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a b s t r a c t

Mental rotation, a classic experimental paradigm of cognitive psychology, tests the capacity of humans to
mentally rotate a seen object to decide if it matches a target object. In recent years, mental rotation has
been investigated with brain imaging techniques to identify the brain areas involved. Mental rotation has
also been investigated through the development of neural-network models, used to identify the specific
mechanisms that underlie its process, and with neurorobotics models to investigate its embodied nature.
Current models, however, have limited capacities to relate to neuro-scientific evidence, to generalise
mental rotation to new objects, to suitably represent decision making mechanisms, and to allow the
study of the effects of overt gestures on mental rotation. The work presented in this study overcomes
these limitations by proposing a novel neurorobotic model that has a macro-architecture constrained by
knowledge held on brain, encompasses a rather general mental rotation mechanism, and incorporates a
biologically plausible decision making mechanism. The model was tested using the humanoid robot iCub
in tasks requiring the robot to mentally rotate 2D geometrical images appearing on a computer screen.
The results show that the robot gained an enhanced capacity to generalise mental rotation to new objects
and to express the possible effects of overt movements of the wrist on mental rotation. The model also
represents a further step in the identification of the embodied neural mechanisms that may underlie
mental rotation in humans and might also give hints to enhance robots' planning capabilities.

' 2015 The Authors. Published by Elsevier Ltd.
This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Mental imagery concerns cognitive processes for the creation
and manipulation of mental images, and for decision making tasks
on visual object matching (Kosslyn, 1996; Lamm, Windischberger,
Moser, & Bauer, 2007). In a typical mental rotation experiment of
cognitive psychology, a participant has to mentally rotate an object
perceived in a picture to decide if it is the same as a target object or
different from it (i.e. a flipped version of it), and then indicate the
answer by pressing one of two buttons (Shepard & Metzler, 1971;
Wexler, Kosslyn, & Berthoz, 1998). In this kind of task, participants
normally report that in order to make the decision they mentally
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rotate one object, clock-wise or counter clock-wise, until it visually
matches or mismatches the target object. The actual existence of
this process is supported by the main result of mental rotation
experiments: the reaction time to press one of the two buttons, and
the error rate of the answers, increase with the angular disparity
between the rotated object and the target object.

Mental rotation has been widely investigated not only in
cognitive psychology, but also in cognitive neuroscience and
computational modelling (Kosslyn, 1996; Zacks, 2008). Initially,
it was proposed that the brain mechanisms underlying mental
rotation mainly involve visual and spatial perception systems
(Corballis & McLaren, 1982; Shepard & Metzler, 1971). More
recently, behavioural (Wexler et al., 1998; Wohlschläger, 2001)
and neuroscientific experiments (Georgopoulos, Lurito, Petrides,
Schwartz, & Massey, 1989; Lamm et al., 2007) have suggested the
idea that mental rotation relies on a mentally simulated action
(Michelon, Vettel, & Zacks, 2006) rather than on a purely visual and
spatial imagery skill. Brain-imaging evidence on the brain areas
most involved in mental rotation supports the idea that mental
rotation indeed depends on a strong integration of sensorimotor
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processes and covert mental simulation of motor movements
(see Zacks, 2008, for a review). In particular, based on refined
experimental paradigms, mental rotation has been proposed to
involve the following processes (Lamm et al., 2007): (a) encoding
of stimuli and the generation of mental images; (b) planning
and execution of mental rotation; (c) comparison (matching) of
the rotated stimulus with the target stimulus; (d) decision and
performance of the same/different response. The next subsection
presents a focused review of the empirical evidence on the brain
areas involved in these processes.

