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Abstract
This paper presents the development and
characterisation of a low-cost optical sensor

module, to be used for localisation. The modules
contain CMOS sensors found in optical mice with
modified optics. The sensory data has been
characterised against distance to objects and image
quality. We propose a mathematical model to
transform the sensory data into data suitable for
sensor fusion. Tests show that the transformation
successfully removes error bias, and the model also
allows the variance of residual errors to be
estimated. This allows data with lower image
quality to still be useful for estimation, extenglin
the useful range of distances of the optical sensor
module, and allowing more accurate estimation of
velocity.

Introduction

Optical flow is the flow of intensity patterns [Horand
Schunck, 1980] in consecutive images. This flowesaue
to the movement of the imaged object to a statgeoler or
vice versa. This property of being able to detecv@ments
allows use of optical flow in localisation, partiatly in

mobile robotic applications.
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Low-cost optical flow sensors

Several imaging devices can be used to implemetitabp
flow techniques. However, until recently opticalol
sensors have predominantly been standard camehase T
cameras typically provide high resolution imagesup to
30 frames-per-second. The maximum speeds detedable provide a frame rate of 1500Hz of the 18x18 pixehges,

limited by the low frame rate and subsequent imagehe mouse chips[Avago Technologies, 2008], areitalsla
processing.

An alternative to cameras are low-resolution CMOS

To calculate optical flow, one needs to find image
correspondence in consecutive frames and calculase
displacement per sequence i.e. the velocity. Fatain
present CMOS sensor technologies already do babeth
primary processes, assuming a few factors are aiaéd.
These factors include sufficient lighting, constaigtance
to imaged surface and movement slower than praugssi
these CMOS sensors, which are typically greatar fliddz.
Thus, if one can control the range and accuracyhef
sensors, they can become a feasible and inexpemsitheod
for localization in many motion applications sucls a
unmanned vehicles, robot limbs, flight control, necat
imaging, obstacle avoidance, person tracking and
manufacturing.

Griffiths et al. made use of optical mouse senfars
the optical flow system in their fixed-wing MAVs [ifHiths
et al., 2006]. Use of optical mouse sensors astamce of
up to 16mm for odometry [Bradshaw et al., 2007] basn
investigated, achieving a repeatability of at bé&s8%
standard deviation at 9.5mm distance from a suyfawer a
movement of 127mm. No one has further characterised
optical mouse sensors operating away from surfaces.

1.2 Objective

The long term goal is to achieve 3D localisatiorfiing a
number of optical flow sensors. To move towards tioal,
we aim for:

1. The development of a cost-effective optical flow
sensor.

2. The characterisation and analysis of the developed
sensor under various conditions.

1.3 ADNS CMOS circuits

The development of the optical flow sensor is besedind
the Agilent Technologies ADNS2610 and 2620 optical
mouse chips, Figure 2. With a small footprint ofmid
x12.5mm, inbuilt processing [Avago Technologies)&0to

solution for optical flow sensing.
The low power ICs are capable of providing three

integrated circuits, often used in computer micéie T main outputs, namely the detected movements in 2
motivating factors behind the use of CMOS imagessen dimensions and a surface quality number (SQUAL)e Th

are

its cheap price, existing industry, relativedw power

consumption and existing on-chip displacement msiog.

CMOS chips use feature correspondence to traclctsbje
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The level of reliability ofthis correspondence
associated with SQUAL. lis generated by halvg the
number of features that the integrated circuit cte!

Figure 2 ADNS2610 integrated circuit

2 Optical Design

So that the optical sensors can ok useful images to
localise with, appropriate lersanust be fitted to focuat
desired distances.

Two Lens Mounts

Interfacing Circui

Figure 4 Optical Prototype Setup
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Figure 3 The extent in space where objects are in foc

The most important parameters of performanc
an optical system includée depth of field, and the angle
view, shown in Figure .3They describe the 3D space wh
the sensor’s image of obje (what a camera is seeing) is
well focused. Outside thdepth of field, objects becon
blurred, whilethe angle of view shows where objects
visible.

Laser Spot Obje



Another performance parameter is the level of light489mm based on estimated internal characteristicheo

required. We have attempted to make the systeratseifor
indoor use. Indoor lighting is comparatively veryeak
compared to natural outdoor light, meaning thatdéesor
should be able to capture images at the lowesilpedght
levels. This can be controlled by increasing thertpe
size, or the area of the outer lens which captanesfocuses
light onto the sensor. However doing so also reslube
depth of field, which is important for general usSghe
reduction results from larger apertures creatingenaur
when the lenses do not focus light perfectly, athécase
when objects deviate from the nominal focal distarithe

light levels required and the depth of field cannot
is a

simultaneously be improved arbitrarily, so it
compromise between the two, and the only way torawvg
both is with a more sensitive CMOS sensor. The ADN
chips used requires a minimum light intensity ofr88/n?
on the sensor, or around 0.1uW.

