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Adaptations of Explainable Artificial Intelligence (XAI)
to Agricultural Data Models with ELIS, PDPbox, and

Skater using Diverse Agricultural Worker Data

Shinji Kawakura, Masayuki Hirafuji, Seishi Ninomiya, and Ryosuke Shibasaki

ABSTRACT

We use explainable artificial intelligence (XAI) based on Explain Like I’'m
5 (ELI5), Partial Dependency Plot box (PDPbox), and Skater to analyze
diverse physical agricultural (agri-) worker datasets. We have developed
various promising body-sensing systems to enhance agri-technical
advancement, training and worker development, and security. This
includes wearable sensing systems (WSSs) that can capture real-time
three-axis acceleration and angular velocity data related to agri-worker
motion by analyzing human dynamics and statistics in different agri-
environments, such as fields, meadows, and gardens. After investigating
the obtained time-series data using a novel program written in Python, we
discuss our findings and recommendations with real agri-workers and
managers. In this study, we use XAl and visualization to analyze diverse
data of experienced and inexperienced agri-workers to develop an applied
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I. INTRODUCTION

Over several years, we have developed diverse body-
sensing systems to address challenges in enhancing physical,
agricultural (agri-) technical advancement, knowledge
sharing and teaching, and security.

In this study, we first obtain basic data about farmers and
data on body acceleration. Then, we conduct a broad
explanation of multiple explainable artificial intelligence
(XAl) libraries. XAl is a particular approach within data
science to articulate how an Al reaches its conclusions. The
user may adopt this explanation in some cases. In doing so, it
is essential that we grasp how to use it.

Thus, in this study, we use sample data with key techniques
in the XAl library to understand the behavior of complex Al
models. Specifically, we explore Explain Like I’'m 5 (ELIS),
Partial Dependency Plot box (PDPbox), and Skater.
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We use ELI5 to quantitatively indicate feature quantities
and to what extent a feature is emphasized by
Permutationlmportance and discuss the results.

We apply PDPboxes to execute a partial dependence plot
(individual condition expectation). We present and discuss
changes in the predicted output for feature quantities and
various feature combinations.

We base our Skater-based computations on using
TreeSurrogate. We process and indicate the internal
judgment of the Al model via conditional branching of the
decision tree and discuss the results.

Il. METHOD

A. Method

In this study, we combine our past achievements with
recent XAl-based analysis methodologies. We shaped our
study’s approach in light of our results [1]-[16]. We designed
system constructs to measure and analyze acceleration and
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angular velocity data using general human dynamics and
statistical approaches [17]-[27].

To test and obtain outdoor data, subjects wore specially
designed integrated structures with original wearable systems
(WWSs) (Fig. 1) [19]. Each trial had 30 swings (digging up)
with a traditional Japanese hoe, and each subject performed
three trials successively on the same day to create sampled
datasets per subject (Fig. 2).

For each subject, we captured diverse information as
presented in Table I. This included two specific scales, the
Visual Analogue Scale (VAS) and the Borg Rating of
Perceived Exertion (RPE) scale, to measure worker fatigue
and feelings against the strength of a task. The RPE measures
perceived exertion in sports and particularly in exercise
testing.

We selected fifteen subjects, whose characteristics are
summarized in Table II.

After basic trials in outdoor fields, we defined indicators
concerning vertical acceleration and direction: 1) maximum
value, 2) minimum value, 3) standard deviation (SD), and 4)
direct current (DC) component concerning subjects’ hoe
(hand) and waist [20].

In particular, we note that the SD and DC component are
meaningful values for discriminating subjects’ physical and
motion characteristics.
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Fig. 1. A subject equipped with measuring modules and knapsack with
laptop PC connecting to various modules.

Various Waiting Trial Waiting Various post
previous time time time handlings
settings (108) (30 swings (108 (e.g. stopping
(e.g. starting with a hoe) computer,
computer, confirming data)
connecting plugs) I I I I
>
Fig. 2. Timeline of the outdoor trials.
B. Theory

A In this study, we utilize XAl-based methodologies and
explore what is happening behind the algorithms. While other
studies have applied this approach to training methodologies,
ours is the first to use it in agri-research, although there have
been other agri-research studies undertaken into training
methodologies.

