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ABSTRACT. Canopy architecture optimization and pruning management are agricultural operations crucial for plant
growth and fruit production. Classifying pruning grade and optimizing the tree canopy accordingly are essential for these
operations. If the work is done properly, it can result in higher yields of quality fruit. In this article, we present a method
utilizing fast Fourier transform (FFT) and a back-propagation artificial neural network (BP-ANN) to classify different
pruning grades in cherry orchards with an upright fruiting offshoots (UFO) training system to illustrate our approach.
The approach was implemented automatically by first using a discrete FFT to extract frequency information from images
of a cherry tree canopy and then applying a band filter to digitize the 2D FFT spectrum to a 1D array. A BP-ANN model
was then used to classify the pruning grade of the trees. By combining image processing and ANN-based classification
techniques, our approach was resilient to details, such as specific leaf shapes and leaf vein structure, and achieved an
accuracy rate of over 80% in classifying pruning grades for UFO cherry trees with respect to human expert grading.
Principal component analysis (PCA) was also applied to simplify the prediction model complexity while maintaining a
similar prediction accuracy rate with a much less complicated input data set. Experimental results showed that our meth-
od could provide real-time classification of pruning grades for UFO cherry trees with reasonable prediction accuracy.
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Pruning management.

roper canopy architecture can contribute to better

light interception and distribution in orchards, and

it is also important for producing higher yields of

quality fruit. On a theoretical basis, maximum
potential assimilation may be realized by a canopy that
absorbs all incoming light (Wagenmakers, 1995). Fruit
yield per unit ground area has been shown to be positively
correlated with light interception (Palmer, 1989). Insuffi-
cient light interception and exposition may reduce fruit size
and color (Robinson et al., 1991; Palmer et al., 1992). Light
interception can be increased by higher-density planting,
suitable tree canopy size and shape, and higher leaf area
index (relation of leaf area to ground area under the tree
canopy). Due to its impact on fruit production, pruning to
optimize the tree canopy structure is one of the most crucial
horticultural operations in orchards. Therefore, efficient
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and accurate classification of pruning grade is essential and
serves a pre-condition for effective tree canopy manage-
ment.

Traditionally, the structural and geometrical information
of tree canopy is obtained by performing manual measure-
ments on trees, which is both time-consuming and highly
subjective, as it relies heavily on the individual’s experi-
ence and skills. Moreover, such measurement sometimes
also requires destructive sampling of leaves (Daughtry,
1990). To solve these problems, a few indirect approaches,
such as those based on transmission of radiation through
the canopy (Ross, 1981; Norman and Campbell, 1989) and
those based on spectral reflectance (Pinter et al., 1985; Mil-
ler et al., 2003), have been proposed for rapid canopy archi-
tecture measurement. However, these studies were qualita-
tive by design, with an emphasis on proving the feasibility
of their strategies. Researchers have found that such tech-
niques tend to reach saturation too quickly for crops at their
growth stage and are less capable of functioning properly
when dealing with differences in canopies (Scotford and
Miller, 2004). The goal of our study was to address these
issues in a quantitative manner by developing a novel, effi-
cient, and non-destructive method to provide real-time clas-
sification of pruning grades for cherry trees in an upright
fruiting offshoots (UFO) training system using an integrat-
ed method that combines fast Fourier transform (FFT), arti-
ficial neural networks (ANN), and principal component
analysis (PCA).

FFT is an efficient method to compute the discrete Fou-
rier transform and the corresponding inverse form. FFT has
been widely used in many applications, such as digital sig-
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nal processing, noise reduction, and image reconstruction
(Nejati et al., 2008). In agricultural applications, Watcha-
reeruetai et al. (2006) adopted FFT for detecting weeds in
lawns. Nejati et al. (2008) used FFT to separate weeds from
crops in real time. We use FFT to extract the spatial fre-
quency spectrum from canopy images.

