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Abstract
The objective of this paper is to provide a proposed method for radiographic image compression with maximum Compres-
sion Ratio (CR) as possible and keeping all details, especially in the Region Of Interest (ROI) that contains the important 
information in the image. In the proposed method; firstly, the ROI is separated from the image background using an automatic 
threshold based on the occurrence histogram of the variance image, then the image background is compressed with the maxi-
mum possible compression ratio using image pyramid compression followed by lossy Vector Quantization (VQ) compression 
technique based on Generalized Lloyd Algorithm (GLA) method for generating the codebook. After that, ROI is compressed 
using the Huffman Code (HC) with low compression ratio and with minimum loss in details. Finally, the compressed image 
is obtained by combing both the compressed background and the compressed ROI. The results are evaluated by calculating 
the Normalized Cross Correlation (NCC) and the Structural Similarity Index (SSIM) between the original image and the 
recovered image after decompression at different compression ratios. The obtained results are compared with the results 
obtained from compressing the whole image without separation using lossy VQ, HC, Discrete Cosine Transform (DCT), 
and JPEG2000 compression methods. The results show that, the proposed method owns more reliable performance than 
completely compressing the radiographic image without separation using VQ compression or Huffman coding compression.

Keywords  Radiography · Image compression · Vector quantization · Huffman encoding

1  Introduction

Nowadays, Radiography Testing (RT) plays an essential rule 
in many medical and industrial applications. In medicine, 
RT is used to diagnose different parts of the human body. 
In industry, RT is used to diagnose the weld quality of the 
welded components in the pipelines that carry natural gas 
or oil (Kasban et al. 2011). The most important advantages 
of the RT include; It is a non-destructive testing, non-inva-
sively, more rapidly, and cheaply. RT uses a radiation source 
(gamma radiation source or X-rays) to inspect the materials, 
where, a radiation detector (film, camera, et. al.) captures 
the image.

Daily, a huge number of radiographic images are col-
lected and, in many cases, there is an essential need for stor-
ing the collected images in a database or for transferring 
these images among different practitioners. The challenge 
that faces storing or transmission of these images with keep-
ing its high diagnostic quality is the high required capacity 
of the storage media or the transmission channel. So, effi-
cient compression of these images can be used to overcome 
this challenge through reducing the amount of data that rep-
resent the image and obtaining a compact representation of 
the image, hence leading to a great storage reduction reduc-
ing of the image or transmission requirements. Image com-
pression reduces the number of bits required for representing 
the image as much as possible with keeping the quality of 
the reconstructed image as close to the original image as 
possible. Image compression helps in saving storage space 
and enables easy sharing of files. Image compression may 
be lossy or lossless compression, as shown in Table 1 which 
compares between the two types.

There are many methods can be utilized for image com-
pression, some of these methods depend on mathematical 
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transforms such as; Discrete Cosine Transform (DCT) 
(Haweel et al. 2016; Almurib et al. 2017; Messaoudi and 
Srairi 2016), Discrete Wavelet Transforms (DWT) (Bruy-
lants et al. 2015; Vaish et al. 2017), Integer Wavelet Trans-
forms (IWT) (Zhang and Tong 2017), Karhunen Loeve 
Transforms (KLT) (Zhang et al. 2004), Hartley Transform 
(Sunder et al. 2006), Watershed Transform (Hsu 2012), 
Walsh Hadamard transform (Venugopal et al. 2016). Tch-
ebichef Transform (Ernawan et al. 2017; Kiruba and Sum-
athy 2018; Xiao et al. 2016), and Singular Value Decom-
position (SVD) (Kumar and Vaish 2017). The performance 
of the image compression methods is related to the perfor-
mance of the mathematical transforms with respect to the 
energy compaction and the spatial frequency. Vector Quan-
tization (VQ) is considered a powerful method for lossy 
image compression (Hosseini and Nilchi 2012; Nguyen et al. 
2011; Chiranjeevi and Jena 2017; Jiang et al. 2017) because 
it can use more points where the power density function 
is higher and it exploits statistical dependence between the 
vector components. Huffman coding is developed by David 
Huffman and it is the most common technique for lossless 
image compression (Dubey and Singh 2012; Anitha 2015; 
Kasmeera et al. 2016) due to its simplicity and its variable 
length coding scheme.

