Embedded neuromorphic vision for humanoid robots
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Abstract

We are developing an embedded vision system for the
humanoid robot iCub, inspired by the biology of the mam-
malian visual system, including concepts such as stimulus-
driven, asynchronous signal sensing and processing. It
comprises stimulus-driven sensors, a dedicated embedded
processor and an event-based software infrastructure for
processing visual stimuli. These components are integrated
with the existing standard machine vision modules currently
implemented on the robot, in a configuration that exploits
the best features of both: the high resolution, color, frame-
based vision and the neuromorphic low redundancy, wide
dynamic range and high temporal resolution event-based
sensors. This approach seeks to combine various styles of
vision hardware with sensorimotor systems to complement
and extend the current state-of-the art.

1. Introduction

The mainstream computational paradigm in embedded
vision is founded on the concept of digitized frames, ob-
tained by sampling the world at a regular fixed rate and
by processing sequences of “static snapshots”. Visual data
transfer, storage and processing are therefore time and CPU
consuming tasks, even though in most situations the amount
of information within each frame and across consecutive
frames is highly redundant. Using this approach, tasks
that seem effortless for animals such as object categoriza-
tion [20], motion estimation and direction of attention (to
name a few) require vast amounts of computing resources.
Even then, the outcome is hardly robust and often results are
obtained with latencies that do not allow efficient interac-
tions with the real world, in real-time. These problems are
further complicated by the fact that in sensory perception
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tasks the data being sensed and processed is typically noisy
and ambiguous. “Frame-based” time sampling and quanti-
zation artifacts present in conventional sensors are particu-
larly problematic for robust and reliable performance.

Conversely, in the nervous system computation is pre-
dominately stimulus driven, triggered by significant events
(spikes) which are produced either by the periphery — i.e.
the sensors — or simply by the system’s internal states. Neu-
ral computation is often characterized by primitives that
enhance variations and discontinuities, and discard redun-
dancies. For example, visual signals are typically encoded
by temporal and spatial contrast operations [ 8]; this, com-
bined with forms of automatic gain control, such as adapta-
tion and learning, allow the system to respond to a wide
dynamic range in the input signals, and to produce ap-
propriate behaviors in a wide variety of different condi-
tions [24, 17, 20].

Understanding the computational principles of biologi-
cal systems allows researchers to engineer these principles
into bio-inspired technology that can take advantage of the
strength of brain-like sensing and computing [22, 5]. This
approach is crucial for robots to robustly and reliably inter-
act with the real world in real-time and for the development
of fully autonomous robotic systems.

In this paper we describe the application of some of these
ideas in the development of a biomorphic vision system for
the Open Source humanoid platform iCub [31] (see also
http://www.icub.org/). In particular, we use the “Dynamic
Vision Sensor” (DVS) [19], which is a VLSI implementa-
tion of the transient signal pathway of the mammalian vi-
sual system that encodes visual scenes in an asynchronous
event-driven fashion. For the computing infrastructure we
developed a framework for processing the sensed signals
and producing motor outputs with event-driven algorithms
and procedures.



The use of asynchronous vision in humanoid robotics
offers the advantage of robust and adaptive signal encod-
ing. This in turn enables more efficient operation in dif-
ferent environments and conditions (e.g. lighting condi-
tions, fast moving objects and so forth). In particular, the
use of sparser temporal and spatial information extracted al-
ready at the input sensor level can lead to faster and lighter
computation, which will be eventually implemented on cus-
tom compact and low-power devices, ideal for autonomous
robotics.

In turn, the use of a sophisticated humanoid robot gives
the advantage of challenging the vision system with com-
plex tasks and movements, that would otherwise be more
limited, as is the case for experiments with desktop setups
and simple actuators. We exploit for example the six de-
grees of freedom of the head for generating saccades, ver-
gence, head and synchronized torso movements.

In the following sections we describe the iCub’s hybrid
visual system which merges a pair of asynchronous sensors
with the traditional frame-based vision'. After describing
the main hardware components we will then show a case
study with the implementation of logpolar visual attention.

2. Embedded asynchronous vision

The current implementation of the visual system com-
prises two DVS sensors, an embedded dedicated proces-
sor for asynchronous data processing, the General Address
Event Processor (GAEP) [14], and a Field Programmable
Gate Array (FPGA) used to interface the sensors to the
GAEP and to a CPU. These custom hardware components
are designed to communicate asynchronous data with a
spike based “address-event representation” (AER) proto-
col [23, 10]: the sensors produce events that are sent on
the communication bus in form of digital pulses associated
with the identity (or address) of the active pixel. The in-
formation is self-encoded in the timing of the events, it is
explicitly added to the address in form of a time-stamp only
when communication to a synchronous digital processor is
needed.

