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Abstract— In image processing and computer engineering, 

Image Classification of distantly sensed images is one of the 

quickly increasing areas of research. Image classification 

techniques are mainly used for quality control in production 

engineering, in-depth study of web technologies, medical 

diagnosis and in several other disciplines. Image processing 

techniques have broadly used in this application to detect high 

quality and poor quality area or to type of contamination in a 

microscopic image and other similar decision making tasks. 

Other Algorithms like as thresholding, blob analysis, and 

edge detection, for example, it can be found in every machine 

vision software vendor's toolbox since these can be used in 

several applications to solve a quite large number of imaging 

tasks. Classifications of images are still computationally 

normal subject, and it is hard to implement using some 

machine learning approaches, using Neural Networks or 

Bayesian Classifiers. In recent years, Support Vector 

Machines is also used for this purpose. Each of these methods 

follows supervised learning in which the system gives 

numerous examples of images that are manually labeled. On 

the contrast, in unsupervised learning, also called clustering, 

is the approach in which no training data send to the machine 

than the machine itself has to come up in with the grouping 

of the input data in the form of clusters. The result data of the 

previous process, a trained model is processed which is used 

to predict the features of unknown images. Such traditional 

supervised learning techniques can use either generative or 

discriminative methods to perform this task. In this 

dissertation, UID (Universal Image Distance) techniques are 

used in an optimized manner to represent an image in the 

form of a vector quantity. The distance between this 

representation and that of a prototype image is computed to 

find the similarity score between the images. This resulting 

score can be used to train any machine learning system in a 

supervised or unsupervised environment. In this dissertation, 

an SVM-based classifier is trained using feature vectors to 

train in a supervised manner. The precision and accuracy of 

the machine are calculated over the benchmark techniques of 

image classification. The overall performances of the 

proposed methods are evaluated using MATLAB, recall and 

kappa measure. The result of simulation has efficiency in 

approach and gives a valid result. 
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I. INTRODUCTION 

In the modern era of big-data processing and digitization of 

all the automation systems including the systems from 

weather forecasting to extraterrestrial surveillance, Image 

classification is one of the most significant problems. Also, 

as the image data is of entirely different nature as compared 

to text or numeric data, this classification problem encompass 

entirely different suite of techniques as compared to the 

traditional classification problems comprising of text data or 

numeric data. One of the most fundamental aspects of almost 

all classification problems is machine learning. Most modern 

classification problems cannot be tackled without the 

machine learning techniques. This is because the dimensions 

along which to classify a given data set into two or more 

classes vary greatly and cannot be dealt with the traditional 

techniques. A most modern classification problem [1] 

involves the use of Neural Networks, Bayesian Classifiers or 

Support Vector Machines. 

 An image classification problem is considered in 

this research work, in particular dealing with the image from 

google-earth. A set of images from the google is considered, 

and an SVM based classifier is trained to classify the image 

into two subsets, namely- sea or land. As the traditional 

classifiers can be trained only on numeric data, the images are 

converted into numeric data using the Lempel Ziv complexity 

measure [3]. Our proposed technique goes a step beyond the 

existing technique as it performs blurring operations over the 

image to interpolate the boundary pixels of the images so that 

the LZ complexity values of the pixel strings will be 

optimized for image classification. Clustering of the images 

is done using K means technique and an SVM based classifier 

is trained over the given subset to classify the images into 

specified subclasses as per the need of the automation system. 

A. Comparison of Image Classification Techniques 

A summarization of techniques and methods for image 

classification is provided in following table 1 

Criteria Categories Characteristics 

Use of training 

Samples 

Supervised 

Learning 

Land and Sea Images are identified from the google earth data sets. The 

images of land cover and sea are grouped in the set of land, and other images 

are labeled as sea images. 

Unsupervised 

Learning 

Clustering Algorithms (e.g., K means clustering) is used for grouping of the 

images into clusters. These clusters are then mapped to classes. The input to 

the clustering process is the feature vectors that are extracted by the image 

analyst. 

Depending on the 

pixel information 

Object-oriented 

classifiers 

Segmentation of the image is used to create objects to be labeled with 

prespecified classifiers. These are then used for image classification. 
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Geographical Field 

Based classifiers 

In this type of classification, the geographical image vectors play a vital role 

in the formation of feature vectors to be provided as input to the classifiers. 

