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Abstract 

The advancements in imaging technology and computer 

vision triggers out a diversity of portable devices such as 

mobile phones and compact digital cameras to capture images 

in diverse environments. Yet to be paid to their high spatial 

resolution, optical satellite images that are obtained, (e.g., by 

SPOT-5, Quickbird-2, Pleiades-1, Worldview-2, and GeoEye-

1), have increased the possibility of accurate observations of 

Earth. Contrast enhancement is one of the pre-processing 

techniques for enhancing the satellite images. In this research 

work improved region of interest (I-ROI) based segmentation 

is carried out and then the contrast of the region is enhanced. 

Performance metrics such as peak-signal-to-noise ratio PSNR, 

mean square error (MSE) and CPU time are taken into 

account. Experiments are conducted using MATLAB tool. 

The results are compared with two existing segmentation 

mechanisms. From the obtained results it is evident that the 

proposed I-ROI based segmentation outperforms in terms of 

PSNR, MSE and CPU time taken for execution.  

Keywords: satellite image, segmentation, ROI, PSNR, MSE, 

imaging, vision, enhancement,  

 

INTRODUCTION 

The target of image enhancement techniques needs to develop 

a characteristic, feature or quality of an image that results in 

better image than the original one. Image segmentation is the 

process that will divide an image into spatially continuous and 

homogenous regions. During the process of image 

segmentation each pixel belongs to a region, and all the pixels 

belonging to one region are spectrally similar and spatially 

flanking. Image segmentation approach aims to partition a 

given image into several homogeneous regions such that the 

union of no two adjacent regions are homogeneous (Pal & Pal, 

1993). As far as satellite images are concerned, the images are 

characterized by frail local correlation among the pixels, 

entire randomness, and unclear regions and petite multiple 

regions of interest which makes it difficult to segment. 

Aforesaid definition for segmentation creates us to consider 

profound about the immense complexity in deciding the 

homogeneity calculate which can be used to distinguish 

between the objects present in the image. 

The authors Romshoo and Rashid (2014) reported the 

complexity in extracting regions from satellite images 

unsettled to the poor light, poor resolution and adverse 

environmental conditions that triumph while capturing the 

images in their work based on modified on-field neural 

network (Romshoo & Rashid, 2014). This research work aims 

in design and development of improved region of interest 

based segmentation mechanism for contrast enhancement in 

satellite images. The aim of the paper is to improve the 

contrast without decreasing the quality of the satellite images. 

 

LITERATURE REVIEW 

Fractional order PSO (FODPSO) was applied for multi-

spectral and hyper-spectral satellite image segmentation by 

Ghamisi, Couceiro, Martins, and Atli Benediktsson (2014) 

which consumed less computational time compared with 

conventional PSO algorithm (Ghamisi et al., 2014). But 

theoretical analysis proved FODPSO algorithm to be 

consuming more computational time than Cuckoo search 

algorithm due to its algorithmic complexity. Jordehi (2015) 

came up with an enhanced leader PSO approach which helped 

in alleviating the premature convergence problem of 

conventional PSO algorithm thereby improving the 

convergence rate to an extend (Jordehi,2015).  

Liu, Mu, Kou, and Liu (2015) suggested a modification for 

conventional PSO algorithm by employing two new strategies 

for exhaustive search of optimal thresholds (Liu et al., 2015). 

In this work, authors incorporated an adaptive inertial factor 

which helped to increase the search efficiency and 

convergence rate, and an adaptive population factor which 

helped in escaping from local optima. The algorithm was 

tested for 16 standard images utilizing 12 unimodal and multi-

modal benchmark functions and compared with standard GA 

and PSO. But the results proved to be inferior for higher 

thresholding levels which are required in satellite image 

segmentation scenario. 
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An improved variant of firefly algorithm (FA) was proposed 

by Wang, Guo, Duan, and Wang (2014) which accelerated the 

convergence speed for many global numerical optimizations 

(Wang et al., 2014). The algorithm when tested on images 

gave less satisfactory results.  

Histogram based multilevel thresholding approach guided by 

firefly algorithm (FA) with Brownian distribution (BD) was 

proposed by Raja, Rajinikanth, and Latha (2014). The 

algorithm proceeded to the optimum threshold values by 

maximizing between class variance. The test results showed 

the improvement of the proposed method over the 

conventional firefly algorithm in terms of segmentation 

quality with slight reduction in computational time (Raja et 

al., 2014).  

A modified firefly algorithm incorporating diversity enhanced 

strategy for global exploration and neighbourhood search 

strategy for improved local exploitation of solution space was 

put forward by Chen et al. (2016). It showed better 

performance than DPSO, DE (Differential Evolution) and FA 

algorithms for standard test images, but proved to be less 

efficient for satellite image segmentation at higher 

thresholding levels (Chen et al., 2016).   

