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ABSTRACT

Approximate nearest neighbour (ANN) search has been favourable for large-scale information retrieval in
the recent past, and many hashing techniques for ANN have been proposed for retrieval of data in a large
database, given a query. Hashing based indexing techniques are being mostly favoured for similarity search
from huge database because of its efficiency in retrieval accuracy and low memory requirements. The long
code length of randomised hashing based indexing techniques gives good precision but required more
computational cost and high memory cost. DSH uses K-means algorithm to partition n data points into k
groups for quantisation of data. This paper addresses the problem of long hash codes, computational cost,
long convergent time and high memory requirements to achieve efficient similarity searching. Experiment
was setup and Geo-SPEBH was evaluated on SIFT 1B based on MAP, precision-recall metrics and Geo-
SPEBH outperformed the state-of-the-art techniques.
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1 INTRODUCTION

The rapid advances of communication devices such
as smartphones used in a variety of applications [1],
coupled with the affordability and availability of
broadband internet [2], provides an easy collection
of digital information in form of structured and
unstructured [3] data, has contributed to accruing of
huge amount of data or big data. These large-scale
databases give a big problem in terms of scalability,
and needed to be indexed for efficient retrieval and
management of data. Information extracting
technologies, in the recent past, have been employed
to extract meaningful information from raw or
unstructured data [4]. The unstructured data being
generated data need to be structuralised by extracting
information so that the extracted information can be
used by analysis algorithm [5]. Technologies are
needed for proper processing of these data to open
new discoveries and knowledge [6]. Less time and
cost are needed indexing moving objects to analyse
big data with indexing techniques thus efficiently
indexing of big data results to reduce time while still
tolerating high cost when designing such indexing
methods [7]. Effective schemes for indexing,
updating and querying this dataset were developed.
Such effective schemes are evident in the field of car

tracking [8], gaming engines [9], and tracking of
mobile phones [10]. Content based image indexing
and retrieval, video indexing audio indexing aims at
obtaining a structured indexing of the original video
content and get familiar with its embedded semantics
just as with human beings [11].

Binary code embedding techniques provide
efficient alternative for similarity search and
compact data representations that is most suited to
handle huge databases in the field of information
retrieval, computer vision and pattern recognition.

The similarity search and nearest neighbour
search such as the tree-based indexing techniques
have been numerously proposed by [12], [13], [14],
[15], [16], [17], [18]. The tree based indexing
techniques is efficient in low dimensional data and
are not scalable to high-dimensional datasets. For
these, the vision community has in the recent past
put a lot of efforts to the challenges of learning
similarity preserving binary codes for representing
large-scale database as a solution to the tree based
methods. ANN methods [19], [20], [21], are
proposed for approximate nearest searches. Many
other hashing approaches [22], [23], [24], [25], [26],
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(27], [28], [291,[30], [31], [32], [33], [34], [35], [36],
[37], [38], [39], [40], [41], [42], [43], [44], and [45],
have also been proposed to provide solutions to high
dimensional datasets. High-dimensional data points
are encoded into binary codes based on binary code
embedding methods to achieve a higher scalability
through compact representation of data and efficient
indexing technique. In hashing based indexing
techniques, similar data points are mapped to similar
binary codes to achieve low memory requirement.

Hashing based indexing techniques can broadly
be classified into data-independent indexing
techniques [26], [35], [46], [27], also known as
randomised hashing techniques because they do not
make any prior assumption about the data
distribution. These categories of hashing based
indexing methods generate their projections
randomly and, the data-dependent binary code
embedding techniques [47], uses the data
distribution to generate the hash function.

However, the long hash codes generated by data-
independent based indexing techniques is usually
very high and thus very expensive foe large scale
database. Long codewards results to high storage
cost. This reduce the number of data stored in a
database. If the data to be stored is very large and the
memory cannot longer accommodate the binary hash
codes generated by the randomised indexing
approaches, the alternative is to frequently access a
distributed system which is of course slower than the
direct memory access [48]. When this occurs, query
may collapse due to long response time. On the other
hand, the data-dependent, also known as learning-
based hashing techniques makes use of the structure
of the data with respect to data distribution to
generate the hash functions (hash table).