The digital radiographic image consists of two main parts; 
the first part is very important and represents the region that 
contains the important information in the image and it is 
called ROI or object area. For example, the image of any 
part of human body in medical applications or the welded 
area or any important parts in industrial applications. The 
other part is less important which represents the image back-
ground, sometimes; it contains some useful information such 
as; image number, image capturing date, etc. Therefore, the 
radiographic image compression process should be carried 
out with a maximum possible compression ratio while keep-
ing all the details in the ROI without any information loss 
because any loss could cause an error in the interpretation 
of the image. In the image background, it may be overtaking 
for the loss of some information.

Radiographic image compression is rarely studied by 
researchers, because of its main challenge as any loss, even 
in small details could cause wrong interpretation of the 
image. Few researchers presented some radiographic image 
compression techniques, especially medical ones. (Zhang 
et al. 2004) used the DCT, KLT, and DWT for compressing 
ultrasonic images. (Karimi et al. 2016) analyzed the per-
formance of different multi-stage compression techniques.

This paper proposes a method for digital radiography 
image compression with maximum compression ratio while 
keeping all the details in the ROI by separating this region 
from the image background. The image background is com-
pressed using one stage image pyramid compression fol-
lowed by lossy vector quantization compression technique 
with high compression ratio and low quality while the ROI 
is compressed using the lossless Huffman code with low 
compression ratio and without any loss of any details. The 
compressed image obtained by combing the compressed 
background and the compressed ROI.

The rest of this paper is arranged as follows; Sect. 2 
presents the proposed adaptive hierarchical radiographic 
image compression technique. Section 3 presents the ROI 
and background separation method. Section 4 presents the 
image background compression using pyramid compression 
and vector quantization technique. Section 5 presents the 
ROI compression using the Huffman encoding. Section 6 
presents the image reconstruction method. Section 7 gives 
the simulation results. Finally, Sect. 8 gives the conclusions 
remarks.

2 � Proposed adaptive radiographic image 
compression technique

The block diagram of the proposed method is shown in 
Fig. 1. It consists of two main stages; compression stage 
as shown in Fig. 1a and decompression stage as shown in 
Fig. 1b. In the compression stage, the radiographic image is 
separated into ROI and background. The image background 

Table 1   Comparison between the lossy and lossless compression

Compression Lossless Lossy

Recover The original image perfectly recovered from the compressed image without 
loss in the details

The original image is not exactly recovered from 
the compressed image, but with some loss in the 
details

Noise Noiseless, do not add noise to the image Minor loss of fidelity is acceptable
CR 1:1 to 1:3 1:5 to 1:300
Applications High performance applications such as; geophysics, technical drawing, 

telemetry, nondestructive evaluation, and medical imaging
Natural images such as photos in application where

Examples Huffman Coding
Arithmetic Coding
Run Length Coding

Vector Quantization
Mathematical Transforms
Image pyramid Truncation Coding
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is compressed using one stage image pyramid compression 
followed by VQ encoding technique while the ROI is com-
pressed using the Huffman encoding. The final compressed 
image is obtained by combing both the compressed back-
ground and the compressed ROI. In decompression stage, 
the compression steps are reversed by decoding algorithms 
to obtain the decompressed radiographic image, the steps of 
the proposed compression technique will present in details 
in the following subsections.

3 � ROI and background separation

The ROI is separated from the background after determin-
ing the ROI. The block diagram of the ROI and background 
separation is shown in Fig. 2.

The separation process consists of the following steps:

1.	 Constructing a variance image from the original image 
with the same size by moving a small rectangular win-
dow across the image as shown in Fig. 3a, b.

2.	 Thresholding the variance image by an automatic thresh-
old value obtained from the occurrence histogram of 
the variance image. Where the histogram of the vari-
ance image normally contains few peaks, the first peak 
represents the image background, while the other peaks 
represent the ROIs in the image. The threshold value is 
the gray level value that corresponds to the first trough 

between the first two peaks. The output of variance 
thresholding is the variance mask as shown in Fig. 3c.

3.	 Thresholding the variance mask using erosion morpho-
logical operation. During this operation, any pixel group 
smaller than the structuring element size is changed into 
background pixels. The used structuring element size is 
determined by calculating the largest of pixel group size 
represents ROI and dividing the size by 2. This step is 
important because some radiographic images may con-
tain some information in the background rather than the 
ROI, so the variance mask it may contain some of this 
information as shown in Fig. 3d.

4.	 Locating the dimensions of all ROI in the image to 
obtain a rectangular mask as shown in Fig. 3e.

5.	 Adding the rectangular mask to the original radiographic 
image, the output is the radiographic image with out-
lined ROI as shown in Fig. 3f.

