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Introduction
Human Activity Recognition (HAR) has 

emerged as a critical area of research, with 
wide-ranging applications across various 
domains such as healthcare, fitness tracking, 
and smart environments. In healthcare, 
HAR plays a pivotal role in monitoring the 
daily activities of elderly or chronically ill 
patients, enabling timely interventions and 
improving the overall quality of care. For 
instance, continuous tracking of activities 
like walking, sitting, or sleeping can help in 
detecting abnormal patterns that may indicate 
health issues. Similarly, in the fitness industry, 
HAR is utilized to monitor physical activities 
and provide personalized feedback, helping 
individuals to achieve their fitness goals. 
Smart environments, including smart homes 
and workplaces, also benefit from HAR, as it 
allows for the automation of tasks based on 
the recognition of human actions, thereby 
enhancing user experience and energy 
efficiency[1].

The success of HAR largely depends on the 
availability of accurate and reliable data, which 
is where wearable sensors come into play. 
These sensors, often embedded in devices like 
smartwatches, fitness bands, or even clothing, 
continuously collect data on various physical 
parameters such as acceleration, orientation, 
and heart rate. The proliferation of wearable 
technology has made it possible to gather 
large amounts of real-time data, which 
can be processed to recognize and predict 

Abstract

This study presents a comparative analysis of Convolutional Neural Networks (CNNs) and Recurrent 
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and evaluated both CNN and RNN models on a benchmark HAR dataset, focusing on key metrics such 
as accuracy, precision, recall, and F1-score. The results demonstrate that CNNs outperform RNNs in 
terms of overall accuracy and reliability, particularly in activities characterized by distinct spatial 
patterns. However, RNNs remain competitive in recognizing activities with complex temporal dynamics. 
These findings highlight the strengths and limitations of each architecture and provide insights into their 
suitability for different types of HAR tasks.

human activities. However, the data collected 
by wearable sensors is often noisy and varies 
significantly between different individuals and 
contexts, making the development of robust 
HAR models a challenging task[2].

Motivation
Despite the advancements in HAR, several 

challenges persist due to the inherent variability 
in human activities and the complexity of 
sensor data. Human activities are highly 
dynamic and can vary significantly based on 
individual differences, environmental factors, 
and even emotional states. This variability 
poses a significant challenge for HAR systems, 
which must accurately classify a wide range of 
activities based on sensor data. Furthermore, 
sensor data is often subject to noise, missing 
values, and high dimensionality, which can 
complicate the process of feature extraction and 
model training. These challenges underscore 
the need for advanced machine learning models 
that can effectively handle such complexities.

The need for accurate models to classify and 
predict human activities has driven research 
towards exploring various deep learning 
architectures. Traditional machine learning 
approaches, while effective to some extent, often 
struggle with the complexities of HAR data. In 
contrast, deep learning models, particularly 
Convolutional Neural Networks (CNNs) and 
Recurrent Neural Networks (RNNs), have 
shown promise in capturing the intricate 
patterns in sensor data. CNNs are particularly 
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adept at learning spatial hierarchies from data, making them 
well-suited for tasks involving image and time-series data. On 
the other hand, RNNs, with their ability to maintain memory 
of previous inputs, are ideal for sequential data processing. 
However, the performance of these architectures in HAR tasks 
remains a topic of ongoing research, and understanding their 
strengths and limitations is crucial for further advancements in 
the field[3,4].
Purpose of the Study

The primary purpose of this study is to conduct a comparative 
analysis of CNN and RNN architectures in the context of human 
activity recognition using data from wearable sensors. By 
leveraging the unique capabilities of both CNNs and RNNs, this 
research aims to evaluate their effectiveness in recognizing and 
classifying a variety of human activities based on sensor data. 
The study will involve the implementation of both architectures 
on a common HAR dataset, followed by a comprehensive 
analysis of their performance across multiple evaluation metrics. 
The ultimate goal is to provide insights into which architecture 
is better suited for HAR tasks, thereby guiding future research 
and practical applications in this domain[5].

Research Questions
To achieve the objectives of this study, the following research 

questions will be addressed:

1.	 How do CNN and RNN architectures perform in 
HAR tasks? This question aims to evaluate the overall 
effectiveness of each architecture in accurately recognizing 
and classifying human activities. Performance will be 
measured using metrics such as accuracy, precision, 
recall, and F1-score, providing a quantitative comparison 
of the two models.

2.	 What are the strengths and weaknesses of each 
architecture in this domain? While both CNNs and 
RNNs have demonstrated success in various machine 
learning tasks, their performance in HAR may vary 
depending on the specific characteristics of the data and 
the nature of the activities being recognized. This question 
seeks to identify the contexts in which each architecture 
excels or struggles, providing a nuanced understanding of 
their applicability to HAR. Factors such as computational 
efficiency, model interpretability, and sensitivity to data 
variability will be considered in this analysis[6,7]..

