
  

セット電位が正側へシフトすることを明らかにした。光カ

ソードのEonが、正電位側へシフトすることは、PECセル

を構築した際の水分解効率向上にとって有利に働くと予

見できる。また、犠牲剤であるH2O2をKPi中へ加えて測定

した場合のJ-E曲線と比較しても、Eonは1.0 VRHEとほぼ一

致するため、Pt助触媒の担持による電子輸送効率の向上が

示された。最適化したPt/CBO電極から得られた光電流の

値から、HC-STH値を計算したところ、0.4 VRHEで最大の

0.11 %記録した。しかし、Wangらにより有機系材料を用

いて作製されたCBO光カソードは、本研究で作製した

CBO光カソードよりも約2倍高い光電流値を生成している
7)。CBO薄膜の膜厚や助触媒の担持条件の最適化による

PEC性能の更なる高効率化が今後の課題である。 
 
結論

炭素源を一切含まない水系の前駆体溶液を用いたスプ

レー熱分解法とポストアニール処理によって、FTO上に

CBO薄膜を作製した。XRD測定の解析結果から、500 ℃以

上でのポストアニールによって単相のCBOが生成される

ことを明らかにした。500 ℃のポストアニール処理を施し

たCBO光電極は、H2O2存在下において−0.94 mA cm-2（0.6 
VRHE）の光電流密度を生成し、ポストアニール無しの試料

に対して約3倍の高い光電流を生成した。CBO電極へPt助
触媒を担持し、PEC特性を評価したところ、オンセット電

位は有意に正電位側へシフトし、光励起キャリアの輸送効

率向上に寄与したことを示した。Pt/CBO電極により生成

されたHC-STH値は0.4 VRHEの電位で最大の0.11 %を記録

した。 
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図5 0.5 M リン酸カリウム緩衝液中 （pH = 7.0）で取得し

たPt/CBOカソードのJ-E曲線（赤）Pt/CBO、（青）CBO. 

 

図 4 0.1 M H2O2 + 0.5 M リン酸カリウム緩衝液中（pH = 
7.0）で取得した CBO カソードの J-E 曲線.（黒）As-depo、
（赤）500 ℃、（青）600 ℃、（緑）700 ℃. 

                                                                                                   
 
 
                                                                                                                                                                                

Forecasting Mango Crop Yield in Miyazaki using Deep Learning 
 

Arini Robbil Izzati Ulinnuhaa), Makoto SAKAMOTOb), Ken MASUYAc),  
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Abstract 

Mangoes from Miyazaki Prefecture are known for their high-quality, which are famous for fully ripeness, rich 
flavor, and high price. The premium mango is an important agricultural product of the region that must be able to 
survive in different seasons. This adaptation ensures consistency in quality and yield but introduces complexities in 
forecasting due to the sensitive interplay of climatic factors. This study explores the use of Long Short-Term Memory, 
LSTM deep learning models to improve forecasting mango crop yield in Miyazaki Prefecture. By analyzing extensive 
historical data on climate and past yields from 2002 to 2019, the LSTM model has been designed to analyze the 
complex factors affecting crop production. The results demonstrate that the LSTM models can effectively incorporate 
multiple variables that influence agricultural production, offering a robust tool for farmers and agricultural stakeholders 
to optimize their crop yield predictions and management practices. The strongest factor influencing crop yield is the 
cultivation area, with an R-squared value of 0.9433. For further analysis, forecasting Miyazaki mango crop yield has 
been performed using LSTM deep learning with a univariate approach, focusing on the correlation between cultivation 
area and mango crop yield. The best result in univariate forecasting is obtained with the number of batch size of 2 and 
root mean square error, RMSE in mango crop yield is 75.803. To improve these results, it is recommended to add more 
data and relevant features and optimize the settings which minimize the RMSE. The use of the LSTM model 
demonstrates the potential of deep learning techniques in forecasting agricultural production. 
 
