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Abstract— Autonomous robots and humans need to create
a coherent 3D representation of their peripersonal space in
order to interact with nearby objects. Recent studies in vi-
sual neuroscience suggest that the small coordinated head/eye
movements that humans continually perform during fixation
provides useful depth information. In this work, we mimic such
a behavior on a humanoid robot and propose a computational
model that extracts depth information without requiring the
kinematic model of the robot. First, we show that, during
fixational head/eye movements, proprioceptive cues and optic
flow lie on a low dimensional subspace that is a function of
the depth of the target. Then, we use the generative adaptive
subspace self-organizing map (GASSOM) to learn these depth-
dependent subspaces. The depth of the target is eventually
decoded using a winner-take-all strategy. The proposed model
is validated on a simulated model of the iCub robot.

I. INTRODUCTION

Autonomous robots are expected to work in unstructured
environments. To do that, they need to create a coherent
representation of their surroundings. Vision provides a re-
markable amount of information about an inspected scene,
so it is not surprising that it is extensively used throughout
the animal kingdom. On the other hand, the 3D structure
of the environment is lost when the observed scene is
projected onto the 2D camera sensor. Since this information
is essential for several tasks, such as object manipulation or
image segmentation, several machine vision techniques to
estimate depth have been proposed. Stereopsis is probably
the most broadly known methods [1], but various other
approaches have been proposed, such as motion parallax [2],
depth from shading and defocus [3]. The work presented
in this paper falls within the range of depth-from-motion
techniques, where the camera is actively moved to produce
depth-dependent image motion [4], [5].

Most work in this field has focused on large displacements
of the agent [4], [6], [7], [8], because they facilitate extraction
of depth information and reduce noise sensitivity [9]. How-
ever, in humans, useful motion parallax also emerges during
much smaller movements, such as the minute involuntary
head and body movements that humans continually perform
during fixation [10], [11]. Small relocations of the gaze are
particularly interesting, as they yield relatively small changes
in the images, which greatly facilitate the task of creating a
dense depth map. First of all, the long range correspondence
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problem, i.e. the determination of the positions of identical
features in the images acquired from cameras at different
locations, can be substituted with estimation of the optic
flow, which is an easier problem to solve. Second, small
movements reduce the number of occlusions in the image.
Finally, small movements enable target depth to be approxi-
mate as a invariant during the fixation, which simplifies the
temporal integration of sequential depth estimates [12], [13].

Motivated by these observations, our goal is to create
a framework to recover depth information in a robot that
replicates human fixational head/eye behavior, without prior
knowledge of the kinematic model of the robot. In the
literature, small movements similar to those performed by
humans, including small isolated camera rotations [14],
[15] and coordinated head/camera rotations [16], have been
exploited to provide useful 3D information in robotic sys-
tems. However, in these studies [14], [16] the authors used
triangulation to estimate distance from only two images
acquired at successive times during fixation. They did not
integrate information over time, as humans do [17]. Tagawa
proposed a probabilistic model to obtain a dense depth
map by integrating visual cues that emerge during drift eye
movements [15]. However, he did not consider the advantage
of using proprioceptive cues, so the achieved depth map was
only unique up to a scale factor [18]. Thus, the achieved
3D representation could not reliably estimate egocentric
distance. It can only be used to perform a qualitative analysis
of a scene, such as segmentation of objects in the foreground,
but not to perform tasks that require physical interaction,
such as manipulation.

In previous work [12], [13], we extended the models
presented in [14], [16] to progressively refine a 3D rep-
resentation of a scene by integrating information acquired
by the visual and proprioceptive cues over the period of
fixation [17]. Our results show that this approach yields
accurate and robust 3D representations of the observed scene
within the peripersonal space of a humanoid robot [12],
[13]. The main limitation of this previous work was that
it required the exact kinematic model of the robot and the
focal length of the camera in order to estimate the distance.
Unfortunately, the calibration process is time consuming and
must be repeated every time the geometry of the system and
the parameters of the camera change.

