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[Abstract]

In recent years, visualizing time-series data as images for use in vision-based Artificial Intelligence

(AI) models has gained significant attention. This approach transforms temporal sequences into images

that can be processed by deep learning models, such as Convolutional Neural Network (CNN).

Although its effectiveness has been demonstrated in various domains, the impact of plot size on model

performance remains underexplored. In this study, we investigate the effect of varying plot sizes on

classification accuracy by visualizing natural sounds (e.g., cats, crows) and testing five classes of 2,000

samples each using the YOLO model. While training was conducted on 320x320 plots, test sets were

generated at six sizes (112x112 to 640x640). Results show that as the plot size of the test dataset

diverged from that of the training dataset, both precision and recall decreased, highlighting the

importance of plot size consistency in time-series visualization research.
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I. Introduction

Time series data refers to data observed at
sequential time intervals. It is widely used across
various fields, such as stock prices and weather
information. The analysis of time series data
commonly employs traditional regression models
like ARIMA(Auto-Regressive
Average)[1] as well as deep learning models such as
RNN(Recurrent Neural Network)[2]. ARIMA is a
statistical model that captures temporal patterns,

Integrated Moving

particularly suited for datasets with trends and
RNN models handle
complex, non-linear relationships by leveraging

seasonality. In contrast,
their recurrent structure to remember previous
time steps, making them highly effective for
non-stationary, multivariate data.

The visualization of time-series data as images
for use in Vision Al models, such as Convolutional
Neural Network(CNN), has become an innovative
approach, attracting growing attention in recent
This  method

transformation of complex temporal patterns in

years[3-4]. allows for the
time-series data into visual representations (e.g.,
spectrograms, recurrence plots, Gramian Angular
Fields), which then be
image-based deep learning models typically used

can processed by
for tasks such as classification, anomaly detection,
or predictive analysis.

One major advantage of this approach is that
effective at

image-based models are highly

identifying spatial features, which can capture
underlying patterns in time-series data that might
not be as apparent in traditional analysis. For
example, spectrograms are frequently used in
audio and environmental sound classification as
they can capture frequency patterns over time,
making them ideal for detecting nuanced sound
features in different environments

Studies have demonstrated the effectiveness of
this method across various domains. Mushtaq[5]
explored environmental sound classification using
spectrograms, al.[6]

while Nguyen et applied

scalograms to heart rate signal analysis, revealing
the potential of image-based approaches. Similarly,
Barra et al.[7] employed Gramian Angular Fields
(GAF) for financial market predictions, and Choi et
al.[8] discussed how transforming time-series into
images facilitates the use of pre-trained image
models for tasks like anomaly detection.

These that

time-series data into visual formats is not only a

studies illustrate transforming
growing trend but also an effective strategy for

improving classification  performance  across
various domains. The rationale behind this trend
lies in the ability of deep learning models to extract
spatial patterns from images that may not be easily
discernible through traditional time-series analysis
techniques.

However, despite the proliferation of research in
this area, there remains a significant gap in the
literature regarding the impact of plot size on
model performance. While numerous studies have
focused on optimizing the visualization techniques
and the models used for classification, the question
of how varying the size of these plots affects
classification accuracy has not been thoroughly
The

investigation has not yet been conducted is that it

investigated. reason why an in-depth
is generally accepted that minor variations in the
size, position, and orientation of objects in an
image do not significantly impact the model's
performance[9-10]. This is primarily due to key
CNN properties like translation invariance and local

receptive fields.

This oversight is crucial, as our study
demonstrates that plot size can significantly
influence the results, leading to potential

misclassification or loss of important features when
the test plot sizes differ from those used during
training. Thus, our research aims to address this
gap, contributing to the understanding of how plot
size variability can affect the robustness of
vision-based models in time-series classification

tasks.
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In this study, natural sounds such as those of
cats and crows were visualized as time-series plots
and classified using vision-based Al. Specifically,
we conducted experiments with five classes, each
containing 2,000 audio samples, resulting in a total
of 10,000 sound data points. These were initially
visualized as 320x320 plots and used to train the
Only  Look (YOLO) model[11].
Subsequently, the classification performance was

You Once
evaluated by generating plots in different sizes—
112x112, 224x224, 320x320, 440x440, 552x552, and
640x640—and comparing the results across these
varying sizes.