Keywords: Deep learning network, Long Short-Term Memory, Forecasting, Miyazaki mangoes 
 

1. INTRODUCTION 
 
The demand for mangoes from Miyazaki 

Prefecture, hereinafter referred to as Miyazaki 
mangoes, reflects not only their quality but also their 
status as a symbol of luxury and careful farming 
practices. Each mango is harvested according to strict 
quality standards such as specific weight and sugar 
content. This ensures that only the best fruit can sell in 
the market. The level of quality control has made 
Miyazaki mangoes a premium fruit with a very high 
selling value. The quality of this fruit is certainly 
obtained with great effort. The harvesting method 
using nets has made it possible to harvest high quality 
ripe mangoes. When mangoes are fully ripe, their 
sugar content increases and they become tastier, while 
ripe fruits are more likely to fall off. When the fruit is 
close to full ripeness, each fruit is surrounded by a net, 
and the falling ripe fruit is caught by the net 1). 
Irrigation and fertilization are carefully managed 
according to the needs of the mango trees. 

The climate in Miyazaki is ideally suited for 
mango cultivation due to its warm temperatures, 
sufficient sunlight duration, appropriate rainfall, and 
high humidity, all of which synergize to create optimal 
conditions for growing high-quality mangoes. Despite 

these advantageous conditions, mango farming in 
Miyazaki faces several challenges. The main 
challenge in cultivating this crop yield from its 
pronounced sensitivity to climatic fluctuations, 
requiring the implementation of meticulous adaptation 
strategies to ensure the maintenance of consistent 
quality and crop yield. Consequently, there is a 
growing need to develop sophisticated methods to 
accurately predict and improve agricultural outcomes.  

In the contemporary era, technology is 
fundamentally transforming agricultural practices. 
Advanced tools and methods are progressively being 
incorporated into agriculture to enhance efficiency 
and predictability. A key domain where technology 
has significantly penetrated is crop yield forecasting. 
Precise predictions, grounded in weather and other 
environmental variables, are essential for strategic 
planning and resource allocation. These forecasts 
allow farmers to proactively manage risks associated 
with climatic variability, thereby optimizing crop 
yields, and minimizing potential losses. 

This research explores the deployment of Long 
Short-Term Memory, LSTM deep learning models as 
a viable solution to the prevalent challenges in 
agricultural forecasting. Known for their ability to 
efficiently process time series data, LSTM models are 
well suited to capture complex dependencies within 
historical climate and crop yield datasets. Using these 
datasets, the study develops a predictive model for 
Miyazaki mango production. The evaluation with 
annual datasets aims to determine the impact of 

a) Master Student, Graduate School of Engineering, Mechanical 
Systems and Informatic Course 

b) Professor, Center for Science Engineering Education 
c) Associate Professor, Mechanical Engineering Program 
d) Professor, Mechanical Engineering Program  

Forecasting Mango Crop Yield in Miyazaki using Deep Learning 79



                                                                                                   
 
 
                                                                                                                                                                                

climate change on Miyazaki mango production. This 
advanced model benefits farmers and provides critical 
insights to government and agricultural stakeholders. 
It enhances decision-making processes in Miyazaki's 
agricultural sector. This helps farmers and 
stakeholders prepare for mango production by 
understanding natural climate patterns. 
 
2. STUDY AREA 
 

The study area in this research is in Miyazaki 
Prefecture, such as Miyazaki City, Saito City, and 
Nango-cho. The species of mango cultivated in 
Miyazaki is Mangifera indica ‘Irwin’. The historical 
data of climate and crop yield was taken from Japan 
Meteorological Agency 2) and the Ministry of 
Agriculture, Forestry, and Fisheries Japan 3) as for the 
statistical data from 2002 to 2019. The variables 
observed annually include rainfall, daily minimum, 
mean, and maximum temperature, mean relative 
humidity, mean and maximum wind speed, sunshine 
duration, global solar radiation, cultivation area, and 
crop yield. 

The warm temperatures and long sunshine 
duration in Miyazaki are highly conducive to mango 
growth. In Miyazaki, the average daily mean 
temperature is 17.7°C 2), and the annual sunshine 
duration is 2121.7 hours 2). These conditions enhance 
the pigmentation of Miyazaki mango skin. The red 
color of Miyazaki mango skin is an indicator of higher 
quality, with deeper red tones indicating superior fruit. 
The favorable climatic conditions in Miyazaki 
contribute to an accelerated ripening process for 
mangoes. Compared to other regions, Miyazaki 
mangoes are harvested earlier, from April to July.  

