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Application Of Artificial Immune System For
Detecting Overloaded Lines And Voltage
Collapse Prone Buses In Distribution Network

J. V. Milanovi¢, Senior Member, IEEE

Abstract— Biological immune systems are highly parallel,
distributed, and adaptive systems, which use learning, memory,
and associative retrieval to solve recognition and classification
tasks. The Artificial Immune System (AIS) are capable of
constructing and maintaining a dynamical and structural
identity, capable of learning to identify previously unseen
invaders and remembering what it has learnt. As a part of
pioneering research in application of AIS to electrical power
distribution systems, an AIS based software has been developed
for identification of voltage collapse and line overload prone
areas in distribution network. The applicability of AIS for this
particular task is demonstrated on a 295-bus generic distribution
system.

Index Terms— artificial immune systems, voltage collapse,
overloaded lines.

[. INTRODUCTION

Power distribution systems are a vital lifeline of the modern
society for maintaining adequate and reliable flows of

electrical energy from transmission network to end users.
Distribution reliability has a high impact on the electricity cost
and customer satisfaction. A wide range of events such as
equipment failures, animal contacts, and lightning strikes have
been significantly affecting distributing systems over the years
and some have caused power outages. It is of vital importance
to diagnose the faults and restore the system operation in a
timely manner in order to maintain the system availability and
reliability.

Currently, when a power outage is reported to the control
centre, the operators estimate the probable outage location
based on available information and send their operation and
maintenance crews to fix the problem [1]. The crew, typically
needs to check distribution feeder section by section until they
find the fault location and the cause of it. Sometimes, for
safety reasons, many utilities do not restore the distribution
system until they have found the cause of outage. In some
cases, however, it is difficult or even impossible to find any
evidence of the cause of outage, as these may have been
removed from their original places [2]. The process of fault
identification and network restoration may take tens of
minutes to hours. Utilities around the world have been making
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substantial effort to expedite the network restoration
procedures.

With the development of data mining techniques, historical
outage data have been utilized to predict outage patterns [3]
and to develop adequate network maintenance procedures to
avoid outages at the first place. Many methods, mostly
computational algorithms, appeared over the years based on
this principle. Most of them however, share a common weak
point namely, they are ineffective in dealing with data
imbalance, which on the other hand is a common real-world
issue in data presentation.

In last decade, the Artificial Immune Systems (AIS) have
been gaining significant attention in various application areas
due to its powerful adaptive learning and memory capabilities.
The artificial immune recognition systems (AIRS) algorithm
proposed and benchmarked by Watkins and Timmis [4]
showed a very good performance as a classification algorithm.
A vast array of unexplored application areas still exists for
AIS, including many problem areas for which traditional
artificial intelligence research techniques (neural networks,
genetic algorithms, expert systems) were not appropriate. The
complexity of electricity distribution networks, large number
of parameters, unavailability or/and uncertainty of many
parameters and phenomena involved require application of
advanced non-deterministic modeling and computational
tools. The AIRS algorithm has been subsequently successfully
used on a few occasions in the past for fault diagnosis in
power distribution system.

The principle aim of this, to a large extent pioneering
project, is therefore to examine the possibility of applying AIS
to distribution networks and in particular for identifying
failure prone areas of distribution network. For this purpose
the AIRS (algorithm and software) is developed as a first step,
to identify the areas of the network where voltage collapse and
line overload may occur. Developed software is tested on a
295-bus generic distribution network and proved that AIS are
very promising tool for handling complex distribution
network problems.

II. BRIEF OVERVIEW OF ARTIFICIAL IMMUNE SYSTEMS

The artificial immune system (AILS) implements a learning
technique inspired by the human immune system, which is a
remarkable natural defense mechanism that learns about
foreign substances [5].

The immune system (IS) is a highly evolved biological
system whose function is to identify and eliminate foreign
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material to prevent development of diseases. It is a
combination of cells, molecules and organs that represent an
identification mechanism capable of perceiving and
combating dysfunction of own cells (infectious self) and the
action of exogenous infectious microorganisms (infectious
non-self) [6]. The interaction among the IS and several other
systems and organs allows the regulation of the body,
guaranteeing its stable functioning.

