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Abstract: Scholars and practitioners investigating extremist and violent political actors’ online 
communications face increasingly large information environments containing ever-growing 
amounts of data to find, collect, organise, and analyse. In this context, this article encourages 
terrorism and extremism analysts to use computational visual methods, mirroring for images 
what is now routinely done for text. Specifically, we chart how computer vision methods can 
be successfully applied to strengthen the study of extremist and violent political actors’ online 
ecosystems. Deploying two such methods – unsupervised deep clustering and supervised 
object identification – on an illustrative case (an original corpus containing thousands of 
images collected from incel platforms) allows us to explain the logic of these tools, to identify 
their specific advantages (and limitations), and to subsequently propose a research workflow 
associating computational methods with the other visual analysis approaches traditionally 
leveraged.
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Introduction
Technological advances, such as the growth of the internet and its evolution towards web 2.0, 
increasingly powerful computer hardware, the development of user-friendly software interfaces, 
and now AI-powered tools, have significantly changed our socio-political landscape. Extremism 
and political violence are no exception: movements from across the world and the ideological 
spectrum have a history of adapting to technological innovation and embracing the newest IT 
technologies to better organise, finance themselves, and communicate.1 The spectacular growth 
of the far-right online ecosystem2 or the deployment by ISIS of a “full-spectrum propaganda”3 
are the two most visible examples of radical political actors taking full advantage of digital tools 
to proselytise and recruit, build support communities, polarise target societies, and intimidate 
purported enemies.

This evolution is synonymous with escalating amounts of extremist content being circulated 
online. Berger and Morgan, for example, estimated there to be 46,000 accounts supporting 
ISIS on Twitter between September and December 2014, amounting to millions of messages 
–4 with Twitter being only one piece of ISIS’s vast propaganda jigsaw, alongside its newspaper, 
magazines, videos, books, songs, and many more. Likewise, Horta-Ribeiro and colleagues’ 
exploration of the “manosphere” gathered no less than 28 million posts from more than 50 
misogynistic online communities (which is only a segment of the full environment).5 In other 
words, sprawling “e-extremism”6 generates enormous quantities of (meta-)data.

The sheer scale of this content has naturally pushed scholars to use computer-assisted 
methods geared at the localisation, collection, and analysis of large corpora and associated 
datasets, gaining a type of macro-level knowledge that granular qualitative studies could never 
hope to reach. Increased computational power has made investigations of extremely large 
and multidimensional datasets technically possible. As Grimmer, Roberts, and Stewart rightly 
observed (for political studies in general), while “for much of its history, empirical work in 
the social sciences has been defined by scarcity, […] social scientists are now in an era of data 
abundance”,7 a statement that (unfortunately) holds for extremism and terrorism research. 
Computational methods now routinely allow researchers to provide extensive network maps 
of extremist ecosystems,8 evaluate users’ behaviours and influence,9 and analyse very large 
quantities of texts found on online spaces to identify their main themes or track ideological 
evolution across time.10 Among these tools, machine learning techniques are increasingly 
described as constituting a particularly useful toolkit for the detection and analysis of vast 
amounts of online extremist data.11

However, what is arguably the prime component of communication in today’s extremist 
ecosystems – visual imagery – has remained largely untouched by researchers using 
computational methods. This is not surprising: the visual dimension of extremist online spaces 
and their ecosystems has only recently attracted sustained academic consideration, and has thus 
received scant attention in methodological reviews and reflexions. Schuurman’s 2020 review 
of methods in terrorism research revealed, among others, that “online content” (including non-
visual material) and “media (film)” only constitute about six percent of published scholarship; 
the words “images” and “visual” don’t even feature in the review. A recent special issue of Studies 
in Conflict & Terrorism dedicated to methods in terrorism studies did not include a contribution 
specifically dedicated to the study of imagery. Visual methods are similarly absent in terrorism 
research methods manuals,12 and rarely feature in general political science methodology 
textbooks.13
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Yet visual analyses of terrorism and extremism do exist and are gaining in popularity, already 
yielding important insights mostly through qualitative or “quasi-quantitative”14 methods 
investigating small samples. While this is a welcome development, we argue here that, given 
the large empirical universe warranting analysis, much is to be gained by complementing these 
traditional approaches with computational analysis, doing for images what has already been 
done for text. ISIS, for instance, published almost 15,000 photographs and more than 1,700 
photo reports between October 2014 and October 2015,15 and this already large quantity 
only equates to the volume of images shared daily on certain far-right sites, forums, and social 
media accounts. The situation is now exacerbated by the multiplication of digital bots and 
AI-generated imagery.16 The argument we make, therefore, closely parallels the one made by 
Grimmer and Stewart ten years ago in their seminal Text as Data article,17 and extends Joo and 
Steinert-Threlkeld’s recent Image as Data contribution, which transposed the former’s logic to 
the computational study of images in political science broadly speaking.18 As Joo and Steinert-
Threlkeld argued, “images are key drivers of political phenomena, and we would do well to 
take advantage of new techniques to analyse them in large quantities in research”.19 In this 
paper, we follow and deepen this line of thought to tailor it to the field of security, terrorism and 
extremism studies, examining how it adapts to the specificities of extremist/violent political 
actors’ communications. Specifically, we clarify how unsupervised and supervised visual 
computational methods work, explain how recent advances in some of these methods have 
drastically reduced the resources required for their implementation,20 highlight the advantages 
and limitations of these methods when it comes to investigating large-scale visual extremist 
corpora, and specify the role of these tools to complement existing qualitative approaches 
within mixed-methods research designs. 

To do so, we proceed in three main steps. First, we situate our endeavour within the relatively 
recent effort to study the visual component of extremist online spaces, tracing it back to the 
“visual turn” in International Relations, security studies, and terrorism research. Recognising 
the merits and strengths of this endeavour, we also reassert its shortcomings in a context 
marked by the hundreds of millions of images populating increasingly vast extremist 
ecosystems. Second, we succinctly explain in lay terms what computer vision is, distinguish 
between two main variants (unsupervised vs. supervised), and deploy one method from each 
of these approaches (unsupervised clustering vs. supervised object detection) on an original 
extremist visual corpus – more than 30,000 images collected from the incelosphere – in order 
to illustrate their logics and performance. Finally, we reflect on these empirical findings to 
reflect on the strengths and limitations of computational visual methods for the study of online 
extremism and terrorism, situating these tools within a coherent research workflow alongside 
non-computational approaches.