TABLE I ITEMS IN SURVEY SHEET

Category Index

Range of score (point)

Basic information S -
pre-existing disease

Experience of LBP

Low back pain (LBP)

Daily successive fatigue previous day

Drinking and smoking habits Alcohol consumption
Tobacco consumption
During spare time

Sport habits In the past

Feeling of fatigue in this trial

Usability of the systems

Name, affiliation, occupation, stature, weight,

Frequency in the present workplace
Frequency in past workplace(s)
Frequency of continuing fatigue from the

Indicators in VAS and Borg RPE scale tests,
and oral, general questions
Load of the systems and the tasks, load of the
work posture fatigue of muscles

These depend on content

No experience of LBP (0), Experience LBP in the past
(1), Currently experiencing LBP (2)
No (0), Sometimes (1), Frequently (2)
No (0), Yes (1)

No (0), Rarely (1), Sometimes (2), Always (3)

No (0), A few times a month or a year (1),
Every day or a few times a week (2)
Non-smoker (0), Past smoker (1), Smoker (2)

No (0) Yes (1)

No (0), A little in the past (1), Regularly in the past (2)

VAS (0 to 100), RPE (6 to 20), and open-ended question

Five-grade evaluation (0 to 5), and open-ended question

TABLE II: SUBJECTS’ DATA

Experienced

Inexperienced, novice

Index N=7 N=8
Range Ave S.D. Range Ave S.D.
Age (year) 31to 74 62.52 14.2 23t034 5.6 3.58
Experience (year) 2 to 60 34 18.1 0 0 0
Stature (cm) 15510173 164 55 170 to 180 174 3.2
Weight (kg) 55 to 85 70 8.9 58 to 78 67 7.5
TABLE III: BAsiC DATA AFTER ONE SET OF TRIALS
Index Experienced Inexperienced
Range Average SD Range Average SD
VAS 0t068.1 28.2 24.6 0t073.6 26.8 233
RPE 9to 12 10.1 117 12t0 13 12.1 0.35
Experience of LBP Otol 0.38 0.48 Otol 0.57 0.49
Frequency of LBP in the present workplace Otol 0.50 0.50 Otol 0.29 0.45
Frequency of LBP in the past workplace 0 0 0 Otol 0.14 0.35
Frequency of contl_numg fatigue from the 0to?2 125 083 1102 186 0.35
previous day

Alcohol consumption O0to2 1 0.87 O0to2 1 0.53
Tobacco consumption 0to2 0.63 0.70 Otol 0.14 0.35
Sports habit during spare time Otol 0.38 0.48 Otol 0.86 0.35
Sports habit in the past Otol 0.38 0.48 1t02 1.57 0.49
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C. Phase 1:
1) ELI5, Permutationimportance

We input a fitted predictive model m and a tabular dataset
(training or validation) D. Then, we compute the reference
score S of the model m on dataset D (for example, the
accuracy for a classifier or the R? for a regressor).

Furthermore, for each feature j (column D), for each
repetition K in 1 to K, we randomly shuffle column j of
dataset D to generate a corrupted version of the data named
D2;. Then, we compute the score S ; of model m on the D2y;.

In Permutationlmportance for ELI5, importance ij for
feature f; is calculated as:

ij=5— XK, Sk (1)

where

i is the importance variable;

j is the feature amount (quantity);

S is the original predicted score value;

K is the total number of records in the data;

k indicates the kth data record;

Skj is predicted score value of the data k after shuffling feature
amount j.

D. Phase 2:
1) PDPbox

For partial dependency plots (PDP), one or two features
indicate the marginal effect on the prediction results of the
machine learning model. PDPs can express whether the
relationship between input and output is linear, monotonic,
or more complex.

For instance, if we apply it to a linear regression model,
the PDP always shows a linear relationship:

fxs(xs):Exc[f(xs,xc)J:_[f(xs,xc) ?)

where

Xs is a feature amount that plots the data concerning the
partial dependence function

Xc represents the other feature amounts for the machine

learning model f .

