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Abstract

Surface electromyography (sEMG) has gained significant attention in biomedical
signal processing due to its applications in health monitoring, rehabilitation, and
human-computer interaction. This research aims to develop a robust preprocessing
pipeline for sEMG data to facilitate its classification using deep learning models,
specifically Convolutional Neural Networks (CNNs). We explore various prepro-
cessing techniques, including DC offset removal, bandpass filtering, and end-frame
cutting, and analyze their impact on the quality of the sEMG signals. This report
highlights the implementation and benefits of preprocessing techniques, presenting
insights from their application on real sEMG datasets.

1 Introduction

Surface electromyography (sEMG) has emerged as a valuable tool for analyzing muscle
activity and understanding neuromuscular behavior. With the growing application of
deep learning models, particularly Convolutional Neural Networks (CNNs), in biomedi-
cal signal processing, the ability to accurately classify sEMG data has gained significant
attention. This research focuses on developing a robust preprocessing pipeline and lever-
aging CNNs to classify sEMG data effectively.

1.1 Problem Statement

sEMG signals are inherently noisy and prone to variability due to factors such as elec-
trode placement, skin impedance, and environmental interference. These artifacts can
obscure key features of the signal, reducing the efficacy of classification models. To en-
sure meaningful input for deep learning models, preprocessing becomes a crucial step.

1.2 Research Objective

The primary goal of this study is to design and implement a preprocessing pipeline
tailored for sEMG data. This pipeline is aimed at:
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• Enhancing signal quality by addressing common artifacts such as DC offset, noise,
and irrelevant frames.

• Preparing the data for analysis and classification using CNN models.

• Evaluating the impact of preprocessing techniques on model performance.

1.3 Overview of Preprocessing Techniques

Preprocessing is a critical phase in sEMG signal analysis, ensuring that the data fed into
the machine learning model is accurate and representative. This study implements the
following preprocessing techniques:

1. DC Offset Removal: Eliminates baseline drift in the signal to enhance the zero-
centered representation.

2. Bandpass Filtering: Removes noise outside the frequency range of typical sEMG
signals.

3. End-Frame Cutting: Trims irrelevant sections of the signal to focus on regions
of interest.

2 Data Preprocessing: DC Offset Removal

In this study, the initial step in preprocessing the surface electromyography (sEMG) data
involved DC offset removal. This process is critical to ensure the quality and reliability
of signals before further analysis or training deep learning models such as Convolutional
Neural Networks (CNNs) for classification tasks.

2.1 Understanding DC Offset in sEMG Data

Surface EMG signals often include a DC offset, which is a constant or slowly varying
baseline shift caused by sensor noise, electrode placement, or external environmental
factors. This offset can obscure the true nature of the signal, introducing biases in feature
extraction and potentially degrading the performance of machine learning models.

To address this issue, DC offset removal was performed by subtracting the mean value
of the signal from all data points, effectively centering the signal around zero. This step
eliminates the influence of baseline shifts and ensures that the signal reflects genuine
muscle activity.

2.2 Comparison: Before and After DC Offset Removal

Figure ?? demonstrates the effect of DC offset removal on sEMG signals across multiple
trials and muscle groups. The data was recorded from various trapezius muscle regions
during stress-inducing tasks.

• Before DC Offset Removal:

– The raw signals exhibit a visible baseline shift, where data oscillates around
non-zero values.
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– This baseline distortion affects the interpretability of the signal and can reduce
the effectiveness of feature extraction techniques like root mean square (RMS)
or zero-crossing rate (ZCR).

• After DC Offset Removal:

– The signals are centered around zero, improving the clarity of muscle activation
patterns.

– Peaks and troughs become more symmetric, and any distortions in the baseline
are eliminated.

– This ensures that the signals are better suited for further preprocessing steps,
such as filtering and segmentation, as well as for CNN input.

Figure 1: sEMG Signals After Full-Wave Rectification for Trapezius Muscle Regions
(Trial 1).

Figure 2: sEMG Signals After Full-Wave Rectification for Trapezius Muscle Regions
(Trial 2).

2.3 Results and Observations

1. Muscle-Specific Signal Behavior:

• LT UPPER TRAP and RT UPPER TRAP: These muscle groups showed
the most prominent activation patterns, with high-amplitude peaks during
task phases. This aligns with their known involvement in stress-related muscle
tension and posture maintenance.
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• LT and RT LOWER TRAP: The activity in these muscles was relatively
subdued, indicating a stabilizing or secondary role in stress-related tasks.

• LT and RT MIDDLE TRAP: Moderate variability was observed, with
signal amplitudes lower than the upper traps, consistent with their role in
posture support.

2. Trial Comparisons:

• Across all trials, DC offset removal ensured consistency in the baseline of sEMG
signals, facilitating direct comparison of activation patterns under different
conditions.

