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Abstract
In general, all kind of industrial health care robots solving problems by searching constraints. In these searches
the structure of each state was not considered – just whether or not it was a goal state. To look at a class of
problems called constraint satisfaction problems (CSP). In CSPs the goal or goals are stated implicitly, by
defining constraints on the allowable structure of the state. A constraint is a limitation on what type of solution it
will allow. In this research paper focus mainly “how to formulate CSPs”. There are two alternative
formulations: incremental and complete-state. Depending on which formulation to use, it leads to a different
algorithm for solving the CSP. It covers two major techniques: backtracking search and local search for CSPs to
be discuss in this paper.
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Introduction
Recall that until now formulated problems by
stating four things:
 Initial state
 Actions (successor function)
 Goal test
 Path cost
It does not so far made any restrictions on
allowable solutions, apart from an explicit goal test.
The states of such problems can be thought of as
being data structures. For example, in the n-queens
problem each state could be an array of integers,
indicating the position of the queen on each column
of the board. In a CSP, the problem is formulated
by stating:
 States defined by a set of variables Xj, each
of which can take values from a domain Dj

Author for Correspondence:
M Abubacker Siddiq
Email: mdsirajudeen1@gmail.com

 A goal test consisting of a set of constraints
specifying allowable combinations of values
for subsets of Xj
In effect, limited the domain of each variable
specifies a form of constraint on the allowable
states. Also, the goal test defines more constraints,
limiting the possible combinations of values of the
variables.
It turns out that a whole class of problems can be
expressed in this way, allowing us to use some
powerful general-purpose algorithms for all of the
class of problems: let us consider an example of
Map-Colouring. As an example will consider the
map-colouring problem. This is a famous example
in AI and is often used to illustrate CSPs. Suppose
to have a map of a country, like the map of
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Australia shown in Figure 1. The country is divided
into a number of regions. The problem is how it
can colour each region of the country using a

limited number of colours so that no two adjacent
regions have the same colour.

Fig. 01: A map showing the regions of Australia
It expresses this problem as a CSP as follows. First
to define 7 variables, one for each region on the
map. It will call these WA, NT, SA, Q, NSW, V, and
T, after the initial letters of the region names.1 The
domains of each of these variables are defined to be
{red, green, blue}. In additions, it specify the
constraints that adjacent regions must have
different colours.2,3 It can specify this for the
regions WA and NT by stating WA ≠ NT, or
alternatively:
(WA, NT) in {(red, green), (red,blue), (green,blue),
(green,red), (blue,red), (blue,green)}.
To specify the constraints for other neighbouring
regions in a similar way. Now it need to find a
solution that satisfies all of the stated constraints.4
Here to introduce two pieces of important
terminology:
 Complete: a complete state is one in which all
variables have been assigned a value
 Consistent: a consistent state is one that does
not violate any of the specified constraints
A solution to a CSP is a complete and consistent
assignment of values to variables.

Related work
Another way of visualising CSPs is by using a
constraint graph. Fig. 02 shows the constraint
graph for the Australia map-colouring problem. In
this graph each node represents a variable in the
CSP, whilst each arc represents a constraint.5,6 In
this constraint graph each constraint links only two

variables. Therefore it refers to this problem as a
binary CSP.