Based on our analysis of the parameters of the

optical system which affect the optical performgnee
have opted for a telephoto lens setup, which ire®ltwo
lenses, an outer convex lens, and an inner conlemse
positioned as shown in Figure 1, primarily to allawnuch
smaller optical system. A single lens can be useathieve
an equivalent performance as in [Griffiths et 2006], but
the space required to do so can be much largerreabe
many applications, especially for robotic localigat have
limited space. Telephoto lenses tend to resuliallsangles
of view, which is desirable, as large visible argssan that
different parts of the image are more likely torfloptically
in different ways.

The properties of an optical system can be analys
through ray-tracing of light as shown in Figure 1.

3 System experimentation and results

3.1 Experiments to develop a telephoto mouse
module

To verify the telephoto lens
model, and the concept of using a
mouse sensor to take images at a ¥
distance, an initial prototype was
constructed on an optical bench
(shown in Figure 3), courtesy of
equipment from the Auckland
Bio-Engineering Institute. The
prototype consisted of aspherical &=
condenser lens with 27mm focal Figure 5 Image a
length, and a biconcave lens with 150mm distance
-100mm  focal length. By

positioning the lenses at different

distances relative to the ADNS chip, different resgf
depth of field can be obtained. Initial images acs
appeared suitable, for example as seen in Figuvéebalso
attempted to verify that the depth of field wass@able for
practical use.

3.2 Verification of depth of field

The lenses were nominally positioned gtid.1mm, and
dy,=29.8mm, giving a calculated depth of field of 4280

ADNS chip. The calculated values are very inacejrdtie
to uncertainty in placement, and high sensitivity the

optical system. However, SQUAL above 80 (which is a

typical minimum for good sensor data) could be iletch
for distances from around 400mm to 450mm, Figurén@s
showing that the concept was feasible.
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Figure 6 SQUAL against distance showing depth of did of
prototype

4  Design verification on a compact prototype

The sensor and optical system described earlier was
designed as a more compact and mobile module for

o]

rther testing as shown in Figure 7. The desi¢mwnedd the

lens spacing to be adjusted via the slots showris Th

resulted in the lens system being adaptable tcerdifit
optical requirements.

PCB with

Lens Fixers ADNS-2610

Lenses

Adjusting Slots

Figure 7 Mobile prototype

The depths of field of sensors with slightly diffet
lens locations are shown in Figure 8. Configurattomas
selected for the remaining analysis.

All components of the compact prototype were salimgith

the low-cost objective in mind. Plastic lenseshaligh
inferior to those made from glass were obtaineddss than
ANZD each. The total parts cost for a complete rfedki
less than 30NZD.
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4.1 Experiments to characterise the prototype Figure 11 Four KUKA movements at each height

Experiments were conducted using a KUKA serial tpbo

providing ground truth motion. The prototype modulas .

mounted to the end-effector of the robot arm, Fegur 4.2 Results and analysis

All data was normalized to base Sl units and sathple
25Hz. To verify the correctness of the models presg the
data was split into training data (samples at Hsid@0mm,
and in 40mm increments), and test data (at heit@®smm,
and in 40mm increments).

Sensor Angular Offset

The sensor’s frame of reference was offset at gheadnom
the KUKA robot's frame of reference; therefore,sthivas
calibrated out first. The expected angle (the sensas
placed at) was 135°. Calibration was completedraimihg
data by using non-linear parameter estimation oa th
/ equation:

| mod(atanZ(@, ka) +6—
atan2(y,x) + m,2m) —m =0

1)

- ‘.. m- g - ——

Figure 9 Experimental s;t-u_p with KUKA robot

wherek represents the relative sensitivity between sessor
x and y directions (which may be caused by inaagasain

A test pattern using fractals was used to removélignment of optics), and represents the angular offset.
effects due to features size. The designed fraasashown These were estimated in Table 1.
in Figure 10, was based on Sierpinski's trianglws, the o o
sensor sees the same type of pattern, regardiése object _ Table 1 Estimation for Calibration of Angle

distance and angle of view. Parameter | Estimate 95% Confidence Interval
Lighting was supplied by a 75W bulb placed7, 1.12 [1.12,1.15

within 500mm of the surface. Assisted lighting ecassary 0 134.6 [134.2°,135.0]

for the current design and chosen depth of fiekdinaloor . = .

ambient light is insufficient for the sensor. Thghhpower
light source was chosen to remove lighting condgifrom
the present study. Low power and mobile light sesrare
discussed in Section 4.3.