To address the problem of long hash codes and
maintaine a trade-off between precision-recall, for
efficient  retrieval accuracy and  storage
requirements, we propose a similarity preserving and
independent hashing function scheme. The data
points are evenly distributed in a balanced
proportion to binary hash codes while preserving the
similarity between the data points.

The remaining of this paper is organized as
follows. Section 2 presents literature related to the
work, section 3 presents the methodology used while
section 4 presents the results of the proposed system.

We presents the discussion and conclusion in section
5.

2 RELATED WORKS.

The most popular scheme among the class of
randomised hashing based indexing scheme is the
LSH [20], which has since been developed to many
variants such as the [,norm LSH [30], KLSH [47],
learning to hash with binary [49], locality sensitive
binary code [35], uses random linear projections to
map to map data into binary codes. In data-
independent hashing techniques, the Hamming
distance between two binary codes asymptotically
approaches the distance in the original feature space
as the code length increases [50], which results to
generating of long codes to achieve satisfactory
performance.

The data-independent hashing techniques on the
other hand learn compact binary codes from training
data. It generates its projections using the prior
knowledge of data distribution. The data-dependent
hashing techniques can be grouped into three
category according to the level of semantic labels
used: supervised, semi-supervised and unsupervised
hashing methods. The supervised data-dependent
hashing methods learn their hash functions using
labelled data while the supervised hashing
techniques generated their projections using
unlabelled information of training data that seek to
propagate neighbourhood similarity of samples from
a certain metric space into the hamming space [32],
[51], [52], [53], [54]. The unsupervised category of
learning based indexing techniques does not require
label information of training data in projection
generating process but tries to keep the similarity
information between training samples in the original
space as the data points samples are projected into
the hamming distance space. Categories of these
unsupervised hashing algorithms also includes KMH
[56], which normally give satisfactory performance.
The GSPEBH method exploits the structure property
of the data to efficient binary codes. SH [32], uses
the graph partitioning to generate good binary codes.
[50], proposed a deep convolutional neural network
to be able to encode similar images to similar binary
codes by minimising the distance between the
Euclidean distance to Hamming space. [57],
proposed a Bit-Scalable Deep Hashing with
Regularised Similarity Learning for Image Retrieval
and Person Re-identification to address the problem
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of neglecting the significance level of different bits
and restricting their practical flexibility by analysing
the training images into a batch of triplet samples.
The triplet samples are then maximised between
matched pairs and mismatched pairs in the Hamming
space.

[58], proposed an asymmetric hashing technique
based on random projection to improve the search
accuracy of images. Their proposed method, uses the
real-valued output of the hash function to compute a
weighted Hamming distance based lower bound of
the Euclidean distance between the query and the
stored data in the database. [59], made an
improvement by generalising to a broader class of
binary embedding by computing the weighted
Hamming distance based on the lower bound of
Euclidean distances between the real-valued outputs
of hash function of the query and the binary hash
codes of the stored data in the database to improve
on the precision of retrieved information in the
database. [44], proposed an Asymmetric Cyclical
hashing based indexing technique for efficient
retrieval of large-scale images in a database by using
two distinct hash codes of different length for query
and stored data in a database that is the asymmetric
cyclical hashing. They seek a compact hash code to
reduce the storage requirement while the long hash
code is used for the query. Information retrieval is
performed by computing the Hamming distance of
the long hash code and of the query and the
cyclically concatenating compact hash codes of the
stored data for efficient retrieval in terms of
precision and recall. The challenges of these
methods are that they incur high computational cost
in addition to the computation of the Hamming
distance between the stored data in the data base and
the query. In [60], a density sensitive hashing
technique was proposed to generate projections by
exploring the structure of data to generate hash
function and employ only those projective functions
that best agreed with the data distribution.

