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Plant acoustic density profile model of CTFM ultrasonic sensing

Abstract

Many applications require the sensing of plants. When an ultrasonic sensor insonifies a plant, the
resultant echo is the superposition of the echoes from the leaves. As a result, the echo contains
information about the geometric structure of the foliage. In this paper, we present a model of sensing that
facilitates the extraction of geometric features from the echo for plant classification, recognition and
discrimination. We model the echo from a CTFM ultrasonic sensor with the acoustic density profile
model. Then, we identify a set of features that represent plant geometric characteristics and use these to
perform an inverse transform from echo features to plant geometry.
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Plant Acoustic Density Profile Model of CTFM
Ultrasonic Sensing

Phillip McKerrow, Member, IEEEand Neil Harper

Abstract—Many applications require the sensing of plants. profile is a transformation from the physical structure of the ob-
When an ultrasonic sensor insonifies a plant, the resultant echo ject to information in the echo. It can be thought of as a forward
is the superposition of the echoes from the leaves. As a result, thetransformation from object structure, to echo, to acoustic den-

echo contains information about the geometric structure of the it file. T lidate it lied it to th it d
foliage. In this paper, we present a model of sensing that facilitates Sity prohie. 1o validate It, we applied it to the recognition an

the extraction of geometric features from the echo for plant classification of leafy plants [4].
classification, recognition and discrimination. We model the echo However, an inverse transformation is required to obtain data

from a CTFM ultrasonic sensor with the acoustic density profile  for reasoning about the physical structure of a plant. In Sec-

model. Then, we identify a set of features that represent plant jqns v/j1—X|V, we seek to establish an inverse transform from

geometric characteristics and use these to perform an inverse . iy ) ) : .

transform from echo features to plant geometry. acoustic density profllg to plant physu;al shape. W|th this model,
we transform echo signal features into acoustic features and

transform some acoustic features into geometric features related

to the foliage structure (the size, shape, orientation, and overall

positioning of the leaves).

|. INTRODUCTION The Wollongong Botanic Gardens supplied 100 plants, in

URFACES with rough texture or complex geometry arg;\mily groups, for these experiments. Plants of the same family
ommon in nature. Plants have complex geometry and gl not necessarily similar in terms of the information in their
found in many potential applications for mobile robots. If choes, which depends more on the foliage structure. A data-

robot can sense the geometry of a surface then it may be a g€ was built for each plant containing echoes front 360

to recognize, or discriminate between, plants. Machine percéB'Eat'On in T steps.
tion of plants will enable a robot to navigate using the plants as
landmarks. The ability to identify a plant as a weed will enable
a robot to remove it from among a crop. Billingsley and Schoenfisch [1] developed a system for

Vision research has succeeded in recognizing plants in sitgiaiving tractors along rows of crops to till between them. It
tions where either the background or the lighting is controlledses vision to detect the rows of young plants against a soil
Some of the problems encountered with vision systems maylieckground. Kimoto and Yuta [10] used the standard deviation
solved with sonar [12]. When a surface is insonified with ultrasf ultrasonic range readings to detect a hedge from a moving
sonic sound, the resultant echo contains information about tiedot. Macedcet al. [11] extend this approach to discriminate
geometric structure of the surface, in particular, depth and atestween obstacles and long grass using statistical analysis of
information the variation in range readings made with a laser range finder.

There is sufficient information in the echo of a CTFM ultra- Maeyameet al.[13] used a combination of vision and ultra-
sonic signal from a plant for a neural network to recognize 1 gbnic sensing to detect trees along a path. Mandow]. [14]
4 plants over awide range of orientations [3]. However, the echised pulse-echo ultrasonic sensing to navigate along rows of
can vary considerably with rotation. To achieve robust classifitants in a green house. Nabettl.[15] found that plants have
cation [5], we sought to find a set of features that: a) could meany different complex forms that cannot be described using
easily extracted from the echo, b) were invariant with orientaimple geometric models. They state that their vision system
tion [7], and c) represent defined geometric characteristics o€auld recognize 17 different weed species to 82% accuracy.
plant [6]. Guyeret al. [2] attempted to identify plants from the shape

