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ABSTRACT

We propose model order selection methods for autoregressive (AR) and autoregressive moving average
(ARMA) time-series modeling based on ImageNet classifications with a 2-dimensional convolutional neu-
ral network (2-D CNN). We designed two models for two realistic scenarios: (1) a general model which
emulates the scenario that validation and test datasets do not necessarily have the same dynamics as the
training data, (2) a specific model which emulates the opposite scenario—the validation and test datasets
share the dynamics of the training data. The results were compared to those of both Akaike Informa-
tion criterion (AIC) and Bayesian Information criterion (BIC). Using simulation examples, we trained 2-D
CNN-based Inception-v3 and ResNet50-v2 models for either AR or ARMA order selection for each of the
two scenarios. The proposed ResNet50-v2 to use both time-frequency and the original time series data
outperformed AIC and BIC for all scenarios. For the general model, the average of relative error reduc-
tion (ARER) when compared to the BIC method in the clean and three noisy environments was 19.07%
(£14.22%) for the AR order for an AR process, and 5.67% (+2.83%) for the ARMA order for an ARMA pro-
cess. The ARERs significantly improved to 73.92% (+30.95%) and 65.58% (+38.61%) for the AR and ARMA
models, respectively, for the specific model scenario.

© 2021 Elsevier B.V. All rights reserved.

1. Introduction

In this paper, we propose parametric model order selection
methods for autoregressive (AR) and autoregressive moving aver-
age (ARMA) time-series models using ImageNet classifications with
a 2-dimensional convolutional neural network (2-D CNN). The AR
and ARMA models are very well-known statistical methods for the
analysis of stochastic processes in many diverse fields such as spec-
tral estimation, time series forecasting and prediction, and biomed-
ical engineering [1-3]. In the physical realm, a variety of natural
signals such as speech, electrocardiogram (ECG), and seismic sig-
nals are formulated by an underlying AR structure since any time-
series signal can be modeled by an AR process in the real world
[1,6].

These models enable accurate statistical analysis for a better
understanding of a physical system and to predict the next ob-
served values in a time series [8]. One of the most popular meth-
ods is to compute the power spectral density based on an AR
model [4]. The ARMA model is another popular parametric ap-
proach, which uses the input and output signal to model the dy-
namics of physiological systems via either transfer function anal-
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ysis or impulse response functions (IRF). For example, measure-
ments of heart rate (HR) and instantaneous lung volume (ILV) fluc-
tuations were used to estimate a linear impulse response function.
Similarly, renal blood flow and arterial blood pressure data were
used to estimate renal autoregulatory mechanisms [2, 5, 32, 33].
In addition, for short-term prediction and forecasting, autoregres-
sive integrative moving average (ARIMA), one variant of the ARMA
model, provides more accurate results when compared to some
of the popular machine learning methods such as the multi-layer
perceptron, support vector machine, and long short-term memory
(LSTM) [3].

To estimate model parameters, selecting the correct model or-
der for either an AR or an ARMA model is of utmost important [6],
as the performance of AR and ARMA models is critically affected
by the model order selection [7,8]. Model order identification is
a crucial step in the process of estimating accurate AR/ARMA pa-
rameters [9]. There are many techniques for AR and ARMA or-
der selection, including the well-known Akaike Information Cri-
terion (AIC) [10], Bayesian Information Criterion (BIC) [11], min-
imum description length (MDL) [12], cumulant-based determina-
tion [13], minimum Eigen value criterion (MRV) [14], final predic-
tion error [15], and neural networks-based order selection meth-
ods [16-21]. Recently, the genetic algorithm ARMA (GA-ARMA)
[6,22] and the minimum of kurtosis methods [23] were devel-
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oped for ARMA model order estimation. The GA-ARMA uses a ge-
netic algorithm for ARMA model order selection and it is touted
as solving the local minima issue. The kurtosis method uses a
minimization of kurtosis criterion to identify the optimal model
order.

In most of the aforementioned model order selection methods,
the order is estimated by considering all possible combinations of
the initially selected ARMA (p, q) or AR (p) parameters. For ex-
ample, an order range (p) of AR and a pair order range (p, q) of
ARMA orders must be defined prior to model order identification.
The model order coefficients of the system are estimated based on
the assumed values of p and q. Finally, for each of the model or-
der combinations a specific criterion, which usually entails mini-
mizing the loss function, is used to find the optimal model order
[22]. Since these approaches require calculation of the coefficients
of either AR or ARMA models for every possible combination, the
computation time becomes quite expensive [22]. The higher com-
putational time makes it more difficult to apply either AR or ARMA
modeling to real-world applications, which often require real-time
results. Further complicating AR and ARMA model order estimation
is that often data are corrupted with various noise sources which
affect the accuracy of the parameter estimation. Therefore, one
needs to develop not only the pre-trained order selection models
for accurate model order determination but also account for noise
contamination.

