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Abstract

In the neurological system of primates, changes in posture are de-
tected by the central nervous system through a vestibular process.
This process, located in the inner ear, coordinates several system out-
puts to maintain stable balance, visual gaze, and autonomic control
in response to changes in posture. Consequently the vestibular data is
merged to other sensing data like touch, vision, .... The visuo-inertial
merging is crucial for several tasks like navigation, depth estima-
tion, stabilization. This paper proposes a “primate-inspired” sens-
ing hardware, based on a CMOS imaging and an artificial vestibu-
lar system. The whole sensor can be considered like a smart embed-
ded sensor where one of the most original aspects of this approach
is the use of a System On Chip implemented in a FPGA to manage
the whole system. The sensing device is designed around a 4 million
pixels CMOS imager and the artificial vestibular set is composed of
three linear accelerometers and three gyroscopes. With its structure,
the system provides a high degree of versatility and allows the im-
plementation of parallel image and inertial processing algorithms.
In order to illustrate the proposed approach, depth estimation with
Kalman filtering implementation is carried out.

KEY WORDS—CMOS imager, visuo-inertial sensor, depth
estimation, Kalman filter, smart sensor SeeMOS

1. Introduction

In a biological system, the sensing mechanisms are gradually
integrated with the actuating mechanisms in order to achieve a
mature performing system. Among these sensing mechanisms,
the fusion of visual and inertial data has many high-potential
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applications in navigation, eye stabilization, equilibrium,... In
humans, the visuo-inertial perception is performed by the eyes
and the inner ears, and the cognitive system merges the infor-
mation in order to solve a given task.

In an artificial approach, the perception of visuo/inertial
data in one whole dedicated system remains a real challenge!
Many previous studies propose the use of a classical CCD
camera with a custom inertial set or gyro sensor (Mukai and
Ohnishi 1999)� Huster and Rock 2001� Strelow and Singh
2003), stereo visuo-inertial system (Lobo and Dias 2004) or
consider only a moving camera on a straight train track with
approximate constant velocity (Qian et al. 2001) to perform
a robust structure from motion estimation. In this paper, we
propose a customized smart sensor based on a CMOS im-
ager, three linear accelerometers and three gyroscopes. The
main originality is the system management by a System-On-
Chip integrated in a FPGA. Our approach allows most of the
early perception process to be performed in the processing unit
(FPGA), which just sends the main sensing features to the host
computer so as to reduce the classical communication bottle-
neck. Another advantage of this method is the possibility of
real-time feedback from the sensors. This allows active tuning
of the different parameters in order to optimize the perception,
similar to primate perception, where, for example, in strong
light the pupil contracts and becomes small, but still allows
light to be cast over a large part of the retina.

In this work, we focus on the description of our embedded
sensor dedicated to visuo-inertial perception which can be seen
as a reactive architecture. Indeed traditional visuo/inertial sen-
sors are composed of a camera on which the inertial sensors
are fixed. The combination of these two sensor modalities is
the complementary characteristic of camera and inertial sen-
sors. On one hand, the inertial sensors can measure very high
velocities and accelerations and on the other hand, the cameras
can track features very accurately at low velocities. In our case,
the inertial sensors are directly aligned and integrated close to
the imager. The use of CMOS imaging technology allows an
increase in the image frame rate by selecting only the window
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of interest (WOI) in the image and consequently allows a high
speed synchronous visuo/inertial date rate. For this reason, the
system presented in this paper can be considered, above all,
as a research platform for a smart visuo/inertial sensor. In the
next section, a broad overview of the hybrid smart sensor is
proposed. Secondly, an application involving depth estimation
is presented and results are shown that prove the relevance of
the approach.

2. Hardware Description

The goal of artificial vision research is to exploit images
or image sequences generated by sensors, in order to effec-
tively translate an environment. From this translation, different
processes can be used to identify or inspect an object, control
robots, etc. In this next development stage, the problem is to
interpret an environment, so as to identify the set of objects
present in a scene. The first way to treat the vision problem
is to carry out passive vision approaches, which is the classi-
cal way to analyze images. In contrast, another approach exists
known as “active vision”, which is the result of an attempt to
simulate the human visual system. Dealing with human vision,
head motions, eye jerk and movements, the way the eyes adapt
to lighting variations, and specially the vestibular system in
the inner ear, which gives essential inertial information, fun-
damental to the perception process.

