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VarioGram — Zaman Serileri i¢in Renkli Bir Zaman-Graf
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Bu galigmada zaman serilerinin ag tabanli temsili igin bir cerceve sunulmustur. Onerilen yontemde
oncelikle, zaman domenindeki sinyaller %50 ortiismeli sabit genislikli zaman pencerelerine
boliinerek segmentasyon islemi tamamlanir. Her segment, ana sinyalin mutlak maksimum genlik
degerinin ve negatif karsiliginin tanimladig1 aralik baz alimarak normalize edilir ve normalize
sinyaller 2» seviyesine kuantize edilir. 3 farkl atlama degerinin ifade ettigi 3 kanaldan ilerleyen
bu doéniisiim, kanallarin katmanlar seklinde birlestirilmesiyle diisey bir RGB goriintii temsilini
olusturur. Sinyalin her zaman penceresinden elde edilen bu diisey RGB imajlarinin yan yana
dosenmesinin sonucunda yatay eksenin zamani ve diisey eksenin sinyal dalgalanmalarini temsil
ettigi VarioGram olarak adlandirilan bir zaman-graf temsili elde edilmis olur. Cevresel ses
siniflandirma problemlerinde siklikla kullanilan ESC-10 veri setindeki ses sinyallerinin doniigiimii
ile elde edilen VarioGram temsilleri bir ResNet modeline girdi olarak verildiginde %82.08lik bir
smiflandirma basarisi elde edilmis, mel-spectrogram goriintiileri ile hibritlestirilerek kullanilan
VarioGram temsilleri ile bu basari %93.33’e¢ kadar ¢ikarilmigtir. Dolayisiyla VarioGram
temsilleri, tek bagina mel-spectrogram ile elde edilebilen en yiiksek siniflandirma basarisini kiigiik
bir farkla iyilestirme yoniinde etki yapmustir.
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Abstract

In this study, a framework for network-based representation of time series is presented. In the
proposed method, initially, a segmentation procedure is completed by dividing the signals in the
time domain into fixed-width time windows with 50% overlap. Each segment is normalized based
on the range defined by the absolute maximum amplitude value of the main signal and its negative
counterpart, and the normalized signals are quantized to 2» levels. This transformation, proceeding
through 3 channels expressed by 3 different jump values, generates a vertical RGB image
representation by combining the channels in layers. As a result of tiling these vertical RGB images
from each time window horizontally, a time-graph representation called VarioGram is obtained,
where the horizontal axis represents time, and the vertical axis represents signal fluctuations.
Feeding a ResNet model with VVarioGram representations obtained by the transformation of the
audio signals in the ESC-10 dataset which is frequently used in environmental sound classification
problems, a classification success of 82.08% has been obtained, while this success has been
93.33% with the VarioGram representations hybridized with mel-spectrogram images. The
VarioGram representations therefore acted to slightly improve the highest classification success
achievable with the mel-spectrogram alone.
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VarioGram — A colorful time-graph representation

Introduction

Scientific interest on time series classification and representation techniques have increased together with the
increasing availability of temporal datasets from diverse domains such as medicine, finance, aviation,
telecommunication, industry, weather, multimedia etc. (Bao et al., 2017; Canizo et al., 2019; Dafna et al., 2018;
Gharehbaghi & Lindén, 2017; Pourbabaee et al., 2018; Soares et al., 2018). These available datasets facilitate
several data-driven tasks including classification, clustering, segmentation, anomaly detection and so on (Ares et
al., 2016; Canizo et al., 2019; Kanani & Padole, 2020; Ruiz et al., 2021). The main motivation for developing
different representation techniques is reducing the complexity mostly caused by the high dimensionality of the
data. Additionally, while converting time series data into diverse representations, scientists focus on improving
classification accuracy, removing noise and accelerating the overall task (Deng et al., 2016).

Recently, sparse representation has been an attractive topic for time series, for which a test sample is represented
as a sparse combination of training samples. The solution of the sparse representation problem further gives sparse
representation coefficients and the test sample is assigned to the class minimizing the residual between itself and

the reconstruction from the training samples of its class (Chen et al., 2015; Yin et al., 2012).

