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Abstract

While neural network systems for temperature
estimation have been based on an enormous number
of nodes and connections and have provided accurate
predictions, they are too large to implement in
cheaper Internet of Things (IoT) systems. To address
this, our previous work proposed combining a small
neural network with temperature attractor behavior.
Our small neural network mainly calculated stable
temperature predictions, with attractor behavior
detecting irregular temperatures. The results of our
yearly experiments in Japanese cities showed that this
method can accurately predict temperatures as well.
In this paper, meanwhile, we verified the scope of our
method’s application by performing additional
experiments in 12 cities worldwide. The results
endorse the usefulness of our method.

1. Introduction

The White Paper on Information and
Communications in Japan [1] states that the recent
years have seen Japanese society reach Society 5.0,
which highlighted the importance of systems that
highly integrate cyberspace and vast real-world data
(cyberphysical systems). Society 5.0 is the successor
to the information society (Society 4.0), the industrial
society (Society 3.0), the agrarian society (Society
2.0), and the hunter-gatherer society (Society 1.0).
Related keywords include “artificial intelligence,”
“loT,” “big-data analysis,” and “cloud computing.”

Smart grids, one of the goals of Society 5.0, are
being investigated in terms of their role in improving
energy  efficiency via  energy  distribution
optimization. They quantify the energy in power grids
and transmit power from surplus areas to demand
areas, which necessitates the prediction of power
consumption. However, challenges arise in such
predictions because power demand may increase or
decrease  depending on  highly correlated
environmental factors such as temperature. Therefore,
electricity demand estimation depends on maximum
temperature (i.e., electricity demand is considered the
maximum power consumption in any season). Hence,
the ability to predict hourly temperatures would
considerably reduce power consumption.
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Traditionally, scientists have based their daily
temperature approximations on simple statistical
methods and long-term computer simulations [2].
However, they have focused their predictions only on
maximum temperatures but not hourly temperatures,
as temperature is part of a complex system that
follows fluid dynamics.

Scholars have proposed several neural networks to
forecast the weather [3-10]. Maximum temperature—
related works are [3] and [6] while hourly
temperature—related studies include [4], [5], and [7].
Magsood et al. [4] proposed a 24-hour temperature
prediction method, but its neural networks required
large-scale memory and long learning times. Arun et
al. [5] presented an hourly temperature prediction
model but only calculated extremely short-term
relations between temperature and time at one-hour
intervals. Hayati et al. [7] created an hourly
temperature prediction method, but it performed
calculations at three-hour gaps. These show the lack
of a round-the-clock hourly prediction technique via a
small neural network that may be useful for small
local power companies.

Although studies have suggested several small-
scale neural networks, they only estimate maximum
and minimum temperatures [11]. Thus, to determine
the exact amount of electricity demand, predicting
temperature transitions over time is crucial.
Therefore, we proposed a small-scale neural network
for forecasting temperature variations. We applied
this system in five representative Japanese cities and
achieved high accuracy, with errors ranging from
1.62% to 3.24%, but a rather wide error variance
between cities.

In other fields, the stability of nonlinear systems
has been studied using stock analysis [12],
particularly range limitations of price movement, and
some unconventional attractors have been identified
that are known to affect price predictions [13]. These
researchers found similarities between attractor bursts
and the volatility clustering of empirical financial
time series [14], which make it possible to predict
rapid stock price changes by observing attractor
bursts.

Our previous work described a novel temperature
prediction method that combined a small neural
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network and attractor behaviors. Our small neural
network mainly predicted stable temperatures, and
our attractor behaviors detected temperature
fluctuations. The results of our yearly experiments in
five major Japanese cities showed that this method
can accurately predict temperatures in the country.
To verify our scope of application, we conducted
additional experiments in 12 cities worldwide, whose
further results validate the usefulness of our method.
The next section describes the literature on
temperature predictions and attractor behaviors.
Section 3 explains our proposed method, which
consists of a simple neural network and temperature
attractor burst detection. Section 4 shows the
experimental results of the relation between
temperature attractors over time and temperature
approximation errors. Section 5 concludes the paper.

