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Abstract

Databases containing digitized documents continue to grow in size,
with this increase the problem of near duplicate documents also
arises. Near duplicates are documents that are almost the same
but have small differences. One of the ways in which a near dupli-
cate can occur is when the same document is scanned at different
times with a slightly different orientation. Because of the small
differences it is hard to identify near duplicates. Different meth-
ods of near duplicate detection do exist, but they all have some
limitations. This paper seeks the answer to the question: Which
individual or combination of near duplicate detection methods is
most suitable for reliably identifying near duplicate digital heritage
files for a library. This research is conducted through a case study
at the National Library of the Netherlands (KB). The methods used
in these combinations are two text based methods (Simhash and
Minhash) and two image based methods (Phash and Dhash). Two
different databases of the KB were used to evaluate these methods.
The first database contains PDF files. On this database the Minhash
method worked the best with an F1 score of 100%. Other combi-
nations also got an F1 score of 100% but these combinations had a
higher computing time compared to Minhash. The second dataset
contained scanned data files and here the combination of Phash,
Dhash and Minhash performed the best with a F1 score of 93,69%.
To find out the best way to implement the methods in the KB work-
flow, interviews with the KB staff were conducted. The results of
these interviews showed that it is important for the KB to have a
high recall and a human in the loop approach. The interviews also
showed that a low computing time is important for the KB. Both
the methods with the highest F1 score as mentioned above also
have a high recall especially compared to the computing time. It can
be concluded that combinations between near duplicate detection
methods perform better than singe methods. For the KB a method
would be most usable if there is a human in the loop and computing
time is low.

1 Introduction

1.1 Motivation

Institutions like libraries and archives have a growing number of
digitized documents. This has a lot of positive effects; faster docu-
ment retrieval, easy access to documents overseas and reduced risk
of losing documents. However, there are also some problems that
can occur when digitizing documents. One of the main problems is
the occurrence of duplicates, or especially near duplicates, in the
storage space [25, 28]. Near duplicates are documents with only
small differences, but they should be treated as duplicates. These
near duplicates are unnecessary and pose extra resource and com-
putation consumption [25]. This thesis investigates what the best
individual or combination of methods is to detect near duplicates.

1.2 Problem Definition

The research is done in the context of the Koninklijke Bibliotheek.
The Koninklijke Bibliotheek (KB) is the Dutch National Library
located in The Hague. All literature that is published in and about
the Netherlands is collected and stored at the KB. This is done by
both storing physical publications as well as digital copies and scans
of literature stored in databases. At the KB different databases are
located. Some databases contain digital heritage files that are near
duplicates of each other. Near duplicates means that the documents
are not exact copies of each other, but almost. There are many
ways in which a near duplicate can occur in the KB database. Two
examples are: double scans and double theses of the University of
Groningen. In the first case, double scans, the same document is
scanned twice for whatever reason. Then the two scans are different
from each other because the scans occurred at different times. The
scans are of the same document, and this is how a near duplicate
arises. In Figure 1 an example of a duplicate scan form the KB is
shown. Here it is clear that it is the same document, but the color
and the position of the two scans are slightly different.

The second case is the double theses from the University of
Groningen. In this case each time the theses are downloaded, a
front page is added that includes the date of the download. The
downloading of these documents works in such a way that you
must download all the documents at once. Then if a thesis is already
in the KB database it is added again only with a different date on
the front page while all the other information in the document is
the same. Thus, a near duplicate of the document is created with
the only difference being the date on the front page.
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Figure 1: Example of near duplicate scans from the KB



For both the double scans and the double theses the near du-
plicates are hard to find, since the hashes of the documents are
different [5]. In short, when only one small character is changed in
the document the whole hash (consisting of 32 hexadecimal charac-
ters) is changed, this is further explained in 2.1. The near duplicates
take up a significant part of the KB database storage. It is impor-
tant that the method for finding these near duplicates is robust,
since both these cases are different. This research aims to present a
method that applies to both cases and, where possible, extends to
other unmentioned cases. A potential tradeoff this research may be
faced with is between high recall and low false positives. Ideally,
the method for detecting near duplicates has high recall and zero
false positives. It is usual that either the recall is high but there are
false positives which need to be checked by humans, or there are
near zero false positives and no human intervention is necessary,
but the recall is lower. This research investigates the extent of this
trade off and evaluates which balance is most suitable for the KB’s
requirements.

1.3 Research Questions

Main RQ: Which individual or combination of near duplicate detec-
tion methods is most suitable for reliably identifying near duplicate
digital heritage files for the KB database?

e RQ1: Which individual or combination of near duplicate
detection methods is most suitable for identifying near dupli-
cate digital heritage files in the KB database, given different
tradeoffs between false positives, recall, and human valida-
tion effort?

e RQ2:Which requirements and design choices make a near

2 Related Work
2.1 Hard Hashing

Large data bases with digital documents contain a significant amount
of true duplicate and near duplicate documents. True duplicates
are documents that are an exact copy of each other, while near
duplicates are not an exact copy but a close copy. The duplicates
use a lot of unnecessary storage. True duplicates can be easily de-
tected using hard hashing methods. A hash is a digital fingerprint.
The most commonly used hard hashing methods are MD5 [31] and
SHA-1 [12]. In both these methods a unique hash is calculated for a
document based on the contents of this document. Figure 2 shows
that the MD5 method always results in a hash of 32 hexadecimal
characters regardless of the length of the document. This example
also illustrates that small changes in a document can change the
entire hash that is computed. When looking at images the same
rules apply. If one pixel in an image changes the whole hash will
be different. Only if a document or an image is the exact same then
the computed hash also is exactly the same. Research by [5] found
that using these hard hashing methods to detect duplicates is not
effective when used for large data bases because these also deal
with near duplicates. Hard hashing is an effective method for true
duplicate detection. Hard hashing is, however, not effective for near
duplicates because near duplicate documents contain small differ-
ences. In the use case of the theses, hard hashing is only effective
after deleting the front page, since the different date is only stated
on the front page. This study is aiming to find a more robust method
for duplicate detection.

MD5("Hashing") = befdlea261d11ae5ba4f3f0363313c52
MD5("HardHashing") = 57683fb2a57f21e4fe711ea2al3f26b3

duplicate detection tool usable and trustworthy for KB staff
in their daily workflows?

MD5("hardHashingToDetectDuplicates") = 61d4024fd2f569f16e6ae1b5494129¢c9
MD5("aHardHashingToDetectDuplicates") = 1a541c58el1eded507e5061d01c042def
MD5("HardHashingToDetectDuplicates") = d452f11abc377c7be567bcdadeb16416
The International Organization for Standardization (ISO) defines MD5("HardHashingToDetectDuplicates") = d452f11abc377c7be567bcda%eb16416
trust in ISO 9241-210 as follows: Trust refers to the user’s confidence
that a system will behave as expected and support their goals in a
reliable and safe manner. This definition is used for RQ2 [19].

