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COMPUTER VISION AND MACHINE LEARNING SOFTWARE FOR GRADING
AND SORTING PLANTS

CROSS-REFERENCE TO RELATED APPLICATIONS

- [0001] This application is a Patent Cooperation Treaty International
Application of U.S. Provisional Application No. 61/340,091, titled COMPUTER
VISION AND MACHINE LEARNING SOFTWARE FOR GRADING AND SORTING
- PLANTS, filed on March 13, '2010, herein incorporated by reference.

BACKGROUND

[0002] The strawberry industry presently uses manual labor to sort
several hundred million plants every year into good and bad categories, a
tedious and costly step in the process of bringing fruit to market. Plants
raised by nursery farms are cultivated in large fields grown like grass. The
plants are harvested at night in the fall and winter when they are dormant and
can be moved to their final locations for berry production. During the nursery
farm harvest, the quality of the plants coming from the field is highly variable.
Only about half of the harvested plants are of sufficient quality to be sold to the
berry farms. It is these plants that ultimately yield the berries seen in
supermarkets and road-side fruit stands. The present invention provides new
sorting technologies that will fill a valuable role by standardizing plant quality
and reducing the amount of time that plants are out of the ground between the

nursery farms and berry farms.

[0003] Present operations to sort plants are done completely manually
with hundreds of migrant workers. A typical farm employs 500-1000 laborers
for a 6-8 week period each year during the plant harvest. The present
invention is novél both in its application of advanced computer vision to the
automated plant-sorting task, and in the specific design of the computer vision
algorithms. One embodiment of the present invention applies to strawberry

nursery farms. However, there are other embodiments of the software engine .
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" being for many different types of plants that require sophisticated quality

sorting.
BRIEF SUMMARY OF THE INVENTION

[0004] The software described in the present invention is a core
component for a system that can take plants from a transport bin, separate
them into single streams, inspect, and move them into segregated bins that
relate to sale quality. Although automated sorting systems exist in other
applications, this is the first application to strawberry nursery sorting, and the
first such system to involve extensive processing and computer vision for bare-

root crops.

BRIEF DESCRIPTION OF THE DRAWINGS

[0005] Figure 1 is a flow diagram of the crop specification process steps of

the present invention;

[0006] Figure 2 is a flow diagram of the process steps of the present
inveritioh;
[0007] Figure 3 is photograph showing an exemplary plant sorter for

implementation with the software of the present invention;

[0008] Figure 4 is a flow chart of the real time software of the present
invention; |

[0009] Figure 5 is a flow chart of the offline software of the pfesent
invention; ’

[0010] Figures 6A-F are images of the present invention illustrating the

detection and extraction of foreground objects or sub-images from raw imagery;

[0011] Figures 7A-B illustrate some of the typical features calculated for a

strawberry plant by the present invention;
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[0012] Figures 8A-B are images of the present invention showing

backgroimd, roots, stems, live leaves and dead leaves being correctly identified;

[0013] Figures 9A-B show flow diagrams of the process steps for training

the pixel classification stage of the present invention,;

[0014] Figures 10A-C are images of the present invention illustrating
other supervised training tools and algorithms to assist in human training

operations;
[0015] Figure 11 is an image of multiple plants; and

[0016] Figure 12 is an image of the present invention showing an example

training user interface for plant category assignment.
DETAILED DESCRIPTION

[0017] Figures 1 and 2 are flow chart illustrations of the system 10 of the
present invention. As shown in Figure 1, plants in the ground 12 are
harvested 14 from the ground, roots trimmed and dirt removed for improved
classification 16, plants are separated by a singulation process 18, each plant
20 is optically scanned by a vision system 22 for classification, and the plants
18 are sorted 24 based on classification grades, such as Grade A, Grade B,
good, bad, premium, marginal, problem X, problem Y, and directed along a
predetermined path 25 for disposition into bins by configured categories 26 or
a downstream conveyor for: (i) shipment to customers, (ii) separated for manual
sorting, or (iii) rejected. As shown in Figure 2, optically scanned raw images 28
are classified using a bare-root plant machine learning classifier 32 to generate
classified images based on crop specific training parameters 30. The classified
images 34 undergo a crop specific plant evaluation and sorting process 36 that
determines the grade of the plant and the disposition of each plant 26

configured categories.
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“ [0018] Figure 3 illustrates an exemplary system 10 having a conveyor
system 2 with a top surface 4, a vision system 22, and a sorting device 24. An
example of the sorting device is air jets in communication with the vision
system for selective direction of the individual plants along the predetermined

path.