Computational models of mental rotation have been proposed
to replicate some limited aspects of human mental rotation
processing. Most of these models tend to focus on the rotation
of objects having different rotation axis and shapes to support
object recognition, and have been developed using artificial neural
network design (Fukumi, Omatu, & Nishikawa, 1997; Fukumi,
Omatu, Takeda, & Kosaka, 1992; Inui & Ashizawa, 2011; Kulkarni,
Yap, & Byars, 1990; Rowley, Baluja, & Kanade, 1998; Sasama,
Mitsumoto, Yoneda, & Tamura, 2009). For example, Sasama et al.
(2009) proposed an error back-propagation neural network model
that takes two images as input and produces one binary vector
as an output that encodes the angular disparity between the two
input images together with a response answer (match/mismatch).
Similarly, Inui and Ashizawa (2011) proposed a radial basis
function neural network to mentally rotate 3D objects. These
models use neural networks but these networks have not been
designed to reproduce brain mechanisms suggested to underlie
mental rotation in humans. Moreover, not being used to control
whole embodied systems, they do not refer to the involvement of
motor mechanisms in mental rotation, and do not consider other
important processes supporting the mental rotation core processes
(e.g. the monitoring of the overall mental-rotation success and
the decision making process needed to produce the final answer).
As a consequence, they reproduce only a few aspects of the
overall mental rotation processes and give little contribution to the
growing neuroscientific literature aiming to understand the brain
neural mechanisms underlying mental rotation.

Computational robotic models have also been used to study
mental rotation. The embodied nature of these models allows a
better representation of the sensorimotor aspects involved in men-
tal rotation. These aspects have indeed been neglected by prior
computational models of mental rotation (e.g., Inui & Ashizawa,
2011; Sasama et al., 2009). Although cognitive robotics models
of mental simulation have been recently proposed (Di Nuovo, De
La Cruz, & Marocco, 2013), these do not directly address men-
tal rotation capabilities, but rather mental simulation for motor
planning tasks. They also do not propose hypotheses on the brain
mechanisms that may underlie them (e.g., Di Nuovo, Marocco,
Cangelosi, De La Cruz, & Di Nuovo, 2012). Robotic models of
mental rotation also have a technological valence. Indeed, endow-
ing robots with mental rotation capabilities could increase their
planning abilities in relation to the manipulation of objects, in par-
ticular, as planning in robots has mainly focused on navigation
(Baldassarre, 2001, 2003; Dissanayake, Newman, Clark, Durrant-
Whyte, & Csorba, 2001; Meyer & Filliat, 2003) and reaching tasks
(Khatib, 1986; Masehian & Sedighizadeh, 2007) rather than on ob-
ject manipulation. Planning applied to object manipulation could
allow robots to mentally simulate in advance the consequence of
potential actions, e.g. to perform only useful actions, to best con-
catenate actions to accomplish complex goals, and/or to generalise
actions to new objects and contexts. As further discussed in Sec-
tion 4 (Conclusions), mental rotation seen as a form of planning
has also some peculiarities related to the low number of actions
involved, and to the fact that it involves spatial transformation
processes that are invariant with respect to the object involved
(Terekhov & O'Regan, 2013), which may suggest interesting solu-
tions for planning problems with this type of features.
We (Seepanomwan, Caligiore, Baldassarre, & Cangelosi, 2013a,
2013b) recently proposed a neural-network model whose macro
architecture was linked to brain macro areas. This model was able
to solve a simple mental rotation task of 2D visually-perceived ob-
jects in a simulated humanoid robot, the iCub (Tikhanoff et al.,
2008). This model, a predecessor to the model proposed here,
was developed within an ``embodied cognition'' theoretical frame-
work for which high-level cognition processes rely on the same
areas of the brain used to process analogous sensorimotor infor-
mation (Borghi & Cimatti, 2010). According to this view, off-line
cognition, such as mental rotation and imaging, is body based:
``even when decoupled from the environment, the activity of the
mind is grounded in mechanisms that evolved for interaction
with the environment�that is, mechanisms of sensory process-
ing and motor control'' (Wilson, 2002). The model departed from
another model � TRoPICALS � developed within the ``computa-
tional embodied neuroscience'' framework and aiming to estab-
lish detailed links between embodied cognition and behaviour and
the brain system-level mechanisms underlying them (Caligiore,
Borghi, Parisi, & Baldassarre, 2010; Caligiore, Borghi et al., 2013;
Caligiore, Pezzulo, Miall, & Baldassarre, 2013; TRoPICALS focused
on compatibility effects, Tucker & Ellis, 2001, and affordance pro-
cessing, Gibson, 1986; Rizzolatti & Craighero, 2004). The model
(Seepanomwan et al., 2013a, 2013b) reproduces some mecha-
nisms, possibly performed in the parietal�premotor brain circuits,
implementing the object mental rotation processes and some other
mechanisms, possibly performed in prefrontal�premotor circuits,
implementing the decision making processes involved in men-
tal rotation (see Zacks, 2008, and Section 1.1, for more details on
the related biological mechanisms). To our knowledge, this model
represents the first instance of a neuro-robotic model of mental
rotation, and a first hypothesis of the brain mechanisms that may
underlie this process. However, despite its ability to solve a typical
mental rotation task, the model has significant limitations. First, it
lacks mental rotation generalisation capability for novel objects.
Second, it generates error rates related to mental rotation tasks
that do not reflect the inherent difficulty of the tasks themselves:
this is due to the decision making component of the model being
based on a rigid non-biologically plausible mechanism that leads
the model to an abrupt drop in performance when the images to
be rotated become increasingly complex. Third, it does not fully
exploit the sensorimotor possibilities rendered by its robotic em-
bodied nature, for example to investigate the interesting interfer-
ence/synergy effects that current proprioception and gestures can
have on mental rotation (e.g., see Wexler et al., 1998; Wohlschläger
& Wohlschläger, 1998). Finally, the model was tested with the iCub
simulator but not with the hardware robot.