3 THE PROPOSED SYSTEM.

Here we present our proposed system and its
working principle. The proposed system is
composed of four components that perform a
particular function to achieve retrieval accuracy and
minimal storage requirement. The purpose of
learning hashing-based methods is to use the
mapping function that projects m-dimensional real
valued feature vector to n-dimensional binary hash

codes and still preserve the similarity among the
feature vector and the data set. The system explores
the magnitude structure of geometric features of
data. Here the image features are indexed from the
quantised hashing results. The Geo-SPEBH uses
hypersphere-based hashing function for computing
the binary hash codes with a joint algorithm that
optimise search accuracy and search time
simultaneously. We have sample of data points
contained in a database, we will index the data to
reduce storage cost, computational cost and optimise
the search accuracy and time simultaneously. Here
we represent the data points’ samples as
X1, X3, X3, ..., Xy, and the database is represented as
X given below:

X = {x1, %5, X3, .. Xy e, Xy} € RE*N denotes the
data points contained in the database. Where X is the
database and R%*N represents the dimensional
space of size N. Then we design our hash function
that will map these data points to a k-bit binary hash
code by equation (1)

H() = {hy (%), .. hye (0} € {=1,1}" (D

Where N is the number of samples of the data points,
and k is the length of the binary hash code.

Figure 1 gives the conceptual framework of the
proposed system. The working principle of the
proposed system is given in details with a detailed
explanation of the responsibilities of each of the
component that made up the model. This
architecture incorporates the solutions to the
identified problems in the various components that
made up the proposed system.

3.1 Hash Function

This component of the proposed system, is
responsible for hashing high-dimensional data into
compact hash codes to minimise storage cost. The
goal of designing the hash function is to preserve the
similarity information of the original descriptor
vector in a high-dimensional hamming space for
better precision and recall. Here, the hash function of
the proposed system compresses the original
descriptor of the stored images in the database to a
low-dimensional k-bit compact binary hash codes
with high compression ratio for small storage cost.
We therefore construct our hash function using the
geometric structure properties of the data based on
the data distribution framework, and the hashing
coding is dependent on the data points. We use K
hash functions based on hypersphere to preserve the
similarity among data point samples. The
constructed hash function is then used to generate
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binary hash codes H (x;) = [h,(x;), ..., hi (x; )] by
compressing points in high-dimensional space into
the binary hash codes of H (x;) = {—1,+1}. The
samples in the original database of images which
correspond to the non-negative entries are used to
approximate the given data vector. To achieve this
efficiently, a geometrical hashing function that
utilised the hypersphere-based hashing function
design in equation (1) is used to define a pivot in a
D-dimensional vector space with a distance
threshold. Hashing function will show that the
values represented by each of the geometrical
hashing function H (x; ) will then determine whether
a data point say x, is within the range inside the
hypersphere with the centre as c¢; and it radius as w;.
The hash function is effective in that a higher
number of region that are closed can be created using
multiple hyperspheres, with distances between the
points that are located in each of the region are
bounded. To locate a nearest neighbour from a query
point ANN search, closed regions are formed with
tight bounded distances. With this tighter regions,
effective candidates for the nearest neighbours can
be found within the range or region that has been
indexed by the binary code of the query point.

We exploit the distribution of data using the
geometric properties among data points to design in
our hash function which takes a linear form as in
equation (1) and equation (2) [28], is where the hash
codes are generated.

Yie =5 (14 hy(2)) )

We use the hypersphere to define a geometrical
hashing function. Here, a pivot P; € R? as a
distance threshold t; € R* as the following equation

(3) as {hx}lk(=1

_(0if (pux) >t
- {1 if (px) <t

Where d(., .) denotes the Euclidean distance
between two data points in R?. To map similar
feature vectors into the same hash bucket, every bit
must have the opportunity of becoming one or zero.
Here, similar bits are mapped into same bucket with
high probability of having a 50% chance of
becoming one (1) by defining independence of each
bit. Equation (4), is used to balance the partitioning
of data points for each bit for each data point x [28].

€)

i

plhi(x)=1]=1x €X1<i<t (4

To achieve independence between two bits given
thatx EXand1l <i<j<t

B
381

pr[hi(x) = 1, hi(x) = 1] = p,[h(x) =

11 1
1]-Pr[hj(x)=1]:5-gzz )
3.2 Geometric Similarity Preserving
This component of the proposed system is

responsible for preserving the similarities of two
sample data points in the training data set in our
propose system. Given a database X, two data
samples X; and X; contained in the training set of
data. Extracting the similarity between the two data
samples as @;; from the similar geometric feature
points of image data is done. Hashing methods
require geometric coordinate properties for
similarity preserving. Next, the data points that are
similar are ensured to have similar hash codes with
small hamming distance.