Fig. 02: A constraint graph of the mapcolouring problem for Australia
It is possible to categorise CSPs based on the type
of variable they use and on the size of their
domains:
 Discrete CSPs: In a discrete CSP the variables
take on discrete values. There are two types of
discrete CSP:
o Finite domain: If a discrete variable has a
finite domain it means can take on a
limited number of discrete values. For
example, the {red, green, blue} domain
in the map-colouring problem was a
finite domain.
o Infinite domain: Some discrete variables
can have infinite domains. For example,
integer values are discrete (e.g. there is
no integer between 1 and 2), but there
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are infinitely many integers. Strings are
also infinite domain discrete variables.
 Continuous CSPs: In a continuous CSP
variables can take one from a continuous
range of values. For example, real numbers
are continuous.
The type of variable determines how difficult the
problem is to solve. Finite domain discrete
variables are the easiest type: if it has n variables
and a domain size of d, then there are only dn
complete assignments. If the domains are infinite
or the variables continuous,7,8 then cannot
enumerate all allowable values for the variables. In
these cases a special constraint language is
required to specify the constraints.9,10 This is
beyond the scope of this course.
It also categorize CSPs based on the type of their
constraints. There are three types of constraint it
can have:
 Unary constraints (e.g. SA ≠ green)
 Binary constraints (e.g. (SA ≠ WA)
 Higher-order constraints (involve 3 or more
variables)
The more variables that are involved in a
constraint, the harder the problem is to solve.
Problems with higher-order constraints are the
hardest class of problems.
In an incremental formulation of CSPs the initial
state has no variables assigned. The successor
function assigns a (consistent) value to one
unassigned variable. It never enter inconsistent
states in principle only need to make n assignments
for n variables. In a complete-state formulation for
CSPs the initial state is complete, i.e. it has values
assigned for all variables. However, it will almost
certainly not be consistent.11,12 The successor
function modifies one variable to try to reduce the
number of conflicts being violated.

Observations
The search technique that it uses for CSPs depends
on what formulation it use:
 Incremental formulation → Backtracking
search
 Complete-state formulation → Local search
A. Backtracking Search
Tree search algorithms are common for solving
incremental formulation of CSPs. It must assign a
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value to one variable at each node of our search
tree. However, there is a potential problem with
computational complexity here. If it has “n”
variables and d possible values for each variable,
then the branching factor of the search tree is nd.
For the Australia map-colouring example this is
equal to 7*3=21, but for more complex problems
the branching factor can become prohibitively
large. How can it reduce this branching factor? The
answer is that take advantage of the commutatively
of variable assignments. Commutatively simply
means that the order of operations does not matter.
For example, the result of applying the operation
WA=red followed by SA=green is the same as the
result of applying SA=green followed by WA=red.
Therefore it can reduce the branching factor by just
selecting one variable assignment to perform at
each tree level. If to do this the branching factor is
only d instead of nd.
The most common technique for solving
incremental formulations of CSPs is known as
backtracking search. Backtracking search is
basically a depth-first search with a single variable
assigned at each level of the tree. If no legal
assignments are possible then it backtrack to try
other branches of the tree. This simple algorithm
can achieve impressive results: for example, the
25-queens problem can be solved in a reasonable
amount of time. However, it can improve the
efficiency of the search by introducing a number of
simple heuristics.
In the description of backtracking search, it did not
address the following questions:
 Which variable to pick at each level?
 In what order should it consider child nodes?
 What are implications of current assignment
for other unassigned variables?
It turns out that these factors all have a big
influence on the efficiency of backtracking search,
and by making the right choices of variable/value it
can make dramatic improvements in efficiency.
The rules can be summarized as follows:
 When choosing which variable to assign at
each level, always choose the most
constrained variable (the one with fewest
remaining legal values). This is known as the
MRV (Minimum Remaining Values) heuristic.
 If the MRV values are equal, use the Most
Constraining Variable heuristic as a tie-
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breaker. This means that it should choose the
variable with the most constraints on
remaining unassigned variables.
 When choosing an order to try to different
values for each variable, always choose the
Least Constraining Value first. This means
that it should try the value that rules out the
fewest values in the remaining unassigned
variables.
As an example, let us consider the problem of
colouring the map of Ethiopia shown in Fig. 3. Try
drawing the map out for yourself and stepping
through this example to make sure you understand
how the algorithm works.
Step 1:
o Minimum Remaining Values: all equal
o Most Constraining Variable: Oromia=6
o Least Constraining Value: equal
o Therefore Oromia=Red
Step 2:
o Minimum Remaining Values: any apart
from Tigray=2
o Most Constraining Variable:
Amhara/Afar=3 (choose Amhara)
o Least Constraining Value:equal
o Therefore Amhara=Green
Step 3:
o Minimum Remaining Values:
Afar/Benshangul=1
o Most Constraining Variable: Afar=2
o Least Constraining Value: only 1 value
possible
o Therefore Afar=Blue

