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Abstract—The proliferation of distributed energy resources
(DERs) and demand response (DR) programs introduces signif-
icant uncertainties in the monitoring of the distribution system.
This paper proposes a novel forecasting-aided state estimation
(FASE) framework that integrates behavioral modeling of aggre-
gated DERs with dynamic state tracking. The approach employs
subspace identification to derive compact state-space representa-
tions, embedded within a hybrid Unscented Kalman Filter (UKF)
architecture for refined measurement generation. Validation on
the IEEE-123 bus system demonstrates 65.8% improvement in
voltage estimation accuracy compared to conventional methods
and maintains robust performance under 40% measurement
loss scenarios. The framework provides enhanced observability
during rapid load-generation fluctuations and communication
disruptions, offering a critical foundation for real-time distri-
bution network management.

Index Terms—Power system state estimation, distributed en-
ergy resources, demand response.

I. INTRODUCTION

As distributed energy resources (DERs) and responsive
loads continue to expand across distribution networks, the
variability in consumption patterns has increased significantly.
This variability is further compounded by the growing pres-
ence of distributed resources located at the end-load (DRELs),
such as customer-owned generation and storage units, which
introduce additional uncertainty into feeder behaviour [1].
These evolving characteristics reduce the predictability of net-
work conditions and complicate real-time monitoring. There-
fore, it necessitates the need for approaches that can maintain
observability and support reliable system monitoring.

Traditional static state estimation (SE) techniques are not
well-suited to capture the rapidly evolving behaviour of active
distribution networks (ADNs). It motivates the shift toward
dynamic SE methods [2]. Among these, forecasting-aided
state estimation (FASE) offers a compelling approach by
utilizing information from previous system states to predict
future system states [3]. This predictive capability becomes
especially important in networks with substantial penetration
of DERs and DRELs, where rapid fluctuations and uncertain
load–generation interactions must be accurately anticipated.

To realize the potential of FASE and other dynamic SE
methods in ADNs, accurate pseudo-measurement modelling
remains a key challenge. Accurate pseudo-measurement mod-
elling remains a key challenge. Existing pseudo-measurement
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approaches rely heavily on historical profiles, which can
deviate substantially from actual operating conditions [4].
Statistical and probabilistic approaches, such as Gaussian
assumptions [5] or Gaussian mixture models (GMMs) [6]
have been employed. Although effective to an extent, these
methods may degrade SE accuracy under high variability or
multimodal load distributions [7]. Maximum likelihood–based
approaches improve modelling flexibility but may encounter
numerical instability under unfavourable measurement condi-
tions [8]. In parallel, machine-learning-based solutions, such
as probabilistic neural networks (PNNs) [9] and autoregressive
fusion models [10], use real-time data to improve pseudo-
measurements. However, they still face difficulty capturing
the stochastic behaviour of DRELs and customer-controlled
devices, which strongly influence net demand [11]. Sudden
load changes, ramp events, and diverse consumer actions
further introduce unpredictable deviations, highlighting the
need for more robust and adaptive modelling strategies.

Furthermore, all the existing pseudo-measurement-based
approaches for static SE typically rely on fixed consumption
profiles associated with different customer classes [12]. How-
ever, these methods do not sufficiently capture the variability
introduced by demand response (DR) programs and DRELs,
both of which can produce operating behaviours that devi-
ate markedly from traditional consumption patterns [1]. This
growing variability calls for modelling approaches that track
the changing dynamics of ADNs.

This work incorporates an explicit representation of end-
load resource (DREL) behaviour into the distribution system
SE (DSSE) pipeline. The proposed approach combines two
complementary elements. First, a deep-learning forecasting
module produces short-term, aggregated nodal demand fore-
casts that capture DREL-driven fluctuations using limited mea-
surements together with weather and price signals [3]. Second,
a compact node-level behavioural model consolidates local
DER dynamics, DR participation and end-load characteristics
into an input–output representation suitable for real-time SE.

Node-level behavioural models are identified from historical
measurements, price-response records and meteorological data
using a numerical subspace state-space identification proce-
dure. Each model is validated on hold-out data prior to deploy-
ment. Validated models are embedded in an Unscented Kalman
Filter (UKF) [13] to refine noisy remote terminal unit (RTU)
measurements and supply high-quality new measurements.
The UKF prediction–correction cycle is then integrated within
a FASE framework to obtain network states. By treating DREL
activity as a predictable component rather than an unstruc-
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tured disturbance, the framework improves observability and
increases resilience to temporary communication outages.