Literature Survey
Human Activity Recognition (HAR) is a field of study focused 

on identifying and understanding human actions through the 
analysis of data collected from various sensors. Traditionally, 
HAR relied on rule-based systems and classical machine 
learning methods such as decision trees, k-nearest neighbors 
(KNN), and support vector machines (SVM). These methods 
often required extensive feature engineering, where domain-
specific knowledge was used to extract meaningful features 
from raw sensor data[8]. While these traditional approaches 
could achieve reasonable accuracy, they were limited in their 
ability to generalize across different datasets and handle the 
variability inherent in human activities. Additionally, they 
struggled with complex, high-dimensional data, often failing to 
capture the temporal dependencies and subtle patterns present in 
continuous sensor signals[9].

The advent of deep learning has revolutionized HAR, enabling 
more robust and accurate recognition of human activities. Deep 
learning models, particularly those involving Convolutional 
Neural Networks (CNNs) and Recurrent Neural Networks 
(RNNs), have shown superior performance over traditional 
methods by automatically learning relevant features from raw 
data without the need for extensive manual feature engineering. 
These models can capture both spatial and temporal patterns, 
making them particularly well-suited for HAR tasks. As a result, 
deep learning techniques have become the standard for modern 
HAR systems, offering significant improvements in accuracy, 
scalability, and adaptability to different contexts[10].

Wearable Sensors
Wearable sensors are integral to HAR, providing the 

continuous, real-time data necessary for accurate activity 
recognition. Common types of wearable sensors include 
accelerometers, gyroscopes, magnetometers, and heart rate 
monitors. Accelerometers measure acceleration forces, 
providing information on the motion and orientation of the 
body. Gyroscopes measure angular velocity, capturing rotational 
movements. Magnetometers detect magnetic fields, often used 
to determine the direction relative to the Earth's magnetic field, 
and heart rate monitors provide insights into the physiological 
state of the user[11].

The data collected by these sensors are often noisy and 
high-dimensional, posing significant challenges for HAR 
systems. Noise can arise from various sources, including 
sensor malfunctions, environmental factors, or user-specific 
variations. This noise can obscure the underlying patterns in 
the data, making it difficult for models to accurately recognize 
activities. Additionally, the high dimensionality of sensor 
data, particularly when multiple sensors are used, can lead to 
computational challenges and the risk of overfitting in machine 
learning models. Effective preprocessing techniques, such as 
filtering, normalization, and feature selection, are crucial to 
mitigate these challenges and enhance the quality of the data 
used for HAR[12].

Convolutional Neural Networks (CNNs) in HAR
Convolutional Neural Networks (CNNs) are a class of deep 

learning models originally designed for image processing tasks. 
However, their ability to capture spatial hierarchies in data 
has made them increasingly popular for HAR as well. In the 
context of HAR, CNNs are typically used to analyze sensor 
data represented as time-series or even converted into image-
like representations, where the convolutional layers can detect 
local patterns and features[13]. The key components of CNN 
architecture include convolutional layers, pooling layers, and 
fully connected layers. Convolutional layers apply filters to 
the input data, capturing local dependencies, while pooling 
layers reduce the dimensionality, making the model more 
computationally efficient[14].

Previous studies have demonstrated the effectiveness of CNNs 
in HAR. For example, researchers have successfully employed 
CNNs to classify activities such as walking, running, sitting, and 
standing based on data from accelerometers and gyroscopes. 
These models have shown the ability to automatically extract 
relevant features from raw sensor data, significantly improving 
the accuracy of activity recognition compared to traditional 
methods. Moreover, CNNs have been found to be particularly 
robust to variations in sensor placement and orientation, making 
them suitable for use in real-world HAR applications[15].
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Recurrent Neural Networks (RNNs) in HAR
Recurrent Neural Networks (RNNs) are a class of deep 

learning models designed to handle sequential data by 
maintaining a memory of previous inputs. This makes them 
well-suited for tasks involving time-series data, such as HAR, 
where the temporal dependencies between consecutive data 
points are crucial for accurate recognition. The basic RNN 
architecture consists of units that loop back on themselves, 
allowing the network to retain information from previous 
time steps. However, basic RNNs suffer from issues such as 
vanishing gradients, which can hinder their ability to learn long-
term dependencies[16].