The IS cells and molecules maintain constant surveillance
for infecting organisms. They recognize an almost limitless
variety of infectious foreign cells and substances, known as
non-self elements, distinguishing them from those native
noninfectious cells, known as self molecules [7]. When a
pathogen (infectious foreign element) enters the body, it is
detected and mobilized for elimination. The system is capable
of “remembering” each infection, so that a second exposure to
the same pathogen is dealt with more efficiently. There are
two inter-related systems by which the body identifies foreign
material the innate immune system and the adaptive immune
system. [8] The innate immune system is so called because
the body is born with the ability to recognize certain microbes
and immediately destroy them [9], i.e., it can destroy many
pathogens on first encounter. The most important aspect of
innate immune recognition is the fact that it induces the
expression of co-stimulatory signals in antigen presenting
cells (APCs) that will lead to T cell activation, promoting the
start of the adaptive immune response [10]. The adaptive
immune system, as indicated by its name, is a modified,
improved system in order to deal with new antigens [11].

The immune system is composed of a great variety of cells
that are originated in the bone marrow, where plenty of them
mature. From the bone marrow, they migrate to patrolling
tissues, circulating in the blood and lymphatic vessels [12].
Some of them are responsible for the general defence, whereas
others are “trained” to combat highly specific pathogens [13].
Figure 1 presents a structural division among the cells and
secretions produced by the immune system. Detailed
descriptions of each of the cells can be found in [5, 13, 14-18].
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Fig 1. Division of Cells in Immune System (Adopted from [14])

This diverse “army” of cells and molecules that work in
concert protects the body and the ultimate target of all immune
responses is an antigen (Ag), which is usually a foreign
molecule from a bacterium or other invader. Figure 2 presents
a simplified version of the basic immune mechanisms of
defence.

When an antigen is firstly discovered by the immune body,
it is ingested and digested by antigen presenting cells (APCs)
[19]. These APCs roam the body, and quickly fragment the
antigen into antigenic peptides (Stage I in Figure 2). A part of
these peptides are joined together to form major
histocompatibility complex (MHC) molecules and are
displayed on the surface of the cell [20]. T cells have receptor

molecules that enable each of them to recognize a different
peptide-MHC combination (Stage II in Figure 2). These T
cells activated by that recognition divide and secrete
lymphokines mobilize other components of the immune
system (Stage III in Figure 2). Unlike the receptors of T cells,
those of B cells can
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Fig 2. Defensive Mechanism of Immune System (Adopted from [14])

recognize parts of antigens free in solution, without MHC
molecules (Stage IV in Figure 2) [20]. When activated, the B
cells divide and secrete antibody proteins, which are soluble
forms of their receptors (Stage V in Figure 2). These receptors
are usually called paratopes. On the surface of each antigen,
there are also receptors called epitopes which can be bound by
paratopes [14]. By binding to the antigen they find, antibodies
can neutralize them (Stage VI in Figure 2) or precipitate their
destruction by other components of the immune system. In
particular, some T and B cells become memory cells that
persist in the circulation and boost the immune system’s
readiness to eliminate the same antigen if it presents itself in
the future [5]. Because the genes for antibodies in B cell
frequently suffer mutation and editing, the antibody response
improves after repeated immunizations, this phenomenon is
called affinity maturation [21].
The primary advantages of the AIS are that it only requires
positive examples, and the patterns it has learnt can be
explicitly examined. In addition, because it is self organizing,
it does not require effort to optimize any system parameters.
Many models and algorithms have been developed based on
immune system theories. One of its most outstanding features
is that it is responsible for the production of millions (at least)
of antibodies from a few hundred antibody genes, permitting
animals to survive even when infected by new kinds of
organisms, or foreign molecules, which are unlike any that
their species has encountered before. Many classification
systems are now applying this mechanism as their main
learning and memorizing principle. The main characteristics
of the IS include:
® [t promotes diversification. It does not attempt to focus
on global optima; instead it evolves antibodies which can
handle different antigens (situations).