Akay in 2013 implemented PSO and ABC algorithm for 

multilevel image thresholding by optimizing Kapur’s entropy 

function (Akay, 2013). But the algorithm was prone to 

premature convergence problem which restricted it from 

reaching its global optima. A computationally efficient 

multilevel thresholding scheme was proposed by Bhandari et 

al. (2015) for segmenting multispectral satellite images by 

modifying the initialization phase of ABC algorithm which 

outperformed PSO, GA and standard ABC algorithms, but 

was inferior to CS algorithm (Bhandari et al., 2015).  

Hyperspectral satellite image segmentation using Differential 

Evolution maximizing Renyi entropy function was proposed 

by Sarkar, Das, and Chaudhuri (2016). Even though it showed 

competitive performance for the hyper-spectral data set 

chosen, theoretical validation proved that the convergence 

characteristics of DE to be inferior to that of CS algorithm 

(Sarkar et al., 2016). A chaotic map based scheme was 

introduced to improve the calculation precision of CS 

algorithm mainly for high-dimensional functions by Ouyang, 

Pan, Yue, and Du (2014). Even though it helped to reduce the 

premature convergence problem of CS algorithm , but the 

presence of constant terms in exploration and exploitation 

phases of CS algorithm biased it to a greater extend which got 

reflected in stability and convergence speed analysis Ouyang 

et al., 2014. 

 

PROPOSED WORK 

The process of data embedding includes Region of Interest 

(ROI) segmentation and pre-processing, followed by 

embedding of the data into the ROI, and hiding the image 

feature bits in the background. Ordinarily, a satellite image 

consists of an ROI and a background. For the ROI, it is 

important to enhance the contrast of the image to visualize the 

details more clearly. For the background, the enhancement 

operation is unnecessary. Hence, a segmentation operation is 

firstly performed to divide the image into the ROI and the 

background. A better proclamation for the ROI segmentation 

is given in Algorithm 1. 

 

Input: A satellite image I ; 

Output: ROI and background of I ; 

Step 1: Load I ; 

Step 2: Obtain the segmentation threshold T  on I ; 

Step 3: Convert I  into a binary image bI  byT ; 

Step 4: Obtain the indices 0I  and 1I corresponding to the 

pixels with values of ' 0 ' and '1 ' of bI , respectively; 

Step 5: The background and ROI of I  are generated that 

correspond to  0II  and  1II , respectively. 

 

Reversible contrast improvement can be achieved while the 

data is embedded by stretching some of the peak-pairs of the 

image histogram. To prevent an overflow or an underflow, the 

image needs to be pre-processed prior to histogram Shifting. 

The Reversible Data Hiding (RDH) attains contrast 

improvement only for the ROI, and thus, pre-processing to 

avoid overflow or underflow is performed only on ROI and 

not on the background. For a given 8-bit gray scale image H , 

the number of adopted peak-pairs and the minimum pixel 

value of the ROI can be denoted by M  and LR , 

respectively.  

All the pixel values within  1, MRR LL  are increased 

by M , while those within  255,256 M are decreased by

M .  

Conversely, after the above process has been ended, visual 

deformation is carried out as a pixel with an initial value 

1MRL  will become brighter compared to a pixel with 

an initial value MRL  . For that reason, a pixel with initial 

value 1MRL  is called a chaotic pixel. Correspondingly, 

a pixel with an initial value of M256  will be darker 

compared to one with initial value M255 . To trim down 

this visual deformation, an improvement scheme is performed 

in order to lessen the number of chaotic pixels. The number of 

certain peak-pairs to be lengthened, M , satisfies 

 TRM ,1  ,  where TR is defined as: 

 

  2/LMT RRR   … (1) 

 

  2/1255  LM RR
 
… (2) 
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where  x  denotes the flooring function. For an integer

 MRRp ML 2,  , the number of pixels within 

 1, Mpp  and  12,  MpMp , respectively, 

are counted up. When the number of pixels in the interval 

 1, Mpp oo  or  12,  MpMp oo  is 

minimum, it involves the minimum number of pixels in 

 1, ML RR , then op  is considered to be the optimal p . 

The pixel values within  1, MpR oL are increased by

M , by leaving out the first sixteen pixels of the ROI. The 

overlapping pixels within the interval  1, Mpp oo  are 

disordered pixels. Since either the interval 

 1, Mpp oo  or  12,  MpMp oo  has the 

minimum number of pixels, the number of pixels in the 

overlapping region is also a minimum. Moreover, the pre-

processing of the ROI pixels on the right-hand side is similar 

to the pre-processing of the ROI pixels on the left-hand side.  

