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1. Abstract 

Data mining and machine learning techniques for multispectral raster images with high 

accuracy and efficiency is a difficult task  to be done using conventional classification methods. 

The essence of related multi-spectral information is lost when the bands are considered 

independently. The proposed platform is based on Apache Hadoop ecosystem and supports 

performing analysis on large amounts of multispectral raster data using MapReduce. A novel 

technique of transforming the spectral space to the geometrical space is also proposed. The 

technique allows to consider multiple bands coherently. The results of clustering 106 pixels for 

multiband imagery with widely used GIS software have been tested and other machine learning 

methods are planned to be incorporated in the platform. The platform is scalable to support tens 

of spectral bands. The results from our platform were found to be better and are also available 

faster due to application of distributed processing. 

2.  Brief description on the state of the art of the research topic 

Collectively the geospatial data available from several sources has grown into petabytes 

and increases by terabytes in size every day (Eldawy et al., 2017). The increase in the sources of 

data and its acquisition have been exponential as compared to the development of processing 

systems which can process the data in real time.  Large amount of processed geospatial data is 

available for development of virtual globe applications from NASA World Wind, temporal 

datasets archived at Google Earth Engine, etc. Beside these crowd sourcing online efforts such as 

OpenStreetMaps (Bennett, 2010, Haklay and Weber, 2008) and Wikimapia have also assimilated 

terabytes of geospatial data. The data available from these efforts may have been derived from 

satellite imagery but is only applicable for a few applications such as for routing and navigation 

purposes. USGS (Rabbitt, 1989), an organization established for the development of public maps 

and geo-sciences expertise has started providing access to applications and data related to 

disaster management during earthquakes, landslides, volcanoes, etc. but is limited in providing 

support for processing related to other planning and decision making applications. Private 

organizations such as EOS (Earth Observation System)  have started providing automated on-

the-fly EO (Earth Observation) imagery processing and analysis. Their products include 

providing  realtime processing of classic GIS algorithms (Earth_Observation_System, 2019) on 

several of the open data sets available from the EOS (Earth Observation Satellites). Satellites 

orbiting the Earth with their remote sensing capabilities captures information about the 

geography of Earth in form of remotely sensed images. These images are representations of the 

Earth's surface as seen from space and contains intensity about the physical quantities such as the 

solar radiance reflected from the ground, emitted infrared radiation or backscattered radar 

intensity (Campbell and Wynne, 2011).The amount of geospatial data available is not just an 

increase in size but with availability of higher resolution has also increased the complexity of 

processing it and led to the geospatial “Big Data” phenomenon.  

MapReduce model of programming has become one of the best ways to processes big 

data which is inherently stored by Hadoop on its own distributed file system (HDFS) (Borthakur, 

2007, Borthakur, 2008). The MapReduce model takes care of managing the whole processes 

from receiving the data, processing it and aggregating the results to form a single output. It takes 

care of distributing the data and managing the distributed resources throughout the whole 

processes. Applications which require to work with big data benefits hugely from HDFS as it 
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provides high throughput access and streaming capabilities to large amounts of data. It has been 

developed to be fault-tolerant, can run on cheap COTS (Commercially Of The Shelf) hardware 

and support streaming data. 

3. Definition of the Problem 

Raster image consists of representation of geographic objects in a two-dimensional scene 

and it is a two dimensional array of individual picture elements called pixels arranged in columns 

and rows (Parker, 1988). Each pixel individually represents information about an area on the 

Earth's surface. The information about the area is represented by an intensity value and a location 

address in a two dimensional image. While the intensity value is represented by the measured 

reflectance, the location is represented by (Longitude, Latitude) value for a geo-referenced image 

(Nijmeijer et al., 2001). A single pixel in a multiband image has several values depending on the 

number of sensors which captured information for that geographic location. The individual bands 

can be used independently depending upon the geospatial analysis required and the intermediary 

outputs combined to form the final results. All of these bands when used in conjunction for 

geospatial analysis will provide more accurate representation about the phenomena on the 

Earth’s surface. The classical data mining approach is no longer fit for processing of Big Data 

and has been modified and adapted by many frameworks which been developed to utilize the 

computing and storage available from distributed computing devices (Lausch et al., 2015) . Big 

geo-spatial data adds another level of complexity to this Big Data ecosystem which now also 

requires considering the spatial and geographical location. This has furthered the complexity big 

data challenge (Yoon et al., 2018). 

