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ABSTRACT 
Computer models are very important to planning, 

operation, and control of power system. Although elements 

such as generators and transmission lines have been relatively 

well understood, developing a comprehensive power system 

model is a daunting task because challenges associated with 

loads modeling (they change all the time and utilities have 

very little control on). Unfortunately, inaccurate load models 
have serious implications such as unsafe operating conditions, 

power outages, under-utilization of system capacity, or 

inappropriate capital investment. This paper presents the use 

of state-of-the art Bayesian calibration framework for 

simultaneous load model selection and calibration. The 

approach aims at identifying configuration and reducing 

parameters uncertainty of the Western Electricity 

Coordinating Council’s (WECC) composite load model in the 

presence of measured field data. The success of the approach 

is illustrated with synthetic field data and a simplified model. 

1 INTRODUCTION 
This paper uses the identification of electrical loads to 

illustrate an industrial application of model selection and 

calibration. Load modeling consists of obtaining a 

mathematical representation of the behavior of the load 

connected to a load bus [1]. An accurate model is very 

important to planning, safe operation, and control of the power 

system. The task is difficult because (a) constantly changing 

demand makes the load characteristics vary over time, (b) 
faults and other events in the power system might not be fully 

understood by the utility companies, and (c) successful 

implementation relies on high-fidelity physics-based modeling 

and robust identification techniques. The energy security and 

financial implications (unsafe operating conditions, power 

outages, under-utilization or inappropriate capital investment) 

explain the vast interest that industry, research laboratories, 

and universities have in the topic. The resulting research and 

development are documented both in open literature [2]-[7] 

and in patent applications [8], [9]. 

The load modeling involves two challenging tasks, 

namely, model selection and calibration. In other words, first 

one has to decide the structure of the model (i.e., its 

composition), and then, tune the model parameters to make the 

outputs match field data. A solution to the problem is to 

perform least-squares minimization to estimate the unknown 

parameters [10], [11] across different models. The models are 

then ranked based on the quality of the fit (e.g., using mean 
square errors or alike). In fact, literature [2]-[9] has reported 

variations on the theme capable of handling multiple faults 

and events, and managing multiple transients and noisy data. 

Nevertheless, there are plenty of opportunities for probabilistic 

approaches. When compared to deterministic counterparts, 

such approaches have advantages like proper uncertainty 

quantification (e.g., data versus model uncertainty), 

probabilistic model selection (confidence level in selecting 

one model versus another), and sensitivity analysis (revealing 

important contributors to a given system). 

This paper presents a heuristic for composite load 

identification based on the Bayesian model calibration 
framework [12]-[16]. The two parts of the identification 

problem (selection and calibration) are solved simultaneously. 

That is, while the proper structure of the composite load model 

is selected from a library of models, its parameters are 

automatically calibrated to better match the field data. Because 

the framework is fully probabilistic, besides uncertainty 

estimates for the calibration parameters, a probability is 

assigned for the selected model. Combined together, these 

features allow quantifying the risk associated with the selected 

and calibrated composite load model. 

The remaining of the paper is organized as follows. 
Section 2 presents the background on model selection and 

calibration. Section 3 describes the composite load model. 

Section 4 details the heuristic for model selection and 

calibration. Section 5 presents and discusses the numerical 

results. Finally, section 6 closes the paper recapitulating 

salient points and presenting concluding remarks. 
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2 BACKGROUND ON MODEL SELECTION AND 
CALIBRATION 

2.1 Selection versus Calibration and the 
Composite Load Model 

Model selection refers to the process of choosing a 

particular model from a library that potentially describes the 

same physical system. In the literature [17]-[22], one would 

find an extensive debate between selection and averaging 

(which is when models from the library are combined in some 

form or fashion aiming at averaging out the prediction errors). 

The debate is legitimate especially when the goal is to build a 

predictive model (without necessarily looking at its structure). 

However, in many applications, such as the one illustrated in 

this paper, the resulting model is used to make engineering 

analysis of the physical system. Because of the close 

relationship between model and physics, model selection 
might make more sense in such circumstances. After all, 

further probabilistic analysis can reveal epistemic uncertainty 

(e.g., missing physics) and improve prediction. 

