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Abstract—With stress being a commonly occurring emotion
in society as well as a major component in causing serious
physical and mental health issues, studying and monitoring
this phenomenon is an important task in the modern world.
Recent studies have shown the success of using deep learning
approaches in stress classification. A promising way to proceed
is to transform the one-dimensional biophysiological time se-
ries into two-dimensional representations by image encoding.
However, the question arises which encoding type is suitable
for which kind of time series. Here, several often used image
encodings are analyzed in regards to their ability to extract
and display signal characteristics relevant for stress detection.
In this paper, the focus lies on the electrodermal activity (EDA)
which represents a promising modality to detect stress. Due
to data scarcity, the utility of transfer learning starting from
ImageNet-pretrained convolutional neural networks (CNNs) is
also analyzed. Here, several backbone families, established and
modern, are evaluated under a locked fine-tuning protocol to
isolate architectural effects. Furthermore, the impact of tonic-
phasic decomposition is examined by comparing the full EDA
signal to its phasic component. Experiments on the WESAD
dataset demonstrate that scalograms appear more robust for
stress detection. Additionally, the trade-off between lightweight
and larger pretrained CNNs is characterized.

Index terms stress detection, CNN, image encodings, deep
learning, frugal, electrodermal activity, WESAD

I. INTRODUCTION AND RELATED WORK

Stress can have a severe harmful impact, be it short-term
or long-term in its chronic form [1]. On the one hand,
a person’s quality of action and decision making may be
affected by stress momentarily. On the other hand, stress in
its chronic form may lead to serious decline of mental [2],
[3] or physical health [4], [5]. The detection of stress is
therefore highly important. This work explores the detection
of stress based on biophysiological signals - specifically the
electrodermal activity (EDA). Certain biosignals, among them
EDA, have shown a correlation to a human’s stress state [6],
[7], while their response to stimuli can significantly differ
between individuals. This can be attributed to factors such
as age [8] and gender [8], [9].
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In this paper, convolutional neural networks are used to
determine a subject’s stress state using EDA time series
signals. The EDA signal is often utilized for the detection of
stress since the sweat glands are influenced by the sympathetic
nervous system [10]. It can be further decomposed into a pha-
sic and a tonic component. The phasic part or skin conductance
response varies fast in response to stimuli whereas the slowly
changing tonic part or skin conductance level is the baseline
conductivity component [11].

Commonly, either machine learning (ML) or deep learning
(DL) techniques are used to distinguish between stress and non
stress states. In the case of the former, hand-crafted features
as median or maximum peak value serve as input for training
ML systems, e.g. [12], [13]. In the case of DL variants, a
multitude of different techniques have been employed, see e.g.
[14]. One promising technique is to encode the time series as
an image, called image encoding (IE), thus enhancing certain
characteristics of the signal [15]. Often, feature extraction is
conducted with convolutional neural networks (CNN) [16],
[17], [18]. Several encodings have been investigated. For ex-
ample, [19] considered recurrence plots whereas [16] focused
on continuous wavelet transforms (CWT) and the resulting
scalograms for the detection of stress in drivers. [17] combined
several IE variants that preserve different characteristics of
the time series as well as different modalities while [18]
investigated unified images of three modalities.

This paper presents an analysis of CNN architectures and
transfer learning for image encodings of physiological time
series: Different pretrained DL architectures were fine-tuned
using five different IEs of the EDA signal of multiple subjects
as input. Since each encoding variant extracts different char-
acteristics of the signal, their performance as CNN input was
compared to assess how suitable the respective characteristics
are in terms of the EDA signal. Before applying the image
transformation, the signals were first divided into segments
of equal length. Furthermore adhering to the current state-
of-the art, leave-one-subject-out cross-validation (LOSO) was
applied.

The work is based on the findings in [20], where several
CNN architectures were analyzed for the blood volume pulse
(BVP), another modality often used in stress detection. There,
scalograms and an EfficientNet variant achieved the best
results. Here, the analysis is extended by focusing on EDA
which in contrast to the BVP represents a non-periodic signal



leading to the question whether a different representation of
the time series is preferable. Furthermore, it considers different
CNN architectures and architecture sizes. All in all, this paper
addresses the following research-questions:

• Are certain CNN architecture design choices more suit-
able for the specific nature of time series-based IEs which
differ strongly from natural images?