Strengths and Limitations of the “Visual Turn” in Extremism 
and Terrorism Studies
Extremism and terrorism scholars’ recent awakening to the importance of visual imagery is 
inspired by a longstanding line of research in visual anthropology and sociology, and reflects 
similar undertakings in neighbouring fields, such as political communication21 and IR and 
security studies,22 where “the explicit study of visual politics has only recently begun to coalesce 
into a recognized area”23 and ambitious research agendas are now set up to unpack the multiple 
implications of the “visual age”. Following suit, extremism and terrorism studies are now 
starting to correct their biased “emphasis on understanding the words contained in the groups’ 
messages rather than images”24 and tendency to “focus on textual aspects and overlook the 
visual”.25 Taking stock of pioneering interventions, such as Bolt’s Violent Image book,26 Doerr’s 
framework for studying visual mobilisation in conflict,27 or Dauber and Winkler’s edited volume 
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exploring Visual Propaganda and Extremism in the Online Environment,28 a much-needed “visual 
turn” implementing a clear research agenda was called for by Maura Conway in an influential 
2019 blog contribution.29 As she aptly summarised, “the heavily visual nature of today’s violent 
extremist online spaces makes this a real problem for us going forward however: we must do 
better.”

The problem is, indeed, a thorny one: analysing extremist and terrorist imagery presents a range 
of difficulties that explain why scholarship has not taken off earlier or been more extensive. 
Storing (let alone sharing) images from terrorist organisations is prohibited or severely 
constrained in most research-intensive countries, pictures are often gruesome or shocking, the 
proximity of several extremist ecosystems (e.g. incel, far-right) with other fringe digital milieux 
(such as pornography or child abuse) means that visual datasets are often “contaminated” by 
problematic, unwanted, and, at times, illegal images, and, as highlighted earlier, strong visual 
methods are not a well-established part of the standard toolkit. Additionally, today’s highly 
dynamic digital environments mean that images, such as memes, are not static singifiers and 
constantly evolve as they spread,30 often resulting in shifting meanings or situations where the 
image itself being adapted in multiple ways (the prime example of this in extremism research is 
the “Pepe the Frog” meme, discussed below). Computational techniques have additional issues, 
well presented in Scrivens and colleagues’ recent exposé on the challenges of online data 
collection in terrorism and extremism research: they involve technical skills, face opaque and 
ever-moving access points to platforms APIs, necessitate large storage spaces, and sometimes 
expensive hardware (such as servers or GPUs) and suffer from off-the-shelf commercial 
crawlers’ inability to harvest pictures.31

Despite these difficulties, studies of the visual dimension of extremism and terrorism have 
emerged and typically belong to one of two types of what we could call human methods, in 
contrast to the computational methods presented below. In the first type, one or several visual 
tropes are hand-coded in all or (more likely) a sample of images constituting a visual corpus. 
This approach allows for measuring how frequently this/these tropes occur within, typically, a 
few hundred images (rarely beyond the thousand). In the second type, an in-depth interpretive 
analysis of one or a handful of particularly important, iconic image(s) is conducted to explain 
their symbolism, communicative function, embedded narrative, or/and emotional appeal. 
The first approach is more suited for studying the manifest meaning of images (e.g. the image 
contains a particular object or symbol), while the second is more apt at uncovering latent 
meaning (that is, meaning not immediately apparent but produced through the interplay of the 
image content and its cultural and ideological contexts and subtexts). Both types of analysis are 
usually deductive, in the sense that they rely on theoretical frameworks (be it from sociology, 
philosophy, media studies, etc.) to infer which visual tropes are a priori important, and 
subsequently look for them. However, a dose of induction is almost always present as experts 
make educated guesses based on previous encounters with similar datasets as to what types of 
images could be critical or frequently occur, sometimes at odds with theoretical expectations.

These two human methods have delivered important empirical insights when it comes to 
extremist and terrorist imagery. Among them, five stand out. First, each terrorist or extremist 
group has a specific visual style, understood as its “basic choice of the content and type of narrow 
visual landscape it tends to favor”, and this style is sensitive to external (e.g. material constraints, 
political environment) and internal (e.g. leadership change, ideological evolution) shifts.32 
Baele, Boyd, and Coan’s study of ISIS’s visual style, for example, examined the chronological 
variation of four visual tropes in the organisation’s imagery,33 which has since been examined 
with much greater depth by Winter in a decisive volume dedicated to terrorist imagery.34 Second, 
recurring images – such as those of “good Muslims” in ISIS magazines,35 ideal citizens facing a 
threatening “other” in the Danish People’s Party’s internet,36 or “strong virile white farmers, 
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traditional earthy homesteading moms” in neo-Nazi Instagram accounts–37 play a key role in the 
construction of ingroup and outgroup stereotypes and “socially typified personae”,38 creating 
“a divide between the in-group and purported out-groups”,39 and constructing an underlying 
“moral order”.40 Third and more broadly, the array of visual tropes being used by extremists and 
terrorists is not vast; a limited number of image types is present across ideologies, each serving 
a particular function in outreach and subsequent radicalisation. Besides stereotypical images of 
ingroup and outgroup members, both symbols and gruesome/grotesque imagery –41 including 
the “about to die” image42 and more generally the “death” representation –43 feature regularly.44 
Fourth, visual icons travel across national contexts, with processes of “translation” undertaken 
to make them resonate with local audiences and stakes. For instance, Doerr traced  the itinerary 
of the “black sheep” poster from its initial Swiss context to its subsequent variations in Italy and 
Germany,45 and more recently studied the recycling of US Capitol uprising images by German far-
right movements.46 This dissemination/translation process can even occur across ideological 
boundaries; for example, Miotto showed the similarities between jihadist and far-right visual 
representations of martyrdom.47 Finally, sharing and consuming extremist imagery is, from 
a perspective inspired by Bourdieu and other sociologists, a social practice that participates 
in processes of group affiliation, self-identification, positioning, and emotional bonding, and 
thereby radicalisation. DeCook has, for example, shown how the display and dissemination 
of memes and other forms of images constitute key socialisation practices among the Proud 
Boys.48

Three key strengths of human approaches have unlocked these insights. First, as mentioned, they 
are usually theory-driven. This means that they are geared to producing immediately relevant 
findings determined by the expert’s conceptual understanding and research prioritisation. 
Second, they are excellent at offering careful characterisations and in-depth interpretations 
of the specific, delineated visual landscape on which the expert zooms in. Third, they allow 
for multi-dimensional evaluations and interpretation of latent meaning, both in the sense of 
attuning to images that combine several visual tropes in sometimes subtle or even cryptic ways, 
and in the sense of permitting the simultaneous investigation of several visual tropes. Miotto’s 
or Doerr’s abovementioned studies provide good examples of the kind of granular, interpretive 
scrutiny of extremist images and visual landscapes that human approaches can offer.

