changes if one or both sides of a zone are largely homogeneous such as in the 

case of a front. This area of negative sensitivity moves into Texas off the high terrain of 

Mexico. 

The large positive sensitivity in middle forecast hours over the Gulf of Mexico 

may be related to the position of the temperature ridge (dotted line) present over the 

Texas coastal region. Warmer temperatures in the area of positive sensitivity would be 

consistent with an eastward shift of the ridge. It may also indicate magnitude of inflow 

air, similar to the streamer of positive sensitivity in central Texas mentioned previously. 

The strong positive sensitivity over West Texas at the analysis time likely 

highlights the initial position of the front. Going forward in time this feature reaches a 

quick demise and is replaced by negative sensitivity. This suggests that a farther west 
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frontal position at the beginning of the forecast relates to farther east movement by later 

hours and a larger response function. In addition there is positive sensitivity associated 

with the warm, dry air flowing off the higher terrain of northern Mexico, which is 

demarcated by the front to the west and dryline to the east. The sensitivity indicates a 

warmer air mass at analysis time is related to a stronger convection forecast. 

Sensitivity to moisture at 850 hPa (Fig. 5.5) is similar to temperature. At the hour 

of the response function there are two identifiable features. The first is the strong dipole 

in western Texas, which is aligned with the axis of a dry tongue of air moving off the 

high terrain of northern Mexico. The structure of this dipole indicates an eastward shift of 

the tongue would be related to stronger convection, which would be consistent with a 

shift of the entire system. The dipole can be traced back to approximately forecast hour 

18 at which time a second dipole appears west of the front. Based on its position directly 

west of the frontal zone, this second dipole could be indicating frontal position is 

important to the forecast. Drier conditions in the location of negative sensitivity would 

indicate a farther eastward progression of the front. At previous hours there is a single 

elongated region of positive sensitivity. Looking at the ensemble mean mixing ratio 

contours at early forecast hours, the 2 g kg
-1

 line extends into West Texas up to the Texas 

Panhandle and Oklahoma border. As the forecast progresses this contour retreats to 

southwestern Texas by forecast hour 18, indicating moistening at 850 hPa. However, by 

the time of the response function this contour can be seen moving into Texas again. The 

moistening at middle forecast hours explains the single elongated region of positive 

sensitivity through timing of the system. More moistening at middle forecast hours could 
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be indicative of a faster progression of the system, which agrees with other sensitivity 

results. The positive sensitivity to the analysis moisture in West Texas indicates farther 

west fronts at that time relate to stronger convection. In addition there is an area of 

negative sensitivity collocated with positive sensitivity to temperature in the warm, dry 

air mass. Together these indicate a warmer and drier air mass relates to stronger forecast 

convection. 

The second feature is the streamer of smaller magnitude positive sensitivity 

stretching from the response function southward. This feature can be traced with the local 

maximum in the ensemble mean moisture that moves southwestward backwards in time. 

This follows the same pattern as a similar positive sensitivity feature in the temperature 

field at the same level (Fig. 5.4). This one, though, is associated with a local maximum in 

moisture, which is not the case for temperature. The moisture sensitivity reaches its 

maximum magnitude at approximately the same forecast hours. The colocation in space 

and time of these features suggests they are highlighting the same feature in the flow: a 

region or airstream that if warmer and moister produces stronger convection. 

The sensitivity to 2 m temperature (Fig. 5.6) compares well with the 850 hPa 

level, especially true for the western area of the domain because the 850 hPa level is 

much closer to the surface there. At middle forecast hours the surface sensitivity 

highlights the Texas Gulf Coast more. The signs of sensitivity are opposite over the Gulf 

of Mexico for middle to late forecast hours. This indicates cooler surface temperatures 

but warmer 850 hPa temperatures there relate to stronger convection, which suggests  that 

a more statically stable environment is important to increasing the forecast. Additionally, 
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the positive streamer of sensitivity at later forecast hours at 850 hPa is much less 

pronounced at the surface. This could be identifying a feature that ascends from near the 

surface to upper levels throughout the forecast period. 