In this work, we present a model that learns how to
integrate visual and proprioceptive cues to obtain a coherent
representation of the depth of the scene. First, we show that
the input cues lie on a family of linear subspaces, each one
characterized by the depth of the target (see Section II). We
find the subspace on which an input pattern lies by using
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an extension of the Generative Associative Self-Organizing
Map (GASSOM) (see Section III). Desired features of this
algorithm are the following: 1) it is unsupervised; 2) it is
capable of online learning; and 3) it preserves the topology of
the subspaces [19]. We implemented the proposed framework
on a simulated model of the iCub robot (see Fig. 1). At
this stage, we learned the association between visual and
proprioceptive cues only for the fixation target, but the model
can be extended to estimate the scene of the whole image.
Results reported in Section IV show that the algorithm
successfully encodes depth information and that decoding
can be performed by means of a winner-take-all strategy. A
discussion of our main conclusion follows in Section V.

II. FIXATIONAL HEAD/EYE MOVEMENTS

In this section, we describe the fixational head/eye behav-
ior considered in this study and the relationship among the
cues that we took into account. In humans, fixation is the
interval between two successive rapid gaze shifts (saccades).
Drifts during fixation produces small linear displacements of
the visual input around the fixation point [20]. In our setup,
these displacements were generated by random movements
of the neck that were compensated by eye rotations in order
to keep the fixation target in the center of the image.

These neck and eye movements cause the camera to move
with velocity ~v. The variable ~v is a six-dimensional vector
composed of translational, ~t = [tx, ty, tz]

T , and rotational,
~ω = [ωx, ωy, ωz]

T , velocities. If the kinematic model of the
robot is known, the velocity of the camera can be estimated
from the angular position of the head motors, ~θ, and their
velocity, ~̇θ [13]. The relationship between camera and motor
velocity can be approximated using the Jacobian matrix J(·):

~v = J(~θ)~̇θ (1)

The camera velocity generated by the head rotation pro-
duces an apparent motion on the image. Considering a pin-
hole camera with focal length f , at the image location
~p = [x, y]T , the relation between the optic flow and the
camera velocity is described by the following equation [21]:

[
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]
=

1
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where, ux and uy are the horizontal and vertical components
of the optic flow, respectively; Z(x, y) is the depth of the
point in the scene corresponding to the image location ~p; T
and R are matrices that depend only on the image location
and the intrinsic parameters of the camera.

In the following, we assume that fixation behavior always
starts with the robot looking ahead. Thus, due to the small
motion considered in this work, we can assume that the

Fig. 1. Simulated environment. The iCub robots is looking at a textured
object in front of it.

Jacobian is almost constant, that is J(θ) ≈ Ĵ. From Eq.
1 and 2 we have:[
ux
uy

]
≈
([

1
Z(x,y)T(x, y) R(x, y)

]
Ĵ
)
~̇θ = W(x, y, Z)~̇θ

(3)
where W(x, y, Z) is the matrix that represents the relation-
ship between visual and somatosensory cues and it depends
on the depth of the scene at the image point [x, y].

In this work, we assume the matrices T, R and Ĵ to be
unknown. Our goal is to learn the family of matrices W(·)
that link the optic flow with the motor velocity. In this work
we focus on learning the matrix W(·) at only the center of
the image. However, the model can be used for any arbitrary
image location. The behavior used to move the head produces
very small motions of the camera, so that the depth of target
can be considered to be constant during each fixation. Thus,
the input vectors ux(t), uy(t) and ~̇θ(t), which are observed
during a fixation, lie on a linear subspace that is characterized
by the target depth. As described in the next section, these
subspaces can be learned using the GASSOM [19].

III. THE ADAPTIVE SUBSPACE SELF-ORGANIZING MAP

The Generative Adaptive Subspace Self-Organizing Map
(GASSOM) was developed as an unsupervised way to learn
invariant feature detectors for natural images. It is based
upon the idea that vectors in a high-dimensional input space
are distributed along many lower-dimensional manifolds or
subspaces [22], [23].

The GASSOM consists of a fixed set of S nodes indexed
by i ∈ 1, ..., S organized in a D-dimensional topological
map (latent space). Each node, which represents a subspace,
is described by H orthonormal basis vectors specified by the
columns of the matrix Bi = [~bi1~bi2 . . . ~biH ]. Each vector
belong to RN where N is the dimensionality of the input
space. The goal of the GASSOM is to find the basis vectors
that describe the observed input patterns using an on-line
learning method. To achieve this goal it exploits the concepts
of sparsity, i.e., only a single node is responsible to describe
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the observed input, and temporal slowness, i.e., consecutive
inputs are likely to be generated by the same node. The
algorithm consists of two steps: the identification of the
subspace and the basis vector updates.