6.	 Cutting the ROI from the image based on the rectangu-
lar mask dimension, the outputs are the ROI image as 
shown in Fig. 3g and the background image as shown in 
Fig. 3h.

4 � Image Background Compression

Although the radiographic image background is less impor-
tant than the ROI, sometimes, it contains some useful infor-
mation that may help the user. Therefore, radiographic image 
background could be carried out with a maximum possible 

Fig. 1   Block diagram of the 
proposed radiographic image 
compression method
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compression ratio and with an acceptable loss of some infor-
mation. In this paper, the radiographic image background 
compression is carried out using two steps; the first step 
is performing the pyramid image compression, where the 
image is hierarchically represented by its levels correspond-
ing to a reduced resolution approximation. The compressed 
image for the radiographic background image is shown in 
Fig. 4. The results show than one stage only can be used.

The second step is the vector quantization compression 
technique based on GLA method for generating the code-
book. VQ based image compression consists of two main 
stages; encoding and decoding as shown in the block dia-
gram shown in Fig. 5.

In encoding stage; firstly, the image is divided into a set 
of k-dimensional training vectors. Then, clustering these 
vectors is carried out to obtain the codebook of codewords. 
After that the encoder takes the vector and returns the index 
of the code vector with lowest distortion. The compression 
process is carried out by storing or transmitting the address 
of the vector rather than the vector itself. In the decoding 
stage, searching about the code-vector index in the codebook 
is done for obtaining its corresponding code-vector that is 
used in image reconstruction.

There are many algorithms can be used for VQ perform-
ing such as; Generalized Lloyd Algorithm (GLA) (Linde 
et al. 1980). Back Propagation Neural Network (BPNN), 

Fast Back Propagation (FBP) and Equitz Nearest Neighbor 
(ENN). The basic algorithm is the GLA also called Linde 
Buzo Gray (LBG) Algorithm. The GLA is the standard 
method of VQ and it generates the local optimal codebook. 
Considering the training vector with length N is X = (X1, 
X2, ….., XN), and the desired number of code vectors is 
M. The GLA algorithm can be carried out in the following 
steps:

Generating an initial codebook Y(0) from the average of 
the entire training sequence.

Searching about the nearest codeword among the ith code-
word Y(i) by calculating the Euclidean distances d(X; Y) 
between the training vector and the codewords as:

 where, Xj is jth component of the training vector, and Yij is 
jth component of the code-vector Yi.

Calculating the centroid of each cluster in obtaining near-
est codebook:

(1)Y(0) =
{
Y1, Y2, … , YM

}

(2)d(Xi, Yi) =

√√√
√

N∑

j=1

(Xi − Yij)
2

(3)Ci =
1

m

m∑

i

Xij

Fig. 2   Block diagram of the 
ROI and background separation 
process
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Fig. 3   Results of the ROI and 
background separation process 
steps

(a) Radiographic image egamiecnairaV(b)

(c) Variance mask (d) Morphological mask

(e) Rectangular mask IORdeniltuohtiwegamicihpargoidaR(f)

(g) ROI image egamidnuorgkcaB(h)

Fig. 4   Results of image 
background compression using 
pyramid image compression

(a) One stage pyramid image compression (b)Two stages pyramid image compression



2860	 H. Kasban, S. Hashima 

1 3

 where, i is the component of each vector and m is the num-
ber of vectors in the cluster.

Calculating the average distortion for the codebook Yi+1, 
between the training vectors and the codebook is given as:

 where, M is the size of training set, k is the size of each 
vector and ||.|| is a symbol for Euclidean distance.

If possible, converging the average distortion to a 
dynamic constant value ɛ (threshold value), to obtain code-
book the procedure stops.

Otherwise, go to Step 3 and the process is repeated until 
getting the threshold value.

Several researchers presented a lot of schemes for improv-
ing the GLA method using different Codebook Search Algo-
rithms (CSAs). (Ra and Kim 1993) presented CSA based 

(4)D
i
avg

=
1

M.k

M∑

i

‖‖Xi − Ci
‖‖
2

(5)
Di-1

avg
− Di

avg

Di
avg

≤ �

on the mean distance ordered. (Wu and Lin 2000) presented 
fast CSA based on the Cauchy Schwarz inequality. (Pan 
et al. 2003) presented fast CSA based on sub-vector tech-
nique. (Hu and Chang 2003) presented CSA based on integer 
projection. (Pan et al. 2005) presented fast CSA using the 
modified L2-norm pyramid. Hu et al. (2008) presented fast 
CSA by combining the test condition of triangular inequality 
elimination. (Huang et al. 2009) presented fast CSA based 
on histogram thresholding. (Wen et al. 2014) presented an 
improved algorithm FIVQ based on the special optical char-
acteristics. Recently, Karri and Jena (2016) presented CSA 
based Bat algorithm with automatic zooming features, the 
results give good Peak Signal-to-Noise Ratio (PSNR) with 
less computational time due to adjustable pulse emission 
rate and loudness of bats. Jiang et al. (2012) proposed medi-
cal image compression approach based on wavelet transform 
and vector quantization with variable block size. The results 
show that the proposed method improved the compression 
performance.