The term usability in the second RQ is defined in this paper
according to the same definition the International Organization
for Standardization (ISO) uses. That definition is as follows: The
extent to which a product can be used by specified users to achieve
specified goals with effectiveness, efficiency, and satisfaction in
a specified context of use [18]. There are five main components
which define usability [17]:

Figure 2: Example of MD5 hashes showing sensitivity to small
input changes

2.2 Shingling
To solve the problem of near duplicate detection [5] introduced shin-
gling and resemblance measures. With shingling every document
D is associated with a set of subsequences of tokens S(D,w) where
w is a parameter that sets the length of the shingles. A shingle is a
o Learnability: How easy it is for new users to perform basic contiguous subsequence contained in D. For a given document D
tasks? its w-shingling S(D,w) is defined as the bag of all unique shingles of
o Efficiency: How long it takes users to find what they came size w contained in D. The size of w describes the number of words
for? in the shingle.
The resemblance r for a given singles and two documents A and
B is defined as:

e Memorability: How easy it is for users to repeatedly perform
their tasks after a period of not using the system?

e Error rate: The number of mistakes made by users during
interaction?

o Satisfaction: The level of comfort and satisfaction users ex-
perience when using the design?

|S(A, w) NS(B,w)|

A B) = ) USBw)|

(1)
The resemblance always has a value between 0 and 1. A resemblance
of 1 means that the two documents are completely the same and
thus perfect duplicates. A resemblance of 0 means that the two
documents are completely different.

These five components will be used in this paper to see if the
methods of near duplicate detection are usable for the KB staff.



The containment ¢ of two documents A in B is defined as:
|S(A, w) N S(B, w)|
[S(A, w)l

The containment also always has a value between 0 and 1. A contain-
ment of 1 means document A is compliantly contained in document
B. A containment of 0 means that document B contains nothing
from document A, this was all first stated by [4]. Shingling became
the foundation for near duplicate detection methods.

The main takeaway from this method is that representing docu-
ments as sets of shingles enables robust detection of near duplicates
by capturing local textual overlap. Shingling works good even in
the presence of small differences between documents. However,
this study focuses on integrating shingling with multiple other
methods to improve robustness across different datasets.

cw(A,B) = (2)

2.3 Locality Sensitive Hashing (LSH)

Subsequent research had improved scalability of near duplicate
detection methods as the focus. This was done using Locality Sensi-
tive Hashing (LSH) techniques. LSH maps high dimensional data to
lower dimensional representations by using random hash functions
[21]. This enables better near duplicate detection in large datasets.
Many examples of LSH exist, for example Simhash and Minhash.

Minhash is based on estimating the Jaccard similarity between
documents [2]. It represents a document as shingles and applies
multiple hash functions to these sets. For each hash function, only
the minimum hash value is retained, forming a compact signature.
The similarity between two documents is then approximated by
comparing how many of these minimum values are equal. Minhash
is particularly effective for detecting near duplicate documents
with overlapping content and is robust to changes in word order,
although it is generally more computationally expensive.

Simhash was proposed by [7]. The way Simhash works is that it
turns documents into compact fixed length binary fingerprints and
similar objects produce similar fingerprints. Similar fingerprints
meaning their binary hashes differ in only a small number of bits.
Simhash makes use of cosine similarity according to [32]. Simhash
is widely used because of its computational efficiency. However,
later studies by [35] found that the accuracy of the Simhash method
strongly depends on the parameter choices.

LSH-based methods enable efficient and scalable near duplicate
detection by significantly reducing computational complexity. This
study differs because we not only evaluate LSH-based methods indi-
vidually, but also in combination with other techniques to improve
robustness and overall detection accuracy.

2.4 Perceptual Hashing

The previously mentioned methods focus on textual similarity,
when looking at an image it also consists of pixels. Each pixel con-
tains three values: Red, Green and Blue (RGB). Perceptual hashing
methods like Phash and Dhash make use of these values to calculate
the similarity between images [13]. Phash first converts the images
to grayscale and resizing them to a fixed size [22]. This smaller
resized image undergoes a Discrete Cosine Transform (DCT) [1] to
separate the images into parts of different frequencies. The average
value of the selected DCT coefficient is then computed, and each
coefficient is computed against this average value [22]. Just like

Phash, Dhash first converts the images to a grayscale and resizes
them. When this is done, each pixel is compared to its immediate
neighboring column, assigning a binary value to the pixel. This
value is based on whether the pixel is brighter or darker than the
one next to it [33].

Perceptual hashing methods enable efficient similarity detection
for images by capturing visual characteristics rather than exact
pixel values. This study aims to combine perceptual hashing meth-
ods with text based methods in different ways to improve overall
detection performance and robustness.

2.5 Multiple Methods

A limited number of studies has been conducted that make use of
multiple near duplicate detection methods. In one study Shingling
and Simhash methods where compared to each other testing dif-
ferent parameters for each one [35]. This study found that both
Shingling and Simhash methods are successful to achieve high pre-
cision and recall but no combination between those two methods
was evaluated. One recent study did combine perceptual hashing
with a deep learning model. This study found that the combination
of these methods made a significant improvement in performance
compared to the methods individually or other well known methods
[22]. The study conducted only looked at one specific combination
of methods instead of multiple combinations between multiple
methods. The positive results reported in this study support the
feasibility of the approach proposed in this work. So far, no studies
have been conducted looking at different possible combinations of
methods, or even combining three or more methods, to see which
combination is most suitable for near duplicate detection.

2.6 Library Duplicate Detection

A significant amount of research has focused on applying dupli-
cate and near duplicate detection techniques directly within digital
library collections. These studies typically investigate how duplica-
tion manifests in large scale databases and evaluate the effectiveness
of different approaches in real world settings. Digital libraries con-
tain a wide spectrum of duplication, ranging from exact copies to
highly similar documents that differ only in formatting, metadata,
or minor textual edits [28]. Duplication not only affects storage
but also information retrieval quality, citation analysis, and tex-
tual analysis [28]. Duplicates often arise from multiple ingestion
processes, versioning of documents, and republishing across reposi-
tories citeLibraries. Research on large document repositories shows
that hard hashing methods can efficiently identify duplicate clusters
in large databases, even when documents contain minor variations
[29]. However, these methods are often sensitive to parameter set-
tings and may struggle with near duplicates when textual overlap is
low or structurally altered. Duplication is not uniformly distributed
across datasets. Instead, duplicates often appear in dense clusters
related to specific sources, publishers, or ingestion events [9]. This
gives implications for scalability, as duplicate detection systems
must handle both isolated duplicates and large scale duplicate clus-
ters. Practical duplicate detection systems must balance computa-
tional cost with detection accuracy, particularly when operating on
continuously growing collections [8].



To conclude, research on duplicate detection in libraries has
been done but there are a lot of things that need to be considered.
Limited research on near duplicate detection specifically on library
databases has been done, and certainly not using combinations
between different detection methods.