In the subspace selection step, the algorithm searches
for the node i that maximizes the probability P(zi(t) =
1|~x(t), . . . , ~x(0)), where zi(t) is a binary variable that takes
the value 1 if the input ~x(t) is generated by the node i; 0
otherwise. This probability is calculated from the following:

P(zi(t)|~x(t), . . . , ~x(0)) =
αi(t)∑S
j=1 αj(t)

(4)

where, the joint probability αi(t) = P(~x(0), . . . , ~x(t), zi(t))
is updated recursively using a hidden Markov model
(HMM) [24]:

αi(t) = P(~x(t)|zi(t))
S∑
j=1

αj(t−1)P(zi(t)|zj(t−1)) (5)

The transition probability between the nodes j and i,
P(zi(t)|zj(t−1)), can be set as a mixture of a uniform
probability and a discrete delta distribution [19]:

P(zi(t)|zj(t−1)) = ρ· 1
S

+(1−ρ)·δ(i−j) (6)

where ρ ∈ [0, 1] is the parameter that controls the slowness
of the model. In this work, we set ρ equal to zero and
we reset the node probability at the beginning of each
fixation. Although transitions between nodes are disallowed,
the HMM formulation is still useful in enabling online
updates.

The probability P(~x(t)|zi(t)) is calculated by assuming
that the observation ~x(t) is the sum of two independent Gaus-
sian variables with diagonal covariance matrix, one lying on
the subspace and the other orthogonal to the subspace:

P(~x(t)|zi(t)) = N (BT
i ~x(t), σ2

wI)·N (B⊥i
T
~x(t), σ2

nI) (7)

where σ2
w and σ2

n are the variance parameters of the Gaussian
distribution N (·). Herein, we set σw to infinity, so that the
observation function is a single two-dimensional Gaussian.

Once the winning node c has been identified, the original
algorithm updates every the basis vectors in order to mini-
mize the reconstruction error [19]. In this work, instead of
learning the basis Bi, we learned the basis of the nullspace
B⊥i because it has a lower dimensionality which allows us
to reduce the number of parameters. The basis B⊥i can be
written as:

B⊥i =

[
I2×2
−WT

i

]
(8)

where I2×2 is the identity matrix and Wi is the matrix
W(x, y, Z) introduced in Eq. 3 associated to the subspace
with index i. The matrices Wi are updated using the
gradient descent in order to minimize the squared error of
the predicted optic flow ~u(t) = [ux, uy]T :

∆Wi(t) = γhi(t)
[
~u(t)−Wi(t)~̇θ(t)

]
~̇θ(t) (9)

where γ ∈ [0, 1] is the learning rate; hi(t) is a Gaussian
function centered in the winning node c, which ensures
neighboring nodes encode similar subspaces:

hi(t) =
g(i|c, σh)∑S
j=1 g(j|c, σh)

(10)

In order to make the algorithm more robust to outliers,
we saturated the prediction error, ~u(t)−Wi(t)~̇θ(t), when it
exceeded 3×σn.

IV. EXPERIMENTS AND RESULTS

A. Setup

The system was tested on the simulated model of the
iCub robot [25] (Fig. 1). The robot is equipped with a
six degrees of freedom (d.o.f.) head, enabling yaw/roll/pitch
rotations of the neck, and tilt/vergence/version rotations of
the eyes. Since our architecture relies on monocular depth
cues, in this study we worked with the left camera only.
Monochromatic images were acquired by the default camera
that has a resolution of 320×256 pixels and a focal length
of 257.34 times the pixel size.

Dense optic flow was extracted from two consecutive
images using the Farneback’s algorithm provided in OpenCV
[26]. The optic flow in the center of the image was taken
by averaging the dense optic flow in a window of 10-by-10
pixels.

The motors of the robot were controlled in velocity. To
replicate human fixational head movements, the neck moved
following trajectories generated by an Ornstein-Uhlenbeck
process, a constrained random walk [27]. The velocity θ̇ at
time t of the three motors in the neck was updated as:

θ̇(t) = λ[µ−θ(t−1)]∆t+σ
√

∆tN (0, 1) (11)

where µ is the mean of the process, σ is the standard
deviation of the random walk and λ is the drift of the process.
In the experiments described below, the parameters were:
µ = 0◦, λ = 1 and σ = 1◦. The velocity tilt/version motors
of the cameras were controlled to maintain approximate
fixation by counteracting neck rotations. The vergence motor
was not used in this study.