• Does increasing CNN model capacity and ImageNet
pretraining improve stress detection for EDA IEs, or are
lightweight architectures sufficient?

• Which image-based representations of EDA time series
capture stress-related patterns for CNN-based classifica-
tion best?

The paper is structured as follows: first, the details of the
approach and the experimental setup are provided in Section II.
The results and findings of the experiments are then presented
and discussed in Section III. Section IV presents a summary
of findings of this paper and points for future work.

II. METHODOLOGY

A. Data

The analysis considers the publicly available WESAD
dataset by Schmidt et al. [21], which has been commonly
used in stress detection studies. It comprises biophysiological
and motion data from 15 people recorded by two different
devices during specific lab study protocols. These protocols
included tasks that were meant to induce emotion conditions
such as stress or amusement, as well as a baseline recording.
The investigation focuses on the EDA data gathered by the
RespiBAN chest belt at a sampling frequency of 700 Hz in
a non-invasive manner. We note that this is not the frequency
that was finally used in our work.

B. Two-Dimensional Representations of Time Series: Image
Encodings

As stated previously, image encodings, that is, two-
dimensional representations of the EDA time series are consid-
ered. To derive the encodings, each class, baseline, amusement,
and stress, was treated separately. Afterwards, the signals were
divided into segments of identical length which were then
transformed into image encodings. This was carried out for
every encoding type considered. Each variant extracts specific
information from the time series and displays it in a two
dimensional image leading to distinct looks and patterns. The
following IEs were implemented in this work: scalograms [22]
(pp. 1-9, 313-325), Gramian angular summation and difference
field (GASF and GADF respectively [15]), Markov transition
field (MTF) and recurrence plots (RP) [23]. This selection
represents the image encodings that are most often used for
physiological time series.

Scalograms contain frequency information of the time series
signal as they visualize the output value of the CWT. It
can be seen as a map of the magnitude of the respective
wavelet function’s values as a function of time [22] (pp. 1-
9, 313-325). In a GAF [15] transformation the time series is
first translated into polar coordinates, where the time stamp

TABLE I
BACKBONE FAMILIES USED IN THIS WORK WITH RESPECTIVE PARAMETER

COUNTS (IMAGENET-PRETRAINED).

Family Backbone # Params

MobileNetV3 [26] MobileNetV3-Small 2.6M
MobileNetV3-Large 5.5M

EfficientNetV2 [27]
EfficientNetV2-S 21.4M
EfficientNetV2-M 54.4M
EfficientNetV2-L 119M

ResNetV2 [28] ResNet50V2 25.6M
ResNet101V2 44.7M

ConvNeXt [29]
ConvNeXt-Tiny 28.6M
ConvNeXt-Small 50M
ConvNeXt-Base 88.6M

is represented by the radius coordinate and the signal-value
respectively by the angle coordinate. This will subsequently
help visualize the time dependency between data points. The
so-called Gramian matrix will then contain the cosine of
the sum (summation field) or difference (difference field) of
the angles of each point, therefore capturing the temporal
correlation. The concept of GAFs was introduced by [15],
as well as the Markov transition field. A MTF reflects the
Markov transition probabilities between discrete bins in the
time series. These probabilities are represented in a Markov
transition matrix, by using a Markov chain operation of the
first order along the time-axis. Due to the sequential nature of
this process, the signal’s time dependency is reflected in the
final image [15].

Recurrence plots are a visualization of a system’s recurrence
[23] - a concept introduced by Henri Poincaré [24] in 1890.
The latter describes the approximate return of a dynamic
system to a previous state in phase space over time, regardless
of its linearity or dimensionality. Hence, an RP visually reflects
the recurrence of the signal investigated and its deterministic
structure. The main diagonal in each image is called ”line of
identity” [23]. Fig. 1 shows a schematic representation of how
a time series segment is displayed as an IE.

