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Abstract

This paper describes a novel model for time series recognition called a Dynamic Time Warping Neural Network (DTW-NN).
DTW-NN is a feedforward neural network that exploits the elastic matching ability of DTW to dynamically align the inputs of
a layer to the weights. This weight alignment replaces the standard dot product within a neuron with DTW. In this way, the
DTW-NN is able to tackle difficulties with time series recognition such as temporal distortions and variable pattern length within a
feedforward architecture. We demonstrate the effectiveness of DTW-NNs on four distinct datasets: online handwritten characters,
accelerometer-based active daily life activities, spoken Arabic numeral Mel-Frequency Cepstrum Coefficients (MFCC), and one-
dimensional centroid-radii sequences from leaf shapes. We show that the proposed method is an effective general approach to
temporal pattern learning by achieving state-of-the-art results on these datasets.
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1. Introduction

A time series is a sequence of data ordered by time. The dif-
ficulty of time series recognition is that structural components
and time dependencies need to be considered [1]. Thus, a ro-
bust time series recognition method would need to address these
qualities as well as adjust for temporal distortions such as rate,
time delay, and variable length.

For example, using distance-based models with Dynamic
Time Warping (DTW) is a well-established method for time
series classification [2]. In these methods, DTW is used as a
global distance measure between time series which functions
by using the sum of the distances between optimally matched
elements. The elements are matched using the minimal path on
an element-wise cost matrix estimated by dynamic program-
ming. The combination of DTW and the nearest neighbor rule
has shown to be successful for many time series recognition
tasks [3, 4, 5]. However, with increasingly large datasets, ex-
haustive search methods begin to have increasingly large com-
putational requirements. Consequently, these methods are not
suitable for tasks with large amounts of data or tasks that need
to be executed in reasonable amounts of time [5].

Recently, artificial neural networks (ANN) have been used
successfully for applications in many domains [6], some of
which include better than human performance in image classifi-
cation [7], near-perfect accuracy in text [8], and having record-
breaking results on established datasets [9, 10]. Besides their
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successes in pattern recognition, ANNs have been shown to be
able to efficiently represent large amounts of data [11, 12].

However, when considering a time series, the success-
ful feedforward neural networks such as Multi-Layer Percep-
trons (MLP) and Convolutional Neural Networks (CNN) [13]
do not specifically assess temporal factors. For example, time
series with temporal distortions and non-uniform lengths can-
not easily be processed by feedforward neural networks. Re-
current neural networks (RNN), on the other hand, are able to
use temporal information by storing internal states within cyclic
recurrent nodes. RNNs have been successful in many temporal
pattern classification fields, such as speech [14, 15] and natural
language processing [16]. While RNNs have been successful
for time series recognition, they are complex, traditionally hard
to train [17], and have very different structural properties com-
pared to feedfoward networks.

This paper presents a feedforward model, called a Dynamic
Time Warping Neural Network (DTW-NN) which is an adap-
tation of an MLP designed to tackle time series recognition.
The core idea of a DTW-NN is to use DTW nodes to exploit
DTW’s ability to be flexible to temporal distortions in order
to dynamically align the inputs to the weights. To accomplish
this, we consider the weights of each DTW node as time series
and replace the standard inner product of a node with DTW as a
kernel-like method. Furthermore, the sequence-like weights are
optimized through back propagation by using gradient descent
on the DTW function. In this way, a complete feedforward neu-
ral network can be trained and used for the application of time
series while still being invariant to temporal distortions.

The primary contributions of this paper are as follows:

• The proposal of DTW-NN, a novel feedforward neural net-
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work that is robust to temporal distortions for time se-
ries recognition. This paper is the extension of a previous
work [18].

• The description of a DTW node and the realization that
the nodes of MLPs can be extended to other kernel-like
methods in order to consider structural or other complex
data types.

• The empirical evaluation of DTW-NNs on multiple
datasets with varying characteristics including online
handwritten characters, tri-axial accelerometer record-
ings of activities of daily life, spoken Arabic digit Mel-
Frequency Cepstrum Coefficients (MFCC), and centroid-
radii leaf shape outlines. We verify the proposed method’s
ability as an effective general solution for time series.

• Analysis of the characteristics of DTW-NN, the evaluated
results, and comparative studies as well as an analysis of
the trained DTW layer.

The remaining of this paper is organized as follows. A review
of related work on time series recognition with neural networks
is done in Section 2. Section 3 describes DTW and its relation
to kernel functions. Section 4 details the proposed DTW-NN.
In Section 5, we define the experiments, datasets, and discuss
the results and performance of the proposed method. Finally,
Section 6 draws the conclusion and proposes future work.

2. Related Work

The simplest application of neural networks to time series is
to provide an MLP with subsequent elements in time. This tech-
nique has been heavily used in forecasting [19, 20, 21], where
the network becomes a regression model with the output pre-
dicting future time steps given a sliding window of the input.
However, a fully-connected approach like this does not main-
tain the temporal qualities of the time series and does not ac-
count for temporal distortions. For example, when considering
an MLP, if patterns with temporal distortions are introduced,
then the inputs of one pattern will not necessarily be aligned to
the inputs of a different one.

One established method of handling time series data is the
use of RNNs [22]. RNNs are a class of neural networks that
store hidden states within recurrent nodes. In this way, each
time step added to the network is dependent on the previous
time steps through the recurrent connections. Long Short-Term
Memory (LSTM) RNNs [23] extend RNNs by adding gates
which control the update, output, and forgetting of the inter-
nal state in order to learn to circumvent the vanishing gradient
problem and long-term dependencies [24]. They have been suc-
cessful in many tasks such as handwriting [25, 26], speech [14],
and can deal with natural language processing [16]. Gated Re-
current Units (GRU) [27] and Echo State Networks (ESN) [28]
are more recent approaches to RNNs that have shown to have
similar results to RNNs and LSTMs but with easier to train
structures [29, 30, 31].