The pixel values within the range  255,256 Mqo  are 

decreased by M , by not considering the first sixteen pixels of 

the ROI. Additionally, considering the restoration of the ROI 

histogram at the receiving end, if the interval 

 12,  MpMp oo  has the minimum number of 

pixels, op  is increased by MR as a sign. Further, oq  is 

increased by MR  as a sign if 

 MqMq oo  255,2256  contains the minimum 

number of pixels.  

To identify the pixels within the overlapping intervals, a 

binary location map with the same size of the image is 

generated. We set 1s at the locations of the pixels within the 

two intervals containing the minimum number of pixels, and 

set 0s at all other locations. The location map is compressed to 

its minimum possible size using Arithmetic Encoding (AE). 

For later histogram recovery, the compressed location map, 

op  and oq  needs to be saved into the ROI. The algorithm of 

the above is presented below. 

 

Input: ROI; 

 Output: Preprocessed ROI, compressed location map, op  

and oq ; 

Step 1: Denote the number of adopted peak-pairs and the 

minimum pixel value of the ROI by 

M and LR , respectively, and compute MR ; 

Step 2: For an integer  MRRp ML 2,   , the number of 

pixels within  1, Mpp  and  12,  MpMp , 

respectively, are counted. 

Step 3: If either the interval  1, Mpp oo  or the interval 

 12,  MpMp oo  contains the minimum number of 

pixels in  1, ML RR , then op  is considered to be the 

optimal p ; 

Step 4: The pixel values within  1, MpR oL  are 

increased by M , excluding the first sixteen pixels of the ROI; 

Step 5: Similarly, for  MRq M 2256,0   , an optimal 

q  denoted as oq  is sought. The pixel values in the interval 

 255,256 Mqo   are then decreased by M , excluding 

the first sixteen pixels of the ROI; 

Step 6: If the interval  12,  MpMp oo  has the 

minimum number of pixels, op  is increased by MR  as a 

sign. In addition, oq  is increased by MR  as a sign if 

 MqMq oo  255,2256  contains the minimum 

number of pixels; 

Step 7: A binary location map with the same size of the 

satellite image is generated. The value 1s is set at the locations 

of the pixels within either of the two intervals containing the 

minimum number of pixels, and the value 0s is set in all other 

locations; 

Step 8: The location map is compressed using AE. 

 

RESULTS AND DISCUSSIONS 

Experiments are done using MATLAB R2012 running on an 

AMD-A4 7210 APU with Radeon R3 Graphics 1.80 GHz 

CPU and 8 GB RAM. The performance of the proposed work 

is evaluated on multispectral datasets from Quickbird, 

Geoeye, SPOT and KONOS satellites. Fig.1 shows the chosen 

imageset that contains 4 images and its corresponding 

segmentation maps. It can be observed that the segmentation 

is done and the I-ROI mechanism performs better 

segmentation. The proposed I-ROI mechanism is compared 

with two existing methods namely CSMcCulloch (Shilpa and 

Shyam, 2016) and IFA (Chen et. al, 2016). 

Fig.2, Fig.3, Fig.4 and Fig.5 portrays the contrast enhanced 

image obtained from the processed image. The contrast is 

enhanced and the image depicts clearer vision of the satellite 

images.  
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Figure 1. Satellite Images and Segmentation Maps 

 

 

Figure 2. Processed Image and contrast enhanced Image of Satellite Image – 1 
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Figure 3. Processed Image and contrast enhanced Image of Satellite Image – 2 

 

 

Figure 4. Processed Image and contrast enhanced Image of Satellite Image – 3 
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Figure 5. Processed Image and contrast enhanced Image of Satellite Image – 4 

 

The PSNR values of the images are given in Table 1. The 

PSNR values are compared and the results can be seen in 

Fig.6. From the results it is evident that the proposed I-ROI 

mechanism reduces signal to noise ratio. 

Table 1. PSNR Analysis 

 PSNR (in dB) 

Image No. CSMcCulloch IFA I-ROI 

Img - 01 24.5484 23.4681 21.8047 

Img – 02 21.5763 20.7204 18.1849 

Img – 03 26.7638 24.3847 20.4791 

Img – 04 19.6034 17.4721 15.9735 

 

 

Figure 6. Performance Analysis of PSNR 

 

The MSE values of the images are given in Table 2. The 

performance comparison is depicted in Fig. 7. The results 

portrays that the proposed I-ROI enhances the satellite images 

with comparatively less mean square error.  