 
3. EVALUATION METHOD 
 
3.1 Regression analysis 

Regression analysis is used to examine and 
determine the relationship between a dependent 
variable and explanatory variables. In these regression 
models, mango crop yield is treated as the dependent 
variable, while climatic factors and cultivation area 
serve as the explanatory variables. The linear 
regression model calculates the impact of each 
explanatory variable on crop yield and evaluates the 
R² values over a 15 years period. The type of 
regression used in this study is univariate. This is due 
to the reason for exploratory analysis in the research, 
as an initial exploratory step to identify variables that 
have a significant relationship with the dependent 
variable. It is also intended to focus on specific 
relationships, which is the study of the effect of a 
specific explanatory variable on the dependent 
variable. This evaluation is visualized by combining 
histograms and line graphs with an additional 
secondary axis. Through regression analysis, several 

variables showed both positive and negative 
coefficients, indicating correlations between crop 
yield and the respective climatic factors and 
cultivation area. 
 
3.2 Deep learning LSTM Method 

Google Colaboratory is used as a deep learning 
development environment. Keras, an open-source 
library in the Python language for deep learning is 
used. Using a Long Short-Term Memory, LSTM 
network model with the ability to efficiently process 
time series data, the dependence between past climatic 
factors and crop yield can be captured. In addition, 
Optuna framework for hyperparameter tuning to 
ascertain the optimal parameters for training the 
LSTM network model. By employing hyperparameter 
tuning, it is possible to identify the optimal set of 
parameter values that minimize loss or enhance model 
performance, resulting in an optimal network model 
configuration 4). Subsequently, data preparation, 
modeling, and forecasting are performed using the 
LSTM networks. The data preparation phase involves 
critical processes such as data scaling and partitioning 
the dataset into training and testing subsets. The 
training data is divided into batches and mini-batch 
learning is used, which learns batch by batch. The 
batch size affects the training time and the 
performance of the network. Therefore, an effect of 
batch size on network performance is examined. 
During the modeling phase, the LSTM model 
architecture is constructed, appropriate loss functions 
and optimization algorithms are selected, and the 
model is trained using the prepared data. The Adam 
algorithm for updating weights and biases between 
neurons in the network is selected. Early stopping 
which terminates training data before overfitting, in 
which the generalization performance of the network 
model decreases, and dropout which randomly erases 
neurons except the output layer with a certain 
probability. Finally, the forecasting phase involves 
generating predictions and evaluating the model's 
performance using metrics such as mean squared error, 
MSE and root mean squared error, RMSE. 

 
4. ANALYSIS AND RESULTS 

4.1 Identification of factors with regression 
analysis 

The regression analysis identifies three key 
factors that significantly impact mango crop yield 
such as cultivation area, mean relative humidity, and 
annual rainfall. Cultivation area has the strongest 
effect (R² = 0.9433) with a positive relationship. Mean 
relative humidity (R² = 0.5858) also has a positive 
impact, as higher humidity helps maintain necessary 
moisture for growth. Annual rainfall (R² = 0.2448) 
shows a moderate positive effect, indicating that 

                                                                                                   
 
 
                                                                                                                                                                                

adequate rainfall is essential for proper hydration and 
fruit production. 
 
4.2 Effect of batch size on training 

The analysis is performed for the largest 
influencing factor on crop yield, which is cultivation 
area. At this stage, Optuna hyperparameter tuning is 
used to select the best LSTM parameters. Early 
stopping helps to prevent from overfitting during 
model training. It monitors the model performance on 
validation data and stops the training data if there is no 
improvement in loss after a specified number of 
epochs, known as “patience”. In this study, “patience” 
and the maximum number of epochs are set to 10 and 
100, respectively. This means that training will stop if 
the loss does not improve for 10 consecutive epochs 
before reaching 100 epochs. The batch sizes used in 
this training are 2, 4, and 6. This is done to find out 
which results are the best for the predicted value of 
Miyazaki mango crop yield in the time span 2017 to 
2019. From the given batch size variation, the 
difference value between the actual data and the 
predicted data is obtained. The RMSE is then 
calculated to determine the accuracy of the prediction 
of the actual data. The RMSE results are shown in 
Table 1. 

