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Abstract

Digital data is primarily created and delivered in the form of images and
videos in today’s world. Storing and transmitting such a large number of
images necessitates a lot of computer resources, such as storage and band-
width. So, rather than keeping the image data as is, the data could be
compressed and then stored, which saves a lot of space. Image compression
is the process of removing as much redundant data from an image as feasible
while retaining only the non-redundant data. In this paper, the traditional
JPEG compression technique is executed in the distributed environment with
map-reduce paradigm on big image data. This technique is carried out in
serial as well as in parallel fashion with different number of workers in order
to show the time comparisons between these setups with the self-created large
image dataset. In this, more than one Lakh (121,856) images are compressed
and decompressed and the execution times are compared with three different
setups: single system, Map-Reduce (MR) with 2 workers and MR with 4
workers. Compression on more than one Million (1,096,704) images using
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single system and MR with 4 workers is also done. To evaluate the efficiency
of JPEG technique, two performance measures such as Compression Ratio
(CR) and Peak Signal to Noise Ratio (PSNR) are used.

Keywords: Big image data, map-reduce, distributed environment, JPEG
compression, JPEG decompression.

1 Introduction

The use of mobile phones and digital hand-held cameras has increased expo-
nentially in recent years, resulting in a massive image dataset. Maintaining
such a vast image library is a time-consuming and difficult task. To store such
a large image dataset, an efficient approach is necessary. Image compression
is one of the most effective solutions to such issues. Image compression is
the process of reducing the amount of data required to represent the image
and remove the redundant data. The possible redundancies in an image are
Coding redundancy, Spatial and temporal redundancy and irrelevant informa-
tion [1]. The whole process of compression and decompression is shown in
Figure 1. The image compression can be lossy or lossless depending on the
method used to remove the redundancy. Image compression is the process
of shrinking image data files while maintaining essential information. The
compression ratio is the ratio of the original, uncompressed image file to the
compressed image file. Compression of image data can be done in spatial
domain, frequency domain or in wavelet domain. Different algorithms use
the data from different domains. In this paper JPEG algorithm for both
compression and decompression is used with Map-Reduce paradigm by
considering multiple workers.

Figure 1 Block diagram of image compression system.
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Image Data in Frequency Domain:

The rate at which the value of pixels in the spatial domain changes is
represented by the frequency domain representation of an image. The Dis-
crete Fourier Transform (DFT) or Discrete Cosine Transform (DCT) can be
used to convert an image from the spatial domain to the frequency domain.
Equation (1) can be used to compute the 2-dimensional DFT of an image, and
Equation (2) can be used to compute the Inverse Discrete Fourier Transform
(IDFT) of an image of size M×N.

F (u, v) =
M−1∑
x=0

N−1∑
y=0

f(x, y)e−j2π(ux/M+vy/N) (1)

f(x, y) =
1

MN

M−1∑
u=0

N−1∑
v=0

F (u, v)ej2π(ux/M+vy/N) (2)

where 0<=u<M and 0<=v<N, 0<=x<M and 0<=y<N, f(x, y) represents
an image and F (u, v) represents the DFT transform of the image. DFT has
both real and imaginary components. With the help of DCT, the image can
be represented in the frequency domain in a different way, using only the
real part. DCT has a greater energy compaction than DFT, which allows it
to represent the majority of energy coefficients in a sequence with only a few
transform coefficients. This makes it more suitable for feature extraction. As a
result, DCT is better suited for feature extraction than DFT. Equations (3) and
(4) offer the equations for performing the DCT and Inverse Discrete Cosine
Transform (IDCT) on an image (4).

F (u, v) =
2√
MN

C(u)C(v)
M−1∑
x=0

N−1∑
y=0

f(x, y)

× cos
(2x+ 1)uπ

2M
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2N
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f(x, y) =
2√
MN

M−1∑
x=0

N−1∑
y=0

C(u)C(v)F (u, v)

× cos
(2x+ 1)uπ

2M
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(2x+ 1)vπ

2N
(4)
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where 0<=u<M and 0<=v<N, 0<=x<M and 0<=y<N, f(x, y) repre-
sents an image and F (u, v) represents the DCT transform of the image.
Image enhancement, restoration, compression, watermarking, representation
& description, and CBIR can all benefit from the frequency domain proper-
ties. For CBIR, Kazuhiro Kobayashi et al. [2] exploited frequency domain
characteristics. For feature extraction of CBIR, Jose A. Stuchi et al. [3] used
frequency domain layers of CNN architecture.

