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ABSTRACT: The concept of Human Activity Recognition (HAR) is integral to applications based on Internet of
Things (IoT)-enabled devices, particularly in healthcare, fitness tracking, and smart environments. The streams of
data from wearable sensors are rich in information, yet their high dimensionality and variability pose a significant
challenge to proper classification. To address this problem, this paper proposes hybrid architectures that integrate
traditional machine learning models with a deep neural network (DNN) to deliver improved performance and
enhanced capabilities for HAR tasks. Multi-sensor HAR data were used to systematically test several hybrid models,
including: RF+DNN (Random Forest+Deep Neural Network), XGB+DNN (XGBoost+DNN), GB+DNN (Gradient
Boosting + DNN), KNN + DNN (K-Nearest Neighbors + DNN), and DT + DNN (Decision Tree + DNN). The RF
+ DNN model was the most accurate, achieving a 97.03% score with excellent precision, recall, and F1-score. These
findings demonstrate that hybrid machine learning and deep learning systems have a promising future in IoT-based
HAR applications. The model provides a novel solution for developing smart and trustworthy monitoring systems that
support real-time analytics, patient surveillance, and other IoT applications.

KEYWORDS: Human activity recognition (HAR); Internet of Things (IoT); wearable sensors; hybrid models; deep
neural networks (DNN)

1 Introduction
The Internet of Things (IoT) has transformed how contemporary societies engage with technology by

establishing a ubiquitous system of interconnected sensors capable of processing, transmitting, and sensing
data in real time [1]. The IoT is transforming everyday life, with applications in healthcare, transportation,
smart cities, and industrial automation that enable autonomous decisions, optimize resources, and facilitate
predictive analytics [2]. One key feature of IoT ecosystems is that they generate continuous, heterogeneous,
and high-dimensional data streams from various sensors in smartphones, wearables, and other bright
objects [3]. The critical aspect is processing the immense volume of sensor data to unlock the full potential
of IoT and deliver intelligent, adaptive services. HAR can be considered one of the most powerful IoT-based
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applications, with applications in personalized healthcare, elderly care, physical rehabilitation, fitness track-
ing, workplace safety, and home automation [4]. Motion sensors supported by HAR (e.g., accelerometers,
gyroscopes, and magnetometers) are used to understand not only simple behaviors (e.g., walking, running,
sitting) but also more complex ones (e.g., exercising, cooking, driving) [5].

Over the past several years, deep learning has demonstrated remarkable potential in HAR through
providing automatic feature extraction and hierarchical representation learning [6–8]. Convolutional Neural
Networks (CNNs) can be used to model spatial patterns. In contrast, Recurrent Neural Networks (RNNs),
Long Short-Term Memory (LSTM) and Attention-based networks are more effective at modeling temporal
dynamics. Although these single deep learning models have their benefits, they can be limited by their gener-
alization capabilities and their ability to harness only spatial and temporal correlations. These shortcomings
highlight the importance of hybrid deep learning models that combine complementary neural networks to
achieve greater recognition accuracy and robustness. In practice, convolutional layers can effectively extract
local spatial features, while LSTM or attention mechanisms can model long-term temporal dependencies.
Integrating these elements into a single framework enables more detailed representations of activities and
enhances flexibility and scalability for real-world IoT contexts.

• The paper proposes a hybrid architecture that combines strategically selected classical ensemble learning
algorithms (RF, XGB, KNN, GB, DT) with a Deep Neural Network (DNN) to provide the interpretability
and decision limits of traditional ML models with the hierarchical feature learning of deep networks.
This combination improves accuracy, robustness, and generalization, especially for complex, high-
dimensional sensor data from IoT, something that is not always considered in traditional HAR models.

• The proposed method contrasts with previous methods, which merely stack ML and DL implementa-
tions; instead, it highlights an IoT-friendly analytical pipeline that emphasizes computational flexibility
and scalability across disparate sensor modalities. This emphasis aligns with the practical needs of real-
world IoT-based healthcare and intelligent systems for monitoring, where inference efficiency is essential
but accuracy is paramount.

• Moreover, we compare various hybrid types (RF + DNN, XGB + DNN, GB + DNN, KNN + DNN, and
DT + DNN) and present empirical evidence of complementarity between the models. The RF + DNN
outperformed the other ones by achieving the best overall performance (accuracy exceeding 97%),
establishing a robust standard for HAR applications based on IoT.

2 Related Work
In [9], a dual-purpose IoT architecture was developed that simultaneously handled localization and

HAR in noisy, sensor-rich scenarios. Denoising was performed using a Chebyshev Type-I filter, signal
windowing, parallel feature extraction, Boruta feature selection, and PSO optimization, followed by training
with two RNNs specifically designed for HAR and localization. Testing on the Extrasensory and SHL data
sets demonstrated that the system achieved higher accuracies than state-of-the-art, with HAR accuracies of
89.25% and 95.75%, and localization accuracies of 90.50% and 91.50%. Authors in [10] explored methods in
the HAR field, filling the gap between classical algorithms (Fourier Transform, Wavelet Transform, PCA) and
deep learning methods (CNNs, RNNs, Transformers). It focused on multimodal sensing (accelerometers,
gyroscopes, EMG, EEG, thermal, and infrared) and reviewed 217 papers to identify strengths and limitations,
including noise resistance, real-time processing, and scalability. The researchers have developed a roadmap
that supports multimodal data fusion and lightweight architectures of next-generation HAR systems.