ANN refers to mathematical models that are intended to
simulate the structural and/or functional aspects of biologi-
cal neural networks in computer software (Huang et al.,
2010). An ANN typically has an interconnected group of
artificial neurons, and it processes information using a con-
nectionist approach to computation (Baha’addin, 2013).
Back-propagation neural network (BP-NN) is one of the
most popular neural network topologies (He et al., 2007;
Wau et al., 2008). It uses a learning process to minimize the
global error of the system by modifying node weights,
which are determined by the gradient descent rule (Wang et
al., 2002). Yang et al. (2000) applied an ANN to recognize
and classify crop and weeds, and the success rates for clas-
sifying corn plants and weeds were 100% and 80% respec-
tively. Uno et al. (2005) used an ANN approach to develop
corn yield prediction models, which showed greater predic-
tion accuracy. Ushada et al. (2007) used an ANN model to
describe the relationship between textural features and can-
opy parameters of Sunagoke moss.

PCA is a statistical technique to convert a set of possibly
coupled variables into a set of linearly uncorrelated varia-
bles using an orthogonal transformation. Hence, it can be
used as a prediction model to simplify the computational
complexity. Uno et al. (2005) used PCA to reduce the
number of input variables of their ANN. He and Ma (2010)
modeled greenhouse air humidity using an ANN and PCA.
They showed that the RMSE of stepwise regression was
4.5437, while the RMSE of the ANN based on PCA was
1.6745, which indicated that the results modeled by the
ANN based on PCA were better than those obtained by
stepwise regression. Mouazen et al. (2010) compared the
measurement accuracy of soil properties for principal com-
ponent regression (PCR), partial least squares regression
(PLSR), and BP-ANN combined with PCA (PC-ANN).
Their results showed that the PC-ANN modeling technique
performed better than PCR and PLS.

Our intention was to develop an efficient method that
can provide an accurate classification of pruning grades for
cherry trees under the UFO training system by incorporat-
ing the aforementioned techniques. Several benefits could
be obtained by doing so: (1) using FFT to process the im-
ages renders our approach resilient to details, such as the
specific shapes of leaves, and is therefore highly extensible;
(2) neural network is a widely used data mining tool, and
its performance satisfies both the efficiency and accuracy
requirements of this application; (3) finally, the PCA tech-
nique refines the inputs to the neural network model, thus
minimizing the complexity of the prediction model and
improving the efficiency without an observable drop in
accuracy. These benefits also allow our approach to support
real-time pruning grade classification, which renders it ap-
plicable in real-life field work.

The rest of this article is organized as follows. We first
present the necessary information on the field study and
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pruning experiment that we conducted in cherry orchards,
which provided the fundamental resources for our work.
Next, we give an overview of the workflow of data pro-
cessing, providing a detailed look into each building block
with more specific information with respect to our particu-
lar application. Finally, we present the experiment results
with a discussion of the performance of our method.

FIELD EXPERIMENT AND IMAGE
ACQUISITION

Several different training systems are used for cherry
trees. We selected an upright fruiting offshoots (UFO)
training system (fig. 1) for our study. The UFO system has
some advantages, such as the relatively simple structure,
allowing easy access for orchard workers to perform field
operations. Starting in the first year of growth, UFO trees
usually go through a specific pruning procedure in the
spring to form the tree canopy into a desirable pattern
(Buler and Mika, 2009).

To obtain the data set for our experiment, we conducted
manual pruning in August 2011 while measurements were
performed between 4 and 5 August 2011 in a cherry or-
chard near Prosser, Washington. The data set includes

(b)

Figure 1. Upright fruiting offshoots (UFO) trained cherry trees:
(a) photo of orchard and (b) typical branch pattern. These trees were
used for pruning grade classification in this study.
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100 cherry tree samples that were randomly selected in the
orchard. Each of these manually pruned trees was given
one of three pruning grades (over-pruning, premium prun-
ing, and under-pruning) by an experienced horticulturist.

