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Abstract—A smart electric power grid increases the connectivity,
automation and coordination between generating plants, the
networks and consumers by intelligent use of information. This
paper focuses on the generation, transmission and distribution
parts of the grid. These networks are nonlinear non-stationary
stochastic systems and have expanded to become too complicated
for humans to operate safely during severely changing conditions,
as evidenced by catastrophic blackouts. In addition high power
semiconductor switches have found application in power
networks but the high switching speeds of these devices have not
yet been fully exploited to stabilize a power grid in distress.
Computational intelligence (CI) can smarten a grid in many
ways. In the first place offline CI-based methods can assist the
operator with anticipatory information. Furthermore, when the
grid is stressed, CI-based multi-variable nonlinear optimal
controllers can control the grid more reliably and more rapidly
than humans, without requiring a traditional mathematical
model of the grid. Some applications, as well as some ideas of
smarts, are described.
Keywords-Computational intelligence, smart grid, neural
networks, adaptive critic designs, fuzzy systems, evolutionary
computation.

I. INTRODUCTION
The existing electric power infrastructure designed and
developed in the 20th century is rapidly running up against its
limitations: increasing transmission congestions, more frequent
large blackouts, and limited flexibility to accommodate new
ingredients such as wind and distributed energy resources [1].
The power grids have historically considered only one mission:
reliably delivering electricity. The way to achieve this mission
has always been expanding the grid, i.e., building more
generations and lines, which is very costly.

Issues of large-scale blackouts and energy security have driven
the electric power industry to rethink the questions of what are
the missions of the future power grids and what are the options
to achieve them. Besides building more lines, are there any
other ways to improve the power grids? A concept of “smart
grids” [1]-[3], aiming at improving power systems’ reliability,
security, sustainability, efficiency, flexibility and affordability,
emerges to answer these questions.
Smart grid research and development activities have been
carried out worldwide. In the U.S., a Federal Smart Grid Task
Force was established to coordinate and integrate diverse
activities in the U.S. government related to smart grid
technologies, practices and services [4]. The European
Commission established a SmartGrids European Technology
Platform (ETP) to build a shared vision for the future European
power networks, and to foster and support the development of
smart grids in Europe [5]. IEEE launched a smart grid website
as an integrated gateway to smart grid standards, education,
publications and news from IEEE [6].
This paper first summarizes the high-level concept of smart
grids, and then provides a brief overview on different
computational intelligence (CI) techniques and how they can
help achieve the smart grids. Examples of CI applications in
power generation and delivery of smart grids are described.
II. SMART GRIDS AND THE SMARTNESS

Transmission systems nowadays have a basic data network,
called the supervisory control and data acquisition (SCADA)
system, for implementing applications such as the energy
management system (EMS) for taking the economic operation
into account and improving reliability [2]. However, such a
data network is meant for only steady-state control and has no
visibility to fast transient behaviors across the power networks.
Most distribution systems still have no data network and rely
heavily on passive/manual operation [2]. Many utilities only
know there’s an outage when a customer calls to report it [1].

A. What is a Smart Grid
The smart grid concept covers a wide spectrum of the
electrical power engineering, from generation to customers,
from basic enabling devices to the power industry architecture.
Different stakeholders have their own interests and visions in
the smart grid. From the vision of the U.S. Department of
Energy (DOE), a smart gird should be “intelligent, efficient,
accommodating, motivating, opportunistic, quality-focused,
resilient, and environment friendly” [1]. The European
SmartGrids ETP defines the smart grids as “electricity
networks that can intelligently integrate the behavior and
actions of all users connected to it - generators, consumers and
those that do both – in order to efficiently deliver sustainable,
economic and secure electricity supplies” [5].

Nevertheless, the power grids have become so complex that
the traditional way of control and operation, with poor visibility
and significant human involvement, is facing major challenges.