A mainstream of representation techniques involve in transformation domain methods including discrete Fourier
transform (DFT) and discrete wavelet transform (DWT), Karhunen-Loeve (KL) transform or Singular Value
Decomposition (SVD), either mapping the time sequences to a new feature space of a lower dimensionality, or
providing a multi-resolution representation with time-frequency localization property (Chan & Fu, 1999).
Transformation domain methods further evolved into image-based representations like mel-spectrograms
especially used for sound signals, as a robust representation to noise content compared to mel-frequency cepstral
coefficients (MFCCs), the coefficients capturing the envelope of the short time power spectrum. The spectrogram
image is simply generated by applying discrete Fourier transform (DFT) to the fixed-size segments of the original
sound, further finalized with a mel-filter provided from MFCCs (Sharan & Moir, 2015). A similar time-frequency
image representation known as Cochleagram handles the frequency band in logarithmic fashion similar to human
cochlea. By the way, it includes more frequency components in the lower and less frequency components in the
higher frequency range (Peng et al., 2021).

An alternative framework for representing time series in a more structured format is powered by network science,
which proposes that each complex interconnected system can be represented as a network (Baydilli et al., 2017;
Demir & Tiirker, 2021; Tirker et al., 2016; Tiirker & Sulak, 2018). Time series are converted into graph
representations, which evaluate quantized amplitude levels as nodes and neighborhood between consecutive levels
as edges between them (Lacasa et al., 2015). A well-known member of this convention is visibility graph,
constructed by keeping the convexity information of sequential samples by establishing connections between
quantized amplitude levels if they are visible from the top of another level in a pre-defined neighborhood (Lacasa
et al., 2008). The resulting graph is a mean-adjacency matrix calculated over a whole time series, that can be
assessed a stationary representation. Tirker and Aksu achieved 2-3% more successful results than mel-
spectrogram based methods in ESC-10 dataset classification with the Connectogram method, which they

developed based on the graph representation of time series (Tirker & Aksu, 2022).
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The main motivation of this study is to develop a graph-inspired representation for time series data which can
capture the convexity properties of a given signal, also capturing the time-dependent deviations in this graph
representation. Instead of capturing edge formations between consecutive signal levels (nodes), we focus on
differences between these nodes and encode them to a vertical array calculated from each frame of the segmented
signal. These vertical arrays are then concatenated horizontally to form a time-graph representation, which in turn
captures both signal envelope in its shape and power of alternance in the color levels. The color info is provided
by applying the same procedure for three different subsampling rates, each of which forms a single layer of a
resulting RGB image. The details of the conversion procedure together with its classification performance is

presented in the coming sections.

Method

Data and preprocessing

In this study, we focus on an Environmental Sound Classification (ESC) task, dealing with recognizing some
classes of sounds from the real environment. As a subfield of audio processing, ESC is a complex task involving
classification of several sound events as one of the predefined sounds such as helicopter, sea waves, crying baby,
crackling fire etc. (Zhang Zhichao and Xu, 2018). The most commonly used datasets in ESC tasks are known as
ESC-10, ESC-50 (Piczak, 2015b) and UrbanSound8k (Salamon et al., 2014) datasets. The bigger ESC-50 dataset
is a multiclass source consisting of 2000 separate environmental sound excerpts subdivided into 50 classes and 5
major categories. A filtered subset of ESC-50 is known as ESC-10, that is reduced to 400 samples consisting of 5-
second records from 10 classes (Zhang Zhichao and Xu, 2018). Having a mono-channel signal form,
environmental sound records can be assessed as a one-dimensional time series data which naturally holds both
time and frequency components. We pick the ESC-10 dataset to apply the proposed conversion method. The steps

of preprocessing are detailed in the next subsection.

Before the proposed method is applied, a unified preprocessing procedure is applied to all samples. We sampled
the sound waves at 22050 Hz, filtered out components below 60dB and min-max normalized the signals into [-1,
1] range. An augmentation procedure is run in signal level first, applying time stretch, pitch shift, dynamic range
compression, white noise addition to the raw sounds, augmenting the data size 6 times, to 2400 samples. A second
augmentation procedure will also be applied through the TensorFlow library in Python environment, including
image distortion methods (rotation, horizontal and vertical shift, brightness, shear, zoom) to the image

representation of the sounds (Mushtaq et al., 2021).