Step 4:
o Minimum Remaining Values:
Tigray/Benshangul/Somali=1
o Most Constraining Variable: Benshangul=1
o Least Constraining Value: only 1 value
possible
o Therefore Benshangul=Blue
Step 5:
o Minimum Remaining Values:
Tigray/Somali/Gambella=1
o Most Constraining Variable: Gambella=1
o Least Constraining Value: only 1 value
possible
o Therefore Gambella=Green
Step 6:
o Minimum Remaining Values:
Tigray/Somali/Southern=1
o Most Constraining Variable: all zero
(choose Tigray)
o Least Constraining Value: only 1 value
possible
o Therefore Tigray=Red
Step 7:
o Minimum Remaining Values:
Somali/Southern
o Most Constraining Variable: all zero
(choose Southern)
o Least Constraining Value: only 1 value
possible
o Therefore Southern=Blue
Step 8:
o Minimum Remaining Values: Somali
o Most Constraining Variable: n/a
o Least Constraining Value: only 1 value
possible
o Therefore Somali=Green

Fig. 03: A map of Ethiopia

www.ijphr.com

M Abubacker Siddiq. et al., Int. J. Pharm. & H. Care Res., Vol.–03 (03) 2015 [94 - 99]

It can see that in this case the algorithm did not
have to backtrack at all, instead going straight
towards a valid solution.
Remember that this algorithm can be applied to any
problem, so long as it can be formulated as a
constraint satisfaction problem. For example, it can
express the n-queens problem in the same way. In
this case, the variables will be the locations of each
queen: each queen is on one column only, so for n
queens it needs n variables to specify the row
number for each queen. The constraints will be that
the queens should not be attacking each other. In
fact, these simple heuristics can lead to dramatic
improvements over the standard backtracking
search. Whereas the 25-queens problem is solvable
by the standard algorithm, with the addition of
these heuristics, the 1000-queens problem is
solvable.
B. Local Search
In a complete-state formulation it start with a
complete (but not consistent) assignment of values
to variables, and make modifications to values to
try to achieve consistency. For a complete-state
formulation of a CSP, it is common to use a local
search technique. The algorithm can be
summarised as follows:
 Make a random assignment of values to
variables
 Loop until it reach a solution:
o Pick a random conflicted variable (i.e. one
that is violating a constraint)
o Use the min-conflicts heuristic to choose
new value
The min-conflicts heuristic simply states that it
choose the value that will violate the fewest
constraints. It can see this as a slightly modified
version of hill-climbing: it always move to the state
that will minimise the number of conflicts.
As an example, consider the Ethiopia mapcolouring problem. Suppose it start off with the
following random assignment of colours to regions:
 Tigray: green
 Amhara: green
 Afar: blue
 Benshangul: blue
 Gambella: green
 Oromia: blue
 Southern: red
 Somali: green
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Now it follow the algorithm and choose random
conflicted variables as follows:
Step 1:
o Tigray, Amhara, Afar, Oromia, Benshangul
are all conflicting
o Randomly choose Oromia
o Current value=blue (2 conflicts); if it change
to green there will be 2 conflicts; if it
change to red there will be 1 conflict
o Therefore change Oromia to red
Step 2:
o Tigray, Amhara, Oromia, Southern are all
conflicting
o Randomly choose Southern
o Current value=red (1 conflict); if it change
to green there will be 1 conflict; if it change
to blue there will be 0 conflicts
o Therefore change Southern to blue
Step 3:
o Tigray, Amhara are conflicting
o Randomly choose Tigray
o Current value=green (1 conflict); if it
change to blue there will be 1 conflict; if it
change to red there will be 0 conflicts
o Therefore change Tigray to red
Step through this example to make sure you
understand it. As you can see it reached a solution
in 3 steps. Generally, local search with minconflicts can be very effective. Using this technique
it becomes possible to solve the 1 million-queens
problem. This algorithm has also been used to
schedule observations on the Hubble Space
Telescope.

Conclusion and future work
The above analytical survey makes a clear road
map of the research avenue of industrial research in
the field of robotics in all applications in the basis
of constraints based solution. It creates awareness
among the researchers to make an effective and
efficient problem solving techniques in the robots
architectural design and implementation.
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