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Abstract. Along with the arrival of Industry 4.0 era, time series classifi-
cation (TSC) has attracted a lot of attention in the last decade. The high
dimensionality, high feature correlation and typically high levels of noise
that found in time series bring great challenges to TSC. Among TSC
algorithms, the 1NN classifier has been shown as effective and difficult
to beat. The core of the 1NN classifier is the distance function. The large
majority of TSC have concentrated on alternative distance functions. In
this paper, a two-dimensional (2D) transform based distance (2DTbD)
function is proposed. There are three steps in 2DTbD. Firstly, we convert
time series to 2D space by turning time series around the coordinate ori-
gin. Then we calculate distances of each dimension. Finally, we ensemble
distances in 2D space to get the final time series distance. Our distance
function raises the accuracy rate through the fusion of 2D information.
Experimental results demonstrate that the classification accuracy can be
improved by 2DTbD.

Keywords: Internet of Things - Data mining -
Time series classification - 2D transform - Distance function

1 Introduction

The Internet of things (IoT) is made up of small sensors and actuators embedded
in objects with internet access [20]. It plays a key role in solving challenges faced
in today’s society [22,34]. Usually, sensors in an IoT system collect data with
equal intervals. Data collection in an IoT system is time series data.

Time series is always considered as a whole instead of individual numerical
field. Time series has attracted significant interests in the data mining commu-
nity [30,40]. A time series analysis foresees tasks such as: indexing, representa-
tion, pattern discovery, clustering, classification, anomaly detection [13,15].
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As a fundamental research, time series classification (TSC) has been stud-
ied extensively. In TSC, an unlabeled time series is assigned to one of two or
more predefined classes. The high dimensionality, high feature correlation and
typically high levels of noise bring great challenges to TSC [21,23,39]. Now,
TSC arises in many real world fields [29], such as: electrocardiogram classifi-
cation, fault detection and identification of physical systems, automotive pre-
ventive diagnosis, gesture recognition, alarm interpretation of telecommunica-
tion networks, data sensor analysis, speaker identification and/or authentication,
aerospace health monitoring.

A lot of TSC algorithms have been proposed. Among TSC algorithms, the
INN classifier with dynamic time warping (DTW, [6]) has been shown as effective
and difficult to beat [5,12,36]. The core of the 1NN classifier is the distance
function. The large majority of TSC have concentrated on alternative distance
functions [1,3].

In this paper, a new distance function based on 2D transform is proposed.
This distance function raises the accuracy rate through the fusion of 2D infor-
mation. The contributions of this paper can be summarized as follows:

1. We introduce a 2D transform method for time series. The 2D transform
method can transform time series into a 2D space.

2. We propose a 2D transform based distance (2DTbD) function. The 2DTbD
function calculates distance between two time series using information after
2D transform.

3. We evaluate 2DTbD on 43 data sets from UCR Time Series Classification
Archive [9]. The experimental results show that our distance function is more
accurate.

The rest of this paper is structured as follows. Section 2 discusses some related
work on TSC. In Sect. 3, we describe how to classification time series using 1NN
classifier with 2DTbD, 2D transform is also given in this section. Experimental
results are presented in Sect. 4, and our conclusions are given in Sect. 5.

2 Related Work

In recent years, many new distance functions are proposed to measure similarity
between two time series [10]. These distance functions can be divided into two
categories: time domain distance functions and differential distance functions.

Suppose there are two time series, T and R of length m as (1) (2), the
distance d(T, R) between them can be measured by distance functions. Next,
we'll describe how to calculate distance d(T, R).

T:(tlatQa"'7tia"'7tm) (1)
R:(T17T27"',Ti,"',’f‘m) (2)
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2.1 Time Domain Distance Functions

2.1.1 Euclidean Distance Function

A benchmark distance function is Euclidean distance (EU, [14]). The function
of EU is described as (3). EU is only used to calculate the distance between two
time series whose lengths are equal [32]. It is sensitive to outliers.

m

> (i —ri)? 3)

i=1

dEU (Ta R) =

Base on EU, L, norm distance (L, norm, [37]) function is proposed. The
function of L, norm is described as (4). EU is a special case of L, norm when p
is 2. L, norm is also sensitive to outliers.

denorm (T7 R) =

2.1.2 Dynamic Time Warping Function

An other benchmark distance function is DTW. DTW is not sensitive to distor-
tions in time dimension. The function of DTW is described as (5), (6) and (7).
In (5), n is the length of T', m is the length of R. In (6) and (7), ¢ and j should
meet the conditions in (8).