[0019] This invention is a novel combination and sequence of computer
vision and machine learning algorithms to perform a highly complex plant
evaluation and sorting task. The described software performs with accuracy
matching or exceeding human operations with speeds exceeding 100 times that
of human sorters. The software is adaptable to changing crop conditions and
until now, there have been no automated sorting systems that can compare to

human quality and speed for bare-root plant sorting.

[0020] Figure 4 illustrates the software flow logic of the present invention
broken into the following primary components: (i) camera imaging and
continuous input stream of raw data, e.g., individual plants on a high speed
conveyor belt or any surface, (i1) detection and extraction of foreground objects
(or sub-images) from the raw »imagery, (iii) masking of ~ disconnected
components in the foreground image, (iv) feature calculation for use in pixel
classification, (v) pixel classification of plant sub-parts (roots, stems, leaves,
etc.), (vi) feature calculation for use vin plant classification, (vii) feature
calculation for use in.multiple plant detection, (viii) determination of single or
multiple objects within the image, and (ix) plant classification into categories
(good, bad, premium, marginal, problem X, problem Y, etc). Step'i produces a
real-time 2 dimensional digital image containing conveyor background and
plants. Step ii processes the image stream of step i to produce properly
cropped iméges containing only plants and minimal background. Step iii
utilizes connected-component information from step ii to detect foreground
pixels that are not part of the primary item of interest in the foreground image,

resulting in a masked image to remove portions of other nearby plants that
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may be observed in this image. Step iv processes the plant images of step iii
using many sub-algorithms and creates ‘feature’ images representing how each
pixel responded to a particular computer vision algorithm or filter. Step v
exercises a machine learning classifier applied to the feature images of step iv
~ to predict type of each pixel (roots, stems, leaves, etc.). Step vi uses the pixel
classification image from step v to calculate features of the plaht. Step vii uses
information from step v and step vi to calculate features used to discern
whether an image contains a single or multiple plants. Step viii exercises a
machine learning classifier applied to plant features from step vii to detect the
presence of multiple, possibly overlapping, plants within the image. If the
result is the presence of a single plant, step ix exercises a machine learning
- classifier applied to the plant features from step vi to calculate plant

disposition (good, bad, marginal, etc).

[0021] Figure 4 also illustrates the operational routines of bare-root plant
machine learning classifier 32 and crop specific plant evaluation and sorting
process 36. Baré-root plant machine learning classifier 32 can include step ii
detecting and extracting foreground objects to identify a plurality of sub-parts
of the bare-root plant to form a first cropped image; step iv calculating features
for use in pixel classification based on the cropped image to classify each pixel
of the cropped image as one sub-part of the plurality of sub-parts of the bare-
root plant; and step v classifying pixels of the plurality of sub-parts of the bare-
root plant to generate a vector of scores for each plant image. For improved
accuracy, bare-root plant machine learning classifier 32 can also include step
iii masking disconnected components of the first cropped image to form a
second cropped image. Crop specific plant evaluation and sorting process 36
. can include step vi calculating features for use in plant classification; and step.
ix classifying the bare-root plant | based on the calculated features into a
configured category. For detection of multiple plants, crop specific plant'

evaluation and sorting process 36 can also include step vii calculating features
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for use in multiple plant detection; and step viii detecting a single plant or

multiple plants.

[0022] Figure 5 illustrates additional processing steps of the present
invention that include (x) supervised training tools and algorithms to assist
" human training operations and (xi) automated feature down-selection to aid in

‘reaching real-time implementations.

[0023] Specific details of each embodiment of the system as shown in

Figure 4 are described below

[0024] One embodiment of system 10 of the present invention includes 2
dimensional camera images for classification. The imagery can be grayscale or
color but color images add extra information to assist in higher accuracy pixel
classiﬁcation.i No specific resolution is required for operation, and system
performance degrades gracefully with decreasing image resolution. The image
resolution that provides most effective classification of individual pixels and

overall plants depends on the application.