To address these challenges, variants of RNNs like Long 
Short-Term Memory (LSTM) and Gated Recurrent Unit 
(GRU) have been developed. LSTM networks include memory 
cells that can maintain information over extended periods, 
effectively mitigating the vanishing gradient problem. GRUs 
offer a more computationally efficient alternative to LSTMs, 
with a simpler architecture that still captures essential temporal 
patterns. Previous studies have shown that RNNs, particularly 
LSTMs and GRUs, are highly effective for HAR, especially 
when the activities involve complex temporal dynamics. These 
models have been used to accurately recognize a wide range of 
activities, from simple actions like walking to more complex 
sequences like dancing or cooking[17].

Comparative Studies in HAR
Comparative studies between CNNs and RNNs in HAR have 

provided valuable insights into the strengths and limitations of 
each architecture. CNNs, with their ability to capture spatial 
patterns, have been found to excel in scenarios where the sensor 
data can be treated as an image or grid-like structure. They 
are particularly effective in recognizing activities that have 
distinct spatial signatures, such as standing or lying down. On 
the other hand, RNNs, with their capacity to model temporal 
dependencies, are better suited for activities that unfold over 
time, such as running or cycling.

Some studies have attempted to combine the strengths of both 
CNNs and RNNs by developing hybrid models that leverage 
the spatial feature extraction capabilities of CNNs and the 
temporal sequence modeling of RNNs. These hybrid models 
have shown promise in achieving higher accuracy in HAR 
tasks, particularly in complex scenarios where both spatial and 
temporal patterns are crucial. However, these models also tend 
to be more computationally intensive, requiring more resources 
for training and deployment. The choice between CNNs, RNNs, 
or hybrid models often depends on the specific requirements of 
the HAR task, including the type of activities being recognized, 
the available computational resources, and the desired trade-off 
between accuracy and efficiency[18,19].

Methodology
Dataset

For this study, the dataset used to evaluate the performance of 
Convolutional Neural Networks (CNNs) and Recurrent Neural 
Networks (RNNs) in Human Activity Recognition (HAR) is a 
critical component. One of the most commonly used public 
datasets for HAR is the UCI HAR dataset, which contains data 
collected from 30 subjects performing six different activities: 
walking, walking upstairs, walking downstairs, sitting, standing, 
and lying down. The data was recorded using a smartphone’s 
embedded accelerometer and gyroscope, capturing three-axial 

linear acceleration and three-axial angular velocity at a constant 
rate of 50Hz. Each activity is labeled, providing a rich dataset for 
training and evaluating machine learning models[20].

Before feeding the raw sensor data into the models, several 
preprocessing steps are necessary to ensure that the data is suitable 
for training. These steps include normalization, where the raw 
data is scaled to a specific range (typically between 0 and 1) to 
eliminate any biases due to varying sensor ranges. Segmentation 
is another critical preprocessing step, where the continuous 
sensor data is divided into smaller, fixed-length windows, each 
representing a specific activity. This helps in converting the time-
series data into segments that can be processed by the CNN and 
RNN models. Additional preprocessing steps may include noise 
filtering to remove any spurious signals and feature extraction, 
although in deep learning, the latter is often handled by the model 
itself[21].
Model Architectures

The study implements both CNN and RNN architectures to 
compare their effectiveness in recognizing human activities from 
wearable sensor data.
CNN Architecture: The CNN architecture used in this study is 
designed to capture the spatial patterns in the segmented sensor 
data. The model begins with multiple convolutional layers, each 
followed by a ReLU activation function to introduce non-linearity. 
These convolutional layers apply filters to the input data, detecting 
local patterns such as the sudden change in acceleration that 
might indicate a transition from walking to standing. Following 
the convolutional layers, max-pooling layers are used to reduce 
the dimensionality of the feature maps, making the model more 
computationally efficient and less prone to overfitting. Finally, 
the output from the convolutional and pooling layers is flattened 
and passed through fully connected layers, which aggregate the 
extracted features to make the final activity prediction[22].
RNN Architecture: The RNN architecture is particularly suited 
for capturing the temporal dependencies in the sensor data, which 
is crucial for recognizing activities that unfold over time. The 
model used in this study includes several LSTM (Long Short-
Term Memory) layers, which are a variant of RNNs capable of 
learning long-term dependencies in sequential data. Each LSTM 
layer consists of memory cells that retain information over time, 
allowing the model to remember previous inputs when making 
predictions. The output from the LSTM layers is then passed 
through fully connected layers to produce the final activity 
classification.
Modifications and Tuning: To optimize the performance of both 
architectures for HAR, specific modifications were made. For the 
CNN, the number of filters, kernel sizes, and the depth of the 
network were fine-tuned to balance between capturing sufficient 
spatial features and maintaining computational efficiency. Dropout 
layers were also added to prevent overfitting. For the RNN, the 
number of LSTM units and the number of layers were adjusted 
to capture the temporal dynamics without making the model too 
complex. Additionally, techniques like gradient clipping were 
employed to address the vanishing gradient problem, which is 
common in RNNs[22,23].
Training and Testing