Recently, the convolutional neural network (CNN), a deep learn-
ing approach, has reported good performance for classification
tasks in a variety of applications such as visual recognition, ob-
ject detection, natural language processing, speech recognition,
and medical image analysis [24]. The 2-D CNN-based ImageNet
architectures such as AlexNet, Inception, and ResNet were in-
troduced and competed in classification of 1,000 labels [25-29].
The ImageNet-based models train informative features using large
datasets by determining weight matrices for target labels for each
input. For practical applications, the pre-trained matrices can de-
tect correlations between new input data and these large datasets,
and predict a correct label for the input data by considering com-
mon patterns among them as a supervised learning approach.
These processes enable robust applications for the real world.
There has not been much literature on using deep learning for
model order estimation, however. It has been shown that when
multiple features derived from time-frequency analysis [30,31]
(e.g., partial autocorrelation, autocorrelation functions) are used as
input data to a CNN, better performance was achieved when com-
pared to using a single feature (e.g. time series itself without any
preprocessing or data transformation) for model order identifica-
tion [30,31]. In another study [38], the authors used the original
time series data as the input to a CNN for ARMA order identifica-
tion but their best accuracy was less than 21%.

In this paper, we propose supervised model order selection
methods using a 2-D CNN-based ImageNet with transformation of
the time series into time-frequency features as well as the origi-
nal time series as the input data to the network for AR and ARMA
time-series modeling. In this study, we designed two models for
each objective: (1) a general model for any time series in which
both validation and testing datasets’ coefficients are entirely dif-
ferent from those of the training data, and (2) a specific model in
which both validation and testing datasets’ coefficients are subsets
of the training data. The specific model was also evaluated with
three types of additive Gaussian white noise (20 dB, 10 dB, and 0
dB).

This paper is organized as follows: in Section II, our proposed
methods are explained. Section III describes the experimental de-
sign to train the model order selection. Section IV and V describe
the results and the relevant discussion, respectively. Finally, con-
clusions are provided in Section VI.
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2. Proposed methods
Our method consists of three steps: time series modeling, data

preprocessing, and model order selection. Each of these steps is
detailed below.

2.1. Time series modeling

The AR (p) and ARMA (p,q) time-series signals are formulated
as follows:

p

ymy =Y @@y®n—i+e(n) (1)
i=1
p q

ymy =Y e@ym—i)+Y 0@j)xmn-j) +e) (2)
i=1 j=0

In Egs. (1) and (2), p is the order of the autoregressive (AR) fil-
ter and q is the order of the moving average (MA) filter. The two
parameters, ¢(i) and 6(j), represent the coefficients of the AR and
MA terms, respectively. The model orders p and q and the coef-
ficients are unknown. y(n) is the output signal of the time series
and x(n) is the input signal, where n is the total number of data
points. The input x(n), which is the MA portion, is an independent
and identically distributed Gaussian. The e(n) term is the resid-
ual error. For simulations, we added various noise levels of ad-
ditive white Gaussian noise (AWGN). The signal-noise-ratio (SNR)
was formulated as follows:

SNRyp = 1010gm<5) (3)
P

In (3), By is the variance of the time-series signal y(n) and P is
the variance of the AWGN. For simulations, we generated AR and
ARMA time series with p varying from 1-9 and q varying in the 0-
9 range (1 < p < Pmax, 0 < q < qmax), With each signal containing
1,024 points. The maximum orders were purposely chosen higher
than the true model orders since they are unknown for real-life
data. Representative examples of simulated data with an AR and
an ARMA model are shown Fig. 1:

2.2. Data preprocessing

In this paper, we use both the original time-series signals and
their log mel-scaled spectrograms as the input data to CNN archi-
tecture, as shown in Fig. 2. We use this approach since prior stud-
ies have shown that use of both the original signals and their de-
rived features provides better performance than does using only
the original time series data [30,31]. To compute the spectrogram,
the discrete short-time Fourier transform (STFT) is used. The STFT
converts a time-series signal into the time-frequency domain by
computing discrete Fourier transforms (DFT) over short overlap-
ping windows [36]. For STFT, a real-valued time-series signal y that
contains 1,024 points is up-sampled to y that consists of 3,072
points using reflection padding which mirrors the signal on the
first and last sample, respectively. The discrete STFT x of real-
valued signal y is formulated as follows [36]:

N-1 .
x(, k)= "y(+ nH)w([)exp(— 27;;’“) (4)
1=0

The STFT y is given by k € [0:K], where K = N/2 is the fre-
quency index bounded by the Nyquist frequency. The n and k
of x(n, k) are the k" Fourier coefficient for the nt time frame
[36]. We assumed a hop size H = 128 and a window length of
N = 2,048. The window w(I) for [ € [0:N —1] is set to the Hanning
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Fig. 1. Input signal x(n) and corresponding output y(n) for AR(5) and ARMA(5, 5) models.

window [36]. The spectrogram Y(n, k), a two-dimensional matrix
of the magnitude of the STFT, is formulated as below:

yn. k)= |xn k) (5)

For the mel-scaled spectrogram, we obtained the mel scale and
a triangular overlapping filterbank matrix using Slaney’s definition
[37]. The mel scaling from Hertz to mel is linear below 1 kHz and
logarithmic above 1 kHz. The Slaney-style mel scale is computed

by (6).

27.0

f N\, 270
log,64

Hz_to_mel = 1000 + log, (m> (6)

In (6), f is Hertz with f < [0:F] where F = Fs/ 2. The sam-
pling rate Fs is 48,000 Hz. The Slaney-style filter bank M(k, m)[37]
with k € [0:K] and mel scale m € [0:M=127] uses 30 linearly-
spaced filters and 98 log-spaced filters. The details for the Slaney-
style filter bank are described in [37]. The mel-scaled spectrogram
Y(n, m) is achieved by implementing a dot product of the spec-
trogram ) (n, k) and the filter bank M(k, m) shown in Eq. (7). The
log scale is calculated using power-to-dB conversion.

