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ARTICLE INFO ABSTRACT

Keywords: At crime scenes, overlapped fingerprints are frequently found on commonly used surfaces, requiring separation
Forensics methods for reliable person identification with forensic systems. While various methods for separating
Biometrics

overlapped fingerprints have been developed in recent years, their practical usefulness has not been adequately
evaluated due to a lack of practical requirements.

This paper presents a comprehensive overview of overlapped fingerprint separation methods, based on a
meta-study analyzing 33 methods published between 2010 and 2024 (i.e., 15 years). Additionally, we identified
ten key requirements to strengthen the transfer of scientific methods to forensic practice. Our analysis shows
a significant trend towards hybrid and Al-based approaches for fingerprint separation, offering both new
opportunities (e.g., efficiency, accuracy) and challenges (e.g., reliability, explainability). Unfortunately, we
found that current separation methods cannot yet be satisfactorily evaluated in terms of their practical usability
for forensic systems. This limitation results from the fact that most existing studies only address some of the
identified requirements or only to a certain extent, which significantly hinders their practical implementation.

The study emphasizes the need for a more practice-oriented approach in evaluating fingerprint separation
methods. To enhance their real-world applicability, we strongly encourage researchers to address the ten
identified requirements, contributing to a facilitated transfer of theoretical methods into real-world forensic
systems.

Overlapped fingerprints
Fingerprint separation
Requirements engineering

1. Introduction

The accurate identification of a person is a fundamental part of
any criminal investigation. In this context, biometrics are an essential
tool as they provide a set of methods to identify people based on
their behavioral or physiological characteristics, such as DNA, voice,
or fingerprints [1,2]. Fingerprints are widely regarded as one of the
most important physiological characteristics due to the pattern of ridges
and valleys of the skin surface [3,4]. In particular, fingerprints meet
four widely accepted requirements for biometric identifiers, includ-
ing: (1) uniqueness, i.e., they are distinctive to every person [5,6],
(2) measurability, i.e., they can be acquired and digitized [3,4], (3)
persistence, i.e., their properties remain permanent over time [7,8], and
(4) universality, i.e., (nearly) all persons own a fingerprint [3,4].

Fingerprints are used worldwide in, for example, forensic labora-
tories and are accepted by courts of law after a review by forensic
experts [9-12]. They can be lifted from surfaces by various methods,
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for example, dusting or ninhydrin [13]. After lifting, they are typically
matched against stored fingerprints from datasets [14] after manual
or automatic analyses of extracted characteristic points of the ridges
and valleys, so-called minutiae [15]. However, several problems have
arisen over time regarding the reliable and accurate recognition and
analysis of such points and patterns, such as unclear ridge structures
of fingerprints, complex background patterns, or handling overlapped
fingerprints [16,17].

1.1. Problem statement

Overlapped fingerprints usually appear on surfaces where one or
more people have touched an object once or several times [18,19].
These situations occur particularly on crime scenes, for example, when
door handles or weapons are used in a crime. This is why separation
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methods are crucial to provide accurate results of individual finger-
prints that can be used for person identification or authentication [20].
However, fingerprint-related forensic systems are typically developed
under the assumption that fingerprint images only contain one single
fingerprint [18,21]. This assumption leads to the problem that these
“common” extraction methods cannot be applied unchanged to over-
lapped fingerprints [19]. To solve this problem, various separation
methods for overlapped fingerprints have been developed in recent
years [22].

Unfortunately, current methods and associated research studies typ-
ically lack comparable evaluations regarding their actual usefulness and
practicability in forensic systems, for example, automatic fingerprint
identification systems (AFIS) [21]. We argue that this issue is due to a lack
of uniform evaluation criteria, i.e., missing requirements. The definition
of such requirements, for example, similar to the requirements for
biometric identifiers, is essential to determine which separation method
is the best solution in a specific forensic scenario (e.g., a burglary).

1.2. Goal and research questions

Our main goal is to provide a comprehensive overview of the current
state-of-the-art in the field of overlapped fingerprint separation and to define
key requirements for uniform method evaluations. In this way, we aim to
strengthen the transfer of theoretical methods into forensic practice. To
achieve our goal, we rely on the following Research Questions (RQ):

* RQ1: What are the key requirements for evaluating methods of
separating overlapped fingerprints?
This question aims to identify and define the key criteria neces-
sary to effectively evaluate the methods used to separate over-
lapped fingerprints, ensuring that they meet practical and bio-
metric system standards in forensic practice. Moreover, we inves-
tigate to what extent current separation methods already mention
the identified requirements, assessing their general practical ori-
entation and discussing shortcomings related to their transfer into
real-world forensic scenarios.

RQ2: What are current state-of-the-art trends regarding the separation
of overlapped fingerprints?

We aim to explore and summarize the latest advancements and
predominant methods in the field of overlapped fingerprint sepa-
ration, highlighting relevant trends since 2010 oriented towards
traditional, hybrid, and Al-based methods.

1.3. Contributions

To answer our research questions, we conducted a meta-study of
overlapped fingerprint separation methods available since 2010, based
on a Systematic Literature Review (SLR) methodology according to
Kitchenham et al. [23]. Please note that our study is designed as a
research synthesis and does not include primary experimental work.
We highlight that our study offers the most comprehensive review in
this field to date. In our study, we summarize and critically discuss
relevant findings on these separation methods and the requirements
they already target. More specifically, we contribute the following with
our study:

» We define ten key requirements of separation methods for over-
lapped fingerprints, indicating recommendations for standardized
system evaluations in forensics.

We systematically analyze and describe current separation meth-
ods according to their procedures for separating fingerprints. In
this way, we provide an extensive and essential overview of
current methods, highlight the most significant ones, and show
how they evolved over the years.

We thoroughly discuss the insights obtained from our analysis and
the identified requirements.
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Overall, our results show the complexity and importance of current
separation methods as well as the existing issues regarding their prac-
tice orientation and actual implementation. The requirements defined
in our study aim to provide an initial decision-making aid for the
selection of suitable methods forensic practice. Note that although
AFIS are often referenced as example applications, we argue that the
reviewed methods and requirements can also support related biometric
systems or one-to-one forensic comparison.