A software module collects streams of asynchronous
events that are then available for further processing and vi-
sualization. The asynchronous eyes replace the standard
frame-based cameras inside the eyeballs of the iCub, while
the standard cameras are placed on top of the robot’s head.
This second visual input is used in parallel to the asyn-
chronous cameras to complement the visual information
with color-based images currently needed for some visual
modules such as object-based attention, object segmenta-
tion and recognition.

'Dragonﬂy® 2, IEEE-1394a FireWire digital camera, on-board digital
processing, 1/3” Sony CCDs, from PointGrey
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Figure 1. (a) Picture of the miniaturized iHead board that hosts the
GAEP and the FPGA, connected with the asynchronous eyes. (b)
Data flow (the two functionalities of the FPGA board are imple-
mented on the same chip).

FPGA

time-stamping

FPGA

stream merging

GAEP

_—

usB PC

(b)

2.1. Vision Sensor

The asynchronous sensor mounted on the iCub is the
well known DVS, an event-driven AER sensor that detects
changes of contrast in its visual field and encodes them in
a sequence of digital pulses (events) that convey informa-
tion about the visual input in their relative timing. Each
pixel independently responds to variations of contrast in the
visual field, achieving a wide intra-scene dynamical range,
that makes the sensor capable of responding to a large inter-
val of contrast over different illuminations.

The DVS has been successfully used for fast robotic
applications [6], vehicle tracking and classification [13]
among others (see [9] for a review). Currently two DVS
cameras are mounted on the iCub and used to develop pro-
cedures and algorithms for asynchronous vision.

2.2. Embedded hardware

Figure | and 2 show the vision sensors and the embedded
hardware used for the first processing steps of asynchronous
data.

The event streams from the two DVS are tagged as
left/right and then brought together in the FPGA. This
stream is then forwarded to the GAEP where a first pro-
cessing step can be performed on the visual input. The data
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Figure 2. FPGA block diagram. Orange: Interface logic,
blue/striped: FIFOs, green: internal logic & control. Solid arrows:
AER data-path, dashed arrows: bias control for the DVS.

is then returned to the FPGA where it is time-stamped and
forwarded over a high-speed USB interface.

Figure 2 shows the FPGA internals that were developed
for this application. In the top part the AER streams from
the left and right DVS are merged and forwarded to the Sen-
sor Interface of the GAEP.

The lower part shows the GAEP to USB data-path,
where address-events processed by the GAEP are time-
stamped and then sent off via high-speed USB. This part
of the data-path is fully bidirectional such that the PC can
also send data to the GAEP, e.g. to configure its operations.

Another use of this reverse data-path is shown in the
center of Fig. 2: The FPGA can tune the DVS operating
conditions by means of on-chip programmable bias genera-
tors [8]. Initial setup of the bias values and on-line reconfig-
uration are done via configuration-address-events sent from
the PC to the Bias Control unit.

The block “Serial AER Extension” can optionally be
used to reroute the data coming from the GAEP to another
AER processing stage in order to extend the functionality
and processing done in the asynchronous domain.

2.2.1 General Address-Event Processor

The GAEP is based on a SPARC-compatible LEON3 core
with a custom data interface for asynchronous sensor data.
The GAEP responds to the need for transferring the in-
herently precise timing information of asynchronous events
into the synchronous domain at high temporal resolution (at
the input of the GAEP the maximal time resolution is 10
ns), combined with local processing capability functional-
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ity. The main functional hardware blocks of the GAEP sen-
sor interface include data transfer and protocol handshake,
data rate measurement, data filtering, time-stamp assign-
ment and input data buffer management.

As the asynchronous sensors respond to variations in the
visual input, the GAEP input data rate is highly variable,
hence the data rate measurement is used to control the pro-
cessor and the software execution, optimizing the use of re-
sources on the basis of the needs. This mechanism is in-
tended to bridge the gap between asynchronous and tradi-
tional frame based synchronous data processing.

In the final visual system implementation, the GAEP
will perform preprocessing of visual data, conveying infor-
mation about visual features (e.g. edge orientation) to the
robot’s core computing unit, where it will be used for ex-
tracting high-level information about the environment.

