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Abstract
The remote sensing images are massively stored, so it is difficult for the traditional
single-node mode to meet the real-time requirement for remote sensing image retrieval. In
order to improve remote sensing image retrieval efficiency and accuracy, a kind of
feature information MapReduce based remote sensing image retrieval algorithm is
proposed in this article. Specifically, the color features and the texture features of the
remote sensing image are firstly extracted, and then Map function is adopted to calculate
the similarity between the remote sensing image to be retrieved and the image in the
feature library according to the color features and the texture features, and finally
Reduce function is adopted to collect the intermediate results of various node tasks and
the remote sensing images are ranked by a descending order according to the similarity
in order to obtain the remote sensing image retrieval result. The test result shows that the
proposed algorithm can rapidly and accurately retrieve the remote sensing image, thus
not only improving the remote sensing image retrieval efficiency, but also improving the
remote sensing image retrieval accuracy.
Keywords: Remote Sensing Image; Feature Extraction; Cloud Computing; Retrieval
Algorithm

1. Introduction
Along with the development of the satellite remote sensing technology, the remote
sensing image data are gradually increased, but the traditional manual retrieval methods
have such defects as large workload and low efficiency and cannot meet the remote
sensing image application requirement. The computer based automatic retrieval of the
remote sensing image can improve the remote sensing image retrieval efficiency and
effect, so the design of the remote sensing image retrieval algorithm with high efficiency
and high retrieval accuracy becomes an important task of the present research [1].
In allusion to problems regarding the automatic retrieval of the remote sensing image,
the scholars at home and abroad have carried out a lot of researches. Specifically, the
content based image retrieval (CBIR) has such advantages as rapid retrieval speed and
high accuracy, thus becoming the main retrieval algorithm for the remote sensing image
retrieval, wherein such remote sensing image features as color, shape and texture are
firstly extracted to describe the remote sensing image content, and then these features are
compared with the remote sensing image feature library in order to obtain the retrieval
result [2-4]; the traditional single-node mode cannot meet the real-time requirement for
the remote sensing image retrieval [5,6]; the distributed processing technology can be
used to allocate the tasks to various working nodes for parallel processing in order to
jointly finish the tasks through the mutual coordination of the nodes, so the distributed
processing technology becomes a new solution for the remote sensing image retrieval[7].
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At present, the distributed processing technology mainly includes grid computing and
cloud computing, wherein Hadoop is the basic distributed system architecture, and the
users can develop MapReduce distributed program without the need to know the bottom
layer information. As a result, Hadoop which can be used for large-scale data analysis has
become a mainstream parallel processing model in the cloud computing field, and has
been widely applied in such fields as virtual database, large-scale data processing,
biomedicine and patent image classification [8].
In order to improve remote sensing image retrieval efficiency and accuracy,
MapReduce based remote sensing image retrieval algorithm is proposed in this article.
Specifically, the color features and the texture features of the remote sensing image are
firstly extracted, and then Map function is adopted to match the remote sensing image
according to the color features and the texture features and calculate the similarity
between the remote sensing image to be retrieved and the image in the feature library, and
finally Reduce function is adopted to collect the intermediate results of various computing
node tasks and the remote sensing images are ranked by a descending order according to
the similarity in order to obtain the remote sensing image retrieval result. The test result
shows that the proposed algorithm can rapidly and accurately retrieve the remote sensing
image, thus not only improving the remote sensing image retrieval efficiency, but also
improving the remote sensing image retrieval accuracy.