Typically, a set S contains one or two feature amounts.
The feature amount in S is the target value of the effect on
the prediction. We construct the feature space x by
combining the feature vectors xs and X.. Partial dependence
works by marginalizing the output from the machine
learning model focusing on the distribution of feature
amounts in a set C. We can utilize the function to describe
the relationship between the feature amounts in set S and
the prediction result, as well as interactions between feature
amounts. By marginalizing other features, we obtain a
function that depends only on the feature amounts in the set
S.

We calculate the partial function f, (x,) asthe average

of the training data. This is sometimes referred to as the
Monte Carlo method:
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The partial dependence function indicates the average
marginal effect on the prediction for the value given to the
feature S.

The PDP assumption is that feature amounts in C are not
correlated with features in S. If this assumption does not
hold, then the average calculated for the PDP will contain
data points that are highly unlikely, if not impossible.

Hereinafter, we describe a classification calculation in
which a machine learning model outputs a probability value.
In this case, the PDP displays the probability of a particular
class where different values are given to the feature
amounts of S. Note that PDP is a global method here, i.e.,
this method considers all instances.

Then, we provide a statement concerning the global
relationship between feature amounts and prediction results.

For categorical feature amounts, we can easily compute
partial dependence. We force all instances of each category
into the same category. This enables us to calculate PDPs.

E. Phase 3:
1) Skater, Tree Surrogate

Here, we discuss interpretable models with Tree
Surrogates using Skater. There are various ways to interpret
machine learning models such as with features, dependence
plots, and even Local Interpretable Model-agnostic
Explanations (LIME).

However, we cannot build an approximation or a surrogate
model that is more interpretable from a very complex black
box model, such as an Extreme Gradient Boost (XGBoost)
model with hundreds of decision trees.

Thus, we present the novel idea of using TreeSurrogate as
a means of explaining a model's learned decision policies:

EPE(x) = (f (x) f (x)) +var(x) 4)

where
f (x) is the true function;

f (x) is the prediction function — (a);

var(x) is the prediction variance — (b).
The combination of (a) and (b) is called a surrogate model.

F. Program
1) Phase 1: ELI5, Permutationlmportance

ELI5 is compatible with a variety of Al algorithms.
Furthermore, it can be used even for models that do not have
functions such as visualization of feature importance, which
is valuable. It can also calculate Permutationlmportance for
individual prediction results. Thus, it is also a tool for making
a choice of local explanations.

Using EL15, we can visualize the importance of the feature
amount that the Al model uses to determine classifications,
and then can output a broad explanation and a local
explanation for the classification model and the regression
model, respectively.

For this phase, we scrutinize the internal parameters of the
model for a broad description. Then, we focus on what types
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of feature classifiers and regressors are designated as
important from a broad perspective. Next, data is computed
regarding what the program is processing.

For local explanations, we provide output for individual
programmatic predictions on the factors of the model's
predictions.

In some cases, it is possible to tune various elements such
as parameters for the output result. Thus, we change the
parameters for calculating feature importance.

We then give an output explanation of how we value
features inside the Al model. We execute the process using
the parameter gain. Thus, we confirm the contribution of the
feature amount to the aspect of discrimination accuracy.

2) Phase 2: PDPbox

From Phase 1, we can understand the overlapping feature
amounts, however that is not sufficient for an adequate
explanation. Thus, in this phase, we verify what kind of
change occurs in the prediction result due to changes in the
feature amount. Here, we use a PDPbox library that outputs a
PDP. A PDPbox outputs changes in the prediction of the
model caused by any variable, such as a PDP or Individual
Conditional Expectation (ICE).

We show the output data using a Python-language program
(scikit learn), which allows us to use operators and biaxial
graphs. We also address supervised learning algorithms that
are compatible with them.

The PDP and ICE outputs of the PDPbox correspond only
to a combination of one and two variables. We provide both
PDP and ICE outputs.

Here, we show (a) the graph of the impact of a single
feature, and (b) the graph of the influence of the interaction
of two features.

We can specify a PDP in the program and draw a two-axis
graph within the range of standard deviation. We also specify
ICE and draw plots of results for each individual dataset in a
two-axis graph.