2.3. Software

The software procedures for handling and computing
with events are built using the YARP middleware [I1].
Designed to implement high degree of parallelism by fa-
cilitating concurrent processing and distributed computing,
YARP provides libraries that allow nodes to easily commu-
nicate in a generic network. This approach is bio-inspired,
as parallel processing is one of the key features of brain
computation accounting for fast response time [32]. In
YARP, parallel processing could be implemented by dis-
tributing computation over many different processors that
communicate on a common network. Figure 3 shows the
specific instantiation of the network on the system described
in this paper (in general the robot can support various net-
work and device configurations). The iCub is placed on a
mobile holonomic platform that enables navigation on a flat
terrain. A PC104 standard CPU unit is located inside the
head of the robot. The FPGA of the iHead board is directly
connected via a USB connection to this CPU unit, where a
device driver provides the possibility of reading and writing
events to the board. From this point on the events arriving
from the visual sensors are made available on the local net-
work via Gigabit Ethernet. An i7 CPU PC is placed on the
mobile base and is connected to the Gigabit Ethernet. Given
its computational power and the high performing connec-
tion with the PC104, most of the real-time processing is
allocated in this node. Other nodes can be connected to the
network through a WiFi connection, with potentially unlim-
ited number of nodes for other tasks.

2.3.1 Event-based modules

The aexGrabber module collects events from the FPGA and
broadcasts them to the YARP network, minimizing the over-
head that could come from multi-point communication be-
tween computing nodes. This module can also send events
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Figure 3. Picture of the iCub computing infrastructure: each com-
puting node is connected to the network, the PC104 and i7 core are
connected by a Gigabit Ethernet and communicate with the rest of
the network by means of a WiFi connection.

to the FPGA board, this option is used to configure each vi-
sion sensor and optimally tune their behaviour. Any other
module can read the events from the flux of data in the net-
work as they travel as multicast datagram packets. Among
them, the frameConverter module groups events into se-
quences of constant time frames for easy visualization of
the input stimuli as traditional movies on a computer screen.
Events are read from the network and only those whose
timestamps belong to the current frame (delimited by ini-
tial timestamp ¢; and ) are represented in their respective
location of the visual field. In this process we initially syn-
chronize the timestamps of the frame with the counter clock
of the FPGA board and then increment them of the elapse
of time between two successive frames.
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(a) Transformation from the Cartesian coordinate space to the
logpolar coordinate space.

(b) Transformation from the logpolar to the Cartesian coordi-

nate space.
Figure 4. Logpolar mapping of events. Each event is represented
as a dot (white for transitions from dark to light and black for the
opposite transition).

3. An example: visual attention

As an example application of the whole system to a spe-
cific problem of computer vision, in this section we will de-
scribe the implementation of visual attention on the newly
developed visual system.

The visual attention framework is designed using the
logpolar mapping of the visual input channel. The logpo-
lar mapping is a model of the topological transformation of
the primate visual pathways from the retina to the visual
cortex. In the human eye, the distribution of photoreceptors
has a high density centre, the fovea, and progressively de-
grades towards the periphery. This arrangement preserves
high resolution in the fovea, needed for high detail analysis
of visual input, and at the same time optimizes data com-
pression with respect to the width of the visual field, where
the low-resolution activity in the periphery is used to redi-
rect the gaze at a new fixation point. Finally, it is shown that
the use of logpolar images increases the size range of ob-
jects that can be tracked using a simple translation mode [3].

The generation of the logpolar events is realized as soft-
ware task in the GAEP. Each address event consists of three
fields: z, y Cartesian coordinates and polarity of the con-
trast change. After extracting the coordinates of each ad-
dress event, the transformation into the logpolar representa-
tion is retrieved from look up tables, whose parameters are
computed from [1]. It is handled as simple procedure call
in a C-based AER application framework. The resulting
mapping is shown in Fig. 4(a). The look-up table imple-
mentation on the GAEP of the logpolar transform enables a
flexible, fast and low-power calculation of logpolar events
that does not interfere with the high temporal resolution of
the sensors’ events.

In order to have a better comprehensive visualization of



this transformation, the logpolar representation can be pro-
jected back in the cartesian space, as shown in Fig. 4(b).
This transform illustrates the retinal organization with the
high concentration of photo-receptor cells at the center
(fovea), that decreases towards the periphery. As this rep-
resentation is done for visual purpose only, its computation
is let to an external module to avoid unnecessary use of the
GAEP.

The logpolar events are then sent to the PC104, where
they are collected by the aexGrabber for further process-
ing. Specifically, the frameConverter module collects the
events and creates packets synchronized with the CPU time
scheduling, creating artificial frames that, differently from
standard frames, preserve the timing information of events
belonging to the same frame. While developing modules
for event-based artificial vision, the representation of events
as frames is a crucial step toward the innovative goal of
integrating traditional visual perception with event-driven
perception. Processing events that have temporal and spa-
tial information brings evident advantages in both the com-
putation required for processing and the discrimination of
stimuli with respect to time. The first step towards this
goal is the integration of event-based attention modules with
the available iCub attentive system, needed to direct atten-
tion and gaze towards salient regions of the visual input, as
shown in Fig. 5. The visual attention system is shaped on a
model of stimulus-driven primates spatial attention [ 5], en-
riched with object-based components. In the spatial-based
approach the location to attend is determined after the com-
putation is carried out on the complete set of sensory cues.
On the other hand, in the object-based approach the pro-
cessing is performed only in the subpart of the sensory
space where the object is localized even before it is rec-
ognized [25].