While recurrent models are normally used for time series,
this paper addresses time series applications using feedfor-
ward neural networks. One approach to maintain the tempo-
ral information while using a feedforward neural network is
a Time Delay Neural Network (TDNN) [32, 33]. Similar to
the previous method, TDNNs input time steps into the net-
work. To maintain temporal awareness, TDNNs invoke time-
delay windows that tie multiple inputs to the subsequent hidden
layer node. Currently, time-delays are handcrafted, yet Wöhler
and Joachim [34] attempted to solve this using adaptive time-
delays.

While CNNs have been successful with image data, there
have also been approaches to adapt them for the use use of
temporal pattern recognition. The convolutional kernels in
one-dimensional (1D) CNNs are similar to the time-delays
of TDNNs. Some examples of using CNNs with time se-
ries include splitting multivariate time series into channels of
1D subsequences [35] and embedding the data into 2D matri-
ces [36, 37] with CNNs for classification. In another applica-
tion, Zhang et al. [38] used an ESN with to create a 2D sig-
nal for convolutional layers in Spiking Echo State CNNs (SES
CNN). For speech generation, WaveNet [39] uses 1D causal
convolutional layers and uses dilation to increase the recep-
tive field of the higher convolutions. Another use of using
causal convolutional layers for is in Temporal Convolutional
Networks (TCN) [40].

Other methods have been proposed to use neural networks
based on features or characteristics of time series. Neural net-
works have been used in conjunction with Autoregressive Mov-
ing Average (ARMA) models [20, 41] and Autoregressive In-
tegrated Moving Average (ARIMA) models [42]. Deep Be-
lief Networks (DBN) have been used with Restricted Boltzman
Machines (RBM) [43] and ARIMA models [42] for time se-
ries forecasting. Another example is using an MLP on wavelet
transforms for forecasting and classification [44]. Extreme
Learning Machines (ELM) have also been used for efficient
time series forecasting [45]. Spiking neurons [46, 47] take ad-
vantage of brief spikes in data and time series to create sparse
representations. While these are many uses of neural networks,
they are commonly tied to specific domains of time series data,
e.g. signals, speech, etc.

There have also been attempts to make use of dynamic as-
pects in neural networks. For example, Kalchbrenner et al. [48]
use k-Max Pooling for sentence modeling. Deformable Con-
volutional Networks [49] use deformable convolutions to relax
the constraints of a traditional convolution window. Recently,
Yu et al. [50] introduced a model which combined GRUs with
DTW. Furthermore, on a fundamental level, dynamic modeling
is loosely related to the attention mechanism [51] in Transform-
ers [52], the control in chaotic neural networks [53, 54, 55], and
neural network pruning [56, 57].

In comparison to these methods, the proposed framework is
a general solution for time series recognition using a feedfor-
ward network structure. DTW-NN was designed specifically
to address difficulties of time series and is able to tackle these
difficulties, such as temporal distortions, without manual pa-
rameterization.
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3. Dynamic Time Warping as a Nonlinear Inner Product

The main idea behind the proposed method is to use DTW as
a nonlinear inner product for time series and embed it into neu-
ral networks. DTW is an effective [4] method of estimating the
optimal alignment between time series and sequence elements
to measure a global distance between patterns. The proposed
method exploits this matching for the alignment and the result-
ing DTW-distance for the output of DTW-based nodes.

3.1. Dynamic Time Warping

Given two discrete time series, a sequence
p = p1, . . . , pi, . . . , pI of length I and a sequence
s = s1, . . . , s j, . . . , sJ of length J, where i and j are the
index of each time step of sequence p and s respectively,
the DTW-distance is the global summation of local distances
between matched elements. Specifically, the DTW-distance
can be denoted as:

DTW(p, s) =
∑

(i′, j′)∈M

∣∣∣∣∣∣pi′ − s j′
∣∣∣∣∣∣ , (1)

where (i′, j′) is a pair of matched indices i′ and j′ corresponding
to their original indices i of p and j of s. M is the set of all
matched pairs and || · || is a distance function between elements.
The set M does not necessarily have a linear correspondence
between each 1, . . . , i, . . . , I and 1, . . . , j, . . . , J.

DTW uses dynamic programming to find estimated minimal
warping path on an element-wise cost matrix given a cost func-
tion ||pi − s j||. This warping path can be restricted by several
constraints to prevent overfitting. For example, we enforce the
asymmetric slope constraint [58] defined by the recurrence:

D(i, j) = ||pi − s j|| + min
j′∈{ j, j−1, j−2}

D(i − 1, j′), (2)

where D(i, j) is the cumulative minimum cost at the i-th and
j-th element and the global DTW-distance is the value at the
cumulative sum at D(I, J). This particular slope constraint was
selected to ensure that the number of local distances is always
equal to the number of elements in p while still being flexible
enough to overcome temporal distortions. It should be noted
that the set of matched pairsM in Eq. (1) may contain repeated
and skipped indices of i and j from the original sequences. This
is possible due to the slope constraint defined in Eq. (2) and is
not necessarily true of other slope constraints.

3.2. Relationship to Kernel Functions

Kernel functions are symmetric positive semi-definite func-
tions that to map a feature space into vector space representa-
tions. With the application of a kernel function, data can be
represented as a square matrix of pairwise comparisons. In this
way, kernel functions can be seen as a similarity value between
data points. For example, a linear kernel is the inner product of
real vectors where parallel vectors would have a positive value
and antiparallel vectors would have a negative value. While
this example is useful for vector data, there are also kernels for

other domains [59]. Some examples of popular kernel meth-
ods include SVMs [60, 61] with Radial Basis Function (RBF)
kernels and kernel PCA [62].

