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industries. However, since the development of hardware
robots is more mature than the software part, it is
necessary to predict development demand through
predictive modeling. This will determine if there is
sustainable development. We analyze the patent
document as a time series model [5]-[8]. A patent is a
document containing the contents of a developed
technology. Therefore, the application characteristics of
industrial robot patents are analyzed from a time series
perspective to predict development characteristics.

Abstract—Technology changes with the times. It is difficult
to predict, as technology develops under the influence of
several factors. We analyze the technology by carrying out
the patent from a time series perspective. The study consists
of two phases. In the first phase, time series models detect
the trend, cycle, and seasonality of the technology. Next
phase performs to predict the importance of term. In order
to confirm the practical applicability of the proposed
method, 2,268 industrial robot patents were collected and
tested. As a result, it was found that technologies beyond the
dual control based on carbon materials among industrial
robots will continue to develop.

II.

Index Terms—robot, patent analysis, time series, predictive
modeling

Time series data is divided into trend, cycle, seasonal
variations, and random fluctuation. A trend is a change in
the observed value that increases of decreases over time.
A cycle, also called periodic, refers to fluctuations that
are long and not seasonal. Seasonality is fluctuations
caused by certain periodic factors, such as daily, weekly,
monthly or quarterly. Random fluctuation is factor that is
not explained by trend, cycle, or seasonality.



I.

INTRODUCTION

The global technology market is rapidly changing due
to the Fourth Industrial Revolution. Robots are one of the
representative technologies that are in the spotlight
recently [1]-[4]. Robots are technologies that require
expertise in multiple fields such as machinery,
information and communication. The initial purpose of
robot was to perform human task instead recently, it is
used for various industry area. In addition, robots, like
drones, are being formed and developed into new
industry area. This transforms the industry from laborintensive to automated smarts. Robots are often used in
manufacturing. Industrial robots are specialized in simple
repetitive tasks. Industrial robots have the advantages of
high precision, low defect rate and sustainable operation.
It is therefore preferred as a substitute for human labor.
Determining whether a robot is developed from a
national, corporate, research, or school perspective is
very important. Because the technology of the robot
proceeds in various forms.
Robot development is largely divided into hardware
and software. Therefore, it is important to predict the
development trend of these various types of robots. This
study predicts the development trend of industrial robot
through time series analysis. Industrial robot is a
technology that requires delicate work with high
precision and reliability. Industrial robot needs more
hardware development than robots used in other


A. Time Series Models
A time series model is that predicts observations over
time in time t periods. Representative this includes Binary
Variable Model (BVM), Trigonometric Model (TrigM),
and AutoRegressive Integrated Moving Average
(ARIMA) [9]-[13]. BVM converts time series factors into
binary variables and applies them to the regression model.
BVM with a monthly cycle contains 12 variables. The
first variable is for a time period and has a sequential
value of 1, 2, ..., t. The remaining 11 variables are binary
variables by month. For example, an observation for
January has 11 variables {1, 0, 0, ..., 0}. In February it is
{0, 1, 0, ..., 0} and in November it is {0, 0, ..., 1}.
December is when all values are zero. TrigM constructs
time series data using the sin and cos functions with
periods. Equation (1) below shows the model of TrigM
with 4 regression coefficients. β is the regression
coefficient. t is the time index. Iπ is the factor for the
period of the trigonometric function and L is the period of
time such as 12 or 24. ε is the error term.

2πt
2πt
) + β3 cos(
) + εt
(1)
L
L
ARIMA is created by combining the AR
(AutoRegressive) model and the MA (Moving Average)
yt = β1t + β2 sin(
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model. The ARMA (p, q) model that combines the AR
model and the MA model is shown in Equation (2). Aφ
and θ are factors for AR and MA. ε is the error term.
p

q

i =1

j =1

yt = φ0 + ∑φi yt -i + εt + ∑ θ j εt - j

(2)

The ARIMA model is the addition of differencing in
ARMA. Differencing is performed by equation (3). That
is, diff (d) is a value obtained by subtracting the value at
time t and the value before t-d.

diff (d ) : Yt = ∇(d ) X i

(3)
Figure 2. Conceptual diagram of time-term matrix.

In this study, we use the traditional time series models
BVM, TrigM, and ARIMA model.
B. Ensemble Learning Model
Machine learning has a simple model with low
computational complexity and a complex model with
high computational complexity. The ensemble learning
model is a machine learning skill that leads to a high
generalization performance by repeating a number of
simple models [14]-[17]. Random Forest (RF) is one of
the representative ensemble learning model. RF learns by
repeating many simple decision tree models. RF is
generally known to have high generalization performance.
RF has the advantage of calculating the relative
importance between variables used in modeling.
III.

Next phase, the technique is analyzed using an
ensemble model. For ensemble modeling, the collected
patent documents are converted into a time-term matrix
for the patent applicant date. Fig. 2 is an example of a
Time-Term matrix. The Time-Term matrix covers all
documents belonging to a certain time. Therefore, the
row of the Time-Term matrix is always less than or equal
to that of the Document-Term matrix.
It is possible to detect and predict the trend and
seasonality of technology through framework, also to
calculate the importance of term.
IV.