Yet, as Conway suggested, we can do better. These standard human methods indeed have 
four important limitations. First, they are not adapted to the contemporary extremist visual 
environment characterised by millions of images of many sorts (pictures, memes, caricatures, 
image-text collages, etc.). While hand-coding can be done on small coherent samples or even 
full corpora (e.g. all images contained in ISIS magazines or on a given far-right blog), small-n 
human methods are simply incapable of scaling up and gaining a panoramic view of the visual 
landscape. As Bleiker puts it, “methodological issues get exponentially more difficult” in a 
situation characterized by “a limitless number of images”.49 Engstrom’s study of images from 
the British National Party is a case in point:50 having gathered over 10,000 “visual elements” 
from its website, he had to restrict his analytical lens to only 600 images of a certain type, thus 
leaving aside 9,400. Second, human methods are slow, making them inadequate for a digital 
context characterised by a fast turnover of images (new ones constantly appearing, established 
ones regularly morphing, etc.). Commercial services specialised in coding images do exist and 
work relatively fast (some even have in-house coders familiar with extremist environments), 
but relying on them for monitoring projects can become onerous and expensive, and they will 
always be slower than a machine. Third, while human methods have the advantage of relying 
on human intelligence, they also incur variability. While inter-coder reliability is usually high 
for unambiguous, easily identifiable items (such as the presence/absence of weapons or a 
particular symbol in an image), scores inevitably drop as soon as a degree of interpretation is 
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needed. For example, reliability scores in Baele, Boyd and Coan’s abovementioned paper were 
almost perfect when it came to identifying pictures with symbols or gruesome elements, but 
much lower when it came to selecting the narratives conveyed by the pictures. As a result, 
some scholars only look at unambiguous tropes, avoiding potentially more insightful aspects,51 
or provide results that are hard to replicate. As Joo and Steinert-Threlkeld explain, these last 
two weaknesses alone explain why visual studies have traditionally been highly qualitative, 
focusing mostly on a few iconic images.52 Finally, sustained close examination of extremist 
corpora maximises researchers’ exposure to potentially harmful content (gruesome imagery, 
graphic violent porn, etc.). This is a major issue in our field, where researcher’s wellbeing has 
long been ignored and exposure to this extreme content has become increasingly frequent.53

Additionally, we argue that some of the strengths of the human methods can also be limitations. 
On the one hand, the usually deductive character of these approaches means that scholars may 
miss crucial yet theoretically unexpected dimensions. Dominant theories or the community 
doxa inevitably drive our empirical attention towards particular types of images, yet in a fast-
moving visual landscape, other pictorial genres might have gained prominence regardless 
of our pre-existing concepts. On the other hand, while zoomed-in investigations of specific 
visual styles and landscapes allow for granular, in-depth understandings of particular visual 
landscapes, they are, by design, blind to the (very) big picture. Discussing interpretive versus 
automated text analysis, Hart usefully compared the former with sightseeing a city on foot and 
the latter with viewing this city from a helicopter, both approaches are needed to gain a full 
understanding of the place.54

In sum, the strengths and weaknesses of human methods for visual analysis in extremism and 
terrorism studies can be represented as in Figure 1 below.

Figure 1. Strengths and weaknesses of human visual analysis methods.



40 Perspectives on Terrorism 

Baele et al.

Deploying Computational Visual Analysis in Extremism 
and Terrorism Research
For about two decades now, the shortcomings of human methods for the analysis of textual 
extremist corpora have been addressed by supplementing them with computational tools, and 
we suggest that recent developments in computational methods mean that the same logic should 
now be applied to visual ones. Indeed, the fast developments of machine learning methods in 
recent years have made computer vision faster, more accurate, and more sophisticated than 
ever before. In the following paragraph, we briefly define computer vision and identify its 
two most pertinent applications when it comes to extremism and terrorism studies (object 
detection and clustering), which we operationalise using original visual data from incel online 
spaces. We then build on this exploration to summarise, in the same way we did for human 
methods, its strengths and limitations when applied to extremist and terrorist content.

Computer vision 
Computer vision can be defined as the “subfield of AI that enables computers and systems to 
process visual data, such as images and videos, and generate patterns for detecting, tracking, 
and classifying objects”.55 In other words, the primary goal of computer vision is to “replicate 
human visual abilities with computational models”.56 Pushed forward by major breakthroughs, 
such as Krizhevsky, Sutskever, and Hinton’s “ImageNet”,57 the technology of automatically 
recognising patterns in visual environments has by now taken an important place in everyday 
life: applications include running autonomous cars’ navigation systems, allowing crop 
monitoring by drones in large farming estates, recognising faces in surveillance systems, and 
detecting patterns that diagnostic specialists don’t see in medical imaging. Computer vision 
models can be either supervised (presented with a training dataset wherein the programmer 
has labelled visuals deemed important) or unsupervised (in this case, the model is set up to 
detect patterns without guidance).

Computer vision is slowly making its way into political science and media studies, paving the 
way for applications in our field. For example, large corpora have been automatically mined 
to better understand how politicians present themselves on social media (and how these self-
constructions correlate with ideological positioning58 or convey particular emotions),59 or how 
political memes circulate across social media.60 Similar tools have very recently started to be used 
in extremism and terrorism research, yielding important findings. In a noteworthy contribution, 
Zannettou and colleagues designed a “processing pipeline” aimed at identifying and tracking 
the online dissemination of far-right memes, combining computer vision techniques such as 
clustering with other computational tools; deploying this pipeline to 160 million images from 
sub-Reddits, Chan boards, and Gab channels demonstrated not only the performance of the 
method but also the novelty of the perspectives gained through computer vision. Finkelstein 
and colleagues subsequently applied the same process to evaluate the frequency of the “happy 
merchant” meme (detected automatically in over 7 million images from a range of far-/alt- 
right online spaces), used as a proxy for antisemitism, and measured how this meme has 
gradually “infected” other visuals in memetic combinations (appearing together with the likes 
of Pepe the frog or Wojak in single images).61 Using a different approach, Crawford, Keen, and 
Suarez-Tanguil categorised more than 135,000 images from various Chan racist boards into 
several types to help define their “visual cultures”,62 while O’Halloran and colleagues used 
qualitative multi-modal annotation to direct large-scale AI detection of ISIS-related images and 
text.63 Despite their merits, these breakthrough studies remain rare and scattered, are usually 
published in computer science outlets, and their exact role or contribution within the field is 
rarely unpacked. For this reason, we try to expose as clearly as possible for the non-expert 
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audience the strengths and weaknesses of the two types of computer vision models holding, we 
argue, the most promise for extremism and terrorism studies, and on that basis we nail down 
their role in the field.