Like temperature the sensitivity to 2 m moisture (Fig. 5.7) is very similar to the 

sensitivity to 850 hPa moisture for western Texas. The surface sensitivity also highlights 

southern Texas near the coast at early forecast times. This feature moves inland with time 

toward the frontal boundary and deforms along it. The broad positive sensitivity in the 

moist air a few hours before the response function time suggests a magnitude rather than 

positional relationship. Like the streamer of positive sensitivity at 850 hPa, moister air in 

the region of broad sensitivity to 2 m mixing ratio would be related to stronger 

convection. 

Overall the sensitivity fields suggest that positional shifts in the synoptic-scale 

pattern are largely responsible for the variability in the forecast. A faster upper-level low 

would be consistent with faster progression of low-level features. From figure 5.1 it can 

be seen that a faster progression would move the convective line farther east, which 

would put the higher mean values more centered in the area of the response function. The 

sensitivity field also indicates the magnitudes of certain air mass and inflow features are 

important to forecast convection for the response function location. The small streamers 

of positive sensitivity in both temperature and moisture at 850 hPa as well as the broad 

positive sensitivity at the surface indicate a dependence on the magnitude of temperature 

and moisture in these regions. Since these features can be very localized, this result is 
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important to understanding the key areas that affect the specific chosen response 

function. 

 

 
Figure 5.2: Sensitivity of 24 hour forecast simulated reflectivity with respect to 300 hPa geopotential height 

at forecast hours (a) 24, (b) 18, (c) 12, and (d) 6. Color shading is sensitivity (every 0.1 dBZ m
-1

), and 

contours are the ensemble mean 300 hPa geopotential height (every 60 m). 
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Figure 5.3: Same as 5.2 except with respect to 500 hPa geopotential height. Sensitivity every 0.1 dBZ m

-1
, 

and geopotential height every 30 m. 
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Figure 5.4: Same as 5.2 except with respect to 850 hPa temperature at more frequent forecast hours. 

Sensitivity every 2 dBZ °C
-1

, and temperature every 2 °C. Temperature ridges and troughs mentioned in 

text are marked as solid, dashed, and dotted lines. 
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Figure 5.5: Same as 5.4 except with respect to 850 hPa water vapor mixing ratio. Sensitivity every 2 dBZ 

(g kg
-1

)
-1

, and mixing ratio every 2 g kg
-1

. 
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Figure 5.6: Same as 5.4 except with respect to 2 m temperature. 
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Figure 5.7: Same as 5.5 except with respect to 2 m water vapor mixing ratio. 

  



Texas Tech University, Christopher N. Bednarczyk, August 2013 

 

48 

 

5.2 Response Function Variable 

With a very large ensemble, Martin and Xue (2005) used precipitation to 

represent convection. Kain et al. (2008) employed precipitation as well as updraft helicity 

and 1 km above ground level simulated reflectivity. The use of a dynamic quantity such 

as updraft helicity to represent convection has benefits in that it depends less on the 

microphysics parameterization scheme, however it was used to differentiate storm mode 

through mesocyclone detection rather than simple identification of convection. Simulated 

reflectivity depends on the choice of microphysics, and thus it is worth examining 

sensitivity of response functions using other variables that diagnose convection. 

Sensitivity of convection may vary depending on parameterization schemes selected if 

they depend on different forcing. For example a cumulus scheme whose main forcing is 

moisture convergence may produce a forecast that is sensitive to different features than 

other more complex parameterizations or explicit convection. However, the variation of 

sensitivity with choice of parameterization schemes is not addressed here. 