A color and infrared (CIR) camera (MS4100, Duncan
Tech, San Diego, Cal.) was used to acquire images of the
cherry trees. This camera consists of three CCD channels of
green (G, 550 nm central band), red (R, 660 nm central
band), and IR (NIR, 800 nm central band) and has a 25 mm
focal length and 14.6° field of view. Each channel can cap-
ture a separate image with a pixel resolution of 1920x1080.
To simplify the acquired images and block unnecessary
visual noise, we used a white board as the background for
all target trees during image acquisition. To minimize
shadows on the white board, we acquired all images at
noon. A 1320x1076 pixel region of interest (ROI) in the
center of each acquired image was selected as the subject
for analysis.

DATA PROCESSING AND PRUNING

GRADE CLASSIFICATION

With the images obtained from the orchard, an integrat-
ed data processing procedure was created for pruning grade
classification. The FFT algorithms were implemented in
Matlab 9.0 (The Mathworks, Inc., Natick, Mass.,), while
we used DPS v3.01 (data processing system for practical
statistics) to perform the BP-ANN classification. A total of
100 cherry tree images were taken from the cherry orchard.
These images were used to validate the performance and
accuracy of the developed pruning grade classification tool.
Figure 2 shows the overall workflow of this procedure.

The first step in the procedure was using the discrete
Fourier transform based image processing technique to
extract the two-dimensional (2D) spatial frequency spec-
trum, which carried crucial canopy information, such as
leaf coverage, from the acquired tree canopy images. We
then used a digitizing algorithm on the spectrum and trans-
form it into a one-dimensional (1D) array. The array was
then fed to the BP-ANN model to identify the spectrum
patterns representing different pruning grades. The BP-
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ANN model outputs the confidence level for the tree that
was being evaluated and classified it into one of the three
predefined grades. As a performance-enhancing option, a
PCA processor was applied to extract the most informative
components from the original spectrum data. PCA reduced
the total number of inputs from 20 to 2 for the ANN model,
thus accelerating the analysis process. This integrated ANN
model with the PCA processor was called the PC-ANN
identifier. We then compared the performances of the PC-
ANN identifier and the BP-ANN model based on their
classification accuracies and computation time using the
same samples acquired from the orchard.

FAST FOURIER TRANSFORM AND BAND FILTERING

A set of FFT equations described by Gonzalez and
Woods (2002) was used in this study. Let f{x,y), for x = 0,
1,2,...,M-1and y =0, 1, 2,..., N-1, denote an MXN im-
age. The 2D discrete Fourier transform (DFT) of f, denoted
by F(u,v), is given by the following equation:

. RIS (e
(u,v)= xgo yzzof(x,y)exp{—j T{HJFWH (1)

where u=0,1,2,..., M—landv=0, 1, 2,..., N-1. We used
j to denote the imaginary unit to avoid confusion in this
article.

The frequency domain of this equation is simply the co-
ordinate system spanned by F(u,v) with u and v as frequen-
cy variables. Let R(u,v) and I(u,v) represent the real and
imaginary components of F(u,v); the Fourier spectrum
could then be defined as follows:

|F(u,v)| = \/R2 (u,v)+12 (u,v) 2)
The phase angle of the transform is defined as:
I(u,v)
u,v) = arct 3
o(u,v) g{R(u’VJ ©)

The power spectrum is defined as the square of the magni-
tude:

Spatial Frequency Spectrum

Back Propagation-Artificial Neural Networks /
Principal Component-Artificial Neural
Networks

Figure 2. Workflow of the data processing procedure developed for tree pruning grade classification.
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The ROI of each cherry tree image was transformed to
the frequency domain using 2D FFT analysis. We then ap-
plied the FFT shift function to move the zero-frequency
component to the center of the image so that we could ap-
ply a band filter to it in the next step.

By transforming the original canopy images into spec-
trum data, we were able to maintain the essential canopy
information in a uniform format for further analysis. In this
way, the FFT-based image processing method was resilient
to the specific shapes of the leaf and vein structures of the
cherry trees. Consequently, our approach could be extended
to other fruit tree systems.