The size of the matrices Wi of Eq. (3) and (9) was
2×5: five motor velocities and two components of the optic
flow (horizontal and vertical). The number of subspaces
was set to 90. The learning rate γ was set to 0.1, while
the standard deviation σh of the Gaussian function hi was
annealed smoothly from an initial value of 12.6 and to a
final value of6.3. The parameter that regulated the transition
probability ρ was set to 0, so assuming the depth of the target
as constant during a fixation. We set σw =∞ and σn = 0.2
in Eq. 7.

An object with an applied texture taken from a natural
image from the van Hateren database [28] was placed in
front of the robot at varying distance was used to train the
algorithm (see Fig. 1. The training set consisted of 4544
fixations, whose duration was randomly chosen between 10
and 90 frames. The total number of frames used for training
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Fig. 2. Distribution of the optic flow error.

the algorithm was 225826. At the beginning of each fixation,
we changed randomly the distance of the target and we
reset the probability of the nodes to P(zi(0)) = 1

S . The
depth of the target was sampled from an uniform distribution
between 10 and 100 cm. During the fixation, the estimated
optic flow at the center of the image and the velocity of the
controlled motors were used to train the GASSOM using
the online method described in Section III. Figure 2 shows
the distribution of the optic flow error in the training set.
The ground truth optic flow was computed from Eq. 2 using
the known target depth and the camera velocity provided
by the kinematic model of the robot. The dataset contained
several outliers. If outliers were removed, the error could be
approximated as a Gaussian random variable with parameters
N (0, 0.2).

B. Results

After the training stage, we tested the algorithm on
a dataset composed of ten objects with different applied
textures also taken from the van Hataren dataset [28], but
separate from that used in training. These objects, in turn,
were placed at a varying distance between 10 and 100 cm
with a step size of 1 cm. For each position of the target
we performed a average of 78 fixations, each one with a
fixed duration of 30 frames. At the end of each fixation we
extracted the index of the winning node. We ran experiments
either with and without saturation of the prediction error in
Eq. 9. Without saturation, some units did not encode any
depth and some depths were encoded by two cells. A total
of 16 units out of 90 did not provide useful information,
reducing the sensitivity of the algorithm. For this reason, in
the remainder of this section we describe the results obtained
by saturating the prediction error.

Figure 3 shows the conditional density of the winning
node given each input depth for the range of input depths.
We found at every depth, the distribution of the winning
node can be approximated as a unimodal Gaussian.Fig. 4
plots the mean and the standard deviation of index of the
winning node as a function of the target depth. The mean

Fig. 3. Conditional density of the winning node of the GASSOM as
a function of the input depth range. The density function at each depth
is calculated on an average of 78 fixations for each range of input depths
(resolution: 1 cm), each one with the fixed duration of 30 frames. Red dashed
line is obtained by finding the depth the minimizes the difference between
the basis obtained from Eq. 3 and the ones learned by the GASSOM (see
the text).

index of the winning node is approximately monotonic in the
depth of the target. This behavior is due to the topological
organization of the GASSOM: closer cells encode similar
target distances. As expected, the standard deviation of the
of the winning node, which provides a measure of the
accuracy of the method, increases with the depth of the
target. This is because the amount of motion parallax is
inversely proportional to depth. Note also that the slope of
the mean index depends on the depth. The algorithm used
more units to encode nearby targets and fewer for farther
targets.

Fig. 4. Mean and the standard deviation of the winning node as a function
of the target depth.

Another way to analyze data in Fig. 3, is to plot the
conditional probability of the target depth given the winning
unit c: P(Z|c). In Fig. 5 we show the conditional probability
for the cells with index starting from 5 to 80, with a step
size of 15. We can note that each probability distribution has
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Fig. 5. Conditional probability of the input depth given the winning unit.
Fig. shows the probability for the cells with index 5, 20, 35, 50 and 65.

a Gaussian like shape, with a peak value corresponding to
increasing target depths for larger indices and a spread that
increases with the depth of the target. These plots show that
the winning of the GASSOM can be used to estimate the
depth, e.g. by mapping the winning unit to the maximum a
posteriori estimate.

