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ABSTRACT

Human Activity Recognition (HAR) is examined using a High Resolution Convolutional Neural Network
(HR-CNN) and is compared with Machine Learning (ML) baselines, such as Decision Tree (DT) and
Support Vector Machine (SVM), and with Deep Learning (DL) models, including Artificial Neural
Network (ANN), Recurrent Neural Network (RNN), Long Short-Term Memory (LSTM), and a standard
Convolutional Neural Network (CNN). Using a six-class dataset (10,299 samples), HR-CNN attains 99.2 %
accuracy and 0.88 macro-F1, outperforming all evaluated baselines. A supplementary analysis models
latency as a regression target, and reports Mean Squared Error (MSE) and Coefficient of Determination
(R?) across configurations. MSE reaches 0.008 compared with 0.031 in alternatives, with competitive R?
values noted for both DT and CNN in distinct runs. Overall, HR-CNN delivers a state-of-the-art
classification performance for HAR, while the regression study indicates favorable system-level behavior.

Keywords-human activity recognition; machine learning; data analysis; model evaluation; convolutional
neural network (CNN); latency reduction; mean square error

I. INTRODUCTION

Smart devices, such as smartphones, increasingly collect
data on physical activity, health, and other parameters. The
Internet of Things (IoT) expansion has transformed multiple
industries by enabling reliable connectivity and data exchange
among devices. However, managing and reducing the latency,
the time required to transmit and receive data, has become a
particular challenge as IoT deployments scale.[1]. Applications
that require real-time processing and prompt response, such as
autonomous vehicles, surveillance, healthcare, and industrial
automation, can be severely affected by the high latency [2].
HAR with Edge Computing (EC) can improve the IoT
performance by processing data locally or near the data source.
Considerable attention has been paid to combining HAR-based
EC with ML approaches [3, 4]. ML models can analyze large
volumes of data and make predictions without task-specific
programming. This article explores three representative
models, DT, SVM, and CNN, to reduce the device latency and
improve the HAR accuracy [5]. DTs partition data based on
feature values and have been successfully used across
classification tasks due to their explicit decision process [6].
SVMs are robust to overfitting in high-dimensional spaces and
apply to both classification and regression [7]. CNNs, initially
developed for image processing, have shown strong potential
for analyzing time series and other non-visual signals due to
their ability to learn hierarchical representations through
convolutional layers. Consequently, CNNs are effective for
complex pattern understanding in HAR [8, 9]. To analyze and
reduce the IoT latency in EC settings, this study implements
and evaluates the models using a unified, reproducible pipeline.
The objective is to obtain consistent and accurate latency-
sensitive predictions through standardized preprocessing and
controlled evaluation, thereby informing the IoT system
efficiency [10].

A. Machine Learning for Optimization in Human Activity
Recognition

Prior work has demonstrated multiple approaches to
lowering the latency in EC environments for IoT. EC reduces
the end-to-end delay by moving computation closer to the data
sources and by leveraging decentralized data management and
micro-datacenters to improve the system responsiveness [11,
12]. Multi-tier EC architectures combining local devices with
edge servers have been proposed for smart-city applications,
showing latency reductions and more efficient data handling

for the HAR workloads [13, 14]. Within this setting, ML
provides complementary mechanisms for accuracy and
efficiency. DT partitions the feature space recursively and
offers fast, interpretable inference suitable for constrained
nodes [15]. SVM delivers strong margins in high-dimensional
spaces, kernel mappings enable nonlinear boundaries without
excessive model size [16]. CNN learns hierarchical
representations that capture local temporal-spatial patterns in
inertial signals, improving the robustness to sensor noise and
covariate shift, which is common in HAR. EC addresses the
system-level latency, while ML, especially DT, SVM, and
CNN, optimize predictive performance under compute and
energy constraints. This work unifies the preprocessing and
evaluation for DT, SVM, ANN, RNN, LSTM, CNN, and a
proposed HR-CNN within a single EC-oriented pipeline.

II. METHODOLOGY

The strategy for handling data and creating predictive
models for IoT EC latency is outlined in this work. The
pipeline comprises four stages: data cleaning, Exploratory Data
Analysis (EDA), feature engineering, and model training-
evaluation. Data are organized and validated, EDA examines
distributions and target relationships, feature engineering
captures informative structure for latency-aware modeling, and
model training and evaluation follow a unified protocol tailored
to EC constraints and objectives.