3) Phase 3: Skater, TreeSurrogate

We use Skater, a big-picture explanatory technique, to
understand the prediction judgment process, and thereby
generate a surrogate model of the decision tree.

Here, we review the internal structure of the surrogate
model and describe how the Al model grasps the rules of

judgment. Fundamentally, Skater is a framework for
interpreting various Al models. Skater’s explanatory
functions include:
1) Functions  for  providing  broad  pictures:
PartialDependence, Featurelmportance;
2) Functions  for  providing local pictures:

LimeTabularExplainer, Deeplnterpreter;
3) Functions for providing both broad and local pictures:
Bayesian Rule List Classifier (BRLC), TreeSurrogate.

We can also use Skater to implement other algorithms,
such as LIME, and improve the ability to interpret the model
by various approaches.

In the current study, we focus on applying TreeSurrogate.
We first use decision trees that have learned the prediction
results of the target model. We then approximate the tendency
of judgment and explain the output by Al. The model to be
described is one that performs learning discrimination of

DOI: http://dx.doi.org/10.24018/ejai.2022.1.3.14
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supervised Al. There is no dependency on the analysis target.
Thus, we can apply it to various algorithms.

For Skater, our general procedure is to generate a
functional description base, an interpretation, and a local
model, InMemoryModel. We combine these to explain the
output of Al.

We generate InMemoryModels by inputting a set of
predictive functions and data samples for the model to be
explained.

We use Skater to generate decision-tree surrogate models
for pre-trained light gradient boosting machine (LightGBM)
models.

I1l. RESULT

We performed the necessary operating verifications
concerning each function of the aforementioned system
factors and essential experimental results concerning WSs.

Generally, it is known that the output differs to some extent
depending on the calculation method of
PermutationImportance (Fig. 3-8). We found this to be the
case in our study as well.

For Fig. 3 and Fig. 4, we want to consider the feature
amounts that we place importance on from the perspective of
the accuracy of the classification of outputs. To this end, we
used gain, which is able to emphasize desired features such
as “Weight”, “SD of hoe (1% trial)”, etc.

We also used splits for the same purpose, however it could
not fairly indicate an important feature quantity in the
judgment. However, both gain and splits can be useful for
recognizing what decisions are being made within Al.

Here, we output the importance of the calculated feature
only with LightGBM and we compare this with the output of
ELI5. In the LightGBM model, the importance of the feature
amounts is calculated based on the sharpness and gain of the
decomposition. We can confirm them.

Hereafter, we describe the data shown in Fig. 6.

This is the calculation of Permutationlmportance that
actually performs the process of sorting data. This calculation
includes a random component.

For ELI5, the initial setting requires executing the
calculation five times. This data was produced accordingly.
We present the mean value of Permutationimportance. From
this data, we confirmed that the trend of
Permutationlmportance is similar for the training and
validation data. In other words, it can be seen that the trend
of the verification data is close to the trend of the training
data.

In this way, Permutationlmportance can be used for deep
analysis and understanding. Furthermore, future Al model
improvements may be based on this technique.

IV. DISCUSSION

In this study, we succeeded in visualizing to some extent
the importance of the feature amount (quantity) used for the
analysis with ELI5. As described, ELI5 supports a variety of
algorithms. However, the accuracy and stability of this may
be further improved as this is a new technical field.
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Fig. 3. Bar graph of importance values versus years of experience for the LightGBM model (gain parameter).
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Fig. 4. Bar graph of importance values versus years of experience for the LightGBM model (splits parameter).
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Fig. 5. Actual predictions for years of experience utilizing the LightGBM model.
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Fig. 6. Actual predictions for years of experience utilizing the LightGBM model.
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Fig. 7. Line graph of output data of PDP (ICE) for years of experience.

node #0, Age = 34.5, gini = 0.5
samples = 100.0 %
value = [0.47, 0.53], class = Inexperienced subject

7

True

el

node #1, SD of hoe (1st Trial)=0.83, gini = 0.229

samples = 41.5 %

value = [0.39, 0.61], class = Experienced subject

—
True
/

node #2, gini = 0.093
samples= 28.8 %
value = [0.191, 0.809], class = Experienced subject

