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A B S T R A C T   

The problem with processing of multivariate/multichannel signals lies in adapting of existing classifiers on data. 
Reformulating time-series data as visual clues and assigning visual patterns to different categories help the 
classification of time series in a wide range of applications. These series-to-image transformations have benefits 
including better noise robustness and more options regarding augmentation. They also provide the possibility of 
achieving discriminative features by employing transfer learning paradigm in cases dealing with highly small 
training datasets. In this respect, this work aimed to encode spectral-phase information into a bi-dimensional 
map. Transferring knowledge was done using bi-dimensional transformation capitalizing on the direction and 
propagation pattern of one channel influence on the others. EEG data from patients diagnosed with delirium (N 
= 15) recorded using a 10-channel BrainStatus device were used for this analysis. Considering leave-one-subject- 
out cross-validation, classification outcomes demonstrated that directedness transfer learning via Alexnet yields a 
promising performance showing 97.17% precision and outperforming other approaches. Comparison with nine 
different deep networks pretrained on ImageNet database was included. Directedness transfer learning resulted 
in precision of 95.29 ± 1.46 (µ ± σ)% among all networks. For further evaluation, directedness bi-dimensional 
transformation was also compared with six other 2D maps. Applying different networks resulted in average 
precision of (91.99 ± 2.23)% for polar-, (91.69 ± 1.57)% for correlation-, (90.46 ± 1.71)% for Spectrogram-, 
(87.82 ± 2.16)% for Wavelet-, (84.24 ± 1.72)% for Wigner-Ville- and (82.84 ± 2.46)% for Mel-frequency 
Cepstrum maps. To conclude, the proposed technique shows significant benefit in compressing spatio-spectral 
patterns of multichannel signals in just a unified visual representation.   

1. Introduction 

Mapping multichannel time-series data into a more abstract yet 
informative bi-dimensional domain and exploring visual patterns help 
the processing of signals in a wide range of applications. These mappings 
have benefits including better noise robustness and more options 
regarding augmentation. They also provide the possibility of applying 
transfer learning paradigm in cases dealing with small and highly un-
balanced training datasets [1,2]. 

In cases containing multi channels or multi variables, the signals can 
be directly or indirectly related with each other. It would therefore be of 
high value to transform all the spectral, phase and spatial information 
within time-series data into a unified and compact form which give a 
better insight into the relations between channels or variables [3,4]. 

Bi-dimensional transformations applied on time-series data have 
been used in many studies ranging from pattern recognition in patient 

pathology to emotion detection. These include different transformations 
in different domains ranging from spectrogram representation to 
correlation-based representations [5-20]. 

Considering the growing applicability of bi-dimensional trans-
formations in a wide range of domains, the current study intended to 
investigate whether transferring knowledge from pre-trained state-of- 
the-art deep learning architectures could be effective in learning 
discriminative features in bi-dimensional map constructed based on 
fusing information in different spectral, phase and spatial domains. 

2. Available bi-dimensional maps 

2.1. Spectrogram map 

The time–frequency spectrograms, being generated using the short- 
time Fourier transform (STFT), has been considered as one way of 
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reformulating features of physiological time series as visual clues. This 
spectrogram transformation showed promising accuracy of 99.11% for 
CNN-based classification of ECG arrhythmia [21]. 

2.2. Wigner-Ville map 

One of the time–frequency methods being developed to address some 
of the limitations of spectrogram is Wigner-Ville distribution in which 
the time-series data is compared with itself for all possible lags in any 
time and frequency window of any size. 

While Wigner-Ville distribution is being insensitive to both time and 
frequency shifts and provides information about the instantaneous 
power in the time–frequency localizations of time series, it also has the 
drawback of unnecessary cross-terms [6]. 

This Wigner-Ville distribution is achieved by taking Fourier trans-
form of the instantaneous autocorrelation function along the lag 
dimension according to the Eq. (1) [7]. 

[n,m] = 2
∑N

k=1
x[n+ k]x*[n − k]e−

j2πmn
N = 2

∑N

k=1
e−

j2πmn
N Rxx[n, k] = FFT[Rxx[n, k] ]

(1)  

in which Rxx[n, k] is instantaneous autocorrelation function [7]. 
Applications of Wigner-Ville distribution in time series classification 

were listed in Table 1. 

2.3. Choi-Williams map 

An improved version of Wigner-Ville distribution is Choi-Williams 
distribution with an exponential-type kernel and has been used in 
some time series classification [9]. It was developed to reduce unnec-
essary cross-terms generated by Wigner-Ville distribution is Choi- 
Williams distribution with an exponential-type kernel according to the 
Eq. (2) [6]. 