[0025] One embodiment of the present invention that generates the 2
dimensional camera images (step i of Figure 4) can include two types of
cameras: area cameras (cameras that image rectangular regions), and line scan
cameras (cameras that image a single line only, commonly used with conveyor
belts and other industrial applications). The camera imaging software must
maintain continuous capture of the stream of plants (typically a conveyor belt
or waterfall). The images must be evenly illuminated and must not distort the
subject material, for example plants. For real-time requirements, the camera
must keep up with application speed (for example, the conveyor belt speéd).
Exemplary system 10 requires capturing pictures of plants at rates of 15-20

images per second or more.

[0026] Figures 6A-F illustrates one aspect of the present invention that

requires software for detection and extraction of foreground objects (or Sub-
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Images) from raw imagery (step ii of Figure 4) of the 2 dimensional images
created by the camera imaging software (step i of Fig. 4). One embodiment of -
the software can use a color masking algorithm to identify the foreground
objects. (plants). For a conveyor Dbelt systefn, the belt color will be the
background color in the image. A belt color is selected that is maximally
different from the colors detected in the plants that are being inspected. The
color space in which this foreground/background segmentation is performed is
chosen to maximize segmentation accuracy. The maximally color differential
method can be implemented with any background surface being either a
stationary or moving surface. Figure 6F illustrates that converting incoming
color imagery to hue space and selecting a background color that is out of
phase with the foreground color, a simple foreground/background mask
(known as hue threshold or color segmentation Figure 6F) can be applied to
extract region of interest images for evaluation. Figures 6A-C show an example
foreground detection and extraction. Figure 6B segregates the foreground and
| background of Figure 6A based on a hue threshold (Fig. 6F), and creates a
mask. In Figure 6B, white indicates the foreground mask and black indicates
the background mask by color segmentation. Figure 6C shows the mask
applied to the original image (Fig. 6A), with only the color information of the

foreground (i.e., the plant) displayed and the background is ignored.

[0027] The present invention can include two operational algorithms for

- determining region of interest for extraction:

[0028] A first algorithm can count foreground pixels for a 1st axis per row.
When the pixel count is higher than a threshold, the algorithm is tracking a
plant. This threshold is pre-determined based on the size of the smallest plant
to be detected for a giyen application. As the pixel count falls below the
threshold, a plant is captured along one axis. For the 2 axis, the foreground
pixels are summed per column starting at the column with the most

foreground pixels and walking left and right until it falls below threshold
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(marking the edges of the plant). This algorithm is fast enough to keep up with
real-time data and is good at chopping off extraneous runners and debris at
the edges of the plant due to the pixel count thresholding. The result of this
processihg are images cropped around the region of intejres't with the
background masked, as in Figure 6C, that can use used directly as'iﬁput to
step iv or can be further processed by step iii to remove “blobs” or other images

that are not part of the subject plant.

[0029] Step iii is a second algorithm that can use a modified connected
components algorithm to track ‘blobs’ and count foreground pixel volume per
blob during processing. Per line, the connected components algorithm is run
joining foreground pixels with their adjacent neighbors into blobs with unique
indices. When the algorithm determines that no more connectivity exists to a
particular blob, that blob is tested for minimum size and extracted for plant
classification. This threshold is pre-determined based on the size of the
smallest plant to be detected for a given application‘. If the completed blob is
below this threshold it is ignored, making this algorithm able to ignore dirt and
small debris without requiring them to be fully processed by later stages of the
systém. The result of this processing are images cropped around the region of
interest that encompasses each blob with the background masked, as in Figure

6C, which can be used as input into step iv..

[0030] It is possible that the cropped image containing the region of
interest may contain foreground pixels that are not part of the item of interest,
possibly due to debris, dirt, or nearby plants that partially lie within this region.
Pixels that are not part of this plant are masked and thus ignored by later |
processing, reducing the overall number of pixels that réquire processing and
reducing errors that might otherwise be introduced by these pixels. Figure 6D
shows an example of a foreground mask in which extraneous components that
were not part of the plant have been removed. Note that portions of the image,

such as the leaf in the top right corner, are now ignored and marked as
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background for this image. The result of this stage is an isolated image
containing an item of interest (i.e. a plant), with all other pixels masked (Figure
6E). ‘This stage is optional and helps to increase the accuracy of plant quality

assessment.