Another potentially useful dynamic variable is vertical velocity, which provides 

information on updraft or downdraft strength. An additional variable that could be used is 

vertically integrated liquid (VIL). Both vertical velocity and VIL were used by Crook 

(1996) to identify convection. With the exception of updraft helicity, all of these 

variables should be spatially and temporally correlated with each other. One would 

expect strong upward vertical velocity to be associated with a high vertical moisture flux. 

The transport of moisture to the upper troposphere will increase the VIL and reflectivity 

through cloud production, and as long as there is limited sub-cloud evaporation, there 
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will be precipitation. Not all thunderstorms have significant rotation, so the use of updraft 

helicity may not be an appropriate choice of response function for general convection. It 

would likely be useful, though, if supercell thunderstorms were the forecast of interest. 

Here the response functions used and compared are spatially averaged column maximum 

simulated reflectivity, column maximum vertical velocity, and accumulated rainfall. 

 The three variables used as convection proxies are shown in figure 5.8. It can be 

seen that the spatial coverage of the vertical velocity and reflectivity ensemble means 

match up well but with the vertical velocity extending a little farther south. The rainfall 

lags the other two fields, but this is expected since it is a 24 hour accumulated value. 

There was no rainfall in the response function box until the end of the forecast period, so 

the accumulated value is not corrupted by earlier amounts. It can be seen that there is 

large spread in particular locations such as North Texas, indicating lower ensemble 

agreement there. The vertical velocity spread is maximized north of the area the 

reflectivity spread is at a maximum, and its east-west extent is much less than the 

reflectivity, which is likely related to stratiform rain coverage on the edges of the 

maximum.. The location and size of the response function is the same as in section 5.1. 
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Figure 5.8: Ensemble mean and spread (left) and mean (right) of column maximum vertical velocity (top), 

accumulated rainfall (middle), and column maximum simulated reflectivity (bottom) at forecast hour 24. 

 

For this comparison only the sensitivity of each response function with respect to 

500 hPa geopotential height (Fig. 5.9) and 850 hPa temperature (Fig. 5.10) at forecast 

hour 12 are chosen. The sensitivity pattern at 500 hPa is largely consistent between the 

three response functions in Oklahoma and Texas. The dipole feature is seen in the 

sensitivity field around the center of the low for all three variables. The sensitivity dipole 

for reflectivity and rainfall compare well with a west-east oriented structure. However, 
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the sensitivity of vertical velocity has a south-north oriented dipole. As previously 

mentioned these dipoles in the sensitivity fields indicate that shifts in the early forecast 

position of the trough are important to the response functions. For reflectivity and rainfall 

the farther east progression of the low by forecast hour 12 is related to stronger 

convection. In contrast, higher values of vertical velocity are related to a more southward 

position of the low. The explanation for the different orientations of the dipoles is clear 

when the response function means are inspected again (Fig. 5.8). For rainfall the 

maximum in the ensemble mean lies to the west of the response function area. The east-

west dipole indicates that faster systems produce higher forecast values, which is 

consistent with moving the maxima east. The vertical velocity mean is maximized to the 

north of the response function, so the dipole orientation reflects a southward shift 

increasing the velocity magnitude. The reflectivity, however, has a similar dipole 

orientation to rainfall, but based on the ensemble mean the most efficient way to increase 

the convection forecast is to move the line south, similar to vertical velocity. The 

reflectivity sensitivity dipole appears to be slightly rotated from the orientation of the 

rainfall sensitivity dipole. The former’s orientation suggests mostly eastward 

displacements of the low are important but with some southward displacement too. 

Moving the convective line south and east would increase the response function more 

than just east, as can be seen in figure 5.8. 

