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ABSTRACT 

 
ARTICLE INFO 

The problem of reassembling image fragments arises in many scientific fields, such as 

forensics and archaeology. In the field of archaeology, the pictorial excavation 

findings are almost always in the form of painting fragments. The manual execution 

of this task is very difficult, as it requires great amount of time, skill and effort. Thus, 

the automation of such a work is very important and can lead to faster, more efficient, 

painting reassembly and to a significant reduction in the human effort involved. In 

this paper, an integrated method for automatic color based 2-D image fragment 

reassembly is presented. The proposed 2-D reassembly technique is divided into four 

steps. Initially, the image fragments which are probably spatially adjacent are 

identified utilizing techniques employed in content based image retrieval systems. The 

second operation is to identify the matching contour segments for every retained 

couple of image fragments, via a dynamic programming technique. The next step is to 

identify the optimal trans-formation in order to align the matching contour segments. 

Finally, the overall image is reassembled from its properly aligned fragments. 
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I. INTRODUCTION 

In image processing, the collection of small piece  of 

fragments are combined together reassemble image.  This 

type of reassembly fragmented images are used in 

archaeology and forensics. The form of painting fragments 

are from pictorial excavation. These fragments of murals, 

mosaics or pottery are assembled into original complete 

painting. A related aspect of the problem is the development 

of a generative model for fractures and cracks as proposed 

in[1]. Suppose there was an accident could be happened, if 

in that case image of face structure was destroyed then that 

time it should not be possible to reassemble the image. So, 

that help of this project we can easily reassemble image 

very efficiently. Sometimes Because of destruction,the cases 

where the form of original object is known but has to be 

reassembled. By using discrete circular harmonic expansion 

a pattern matching algorithm  for the comparison of digital 

images are implemented[2].In previous system is time 

consuming, lots of efforts are required. The proposed 

system is very efficient, faster and to a significant reduction 

in the human effort involved. In our project, The reassembly 

of images from fragmented images are of four step model 

[3].The first step is pairwise matching, groupwise matching, 

graph based optimization matching, overall graph based 

optimization  reassembly. 
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1. Pairwise matching 

Pairwise matching is first step of module. They can 

work on the adjacent pair is to identify and their initial 

alignment is also matched and then couple of image is 

form.Content based image retrival(CBIR) algorithm is 

used for pairwise matching in which adjecent contour 

are matched and form couple of image. In this way 

reduce computational burden. The shape of boundary 

curve contour can be analyzed by geometry based 

matching. Then integrated algorithm [4] for represent 

the curve by using extracting the border of each 

fragment [5]. The potential alignment between adjacent 

fragments can be suggested by matches contour 

segment [6]. Color and geometry can be done by 

clusters such a curve contour into a multiple 

segment.The result of pairwise matching algorithm is in 

a set of possible matching between identified pairs of 

fragments, which are some correct or not. 

 

2. Group wise matching 

When the couple of image in pairwise matching is form then 

in that add one fragment of image and form a group.[7] The 

Smith waterman algorithm is used for group wise matching 

in which color matching for contour of fragments.  The 

redundant matches can be  produces by  pairwise matching 

which are intentionally generate in order to tolerant 

erroneous adjacency identification due to noise local 

minima, so it can be better filter out this false matches can 

be done global group wise matchingFalse matches are better 

filter in group wisematching. This is a combinatorial 

optimization problem and NP hard in extensive examination. 

Best first search strategies with back tracking to solve the 

problems are used in many previous work. A novel graph 

based searching problem can formulated by global 

composition in our work,when we can solve a  multiple 

fragments will get more reliable global reassembly. 

 

3. Graph based optimization 

The fragment can compose by groupwise matching 

globally.so this result dependent upon composition of the 

sequence, the alignment errors will be accumulated which 

may even cause a failure in the reassembly of one fragment 

relative to its adjacent one. The purpose of this step is to 

findgeometricaltransformation. The Iterative Closed Point 

(ICP) algorithm is used in graph based optimization.To 

reduce the global matching error between the adjacent 

fragmentcan done graph optimization algorithm. 