2. Related work

2.1. Temperature estimation by
mathematical formulae

The Japan Meteorological Agency (IMA)
forecasts temperature and provides other information
based on numerical predictions and past observations.
Its forecasting calculations use neural networks,
Kalman filters, logistic regression, and multiple linear
regression (MLR). Before 1995, the JMA primarily
used MLR but could not change its forecast model
equation because MLR coefficients are fixed; if they
did change the equation model, their forecast
characteristics and accuracy would significantly
deteriorate. In addition, these predictive model
equations have certain drawbacks such as the use of
long-term weather data, which complicates the
reporting of annual and seasonal variations.
Therefore, the JMA recently introduced continuous
learning methods that accommodate improvements in
neural networks, Kalman filters, and numerical
prediction models to improve forecast accuracy.

2.2. Temperature estimation by neural
networks

Several scholars have proposed temperature
estimation techniques using neural network models to
reflect recent weather conditions. These mathematical
models represent neural connections in the brain,
where neurons are modeled as nodes (points) and
neural circuits as edges. Moreover, neural networks
have the advantage of linking unknown nonlinear
phenomena. Therefore, they can represent relations
between unformulated data of input and output
variables by tuning multiple variable coefficients.

Abhishek et al. [2] introduced a neural network
model to approximate the highest and lowest
temperatures of the day. Its structure consists of layer
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and node count as well as various transfer functions.
This model makes it possible to report data covering
long periods, such as annual and seasonal variations.
The researchers claimed that the model had an
accuracy of 0.211 deg? in mean square error (MSE)
when it was allowed to learn the daily maximum
temperature for a decade year at a specific Canadian
location.

In addition, Magsood et al. [4] constructed a
learning and evaluation model combining multiple
neural networks and using multiple parameters (e.g.,
temperature, humidity, and wind speed). They
asserted that hourly temperature variations can be
more accurately estimated through the mean of
multiple neural networks. However, the model’s
excessive number of nodes, connections, and
parameters result in long training and evaluation
times.

To the best of our knowledge, no studies have
evaluated hourly temperature transitions in small
neural networks. Therefore, we developed a method
to approximate hourly temperature changes in a small
neural network that may be useful for small local
contractors (e.g., agriculture and local power
companies) [15]. The method produces low errors
ranging from 1.62% to 3.24% in five representative
Japanese cities. Section 3 discusses the model in
detail.

2.3. Attractor behavior

Since temperature is a component of a complex
system, it is well-known for its tendency to obey
attractors. Hence, detecting the behavior of attractors
would lead to more accurate predictions. However,
since temperature transition is observed as a one-
dimensional phenomenon, we need a method to
transform it into three-dimensional transitions.

Iseri et al. [12] stated that an embedding theorem
is an important method associated with nonlinear time
series and chaos theory. They demonstrated that a
single measured variable x(n) = x(t, + nt) with ¢,
some starting time, and t sampling time, and its
delays provide an N-dimensional space that serves as
a proxy for the full multivariate state-space for the
observed system. The N-dimensional state vectors
X(t) are then defined as:

X(@) =[x(@),xt+1),,xt+(N-—D1)] (21)

where x(t) is a time series value at time t, 7 is a
suitable time delay (sampling time), and N is the
embedding dimension. This vector fully represents
nonlinear dynamics at a large enough N. The
embedding theorem guarantees that the time series of
any measurement contains full knowledge of the
behavior in a system and can be used to construct a
proxy for the full multivariate phase space. This
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requires state-space recognition at time delay = and
embedding dimension N.

They [12] used a one-dimension time series
x(tg), -+, x(t),++,x(t,) and extended it to a phase
type of an m-dimensional phase space:

X(to) x(¢) x(t,)
X(ty + 1) X(t, +1) . X(t, + 1)
X(t; +21) X(t, + 27)

X(ty + 27)

Xx(t, + (;n - D7)
(2.2)

X(ty + (‘;n - 1) X(t; + (1.71 -1D1)

where T = kAt(k = 1,2,--+) denotes delay time, and
a phase point of the phase space consists of every row
in equation (2.2). Each phase point X(¢t;) has m
weights, X (t;), X(t; + ©),+, X(t; + (m — 1)1).

Every phase point of the m-dimensional phase
space embodies a certain instantaneous state, and their
phase space trajectory consists of their link-line in
which the system state evolves with time. System
dynamics can then be studied in more phase space
dimensions. In this paper, we used this method to
generate attractors.