Although the above improvements achieved good results 
for the image quality with more complexity, but in our case, 
we used the GLA standard method of VQ for a codebook 
generation because it is simple and for background the image 
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Fig. 5   Image compression using vector quantization

Fig. 6   Results of image back-
ground compression using VQ
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quality is not an essential task. Figure 6 shows the results of 
the image compression after using the GLA VQ compres-
sion step.

5 � ROI compression

The ROI compression in the radiographic image process 
must be carried out with a maximum possible compres-
sion ratio without affecting on any details or any loss of the 
information, so that a lossless image compression is carried 
out using Huffman coding. Performing of Huffman code 
is simple as shown in the flowchart shown in Fig. 7 (Kaur 
and Kaur 2013). Firstly, the pixels are sorted by occurrence 
probabilities in descending order, then merge the two lowest 
probabilities creating a parent node with a frequency that is 
the sum of the two lower element’s occurrence probabilities, 
after that, assigning zero for the left branch and one for the 

right branch. The process is repeated by merging the two 
lowest elements until there is only one element left in the 
list. Finally, this element becomes the root of the binary 
Huffman tree and used for generating the Huffman code.

Huffman code is usually utilized in lossless image com-
pression, where it uses the lower number of bits to encode 
the pixels that occurs more frequently. The codes are stored 
in the codebook which constructed for each image or for 
a set of images. The compression process maintains the 
count of how many times each pixel is occurring so far in 
the image. Encoding the next pixel, the pixel counts are used 
as estimates of the occurrence probabilities of the pixels and 
a table of Huffman codes based on these occurrence prob-
abilities is constructed. The table of Huffman code is used 
to encode the next pixel. The decoding process is performed 
by rearranging the same set of pixel occurrence probabilities 
to from the decompressed image pixels and use the table to 
reconstruct the same Huffman code table.

Figure 8 shows the results of the ROI compression after 
using Huffman coding compression.

6 � Image reconstruction

The Image reconstruction is carried out in the following 
steps:

1.	 Applying the same background ROI described above on 
the compressed background image.

2.	 Replace the ROI area with zeros matrix in the resultant 
background image.

3.	 Adding the compressed ROI to the resultant image from 
step 2.

4.	 Output the compressed image.
5.	 Applying the same background ROI on the decom-

pressed background image.
6.	 Replace the ROI area with zeros matrix in the resultant 

background image.
7.	 Adding the decompressed ROI to the resultant image 

from step 6.
8.	 Output the decompressed image.

Two examples of radiographic images after compression 
and decompression are shown in Fig. 9.

Generate the codeword by reading 
the transition bits on the branches 
from top to bottom 

Assign zero for the left branch and 
one for the right branch

Merge the two lowest probabilities 
into one node

Arrange the pixel occurrence 
probabilities in descending order

Start

End

Unmerge node > 1

N

Y

Fig. 7   Performing Huffman code flowchart

Fig. 8   Results of ROI compres-
sion using Huffman coding 
compression

(a) Compressed data  (b) Decompressed image from HC
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7 � Experimental results

To evaluate the proposed compression method, the radio-
graphic images database has been collected. The collected 
database contains welded pipelines images as an industrial 
application and chest images as a medical application. The 
industrial radiographic images are 150 welds images includ-
ing about 150 weld defects for welded pipes obtained using 
gamma radiography (Zahran et al. 2013). The medical radio-
graphic images are 150 chests images collected from litera-
ture and Internet pages.

The performance of the image compression process is 
normally specified using the compression efficiency which 
is determined by the compression ratio. Compression Ratio 
(CR) is the ratio between the compressed image size and the 
original image size. For quantitative evaluation of the image 
compression process, two parameters are calculated with dif-
ferent CR. The two parameters are the NCC and the SSIM 
between the original image and the recovered image after 
decompressing. The NCC is used for measuring the reliabil-
ity of the compression process by evaluating the similarity 
between the original image and the decompressed image, it 
is defined as (Kasban 2017) [37]:

 where Ix and Iy are the original and the decompressed images 
respectively, while µx and µy represent the mean values of 
the original and the decompressed images respectively.

