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Abstract——This paper proposes a structure-inspired parame‐
ter estimation method for the composite load model with dis‐
tributed generation (CMPLDWG) developed by Western Elec‐
tricity Coordinating Council (WECC). The high dimensionality 
and strong nonlinearity of this model, due to the aggregated dis‐
tributed energy resource (DER_A) component, greatly compli‐
cate the reliable parameter estimation. We put forth a parame‐
ter interdependency analysis to partition the entire parameter 
space into smaller subsets, thereby decomposing the original 
high-dimensional estimation problem into　multiple tractable 
subproblems. After applying the interdependency-based parame‐
ter grouping, the estimation for each subset is performed using 
both the Levenberg-Marquardt (LM) algorithm and the en‐
hanced snake optimizer (ESO), demonstrating the solver-agnos‐
tic improvements in the convergence stability and estimation ac‐
curacy. An initialization strategy is developed to improve the ro‐
bustness of subsequent optimization. Case studies in the New 
England 68-bus system confirm that the interdependency-based 
parameter grouping significantly improves the convergence 
speed, numerical stability, and estimation accuracy across differ‐
ent disturbance scenarios. The ability of the proposed estima‐
tion method is further validated through real-world measure‐
ments, and it can be broadly applicable to other modeling prob‐
lems.

Index Terms——Composite load model, distributed generation, 
enhanced snake optimizer, Levenberg-Marquardt (LM) algo‐
rithm, parameter estimation, interdependency-based parameter 
grouping.

I. INTRODUCTION 

MODERN electric power systems continue to witness 
an increasing penetration of distributed energy re‐

sources (DERs) and a growing heterogeneity of end-use load 
components. Thus, the accurate dynamic load modeling has 
become essential for reliable grid operation and planning [1]. 
Traditional load models fail to capture the fast and nonlinear 
dynamics of motors and inverter-based DERs. In this con‐
text, the composite load model with distributed generation 
(CMPLDWG), developed by the Western Electricity Coordi‐
nating Council (WECC), has emerged as a widely adopted 
and comprehensive load model [2], [3]. The CMPLDWG 
comprises static ZIP loads and dynamic components includ‐
ing four induction motors, an electronic load, and an aggre‐
gated DER (DER_A) block that represents the aggregated 
DER behavior. This structure enables the accurate reproduc‐
tion of disturbance responses, e. g., voltage sags, frequency 
deviations, and DER tripping, which supports the planning 
and protection [4], [5].

Despite its high fidelity, the practical deployment of 
CMPLDWG is significantly hindered by its model complexi‐
ty. It contains 183 nonlinearly and structurally coupled pa‐
rameters and 25 nonlinear differential equations, many of 
which interact over a wide range of time scales. Due to this 
issue, the data-driven CMPLDWG modeling is a well-
known challenge. The iterative Levenberg-Marquardt (LM) 
algorithm [6], as the dominant solver thanks to its efficiency 
in smooth and moderately scaled problems [7], [8], has sub‐
stantial limitations when applied to the CMPLDWG with 
high dimensionality and strong nonlinearity. In particular, the 
wide parameter scale disparity induces significant variations 
in trajectory sensitivities, leading to an ill-conditioned Jacobi‐
an matrix and unstable updates. Strong nonlinearities further 
exacerbate this issue by introducing locally sharp curvature, 
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reducing effective column independence in the Jacobian ma‐
trix, and slowing or destabilizing convergence. As a result, 
the CMPLDWG modeling often suffers from slow conver‐
gence or divergence and frequent simulation failures [9]. To 
address these issues, several methods have been proposed to 
either reduce the effective dimensionality in the estimation 
process or improve the solver robustness. One class of meth‐
ods involves the sensitivity-based screening, which elimi‐
nates the weakly identifiable parameters based on their ef‐
fects on post-disturbance trajectories [10], [11]. By identify‐
ing the parameters that produce negligible effects, these 
methods retain only those deemed dynamically significant 
under a specific event. However, even after the sensitivity-
based screening, the remaining parameter estimation problem 
retains most of the original dimensionality, continuing to 
pose significant numerical challenges.

Meanwhile, various data-driven methods have been ap‐
plied to handle the non-convexity of parameter estimation 
problem. Deep learning-based methods such as amortized in‐
ference, deep Q-learning, and reinforcement learning aim to 
learn approximators from offline data to alleviate the compu‐
tational burden of simulation during the online inference [9], 
[12] - [14]. However, they are extremely data- and computa‐
tion-intensive during the offline training and very sensitive 
to the hyperparameter tuning. Moreover, their black-box na‐
ture makes them almost infeasible to accommodate frequent 
model updates due to rapidly changing renewable and de‐
mand conditions, severely limiting their adaptivity to vary‐
ing operating points. The metaheuristic algorithms, represent‐
ed by the genetic algorithm (GA) and particle swarm optimi‐
zation (PSO), have global search capabilities with less depen‐
dence on gradient information [15], [16]. These algorithms, 
which require no offline dataset generation, can have less  
computational and memory burden compared with deep 
learning-based methods. In particular, the enhanced snake op‐
timizer (ESO) has emerged as a promising metaheuristic al‐
gorithm with firm performance. Although it has not yet been 
applied to dynamic load models like CMPLDWG, its biolog‐
ically inspired design enables a powerful combination of 
global exploration and adaptive local refinement, offering 
the potential to navigate the complex estimation landscape 
of model [17], [18].

Despite these advantages, the existing data-driven meth‐
ods fail to fundamentally resolve the ill-conditioning in 
CMPLDWG modeling. The ill-conditioning is referred to as 
the case where the Jacobian or Hessian matrix has very 
large condition numbers and nearly collinear sensitivities. As 
noted by [19] and [20] and corroborated by our numerical 
tests, the ill-conditioning in CMPLDWG modeling under‐
mines the parameter identifiability and convergence robust‐
ness. Consequently, both gradient-based and data-driven 
methods often exhibit instability and poor generalizability to 
new scenarios. These limitations highlight the need for a 
structural approach to address the ill-conditioning fundamen‐
tally and explicitly. Inspired by this, we partition the entire 
parameter space into smaller subsets, thereby decomposing 
the original high-dimensional estimation problem into multi‐
ple tractable subproblems. This grouping idea enables the in‐

dependent estimation of each subset, and the subproblem is 
subject to more favorable numerical conditioning. For effec‐
tive grouping, the parameters within each subset should have 
similar scales, while interactions across subsets should be re‐
duced to avoid unstable parameter updates. This interdepen‐
dency-based parameter grouping offers a unified solution to 
both requirements by forming subsets of strongly interdepen‐
dent parameters with small cross-subset interactions.