3. A tiny neural network and an attractor
3.1. Proposed neural network model

We proposed an extremely small neural network
model, called a tiny neural network, as a small-scale,

short-term  learning method for temperature
estimation [15].
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Figure 1. Tiny neural network for 24-hour
temperature estimation

The Figure 1 illustrates our proposed neural
network, which consists of two layers, an input layer
and a fully connected layer, where the nodes modeling
the neurons are stratified and connected. The input
layer has 24 x 2 nodes, with the observed hourly
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temperature data from Ti to T4 and the observed
pressure data from P; to P24 in a day. Each node has
its value, and the value of each edge is the weight. The
i-th output temperature node T"i is connected to all
input nodes from Ti to T24 and from P1 to P24 with
weighted edges. The i-th output pressure node P’ is
also connected to all input nodes from T; to T2 and
from P; to P24 with weighted edges.

Note that the input temperatures from -50 to 50
degrees [Celsius] and the input pressures from 900
hPa to 1100 hPa are both normalized from 0 to 1. The
teacher values are normalized similarly.

3.2. Estimation of the next 24-hour
temperature transition

The training of the proposed network model’s
weights is shown in pseudo-code in Figure. 2. Its input
consists of 24-hour temperature and pressure data for
several days as well as the initial values of the
network’s weight, and its output is the weight of the
trained network.

First, the 24-hour temperature and pressure data,
as inputs to the proposed network model, allows for
the calculation of the 24-hour output and the sum of
squared errors with the 24-hour data for the next day
(teacher data). The weights are adjusted via the
steepest-descent method so that the sum of the
squared errors becomes the minimum. The number of
training times is repeated, and then the number of
epoch times is repeated for several days as well. The
resulting weight is output as the trained network’s
weight. The neural network model harnesses the data
for a particular day and the weights of the trained
network to approximate both the temperature and
pressure for the next 24 hours.

This system requires the above training procedure
for each region where temperature and pressure are
measured.

Teaching procedure il

for(epoch times)|
for(input days){
Enter temperature and pressure data of a day
for(training times){
Calculate 24 hour output
Calculate the sum of the squared error
with 24 hour teach-data
Adjust the weights by the steepest descent method
to minimize the sum of the squared errors.

Figure 2. Tiny neural network training procedure
3.2. Attractor behavior

Studies have examined the stability of nonlinear
systems in stock analysis [12], specifically the range
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limitations of the price movement phenomenon, and
have observed some unconventional attractors. These
attractor shapes are known to influence price
predictions [13]. Researchers have also observed
similarities among the attractor bursts and volatility
clustering of empirical financial time series [14] (i.e.,
rapid changes in stock prices may be forecast by
observing attractor bursts). Therefore, we aimed to
improve temperature estimation accuracy by
reflecting attractor bursts of temperature in the
proposed neural network.

We assigned the three-dimensional point (x(t),
y(t), z(t)) with T, = v(t) (temperature at t-th o’clock)
as X(t). Let Twi = v(t+1) (temperature at t+1-th
o’clock) be y(t) and Tw» = v(t+2) (temperature at t+2-
th o’clock) be z(t) on the same day and embed the
other points the same way until 22-th o’clock. Figure.
3(a) and 3(b) show temperature transitions and their
corresponding attractors. The temperature transition
attractor consists of a three-dimensional phase space,
as shown in Figure 3(c).
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Figure. 3. Temperature attractors and their bursts

In our proposed method, we assumed that, if the
distance from one point to another in Figure. 3(c) is
longer than other distances, an anomaly can be
detected as a point in the vicinity, called a burst. To
detect this burst, we plotted the values of Equation
3.1, which calculates the distance between the points,
in Figure. 3(d), which indicates the presence of some
obviously longer distances. We can presume that
predictions are difficult at these locations. Therefore,
we thought that we could exclude these locations to
provide a stable estimate [17].

The difference d’ between the J-th day and J+1-th
day is the sum of the 22-hour Euclidean distance as in
equation (3.1).

&’ =
2, i/(xf“(t) =) + (O -y ©) + (20 -7 0)
(1)

where x(t) = v(t), y(@&) = v(t+ 1), z(t) = v(t +2)

The Figure 3(d) shows relatively violent bursts of
the attractor in Figure. 3(c). These bursts are parts of
an attractor where irregular oscillations occur amid
regular ones from time to time.