(6)NCC(Ix, Iy) =

∑
i

∑
j (Ix − �

x
)(Iy − �y)

�∑
i

∑
j (Ix − �x)

2
�∑

i

∑
j (Iy − �y)

2

The SSIM measures the compression process perfor-
mance by capturing the similarity between the original and 
the decompressed images. The images similarities are in 
luminance, contrast, and structure. The SSIM is defined as 
(Wang et al. 2004):

 where σf and σg are the standard deviations of original and 
the decompressed images respectively. σfg is the correla-
tion coefficient between the original and the decompressed 
images. Ls is the dynamic range of the pixel values, and Ks 
is a small constant less than 1 and used for avoiding the 
instability when µx and µy is very close to zero.

The results of the proposed compression method are 
evaluated by calculating the NCC and the SSIM between 
the original image and the recovered image after decom-
pressing with different CRs. These values are calculated for 
all images in the database and the average is plotted. The 
same procedure is carried out with compression of the radio-
graphic images without separation using VQ, HC, DCT, and 
JPEG2000 compression methods. Figures 10 and 11 shows 
the variation of the SSIM with the CR for the welds images 
and for the chest images respectively. Figures 12 and 13 
shows the variation of the NCC with the CR for the welds 
images and for the chest images respectively.

The results show that the SSIM and the NCC values are 
decreased by increasing the CR. The upper curve represents 
the ROI compression gives the highest NCCs and SSIMs 

(7)

SSIM(Ix, Iy) =
2(2�x�y + (KsLs)

2
)(�xy + (KsLs)

2
)

(�2
x
+ �2

y
+ (KsLs)

2
)(�2

x
+ �2

y
+ 2(KsLs)

2
)

(a)   Original weld (b) Compressed weld (c)  Decompressed weld

(d) Original medical (e) Compressed medical (f) Decompressed medical 

Fig. 9   Radiographic images examples after compression and decompression
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values where the information lost between the original and 
the decompressed images are very small. On the other hand, 
the lower curve represents the background compression 
gives the lowest NCCs and SSIMs values where the informa-
tion lost between the original and the decompressed images 
are very large. The other curves representing the compres-
sion of the whole image without separation using the pro-
posed approach, VQ, HC, DCT, and JPEG2000 compression 
methods. The different between the weld images results and 
chest images results because the background in weld images 
is larger than the background in the chest images. The results 

proved that, the proposed method is more reliable perfor-
mance than compression the radiographic image without 
separation using other compared compression methods.

Furthermore, the proposed compression method has been 
compared with other published results for a single image to 
verify the effectiveness of the proposed method. Figure 14 
shows the compressed images with a compression ratio of 
25% using DCT, JPEG2000, and HC, VQ, VQ in wavelet 
domain [34] and our proposed method. Table 2 shows the 
PSNR, SSIM, and NNC values corresponding to these com-
pressed images with respect to the original image.

Fig. 10   The variation of the 
SSIM with the CR for the welds 
images
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The above results showed that the proposed method can 
be reliable for compression of radiographic images. The pro-
posed method didn’t achieve the highest values of NCC and 
SSIM because the decreasing in these values may be result-
ing from using the lossy compression for compressing the 
background area, this means that the high information loss in 
the background only while the ROI were compressed using 
lossless compression for keeping most of the image details 
in ROI area, especially that contains the important informa-
tion in the image. The PSNR value of the proposed method 

is higher than the other comparison methods demonstrating 
the efficiency of the proposed method.

8 � Conclusions and future work

This paper presented a proposed method for radiographic 
image compression based on separating the radiographic 
images into ROI and image background. The image back-
ground compressed using image pyramid compression 

Fig. 12   The variation of the 
NCC with the CR for the welds 
images
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Fig. 13   The variation of the 
NCC with the CR for the chest 
images
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followed by VQ based GLA compression algorithm. The 
ROI is compressed without any details lost using the Huff-
man coding compression technique. The compressed image 
is obtained by combing the compressed background and 
the compressed ROI. The obtained results show that the 
proposed method gives a better performance than the com-
pressing the whole image without separation using DCT, 
JPEG2000, HC, and VQ compression in terms of NCC and 
SSIM for different CRs.

