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Abstract

Thanks/Due to progress in image analysis, researchers in the Digital 
Humanities (DH) can now use sophisticated computer vision systems 
for their work. Deep learning models have led to the implementation 
of powerful search systems, which are also suitable for historical and 
artistic content. However, current systems often lack controllability for 
users and therefore lead to an unsatisfying user experience. This paper 
explores research in this domain and analyses the potential of several 
current search and analysis tools. Tools based on deep learning com-
puter vision yield sometimes unexpected but highly promising results; 
however, the controllability for users needs to be improved.

Keywords: Computer Vision, cultural heritage, Digital Humanities 
(DH), image analysis

1.	 Introduction

Research on historical documents has seen a considerable development in 
the last years. The availability of extensive digital collections on the internet 
has led to the adoption of new research paradigms in the humanities (Bullin 
& Henrich, 2020). The digitization in the humanities is currently character-
ized by the increased use of digital tools, which, when combined with con-
ventional qualitative-hermeneutic methodologies, give rise to mixed methods 
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approaches (e. g., Heuwing, Mandl & Womser-Hacker, 2016). In many re-
search areas, the need to combine qualitative, analytic-interpretative oriented 
methods with digital and quantitative methods becomes apparent.

Digital editions (Sahle, 2016) allow more interactivity and facilitate access. 
Optical character recognition makes content searchable and is even applied 
to handwritten text. Thus, less explored material such as books written in 
Glagolitic script gain attention (Tomić, 2018).

Text mining technology can be used to automatically analyse multiple texts 
at once. Knowledge derived from text mining includes distribution patterns 
and the frequency of words in texts and their components. Based on such 
knowledge, the user can explore and determine how topics are dealt with in 
many text documents, which attitudes on specific topics are expressed, and 
how issues evolve over time (Mandl, 2015). Research infrastructures such as 
DARIAH.eu provide a variety of methods for digital text analysis.

Moreover, the visual dimension of cultural heritage is also valued in dig-
ital collections and research (Donig, 2023). Cultural heritage collections of 
visual material in digital formats have grown tremendously in size. The digital 
library Europeana.eu alone contains millions of art-related objects. The analy-
sis of such collections can be approached from various perspectives and with a 
large variety of objectives (Stork, 2024). These include art historical interests, 
book design questions, and historical research. Traditional systems are based 
on manual indexing and metadata. This article will focus on automatic ap-
proaches for analysing and searching images.

First, a brief summary of image processing in Computer Vision is provid-
ed. Then, approaches of processing images within Digital Humanities are 
sketched out. At the core of this article, several recent systems for image search 
are presented. Their potential and their weaknesses are discussed.

2.	 Fundamentals of Image Processing

Image processing can be considered a part of signal processing or computer 
graphics. Currently, it also is related to Artificial Intelligence because recent 
methods have led to great advances. Basically, digital images can be seen as 
collections of pixels. This is true for raster images as they are produced by 
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digital cameras or scanners. Vector images are another class of images that are 
produced by graphic programs. This paper will focus on raster images, as they 
are mostly used in digital collections. In raster images, each pixel is associated 
with colour values. Operations such as blurring and sharpening can be carried 
out by slightly modifying these pixel values in relation to the values of the 
neighbouring pixels.

A digital perspective focusing on the matrix of numbers neglects the com-
plexity of human image processing. Humans process images at higher levels 
and focus on the boundaries between regions and objects. The lack of systems 
capable of processing images in the same way humans do is often referred to 
as the semantic gap (Barz & Denzler, 2021). However, during the last decade 
computers have managed to mimic some of the human visual recognition 
capabilities.