 

Table 2. MSE Analysis 

 MSE (in dB) 

Image No. CSMcCulloch IFA I-ROI 

Img - 01 107.7043 106.6871 104.8473 

Img – 02 183.8046 181.9174 179.1482 

Img – 03 129.0843 127.7418 125.4728 

Img – 04 162.7486 160.8901 158.9204 

 

 

Figure 7. Performance Analysis of MSE 
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The CPU execution time values of the images are given in 

Table 3. The performance comparison is depicted in Fig. 8. 

 

Table 3. CPU Execution Time Analysis 

 CPU Execution Time (seconds) 

Image No. CSMcCulloch  IFA I-ROI 

Img - 01 12.0324 11.7023 9.4928 

Img – 02 13.7281 10.5381 8.6710 

Img – 03 21.6804 19.3918 15.4853 

Img – 04 17.8601 15.7042 12.1379 

 

 

Figure 8. Performance Analysis of CPU Execution Time 

 

The results presents that the proposed I-ROI enhances the 

satellite images with reasonably less CPU execution time. 

 

CONCLUSIONS 

Satellite image processing is one among the thrust research 

area in the field of computer vision and imaging technologies. 

The obtained images from the satellites are usually requires 

further pre-processing and known as enhancement. This 

research work aims in design and development of improved 

region of interest (I-ROI) based segmentation for contrast 

enhancement of the satellite images. Images are obtained from 

Quickbird, Geoeye, SPOT and KONOS satellites. 

Performance metrics such as PSNR, MSE and CPU execution 

time are the metrics taken into account and the proposed I-

ROI has been compared with existing methods. Experiments 

are conducted using MATLAB. From the results it is 

concluded that the proposed I-ROI method outperforms the 

existing methods.  

 

 

REFERENCES 

[1] Akay, B. (2013). A study on particle swarm 

optimization and artificial bee colony algorithms for 

multilevel thresholding. Applied Soft Computing, 13 

(6), 3066–3091. 

[2] Bhandari, A. K. , Kumar, A. , & Singh, G. K. (2015b). 

Modified artificial bee colony based computationally 

efficient multilevel thresholding for satellite image 

segmentation using kapurs, otsu and tsallis functions. 

Expert Systems with Applications, 42 (3), 1573–1601.  

[3] Chen, K., Zhou, Y. , Zhang, Z. , Dai, M. , Chao, Y. , & 

Shi, J. (2016). Multilevel image segmentation based on 

an improved firefly algorithm. Mathematical Problems 

in Engineering, 2016. 

[4] Ghamisi, P. , Couceiro, M. S. , Martins, F. M. , & Atli 

Benediktsson, J. (2014). Multilevel image segmentation 

based on fractional-order darwinian particle swarm 

optimization. Geoscience and Remote Sensing, IEEE 

Transactions on, 52 (5), 2382–2394. 

[5] Jordehi, A. R. (2015). Enhanced leader pso (elpso): A 

new pso variant for solving global optimisation 

problems. Applied Soft Computing, 26 , 401–417. 

[6] Liu, Y. , Mu, C. , Kou, W. , & Liu, J. (2015). Modified 

particle swarm optimization-based multilevel 

thresholding for image segmentation. Soft Computing, 

19 (5), 1311–1327. 

[7] Ouyang, A. , Pan, G. , Yue, G. , & Du, J. (2014). 

Chaotic cuckoo search algorithm for high-dimensional 

functions. Journal of Computers, 9 (5), 1282–1290. 

[8] Pal, N. R. , & Pal, S. K. (1993). A review on image 

segmentation techniques. Pattern recognition, 26 (9), 

1277–1294. 

[9] Raja, N. , Rajinikanth, V. , & Latha, K. (2014). Otsu 

based optimal multilevel image thresholding using 

firefly algorithm. Modelling and Simulation in 

Engineering, 2014, 37. 

[10] Romshoo, S. A. , & Rashid, I. (2014). Assessing the 

impacts of changing land cover and climate on hokersar 

wetland in indian himalayas. Arabian Journal of 

Geosciences, 7 (1), 143–160. 

[11] Sarkar, S. , Das, S. , & Chaudhuri, S. S. (2016). Hyper-

spectral image segmentation using rényi entropy based 

multi-level thresholding aided with differential 

evolution. Expert Systems with Applications, 50, 120–

129. 

[12] Shilpa Suresh, Shyam Lal. (2016). An efficient cuckoo 

search algorithm based multilevel thresholding for 

segmentation of satellite images using different 

objective functions, Expert Systems With Applications, 

58, 184–209. 

[13] Wang, G.-G. , Guo, L. , Duan, H. , & Wang, H. (2014). 

A new improved firefly algorithm for global numerical 

optimization. Journal of Computational and Theoretical 

Nanoscience, 11 (2), 477–485.  