1.4. Structure

The article is structured as follows: In Section 2, we present the
essential terms and the traditional approach to separate overlapped
fingerprints. After that, we describe the meta-study design and its
conduct in Section 3. In Section 4, we introduce ten key requirements
and examine to what extent they are mentioned in current research to
answer RQ1. Then, an overview of the most relevant separation meth-
ods is given in Section 5 and answer RQ2. In Section 6, we consider
relevant threats to validity. Finally, after describing relevant related
work in Section 7, concluding comments and suggestions for further
research are given in Section 8. For a better overall understanding, the
methodological structure of our study is illustrated in Fig. 1.

2. Background

In this section, we provide key background information on la-
tent and overlapped fingerprints. In particular, we focus on essen-
tial processing steps of fingerprint separation methods to provide an
understanding of typical characteristics.

2.1. Latent fingerprints

Latent fingerprints, also known as finger marks or latents, are (par-
tial) fingerprints lifted from surfaces of objects at a crime scene [24].
Typically, latents are created by sweat, which accumulates in the ridges
of the skin and is partially or completely transferred to a surface by
contact with an object.

There is a variety of challenges and issues that can possibly affect
the usability of latent fingerprints, for example, in the context of an
AFIS or associated fingerprint identification hardware in a criminal
investigation [25]. A typical issue of latents is the poor quality of
their ridge impressions [26,27]. In addition, lifting a fingerprint can
result in further loss of quality, such as background noise or non-
linear distortion [24,28]. However, the quality of latent fingerprint
images is essential for subsequent processing steps as they are matched
against stored fingerprints to identify a person. In this context, the
accuracy of the processing methods, such as concrete algorithms for
separating overlapped fingerprints, decreases more and more the worse
the quality of the latent is and vice versa. Consequently, the selection
of appropriate methods based on uniform requirements is essential to
allow the highest possible usability of a fingerprint-related method, for
example, integrated into an AFIS [4].
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Fig. 2. An example of a typical (i.e., traditional) solution for automated overlapped fingerprint processing including pre-processing and the separation process
with (1) OF estimation, (2) OF separation, and (3) fingerprint extraction. The fingerprints used were simulated and the process illustrated by the authors.

2.2. Overlapped fingerprints

As already described in the previous sections, overlapped finger-
prints can often be found on surfaces of frequently used objects, such
as door handles, light switches, or computer keyboards. Moreover, they
can occur when residue fingerprints are left on the surface of fingerprint
sensors [18,29]. Based on the assumption by Chen et al. [18], the
term overlapped fingerprints is always understood as two overlapped
fingerprints, since the separation of more than two fingerprints is
typically too complex. Although this definitional assumption and the
associated basic approach were made almost 15 years ago, they are
still used as an essential basis in current methods [30,31].

As shown in Fig. 2, the traditional approach for separating over-
lapped fingerprints consists of three essential processing steps [20].
After splitting the fingerprint image into foreground and background,
a pre-processing step called segmentation, the overlapped fingerprints
are typically separated in three steps: (1) orientation field (OF) esti-
mation (i.e., masking two non-overlapped OF of the non-overlapped
fingerprint as well as the overlapped region of both fingerprint), (2)
OF separation (i.e., separating the overlapped region into two finger-
print components), and (3) fingerprint extraction (i.e., filtering and
separating individual fingerprints) [18,32]. All steps typically include
several intermediate processing steps to eliminate errors and achieve
the best possible results, such as smoothing methods (e.g., low-pass
filtering) [33]. Generally, in this work, we use the term traditional to
denote methods that implement these processing stages explicitly via
primarily manually, deterministic procedures, even if individual steps
are refined or extended.

Unsurprisingly, the traditional three-step procedure presented can-
not be entirely applied to all existing methods, in particular to Artifi-
cial Intelligence-based (Al-based) separation methods. Al-based methods
are typically based on machine-learning algorithms (e.g., supervised-
learning methods) that learn core separation representations from data
and merge several steps in a black-box environment (e.g., via learning-
based or end-to-end pipelines) and rely on different terminologies [31,
34]. Similar issues arise in the context of hybrid methods that usually
merge traditional and Al-based methods. Here, we refer to hybrid
methods as approaches that retain at least one explicit traditional pro-
cessing component (e.g., OF estimation, filtering) while augmenting or
substituting other components with learning-enabled modules [21,22].
Nevertheless, such methods typically still roughly follow the traditional
separation approach, emphasizing the great value of the traditional
procedure to date as well as its various implementations during the last
years (cf. Section 5).
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Fig. 3. Methodological overview of the meta-study according to Kitchenham
et al. [23], including the numbers that indicate the amount of selected
publications.

3. Methodology

After describing the basics of fingerprints and processing steps to
separate overlapped fingerprints, we present the methodological back-
ground of our meta-study. In particular, we focus on the study design
as well as its conduct and results.

3.1. Study design

We based our meta-study on the widely accepted guidelines for
SLR by Kitchenham et al. [23], which provide the methodological
framework for the subsequent steps (cf. Fig. 1). Following these guide-
lines, we detail the SLR design in the next paragraphs, including the
initial screening procedure, search strategy, inclusion criteria, and data
extraction.

Initial Screening. To ensure the need for our study, i.e., that there
is a sufficient and relevant body of knowledge and research interest in
the research field of separation methods for overlapped fingerprints,
we conducted an initial screening. In particular, we focused on the
literature databases Scopus, IEEE XpLorg, and the ACM DIGITAL LIBRARY.
These databases include peer-reviewed literature from a variety of
publishers. Thus, we could reduce the threat of missing potentially
relevant papers. Moreover, we could assess a high publication quality.
In this context, we applied the following search string:
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separation AND overlapped AND fingerprint

Based on this general search string we achieved more than 1500
publications. Consequently, we identified a considerable research in-
terest regarding the separation of overlapped fingerprints.

We note that we are aware of existing overviews, especially the
review study by Stojanovié et al. [21] that covers research until 2016.
However, our study differs from this and other studies referenced
therein, since we cover a larger period of time as well as all available
and more recent methods. Moreover, we have another focus, since we
provide insights in both separation methods and practical requirements.

An initial screening of the publications found in this step showed
that requirements for separation methods had not been addressed in
detail to date. Thus, we argue at this point that there is a relevant short-
coming in research that impairs the transfer of theoretical knowledge
into forensic practice, for example, an AFIS in a forensic use case.

Search Strategy. In a next step, we defined a more detailed search
string for an automated search on Scopus, IEEE XpLorg, and the ACM
DigiTaL LiBRARY:

(‘ “overlapped’’ OR ¢ ‘overlapping’’) AND
fingerprint AND (¢ ‘separation’’ OR ¢ ‘separating’’)

Moreover, we improved the completeness and quality of our search
strategy, for example, regarding repeatability or consistency, by apply-
ing one iteration of forward and backward snowballing [23,35].

