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Abstract—Classiﬁcation of instances into different categories
in various real world applications suffer from inaccuracies due to
lack of representative training data, limitations of classiﬁcation
models, noise and outliers in the input data etc. In this paper we
propose a new post classiﬁcation label reﬁnement method for the
scenarios where data instances have an inherent ordering among
them that can be leveraged to correct inconsistencies in class labels. We show that by using the ordering constraint, more robust
algorithms can be developed than traditional methods. Moreover
in most applications where this ordering among instances exists,
it is not directly observed. The proposed approach simultaneously
estimates the latent ordering among instances and corrects the
class labels. We demonstrate the utility of the approach for the
application of monitoring the dynamics of lakes and reservoirs.
The proposed approach has been evaluated on synthetic datasets
with different noise structures and noise levels.

I.

a bipartite grouping of locations. However, bipartite groupings
are noisy due to classiﬁcation inaccuracies. Figure 1 shows a
real world example. Figure 1a and 1c show false color composite images of lake Abbe in Brazil at two different timesteps.
Figure 1b and 1d show the corresponding classiﬁcation maps.
We can see that both maps have classiﬁcation errors; hence,
there is a need for methods that can exploit some additional
information to improve classiﬁcation performance of these
maps.

(a)

I NTRODUCTION

In many real world applications, data instances are categorized into binary classes. For example: pass/fail result of a
medical test for a certain disease on patients, correct/incorrect
answer to a question by students, land/water class type of pixels in the remote sensing image of a region on earth. Moreover,
this binary information about the instances can also be collected from multiple sources. For example: multiple pass/fail
medical tests for a certain disease on patients, correct/incorrect
answer to a set of questions by students, land/water label of
pixels from various snapshots of the region taken at different
points of time. Due to various data characteristics and classiﬁcation model limitations these binary class labels are often
imperfect. Different post classiﬁcation reﬁnement methods
have been proposed to improve the accuracy of these labels
[1], [2]. Post classiﬁcation reﬁnement methods take these noisy
labels as input and aim to improve the accuracy of the labels by
making certain assumptions about the application at hand and
related data characteristics. In this paper, we present a novel
approach for improving label accuracy in scenarios where the
instances have a total ordering on them; i.e., if an instance
is positive then all instances with ranking higher than that
instance will also be positive. If such an ordering is available,
it can be used very effectively to correct errors in the labels.
However, such an ordering is often not available. In this paper,
we present an approach that can effectively correct labels
even when the ordering is hidden/unknown. We speciﬁcally
demonstrate the utility of the approach for the application of
monitoring dynamics of lakes and reservoirs from remotely
sensed images [3], [4].

(c)

(d)

Fig. 1: False Color Composites and Classiﬁcation maps on two
timesteps for lake Abbe in Brazil. a) FCC of Jul 1, 2003. b)
Classiﬁcation map of Jul 1, 2003. c) FCC of Aug 10, 2008. d)
Classiﬁcation map of Aug 10, 2008

In this paper, we propose to use the ordering information through elevation for effective correction of class labels.
Elevation of a geographical location on earth is its height
above a certain ﬁxed point (eg. elevation above sea level).
Earth’s surface is highly uneven and has various bowl shaped
depressions called basins. Water bodies are formed when water
ﬁlls these basins. Hence, locations inside and around the water
have varying elevation.
This elevation information of locations introduces an inherent ordering in the locations. This ordering constraint
determines how a water body grows or shrinks. The key idea
is; if a location is ﬁlled with water, then by laws of physics
all the locations in that basin with a lower elevation than the
location should also be ﬁlled with water. This constraint has
been explained in more detail in section III-B. Thus, if we have
elevation information then we can detect inconsistent class
labels that do not adhere to this physical constraint. Similarly,
if we are given perfect class labels, i.e., they perfectly agree
to the physics constraint then the growing and shrinking of a
lake across various snapshots can be used to extract correct
elevation ordering. In other words, by combining information
from multiple pure bipartite groupings on instances, instances
can be ordered according to their elevation.

We are considering the setting in which individual snapshots of the region have been independently classiﬁed with
pixels belonging to either land or water class, and hence creates
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(b)

Unfortunately, in our setting we are given imperfect class
labels (noisy bipartite groupings) and elevation information is
also not available. Therefore, we need a way to obtain a good
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estimate of elevation (ordering) information from the noisy
bipartite groupings coming from different snapshots, so that
the estimated ordering can be subsequently used to improve
the accuracy of class labels.

correct them by making certain assumptions about the application at hand [5], [1], [6], [7], [2]. These methods tend to
perform poorly if the noise in class labels is spatio-temporally
auto-correlated, which is the case in our application.

