
Abstract

This paper reports on recent progress in the development
of system to group populations of vegetative cuttings. The
system is required to assign a classification to cuttings such
that they appear uniform after a growing period using single
two-dimensional monochrome images. We have developed a
fast segmentation technique that is able to measure plant fea-
tures and a supervised learning scheme that learns a map-
ping from the features to a scalar classification. We report
results based on segmentation of over 2000 geranium cut-
tings. The system is able to process images at 2 Hz and has
an accuracy of over 90%. Both metrics exceed human perfor-
mance.

1 Introduction

Propagation of many flowering plants in the floricultural
industry is accomplished by transplanting cuttings from
mature plants into growing media. See Fig. 1 for three culti-
vars ofgeraniumplants that are propagated in large quanti-
ties. Subjected to a controlled regimen of lighting and

nutrition, the cuttings take root and grow into plants.

 Since it is not economically feasible to grow cuttings in
singular containers, retrieve them individually, and then
package them for shipment, it is necessary to assemble cut-
tings into multi-plant containers when they are planted so
they will appear uniform at the end of the growing period.
The need for uniformity arises because growing disparately
sized plants next to each other results in improper lighting of
some of the cuttings and can lead to stunted growth. More
importantly, customers demand uniformly grown plants.
Currently, in order to meet standards of uniformity it is nec-
essary for workers to manually replace improperly grown

cuttings as they are packaged for shipment.

One way to improve the quality of flowers shipped and to
reduce costs is to improve the process of grouping (“grading”
in the floricultural industry) the plants at the time they are
planted. For some species, the weight of a cutting is a good
predictor of the size of the resulting grown plant, and auto-
mated systems have been built around such measurements.
For other species, such as geraniums, weight is not a good
predictor and the grading process must be done manually.
Human graders can be taught the visual cues that distinguish
categories of size. However, even though cuttings are graded
into only three categories (small, medium and large), human
grading is prone to error. A greenhouse that ships millions of
flowering plants a year, finds it difficult to train people to
remember the growth rates and differences between up to
100 different cultivars that might be processed. The job is
also repetitive and boring; accuracy tends to degrade over
time. These characteristics make the task suitable for auto-
mation.

This paper describes the development of a system that
learns to grade cuttings based on a training set. That is, the
system is presented with images of cuttings and their true
grades. It learns to mimic this classification scheme.
Recently concluded experiments are encouraging. We have
tested our system with over 2000 geranium cuttings. Our sys-
tem is able to process a cutting in 0.5 seconds, and has an
accuracy of over 90%. Both metrics exceed human perfor-
mance.

1.1  The Research Problem

 Assume that each specimen of a population can be repre-
sented by an-vector of features,A. If it were possible to tag
specimen with a unique identifier, assigning a category only
after a large batch had been completely processed, the prob-
lem could be stated as one of grouping specimen into the
largest clusters in space spanned byA. In some cases, as in
the case of greenhouse automation, a classification is
required immediately after a single presentation. The task,
we will call classification, then, is to find a categoryC, given
a vectorA:

whereF is an a priori mapping. Since a greenhouse might
propagate many cultivars and growing rates will vary with
location and season, it is necessary for an automated grading

Fig. 1 Three cultivars of geraniums (a) White Nicole (b) Sincerity
(c) Kim.
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system to learn the mapping automatically from examples
presented to it. This process oflearning, can be stated as
thus: Given groundtruth,m instances ofA and the corre-
spondingC, find a mappingF that minimizes.

Finding the mappingF is complicated by several factors.
First, plant morphology and growth rates vary from cultivar
to cultivar. The morphology of plants can be so complicated
that measurements of the feature set, A, can be very noisy.
For example, cuttings are three dimensional but are imaged
in two dimensions. View angle can change the appearance
significantly. Additionally, growth may be non-linearly
related to some features of a cutting. For example, it is known
that a physically small cutting with many leaves will grow
into a larger plant than a bigger cutting with fewer leaves.
The classification problem is simplified somewhat because
the categories are not totally disconnected. In fact there is
some adjacency between categories (there is a progression
from small, medium, and large). This means that it maybe
possible to use discrete-valued regression.