Based on this concept, our approach consists of integrating
the control of the imager and the inertial sensor in the per-
ception loop, especially in the early perception processes. By
integration of early processing and a combination of visual and
inertial mechanisms, close to the imager, a reactive sensor can
be designed. With such a smart sensor, it is possible to per-
form basic processing and selection of relevant features close
to the imager. The inertial data may be seen as complementary
information (stabilization,...) or real data fusion (depth esti-
mation,...). Of course, vision tasks are numerous and varied,
and the choice of a versatile architecture based on a repro-
grammable chip is natural (Dehon 2000). For example, FP-
GAs have previously been used to accelerate real-time point
tracking (Benedetti and Perona 1998), stereo-vision comput-
ing (Woodfill and Von Herzen 1997), color-based object detec-
tion (Benitez Cabrera 1999), and video and image compression
(Bohm et al. 2002). In our case, the notion of SOPC (System
On Programmable Chip) describes the whole system.

Moreover, most vision applications are often focused on
several small image areas and consequently acquisition of the
whole image is not always necessary. From this observation, it
is evident that one of the main goals of an efficient vision sen-
sor is to select Windows Of Interest (WOI) in the image and
concentrate processing resources on these. Then, the notion of
local study is predominant and the choice of the imaging tech-
nology becomes crucial.

2.1. Global Hardware Architecture

The global processing system is composed of a System On
Programmable Chip (SOPC) in which an entire system of com-
ponents is put on a single chip (FPGA). An overview of the
embedded vision system is shown in Figure 1.

This modular architecture is composed of three modules:

� Sensing device board: CCD and CMOS are the two
most common imaging technologies used today in in-
dustrial digital cameras. A particularity of CMOS im-
agers is to adopt a digital memory style readout, using
row decoders and column amplifiers. Random access of
pixel values is possible and allows one to select readouts
from windows of interest. In this way and in contrast to
CCD imagers, it is possible to obtain a high speed imag-
ing capability by addressing only a small region in the
image.

This board is composed of a CMOS imager (LUPA 4000)
manufactured by Cypress. This 4 megapixel CMOS active
pixel sensor features synchronous shutter and a maximum
frame-rate of 15 fps at full resolution. The readout speed can
be boosted by means of subsampling and windowed Region
Of Interest (ROI) readout. Dynamic high range scenes can be
captured using the double and multiple slope functionality. The
dynamic optical range can be up to 67 dB in single slope oper-
ation and up to 90 dB in multiple slope operation.

The inertial set is composed of two 2D linear accelerom-
eters ADX L311 designed by Analog Devices and three gy-
rometers E NC03�M designed by Murata. These sensors are
soldered onto the imager PCB and aligned with the imaging
device. A single 8-input analog to digital converter allows con-
version of measurements on different axes. It is also important
to mention here that a temperature sensor is included in this
board to regulate the inertial sensors derivations.

� Main Board:
This is the core of the system (Figure 3) and is designed
around a Stratix EP1S60 manufactured by Altera. The
need for strong parallelization was what led us to con-
nect 5 � 2 MB SRAM asynchronous memory blocks.
Each 2 MB memory has private data and address buses.
Consequently, in the FPGA, 5 processes (using 2 MB
each) can address all the memory at the same time and
an SDRAM module socket provides an extension of the
memory to 64 MB (Figure 2). This choice for Stratix is
argued below.

First, Stratix is optimized to maximize the performance
benefits of SOPC integration based on a NIOS embedded
Processor. A NIOS processor is a user-configurable soft core
processor, allowing many implementations and optimization
options. The NIOS CPU is a pipelined general-purpose RISC
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Fig. 1. Overview of the camera and synoptic of the assembly.

microprocessor. It supports both 32-bit and 16-bit architectural
variants and both 16 and 32-bit variants use 16-bit instructions.

Secondly, Stratix integrates DSP Blocks. These embedded
DSP Blocks have been optimized to implement several DSP
functions with maximum performance and minimum logic re-
source utilization. Furthermore, these embedded DSP Blocks
can be used to create DSP algorithms and complex math rou-
tines in high-performance hardware DSP Blocks and access
them as regular software routines or implement them as cus-
tom instructions to the NIOS CPU.

Lastly, the Stratix device incorporates a configurable inter-
nal memory called TriMatrix memory. The TriMatrix mem-
ory is composed of three sizes of embedded RAM blocks. The
Stratix EP1S60 TriMatrix memory includes 574 M512 blocks
(32�18 bits), 292 M4K blocks (128�36 bits), and 6 M-RAM
blocks(4K � 144 bits).