2.7 Usability and Trust in Duplicate Detection
systems

While much of the research on near duplicate detection focuses on
algorithmic performance, less attention has been given to the usabil-
ity and trustworthiness of such systems in professional workflows.
In information systems, tools are rarely fully automated and instead
operate in a human in the loop setting, where users must validate
or act upon system suggestions. This places strong requirements
on both usability and trust.

Research in information retrieval systems highlights that expert
users often rely on interactive validation processes when dealing
with uncertain or probabilistic outputs [3]. Research in human com-
puter interaction shows that user trust in automated systems is
strongly influenced by transparency and predictability of system
behavior. Systems that provide explanations for their decisions,
such as similarity scores or highlighted overlaps, are more likely
to be trusted and effectively used. In contrast, “black box” sys-
tems can reduce user confidence, even when their accuracy is high.
Interpretability and explanation are key drivers of user trust in
intelligent systems [11, 14]. Usability is equally critical in determin-
ing whether such tools are adopted in practice. According to ISO
9241-210, usability consists of effectiveness, efficiency and user sat-
isfaction, which are further reflected in learnability, memorability
and error rate. Foundational usability research defines these com-
ponents as key factors influencing system adoption [27]. Studies
on digital library systems show that users prefer interfaces that
allow quick inspection of results, easy comparison between doc-
uments and minimal cognitive load during validation tasks [26].
High false positive rates can significantly reduce efficiency, as they
increase the manual effort required for verification. Research on
decision support systems highlights the importance of balancing
automation with user control. Systems that allow users to adjust
parameters, thresholds, or similarity criteria tend to be perceived
as more trustworthy [10]. Increasing configurability can negatively
impact learnability if not designed carefully [10]. Overall, existing
literature suggests that for near duplicate detection tools to be ef-
fective in real world settings such as at the KB, they must not only
achieve high detection performance but also provide transparent,
controllable and user friendly interactions that align with the work-
flows of domain experts. in the context of the KB databases and if
successful the results can also be applied to other databases.

3 Research Strategies and Research Methods

The research consists of design research that we conduct to see
which combination of methods works best in the context of the
KB databases. The design research provides an answer to RQ1.
After the design research, interviews are conducted with the KB
staff to determine how the near duplicate detection method can
be integrated in the KB daily workflow. This answers RQ2. By

combining the answers, a final conclusion is drawn which leads to
an answer to the main RQ.

3.1 Design research

To answer RQ1 we use a design research methodology. In this
study we produce multiple artifacts in the form of a near duplicate
detection method that consists of a combination of different existing
methods. According to [23, 34], an artifact is an object that can be
used to solve a practical problem by interacting with a context. In
this study the practical problems are the near duplicates, and the
context is the KB. This design research is an improvement since
we develop new solutions to known problems [15]. The different
artifacts are tested using structural testing [16]. The structural tests
are conducted on two test datasets from the KB and evaluated.

The first experiment is executed on the test set of the documents
from the University of Groningen. On the theses dataset we can
easily identify the true near duplicates because only the front page
has a different date but all the other information in the document
is the same. We can compare these true near duplicates to the near
duplicates detected by the artifacts and evaluate the performance
of the artifacts.

The second experiment is executed on a test dataset that con-
tains scans from newspapers and articles. For the scans dataset
the data is in JP2 and XML format instead of PDF. JP2 is an image
file format and XML is a structured text format used to represent
metadata and document content in a machine readable manner.
In the scans dataset the near duplicates are already identified. We
test the artifacts by seeing if the artifacts can identify the same
near duplicates. Any near duplicates that the artifacts identify that
are not true near duplicates, need to be manually checked because
it is possible that the document is not jet marked as a true near
duplicate but it is in fact a near duplicate.

After testing and adjusting the artifacts using these two test
datasets, a third experiment is executed where the artifacts are also
evaluated on unclassified data. The third experiment needs to be
evaluated manually to see how well the artifact performed and, in
the process, identify new near duplicates.

The artifacts use a similarity score rather than a direct binary
classification. A threshold for each method is applied to this score.
If the similarity score is below or above the threshold the document
is classified as a near duplicate or not. The binary classification is
derived from a continuous similarity measure. The evaluation of the
performance of the artifacts on the datasets is done by an evaluation
framework consisting of accuracy, recall, precision and F1 score.
The F1 score is the harmonic mean of precision and recall [30]. F1
score has a blind spot for true negatives, since the data is unbalanced
F1 score is used in combination with accuracy, recall and precision.
The computational time of each artifact is also be considered when
evaluating the artifacts. As a result of the evaluation each artifact
contains good and bad qualities which are considered in the next
part of the research to recommend the best artifact for the KB.

3.2 Interviews

To answer RQ2 we conduct semi structured interviews with staff
members of the KB. The goal of these interviews is to figure out
which artifact is most suitable for the KB and how the artifact would



fit in the daily workflow of the KB. Semi structured interviews are
suitable because semi structured interviews allow for good under-
standing of experiences, expectations, and contextual constraints.
The interview script is drafted and refined based on the the Inter-
view Protocol Refinement (IPR) Framework [6]. The refinement of
the interview script is done based on the following four phases:

(1) Ensuring interview questions align with research questions
(2) Constructing an inquiry based conversation

(3) Receiving feedback on interview protocols

(4) Piloting the interview protocol

These phases ensure that the interview includes relevant ques-
tions that are understandable for the participants and get relevant
answers [6]. An interview protocol is developed prior to data collec-
tion, following the guidelines of [6, 20]. The interviews are recorded
on an iPhone using the voice memo application. This recording is
later used to transcribe the interviews. We evaluate the transcripts
of the interviews using content analysis [24]. We use coding on the
transcribed data to create a code book. Codes are short, descriptive
labels that symbolically assign summative meaning to larger parts
of the text. In order to create these codes, we must be emerged
in the content of the text, since we conducted the interviews and
transcribed the interviews we consider ourselves to be sufficiently
emerged in the content. After the transcription of the interviews,
the code is analyzed to determine which themes occur most fre-
quently, in what contexts, and how they are related to each other.
This provides an answer to RQ2.

4 Study Execution

4.1 Design Research Execution
4.1.1 Data Obtaining and Preparation

Theses Dataset The initial dataset used to test and validate the
implementation of the different methods consisted of a collection
of theses from the University of Groningen. The theses data set con-
tains near duplicates because the front pages have a different date.
All other information in the theses is the same. The theses dataset
contains 128 PDF files, 48 PDF files are true near duplicates. These
true near duplicates where found by an employee at the KB and
thus pre labeled. The theses dataset is created by an employee at
the KB to facilitate a test dataset for this study. The theses dataset
is not completely randomly selected but included a selection of
known near duplicates and known not near duplicates. The the-
ses documents typically contained multiple pages and substantial
amounts of text.

