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Abstract

This paper presents a sketch for mapping CV as a field
and set of sociotechnical practices. It takes a relational
approach, centring those who are most affected by an AI
system, identifying points of unfairness, situating systems
in wider discourses and narratives, and thereby locating
points of intervention towards the redistribution of power.

1. Introduction
There has been an increasing recognition of the poten-

tial harms of computer vision (CV) when applied to spe-
cific social contexts. But there are often difficulties in trans-
lating these concrete harms to the broader context of the
societal impact of the field at large. Similar problems per-
sists in other areas of AI/ML research, as well as to com-
putational sciences more generally. Socially engaged - par-
ticularly Black Feminist and Queer/Trans - scholarship has
shown how the colonial, racist, sexist, ableist and otherwise
discriminatory narratives that define academic research and
development or deployment of technologies [4, 20] can be
applied to AI more generally [6] and specific applications
of CV [7, 18, 22]. Building on dominant public narra-
tives around social inequalities, these discussions have led
to movement in the direction of fairness, accountability
and transparency - most notably in the FAccT conferences.
But the discourses surrounding these terms have limitations
[15]. Fairness is often assumed to offer a measurable test
of inequality, and even suggests the possibility that these
problems can be solved in specific situations. But in AI and
CV, this tends to lead to a focus on specific data-oriented
issues like bias and the assumption that ironing out what
are essentially seen as errors in the dataset will be able to
resolve social problems. Moving past narratives of fairness
and equality towards perspectives on inequity, justice, un-
even distribution of power, harms and benefits, and other
structual problems necessitates a much deeper, social, rela-
tional, narrative approach to analysing the field and locating
wider sites of action.

This is not to discount the usefulness of locating spe-
cific areas of ’unfairness’, or the need for specific inter-
ventions, providing we look beyond conceptualisations of
bias in datasets, and even beyond the algorithms themselves
[13, 21, 1], towards a more structural, relational and nar-
rative scope. Moving beyond fairness entails, in part, ex-
amining unfairness as asymmetric power structures and the
inequitable distributino of decision-making, benefits, and
subjection to harms. Where, exactly, does unfairness lie?
Or, where can we locate sites of potential action to reduce
unfairness and the societal roots of unfairness? This paper
provides a tool for mapping CV as a field - a set of people,
narratives and relations - in order to assess the distribution
of issues of fairness throughout the field. It builds on pre-
vious mappings of AI in specific contexts [3] to use as a
tool for examining influences, narratives and power rela-
tions, assessing the limits of fairness against structural in-
equities, and thereby identifying points where fairness can
be a useful intervention. It therefore also points to where
other forms of intervention are needed in order to promote
fairness or to support principles such as justice, equity and
the redistribution of power.

2. MAPPING CV
2.1. Principles

Deleuze and Guattari outline mapping as a social and
political action:

open and connectable in all of its dimensions; [...]
susceptible to constant modification. It can be [...]
reworked by an individual, group, or social for-
mation [...] The map has to do with performance,
whereas the tracing always involves an alleged
“competence”. [10]

Similarly, against histories of mapping as constituting colo-
nial patriarchal discourses, Katherine McKittrick asks:

If our expressive demands can demonstrate a
new worldview, in what ways can ethical hu-
man geographies, or interhuman geographies, be
mapped? [19]
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These points are particularly useful when mapping a field
like CV. Maps change over time and must be constantly re-
worked by different groups, particularly affected commu-
nities. Mapping problematises narratives of ”competence”
in which technical concerns narrow our understanding of a
field to reinforce unjust norms and hierarchies. While CV
will inevitably remain the focus, we can destablisise it by
decentring the controlling narratives, aiming for what in-
tersectional feminism sees as ”a cartography of governance
that forces an official reckoning of a new way of seeing”
[17]. A more ethical and equitable cartographic practice of
CV therefore follows several key principles.

Relationality is fundamental to understanding asymmet-
ric power structures. This can include ethics of justice [5]
(addressing current harms) and care [12] (building new eq-
uitable structures) ethics but also leans on performativity [2]
to examine the social construction of norms through differ-
ent actors in asymmetric contexts. To understand the power
structures and narratives of CV as a field - to assess fair-
ness and related principles beyond individual algorithms
or applications - requires such contextually embedded ap-
proaches to the relations that constitute the field.