In respect to kernel functions, DTW is also a positive semi-
definite similarity function. However, unlike conventional ker-
nels, DTW is asymmetric, where DTW(p, s) does not neces-
sarily equal DTW(s,p). This is caused by the possibility that
a different warping path is taken when using the slope con-
straint defined by Eq. (2). Despite this, DTW has shown to be
effective as a similarity measure for Dissimilarity Space Em-
bedding (DSE) [63, 64] as well as part of kernel functions for
Support Vector Machines (SVM) [65, 66, 67].

4. Dynamic Time Warping Neural Network (DTW-NN)

MLPs, and feedforward neural networks in general, have lay-
ers of forward feeding nodes that are stacked in order to model
nonlinear functions. The output of node n in a layer is:

an = φ

∑
i

wn,ixi

 = φ
(
wT

n x
)
, (3)

where x is a vector of the input values x1, . . . , xi, . . . , xI and wn

is a vector of the respective weights wn,1, . . . ,wn,i, . . . ,wn,I to
node n. The function φ(·) is a nonlinear activation function ap-
plied to the result. The relationship between the weights and the
inputs is much like a similarity function in that we can expect a
larger activation an if the weight vector wn and the input vector
x are similar. In this way, the combination of weights and inputs
is not unlike a linear kernel. However, this carries the assump-
tion that each pairwise weight and input combination is linearly
related. This may not be the case if the input is a time series
with temporal distortions. The idea of the proposed method is
to replace the inner product with a temporal similarity function,
namely DTW.

4.1. DTW Layer Formulation

In order to tackle time series, we replace the inner product
of a node with DTW as the kernel-like summation function.
If we consider the weights as a sequence then during forward
propagation, DTW can be used between the weights and the
inputs of a node. Combining Eqs. (1) and (3), the activation of
a node in becomes:

an = φ (DTW (wn, x))

= φ

 ∑
(i′, j′)∈M

∣∣∣∣∣∣wn,i′ − x j′
∣∣∣∣∣∣ . (4)

This gives us a solution to optimize the alignment of each el-
ement in the weights wn and inputs x. For example, in Fig. 1,
wn,2, wn,4, and wn,4 are advanced one time step, causing two
weights, wn,1 and wn,2, to be aligned with x1. Also in this exam-
ple, x4 is skipped. This alignment is nonlinear is optimized in
that the inputs x are warped to minimize the global distance be-
tween wn and x given the constraints of DTW. Unlike the stan-
dard inner product of a fully-connected node, the DTW node
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Figure 1: An example of a single DTW-NN node n. The input time series x and
the weights wn are aligned by DTW. The result of DTW is zn and the output of
the DTW node is an. Due to the dynamic alignment, x1 corresponds with both
wn,1 and wn,2, x2 and x3 are shifted one time step, and x4 is skipped.

𝑥𝑡 𝑥𝑡+1 𝑥𝑡+3 𝑥𝑡+3 𝑥𝑡+4Input Layer

DTW Layer
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Layer

Fully-Connected 
Layer

Output Layer

Figure 2: The proposed DTW-NN architecture with an input time series x with
time step index t.

is able to accept inputs of different lengths. This is due to the
dynamic alignment process and the slope constraint which al-
lows for weights to skip inputs and connect to duplicate inputs.
Thus, while the inputs can be different lengths, the output of
each node is scalar.

This alignment process is performed on each forward prop-
agation with the matches dynamically changing depending on
each input sequence. In addition, similar to a standard MLP,
the DTW layer can be wide with many parallel DTW nodes
connected to the input. This way, DTW is calculated between
the weights in each DTW node and each input sequence. The
scalar activations of the DTW nodes are further used for subse-
quent fully-connected layers, as shown in Fig. 2.

4.2. Gradient of DTW
After each forward propagation, the gradient of a loss func-

tion with respect to the weights is back propagated through
the network. This is commonly done using gradient descent
in which the weights are moved negatively proportional to the
derivative of the gradient. Namely, each weight is updated by:

wn,i ← wn,i − η
∂C
∂wn,i

, (5)

where C is the loss function and η is the learning rate.
To train DTW-NNs, we use the same back propagation prin-

ciple to minimize the loss function. Similar to a traditional
layer, the chain rule is used to find the gradient with respect
to the weights in a DTW layer. For node n:

∂C
∂wDTW

n,i

=
∂C

∂zDTW
n

∂zDTW
n

∂wDTW
n,i

, (6)

where the intermediate quantity zDTW
n is the result of DTW. The

partial derivative ∂C/∂zDTW
n is determined by back propaga-

tion and ∂zDTW
n /∂wDTW

n,i is the partial derivative of the output of
DTW with respect to each weight wDTW

n,i . Under the DTW slope
constraint defined in Eq. (2), each i′ in (i′, j′) ∈ M directly
corresponds to each i in wDTW

n = wDTW
n,1 , . . . ,wDTW

n,i , . . . ,wDTW
n,I .

Thus, for each DTW node n, given an input sequence x and
each dynamically matched input x j′ :

∂zDTW
n

∂wDTW
n,i

=
∂

∂wDTW
n,i

DTW
(
wDTW

n , x
)

=
∑

(i, j′)∈M

∂

∂wDTW
n,i

∣∣∣∣∣∣ wDTW
n,i − x j′

∣∣∣∣∣∣ . (7)

Assuming a multivariate time series, each element of
the input time series x j′ consists of Q-dimensional vectors
(χ1, . . . , χQ)T. The weight sequence wDTW

n,i is denoted as
(ω1, . . . , ωQ)T and is designed to be the same dimensionality as
the input. To calculate the derivative of DTW, we find the par-
tial derivative with respect to each dimension separately. Given
the local distance function ||ωq − χq|| as the Euclidean distance,
the partial derivative is:

∂

∂
(
ω1, . . . , ωQ

)T

∣∣∣∣∣∣∣∣
∣∣∣∣∣∣∣∣
ω1 − χ1
. . .