Table 1. Values of RMSE when using different batch size 
in LSTM method 

Batch size 2 4 6 
RMSE 75.803 85.140 116.002 

The batch size parameter is customized to 
identify which configuration would give the most 
accurate predictions. As shown in Table 1, smaller 
batch size will give the lowest RMSE, indicating 
better predictive performance and the smaller batch 
size should be used 5). The results of the experiments 
show that the proposed model with 2 batch size for 
training is more accurate, the proposed model with 4 
batch size for training is the second best and 6 batch 
size is the third best. Therefore, for optimal prediction 
accuracy in forecasting Miyazaki mango cultivation, a 
batch size of 2 is used. While the Miyazaki mango 
forecasting results is shown in Figure 1. 
 

 
 
 
 
 
 
 
 
 
 

Fig.1 Miyazaki mango crop yield forecasting using LSTM on 
2017-2019 based on annual historical data 

The graph shows a comparative analysis of crop 
yield in tons per year over three years, featuring actual 
data alongside forecasts generated using different 
modeling parameters. The actual value of Miyazaki 
mango crop yield in 2017, 2018 and 2019 are 1203, 
1165, and 1184 ton/year. Meanwhile, the forecasting 
result obtained using cultivation area are 1114, 1103, 
and 1109 ton/year and the forecast values with 7 
parameters are 1120, 1023, and 1049 ton/year. 

Initially, the prediction is conducted using a 
single parameter that exhibits the strongest interaction 
with crop yield, that is the cultivation area. Since the 
cultivation area can be managed and adjusted by 
farmers, this model allows for strategic planning and 
decision-making to optimize crop yield. Efforts to 
increase or decrease cultivation area have a direct 
impact on crop yield outcomes 6). Subsequently, the 
analysis was extended to include seven parameters 
based on the obtained R² values. With a minimum 
threshold of 10%, further forecasting of Miyazaki 
mango crop yield is performed. This approach is 
chosen because considering multiple parameters can 
provide a more comprehensive and accurate 
prediction model that captures the complex 
interactions and factors influencing crop yield. 

In 2017, the actual crop yield slightly exceeds the 
single-parameter forecast and significantly exceeds 
the seven-parameter forecast. The 2018 data continues 
this trend, with the actual crop yield again exceeding 
both forecasts. However, the single-parameter 
forecast remains closer to the actual data than the 
seven-parameter forecast, which shows a more 
significant deviation. The 2019 data continues this 
consistent pattern, where the actual crop yield exceeds 
both forecasts. In this case, the single-parameter 
model consistently outperforms the seven-parameter 
model over all three years due to the deviation values. 

Based on Figure 1, the prediction trend is close to 
the actual value. The use of the LSTM method shows 
the potential of deep learning techniques in 
forecasting agricultural production. The ability of the 
model to handle sequential data and learn from it is a 
positive indication of its applicability in this domain. 
The model effectively utilizes historical data to 
generate forecasts. This demonstrates the model’s 
ability to leverage past information to make future 
prediction, which is crucial in agricultural forecasting. 

For overall batch sizes examined in the previous 
step, the best prediction with the lower RMSE was 
selected based on experiments performed with 2 batch 
size. The single-parameter used to predict the crop 
yield is cultivation area. While the seven-parameters 
used to predict the crop yield are annual rainfall, daily 
maximum temperature, mean and minimum relative 
humidity, mean wind speed, solar global radiation, 
and cultivation area. The trend analysis of the crop 
yield shows a decline from 2017 to 2018, followed by 
an increase in 2019 with the RMSE obtained is 
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climate change on Miyazaki mango production. This 
advanced model benefits farmers and provides critical 
insights to government and agricultural stakeholders. 
It enhances decision-making processes in Miyazaki's 
agricultural sector. This helps farmers and 
stakeholders prepare for mango production by 
understanding natural climate patterns. 
 