Y(n, m)=Y(n, k) -M(k, m) (7)

For data preprocessing, time-series signals and their log mel-
scaled spectrograms were subdivided as shown in Fig. 2. Each
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Fig. 2. Data pre-processing for ARMA identification.

time-series signal, consisting of 1,024 points (Fig. 2(a)), was split
into 8 segments of 128 points (Fig. 2(b)). The log-scaled spectro-
gram features (Fig. 2(c)), 9 segments of 128 points (lengths of time
frame 9 and mel-scaled range from 0 to 127), were extracted from
the time-series signal (Fig. 2(a)). For 2-dimensional CNN, the 2-D
representations of both time-series segments (Fig. 2(b)) and mel-
scaled spectrograms were expressed as Fig. 2(d) and (e). Finally,
both Fig. 2(d) and (e) were combined into one vector of 17 x 128
(Fig. 2(f)) as an input vector for the model order selection. The
combined original time series data and spectrogram, which is de-
noted as §(w, m) in Eq. (8), is used as the model training data for
the CNN architecture.

d(w, m) = Y(n, m) ++ u(l, m) (8)

In Eq. (8), u(l, m) is the original signal which is split into [ seg-
ments of m points, shown Fig. 2. The Y(n, m) is the mel-scaled
spectrogram and “++” denotes combined signals. The spectrogram
6(w, m) is combined based on m, thus w is the sum of n and
I. This preprocessing technique enables one to train the network
model more efficiently by using more diverse information. Note
that when the input data are not large enough, the spectrogram
may not provide sufficient feature dynamics, hence, including the
original time series prevents this.

2.3. Order selection methods

For the model order selection, we selected two popular
ImageNet classification models: Google Inception-v3 [26] and
ResNet50-v2 [28] based on 2-D CNN. Inception- and ResNet-based
models consist of deep convolutional layers to obtain significant
patterns derived from large datasets. The CNN model is formed by
many multiple layers with convolutional and pooling operations.
These operations are applied to each layer which generates a va-
riety of CNN filters with stride and padding parameters. The CNN
model captures both low-level and high-level feature representa-
tions between input data and output target by building deep lay-
ers which create many features with various filters. These combi-
nations enable capturing of significant spatial and temporal non-
linear correlations between the data and the target.

The Inception-v3 is built by symmetric and asymmetric blocks
of 42 layers developed from the first GoogleNet (Inception-v1) [27],
using three inception modules with 24 million parameters. Each
inception module consists of different convolutional filters to gen-
erate a variety of features, and the output feature maps are con-
catenated into a vector to form the input to the next stage [26], as
shown in Fig. 3. The structure enables estimating more informative
features using these various feature matrices, which are concate-
nated. The details for the Inception structure are shown in [26].
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The ResNet50-v2 [28] is composed of multiple residual module-
v2s with 26 million parameters, revised from the first residual
module [29]. The residual module-v2 contains batch normalization,
ReLU activation, and convolutional layers to form F(x), as shown in
Fig. 4. F(x) + x is denoted as the residual module, and it is realized
by mapping an identity skip connection from the layer x to F(x).
The skip connection assumes identity mapping to prevent the CNN
from having vanishing gradients.

The overall structure, with identity mapping, achieves higher
performance with increased depth of the CNN layers, which in turn
produces results that are better than generic CNN structures that
use only F(x). The details for ResNet-v2 are provided in [26]. Both
ImageNet models as described include the average and max pool-
ing, batch normalization, dropouts, and fully connected layers as
well as convolutional layers. The training process for each model is
described as follows:

Algorithm: ImageNet model training process.

Data_X = datasets of the pre-processed signal §(w, m)
if type(Data_X) == AR:
Label_y = the ranges of the AR orders of Data_X
else if type(Data_X) == ARMA:
Label_y = The multiplication between the ranges of the AR and MA orders
of Data_X
for epoch = 0:total_epochs
Upsampled_X = data_upsampling(Data_X)
for batch = 0:(total_size(Data_X )/batch_size)
start_point = batch*batch_size
end_point = (batch+1)*batch_size
batch_X = Upsampled_X(start_point:end_point,:)
batch_y = Label_y(start_point:end_point)
Training_ImageNet(input: batch_X, output: batch_Y)

Each input vector 6(w, m) was up-sampled from 17 x 128 to
112 x 128 to cover a large convolutional network structure. The
large networks include a lot of padding, stride, and pooling oper-
ations, and they induce feature map vanishing when input size is
too small. The size of the output layer, Label_y is based on the ini-
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tial choice of model orders. For our case, we purposely chose the
output size, y, of the ImageNet to be overdetermined as: 9 for AR,
10 for MA, and 90 for ARMA since these model orders ranged from
1 to 9 for AR and 0 to 9 for MA. When trained, the ImageNet esti-
mates the model orders from the input data and the output layer,
and it contains the probabilities associated with each model order.
For example, there are 9 probability numbers for an AR model or-
der selection of 9, 10 probability numbers for an MA order selec-
tion of 10, and 90 probability numbers for an ARMA (9, 10) model.
There is a probability associated with each output layer, and the
label index of the output layer with the highest probability is cho-
sen as the estimated AR/ARMA order.

