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Abstract

Future Machine Vision applications have to cope with
3D non-rigid objects. One such application is 3D pose es-
timation of cactus leaves, which is the topic in this paper.
We apply an Active Shape Model (ASM) to estimate the 2D
pose of a leaf in one image. We post-process the ASM in or-
der to find well-defined characteristics which are located in
a second image using correlation. This process provides 3D . ) . )
points which are used to find the 3D pose of the leaf. Tests Fi9ure 1. A Christmas cactus. Left: input im-
show that84.6% of the 3D poses are found correctly. age. Right: Preprocessed image.

. re-planting them. The only sub-process that is yet to be au-
1. Introduction tomated in the entire process is the picking of the leaves

. . . from the cactus. This paper investigates the possibility of
In the last decade Machine Vision has been widely “Seddoing s0.

in industry, especially in quality control and to guide robots.
Both application domains are usually build around conveyer
belts transporting objects that are used in an assembly prol.1. Related Work
cess or that need to be sorted with respect to quality, size or
some other parameters. One thing that traditionally charac- Usually a pixel-based or feature-based method is ap-
terizes objects subjected to machine vision is that they areplied in machine vision. But in the case of multiple com-
located on a 2D surface, making the vision problem 2D, or plex non-rigid biological objects with potential overlap a
if in 3D the objects have a known rigid structure. The next model-based (also known as shape-based) method might be
generation of machine vision applications has to cope with better as it can incorporate global information and shape
non-rigid 3D objects as well. Such applications can e.g., bevariations. Shape-based non-rigid methods can either be
found in nursery gardens where automatic picking of fruits free-form deformable templates or parametric deformable
and leaves is highly desirable in order to reduce productiontemplates [7]. The best-known method within the former
cost and eliminate monotonic and wearing jobs. class is perhaps "snakes” [8] but others also exist. Com-
At the company "Gartneriet PKM” [9] cactus plants of mon for the free-form deformable methods is that they con-
the type Schlumbergera Bridesli (also known as Christ- tain little or no a priori knowledge. As the shapes of the
mas cactus, see figure 1) are planted, grown and sold. Thideaves of a cactus are not arbitrary, see figure 2.A, para-
is done by picking leaves from full-grown plants and re- metric deformable templates might be a better choice for
planting these. The re-planted leaves are automatically wa-detecting cactus leaves. The parametric deformable tem-
tered, fertilized, and given the correct amount of light until plates, which are also known as active models, active con-
they are saleable. Recently the re-planting process has beetours, deformable models, and flexible models, can be di-
automated by the "pick and plant” system developed by thevided into analytical form-based methods and prototypical-
company Thoustrup & Overgaard [12]. It operates by de- based methods. As seen in figure 2.A the leaves can have
tecting the positions and orientations of leaves located on avery different shapes and an analytical representation will
conveyer belt and guiding a robot to pick up the leaves andtherefore be very hard, if not impossible, to develop, hence



a prototypical-based method seems to be the correct choicé
for this application.

One very successful prototypical-based methods is the
Active Shape Method (ASM) [3], which has shown its

worth in many different application areas, e.g., [6][10][11]. |
ASM operates using two steps: training and online process-
ing. In the former step a number of representative training
A

images of the object is recorded and aligned. The statisti-
cal variation in the training data is found and a shape model
of the object is build. In the online step different variations  Figure 2. A: Four leaves. B: The distribution
of the model shape is iteratively synthesized into the image  of landmarks.

for comparison until the best match is found, yielding the fi-
nal representation of the object in the image. As other itera-
tive methods the ASM requires an initial guess on the loca-2.1. Data Extraction
tion and configuration of the object in the image.

