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ABSTRACT
We identified tree species based on leaf images with a convolutional neural network (CNN). We sampled approximately 200 to 300 leaves per tree from five tree species at Kyoto University Campus. Twenty to thirty 1.0 × 1.0 cm
(256 × 256 pixel) leaf images were taken per leaf, from which 10,000 leaf images (2,000 × 5 individual tree species)
were prepared for the sample data. Color, grayscale, and binary images were used as image types. We constructed 36
learning models using based on differences in learning patterns, image types, and learning iterations. Performance
evaluation of the proposed model was conducted using the Matthews correlation coefficient (MCC). Both training and
test data had high classification accuracy. The mean MCC of the five tree species ranged from 0.881 to 0.998 for the
training data and 0.851 to 0.994 for the test data. Classification accuracy was generally high for color images and low
for grayscale images. We found that there were many cases where Cinnamomum camphora was misclassified as Quercus myrsinifolia, or Quercus myrsinifolia was misclassified as Quercus glauca; most Quercus glauca, Ilex integra, and
Pittosporum tobira trees were correctly classified using the training data; and misclassification using test data for Ilex
integra was very low.
Keywords: convolutional neural network, image type, leaf image, Matthews correlation coefficient, tree identification

INTRODUCTION
The use of mobile terminals has been widely examined in
various fields. For example, in forest science, a tree-retrieval
system was proposed by Kumar et al. (2012) using a smartphone
application called Leafsnap to retrieve and identify tree species.
This application evaluates leaf shape images using a smartphone
camera and automatically identifies 184 tree species primarily
inhabiting North America. In addition, the digital picture book
BIOME was developed to promote the conservation of biological diversity while generating a profit. This application can recognize various living organisms by transmitting a photograph
to an internet server and uses a game-like function to collect
species information (BIOME, 2017). Similarly, we have focused
on developing a high-precision auto-tree-identification system
based on leaf images for various mobile terminals. Easily identifying tree species using this system may improve forest investigations or forest environmental education. For example, the
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system can be used as a substitute for picture books of flora or
offer various digital tree-distribution maps on the web through
GPS information, which may contribute to the forest science
field. Moreover, by adding a game function as in BIOME, the
system can support the learning and education of many people.
Thus, we developed tree-retrieval algorithms to promote these
objectives. Minowa et al. (2011) classified tree species based
on leaf shape images using a self-organization map and a decision-tree algorithm. Generally, most tree-retrieval systems
perform identification based on leaf-shape images (Gouveia et
al., 1997; Wang et al., 2000; Nam and Hwang 2005; Shen et
al., 2005; Lee and Chen, 2006; Du et al., 2007; Kumar et al.,
2012). However, it is difficult to identify all tree species using
only these images (Minowa et al., 2011). For example, when the
leaf size is large or compound, a photograph must be taken from
a long distance using a smartphone to include the whole leaf.
This causes the details of the leaf image to become indistinct.
Thus, Minowa et al. (2019) classified tree species based not only
on leaf shapes but also on venation patterns. This improved the
classification accuracy using only venation information as image
features without leaf shape information. Although this approach
shows high classification accuracy for training data, it does not
always perform well on test data. Moreover, the authors used a
fractal dimension or histograms of oriented gradients (Dalal and
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Triggs, 2005; Yamasaki, 2010a) as image features for venation
patterns. It is difficult to use this type of information because
several image processing functions are necessary to extract leaf
image features to apply the classification model.
Since McCulloch and Pitts (1943) proposed the formal
neuron model, studies of artificial intelligence and its applications have greatly progressed. Particularly, with the evolution of
computer resources and techniques after 2000, results obtained
using "deep learning" techniques have attracted attention (Yamashita, 2016). Convolutional neural networks (CNNs), which
were proposed by LeCun et al. (1998), have contributed substantially to the image-recognition field (LeCun et al., 1998; Okaya,
2015; Yamashita, 2016). A notable example of a CNN, AlphaGO, which was developed by the Google DeepMind Company,
was the first Go computer program superior to a professional
human Go player in Tagai-sen (no handicap) using the deep Qnetwork method (Silver et al., 2016, 2017; Ohtsuki, 2019). Deep
learning produces superior results in image recognition because
of innovations in advanced computing hardware as well as the
use of a method that differs substantially from past image recognition methods. Previous image recognition methods extract image features in advance, which are inputted as training data into
a learning model. The types of image features used have important effects on classification accuracy; however, image features
are difficult to specify because they vary between objects. Thus,
extracting image features is greatly affected by the experience of
researchers or developers (Yamashita, 2016). By contrast, deep
learning can extract image features by itself and therefore is
highly accessible, which means non-experts in image recognition
can easily use deep learning (Makino and Nishizaki, 2018). In
addition, most applications that perform deep learning use freelicense software available to the public. Therefore, researchers in
various fields can perform image recognition using deep learning. In tree identification with machine learning or deep learning,
the former uses venation patterns extracted from leaves based on
the National Cleared Leaf Collection, housed at the Smithsonian Institution (Wilf et al., 2016), whereas the latter is based on
point cloud data from laser-scanned forest data (Mizoguchi et
al., 2016) or tree species identification using fine-tuning based
on aerial photography images collected by a drone (Nakane and
Wakatsuki, 2018). A previous study performed tree identification
based on venation patterns but used machine learning with leafimage features (Wilf et al., 2016). Moreover, even if tree identification uses deep learning, such as that performed by Mizoguchi
et al. (2016) and Nakane and Wakatsuki (2018), the classification
is approximate and varies widely. Few reports are available on
tree identification by deep learning based on venation patterns.
However, this method would be advantageous for identifying
tree species by mobile terminals, as it is not necessary to use the
whole leaf image. This study was conducted to identify tree species based on leaf images with a CNN. We divided one section
of a leaf image into dozens of pieces of sample data that were
inputted into the CNN model. We constructed various learning
models based on differences in learning patterns, image types,
and learning iterations, and verified the classification accuracy
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of the models for both training and test data.