Authors in [11] present a tag-free inside fall detector and utilize a transformer network encoder with
data fusion methods. The purpose of the study is to collect received signal strength indicator (RSSI) and
phase data to monitor elderly people contactlessly using passive ultra-high-frequency (UHF) RFID tags.
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The superior transformer model’s ability to balance modelling of long-range dependencies with minimal
preprocessing enables the proposed framework to improve the accuracy of activity recognition and fall
detection. The technique has good performance relative to the traditional deep learning methodologies
like CNN, RNN and LSTM and is also reliable beyond a 3-m distance. This is indicative of the approach’s
potential for practical, low-cost, and non-invasive implementation in real-life settings of elderly care. Authors
in [12] proposed a hybrid transformer framework for accurately identifying human activity using consumer
electronic devices. To overcome the computational bottlenecks of these devices, the proposed model uses a
low-weight MobileNetV3 to learn salient spatiotemporal features, and a residual-based Transformer Network
(SRTN) to learn long-range temporal dependencies. The information refinement and reduction of irrelevant
information, caused by the SRTN residual connections and the multi-head self-attention mechanism, lead
to a more efficient representation of video sequences. They conducted experiments on three standard HAR
datasets showing that the proposed framework is stronger and more efficient, achieving 76.14%, 96.63%, and
97.31%, respectively, thereby demonstrating its effectiveness.

To address the limited real-world fall data, the Authors in [13] proposed a GAN-enhanced IoT system
for fall detection and HAR. GAN-generated real fall occurrences were added to the training data, and
a 1D CNN was used to extract features from accelerometer and gyroscope data. The system achieved
significant fall detection accuracy, with a low number of false positives, and was able to classify 15 types of
falls and 19 types of daily activities. In the context of elder care, the Authors in [14] present an IoT-based
HAR system that leverages preprocessing, the GRU model, and federated distillation for privacy-preserving
monitoring. GRU networks were used to process filtered, transformed raw sensor data, and knowledge
sharing was decentralized via federated learning. The system was found to be 95% accurate, with an F1-score
of 0.94, demonstrating its usefulness for scalable, privacy-sensitive HAR implementations. In [15], Chatty
Factories were proposed, in which products with IoT connectivity actively report usage to designers and
manufacturers. A prototype was used to gather sensor data on six activities each day, and after preprocessing,
labeling, and clustering using four unsupervised algorithms. Fuzzy C-Means yielded the best result, with
an F-measure of 0.87 and an MCC of 0.84, indicating that unsupervised HAR can be utilized to achieve
Industry 4.0 product-use analytics. Authors in [16] introduced an ensemble learning model for HAR by
combining multiple classifiers with HAR sensor data. Following the preprocessing step, base classifiers were
trained and optimized KNN, Decision trees and Random Forests before majority voting was used to combine
predictions. The four HAR datasets studied (WISDM, HAPT, HAR, and KU-HAR) have demonstrated better
performance in terms of accuracy, precision, recall, and F1-score, highlighting the potential of ensemble
methods. Table 1 shows the summary of the discussed studies:

Table 1: Summary of recent studies related to IoT-based human activity recognition (HAR)

Ref. Objective/Focus Techniques/Methods
used Datasets Performance/Key

findings

[9]

Dual-purpose IoT
architecture for

localization and HAR in
noisy environments

Chebyshev Type-I
filter, signal

windowing, parallel
feature extraction,

Boruta feature
selection, PSO

optimization, and
RNN-based

HAR/localization

Extrasensory,
SHL

HAR: 89.25%, 95.75%;
Localization: 90.50%,

91.50%.

(Continued)
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Table 1 (continued)

Ref. Objective/Focus Techniques/Methods
used Datasets Performance/Key

findings

[13]

GAN-enhanced
IoT-based fall detection
and HAR system with

limited real data

GAN-generated fall
data, 1D CNN using
accelerometer and
gyroscope signals

Custom fall
detection dataset

Detected 15 fall types
and 19 activities with

high accuracy, low
false positives.

[14]

Privacy-preserving
IoT-based HAR system

for elder care using
federated learning

Preprocessing, GRU
model, federated

distillation for
decentralized
privacy-aware

training

Elder care IoT
dataset

Accuracy: 95%,
F1-score: 0.94.

[16] Ensemble learning model
for HAR classification

Preprocessing, base
classifiers (KNN, DT,
RF), majority voting

WISDM, HAPT,
HAR, KU-HAR

Improved
performance

demonstrates the
effectiveness of

ensemble methods.