EXPERIMENTS

In this chapter, experiments are conducted to confirm
the practical applicability of the proposed method. The
experiment proceeds with 2,268 patents on industrial
robots applicated in 2000 at the United States.
Experiments predict the future industrial robots and
identify important terms.

PROPOSED METHODOLOGY

In this paper, we propose a technology analysis
framework using a time series model and an ensemble
model. As shown in Fig. 1, proposed method is
performed.

Figure 1. Flowchart of proposed methodology.

First, patent documents are collected from the DB.
And data preprocessing is conducted, such as variable
conversion and differencing. Modeling proceeds in two
phases. In the first phase, time series models such as
BVM, TrigM, and ARIMA are used to detect trend and
seasonality of the technology. The time series model can
then be used to predict the trend and seasonality of a
given technology.
Figure 3. Prediction of time series models.
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The experiment proceeds in the order of BVM, TrigM,
ARIMA, and RF. As a result of decomposition, industrial
robots have a slightly upward trend, and certain
seasonality is observed. Now, time series and ensemble
models are used to detect and predict each factor. To
compare the generalized prediction performance, the data
was split as training data until 2014 and the test data
afterwards. MAPE (Mean Absolute Percentage Error)
was used as the performance index.
As shown in Fig. 3, prediction was performed using
BVM, TrigM and ARIMA. The upper direction of the
figure is predicted using BVM, the middle position is
TrigM, and lower position is ARIMA. BVM and TrigM
were able to detect the application trend and cycle of
industrial robots. ARIMA performed log transformation.
At the bottom of Fig. 3 is the result of ARIMA. ARIMA
made it possible to detect the trend of patent applications
for industrial robots.
The TF-IDF value is an indicator that weights words
that appear a lot in a particular document [18]-[20]. Using
the TF-IDF value can reduce the weight of words such as
system, which occur frequently in patent documents. We
used a TF-IDF based Time-Term matrix for RF.
The following uses words from the patent documents
collected to use Time-Term matrix. Text mining
techniques were used to preprocess and collect words.
Time-Term matrix used for the prediction is 644
dimensions (terms). The frequency of the words used in
the Time-Term matrix.
The Fig. 4 below shows the RF predictions. RF
predicted the number of patent applications using the
Time-Term matrix. As a result of the prediction using RF,
it was confirmed that the application cycle and scale of
the industrial robot were detected. The number of trees of
RF used for prediction is 100. As in the other pictures, the
solid black line is an observation. The dotted red line is
the predicted result.

As can be seen from the data in Table I, the best
prediction model is RF. MAPE value of RF is 24.9740.
The most predictive model of the time series was the
TrigM that value is 44.0900. The third model is ARIMA,
with a low MAPE of 61.7683. Finally, BVM had the
lowest performance, but the MAPE value was 89.2597.
The most influential terms were words commonly used
in general robots such as ‘configure’, ‘system’, ‘position’,
‘robot’, ‘portion’, and ‘provide’. The frequency of their
words was soaring. However, ‘couple’ and ‘plural’ were
high-level words in TF-IDF.
Except for general robot words, dual control related
words such as plural and couple had high influence in
industrial robot. And functional operators such as hole,
select, and clean are mainly derived. In terms of materials,
carbon was found to have a high impact [21]-[23].
V.

We proposed a framework for predicting techniques
using time series data. The purpose of the proposed
model is to detect trend, cycle, and seasonality of time
series data. For this, a traditional time series model was
used. In addition, an ensemble model was used to
improve prediction performance. In order to utilize the
ensemble model, a time-term matrix structure is proposed.
This is a matrix expressing the frequency of words in a
patent over time. It organizes the words in the document
in units of hours. In this process, it recognizes documents
as one in a single time.
Industrial robot patents were collected and tested to
confirm the practical applicability of the proposed
method. The experiment proceeds with 2,268 patents on
industrial robots applicated in 2000 at the United States.
As a result, it was possible to detect the trend and cycle of
industrial robot technology with time series models.
BVM and TrigM were suitable for detecting trends and
cycles in robot patents. In addition, ARIMA was able to
detect trends in robot patents. It is predicted that the
application of robot patents will continue to increase
through ARIMA.
In RF, it was possible to detect the cycle of industrial
robot technology. In addition, the RF model was able to
derive the relative importance of each term in the TimeTerm matrix. Except for general robot terminology, we
found that dual control and carbon material terminology
are important. Therefore, industrial robots need to
develop technology that can control more than dual based
on carbon materials.
So far, this study has proposed a model for technology
prediction. The proposed model was implemented
through a traditional time series model and an ensemble
model. As a result of implementation, the predictive
performance of the ensemble model was the best. And it
was excellent in the order of BVM, TrigM, and ARIMA.
In future research, it is necessary to develop the time
series prediction model for each term in the Time-Term
matrix and search for the emerging term. By combining
the results of this study, it will be possible to establish a
more precise technology development strategy.

Figure 4. Prediction of ARIMA and Random forest models.

TABLE I.

COMPARISON OF THE TEST MAPE BY MODEL

Model

MAPE (%)

Rank

BVM

89.2597

4

Trigonometric

44.0900

2

ARIMA

61.7683

3

Random Forest

24.9740

1
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