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Abstract The mechanism for motion detection in a fly’s
vision system, known as the Reichardt correlator, suffers
from a main shortcoming as a velocity estimator: low accu-
racy. To enable accurate velocity estimation, responses of the
Reichardt correlator to image sequences are analyzed in this
paper. An elaborated model with additional preprocessing
modules is proposed. The relative error of velocity estimation
is significantly reduced by establishing a real-time response-
velocity lookup table based on the power spectrum analysis
of the input signal. By exploiting the improved velocity esti-
mation accuracy and the simple structure of the Reichardt
correlator, a high-speed vision system of 1 kHz is designed
and applied for robot yaw-angle control in real-time exper-
iments. The experimental results demonstrate the potential
and feasibility of applying insect-inspired motion detection
to robot control.

Keywords Reichardt correlator · Velocity estimation ·
EMD · Power spectrum · Lookup table · Robot control

1 Introduction

Visual perception is becoming increasingly important now-
adays for robot control systems solving complex tasks, such
as autonomous navigation in unfamiliar environments, col-
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laboration in human–robot teams, and cooperative operation
with multiple agents. One objective of visual perception is
motion estimation, and a broad survey of various method-
ologies and technologies for motion estimation is available
in Aggarwal and Nandhakumar (1988); Beauchemin and
Barron (1995). However, in conventional approaches the per-
formance of visual perception is often limited by the time
delay of visual feedback mainly caused by complex image
processing algorithms. For example, the feature-based algo-
rithm for three-dimensional (3-D) global motion estimation
typically runs at a frame rate lower than 30 Hz (Lu et al. 2000;
Cutler and Davis 2000; Barfoot 2005). With this method, fea-
ture extraction and feature matching need to be performed
before solving motion parameters. The optical flow tech-
niques are also widely used to measure velocity by analyzing
the intensity variation of local time-varying image regions
(Barron et al. 1994). The gradient-based methods such as
the Horn–Schunck method (1981) and the Lucas–Kanade
method (1981) have been proposed for the calculation of
optical flow. Although this class of methods can directly com-
pute image velocity, it is computationally expensive and less
capable of estimating subpixel displacements. Unlike with
these approaches, advances in neuroscience research, in par-
ticular in the research of the vision system of fast flying ani-
mals like flies (W. Reichardt et al. 1983; Borst and Egelhaaf
1989; Borst and Haag 2002; Borst et al. 2010; Borst and
Weber 2011), motivate the design of insect-inspired motion
vision (the space-time filtering methods) for robot control.
For example, flies possess a tiny brain but exhibit an excellent
flight performance. Based on the evidence from neurobiol-
ogy, innovative biologically inspired approaches, especially
high-speed insect-inspired vision for robot control, are of
great interest.

The well-known Reichardt correlator [also referred to as
an elementary motion detector (EMD)] (Fig. 1) has been
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Fig. 1 Basic Reichardt correlator (left) and typical response-velocity
curve (right). �φ: distance between input arms; A1, A2: input stimuli;
B1, B2: delay signal after low-pass filtering; R: output

widely accepted as a motion-sensitive detector in a fly’s
vision system (Hassenstein and Reichardt 1956). In consid-
eration of its relatively simple structure, the Reichardt cor-
relator becomes an attractive option for motion estimation.
In recent decades, the Reichardt correlator and its variances
have been applied in several investigations for robot control.
An overview of an insect-inspired vision system for air-
craft guidance, e.g., collision avoidance, gorge following, and
landing, is presented with illustrative examples in Srinivasan
et al. (2004). The Reichardt correlator measuring radially
expanding optical flow has been implemented on very-large-
scale integration (VLSI) for collision detection (Harrison
2005). Benefitting from the simple structure of the Reichardt
correlator, a high-speed vision system consisting of elab-
orated Reichardt correlators and receptive fields has been
realized on field-programmable gate arrays for optical flow
detection and motion estimation (Zhang et al. 2008). In addi-
tion, the Reichardt correlator has been applied for course sta-
bilization and altitude control of a blimp-based unmanned
aerial vehicle that was able to perform autonomous indoor
flight (S. Bermudez i Badia et al. 2007). In Valette et al.
(2010), the insect-inspired motion detector has been applied
as an airborne optic flow sensor for autonomous landing in a
simulated lunar scenario. However, in most studies the Reic-
hardt correlator worked as a qualitative motion-sensitive sen-
sor rather than a quantitative velocity estimator. In addition, a
constructed environment was required in these studies, e.g.,
with a background consisting of artificial sinusoidal grat-
ing patterns or randomly distributed black squares, which is
uncommon for machine vision and robotic systems operating
in a normal laboratory environment.