G(u, τ) = e− αx2 (2)  

in which α is the convergence factor describing how quickly the kernel 
amplitude falls off. Table 2 summarizes the applications of Choi- 
Williams distribution in time series classification. 

2.4. MEL Cepstrum map 

Exploring discriminative visual patterns in the 2D MEL Cepstrum 
representation was considered in a study as a tool for monitoring the 
driver’s distraction. In this study, galvanic skin response (GSR) signal 
was converted into MEL Cepstrum space and a convolutional neural 
network (CNN) was used to learn specific patterns in 2D MEL Cepstrum 
image associated with driver state (distracted from non-distracted state). 
The performance of CNN structure in learning discriminative visual 
patterns from 2D spectro-gram and Mel cepstrum representation was 
also compared [a0]. This MEL Cepstrum transformation showed accu-
racy of 93.28% for CNN-based monitoring the driver’s distraction [38]. 

2.5. Recurrence map 

Another technique for visual inspection of time series is recurrence 
plots (RP), originating in the chaos theory. This 2D representation which 
encodes trajectories in the phase space has been used as inputs to CNN 
networks [10] and has been employed for classifying a wide range of 
applications like object shape time series, upper and lower profile shape 
time series, food spectrogram time series [39] and phenological time 
series [11]. Recurrence-plot-based measures was also considered for 
detecting and quantifying cardiac arrhythmia [40]. Recurrence plot 
generated from center of pressure (COP) signals was used for quanti-
fying human postural fluctuations in older fallers and non-fallers [41]. 
Recurrence plot was also applied for pattern recognition in multichannel 
electroencephalographic (EEG) recordings of patients suffering from 
brain tumor [2]. Applying recurrence plot was also recommended for 
the robust emotion recognition from corresponding electro- 
encephalogram (EEG) signals [42]. 

2.6. Markov transition field (MTF) map 

Markov transition field (MTF) captures transition statistics of quan-
tiles or states which observations in the time series are divided into. This 
transformation counts how many transitions occur between quantiles 
and generate the preliminary W matrix and consequently encodes the 
statistics as an image. This trans-formation was used for addressing the 
problem of classifying eucalyptus plantations in remote sensing images, 

Table 1 
Application of Wigner-Ville distribution in time series classification.  

Ref Application Technique Modality Accuracy 

[22] Detection of neuromuscular diseases like 
amyotrophic lateral sclerosis (ALS) 

Feeding 2D representation of Wigner-Ville distribution to CNN 
model 

Electromyogram (EMG) signal 96.80% 

[23] Human memory encoding and retrieval Feeding 2D representation of Wigner-Ville distribution to a 
feedforward neural network 

Electroencephalography (EEG) 
signals 

54.8% 

[24] Acoustic-emission testing of vessels, apparatus, 
boilers and technical pipelines 

Feeding 2D representation of Wigner-Ville distribution to CNN 
model 

Acoustic signals 95% 

[25] Gearbox fault detection Feeding 2D representation of Wigner-Ville distribution to 
multilayer perceptron (MLP) network 

Acceleration vibration signal NA 

[6] Wire mismatch detection and verifying the 
connection of wire to the proper port 

Feeding 2D representation of Wigner-Ville distribution to CNN 
model 

Voltage signal NA 

[26] Distinguishing unknown modulation mode Feeding 2D representation of Wigner-Ville distribution to the deep 
geometric convolutional network (DGCN) 

Radio signal 89.008% 

[27] NA Feeding 2D representation of Wigner-Ville distribution to CNN 
model 

Synthetic signal based on 
mathematical function 

85%- 
90% 

[7] Power quality disturbance classification Feeding 2D representation of Wigner-Ville distribution to CNN 
model 

Voltage signal 99.67% 

[28] Pain detection Feeding time–frequency features extracted from Wigner-Ville 
distribution to the support vector machine classifier 

Electroencephalography (EEG) 
signals 

83.4% 

[29] Epileptic seizure detection Extracting ridge-like feature from 2D representation of Wigner- 
Ville distribution 

Local field potential signal NA 

[30] Seizure detection Analyzing line characteristic in 2D representation of Wigner-Ville 
distribution 

Electroencephalography (EEG) 
signals 

NA 

[31] Gait cycle recognition Feeding 2D representation of Wigner-Ville distribution to deep 
convolutional neural network (DCNN) 

Accelerometer and gyroscope signals 91% 

[8] Emotion Recognition Feeding 2D representation of Wigner-Ville distribution to 
pretrained CNN model 

Electroencephalography (EEG) 
signals 

93.01%  
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based on vegetation index time series [12,43]. 