Very successful are Convolutional Neural Networks (CNN), which com-
bine many neurons into complex architectures. A basic CNN is composed 
of recurring sets of two layers: a convolution layer and a pooling layer. The 
convolution in a CNN combines pixels in a close neighbourhood similar to a 
blurring filter. The filter can be thought of as a calculation operation, which 
leads to new pixel values at the next level. Several filters are applied simultane-
ously. Pooling is a mechanism that considers a neighbouring group of pixels 
and only lets the strongest value pass through. Pooling reduces the amount of 
data. The image is transferred through several layers of convolution and pool-
ing. The remaining values represent the content of the initial image and can 
be understood as its fingerprint. This representation cannot be read by hu-
mans; however, similar images will receive similar output values. These output 
vectors of numerical values derived from the initial pixel values are called 
embeddings. The embeddings are fed into a supervised learning algorithm to 
solve tasks such as classification. An example could be the identification of 
indoor vs. outdoor images. The system also feeds learning errors back into the 
CNN, and modifies the values of the filters accordingly, so that the system 
will be able to perform the task more effectively and minimize errors (Skansi, 
2018).

CNNs and similar models do not require pre-defined features for devel-
oping a learning algorithm. The features are extracted from the images au-
tomatically. Features that are useful for a classification task are strengthened 
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by the learning algorithm. Such feature learning is part of the deep learning 
paradigm (Skansi, 2018). Such systems for computer vision can carry out 
many complex tasks including medical image analysis or plant identification.

These systems work differently from human vision. Since CNNs start from 
very small features and analyse neighbouring pixels, they primarily perceive 
texture. Based on CNNs and other models, many pre-trained systems are 
available for research off the shelf, for example the Yolo system or the DETR 
for object identification.

Multimodal models integrate text and visual information, bridging a gap 
between these modalities. People search images mostly based on text, and of-
ten descriptions such as captions in the form of text are available. Images and 
text appear together in multimodal document formats. Joint processing of 
image and text can exploit these semantic connections. Deep learning meth-
ods process both modalities and learn the relations between them through 
numerous examples in a training set. This process leads to a common rep-
resentation space in which similar embeddings stand for the word elephant 
and for pictures of elephants.

The quality of such multimodal models depends on the data and the train-
ing procedure. The Contrastive Language-Image Pre-training (CLIP) system 
has achieved very high performance for the first time with 400 million pairs 
of related texts and images collected from the web. CLIP was trained to select 
the most suitable image from over 30,000 texts (Radford et al., 2021). More 
advanced system such as VisualBERT (Li et al., 2019) intend to learn which 

Figure 1. Result for the query “plain music” in an open collection
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parts of the patterns of an image relate to which parts of the text. Multimodal 
models bring the semantics of language to the visual domain and can be used 
for more than just describing the obvious content of an image. This bridge 
between text and image can be used for several purposes, for example disam-
biguation of text by using images (Diem, Im & Mandl, 2023). The potential 
of multimodal systems can be seen in a search within a collection using CLIP. 
Even a search for “plain music” yields results without any metadata because 
textual and visual semantics are interwoven (see Figure 1).

3.	 Image Analysis in Cultural Heritage

The Iconic Turn led to a stronger orientation of cultural studies towards 
visual material. Research with images and visual material has established it-
self within the humanities beyond classic image sciences such as art history. 
Nevertheless, the development of appropriate tools and methods for Distant 
Viewing, which stands for the automatic analysis of large amounts of objects 
and visual data (also considering architecture and movies) with AI algorithms 
is still an emerging research field. Although the first conference on computers 
and arts dates back to as early as 1968 (Pratschke, 2018), automatic pro-
cessing of mass data is not widely established. According to Münster and 
Terras (2020), the work on image and object analysis in DH can be broadly 
categorized into the following areas: image analysis (patterns in large scale col-
lections), perception-based techniques, spatial modelling, and visualization. 
This overview emphasizes image analysis systems as well as the visualization 
of functions and results in these systems. More specifically, image analysis can 
be divided into these areas:

•	 Comparison of images,
•	 Comparison of scenes, objects, or details (semantic),
•	 Detailed analysis of deviations between variants,
•	 Comparison of technical features (in the painting or construction 
process),
•	 Representations for searching large scale collections to find structural 
similarities (Bell & Ommer, 2018).
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There are several attempts to facilitate visual access to large amounts of 
pictures by visualization techniques such as miniaturization in interfaces. A 
concept developed by Manovich (2013) enables insights by plotting a large 
number of images in small scale. This enables the observation of colour 
patterns by providing numerous thumbnails in a meaningful way. This idea 
was applied to the cover images of journals, allowing viewers to see several 
decades of the editions (Manovich 2013).