dprw (T, R) = +/f(n,m) 5
f(laj) = (ti _f’j)2 —l—mm(f(z,j - 1)7f(7;_ 1a.j)’f(i— 1,5 — 1)) 6
f(0,0)=0, f(i,0) = f(0,j) = o0 7
0<i<n&l<j<m (8

—~ o~ o~
o — —

The time complexity of DTW is O(n?). By using some constraint techniques,
such as Sakoe-Chuba Band [31] and Itakura Parallelogram [18], the time com-
plexity of DTW can be reduced [19]. Some lower bounding functions are intro-
duced to speed up DTW, such as LB_Kim [26], LB_Yi [38], LB_Keogh [24]. Sal-
vador and Chan introduce FastDTW [33], which is an accurate approximation
of DTW that runs in linear time and space.

2.1.3 Other Time Domain Distance Functions

Besides EU and DTW, there are some alternative techniques taken from other
fields [3], such as edit distance with real penalty (ERP, [7]) and longest common
subsequence (LCSS, [11]). Marteau proposes the time warp edit (TWE) distance
[28]. TWE is an elastic distance metric, which includes characteristics from LCSS
and DTW. Stefan et al. propose the Move-Split-Merge (MSM) distance [35].
MSM is similar to other edit distance based distance function. MSM uses three
fundamental operations: Move, Split, and Merge. These operations can be used
to transform a time series into a target series.
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2.2 Differential Distance Functions

Usually, the differential distance functions base on the values in the time
domain and the difference domain. The first order differences of time series
T = (ty,ta, - ,t;, -+ ,ty) are calculated as (9).

tl':ti_ti-‘rlai:lvza'“vm_l (9)

7

2.2.1 Complexity Invariant Distance Function

Batista et al. propose complexity invariant distance (CID) [4]. CID uses the sum
of squares of the first differences as a measure of complexity. The function of
CID is described as (10), (11) and (12). In (10), d(T, R) can be EU or DTW. In
(11) and (12), t; and r; are calculated as (9).

max(CE(T),CE(R))

derp(T, R) = d(T, R) * min(CE(T),CE(R))

2.2.2 Derivative Distance Function

Goérecki and Luczak propose derivative distance (DD) [16]. DD uses a weighted
combination of raw time series and first order differences. The function of DD is
described as (13). In (13), T and R’ are the first order differences of time series
T and R, respectively. The values in 7" and R’ is calculated as (9). In (13),
the dist function for raw time series or first order differences is basic distance
function, such as EU, DTW.

dpp(T,R) = a*d(T,R)+ (1—a)«d(T,R) (0<a<1) (13)

2.2.3 Derivative Transform Distance Function

Based on derivatives and transforms of time series, Gérecki and Luczak propose
derivative transform distance (DTD) [17]. DTD is an extension of DD. The
function of DTD is described as (14).

dDTD(T7 R) = * d(T, R) + (1 — ) * d(f(T), f(R)) (O <a< 1) (14)

In (14), f(T) and f(R) are the transform of time series 7' and R, respec-
tively. In addition to first order differences, DTD can use cosine transform, sine
transform or Hilbert transform. For T = (¢1,--- ,t;,- -+ ,t,), the transform is
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represented as f(T) = (f(t1), -+, f(te), -+, f(tm)). For f(tx), cosine trans-
form, sine transform and Hilbert transform are calculated as (15), (16) and (17),
respectively.

feos (t) Zt % COS { % (z - ;) s (k — 1)} (15)
Foin(tr) Zt i sin U; (z—;> *k)] (16)

m

friwert (tr) Z

i=1,i#k

(17)

3 1NN Classifier with 2DTbD

We select the INN classifier with our distance function to classify time series.
As Fig. 1 shows, there are mainly two processes to classify one time series: (1)
2D transform and (2) classification.

Training

Dataset Representation

-ClaSSiﬁcaﬁo"

Time Series

T, 2D Transform

Fig. 1. Processes of classification based on 2D transform

3.1 2D Transform

Recently, many researchers convert the shapes into time series (read [5,8,25] for
detail). The distance from each point to the center of gravity is calculated as
value of time series. A demo of how convert a shape into time series is shown in
Fig. 2. This demo refers to [25].