Inclusion Criteria. To identify appropriate literature, we defined
the following inclusion criteria:

+ The literature is written in English.

+ The literature has been published between 2010 and 2024.

» The literature is a peer-reviewed conference paper or journal
article.

+ The publication is longer than three pages.

+ The literature reports one or more separation methods for over-
lapped fingerprints.

Based on these criteria, we aim to ensure that all included publi-
cations are relevant to our research objectives. The time frame was
intentionally chosen as the first internationally relevant method was
published in 2010 by Chen et al. [20]. The key findings of their method
are still used today as the basis for the majority of separation methods.

We excluded all publications that (briefly) explained methods in
terms of hardware or chemical processes [36,37], as a part of a larger
system or approach [38], or only separation pre-processing or post-
processing steps [39,40]. Moreover, we excluded literature reviews,
surveys, or mapping studies that include an overview or a comparison
of separation methods [21,22]. These are described in more detail in
Section 7 in the context of related work.

Data Extraction. To extract relevant data from the selected lit-
erature, we defined the following extraction criteria besides typical
bibliographic data, such as publication year, author, or title:

Requirements, i.e., which requirements regarding separation
methods are addressed, for example, accuracy [18], robustness
[41].

Separation type, i.e., the classification of a separation method
into a traditional, hybrid, or Al-based method.

Separation procedures, i.e., methods used to separate over-
lapped fingerprints.

Fingerprint samples used, i.e., which type of fingerprints are
used to evaluate the proposed method, for example, real [42]
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(i.e., latent fingerprints lifted under varying conditions) or sim-
ulated [29] (i.e. synthetically generated under controlled condi-
tions).

real [42] or simulated [43].

Based on these criteria we can assess the structure and practical
application relevance of the considered methods. However, we do not
focus on mathematical specifications or particular implementations
of the methods and do not consider country-specific decision thresh-
olds to maintain methodological generality. Consequently, this work’s
objective is to give a comprehensive overview of current separation
methods and to identify requirements that are as generally applicable
as possible, i.e., providing a high transferability to real-world biometric
systems. In addition, we aim to identify recent trends regarding the
separation process of actual methods.

3.2. Study conduct

The study was carried out on August 25, 2025. By using the search
string, the first author identified a total of 604 publications (15 in
IEEE XpLore, 80 in Scopus, and 509 in the ACM DicitaL LiBrARY). After
a duplication removal, the number of publications was reduced to 529
articles. Next, we did a title and abstract selection by applying the
already presented inclusion criteria, reducing the included literature to
95 (titles) and 64 papers (abstracts). Thereby, we were able to reduce
the number of publications to 29 scientific papers after a full-text re-
view. In the next step, by applying forward and backward snowballing,
i.e., analyzing papers that cited the already included methods and
the references of the included papers [44], we were able to identify
four more papers meeting our inclusion criteria. So, after a discussion
involving the first and the third author a final number of 33 methods
was selected. A methodological overview of the meta-study and the
selection steps, including the numbers that indicate the number of
publications, is shown in Fig. 3.

After the selection process, the first author created a spreadsheet
for the data extraction according to our defined extraction criteria and
performed an open-coding-oriented process. In this way, we were able
to identify specific requirements of data that matched our database.
After that, we classified recurring information in our dataset. Moreover,
we synthesized common themes for each data category by relying on
an open-card-sorting-oriented method [45]. The first author discussed
all results with the second and the third author. Conflicts, particularly
in the context of identified separation methods and requirements, were
resolved in discussion until a consensus on a decision was achieved.
The third author took random samples (ten publications) to evaluate
interpretations and assignments. To support the reproducibility of this
meta-study, we provide a transparent description of the search strategy,
inclusion criteria, data extraction process, as well as the analysis file in
the context of the supplementary material.

4. RQ1: Key requirements

After presenting our methodology, we introduce the key require-
ments of separation methods that we identified in the literature. More
specifically, we define ten requirements for latent fingerprint separa-
tion methods, describe to what extent they are already mentioned in
the literature, and discuss these findings. In this way, we answer RQ1.

4.1. Requirements definition

Requirements are essential to achieve defined goals for any system.
The practicability of requirements is of particular importance as this
property has a great impact on how appropriately a system is designed
for users and their practical environment [46]. In the context of over-
lapped fingerprints, the fulfillment of specific requirements indicates
which separation algorithm should be chosen for forensic practice. To
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find out which requirements may be most applicable, we built on two
information sources: (1) the results of the meta-study (cf. Section 4.2)
and (2) our own previous studies.

In previous work, we identified seven requirements for separation
methods. In particular, these requirements are based on interviews with
forensic experts who work with diverse fingerprint data in their daily
work [47]. Thus, it is ensured that they are well-founded and practice-
oriented. Finally, we added three more requirements that we identified
as relevant by analyzing the literature in terms of the meta-study. Note
that the associated analyses of the literature and the examination of to
what extent existing methods address the requirements follow after the
requirements definition in Section 4.2.

Overall, we defined ten requirements of separation methods for
overlapped fingerprints, including accuracy, integrity, usability, sustain-
ability, singularity, explainability, reproducibility (based on previous work),
as well as efficiency, robustness, and human intervention (based on the
SLR results):

» Accuracy: The separation of two overlapped fingerprints has to
be performed in a way that guarantees a correct assignment of the
same non-overlapped fingerprints. Consequently, the accuracy is
essential as it shows the correctness of the produced results of
a separation algorithm [47]. The separation accuracy is closely
linked to the frequently mentioned matching accuracy [48-50].
However, they do not mean the same. The matching accuracy
refers to the applied matching algorithm after the separation
process [51]. In general, accuracy can also referred to as one
indicator of an appropriate performance for a particular target
application [3,10].

Integrity: The separation of overlapped fingerprints has to be
always complete. Accordingly, both fingerprints have to be com-
pletely separated from each other and not only partially. This is
especially important for the algorithm’s credibility and prevents
the fingerprints from being analyzed by other methods which
would be time-consuming or potentially error-prone [52]. The
integrity is related to accuracy due to its dependence on the best
possible separation accuracy [47].

Usability: It is essential that an algorithm is easy to use not
only for its developers but also for later users, especially forensic
experts [3]. In this context, an algorithm should not require too
many parameters that make the forensic application unpractical
for the user [47]. Usability can also be interpreted in the context
of a forensic system and its user interface [53,54]. There already
exist several norms and guidelines to assess the usability of a
system such as the NIST definition of usability or ISO 9241-
11 [55,56], including the assessment of a system’s efficiency [57].