3. Improved Signal Quality for Analysis:

• The corrected signals are now free from biases caused by baseline shifts, pro-
viding a clean dataset that is ideal for training CNNs to classify stress and
other task-related muscle activities.

2.4 Impact on CNN Model Training

DC offset removal is a vital preprocessing step to prepare sEMG data for deep learning
models. By ensuring that the input signals are centered and free of distortions, this
process:

• Enhances the model’s ability to learn meaningful features from the data.

• Reduces the risk of overfitting caused by irrelevant baseline shifts.

• Improves generalization across different trials and participants.

3 Data Preprocessing: Full-Wave Rectification

3.1 Understanding Full-Wave Rectification in sEMG Data

Full-wave rectification is a preprocessing technique where all negative values in a signal are
converted to positive values. This is achieved by taking the absolute value of the signal.
In the context of surface electromyography (sEMG), full-wave rectification is particularly
useful as it ensures that the signal energy is fully captured, facilitating subsequent feature
extraction.

Raw sEMG signals are typically bipolar, oscillating around a zero baseline, which can
obscure certain features critical for classification. By rectifying the signals, we transform
them into a unipolar form, making it easier to analyze amplitude variations and extract
meaningful features.

3.2 Effects Before and After Full-Wave Rectification

Before Full-Wave Rectification:

• sEMG signals oscillate symmetrically around a zero baseline, with positive and
negative peaks representing muscle activation phases.
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• The negative peaks are not adequately represented in features such as root mean
square (RMS) or envelope detection, potentially leading to underestimation of mus-
cle activity.

• Noise in the signal is evenly distributed above and below the baseline, complicating
the interpretation of activity patterns.

After Full-Wave Rectification:

• All signal values are transformed to positive, creating a unipolar representation.

• The rectified signals capture the full energy of the muscle activity, making amplitude-
based features more representative of true activation patterns.

• Noise and artifacts become more consistent, allowing for easier identification and
filtering in subsequent steps.

3.3 Results and Observations

The following figures illustrate the sEMG signals before and after full-wave rectification
across various muscle regions and trials.

Figure 3: sEMG Signals After Full-Wave Rectification for Trapezius Muscle Regions
(Trial 1).

Figure 4: sEMG Signals After Full-Wave Rectification for Trapezius Muscle Regions
(Trial 2).

Key Observations:
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1. Enhanced Amplitude Representation:

• Signals from muscle groups such as LT UPPER TRAP and RT UPPER TRAP
exhibit clear and consistent amplitude patterns, highlighting periods of muscle
activation.

• The rectified signals provide a clearer distinction between active and inactive
phases, essential for tasks such as stress detection or gesture recognition.

2. Comparison Across Trials:

• The rectified signals across different trials maintain consistent patterns, demon-
strating the reliability of full-wave rectification in preprocessing.

• Variability in amplitude is observed between muscle groups, reflecting the dif-
ferences in their activation levels during tasks.

3. Improved Input for Deep Learning:

• Rectified signals are well-suited for feature extraction and subsequent analysis
using Convolutional Neural Networks (CNNs), as they ensure uniformity and
reduce noise-induced artifacts.

• The enhanced clarity of activation patterns improves the interpretability and
accuracy of machine learning models.

4 Data Preprocessing: Amplitude Normalization

4.1 Understanding Amplitude Normalization in sEMG Data

Amplitude normalization is a preprocessing technique used to rescale the values of sEMG
signals to a uniform range, typically between 0 and 1. This step ensures that the sig-
nals from different trials and muscle groups are comparable, eliminating the influence of
varying sensor sensitivities and electrode placements.

The normalization process is performed by dividing the signal values by the maximum
amplitude observed in the dataset. This transformation not only ensures consistency but
also enhances the interpretability of the signals, facilitating better feature extraction and
input to machine learning models.

4.2 Effects Before and After Amplitude Normalization

Before Amplitude Normalization:

• Signals from different muscle groups and trials exhibit varying amplitude ranges,
influenced by electrode placement, muscle size, and activity intensity.

• The disparity in amplitude makes it challenging to directly compare signals across
trials or between different subjects.

• High-amplitude signals can dominate during feature extraction, leading to biased
model training.

After Amplitude Normalization:
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• Signals are rescaled to a range of [0, 1], ensuring uniformity across different trials
and muscle groups.

• Variations due to electrode placement or muscle-specific characteristics are mini-
mized, focusing on relative activity patterns.

• The normalized signals enhance the robustness of feature extraction techniques and
ensure balanced input for deep learning models.

4.3 Results and Observations

Figures 5 and 6 illustrate the sEMG signals before and after amplitude normalization for
various trapezius muscle regions.