548 C. Jiet al.
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Fig. 2. A demo of how convert a shape into time series

2D transform acts in a diametrically opposite way. 2D transform turns
time series around the coordinate origin. In this way, time series T
(t1y e stiye e

,tm) is converted into a 2D space. We use 2D representation
< XY > to represent T. The value z; in X = (z1, -+, &4 -+ ,Tpm) is cal-
culated as (18), the value y; in Y = (y1,- - , ¥4, -

(18) and (19), m is the length of time series T'.

,Ym ) is calculated as (19). I
2

x(7) :ti*cos{ T
m

« (i — 1)}
y(i) = t; * sin {2;” % (i — 1)} (19)

A demo of 2D transform is shown in Fig.3. In Fig. 3(a), there are two time
series, T1 and Ts. Figure3(b) shows 2D representation < X;,Y; > of 77 and
< X5,Ys > of Ts.

(18)

(a) Two time series, T1 and T»

(b) 2D representation for 71 and 1%

Fig. 3. A demo of 2D transform
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3.2 1NN Classifier with 2DTbD

After 2D transform, we use 1NN classifier with 2DTbD to classify the 2D repre-
sentation of time series. INN classifier for 2D representation is shown in Algo-
rithm 1. In Algorithm 1, we input 2D representation < X,Y > of time series
T and 2D representation of the training data set 2DTrain. We calculate the
dist between < X,Y > and every 2D representation in 2DTrain. We record the
minimum distance minDist and the corresponding class label Cr. Finally, the
class label Cr is return as the classification result.

Algorithm 1. INN classifier for 2D representation
Input: 2D representation of time series T: < X,Y >, 2D representation of training
data set: 2DTrain
Output: Class label of T: cr
1: meDist = +o0
2: for each (< X;,Y; >,¢;) in 2DT'rain do
3: diStZdQDTbD(< XY > < X,,Y; >);
if (dist < mizDist) then
minDist = dist

4

5

6: cT = ¢
7: end if

8: end for

9: return cr

In line 3 of Algorithm1, 2DTbD is calculated. Calculation processes for
2DTbD are shown in Fig.4. In Fig.4, there are two time series, T; and Tj.
The 2D representation of them are < Xj,Y; > and < Xj,Y; >, respectively. As
Fig. 4 shows, there are mainly two steps to calculate 2DTbD:

Step 1: Calculate distance of each dimension. Each dimension is viewed as a
new time series, we calculate d(X;, X;) in X dimension and d(Y;,Y;)
in Y dimension by time series distance function, such as EU, L, norm,
DTW, ERP, CID.

Step 2: Calculate 2DTbD by ensemble dimension distances. As (20) shows, we
use the means of d(X;, X;) in X dimension and d(Y;,Y;) in Y dimension
as the distance of time series.

d(Xiv Xj) + d(Yiv Y])
2

deprep (T, Tj) = (20)

4 Experiments

4.1 Experimental Setup

— Data sets. We performed experiments on 43 data sets from the UCR Time
Series Classification Archive [9]. We used the UCR Time Series Classification
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Fig. 4. Calculation processes for 2DTbD

Archive for two reasons [22,27]: (1) This archive has a large number of publicly
accessible data sets; (2) These data sets cover a wide range of domains, from
environmental monitoring to medical diagnosis.

— Evaluation criterion. We use error rate err as an evaluation criterion. The
err is calculated as (21). In (21), n is the number of time series in test data
set, Nnery 18 the number of time series which is divided into an error class. The
smaller err is, the better classifier effects.

ne'rr
err = — (21)

— Comparison distance functions. We select CID, ERP and DTW as com-
parison distance functions. CID is presentation for differential distance func-
tions. DTW and ERP is representant for time domain distance functions.
Aslo, DTW is a benchmark distance function for time series.

— Algorithm code. We implemented our algorithm based on code that is
freely accessible from an online repository [2]. In order to promote repro-
ducibility, our code and detailed results are open'. Our code is carried
out in Java using MyEclipse with JDK 1.8.

