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Digital navigation and the driving-machine: supervision,
calculation, optimization, and recognition
Sam Hind

Locating Media, University of Siegen, Siegen, Germany

ABSTRACT
In this paper, I explore the navigational implications of a possible driving
world. In the last few years, autonomous vehicles (AVs) have garnered
significant attention, with much of this scrutiny centered on the techni-
cal possibilities, legal restrictions, and utilitarian ethics of AVs. In this
paper, I look at how AVs are radically transforming the nature of naviga-
tional decision-making. Research into the automation of industrial pro-
cesses and aircraft fly-by-wire systems suggests that navigational
supervision, by humans, will become a significant duty, recalibrating
navigation itself. I draw out the implications of automation through
three navigational practices of the ‘driving-machine’ I refer to as route-
calculation, terrain-optimization, and object-recognition. Attending to
these practices assists in the ongoing interrogation of the machinic
rendering of automobile space.
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Introduction

In the last few years, autonomous vehicles (AVs) have garnered significant attention. Principle work has
centered on refining the technical possibilities of AVs (Cordts et al. 2016; Castrejón et al. 2017), scoping
the legal restrictions on AVs (Science and Technology Select Committee 2017; Law Commission 2018),
and negotiating the utilitarian ethics of AVs (Bonnefon, Shariff, and Rahwan 2016; Noothigattu et al.
2017). However, less time has been dedicated to the politics of navigational decision-making integral to
AVs: how navigational decisions are made, what spatial knowledges are employed, and what calcula-
tions these vehicles are dependent on to make such decisions (Sprenger 2018). In this paper, I argue
that three navigational practices are integral to autonomous driving worlds. I refer to these as route-
calculation, terrain-optimization, and object-recognition.

As Reyner Banham suggested, ‘the car-borne view is neither detached nor in parallax. The
observer plunges continuously ahead into a perspective that is potentially dangerous and
demands his active attention’ (Banham 1972, 243 as quoted in Merriman 2007, 14). Calculation
of these vital moments in advance of the present is a critical capacity of the human driver. By
extension any AV will be required to capture, compute, and respond to, a ‘potentially dangerous’
perspective wrought by being in control of a vehicle. As Banham suggests, this demands ongoing
‘active attention’. I suggest that there is a pressing political, ethical, and socio-technical need to
address the automobile ‘space-times of decision-making’ (McCormack and Schwanen 2011).

First, as part of the ‘driver–car’ (Dant 2004) relationship, the ‘car-driver hybrid’ (Sheller and Urry
2000), ‘intelligent transport systems’ (Urry 2004), or ‘intelligent traffic’ (Beckmann 2004), I suggest that
maps have always been integral to driving a car. However, with the quasi-forms of the car-driver or
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driver–car dissolving into wider, distributed automobile systems, in which humans are downgraded to
supervisors rather than operators, I introduce the term ‘driving-machine’.

Comprising of many disparate parts and actors, in which anticipatory forms of navigational
decision-making become critical (Hind 2016), the term connotes the generative, dynamic, preemp-
tive and reactive, multi-agential and infrastructural form of AVs that mark it as distinct from a
simple car-driver/driver–car hybrid. Here I take the driving-machine as a moving, geographical ‘site’
(Hanson 2018), in order ‘to trace the extensiveness of [the] object’ and to ‘attend to the spatial
complexities of automation’ (Bissell 2018, 60).

In unpacking the driving-machine, I suggest that research into the automation of industrial
processes as well as aircraft fly-by-wire systems identifies a fundamental paradox, as well as the
many ‘ironies’ (Bainbridge 1983) of automating manual processes such as driving a car. As tasks are
removed from a human operator and reassigned to automated systems, risks and responsibilities
shift rather than disappear. I argue that acquired driving skills such as navigation will not be lost,
but rather reassigned, recalibrated, or even intensified.

I proceed by considering each of these navigational practices in turn. Route-calculation is the first
practice that has already been significantly automated. Mobile apps such as Waze have engendered
novel social interactions between drivers, and throughout the driving world (Hind and Gekker 2014).
AVs will shift the attentional form of driving and navigation, valuing feedback loops of data generated
by the act of being autonomously driven, precipitating the rise in navigational supervision.

Terrain-optimization is the second navigational practice that I argue assumes importance in any
AV world. Ideal environments, or terrains, have long-shaped the design and production of auto-
mobiles, as well as the navigational possibilities of vehicles. However rather than terrains being
shaped or ‘optimized’ for AVs, I argue that AVs are being computationally optimized for terrains.
Here, terrain is more than terra firma, incorporating the sensing of elemental (McCormack 2016),
atmospheric (Anderson 2009; Durham Peters 2015; Hansen 2015), and meteorological phenomena.
Terrain-optimization shapes the AVs ability to pay attention. This optimization means that AVs are
suited to operating in road environments, such as on motorways, where specific driving tasks (such
as lane-changing) can be successfully performed.

Object-recognition is the third navigational practice I wish to discuss. While historically a task for
human drivers, AVs are beginning to possess object-recognition capabilities in which ‘active
phenomena’ (Hind 2016, 207), such as pedestrians, animals, and other vehicles, can be sensed.
This object-recognition process has generally consisted of a discretization of things-in-the-world
into objects, as well as a categorization of such objects for navigational decision-making purposes.
Although this two-step process is being tested in a variety of ways, with an assortment of sensor
technologies and parameters, there are common technical and ethical questions being asked
concerning these regimes of valuation (Gerlitz 2016).

I draw on a wide variety of cases: from historical autopilot technologies and car advertisements
to robotics competitions, ongoing AV research projects, and speculative technological proposals, to
support the argument that AVs are transforming automobile navigation. I conclude by suggesting
that paying attention to how these driving-machines shape space, and affect navigational decision-
making, is a critical part of understanding the effect of AVs on society more generally.

Navigation, automation, and supervision

In 2013, the American journalist Adam Fisher wrote an article in the New York Times Magazine
called ‘Google’s Road Map to Domination’. In it he struck an anxious tone, suggesting that:

We’re fast approaching an endgame in which the capacity to read a map could become a lost art. The online-
map era started with a flowering: Rademacher’s HousingMaps.com. Foursquare and others took the concept to
its logical conclusion. It’s no exaggeration to describe the smartphone as the equivalent of a cursor moving
through a one-to-one-scale map of the world. Today, turn-by-turn navigation is the quintessential map app.
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Already some maps exist as voices that tell you where to go: Turn left, turn right. When cars drive themselves,
the map will have been fully absorbed into the machine. (Fisher 2013, n.p., authors’ emphasis)

In a potted history of Google’s mapping exploits – from early mash-ups to autonomous driving –
Fisher supposedly identified a trend toward the absorption of the map ‘into the machine’. Map
reading, he argues, ‘could become a lost art’ as navigational skills evaporate with the automatic
production of space (Thrift and French 2002).

There are two points to make about Fisher’s proclamation. First, that mapping – and more
precisely, vehicular navigation – has always been a hybrid endeavor. The map has always been part
of the machine, from early photo-auto guides (Thielmann 2016) through A-to-Z road atlases (Wood
2010), to satellite navigation systems or ‘satnavs’ (Brown and Laurier 2012), and social navigation
apps (Hind and Gekker 2014). Hybridized, they become part of the ‘driver–car’ (Dant 2004) or ‘car-
driver’ (Sheller and Urry 2000; Beckmann 2004). These terms acknowledge the human labor
involved in crafting, maintaining, managing, and operating such machines; positing the vehicle
as an ‘assembled social being’ (Dant 2004, 74) and as a ‘quasi-object’ (Latour 1993) in which human
subjects (drivers, passengers, pedestrians, etc.) are not ‘conceived as autonomous from . . . all
conquering machinic complexes’ (Sheller and Urry 2000, 739). Navigation, in this sense then, is
not a human skill threatened with extinction, but as a hybrid capacity always-already constitutive
of the driving-machine.

Secondly, that full automation – when ‘cars drives themselves’ – is improbable. Evidence from
the automation of industrial machinery and from aircraft fly-by-wire systems identifies an ‘auto-
mation paradox’ (Bainbridge 1983), in which greater automation begets greater human oversight.
This in turn results in an even greater importance on human skill and intelligence as the possibility
of concatenated, complex, and catastrophic errors increases.

Concerning the automation of industrial processes, Lisanne Bainbridge (1983, 777) argues that
there are a number of ‘ironies’ to automation. One of these is that the more technically advanced
and autonomous a control system is, the more skilled the system monitor must be. As a ‘formerly
experienced operator’ (775) is turned into a machine monitor overseeing rather than generating
industrial activity, cognitive skills and manual expertise are lost. Work processes then become
reliant on residual knowledge accrued by former manual operators. Such knowledge is not, in
Bainbridge’s account, similarly gained by new human monitors. Yet, ‘[b]y taking away the easy
parts of . . . [a] task, automation can make the difficult parts of the human operator’s task more
difficult’ (777), as they are forced to respond to machinic failures without working knowledge of the
system. Any drive toward automation results in not only a recalibration but an intensification of
human skill-acquisition. Nissan’s proposal for human ‘mobility managers’ to decide on behalf of
AVs when they encounter unexpected situations is one such example (Nissan 2017) of this super-
vision in action.

