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Abstract 
In wireless sensor networks, network connectivity problems and sensor coverage are mainly affected by the restricted 
communication and sensing range of the nodes. To solve all these problems, many studies have been undertaken till now but most 
of these works is limited to be applied to the real environments because these do not consider various environmental factors that 
affect wireless sensor network deployment. In this paper, we propose a node deployment strategy that considers environmental 
factors and the number of nodes for surveillance .Deployment of the sensor nodes, and relay nodes considering all features of the 
surveillance and reconnaissance sensor networks as well as environmental factors. Smarty deploying the sensor nodes is very 
important if we are considering the performance of wireless sensor nodes (wsn). This paper focuses on real time deployment of 
sensor nodes using unmanned aerial vehicle (UAV). Smart deployment has importance in battlefield surveillance, disaster 
monitoring, environmental and habitat monitoring etc. It plays a very important role mainly in disasters affecting areas like flood 
affected or fire affected forests for sensing different conditions and physical data out there. The objective of this paper is to 
deploy sensor nodes smartly only in terrain of interest not in fire or water so that it can conserve environment and can reduce the 
loss of sensor nodes from being deploy in fire or water. Image segmentation of the images captured by camera situated on a board 
of UAV. This paper basically focuses on a vision system that considers the true color and the texture of the terrains in the image 
so as to provide more accurate deployment. Image segmentation is formulated as multidimensional optimization problems. To 
solve these problems it requires immense enormous effects so these optimization tools BFA [1] and GFA [2] are used to solve 
these problems. Comparison of these optimization tools BFA and GFA are presented here for different images. Simulation results 
show that GFA performs better than BFA when compared with no. of individuals and BFA is faster than GFA. 
 
 

Index Terms—bacterial foraging algorithm (BFA), image thresholding, gravitational field algorithm (GFA), wireless sensor 
networks (WSNs). 
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I. INTRODUCTION 

Wireless sensor networks (WSNs) have been used in many applications, such as forest monitoring, flood monitoring space 
exploration, disaster management, factory automation, secure installation, border protection and battlefield surveillance. A sensor 
node sense and collects environmental information such as humidity, seismicity, temperature, and acoustics. Relay a node sends 
sensor data to the other nodes or base. Most sensor nodes and relay nodes have some certain constraints such as restricted 
communication and sensing range as well as some limited battery life. These limitations may cause some technical by means of 
coverage, network lifetime, network connectivity, scheduling. The problems associated with coverage and connectivity is caused 
by the limited detection range and communication range between nodes. The coverage problem is important that the sensor nodes 
can cover the whole area it should monitor and sense . One solution of this problem is to maximize coverage is to deploy sensor 
nodes not too near to other nodes so that we can have a maximum use of detection capability of sensor node and at the same time 
to deploy the sensor nodes not too far from other nodes so that it can avoid the coverage holes. Sensor nodes and relay nodes need 
to be placed close enough so that they are within each other’s communication range to ensure good connectivity. Remote 
monitoring covers a wide range of all applications where wireless systems can complement the wired systems by reducing the 
wiring costs and allowing some new types of measurement applications. Applications of remote monitoring include: 

• Nature  monitoring by means of  water, soil and air 
•  monitoring for building structures like bridges 
• machine monitoring 
• industrial Process monitoring 

 
It is quite common to deploy a sensor nodes using modern airborne vehicle such as helicopters. But to deploy sensor nodes in 
these areas are very dangerous as it may be hostile or dangerous territory. This problem can be figure out using modern unmanned 
aerial vehicle (UAV). UAV has a strong importance in the field of coordinated deployment missions. An unmanned aerial vehicle 
(UAV), commonly known as drone is an modern aircraft without a human pilot aboard. This flight can be control either 
autonomously or by onboard computers or by the remote control of a pilot on the ground or in another vehicle. The typical launch 
and the recovery method of an unmanned aircraft are the function of an automatic system or an external operator on the ground. 
Modern UAVs are endowed with control and perception that make them capable of coordinated deployment missions. Computer 
vision is the most momentous perception to these modern UAVs. 