[0031] One embodiment of the present invention includes an algorithm for
feature calculation for use in pixel classification (step iv of Figure 4) in order to
classify each pixel of the image as root, stem, leaf, etc. This utilizes either the
output of step ii or step iii, with examples shown in Figures 6C and 6E,
respectively. The algorithm is capable of calculating several hundred features
for each pixel. Though the invention is not to be limited to any particular set of

features, the following features are examples of what can be utilized:

[0032] (i) Grayscale intensity;

[0033] (ii) Red, Green, Blue (RGB) color information;

[0034] (iii) Hue, Saturation, Value (HSV) colqr information;

[0035] (iv) YIQ color information;

[0036] (v) Edge information (grayscé.le, binary, eroded binary);

[0037] (vi) Root finder: the algorithm developed is a custom filter that

looks for pixels with adjacent high and low intensity patterns that match those
expected for roots (top and bottom at high, left and right are lower). The
algorithm also intensifies scores where the root match occurs in linear groups;

and

[0038] (vii) FFT information: the algorithm developed uses a normal 2D fft
but collapses the information into a spectrum analysis (1D vector) for each
pixel block of the image. This calculates a frequency response for each pixel
block which is very useful for differentiating texture in the image; gradient

information; and Entropy of gradient information.
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[0039] After the features are computed, the neighborhood mean is then
calculated and variance for each pixel executed over many different
neighborhood sizes as it was found that the accuracy of classifying a particular
pixel can be improved by using information from the surrounding pixels. The
neighborhood sizes used are dependent upon the parameters of the application,
‘typically a function of plant size, plant characteristics, and camera parameters.
Figures 7A-B represents some of the typical features 38 calculated for a
strawberry plant. At the end of feature calculation each pixel has a vector of

scores, with each score providing.a value representing each feature.

[0040] The system is designed to be capable of generating several hundred
scores per pixel to use for classification, but the configuration of features is
. dependent upon corﬁputational constraints and desired accuracy. The
exemplary system 10 utilizes a set of 37 features that were a subset of the 308
tested features (element vectors). This subset was determined through a down-
select process, explained in a later section, which determined the optimal and -
minimum combination of features to achieve desired mihimum accuracy. This

process can be performed for each plant variety as well as plant species.

[0041] Machine learning techniques are used to classify pixels into high
level groups (step v of Figure 4) such as roots, stems, leaves, or other plant
parts using calculated feature score vectors. For example, a SVM (support
vector machihe) classifier can be implemented for plant classification but other
classifiers may be substituted as well. This implementation is generic and
configurable so the software may be used to classify roots, stems, and leaves
for one plant variety and flowers, fruits, stems, and roots for another variety.
This step of the softwére requires training examples prior to classification when
a new variety is used with the system. The training procedures allow the
learning syétem to associate particular combinations of feature scores with
particular classes. Details of this training process are explained later in this

document. Once training is complete, the software is then able to

10
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automatically label pixels of new images. Figures 8A-B show background,
roots, stems, live leaves, and dead leaves being correctly identified. Figure 8A

is a reference figure and Figure 8B is the processed image of step v.

[0042] Another aspect of the present invention uses the classified pixel
image (Figure 8B of step v) discussed above for further feature calculation for
use in plant classification (step vi of Figure 4). The algorithm can calculate
plant characteristics such as: overall plant size and size of each subcategory
(root, stem, leaves, other), ratio of different subcategories (i.e. root vs. stem),
mean and variance of each category pixel color (looking for defects), spatial
distributions of each category or subcategory (physical layout of the plant),
lengths of roots and stems, histogram of texture of roots (to help evaluate root
health), location and size of crown, number of roots or overall root linear
distance, and number of stems. These characteristics are computed using the
pixel classification results. For example, the overall size of each plant éub—part
category is estimated by a pixel count of those categories in the image relaﬁve
to the overall image size. At the end of feature calculation, each plant image

has a vector of scores that is used to further classify that plant image.