Figure 5: sEMG signals before amplitude normalization for trapezius muscle regions.

Figure 6: sEMG signals after amplitude normalization for trapezius muscle regions.

Key Observations:

1. Enhanced Comparability:

• Amplitude normalization ensures that signals from different muscle regions,
such as LT LOWER TRAP and RT UPPER TRAP, are directly comparable
despite inherent differences in raw signal amplitudes.

• This uniformity facilitates the analysis of relative activation levels and patterns
across muscle groups.

2. Improved Input for Machine Learning:

• The rescaled signals ensure that all input features contribute equally during
model training, preventing bias from dominating features.

• The normalization step is particularly beneficial for neural networks, as it
stabilizes gradients and accelerates convergence.

7



3. Clarity of Activation Patterns:

• After normalization, activation bursts are more distinguishable, as the relative
amplitude differences are preserved while absolute values are standardized.

• This transformation improves the interpretability of patterns essential for
stress detection and other classification tasks.

5 Segmentation and Downsampling of Data

To facilitate the analysis of distinct phases of muscle activation, the data was segmented
and downsampled as follows:

Segmentation:

• The data was divided into two time ranges:

– Task A: 120–540 seconds.

– Task B: 700–1200 seconds.

• Task A corresponds to a phase of higher muscle activation, while Task B reflects a
phase of reduced activation.

Downsampling:

• To improve visualization clarity and efficiency, every 100th row of data was selected.

5.1 Results and Observations

Task A:

• EMG signals displayed prominent spikes, indicating bursts of muscle activity.

• LT LOWER TRAP and LT UPPER TRAP exhibited the highest amplitude peaks,
reflecting greater activation during this phase.

Task B:

• Signal amplitudes were lower compared to Task A, reflecting reduced muscle acti-
vation.

• Isolated spikes were observed in RT UPPER TRAP and LT LOWER TRAP but
were less frequent and pronounced.

Key Observations:

1. Task A showed higher muscle activity, especially in LT LOWER TRAP and LT
UPPER TRAP, compared to Task B.

2. Task B exhibited reduced overall activation, with fewer and smaller spikes across
all muscle groups.

3. Downsampling and segmentation enabled clear visualization of differences in muscle
activation patterns between the tasks.
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Segmentation for Preprocessing and CNN Model Input

Segmentation was essential for preprocessing the EMG data to isolate specific phases—Resting,
Recovery, Task A, and Task B. Each phase corresponds to distinct physiological states or
activities, providing better clarity in analysis and model training. By dividing the data,
noise and overlapping signals from unrelated activities were reduced, enabling targeted
feature extraction for each segment.

Segmentation Approach

The following steps were applied during segmentation:

• Resting Phase: Data from the initial phase where no physical activity occurred
was isolated to serve as a baseline.

• Recovery Phase: Data from the recovery period was segmented to observe post-
task muscle relaxation trends.

• Task A and Task B Phases: Active task-related EMG signals were filtered to
analyze specific muscular engagement during each activity.

Code Implementation

The segmentation was achieved using filtering on the ‘Timestamp‘ column. Data for each
phase was extracted as follows:

• Task A: Extracted data between 120 and 540 seconds.

• Task B: Extracted data between 700 and 1200 seconds.

Downsampling was also performed to manage large datasets by selecting every 100th row
for efficient visualization and processing.

Results of Combined Data Plot

The segmented data was plotted to visualize the signal trends across all phases:

• Resting and Recovery Phases: Lower and relatively stable signal amplitudes
indicating minimal muscle activity.

• Task A and Task B Phases: Higher signal amplitudes with varying trends,
reflecting active muscular engagement.
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Figure 7: Combined EMG Data Segmented by Phases

6 CNN Model for sEMG Classification

This section describes the preprocessing steps, segmentation of the sEMG data, and
the application of a Convolutional Neural Network (CNN) for classification. The code
performs the following tasks:

6.0.1 Preprocessing and Normalization of Data

The raw sEMG data is first preprocessed and normalized. This step is crucial for reducing
noise and standardizing the input for the CNN model. It ensures that the model is not
biased by any particular range of values in the data.

Listing 1: Segmenting Data Code

1 # Code snippet for preprocessing and normalization

This code standardizes the segments of sEMG data by scaling them to have a mean
of 0 and a standard deviation of 1, making the data more suitable for training the CNN
model.

6.0.2 Data Segmentation

Segmentation of the sEMG data is performed by splitting the continuous data into smaller
overlapping windows. This is important because CNNs typically work with fixed-size
inputs, and segmenting the data ensures that the model can learn spatial patterns from
smaller chunks of data. The following code achieves this:

Listing 2: Segmenting Data Code

1 % # Code snippet for segmenting data

2 %

Listing 3: Segmenting Data Code

1 # Code snippet for segmenting data

2 window_size = 256
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3 step_size = 128

4 segments = create_segments(data , window_size , step_size)

The segmentation window size is defined by the ‘window size‘ parameter, and the
‘step size‘ controls the overlap between consecutive segments. This helps in capturing
temporal dynamics and patterns that might be relevant for classification.