Although the proposed approach achieved good results, 
there are still some aspects which can be developed in the 
future to increase the efficiency of the compression process 
and add more facilities to be suitable for in-site real-time 
implementation such as doing some image preprocessing 

(a) Original image

(b) DCT (c) JPEG2000 CH)d(

(e) VQ (f) VQ in wavelet domain dohtemdesoporP(g)

Fig. 14   Compressed images using different compression methods

Table 2   PSNR, SSIM, and NNC values corresponding to the com-
pressed images using different compression methods

Compression method PSNR NCC SSIM

DCT 27.24 0.9945 0.9042
JPEG2000 34.16 0.9988 0.9480
HC 37.63 0.9923 0.9566
VQ 27.14 0.9523 0.9146
VQ in wavelet domain 37.5 0.9996 0.9687
Proposed method 39.37 0.9912 0.9382
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and testing the proposed method in cloud storage. Hardware 
implementation of the proposed method based on Field Pro-
grammable Gate Array (FPGA) using Xilinx system genera-
tor is the future task in our research project of this point.

References

Almurib HAF, Kumar N, Lombardi F (2017) Approximate DCT 
image compression using inexact computing. IEEE Trans Comput 
67(2):149–159. https​://doi.org/10.1109/TC.2017.27317​70

Anitha S (2015) Lossless image compression and decompression using 
Huffman coding. Int Res J Eng Technol 2(1)

Bruylants T, Munteanu A, Schelkens P (2015) Wavelet based volu-
metric medical image compression. Sig Process Image Commun 
31:112–133. https​://doi.org/10.1016/j.image​.2014.12.007

Chiranjeevi K, Jena UR (2017) Image compression based on vector 
quantization using cuckoo search optimization technique. Ain 
Shams Engineering Journal, In Press, Corrected Proof. https​://
doi.org/10.1016/j.asej.2016.09.009

Dubey VG, Singh J (2012) 3D medical image compression using Huff-
man encoding technique. Int J Sci Res Publ 2(9). http://www.ijsrp​
.org/resea​rch-paper​-0912.php?rp=P0921​7

Ernawan F, Kabir N, Zamli KZ (2017) An efficient image compres-
sion technique using Tchebichef bit allocation. Optik Int J Light 
Electron Optics 148:106–119. https​://doi.org/10.1016/j.ijleo​
.2017.08.007

Haweel RT, El–Kilani WS, Ramadan HH (2016) Fast approximate DCT 
with GPU implementation for image compression. J Vis Commun 
Image Represent 40(A):357–365. https​://doi.org/10.1016/j.jvcir​
.2016.07.003

Hosseini SM, Nilchi ARN (2012) Medical ultrasound image com-
pression using contextual vector quantization. Comput Biol 
Med 42(7):743–750. https​://doi.org/10.1016/j.compb​iomed​
.2012.04.006

Hsu WY (2012) Improved watershed transform for tumour seg-
mentation: Application to mammogram image compression. 
Expert Syst Appl 39(4):3950–3955. https​://doi.org/10.1016/j.
eswa.2011.08.148

Hu YC, Chang CC (2003) An effective codebook search algorithm 
for vector quantization. Imaging Sci J 51(4):221–234. https​://doi.
org/10.1080/13682​199.2003.11784​428

Hu YC, Su BH, Chiang TC (2008) Fast VQ codebook search for grey-
scale image coding. Image Vision Comput 26(5):657–666. https​
://doi.org/10.1016/j.imavi​s.2007.08.001

Huang CC, Tsai DS, Horng G (2009) A fast VQ codebook genera-
tion algorithm based on OTSU histogram threshold. Fundamenta 
Informaticae 91:563–579

Jiang H, Ma Z, Hu Y, Yang B, Zhang L (2012) Medical Image com-
pression based on vector quantization with variable block sizes 
in wavelet domain. Comput Intell Neurosci. 2012. https​://doi.
org/10.1155/2012/54189​0

Jiang W, Liu P, Wen F (2017) An improved vector quantization method 
using deep neural network. AEU Int J Electron Commun 72:178–
183. https​://doi.org/10.1016/j.aeue.2016.12.002

Karimi N, Samavi S, Soroushmeh SMR, Shirani S, Najarian K (2016) 
Toward practical guideline for design of image compression algo-
rithms for biomedical applications. Expert Syst Appl 56:360–367. 
https​://doi.org/10.1016/j.eswa.2016.02.047

Karri C, Jena U (2016) Fast vector quantization using a Bat algorithm 
for image compression. Eng Sci Technol Int J 19(2):769–778. 
https​://doi.org/10.1016/j.jestc​h.2015.11.003

Kasban H (2017) A spiral based image watermarking scheme 
using Karhunen–Loeve and discrete Hartley transform. 