Data 
To illustrate these methods and ground the discussion in the empirical reality, we use a corpus 
of more than 32,000 images featuring in posts extracted from nine different online spaces 
(spread across three platform types) pertaining to the so-called “incelosphere” (see Table 1 
below).64 The images were collected using a series of custom-built web-scrapers developed in 
the Python programming language, utilising common packages, such as ScraPy (https://scrapy.
org/) and Requests (https://pypi.org/project/requests/). Depending on the platform, various 
APIs were used to aid data extraction where appropriate (i.e. the Telegram scraper utilised 
the Telethon API; see https://docs.telethon.dev/en/stable/). While definitely at the lower end 
of the size scale that computational methods are called to handle, this corpus possesses two 
advantages for the purpose of this article: firstly, the visual landscape of the incelosphere has 
not yet been thoroughly studied, meaning that we demonstrate our conceptual points on a 
novel case, and secondly, this is a hard case against which to test the computers, meaning that 
the corpus images appear highly diverse, cryptic, and regularly shocking. 

Table 1. Corpus statistics: Number of images extracted from each incel online space.

Image clustering 
A first type of computer vision model perform clustering, which consists of “grouping together 
similar items into distinct clusters, so items within a single cluster are similar to each other 
and different from items outside the cluster.”65 In other words, clustering seeks to “partition 
observations into mutually exclusive categories, or clusters, using principles of unsupervised 
dimension reduction.”66 As such, this visual analysis technique is akin to unsupervised topic 
modelling in text analysis: it inductively “reveals” the major dimensions and tropes of a large 
corpus, allowing the researcher to “let the data speak”. Four more specific similarities between 
text topic modelling and visual clustering illustrate the nature and relevance of the tool. First, 
like topic models, a range of algorithms are available when it comes to visual clustering (e.g. 
Affinity Propagation, Agglomerative Clustering, K-Means clustering), each implementing a 
different strategy for calculating visual distance/closeness and the subsequent grouping of 
images. Each comes with its strengths and limitations and higher/lower pertinence for particular 
corpora and research objectives. Second, just like the number of topics can be suggested by 

 

Source of images 
(Online space) Platform type Number of images extracted 

4chan/R9k Chan board 25,747 
9chan/Leftcel Chan board 1,744 

BlackPillsBasedGlobal Telegram 1549 
Blackpilled Telegram 376 

Incel Telegram 877 
IncelsCo Telegram 624 
_incels_ Instagram 18 

B_l_a_c_k_p_i_l_l_e_d Instagram 49 
Blackpillmemez Instagram 525 

Involuntarycelibacy Instagram 212 
#Blackpill Instagram 866 

Table 1. Corpus statistics: Number of images extracted from each incel online space. 

 

https://scrapy.org/
https://scrapy.org/
https://pypi.org/project/requests/
https://docs.telethon.dev/en/stable/
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the researcher conducting a text analysis, some visual clustering models require users to pre-
define a given number of clusters, for the computer to subsequently calculate the optimal 
categorisation of images within them. Third, by assigning each image a class/category, visual 
clustering algorithms offer a quantification of which ones of these categories are particularly 
prominent in a corpus; the researcher is thus able to quickly see which types of images are 
(not) frequent. Fourth, although visual clustering models are unsupervised, their application to 
specific types of imagery can be preceded by training with a narrower visual dataset similar to 
the one to be examined, which increases their robustness.67

For these reasons, this tool is particularly useful in two strategies. First, it can help researchers 
gain a general overview of the visual landscape under investigation, with the main types of 
images appearing together in groups with measures of their respective importance. Just like 
a text topic model provides a quick understanding of the major themes of a corpus, a visual 
clustering model offers a rapid panorama of its visual landscape. This strategy is particularly 
useful for new and very big corpora for which little is known, i.e. where no “natural” categories 
are yet known. As Grimmer and Stewart explain in their work on unsupervised text topic 
modelling, while supervised methods assume a well-defined set of categories (inferred from 
existing scholarship or theoretical hypotheses), in some cases that set of categories is hard to 
derive beforehand.68 Second, it could be used as a way to gain new, original knowledge of a big 
corpus which tends to be repeatedly appraised through the same lenses. Dominant theories (or 
doxa) that consistently direct empirical studies towards a limited number of visual tropes are 
at risk of being blind to important but unaccounted aspects, and biased in favour of particular 
features that may actually be found only in a minority of images. To use Grimmer and Stewart’s 
work on unsupervised text analysis again, these “methods are valuable because they can identify 
organizations of text that are […] understudied or previously unknown”.69 This second strategy 
is, therefore, most useful when dealing with large corpora that have already been investigated 
by researchers using similar theoretical frameworks and associated methods, as a way to avoid 
bias and unlock new knowledge.

Following the successful application of this method to large visual political corpora (including 
Joshi and Buntain’s clustering of 15,000 images posted on social media by over US politicians, 
which demonstrated that the types of images shared by these politicians were a “strong 
indicator” of their ideological position),70 we ran a deep image clustering algorithm on our visual 
corpus. We used the Unsupervised Deep Embedding for Clustering (DEC) model, as originally 
proposed by Xie and colleagues.71 In recent years, DEC models have proven themselves effective 
at clustering images into groups within large datasets. However, it has also been shown that 
the relationship between the models' convergence and their hyperparameters is tricky, and 
therefore requires multiple runs with different hyperparameter settings to achieve the optimal 
grouping. Crucially, there are no rules for finding the “best hyperparameter values”. Instead, 
the researcher must ascertain this themselves through experimentation (and substantive 
expertise) with the number of epochs and batch size (the former refers to the number of passes 
made over the whole dataset, and the latter refers to the number of individual images the model 
sees before being updated).

