
Journal of the American Society of Questioned Document Examiners, Inc.
Volume 18, Number 2, December 2015

© 2015 The American Society of Questioned Document Examiners, Inc.	 67

Extraction of Signatures from Document 
Images for Real World Applications
Sheraz Ahmed1,2 , Muhammad Imran Malik1,2 , Andreas Dengel1,2 , and Marcus Liwicki2,3

1German Research Center for Artificial Intelligence, Kaiserslautern, Germany
2Technische Universitat Kaiserslautern, Germany
3University of Fribourg, Switzerland

Various automatic methods for signature verification have been reported in the recent past.  A com-
mon issue with nearly all of these methods is that they are built on the assumption that signatures 
are available pre-segmented or pre-extracted from document images. Accordingly, such systems are 
refined and tested on data containing signatures on the foreground and very little, to ideally no other, 
information in the background. The authors argue that these settings are not realistic and, in reality, 
experts encounter cases where signatures are written on documents having a lot of other information, 
than just the signatures, e.g., machine-printed text, ruling lines, logos, etc. We believe, to better assist 
forensic experts, a system should have the capability to automatically extract/segment signatures from 
documents like bank checks, forms, bills, wills, etc. This paper identifies that automatic signature 
extraction/segmentation from document images is a relevant problem faced by forensic document 
examiners and compares the various approaches currently available. Furthermore, we present an alter-
native method for extracting signatures from document images. The proposed method is capable of dis-
tinguishing machine-printed text from signatures and is based on a well known local feature descrip-
tor, Speeded Up Robust Features (SURF). We evaluate the proposed  method on the publicly  available 
Tobacco-800 dataset in order to compare it to the currently available extraction methods. The research 
found that the proposed method was able to find all of the signatures in the document images tested. 
The authors see the application of the proposed method as a tool for document examiners to automati-
cally extract signatures from document images.

1 Introduction

Today, automatic systems are used in almost ev-
ery field to facilitate different processes in our 
daily life. These uses range from simple vending 
machines through to sophisticated systems for 
automatically diverting postal mail. Research in 
the field of document image analysis has enabled 
the development of various automatic systems to 
analyze documents on the fly and extract differ-
ent types of information for different purposes, 
e.g., optical character recognition for sorting of
postal mails based on zip code [1], automatic ex-
traction of names, addresses, numbers and dates
from documents [2]. Along with the extraction
of different types of information, researchers are
aiming to develop automatic systems to verify
the authenticity of questioned documents [3–5].

Signatures are a widely used authentication 
mechanism in many industries such as banking 

and law [6]. In the last three decades researchers 
have developed various offline (using only spatial 
information, such as scanned signature images) 
and online (using both spatial and temporal/dy-
namic information) signature verification sys-
tems. However, in most of the existing systems, 
it is assumed that signatures are readily available 
(segmented/extracted) from the document that 
originally contained them. In addition, existing 
publicly available datasets for the development 
and evaluation of signature verification systems 
also contain only signatures and not the complete 
documents containing signatures and/or other in-
formation. Contrary to this, in reality, signatures 
are contained on documents which also contain 
other background information. Such documents 
include bank checks, invoices, contracts, credit 
card pay slips and wills. In these real world sce-
narios, due to the lack of segmentation, the ex-
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classes. Features from machine-written and hand-
written text are extracted and passed through a 
feed forward neural network to obtain the confi-
dence score. Guo and Ma [9] addressed the prob-
lem of separating handwritten annotations from 
machine-printed text within a document. Here 
Hidden Markov Models (HMMs) were used to 
distinguish between machine-printed and hand-
written materials. Zheng et al. [10] proposed a 
system for detection of machine-printed and 
handwritten text in documents containing back-
ground noise. To achieve this, a Fisher classifier4 
initially separates the machine-printed and hand-
written text from background noise. After this 
noise filtering process, Markov Random Field 
(MRF5) is used to segment the machine-printed 
text from handwritten text. Peng et al [12] used a 
two step approach to separate handwriting from 
machine-printed annotated text using MRF. In 
the first step, patches/blocks of machine-printed, 
handwritten, and overlapped text (handwritten 
on machine printed) were extracted from the 
entire document using G-means6. In the second 
step, MRF based relabeling was performed to 
separate overlapped text into machine-printed 
and handwritten text using shape context based 
pixel level features. Similarly, Chanda et al. [14] 
used a chain-code feature with a Support Vec-
tor Machine (SVM7) classifier for segmentation 
of machine-printed text from handwritten text. 
Mozaffari and Bahar [16], Banerjee and Chaud-
huri [17], and Banerjee [18] proposed systems for 
the segmentation of handwritten from machine-
printed text in Farsi/Arabic and Bangla, respec-
tively. More recently, Awal et al. [19] proposed 
a method for handwritten and machine-printed 
text separation using pseudo-lines and contextual 
relabeling.