® [t is a distributed system with no central controller, i.e., it
is distributed throughout our bodies via its constituent
cells and molecules.

® [t is a naturally occurring event-response system which
can quickly adapt to changing situations.



® [t possesses a self-organizing memory which is
dynamically maintained and which allows items of
information to be forgotten. It is thus adaptive to its
external environment.

® Its memory is content addressable (allowing antigens to
be identified by the same antibody) and tolerant to noise
in the antigens presented to it.

The areas of application of AIS include pattern recognition,
function approximation and optimization, anomaly detection,
computer and network security, generation of diversity and
noise tolerance [22].

III. APPLICATION OF AIS IN POWER DISTRIBUTION SYSTEM

There have been very few applications of AIS to power
systems in the past. The total number of papers published in
this area is about, or slightly over, 20. The principal areas
where it has been applied include distribution network
planning, fault diagnosis and classification, and online control.
Therefore, the work described in this paper is largely
pioneering and exploratory in nature.

To accomplish the task of identifying the areas of
distribution network prone to voltage collapse and line
overload the AIRS algorithm and corresponding software are
developed. Load patterns (the load level on all buses in the
network) are treated as antigens for the AIS. The AIRS is
then trained in order to generate initial antibody pool. After a
starting point is specified (a particular load pattern), the
process of antibodies generation and mutation is initialized.
This is implemented by generating random, diverse, load
patterns. Each load pattern represents a specific antibody. The
correspondence between different parameters of natural IS
and AIRS applied to power system is shown in Table 1.

Table 1: Correspondence between Natural Immune System & AIRS
Natural Immune System AIRS for Power System

Antigen Load pattern
Antibody Load pattern
Antibody Clone Generating random Load patterns

Power flow calculation
Affinity Calculation

Pattern Recognition
Antigen-Antibody Match

Assuming that each load pattern corresponds to (is
associated with) a particular system failure pattern, the AIS
will recognise all possible failures related to newly generated
antibodies. However, without prior knowledge, the software
will not be able to identify any failure pattern related to any
load pattern. Results of power flow calculations (voltage
magnitudes and line currents ) are therefore used to assist the
AIS to recognize failure pattern. After all failure patterns are
identified, antibodies (load pattern) together with
corresponding failure patterns are stored as memory cells.

There are two steps involved in the test procedure.

The first is to train the software with training data in order
to identify and store fault patterns. The training process
proceeds until load levels are high enough to yield voltage
collapse in the system.

The second step is independent form the first one and it
generates the output of the programme for given loading
scenario. The output includes prediction of voltage collapse

prone areas and locations of overloaded and heavy-loaded
lines. The output of this stage is compared with the power
flow calculation results for the same loading scenario in order
to verify the accuracy of the prediction.

After each test, a new memory cell representing the fault
pattern produced is recorded and added to antibody database.
This step effectively mimics the learning mechanism of
natural immune system, and compensates for eventual
inaccurate results obtained in previous test so that reliable
database of antibodies is stored for future use.

In the training process, the two seasons (summer and
winter) are treated separately. For each season, the load curve
is sampled once per hour so a continuous load curve is
subdivided into 24 discrete load patterns. There are 48 load
patterns in total for winter and summer. The 24 load patterns
for a given season are used at the training stage of the
software. The program first examines each load pattern once
as an ‘original load’, and then generates 10 new load patterns
by randomly increasing original load at all buses.

This process represents the antibody clone and mutation
process in natural immune system. Voltage collapse
occurrence for a particular loading pattern can be considered
as an antigen. The software randomly generates loading
patterns, which represents antibodies, and matches these to
different types of antigens by performing load flow
calculation. The original loading pattern is a starting point for
the training process.

