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Abstract—The present work analyzes performance, abilities

and contributions of the human being (layman) in semi-automatic signature recognition systems. During the last decade the performance of Automatic Signature Verification
systems have been improved based on new machine learning techniques and better knowledge about intraclass and
interclass variability of signers. However, there is still room
for improvements and some real world applications demands lower error rates. This work analyzes collaborative
tools such as crowdsourcing and human-assisted schemes
developed to improve Automatic Signature Verification
systems. The performance of humans in semi-automatic
recognition tasks is directly related to the information provided during the comparisons. How humans can help automatic systems goes from direct forgery detection to semiautomatic attribute labeling. In this work, we present recent
advances, analyzing their performance according to the
same experimental protocol. The results suggest the potential of comparative attributes as a way to improve Automatic Signature Verification systems.
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I. INTRODUCTION
In the actual society, the user verification is a requirement
in many applications as forensics, international border crossing,
financial transactions, and computer security. The biometric
recognition is a very broad field of research, where a lot of different research areas are generated, all focused on the analysis
and evaluation of human physiological and behavioral traits for
automatic recognition applications.
The signature is a globally accepted behavioral biometric
modality, and has been used for centuries by different cultures.
The signature is a human task composed affected by neuromotor characteristics of the signer [1] [2]. In addition, it is necessary to consider the socio-cultural influence such as the Western and Asian styles. For a long time, forensic analysis has allowed us to examine and evaluate the signatures, through forensic analysis experts who determine authenticity. At present,
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there are automatic signature verification systems, as an aid to
Examiners of Forensic Documents (FDE) [3-5].
The handwritten signature is well accepted as an authentication method within society, in the legal and commercial field,
since it is the personal characteristic that allows to certify the
identification of an individual or to give authenticity to legal
documents [4]. Semi-Automatic signature recognition systems
have several applications where the human performs signature
recognition with neither supervision nor experience, such as
banking transactions, product sales, parcel/courier delivery, and
public notary. In most of these applications, humans only verify
transaction log, but are limited in signature validation, since
they are people who have no experience in forensic document
analysis (FDE). In these scenarios the human interaction for the
evaluation of the signature is very important for the decision
making in a short time, this biometric trait has a high intra-variability own of the human. The purpose of this paper is to present case studies and experiments carried out in this line of research, where human interaction can be applied in many scenarios of practical importance.
Development of automatic systems is minimizing the confidence of human skills. The performance of Automatic Signature Verification systems (ASV) have been improved during the
last decade. However, some applications demands lower error
rates and there is still room for improvements (see Fig.1). Fig.
1 shows two examples where automatic comparisons obtained
through a state-of-the-art ASV system fail. However, we must
keep in mind that human beings possess the innate ability of
perception, which consists in exploring behavior, performance
and abilities one another. What actions and to what extent can
assist the ASV systems.
In previous research [6-9], Forensic Document Examiners
(FDE) efficiency studies are performed in the recognition of
signatures, however the performance and behavior of the human with no experience in FDE (layman), generates an increasing interest. Previous studies on human performance focus on
the recognition of signatures through crowdsourcing [10-12],
where they analyze laymen's performance. Human performance
is measured by analyzing the opinion of the laymen based on
visual comparisons from a genuine set of signatures and unmarked samples including genuine and counterfeit signatures.

Comparison A
Score A = 0.61
Score B = 0.63

5% worst scores
5% best scores
Score value = 0.61

Comparison B

Score value = 0.63
Fig. 1 Left: Probability distribution of classification scores obtained using the Dynamic Time Warping automatic signature recognition algorithm and the experimental protocol proposed in [22]. Right: Two examples of genuine comparisons with low classification scores but good visual similarity.