2. STUDY AREA 
 

The study area in this research is in Miyazaki 
Prefecture, such as Miyazaki City, Saito City, and 
Nango-cho. The species of mango cultivated in 
Miyazaki is Mangifera indica ‘Irwin’. The historical 
data of climate and crop yield was taken from Japan 
Meteorological Agency 2) and the Ministry of 
Agriculture, Forestry, and Fisheries Japan 3) as for the 
statistical data from 2002 to 2019. The variables 
observed annually include rainfall, daily minimum, 
mean, and maximum temperature, mean relative 
humidity, mean and maximum wind speed, sunshine 
duration, global solar radiation, cultivation area, and 
crop yield. 

The warm temperatures and long sunshine 
duration in Miyazaki are highly conducive to mango 
growth. In Miyazaki, the average daily mean 
temperature is 17.7°C 2), and the annual sunshine 
duration is 2121.7 hours 2). These conditions enhance 
the pigmentation of Miyazaki mango skin. The red 
color of Miyazaki mango skin is an indicator of higher 
quality, with deeper red tones indicating superior fruit. 
The favorable climatic conditions in Miyazaki 
contribute to an accelerated ripening process for 
mangoes. Compared to other regions, Miyazaki 
mangoes are harvested earlier, from April to July.  

 
3. EVALUATION METHOD 
 
3.1 Regression analysis 

Regression analysis is used to examine and 
determine the relationship between a dependent 
variable and explanatory variables. In these regression 
models, mango crop yield is treated as the dependent 
variable, while climatic factors and cultivation area 
serve as the explanatory variables. The linear 
regression model calculates the impact of each 
explanatory variable on crop yield and evaluates the 
R² values over a 15 years period. The type of 
regression used in this study is univariate. This is due 
to the reason for exploratory analysis in the research, 
as an initial exploratory step to identify variables that 
have a significant relationship with the dependent 
variable. It is also intended to focus on specific 
relationships, which is the study of the effect of a 
specific explanatory variable on the dependent 
variable. This evaluation is visualized by combining 
histograms and line graphs with an additional 
secondary axis. Through regression analysis, several 

variables showed both positive and negative 
coefficients, indicating correlations between crop 
yield and the respective climatic factors and 
cultivation area. 
 
3.2 Deep learning LSTM Method 

Google Colaboratory is used as a deep learning 
development environment. Keras, an open-source 
library in the Python language for deep learning is 
used. Using a Long Short-Term Memory, LSTM 
network model with the ability to efficiently process 
time series data, the dependence between past climatic 
factors and crop yield can be captured. In addition, 
Optuna framework for hyperparameter tuning to 
ascertain the optimal parameters for training the 
LSTM network model. By employing hyperparameter 
tuning, it is possible to identify the optimal set of 
parameter values that minimize loss or enhance model 
performance, resulting in an optimal network model 
configuration 4). Subsequently, data preparation, 
modeling, and forecasting are performed using the 
LSTM networks. The data preparation phase involves 
critical processes such as data scaling and partitioning 
the dataset into training and testing subsets. The 
training data is divided into batches and mini-batch 
learning is used, which learns batch by batch. The 
batch size affects the training time and the 
performance of the network. Therefore, an effect of 
batch size on network performance is examined. 
During the modeling phase, the LSTM model 
architecture is constructed, appropriate loss functions 
and optimization algorithms are selected, and the 
model is trained using the prepared data. The Adam 
algorithm for updating weights and biases between 
neurons in the network is selected. Early stopping 
which terminates training data before overfitting, in 
which the generalization performance of the network 
model decreases, and dropout which randomly erases 
neurons except the output layer with a certain 
probability. Finally, the forecasting phase involves 
generating predictions and evaluating the model's 
performance using metrics such as mean squared error, 
MSE and root mean squared error, RMSE. 