For the next step, a digitization process using a band fil-
ter was performed on the obtained 2D FFT spectrum to
transform it into a 1D array. We divided the image into
20 concentric circular bands in this process. First, we se-
lected the biggest radius for these bands so that most of the
information could be included. In our study, the radius was
set to a value that allowed 99% of the frequency infor-
mation to be covered by the areas included in the circular
bands. Assuming that the first (smallest) band’s radius is R,

the other bands’ radii were set to \/ER , \/gR ,...,\/%R .
By doing so, each concentric circular band had exactly the
same area, which was mR”. Finally, the power within each
concentric circular band was calculated. Assuming that the
image size was Px(Q, the center of the image was (P/2,0/2),
and the total power within each concentric circular band
should be:

Fast Fourier
Transform

20 concentric
circular bands

The illustration of 20 concentric circular bands

Digitizing

Ei=%P(u,v) Q)

where

N

i=0,1,2,...,19

Figure 3 presents the overall workflow of image pro-
cessing in our proposed methodology. The sample images
first went through the FFT transformation and were con-
verted into a 2D frequency domain image. We then digit-
ized the obtained frequency domain image with the afore-
mentioned band filter. The bar chart on the right of figure 3
represents the power within each of the 20 concentric circu-
lar bands. These values were placed into a 1D array, which
served as the input value for the BP-ANN identification
model described later.

BACK-PROPAGATION ARTIFICIAL NEURAL NETWORK
The BP-ANN model was developed in this research to
provide an efficient approach to identify the patterns of
interest in a massive set of multivariable raw data. In order
to obtain an optimal set for training the model with wide
coverage, sufficient accuracy, and quick convergence, the
BP-ANN was trained using a training set containing sample
cases of tree pruning grades in different presentations. The
number of input and output nodes was set with respect to
the parameters presented in the digitized 1D spectrum data
array and the classified pruning grades. The number of hid-
den layers and nodes was determined through a trial-and-

18
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Number of concentric circular loops

Figure 3. Overall workflow of image processing.
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error approach in the training process. Full cross-validation
and root mean square error (RMSE) were used to evaluate
the performance of the BP-ANN model:

(5 -1)° (©)

RMSE = 1
hi=1

1

I M=

where 7 is the number of the observations in the prediction
set, y; is the prediction results of the neural network, and

is the three pruning grades of the cherry trees.

Because BP-ANN modeling is a very mature tool for da-
ta mining and pattern recognition, we intended to use this
feature in our modeling approach to create high-speed
pruning grade identification with high accuracy to support
automatic real-time pruning classification.

The 100 samples were divided into two groups: 75 ran-
domly chosen samples were used as the calibration set for
training the BP-ANN model, and the remaining 25 samples
were used for prediction. The training process was iterated
until the algorithm achieved an acceptable (minimum)
RMSE for the calibration model. The sigmoid function was
applied as the transfer function, and the trainlm (Leven-
berg-Marquardt) function was used as the training function.
As a practical matter, we chose a fixed upper bound to
guarantee termination of the algorithm. In addition, we
used RMSE as a performance-based parameter to avoid
overfitting. Table 1 shows the RMSE values with different
numbers of iterations during our experiment. In our exper-
iment, the RMSE values reached the minimum at iteration
972 and remained steady thereafter. Furthermore, the
RMSE values for calibration (RMSE-C) and validation
(RMSE-V) were close to each other, at 0.35 and 0.38 re-
spectively, indicating that the algorithm converged without
overfitting. Based on this observation, we capped the max-
imal number of iterations at 1000 in this study, although the
algorithm could still adapt itself and terminate earlier if the
minimal RMSE value was achieved before reaching the set
upper bound of iteration counts.

Through a multiple trial-and-error tuning process, the
optimal structure of the BP-ANN model was set to one
hidden layer with 12 nodes from an evaluated range of hid-
den layers between 5 and 15. We determined the range of
the hidden layer based on the following formula (Jiao et al.,
2009):

i=vn+m+a N

where i is the number of neurons in hidden layers, # is the
number of neurons in input layers, m is the number of neu-
rons in output layers, and a is a constant from 1 to 10. Here
n was 20 and m was 3, so the range of the hidden layer was
5 to 15 to the BP-ANN model.