This work focuses on accurate velocity estimation based
on the Reichardt correlator for robot control in an uncon-
structed environment. Here, the challenge is that the response
of the Reichardt correlator relies not only on the image veloc-
ity but also on the pattern statistics such as image bright-
ness/contrast and spatial power spectrum density (Zanker et
al. 1999; Straw et al. 2008; R. Dror et al. 2001; Meso and
Zanker 2009). The response of the Reichardt correlator to

motion of natural broadband images was examined in R. Dror
et al. (2001). A consistent correspondence between velocity
and the mean response of an EMD array can be established
with known statistics of nature images. In addition, the reli-
ability of velocity estimation is enhanced by adding mech-
anisms such as prefiltering and integration to the raw EMD
shown in Fig. 1. In Meso and Zanker (2009) the response of
the Reichardt correlator to square waves and triangular waves
is studied in view of the typical Fourier composition of nat-
ural scenes. It has demonstrated that a broadband stimulus
with phase-locked properties is required for speed estima-
tion. More recently, a Reichardt correlator with a compli-
cate structure was tested for optic flow coding with natural
scenes as input stimuli (Brinkworth and O’Carroll 2009).
Multiple nonlinear elements have been introduced into the
raw EMD model based on the physiological analysis of the
fly motion pathway. However, most of the literature focuses
on the response of the EMD to either artificial stimuli such as
sinusoidal grating or to images captured within a virtual envi-
ronment, e.g., images obtained by drifting a stationary image
with a constant velocity. The choice of these input stimuli
leads to close image statics, which simplifies the analysis of
the correspondence between speed and response. However,
the variation in image statics needs to be considered when the
input of the EMD is captured in an unconstructed environ-
ment. Moreover, applying the EMD for closed-loop motion
control has not been considered in the literature. The goals
of this work are the analysis of the response of the EMD
to a real-time image sequence captured in a normal labora-
tory environment and the utilization of the correspondence
between speed and response for closed-loop robot control.

Applying Reichardt correlators in real-time robot control
requires an optimization of the basic Reichardt correlator.
Starting from the point of the mathematical relationship
between the mean response of the correlator and the image
statistics, the second-order statistics of the image–power
spectrum is analyzed and utilized in velocity estimation in
this work. To enhance the reliability of velocity estimation,
a Reichardt correlator with additional mechanisms such as
a temporal high-pass/low-pass filter is applied in this work.
With a known power spectrum of the input signal, a real-
time response-velocity lookup table (LUT) is established.
A comparison of the mean response of an EMD array with the
response in the LUT allows for the estimation of the velocity
of the input signal. The velocity estimation algorithm pro-
posed in this work is validated by a closed-loop yaw-angle
control system on a robot arm.

The remainder of this paper is organized as follows. The
basic characteristics of a Reichardt correlator and its response
to sinusoidal signals are analyzed in Sect. 2. In Sect. 3, the
response of a Reichardt correlator to natural image sequences
is studied. To optimize the Reichardt correlator as a reliable
motion estimator, several steps, such as adjusting the camera
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Fig. 2 Array of elaborated EMDs

view angle, tuning the spatial resolution of the input image,
and adding prefilters, are proposed. Based on an analysis
of the power spectrum of the input signal, a velocity esti-
mation method that utilizes a real-time LUT is designed. In
Sect. 4, experiments are conducted, and the performance of
the proposed velocity estimation approach is evaluated in a
yaw-angle control system on a 7-DoF robot arm.

2 Characteristics of EMD

Though the Reichardt correlator is exploited to be a motion-
sensitive detector in a fly’s vision system, it is nonideal and
not applicable to robot control due to its low accuracy of
velocity estimation. As mentioned in Dror et al. (2000), large
variance is observed in the response of the EMD to a motion
with constant velocity. To reduce the response variance, an
advanced EMD model [also referred to as an elaborated Reic-
hardt detector (Van Santen et al. 1985)] needs to be designed.
Here, instead of enhancing the EMD as insect neurons (e.g.,
horizontal-sensitive motion-detection neurons) with many
additional components such as spatial high-pass filter and sat-
urating nonlinearity, we start from the relationship between
the image statistics and the EMD response. The power spec-
trum of the input signal is analyzed for velocity estimation.
An array of elaborated EMD models for 1-D motion estima-
tion is proposed in this work (Fig. 2). A temporal high-pass
filter H P ′ and a temporal low-pass filter L P ′ are added to
each input path. The role of the two prefilters will be dis-
cussed in Sect. 3.3. To eliminate the oscillatory components
in the response, a spatial integration and averaging is applied.