 
Terrain recognition by means of colour image segmentation has importance to optimal and autonomous deployment of WSN 
nodes. This can be effectively used to prevent sensor nodes from being deployed into those areas which are not interested such as 
water or fire in the terrain. Such prevention is necessary from the point of view of conservation of the environment. Besides, it 
reduces the loss of sensor nodes and confirms that the required sensing coverage can be achieved with less number of nodes 
deployed only in the terrains of interest where we want to deploy. It basically helps to eliminate congestion and delay caused by 
redundant traffic from the nodes in the areas of no interest.most of the machine vision method such as used in modern UAV uses 
color image segmentation method as an important preprocessing technique. Thresholding method is commonly used for 
segmentation of an true colour images into two or more classes [4]. 
Let f(x, y) denote a Grayscale image of size H × W pixels that has S intensity levels. Its Two-level thresholding deals 
With determining a value of threshold t to perform the operation expressed by (1) for x =1, 2,...,H and y =1, 2,...,W 
 

0, if  f(x,y)
f(x, y)         ...(1)

, if  f (x, y)

t

L t

≤
=  >  

This can be extended to three-level thresholding, in which there exist two threshold levels t1and t2 such that  t1< t2, and  the 
thresholding operation is performed, as expressed in the following equation: 
 

 

1

1 2 1 2

2

0,
if f(x,y)

1
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t

L

 ≤
= <



 



IJRIT International Journal of Research in Information Technology, Volume 2, Issue 5, May 2014, Pg: 14-25 
 

Shailendra Singh, IJRIT  16 
 

This can be further extended to generic n  -level thresholding in which 1n−  threshold levels t  are necessary. It is obvious from 
(1) and (2) that the effectiveness of multilevel colour segmentation largely depends on the values of threshold levels 

1 2 3 1, , .....nt t t t − .The basic question is: how are the threshold levels determined? Many methods have been proposed in literature, a 

survey of which is presented in paper. 
 
Otsu criterion is popular in automatic thresholding [5]. Otsu’s thresholding chooses the threshold to minimize the intraclass 
variance of threshold black and white pixels. 
The algorithm assumes that the image to be thresholded contains two classes of pixels or bi-modal histogram (e.g. foreground and 
background) then calculates the optimum threshold separating those two classes so that their combined spread (intra-class 
variance) is minimal. A thresholding method uses this criterion finds a number of candidate threshold levels for the chosen 
objective function, and chooses the one that has the best objective function value among all. An obvious question is: how to 
choose the candidate threshold levels? An intuitive solution is to try each possible combination of threshold levels. Though 
straightforward, this involves a large number of objective function evaluations, which renders the method unsuitable in many 
applications. So, it can be considered as an optimization problem, which has to be solved in real time.so BFA and GFA are used 
to solve these multidimensional problems. 
The primary contribution of this paper is as follows: 
 
1)  Bacterial foraging algorithm (BFA) and gravitational field algorithm (GFA), are presented for thresholding of the terrain 
colour images captured By a downward-pointing camera on board the modern UAV used for autonomous deployment of WSN 
nodes [6]. 
2) A comparative performance analysis of the algorithms is presented. Both algorithms perform multilevel colour image 
segmentation faster than the traditional methods. 
3) A comparative analysis of the algorithms is presented in terms of accuracy of deployment in terms of increasing variables in 
objective functions and computing time. The results show that the GFA-based deployment is more 
Accurate and fast with the increase in no. of variables, and the BFA-based deployment is more continuous with increase in 
variables and problem size. 
 
This paper is organized as follows. Brief reviews of BFA and GFA are presented in Section II-A and II-B, respectively. BFA and 
GFA based image thresholding methods for autonomous deployment of sensor nodes from a modern UAV are presented in 
Section III.  Details of the MATLAB based numerical simulations are presented and the results are discussed in Section III. And 
finally concluding remarks are given in Section V. 