Initially the compression methods reduced the statistical redundancy
by using the entropy coding of the image, arithmetic coding [4], Golomb
coding [5] and Huffman coding [6]. Fourier transform [7] and Hadamard
transform [8] were later proposed in late 1960s that transform the images
from spatial domain to frequency domain and Discrete Cosine Transform
(DCT) [9] proposed by Ahmed et al. in 1974 proves compression becomes
more efficient when considering only the low frequency domain image
energy. Later, quantization and prediction techniques were proposed in image
compression which further reduced visual and spatial redundancies of an
image. The most well-known and used algorithm is the JPEG compression
standard. Apart from DCT, JPEG uses differential pulse code modulation
(DPCM) [10]. JPEG 2000 [11], another image compression standard uses 2D
wavelet transform to represent images instead of DCT and uses arithmetic
coding EBCOT [12] to lower statistical redundancy.

Big Image Data Processing: Digital devices have progressed from having
very little storage capacity, processing power, and a larger size to having
greater storage, processing power, and a smaller size. As a result of this
progress, these digital gadgets now generate a large amount of diverse and
complex data. As a result, current computing equipment are capable of
storing and analysing such information. The first fields to encounter such
a data explosion were astronomy and genomics, which originated the term
BigData [13]. Big is a moving target that cannot be quantified. What is con-
sidered ‘Big’ today may not be so in the future. Volume, Variety, and Velocity
are three characteristics that can be found in ‘Big Data’. It is important to note
that this does not imply that it must possess all three features. The number of
Vs grew with time, reaching 4Vs in 2012, 7Vs in 2013 [14], and 10Vs in
2014 [15].

Unstructured data, which primarily consists of images and videos,
accounts for 80% of all data in the world [16]. Millions of CCTV cameras
in affluent countries like the UK record billions of videos each year [17].
The need for storing and searching has expanded significantly as a result
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Figure 2 Evolving of big image/video data processing.

of the billions of videos that must be stored and processed. Images and
videos are classified as unstructured data by ‘Big Data’ technologies, and the
relationship between Image Processing and Video Processing is demonstrated
in Figure 2. Big Image/Video Data Processing is the term for this. Many
technological issues, like as compression, storage, transmission, analysis, and
recognition, that were previously unsolvable with existing technologies can
now be addressed [18–21].

Manufacturing, Fraud Detection, Healthcare, Transportation Services,
Banking Sector, Media, Communication, and Insurance Services are just a
few of the industries where BigData is used. Diseases such as genomics,
tumours, chronic obstructive pulmonary disease (COPD), and cancer can
be predicted, diagnosed, and monitored in the healthcare system [22, 23].
Transportation services play a significant part in the development of smart
cities by planning routes, managing revenue, controlling traffic, and giving
travel information to city residents [24]. Analyzing client feedback, shopping
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behaviours, and finding market regions guide to a superior decision-making
process in the field of e-Commerce [25]. Analysis of client behaviour helps
a reduction in insurance and banking sector risks [26] with the use of smart
devices with GPS functionality and social media.

Map-Reduce: Map-Reduce is a programming technique for processing large
amounts of data that uses data from HDFS [27, 28] or the Local File System
(LFS).There are two steps to it: the map phase and the reduction phase. The
map phase employs the mapper function, which accepts input data in the
form of a series of <key, value> pairs and returns data in the same format.
Reducer, which is also a function, will merge the intermediate <key, value>
pairs; this phase is known as the reduce phase.

2 Methodology

In the proposed method, a total of 5 Map-Reduce Jobs: Job-0 to Job-4 are
used for the JPEG compression and decompression process. Here, Job-0 is
used for convert the images into Sequence files. The Job-1 then receives the
Sequence files, applies the JPEG compression and provides the compressed
images. Job-2 is used to calculate the compression ratio. The Job-3 receives
the compressed files and applies the JPEG decompression. Finally, the Job-4
is used for calculating the Average PSNR (APSNR). The block diagram for
this entire process is shown in Figure 3 and the detailed description is given
after that.

Job-0: Converting into sequence file:

Job0: Mapper Reducer
Input Output Shuffle and Sort Input Output

Creating
Sequence Files

<Folder, Image
Files>

<FileName,
Pixels value of
the image>

All file names
are sorted based
on image file
names

<FileName,
Pixels value of
the image>

<Seq.File-1>
<Seq.File-2>
<Seq.File-w>

The specified image dataset is initially saved in the local file system
(LFS). Figure 4 depicts the Job-0 functionality. The mapper accepts images
with any extension (jpg/png/tif. . . ) as input and outputs a <key, value> pair.
If the image is a color image, all three channels i.e. Red, Green, and Blue
pixels, are kept as part of the pair. All of these are the inputs for shuffle
and sort, and they will all be sorted by key. This sorted data is now fed
into the reducer, which will turn it into sequence files. The number of <key,
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Figure 3 MR Paradigm block diagram of the proposed system. Both input and output for
each job are displayed, and performance measures values are calculated.