4. Objective and Scope of work 

 
1. Extract hidden knowledge from the big geospatial data. 

2. Develop a platform for studying the geographical features of a scene. 

3. Utilize the processing power of distributed environment in Geospatial processing. 

4. Develop a custom input format for the multi spectral geospatial raster images. 

 

5. Original contribution by the thesis. 

To extract the hidden knowledge out of the multispectral raster images which are 

essentially big geospatial data, it has been proposed to use the Hadoop distributed processing 

environment. Existing systems are overwhelmed with the amount of data which needs to be 

processed to derive the required results. Hadoop is one of the best distributed processing 

framework for structured data and can process terabytes of textual data. It uses MapReduce 

programming paradigm. Raster data is composed of rows and columns of pixels and a group of 

pixels may represent a geographic feature or a phenomena on the surface of the Earth. 

Furthermore, in a multispectral image, pixels have multiple values. It is not possible to distribute 

them randomly to different machines and process them individually. To overcome this limitation, 

an Indexing technique has been developed which groups all the values for a pixel. A multiband 

file is converted into a single indexed file which can then be ingested into Hadoop for distributed 

processing. The framework developed provides a user friendly interface to help geoscientists for 

studying the geographical features. The framework automatically extracts the hidden knowledge 

(in form of topological relationships, etc.) which is not possible with the existing systems. 
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6. Methodology of Research  

The development of distributed framework for mining multiband raster geospatial data 

has been proposed which includes the  novel technique of utilizing multiple values for the pixels 

by converting the input files from spectral space to geometrical space. The framework has been 

evaluated using k-means clustering function which has also been updated to support our multi-

dimensional data format in MapReduce environment. The proposed framework also supports 

multi-distance calculating functions such as the Euclidean distance and Manhattan distance while 

it is also simple to extend it to support other distance calculations such as Mahalanobis distance 

depending on the number of dimensions involved for data processing (Shahid et al., 2009). 

Figure 1 Representation of the a custom input format  

Multi spectral (multi-dimensional) geospatial data derived from Landsat 8 have been 

used to derive the experimental results. Four to six spectral bands have been taken from several 

satellite images for the experimentations. The data is transformed for use with the developed 

mining platform. In the first stage shown in Figure 2, each pixel value of the different N bands are 

considered from the spectral space to the geometrical space. a custom input format which is 

similar to BIL (Band Interleaved by Line) is used to overcome some of the difficulties which are 

faced when processing such binary data formats in a MapReduce environment. The novel 

technique of combining all the N values of the pixel and which is also accompanied by an index 

in to a single file allows to use all the available spectral information simultaneously. The 

indexing operation by using the location of the pixel and the associated values in different bands 

has been highlighted in the Figure 1. This format allows to convert the data back from the 

geographical space to spectral space after the clustering process. The resultant file (clustered 

image) will contain only the index values and the cluster no to which the pixel belong to instead 

of the N values of that pixel.  

  

Figure 2 Indexing stage 
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9901.0,9863.0,10208.0,15680.0,1,26 
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In the second stage as in Figure 3, K-means clustering is applied in the MapReduce 

distributed mode and return the data into its initial form so it can be used for visualization as one 

single band, k-means here works as a dimensional reduction technique (Hamerly and Elkan, 

2004, Ding and Li, 2007) for projecting the N-dimensions image taken to study as one band 

image (the clustered image). The final output of the Distributed clustering process will contain 

only the index values (X & Y - which represent the location of the pixel) along with the cluster 

number, all stored using an byte (small int) value. The input image which requires N (bands) * 8 

bytes (Double) for storage is transformed to a clustered output (which is our requirement) and 

leads to a reduction of the storage space from (N * 8) bytes down to 1 byte. The final clustered 

image has been computed from all the N available bands represents complete information of the 

original file. It can be used for further processing in the framework itself (for feature extraction, 

topographical studies, topological studies, visualization, etc.) or in a non-distributed environment 

as the size has been reduced by a considerable extent.  