N
False

S

node #9, gini = 0.447
samples = 58.5 %
value = [0.62, (.38], class = Inexperienced subject

-

.
False

a

node #6, gini = 0.136
samples = 12.7 %
value = [0.742, 0.258], class = Inexperienced subject

Fig. 8. Block chart formed by a decision-tree generated from surrogate-model-based analyses using Skater.
(Accuracy of surrogate-model=0.85)

By changing the parameters for calculating
Featurelmportance, we were able to confirm the importance
of the feature amount and related changes within the Al
models.

Additionally, we were able to visually confirm feature
quantities and how they impact discrimination accuracy from
the execution result for the parameter gain. We confirmed the
technique can handle models that do not have a visualization
function for importance.

Using PDPbox (Fig. 7), we visually confirmed that the
predicted probability of PDP for feature “Subjects’ years of
experience” changes as years of experience. increases. We
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also presented ICE in plotted data under the conditions of
individual data.

We also showed the effect of changes of the feature amount
on the resulting data in two types of planar graphs,
InformationPlots and PDPs. Furthermore, we were able to
identify changes in characteristics that occur only under
certain conditions using only some data. Regarding the target
data of this study, PDPbox is an effective tool for practically
observing the relationship between the Al model and the
feature amount in detail.
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V. CONCLUSION AND FUTURE TASKS

We verified the fundamental operations of explainable
artificial intelligence (XAI) techniques (ELI5, PDPbox, and
Skater) by utilizing our diverse, pre-obtained agricultural
(agri-) worker data from WSs and questionnaires.

First, we developed several basic steps of the
aforementioned XAl-based systems and methods, especially
with consideration for the fusion of agri-informatics,
statistics, and human dynamics. Second, we obtained,
checked, and discussed various promising XAl data.

In future, other recent methodologies of human dynamics
and data analysis (e.g., higher mathematics) should be
incorporated. Further exploration of “skill tradition” and agri-
worker daily tasks would be very useful.

We also believe that the overall results and outcomes
demonstrate that the measure of precision for diagnosing
agri-critical situations (e.g., heavy diseases, injuries) can be
improved. From the perspective of global agricultural
dynamics, we have some plans to launch to other countries.

These trials have certainly been challenging so far;
however, they will comprehensively contribute to agri-
industries and workers.

ACKNOWLEDGMENT

Our heartfelt appreciation goes to the members of Mitsui
Fudosan Co., Ltd., Kashiwano-Ha Farm Inc., Kashiwa-shi,
National Agriculture and Food Research Organization
(NARO, Tsukuba-shi, Japan), and The University of Tokyo
who provided considered support, feedback, and comments.
We would also like to thank Uni-edit (https://uni-edit.net/) for
editing and proofreading this manuscript.

REFERENCES

[1] Hariharan S, Rejimol Robinson, RR, Prasad RR, Thomas C,
Balakrishnan N. XAl for intrusion detection system: comparing
explanations based on global and local scope. Journal of Computer
Virology and Hacking Techniques. 2022; 1-23.

[2] Klosok M, Chlebus M. Towards better understanding of complex
machine learning models using explainable artificial intelligence
(XAl): Case of credit scoring modelling. University of Warsaw, Faculty
of Economic Sciences; 2020.

[3] Agarwal N, Das S. Interpretable machine learning tools: a survey.
Proceedings of 2020 IEEE Symposium Series on Computational
Intelligence (SSCI). 2020; 1528-1534.

[4] Das A, Rad P. Opportunities and challenges in explainable artificial
intelligence (XAI): A survey. ArXiv preprint arXiv:2006. 2020; 11371.

[5] Vollert S, Atzmueller M, Theissler A. Interpretable machine learning:
A brief survey from the predictive maintenance perspective.
Proceedings of 26th IEEE international conference on emerging
technologies and factory automation (ETFA). 2021; 1-8.

[6] Islam SR, Eberle W, Ghafoor SK, Ahmed M. Explainable artificial
intelligence approaches: A survey. arXiv preprint arXiv:2101.09429.
2021.