Remark 1 In this study, the Reichardt correlator is utilized
for 1-D motion control. An array of EMDs (Fig. 2) is applied
to the estimation of rightward/leftward image motion. To esti-
mate 3-D motion with the proposed EMD, a more complex
pattern (or the so-called receptive field (Zhang et al. 2008)),
which requires an appropriate spatial distribution of EMDs
for specific motion detection, should be designed. The prob-

lem of how to extract 3-D motion from these EMD responses
is still open and is outside the scope of this work.

Since the image captured by a camera varies as a func-
tion of time and space, a series of sinusoidal signals with
different frequencies and phases is obtained after the Fourier
decomposition of an image. Before the response of an EMD
to real-time image sequence is analyzed, its responses to a
single sinusoid and a sum of sinusoids are introduced in the
next subsection.

2.1 EMD response to single sinusoid

In this section, the response of a raw EMD to single sinusoi-
dal input is introduced. Assume the signal imposed on the
EMD input is a sinusoidal signal I (t) moving with velocity
v:

I (t) = C cos(2π f vt + θ0), (1)

where C is the amplitude, θ0 is the phase, and f is the spa-
tial frequency. The temporal frequency of the input signal
is ft = f v. Consider that the first-order temporal low-pass
filter in Fig. 1 has a transfer function

G( ft ) = A( ft )e
−iθ( ft ), (2)

where

A( ft ) = 1
√

1 + (2π ftτL)2
, θ( ft ) = arctan(2π ftτL),

and τL is the time constant. With the angular distance between
the input arms of the EMD equal to �φ, the EMD response
to the sinusoidal signal in (1) becomes (Egelhaaf and Borst
1989)

R(t) = C2 2πτL f v

1 + (2πτL f v)2 sin(2π f �φ). (3)

According to (3), the sign of the EMD response R(t) indicates
the direction of the image velocity v. Assume that positive
v denotes rightward image motion as observed by a cam-
era undergoing clockwise rotational motion. Then, a positive
EMD response implies a clockwise rotation of the camera.
In addition, Eq. (3) indicates that the response of an EMD is
constant and independent of the phase of the input sinusoid;
see also Fig. 3. Given the input signal in Fig. 3a, the EMD
response is shown in Fig. 3c. After approximately 200 ms, the
response in Fig. 3c converges to a constant value of 0.001,
which reveals a clockwise rotation of the camera.

Since the input of an EMD is varying luminance, it can-
not be negative. Thus, a sinusoidal signal with positive mean
luminance

I (t) = C cos(2π f vt) + K , (K > 0, I (t) ≥ 0),

123



Biol Cybern

0 1 2 [s]
−0.5

0

0.5

(a)

In
pu

t

0 1 2 [s]
0

0.5

1

(b)

In
pu

t

0 1 2 [s]
0

1

2

3
x 10

−3

(c)

R
es

po
ns

e

0 1 2 [s]
0

1

2

3
x 10

−3

(d)

R
es

po
ns

e

Fig. 3 Response of EMD to sinusoid. a Input sinusoid with amplitude
0.5, spatial frequency f = 0.1 cycles/degree. b Input sinusoid with
positive mean, K = 0.5. c EMD response to input signal in (a). d EMD
response to input signal in (b). �φ = 1.1◦, τL = 0.035 s, and v = 20◦/s
for a rightward motion

is applied as input signal. The response of the EMD becomes
(R. Dror et al. 2001; Egelhaaf and Borst 1989)

R(t) = C2 2πτL f v

1 + (2πτL f v)2 sin(2π f �φ)

+2C K sin(π f �φ)[sin(2π f vt − π f �φ)

−A( ft ) sin(2π f vt − π f �φ − θ( ft ))]. (4)

The second term on the right-hand side of (4) implies a peri-
odic oscillation that imposes on the mean response (Fig. 3).
With the input signal in Fig. 3b, the corresponding output of
the EMD is not constant (Fig. 3d), which leads to ambigu-
ity in velocity estimation. With sufficient spatial or temporal
averaging the oscillation in the response can be eliminated
(Egelhaaf and Borst 1993).

2.2 EMD response to sinusoids

To analyze the responses of an EMD to broadband images, the
response of a EMD to a sum of sinusoids is discussed in this
section. Assume we have an input signal that consists of N
sinusoids with an amplitude C( fi ), where i = 1, 2, . . . , N .
Due to the nonlinear property of the EMD, this response dif-
fers from the sum of responses to separate sinusoids. The
mean EMD response to a sum of sinusoids is

R(t) =
N∑

i=1

C2( fi )
2πτL fiv

1 + (2πτL fiv)2 sin(2π fi�φ) + O(R),

(5)

where O(R) represents the aforementioned difference. Acco-
rding to (5), the EMD response is equivalent to the sum of
responses to separate sinusoids when O(R) approaches zero.