MATERIALS AND METHODS
Study Site
We sampled 200–300 leaves from each of five tree species, Cinnamomum camphora, Ilex integra, Pittosporum tobira,
Quercus glauca, and Quercus myrsinifolia, at Kyoto University
campus. We chose these five species as our test species because
they had greater intraspecific variance in leaf shape and lower
classification accuracy than other species in a previous study
(Minowa et al., 2019). Tree species planted at Kyoto University
campus were used primarily so that repeated tree sampling can
be performed at the same sites using the same sampling protocol
(Minowa et al., 2019); thus, samples can be compared more easily in future studies.
Leaf Image Processing
Leaves sampled at the Kyoto University campus were
scanned using a GT-X970 (EPSON Co., Ltd., Suwa, Japan) with
a color image resolution of 650 dpi. We used ImageJ 1.50 software (NIH, 2014), an open-source image-processing program,
for leaf-image processing, which was performed as follows. We
randomly extracted 20–30 1.0 × 1.0 cm (256 × 256 pixel) leaf images from one piece of a leaf, excluding the edges, and prepared
10,000 leaf images (= 2,000 × 5 tree species) as sample data.
Color, grayscale, and binary images were used as image types.
Figure 1 illustrates the three image types for the five tree species.
Although our goal was to develop an auto-tree-identification
system using mobile terminals for analyzing leaf images photographed with mobile devices, we used scanned images mainly
because their resolution is higher than that of photographs with
mobile devices. The results of this study may become a benchmark for analyses using mobile devices. Moreover, grayscale
and binary images were used mainly because color images are
extremely useful when photography conditions or environments
are maintained, such as in indoor photography. However, color
images are not always useful for uncontrolled environments such
as outdoors, as they greatly depend on the hardware characteristics of individual cameras, parameters such as sensitivity, and
lighting color (Sato, 2011). For example, light- and shade-based
techniques such as Harr-like features are mainstream approaches
used for facial recognition (Papageorgiou et al., 1998), which
uses grayscale. Moreover, because binarization is important in
preprocessing for image recognition, binary images are used.
Thus, we used grayscale and binary images in addition to color
images in this study.
CNN and GoogLeNet
A CNN is a neural network model mainly used in the image
recognition field. In the 2000s, histograms of oriented gradients
and scale-invariant feature transform (Lowe, 1999; Yamasaki,
2010b) were commonly used for image features in classification
problems that used support vector machine classifiers (Vapnik
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Fig. 1 Samples of leaf images for each tree species.
a) Color image; b) Grayscale image; c) Binary image.
and Lermer, 1963; Yamasaki, 2010a). However, in 2012, at the
ImageNet Large Scale Visual Recognition Challenge (ILSVRC),
a CNN with an AlexNet algorithm won the championship be-
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cause of its overwhelming classification accuracy (Sanchez and
Perronnin, 2011). A CNN is a deep neural network consisting of
deep layers in several steps: convolution layers, pooling layers,
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Fig. 2 Structure of a convolutional neural network.