Figure 3 Clustering the image stage 

The platform provides functionalities for extracting the object's features out of the clustered 

scene  vector file representing the features in Open Geospatial Consortium (OGC) standardized 

WKT (Well known text) format out of the clustered raster file along with group of attributes of 

each object such as the cluster number, the object number, shape factor, the perimeter of the 

object, the area of the object, the location of the centroid for the object, and the height(elevation) 

of the centroid point, NDVI, NDRI, NDWI1, and NDWI2. The elevation of the object is 

available from the height band (DEM file). The WKT and the attribute files are linked using a 

unique identifier (cluster number and object number) which is present in both the files.  

The shape factor acquired using the following formula No. 1. The area (in meter square) is 

calculated by counting the pixels in each object including the boundaries pixels and with the help 

of the resolution of the image. The perimeter (in meters) is calculated from the boundary pixels. 

The Height is available from the DEM layer. Normalized Difference Vegetation Index (NDVI) 

which quantifies vegetation by measuring the difference between near-infrared (which vegetation 

strongly reflects) and red light (which vegetation absorbs), Normalized Difference Reflectance 

Index (NDRI) quantifies vegetation by measuring the difference between green and red light 

(which vegetation absorbs), Normalized Difference WETNESS Index (NDWI) may refer to one 

of at least two remote sensing-derived indexes related to liquid water. NDWI1 is used to monitor 
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changes in water content of leaves, using near-infrared (NIR) and short-wave 

infrared (SWIR) wavelengths, NDWI2 is used to monitor changes related to water content in 

water bodies, using green and NIR wavelengths. This process allows to individually identify all 

the objects (geographical features) and the cluster to which they belong. By using the clustered 

raster file with extracted features allows us to study the interrelationship between the objects in 

the scene by applying the Topographical and Topological Studies. 

𝑠ℎ𝑎𝑝𝑒𝐹𝑎𝑐𝑡𝑜𝑟 = 4𝜋(
𝑎𝑟𝑒𝑎

𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟 2
) ..................... (1) 

 The topographical interrelationship of an object (polygon) with the all objects around it in 

specified area can be studied. The minimum size of objects to be included in the study can be 

specified. The output of this study will be (1)-Euclidian  Distance from the center of the selected 

object to the center of other objects, (2)-Azimuth Angle and (3)- Slope ,which show the location 

of the objects to the selected object and they are calculated using the formulas No. 2 and formula 

No. 3. 

𝐴𝑧𝑖𝑚𝑢𝑡ℎ 𝐴𝑛𝑔𝑙𝑒 = 90 + (𝑡𝑎𝑛
(𝑌2−𝑌1)

(𝑋2−𝑋1)
) … … … (2)             𝑆𝑙𝑜𝑝𝑒 =

(ℎ𝑒𝑖𝑔ℎ𝑡2−ℎ𝑒𝑖𝑔ℎ𝑡1)

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒
............(3) 

Figure 4 Extracting the topological features stage 

The topological study can be done in two modes. (1) By studying any two selected 

objects and (2) similar to the topographical study mentioned above. The resulting output will 

identify whether each of the objects are in or out of the selected object and whether they touch 

the boundaries with the selected object or not. The binary topological relation between two 

objects is based on the intersection of the three part (the interior, boundary, and exterior) of each 

object. The relation between those two objects is available from the nine-intersection matrix 

show below: 

Γ9(A , B ) = (
𝐴𝜊 ∩ 𝐵𝜊                     𝐴𝜊 ∩ 𝜕𝐵                     𝐴𝜊 ∩ 𝐵−

𝜕𝐴 ∩ 𝐵𝜊                     𝜕𝐴 ∩ 𝜕𝐵                     𝜕𝐴 ∩ 𝐵−

𝐴− ∩ 𝐵𝜊                     𝐴− ∩ 𝜕𝐵                     𝐴− ∩ 𝐵−
).....................(4)  

A object  𝐴𝜊: 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 interior , 𝐴−: 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑡ℎ𝑒 boundary, and   𝜕𝐴 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑡ℎ𝑒 exterior 
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 Several tools for additional analysis of the image as described further has been included 

in the framework as shown in both Figure 3 and Figure 4. Mode Filtering which involves 

assigning to the central pixel the most common values inside the window around the pixel. 