 
4. ANALYSIS AND RESULTS 

4.1 Identification of factors with regression 
analysis 

The regression analysis identifies three key 
factors that significantly impact mango crop yield 
such as cultivation area, mean relative humidity, and 
annual rainfall. Cultivation area has the strongest 
effect (R² = 0.9433) with a positive relationship. Mean 
relative humidity (R² = 0.5858) also has a positive 
impact, as higher humidity helps maintain necessary 
moisture for growth. Annual rainfall (R² = 0.2448) 
shows a moderate positive effect, indicating that 

                                                                                                   
 
 
                                                                                                                                                                                

adequate rainfall is essential for proper hydration and 
fruit production. 
 
4.2 Effect of batch size on training 

The analysis is performed for the largest 
influencing factor on crop yield, which is cultivation 
area. At this stage, Optuna hyperparameter tuning is 
used to select the best LSTM parameters. Early 
stopping helps to prevent from overfitting during 
model training. It monitors the model performance on 
validation data and stops the training data if there is no 
improvement in loss after a specified number of 
epochs, known as “patience”. In this study, “patience” 
and the maximum number of epochs are set to 10 and 
100, respectively. This means that training will stop if 
the loss does not improve for 10 consecutive epochs 
before reaching 100 epochs. The batch sizes used in 
this training are 2, 4, and 6. This is done to find out 
which results are the best for the predicted value of 
Miyazaki mango crop yield in the time span 2017 to 
2019. From the given batch size variation, the 
difference value between the actual data and the 
predicted data is obtained. The RMSE is then 
calculated to determine the accuracy of the prediction 
of the actual data. The RMSE results are shown in 
Table 1. 

Table 1. Values of RMSE when using different batch size 
in LSTM method 

Batch size 2 4 6 
RMSE 75.803 85.140 116.002 

The batch size parameter is customized to 
identify which configuration would give the most 
accurate predictions. As shown in Table 1, smaller 
batch size will give the lowest RMSE, indicating 
better predictive performance and the smaller batch 
size should be used 5). The results of the experiments 
show that the proposed model with 2 batch size for 
training is more accurate, the proposed model with 4 
batch size for training is the second best and 6 batch 
size is the third best. Therefore, for optimal prediction 
accuracy in forecasting Miyazaki mango cultivation, a 
batch size of 2 is used. While the Miyazaki mango 
forecasting results is shown in Figure 1. 
 

 
 
 
 
 
 
 
 
 
 

Fig.1 Miyazaki mango crop yield forecasting using LSTM on 
2017-2019 based on annual historical data 

The graph shows a comparative analysis of crop 
yield in tons per year over three years, featuring actual 
data alongside forecasts generated using different 
modeling parameters. The actual value of Miyazaki 
mango crop yield in 2017, 2018 and 2019 are 1203, 
1165, and 1184 ton/year. Meanwhile, the forecasting 
result obtained using cultivation area are 1114, 1103, 
and 1109 ton/year and the forecast values with 7 
parameters are 1120, 1023, and 1049 ton/year. 

Initially, the prediction is conducted using a 
single parameter that exhibits the strongest interaction 
with crop yield, that is the cultivation area. Since the 
cultivation area can be managed and adjusted by 
farmers, this model allows for strategic planning and 
decision-making to optimize crop yield. Efforts to 
increase or decrease cultivation area have a direct 
impact on crop yield outcomes 6). Subsequently, the 
analysis was extended to include seven parameters 
based on the obtained R² values. With a minimum 
threshold of 10%, further forecasting of Miyazaki 
mango crop yield is performed. This approach is 
chosen because considering multiple parameters can 
provide a more comprehensive and accurate 
prediction model that captures the complex 
interactions and factors influencing crop yield. 

In 2017, the actual crop yield slightly exceeds the 
single-parameter forecast and significantly exceeds 
the seven-parameter forecast. The 2018 data continues 
this trend, with the actual crop yield again exceeding 
both forecasts. However, the single-parameter 
forecast remains closer to the actual data than the 
seven-parameter forecast, which shows a more 
significant deviation. The 2019 data continues this 
consistent pattern, where the actual crop yield exceeds 
both forecasts. In this case, the single-parameter 
model consistently outperforms the seven-parameter 
model over all three years due to the deviation values. 