A. Dataset Cleaning and Preparation

The dataset used in this work is the UCI HAR benchmark
[17]. Tt contains 10,299 labeled samples collected from 30
volunteers aged 19-48 years. Each subject performed six daily
activities: walking, walking upstairs, walking downstairs,
sitting, standing, and lying. The signals were captured using the
accelerometer and gyroscope embedded in a Samsung Galaxy
S II smartphone worn at the waist. Both linear acceleration and
angular velocity data were recorded at a constant sampling rate
of 50 Hz, producing high-dimensional time-series signals. This
dataset is widely used in HAR research due to its diversity and
balanced class distribution, which supports the generalization
across users. In the performed experiments, a standard 70/30
split was adopted, with 7,352 samples for training and 2,947
for testing. The same dataset was used across all models to
ensure comparability and reproducibility. By focusing on this
benchmark, the study maintains alignment with prior HAR
literature while providing a controlled setting for latency-
oriented evaluation in EC scenarios.
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B. Proposed Human Activity Recognition (HR-CNN) Model

Data preprocessing was carried out in several stages to
ensure the data quality and compatibility with ML and DL
models. First, the raw data were loaded into a Pandas
DataFrame for structured handling. The missing values were
identified and addressed through mean imputation to maintain
the dataset integrity, while any corrupted or redundant entries
were removed. All features were converted into numeric form
to prevent errors in model training. Normalization was applied
by scaling each feature to zero mean and unit variance. This
step reduces the bias caused by differences in feature
magnitude and accelerates model convergence. For DL models,
the sensor signals were reshaped into fixed-length tensors
compatible with the CNN and RNN architectures. EDA was
performed to examine the dataset's structure, feature
distribution, and correlations with the target activities.
Visualization methods, such as histograms, scatter plots, and
box plots, were used to highlight the relationships between the
features and latency, as well as to detect potential anomalies.
This step also ensured that the class distributions were balanced
across the training and testing subsets. The combination of
cleaning, normalization, reshaping, and visualization
established a reliable foundation for the subsequent training
and evaluation. These preprocessing steps minimized the noise,
stabilized the feature distributions, and improved the robustness
of all models in handling real-world HAR signals.

Extracting Features Classification

Input @

t I

Convolution

Pooling Fully connected

Fig. 1. Methodology concept diagram.

As shown in Figure 1, the workflow includes data
collection, data cleaning, model training, and model evaluation.
The proposed pipeline applies a CNN feature extractor, where
convolution is followed by nonlinearity and pooling, and the
resulting representations are passed to a classifier for activity
recognition in EC settings. A low MSE of 0.031 indicates that
the predictions are close to the actual values, while the high
accuracy and low error rate confirm the model stability,
rendering CNN a suitable choice for latency-sensitive
prediction. The proportion score of 0.968 further shows that the
model explains approximately 96.8% of the variance in
latency, demonstrating that the extracted features capture the
essential structure of the data. These results highlight the strong
explanatory capacity of the CNN and provide evidence of its
effectiveness for the HAR tasks. The performance of the model
was quantitatively assessed using (1-3), with the MSE defined
in (1) and applied consistently throughout the evaluation:

1 ~
MSE = -¥iL; (vi — 91)? (D

C. Model Training and Evaluation

Three ML models were implemented: DT, SVM, and the
proposed HR-CNN. The selected features and target variable
(latency) were used to train each model. The performance was
evaluated using accuracy, R2, and MSE, which together
indicate how well each model predicts latency. Accuracy
measures the proportion of the correct predictions, MSE
captures the average squared error, and R? reflects the variance
explained by the model. Figure 2 presents the accuracy plot of
the proposed HR-CNN. To ensure that the dataset was
adequately prepared for training, it was first converted into a
CSV-based Pandas DataFrame. Accuracy is calculated as
shown in (2), where True Positives (TP), True Negatives (TN),
False Positives (FP), and False Negatives (FN) are defined
respectively. Accuracy is calculated by:

TP+TN

Accuracy = ———
y TP+TN+FP+FN

2

Gini Impurity is used to measure the quality of a split in a
tree:

G = Xi-1pi(1 —pi) 3

where pi is the probability of an element being classified to
class i.

Information Gain is the reduction in entropy or Gini
Impurity from a split:

G = I (parent) — ;L 1(Child j) @)
Ry, , R+lp |, Ry+ly
Ty T, t T " ®)

The R? score represents the proportion of variance in the
dependent variable that is explained by the independent
variables, ranging from O to 1, with higher values indicating a
better model fit. In this study, R? = 0.992 for the DT, indicating
that the selected features account for 99.2% of the variability in
latency. A high R? value indicates that DT successfully
captures the underlying patterns relevant to latency prediction
and provides substantial explanatory power. Interpreted
alongside accuracy and MSE, the R? result supports the
conclusion that the DT model effectively captures the data
structure and aligns closely with the observed latency behavior.

n Rq R+Lq Ri+Lq

Yiw.nyen, v tL (©)
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The Cross-Entropy Loss Function is commonly used in For
classification problems:

1
L=- EZP:l Zgzl Yiclog(9ic) @®)

where N is the number of instances, C is the number of classes,
Vic 1S a binary indicator (0 or 1) if class label c is the actual
class for instance i, yi. denotes the predicted probability that
instance i belongs to class c. The metrics for each model were
computed as defined in the text and are summarized in Table I.
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100 o Ta Figure 4 illustrates the proposed CNN-based workflow for
Sl I HAR in EC, and Table I outlines the comparative performance
of DT, SVM, and HR-CNN (MSE, R2, accuracy, precision,
0951 recall, F1) under the same evaluation protocol.
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Fig. 2. Accuracy plot of the proposed HR-CNN.
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Fig.3. Loss versus epoch for HR-CNN (55 epochs). Fig.4.  Proposed flow chart based on CNN model.
TABLE L PERFORMANCE ANALYSIS WITH DIFFERENT ALGORITHMS
Model/ F-1 .
. . Fold IR, | Fold IR, | Fold IR; |Fold IR,| Fold IR; | MSE R2Score | Accuracy | Loss Recall Precision
iteration Score
CNN 99.21 99.21 0.008 0.992 59.21 0.008 0.992 99.21 0.008 | 0.992 9.21 0.008
SVM 99.21 0.008 0.992 99.21 48.00 0.112 0.880 88.00 0.112 | 0.880 8.00 0.112
NBB 88.00 99.21 0.008 0.992 36.84 0.031 1.968 96.84 0.031 | 0.968 6.84 0.031
LSTM 96.84 88.00 0.112 0.480 48.00 0.112 59.21 99.21 0.008 | 0.992 9.21 0.008
RNN 99.21 99.21 0.008 0.392 96.84 0.031 58.00 88.00 0.112 | 0.880 8.00 0.112
DT 88.00 88.00 0.112 0.280 99.21 0.008 6.84 0.031 0.968 | 96.84 | 0.008 65.79
ANN 60.64 96.84 0.031 0.968 56.84 3.37 19.21 0.008 0.992 | 99.21 83.68 72.01
ProPg;‘;’I‘fIm' 9216 | 7432 | 8579 | 8432 | 61.07 | 472 88.00 0.112 | 0.880 | 88.00 | 97.97 87.97

III. RESULTS AND EVALUATION

The comparative evaluation of each model highlights both
the strengths and weaknesses in predicting the latency for IoT
under EC settings. The proposed HR-CNN extends the baseline
cross-entropy formulation by adapting the cost function to
incorporate latency as an explicit factor, ensuring that the
optimization balances predictive accuracy with delay
sensitivity. This modification enhances the suitability for EC

deployments, where the inference speed is as critical as the

classification accuracy.

where m is the number of training examples, y” is the actual
label, he(x"V) is the predicted probability, and LR is the latency

0o _

29

— 3 [(he (x @) — y@) xV]x (1 + LR)

&)
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rate. Gradient of the cross-entropy loss with latency weighting:
Fig. 4 Loss versus epoch for HR-CNN (55 epochs).

ae _ 1 i Dy G

I2 = 23Oy = yD) xP1xa +LR)  (10)

)
These metrics can also be helpful for a more detailed

performance analysis, especially in imbalanced datasets:

F1 — Score = 2 X Prec?s.ioanecall (11)
Precision+Recall

The DT attains the lowest MSE and the highest accuracy,
indicating accurate predictions with few errors. Its high R?
suggests that it explains nearly all latency variability, making it
a solid choice for understanding and anticipating latency
patterns. A known limitation is the overfitting on a complex
dataset. This can be mitigated with pruning and depth/leaf
regularization. SVM is effective in high-dimensional spaces
and robust to overfitting, particularly when the number of
features exceeds the number of samples, indicating that it can
capture information more intricately. The trade-off is
computational: training can require more time, especially on
larger datasets. CNN presents a balanced profile with strong
predictive performance, low MSE, and high accuracy. Its R?
indicates that it captures most of the variance relevant to
latency and helps reveal the underlying patterns. Its ability to
learn hierarchical spatial-temporal features is advantageous for
extracting complex features. Its weaknesses include higher
training difficulty and greater processing demands than DT and
SVM, as well as larger data requirements for reliable
performance, which can pose challenges in specific
deployment scenarios.

IV. CONCLUSION

This study evaluates DT, SVM, ANN, RNN, LSTM, CNN,
and the proposed HR-CNN for HAR under EC constraints
using the UCI HAR dataset. The results demonstrate that the
HR-CNN achieved the strongest overall trade-off between
predictive accuracy and latency, reaching 99.21% accuracy,
MSE = 0.008, R? = 0.992, and macro-F1 = 0.88. The baseline
CNN also performed well, achieving 96.84% accuracy, MSE =
0.031, and R? = 0.968, which confirms the effectiveness of
convolutional feature extraction for inertial sensor signals. The
DT delivered the highest explanatory power with a very high
R2, but remained vulnerable to overfitting without pruning. The
SVM proved robust in high-dimensional spaces. However, its
training time increased substantially on larger datasets. The
results show that the CNN-based architectures, particularly the
HR-CNN, combine low error with strong predictive accuracy
while satisfying the EC latency requirements. The unified
pipeline, standardized preprocessing, and explicit macro
averaging ensured reproducibility across all models.
Nevertheless, the limitations include the computational
demands of CNN-based methods and the use of a single
dataset. Future work will extend the evaluation to multimodal
sensor data, larger benchmarks, and latency-aware optimization
strategies to further refine the balance between accuracy and
inference time in IoT deployments.
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