Images of 200 representative leaves were recorded and
their contours semi-automatically segmented. We did this
by manually defining a number of characteristic landmarks,
see figure 2.B. Hereafter, we automatically found all inter-
mediate points along the contour that are located between

The approach in this paper is to estimate the 3D pose ofthe landmarks. We used more intermediate points in the top
a leaf by finding the 2D pose of the leaf using ASM. This is of the leaf as more reliable information can be found here.
done in two stereo-images and the results are combined ust total 78 intermediate and 13 landmark points were used.
ing triangulation in order to obtain the 3D pose. The contri- All the extracted points from one leaf are p|aced in avec-
butions of the paper are investigations of 1) how precise thetor: 7 — (21, %2, .., Ty Y1, Y2, - - - yn) T, Wheren is the
3D pose of a leaf can be estimated, 2) how precise the ini-number of points describing the shape, ires 91, andz

tial guess needs to be for the ASM to produce a useful re-andy are the pixel coordinates in the image domain.
sult. While the former is mostly relevant for the applica-

tion at hand, the latter issue is rather general and can hope-
fully provide other researchers with knowledge on the lim-
itations of the ASM. How to achieve an initial guess is not
covered in this paper, but rather in [1].

1.2. The Content of This Paper

2.2. Aligning Data

After the training shapes have been extracted it is neces-
sary to align them before any statistics can be extracted. We
The paper is structured as follows. In section 2 the train- app|y the genera"zed Procrustes Ana|ysis [5], which oper-
ing of the ASM is described. In section 3 the online part ates as follows. First all training shap@s, are translated so
of the ASM is described. In section 4 the estimation of the their centers of gravity (CoG) are aligned. Then we take an
3D pose of the leaves is described. In section 5 the test re-arbitrary centered,; and convert it into the model domain
sults are presented and finally section 6 contains a concluby scaling it to unit length. We consider this an estimate of
sion. the average model shape, The remaining centered train-
ing shapesZ;, are now aligned t& by scaling and rotating
them using the analytical solution from [4]. This gives us
2. Training the ASM the_training shapes in the model domain, iz,,and a new
esnmate of the average model shape can be calculated as
X L% 2;,i € [1,200]. We now calculate how much
We represent a leaf by a 2D-model, which later can be the average model shape has changed between two itera-
mapped to 3D as a plane. This can be done as the leaveggng:¢ — |Xnew — X|2. If ¢ is smaller than a predefined con-
are almost planar and by doing so the task of collecting datastant we conclude that the algorithm has converged. Other-
will be simplified considerably. wise we align the centered training shap®s,to Xnew and
Before describing the training, the notation used recalculate the average model shape and check for conver-
throughout the paper is defined. Data can exist either in thegence, etc. See [1] for more details.
image domain or in the (ASM) model domain. For the for- This iterative algorithm converges after only three iter-
mer uppercase letters are used and lowercase letters foations and the calculated average shape can be seen as the
the latter. A model shape is denoted eitlkeor X, an im- third column in figure 3. All training are were aligned to this
age shapg orY, and a training shapeor Z. mean and used in the calculation of the data statistic.



2.3. Calculating Data Statistic 3. 2D Shape Estimation

The training shapes contain a considerable amount of re-  After the ASM has been trained the online part can be ap-
dundant information since each point is highly dependent plied to locate a leaf. This part is an iterative algorithm that
on the position of its neighboring points. We therefore ap- takes an initial guess of a leaf in the image and then itera-
ply a Principle Component Analysis (PCA) on the aligned tively changes the pose parameters and the deformation pa-
data,z;, and only keep 14 (out of 182) components corre- rametersb, until the "true” parameters are found.
sponding t098.2% of the variance in the data set. A leaf The algorithm consists of two steps. The first step is to
shape is now represented by the model shape calculated asalculate an image shape in the image. This is done by cre-
ating a model shape using the mean shape and the initial
pose parameters. The mean shape is placed in the image ac-
cording to the initial pose parameters and an image shape
wherex is the average shape of the aligned training data, is calculated from it. The image shape is produced by ex-
& contains the 14 chosen eigenvectors, bndenotes the ~ amining the normals for each point in the model shape. The
deformation parameters and explains the deviation from thestrongest edge along each normal determines the points in
average for each of the principal components. the image shape. In figure 4 this principle is illustrated for a

To give an interpretation of the principal compo- simple geometric shape.
nents we show in figure 3 the effect of the first four
components by setting the contribution of all other
components to zero, i.e., for the first component:
b = [1,0,0,0,0,0,0,0,0,0,0,0,0,0]7.

x = x+®-b (1)
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Figure 4. The image shape, 7Y, calculated
from a model shape, X.