              This work can contribute is as follows: 

 a) Pairwise matching integrate both geometry and color 

information are more reliable alignment between adjacent 

fragments. 

b) A graph based algorithm efficiently handles the errors 

results which are given by pairwise alignment and also get 

correct adjacency information of all the fragments. 

c) Graph optimization can develop the variation a graph 

optimization at an end to reduce a error to refine the 

reassembly and achieve the optimal result. 

 

4.Overall image reassembly 

The final step is called the overall reassembly which aims to 

reassemble the fragmented image. Once the matching 

contour segment of couple of input image fragments are 

identified and properly aligned, remaining step is to 

reassembly of the overall image.Overall reassembly in 

which the collection of fragmented image is to form a 

reassemble image as output. 

 

 
 

Figure 1 :- Pairwise matching 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 :- Grouwise matching 
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Figure 3:- Graph based optimization 

 

 

 
 

Figure 4:- Overall reassembly of image 

 
 

Figure 5:- Architecture of reassembly of image 

 

 

II. Related work 

 

A) 2D reassembly of paper 

            Paper document are reassembled in 2D 

format. An entire page of a paper document 

fragments must be reassemble to form the image. 

The area of work is conducted in [8]-[9]. In order 

to reassembly the original documents for that shape 

is representations of the paper fragments. To 

reduce complexity of paper fragmented contour 

and geometrical features are extracted from these 

polygonal curves by which polygonal 

approximation is applied [10]. To assemble the 

entire document from its constituent paper 

fragments by which the method based on [11] is 

used. In these turningfunctions, shape features are 

estimated from fracture of contour and are utilize to 

discover matching contour fragments.  

 

B) 2D puzzle reassembly 

           For solving puzzles, there are many methods 

are used. For this textural features and color of the 

puzzle pieces are utilized. The feature of texture 

and color of the puzzle pieces are utilized.The FFT 

based image registration technique is used for 

carried out matching and alignment puzzle pieces. 

The two steps are occur in this puzzle reassembly. 

The first one is frame and other is interior assembly. In [12] 

presented the improvement of this method. By using best 

first search procedure overall puzzle reassembly is done 

[11].  

 

C) Local pairwise matching 

                  The relative transformation between adjacent 

fragments is nothing but fragment reassembly. The 

fragments can be modeled and aligned using their 

boundaries, which are 2D curve contours. Therefore, 

pairwise matching often reduces to a partial curve matching 

problem, which is mainly solved in existing literatures via 

either geometry based or color-based approaches. 

The curves as the polygonal shapes and solves their 

matching by finding the longest common substring, through 

a geometric hashing by Wolfson [13] approximates. This 

algorithm is very efficient and fast employed in many 

puzzle solving methods. However, this algorithm may fail in 

many cases such as when the boundary of the image 

fragments are damaged, thus is inadequate for solving 

general image reassembly problem. Kong and Kimia [11] 

resample the boundary curves by a polygonal approximation, 

then compute a coarse alignment by dynamic programming, 

finally, use a dynamic programming again to obtain the 

fine-scale alignment. By using dynamic programming 

algorithm to match the curvature the authors calculate the 

curvatures of each curve [14]. However, since computing 

the curvatures reduces to the second order derivative, this 

method is sensitive to noise. In [15], the local shape features 

of the curves are extracted and matched to introduce the 

local reconstruction. In [16], a shape feature, referred to as 

the turning function, is estimated for each boundary curves 

and used to discover the matching of fragment pairs. 
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D) Global pairwise matching 

 

          Pairwise matching of fragments may result in wrong 

matching (usually due to local minima, similar geometry/ 

texture information of nonadjacent fragments, or erosion-

caused of geometry/texture dissimilarity of adjacent 

fragments). An examination of multiple pieces globally can 

better eliminate such error or ambiguity. In [16], the author 

proposed a global method to solve jigsaw puzzles and their 

algorithm can solve puzzle with a large number of pieces. 