Multidimensional Syst Signal Process Springer 28(2):573–595. 
https​://doi.org/10.1007/s1104​5-015-0361-4

Kasban H, Zahran O, Arafa H, El–Kordy M, Elaraby SMS, AbdEl–
Samie FE (2011) Welding defect detection from radiography 
images with a cepstral approach. NDT&E Int 44:226–231. https​
://doi.org/10.1016/j.ndtei​nt.2010.10.005

Kasmeera KS, James SP, Sreekumar K (2016) Efficient compres-
sion of secured images using subservient data and Huffman 
coding. Procedia Technol 25:60–67. https​://doi.org/10.1016/j.
protc​y.2016.08.081

Kaur D, Kaur K (2013) Huffman based LZW lossless image com-
pression using retinex algorithm. Int J Adv Res Comput Com-
mun Eng 2(8):3145–3151

Kiruba M, Sumathy V (2018) RPF–DTT: register pre-allocation 
based folded discrete tchebichef transform (DTT) architecture 
for image compression. Integr VLSI J 60:13–24. https​://doi.
org/10.1016/j.vlsi.2017.07.003

Kumar M, Vaish A (2017) An efficient encryption-then-compression 
technique for encrypted images using SVD. Digit Signal Proc 
60:81–89. https​://doi.org/10.1016/j.dsp.2016.08.011

Linde Y, Andres B, Gray RB (1980) An algorithm for vector quan-
tizer design. IEEE Trans Commun 28(1):84–95. https​://doi.
org/10.1109/TCOM.1980.10945​77

Messaoudi A, Srairi K (2016) Colour image compression algorithm 
based on the DCT transform using difference lookup table. 
IEEE Electron Lett 52(20):1685 – 1686. https​://doi.org/10.1049/
el.2016.2115

Nguyen BP, KongChui C, HengOng S, Chang S (2011) An efficient 
compression scheme for 4–D medical images using hierarchi-
cal vector quantization and motion compensation. Comput Biol 
Med 41(9):843–856. https​://doi.org/10.1016/j.compb​iomed​
.2011.07.003

Pan JS, Lu ZM, Sun SH (2003) An efficient encoding algorithm 
for vector quantization based on subvector technique. IEEE 
Trans Image Process 12(3):265–270. https​://doi.org/10.1109/
TIP.2003.81058​7

Pan Z, Kotani K, Ohmi T (2005) Fast encoding method for vector quan-
tization using modified L2–norm pyramid. EEE Signal Processing 
Lett 12(9):609–612. https​://doi.org/10.1109/LSP.2005.85126​3

Ra SW, Kim JK (1993) A fast mean–distance–ordered partial codebook 
search algorithm for image vector quantization. IEEE Trans on 
Circuits Syst 40(9):576–579. https​://doi.org/10.1109/82.25733​5

Sunder RS, Eswaran C, Sriraam N (2006) Medical image compression 
using 3–D Hartley transform. Comput Biol Med 36(9):958–973. 
https​://doi.org/10.1016/j.compb​iomed​.2005.04.005

Vaish A, Gautam S, Kumar M (2017) A wavelet based approach for 
simultaneous compression and encryption of fused images. J 
King Saud Univ Comput Inf Sci. https​://doi.org/10.1016/j.jksuc​
i.2017.01.005

Venugopal D, Mohan S, Raja S (2016) An efficient block based lossless 
compression of medical images. Optik 127:754–758. https​://doi.
org/10.1016/j.ijleo​.2015.10.154

Wang Z, Bovik AC, Sheikh HR, Simoncelli EP (2004) Image qual-
ity assessment: from error visibility to structural similarity. 
IEEE Trans Image Process 13(4):1–14. https​://doi.org/10.1109/
TIP.2003.81986​1

Wen J, Ma C, Zhao J (2014) FIVQ algorithm for interference hyper–
spectral image compression. Optics Commun 322:97–104. https​
://doi.org/10.1016/j.optco​m.2014.02.016

Wu KS, Lin JC (2000) Fast VQ encoding by an efficient kick–out 
condition. IEEE Trans Circuits Syst 10(1):59–62. https​://doi.
org/10.1109/76.82585​9