C. Experimental Setup

Backbone selection: Representative CNN backbones were
selected from multiple architecture families (MobileNetV3,
EfficientNetV2, ResNetV2, and ConvNeXt) to study whether
large pretrained CNNs provide a measurable benefit for EDA-
based stress classification. In each family, backbones of dif-
ferent sizes were included, ranging from lightweight to large
variants (Table I), enabling comparisons across both archi-
tectural design choices and parameter scale. The same fine-
tuning protocol was used across all backbones. Furthermore,
they were all instantiated using the official Keras model
implementations (Keras Applications) [25].

Preprocessing of data: The RespiBAN EDA signal from
the WESAD dataset was used for all experiments. The raw
EDA time series was denoised using a 6th-order Butterworth
low-pass filter with a 1 Hz cutoff frequency [30]. The filtered



Fig. 1. Symbolic representation of an EDA signal being segmented and transformed into different 2D images.

signal, originally sampled at 700 Hz, was then resampled to
16 Hz to reduce compute while preserving the EDA dynam-
ics [31]. Depending on the experimental condition, either
the resampled EDA signal itself or its phasic component
(EDA phasic) obtained via the tonic-phasic decomposition
[32] is used. Per-subject z-score standardization was applied
using the session-wide mean and standard deviation com-
puted prior to windowing. The standardized time series was
segmented into 60 s windows with 0.75 overlap, and each
window was converted into the IEs considered in this work.
Scalograms used a CWT (python package: ssqueezepy [33])
with the generalized Morse mother wavelet (gmw), 16 voices
per octave and JET-colored. Gramian angular fields were
produced with the python package pyts [34] defaults in both
GADF and GASF modes. For the Markov transition field
pyts with 8 quantization bins was used. For the recurrence
plots we employed the standard pyts configuration. All images
were generated per window at 299 × 299 resolution. After
segmentation and encoding, 1120 baseline, 610 stress, and
316 amusement images were obtained (2046 total). Unless
stated otherwise, this preprocessing, windowing, and encoding
pipeline was kept identical across all experiments.

Evaluation protocol and metrics: Subject-independent
performance was evaluated using the standard LOSO cross-
validation across the 15 subjects. In each fold, one subject was
held out for testing, while the remaining subjects were used for
training, with 20% of the training data reserved for validation.
To capture training stochasticity, each experiment was repeated
with 20 seeds, and the same set of seeds was used for all
experiments. For a fixed seed, the LOSO results were first
aggregated across folds by taking the median score over the
15 held-out test subjects. The mean ± standard deviation of the
accuracy and weighted F1-score metrics was then computed
across the seeds. To further assess whether the observed
differences in performance were statistically meaningful, we
also conducted statistical testing. We aggregated each model’s
20 runs per subject to a median score (weighted F1 and accu-
racy). On these subject-wise medians we ran a Friedman test
(α=0.05) with a post-hoc Nemenyi all-vs-all test procedure,
reporting average ranks and the single critical difference (CD).
The rank gaps above CD are marked significant.

Fine-tuning procedure: A lightweight classification head
(Dropout → Dense → ELU → softmax) was attached to each
pretrained backbone. Training was performed in two stages:

TABLE II
HYPERPARAMETER SEARCH SPACE FOR CLASSIFIER-HEAD TRAINING

(CH) AND FINE-TUNING (FT). ES STANDS FOR EARLY STOPPING AND LR
FOR LEARNING RATE.

Hyperparameter CH FT
Epochs {10, 30} {30, 50}
ES Patience {3, 7, 5} {3, 7, 5}
Adam LR {1e−4, 1e−3, 3e−3} {1e−5, 3e−5, 1e−4}

(i) classifier-head training with the backbone frozen (CH),
followed by (ii) end-to-end fine-tuning with all layers unfrozen
(FT). The Adam optimizer was used in both stages.