Sustainability: One of the most practice-relevant properties of
biometric classifiers such as fingerprints is sustainability, also
referred to as permanence [10,58]. Thus, while using a separa-
tion algorithm, fingerprints are not allowed to be modified or
destroyed, so that potentially other algorithms can work with
the fingerprint image [47]. Since this can be caused by unsuit-
able methods, it is important to use appropriate methods [59].
These methods are called non-destructive methods [60]. This
characteristic is of greatest relevance not only in the context
of algorithms but also to the physical methods for detecting
fingerprints [61,62].

Singularity: Singularity means that only one single image is
allowed to be used as input for the separation algorithm. This re-
quirement is of high practical relevance, as multiple (overlapped)
fingerprints of the same persons are only rarely found at one
crime scene [47].
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» Explainability: The results of static separation methods can
often not be traced. However, the explainability of separation
results is essential for the use of the results in court [47]. The
more complex the separation processes are, the more important
explainability becomes, especially when they include Al-enabled
components [63,64]. Explainability can be supported by vali-
dating (intermediate) processing decisions or separation results,
for example, through post-hoc visualization of decision-relevant
regions (e.g., minutiae) [65].

Reproducibility: The reproducibility of separation results is es-
sential to compare whether the method always produces the
same result [47]. For instance, this requirement is important to
objectively measure the outcome of a method, i.e., in the context
of automated minutiae extraction [33,66].

Efficiency: The efficiency of an algorithm shows the relation
between the accuracy, the fulfillment level of specific goals, and
the resources used to achieve these goals [67]. This requirement
can be used to evaluate several steps or an overall algorithm.
Like the separation accuracy, the separation efficiency is closely
linked to the matching efficiency and thus the application perfor-
mance [3,10]. In this context, the overall separation and matching
efficiency measures the time an algorithm takes to produce the
highest possible quality separation of two separated fingerprints
and match them against fingerprints in a database [16,68].

Robustness: The requirement robustness refers to the ability of
an algorithm to work correctly even under poor conditions. For
instance, the orientation field estimation has to be robust even
when the image quality of real latent fingerprints is poor [33].
Robustness is related to accuracy as it affects further processing
steps like enhancement methods and, in particular, the quality of
the final results of a separation algorithm [51].

Human intervention: The level of human intervention is strongly
related to the fact that processing steps like marking region masks
are usually done manually by forensic experts [16]. This manual
work is time-consuming and can lead to several errors which
can affect other requirement fulfillments, such as accuracy or
efficiency [9]. By completely automating these processes, for
example, in terms of an AFIS, the mentioned problems can be
addressed [66,69]. However, to actually consider a fingerprint
application automated, it is necessary that human interventions
are as rare as possible [18].

4.2. Literature results

This section describes details to what extent the identified literature
mentions the identified requirements (cf. Table 1).

All but two publications (94%) mention requirements for their
methods. The requirements addressed most frequently are integrity, sus-
tainability, singularity, and reproducibility, which are implicitly described
by all authors. Accordingly, they are not mentioned directly, but can
be clearly assigned based on the procedures and results described.
The most frequently mentioned requirement is accuracy, which was
addressed in 24 methods (73%). This requirement is typically related to
method evaluations. Efficiency, often strongly related to effectiveness,
is described in 23 papers (70%). Human intervention was discussed
by 15 researchers (45%) in terms of manual work, for example, by
manually marking the region masks [30]. We identified 13 papers in
which the robustness of the method was relevant (39%). The authors
often considered this requirement in connection with the poor image
quality of real latent fingerprints. Since efficiency, robustness, and human
intervention are of particular relevance due to their frequent occurrence,
we include them in the key requirements described in Section 4.1.
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Table 1
Fulfillment of requirements by analyzed methods (n = 33).
Requirement n (%) References
accuracy 24 (73) [17-20,29,30,34,41-43,52,69-811]
integrity 33 (100) [17-20,29-31,34,41-43,52,61,69—
88]
usability 4 (12) [31,75,81,871
sustainability 33 (100) [17-20,29-31,34,41-43,52,61,69—
88]
singularity 33 (100) [17-20,29-31,34,41-43,52,61,69—
88]
explainability 0 (0) not mentioned
reproducibility 33 (100) [17-20,29-31,34,41-43,52,61,69—
88]
efficiency 23 (70) [17-20,29,31,34,41,43,61,69-73,
75,77-81,86,88]
robustness 13 (39) [17,19,29,31,41-43,69,72,73,78,

human intervention 15 (45)

80,81]
[17,29,30,41,43,52,69,71-74,76,
80,82,85]

Interestingly, usability was only mentioned four times (12%) and none
of the publications refer to explainability.

We also identified more requirements, for example, security, sen-
sitivity, and simplicity. Note that we do not include them in our
requirements as they relate more to the general system perspective and
are not explicitly focused on the separation methods (e.g., more context
to matching).

RQ1 - Key requirements: We defined ten requirements for separa-
tion methods of overlapped fingerprints, including: accuracy, integrity,
usability, sustainability, singularity, explainability, reproducibility, ef-
ficiency, robustness, and human intervention. Accuracy is the most
frequently mentioned in the literature, whereas integrity, sustainability,
singularity, and reproducibility are implicitly described by all authors,
indicating their fundamental importance. The frequent discussion of
efficiency, robustness, and human intervention highlights their critical
role in developing reliable systems. Explainability is not addressed,
pointing to an area for future research to enhance in particular the
transparency of Al-based methods.

4.3. Discussion

The results of our research have shown the great relevance of
the problem identified: Separation methods for overlapped fingerprints
typically do not adhere to practical requirements. During the SLR
we encountered a variety of shortcomings. In order to fully evaluate
a method regarding its practical suitability, not only requirements
but also methods to measure the requirements are needed. Since the
requirements also influence themselves, the development of potential
metrics in terms of a requirements evaluation framework is complex
and requires profound research. For instance, theoretical methods for
evaluating accuracy [21,47] or customizable matching software, such
as VeriFinger SDK, to test the accuracy or robustness of methods
already exist [74,89]. However, such methods or systems are typically
not comparable (i.e., do not rely on comparable requirements and as-
sociated metrics) or are not applied in a comparable way (i.e., different
evaluation settings).