In this paper, without loss of generality we assume that
higher elevation location appear earlier in the ordering than
a lower elevation location. Hence, a shallow location will
appear earlier in the ordering through elevation than a deeper
location. Under this notation, each pure bipartite grouping can
be considered as coarse ordering information where all land
pixels appear before all water pixels in the ordering.

A key element of the proposed approach is to estimate
the inherent elevation ordering for correction of inconsistent
labels. The problem of obtaining a global ordering of instances
by aggregating partial information about the instances has
been explored in various areas such as sports, collaborative
ﬁltering, meta search and database middle-ware. Various rank
aggregation methods have been proposed that aggregate partial
information that is available in different forms. There are three
major forms of partial information that has been studied in the
literature. Partial information can be available in the form of
pairwise preference relations [8], rankings on different subsets
of instances [9], or as top-k lists from various sources [10]. In
our setting, the partial information is available in a new form
where bipartite grouping from various sources (snapshots) is
available. To the best of our knowledge, this form of partial
information has not been studied before in the rank aggregation
literature. This bipartite information on instances can also
be represented as a set of pairwise preference information
between instances. In other words, this form of preference
information can be considered as a special case of pairwise
preference information from different sources. Hence, methods
that use pairwise preference relationships can be potentially
used to estimate total ordering [11], [8], [9], [12], [13], [14].
The key difference between the proposed method and these
methods is that they do not exploit the extra higher level
information that instances have a bipartite grouping in them as
well. Bipartite ranking algorithms [15] are also related to this
type of information but they work in a supervised setting and
also require access to feature space of instances as they learn
a ranking/scoring function on the feature space. But in our
setting, both feature space and training data is not available.

The approach proposed in this paper is more general and
can be effectively used for any application that has following
characteristics 1. There exists a bipartite grouping of instances and these
groupings are available from multiple sources of similar category. For instance, different snapshots of the same region on
earth.
2. The bipartite grouping varies between sources due to different characteristics of the sources. For instance, varying extent
of a lake across different snapshots.
3. There exists an inherent ordering among instances that can
be utilized to detect and subsequently correct the inconsistencies in labels. For instance, the ordering through elevation.
An illustrative example of another application, consider a
set of 50 students (instances) taking a chemistry test of 100
questions (sources). Each question has binary (1/0) grading,
so each question creates a bipartite grouping of students.
The groupings are noisy because some students might have
answered a question correctly by chance. The groupings vary
across questions because questions are of different difﬁculty
level. If we assume that there exists an ordering among
students based on their overall knowledge of chemistry that
determines their ability to answer questions, then for any given
question it can be estimated which students have answered it
correctly by chance based on how students with higher rank
have performed on that question. For instance, let’s say for a
given question, only the top 10 students and the 30th ranking
student answered it right. Because of this available ranking
information it can be said that the 30th ranking student might
have answered this question correctly by chance because the
other 19 students, who had better skills than the 30th ranking
student, were not able to answer the question. Again, in this
scenario as well, bipartite groupings are noisy and the inherent
ranking of students is not available.

III.

Now we describe the proposed approach with respect to
the application of lake extent monitoring. From here on, the
terms snapshot and timestep will be used interchangeably.
A. Input
We are given classiﬁcation maps of a region across multiple
time steps. The matrix AR×C×T represents the input data
in the 3-dimensional form where Ai,j,t ∈ {0, 1} represents
the class label (0 means land, 1 means water) of a pixel at
location (i, j) on the grid at time t. Alternatively, matrix A
can be represented as a 2-dimensional matrix DN ×T where
N is the total number of locations (R ∗ C) and Dl,t is the
class label of pixel at location index l at time t. From here
on, the cells of the grid will be referred to as locations and a
(location, timestep) pair deﬁnes a pixel. Each row of matrix D
represents the temporal sequence of class labels of a location.
Since each time step is a binary classiﬁcation map with noise,
each column of D represents a noisy bipartite grouping of the
given N instances. Figure 2 shows an illustrative example of
these two data representations. For the proposed approach, we
will be using the 2-dimensional data representation. Given this
input, our aim is to detect and correct inconsistently/incorrectly
labelled pixels.