2.7. Continuous Wavelet map 

In one study, a CNN model was trained on images representing the 
CWT spectrums of corresponding 1D ECG signal. This model was able to 
detect Atrial fibrillation with 99.23% accuracy [13]. 

2.8. Phase-space trajectories map 

Pattern recognition of bi-dimensional representations of electrocar-
diogram (ECG) signals has been introduced as an alternative indicator 
for current biometrics of fingerprint, face, iris and speech data consid-
ered in human authentication and fraud detection schemes. Phase space 
trajectory formed by normalized time-delayed versions of ECG signals 
was studied in one research. Bidimensional representation of this phase 
space trajectory was obtained by setting black color on all pixels cor-
responding to the locations of phase space trajectory and white color for 
the rest of the pixels. This 2D representation was then feed to a CNN 
based classifier for biometrics authentication [44]. 

2.9. Scatter map 

A wide range of signal processing problems used scatter represen-
tation of amplitude versus change of amplitude as a mapping method. 

2.10. Gramian angular fields map and S-Transform map 

The performance of training CNN model using other series-to-image 
transformations including S-transform and Gramian angular fields 
(GAF) were also verified for biometrics authentication based on ECG 
data. Gramian angular fields representation in polar coordinates was 
achieved by expressing normalized sequences in polar coordinates, 
considering the angular cosine as the phase information, and coding 
time as the distance from origin. S-Transform representation was also 
obtained based on a phase-corrected version of the CWT in the time-
–frequency plane [10]. 

2.11. Polar map 

Transforming complex form of Fourier series coefficients into polar 
domain is another technique for visual inspection of time series which 
provides amplitude-phase information. 

3. Methods 

The proposed method contained two main phases. The first phase 
was to quantify the direct influence from one channel to another in the 
form of features extracted by pretrained network. In the other word, 
extracting high-level features representing directed interactions and 
information flow over different brain areas. So, the role of first phase 
was to summarize the directed transfer function information among all 
channels and frequency bands and apply them to a pretrained networks 
to provide high-level features representing the flow of information and 
quantifying information transferring within EEG channels. Second phase 
focused on transferring knowledge from one model to another. A part of 
a deep model trained on large-scaled image dataset was used to predict 
results for a small EEG-related dataset. In the other word, the pre-trained 
network was considered as a feature extractor by discarding the last fully 
connected output layer. Then, a simpler and faster linear model, support 
vector machine, was trained to modify the output based on the small 
EEG-related dataset. 

3.1. Data 

EEG data of 15 patients recently diagnosed with hyperactive 
delirium in the ICU of Oulu University Hospital was considered. The 
patients were 18–85 years in age with no history of serious neurological 
disease. The patients were not mechanically ventilated during the 
recording. Delirium was treated with administration of dexmedetomi-
dine following the ICUs standard protocol to keep the patients moder-
ately sedated. The study was approved by local ethics committee. 
Written informed consent for participation was obtained either from the 
patient or his/her relative. The 10-channel BrainStatus device with a 
sampling frequency of 250 Hz (Bittium, Oulu, Finland) [45,46] was used 
for EEG recordings (Fig. 1). The channels include Sp2, T10, Af8, F8, Fp2, 
Fp1, T9, F7, Sp1 and AF7. The recordings were classified to either 
positive or negative group based on their Intensive Care Delirium 
Screening Checklist (ICDSC) score on the following day. The score 
higher or equal to 4 resulted in classification to positive group referring 
to delirium. 

3.2. Pre-Processing 

The EEG recordings were first segmented to 30-second sequence 
without overlap. The sequences contained high-amplitude sharply 
contoured transients, high-amplitude low-frequency activity with 

Table 2 
Application of Choi-Williams Distribution in time series classification.  

Ref Application Technique Modality Accuracy 

[32] Recognizing 
the partial 
discharge 
types 

Decomposing 
signal into 
several 
components and 
feeding 2D 
representation of 
their Choi- 
Williams 
distribution to 
CNN model 

Partial discharge signals 99.5% 

[33] Modulation 
recognition 

Feeding 2D 
representation of 
Choi-Williams 
distribution to 
CNN model 

Wireless communication 
signal 

NA 

[34] Recognizing 
unknown 
radar pulse 

Feeding 2D 
representation of 
Choi-Williams 
distribution to 
pre-trained CNN 
model 

Low probability of 
intercept (LPI) signals 

99% 

[35] Detecting 
radar emitter 
signal 

Feeding 2D 
representation of 
Choi-Williams 
distribution to 
CNN model 

Radio signals 99.2%- 
99.6% 

[36] Classifying 
motor 
imagery 
tasks 

Extracting 
time–frequency 
features from 2D 
representation of 
Choi-Williams 
distribution and 
feeding them to 
hierarchical 
classification 
model 