It is therefore recommended that a test set is ready to evaluate the model’s output after training., 
as although increasing the number of epochs will tend to increase accuracy, this might be the 
result of overfitting (i.e. the model is fitted too closely to its training data and therefore unable 
to make predictions when presented with new data). Having a test set of data that the model 
has never seen before allows to validate the model’s outputs. To demonstrate the importance 
of this, we trained the DEC model on the 32,587 images of our corpus for a number of different 
epochs and batch sizes. Two observations can be made from Table 2 below. First, the highest 
amount of accuracy in predictions on the test dataset that this model is able to achieve is 31 
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percent. Second, this is achieved using a batch size of 32 (the default batch size for most open-
source model implementations), and increasing the number of epochs does not improve this. 
Indeed, the model only achieves 21 percent accuracy with 50 epochs at 32 batch size, but hits 
its highest accuracy with 100 epochs, and does not improve beyond that. We can, therefore, 
see that our model follows the traditional wisdom of the machine learning community, in that 
having more epochs does not necessarily equate to a more accurate model.72 We can thereafter 
conduct a visual inspection of these results by extracting a sample of images from each cluster. 
Looking at Figure 2 below, we see that a model trained for 20,000 epochs with a batch size of 
32 has started to create some coherence, with Pepe memes appearing a lot in cluster 1, and 
clusters 2 and 5 containing mostly pictures of men and anime girls, respectively.

Table 2. Comparison in accuracy at predicting data test dataset (from our incel visual corpus) for various 
epoch and batch size values.

Figure 2. Test clustering with ten clusters of incel images.

Number of epochs Batch size Accuracy 

50 32 0.21 
100 0.05 

100 32 0.31 
100 0.18 

500 32 0.31 
100 0.08 

2,000 32 0.31 
100 0.04 

20,000 32 0.31 
100 0.03 

Table 2. Comparison in accuracy at predicting data test dataset (from our incel visual corpus) for various 
epoch and batch size values. 
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Clustering, therefore, rests on a series of trial-and-error, back-and-forth steps seeking to increase 
coherence, estimated not only mathematically but also through the lens of the researcher’s 
substantive expertise. Importantly, clustering can also be re-run within clusters – for example, 
one could run a model within a hypothetical “vehicles” cluster to see whether the machine 
identifies and separates cars, planes, etc. We adopted this strategy with our whole corpus to 
increase coherence, and the results are presented in Figure 3 below. This is a graph inspired by 
Rogers’ suggestion to create “metapictures”, that is, ordered displays of collections of images 
scraped from social media in arrangements such as “tree maps” or “cluster maps” that allow for 
rapid scanning and critical reflection (this approach “nestles itself between qualitative visual 
analysis and interpretation […] and quantitative knowledge visualization”).73 We can see that 
this strategy improved coherence, with the computer for instance grouping all meme characters 
together, as well as anime faces, anime porn characters, or graphs/ figures. Appendix 1 offers 
another example using a different corpus, to provide an extra illustration beyond the specific 
case at hand here. 

Figure 3. Clustering diagram of images from the incel online ecosystem.

Four observations can be made on the basis of our application of visual clustering to the images 
contained in our corpus. First, the tool’s ability to quickly gain a zoomed-out overview of a large 
visual landscape is confirmed. With no existing scholarship on incel visual imagery, our incel 
cluster map reveals three major types of images populating the incelosophere: people’s faces 
(mostly women’s), anime (mostly girlish characters, regularly in sexualised or pornographic), 
and individuals (incels, “chads” and “stacies”).74 These proportions reveal the community's 
valued pictorial practices (e.g. sharing erotic/pornographic and anime images, or photos of 
particularly attractive/repulsive individuals) and offer an indication of its major themes and 
ideological tenets (e.g. “lookism”).

Second, the clustering tool is, as anticipated, useful for disclosing new patterns not foreseen by 
theory or the literature. As noted above, the scholarship on extremist visual imagery tends to 
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concentrate on the role of symbols and in-/out-groups depictions and, more recently, memes 
(which, in a sense, merge symbolism with group identification). Even though the importance 
of group portrayal is confirmed in our data, the cluster map also shows that cartoonish memes 
are not (quantitatively) a crucial visual genre, and reveals pictorial types so far ignored by the 
literature yet obviously empirically and theoretically relevant (e.g. “scientific” graphs, figures, 
and infographics).

Third, the tool’s fully inductive logic inevitably produced residual clusters that are frustratingly 
irrelevant, theoretically speaking, with the “image-text” genre derailing parts of the process 
in the far-right case provided in Appendix (note that some AI models are geared at isolating 
images from their added texts). While theory blindness does bring about novel, unforeseen 
insights and observations, it comes at a cost when complex visual corpora such as the incel 
one are involved, which contain composite imagery for which other computational tools are 
required.

Fourth, the output clearly calls for additional, fine-grained research in the form of human 
methods (small-n hand-coding, very small-n interpretive analysis). The incel cluster map, 
for instance, groups together visibly different images of women serving distinct functions for 
the incel community and worldview that ought to be investigated.75 As we discuss below, this 
method is, therefore, best used as a tool for preliminary data exploration.

Object detection 
The second type of computer vision model we highlight here performs object detection, that 
is, the “task that deals with detecting instances of visual objects of a certain class (such as 
humans, animals, or cars) in digital images”,76 or, put differently, the “task of predicting the 
class and the location of different objects contained within an image.”77 The past decade has 
witnessed “a rapid technological evolution of object detection and its profound impact on the 
entire computer vision field”,78 mostly due to the application of sophisticated deep learning 
techniques that led to a leap forward in models’ accuracy and speed,79 including when detecting 
objects on moving images (videos, real-time footage). There are two types of deep-learning 
object detectors, which reflect developers’ preferences on either end of the accuracy/speed 
trade-off: “two-shot” models privilege accuracy by first finding potential objects in an image 
and then classifying each one of them (e.g. “car”, “person”), while “one-shot” models privilege 
speed by merging the two tasks.

Object detection is useful in two different research strategies. First, it can be used to offer a 
broad-brush understanding of the relative importance of a large range of standard objects in a 
large corpus: does this dataset contain, for example, lots of images of infrastructure/buildings 
or vehicles? In extremism and terrorism studies, models can quickly detect specific types of 
theoretically relevant images in a large visual corpus, automating (that is, speeding-up and 
scaling-up) what would have otherwise been a tedious hand-coding process. For example, pre-
trained models automatically detect firearms in images, and models further trained on weapons 
are able not only to detect them but also to distinguish, in real-time video recordings, between 
different types of guns, rifles, knives, etc.80 Second, models can be custom-trained to detect, and 
measure the prevalence of a limited number of highly specific and relevant categories of objects; 
i.e. Nazi symbols, ISIS magazine covers, pictures of known terrorists, particular versions of a 
well-known meme like Pepe the frog wearing an SS uniform, etc. Such custom-trained object 
detection models, which require researchers to manually code classes and their locations 
within images with a bounding box, are better suited to detecting specific imagery compared 
to unsupervised approaches, such as clustering. They are a useful tool for a range of different 
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study designs; for example, they can ground an evaluation of the ideological character of an 
online platform or serve as a measure of the ideological evolution of a given online platform or 
ecosystem over time (e.g. does it contain an increasing/decreasing quantity of Nazi symbols?).