Then, a reliable velocity-response relationship can be estab-
lished because the response depends only on the speed and the
spatial frequencies fi , i = 1, . . . , N of the sinusoidal com-
ponents. Accordingly, it is possible to quantitatively predict
the speed with known image statics based on the EMD.

Remark 2 The response calculated through the first term on
the right-hand side of (5) will henceforth be referred to as the
predicted response Rp, and the mean response of an EMD
array obtained after applying the EMD array to an image is
referred to as the actual response Ra .

3 EMD for velocity estimation

In this section nature images are used as inputs to an EMD.
The predicted response Rp and the actual response Ra are
analyzed for velocity estimation. In addition, the role of the
preprocessing modules in the elaborated EMD model, the
field of view (FOV) of the camera, and the spatial resolution
of the image are discussed with respect to their effects on
the velocity-response curve. Finally, the velocity estimation
algorithm based on a real-time LUT is illustrated.

3.1 Power spectrum density of natural scenes

Several studies have shown that the power spectra of nat-
ural scenes possess similar distributions despite the diverse
scenes in the images (Field 1987; Ruderman and Bialek 1994;
van der Schaaf and Van Hateren 1996). The amplitude of a
one-dimensional (1-D) power spectrum falls off roughly by
1/ f (1+η) in log–log coordinates, where f denotes the spa-
tial frequency and η is a small constant. This similarity in the
power spectrum evokes the design of velocity estimation with
an array of EMDs, regardless of the arbitrary input images.

The power spectrum of an image is defined as the square
of the modulus of the Fourier transform (N. Nill 1976). In
this work, we concentrate on a yaw-angle control problem.
The spatial power spectrum of a 1-D row is calculated by

P( fi ) = 1

M2

M−1∑

m=0

(
x(mTs) exp

(− j2π

M
fi m

))2

,

i = 1, . . . , N , (6)

where x (mTs) denotes the pixel value and Ts and M denote
the spatial sampling interval and the number of the sampling
points in one row, respectively. The 1-D power spectral den-
sities (PSDs) of three panoramic images are shown in Fig. 4.
The images are captured with different surroundings, e.g.,
the scene in the classroom is dramatically different from that
set outdoors. As shown in Fig. 4, the PSDs of these images
differ slightly from each other. All of them fall off approx-
imately by 1/ f 1.25 for the frequency f ≤ 2.5 cycles/degree
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Fig. 4 Panoramic images captured in different environments (with a
Nikon D-70 digital camera and obtained using a series of 12 overlapping
panels, Brinkworth and O’Carroll 2009) and their power spectrum den-
sities. Top to bottom: classroom, outdoors, laboratory; horizontal mean
power spectral density of images; dashed line: power spectra P( f )

with 1/ f 1.25 in log–log coordinates. A rectangular window the size
of the image width is applied for calculating the mean power spectral
densities. Image resolution: 8,000 × 1,600 pixels

in the log–log coordinates. The roll-off in power at frequen-
cies above 2.5 cycles/degree is caused by image stitching,
which is applied to create panoramic images (Brinkworth
and O’Carroll 2009).

3.2 EMD response prediction

Assume the power spectrum of the input image is known.
According to (5), the predicted mean response of the EMD
becomes

Rp =
N∑

i=1

P( fi )
2πτL fiv

1 + (2πτL fiv)2 sin(2π fi�φ). (7)

The relationship between the predicted response Rp and the
image velocity v is depicted in Fig. 5. The input image, which
possesses a PSD of a different slope {−0.75,−1.0,−1.25}
(Fig. 5a), drifts with a different image velocity. The predicted
responses Rp obtained through (7) are shown in Fig. 5b. All
of the normalized response-velocity curves present a bell-
shaped relationship. Only minor differences among the three
curves are observed in the descending part. To eliminate the

10
0

10−5

100

Spatial frequency (cycles/degrees)

P
ow

er
 s

pe
ct

ru
m

 d
en

si
ty

(a)

10
0

10
2

0

0.5

1

Velocity (degrees/s)

R
es

po
ns

e

(b)

−0.75
−1.0
−1.25

−0.75
−1.0
−1.25

Fig. 5 Power spectral density of slope {−0.75,−1.0,−1.25} in (a)
and corresponding normalized response-velocity curve in (b)

ambiguity in velocity estimation, only the ascending part of
the curve is utilized for robot control.