Electroencephalography 
(EEG) signals 

87.8%- 
90.2% 

[37] Pain 
detection 

Extracting 
time–frequency 
features from 2D 
representation of 
Choi-Williams 
distribution and 
feeding them to 
support vector 
machine 
classifier 

Electroencephalography 
(EEG) signals 

89.24%  
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morphology of steep fall followed by the slower rise, high amplitude 
sharp waves, nonlinear curved pattern, and relatively high-amplitude 
single-frequency harmonic noise. The analysis was started by high- 
passed filtering at 0.1 Hz and low-passed filtering at 32 Hz. The se-
quences were also visually checked and those sequences containing 
artifact were removed from analysis. 

3.3. Proposed method 

Neural recordings include the signals derived from a common source 
(brain) and contain information about the common underlying process. 
Therefore, those time series can be related with each other and it can be 
approximately assumed that the time series in each channel can be 
described as a weighted linear combination of time series in other 
channels. In this respect, this underlying order can be described by 
multivariate autoregressive model (MVAR). In a N-channel q-order 
MVAR model, a sample in each channel at a particular time can be 
modeled as both a linear combination of previous values of same 
channel and previous samples of other channels, being expressed as 
follow [47]: 

vt
→= a1vt− 1

̅̅→+ a2vt− 2
̅̅→+⋯+ aqvt− q

̅̅→+ et (3)  

where vt
→ is a vector of samples in all channels at a particular time of t. a 

and et are respectively model coefficients and vector of noise. For the N- 
channel model, the coefficients matrix would be expressed as follow 
[47]: 

et =

⎛

⎝
a1,1a1,2 ⋯ a1,N− 1a1,N

⋮ ⋱ ⋮
aN,1aN,2 ⋯ aN,N− 1aN,N

⎞

⎠ (4) 

By transforming relation (3) into the frequency domain, we have 
[47]: 

E(f ) = A(f )V(f ) (5)  

V(f ) = A− 1(f )E(f ) = H(f )E(f ) (6)  

H(f ) =

(
∑q

k=1
A(i)e− 2πikf Δt

)− 1

(7)  

where Δt is the inverse of sampling frequency. When the spectral and 
phase information of multiple channels is of interest, directed transfer 
function (DTF) can be the best option. Causal influence of joint channels 
of m and k at frequency f can be expressed by a normalized version of 
DTF as follow [47]: 

DTF2
mk(f ) =

|Hmk(f )|2
∑q

i=1|Hik(f )|2
(8) 

This normalized version of DTF calculates the ratio between the 
inflow from channel m to channel k to all the inflows to channel m and is 
very robust in respect to noise [47]. Considering all channel pairs of m 
and k, we have a q × q matrix of normalized DTF with following struc-
ture for each frequency: 

DTF(fs) =

⎡

⎣
d1,1,fs ⋯ d1,q,fs

⋮ ⋱ ⋮
dq,1,fs ⋯ dq,q,fs

⎤

⎦ (9) 

Then, the obtained q × q matrix is converted into a 1D array as 
follow: 

DTF(fs) =
[

d1,1,fs ⋯ d1,q,fs ⋯ dq,1,fs ⋯ dq,q,fs
]

(10) 

By iterating above process for all frequency points, a s × q2 matrix 
would be achieved as follow: 

DTFtotal =

⎡

⎣
d1,1,f1 ⋯ d1,q,f1 ⋯ dq,1,f1 ⋯ dq,q,f1

⋮ ⋱ ⋮
d1,1,fs ⋯ d1,q,fs ⋯ dq,1,fs ⋯ dq,q,fs

⎤

⎦ (11) 

The obtained feature map in Eq. (11) is then converted to an image 
and used as an input of a deep pretrained classifier. These pretrained 
networks have already learned on over one million images for image 
recognition task. Because of being trained on very large datasets, these 
networks are capable of being used as a generic model. A deep model can 
take knowledge from image classification task and adopt it to another 
recognition problem. The reason behind its efficiency is that learning a 
lot of data-level features like dots, lines, edges, curves etc., from an 
extremely large image dataset would be effective in learning better and 
faster from other small datasets. It is just about transferring information 
of basic structures and data-level features captured from different im-
ages (over millions of images) to a task with relatively less data (hun-
dreds or thousands of images). Thus, this study used layer activations of 
pretrained state-of-the-art deep learning structures as features to train a 
support vector machine (SVM) for classifying delirium scores in patients 
[48]. SVM was selected because it showed to be a simple, fast and yet 
powerful classifier in combined with pretrained deep learning networks 
[49]. 