Scanned Dataset The second dataset consisted of scanned docu-
ments, mainly papers and articles. The documents are represented
by paired JP2 image files and their corresponding XML files. The
XML files contain text that is extracted by optical character recogni-
tion (OCR) from the scans. In the original scanned dataset, not every
JP2 file had a matching XML file, and vice versa. For the subset of
files that corresponded to the same document, inconsistencies in
file naming conventions posed a challenge. For example, the files:

e DDD_010939767_001_access. jp2
e DDD_010939767_0001_articletext.xml

refer to the same document. We infer this from the shared iden-
tifier DDD_010939767 and the page number, despite differences in
formatting. Specifically, the XML file uses a four digit page number
(e.g., 0001), whereas the JP2 file uses a three digit format (e.g., 001).
The suffixes also differ: XML files include the label articletext, while
JP2 files include labels such as access. To enable consistent pairing
of corresponding files, we normalized the file names. This process
involved standardizing the page number formatting and removing
the differing suffixes, resulting in a uniform naming convention.
After normalization, the example files are represented as:

e DDD_010939767_001.jp2
e DDD_010939767_001.xml

After this normalization, we retained only the documents for
which both a JP2 and a corresponding XML file existed. We excluded
files that lacked a corresponding file, either XML only or JP2 only
instances, from further analysis to ensure consistency in the dataset.
We treated the pairs in the code as two representations of a single
document.

In contrast to the theses dataset, the true positives in the scanned
dataset are not known. We received a list of ID numbers that con-
tained likely duplicates. It remained unclear whether all instances
were indeed near duplicates, and whether near duplicates also ex-
isted outside of these IDs. Due to this ambiguity, we performed a
manual verification process to ensure that the evaluation methods
were tested on correctly classified data. We performed this man-
ual check using a script that first presented comparisons between
two pages next to each other from the ID list, since we considered
these most likely to contain near duplicates. We displayed both
documents, and we conducted a visual inspection to determine
whether they were duplicates. If they were, we pressed “y,” and the
system added the pair to the true duplicate list and excluded them
from further comparisons. After we evaluated all pairs within the
likely duplicate IDs, the script proceeded to compare all remaining
files not yet classified as true positives. It generated all possible
combinations and presented them for evaluation, and we again
removed confirmed duplicates from further consideration. This pro-
cess resulted in an almost foolproof classification of true positives.
The main limitation of this approach arises when a file has more
than one duplicate. In such cases, once we identify a pair as a true
positive, the system excludes both files from further comparisons,
which may cause us to miss additional duplicates. Although this
represents a flaw, we considered the likelihood of such cases low,
as also discussed with domain experts at the KB. We considered
exhaustive checking of all combinations impractical due to time
constraints. Therefore, we made a tradeoff and accepted a small risk
of incomplete classification in favor of efficiency. The final scanned
dataset consists of 396 total files, so 198 XML files and 198 JP2 files.
This means that the scanned dataset contains 198 documents. Of
these 198 documents 104 are found to be true near duplicates as
identified by the methods described be four.

We decided to treat each scanned page as a separate document
because we aimed to maximize recall. We also considered an alter-
native approach in which we aggregate all pages of a book or article
into a single document. Although this increases the amount of data
per document and may improve the detection of near duplicate
books or articles, it fails to identify duplicates at the page level. For



example, if a single page is scanned multiple times, this duplica-
tion would likely go undetected when we only consider complete
documents.

This choice introduces additional challenges. Some scanned
pages, such as title pages or blank pages, contain little to no textual
content. In such cases, text based similarity methods may fail to
classify clearly similar pages as near duplicates due to the lack
of textual features. To address this, we applied different decision
criteria for the two datasets, as discussed in the previous section.

4.1.2 Method Implementation

We began the study by applying the SimHash method to the theses
dataset. We selected this method as a starting point because it is
widely referenced in the literature and relatively straightforward
to implement. After we successfully validated our implementation
of SimHash, we applied the MinHash method to the same dataset.
Similar to SimHash, MinHash is well established in the literature
and researchers have used it extensively in prior studies on near
duplicate detection.

As discussed in section 2.3, both SimHash and MinHash are text
based near duplicate detection methods. The literature indicates
that image based near duplicate detection methods operate in a
fundamentally different manner compared to text based methods.
To ensure a comprehensive study, we included two image based
methods: DHash and PHash. We selected these methods because
researchers commonly use them in existing studies on image based
near duplicate detection.

We initially implemented both DHash and PHash and tested
them independently on the theses dataset to ensure correct func-
tionality. After we successfully implemented all four methods, we
combined them into a single script. In the first iteration of this
combined approach, the program recalculated hash values for each
method for every combination of methods, which resulted in ineffi-
cient performance and increased computational time. To address
this issue, we optimized the implementation in a second iteration.
In this version, the program calculated the hash values for each
method once and reused them across all method combinations.
Given that four methods were included, the program evaluated a
total of 2* — 1 = 15 possible combinations, excluding the empty set.

We then optimized the program further and applied it not only
to the theses dataset but also to the scanned datasets. This allowed
us to evaluate the methods across different types of data. The full
implementation can be found in Appendix A.

4.1.3 Threshold Optimization and Decision strategies

Experimental evaluation showed that different similarity thresh-
olds were required for the two datasets. Several trial runs were
performed using a range of arbitrarily selected threshold values.
These experiments indicated that the optimal threshold differed
between the two datasets. The PDF theses, due to their length and
textual richness, provided more data for comparison, which allowed
more reliable detection of near duplicates. Consequently, we found
that higher similarity thresholds resulted in better F1 scores. The
scanned dataset was processed at the page level, meaning we treated
each page as an individual document. Resulting in shorter text seg-
ments per document, reduced amount of comparable information,
and made near duplicate detection more challenging. We found

that lower thresholds are more suitable for the scanned dataset. For
both dataset cases, the optimal threshold is calculated using the
optimal F1 score. For the theses dataset this resulted in the tables
seen in Figure 3. These tables clearly show that there are many
thresholds that yield an optimal F1 score for the theses dataset.
From the graphs in Figure 3 it was concluded that any of the thresh-
olds that resulted in the best F1 score are suffice. The thresholds
that are selected can be found in Table 1. For the scanned dataset
the threshold optimization graphs yielded useful results because
one specific optimum threshold is found for all four methods. The
optimal thresholds are derived from the graphs in Figure 4 and can
also be found in Table 1.

Method PDF Dataset Scanned Dataset
PHASH 2 10
DHASH 2 6
SIMHASH 0.99 0.704
MINHASH 0.7 0.008

Table 1: Optimized similarity thresholds for both datasets.

In addition to dataset specific threshold tuning, we applied differ-
ent decision strategies for the two datasets. For the theses dataset,
we used a strict matching strategy, which requires all methods in
a specific combination to be satisfied in order to classify a pair
as a duplicate. We chose this because full documents contain rich
structural and textual information, allowing for more reliable com-
parisons across multiple hashing methods. As a result, this reduces
false positives by requiring agreement across all available signals.