In Section VI, we present the acoustic density profile modef their leaves. They placed leaves in isolation against a soil
of CTFM ultrasonic sensing as a basis for perceiving the gemackground so that the leaves were all at the same distance from
metric structure of a plant from its echo. The acoustic densittye camera and orthogonal to it. They achieved 68% recognition

when trying to separate one leaf from the leaves of seven other
plant species. Errors in classification were due to poor images,

. . . _ oor segmentation, and natural scene variation. They state that
Manuscript received May 23, 2001; revised October 31, 2001. This work wgs

supported by Thomson Marconi Sonar. The associate editor coordinating e _ma]or problem for vision systems Is b'0|09|cal Va”ab”'ty
review of this paper and approving it for publication was Prof. Jan Soderkvistvithin plant species.

The authors are with the School of Information Technology and Computer Singh and Montemerlo [16] attempted to Classify plant cut-
Science, University of Wollongong, Wollongong, NSW, Australia (e-malil;

phillip@uow.edu.au). tings using vision. They graded three different cultivargera-
Publisher Item Identifier S 1530-437X(01)11160-7. niumsas small, medium, or large to an accuracy of 90%. The

Index Terms—Machine perception, plant recognition, robot nav-
igation, ultrasonic sensing.
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Fig. 1. CTFM signals.f.w..p = Sweep frequency rangef, = audio

frequency.fa max = Maximum audio frequency, = sweep timef, = time The amplituded,. of the FFT line at range is the absolute

{0 gcho at maximum range, = time period for FET sampling.. =1me to 31 ,e of the complex number output from the FFT. Itis propor-
tional to the pressure of the echo and hence to the area of the
surfaces normal to the receiver in the annulus. The output of the

grade of the cutting was determined from carefully selected fe2gT is an integer value, which is converted to millivolts for dis-

tures extracted from a single image. They found that the appegiay on the acoustic density profile graphs (14i6.039 mv).
ance of the cutting is changed significantly by the change in

viewing angle of the sample but good feature calculation can IV. DATA CHARACTERISTICS

reduce the effects of this.
Specular surfaces produce a narrow-band echo that trans-

forms into a large amplitude spectral line at a single range.
lil. CTEM Diffuse scatterers produce a wider band signal with much
Echo data was captured with a continuously transmittednaller amplitudes. Objects with multiple surfaces generate
frequency modulated (CTFM) ultrasonic system developathoes from each surface and the resulting echo contains
by Leslie Kay [8], [9] as a mobility aid for blind people. Theinformation about all of the surfaces.
system uses oval transducers with a horizontal beam angle of' he amplitude of a spectral line is a function of the size, spec-
40° and a vertical beam angle of 2easured relative to the ularity and orientation of the surface. Since there are many re-
beam axis. The plants were placed so they were completéictive surfaces in a plant, the return signal is complex (Fig. 3).
inside the beam, and the pots were outside. A CTFM systekiso, the maximum amplitude (12 mV) is significantly smaller
transmits a sine wave that is repeatedly frequency swept ovehan that from a flat wall (100 mV) or a 10 mm diameter metal
one-octave bandwidthf{yee, is 100 to 50 kHz with a sweep rod (20 mV). The echo from a flat surface at 500 mm is used as
period ¢, of 102.4 ms). The echo is a delayed and filterethe maximum calibration point for the sensor system. The min-
version of the transmitted signal. imum calibration point is obtained by pointing the sensor into
The echo is demodulated with the transmitted signal to obpen space and calculating the mean and standard deviation of
tain a set of audio toneg{ is 0-5 KHz) proportional to range the noise.
(Fig. 1). The audio tone for a target is continuous from the time When a plant is in the field of audition, a CTFM system can
at which the echo arrives until the end of the sweep. Thus, tletect it independent of the distance to the plant, the height
sweep consists of two time periods: the time to the arrival of the plant and the width of the plant. Properties of a plant
an echo from maximum randgé;) and the time to capture thewhich modify the echo include: its size, orientation and number
samplegto) for the fast Fourier transform. of leaves, the spatial positioning and orientation of the leaves
In the time domain, the complexity of the audio signal is prawithin the plant, and the acoustic shadowing of back leaves by
portional to the geometric complexity of the target. It containfsont leaves.
a tone for each range where sound is scattered. We can separdteaves with surfaces angled to the sensor reflect most of the
these tones by transforming the audio signal into the frequendyrasonic sound away from the receiver. Also, the surface prop-
domain with an FFT. erties of the leaves affect the amount of ultrasonic sound re-
The FFT divides the echo up inte = 512 frequency bins turned. Smooth and flat leaves reflect more in one direction than
of width 6 f = 10 Hz. When transformed from frequency spaceextured and curved leaves. In general, the more leaves on a plant
to geometric space, the bins represent a set of concentric anaulil the larger the leaves, the greater the percentage of ultrasonic
eachér = 3.4 mm thick (Fig. 2). The frequency of an FFT linesound reflected to the sensor.
fm is proportional to the rangs,, to the annulus containing the The location of leaves in the plant determines the distribution
surfaces that produced that component of the echo. of acoustic energy throughout the spectra. Peaks in the echo
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some are percentages. Before they can be used in a reasoning
Eucalyptus maculata system, they all have to be converted to comparable scales. We