Building on the interdependency-based parameter group‐
ing, this paper presents a structure-inspired parameter estima‐
tion method of CMPLDWG, which systematically addresses 
the numerical, structural, and scalability challenges inherent 
in high-dimensional dynamic load modeling. The key contri‐
butions are summarized as follows.

1) We propose an interdependency-based parameter group‐
ing that partitions the entire parameter space into smaller 
subsets, effectively reducing cross-subset interaction and mit‐
igating the ill-conditioning in the estimation process.

2) The proposed estimation method is applied across both 
gradient-based methods and metaheuristic algorithms, demon‐
strating solver-agnostic improvement in the convergence sta‐
bility and estimation accuracy.

3) An initialization strategy, combining pre-disturbance 
weighted alignment and subset-wise update, is introduced to 
ensure feasible starting points and improved stability during 
estimation.

4) By leveraging the physical and numerical structure of 
CMPLDWG, the proposed estimation method provides a 
scalable and interpretable solution for estimating large-scale 
dynamic load parameters. Case studies on the New England 
68-bus system confirm the substantial improvements in con‐
vergence speed and numerical stability, which further en‐
hance the estimation accuracy. The ability of the proposed 
estimation method in achieving high estimation accuracy is 
further validated through real-world measurements. More‐
over, the proposed estimation method is broadly applicable 
to future extensions of load models or similar complex data-
driven estimation problems in power systems or other dy‐
namic systems.

The remainder of this paper is organized as follows. Sec‐
tion II formulates the problem for CMPLDWG estimation. 
Section III presents the interdependency-based parameter 
grouping and the overall estimation method. Section IV pro‐
vides case studies, followed by conclusions in Section V.

II. PROBLEM FORMULATION FOR CMPLDWG ESTIMATION 

The CMPLDWG captures the aggregate dynamic behav‐
iors of loads and DERs at the transmission-level substations 
[2], [3]. As illustrated in Fig. 1, it combines static ZIP loads 
and dynamic components. The dynamic components adopt 
the DER_A model, a simplified yet flexible representation of 
aggregated DERs that includes active/reactive power control 
loops, frequency and voltage ride-through logics, and power 
limits [21], [22]. This model includes 183 nonlinearly and 
structurally coupled parameters and 25 nonlinear differential 
equations, exhibiting complex interactions across diverse 
time scales and control layers.
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Data-driven load modeling aims to estimate the parameter 
vector θ = [ ]θ i  that minimizes the mismatch with the mea‐
sured disturbance responses. Given the measured active and 
reactive power trajectories, denoted as Pmeas and Qmeas, re‐
spectively, we form the residual error r (θ ) as:

r (θ ) = f (θ ) - é
ë
êêêê

ù
û
úúúú

Pmeas

Qmeas

=
é

ë

ê
êê
ê ù

û

ú
úú
úP ( )θ -Pmeas

Q ( )θ -Qmeas

(1)

where f (θ ) denotes the mapping from θ to the simulated ac‐
tive and reactive power trajectories P (θ ) and Q (θ ). Follow‐
ing the existing work [7], [9], [20], [23], the nonlinear least-
squares (NLS) problem is represented as:

arg min
θ

E (θ ) = 1
2
 r ( )θ 2

2
=

1
2

rT( )θ r (θ ) (2)

where E (θ ) is the objective function of NLS problem.
The estimation of NLS problem for CMPLDWG encoun‐

ters severe ill-conditioning, affecting the convergence speed 
and numerical stability of iterative updates. Under such con‐
ditions, even small perturbations in initial values or measure‐
ment data can lead to significant variations in the estimated 
parameters, undermining the parameter identifiability and 
convergence robustness. This primarily arises from two fac‐
tors: ① a large scaling difference across the parameters; and 
② a strong nonlinearity. Although these issues may be less 
problematic in low-dimensional or weakly coupled models, 
they could significantly affect the scalability and robustness 
of the large and complex CMPLDWG.

First, the CMPLDWG exhibits a large scaling difference 
across its parameters due to substantial differences in physi‐
cal units, parameter magnitudes, and parameter sensitivities. 
This difference causes the Jacobian matrix of residual error 
r (θ ), denoted as J r, to span several orders of magnitude, re‐
sulting in the ill-conditioning. In the NLS problem (2), the 

(ij ) th
 entry of the Hessian matrix H E of E (θ ) is given by:

H E
ij =

¶2 E ( )θ
¶θi¶θj

= ( ¶r
¶θj ) T

¶r
¶θi

+ rT ¶2r
¶θi¶θj

(3)

A fundamental issue of Gauss-Newton (GN) -based solv‐
ers, e. g., LM algorithm, lies in the approximation H E »

(J r ) T
J r. This neglects the second-order derivatives in (3) for 

simplicity. However, the iterative updates become more 
prone to the ill-conditioning if J r has a severe imbalance.

Second, a strong nonlinearity in the CMPLDWG further 

aggravates the ill-conditioning. f (θ ) is known to be highly 
nonlinear and state-dependent, resulting in locally sharp cur‐
vature. In regions with locally sharp curvature, the influence 
of the neglected second-order derivatives in (3) could be sig‐
nificant, and the GN-based solvers may fail to capture the 
accurate curvature. In practice, the iterative updates would 
experience poor step size choices and slow convergence. 
From a metaheuristic perspective, the resulting search land‐
scape is highly nonconvex with flat regions and narrow val‐
leys. Consequently, PSO and GA can exhibit slow conver‐
gence or premature convergence, particularly under weak pa‐
rameter excitation [19].

III. INTERDEPENDENCY-BASED PARAMETER GROUPING AND 
PROPOSED ESTIMATION METHOD 

To tackle the numerical challenges, we develop a structure-
inspired parameter estimation method of CMPLDWG via in‐
terdependency-based parameter grouping. By partitioning the 
entire parameter space into smaller subsets, the numerical 
and convergence instabilities can be effectively eliminated. 
This partition should ensure that the resulting subsets are 
weakly coupled with each other.

Figure 2 illustrates the overall three-stage design of pro‐
posed estimation method. 

