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Electromyographic (EMG) signal classification is vital but remains challenging for advanced prosthetics and medical diagnostics,
especially when the number of movement classes increases. While the field favors convolutional neural networks (CNNs),
they require more computational resources than small prosthetic devices can handle. Thus, we compared CNNs with simpler
feedforward neural networks (FFNNs) to explore whether a lower-complexity model can match CNNs’ accuracy in multi-class
EMG signal classification. EMG signals of 12 basic finger movements from 27 subjects were retrieved from the publicly
available Ninapro database, preprocessed using Butterworth and Bandpass filters, and five standard time-domain features were
extracted. We tested multiple FFNN and CNN models – each architecture evaluated across 5 runs – to compare the optimal
model for 4-, 8-, and 12-class classification; mean accuracy, standard deviation, precision, recall, F1-score, error maps, and
loss curves were generated for further analysis. Results showed that FFNNs consistently outperformed CNNs in mean and max
accuracy for all three class counts (p < 0.001), with the gap widening as the number of classes increased: roughly 4.4% at
4-class, 6.4% at 8-class, and 7.5% at 12-class. Both models, especially CNNs, struggled with overfitting and classification of
thumb exercises (movements M9-M12). Contrary to the field’s modern preference for CNNs, simpler FFNNs performed better
in EMG signal classification, with their advantage growing as the number of classes increased. This suggests that FFNNs may
be a more accurate and computationally efficient alternative to CNNs for resource-constrained EMG-based applications like
prosthetic control.

Keywords: Electromyography (EMG), movement/gesture recognition, feedforward neural network (FFNN), convolutional
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Introduction

Electromyogram (EMG) signals are electrical changes in the
skeletal muscle captured during muscle contraction1 by us-
ing sensors implanted in or placed on the skin2. Within the
biomedical field, analyzing these signals for real-time fin-
ger movement recognition and classification is foundational
for detecting neuromuscular abnormalities, evaluating neu-
rorehabilitation methods3, and developing advanced neuro-
prosthetic control4 to restore natural dexterity and autonomy
for individuals with limb amputations or neuromuscular defi-
ciencies5,6. Despite its clinical importance, robust automated
multi-class classification of EMG signals using deep learn-
ing (DL) remains a challenge due to the “chaotic nature” of
noise present among the continuously changing time-domain
information of myoelectric signals1,7. The difficulty grows
especially when using public databases with a larger num-
ber of target movement classes to simulate real-world clini-
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cal signal complexities8–10, as subtle variations often lead to
large drops in classification accuracy. To tackle this prob-
lem, contemporary research heavily favors the use of Con-
volutional Neural Networks (CNNs) and their spatial feature
extraction5,11, which yield high movement classification ac-
curacy12–15. Specifically, Geng developed a CNN gesture
recognition model achieving 99.5% accuracy using a highly
controlled, unique dataset8. However, other studies using
the publicly available Ninapro datasets for their models noted
relatively low performances; Hu’s and Wei’s models topped
off at 87.0% and 82.2% accuracy, respectively9,10. While
many studies utilize CNNs and other complex architectures
to achieve high accuracy, they typically require heavy com-
putational models16, longer training times, and experience an
increased risk of overfitting. These limitations trickle down
to real-life concerns, such as rapid battery drain and thermal
dissipation in wearable prosthetics that rely on small embed-
ded microcontrollers to function17. This makes heavy sequen-
tial frameworks impractical for daily use. To address this,
our study compared a baseline Feedforward Neural Network
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(FFNN) model against a spatial CNN to evaluate whether
a lower-complexity model can achieve comparable perfor-
mance in multi-class EMG classification, mitigating the con-
cerns and offering a more cost- and time-efficient alterna-
tive for clinical application. The FFNN approach maps non-
linear signals globally and passes information forward through
weighted processing nodes18, while the CNN approach spe-
cializes in recognizing local spatial patterns via convolutional
kernels19. Because the study specifically prioritizes inves-
tigating whether minimized computational weight—i.e., ba-
sic FFNNs—can maintain competitive classification perfor-
mance under realistic signal data, complex sequential architec-
tures such as Long Short-Term Memory (LSTMs) networks or
Gated Recurrent Units (GRUs) are excluded from our scope of
research. Following the general experimentation methods of
previous studies conducted20,21, we used a Ninapro dataset of
EMG signals from 27 healthy subjects22–25 to test each archi-
tecture on classifying 4, 8, and 12 distinct finger gesture move-
ments from Exercise 1. The signals were preprocessed using
two filters and extraction of five time-domain features, and
the models were adjusted (i.e., number of neurons for FFNNs,
and kernel size and number of feature maps for CNNs) to find
the optimal architecture for classifying different numbers of
gestures. Each architecture was run five times, and the mean
accuracy and standard deviation (SD), as well as Precision,
Recall, and F1-Score values, were recorded, along with its er-
ror map and training loss graph. Then, the mean accuracy of
CNNs and FFNNs for each number of classes was compared
using a t-test to yield a p-value. However, a primary limita-
tion of this research comes from our database, which is the
publicly available Ninapro database containing pre-recorded
EMG data. Consequently, the dataset lacks biological signal
variability, shifting from the typical clinical target populations
such as individuals with severe neuromuscular deficiencies or
amputations. Furthermore, our model’s performance results
are only applicable to the pre-recorded EMG signals in the
Ninapro database and would perform poorly in real-life signal
analysis.