12
o 101 choose to scale them so that most feature values lie between 0
g .8 and 100. We determined a scale factor for each feature from the
3 E 6 mean and standard deviation of the set of values for the feature
E Z for all 100 plants.
0 brasestlcs. A
38 451 863 VI. ACOUSTICDENSITY PROFILE

Range
ge {mm) From a signal processing point of view, the FFT produces the

spectrum of the demodulated echo. From an acoustic point of
view, the amplitude of each spectral line is proportional to the
Polyscias murrayi density of the acoustic reflectors in the annulus at that range.

! Hence, the name acoustic density profile. From a geometric
point of view, the amplitude of each FFT line is a function of
the area within the annulus that reflects ultrasonic sound back
to the transducer.

The amplitude of a range line is a function of the properties
of the leaves in the annulus at that range: their area, texture,
orientation, and the amount by which they are occluded. In each

@)

(mV)

38 451 863

Range . :
ge (mm) annulus, ultrasonic sound is reflected by surfaces and refracted
) by edges. Thus
Fig. 3. Echo spectra of (a) Eucalyptus maculata and (b) Polyscias murrayi. <ref|ecting area, texture, surface Curvatuj’ )
"7 \ refraction, shadowing, multiple reflectiopts
spectrum may indicate groups of leaves. Small changes in the b .
orientation of a plant can result in large changes in the echcAT _ Z (reflected energy-- Z (refracted enerdy ~ (2)
spectra[7]. However, as many leaves are not flat, they will return T T

ultrasonic sound from several different orientations.
Acoustic shadowing occurs when one leaf occludes anothehere
Multi-path echoes occur when ultrasonic sound reflects off sev-b  number of reflecting surfaces;
eral leaves before returning to the receiver. Some refraction may: ~ number of refracting surfaces.
occur, but it will result in a very small contribution to the am- The amplitude can be further abstracted by considering the
plitude in the range cell. ultrasonic sound to be scattered frgraections of leaf surfaces
Dense plants have more shadowing and less of the echo ofigeluding edges) with elemental aréa,, and each with its own
inates at leaves beyond the front surface of the plant. In genegitectivity functiond;,. The directivity function takes into ac-
the echo from dense plants has one region with large amplitugigunt the area, curvature and texture of the surface. The propor-
which corresponds to the front of the plant (eRplyscias mur- tion of the transmitted energy, falling on a section of a leaf
rayi in Fig. 3). In contrast, the echo froBucalyptus maculata surface is determined by the directivity function of the trans-
includes echoes from the leaves at the back of the plant. Nowitter in the direction of the surfacg,
the background in the images was not present when the plant

was sensed. !
A, = Z (A dyy *+ dyy). (3)
1

V. DATA PREPROCESSING

Raw data from the FFT is generally in the range of 0 to 100
mV. Before features are extracted, the region of the echo cor-
responding to the plant is selected with a window and the am-In our study of plants, we found 19 features that are useful for
plitude is normalized. Windowing discards data that does nadiscriminating between plants (Table I). These features were se-
belong to the plant and it transforms absolute range data iméated from an original set of 67 using feature filtering. The ones
relative range data. with the lowest predictive quality were removed. The chosen

The raw data is normalized so that it is equivalent to measufeatures can be easily extracted from the echo, have small varia-
ments at a range of 400 mm. Normalization removes any vatibn with orientation, have good ability to discriminate between
ation with range to ensure that when spectra or features frgtants, and represent geometric characteristics of a plant. As
different plants are compared the differences are due to plémése features are calculated from the acoustic density profile,
geometry. they measure certain fundamental properties of the echo.