An important question is “what sort of a representation,A,
should be used for the purposes of a basis set?” Given that we
have limited the ourselves to two dimensional images, the
only cues that can be developed are those of shape, length
and area. Thus, the feature setA, is composed of measure-
ments that are common to all cuttings in the population that
was investigated. The feature set was biologically motivated
to start. For example, it is known that cuttings with wider
stems grow larger than those with narrower stems. We started
with an intuitively motivated set of features and used statisti-
cal analysis to eliminate those that showed low correlation to
the ultimate grade. A finer level mapping from the feature set
to the grade is developed automatically by the learning
method.

The task of grading a cutting has two main phases:seg-
mentation and classification. The segmentation phase takes a
grayscale image of a cutting and separates the plant into
stem, petiole, leaf, and leaf bud. The segmented image is
used to generate nine measurements characterizing certain
key features of the cutting. Finally, the classification phase
feeds the nine measurements into classification algorithm
and generates a grade for the cutting.

2 Relationship to Other Work

Grading is a common task in the agricultural industry.
With an increasing need for automation, systems have been
designed to grade produce such as fruit [1], vegetables [2]
and shellfish [3]. Typically such systems are based on simple
criteria such as weight or size that can be measured very
quickly in a production line. Grading of flowering plants has
been intractable until recently partly due to the lack of eco-
nomical sensing and computing. Researchers earlier in the

decade have looked at the task of grading plants automati-
cally and concluded that it was not cost-effective [4] and
accuracy was not on par with human performance [5]. Sim-
ple grading schemes that separate plants into “acceptable”
and “cull” have been developed [6] and recently some
researchers have developed grading techniques to mimic
human operators in the production of roses [7] and begonias
[8].

There is a large literature on the segmentation of images of
rigid objects. However, the morphology of plants is so varied
that little of this work is relevant. A smaller literature exists
on the segmentation of plant images, and usually for very
specific purposes. For example, Simonton has developed
methods to identify locations on a stem where a gripper can
be applied to pick up a plant cutting [9]. Other examples of
segmentation techniques can be found in [10] and [11]. Our
earlier research developed a segmentation method that uses
“erosion” and “dilation” of images based on knowledge of
the size of certain plant features [12][13]. Although this
method is commonly used in image processing, we found it
to be both slow and brittle. Recently we have developed a
more robust segmentation scheme that does not require
parameter tuning when the plant morphology changes from
one cultivar to another. Additionally, plant images are con-
verted into an efficient data structure (similar to the one used
by Simonton) before segmentation and this allows for very
rapid processing. Our new method achieves similar or better
accuracy that before, but is faster by an order of magnitude.

As formulated here, learning is stated as a problem of
multi-dimensional function approximation.We have started
with global linear methods such as global regression and
compared the results obtained with methods that attempt to
capture non-linear discrimination boundaries (locally
weighted regression and neural networks). Our experience is
that there is very little gain in accuracy with the non-linear
methods, possibly because there is a lot of noise in the mea-
surement of the feature set,A, and inconsistencies in the
groundtruth data. With a sufficiently large data set (approxi-
mately 500-600 data points), the global methods produce
sufficient accuracy.

3 Segmentation

The goal of the segmentation phase is to correctly catego-
rize each pixel of the cutting image into one of four catego-
ries—stem, petiole, leafand leaf bud (Fig. 2).

 A few notes are necessary on the segmentation process.
First, since the images are binarized before they are pro-
cessed, the structure of the plant must be decided based
solely upon the shape of the cutting (Fig. 3). The advantage
of such a method is that the amount of information to be pro-
cessed is significantly reduced. However, occlusions become
harder to identify correctly. Second, this segmentation algo-
rithm is based primarily on the assumption that petioles sep-
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arate the stem and the leaves of a cutting. This is true for
nearly all images and in practice the segmentation fails only
rarely. This assumption was demonstrated to work well in
previous research [12][13].