Methods

Research Design

The study is an experimental, comparative performance evalu-
ation that uses a publicly available Ninapro database to assess
the accuracy of each combination of CNN or FFNN archi-
tectures and the number of signals classified, built in Google
Colab using Python code.
Data Sample and Collection

The dataset was derived from Ninapro, a publicly available
EMG database supporting research in movement recognition
for advancements in prosthetic control. The specific dataset

contains EMG signals from 27 healthy subjects (20 males, 7
females; 25 right-handed, 2 left-handed; age 28± 3.4 years)
doing 52 different exercises, collected from 10 Otto Bock My-
oBock 13E200 electrodes or sensors on the forearms22–25. For
this experiment, we used signal data from Exercise 1 (12 ba-
sic finger gestures) repeated 10 times per subject, due to its
simple, workable dataset. Figure 1 below shows a visual rep-
resentation of the raw EMG signals from the Ninapro database
we used.

Figure. 1 Raw EMG signals from the Ninapro database for move-
ments 1–4 (subjects 1–6), before filtering

Variables and Measurements

To evaluate the accuracy of different DL models, we varied the
model architecture and the number of signal classes for clas-
sification, and measured the accuracy, SD, Precision, Recall,
and F1-Score for each model.

Independent Variables
i. Model Architecture

FFNN: The models transformed the input data through 2
hidden layers, each with varying numbers of neurons (16, 32,
64, 128), which processed the information to classify the sig-
nal into one of 12 gestures. The basic architecture is shown in
Figure 2. We varied the number of neurons for each layer and
tested all combinations.

CNN: Models transformed the input data through 1 hidden
layer with varying numbers of feature maps (16, 32, 64, 128)
and kernel sizes (3× 3, 5× 5, and 7× 7). Then, a 2× 2 max
pooling and flattening simplified the data to prepare it for input
to the dense layer or fully connected layer. The basic architec-
ture is shown in Figure 3. We modified the number of feature
maps and kernel sizes and tested all combinations.

ii. Number of Signal Gestures Each model architecture
was tested for classifying different numbers of gestures from
1 to 12, 5 times per number of classes. Specifically, we tested
classifications for 4 (Gesture 3, 7, 10, 12), 8 classes (Gesture
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Figure. 2 Baseline FFNN model architecture that was modified (i.e.,
number of neurons per layer) to determine the optimal architecture
for EMG classification

Figure. 3 Baseline CNN model architecture that was modified (i.e.,
kernel sizes and number of feature maps) to determine the optimal
architecture for EMG classification

1, 3, 5, 7, 8, 10, 11, 12), and all 12 gestures. Though we
initially planned to classify two gestures at a time, starting
with 4 yielded unexpectedly high accuracy, prompting us to
experiment with more classes.

Dependent Variables (Performance Measurements)
Classification Accuracy: We ran 5 independent iterations per
model architecture to account for variability in training stabil-
ity and random network weightings, and recorded the mean
percent accuracy (± SD).

Predictive Diagnostics: For further analysis on class-
specific classification reliability, Precision, Recall, and F1-
Scores were measured. Precision records how resistant the
model is to false-positive classifications for a specific class.
Recall tracks the rate of false negatives or “missed” classifi-
cations per class. F1-Scores measure the harmonic mean of
Precision and Recall values, serving as an overall evaluation
of classification stability26.