4.2 Contrast Experiments Between CID and 2DTbD¢p

When 2DTbD uses CID for each dimension, we call it 2DTbD¢p. In this sub-
section, we will contrast CID with 2DTbD¢rp. As (10) in Sect. 2.2.1 shows, CID
is based on EU or DTW, we call them CIDgy or CIDprw . Our distance func-

tion uses CID gy or CID prw for each dimension, then we get 2DTbD¢erpgry or

! Web page for our code: https://github.com/sdujicun/XY.
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Contrasting CIDgy with 2DTbDerpru
Table1 lists the classification error rates of 1NN classifier with CIDgy or
2DTbD¢rpry- The lower error rate for each data set is given in bold. As Table 1
shows, 1NN classifier with 2DTbD¢rpgy produced better accuracy on 26 data
sets, whereas 1NN classifier with CID gy was better on 10 and these two classi-
fiers tied on the other 7 data sets.
To show the differences better, the data in Table 1 is drawn in Fig. 5. In Fig. 5,
the points at the bottom left of the blue line indicate cases where 2DTbD¢rpru
achieves a lower error rate than CID gy. Most points is in the bottom left of the
blue line.

Table 1. The error rates of 1NN classifier with CIDgy or 2DTbDe¢rpeu

Data set CIDgy | 2DTbD¢erpey || Data set CIDgy |2DTbDerpEDEU
Adiac 0.371 |0.376 Lightning7 0.479 |0.411
Beef 0.367 |0.367 Mallat 0.078 0.074
Car 0.267 |0.267 Medicallmages |0.308 |0.301
CBF 0.018 |0.017 MoteStrain 0.248 0.221
Chlorine 0.355 0.351 NonThorax1l |0.160 |0.133
CinCECG 0.112 0.074 NonThorax2 |0.120 |0.108
Coffee 0.000 |0.000 OliveOil 0.133 0.133
CricketX 0.400 0.390 OSULeaf 0.413 0.430
CricketY 0.492 0.418 Plane 0.029 0.029
CricketZ 0.451 0.415 SonySurfacel |0.160 |0.180
DiatomSize 0.059 |0.062 SonySurface2 |0.114 |0.111
ECGFiveDays |0.246 |0.249 StarCurves 0.041 |0.053
FaceAll 0.287 0.221 SwedishLeaf 0.126 1 0.120
FaceFour 0.205 |0.250 Symbols 0.088 0.062
FacesUCR 0.266 |0.223 Synthetic 0.073 |0.067
FiftyWords 0.338 10.330 Trace 0.130 |0.110
Fish 0.217 |0.217 TwoLeadECG |0.229 |0.229
GunPoint 0.080 |0.073 TwoPatterns |0.157 |0.114
Haptics 0.562 |0.571 Wafer 0.008 |0.009
InlineSkate 0.615 |0.613 WordSyn 0.361 |0.354
ItalyPower 0.042 0.035 Yoga 0.165 |0.168
Lightning2  0.328 |0.213

The results in Table 1 and Fig. 5 demonstrate that 2DTbD¢;p gy works bet-
ter than CIDgy.

4.2.2 COIltI‘aStil’lg CIDDTW with 2DTbDCIDDTW
Table 2 lists the classification error rates of 1NN classifier with CIDprw or
2DTbDerpprw. The lower error rate for each data set is given in bold. As



552 C. Jiet al.

The error rates of 1NN classifier with CIDEU or 2DTbD

CIDEU
0.7 T T T T T T
o6l 3)% |
CIDEU *
better
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0.2 a§€ better 1
ﬁg@é 011 0‘.2 0‘.3 014 015 0‘.6 0.7

CID,

Fig. 5. The error rates of 1NN classifier with CIDgy or 2DTbDcrpru (Color figure
online)

The error rates of 1NN classifier with CIDDTW or 2DTbhD

CIDDTW
0.7 . T
06 . |
CIDDTW
better
0.5F g
*
z 04f x o .
o’ X
& 03f |
* RK
* &* 2DTbD ¢y
0.2 better R
%
0.1F * * * * E
0.1 0.2 0.3 0.4 0.5 0.6 0.7
CID 1y

Fig. 6. The error rates of INN classifier with CID prw or 2DTbDcrpprw (Color figure
online)
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Table 2. The error rates of 1NN classifier with CIDprw or 2DTbDecrpprw