The performance comparison revealed two key
insights. First, as reported in previous studies,
visualizing time-series data, including sounds, as
plots allows for superior classification performance
when using Vision Al. Second, it was observed that
when the plot size deviated from the trained
320x320 dimensions—whether by increasing or
decreasing—both precision and recall deteriorated.
This that through  the
visualization of time-series highly

dependent on the plot size used during model

indicates analysis

data is

training.

The significance of this research lies in the fact
that, typically, deep learning models are shared
without specifying an exact image size for target
classification. However, the results of this study
that, in the context of
visualizations, it may be necessary to specify the

suggest time-series
dimensions of the target plots along with model
deployment details. This ensures that the model’s
performance remains consistent and aligns with the
intended classification accuracy for different plot
sizes.

The structure of this paper is as follows. In
Section 2, we review existing studies related to
time-series visualization and sound visualization.
Section 3 provides an overview of the dataset, its
characteristics, and the research methodology.
Section 4 discusses the experimental results, and
Section 5 presents the conclusions.

II. Related Works

1. Visualization Methods of Time-Series Data

In time series visualization for deep learning
applications, various techniques such as Gramian
Angular Summation Field (GASF), Gramian Angular
Difference Field (GADF), Plot, and Spectrogram are
utilized. Each method has its own strengths and
weaknesses, making them suitable for different
tasks.

GASF is particularly effective at transforming
time series data into 2D images, allowing for the
This
it enables

capture of overall temporal patterns.

transformation is advantageous as
seamless integration with deep learning models
designed for image classification. However, one
limitation of GASF

process may lead to information loss, especially in

is that the transformation

complex time series data, which can impact the
accuracy of the model.
GADF

variations and trends within the time series,

Similarly, excels in capturing local
making it more suitable for analyzing intricate
into 2D
images that deep learning models can process.
like GASF, GADF can suffer from
information loss during the conversion process,
and the
challenging to interpret.

On the other hand, the Plot method offers a

straightforward and intuitive way to visualize time

patterns. It also converts time series

Nonetheless,

resulting representations may be

series data, providing clear insight into the data's
trends and fluctuations. This makes it ideal for
exploratory analysis and for researchers who are
new to time series visualization. However, its
simplicity can also be a drawback, as it may
struggle to represent complex patterns in
data.  Additionally,

preprocessing steps are often required before the

high-dimensional further

data can be used in deep learning models.
The Spectrogram technique provides the unique
advantage of analyzing time series data in both the

time and frequency domains. This dual
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representation is particularly useful for complex
signals, such as those found in audio or speech
recognition tasks. Spectrograms allow deep
learning models to capture both temporal and
frequency-based patterns. However, a downside to
that

series

using spectrograms is the process of

decomposing the time into frequency
components can lead to the loss of high-resolution
temporal information, limiting its applicability to

only certain types of time series data.

2, Previous Studies

Angelo et al.[12] explores state-of-the-art deep
like
specifically addressing the challenges and open
et al.[13]
demonstrated that time-series plots could be

learning architectures Transformers,

issues in time-series forecasting. Li
effectively used for fault diagnosis in mechanical
systems, emphasizing the interpretability of visual
features. In addition, Sun et al. [14] utilized wavelet
transforms to create time-frequency plots, showing
improvements in audio signal classification, while
Bhowmik, et al.[15] applied time-series heatmaps to
detect fraud in financial transactions, illustrating
the broader applicability of this approach. Hatami
et al[l6]
multidimensional time-series into 2D images for
CNNg,
datasets. Braun et al.

developed a method for converting

setting new benchmarks across various
[17] discusses innovative
visualization methods for handling time-series data
with varying magnitudes.