Aircraft fly-by-wire systems also present some interesting precedents. Fly-by-wire is an electro-
nic system that mediates certain flight actions. Most notably, it allows the flying of aircraft
according to specific performance envelopes, limiting the range of control movements that can
be made (aileron positions, angle of attack, etc.). Fly-by-wire systems dovetail with advanced
dashboard instrumentation, such as flight management systems, for pilots to manage control
features safely (Mingle 2015). However, by doing so, manual operators (pilots) must be trained in
recognizing instrument signals. When a fly-by-wire system enters a different mode – such as during
the fatal Air France Flight 447 crash in 2009 – pilots must interact with it differently. Yet ‘mode
confusion’ (Mingle 2015, n.p.) is a common occurrence, with pilots failing to understand an
aircraft’s actions. AVs, as accidents during testing suggest (Levin and Carrie Wong 2018), are
equally demanding of these novel supervisory skills.

Driving and navigation have an entwined relationship, with map reading unlikely to become a
lost art. On the contrary, it is likely that the automation of driving will lead to an intensification of
forms of navigational supervision – recalibrating and redistributing navigational practices. Evidence
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from the automation of industrial processes and the introduction of fly-by-wire technology poses
an ‘automation paradox’ (Bainbridge 1983) to automobility, despite the hopeful proclamations. In
the next section, I detail the first of three navigational practices I argue are integral to autonomous
driving worlds: route-calculation; terrain-optimization; and object-recognition.

Route-calculation

Route-calculation is the most common of the practices I wish to discuss. It refers to the way
road and navigational data are utilized to generate recommended ‘A-to-B’ journeys for vehicle
users, allowing them to follow automated instructions turn-by-turn. In some sense, vehicle
route-calculation has been automated since the early twentieth century, with the invention of
‘photo-auto guides’ (Thielmann 2016). These handy publications, produced by Rand McNally
and other road map publishers, comprised of photographic snapshots of intended journeys,
annotated with directional arrows, accompanied by textual descriptions. These were no doubt
turn-by-turn navigational devices, designed to aid the driver in reaching their destination
‘without a hitch’ (Latour 2013, 77).

In 1999, the British Automobile Association (AA) launched its online AA Route Planner, consti-
tuting the first digital automation of route-calculation. Prior to this date, it ‘mailed an average of
250,000 routes to members each year’ (AA 2012, n.p.), composed by AA employees according to
specific navigational requests by its members. Satnavs are now commonly used by drivers to
provide such turn-by-turn navigation, since global positioning system (GPS) was made commer-
cially available in 2000. With these systems, drivers have been able to input destinations into a
mobile, dashboard-mounted device, and drive according to visual and audio commands. However,
since the late 2000s, mobile apps such as Waze have shifted the satnav experience significantly,
contributing both to the digital socialization of driving and to the further automation of route-
calculation. I discuss each of these in turn with reference to Waze.

First, ‘social navigation’ apps (Hind and Gekker 2014) such as Waze have populated an empty
satnav world with other road users. While driving has always been a social activity (Featherstone
2004; Sheller 2004; Laurier 2004; Brown 2017), using a traditional satnav is limited, in this respect,
to interaction with the satnav assistant and fellow possible passengers. This constitutes what Barry
Brown and Eric Laurier (2012, 1) refer to as the ‘normal, natural trouble’ of driving with a satnav
system. Waze engenders a fundamental shift in the navigational experience: adding the user-driver
into a digital world populated by a specific type of road user: the ‘Wazer’. It results in a new phase
in digital navigation – in which the digital is made social – but also constitutes a new stage in the
digitalization of both the social space of the car and the social space of the road (Brown 2017).

Second, like other digital platforms, the data produced through interaction with the platform
are valued and utilized. In Waze, movement data are integrated into route-calculation by monitor-
ing user activity in, and through, the app. GPS, for example, must be activated for Waze to work.
Thus, as Alex Gekker and I have suggested:

Waze users contribute – knowingly and unknowingly – through active driving, desktop editing and passive
metadata collection . . . The data gleaned helps to not only build up a vast picture of the journeys made with
Waze, but also the state of the road network in general. (Hind and Gekker 2014, 7)

The circulation of data collected ‘knowingly and unknowingly’ from users is arguably integral to the
AV’s ability to gauge current, and future, road conditions to calculate optimal routes.

The relationship between ‘active’ and ‘passive’ in an autonomous driving world complicates
Banham’s idea of active attention, qualifying the attentional shifts identified by automation and
safety researchers in other domains (Bainbridge 1983; Stanton and Marsden 1996; Janssen, Wierda,
and van der Horst 1995). In an autonomous driving world, the need for active human attention is
likely to shift toward more passive, or intermittent attentional requirements, as seen on factory
floors or in aircraft cockpits.

4 S. HIND



The need for active, continued, and consistent attention is likely to become the responsibility of
the vehicle and its integrated sensor, navigational and computational systems. In this scenario the
human driver, like Bainbridge’s (1983) machine operator, now assumes the role of (mere) super-
visor. The ‘real-time’ calculation of the driving world, as rendered by vehicle manufacturers, would
arguably be made possible by passive data collection generated through nonhuman driving
(Stilgoe 2018). Relieved of immediate driving duties, and with it the need for particular attentional
capacities, vehicle users in an autonomous driving world are more likely to engage in the kinds of
tasks Wazers do now: adding data such as accident locations onto the map, communicating with
other drivers, and providing general diagnostic route assistance. Finally freed from the need to pay
active attention, human drivers will arguably settle for becoming route-supervisors while route-
calculation is administered primarily by the AV.

The calculation of driving routes has been at least partly automated since the early twentieth
century, with the digitization of route planning taking place in the late 1990s. More recently, social
navigation apps such as Waze have digitized social relations, allowing road users to communicate
with each other through their mobile devices. The crowdsourcing of road data – everything from
accident locations to incorrect speed limits – has radically reorganized where and how people drive
(Foderaro 2017; Lopez 2018). This reorganization has been built on the generation of massive
amounts of data derived from active human driving and passive data collection. Automation
threatens to relieve human drivers of active driving and thus the requirement to remain actively
attentive. Instead, they are likely to become route-supervisors, overseeing – rather than adminis-
tering – the turn-by-turn navigation of an AV. These antecedent developments are vital to under-
standing the contemporary development of the navigational capacities of AVs.

Terrain-optimization

Terrain is a familiar term in the automobile industry, and a variety of factors affect how vehicles
cope with different terrains. Legislative restrictions regulate absolute vehicle sizes (Department
for Transport 2017), market segmentations distinguish between potential buyers (executive,
family, leisure), and aesthetic (body shape, body material) and technological (engine, drivetrain)
features determine the performance limits of a vehicle. Four-wheel drives, All-Terrain Vehicles,
and Sports Utility Vehicles, for example, clearly denote or subtly imply the terrain suitability of
such vehicles.

AVs are also dependent on what I refer to as terrain-optimization. However, this is not the
optimization of terrains for vehicles, such as the ‘designing in’ of material infrastructures to deal
with AVs (Stilgoe 2017). Instead, terrain-optimization refers to the optimization of vehicles for
terrains. This ontological reversal affords the AV agency in the cultivation of new kinds of
terrain, possessing the ability to bring new driving worlds into being, shaping the conditions of
their use. Optimization, in this sense, is when algorithms are used to make a computational
process more efficient. Dijkstra’s shortest-route algorithm is one such navigational example
(Lanning, Harrell, and Wang 2014). This optimization, rather than a kind of base map, is more
an active mapping of elemental phenomena (McCormack 2016) that simultaneously enables the
recognition of objects.

In this section, I argue that each driving-machine renders terrain differently, based on their
sensory capacities. While some are optimized for motorways, others are tailored to urban and
suburban environments. A complex arrangement of sensor technologies in each machine – every-
thing from cameras to radar, LIDAR, and GPS – results in a complex sensing of road surfaces, lines,
signs, and meteorological conditions. As Sebastian Thrun, Mike Montemerlo, and Andrei Aron
(2006, 1) suggest; ‘[t]he ability to perceive and analyze terrain is a key problem in mobile robot
navigation’, even if many driving tasks are now considered ‘solvable problems’ (Stilgoe 2018, 31) by
AV developers. I end this section with an example of terrain-optimization in action.
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Terrain not territory (nor landscape)

Terrain is not the same as territory. As Elden (2010, 809) has argued, territory inscribes power,
historically involving a ‘calculative grasp of the material world’ with the help of cartographic
techniques and technologies such as triangulation and theodolites. Maps and territory therefore
have a shared, entwined history, in which sensing, surveying, mapping, and navigating inscribe and
manifest territory (Law 1984; Edney 1997; Akerman 2009). Yet for Elden, territory itself can be
considered a ‘political technology’ (2010, 810), in which strategic and technical work is undertaken
to abstract, secure, manage, and therefore shape space and spatial relations. Similarly, work by Del
Casino and Hanna (2006) and Kitchin and Dodge (2007) has sought to dismantle an ontological
divide that has persisted between the map and the territory, the technology and the world. As
Hind and Gekker (forthcoming, 13) have proposed, AVs are likely to ‘further deepen the collapse of
the map into the territory’, resulting not in another example of a ‘co-constitutive’ relationship
between map and territory, but an entirely ‘flat ontology of vehicular navigation’ (1), in which the
map and territory fuse as one. Territory is created when geographical phenomena that comprise
terrain are captured and mapped (Wilson and Elwood 2014).

