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Abstract: This paper presents an experimental analysis on document image 
retrieval using a multi-domain intelligent system. More specifically, on the 
same document image, the combination of three different domains: layout, logo 
and signature are discussed. This new method analyses every single decision 
provided by multi-domain system so that, in the training phase, a new sample 
classified with a dissimilar confidence to the previous trained samples is used 
to update the system. DTW, Euclidean distance and cosine similarity have been 
used, respectively for the analysis of layout, logo and signature. Finally, the 
weighted combination of individual decisions was considered. The 
experimental results, carried out on 30 rotated forms belonging to 13 different 
companies, demonstrate the superiority of the proposed approach with respect 
to single-domain retrieval systems, based on the ANR performance index. The 
ANR parameter is able to evaluate the multi-domain system. 

Keywords: document management system; document image retrieval;  
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1 Introduction 

Currently, information retrieval (IR) systems are mainly based on textual queries, with 
obvious limitations related both to flexibility of search options and to time for 
information discovery. Conversely, multi-expert systems were used for two reasons: 

1 to capture the variability of the numerous patterns 

2 to select the most profitable samples when new data become available (Pirlo et al., 
2009, 2013; Impedovo and Barbuzzi, 2014; Barbuzzi et al., 2013). 

Figure 1 Feedback in a multi-expert parallel system 

 

The main contribution of this paper is to propose innovative strategies for document 
retrieval, respect to the state-of-the-art, based on structural, graphical and handwriting 
analysis according to a multi-expert scenario (see Figure 1). Therefore, queries will be 
performed respect to the retrieving of layout, logo and/or signature of a document image. 
Moreover, in the training phase, a single expert will be iteratively retrained by enlarging 
the original training set with new document images, respect to a specific retraining rule. 
The feedback-based strategy (or retraining rule) reinforces the classifier’s knowledge 
base, when the classified image is dissimilar respect to its original training set (Barbuzzi 
et al., 2014). 

As already discussed in literature, the achievement of better performance depends on 
the original training set, but also on the combination strategy of the multi-expert system, 



   

 

   

   
 

   

   

 

   

    Multi-domain intelligent system for document image retrieval 285    
 

 

    
 
 

   

   
 

   

   

 

   

       
 

on the data distribution and similarity between samples in the training set, feedback set 
and test set (Impedovo and Barbuzzi, 2014; Barbuzzi et al., 2015). 

The proposed approach has the fundamental objective of minimising the average 
normalised rank (ANR), using few training data to avoid overfitting. The experimental 
test has been carried out on 30 rotated forms belonging to 13 different companies. 

The paper is organised as follows. Section 2 presents a brief overview on the  
state-of-the-art in the field of IR. Section 3 describes in detail the feedback-based 
strategy. Section 4 shows the operating conditions. Section 5 analyses the experimental 
results and, finally, Section 6 summarises the work. 

2 Information retrieval – overview 

The main function, in IR, is based on search criteria (named query) within a document 
collection. In traditional systems, the query is textual and it contains the structured 
information in order to find the relevant documents. Moreover, this information allows to 
find the ranking documents according to the specific score. 

Generally, the ‘document retrieval’ models are analysed as ‘bag of words’ style. In 
this case the models ignore both position of terms within the document and document 
structure (Ko, 2012). 

It is well-known that a document retrieval system is characterised by: 

• document collection D 

• term dictionary V, where t ∈ V is a term 

• document d ∈ D, where d = {t1, …, tn} is a set of terms 

• length l(d) = n, the number of terms included in d 

• frequency tfij of a term ti within the document dj 

• weight wij of a term ti within the document dj 

• set Q of possible queries, where q ∈ Q is a query defined as a set of terms  
q = {t1, …, tk} 

• function of document-query matching rel: Q × D → R+ that associate at each 
document its relevance, respect to the query. 

where for each term ti ∈ dj a particular weight wij is associated. This weight corresponds 
to the relevance degree of ti in dj, for example it is based on empirical observation of the 
term within the document. So, each document can be seen as: 

( ) ( ) ( )( )1 1 2 2 ( ) ( ), , , , , ,j j j l dj l djd t w t w t w=   (1) 

Therefore, the function of document-query matching is used to estimate the similarity 
between document and query information. 