In the calibration process, we realized that the learning
rate and momentum terms had a substantial influence on

Table 1. RMSE values of the calibration (RMSE-C) and validation
(RMSE-V) models with different numbers of iterations.

Iterations
800 900 972 1000 2000
RMSE-C 0.38 0.36 0.35 0.35 0.35
RMSE-V 0.40 0.39 0.38 0.38 0.38
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the results. Because a large learning rate and momentum
often cause an oscillation, an appropriate learning behavior
should have a low learning rate and momentum. However,
excessively small values for the learning rate and momen-
tum will lead to a slow convergence. In our experiment, we
concluded that when the learning rate was set within the
range of 0.1 to 0.9 and momentum set within the range of
0.3 to 0.9, the BP-ANN model could reach an optimal
learning rate of 0.1 and momentum of 0.9 when the training
process ended.

PRINCIPAL COMPONENT ANALYSIS PROCESSOR

A principal component analysis (PCA) processor was
applied to enhance the performance of the ANN model.
Pruning grades were determined by making use of only the
most informative components of the original spectrum data
as the inputs for the ANN model. In this study, Unscram-
bler 9.7 (CAMO Software AS, Oslo, Norway) was used to
perform the PCA analysis to obtain the optimized 1D digit-
ized array. After PCA processing, some new uncorrelated
variables, known as principal components (PCs), could be
obtained. These PCs carried almost as much information of
the original data as the original array, but the data set size
was reduced or optimized to facilitate a post-processing
procedure such as ANN. These PCs were then used as the
inputs for the PC-ANN model. The following is the govern-
ing equation of PCA used in this study:

X=TP'+E (®)

where X is an NxK data matrix, 7 is an NXA4 score vector
matrix, P is a Kx4 loading vector matrix, £ is an NxK re-
sidual matrix, N is the number of samples, K is the number
of variables, and A4 is the number of PCs.

RESULTS AND DISCUSSION
PRUNING GRADE CLASSIFICATION
BASED ON BP-ANN MODEL

After the FFT analysis extracted 20 feature elements
from each sample image, the ANN model used all 20 fea-
ture data (all being normalized) as its input variables. In
addition, we defined a three-element integer-valued vector,
with (0 0 1) representing over-pruning, (0 1 0) representing
premium pruning, and (1 0 0) representing under-pruning,
as classified by the expert horticulturist. Correspondingly,
the output vector from the BP-ANN-based grade identifier
was a three-element real-valued vector, with an element
equal to or greater than 0.5 valued as checked and less than
0.5 valued as unchecked. For example, a vector of (0.10
0.30 0.60) denoted over-pruning, (0.30 0.60 0.10) denoted
premium pruning, and (0.60 0.30 0.10) denoted under-
pruning.

In this study, the inputs and outputs were scaled to
[0, 1]. We identified a classification as correct if the devia-
tion between the model’s output value and the integer-value
grade assigned by the expert horticulturist was less than
0.5; otherwise, the classification was considered incorrect.
As shown in table 1, we determined that the lowest RMSE
values could be achieved with 972 iterations, and the
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Figure 4. Deviations of 25 samples between model-assessed and ex-
pert-determined grades in the prediction test.

RMSE values remained steady thereafter. The RMSE value
reached 0.35 for the calibration model and 0.38 for the val-
idation model, and the residual error of the calibration
model was 6.214 x 10°. The RMSE values indicated 35%
and 38% deviations, respectively, from the expert-assigned
grades. Since both values were lower than the 0.5 thresh-
old, the accuracy was acceptable enough for the model to
be used for prediction.