Procedure

The entire model performance evaluation was done using the
Python code engineered in Google Colab, executed chrono-
logically through the following steps:

Data Loading
The raw signal files (MATLAB format or .mat) from the Ni-
napro database were downloaded, unzipped, and imported into
the local Google Drive with the following file naming conven-
tion: S# was used for each subject, A# was used for the ac-
quisition number or attempt, and E# was used for the specific
sets of exercises within the same acquisition. For example,
S1 A1 E1 would imply that the file contains signals from Sub-
ject 1 performing movements from Exercise 1 (Gestures 0-12)
during Acquisition 1. Then, only the A1 E1 files for each sub-
ject were loaded, and the Python tool scipy.io.loadmat
was used to parse the .mat files into readable Python dictio-
naries. From these files, the code extracted EMG signals and
the categorical integer labels indicating which gesture each
signal corresponds to, by accessing the ‘emg’ and ‘stimulus’
columns, respectively. Using NumPy, the data from all 27 sub-
jects were concatenated into a unified continuous EMG signal.
Finally, the code checked whether the total length of the con-
tinuous EMG signal matched the length of the stimulus col-
umn, ensuring that each signal reading segment synchronized
with the gesture label.

Data Preprocessing
For data preprocessing, the frequency boundaries were defined
as lowcut = 20.0 Hz and highcut = 450.0 Hz, and the sensor
recording speed was set to fs = 1000.0 Hz. Then, the EMG
dataset was filtered using a Butterworth filter for noise reduc-
tion and a Bandpass filter for each EMG channel to normalize
the signals27.

Butterworth filter:By flattening the signals at a sampling
rate of 0.5 fs (frequency cut to 500 Hz), this filter simpli-
fied the EMG signals for easier segmentation of essential from
non-essential signals28. Then, the upper and lower frequency
boundaries were divided by 500 Hz to normalize the raw cut-
off Hz values. These normalized frequencies were processed
by the Butterworth function to generate coefficients (b and a)
that act as a “fence” to block unwanted noise.
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Bandpass filter:After the Butterworth filter, the Bandpass
filter was used to physically block low-frequency (below 20
Hz) and high-frequency (above 450 Hz) signals from the raw
continuous EMG signal, excluding unnecessary information
from the signals29. Once the data were filtered using these
functions, the mean signal value for each of the 10 channels
was calculated and subtracted from the data, resetting the sen-
sor baseline to zero and preventing shift of signals due to sen-
sor or recording variability. Finally, the continuous signal is
cut into 200-ms intervals. Figure 4 shows a visual representa-
tion of the completely filtered EMG signal output at the end.

Figure. 4 Raw EMG signals from the Ninapro database for move-
ments 1–4 (subjects 1–6), after Butterworth and Bandpass filtering
(20–450 Hz passband, 1000 Hz sampling frequency)

Time-Domain Feature Extraction
Next, feature extraction was done as follows: 5 features × 10
channels = 50 total features were extracted per 200-ms win-
dow. As for the features, five important types for classifying
EMG signals30 were selected:

Mean absolute value (MAV):This determines the average
height or amplitude of the EMG signals31, which helps deter-
mine the variability of the muscle stimulus and estimate the
motion range22.

Root mean square (RMS):This determines the total power
of the signals, which helps detect the spikes in the signals that
signify the stimulus or movement of muscles32.

Variance (VAR):This determines how much the signal
varies from the average value33.

Wavelength (WL):This determines the length of each wave
of signals, indicating how complex and fast the signals are
waving34.

Number of Zero Crossings (ZC):This determines the
number of times the EMG signals have crossed the x-axis,
which helps estimate the overall shape of the signals (i.e.,
how crowded they are)35. We chose these five features not
only because they are commonly used in EMG signal anal-
ysis, but also because they are simple, lower-computational

features that are efficient compared to complex ones.

Class Selection and Relabeling
After feature extraction, Class 0, or the resting (non-
movement) state, was excluded from classification. The re-
maining Classes 1–12 were relabeled as 0–11, since deep
learning frameworks expect class labels to begin at 0. Then,
specific subsets of these classes were selected for each exper-
iment to evaluate 4-class, 8-class, and 12-class classification
performance, in order to observe patterns between the number
of classes and model accuracy. After each class subset was se-
lected, LabelEncoder was applied to re-index the labels con-
tiguously, accounting for the numeric gaps from the excluded
classes.