Although there is no single definition for the smart grid, at
least one thing is sure: more and more new applications
(renewable generation, distributed generation, large-scale
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storage, plug-in hybrid electric vehicles, smart appliances, etc.)
will be added to the existing power grid, and the smart grid
includes all the enabling technologies that will make these new
applications connected/integrated seamlessly to the power grid
[7]. The U.S. National Institute of Standards and Technology
(NIST) provides a high-level conceptual model for the smart
grid [8], which includes seven domains: bulk generation,
transmission, distribution, customers, operations, markets and
service providers. Essentially, there are smart grid technologies
for every corner of the traditional electric power infrastructure.
B. What Makes a Smart Grid “Smart”
A common interpretation of the smart grid is that it is the
combination of the electric power and communication
infrastructures, characterized by two-way communication and
two-way energy flow. However, this interpretation sometimes
gives a wrong impression that the deployment of the advanced
metering infrastructure (AMI) [9] and phasor measurement
units (PMUs) [10] equals a smart grid. It is true that advanced
sensing and communication systems are indispensable parts of
a smart grid, since they provide channels for monitoring critical
data and sending back control commands. However, they don’t
provide the smartness for data analysis and decision making.
Intelligent use of information will be the core/brain of a
smart grid. With the help of modern sensing and
communication infrastructures, improving the intelligence in
the operation, control, and protection of power systems is the
only way to achieve the goals of the smart grids.
C. How can Computational Intelligence Smarten the Grids
CI techniques are nature-inspired methodologies for
addressing complex problems where traditional rigorous
methods are ineffective or infeasible. They have been widely
applied to many challenging real-world problems in signal
processing, control, communication, robotics, etc. CI
applications in power systems are not new. One most
successful application is the artificial neural network (ANN)
load forecaster [28], which produces load forecasts from noisy
data in a highly uncertain environment.
In the context of smart grids, many of the traditional static
and deterministic power system problems will become dynamic
and stochastic. Evidenced by the load forecasting example, CI
techniques are promising candidates to smarten the power grids
by providing solutions to the new smart grid challenges [11],
[12]. A brief overview of key CI techniques is provided below.
CI techniques primarily consist of ANNs [13], fuzzy logic
systems [14], evolutionary computation [15], [16], and their
derivatives [17]. Among the ANN domain, different types of
ANNs have been developed, such as the multilayer perception
(MLP) neural networks [13], recurrent neural networks (RNNs)
[13], echo-state networks (ESNs) [18], and self-organizing
maps (SOMs) [19]. Intelligent closed-loop control methods
using different ANNs and fuzzy systems have also been studied
[17], [20], [21]. Out of the different intelligent control schemes,
the adaptive critic designs (ACDs) proposed by Werbos [22]
are among the most advanced ones. ACDs combine the concept

of reinforcement learning and approximate dynamic
programming (ADP), and enable controllers to deal with
nonlinear nonstationary systems in the presence of noise and
uncertainty [23], [24]. Fig. 1 shows the schematic diagram of
the heuristic dynamic programming (HDP) method, a member
in the ACD family. More details about the mathematical
backgrounds, training algorithms, and applications of ACDs
can be found in [24].

Fig. 1. General schematics of HDP in the ACD family.