II.BIO  INSPIRED ALGORITHM:  DETAILED 

Real world problems in almost all engineering departments are considered as multi-dimensional parabolic problems. It requires an 
enormous computational effort by solving with analytical methods and this effort increases exponentially when the problem size 
increases. This provides a motivation for multidimensional optimization tool that require moderate memory and computational 
resources, and yet produce good results. Researchers have used bio inspired stochastic optimization methods as computationally 
efficient alternatives 
to analytical methods. There are several bio inspired algorithm are present like optimization algorithms include BFA, BFA, 
genetic algorithm (GFA), and differential evolution (DE) [7]. Hybrids of these algorithms have been developed in order to 
achieve fast convergence or better solution quality. Examples of hybrid algorithms include those between BFA and GFA, BFA 
and DE, BFA and GFA, and BFA and BFA. However, these advanced algorithms involve additional computational overheads, 
which may be prohibitive in resource-constrained computational units, such as wireless sensor nodes. 
  
A. Bacterial foraging algorithm 
 
BFA is a new evolutionary optimization algorithm intro- duced in that mimics the foraging behavior of Escherichia coli 
(commonly called E. coli) bacteria that live in human intestine. There are successful applications of BFA and its hybrids in 
optimization problems such as PID controller tuning and economic load dispatch. An E. coli bacterium moves to a nutrient-rich 
location using a pattern of two types of movements, tumbling and swimming. Tumbling refers to randomly changing the direction 
of movement; and swimming refers to moving without changing the direction. A bacterium in a neutral medium alternates 
between tumbling and swimming moves. A bacterium that is moving in a direction towards better nutrient locations keeps 
moving in the same direction in a swimming movement. But if swimming takes it to a location having lower nutrient 
concentration, it takes a tumble movement and swiftly changes its direction. With a tumble followed by a few swimming steps 
collectively called a chemotactic round, the bacterium succeeds in attaining a favorable location. After a series of chemotactic 
steps, the bacteria that achieve good foraging split into two; and the others die. This is called a reproduction step. Suppose that it 
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is desired to search for a position in a p-dimensional space where function  (P),P pj λ∈  global minimum. Let iP  has the initial 

position of bacterium I in the search space, 1, 2,3.....,i S=  where S is the number of bacteria. Let (P )iJ  represent an objective 

function. Let (P ) 0iJ = , (P ) 0iJ > and (P ) 0iJ <  represent the bacterium at location Pi in nutrient rich, neutral and noxious 

Environments, respectively. Chemotaxis is a foraging behavior That captures the process of optimization where bacteria try to 

Climb up the nutrient concentration (i.e., bacteria try to achieve positions having lower values of (P ))iJ  and avoid being at 

positions (P ) 0iJ ≥ . 

The global best version of BFA for minimization of cost function f(.) 
 

1. Initialize  ,  ,  ,  ,  ,  ,  , ,  ,  c re ed ed s a a rp S N N N P N d w h 

2. Initialize  iP  randomly for 1,2, ,i S= ……  

3. Initialize ( )C i  for 1, 2,3, .i S= …  

4. Set the loops indexes ,      0.2.  j k and l to  

Elimination – dispersal loop: 

5. While    edl N do≤  

6.    1l l= +  
Reproduction loop: 

7. While   rek N do≤  

8. 1k k= +  
Chemotaxis loop: 

9. While    cj N do≤  

10. 1j j= +  

11. for each bacterium 1,2, .  i S do= …  

12. Compute ( )  , , ,J i j k l  

13. let ( ) ( ) ( ) , , ,    , 1, , ,  ( ,cc iJ i j k l J I j k l J P j k l= + +  

Tumble 

14. Generate a p-dimensional random vector ( ) [ ],  1,2,3,, ,,,   1,1m i i p on= −Ψ  

Move 

15. Let ( ) ( ) ( )
( ) ( )

1, ,      i i

i
P P j k l C i

T i i

Ψ
= + +

√ Ψ Ψ
 

16. Let ( ) ( ), 1, ,   , 1, ,J i j k l J i j k l+ = + +  ( ) ( ) 1, , ,(  1, ,iJcc P j k l Q j k l+ +  

Swim 
17. Let 0m=  

18. While    sm N do<  

19. Let   1m m= +  

20. If ( ) ( ) ( )
( ) ( )

 , 1, ,   
i

J i j k l C i
T i i

Ψ
+ +

√ Ψ Ψ
 

21. Use this iP  to compute new ( ) , 1, ,J i j k l+  

22. Else 

23. sm N=  

24. end if 
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25. end while 
26. end for 
27. end while 