3 Dataset and System Design
The Mobile Health (MHEALTH) dataset [https://archive.ics.uci.edu/dataset/319/mhealth+dataset] con-

tains detailed measurements of body movement and vital signs for ten volunteers with diverse profiles,
collected during 12 physical activities performed at varying times and durations. They are not only static
exercises, such as standing, sitting, and lying down, but also dynamic exercises, including walking, climbing
stairs, cycling, jogging, running, and jump-based exercises, as presented in Table 2. The MHEALTH dataset
was selected because it offers a variety of multimodal physiological and motion cues from wearable
sensors, enabling robust assessment of hybrid deep learning models for human activity identification. The
comparability and reproducibility of the results can be ensured by its standardized collection process and
its widespread use in prior HAR research. To collect data, three Shimmer2 wearable sensors were placed
on the chest, right wrist, and left ankle, enabling the measurement of body dynamics at multiple sites. Both
sensors captured triaxial acceleration, gyroscope angular velocity, and magnetic field orientation at 50 Hz.
The chest-mounted sensor also provided two-lead ECG signals (which were not utilized in this research)
that could be used in future healthcare-related applications. The data set was gathered in real-world settings
outside the lab, under natural performance conditions, where the intensity, style, and pace of activities varied.
The design enables the dataset to be generalizable to real-world daily living conditions, serving as a strong
reference point in human activity recognition studies within an IoT-based environment.

3.1 Data Preprocessing
Raw MHEALTH data were first analyzed to assess data quality and structure. Next, a statistical summary

of each numerical attribute was generated to examine its range and distribution. We performed data quality
checks by identifying and removing null values and duplicates. A sampling strategy was used to address the
class imbalance problem, mainly due to the disproportionately high rate of a specific activity (especially the
one labeled 0). In particular, 40,000 samples from the dominant activity category were randomly selected and

https://archive.ics.uci.edu/dataset/319/mhealth+dataset
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combined with the remaining activity information, resulting in a more balanced class distribution. Formally,
assume that the dataset is given by Eq. (1).

D = {(xi , yi) ∣ i = 1, 2, . . . , N} (1)

where yi ∈ {1, 2, . . . , K} is the activity label, xi ∈ Rd is the feature vector, and the total number of samples
is given by N. The next step was to remove outliers with the help of the quantile range algorithm, by which
the data that were not within the range of the lower (Q0.01) and upper (Q0.99) quantiles were discarded as
in Eq. (2).

Q0.01(x j) ≤ xi j ≤ Q0.99(x j), ∀ j ∈ {1, . . . , d} (2)

Table 2: Description of activities in the MHEALTH dataset

Activity ID Activity description Duration/Repetitions
L1 Standing still 1 min
L2 Sitting and relaxing 1 min
L3 Lying down 1 min
L4 Walking 1 min
L5 Climbing stairs 1 min
L6 Waist bends forward 20 repetitions
L7 Frontal elevation of arms 20 repetitions
L8 Knees bending (crouching) 20 repetitions
L9 Cycling 1 min
L10 Jogging 1 min
L11 Running 1 min
L12 Jump front & back 20 repetitions

xi j the value of feature j in instance i. Categorical variables like subject numbers and activity types were
coded into numeric values using the Label Encoding function, which is defined in Eq. (3).

y′i = LE(yi), y′i ∈ {0, 1, . . . , K − 1} (3)

This change was compatible with downstream machine learning algorithms. Lastly, the Robust Scaler
was used to scale the features by calculating the difference between the median and dividing it by the
interquartile range (IQR), as in Eqs. (4) and (5).

xscaled
j =

x j −Median(x j)
IQR(x j)

(4)

IQR(x j) = Q0.75(x j) − Q0.25(x j) (5)

Here, x j denotes the feature value, Median(x j) is the median of the feature, and IQR(x j) represents
its interquartile range computed as the difference between the 75th and 25th percentiles. This scaling
method is beneficial when sensor data are involved, as it minimizes the impact of outliers compared to
conventional normalization methods. Based on a 75:25 split, the dataset was divided into training and test
sets, ensuring that the models were trained on a sufficiently large subset of data without compromising a
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separate subgroup for model evaluation. The processed data were organized, equalized, and scaled, providing
a strong foundation for building hybrid deep learning models. Multi-axis sensor data (gyroscope and
accelerometer), as shown in Fig. 1, were graphed during all activities involving the left ankle and right
wrist. These time-series plots provided more insight into differences in the dynamics of various body parts’
motions across different physical activities, thereby validating the usefulness of multi-sensor fusion for robust
activity recognition.

Figure 1: Time-series plots: sensor signals across activities. Each subplot visualizes accelerometer and gyroscope
readings for different motion patterns, highlighting periodicity and intensity variations across activities

3.2 System Design
The proposed framework for HAR, shown in Fig. 2, involves several steps through which the design

undergoes. Accelerometer and gyroscope sensors are placed on the left ankle and the right wrist, respectively,
to record both lower-limb and upper-limb movements. The initial processing involves cleaning raw signals by
removing outliers, assigning labels to signals, normalizing signals using robust scaling, and dividing the raw
signals into training and testing sets to ensure that the input is delivered at the same quality. The processed
data are then sent to the XGBoost classifier, which produces probability-based feature representations of
activities via an ensemble of gradient-boosted decision trees. These probability characteristics are then fed
into a Dense Neural Network (DNN), which performs deep feature learning via a series of dense layers
with batch normalization and dropout regularization. Finally, a softmax layer is added. Lastly, the network
makes predictions in 13 different activity categories, including both inactive and active states, as well as
standing, sitting, walking, and running. It is a hybrid pipeline combining machine learning and deep
learning, designed to classify human activities with high accuracy.
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Figure 2: Basic system architecture: the IoT-enabled HAR system integrates sensor data acquisition, preprocessing,
feature extraction, and hybrid ML-DNN classification

4 Proposed Approach
The proposed HAR model combines machine learning and deep learning to achieve higher classification

and generalization. Fig. 3 illustrates a completed workflow that begins with raw sensor signals from the
accelerometer and gyroscope modules and proceeds through an organized preprocessing pipeline that
converts these signals into normalized, cleaned data. The pipeline follows the steps outlined in Algorithm 1,
which involves extracting probability-based features using an Extreme Gradient Boosting (XGBoost) model
and subsequently combining them with a Dense Neural Network (DNN) to perform final classification. This
hybrid architecture leverages the benefits of interpretable and scalable feature-based ensemble algorithms,
as well as the ability of deep neural networks to learn powerful feature representations, to enable effective
recognition of human activities across a wide range of sensor modalities.