Terrain is also not a synonym for landscape. Peter Merriman (2007, 12) argues that ‘[d]riving is not
solely a visual experience’, with many sensory aspects critical to the manual operation of a vehicle, as
others have noted (Dawson 2017; Pink, Fors, and Glöss 2017). Yet landscape connotes a romantic vision
of the driving experience; reserved only for ‘back-seat passengers’ and at odds with the ‘plunging
perspective’ (14) of the driver and the calculative vision of the AV’s assorted, assembled, and integrated
sensing technologies. As some have intimated (Rose 2018), these technologies do not ‘see’, and
therefore do not generate the kinds of perspectives associated with driving through landscapes.
Moreover, when human operators become navigational supervisors of the driving-machine they
arguably fuse the passive, parallax view of the back-seat passenger with the previously active perspec-
tive of the driver. In any case, landscape – as a kind of holistic, aesthetic, cultural form of visioning
(Cosgrove 2008) – is not enrolled into any optimization process.

Terrain is also more than terra firma. It is not just the hard ground or solid earth, but a
voluminous incorporation of all things elemental (McCormack 2016) or atmospheric (Hansen
2015). It is, as Elden (2017, 199) contends ‘where the geopolitical and the geophysical meet’. In
other words, ‘[t]errain can be land, water or some blurring of the two in indeterminate and
dynamic environments . . .’ (201–2). As the driving-machine takes control, it must actively capture,
sense, store, and calculate the properties – and capacities – of the driven terrain, everything from
road material, width and markings to meteorological conditions such as rain, fog, and sunshine.
These meteorological conditions interact with the ‘hard’ ground or ‘solid’ earth to fundamentally
reconstitute them. As a Bloomberg article recently suggested, ‘self-driving cars can handle neither
rain nor sleet nor snow’ (Stock 2018, n.p.), due to the effect each condition has on the road surface
and the AV’s sensory capacities. ‘Cameras’ the article continues continues ‘are useless in fog and
heavy snow’, while ‘lidar lasers career wildly off raindrops and snowflakes’ (n.p.). A fatal crash
involving a semiautonomous Tesla vehicle was also due to its inability to ‘notice . . . the white side
of [a] tractor trailer against a brightly lit sky’ (Tesla 2016, n.p.). AVs enroll these elemental properties
into decision-making, with the road environment being constantly sensed and acted-upon. As
such, I argue that the sensing of the elemental properties and capacities of terrain are critical to the
novel decision-making power of the driving-machine.

Optimization

Michael Dieter argues that the genealogy of optimization can be traced back through the
‘formalization of decision-making in the context of operations research (OR) during the Second
World War’ (Dieter 2017, 72). This, he continues, ‘arose as a kind of auxiliary apparatus of manage-
ment, wherein computational procedures and protocols mediate settings of institutional
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judgement’ (72). Here, the AV not only seeks to calculate an optimal route (fastest, shortest) likely
using a variant of Dijkstra’s algorithm (Lanning, Harrell, and Wang 2014; Byrne 2015) but also seeks
an optimal driving state (smooth, resourceful). This optimization process, therefore, is dependent
upon the optimal sensing of terrain, without which neither optimal route-calculation nor an
optimal driving state can be achieved. This algorithmic process is dependent upon the capture,
recognition, classification, and prioritization of sensed data (visual, air pressure, meteorological)
derived from various sources (roof-mounted LIDAR, tire sensors, windscreen sensors).

Most vehicles, autonomous or otherwise, can be driven in a wide variety of environments.
However, only with the development of autonomous features are they actively required to
refine and react to the navigation of terrains (Mitchell 1986). The gestural and social dynamics
that comprise manual driving need to be codified in respect to these spaces (Brown 2017).
Expected – and unexpected – driving environments will present the vehicle with notable
challenges it must cope with. These challenges may equally comprise of ill-defined road
markings, or foggy conditions.

The optimization of AVs affects the vehicle’s ability actively to pay attention. This optimization
process can be carried out in numerous ways. Thrun, Montemerlo, and Aron (2006, 1) suggested
the use of a ‘Probabilistic Terrain Analysis’ (PTA) algorithm for ‘terrain classification’. It is this
classification that doubles as optimization, with the consistent tweaking, refining, and adaptation
of classifications resulting in ongoing optimization. In their words, ‘[t]he PTA algorithm uses
probabilistic techniques to integrate range measurements over time, and relies on efficient
statistical tests for distinguishing drivable from non-drivable terrains’. PTA is concerned with
adjusting errors recurrent in the sensing process, to determine the navigability of terrain.

In this case, the PTA algorithm was used in the 2005 DARPA Grand Challenge, an annual
robotics competition hosted by the US Defense Advanced Research Projects Agency (DARPA),
assisting the winning AV in negotiating a 132-mile course. The algorithm, as Thrun,
Montemerlo, and Aron continue, ‘processes range data acquired by the single-axis laser scanner
mounted horizontally on a moving robotic platform’ (1). These ‘range data’ – the primary mode
through which terrain is captured or sensed – are then used to generate a ‘2D environment
suitable for robotic driving’ (1). Through a ‘rule learning’ process (Stilgoe 2018, 29) it uses its
own data to refine and optimize the vehicle’s working parameters. As Ethan Alpaydin (2016,
149) has more recently suggested, ‘[m]achine learning plays a significant role in self-driving
cars’, with vehicles using a constant stream of terrain data to make decisions.

HERE, a mapping company now owned by a consortium of German vehicle manufacturers,
also recognizes the need for AVs to understand terrain as voluminous (Elden 2013) – and, by
extension, elemental or atmospheric. Their Live Roads technology, for example, is designed to
feed terrain data from the vehicle into AV decision-making:

Let’s say, for example, that in a particular area tire sensors on certain cars report that the tires are slipping.
Meanwhile other cars close by send information that the windshield wipers are on. At the same time the local
weather agency sends out an alert that temperatures have dipped below freezing. Live Roads aggregates and
analyzes all of that information to understand that there is black ice in a certain area and can then send that
information back to all cars headed there. (Rayasam 2015, n.p.)

HERE’s Live Roads system is designed to enroll atmospheric measurements – from tire sensors,
windscreen wiper sensors, and metrological agency alerts – into the calculative capacities of
the AV. This combines the typical Dijkstra’s shortest-route algorithms used in navigational
software, with a dynamic, algorithmic optimization of terrain. In turn, this data should theore-
tically be able to affect how the car moves, the speed at which it is traveling, the status of
other, optional driving features, or even the entire route taken. As HERE suggests, this isn’t
simply the sensing of grounded objects – the ‘rocks, vegetation, berms, ruts, cliffs, overhangs
. . . and man-made artifacts . . .’ identified by Thrun, Montemerlo, and Aron (2006, 1) – but
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varying other atmospheric agents. Maintaining a vigilance toward these phenomena, therefore,
is a critical component of terrain-optimization.

I will now present an example terrain currently being optimized and rendered differently by
semi-AVs: the motorway.

Tesla and the motorway

Tesla is an American car manufacturer founded in 2003. It currently makes several all-electric
vehicles, predominantly for the luxury market. In the second quarter (Q2) of 2018, it manufactured
53,339 cars (Tesla 2018a, n.p.). At the end of Q2, there were 420,000 net reservations for its Model 3
vehicle (n.p.), which has been in production since 2017. In 2014, it launched a driver-assist feature
called Autopilot, which used an array of sensor systems (cameras, radar, etc.) to enable adaptive
cruise control, lane departure warnings, and the partial automation of other driving tasks. Since
then, its ‘Enhanced Autopilot’ feature enables a Tesla to perform an increasing array of functions,
including to:

[M]atch speed to traffic conditions, keep within a lane, automatically change lanes without requiring driver
input, transition from one freeway to another, exit the freeway when your destination is near, self-park when
near a parking spot and be summoned to and from your garage. (Tesla 2018b, n.p.)

While the various models Tesla manufactures can be driven in many terrains, under different
conditions, Tesla has developed its Autopilot system to attend to problems encountered during
longer-distance, motorway driving. As noted in the promotional material above, Tesla’s Enhanced
Autopilot deals with a select array of driving tasks and problems typically encountered on a
motorway. Of the seven listed above, five involve maneuvers on the motorway. Further that:

Once on the freeway, your Tesla will determine which lane you need to be in and when. In addition to
ensuring you reach your intended exit, Autopilot will watch for opportunities to move to a faster lane when
you’re caught behind slower traffic. When you reach your exit, your Tesla will depart the freeway, slow down
and transition control back to you. (Tesla 2018b, n.p.)

This is not to say that Autopilot does not work in other environments, in different terrains.
However, it is to say that the software itself is being designed, developed, tested, and optimized
with motorways in mind. More attention, therefore, has been placed on resolving attentional and
navigational issues on the motorway than in other environments.