28. compute  each bacterium I for given k  and l  

29. 
( 1)

1

( , , , )
Nc

i
health

j

J J i j k l
+

=

= ∑  

30. Eliminate rS fraction of bacteria with highest healthJ  and split the other bacteria into two at their locations. 

31. End while 

32. For each bacterium with bacterium, with probability dP  eliminate the bacterium and create a new one at 

random position 
33. End while 

 
B Gravitational field algorithm 
The most important advantage of GFA is the ability to dea with the multimodal objective functions (i.e. the mass functions). GFA 
can converge for one independent variable mass functions with probability 1. We give a theorem and its strict mathematical proof 

as follows. We define the mass function as f(x), and the dusts in one group of variable space are 1 2 3 max nx ,x ,x ...x ,..., x . The 

mass functions are subject to Equation as follows: In max m(x ) (x )f f≥  the group, the dusts become x Wherem 1,2,3..., n= . 

After moving towards maxx ' ' ' ' '
1 2 3 max nx , x , x ...x ,..., x  

Now we have a theorem 
GFA for one independent variable mass functions could converge in the global maximum with probability 1, when the three 
conditions as below are satisfied: 
1) The scale of group is small enough; such that the number of peaks is at most one.  
2) The motion of the surrounding dusts is smoothing. 
3) The number of dusts in one group is big enough. 

When the max peakx x≠  then: 

a) If exists m,maxx and mx  are ITS, the group will be convergent obviously according to condition 2),  The peak value 

calculated in the group by the GFA is the real peak value. 
II.  The global best version of GFA for minimization of cost function f(.) 

 
1. []dusts random←  

2.   ifor all  

3.   0 i<N such that ≤ do  
4. [i] [random]dusts group∈  

5.  end for  

6.   i   0 i<G such that ≤or all do  
7. [i] GetMax( [i])centre group←  

8.  end for  

9.   i   0 i<N such that ≤end for do  
10. [i] [i] (GetCentre( [i])dusts dusts dusts← +  

[i] x 0.0618dust−  

11. i   [ ] dusts solution space∉while do  

12. [i] randomdusts ←  

13.  end while  

14.  end for  

15.   i   0 i<N such that ≤for all do  
16. ((GetCentre ] ( [i ))Fun dusts −if  
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( [i])  ))F dusts thresun hold< then  

17. [ ] idelete dusts  

18.  end if  

19.  end for  

20.   i   0 i<N such that ≤for all do  
21.     GetCent[i] ( [ire ])  dust is not dustsif  

  random<r and then  
22. [i] [i] randomdusts dusts← +  

23.  end if  

24.  end for  
25.   GroupNotFinishif then  

26. [ ] 5goto  

27.  27else  

28. [ ] 29goto  

29.  end if  

30.   Finishif then  
31.  []return centre  

32. else 
33.  ,update N G 

34. [ ]2goto  

35.  end if  
 
III. BFA AND GFA BASED IMAGE THRESHOLDING FOR AUTON OMOUS DEPLOYMENT 

 

There are numerous methods for image thresholding and image segmentation classified on the basis of image information they 
comprises of: 

1) Thresholding 
2) Clustering methods 
3) Compression-based methods  
4) Histogram-based methods 
5) Edge detection 
6) Region-growing methods 
7) Split-and-merge methods 
8) Partial differential equation-based method 