Data Split
Then, the data were split into 3 sets: 60% for training, 20%
for validation, and 20% for testing. Each split was stratified
to preserve the original class proportions. Furthermore, Stan-
dardScaler was fit only on the training data and was then used
to scale the validation and testing data to prevent data leakage.

Model Architecture Configuration
FFNNs used 16, 32, 64, or 128 neurons in the first and second
layers, and all 16 combinations of these neuron counts across
the two layers were tested (an example architecture would be
16 neurons for the first layer and 128 neurons for the second
layer, e.g., 16×128). CNNs used 3×3, 5×5, or 7×7 kernel
sizes and 16, 32, 64, or 128 feature maps, and all 12 com-
binations of these kernel sizes and feature map counts were
tested (an example architecture would be 3×3 kernel size and
128 feature maps, e.g., 3× 3, 128). This marks one full 4-
class classification experiment. Each architecture was tested
5 times. This was repeated with 4, 8, and 12 subset classes
for the 4-, 8-, and 12-class classification experiments, respec-
tively.

Training Methodology and Input
The Adam optimizer with a starting learning rate of 0.001 was
used to control the size of each weight adjustment during train-
ing, minimizing loss. The sparse categorical crossentropy
loss function was used to measure the difference between the
model’s prediction and the actual class, since the class labels
are expressed as integers rather than one-hot vectors (0 or
1). Batch size was set to 32 during training via model.fit().
EarlyStopping was used to prevent overfitting by stopping
training when validation loss failed to improve for x epochs
in a row, referred to as patience (x = 7 for FFNN and x = 10
for CNN), and restoring the model’s best-performing weights
once triggered. Table 1 below shows the specific hyperparam-
eters used for training the models, which were kept constant
throughout the experiments.
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Table 1 Hyperparameter settings for the neural network models.

Hyperparameter Value

Optimizer Adam

Learning rate 0.001

Batch size 32

Max epochs 100

Early stopping monitoring Validation loss

Early stopping patience 7 (FFNN) / 10 (CNN)

Activation function ReLU

Loss function Sparse categorical
crossentropy

Number of runs per architecture 5

Evaluation
Test accuracy was computed for each architecture by calculat-
ing the mean and SD of the 5 runs per architecture, which is
further discussed in Data Analysis. Classification report was
used to generate precision, recall, and F1-score per architec-
ture for further analysis of the model performance. Addition-
ally, training loss versus validation loss, and training accuracy
versus validation accuracy, were plotted for each architecture
to evaluate convergence. For instance, a decreasing training
loss along with a rising validation loss indicates overfitting,
while both losses remaining high indicate underfitting, and the
flattening and converging of both losses indicate healthy train-
ing. Finally, a confusion matrix was used to generate an error
map per architecture, helping visualize class-specific misclas-
sification patterns.

Data Analysis

For each number of subset classes, the mean accuracy ± SD
was calculated for FFNN and CNN to compare whether one
outperformed the other. Then, an unpaired t-test was per-
formed using all accuracies in each number of subset classes
from FFNN and CNN to evaluate whether the difference in ac-
curacy between FFNN and CNN was statistically significant
– a p-value < 0.05 was considered evidence of a significant
difference, with a p-value < 0.01 indicating an even stronger
statistical confidence in that difference.

Ethical Considerations

Our study used a secondary, publicly available, de-identified
dataset from the Ninapro database. Responsibility for obtain-
ing informed consent or any ethical approval for the original

data collection lies with the Ninapro research team, whose
acquisition protocol is described in their original publica-
tions22–25. Since this is a computational analysis on already-
existing data, no new ethical concerns were introduced.

Results

After performing all classifications with variants of FFNN and
CNN architectures, we found that FFNN accuracy (both mean
and max) surpassed CNN accuracy in all 4-, 8-, and 12-class
classifications, with p-values < 0.01 (strong significance). In
addition, the classification accuracy difference between the
two models increased as the number of classes to classify in-
creased. Table 2 below summarizes and compares the accu-
racy of FFNN and CNN architectures.

Table 2 Best FFNN and CNN performance across different numbers
of classes.