Figure 4 Outline of Map-Reduce Job-0. It is used to convert the given images into sequence
files.

value> pairs in each sequence file is determined by the software’s maximum
sequence file size.

Job-1: JPEG compression of image to Binary String

Job1: Mapper Reducer
Input Output Shuffle and Sort Input Output

Compression <FileName,
Pixels value of
the image>

<FileName,
[Original Image,
Compressed
binary string]>

All file names
are sorted based
on image file
names

<FileName,
[Original image,
Compressed
binary string]>

<FileName,
[Original Image,
Compressed
Binary String]>

The mapper accepts the unbundled data as the input i.e., <FileName,
Pixels value of the image>. If the image is in color, the mapper will transform
it to grayscale. The JPEG compression given in Algorithm-1 is applied on the
image data and converted into compressed binary string. The output of the
Mapper is <FileName, Compressed binary string>. Now, this <FileName,
Compressed binary string> is then shuffled and sorted and stored. The Job-1
functionality is shown in Figure 5. Here in Job-1 the reducer is an identity
reducer.
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Figure 5 Outline of Map-Reduce Job-1. It is used to compress the whole image data.

Local File System

Map Phase

Mapper

Shuffle and Sort Reduce Phase

Reducer

< Compression Ratio 1, (Average 
Compression Ratio for m1,m2…mn)>

Mapper Reducer

< Compression Ratio n, (Average 
Compression Ratio for m1,m2…mn)>

< Compression Ratio x, (Average 
Compression Ratio for m1,m2…mn)>

< Compression Ratio 1, (Average 
Compression Ratio for m1,m2…mn)>

< Compression Ratio x, (Average 
Compression Ratio for m1,m2…mn)>

< Compression Ratio n, (Average 
Compression Ratio for m1,m2…mn)>

< Compression Ratio, 
Result>

<Fil ename 1, [Orig inal  Image, C ompresse d Bi na ry String]>
<Fil ename 2, [Orig inal  Image, C ompresse d Bi na ry String]>
<Fil ename k , [Orig inal  Image, C ompresse d Bi na ry String]>

<Fil ename x , [Orig inal  Image, C ompresse d Bi na ry String]>
<Fil ename y , [Orig inal  Image, C ompresse d Bi na ry String]>
<Fil ename  m, [Orig inal  Image, Compresse d Bi na ry String]>

 
Figure 6 Outline of Map-Reduce Job-2. It is used to calculate the average compression ratio.

Job-2: Calculating Compression Ratio

Job2: Mapper Reducer
Input Output Shuffle and Sort Input Output

Average
Compression
Ratio

<FileName,
[Original image,
Compressed
binary string]>

<Compression
Ratio, Average
Compression
Ratio for
m1,m2. . . mn >

All file names
are sorted based
on image file
names

<Compression
Ratio, Average
Compression
Ratio for
m1,m2. . . mn >

<Average
Compression
Ratio, Result>

The Mapper considers each key value pair. To find the compression ratio
for each image the size of the original image and the length of the binary
string is found. Then (R×C×8)/Length of string is used as the measure for
compression ratio. The mapper takes the average of all the key-value pairs
that it has access to and outputs <Compression Ratio, (Average compression
ratio for m1,m2. . . mn)> where m1,m2. . . mn are the various workers. The
reducers then takes <Compression Ratio, (Average Compression Ratio for
m1,m2. . . mn)> as inputs for n workers and calculates the global compression
ratio by taking the average of it to output <Compression Ratio, Result>.
Job-2 functionality is shown in Figure 6.
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Local File System 

Map Phase

Mapper

Shuffle and Sort Reduce Phase

Reducer

<Fi lename 1, [Original  Image, 
Decompress ed Image]>

Output File (Sequence File)

Mapper Reducer
<Filename n, [Original  Image, 

Decompressed Image]>

<Fi lename x, [Original  Image, 
Decompress ed Image]>

<Filename 1, [Original  Image, 
Decompressed Image]>

<Filename x, [Original  Image, 
Decompress ed Image]>

<Filename n, [Original  Image, 
Decompressed Image]>

<Filename  1, [Original  Image, C ompresse d Bi na ry String]>
<Filename  2, [Original  Image, C ompresse d Bi na ry String]>
<Filename  k, [Original  Image, C ompresse d Bi na ry String]>

<Filename  x, [Original  Image, C ompresse d Bi na ry String]>
<Filename  y, [Original  Image, C ompresse d Bi na ry String]>
<Fil ename  m, [Original  Image, Comp resse d Bina ry String]>

<Filen ame  1, [Origin al  Imag e, Dec ompr esse d Image]>
<Filen ame  2, [Origin al  Imag e, Dec ompr esse d Image]>
<Filen ame  k, [Origin al  Imag e, Dec ompr esse d Image]>

<Filen ame  x, [Origin al  Imag e, Dec ompr esse d Image]>
<Filen ame  y, [Origin al  Imag e, Dec ompr esse d Image]>
<Fil ename  m, [Orig inal  Image, Dec ompresse d Image]>

Figure 7 Outline of Map-Reduce Job-3. It is used to decompress the image data.

