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ABSTRACT
Large image archives formed by satellite remote sensing missions are getting an increasing valuable source of
information in Geographic Information Systems (GIS). The need for retrieving a required image from a huge image
database is increasing significantly for the purpose of analyzing resources in GIS. Content Based Geographic
Image Retrieval (CBGIR) in the image processing field is the best solution to meet the requirement. In this work, we
used Local Vector Pattern (LVP) to extract fine features present in the geographical image and retrieve the
applicable images from a large remote sensing image database. The primary idea of our method is generating micro
patterns of LVP by the vectors o f each pixel that are constructed by calculating the values between the centre pixels
and its neighbourhood pixels with various distances of different directions. Then the proposed method was designed
for concatenating these vector patterns to produce more unique features of geogra phical images and comparing the
results with Local Binary Pattern (LBP), Local Derivative Pattern (LDP) and Local Tetra Pattern (LTrP).
Ultimately, the extensive analysis carried out on different geographical image collections proved that the proposed
method achieves the improved classification accuracy and better retrieving results.
Key words: Geosciences; Geographic Informat ion Systems; Content Based Geographic Image Retrieval; Local
Vector Pattern.
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INTRODUCTION
Accumulating information, from geographical images is a very prominent research work
in the field of geosciences to know the climate change and natural disasters. Since the
development of Geographic Information System (GIS) is increasing fast, it is needed to
propose effective and exact methods for retrieving the remote sensing images. The fast
and intelligent ways of Remote Sensing (RS) image acquis ition increases the quantity of
obtainable data exponentially and slowly approaching the zettabyte (which is equal to a
billion terabyte) scale. As an example, a single in-orbit Synthetic Aperture Radar (SAR)
sensor accumulates about 10-100 Gbytes of data per

22

day, 10 Tbytes of data per year . Processing these geographical images manually is an
extremely time consuming and tedious task. Content Based Image Retrieval (CBIR) is a
technology that effectively manages image understanding and machine learning. The
conventional CBIR depends on difficult and prolonged methods to extract features from
a general image. In this study, we focus on the use of texture data; description of image
content to produce an advanced and effective geographic image retrieval system. This
process is named as Content Based Geographic Image Retrieval (CBGIR). CBGIR
technique has been effectively used to retrieve applicable images on account of
automatically derived features present in the geographical images. Since researchers of
remote sensing field have started to recognize the effectiveness of local feature-based
analys is of high-resolution images, in this paper, Local Vector Pattern (LVP) is applied
to compute the features from geographical image.

Numerous works have been investigated with different feature extraction techniques
for executing image retrieval in large collections of geographical images. A
hierarchical approach is used to cluster geographic images and to measure distances
between feature vectors in the feature space using wavelet-based multi-resolution
6
decomposition with two different sets of texture features . Geographic position, date
of acquisition and spectral properties of acquisition devices are some of the
12
conventional methods for retrieving images from geographic image databases .
With minimum cost, classification speed is increased by splitting a set of categories
9
recursively into two minimally confused subsets in greedy algorithm . Color Cooccurrence Matrix (CCM) is also used for the image retrieval process of remote
4
sensing image . An automated semantic labeling algorithm framework was developed

7

for multi spectral Geo spatial imagery . An unsupervised semantic labeling framework
based on the latent Dirichlet allocation method is used for nuclear proliferation

21

monitoring using high resolution remote sensing images . Since conventional Scale
Invariant Feature Transform (SIFT) approach has less advantage in remote sensing
images when directly applied, it is combined with an image segmentation method and

8

used for automatic image registration application on remote sensing images . An
enhanced SIFT algorithm was developed by modifying the conventional SIFT algorithm.
In this enhanced SIFT algorithm, an initial cross matching process and the projective
transformation model were used to process the extracted features. Since this algorithm
extracted a better accuracy and high quality features with the properties of uniformity,
robustness, and scale invariant feature matching specially for optical remote sensing
images, the authors proved this improved SIFT algorithm as an