# of classes Best FFNN Architecture Best FFNN Accuracy (%) FFNN Mean (%) Best CNN Architecture Best CNN Accuracy (%) CNN Mean (%) p-value Significant?

4 128x64 70.82 67.96 5x5, 128 67.10 63.57 0.000402 Yes

8 128x128 58.01 51.99 7x7, 128 49.40 45.62 0.000021 Yes

12 128x128 51.46 44.74 7x7, 128 41.47 37.23 0.000004 Yes

Tables 3-8 present the specific mean accuracy, STD, pre-
cision, recall, and F1-scores per architecture per 4-, 8-, and
12-class classifications, with the best-performing architecture
highlighted in orange per table. As shown in Tables 3 and 4,
128×64 and 5×5, 128 were the best architectures for FFNN
and CNN, respectively, in 4-class classification. From Tables
5 and 6, 128×128 and 7×7, 128 were the best architectures
for FFNN and CNN, respectively, in 8-class classification; the
same architectures performed best in 12-class classification,
as indicated in Tables 7 and 8. Across most architectures, ac-
curacy generally increased as the number of neurons, kernel
size, or feature maps increased.

Table 3 FFNN performance for different hidden-layer neuron config-
urations.

Layer 1 – # neurons Layer 2 – # neurons Mean Accuracy (%) Std (%) Macro Precision Macro Recall Macro F1-Score

16 16 63.73 1.5 0.62 0.62 0.61

16 32 64.73 1.31 0.64 0.64 0.64

16 64 64.66 1.47 0.66 0.66 0.66

16 128 66.13 0.91 0.66 0.66 0.66

32 16 67.99 1.31 0.67 0.67 0.67

32 32 67.49 0.82 0.68 0.68 0.68

32 64 67.99 1.91 0.70 0.70 0.69

32 128 68.75 1.58 0.71 0.71 0.70

64 16 67.13 1.32 0.69 0.69 0.68

64 32 70.14 0.90 0.70 0.70 0.70

64 64 70.04 1.45 0.69 0.68 0.69

64 128 69.82 0.83 0.69 0.69 0.69

128 16 68.60 1.23 0.67 0.67 0.67

128 32 69.00 1.07 0.69 0.70 0.69

orange!20 128 64 70.82 2.05 0.68 0.68 0.68

128 128 70.32 1.35 0.70 0.70 0.70
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Table 4 CNN performance for different kernel sizes and numbers of
feature maps.

Kernel Size # Feature Maps Mean Accuracy (%) Std (%) Macro Precision Macro Recall Macro F1-Score

3x3 16 56.85 0.82 0.57 0.56 0.57

3x3 32 61.94 0.70 0.61 0.61 0.61

3x3 64 64.87 1.29 0.67 0.67 0.66

3x3 128 65.95 1.29 0.65 0.65 0.64

5x5 16 60.50 1.83 0.58 0.59 0.58

5x5 32 62.90 1.72 0.65 0.64 0.64

5x5 64 65.13 0.66 0.65 0.65 0.65

orange!20 5x5 128 67.10 1.21 0.65 0.65 0.65

7x7 16 61.22 1.89 0.58 0.58 0.58

7x7 32 64.12 1.10 0.64 0.64 0.64

7x7 64 65.63 1.14 0.64 0.64 0.64

7x7 128 66.67 1.26 0.66 0.65 0.65

Table 5 FFNN performance for different hidden-layer neuron config-
urations on the second dataset.

Layer 1 – # neurons Layer 2 – # neurons Mean Accuracy (%) Std (%) Macro Precision Macro Recall Macro F1-Score

16 16 45.22 1.38 0.48 0.48 0.47

16 32 47.23 1.81 0.48 0.48 0.47

16 64 47.98 0.99 0.48 0.48 0.48

16 128 50.49 1.08 0.51 0.51 0.50

32 16 48.22 0.71 0.47 0.47 0.47

32 32 50.49 1.21 0.49 0.49 0.49

32 64 52.14 1.18 0.52 0.52 0.51

32 128 53.29 0.80 0.54 0.54 0.54

64 16 50.64 0.75 0.52 0.52 0.51

64 32 51.89 1.74 0.54 0.54 0.54

64 64 53.90 0.94 0.55 0.55 0.55

64 128 55.55 1.04 0.54 0.55 0.54

128 16 53.97 1.12 0.55 0.55 0.55

128 32 55.62 1.45 0.57 0.56 0.56

128 64 57.18 0.68 0.57 0.57 0.57

orange!20 128 128 58.01 0.90 0.60 0.59 0.59

Table 6 CNN performance for different kernel sizes and numbers of
feature maps on the second dataset.