For the scanned dataset majority voting strategy is applied. Since
individual pages contain less textual information and are therefore
more prone to noise and partial matches, requiring all conditions
would be too restrictive. Instead, we classified a pair as a duplicate
if more than half of the active similarity conditions were satisfied,
allowing more robust detection under weaker and more fragmented
signals.

4.1.4 Results

The results of the first two experiments, experiment one with the
theses dataset and experiment two with the scanned dataset, are
shown in Table 2 and 3. The results are sorted by F1 score since
this is our main evaluation metric.

Experiment 1 In Table 2 11 of the 15 combinations have a F1
score of 100%, meaning they classify every instance in this dataset
correctly. The Minhash method is the only method that, on its
own, gets a perfect score. All other method combinations that have
Minhash in the combination also automatically get a perfect score
since the script is written that the conditions of all methods need
to be met to be classified as true positive. It is relevant to note
that Phash and Simhash combination also get a perfect score and
Simhash and Dhash. When looking at the total computation time
Minhash is also the fastest combination between methods.

Experiment 2 Table 3 presents the performance of the different
combinations between methods on the scanned dataset. It is impor-
tant to note that in contrast with the result of Table 2 in Table 3
these are no methods or combination between methods that active
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Figure 3: Threshold optimization for near duplicate detection methods pdf dataset

a perfect score. The highest F1 score of 93.27% is achieved by both
the Phash, Dhash, Minhash and Phash, Dhash, Minhash, Simhash
combinations. These methods also maintain a high precision of
99.05% and a recall of 88.14%. This performance comes at a signif-
icant computational cost, with execution times of approximately
246 seconds. This makes the Phash, Dhash, Minhash and Phash,
Dhash, Minhash, Simhash combinations the slowest methods evalu-
ated. Several mid range methods provide competitive performance
with substantially lower computation times. For example, Dhash
achieves an F1 score of 90.67% with execution time around 122
seconds, representing a notable improvement in efficiency while
maintaining relatively high accuracy. Similarly, Phash achieves an
F1 score of 89.69% also with an execution time around 122 seconds.
Methods that incorporate Minhash and Simhash together tend to
exhibit very high recall (up to 100.00%) but significantly lower pre-
cision (around 65%), resulting in reduced F1 scores (approximately
78.93%).

Experiment 3 The results for experiment 3 are depicted in Table
4. The data used for experiment 3 was all unseen data of scanned
documents that is all preciously classified as near duplicate data.
This data is similar to the data used in experiment 2 and similar

normalization steps have been taken to get one XML and one JP2
file for each document. As can be seen in Table 4 all documents are
correctly classified as a near duplicate by all methods and combi-
nations between methods. These results are further discussed in
Section 5.1 of the discussion.

4.2 Qualitative Study Execution
4.2.1 Interview Preparation

Upon informal discussions with the daily supervisor at the KB, we
constructed a list of 6 KB employees. These employees all have a
direct or indirect relation to duplicates or near duplicates in the KB
database. We then developed a list of structured questions to un-
derstand the perspectives and responsibilities of each staff member
concerning near duplicates. These questions serve as the baseline
for conducting the semi structured interviews. We also added an
introductory script, transitional statements and a closing section
alongside the questions. All written in clear, nonacademic language
[6]. As both the interviewee and the interviewer are native Dutch
speakers, the interviews were conducted in Dutch. This decision
was made to prevent any loss of meaning due to translation and to
ensure full clarity and mutual understanding throughout the
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Method Recall Precision F1 Time (s) TP FP FN TN
MINHASH 100.00% 100.00% 100.00% 9.3 48 0 0 80
PHASH, MINHASH 100.00% 100.00% 100.00% 22.6 48 0 0 80
PHASH, SIMHASH 100.00% 100.00% 100.00% 15.6 48 0 0 80
DHASH, MINHASH 100.00% 100.00% 100.00% 22.1 48 0 0 80
DHASH, SIMHASH 100.00% 100.00% 100.00% 15.2 48 0 0 80
MINHASH, SIMHASH 100.00% 100.00% 100.00% 11.6 48 0 0 80
PHASH, DHASH, MINHASH 100.00% 100.00% 100.00% 354 48 0 0 80
PHASH, DHASH, SIMHASH 100.00% 100.00% 100.00% 28.5 48 0 0 80
PHASH, MINHASH, SIMHASH 100.00% 100.00% 100.00% 249 48 0 0 80
DHASH, MINHASH, SIMHASH 100.00% 100.00% 100.00% 24.5 48 0 0 80
PHASH, DHASH, MINHASH, SIMHASH 100.00% 100.00% 100.00% 37.8 48 0 0 80
SIMHASH 100.00%  92.31% 96.00% 2.3 48 4 0 76
PHASH 100.00%  85.71% 92.31% 13.3 48 8 0 72
DHASH 100.00%  85.71% 92.31% 12.8 48 8 0 72
PHASH, DHASH 100.00%  85.71% 92.31% 26.1 48 8 0 72

Table 2: Results experiment 1 (different method combinations on PDF data ordered by F1)




Method Recall Precision F1  Time(s) TP FP FN TN
PHASH, DHASH, MINHASH 88.14% 100.00% 93.69% 245.8 104 0 14 80
PHASH, DHASH, SIMHASH 88.14%  94.55% 91.23%  245.1 104 6 14 74
DHASH 86.44%  95.33%  90.67% 122.4 102 5 16 75
PHASH, DHASH 82.20% 100.00% 90.23% 244.9 97 0 21 80
PHASH 84.75%  95.24%  89.69% 1224 100 5 18 75
PHASH, DHASH, MINHASH, SIMHASH 72.88% 100.00% 84.31% 246.0 86 0 32 80
PHASH, MINHASH, SIMHASH 96.61% 70.37%  81.43% 123.6 114 48 4 32
DHASH, MINHASH, SIMHASH 94.92%  70.00% 80.58%  123.6 112 48 6 32
MINHASH 94.92%  68.71%  79.72% 1.0 112 51 6 29
DHASH, SIMHASH 63.56%  96.15%  76.53% 122.6 75 3 43 77
SIMHASH 97.46%  62.84%  76.41% 0.2 115 68 3 12
PHASH, SIMHASH 63.56% 94.94%  76.14% 122.6 75 4 43 76
MINHASH, SIMHASH 86.44%  68.00% 76.12% 1.1 102 48 16 32
DHASH, MINHASH 60.17% 100.00% 75.13%  123.4 71 0 47 80
PHASH, MINHASH 56.78% 100.00% 72.43% 123.4 67 0 51 80

Table 3: Results experiment 2 (different method combinations on scanned data ordered by F1)