2. Remote Sensing Image Feature and Similarity Matching
In CBIR based remote sensing image retrieval, the features of the remote sensing
image to be retrieved are firstly extracted, and then the similarity between the remote
sensing image to be retrieved and the image in the remote sensing image library is
calculated, and finally the image retrieval is realized according to the similarity.
2.1. Remote Sensing Image Extraction
Color is an important feature for remote sensing image classification, so it is necessary
to extract the color features of the remote sensing image in RGB color space to obtain
such color features as RGB mean value, R mean value, G mean value and B mean value.
Texture feature can be used to describe the space variation of the remote sensing
image. In this article, Gabor filter is adopted to extract the texture features of the remote
sensing image, wherein Gabor filter h(x,y) and Fourier transformation H(u,v) are as
follows:
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In the above formula, f is the center frequency of the filter band-pass area, B is the
width of the filter, θ is the direction angle of the principal axis of the filter, and σ is
variance.
Gabor filter parameter is determined according to Formulae (1) ~ (3), and then the
energy values of the convolution between various filters and the image are calculated, and
finally the mean value and the mean square error of the image filtering energy value are
taken as the texture features of the remote sensing image, namely:
texture
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In the above formula, K is the number of the center frequencies and L is number of the
direction angles.
The energy mean value  and the mean square error  of the sub-image can be
calculated as follows:
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In this way, 24 texture features of the remote sensing image can be obtained.
Therefore, the remote sensing image totally includes 28 features composed of color
features and texture features.
2.2. Similarity Matching
The remote sensing image to be retrieved is p0, the remote sensing image library
totally includes pi images (i=1, 2,…, n), the color features thereof are expressed as ci∈
Rm, the texture features thereof are expressed as ti∈Rk, the dimensionalities of the color
features and the texture features are respectively M and K, and the similarity between p0
and pi(i=1,2,…,n) are calculated according to Formula (6).
R0i  w1Dti  w2 Dci
(6)
In the above formula, w1 and w2 are the weight values ( w1  w2  1 ), Dti and Dci
respectively represent the color feature similarity and the texture feature similarity, and
the calculation formulae are as follows:
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For Roi (i=1,2,…,n), the images in the remote sensing image library are ranked by a
descending order, and the first m images are selected as the retrieval results.
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3. Mapreduce Based Remote Sensing Image Retrieval
3.1. Mapreduce Based Image Storage
As the basis for the automatic retrieval of the remote sensing images, image storage is
a data-intensive calculation process. MapReduce distributed processing method is adopted
in this article to upload the images to HDFS. The specific process is as follows:
(1) Map stage: Map function is adopted to read one remote sensing image at each time
and meanwhile extract the color features and the texture features of the image.
(2) Reduce stage: the extracted feature data of the remote sensing image are stored in
HDFS. HBase is a column oriented distributed database, so HBase table is adopted for the
remote sensing image storage of HDFS, wherein the specific design of HBase table is as
shown in Table 1.
Table 1. Hbase Table Design of Remote Sensing Image
Remote Sensing Image id Original Image File Color Feature Texture Feature
001
file001
c1
t1
002
file001
c2
t2
…
…
…
…
00n
file00n
cn
tn
MapReduce based image storage process is as shown in Figure 2.
Start

Upload the remote sensing images to HDFS

Take one remote sensing image from HDFS
as the input of Map

Extract image features

Write the image features into HBase

Whether the
image processing in HDFS is
finished?

Collect the outputs of various Maps

End

Figure 2. Remote Sensing Image Storage Process
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3.2. Mapreduce Based Remote Sensing Image Retrieval
Since the remote sensing images and the features thereof are stored in HBase, when the
data set of HBase is very large, it will take long time to scan the whole table. In order to
reduce image retrieval time and improve the retrieval efficiency, MapReduce calculation
model is adopted for the parallel computation of the remote sensing image retrieval. The
specific frame diagram is as shown in Figure 3, and the specific execution process is as
shown in Figure 4.