Given that both pure bipartite groupings and inherent
ordering are unknown; in this paper we propose an approach
which uses an EM like framework which iterates between
estimating inherent ordering from noisy labels and correct
labels from the estimated ordering. Speciﬁcally, we model
the step of estimating total ordering from individual bipartite
grouping as a rank aggregation problem. Due to the absence
of ground truth, different algorithms have been compared on
various synthetic datasets.
II.

P ROPOSED APPROACH

R ELATED W ORK

Various post classiﬁcation label reﬁnement methods have
been proposed in remote sensing literature which aim to detect
inconsistencies in class label assignments and subsequently
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ordering, that value of θt will be selected which leads to
least amount of estimated incorrectly labelled locations on that
timestep. In order words, that value of θt will be chosen which
best describes the given bipartite grouping on that timestep.
Mathematically, θˆt is estimated as θˆt = arg max Acc(k, t, π)

(1)

k∈[0,N ]

Acc(k, t, π) =

k

i=0

(Dnπ (i, t) == 1)+

N


(Dnπ (i, t) == 0)

i=k+1

Fig. 2: Illustrative example of 3-D and 2-D representation of the data

(2)

The ﬁrst term in equation 2 measures the agreement
of estimated water partition with the noisy water partition, and the second term measures the agreement of
the estimated land partition with the noisy land partition.
Note that maximum likelihood estimate of θˆt is
applicable only when the
majority of the labels are
correct. In other words,
if the majority of the labels are wrong then no
method has any hope of
Fig. 3: θˆt estimation example
correcting the errors. Figure 3 shows an illustrative example demonstrating estimation
of θˆt . For the given example, k = 3 leads to maximum
agreement with the noisy input partition with Acc value of
6.

B. Physical Constraint through Elevation
In this paper, we propose to use elevation constraint to
improve the accuracy of labels. Locations have an inherent
ordering based on their elevation. Speciﬁcally, if a location l
is ﬁlled with water then all locations that are deeper (lower
elevation) than location l should also be ﬁlled with water.
Given this constraint through ordering, imperfect labels can
be estimated and subsequently corrected. Figure 4a shows a
noisy synthetic input matrix Dn with N = 100 locations
and T = 200 timesteps. Blue represents water pixels and
green represents land pixels. Each column (timestep) of Dn
exhibits an impure pure bipartite grouping. Each row of input
matrix Dn represents a temporal sequence of class labels for
a location. Figure 4b shows the matrix Dnπ that is obtained by
ordering locations in Dn in increasing order of their elevation.
Bottom of the matrix represents lowest elevation and top of the
matrix represents highest elevation. This ordering information
through elevation is referred to as π. We can see that elevation
based ordering has reasonably partitioned water and land labels
for different timesteps. We can also see the varying nature of
bipartite relationships which corresponds to the growing and
shrinking of a water body. However, there are some location
pairs that are showing physically inconsistent behaviour in
some timesteps. For instance, in timestep t a lower elevation
(deeper) location k has been labeled as land where a higher
elevation (shallow) location i has been labeled as water.
Hence, using the elevation ordering these inconsistencies can
be detected. However, an issue here is that we still have no idea
whether the inconsistency is due to location i being incorrectly
labeled as water or location k being incorrectly labeled as land.

(a) Noisy Input Ma- (b) Ordered Noisy (c) Partition Matrix
trix Dn
Matrix Dnπ
Pnπ,θ̂
Fig. 4: Synthetic data demonstrating utility of elevation constraint for
label correction

Figure 4c shows the matrix P π,θ̂ that represents estimated
bipartite groupings using equation 1 on Dnπ . Yellow markers on
each timestep mark the partition boundary for which estimated
partitions showed maximum agreement with noisy partitions.
Hence, by deﬁnition, for any given timestep locations below
yellow markers are labelled as water and locations above the
marker are labelled as land. Now, given matrix P π,θ̂ , we can
resolve the ambiguity mentioned in the end of section III-B.
Speciﬁcally, from P π,θ̂ we can say that in Dnπ on timestep t,
location i was incorrectly marked as water and not location k.

C. Estimation of Correct Labels from Elevation
If elevation ordering (π) and size of one partition in
bipartite grouping of a timestep t (henceforth referred as θt )
are available, then inconsistent labels can be estimated and
corrected for that timestep. Without the loss of generality, we
consider the partition that contains water pixels. For instance,
θt = k would mean that for timestep t, bottom k locations in
π are ﬁlled with water. This would automatically mean that
for timestep t, top N − θt locations in π are land where N is
the total number of locations.