and a fully connected layer (Fig. 2). The convolution layer extracts local image features from a small area using convolution
calculation for the input image. The pooling layer compresses
image features by extracting the convolution layer. After many
repetitions of these processes, the fully connected layer runs as
the final process and the output is the final result (Yamashita,
2016).
In the present study, we used GoogLeNet in some of the CNN
algorithms. GoogLeNet is the 2014 ILSVRC champion (Szegedy et al., 2015). Similar to the network in network (NIN) algorithm proposed by Liu et al. (2014), GoogLeNet utilizes a micronetwork that can conduct a full connection between feature maps
rather than the activation function. GoogLeNet consists of 22
layers, such as inception modules, which are composed of plural
convolutions or pooling layers (Yamashita, 2016).
Learning Environment and Models for the CNN
The learning environment for the CNN was a computer
with a Linux operating system (Ubuntu 16.04 LTS), Intel Core
i7–7700K central processing unit, and an NVIDIA GeForce
GTX 1080Ti graphics processing unit. We used CUDA 8.0 and
cuDNN 5.1 to support the deep learning by the graphics processing unit (NVIDIA, 2019; Yamashita, 2016; Shimizu, 2017).
The learning model for the CNN was DIGITS 5.0.0 (NVIDIA
website), which enables web-based learning, and Caffe 0.15.13
(NVIDIA, 2019) as a learning framework. Many previous studies have used DIGITS and Caffe for applications such as automatic recognition of the microstructure of steel materials (Adachi et al., 2016), medical-field methodology (Izaki, 2017), and
automated classification of coronary angiography (Hasegawa et
al., 2018). Morino (2017) also recommended that scientists and
technicians use Caffe as the CNN method in deep learning for
image analyses. Finally, Caffe is a representative framework in
the deep learning field; therefore, it involves advanced tuning
of hyper-parameters and speeds up learning and calculations. In
addition, Caffe can mount DIGITS, which can be used with webbased methods. Thus, we used DIGITS, Caffe, and GoogLeNet
as tools for deep learning.

Simulation Conditions and Evaluation Performance of the
Learning Models
We divided 10,000 leaf images into 10 equal sets that included each tree species and set up four learning model types
(Fig. 3). Learning model-1 (LM-1) used one set (= 1,000 images)
as training data and verified itself. Learning model-2 (LM-2) estimated nine sets from the remainder as test data using the parameters learned by LM-1. Learning model-3 (LM-3) used nine
sets (= 9,000 images) as training data and verified itself. Finally,
learning model-4 (LM-4) estimated one set from the remainder
as test data using the parameters learned by LM-3. We conducted
10 iterations without duplication. Although deep learning is not
necessary to prepare image features in advance, we did this with
both LM-1 and LM-3 primarily because researchers or developers need to input a large amount of image data as training data
to deep learning models. Large amounts of training data must
be used in deep learning, but the actual amount necessary is
not specified. Using LM-1 with LM-3, we hypothesized that
the data requirements to identify tree species based on leaf images could be determined. We applied hyper-parameters used by
GoogLeNet to all default values (Table 1). The numbers of epochs in this study were 50, 100, and 500. Finally, we constructed
36 learning models (= 4 learning model types × 3 image types ×
3 epoch types) based on the learning patterns, image types, and
learning iterations.
The performance of the proposed models was evaluated with
the Matthews correlation coefficient (MCC) (Eq.(1)), which is
an index for determining whether a classification is conducted
without bias. The MCC ranges from –1 to 1 (Motoda et al.,
2006; Witten and Frank, 2011). In Eq. (1), both true positive (TP)
and true negative (TN) are accurate classifications according to
the classifier; the former is the positive example whereas the latter is the negative example for each piece of training data. A false
positive (FP) occurs when the outcome is incorrectly predicted
as 'yes' (or positive) when it is actually 'no' (or negative). A false
negative (FN) occurs when the outcome is incorrectly predicted
as negative when it is actually positive (Witten and Frank, 2011).
Here, the MCC is the average of the sum of ten iterations for
each tree species.
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Fig. 3 Learning patterns for tree identification.
Note: The number in each figure is the number of data points in the dataset.

Table 1 Hyper-parameters of the GoogLeNet algorithm
Parameters
Setting
Base learning rate
0.01
Learning rate policy
step
Gamma
0.1
Momentum
0.9
Weight decay
0.001
Learning environments
GPU
Type of optimization algorithm
SGD
Number of epochs
50, 100, 500
Max iterations
Automatic every model
Step size
Automatic every model
Snapshot
Automatic every model

MCC =

RESULTS

TP × TN − FP × FN

(TP + FP )(TP + FN )(TN + FP )(TN + FN )
(1)
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Explanation
Begin training at a learning rate of 0.01
By a factor of gamma following the step size
Value to use in a learning rate policy
Weight off the previous update
Heaviness decrement level of a learning rate for overfitting
Run using the GPU
Stochastic Gradient Descent
The number of learning iterations
Number of times the parameters update
The number of iterations to lower a learning rate
Store frequency of the parameters

Classification Accuracy for Both Training and Test Data
Table 2 shows the classification accuracy based on differences in learning patterns, image types, and learning iterations. The
classification accuracy for the training data ranged from 0.881
(LM-1, grayscale, 50 epochs) to 0.998 (LM-1, color, 500 epochs)
(Fig. 4). Similarly, that of the test data ranged from 0.815 (LM-2,
grayscale, 50 epochs) to 0.994 (LM-4, color, 500 epochs) (Fig.
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Table 2 Classification accuracy according to the differences in learning patterns, image types, and learning iterations
(1) Color image
Learning
Number of data
Number of
Matthews correlation coefficient
Training
Test
Cinnamomum
Ilex
Pittosporum
Quercus
models
epochs
1