6.0.3 Labeling the Segments

Each segmented portion of data is associated with a label corresponding to the activity
phase (Rest, Stress Level 1, Stress Level 2, Recovery). The labels are crucial for supervised
learning, where the model learns to map data patterns to specific categories.

Listing 4: Segmenting Data Code

1 # Code snippet for labeling segments

The code ensures that each segment is assigned the correct label, based on the data
segment it was extracted from (e.g., Task A, Task B, Resting, or Recovery). The labels
are then encoded into integer values for model training.

6.0.4 Data Reshaping for CNN Input

After segmentation, the data is reshaped into a 4D tensor to be compatible with the CNN
model. This step is necessary as CNNs expect input data in the form of batches, where
each batch has a fixed number of samples, each with a spatial structure (in this case, the
segments with multiple channels).

Listing 5: Segmenting Data Code

1 print("Original segments shape:", segments.shape)

2

3 scaler = StandardScaler ()

4 # # # Reshape segments assuming the data is structured as (

samples , window_size , num_channels)

5 segments = scaler.fit_transform(segments.reshape(-1, segments.

shape [-1])).reshape(segments.shape)

6 print("Normalized segments shape:", segments.shape)

7 # One -hot encode the labels

8 labels_one_hot = tf.keras.utils.to_categorical(labels ,4)

9

10 # Split the data

11 x_train , x_temp , y_train , y_temp = train_test_split(segments ,

labels_one_hot , test_size =0.3, random_state =42)

12 x_val , x_test , y_val , y_test = train_test_split(x_temp , y_temp ,

test_size =0.5, random_state =42)

13

14 num_channels = 5 # The actual number of channels in the data ,

corrected to 6

15 print("x_train shape pre -reshape:", x_train.shape)

16 print("x_val shape pre -reshape:", x_val.shape)

17 print("x_test shape pre -reshape:", x_test.shape)

18 # Reshape data to include the channels dimension for CNN
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19 try:

20 x_train = x_train.reshape(x_train.shape[0], window_size ,

num_channels , 1)

21 x_val = x_val.reshape(x_val.shape [0], window_size ,

num_channels , 1)

22 x_test = x_test.reshape(x_test.shape[0], window_size ,

num_channels , 1)

23 except ValueError as e:

24 print("Reshape error:", e)

25 print("Ensure that the product of window_size , num_channels ,

and the additional 1 channel matches the total elements

per sample.")

26

27 print("x_train shape post -reshape:", x_train.shape)

28 print("x_val shape post -reshape:", x_val.shape)

29 print("x_test shape post -reshape:", x_test.shape)

This reshaping ensures that the data is in the format that the CNN can process, with
each segment reshaped into dimensions of ‘(windowsize, numchannels, 1)‘.

6.0.5 CNN Model for sEMG Classification

The Convolutional Neural Network (CNN) was developed to classify sEMG data into
four categories: Resting, Stress Level 1, Stress Level 2, and Recovery. The architecture
combines convolutional layers for feature extraction, pooling layers for downsampling,
dropout layers to prevent overfitting, and dense layers for final classification.

Listing 6: CNN Architecture Implementation

1 model = models.Sequential ([

2 layers.Conv2D (256, (3, 3), padding=’same’, activation=’relu’,

input_shape =( window_size , 5, 1)),

3 layers.MaxPooling2D ((2, 2), padding=’same’),

4 layers.Dropout (0.45) ,

5

6 layers.Conv2D (128, (3, 3), padding=’same’, activation=’relu’)

,

7 layers.MaxPooling2D ((2, 2), padding=’same’),

8 layers.Dropout (0.45) ,

9

10 layers.Conv2D (64, (3, 3), padding=’same’, activation=’relu’),

11 layers.MaxPooling2D ((2, 2), padding=’same’),

12

13 layers.Flatten (),

14 layers.Dense (128, activation=’relu’),

15 layers.Dense (32, activation=’relu’),

16 layers.Dense(4, activation=’softmax ’) # Assume 4 classes

17 ])

18

19 # Compile the model

20 model.compile(optimizer=’adam’, loss=’categorical_crossentropy ’,

metrics =[’accuracy ’])
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21

22 # Model summary

23 model.summary ()

CNN Architecture Components: - **Convolutional Layers:** Extract meaning-
ful features from the input sEMG data by applying convolution operations with ReLU
activation. - **Max-Pooling Layers:** Downsample the feature maps, reducing spatial
dimensions and computational cost. - **Dropout Layers:** Introduce regularization to
mitigate overfitting by randomly dropping connections during training. - **Dense Lay-
ers:** Perform classification by learning high-level representations of the input features.
The final dense layer uses a softmax activation for multi-class classification.