In this study we propose a new neuro-robotic model of
mental rotation that builds upon the prior model proposed in
Seepanomwan et al. (2013a, 2013b) and overcomes its limitations
discussed above. Specifically, the new model has generalisation
capabilities to transfer the mental rotation processes acquired with
a small set of 2D visual training stimuli to novel 2D visual objects.
Moreover, it employs a flexible decision making mechanism,
based on biologically plausible models of decision making (Bogacz,
Brown, Moehlis, Holmes, & Cohen, 2006; Usher & McClelland,
2001), that reproduces an error rate that varies gradually with
the difficulty of the mental rotation. Further, its mental rotation
capabilities could be challenged with overt movements of the
robot, congruent or incongruent with the covert mental rotation
process, to investigate their interactions (we anticipate that the
model led us to formulate a hypothesis for which proprioception
signals that are congruent with mental rotation can improve its
performance, as in empirical experiments, only if the mental
rotation task is made difficult by some noise sources). The model
is tested through the hardware iCub humanoid robot (Metta,
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Fig. 1. The key brain areas involved in mental rotation and considered in the model. The red�yellow�green colouring highlights increasingly active areas. Left: brain lateral
left hemisphere. Centre: posterior brain view. Right: brain lateral right hemisphere. (For interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)
Source:Reprinted with permission from Zacks (2008).
Sandini, Vernon, Natale, & Nori, 2008; Sandini, Metta, & Vernon,
2007) alongside the iCub simulator (Tikhanoff et al., 2008). This
is relevant not only to facilitate the inclusion in the model of
some issues relating to embodied cognition, but also to test
the robustness of the model to the variable conditions of the
environment and of the robot. For example, in the tests presented,
the images from the robot camera changed in different trials
due to luminance changes within the environment, the variable
response of the camera and the accuracy limitations of the camera
motors.

We anticipate that the model still contains various limitations,
further discussed in Section 4, that represent important challenges
for future work. These for example involve a largely non-
neural management of the information flow between the system
components, the coarse granularity of the mental rotation steps,
and the simplicity of the object images used to test the model.
Notwithstanding these limitations, to our knowledge the model
currently represents the most articulated operational hypothesis
of the neural mechanisms that might underlie mental rotation.

The rest of the paper is organised as follows. The next subsection
illustrates the relevant neuroscientific evidence on the brain areas
involved in mental rotation, used here to constrain the overall
model architecture. Section 2 presents the robotic setup followed
by a detailed explanation of the mental rotation task used to
validate the model and finally a description of the main features
of the model and the learning algorithms used to train it. Section 3
presents and discusses the results and Section 4 draws the final
conclusions of the study.

1.1. Brain areas and neural mechanisms involved in mental rotation

Various areas of the human brain have been shown to
be involved in mental rotation through functional magnetic
resonance imaging (fMRI) techniques. A meta-review (Zacks, 2008)
summarises the main areas that several studies have found to play
a relevant role (Fig. 1).