Model selection and hyperparameter tuning: Before run-
ning the full LOSO evaluation, the training hyperparameters
were selected using a computationally efficient mini-LOSO
protocol, where subjects S7 and S14 acted as held-out test
subjects. Mini-LOSO experiments were repeated with 15 seeds
and used ResNet50 [35] as a fixed reference architecture. The
number of epochs, the early stopping (ES) patience as well
as the Adam learning rate were tuned for both fine-tuning
stages (CH, FT) (Table II). Candidate configurations included
combinations formed from the first and last values in each list,
complemented by randomly sampled intermediate settings,
resulting in 134 total configurations. The final configuration
was selected by ranking candidates based on the weighted F1-
score and the accuracy, and was then fixed for all subsequent
experiments.

III. RESULTS AND DISCUSSION

Based on the hyperparameter tuning described in Sec-
tion II-C the configuration CH: lr=1e-3, ES patience=5,
epochs=10; FT: lr=1e-5, ES patience=7, epochs=30 yielded
the best results in regards to the weighted F1-score and
accuracy. The selected configuration was kept fixed for all
backbones to ensure a fair comparison, such that observed
differences can be attributed to the backbone choice rather than
to unequal tuning effort or backbone-specific hyperparameters.
In the following, results are reported for the 3-class WESAD
classification under LOSO across the considered backbone
families, with accuracy and weighted F1-score summarized
as mean ± standard deviation over 20 seeds (after median
aggregation across folds).

The best-performing traditional ML method (linear discrim-
inant analysis) from the original WESAD study [21] was
used as a baseline. Using the manually extracted statistical



Fig. 2. Comparison of modeling EDA and its phasic component by accuracy
(solid) and weighted F1-score (transparent) using ResNet50 and VGG19 as
backbone architecture, respectively. For exact numbers, see Table III.

TABLE III
COMPARISON OF MODELING EDA AND ITS PHASIC COMPONENT BY

ACCURACY AND WEIGHTED F1-SCORE (MEAN ± STANDARD DEVIATION,
20 RUNS).

Architecture Signal Accuracy Weighted F1

ResNet50 [35] EDA 0.7371 ± 0.028 0.7263 ± 0.022
EDA phasic 0.6321 ± 0.034 0.6195 ± 0.032

VGG19 [37] EDA 0.7258 ± 0.026 0.7180 ± 0.019
EDA phasic 0.6344 ± 0.027 0.6268 ± 0.022

features of the RespiBan EDA signals and applying LOSO,
the approach achieves an accuracy of 0.67.

A. The Electrodermal Activity and its Phasic Component

The EDA signal is commonly decomposed into a tonic and
a phasic component. The tonic component reflects the slowly
varying baseline level of skin conductance (skin conduc-
tance level), while the phasic component captures short-term
skin conductance responses associated with rapid sympathetic
arousal [31]. Because stress is often characterized by sudden
physiological changes, the phasic component is frequently
assumed contain more relevant information for stress detection
[36]. The impact of modeling the full EDA signal versus
its extracted phasic component (EDA phasic) is evaluated
in Table III and Fig. 2. Since the training hyperparameters
are selected using ResNet50 [35] as the reference backbone,
VGG19 [37], is included as an additional, architecturally
distinct model to verify that the observed conclusions are
not specific to the tuning backbone. For both models, using
only the phasic component results in a clear performance
degradation of approximately 10%, accompanied by increased
variance across runs. These findings indicate that the infor-
mation loss introduced by signal decomposition outweighs
the potential benefits of isolating phasic activity as a form
of feature engineering. Consequently, retaining the full EDA
signal appears more effective for stress classification in the
examined setting.

B. Comparing Image Encodings

The performance of different IE methods using ResNet50V2
is compared in Table 3 and visualized in Fig. 3. Among the

Fig. 3. Comparison of IEs (scalogram, recurrence plot (RP), Gramian angular
summation/difference field (GASF/GAFM), Markov transition field (MTF))
by accuracy (solid) and weighted F1-score (transparent) using ResNet50V2.
For exact numbers, see Table IV.

TABLE IV
COMPARISON OF IMAGE ENCODINGS BY ACCURACY AND WEIGHTED

F1-SCORE (MEAN ± STANDARD DEVIATION, 20 RUNS). AVERAGE RANKS
ARE REPORTED FOR THE WEIGHTED F1 SCORE (α=0.05, CD=2.23).