[0043] One particular algorithm that helps to standardize the plant
classification application is the concept of virtual cropping. Even though
different farmers chop their plants, such as strawberries, using different
machinery, -the plant evaluation of the present invention can be standardized
by measuring attributes only within a fixed distance from the crown. This
allows for some farmers to crop short while others crop longer, and makes the
plant élassiﬁcation methods above more robust to these variations. This step
is optional and can improve the consistency of classification between different

farm products.

[0044] Depending on the technology utilized for plant singulafion 18
(Figure 1), it may be required for the system to determine if only a single plant

is present in the image. This step is optional if singulation is reliable (i.e. if

11
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plants are adequately separated to create images of only single plants).Some
applications of this plant evaluation software may involve mechanical devices
that distribute plants onto the inspection surface for the camera, and may not
achieve 100% separation of the plants. Figure 11 shows a pair of overlapping
plants in an image. In this instance, it may be desired to detect that multiple
plants are present and handle them in a special manner. For example, a
sorting system may place clumps of plants into a special bin for evaluation by
some other means. The vector of plant scores calculated above are used for
this purpose (step vi of Figure 4), providing cues based on overall size, root
mass, etc. Additionally statistics regarding the crown pixel distribution are
used as features for classification (step vii of Figure 4) to generate a vector of
scores for multiple plant detection. An image with multiple crowns typically
exhibits a multimodal distribution of pixel locations, thus statistics including
kurtosis and variance of these pixel locations are calculated and used as
additional features. These measures combine to give a strong indication of
multiple crowns in the image without the need for an absolute crown position
detector. Machine learnihg is applied to these score vectors so that the system
is able to associate particular combinations of scores with the presence of
single or multiple plants (step viii of Figure 4). The breadth of features used is
designed such that the system is capable of detecting multiple plants within
images where some of the crowns are not visible, dué to cues from other
features. If multiple plants are detected, the plants are dispositioned in a
predefined manner. Otherwise the vector of plant scores from step vi are used

for final plant classification (step ix of Figure 4).

[0045] Another aspect of the present invention mentioned above is plant
classification (step ix of Figure 4) into categories (good, bad, premium, marginal,
problem X, problem Y,'etc.). This algorithm of the software package uses
machine learning to use the vector of plant scores from step vi to classify plant
images into high level groups such as good and bad. Various embodiments of

the present invention use SVM (support vector machine), clustering, and knn

12
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classifiers, but other classifiers are able to be used within the scope of the
invention. The algorithm can be used to classify good vs. bad (2 categories) for
one plant variety and no-roots, no-crown, too small, premium, marginal large,
marginal small (6 categories) for another variety and is configured based on the
present application. This step of the software requires training examples prior
to classification, allowing the learning system to associate particular
combinations of plant score vectors with particular classes. Details of this
training process are explained later in this document. The result of this stage
of the software during runtime operation is an overall classification for the
plant based on the configured categories 26 (See'Figure 1). The plant will be
dispositioned based on the classification and the configuration of the
application. Exemplary system 10 ultimately classifies a plant as one that can
or cannot be sold based on various health characteristics and dispositions the

plant into an appropriate bin.

[0046] Another aspect of the present invention involves training
procedures and tools for the system software (step x in Figure 5). There are
two separate training stages 32, 36 (Figure 2) for the overall system. The first
training stage 32 involves creating a mathematical model for classifying pixels
can be utilized by step v of Figure 4. Examples of two .operational algorithms

that perform that task are presented below.

[0047] The first algorithm, shown in Figure 9A, includes the step to
manually cut plants apart into their various sub-components (roots, leaves,
stems, etc.) and capture images of each example. The foreground pixels from
these images are then used as training examples with each image giving a set
of examples for one specific class. The results from this method are good but
sometimes overlapping regions of roots, stems, or leaves in full plant images

are misclassified because they are not represented properly in the training.