These studies have made it possible to establish a human performance baseline, but there is a lack of knowledge in factors
that influence human scores. Is the human a good signature recognizer? Is the human stable in the signature labeling process?
What parameters help improve the signature recognition in the
labeling process? There are so many openended questions
related to human capabilities for signature recognition.
The present work analyzes human interventions to improve
semi-automatic signature recognition. The rest of the work is
organized as follows: Section 2 presents the state of the art of
work related to human performance through crowdsourcing and
manual signature labeling. Section 3 presents the analysis of research experiments related to human performance. Finally, Section 4 summarizes the conclusions.

Soft biometrics in human recognition is studied in [20], in
which a multimodal biometric system that uses face and fingerprint as the main features and gender, ethnicity and height as
soft features; study in which experiments carried out on a database of 263 users show that the recognition performance of the
primary biometric system can be significantly improved by
making use of soft biometric information. This is achieved if
the soft biometric features are complementary to the Primary
biometric features.
Crowdsourcing allows the intervention of the human being
in a variety of human tasks. Specifically, crowdsourcing for biometric applications has been in the field of face recognition
[30], posture or gait [19], as far as biometric security [29].

II. HUMAN INTERVENTION FOR BIOMETRIC RECOGNITION

III. SEMI-AUTOMATIC SIGNATURE RECOGNITION BASED ON
HUMAN INTERVENTION

Research studies in the field of biometrics applied to human-assisted systems allow us to identify the real abilities of
the human, and the capabilities of the automated systems [9-11,
13-17]. The use of human annotations in automatic system biometric recognition has provided encouraging results in the literature [14]. The annotation of attributes performed by humans
has emerged as a way to improve automatic systems in face
recognition [12, 18] or gait [19].
In references [20, 21], soft biometrics are used for the description of human faces and people. The development of their
work focuses on the fact that people naturally use labels and
physical attribute estimates to describe other people. The results
obtained were extremely satisfactory, it was concluded that the
absolute body descriptions to identify individuals resulted in an
accuracy of identification of 48%, because the absolute labels
proved to be a bad form of description, bound to subjectivity
and interference. On the other hand the comparative labels
proved to be less subjective than the traditional forms of description and are preferred by the majority of specialists, obtaining for this particular work an accuracy of 99.3%.

The literature on signature recognition shows how the performance of systems have been improved over time [7, 8, 16,
27, 28]. Human performance obtained in [6, 8, 9, 17] suggests
that laymen find it difficult to correctly recognize the authenticity of signatures. However, it is well accepted that FDEs can
achieve competitive results based on their specialized training
and experience.
Research work developed in [13, 22] have explored the human-assisted signature recognition, including a baseline performance of human signature recognition and the analysis of the
semi-automatic schemes based on attribute labeling. Their results suggest the potential of these recognition schemes in applications involving human intervention. The performance of
offline signature recognition systems is lower than on-line systems [23] and, therefore, attribute-based matching could help
overcome the limitations of offline correspondence.
In [10, 11, 22], authors present a studies to measure human
performance based on crowdsourcing responses in comparison
to Automatic Signature Verification systems. The works have
evaluated several crowdsourcing interfaces with the aim of
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Absolute attributes

Comparative attributes

Shape = Calligraphic
Legibility = Concentrated
Order = Spaced
Punctuation = Yes
Flourish symmetry = partially
Flourish weight = wide
Flourish shape = rounded

Shape
Calligraphic = 4
Vertical = 1
Horizontal = 2
Round = 2
Order
Clear = 3
Confused = 2
Concentrated = 3
Spacing = 1

Fig. 2 Absolute attributes [22] versus Comparative attributes [33]