2.2 Signature Segmentation from Bank-checks

Jayadeven et al. [20] undertook a comprehensive 
survey of the systems used for processing of bank 
checks. However, this survey does not cover the 
area of proposed signature segmentation meth-
ods for bank checks. On the other hand, research 
by Djeziri et al. [21] and Madasu et al. [22] did 

isting signature verification and identification 
systems cannot be used as is. This paper focuses 
on the challenges faced by researchers when de-
veloping a complete automatic document analy-
sis system that is capable of performing signature  
segmentation/extraction from documents and 
then performing signature verification.

The remainder of this paper is organized into 
the following six sections labelled 2 through 7. 
Section 2 provides an overview of the systems 
currently used for segmentation of signatures 
from document images. Section 3 provides details 
on the proposed alternative method for signature 
segmentation. Section 4 presents details about 
the dataset used for evaluation of the segmenta-
tion method. Section 5 reports on the evaluation 
protocols and results of the proposed signature 
segmentation method. Section 6 discussed ar-
eas requiring further research and Section 7 con-
cludes this paper.

2 Existing Segmentation Systems

To date, there has been very little research in 
the area of segmentation and extraction of sig-
natures from documents, especially from docu-
ment images. However, some research has been 
undertaken that focused on the segmentation of 
handwritten text from machine-printed text. In 
this section we will provide an overview of both 
cases, i.e., the existing systems available for seg-
mentation of handwriting from machine-printed 
text, and those used for the segmentation of sig-
natures from documents and bank checks.

2.1 Printed vs. Handwritten Text  
Segmentation

Imade et al. [7] proposed a method for segmen-
tation and classification of printed characters, 
handwritten characters, photographs, and paint-
ed image regions using feed-forward neural net-
works. Similarly, Kuhnke et al. [8] proposed a 
classification system which reads a raster im-
age of a character and outputs confidence values 
for machine-written and hand-written character 

4Fisher classifier is a well known linear discriminant classifier. For further details, please refer to https://
en.wikipedia.org/wiki/Linear_discriminant_analysis
5MRF is a well known graphic model for joint probability distribution. For further details, please refer to https://
engineering.purdue.edu/~bouman/publications/ tutorials/mrf_tutorial/view.pdf and [11]
6G-means is a modified version of the well known K-means clustering algorithm. For further details, please refer 
to [13]
7SVM is a well known and commonly used classification method. For further details, please refer to [15].