Kernel Size # Feature Maps Mean Accuracy (%) Std (%) Macro Precision Macro Recall Macro F1-Score

3x3 16 40.70 0.84 0.39 0.40 0.39

3x3 32 44.11 1.07 0.42 0.42 0.42

3x3 64 45.78 0.48 0.46 0.46 0.46

3x3 128 47.84 0.80 0.47 0.47 0.47

5x5 16 41.58 1.08 0.42 0.42 0.42

5x5 32 44.57 0.84 0.44 0.44 0.43

5x5 64 48.00 1.08 0.48 0.48 0.47

5x5 128 48.86 0.99 0.49 0.48 0.47

7x7 16 43.30 0.64 0.43 0.43 0.43

7x7 32 46.15 1.28 0.47 0.48 0.47

7x7 64 47.19 0.82 0.48 0.48 0.48

orange!20 7x7 128 49.40 1.20 0.49 0.49 0.48

Furthermore, confusion matrices were generated for each
architecture to analyze precision and recall for each class. For

Table 7 FFNN performance for different hidden-layer neuron config-
urations on the third dataset.

Layer 1 – # neurons Layer 2 – # neurons Mean Accuracy (%) Std (%) Macro Precision Macro Recall Macro F1-Score

16 16 37.48 0.98 0.35 0.35 0.35

16 32 39.96 0.93 0.42 0.41 0.41

16 64 41.75 1.57 0.40 0.39 0.39

16 128 44.01 1.12 0.44 0.44 0.44

32 16 40.71 1.22 0.42 0.42 0.41

32 32 42.28 0.73 0.42 0.42 0.42

32 64 43.76 1.77 0.44 0.43 0.43

32 128 46.10 1.44 0.48 0.48 0.47

64 16 42.95 1.88 0.44 0.45 0.44

64 32 43.91 1.31 0.45 0.45 0.45

64 64 47.78 0.86 0.46 0.47 0.46

64 128 50.73 0.82 0.52 0.52 0.51

128 16 45.55 1.54 0.43 0.43 0.43

128 32 48.28 0.81 0.48 0.47 0.47

128 64 49.07 0.38 0.50 0.50 0.50

orange!20 128 128 51.46 1.14 0.52 0.52 0.52

Table 8 CNN performance for different kernel sizes and numbers of
feature maps on the third dataset.

Kernel Size # Feature Maps Mean Accuracy (%) Std (%) Macro Precision Macro Recall Macro F1-Score

3x3 16 32.85 1.16 0.32 0.32 0.31

3x3 32 35.14 0.52 0.36 0.35 0.34

3x3 64 36.79 1.11 0.36 0.37 0.36

3x3 128 39.80 0.76 0.40 0.39 0.39

5x5 16 33.23 1.07 0.33 0.32 0.32

5x5 32 36.28 0.94 0.37 0.37 0.37

5x5 64 38.66 0.83 0.39 0.39 0.39

5x5 128 40.06 0.84 0.43 0.41 0.41

7x7 16 34.82 0.45 0.34 0.35 0.34

7x7 32 38.21 0.86 0.38 0.38 0.38

7x7 64 39.49 0.77 0.40 0.40 0.39

orange!20 7x7 128 41.47 0.35 0.42 0.42 0.42

convenience, we have included the confusion matrices for the
best-performing FFNN and CNN architectures for 12-class
classification, as they contain the most information for analy-
sis. Figures 5 and 6 show that both models often misclassified
movements M9-M12 as one another, becoming a “confusion
cluster” as indicated by the relatively shaded bottom right cor-
ner in the confusion matrices.

In addition to the confusion matrices, loss/accuracy curves
were graphed for the best-performing FFNN and CNN archi-
tectures for 12-class classification. From Figure 7, it can be
seen that both losses decreased and reached a plateau, while
the accuracy of the FFNN model increased and also reached a
plateau. For the CNN model, Figure 8 shows that the training
loss decreased while the validation loss remained relatively
unchanged, and the training accuracy increased while the val-
idation accuracy remained relatively unchanged as well.
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Figure. 5 Confusion matrix for the best-performing FFNN architec-
ture (128×128 neurons) in 12-class gesture classification.

