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vehicle- to-grid (V2G) concept or take power from the grid to 
charge the batteries on the vehicles, known as grid-to- vehicle 
(G2V).  Finding optimal times to charge or discharge in order 
to maximize profits to vehicle owners while satisfying system 
and vehicle owners’ constraints was studied. In order to do 
this, binary particle swarm optimization was applied in [17]. 
Price curves from the California ISO database are used in this 
study to have realistic price fluctuations. Different fleets of 
vehicles are used to approximate varying customer base and 
demonstrate the scalability of parking lots for V2G. The 
results for consistency and scalability are included.  Fig. 7 
shows a typical parking lot for plug-in electric vehicles 
connected to the utility grid. Table I shows the profit made by 
the vehicle owners based on a PSO scheduling on a given day. 
More details on this work are given in [17]. 

 
TABLE I 

 RESULTS WITH THE THREE PARKING LOTS SIZED DIFFERENTLY AND THE 
PROFITS MADE ON A GIVEN DAY 

# of 
Vehicles 

Case 
Study 

Power 
into Lot 
(MWh) 

Power out 
of Lot 

(MWh) 

Net Power 
Out (MW) 

Profit 

50 CS1 0.0089 0.1131 0.1042 $11.41 
CS2 0.3492 0.3421 -0.0072 $19.09 

500 CS1 0.0984 1.2533 1.1549 $128.42 
CS2 3.5167 3.8271 0.3104 $234.22 

5000 CS1 1.0359 12.1769 11.1401 $1223.49 
CS2 31.9632 35.2408 3.2777 $2200.40 

 

 
 
Fig. 7. A typical parking lot with plug-in electric vehicles [15]. 
 

V2G can reduce dependencies on small expensive units in 
the existing and future power systems as energy storage that 
can decrease running costs. It can contribute to efficient 
management of load fluctuation, peak load; however, it 
increase spinning reserves and reliability. As number of 
gridable vehicles in V2G is much higher than small units of 
existing systems, unit commitment (UC) with V2G is more 
complex than basic UC for only thermal units. Particle swarm 
optimization was proposed in [18] to solve the V2G 
scheduling problem, as PSO can reliably and accurately solve 
complex constrained optimization problems easily and quickly 
without any dimension limitation and physical computer 
memory limit. 

Climate dioxide (CO2) is now widely accepted as a real 
condition that has potentially serious consequences for human 
society and industries need to factor this into their strategic 
plans. The power and energy industry represents a major 
portion of global emission, which is responsible for 40% of 
the global CO2 production followed by the transportation 
sector (24%) [19]. Economic growth does not have to be 
linked to an increase of GHG emissions and can be attained in 
addition to the usage of renewable energy sources by using 
energy efficiency technologies for power system generation, 
transmission, and distribution. The development of intelligent 
energy-efficient control technologies will both soften negative 
effects of the climate change on the economy and enhance 
energy security. A summary of the impacts on CO2 reduction 
by the applications of intelligent techniques has been reported 
in [20]. Furthermore, UC with V2G can take into account 
besides fuel cost minimization, the reduction of emissions by 
explicitly factoring cost of emissions in the cost function. 
Table II shows some typical results on a small 10-unit and 20-
unit systems with 50,000 and 100,000 gridable vehicles. 
Intelligent optimization become very useful as the parameters 
to optimize grows enormously. 

Maintenance scheduling of generating units and other 
elements in a power system is an important task, and plays 
important role in the operation and planning activities of the 
electric power utility and the future smart grid. Computational 
intelligence tools are excellent for determining optimal 
maintenance schedules [21]. In a smart, resources need to be 
scheduled including real and reactive power generation, and 
energy storage. 

Other computational intelligence applications for smart 
grid include forecasting dynamic loads and electric energy. 
Typically, amount of load is dependent on a number of factors 
including time of the day, day type (weekday or weekend), 
temperature, humidity, season and location. Neural networks 
have been extensively studied and shown to provide accurate 
load predictions [22, 23]. Neural networks have also shown to 
be promising tools for wind and solar energy predictions [24, 
25]. When alternative sources of energy are connected to the 
power grid, be it wind farms or plug-in vehicles, dynamic load 
and electric energy at a given time needs to be predicted in 
order to carry out an efficient and economical operation of a 
smart grid. 

There are several other CI applications for the smart grid 
including energy and power flow management algorithms. 
Adaptive critic designs and PSO-based fuzzy logic have been 
demonstrated to carry out optimal energy dispatch in a grid 
independent photovoltaic system [26]. Numerous researchers 
have reported on the successful use of CI approaches for 
voltage and reactive power control [27]. Reconfiguration of 
distribution systems have carried out with PSO and genetic 
algorithms. CI techniques have the potential to carry out 
dynamic reconfiguration and restoration of terrestrial and 
industrial power systems [28] after small and large 
disturbances. All these problems and solutions are applicable 
to smart grids. 
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TABLE II 
RESULTS WITH THE PSO TECHNIQUE FOR UNIT COMMITMENT WITH V2G 

 
 

V.  CONCLUSIONS 

The electric power grid is rapidly growing and demanding 
new technologies for efficient, reliable and secure operation 
and control as the demand for electricity increases. The 
complexity of a smart power grid is much more than that of 
the traditional power grid as time-varying sources of energy 
and new dynamic loads are integrated into it. Advanced 
intelligent techniques are required to handle the smart grid 
operation in an efficient and economical manner. The 
potentials of computational intelligence paradigms have been 
demonstrated for various challenges in the traditional power 
system. Such techniques are promising solutions to deliver the 
expectations of a smart grid. 
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