The motorway is the historic home turf of auto-piloting technologies. Chrysler’s ‘Auto-Pilot’,
developed on a test run between Detroit and New York City in 1958, was one of the first
automated driving features. In one advert, it was touted as ‘one of the greatest automotive
inventions ever developed’, and otherwise as an ‘amazing new device’, ‘acclaimed by experts’
(Chrysler [1958] 2018, n.p.). It was described as having three benefits, able to: automatically
warn the driver of a dialed speed limit; maintain the speed of the vehicle without the need to
keep a foot on the accelerator; and save as much as ‘three gallons out of every tankful!’ (n.p.).
As suggested in the same advert, if the buyer did ‘considerable driving’, then Auto-Pilot would
‘more than pay for itself in gas economy alone’ (n.p.). While there was no technical, nor legal,
restriction on using this system on other roads, Chrysler’s Auto-Pilot was clearly developed with
motorways in mind.

The apotheosis of Tesla’s Autopilot, following this logic, should be the successful navigation
of a ‘stack interchange’.1 As Peter Merrington and Ilana Mitchell (2017, n.p.) have noted, the
stack interchange ‘enable[s] traffic to change direction from any point without deceleration’.
Their design minimizes (although does not eradicate) ‘weaving’, in which drivers move quickly
across motorway lanes to exit carriageways (De Blasiis et al. 2016; Kusuma et al. 2014). The
maneuver requires drivers to pay careful attention to avoid other vehicles. Stack interchanges,
therefore, ensure a smooth traffic flow in which average motorway speeds are maintained.
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Thus, the successful autonomous piloting of a stack interchange is a plausible, surmountable
challenge for Auto-Pilot, considering it is designed to execute lane-changes, transitions, and
exits. Equipped with this navigational ability, it is arguably designed specifically to negotiate
these kinds of terrains.

Object-recognition

AVs need to perceive the social world around them. As Levinson et al. (2011, 3) suggest, ‘[i]n
some scenarios, an AV requires deeper understanding of the environment to behave correctly
. . .’. Yet, unlike other navigational practices, object-recognition has historically been the respon-
sibility, and an acquired skill, of the human driver. As John Urry (2004, 31) suggests, human
drivers are primed in various ways to respond to emergent, possible threats: ‘[e]yes have to be
constantly on the look-out for danger, hands and feet . . . ready for the next manoeuvre . . .
body gripped into a fixed position’.

Object-recognition, then, is a sensory orientation toward the near driving future; an eye on the
horizon of possibility, an awareness of the world around and beyond. Machinic object-recognition
capabilities, equally, require AVs to sense and ideally respond to a full gamut of other active,
dynamic agents and objects on, near, around, and beside the immediate road environment (Jain
2004). These may include pedestrians, cyclists, animals, other vehicles, or temporary construction
features such as traffic cones. The automation of this heretofore composite, multisensory human
driving skill is no easy task, requiring the generation and analysis of large volumes of data. Various
estimates suggest AVs will use 4000 GB of data per day (Krzanich 2016) and upwards of 300 TB per
year (Dmitriev 2017). Such data, like that generated through terrain-optimization, are also used in
AV machine learning.

As I have argued, terrain-optimization is not a base map, but an active mapping of elemental
phenomena that enables object-recognition. Without the optimization of the driving terrain,
objects cannot be located and, as such, object-recognition cannot be performed. It is the former
practice (terrain-optimization) that simultaneously sets the parameters for a live response to other
road users and things (object-recognition). It is an ongoing precondition for object-recognition
dependent upon the sensing of traversable terrain, the rendering of a viable driving world, in
communication with a desired, calculated driving route.

Driving entails the negotiation of a social world replete with possible risks. As John Urry
(2004, 29) says:

Junctions, roundabouts, and ramps present moments of carefully scripted inter-car-action during which non-
car users of the road constitute obstacles to the hybrid car-drivers intent on returning to their normal cruising
speed, deemed necessary in order to complete the day’s complex tasks in time.

Banham’s notion of active attention is drawn into focus again. In the UK, human drivers must
pass a ‘hazard-perception’ test (Driver and Vehicle Standards Agency 2015) in order to demon-
strate their ability to assess, evaluate, and respond to emergent risks. While some of these risks
are embedded within the terrain (speed limits, traffic lights), others are contingent upon things
passing through it (vehicles, pedestrians). For an AV, each encounterable object constitutes a
kind of latent hazard. Every object poses a potential risk, with this potentiality made formaliz-
able by the driving-machine.2

Discretization and categorization

This recognition process entails two steps. First, it requires that things in the world are considered
as discrete objects. While this casts doubts on the ‘discrete-ability’ of the world, it also raises
questions of valuation and worth (Boltanski and Thevenot 1991; Stark 2009; Adkins and Lury 2012).
As Carolin Gerlitz has suggested, social media data are ‘multivalent’, capable of juggling multiple
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‘valuation regimes’ (Gerlitz 2016, 23). Similarly, David Stark (2009, 108–109) has argued that certain
kinds of economic activity cultivate ‘bountiful friction’ between different forms and modes of
valuation. However, I argue that multiple value regimes need to be smoothened when recognizing
objects. In other words, value conflicts need to be resolved, or at least prioritized when recognizing
objects. Any ‘bountiful friction’ is likely to generate an interpretive fiction of the driving world, and
with it, possibly disastrous consequences.

Second, it requires that things in the world can be categorized into particular object classes,
defined by their form and characteristics. The semantic labeling of street imagery is one approach
to categorization. In this, large visual databases are compiled with ‘a diverse set of stereo video
sequences recorded in street scenes from 50 different cities’ (Cityscapes 2017a, n.p.). Through such
a database, the world can be divided into general groups and specific classes. In the Cityscapes
dataset, groups include human, vehicle, and construction. Classes include specific human types
(person, rider), vehicle types (car, truck, motorcycle), and construction types (building, wall, fence).
Each class is defined to aid interpretation.

What is notable is how objects may switch classes over time or be subdivided into separate
classes. Dynamic objects, for instance, might easily transform into static objects (a dead animal), or
maintain stasis for an indefinite period (fly-tipped sofa). Traffic signs, for example, are divided
according to which side the information is visible on, with the other plain side categorized
separately. Commercial signs attached to buildings are technically not signs at all, but buildings.
These categorizations matter because they affect how an AV’s sensory system reacts to the social
world around it.

Categorization by group and class may be performed for two reasons. First, to assess ‘the
performance of vision algorithms for two major tasks of semantic urban scene understanding:
pixel-level and instance-level semantic labelling’ (Cityscapes 2017b, n.p.). Second, for ‘supporting
research that aims to exploit large volumes of (weakly) annotated data, e.g. for training deep neural
networks’ (n.p.). Put otherwise, it is to enable algorithmic object-recognition in the first place, and
to refine the recognition process accordingly, by way of improving the robustness of machine
learning. Semantic labeling, and the subsequent discretization and categorization of objects, is
necessary for driving-machines to make sense of the world. Without this they would make arbitrary
navigational decisions based on no identifiable criteria.

Object-recognition may rely on pixel labeling, the identification of objects according to the
pixels it occupies on a screen. Here, the arrangement, size, color, and density of pixels are used to
determine an object (Fridman et al. 2017; Huang et al. 2018). Other semiautomated approaches
identify objects by polygon annotation (Castrejón et al. 2017). This approach works by drawing
object outlines, the peculiar shape of a cyclist or the rectangular form of a bus. According to
Castrejón et al. (1), this latter process has sped up annotation by a ‘factor of 4.7 across all classes’.
These two parallel approaches – one focused on pixel recognition and the other on polygon
outline – mirror the divide between raster-based image processing and vector-based recognition.
Efforts by Castrejón et al. continue long-running efforts to automate the image classification
process in Geographical Information Science, remote sensing, and other cognate disciplines (Lu
and Weng 2007). As such, object-recognition has long been a digital cartographic concern.

Errors

As Ethem Alpaydin (2016) suggests, there are two types of errors pertinent to algorithmic classi-
fication: false positives and false negatives. In his example:

If the system predicts cancer but in fact the patient does not have it, this is a false positive – the system
chooses the positive class wrongly. This is bad because it will cause unnecessary treatment, which is both
costly and also inconvenient for the patient. If the system predicts no disease when in fact the patient has it,
this is a false negative. (53, authors’ emphasis)
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Thus, returning to the DARPA Grand Challenge, algorithmic false positives constitute the identifica-
tion of objects not actually present. This is ‘bad’ because the vehicle may react inappropriately, and
drive into genuinely dangerous terrain. False negatives are similarly bad because the vehicle may
not sense actual, present objects – further leading it into a dangerous situation.

