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Abstract—Traditional power system state estimation methods
lack the ability to track and manage increasing uncertainties
inherent in the new technologies, such as recent and ongoing
massive penetration of renewable energy, distribution intelli-
gence, and plug-in electric vehicles. To deal with the inability,
a recent work proposes to utilize the unused historical data
for power system state estimation. Although able to achieve
much higher accuracy, the new approach is slow due to the
burden by sequential similarity check over large volumes of high
dimensional historical measurements, making it unsuitable for
online services. This calls for a general approach to preprocess
the historical data. In this paper, we propose to achieve such
a goal with three steps. First, because the power systems are
with periodic patterns, which create clustered measurement data,
dimension reduction is proposed to remove redundancy, but still
able to retrieve similar measurements. To further reduce the
computational time, the k-dimensional tree indexing approach is
employed in step two to group the clustered power system data
into a tree structure, resulting in a log-reduction over searching
time. Finally, we verify the obtained historical power system
states via AC power system model and the current measurements
to filter out bad historical data. Simulation results show that the
new method can dramatically reduce the necessary computational
time for online data-driven state estimation, while producing a
highly accurate state estimate.

Index Terms—Smart grid, data-driven, state estimation, speed
up, dimension reduction, tree indexing.

I. INTRODUCTION

Initiated by the U.S. government, the rapid-expanding smart
grid aims to evolve into an efficient, reliable and sustainable
modern grid by adopting, integrating, and advancing the
already existing communication and computing technologies.
To achieve such an ambitious goal, namely the “smartness”
of the power grid, a highly accurate State Estimation (SE)
process [1], [2] is necessary in providing basis for many key
functionalities in the operation and control of the smart grid.

Currently, there is a significant gap in performance between
the existing research and the desirable “informative” data
exploration. Expectably, such a gap will be enlarged in the new
smart grid, where tremendous new devices and technologies
not only lead to economic and climate awards but also new
problems [2]. According to utility records, for the past ten
years, numerous distributed generator plants (wind, solar,
etc.) have undergone exponential growth and raised great
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concerns about the burden imposed by their large number and
unreliability on the future electric power grid.

Such unconventional characteristics of the grid make it
difficult, if not impossible, for conventional power system
analysis tools to improve their performance. For instance,
power system state estimation is formulated in the Weighted
Least Square (WLS) [3]–[7] form, using Newton’s method [8]
as a solver. Due to the nonlinear nature of the measurement
model, the non-convex WLS problem is highly sensitive to
the initial guess. In traditional transmission network, it is
possible to use previous state estimate as a heuristic initial
guess for SE, on the principle that no significant change will
appear in a short time. However, such principle will no longer
hold in the smart grid where intermittent generation (such
as wind generation) or topological changes can lead to a
significant state shift in power system operations. In such case,
a previous state estimate computed around 2 minutes ago may
not truly reflect the operating point of the power system at the
time of computation and hence generates suboptimal results
accordingly [9].

Fortunately, in the era of big data, huge amount of sensors
create variant contexts from users and abundant training ex-
amples. They together enable innovative unprecedented data-
driven approaches to ensure grid robustness. A recent work
proposes a Bayesian approach based on historical data search
in solving the problem of state estimation [10]. In particular,
a group of historical similar measurement sets and their
corresponding state estimates are used in combination with the
current measurement set in kernel ridge regression to pursue
a good initial estimate of the current state [11].

While resulting in a highly accurate state estimate, large
computational burden prevents the new method to be applied
online. For example, the similarity evaluation over high dimen-
sional power system measurement vector is time consuming in
large electric power grid. Besides, the time required to exhaust
all the historical measurements is also costly. Therefore,
exploring the structure of power system measurement data
and systematically organizing them for data-driven SE play
the key roles in providing better streaming estimation process
with real-time guarantees for sustainable grid services [12].

In this paper, we propose a three-step preprocessing ap-
proach by exploring the power system measurement structure
and verify the obtained data via power system models. First,
thanks to the roughly periodic pattern of power system, we
observe that the measurement data are highly clustered via
singular value decomposition (SVD) analysis. This leads to
the idea of reducing the measurement complexity (dimen-



2

sionality). As power system state estimation needs to be fast
and adaptivity to the new coming data, random mapping is
proposed in this paper [13], [14]. Second, we propose to
organize/index such clustered data into tree type data structures
corresponding to specific clusters. As similar measurements
are grouped, similar-measurement searching time can be dra-
matically reduced. For instance, once a sub-tree is chosen,
all the other sub-trees can be ignored, leading to a log-
reduction in time. Finally, to filter out bad historical data,
historical states are tested against the current power system
model and measurement. Subsequently, the p-nearest historical
measurement-state vector pairs are output to the kernel ridge
regression for data-driven state estimation [10].