( ) ( )1 2 ( ), , , , ,j j j l djrel d q f w w w q=   (2) 
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In the bag of words approach, a document is considered as a container of terms and 
(rel(dj, q) is used to estimate the similarity between the terms belonging to the document 
and the information contained in the query (Hiemstra and Baeza-Yates, 2009). 

A traditional matching model uses Boolean algebra as document-query matching. In 
this model, each term is or present or absent in a document and no weight is associated to 
it. The query’s terms are logically combined, using the Boolean algebra operators, with 
the document terms in order to obtain an exact matching between the expressions. 
Unfortunately, this matching model does not allow a ranking between detected 
documents (Turtle, 1994). 

In the vector space model, each document is seen as a weighed vector. The weight wij 
associated to the term ti is calculated on the term frequency (TF) and Term Frequency – 
Inverse Document Frequency (TF-IDF) schemas. More specifically, in the TF schema, 
the weight associated to the term is calculated with respect to its frequency tfij in the 
document. Conversely, in the TF-IDF schema, the weight associated to the term is 
calculated with respect to its normalised frequency tfij in the document. So, if a term is 
present in many documents in the collection, its contribution is minimal wij = tfij × idfi 
(Salton et al., 1975). Finally, in order to obtain the relevance degree, both the cosine 
distance and the Okapi measure are used as document-query matching (Jones et al., 
2000). The ranking on the detected documents is based on the Bayesian rules (Wei and 
Croft, 2007). 

Today the document search engines are oriented on non-text-based system, i.e., the 
query is not directly associated to the presence of terms and its features are extracted by a 
specific region of the document image. Tzacheva et al. (2001) suggest to transform a 
scanned form into a frameset composed of a number of cells. The maximal grid is the 
grid that encompasses all the horizontal and vertical lines in the form and can be easily 
generated from the cell coordinates. The number of cells from the original frameset, 
included in each of the cells created by the maximal grid, is then calculated. Those 
numbers are added for each row and column generating an array representation for the 
frameset. Duygulu and Atalay (2002) propose a hierarchical zoning strategy to overcome 
the problem of optimal grid selection, in order to identify and retrieve similar documents 
respect to the edit distances between the generated trees. Huang et al. (2005) present a 
system that extracts text lines and describe the layout by means of relationship between 
pairs of these lines. ‘Mobile Retriever’ (Liu and Doermann, 2008) aims to seamlessly 
link physical and digital documents by allowing users to snap a picture of the text of a 
document and to retrieve its electronic version from a database. Erol et al. (2008) use the 
brick wall coding (BWC) features that are local features which represent bounding boxes 
of the words. Although the features are scale invariant and robust to slight perspective 
distortion, the accuracy of their system is very low. Both ‘Mobile Retriever’ system and 
‘HotPaper’ method do not work correctly when documents are written in Japanese and 
Chinese languages, in which words are not separated. The system of Liu and Liao (2011) 
combines several approach to identify a document, for example barcode, micro optical 
patterns, encoding hidden information, paper fingerprint, character recognition, local 
features and so on. 

Unfortunately, the retrieval process is time consuming and it requires special 
equipment. So, this paper proposes to choose a single domain (layout, logo or signature) 
or their combination, in order to improve the retrieval efficiency. 
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3 Feedback-based strategy 

3.1 Instance selection 

Let: 

• P = {xk | k = 1, 2, …, | P |} be the documents set. In particular, P is used to train the 
system and its data are unlabelled. 

• P′ = {xk | k = 1, 2, …, | P′ |} be the rotated documents set. In particular, P′ is used to 
test the system. 

• Ai be the ith classifier, i = 1, 2, …, N. 

• Fi(xk) = (Fi,1(xk), Fi,2(xk), …, Fi,r(xk), …, Fi,R(xk)) be the numeral feature vector used 
by Ai to represent the specific pattern xk ∈ P (with R numeral features). 

• KBi be the knowledge base of Ai after the processing of new instance selected. 

• E be the multi expert system which combines the individual classifier decisions in 
order to obtain the final classification result. 

Initially, in the first stage (s = 1), the classifier’s knowledge base Ai is empty. Therefore, 
it is initially defined as: 

{ }iKB = ∅  (3) 

Successively, the set P of unknown samples is provided to the multi-expert system both 
for classification and for learning. 