After the features are calculated, they are normalized againConsider the plants shown in Fig. 3. The acoustic density pro-
this time to a common scale. Each feature has its own rangditd of the Polyscias murrayhas a higher peak than that -
values and its own units: some in millivolts, some are counts andlyptus maculataSo, a feature which may distinguish these

VII. PLANT FEATURES
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TABLE |
FEATURES WHICH CHARACTERIZE THE ACOUSTIC DENSITY PROFILES OF

PLANTS

Feature Description

fosabove_threshold |Counts of the number of
range cells above a
specified threshold

gum_of_density_pro \Sum of all of the range

ile

cells

variance_range,
stdev_range,
mean_abs_dev_range
coeff of_var range

The variation of the
detected reflections from
the central point of the
acoustic density profile.

front_to_peak_dist

Distance from the first
detectable surface to the
surface with the highest
amplitude.

length_of_density_
profile

The range over which
reflections are detected.

freg_75_acoustic_a
rea

The range from the first
detected reflecting surface
to the cell where 75% of
the sum is accumulated.

no_of_major_peaksl

no_of_major_peaks2

Count of range cells which
have reflections
significantly stronger than
those around it.

IEEE SENSORS JOURNAL, VOL. 1, NO. 4, DECEMBER 2001

plant. It can be decomposed into two separate transformations:
signal features to acoustic features and acoustic features to plant
features.

A problem with many inverse transforms is that they do not
produce a one to one mapping. However, if we can achieve a
transformation from the 19 signal features to plant geometry, at
least in concept, then we are well along the way to a scientific
basis for plant recognition and classification.

In the following sections, we consider some of the 19 features
and determine an inverse transform to geometric features. Often,
we will find a 1: 1 mapping from signal feature to acoustic fea-
ture. For example, the length of the acoustic density profile is
the acoustic depth of the plant.

Unfortunately, most transforms from acoustic feature to ge-
ometry are 1 to many or many to 1. One geometric parameter
may contribute to several acoustic features or several geometric
features to one acoustic parameter. For example, threshold fea-
tures measure both leaf density and leaf size, but we have not
been able to distinguish between them.

IX. AMPLITUDE OF RANGE LINES

The height of a range line in the acoustic density profile is the
simplest signal feature. It is proportional to the square root of the
energy in the reflected signal. Hence, itis a transformation of the
acoustic area of the plant at that range. Thus, the first transform

plants is the maximum amplitude of the acoustic density prgs,m signal feature to acoustic feature) is from signal amplitude
file. If this feature is consistent through rotation, then it may q% acoustic area.

a good feature for classification.
In Fig. 4, a feature and its standard deviation is plotted for gll . complex. The acoustic area is the sum of the areas of

100 plants. The values are averaged over3g@otation, with

The second transform (from acoustic feature to plant feature)

the sections of leaves in the annulus at that range which reflect

samples taken every 1The ability of a feature to discriminate o gnergy to the receiver. The acoustic area is a function of

between plants is determined by the slope of the line and %‘ne

geometric area of the leaves of the plant, but not a simple

standard deviation. The slope is a measure of how easy it istQtion
separate wo plants. The standard deviation is a measure of ho\f‘—‘or a section of a leaf to reflect toward the receiver it must

much the feature chang

Whether this feature is considered to be a good feature or

es with rotation.

be oriented near normal to the axis of the receiver. In air, most
M4t surfaces are specular reflectors, diffuse reflectors are rare,

gepends oln thefapphcanon. Ifl thﬁ tasl;_re?uwes d's_ﬁ”m:mg!%?ld there is virtually no absorption. The surface curvature of the
etween plants from any angle then this feature will only digs ¢ 5hreads the echo, which makes it weaker at the receiver. The

criminate between about 10 out of the 100 plants. To discrim \tormation is complicated further by acoustic shadowing,
nate between more plants, it has to be combined with other f%?fd multiple echo paths

tures. This is typical of most features.
However, many tasks require recognition over a small an%lg
of rotation. For example, in landmark navigation, a mobile rob%1
will typically return to within 3 of the original sample angle. c
Correlation of the features over this range [7] shows a mu%ﬁ
smaller variation and hence a greater ability to discriminate.