Figure. 6 Confusion matrix for the best-performing CNN architec-
ture (7× 7 kernel, 128 feature maps) in 12-class gesture classifica-
tion.

Discussion

Restatement of Key Findings

For 4-, 8-, and 12-class classifications, FFNN outperformed
CNN in both mean and max accuracy, with the gap widening

Figure. 7 Training and validation loss and accuracy curves for the
best-performing FFNN architecture (128× 128 neurons) in 12-class
gesture classification.

Figure. 8 Training and validation loss and accuracy curves for the
best-performing CNN architecture (7× 7 kernel, 128 feature maps)
in 12-class gesture classification.

for mean accuracy as the number of classes increased: roughly
4.4% at 4-class, around 6.4% at 8-class, and over 7.5% at 12-
class. Moreover, Figures 5 and 6 revealed that both models
struggled to classify movements 9–12, forming a confusion
cluster in which signals were consistently misclassified as one
another rather than with any other movement class. One pos-
sible explanation is that movements M9-M12 in Exercise A
are thumb adduction, abduction, flexion, and extension – all
thumb movement signals23. Thumbs have their own intrinsic
muscles that rely on movement, while other fingers move via
the flexions and extensions of the forearm muscles36. Given
that the sensors used to collect these signals were placed on the
subjects’ forearms, they may have struggled to capture signals
from the thumb muscles, making thumb movement more dif-
ficult for both models than for other finger movements. No-
tably, CNN struggled with this confusion more than FFNN;
for example, CNN’s precision for M9 was 0.33 compared to
FFNN’s 0.46. Similarly, CNN’s precision for M12 was 0.27
compared to FFNN’s 0.47. This suggests that while FFNN
performed better overall, it especially outperformed CNNs in
classifying the hardest-to-distinguish thumb movements. Fur-
thermore, Figures 7 and 8 show that for both FFNN and CNN
models, training loss steadily decreased, while validation loss
initially decreased slightly before quickly plateauing. As for
the learning curves for both FFNN and CNN models, training
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accuracy steadily increased while validation accuracy quickly
plateaued. This divergence between training and validation
performance indicates that both models overfitted the training
data and could not perform as well during validation. Specif-
ically, CNN suffers more overfitting since its model’s gap
between training and validation loss is around 1.2, which is
greater than the 0.5 gap of the FFNN model. This greater over-
fitting may help explain the relatively low overall accuracy of
CNNs when compared to FFNNs.

Implications and Significance

While we did not specifically measure training time or param-
eter count, we can generalize that FFNNs have simpler archi-
tectures and thus operate quickly with fewer parameters and
resources, compared to CNNs. And since all class-number
classifications showed that FFNN models outperformed CNN
models in EMG signal classification, it indicates that CNNs
may not be practical for wearable prosthetics due to their com-
plex architecture that leads to battery drain and overheating
of devices, in addition to their relatively low accuracy in this
study. On the other hand, FFNNs show great potential for
prosthetic control due to their relatively stable classification
performance despite their simple architecture – despite there
being limitations in being able to perform well only with pre-
recorded data of healthy subjects, and their performance on
assessing real-time messy data remains unknown, which will
be explained in detail in the Limitations section. This goes
against the field’s general preference for CNNs, presenting fu-
ture research in exploring FFNNs further. Moreover, the re-
search revealed that both models struggled with thumb move-
ments (M9-12), possibly due to the sensor placements on the
forearms, indicating that incorporating additional sensors near
the thumb might be a reasonable improvement for future EMG
signal data collection.

Connection to Objectives

Our hypothesis was to compare FFNN and CNN models as
“simple vs complex architectures” to explore whether a sim-
pler model could match a more complex model’s EMG signal
classification accuracy. To our surprise, the FFNN model not
only matched but even surpassed the accuracy of CNNs across
all class counts, with the difference growing as the number of
classification classes increased. This is an interesting result
that challenges the field’s default preference for using archi-
tecturally complex models like CNNs for yielding high EMG
classification accuracy.

Recommendations

To establish a more optimal classification model in the future,
we have determined several areas for improvement or further

research.