After initial random load generation, power flow
calculation is carried out for all new load patterns and the
most critical one is identified, i.e., the one that results in the
lowest bus voltages in the system. The locations of buses with
low voltages and overloaded lines are recorded together with
the corresponding loading pattern. These data are sorted added
to antibody database.

When the software detects a voltage lower than 0.52 p.u.
(arbitrarily chosen) the training process terminates. Loading
patterns generated in this process are stored as a reference to
prevent generating same or similar loading patterns in the
subsequent runs in order to achieve diversity of solutions and
loading patterns. Corresponding antibodies are saved in the
separate file for future use.

Once these steps are accomplished, the algorithm moves to
the next ‘original load’ until all 48 training load patterns have
been used as starting loading patterns.

The database of antibodies generated in training stage is
used for identification of voltage collapse prone areas and
locations of overloaded and heavy-loaded lines for new,
randomly generated loading pattern. This newly generated
loading pattern is considered as an antigen in the evaluation
process. Every antibody from the antibody database is
compared with this antigen, and its affinity with the antigen is
calculated. Simple Euclidian distance (1) between the
antibody and the antigen is used as measure of affinity

DISTANCE = \/iZ::(Pi—Pi-M)2+iZ::(Qi_Qi—M)Z W

where P and Q are corresponding real and reactive power of
the i-th bus from the N-bus network.



Based on this affinity calculation, the algorithm identifies the
best match between the antibody and the antigen.

The antibody with the largest affinity with the antigen is
then chosen for identification of voltage collapse prone areas
and overloaded lines.

The results produced by the AIS based algorithm are
compared with the results of load flow calculation  to
establish the accuracy of the prediction.

In total, 131 antibodies are generated during the training
stage. Based on these, six tests are conducted on the 300-bus
distribution system.

IV. CASE STUDIES

Six case studies based on realistic distribution network
are used to test the software in order to examine its accuracy.
The study was performed using a generic distribution network
(GDN). GDN comprises four 275-kV transmission in-feeds,
132-kV and 33-kV sub-transmission networks (predominantly
meshed) and 11 kV distribution network (predominantly
radial). There are 295 buses, 276 lines (over head lines and
underground cables) and 37 transformers with various
winding connections. All GDN parameters are based on
realistic UK distribution networks.

The 1%, 2™ and 5™ case study are random tests, which
examine the overall accuracy of the software in identifying
fault prone areas, e.g. voltage collapse and overloaded lines
under normal loading level. The 3™ and 4™ tests examine the
software’s performance when dealing with heavy load
condition. The 6™ test provides a reference for other case
studies. Light loading condition is simulated in this case.

The result of each test (identified critical buses and lines)
are illustrated on the single line diagram of GDN and
summarised in tables together with corresponding power flow
results in order compare their accuracy.

A typical daily loading curve (see Fig. 3) of a substation is
used initially to produce antibodies. 48 randomly generated
load patterns (24 per season) are then used for training the
AIS algorithm. Two assumptions are made in the study:

1. There are no under-voltage relays in the system. This is to
make sure that when the voltage drops dramatically, no bus
will be disconnected from the system because of under-
voltage relays.

2. A bus voltage lower than 0.52 p.u will be considered as an
indication of voltage collapse. This is basically a criterion

used to terminate training process before power flow solution
fail to converge.
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Figure 3. Typical daily loading curves for winter and summer season

The training process is repeated until one or more bus
voltages drops below 0.52 p.u. The output of training process
is a series of data vectors containing the location of voltage
collapse and the overloaded lines and corresponding loading
pattern. These data vectors represent memory cells in the
natural immune system, and will be used as criteria in the test
stage.

The test process is initiated separately and it is independent
from training process. The output of this stage includes
prediction of voltage collapse prone buses/areas and
overloaded and heavily-loaded lines. The results of AIS based
calculation are compared with power flow results for this case
to examine the accuracy the prediction obtained with the AIS
algorithm. The results of six case studies are presented in
Tables 2 to 4.