Centring the margins is perhaps the most important step
in building a tool for critically examining any field, and CV
in particular, building on Black Feminism [16] and post-
colonialism [23], its application to AI [5], data [11], and
the act of starting from marginalised intersectional perspec-
tives when discussing tech [14]. Intersectional approaches
to breaking down categories and mapping the margins can
help us to examine how dominant narratives shape concep-
tualisations of specific issues and thereby define, control or
conceal injustices [9]. This may be less obvious for more
foundational or theoretical aspects of the field than, say, a
concrete technical product. But by tracing existing uses and
then flipping the focus to those affected, we can retrace our
steps back to see the decision-making and narrative rela-
tions that impact on people’s everyday lives.

Algorithmic justice is an important principle. This in-
cludes stopping unjust systems at all levels, from refusing
the use of data [8], to labour, to ecology, to culture, to harms
in practice and the perpetuation of oppressive narratives and
assumptions of the field. Justice highlights broader points
of intervention (and resistance) within the field. It goes be-
yond fairness to locate points at which alternative decision-
making is necessary. This may involve disrupting main-
stream narratives within the field.

These principles require interdisciplinary perspectives
across research, policy, industry and public spheres, elevat-
ing marginalised voices and intersectional approaches in-
cluding (but not limited to) critical race, feminist, queer,
trans and disability theories and communities.

2.2. Structure

Mapping CV as a sociotechnical assemblage acts as a
social audit of the field. It allows us to construct different
forms of objections, and the process itself can be a means
of elevating different voices and narratives, with space for
community or wider public consultation. Roles, compo-
nents, entities and narratives can be placed on the map us-
ing information gathered indirectly from research, advocacy
groups, the press, or directly in conversation with specific
(affected, labour, research or user) communities. The pro-
posed mapping method consists of concentric layers, as fol-
lows:

Centre: those affected by a CV system, particularly those
with less power/choice. This is those whose data is used,
those upon whom CV is used to make decisions, and all
those otherwise affected by the use or development of CV;

Interface: CV as a technical objects, including con-
stituent technologies and their interactions. The bound-
aries of this layer are where the interactions occur, and the
placement of this layer between those affected and those us-
ing/designing/deciding the system is a purposeful and polit-
ical gesture to highlight the anonymising effects of CV as
an interface for social issues;

Labour: all those whose labour contributes to the design-
ing, building and running of a CV system - operators and
users of the interface layer, the researchers and engineers
who design it, and the manufacture of physical components;

Decision-making: moving outwards, this includes the
relative power of decision-making by researchers, busi-
nesses, organisations, clients, funders or policy-makers, that
defines the development and deployment of CV;

Discourse/Narrative: also known as the principles and
influence layer, this identifies the systemic forces that de-
fine the context in which the decisions are made, the broader
narratives that constitute CV as a field. This may be
fairly consistent across different applications - particularly
in more theoretical sub-fields - and includes the press, busi-
ness interests, political (including military) interests, fund-
ing body priorities, the relations between disciplines and
sub-disciplines, historical and global contexts, and other as-
pects that shape the research community.

Individuals, groups, roles and interests are located on
the map and linked to show directional relations. It should
be noted that directions emphasise power structures - they
can in many cases be simply reversed to denote extractive
benefits. Placement within a layer is relative to other lay-
ers. This allows designation of, for example, relative levels
of decision-making power or harm (such as exploitation)
within labour. Figure 1 shows this method of mapping as
a generic template, the structure of the concentric layers.
Possible additions include identifying points of current or
possible intervention - whether within fairness narratives or
beyond - or highlighting different (global, application area,
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sub-field, etc.) contexts as iterations of the map or elements
to be adjusted depending on the specific context (such as
specific funding bodies or language considerations).