To demonstrate how useful object detection models can be in studying extremist online 
communities, we utilised a one-shot model known as YOLO (acronym for “You Only Look 
Once”). Originally developed by Redmon and colleagues,81 YOLO models depart from other 
object detection models that repurposed classifiers for the task of object detection, and instead 
treat the task as a regression problem between bounding boxes and class probabilities. This is 
achieved by using a single convolutional neural network (CNN) to predict both boxes by looking 
at the full image in one go, meaning that predictions are based on the global context of the image. 
YOLO is one of the most popular object detection models, due to its high level of accuracy and 
speed – two qualities that have made it particularly suitable for real-time applications. Given 
that this is a supervised learning approach, meaning that the model is presented with both 
training images and their associated labels as to what classes (i.e. “man”, “woman”, “pepe”) are 
contained within the image and their location, the first step in developing a custom-trained 
object detection model is to build the training dataset. The final training dataset will consist of 
the images you wish to train the model on, whereby for each image there is a text file in which 
each line details a class and the location of the box that contains the class instance. Creating this 
training dataset involves manually assessing each image and creating a corresponding bounding 
box for any of the classes that the researcher wishes their model to detect, with these bounding 
boxes being where the class appears in the image.82 Figure 4 below provides an example of 
what this process looks like for four different images. This time-intensive process of labelling 
classes in training images means that, despite the significant impact supervised object detection 
models could have for extremism researchers, there are some aspects that researchers with 
limited resources might struggle with.83 However, new models still get increasingly powerful, 
continuously reducing the time and expertise needed for training them. In our case, YOLO 
proved powerful enough to learn specific theory-relevant objects on a relatively small training 
dataset.

Figure 4. An example of manually created bounding boxes for three different classes in four images.

Specifically, we followed a two-step training process using 11,700 images randomly selected 
from the whole corpus, in order to ascertain what our classes of interest would be. First, 4,000 
images from the random sample of 11,700 were (again randomly) selected and evaluated for 
potential classes of analytical interest (i.e. classes that appeared regularly enough and/or 
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contained some known specific meaning within the incelosphere), which was done in order 
to control for the fact that many of the incel images were random in nature and did not have 
any real significant meaning or content to them. The results of this step were then evaluated, 
with the frequency of each class being assessed and removed if it was below ten;84 this resulted 
in twelve classes. In a second step, we took these twelve classes and labelled any instances of 
them that appeared in the 11,700 sample by creating a bounding box as detailed above. This 
resulted in a total of 3,620 labels across 2,808 images (detailed in Table 3 below); 8,892 images 
contained miscellaneous content that did not fit into any of the twelve classes of analytical 
interest. Once complete, the labelled images were divided into 2,307 training and 501 test 
images.

Table 3. Frequency of instances per class in the incel training dataset.

An instance of Ultralytics’ YOLOv885 was then implemented and trained on the sample for 500 
epochs, yielding impressive results given the small dataset it was trained on (see Appendix 2 
for additional information on validation metrics). Figure 5 below shows a precision-recall curve 
graph, which plots the precision and recall in our model for each of the classes for all possible 
user-defined thresholds between 0-1. Ideally, precision and recall would be high (in other 
words, the model detects all instances of a category, and what it detects is correct). However, in 
reality, there is a trade-off between precision and recall since a lower threshold decreases the 
chances of ground truth boxes being missed since this would increase the number of detections 
made by the model, but at the same time, a higher threshold would mean that the model is 
more confident in what it predicts. Thus, a precision-recall curve is useful in ascertaining what 
the user-defined threshold should be, depending on the desired application of the model. In 
Figure 5, we show the conditional probability that the bounding box belongs to the specific 
class it is next to. For the purposes of this paper, we will also use a probability of 0.5 to signify a 
hypothetical baseline model; in other words, like logistic regression, if an instance is believed to 
belong to a specific class with a probability of >0.5, it is tagged as positive. This baseline model 
is represented by the grey dashed lines. Figure 6 below additionally supports what we see in 
Figure 5. Figures 7 a, b, and c below, which are collages of predictions our trained model made 
on the 501 test images (i.e. images that the model did not see during training), also allow for 
manual inspection of the model’s accuracy.86

Image category label Number of ground 
truth boxes 

Man 1066 
Anime girl 783 

Woman 656 
Social media post 324 

Pepe 270 
Nude woman 146 

Wojak 115 
Porn 111 

Military 61 
Chad 60 

Trad girl 15 
Swastika 13 

Table 3. Frequency of instances per class in the incel training dataset. 
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Figure 5. Precision-recall curve for the custom-trained YOLOv8 model trained on the incel dataset.

Figure 6. mAP score for the custom-trained YOLOv8 model across epochs (1-75).
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Looking at Figure 5, we can see that the model has developed near-perfect precision recall for 
both the “Pepe” (0.976) and “Trad girl” (0.995) memes (their respective lines almost follow 
the exact shape of the top right-hand corner of the graph box). The high confidence value for 
these two memes shows the importance of thinking about bounding boxes when undertaking 
an object detection project looking at memes. Namely, as stated above, within the incel (and 
many other) online subcultures, the same memes often appear in different forms. This is 
particularly true with the Pepe meme, which is not only shared in its “base form” but is also 
wearing hats, having facial hair, sometimes having a whole body, and many other forms. This 
can make it difficult for this image to be detected by computer vision algorithms. However, due 
to the use of bounding boxes in object detection, we were able to specify that the model should 
look for a specific part of a meme to detect it — in this case, the bounding boxes were set to 
the Pepe character’s eyes as these were, in a sense, the smaller common denominator in the 
vast majority of Pepe meme iterations (cf. Figure 4 above). As can be seen in Figure 7 a below, 
this enabled the model to accurately detect this meme, despite its numerous forms and only 
270 coded instances of it in the training dataset. Impressively, the model’s success in finding 
Trad Girl memes rested on only 15 coded instances in the training dataset; here the model’s 
power was aided by the fact that this meme has unique visual features and appears with little 
variation in the dataset.