Extraction of Signatures from Document Images for Real World Applications

	 JOURNAL OF THE AMERICAN SOCIETY OF QUESTIONED DOCUMENT EXAMINERS	 69

document’s content. To deal with these situa-
tions, Zhu et al. [25] proposed a method for seg-
menting signatures from a complete document 
using a saliency map. In addition to a signature 
segmentation method, Zhu et al. [25] also in-
troduced a publicly available dataset called To-
bacco-800 which consists of complex document 
images containing information about signatures 
on printed text documents. Along with other 
information, Tobacco-800 contains patch level 
information (about which blocks contain signa-
tures, without specific marking of signature pix-
els/strokes so that signatures overlapping with 
machine-printed text are not fine separated) for 
900 signatures on complete documents. A com-
plete document retrieval system is presented by 
Zhu et al. [26] where signature matching is com-
bined with the detection framework discussed in 
the Zhu et al. 2007 [25] paper. Mandal et al. [27] 
proposed an approach for signature segmentation 
using conditional random fields. Results are re-
ported on a subset of the Tobacco-800 dataset, 
i.e., 105 images out of the total 1290 documents 
contained in the dataset. One of the main prob-
lems with this approach is that it requires a large 
number of training samples. Furthermore, Man-
dal et al. [27] segments signatures on patch level, 
whereas in some cases some machine-printed 
text is touching the signature components which 
may cause problems in signature verification. To 
rectify this problem, Mandal et al. [28] recently 
proposed an alternative approach for segmenta-
tion of signatures by also segmenting those char-
acters which are touching the signature strokes. 
Estaban et al. [29] detected the position of signa-
tures in document images using the accumula-
tive evidence technique. This method works by 
searching for regions that maximize the measure 
of correspondence (i.e., the slope of the strokes in 
the signature) with a given reference signature. 

specifically propose methods for extraction of 
signatures from bank checks. Djeziri et al. [21] 
proposed a method inspired from human visual 
perception that is based on filiformity criteria. 
Using these criteria, contour lines of objects are 
differentiated from handwritten lines. Madasu et 
al. [22] used the sliding window method to calcu-
late entropy and to fit the window to signature 
blocks. Sankari et al. [23] proposed an approach 
for the segmentation of bank check account num-
bers and account holders’ signatures from check 
images using prior knowledge about the possible 
location of account numbers and signatures in 
the Cartesian coordinate space. They used these 
segmented regions for training and verification by 
Hamming distance measure (number represent-
ing the difference between two binary strings). 
Note that in case of bank checks, prior informa-
tion about the location of signatures is generally 
already available which makes the segmentation 
process comparatively easy. Therefore, most of 
the existing systems for signature segmentation 
can only be applied directly to bank checks if this 
prior information is available. In the cases where 
prior information regarding the particular loca-
tion/position of signatures on a document is not 
known (as may be the case with contracts, wills, 
suicide notes, etc.), the application of the current 
automatic signature segmentation systems is 
still challenging.

2.3 Signature Segmentation from Document  
Images

There are many documents apart from bank 
checks that also contain signatures, e.g., con-
tracts, invoices, and wills. Figure 2 shows that 
segmentation in such documents becomes more 
challenging as signatures can be located in differ-
ent areas on the documents depending upon the 

Figure 1. Bank check images [24]

(a) (b)
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The main problem with this method is that it 
requires one signature sample from each author. 
This limits its applicability in real world scenar-
ios where it is not always possible to have signa-
tures from only the already known persons, e.g., 
signatures on invoices received from an interna-
tional supplier.

A major limitation with the majority of the 
above mentioned approaches of signature seg-
mentation is that they have not been applied on 
real life problems. Furthermore, none of them 
has been tested on complete datasets such as the 
Tobacco-800 or any other publicly available da-
taset. Subsets of Tobacco-800 dataset have been 
used in different studies but it is not mentioned 
which images are included in any particular sub-
set. This makes it difficult to analyze and com-
pare the performance of these methods. Also for 
the methods tested, none of the researchers re-

ported the efficiency of their systems in terms of 
time and complexity.

Furthermore, some commercial systems are 
available. These systems are capable of finding 
one or two signatures in bank checks as well as 
(IRD8) images and snippets, and applying signa-
ture verification on these segmented signatures, 
e.g., SignatureXpert-29 by Parascript. The prob-
lem with commercial systems is that the data on 
which they are trained are never made publicly 
available. Also, details about how these systems 
work and the algorithms applied is proprietary 
information.

3 Dataset

Currently, to the best of the authors’ knowledge, 
there are two publicly available datasets that con-

Figure 2. Documents having signatures at different positions.

(a) (b)

8An Image Replacement Document (IRD) is a replacement check on paper, generated from the electronic image 
of an authentic paper check.
9http://www.parascript.com/recognition-products/forms-processing/signaturexpert-2.
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tain information about signature patches/zones. 
These are the Tobbaco-800 dataset [30] and the 
Maryland Arabic dataset [31]. The Tobbaco-800 
dataset contains  1290 images containing  the 
handwritten and machineprinted text in English 
as well as machine-printed logos. There are 900 
labeled signatures in this dataset. The Maryland 
Arabic dataset contains 169 images containing 
handwritten English and Arabic text along with 
149 labeled signatures.