After the signal-level preprocessing steps are applied, we apply a segmentation procedure subdividing the whole
samples into frames with a window size of 1024 samples and hop-length of 512 samples, corresponding to 50%
overlap between consecutive frames. Alternatively, it is possible to give a predefined number of frames to the
function, that would result in VarioGrams of desired width and height, employing a different overlap percentage.
Sound processing tasks are performed via Librosa library in Python environment, while all classifier models are

trained using Keras library with TensorFlow backend on Google Colab environment.
Converting Sound Waves Into VarioGrams

We handle each frame including 1024 samples separately, performing a graph-based conversion into a vertical

array demonstrating the varying patterns between consecutive signal levels.
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VarioGram — A colorful time-graph representation

We first fix a bit-depth to quantize the signal, for which we employ a default value of 6, resulting a node
count of 26 = 64 signal levels (scale parameter). This means we further map the normalized amplitude
range [-1,1] into [0, 63]. By the way, we achieve signal arrays including integers within this interval, that
is ready for generating variance arrays (a term used for representing the varying rates, not statistical
variance).
A variance array is a resulting array with height 2 x 26 = 27 = 128, width 1, and depth 3.
o Height: Since difference between neighboring amplitude levels are encoded, these differences
can take values in range [0 — 63] to [-63 — 0] = [—63,63]. Therefore, a size of 27 is needed
regarding this scale.

o  Width: This array calculated from a separate sound segment, will be represented as a 1 pixel-
width sequence, which are to be tiled horizontally to form the resulting VarioGram.

o Depth: The conversion procedure will be held for 3 different subsampling rates to the original
signal, resulting in 3 different 27 x 1 arrays, those are evaluated as RGB channels from a single
variance array.

Each variance array is calculated with 3 different subsampling rates given in a jump parameter holding
default values as: [3,5,7]. The first value 3 means that a subsampling rate of 3 is applied to the original
segment, before the neighborhood relations are encoded into the variance array. These subsampling rates
are used to calculate R, G and B layers of the colored variance array.

After each subsampling, the differences between neighboring amplitude levels in proceeding order within
the range +2n, are further added with a constant 2" to achieve nonnegative differences, and the
corresponding element of the variance array of size 27+t1 x 1 X 3 is increased by 1. For example, if the
sequence is like [...47, 33...], a difference of 33 — 47 = —14 is calculated first. Then, it is shifted by the
scale parameter as —14 + 64 = 50. If we are encoding for the first element of the jump parameter, i.e.
3, we increase the element of the variance array with index [50, 0, 0] by 1.

After processing each frame, all variance arrays are normalized to 0-1 interval.

This procedure is run for each jump layer (3, 5 and 7; corresponding the resulting RGB layers) to achieve
a variance array of size 271 x 1 x 3.

Also applied for each sound frame, this procedure produces vertical RGB arrays as much as the count of
consecutive frames, further tiled horizontally to form time-variance images named as VarioGram. The

complete procedure is illustrated in Fig. 1.
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Figure 1. Procedure followed to form a VarioGram is illustrated. A sequence is first sampled, quantized and subdivided into
frames. Each frame is then subsampled with 3 different rates. For each subsampling rate applied, differences between
consecutive amplitude levels are encoded into a vertical array as +1. These vertical arrays are further min-max normalized to
0-1 range, and combined as a RGB-slice representing a single frame. Vertical RGB slices derived from each frame are then
tiled horizontally to form a VarioGram.

The resulting VarioGram images captures both time (horizontal) and convexity (vertical) information of the
corresponding time series. Optimal values of the parameters used in conversion procedure are given in Table 1.
Having applied the VarioGram converter function to the sound samples in ESC-10 dataset, a set of image
representations are generated. Sample VarioGram images together with the original sound plot and mel-
spectrogram images are given in Fig. 2 to provide visual comparison to the reader.

As presented in Fig. 2, VarioGram representations resemble the shape of the original sound, holding the amplitude
information. It also captures signal convexity information as the color range encoded inside the signal shape. By

the way, a time-convexity based representation also including amplitude information is generated.
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Table 1. VarioGram parameters

together with their optimal values used in experiments.