Finally the ImageNet models train the up-sampled 8(w, m) to
predict output Label_y. The predicted label was determined via
Softmax classifier. For the model order training process, both Im-
ageNet models were initialized using the Xavier initializer. The
loss function was Softmax cross entropy. The Adam optimizer for
ResNet50-v2 and the RMSprop optimizer for inception-v3 were se-
lected, with a learning rate of 0.001. The epoch was 25, which de-
notes that the entire training dataset was trained 25 times using
the batch size of 512. These optimal values for optimizer and learn-
ing rate were determined via trial and error to find the best hyper-
parameters.

3. Experiment

This section describes the datasets for training, validation, and
testing for model order selection. We designed a set of experi-
ments in order to evaluate the general and specific AR/ARMA mod-
els including noise contamination of various levels of AWGN. Each
of these steps is detailed below.

3.1. Dataset

We generated AR and ARMA datasets for the general and spe-
cific models for the scenarios shown in Table 1.

As shown in Table 1, we generated AR and ARMA time-series
data sets for (1) the general model for any time series, and (2)
the specific model without and with various levels of AWGN. The
time series of ARJARMA models were synthetically generated us-
ing Eqgs. (1) and (2). For the general model, 362,160 datasets were
generated for each of the AR and ARMA signals using a total of
362,160 coefficients. The MA portion x(n) was created using the
independent and identically distributed Gaussian distribution. For
training, 360,000 datasets were used. The test and validation data
sets had 1,080 data each and they had entirely different coeffi-
cients than those used in the training data. For both the general
and specific models, only the output signal y(n) of the time series
was used as the input vector to the two different models of the
ImageNet.

For the specific model, we generated AR signals of 271,800
datasets and ARMA signals of 271,800 datasets. The AR and ARMA
model datasets were generated using 2,718 coefficients, respec-
tively. For each of the 2,718 coefficients, the MA portion x(n) was
generated 100 times using independent and identically distributed
Gaussian distribution, thus resulting in 271,800 datasets. Of the
271,800 datasets, 270,000 were used for training, 900 were used
for validation, and 900 were used for testing, for both AR and
ARMA models. The test and validation data included the same co-
efficients as those of the training data, but these coefficients were
different between test and validation datasets for both AR and
ARMA models. The AR/ARMA model coefficients were generated
randomly while retaining the system’s stability and invertibility. In
addition, three different levels of GWN were added to both AR and
ARMA models to achieve SNR of 20 dB, 10 dB, and 0 dB.
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Table 1
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Datasets for general and specific models for each scenario.

Scenario /model  Training  Validation  Test (*noise) = Number of coefficients
(1)AR model 360,000 1,080 1,080 362,160

(1)ARMA model 360,000 1,080 1,080 362,160

(2)AR model 270,000 900 900(*4) 2,718

(2)ARMA model 270,000 900 900(*4) 2,718

3.2. Model training

We trained an AR model for the AR process and separate AR,
MA, and ARMA models for the ARMA process using each ImageNet
model. The output size was 9 for the AR model, 10 for MA and 90
for ARMA. The input size of the models was fixed to 112 x 128, as
described in Section II. We also trained both ImageNets using only
the original time-series signal, u(l, m), in Eq. (8) to compare this
approach to our proposed input consisting of both time-frequency
and the original time series data. The u(l, m) was up-sampled to
112 x 128. The hyper-parameters of the ImageNet using u(l, m)
were set with the same parameters as that of the case with the
combined input consisting of both time-frequency and the original
time series data. The models were trained using Python 3.7 with
Tensorflow 1.18.3 version.

The best models were selected depending on the accuracies of
the validation datasets and the chosen model’s performance was
evaluated using the test datasets. For the scenario when AWGN
was added to the specific data sets, the training data were based
on only the uncontaminated data. This was done to simulate the
realistic scenario where we do not know how much the data have
been corrupted by various noise sources.

4. Results

In this section, we evaluate the accuracy of each method in cor-
rectly estimating the model orders. For proposed methods, each of
the best order selection model is chosen based on the highest ac-
curacy in the validation dataset post training. We also compare the
models made with ImageNet to the two widely used traditional
approaches to estimating the model order determination methods:
the Akaike information criterion (AIC) [10] and Bayesian informa-
tion criterion (BIC) [11].

Figs. 5 (a) and (b) shows the model order selection accuracies
using Inception-v3 and ResNet-v2 with both time-frequency and
the original time series data, and only the original time series data,
respectively, on the validation and test datasets that are not con-
taminated by any noise levels. As shown in Figs. 5 (a) and (b), the
accuracies for AR and ARMA model order determination were bet-
ter with the combined time-frequency and the original time series
than using only the original time series data for all cases consid-
ered. These results suggest that the proposed multiple features ex-
traction using both time-frequency and the original data provide
more accurate model order determination.

Fig. 6 illustrates in detail the accuracies for training, valida-
tion, and test at each epoch using both models using the pro-
posed time-frequency and the original time series. One epoch in-
dicates an entire training dataset that is used at a given time, thus
Fig. 6 shows how the performance of the various model identifi-
cations is changed for each epoch. For the AR time-series signals,
the best accuracies of 78.24% and 80.09% were obtained by the
Inception-v3 and ResNet50-v2 models, respectively, using test sets.
In the specific modeling case, their accuracies improved to 95.56%
and 95.89%.