Figure 4 shows the deviations in pruning grade classifi-
cation for all 25 samples in the prediction test. The results
showed that the deviations of 21 samples were lower than
0.5 (except samples 11, 12, 15, and 21, which are marked
with red circles), which indicated that the model’s assess-
ment matched the expert’s assessment. Overall, the RMSE
value was 0.37 for the prediction process, which is close to
RMSE-C and RMSE-V, and the accuracy rate of our ap-
proach reached 84%. After further analysis of the four un-
matched samples, it was shown that two of these samples
were very difficult even for the expert horticulturist to
grade, and a “best guess” grading was assigned.

PRUNING GRADE CLASSIFICATION
BASED ON PC-ANN MODEL

As introduced earlier, we also applied a PCA processor
to enhance the data features and reduce the data dimensions
for more effective analysis with the ANN model. PCA was
performed on 20 digitized feature points of the 100 sam-
ples. These 20 feature points were used as the initial set of
PCs, and the information that they captured served as the
basis for subsequent analysis. The explained variances of
the 20 PCs are presented in figure 5.

Figure 5 indicates that the first four PCs are sufficient to
represent 99.9% of the original information from the image.
Therefore, we built an ANN prediction model using only
these four PCs. With the reduced size of the input set (the
first four PCs) from the PCA analysis, the ANN structure
was recalibrated to optimize the input nodes and hidden
nodes. The new model was denoted the PC-ANN model to
distinguish it from the previous model. To further reduce
the input size, we tested the model by using only two and
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Figure 5. Explained variances of the 20 PCs.

three PCs as well. After a multi-cycle calibration process,
using the same sample set used for the BP-ANN model
calibration, a new optimal topology was eventually found
for the PC-ANN that consisted of only two input nodes (the
first two PCs), four hidden nodes (the possible value being
from 3 to 13), and three output nodes. Table 2 shows the
input nodes (the first two PCs) for the 25 prediction sam-
ples.

The same 25 prediction samples were used to evaluate
the performance of the PC-ANN model, which was com-
pared with the BP-ANN model in terms of accuracy and
processing time. Table 3 shows the pruning grade assess-
ment results of the 25 prediction trees using the PC-ANN
model. The results show that the PC-ANN model also cor-
rectly classified 21 out of the 25 samples, achieving the
same accuracy rate of 84% as the BP-ANN model. For one
sample (sample 16 in table 3), all the output grades were

Table 2. Input nodes for the 25 prediction samples based on the PC-
ANN model.

Sample Input Nodes
No. PC1 PC2 Expert Grading
1 1.066 -0.14 1 0 0
2 0.596 -6.18E-02 1 0 0
3 0.343 -3.57E-02 1 0 0
4 1.352 -7.63E-02 1 0 0
5 1.026 -1.07E-02 1 0 0
6 0.534 -2.33E-02 1 0 0
7 0.925 -2.43E-02 1 0 0
8 0.497 -1.20E-02 1 0 0
9 2.141 -5.29E-02 1 0 0
10 -0.462 -4.23E-02 0 1 0
11 -0.314 7.66E-02 0 1 0
12 -0.282 5.64E-02 0 1 0
13 -0.256 -6.81E-02 0 1 0
14 -0.272 4.87E-02 0 1 0
15 -0.275 2.03E-03 0 1 0
16 -0.342 2.78E-02 0 1 0
17 -0.521 7.30E-02 0 1 0
18 -0.615 1.84E-02 0 0 1
19 -0.758 3.28E-02 0 0 1
20 -0.952 -7.13E-02 0 0 1
21 -0.558 7.15E-03 0 0 1
22 -0.61 3.49E-03 0 0 1
23 -0.483 -4.89E-02 0 0 1
24 -0.779 -6.31E-02 0 0 1
25 -1.037 -6.61E-02 0 0 1
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Table 3. Pruning grade assessment results of 25 prediction trees using
the improved PC-ANN model.

Table 4. Computation time comparison between BP-ANN and PC-
ANN (values are in seconds; Class. indicates classification process).