Boundaries Enhancement, derive the boundaries of all the identified clusters so the output can 

be used for object boundaries digitising which done in this work by extracting the object into a 

victor shape files for extracting the objects geographical features and it can also be used  with 

desktop GIS softwares for further analysis. Noise Reduction, which done while extracting the 

victor files of the objects  by removing undesirable small objects, this is implemented by 

allowing the user of the platform to identify the minimum size of objects to be extracted as 

vector file. Clipping can be used to study a part of the clustered image. The image can also be 

Split horizontally or vertically as desired to divide the study area. Joining tool is also available 

which allows to combine multiple images into a single image. These functionalities are 

dependent on the proposed indexed file format. 

7. Results  

 
A. Technical specification of the Hadoop Cluster used for the experiments 

The Hadoop-cluster was set-up in a HP Proliant DL580 G7 server with 4 x Intel® Xeon® 

CPU E7-4870 @ 2.40GHz totaling to 80 cores. The server is equipped with 512GB of RAM. 

HPE 3PAR StoreServ served as storage backend with 2 x 8 Gbps connectivity. Hadoop (v.2.6.0) 

cluster was configured in the server with 50 Virtual Machines. The cluster consisted of one 

Master machine (Name Node) and 50 data machines (Data Nodes). The Name Node is 

configured with 4 virtual processors and 12 GB RAM whereas the Data Nodes were 

heterogeneously configured with the following: 

 1 data node (on Name Node) with 4 virtual processor and 12 GB RAM 

 38 data nodes with 1 virtual processor and 8 GB RAM 

 11 data nodes with 1 virtual processor and 4 GB RAM 

 

B. Benchmarking the Hadoop Cluster (I/O) 

As the storage backend consists of a single Storage Area Network (HPE 3PAR StorServ) with 

multiple disks, it is also important to test and benchmark the throughput of the HDFS. The 

benchmarking has been performed in conjunction with several suggestions provided by 

(Mukherjee et al., 2012). It is appropriate to use a distributed file system such as HDFS on top of 

a shared disk infrastructure such as a storage area network. It is also possible to reduce the 

replication factor to 1 as redundancy and fault tolerance are not desired in such an enterprise 

storage system. Table 1 shows various statistics from the DFSIO benchmark which ships with 

Hadoop. 

Table 1 Benchmarking the cluster 

TestDFSIO No. 

of 

files 

Total 

MBytes 

processed 

Throughput 

MB/sec 

Average IO 

rate MB/sec 

IO rate std 

deviation 

Test exec 

time sec 

write 3 300 27.14932127 30.57173347 9.107456973 50.61 

read 3 300 45.91368228 46.32478333 4.366822343 58.072 
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C. Results discussion 

The results for clustering two multispectral  images for the same geographical location but with 

different resolutions using our approach to k-means have been presented. The proposed approach 

does not just perform clustering but with support for various image processing techniques allows 

to describe the geographical features in the image and in particular the topographical and 

topological relationships between different object that exist in the image. The comparison of the 

clustering result of the two images along with the clustering result of desktop software ENVI 

have been presented in Table 2. Table 3 shows the statistics of clustering the Image No. 1 with 

8000 x 6000 pixels using a Hadoop cluster of 50 nodes. It is evident that the minimum elapsed 

time was recorded when the image was stored using the block size of 32 MB. It is followed by 

the block size of 64 MB and so on till the maximum block size of 256 MB. It can be seen that all 

of average mapping time, average shuffling time, and the totally mapping time increase with the 

block size. The average merge and reduce time was not affected with the change in the block size 

of the image. 

Table 2 Clustering results comparison 

Cluster 

No. 
No. of pixels in 

Image No. 1 
Cluster 

Area (X%) 
No. of pixels in 

Image No. 2 
Cluster 

Area (Y%) 
No. of pixels in 
(ENVI results) 

Cluster 

Area (Z%) 
Difference    

(Z-(Y+X)/2) 