20
efficient algorithm . K-nearest neighbor classifier and the support vector machine
classifier are used to evaluate local features for scene classification on Very High
3

Resolution (VHR) satellite images . The authors proved that the combined feature
extraction methods constantly improve the results of experiments which were done on
the VHR satellite images. Neuro-fuzzy and fuzzy logic methods are also used for the

11
retrieval of the satellite images .
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The Local Patterns are used to extract important attributes from the given image and
to increase the recognition rate of CBIR systems. As a beginning, the local binary
pattern (LBP) was designed and applied in computer vision and pattern recognition
field

15

. LBP features have been initially designed for texture description, which

18
changed to a rotational invariant version of texture classification . Then, a signed
gray level difference, instead of absolute differences for texture description has been
17
introduced, together with the LBP operator . The generalized grayscale and rotation
invariant operator was designed to represent the uniform patterns for any spatial
16
resolution images . The derivative-based LBPs were introduced to calculate face

10

alignments . Followed by, LBP is used to extract illumination-insensitive feature sets
directly from the given image for face recognition applications. Specifically, the uniform
pattern method for LBP code which is robust to noise develops the recognition

1, 2
performance
. The combination of LBP and Gabor is an effective way for face
recognition. These combinations improve the performance of face recognition
considerably compared to the individual representation and obtained more stable
24, 25, 26

representation
. Volume Local Binary Pattern (VLBP) was developed to
recognize dynamic texture. VLBP is intended as an extension of the LBP operator and
27
the co-occurrences of the LBP on Three Orthogonal Planes (LBP-TOP)
.
23
13
Subsequently, local derivative pattern (LDP) , local tetra pattern (LTrP) and local

5
vector pattern were introduced for facial feature extraction. Thus, local descriptors
have gained much attention in the facial recognition area. Since geographical image
contains textural information like face image, we decided to implement the idea of
5
making use of recently proposed local descriptor Local Vector Pattern (LVP) on
geographical images. Even though LVP is used extensively in face recognition by
achieving impressive classification results on representative texture databases than
other local pattern descriptors, its usage in content based geographic image retrieval
is considered as a novel approach.
The overview of the paper is as follows. Section 1 presents a short introduction about
CBGIR and concise review of local patterns. Section 2 depicts the methods used in
this paper. Section 3 illustrates the extensive analysis which is conducted on
geographic image databases along with results and discussion. Section 4 draws the
conclusion with the findings and proposal for the future work.

METHOD
The proposed system overview is presented in figure 1. The steps followed in this
work are given below.
1. Load the geographic image databases in the MATLAB workspace.
2. Resize the image and convert it from RGB to grayscale.
3. Perform preprocessing operations.
4. Compute the local vector pattern value for each pixel.
5. Construct the LVP histogram for each pattern over local image regions.
6. Construct the feature vectors and store the attribute values in the database.
7. Load the Query image.
8. Apply the procedure 2–6 to find values of the query image.
9. Compare the values of query image with the local features obtained in step 6.
10. Retrieve the best matched images using Canberra distance measurements.
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Figure 1. Overview of the system.

The processes shown in figure 1 are discussed in following section.
Pre-Processing
The given images are pre-processed at prior to computation to enhance fine details in
images. Resizing, removing unwanted noise, and removing reflections are done in
this step. Median filter is used to perform the filtering operation. The median is the
value of the center pixel of a rank-ordered distribution, encompassed by the filter.
Since median filter has an ability to remove salt and pepper noise, it is more suitable
for geographic images.
Feature Extraction
The objective of feature extraction is to extract fine details that can unambiguously
distinguish the different types of textures present in an image. In this work, we extracted
the features using Local Vector Pattern (LVP). The LVP descriptor was developed to
provide various 2-D spatial structures of micro patterns with various pair-

5
wise directions of vector of the referenced pixel and its neighborhood . Consider a

local sub-region R, P c denotes the center pixel in R, I be the index angle of the variation
direction, and D be the distance between the referenced pixel and its neighbourhood
pixels along the I direction. The distance D = 1, 2 and 3 are taken into consideration.