From (3), we see that the area and directivity of the scattering
rfaces in an annulus determine the amplitude of the resultant
nge line. Consequently, range lines with the same amplitude
n represent echoes from a small number of large leaves or a
ge number of small leaves. We are yet to find features that
map to leaf size or shape. While both leaf geometry and foliage
structure contribute to the echo, the set of features discussed
here only map to foliage structure. Also, we removed the leaves
from a plant and found that very little of the echo comes from
the branches.

The acoustic density profile is the result of a forward transfor- Thus, for this simple feature, we have a one to one transform
mation from plant structure to echo, and from echo to spectrufrom signal feature (amplitude) to acoustic feature (acoustic
The model provides a way to invert this echo generation procesga). Then, we have a complex mapping from acoustic feature
to obtain a physical interpretation of the echo. The inverse trarnis-plant feature (near normal area, diffraction, leaf curvature,
formation attempts to obtain geometric information about thecoustic shadowing, and multiple echoes).

VIIl. GEOMETRICINTERPRETATION OFFEATURES



MCKERROW AND HARPER: PLANT ACOUSTIC DENSITY PROFILE MODEL OF CTFM ULTRASONIC SENSING 249

100

80

60

Numbergbove threshold 1

20

Plants in ascending order of feature value

Fig. 4. Distributions of values for the threshold 1 feature for all 100 plants—Average and standard deviation for 360 samples separafteotatidh.

X. LENGTH OFACOUSTICDENSITY PROFILE acoustic depth varies from 42 mm to 351 mm with most of the
I%ants being evenly spread between the two extremes. Conse-

The length of the acoustic density profile is calculated as t : L
distance between the first and the last range line in the ec léently, acoustic depth can be used as a discriminatory feature.

reflected from a plant. It is the acoustic depth of the plant. Wh “é;e variation of acoustic depth with 36fotation is shown by

surfaces at both extremities of the plant reflect ultrasonic sou standar_d deviation. . .
Symmetric plants have evenly spread foliage and their

to the transducer, then it is also the physical depth of the plant. ) . .
However, in practice, it is the distance between the first and | oustic depth has a low standard deviation. The acoustic depth
detectabie surface o'f the plant of asymmetric plants and plants with sparse foliage has a high
The relationship between these features is given in the fgf_andard deviation. Many plants have regions of local symmetry
lowing equations where the acoustic depth is constant over a few degrees. Such

asymmetry can be useful in determining the direction from a

signal depth= (p — m)éf (4) robot to a landmark [7].
acoustic depth= (p — m)ér ®) XI. SUM OF RANGE LINES
physical depth>~ (p — m)ér (6)
wherem = range to nearest part of the plant causing a reflection, P
p = range to most distant part of the plant causing a reflection, Ator = Z Ar. ()

r=m

61 is the width of one FFT range bin, aid is the equivalent
range (Fig. 2). The sum of the range lines in the window is the area under the

When a plant has dense foliage, the signal may not penetrateustic density profile. It is the square root of the total acoustic
to the far side and the acoustic depth is less than the physieaergy reflected toward the transducer by the plant. It is propor-
depth. Such plants are characterized by a single prominent p&akal to the density of the foliage on the plant, with variation
near the left hand end of the acoustic density profile, for erue to the surface size, surface orientation, and reflectivity (tex-
ample, Polyscias murrayi, in Fig. 3. ture and curvature).