Returning to Thrun, Montemerlo, and Aron, what made Stanley so successful was the PTA
algorithm’s ability to ‘distinguish between actual obstacles and “phantom” obstacles’ (Thrun,
Montemerlo, and Aron 2006, 1). It is these ‘phantom’ obstacles – a result of sensor errors – that
pose a considerable problem for AVs. Yet:

In one dataset, it [the PTA algorithm] reduce[d] false-positive error rate from 12.6% to 0.002% without
significantly affecting the false-negative rate. Such numbers mattered greatly for the DARPA Grand
Challenge: false-positives correspond to “phantom obstacles” that . . . easily mislead the robot into hazardous
terrain. (1)

Unlike, Alpaydin’s medical example, it might appear that the outcomes here for both false positives
and false negatives are roughly the same: the AV is lead into a hazardous environment.
Nevertheless, what mattered in the DARPA Grand Challenge is markedly different from what
matters in real-world driving situations. Objects in the wider social world are not obstacles in a
race. Phantom obstacles in the DARPA Grand Challenge fit the features of an arid terrain: rocks,
shrubs, depressions, landforms. These would typically fit into a single group in the Cityscapes
dataset (Nature), rather than be spread across multiple groups and classes. In a social world,
decreasing the false positive error rate likely increases the possibility another such object – a
person, an animal, another vehicle – is hit, by restricting the criteria, thus increasing the threshold,
for a ‘real’ object.

Elaine Herzberg was killed by an AV in Tempe, Arizona because she did not reach this threshold
(Gibbs 2018). While the vehicle is alleged to have nominally detected Herzberg, it mis-categorized
her as an ‘object’ unworthy of evasive action. Thus, we see that in a social world, rather than in a
race such as the DARPA Grand Challenge, that false positives matter. As David Bissell (2018), James
Ash (2018), and Jack Stilgoe (2018) have all noted, it is critical to recognize the politics of this
sensing. These errors have social consequences.

The calculation of the likelihood of (near) future outcomes, plus their assigned possible value,
thus comprises ‘expected value’ calculations (Alpaydin 2016, 54), in which the values of each
outcome are judged against other possible outcomes. The question for autonomous driving is
whether decisions on optimization and classification can be rejected or deferred to a human; who
or what has the ‘imperative to decide’ (McCormack and Schwanen 2011, 2809)? Moreover, can
these critical navigational decisions be executed decisively, live and on the move?

I will now present one case that demonstrates the value judgements implicit in developing
object-recognition capabilities.

Waymo and the (sub)urban

Waymo, Google’s AV project, has built a piece of software known as Carcraft (Madrigal 2017, n.p.). It
is in this software that various real-world and simulated tests are carried out. A related software
called XView offers Waymo employees the opportunity to see ‘what the car is “seeing”’ (n.p.). This
live application shows object-recognition in action, depicting an array of discrete things as ‘little
wireframe shapes’, colored according to their categorization in different object groups (n.p.).
Object-recognition enables this world to be navigated and driven. Waymo has generated 20,000
scenarios from its structural testing, involving such object-recognition (n.p.).

Alongside this Waymo has also completed nearly 636,000 miles of testing in California through-
out so-called ‘more complex urban and suburban environments’ (Korosec 2017, n.p.). This is a
marked difference from the approach taken by Tesla. Motorways do not constitute the primary test
environment for Waymo, so-called ‘complex’ urban and suburban environment do.
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Unlike on the motorway, (sub)urban environments exhibit a rather more unruly set of social
phenomena outside the vehicle. Even more specifically, Waymo has been conducting tests in
complex Californian urban and suburban environments. As well as on public roads, tests have
taken place in a closed Californian facility, with ‘real’ junctions built – for real – at the facility itself,
so its AVs can be driven through these junctions, and a multitude of scenarios played out. Many of
these junctions, as Madrigal (2017) attests, have been built because Waymo employees have
encountered them in real life.

Here, we are faced with two questions. First, what is valued? Madrigal notes that Waymo
uses a ‘prop stash’ replete with inanimate objects: ‘dummies, cones, fake plants, kids’ toys,
skateboards, tricycles, dolls, balls, doodads’ (2017, n.p.). These objects are used in scenarios to
test the object-recognition capabilities of the AV. If facial-recognition technologies and their
attendant algorithmic functions are known to discriminate and consolidate institutional bias’
(see Mittelstadt et al. 2016; Ananny 2016; Amoore and Piotukh 2016), then what effect does the
prop stash have on semantic labeling, image classification, and machine learning overall? What
has the right to enter the sacred prop stash? What deserves to be classifiable and therefore
recognizable? Each of the objects listed by Madrigal has their own specific properties and
capacities. Each fake plant, kids’ toy, and tricycle can be categorized, prioritized, and valued
differently depending on its form and potential, as well as the method employed (pixel labeling,
polygon outlining) to classify it.

Second, and just as critically; what is mis-valued? What happens when the autonomous
system categorizes, but mis-recognizes an object? An AV may mis-classify a pedestrian as a
rider (by their positioning, posture), mis-categorize a human as an animal (by their dimension,
gait, rhythm, speed), or mistake debris as benign vegetation (a plastic bag caught in a cross-
wind). The objects that go into such a prop stash matter because it poses a ‘fisherman’s
problem’ (Crampton 2002, 15), in which the catch itself ‘furnishes more information about
the meshes of [the] net than about the swarming reality that dwells beneath the surface’
(Olsson 2002, 255). A swarming social reality is to be found far beyond the (sub)urban confines
of California. The question is whether the AV can recognize it.

Conclusion

As Jörg Beckmann suggested, the ‘car-driver hybrid’ (Sheller and Urry 2000) and, by extension, Dant’s
(2004) ‘driver–car’ assemblage were likely to be challenged at some point in the future. That future is
arguably now, as work on the sensory (Dawson 2017), phenomenological (Pink, Fors, and Glöss 2017),
and design (Pink, Fors, and Glöss 2018) dimensions of driving attest. In this article, I have argued that
with the dynamic, multi-agential, computational, calculative AV it is more appropriate to talk of a
driving-machine in navigational control.

This paper has sought to address this collapsing hybridity from a navigational perspective. As
Beckmann (2004, 90) further suggested, ‘[a]s other activities inside the hybrid are made possible . . .
driving itself becomes a subordinate, a “shadow activity”’. Reference to a driving-machine registers this
subordination, signals a machinic takeover of navigational practices, and begins to help explicate the
novel ‘space-times of decision-making’ generated by AVs (McCormack and Schwanen 2011). Here the
one-to-one relationship between driver and car is made multiple, distributable, with decisions made
throughout the sensory apparatus of the vehicle. Consequently, neither the car (as object) nor the
driver (as subject) retains even ‘residual’ features as either quasi-objects or quasi-subjects, fused
together. The AV, as Beckmann foresaw, fundamentally reconstitutes the relationship between driver,
machine, decision, and execution. This corrective – driving-machine over automotive hybrid – is not a
dismissal of agency, but an acknowledgment of a changing automotive landscape.

I have argued in this article that three navigational practices will play substantial roles in an
autonomous driving world, each a constituent in a new navigational arrangement comprising of
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various mapping and sensing technologies. These transformations should be of continued interest
to (auto)mobilities, navigation, media, and automation scholars.

First, I have argued that route-calculation will continue to ensure specific, optimal routes are
navigated turn-by-turn. While route-calculation is nearly as old as driving itself (Thielmann
2016), more recent shift in the digital socialization of route-calculation (Hind and Gekker
2014) has transformed the navigational experience. While there will be no ‘endgame in which
the capacity to read a map could become a lost art’ (Fisher 2013, n.p.), drivers will likely become
navigational supervisors, overseeing the calculation and navigation of programmed routes by an
AV. Scholars interested in way-finding, navigational knowledges and the effect of new media on
cognition, attention, and sociality should find this practice instructive. ‘Map reading’ is an ever-
changing skill.

Second, I have suggested that terrain-optimization will enable AVs constantly to fine-tune,
manage, and adapt to changing road environments. This is not the optimization of terrains for
vehicles, but the optimization of, and by, vehicles for terrains. This acknowledges the AV’s ability to
bring new driving worlds into being, shaped by the computational optimization of terrain. Yet
rather than just the hard ground, or solid earth, the optimization of AVs for terrain incorporates the
sensing of various elemental, atmospheric, and meteorological data. Scholars working on the socio-
technical challenges of capturing such phenomena should find this practice intriguing. Terrain is
neither stable nor predictable.

Third, I have argued that object-recognition will be required to ensure AVs can not only
navigate terrain, follow pre-defined routes but also sense and avoid dynamic, ‘active phenom-
ena’ (Hind 2016, 207) in the driving environment. This active sensing, I have argued, will require
the AV to both discretize a diverse array of objects in the world and categorize these diverse
objects, correctly, in order to make navigational decisions. It is the object-recognition process
that bears a heavy ethical load. Scholars working on the ethics of computation, algorithms, and
sensing should be interested in interrogating this practice further. Automobility will be shaped
by these capacities.

As Shannon Mattern (2017, n.p.) suggests, ‘[w]ith the stakes so high, we need to keep asking
critical questions about how machines conceptualize and operationalize space’. Driving-machines
are but one of the many types of machines capable to conceptualizing, operationalizing, and
producing space (Thrift and French 2002; Graham 2005; Kitchin and Dodge 2011). More precisely,
Mattern demands we interrogate ‘[h]ow . . . they render our world measurable, navigable, usable,
conservable . . .’ (n.p.). At this present juncture, with AVs being enthusiastically discussed, publicly
tested, and privately developed, there is an opportunity to attend tentatively, provisionally, and
speculatively to these questions.