Job-3: Decompression

Job3: Mapper Reducer
Input Output Shuffle and Sort Input Output

Decompression <FileName,
[Original image,
Compressed
binary string]>

<FileName,
Original image,
Decompressed
image>

All file names
are sorted based
on image file
names

<FileName,
Original image,
Decompressed
image>

<FileName,
Original image,
Decompressed
image>

The Mapper takes the output from Job-1 as the input i.e<FileName, [Orig-
inal image, Compressed binary String]>. Using JPEG decompression as
in algorithm-2, Job-3 converts all the binary string back to decompressed
image of the same size. The output of the Mapper is <FileName, [Original
image, Decompressed image]>. Now, this <FileName, [Original image,
Decompressed image]> is then shuffled and sorted and stored in LFS. The
Job-3 functionality is shown in Figure 7.

Job-4: Average PSNR

Job4: Mapper Reducer
Input Output Shuffle and Sort Input Output

Average PSNR <FileName,
Original image,
Decompressed
image>

<PSNR,
Average PSNR
for
m1,m2. . . mn >

All file names
are sorted based
on PSNR value

<PSNR,
Average PSNR
for
m1,m2. . . mn >

<APSNR,
Result>

The Mapper considers each key value pair. To find the PSNR for each
image, the size of the original image and the length of the binary string is
calculated which are used to calculate Mean Square Error (MSE) in turn the
Peak Signal to Noise Ratio (PSNR). The mapper takes the average of all the
key-value pairs that it has access to and outputs <PSNR, (Average PSNR for
m1,m2. . . mn)>where m1,m2. . . mn are the various workers. The reducers the
takes <PSNR, (Average PSNR for m1,m2. . . mn)> as inputs for n workers
and calculates the average PSNR to output <PSNR, Result> for the dataset.
Job-4 functionality is show in Figure 8.
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Local File System

Map Phase

Mapper

Shuffle and Sort Reduce Phase

Reducer

< PSNR 1, (Average Compression Rati o 
for m1,m2…mn)>

Output File (Sequence File)

Mapper Reducer

< PSNR n, (Average Compression Ratio 
for m1,m2…mn)>

< PSNR x, (Average Compression Rati o 
for m1,m2…mn)>

< PSNR 1, (Average Compression Ratio 
for m1,m2…mn)>

< PSNR x, (Average Compression Ratio 
for m1,m2…mn)>

< PSNR n, (Average Compression Ratio 
for m1,m2…mn)>

<Filename  1, [Original  Image, Dec ompresse d Image]>
<Filename  2, [Original  Image, Dec ompresse d Image]>
<Filename  k, [Original  Image, Dec ompresse d Image]>

<Filename  x, [Original  Image, Dec ompresse d Image]>
<Filename  y, [Original  Image, Dec ompresse d Image]>
<Filename  m, [Orig inal  I mage, Dec ompr esse d Imag e]>

< PSNR, Result>

Figure 8 Outline of Map-Reduce Job-4. It is used to calculate average PSNR value.

The JPEG version that is used in this paper is lossy compression
applied on gray images. The compression and decompression process in
JPEG is explained in detail with the help of Algorithm-1 and Algorithm-2
respectively.

Algorithm-1: JPEG Compression Algorithm

1. Divide the images into blocks of size 8×8. If the image cannot be
divided into 8×8 blocks, padding (0 padding at the right side and/or
at the bottom of the image) is done.

2. For Each 8×8 block, perform the following steps:

a. In the 8×8 block, the pixel levels are shifted by -128 intensity
levels.

b. DCT is applied on the shifted subimage to get the corresponding
DCT coefficients.

c. The DCT coefficients are then divided by the luminance quantiza-
tion (or normalization) matrix Z, given in Figure 9 and the value is
rounded off to the nearest Integer. The scaling of this normalization
matrix allows to select the “quality” of JPEG compressions.

d. The resultant matrix obtained is reordered into a 1-D coefficient
sequence using the zigzag ordering pattern given in the Figure 10.

e. The reordered coefficient sequence begins with DC coefficient
with the remaining 63 values as AC coefficients.