 
A detailed survey of all 40 methods and their performance analysis is done in [9].BFA and GFA based thresholding method is 
used here by using image histogram shape technique. Otsu proposed a nonparametric and unsupervised method of Automatic 
threshold selection for image segmentation in [10]. This method maintains three appropriate criteria for evaluating 
The suitability of a given threshold level from the image histogram. The following paragraphs discuss the basics of the 
Otsu evaluation criteria and point out strengths and weaknesses of the Otsu-based exhaustive search.  
Consider a digital image having a height of H pixels and a width of W pixels, in which the intensities are represented in L grey 
levels [1, 2... S]. 
Let p represent the number of pixels having intensity level i. It can be observed that the total number of pixels N satisfies 

1 2 ... SN HXW n n n= = + + +  
The 1-D vector n with [1,2,...,S]i = represents the image histogram. The histogram is normalized and reGFArded as a 

probability distribution, as in, as follows: 
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1

,  0 and 1    
L

i
i i i

i

n
p p p

N =

= > =∑  

Suppose it is desired to dichotomize the pixels into classes C1 and C2. The class C1 contains all pixels having intensities less than 
or equal to t, and the class C2 contains all pixels having intensities greater than the probabilities of occurrence classes C2 and  C2  
given by respectively 

1 1
1

2 2
1

(t) Pr(C )

(t) Pr(C )

t

i
i

S

i
i t

p

p

ω

ω

=

= +

= =

= =

∑

∑
 

The mean levels defined by classes C1 and C2 are given by are given by respectively 

1
1 1

2
1 2

(t)

(t)

t
i

i

S
i

i t

ip

ip

µ
ω

µ
ω

=

= +

=

=

∑

∑
 

 
These mean levels and probabilities satisfy the conditions 

1 2(t) (t) 1ω ω+ =  And 1 1 2 2 Tω µ ω µ µ+ = where, 

1

(S)
S

T i
i

ipµ µ
=

= =∑  

is the total mean level of the image. The variance of distribution of pixels in classes C1 and C2 are given by  
Respectively 

2 2
1 1

1 1

2 2
2 2

1 2

(t) { (t)}

(t) { (t)}

t
i

i

S
i

i t

p
i

p
i

σ µ
ω

σ µ
ω

=

= +

= −

= −

∑

∑
 

In order to find the goodness of the threshold at level 
t , Otsu introduced three objective functions( )α , ( )β , and ( )χ , defined in , as follows: 

2

2

2

2

2

2

B

W

T

W

B

T

σα
σ
σβ
σ
σχ
σ

=

=

=

W 

Where 
2
Wσ

 is the within class variance,2Bσ  is the between class variance, and 2
Tσ  is the total variance. These are defined 

respectively 
2 2 2

1 1 2 2

2 2
1 2 2 1

2 2

1

( )

(i )

W

B

L

T T i
i

p

σ ω σ ω σ
σ ω ω µ µ

σ µ
=

= +

= + −

= −∑
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With this, the problem of two-level thresholding is reduced to an optimization problem to search for the threshold t  that 
maximizes one of the objective functions defined in (14). It also follows that the threshold *t that maximizes 2

Bσ  also minimizes
2
Wσ . A simple approach to optimal thresholding is to perform an exhaustive sequential search for a threshold Level *t which 

satisfies 2 * 2
1(t ) max (t)B t S Bσ σ≤ <= this can be extended to n-level thresholding problem, which involves n 1− Thresholds that 

satisfy  
 

1 2 1

2 * * * 2
1 2 1 1 ... 1 2 1(t , t ,...., t ) max (t , t ,...., t )

nB n t t t S B nσ σ
−− ≤ < < < −=  

 

The exhaustive search method based on the Otsu criterion is simple and straightforward, but it has a weakness that it is 
computationally expensive [11]. The ranges of n - 1 candidate thresholds for n-level thresholding are as follows: 

 

 1 1 21 1, 1 2t S n t t S n≤ < − + + ≤ < − +  

And 2 11 1n nt t L− −+ ≤ < −  Exhaustive search for n - 1 optimal threshold involves evaluations of objective functions of  