Notes

1. The first four-stack interchange was built in Los Angeles in 1953 and adorns the front cover of Reyner
Banham’s Los Angeles: The Architecture of Four Ecologies (Banham [1971] 2009).

2. Both object-recognition and terrain-optimization are kinds of hazard-perception. I do not use the term hazard-
perception to avoid conflating the two.

Acknowledgments

Thanks to Brenden Doody and Debbie Hopkins for organizing the Systems of (auto)mobility II session at the RGS 2017
Annual Conference, in which this paper was first presented. Thanks to attendees of the Locating Media Kolloquium for
feedback on an early draft. Thanks to Henrik Örnebring for conversations on data and valuation. Thanks to Peter
Merrington and Ilana Mitchell for alerting me to the existence of the stack interchange. Finally, thanks to both
reviewers for their constructive feedback. Any errors within are entirely my own.

MOBILITIES 13



Disclosure statement

No potential conflict of interest was reported by the author.

References

AA. 2012. “AA Route Planner Centenary.” AA, November 9. http://www.theaa.com/newsroom/news-2012/aa-route-
planner-100th-anniversary.html

Adkins, L., and C. Lury, eds. 2012. Measure and Value. Hoboken, NJ: Wiley-Blackwell.
Akerman, J. 2009. The Imperial Map: Cartography and the Mastery of Empire. Chicago, IL: University of Chicago Press.
Alpaydin, E. 2016. Machine Learning: The New AI. Cambridge, MA: MIT Press.
Amoore, L., and V. Piotukh, eds. 2016. Algorithmic Life: Calculative Devices in the Age of Big Data. Abingdon: Routledge.
Ananny, M. 2016. “Toward an Ethics of Algorithms: Convening, Observation, Probability, and Timeliness.” Science,

Technology, & Human Values 41 (1): 93–117. doi:10.1177/0162243915606523.
Anderson, B. 2009. “Affective Atmospheres.” Emotion Space and Society 2 (2): 77–81. doi:10.1016/j.emospa.2009.08.005.
Ash, J. 2018. Phase Media: Space, Time and the Politics of Smart Objects. London: Bloomsbury.
Bainbridge, L. 1983. “Ironies of Automation.” Automatica 19 (6): 775–779. doi:10.1016/0005-1098(83)90046-8.
Banham, R. 1972. “New Way North.” New Society 20: 241–243.
Banham, R. [1971] 2009. Los Angeles: The Architecture of Four Ecologies. Berkeley, CA: University of California Press.
Beckmann, J. 2004. “Mobility and Safety.” Theory, Culture & Society 21 (4–5): 81–100. doi:10.1177/0263276404046062.
Bissell, D. 2018. “Automation Interrupted: How Autonomous Vehicle Accidents Transform the Material Politics of

Automation.” Political Geography 65: 57–66. doi:10.1016/j.polgeo.2018.05.003.
Boltanksi, L., and L. Thevenot. 1991. On Justification: Economies of Worth. Princeton, NJ: Princeton University Press.
Bonnefon, J.-F., A. Shariff, and I. Rahwan. 2016. “The Social Dilemma of Autonomous Vehicles.” Science 352 (6293):

1573–1576. doi:10.1126/science.aaf2654.
Brown, B. 2017. “The Social Life of Autonomous Cars.” Computer 50: 92–96. doi:10.1109/MC.2017.59.
Brown, B., and E. Laurier. 2012. “The Normal, Natural Troubles of Driving with GPS.” CHI Conference on Human Factors

in Computing Systems, 1612–1630. doi:10.1002/jbm.a.34479.
Byrne, M. 2015. “The Simple, Elegant Algorithm That Makes Google Maps Possible.” Motherboard, March 22. https://

motherboard.vice.com/en_us/article/4x3pp9/the-simple-elegant-algorithm-that-makes-google-maps-possible
Castrejón, L., K. Kundu, R. Urtasun, and S. Fidler. 2017. “Annotating Object Instances with a Polygon-RNN.” IEEE

Conference on Computer Vision and Pattern Recognition, Honalulu, 1–9.
Chrysler. [1958] 2018. “1958 Chrysler Auto-Pilot Brochure.” The Old Car Manual Project, September 28. http://www.

oldcarbrochures.com/static/NA/Chrysler_and_Imperial/1958_Chrysler/dirindex.html
Cityscapes. 2017b. “The Cityscapes Dataset.” Cityscapes, November 11. https://www.cityscapes-dataset.com/
Cordts, M., M. Omran, S. Ramos, T. Rehfeld, M. Enzweiler, R. Benenson, U. Franke, S. Roth, and B. Schiele. 2016. “The

Cityscapes Dataset for Semantic Urban Scene Understanding.” IEEE Conference on Computer Vision and Pattern
Recognition, Honalulu, 1–11.

Cosgrove, D. 2008. Geography and Vision: Seeing, Imagining and Representing the World. London: IB Tauris.
Crampton, J. 2002. “Thinking Philosophically in Cartography: Towards a Critical Politics of Mapping.” Cartographic

Perspectives 42 (1): 12–31.
Dant, T. 2004. “The Driver-Car.” Theory, Culture & Society 21 (4–5): 61–79. doi:10.1177/0263276404046061.
Cityscapes. 2017a. “Dataset Overview.” Cityscapes, November 11. https://www.cityscapes-dataset.com/dataset-over

view/#features
Dawson, A. 2017. “Why Marx Was a Bad Driver: Alienation to Sensuality in the Anthropology of Automobility.”

Advances in Anthropology 7: 1–16. doi:10.4236/aa.2017.71001.
De Blasiis, M., C. F. Rosaria, A. Santilli, and V. Veraldi. 2016. “Driving Behaviour in Weaving Maneuver: A Driving

Simulator Study.” In Advances in Human Aspects of Transportation, edited by N. A. Stanton, S. Landry, G. D.
Bucchianico, and A. Vallicelli, 313–326. Basel: Springer.

Del Casino, V., and P. H. Stephen. 2006. “Beyond the ‘Binaries’: A Methodological Intervention for Interrogating Maps
as Representational Practices.” ACME: An International E-Journal for Critical Geographies 4 (1): 34–56.

Department for Transport. 2017. “Information Sheet: Maximum Length of Vehicles Used in Great Britain.” Department
for Transport, October 1. https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attach
ment_data/file/648185/information-sheet-maximum-length-of-vehicles.pdf

Dieter, M. 2017. “All Things Optimal.” In Issue #11: The Entreprecariat, edited by Pervasive Labour Union, 71–73.
Rotterdam: PLU.

Dmitriev, S. 2017. “Autonomous Cars Will Generate More than 300TB of Data per Year.” Tuxera, November 28. https://
www.tuxera.com/blog/autonomous-cars-300-tb-of-data-per-year/

Driver and Vehicle Standards Agency. 2015. “Hazard Perception Test.” DVSA, May 14. https://www.gov.uk/theory-test/
hazard-perception-test

14 S. HIND

http://www.theaa.com/newsroom/news-2012/aa-route-planner-100th-anniversary.html
http://www.theaa.com/newsroom/news-2012/aa-route-planner-100th-anniversary.html
https://doi.org/10.1177/0162243915606523
https://doi.org/10.1016/j.emospa.2009.08.005
https://doi.org/10.1016/0005-1098(83)90046-8
https://doi.org/10.1177/0263276404046062
https://doi.org/10.1016/j.polgeo.2018.05.003
https://doi.org/10.1126/science.aaf2654
https://doi.org/10.1109/MC.2017.59
https://doi.org/10.1002/jbm.a.34479
https://motherboard.vice.com/en_us/article/4x3pp9/the-simple-elegant-algorithm-that-makes-google-maps-possible
https://motherboard.vice.com/en_us/article/4x3pp9/the-simple-elegant-algorithm-that-makes-google-maps-possible
http://www.oldcarbrochures.com/static/NA/Chrysler_and_Imperial/1958_Chrysler/dirindex.html
http://www.oldcarbrochures.com/static/NA/Chrysler_and_Imperial/1958_Chrysler/dirindex.html
https://www.cityscapes-dataset.com/
https://doi.org/10.1177/0263276404046061
https://www.cityscapes-dataset.com/dataset-overview/#features
https://www.cityscapes-dataset.com/dataset-overview/#features
https://doi.org/10.4236/aa.2017.71001
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/648185/information-sheet-maximum-length-of-vehicles.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/648185/information-sheet-maximum-length-of-vehicles.pdf
https://www.tuxera.com/blog/autonomous-cars-300-tb-of-data-per-year/
https://www.tuxera.com/blog/autonomous-cars-300-tb-of-data-per-year/
https://www.gov.uk/theory-test/hazard-perception-test
https://www.gov.uk/theory-test/hazard-perception-test


Durham Peters, J. 2015. The Marvelous Clouds: Towards a Philosophy of Elemental Media. Chicago, IL: University of
Chicago Press.

Edney, M. 1997. Mapping an Empire: The Geographical Construction of British India, 1765–1843. Chicago, IL: University of
Chicago Press.