First, an initialization stage (stage 1) is used to select the 
initial sample among multiple randomized parameter sets. 
We prioritize the pre-disturbance weighted alignment to se‐
lect a physically plausible initial sample based on playback 
analysis provided by power system simulators [24] and pa‐
rameter reduction. Next, two diagnostic steps in parameter 
grouping stage (stage 2) are conducted: ① trajectory sensitiv‐
ity analysis, which identifies the dominant parameters affect‐
ing system dynamics; and ② parameter interdependency 
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Fig. 1.　Schematic diagram of CMPLDWG.
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Fig. 2.　Overall three-stage design of proposed estimation method.
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analysis, which captures the pairwise couplings among all 
the parameters. Based on these two steps, the entire parame‐
ter space is systematically divided into smaller subsets of 
strongly interdependent parameters, while the cross-subset in‐
teractions are minimized. A subset ordering is further deter‐
mined based on their importance. At the parameter update 
stage (stage 3), an iterative process for estimating each sub‐
set separately is developed, i. e., subset-wise update, along 
with a global refinement step. The primary benefit is that the 
ill-conditioning can be mitigated by suppressing cross-subset 
interactions, thereby improving the convergence stability 
across various optimization solvers.

A. Initialization Stage

Upon obtaining the disturbance measurements, we first 
perform the playback analysis and parameter reduction. Our 
numerical analysis shows that only 69 of the total 183 pa‐
rameters are dynamically relevant and structurally identifi‐
able in typical fault scenarios. The remaining parameters are 
insignificant for different reasons and thus can be excluded 
from the estimation task.

To obtain the starting point, we adopt a sampling-based 
strategy in which multiple parameter sets are randomly gen‐
erated within their reasonable ranges. The trajectory re‐
sponse of each sample θ is simulated and evaluated using a 
weighted average of the pre- and post-disturbance residual 
errors as:

θ0 = arg min
θ (ωpre rpre( )θ

2

2
+ωpost rpost( )θ

2

2 ) (4)

where rpre and rpost are the pre- and post-disturbance residual 
errors, respectively; ωpre and ωpost are the pre- and post-dis‐
turbance weight hyperparameters, respectively; and θ0 is the 
selected initial sample. In this paper, ωpre >ωpost is set to pri‐
oritize the pre-disturbance weighted alignment, thereby im‐
proving the performance of subsequent stages. The initial 
sample θ0 is selected for the subsequent analysis.

B. Parameter Grouping Stage

Parameter grouping stage is designed to achieve effective 
dimensionality reduction while preserving critical parameter 
interdependency that affects the numerical conditioning. The 
first-order trajectory sensitivity analysis provides the evalua‐
tion on the importance of individual parameters. Based on 
the simulated trajectory with a fixed model input, we em‐
ploy the finite-difference approach to approximate the trajec‐
tory sensitivity with respect to parameter θi as [20]:

J f(θ i ) = ¶f ( )θ
¶θi

»
f ( )θ0 + ϵiei - f ( )θ0 - ϵiei

2ϵi

(5)

where J f(θ i ) is the trajectory sensitivity with respect to pa‐
rameter θi; ei is the Kronecker vector with 1 at the ith entry 
and 0 elsewhere; and ϵi is the perturbation step size. Note 
that J f is equal to J r. If  J f( )θ i ® 0 and can be negligible, 

parameter θi can be treated as unidentifiable and excluded to 
improve the parameter identifiability of the estimation prob‐
lem.

After eliminating unidentifiable parameters, we further par‐
tition the remaining parameters into subsets to ensure that 

the numerical conditioning within each subset is significant‐
ly improved. It is crucial to account for parameter interde‐
pendencies. When strongly interdependent parameters are as‐
signed to different subsets, separately optimizing these sub‐
sets may significantly alter the descent direction and lead to 
an unstable trajectory, as detailed in Supplementary Material 
A. The example in Supplementary Material A indicates that, 
as the numerical conditioning worsens, the parameter interde‐
pendency can largely affect the estimation accuracy. Follow‐
ing [25] and [26], we evaluate the interdependency between 
any two parameters θi and θj based on the second-order de‐
rivative of f (θ ), as approximated by:

H f
ij =

¶2 f ( )θ
¶θi¶θj

»
1

4ϵiϵj
( f++ - f+- - f-+ + f--) (6)

where H f
ij is the (ij )th entry of the Hessian matrix H f of 

f (θ ); and f++ = f (θ0 + ϵiei + ϵjej ), f+- = f (θ0 + ϵiei - ϵjej ), f-+ =

f (θ0 - ϵiei + ϵjej ), and f-- = f (θ0 - ϵiei - ϵjej ) are computed us‐

ing the finite-difference rule. 
By normalizing the element-wise L1 norm of the vector-

valued interaction metric for each parameter pair ( )θ iθ j , i.e., 

H f
θiθj

, the normalized second-order interdependency (nSI) 

can be obtained as:

nSI (θ iθj ) =  H f
θiθj 1sum

max
i ¹ l

 H f
θiθl 1sum

(7)

where  ×
1sum

 denotes the element-wise L1 norm, which is 

the sum of absolute values in a vector; and nSI (θ iθj ) is the 

nSI value for parameter pair ( )θ iθ j .

The nSI value characterizes not only the parameter interde‐
pendency but also the parameter scaling. This value is relat‐
ed to the sensitivity to the joint changes of two parameters. 
Thus, the parameter pairs with similar scaling and consistent 
dynamic influences have higher nSI values, thereby ensuring 
the scale-consistent grouping. Additionally, the nSI value can 
approximate the second-order derivatives in (3), which is ig‐
nored by GN-based solvers. Therefore, the interdependency-
based parameter grouping inherently incorporates the second-
order curvature to improve the convergence stability by ad‐
dressing the model nonlinearity.