1,000

1,000

2

1,000

9,000

3

9,000

9,000

4

9,000

1,000

(2) Grayscale image
Learning
Number of data
Training
Test
models
1

1,000

1,000

2

1,000

9,000

3

9,000

9,000

4

9,000

1,000

(3) Binary image
Learning
Number of data
Training
Test
models
1

1,000

1,000

2

1,000

9,000

3

9,000

9,000

4

9,000

1,000

50
100
500
50
100
500
50
100
500
50
100
500

camphora
0.966
0.981
0.996
0.890
0.922
0.934
0.990
0.989
0.993
0.985
0.983
0.989

Number of
epochs

Cinnamomum

50
100
500
50
100
500
50
100
500
50
100
500

camphora
0.825
0.854
0.936
0.687
0.721
0.793
0.951
0.969
0.988
0.936
0.955
0.980

Number of
epochs

Cinnamomum

50
100
500
50
100
500
50
100
500
50
100
500

camphora
0.899
0.950
0.974
0.866
0.888
0.898
0.972
0.986
0.993
0.961
0.972
0.980

integra
1.000
1.000
1.000
0.991
0.994
0.996
1.000
1.000
1.000
0.999
0.999
0.999

tobira
0.996
1.000
1.000
0.905
0.894
0.920
1.000
1.000
1.000
1.000
0.994
0.998

glauca
0.962
0.999
0.999
0.936
0.944
0.941
0.999
0.999
1.000
0.998
0.991
0.997

Matthews correlation coefficient
Ilex
Pittosporum
Quercus
integra
0.978
0.989
0.998
0.958
0.957
0.967
0.998
0.999
0.999
0.993
0.996
0.997

tobira
0.997
0.996
0.999
0.946
0.911
0.937
0.999
1.000
0.999
0.997
0.999
0.999

glauca
0.860
0.906
0.967
0.813
0.863
0.890
0.969
0.979
0.992
0.954
0.962
0.983

Matthews correlation coefficient
Ilex
Pittosporum
Quercus
integra
0.975
0.989
0.999
0.924
0.926
0.941
0.996
0.998
0.999
0.974
0.983
0.975

tobira
0.997
0.999
1.000
0.984
0.972
0.975
0.999
1.000
1.000
0.993
0.997
0.996

glauca
0.909
0.945
0.981
0.834
0.883
0.894
0.969
0.976
0.985
0.950
0.960
0.964

Quercus
myrsinifolia
0.928
0.981
0.996
0.812
0.834
0.862
0.989
0.988
0.993
0.982
0.981
0.986

Quercus
myrsinifolia
0.747
0.828
0.931
0.672
0.769
0.827
0.950
0.969
0.988
0.929
0.955
0.975

Quercus
myrsinifolia
0.835
0.916
0.966
0.754
0.847
0.871
0.955
0.970
0.982
0.931
0.954
0.959

Note: Underlines in each table show that the MCC equals 1.00.

4). Both the training and test data showed remarkably high classification accuracy. For each learning model, if the number of

epochs in LM-1 was low, the MCC value was relatively low.
The MCC in LM-1 tended to improve as the number of epochs
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Fig. 4 Classification accuracy according to the average for five species.

increased. The MCC in LM-2 was lower than that of other learning models. Similar to LM-1, the MCC tended to improve as
the number of epochs increased. The MCC in LM-3 indicated
extremely high classification accuracy for all image types. For
color images in LM-3, 100 epochs (MCC = 0.990) showed lower accuracy than 50 epochs (MCC = 0.993). The MCC values
in LM-4 were similar to those of LM-3. Color images had the
highest classification accuracy among all learning models. In
addition, the MCC for all epoch numbers was over 0.9 when
using color images, although there was much more test data than
training data in LM-2. In both LM-1 and LM-2, the classification accuracy of binary images was higher than that of grayscale
images, while In LM-3 and LM-4, the classification accuracy of
grayscale images was similar to that of binary images, except for
the case of 500 epochs in LM-3.
Classification accuracy for each tree species varied according to the image type. Using color images, the MCC of I. integra
in LM-1 and both I. integra and P. tobira in LM-3 were 1.00 for
all numbers of epochs (Table 2). The classification accuracy of
Q. myrsinifolia was lower than that of other tree species for all
learning model types; in particular, that of LM-2 ranged from
0.812 (50 epochs) to 0.862 (500 epochs), which was much lower
than in other cases. Using grayscale images, only the MCC of
P. tobira in LM-3 (100 epochs) was 1.00 (Table 2). Most MCC
values for both I. integra and P. tobira were over 0.99, and the
lowest was 0.911 (P. tobira, LM-2, 100 epochs). Similar to the
color images, the classification accuracy in LM-2 was relatively
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low overall, and MCC values for both C. camphora and Q. myrsinifolia with 50 epochs were much lower than those of other
tree species (0.687 and 0.672, respectively). Using binary images, some MCC values for P. tobira were 1.00 (Table 2); this tree
species tended to be identified with higher accuracy than other
species for both color and grayscale images. The MCC values
of C. camphora, Q. glauca, and Q. myrsinifolia were lower than
those of other tree species in the same image types, while most
MCCs in binary images were higher than those of the grayscale
images.
Tendency for Misclassification of Each Tree Species
Figure 5 illustrates the misclassification patterns according
to tree species. Using color images, LM-1 correctly classified
all tree species except for C. camphora, which was misclassified
as Q. myrsinifolia (12 misclassifications), and Q. myrsinifolia,
which was misclassified as Q. glauca (2). The misclassification
in LM-2 using color images was greater than that of other learning models. In LM-3 using color images, all tree species were
correctly classified except for C. camphora, which was misclassified as Q. myrsinifolia (196), and Q. myrsinifolia, which was
misclassified as Q. glauca (7). In LM-4 using color images, Q.
glauca was correctly classified. Overall C. camphora and Q.
myrsinifolia tended to be misclassified as Q. myrsinifolia and
Q. glauca, respectively; most Q. glauca, I. integra, and P. tobira
species were correctly classified for all training data, while misclassifications of I. integra for the test data were very low.