ωQ − χQ

∣∣∣∣∣∣∣∣
∣∣∣∣∣∣∣∣ =



ω1 − χ1√
Q∑

q′=1

(
ωq′ − χq′

)2

. . .
ωQ − χQ√

Q∑
q′=1

(
ωq′ − χq′

)2


. (8)

The derivation of the Euclidean distance with respect to each
coordinate dimension can be found in Appendix A.

Finally, by combining Eqs. (6), (7), and (8), we can formu-
late the gradient of the loss function in respect to the weights in
a DTW node. The minimization of the loss with respect to the
weights in a DTW node can be thought of as adjusting the co-
ordinates of each element wDTW

n,i in the weight sequence wDTW
n

in order to obtain an optimal DTW
(
wDTW

n , x
)

result for the net-
work.

4.3. Computational Complexity

The DTW algorithm itself is O(IJ) where I and J are the
number of elements in each sequence [68]. However, by using
DTW with k-Nearest Neighbor (k-NN), the complexity of a test
pattern becomes O(XIJ+kX) where X is the number of patterns
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Table 1: The Characteristics of the Datasets
Dataset Dim. Length Classes Features
Unipen 1a [69] 2 50 10 Pen Tip
Unipen 1b [69] 2 50 26 Pen Tip
Unipen 1c [69] 2 50 26 Pen Tip
ADL [70] 3 200 7 Acceleration
Spoken 13 40 10 MFCC

Arabic [71] 13 40 10 MFCC
Flavia [72] 1 100 32 Centroid-Radii

in the training set. This is due to k-NN requiring the calculation
between every test pattern and every training pattern, followed
by k nearest search.

In comparison, the test computational complexity of the pro-
posed method is much lower. A forward pass of a fully-
connected ANN with L number of layers is O(LN2

FC) assum-
ing the number of nodes NFC for each layer are of equal size.
Adding a DTW layer requires a DTW calculation increasing
the complexity to O(LN2

FC + IJNDTWNFC) where NDTW is the
number of nodes in the DTW layer. The number of nodes N is
usually in the tens to hundreds and X could be many orders of
magnitude larger. Thus, when X is large, N � X and the com-
plexity of a DTW-NN is much smaller than k-NN. However, it
should be noted that k-NN requires no training time.

5. Experiments and Results

We demonstrate our method on four distinct datasets, the
Unipen online isolated handwritten digits (Unipen 1a) and char-
acters (Unipen 1b) and (Unipen 1c) [69], a dataset of activities
of daily living (ADL) recognition with wrist-worn accelerom-
eter data [70], a dataset containing MFCCs of spoken Arabic
digits [71], and the Flavia leaf recognition dataset [72] using
pseudo-time series based on centroid-radii. The datasets were
chosen because of their availability and their varying time series
characteristics, shown in Table 1.

5.1. Architecture Settings
5.1.1. Layer Hyperparameters

To evaluate the proposed method, we used a DTW-NN with
the following hyperparameters. The first hidden layer is made
of one DTW layer with 50 nodes. The next two are fully-
connected layers containing 400 and 100 nodes respectively.
The final output layer uses softmax with cross-entropy and with
the appropriate number of nodes determined by the number
of classes in the dataset. The batch size used in the experi-
ments was dependent on the size of the training set; the Unipen
datasets used a batch size of 100, the ADL dataset used a batch
size of 5, and the Arabic digit and leaf shape datasets used a
batch size of 50.

5.1.2. Weight Initialization
In the previous work, Iwana et al. [18] showed that there is

little difference between initializing the DTW layer weights us-
ing a Gaussian distribution and initializing them using proto-
type patterns. Therefore, for simplicity, the weights between

the input layer and the DTW were initialized using a Gaussian
distribution with the same size, shape, and range as the input
patterns of the respective datasets.

5.1.3. Learning Rate
We implemented a learning rate with a progressive 1/t decay

defined by, ηt =
η0

1+αt where ηt is the learning rate at iteration
t, η0 is the initial learning rate, and α is the decay rate. For
the training of the experiments, the proposed method used η0 =

0.001 and α = 0.001 for the DTW layer and a 0.0001 static
learning rate for the fully-connected layers. The idea of using
this progressive decay is to counter the slow convergence due
to the previously defined weight initialization.

5.1.4. Activation Function
The result DTW is positive semi-definite with higher values

equating to more dissimilar as opposed to similar in a linear ker-
nel. So, to maintain similar qualities to a standard network for
the output of a node, we adopt an inverted Rectified Linear Unit
(ReLU) as φ(·) in Eq. (3). We then employ batch normalization
to scale the data and shift the mean to zero. Batch normalization
has shown to increase performance by improving the network’s
generalization [73, 74]. As for the two fully-connected layers,
the experiments use a hyperbolic tangent (tanh) activation func-
tion. This ensures that the output of the activation is bounded
by -1 and 1.

5.1.5. DTW Slope Constraint
The slope constraint of DTW constrains the warping path of

the dynamic programming calculation. For the experiments,
we used the slope constraint as defined by Eq. (2). This slope
constraint assures that the warping path is monotonic and guar-
antees that the matching of p always advances one step in time,
therefore the number of matched elements is always equal to
the number of elements I in p. The advantage of a slope con-
straint with these characteristics is that a fixed-length p is useful
for determining the similarity between sequences s of different
lengths.

5.2. Comparison Methods

To illustrate the effectiveness of the proposed method, we
compare the results of DTW-NN to established time series clas-
sification methods and results reported from literature for the
respective datasets. For the six evaluated datasets, we use n-
class classification, where n is equal to the number of classes
available.