Likewise, the requirements introduced are formulated as gener-
ally as possible. Consequently, the introduced requirements have to
be always related to the entire separation method. However, every
method should also be evaluated ambivalently. Accuracy, for instance,
demonstrates that this requirement can be applied not only to the
entire algorithm, but also to the results of individual components of
the approach, such as OF estimation, OF separation, or fingerprint
matching. Therefore, this case exemplifies the complexity of potential
evaluation metrics.

Our study shows that some requirements, including sustainability
and integrity, are not explicitly mentioned in the articles. However, this
does not mean that they have not been considered, forgotten, or that
they are less relevant. For example, in the case of sustainability, it can
be assumed that all methods met this requirement, assuming that the
fingerprints were not lifted by powder. This issue can be explained by
the fact that separation methods typically work with digital equivalents
of latent overlapped fingerprints (i.e., non-destructive methods) which
often have been lifted by using powder, which is by far the cheap-
est method [60]. Other popular methods relate to generating digital
equivalents by using chromatic light [90].

Moreover, we found that no method refers to more than five re-
quirements. This issue demonstrates that they are not yet sufficiently
addressed. So, some developers already address the requirements ac-
curacy, efficiency, and robustness in terms of their research objectives.
For instance, the authors Jeyanthi et al. [29,43] considered half of the
requirements. However, we cannot conclude that their methods are
actually suitable for practical use. Overall, many developers neglect
other highly relevant requirements, such as usability, robustness, or
human intervention (cf. Table 1). Accordingly, the use of separated
fingerprints for court is barely possible. Based on this finding, we can
identify a significant shortcoming in theory, in particular regarding the
practical relevance of the considered methods. This gap indicates that
the generation of credible separation results can hardly be achieved
in practice. Moreover, we assume that the requirements mentioned
as research objectives were only partly understood as requirements.
This issue indicates that the definition of requirements in the context
of a comprehensive requirements engineering process has not been
conducted in most cases.

Nevertheless, we note that the requirements may vary in importance
depending on the concrete use case and the objective of each separation
method. In this context, some requirements, such as explainability, may
increase in importance in the next few years considering the growing
number of black-box Al systems [91]. In contrast, other requirements,
such as human intervention, may decrease in importance due to the
emerging role of automated Al systems. However, assessing their actual
importance is outside our current study’s scope.

We also identified an issue regarding the significance of the pub-
lications we examined. In this context, it is striking that many papers
claimed to outperform previous methods in terms of requirements such
as accuracy or robustness. However, these statements were mostly
proven in non-comparable evaluations. This lack of comparability can
largely be attributed to heterogeneous evaluation metrics and experi-
mental setups across studies. In particular, different works assess per-
formance at different stages of the processing pipeline (e.g., separation
accuracy versus matching accuracy), often relying on non-uniform
datasets, tools, or thresholds. Consequently, claims of superiority must
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Table 2
Method comparison of separation methods for overlapped fingerprints.

Year Authors and references Method type Samples

2010 Chen et al. [20] traditional real and simulated

2011 Chen et al. [18] traditional real and simulated
2011 Shi et al. [70] traditional real and simulated
2011 Kargel et al. [71] hybrid real

2012 Qian et al. [82] traditional real and simulated
2012 Ananth et al. [83] traditional real

2012 Reka et al. [84] traditional real and simulated
2012 Feng et al. [19] traditional real and simulated
2012 Zhao and Jain [17] hybrid real and simulated
2013 Qian et al. [52] traditional real and simulated
2013  Jeyanthi et al. [29] traditional simulated

2014 Qian et al [85] traditional real and simulated
2014 Zhang et al. [41] hybrid real

2014 Zhang et al. [72] hybrid real

2014 Vanitha et al. [86] traditional real and simulated
2015 Jeyanthi et al. [43] hybrid simulated

2015 Mahajan et al. [73] traditional real and simulated
2016 Stojanovié et al. [74] Al-based real and simulated
2016 Pawar et al. [69] traditional real and simulated
2017 Neha et al. [42] traditional real

2017  Hung et al. [75] hybrid real

2018 Stojanovi¢ et al. [30] Al-based real and simulated
2018 Huang et al. [77] traditional real and simulated
2018 Yih et al. [34] Al-based real

2019 Stojanovié et al. [76] Al-based real and simulated
2020 Yoo et al. [31] Al-based real

2021 Sommit and Chitaree [87] hybrid real

2022 Akiba et al. [61] hybrid real

2022 Akiba et al. [88] hybrid real

2022 Sen et al.[78] hybrid simulated

2023  Chegur et al. [79] Al-based simulated

2023 Su et al. [80] hybrid simulated

2024 Johnson and Chitra [81] Al-based simulated

be interpreted with caution, as they are frequently based on fun-
damentally different evaluation criteria. Only Stojanovi¢ et al. [74]
performed a comparable evaluation including five methods but only
focused on the matching accuracy. Unfortunately, this evaluation was
conducted in 2016 and does not reflect the actual variety of methods.
This issue emphasizes the need for a comprehensive and comparable
investigation of existing methods based on requirements. However,
there is no standardized basis for the evaluation of methods to date,
especially regarding our introduced requirements. In detail, we did not
find literature that defines the requirements for overlapped fingerprint
separation. Without a standardized basis for evaluation based on clearly
described requirements, it is not possible to assess which method offers
the maximum advantage for practical use in forensic systems, for
example, in a criminal investigation.

5. RQ2: Separation methods

After describing the key requirements of separation methods and to
what extent they are mentioned in the literature, we give a compre-
hensive overview of the method landscape for separating overlapped
fingerprints. Precisely, we first describe the SLR results, then go into
detail with regard to the most significant methods, and finally discuss
our findings. Consequently, in this section, we answer RQ2.

5.1. Results

Publication years. Considering the publication years of all meth-
ods, about half of the methods (52%) were published between 2010 and
2015 (i.e., before the Al-based methods). During this period, there were
up to five papers (2012) published in this field. From 2016 onward, the
number of publications per year decreased continuously, except in 2018
(three papers). From 2019 to 2021 we could only find one new method
per year. Surprisingly, there were six new methods between 2022
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and 2024. Interestingly, none of the methods refer to the traditional
approach. An overview of the distribution of the methods according to
their classification is presented in Fig. 4.