Sample Output Vectors Output Vectors Sample BP-ANN Model PC-ANN Model
No. (Expert Grading) (Model Grading) Result No. FFT Class. Total PCA  Class.  Total
1 1 0 0 0.974 0.059 0.020 Match 1 4809  0.289 5.098 0.080 0.139 5.028
2 1 0 0 0.962 0.064 0.027 Match 2 4.687  0.154 4.841 0.043  0.111  4.841
3 1 0 0 0.942 0.072 0.035 Match 3 4.645 0.156 4.781 0.049  0.133  4.827
4 1 0 0 0.982 0.054 0.014 Match 4 4.662  0.187 4.849 0.047 0.169 4.878
5 1 0 0 0.980 0.055 0.015 Match 5 5126 0.152 5.268 0.060 0.128 5314
6 1 0 0 0.964 0.064 0.024 Match 6 4969  0.250 5.219 0.054 0.150 5.173
7 1 0 0 0.978 0.057 0.016 Match 7 4.645 0.277 4.922 0.073 0.156 4.874
8 1 0 0 0.963 0.066 0.024 Match 8 4.558  0.206 4.764 0.038 0.142 4.738
9 1 0 0 0.986 0.051 0.011 Match 9 4898  0.221 5.119 0.052  0.150 5.100
10 0 1 0 0.019 0211 0.612 Mismatch 10 4898  0.146 5.044 0.037 0.132  5.067
11 0 1 0 0.051 0.682 0.025 Match 11 4.643 0.199 4.842 0.061 0.146  4.850
12 0 1 0 0.103  0.579 0.028 Match 12 4.573 0.158 4.731 0.056 0.142 4771
13 0 1 0 0.287 0.127 0.335 Mismatch 13 4908  0.153 5.031 0.045 0.127  5.080
14 0 1 0 0.129 0.528 0.031 Match 14 5.070  0.174 5.244 0.050  0.130  5.250
15 0 1 0 0.208 0281 0.097 Mismatch 15 4772 0.272 5.044 0.069 0.168 5.009
161 0 1 0 0.066 0.459 0.078 Match 16 4694  0.220 4914 0.068 0.150 4912
17 0 1 0 0.002 0452 0.513 Mismatch 17 5.012  0.199 5.211 0.056 0.152 5220
18 0 0 1 0.000 0271 0.909 Match 18 4.666  0.183 4.849 0.059 0.146 4.871
19 0 0 1 0.000 0.044 0.999 Match 19 4716  0.168 4.874 0.067 0.144 4940
20 0 0 1 0.000 0.006 1.000 Match 20 4.718 0.196 4914 0.076  0.147 4.941
21 0 0 1 0.001 0339 0.719 Match 21 4977  0.295 5.272 0.083 0.160 5.220
22 0 0 1 0.000 0.269 0.900 Match 22 4.801 0.276 5.077 0.060 0.155 5.016
23 0 0 1 0.013  0.197 0.707 Match 23 4.854 0.287 5.141 0.055 0.150  5.059
24 0 0 1 0.000 0.062 1.000 Match 24 5.030  0.258 5.288 0.047 0.137 5214
25 0 0 1 0.000 0.001 1.000 Match 25 4940  0.201 5.141 0.042 0.144 5.126

2l All output grades are <0.5.

less than 0.5. However, the grade for premium pruning was
much higher than the other two. This could easily be re-
solved by introducing an additional assessment rule; hence,
this example was considered a correct assessment as well.

The previous results showed that, given the size of our
experimental data set, the PC-ANN model had an accuracy
rate identical to that of the BP-ANN model. A noticeable
advantage of the PC-ANN approach over the BP-ANN
model is the reduction of the computation time needed for
ANN classification. Table 4 lists the computation times for
the different stages of the two approaches. Both approaches
used the same FFT image transformation. For the BP-ANN
model, the next step was using the neural network model to
perform the classification. For the PC-ANN model, there
was an extra step for PCA. All time values in table 4 are in
seconds. Note that the classification times shown in the
table do not include the calibration time, during which the
neural network is being trained. We also omitted the time
needed for the program to load in the images, since the cost
of such operations varies greatly among different devices.
In this study, all experiments were conducted on a Mac-
Book Pro with a 2.2 GHz quad-core Intel Core i7 processor
and 4 GB (two 2 GB SO-DIMMs) of 1333 MHz DDR3
memory.