8

Minowa and Nagasaki

Fig. 5 Tendency for misclassification by learning patterns.
C.c: Cinnamomum camphora; I.i: Ilex integra; P.t: Pittosporum tobira; Q.g: Quercus glauca; Q.m: Quercus myrsinifolia. CL:
Color image; GS: Grayscale image; WB: Binary image.

Convolutional Neural Network Applied to Tree Species Identification Based on Leaf Images

For grayscale images, misclassifications occurred in all tree
species in LM-1 and LM-2. Generally, classifications using grayscale images were similar to those using color images; however,
misclassification rates were higher than those of color images,
and there were numerous misclassification types not observed
when using color images.
In LM-1 using binary images, I. integra and P. tobira were
correctly classified. Conversely, LM-2 had many cases of misclassification overall. Classifications made using binary images
were similar to those using color and grayscale images, and misclassification rates were lower than those of grayscale images.
There were some misclassification types that were not observed
in the color images; for example, P. tobira and Q. glauca were
misclassified as I. integra.
In general, there were numerous cases of misclassification:
C. camphora was misclassified as Q. glauca or Q. myrsinifolia,
and Q. myrsinifolia as Q. glauca, for both the training and test
data, respectively. The misclassification of I. integra was very
limited, although there was some misclassification as Q. glauca.
Both P. tobira and Q. glauca tended to be misclassified based on
the image types.

9

compared to the results of the present study, although the learning conditions differed (e.g., algorithms, image types). However,
the authors suggested that a high classification accuracy cannot
be assured when the number of tree species is low. Nevertheless,
the classification accuracy of both the training and test data were
high in the present study.
Among image types, classification accuracy was highest for
color images and lowest for grayscale images. The amount of
information decreased in the order of color, grayscale, and binary. Thus, we expected that the classification accuracy would
improve according to this order. In the present study, however,
grayscale images provided lower accuracy than the other image
types. In addition, when users actually photograph a leaf with
a smartphone, color images may be greatly influenced by the
photo environment (Sato, 2011). Thus, when developing a tree
identification system for mobile terminals, binary images should
be considered because they provide robust results under different
environmental conditions at the cost of slightly lower accuracy
than color images (Sato, 2011).

CONCLUSIONS
DISCUSSION
We found that CNNs are among the most effective methods
for tree identification because they can identify test data with
high accuracy. This study included diverse leaf images from
the same species by randomly extracting 20–30 1.0 × 1.0 cm
images from various parts of a given leaf, which resulted in
high-accuracy identification models for the training data. Similarly, Wilf et al. (2016) used scale-invariant feature transform as
image features for a support vector machine classifier to identify
trees and achieved 72% accuracy for 19 botanical families with
≥100 images. Although the present study differed in terms of the
amount of training data and types of species, our CNN model
still showed high classification accuracy for both training and
test data.
In addition, the CNN model can identify tree species with
high accuracy even without specifying where on the leaf the data
should be extracted. Thus, the CNN model offers advantages for
mobile terminal users with a smartphone, because a photograph
of the entire leaf is not required. We speculate that the much
lower classification accuracy in LM-2 was due to the amount
of verification data (9,000 samples) being considerably greater
than the amount of training data (1,000 samples), and leaf images used for the training and test data in the present study included image types that were randomly extracted from various
parts of the leaf. Although the classification accuracy in LM-2
was lower than that of other learning models overall, it was much
higher than that of previously proposed models (Minowa et al.,
2011, 2019; Minowa and Asao, in press); however, the number
of tree species in this study was lower. A previous study using a
CNN to identify five types of weeds reported classification accuracies of 41% to 100% (Shindo et al., 2018), which was very low
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In this study, we identified tree species based on leaf images
using a CNN method. Although we used sub-regional leaf images composed mainly of venation, it was possible to identify
tree species with high classification accuracy with sample data
comprising only partial leaf images randomly extracted from the
whole leaf. Compared to tree identification using decision-tree
or neural-network models based on leaf shapes (Minowa et al.,
2011, 2019; Minowa and Asao, in press), image recognition with
deep learning models, such as a CNN, make it possible to build
a classification model without processing the extracted leaf image. The proposed models with the CNN show higher classification accuracy than previous proposed models (Minowa et al.,
2011, 2019; Minowa and Asao, in press). In addition, the CNN
is among the most effective techniques for building an auto-treeidentification system for mobile terminals because it can identify
a tree based on a part of the leaf image without the whole leaf.
However, there were some limitations to this study; namely, only
five tree species were used. We also did not verify the amount of
training data necessary to identify tree species. Thus, future studies should consider a larger number of tree species, types of leaf
images used for training data (e.g., venation patterns or image
types), differences in deep-learning algorithms, and differences
in the amount of training and test data.
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Guide for Contributors
Please refer to the following guidelines when submitting a new manuscript to the Journal of Forest Planning
(hereafter “the Journal”), of the Japan Society of Forest Planning (hereafter “the Society”), so that your manuscript can be handled expeditiously.