D. Estimation of Elevation from Perfect labels
In the previous section, we described how accurate elevation information can be used to estimate correct labels.
Similarly, accurate class labels (bipartite groupings) can also
be used to estimate inherent elevation information. Physically
consistent variation in class labels due to dynamics in water

Unfortunately, in our application θt is a latent variable
and has to be estimated as well because the data (bipartite
groupings) is noisy. Here, the maximum likelihood interpretation of θt has been considered. Speciﬁcally for a given
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the approximate ordering. Next, we describe the proposed
approach (henceforth referred to as Proﬁle Matching) that
uses an EM like framework that iteratively improves quality
of approximate ordering with respect to the above objective
function.

body can be used as a proxy to estimate order. Speciﬁcally,
over any given time period a deeper location will be labeled
as water more frequently than a shallow location. This is due
to the physics described in section III-B above. Whenever
a shallow location is water then the deeper location will
strictly be water. But if a deeper location is water then the
shallow location may or may not be water depending on the
current extent of the water body. Mathematically, elevation of
a location is directly proportional to number of time steps in
which the location is labeled as water. Speciﬁcally, we deﬁne
the this relationship as EEl = T −

T


(Dp (l, t) == 1)

F. Proposed Approach: Proﬁle Matching (PM)
As explained in section III-C, if an ordering (π) is available, water levels (θˆt ) and subsequently correct labels can be
estimated for each time step. On the other hand if correct
labels are available (section III-D) then elevation information
can be accurately estimated. Proﬁle Matching iterates between
estimating water levels from a given ordering and estimating
new ordering from the water levels such that new ordering
has improved value of the objective function than the previous
ordering. The two steps are explained below -

(3)

t=1

where,
EEl is the estimated elevation of the location l,
T is the number of time steps,

1) Estimating Water Levels from Ordering: This step is
very similar to the step explained in section III-C. The only
difference is that here we consider the current estimate of
ordering (π̂) instead of true ordering (π) because it is not
available to us. To initialize the process, any random ordering
can be provided (π̂ 0 ). So, water levels at iteration i are
calculated as (5)
θˆi = arg max Acc(k, t, π̂ i−1 )

E. Estimation of Elevation from Noisy Labels
Till now, we assumed that either accurate elevation information is available or accurate labels are available. But in
our application setting, labels are noisy and even elevation
information is not available. EE will only be an approximation
of the true hidden elevation information under a noisy labels
scenario. In later sections we will show that this a poor
approximation of the elevation information.

t

2) Estimating ordering from water levels: This is the
key step of the approach. First, we describe notion of location proﬁles and elevation proﬁles. As mentioned in section
III-B, location proﬁle is basically the temporal sequence of
class labels of the given location. Now, consider the matrix shown in 4c. As mentioned earlier Pnθ,π is obtained
with respect to a given ordering. This matrix can also be
viewed from a different perspective. Each column (timestep)
of Pnθ,π represents the estimated bipartite partition for the
given column (timestep). On the other hand, each row of
Pnθ,π represents the ideal temporal sequence of labels for that
row (elevation). To re-emphasize, ith row of Pnθ,π represents
the ideal label sequence of ith ranking elevation for the
given ordering π. Note that we are distinguishing between
location and its elevation. We ideally want a location to be
assigned to an elevation such that the location’s proﬁle and
the corresponding elevation’s proﬁle has maximum agreement.
For instance, in
ﬁgure 5, location f
has 6 mismatches
with
the
5th
ranking elevation’s
proﬁle but it has
0
mismatches
i−1 ˆi
(a) Dn
with 1st ranking
(b) Pnπ̂ ,θ
elevation’s proﬁle.
Fig. 5: Assignment operation example
Hence, it makes
sense to assign
the location f to elevation 1 rather than elevation 5. This
transformation of ordering process to the assignment process
is the key aspect of the approach. To summarize, we would
assign each location to an elevation with which it has
maximum agreement. If there are multiple elevations for
which a location is showing maximum agreement, then ties

Therefore, we need a better way to aggregate these noisy
bipartite groupings so that a better approximation of inherent
ordering (henceforth referred to as π̂) can be made which will
subsequently lead to better label correction capability. Here,
we deﬁne the objective function that will guide the search for
the better approximation of the true ordering. Mathematically,
it is deﬁned as arg max
π̂