The main contributions of this work are:
• A node-level behavioural modelling framework that com-

pactly captures feeder dynamics induced by DRELs and
other distributed resources.

• A hybrid forecasting and filtering scheme that refines
real-time measurements and supplies model-based refined
measurements via UKF integration.

• Enhanced DSSE robustness under measurement sparsity
and communication delays through the coordinated FASE
architecture.

II. MODELING OF DISTRIBUTED ENERGY RESOURCES

A. Subspace Identification Framework
Modern distribution systems require modeling the collective

influence of numerous DERs without explicitly representing
each device [10], [11]. To achieve this, a behavioral state-
space model is developed using subspace identification, which
derives system dynamics directly from historical input–output
data without assuming a predefined structure.

The state vector xb
k ∈ Rq represents the aggregate opera-

tional behavior of resources such as photovoltaic units (PVs),
electric vehicles (EVs), and flexible loads. The superscript b
denotes behavioral states, and the model evolves as

xb
k = Axb

k−1 +Buext
k−1 +wb

k−1, (1)

where A and B denote the state transition and input matri-
ces, respectively, and wb

k ∼ N (0,Qb) captures unmodeled
variations. The main factors influencing PV operation in our
case study, solar irradiance Ik, ambient temperature Tk, and
electricity price deviation ∆πk, are included in the external
input vector uext

k = [∆πk, Tk, Ik]
⊤. The measurable output

can be expressed as follows:

yk = Cxb
k +Duext

k + vk, (2)

where vk ∼ N (0,Rb) represents measurement noise, D
captures direct input effects, and C maps latent states to
observable power injections.

By capturing temporal correlations and the impact of exter-
nal variables like price and weather, this formulation offers a
data-driven depiction of aggregate DER behavior. In order to
ensure robustness and consistency, a structured four-step sub-
space identification approach is used to identify the matrices
A, B, C, and D.

B. Four-Step Identification Procedure
1) Step 1: Data Structuring: To capture temporal depen-

dencies, historical input uk and output yk are grouped into
block Hankel matrices Up and Yf .

Up=

 u0 · · · uj−1

...
. . .

...
ui−1 · · · ui+j−2

 , Yf =

 yi · · · yi+j−1

...
. . .

...
y2i−1 · · · y2i+j−2

 (3)

The temporal resolution and an upper bound on the model
order are defined by the window length i.

2) Step 2: Oblique Projection: This process isolates the
internal dynamics of the system by separating the part of
future outputs that can be anticipated from historical data. The
expression for the oblique projection is

P = Yf/Uf
Wp, (4)

where Wp = [U⊤
p ,Y

⊤
p ]

⊤ merges previous inputs and outputs.
In order to improve numerical stability and prevent direct
inversion, the projection is calculated via a LQ decomposition.

3) Step 3: State Sequence Extraction via Singular Value
Decomposition: The projection matrix P encapsulates the
system’s dominant dynamic behavior. Singular value decom-
position is applied as

P = UΣV⊤ = [U1 U2]

[
Σ1 0
0 Σ2

] [
V⊤

1

V⊤
2

]
, (5)

where Σ is a diagonal matrix of singular values ordered
in decreasing order, and U and V are orthogonal matrices
holding the left and right singular vectors of P . The qm biggest
singular values gathered in Σ1 are represented by the matrices
U1,V1, whereas the smaller, truncated modes are represented
by U2,V2. Next, the state sequence is estimated as

Xb
f = Σ

1/2
1 V⊤

1 , (6)

where each column of Xb
f ∈ Rqm×j represents the behavioral

state at a particular time. A compact yet accurate state repre-
sentation is ensured by choosing the maintained order qm so
that the cumulative energy of Σ1 captures at least 95–99% of
the overall singular value energy.

4) Step 4: System Matrix Estimation via Least Squares:
After determining Xb

f , a least-squares regression between the
shifted state, input, and output data is solved to estimate the
system matrices:[

Xb
k+1

Yk

]
=

[
A B
C D

] [
Xb

k

Uk

]
+

[
ρw

ρv

]
, (7)

where residuals are represented by ρw and ρv . The least-
squares estimate that minimizes ∥ρw∥2F + ∥ρv|2F is provided
by [

A B
C D

]
=

[
Xb

k+1

Yk

] [
Xb

k

Uk

]⊤([
Xb

k

Uk

] [
Xb

k

Uk

]⊤)−1

. (8)

This expression completes the data-driven building of the pre-
dictive state-space model by directly connecting the estimated
system matrices to measured data.