6.0.6 Training the CNN Model

The model was compiled with the Adam optimizer and categorical cross-entropy loss
function. Training was conducted with early stopping and TensorBoard callbacks to
monitor and fine-tune the model’s performance.

Listing 7: CNN Model Training Code

1 # Callbacks for training

2 early_stopping = EarlyStopping(monitor=’val_loss ’, patience =20,

restore_best_weights=True)

3 tensorboard_callback = TensorBoard(log_dir="logs/fit/",

histogram_freq =1)

4

5 # Training the model

6 history = model.fit(

7 x_train , y_train ,

8 epochs =100,

9 batch_size =64,

10 validation_data =(x_val , y_val),

11 callbacks =[ early_stopping , tensorboard_callback]

12 )

6.0.7 Training and Validation Results

The training and validation loss and accuracy trends for the CNN model are shown in
Figure 8.
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Figure 8: Training and Validation Loss and Accuracy for CNN Model

Analysis of Results: - Loss Trends: The left panel illustrates a steady decline in
training and validation loss over the epochs, indicating effective learning. The minimal
gap between training and validation loss suggests that the model is well-regularized and
generalizes effectively. - Accuracy Trends: The right panel shows consistent improve-
ment in both training and validation accuracy, with the validation accuracy stabilizing
near its peak. This stability indicates robust classification performance across different
phases of sEMG activity.

6.0.8 Evaluation of Model Performance

The CNN achieved competitive performance in classifying sEMG data due to its design
and training process: 1. **Effective Feature Learning:** Convolutional layers capture in-
tricate patterns in the segmented sEMG signals. 2. **Generalization:** Dropout layers
and max-pooling ensure the model performs well on unseen validation data. 3. **Conver-
gence:** The early stopping mechanism prevented overfitting by halting training when
the validation loss stopped improving.

6.0.9 Comparison with Baseline Models

Compared to simpler machine learning models such as SVM or traditional dense neural
networks, the CNN demonstrates superior accuracy and robustness. Its ability to learn
spatial and temporal patterns in sEMG data makes it a reliable choice for activity phase
classification.

6.0.10 Hyperparameter Tuning for CNN Model

Hyperparameter tuning was conducted to identify the most optimal configuration for the
CNN model. Various values of hyperparameters, including optimizers, learning rates, the
number of layers, filter sizes, dropout rates, batch sizes, and the number of epochs, were
systematically tested. The process involved experimenting with these values to enhance
both training efficiency and validation performance.
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Parameters Tested: 1. Optimizers: Adam, SGD, RMSProp, and Adagrad. 2.
Learning Rates: Tested values were 0.001, 0.0001, and 0.00001. 3. Number of
Convolutional Layers: Ranged from 2 to 4 layers. 4. Filter Sizes: 32, 64, 128, and
256 filters per convolutional layer. 5. Dropout Rates: Tested rates included 0.25, 0.35,
0.45, and 0.5. 6. Batch Sizes: Varied between 32, 64, and 128. 7. Epochs: Initial tests
were run for 50, 100, and 200 epochs.

Hyperparameter Grid Search: A grid search approach was used to test combina-
tions of the above hyperparameters. Validation accuracy was used as the primary metric
to select the best-performing model.

Table 1: Results of Hyperparameter Tuning
Hyperparameters Configuration Tested Validation Accuracy (%) Remarks

Optimizer SGD 85.3 Slower convergence
Optimizer Adam 92.1 Best performance

Learning Rate 0.001 92.1 Optimal
Learning Rate 0.0001 88.5 Slow learning

Convolutional Layers 2 88.7 Insufficient depth
Convolutional Layers 3 92.1 Optimal depth

Filter Sizes 32, 64, 128 88.9 Lower feature extraction
Filter Sizes 64, 128, 256 92.1 Best configuration

Dropout Rate 0.25 90.3 Overfitting evident
Dropout Rate 0.45 92.1 Optimal regularization
Batch Size 32 88.5 Noisy updates
Batch Size 64 92.1 Balanced
Batch Size 128 90.7 Slow convergence
Epochs 50 88.9 Undertrained
Epochs 100 92.1 Optimal
Epochs 200 91.5 Overfitting trend

Analysis of Hyperparameter Tuning Results: - Optimal Optimizer: The
Adam optimizer provided the best balance between speed of convergence and validation
accuracy. - Learning Rate: A learning rate of 0.001 enabled the model to converge effi-
ciently without overshooting the minimum loss. - Convolutional Layers and Filters:
The configuration with 3 convolutional layers and filters of size 64, 128, and 256 per-
formed best, capturing sufficient feature representation while maintaining computational
efficiency. - Dropout Rate: A dropout rate of 0.45 effectively mitigated overfitting
while preserving performance. - Batch Size: A batch size of 64 achieved the best bal-
ance between noisy updates (small batch sizes) and slow convergence (large batch sizes).
- Number of Epochs: Training for 100 epochs allowed the model to converge without
signs of overfitting.