By using the nSI value, the interdependency-based param‐
eter grouping could structurally mitigate the ill-conditioning. 
The core idea is to update subsets of strongly interdependent 
parameters. Formally, we partition all the parameters into dis‐
joint subsets, with any two subsets Sm and Sn satisfying:

nSI (θ iθj ) < ζ    "θiÎ Sm"θjÎ Sn (8)

where ζ is a pre-selected threshold.
By properly selecting ζ, we could partition all the parame‐

ters into K subsets, each corresponding to a lower-dimension‐
al and better-conditioned subproblem. In practice, this is im‐
plemented through a hierarchical clustering process. The in‐
dependent parameters satisfying the threshold are first ex‐
tracted into a subset and then removed from the pool. This 
procedure is repeated until all parameters are assigned. Each 
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subset will be sequentially updated, starting from the one 
containing the most influential parameters according the tra‐
jectory sensitivity analysis. As demonstrated by numerical 
tests later, the interdependency-based parameter grouping is 
the key to improving the numerical conditioning. It is worth 
noting that the parameters can be grouped solely based on 
the parameter interdependency analysis, even without the do‐
main knowledge of model. Accordingly, the interdependency-
based parameter grouping can be applied to any other dy‐
namic model.

C. Parameter Update Stage

The interdependency-based parameter grouping decouples 
the original high-dimensional estimation problem into K sub‐
problems. Within each subset, the strongly interdependent pa‐
rameters are jointly updated while fixing the parameters in 
other subsets. For this subset-wise update, a variety of data-
driven methods can be utilized, among which we select two 
representative ones, the LM algorithm and ESO, with a 
trade-off in the computational complexity and accuracy. 

The LM algorithm combines the gradient and GN direc‐
tions by using the diagonal of the approximate Hessian ma‐
trix for improved stability. The LM update is expressed as:

ì

í

î

ïïïï

ï
ïï
ï

θ n + 1
Sk

= θ n
Sk
-Dnr ( )θ n

Sk

Dn = ( )( )J r T
J r + λndiag ( )( )J r T

J r
-1

( )J r T
(9)

where the superscript n denotes the index of iteration; θSk
 is 

the vector of parameters in subset Sk; Dn is the LM update 
direction matrix; and λ is the damping factor. For simplicity, 
the matrix J r here stands for the Jacobian matrix evaluated 
at θ n

Sk
. Intuitively, the LM update direction is proportional to 

the gradient and inversely proportional to the curvature. To 
further enhance the numerical stability, we can adopt a re‐
duced step size by introducing a scalar coefficient αÎ (01]:

Dn = α ((J r ) T
J r + λndiag ((J r ) T

J r ) ) -1

(J r ) T
(10)

This can adaptively control the updated step size while 
maintaining the descent direction. The LM update is effi‐
cient in terms of local convergence at a modest computation‐
al cost. However, it is less effective at exploring highly non‐
linear or ill-conditioned landscapes because it relies solely 
on local curvature.

The ESO is a population-based metaheuristic and alterna‐
tive algorithm when a global parameter search is required. 
The ESO extends the original snake optimizer (SO) [17], 
which is inspired by biological behaviors, through several en‐
hancements. Specifically, the ESO incorporates the opposi‐
tion-based learning to enhance the population diversity, 
adopts the lens-imaging projection to explore distant search 
regions, and balances the adaptive exploration-exploitation. 
In addition, the advanced perturbation operators such as sine-
cosine updates, Tent-chaos mapping, and Cauchy mutations 
are applied to enhance the global search performance [18]. 
Based on these operators, the ESO randomly partitions the 
parameters in Sk into two vectors θ f

Sk
 and θm

Sk
, which are up‐

dated separately. In a nutshell, the ESO is particularly suit‐
able for addressing the highly nonlinear search space in the 
parameter estimation for CMPLDWG, albeit at the expense 
of much higher computational complexity than LM updates.

To support the stable and effective optimization within 
each subset, we apply a targeted re-initialization procedure 
prior to the subset-wise update. The schematic diagram of 
subset estimation process is shown in Fig. 3. 

By perturbing θ0 within predefined parameter bounds, N/K 
particles are randomly generated for each subset Sk. Particles 
that produce unstable or infeasible simulation trajectories are 

discarded, and the remaining α particles are retained. If the 
number of feasible particles falls below the threshold 
0.8N/K, the sampling space is adaptively tightened around 

 SK re-initialization

 S2 re-initialization

θ0

Retain feasible α
particles

Discard infeasible
 N/K�α particles

 

Repeat the iterative screening
 until sufficient feasible 

particles are achieved

At least 0.8N re-initialized particles
 

 S1 re-initialization

Initial best particle
Changed by 
initialization

Changed by 
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Best particle selection

LM algorithm:

ESO:

Re-initialization for different subsets

S1
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)n n= �
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Fig. 3.　Schematic diagram of subset estimation process.
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previously retained samples. This iterative screening contin‐
ues until sufficient feasible candidates are obtained, provid‐
ing both reliable starting points for local solvers and suffi‐
cient diversity for heuristic search. Upon completing the sub‐
set-wise updates, the best particle is selected to serve as the 
initial reference for the next iteration.

A global refinement step is then implemented to fine-tune 
the entire parameter space. It essentially performs updates 
for all parameters together within their allowable ranges 
since the subset-wise updates have obtained sufficiently accu‐
rate estimation. For the LM-based refinement, the allowable 
ranges are determined based on the iterative updates. For the 
ESO-based refinement, the search domain is given by the fi‐
nal population dispersions across all subsets. The global re‐
finement step ensures the consistency and global alignment 
across the subsets.

IV. CASE STUDIES 

A. Simulation Environment and Setup

To validate the proposed estimation method, we conduct 
case studies using the New England 68-bus system with a 
138 kV base voltage and a total load of approximately 17 
GW. In CMPLDWG, we remove unidentifiable parameters 
via an initial screening process, leaving 69 parameters as un‐
known ones. A complete list of estimation parameters along 
with representative nominal values is provided in Supplemen‐
tary Material B. The DER_A fraction is assumed to be 
known, following the method in [27]. Except for physical 
bounds defined in the WECC guidelines [28], [29], no prior 
knowledge about the parameters is assumed. The simulation 
is performed via a Python interface connected to the PSS/E 
simulator, running on a computer system equipped with an 
AMD Ryzen-7 3700X 3.60-GHz CPU and 32 GB RAM.

We perform the parameter estimation in five simulation 
scenarios and real-world measurements. Scenarios 1-4 focus 
on estimating the composite load at Bus 41, while Scenario 
5 focuses on Bus 29.

1) In Scenario 1, a three-phase short circuit is applied on 
Bus 14 at t = 1 s and cleared at t = 1.1 s to induce system-
wide disturbances. The composite load at Bus 41 comprises 
load demand of (1000 + j300)MVA and DER generation of 
(200 + j25)MVA. Scenario 1 represents a simplified case, 
where only a single parameter, i. e., the motor A fraction 
(FmA), is treated as unknown during estimation.