The model also proved to be quite effective at detecting other classes. With 783 instances in the 
training dataset, the model developed a 0.822 confidence score for the “anime girl” class, likely 
due to the highly stylised nature of these images (i.e. large eyes and pointy hair). With a confidence 
score of 0.728 based on 324 training instances, the model detected social media posts well; it also 
proved relatively successful at detecting headshots of both men (0.640 confidence with 1066 
training instances) and women (0.548 with 656 training instances). As can be seen in Figures 
7 a, b, and c, unlike the three classes above, these classes are characterised by high variability 
(ethnicity, facial hair, head hair, glasses, etc) without any stylised and uniform characteristics, 
and would, therefore, require more training instances in order to improve the confidence score. 
Further, the model was able to achieve 0.591 confidence with the nude woman class based on a 
very small set of 146 training images, a testament to the YOLO approach given the large amount 
of variation between different training instances in terms of poses, etc. Likewise, a confidence 
level of 0.707 with only 60 training instances for the “Chad” meme is impressive. The rest of the 
classes fall below the 0.5 confidence of our hypothetical baseline model, but Figures 7 a, b, and 
c nonetheless show that some predictions are accurate. In these cases, more training instances 
are required to allow the model to handle variations within a single object deemed relevant.
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Figures 7 a, b, c. Collages of validation images showing some of the predictions made by the custom 
YOLOv8 model.

Capitalising on Strengths, Acknowledging Weaknesses: 
Towards a Research Workflow Integrating Computer Vision
Several strengths and weaknesses of computational visual analysis clearly emerge from the 
application and results above, summarised in Figure 8 below.

Figure 8. Strengths and weaknesses of computational visual analysis methods.
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In terms of strengths, these methods are first and foremost capable of scaling-up the analysis 
to process huge visual corpora containing tens or hundreds of thousands of images, which is 
a critical asset in today’s very large digital extremist environments. The bigger the corpus, the 
more useful these methods are, allowing the researcher to move from small-n samples to full 
corpus analysis, and to do so speedily, outpacing any human coder when it comes to detecting 
specific objects. In our case, we were able to rapidly detect images featuring specific classes 
of objects (i.e. Pepe, anime girls) from a large corpus. Importantly, these methods leverage 
transparent and replicable procedures invariably producing similar results on a given corpus 
(something never guaranteed with human methods). Finally, and not insignificantly, these 
automated methods also limits the researcher’s exposure to potentially harmful material, 
which responds to the concerns recently voiced about one of the key challenges when handling 
terrorist and extremist images (cf. above).

Yet computational methods also have clear weaknesses. First, even though object detection 
models can identify several objects within the same image, computational methods still struggle 
with multi-dimensionality and latent meaning, lacking the human appreciation of how certain 
visual signifiers blend to create new composite signs, and still needing training to identify 
general visual classes expressed in many different forms (e.g. a “Nazi symbol”). Second, these 
methods are incapable of offering detailed qualitative interpretations of particularly important 
images or groups of images, as they only offer zoomed-out views of vast visual landscapes. 
Our clustering map, for instance, revealed the presence of large numbers of anime, and even 
grouped them into two distinct classes, but fell short of providing any real insight into what 
sub-variants may exist and, ultimately, what these images mean. These first two weaknesses 
are significant: In spite of their strengths, computational methods simply cannot do the type of 
in-depth work done in some of the aforementioned studies.87 Third, the unsupervised models 
are theory-blind, which means that their purely inductive logic produces results that at times 
lack any usefulness and contain large residual categories – when they are not outwardly 
counter-productive. Clustering models sometimes need to be run several times with varying 
hyperparameters, both on the full corpus and within clusters, before they succeed in separating 
pictures into meaningful categories.

Yet the last two weaknesses also constitute strengths. First, the ability to offer zoomed-out 
perspectives on today’s sprawling extremist digital ecosystems without pre-existing bias is 
critical, allowing the researcher to subsequently focus their efforts on the segments of the 
visual landscape that appear to dominate or matter in particular ways. Second, unsupervised 
methods’ blindness to theory at times unlocks unexpected knowledge. As Grimmer, Roberts, 
and Stewart explain, hypothetic-deductive approaches force “researchers to use data to test 
theories that were developed before the data arrive”, which “leaves potential insights on the 
table”. By using inductive computational tools as a preliminary step, we “often discover new 
directions, questions, and measures”, a step they call “quantitative discovery”.88

The reader has by now realised that the strengths and weaknesses of human versus 
computational methods mirror one another. Figure 9 below connects Figures 1 and 8 in a 
single graph, showing how one approach’s strengths reflect the other’s weaknesses. Such a 
conceptualisation naturally calls for human-computational mixed methods in extremism and 
terrorism studies, for the potential of the fields’ “visual turn” to be fully realised. This proposition 
provides an operational response to Rodermond and Weerman’s recent observation that in 
terrorism and extremism studies “each method has its own strengths and shortcomings, and 
each method has its particular problems when applied in practice.”89 Furthermore, we hope that 
our illustrative incel case-study has shown that in spite of its underlying technicality, productive 
computer vision necessarily involves “qualitative” fine-tuning, mobilising expert substantive 
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knowledge – in that sense, the boundary between human and computational approaches is not 
an impermeable one.

Figure 9. Strengths and weaknesses of human vs. computational visual analysis methods.

We therefore propose to interlock both approaches into a single, coherent research workflow 
for the study of large extremist visual landscapes, as summarised in our final Figure 10 below. 
As Grimmer and Stewart rightly argued, “rather than replace humans, computers amplify 
human abilities,” meaning that a dichotomous, quantitative-qualitative (human-computational) 
methodological opposition is misleading.90 Our workflow starts by running a clustering model 
with different parameters, allowing us to explore the corpus without bias and gain a bird’s eye 
perspective. This zoomed-out view can direct towards two scenarios, either allowing for the 
direct detection of prominent or important visual tropes to then be interpreted qualitatively 
or to help identify or refine relevant theory to calibrate an object detection model. To take our 
incel case, the clustering model revealed large clusters of human faces and bodies, which could 
serve as a basis to train an object detection model seeking to differentiate between particular, 
theoretically relevant types (e.g., types of men such as “chads” and “incels”, or pictures featuring 
violence against women). These classes of images can thereafter serve as samples for a classic 
multi-dimensional hand-coding of a smaller sample (e.g., a codebook-based analysis of pictures 
featuring violence against women), whose results could, in turn, serve to re-calibrate a computer 
vision model to find more theoretically relevant sub-classes. As such, our workflow advocates 
the same logic articulated by Grimmer, Roberts, and Stewart in their reflection on computational 
text analysis methods: it deconstructs and revisits the deductive-inductive and quantitative-
qualitative oppositions that too often paralyse progress in social sciences,91 adopting a dynamic 
stream where iterative loops ensure that data, observation, expertise, and theory enrich each 
other. As Bucy and Joo note, fostering such a dialogue across deeply-entrenched traditions and 
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academic training lines is a challenge,92 but examples of good practice are starting to emerge; 
Crawford, Keen, and Suarez-Tangil, for instance, ran a clustering model on tens of thousands of 
images from various Chan image-boards to enrich theory and hone in a qualitative analysis of 
violent far-right memes.