The experiment was conducted as follows:

Therefore, angular alignment of the sensor was as
expected. The estimate&=1.13 is probably due to
misalignment of the direction that the sensor @fg, such
that it is not exactly perpendicular to the planewhich
ground truth motion is measured. Thefound is used to
1. The robot's end-effector was commanded to trac{ransform the data. However, the models presemted tlo

4 linear movements, Figure 11, at constant speeBOt réquire transformation with



Basic Model - Characterisation of Distance

quantified as pixels of movement. The error shospér

The concept of angle of view, suggests as@mple, so if a mean is taken over time, a muchebet

relationship between the pixels per second (c)eknthe
true speed of movement in metres per second (Nigcbb
distance in metres (d), and error (e):

V; = Ci(Adi + B) + e; (2)
where A and B are parameters to be found. We a® al
aware that the SQUAL (surface quality number) otsdi
from the mouse chip is an indication of accuracydafa,
and lower surface quality numbers indicate incrdase
underestimation of movement. Empirical evidencemfro
prior observations indicates that meaningful andueste
movement data can be obtained at SQUAL of 80 ovebo
Using only samples with SQUAIB0 in the training data,
the parameters for x and y directions were estichae
Table 2.

estimate may be obtained. The data points in Fig@reith
SQUAL>80, which occur when there is ideal illumination
and test pattern, have a standard deviation 0£8.87

Refined Model — Characterisation of Quality (SQUAL)

To investigate the underestimation of motion at
low SQUAL, a mean estimated/actual motion is calad
for each SQUAL. The results, along with a smoothezin,
are shown in Figure 13.
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Table 2 Estimation of Parameters of Basic Model E 061"
Parameter | Estimate 95% Confidence Interval =
A, /103 1.16 [1.09,1.23] g 04r
B,/10* 2.78 [2.57,2.99] < ol ¥
4,/103 0.868 [0.6651.07 ' %34
B,/10* 3.17 [2.6(3.77 0% ‘ ‘ ‘ ‘ ‘ !
0 20 40 60 80 100 120
SQUAL

The F statistic was 0.293 for the x direction, and
0.175 for the y direction. Measurement noise redube
correlation, especially where the speed
experimentation is lower (in the y-direction).

Using the model, it is possible to plot a graph
showing the detection error at different qualitynthers,
after accounting for distance. A normalized ersopiotted
in Figure 12 as:

3

éi = Ci(Adi + B)/Ul'
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Figure 12 Proportion of motion detected by sensor

The plot clearly shows that at high quality
numbers, the motion detected is correct, but thisre
significant underestimation at low SQUAL. Theresiame
variability even at high quality numbers. Much aist is
attributed to quantisation error, as the movemeteated is

during

Figure 13 Mean estimation of motion

The smoothing was by multiple passes of the
Savitzky-Golay filter. This was followed by linear
interpolation of adjacent local maxima to obtain a
monotonically increasing curve. By obtaining thisne,
underestimation bias can be removed at low SQUAL.
Assuming that for each constant SQUAL value Q,
there is a fixed proportion of the movement detdcte
described by the function P(Q), equation (1) camdfimed
to become, witly; = SQUAL of sample:

¢;(Ad; + B)
Ui = —
P(aq))

In addition, the variance of the estimation carebmated
by assuming this effect in sensing motion. In sansdf
magnitudey;, each small amount of movement has the
probability P(q;) of being sensed. Therefore, a binomial
distribution indicates thatar(C) = npq « ¢;(1 - P(q;)).

A constant error was also added to allow for odmurces

of error, so variance of the estimation can be @xiprated
as:

4)

€;

<ci(Adl- + B)>
ar[ ————— | =

P .
(@) Ad; + B)Z

(ac;(1=P(q)) +B) (W

For preliminary analysis, we attempted to define
the functionP(q) = (1 — p9). However, no benefit was
found because it did not fit the curve well enough.

®)



For optimal correction, we setP(q)=
f(q): f(q) = smoothed mean curve from Figure 13.