Use of Spatial 

information 

Spectral classifiers 
Pixels information is used for image classification rather than statistical 

information of pixels is used. 

Contextual 

classifiers 

This is similar to object-oriented classifiers in which the pixel information 

along with the information of the neighboring pixels is used for image 

classification. 

Table 1: Comparison of Various Remote Image Classification Techniques

B. Research Approach 

The given image is first subjected to some transformations to 

make it appropriate for the computation of LZ complexity 

with the other images of the similar nature. After appropriate 

modification, the image is then represented into a binary 

string of 1s and 0s. This is done by converting each pixel to 

its corresponding grayscale value and then converting it to 

corresponding8-bit binary string. Another image is created 

corresponding to the image under consideration by taking a 

sliding window and taking the averages and making it slide 

over the image matrix from top left to bottom right. This 

image is the average value of the image for the given image. 

This image is converted to corresponding pixel values in 

binary form. The Lempel- Ziv complexity of the binary string 

is measured. The distance between two images is computed 

regarding Universal Image distance which is measured 

regarding LZ complexity. Finally, the matrix of distances of 

prototype images is considered and then clustered using K 

Means technique. This clustering is then used to express any 

given image regarding feature vectors which are distances 

from the prototype categories. Finally, an SVM is trained 

over the manually classified set and then tested over the 

images to check the precision and accuracy. 

II. PROPOSED RESEARCH WORK METHOD 

A. Lempel-Ziv Complexity 

There are several complexity measures to test the randomness 

of a sequence. Linear complexity computation is one of these 

measures. Lempel Ziv complexity of a sequence was defined 

by Lempel and Ziv in 1976. This measure counts the number 

of different patterns in a sequence when scanned from left to 

right. There are many variations of Lempel Ziv around, but 

they all follow the same basic idea. This basic idea is to parse 

the sequence into distinct phrases. For instance, Lempel-Ziv 

complexity of s = 101001010010111110 is eight because 

when scanned from left to right, different patterns observed 

in strings are 1|0|10|01|010|0101|11| 110|. The formal 

definition of LM complexity and factorization of strings can 

be given mathematically. Let P, Q and R be the strings 

defined over some alphabet A. For any string S, l(S) denotes 

the length of the string and S(i) denotes the ith element of the 

string. Also, S(i,j) denotes the substring of S which consists 

of characters of S between the positions i and j, both 

inclusive. If l(S) =N and j>N, then the substring is terminated 

at the last character of the string. Also, if i>j, then the result 

is an empty string.An extension R of P, denoted by P→R, is 

reproducible from P if R = PQ if there exists an integer p, 

such that p < l(P) and Q(k) = R(p-1+k) for k = 1,2,.... l(Q).  R 

is obtained from P (the seed) by first copying the entire S and 

then copying in a sequential manner l(Q) elements starting at 

the path location of S to obtain the Q part of R.  A string S is 

producible from its prefix S(1, j) (denoted S(1, j) ⇒ R), if S(1, 

j) → S(1, l(S) −1. The production adds an extra different 

character at the end of the copying process. An m-step 

production process of S results in parsing of S in which H(S) 

= S(1, h1) ・S(h1+1, h2) ・・・ S(hm−1+1, hm) is called the 

history of S and Hi(S) = S(hi−1+1, hi) is called the ith 

component of H(S). The number of components in the history 

of S is denoted by CH(S). The LZ complexity of S is C(S) = 

min{CH(S)} where the minimum is over all histories of S. It 

can be shown that C(S) = CE(S) where CE(S) is the number of 

components in the exhaustive history of S. Distance for 

strings based on the LZ-complexity is defined as follows: 

Given two strings X and Y, denote by XY their 

concatenation, then define an equation as follows 

d(X, Y ) := max{c(XY ) − c(X), c(YX) − c(Y )}   (1.1) 

 It is proved in several types of research that the 

following normalized formula performs well in the 

classification and clustering of strings which is defined in the 

following equation. 