Figure 10. A research workflow for visual research in extremism and terrorism studies.

Conclusion and Discussion: Towards Mixed Human-
Computer Research Streams
The proliferation of online extremist content and digital terrorism-related communications has 
encouraged researchers to turn to social data science, and advances in artificial intelligence 
have further bolstered their use of computational methods. However, this effort has, so far, 
largely stayed within the confines of text and meta-data analysis, failing to unlock new horizons 
for the field’s recent “visual turn.” The present paper sought to affect this connection between 
computational and visual analysis by detailing how supervised and unsupervised computer 
vision models can enrich the study of extremist and terrorist imagery in decisive ways. We 
applied two of these models to an original corpus to explain and illustrate the strengths and 
weaknesses of computational visual analysis applied to extremism and terrorism research; 
because these benefits and limitations mirror those of human visual methods. We proposed 
a research workflow combining the two types of approaches and undermining the sterile 
qualitative-quantitative opposition too often preventing security studies to meet its potential. 

Research on terrorist and extremist communications has greatly benefited from computational 
text analysis, which has effectively complemented qualitative methodologies; there is no reason 
why our “visual turn” shouldn’t follow track. It is worth stressing, however, that this workflow 
doesn’t exhaust the range of research questions and, therefore, methodological approaches 
and research agendas centring around extremist and terrorist imagery; as Bouko rightly 
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emphasised, the plurality of visual dynamics constituting political reality call for an array of 
research questions and associated methods, some of them not even interested in the content of 
images (focusing, for instance, on impacts).93

It is hoped that our workflow and underpinning discussion will contribute to further materialise 
the recent optimistic assessments of our field’s growing methodological strength,94 which 
contrasts with the older, well-known negative and dire diagnoses of poor rigour, “failings”, 
and “stagnation.”95 Specifically, adding computer vision to our methodological toolkit has the 
potential to partly correct terrorism studies’ overreliance on qualitative designs (which make 
up more than three quarters of published research) and to move scholarship standards towards 
a more thorough and systematic exposition and justification of their methods (which is not 
done in most published articles).96

An integrated mixed-methods designs making the most of human and computational visual 
methods while mitigating each one’s shortcomings not only makes scientific sense, it can 
also serve a positive social purpose at a time when visual AI models start to be leveraged by 
extremist and terrorist actors themselves (as well as by governments, in a dialectical power 
struggle).97 As Bucy and Joo rightly suggest, “understanding the prevalence of these visual 
forms of hate, and accurately assessing their presence […] could put visual politics to a prosocial 
use.”98 Beyond academia, law enforcement and security practitioners have started to leverage 
computational techniques to respond to “the urgent need to collect and analyze terrorist and 
extremist content online, on a large scale”,99 but often lack the tools to do so when it comes to 
imagery. Image clustering models can be run to rapidly situate the ideology and culture of an 
online space that has recently been brought to attention (for example, as part of an investigation 
or after an attack), while object detection models can be trained to look for specific details 
such as weapons (weapons visual datasets already exist that can feed the training), ideological 
markers such as svastikas, faces of individuals such as extremist leaders or potential attack 
targets (e.g. political figures), or high-risk content such as bomb-making blueprints. However, 
given the high stakes of this type of monitoring and analysis, law-enforcement and intelligence 
practitioners should be careful about the multiple errors, risks, and biases paving the approach, 
collection, and analysis of big data, which are by now well-documented.100

Finally, while primarily methodological, the contribution of this paper is also empirical. Using 
a real corpus as an illustrative example has incidentally led us to offer novel observations 
on the visual style of the incelosphere – which had, to our knowledge and surprise, not yet 
been systematically and directly studied.101 Paving the way for a more comprehensive and in-
depth study of incel imagery, we can already highlight the following three observations. First, 
the incel visual style appears to be highly composite and diverse, quite far from the typically 
narrow extremist landscapes featuring ingroup and outgroup archetypes (cf. above); a lot 
of the dataset is made of images that cannot easily be categorised into known theoretical 
categories. Second, most of the images feature specific individuals (actors, popular internet 
personalities, politicians, etc.) who have no obvious connection to the incel community; further 
research would need to adapt their methods to make sense of this fact. Finally, our dataset 
(unsurprisingly) contains a significant number of erotic or pornographic pictures and anime. 
Further research could examine the gender and sexual meanings of these images, which, among 
others, appear to ridicule women and picture them in submissive situations (in pictures) while 
simultaneously construct an idealised “girlfriend” stereotype (in anime), a paradox already 
highlighted in the text-based literature.102
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Appendix 1: Far-Right Telegraph Clustering

Figure A-1. Clustering diagram of images from the US Far-right Telegram ecosystem.
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Appendix 2: Validation Metrics
Many of the metrics used to assess object detection models require understanding the difference 
between the “ground truth bounding box”, the bounding box that indicates the location of a 
specific class instance that was labelled by researchers, and the “predicted bounding box”, which 
is the bounding box that the algorithm believes contains a class instance. The “Intersection 
over Union” (IoU) is then a quantitive measure of the overlap between the two and can range 
between 0 (no overlap) and 1 (perfect overlap), with a higher IoU indicating more accurate 
object detection.

Each detection instance can then have one of three outcomes. First, it can be “true positive”, 
meaning the model correctly identified both the category and location of the object in an image 
and the IoU score is equal to or greater than the specific threshold. Second, the instance can 
be “false positive”, whereby the model incorrectly identifies an object that does not exist in 
the ground truth box or where the predicted bounding box has an IoU lower than the specific 
threshold. Finally, “false negative” refers to instances whereby the model failed to detect an 
object that is specific by the ground truth box.

One of the most important metrics when validating an object detection model is then the average 
precision (AP) score. Here, “precision” refers to how precise the model is, and it is essentially 
the proportion between the number of true positives and the number of predictions. Linked to 
this is the notion of “recall”, which is the ratio between the true positives the model makes and 
the number of ground truths; in other words, how many instances of an object in an image the 
model detects. More formally:
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