 The sensitivity to 850 hPa temperature shows very similar results for all three 

response functions (Fig. 5.10). The only noticeable difference is the area of weak 

sensitivity in West Texas and the Panhandle. For reflectivity and rainfall there is negative 
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sensitivity in that region, but the sensitivity of vertical velocity is positive. Similar to the 

sensitivity to 500 hPa geopotential height, the reflectivity and rainfall sensitivity indicate 

that eastward shifts in the temperature gradient in West Texas are related to stronger 

convection forecasts. The positive sensitivity for vertical velocity could have multiple 

explanations. First, it could be implying that a westward shift of the system increases the 

response function. However, there is still the negative sensitivity seen for all three 

response functions in southwestern Texas. This suggests that either a rotation in the 

gradient orientation or a strengthening of the gradient is important to the forecast, and 

there may be a distinction between the sensitivity of the vertical velocity and 

reflectivity/rainfall forecasts to low-level temperatures. 
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Figure 5.9: Sensitivity of (a) reflectivity (every 0.1 dBZ m

-1
), (b) vertical velocity (every 0.003 m s

-1
 m

-1
), 

and (c) rainfall (every 0.03 mm m
-1

) with respect to 500 hPa geopotential height at forecast hour 12. 

Ensemble mean geopotential height contoured every 30 m. 
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Figure 5.10: Sensitivity of (a) reflectivity (every 2 dBZ °C

-1
), (b) vertical velocity (every 0.05 m s

-1
 °C

-1
), 

and (c) rainfall (every 0.5 mm °C
-1

) with respect to 850 hPa temperature at forecast hour 12. Ensemble 

mean temperature contoured every 2 °C. 
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5.3 Response Function Size 

It was shown in the previous section that sensitivity compares well with different 

convection proxies. Here the issue of the spatial extent of the response function is 

addressed by selecting the column maximum simulated reflectivity as the response 

function variable and varying the size of the area. Each response function is centered at 

the same point, but its dimensions are changed (Fig. 5.11). The first case is 3x3 grid 

points (12x12 km), second 17x31 (68x124 km), and third 61x81 (244x324 km). Since 

section 5.1 suggested that the response function variance is dominated by position 

changes, increasing the box size should provide information on magnitude sensitivity, 

while decreasing will offer additional information regarding position. 

 
Figure 5.11: Ensemble mean and spread of 24 hour forecast simulated reflectivity. Boxes represent three 

choices of response function area size. 
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Figure 5.12 shows the sensitivity with respect to 500 hPa geopotential height at 

forecast hour 12 for the three different sizes. It can be seen that as the box size increases, 

the sensitivity magnitudes decrease. This is not surprising since an average over a smaller 

spatial area will tend to have more variance than a larger area, especially for a convection 

forecast. If there is more variance in the response function with the initial and early 

forecast conditions remaining the same, then the covariance will be larger and 

consequently the sensitivity too. The small and medium areas compare well with 

magnitudes and structure of sensitivity. However, the largest area has lower sensitivity 

values and does not highlight a dipole structure around the low. This is most likely a 

result of the size of the area and its west-east extent. It is averaged over many grid points 

that have low values of reflectivity in every ensemble member, so the forecast does not 

relate that strongly with the position of the low. Additionally, west-east shifts in the 

convective line will still be captured by the extent of the large box. The pattern of 

negative sensitivity throughout much of the domain is still consistent with the other two 

areas. There is a small negative sensitivity area at the center of the low, which indicates 

magnitude sensitivity. This relates deeper lows with higher average reflectivity values in 

the large box. It is difficult, though, to distinguish between large spatial coverage with 

lower reflectivity and small coverage with high reflectivity. 

The sensitivity with respect to 850 hPa temperature is also compared in figure 

5.13. Similar to figure 5.12 the small and medium-sized response functions look similar 

with principally minor magnitude differences. For the large box the same features are 

highlighted except with substantial magnitude differences. 