[0048] A second algorithm, shown in Figure 9B, uses a selection of images

containing full plants rather than specific plant parts. For example, 50 plant

13
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images can be collected and used for this purpose. These images are input to a
custom training utility in order to label the foreground pixels with appropriate
categories. This utility processes each image with a super-pixel algorithm
customized for this application using intensity and hue space for segmentation.
The image is then displayed in a utility for the operator to label pixels. This is
labeling is accomplished by selecting a desired category then clicking on
specific points of the image to associate with this label. Using the super-pixel
results, nearby similar pixels are also assigned this label to expedite the
process. Thus the operator only needs to label a subset of the foreground
pixels to fully label an image. Figures 10A-C demonstraté the different stages
of the training utility. Figure 10A shows a cropped image displayed ready to be
labeled. Figure 10B displays an image showing the results of super-pixel
segmentation, with each colored section representingva segmented portion of
the image. Figure 10C shows much of the image having been labeled by an

operator.

[0049] The second algorithm is a more manually intensive method, but is
able to achieve higher accuracy in some situations. When there are cases of
overlapping regions of different classes, this method is better able to assess

them correctly.

[0050] Once training images have been collected, machine learning
software is applied to train a model for the classifier. This first training stage
produces a model containing parameters used to classify each pixel into a

configurable category, such as root, stem, leaf, etc.

[0051] The second training stage involves creating a model for classifying
plants 36 (Figure 2) can be utilized by step ix of Figure 4. To achieve this, a
collection of isolated plant images are acquired for training. The number of
images required is dependent upon the machine learning method being applied

for an application. Once these images are acquired they must be assigned a

14
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label based on the desired categories that are to be used for classification. Two

methods have been utilized to acquire these labels.

[0052] The first method involves sorting plants manually. Once the plants
are separated into the various categories, each plant from each category is
captured and given a label. This is a time intensive task as the plants must be

sorted manually, but allows careful visual inspection of each plant.

[0053] The second method uses unsorted plants that are provided to 4the
system, capturing an image of each plant. These images are transmitted to a
custom user interface that displays the image as well as the pixel classified
image. This allows an operator to 'evaluate how to categorize a plant using the
same information that the system will be using during training, which has the
benefit of greater consistency. The operator then selects a category from the
interface and the next image is displayed. An example interface is shown in

Figure 12.

[0054] After the required training images have been acquired, machine
learnjng software (e.g., a SVM algorithm) is applied to build the associations of
score vectors to plant categories. The final result is a model of parameters
containing parameters used to determine the category of a pixel classified

image.

[0055] Both of these training operations 32, 36 share some common
algorithms to analyze, configure, and enhance accuracy. Randomization, class
training distributions, penalty matrices, and exit criteria are all configurable
with our implementation of the learning engine. These settings are
independent of the actual machine learn-ing engine software and enabled the
software to attain accuracy equiValent to or beyond human levels. Additional
features have been added to the training system to allow the user to predict
expected accuracy and control error rates by using margins. These margins

are computed by looking at the classifier confidence level, representing how
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certain it is that the itém is of a certain category relative to the other categories.
If the machine learning software is unsure about an answer for a pixel or a
plant, the user can configure a specific margin (to ensure certainty). If the
answer does not have enough margin, the answer will be marked ambiguous

instead.

[0056] Another concept of the present invention is a method to make real-
time adjusfments to plant classification 37 during system operation (Figure 2).
While the system is operating, image and classification data is transmitted to a
user interface such as the example in Figure 12. A human operator is able to
observe the classification results from the system, and if the result was not
correct assign the image the correct category. The system automatically
applies the corresponding machine learning algorithm used for the application
to this new data, updating the model. This model can then be transmitted to
the running system and new parameters loaded without requiring interruption

of the system.

[0057] Another aspect of the present invention is Automated Feature
Down-selection to Aid in Reaching Real-time Implementations (steps iv and vi
of Figure 4). The goal is to reduce the workload for step iv and step vi in Figure
4. An application of this software may include a time constraint to classify an
irhage, thereby restricting the number of features that can be calculated for the
pixel and plant cléssiﬁcation stages. Often a large number of features are
designed and computed to maximize accuracy; however some features used for
the machine learning system have redundant information. It is desired to find
the minimum set of features needed to achieve the application specified
accuracy and meet computational constraints during real-time operation. The
present invention includes software that automatically down-selects which set
of features are most important for sorting accuracy to satisfy this constraint.