Method Recall Precision F1 Time(s) TP FP FN TN
PHASH 100.00% 100.00% 100.00% 53.6 88 0 0 0
DHASH 100.00% 100.00% 100.00% 53.4 88 0 0 0
MINHASH 100.00% 100.00% 100.00% 0.4 88 0 0 0
SIMHASH 100.00% 100.00% 100.00% 0.1 88 0 0 0
PHASH, DHASH 100.00% 100.00% 100.00% 1069 88 0 O 0
PHASH, MINHASH 100.00% 100.00% 100.00% 54.0 88 0 0 0
PHASH, SIMHASH 100.00% 100.00% 100.00% 53.7 88 0 0 0
DHASH, MINHASH 100.00% 100.00% 100.00% 53.8 8 0 0 0
DHASH, SIMHASH 100.00% 100.00% 100.00% 53.4 88 0 0 0
MINHASH, SIMHASH 100.00% 100.00% 100.00% 0.5 88 0 0 0
PHASH, DHASH, MINHASH 100.00% 100.00% 100.00% 1074 88 0 O 0
PHASH, DHASH, SIMHASH 100.00% 100.00% 100.00% 107.0 88 O 0 0
PHASH, MINHASH, SIMHASH 100.00% 100.00% 100.00% 54.1 88 0 0 0
DHASH, MINHASH, SIMHASH 100.00% 100.00% 100.00% 53.8 8 0 0 0
PHASH, DHASH, MINHASH, SIMHASH 100.00% 100.00% 100.00% 107.4 88 0 0 0

Table 4: Results experiment 3 (different method combinations on unseen scanned data)

interviews. One interviewee was not a native Dutch speaker,
this interview was therefore conducted in English. Interviewees are
asked about their roles, interactions with duplicate, implementa-
tions of near duplicate detection tools and preferences for such tools.
The interview questions and scripts can be found in Appendix B.
An informed consent form is then created according to the VU tem-
plate. The form briefly explains the purpose of the study and what
participation in a semi structured interview involves. While there
are no risks or compensation involved, the privacy of participants
is protected. Only role related personal data is collected and access
is limited to the research team. All data is treated confidentially
in accordance with data protection regulations, and participants
can withdraw at any time without explanation or penalty. It also
includes contact information for both the researcher and the ethics
review committee at the VU faculty of science for any questions or
complaints.

4.2.2 Interview Refinement

Once we draft the interview script and consent form, we base the
refinement process on the Interview Protocol Refinement (IPR)
Framework [6]. We guide the interview refinement process using
the following four phases:

(1) We ensure that interview questions align with research ques-
tions

(2) We construct an inquiry based conversation

(3) We receive feedback on interview protocols

(4) We pilot the interview protocol

4.2.3 Conducting the Interviews

Once we piloted the interview we sent an email with an invitation
for the interview to the other 5 selected employees of the KB. All
selected employees gave a positive confirmation in their replay and
wanted to participate. Then we arranged individual meetings with
all the participants lasting 30 minutes. Over the course of 3 weeks



the interviews were conducted and audio recorded. The interviews
were spaced out due to the busy schedules of the participants.
We conducted the interviews in different locations. Four of the
interviews were conducted at the KB in person. The other two were
conducted through a Teams meeting online. This may influence
the outcome in both positive and negative ways. People may not
want to say everything if they do not feel like they are in a safe
environment. The people we interviewed were selected to have a
wide range of roles in the KB related to (near) duplicate detection.
The roles of the interviewees were as follows:

Content Analyst

Software Developer

Curator of Digital Collections

Metadata Specialist

Functional Administrator/Content Release Manager
Researcher in Residence

These people cover both the user side and the technical side
of this tool. Through the interviews we got more suggestions on
possible interview candidates from the KB. Due to time constraints
and the fact that we already cover most of the bases with the current
selection of participants we made the choice to not conduct any
more interviews. Due to privacy concerns, the interview transcripts
and signed consent forms are not included in this document.

4.2.4 Interview Results

After conducting the interviews and coding the transcribed data a
code book was made. This code book can be found in Table 5. One
code appeared much more frequently than any other, occurring 15
times across all interviews. This code reflected the interviewees’
current lack of interest in near duplicate detection. The main rea-
sons for this were related to the nature of the KB database and its
large scale digitization process. Within this process, it is widely ac-
cepted that digitization is not perfect, meaning that near duplicates
are expected to occur occasionally.

In addition, the amount of data that has already been digitized
is so extensive that implementing a script to retrospectively de-
tect near duplicates would require a significant amount of work
and computing power. Several interviewees mentioned that a near
duplicate detection tool may potentially be useful. However, they
believed that introducing such a tool at this stage would simply be
too late, as the digitization process is already far advanced.

It is also important to note that in four different interviews it
was mentioned that the current extent of near duplicates within
the data is unknown. It is possible that the database contains a
substantial number of near duplicates, which increases the necessity
of a detection tool. However, because there is currently no clear
understanding of the scale of the issue, interviewees may perceive
such a tool as unnecessary.

Across two different interviews, it was mentioned four times
that even if near duplicates were detected, dealing with them would
remain difficult. One challenge lies in defining when a file should
truly be considered a near duplicate, as opposed to a new or updated
version of an existing file. Even when a true near duplicate is iden-
tified, determining how to handle it presents further complications.
For example, deciding which file to delete may depend on multiple

factors, such as the age of the file, its readability, or the frequency
at which it is referenced.

Even if a decision regarding deletion can be made, removing files
would still be problematic because researchers may already use
these files in their research. Consequently, deleting one instance of
a duplicate file would require a system that redirects researchers to
the remaining version of the file.

4.2.5 Interview Results Usability

Regarding the usability of near duplicate detection methods, it was
mentioned four times across three different interviews that a better
user interface would be preferred. Such an interface allows users to
gain a clearer overview of the documents flagged as near duplicates
by the tool, which can help determine whether these items are truly
near duplicates.

Building upon this, two interviewees stated that a human in
the loop approach would be the most suitable way to implement
a near duplicate detection tool within the KB workflow. At the
KB, it is considered extremely important that no false positives
are deleted. Therefore, a human verification step for all positive
detections would help make the tool both more usable and more
trustworthy.

In relation to this human in the loop approach, it was also men-
tioned twice that a higher recall would be preferred, even if this
came at the expense of precision. Since all positive instances would
still be reviewed by a human, a lower precision would be consid-
ered acceptable, while achieving a high recall would reduce the
likelihood of missing relevant near duplicates.

5 Discussion

5.1 Best Method/ Combination Between
Methods

The results concerning RQ1 show a clear difference in the perfor-
mance of the methods across the first and second experiment. For
the theses dataset in the first experiment Minhash, both individ-
ually and in combination with other methods, achieves a perfect
score. This can be explained by the fact that Minhash is a text based
method. The PDF files in the theses dataset contain large amounts
of textual information. The more textual input available, the more
effectively Minhash can identify similarities between documents.
The image based methods Phash and Dhash perform less effec-
tively because documents may appear visually similar even when
important textual details, such as dates or numerical values, differ.