Instead of operating directly on the image, the segmenta-
tion process converts the images into two compact graph
structures roughly 5-10% the size of the original bit map.
Consequently the amount of computation required is signifi-
cantly reduced. Also, since the morphology of most cuttings
is similar to a graph, common algorithms for graph manipu-
lation can be used readily. The end result is a graph whose
nodes represent various parts of the plant.

3.1 Conversion to a Dense Graph

After a binary image is obtained, it is converted into a
dense graph. A dense graph is a representation of all the plant
(as opposed to background) pixels (Fig. 4).

This graph is built by breaking the binary image into ver-
tical strips, each one pixel wide. The picture is stored in an

array in a manner similar to run-length encoding. Each strip
has its starting row, ending row, and its column stored in the
array. Also, each strip has a linked list of pointers pointing to
its left and right neighbors.

The assumption that petioles separate stem and leaves
implies that if the petioles can be identified and removed
from the image, then the stem and the leaves will be left as
separate regions.   Petioles have a number of characteristics
that make them simpler to identify than the stem or the
leaves. They are long and thin, and consistent in width. Most
importantly, they are significantly smaller in width than both
the stem and the leaves. This difference shows up dramati-
cally in a histogram of the lengths of the vertical strips in the
dense graph. As shown in Fig. 5, such histograms usually
consist of two major peaks.

 The first peak, which is largest, represents the large num-
ber of pixel strips that corresponds to petioles. The second
peak represents the smaller number of pixel strips that corre-
sponds to the stem. Since the average petiole diameter and
average stem diameter are usually quite different, the two
peaks are distinct. Also, since the petioles are usually much
longer than the stem, the petiole peak is usually stronger than
the stem peak. The lack of consistency of width of the leaves
keeps the pixel strips cutting through leaves from having any
noticeable effect on the peaks of the histogram. Once the pet-
iole and stem peaks have been identified, a threshold width is
automatically picked. Pixel strips width widths smaller than
the threshold are categorized as petiole strips.

A number of issues complicate the histogramming pro-
cess. First, if the petioles of the cutting are very short, the pet-
iole peak may be smaller than the stem peak. As the petiole
peak gets smaller, the chances of picking the wrong threshold
increases. For this reason, we used the ratio of the petiole
peak to the stem peak as a measure of segmentation confi-
dence. This can be used to signal images that were seg-
mented incorrectly and reject them. A second problem is due
to changing plant orientation. Since the pixel strips are all
vertical, petioles may appear wider depending on their orien-
tation. Local linear regression is used to correct the width of
each. This tightens both the stem and petiole peaks, and
increases segmentation confidence.

Fig. 2 Parts of a cutting that must be identified automatically by
the segmentation process.

Fig. 3 A binarized version of the image in Fig. 2. The dark pixels
represent the plant.

Fig. 4 Creation of a dense graph from a binarized image (a)
binarized image of a section of a cutting. Each cell represents a plant
pixel (b) The dense graph— strips of pixels are connected into a
graph.

leaf
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leaf bud

(a)

(b)

Fig. 5 Histograms of lengths of the pixel strips (from small to
large). The left most peak corresponds to the petioles. Typically
petioles have the thinnest and most consistent width.



3.2 Creation of a sparse graph

Now a more compact (sparse) graph can be created. A
node of the sparse graph represents a list of contiguous pixel
strips of the same type (e.g. all stem pixels).

First, the sparse graph is created by adding nodes to repre-
sent clusters of like pixels in the dense graph. Once the peti-
oles have been identified, the corresponding nodes can be
labeled as such. Traversing the graph from the start and stop-
ping until petiole nodes are reached identifies the stem nodes.
The remaining nodes are labeled as leaf nodes. Some of the
nodes are misclassified because their length is small enough
to be confused as a petiole. A few heuristics are used on a
second traversal of the sparse graph to collapse the misclas-
sified nodes. The final step of the segmentation algorithm is
identifying the leaf bud, if it exists. Any stem nodes of the
sparse graph that occur to the right of the left most petiole in
the image are changed into a leaf bud node. The process of
constructing a sparse graph is shown in Fig. 6.