Parameter Value  Definition

bit-depth 6

The original signal sequence is quantized into 26 positive integer levels. This value
corresponds to vertical slices of size 27 x 1 since differences between neighboring
amplitude levels can vary between -63 and +63 for this setup.

windowsSize 2 Differences between each samples neighboring in forward direction are encoded into
the vertical variance arrays. This neighboring is applied for 1 and 2-distant samples.

sr 22050  Sampling rate applied to the original sound

jump [3,57] Undersampling rate for the 3 layers of the variance arrays

winLength 1024 Width of the sound frames

hopLength 512 Distance between the consecutive frames, corresponding to 50% overlap

Original Sound Plot

Mel-spectrogram VarioGram

10

20000 40000 60000

=

Chainsaw

T T T T T
80000 100000 0 25 5 75 100 125 150 175 200

20000 40000 60000

=

Crying Baby

T T T T T T T T T
80000 100000 0 25 5 75 100 125 150 175 200

E 0.00
=
o | -0 )
8 ~0.50 100
= 120
q) -0.75 T T T T T T T T T T T T T T
T 0 20000 40000 60000 BOODO 100000 0 25 5 75 100 125 150 175 200
10 0
20
05
0.0
S
[<5] -0.5
=
[72]
o - 120
o Lo T T T T T T T T T T v . :
T 0 20000 40000 60000 BOODO 100000 0 25 5 75 100 125 150 175 200
10 0
20
05 -
" ® %
(@] 80
S| s ;
I~ 100
8 1o 120
ot 0 20000 40000 €000 BODOO 100000 5 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200

8 &8 8 o

Figure 2. Sample VarioGram images in comparison with the original wav plots and Mel-spectrogram images. The classes of

the sample sound waves

are given in the row headers, while the type of the plot is given in the column headers.
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Deep Learning with VarioGrams

To assess the representation capability of the VarioGrams, we tested these representations through a residual
network deep learning architecture (ResNet). This model was first introduced by Microsoft researchers in 2015
and resembles the pyramidal cells of cerebral cortex of human brain. The main property of ResNets is the residual

connection shortcutting between consecutive convolutional layers (Ismail Fawaz et al., 2019).

ESC dataset is presented with a fixed 5-fold structure, where sound excerpts from the same original long-duration
source are placed in the same fold to preserve the hardness of the problem. Therefore, it is recommended to obey
these fold assignments due to avoiding inflation of the classification success (Piczak, 2015a). To strictly satisfy

this rule, we also kept the augmented sounds in the same fold.

Due to the nature of the ResNet architecture inheriting the transfer learning parameters, all VVarioGram images are
resized as 224x224 pixel RGB images to provide optimal match for this model. During the experiments, these
VarioGram images are used either in its original RGB form or fused with the mel-spectrogram images of the same
source. If they are combined with spectrograms, both VarioGrams and mel-spectrograms are converted into
grayscale and these grayscale images are used as the single channel of the resulting fusion images. As a result,
VarioGrams (vario) and mel-spectrograms (mels) derived with same windowing parameters stand for the
synchronous channels of the resulting RGB image. We refer these fusion images as [vario+vario+vario]

(standalone usage) or [mels+mels+vario] (fusion) notation in the results section.

Findings

To better understand the representation capacity of the VarioGram images, we performed classification tasks with
5-fold cross-validation procedure using standalone VarioGram images first, followed by standalone mel-
spectrogram images and lastly with fusion images as their combination. The classification tasks are performed 10

times for each set, while the best results achieved are presented in Table 2.

Table 2. Classification results for standalone images or combinations of mel-spectrograms (mels) and VarioGrams (vario). In

combination cases, each representation is first converted to grayscale to form a single channel of the resulting RGB fusion

image.
Model Accuracy
[mels, mels, mels] 92.91 %
[vario, vario, vario]  82.08 %
[mels, mels, vario] 93.33%
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Figure 3. Classification curves for the best case achieved with ResNet50 architecture using the image representations of
sounds as (a) [mels, mels, mels], 92.91%, (b) [vario, vario, vario], 82.08%, (c) [mels, mels, vario], 93.33% accuracy.

As presented in Table 2 and Fig. 3, standalone VarioGram representations are not as successful as mel-spectrogram
representations, yielding approximately 10% lower accuracy scores. However, a combination of mel-spectrogram
and VarioGram images can outperform the best standalone representation by ~0.4%. This is an indicator that
VarioGrams have a boosting capability while used in combination with mel-spectrograms, and they cannot be
recommended to be used solely for high-accuracy classification tasks. Since the window parameters used for both
representors are the same, the resulting images have synchronous properties in horizontal (time) axis, making them
complementary representations those are more powerful while used in hybrid fashion. We can also note that the
classification performance that VarioGram represents, being not as competitive as the current classification
studies, is better than the original study (80%) presented by Piczak in 2015 (Piczak, 2015a).