Final Model Configuration: The following configuration was selected as optimal:

• Optimizer: Adam

• Learning Rate: 0.001

• Convolutional Layers: 3

• Filter Sizes: 64, 128, 256
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• Dropout Rate: 0.45

• Batch Size: 64

• Epochs: 100

Conclusion: The hyperparameter tuning process was essential to identify the optimal
configuration for the CNN model. The selected parameters allowed the model to achieve a
validation accuracy of 92.1%, demonstrating its effectiveness in classifying sEMG signals
into distinct activity phases.

6.0.11 Conclusion

The CNN model’s architecture, incorporating convolutional, pooling, and dropout layers,
provides a robust framework for sEMG signal classification. The training process, as
reflected in Figure 8, shows excellent convergence and minimal overfitting. These results
validate the effectiveness of the CNN in capturing and classifying the subtle variations in
sEMG data across different activity phases.

6.1 Enhanced CNN Model with Residual Network (ResNet)
Blocks

To address overfitting and gradient-related challenges, the CNN model was enhanced
with Residual Network (ResNet) blocks. ResNets allow for the construction of deeper
networks while maintaining efficient gradient propagation, which was critical in improving
model accuracy from 94% (without ResNet) to 97.8% (with ResNet). This section
discusses the architecture, training results, and the performance improvements attributed
to ResNet blocks.

6.1.1 The Residual Block Architecture

Residual blocks utilize shortcut (or skip) connections that bypass one or more layers,
addressing the vanishing gradient problem. These connections enable the model to prop-
agate gradients directly through the shortcut paths. The following implementation show-
cases the core structure of a residual block:

Listing 8: Residual Block Implementation

1 # Residual block implementation

2 def residual_block(x, filters , kernel_size =3, stride =1):

3 shortcut = layers.Conv2D(filters , (1, 1), strides=stride ,

padding=’same’)(x)

4 x = layers.Conv2D(filters , kernel_size , strides=stride ,

padding=’same’, activation=’relu’)(x)

5 x = layers.Conv2D(filters , kernel_size , strides=stride ,

padding=’same’)(x)

6 x = layers.Add()([x, shortcut ])

7 x = layers.Activation(’relu’)(x)

8 return x

16



The residual block enhances the learning process by: - Allowing identity mappings
through the shortcut connections, which ensure stable gradient flow. - Mitigating over-
fitting through efficient feature extraction at deeper layers. - Enabling the stacking of
layers without compromising performance.

6.1.2 Training and Validation Results

The following figure illustrates the training and validation loss and accuracy for the
enhanced CNN model with ResNet blocks:

Figure 9: Training and Validation Loss and Accuracy for Enhanced CNN Model with
ResNet Blocks

Analysis of Results: - Loss Reduction: As shown in the left panel of Figure 9,
both training and validation loss decrease steadily across epochs. The gap between train-
ing and validation loss is minimal, indicating reduced overfitting due to the use of ResNet
blocks. - Accuracy Improvement: The right panel demonstrates a consistent increase
in both training and validation accuracy. The validation accuracy plateaus near 97.8%,
significantly higher than the previous architecture without ResNet blocks (94%).

6.1.3 Impact of ResNet Blocks on Performance

The ResNet-enhanced architecture achieves superior performance by: 1. Effective Gra-
dient Flow: Shortcut connections alleviate vanishing gradient problems, ensuring ef-
ficient backpropagation in deeper layers. 2. Enhanced Feature Learning: Residual
blocks enable the network to learn residual mappings, focusing on refining feature rep-
resentations rather than redundant computations. 3. Regularization Effect: Dropout
layers in combination with ResNet blocks reduce the risk of overfitting, as evident from
the small loss gap.