The scanned dataset in the second experiment presents a more
challenging scenario, as no method achieves perfect performance.
The best results are obtained by combinations of multiple methods,
particularly those including Phash, Dhash, and Minhash. This can
be attributed to the nature of the scanned dataset, which contains
less textual information per document because the files are pro-
cessed on a page by page basis. The image based methods Phash
and Dhash perform better than the text based methods Simhash
and Minhash. The highest performing approaches are hybrid com-
binations of both image and text based methods. By leveraging
different types of information, these combinations can capture sim-
ilarities that individual methods may miss. Combining multiple



Code

Appearances by Role

Appearances by Ammount

Currently not interested in near duplicates

Difficult to deal with near duplicates
Amount near duplicates unknown

No tool for duplicate detection

User interface would be useful
Additional looking at metadata

Near duplicate detection could be useful

Tool performs too slow

Duplicate detection from clients

Human in the loop

No interaction with (near) duplicates

Recall more important than precision

Current duplicate detection: checksums

Amount of duplicates (0.48%)

Accuracy is important

Acceptable F1 score of the tool

Fast performance is important

Currently prevent duplicates from occurring: file names
One check over the current database or periodic checks
with new data?

Making clients aware of risk of (near) duplicates in data
Fast performance not important

Explainability important

Developer, Analyst, Curator, Manager,
Metadata Specialist

Curator, Analyst, Researcher
Developer, Analyst, Curator, Manager
Analyst, Curator, Manager

Analyst, Metadata Specialist

Curator, Manager

Analyst, Metadata Specialist, Curator,
Researcher

Developer, Analyst

Analyst, Curator

Analyst, Curator, Researcher

Analyst, Curator, Researcher

Analyst, Curator, Researcher
Developer, Metadata Specialist
Developer

Developer

Metadata Specialist

Developer

Analyst

Analyst

Curator
Curator
Researcher
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methods also increases computational requirements. This high-
lights the tradeoff between accuracy and efficiency, an important
consideration for practical real world applications.

The fact that experiment 3 showed 100% accuracy when this was
not achieved in experiment 2 does raise some concerns. It could be
possible that the methods are classifying each document as near
duplicate, however, this does not happen in experiment 2 where
the exact same methods are being used as in experiment 3. This is a
limitation of the dataset used for experiment 3, because this dataset
only contained true positives it is hard to tell why experiment 3
showed 100% accuracy. The results of experiment 3 do show that
the methods in experiment 2 have the potential to be used on other
datasets. To strengthen this claim more experiments with more
datasets inside and from outside the KB are necessary in future
research.

5.2 Usability and Trustworthiness for the KB

The findings concerning RQ2 indicate a limited perceived urgency
for implementing near duplicate detection within the KB’s current
digitization workflow. Despite acknowledging potential usefulness
of near duplicate detection and the likely presence of near dupli-
cate documents. A main theme emerging from the interviews is
that near duplicates are considered an expected byproduct of large
scale digitization processes rather than a critical issue. This limited
perceived urgency may also be caused by the fact that people find
it hard to express what they need. A near duplicate detection tool

does not exist currently in the KB so employees do not think such
a tool is necessary because they always did it without.

Another important factor in the lack of perceived urgency for
a near duplicate detection tool is timing. Several interviewees ar-
gued that introducing a near duplicate detection tool at this stage
would be “too late,” as digitization is already significantly advanced.
Once large volumes of data have been processed without a near
duplicate detection tool in place, retroactively applying the tool
becomes technically burdensome. As a result, even tools that are
considered potentially valuable are deprioritized if they are not
easily integrated into existing workflows.

At the same time interviewees express that the data at the KB
contains a substantial number of near duplicates. However, the
absence of concrete measurement makes it difficult to justify invest-
ment in detection tools. This creates a circular problem: without
detection, the scale remains unknown, yet without evidence of
scale, detection is not prioritized.

From a usability perspective, the findings strongly support the
importance of interpretability and human oversight. A clearer user
interface was seen as essential for evaluating flagged duplicates,
indicating that transparency in system outputs is crucial for trust
and adoption. This aligns with the broader preference for a human
in the loop approach, particularly in high stakes archival contexts
like the KB, where false positives carry significant consequences.
The prioritization of high recall over precision further reflects this
orientation.



Overall, the results suggest that the feasibility of near duplicate
detection at the KB is not primarily constrained by algorithmic
capability, but by organizational priorities, workflow integration,
and governance considerations. Successful implementation would
therefore likely depend less on improving detection accuracy alone
and more on designing systems that fit existing curatorial practices,
support human decision making, and minimize disruption to es-
tablished research infrastructures. Further research inside the KB
to help describe the scale of the near duplicate problem would be
necessary to indicate the usefulness of a near duplicate detection
tool inside the KB.

6 Limitations (or Threats To Validity)
6.1 Internal Validity

Internal validity concerns factors that may have influenced the
observed results during the execution of the study. One potential
limitation for RQ1 is the manual classification of the scanned dataset.
Although care was taken during this process, human error may
have introduced misclassifications, which may affect the evaluation
of the different hashing methods. Additionally, the OCR (Optical
Character Recognition) that was used on the data may not have
produced perfectly accurate text extractions. Errors in OCR output
may have influenced methods that rely on textual similarity, thereby
impacting the results. Concerning RQ?2 interviewees may have had
personal biases based on their specific roles and experiences. The
interviews were conducted both in person and online, which may
have influenced the openness and depth of responses.

6.2 External Validity

External validity refers to the extent to which the results of this
study can be generalized to other contexts. A key limitation for
RQ1 is that the datasets consists exclusively of literature that is
relevant to the Netherlands. This does not necessarily mean that all
documents are written in Dutch. For example, many of the included
theses are written in English. However, since these documents
originate from institutions such as the University of Groningen,
they are considered part of Dutch-relevant literature. As a result,
the findings may still reflect a specific regional or academic context.
This can limit generalizability to other domains or international
datasets. Furthermore, the languages in the documents are limited
to Dutch and English, both of which use the same alphabet. This
reduces linguistic diversity and may limit the generalizability of
the results to languages with different scripts or character sets.

The datasets are relatively small, and the scanned dataset is re-
stricted to documents for which both text and images were available.
This limited scope reduces the diversity of the data and may not
accurately represent real world scenarios where datasets are larger
and more heterogeneous. Future work should evaluate the meth-
ods on larger and more diverse, multilingual datasets to improve
generalizability.

Concerning RQ2 the interviews were conducted with only six
employees from a single institution, the KB. Although the partic-
ipants represented a diverse range of relevant roles, the findings
primarily reflect the needs, workflows, and perspectives within
the KB. Consequently, the results may not be directly transferable

to other digital libraries, archives, or organizations with different
collections and digitization processes.