The proposed method is advantageous in practical scenarios
because it reorganizes the historical information in a form that
can provide information in a compact way. It is expected to be
adopted not only for state estimation, but also for other online
analysis tools relying on historical data, opening the door for
the online data-driven analysis in Smart Grid.

Whereafter, the superior performance of the proposed N-
earest Neighbors (NN) method is verified by simulations on
the standard IEEE 300-bus test case [15], [16]. Provided with
preprocessed historical data, similarity searching time reduces
dramatically. Remarkably, the estimation accuracy is approx-
imately the same as the highly accurate but slow exhaustive
search method [10]. The rest of this paper is organized as
follows: Section II reviews the SE model and the recent data-
driven approach; Section III describes the proposed approach
to reduce NN search time; Section IV illustrates the simulation
results and Section V concludes this paper.

II. REVIEW OF DATA-DRIVEN STATE ESTIMATION FOR
POWER SYSTEMS

A. Model

The following AC power system model is assumed:

z = h(x) +w, (1)

where the vector x = (|v1|ejδ1 , |v2|ejδ2 , · · · , |vn|ejδn)T ,
represents the power system states, w is an m × 1 vector
denoting the additive measurement noise, presumably inde-
pendent Gaussian random variables with zero means, i.e., u ∼
N (0,Σ), where Σ is a diagonal matrix, with the ith diagonal
element σ2

i . z is an m×1 vector denoting the set of telemetered
measurements, such as power flows and voltage magnitudes.
h(·) is a vector of nonlinear functions relating the states in
x to the measurements in z. In practice, the measurement set
z is usually made redundant to guarantee the observability of
the whole system, i.e., m > n.

The goal of power system SE is to find an estimate (x̂) of the
true states (x) that best fits the measurement set z according
to the measurement model in (1). This is usually achieved by
minimizing the following criterion:

x̂ = argmin
x

J2(x) =

m∑
i=1

(
zi − hi(x)

σi

)2

. (2)

Due to the nonlinear nature of the measurement model, the
non-convex WLS problem is highly sensitive to the initial

guess. This creates a big problem in future electric power grids
with highly varying conditions.

B. The Nearest Neighbors Approach

To solve the problem, [10] makes an important observation
that power systems exhibit strong periodicity and that close-
by states usually produce similar measurements. Therefore, a
smaller distance between the current measurement set zcurrent
and a historical measurement set zq implies that the associated
historical state vector xq stays closer to the current true state
vector xtrue. Consequently, when xq is used as a starting point,
Newton’s method achieves better accuracy. Based on these
observations, [10] proposes a historical initial guess search
method, known as the nearest neighbors (NN) start. To make
the estimation unbiased to a single data point, a group of
nearest neighbors is obtained instead of one historical data
point. A refined state estimate is subsequently obtained by
adopting a Bayesian approach, with discriminative model and
a kernel ridge regression embeded in the flow chart of Fig.1.

Fig. 1: Flow Chart

Mathematically, the NN algorithm can be decomposed into
two problems:

• A minimization problem to obtain a group of likely
historical data

• A kernel ridge regression problem to obtain an ‘optimal’
initial state estimate from the group

While the second problem is solved based on the approach
in [10], the first problem requires exhaustive search and is slow
in large network with large historical data. In the following we
analyze the power system historical data structure and propose
three steps to speed up the measurement search process but
preserve the accuracy.

III. THE PROPOSED APPROACH FOR NEAREST
NEIGHBORS SEARCH

The problem of nearest neighbors (NN) search can be
mathematically described by

ŝ = arg min
|s|=p

d(s) =
∑
q∈s

||zcurrent − zk||22, q ≤ Q, q ∈ N

(3)

i.e., minimizing sum distance function d(s). Here Q is the
number of total data points in the database. N represents the
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(a) Singular Values (b) Measurement data clustering

Fig. 2: Dimension Reduction.

set of natural numbers. q represents a particular index for a
data point. As a result, zq indicates the measurement set within
the time index q. Finally, p indicates the cardinality of the set
s. Essentially, during the searching step, the algorithm simply
looks for an index set s with p elements which represent a
group of measurement sets that have nearer distance to the
current measurement zcurrent.