On the other hand, model calibration is process of 

identifying adjustable parameters such that the outputs of the 

chosen model fits well the field data [12]-[16]. Sometimes the 

terms calibration and tuning are used interchangeably. 

However, some authors prefer using calibration when the 

model parameters have physical meaning (e.g., electrical 

resistance, elastic modulus), and use tuning when parameters 

are used to purely control the fitting. Again, it is important to 
have a strategy to account for epistemic uncertainty, otherwise 

it becomes difficult to prevent over fitting. 

This paper deals with simultaneous selection and 

calibration handling multiple transient outputs and accounting 

for (i) discrepancy between experiments and simulations 

(epistemic uncertainty sometimes called missing physics), (ii) 

uncertainty due to experimental and simulation data (sparsity, 

location, noise, etc.), and (iii) uncertainty regarding inputs of 

the computer model (i.e., calibration). To the best of the 

author’s knowledge, there is no approach reported in the 

scientific literature coined to do all this simultaneously yet. 

This paper presents a heuristic approach based on the 
Bayesian calibration framework [12]-[16] that can fill this gap. 

Here, the focus in on the class of problem where models 

for components of a system have to be chosen out of the same 

library. That is, the system is a collection of similar 

components that differ in structure (and possibly settings). In 

this case, indexes can be used to point out the specific model 

from the library (e.g., motor type 1 as opposed to 2, 3, or 4). 

The test case uses the Western Electricity Coordinating 

Council’s (WECC) composite load model, where one has to 

assign proper models for three motors (see section 3). 

2.2 Bayesian Calibration of Computer Models 
Only the essential details of the Bayesian calibration of 

computer models with multiple transient outputs are presented 

[12]-[16]. The framework assumes that experimental data 

comes from a measured set of transient responses       , 
where   is the vector of observable input variables and   is 

time. Measurements are assume to be unbiased and potentially 

contaminated with measurement error     . The physical 
system is modeled using high-fidelity computer simulations 

        . Besides observable variables, simulations also have 

the set of parameters   that are not necessarily observable but 

can be properly selected to make the model fit experimental 

data. Thus, a probabilistic model is created such that: 

 

                             (1) 

where        accounts for discrepancy between the simulation 

model           and reality        (i.e., epistemic 

uncertainty, which is sometimes referred as missing physics), 

   denotes the “true,” but unknown, setting for the calibration 

(or tuning) parameters  , and      is the zero mean 
measurement error. Figure 1-(a) illustrates how the different 

components of the Bayesian calibration are used for 

uncertainty quantification. 

 

 

Figure 1: Framework for Bayesian calibration of computer 

models. 

In engineering applications, data might be limited because 

costs associated with experiments and simulations. 

Consequently, observations are available only at few 

combinations of input variables  , calibration parameters  , 

and sampled time   (experiments and simulations do not have 

to be obtained at the same time steps). Keep in mind that 

simulations might not be available not even near the “true” 

setting of calibration parameters  . To overcome limitations 

due to data availability,           and        are modeled 

with aid of Gaussian processes. Consequently, data in the form 

of experiments and simulations is used to make inference 

about both calibration parameters   and Gaussian process 

hyper parameters    . The Bayesian formulation of the 
inference problem becomes: 

 

                                    (2) 

where       and         are the prior distribution of the 

calibration parameters,  , and all Gaussian process hyper 

parameters,    , respectively,            is the likelihood of 
the observed data (experiments and simulations) for given 

combination of   and    , and            is the posterior 

joint distribution of   and    . Further details on the Bayesian 

calibration framework (including the use of Gaussian process 

for scalar and time-domain responses) are found in [12]-[16]. 

