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Abstract
In this work the “Bacterial Foraging” strategy is presented and used to identify in real time a threephase load. The optimization process uses the instantaneous current and voltage values as inputs, and
estimates the values of the resistive and inductive parameters in the system. Simulations are used to
verify the proposed strategy.

Introduction
There is a growing interest in on line or real time parameter estimation in electric systems [1, 2], but
the standard methods present some problems: They are affected when the system operating conditions
change, they do not guarantee a global optimal solution, they require complex control strategies
having a high computational load and they are prone to errors due to simplifying assumptions in the
models or to parameter variations due to changes in operating conditions [3, 4].
This work presents a method able to identify on line the parameters in an electric system, using a
technique based on the bacterial foraging algorithm [5, 6]. The bacterial foraging algorithm mimics the
natural selection process in which Escherichia Coli bacteria seek food and exchange information about
their environment [7]. This behavior can be represented in an algorithm as a kind of group intelligence
[8].
The initial validation of the proposed technique is performed using as a test circuit a three phase R-L
load.

Bacterial foraging
Escherichia Coli has 6 flagella that work as motors, rotating at a speed of between 100 to 200 rev/s.
When the flagella rotate counterclockwise, they pull the bacteria in one direction and it moves
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forward. When the flagella rotate clockwise, no coherent pull direction is established and the bacteria
rotates [9].
The bacteria movements are affected by the chemical composition of the surrounding environment
(chemotaxis), and it will move to avoid damaging chemical concentrations and to search for nutrients
as follows:
When a negative nutrient gradient (or a positive one for damaging chemicals) is found, the bacteria
will rotate until a positive nutrient gradient (or a negative one for damaging chemicals) is found.
When a positive nutrient gradient (or a negative one for damaging chemicals) is found, the bacteria
will advance along the gradient.
If the medium is neutral, that is lacking in either nutrients or damaging chemicals, the flagella will
alternate their rotations, producing a search pattern of alternate turns and small advances.

The bacterial foraging algorithm
The bacterial foraging algorithm mimics the Escherichia Coli behavior in order to search the complete
space solution until a global maximum (or minimum) is reached.
In the algorithm a number S of search elements (bacteria) move in a search space defined by the
parameters to be identified. Each bacteria represents a search element looking for the best possible
solution to the problem. Initially the bacteria are randomly distributed in the search space, each
bacteria position in the p-dimensions space representing a possible solution to the problem, where p
is the number of unknown variables. Once the colony is set, the bacteria “forage”, that is, evaluate
their environment seeking the gradient line in which the cost function is reduced from its initial value.
Search speed is a direct function of the step size C (i ) , assigned to each bacteria (long steps produce
fast searches), but search accuracy varies in inverse relationship with step size. After a preset number
of foraging events, bacterial efficiency is evaluated, those bacteria that are “underfed” (unable to find a
gradient line reducing the cost function) are eliminated and moved to new locations, and those that are
progressing in promising gradient lines are reinforced with new bacteria [9]. This event is called a
reproductive event, and N c is used to represent the number of search steps that precede each
reproductive event.
If the search space remains constant, eventually all bacteria will converge at optimal feeding points.
To ensure that the bacteria do not lock into a local instead of a global maximum, the algorithm, with a
probability Ped , moves some bacteria after a number of reproductive events (generations). This is
called a elimination and dispersion event, and the number of reproductive events preceding each
elimination and dispersion event is N re . Finally N ed is the number of elimination and dispersion
events considered in one program run [6].
Search and tracking efficiencies are affected by the quality of the cost function used, and by internal
parameters in the foraging algorithm, such as step size, number of steps per cycle, population size and
number of bacteria eliminated or created at the end of each cycle. These parameters can be optimized
by trial and error while working off line in such a way that the on line optimization is done using the
best performing algorithm, this is, the one with the cost function and search parameters producing the
best performance: faster convergence, lower error, more stable solution, better parameter changes
tracking, or any required combination of these and other possible qualities.
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Problem definition
To find out if the proposed method is able to identify the values of component parameters in an
electric circuit, the operation of a R − L three-phase load system is considered, and the parameters to
be identified are the R and L values. The example was selected since it is simple enough and the
results of changes in the foraging algorithm will be easy to identify. Additionally it uses the same
variables set that more interesting (and therefore complex) parameter estimation problems presented
by electrical machines [10, 11].
The system is described by the following equation,
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Where its discrete time equivalent is:
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The error is defined as the difference between the R and L values at the search point and the real R
and L values. Whatever variables set is considered as a cost function, it must include the required
unknown network parameters R and L . The cost function value at each search point J (θ ) must
increase as the error increases. In this work two cost functions are considered: the system current
quadratic error, defined as,

(

ˆz
J (θ ) = ei2 = y − Θ

)

2

(7)

and the system power quadratic error, defined by,

(

G G
J (θ ) = e2p = s − sˆ

)

2

(8)

and, defining the instantaneous apparent power:
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G
G
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The system power quadratic error is:
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Whatever variables set is considered as a cost function, it must include the required unknown network
parameters R and L . While the values of these parameters in a given search point are further away
from the actual values in the real circuit, J (θ ) will be increase, and the reverse is also true. Therefore

J (θ ) is a cost function related to the parameter matrix Θ, and the optimizer aims to minimize this
function.
In the cost function to be minimized J (θ ) , θ ∈ R p , θ , represents the position of a given search
element (a bacteria), and represents the actual value of the cost function calculated for that position.
Hence, the function defined as follows:

P ( j , k , l ) = {θ i ( j , k , l ) | i = 1, 2,..., S }

(12)

represents the position of each of the bacteria in the colony during the j chemotactic search step in
the k generation in the l elimination and dispersion event, and J ( i, j , k , l ) represents the cost function
for the i bacteria in position θ i ( j , k , l ) ∈ R p .
The procedure is then to build the parameters matrix Θ, shown in (5) and use it to estimate on line the
actual values of the resistance and inductance elements in the electric circuit. Those values can then be
used to update the circuit model as shown in (6), improving the accuracy of the control system in use.
The search algorithm is formed by three concentric loops. The outermost, the dispersion and
elimination loop initiates new searches in order to avoid local minima, and to search for new and
better solutions as the real circuit parameters drift with time. This external loop is the least frequently
performed. The next inner loop is the reproduction loop. In this loop the bacteria with the best cost
functions are allowed to reproduce, raising the number of bacteria searching in the best areas. The
innermost loop is the chemotactic search loop. In this loop the gradient for each bacteria is evaluated,
and the bacteria are accordingly moved to their next position, closer to the final target. This loop is the
one most frequently performed.

Simulation results
Once the system equations and the possible cost functions were defined, a program implementing the
bacterial foraging algorithm was developed in C, and executed on an Analog Device DSP Prototyping
System.
The real circuit parameters used in the test are R = 3Ω , and L = 30mH . The first search starts with
random estimates for the two parameters. In the first test the two outer loops (the reproduction and the
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elimination and dispersion loops) were inactive, in order to study the performance of the search loop
using search steps of six different sizes. The quadratic error current cost function was selected for the
initial test.
The graphs in Fig. 1 show the behavior of bacteria 1, the one with the longest search step, and bacteria
6, the one with the shortest search step. As can be seen, the bacteria with the longest search step moves
faster, and within about 250 search cycles it reaches an estimate close to the real parameter values, but
the overshoot is big, and afterwards it moves around the target value with a 30% ripple. The bacteria
with the shortest search step reaches the target more slowly, taking about 500 search cycles, but once
near the target is more precise, the overshoot is smaller and the ripple is only 1%.

Fig. 1: R and L values estimated by bacteria 1(left) and 6 (right) using the quadratic current error as
the cost function. No reproduction or elimination and dispersion events activated
Evolution can be used to combine the best characteristics of the long search step bacteria (fast
convergence) and the short search step bacteria (low convergence error). To do this the reproduction
loop was activated, causing one reproduction event each 100 search events. The same bacteria types
and quadratic current error cost function were used. Fig. 2 shows the results obtained using the two
loops in the search algorithm. As expected, less time is required to reach accurate estimates for the R
and L parameters, and the overall ripple in the values when the target is reached is also smaller. There
are some random initial changes, but they attenuate quickly.

Fig. 2: R and L values estimated by bacteria 1 and 6 using the quadratic current error as the cost
function. One reproduction event per each 100 chemotactic search steps. No dispersion events
activated.
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To test the search algorithm generality, the search was performed in the same conditions, but using the
circuit power error as the cost function. Fig. 3 shows the new test results, which are very similar to
those presented in Fig. 2, indicating that the method is not particularly sensitive to changes in the cost
function.

Fig. 3: R and L values estimated by bacteria 1 and 6 using the quadratic current error as the cost
function. One reproduction event per each 100 chemotactic search steps. No dispersion events
activated.
As can be seen comparing Fig. 2 and 3, in both cases the estimated parameter values converge with the
real ones in about 200 steps with errors below 1%, giving an almost perfect match between the model
and the real circuit, and the two cost functions are able to produce almost the same accuracy levels, but
the best overall performance was obtained using the system current quadratic error cost function, since
the estimated values were more stable and the initial oscillations were also smaller. Hence the
quadratic current error cost function is the best for this particular problem.
For the next test, aiming to reduce overshoots, initial oscillations and search time, the number of
reproduction events were increased to one each ten search steps. The quadratic current error cost
function was used. As can be seen in Fig. 4, the objectives were achieved: When increasing the
number of reproduction events, the time required to reach the target values is shorter, the overshoots
are reduced and almost no oscillations are observed. Furthermore, the final estimation error is also
reduced, the final values obtained are 3.000 Ω for the resistance and 29.995 mH, for the inductance.

Fig. 4: R and L values estimated by bacteria 1 and 6 using the circuit power error as the cost function.
One reproduction event per each ten chemotactic search steps. No dispersion events activated
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Conclusion
The Bacterial Foraging is an absolute optimizer and works effectively in parameter estimation for on
line models, as has been proved in the estimation of the electric model parameters. The errors in the
estimated parameters are below 1% of the real circuit values, giving a very precise estimation of the
system parameters.
The cost function defined using the system current quadratic error produces more stable parameter
estimation than the one obtained when the system power quadratic error is used to define the cost
function. This is due to the fact that system power calculations require a flux linkages evaluation.
Nevertheless the results obtained using both cost functions are similar.
The method was tested using a simple electrical circuit in order to show how the Bacterial Foraging
strategy can be used to find an electrical problem solution. The same method is now being used for on
line parameters estimation in more complex systems, such as electrical machines.
To ensure that the Bacterial Foraging algorithm used to estimate electric circuit parameters is fast
enough to be useful for on-line parameter estimation in electric motor controllers, all the calculations
presented in this work were performed using the same DSP based system in which the electrical
machine parameter estimator will be tested.
Considering the method performance, actually this technique is been applied to the on line parameter
estimation on induction and synchronous machines.
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