          (1.2) 

B. Universal Image Distance (UID) 

The UID gives a basic idea to convert the images into a string 

of characters. For two-color images being X and Y that have 

equal dimensions, the conversion process takes place as 

follows: 

a) For two-color images, X and Y in JPG format, extract the 

RGB values of the individual pixels and take the average 

and replace the pixel with the corresponding values. This 

generates the corresponding grayscale image to the color 

image. The numeric value of each of the pixel of the 

images lies in the range [0,255]. Thus, each of the image 

scans is thought of as a string over the alphabet [0,255]. 

b) As shown below, a hypothetical frame is considered as a 

sub-image of the image. This is formed as a sliding 

window formed by the pixel values of the pixels enclosed 

by the frame. 

Fig. 1: Sub Image Window 

 A new image can be formed by sliding the window 

one pixel to the right or lowering it one pixel down as shown 

in the following figures: 
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Fig. 2: New Sub Image Window by sliding to the right or 

lowering by one pixel 

 These sets of pixels, belonging to the window, are 

mapped to an alphabet value in the range [0,255] through 

Quantization Index Modulation. 

 The quantized values of the sliding window give the 

characters of the string. The same string sequence is obtained 

for another prototype string under consideration. 

With two images being represented as strings, one can get the 

similarity score between the two images using LZ 

complexity. 

C. Proposed Model 

 
Fig. 3: Model for Image Classification 

Figure 3 shows the proposed model for SVM based classifier 

for Image Classification. For any incoming image, the 

classification is done after training SVM with positive and 

negative examples. 

 As stated previously, for image classification, first 

each image is represented using finite dimensional feature 

vector, which is composed of UID values among the images 

and a finite set of image prototypes from each of the feature 

categories. A prototype of an image refers to the sub-image 

of the given image which is placed by placing a window over 

the image in such a way that the sub-image is entirely 

encompassed by the image under consideration. 

III. PROPOSED ALGORITHM FOR REPRESENTATION OF 

IMAGES AS A FEATURE VECTOR & SUPERVISED LEARNING 

Consider an Image I which is to be represented as a vector 

over M feature categories. The algorithm for this vector 

conversion proceeds as follows: 

1) Consider a prototype of a featured category. Let it be of 

size M×N. Obtain all the overlapping sub-images of the 

given image I, starting from the top left to the bottom 

right, of the same size as that of the prototype image. 

2) Compute the average values of all such distances of all 

the prototypes belonging to the feature category. Let this 

distance be R1. 

3) For all the feature categories repeat step 1 and 2. 

4) Normalize the distances using the following formulae: 

                            (1.3) 

5) Represent the image as a normalized vector of the feature 

categories. 

6) After obtaining the representation of all the images in the 

image corpus, obtain a subset of the other representative 

image and label them to the image categories, or the 

feature categories. 

7) Obtain the feature vector representation of all the images 

belonging to particular feature vector category. 

8) Obtain the feature vector representation of some other 

images which belongs to some different feature category 

or some other image which does not belong to any of the 

categories. 

9) The set identified in point 8 is called the set of positive 

examples and the set obtained in 8 constitute the set of 

negative examples. 

10) Mark features vectors of positive examples as right and 

others as false. These examples can be used to train the 

SVM. 

11) Test the Test-Set over the machine to check the precision 

and accuracy. If the precision and accuracy of the 

classifier are below acceptance level, then increase the 

training set until the desired threshold values for 

accuracy and precision are met. 

 
Fig. 4: Prototype image from Google Maps under the 

categories city, landscapes and sea 

IV. SIMULATION RESULT 

 
Fig. 5: Selection of Random Samples of Prototype Images 
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Considering the random selection of 10 prototype images 

from the set of 60 images as shown in Figure 4, we get the 

bar chart as shown in Figure 5 where X-axis shows the index 

of the file chosen and the Y-axis shows the name of the files. 

These random images correspond to the image numbers 

9,58,57,29,48,25,55,39,2 and 51. 