To estimate the parametets B,, a,, By, Ay, B),
@y, By, dire . _
separately. Estimation was recursive, with and B
parameters estimated together, white andf, were
estimated together with the equation:

Ci (Adl + B)

Varestimated < P(q) ) =
i
c(Adi+B) )2
i

( P(q;)

The equations are linear — however, using lo
SQUAL samples with high variance requires inverse
variance weighted regression. Therefore, currehiegaof
all parameters are required to estimate variane&jng the
estimation non-linear, and requiring recursive egapion of
both parameter estimation equations. This progesiown
below:

(6)

Initial parameters

Estimate A & B

Estimatex & B

Estimation
Controlle

learning rate

Converged Parameters

Figure 14 Parameter estimation of Refined Model

Because the underlying model is non-linear,
convergence may not be guaranteed, and thereramber
of locally optimal parameters at unreasonable \&lue
therefore, a good algorithm for determining the tnex
parameters to estimate, and learning rate, is sapeto
reach convergence.
The in

estimated parameters

Table 3 only used samples with SQUAL>=25, because

samples at low SQUAL have higher variance, andefoes
there are insufficient samples to estimate for traige
accurately. They also induced more instability lie hon-
linear model.

Table 3 Estimation of Parameters of Refined Model

Parameter | Estimate 95% Confidence Interval
A,/1073 1.13 [1.1C,1.17]

B,/107% 2.75 [2.67,2.84]

a, 36.8 [20.153.5]

By 285 [21E,35¢]

A, /1073 1.¢4 [0.981,1.0]

B,/107* 2.6C [2.44,2.75]

a, 59.¢ [47.2,72.]

By 14C [108,17]

The weighted R statistic was 0.718 when
estimating A and B in the x direction and 0.635the y
direction. R is higher, indicating a good fit with data over a

each direction of movement was estimatedwider range of image quality.

Note thatk(4,/107%,B,/107*) = (1.12,2.93) ~
(4,/1073,B,/10™%), consistent with the estimatéddfrom
Table 1 indicating that the refined model can mddeldata
accurately, even down to SQUAL=25. There is alsodgo
agreement in the x-direction with the basic modelble 2).
The y-direction is less accurate because fewenekiJKA
affect the sensors y-direction.

Accuracy of refined model
The accuracy of the model was tested on separstteldta

V\)’n 2 ways. Firstly, the mean must be unbiased. reigLb

and Figure 16 show that the refined moB&}) = f(x) has

an unbiased mean (ideally estimated/actual=1) for
SQUAL>25, compared to the dropping off in the basic
model at lower SQUAL. There is more noise in thepis

at very high SQUAL, due to the lower number of skap

It also prevents a good estimation of the configenc
intervals.
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Figure 15 Accuracy of estimation of speed in x-dirgion
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Figure 16 Accuracy of estimation of speed in y-dirgion

The second important factor is accurate estimation
of the variance in error. This was checked by datmg a



normalized error — the error normalized by the déad
deviation estimated:

ci(Ad; +B) _ .
b = P(q:) ' (7)
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Figure 17 P(q)=f(x) variance estimation accuracy ix-direction
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Figure 19 P(q)=1 x-direction standard deviation agmst quality

Figure 17 and Figure 18 show that the estimation
of variance is accurate, with the 1 standard denaband
hovering around +/-1 (the ideal positions) for SQUA5,
for both x and y directions. The rows of samplengofound
in the plots are artefacts from quantisatiom.of

In  comparison, without the correction from
estimating variance, Figure 19 shows how the actual
variance of the sample rises for low SQUAL, eveowvah
SQUAL>25.

Other factors affecting model

Further tests were made to investigate whetheether any
other un-modelled effects. These include:

e Speed of motion, which may occur due to non-
linearities, since motion is modelled as having a
proportional effect.

« Distance to object, currently modelled as a linear
effect

¢ Coupling of motion, comparisons between
movement affect a single direction, and movement
affect both sensor directions
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(x,y)=(0.1414,0.1414)ms™*
-0.2 L L 1 | | ,
0 20 40 60 80 100 120

SQUAL

Figure 20 Mean error in x-direction at different speeds and
directions of motion (No confidence intervals for farity)

***** near 95% C.I.
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_0.2 by Il Il Il I I I
0 20 40 60 80 100 120

SQUAL
Figure 21 Mean error in x-direction at near and fardistances



No evidence of un-modelled effects was found.
Figure 20 shows no bias in mean error at the 2wdifft
speeds — 0.1 and 0.2rhs When comparing between
primarily x movement, and 45° angle component efeshin
X, no bias can be found either.

Surface texture

The test pattern used for testing was almost ideakality,
the test pattern may not have high contrast asedles.
Therefore, we tested a few other patterns.