Table 2 presents the lowest voltage magnitudes at GDN buses
generated in all case studies. Only the first seven buses with
lowest voltages are considered in each case. The ranking of
buses is provided by AIS algorithm and voltage magnitudes
shown to the right from corresponding bus number in Table 2
are the result of subsequent load flow calculation for that
particular case study. Full agreement between the AIS
generated ranking and the ranking that can be produced based
on load flow results can be observed from this table. This
confirms the accuracy of the applied AIS algorithm.

Table 3 presents the line currents for ten most heavily-
loaded lines for the case studies 1 to 5. In case study 6, no line
was identified as being overloaded or heavily-loaded.

Table 2 : Identified buses with the lowest voltages

Case 1 Case 2 Case 3 Case 4 Case 5 Case 6
;25 V(p. u) Ez% V(p. u) IE\?ZS V(p.u) IE\?ZS V(p.u) 11\3125 V(p. u) 325 V(p.u)
138 0.91 138 0.78 138 0.67 138 0.59 138 0.88 138 0.97
137 0.91 137 0.78 137 0.67 137 0.59 137 0.88 137 0.97
136 0.92 136 0.79 136 0.68 136 0.61 136 0.89 136 0.97
135 0.92 135 0.79 135 0.68 135 0.61 135 0.89 135 0.97
134 0.92 134 0.79 134 0.69 134 0.62 134 0.89 134 0.97
39 0.92 39 0.81 39 0.70 133 0.64 39 0.89 133 0.97
38 0.92 38 0.81 38 0.70 39 0. 64 38 0.89 39 0.97




This was expected since this case illustrates a light
loading condition of the system. Same as before, the
ranking of lines is provided by AIS algorithm and line
loadings shown to the right from corresponding line
number in Table 3 are the result of subsequent load flow
calculation for that particular case study. Full agreement
between the two can be observed as before.

A quasi statistic calculation is conducted on the results
presented in Tables 2 and 3 in order to examine how many
times a particular line or bus appears among the set of
critical result.

For identification oh heavily loaded lines a simple count
is used to determine how many times the line appears
among the set of top 20 critical lines. In case of lines which
appear equal number of times (maximum is 5) among the
critical set the line which is more often found to be the
more loaded than the other line from the same subset (e.g.,
gtwo lines which both apper 5 times among 20 heavily
loaded lines) is listed first. The larger
this value for a particular line is more prone the line will be
to an overload.

For voltage collapse identification, the relative positions of
a particular bus in each voltage vector are added together,
e.g., bus 138 appeared first in all cases so its
corresponding weighting is 1x6=6; bus 133 appeared 11"
incase 1, 9™in case 2, 11™ in case 3, 6™ in case 4, 11" in
case 5, and 6" in case 6, so its corresponding weighting is
114+9+11+6+11+6=54. The lower the cumulative
weighting of the bus is the more likely it is that it will
experience low voltages.

The results of this calculation are summarised in Table 4.
They are divided into three groups. Each group contains 9
buses and 9 lines which are categorized according to their
cumulative weighting. Consequently, group 1 indicates the
combination of buses and lines which are most likely to
fail, group 2 indicates those with the lower probability of
failure, and so on. Graphical presentation of these results is
shown in Figure 4. In the single line diagram of GDN in
Figure 4, the contours indicate voltage collapse prone
areas,