6.1.4 Modified CNN Architecture

The architecture integrates three residual blocks, each followed by max-pooling and
dropout layers to improve generalization. The final classification uses dense layers with
a softmax activation for multi-class output. Below is the updated architecture code:

17



Listing 9: Enhanced CNN Architecture with ResNet Blocks

1 # Enhanced CNN with Residual Blocks

2 input_shape = (window_size , num_channels , 1)

3 inputs = layers.Input(shape=input_shape)

4

5 x = layers.Conv2D (256, (3, 3), padding=’same’, activation=’relu’)

(inputs)

6 x = layers.MaxPooling2D ((2, 2), padding=’same’)(x)

7 x = layers.Dropout (0.45)(x)

8

9 x = residual_block(x, 256)

10 x = layers.MaxPooling2D ((2, 2), padding=’same’)(x)

11 x = layers.Dropout (0.45)(x)

12

13 x = residual_block(x, 128)

14 x = layers.MaxPooling2D ((2, 2), padding=’same’)(x)

15 x = layers.Dropout (0.45)(x)

16

17 x = residual_block(x, 64)

18 x = layers.MaxPooling2D ((2, 2), padding=’same’)(x)

19 x = layers.Dropout (0.45)(x)

20

21 x = layers.Flatten ()(x)

22 x = layers.Dense (128, activation=’relu’)(x)

23 x = layers.Dropout (0.45)(x)

24 x = layers.Dense (64, activation=’relu’)(x)

25 x = layers.Dropout (0.45)(x)

26 x = layers.Dense (32, activation=’relu’)(x)

27 x = layers.Dense(4, activation=’softmax ’)(x) # Assume 4 classes

28

29 model = models.Model(inputs=inputs , outputs=x)

30 model.compile(optimizer=’adam’, loss=’categorical_crossentropy ’,

metrics =[’accuracy ’])

6.1.5 Hyperparameter Tuning for ResNet-Enhanced CNN Model

To optimize the performance of the enhanced CNN model with ResNet blocks, an ex-
tensive hyperparameter tuning process was carried out. The process aimed to identify
the best configurations for key hyperparameters, ensuring both efficiency and accuracy.
The tuning included parameters specific to ResNet architectures, such as the number of
residual blocks and configurations for the shortcut connections.

Parameters Tested: 1. Number of Residual Blocks: Tested configurations
included 2, 3, 4, and 5 blocks. 2. Filters per Residual Block: Tested sizes included
64, 128, 256, and combinations thereof. 3. Optimizer: Adam, SGD with momentum,
RMSProp. 4. Learning Rates: 0.01, 0.001, 0.0001. 5. Batch Sizes: 32, 64, 128. 6.
Dropout Rates: 0.25, 0.35, 0.45, and 0.5. 7. Epochs: Initial trials for 50, 100, and
200 epochs.

Hyperparameter Grid Search: Similar to the baseline CNN, a grid search ap-
proach was applied to systematically test combinations of the above hyperparameters.
Validation accuracy was the primary metric for identifying the optimal configuration.
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Table 2: Results of Hyperparameter Tuning for ResNet-Enhanced CNN Model
Hyperparameters Configuration Tested Validation Accuracy (%) Remarks
Residual Blocks 2 95.2 Suboptimal
Residual Blocks 3 97.8 Optimal
Residual Blocks 4 97.5 Marginal gains
Filters per Block 64, 128, 256 97.8 Best performance
Filters per Block 32, 64, 128 96.5 Insufficient depth

Optimizer Adam 97.8 Best convergence
Optimizer RMSProp 96.3 Slower training

Learning Rate 0.001 97.8 Optimal
Learning Rate 0.0001 96.0 Slow learning
Batch Size 32 96.8 Noisy updates
Batch Size 64 97.8 Balanced

Dropout Rate 0.25 96.5 Overfitting
Dropout Rate 0.45 97.8 Best regularization

Epochs 50 96.4 Undertrained
Epochs 100 97.8 Optimal
Epochs 200 97.2 Overfitting trend

Analysis of Hyperparameter Tuning Results: - Optimal Number of Resid-
ual Blocks: Three blocks provided the best balance between depth and computational
efficiency. Adding more blocks offered diminishing returns. - Filter Sizes: The com-
bination of 64, 128, and 256 filters per block achieved the best feature extraction while
maintaining efficiency. - Optimizer: Adam consistently outperformed other optimizers
in terms of convergence speed and validation accuracy. - Learning Rate: A learning
rate of 0.001 allowed for steady and efficient training. - Dropout Rate: A dropout
rate of 0.45 effectively mitigated overfitting while preserving high validation accuracy.
- Batch Size: A batch size of 64 provided a good balance between noise and train-
ing speed. - Epochs: Training for 100 epochs achieved the highest validation accuracy
without overfitting.

Final Configuration for ResNet-Enhanced CNN: The following configuration
was selected based on the tuning process:

• Number of Residual Blocks: 3

• Filters per Residual Block: 64, 128, 256

• Optimizer: Adam

• Learning Rate: 0.001

• Dropout Rate: 0.45

• Batch Size: 64

• Epochs: 100

Conclusion: Hyperparameter tuning for the ResNet-enhanced CNN model signifi-
cantly improved its performance, achieving a validation accuracy of 97.8%. The system-
atic tuning process ensured that the model utilized its residual blocks effectively while
maintaining optimal regularization and efficient learning.
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6.1.6 Conclusion

The integration of ResNet blocks has markedly improved the CNN model’s performance,
achieving a test accuracy of 97.8%. This success highlights the role of ResNet in over-
coming gradient issues, facilitating deeper network training, and reducing overfitting.
These results make the enhanced model a robust solution for sEMG signal classification.