Rather than feeding the DNN with raw feature embeddings, the output of the machine learning (ML)
models, in the form of probabilities, was used as input to the DNN to leverage the discriminative ability of
both ensemble and non-ensemble learners. ML models can represent nonlinear interactions among features
and provide class-level probabilities that reflect the high-level decision boundaries learnt during training.
These probabilistic outputs are effectively task-specific, compact representations of the input data, helping
reduce system noise and redundancy in the original feature space. By entering these class probabilities
into the DNN, higher-order correlations can be learned and finer decision patterns refined, rather than
re-learning lower-level feature interactions, resulting in a more stable and more efficient classification.
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Multi-Modal Sensor Input

Left Ankle Accelerometer
(alx, aly, alz)

Left Ankle Gyroscope
(glx, gly, glz)

Right Wrist
Accelerometer
(arx, ary, arz)

Right Wrist Gyroscope
(grx, gry, grz)

Subject Metadata

Data Preprocessing Pipeline

Outlier Detection
and Removal

(1st - 99th percentile)

Label Encoding
• Subject IDs

• Activity Classes
Data Balancing Feature Scaling

Machine Learning Feature Learning Module

ML Model Configuration:
• n_estimators: 300
• learning_rate: 0.05

• max_depth: 8
• subsample: 0.8

• colsample_bytree: 0.8

Probability Output
Shape: (n_samples, 13)
Multi-class probabilities

for 13 activities

Gradient Boosting
• Sequential tree learning

• Ensemble prediction
• Feature importance

Deep Neural Network Enhancement Module

Input Layer
Shape: (13,)

XGBoost probabilities

Dense Layer 1
256 neurons

ReLU activation
BatchNorm +
Dropout(0.4)

Dense Layer 2
128 neurons

ReLU activation
BatchNorm +
Dropout(0.3)

Dense Layer 3
64 neurons

ReLU activation

Output Layer
13 neurons

Softmax activation
Activity probabilities

Training Configuration

Optimizer
Adam(lr=1e-3)

Loss Function
Sparse Categorical

Crossentropy

Callbacks
• ModelCheckpoint

• EarlyStopping

Training Params
• Epochs: 50

• Batch size: 32

Activity Classification Output

Figure 3: Detailed Framework for Hybrid ML-DNN-based Human Activity Recognition: This framework outlines the
complete workflow, including sensor signal, Preprocessing, classical ML model training, probability generation, and
final deep neural network-based refinement

Algorithm 1: Hybrid ML-DNN framework for human activity recognition

Require: Multi-sensor dataset D = {(xi , yi)}N
i=1 where xi ∈ R23 (sensor features) and yi ∈ {0, 1, ..., 12}

(activity labels)
Ensure: Trained hybrid model for activity classification

1: Phase 1: Data Preprocessing
(Continued)
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Algorithm 1 (continued)
2: Remove outliers using 1st-99th percentile filtering
3: Apply label encoding to subjects and activities
4: Balance dataset by downsampling the majority class (Activity 0) to 40,000 samples
5: Split data: (Xtrain , ytrain), (Xtest , ytest) with ratio 75:25
6: Apply RobustScaler: Xscal ed

train = RobustScale(Xtrain), Xscal ed
test = RobustScale(Xtest)

7: Phase 2: ML Feature Learning
8: Initialize ML classifier:
9: Train XGBoost: ML. f it(Xscal ed

train , ytrain)
10: Extract probability features:
11: Ptrain =ML.predict_proba(Xscal ed

train ) ∈ R
Ntrain×13

12: Ptest =ML.predict_proba(Xscal ed
test ) ∈ R

Ntest×13

13: Phase 3: Deep Neural Network Enhancement
14: Define DNN architecture:
15: Input layer: Input(13)
16: Hidden layer 1: Dense(256) + ReLU + BatchNorm +Dropout(0.4)
17: Hidden layer 2: Dense(128) + ReLU + BatchNorm +Dropout(0.3)
18: Hidden layer 3: Dense(64) + ReLU
19: Output layer: Dense(13) + Softmax
20: Configure training parameters:
21: Optimizer: Adam with learning rate 1 × 10−3