Remark 3 Several approaches are proposed to extend the
ascending part of the velocity-response curve such as using a
shorter time constant for the delay filter (R. Harris et al. 1999)
and the utilization of multiple channels of EMDs operating
at different spatial and temporal scales (Grzywacz and Yuille
(1990)); these are outside the scope of this work.

To estimate the image velocity, the predicted response
Rp is compared with the actual response Ra . As pointed
out in Sect. 2, accurate velocity estimation with EMD relies
on the assumption that the difference between the predicted
response Rp and the actual response Ra approaches 0. In
the following part, several steps are proposed to achieve this
goal.

3.3 Role of additional mechanisms

An elaborate EMD model (Fig. 2) is proposed in this work for
velocity estimation. Prior to the introduction of the functional
significance of the additional mechanisms, components with
different spatial frequencies are discussed with respect to
their contributions to the predicted response Rp.

Assume that an input image possesses a PSD slope of
−1.25. The EMD response to each sinusoidal component
in this image is calculated by (7). The results are shown in
Fig. 6, which gives the overall relationship among the pre-
dicted response, the image velocity, and the spatial frequency
of the input signal. As observed in Fig. 6, the EMD response
is not always positive. For example, when �φ = 0.9◦, the
responses to the components with spatial frequencies of 0.56
to 1.11 cycles/degree become negative according to (7). If
these components are dominant in an image, then the mean
EMD response may become negative, which is different from
the sign of the image velocity v, and thus leads to incorrect
velocity estimation. Moreover, the response-velocity curve
has a smaller magnitude and peaks at a smaller velocity
when the EMD responses to a signal with a higher spatial
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Fig. 7 Response-velocity curves of input signals with two differ-
ent spatial frequency ranges. a Mean row PSD of classroom image
in Fig. 4. Solid red line: PSD for spatial frequency range fi ∈
[0 11.11]cycles/degree; dashed blue line: PSD for spatial frequency
range fi ∈ [0 2.22]cycles/degree (1/5 of solid line). b Corresponding
response-velocity curves

frequency. To clarify the contributions of different compo-
nents, response-velocity curves with input signals having dif-
ferent ranges of spatial frequency are compared in Fig. 7. Two
ranges of spatial frequency, [0 11.11]) cycles/degree (orig-
inal) and [0 2.22] cycles/degree (one-fifth of the original)
shown in Fig. 7a, are tested. The results are shown in Fig. 7b.
The figure indicates that components of low spatial frequen-
cies play a dominant role in response-velocity curves. The

maximum relative difference max
( |Rall−R1/5|

Rall

)
(Rall denotes

the response curve to original input signal, and R1/5 denotes
the response curve to input with only low spatial frequency
components) is only 3.53%, appearing at v = 2.0◦/s. In the
context of this characteristic, the computation time in appli-
cation can be reduced by calculating only the responses to
the components of low spatial frequencies.

3.3.1 Role of field of view

In machine vision a camera with a wide viewing angle pro-
vides a large FOV at the cost of low spatial resolution. To

0 0.2 0.4 0.6 0.8  1 [s]
0

10

20

30

40

50

R
es

po
sn

e

R
a
(45)

R
p
(45)

R
a
(180)

R
p
(180)

R
a
(360)

R
p
(360)

Fig. 8 Predicted response Rp (dashed line) and actual mean EMD
response Ra (solid line) to input images captured with different
FOVs: 45◦, 180◦, 360◦. The responses are obtained at an image velocity
of 45◦/s with the classroom input image shown in Fig. 4

Table 1 Evaluation of responses. Left: results from simulation with
different FOVs; the number of pixels in one row is 1,000. Right: results
from simulation with different spatial resolutions; the FOV is 180◦

FOV Mean Var Number of Mean Var
(eR) (Ra) pixels in row (eR) (Ra)

45◦ 0.033 100.38 500 0.032 33.82
180◦ 0.03 33.81 1,000 0.033 33.81
360◦ 0.022 28.33 4,000 0.022 29.96

determine the relationship between the FOV and the mean
EMD response, 1,000 × 20-pixel images captured with dif-
ferent FOVs (45◦, 180◦, 360◦) are tested in this section.
The responses are shown in Fig. 8. In addition, the relative
response error er defined by

eR = |Ra − Rp|
Ra

(8)

is utilized to evaluate the difference between the predicted
response Rp and the actual response Ra . The mean relative
error and the variance of the actual mean EMD responses Ra

are listed in Table 1.
The mean relative error is small for the three FOVs. How-

ever, an image with a larger FOV results in a smaller response
variance (Table 1), meaning a smoother mean response. For
example, the variance of Ra by an input image with a FOV
of 45◦ is 100.38, while that with a FOV of 360◦ is only
28.3 (−71.8%). Since for a constant-velocity motion a con-
stant response is expected, a camera with a large FOV is
suggested.