Type of Papers: Papers are to be classified as either an article,
a review, or a short communication. All papers must represent
original research and must not have been submitted or published
elsewhere (other than as an abstract). Articles are theoretical or
empirical reports on original research. Reviews systematically
survey the literature in a particular research field, address research questions related to the field, and provide insight into future developments in the field. Short communications are brief
reports of significant findings (for example, proposing a new
methodology, confirming existing knowledge, or significantly
adding to existing knowledge) intended for rapid publication.
Contributors: The first author or the corresponding author of
any paper should be a member of the Society unless he/she has
been invited to contribute by the editor-in-chief of the Journal.
The authors can apply for Society membership on submission.
Review Process: The Journal conducts a single-blind review
process. Each manuscript is first handled by one of the editors,
at which time it is evaluated for Journal suitability. Manuscripts
considered to be suitable are then peer-reviewed by at least two
anonymous expert referees selected by the editor.
Decision for Publication: The editorial board makes the final
decision to accept, reject, or suggest revision to manuscripts
based on its contribution in terms of original data and ideas as
indicated by the results of reviews conducted by the referees.
Manuscript: Manuscripts should be written in English and follow the guidelines provided in “Manuscript Preparation” below.
Either American or British usage/spelling is acceptable, but not
a mixture of these.
English: All authors whose first language is not English should
ask a native speaker to refine the written English of their manuscripts prior to submission.
Final Manuscript and Authors’ Proof Correction: When the
manuscript is accepted, the authors will be asked to send the
final manuscript in editable electronic formats. The required formats will be indicated in the manuscript preparation. A Portable
Document Format (PDF) file of the proof will be sent to the corresponding author by email only once for proofreading.
Expense on Publication: No charges will be levied for papers
published in the Journal. A free electronic reprint will be sent
to the author in PDF. However, authors who need color page/

special printing will be required to pay the actual expenses involved. Reprints can also be ordered in blocks of 50 copies at
the actual expenses involved. All prices are subject to change.
Submission and Inquiry: Authors will be required to send their
manuscript and a submission form in electronic format to the
editor-in-chief by email. The editor-in-chief’s email address can
be found on the inside cover of the Journal. Submission inquiries may also be sent to the editor-in-chief by email.
Copyright: The Society reserves all rights to the papers published by the Journal. Written permission by the editor-in-chief
is required for the reproduction or republication of Journal-published manuscripts, either in whole or in part.
Rights of Authors: The authors retain the following rights:
(1) Authors are allowed to reproduce their own Journal-published papers, either in whole or in part, in their own literary
works providing they acknowledge the Journal as its source.
(2) Authors are allowed to provide a PDF file of their paper to
the public at repositories of their affiliations and financial
contributors after it has been provided to the public via JSTAGE on the condition that they display a link to the paper’s abstract on the J-STAGE website.
(3) Authors are allowed to electronically copy and distribute a
PDF file of their paper on the condition that they purchase
reprints of their paper, or the PDF file of their paper at the
same price as the reprints of their paper. In this case, authors
are allowed to post the PDF file on their personal website
after providing it to the public via J-STAGE and should display a link to the paper’s abstract on the J-STAGE website.