1(L n 1)nn −− +  combinations of thresholds. Therefore, it is not a suitable choice for the applications that require real-time 

multilevel image the task of determining n - 1 optimal threshold for n-level image thresholding  can be formulated as a 
multidimensional optimization problem [12]. In this study, BFA and GFA have been used to determine the thresholds that 

maximize the between class variance 2
Bσ  of the intensity distributions. For BFA, the position of particle i is defined as  

 

1, 2,...., 1{t t t }i nX −=  

And for GFA, the position of a bacterium i is defined as 1, 2,...., 1{t t t }i nP −=  the particles in BFA and the traits in GFA are 

evaluated for the fitness function, which is defined as the between-class variance 2
Bσ  of the image-intensity distributions. These 

are shown in , respectively 
 

2

2

(X ) (X )

(P ) (P )

i B i

i B i

f

J

σ
σ

=

=
 

The goal of BFA is to find the position in the search space that satisfies  

2
1, 2 1

1 2 1

max
Xgbest (t t ..., t )

1 ... B n
nt t t S

σ −
−

=
≤ < < <

 

 
Similarly, the goal of GFA is to determine the position in the 
Search space that satisfies  
 

2
1, 2 1max

1 2 1

max
(t t ..., t )

1 ... B nJ
n

P
t t t S

σ −
−

=
≤ < < <

 

 
IV. NUMERICAL SIMULATION AND RESULTS 
 
Bio inspired algorithm based image thresholding algorithms proposed in this paper are validated through simulations in 
MATLAB on a computer having Intel I3 processor (2.4 GHz/4 MB L2 Cache) and 4 GB of memory. Simulation details and the 
results obtained are discussed here. The experiment for BFA is conducted first because it   has fewer parameters to choose, and 
there are some guidelines on how to choose them and GFA experiments are conducted with some parameters chosen on trial and 
error in order to achieve results that are closest to those of BFA. 
 
A.Image Thresholding for Autonomous    Deployment  
BFA and GFA are used to compute the optimal values of the thresholds by maximizing the between-class variance of the 
distribution of intensity levels in the given image. The parameters for BFA and GFA algorithms are chosen as follows: 
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BFA: 
1) Population = 20; 
2) Iterations = 10; 

3) Acceleration constants 1 2 2.0c c= =
 

4) Inertia weight is decreased linearly from the 0.9 in the first 
     Iteration to 0.4 in the last iteration; 

5) Limits on velocities: max 10v =
and min 10v = −

 

6) Limits on particle positions: min 0X = and max 255X =  

 
GFA: 
 
1) Number of traits in each individual= 2 
2) Upper limit of a trait HIGHTRAIT= [30 30] 
3) Lower limit of a trait LOWTRAIT= [0 0] 
4) Number of genes in each trait= 6 
5) Order of magnitude the trait= 2 
6) Probability of crossover   CROSS_PROB= 0.6 
 
Three case studies are conducted on the image map is taken comprises of land, water, homes as shown in Figure. This image has 
256 intensity levels. The results obtained in BFA and GFA search are compared.  
In autonomous deployment of WSN nodes, the image of the Terrain is taken from a downward pointing camera is segmented 
using a bio inspired algorithm [13]. The threshold information is used to decide if a node can be dropped at a location or not. For 
example, in the terrain that a threshold version of the image shows water and the vegetated zones as black pixels. Deployment is 
avoided in such zones [14]. Thirty trial runs of BFA and GFA based autonomous deployment are conducted on the terrain 
represented by the image. The objective here is to deploy the sensors on dry land and avoid sensor deployment in water. In each 
experiment, 40 nodes and eight beacons are deployed based on BFA and GFA based optimal thresholding.  
 

1) Case Study I : 
BFA and GFA are used to determine the optimal threshold level used to dichotomize the given image. The output of optimal 
thresholding of the lake image can be shown in Fig. 1. This can be seen from the figure that the dark circles are clearly visible in 
BFA while in GFA, it is little fade. In case study first, around 30 experiments are done by changing the no. of individuals in the 
case of GFA and   no. of swarms in the case of BFA and it is found that the fitness value from GFA is better than BFA for 
different individuals/swarms.10 experiments are shown in table no.1 and figure 2. 
 