In biological vision, neurons at the early stages of pro-
cessing (e.g. the lateral geniculate nucleus, the primary
visual cortex, etc.) respond to simple visual attributes
such as intensity, contrast, orientation, motion and colour
opponency. At a higher level, neurons respond also to
corners [26] and edges that improve the richness of ex-
tracted features. Combining together these features, the
model identifies views of object [12, 33] or proto-objects
[28, 16, 29]. Motivated by this evidence, we designed the
computing infrastructure for the emulation of the early vi-
sual stages of processing. Centre-surround receptive fields
and feature map normalization [15] are obtained by convo-
lution with difference of Gaussians. For instance, the re-
sponse of center-on and center-off neurons is computed by
convolving the luminance channel of logpolar images with
a difference of Gaussian. At higher level, edges and ori-
entations are extracted and fed as input to the proto-object
extractor.

Event-based motion, orientation and contrast represent
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Figure 5. Representation of different layers of processing of the
visual attention implementation.

additional feature maps that will be added later into the
computation of the saliency map.

These feature maps are then combined together by
weighting each of them depending on the current task, im-
plementing a simple form of top-down attentional bias.
From this process we are able to extract the saliency map
and apply a winner-take-all competitive stage [15] which
sequentially selects salient regions of the visual field, in
order of decreasing saliency. This information is used to
re-direct the gaze of the robot towards interesting regions
of the scene. The saccade command is generated by a
dedicated software module, the gazeArbiter, that smoothly
changes its state between a set of possible oculomotor com-
mands and finally asks the head controller to recalculate
head and torso configuration in space to reach the new fix-
ation point. The gazeArbiter contains also additional ocu-
lomotor commands as required to control vergence or high
priority saccades. The former is used to control the angle of
vergence that brings an object at zero disparity in the fovea
of both cameras [21], the latter can be used when a persis-
tent train of events in the periphery attracts the attention as
a sudden and very salient event.

The combination between event-based and frame-based
colour feature maps augments the skills of the humanoid
robot; in addition, through event-based and logpolar vision
we are able to require a smaller amount of computation
power. This allows the system to evolve towards autonomy,
in the way processing can be restricted to the mobile infras-
tructure, and asks only a minor part of the process to be
allocated on external computing nodes.



4. Conclusions

We presented a hardware-software infrastructure for de-
veloping vision optimized for robotics which uses biomor-
phic concepts. In particular, we used the humanoid plat-
form iCub by modifying the cameras and replacing elec-
tronics and certain interfaces. At the hardware level, we
integrated the DVS cameras, a custom processor (GAEP)
and FPGA, using the asynchronous AER communication
protocol as interface. At the software level, we developed
the basic processing modules required for the development,
evaluation and debugging of asynchronous artificial vision
algorithms.

As a first step, we integrated the asynchronous vision
system with the robot’s standard frame-based color vision
system, and developed a logpolar attentive module that
makes use of feature maps computed using both traditional
and novel event-driven vision sensors. We followed a mod-
ular approach, to allow progressive instantiation of addi-
tional event-based modules, implemented for example on
embedded hardware such as the dedicated GAEP (e.g. for
logpolar mapping of events and feature extraction) or on
standard PC systems. This modular approach will allow
us to interchange and combine frame-based vision sensors
with event-based processing systems; the latter has a much
smaller computational cost.

Future work will explore the implementation of dedi-
cated custom logpolar asynchronous vision sensors, based
on recent developments [30, 7, 27], for encoding spatio-
temporal contrast or intensity levels using a non-uniform
retinotopic arrangement of pixels. This new endeavor, com-
plemented by the recent developments on color-based asyn-
chronous vision sensors [4], will lead to a new set of pow-
erful vision sensors for event-based frame-less machine vi-
sion.

We plan to integrate custom AER chips for post-
processing of sensory events, by means of the serial con-
nection mentioned in Sec. 2.2. Specifically, in the context of
the implementation of visual attention we will integrate the
Selective Attention Chip (SAC) [2]. The SAC is an asyn-
chronous neuromorphic chip that receives the calculated
saliency map as AER input and implements a winner-take-
all competitive stage together with a self-inhibition mecha-
nism know as inhibition of return (IOR) [15] to eventually
produce the targets for subsequent saccades.

The implementation of the asynchronous visual system
on an Open Source robotic platform such as the iCub, ca-
pable of meaningful interaction with the real world in real—
time, is the key to validate the advantages of the neuromor-
phic approach and make them available to a wide commu-
nity.
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