� Communication board: This last board is connected to
the main board and manages all communications with
the host computer. The communication bus is a high-
speed USB2.0 and the Cameralink forms part of the
study.

2.2. Architectural Design

The goal of the proposed design is to create a flexible interface
between the sensing device board (Figure 2) and a host com-
puter to exploit the advantages of the SOPC described above.
The design is based on a master entity which synchronizes
and defines the control parameters of a set of modules. This
set of modules acts on various points of the acquisition chain.
The master entity is synthesized by a NIOS soft core proces-
sor (Module M0). The role of master entity (easily defined by
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Fig. 2. Overview of sensing boards assembly and synoptic diagram.

Fig. 3. Global synoptic of the hybrid sensor.

the software) is to synchronize the whole sensor. It ensures an
efficient interfacing between several control modules (Mod-
ule Px) and external devices. An internal RAM (Module R0)
is used to store the instructions sequence which defines mas-
ter behavior. The role of the NIOS is twofold: first, it con-
trols the slave device described by the synoptic scheme in Fig-
ure 2. Secondly, the NIOS manages communication flows with

the host computer (Module H0). Two NIOS peripherals are
dedicated to communication management. The host computer
sends requests in order to indicate to the master entity the rel-
evant behavior to adopt. While the master entity may be busy
dealing with other tasks, the module (Module P4) stores host
computer requests. Then, when the master is released, it con-
sults the stack of requests. The second peripheral, dedicated to

 at PENNSYLVANIA STATE UNIV on September 15, 2016ijr.sagepub.comDownloaded from 

http://ijr.sagepub.com/


Chalimbaud, Marmoiton, and Berry / Towards an Embedded Visuo-Inertial Smart Sensor 541

Fig. 4. Block diagram of implemented architecture in the FPGA.

communication, drives image data towards the host computer
and acquisition window parameters towards the master entity.

One the most important part of the design is the module
P3. This module is the core of the embedded processing. The
different data flows (corrected windows of interest and inertial
measurements) can be treated by parallel computing (Process
1,...). In our case, only the image processing consisting of a
feature detection (thresholding and barycentre detection) have
been implemented.

3. Depth Estimation

In this section, we propose an implementation of a depth esti-
mator on our platform. The application works on a combina-
tion of inertial and visual data to recover the depth of a sim-
ple scene. Traditionally, the vision reconstruction from non-
calibrated image sequences allows to reconstruct 3D scene
with a scale factor (Lhuillier and Quan 2002). However, these
kinds of reconstructions are expensive computationally and in
most cases, are not compatible with “real time constraints”.

The use of inertial and visual data is a new way to handle this
question (You and Neumann 2001). Indeed, as is explained be-
low, successive camera positions are computed with the iner-
tial sensors’ information while visual features can be measured
in the images. Under the assumption that the observed features
are static, a standard stereovision method (Faugeras 1993) can
be applied to recover 3D information. In the next paragraph,
the use of visual and inertial data is discussed and a 3D recov-
ering algorithm using a Kalman filter is proposed.

3.1. Visual Features

Assuming that a camera performs an exact perspective projec-
tion, the image formation process can be expressed as a pro-
jective mapping from �

3 �� �
2, where �n is an n-dimensional

projective space1.

1. The af�ne space �n can be embedded isomorphically in �n by a standard
injection
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Fig. 5. Configuration of the vision system.

If we consider a 3D point M � �3, its relation with m � �2

(projection of image on plane M) is given by the well-known
relation:

m � PM (1)

where

M �

�
�������

X

Y

Z

1

�
�������
� P �

�
���
�u 0 u0 0

0 �� �0 0

0 0 1 0

�
��� �

m �

�
���

U

V

�

�
��� �

�
���

x

y

1

�
���

where x � U
�

and y � V
�

are the coordinates of the detected
feature and � is a scale factor, (u0, �0) is the center of the image
plane and �� , �� considers the difference of focal length along
the x and y axis.

Between times 1 and i , the camera can be considered as a
stereovision system (Figure 5) where the point M is projected
in both frames R1 and Ri .