Xiao B, Lu G, Zhang Y, Li W, Wang G (2016) Lossless image com-
pression based on integer discrete Tchebichef transform. Neu-
rocomputing 214:587–593. https​://doi.org/10.1016/j.neuco​
m.2016.06.050

https://doi.org/10.1109/TC.2017.2731770
https://doi.org/10.1016/j.image.2014.12.007
https://doi.org/10.1016/j.asej.2016.09.009
https://doi.org/10.1016/j.asej.2016.09.009
http://www.ijsrp.org/research-paper-0912.php?rp=P09217
http://www.ijsrp.org/research-paper-0912.php?rp=P09217
https://doi.org/10.1016/j.ijleo.2017.08.007
https://doi.org/10.1016/j.ijleo.2017.08.007
https://doi.org/10.1016/j.jvcir.2016.07.003
https://doi.org/10.1016/j.jvcir.2016.07.003
https://doi.org/10.1016/j.compbiomed.2012.04.006
https://doi.org/10.1016/j.compbiomed.2012.04.006
https://doi.org/10.1016/j.eswa.2011.08.148
https://doi.org/10.1016/j.eswa.2011.08.148
https://doi.org/10.1080/13682199.2003.11784428
https://doi.org/10.1080/13682199.2003.11784428
https://doi.org/10.1016/j.imavis.2007.08.001
https://doi.org/10.1016/j.imavis.2007.08.001
https://doi.org/10.1155/2012/541890
https://doi.org/10.1155/2012/541890
https://doi.org/10.1016/j.aeue.2016.12.002
https://doi.org/10.1016/j.eswa.2016.02.047
https://doi.org/10.1016/j.jestch.2015.11.003
https://doi.org/10.1007/s11045-015-0361-4
https://doi.org/10.1016/j.ndteint.2010.10.005
https://doi.org/10.1016/j.ndteint.2010.10.005
https://doi.org/10.1016/j.protcy.2016.08.081
https://doi.org/10.1016/j.protcy.2016.08.081
https://doi.org/10.1016/j.vlsi.2017.07.003
https://doi.org/10.1016/j.vlsi.2017.07.003
https://doi.org/10.1016/j.dsp.2016.08.011
https://doi.org/10.1109/TCOM.1980.1094577
https://doi.org/10.1109/TCOM.1980.1094577
https://doi.org/10.1049/el.2016.2115
https://doi.org/10.1049/el.2016.2115
https://doi.org/10.1016/j.compbiomed.2011.07.003
https://doi.org/10.1016/j.compbiomed.2011.07.003
https://doi.org/10.1109/TIP.2003.810587
https://doi.org/10.1109/TIP.2003.810587
https://doi.org/10.1109/LSP.2005.851263
https://doi.org/10.1109/82.257335
https://doi.org/10.1016/j.compbiomed.2005.04.005
https://doi.org/10.1016/j.jksuci.2017.01.005
https://doi.org/10.1016/j.jksuci.2017.01.005
https://doi.org/10.1016/j.ijleo.2015.10.154
https://doi.org/10.1016/j.ijleo.2015.10.154
https://doi.org/10.1109/TIP.2003.819861
https://doi.org/10.1109/TIP.2003.819861
https://doi.org/10.1016/j.optcom.2014.02.016
https://doi.org/10.1016/j.optcom.2014.02.016
https://doi.org/10.1109/76.825859
https://doi.org/10.1109/76.825859
https://doi.org/10.1016/j.neucom.2016.06.050
https://doi.org/10.1016/j.neucom.2016.06.050


2867Adaptive Radiographic Image Compression Technique using Hierarchical Vector Quantization…

1 3

Zahran O, Kasban H, El–Kordy M, AbdEl–Samie FE (2013) Automatic 
weld defect identification from radiographic images. NDT&E Int 
57:26–35. https​://doi.org/10.1016/j.ndtei​nt.2012.11.005

Zhang M, Tong X (2017) Joint image encryption and compression 
scheme based on IWT and SPIHT. Opt Lasers Eng 90:254–274. 
https​://doi.org/10.1016/j.optla​seng.2016.10.025

Zhang GM, Olofsson T, Stepinski T (2004) Ultrasonic NDE image 
compression by transform and subband coding. NDT&E Int 
37(4):325–333. https​://doi.org/10.1016/j.ndtei​nt.2003.10.007

Publisher’s Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1016/j.ndteint.2012.11.005
https://doi.org/10.1016/j.optlaseng.2016.10.025
https://doi.org/10.1016/j.ndteint.2003.10.007

	Adaptive Radiographic Image Compression Technique using Hierarchical Vector Quantization and Huffman Encoding
	Abstract
	1 Introduction
	2 Proposed adaptive radiographic image compression technique
	3 ROI and background separation
	4 Image Background Compression
	5 ROI compression
	6 Image reconstruction
	7 Experimental results
	8 Conclusions and future work
	References