Axis no: 2

The second step in the iterative process uses the cal-
culated image shape. This shape is used in an alignment
scheme to first recalculate the pose parameters and then the
deformation parameters. The new parameters are then used
to produce a new model shape that serves as input for the
second iteration, etc. The ASM will keep iterating until a
convergence criterion is met or a maximum number of iter-
ations has been reached. The pose parameters and deforma-
tion parameters for the last iteration determines the 2D pose
and shape of the object.
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Figure 3. The effect of the four most signif-

icant components. ) is the eigenvalue. Note 3.1. The Algorithm
that all shapes in the middle column are iden-
ticalas b = 0. Given a certain deformatioih, the model shape is given

in equation 1. Applying the pose parametgrthe model
shape is transformed into the image as:

Clearly some of the axes describe deformations that are .
intuitively comprehensible. For example, the third axis re- X =T¢(x+ @b) @
veals something about the width of the leaves and some- In this work we assume weak perspective transforma-
thing about the vertical position of landmark number 3 and tion and can therefore model 3D shapes by an affine trans-
9, see figure 2. This is, however, not always the case and esform. So our pose parameters are, 2D translation in the im-
pecially the less significant axes (not shown here) are oftenage plane, rotation in the image plane, scaling in both direc-
hard to interpret in a physical sense. tions in the image plane, and shear.



Given equation 2 the purpose of each step in the itera- eigenvalue. If the calculated distanfeis larger than

tive algorithm is to find the pose parameters and the defor- a maximum distanc®,,,..., then theh; values are con-
mation parameters which best maps the mean model shape strained by:
to the current image shape, or in mathematical terms:

a

The algorithm which implements this minimization is
shown below.

1.

2. Generate the current model shage= x + &b
3. Map the model shape to the image:= T¢(x)

Dma;v
u ©)

and we update the deformation parameterdbas-
beon. The thresholdD,,,.. is chosen by using thg?
distribution with 14 degrees of freedom, correspond-
ing to the 14 eigenvectors.

Initialize the deformation parameters,and b, to 9. Compute a convergence criteriafi:= |b,y — b|?
zero and the pose parametegsto the initial pose.
10. Setb,;q = b

bcon =b-
rg I{}i?'Y —X|? = arg I{)li€n|Y ~Te(x+ )2 (3)

11. Check for convergence® < predefined error value,
i.e., no significant changes in the deformation param-

4. Calculate image shap¥ by searching along the nor- eters are present. If the algorithm has not converged,

mals ofX then return to step 2.

This principle is shown in figure 4. To find a strong A multi-resolution approa_lch is_ appl_ied in order to reduce
edge along the normal, the gradients of the intensity the qverall numbgr of requ!red .|terat|ons. We use a Gaus-
values are used. As the interior of a leaf can contain Si2n image pyramid (to avoid aliased patterns) and start the
many edges depending on the lighting, we use the pre_algorlthm at the coarsest level. This allows for a faster con-