The power of Eq. (2) resides in the combination of 

evidence (observed data) and current state of knowledge (prior 

distributions). In other words, Eq. (2) formalizes how 

experimental and simulation data can be used to update the 

uncertainties about the calibration parameters. While         
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does not necessarily have a physical interpretation and it is 

usually assigned to be non-informative,       represents the 

degree of uncertainty in the calibration parameters before data 

is observed. In other words,       allows expert knowledge to 

be incorporated in the calibration problem. Unfortunately, 

           is known to be difficult to obtain (since exact 

integration is extremely difficult). Thus, numerical methods 

like the Metropolis-Hastings algorithm [23], used in this 

paper, have to be used to sample           . 

3 COMPOSITE LOAD MODEL 
The composite load model recommended by the Western 

Electricity Coordinating Council’s (WECC) Load Modeling 

Task Force has among other elements a feeder connecting 

different types of induction motors, a static load including 

some fraction of constant impedance load, some fraction of 

constant current load and some fraction of constant power load 

(ZIP load) and an electronic load as shown in Figure 2. To 

make the composite load model useful, its structure 

(composition) and parameter values need to be identified 

using field data. 

 

 

Figure 2: WECC composite load model. 

A simplified version of the WECC composite load model 

is used here. The model consists of Motor A, Motor B, Motor 

C and the ZIP static load. Table 1 summarizes the nine 

calibration parameters to be estimated. IEEE and WECC have 

different types of motors (i.e., large industrial motor, small 

residential motor, etc.) defined by specific physical parameters 
[24]. In the test case study, the motor load includes four types 

of motors: IEEE small industrial motor, IEEE large industrial 

motor and one WECC recommended motor.  Table 1 shows 

their percentage coefficients (Fma, Fmb, and Fmc) and other 

baseline model parameters. Due to the physics, the following 

constraints should be observed: 

 

               , 

           , and 

           . 

 

(3) 

 

Table 1: Details on calibration parameters. 

Parameter Comment Baseline Lower 

bound 

Upper 

bound 

Fma Fraction for 

motor A 

 

0.05 0 1 

Fmb Fraction for 

motor B 

 

0.45 0 1 

Fmc Fraction for 
motor C 

 

0.3 0 1 

P1c Fraction of 

constant 

current load 

in real power 

 

0.15 0 1 

P2c Fraction of 

constant 

impedance 

load in real 
power 

 

0.75 0 1 

Q1c Fraction of 

constant 

current load 

in reactive 

power 

 

0.7 -2 2 

Q2c Fraction of 

constant 

impedance 

load in 
reactive 

power 

 

0.1 -2 2 

PF Power factor 

of static load 

component 

0.8 -1 1 

 

In the present study, the field data was synthetically 

obtained  by applying a voltage disturbance on the pre-defined 

load in a simulation using GE Positive Sequence Load Flow 

(PSLF) software [25]. Figure 3 illustrates such disturbance 

that can be interpreted as a voltage drop caused by a remote 

fault followed by voltage recovery after the fault is cleared. 

Figure 4 shows the associated load response, read by a 
measurement system at the load bus, recording active and 

reactive power (P and Q, respectively). Section 4 explains the 

proposed strategy for model selection and calibration based on 

measured voltage, power and reactive power. 
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Figure 3: Voltage disturbance in case study. 

 

Figure 4: Power and reactive power. 

4 SELECTION AND CALIBRATION OF 
INDEXABLE MODELS 

When performing model selection, the goal is to choose a 

model that is more likely to represent reality. In the composite 

load model problem described in section 3, this implies in 

selecting and calibrating models for three motors (A, B, and 

C). In the present study, the selected models come from a 

previously built library of 10 models. This library is a sorted 

list where larger motors would come first in the list (i.e., the 

list index is a proxy for the motor size). If the choice of the 

model for motor A did not influence the choice for motors B 
and C, there would be 720 possible permutations of motors A, 

B, and C to be considered. However, in WECC composite 

load model used here, motors have to be chosen in descending 

size (i.e., motor A is the largest and motor C is the smallest). 

This reduces the search space down to 120 combinations of 

motors A, B, and C. 

The simplification also helps designing the strategy for 

model selection because it makes it feasible to treat the motor 

indexes as discrete calibration parameters. The proposed 

strategy for model selection that leverages this fact is 

explained in Algorithm 1. 