Method types. As shown in Table 2, 36% of the methods (12/33)
follow the meta-method (i.e., traditional method) proposed by Chen
et al. [18], i.e., they are based on local or fast Fourier analysis for
OF estimation, (constrained) relaxation labeling for OF separation, and
tuned Gabor filters for fingerprint extraction. Although the last paper
based on this method was published in 2018, we identified that this
method was most frequently used between 2010 and 2015 (71% of the
methods published in this time period). Since 2016, several Al-based
methods have emerged. These are typically based on several variants
of neural networks, such as convolutional neural networks (e.g., [34]).
Considering only the methods published since 2016, 44% of the papers
are based on neural networks. Interestingly, Al-based methods usually
do not longer rely on the traditional three separation steps (cf. Fig.
2) as they merge these steps or create even new steps, i.e., these
methods are only roughly comparable with the traditional procedure.
Nevertheless, they often reference the traditional method because of its
widespread use and understanding [30,74]. Besides these trends, we
identified several methods that we call hybrid methods. These methods
typically emerged only once [29,43,71] or for a limited time frame,
for example, three methods (16%) by Zhao and Jain [17,41,72] based
on (orientation) models between 2012 and 2014. Overall, 11 methods
(33%) rely on hybrid procedures. Interestingly, we identified distinct
temporal trends across the different separation approaches: traditional
methods (e.g., Chen et al. [18]) peaked around 2012; Al-based methods
(e.g., Stojanovié et al. [76]) peaked later, around 2018; and hybrid
approaches (e.g., Akiba et al. [61]) showed their strongest growth
around 2022.

Fingerprint samples. Referring to the type of fingerprints used
(cf. Table 2), 26 methods (82%) were tested on real or both real and
simulated fingerprints, for example, [61] focused only on real samples.
Only six methods (18%) refer to simulated fingerprints, for example,
based on the NIST Special Database [77].

5.2. Significant separation methods

In the following, we present a broad overview of relevant separation
methods. Specifically, we aim to provide basic, high-level insights into
the research landscape based on brief, easily understandable method
descriptions and describe major differences of traditional, hybrid and
Al-based methods.

5.2.1. Traditional methods

Chen et al. [18,20] presented a separation method based on lo-
cal Fourier analysis for OF estimation and relaxation labeling for OF
separation in 2010 and 2011. They used Gabor filters [92] tuned to
the separated OFs to extract the individual fingerprints. To evaluate
their method, they used both real and simulated fingerprints. Their
work can be seen as the first important and most widespread gen-
eral method of the last decade. Moreover, a variety of methods is
based on the work by Chen et al. [20] or improved versions, i.e., the
combination of local Fourier analysis, relaxation labeling, and tuned
Gabor filters [19,52,69,70,73,77,82-86]. Usually, these methods adapt
various method parameters, the exact application of specific methods,
or apply additional pre-processing or post-processing steps to improve
the basic approach, especially in terms of accuracy and efficiency.

Jyanthi et al. [29] described a method based on relaxation labeling
for OF separation in 2013. Moreover, the authors use local Fourier
analysis and Sobel filters for OF estimation. They also implemented
Gabor filters for enhancement. In 2015, Jeyanthi et al. [43] extended
their work with a focus on practical usability in an AFIS. In this work,
they apply a convolutional neural network (CNN) to determine whether
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Fig. 4. Distribution of overlapped fingerprint separation methods over time (2010-2024), classified according to method types (i.e., traditional, hybrid, Al-based

methods).

an image contains a single fingerprint or two overlapped fingerprints.
They evaluated their method on real overlapped fingerprints.

Neha et al. [42] introduced a separation method to develop a
precise and powerful authentication system in 2017. After several
enhancement steps by utilizing histogram equalization and fast Fourier
transform, the image is binarized to estimate the OF. After that, Gabor
filters are used to extract the fingerprint components. Neha et al. [42]
evaluated their method with real overlapped fingerprints.

5.2.2. Hybrid methods

Kargel et al. [71] proposed a statistical method based on expectation
maximization in 2011. Their method focuses on a maximum a posteri-
ori estimation of the individual fingerprints and the mixing coefficients
which are calculated by an expectation maximization algorithm. They
tested their method with real fingerprints. However, fingerprints with
strong differences in contrast are needed to produce reliable results.
Overall, the method follows the work by Tonazzini et al. [93] regarding
the separation of overlapping text patterns. Consequently, they do not
follow the traditional three processing steps of traditional fingerprint
separation approaches.

Zhao and Jain [17] based their separation method on a model-
based approach. They separate the OF based on modeling the OF and
predicting the unknown OF with the help of orientation cues. The
fingerprint extraction is made with tuned Gabor filters. Overall, they
focus on the robustness of the overall separation process. This method
was tested on real and simulated fingerprints.

Zhang et al [41,72] described a method based on an adaptive
orientation model fitting for OF separation in 2014. OF estimation
and fingerprint extraction are based on tuned Gabor filters. The au-
thors evaluated their method on real fingerprints. At that time, they
concluded that their method with its model-based method achieved
the state-of-the-art in terms of accuracy. However, we argue that their
assumption probably no longer holds up today, but it underlines the
great efficiency of this method.

Hung et al. [75] developed a method in 2017 focusing on the separa-
tion and reconstruction of overlapped fingerprints. Precisely, they apply
Bandelet transform and a combination of Bandelet image inpainting
and contourlet transform to separate the fingerprints. They evaluated
their method on real overlapped fingerprints.

Sommit and Chitaree [87] presented a separation method based on
spatial filtering and Fourier transform in 2021. Their method does not
follow the traditional three separation steps. Instead, they converted
the overlapped fingerprints (considered as spatial domain patterns) to
spatial frequency domain patterns. Next, Sommit and Chitaree [87]
use spatial filters to delete unwanted components, i.e., the respective
unwanted fingerprint. Finally, the modified pattern is converted back
to spatial domain patterns to extract the separated fingerprint. They
evaluated their method on real fingerprints.

Akiba et al. [61,88] proposed a separation method based on the
fingerprints’ fluorescence spectra in 2022. Assuming that fingerprint

fluorescence spectra of multiple subjects differ from each other, the au-
thors used a hyperspectral imager based on principal component anal-
yses (PCA) and multivariate curve resolution-alternating least squares
(MCR-ALS). These methods produce high-contrast images of the over-
lapped fingerprints, leading to a differentiation of both fingerprints.
The authors evaluated their method on real overlapped fingerprints.