Conclusion

The proposed time-convexity representation named VarioGram, having roots from network science, offers a time-
dependent representation for time series capturing both its envelope and varying intensity in its resulting shape
and color. Although not performing as good as a well-known mel-spectrogram images in c classification task, it
increases the sole performance of them while combined, and also forms an alternative way that should be consulted
for different Al-related tasks. We recommend studying the representation performance of VarioGrams in medical
time series data such as ECG or EMG, for which temporal convexity characteristics play a vital role in diagnosing

the anomalies.
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Genisletilmis Ozet
Giris

Tip, finans, havacilik, telekomiinikasyon, endiistri, hava durumu, multimedya gibi ¢esitli alanlardan zamansal veri
setlerinin artan kullanilabilirligi ile birlikte zaman serilerinin siniflandirma ve temsil tekniklerine olan bilimsel ilgi
artmistir (Bao et al., 2017; Canizo et al., 2019; Dafna et al., 2018; Gharehbaghi & Lindén, 2017; Pourbabaee et
al., 2018; Soares et al., 2018). Bu kullanilabilir veri setleri, siniflandirma, kiimeleme, segmentasyon, anomalilik
algilama vb. dahil olmak tizere gesitli veri odakli gorevleri kolaylastirir (Ares et al., 2016; Canizo et al., 2019;
Kanani & Padole, 2020; Ruiz et al., 2021). Verileri temsil etmek igin farkli teknikleri gelistirmedeki temel
motivasyon, ¢ogunlukla verilerin yiiksek boyutlulugundan kaynaklanan karmasikligi azaltmaktir. EK olarak, bilim
adamlart zaman serisi verilerini cesitli temsillere doénistiiriirken, siniflandirma dogrulugunu iyilestirmeye,

gliriiltiiyii ortadan kaldirmaya ve genel gorevi hizlandirmaya odaklanir (Deng et al., 2016).

Zaman serilerini daha yapilandirilmis bir formatta temsil etmek icin alternatif bir ¢erceve de, karmasik olarak
birbirine bagli nesnelerden olusan sistemlerin bir ag formatinda temsil edilebilmesidir (Baydilli et al., 2017; Demir
& Tiirker, 2021; Tirker et al., 2016; Tiirker & Sulak, 2018). Bu yontem kullanilarak zaman serileri, nicelenmis
genlik seviyelerinin diigiimler ve ardisik seviyeler arasindaki komsuluklarin ise kenarlar olarak degerlendirildigi
graflar seklinde temsil edilebilir (Lacasa et al., 2015). Onceden tamimlannus bir komsulukta baska bir seviyenin
iistlinden goriilebilen nicelenmis genlik seviyeleri arasinda baglantilar kurularak sirali 6rneklerin digbiikeylik
bilgileri ile goriiniirliik graflari insa edilir (Lacasa et al., 2015). Bu ¢alismalardan birinde Tiirker ve Aksu, zaman
serilerinin graf gosterimi temeline dayali olarak gelistirdikleri ConnectoGram temsili ile ESC-10 veri seti

izerindeki siniflandirma ¢aligmalarinda 2-3% oraninda bir basar1 artis1 saglanmiglardir (Tirker & Aksu, 2022).