 
 

 

Algorithm 1: Algorithm for simultaneous composite load 

model selection and calibration. Ma, Mb, and Mc are 

motors A, B, and C, respectively (see Figure 2). 

STEP 1: Screen plausible smallest motors 

The best smallest motor is obviously dependent on the other 

two large ones. Thus, in practical terms, the task is to select 

the best Mc, given a pair of Ma-Mb.  

 

Mc is modeled as an integer (i.e., library index) calibration 
parameter. This takes care of the model selection piece while 

the other calibration parameters  (Fma, Fmb, Fmc, Fmc, P1c, 

P2c, Q1c, Q2c, and PF) take care of the calibration. The 

process is performed for compositions Ma-Mb = [1 2], Ma-Mb 

= [1 3], … Ma-Mb = [8 9]. The marginal posterior of Mc 

points out the most likely Mc for a Ma-Mb composition and 

the joint posterior of the other calibration parameters highlight 

the settings that make the resulting model best fit the data. 

 

Because there are 10 available models in the library and Ma < 

Mb < Mc, there is no need to solve for cases with Mb = 9, in 

which case Mc has to be 10 (e.g., if Ma-Mb = [1 9], then the 
best selection is Ma-Mb-Mc = [1 9 10]). 

 

STEP 2: Down select pair of smallest motors 

The previous step filters the best Mc for a given a pair of Ma-

Mb. In practical terms, this reduces the search space from 120 

possible compositions to only 36. There would be eight 

candidates with Ma = 1, seven with Ma = 2, all the way to one 

candidate Ma = 8. 

 

The task now is to select the best Mb-Mc for given Ma 

(obviously using the previously screened sub-compositions). 
Just like in the previous step, the sub-composition Mb-Mc can 

be modeled as an integer calibration parameter. The posterior 

distribution points out most likely calibrated model for Mb-

Mc for given Ma. 

 

Because there are 10 available models in the library and Ma < 

Mb < Mc, there is no need to solve for Ma = 8, in which case 

Ma-Mb-Mc has to be [8 9 10]. 

 

STEP 3: Select best Ma-Mb-Mc through tournament. 

The previous step reduces the search space even further to 
only eight plausible compositions (one candidate composition 

for every Ma, recalling that Ma can range from 1 to 8).  

 

At this stage, model dynamics might be very different because 

dramatic differences among Ma-Mb-Mc from one 

composition to another. Thus, it was observed that tournament 

selection was a more robust selection strategy, rather than 

using an index as  (ranging from 1 to 8) calibration parameter. 

Figure 5 illustrates how this step works.  

 

In practical terms, each tournament is solved by making the 

composition a binary calibration parameter (e.g., best Ma = 1 
versus best Ma = 2). Successive tournaments would point out 

the best overall composition (again, the resulting model would 

be already calibrated).  
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Figure 5: Tournament in third step of model selection. 

The use of the Kennedy and O’Hagan framework for 

Bayesian calibration of computer models makes the presented 

algorithm fully probabilistic (uncertainty is properly split 

among data and model uncertainty, confidence level assigned 

to one particular composition, etc.). However, the overall 

strategy described in Algorithm 1 can be adapted to other 

selection strategies. For example, one could use a global 

optimization technique (like genetic algorithm) and minimize 
the mean square error between experiments and simulations. 

The resulting model would be considered deterministically 

calibrated (only error minimization but no proper uncertainty 

management). 

One advantage of the presented strategy is that there is no 

need for calibration of candidate compositions. In a library of 

ten motors, that would result in performing calibration 120 

times. Following the proposed strategy, simultaneous selection 

and calibration is performed only 44 times. In a more realistic 

scenario, libraries tend to be much larger. For example, if the 

library contains 20 motors, the reduction is from 1140 to 189 
simultaneous selection and calibration. 