III. EXAMPLES OF CI TECHNIQUES FOR SMART GRIDS
A. Intelligent Sensing
Monitoring and control of any devices or subsystems in a
smart grid depends on the quality and availability of sensor
measurements. Corrupted or interrupted measurements, due to
unexpected system conditions or malfunction of sensors, may
result in incorrect operations of devices, and significantly affect
the reliability of power systems.
For protective relays, measurement integrity is essential to
ensure the performances of these high-speed devices.
Measurements from instrument transformers are sometimes
distorted due to saturation and transients during grid faults or
changes in system operating points. ANN-based compensators
were proposed to correct these measurement distortions and
reconstruct the secondary measurements [25]. The ANN was
trained offline to learn the inverse function of a current
transformer for different primary current conditions.
In severe cases when sensor measurements are lost, a
missing sensor restoration (MSR) scheme, using autoassociative neural networks (auto-encoders) and particle swarm
optimization (PSO), was proposed by Qiao, as shown in Fig. 2
[26]. The auto-encoder was trained to extract important
features, and automatically establish the auto-correlations and
cross-correlations of sensor measurements. After training,
when one or more sensor measurements were lost, the
remaining healthy data, together with the PSO estimated
missing data, were fed into the auto-encoder. The error signal
ES shown in Fig. 2 was used as the fitness function for PSO.
Once ES dropped to an acceptable level, the missing data were
restored by SR. This MSR scheme was then further used by
Qiao to develop a sensor-fault-tolerant controller for a static
synchronous series compensator (SSSC) [26]. The controller
was shown to perform well even with multiple-sensor failures.
B. Monitoring and Identification
As one important aspect of smart grids, deployment of
sensors and communication brings the opportunity of
increasing the visibility of traditional power grids. However, to

Fig. 2. Schematics of an ESN nonlinear load identifier [38].
Fig. 3. MSR scheme: (a) Training of the auto-encoder. (b) Online restoration
of missing sensor data. (SH denotes healthy data, SM denotes estimated data by
PSO, and SR denotes restored sensor data) [26].

distorted voltage source, as shown in Fig. 4 [38]. An ESN was
first trained to identify the nonlinear load dynamics under the
distorted voltage source, and then a pure sinusoidal signal was
fed to the trained ESN to obtain the true current harmonic
contribution of the nonlinear load.
C. Power System Operation Support
1) Forecasting

Fig. 4. ESN for identifying thermal dynamics of over-head power line [36].

correctly and efficiently interpret and use a large amount of
power system measurement data is not an easy task. CI
techniques have been applied to assist in this area.
Automated asset monitoring is the first step to understand
the real-time conditions of a power system. For example, a
power line thermal monitoring scheme will allow the system
operator to know the exact safety margin of a power line, and
to temporarily overload some power lines to ride through
emergencies without exceeding their thermal limits. An echostate network (ESN) approach was proposed by Yang to
identify the power-line thermal dynamics and estimate the realtime line temperature directly from the current measurements,
as shown in Fig. 3 [36].
Power quality monitoring and classification is another
example of improving the visibility of power systems. While
time-domain current and voltage measurements are often easy
to obtain, CI techniques can help translate these measurements
into useful power quality information. Two-stage power quality
monitoring systems, which employed the wavelet transform for
feature extraction and ANNs for power quality classification,
have been reported [37]. A novel harmonic identifier using
ESNs was proposed by Mazumdar to differentiate current
harmonic contributions between a nonlinear load and a

Load forecasting and the recent renewable generation
forecasting are prerequisites for any power system to optimally
schedule or dispatch its resources. The forecast accuracy
directly impacts the economic and reliable operation of power
systems. Because of the inherent complexity and uncertainty
between the historical data and forecasts, CI techniques lend
themselves well to these forecasting problems.
Over the past several decades, different conventional
techniques, such as time series analysis, regression analysis and
other statistical methods, have been attempted to tackle the
problem of load forecasting [27]. However, besides the limited
accuracy, most of these traditional models could not be easily
adapted to different utilities [28]. To overcome these problems,
an advanced ANN short-term load forecaster (ANNSTLF) was
developed in the late 90s, as shown in Fig. 5 [28]. This load
forecasting engine was driven by historical load and weather
information, as well as weather forecasts. It became one of the
most successful commercialized CI-based software packages,
and has been in use by over 50 utilities in the US and other
countries [29]. For microgrids with high volatility, Amjady et
al. incorporated a differential evolution algorithm to adaptively
and optimally select features for their ANN load forecaster [30].
Forecasting of intermittent renewable generation is a more
complex problem due to its high uncertainty, variability, and
temporal and spatial dependency. Physics-based numerical
weather prediction (NWP) models have been widely used to
forecast the global wind conditions and other meteorological
parameters [31]. Day-ahead wind power forecasts are mostly
generated from these NWP data. It has been shown that
systems combining multiple CI techniques, including ANNs,