For the ARMA time series, we examined the accuracy in two
ways. The first criterion was the number of combined AR and
MA orders that were correctly determined. The second criterion

was the number of separate AR and MA model orders that were
correctly determined. The accuracies of the general ARMA model
order selection using time-frequency and time series data were
23.70% for the Inception-v3 and 30.65% for ResNet50-v2 models,
respectively, using test datasets, per the first criterion (determi-
nation of combined AR and MA orders correctly). For the spe-
cific model, the accuracies for the ARMA order selection for the
Inception-v3 and ResNet50-v2 models using both time-frequency
and time series data were 98.44% and 98.22%, respectively, using
the test datasets, per the first criterion.

Figs. 5 (a) and 6 show the performance using separate AR
(47.04% for Inception-v3, 50.19% for ResNet50-v2) and MA (43.43%
for Inception-v3, 47.76% for ResNet50-v2) model order selection for
the general time series involving ARMA processes. The accuracies
improved to 99.00% (for Inception-v3) and 99.44% (for ResNet50-
v2) for AR and 98.22% (for Inception-v3) and 98.67% (for ResNet50-
v2) for MA for the specific model using the second criterion (AR
and MA models were separately counted).

Tables 2 and 3 show the results for the proposed general and
specific models, respectively, in determining accurate model orders
for the clean and noisy signals with AWGN at 20 dB, 10 dB, and
0 dB SNR levels. Also shown in these tables are the comparison of
ResNet50-v2 and Inception-v3 using both time-frequency and the
original time series data as well as only the original time-series
data to both AIC and BIC methods. Table 2 shows the result of
estimating AR model order when the output label is only the AR
model as well as the combined ARMA model orders when the out-
put label is an ARMA model. Table 3 shows the accuracies of each
of the AR and MA models that were correctly determined for a
given ARMA model.

Both the proposed general and specific models for AR and
ARMA model order determination outperformed AIC and BIC for
nearly all cases. ResNet50-v2 in general had slightly better perfor-
mance than did Inception-v3, thus, henceforth, the former method
will be mainly described for the results in Tables 2 and 3. In
Table 2, the ResNet50-v2-based general models with both time-
frequency and time series data achieved accuracies of 79.11%,
73.33%, 49.33%, and 22.78% in clean, 20 dB, 10 dB, and O dB con-
ditions for the AR order for a given AR process. For the ARMA
process, we obtained the best test accuracies of 30.11%, 24.44%,
14.11%, and 4.00% using the ResNet50-v2 for the clean data and the
three sequentially decreasing SNR levels, respectively. The perfor-
mance of AR and ARMA model order selection using ResNet50-v2
improved with the specific models; the specific models obtained
the best accuracies of 95.89% (clean data), 93.78% (SNR = 20 dB),
76.67% (SNR= 10 dB), and 29.33% (SNR = 0 dB) for the AR or-
der in a given AR process, and accuracies of 95.89% (clean data),
93.78% (SNR=20 dB), 76.67% (SNR=10 dB), and 29.33% (SNR = 0
dB) for the ARMA order given an ARMA process. In addition, for
most cases, the proposed approach to using both time-frequency
and the original time series data provided more accurate model
order determination than using only the time series itself.

Table 3 provides the results of separate AR and MA model or-
der selection for a given ARMA time-series data. In Table 3, the
mark [*] next to the model name indicates the results are ei-
ther for the AR or MA parts of the ARMA models. Other general
and specific models that do not include a mark [*] are individual
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Fig. 5. The performance comparison for AR, MA, and ARMA order selections (clean signals).

AR and MA models that were trained for only the AR or MA or-
der, respectively. The accuracies obtained by the AR and MA parts
of ARMA models were similar to the performance of the individ-
ual AR and MA models. The ResNet50-v2-based general models
(those that do not include a mark [*]) using time-frequency and
time series data obtained accuracies of 52.89% (clean data), 50.56%
(SNR = 20 dB), 39.67% (SNR = 10 dB), and 24.22% (SNR = 0 dB) for
the AR order, 49.00% (clean data), 43.89% (SNR = 20 dB), 29.11%
(SNR = 10 dB), and 12.33% (SNR = 0 dB) for the MA order selec-
tions. The accuracies improved using the specific ARMA model to
98.78% (clean data), 94.33% (SNR = 20 dB), 69.78% (SNR = 10 dB),
and 28.67% (SNR = 0 dB) for the AR order; 98.67% (clean data),

Table 2

93.11% (SNR = 20 dB), 62.22% (SNR = 10 dB), and 19.33% (SNR = 0
dB) for the MA order selections. In addition, for most cases, the
proposed approach to using both time-frequency and the original
time series data provided more accurate model order determina-
tion than using only the time series itself. The execution times for
each model in Tables 2 and 3 are the average computational times
for the four test data sets which consist of the clean and three
different SNR levels. The computational time for preprocessing to
convert time series into a time-frequency plot took 0.004 seconds
for a given dataset. For these tests we used Intel(R) Xeon(R) E-
2246G CPU @3.60GHz, and 32GB memory in Windows 10.

AR and ARMA order selection accuracy for each AR and ARMA process (Specific AR and ARMA Time series datasets).