The datasets were split into three subsets, 90% for training,
10% for test, and 50 patterns set aside for validation. The one
exception to this was the spoken Arabic dataset which con-
tained a pre-defined speaker-independent training and test set
split. Also, we use the same training, test, and validation sets
for the 1-NN DTW and LSTM evaluations. The other reported
results use their own defined divisions of the data. The results
of the evaluations are shown in Table 2.
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Table 2: Test Accuracy (%) Comparison for the Unipen 1a (Digits), 1b (Uppercase Letters), and 1c (Lowercase Letters) Datasets, the ADL Recognition with
Wrist-worn Accelerometer Dataset, the Spoken Arabic Digit Dataset, and the Flavia Leaf Recognition Dataset

Unipen ADL Arabic Digit Flavia
Evaluation 1a 1b 1c Accelerometer MFCC Leaf Shape
Proposed Method 98.2 94.9 94.5 81.4 96.1 79.5
1-NN w/ DTW 98.5 97.1 95.8 80.0 94.9 77.4
LSTM 96.5 92.1 90.5 80.0 96.0 81.6
DAG-SVM-GDTW [67] 96.2 92.4 87.9 - - -
HMM [75] 96.8 93.6 85.9 - - -
Fuzzy Rep. KP [76] 96.1 - - - - -
GMM + GMR [70] - - - 63.1 - -
Decision Tree [77] - - - 80.9 - -
Tree Distribution [78] - - - - 93.1 -
CHMM w/ ∆(∆MFCC) [79] - - - - 98.4 -
WNN [80] - - - - 96.7 -
12-Feature PNN [72] - - - - - 90.3*

SVM-BDT [81] - - - - - 81.6
NFC [82] - - - - - 50.2
ZM+HOG SVM [83] - - - - - 96.8*

* Obtained using image features rather than time series features.

5.2.1. Evaluated Methods
To evaluate the proposed method, we used the following two

methods:
1-NN w/ DTW. A k-NN classifier where k = 1 and using a

DTW as the distance measure is used as a comparison to our
results. 1-NN w/ DTW is used because it is a standard base-
line that outperforms many other state-of-the-art classifiers [3].
However, 1-NN w/ DTW is an exhaustive search and not a
trained model, so testing was done by comparing each test pat-
tern to the entire training set. Consequently, it is very computa-
tionally costly as outlined in Section 4.3.

LSTM. This evaluation uses the well-established neural net-
work solution for variable length time series and sequence clas-
sification. For the experiments, we implemented an LSTM with
one recursive hidden layers, a forget gate bias of 1.0, and two
fully-connected layers. Each evaluation was given 50,000 itera-
tions of the same batch size equal to the DTW-NN’s evaluation.
The experimental settings of the LSTM were set to be a fair
comparison with similar complexity and depth as the proposed
method.

5.2.2. Reported Methods
We compare our method with results reported from liter-

ature. The online handwritten character datasets are com-
pared to an SVM using a Gaussian DTW kernel (DAG-SVM-
GDTW) [67], a Hidden Markov Model (HMM) [75], and a
Kohonen-Perceptron network using fuzzy vector representa-
tion (Fuzzy Rep. KP). For the ADL Accelerometer dataset,
Bruno et al. [70] modeled the data using a Gaussian Mixture
Modeling and Gaussian Mixture Regression (GMM + GMR)
method and Kanna et al. [77] used a Decision Tree. The
spoken Arabic digit comparisons from literature consist of a
Tree Distribution model [78], a Continuous Hidden Markov
Model of the second-order derivative MFCC (CHMM w/

∆(∆MFCC)) [79], and a Wavelet Neural Network (WNN) [80].
Finally, the Flavia leaf dataset is compared to the originally pro-
posed Probabilistic Neural Network based on 12 digital mor-
phological features (12-Feature PNN) [72], an SVM using a
Binary Decision Tree (SVM-BDT) [81], Zernike Moment and
Histogram of Oriented Gradients SVM [83], and the shape eval-
uation of a Neural Fuzzy Classifier (NFC) in [82]. Each com-
parative method was implemented using the same datasets as
evaluated by the proposed method, however, the division in
training and test sets may vary.

Many of the comparisons, such as CHMM w/ ∆(∆MFCC)
and WNN, are specific to a type of pattern. Also, the 12-Feature
PNN and the ZM+HOG SVM evaluations are specific to leaf
images because they use features specific to leaves such as vein
features, physiological length and width, etc. In contrast to
these methods, the proposed DTW-NN is a generic solution to
many different types of time series patterns.

5.3. Isolated Online Handwritten Characters

Online handwriting is made of a sequence of coordinates ex-
tracted from the trajectory of a pen. In particular, isolated hand-
written characters and digits are ideal time series to demonstrate
temporal classification tasks due to having distinct classes de-
spite having large intra-class variations.

5.3.1. Dataset
The Unipen multi-writer 1a, 1b, and 1c datasets consist of

trajectories of isolated digits, uppercase alphabet characters,
and lowercase alphabet characters, respectively. The Unipen
1a dataset used was made of 13,000 digits evenly split into
10 classes representing the numerical digits “0” through “9.”
1b and 1c datasets have 12,350 alphabetical characters in 26
classes. To ensure an equal distribution of each class, the
datasets were reduced by randomly selecting patterns. Each
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(a) DTW-NN (b) LSTM

Figure 3: Log scale confusion matrices for the test accuracy for Unipen 1c
using the (a) proposed method and a (b) LSTM.

sequence trajectory was re-sampled to 50 elements and scaled
to fit between (0, 0) and (1, 1).