T


Acc(θˆt , t, π̂)

k∈[0,N ]

(4)

t=0

As mentioned before, Acc is calculated with respect to a
given ordering and for a timestep. It measures the agreement
between the estimated bipartite grouping and input bipartite
grouping. So the above objective function would prefer the ordering that leads to overall better agreement between estimated
and input bipartite groupings. In other words, we would prefer
an ordering that overall describes the data well. This objective
function extends the maximum likelihood interpretation from
a single timestep to the whole data. This objective function
is very similar to a well known objective function deﬁned
as Kemeny optimal aggregation in [16] for ﬁnding a global
ordering that maximally agrees with input rankings on subset
of instances coming from multiple sources. Kemeny optimal aggregations satisfy extended Condercet Criterion which
makes them suitable for detecting outliers or inconsistencies in
partial rankings [9]. As explained in section III-D, if elevation
is given then θ̂ can be estimated but here elevation is also
a variable. Hence, in the above function there are two latent
variables, θ̂ and π̂.
Now, to obtain an ordering that best ﬁts the given data or
maximizes the above objective function is a NP-Hard problem.
Hence, we would need different heuristic solutions to estimate
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can be broken arbitrarily. Similarly, multiple locations can
be associated to a single elevation. Since elevation proﬁles
are already elevation ordered by deﬁnition, this assignment
process produces partial ordering where instances associated
with a higher ranked elevation proﬁle will be ranked higher
than instances associated with lower ranked elevation proﬁle.
Now to break ties within locations that are assigned to same
elevation, we rank them according to their EE rank as there
is no other information available for those locations. This
gives a new complete ordering of instances.

are then introduced in the ground truth extents, in varying
amounts, to create the noisy datasets that will be provided as
input to different algorithms for correction.
Location speciﬁc noise is a special case of spatio-temporal
auto-correlated noise where the noise is concentrated in few
locations. In the application of water monitoring, it happens
sometimes that there are some locations that are more noisy
that others due to various reasons. So, this noise structure
aims to capture that phenomenon.

The algorithm iterates between these two steps until there
is no further increase in the value of the objective function.
IV.

A. Results
Impact of Noise: The performance of the algorithms
depend on the type of noise structure present in the data as
well as the amount of noise in the data. Tables I to V show the
error rate of different algorithms for different noise structures.
The ﬁrst column of each table reports the amount of noise
introduced.

R ESULTS AND D ISCUSSION

Next, we describe different algorithms, synthetic datasets
and evaluation measures used for comparative analysis. All the
codes and synthetic datasets are available at [17].
Traditional spatial majority ﬁlter (abbreviated as SS)
of window size of 5 pixels and temporal majority ﬁlter
(TS) of temporal window length of 5 timesteps have been
implemented to demonstrate that noise is complex enough
that it cannot be removed by trivial majority ﬁlters. In
order to compare the proposed approach with other ranking
based algorithms, two preference based algorithms have been
implemented.

1%
5%
10 %
20 %
40 %

SS
1.86
2.04
2.30
3.14
17.32

TS
0.53
1.73
3.63
9.89
34.19

BC
0.57
1.62
2.60
4.69
15.85

PB
0.56
1.61
2.58
4.66
15.60

PM
0.05
0.24
0.60
1.86
14.54

TABLE I: Random Noise
1%
5%
10 %
20 %
40 %

Borda Count (BC): Borda Count is a known rank aggregation method mostly used for aggregating votes in an
election from a set of voters for a given set of candidates
[18]. However, in our application, we do not have total ranking
on candidates (locations) from different voters (timesteps) but
bipartite information can be converted into score information.
Speciﬁcally, for a given timestep all water pixels have the same
rank and all land pixels have the same rank but a land pixel
is ranked higher than all water pixels. Hence, each land pixel
gets a score which is equal to the number of water pixels in
that timestep. Similarly, each water pixel in that timestep gets
a score of 0. In this way total score over all timestep can be
calculated and hence can be used for ordering. Also, Borda
Count for bipartite groupings turns out to be same as EE
explained in section III-D.
Preference Based Ordering (PB): This method uses preference relationship graph to calculate the total ordering among
locations [8].