Two examples of operation'al algorithms are described below.
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[0058] The first algorithm begins by utilizing all of the feature calculations
that have been implemented and calculating a model of training parameters
using the machine learning software. One feature calculation is then ignored
and the training process is repeated, creating a new model for this feature
combination. This process is repeated, each time ignoring a different feature
calculation, until a model has been created for each combination. Once thAis
step is complete the combination with the highest accuracy is chosen for the
next cycle. Each cycle repeats these steps using the final combination from the
previous cycle, with each cycle providing the optimal combination of that
number of features. The overall accuracy can be graphed and examined to
determine when the accuracy of this sort falls below acceptable levels. The
model with the least mimber of features above required accuracy is chosen to

be the real-time implementation.

[0059] The second algorithm has similar functionality as the first
algorithm but the second algorithm starts with using only one feature at a time
and increasing the number of features each cycle. The feature that results in
highest accuracy is accepted permanently and the next cycle is started (looking
for a second, vthird, fourth, efc. feature to use). This algorithm is much faster
and is also successful at identifying which features to use for real-time

implementation.

[0060] While the disclosure has been described in detail and with
reference to specific embodiments thereof, it will be apparent to one skilled in
the art that various changes and modifications can be made therein without
departing from the spirit and scope of the embodiments. Thus, it is intended
that the present disclosure cover the modifications and variations of this
disclosure provided they come within the scope of the appended claims and

their equivalents.
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CLAIMS

We claim:

1. A system to recognize and classify a bare-root plant on a surface, the

system comprising the steps of:

classifying a bare-root plant from a raw image to form a classified bare-

root image based on trained parameters; and

- evaluating the classified bare-root plant based on trained features to

assign the eyaluatéd bare-root plant to a configured category,

whereby, the bare-root plant can be dispositioned based on the assigned

configured category.

2. The system according to Claim 1, wherein the step of classifying
comprises a step of detecting and extracting foreground objects to identify a

plurality of sub-parts of the bare-root plant to form a cropped image.

3. The system according to Claim 2, wherein the step of detecting and
extracting foreground objects comprises a step of creating the cropped image

containing only the bare-root plant and minimal background.

4. The system according to Claim 2, wherein the‘step. of detecting and

extracting objects comprises a step of color masking.

S. The system according to Claim 4, wherein the step of color masking
comprises a step of selecting a color of the surface to form a background color
being maximally different compared to colors of the plurality of sub-parts of the

bare-root plant to form foreground color.

6. The system according to Claim 5, wherein the step of selecting the color
of the surface to form the background color comprises the step of selecting the

background color that is out of phase with the foreground color.

18



WO 2011/115666 PCT/US2011/000465

7. The system according to Claim 6, wherein the step of selecting the color
of the surface to form the background color further comprises a step of
segregating the foreground color and the background color based on a hue

threshold to create a mask.

8. The system according to Claim 7, wherein the step of color masking
further comprises a step of applying the mask to the raw image to form the

classified bare-root image, whereby only the foreground color is displayed.

0. The system according to Claim 2, wherein the step of classifying the
Bare-root plant from the raw image to form the classified bare-root image
further comprises a step of calculating features for use in pixel classification
based on the cropped image to classify each pixel of the cropped image as one
sub-part of the plurality of sub-parts of the bare-root plant to form a portion of

a vector of scores.

10. The system according to Claim 9, wherein the step of classifying the -
bare-root plant from the raw image to form the classified bare-root image
further comprises a step of calculating the neighborhood mean and the
variance for each pixel based on the calculated features to form another portion

of the vector of scores.

11. The system according to Claim 9, wherein the step of classifying the
bare-root plant from the raw image to form the classified bare-root image
further comprises a step of down-selecting to reduce the number of calculated

features.

12. The system according to Claim 9, wherein the step of classifying the
bare-root plant from the raw image to form the classified bare-root image

further comprises a step of classifying pixels based on the calculated features.
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13. The system according to Claim 12, wherein the step of classifying pixels
based on the calculated features comprises a step of calculating feature vector

SCOres.

14. The system according to Claim 13, wherein the step of calculating feature
vector scores comprises a step of machine learning to associate feature vector
scores with particular sub-parts of the plurality of sub-parts of the bare-root

plant.

15. The system according to Claim 2, further comprising a step of masking of
disconnected components of the cropped image to remove foreground pixels

that are not part of the bare-root plant.