Elden, S. 2010. “Land, Terrain, Territory.” Progress in Human Geography 34 (6): 799–817. doi:10.1177/
0309132510362603.

Elden, S. 2013. “Secure the Volume: Vertical Geopolitics and the Depth of Power.” Political Geography 34 (1): 35–51.
doi:10.1016/j.polgeo.2012.12.009.

Elden, S. 2017. “Legal Terrain – The Political Materiality of Territory.” London Review of International Law 5 (2): 199–224.
doi:10.1093/lril/lrx008.

Featherstone, M. 2004. “Automobilities: An Introduction.” Theory, Culture & Society 21 (4–5): 1–24. doi:10.1177/
0263276404046058.

Fisher, A. 2013. “Google’s Road Map to Global Domination.” The New York Times Magazine, December 11. https://www.
nytimes.com/2013/12/15/magazine/googles-plan-for-global-domination-dont-ask-why-ask-where.html

Foderaro, L. W. 2017. “Navigation Apps Are Turning Quiet Neighbourhoods Into Traffic Nightmares.” The New York
Times, December 24. https://www.nytimes.com/2017/12/24/nyregion/traffic-apps-gps-neighborhoods.html

Fridman, L., D. E. Brown, M. Glazer, W. Angell, S. Dodd, B. Jenik, J. Terwilliger et al. 2017. “Large-Scale Deep Learning
Based Analysis of Driver Behaviour and Interaction with Automation.” arXiv, 1–17.

Gerlitz, C. 2016. “What Counts? Reflections on the Multivalence of Social Media Data.” Digital Culture and Society 2 (2):
19–38. doi:10.14361/dcs-2016-0203.

Gibbs, S. 2018. “Uber’s Self-Driving Car Saw the Pedestrian but Didn’t Swerve – Report.” The Guardian, May 8.
https://www.theguardian.com/technology/2018/may/08/ubers-self-driving-car-saw-the-pedestrian-but-didnt-
swerve-report

Graham, S. 2005. “Software-Sorted Geographies.” Progress in Human Geography 29 (5): 562–580. doi:10.1191/
0309132505ph568oa.

Hansen, M. 2015. Feed-Forward: On the Future of Twenty-First Century Media. Chicago, IL: University of Chicago Press.
Hanson, P. W. 2018. “Automobility and Site Ontological Analysis.” Mobilities. 1–16. doi:10.1080/

17450101.2018.1432974.
Hind, S. 2016. “Disruptive Cartographies: Manouevres, Risk and Navigation.” PhD diss., University of Warwick.
Hind, S., and A. Gekker. 2014. “‘Outsmarting Traffic, Together’: Driving as Social Navigation.” Exchanges 1 (2): 1–17.
Hind, S., and A. Gekker. Forthcoming. “On Autopilot: Towards A Flat Ontology of Vehicular Navigation.” In Media’s

Mapping Impulse, edited by L. Sharp and C. Lukinbeal. Stuttgart: Franz Steiner Verlag.
Huang, X., P. Wang, X. Cheng, D. Zhou, Q. Geng, and R. Yang. 2018. “The ApolloScape Open Dataset for Autonomous

Driving and Its Application.” arXiv, 1–17.
Jain, S., and S. Lochlann. 2004. “’Dangerous Instrumentality’: The Bystander as Subject in Automobility.” Cultural

Anthropology 19 (1): 61–94. doi:10.1525/can.2004.19.1.61.
Janssen, W., M. Wierda, and V. D. H. Richard. 1995. “Automation and the Future of Driver Behaviour.” Safety Science 19

(2–3): 237–244. doi:10.1016/0925-7535(94)00025-X.
Kitchin, R., and M. Dodge. 2007. “Rethinking Maps.” Progress in Human Geography 31 (3): 331–344. doi:10.1177/

0309132507077082.
Kitchin, R., and M. Dodge. 2011. Code/Space: Software and Everyday Life. Cambridge, MA: MIT Press.
Korosec, K. 2017. “Who Is Winning the Race to Build Self-Driving Cars?” Fortune, February 2. http://fortune.com/2017/

02/02/self-driving-car-testing-race/
Krzanich, B. 2016. “Data Is the New Oil in the Future of Automated Driving.” Intel, November 15. https://newsroom.

intel.com/editorials/krzanich-the-future-of-automated-driving/
Kusuma, A., R. Liu, C. Choudhury, and F. Montgomery. 2014. “Analysis of the Driving Behaviour at Weaving Section

Using Multiple Traffic Surveillance Data.” Transportation Research Procedia 3: 51–59. doi:10.1016/j.trpro.2014.10.090.
Lanning, D. R., G. K. Harrell, and J. Wang. 2014. “Dijkstra’s Algorithm and Google Maps.” ACM Southeast Regional

Conference, Kennesaw, GA, 1–3.
Latour, B. 1993. We Have Never Been Modern. Cambridge, MA: Harvard University Press.
Latour, B. 2013. An Inquiry into Modes of Existence. Cambridge, MA: Harvard University Press.
Laurier, E. 2004. “Doing Office Work on the Motorway.” Mobilities 21 (4–5): 261–277.
Law, J. 1984. “On the Methods of Long-Distance Control: Vessels, Navigation and the Portuguese Route to India.” The

Sociological Review 32 (1): 234–263. doi:10.1111/j.1467-954X.1984.tb00114.x.
Law Commission. 2018. “Automated Vehicles.” Law Commission, March 6. https://www.lawcom.gov.uk/project/auto

mated-vehicles/
Levin, S., and J. C. Wong. 2018. “Self-Driving Uber Kills Arizona Woman in First Fatal Crash Involving Pedestrian.” The

Guardian, March 19. https://www.theguardian.com/technology/2018/mar/19/uber-self-driving-car-kills-woman-ari
zona-tempe

Levinson, J., J. Askeland, J. Becker, J. Dolson, S. David Held, J. Kammel, Z. Kolter, et al. 2011. “Towards Fully
Autonomous Driving: Systems and Algorithms.” Intelligent Vehicles Symposium, 163–168.

MOBILITIES 15

https://doi.org/10.1177/0309132510362603
https://doi.org/10.1177/0309132510362603
https://doi.org/10.1016/j.polgeo.2012.12.009
https://doi.org/10.1093/lril/lrx008
https://doi.org/10.1177/0263276404046058
https://doi.org/10.1177/0263276404046058
https://www.nytimes.com/2013/12/15/magazine/googles-plan-for-global-domination-dont-ask-why-ask-where.html
https://www.nytimes.com/2013/12/15/magazine/googles-plan-for-global-domination-dont-ask-why-ask-where.html
https://www.nytimes.com/2017/12/24/nyregion/traffic-apps-gps-neighborhoods.html
https://doi.org/10.14361/dcs-2016-0203
https://www.theguardian.com/technology/2018/may/08/ubers-self-driving-car-saw-the-pedestrian-but-didnt-swerve-report
https://www.theguardian.com/technology/2018/may/08/ubers-self-driving-car-saw-the-pedestrian-but-didnt-swerve-report
https://doi.org/10.1191/0309132505ph568oa
https://doi.org/10.1191/0309132505ph568oa
https://doi.org/10.1080/17450101.2018.1432974
https://doi.org/10.1080/17450101.2018.1432974
https://doi.org/10.1525/can.2004.19.1.61
https://doi.org/10.1016/0925-7535(94)00025-X
https://doi.org/10.1177/0309132507077082
https://doi.org/10.1177/0309132507077082
http://fortune.com/2017/02/02/self-driving-car-testing-race/
http://fortune.com/2017/02/02/self-driving-car-testing-race/
https://newsroom.intel.com/editorials/krzanich-the-future-of-automated-driving/
https://newsroom.intel.com/editorials/krzanich-the-future-of-automated-driving/
https://doi.org/10.1016/j.trpro.2014.10.090
https://doi.org/10.1111/j.1467-954X.1984.tb00114.x
https://www.lawcom.gov.uk/project/automated-vehicles/
https://www.lawcom.gov.uk/project/automated-vehicles/
https://www.theguardian.com/technology/2018/mar/19/uber-self-driving-car-kills-woman-arizona-tempe
https://www.theguardian.com/technology/2018/mar/19/uber-self-driving-car-kills-woman-arizona-tempe


Lopez, S. 2018. “On One of L.A.’s Steepest Streets, an App-Driven Frenzy of Spin-Outs, Confusion and Crashes.” Los
Angeles Times, April 4. www.latimes.com/local/california/la-me-lopez-echo-park-traffic-20180404-story.html

Lu, D., and Q. Weng. 2007. “A Survey of Image Classification Methods and Techniques for Improving Classification
Performance.” International Journal of Remote Sensing 28 (5): 823–870. doi:10.1080/01431160600746456.

Madrigal, A. C. 2017. “Inside Waymo’s Secret World for Training Self-Driving Cars.” The Atlantic, August 23. https://
www.theatlantic.com/technology/archive/2017/08/inside-waymos-secret-testing-and-simulation-facilities/537648/

Mattern, S. 2017. “Mapping’s Intelligent Agents.” Places, September 1. https://placesjournal.org/article/mappings-
intelligent-agents/

McCormack, D. 2016. “Elemental Infrastructures for Atmospheric Media: On Stratospheric Variations, Value and the
Commons.” Environment and Planning D: Society and Space 35 (3): 418–437. doi:10.1177/0263775816677292.