Texas Tech University, Christopher N. Bednarczyk, August 2013 

 

57 

 

 Another way to determine sensitivity of convection magnitude is to define the 

response function as the maximum inside the box rather than the average. For a large 

enough box like the one used here, the maximum will reflect strength of convection no 

matter where in the area it is located. The comparison between area average and area 

maximum is shown in figure 5.14 for both sensitivity to 500 hPa geopotential height and 

850 hPa temperature. It can be seen that the upper levels compare well, with the 

maximum displaying slightly larger magnitudes over Texas and around the center of the 

low. At 850 hPa the magnitudes are weak, but it can be seen that the sensitivity of the 

maximum does not highlight the stronger temperature gradient south of the response 

function or the Gulf of Mexico as it does for the average. Since these features disappear 

when considering the maximum, it can be said that they are related to positional 

differences rather than magnitude. 
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Figure 5.12: Same as 5.9a except for three different response function area sizes. 
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Figure 5.13: Same as 5.10a except for three different response function area sizes. 
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Figure 5.14: Sensitivity of box average (left) and maximum (right) reflectivity to 500 hPa geopotential 

height (top) and 850 hPa temperature (bottom). Note that the color scale for the bottom plots is different 

than in figure 5.13. 
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5.4 Response Function Location 

 In order to study how sensitivity varies with the location of the response function, 

the box is moved north and south from its original position maintaining its size and shape 

(Fig. 5.15). The northern location was chosen because of the lower spread and higher 

mean, while the southern location has lower spread and lower mean. This was done to 

determine if different areas of the convective line are sensitive to different features. 

 
Figure 5.15: Same as 5.11 except showing three choices of response function area location. 

 

 The differences in sensitivity to 500 hPa geopotential height for the three choices 

of location are shown in figure 5.16. Most noticeable are the differences in the dipole 

orientation. The southernmost response function has a northeast-southwest dipole, while 

the middle one is rotated 90° clockwise. The northern response function’s sensitivity 

dipole is rotated another 90° clockwise past the middle one. The dramatic change in 
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dipole orientation seems surprising since the response functions are not spaced 

significantly far apart. However, this indicates that convection for different sections of 

the line depend on the 500 hPa flow in different ways, which becomes clear when figure 

5.15 is considered again. The mean convective line curves westward farther south, which 

is west of the southern response function. It would take an eastward shift of the system to 

increase the forecast convection in the box. The middle response function is similar in 

that it would take an eastward shift to increase the convection forecast. The northern 

response function, however, presents the opposite case. It can be seen that there is a local 

maximum in mean reflectivity on the east side of the box, so a westward shift of the line 

would increase the response function, for which the sensitivity field is consistent. 

 Figure 5.17 shows the differences for sensitivity to 850 hPa temperature. It can be 

seen there are magnitude differences between the three locations. This may be explained 

by greater response function variance in the middle location. If there is greater variance, 

then the covariance will likely be larger provided that perturbations from the mean are in 

the same relative directions. There are also differences in the features highlighted for 

each sensitivity field. The southern response function appears to put more emphasis on 

the temperature ridge of coastal Texas rather than the air over the Gulf of Mexico. For 

other features, though, it compares well with the middle response function. The northern 

response function, however, is almost opposite of the southern one. It highlights positive 

sensitivity in West Texas and negative for the temperature ridge previously mentioned. 

This suggests a westward movement of the system produces stronger storms along the 
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Oklahoma-Texas border, which is in agreement with that suggested by the sensitivity to 

500 hPa geopotential height. 

 

 
 

 
Figure 5.16: Same as 5.12 except for three different response function area locations. 
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Figure 5.17: Same as 5.13 except for three different response function area locations. 
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5.5 Standardized Sensitivity 

 As mentioned in section 2.2, the sensitivity can be misleading if the expected 

errors are large or small. The standardized sensitivity allows for the prediction of 

response function error based on probable errors in the initial or early forecast conditions. 

The standardized sensitivity potentially applies better to operational forecasting than raw 

sensitivity. Because it has units of the response function it allows for easier comparison 

between times, levels, and initial condition variables. Additionally, by taking into account 

ensemble spread, expected forecast error can be related to features of the flow. 