Data set CIDprw |2DTbDerpprw || Data set CIDprw |2DTbDerpprw
Adiac 0.389 0.381 Lightning7 0.274 0.247
Beef 0.367 0.400 Mallat 0.054 0.060
Car 0.283 0.250 Medicallmages | 0.259 0.279
CBF 0.001 0.008 MoteStrain 0.189 0.164
Chlorine 0.354 0.351 NonThorax1 0.213 0.169
CinCECG 0.314 0.159 NonThorax2 0.132 0.130
Coffee 0.000 0.000 OliveOil 0.167 0.133
CricketX 0.231 0.236 OSULeaf 0.372 0.442
CricketY 0.267 0.264 Plane 0.000 0.000
CricketZ 0.244 0.246 SonySurfacel |0.213 0.098
DiatomSize 0.036 0.042 SonySurface2 |0.122 0.247
ECGFiveDays | 0.226 0.247 StarCurves 0.079 0.060
FaceAll 0.139 0.126 SwedishLeaf 0.171 0.110
FaceFour 0.182 0.159 Symbols 0.051 0.054
FacesUCR 0.100 0.093 Synthetic 0.017 0.017
FiftyWords 0.305 0.277 Trace 0.000 0.000
Fish 0.166 0.229 TwoLeadECG |0.097 0.174
GunPoint 0.093 0.067 TwoPatterns |0.000 0.002
Haptics 0.627 0.597 Wafer 0.021 0.012
InlineSkate 0.604 0.629 WordSyn 0.346 0.288
ItalyPower 0.052 0.036 Yoga 0.160 0.144
Lightning?2 0.148 0.098

Table 2 shows, 1NN classifier with 2DTbD¢rpprw produced better accuracy
on 24 data sets, whereas 1NN classifier with CIDprw was better on 15 and
these two classifiers tied on the other 4 data sets.

To show the differences better, the data in Table2 is drawn in Fig.6. In
Fig.6, the points at the bottom left of the blue line indicate cases where
2DTbDerpprw achieves a lower error rate than CIDpry . Most points is in
the bottom left of the blue line.

The results in Table2 and Fig. 6 demonstrate that 2DTbD¢c;pprw works
better than CID prwy .

4.3 Contrast Experiments Between ERP and 2DTbDggrp

When 2DTbD uses ERP for each dimension, we call it 2DTbDggrp. In this
subsection, we will compare 1NN classifier with ERP to 1NN classifier with
2DTbDggrp. In our experiments, the gap g for ERP is set to 0.5, the maximum
allowed distance to the diagonal bandSize is set to 0.5.

Table 3 lists the classification error rates of them. The lower error rate for
each data set is given in bold. As Table 3 shows, 1NN classifier with 2DTbD grp
produced better accuracy on 24 data sets, whereas 1NN classifier with DTW
was better on 14 and these two classifiers tied on the other 5 data sets.
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Table 3. The error rates of 1NN classifier with ERP or 2DTbDgrp

Data set ERP [2DTbDEggrp ||Data set ERP [2DTbDggrp
Adiac 0.389 [0.373 Lightning7 0.247 [0.192
Beef 0.367|0.367 Mallat 0.087 |0.078
Car 0.200|0.233 Medicallmages | 0.329 |0.305
CBF 0.033 |0.009 MoteStrain 0.142 |0.131
Chlorine 0.340|0.344 NonThorax1 0.172/0.173
CinCECG 0.276 |0.157 NonThorax2 0.107/0.114
Coffee 0.000|0.036 OliveOil 0.133/0.133
CricketX 0.236|0.244 OSULeaf 0.430 |0.384
CricketY 0.315 |0.249 Plane 0.019 |0.010
CricketZ 0.285 [0.274 SonySurfacel |0.225 |0.210
DiatomSize 0.046 | 0.056 SonySurface2 |0.163|0.174
ECGFiveDays|0.146 |0.084 StarCurves 0.148 |0.142
FaceAll 0.215 |0.200 SwedishLeaf 0.138 |0.118
FaceFour 0.170|0.170 Symbols 0.075|0.081
FacesUCR 0.071 |0.060 Synthetic 0.060 | 0.060
FiftyWords 0.310 [0.273 Trace 0.050(0.120
Fish 0.097/0.126 TwoLeadECG |0.0820.215
GunPoint 0.067|0.080 TwoPatterns |0.000|0.000
Haptics 0.581 |0.565 Wafer 0.010 |0.005
InlineSkate 0.565|0.611 WordSyn 0.359 |0.321
ItalyPower 0.061 |0.036 Yoga 0.155 [0.143
Lightning2 0.131 |0.115

The error rates of 1NN classifier with ERP or 2DTbDERP
0.7 . : : : . .