[7] Dindorf C, Konradi J, Wolf C, Taetz B, Bleser G, Huthwelker J,
Frohlich M. Classification and automated interpretation of spinal
posture data using a pathology-independent classifier and explainable
artificial intelligence (Xai). Sensors. 2021; 21(18): 23-63.

[8] Galhotra S, Pradhan R, Salimi B. Explaining black-box algorithms
using probabilistic contrastive counterfactuals. Proceedings of the
2021 International Conference on Management of Data, pp. 577-590,
2021.

[9] Bicker M, Szepannek G, Gosiewska A, Biecek P. Transparency,
auditability, and explainability of machine learning models in credit
scoring. Journal of the Operational Research Society. 2022; 73(1): 70—
90.

DOI: http://dx.doi.org/10.24018/ejai.2022.1.3.14

RESEARCH ARTICLE

[10] Goodwin NL, Nilsson SR, Choong JJ, Golden SA. Toward the
explainability, transparency, and universality of machine learning for
behavioral classification in neuroscience. Current Opinion in
Neurobiology. 2022; 73: 102544.

[11] Ferreira LA, Guimarées FG, Silva R. Applying genetic programming
to improve interpretability in machine learning models. Proceedings of
2020 IEEE congress on evolutionary computation (CEC), pp. 1-8,
2020.

[12] Linardatos P, Papastefanopoulos V, Kotsiantis S. Explainable ai: A
review of machine learning interpretability methods. Entropy. 2020;
23(1), 18: 1-45.

[13] Li XH, Cao CC, ShiY, Bai W, Gao H, Qiu L, Chen L. A survey of data-
driven and knowledge-aware explainable ai. IEEE Transactions on
Knowledge and Data Engineering. 2020; 34(1): 29-49.

[14] Saeed W, Omlin C. Explainable ai (xai): A systematic meta-survey of
current challenges and future opportunities. ArXiv preprint
arXiv:2111.06420. 2021.

[15] Duval A. Explainable artificial intelligence (XAl). MA4K9 Scholarly
Report, Mathematics Institute, The University of Warwick. 2019; 1-53.

[16] Lai V, Chen C, Liao QV, Smith-Renner A, Tan C. Towards a science
of human-ai decision making: a survey of empirical studies. ArXiv
preprint arXiv:2112.11471. 2021.

[17] 1TEhSharma S, Jagyasi B, Raval J, Patil P. AgriAcT: Agricultural
Activity Training using multimedia and wearable sensing. Proceedings
of 2015 IEEE International Conference on Pervasive Computing and
Communication Workshops (PerCom Workshops). 2015; 439-444.

[18] Patil PA, Jagyasi BG, Raval J, Warke N, Vaidya PP. Design and
development of wearable sensor textile for precision agriculture.
Proceedings of IEEE 7th International Conference on Communication
Systems and Networks (COMSNETS), pp. 1-6, 2015.

[19] Kawakura S, Shibasaki R. Supporting systems for agricultural workers’
skill and security. Proceedings of Asian Association on Remote Sensing
/ ACRS / AARS 2013, pp. 71-77, 2013.

[20] Bao L. Physical Activity Recognition from Acceleration Data under
Semi-Naturalistic Conditions. Master thesis at Massachusetts Institute
of Technology, Boston. unpublished officially; 2003.

[21] Karim F, Karim F. Monitoring system using web of things in precision
agriculture. Procedia Computer Science. 2017; 110: 402-409.

[22] Pandey A, Tiwary P, Kumar S, Das SK. A hybrid classifier approach
to multivariate sensor data for climate smart agriculture cyber-physical
systems. Proceedings of the 20th International Conference on
Distributed Computing and Networking, pp. 337-341, 2019.

[23] Wang CH, Liu CY, Pan PN, Pan HR. Research into the E-learning
model of agriculture technology companies: Analysis by deep learning.
Agronomy. 2019; 9(2), 83: 1-16.