5.3.2. Results
The results are reported in Table 2. Not unexpectedly, 1-

NN w/ DTW performed extremely well on isolated handwritten
characters. However, with over ten thousand training patterns,
1-NN w/ DTW is prohibitively slow. Using a desktop system
with an Intel Xeon E5 2.6 GHz processor, 1-NN w/ DTW took
an average of 77.6 seconds per classification. Comparatively,
the proposed DTW-NN only requires DTW calculations with
the 50 weight nodes. Using the same system with no GPU
or neural network library only requires 0.2 seconds while still
achieving 98.2%, 94.9%, and 94.5% accuracies for the Unipen
1a, 1b, and 1c datasets respectively. This indicates that DTW-
NN can model the data almost as well as 1-NN w/ DTW but
with a comparatively tiny amount of prototype patterns.

The confusion matrices in Fig. 3 compares the differences
between DTW-NNs and LSTMs. The results of the DTW-NN
in Fig. 3 (a) illustrate confusions between lowercase “t” and “f,”
“i” and “l,” and “n” and “h”. This indicates that the DTW-NN
tends to confuse patterns with similar overall structures. How-
ever, LSTMs behave differently than DTW-NNs. For exam-
ple, in Figs. 4 (a) and (b), DTW-NN correctly classified most
of the “b” patterns which were difficult for the LSTM. This
is because DTW computes the distance for the entire pattern,
whereas the LSTM’s recurrent nodes use discriminating fea-
tures. The patterns in Fig. 4 (a) have the overall shape of a “b,”
so the DTW-NN correctly classified them, but the LSTM failed
because the test patterns contain features shared by the other
incorrect classes. Fig. 4 (c) and (d) further demonstrates the
difference between the two network models. “o”s have features
common to many classes such as the roundness of “a” or “u”
which causes the LSTM to fail. On the other hand, the overall
shape of an “o” is fairly distinct and DTW-NN succeeded in
classifying all of the “o”s correctly. Conversely, lowercase “q”s
often have the overall shape of a cursive “f” or “g” which causes
DTW-NN to fail. This indicates that the proposed method was
able to achieve a higher accuracy than the LSTM for the evalu-
ated Unipen datasets because the spatial structure of the tempo-
ral patterns is more important for isolated characters and digits.

h h j k n u

h h h h h h
(a) LSTM Misclassifications of “b”

f
(b) DTW-NN Misclassifications of “b”

a f i u u a
(c) LSTM Misclassifications of “o”

f g f g g
(d) DTW-NN Misclassifications of “q”

Figure 4: A comparison of the misclassified test results between DTW-NN and
LSTM for the Unipen 1c (lowercase character) dataset. A rendering of each
misclassification is shown with the class in which the pattern was classified
as. (a) and (b) are all of the instances in the test set where “b” was predicted
incorrectly by each model. (c) is LSTM’s misclassifications of “o” and (d) is
DTW-NN’s misclassifications of “q.” Conversely, DTW-NN did not incorrectly
classify any “o”s and LSTM did not incorrectly classify any “q”s from the test
set.

5.4. Accelerometer Based Activities of Daily Life
ADLs are activities that are basic tasks that are performed in

normal life. The study of ADLs is useful for applications such
as robotics, assisted ADL, and the monitoring of disabled or
elderly patients [84].

5.4.1. Dataset
The dataset used for this experiment was collected by Bruno

et al. [70] and it provides us with tri-axial acceleration-based
data from ADLs. Bruno et al. collected the data using a wrist-
mounted accelerometer recorded from 10 volunteers. The dif-
ficulty of using accelerometer data is that the patterns are very
noisy and there is a high variation within each class. The dataset
contains 705 recorded trials split into 7 classes: “Climbing
stairs”, “Drinking from a glass”, “Getting up from bed”, “Pour-
ing water in a glass”, “Sitting in a chair”, “Standing from a
chair”, and “Walking.” These activities represent various types
of actions such as postural transitions, reiterated activities, and
complex activities. They are recorded at 32 Hz with a range of
−1.5g to 1.5g where g is the acceleration due to gravity. For
the experiment, they were sampled to 200 frames and scaled by

1
1.5g . The original experiment in [70] uses a median filter to pre-
process the data but this step is unnecessary for the proposed
method.

5.4.2. Results
The proposed method had a test accuracy of 81.4%. This

score is particularly good, considering that the training set only
contained 585 patterns, which is small for most ANN mod-
els. Moreover, the proposed method outperformed all of the
available benchmarks including 1-NN w/ DTW and LSTM, and
far outperforming the method that was accompanied with the
dataset, GMM + GMR with only a 63.1% accuracy. In addi-
tion, the results of the ADL experiment demonstrates the ability
of the proposed method on noisy data.

Fig. 5 reveals that most of the proposed method’s error comes
from the confusion between two pairs of actions. One of the
pairs, “Getting up from bed” and “Standing from a chair,” are
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Figure 5: Log scale confusion matrix for ADL accelerometer test accuracy
using DTW-NN.
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Figure 6: (a) Patterns classified by DTW-NN as “Getting up from bed.” The
misclassified pattern is from the “Standing from a chair” class, but was classi-
fied as “Getting up from bed.” (b) Patterns classified as “Standing from a chair”
with the ground truth of the misclassified figure from “Getting up from bed.”

postural transitions with similar movements. For example, the
misclassified example in Fig. 6 (a) is very similar to the patterns
labeled “Getting up from bed,” but it belongs to the “Standing
from a chair” class and the reverse is true about Fig. 6 (b). An-
other example is “Climbing stairs” and “Walking,” which are
both reiterated activities. Despite them being distinct activi-
ties, they tend to share the trait of having constant acceleration
measurements over time. The confusion between these pairs is
understandable and it further enforces that the DTW-NN is ca-
pable of classifying time series based on their overall structure.

5.5. Spoken Arabic Digits

Audio and speech are classic examples of time series pat-
terns. MFCCs are calculated using Fourier transforms of the
signal energy using filters at mel scale frequencies. Using
MFCCs transforms signals into discrete time series features
with the number of dimensions equaling the number of coef-
ficients used.