f. In the 1-D coefficient sequence, the AC coefficients containing 0s
at the tail are replaced with the EOB which denotes end-of-block.
If the AC coefficients contain non-zero values at the last position
of the 1-D array, the array is not changed. Note that, a special
EOB Huffman code word is provided to indicate that the remaining
coefficients in a reordered sequence are 0s.
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g. These 1-D coefficients are encoded using the [Appendix-Table
A1], [Appendix-Table A2] and [Appendix-Table A3] given in
Appendix as:

i. The reordered coefficient sequence begins with a DC coeffi-
cient with the remaining 63 values are AC coefficients.

ii. For the DC coefficient, the difference between the current
DC coefficient and that of the previously encoded subimage
is computed. For the DC coefficient whose previous encoded
subimage doesn’t exist, zero is assumed as the previous value
for computing the difference.

iii. The resulting difference is checked for which DC difference
category it lies in [Appendix-Table A1]. The correct base
code for the category difference is selected, N bit code,
in accordance with the default Huffman difference code of
[Appendix-Table A2], while the overall length of a fully
encoded for that category coefficient is L bits. The difference
value’s least significant bits (LSBs) must be used to construct
the remaining (L-N) bits. An additional K bits are required
for a general DC difference category (say, category K), and
are computed as either the LSBs of the positive difference or
the LSBs of the negative difference minus 1.

iv. The reordered array’s nonzero AC coefficients are coded sim-
ilarly from [Appendix-Table A1] and [Appendix-Table A3].
Although no difference must be computed for AC coefficients,
each default AC Huffman code word is determined by the
number of zero-valued coefficients preceding the nonzero
coefficient to be coded and the magnitude category of the
nonzero coefficient using [Appendix-Table A1]. Based on
these pairs, the code word is formed from [Appendix-Table
A3]. The remaining steps are similar to the DC coefficient
code computation.

v. The encoding is continued until either an EOB is encountered
or all 64 values are encoded. Note that, if the AC coefficient
value is ‘0’, then there is no Huffman code for this.

h. The Encoding of the 8×8 is done and a binary string of zeros and
ones is obtained.

3. The whole bit pattern obtained for all 8×8 blocks, the result is stored
which is the compressed version of the image.
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16 11 10 16 24 40 51 61

12 12 14 19 26 58 60 55

14 13 16 25 40 57 69 56

14 17 22 29 51 87 80 62

18 22 37 56 68 109 103 77

24 35 55 64 81 104 113 92

49 64 78 87 103 121 120 101

72 92 95 98 112 100 103 99  
Figure 9 Luminance Quantization ‘or’ normalizing matrix used for JPEG compression.

0 1 5 6 14 15 27 28

2 4 7 13 16 26 29 42

3 8 12 17 25 30 41 43

9 11 18 24 31 40 44 53

10 19 23 32 39 45 52 54

20 22 33 38 46 51 55 60

21 34 37 47 50 56 59 61

35 36 48 49 57 58 62 63  
Figure 10 Zigzag ordering/sequence used in JPEG compression.

Algorithm-2: JPEG Decompression Algorithm

1. The Encoded binary string is read bit by bit to check for the correspond-
ing value for the decoding purpose. The decoding process is done so as
to obtain the 64 elements using which the 8×8 block is obtained.

2. First, the DC value is obtained by checking the Binary string for the
binary code present in [Appendix-Table A2].

3. The obtained binary code will give the length of the DC encoded value
using which the remaining code can be obtained. The Remaining code
is then used to obtain the value for the encoded value by using the
reverse mapping. (Reverse mapping is done by using the remaining bits
to determine the position of the encoded value where the values are
sorted in the ascending order as per Range column in [Appendix-Table
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A1].) Using this, the difference value is obtained which is further added
to the previously decoded DC coefficient or the assumed value for the
first DC coefficient for the string.

4. The binary encoded string is then decoded to obtain the remaining 63
AC coefficients.

5. For AC coefficients, the decoding is similar to DC coefficients where
the code is read and matched with the codes in the [Appendix-Table A3]
to obtain the Run, category and Length for the encoded value. Using
Run value, the zeros are appended into the array same as the value
of Run. The Category value is used to determine the range of values
in [Appendix-Table A1]. Using Length, the index of the value for the
encoded value is obtained by taking into consideration the Length and
removing the MSBs matched with the code in [Appendix-Table A3].
With the help of the decimal value of the bits, the encoded value can be
retrieved from the binary string.

6. The AC coefficients are determined until either a total of 64 elements
obtained (1 DC coefficient and 63 AC coefficient) or an EOB is encoun-
tered in which case the remaining values are filled with zeros till the end
of the array. This will gives the 1-D coefficients of length 64.

7. Using the 1-D coefficients obtained, the inverse zigzag operation is
applied to obtain a 8×8 block which is shown in Figure 10.

8. The Resultant matrix is then multiplied with the Luminance matrix given
in Figure 9, giving the DCT coefficients of the original subimage.