  Figure 5.18 shows the standardized sensitivity of the convection forecast with 

respect to 500 hPa geopotential height at various forecast hours. A direct comparison 

with the raw sensitivity (Fig. 5.3) cannot be made because of the different units, but 

features and relative magnitudes can be evaluated. At forecast hour 24 the standardized 

sensitivity emphasizes the geopotential height field immediately around the response 

function, which is not seen in the raw sensitivity. This result implies greater ensemble 

spread in that location, and the greatest error in the response is related to errors 

immediately around the response function at the same forecast hour. The middle forecast 

hours compare well, while there are differences at forecast hour six. The raw sensitivity 

suggests that the response function is more sensitive to features at this time than later 

ones based on the magnitudes. However, the standardized sensitivity shows comparable 

magnitudes across all forecast times, which indicates that there is lower ensemble spread 

at forecast hour six and the response function relates consistently across time to expected 

errors at prior forecast hours. 
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 Looking at the standardized sensitivity with respect to 850 hPa temperature (Fig. 

5.19), the features are again similar to the raw sensitivity (Fig. 5.4). The standardized 

sensitivity appears to put less emphasis on the negative values in western Texas. This is 

due to lower ensemble spread in that area. The standardized sensitivity for mixing ratio at 

the same level (Fig. 5.20) shows some differences with the raw sensitivity (Fig. 5.5). Like 

the temperature it appears to give equal weight to the negative sensitivity in western 

Texas and positive sensitivity east of the front. An important difference is the negative 

sensitivity along the moisture gradient. This is highlighted more significantly for the 

standardized sensitivity because there is much higher ensemble spread in moisture there. 

A standard deviation perturbation would relate similarly to standard deviation 

perturbations elsewhere in the domain which were highlighted by the raw sensitivity. 
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Figure 5.18: Standardized sensitivity with respect to 500 hPa geopotential height. Values represent the 

sensitivity multiplied by the ensemble standard deviation. Sensitivity shaded every 1 dBZ. 
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Figure 5.19: Same as 5.18 except with respect to 850 hPa temperature. 
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Figure 5.20: Same as 5.18 except with respect to 850 hPa water vapor mixing ratio. 
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5.6 Cross Grid Sensitivity 

 In this study sensitivity clearly has spatial limitations because the domain is 

relatively small. Forecasts cannot be related to features outside the domain—which may 

reveal relevant dynamics to the forecast—unless a cross-grid approach is taken in which 

the response function is defined on the highest resolution grid (D3) and the initial or early 

forecast conditions on a coarser grid (e.g., D2). This method would have benefits if it had 

the same results as the same-grid sensitivity because a larger area could be studied 

without the increased computation time required of a higher resolution domain. The 

validity of the cross-grid method is addressed here. 

 Figure 5.21 shows the cross-grid sensitivity of the D3 simulated reflectivity with 

respect to the D2 500 hPa geopotential height. Comparing with the same-grid sensitivity 

in figure 5.3, it can be seen that they are not same. For later forecast hours they both 

indicate a deeper low is related to stronger convection, but the cross-grid sensitivity 

produces a dipole with a weak positive component. While the cross-grid method does 

have inconsistencies with the same-grid, it does highlight features that appear real. For 

example the cross-grid sensitivity to 500 hPa geopotential height at forecast hour 24 

suggests that a farther south position of the trough over northern Mexico and an enhanced 

shortwave ridge over Kansas and Missouri relate to a larger response function. This 

indicates a more amplified pattern with greater difluence north of the response function 

may be important. Additionally, at forecast hour 12 the positive sensitivity over the 

western United States indicates that a higher amplitude upstream ridge may relate to the 

response function. There are several locations where the signs of sensitivity are opposite 
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such as in eastern Texas and northern Mexico at forecast hour six. Also, there is less 

temporal coherency with the cross-grid sensitivity as seen with the downstream positive 

sensitivity associated with the shortwave ridge disappearing at forecast hour 18 but 

reappearing later. Additionally, the strong sensitivity to the upstream ridge is only present 

at middle forecast hours. 

