
 
Computationally Efficient Graph Matching via Energy 
Vector Extraction 

 

Abstract. This paper presents a method for graph matching based on domain knowledge by 
quantifying representative graph features. Our method searches and extracts the most relevant 
cues in different graphs. Once these cues are extracted and quantified, a new energy function 
is used to match the different graphs based on the obtained features values. This approach has 
been successfully applied for deformable template matching. As a result the error of matching 
is reduced, as well as the computational cost by efficiently selecting and grouping representa-
tive features. 

1 Introduction  

Graphs hold a great representative power which makes them the most natural way to 
encode and symbolize any pattern [1]. All non-verbal human communications, rang-
ing from hand gestures to written documents, include some concept of a graph. Many 
applications in computer vision include selecting and extracting information from 
graphs, since graphs provide a useful way to represent knowledge. For this reason 
Tombre proposed a method for analyizing engineering drawings [2], and Kruger, 
Potzsch, and Andmalsburg proposed a method for determining face position and 
pose based on labeled graphs [3]. 
 Due to this power, graph matching is a logical way to compare and recognize 
different objects. The main challenge in any graph matching method is to extract 
representative segments of different graphs for comparison. Many approaches have 
been considered: some were based on one-to-one correspondence [1], while others 
were based on many-to-many correspondence [4]. However, these methods usually 
suffered from computational complexity and inefficiency while handling distortions.  
In this paper, we present a method for graph matching based on feature extraction to 
obtain a vector representation for each graph which is applied for deformable tem-
plate recognition. A new energy function is formulated to extract this vector based 
on the graph attributes. Then, a simple distance function is applied for the final 
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matching. This method is robust to noise, segmentation errors, graphs with missing 
or extra edges, and graphs with missing or extra node. 
 This paper is organized as follows. Section 2 discusses briefly related works. 
Section 3 presents the feature extraction method while section 4 presents the match-
ing method. In section 5, experimental results are discussed. Concluding remarks are 
available in section 6. 

2 Related Work 

Graph matching is usually addressed as a method for object recognition. Gold and 
Rangarajan [1] propose a one-to-one correspondence is established through a gradu-
ated assignment Kim and Kak [5] propose a bipartite graph matching using discrete 
relaxation for 3-D object reconstruction. Other algorithm uses a quadratic program-
ming approach for graph matching using a maximal clique framework [6]. Many-to-
many correspondence has been also investigated [4], frequently in the context of 
edit-distance, [7].   
 However, these methods are either computationally complex or does not support 
slight distortions in graphs. So, a small deformation in the graph to be matched in-
troduces a lot of error in the matching result, unless the algorithm is computationally 
expensive. 
 In this paper, a robust and low computational cost method is introduced. Its 
strength lies in its ability to assign quantitative values to representative graph fea-
tures such that the matching process is only a simple distance function. 

3 Energy Function  

A graph G = (N, E) can be interpreted as a set of basic forms which are nodes and 
edges. Figure 1 shows an interpretation of a given object as a graph. The features 
used in matching different graphs are the information obtained from the nodes and 
edges. 

 
Fig. 1. Object representation as a set of nodes and edges 

 This method transforms the graph into a vector of energy values. An energy func-
tion is calculated for each node in the graph. This energy function aims at encoding 
the number of edges connected to each node, their relative length, their shape, and 
the average relative angle of each node. Then, each graph is represented as a vector 
of energy values calculated at each of its nodes. 
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 Towards this end, we define a novel energy function as follows: 
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 where n is the number of edges attached to node i, m is the number of nodes in 
the graph, Lip is the length of the pth edge attached to node i, θip is the angle the pth 
edge form with the horizontal, Aip is the area enclosed by the edge in case it is not a 
straight line. This area is representative of the shape of the edge as shown in Fig. 2. 

 
Fig. 2. Area enclosed by a circular edge between Node 1 and Node 2 

 Lastly, k1, k2, k3, and k4 are weights based on the characteristics of the consid-
ered graphs. 

4 Graph Matching  

Let’s assume a graph Gk is to be matched with a set of graphs G1,G2,…,Gn. Once the 
energy vectors Ek and E1,E2,…,En are obtained, they are then sorted in descending 
order. Then, the distance between Ek and each of the other energy vectors is calcu-
lated according to Eq. 2. 
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 where dj is the distance between Gk and Gj, n is the maximum number of nodes 
found in Gk and Gj .  