First, we express the homogenous transformation matrix Ti

at t � i as

Ti �

�
�������

qT
1i q14i

qT
2i q24i

qT
3i q34i

0 1

�
�������

(2)

where qT
ji � j � 1� 2� 3� are (3x1) vectors and q j4i is the trans-

lation between R1 and Ri . These vectors represent the rotation
and the translation of the transformation respectively and can
be obtained by the inertial sensors. This is discussed in the
next section. So, at t � i , the projection of one point in the 2D
image plane is expressed as:

mi � P�Ti M� (3)

The development of this relation gives:

���	
��


xi �� � ��uqT
1i 	 u0qT

3i �M 	 �uq14i 	 u0q34i

yi �� � ���qT
2i 	 �0qT

3i �M 	 ��q24i 	 �0q34i

� � qT
3i M 	 q34i

and the substitution of � results in the following equations:�	



��uqT
1i 	 u0qT

3i � qT
3i ui �M � q34i � �uq14i � u0q34i

���qT
2i 	 �0qT

3i � qT
3i�i �M � q34i � ��q24i � �0q34i

(4)

which can be rewritten as:

Ai M � bi (5)

where Ai is a (2x3) matrix involving the matrix P and Ri of the
i th position of camera and the coordinates of pixel mi . When
we consider n positions from i � 1 to i � n, eq. 5 can be
written as:

A�M � b

where A is a �2n � 3� matrix obtained by stacking the n ma-
trices Ai , and b is a �2n� vector obtained by stacking the n
vectors bi .
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A solution to estimate the 3D position of M can be obtained
by applying least squares methods and is (when rank(A) = 3):

M � �AT A��1 AT b�

For every i , images and inertial data are synchronously
grabbed by the sensor and processed by SOC board. On every
40ms, an image and the whole inertial measurements can be
processed by the FPGA and the host computer.

3.2. Inertial Features

As is explained above, the inertial features are measured by
three accelerometers and three gyrometers and the estimation
of Ti can be done by a rough integration (Chalimbaud et al.
2005) of the inertial data such as:

Ti �

�
�������

qT
1i q14i

qT
2i q24i

qT
3i q34i

0 1

�
�������

with the translation terms
�
���

qx

qy

qz

�
��� �

�
���

q14i

q24i

q34i

�
��� �

�
���

q140

q240

q340

�
���

	 �T 2

2

i�1�
k�0

�
�2��i � k�� 1�	 k



�T

and the rotation matrix
�
����

qT
1i

qT
2i

qT
3i

�
���� � expAS�
 i �

with AS�
 i � �
0 �
 zi 
 yi


 zi 0 �
xi

�
 yi 
xi 0

and 
 i �
�
���

 xi


 yi


 zi

�
��� � �i

k�1 �k�T and �T is the period between two

measurements. These relations come from the Rodrigues’ Ro-
tation Formula and the interested readers can find more details
in Brockett (1983).

This approach is natural but implies a drift in the attitude
computation that accumulates with elapsed time due to the
intrinsic noise of the sensors. In order to reduce the noise
influence of the inertial data, a Kalman filter (Kalman 1960�
Bar-Shalom and Li 2001) is used on the following state vector
Xi :

Xi �

�
����

�
���

qx

qy

qz

�
���

T

�

�
���


qx


qy


qz

�
���

T

�

�
���
	 x

	 y

	 z

�
���

T

�

�
���


	 x


	 y


	 z

�
���

T

�

�
���

 xi


 yi


 zi

�
���

T

�

�
���
�x

�y

�z

�
���

T

�

�
���


�x


�y


�z

�
���

T�
���� �

We can write the discretized state equation with sampling
period �T as:

Xi	1 � F�Xi 	 ��i�

where F is the discretized state transition matrix of the system.
The size of matrix F is 21� 21, so to simplify, we only give F
for one axis:

F �

�
�������������

1 �T �T 2

2
�T 3

6 0 0 0

0 1 �T �T 2

2 0 0 0

0 0 1 �T 0 0 0

0 0 0 1 0 0 0

0 0 0 0 1 �T �T 2

2

0 0 0 0 0 1 �T

0 0 0 0 0 0 1

�
�������������

� eA�T

and ��i� is the discrete-time process noise represented by (21�
21) covariance matrix Qi such as

Qi � E[��i��T �i�]

with ��i� � � �T
0 eA��T����D� ���i��T 	 ���d� . D is a combi-

nation vector and ���i� is the spread of the mean terms. In this
case, considering only one axis, the covariance of the process
noise is (for x axis):
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Qix �

�
���������������

1
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1
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�

The observation process is

Yi � H�Xi 	W �i�

where W �i� is the noise of the measurement system and is rep-
resented by a covariance matrix Mk and the observation matrix
H is given by:

H �

�
����������������������������

�0�6�6

1 0 0 0 0 0

0 1 0 0 0 0

0 0 1 0 0 0

�0�6�6

0 0 0 1 0 0

0 0 0 0 1 0

0 0 0 0 0 1

�0�3�6

�
����������������������������

�

From the noise on the sensor (provided by the datasheet)
and considering the nominal quantization step of the Analog
to Digital Converter, the covariance matrix Mi becomes:

Mi �

�
�������������

0� 02 0 0 0 0 0

0 0� 02 0 0 0 0

0 0 0� 02 0 0 0

0 0 0 0� 004 0 0

0 0 0 0 0� 004 0

0 0 0 0 0 0� 004

�
�������������

The state vector now changes to:

Xi	1 � Xi	1� i 	 K �Yi	1 � H Xi	1� i �

where Kalman gain K is K � Ni	1� i HT �HNi	1� i HT 	Mi �
�1

and the covariance matrix Ni	1 can be associated with the vec-
tor Xi	1 with:

Ni	1 � ��6 � K�H�Ni	1� i �

Here we note that inertial sensor and imager are aligned,
consequently matrix Ti can be directly estimated from the
sensing measurements. In the most general case where inertial
sensor and imager are not aligned, a calibration step is needed
to estimate the transformation matrix between the image frame
and the inertial frame.

3.3. Results

In this section, we present the first results for a position estima-
tion. First, we show a simulated result obtained with Matlab.
Secondly, real results are given to validate our approach.

3.3.1. Simulation

In this simulation, the initial position of M (in the camera
frame) is M � �0�5� 0�5� 5�T and the coordinates of m are
synthesized in the images with an accuracy of 1 pixel.

Figure 6 presents the depth estimation for a combination of
acceleration and a rotation. The camera motion is parameter-
ized by 	 � �0�2� 0�3� 0�5�T .

On the figure, a drift in the inertial information of
(�0�03� 0�03� 0�03�T ms�2) is injected and an offset estimation
appears.

On Figure 7, a rotation velocity of � � �0�3� 0�2�
0�1�T is added to the camera movement with a drift (�0�02�
0�02� 0�02�T rads�1 and zero mean white noise(
 Noise Accel �
0�01m�s�2 and 
 Noise Rot � 0�005rads�1).

After 150 iterations, the system does not converge due to
the drift.
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Fig. 6. Z estimation with a movement of translation with drift.

Fig. 7. Z estimation with a combination of translation and ro-
tation with drift.

3.3.2. Experimental Results

In the experiment, the camera was subjected to motion along
the x-axis. For the visual data, we only consider a point pro-
jected by a laser tracker on a white plane. This point is detected
in the image by thresholding and the depth estimation consists
in the estimation of the distance between the camera and the
plane. The distance is fixed at 1.4 m and the focal length of the
camera is 6 mm.

Figure 8 shows depth estimation of the point M. After con-
vergence, the results are as follows:

� With Kalman Filter (Blue curve):

– Estimated depth after t � 1�12 s is 1.394 m

– Estimated depth after t � 4 s is 1.243 m

Fig. 8. Z estimation with movement along the x-axis.

� Without Kalman Filter (Red curve):

– Estimated depth after t � 1�12 s is 1.237 m

– Estimated depth after t � 4 s is 0.881 m

Without the Kalman filter, a drift is measured after several
seconds giving a typical biased depth estimation. However, the
reconstruction accuracy shows the validity of the sensor.

4. Conclusions

This paper reports on the building of a sensor dedicated to
visuo-inertial measurements. Its main originality consists in
using a CMOS imager, FPGA architecture and inertial sen-
sor to make a versatile smart system. The proposed embedded
system attempts to define a global coordination between iner-
tial data, low-level processing and visual tasks. The approach,
based on FPGA Technology and a CMOS imager, reduces the
classical bottleneck between sensor and processing unit. Vi-
sual and inertial sensing are two sensory modalities that can
be explored to give robust solutions for image segmentation
and recovery of 3D structure from images, increasing the ca-
pabilities of autonomous robots and enlarging the application
potential of vision systems.

In this paper, after the presentation of the sensor, a method
for depth recovering is proposed and applied to the sensor data.
Assuming that the observed features are static, we have used a
standard stereovision method. A Kalman filter is used on iner-
tial data to take account of noise, and allows efficient filtering
of the raw measurements. We have also developed a DSP board
in order to improve the computation capabilities of our sys-
tem. With this device, our embedded system will evolve into
a heterogeneous architecture and new research into co-design
between the FPGA and the DSP will be necessary.
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