Comparisons against other architectures
Since we only compared FFNNs and CNNs, there are still
other architectures worth comparing against, such as LSTM,
GRUs, etc., as noted in our Introduction. Future research com-
paring FFNNs to such models to see whether FFNNs’ accura-
cies still match the more complex models would be a mean-
ingful study in terms of measuring how much potential FFNNs
have, if at all, for prosthetic control implementation.

Underperformance of CNNs
Another valuable study would be figuring out what exactly
affected the decrease in CNN accuracy as the number of clas-
sification classes increased. Although we indicated that CNNs
showed signs of more overfitting as well as struggles with
thumb exercise classification compared to FFNNs, the exact
causes remain unknown. It could be that CNNs’ spatial pat-
tern extraction isn’t well suited for classifying filtered, pre-
recorded EMG signals and may perhaps perform better with
raw, image-like data, which is yet to be researched.

Use of other datasets
Since this experiment was conducted using an already re-
trieved dataset from Ninapro, our results cannot be general-
ized for all EMG signal analysis, as most real-life data will be
collected and analyzed in real time. Moreover, the dataset we
used was only one small dataset from Ninapro, which could
not represent the high variability of real-life EMG signals
since physiological signals can vary significantly depending
on the subject, method of signal retrieval, and so on. Fur-
ther research using multiple datasets from Ninapro or other
publicly available EMG signal records must be conducted to
explore a more accurate test accuracy of both architectures as
well as to reevaluate the potential of FFNNs in EMG signal
classification.

Feature extraction
In our experiments, we only extracted the five commonly used
features – MAV, RMS, VAR, WL and ZC – from the EMG sig-
nals before inputting them into our models. Though it helped
yield relatively good results, there may exist other features that
can improve the test accuracy of these models even in more
complex classifications. By finding such features or combina-
tions of features from the seven important features presented
by Python Package Index (PyPI)27, it can help yield the most
accurate classification and optimize the deep learning archi-
tectures even further, as well as overturn our results of FFNNs
outperforming CNNs.

Combinations of movement classes
For this research, we randomly chose which 4 or 8 classes
to use for the 4-class and 8-class classifications, which could
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have skewed our results since each class has distinct shapes
that could sway the performance of FFNNs and CNNs – for
example, certain classes may have been easier to classify with
FFNNs, which may have resulted in overall higher accuracy
for FFNN models. For future research, classifying only two
or three classes at a time or trying different combinations of
classes to classify may help yield more concrete results on
FFNN and CNN performance.

Limitations

Use of Ninapro Database
As briefly mentioned in the Recommendations section, this
study used the publicly available data from the Ninapro
database with only signals from healthy patients, meaning that
the results aren’t generalizable to classifying signals of those
with neuromuscular disorders, amputations, or other condi-
tions who are more likely to use prosthetic devices. Fur-
thermore, the study was conducted only by classifying pre-
recorded signals, and whether the performance will be main-
tained for real-time classification is yet to be studied.

Overfitting
Both models showed overfitting in Figures 7 and 8, with CNNs
suffering more severely than FFNNs, despite the 3-way strat-
ified train-validation-test split of the dataset with early stop-
ping. More adjustments to both models may help mitigate
overfitting and further improve accuracy for all numbers of
classes.

Conclusion

In this paper, we explored different architectures of FFNNs
and CNNs to determine whether the former, simpler model
can match the latter, more complex model’s performance for
classification of publicly available EMG signals. Our results –
organized in Tables 2 through 8 – showed that FFNNs outper-
formed CNNs in all 4-, 8-, and 12-class classifications, with
the accuracy gap growing as the number of classes increased.
Our confusion maps and loss curves from Figures 5 through 8
further highlight that CNNs struggled more with thumb exer-
cise signals and suffered more overfitting than FFNNs. This
indicates FFNNs’ potential for prosthetic device optimization,
serving as a potentially lower-computational-cost alternative
model to CNNs. Thus, further exploration of FFNN mod-
els for EMG classification, especially for resource-constrained
clinical or prosthetic applications, should be done, contrary to
the field’s current preference for CNN-based model develop-
ments. Overall, the field of EMG signal classification shows
great potential in the application of deep learning. Not re-
stricted to automated physiological signal analysis, we hope

research combining computer science and biomedicine con-
tinues to bloom and aid research or services in the medical
field.
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