 For comparing low-level sensitivity, 2 m temperature and mixing ratio are used 

since a large section of the domain has surface pressure less than 850 hPa. The same- and 

cross-grid sensitivities compare better for 2 m temperature (Fig. 5.22) than 500 hPa 

geopotential height. The general pattern of positive sensitivity along the Gulf Coast of 

Texas is consistent between the two domains. Also, the negative sensitivity in central 

Texas is seen at forecast hour 18 in both domains. There is no push of negative values 

from the southwestern United States and northern Mexico at later hours. The sensitivities 

to surface moisture are not similar at early forecast hours, but they do compare well with 

the presence of the dipole in both at later hours (Fig. 5.23). They both also produce 

positive sensitivity in the moist air except with the cross-grid maintaining a strong 

negative sensitivity over the Gulf of Mexico. 

 The inconsistencies between the two types of sensitivity can potentially be 

explained if the paired members of each ensemble do not produce the same state. The 

figures show the ensemble means to be very similar. Table 5.1 illustrates a hypothetical 

example with a five member ensemble in which the means could be equal but the 

sensitivities different. It can be seen that both ensembles produce the same mean, but the 

member pairs differ giving different covariances between the reflectivity forecast and 
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earlier temperature. The two domains are essentially independent except through the 

boundaries because they are doing separate data assimilation cycles. Since D2 is 

providing the boundary conditions for D3, comparisons would be expected to become 

better for longer range forecasts because more information is able to propagate into D3 

from D2. 

Table 5.1: Hypothetical example showing how two ensembles with the same mean and variance can 

produce different sensitivities. 

 Reflectivity (D3) Temperature (D3) Temperature (D2) 

1 50 10 11 

2 60 12 9 

3 55 11 11 

4 40 11 12 

5 45 9 10 

Mean 50 10.6 10.6 

Covariance  1.25 -6.25 
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Figure 5.21: Sensitivity of reflectivity in box on D3 with respect to 500 hPa geopotential height on D2. 
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Figure 5.22: Same as 5.21 except with respect to 2 m temperature. 
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Figure 5.23: Same as 5.21 except with respect to 2 m water vapor mixing ratio. 
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CHAPTER 6 

DISCUSSION AND CONCLUSIONS 

A multigrid WRF-DART EnKF was used to produce high resolution ensemble 

forecasts of a 3 April 2012 Southern Plains convective event. Ensemble Sensitivity 

Analysis was applied in order to determine its viability for convection forecasts at fine 

grid spacing. In general, it was found that sensitivity of convection forecasts did reveal 

realistic weather features that applied practically in the context of the event. Sensitivity 

fields were investigated with regard to the driving synoptic flow aloft as well as the 

mesoscale features that might be important to the dynamics of the convective event. 

Results suggested that the forecast was primarily sensitive to position variability of the 

synoptic-scale flow, such as the incipient trough seen in the upper-level geopotential 

height fields. Lower-levels also revealed sensitivity to the magnitude of the warm, moist 

air mass of eastern Texas. Because the response function was defined as a static box, 

initial results showed that the response function variance reflects mainly timing and 

location of the convective line rather than intensity. 

In order to determine how sensitivity varies with the choice of response function, 

three additional experiments were done. First, the variable representing convection was 

chosen to be column maximum simulated radar reflectivity, column maximum vertical 

velocity, or accumulated rainfall. Comparisons showed them to highlight similar features 

but with different orientations such as with a sensitivity dipole for the upper-level 

geopotential height. The differences could be explained by the relative locations of local 

maxima in the ensemble mean for each convection variable. 
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Second, the spatial extent of the response function was varied in order to 

determine how much the sensitivity reflects position changes relative to changes in 

magnitude. Results showed an inverse relationship between the size of the response 

function and sensitivity magnitudes. This could be explained by reduced forecast 

variance as the box size increased since there was mainly east-west displacement of the 

line between ensemble members. The largest box eliminated the majority of the 

positional variability and highlighted the depth of the low as well as smaller-scale 

features at low levels. 