The Hamming distance is then minimised
between similar data points and the corresponding
similar binary hash codes. The similarity preserving
term, and Hamming distance minimisation between
similar data points and it corresponding similar
binary hash code are represented in equations (6) and
(7) respectively. We sum the similarity preserving
term as the summation of x; samples of data points
from 1 to N plus the summation of x; corresponding
similar binary hash code from 1 to N as in equation
(6). Hamming distance is minimised by taking the
absolute values of the of the similarity term as in
equation (7) [29].

Hamming distance = taking the absolute (abs) values
of Similarity term.

QYY) = XYiz1, NX Di=1, . NX = Zij:l,...,Nx(6)
QH() = Zi:l,...,NZj:l,...,N QL]HYL - Y}“Z (7

where Q;; is the sample data that has similarity, Q ()
is the similarity preserving term and QH(y) is the
absolute value of the similarity term Q(y).

For efficient search accuracy with respect to
similarity search, similar data points are mapped to
similar binary hash codes for similarity preserving.
The Hamming distance to minimised with respect to:

yi € (0,1} %;yi =0 (8)
~ YiyiyiT =1 ©)

Where the constraints (8) require each bit to fire 50%
of the time, and the constraint (9) requires the bits to
be uncorrelated. And, y is the set of all ¥;. Then from
equation (7), samples with high similarity or with
bigger similarity @;; will have similar binary hash
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codes with smaller Hamming distance ||Y; — Y]-||2.
Y; and Y; are the similar hash codes.

33 Balance Partitioning for independence.

To have uniform distribution of data points in hash
bucket, we make each hash function independent of
one another. That is the functionality of one hash
function does not depend on the other one to
function. Each hash function is given the opportunity
of becoming 0 or 1 since binary digits are
represented by zeros (0’s) and ones (1°s). This mean
that for hash functions to be independent, each hash
function should have the chance of being one or zero
and the different binary hash codes are independent
of each other as in equation (4) above.

Independence of hash functions is demonstrated
in a scenario as follows: As a typical scenario, the
probability that an event say B; be a hash function
that is one (1). B; is the event that h;(x) = 1. Then
define two events B;and B;, next to be independent
if and only if the probability of B; =1 and the
probability of B; = lis equivalent to the probability
of B; = 1 multiply by the probability of B; = 1 as in
equation (10). Here, similar bits are mapped into
same bucket with high probability of having equal
chance of becoming one (1) by defining
independence of each bit. Any of equation (4) and
(5) is used to balance the partitioning of data points
for each bit.

prlhi(x) = 1] = %,x EX,1<i<t @)

N, =N, (1)
Where N; is the number of training samples in the
ithbucket and M is the number of buckets. To
achieve independence between two bits given that
x €EX and 1 <i<j<t where { and j are the
ith and jth data points, and t is the threshold, hash
functions are design to be independent and the data
points are distributed equally to each hash bucket.

pr[hi(x) =1, hj(x) = 1] prlhi(x) =

1.p.[h(x) = 1]=§.§=1 )

Pr[Bi n Bj] = Pr[Bi].Pr[Bj] (10)
pr[hi(x) = 1] = %,x eEX,1<i<t

The intersection is the equal chance of the code bit
being a binary hash code 1.

The next is to incorporate the similarity preserving
term with the balance partitioning components or
terms together to simultaneously improve the search
accuracy and search time. We insert the data points
into each bucket as

Ni = R (11
34 Joint Optimisation.

In this section, we integrate the similarity preserving
term Q(Y) for search accuracy and the minimum
information criterion for the search time to form a
single entity. To enable a high search accuracy with
fast search time, the joint optimisation component of
the proposed system is formulated and is responsible
for the simultaneous optimisation of the search
accuracy and search time. A parametrisation of a
linear function is performed for easy optimisation,
and a relaxation is performed.