To generate results comparable to the other ap-
proaches, such as those undertaken by Zhu et al. 
[30], we performed evaluations of our proposed 
system on the Tobbaco-800 dataset. This dataset 
contains only the ground truth information about 
the logos and signatures contained in a document 
on the patch level (i.e., which block in the im-
age contains the signature and which block the 
logos). However, if the signature is overlapping 
printed text in that patch, only general informa-
tion about the patch is supplied. As a result, it is 
not possible to evaluate the individual pixels in 
the image to determine which pixels are a part of 
signature and which are part of the printed text. 
As mentioned in Section 1, the document analy-
sis community has only recently started consid-
ering the problem of signature segmentation. As 
a result, the datasets currently used only have 
the patch level ground truth information about 
signatures available. For these datasets to be use-
ful to the current research being undertaken, the 
stroke/pixel level information is also required.

To compare our method with the method pro-
posed by Mandal et al. [27], we have used a subset 
of images from the Tobbaco-800 dataset contain-
ing only machine-printed text and signatures.

4 Proposed Method for Signature Segmentation

This section provides an insight into the authors’ 
proposed method for signature segmentation 
from document images. This method is based on 
local features, i.e., Speeded Up Robust Features 
(SURF10). SURF is a part based approach that rep-

resents the image as a set of key points. As part 
based approaches extract key points/points of in-
terest from the parts of image (which represent 
local features), it brings robustness against differ-
ent variations in the image [34, 35].

For each of the SURF key points, a 128 bit de-
scriptor is extracted which represents that par-
ticular key point. This descriptor is used to find 
similarities between different parts of the im-
age. For extraction of SURF, we used a Hessian 
threshold of 400, i.e., all the key points having a 
Hessian threshold of less than 400 were ignored. 
This filtering removes unimportant features from 
the images.

For training purposes11, we used ten docu-
ments from the Tobaaco-800 dataset containing 
machine-printed text and signatures. To ensure 
the performance of the system, it is required that 
all the machine-printed text is separated from the 
signatures. As the Tobbaco-800 dataset does not 
include ground truth information for machine-
printed text, the authors manually generated two 
new images for each document dividing it into 
the printed text and signatures image compo-
nents. These generated images were then used for 
training the program. Pixels containing overlaid 
areas were extracted for both the printed text as 
well as signature image of the training set.

For all of the printed text components, the ex-
tracted printed text key points and their respec-
tive descriptors were added to a printed text fea-
tures database. Similarly, for all of the signature 
components, the extracted signature key points 
and their respective descriptors were added to a 
signature features database.  These two databases 
serve as the reference for matching the signature 
and printed-text features during testing. Figure 4 
shows the training procedure used.

To segment a signature from a document con-
taining both signatures as well as printed text, 
the connected components12 are extracted (as 
shown in Figure 3). Here, the SURF features are 
extracted for each of the connected component 
(full signature  component, full printed text com-
ponent, and the overlapping signature and print-

10URF is a well known computer vision method for detecting and describing important areas in images. For 
details, please refer to [33].
11In computer science, programs are initially trained to learn the different underlying properties of the subjects. 
This process is called training. Contrary to this, testing is the process when a trained computer program is run 
on unknown data to evaluate its performance.
12Extraction of connected components is a well known image processing technique.
Note that connected components here do not mean the overlaying signature and machine-printed components. 
For details about connected components, please refer to [36].
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cess is repeated until all of the connected compo-
nents are assigned to one of the two classes (See 
Figure 4). Once all of the connected components 
are marked as printed text or signature, separate 
image for signature is generated. To segment the 
signature from the test document, the original 
image is cloned and bounding boxes of all con-
nected components of printed text are filled with 
white color on that image, which in turn results 
in a segmented signature image.

As a post processing step, horizontal run length 
smearing is performed on the segmented signa-

ed text components). The descriptor of the key 
points are then compared with the descriptors of 
printed text keypoints and signature keypoints 
from the two reference databases. The Euclidean 
distance metric is used as a distance measure.