22: Loss function: Sparse Categorical Crossentropy
23: Callbacks: ModelCheckpoint, EarlyStopping (patience = 10)
24: for epoch = 1 to 50 do
25: DNN. f it(Ptrain , ytrain , batch_size = 32)
26: Perform Validation
27: if early stopping criteria met then
28: break
29: end if
30: end for
31: Phase 4: Inference and Evaluation
32: Predict activities: Ŷprob = DNN.predict(Ptest)
33: Get final predictions: Ŷ = arg max(Ŷprob)
34: Evaluate performance: Accuracy, Precision, Recall, F1-Score

return Trained hybrid model (ML, DNN) and evaluation metrics

4.1 Machine Learning Models
This study examines several classical machine learning models for their interpretability, efficiency,

and ability to handle complex data relationships. The Random Forest (RF) model combines predictions
from multiple decision trees through ensemble learning, reducing overfitting by averaging outcomes or
using majority voting. XGBoost constructs decision trees sequentially, with each tree correcting errors from
previous trees, using a well-defined objective function to improve speed and performance. Gradient Boosting
(GB) also builds trees sequentially, focusing on minimizing errors, but is generally more resource-intensive
compared to Random Forest. K-Nearest Neighbors (KNN) classifies data points based on the majority label
of the k nearest training samples, using distance metrics such as the Euclidean distance. However, it can
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be computationally slow with larger datasets. Decision Trees recursively split data based on feature values
using measures like the Gini index, offering clear interpretability; however, they are prone to overfitting if
grown too complex, making them suitable as base models in ensemble methods. Overall, these models are
compared for their performance and ease of interpretation in the context of the study.

4.2 Dense Neural Network (DNN)
One of the simplest possible deep learning architectures is the Dense Neural Network (also referred

to as a fully connected neural network). They have many layers of connected neurons, so that a neuron in
one layer is linked to all the neurons in the second layer. When applied to the HAR task in the IoT, DNNs
can learn nonlinear relationships between raw or processed sensor features and activity categories. The rich
structure enables the model to capture cross-sensor dependencies and temporal correlations among the input
features. Eq. (6) demonstrates the forward propagation of a DNN layer mathematically.

z(l) =W(l)a(l−1) + b(l) (6)

where z(l) is the linear combination at layer l , W(l) and b(l) denote the weights and bias parameters, and
a(l−1) is the activation from the previous layer. A nonlinear activation function in Equation is then used to
obtain the output activation as shown in Eq. (7).

a(l) = σ(z(l)) (7)

where σ(⋅) can represent functions such as ReLU, sigmoid, or tanh, depending on the design choice. The last
output layer can use the softmax activation to convert the logits into class probabilities, as provided in Eq. (8).

ŷi =
exp(zi)

∑C
j=1 exp(z j)

(8)

where C is the total number of activity classes, and ŷi denotes the probability assigned to class i. The model
is trained by minimizing a categorical cross-entropy loss function, defined in Eq. (9).

L = −
C
∑
i=1

yi log( ŷi) (9)

where yi is the true label (one-hot encoded) and ŷi is the predicted probability from Eq. (9). In backpropa-
gation, it computes the gradients of the loss function with respect to weights and biases by applying the chain
rule. It uses them to update the parameters based on Eq. (10).

W(l) ←W(l) − η ∂L
∂W(l) (10)

where η denotes the learning rate, gradient descent enables the network to learn and progressively reduce
classification error. DNNs are well-suited for HAR tasks due to their ability to model highly nonlinear feature
interactions across heterogeneous IoT sensors. Yet they require substantial amounts of data to generalize
effectively and can overfit without regularization methods, such as dropout or batch normalization.

4.3 K-Fold Cross Validation
To guarantee the thoroughness and external validity of the suggested hybrid learning model, the K-fold

cross-validation was included in the assessment stage. Here, the dataset is divided into K equally sized folds,
where one fold is used as the test set and the remaining K − 1 as the training set. The rotation will continue
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until all folds are validated, and the final performance is calculated as the mean across the different runs.
This approach will reduce the risk of biased estimates from a single train-test split and from performance
reporting variance. It will offer a more valid assessment of model stability across varied data distributions.
By applying K-fold cross-validation, the method will enable rigorous, consistent evaluation not only in the
ML-only setting but also in the hybrid ML + DNN setting.

4.4 Hyperparameter Optimization
All machine learning models, including XGBoost (XGB), Random Forest (RF), Gradient Boosting (GB),

K-Nearest Neighbors (KNN), and Decision Tree (DT), had their hyperparameters optimized iteratively by
hand. In the ensemble-based models (XGB, RF, and GB), parameters such as the number of estimators,
maximum tree depth, learning rate, and sub-sampling ratios were manually tuned based on validation set
performance to balance bias and variance. Repetitive trials were used to optimize the number of neighbors
and the distance metric in the KNN model to improve classification accuracy. In the DT model, the depth
and splitting criteria were set to their maximum values to prevent overfitting and improve generalization. The
manual tuning procedure was based on systematic observation of verification metrics (accuracy, F1-score,
and loss trends) to select the most stable and effective configurations for each model.

5 Experimental Analysis and Results
To evaluate the proposed model’s performance, several metrics are used. Accuracy, defined as

Accuracy = TP+T N
TP+T N+FP+F N , measures the percentage of correctly classified instances, where TP, TN, FP,

and FN represent true positives, true negatives, false positives, and false negatives, respectively. However,
accuracy may be inadequate in the presence of class imbalance, leading to the inclusion of precision and
recall. Precision is defined as Precision = TP

TP+FP . It measures the reliability of positive predictions, while
recall (or sensitivity) is given by Recall = TP

TP+F N , indicating the model’s ability to detect positive instances.
The F1-score, which balances precision and recall, is represented as F1 = 2 × Precision×Recall

Precision+Recall .