The LZ Complexity matrix of these 10 images and 

the corresponding distance matrix is as shown: 

Image Index → 

↓ 
9 58 57 29 48 25 55 39 2 51 

9 7 1876 1725 1878 1783 1862 1943 1643 1933 1765 

58 1876 5 1524 1927 1518 1995 1910 1786 2080 1525 

57 1725 1524 5 1834 1122 1856 1927 1677 1899 936 

29 1878 1927 1834 5 1820 2034 1990 1821 1907 1783 

48 1783 1518 1122 1820 4 1920 1784 1687 1983 1123 

25 1862 1995 1856 2034 1920 5 2032 1759 1968 1902 

55 1943 1910 1927 1990 1784 2032 7 1934 2116 1921 

39 1643 1786 1677 1821 1687 1759 1934 6 1857 1641 

2 1933 2080 1899 1907 1983 1968 2116 1857 5 1973 

51 1765 1525 936 1783 1123 1902 1921 1641 1973 6 

Table 2: LZ Complexity Matrixes for Prototype Images Selected

The K-Means clustering on the above dataset with three 

classes yields the values of Table 3. 

Image Id Predicted Class True Class 

9 1 City 

58 2 Sea 

57 2 Sea 

29 3 Landscape 

48 2 Sea 

25 1 Landscape 

55 1 Sea 

39 1 Landscape 

2 3 City 

51 2 Sea 

Table 3: K-Means Clustering of Table 2 

Class Id’s Classification 

1 9,25,55,39 False (3) 

2 48,51,57,58 True 

3 2,29 False (2) 

Table 4: Accuracy of Table 3 

The K-Means clustering on the above dataset with two classes 

yields Table 5. 

Image 

Id 

Predicted Class 

(K Means) 
True Class 

Clustering 

Results 

9 1 City (Not Sea) True 

58 2 Sea True 

57 2 Sea True 

29 1 
Landscape 

(Not Sea) 
True 

48 2 Sea True 

25 1 
Landscape 

(Not Sea) 
True 

55 1 Sea True 

39 1 
Landscape 

(Not Sea) 
True 

2 1 City (Not Sea) True 

51 2 Sea True 

Table 5: Clustering using K-Means with Two Classes 

 Thus, the prototype images that can be considered 

for the simulation will be image number 9, 58, 57, 29, 48, 25, 

55, 39, 2 and 51. Each of the images considered later is to be 

classified into one of the two classes, viz; 'sea' or 'not-sea' 

using an SVM classifier trained over an image set represented 

as distances from these prototype images. 

The SVM Classifier for 150 images from google map data are 

classified for being in the category, sea or land, and classified 

as shown in Figure 6. 

 
Fig. 6: SVM classification result of 150 images, with the 

classifier trained over the dataset of 60 images 

 Although the classification results show that two 

records out of a total of 150 records are misclassified using 

the SVM model, still this technique proves to be reasonably 

accurate for a wide range of binary classification applications. 

Thus, a classification can be done using the machine learning 

classifier over the data set of distances of the image corpus 

from those of the prototype images. 

A. Result Analysis 

The accuracy of the results retrieved above can be made by 

Precision and Recall. These two terms in the context of 

information retrieval can be described in the following way: 

Precision =   (1.4) 

Thus, 

Precision =                                  (1.5) 

Here, tp refers to true positive, fp refers to false positive and 

fn refers to false negative under standard definitions. 
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Recall =   (1.6) 

Thus, 

Recall =                                   (1.7) 

 Here, the experimental results obtained on a set of 

150 records give us the Precision of 0.979 and Recall as 0.96. 

This is reasonably good yield out of SVM based classifier on 

the image data regarding distance vectors from prototype 

images. 

V. CONCLUSION 

Any complicated mathematical based image analysis or pre-

processing is not required as the measurement of universal 

image distance is the only requirement. Universal image 

distance is only a string of symbols contains all relevant 

information of the image. The method proposed is time-

consuming for single core CPU but can be suitably modified 

to work efficiently in real time for multiprocessor systems. 

An SVM based classifier is also proposed and trained over 

the data set of images taken from google maps. The results 

show that standard machine learning algorithms perform well 

based on the proposed feature-vector representation of the 

images. 

VI. FUTURE SCOPE 

As a future scope of this research, the proposed algorithm is 

modified to teach the features that make it efficient to run 

using multicourse computers. The LZ complexity measure 

for binary strings is a complicated, time-consuming task for 

long strings. Moreover, for computing the distance between 

two strings, the LZ complexity of the concatenation of the 

string must also be considered making it much more difficult 

to solve in real time in uni-processor systems. Also, for each 

of the category of the image corpus under consideration, the 

optimal window size must be computed to maximize the 

likelihood of clustering in the prototype selection phase. 
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