As shown in table 4, the entire automated grading pro-
cess could be completed in about 5 s, with the FFT image
transformation accounting for about 94% of the overall
computation time. As for the time needed for ANN classifi-
cation, the PC-ANN model took less time than the BP-
ANN model for all 25 samples, saving from 0.014 to
0.15 s. This improvement classification time ranged from
9% to 51.9%. For the PC-ANN model, there was an extra
step for PCA processing before the classification. There-
fore, the total processing time with the PC-ANN model
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may not always be shorter than with the BP-ANN model.
Nevertheless, the PC-ANN method offered an advantage of
needing less training time and smaller computer memory
than the BP-ANN method because the PCA process re-
duced the number of inputs that the ANN had to process.
This is a particularly desirable feature for mobile applica-
tions because a handheld device typically has limited com-
putation power and memory compared with a desktop
computer. Moreover, when used with a data set that is large
in size and/or in dimension, the ANN classification process
would take much longer than the PCA process. In that case,
the PC-ANN model could be more efficient since it could
reduce the time spent on classification. Our results indicat-
ed that the proposed workflow, shown in figure 2, may be
used for real-time classifications of pruning grades in the
field.

CONCLUSION AND FUTURE WORK

In this study, we presented a novel approach to mini-
mize the feature data needed for an ANN grading model to
automatically classify cherry tree pruning grades as over-
pruning, premium pruning, and under-pruning. This auto-
mated grading approach used a discrete FFT analyzer and a
specifically designed digitizer to extract 20 feature fre-
quency points from cherry canopy images captured in an
orchard under natural light conditions. Next, a BP-ANN
model with 20 inputs and three outputs was created and
calibrated to perform automatic classification of pruning
grades. Our approach achieved a matching rate of 84%
compared to an expert horticulturist’s judgment of
100 sample trees. Furthermore, the framework we proposed
was also resilient to the specific leaf shape and the leaf vein
structure, so that it could be easily extended to other fruit
tree systems. In addition, by applying a PCA method on the
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original 20 feature points obtained from the FFT analysis,
we were able to extract the two most informational feature
points and develop an improved ANN identifier (the PC-
ANN identifier). The PC-ANN identifier achieved im-
proved performance by reducing the computation time
needed for ANN classification while maintaining the same
level of accuracy. The improvement in classification time
ranged from 9.0% to 51.9%.

This work represents a significant step toward our long-
term research goal of developing fully automated and effi-
cient image classification algorithms for pruning specialty
crops. The focus of this article is to introduce a novel image
classification algorithm for pruning cherry trees in the UFO
training system and to study its efficiency and feasibility.
As an exploratory study, our experiment was limited to
only 100 samples. We are prepared to conduct our follow-
up study when a new pruning season comes along, so that
we can further test the performance of our approach with
additional data.

There are also several potential directions to explore in
our future research. From the experimental results, we saw
that FFT-based image processing accounted for the most of
the time needed for the entire process. We used a software
(Matlab) implementation of the discrete FFT algorithm in
our experiment. Today, personal computing devices such as
smart phones and tablet computers often incorporate pur-
posely designed hardware for multimedia applications.
These types of hardware may also be used to accelerate
signal processing. For example, Wang et al. (2010) used the
graphic processing unit (GPU) in a Motorola Droid phone
to accelerate the FFT in their real-time face annotation ap-
plication. A similar technique may be used to reduce the
FFT processing time in our approach. Another future direc-
tion of our research is to provide a real-time and mobile
solution for classifying pruning grade. Another possible
improvement rests on refining the pruning grades. Instead
of using a three-level grade system, we could provide the
user with suggestions on how much the tree should be
pruned or has been over-pruned. This would need more
input from field experts, as well as building a model with
respect to more information. Our work is capable of serving
as a basis for such further research directions.
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