2) Scenario 2 performs estimation over all 69 parameters, 
with all other settings identical to those in Scenario 1.

3) In Scenario 3, a line fault is set on the branch between 
Buses 41 and 42, resulting in a more localized excitation pat‐
tern. In addition to increasing the DER generation at Bus 41 
to (400 + j40)MVA, additional DERs are assumed to be in‐
stalled at Buses 29 and 42, all represented by the CMPLD‐
WG, and the total DER generation is (650 + j65)MVA. Sce‐
nario 3 is designed to demonstrate the generalizability of the 
proposed estimation method.

4) Based on the configuration of Scenario 3, the DER gen‐
eration at Buses 29, 39, and 42 is gradually increased by 
(50 + j5)MVA, yielding an additional total DER generation of 

(150 + j15)MVA at each step. Simulation is carried out when 
the total DER generation increases from (800 + j80)MVA to 
(1400 + j140)MVA, and the resulting deviations in active and 
reactive power at Bus 41 are illustrated by the solid lines in 
Fig. 4. In general, the power deviations become progressive‐
ly larger as the total DER generation increases, but the over‐
all influence remains relatively limited. When the increased 
DER generation is concentrated at Bus 42 (the adjacent bus 
of Bus 41), significantly larger deviations in active and reac‐
tive power at Bus 41 are observed, as illustrated by the dot‐
ted lines in Fig. 4. This indicates stronger dynamic interac‐
tions with the composite load at Bus 41. Accordingly, to ver‐
ify the robustness of the proposed estimation method, we se‐
lect the case with concentrated DER generation increments 
at Bus 42, with a total DER generation of (1400 + j400)MVA, 
as shown in Scenario 4.

5) In Scenario 5, the total DER generation is 
(800 + j80)MVA, while the estimation target is changed to the 
composite load at Bus 29. This scenario is designed to evalu‐
ate the ability of the proposed estimation method to achieve 
the accurate parameter estimation under realistic operating 
conditions. To emulate the realistic measurement conditions 
that often involve significant noise, white Gaussian noise is 
added to the voltage, active power, and reactive power ob‐
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tained from the simulation before performing estimation. Fur‐
thermore, to reflect the practical situations where a good ini‐
tial point may not be available, the estimation is intentional‐
ly initialized using the lower bound for the allowable range 
of each parameter, as shown in Supplementary Material C. 
In addition, we also incorporate real-world measurements 
from PQube devices to assess the proposed estimation meth‐
od.

B. Effect of Interdependency-based Parameter Grouping on 
Estimation Stability

To evaluate the role of interdependency-based parameter 
grouping, we first consider Scenario 1, where only one pa‐
rameter, i. e., FmA, is estimated while all other parameters 
are initialized at the ground-truth values. This isolates the lo‐
cal convergence behavior without the confounding effect of 
high dimensionality. Figure 5 compares the estimation re‐
sults using LM algorithm with and without interdependency-
based parameter grouping in Scenario 1, with FmA initial‐
ized at 0.9. 

As illustrated in Fig. 5, the estimation without interdepen‐
dency-based parameter grouping exhibits poor robustness. 
The convergence is highly sensitive to the damping factor λ, 
and the LM algorithm frequently diverges or oscillates when 

λ < 2500. The convergence instability is attributed to the re‐
sidual cross-coupling of FmA with other fixed yet sensitive 
parameters in the same subset, e.g., motor D fraction (FmD) 
and open-circuit transient time constant of motor C (TppoC), 
which distort the error surface. In several runs, FmA is driv‐
en away from its real value as it compensates for mismatch‐
es introduced by these fixed yet sensitive parameters.

In contrast, the estimation with interdependency-based pa‐
rameter grouping isolates FmA with its most directly cou‐
pled parameters, enabling the localized optimization within a 
better-conditioned subspace. This enables the successful re‐
covery of the real value of FmA, smoother convergence, and 
significantly lower estimation error. However, the instability 
persists due to abrupt changes in parameters such as FmD in 
the same subset, highlighting the limitations of gradient-
based updates in nonlinear regions. Overall, the interdepen‐
dency-based parameter grouping improves the local stability 
but does not entirely eliminate the convergence instability 
under the strong nonlinearity.

C. Initialization Evaluation

Figure 6 compares the initialization results under varying 
pre-disturbance weights rpre. The weighted MSE over multi‐
ple random samples with 69 parameters unknown is comput‐
ed to assess the effect of pre-disturbance weight. As illustrat‐
ed in Fig. 6(a), increasing the pre-disturbance weight rpre im‐
proves the initialization quality. Notably, the case with rpre =
100 yields the lowest median weighted MSE, the narrowest 
interquartile range, and the fewest extreme outliers. The pro‐
portion of samples with a weighted MSE below 100, which 
indicates almost zero error in the steady state, increases from 
14% with rpre = 1 to 28% with rpre = 100, and then decreases 
to 20% with rpre = 1000. This trend confirms that emphasiz‐
ing the pre-disturbance weighted alignment improves the 
probability of obtaining physically plausible and dynamically 
stable parameter sets.

Additionally, higher rpre values alleviate the ill-condition‐
ing by anchoring the initial parameter set closer to the feasi‐
ble operating region. Logarithmic condition numbers of the 
Jacobian matrices show consistent reductions in both median 
values and dispersion as rpre increases, as shown in Fig. 6(b). 
This indicates that a better pre-disturbance weighted align‐
ment improves the sensitivity scaling and positions the sys‐
tem near a well-conditioned region of the parameter space. 
Accordingly, rpre = 100 is adopted in subsequent studies for 
its favorable balance between the accuracy and robustness.
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D. Results of Interdependency-based Parameter Grouping

Figure 7 shows the heat maps of nSI values within the en‐
tire parameter space in Scenarios 2 and 3. The nSI values in 
Fig. 7 reveal structurally consistent but disturbance-depen‐
dent interaction patterns in both scenarios. Based on the in‐
terdependency analysis, the parameters are grouped into six 
subsets (as shown by the red boxes) for Scenarios 2 and 3, 
using hierarchical clustering with a threshold of ζ = 0.2, as 
shown in Table I. Note that the parameters in each subset 
from bottom to top and from left to right in Fig. 7 are con‐
sistently ordered with those from left to right in Table I. 