Most brain imaging studies scanning the human brain dur-
ing the performance of the mental rotation task show a promi-
nent activity of the posterior parietal cortex and posterior-occipital
cortex. In particular, the areas around the intraparietal sulcus
(more specifically, the superior parietal lobule, Brodmann Area
BA7, and the inferior parietal lobule, BA 40), and the areas sur-
rounding the parieto-occipital sulcus (parieto-occipital arcus, BA
19) (Carpenter, Just, Keller, Eddy, & Thulborn, 1999; Harris &
Miniussi, 2003; see Zacks, 2008, for a review). The activity of some
of these areas also correlates with the amount of mental rota-
tion requested in the different task trials and dependent on the
object�target orientation disparity. Posterior parietal cortex re-
ceives input related to both visual and somatosensory informa-
tion (Rizzolatti, Luppino, & Matelli, 1998), and on this basis it is
capable of elaborating information about the location and orien-
tation of target objects in peripersonal and extrapersonal space,
and their relation to own body (Andersen & Buneo, 2002; Colby
& Goldberg, 1999), in large part employing eye-centred coordi-
nate frames modulated by own body postures (Snyder, Grieve,
Brotchie, & Andersen, 1998). Posterior-occipital cortex includes
high-level visual areas encoding complex visual features, in par-
ticular related to movement (e.g. involving global and own move-
ment, Braddick et al., 2001). Based on this evidence, these ar-
eas are thought to play a key role in implementing the propri-
oceptive and visual information integration and transformation
supporting the core processes of the dynamic mental rotation pro-
cesses (Zacks, 2008).

Other brain regions that consistently activate during the mental
rotation experiment involve the supplementary motor area and
the premotor cortex, in particular involving the medial precentral
gyrus (BA6) (Cohen & Bookheimer, 1994; Johnston, Leek, Atherton,
Thacker, & Jackson, 2004; Lamm et al., 2007; Zacks, 2008).
These areas encode a repertoire of actions at a more abstract
level with respect to primary motor cortex, and play important
functions in motor planning and execution (Jeannerod, Arbib,
Rizzolatti, & Sakata, 1995). The activation of these areas strongly
supports the involvement of motor processes in mental rotation,
putatively to implement motor mental simulation. This possibility
is corroborated by the fact that the supplementary motor area
has been strongly involved in motor imagery (Stephan et al.,
1995). Some studies also reveal an activation of primary motor
areas, primarily linked to the production of the final response
(button press) rather than to the main mental simulation processes
(Richter et al., 2000).

Kosslyn, Digirolamo, Thompson, and Alpert (1998) and Zacks
(2008) have also shown the activation of prefrontal areas, in
particular the inferior lateral prefrontal cortex (inferior precentral
sulcus, BA44/45). This region, part of Broca's area responsible for
speech production, is involved in motor production and action
recognition (Rizzolatti, Fadiga, Gallese, & Fogassi, 1996). Given its
high-level within the motor hierarchy, this area might orchestrate
mental rotation at a high-level, as suggested by its role in motor
imaging (Grafton, Arbib, Fadiga, & Rizzolatti, 1996).

Several components of the model are formed by neural maps
using, in specific or abstract ways, population codes. Neural maps
are suitable to model cortical areas as they capture their important
2D topological organisation and also facilitate the analysis and
visualisation of the processes occurring within them (Caligiore,
Parisi, & Baldassarre, 2014). Population codes (Pouget, Dayan, &
Zemel, 2003) are based on the idea that information (on stimuli
and actions) is encoded in the brain on the basis of the activation
of populations of units organised in neural maps having a broad
response field. In particular, each unit responds maximally to a
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Fig. 2. The iCub humanoid robot used to reproduce the behaviour of a participant of mental rotation experiments. (a) Real robot. (b) Simulated robot.
certain value of the variables to encode and then progressively
less intensely to more distant values. This response can be
obtained with short-lateral excitatory connections and long-lateral
inhibitory connections, or in a more abstract fashion (as for most
maps used here) with Gaussian functions.

To implement the decision making process involved in the
mental rotation task, the model uses a mutual inhibition model
(Bogacz et al., 2006; Usher & McClelland, 2001). In this model
(closely related to the architecture and neural competition that
can be implemented by population-code maps) different decision
options are represented by neural units that accumulate over time
the evidence (support) on the goodness of the different options,
compete through reciprocal inhibitory connections of the units,
and finally produce a decision when the activation of one of
them reaches a given threshold. This model (together with other
analogous models, e.g. Bogacz et al., 2006) is very important, as
it allows the reproduction of the reaction times often recorded in
psychological experiments (Caligiore et al., 2010, 2008; Erlhagen &
Schöner, 2002). It is one of the most accredited models of decision
making processes taking place in the human brain (Bogacz, 2007).