III. TWO-STAGE PREDICTIVE ESTIMATION FRAMEWORK

The behavioral SE uses a UKF to capture nonlinear de-
mand patterns in the framework’s dual-filter design, producing
refined measurements based on behavioral modeling. The
electrical SE employs an EKF to efficiently track system states
after receiving these revised measurements [13], [14]. This hy-
brid design takes advantage of the EKF’s computing efficiency
for the near-linear electrical state dynamics while utilizing
the UKF’s capacity to propagate the mean and covariance of
nonlinear demand behavior.
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A. Behavioral SE via UKF

Using the subspace-identified state-space model, the behav-
ioral SE uses a UKF to monitor latent DER dynamics:

xb
k = Axb

k−1 +Buext
k−1 +Krk−1 +wb

k−1, (9)

zbk = Cxb
k +Dūk + vb

k. (10)

where A,B,C,D are system matrices found using the sub-
space procedure, K is the Kalman gain matrix, rk−1 stands
for residuals, wb

k−1 ∼ N (0,Qb) is process noise, and vb
k ∼

N (0,Rb) is measurement noise. The input ūk denotes fore-
casted external inputs obtained through auxiliary forecasting
techniques. The UKF implementation follows a systematic
procedure beginning with sigma point generation around the
previous state estimate:

χ
(i)
k−1 = x̂b

k−1 ±
√

(nb + λ)P̂b
k−1i

for i = 1, . . . , 2nb (11)

where nb is the behavioral state dimension, λ is a scaling
parameter, and P̂b

k−1 is the state covariance matrix. These
sigma points are then propagated as:

χ
(i)
k|k−1 = Aχ

(i)
k−1 +Buext

k−1 +Krk−1 (12)

The predicted state mean and covariance are computed through
weighted averaging:

x̃b
k =

2nb∑
i=0

W
(m)
i χ

(i)
k|k−1 (13)

P̃b
k =

2nb∑
i=0

W
(c)
i (χ

(i)
k|k−1 − x̃b

k)(χ
(i)
k|k−1 − x̃b

k)
⊤ +Qb (14)

where W
(m)
i and W

(c)
i are carefully chosen weights that pre-

serve the statistical properties of the transformed distribution.
Measurement prediction follows a similar pattern, with

sigma points transformed through the output equation:

Z(i)
k|k−1 = Cχ

(i)
k|k−1 +Dūk (15)

The predicted measurement mean and covariance are:

z̃bk =

2nb∑
i=0

W
(m)
i Z(i)

k|k−1 (16)

P̃z,b
k =

2nb∑
i=0

W
(c)
i (Z(i)

k|k−1 − z̃bk)(Z
(i)
k|k−1 − z̃bk)

⊤ +Rb (17)

The cross-covariance (Eqn. 18) between state and measure-
ment predictions enables Kalman gain computation (Eqn. 19)
as given respectively as:

P̃b,z
k =

2nb∑
i=0

W
(c)
i (χ

(i)

k|k−1−x̃b
k)(Z

(i)

k|k−1−z̃bk)
⊤, Kb

k = P̃b,z
k (P̃z,b

k )−1

(18,19)
Finally, the behavioral state estimate is updated through

measurement incorporation as:

x̂b
k = x̃b

k +Kb
k(z

b
k − z̃bk), P̂b

k = P̃b
k −Kb

kP̃
z,b
k (Kb

k).
⊤ (20)

This UKF-based behavioral tracking provides refined demand
estimates and uncertainty quantification essential for subse-
quent electrical SE.

B. Electrical SE via Forecasting-Aided EKF

The electrical SE adopts a forecasting-aided EKF frame-
work to track nodal voltage magnitudes and angles across the
distribution network [14]. The state transition model integrates
both physical dynamics and behavioral influences, given by

xelec
k = Fk−1x

elec
k−1 + gk−1 +welec

k−1, (21)

zeleck = h(xelec
k ) + velec

k , (22)

where Fk−1 and gk−1 denote the state transition matrix and
the system trajectory vector incorporating DR effects, respec-
tively, both obtained using the Holt method [14]; h(·) repre-
sents the nonlinear power flow model; welec

k−1 ∼ N (0,Qelec)
denotes the process noise; and velec

k ∼ N (0,Relec) represents
the measurement noise.