In both scenarios, the DER-related parameters exhibit low 
interdependency, while motor-related and static load-related 
parameters form denser interaction clusters. These results 
confirm that the motor-related dynamics consistently domi‐
nate the interdependency, while the DER-related interdepen‐
dency remains weak across different fault types in Scenarios 
2 and 3. In addition, Scenario 2 displays more extensive and 
stronger interdependencies. In contrast, Scenario 3 presents 
more localized interactions due to the limited propagation of 
the line fault.

Despite differences in the fault types and system respons‐
es, Scenarios 2 and 3 yield consistent patterns aligned with 
the physical hierarchy of CMPLDWG. Subset 2 consistently 
isolates the electronic load-related parameters, indicating 
their weak interactions with other parameters. Subset 6 also 
shows stable clustering of DER-related parameters, reflecting 
their modular roles and low sensitivity to fault types. Frac‐
tion-related parameters exhibit partial consistency in Scenari‐
os 2 and 3, highlighting their common influence on the com‐
posite load behavior. However, the scenario-dependent varia‐
tions are also observed. In Scenario 3, the sub-transient time 
constants TppoA, TppoB, and TppoC are tightly grouped, re‐
flecting a localized dynamic response. In Scenario 2, these 
parameters are dispersed due to the widespread excitation. 
This fragmentation observed in Scenario 2 contrasts with the 
spatially confined subsets in Scenario 3.

To quantitatively assess the benefit of interdependency-
based parameter grouping, Table II reports the interdependen‐
cy-to-sensitivity ratio (ISR), defined as k2 /S, in Scenarios 2 
and 3 under the initial parameter set and subsets 1-6, where 
k2 is the the interdependency metric that captures the off-di‐
agonal dominance in the Hessian matrix H E, computed via 
eigenvalue distribution; and S is the aggregated sensitivity 
from the diagonal entries of H E, as detailed in [30]. The ISR 
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TABLE I
PARAMETER SUBSETS FOR SCENARIOS 2 AND 3 BASED ON 

INTERDEPENDENCY ANALYSIS

Scenario

2

3

Subset

Subset 1

Subset 2

Subset 3

Subset 4

Subset 5

Subset 6

Subset 1

Subset 2

Subset 3

Subset 4

Subset 5

Subset 6

Parameter

TppoA, TppoC, TppoB, LpA, LppA, FmB,
LppC, RaC, LC, RaA, LpC

Fel, Pfel, frecel, FmA

FmD, FmC, TpoC

LB, TpoB, LA, TpoA, LpB, LFmB, RaB, HA, 
LppB, HB, LFmA, PFs, Q1c, Tiq, Np2, Nq2

LFmC, HC, Trv, Tg, LsC, Kp1, Np1, etrqA, Trf, 
Kpg, P2c

P1c, Q2c, Tp, Kq1, Nq1, Tf, CmpKpf, LsA, LsB, 
etrqB, etrqC, CmpKqf, Tpord, Kq2, Kp2, Ddn, 

Kig, Tv, Kqv, Dup, Vrfrac, rrpwr, Tv, Xe

TppoA, TppoB, TppoC

LA, LpA, LppA, LC, HA, LB, LFmB, Fel, Pfel,
LppB, FmD, RaA, RaC

LpB, LFmA, TpoA, FmC, LFmC, RaB, TpoB, 
LppC, TpoC, frecel, LpC, HC

FmA, FmB, LsB, HB, etrqA, Tp, Q1c, etrqB, 
P1c, Trv, Q2c, LsC, PFs

P2c, Trf, Kpg, Nq1, Tpord

etrqC, Tg, Ddn, CmpKqf, Kp1, Tf, Tiq, Np1, 
CmpKpf, LsA,Kig, Kq1, Dup, Tv, Kp2, Np2, 

Kq2, Nq2, Kqv, Vrfrac, rrpwr, Tv, Xe

Note: Trv, Trf, Kqv, Tp, Tiq, Ddn, Dup, Tpord, Kpg, Kig, Vrfrac, Tg, rrpwr, 
Tv, and Xe are the DER-related parameters; LfmA, RaA, LA, LsA, LpA, 
TpoA, TppoA, HA, etrqA, LfmB, RaB, LB, LsB, LpB, TpoB, TppoB, HB, 
etrqB, LfmC, RaC, LC, LsC, LpC, TpoC, TppoC, HC, and etrqC are the 
motor A-, B-, and C-related parameters; Tv, Tf, Kp1, Np1, Kq1, Nq1, Kp2, 
Np2, Kq2, Nq2, CmpKpf, and CmqKqf are the motor D-related parameters; 
FmA, FmB, FmC, FmD, and Fel are the fraction-related parameters; and 
Pfel, frecel, PFs, P1c, P2c, Q1c, and Q2c are the static or electronic load-re‐
lated parameters.
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thus characterizes the numerical conditioning, where values 
below the threshold 100 generally indicate the well-condi‐
tioned estimation problems. In Scenario 2, the initial parame‐
ter set yields an ISR of 2.34×105, reflecting the severe pa‐
rameter collinearity and ill-conditioning. The interdependency-
based parameter grouping substantially improves the numeri‐
cal properties: subsets 1-3 exhibit ISR values of 1.93 ´ 10-1, 
1.56 ´ 10-1, and 5.79 ´ 10-3, respectively, demonstrating re‐
ductions of up to five orders. Subset 4 also exhibits accept‐
able numerical conditioning, while subsets 5 and 6 display 
higher ISR values, primarily due to their extremely low sen‐
sitivity. Nevertheless, their limited impact on the objective 
function mitigates the risk of numerical instability. In Scenar‐
io 3, a similar trend can be observed. Without the interdepen‐
dency-based parameter grouping, the initial parameter set 
yields an ISR of 3.56×104, again indicating ill-conditioning. 
However, the interdependency-based parameter grouping 
yields significant improvements across most subsets. Only 
subset 6 exceeds the threshold 100, with an ISR of 8.08 ´ 103. 
Like Scenario 2, this is attributed to very low sensitivity 
rather than ill-conditioning of the original problem. These re‐
sults collectively validate that the interdependency-based pa‐
rameter grouping consistently enhances the numerical stabili‐
ty across different scenarios, primarily by isolating locally 
well-conditioned and influential parameters.

The trajectory sensitivity analysis is conducted to quantify 
the influence of each parameter and determine the order of 
subsets for parameter estimation. Figure 8 presents the nor‐
malized sensitivities of all parameters. 