Order selector ~ Model Clean (%) 20 dB (%) 10dB (%) 0dB (%) Ave. Execution Time (sec)

AR AIC 64.22 53.67 29.56 18.44 468.90
BIC 69.33 62.11 41.89 21.22 468.72
Inception-v3(general) 76.00 70.22 51.67 27.89 18.05
ResNet50-v2(general) 79.11 73.33 49.33 22.78 34.84
Inception-v3(specific) 95.67 94.44 81.67 35.22 16.99
ResNet50-v2(specific) 95.89 93.78 76.67 29.33 32.41
1d.Inception-v3(general) 54.07 48.61 47.59 35.46 17.22
1d.ResNet50-v2(general)  49.35 46.57 4491 37.04 32.62
1d.Inception-v3(specific) 91.78 89.00 76.33 33.78 13.12
1d.ResNet50-v2(specific)  93.00 90.67 76.11 31.33 28.95

ARMA AIC 17.89 15.11 8.33 3.33 32553.77
BIC 22.78 19.78 10.00 1.22 32515.41
Inception-v3(general) 19.67 18.00 11.22 4.22 18.11
ResNet50-v2(general) 30.11 24.44 14.11 4.00 33.06
Inception-v3(specific) 98.44 93.44 62.89 14.78 17.22
ResNet50-v2(specific) 98.22 94.67 61.67 7.89 3233
1d.Inception-v3(general) 8.89 8.52 5.19 3.24 16.01
1d.ResNet50-v2(general) 7.13 5.93 4.07 1.94 34.41
1d.Inception-v3(specific)  94.22 93.67 75.78 31.33 13.46
1d.ResNet50-v2(specific)  95.11 93.78 81.56 31.33 28.46

Note: “1d.” denotes ImageNet models using only the original time series data



J. Moon, M.B. Hossain and K.H. Chon

10
]
0.9 -
508 g
E o
307 Inception.train
< —=— Inception.valid
0.6 —=— Inception test
o— ResNet.train
05 ©0— ResNet.valid
o— ResNet test
04 0 5 10 15 20 25
Epoch
(a) General AR model for AR time series
10 —=— Inception.train "
—=— [nception.valid ” —d
08 — Inception.test /./
©— ResNet train &
3 ©0— ResNet.valid s
£ 06 —° ResNettest y
Q
<
04
02
5 10 15 20 25
Epoch

(c) General ARMA model for ARMA time series

10 — Inception.train

—=— [nception.valid o
i 3
08 —u— Inoeptlon,tgst L
©— ResNet.train e
z ©0— ResNet.valid P o
© 06 —o ResNettest oo Ao
3 ey . 8/ ) § °
g 00880580 oVgog g  a _—
04 ¥ °
0.2
0 5 10 15 20 25
Epoch
(e) General AR model for ARMA time series
10 —» Inception.train =
—=— Inception.valid - e
08 —&— Inception.test o
' o— ResNet.train ad
> ©0— ResNet.valid A/
o o L]
© 06 —° ResNettest T
3 -
<
04
0.2
0 5 10 15 20 25
Epoch

(g) General MA model for ARMA time series

Signal Processing 183 (2021) 108026

1.0
0.9
[y
E
3 08 —=— nception. train
< —=— Inception.valid
—=— Inception.test
07 o— ResNet.train
©0— ResNet.valid
o— ResNet test
. 0 5 10 15 20 25
Epoch
(b) Specific AR model for AR time series
10
09
3
© 08
3 —=— Inception train
—=— Inception.vali
< 07 Inception valid
' —=— Inception test
©o— ResNet.train
06 ©0— ResNet.valid
o— ResNet test
05 0 5 10 15 20 25
Epoch
(d) Specific ARMA model for ARMA time series
1.0
09
3
© 08
3 —=— Inception train
< —=— Inception.valid
0.7
' —=— Inception test
o— ResNet.train
06 ©0— ResNet.valid
o— ResNet.test
gs 0 5 10 15 20 25
Epoch
(f) Specific AR model for ARMA time series
1.0
0.9
z
© 08
3 —=— Inception train
< —=— Inception.valid
0.7
' —=— Inception test
©o— ResNet.train
06 ©0— ResNet.valid
o— ResNet.test
05 0 5 10 15 20 25

Epoch
(h) Specific MA model for ARMA time series

Fig. 6. The performance of training, validating, and testing each epoch by proposed models for AR, MA, and ARMA order selection using the proposed both time-frequency

and time series features.

5. Discussion

We proposed two different models of ImageNet-based deep
learning, the Inception-v3 and ResNet50-v2, for approximating AR
and ARMA model orders. We also used a preprocessing technique
which used both the time series and its spectrogram to ensure
diversity and enhanced feature dynamics for better accuracy of
the model order determination. Traditional model order determi-
nations are largely based on least-squares approaches to minimize
the associated cost functions. Some of the well-known and widely
used traditional model order methods are the AIC and BIC. Given
the advances in deep learning methods, in this work we exam-
ined if some of the recently developed and accurate ImageNet-
based methods can more accurately determine the model orders

when compared to AIC and BIC. Hence, we performed simula-
tion examples involving various AR and ARMA models with and
without noise sources. Moreover, we examined how the proposed
deep learning methods would fare when the testing datasets’ co-
efficients are related to those of the training data, or are not. The
latter case represents realistic scenarios.