Remark 4 To obtain an input image sequence, a virtual cam-
era undergoing a clockwise rotational motion with an image
velocity of 45 deg/s is simulated. The image captured by the
camera is panoramic (8,000 pixels in a row) with different
starting positions. Since only 1,000 pixels in each row are
used in the simulation, a subsampling is required on the
panoramic image. Following subsampling on the panoramic
images with different starting positions, the resulting image
differs from frame to frame, leading to varying responses.
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Fig. 9 Predicted response Rp (dashed line) and actual mean EMD
response Ra (solid line) to input images of different spatial resolu-
tions: 500, 1,000, 4,000 pixels in a row. The responses are obtained at
an image velocity of 45◦/s with the classroom input image from Fig. 4

3.3.2 Role of spatial resolution

In this part the relationship between spatial resolution and
mean EMD response is investigated. Input images with the
same FOV but different spatial resolutions, e.g., 500, 1,000,
and 4,000 pixels per row, are tested. A FOV of 180◦ is adopted
in the simulation. The simulation results are shown in Fig. 9
and Table 1. The results indicate that spatial resolution has
no significant effect on the mean EMD response. Combined
with the results in Sect. 3.3.2, a wide-FOV camera with a low
spatial resolution is suggested in applications considering the
tradeoff between computation cost and accuracy.

3.3.3 Role of prefilters

To further reduce oscillation in responses and to minimize
the difference between Rp and Ra , two prefilters, namely,
temporal high-pass filter and temporal low-pass filter, are
introduced into the basic Reichardt correlator (Fig. 2).

Temporal high-pass filter As pointed out in Single and Borst
(1998), sufficient spatial integration eliminates oscillation
in a response. However, it is difficult to meet the require-
ment of “sufficient integration” in real-time applications. On
the one hand, spatial integration is insufficient when using
a camera with a limited FOV. On the other hand, the com-
ponents of lower spatial frequency contribute more to the
response and induce, however, more significant fluctuation
in the response. Therefore, a high-pass filter is applied to
eliminate the components of very low spatial frequency. As
a result, the variation in the response is reduced, and the dif-
ference between the predicted response Rp and the actual
response Ra becomes smaller (Fig. 10). Figure 10a shows
the predicted response Rp and the actual response Ra when
using the raw EMD model, while Fig. 10b shows that of the
EMD model with a high-pass filter. The relative response
error eR defined by (8) is shown in Fig. 10c and d. The mean
relative error mean(eR) in Fig. 10c is approximately 23.9%,
while that in Fig. 10d is only 4.15% (−82.6%). The rela-
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Fig. 10 Responses of EMD with and without high-pass filter. The input
image is the classroom in Fig. 4 with an image size of 8,000×1,600 pix-
els. Each time, an 800 × 27-pixel image is used as the input signal.
a Predicted response (solid red line) Rp and actual output (dashed blue
line) Ra of raw EMD. b Rp and Ra of EMD with high-pass filter.
c Relative response error of responses in (a). d Relative response error
of responses in (b). The parameters of the EMD are τL = 0.035 s,
τH ′ = 0.02 s, �φ = 0.9◦, and v = 90◦/s

tive error is considerably reduced by adding the high-pass
filter.

Temporal low-pass filter With the raw EMD the response-
velocity curve might have a local minimum (negative)
appearing at a very low velocity. An example is shown in
Fig. 11b, where the solid red line and dashed blue line denote
the response-velocity curves obtained with and without a
low-pass filter, respectively. In the solid red line a local min-
imum −0.1 is observed at a velocity of v = 0.8◦/s. Utiliz-
ing this curve for velocity estimation could lead to incorrect
results. The addition of a low-pass filter eliminates the nega-
tive responses, as shown by the dashed blue line in Fig. 11b.
The reason is that the low-pass filter changes the PSD for
the image (Fig. 11a). According to (7), components with
frequencies fi ∈ [0.56, 1.11] cycles/degree lead to nega-
tive responses when �φ = 0.9◦. As observed in Fig. 11a,
PSDs of frequencies of [0.56, 1.11] cycles/degree are larger
in the solid red line than in the dashed blue line. In addi-
tion, components with high frequencies contribute little to the
EMD response, as illustrated in Fig. 7. Therefore, negative
mean responses may be generated when components having
frequencies within [0.56, 1.11] cycles/degree become dom-
inant in an image. Adding a low-pass filter eliminates the
local minimum.