    
 

(a)                                                                         (b) 

 



IJRIT International Journal of Research in Information Technology, Volume 2, Issue 5, May 2014, Pg: 14-25 
 

Shailendra Singh, IJRIT  23 

 
 (c) 

 
Fig. 1.  Results of BFA and GFA based colour image thresholding (grey levels are shown) 

(a) True color or RGB image of map 
  (b) BFA based 4 levels Thresholding. 

                                                                           (c) GFA based 4 level thresholding 
 

1) Case Study II : 
In the second case. About 30 experiments are performed and result is evaluated between the number of dusts or  number of 
iterations versus fitness function. The graph shows the fitness value for both GFA and BFA. As shown in figure 3. The BFA 
increase fast and becomes almost continuous after some iteration. This can be understand from the flock of birds, as one bird 
always be a leader in the flock and the leader is decided on the knowledge that which bird knows the place better and so on this 
pace changes so we get a good fitness value all the time While in the case of GFA it increases steeply with dusts  
 
It is quite obvious because it follows Darwin principle “survival for the fittest”. That means at every generation it eliminated the 
bad ones so after generation and generation we keep forward to the best value. 

 

Fig 1. Plot of number of individuals or number of iterations versus the fitness value
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Fig 2. Plot of number of swarms or number of dusts versus the fitness value 
 

Number of 
swarms/dusts 

Fitness value 

BFA GFA 
 20 4.442 4.584 
25 5.003 3.983 
30 5.068 3.983 
35 5.256 3.889 
 40 5.000 4.117 
45 4.889 4.017 
0 5.002 4.264 
55 4.783 4.389 
60 4.941 4.026 
65 4.888 4.292 
70 4.885 4.337 
75 4.759 4.338 

 
                                          TABLE I                          TABLE II  
SUMMARY OF RESULTS OF BFA  AND GFA SEARCH FOR                  SUMMARY OF RESULTS OF  BFA AND GFA SEARCH FOR   
OPTIMAL MULTILEVEL THRESHOLDING OF THE IMAGE                                   OPTIMAL MULTILEVEL THRESHOLDING OF THE IMAGE 

  
 

V. CONCLUSION AND FUTURE WORK 
 
Bio inspired algorithms BFA and GFA have been presented in this paper for segmentation of true color terrain images for 
autonomous deployment of WSN nodes from a modern   UAV this tasks is treated as multidimensional optimization Problems 
and solved using the bio inspired algorithms. The algorithms have been briefly outlined and a statistical summary of their results 
is presented Segmentation based autonomous deployment presented in the paper reduces the number of sensor nodes deployed in 
the terrains of no interest. The algorithms proposed for multilevel thresholding are observed to be accurate than the exhaustive 
search for optimal thresholds [15]. The results show that the proposed algorithms have a tradeoff issue. While BFA is more 
continuous but gives less fitness value, GFA gives better fitness value with no. of individuals so this algorithm should be used 
according to its application. If no. of individuals are more use GFA otherwise BFA. A judicial choice between the algorithms 
depends on the desired localization accuracy and the desired quickness of localization be easily investigated. In future, BFA and 

Number of iterations Fitness value 

BFA GFA 
 0 0 0 
5 1.24 1.99 
10 1.54 2.13 
15 1.56 3.24 
20 2.03 3.75 
25 2.74 3.20 
30 3.03 4.06 
35 3.36 4.24 
40 3.54 4.39 
45 3.71 4.34 
50 4.14 4.36 
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GFA can be applied for centralized localization in order to compare with the distributed localization method presented in this 
paper.  
 
Such a comparison with an emphasis on energy awareness is particularly very useful. Besides, a comparison of the stochastic 
localization methods with the available deterministic methods can give a useful insight. The analysis presented shows that 
localization errors propagate as iterations progress. The control of error propagation is a potential and important direction further 
study. 
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