TABLE II
ISR IN SCENARIOS 2 AND 3 UNDER INITIAL PARAMETER SET 

AND SUBSETS 1-6

Scenario

2

3

Set

Initial parameter set

Subset 1

Subset 2

Subset 3

Subset 4

Subset 5

Subset 6

Initial parameter set

Subset 1

Subset 2

Subset 3

Subset 4

Subset 5

Subset 6

k2

2.85×1011

8.62×104

1.15×105

2.30×102

2.38×104

6.77×104

4.11×108

7.31×1014

1.15×103

4.63×105

2.09×106

3.43×105

3.18×102

2.60×107

S

1.22×106

4.47×105

7.38×105

3.99×104

1.17×103

5.06×102

5.47×102

2.05×1010

8.25×109

2.37×108

4.92×107

4.31×105

6.56×101

3.22×103

k2 /S

2.34×105

1.93×10-1

1.56×10-1

5.79×10-3

2.03×101

1.34×102

7.53×105

3.56×104

1.39×10-7

1.95×10-3

4.26×10-2

7.96×10-1

4.85×100
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In Scenarios 2 and 3, the motor A-, B-, and C-related pa‐
rameters, particularly the sub-transient time constants Tp‐
poA, TppoB, and TppoC, consistently dominate the sensitivi‐
ty distribution, confirming their critical roles during the 
faults. The DER-related parameters exhibit higher sensitivi‐
ties in Scenario 3 than that in Scenario 2. This difference 
likely reflects the larger DER generation adopted in Scenario 
3, which amplifies the impact of DER control parameters on 
system-wide voltage regulation. Based on these normalized 
sensitivities, the subset ordering for sequential estimation is 
determined to prioritize the most influential subsets. In Sce‐
nario 2, the optimal order is subsets 1, 4, 5, 2, 3, and 6, re‐
flecting the dominant motor dynamics followed by load com‐
position and DER contributions. In Scenario 3, the optimal 
order is adjusted to subsets 1, 2, 3, 6, 4, and 5, ensuring that 
the DER-related parameters are estimated earlier.

E. Parameter Estimation Results

The performance of the proposed estimation method is val‐
idated by jointly analyzing the convergence stability and esti‐
mation accuracy. Figure 9 shows the convergence of residual 
errors with and without interdependency-based parameter 
grouping in Scenarios 2 and 3 across various optimization 
solvers including LM algorithm, GA, PSO, and ESO. Note 
that Scenario 2 is initialized with a parameter set that has a 
higher initial error to better evaluate the solver robustness 
under greater parameter uncertainties.

As shown in Fig. 9, without the interdependency-based pa‐
rameter grouping, all optimization solvers exhibit poor con‐
vergence in both scenarios. The LM algorithm converges 
quickly due to the severe parameter collinearity and ill-condi‐

tioning. GA becomes trapped in flat regions within the 
search space, often converging to solutions with relatively 
large residual errors. PSO and ESO exhibit significant im‐
provements, with ESO achieving slightly higher estimation 
accuracy and faster convergence speed. However, both ESO 
and PSO still fail to reach the target error threshold.

With the interdependency-based parameter grouping, the 
convergence is dramatically stabilized across all optimization 
solvers in both scenarios. The LM algorithm shifts from con‐
vergence stagnation to achieving stable and monotonic error 
reduction. GA exhibits smoother convergence, but remains 
less accurate in Scenario 2. PSO and ESO demonstrate sig‐
nificant improvements, achieving highly accurate solutions, 
with ESO consistently outperforming PSO in the estimation 
accuracy and convergence speed. This can also be validated 
through Fig. 10, which shows the final estimation results of 
active and reactive power trajectories with interdependency-
based parameter grouping in Scenarios 2 and 3 across vari‐
ous optimization solvers.

The significant improvements with interdependency-based 
parameter grouping become even more pronounced in Sce‐
nario 2, where the initial condition is more challenging. In 
this scenario, the ability of interdependency-based parameter 
grouping in suppressing parameter interactions and reducing 
the search complexity plays a more critical role in stabiliz‐
ing convergence and guiding optimization solvers toward fea‐
sible regions of the solution space. As illustrated in Fig. 10, 
with interdependency-based parameter grouping, the LM al‐
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gorithm achieves practically acceptable estimation results, 
and PSO and ESO consistently deliver near-perfect recon‐
structions of key dynamic trajectories in both scenarios; 
while GA remains less accurate in Scenario 2. These results 
highlight that the interdependency-based parameter grouping 
can effectively enhances the parameter identifiability while 
suppressing the parameter interactions.

Figure 11 shows the final estimation results of active and 
reactive power trajectories with interdependency-based pa‐
rameter grouping in Scenarios 4 and 5 with ESO. Compared 
with Fig. 10(b), Fig. 11(a) shows that, although the compos‐
ite load at Bus 41 remains unchanged, the system exhibits a 
substantially different dynamic response during both the dis‐
turbance and recovery periods in Scenario 4. The resulting 
MSE is approximately 0.0019 in Scenario 4, which is slight‐
ly higher than those in Scenarios 2 and 3. This can be attrib‐
uted to the more pronounced variation of the dynamic re‐
sponse in Scenario 4. Nevertheless, the proposed estimation 
method still achieves highly accurate estimation despite such 
distinct system behaviors.

In addition, the influence of ζ on the estimation accuracy 
and computational efficiency is analyzed in Scenario 4. 
When ζ = 0.2, 0.5, 0.6, and 0.8, the numbers of subsets are 
5, 6, 7, and 8, respectively. All four ζ values exhibit stable 
convergence toward nearly the same final value. However, 
as the number of subsets increases, the elapsed time per ep‐
och shows an increasing trend from approximately 130 s to 
178 s, while the total number of epochs to convergence de‐
creases from 82 to 65. Consequently, the total elapsed time 
remains nearly constant at around 11000 s, indicating that 
the overall computational efficiency is not significantly com‐
promised. Hence, in Scenario 4, ζ between 0.2 and 0.8 can 
be flexibly utilized without significant degradation in estima‐
tion accuracy and computational efficiency. This robustness 
can be explained by the relatively weak sensitivity of interde‐
pendency-based parameter grouping within this range. How‐

ever, extremely large or small ζ values may induce extreme 
parameter grouping, which will affect both the estimation ac‐
curacy and computation time.