Based on Figure 1, the prediction trend is close to 
the actual value. The use of the LSTM method shows 
the potential of deep learning techniques in 
forecasting agricultural production. The ability of the 
model to handle sequential data and learn from it is a 
positive indication of its applicability in this domain. 
The model effectively utilizes historical data to 
generate forecasts. This demonstrates the model’s 
ability to leverage past information to make future 
prediction, which is crucial in agricultural forecasting. 

For overall batch sizes examined in the previous 
step, the best prediction with the lower RMSE was 
selected based on experiments performed with 2 batch 
size. The single-parameter used to predict the crop 
yield is cultivation area. While the seven-parameters 
used to predict the crop yield are annual rainfall, daily 
maximum temperature, mean and minimum relative 
humidity, mean wind speed, solar global radiation, 
and cultivation area. The trend analysis of the crop 
yield shows a decline from 2017 to 2018, followed by 
an increase in 2019 with the RMSE obtained is 
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122.606. The RMSE suggests that the model can be 
improvement because the fluctuations in RMSE 
indicate that the model’s predictions are inconsistent. 
There are some potential improvements such as 
adding more relevant data and features that affect crop 
yield and adjusting the hyperparameter tuning to find 
the optimal settings that minimize the RMSE 6). 

 
4.3 Performance based on root mean square 

error 
The impact of climatic variables on the crop yield 

of Miyazaki mangoes is of critical importance, relies 
on specific environmental conditions for optimal 
growth and fruit production. The R2 values and linear 
regression analysis reveal significant correlations 
among these seven parameters, indicating that optimal 
crop yield is highly dependent on these combined 
factors. The cultivation area has a very strong positive 
impact on mango crop yield. Larger cultivation areas 
lead to higher yields 7). While mean relative humidity 
has a significant positive impact on mango crop yield. 
Higher humidity levels help in maintaining optimal 
conditions for the growth of mangoes. It reduces water 
loss from the trees and supports better physiological 
functions 8). Annual rainfall has a moderately positive 
impact on mango crop yield. This indicates that as the 
amount of rainfall increases, the yield of mangoes also 
tends to increase. Rainfall is crucial to provide the 
necessary water supply for mango trees, especially 
during critical growth periods 9). Minimum relative 
humidity also has a positive impact, although less 
pronounced than mean relative humidity. Consistently 
higher minimum humidity levels can prevent 
dehydration of mango trees, especially during the 
night 10). Mean wind speed has a slight negative impact 
on mango yield. Higher wind speeds can cause 
physical damage to the trees and flowers of mango 
when grown in the field and increase evaporation rates 
leading to water stress 11). Mean global solar radiation 
has a slight negative impact on mango yield. While 
sunlight is necessary for photosynthesis, excessive 
radiation can lead to increased temperatures and water 
loss, stressing the trees 12). The annual daily maximum 

temperature has a slight negative impact on mango 
crop yield. Higher maximum temperatures can stress 
the mango trees, leading to reduced yield. Extreme 
heat can negatively affect the photosynthetic process 
and increase evaporation rates, causing water stress 6). 
 
5. CONCLUSION 
 

The LSTM model demonstrates the potential of 
deep learning in agricultural forecasting by using 
historical data to predict future crop yields. Using 
Optuna hyperparameter tuning, the optimal LSTM 
parameters has been obtained for forecasting 
Miyazaki mango crop yields from 2017-2019. 
Different batch sizes have been examined, which 
showed that a batch size of 2 gives the lowest RMSE 
(75.803). The strongest positive influence on crop yield 
is the cultivation area with R2 0.9433. Improvements 
of the model could be obtained by adding more data, 
more relevant parameters, and refining the 
hyperparameters to minimize the RMSE.  
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Table 2. R2 values of seven parameters which impact 
Miyazaki mangoes crop yield 