A successful segmentation is shown in Fig. 7. Experimen-

tation with 2000 images of 8 cultivars has shown that this
algorithm works well with over a range of plant morphology.

Some features such as the length of the petioles and leaf
count are estimated accurately even in the presence of occlu-
sions. Estimation of other features such as leaf area and stem
length can vary significantly due to occlusions.

This segmentation algorithm has a number of advantages
over the previous method reported in [12][13]. Previously we
removed petioles through a process of erosion and dilation.
Besides being computationally expensive, erosion and dila-
tion requires a hard-coded threshold value to be provided for
each variety. The new algorithm requires only a difference in
average width between the stem and petioles of the cutting.
Erosion and dilation also smooth the image and sometimes
features such as small leaves can be lost or merged with other
features. Fig. 8 compares the results of segmentation using
the two methods. Note that the erosion/dilation method loses
one of the leaves and the shape of features is smoothed out.
In comparison, the second method correctly estimates the
number of leaves and preserves details of features on the cut-
ting.  In addition, the new method poses less stringent

requirements on the lighting of the cuttings. This provides an
additional time savings because a simple global thresholding
scheme [14] can be used rather than a more complicated
adaptive tresholding that was necessary earlier. Finally, this
algorithm is approximately an order of magnitude faster, seg-
menting a 480 x640 image in an average of 0.4 seconds on a
Pentium 166 Mhz processor.

Segmentation fails in about 2% of the cases we have tried
(see Fig. 9 for an example). The failure is chiefly due to near-

Fig. 6 A sparse graph created from a dense graph (a) the initial
image (b) the sparse graph in which node represents a distinct part
of the cutting (c) sparse graph after second traversal.

Fig. 7 A successful segmentation (a) the original image (b) Stem,
leaf bud, petioles and leaves have been correctly identified. A
bounding box around the cutting has been computed.
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leaf(c)
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Fig. 8 Segmentation of a cutting using two methods (a) erosion/
dilation (b) histogramming. One of the leaves is lost with the first
method due to erosion and dilation operation.

Fig. 9 Error in segmentation due to occluded petioles. The
corresponding histogram is not easy to bisect. (a) binarized image of
cutting (b) incorrect segmentation.

(a) (b)

(a) (b)



total occlusion of the petioles. In such cases it is not possible
to pick a correct threshold between peaks corresponding to
stem and petioles. Given that the overall error rate is low,
rather than develop special algorithms to deal with these spe-
cial cases, we feel that it is sufficient to signal a failure in a
production system which rejects such cuttings.

3.3 Measurement

The next step is to generate the feature set,A. We have
used nine features to represent cuttings:stem length, stem
caliber (width), total petiole length, average petiole caliber,
leaf area, total plant area, leaf number, bounding box length,
and bounding box width.

Stem length and stem caliber are computed using a robust
rectangle fitting procedure. First, a line is fit using the mid-
points of all of the stem pixel strips using robust linear
regression. This line is the center line of the stem. Next, the
median perpendicular distance from this center line to the
outermost stem points is computed. This provides the stem
width.

Average petiole caliber is computed based on the “cor-
rected” petioles widths described in the segmentation sec-
tion. Total petiole length is determined by computing the
total distance from the end of the stem to each leaf region that
is connected to by a petiole. Leaf area and total plant area are
computed in square pixels and then converted into square
centimeters. Two issues make leaf number the most difficult
measurement to compute correctly. First, since leaves often
overlap, it is difficult to determine the total number of leaves
in a large leaf blob. Also, sometimes there are very small
developing leaves near the end of the stem which should be
ignored in the leaf count. We use a heuristic based on the
number of leaf nodes and the number of petioles to estimate
the number of leaves.

Calculation of bounding box length and bounding box
width is similar to stem length and width, except the process
is performed on the entire plant. Robust line fitting is done on
the outermost pixels of the cutting. The maximum perpendic-
ular distance from this center line is chosen as the bounding
box width. The maximum parallel length of the plant is the
bounding box length. Unlike standard bounding boxes, this
rectangle is oriented in the same direction as the cutting.