The classification of artists is a typical application. Good performance 
has been achieved for the author identification of graphic novels, which 
also shows that a concept such as author style can be captured (Dunst & 
Hartel, 2018). An error analysis of misclassified items for a portrait set can 
reveal insights about the collection under consideration (Diem & Mandl, 
2023).

A satisfying performance has been achieved for the classification of print-
ing technology for images in historical children’s books (Im, Kim & Mandl, 
2022). The identification of objects within images or illustrations is also 
seen as a highly relevant processing technology for art history (Impett & 
Offert, 2023). Although many models have been developed, they do not al-
ways reach a high performance for historical content. Since such models are 
trained to recognize objects in realistic and modern photos, they may not 
always find objects in artworks (Kim, Im & Mandl, 2024). Very different 
results can be expected even within, for example, various books of the same 
genre (Mitera et al., 2021).

However, one needs to consider that concepts in DH are not always clearly 
defined but fuzzy and cannot be identified by recognizing one object type. 
This is especially true for high level concepts such as beauty (Cetinic, Lipic 
& Grgic, 2019). Although attempts to define aesthetic concepts have been 
made, many issues in human perception are still not fully understood. A 
useful overview for the analysis of aesthetic concepts is provided by Brach-
mann and Redies (2018).

The possibilities to process images based on several levels range from sim-
ple colour similarity analysis to matching based on object detection, as well 
as similarity based on classification outcomes. These classification systems 
can be trained on genre, artist, or aesthetic concepts. This enables the re-
trieval of images based on matching paradigms at different complexity. The 
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methods mentioned above can also be applied to movies (e. g., Schmidt & 
Kurek, 2022).

Innovations from digital disciplines need to be adopted by DH, and the 
specific demands and special requirements of scholarly topics in the hu-
manities need to stir new developments in the digital domain. Given the 
multiplicity of options arising from innovation in computer vision, there 
is a great need for interactive functions of systems (Bell & Ommer, 2018).

4.	 Image-Based Search and Analysis Tools in Cultural Heritage

General Web search engines can also be used to search for images and to 
find similar ones. Specific image services such as GettyImages or Pinterest 
enable access to huge collections of curated or user generated visual con-
tent. Many systems have been proposed specifically for analysing historical 
images either for art history or within illustrations in books. Most of them 
employ search within metadata such as, for example, the image search with-
in Europeana.eu.

A system that allows exploration based on similarity from a given image is 
the online search of the Bavarian State Library (Bayerische Staatsbibliothek 
München, https://www.bsb-muenchen.de/sammlungen/bilder/). The sys-
tem works on traditional image processing systems without machine learn-
ing or deep learning methods. The algorithm extracts a descriptor, which 
relies on edge and colour values from individual sections of an image. These 
sectional values are assembled into a histogram similar to the MPG-7 stand-
ard (Brantl et al., 2017). An advantage of the system is this robust and fast 
processing and the large image base of the online database.

A search system developed at the University of Oxford allows similarity 
search for a part of an image. It can be helpful to find reused images (see 
Figure 2).

Deep representation models have been used in a similarity matching tool 
that works on a collection of visual material within children’s and youth 
literature (Helm et al., 2021). Children’s books typically contain more im-
ages than adult books. As a consequence, they are of special interest for an 
analysis of images. Although non-fiction books for children enjoy rather 
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great popularity at present as well as their modern (inter)medial and (inter)
modal forms, the resonance within the research area of children’s literature 
with respect to this genre is quite limited. Illustrated books have played a 
significant role in knowledge dissemination. The declining production costs 
for printed images have led to a growing exposure of more and more people 
to rich visual resources.