In contrast, when a plant has sparse foliage, the transmittedhe amplitude of the acoustic density profile at each range is
signal reaches the far side and the acoustic depth equals ghaportional to the acoustic area at that range. Thus, the sum of
physical depth. Such plants are characterized by large peakthatamplitudes of the range lines in the acoustic density profile
the ends of the acoustic density profile, for example Eucalyptaga plant is proportional to the total acoustic area of the plant.
maculata in Fig. 3. Occasionally, a multipath echo will result ifthe 100 plants used in this research have different values for
an acoustic depth that is greater than the physical depth.  this feature (Fig. 6).

The average and standard deviation of the acoustic depth oA plant that has many large curved leaves, or many randomly
the 100 plants used in our experiments is plotted in Fig. 5. Theiented small leaves, will reflect alot of energy to the transducer
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Fig. 5. Average and standard deviation for the acoustic depth of 100 plants, averaged 6ver 360

g00o0

6000

2000

Sum of acousti;:n %ensity profile

Plants in ascending order of feature value

Fig. 6. Average and standard deviation for the sum of range lines for all 100 plants averaged 6ver 360

resulting in a high value for this feature. A less dense plant willire, but it will normally have a high standard deviation. A plant

reflect less energy resulting in a smaller value. For exanMile, with a few small leaves will have a low value and a low standard

crocitrus australigFig. 8) is a spindly plant which reflects verydeviation.

little energy. In contrast.eptospermum laevigatufig. 9)isa  Thus, the first transform is from the sum of the individual

bushy plant that reflects a lot of energy toward the transducer.range lines of the acoustic density profile to the acoustic area of
The effect of leaf size is more difficult to quantify. A plantthe plant. The second transform is from the acoustic area to the

with a few large flat leaves may have a high value for this feghysical area of the foliage of the plant.
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Acoustic density profile

34 Range (mm) 705 34 Range (mm) 705
Count Count
80 T 80 +
60 T 60 +
40 40
20 _\\ 20 \__\
0 T ) $ T ) T v 0 + 4 ) ) (4 3 T
1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9
Threshold feature Threshold feature

Fig. 7. Image, acoustic density profile at one orientation, and threshold cuivig. 8. Image, acoustic density profile, and threshold curve averaged over
averaged over 360for a class a) plan®ittosporum James Sterling 360 for a class b) plantMicrocitrus australis

XIl. THRESHOLD FEATURES plot of the 9 threshold features for any plant is always a curve
that slopes down and to the right (Fig. 7).

Nine of the 19 features are counts of the number of range linesThe shape of this threshold curve can be used to separate
where the acoustic density is greater than a given threshold. Thents based on the clustering of their foliage. A plant with small
threshold count is the number of annuli where the density sfaves spread evenly through out it will have high counts for
acoustic reflectors is sufficient to return more than the threshdf@v thresholds and zero counts for high thresholds. In contrast,
level of energy. Threshold features measure the foliage str@gplant with leaves clustered into a few range cells will have high
ture: the number, size, texture, density, orientation, and spreegdints for all thresholds.
of reflective surfaces through the acoustic depth of the plant. The values of the threshold features are an indication of the

As stated in Section IV, the minimum calibration point of theiumber of leaves. A plant with a few large leaves will only have
sensor is the mean value of the noise when measuring ematgmall number of range lines and many of these will exceed
air. Threshold 1 was set at the mean plus twice the stand&igh thresholds. In contrast, a plant with many small leaves will
deviation of the noise (0.585 mv), so that it is sensitive to vegrobably have high values for low threshold features and low
small echoes. The other thresholds are multiples of thresharlues for high threshold features.

1:1.333 for threshold 2, 1.667 2.0, 2.667, 3.333, 5.0°, To determine the foliage structure of plants using threshold
6.667°, 8.333, and 10.0 for threshold 10. At 5.85 mv, curves, we developed a general model of the relationship be-
threshold 10 is half the maximum amplitude of the acoustteveen plant foliage and curve shape. The model divides plants
density profile graphs plotted in this paper. In Figs. 7-11, onlgto general cases, with 5 cases shown in Figs. 7-11.

a small number of lines in the acoustic density profiles exceedThe curve shape is determined from the values of thresholds
this value. In fact, threshold 10 is not included in the final 19 and 9. First, we normalized these two features by dividing
features. them by the acoustic depth of the plant. Deeper plants have more

Threshold 9 is the highest energy level and its count is alwaseflective surfaces resulting in higher values for all threshold
very small. Threshold 1 is the lowest energy level and its coufgiatures. Reducing the dependence of the data on plant depth
is always larger that that for threshold 9. As a consequencemakes the system more general.
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Fig. 9.