measuring human performance and its comparative observations to discriminate and evaluate a signature.
The article [14] explores the human ability to recognize the
authenticity of signatures. The crowdsourcing is used to analyze the different factors affecting the performance of humans
without Forensic Document Examiner experience. The human
responses are used to analyze the performance of humans according to each of the scenarios and main factors. The experiments comprise 240 signatures from BiosecureID public database and responses from more than 400 people. The results suggest the difficulties associated to these tasks, with special attention to the false acceptance of forgeries with performances
ranging from 50% to 75%. However, the results suggest that
human perception is biased by the signature characteristics and
different performances are obtained depending of the signer. Finally the combination of human ratings clearly outperform the
individual performance. This study focuses its objectives on
improving the human performance in the recognition of signatures through visual aids by introducing characteristic traits, the
same ones that are selected from works inspired by FDEs [24,
25, 26].
The studies performed in [10,11,14] reveal human performance in signature forgery detection. These works analyze the
correlation between the features denoted as important by users
and their performance classifying genuine and forged signatures. The results show that most of the users focus on high level
attributes of the signature such as letter style and shape. However, the average error rate are high with False Acceptance
Rates up to 25% at False Rejection Rate around 30%. The study
suggests that results obtained concluded that human performance depends on parameters such as quantity and quality of
information available during the classification task. More
information provided to the laymen, lower error rate was
obtained. In addition, the result obtained in [14] suggest the
importance of the signer characteristics. As can be seen in
Figure 3, the average performance of the laymen varies from
False Rejection Rates equal to 19% in the best case (forgers
easy to detect) to 53% in the worst (forgers with larger ability).
Table I summarizes the performance of the 400 workers
(combined by averaging their responses) and 240 genuine and
forged signatures employed to measure their performance. In
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Fig. 3 Performance obtained averaging the performance by 400 laymen for
a classification task involving 20 different signers [14].

addition, the table includes the performance obtained by an
Automatic Signature Verifier (ASV) system based on offline
characteristics [19] using a similar protocol used for the humans
(4 training samples and 8 test samples for each signer).
The articles [13, 22] explore human intervention to improve
Automatic Signature Verification (ASV). These works analyzed how human actions can be used to complement automatic
systems. Instead of previous intervention at classification level,
intervention at feature extraction level was evaluated using a
self-developed tool for the manual annotation of signature attributes inspired in Forensic Document Experts analysis. The
experiments include the two most popular signature authentication scenarios based on both online (dynamic time sequences
including position and pressure) and offline (static images) information. The results showed that features manually labelled
by human can be used to improve automatic systems in both
scenarios. The improvements range from 6% to 61% depending
of the conditions of the experiments.
Article [13] focuses their experiments in determining which
features or attributes of a signature can improve performance in
automatic recognition systems. The result reported in [13] show
that most common features labelled by laymen for signature
recognition tasks. In addition, the results showed that it is possible to observe the combination of automatic systems and
semi-automatic systems with features labelled by laymen can
be used to improve the recognition performance.

TABLE I
EVALUATION OF HUMAN PERFORMANCE (EER) WITH
INTERVENTION AT CLASSIFICATION LEVEL VS. OFF-LINE AUTOMATIC
SYSTEM (SIMULATED FORGERIES)

Individual human performance
Combination of human responses
ASV based on offline features [22]

Simulated
Forgeries
32.2%
13.8%
20.27%

Finally, [33] proposes a semi-automatic recognition scheme
based on comparative attributes labelled by humans. The comparative attributes try to overcome the limitation of absolute attributes [22] by converting absolute labels (e.g. is vertical?) into
ranges (e.g. how vertical?). Table II summarizes the results presented in [33] and [22] obtained according the same experimental protocol. The results show the superior performance of
comparative attributes with error rates similar to those obtained
by state-of-the-art off-line ASV systems.
IV. CONCLUSIONS
This work explores the performance of humans in signature recognition based on intervention at different levels. The
literature shows that FDEs can achieve performances similar to
the best state-of-the-art Automatic Signature Verification systems. The performance of laymen is far to the performance obtained by FDEs and ASV systems. However, the collaborative
interventions based on crowdsourcing as well as the comparative attributes have shown encouraging results. The results of
show the great potential of these schemes and its potential in
applications that involve human interventions..

TABLE II EVALUATION OF HUMAN PERFORMANCE (EER) WITH
INTERVENTION AT FEATURE EXTRACTION LEVEL VS. AUTOMATIC SYSTEMS

ASV based on online features [22]
ASV based on offline features [22]
Absolute Attributes [22]
Comparative Attributes [33]
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