Fig. 6. The 2nd-generation ANNSTLF load forecasting engine [28].

fuzzy systems, PSO and support vector machines (SVMs), can
effectively reduce the wind power forecast errors [31]. For
hour-ahead wind forecasts, spatial information is usually
useful, as wind fronts travel across different wind sites
sequentially. Damousis proposed a fuzzy-system-based method
to forecast short-term wind power based on measurements
from neighboring wind sites [32].
2) Scheduling
Traditional power system day-ahead scheduling processes
rely on deterministic optimization methods [33], given the fact
that utility-level load forecasts have sufficient accuracy and the
forecast errors are usually well bounded. However, when a
significant level of intermittent renewable generation is
considered, the traditional scheduling methods need to be
revised because of the additional variability and uncertainty.
Fuzzy-optimization-based methods have been explored
recently to handle the wind/solar energy uncertainty in the
power system scheduling problem. The basic idea of fuzzy
optimization is to relax the objective function and constraints
by representing them as fuzzy functions. In [34], besides
minimizing the fuel cost, an additional optimization objective,
called expected energy not served, was formulated to
incorporate the wind forecast uncertainty. This multi-objective
problem was then translated into an optimization problem with
a single fuzzy objective function. Others also applied the fuzzy
optimization techniques to relax the power system equality
constraints (power balance, wind availability, etc.) and
inequality constraints (ramping limits, reserve requirements,
etc.), and showed improved scheduling performances with the
presence of wind uncertainty [35].
3) Security Assessment
One of the most challenging problems in power system
operation is to assess the system dynamic security in real time.
Power system security is a measurement of the power system’s
ability to survive imminent disturbances (contingencies)
without interrupting service to customers [39]. Online dynamic
security assessment (DSA) typically aims at finding the realtime secure operating region, as illustrated in Fig. 6 [39]. It
allows the system operator to be aware of the real-time power

Fig. 5. Security nomogram showing a secure region [39].

system conditions. DSA typically requires wide-area
measurements, reliable system models, evaluation of system
stability/thermal/operational limits with different imminent
disturbances, and sufficient computation resources to process
information in near real time. Traditional DSA tools generally
rely heavily on deterministic and exhaustive methods, which
are very computational intensive and lack flexibility. ANNs
and fuzzy systems, with their strong capability in pattern
recognition, have great potentials to improve the traditional
DSA tools by fast identification of insecure conditions and fast
evaluation of their severity [40], [41].
D. Power System Control
Due to the nonlinearity, complexity and nonstationary
characteristics of a power system, control of a power system
and its components using traditional techniques usually yields
sub-optimal performances. To fully utilize the existing grid
assets, smart control methods need to be implemented, which
would bring substantial economic and operational benefits.
1) Local Intelligent Control
Various intelligent control schemes have been investigated
by many researchers for improving the control performances of
power system local devices or subsystems, such as
synchronous generators [42], [43], active filters [44], unified
power flow controllers (UPFC) [45], static synchronous
compensators (STATCOM) [46], SSSC [47], wind turbine
generators [48]-[50], etc.
For example, active filters are often used to eliminate
harmonic currents injected into the power grid from nonlinear
industrial loads, as illustrated in Fig. 7 [44]. An industrial load,
however, is often time-varying with complex nonlinear
characteristics. Traditional linear PI-based controllers were
found to be incapable of providing consistent control
performances under different load conditions [44]. An indirect
adaptive neurocontroller using ESNs was proposed by Dai, and
was shown to improve the active filter performances even
when the load changed nonlinearly [44].