But their algorithm requires the preliminary knowledge on 

the shapes of the puzzle and thus is not suitable for general 

image reassembly. In [17], all matching pairs are examined 

and the matching with the highest score is selected, the 

corresponding pair is merged into a new piece. This process 

is repeated until only one piece is left. Since the incorrect 

matching pair can easily be picked during this merging 

process, a backtracking strategy is incorporated in the 

process. But since the incorrect matching occurs very often, 

this merging process becomes computationally expensive 

and thus not practical in real applications. In [11], this best-

first search strategy with backtracking is still used. They 

merge three pieces at a time based on the assumptions that 

generic breaks in puzzles only produce „„T‟‟ and „„Y‟‟ 

junctions. Similarly, in [18], the matching with triple 

junctions is granted with much higher score, thus is more 

likely to be selected in the global search process. Then in 

[15], the local reconstruction is resolved within the process 

of global search, which demonstrates better global results. 

 

III.   Mathematical model 

 

 

 

 

 Figure 6:- Mathematical model 

 

Sys = {Fragments, PWM,EC,GBO,RGBO } 

 

Fragments = { f1 , f2 , f3 , … ,fn } 

PWM = FPWM  { f1 , f2 , f3 ,…,fn } 

 EC = FEC { PWM } 

 GBO = FGBO {EC} 

 RBGO = F { GBO }  

            Store = RBGO 

 

PWM = FPWM  { f1,f2,f3, … , fn } 

   

 PWM = ( w1 + α + w3 ) / w2 

Where, 

  

w1= Ʃ [ l(Sik) + l (Sjh) ] /2 

w2 = Ʃw1 * d[ c(Sik),c(Sjh) ] 

w3 = No.of pairs of clusters (Sik) & (Sjh)  

α = Weights the importance of w3  

 

EC = FEC { PWM } 

  

T(eij) * T(vj) = T(eik) * T(vk) 

 

Where, 

eij &eik , two different edges 

vj & vk  , node from most one selected edges   

 

GBO = FGBO {EC} 

  

F(x)=Ʃ(xi,xj,zij)^T Ωij f(xi,xj,zij) 

                   eijϵE 

Where, 

xi & xj represent each edge of graph 

zij represents constraint 

Ωij weight matrix related parameter 

f(xi,xj,zij) vector error function 

                   

IV. Pairwise matching between fragments 

 

In this pairwise matching, pairwise matching between two 

image fragments. In pairwise matching technique the 

boundary of 2D curve is occur. The boundary of each 

fragment is extracted from the scan image. Pairwise 

matching in which both color and geometry information is 

utilized. Unlike existing algorithms that directly use 

dynamic programming [14] or geometric hashing [13] for 

curve matching, in which we first cluster each boundary 

curve loop into several segments using both color and 

geometry, then match the clusters with the help of similar 

color and geometry. Intuitively.Suppose,if two boundary 

curves are matched, then they should share a common sub-

curve with the similar color. Therefore, we can evaluate all 

the possible matches between two curves by simply 

searching through all the matches between the similar 

segments.The four-step pairwise matching pipeline is 

formulated as follows: first, cluster the boundary of each 

fragment into curve segments; second, align fragment pairs 

by computing transformations between their curve segments; 

third, refine the matching by an accordingly modified ICP 

algorithm; and finally, evaluate and sort the matching scores 

of all computed pairwise transformations. 

a) Clustering curve 

The fragments Fi‟s,boundary contour Ci using polygon and 

we use a slightly modified Douglas–Peucker (DP) algorithm 

[19] to partition the boundary curve contour Ci into a set of 

curve segments.S=v1v2 (bar) where v1 and v2 are the 

starting and ending points. The curves of the fragments of 

image is matched. 