34 Range (mm) 705

Count
80

60

40

20

0 % t T 1 t ¥

1 2 3 4 5 6 7 8 9
Threshold feature

Image, acoustic density profile, and threshold curve averaged over

360 for a class c) plant_eptospermum laevigatum

Fig. 10.

.. . 360° for a class d) plantRhopalostylis baneri
Second, we divided the normalized values for these two )P palosly

thresholds into 4 ranges: low, below medium, above medium
and high. Using these linguistic divisions, we can divide plants
up into 16 categories, suitable for use in a fuzzy inference
system. Here, we discuss 5 common classes a)-e) that wd) The expected threshold values are below medium for
observed in the features of the 100 plants that we studied.

a) The expected threshold values are below medium for

threshold 1 and low for threshold 9. The acoustic density
profile contains many low amplitude lines spread through
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34 Range (mm) 705

Count
80T
60T
40

0
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Threshold feature

Image, acoustic density profile, and threshold curve averaged over

small leaves, which produce large reflecting areas in each
range annulus.

threshold 1 and below medium for threshold 9. The
acoustic density profile has a few high amplitude lines.
A typical type d) plant is shown in Fig. 10. It has large
leaves with large open spaces between them.

the acoustic depth. A typical type a) plant is shown in €) The expected threshold values are above medium for both

Fig. 7. It has many small leaves spread evenly through
it. To enable comparison between plants, they were
sorted by normalized value for both threshold 1 and 9.
The higher the rating, the higher the threshold value.
The Pittosporum in Fig. 7 had a position of 33/100 for
threshold 1 and 8/100 for threshold 9.

b) The expected threshold values are low for threshold 1 and
low for threshold 9. The acoustic density profile has a few This model is an attempt to develop a general description
low amplitude lines. A typical type b) plant is shown inof plants based on foliage structure. In practice, the threshold
Fig. 8. It has sparsely spread small leaves. The Microealues do not fall into four distinct groups, but there is a con-
itrus in Fig. 8 had a position of 22/100 for threshold 1 antinuous range of amplitudes. As a result, some plants are on the

12/100 for threshold 9.

threshold 1 and threshold 9. The acoustic density pro-
file is more complex than those above and contains many
low and high amplitude lines spread through the acoustic
depth. A typical type e) plant is shown in Fig. 11. Ithas a
large number of medium sized leaves, which form a mix-
ture of small and large reflective surfaces spread evenly
within the plant.

border between two classes. For example, threshold Mfer

c) The expected threshold values are high for both threstrocitrus australis(Fig. 8) is near the border between low and
olds. The acoustic density profile contains many high anbbelow medium. An analysis of real plants showed that plants
plitude lines spread through the acoustic depth. A typicalith similar geometric characteristics have similar acoustic den-
type c) plant is shown in Fig. 9. It has a large number ity profiles and hence similar threshold curves.
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XIV. NUMBER OF MAJOR PEAKS IN THE
ACOUSTICDENSITY PROFILE

A major peak is a range line in the acoustic density profile
that a) exceeds a threshold and b) is greater theange lines
on either side of it. The two features that count major peaks
(Table 1) have thresholds at the same level as thresholds 5 and 6
of the threshold feature set. The width of the sides of the peaks
isn = 5, resulting in a minimum distance of 17.2 mm between
major peaks. The major peaks occur at places in the plant where
leaves are clustered. Thus, these features are a measure of the
layering of the foliage. Often, deeper plants will have a higher
number of major peaks because they have space for more layers.

Plants with a dense outer layer, such as Polyscias murrayi in
Fig. 3, will only have a single major peak. Less dense plants,
such as Eucalyptus maculata in Fig. 3, will have a major peak

34 Range (mm) 705 at both extremities. Plants with distinct layering in their foliage

will have a peak for each layer that the ultrasonic sound pene-
Count trates.