A. Dimension Reduction

In order to reduce NN search time over power system histor-
ical measurement data, we start by exploring the data structure.
As the electrical power systems exhibit periodicity, one would
expect the measurement data to be highly clustered, creating
the possibility for great dimension reduction for measurement
data. As an illustration, singular value decomposition (SVD)
is conducted over the historical data of 300 bus systems [17].
1073 measurements per time slot over one year are used to
form historical measurement matrix Z = [z1, z2, · · · , zQ].
(More information is given in Section IV.) Mathematically,
the SVD decomposition is represented as

Z = U × S × V ′, (4)

where the diagonal entries of S are known as the singular
values of S. U and V are unitary matrices [17]. By plotting
singular values of the historical measurement matrix Z in
Fig.2a with a log− log scale, only 8 significant singular values
show up. Beside, in Fig.2b, we show the result of mapping
the historical data onto some two dimensional features (two
left-singular vectors of U ) associated with significant singular
values. As the data in the figure are highly clustered and far
away from each other, dimension reduction is possible for
historical electric power system data to remove redundancy
in NN search.

In this work, we propose to use random projection for
this highly clustered historical measurement data set. This is
because other dimension reduction techniques such as SVD
[17] tend to be very time consuming, making them unsuited
for online state estimation process [18]. Besides, dimension
reduction of these techniques is typically a one-time operation,
which means that the entire process has to be done every time

new power system data come up, making them non-adaptive
to the new coming data, which is important for power system
analysis.

In contrary, random projection is fast and adaptive. Math-
ematically, the original m-dimensional measurement data is
simply projected onto a k-dimensional (k ≪ m) subspace
using a random k ×m matrix R,

yk×1 = Rk×mzm×1. (5)

The elements rij of the random matrix R are often chosen to
be normally independent and identically distributed with zero
means, and the columns of R are normalized with unit lengths.

The key idea of such a random mapping arises from the
Johnson-Lindenstrauss Lemma [19]: if points in a vector space
are projected onto a randomly selected subspace of suitably
high dimensions, then the distance between the points is
approximately preserved.

B. K-dimensional (k-d) Tree for Indexing

As the historical data is highly clustered, we propose to use
a tree to index the data after dimension reduction. The basic
idea of the proposed k-d tree approach comes from the binary-
tree as illustrated on the left of Fig.3. In the Binary-tree, all
nodes after the left pointer have smaller values than the current
root value, and all nodes after the right pointer have bigger
values. If one wants to search for a number in this seven-
node tree, the maximum searching time is changing from 7
(by exhaustive search) to 3 by using the tree structure.

Fig. 3: Binary tree and K-d tree.

To extend the one dimensional data in binary-tree to high
dimensional data such as the power system measurement



4

vectors, k-d tree alternates over different measurement as
a discriminator on every level of the tree. Because of the
efficient ‘pruning’ of the search space, the k-d tree has an
average nearest neighbor search time of O(log(Q)), where Q
is the total number of historical data points.

Fig. 4: k-d Tree for clustered data set.

As an illustration, Fig.4 shows a case where k-d tree is
conducted over two-dimensional data set. By properly using
the clustering properties of the spatial data points, the k-d tree
achieves good performance as the search within it can omit
large portion of the clustered points in the space.

C. Verify the Historical Data against Power System Model

After the NN search in the previous section, we conduct the
following verification process to preserve accuracy.

• find all the states corresponding to the selected historical
measurements

• pass these states through the current power system system
model (1) to generate pseudo measurement sets.

• compare these pseudo measurement sets to the current
measurement set to filter out bad historical data.

Afterwards, we output the remaining historical state-
measurement pairs to the kernel ridge regression process
described in [10] for data-driven state estimation.

IV. NUMERICAL RESULTS

A. Description of the Simulation Process

Simulations are carried out in MATLAB using MATLAB
Power System Simulation Package (MATPOWER) [15], [16],
and in the C program environment with k-d tree package [20].

1) Data Preparation: Matlab is firstly used to generate
historical data. To simulate the power system behavior which
resembles real-world large power systems, online load profile
from New York ISO [21] is adopted. Specifically, the load data
used is between February 2005 and September 2013 with a
consistent data format. It has 11 online load profiles in New
York ISO area, namely ‘CAPITL’, ‘CENTRL’, ‘DUNWOD’,
‘GENESE’, ‘HUD VL’, ‘LONGIL’, ‘MHK VL’, ‘MILLWD’,
‘N.Y.C.’, ‘NORTH’, and ‘WEST’. The data are recorded every
five minutes.