Finally for the classification of connected com-
ponents, a majority voting approach is applied. If 
a connected component’s keypoint has less Eu-
clidean distance to the signature keypoints ref-
erence database as compared to the printed text 
keypoints reference database, one vote is added 
to the signatures class and vice versa. The pro-

Figure 3. Original document
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ture image. Applying smearing merges all of the 
neighboring components. Connected compo-
nents are extracted from smeared images and all 
of the small connected components are neglect-
ed. The remaining components are considered as 
signature patches. Figure 5 shows the extracted 
signatures from the document shown in Figure 
3. One of the main advantages of our approach is 
that it requires a very limited number of training 
samples.

5 Evaluation

To evaluate  the performance  of the authors’  pro-
posed method the precision and recall measures 
are used. As mentioned in Section 3, the ground 
truth of the available dataset contains only patch 
level information of the signatures. Therefore, 

the authors also calculated the precision and re-
call on the patch level information for the im-
ages used. The signature is considered detected 
if there is at least a 40% of overlap between the 
ground truth and the detected signature patch.

The evaluation results of the proposed method 
are presented in Table 1. This method has a recall 
rate of 100%, which means that all the signatures 
were extracted successfully. A minor drawback of 
this method is, however, that the precision is cur-
rently quite low. One reason for this is that the 
images containing logos were also tested. The pro-
posed method sometimes incorrectly marked lo-
gos as signature patches during the segmentation 
process. The authors however consider this draw-
back to be removable by adding the class “logo”.

Figure 7 shows some of the segmentation re-
sults of the proposed method. Qualitatively, the 
correctly segmented signatures are comparable to 

Figure 4. Extracted and marked connected components from question document image.

Figure 5. Extracted Signature.
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6 Scope for Future Research

In order to automate the complete document 
analysis process, various methods need to be de-
veloped to extract different types of information 
from documents in a format usable for different 
applications. Likewise, reliable automatic seg-
mentation methods that can be integrated with 
signature verification systems need to be devel-

manually cropped signatures. Figure 7 also shows 
some examples of false positives.

As can be seen, the proposed method preforms 
quite well on a difficult subset. More than every 
second extracted patch is a signature, with all the 
signatures contained in the images successfully 
extracted. This outcome is very positive suggest-
ing it will be a useful technique for document ex-
aminers.

Figure 6. Overlapping area between ground truth (RED) and detected  (BLUE) 
signature patch.

(a) (b)

(c) (d)

Figure 7. Examples of correctly segmented signatures (a,b) and false positives (c,d).

Table 1. Signature Segmentation results on patch level.

Method Precision% Recall%

Proposal method 56.52 100

Mandal et al. (105 images) [27] not reported by authors 98.56

Cuangyu et al. [37, 30] not reported by authors 92.8
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oped to make it a viable resource for document 
examiners. To develop such methods, bench-
mark datasets on which signature  segmentation 
systems can be evaluated in terms of recall (how 
many signatures/items are extracted from the 
document), precision (how many of the extract-
ed items are actually signatures) and efficiency 
(both in terms of speed and complexity), need to 
be compiled. As discussed in Section 2, currently 
most of the existing signature segmentation sys-
tems are evaluated on subsets of Tobacco-800 da-
taset and (to the best of authors’ knowledge) there 
is no publicly available dataset specifically de-
signed for signature segmentation. As discussed, 
the major disadvantage with the Tobacco-800 da-
taset is that it only contains patch level informa-
tion about signatures, i.e., which block contains 
primarily signatures (meaning that some other 
information may also be there). This non-avail-
ability of datasets shows the current lack of re-
search interest in signature segmentation. Since 
2011, some researchers have considered this 
problem but still there is a lot more that needs to 
be done in this area.

The authors are currently working on develop-
ing a large dataset for signature segmentation and 
verification. Along with patch level information, 
this dataset will have also signature stroke infor-
mation (i.e., information about each pixel that 
belongs to signatures or printed text) and would 
be usable for testing complete signature  segmen-
tation and verification frameworks for analysis of 
documents containing signatures. Furthermore, 
in this dataset multi-spectral information about 
signatures and other parts of documents will also 
be incorporated.