5 RESULTS AND DISCUSSION 
This paper demonstrates the model selection and 

calibration strategy by using synthetic experimental data. Data 

is generated using the composite load model (describe in 

section 3) set with composition Ma-Mb-Mc = [1 2 10] and 

simulated over a period of 1.1 seconds. The transient 

responses for power and reactive power are sampled at 120 
Hz. Figure 6 illustrates how different the responses of active 

and reactive power (P, Q) compare against other compositions 

from the library. To make the study a little more realistic, each 

response is contaminated with zero-mean Gaussian noise, 

which standard deviation equal to 20% of the response’s 

standard deviation (calculated within the 1.1-second window). 

Figure 7 illustrates the two time-dependent responses used in 

this study (noise-free data considered as truth or target and 

noisy data that is actually used in the model selection and 

calibration process). 

 

 
(a) Power. 

 

 
(b) Reactive power. 

Figure 6: Power (P) and reactive power (Q) transient 

responses from 120 compositions vs noise-free data. 

 
(a) Power. 

 

 
(b) Reactive power. 

Figure 7: Synthetic data for power (P) and reactive power 

(Q) transient responses. 

Table 2 shows the results of the first step. The goal is to 

find the best Mc for given pair of Ma-Mb. For example, when 

Ma = 1 and Mb = 2, Mc can assume any value between 3 and 
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10. Nevertheless, Table 2 indicates that the best composition is 

[1 2 10] with 99% chance. On the other hand, when Ma = 1 

and Mb = 5, data tells that there is 99% chance that Mc = 6. 

Obviously, regardless of Ma value, when Mb = 9, Mc has to 

be 10 (since our formulation imposes that Ma < Mb < Mc). In 

terms of search space, the possible compositions are now only 
36, as opposed to 120. 

Table 2: Results of first step: selection of best mc for given 

Ma-Mb. 

Ma Mb Best 

composition 

Probability 

1 2 1 2 10 99% 

1 3 1 3 10 93% 

1 4 1 4 10 98% 

1 5 1 5 6 60% 

1 6 1 6 10 85% 

1 7 1 7 10 80% 

1 8 1 8 10 77% 
1 9 1 9 10 --- 

2 3 2 3 10 99% 

2 4 2 4 10 98% 

2 5 2 5 6 84% 

2 6 2 6 10 99% 

2 7 2 7 10 96% 

2 8 2 8 10 99% 

2 9 2 9 10 --- 

3 4 3 4 10 99% 

3 5 3 5 10 65% 

3 6 3 6 10 85% 
3 7 3 7 9 70% 

3 8 3 8 9 80% 

3 9 3 9 10 --- 

4 5 4 5 10 90% 

4 6 4 6 10 89% 

4 7 4 7 10 89% 

4 8 4 8 10 96% 

4 9 4 9 10 --- 

5 6 5 6 9 99% 

5 7 5 7 9 93% 

5 8 5 8 9 97% 

5 9 5 9 10 --- 
6 7 6 7 9 97% 

6 8 6 8 9 99% 

6 9 6 9 10 --- 

7 8 7 8 9 99% 

7 9 7 9 10 --- 

8 9 8 9 10 --- 

 

The subset of compositions found in the first step feeds 

the second step of model selection. Table 3 shows the best 

selected Mb-Mc for given Ma. For example, when Ma = 1, the 

Mb-Mc combinations considered are those illustrated in Table 

2 (i.e., [1 2 10], [1 3 10], [1 4 10], [1 5 6], …, [1 9 10]). Table 

3 indicates that the best composition is [1 2 10] with 84% 

chance. While this was a relatively easy composition to 
identify, there are other compositions with comparatively 

lower probabilities. For example, when Ma = 2, data indicates 

that there is only 54% chance that the best fitted composition 

is [2 3 10]. This is not a problem since this step produces the 

candidates for a tournament (where compositions are 

compared one against the other). In the worst case, instead of 

the resulting eight compositions shown in Table 3, one would 

have to include other equally competitive compositions (e.g., 

say that for Ma = 2, the two best compositions present 48% 
and 44% probabilities, respectively. In this case, the two 

compositions could be carried over to the next step). 