ESN
Identifier
and
Controller

Fig. 8. Intelligent control scheme of an active filter [44].
(a)

Fig. 9. Schematic diagram of the wind plant interface neurocontroller [48].

For wind turbine generators (WTGs), CI methods for
improving their transient and steady-state control performances
have been investigated for better grid integration. Many WTGs
are installed in remote rural areas. As a result, dedicated local
shunt FACTS devices, such as a STATCOM, are often
installed to provide fast reactive power compensation and
voltage support. An interface neurocontroller (INC) scheme
was then proposed by Qiao to coordinate the transient reactive
power control between the WTGs and a STATCOM, as shown
in Fig. 8 [48]. Besides the transient control, it is also
economically important for WTGs to capture maximum wind
power, which requires an effective maximum power point
tracking (MPPT) control algorithm. Traditional MPPT schemes
require the wind speed as an input. To achieve wind speed
sensorless control, neural networks [49] and fuzzy logic
controllers [50] have been designed to provide wind speed
estimations or perform online searching of the maximum
power point.
2) Wide-Area Damping Control
Local damping controllers are usually ineffective in
damping inter-area oscillations [51], which are characterized by
groups of coherent generators swinging against each other.
Because of the complexity of a power system, designing a
wide-area stabilizing controller over a wide operation range is
not a trivial task. The observer-based state feedback (SF) linear
control [52] and the robust H∞ control using linear matrix
inequality (LMI) [53] were applied respectively to design a
multi-input multi-output wide-area damping controller.
However, because of the linear nature of both control designs,
different control loops were needed at different operating
points [52], [53].

(b)
Fig. 7. WAC for a 12-bus power system: (a) schematic diagram, (b) damping
performance of the WAC after a grid fault [54].

The above control techniques also suffer from requiring
detailed knowledge of the system model and parameters, which
are usually difficult to obtain for complex power systems. More
advanced intelligent controllers using the ACD technique were
then reported [54], [55], and showed a promising performance,
as compared to the traditional observer-based SF and H∞-LMI
controllers [55]. In particular, an ACD-based wide-area
damping controller was designed by Mohagheghi to
simultaneously control three generators and a STATCOM in a
12-bus power system, as shown in Fig. 9 (a) [54]. The system
was tested under various operating conditions and disturbances.
Fig. 9 (b) shows the damping performance from the intelligent
WAC and traditional local power system stabilizers (PSS) [54].
3) Wide-Area Power Flow Control
Traditionally, power systems have separate control loops
for active and reactive power control. For short-term active
power balancing, power systems rely on a simple linear
integral controller, called automatic generation control (AGC)
[51], to regulate the system frequency. Reactive power
supports are typically provided by locally controlled switched
capacitor banks or on-load tap changing (OLTC) transformers
[51]. These separate active and reactive power control loops
work well when only small variations/disturbances are present
in the system. With lack of coordination and optimization, the
existing power system control scheme may not be able to
optimally and securely control the power system in an
environment with high short-term variability.
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Fig. 10. Transmission line boundary protection scheme [63].
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Fig. 11. ACD-based DOPFC for a power system: (a) schematic diagram, (b)
DOPFC performance in a 12-bus system after a load tripping.

Fardanesh [56] described an ideal control scenario for
power systems, where optimal operating conditions were
achieved instantaneously by some closed-loop control
algorithms, but how to design such a control algorithm
remained unanswered. A conceptual framework of dynamic
stochastic optimization in power systems using ACDs was first
proposed by Venayagamoorthy [57], and then by Momoh [58],
to incorporate prediction and optimization during power
system stochastic disturbances. Liang followed this framework
and proposed an ACD-based dynamic optimal power flow
controller (DOPFC) for optimally control and coordinate
power system AC power flow [59], as illustrated in Fig. 10 (a).
A 12-bus power system was used to demonstrate the design
and performance of this DOPFC. Fig. 10 (b) shows the
frequency control results of the DOPFC after a load tripping.
E. Power System Protection
The goal of power system protection is to quickly identify
and isolate the faulted parts of a power system and allow as
much of the network as possible to remain in operation. It plays
a crucial role in stopping disturbances from propagating across
the network and preventing large blackouts. However, as
power systems become interconnected, more complex, and
more heavily loaded, traditional physical-model-based relay
design schemes with fixed settings become less and less
reliable [60]. CI-based protection schemes have shown
promising performances in reliably detecting and isolating
faults in complex situations.