In the brain, several processes needed to acquire and express
mental rotation (e.g., learning from experience, and selection
of cortical contents) are putatively implemented by cortical
areas working in close cooperation with sub-cortical regions, in
particular basal ganglia and cerebellum with whom they form
whole integrated systems (Alexander, DeLong, & Strick, 1986;
Baldassarre, Caligiore, & Mannella, 2013; Caligiore, Borghi et al.,
2013; Caligiore, Pezzulo et al., 2013; Middleton & Strick, 2000). For
simplicity, the model reproduces in abstract ways such processes,
e.g. to implement the decision making processes and the mapping
of the object representations to the corresponding arm postures,
without explicitly simulating these sub-cortical systems.

2. Methods

2.1. The iCub humanoid robot

Fig. 2 shows the real and simulated iCub humanoid robot
we used to reproduce the behaviour of the participants of the
mental rotation experiment. The iCub is a many degrees of freedom
(DOFs) robot built for studying cognitive development in humans
(Cangelosi & Schlesinger, 2015; Sandini et al., 2007). In the tests of
the model, the robot used one ``eye'' (i.e., one of its two 640 � 480
RGB cameras) to perceive the visual stimuli and the joint 5 of the
right arm to control the wrist angle. The model guided the learning
and performance of the robot during the mental rotation task.
The robot did not hold real objects, but it could move its wrist
in order to assume the wrist orientation corresponding (or not)
to the orientation of the mentally rotated object, allowing us to
study how the mental rotation process can be affected by overt
action (i.e., the wrist movement and posture) similar to that of
experiments involving humans (Wexler et al., 1998; Wohlschläger,
2001; Wohlschläger & Wohlschläger, 1998).
2.2. The stimuli

Fig. 3 shows the three sets of 2D abstract objects, broadly sim-
ilar to those employed by Hochberg and Gellman (1977), used as
stimuli during the mental rotation tasks. The stimuli were coloured
in red to improve their detection by the iCub's camera. They were
designed to create different levels of difficulty in the mental rota-
tion task. Each set (A, B, C) consisted of three objects which could
assume six orientations (90 , , 60, , 30, , 0, , � 30, , � 60, ) and could
have a basic appearance (the one shown in Fig. 3) or an appear-
ance corresponding to the ``mirror'' image of the basic appearance.
The stimuli of the sets A and B, three for each set, contained a clear
main axis (we will see this is important to perform mental rota-
tion). However, the stimuli of set B were formed by more features
than the stimuli of set A. Stimuli from set A were used for train-
ing the model and for a recognition test (Recog; Fig. 3(a)) whereas
those from set B were used in a test directed to measure the gener-
alisation capabilities of the model (Gen1; Fig. 3(b)). Stimuli from set
C represented a more complex dataset that did not contain a strong
orientation axis as in sets A and B. Set C was further used for a sec-
ond, more challenging generalisation test (Gen2; Fig. 3(c)). Fig. 3(d)
gives some examples of pairs of stimuli shown to the robot during
the tests Recog, Gen1 or Gen2 (each test involved showing multiple
pairs in different trials). In each object-pair image the object on the
left was the target object (henceforth called ``target object'') and
the object on the right was the one to be mentally rotated (hence-
forth ``rotated object''). Each object was used to generate 144
object-pair images (144 D 22 � 6� 6, where 2 2 is the number of the
possible combinations of the basic and mirror appearance of the
target and the rotated objects, and 6 are the initial possible orien-
tations of the target and the rotated objects). The number of object-
pair images used in each test was hence 432 (144 � 3, where 3 is
the number of objects for each set), and the overall total number
of object-pair images used over all three tests was 1296 (432 � 3).