1 5,05,827 1.05% 4,553,869 1.05% 82,766 1.40% 0.34% 

2 1,807,105 3.76% 16,300,000 3.77% 229,199 3.87% 0.10% 

3 1,989,750 4.15% 17,900,000 4.14% 304,015 5.14% 0.99% 

4 3,055,365 6.37% 27,500,000 6.37% 534,589 9.03% 2.66% 

5 4,917,089 10.24% 44,300,000 10.25% 582,282 9.84% 0.41% 

6 5,598,346 11.66% 50,300,000 11.64% 647,603 10.94% 0.71% 

8 6,484,568 13.51% 58,400,000 13.52% 822,424 13.89% 0.38% 

7 6,819,688 14.21% 61,400,000 14.21% 854,459 14.43% 0.22% 

9 7,689,434 16.02% 69,200,000 16.02% 896,664 15.15% 0.87% 

10 9,132,838 19.03% 82,200,000 19.03% 965,999 16.32% 2.71% 

Total 48,000,000 100% 432,000,000 100% 5,920,000 100% 0.00 

 

(~48 Megapixels) 

File size 1.5 GB 

(~432 Megapixels) 

File size 19 GB 
(~6 Megapixels) 

 

 

Table 3 Clustering (1.9 GB) raster image with a 50 node Hadoop Cluster 

Block size 

(MB) 

Elapsed 

Time (min) 

Average 

Map Time 

(min) 

Average 

Shuffle 

Time (min) 

Average 

Merge 

Time (min) 

Average 

Reduce 

Time (min) 

Total 

Mapping 

Time (min) 

16 4.7 2.4 2.0 0.0 0.1 3.3 

32 4.1 1.1 1.3 0.0 0.3 2.8 

64 4.5 1.8 1.0 0.0 0.3 2.8 

96 5.8 2.4 2.9 0.0 0.1 4.5 

128 6.4 3.2 4.6 0.1 0.1 5.3 

256 8.0 4.3 6.1 0.0 0.1 6.8 
  

Figure 5 clearly shows the increase in the execution time with respect to the block size, from the 

statistics it is inferred that by increasing the block size, the number of the blocks created from the 

image will be reduced and due to less number of blocks, only a few number of Hadoop nodes 

(processing machines) will compute over the data. This is because several Data Nodes will not 

be even utilized due to non-availability of data local to them and this leads to increase in the 

execution time. 
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Figure 5 Time for clustering with reference to block size 

The process of clustering results in a group of pixels being to a particular cluster depending on 

their spectral information is represented in Error! Reference source not found.. This process is 

followed by assigning identities to the cluster and each individual objects which belong to that 

cluster which we define as object extraction model. For a cluster, it is possible to have objects at 

different geographical locations and the identification becomes easier due to the availability of 

both the object identifier and cluster identifier.  

  

Figure 6 Visualization of Clustered image 

The model allows to specify parameters which can be used for filtering the required area and the 

desired clusters. The minimum size for an object to be extracted for further studies can also be 

specified. This allows to filter out small slivers and keep only the large sized objects which are of 

the interest. From the above image (Figure 6),  all the objects of the size more than 6.3 km2 (7000 

pixels) have been kept. This results extracted 623 out of total 17,323 objects and has been 

represented in Figure 7. An interface for easy visualization of the results has been developed 

using Java applets and it allows to identify the object ID by just moving the mouse to that object 
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as shown in Figure 7. A small message box appears listing the Cluster number and object 

number. From Table 4 we can find the attributes of each object such as object no.2 which belong 

to cluster No.1 has the area of  (1308191400 meter square) and its perimeter is (599310 meter). 

The NDVI, NDRI, NDWI1, and NDWI2 are also calculated individually for all the objects. 

 

Figure 7 Visualization extracted objects with size over 7000 km2(WKT file) 

Table 4 Representation of the attributes  file (attributes file output of the extraction model) 

CluNo PolyNo ShapeFactor 
Perimeter 

(mt.) 
Area 

(sq. mt.) 
X-

centroid 
Y-

centroid 
Height 
(mt.) 

NDVI NDRI NDWI1 NDWI2 

1 2 0.0458 599310 1308191400 714 862 198 0.2092 0.0067 -0.0289 -0.1147 

1 39 0.2087 39480 25887600 316 1181 245 0.2080 0.0037 0.0015 -0.0789 

1 130 0.5586 14730 9645300 811 1202 215 0.1691 -0.0002 0.0472 -0.0187 

1 222 0.4773 20130 15390900 1383 881 156 0.1895 -0.0009 0.0277 -0.0513 

. . . . . . . . . . . . 