processing approach suggested in [10]. The approach’€r9ence of the translational pose parameters. For more in-
is to convert the color image into a greyscale image formation see [1].
by using two times the green channel subtracted by the
blue channel and setting all saturated values to 255. By4. 3D Shape Estimation
using this approach the highlights in the leaves will be
damped while the green plant material will be accentu-  Having estimated the 2D shape of a leaf in one image
ated. The leaves get a smooth appearance with less in{from the left camera) our initial idea was to use this 2D
ternal intensity changes. The effect is illustrated in fig- shape to define an initial guess in the other image (from the
ure 1. right camera). Then we would run the ASM in the other
. Find the pose parametegsvhich best align< to Y in image and end up with two 2D shape models which could
a least square sense. We apply the analytical solutionbe used to calculate the 3D pose of the leaves. Howevgr,
described in [4]. as we started to test th_e A_SM we I_earned Fhat the ASM in
. ] ] general has problems finding the fine details of the leaves.
- Transform the image shape into the model domain us-Thjs means that no single landmark (see figure 2) is always
ing the pose parameters found in the previous step:found precisely at its correct position. We therefore decided
y=T¢ (Y) to postprocess the image from the left camera in order to
. Find the deformation parameters which best explain find some distinct features and then use template matching
the model data calculated in steptb= &7 (y — ) to find the corresponding features in the second image.

. Adjust the deformation parameterd, by apply- _ _
ing constraints. 4.1. Calculating 3D Points

If b iS a”owed to take arbitrary Va'ueS, then some The Only features that could be found reliably and did
very peculiar shapes can appear! The parameters thereDOt change too much between image views were the land-
fore need to be constrained. We do this using the Ma- marks: 1,3,9,11, see ﬁgure 2. These four SpikeS were there-
halanobis distance: fore found by applying a corner algorithm [2] in regions

around the position of the spikes found by the ASM. The
14 52 templates are defined as 11x11 rectangles centered in the
D* = bTCb_lb = Z Ai 4) corners of the each spike. Large enough to capture the struc-
i=1"" ture of the spike and small enough to avoid too much influ-
whereC, is the covariance matrix of the deformation ence of the background. The search region was constrained
parameters calculated during training ands the i'th by the use of distance constrained epipolar geometry.



When a corresponding spike can be found in the right 5.1. Required Accuracy of the Initial Guess
image we use triangulation to calculate a 3D point for each
spike. Before using the 3D points to calculate the 3D pose of The evaluation of the required accuracy of the initial
the leaf we evaluate whether we have sufficient information guess was conducted by first - manually - finding the "cor-
to do so. First of all we need three or four spikes to be able rect” initial guess of a number of leaves on a number of dif-
to calculate 3D pose parameters. Secondly, we test whetheferent plants. Next we used the same leaves, but changing
the 3D points are co-linear. If so, the procedure used to esti-the initial guesses and visually inspected when the model
mate the 3D pose will be too sensitive to noise. We calculatewas no longer aligned correctly. The results were not sur-
the co-linearity by first spanning a 3D line between the two prisingly found to be dependent on the application, for ex-
3D points farthest apart and then calculate the perpendicu-ample the image resolution and the clutter around the inves-
lar distance from the remaining point(s) to this line. If these tigated leaves. However, some general observations were
distances are too small we ignore this leaf. The third eval- made. First of all, the initial rotation has a large effect on
uation is to calculate the internal distances between all 3Dthe performance of the ASM. In fact, when the initial rota-
points. These values are compared to numbers obtained duttion is more thant10° from the correct rotation, the ASM
ing training, where the topology of the leaves in general and in general starts to produce erroneous results. Secondly, the
the spikes in particular were investigated. If the topology of initial scaling guess was in general found to have very lit-
the current 3D points is too different from the leaves ob- tle effect on the ASM. Thirdly, the initial translation (of the
served during training we ignore this leaf. CoG) was in general starting to have an effect when it was

more thant-10 pixels from the correct CoG.