The EKF prediction step propagates the electrical state
estimate and covariance, respectively, as:

x̃elec
k = Fk−1x̂

elec
k−1 + gk−1, P̃elec

k = Fk−1P̂
elec
k−1F

⊤
k−1 +Qelec,

(23,24)
To account for uncertainty in behavioral forecasts, an adap-

tive measurement covariance is introduced:

RDR
k = diag

(
σ2
DR,j,k

)
, σ2

DR,j,k = γDRP
2
0,j +C(j)P̃b

k(C
(j))⊤,
(25,26)

where BDR denotes the set of DR-enabled buses, P0,j is
the nominal demand at bus j, and γDR sets the baseline
DR uncertainty (typically 10−4–10−2). Here, P̃b

k denotes
the predicted behavioral-state covariance, while C(j) extracts
its contribution at bus j. Consequently, σ2

DR,j,k accounts
for both inherent demand variability and behavioral forecast
uncertainty. This adaptive formulation dynamically regulates
measurement confidence, ensuring balanced weighting be-
tween real measurements and behavioral predictions. The EKF
update equations complete the electrical SE and are given as:

Kelec
k = P̃elec

k H⊤
k (HkP̃

elec
k H⊤

k +RDR
k )−1, (27)

x̂elec
k = x̃elec

k +Kelec
k [zeleck − h(x̃elec

k )], (28)

P̂elec
k = (I−Kelec

k Hk)P̃
elec
k , (29)

where Hk is the Jacobian of h(·) evaluated at x̃elec
k .

C. Boundary Coordination

Large-scale distribution networks cannot be estimated as a
single region; thus SE is executed in a decentralized man-
ner. The system is partitioned into multiple clusters, each
performing local SE while maintaining global consistency
through boundary information exchange [14]. Neighbouring
clusters exchange boundary states, covariance matrices, and
DR-related forecasts to ensure coordinated multi-area esti-
mation. The control center of cluster m (edge estimation
point (EEP)) communicates with the EEP of cluster n either
periodically or upon detecting a DR-induced disturbance [19].
The transmitted packet includes the forecasted DR response
at boundary buses uDR,b

k,m , its uncertainty ΣDR,b
k,m (with entries

σ2
DR,j,k), and the predicted activation time τDR

k,m, along with
the boundary-state estimate and its covariance. After receiving
this information, the EEP of cluster n aligns τDR

k,m with its local
prediction horizon and fuses the remaining data to maintain
synchronized and consistent multi-area state estimates [14].979-8-3315-8138-1
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Fig. 1. Clustered IEEE 123-bus system.

IV. NETWORK AUGMENTATION AND DATA GENERATION

The IEEE 123-bus feeder is modified to model an ADN with
integrated PV and DR resources. Load and generation profiles
from an 11 kV substation at IIT Kanpur are filtered to the
14:00–18:00 window and downsampled to N = 6000 samples.
It yields a 2.4 s sampling interval that preserves PV ramps and
DR transients. Simulations are performed on a desktop with
an Intel Core i7-10700 CPU and 16 GB RAM.

1) DER Deployment: Ten utility-scale PV units are de-
ployed at representative buses in the IEEE 123-bus feeder
(Fig. 1), contributing approximately 15% of the system peak
load. DR resources are assigned to buses 18, 34, 60, 94,
and 106, accounting for 20% of controllable demand. Re-
sponsive loads follow a nonlinear price-elastic model [15],
with DR events triggered during the evening PV ramp-down
period (16:00–17:00). Non-DR loads follow a normalized
daily profile with a 1.8:1 peak-to-trough ratio. Net active
power injections include PV generation, DR curtailment, and
2–3% zero-mean Gaussian noise.

2) Measurement Configuration: Measurements are gener-
ated by perturbing true system states with additive white
Gaussian noise (AWGN). RTU voltage magnitudes and power
flow measurements are assigned standard deviations of 1%
and 2%, respectively [16], while µPMU voltage and current
phasors are corrupted with 0.01% AWGN variance in both
real and imaginary components [17]. RTUs operate at 1 Hz
and µPMUs at 10 Hz, whereas SE is executed at 2 Hz. Conse-
quently, RTU data are available at alternate time instants, and
pseudo-measurements are utilized otherwise. Therefore, the
state estimator relies more heavily on pseudo measurements.
Sensor placement and measurement types follow Ref. [18]. A
three-phase unbalanced load flow is performed over 6,000 time
steps (N = 6000) with bus 1 as the slack reference, ensuring
physically consistent operating points.

V. RESULTS AND PERFORMANCE ANALYSIS

The effectiveness of the proposed FASE framework was
evaluated on a test system under normal operating conditions,
realistic DR activity, and under communication losses.

A. State Estimation Accuracy Under Normal Operation

The hybrid two-stage SE framework is evaluated under nor-
mal operating conditions over a 4-hour window (14:00–18:00),
corresponding to the evening PV ramp-down period. Fig. 2
shows the voltage tracking at DR Bus 18, where the proposed
FASE method closely follows the true trajectory throughout
the operating window. Across all buses, the voltage magnitude

Fig. 2. Voltage magnitude tracking at Bus 18 under DR activity.