3.4. Comparison study 

The performance of transfer learning via available pretrained net-
works, being trained on ImageNet dataset and designed for computer 
vision task, were compared. The applied models had different charac-
teristics in terms of accuracy, speed, and size. The table 3 lists the depth, 
size and number of parameters related to each pretrained networks used 
in transfer learning. The parallel computing platform of Tesla P100- 
PCIE-16 GB used for implementing these deep structures. Leave-one- 
subject-out cross-validation was also used to check the performance of 
classification. 

Fig. 1. EEG electrode set and device used for data collection.  

Table 3 
Properties of pretrained networks used in this study.  

Network DEPTH Size Parameters 

SqueezeNet [50] 18 4.6 MB 1.24 M 
GoogleNet [51] 22 27 MB 7.0 M 
Inceptionv3 [52] 48 89 MB 23.9 M 
Densenet201 [53] 201 77 MB 20.0 M 
Resnet18 [53] 18 44 MB 11.7 M 
Resnet101 [53] 101 167 MB 44.6 M 
InceptionResNetv2 [54] 164 209 MB 55.9 M 
AlexNet [55] 8 227 MB 61.0 M 
Vgg16 [56] 16 515 MB 138 M 
Vgg19 [56] 19 535 MB 144 M  
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Furthermore, in order to demonstrate the compared advantages of 
different multichannel maps, some of the available bi-dimensional 
representations from multiple channels were concatenated in the form 
of a 2D array and fed to the pretrained deep models for comparison. 

4. Results 

4.1. Extracting bi-dimensional DTF maps 

Comparing some of the DTF maps for both positive and negative 
scores in Fig. 2, the maps for two classes have different visual patterns. 

4.2. Results of comparison among different pretrained deep models 

According to Table 4, all the pretrained models performed mostly 
well in terms of prediction precision, but different in terms of prediction 
time. Alexnet with prediction precision of 97.17% has the best per-
forming among other pretrained models. 

4.3. Results of comparison among different bi-dimensional maps 

The comparative result of table 5 showed that bi-dimensional rep-
resentation generated from DTF have the best performing among other 
mapping techniques in terms of 97.17% precision. Fig. 3 shows some 
sample of extracted polar maps for positive scores. 

5. Discussion 

Exponential growth of the amount and complexity of time-series data 
particularly generated in biomedical fields is increasing the need for 
mapping the raw input space into a more comprehensive space. Instead 
of applying raw data, many methods exist in the literature try to perform 
the decoding of time series into more abstract representation and then 
use it to train deep models. 

The performance of deep classifiers heavily depends on the under-
lying information within input abstract representation, so it is valuable 
to extract a suitable representation considering different aspects of data. 
Considering the benefits of these abstract representations, this study 
attempted to investigate the efficiency of different series-to-image 
transformations in creating suitable representation for multi-channel 

time series. These transformations remap time series into representa-
tions that provides more information than the original data. The clas-
sification results varied for different 2D map. Among all, bi-dimensional 
representation generated from information flows and directionality of 
the interaction between channels have the best performing in terms of 
97.17 % precision 

Although these different series-to-image maps have their merits, 
some also have shortcomings. Representations derived from short-time 
Fourier transform like spectrogram is only suitable for the problems 
where frequency resolution is not critical. These representations are 
sensitive to window length due to the inherent time–frequency trade-off. 
The continuous wavelet transform is also subject to exactly the same 
limitations on time–frequency resolution. The advantage of Wigner- 
Ville spectrum is that it does not have the limitation of time-
–frequency resolution and this function retains both time and lag pa-
rameters and its spectrum is achieved by taking 1D Fourier transform 
over lag dimension. However, the drawback of Wigner-Ville spectrum is 
showing artifact due to cross-products caused by the multiplication used 
in computing instantaneous autocorrelation function, which would be 
solved by applying special filters. 

Another drawback of bi-dimensional transformations is that they 
map a time series of one dimension into a representation of two di-
mensions which would not suitable in cases where dimensionality 
reduction matters. 

6. Conclusion 

This study investigated the possibility of visual pattern recognition in 
information flows and directionality of the interaction between channels 
by taking advantage of pretrained classifiers. In this technique, spectral 
and phase information were encoded as a bi-dimensional representation. 
To conclude, bi-dimensional maps generated based on estimating di-
rection in the frequency domain perform quite well in classification of 
multichannel non-linear signals using image-based transfer learning. 
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Precision comparison of transfer learning using different bi-dimensional maps.  
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Fig. 3. Some of the polar map for positive score.  
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