3 34 0.5487 14010 8569800 3633 4241 164 0.1271 -0.0445 -0.0900 -0.1719 

3 37 0.9059 13290 12732300 3691 4810 179 0.1102 -0.0417 -0.0696 -0.1521 

3 52 0.1253 77760 60306300 4930 7222 167 0.0806 -0.0423 -0.0420 -0.1181 

4 2 0.2476 55620 60948900 245 3170 1381 0.2533 -0.0247 -0.0703 -0.1867 

  

 To study the topographical interrelationships for an object, the area of study 

surrounding an object can be specified. For e.g. Object No. 794 which belong to Cluster No. 8 

can be studied with all the objects  in the study area of 57600 km2. The minimum size of objects 

to be included in the study has been specified as larger than 10% of the selected object. This 

filtering process allows to study the behavior and the topographical interrelationships only 

between the larger objects in the selected area with the desired object. The filtering results can 
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also be visualized using the platform as shown in Figure 8. The selected object is automatically 

highlighted (red color). This process computes additional attributes for each object as shown in 

Table 5. The additional attributes includes the distance of the centroid of all the objects in the area 

from the selected object, the Azimuth Angle, the slope of the selected object with respect to all 

the other objects in the selected area. Table 5 allows to study the topographical relationship 

between the objects. For .e.g., the object No.11 (which belong to cluster No.9) is 92941 meter 

away and North East (42.14) of the study object No.794 (which belong to cluster No.8). 

Table 5 Representation of the attributes file 

(output of the Topographical Study Model) 

 

Figure 8 Visualization of studying object no 

794 of cluster no 8 with other objects in 

57600 km2 

The Topology Study as mentioned before can be applied using two modes. 

1. For studying topological interrelationship for two objects. Taking an example of object 

No. 1277 and object No. 245, the resultant output is that, "polygon No. 1277 is outside polygon 

No. 245 and touching the boundary." 

2. The output of the Topographical study is used to study the topological 

interrelationships between the objects in the previously selected area with the previously selected 

desired object automatically. Table 6 describes the final attribute file which contains many 

attributes and interrelationships with respect to a specified or selected object for the whole scene. 

This can be generated for any object in the scene and can be used further for decision making 

process. 

CluNo  PolyNo 
.. 

Distance  
Azimuth 

Angle Slope 

7 760 .. 46656 279.6985 -0.1393 

7 1488 .. 66490 200.9373 -0.1459 

7 2293 .. 111633 136.7423 -0.0708 

7 2545 .. 102609 146.0126 -0.0750 

7 2743 .. 180381 120.1172 -0.0006 

8 794 .. 0 0.0000 0.0000 

8 1547 .. 81265 99.8413 0.0652 

8 1765 .. 146481 104.0334 0.0819 

8 2436 .. 69673 206.1348 -0.1407 

9 11 .. 92941 42.1742 0.1765 

.  .  . . . .  .  
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Table 6 Representation of the attributes file (output of the Topology Study Model) 

CluNo PolyNo 
shape-
Factor 

Perimeter Area 
X-

Centroid 
Y-

Centroid 
Height NDVI NDRI 

NDWI-
1 

NDWI-
2 

Destance 
Azimuth 

Angle 
Slope 

in or 
out 

touching 

.. .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. 