Remote Sensing Image ID Set

Remote Sensing Image ID

Remote Sensing Image Uploading and
Feature Extraction

Remote Sensing Image Retrieval

HDFS
HDFS (Remote Sensing Image to Be
Retrieved and Features)

Figure 3. Remote Sensing Image Retrieval Frame Diagram
MapReduce based remote sensing image retrieval steps are as follows:
Step 1: Map stage: read the remote sensing image to be retrieved from HDFS cache,
then extract the color features and the texture features, then match the similarity between
the extracted features and the image features in HBase, and then output the key value
<Similarity, Image ID> from Map.
Step 2: according to the similarity values, rank and redistribute all key values
<Similarity, Image ID> output by Map, and then input them into Reducer.
Step 3: Reduce stage: collect all key value pairs < Similarity, Image ID>, then rank the
similarities of these key values, and then write the first N key values into HDFS.
Step 5: Output the IDs of the images that are most similar to the remote sensing image
to be retrieved.
map(key,value)
Begin
Csearch=ReadSearchCharact( ); //
Cdatabase=value; //
Path = GetPicturePath( value) ; / /
SimByColor=CompareByColor(Csearch, Cdatabase) ; / /
SimByTexture = CompareByTexture(Csearch, Cdatabase); //
Sim=SimByColor*w1 + SimByTexture*w2; //
Commit(Sim,Path);
End
Map function is defined as follows:
map(key,value)
Begin
Csearch=ReadSearchCharact( ); //read the features of the remote sensing image to be
retrieved
Cdatabase=value; //read the data in the remote sensing feature library
Path = GetPicturePath( value) ; / /read the image path in the remote sensing image
library
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SimByColor=CompareByColor(Csearch, Cdatabase) ; / /calculate the remote sensing
image color similarity
SimByTexture = CompareByTexture(Csearch, Cdatabase); //calculate the remote
sensing image texture similarity
Sim=SimByColor*w1 + SimByTexture*w2; //calculate and match similarity
Commit(Sim,Path);
End
reduce(key,value):
Begin
Sort(key,value); //
Commit(key,value); //
End
Reduce function is defined as follows:
reduce(key,value):
Begin
Sort(key,value); //rank the remote sensing images according to the similarity values
Commit(key,value); //key value refers to similarity value, and value refers to the path
of the similar remote sensing image
End
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Extract the features of the remote sensing
image to be retrieved

Calculate the color/texture feature
similarity between the image to be
retrieved and the image in the feature
library

Calculate image similarity according to
the weight values
Map function

Obtain Map outputs

Whether data matching
operation is finished in HBase?

Y

N

Collect Map outputs

Reduce function

Rank the images according to the
similarity values

Output the ID of the remote sensing
images with maximum similarity

Figure 4. Mapreduce Based Remote Sensing Image Retrieval Process

4. System Test and Analysis
4.1. Experiment Environment
The Hadoop distributed system composed of one host computer and three common
computers through Linux environment is adopted in this article, and the specific
configurations are as shown in Table 2. 20,000 remote sensing images are collected. In
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order to more persuasively explain the result of the proposed remote sensing image
retrieval algorithm, B/S single-node system is adopted for the comparison experiment.

Node
Host Computer
Common Computer
1
Common Computer
2
Common Computer
3

Table 2. Node Configuration
Operating
IP
CPU
System
Conroe i7 3960X
Linux
192.168.0.101
3.3GHz
Conroe i3 2120
Linux
192.168.0.102
3.3GHz
Conroe i3 2120
Linux
192.168.0.103
3.3GHz
Conroe i3 2120
Linux
192.168.0.104
3.3GHz

RAM
4G
2G
2G
2G

4.2. Storage Performance Test and Analysis

Storage Time(s)

The storage time of different quantities of remote sensing images under different node
conditions is as shown in Figure 5. According to Figure 5, when the quantity of the
remote sensing images is less than 500, the storage time in B/S single-node system is
slightly different from that in Hadoop distributed system, and the advantage is not
obvious. When the quantity of the remote sensing images is more than 500, the storage
time in B/S single-node system is significantly increased, but the storage time in Hadoop
distributed system is slowly increased, thus indicating that the adoption of MapReduce
mode for uploading the remote sensing images to HDFS can improve the storage
efficiency. When the quantity of the remote sensing images is more than 2,000, the
storage time in 2-node and 3-node distributed systems is exponentially increased, thus
indicating that there are more than 3 Map tasks and multiple tasks are assigned to some
nodes at the same moment, but one node can only execute one Map task at one time, so
increasing the number of the nodes in Hadoop distributed system can improve the
execution efficiency of the remote sensing image retrieval system.