Fig. 3. Voltage RMSE across all IEEE 123-buses for four SE approaches.

TABLE I
COMPARISON OF PSEUDO-MEASUREMENT ACCURACY

Method Category RMSE (Active Power)

Statistical Model [6] 0.2410 pu
Deep Learning Forecaster [3] 0.0680 pu
Proposed Framework 0.0175 pu

RMSE [19] averages 0.034 pu, satisfying distribution-level
accuracy requirements, while the EKF-based electrical stage
remains numerically stable without divergence.

A comparative analysis against three other approaches, i.e.,
traditional static SE [19], an EKF without behavioural mod-
elling [14], and an EKF using baseline demand projections,
demonstrates the benefits of the proposed strategy (Fig. 3).
Median RMSE in system states computed over 100 Monte
Carlo runs were 0.13 pu for static SE, 0.099 pu for the
decoupled EKF, 0.098 pu for the baseline-forecast EKF, and
0.0335 pu for the proposed FASE. These results correspond
to performance gains of 74.2% relative to static SE, 66.2%
relative to the decoupled EKF, and 65.8% relative to the
baseline-forecast EKF. The substantial decrease in SE error
and variance confirms that integrating behavioral modeling
with electrical SE significantly improves tracking accuracy and
robustness under dynamic network conditions. Furthermore,
the computational efficiency of the proposed framework is
assessed for real-time feasibility, yielding an average execution
time of approximately 28 ms per time step per cluster.

B. Performance During DR Events

Four coordinated DR activations occured at 15:20, 16:10,
17:00, and 17:40. These events introduced high variability
in nodal injections, creating conditions that typically degrade
observability. The proposed behavioral model provided accu-
rate short-term forecasts. Table I summarizes its comparative
performance, demonstrating improved pseudo-measurement
accuracy relative to benchmark methods. This enabled the
UKF to generate high-confidence measurements and stabilize
the subsequent electrical SE. Fig. 4 illustrates DR-induced
active power changes at the five DR-enabled buses during a

979-8-3315-8138-1
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Fig. 4. DR nodal power responses for buses (a) 18, (b) 34, (c) 60, (d) 94, and (e) 106 during a curtailment event.

Fig. 5. Voltage estimation RMSE under 0–40% RTU outages (2–30 s). Com-
parison of (a) proposed FASE and (b) EKF without behavioural modelling.

representative curtailment window (16:00–17:30). Peak cur-
tailment depths reached 28%, 32%, 25%, 31%, and 27%,
consistent with the underlying price-elastic demand model.
The behavioral forecaster accurately predicted 87.3% of the
curtailment magnitude within a 5-minute lead, enabling proac-
tive adjustment of Kalman gains and preserving estimation
accuracy during abrupt load shifts.
C. Robustness to measurement loss and communication delays

A key advantage of the proposed FASE is its ability to retain
observability under temporary measurement loss because the
behavoural model through UKF predicts the refined measure-
ments across the network that help to maintain observability
and accuracy in state estimates. Monte Carlo simulations (100
runs) emulated communication outages by dropping measure-
ment streams from 0%, 10%, 20%, 30%, and 40% of RTU-
equipped buses. The percentage represents the fraction of RTU
data intentionally made unavailable during the outage, with
durations ranging from 2 to 30 seconds.

Fig. 5 presents voltage RMSE deterioration as a function of
outage duration and measurement availability. At 20% dropout
and a 10-second interruption, the RMSE of the proposed FASE
increased from 0.034 pu to 0.047 pu (38.2% degradation),
while EKF without behavoural modelling experienced error
growth to 0.31 pu under identical conditions. Even under
severe stress (40% dropout, 30 seconds), the proposed FASE
maintained RMSE below 0.1 pu, compared to 0.157 pu for the
benchmark method. This 57.2% improvement highlights the
value of behavioral prediction during periods of measurement
scarcity.

VI. CONCLUSION

This work develops a two-stage FASE approach designed
to overcome operational challenges arising from the extensive
integration of DERs and DR initiatives in ADNs. The method-
ology combines behavioral representations obtained through

subspace system identification with UKF. Then, with EKF
utilising the refined measurements from UKF, it provides
the state estimates of the system. Evaluation results confirm
the framework’s capability to maintain reliable performance
during DR events and temporary communication failures,
demonstrating its practical utility in real-world distribution
system operation.
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