Remark 5 The local minimum appears at a very low veloc-
ity (< 1◦/s). For applications with a velocity outside this
range the low-pass filtering can be omitted to reduce the com-
putation time. Combining the low-pass and high-pass filters
in a single algorithm could also solve the problem of a local
minimum and reduce computational costs.
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Fig. 11 Responses of EMD with and without low-pass filter. a Power
spectrum of classroom image; red solid line: power spectrum of image
before low-pass filter; dashed blue line: power spectrum of image
after low-pass filter. b Corresponding response-velocity curves; τL ′ =
0.015 s, other parameters: see Fig. 10

3.4 Algorithm

The foregoing discussion demonstrates the possibility of uti-
lizing the mean response of an EMD for velocity estima-
tion. In this subsection, an algorithm for velocity estimation
is proposed by establishing a real-time LUT. Although the
actual mean EMD response Ra can be predicted by (7) with
a known image velocity v, the velocity v cannot be directly
deduced by mathematical means owing to the nonlinearity
of (7). One way to estimate the velocity here is to establish a
response-velocity LUT. By comparing the actual mean EMD
response Ra with the predicted response-velocity LUT, the
velocity v is estimated. The algorithm for velocity estimation
is illustrated in Fig. 12:

– Firstly, the actual mean EMD response Ra is obtained
by applying an array of EMDs to the image.

– Secondly, the PSD of the image after high-pass and low-
pass filtering is calculated by (6). By (7), a real-time
response-velocity LUT is created.

– Finally, the actual response Ra is compared with the
responses in the LUT. Then the estimated image veloc-
ity v̂ is determined.

Notice the LUT should be updated from frame to frame.
Although most natural images possess similar PSD slopes,
the PSDs of these images are different from each other. In
addition, the image contrast has a significant impact on the
magnitude of the response-velocity curves (Egelhaaf et al.
1989), resulting in diverse curves. Figure 13 shows some
examples of LUT with different input images. Four images –
img1, img2, img3, and img4 – are adopted as input signals,
which are subsegmented from the original classroom image
in Fig. 4. Figure 13 shows that the PSDs of these images
exhibit similar slopes. However, different response-velocity
curves are obtained. Therefore, a real-time LUT must be
established to achieve an accurate velocity estimation.
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Fig. 12 Algorithm for applying the mean EMD response for velocity
estimation based on PSD analysis. v: speed of input signal; v̂: estimated
image velocity
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Fig. 13 Real-time response-velocity LUTs using different input
images – img1, img2, img3, and img4 – that have similar PSD slopes.
The four images are subsegmented from the classroom image in Fig. 4

Compared with existing methods, the advantage of the
proposed approach is that it is applicable in almost all kinds of
environments, while the other models/methods are restricted
to either simple monotonous artificial environments or nat-
ural environments possessing very close PSDs. In addition,
the accuracy of velocity estimation is improved with the pro-
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Fig. 14 Closed-loop yaw-angle control system. EMD-based angular
velocity estimation is denoted by the dashed rectangular

posed approach, which, for the first time, allows one to apply
the EMD to closed-loop motion control in normal environ-
ments. The online calculation of the LUT is achieved by
exploiting Eqs. (6) and (7), which have a small computation
load in the order of O(N 2).

4 Experiments

In this section, the utilization of the mean EMD response as
an angular velocity estimator is exploited in real-time robot
control. The closed-loop yaw-angle control system is shown
in Fig. 14. The control aim is to drive the robot end effec-
tor to follow a designed rotational trajectory θd. After a new
image captured by a camera is obtained, an array of EMDs
is applied to estimate the angular velocity θ̇is. The estimated
angular velocity θ̇emd is followed by an integrator. Thus, the
estimated yaw angle θemd of the end effector is obtained. A
PD controller is applied to compute the control signal u.

4.1 Experimental setup

The experimental setup is shown in Fig. 15. The end effec-
tor of a 7-DoF robot arm (B. Stanczyk 2006) is utilized
as a manipulator for yaw-angle control. A camera-in-hand
structure is adopted. A high-speed camera, the Mikrotron
MC1363 (1024 × 4 pixels @ 1000 fps), is mounted on the
end effector. The images are sent to a PC through a camera
link. Benefitting from the simple structure of the EMD and
the choice of a small input image, the vision system based
on the EMD achieves a frequency of 1,000 Hz. The robot
arm is controlled at 1,000 Hz through MATLAB/SIMULINK
block sets. Standalone real-time code is generated directly
from SIMULINK modules with the Real-Time Workshop.
The control signal for the joint is sent to the control box
through a Sensoray card (Sensoray S626 I/O).