Manuscripts Preparation
Style: All manuscripts should be arranged as follows: (1) title
page, (2) abstract and keywords, (3) main text, (4) literature
cited, (5) tables, (6) figures, and (7) messages to editors.
Typing: Manuscripts should be typewritten, double-spaced, on
A4-size pages with margins of 3 cm on the top, bottom, and both
sides. Line and page numbers should be included. The desired
locations of tables and figures should be indicated in red font
characters in the right margins.
Text Style: Characters to be printed in italic or bold font should
be entered using the features of the word processing software.
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Title Page: The first page of each manuscript should contain the
following items: (1) the type of paper, (2) the title of the paper, (3)
the authors’ full names and affiliations along with their addresses,
and (4) the corresponding author’s name and e-mail address.
The author affiliations to be listed are the affiliations where
the actual research was conducted. If any of the authors have
changed affiliation since completing the research, the present affiliation can also be indicated.
Abstract and Keywords: An abstract is required for all paper
types, and should be no more than 300 words long. Between
three and five keywords, listed alphabetically and separated by
commas, should be provided.
Mathematical Equations: If there is more than one equation in
the text, the equations should be numbered with Arabic numerals
according to their sequence on the right-hand side ((1), (2), etc.).
Short expressions not cited by any number may be included in
the text. Variables should be presented in italics, although upright-style Greek alphabet letters may be used.
Acknowledgements: Contributors who do not meet the criteria for authorship should be listed in the “Acknowledgements”
section at the end of the main text before the “literature cited”
section. All sources of funding should be listed in this section,
following the contributors’ requirements.
Literature Cited: In-text literature citations should show the
surname (family name) of the author and the year of publication.
In parenthetical citations after the statement concerned, the surname of the author and the year of publication are to be separated
by a comma. Multiple citations in the same parentheses are to
be placed in chronological order and separated by semicolons.
If there are more than two authors, citations should quote the
surname of the first author and the words “et al.” The names
of all authors should be included in the list of literature cited.
More than one reference from the same author(s) in the same
year should be identified by Roman alphabet letters placed after
the year.
The “literature cited” section at the end of the paper should list
the cited literature alphabetically by the surname of the first author, and then chronologically for each author. Use the following
examples for the style of the “literature cited” section:
a. For periodicals: Shirasawa, H. and Hasegawa, H. (2014) A
comparative study of heuristic algorithms for the multiple
target access problem. J. For. Res. 19: 437–449
b. For books: Davis, L.S., Johnson, K.N., Bettinger, P.S. and
Howard, T.E. (2001) Forest management: To sustain ecological, economic, and social values. 4th ed. McGraw-Hill,
New York, 804 pp
c. For chapters in edited books and papers in proceedings: Gadow, K.V. (2005) Science-based forest design and analysis. In:
Naito K. (ed) The role of forests for coming generations. Ja-

pan Society of Forest Planning Press, Utsunomiya: 1–19
d. For theses and dissertations: Tiryana, T. (2010) Quantitative
models for supporting multipurpose management planning
of teak plantations in Java, Indonesia. PhD thesis, The University of Tokyo, Tokyo, 100 pp
e. For Internet resources: McGaughey, R.J. (1999) Visualization system. USDA Forest Service, Pacific Northwest Research Station. http://faculty.washington.edu/mcgoy/svs.
html (accessed 14 April 2013)
If the literature has no English title, the authors should translate
the non-English title into English. The translated title should be
placed in square brackets, and the original language should be
placed in parentheses after the pagination. The romanized title of
the original language may be placed before the translation, as in:
f. Tanaka, K. (1996) Shinrin keikakugaku nyumon [An introduction to forest planning]. Japan Society of Forest Planning
Press, Fuchu, Tokyo,192 pp (in Japanese)
Tables: Tables should be numbered with Arabic numerals according to their sequence in the text (Table 1, Table 2, etc.). Each
table should be prepared on a separate page and be accompanied
by a brief and self-explanatory title. Any explanations for the
tables should be given as a footnote at the bottom of the table.
Do not use vertical lines to separate columns.
Figures: Figures should be numbered with Arabic numerals according to their sequence in the text (Fig. 1, Fig. 2, etc.). Each
figure should be prepared on a separate page. Figure captions
should appear on a separate page. Figures should be of publication quality. Color figures can be included, but will incur an
additional printing charge. Figures for color printing should be
marked with the note “COLOR” in the margin of the page on
which the appears.
Messages to Editors: If authors have any potential conflicts of
interest in relation to their manuscript, they must describe them
in the “messages to the editors” section.
Submission Form: The submission form should be filled out
and attached to the manuscript on submission. The form can be
found on the last page of the Journal. Non-member authors can
apply for Society membership when submitting their paper by
completing and enclosing the application form found on the inside of the back cover of the Journal.
Electronic Submission: Authors are required to submit their
manuscript in PDF by email. If it is difficult to save the manuscript in PDF, MS Word files are also accepted. Authors are encouraged to save their tables and figures in PDF form, and then
combine them with the manuscript file. This means that just one
PDF file should be sent to the editor-in-chief.
After acceptance, the authors will be asked to submit the final
manuscript in the following formats:
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(1) Title page, abstract and keywords, main text, literature cited,
and figure captions: an MS Word (doc or docx) file;
(2) Tables: an editable file in MS Word (doc or docx) or MS
Excel (xls of xlsx);