Image Encoding Accuracy Weighted F1 Avg. Rank
Scalogram 0.7350 ± 0.033 0.7236 ± 0.028 1.73
RP 0.6517 ± 0.048 0.6293 ± 0.037 2.83
MTF 0.6267 ± 0.037 0.6072 ± 0.036 3.67
GASF 0.6450 ± 0.038 0.6202 ± 0.037 3.47
GADF 0.6392 ± 0.041 0.6184 ± 0.034 3.3

evaluated methods, scalograms achieved the highest perfor-
mance with a mean accuracy around 0.75 and weighted F1-
score around 0.72 across 20 runs. RP followed by a clear
margin with a mean accuracy around 0.65 and weighted
F1-score around 0.63, however with a notably higher vari-
ance. The remaining encodings, MTF, GASF and GADF,
showed comparable but lower performance. As demonstrated
in the boxplots in Fig. 3, scalogram encodings yielded both
higher median scores and stronger robustness. The temporal-
frequency characteristics captured in scalograms seemed to be
most effective for stress detection in our setting. After confirm-
ing overall differences with the Friedman test, the Nemenyi
post-hoc test showed a significant difference in weighted F1-
score for the pairs scalograms vs. RP and scalogram vs. GASF.
In terms of accuracy, the test agrees on significant differences
for scalogram vs. RP.

C. Architecture Comparison Across Backbone Families

The comparison of the ImageNet-pretrained CNN back-
bones is summarized in Table V. Hereby we focused on
the EDA signal and its scalogram representations, as they
demonstrated the strongest performance in previous exper-
iments. Overall, the strongest results are obtained by the
ResNetV2 and EfficientNetV2 families, while ConvNeXt vari-
ants consistently under-perform in this setting. This trend is
also illustrated in Fig. 4 that shows the distribution of the
accuracy and weighted F1 across the 20 runs. The ResNetV2
and EfficientNetV2 groups remain centered around 0.73-0.76
median accuracy, whereas ConvNeXt lies around 0.61-0.65.

Among all evaluated backbones, the highest mean accuracy
is achieved by ResNet101V2 and EfficientNetV2-M, with



Fig. 4. Comparison of ResNetV2(50/101), EfficientNetV2(S/M/L), Mo-
bileNetV3(Small/Large), and ConvNeXt(Tiny/Small/Base) by accuracy (solid)
and weighted F1-score (transparent). For exact numbers, see TABLE V.

comparable weighted F1-scores. MobileNetV3 performs com-
petitively, reaching 0.73 mean accuracy and 0.72-0.73 mean
weighted F1. In contrast, all ConvNeXt variants achieve lower
performance.

Within ResNetV2, the larger ResNet101V2 improves over
ResNet50V2, indicating a modest benefit from increased ca-
pacity within this family. Within EfficientNetV2, the best over-
all performance is obtained by the mid-sized EfficientNetV2-
M, while EfficientNetV2-L does not provide further gains
and slightly underperforms V2-M. The Small variant remains
competitive. Within MobileNetV3, only small differences are
observed between the Small and Large variants. MobileNetV3-
Large attains slightly higher accuracy, while MobileNetV3-
Small yields comparable weighted F1. Within ConvNeXt,
performance is low for all sizes, and scaling is not mono-
tonic. ConvNeXt-Small achieves the highest accuracy among
ConvNeXt variants, while ConvNeXt-Base yields the highest
weighted F1. The results suggest that an increasing capacity
does not necessarily lead to better results for this family under
the current setup.

Across runs, the EfficientNetV2 family shows consistently
low variability. ResNet101V2 is similarly stable, whereas
ResNet50V2 is less consistent across the runs. For Mo-
bileNetV3, while the Small variant is more volatile, the Large
variant is comparably stable to EfficientNetV2. The ConvNeXt
variants display the largest scatter overall in addition to
their lower mean performance. The Friedman test confirmed
overall differences and the Nemenyi post-hoc analysis for
the weighted F1-score identified significant differences when
comparing ConNeXt-Base to EfficientNetV2L and Efficient-
NetV2M. Concerning the accuracy, ConvNeXt-Base differed
significantly from EfficientNetV2L, ResNetV2101, and Effi-
cientNetV2M.