Su et al. [80] developed a method for separating overlapped finger-
prints using deep learning-oriented methods in 2023. After fingerprint
segmentation using a U-Net model, the fingerprint separation algorithm
applies Gaussian blurring, binarization, and morphological operations
to isolate the overlapping and non-overlapping areas of the finger-
prints. Finally, an ellipse mask is generated to extract each fingerprint
separately. This method was successfully tested based on simulated
samples.

5.2.3. Al-based methods

Stojanovié¢ et al. [30,74,76] published three separation methods
based on a CNN with error back-propagation between 2016, 2018,
and 2019. The researchers estimate the OF using local Fourier analysis
adopted from Jain and Feng [51]. The OF are separated based on a pre-
trained FFNN including a global-based enhancement model. Stojanovié
et al. [74] proposed tuned Gabor filters to extract the fingerprint
components. Based on the qualitative evaluation results with real and
simulated fingerprints, this method can be considered the first working
machine learning-based separation method and one of the state-of-
the-art algorithms for real overlapped fingerprints. The method of
Stojanovi¢ [74] is usually used as an important reference algorithm of
later Al-based methods in the context of fingerprints [31,94,95].

Yih et al. [34] proposed a separation method based on CNN in 2018.
The developers trained their CNN on overlapped and non-overlapped
fingerprints to detect overlapped and non-overlapped regions. If a part
of the fingerprint image is overlapped, an erased mark is set. If not, a
reserved mark is set. Finally, the overlapped range is erased so that a
non-overlapped image is created. Yih et al. [34] evaluated their method
on real fingerprints.

Yoo et al. [31] published a separation method based on a four-
layer CNN in 2020. The authors first trained their CNN based on
synthesized single fingerprints. Based on the U-Net CNN architecture,
their method called FinSNet can segment the regions and separate
the OF, including the extraction of the fingerprint. Yoo et al. [31]
evaluated their method on real fingerprints. They conclude that their
method offers several advantages in terms of computational efficiency
compared to the methods by [30,74,76].

Chegur et al. [79] introduced a method for separating overlapped
fingerprints utilizing deep learning in 2023. Their methodology com-
mences with pre-processing steps such as converting to grayscale and
reducing noise. The overlapped areas are identified, marked, and subse-
quently cropped. Gaussian blurring, erosion, and dilation are performed
to separate the fingerprints. Each fingerprint is isolated with an ellipti-
cal mask and then reconstructed through a convolutional autoencoder.
Chegur et al. [79] tested their method based on simulated fingerprints.
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Johnson and Chitra [81] proposed a method for separating over-
lapped fingerprints, palm prints, and finger knuckles in 2024. Their
method starts by estimating the regions of interest from fingerprint
images. Noise in the fingerprint images is removed using bilateral
filters, followed by contrast enhancement to improve the clarity of
the ridges. The overlapped fingerprints are then separated using a
clustering technique based on their own Brownian Motion-enabled k-
means algorithm, which partitions the fingerprint images into distinct
clusters. This separation facilitates the extraction of significant features
for further processing. They evaluated the method based on simulated
fingerprints.

5.3. Discussion

Our study shows several key trends and correlations. These trends
can be mainly categorized based on the type of method, their evolution
over time, and the context of their development and application.

Overall, the field of fingerprint separation methods has seen a clear
evolution from traditional methods, which rely on well-defined proce-
dural steps based on the first approach by Chen et al. [18], to Al-based
methods that offer more flexibility and adaptability in a more black-box
environment. This transition highlights the increasing role of machine
learning and deep learning in forensic science, initiated by Stojanovié
et al. [74]. In addition, we argue that hybrid methods represent a bridge
between traditional and Al-based methods, incorporating properties of
both to address specific challenges in fingerprint separation.

In general, the integration of Al tasks, such as classification or clus-
tering [96], has not only introduced new methods but also reshaped the
research landscape, as evidenced by the decline in traditional method
publications and the rise of Al-based methods. The shift to Al-based
methods has significant implications for forensic science. Al algorithms
can potentially handle more complex overlapping patterns with greater
accuracy [30]. It is conceivable that Al technology could also be used
to separate more than two overlapped fingerprints, which is still the
established definition of overlapped fingerprints [18]. In this way, the
adoption of Al can streamline forensic system workflows, reducing the
time required to process and analyze fingerprint data, thereby speeding
up investigations and the delivery of justice. However, while Al-based
methods offer significant potential, their development and implemen-
tation pose various challenges, such as the need for large fingerprint
datasets and computational resources. Fluctuations in the number of
publications and the publication of hybrid methods suggest ongoing
adjustments and refinements in these methods. In this context, the
increasing complexity of Al-based methods requires the collaboration
of forensic experts as well as system developers. Such interdisciplinary
efforts can drive innovation and improve the robustness and applica-
bility of new methods. Collaboration with legal experts is also essential
to ensure that new methods meet standards based on key requirements
and are admissible in court.

Note, that Al-based methods must be rigorously tested to ensure
they do not introduce (critical) errors or biases (e.g., against specific
demographic groups) [97]. We strongly emphasize that only proven
and explainable methods as part of reliable forensic systems (e.g., AFIS)
can be used in court without any doubt. The accuracy, trust, and
fairness of separation methods are essential to avoid incorrect sepa-
rations and identifications. Interestingly, in particular, we expect that
issues related to fairness [98] may lead to an increasing relevance
of explainable Al-based separation methods. Generally, in the context
of the ten requirements identified in this study, Al-based separation
methods must not be viewed as substitutes for human examiners but as
tools that strengthen requirement fulfillment, particularly with respect
to accuracy, reproducibility, and robustness. At the same time, their
integration must ensure that human experts remain able to verify,
interpret, and ultimately endorse the results. This is especially critical
given the requirements of explainability and integrity, which cannot
be guaranteed without expert oversight. Thus, effective fingerprint
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separation in forensic practice requires a “human-Al partnership” in
which automated methods improve efficiency while forensic examin-
ers maintain responsibility for validating the separation results and
ensuring their admissibility in court.

Finally, we found that most methods were evaluated based on real
fingerprints or both real and simulated ones. In most cases, however, it
was found that the methods for real fingerprints provide poorer results
than for simulated fingerprints, i.e., they only partially fulfill robustness
requirements or only within a certain range. Not surprisingly, this effect
can be attributed to the fact that real fingerprints introduce variability
at multiple processing stages, such as OF estimation or segmentation,
which is typically absent or strongly reduced in simulated data and
can directly affect separation results. However, to enable higher trans-
ferability of theoretical methods into practice, high variability of real
fingerprints has to be taken into account. Therefore, we argue that most
of the separation methods are currently not practicable for application
in a real-world environment.