Other notable studies include Xie et al.[18] , who
implemented Spectral Entropy Maps leading to

enhanced anomaly detection. Qin et al.[19]
investigated the wuse of Polar Coordinate
Time-Series Transforms (PCTST) for activity

recognition in wearable sensor data, establishing a
new approach to handling temporal patterns in
human activity. Furthermore, Uribarri and
Mindlin[20] demonstrated that using Topological
(TTSE)
learning models to capture long-term temporal

[21]

Time-Series Embeddings enabled deep

dependencies effectively. Dudukcu et al.

combines Temporal Convolutional Networks with
RNN to predict time-series data.

However, despite the growing body of research in
this field,
literature concerning the effect of plot size on

there is still a notable gap in the

model performance.

III. Methodology

1. Data Set

In this study, the ESC-50 dataset[22] from Kaggle
was used. The ESC-50 dataset labeled
collection of 2000 environmental audio recordings

is a

suitable for benchmarking methods of
environmental sound classification. The dataset is
widely recognized in academia and has been
utilized in over 30 scholarly articles. The study
specifically focuses on 5 animal sounds from the
dataset including dogs, cats, crows, insects, and
pigs. Each class originally contained 40 audio files,
with each file lasting 5 seconds. These files were
segmented into 1-second intervals, resulting in 200
data points per class.

To increase the dataset size for each class,
Gaussian Noise augmentation was applied. Gaussian
Noise is a type of noise that follows a normal
distribution and is commonly used to augment
datasets by introducing slight random variations
while preserving the original signal's integrity as
formula (1). In the formular, p is the average value
of x and ¢ is the standard deviation.

1,
flz)= e (1)

_627r

By adding Gaussian Noise to the audio data, the
dataset was expanded to enhance the model's
robustness and ability to generalize to new, unseen
data.

When generating Gaussian Noise, the mean is
typically set to 0, while the standard deviation is
adjusted. The reason for setting the mean to 0 is to
ensure that the noise is not biased in one direction,
which could alter the overall value of the original



Analyzing the Impact of Plot Size in Vision-Based Time-Series Sound Classification 53

signal. If the mean were not 0, adding the noise
shift the
potentially distorting the original data.

would signal's overall amplitude,

Since the amplitude varies between different
audio files, the noise added must be proportional to
the original signal to avoid excessive or insufficient
noise application. Instead of setting a fixed noise
range, such as 255 or -255, which could either
overwhelm the signal or add too little variation, the
noise range was adjusted using the product of the
signal's maximum value and the standard deviation
of the noise. This method ensures that the noise is
relative to the signal's

appropriately  scaled

amplitude, providing a balanced augmentation
effect. By applying Gaussian Noise augmentation in
this way, each 1-second audio segment was
augmented 10 times, effectively increasing the
dataset size by a factor of 10. As a result, each
class grew from 200 data points to 2,000 data
points, improving the model's ability to handle

slight variations and generalize more effectively.

2. Plot Visualization and Model Training

The audio files were converted into time-series
plots as shown in Fig. 1, which were then used to
train a YOLO model. As shown in Figure 1, each
sound such as cat, crow, dog, and insect has
distinct characteristics that result in visually
distinguishable plot patterns.

The total number of files in the dataset is 10,000,
with 2,000 files for each of the 5 classes. For the
training, The transformed plots were split into
training and testing datasets in a 7:3
ratio. Typically, the training and testing datasets are
kept consistent in format when training and

evaluating models. However, in this study, to
investigate the effect of plot size on model
performance, the test dataset was generated in
varying sizes: 112x112, 224x224, 320x320, 440x440,
552x552, and 640x640. The trained model was then

tested on these different plot sizes.

o

(a) cat sound crow sound

H—M-

) insect sound

(c) dog sound
Fig. 1. The sample plots of animal sounds in 1 second
As a result, the 3,000 test files were expanded to
a total of 18,000 files for evaluation. The objective
was to determine how changes in plot size would
affect the model's performance across different
classes. The model was trained on a machine with
an AMD Ryzen 7 CPU and RTX 2080Ti for a total of
100 epochs over 10 hours.
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Fig. 2. loss and accuracy of training graphs

As shown in Fig 2, the training graph indicates
that both loss and accuracy approach their optimal
levels early in the training process. This early
convergence suggests that the model was able to
quickly recognize the features of the time series

images.
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IV. Discussions

In the test, the performance of the model was
significantly influenced by the size of the plots used
The
accuracy with the 320x320 plot size, identical to the

during testing. model achieved perfect
training size. However, performance decreased with
both smaller and larger plot sizes. Specifically, the
precision, recall, and Fl-score metrics dropped
notably at the 112x112 and 640x640 sizes, indicating
a loss of critical features in smaller plots and the
introduction of noise or irrelevant information in

larger plots.