80 T The average and standard deviation for the feature

60 + number-of-major-peaks-1 is graphed for all 100 plants in

40 + Fig. 12. Plants on the left of the graph have a small number
20 + of peaks because they are either very narrow or are deep with

0 only a few leaves. For exampl&lelaleuca erubescers 60
1 2 3 4 5 6 7 8 9 mm in depth, buCordyline australiss 600 mm in depth, yet

Threshold feature both have only have one major peak. Plants with a high value

for this feature are not necessarily the deepest, for example,

Fig. 11. Image, acoustic density profile, and threshold curve averaged ok&Ptospermum petersoniihich is 200 mm deep.
360 for a class e) planfRadermacheria fenecis

Using the above, we may be able to build a rule based dis- XV. CONCLUSION
criminator to classify plants into broad classes based on their L _ o
foliage structure, and achieve a transform from signal feature to"Vhen an ultrasonic chirp impinges on an object, it is scat-
plant geometry. It may be possible to refine this system usiltﬁj'ed- The directions in which the ultrasonic sound is scattered
other information in the threshold curves. are determined by the orientations of the surfaces of the object.
For example, many threshold curves have a knee at threshbfif quantity of energy scattered in a direction is determined by
4 where the gentle slope from threshold 2 to 4 increases frdhg areas of the reflecting surfaces oriented near normal to that

threshold 4 to 7 (Figs. 7 and 8). This knee is most obvious féiréction and the sharpness of the refracting edges.
plants with a small number of small leaves. The time relationship between components of the scattered

ultrasonic waves is defined by the relative ranges between the
scattering surfaces. The echo impinging on a receiving trans-
ducer is the superposition of the ultrasonic waves scattered in
the direction of the receiver. As a result, the echo is a measure-
The threshold features throw away the range relationship seent of the geometry of the object.
tween the lines, and, hence, have no relationship to the enveWhen the echo from a frequency modulated chirp is demod-
lope of the acoustic density profile. The ratios of two featuregated, the resultant signal is a superposition of tones. The fre-
in Table I (the front to peak distance, and the distance from theency of a tone is proportional to the range at which the ul-
front to the range cell where the sum of the acoustic density pteasonic sound was scattered and the amplitude is proportional
file reaches 75% of the total) to the length of the acoustic densitythe square root of the amount of energy scattered toward the
profile are measures of the slope of the front of the envelopetransducer. This time domain signal is decomposed into its fre-
This slope is the rate of change of the area of the acoustic ggiency components with an FFT.
flectors in successive annuli. This rate of change is a function of The resultant spectrum is windowed and normalized to obtain
the density of the foliage and the curvature of the front surface@fange independent acoustic density profile for the object. The
the plant. A large flat surface produces an echo with the highestoustic density profile is a measure of the density of acoustic
rate of change. The front surface of a plant is a tessellationsafatterers in each range annulus formed by the FFT bins. From
many small surface elements. The rate of change of the acousiiie acoustic density profile, we can extract a number of features
area of a plant decreases as the surface curvature increasegdtatcare useful for classifying a set of objects. In the research
as the density of the leaves decreases. reported here, the objects are plants growing in pots.

Xlll. FRONT TO PEAK DISTANCE
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Fig. 12. Average and standard deviation of the feature number of major peaks 1 for all 100 plants averaged over 360

The measurement process is a forward transform from geopnefile to geometry shows that information about the geometry
etry to acoustic density profile. The extraction of features is arf a plant can be obtained from its echo.
inverse transform from echo signal to acoustic features to objectn further research, we are looking at the issues of applying
geometry. In the case of plants, we have been able to transfdala results of this research to landmark navigation and to
some of the signal features into geometric features representitigcriminating between weeds and plants in a market garden.
plant foliage structure. These transformations include Moving from isolated plants, used to develop the model in

a) the length of the acoustic density profile is the acoustife laboratory, to plants in real environments raises the issues
depth of the plant; of background clutter, plant overlap and plant changes with

b) the standard deviation of the acoustic depth is a meas@f@Wth-
of plant symmetry;
c) the count of range lines with amplitudes above thresholds ACKNOWLEDGMENT
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