5.5.1. Dataset
The spoken Arabic digit dataset is made up of 8,800 times se-

ries of 13-frequency MFCCs. The original samples were taken

at a 11,025 Hz, 16-bit sampling rate, with a Hamming window,
and with filters pre-emphasized 1− 0.97Z−1. The samples were
further resampled to 40 element sequences and scaled by 1

15 .
Unlike the other evaluated datasets, the training set and test set
division was provided by [71] and were made of 6,600 patterns
and 2,200 speaker-independent patterns respectively.

5.5.2. Results
This evaluation shows that the proposed method is robust

even with higher dimensional data. The accuracy of DTW-
NN on the spoken Arabic digit MFCCs was 96.1% which is
comparable to all of the evaluated methods. However, the wave
specific feature representation methods, CHMM w/ ∆(∆MFCC)
and WNN, performed slightly better. On the other hand, this
highlights the viability of DTW-NN as a general purpose solu-
tion to temporal pattern recognition.

5.6. Leaf Shapes
Plant leaf classification is a heavily explored field in pattern

recognition. While many methods use texture features and im-
age features, using shape features has the advantage of not be-
ing subject to problems with lighting and noise. In this way,
leaf classification has been successfully used on various shape
features, such as morphological shape features [85], ring pro-
jection [86], centroid-radii representations [87, 88], and hybrid
shape-texture methods [89, 72].

5.6.1. Dataset
The Flavia leaf recognition dataset contains 1,907 isolated

color leaf images. The dataset is composed of 50 to 72 leaves
per class from 32 plant species. To classify leaf images us-
ing time series pattern recognition, we adopt a centroid-radii
approach to convert the leaves into 1D pseudo-time series that
describe the leaf’s shape. The leaf images were preprocessed
by using grayscale and then binarization. Next, the contour is
found using a marching squares algorithm and the centroid is
calculated. The time series is constructed taking the radius from
the centroid to the outline starting from the lowest most point
in 2D space and incrementing counterclockwise forming 100
evenly spaced sequence elements. The result is a 1D pseudo-
time series representation of the leaf’s shape. We normalized
the 1D series so that the largest radius found in the dataset was
scaled to 1. It should be noted that this method preprocess-
ing into centroid-radii representations is rotation resistant but
not entirely invariant depending on the location of the first time
step on the leaf edge.

5.6.2. Results
The proposed method had a 79.5% accuracy which is compa-

rable to the other shape only methods, 1-NN w/ DTW, LSTM,
and SVM-DBT. However the best state-of-the-art method
known to the authors, ZM+HOG SVM had a 96.8% accuracy
using Zernike moments and histogram of oriented gradient fea-
tures. Leaf classification using only the shape features is dif-
ficult because of the shape similarity of many classes. For ex-
ample, Fig. 7 shows leaves from four classes and while the vi-
sual features of the leaves (e.g. texture, color, vein structure)
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Figure 7: Leaves and their centroid-radii representations from four classes with
similar shapes. (top right) Berberis anhweienis, (top left) Cinnamomum cam-
phora, (bottom right) Prunus persica, and (bottom left) Magnolia grandiflora.

are distinct, the 1D shape representations are similar. For data
with only small differences between classes, DTW traditionally
performs poorly because noise often overshadows the differ-
ences between leaves [88]. Where DTW-NN excelled on pat-
terns with large structural differences, such as handwriting, it
suffered on data with subtle features such as leaf shapes.

5.7. Analysis of DTW Node Weights

The DTW node functions by aligning the inputs to the
weights using DTW. This is possible because we consider the
weights as a weight sequence rather than a weight vector. Fur-
thermore, by treating the weights as if it were a time series, we
can observe the training process. Fig. 8 follows the progres-
sion of a sample DTW node in each of the trained models. In
each case, the weights are initialized by a Gaussian distribution,
however, through many iterations, it can be observed that the
weights converge to visible structures. For instance, the Unipen
experiment’s weights in Fig. 8 unraveled to form recognizable
characters, such as a “6,” an “R,” and a “J”, respectively.

The examples for the ADL, spoken Arabic digits, and leaf
shape experiments also revealed clear structures despite being
initialized at random. For example, Fig. 9 (c) has many weight
sequences that are similar to the ones of Fig. 7, specifically, a
line with two valleys. Another interesting observation is that
the weights learned by the network start and end at a similar
value which is consistent with a shape outline. Similarly, many
patterns in Fig. 9 (a), (b), and (d) resemble patterns from the
respective datasets.

However, Fig. 9 also shows that not all of the DTW nodes
use weights that are recognizable shapes. The trained weight
sequences converge into two forms, recognizable and unrecog-
nizable structures. The recognizable structures are very simi-
lar to the input patterns, some of which resemble patterns from
recognizable classes. Conversely, the unrecognizable structures
appear to be noise. Although, it should be noted that even the
DTW distance output of the nodes unrecognizable weight struc-
tures contribute to the proceeding fully-connected nodes. This
means that the network not only uses the familiar generated pat-
terns but also dissimilar patterns for discrimination.

5.8. Strengths and Limitations

Due to DTW-NNs being based on DTW, the accuracy of
DTW-NN is dependent on the quality of DTW as a distance

measure. Thus, the accuracy of the proposed method followed
the accuracy of 1-NN w/ DTW closely. This is simultaneously
a strength and a limitation. For example, 1-NN w/ DTW and
DTW-NN had the most success in the Unipen experiments, but
for the leaf shape experiment, the accuracy of both evaluations
suffered due to similarly shaped classes. In addition, the close
results of DTW-NN and 1-NN w/ DTW show that the proposed
method is able to model the data despite using far fewer calcu-
lations. Had 1-NN w/ DTW been used with a prototype similar
to the complexity of the 50 DTW-NN nodes, one would ex-
pect dramatically diminished results. This demonstrates that
the proposed DTW-NN is able to generalize temporal patterns
efficiently and is comparatively suitable for real-time applica-
tions.