The joint optimisation is responsible for the
computation of the hash bit that will be used for
query and the identification of the bucket with the
same hash bits with the query, and to also oversee
the loading of data samples from the selected
buckets into the memory. Here, the hash function
independent is made to be independent to distribute
data points evenly or equally to different binary hash
codes. To minimise the time complexity, each
bucket will contain equal number of samples to have
a balanced buckets. This is done to minimise the
search time. To have equal number of samples in

each bucket to balance the buckets, N = ziM [29],

equation (11) Here, the search accuracy is improved
by minimising the Hamming distance between
similar data points.

Q(y) = sumof samples of x fromito N +
sumof samples of x fromjtoN.
Mathematically, this can be expressed as:
Q) Xiz1, NX+ Xj=1,.NX (12)
The similarity preserving term and the balance
partitioning  are  incorporated together  for

simultaneous improvement in search accuracy and
search time, [29].
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Algorithm 1: Geo-SPEBH

1.

25.
26.

27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42.
43.
44.

Start
Input: the training datasetX;, =
1,2,3, ..., N, similarity matrix W and W =
W;j; the number of required bits K to map
the full dataset as hash codes; BP; N; M;
TP; FP; FN; Get equation (7);
Initialise: Sum = 0; Sim = 0; SimM = 0; BP
=0; V=2%*M; yi=0; JointO =0
fori=1toc
forj=1toc
Get y(i), (), x(i, /)
Sum = Sum + (y(i) — y(j))**2
j=j+1
if j < cgotostep 6
end if
i=i+1
if i <cgotostep 17
end if
end for
end for
Sim = Sum
break;
fori=1toV
get N(i)
BP =N(i) #x* 2
i=i+1
if i <V goto step 40
end if
end for
Print Sim, BP
//Incorporating similarity preserving term
and balanced partitioning//
JointO = Sim + BP
/lcomputing u;//
T(a,b) =0,swap=0
Get x
Getb
fori=1toa
forj=i+1tob
Get T(i,))
j=j+1
if j < b goto step 55
i=it1
if i <agotostep
end if
end if
end for
end for
fori=1toa
fori=1tob

45.
46.
47.
48.
49.
50.
51.
52.
53.
54.
55.
56.
57.
58.
59.
60.
61.
62.
63.
64.
65.
66.
67.
68.

69.
70.
71.
72.
73.
74.
75.
76.
77.
78.

79.

80.
81.
82.
83.
84.
85.
86.
87.

88.
89.
90.
91.

B
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Swap =T (i, )
@) =Ty
T(j,i) = swap
h(i) =sign(T(j,i) *x(i) — b
j=j+1
if j < b goto step 66
end if
i=i+1
if i < agoto step 65
end if
end for
end for
fori=1
Print h(i)
i=i+1
if i < agotostep 78
end if
end for
//computing Binary hash code//
Get k
fori=1tok
forj=i+1ltok
y() = (1 +h()/2
Print y(j)// for any samplex;in the
database, compute its K hash bits ¥; =
H(Y;) =sign (TTx; — b)//

j=j+1
if j <k goto step 89
end if
end for
end for
Print JointO
//computing precision//
//TP is the true positive i.e. document
relevant to the user//
//[FP is the false positive i.e. documents
retrieved but not needed//
Sum=0
Get TP, FP, FN
Pr =sum + (TP/(TP + FP))
Re =sum + (TP/(TP + FN))
Print Pr, Re//output Precision, Recall//
//computing mean average precision//
Sum =0
Get R, L//L is the number of the
retrieved data//
fori=1toR
Get y(i)
MAP =sum + y(i)( P(r) * §(r))/L)
i=i+1
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92. if i < R goto step 87
93. end if
94. end for
95. Print MAP//output Mean  Average
Precision//
96. Stop
The Cloud
Query
Database Database 1
Search/Retrieval
User
100110101000
101010010101
101011000001
Query Dataset

Training dataset

A
A
% 1
v

v
Features Hash Function Similarity Balance

Extraction |« Design Preserving >

Joint
Optimisation

Partitioning

Figure 1. Architecture Of The Proposed System Model
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4 EXPERIMENTAL SETUP

This section provides and avenue for evaluating the
proposed technique and make a comparison to the
state-of-the-art-techniques.