9. The values of the image are then obtained using the Inverse Discrete
Cosine Transform operation.

10. In the 8×8 subimage block, the pixel levels are shifted by +128 intensity
levels.

11. Steps (2)–(10) are repeated until the whole binary string is read which
is stored in the correct original image position to give the Image close to
the Original Image.

3 Results and Discussions

In this section, the results of compression and decompression using JPEG on
different image datasets using different number of workers in MR paradigm
are given. The two image datasets: STex textures and Corel-5000 are consid-
ered and preprocessed them to get more than one million images to test the
performance of the MR paradigm with different number of workers.
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Table 1 Different image datasets with their sizes used in this work

S.No. Dataset Creation Method Number of Images

1 First 25,000 of row 4 25,000

2 First 50,000 of row 4 50,000

3 First 75,000 of row 4 75,000

4 All 476 Textures made into 32×32 121,856

5 5 Times of 4 609,280

6 9 Times of 4 1,096,704

7 Corel-5000 5,000

STex Image Dataset: For creating the image dataset, the standard STex image
dataset containing 476 512×512 images is used. Each image is then divided
into 256 subimages with size of each being 32×32 thus giving 121,856
images. These 121,856 images were used with different replication factors to
create all the datasets used for the experimentation. Total number of images in
each dataset is given in Table 1. All these datasets are considered individually
to test both the compression methods by using the number of workers.

Corel-5000 Image Dataset: Also, JPEG compression and decompression is
executed on the Corel-5K image dataset. It consists of 5,000 images and
this dataset is generally used to test content based image retrieval (CBIR)
algorithms. In this paper, for compression and decompression the sane image
dataset is used.

To show the visual comparison of the images before compression and
after decompression, the results JPEG on Lenna image [29], Child image [29]
and Texture image [30] are shown in Figures 11, 12 and 13 respectively. The
statistical comparisons are given in Table 2.

Performance measures for analyzing the compression technique:

Compression Ratio: To measure the performance of this compression process,
‘compression ratio’ is calculated using the Equation (5).

CompressionRatio =
ob

cb
(5)

where ‘ob’ is the number of bits needed originally to represent an image as a
2-D array of intensity values and ‘cb’ is the number of bits needed to represent
the image in compressed form.
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(a) 

 
(b) 

 

 
(c) 

 
(d) 

Figure 11 JPEG Compression Results for Lenna Image (a) Original image (b) Decom-
pressed image with Quality Factor = 1 (c) Decompressed image with Quality Factor = 5
(d) Decompressed image with Quality Factor = 10.

 
(a)  

(b) 
 

 
(c)  

(d) 
Figure 12 JPEG Compression Results for Child Image (a) Original image (b) Decompressed
image with Quality Factor = 1 (c) Decompressed image with Quality Factor = 5 (d) Decom-
pressed image with Quality Factor = 10.
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(a)  

(b) 
 

 
(c)  

(d) 
Figure 13 JPEG Compression Results for Texture Image (a) Original image (b) Decom-
pressed image with Quality Factor = 1 (c) Decompressed image with Quality Factor = 5 (d)
Decompressed image with Quality Factor = 10.

Table 2 JPEG results for the three images considered with the three quality factors 1, 5
and 10

Compression Ratio RMSE PSNR
QF:1 QF:5 QF:10 QF:1 QF:5 QF:10 QF:1 QF:5 QF:10

Lenna 13.52 34.96 48.39 3.83 7.34 10.68 36.47 30.82 27.56
Child 25.18 49.13 59.73 2.43 4.78 7.27 40.41 34.54 30.90
Texture 7.63 19.46 30.35 4.36 9.87 14.52 35.34 28.25 24.89

Average Compression Ratio (ACR): The average compression ratio of all the
images considered can be calculated by using the Equation (6).

ACR =
1

n

n∑
k=1

CompressionRatiok (6)

Mean Square Error (MSE): The MSE is a measure of the differences between
image pixel values after decompression and the original pixel values of the
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image before compression. The value of MSE depends on the size of the
image. The value of MSE decreases with increase in the size of the image.
The value of MSE can be calculated using Equation (7).

MSE =
1

mn

m∑
i=1

n∑
j=1

[f(i, j)− k(i, j)]2 (7)

where f(i, j) is the original image and k(i, j) is the decompressed image, m
and n are the size of the image, m×n is the size of the image.

Average Peak Signal to Noise Ratio (APSNR): PSNR is most commonly
used to measure the quality of reconstruction. The relation between MSE and
PSNR is that, as the value of MSE decreases, the value of PSNR increases.
It can also be said that the value of PSNR increases with the increase in the
size of the image (as MSE decreases with size). Also, it can also be deduced
that the value of PSNR increases with the increase in the Maximum value for
the given number of bits required to represent the image. At any time, the
minimum value of PSNR is 0 and maximum value of PSNR is infinity. The
value of PSNR and APSNR can be calculated using the Equations (8) and (9)
respectively.