On the other hand, the experiments showed that the LSTMs
performed better when the differences between the classes were
subtle. The trajectory-based datasets, such as the online hand-
writing and the ADL datasets are very noisy with a high vari-
ation within each class. The spoken Arabic and leaf shape
datasets generally only have a few discriminating features that
separate the classes. One reason for this observation could be
because LSTMs use gating to emphasize learning from impor-
tant time steps, but for many time series, no single point is more
important than the overall structure. The advantage of a DTW-
NN is the ability to have the power of an MLP while also having
the robustness to overcome time distortions.

The evaluations also show that DTW-NN is competitive
when compared to the domain specific methods. Another ad-
vantage of the proposed method over many of the other compar-
ison methods is the ability to achieve a high accuracy with very
little tuning and only rudimentary preprocessing. This proves
that DTW-NN can be a general feedforward solution for time
series, but there are some limitations to the proposed method.

5.8.1. Limitation 1: Time Series Shape
As mentioned previously, the advantage of implementing

DTW as a weight alignment and the intermediate sum (Eq. (4))
is that the DTW-NN allows the network to overcome patterns
of varying length and rate. However, because we consider the
weight vector as a sequence for DTW, each element of the
weight sequence should be fixed-dimensional equal to the in-
put sequences. Also, given the slope constraint in Eq. (2), the
weight sequence cannot be more than twice the size of the in-
put sequence. This might lead to issues when the input time
series length varies heavily. One way to overcome this is to use
a slope constraint which is not subject to this limitation, such
as the symmetric one proposed by Sakoe and Chiba [90]. How-
ever, using different constraints on the DTW warping path has
advantages and disadvantages which would need to be chosen
before training much like a hyperparameter.

5.8.2. Limitation 2: Weights as a Sequence
Another downside of considering the weights as a sequence

is that the connections between inputs and weights are no longer
simple multiplication functions and instead are distance func-
tions. This means that there is no practical way to hand-craft
time delays or zero out input sequence elements. In networks
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Figure 8: The progression of weights from a DTW node over the course of training.

such as fully-connected networks and RNNs, an element with
zero in all dimensions would be ignored (but still advance time).
Whereas in a DTW-NN, elements with zero in all dimensions is
a valid sequence element with the possibility of a greater than
zero distance to the weight sequence. However, a possible so-
lution to overcome this limitation would be to ensure that the
undesirable input element is skipped by the DTW slope con-
straint.

6. Conclusion

In this paper, we presented DTW-NN, a novel method of
classifying discrete time series data. The proposed method is
a temporally considerate feedforward ANN model which re-
places the inner product of a neural node with DTW as a kernel-
like function. Using DTW in this way allows the network to be
robust to temporal distortions by aligning the weights to the
optimal inputs. The result is a new feedforward network with
automatic and dynamic time delays and advancements.

We evaluated the model on four different datasets: the
Unipen online isolated handwritten digits (1a) and characters
(1b and 1c), a dataset of ADL recognition with accelerome-
ter data, MFCCs of spoken Arabic digits, and the Flavia leaf
recognition dataset. Using these datasets, we were able to show
that the proposed method works on a variety of time series
types. First, with the handwritten digits dataset, we showed
that DTW-NNs are a viable model and that it works well with
structural data. Next, the ADL dataset demonstrated its abil-
ity with a small, noisy, and highly fluctuating dataset. The
13-dimensional spoken Arabic digits dataset proved that the

DTW-NN can be used with multivariate data. And finally, the
Flavia dataset showed that the proposed method can be used
with shape outlines despite only having subtle feature differ-
ences between classes. The results of experiments demonstrate
that the proposed method is a valuable general solution to time
series recognition.

The concept of DTW layers can easily be extended to other
feedforward neural networks. Furthermore, this paper lays the
foundation for ANNs with DTW as a temporal kernel-like func-
tion and future work which can be done incorporating it into
other applications. In addition, while the DTW-NN in this pa-
per was achieved state-of-the-art results, there is room for im-
provement and future work can be put into further enhancing
the network. Additional layers can be added, hyperparameters
adjusted, and recent neural network optimization and general-
ization techniques can be applied. Another area of optimization
would be the efficiency in the calculation of the DTW layer and
the utilization of GPUs. Ongoing and future work will continue
to enhance our method and approach other temporal domains.
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Figure 9: The state of the weights of each of the DTW nodes after 50,000 training iterations for the (a) Unipen 1c, the (b) spoken Arabic, the (c) Flavia leaf, and
the (d) ADL accelerometer datasets.
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Appendix A. The Derivative of Euclidean Distance

If ||·|| is denoted as the Euclidean distance, then the Euclidean
distance between vectors p and s is:

||p − s|| :=

√√√ I∑
i=1

(pi − si)2, (A.1)

where I is the number of dimensions in the vector space. The
derivative of ||p − s|| with respect to one component of p is:

∂

∂pi
||p − s|| =

∂

∂pi

√√√ I∑
i′=1

(pi′ − si′ )2
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1

2
√∑I

i′=1 (pi′ − si′ )2

∂

∂pi

I∑
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(pi′ − si′ )2

=
1

2
√∑I

i′=1 (pi′ − si′ )2 ∂

∂pi
(pi − si)2 +

∂

∂pi

∑
i′,i

(pi′ − si′ )2


=

1

2
√∑I

i′=1 (pi′ − si′ )2
2(pi − si)

=
pi − si√∑I

i′=1 (pi′ − si′ )2
.

(A.2)

This is repeated for all components of p.
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