H

(a) 112x112

(e) 552x552 (f) 640x640

Fig. 3. Confusion Matrix of classification by plot size

Fig. 3 presents the confusion matrices for each
plot size. As the test dataset was composed of six

different sizes, six corresponding confusion

matrices are displayed. As evidenced by the
confusion matrices, the accuracy tends to vary
more significantly at the extremes of 112x112 and
640x640 plot sizes.

The results confirm our hypothesis that the
YOLO model's performance is closely tied to the
plot size used during classification. The drop in
accuracy with non-matching plot sizes suggests
that the model is not invariant to changes in scale,
which poses a challenge for applications in

environments where plot sizes might vary.

Table 1. Classification performance of the cat

sound by plot size
Plot size Precision Recall F1
112x112 0.69 0.55 0.61
224x224 0.97 0.98 0.98
320x320 1.00 1.00 1.00
440x440 0.98 0.98 0.98
552x552 0.95 0.94 0.94
640x640 0.93 0.87 0.90

Table 1 shows the classification performance
metrics for the cat sound based on the confusion
matrix. As expected, the performance metrics
decrease as the plot size deviates from the 320x320
size. Recall and precision tend to be worse,
particularly with plot sizes smaller than 320x320.
This trend suggests that reduced plot sizes result in
which likely

impacts the model's classification accuracy.

diminished information content,

- 112x112 — 224x224

038

06

04

02 |
oe cat

- 320x320 W 440x440 _— 552x552 _ 540x640

F1 score

crow dog insect pig

Animal

Fig. 4. F1 score of each sound by size

To evaluate the performance across all sound
classes, the F1 score was calculated for each class
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and plot size, and the results are presented in Fig
4. Consistent with previous findings, the F1 score
decreases as the plot size deviates from the
320x320 resolution, regardless of the type of sound.

[t means, for time-series visualizations, a
mismatch between the plot size used in training
and the plot size used during classification can lead
to reduced accuracy. Therefore, this study suggests
that when publishing models based on time-series
visualizations, it is essential to specify the plot size
used in model training. This is an important
implication for research in time-series
visualization.

Although this study identifies valuable insights
for time-series visualizations, additional research is
necessary to reinforce the theoretical framework.
First, since the study focused solely on animal
sounds, further investigation on a broader range of
sounds is needed to enhance generalizability.
Second, it would be beneficial to evaluate Vision Al
models beyond YOLO. While YOLO

effective, particularly in object detection, it would

is highly

be insightful to experiment with other models that

excel in object classification, such as ResNet.
Lastly, further studies should examine the effects

of plot resolution and color on model accuracy.

V. Conclusions

In conclusion, this study demonstrates the
effectiveness of using time-series visualizations for
classifying natural sounds with vision-based Al
models. By converting time-series data, such as the
sounds of cats into plots, we successfully trained a
YOLO model and tested its performance across
varying plot sizes. The results confirm the benefits
of this approach, as deep learning models like CNN
and YOLO can extract spatial patterns from
time-series images. However, a key finding from
our experiments is the significant impact of plot
size on model performance. When the plot size

differed from the original 320x320 dimensions used

during training, both precision and recall metrics
deteriorated. It suggests that visualizing time-series
data, discrepancies between the plot size used for
training and the size used for classification can
in a decline

result in accuracy. This study

addresses a gap in the current literature by
highlighting the

time-series visualization for Al-based classification

importance of plot size in

tasks. Future research should examine how
variations in plot characteristics—such as type,
resolution, and color—affect model robustness to
enhance time-series classification across different

domains.
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