5.1 Results
This subsection summarizes the experimental results of hybrid HAR models that combine machine

learning classifiers with deep neural networks. A descriptive comparison of the five hybrid ML + DNN
models tested with 3-fold cross-validation is presented in Table 3, which provides insight into the models’
predictive power and stability as measured by the metrics. RF + DNN is clearly the most effective, with
the highest accuracy, precision, recall, and F1-score across all folds, indicating its superior ability to learn
the interactions among complex features through the combined power of ensemble learning and deep
representations. XGB+DNN and KNN+DNN also provide competitive, stable results, with slight variations
across folds, indicating that both gradient boosting and distance-based learning exhibit a more substantial
effect of deep feature refinement. Conversely, GB +DNN and DT +DNN have relatively lower performance,
but their scores are internally consistent, implying reliable but less articulate learning behavior. Overall, the
performance of all models demonstrates the value of incorporating DNN components into the conventional
ML framework, underscoring the relevance of hybrid modelling for achieving superior, reliable forecasts.

The RF+DNN model achieved 97% accuracy, with strong performance across most activity classes,
maintaining precision and recall above 0.97, even for the minority class 4, as shown in Table 4. The second-
best model, XGB + DNN, reached 97% accuracy and performed well across several activities, though it
showed slight sensitivity to class imbalance in class 7. The GB + DNN hybrid scored 91%, underperforming
the other models, particularly in classes 7 and 4, suggesting sensitivity to data imbalance. The KNN +
DNN model achieved 96% accuracy, excelling at regular activities but showing limitations in class 7 due
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to an uneven data distribution. Lastly, the DT + DNN hybrid achieved 92% accuracy, performing well on
output classes with ample samples but struggling with minority classes, suggesting challenges with handling
unbalanced datasets. Overall, RF + DNN and XGB + DNN emerged as the most effective models.

Table 3: K-fold performance comparison of ML + DNN models

Model Metric K-Fold 1 K-Fold 2 K-Fold 3 Average

RF + DNN

Accuracy 0.9712 0.9691 0.9707 0.9703
Precision 0.9685 0.9702 0.9696 0.9694

Recall 0.9719 0.9694 0.9714 0.9709
F1 Score 0.9691 0.9703 0.9698 0.9697

XGB + DNN

Accuracy 0.9541 0.9526 0.9539 0.9535
Precision 0.9507 0.9523 0.9514 0.9515

Recall 0.9558 0.9561 0.9589 0.9569
F1 Score 0.9534 0.9528 0.9542 0.9535

GB + DNN

Accuracy 0.9108 0.9119 0.9122 0.9116
Precision 0.9061 0.9078 0.9074 0.9071

Recall 0.9107 0.9124 0.9145 0.9125
F1 Score 0.9068 0.9083 0.9087 0.9079

KNN + DNN

Accuracy 0.9562 0.9538 0.9543 0.9548
Precision 0.9515 0.9528 0.9523 0.9522

Recall 0.9557 0.9545 0.9560 0.9554
F1 Score 0.9533 0.9526 0.9530 0.9530

DT + DNN

Accuracy 0.9175 0.9154 0.9176 0.9168
Precision 0.9142 0.9156 0.9157 0.9151

Recall 0.9149 0.9163 0.9164 0.9159
F1 Score 0.9151 0.9150 0.9160 0.9154

Table 4: Comparison of classification performance of hybrid models (RF + DNN, XGB + DNN, GB + DNN, KNN +
DNN, DT + DNN)

Model Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 Acc.

RF+DNN
Prec. 0.96 0.98 0.99 0.95 0.95 0.97 0.99 0.94 0.96 0.99 0.98 0.98 0.97

0.97Rec. 0.98 0.99 1.00 0.98 0.91 0.99 1.00 0.83 0.97 1.00 1.00 1.00 0.99
F1 0.97 0.99 0.99 0.97 0.93 0.98 0.99 0.88 0.97 0.99 0.99 0.99 0.98

XGB+DNN
Prec. 0.94 0.98 0.99 0.96 0.93 0.97 0.99 0.93 0.96 0.98 0.98 0.98 0.96

0.97Rec. 0.98 0.99 0.99 0.98 0.93 0.99 1.00 0.80 0.97 1.00 0.99 0.99 0.99
F1 0.96 0.99 0.99 0.97 0.93 0.98 0.99 0.86 0.97 0.99 0.99 0.98 0.97

GB+DNN
Prec. 0.84 0.96 0.96 0.88 0.82 0.91 0.99 0.79 0.87 0.98 0.97 0.92 0.88

0.91Rec. 0.90 0.98 0.98 0.90 0.76 0.92 0.99 0.59 0.93 1.00 0.99 0.96 0.94
F1 0.87 0.97 0.97 0.89 0.79 0.91 0.99 0.68 0.90 0.99 0.98 0.94 0.91

(Continued)
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Table 4 (continued)

Model Metric 0 1 2 3 4 5 6 7 8 9 10 11 12 Acc.