2.3. The mental rotation task

The robot was tested in a mental rotation task similar to
those typically used in mental rotation experiments with humans
(e.g., Shepard & Metzler, 1971; Wexler et al., 1998). In this task,
two visual stimuli having different orientation (90 , , 60, , 30, , 0, ,
� 30, , � 60, ) and appearance (``basic'' or ``mirror'') combinations,
are shown to the robot on a computer screen as illustrated in
Fig. 4 (bottom right). The robot has to compare the two stimuli and
decide if they are the same or different object. The model does not
have attention control, so the behaviour of scanning the target and
the rotated objects with the camera is hardwired and performed in
sequence, thus allowing the robot to take a snapshot of each of the
two objects.
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Fig. 3. (a) Stimulus set A, used for training and for the recognition test (Recog).
(b, c) Stimulus sets used for the generalisation tests (respectively Gen1 and Gen2).
(d) Three object-pair images used during the tests. In the three examples, the left
object is the target object, here rotated 90 , to the left, whereas the right object is
the object to be rotated, here having a 0 , rotation (in all three examples the rotated
object is different from the target object).

2.4. Model architecture and functioning of its components

The model architecture (Fig. 4) is formed by several components
corresponding to the main brain areas involved in the mental rota-
tion processes (as illustrated in Section 1.1, see Fig. 1). In this sub-
section we overview the model components and their role within
the whole system, whereas in the following subsections we de-
tail the mechanisms behind their functioning and learning and the
reasons for their choice. The components of the model architec-
ture are the early visual cortical areas (VC), the parieto-occipital
cortex (POC), the posterior-parietal cortex (PPC), the premotor cor-
tex (PMC), the prefrontal cortex (PFC), and the primary motor cor-
tex (M1). Each component is formed by subcomponents (mainly
neural maps) performing different functions. VC is an image-
processing component that extracts the edges of objects from the
current image in a way which is reminiscent of early visual cor-
tex processes (Hubel, 1988). POC is formed by five neural maps of
32 � 32 units each: POCi encodes the current imaged orientation
of the rotated object during mental rotation; POCl, POCs, and POCr
anticipate the image of the rotated object if a left/still/right mental
rotation of respectively � 30, , 0, , 30, of the current image encoded
in POCi is performed. Based on the planned movement supplied by
PMCm, only one of these three possible rotations is performed (for
example leading to the rotated object image encoded in POCr). The
resulting image is relayed to POCp which encodes the predicted
rotated image depending on the performed rotation.

PPC is formed by three components: PPCp, which is formed by
six units and encodes the proprioceptive signal related to the robot
wrist orientation corresponding to the current actual or imaged
orientation of the mentally rotated object encoded in POCp; PPCt,
which is formed by six units and encodes the target orientation
of the wrist corresponding to the orientation of the target object
Fig. 4. The neural network model controls the iCub robot during the mental
rotation task. The bottom right picture shows the robot in front of the screen
where it sees the target and rotated objects. Thin arrows indicate hardwired
connections. (Fixed connections in most cases are set to 1.) Bold arrows indicate
trained connections. Dashed arrows indicate information flows.

encoded in PFCt; PPCc, which is formed by 6 � 6 units and combines
the signals from the current imaged wrist orientation (PPCp) and
its desired orientation (PPCt) to select a desired movement in
PMCm.

PMC is formed by two components: PMCm, which is formed by
three units that encode three possible movements (taking place in
M1, here not explicitly simulated), i.e. respectively: Ml D � 30,
corresponding to an anti-clockwise ``left'' rotation of the wrist;
Ms D 0, corresponding to a ``stay'', or null, rotation; Mr D 30,
corresponding to a clockwise ``right'' rotation; and PMCd, which is
explained in detail below as it depends on PFC.

PFC is formed by two neural maps of 32 � 32 units each:
PFCt, which represents a working memory map used to store the
visual appearance of the target object; PFCtm, which computes the
amount of overlap (matching) between the rotated object image
(POCp) and the target image (PFCt) to support the decision making
process implemented in PMCd.

Finally, PMCd is formed by two units activated by ``evidence''
from PFCtm on the current matching of the predicted rotated
image (POCp) with the target object (PFCt). Broadly speaking, a
large overlap provides evidence for a ``YES'' answer and a small
overlap provides evidence for a ``NO'' answer. On this basis,
PMCd implements a decision making process (neural competition)
selecting a ``YES'' or ``NO'' response mimicking the decision to press
one of the two response buttons of the experiments with humans
(further details are given below). Table 1 summarises the main
features of the neural maps used in the model, whereas Table 2
summarises the main features and functions of the connections
between the maps.

2.5. Model functioning

The robot tests, mimicking the mental rotation laboratory
experiment, were performed both with the iCub Simulator and


