IV. CONCLUSIONS AND OUTLOOK

This paper focused on stress detection based on physi-
ological time series. Here, deep learning approaches have
gained more and more importance. However, several chal-
lenges remain, among others, how to represent physiological
time series and how to cope with the general data scarcity

TABLE V
COMPARISON OF ARCHITECTURES BY ACCURACY AND WEIGHTED

F1-SCORE ON WESAD SCALOGRAMS (MEAN ± STANDARD DEVIATION,
20 RUNS). AVERAGE RANKS ARE REPORTED FOR THE WEIGHTED F1

SCORE (α = 0.05, CD=3.33).

Architecture Accuracy Weighted F1 Avg. Rank
ResNet50V2 [28] 0.7350 ± 0.033 0.7236 ± 0.028 5.6
ResNet101V2 [28] 0.7476 ± 0.022 0.7281 ± 0.026 4.4
EfficientNetV2S [27] 0.7345 ± 0.021 0.7219 ± 0.020 5.07
EfficientNetV2M [27] 0.7463 ± 0.019 0.7327 ± 0.016 4.2
EfficientNetV2L [27] 0.7432 ± 0.019 0.7279 ± 0.018 3.8
MobileNetV3Small [26] 0.7265 ± 0.028 0.7281 ± 0.020 5.13
MobileNetV3Large [26] 0.7282 ± 0.019 0.7248 ± 0.020 5.2
ConvNeXtTiny [29] 0.6153 ± 0.034 0.6127 ± 0.032 7.13
ConvNeXtSmall [29] 0.6282 ± 0.030 0.6281 ± 0.026 6.73
ConvNeXtBase [29] 0.6248 ± 0.031 0.6382 ± 0.026 7.73

since available datasets are typically small. Image encodings or
two-dimensional representations may enhance certain charac-
teristics of the signal that allow to differentiate between states.
Several image encodings have been introduced, however, no
clear findings exist which variant should be preferred for which
physiological time series. The paper focused on the electro-
dermal activity which is often used for stress detection. It
evaluated several pretrained CNN architecture variants which
were fine-tuned for the classification task. The EDA modal-
ity contains a phasic and tonic component with the former
reacting swiftly to stressors. Using only the phasic part of
the EDA signal, however, consistently degrades performance
and yields less consistent outcomes across runs, indicating that
the information removed by tonic-phasic decomposition out-
weighs any potential benefits from isolating rapid responses.
Among the considered image encodings, scalograms achieve
the best results and the highest robustness, while recurrence
plots provide the next-best accuracy but with a notably larger
spread across runs. Markov transition fields, Gramian angular
summation and difference fields remain clearly below scalo-
grams in terms of performance in this setting. Across backbone
families, ResNetV2 and EfficientNetV2 show the strongest
overall results, whereas ConvNeXt underperforms across sizes.
MobileNetV3 remains competitive despite substantially fewer
parameters.

Overall, the strongest and most reliable performance is
obtained when using scalograms of the full EDA sig-
nal together with pretrained CNN backbones from the
ResNetV2 or EfficientNetV2 families under a locked fine-
tuning configuration. Additionally, the scaling model capac-
ity is family-dependent: ResNet101V2 improves modestly
over ResNet50V2, EfficientNetV2-L does not improve over
EfficientNetV2-M, and ConvNeXt scaling is not monotonic.
These findings suggest that architecture choice and representa-
tion quality matter more than parameter count alone for EDA-
based stress classification with time series image encodings.

Future work shall investigate further image encoding types
focusing on different signal characteristics, ensemble models
as well as other architectural groups, beyond CNNs. Further-
more, using more than one biophysiological signal as input in



a multimodal approach will be explored in the future.
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[20] M. Çitaku, L. Zott, S. Meyer-Nieberg, C. Küsel, and M. Hofmann,
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