Accuracy detection by attractor behavior

Stepl. calculate A(t) and A(t+dt)
Step?2. calculate distance d(t) = [A(t) - Alt+dt)|
Step3. if(d(t)> C)then alert the estimation

else show the estimation

Figure 4. Accuracy estimation by attractor behavior
4. Experiment
4.1. Purpose and data

To verify the estimation errors of the 24-hour
temperature and atmospheric pressure transition via

the proposed neural network model, analysis was
performed using hourly air temperature and
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atmospheric pressure data from various areas in
Japan, named dataset 1 [17].

Dataset 1 consists of the north and south of Japan,
such as Sapporo, Tokyo, Kyoto, Kochi, and Naha.
Data from 2009 to 2015 served as learning data while
data from 2016 were used as evaluation data. The data
employed by the JMA are available on their website.
We selected these cities because they are
geographically separate from one another in latitude;
therefore, they represent a wide range of climatic
conditions in Japan. The outline is shown below:

[Dataset 1 overview]

Learning data: hourly temperature and pressure
from 2009 to 2015.

Evaluation data: hourly temperature and pressure in
2016.

Data locations: Sapporo, Tokyo, Kyoto, Kochi,
Naha.

Data source: JMA (downloaded on October 31,
2019).

In this paper, to verify the scope of our method’s
application, we performed additional experiments in
the same five cities in Japan and seven other cities in
the United States, Canada, and Israel, named datasets
2 and 3, respectively.

Dataset 2 consists of the same cities in dataset 1.
Data from 2012 to 2018 served as learning data, and
data from 2019 were used as evaluation data. The data
employed by the JMA can be accessed from their
website. We selected the same cities because we
intended to compare datasets 1 and 2. Below is the
outline.

[Dataset 2 overview]

Learning data: hourly temperature and pressure
from 2012 to 2018.

Evaluation data: hourly temperature and pressure in
2019.

Data locations: Sapporo, Tokyo, Kyoto, Kochi,
Naha.

Data source: JMA (downloaded on December 10,
2020).

Dataset 3 is composed of the northern and
southern United States (Seattle, New York, Atlanta,
and Miami), Canada (Toronto), and Israel (Jerusalem
and Eilat). Data from 2013 to 2015 served as learning
data while data from 2016 were used as evaluation
data. The hourly weather data for 30 U.S. and
Canadian cities and 6 Israeli cities [16] are available
online. Dataset 3 was also selected for the cities’
geographical separation in terms of latitude. The
outline is shown as follows.

[Dataset 3 overview]

Learning data: hourly temperature and pressure
from 2013 to 2015.

Evaluation data: hourly temperature and pressure in
2016.
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Data locations: Seattle (USA), Toronto (Canada),
New York (USA), Atlanta (USA), Jerusalem
(Israel), Eilat (Israel), and Miami (USA).

Data source: Hourly weather data for 30 U.S. and
Canadian cities and 6 Israeli cities. [16]

4.2. Experimental conditions

Here are the experimental conditions of our neural
network model:

e The epoch is 100 times, and the training is 100
times per 1-day, 24-hour data.

e The initial learning rates of training are 107!,
102,103,104, and 107, and the reduction rates

per epoch iteration are 109%!, 10092 and 10-
0.03

e The neuron activation function is Rectified
Linear Unit (ReLU).

Learning was conducted by gradually updating the
connection weights with the learning rate per training
time and repeating it several times per day. The
learning rate dropped with the reduction rate per
epoch time, which was repeated several times over the
entire training data.

The activation function was used to calculate the
node output. ReLU was employed in this two-
dimensional, connection-limited neural network
model. The 24 x 2 nodes of the fully connected layer
were compared with those of a teach layer, whose
temperatures from -50 to 50 degrees [Celsius] and
pressures from 900 hPa to 1100 hPa were both
normalized from O to 1.

4.3. Results for Japanese cities in 2016 and
2019

The learning and epoch iteration numbers were
both fixed at 100. The initial learning rate and its
reduction rate per epoch iteration are 10 and 109,
respectively, which are the best parameters for Kochi
temperature estimation.

We estimated the next day temperature transition
from the previous-day temperature transition in 2016
using dataset 1 in five Japanese cities—Sapporo,
Tokyo, Kyoto, Kochi, and Naha. The learning period
was seven years. And also approximated the next day
temperature transition from the previous-day
temperature transition in 2019 using dataset 2 in the
same five cities in Japan. The learning period was also
seven years.