To emulate more realistic operating conditions, Scenario 5 
introduces significant measurement noise, and the original 
active and reactive power trajectories with noise are illustrat‐
ed in Fig. 11(b). Despite the presence of noise, the proposed 
estimation method successfully reconstructs the active and re‐
active power trajectories that closely follow the original 
ones. Furthermore, despite starting from a poor initial point, 
the MSE stabilizes rapidly, which would be attributed to the 
effectiveness of the initialization strategy as well as the 
strong convergence capability of ESO. The final estimation 
achieves an MSE of approximately 0.035, which is higher 
than that in Scenarios 2-4 but still demonstrates strong esti‐
mation accuracy under the noisy environment.

The effect of the population size N of ESO on the conver‐
gence speed and computational efficiency is further investi‐
gated in Supplementary Material C. The results indicate that 
N = 120 provides a favorable balance between the conver‐
gence speed and computational efficiency in Scenario 5.

The effectiveness of the proposed estimation method is 
further validated using real-world measurements from PQube 
devices. The original voltage, active power, and reactive 
power trajectories are obtained from field measurements. 
The playback analysis is conducted such that the measured 
voltage is applied as the grid-side input, and the estimation 
process seeks the parameter set that minimizes the error be‐
tween the measured active and reactive power and the esti‐
mated one. In addition to PQube devices, phasor measure‐
ment unit (PMU) data can also be utilized for this purpose. 
When higher-resolution measurements are available, the data 
can be down-sampled and effectively employed in the param‐
eter estimation process without loss of generality.

The final estimation results of active and reactive power 
trajectories under datasets 1 and 2 with ESO are shown in 
Fig. 12, where dataset 1 exhibits two consecutive voltage 
drops, while dataset 2 shows an abnormal recovery process 
due to delayed voltage recovery. As reported in [20], directly 
using raw measurements in parameter estimation can lead to 
unreasonable results. In our experiment, this issue arises in 
dataset 2; accordingly, the preprocessed data obtained after 
smoothing have been used for estimation. The MSEs for da‐
tasets 1 and 2 are 0.173 and 3.15, respectively, with the lat‐
ter exhibiting higher estimation error. 

Compared with the simulation results, the results using re‐
al-world measurements show lower numerical stability, par‐
ticularly under rapid dynamic changes, where larger devia‐
tions are observed. These discrepancies may arise from the 
limitations of the composite load model itself, which has a 
limited freedom to fully express the load dynamics. Never‐
theless, the proposed estimation method successfully pro‐
vides estimation results that follow the overall measured 
trend well.

In summary, the above findings confirm that the interde‐
pendency-based parameter grouping substantially improves 
both the convergence stability and estimation accuracy 
across various optimization solvers in different scenarios. 
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Fig. 11.　Final estimation results of active and reactive power trajectories 
with interdependency-based parameter grouping in Scenarios 4 and 5 with 
ESO. (a) Scenario 4. (b) Scenario 5.
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This grouping transforms the original high-dimensional esti‐
mation problem into multiple tractable subproblems, allow‐
ing optimization solvers to operate more reliably and effi‐
ciently even under severe parameter uncertainties. Moreover, 
its applicability to real-world measurements underscores its 
robustness and practical utility for high-dimensional parame‐
ter estimation.

F. Key Limitations and Practical Considerations

Despite the demonstrated benefits of the proposed estima‐
tion method, several limitations should be noted. 

First, the interdependency-based parameter grouping is in‐
herently dependent on the specific disturbance used for tra‐
jectory sensitivity analysis and parameter interdependency 
analysis. Since both analyses are conducted based on param‐
eters in particular scenarios, the resulting subsets may not 
fully capture the parameter interactions under different oper‐
ating conditions or fault types that activate different dynamic 
mechanisms. Consequently, multiple disturbance scenarios 
may be necessary to ensure comprehensive parameter identi‐
fiability and robust grouping applicable to a broader range 
of operating conditions.

Second, the interdependency-based parameter grouping re‐
duces the problem dimensionality within each subset and al‐
leviates the memory limitations that may arise when estimat‐
ing the complete parameter set simultaneously. However, the 
additional computation burden required for interdependency 
analysis and multiple subset-wise update rounds increase the 
total estimation time. As the number of subsets grows, the 
cumulative solver executions may offset the efficiency gains 
in solving individual subproblems. Balancing the grouping 
granularity, parameter interdependency analysis, and total 
computational time remains a key consideration for scaling 
the proposed estimation method to even larger or more com‐
plex load models.

Finally, it is important to note that the composite load 
model inherently exhibits time-varying characteristics. This 

implies that, unlike conventional estimation methods that re‐
ly on a fixed set of parameters estimated from a single dis‐
turbance, continuous or probabilistically informed estimation 
methods are required. One possible direction is to improve 
the estimation speed, enabling continuous parameter updates. 
With sufficient data and accumulated estimation results, the 
feasible boundaries or probabilistic distributions of individu‐
al parameters can be characterized. Once these narrowed pa‐
rameter boundaries are established, subsequent estimations 
can be performed within the confined regions, thereby 
achieving significantly faster convergence. Furthermore, by 
leveraging these outcomes, neural network-based models 
such as those presented in [9] could be trained to perform 
quasi-real-time parameter estimation, thereby enhancing the 
practicality of the proposed estimation method for field de‐
ployment.

V. CONCLUSION 

This paper presents a structure-inspired parameter estima‐
tion method of CMPLDWG via interdependency-based pa‐
rameter grouping. By dividing the entire parameter space in‐
to smaller subsets, the original high-dimensional and tightly 
coupled estimation problem is transformed into multiple trac‐
table subproblems. The interdependency-based parameter 
grouping improves the numerical conditioning and enables 
the stable and accurate parameter estimation across various 
optimization solvers including LM algorithm, GA, PSO, and 
ESO. Case studies of the New England 68-bus system in var‐
ious scenarios demonstrate that the interdependency-based 
parameter grouping significantly improves both convergence 
stability and estimation accuracy. Validation using real-world 
measurements from PQube devices further demonstrates that 
the proposed estimation method yields accurate estimation, 
even under atypical dynamic events. The proposed estima‐
tion method not only enables the accurate estimation for 
CMPLDWG but is also extensible to other composite or 
measurement-driven load models, offering a scalable solu‐
tion for dynamic models in increasingly complex power sys‐
tems.
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