protection scheme. MLP neural networks and SOMs, combined
with feature extraction methods such as Fourier transform and
wavelet transform, have been used to design adaptive relays for
series-compensated transmission lines (lines with variable
impedance) [61], generator out-of-step protection [62],
transmission line boundary protection (full line protection
using only one-end information) [63], high impedance faults in
distribution feeders [64], etc. Fig. 11 shows the schematic
diagram of a transmission line boundary protection relay
proposed in [63], where two SOMs were used, one for
differentiating internal and external faults (ANN #1) and the
other one for classifying fault types (ANN #2).
2) Intelligent Auto-Reclosers
Besides intelligent relays for isolating faults, ANNs have
also been applied to design reclosing schemes for power line
autoreclosers. An autorecloser is a circuit breaker with
automatic reclosure after a protection trip. It is intended to
improve power system reliability against temporary faults.
Traditional autoreclosers reclose with a fixed time delay and
have no intelligence to distinguish temporary faults from
permanent faults. Advanced ANN-based reclosing schemes
were proposed with functions of identifying temporary faults
(thus a reclosing signal was sent) and estimating reclosing time
delays for complete arc extinction (if a temporary fault was
detected) [65], [66].
3) Intelligent Fault Locating

1) Intelligent/Adaptive Relays

After a grid fault is isolated from the main system, it is
always desired to locate the exact faulted section of the system,
based on available measurements and relay/circuit breaker
signals, for fast network reconfiguration and repair. However,
such a locating task may not be easy when only limited
measurements are available in distribution networks, or when
incorrect relay operations occur.

Because the operating point of a power system
continuously changes, relays with fixed settings may misoperate or mal-operate under certain operating conditions
(especially when the system is heavily loaded). Intelligent or
adaptive relays were thus introduced to have a smarter

An ANN-SVM-based approach was proposed by Thukaram
to locate faults in radial distribution systems based on only the
voltage and current measurements at the substation [67]. Fault
locations along the same feeder and different fault types were
successfully classified on the feature planes by SVMs and

ANNs. Cardoso proposed a modular ANN approach for
locating faulted components based on relay signals even during
events with backup relay tripping or incorrect relay operations
[68]. Each ANN module was used to identify the true status of
a component (a line, a transformer, or a bus) based on a
combination of local relay responses. Fig. 12 shows the ANN
module proposed for an autotransformer [68].
F. Other Applications in Smart Grids
There are many other examples where CI techniques can
provide intelligence and smartness to a traditional power grid,
with either incremental improvements or radical revolutions.
Other applications may include: distribution network
reconfiguration [69], power system planning and asset
management [70], distributed energy resource coordination
[71], electric energy storage system control [72], residential
and home energy management [73], etc.
IV. CONCLUSIONS
Smart grids provide opportunities to improve the reliability,
efficiency, and sustainability of the existing electric power
infrastructure. The development of such a smart power grid
requires multidisciplinary research and engineering efforts, and
more importantly, it needs intelligence and innovations in
virtually every aspect of electrical power engineering.
Computational intelligence (CI), being an adaptive and flexible
method, has been applied to solve many challenging real-world
problems. This paper provides a comprehensive overview on
various CI applications in the context of smart grids. The CI
paradigm provides promising candidate solutions to deliver
intelligence to a power grid.
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