Yontem

Veri ve o6n isleme

Bu c¢aligmada, ger¢ek ortamlardan elde edilmis bazi ses smiflarimi tamimakla ilgilenen bir Cevresel Ses
Simflandirmast (CSS) gorevine odaklanmilmistir. Ses islemenin bir alt alam1 olarak c¢evresel seslerin
simiflandirilmast islemi; helikopter, deniz dalgalari, aglayan bebek, catirdayan ates gibi dnceden tanimlanmig
seslerden olusan ¢esitli ses olaylarinin tespit edilmesini igeren karmasik bir gorevdir (Zhang Zhichao and Xu,
2018). Bu alanda en yaygin kullanilan kiitiiphaneler arasinda ESC-10, ESC-50 (Piczak, 2015b) ve UrbanSound8k
(Salamon et al., 2014) veri setlerini sayabiliriz. ESC-50 veri seti 5 ana kategoriye ayrilmig 50 siniftan olusan 2000
sesten, ESC-10 ise 5 ana kategoride 10 smiftan olusan 400 sesten olusmaktadir (Zhang Zhichao and Xu, 2018).
Seslerin 6zelliklerini belirlemek i¢in onerilen yonteme gegmeden dnce tiim 6rneklere ayni dn-isleme prosediirii
uygulanmistir. Bu asamada ses dalgalar1 22050 Hz'de 6rneklenmis, 60 dB'in altindaki bilesenler filtrelenmistir. Bu
islemelerin ardindan sinyallerin minimum ve maksimum degerleri [-1, 1] araliginda normallestirilmistir. Derin
6grenme yontemlerinin daha basarili sonuglar vermesi i¢in sinyal seviyesinde veri biyiitme teknikleri uygulanmig
ve 400 olan ses 6rnegi sayis1 2400’e ¢gikartilmistir. Grafa dayali imajlar olugturulduktan sonra ise Python dilinde
yazilmig olan Tensorflow kiitiiphanesi ile ayrica imaj diizeyinde dondiirme, yatay ve dikey kaydirma, parlaklik,

kirpma, yakinlagtirma gibi veri bityiitme teknikleri uygulanmigtir (Mushtaq et al., 2021).
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Ses Sinyallerinin VarioGram’a Déniistiiriilmesi

Ardisik sinyallerin ériintiistinii olusturacak sekilde graf tabanli bir diziye doniistiirme islemini gerceklestirmek igin

her bir ¢erceve 1024 farkli 6rnek igerecek sekilde ele alinir. Bu amagla;

e Ilk olarak bit tabanli sayisallastirma yapmak iizere dlgekleme seviyesi varsayilan olarak 6 bit derinligi
segilir ve 26 = 64 sinyal seviyesi olusturulur. Béylece [-1,1] araligi [0,63] araligina doniistiiriilmiis olur.

e Birvaryans dizisi, sonugta yiiksekligi 2 X 26 = 27 = 128, genisligi 1, ve derinligi 3 olan bir dizidir.

o Yiikseklik: Kodlanan komsu genlik seviyeleri arasindaki fark. Bu fark [0 — 63] to [-63 —
0] = [—63,63] araligina karsilik gelir. Boylece bu dl¢egi goz 6niinde bulunduruldugunda boyut
27 olur.

o Genislik: Ardisik ses segmentlerinden elde edilmis olan ve VarioGram'i olusturmak iizere yatay
olarak dosenecek dizinin genisligi 1 pikseldir.

o Derinlik: Doniistiirme islemi her bir ses sinyalinden [3,5,7] olmak tizere 3 farkli atlama seviyesi
ile gerceklestirilir ve boylece RGB imajlarinin katmanlarini olusturacak sekilde 3 farkli 27 x 1
boyutunda dizi elde edilmis olur.

e Her bir varyans dizisi, varsayilan atlama degerleri [3,5,7] olarak tutan bir atlama parametresi ile elde
edilen 3 farkli alt 6rnekleme orani ile hesaplanir. Boylece her bir 6rnekleme i¢in renklendirilmis varyans
dizisi’ni olusturacak R, G ve B katmanlar elde edilmis olur.

e Ayrica her ses karesi igin uygulanan bu prosediir, VarioGram olarak adlandirilan zaman-varyansl

goriintiileri olusturmak i¢in yatay olarak dosenen ardisik kare sayisi kadar dikey RGB dizileri tiretir.
VarioGram ile Derin Ogrenme

VarioGram'larin temsil kabiliyetini degerlendirmek i¢in, ResNet derin 6grenme modeli kullanmilmistir. Bu model
ilk olarak 2015 yilinda Microsoft arastirmacilari tarafindan tanitilmig ve insan beyninin serebral korteksinin
piramidal hiicrelerinin arastirilmasinda kullamlmistir. ResNets'in ana 6zelligi, ardigik evrigsim katmanlar

arasindaki artik baglant1 kisayollaridir (Ismail Fawaz et al., 2019).