B/S Single-node
System1-node
System2-node
System3-node System

Image Quantity

Figure 5. Remote Sensing Image Storage Time Change Curve
4.3. Remote Sensing Image Retrieval Performance Test and Analysis
The remote sensing image retrieval time of different remote sensing image libraries
under different node conditions is as shown in Figure 6. According to Figure 6, when
there are a small amount of images in the remote sensing image library, the retrieval time
in Hadoop multi-node distributed system is longer than that in B/S single-node system
and 1-node system, mainly because the adoption of multi-node for parallel computation
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increases the computation workload and accordingly prolongs the retrieval time. When
the quantity of the images is more than 10,000, the image retrieval time in the multi-node
distributed system is obviously less than that in single-node system, mainly because the
adoption of MapReduce for parallel computation has the advantage of assigning the
image sensing retrieval tasks to multiple nodes in order to improve the remote sensing
image retrieval efficiency.

Search time(s)

B/S Single-node
System1-node
System2-node
System3-node System

Image Quantity

Figure 6. Remote Sensing Image Retrieval Efficiency Comparison
4.4. System Load Test

CPU Utilization Rate

The remote sensing image retrieval task is submitted to MapReduce distributed system
with three nodes. Specifically, the loads of various nodes at different time and under
different data volumes are tested, and CPU utilization rates of various nodes are recorded
as shown in Figures 7 and 8.

Node 1
Node 2
Node 3

Time Point

Figure 7. CPU Utilization Rate for Processing 200 Remote Sensing Images
According to Figure 7, when processing a small quantity of remote sensing images
(200), due to the small quantity of images, only one Map tasks is assigned to node 1, and
node 1 starts to execute Reduce task after finishing the previous task at time t5.
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Node 1
Node 2
Node 3

Time Point

Figure 8. CPU Utilization Rate for Processing 2,000 Remote Sensing Images
According to Figure 8, when processing a large quantity of remote sensing images
(2,000), since there are multiple Map tasks to be executed, the three nodes fail to finish
Map tasks during the time quantum from T1 to T3; since node 3 finishes Map task and
enters in idle state at the time T4, node 3 starts to execute Reduce task so that the task of
the heavy-load node can be automatically transferred to the idle node for execution to
balance the system load. Meanwhile, due to the mutual coordination of Map and Reduce
tasks, the data processing capacity of each node can be fully used to improve the data
efficiency of each node.
4.5. Remote Sensing Image Retrieval Result Comparison
Hadoop distributed system and B/S single-node system are adopted to retrieve various
kinds of remote sensing images, and the mean retrieval result is as shown in Table 3.
According to the following table, Hadoop distributed system is superior to B/S singlenode system in the aspects of precision rate and recall ratio, thus indicating that Hadoop
distributed system can improve remote sensing image retrieval quality.
Table 3. Remote Sensing Image Retrieval Result Comparison
Different Types
Vegetations
Wastelands
Houses
Lakes
Rivers
Roads and
Squares

Hadoop Distributed System
Precision Rate
Recall Ratio
(%)
(%)
93.36
77.96
87.61
79.99
81.96
70.89
84.37
67.86
75.80
65.31
81.05

60.53

B/S Single-node System
Precision Rate
Recall Ratio
(%)
(%)
91.50
76.92
86.44
77.18
79.52
69.30
82.33
66.59
74.97
64.24
79.41

58.74

5. Conclusion
In allusion to the low retrieval efficiency of the traditional methods for retrieving
massive remote sensing images, MapReduce based remote sensing image retrieval
algorithm is proposed in this article according to the advantages of Hadoop distributed
system. The test result shows that the proposed algorithm can rapidly and accurately
retrieve the remote sensing images, thus not only improving the remote sensing image
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retrieval efficiency, but also improving the remote sensing retrieval accuracy. Therefore,
the proposed algorithm has wide application prospect in the automatic retrieval of remote
sensing images.
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