So, 

( ){ }1, 2, ,i i k iKB F x k KB= =   (4) 

Therefore, KBi is the numeral feature vector set of the ith classifier for the k patterns that 
belongs to the knowledge base (KBi). 

P′ is considered as set of real cases for testing in order to avoid biased or too 
optimistic results. When considering new data (samples of P), in order to inspect and take 
advantage of the behaviour of the single classifier in a multi-expert scenario, the 
following simple strategy is proposed and evaluated in this work: 

Being: 

• s(Ai(xk)) the (z-score) normalised distance between the new sample xt and the entire 
knowledge base (KBi) of the classifier Ai 

• s(Ai(xt)) the (z-score) normalised distance between the new sample xt and itself; 

• τ the acceptance threshold. 

The following rule chooses the element for retraining: 

( )( ) ( )( )( ){ }t k i k i tx x P s A x s A x τ∀ ∈ ∧ − >  

Figure 2 shows the retraining rule applied to the new sample (represented by the circle in 
the figure) respect to the thresholds τ1 and τ2. In the first case (τ1), the new sample is 
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added to the expert’s knowledge base (represented by the squares in the figure) because it 
disagrees with each other sample of the training set. While, in the second case (τ2) the 
new sample is not added to the expert’s knowledge base. 

Figure 2 Retraining rule respect to the threshold τ (see online version for colours) 

 

More specifically (see Figure 2), using τ1 as acceptance threshold, it is possible to 
observe that no training data is included in new sample’s neighbourhood, represented by 
red dashed line. So, the expert accepts the input data because it is dissimilar to the other 
data in expert’s knowledge base. Instead, using τ2 as acceptance threshold, the expert 
does not accept the new data because it is similar to the training sample within its 
neighbourhood (see green dashed line). 

In equation (5), hereafter, Ai is updated with those patters where the normalised 
output of Ai (in terms of distance) disagrees with each other output of its knowledge base 
respect to a threshold τ. 

The system is able to select only samples to be used for the updating process, in order 
to improve the multi-expert’s performance. 

3.2 Algorithm 

In order to describe this feedback-based strategy, it is detailed in Algorithm 1. A sample 
in P is used to enlarge the knowledge base of Ai, if and only if its normalised distance by 
each other stored image in the knowledge base is different, respect to a threshold τ. 

Algorithm 1: Feedback-based retraining process 
1. Given: 

• P = {x1, …, xM, …, xT}: document set 
• KBi: the knowledge base of the expert Ai, i = 1, 2, …, N 

2. For each selected sample by the user, h = M + 1, …, T 
3. For each expert: 

4. Determine for the sample xh ∈ P an output score (normalised distance ) of the expert 
on its knowledge base: s(Ai(xh, KBi) 

5. Apply the rule (5): 
IF (5) is true THEN 

Add xh in KBi 

end IF 
End for 

End for. 
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Obviously, many new samples will not give any feedback to a specific expert. This aspect 
depends on: the acceptance threshold, the classification algorithm and the training set at 
the previous step. So, the final goal of this paper is to find a good compromise to 
investigate on the retraining rule in order to obtain successful results. 

4 Operating conditions 

In this paper 30 real commercial forms, belonging to 13 different companies, have been 
used (Figure 3 shows some examples of these forms in the dataset). 

Figure 3 Examples of commercial forms 

   

Figure 4 Examples of filtered image 

  
(a)     (b) 
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Documents have been acquired at a resolution of 100 dpi and a depth of 8 bit  
(256 grey-level). Moreover, each domain (layout, logo and/or signature) has been  
pre-processed respect to innovative and original techniques. 

For layout analysis, two grid-based structures have been extracted by mathematical 
morphology. More specifically, a closing operator with structuring elements (SEs) of 
horizontal and vertical lines have been applied, respectively (see Figure 4). 

In the feature extraction step, in order to extract the numerical feature vector by each 
grid-based structure, the radon transform has been considered. Figure 5 shows the results 
of the radon transform applied to the image in Figure 4(a). While Figure 6 illustrates the 
results of the radon transform applied to the image in Figure 4(b). 

Figure 5 Horizontal projection of Figure 4(a) (ϑ = 0 and ρ = 0) 

 

Figure 6 Vertical projection of Figure 4(b) (ϑ = π/2 and ρ = 0) 

 

Dynamic time warping (DTW), to match the feature vectors extracted by the radon 
transform from two document images, has been used. Further details, related to the 
layout-based analysis, have been described in the work (Pirlo et al., 2014) that represents 
our starting point for this research in the intelligent multi-domain system. 