The training and testing phases of the study were carefully 
structured to ensure a fair comparison between the CNN and 
RNN models.
Data Splitting Strategies: The dataset was divided into training, 
validation, and test sets to evaluate the models effectively. A 
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common approach is to allocate 70% of the data for training, 15% 
for validation, and 15% for testing. The training set is used to 
train the model, the validation set is used to tune hyperparameters 
and prevent overfitting, and the test set is reserved for evaluating 
the final model's performance. To ensure that the models 
generalize well to unseen data, cross-validation techniques such 
as k-fold cross-validation were employed. This involves splitting 
the training data into k subsets and training the model k times, 
each time using a different subset as the validation set while the 
remaining k-1 subsets are used for training.
Hyperparameter Tuning: Hyperparameters such as learning 
rate, batch size, and the number of epochs were carefully tuned 
to optimize model performance. The learning rate controls how 
quickly the model updates its parameters, and a grid search was 
conducted to find the optimal value. Batch size, which determines 
how many samples are processed before updating the model’s 
parameters, was also optimized to balance between computational 
efficiency and model convergence. The number of epochs, or the 
number of times the model passes through the entire training 
dataset, was chosen to ensure the model had sufficient training 
without overfitting.

Evaluation Metrics: The performance of the CNN and RNN 
models was evaluated using a range of metrics, including 
accuracy, precision, recall, and F1-score. Accuracy measures 
the overall correctness of the model, but it can be misleading 
in cases where there is class imbalance. Precision measures 
the proportion of true positive predictions among all positive 
predictions, while recall measures the proportion of true positives 
among all actual positives. The F1-score, which is the harmonic 
mean of precision and recall, provides a balanced measure of the 
model’s performance, particularly when dealing with imbalanced 
datasets. These metrics were computed for each class (activity) 

as well as the overall performance, allowing for a comprehensive 
comparison between the CNN and RNN architectures[24,25,26].
Implementation and result

TThe experimental results presented in the tables highlight the 
comparative performance of Convolutional Neural Networks 
(CNNs) and Recurrent Neural Networks (RNNs) in the 
context of Human Activity Recognition (HAR) using wearable 
sensor data. Overall, the CNN model demonstrated slightly 
better performance compared to the RNN model across most 
metrics. Specifically, the CNN achieved an accuracy of 91.2%, 
outperforming the RNN’s accuracy of 89.5%. This suggests that 
the CNN was more effective in capturing the spatial features of 
the sensor data, leading to more accurate predictions[27].

In terms of precision, recall, and F1-score, the CNN 
consistently outperformed the RNN, albeit by a small margin. 
For instance, the CNN achieved a precision of 90.8% and a 
recall of 91.5%, resulting in an F1-score of 91.1%. These metrics 
indicate that the CNN was not only more accurate but also more 
reliable in correctly identifying the various activities without 
producing excessive false positives or negatives. On the other 
hand, the RNN, with a precision of 88.7% and recall of 89.2%, 
demonstrated its strength in capturing temporal dependencies, 
but it struggled slightly with complex activities that require both 
spatial and temporal understanding.

When examining the performance on specific activities, the 
CNN showed superior results across most activities, particularly 
for actions like walking, sitting, and lying down, where spatial 
patterns are dominant. However, the RNN was more competitive 
in activities like walking upstairs and walking downstairs, where 
the temporal dynamics are crucial, though it still lagged slightly 
behind the CNN[28,29].

Metric CNN
Accuracy 91.20%
Precision 90.80%
Recall 91.50%
F1-Score 91.10%

Table 1. CNN Comparison Table 2. RNN Comparison

Figure 1. Graph for CNN comparison

Metric RNN
Accuracy 89.50%
Precision 88.70%
Recall 89.20%
F1-Score 89.00%

Figure 3. Graph for RNN comparison
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Conclusion
In conclusion, this study underscores the effectiveness of deep 

learning approaches, specifically CNNs and RNNs, in advancing 
Human Activity Recognition (HAR) using wearable sensors. 
The comparative analysis revealed that CNNs generally offer 
superior performance in HAR tasks, achieving higher accuracy, 
precision, recall, and F1-scores compared to RNNs. CNNs excel 
in activities where spatial patterns dominate, making them well-
suited for a wide range of HAR applications. However, RNNs, 
with their ability to model temporal dependencies, still play a 
vital role in recognizing activities that unfold over time, although 
they fall slightly short of CNNs in overall performance. These 
results suggest that while CNNs may be preferred for most HAR 
tasks, RNNs remain valuable for specific applications where 
temporal sequencing is critical. Future research could explore 
hybrid models that combine the strengths of both CNNs and 
RNNs to further enhance HAR performance[30].
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