In order to obtain the 199 nonzero active load power
consumptions in the IEEE 300 test case file, we employ a
downsampling method to extend the 11 load profiles to 209
(11 × 19) profiles. Basically, instead of using the 5-minute
interval from the online resource, we use a new interval
of 95 (5 × 19) minutes. Resulting from the down-sampling,
we obtained 43, 379 valid historical load data for each load
bus from February 2005 to December 2012. We also added
random noise to mimic the stochastic behavior of system users.
Generation is adaptively changed according to the total power
balances, with Gaussian noise added to represent intermittence
resources. The testing load profiles between July and October
2013 are generated using the same approach.

Second, we fit the load data into the case file, and change
a topology connection with probability 10%. Next, we ran
an AC power flow to generate the true states of the power
system, followed by creating 1073 true measurement sets with
Gaussian noise with standard deviation around 0.015. Hereby,
we assume that the measurement set includes (1) The power
injection on each bus; (2) The transmission line power flow
‘from’ or ‘to’ each bus that it connects; (3) The direct voltage
magnitude of each bus.

2) Data Preprocessing and Nearest Neighbors Search:
• First, the dimensionality of historical measurement data

is reduced via random projection with R, which is a 8 by
1073 matrix, due to only 8 significant singular values in
the SVD decomposition analysis in Section III-A. I.i.d.
Gaussian random variables with zero means are used for
all the elements of matrix R. Normalization is conducted
for each column.

• Second, the package [20] for k-d tree is used to index the
historical measurement data with reduced dimensionality
(8 dimensions) in the training set.

• Third, one testing data is used for similarity search
followed by the data verification process as described in
Section III-C. It returns p = 100 nearest neighbors.

• Finally, for comparison purpose, the exhaustive near-
est neighbors search is also conducted on the un-
preprocessed data set in the same environment (C Pro-
gram). It also returns p = 100 nearest neighbors.

3) State Estimation: The two sets of 100-nearest neighbors
are input into the kernel ridge regression in [10] for data-driven
state estimation.

B. Simulation Results

The testing process is conducted 400 times for fairness to
compare the time and accuracy.

1) Time Reduction: The relative execution time ϕ for the
ith testing data during the NN search is defined as

ϕi =
twp,i

tex,i
, (6)

where twp represents the NN search time with preprocessing
(dimension reduction, k-d tree indexing, and data verifica-
tion). tex represents the exhausted NN search time without
preprocessing. The plot of ϕi is drawn in Fig.5. It shows
that the proposed preprocessing approach has greatly reduced
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Fig. 5: Histogram of improvements.

historical NN search time. For example, the average ratio
(ϕ) for all testing cases is around 10−3, creating 99.9%
reduction in the searching time. Such a result leads to a rational
interpretation for the proposed procedure: since the historical
data is organized in a compact way, the nearest neighbors
search can be conducted much more efficiently.

2) Same Accuracy: As the preprocess method involves
dimension reduction, which may distort the data, the relative
accuracy is also plotted for comparison. We first define the
metric of Weighted Residual Sum of Squares error (WRSS):

WRSS =
m∑
i=1

(
zi − hi(x̂current)

σi

)2

. (7)

Then the ith relative error πi for testing data is defined as

πi =
WRSSwp,i

WRSSex,i
. (8)
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The plot of πi shows that the relative error is slightly
larger than 1, so the proposed three-step approach returns
a group historical data highly similar the exhaustive search.
The slightly larger error (≈ 0.5%) may be caused dimension
reduction. But it is very small when compared to the searching
time reduction (99.9%). Therefore the proposed approach
achieves approximately the same accuracy as the slow but
highly accurate data-driven SE in [10].

V. CONCLUSIONS

In this paper, we propose how to systematically reduce the
computational cost for the power system data-driven state es-
timation. In particular, dimension reduction, efficient indexing
over trees, and data verification are proposed, respectively.
Great reduction in time is achieved with approximately the
same accuracy over the 300 bus systems. Notably, this process
is adaptive to the new measurements coming into SCADA,
making it promising for future data-driven analysis. As a
result, such an approach is expected to play the critical role in
achieving the key design of Wide Area Monitoring, Control
and Protection (WAMPAC) systems that centers on efficient
and reliable operations.
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