A system has been developed in order to analyse illustrations in 19th-cen-
tury books by applying modern deep learning computer vision methods 
(Im, 2024). The system finds exact copies but also more fuzzy levels of sim-
ilarity. Furthermore, the system implemented uses object detection to au-

Figure 2. Search for part of an image in the ImageMatch system at http://ballads.
bodleian.ox.ac.uk/
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tomatically enrich the metadata available for searching the images. It allows 
not only a search for the objects, which were recognized, but also the spec-
ification of their location within a 3x3 grid over each image. The user can 
search for an image with two humans in the middle and a bird on the top 
left. The composition of the image apart from visual similarity, for example 
based on colours, becomes explorable (Im, 2024). With further work, this 
functionality could be extended to high level scenes such as teaching or 
family scenes.

Similar goals are pursued by other search systems based on deep machine 
learning technology. The iArt system uses deep embedding and, among oth-
ers, the CLIP representation to map between text and image (see Figure 3). 
IArt allows the search for both concrete and high level concepts (Springstein 
et al., 2021). It comprises a powerful clustering system that orders the ob-
jects into meaningful groups. Furthermore, it allows setting parameters for 
the search.

Figure 3. Search result for the high-level concept salvation in iArt.vision
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The system Imgs.ai is also based on deep multimodal models and includes 
CLIP (Impett & Offert, 2023). Due to the multimodal capabilities of the 
background models, even abstract search terms such as rhythm or energy 
lead to potentially relevant results. Furthermore, Imgs.ai offers options for 
refinement of the result set and the provision of positive and negative exam-
ples. This leads to an iterative interaction process that increases controllabil-
ity through experimentation (see Figure 4).

Similar to iArt, the system Imgs.ai enables the user to change some match-
ing parameters such as the embeddings and distance functions. However, 
these configuration options are not aligned with the users’ language and 
require technological knowledge. Furthermore, not even an expert in image 
embeddings would be able to predict how the selection of a model would 
affect the result.

Controllability and predictability are essential criteria for good user inter-
faces (ISO, 2019). Usability and a positive user experience require that users 
feel in control and can, to some extent, predict the system’s output based on 
their inputs. This is a common problem for advanced AI systems in general 
and for the systems shown above in particular. It is necessary to provide 

Figure 4. Search result in Imgs.ai after providing positive and negative examples
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more control for the user. One approach for portraits allows the selection 
of specific embeddings using terminology from the domain (Diem, 2023).

Similar work is also conducted for improving control for users of gen-
erative models. While language prompts offer little control over results of 
language generation models such as ChatGPT or image creation models 
such as StableDiffiusion, advanced systems provide greater control over the 
visual result (e. g., Zhang, Rao & Agrawala, 2023).

5.	 Conclusion

The availability of large collections of visual material as well as modern 
computer vision systems have opened new opportunities for analysis in DH. 
Standards such as the Open Archives Initiative and the IIIF standard have 
led to tools for mass download of images and digitized books. Nevertheless, 
there is still a lack of standards for storing deep learning representations and 
making them accessible to researchers. That might significantly lower the 
barrier for entry into, for example, image analysis.

For the analysis of visual content, object identification, similarity anal-
ysis, and self-trained classification are the most often used tasks. If they 
are applied in interesting combinations, and if they are geared towards the 
expectations of scholars in cultural studies, they can reveal relevant insights. 
However, AI powered tools need to enable much more control over the 
search process for researchers and other users in order to produce results 
that can really satisfy complex tasks. Otherwise, users might not accept 
these tools.

Furthermore, similar to other AI applications, image search tools need to 
incorporate explainability in order to show how results were obtained. Ex-
plainable AI models for images, which are currently developed (Kamakshi 
& Krishnan, 2023), may also support users in understanding systems and 
their output more efficiently.

Algorithm aversion has often been observed in other domains when re-
sults were not satisfactory. One way to alleviate this danger lies in offering 
configuration options (Dietvorst, Simmons & Massey, 2018), which need 
to build on users’ domain expertise and terminology. Systems providing 
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scene description (Im, 2024) or transparent selection of embeddings (Diem, 
2023) offer the potential to better configure and steer deep learning image 
systems towards user intentions (Heuwing et al., 2016).
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