4.1 Performance metrics

The Geo-SPBH will be compared with state-of-the-
art-techniques to obtain the mean average precision
based on parameter analysis, the precision-recall
rate, and the search accuracy and search time trade-
off. We implement our method to measure the
performance of retrieval result on the mean average
precision (MAP) and precision/recall using the SIFT
1B dataset. The MAP measures the average of
precision scores for the queries. It is the area under
the precision-recall curve for a set of queries. A large
value of MAP will indicate a better performance, and
the precision/recall measures the precision by recall
per code lengths for each code bits of 8, 16, 32, 48,
64, 96.

4.2 Evaluation Techniques.

The algorithms used in the evaluation of the
proposed system are the DSH, SHD, AGH, SpH,
PCAH.

DSH: Density sensitive hashing is a semi-supervised
based hashing techniques that combined the
characteristics of data-independent and data-
dependent hashing techniques. The projections are
generated based on selective principles. This
technique avoids the complete random selection and
generates the projections based on selective
principles [59]. It is an extension of LSH.

Spherical Hamming Distance: SHD is a hashing
based technique that uses spherical Hamming
distance [28].

Principal Component Analysis Hashing: PCAH is
a classic indexing method for big data that utilises
the core principal directions as projective vectors to
obtain binary hash codes [60].

Spectral Hashing: SpH is a classic approach that
quantised the values of analytical Eigen functions
computed along the principal component analysis of
the data [32]. The PCA is conducted on original data.

Anchor Graph Hashing: AGH approaches is a
classic technique design an anchor graph to
accelerate the speed of the spectral analysis
procedures [52].

Geo-SPEBH: This is the proposed method to be
compared with the above mentioned algorithms.

4.3 Programming tools used

All the experiments were conducted and run on a
3.40 GHz CPU with four cores and 16 G RAM, in a
Java software tool built on CloudSim for
experimentation, simulation and implementation.
The CloudSim is configured with 1 data centre on
100 cloudlets with the capacity of accepting input a
output size of 300 each and length of 5000.

4.4 Preliminary Results

To generate discriminative binary hash codes that
need only small number bits to code a huge amount
of data in a database to yield high search accuracy
and an improved search time with less memory
consumption.

4.5 Tools to be used

The dataset used for the evaluation of our technique
is the SIFT-1B-128D [61], which contains one
billion SIFT features. Each of the SIFT features is
represented by a 128-dim vectors.

Table 1. Sift 1billion Data Set

B
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Dataset | Dimension | No. of base | No. of | No. of learn
vectors query vectors
vectors
SIFT 128 1,000,000,000 | 10,000 | 100,000,000
1B

Our ground truth is defined by k-nearest neighbours
computed be exhaustive, linear scan base on the
Euclidean distance. For each query, the ground truth
contain the vector numbers which begins at 0 of its

k-nearest neighbours, ordered by increasing
Euclidean distance.
4.6 Simulation Results

We use the SIFT 1B dataset to implement our USPH
algorithm and compared our result with state-of-the-
art-techniques. The existing algorithms are run and
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results are obtained and recorded. The base Table 3. Simulation Results For The Proposed And
algorithm (DSH) is run without the new components Existing Methods
and results are obtained. The new algorithm is run
w1th. the new componepts and the regults are SIFT 1B Precision
obtained and compared with the base algorithm and
other existing state-of-the-art techniques. The results Code length (bits)
obtained show that the proposed system outperform
the existing techniques based on the mean average METHODS | 8 16 32 43 64 80 96
precision results as shown in Table 2.
DSH 0.0600 | 0.1250 | 0.3434 | 0.1300 | 0.1507 | 0.1616 | 0.2501
Table 2. Slmulatlon_REasuIts For The Proposed And SHD 0.0245 | 0.0439 | 0.0685 | 0.0945 | 0.1000 | 0.1547 | O.1843
Existing Methods
SpH 0.1824 | 0.1131 | 0.2588 | 0.1448 | 0.1589 | 0.1696 | 0.1711
SIFT 1B Mean Average Precision (%)
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Figure 2. The Mean Average Precision Of Data-
Dependent Hashing Algorithms On SIFT 1B Dataset.
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Figure 3. The Precision/Recall Of Algorithms On SIFT
1B Dataset With Code 32 Bits.
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with code 48 bits
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Figure 4. The Precision/Recall Of Algorithms On SIFT
1B Dataset With Code 48 Bits.
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Figure 5. The Precision/Recall Of Algorithms On SIFT
1B Dataset With Code 64 Bits.