4.1 Robustness 

This method is robust to perturbations in graph structure due to the fact that the en-
ergy function, Eq. 1, emphasizes the similarities between graphs. The idea is to com-
pare the most representative features of one graph to the most representative features 
of the second graph. Therefore, sorting the two energy vector, and comparing them 
one-by-one (the first value in E1 to the first value in E2, the second value in E1 to the 
second value of E2, and so on) provide a very simple and effective way to compare 
the representative features. Any noise or distortion introduced will have low energy 
value and will appear at the end of the energy vector; therefore, it will have a mini-
mal effect on the matching process. Also, this matching process is independent on 
the size of the graphs, since the relative lengths of the edges are considered. Match-
ing is also independent on the position of the graphs since relative angles are consid-
ered. 
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4.2 Efficiency 

The main advantage of this method is its computational efficiency. It is able to 
achieve robust detection in O(n) where n is the maximum number of nodes found in 
the different graphs. This is considered a great achievement when compared with 
other methods that are considered low-cost yet they run in O(lm), where l and m are 
the number of links in the two graphs [1]. 

5 Experimental Results 

We worked with a database1 of four graphs and 500 distorted versions of these 
graphs. The four graphs are shown in Fig. 3 and their corresponding distorted ver-
sions are shown in Fig. 4. 
 

 
 

Fig. 3. The four basic graphs 

      
Fig. 4. (a) Distorted versions of Graph 1 (b) Distorted versions of Graph 2 (c) Distorted ver-

sions of Graph 3 (d) Distorted versions of Graph 4 

                                                           
 
 
 
1 International Symbol Recognition Contest at GREC 2003, Barcelona, Catalo-

nia, Spain, July 29, 2003 
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 The purpose was to match each distorted graph with its original version. Setting 
experimentally k1 to 10, k2 to 5, k3 to 3, and k4 to 3, we were able to achieve a 
100% recognition rate. Table 1 shows the result of calculating the distance function 
between 16 distorted versions of Graph 1 and all four graphs. It can be easily seen 
that the minimum distance is produced when comparing each one (on each row) with 
Graph 1 indicating that the matching was done correctly. Tables 2, 3, and 4 show the 
same results for Graphs 2, 3, and 4 respectively. 

 
TABLE 1 

Distance Calculation for 16 Distorted Versions of Graph 1 
(1-(a)) (2-(a)) (3-(a)) (4-(a)) 

9 106 157 663 
12 107 162 670 
12 103 158 666 
8 101 154 662 
10 103 154 671 
11 106 154 668 
11 107 162 670 
9 108 159 668 
10 110 160 669 
12 110 160 664 
8 112 158 665 
8 104 154 670 
12 106 169 669 
11 111 154 663 
10 106 153 667 
9 104 161 670 

 
TABLE 2 

Distance Calculation for 16 Distorted Versions of Graph 2 
(1-(b)) (2-(b)) (3-(b)) (4-(b)) 

94 8 172 660 
96 12 176 664 
94 8 172 660 
96 12 176 664 
96 12 176 663 
94 8 172 660 
96 9 172 660 
94 8 176 663 
97 11 174 665 
97 10 174 663 
95 11 175 660 
94 8 176 662 
95 9 175 664 
96 10 173 660 
94 8 175 664 
94 8 174 663 
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TABLE 3 

Distance Calculation for 16 Distorted Versions of Graph 3 
(1-(c)) (2-(c)) (3-(c)) (4-(c)) 

158 177 8 572 
155 178 4 567 
155 176 5 571 
157 180 3 569 
155 176 5 571 
157 180 8 569 
158 180 7 567 
155 176 3 572 
156 178 4 571 
154 177 6 569 
155 176 7 571 
158 180 8 570 
156 177 7 571 
156 180 3 568 
158 177 3 572 
157 176 5 576 

 
TABLE 4 

Distance Calculation for 16 Distorted Versions of Graph 4 
(1-(d)) (2-(d)) (3-(d)) (4-(d)) 

667 676 571 33 
667 686 577 31 
669 678 569 23 
670 679 570 24 
670 679 570 28 
668 675 568 24 
670 678 571 17 
669 678 570 22 
668 679 569 25 
671 675 568 29 
669 676 573 23 
670 684 567 19 
667 682 568 28 
670 680 572 30 
669 679 570 26 
671 677 569 25 

6 Conclusions 

In this paper, we present a computationally efficient graph matching technique based 
on feature extraction via energy vectors. This method has a very low order computa-
tional complexity O(n) and it is extremely robust to noise and distortion. The ex-
perimental results were impressive. In future, this method will be tested with more 
graphs specifically those including non-linear edges. 
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