Discourse/Narrative

Decision-making

Labour

Interface

Centre
those affected

Figure 1. Mapping AI structure

3. THE CV MAP
Figure 3 shows an example CV Map. It follows the struc-

ture and principles outlined above, with some additional
considerations as it is applied to a field rather than a spe-
cific application or use. The map was built simultaneously
from the centre and the edge, partly for practical purposes,
partly to make instant traceable links between the real af-
fects of CV and the wider narratives that shape the field,
and partly to engage in the process of moving the centre or
centring the margins. Affected groups, narratives, and then
actors and technological artefacts, were then filled in to en-
able this tracing of concrete links. Some areas include types
of element, with ellipses to denote the possibility of further
iterations. Relations are built up between areas and types
of element to show lines of influence (and funding streams)
that shape the directions and priorities that in turn continu-
ally re-constitute the narratives that form the field.

This version of the map falls into a few general areas,
with major lines of influence moving between the loca-
tions of power within each area. This includes: research
topics (stemming from overarching research agendas); re-
searchers and labour leading to the algorithms themselves
- echoed across the hardware and data streams that support
this; application areas and the companies creating practical
systems; global contexts as iteration point of the map; insti-
tutions and funders; regulators and policy-makers (linked to

press and media); and (oppressive) social narratives.
The research areas given as examples were taken from

range of tech company ”explainers” and conference calls
for papers, in order to build a broader narrative of what con-
stitutes CV. As with other aspects, this is not meant to be
exhaustive, but offers a range of possible elements: classifi-
cation; identification; verification; segmentation; detection;
recognition; retrieval; synthesis. We might equally have di-
vided the list into, for example, separate strands of 2D/3D
object recognition, landmark recognition, pose recognition,
biometrics recognition, and so on. Like other areas of the
map, at the level of the field this is meant as an example
starting point for viewing how different influences and nar-
ratives interact. Therefore these are positioned between the
narrative and decision-making layer, in part because the di-
vision into sub-fields is itself a decision that will impact on
how the field develops. Other related areas - for example
the research career pathway and relative career levels within
research organisations, collaborations and project teams -
would be iterated across the sub-fields. A condensing of the
relations to types of relations is therefore necessary for clar-
ity within a (relatively) simple two-dimensional visual map
designed for print. More complex relations or detail could
be integrated for visuals aimed at a larger scale (poster or
art installation) or interactive (web-based) maps.

Key points (again, non-exhaustive) of possible interven-
tion are identified by smaller red dots. These could be
places where fairness could be used, but in the majority of
cases fairness will not be enough. Fairness can be one tool
in these cases, but aspects of justice and equity are also nec-
essary. This is particularly the case in the narrative layer
- and specifically the overarching contexts and agendas -
where the redistribution of power and decentring of exist-
ing mainstream narratives is required.

4. CONCLUSION
This paper has outlined a method of mapping CV as a

relational and sociotechnical assemblage in order to locate
areas of unfairness beyond the algorithm or the dataset, and
thereby contribute to the increasing range of tools for ad-
dressing structural unfairness in CV and AI more widely.
One of the main contributions of this paper is integrating
the decision-making, influence and narrative components
that constitute the broader field and define the available,
supported or excluded directions of research. The map
shows the need for fairness outside the development of spe-
cific algorithms, and some of the locations where this is
needed, particularly in disciplinary, narrative and structural
inequities. By taking into account the broader sociotech-
nical assemblate, the map also highlights the inadequacy
of fairness alone, particularly within the algorithms/data
themselves, but also more widely. Fairness should be in-
cluded, but only as one possible type of intervention. This
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Figure 2. Mapping AI structure

shows the need for measures beyond fairness - such as jus-
tice, equity and redistributing power - as well as the struc-
tural systems and locations where these interventions are
needed. In doing so it suggests the need for more narrative
and performative approaches to mapping and intervening in
a field such as CV. But any representation - visual or other-
wise - has limitations. This is one of the fundamental prob-
lems with developing algorithms and using data in contexts
with societal impact. As a representation, the present map

is no exception. It is not an all-encompassing anatomy of
the field - such a thing is impractical on a sheet of paper be-
cause of the sheer plurality of voices and experiences that
need to be centred, but also impossible because it is always
changing. The map as presented here is an open experi-
mentation with locating sites for potential intervention not
only in fairness but in equity, justice and the redistritbution
of power across individual and collective, technical and so-
cial, practical and narrative contexts.
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