4.2. 3D Pose Estimation 5.2. The Accuracy of the Estimated Pose

Given the 3D points the task is now to find the 3D pose  Gijyen that the initial guess for the ASM is within the
of the leaf with respect to a world coordinate system de- gqye Jimits, the next issue is how precise the pose of the
fined when calibrating the cameras. leaves can be found. We did three tests to assess this mat-
From the 3D points a plane is estimated either analyt- ter, two best-case tests and a real plant test.
ically or by a least square method, depending on whether | the pest-case tests a number of individual leaves were
three Of fOUI‘ pOintS are present. The 3D pOSition Of the |eaf p|aced, one at a time' ina gnpp'ng arm that could be trans-
is defined as the intersection of the estimated plane and a 3Qated and rotated. We found the "correct” initial parameters
line. The line is spanned by the optical center of the cam- manually and had the system estimate the pose of each leaf.
era and the CoG of the model shape estimated in the leftim-These poses were then superimposed onto the two camera
age and transformed into the image using the affine transimages for a qualitative test. All pose parameters were visu-
formation in equation 2. ally found to be correct.
The three rotations of the leaf with respect to the world  |n order to get quantitative results we did a repeata-
coordinate system is described as a 3x3 matrix containingpility test by varying the initial parameters with re-
three orthogonal vectors. The first vector is equal to the unit spect to the "correct” initial parameters of each leaf within
normal vector of the estimated 3D plane. The second in de-10.15 rad (8.6°) for the rotation and:10 pixels in both di-
fined in the following way. We take the intermediate point rections for the translation. We did this in step9)df5 rad
in the estimated shape model which is the middle point be-and 5 pixels, respectively, yielding 175 different combi-
tween landmark number 12 and 13, see figure 2. As wasnations for each leaf. For each of these combinations we
done for the CoG, we map this point to a point on the plane, |et our system estimate the 3D pose parameters and com-
denotedP;,,. The 3D CoG an®;,, span a 3D line which  pare them to the "correct” pose parameters. The results
is normalized and used as the second vector in the rotawere that95% of all initial guesses resulted in 3D pose pa-
tional matrix. The last vector is found by calculating the rameters that were withi3mm and within 10° of the
cross product between the two other vectors. "correct” pose parameters. For the remainiiig of the ini-
tial guesses up to twice these values was seen. It was ob-
served that for virtually all of the remaining% only

5. Results three spikes were found in each leaves and it should there-
fore be considered whether only to accept leaves where

As described in the Introduction two issues were ad- four spikes are detected. The drawback of this is that cor-
dressed in this paper: the accuracy of the estimated 3D poseectly estimated leaves will then be rejected.
of the leaves and the required accuracy of the initial guess. The third test was conducted on images of different
In this section we evaluate these two issues. plants, see figure 1 for one example. Good initial guesses



Figure 5. The top four figures show exam-
ples of the estimated pose parameters super-
imposed onto the images. The crosses illus-
trate the detected spikes. The two other fig-
ures show examples of incorrect shapes esti-
mated by the ASM algorithm. Notice that two
leaves are overlapping in the bottom right fig-
ure.

were found manually for a number of leaves in each im-
age and provided to the system which calculated the 3D
pose parameters of each leaf. Of these led0e¥’ were

rejected due to one of the constraints mentioned in the pre-
vious sections. Of the accepted leaves the pose parameters

were superimposed onto the images, as done above, and v

sually inspected. It was found that the pose parameters of

84.6% of the leaves were correctly estimated, see figure 5
for examples. The primary reason for th&.4% errors is
that the ASM is aligned incorrectly, as for example seen in
figure 5.

6. Discussion

We were surprised to see how sensitive the ASM method
was with respect to rotation and that it was not capable of
estimating all details (spikes) in the object. The former sug-

Whether the accuracy of our pose estimation is sufficient
for the application of automatic picking of leaves, depends
on the robot and its picking tool. However, we anticipate
that the accuracy is sufficient.

What remains to be done, besides the robotic part, is a
scheme to find the best leaf within the cameras’ field-of-
views. In general an image contains several leaves that po-
tentially can be pose estimated by the system. However, it
might be that some leaves cannot be pose estimated cor-
rectly (or at all!), but if just one leaf can be picked by the
robot for each image then the system is successful (as the
next image differs due to the picked leaf and/or because
the plant or cameras are rotated to provide a new point-of-
view). So a scheme is required which evaluates the differ-
ent leaves against each other. This will probably be based on
a combination of the different error and convergence mea-
sures used in the system, e.g., the error when fitting the 3D
points to a plane.
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