Factor R2 in linear 
regression 

Sign of slope 
in line 

Cultivation area 0.9433 Positive 
Mean relative humidity 0.5858 Positive 
Annual rainfall 0.2448 Positive 
Minimum relative humidity 0.1113 Positive 
Mean wind speed 0.1028 Negative 
Solar global radiation 0.0995 Negative 
Annual daily maximum 
temperature 0.0978 Negative 

 
 

  

深層学習による文書画像の 
領域分割およびラベル生成ツール ASLAにおける 
領域分割の精度向上と適用範囲の拡大のための拡張 
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Extension to Improve the Performance of Region Segmentation 
and Expand the Scope in ASLA Which Is a Segmentation and 
Labeling Tool for Document Images Based on Deep Learning 

Kanta KAKINOKI, Tetsuro KATAYAMA 
 

Abstract 
 

     The current situation of the electronic documents is only a substitute for paper. As a new way to utilize electronic 
documents, we focus on dividing electronic documents into regions by their elements and generating keywords and 
sentences as labels from the contents of the elements. However, these tasks, when performed manually, are time-
consuming and labor-intensive. To reduce the time required for region segmentation and label generation, we 
developed a prototype of ASLA, a tool for region segmentation and label generation of document images using deep 
learning in our laboratory. However, the existing ASLA has some problems in terms of accuracy of region 
segmentation and is not highly useful. Therefore, this study expands the existing ASLA to improve its usefulness. 
Specifically, first, a rule-based region redividing process is added. And then, the object detection method used in 
segmentation of ASLA is modified. Furthermore, the dataset is added. As application and evaluation results, we have 
confirmed that the usefulness of the expanded ASLA is improved. 

 
Keywords:  region segmentation, labeling, document image, rule-based region redividing 
 

1. はじめに 
 
紙の文書を保管するためには、格納スペースが必要にな

り、そのための維持や管理にコストがかかる。加えて、紙

の文書が膨大にあると、欲しい情報が載ったものを探す際

に時間がかかる。これらの問題を解決するために、電子文

書が用いられる 1)。電子文書を用いることで、紙の削減が

可能となり、維持や管理にかかるコストの削減が可能とな

る。また、文書管理システムの導入により、必要とする書

類を探す時間の削減が可能となる。そのため、電子文書の

利用は広まりつつある。 
しかし、電子文書は紙の代用にとどまっているという現

状がある。そこで本研究では、電子文書の新たな活用方法

として、電子文書を、構成要素ごとに領域として分割し、

その構成要素が持つ内容から、キーワードや文章をラベル

として生成するということに着目する。さらに、この電子

文書を読む際の読者の視線の動きを、座標情報として記録

する。これらを実現することによって、顧客の興味や関心

度合を捉えることによる営業活動の効率化や、製品やサー

ビスの契約者に対して、重要事項の説明が適切に行われて 
a)工学専攻機械・情報系コース大学院生 

b)情報システム工学科教授 

いるかをチェックすることによるコンプライアンスの強

化が可能となる。 
この実現のためには、電子文書の構成要素を領域に分割

する領域分割と、領域の内容を解析しラベルを生成するラ

ベル生成の 2つの作業が必要となる。しかし、これらの作
業を人手で行う場合、手間と時間がかかるという問題があ

る。そこで、電子文書の 1 つである日本語の文書画像を
対象として、領域分割とラベル生成にかかる作業時間削減

を目的に、深層学習による文書画像の領域分割およびラベ

ル生成ツール ASLA(Automatic Segmentation and Labeling 
tool using AI)を当研究室で試作した 2)。ASLA は、日本語
の文書画像を入力として受け取り、領域分割とクラスの特

定、ラベル生成を行う。ASLAにおけるクラスと領域の定
義を、表 1に示す。 
しかし、既存の ASLA は領域分割の精度の面で問題を
抱えており、有用性が高いとは言えない。具体的には、文

書画像から正確な文字を抽出できない場合がある問題点

と、ドメインシフトを起こし性能が低下する問題点の 2つ
の問題点が存在する。 
そこで本研究では、ASLAの有用性の向上を目的として、

ASLAの拡張を行い、上記 2つの問題点を解決する。具体
的には、まず、文書画像から正確な文字を抽出できない場
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