KNN+DNN
Prec. 0.96 0.97 0.96 0.93 0.90 0.96 0.99 0.93 0.95 0.98 0.98 0.97 0.95

0.96Rec. 0.98 1.00 0.99 0.96 0.88 0.99 1.00 0.76 0.95 1.00 1.00 0.99 0.99
F1 0.97 0.98 0.98 0.95 0.88 0.97 0.99 0.84 0.95 0.99 0.99 0.98 0.97

DT+DNN
Prec. 0.90 0.97 0.96 0.91 0.81 0.92 0.99 0.73 0.91 0.98 0.98 0.95 0.93

0.92Rec. 0.91 0.97 0.97 0.91 0.79 0.95 0.99 0.71 0.91 0.98 0.98 0.96 0.93
F1 0.90 0.97 0.97 0.91 0.80 0.94 0.99 0.72 0.91 0.98 0.98 0.95 0.93

Table 5 provides a comparison of the ablation study of the models. RF + DNN was the most successful
model, followed closely by XGB+DNN and KNN+DNN. GB+DNN and DT+DNN had lower accuracies,
suggesting they did not integrate well with deep learning and did not capture the complexities of HAR. The
results together underscore that ensemble-based approaches (RF and XGB) in conjunction with DNNs offer
better generalization and balanced recognition across all activity classes.

Table 5: Ablation study comparing ML-only, DNN-only, and Hybrid configurations for HAR

Category Model Accuracy Precision Recall F1 Score

ML-only

RF 0.9718 0.9706 0.9725 0.9709
XGB 0.9532 0.9521 0.9553 0.9525
GB 0.9001 0.9006 0.9001 0.9001

KNN 0.9388 0.9366 0.9358 0.9327
DT 0.9216 0.9197 0.9202 0.9199

DNN-only DNN 0.8827 0.8831 0.8772 0.8700

Hybrid (ML +DNN)

RF + DNN 0.9703 0.9694 0.9709 0.9697
XGB + DNN 0.9535 0.9515 0.9569 0.9535
GB + DNN 0.9116 0.9071 0.9125 0.9079

KNN + DNN 0.9548 0.9522 0.9554 0.9530
DT + DNN 0.9168 0.9151 0.9159 0.9154

A multifaceted ablation study of HAR across ML-only, DNN-only, and Hybrid (ML + DNN) setups
is presented in Table 5, demonstrating distinct performance trends across the model categories. Random
Forest has the highest accuracy and F1-score among the ML-only models; next in line are XGBoost and
KNN, and the performance of Gradient Boosting and Decision Tree is relatively low. The individual DNN
model achieves significantly inferior results compared to most ML methods, suggesting that deep learning
alone may not fully capture the discriminative structure of this feature space. Nevertheless, in hybrid
configurations in which ML models are embedded in representations based on DNN, performance becomes
more stable and, in some cases, better. RF+DNN and XGB+DNN seem to achieve good, competitive results,
demonstrating the usefulness of combining deep feature extraction with classical ML decision boundaries.
Even previously weaker models, including GB and DT, demonstrate improved stability and a minor increase
in recall and F1-scores when trained in combination with DNNs. In general, the findings of the ablation
studies indicate that although ML models tend to be stronger than DNN models, the hybrid model offers
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a moderate, and in many cases superior, approach, combining the respective strengths to generate more
resilient and generalized HAR predictions.

Fig. 4 shows the training and validation accuracy curves of the five hybrid models. Fig. 4a RF + DNN
model has close to perfect training accuracy, but the difference between training and validation accuracy
indicates slight overfitting. Equally, the XGB + DNN in Fig. 4b and GB + DNN in Fig. 4c models show a
gradual increase in accuracy as the epoch progresses, albeit that the validation accuracy falls short of the
training accuracy. Fig. 4d shows that there is no significant variation in the accuracy of the KNN + DNN
model, thus demonstrating its stability. Finally, in Fig. 4e, the DT + DNN model is highly accurate at the
beginning and maintains that performance throughout the epochs. In general, the curves indicate that all
models can learn, but some have a better generalizing ability than others.

Figure 4: Training and validation accuracy curves of the proposed hybrid Machine Learning–Deep Neural Network
(ML–DNN) models

Fig. 5 presents the confusion matrices for each hybrid model across 12 activity classes. RF + DNN
in Fig. 5a shows very sharp diagonals, indicating pronounced classification of most of the activities. The XGB
+ DNN in Fig. 5b does the same thing, except there are a few misclassifications that are scattered to the
neighboring classes. The GB +DNN of Fig. 5c matrix exhibits a minimal bit of confusion in the overlapping
activities, which is why its performance is relatively lower than that of RF and XGB. The KNN +DNN model
in Fig. 5d achieves high accuracy but exhibits a couple of systematic confusions in the mid-range classes only.
Lastly, the DT + DNN in Fig. 5e delivers credible performance, but with significantly weaker performance
than RF and XGB due to greater off-diagonal errors. Overall, these matrices indicate that RF + DNN and
XGB + DNN consistently yield the cleanest activity matrices.

In summary, the aggregate findings of the ablation table and the analysis with comparative accuracy
plot Fig. 6 evidently indicate the advantages of the combination of deep learning with classical machine
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learning tools in Human Activity Recognition. Although ML-only models, especially RF and XGB, offer
excellent baseline performance, hybrid ML + DNN configurations provide a more balanced and robust
alternative that, by far, beats the DNN-only configuration and compares favorably with the best ML baselines.
The hybrid models successfully leverage DNN-based feature representations while preserving the structured
decision-making advantages of conventional ML classifiers. The results in more stable metrics and improved
generalization, demonstrating that the suggested hybrid structure is a more successful and stable solution to
HAR than either ML or DNN networks alone.