We found that for all cases considered involving both AR
and ARMA models, the two ImageNet models, in particular the
ResNet50-v2 using time-frequency and time series data, provided
better accuracy in determining correct model orders when com-
pared to either the AIC or BIC. When the testing and validation
data did not contain coefficients associated with the training data,
which we called the general model, as expected, the accuracy in
determining the correct model order suffered. However, the per-
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Table 3

AR and MA order selection accuracy for ARMA processes (specific ARMA time series datasets).
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Order selector ~ Model Clean (%) 20 dB (%) 10dB (%) 0dB (%) Ave. Execution Time (sec)

AR AIC* 31.78 32.11 26.00 18.56 32553.77
BIC* 36.67 36.33 27.67 12.11 32515.41
Inception-v3(general)* 40.89 42.11 34.22 25.89 18.11
ResNet50-v2(general)* 51.67 46.67 38.56 24.11 33.06
Inception-v3(general) 47.22 44,56 36.89 25.44 18.30
ResNet50-v2(general) 52.89 50.56 39.67 24.22 33.04
1d.Inception-v3(general)* 28.24 27.04 26.11 16.02 16.01
1d.ResNet50-v2(general)* 28.33 28.15 23.80 16.94 34.41
1d.Inception-v3(general) 24.63 23.52 21.30 15.93 16.19
1d.ResNet50-v2(general) 27.31 28.15 23.24 18.89 34.52
Inception-v3(specific)* 98.89 96.11 69.56 24.11 17.22
ResNet50-v2(specific)* 98.78 94.33 69.78 28.67 32.33
Inception-v3(specific) 99.44 94.33 72.78 28.78 17.41
ResNet50-v2(specific) 99.00 95.22 71.78 31.67 32.23
1d.Inception-v3(specific)* 24.26 22.50 15.93 14.63 13.46
1d.ResNet50-v2(specific)* 20.28 18.98 15.83 14.07 28.46
1d.Inception-v3(specific) 89.56 88.67 74.56 34.44 13.28
1d.ResNet50-v2(specific) 95.00 93.22 84.11 36.22 28.54

MA AIC* 30.56 29.78 20.33 12.89 32553.77
BIC* 39.00 35.22 19.89 8.89 32515.41
Inception-v3(general)* 39.67 35.11 27.89 13.33 18.11
ResNet50-v2(general)* 49.00 43.89 29.11 12.33 33.06
Inception-v3(general) 47.22 44,56 36.89 25.44 18.30
ResNet50-v2(general) 52.89 50.56 39.67 24.22 33.04
1d.Inception-v3(general)* 24.26 22.50 15.93 14.63 16.01
1d.ResNet50-v2(general)* 20.28 18.98 15.83 14.07 34.41
1d.Inception-v3(general) 21.02 22.13 17.31 13.80 16.06
1d.ResNet50-v2(general) 19.91 19.54 17.31 13.98 34.59
Inception-v3(specific)* 98.44 93.44 62.89 14.78 17.22
ResNet50-v2(specific)* 98.22 94.67 61.67 7.89 32.33
Inception-v3(specific) 98.22 90.78 63.11 23.56 17.39
ResNet50-v2(specific) 98.67 93.11 62.22 19.33 32.60
1d.Inception-v3(specific)* 95.33 94.56 79.89 39.78 13.46
1d.ResNet50-v2(specific)* 95.89 94.89 84.44 39.67 28.46
1d.Inception-v3(specific) 89.56 88.22 71.89 30.89 13.26
1d.ResNet50-v2(specific) 95.11 92.78 82.11 36.44 28.77

Note: the results for AR and MA order selections made by ARMA models contain a mark [*] next the model name

formance of the ResNet50-v2 as well as the Inception-v3 was bet-
ter than that of either the AIC or BIC. Certainly, when the valida-
tion and testing datasets contained coefficients from the training
data, which we called the specific model, the model order deter-
mination accuracies with both ResNet50-v2 and Inception-v3 were
quite accurate (> 96%) for most cases when the data were not cor-
rupted with AGWN. However, the AIC and BIC were not able to
provide more than 39% accuracy. As expected, for both the gen-
eral and specific model scenarios, both ImageNet-based methods’
performance degraded commensurate with decreasing SNR levels,
but again, their accuracies were better than were those of both
AIC and BIC. We also compared ImageNets performance using both
time-frequency and time series data against only the time series
data. Only in two cases of the specific scenario, 10 dB and 0 dB,
the input consisting of only the time series provided better re-
sults than combined time-frequency and time series data. Other-
wise, the ImageNet models using proposed time-frequency and the
original time series data outperformed the case where the input
data consisted of only the original time series. Our results are con-
sistent with previous reports which showed that multiple features
derived from time-frequency analysis as the input of the CNN pro-
vided better performance than using only the time-domain feature
[33. 34].

In Tables 2 and 3, the ResNet50-v2 model using time-frequency
and time series features was found to be better than all methods,
and BIC was better than AIC, thus, Fig. 7 reports only the percent-
age of relative error reduction (RER) between ResNet50 using the
multiple features and BIC: (Errorgesnes — Errorgic)/Errorgc *100 (%).
For the AR order selection for an AR process, the general model’s
RERs were 31.89%, 29.61%, 12.80%, and 1.98% for the clean, 20 dB,

10 dB, and 0 dB signals, respectively. For the general ARMA models,
when the requirement is that both AR and MA terms are correctly
determined, the RERs for the four conditions (clean data and 3
SNR levels) were 9.49%, 5.81%, 4.57%, and 2.81%. When only the AR
terms were correctly determined from the ARMA process, the RERs
were found to be 25.61%, 22.34%, 16.59%, and 13.79% for the four
conditions; when only the MA terms were correctly determined
from the ARMA process, the RERs were 16.39%, 13.38%, 11.51%, and
3.78% for the four conditions. Certainly, requiring that both AR and
MA parameters in combination be accurate is a more stringent cri-
terion than having either only the AR or only the MA model or-
der be accurate; hence, we see better performance with the lat-
ter. These results suggest that when only the output signal y(n) is
available but with a priori knowledge that other inputs affect the
output y(n), it is better to obtain separate AR and MA models than
the combined ARMA model.