4 Learning

The last part of the grading process is the classification of
a cutting into one of three categories (small, medium and
large). We have formulated the problem as a supervised
learning process. In the ideal case, the training process would
use accurate measurements of the features along with accu-
rate groundtruth. In fact neither is possible. The segmenta-
tion process can be in error due to occlusions of various
kinds. Groundtruth data, that is the assignment of the correct
grade to a cutting after it has been grown are also not always

accurate. Lastly, even under perfect propagation conditions,
plants do not grow consistently. Fig. 10 shows the distribu-
tion of 9 features for a set of 600 cuttings (cultivarkim) sep-
arated by the final grade assigned by the expert grader.

As can be seen, there is a significant overlap between
grades for many of the features (e.g. petiole caliber) while
others (e.g. bounding box length) are more separated. The
extent of the overlap changes from variety to variety and thus
the system must learn on each variety separately.

We have used statistical analysis to examine the distribu-
tion and determine which of the features is relevant. We have
also examined different methods of classification that most
accurately predict the groundtruth data that we have. Given
the amount of the spread of the distribution for each class, we
have found that the best prediction comes from a global
regression method. Our preliminary investigation shows that
with better ground truth, the data become more consistent,
there is less overlap. In this case, locally linear prediction
produce higher accuracy. Also, some of the features can be
discarded because they do not improve the prediction.

5 Results

Our early results were based on ground truth collected in a
very approximate manner. First, we imaged a large number
(approximately 500-800 of each of 3 cultivars) of cuttings.
The cuttings were then planted and grown for 3-4 weeks. At
this point a human grader recorded grades of the grown
plants. Note that the grades are much more evident when the
plants are grown than they are when they are in the form of
cuttings. We then assigned grades to each set of measure-
ments, one set corresponding to a single cutting. The accu-
racy of prediction was tested using a method calledn-fold
cross validation. The data set is divided inton batches. For

Fig. 10 Histograms of nine features for a set of 600 cuttings
separated by the final classification (small, medium and large).
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each of these batches, the system is trained on the remaining
n-1 batches and tested with the “held out” batch. The mea-
sure of goodness is the average error over all the data tested
in this way. Unfortunately, the accuracy accrued with this
method of testing was low (70% - 75%). In later experimen-
tation we discovered that a significant source of the error had
to do with inconsistently assigned ground-truth data. That is,
in some cases, the prediction was correct in absolute terms
but the assignment of the ground truth by the human grader
was itself incorrect.

Finally, we conducted a definitive test. We used a training
set of approximately 600 cuttings. For each grade and each
feature, any data set outside a 3 sigma range was removed.
The resultant set was used to classify 450 new cuttings which
were then planted and grown in a greenhouse for three
weeks. After the growing period, each cutting was graded
carefully under standards higher than those normally used in
the production cycle. The results can be summarized in the
matrix below:

These accuracy numbers are for the full data set of 450.
Nine of these cuttings were incorrectly segmented but the
grading was conducted anyway. These cases can be easily
detected and rejected before prediction. A revised accuracy
measure if the cuttings with the segmentation errors are
removed is 93.6%.

6 Conclusions and Future Work

A large portion of our work to date has been in establish-
ment of a protocol for conducting experiments and in the seg-
mentation of images. We have worked to improve
segmentation accuracy without compromising generality and
hope to extend the work to other commonly propagated spe-
cies. We have found careful assignment of groundtruth
improved classification significantly, even with the use of a
simple regression method. In the future we plan to test meth-
ods of classification that require smaller training sets.
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Small
(Actual)

Medium
(Actual)

Large
(Actual)

Total

Small
(Graded)

60 4 0 64

Medium
(Graded)

5 147 4 156

Large
(Graded)

7 14 209 230

Total 72 165 213 450

Accuracy 83.33% 89.09% 98.12% 92.44%