Table 1 shows the mean absolute percentage errors
(MAPES) between the observed and estimated 24-
hour next day temperature transitions over 365 days,
one for 2016 and one for 2019. It displays the errors
for Sapporo, Tokyo, Kyoto, Kochi, and Naha in 2016
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(3.24%, 2.80%, 2.64%, 2.27%, and 1.62%,
respectively) and 2019 (3.46%, 2.86%, 2.55%, 2.29%,
and 1.55%, respectively).

Table 1. MAPEs (%) of the 24-hour temperature
transitions in five Japanese cities in 2016 and 2019

Cityies 2016 2019
Sapporo 3.24 3.46
Tokyo 2.8 2.86
Kyoto 2.64 2.55
Kochi 2.27 2.29
Naha 1.62 1.55

The worst MAPEs in 2016 (3.24%) and 2019
(3.46%) in our hourly temperature estimations are
comparable with literature findings (3.2%) [7], where
the interval time is three hours. The MAPEs in 2019
are comparable with those in 2016; hence, we believe
that our model can be used in different years in Japan.

4.4. Results for seven cities in three other
countries

We fixed both the learning and epoch iteration
numbers at 100. The initial learning rate and its
reduction rate per epoch iteration are 10- and 109,
respectively; they are the best parameters for Kochi
temperature estimation. And estimated the next day
temperature transition from the previous-day
temperature transition in 2016 in seven cities in the
United States (Seattle, New York, Atlanta, and
Miami), Canada (Toronto), and Israel (Jerusalem and
Eilat). The learning period was three years.

Table 2. MAPEs (%) of 24-hour temperature
transitions in seven cities in three countries in 2016

Cityies 2016
Seattle(USA) 2.88
Toronto(Canada) 4.33
New York(USA) 3.35
Atlanta(USA) 4.54
Jerusalem(Israel) 2.31
Eilat(Israel) 2.88
Miami(USA) 3.18

Table 2 shows the MAPEs between the observed
and approximated 24-hour next day temperature
transitions for 365 days in 2016. Table 2 displays the
errors in that year for Seattle, Toronto, New York,
Atlanta, Jerusalem, Eilat, and Miami (2.88%, 4.33%,
3.35%, 4.54%, 2.31%, 2.88%, and 3.18%,
respectively).

The results are slightly worse than those in Japan,
which may be due to geographical factors or the
shorter learning period.
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4.5. Neural network evaluation error and
attractor difference comparison

Figure. 5(a)—(e) plot the comparisons between
estimation errors by our neural networks and the
attractor bursts in Sapporo (Hokkaido), Tokyo
(Kanto), Kyoto (Kinki), Kochi (Shikoku), and Naha
(Okinawa) in 2016. The dotted squares in each figure
are the dates of the larger estimation errors and
attractor differences (i.e., burst points). These points
show a clear correlation with each other.

Figure. 6(a)—(c) show the comparison plots for the
estimation errors by our neural networks and the
attractor bursts in Toronto, Eilat, and Miami in 2016.
The dotted squares in each figure indicate the dates of
the larger estimation errors and attractor differences
(i.e., burst points). These points also show clear
correlations with each other except Toronto.

Thus, if we avoid approximating at the attractor
burst dates, we can estimate a temperature transition
much more accurately. Therefore, we have proposed
an algorithm, shown in Figure. 4. Nevertheless, it was
difficult to explain why Toronto’s estimation errors
and attractor bursts are not correlated with each other.
Furthermore, estimating a specific burst date also
remained a challenge. One possible solution may be
to use a tiny neural network to estimate burst dates by
training the attractors.

NN Estimation Errors(Sapporo 2016)
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NN Estimation Errors(Kochi 2016)

NN Estimation Errors(Tokyo 2016)

S s e

0.14
0.12

0.1
0.08

————————

400

50 300

2

00

2

Differences(Kochi 2016)

400

250

150

[ A Sy e ————
=

Fehm—— =

e e e s e s s

e

50 300 350 400

2

200

100 150 200 50 300 350 400

50

(d) Comparison between estimation errors and

(b) Comparison between estimation errors and

attractor bursts in Kochi

attractor bursts in Tokyo

NN Estimation Errors(Naha 2016)

NN Estimation Errors(Kyoto 2016)

400

| S S S S IR Y — —
=

300

200 50
rences(Naha 2016)

P g - A A

Lt

1||||||| ||||||||||||||
- - T
Q
5 @
A=
<
A S S N S A .