Table 3: Identified heavily loaded lines

Case 1 Case 2 Case 3 Case 4 Case b
Line Line Line Line Line
Yo 1(A) No 1(A) Yo 1(A) Yo 1(A) Yo 1(A)
, 1155.7
15 687. 55 15 1246. 51 15 2275.5 15 2585. 53 15 o
9 659. 35 9 1229. 06 9 2174. 89 46 2516. 51 9 10927' 6
41 573. 11 41 1152. 45 41 2118.72 41 2493. 30 130 | 944.32
130 | 572.26 | 130 1085. 67 25 2077. 78 40 2484. 71 27 932.93
46 560. 19 27 1075. 15 27 1985. 63 9 2463. 27 16 716. 92
27 551. 07 6 1050. 29 130 1896. 94 25 2421. 82 111 | 707.75
111 | 420.98 | 116 806. 70 6 1882. 06 26 2360. 66 22 687. 41
52 307.89 | 111 757. 07 116 1378. 42 27 2315. 85 116 | 658.97
114 662. 51 111 1378. 24 130 2159. 68 117 | 582.79
124 659. 65 117 1171. 35 6 2118. 31 114 | 567.03
Table 4: General Results of Case Studies
Bus No. 138 | 137 | 136 | 135 | 134 | 39 38 40 | 133
WEHEE | 12 | 18 | 24 | 30 | 38 | 45 | 49 | 54
Group 1 g
Line No. 15 9 130 | 27 | 111 | 41 | 116 | 117 | 114
Counts 5 5 5 5 ) 4 4 4 4
Bus No. 37 41 36 42 | 132 | 35 43 31 34
Weightin |\ po | 63 | 77 | 79 | sa | 89 | 102 | 100 | 114
Group 2 g
Line No. | 124 | 52 6 115 | 51 | 145 | 141 | 46 50
Counts 4 4 3 3 3 3 3 2 2
Bus No. 33 | 131 | 130 | 129 | 127 | 128 | 126 | 32 | 125
Weightin | o | 6 | 117 | 118 | 118 | 119 | 119 | 120 | 120
Group 3 g
Line No. 80 68 47 16 25 21 | 121 | 40 22
Counts 2 2 2 2 1 1 1 1 1




and coloured lines the overloaded and heavy-loaded lines. The
area the most prone to voltage collapse is marked by dark
shaded contour while less critical areas are marked by lighter
shaded contours. As far as the overloaded lines are concerned,
dark colour represents overloaded transmission lines and
relatively light coloured lines mark the heavily-loaded lines.

V. CONCLUSIONS

The paper presented one of the first applications of the
Artificial Immune Systems in power system area. A complete
AIRS algorithm was developed for identification of voltage
collapse prone buses and overloaded lines in realistic size
distribution network. Compared with other conventional
methods used in industry to solve similar problems the AIS
based solution has the following advantages:

e Real-time identification of failure prone areas in power

system.

The software compares different load patterns stored in its
memory (similarly to artificial neural network algorithms) so
it can easily achieve close to real-time identification and
failure prediction. For this realistic size network relatively
small number of case studies was needed to train the
algorithm and to achieve high accuracy of the solution.

e Time saving

Compared with other variables, e.g., currents and voltages at
all network buses and lines, loading data required for the
algorithm training purposes are relatively easy to collect.
Power utilities usually store loading data for the purpose of
planning network extension or load forecast and most of those
are already pre-processed and corrected. There is therefore an
adequate source of data for the AIS to analyse, so the

relatively long time typically required for data collection and
pre-processing is significantly reduced. The AIS applies a
simple method to calculate affinity between antibody and
antigen, which only takes few seconds of computation time
before identification can be accomplished. This is much faster
than, for example, calculating PV curves for every bus in the
network, or sensitivity analysis using dQ/dV factor

e High overall accuracy

According to the results of case studies presented in the paper
the AIS based algorithm can achieve high overall accuracy in
identifying critical areas in the network. This could provide
network operators with a powerful tool for network
supervision, management and optimal scheduling of
maintenance.

Finally, it should be pointed out though that this was one of
the pioneering applications of the AIS in power system area
and that there are still many avenues of potential
improvements to be explored. Even though this was time
limited research and very basic application of the algorithm
the initial results demonstrated that the AIS based approach
could be a suitable candidate for efficient identification of
critical areas in the network. Its versatility and flexibility
offers possibility to analyse (on its own or in combination
with other data processing methodologies) seemingly
uncorrelated data which are either available in existing
databases in utilities, or data obtained from routine on-line
monitoring of network performance. This analysis could lead
to development of optimal scheduling of network maintenance
and such significantly reduce network failures and ultimately
black outs.
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