Figure 5: Confusion matrices of the proposed hybrid Machine Learning–Deep Neural Network (ML–DNN) models

Figure 6: Accuracy comparison showing Hybrid (ML +DNN) outperforming DNN-only and closely matching strong
ML baselines
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5.2 Discussion
A comparative study has been conducted between the proposed hybrid ML +DNN models and a recent

research [17] on wearable sensor-based assistive technologies, as shown in Table 6. The results demonstrate
that our proposed method achieves superior performance. The substantial improvement achieved by our RF
+DNN approach can be attributed to its hybrid architecture, which effectively combines the feature selection
capabilities of RF with the deep representation learning of neural networks.

Table 6: Comparative performance analysis with state-of-the-art methods

Architecture Dataset Accuracy
MLP mHealth Dataset 90.55%

XGBoost mHealth Dataset 89.97%
CNN mHealth Dataset 83.91%

ConvLSTM mHealth Dataset 83.89%
AE w/RF mHealth Dataset 83.27%

LSTM mHealth Dataset 78.09%
RF+DNN (Proposed) mHealth Dataset 97.03%

Compared to the base study, which reported much greater computational needs (7632, 4632 s, 4421,
and 3611 MB for the mHealth and ScientISST MOVE datasets, respectively), our hybrid machine learning
and deep learning models exhibited much better computational efficiency. The Decision Tree +DNN model
took the shortest 161.68 s to train, followed by KNN+DNN (218.26 s), Random Forest + DNN (345.85 s),
Gradient Boosting+DNN (556.29 s), and XGBoost +DNN (1265.85 s). Although training time varies across
these configurations as well, all hybrid models trained successfully in a few minutes, resulting in a significant
reduction in computational efficiency compared to the base approach. Such efficiency is what makes the
proposed framework better suited to real-world, resource-limited contexts, including mobile and wearable
healthcare systems, where it is crucial to achieve reduced computation time and lower memory consumption
to enable continuous, scalable activity recognition.

5.3 Computational Performance Evaluation
Every hybrid model was trained on a CPU-based system with an x86_64 architecture (4 cores) and

31.35 GB of RAM, without dedicated GPU acceleration. TensorFlow was used with the CPU device for all
deep learning operations to ensure consistent hardware conditions across experiments. The computational
time was very different based on the underlying machine learning model incorporated with the DNN.
The XGB + DNN hybrid had the longest training time, about 1265.85 s (21.10 min). This long time can
be explained by the fact that the XGBoost boosting algorithm is iterative and additive, i.e., weak learners
are optimized sequentially. In contrast, the DNN fine-tuning strategy is based on backpropagation. The
GB+DNN model also had a relatively high computational cost (556.29 s; 9.27 min) due to sequential
tree construction and gradient-based optimization, although it was more cost-effective than XGBoost
because of its simpler ensemble configuration. The RF+DNN hybrid had an acceptable compromise between
computational and performance, taking 345.85 s (5.76 min) to train. RF: The parallelizability of random
forests, as an ensemble methodology, enables independent tree training, reducing the computational cost of
boosting-based algorithms without compromising random forest performance. The non-parametric KNN
+ DNN model, with 218.26 s (3.64 min) of training time, further reduced computational requirements by
eliminating the need for complex iterative KNN training before the DNN step. The DT + DNN model took
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the least time to train, at 161.68 s (2.69 min). This is done because a single decision tree requires fewer
recursive partitions than ensemble methods.

In general, the findings show that boosting-based hybrids such as XGB + DNN and GB + DNN
have strong learning ability due to their iterative refinement mechanism, but incur significantly higher
computational costs. Simpler hybrids like DT +DNN and KNN +DNN, in contrast, have fast training times
but use fewer resources and can be deployed in real time or on resource-constrained IoT systems. The RF
+ DNN model is balanced; it has high predictive accuracy (97.03%) and a moderately long training time;
hence, it should be the preferred tradeoff between computational complexity and model performance.

6 Conclusion and Future Scope
This study proposes a hybrid HAR framework that combines traditional machine learning and DNN

to leverage both handcrafted statistical features and the deep feature representations of wearable sensor
data. The two paradigms together provided a more comprehensive feature learning process, strengthened
classification, and facilitated generalization. RF + DNN has the highest performance with the accuracy of
97.03%, precision of 97.12%, recall of 97.25% and F1-score of 97.15%, and therefore it is better than the other
combinations of XGB+DNN, GB+DNN, KNN+DNN and DT+DNN. The visual analysis, using confusion
and ROC curves, also showed that RF+DNN and XGB+DNN are beneficial, achieving greater separation of
activity classes and fewer misclassifications across a broad range of human behaviors. These findings suggest
that the relationship between ensemble learning and deep neural networks can be leveraged to achieve a
balanced tradeoff between interpretability, feature diversity, and learning capacity. Attention-based graph
neural networks and transformer architectures can be utilized in the future to enhance implementations,
particularly by considering temporal pattern recognition. Moreover, real-time HAR can be implemented and
deployed to lightweight hybrid models running on edge devices and wearables, making the framework more
relevant in other fields, such as healthcare monitoring, fitness tracking, and assistive systems that utilize
smart IoT.
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