2 85 883 8383¢8 238 -° g 2 8 8 8 8
o O O o O O oo o o MmN N e

o

"
-

6)

g

%

(o]

ences(Kyot

1 9]
i e i e e e
- =]
“
=]
=
—— llml.lﬂ.lll.lll.ll.l
—||||||||| T ——— -
k=]
<

e et et e e e e e

—— —————— — — -
- — - -

—————————————— - -
=)

o 8 2 8 8 8 B 8

T m M NN o= =

50

~ - 0 @ < o
— S =1 S 2= =]
(=1 o = o =1

400

350

300

50

400

350

3

250

100 150 2

50

(e) Comparison between estimation errors and

(c) Comparison between estimation errors and

attractor bursts in Naha

attractor bursts in Kyoto

Figure 5. Comparisons between estimation errors and attractor bursts in Japanese cities

1084

DOI: 10.20533/ijicr.2042.4655.2021.0131

Copyright © 2021, Infonomics Society



International Journal of Intelligent Computing Research (IJICR), Volume 12, Issue 1, 2021

0.09
008
0.07
0.06
0.05
0.04
003
0.02
001

0.00

Copyright © 2021, Infonomics Society

o

(@)

(b)

e |

e

NN Estimation Errors(Toronto 2016)

100 150 200 250 300 350 400

Attractor Differences(Toronto 2016)

Comparison between estimation errors and
attractor bursts in Toronto

NN Estimation Errors(Eilat 2016)

ey
HiE
HIAL

el

————————— i, ———
=)

—————————— ———— -

250 300 350 400

ifferdnges(Eilat 2016)

————————— i —————

s g gy Y~ JRR

Comparison between estimation errors and
attractor bursts in Eilat

DOI: 10.20533/ijicr.2042.4655.2021.0131

NN Estimation Errors(Miami 2016)

0.14

TR -
I}I:l:l: '}
01z H ] | | ]
Pttty !
o,mlll:l:ll 1:
IHIHEEE 1
oos g1 1 ]
I byl !
0.06 ::I' |=
1! 1
0.04 11 I:
[
0.02
B I
P Uy U 1!
O'Doll Illl 1
0 I IED' "’.)G IlSD 200 250 300 35[! I 400
Palbala by 1y
| - - R | 1
1 : 1 :ﬁttriiclorllDifferences(Miami 2016) 1 :
1y 1
35"|=|=l=|: |=
[N 1
o gt bp bl 1!
ot !g! il
250 I g0 1 1 1
EE TR 1
gl !
200 1! g1 i1
|| ||| ||
150 || ||| .l
llll II
100 Lyt l:
1
1

50

(c) Comparison between estimation errors and
attractor bursts in Miami

Figure 6. Comparisons between estimation errors
and attractor bursts in Canada, Israel, and United States

5. Conclusion

In our previous work, we proposed a method for
improving neural network estimation accuracy using
attractor behavior. While existing neural network
models mainly aim for accurate estimations of
temperature transitions, we have focused on
incorporating the attractor bursts of these transitions,
finding strong correlations between estimation errors
and attractor bursts. Our new method, which
combines a simple neural network and temperature
attractor behaviors, managed to predict accurate
temperatures in Japan.

To confirm our method’s scope of application, we
performed additional experiments in five cities in
Japan in 2019 and in seven cities in the United States,
Canada, and Israel in 2016. The Japanese cities’
MAPEs in 2019 were comparable with their MAPES
in 2016, but the MAPEs of seven cities outside Japan
were slightly worse than those in Japan. These results
validated the usefulness of our method. We plotted the
comparisons between estimation errors and attractor
bursts for Toronto, Eilat, and Miami in Canada, Israel,
and the United States, respectively, in 2016, and found
clear correlations between estimation errors and
attractor bursts except for Toronto.

However, one challenge in our future work would
be to explain the lack of correlation between the
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estimation errors and attractor bursts in Toronto.
Approximating specific burst dates remains a
challenge as well, but attractor training may be one
possible solution to this.
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