Unlike the general models, the specific models can be applica-
ble for cases when there exist sufficient training data or the experi-
mental conditions generated a diverse set of data. When such con-
ditions have been met, we showed via simulation examples that
one obtains highly accurate model order determination results, as
shown in Tables 2 and 3. Again, the results are for ResNet50-v2
and for the clean and three levels of SNR (20, 10, and 0 dB). We
found RERs of 95.89%, 93.78%, 76.67%, and 29.33% for the AR or-
der for an AR process; 97.98%, 91.82%, 58.77%, and 13.73% for both
AR and MA simultaneously for an ARMA process; 99.12%, 91.09%,
62.36%, and 18.97% for the AR order estimation for an ARMA pro-
cess; and 97.82%, 89.36%, 52.84%, and 11.46% for the MA order es-
timation for an ARMA process. Note that for both the general and
specific model simulation cases, the training data were based on
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Fig. 7. The performance of relative error reduction between ResNet50-v2 and BIC in specific AR and ARMA processes.

only the clean data. The results reported above for both scenar-
ios were based on testing data from the noise-contaminated data.
Thus, these proposed methods can potentially be used to obtain
accurate model order selection when the dataset is representative
of the overall dynamics of the system. The specific model may re-
quire extensive training data to learn the dynamics of the system.
To this end, a data augmentation approach using the generalized
adversarial neural network (GAN) [34,35] can potentially be used
for generating more training data for deep learning. However, we
found that the general models that do not train with the dynam-
ics of the system still provide better accuracies when compared to
traditional methods. Especially, the general AR model obtained an
accuracy of 80% for an AR process.

The ResNet50-v2 and Inception-v3 methods with the prepro-
cessing provided faster execution time when compared to either
AIC or BIC, leaving aside the extensive training time of the pro-
posed approaches. Once the networks had been trained as the
supervised models, the execution time was ~13-28 (for AR) or
~1,000-1,900 (for ARMA) times faster than for AIC and BIC, as
shown in Tables 3 and IV. The faster execution time can lead to
potential real-time application of these AR and ARMA models to
various physical systems, provided that training has been done a
priori.

The purpose of determining an accurate ARMA model order is
that it can be applied to real databases. However, since we do not
know the true model order for any physiological system, we lim-
ited our results to synthetically generated data with various SNR
conditions to mimic real-life scenarios (noise contamination of the
data) as best as we can, to examine how accurately we can de-
termine the true model order. Note that we know the true model
order since the data are synthetically generated with a priori de-
termined model order. From the simulation examples, as the re-
sults do provide good confidence in the accuracy of model or-
der determination, we can then extrapolate that our approach will
most likely provide very close approximation of a real-life system’s
model order.

6. Conclusion and future work

In this paper, we proposed supervised model order selection
methods for AR and ARMA time series using 2-D CNN-based
Inception-v3 and ResNet50-v2 deep learning models and a pre-
processing approach which combines both the time series and its
spectrogram for both ImageNet models. To demonstrate the per-
formance of these CNN-based methods, we designed two models—
one general and one specific. The general model refers to when
the validation and testing data are blind to the coefficients of the
training data, whereas in the specific model the validation and
testing data share dynamics with the training data. The general
model simulates real life scenarios where only the output signal

10

y(n) is available, from which one needs to estimate either the AR
or ARMA model orders. If the output signals truly represent the
system (e.g. without significant effects from other input perturba-
tions), both the ResNet50-v2 and Inception-v3 provided good ac-
curacies and they were both better than either the AIC or the BIC.
If the output signals are affected by noise sources (e.g. Gaussian
white noise), then the deep learning methods’ performance de-
graded, as expected. However, their performance was still far bet-
ter than that of either AIC or BIC. Moreover, these deep learning
methods were more tolerant of AWGN than were AIC and BIC. The
results of the specific model suggest that if the training data is
comprehensive, there is a good chance that accurate model orders
can be obtained even when only the output data is available for a
system that is perturbed by other input sources. As shown in sim-
ulation examples, this is apparently not the case for either the AIC
or BIC, as their accuracy approached only ~39% at best for clean
data, and this value fell precipitously with decreasing SNR levels.

While the training time is expensive for these deep learning ap-
proaches, the testing time is significantly faster than that of either
the AIC or BIC. Hence, once training is completed, the model order
determination for any physical system can potentially be computed
in real time. Given the superior performance of the deep learn-
ing methods over the traditional approaches for model order de-
termination of AR and ARMA time series using simulation exam-
ples, future steps are to further investigate their application to var-
ious physiological systems, including renal and cardiovascular sys-
tems, as the results may uncover additional important dynamics
that have been masked with the traditional model order selection
methods.
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