In addition to developing datasets specific to 
signature segmentation, another important area 
requiring research is in the development of a pro-
gram capable of performing layout-free segmen-
tation of signatures. As previously discussed, 
signatures are not always located in the same 
place on a document (as shown in Figure 2). This 
means that an automatic system needs to be ca-
pable of finding signatures without using any 
prior information about the layout of a document 
and probable location of a signature. Some efforts 
to achieve this have already been made by Man-

Figure 8. Example of signatures overlaying printed text.

(a) (b)
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Pair distinguishable by reflectance and luminescence Spectra 

dal et al. [27, 28] and Ahmed et al. [38], but there 
is still a lot more to be done in terms of quality of 
extraction, precision, recall, and efficiency.

Another important aspect is to tune signature 
verification systems in such a way so that they 
are capable of distinguishing between genuine 
and forged signatures, even in the presence of 
some noise in signatures, e.g., overlapping char-
acters or missing parts of signature. The existing 
signature verification systems assume that the 
questioned signature image contains no other in-
formation than the signature itself, which is not 
always the case (see Figure 2 for reference).

Figure 8 (b) shows a very common scenario 
where most of the existing signature verifica-
tion systems will misclassify this signature as a 
forgery simply due to the presence of text in the 
signature image. This extraneous text is consid-
ered as a part of signature during verification by 
current automatic systems. Therefore, further 
development is required to tune the existing sig-
nature verification systems so as to make them 
more robust to noise and touching components. 
A probable solution could be to use only parts of 
the signature for verification rather than using the 
complete signatures [39, 40]. This, however, will 
raise further questions about which parts of signa-
tures are to be used and why. In addition, a possi-
bility is to use hyper-spectral imaging technology 
for distinguishing the signatures from background 
noise. Hyper-spectral imaging provides wave-
length information about the underlying text/sig-
natures represented from visible to near infrared 
regions. This information may allow the program 
to very accurately segment the signature from its 
surrounding, even at the pixel level [41].

7 Conclusions and Future Work

In this paper, state-of-the-art automatic signature 
segmentation/extraction methods with the po-
tential to be integrated with verification to per-
form authentication were discussed. The paper 
outlined the limitations of the currently avail-
able automatic signature segmentation systems 
in real world scenarios. The main drawback of 
the current systems is that documents often con-
tain information other than just the signatures, 
e.g., background text, lines, and logos. In order 
to authenticate these documents by performing 
signature verification, the signature must firstly 
be segmented and extracted from the document. 
The paper assesses the various approaches that 

have been proposed for signature segmentation 
from document images and outlines their limita-
tions. The paper also notes the current lack of da-
tabases suitable for the development and testing 
of complete document authentication systems 
involving signature  segmentation and verifica-
tion.

Furthermore, the authors have presented a 
part-based method for the extraction of signa-
tures from documents based on the SURF key 
points method. The proposed method requires 
very limited training as compared to other con-
temporary approaches discussed in this paper. 
The experiments were performed on the Tob-
baco-800 dataset where all of the available sig-
natures were successfully extracted. However, 
some false positives were also detected mostly 
due to presence of other class information in the 
images such as logos. This limitation can be over-
come by extending the method to identify other 
classes and to use advanced classifiers such as 
SVM. By incorporating these modifications into 
the system, the precision of the method will be 
vastly increased. Moreover, using the approach 
of removing the less distinctive features from all 
the classes (proposed by Ahmed et al. [42]) will 
hopefully further improve the results.

It is anticipated that the authors’ dataset con-
taining signature patch and stroke level informa-
tion will be completed in the near future. Once 
completed, it will be made publicly available. 
Emphasis will be given to incorporating examples 
of signatures overlapping text and graphics in the 
dataset to make it more reflective of real world 
situations. The patch information will be record-
ed in both the visible and near infrared spectra as 
recommended by Khan et al. [41]. Further, test-
ing the methods proposed by Ahmed et al. [42] for 
separation of overlapping text/graphics to finely 
extract the signature strokes is also planned.
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