McCormack, D., and T. Schwanen. 2011. “Guest Editorial: The Space-Times of Decision Making.” Environment and
Planning A: Economy and Space 43 (12): 2801–2818. doi:10.1068/a44351.

Merriman, P. 2007. Driving Spaces: A Cultural-Historical Geography of England’s M1 Motorway. Oxford: Blackwell.
Merrington, P., and I. Mitchell. 2017. “Four Level Stack.” Peter Merrington, November 15. https://peter-merrington.

squarespace.com/the-english-four-stack
Mingle, K. 2015. “Children of the Magenta (Automation Paradox, Pt. 1).” 99% Invisible, June 23. https://99percentinvi

sible.org/episode/children-of-the-magenta-automation-paradox-pt-1/
Mitchell, J. S. B. 1986. “An Algorithmic Approach to Some Problems in Terrain Navigation.” Paper presented at the

Oxford Workshop on Geometric Reasoning, Oxford, June 30–July 3.
Mittelstadt, B. D., P. Allo, M. Taddeo, S. Wachter, and L. Floridi. 2016. “The Ethics of Algorithms: Mapping the Debate.”

Big Data & Society 3 (2): 1–21. doi:10.1177/2053951716679679.
Nissan. 2017. “Seamless Autonomous Mobility: The Ultimate Nissan Intelligent Integration.” Nissan Channel 23, January

8. https://blog.nissan-global.com/EN/?p=14313
Noothigattu, R., S. Snehalkumar ‘Neil’, E. A. Gaikwad, S. Dsouza, I. Rahwan, P. Ravikumar, and A. D. Procaccia. 2017. “A

Voting-Based System for Ethical Decision Making.” arXiv, 1–13.
Olsson, G. 2002. “Glimpses.” In Geographical Voices: Fourteen Autobiographical Essays, edited by P. Gould and F. R. Pitts,

237–268. Syracuse, NY: Syracuse University Press.
Pink, S., V. Fors, and M. Glöss. 2017. “Automated Futures and the Mobile Present: In-Car Video Ethnographies.”

Ethnography. 1–20.
Pink, S., V. Forse, and G. Mareike. 2018. “The Continent Futures of the Mobile Present: Automation as Possibility.”

Mobilities. 13 (5): 615–631.
Rayasam, R. 2015. “Live Roads Bring Human Senses to Automated Vehicles.” HERE, February 26. https://360.here.com/

2015/02/26/live-roads-bring-human-senses-automated-vehicles/
Rose, G. 2018. “Seeing What (We Want) Driverless Cars to See (But They Don’t).” Visual/Method/Culture, September 5.

https://visualmethodculture.wordpress.com/2018/09/05/seeing-what-we-want-driverless-cars-to-see-but-they-dont/
Science and Technology Select Committee. 2017. “Connected and Autonomous Vehicles: The Future?” House of Lords,

March 15. https://publications.parliament.uk/pa/ld201617/ldselect/ldsctech/115/115.pdf
Sheller, M. 2004. “Automotive Emotions: Feeling the Car.” Mobilities 21 (4–5): 221–242.
Sheller, M., and J. Urry. 2000. “The City and the Car.” International Journal of Urban and Regional Research 24 (4): 737–

742. doi:10.1111/1468-2427.00276.
Sprenger, F. 2018. “Intervals of Intervention: Microdecisions and the Autonomy of Cars.” Paper presented at Hardwired

Temporalities: Media, Infrastructures and the Patterning of Time, Siegen, June 1–2.
Stanton, N. A., and P. Marsden. 1996. “From Fly-by-Wire to Drive-by-Wire: Safety Implications of Automation in

Vehicles.” Safety Science 24 (1): 35–49. doi:10.1016/S0925-7535(96)00067-7.
Stark, D. 2009. The Sense of Dissonance: Accounts of Worth in Economic Life. Princeton, NJ: Princeton University Press.
Stilgoe, J. 2017. “Seeing like a Tesla: How Can We Anticipate Self-Driving Worlds?” Glocalism: Journal of Culture, Politics

and Innovation 3: 1–20.
Stilgoe, J. 2018. “Machine Learning, Social Learning and the Governance of Self-Driving Cars.” Social Studies of Science

48 (1): 25–56. doi:10.1177/0306312717741687.
Stock, K. 2018. “Self-Driving Cars Can Handle neither Rain nor Sleet nor Snow” Bloomberg, September 17. https://www.

bloomberg.com/news/articles/2018-09-17/self-driving-cars-still-can-t-handle-bad-weather
Tesla. 2016. “A Tragic Loss.” Tesla, September 26. https://www.tesla.com/blog/tragic-loss
Tesla. 2018a. “Tesla Q2 2018 Vehicle Production and Deliveries.” Tesla, September 28. http://ir.tesla.com/news-

releases/news-release-details/tesla-q2-2018-vehicle-production-and-deliveries
Tesla. 2018b. “Autopilot.” Tesla, September 26. https://www.tesla.com/en_GB/autopilot
Thielmann, T. 2016. “Linked Photography: A Praxeological Analysis of Augmented Reality Navigation in the Early

Twentieth Century.” Science and Technology Studies, 5 April. http://www.mobilemedia.uni-siegen.de/2016/04/05/
linked-photography/

Thrift, N., and S. French. 2002. “The Automatic Production of Space.” Transactions of the Institute of British Geographers
27 (3): 309–335. doi:10.1111/1475-5661.00057.

16 S. HIND

http://www.latimes.com/local/california/la-me-lopez-echo-park-traffic-20180404-story.html
https://doi.org/10.1080/01431160600746456
https://www.theatlantic.com/technology/archive/2017/08/inside-waymos-secret-testing-and-simulation-facilities/537648/
https://www.theatlantic.com/technology/archive/2017/08/inside-waymos-secret-testing-and-simulation-facilities/537648/
https://placesjournal.org/article/mappings-intelligent-agents/
https://placesjournal.org/article/mappings-intelligent-agents/
https://doi.org/10.1177/0263775816677292
https://doi.org/10.1068/a44351
https://peter-merrington.squarespace.com/the-english-four-stack
https://peter-merrington.squarespace.com/the-english-four-stack
https://99percentinvisible.org/episode/children-of-the-magenta-automation-paradox-pt-1/
https://99percentinvisible.org/episode/children-of-the-magenta-automation-paradox-pt-1/
https://doi.org/10.1177/2053951716679679
https://blog.nissan-global.com/EN/?p=14313
https://360.here.com/2015/02/26/live-roads-bring-human-senses-automated-vehicles/
https://360.here.com/2015/02/26/live-roads-bring-human-senses-automated-vehicles/
https://visualmethodculture.wordpress.com/2018/09/05/seeing-what-we-want-driverless-cars-to-see-but-they-dont/
https://publications.parliament.uk/pa/ld201617/ldselect/ldsctech/115/115.pdf
https://doi.org/10.1111/1468-2427.00276
https://doi.org/10.1016/S0925-7535(96)00067-7
https://doi.org/10.1177/0306312717741687
https://www.bloomberg.com/news/articles/2018-09-17/self-driving-cars-still-can-t-handle-bad-weather
https://www.bloomberg.com/news/articles/2018-09-17/self-driving-cars-still-can-t-handle-bad-weather
https://www.tesla.com/blog/tragic-loss
http://ir.tesla.com/news-releases/news-release-details/tesla-q2-2018-vehicle-production-and-deliveries
http://ir.tesla.com/news-releases/news-release-details/tesla-q2-2018-vehicle-production-and-deliveries
https://www.tesla.com/en_GB/autopilot
http://www.mobilemedia.uni-siegen.de/2016/04/05/linked-photography/
http://www.mobilemedia.uni-siegen.de/2016/04/05/linked-photography/
https://doi.org/10.1111/1475-5661.00057


Thrun, S., M. Montemerlo, and A. Aron. 2006. “Probabilistic Terrain Analysis For High-Speed Desert Driving.” Robotics:
Science and Systems, Philadelphia, PA, 1–7.

Urry, J. 2004. “The ‘System’ of Automobility.” Theory, Culture & Society 21 (4–5): 25–39. doi:10.1177/0263276404046059.
Wilson, M., and S. Elwood. 2014. “Capturing.” In The SAGE Handbook of Human Geography, edited by R. Lee, N. Castree,

R. Kitchin, V. Lawson, A. Paasi, C. Philo, S. Radcliffe, S. M. Roberts, and C. Withers, 804. London: Sage.
Wood, D. 2010. Rethinking the Power of Maps. New York: Guilford Press.

MOBILITIES 17

https://doi.org/10.1177/0263276404046059

	Abstract
	Introduction
	Navigation, automation, and supervision
	Route-calculation
	Terrain-optimization
	Terrain not territory (nor landscape)
	Optimization
	Tesla and the motorway

	Object-recognition
	Discretization and categorization
	Errors
	Waymo and the (sub)urban

	Conclusion
	Notes
	Acknowledgments
	Disclosure statement
	References