(3) Figures: High-quality image files (TIFF, JPEG, or PNG), an
MS PowerPoint (ppt or pptx) file, or a PDF file.
(February 2019)
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Guidelines on Publication Ethics
These guidelines are based primarily on the Guidelines on Good Publication Practice (COPE, 1999), the Code of
Conduct and Best Practice Guidelines for Journal Editors (COPE, 2011), the Recommendations for the Conduct,
Reporting, Editing, and Publication of Scholarly Work in Medical Journals (ICMJE, 2017), and the International
Standards for Authors (Wager and Kleinert, 2011).
DUTIES OF EDITORS
Publication decision: The editors’ decisions to accept or reject a
manuscript for publication should be based on the manuscript’s
importance, originality, and clarity, as well as the study’s validity
and its relevance to the scope of the Journal.
Confidentiality: Editors should treat all submitted manuscripts
as confidential. Editors should not share information about
manuscripts, including whether they have been received and/or
are under review, their content and status in the review process,
criticism by reviewers, and their ultimate fate, to anyone other
than the authors and reviewers. Editors should also make it clear
that reviewers will be expected to keep manuscripts, associated
material, and the information they contain strictly confidential.
Conflict of interest: Editors who make final decisions about
manuscripts should recuse themselves from editorial decisions if
they have conflicts of interest or relationships that pose potential
conflicts related to manuscripts under consideration. If an editor
submits a manuscript to the Journal, another editor will handle
the peer-review process of the manuscript independently of the
authoring editor.
Corrections: When a published paper is subsequently found to
contain flaws or errors, editors should accept responsibility for
correcting the record prominently and promptly. In this case, editors should consider retracting a paper, issuing an erratum, or issuing an expression of concern in line with COPE’s Retraction
Guidelines.

DUTIES OF REVIEWERS
Contribution to editorial decisions: Reviewers are experts
chosen by editors to provide written opinions. Peer review helps
editors decide which manuscripts are suitable for the Journal. It
also helps authors improve their study.
Promptness: Reviewers are expected to respond promptly to
requests to review and to submit reviews within the time agreed.
Reporting standards: Reviewers should provide unbiased and
justifiable reports. Reviewers’ comments should be constructive,
honest, and polite.
Confidentiality: Reviewers should keep manuscripts and the

information they contain strictly confidential. Reviewers should
not publicly discuss the authors’ work and should not appropriate
the authors’ ideas before the manuscript is published. Reviewers should not retain the manuscript for their personal use and
should destroy the copies of any manuscripts they have been provided after submitting their reviews. Reviewers should not use
knowledge of the work they are reviewing before its publication
to further their own interests.
Conflict of interest: Reviewers should disclose to the editors
any conflicts of interest that could bias their opinions of the manuscript, and should recuse themselves from reviewing specific
manuscripts if the potential for bias exists.
Ethical issues: If reviewers suspect the authors’ misconduct,
they should notify the editor in confidence.

DUTIES OF AUTHORS
Reporting standards: Authors should report their methods and
findings accurately. Authors should provide sufficient detail to
permit other researchers to repeat the work. Authors should present their results honestly and without fabrication, falsification, or
inappropriate data manipulation.
Data access and retention: Authors may be asked to disclose
the research data for the review process. Authors should maintain the primary data and analytic procedures underpinning the
published results for at least 10 years after publication.
Authorship of the paper: The award of authorship should balance intellectual contributions to the conception, design, analysis, and writing of the study against the collection of data and
other routine work. If there is no task that can reasonably be
attributed to a particular individual, then that individual should
not be credited with authorship.
Authorship should be based on the following criteria:
(1) Substantial contributions to the conception or design of the
work; or the acquisition, analysis, or interpretation of data used
for the work; (2) Drafting the work or revising it critically for
important intellectual content; (3) Final approval of the version
to be published; (4) Agreement to be accountable for all aspects
of the work in ensuring that questions related to the accuracy or
integrity of any part of the work are appropriately investigated
and resolved.
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Contributors who meet fewer than all four of the above criteria for
authorship should not be listed as authors, but they should be acknowledged. Those whose contributions do not justify authorship
may be acknowledged individually or together as a group under a
single heading, and their contributions should be specified.
Conflict of interest: Authors should disclose to editors relevant
financial and non-financial interests and relationships that might
be considered likely to affect the interpretation of their findings.
All sources of research funding, including direct and indirect financial support, the supply of equipment or materials, and other
support should be disclosed as well.
Originality and plagiarism: Authors should adhere to publication requirements that submitted work be original. Authors
should represent the work of others accurately in citations and
quotations. Relevant previous work and publications, both by
other researchers and the authors’ own, should be properly acknowledged and referenced. Data, text, figures, or ideas originated by other researchers should be properly acknowledged and
should not be presented as if they were the authors’ own.
Redundant publication: Authors should not submit the same
manuscript, in the same or different languages, simultaneously to
more than one journal. Previous publication of an abstract in the
proceedings of meetings does not preclude subsequent submission for publication.
Adherence to peer review: Authors should respond to reviewers’ comments in a professional and timely manner. Authors

should inform the editor if they withdraw their work from review, or choose not to respond to reviewer comments after receiving a conditional acceptance.
Corrections: Authors should alert the editor promptly if they
discover an error in any submitted, accepted, or published work.
Authors should cooperate with the editors in issuing corrections
or retractions when required.
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