SS
1.85
2.02
2.25
2.97
20.25

TS
1.27
5.36
10.46
20.69
41.21

BC
0.95
4.02
6.75
11.85
35.70

PB
0.94
4.01
6.74
11.79
35.56

PM
0.07
0.50
1.41
5.88
32.39

TABLE III: Temporal Noise
1%
5%
10 %
20 %
40 %

SS
2.66
5.56
9.61
18.74
39.56

TS
0.89
3.37
6.75
14.91
35.57

BC
0.60
2.78
5.26
8.98
26.14

PB
0.59
2.73
5.26
8.97
26.08

PM
0.08
0.38
0.89
3.41
22.97

TABLE V: Location Speciﬁc Noise

1%
5%
10 %
20 %
40 %

SS
2.51
5.38
9.32
18.22
39.21

TS
0.51
1.43
3.06
8.51
29.52

BC
0.54
1.54
2.43
4.20
16.07

PB
0.54
1.54
2.41
4.14
16.11

PM
0.03
0.16
0.34
1.09
14.73

TABLE II: Spatial Noise
1%
5%
10 %
20 %
40 %

SS
2.53
5.43
9.25
18.01
38.82

TS
0.73
3.02
6.17
13.87
34.60

BC
0.79
2.53
4.13
6.82
20.78

PB
0.78
2.56
4.10
6.77
20.92

TABLE
IV:
temporal Noise
RN
SN
TN
STN
LN

SS
3.14
18.36
2.99
18.11
19.08

TS
9.90
8.61
20.70
14.27
15.08

BC
4.75
4.04
11.77
6.76
8.74

PM
0.04
0.25
0.48
1.47
19.40

SpatioPB
4.70
3.97
11.70
6.78
8.79

2.04
1.17
6.56
1.24
4.10

PM
±0.11
±0.12
±0.37
±0.11
±0.19

TABLE VI: Impact of initial
start on PM

Both of the above ranking based methods returns total
order on locations. Once the ranking is obtained, the labels are
corrected by using the strategy described in section III-C. To
compare the performance of different algorithms, classiﬁcation
error has been used as the evaluation metric.

Summarizing above results, performance of TS and SS
across different noise structures demonstrate the non trivial
nature of noise. Ordering based methods perform signiﬁcantly
better than traditional majority ﬁlters. PM shows very good
and robust performance across different noise structures and
at different noise levels. Total ordering based methods are
relatively more sensitive to temporal noise than spatial noise.
The performance of BC and PB is very similar because in PB
the difference of weights of incoming and outgoing edges in a
location [8] are loosely related to the amount of water in the
location. Hence both BC and PB have similar characteristics
as that of EE deﬁned in section III-D.

Next, we describe synthetic data generation process. First,
the extent for different timesteps are created such that the
dynamics in the lake is physically consistent; i.e., the synthetic
water body grows and shrinks according to the predeﬁned
inherent ordering of locations. This set of extent maps are the
ideal maps that we intend to recover after label correction.
Hence, they will be used as ground truth to compare the
performance of various algorithms. Five different types of
noise structure, namely random noise, spatial noise, temporal noise, spatio-temporal noise and location speciﬁc noise

Impact of Initial Ordering on PM: Here, we considered
datasets with all 3 different types of noise structures with a
noise amount of 20%. Table VI shows the mean error rate and
standard deviation in error rate when PM was run 100 times;
each time with a different random initial ordering for the same
given input dataset. The other columns show the error values
of other algorithms on the same dataset. As we can see, PM
still has better mean error values than other algorithms while
having very low standard deviation values. This shows that the
algorithm is very robust to the choice of initial ordering.
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Importance of Iterations in PM: In this experiment, we analyze the convergence properties of PM.
Figure 6 show the percentage improvement in consistency for different datasets with different noise levels.
Percentage improvement
102
is calculated with re101
spect to the total improve100
ment achieved by the al99
NP = 1 %
98
gorithm from the initial
NP = 5 %
NP = 10 %
97
consistency to the conNP = 20 %
96
sistency in the ﬁnal it95
eration. From ﬁgure 6,
94
93
we can say that for all
92
datasets, the ﬁrst itera1
2
3
4
5
6
Iteration
tion itself contributes the
maximum to the overFig. 6: Percentage Improvement
with iterations
all improvement. However, other remaining iterations do add some improvement in
the consistency. Hence, it can be said that there is merit in
performing the iterative procedure as it converges quickly and
helps in improving consistency.

VI.

% Improvement in Consistency
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