The direction value of a vector at the referenced pixel P c can be defined as

VI,D (PC ) = (R(PI,D ) − R(PC ))

(1)

Where VI,D(Pc) is the direction value of a vector. When D = 1, the vector can be
considered as the first-order derivative values of LDP and LTrP. When D > 1, the
implicit characteristics of 1D direction information can be acquired. The
LVPK,L,I(Pc), in I direction of vector at Pc is encoded as

LVPK,L,I (PC ) = {T(VI,D (P1,L ), VI+45°,D (P1,L ), VI,D (Pc ), VI+45°,D (Pc )), …,
T(VI,D (Pk,L ), VI+45°,D (Pk,L ), VI,D (Pc ), VI+45°,D (Pc ))}|K = 1,2, … , M; L = 1

(2)

Where T (·,·) adopts transform ratio which is calculated with a pair-wise direction of
vector of the referenced pixel to transform the I direction value of neighborhood to
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(I+45°) direction, which is used to compare with the original (I+45°) direction value
of neighborhoods for labeling the binary pattern of micro-patterns. Where T (·,·) can
be formally defined as

T (VI,D (PK,L ), VI+45°,D (PK,L ), VI,D (Pc ), VI+45°,D (Pc ))
1, if
={
0, else

VI+45°,D (PK ,L)−(

V I+45°,D ( Pc)
×VI ,D(PK ,L)) ≥0
V I,D(Pc)

.

(3)

Finally, the LVPK,L(Pc), at referenced pixel Pc is defined as the concatenation of the
four 8-bit binary patterns LVPs.

LVPK,L (Pc ) = LVPK,L,I (Pc )|I = 0°, 45°, 90°, 135°

(4)

In order to extract more discriminative 2D spatial structures of micro-patterns, the
proposed local pattern descriptor encodes the LVPs by using the four pair-wise
directions of vector of the referenced pixel and its neighborhood. Especially, each pairwise direction of vector of the referenced pixel generates the transform ratio which is
used to design the weight vector of dynamic linear decision function for encoding the
distinct 8-bit binary pattern of each LVP. The LVPs are concatenated to form as a 32(4 ×
8)-bit binary pattern for each referenced pixel in the local sub-region.

Image Retrieval
The image ret rieval process is done with respect to the knowledge obtained from the SM
step. Let’s consider Q to be a query image and I to be an image in a database. The closeness
of Q and I are measured by computing the distance between their feature vect ors in the

SM step. The feature vector for the query image Q represented as V Q = {V Q1 , V Q2 ,…
V Qm } is obtained from feature extraction. Likewise, each image
in the database is represented by the feature vector, V DB = {V DBk1, V DBk2,…, V DBkn },
Where k = 1, 2,…, ǀDBǀ. The goal is to select R, the best images that resemble the
query image by measuring the distance between the query image and the images in the
databases ǀDBǀ. We used Canberra metric to compute the similarity distance metric.

The Canberra distance d 1 between vectors VQ and VDB in n-dimensional real vector
space is given as follows:
𝑛

𝑑1 (𝑉𝑄 , 𝑉𝐷𝐵 ) = ∑
𝑖=1

|𝑉𝑄𝑖 − 𝑉𝐷𝐵𝑖 |
|𝑉𝑄𝑖 | + |𝑉𝐷𝐵𝑖 |

(5)