7 691 0.0758 313950 5.94E+08 2600 1168 127 0.2589 
-

0.0178 
-

0.0579 
-

0.1684 19402 279.4332 
-

0.1649 outside touching 

7 760 0.0741 201360 2.39E+08 2444 273 94 0.2619 
-

0.0150 
-

0.0525 
-

0.1580 46656 279.6985 
-

0.1393 outside 
 not 

touching 

7 1488 0.0274 566880 7.02E+08 4776 1014 62 0.2836 
-

0.0094 
-

0.0842 
-

0.1983 66490 200.9373 
-

0.1459 outside  touching 

7 2293 0.0232 420390 3.26E+08 5416 4356 80 0.2811 
-

0.0238 
-

0.0790 
-

0.1931 111633 136.7423 
-

0.0708 outside 
 not 

touching 

7 2545 0.0746 153930 1.41E+08 5542 3718 82 0.3016 
-

0.0219 
-

0.0892 
-

0.2146 102609 146.0126 
-

0.0750 outside 
 not 

touching 

7 2743 0.0313 334050 2.78E+08 5723 7007 158 0.2846 
-

0.0229 
-

0.0715 
-

0.1969 180381 120.1172 
-

0.0006 outside 
 not 

touching 

8 794 0.0131 1044870 1.14E+09 2706 1806 159 0.2185 
-

0.0042 
-

0.0159 
-

0.1157 0 0.0000 0.0000 inside touching 

8 1547 0.2355 83430 1.30E+08 3169 4475 212 0.3032 
-

0.0144 
-

0.0691 
-

0.2027 81265 99.8413 0.0652 outside 
 not 

touching 

8 1765 0.0126 445110 1.98E+08 3890 6543 279 0.2197 
-

0.0161 
-

0.0179 
-

0.1437 146481 104.0334 0.0819 outside 
 not 

touching 

8 2436 0.0199 370410 2.17E+08 4791 783 61 0.2795 
-

0.0043 
-

0.0840 
-

0.1976 69673 206.1348 
-

0.1407 outside 
 not 

touching 

.. .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. 

 

 

Figure 9 Topology study for two objects 
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8. Achievements with respect to objectives 

 
1. Extracting hidden knowledge in the big spatial data by introduce data mining techniques and algorithms 

into Hadoop to analyzing and processing raster images, for studying the topographical and topology 

features of a scene.  

2. platform was developed for processing and  studying the multispectral raster images with a user friendly 

interface with full visualization abilities.   

a. Geometrical Space To Spectral Space (Preparation Phase) . 

b. Mining the Image. 

c. Spectral Space To Geometrical Space . 

d. Image filtering and after processing  phase. 

e. Mode Filtering. 

f. Boundaries Highlighting Enhancement. 

g. Editing the output by Clipping, Split, Join, or Cleaning the small not needed polygons. 

h. extracting the WKT of the raster image. 

i. extracting the attributes of the objects in the scene 

j. Studying the topographical interrelationship of objects in the scene. 

k. Studying the topological interrelationship of objects in the scene for decision supporting. 

l. visualization of the raster, also the victor (WKT file). 

m. the output of the proposed platform is also supported by other geospatial desktop platforms. 

3. The Platform developed was built using MapReduce programming paradigm, and was tested over a 

Hadoop cluster.  

4. A custom input format was developed that helped processing  the multi spectral geospatial raster images 

in the Hadoop distributed environment. 

 

9. Conclusions 

The main objective of the present work is to utilize the advances in distributed processing, specifically 

MapReduce programming paradigm, to facilitate big geospatial data processing and mining. The multispectral 

essence of the raster images has been preserved by converting multi-spectral space to multi-dimensional 

geometric space. With the development of this work, it has now become easier to port existing image 

processing techniques for distributed processing of giga-pixel imagery and application of custom logic for 

development of applications. 

A big geospatial data mining platform based on Apache Hadoop distributed processing environment 

has been developed in this work. The developed mining platform comes with a group of editing, filtering and 

other image processing techniques to help better extracting the geographical features out of the image data. 

The processing (mining) capabilities and other image processing facilities of the framework have been tested 

using several images of unconventional size in scale of giga-pixels, and it shows the advantages of using the 

developed framework upon a distributed environment as compared to a desktop GIS application using a single 

machine. The analysis of times of various sub processes shows clearly advantages of this processing in 

MapReduce programming. The classified image data can be used further for spatial as well as temporal 

characterizing the geo-spatial objects in an area for scene modelling and also modelling geo-spatial processes 

for topographical and topological studies. The current system  have a visualization interface allows to see big 

geospatial data at various levels of abstractions. The results derived can be utilized in the existing Desktop 

GIS frameworks. and it also highlight the importance of requirement of compute, memory, storage and 

network infrastructure for processing such large datasets 
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The proposed work can be extended to support other spatial mining techniques. Distributed processing 

techniques developed for clustering can be extended to support other types of processing. Workflows are an 

important component of any geospatial data mining systems and the current system can be extended to 

support workflow type of applications.  
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