6.3 Construct Validity

Construct validity concerns whether the chosen metrics and experi-
mental setup accurately capture the concepts being studied. In RQ1,
performance is primarily evaluated using time, recall, precision,
and F1 score. While these are standard metrics for classification
tasks, they may not fully capture all relevant aspects of similarity
detection, such as perceptual similarity or semantic meaning. Ad-
ditionally, reliance on OCR derived text introduces a dependency
between the construct (textual similarity) and the quality of the
OCR output, which may not perfectly reflect the true textual content
of the documents. For RQ2 some interviewees may have interpreted
concepts such as "near duplicate” differently, which could have in-
fluenced their responses despite explanations provided during the
interviews.

6.4 Conclusion Validity

Conclusion validity relates to the reliability of the conclusions
drawn from the results. The relatively small datasets size for RQ1
experiments may limit the statistical strength of the findings, mak-
ing it harder to generalize conclusions with high confidence. Vari-
ability in the data or the presence of outliers may disproportionately
influence the results. Although clear trends were observed, such
as the tradeoff between performance and computation time, these
conclusions should be interpreted with caution. Expanding the
dataset and repeating the experiments would help strengthen the
robustness of the findings. In regards to RQ2 qualitative coding
inherently involves researcher interpretation, which may introduce
subjectivity. The relatively small number of interviews means that
the frequency of a code cannot be interpreted as a statistical mea-
sure of importance, but rather as an indication of recurring themes
among participants.

7 Conclusion

This thesis investigated the problem of near duplicate detection
in large scale digital heritage collections at the KB, with a focus
on identifying the most suitable combination of exciting near du-
plicate detection methods. Four established techniques: SimHash,
MinHash, pHash, and dHash were implemented and evaluated in
this study. The methods where both individually and in multiple
combinations evaluated across two distinct datasets: a PDF thesis
dataset and a scanned document dataset.

The main contribution of this work lies in demonstrating that
combining multiple near duplicate detection methods can signifi-
cantly improve robustness and detection performance compared
to single method approaches. On the PDF dataset, MinHash alone
already achieved perfect classification performance, showing that
well structured textual data can be effectively handled with individ-
ual methods. In the scanned dataset, no single method was sufficient.
Hybrid combinations such as MinHash with pHash and dHash
achieved the best balance between precision and recall. These re-
sults highlight that near duplicate detection performance is highly
dependent on dataset characteristics, and that no universal optimal
method exists across different document types.



A second key contribution is the explicit evaluation of the trade-
off between accuracy and computational cost. While the best per-
forming hybrid methods achieved strong F1-scores (up to 93,69%),
they also required substantially higher computation time. In con-
trast, faster methods such as SimHash and dHash alone were sig-
nificantly more efficient but suffered from lower precision or over
classification. This reinforces that practical deployment in large
scale archival systems requires careful balancing between perfor-
mance and scalability.

From a practical perspective, the qualitative findings from KB
staff interviews show that algorithmic performance alone is not
sufficient for adoption. Usability, transparency, and human in the
loop validation are essential requirements in operational settings.
Users expressed a strong preference for high recall systems with
manual verification of results, prioritizing the avoidance of missed
duplicates over minimizing false positives. This shifts the problem
from purely technical optimization toward workflow integration
and decision support design.

Future research should therefore move beyond fixed combina-
tions of hashing methods and explore adaptive or context aware
hybrid systems that adjust detection strategies based on document
type, noise level, and computational constraints. In addition, more
attention should be given to usability design, interpretability, and
integration into archival workflows. Expanding evaluation to larger,
more diverse, and multilingual datasets would further strengthen
the generalizability of these findings and support real world deploy-
ment in heterogeneous digital library environments.
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A Code and data

The Github link to the code and data used in this paper: https:
//github.com/sennalindner/Near-duplicate-detection

B Interview questions (in Dutch)

Allereerst bedankt voor uw tijd. Zoals in de mail vermeld ben ik
bezig om een methode te ontwikkelen voor de KB die zou helpen
met het detecteren van near duplicaten binnen de KB database.
Om een goed verslag hierover te schrijven is het ook belangrijk
om een beeld te krijgen van de huidige werkstructuur binnen de
KB. Daarnaast wil ik graag een beeld krijgen van welke aspecten
van een dergelijke methode belangrijk zijn voor de KB. Hier wil ik
achter komen door middel van dit interview.

Het interview bestaat uit 10 vragen en zal ongeveer 30 minuten
duren. De eerste 3 vragen hebben betrekking op de huidige werkwi-
jze binnen de KB. Daarna zal ik de ontwikkelde tool kort toelichten
en vervolgens volgen nog 7 vragen met betrekking tot de tool.

Mocht u tijdens het interview vragen hebben of mochten er
onduidelijkheden zijn, laat dit dan gerust weten.

(1) Kunt u uw huidige rol binnen de KB beschrijven en hoe deze
rol verband houdt met het omgaan met near duplicate of
exacte duplicates?

(2) Gebruikt u momenteel tools of systemen om duplicaten of
near duplicaten te detecteren?

e Zo ja, welke tools gebruikt u?

(3) Hoe vaak komt u een near duplicaat document tegen of moet
u hiermee omgaan?

(4) Hebben near duplicaten invloed op uw werkproces?

e Zo ja, op welke manier beinvloeden ze uw werkproces?

De tool die ik heb ontwikkeld is een samenvoeging van meerdere
bestaande methodes. Ik heb verschillende combinaties van deze
methodes getest op twee verschillende datasets met data van de
KB. De eerste dataset bevat pdf-bestanden van thesissen van de
Universiteit van Groningen. De tweede dataset bevat ingescande
documenten zoals krantenartikelen in de vorm van een JP2-bestand
met een bijbehorend XML-bestand dat alleen tekst bevat.

Voor beide datasets zijn resultaten gegenereerd in termen van
true positives, false positives, false negatives en true negatives (zie
demonstratie van de tool). De tool biedt hiermee de mogelijkheid
om een lijst te produceren met mogelijke near duplicate bestanden.

(5) Wat is uw eerste indruk van deze tool?

(6) Zou deze tool binnen uw huidige werkproces kunnen passen?
e Zo ja, waar in uw huidige werkproces zou dit terugkomen?

(7) Heeft u zorgen over de implementatie of het gebruik van
deze tool?
e Zo ja, welke zorgen zijn dit?

(8) Zijn er functies die aangepast zouden moeten worden om
deze tool voor u bruikbaar te maken?
e Zo ja, welke functies en op welke manier?

(9) Wat vindt u belangrijker bij automatische detectie van near
duplicaten binnen de KB: precisie, recall, snelheid of andere
factoren?

Toelichting: Precisie is het aandeel van de documenten
die het systeem als “near duplicate” aanmerkt en die ook

daadwerkelijk correct zijn. Een hoge precisie betekent weinig
fout-positieven.
Recall is het aandeel van alle echte near duplicate docu-
menten dat het systeem correct detecteert. Een hoge recall
betekent weinig fout-negatieven.

(10) Heeft u nog iets toe te voegen?

(11) Heeft u nog vragen voor mij?


https://github.com/sennalindner/Near-duplicate-detection
https://github.com/sennalindner/Near-duplicate-detection
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