The parameters of the EMD model are as follows: τL =
0.035 s, τH ′ = 0.06 s, τL ′ = 0.2 s, and �φ = 0.42◦. The
parameters of the PD controller are heuristically selected:
P = 0.16, D = 0.015. The experiments are carried out in
a normal laboratory setting. Since constant-velocity motion
(e.g., the motion of an object on a production line) and time-

Fig. 15 Experimental setup consisting of two standalone PCs, a robot
arm, a control box, and a high-speed camera

varying motion (e.g., motion of an object moving arbitrarily
in a work space) are two typical motions in robot control,
the desired trajectory with a constant/time-varying velocity
is chosen in the experiment.

4.2 Experimental results

Experiment 1 The proposed velocity estimation approach is
evaluated firstly in a closed-loop yaw-angle control with a
reference triangular trajectory (piecewise constant velocity)
(solid red line in Fig. 16a). The tracking results and the rel-
ative tracking error are shown in Fig. 16a, b, respectively.
The mean relative angular error is only mean(eθ ) 1.85%,
and the maximum relative error is max(eθ ) = 7.1%. The
relative angular error becomes larger when the motion direc-
tion of the desired yaw rate switches, e.g., from clockwise to
anticlockwise, because at these time instances the initial lag
caused by the transient EMD response and the friction on the
manipulator jointly influence the yaw-angle control. Never-
theless, the preceding results exhibit a promising start in the
use of insect-inspired EMD for accurate velocity estimation
in robot control.

Experiment 2 The proposed approach is evaluated in a
closed-loop yaw-angle control with a reference trajectory,
which has time-varying velocity (solid red line in Fig. 17a).
The results are shown in Fig. 17. Compared with the results in
Fig. 16, the tracking error in this experiment is slightly larger.
The mean relative angular error is mean(eθ ) = 1.93%, and
the maximum relative angular error is max(eθ ) = 11.7%.
One reason for the increased relative error could be that the
nonlinear friction on the manipulator has a larger impact on
the trajectory with time-varying velocity than that with con-
stant velocity. Moreover, the initial lag caused by the tran-
sient EMD response becomes more critical in this case. In
particular, for the time period [13 18] s, the relative error eθ

becomes larger than that for the rest. The reason may be that
the unexpected friction is significant at these positions.
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Fig. 16 Experimental results of using the mean EMD response as
velocity estimator in a closed-loop yaw-angle control (with piecewise
constant yaw rate). a Angle evolution; solid red line: reference yaw
angle with piecewise constant rate; dashed green line: estimated yaw
angle based on EMD; dashed-dotted blue line: actual angle of manipu-
lator. b Relative angle error evolution
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Fig. 17 Experimental results of using the mean EMD response as
velocity estimator in a closed-loop yaw-angle control (with time-
varying yaw rate). a Angle evolution; solid red line: desired yaw angle
with time-varying rate; dashed green line: estimated yaw angle based
on EMD; dashed-dotted blue line: yaw angle of manipulator. b Relative
angle error evolution

The results from these two experiments indicate that it
is practical to use the mean EMD response as a velocity
estimator for robot control. The vision system based on the
EMD provides accurate and high-speed (1,000 Hz) visual
feedback. A convincing control performance is demonstrated
by applying the EMD in a closed-loop yaw-angle control. For
tracking constant-velocity/time-varying motion, the mean
relative error is smaller than 2%.

5 Conclusion

In this work, a novel approach to applying the mean EMD
response for accurate velocity estimation is proposed. A
real-time response-velocity LUT is established based on an
analysis of the power spectrum of the input image. The
mean response of the EMD to real-time image sequences
in an unconstructed environment is investigated. To enhance
the performance of velocity estimation, an elaborated EMD
model is proposed with two preprocessing modules: a tem-
poral high-pass filter and a temporal low-pass filter. The pro-
posed approach to velocity estimation has the advantages
of low computational cost, which enables high-speed visual
feedback for robot control. Our approach is evaluated by
experiments of closed-loop yaw-angle control. The results
demonstrate that the velocity estimated by our approach is
accurate and thus can be applied in real-time robot control.

Future work will focus on the extension of the usage scope
of the response-velocity curve using the multiple channels of
EMDs and the estimation of 3-D motion with receptive fields.
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