Third, the location of the response function was moved north and south to 

determine if different sections of the convective line were sensitive to different features. 

The differences in sensitivity were similar to those of the choice of variable, and they 

could be explained by the relative location of local maxima in the ensemble mean to the 

response function location. 

A standardized sensitivity was also introduced, which has potential advantages 

over the raw sensitivity because it accounts for probable errors in the initial or early 

forecast conditions. Comparisons between the two showed the standardized sensitivity to 

reveal the same features and additional ones that were “hidden” in the raw sensitivity. 

Because the sensitivity is weighted by the ensemble spread, the standardized sensitivity 

provides a more absolute sensitivity in the context of the event, and it may be more useful 

in an operational setting. 

Finally, the possibility of cross-grid sensitivity was addressed in order to 

determine if it could be used in place of same-grid sensitivity. The cross-grid method did 
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reveal features that were consistent with the synoptic-scale flow, and the two methods 

were similar but not identical. The inconsistencies could be explained by independence of 

the two ensembles, and longer forecast times would increase correlation because more 

information would propagate into D3 from the boundary conditions provided by D2. 

Based on these results the cross-grid method could be used with caution, and more 

confidence should be placed in results at longer range forecast hours. 

These results should primarily be interpreted within the context of this event and 

the limited choices of response functions. It is likely that the sensitivity of convection for 

other cases will reveal different features based on the type of forcing. This case was a 

synoptically driven event in which the question of if there would be convection was fairly 

certain. Rather it was more of when or where it would be. In a marginal case for which 

convection initiation is more uncertain there will likely be different results. The 

applicability to marginal events may emphasize more mesoscale features unlike in this 

case where their signals are dominated by the synoptic scale. The viability of ESA for 

longer lead times may break down, however, due to strong nonlinearity at smaller scales. 

The conclusions here, though, suggest that ESA can successfully be applied to smaller 

scale convection forecasts. 

Here sensitivity was interpreted in a research setting where the dynamics of the 

event were studied. It was shown that care must be taken in the selection of the response 

function because the sensitivity results can vary substantially based on that choice. From 

the results, using simulated radar reflectivity as the response function variable gave 

realistic results, and it could be used for future convective sensitivity studies. It has been 
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mentioned that sensitivity has potential usefulness in an operational setting. This can be 

done similar to how the interpretation has been done here. For example, based on the 

early and middle forecast hour sensitivity to upper-level geopotential height, the relative 

speed and position of the upper-level low relates to the forecast. As observations arrive 

they can be compared with the ensemble mean. Based on the error and the sensitivity an 

estimate of the expected change in the forecast can be done. Reflectivity is a good 

response function choice in an operational setting because it is a real-time observation 

unlike vertical velocity. Reflectivity has a good relationship with the strength of 

convection as opposed to rainfall, which depends on rate and duration. However, 

reflectivity has a drawback in the balance between spatial coverage and intensity because 

a stratiform event may produce a similar areal average as discrete cells with high 

reflecitivity, but this problem would plague the other two choices. Additionally, vertical 

velocity may have large values without the presence of high reflectivity in a case where 

there is strong vertical motion underneath an unbroken capping inversion. 

Another potential application of sensitivity in operations is through weighting of 

observation errors to select the best members of the ensemble. Since sensitivity provides 

information on locations where errors matter most to the response function, the members 

that differ least from observations in the most sensitive regions should produce the best 

forecast. At an early forecast hour the error for each member can be calculated and 

weighted by the sensitivity at the observation location. Then, a sub-ensemble can be 

selected based on the lowest sensitivity-weighted error. 
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