We have found that the exact shape of features is

To check for residual, un-modelled effects due topnt important. A document, with text, is sufficiett

distance to object, the test data was split inpa2s, one for
nearer than the distance at which the average SQISAL
highest, and one for further than that. Thereftine, near
portion contains distances up to 277mm, and th@dation

localise upon. As long as there are some visiktdgufes in
the image, there should be no problems with deteobif
movement. Plain or blank surfaces, such as whipeps
therefore insufficient. Surfaces which are not #jmdly

starts from 317mm. Figure 21 shows that both séts Qesigned for localisation, such as gravel, has rgive

distances show no evidence of mean bias down toAAQU
of 25.

Useful distance range of sensor

The useful range of distances for which the senaargive
useful data is increased with the refined P(q)=ftgdel.
The usefulness can be measured based on the ctiomib
which it would make when fusing data. The weightisghe
inverse of the variance. Therefore, assuming aaicert

reasonable results.

Because the sensor operates by measuring optical
flow, surfaces which cause the patterns of ligh¢nsity to
behave differently, will result in inaccurate me@suents.
Therefore, the sensor operates best on Lambertidacss.
Specular reflection from the surface will impacteth
measurements.

Lighting

movement speed, the average weight obtained by aj |arge amount of light was used from a 75W lamptfe

samples of SQUAL measured at each distance caounel f

compact prototype. For mobile robot applicationsthwi

For the sensor analysed, Figure 22 shows how thgmited power, we investigated other light sourd@ecause

usefulness of the sensor changes with distanaésdtshows
that the refined model is more useful, over a largage of
distances, because fewer samples are discarded.

Refined - P(q)=f(x):q>=25
Basic - P(g)=1:0>=80
E 1r 100
Ry
(3] -
=
o 08} 80 3
= (@]
g (]
& o6t 60 %
) g
5 041 \ 440 <
> \
<
0.2 20
0 : >~ o
0 0.1 0.2 0.3 0.4

Distance (m)
Figure 22 Average usefulness of sensor in x-direoti against
distance, assuming c=250 pixels's

4.3 Additional tests and analysis

Maximum velocity

The sensor was not tested for its maximum veloeisyit is
important to obtain also an accurate ground trdthwever,
subsequent experiments have reached 0'6mdthout
indication of saturation.

Based on the ADNS-2610 datasheet [Avago
Technologies, 2008], the sensor used as a mouseaha
maximum velocity of 12 inches per second, with a
resolution of 400cpi, from which the size of theuare
surface visible to the mouse is estimated at 1.1.hynm.

the area visible by the sensor is small, we triddcased
laser, with an illuminated diameter not much largpen the
visible area, and found that it was sufficient totain a
SQUAL up to 100 on a gravel surface, when illumedatt
an angle, or 60-70 when illuminated aligned witl sensor
direction. The power consumed by the laser was e me
0.22W. The greater SQUAL at an angle may be ateithto
the additional shadows cast by the gravel contrlguto
detectable image features.

5 Conclusions

We have developed a compact optical sensor module f
motion detection at a distance, and in particuareh

e Developed low-cost (30NZD) optical flow sensor
with a lens assembly which can be adjusted for
different depths of field
Analysed the relationship between actual motion,
movement pixels detected by the sensor, distance
to object/target, SQUAL (quality number given by
mouse chip) and movement speed for estimation of
actual motion by the mouse sensor
Constructed a model of the variance to estimate the
error of each time sample, making it possible to
weight samples from multiple sensors and over
time effectively
Estimated parameters for a model making the
optical sensor useful for surface/image quality
(SQUAL) down to 25, significantly increasing the
useful depth of field of the sensor
Found no evidence of further un-modelled effects
due to distance to object, speed of motion (not
tested to saturation), or the direction of motion.

We have measured the size of the surface visiblthéo G Future Work
sensor, at a distance of 275mm, which was a 9.5mm b

9.5mm square. Therefore, the estimated maximuwcitg!
for this setting is 2.5mMs

We anticipate that the successful estimation ofionoby a

single optical sensor module, and estimation ofavere of



each sample will allow us to investigate fusiordafa with
many sensors operating simultaneously, and gengrate
accurate estimation of motion.

Where multiple sensors are calibrated to detect
motion most successfully in different conditionsicls as
object distance or movement speed, accurate motion
estimation may be achieved when transitioning betwe
these.

Further investigations may be made into other
factors which may affect detection of motion, sash

* Feature size
e Feature pattern
e Other lighting conditions
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