For logo analysis, in order to pre-process the image extracted manually, Haar wavelet 
filter and adaptive median filter have been used. More specifically, the Haar wavelet 
filter is efficacy for Gaussian noise removing, but it has some difficult related to the noise 
removing introduced by the sensor. So, a solution of this problem could be represented by 
an adaptive median filter. This filter type detects abnormal pixels from their context, 
compared to a multiple of the standard deviation of the neighbours. So, these abnormal 
pixels have been replaced with median value of their neighbours. Figure 7(b) shows the 
results of Haar adaptive median filter applied to the image in Figure 7(a). In particular, it 
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is evident from Figure 7 that clusters of noising pixels are filtered to provide a clearest 
image. 

Figure 7 Examples of filtered image (see online version for colours) 

 
(a)     (b) 

Concerning the feature extraction, the histogram of the pixel intensity values has been 
used. Figure 8 shows the grey-level histogram extracted from the image in Figure 7(b). 

Figure 8 Grey-level histogram 

 

Euclidean distance to match the feature vectors extracted by two different logos has been 
adopted. 

Handwriting signature is considered as a biometric trait which has been culturally 
accepted to verify automatically the identity of the people over the years (Plamondon and 
Lorette, 1989; Pirlo and Impedovo, 2013; Pirlo et al., 2015; Galbally et al., 2015). For 
signature analysis, it is acquired manually and the equimass grid for the segmentation, 
intersection with lines for the feature extraction and cosine similarity for the matching 
have been implemented. More specifically, after binarisation and normalisation of the 
signature, both the median noise removal algorithm for noise removal and the equimass 
grid technique (Impedovo et al., 2012) have been applied. 

In the feature extraction step, in order to extract the numerical feature vector by  
pre-processed signature, the intersection with lines method has been considered.  
Four different grids (horizontal, vertical, diagonal +45° and –45°) have been 
superimposed on the signature image of Figure 9, which shows an example of  
pre-processed signature for feature extraction step. 
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Figure 9 Example of pre-processed signature (see online version for colours) 

 

To match the feature vectors extracted by two different signatures, cosine similarity 
algorithm has been used. 

Finally, the multi-expert parallel system has been designed respect to the three 
different domains, named A1 for layout analysis, A2 for logo analysis and A3 for signature 
analysis. The Borda count method has been considered in order to combine each list 
provided by the experts (Pirlo et al., 2014). Figure 10 shows the multi-domain intelligent 
system for document image retrieval. 

Figure 10 Multi-domain intelligent system 

 

In this multi-expert scenario, both the acceptance threshold and the weight associated at 
each expert play a crucial role in the selection of new patterns to be added to the experts’ 
knowledge base. Thresholds (τ1, τ2, τ3) are set to 0.50, 1.00 and 0.15 for layout, logo and 
signature, respectively chosen through a trial-and-error process, applied to the distances 
between two different z-score normalised images. While, for each expert, the weights 
have been calculated according to the equation know in literature (Polikar, 2007): 

1log
1

i
i i

i i

εw
ε

 = =  − 
β

β
 (6) 

So, after the analysis of each domain (layout, logo and signature), the following weights 
have been detected: w1 = 0.40, w2 = 0.80, w3 = 0.10 for layout, logo and signature, 
respectively. 



   

 

   

   
 

   

   

 

   

    Multi-domain intelligent system for document image retrieval 293    
 

 

    
 
 

   

   
 

   

   

 

   

       
 

5 Results 

In the testing phase, 30 real commercial forms, belonging to 13 different companies (see 
an example of these documents in Figure 2 and their categorisation in Table 1) have been 
considered. 
Table 1 Dataset of real documents 

Company 1 2 3 4 5 6 7 8 9 10 11 12 13 
Number of documents 8 5 4 1 2 1 1 1 3 1 1 1 1 

The same documents, rotated of –2° and +2° respect to the original form, are used to 
verify the efficacy of the multi-domain system (see an example of these rotated 
documents in Figure 11). The rotation is applied to simulate a real case of unaligned sheet 
on the scanner glass. 