Table 3: Results of second step: selection of best mb-mc for 

given ma (mb-mc combinations taken from first step). 

Ma Best 

composition 

Probability 

1 1 2 10 84% 

2 2 3 10 54% 

3 3 4 10 81% 

4 4 6 10 47% 

5 5 6 9 60% 

6 6 7 9 52% 
7 7 8 9 55% 

8 8 9 10 --- 

 
Figure 8 illustrates the tournament process conducted in 

the third step of model selection. The entries in the first round 

come from the second step. Thus, when comparing the 

composition [1 2 10] against [2 8 10], data indicates that there 

is 99% chance that [1 2 10] is better suited to describe the 

measure responses. Since the eight compositions entered this 

step, the best composition is known after three rounds (seven 

tournaments comparing two compositions at a time). At the 

end of the third step, the proposed methodology successfully 

selected composition [1 2 10] based on the transient power 

and reactive power responses. 
 

 

Figure 8: Results of third step: selection of best Ma-Mb-

Mc composition (compositions taken from second step). 
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Figure 9 summarizes the calibration of the [1 2 10] 

composition. The histograms were obtained by using the 

Metropolis-Hastings algorithm to sample the posterior 

distribution of the nine calibration parameters. Keeping in 

mind that the priors are all non-informative, these histograms 

point out that the uncertainty reduction is strong for Fma, 
Fmb, Fmc, and PF, and moderate to weak for P1c, P2c, Q1c 

and Q2c. This indicates that the best composition, as a model, 

is sensitive to changes in Fma, Fmb, Fmc, and PF; as a result, 

given the evidence (measured power and reactive power), 

uncertainty about these parameters is small. That does not 

happen to P1c, P2c, Q1c and Q2c with an indication of low 

model sensitivity to those parameters.  

 

 

Figure 9: Histograms from sampled marginal posterior 

distributions of calibration parameters. 

Finally, Figure 10 shows how the responses from the 

calibrated composition model compares against the noise-free 

data. To illustrate the insensitivity, all calibration parameters 

are kept at the median values (from the histogram) while P2c 

and Q2c vary within [0.0  0.67] and [-2.0  1.7] (obviously 

respecting the constraints              and     
       ). The small differences between curves obtained 

with different P2c-Q2c values and good agreement with noise-

free data translate the histograms of Figure 9 to power and 

reactive power. 
 

 

 

 

 

 

Figure 10: Noise-free data and calibrated model outputs. 

P2c and Q2c vary along the line and other parameters at 

kept at median. Upper limit on P2c and Q2c are due to 

constraints (             and            ). 

 

6 SUMMARY AND CONCLUDING REMARKS 
Power system operation, control and planning rely heavily 

on accurate modeling of loads. Unfortunately, building 

accurate load models is a daunting task because load changes 

all the time and utilities has little control over it. This paper 

presents a heuristic for composite load identification based on 

the state-of-the art Bayesian framework for computer model 

calibration. The heuristics consisting of three-step selection 

and calibration was demonstrated for the case where a voltage 

drop is caused by a remote fault followed by voltage recovery 

after the fault is cleared. It was found that: 

 The three-step selection process is flexible enough to 

accommodate Bayesian methods as well as optimization 
algorithms. It also saves the calibration of individual 

compositions (with a model a library of ten motors, that 

would reduce the number of calibrations from 120 to 44). 

 The model selection and calibration framework is fully 

probabilistic. During the three-step selection process, a 

probability number is associated with candidates for the 

model composition. The calibration that follows selection, 

characterizes the posterior distribution of model 
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parameters. With that, each step in the framework 

provides valuable uncertainty information, enabling 

decision makers to quantify the risk associated with the 

identified load model. 

 

Augmenting results with other cases, including actual 
experimental data, would provide better sense of robustness 

associated with the framework. Nevertheless, it is safe to say 

that the proposed heuristic enabled fully probabilistic load 

identification. Multiple events and faults as well as model 

discrepancy (different between the best possible model and 

reality) are planned in future work. 
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