4.8 Discussion

The SIFT 1B dataset is a dataset that consist of one
million SIFT features represented by 128 dimension
vectors. The number of base vectors is
1,000,000,000 while the query vectors 10, 000,
100,000,000 vectors are used for learning. This
dataset is run with the old algorithm (DSH) with
varied number of bits, 8, 16, 34, 48, 64, 80, 96 to
obtain the mean average precision (MAP) for each
query. We select 1K data points as the queries and
the remaining are used to form the gallery database.
The point retrieved is seen as the true neighbour if it
lies in the top 2 percentile points closest to the query.
It is measured by the Euclidean distance in the
original space. The data points in the database for
every query are ranked according to their Hamming
distances to the query.

In Table 2, It can be seen that the data-dependent
based methods recorded a very low performance
when the code length is short but achieved high
performance when the code length is long. The data-
dependent techniques, PCAH, SpH, SHD, and AGH
semi-supervised technique which is DSH recorded a
high MAP performance when the code length is
short but drops when the code length increases. From
table 3 above, it can be seen that our proposed
method outperform the compared methods as it
recorded high MAP when the code length is short
and still maintain performance when the code length
increases, and the memory cost is low compared to
the base-line methods on the SIFT 1B dataset for all
code lengths. The low memory cost recoded by our
proposed algorithm indicate that it can handle large
amount of data (huge database). Table 2 gives the
MAP results for the SIFT dataset for all the
compared methods. Given 0.3 MAP obtain from the
results above, our Geo-SPEBH requires 64 bits to
encode each image in the sample dataset. On the
other hand, the compared methods requires more
than 64 bits up to 80 bits to encode each image in the
database.

The higher the value of precision-recall, the better
the performance in terms of efficiency in retrieval
accuracy. From figure 3, it can be seen that at the
code length of 32 bits, the Geo-SPEBH which is the
proposed system recorded a precision/recall rate of
0.3906 and 0.5064 respectively as against 0.3434
and 0.3550 recorded by DSH method which is our
based research paper. It clearly shows that the
proposed system has a better precision/recall which
gives better retrieval accuracy than the compared
algorithms. Figures 3, 4 and 5, presented the
simulation results for all the algorithms with respect
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to codes bits of 32, 48 and 64. It is well suited to
point out that the utilisation of the geometric
properties of data in generating hash functions,
preserving similarity between the data points and the
balance partitioning of data to have equally
distributed data points in each hash table by the
proposed system produce better performance to the
compared algorithms for all the code lengths.

The codes lengths represented by code lengths of
32, 48 and 64 bits represented the memory (storage)
requirement for each data stored in the database in
bits.

5 CONCLUSION

The performance has showed that the data-
dependent based methods recorded a very low
performance when the code length is short but
achieved high performance when the code length is
long. This methods are PCAH, DSH, SHD, SpH and
KLSH. From table 2 above, it can be seen that our
proposed method outperform the compared methods
as it recorded high MAP when the code length is
short and still maintain performance when the code
length increases, and the memory cost is low
compared to the base-line methods on the SIFT 1B
dataset for all code lengths. The low memory cost
recoded by our proposed algorithm indicate that it
can handle large amount of data (huge database).
Table 2 gives the Mean Average Precision results for
the SIFT dataset for all the compared methods.
Given 0.3 Mean Average Precision obtain from the
results above, our Geo-SPEBH requires 64 bits to
encode each image in the sample dataset. On the
other hand, the compared methods requires more
than 64 bits up to 80 bits to encode each image in the
database.

Further research should be directed towards finding
a solution to balancing the trade-off between
precision-recall, and the measure the performance
based on search time. Furthermore, the data
collected from different sources in a raw form such
as student records, health records, mathematical and
statistical analysis cannot be effectively analysed.
An advanced technique is required so that data can
be extracted from different sources to structure them
in a format that can be used for analysis.
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