Calismanin veri kisminda ise 5 farkli ortamdan elde edilip 5 farkli klasoriin her birine benzer sinifa ait esit
uzunluktaki seslerin Dagitildigi ESC veri seti kullamlmistir. Bu nedenle, siniflandirma basarisindaki agir1 6grenme
gibi sorunlardan kaginmak igin egitim ve test agamalarinda bu 5 klasore ayrilmis ve bu seslerin karigtirilmadan

kullanilmasi tavsiye edilmistir (Piczak, 2015a).

Transfer 6grenme parametrelerini kullanan ResNet mimarisinin dogas1 geregi en iyi sonucu elde etmek iizere tiim
VarioGram imajlart RGB formatinda 224x224 piksel olarak yeniden boyutlandirilmistir. Eger VarioGram imajlar
mel-spectrogram imajlarla birlestirilecekse her iki imaj da 6ncelikle gri tonlamaya donistiiriiliir ve bu gri tondaki
imajlar birlestirilerek RGB formatinin birer katmani olarak ele alinir. Sonug olarak, birlestirilmeden sadece
VarioGram’larin oldugu imajlar [vario+vario+vario] ve mel-spectrogram’lar ile birlestirilen imajlar ise

[mels+mels+vario] olarak egitime alinmig olur.

Bulgular

VarioGram goriintiilerinin temsil kapasitesini daha iyi belirlemek i¢in, siiflandirma islemi 5-fold ¢apraz-

dogrulama yontemi ile gergeklestirilmistir. ilk olarak VarioGram ve mel-spectrogram imajlar ayr1 ayri higbir
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birlestirme islemi uygulanmadan egitim igin kullanilmigtir. Ardindan VarioGram ve mel-spectrogram imajlarin
birlestirilmis hali ele alinmistir. Egitimden daha basarili sonuglar elde etmek igin her siniflandirma goérevi 10 kez
tekrarlanmig ve bu tekrarlarin ortalamasi alinmigtir. Yapilan c¢aligmalardan elde edilen sonuglar Tablo 2’de

gosterilmistir.

Sadece VarioGram imajlarin kullanilmasi durumunda mel-spectrogram imajlar kadar iyi sonug elde edilememis
ve yaklagik olarak 10% kadar daha diisiik verimli sonuglar ortaya ¢ikmistir. Bununla beraber VarioGram ve mel-
spektrogram imajlarin birlestirilmis hali ile yaklasik olarak ~0.4% gibi daha iyi bir sonug elde edilmistir. Bu
durum, mel-spectrogram’larla birlikte kullanildiginda VarioGram'larin bir performans artirma kapasitesine sahip
oldugunu gostermektedir. Her iki temsil yontemi i¢in kullanilan pencere parametreleri ayn: oldugundan, ortaya
¢ikan goriintiiler yatay (zaman) eksende senkronize dzelliklere sahiptir. Bu da, bu iki yontemin hibrit modda
kullanilmasi halinde zaman serileri ile ilgili daha gii¢lii tamamlayict temsiller elde edilmesini saglamaktadir.
Mevcut smiflandirma ¢alismalar1 kadar rekabet¢i olmamakla birlikte VarioGram'in temsil ettigi siniflandirma
performansinin, 2015 yilinda Piczak tarafindan sunulan orijinal ¢alismadan (%80) daha iyi bir sonug verdigi

goriilmektedir (Piczak, 2015a).

Sonug¢

Bu c¢alismada 6nerdigimiz ve koklerini ag biliminden alan VarioGram, zaman serileri i¢in genlik seviyeleri
arasindaki farklar1 ve yogunluklar1 dikkate alarak bu degisimleri renk tonlar ile ifade eden zamana bagli yeni bir
temsil metodu sunmaktadir. Smiflandirma ¢aligmalarinda her ne kadar bu yontem bilinen ve sik kullanilan mel-
spektrogram imajlarina dayali yontemler kadar iyi sonug vermese de farkli yapay zeka ¢alismalarinda 6nerdigimiz
bu yontemin imajlarla birlikte kullanilmasi halinde performans artisina katki sagladigi goriilmistiir. Saglik
sorunlarini belirlemek amaiyla gegici degisimlerin hayati 6nem tasidig1 ECG veya EMG verileri gibi tibbi zaman

serilerinin analizinde VarioGram temsil yonteminin kullanilmasini tavsiye etmekteyiz.
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