[24] Vigoroso LF, Caffaro C, Micheletti M, Cavallo E. Innovating
Occupational Safety Training: A Scoping Review on Digital Games
and Possible Applications in Agriculture. International Journal of
Environmental Research and Public Health. 2021; 18(4): 18-68.

[25] Nnaji C, Okpala I, Awolusi I. Wearable sensing devices: Potential
impact & current use for incident prevention. Professional Safety.
2020; 65(4): 16-24.

[26] Taylor JET, Taylor GW. Artificial cognition: How experimental
psychology can help generate explainable artificial intelligence.
Psychonomic Bulletin & Review. 2021; 28(2): 454-475.

[27] Anagnostis A, Benos L, Tsaopoulos D, Tagarakis A, Tsolakis N,
Bochtis D. Human Activity Recognition through Recurrent Neural
Networks for Human-Robot Interaction in Agriculture. Applied
Sciences. 2021; 11(5): 2188-2207.

Shinji Kawakura is born in Toyama Pref., Japan.
on July 14, 1978. He has Ph.D. in
Environmentology, University of Tokyo, 2015,
Bunkyo-ku, Tokyo, Japan. B.A. in Control
System  Engineering, Tokyo Institute of
Technology, 2003, Meguro-ku, Tokyo, Japan.
M.A. in Human-Factor Engineering, Tokyo
Institute of Technology, 2005, Meguro-ku, Tokyo,
Japan.

His career: Systems engineering, research for private companies.
Development and verification of sensing systems for outdoor agricultural
workers.

Dr. Kawakura, Research Center for Artificial Photosynthesis (ReCAP) at
Osaka City University/Osaka City, Osaka, Japan. IEEE senior member,
Hong Kong Chemical, Biological & Environmental Engineering Society
(HKCBEES) senior member.

Vol 1 | Issue 3 | December 2022



RESEARCH ARTICLE

European Journal of Artificial Intelligence and Machine Learning
Www.ej-ai.org

Masayuki Hirafuji Place of birth: Kawasaki-shi,
Kanagawa Pref. Japan. Date of birth: Oct. 29, 1956.
Dr. in Agriculture, the University of Tokyo, 1983,
Bunkyo-ku, Tokyo, Japan. B.A in Agriculture, the
University of Tokyo, 1981, Bunkyo-ku, Tokyo,
Japan. M.A. in Agriculture, the University of
Tokyo, 1979, Bunkyo-ku, Tokyo, Japan.

Career: National Agriculture and Food Research
Organization (NARO), The University of Tokyo.
Dr. Hirafuji, Project Professor at Field Phenomics Research Laboratory,
Bunkyo-ku, Tokyo, Japan.

ol
-

v
4

Seishi Ninomiya Place of birth: Tokyo, Japan. He
is currently a Project Professor with the Graduate
School of Agricultural and Life Science, The
e‘ University of Tokyo, and a Visiting Professor with
the Plant Phenomics Research Center, Nanjing
:$ Agricultural University, Nanjing, China. His
( y research interests include agro-informatics,
statistics, breeding science, and plant phenomics.
Dr. Ninomiya, Project Professor at Graduate
School of Agricultural and Life Science, The
University of Tokyo, and a Visiting Professor, Bunkyo-ku, Tokyo, Japan.

T
/

Ryosuke Shibasaki Place of birth: Fukuoka. Pref.
Japan. Date of birth: March 1, 1958. Dr. in
Engineering, the University of Tokyo, 1987,
Bunkyo-ku, Tokyo, Japan. B.A in Engineering,
the University of Tokyo, 1980, Bunkyo-ku,
Tokyo, Japan. M.A. in Engineering, the
University of Tokyo, 1982, Bunkyo-ku, Tokyo,
Japan.

Career: Professor at the Center for Spatial
Information Science, University of Tokyo.

Dr. Shibasaki, Center for Spatial Information Science (CSIS), The
University of Tokyo, Meguro-ku, Tokyo, Japan, and Department of Socio-
Cultural and Socio-Physical Environmental Studies, The University of
Tokyo/Kashiwa-shi, Chiba, Japan.

DOI: http://dx.doi.org/10.24018/ejai.2022.1.3.14 Vol 1 | Issue 3 | December 2022