An alternative way to calculate the depth encoded by the
units, is to find the depth Z∗i that minimizes the distance
between the optic flow predicted by the matrix Wi learned
by the GASSOM and the optic flow predicted by the matrix
W(Z∗i ) of Eq. (3). The red dashed line in Fig. 3 shows Z∗i
as a function of the subspace index. We can observe that
Z∗i matches quite well with the peak of the distributions.
The valued of Z∗i for units with index between 84 and 90
are not shown in Fig. 3 because they exceeded 100 cm. For
these units Z∗i increased monotonically from 104.7 to 185.6
cm. For any unit, the root mean squared error between the
optic flows predicted by the learned matrices and the fitted
matrices was lower than 0.4. Highest errors were obtained
for the first 10 basis. The lower accuracy of the first 10 basis
can also be observed in Fig. 6, where the difference between
the learned and the fitted parameters is higher.

Figure 6 shows the values of the basis W learned by the
GASSOM as a function of the subspace index (solid line).
Dashed lines show the fitted parameters. The learned param-
eters are close to the fitted parameters and change smoothly
as a function of the depth due to the topological updates
in the GASSOM. These values indicate the transformation
that converts head motor velocity into optic flow. Let us
focus on the basis of the horizontal component of the optic
flow (see Fig. 6(a)). First, we can observe that the horizontal
flow depends only on three motors, the neck roll/yaw and
eye version, while the parameters of the other two motors
are almost zero. The parameter related to the eye version
is nearly constant at 4.45 degrees/pixel independently of the
target. This suggests that the eye version angle only rotates
the camera. The learned value is consistent with 4.49, the
product of the focal length (257.34 pixels) and the factor

π
180 converting the radians to degrees. The neck roll motor
parameter is inversely proportional to the depth and tends to
zero when the object is far away. The neck yaw parameter
changes with depth, but reaches a constant value, suggesting
that it leads both rotations and translations of the camera.
Moving the neck roll joint leads to highest motion parallax.
A similar analysis can be also performed for the vertical
component of the optic flow. This analysis shows that the
algorithm has learned about the kinematic parameters of the
robot without supervision, simply by observing the sensori-
motor contingencies generated by fixational eye movements.

V. CONCLUSIONS

This work is part of our research to develop a sensorimotor
framework that allows humanoid robots to create an implicit
representation of the peripersonal space based visual and
somatosensory cues [29]. While our previous framework
created a space representation using binocular cues [29], the
model presented here focuses on monocular cues. The goal
is to increase robustness by adding a new source of depth
information. The estimate of the target depth was obtained
by integrating visual and proprioceptive cues that emerge
during fixational head/eye movements [12], [13], a behavior
that has been proposed to provide reliable depth information
within the peripersonal space in humans [10].

In this work, we showed that a faithful representation
of the depth is also possible without prior knowledge of
the kinematic model of the robot. The model exploits the
observation that, during fixation, optic flow and motor veloc-
ities lie on a low dimensional subspace that is characterized
by the depth of the target. The family of these depth-
dependent subspaces can be effectively discovered using a
variant of the GASSOM algorithm [19], which learned the
null-space imposed by the optic flow equation. In contrast to
other unsupervised learning approaches [30], in our approach
depth information can be extracted from the learned basis
using a winner-take-all strategy. This depth representation
is not explicit, i.e., it does not give a value in an artificial
Cartesian coordinate system, but is implicit in the activation
of the neural network. Nonetheless, it is an absolute repre-
sentation of the 3D space: the winning unit can be mapped
to a corresponding depth. Finally, due to the winner-take-all
strategy, just one unit is responsible to describe the observed
depth. This decoding strategy is particularly suitable to be
integrated with other static and self-motion-based depth cues
using reinforcement learning [31].

To conclude, this paper presents a method to learn a
representation of the depth at a single image location. Even
if results have been provided for the fixation target, the
underlying principle can be applied to any image positions.
Future work will extend this work to obtain a dense depth
map. A parallel implementation of the algorithm will be
applied at every image location and the transition probability
will be modified to include information from neighboring
pixels.
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(a) (b)

Fig. 6. Values of the basis W as a function of the subspace index. Basis for the horizontal and vertical components of the optic flow are shown in panels
(a) and (b), respectively. Solid lines: parameters learned by the GASSOM; dashed lines: fitted parameters.
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