RQ2 - Separation methods: Fingerprint separation methods have
evolved from traditional techniques which dominated until 2015,
typically local Fourier analysis, relaxation labeling, and Gabor filters,
to Al-based methods since 2016 that use neural networks for greater
accuracy and efficiency. Hybrid methods, which combine traditional
and artificial intelligence approaches, emerged sporadically to address
specific challenges (e.g., combining local Fourier analysis and neural
networks). Although AI methods offer significant potential today, they
require extensive computing resources and rigorous testing to ensure
trust and fairness.

6. Threats to validity

We identified several issues that could affect the internal and exter-
nal validity of our work’s results.

6.1. Internal validity

There are some issues regarding the different use of terms and
definitions that could affect internal validity. For example, the re-
quirements effectiveness and efficiency are used as synonyms in some
papers. Here, it is not verifiable whether the authors of the papers
use them intentionally or not. We have not included effectiveness in
our requirements, as this would mean that the best possible results
would be achieved regardless of the effort needed [99]. We argue
that the requirement efficiency already includes the highest possible
quality of results but at the lowest possible effort. Thus, efficiency is
much more practice-oriented than effectiveness. In addition, it was not
always possible to clarify whether the method authors actually refer
to separation or matching. This issue mainly concerns to efficiency.
Moreover, we identified a lack of consistency and completeness in
depth of content. In some papers, methods are described in great detail,
but in others only briefly. Therefore, it is sometimes quite unclear how
exactly the proposed methods work. For this reason, our paper could
not provide a uniform evaluation of the presented methods. In addi-
tion, method-related requirements were partly well described or only
mentioned very briefly. Therefore, all results can only be considered
as trends. However, this does not change the shortcomings identified
in our article. Nevertheless, it could affect the internal validity of
the results. We are aware that not all publications can be classified
appropriately based on the traditional three steps. However, due to its
widespread usage and referencing its usage is still reasonable and helps
to sufficiently understand the basic structure of all methods.
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6.2. External validity

Not surprisingly, our search strategy may have missed potential
publications due to the specific keywords used. Nevertheless, in experi-
mental iterations we also tested other related terms (e.g., finger mark),
which indeed yielded a larger number of search results; however, these
additional results did not include any further peer-reviewed publica-
tions that met our inclusion criteria. Of course, this does not mean
that we identified all suitable publications. Moreover, we only focused
on the separation methods for overlapped fingerprints. However, we
cannot exclude that there are more methods that are only part of a
bigger system. Considering more general publications or methods in
the field of biometrics, in particular fingerprints, could increase the
external validity. A similar problem arises regarding the identification
of requirements. In this context, we have already built on two informa-
tion sources including an expert interview [47]. However, considering
requirements in other biometric fields, such as iris verification, or
interviewing even more experts from different countries could lead to
additional insights.

7. Related work

We found three related publications that focus on actual scientific
work in the field of fingerprint separation.

Pawar et al. [69] presented a literature survey, in addition to their
own separation approach. In their literature survey, they explicitly de-
scribe the motivation, methods, results, and conclusion of five methods
published between 2010 and 2014. Stojanovié et al. [21] published a
review of methods for latent overlapped fingerprint separation with a
special focus on the processing steps before feature extraction. Seven
separation methods published between 2008 and 2016 are described
and compared. The use of artificial or real fingerprints by the methods
has been specifically mentioned. The authors describe the impact of
methods to evaluate five methods. They conclude that all methods,
datasets, and quality metrics summarized, show that there is still a
great field for further research. As part of this research, automatic
methods for fingerprint segmentation and the development of larger
publicly available datasets are mentioned. The review by Gundgurti
et al. [22] describes and compares 19 segmentation and separation
methods published between 2010 and 2016. The methods, databases
used, and results of the presented works are described. They conclude
that AFIS have been improved, but it is still a difficult problem to
separate overlapped fingerprints because of poor image quality or
complex structures of the background or fingerprint ridges. Besides
these review publications, we found literature that presents the already
mentioned general requirements for biometric identifiers, for example,
Jain et al. [3] or Saini et al. [10]. These requirements are not directly
applicable to separation methods. However, they provide a partial
basis for our identified requirements, for example, regarding accuracy,
efficiency, or usability.

In contrast to all related work found, we provide a more com-
prehensive literature study in terms of the considered time period
(i.e., 15 years of research) and the number of included methods (i.e., 33
methods). We argue that our study is particularly high-contributing be-
cause we compare traditional, hybrid, and Al-based methods, including
those that have been recently published until 2024. In contrast to our
review, the most recent detailed reviews by Gundgurti et al. [22] and
Stojanovié et al. [21] only include studies until 2016, whereas our work
clarifies that 2016 can only be considered as the beginning Al-based
method trend. Moreover, none of the publications focuses on practical
requirements to ensure a relevant basis for a comparable evaluation
of separation methods. Thus, we argue that our work is the most
comprehensive and practice-oriented study in the area of systematic
reviews for overlapped fingerprints so far.
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8. Conclusion

In this article, we presented ten requirements for separation meth-
ods and a comprehensive review of 33 separation methods for over-
lapped fingerprints. We conclude that the requirements introduced
provide a strong practical relevance. They can be seen as the first basis
for the evaluation standardization of separation methods. Based on
the study results, we identified several shortcomings regarding practice
orientation and comparable evaluations. Due to the great importance
of fingerprints for forensic systems and criminal investigations, com-
parability should be ensured to choose the best possible method for
practical application. Our work is intended to provide an essential
basis for further research on requirements and metrics for overlapped
fingerprint separation methods. In addition, we highlighted current
research directions in the area of fingerprint separation methods by
identifying trends, particularly with respect to the great potential of
Al-based methods but also their risks concerning robustness, explain-
ability, and fairness. Overall, we strongly recommend research on the
following research questions:

» How can the requirements be measured and validated compre-
hensively?

» How can a framework based on the requirements for evaluating
separation algorithms be described?

» For which parts of a separation method may the requirements
have the greatest impact?

Our work demonstrates a great need for a standardized evaluation
based on requirements to evaluate methods on a comprehensive and
comparable basis. Moreover, we emphasize the immense relevance of
requirements engineering as a link between theoretical methods and
forensic systems in practice. The identification of specific requirement
fulfillment could lead to a new level of practice-orientation and cred-
ibility of separation methods in criminal investigations, for example,
based on highly flexible hybrid or Al-based methods.
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