PSNR = 10 log10

(
(Maxi)

MSE

2
)

(8)

Here, Maxi is the maximum possible pixel value of the image. This is
255 when the pixels are represented using 8 bits per sample.

APSNR =
1

n

n∑
k=1

10 log10

(
(Max i)

MSE

2
)

(9)

where, n is the number of images in the dataset.
The JPEG compression technique is applied on the image datasets given

in Table 1 by using the single system, 2 workers with MR and 4 workers
with MR paradigm. The performance measures and execution time for the
datasets using JPEG are given in Tables 3 to 5. Based on these results, graphs
are drawn to show the comparison of these executions.

To show the time comparison for different setups for each of the jobs, the
graphs are drawn and are shown in Figures 14 to 18. These figures clearly
show that the time to complete with 4 workers is significantly less than with a
single system or 2 workers setups. The time advantage achieved is calculated
and shown in Table 6.
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Figure 14 Time graph for 25,000 Images.
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Figure 15 Time graph for 50,000 Images.
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Figure 16 Time graph for 75,000 Images.
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Figure 17 Time graph for 121,856 Images.
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Figure 18 Time graph for Corel-5000 Images.

Table 6 The total amount of time saved for all image datasets considered. The top section
of the table displays the time in seconds, while the lower part displays the percentage of time
saved with various worker counts
25,000 50,000 75,000 121,856 Corel-5000 609,280 1,096,704

Single System 1695.89 3245.92 4599.79 7166.38 7258.80 21310.41 38205.01

MR-No. of Workers: 2 1000.73 1927.17 2688.60 4144.09 3576.11 — —

MR-No. of Workers: 4 562.06 1058.49 1466.53 2392.51 2037.42 7010.98 12999.34

% of Saved Time: 2 over Single 41% 41% 42% 42% 51% — —

% of Saved Time: 4 over Single 67% 67% 68% 67% 72% 67% 66%

% of Saved Time: 4 over 2 44% 45% 45% 42% 43% — —
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Figure 19 Time graph for 10 Lakh Images.

In Tables 3, 4 and 5 the results are shown up to 121,856 and for Core-
5000 image dataset. But for the other two datasets 609,280 and 1,096,704,
the time to complete both compression and decompression takes a lot of
time. For these two datasets only JPEG compression is done on single system
and 4 workers with MR paradigm. The time comparison for this is shown in
Figure 19.

4 Conclusion and Future Extension

In this paper a technique to handle big image data is shown by successfully
compressing as well as decompressing 121,856 images and also compressing
more than one million (1,096,704) images with the help of Map-Reduce
paradigm. The compressed images size was 12.15% of the original image
dataset size by using JPEG compression technique. Since the whole process
was executed in distributed environment with four workers, it took 31.82% of
the time taken by the single system execution for the complete compression-
decompression cycle. Also, when the whole process was executed with two
workers, it took 56.79% of the time taken by the single system execution. This
paper has proved here that distributed environment can significantly reduce
the execution time to handle big image data.
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Appendix

Table A1 JPEG coefficient coding categories
Range DC Difference Category AC Category
0 0 N/A
-1,1 1 1
-3,-2,2,3 2 2
-7,...,-4,4,...,7 3 3
-15,...,-8,8,...,15 4 4
-31,...,-16,16,...,31 5 5
-63,...,-32,32,...,63 6 6
-127,...,-64,64,...,127 7 7
-255,...,-128,128,...,255 8 8
-511,...,-256,256,...,511 9 9
-1023,...,-512,512,...,1023 A A
-2047,...,-1024,1024,...,2047 B B
-4095,...,-2048,2048,...,4095 C C
-8191,...,-4096,4096,...,8191 D D
-16383,...,-8192,8192,...,16383 E E
-32767,...,-16384,16384,...,32767 F N/A

Table A2 JPEG default DC Code (luminance)
Category Base Code Length
0 010 3
1 011 4
2 100 5
3 00 5
4 101 7
5 110 8
6 1110 10
7 11110 12
8 111110 14
9 1111110 16
A 11111110 18
B 111111110 20
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Table A3 JPEG default AC Code (luminance)
Run/ Base Run/ Base Run/ Base