 

b) Cluster matching 

Fi and Fj are image two fragments are adjacent, boundary 

contours Ci and Cj should share one (or multiple)common 

curve segment. Si belongs to Ci; Sj belongs to Cj where Si 

and Sj have the same geometry and color. We match Ci and 

Cj by matching the clusters extracted in the first step. This 

cluster matching will provide us a good estimation of the 

matching between two fragments. We say two clusters Si 

and Sj are potentially corresponded if their average colors 

and lengths are close enough. 

 

PWM EC GBO RGBO 
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Figure 7:- Boundary extraction and polygon approximation. (a) The 
original scanned image fragment, (b) the extracted boundary contour, and 

(c) the approximated polygon where the edges are red and vertices are blue. 

 
 

 
 

Figure 7:- Cluster matching 

 

a) pairwise matching evaluation 

We need a qualitatively score to evaluate the probability of 

each matching between two fragments: a higher matching 

score indicates that a match is more likely to 

be correct. Given two curves Ci and Cj and their matching T, 

a portion of the first curve, after transformation, denoted as 

T(Ci), will (approximately) overlap with that of the second 

curve Cj. We call such shared common portion as the 

common curve segment on Ci and Cj. After being identified 

as potential adjacent fragments, the two fragments Fi and Fj 

will have higher matching score if: 

1. The arc-length of the common curve segment they share 

is large. 

2. The color difference between the common curve 

segments on Ci and Cj is small. 

3. The common curve segments have salient geometry 

rather than being simple straight lines. 

 

a) Matching refinement using ICP 

Sometimes error are generated and so that image get 

damaged, the boundary curves of adjacent images often fail 

to be matched perfectly. 

The Iterative Closest Points (ICP) 

algorithm is a well-known effective method to rigidly align 

two geometries. Many of its variants have been discussed 

and evaluated in [20]. Integrating several ICP variants 

introduced in [20], we design a modified ICP algorithm that 

works more robustly against outliers in this partial contour 

matching. Specifically, for each point on the boundary of a 

fragment Fi, we find its nearest point on the other fragment 

Fj as its correspondences point; then iteratively we solve a 

rigid transformation based on the point correspondence on 

Fi to better align with Fj. In our algorithm, the 

correspondence between a pair of points is identified as an 

outlier if one of the following three conditions is met: 

(1) The distance between two corresponded points are larger 

than a threshold. 

(2) The normal vectors of two corresponded points are not 

pointing towards opposite directions, i.e., their dot product 

is far from -1. 

(3) The color difference between two corresponded points is 

large. 

 

IV. Proposed Work 

 

The problem of reassembling image fragments arises in 

many scientific fields, such as forensics and archaeology. In 

the field of archaeology, the pictorial excavation findings 

are almost always in the form of painting fragments. For 

example, they can be fragments of painted pottery, murals, 

or mosaics, which must be assembled to form the original 

painting. Improvements can be done in each step of 

proposed method.Interchanging steps used in proposed 

method.Can work on more than 6 fragments.In proposed 

system we work on both even and odd fragments. 

 

V. Conclusion 

 

      We present a novel computational method for the 

automatic reassembly of fragmented images. It consists of 

three main steps: pair wise matching between two image 

fragments, graph-based global fragment reassembly, and 

refinement of the reassembly via graph optimization. In Step 

1, we present a better curve-matching algorithm: each pair 

of image fragments are aligned via a pair wise matching 

integrating both geometry and color. In step 2, we present a 

reliable graph-based global search algorithm, which 

reassembles multiple pieces together to reach the overall 

composition; In step3, we develop a novel graph 

optimization strategy on the previous reassembly result, 

which can effectively refine the position of the fragments 

globally.  

           We evaluate our algorithm using various real world 

images and demonstrate that it is effective and robust. 
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