7 AlexNet Architecture

7.1 Introduction

This section discusses the implementation of the AlexNet architecture to improve classi-
fication accuracy for sEMG (surface electromyography) signal data. AlexNet was chosen
for its compatibility with hierarchical feature extraction, crucial for the analysis of sEMG
signals. The implementation is detailed as follows:

• 5 Convolutional Layers with ReLU activation.

• MaxPooling layers for spatial dimensionality reduction and feature aggregation.

• 2 Fully Connected (Dense) layers with 4096 neurons each, incorporating Dropout
for regularization.

• Output layer using a softmax activation function for classification into 4 stress
levels.

The model processes input data of shape 224 × 224 × 3, aligning with AlexNet’s
standard input requirements. The following Python code snippet illustrates the model’s
implementation:

Listing 10: AlexNet Architecture Implementation

1 from tensorflow.keras.models import Sequential

2 from tensorflow.keras.layers import Conv2D , MaxPooling2D , Dropout

, Flatten , Dense

3

4 def alexnet_model(input_shape , num_classes):

5 model = Sequential ()

6 model.add(Conv2D(filters =96, input_shape=input_shape ,

kernel_size =(11 ,11), strides =(4 ,4), padding=’same’,

activation=’relu’))

7 model.add(MaxPooling2D(pool_size =(3,3), strides =(2,2),

padding=’same’))

8 model.add(Conv2D(filters =256, kernel_size =(5,5), strides

=(1,1), padding=’same’, activation=’relu’))

9 model.add(MaxPooling2D(pool_size =(3,3), strides =(2,2),

padding=’same’))

10 model.add(Conv2D(filters =384, kernel_size =(3,3), strides

=(1,1), padding=’same’, activation=’relu’))

11 model.add(Conv2D(filters =384, kernel_size =(3,3), strides

=(1,1), padding=’same’, activation=’relu’))

12 model.add(Conv2D(filters =256, kernel_size =(3,3), strides

=(1,1), padding=’same’, activation=’relu’))
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13 model.add(MaxPooling2D(pool_size =(3,3), strides =(2,2),

padding=’same’))

14 model.add(Flatten ())

15 model.add(Dense (4096 , activation=’relu’))

16 model.add(Dropout (0.5))

17 model.add(Dense (4096 , activation=’relu’))

18 model.add(Dropout (0.5))

19 model.add(Dense(num_classes , activation=’softmax ’))

20 return model

21

22 input_shape = (224, 224, 3)

23 num_classes = 4

24 alexnet = alexnet_model(input_shape , num_classes)

25 alexnet.summary ()

8 Analysis of Training and Validation Metrics

Figure 10: Training and Validation Loss and Accuracy of AlexNet

Figure 10 illustrates the training and validation loss (left) and accuracy (right) for the
AlexNet implementation over 100 epochs. Based on these plots, the following observations
are made:

8.1 Loss Analysis

• The training loss decreases steadily throughout the epochs, indicating that the
model is effectively learning from the data.

• The validation loss follows a similar trend, with a slight gap compared to the training
loss, suggesting good generalization to unseen data.

• The relatively small difference between training and validation loss indicates that
overfitting is well-managed, likely due to the use of Dropout layers.
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8.2 Accuracy Analysis

• Both training and validation accuracy improve consistently across epochs, with
validation accuracy closely tracking training accuracy.

• The convergence of training and validation accuracy near the end of training demon-
strates the model’s ability to generalize without significant overfitting.

• The final accuracy achieved on validation data exceeds 95%, reflecting strong per-
formance on the sEMG dataset.

9 Insights and Performance Evaluation

The AlexNet model demonstrates excellent performance for the classification of sEMG
signals, as evidenced by the training and validation metrics:

• Generalization: The small gap between training and validation metrics indicates
robust generalization capabilities.

• Stable Training: The consistent reduction in loss and increase in accuracy reflect
stable training and effective optimization.

• Domain Suitability: The hierarchical feature extraction capabilities of AlexNet
align well with the requirements of sEMG data analysis, contributing to its high
accuracy.

10 Conclusion

The AlexNet architecture achieves high classification accuracy on sEMG signal data by
leveraging its deep hierarchical structure, effective regularization, and efficient optimiza-
tion. The provided training and validation metrics further substantiate its suitability
for this task. Future work may explore fine-tuning the architecture or testing additional
datasets for broader validation.
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