Category Code Length Run/ Code Category Code Length

0/0 1010 (EOB) 4 5/4 1111111110100000 20 A/8 1111111111001110 24

0/1 00 3 5/5 1111111110100001 21 A/9 1111111111001111 25

0/2 01 4 5/6 1111111110100010 22 A/A 1111111111010000 26

0/3 100 6 5/7 1111111110100011 23 B/1 111111010 10

0/4 1011 8 5/8 1111111110100100 24 B/2 1111111111010001 18

0/5 11010 10 5/9 1111111110100101 25 B/3 1111111111010010 19

0/6 111000 12 5/A 1111111110100110 26 B/4 1111111111010011 20

0/7 1111000 14 6/1 1111011 8 B/5 1111111111010100 21

0/8 1111110110 18 6/2 11111111000 13 B/6 1111111111010101 22

0/9 1111111110000010 25 6/3 1111111110100111 19 B/7 1111111111010110 23

0/A 1111111110000011 26 6/4 1111111110101000 20 B/8 1111111111010111 24

1/1 1100 5 6/5 1111111110101001 21 B/9 1111111111011000 25

1/2 111001 8 6/6 1111111110101010 22 B/A 1111111111011001 26

1/3 1111001 10 6/7 1111111110101011 23 C/1 1111111010 11

1/4 111110110 13 6/8 1111111110101100 24 C/2 1111111111011010 18

1/5 11111110110 16 6/9 1111111110101101 25 C/3 1111111111011011 19

1/6 1111111110000100 22 6/A 1111111110101110 26 C/4 1111111111011100 20

1/7 1111111110000101 23 7/1 11111001 9 C/5 1111111111011101 21

1/8 1111111110000110 24 7/2 11111111001 13 C/6 1111111111011110 22

1/9 1111111110000111 25 7/3 1111111110101111 19 C/7 1111111111011111 23

1/A 1111111110001000 26 7/4 1111111110110000 20 C/8 1111111111100000 24

2/1 11011 6 7/5 1111111110110001 21 C/9 1111111111100001 25

2/2 11111000 10 7/6 1111111110110010 22 C/A 1111111111100010 26

2/3 1111110111 13 7/7 1111111110110011 23 D/1 11111111010 12

2/4 1111111110001001 20 7/8 1111111110110100 24 D/2 1111111111100011 18

2/5 1111111110001010 21 7/9 1111111110110101 25 D/3 1111111111100100 19

2/6 1111111110001011 22 7/A 1111111110110110 26 D/4 1111111111100101 20

2/7 1111111110001100 23 8/1 11111010 9 D/5 1111111111100110 21

2/8 1111111110001101 24 8/2 111111111000000 17 D/6 1111111111100111 22

2/9 1111111110001110 25 8/3 1111111110110111 19 D/7 1111111111101000 23

2/A 1111111110001111 26 8/4 1111111110111000 20 D/8 1111111111101001 24

3/1 111010 7 8/5 1111111110111001 21 D/9 1111111111101010 25

3/2 111110111 11 8/6 1111111110111010 22 D/A 1111111111101011 26

3/3 11111110111 14 8/7 1111111110111011 23 E/1 111111110110 13

3/4 1111111110010000 20 8/8 1111111110111100 24 E/2 1111111111101100 18

3/5 1111111110010001 21 8/9 1111111110111101 25 E/3 1111111111101101 19

3/6 1111111110010010 22 8/A 1111111110111110 26 E/4 1111111111101110 20

3/7 1111111110010011 23 9/1 111111000 10 E/5 1111111111101111 21

3/8 1111111110010100 24 9/2 1111111110111111 18 E/6 1111111111110000 22

3/9 1111111110010101 25 9/3 1111111111000000 19 E/7 1111111111110001 23

3/A 1111111110010110 26 9/4 1111111111000001 20 E/8 1111111111110010 24

4/1 111011 7 9/5 1111111111000010 21 E/9 1111111111110011 25

4/2 1111111000 12 9/6 1111111111000011 22 E/A 1111111111110100 26

4/3 1111111110010111 19 9/7 1111111111000100 23 F/0 111111110111 12

4/4 1111111110011000 20 9/8 1111111111000101 24 F/1 1111111111110101 17

4/5 1111111110011001 21 9/9 1111111111000110 25 F/2 1111111111110110 18

(Continued)
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Table A3 Continued
Run/ Base Run/ Base Run/ Base

Category Code Length Run/ Code Category Code Length

4/6 1111111110011010 22 9/A 1111111111000111 26 F/3 1111111111110111 19

4/7 1111111110011011 23 A/1 111111001 10 F/4 1111111111111000 20

4/8 1111111110011100 24 A/2 1111111111001000 18 F/5 1111111111111001 21

4/9 1111111110011101 25 A/3 1111111111001001 19 F/6 1111111111111010 22

4/A 1111111110011110 26 A/4 1111111111001010 20 F/7 1111111111111011 23

5/1 1111010 8 A/5 1111111111001011 21 F/8 1111111111111100 24

5/2 1111111001 12 A/6 1111111111001100 22 F/9 1111111111111101 25

5/3 1111111110011111 19 A/7 1111111111001101 23 F/A 1111111111111110 26
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