0.6 *
ERP
better *

05} ]

2DTbDERF

2DTbDERP
better b

0.5 0.6 0.7

Fig. 7. The error rates of INN classifier with ERP or 2DTbDgrp (Color figure online)
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To show the differences better, the data in Table 3 is drawn in Fig. 7. In Fig. 7,
the points at the bottom left of the blue line indicate cases where 2DTbD grp
achieves a lower error rate than ERP. Most points is in the bottom left of the
blue line.

The results in Table 3 and Fig. 7 demonstrate that 2DTbD grp works better
than ERP. This proves that the accuracy can be improved by 2DTbD.

4.4 Contrast Experiments Between DTW and 2DTbDprw

When 2DTbD uses DTW for each dimension, we call it 2DTbD prw . In this
subsection, we will compare 1NN classifier with DTW to 1NN classifier with
2DTbD prwy .

Table4 lists the classification error rates of them. The lower error rate for
each data set is given in bold. As Table 4 shows, INN classifier with 2DTbD pry
produced better accuracy on 21 data sets, whereas 1NN classifier with DTW was
better on 17 and these two classifiers tied on the other 5 data sets.

To show the differences better, the data in Table 4 is drawn in Fig. 8. In Fig. 8,
the points at the bottom left of the blue line indicate cases where 2DTbD prw
achieves a lower error rate than DTW. Most points is in the bottom left of the
blue line.

Table 4. The error rates of 1NN classifier with DTW or 2DTdD prw

Data set DTW | 2DTbDprw || Data set DTW [ 2DTbD prw
Adiac 0.396 1 0.389 Lightning7 0.274 1 0.233
Beef 0.367 /0.333 Mallat 0.066 |0.077
Car 0.2670.267 Medicallmages | 0.263|0.287
CBF 0.003/0.029 MoteStrain 0.165 |0.134
Chlorine 0.352 |0.350 NonThoraxl |0.210 |0.188
CinCECG 0.349 |/0.185 NonThorax2 |0.135 |0.131
Coffee 0.0000.000 OliveOil 0.167 |0.133
CricketX 0.246 |0.226 OSULeaf 0.409 |0.455
CricketY 0.2560.272 Plane 0.000|0.000
CricketZ 0.246 | 0.241 SonySurfacel [0.275/0.296
DiatomSize 0.0330.042 SonySurface2 [0.169/0.170
ECGFiveDays|0.232|0.239 StarCurves 0.093 |0.073
FaceAll 0.192/0.193 SwedishLeaf |0.208 [0.130
FaceFour 0.170 | 0.159 Symbols 0.0500.061
FacesUCR 0.095 0.098 Synthetic 0.0070.013
FiftyWords 0.310 |0.279 Trace 0.000/0.000
Fish 0.177/0.229 TwoLead ECG |0.096|0.182
GunPoint 0.093 |0.060 TwoPatterns |0.000|0.001
Haptics 0.623 | 0.607 Wafer 0.020 | 0.011
InlineSkate 0.616  0.658 ‘WordSyn 0.351 | 0.292
ItalyPower 0.050 |0.036 Yoga 0.163 |0.145
Lightning2 |0.131]0.131
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The error rates of 1NN classifier with DTW or 2DTbDDTW
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Fig. 8. The error rates of INN classifier with DTW or 2DTdD prw (Color figure online)

The results in Table 4 and Fig. 8 demonstrate that 2DTbD pry works slightly
better than DTW. This proves that the accuracy can be slightly improved by
2DThD.

4.5 Summary of Experimental Results

All results of our experiments are shown in Fig.9. As Fig.9 shows, 2DTbD
performs better on all comparison experiments.

Comparison of experimental results
30 T

T T
2DTbD, cIbEU
2DTbD better 2DTbD
- better better -
25 2DTbD, .\,
better
20 B
DTW
151
CIDEU

10+ better i

51 4

0

DTW Vs 2DTbD, .\, ERP Vs 2DTbD,, CID, VS 2DTbD,

CIDEU CIDyy,, VS 2DTbD,

CIDDTW

Fig. 9. Comparison of experimental results
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5 Conclusion

TSC has attracted a lot of attention in the last decade. Among TSC algorithms,
the INN classifier has been shown as effective and difficult to beat. The core of
INN classifier is the distance function. In this paper, a new distance function
2DTbD is proposed. 2DTbD calculates distance by merging distances in 2D
space. Our experimental results demonstrate that the classification accuracy
can be improved by 2DTbD.
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