Figure 11 Example of rotated document of –2° and +2° 

  

Finally, in order to estimate the quality of the ranked list provided by the system, for a 
given query, we considered the average normalised rank (ANR) that is defined as follows 
(Huang et al., 2005): 

1

1 1
2

wN w
iiw

NANR R
N N =

+ = ∗ − ∗    (7) 

where 

• N is the number of documents in the set 

• Nw is the number of relevant documents, for the given query, in the set 

• Ri is the rank of each relevant document in the set. 

Of course, ANR values are in the range [0, 1]: 
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• ANR = 0 means that relevant documents are at the top of the ranked list (right 
position) 

• ANR = 1 means that relevant documents are at the bottom of the ranked list (wrong 
position). 

For each domain, Table 2 shows the selected samples respect to the instance selection 
strategy hereafter described in Algorithm 1. The order of entry documents starts from 
company 1 and ends to company 13. 
Table 2 Training set 1 

Company 1 2 3 4 5 6 7 8 9 10 11 12 13 

Layout 6 2 4 1 1 0 0 1 1 0 1 0 0 

Logo 5 2 4 1 2 1 1 1 3 1 1 1 1 

Signature 7 3 3 0 1 0 1 0 0 0 1 0 0 

While Table 3 shows the selected samples, for each domain, from company 13 to 
company 1 in the training phase. 
Table 3 Training set 2 

Company 13 12 11 10 9 8 7 6 5 4 3 2 1 

Layout 1 1 1 0 1 1 0 1 2 1 1 0 2 

Logo 1 1 1 1 1 0 0 1 1 0 1 1 3 

Signature 1 1 1 1 1 1 1 0 1 0 3 2 1 

The final results, obtained by the weighted multi-domain system, have been considered 
respect to each training set (training 1 and training 2) and test set (rotated documents of  
–2° and rotated documents of +2°). So, the mean values of ANR are shown in Figure 12. 
Moreover, the original documents: d18, d21, d22 and d27 have been deleted. For final 
evaluation, this is useful because the aforementioned documents have not been stored in 
any domain’s knowledge base in training phase. 

Figure 12 Mean ANR in weighted multi-domain system (see online version for colours) 

 

In this case, the weighted multi-domain system’s performance are: 
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• more efficient of each single domain for retrieving of ten documents (mean ANR 
0.15) 

• equal at last one of the single domain for retrieving of other ten documents (mean 
ANR 0.04) 

• less efficient of layout analysis for retrieving of other two documents 

• less efficient of logo analysis for retrieving of other four documents. 

When the ANR is close to 0, it is possible to observe that multi-domain approach is 
similar to the single domain analysis. In this case, the use of the single domain could 
decrease the computational costs. 

Finally, Figure 13 shows the efficacy of the weighted combination, in a multi-domain 
system, respect to the simple combination. 

Figure 13 Simple and weighted combination (see online version for colours) 

 

More specifically, the mean ANR in the simple multi-domain system is equal to 0.23, 
while the mean ANR in a weighted multi-domain system is equal to 0.16 with a system’s 
performance improvement of 7%. 

6 Conclusions 

A new multi-expert intelligent system has been introduced for document retrieval, 
according to three different domains (layout, logo and signature) extracted from real 
commercial documents. More specifically, the adopted methodology analyses every 
single decision provided by multi-domain system so that, in the training phase, a new 
sample classified with a dissimilar confidence to the previous trained samples is used to 
update the system. 

The experimental results show that document selection depends on the: acceptance 
threshold, classification algorithm and training set at the previous step. 

The results demonstrate that the weighted multi-domain system is equal or more 
efficient respect to the single-domain analysis of 77%, for the retrieving purpose. 

More specifically, the multi-domain intelligent system is more efficient for the 
retrieving of ten documents with an average normalised rank (ANR) of 0.15 respect to 
the single-domain analysis, it is equal for the retrieving of ten documents (mean ANR of 
0.04) respect to the analysis of at least one domain and it is less efficient for the retrieving 
of two and four documents respect to the layout-based and logo-based analysis, 
respectively. 
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Finally the weighted multi-domain system improves the performance, in terms of the 
average normalised rank (ANR), of 7% respect to the simple (unweighted) multi-domain 
system. 

In the future, this multi-domain intelligent system will be more investigated according 
to a large dataset to solve problems related to the big data. 
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