16. The system according to Claim 1, wherein the step of evaluating the
classified bare-root plant based on trained features to assign the evaluated
bare-root plant to a configured category comprises a step of calculating
features of the plurality of sub-parts of the bare-root plant to generate a vector

of scores for each plant image.

17. The system according to Claim 16, wherein the step of calculating
features of the plurality of sub-parts of the bare-root plant to generate a vector

of scores for each plant image comprises a step of virtual cropping.

18. The system according to Claim 16, wherein the step of evaluating the
classified bare-root plant based on trained features to assign the evaluated
bare-root plant to a configured category further comprises a step of classifying

the bare-root plant based on the vector of scores for each plant image.

19. The system according to Claim 18, wherein the step of classifying the
bare-root plant based on the vector of scores for each plant image comprises a
step of machine learning to associate the vector of scores to assign the

configured category to the bare-root plant.
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20. The system according to Claim 18, further comprising a step of

calculating features for use in multiple plant detection based on the vector of

scores.

21. The system according to Claim 20, wherein the step of calculating
features for use in multiple plant detection based on the vector of scores

comprises a step of calculating vector of scores for multiple plant detection.

22. The system according to Claim 21, step of calculating vector of scores for
multiple plant detection further comprises a step of machine learning applied
to the vector of scores for multiple plant detection to associate between a single

bare-root plant and multiple bare-root plants.

23. The system according to Claim 20, further comprising a step of detecting

a single or multiple plants.

24. The system according to Claim 14, wherein the step of machine learning

comprises:
gathering examples of each category of bare-root plant;
acquiring an isolated image of each example;

establishing a training example based on foreground pixels from each

isolated image; and

creating a model for a classifier based on the training example to build
associations of the vector of scores to the plurality of sub-parts of

the bare-root plant.

25. The system according to Claim 19, wherein the step of machine learning

comprises:

gathering examples of each category of the bare-root plant;
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acquiring an isolated image of each example;

establishing a training example based on foreground pixels from each

isolated image; and

creating a model for a classifier based on the training example to build

associations of the vector of scores to plant categories.

26. The system according to Claim 14, wherein the step of machine learning

comprises:
gathering examples of images of complete bare-root plants;

processing each image with a super-pixel algorithm utilizing intensity

and hue space segmentation,;

_ labeling of the foreground pixels of each image for each sub-part of the

complete bare-root plants to form a training example; and

creating a model for a classifier based on the training example to build
associations of the vector of scores to the plurality of sub-parts of

the bare-root plant.
27. A method for sort and grade plants comprising the steps of:

detecting and extracting of foreground objects from a raw image of a

plant;

calculating features from use in pixel classification from the raw image of

the plant;
pixel classifying of plant sub-parts from the raw image of the plant; and

classifying the plant into plant categories based on training.
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28. A system to recognize and classify a bare-root plant on a surface, the

system comprising the steps of:

detecting and extracting foreground objects to identify a plurality of sub-

parts of the bare-root plant to form a cropped image;

calculating features for use in pixel classification based on the cropped
image to classify each pixel of the cropped image as one sub-part

of the plurality of sub-parts of the bare-root plant;

classifying pixels of the plurality of sub-parts of the bare-root plant to

generate a vector of scores for each plant image;
calculating features for use in plant classification; and

classifying the bare-root plant based on the calculated features into a

configured category,

whereby, the bare-root plant is capable of being dispositioned based on

the configured category.

29. A system to recognize and classify a bare-root plant on a surface, the

system comprising the steps of:

detecting and extracting foreground objects to identify a plurality of sub-

parts of the bare-root plant to form a first cropped image;

masking disconnected components of the first cropped image to form a

second cropped image;

calculating features for use in pixel classification based on the second
cropped image to classify each pixel of the cropped image as one

sub-part of the plurality of sub-parts of the bare-root plant;
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classifying pixels of the plurality of sub-parts of the bare-root plant to

generate a vector of scores for each plant image;
calculating features for use in plant classiﬁcatioh;
célcula'ting features for use in multiple plant detection; -
detecting a single plant or multiple plants; and

- classifying the bare-root plant based on the calculated features into a

configured category,

whereby, the bare-root plant is capable of being dispositioned based on

the configured category.
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