The retrieved images are ranked as follows: For each of the query images Qz, 1 ≤ z ≤
q, a set of retrieval results within a cut-off number is formed. Let RQz = R1, R2,…, Rp
stand for the set of images retrieved for the query image Qz. Where p is the number
of images present in the retrieval set and q is the number of queries. The number of
times an image appears on the retrieval sets is computed and hence the images are
rearranged. The image appearing in all the sets attains a higher position and is
displayed to the user while images with less number of appearances will have lower
positions.
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RESULTS AND DISCUSSION
Experimental Setup and Results
Totally one hundred bridge overpass, cyclone, beach and high density residential
area images were collected. They were resized into 256 × 256 pixel images. Then
those images were organized into four databases with twenty five images in each
database. The four databases were named into DB1, DB2, DB3 and DB4
respectively. Figure 2 shows the example, satellite images that are collected.
The proposed CBGIR system has two modules namely training and testing modules.
In training module, first, all the images were pre-processed by converting them from
RGB to grayscale images. The noises were removed using median filter. Feature
extraction using LVP was done and the histograms were stored as feature vectors. In
testing module, all the above noted processes were repeated on a given query image.
Finally, the similarity measurement was calculated between the reference feature
vectors that were stored during the training process and the feature vector obtained
from the query image. The relevant images that have the minimum or null distance
difference were ranked and displayed to the user. These processes are implemented
in MATLAB software and executed successfully.

Figure 2. Four different types of Land use classes such as bridge overpass, cyclones, beach and high density
residential area images were collected and named as DB1, DB2, DB3, and DB4. Nine samples fro m each class are
shown in Fig. 2 A, B, C and D.

Validation of this analysis was done in all the four databases randomly 10 times for
different techniques and the results were compared. The relevant cyclone images
retrieved from the database (DB2) after applying the proposed system are shown in
figure 3.
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Figure 3. Examples of retrieved images of a cyclone query image using LVP.

Performance Measures and Discussion
The performance of image retrieval systems can be measured to evaluate its

19

effectiveness using Precision (P) and Recall (R) . The standard definitions of these
two measures are as follows: Precision is defined as the ratio of the number of relevant
images retrieved to the number of total retrieved images. Recall is defined as the number
of retrieved relevant images over the total number of relevant images available in the

14

database . Precision measures the exactness or the quality of the retrieval. Recall
measures the completeness or quantity of the retrieval measures. For each query image
both precision and recall values were estimated. Ten experiments were conducted
separately on all four different classes of databases. Finally, the average retrieval
precision (ARP) and average retrieval rate (ARR) were calculated for the query image Qz
by Equations (6) - (7) for a ≥ NDB and a ≤ NDB respectively. Where,

NDB is the number of relevant images in the database, a is the number of top matches
considered.

𝐴𝑅𝑃 =

1
|𝐷𝐵|

𝐷𝐵
∑𝑖=1
𝑃(𝑄𝑖 )

|

|

𝐴𝑅𝑅 =

1
|𝐷𝐵|

𝐷𝐵 |
∑|𝑖=1
𝑅(𝑄𝑖 )
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Figure 4. Comparison of proposed method with other existing methods on cyclone database in terms of ARR.

Figure 4 shows the comparison of the proposed method with an average retrieval rate
of LBP, LDP and LTrP methods for a given query of cyclone image. It was observed
from the results that LVP extracts the most relevant images with higher the degree of
relevance.
Table 1. Performance of various methods in terms of ARP on all databases
Precision (%)
Image category
LBP
LDP
Bridge overpass
63.47
48.34
Cyclone
50.06
47.22
Beach
54.35
50.97
high density residential area
57.23
53.41

LTrP
71.11
66.98
66.57
73.96

LVP
79.97
83.61
81.85
87.56

The results are considered to be far better and findings are as follows: In Table 1, the
average retrieval precision values of LVP are greater than LBP, LDP and LTrP
methods. The obtained high precision value means that more relevant images are
retrieved in our unique proposed method.
CONCLUSION AND FUTURE WORK
In this paper, we have proved that content based geographical image retrieval can be
performed using LVP. A novel approach referred as LVPs for CBGIR is successfully
implemented and the performances of a local pattern descriptor are compared with
the existing feature extracting techniques of LBP, LDP and LTrP. Ultimately, it is
concluded that the proposed method LVP has produced better retrieval performance
than the other three techniques of LBP, LDP and LTrP. It is expected that this work
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might jump-start a new way of research in geographical computer vision. Results can
be further improved by combining local patterns with fuzzy logic methods for
retrieving geographical images in the future with faster and perfect image matching,
searching and retrieval system.
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