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In today's world, healthcare systems are being built with human activity
recognition (HAR) to help the elderly, disabled, and children's activities by
constantly observing their behavior. However, HAR using computer vision
and traditional machine learning techniques is not an efficient use of
healthcare system resources because of potential and accuracy issues. This
study aims to examine the use of deep learning techniques in real-time HAR.
This proposal is a hybrid method that utilizes the EfficientNetBO
architecture and a convolutional extension of a long short-term memory
network (EfficientNetBOConvLSTM), to achieve human-like intelligence.
The EfficientNetBO is utilized to extract image features, and convolutional
long short-term memory (ConvLSTM) is utilized to categorize six human
actions to recognize human activities. This approach leverages the strengths
of convolutional neural networks (CNNs) in extracting spatial features from
video frames and LSTMs in capturing temporal dependencies within activity
sequences. Firstly, an extensive investigation is conducted on existing
literature studies to select a suitable dataset. Next, the proposed method was
evaluated on the challenging HMDB51 video datasets and finally achieved
an accuracy of 89.22%, which is significantly higher than other methods on
this dataset. This outcome shows the potential of EfficientNetBOConvLSTM
for real-time HAR applications like healthcare.
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1. INTRODUCTION

Human activity recognition (HAR) is a critical area in the healthcare sector, as it enables the
monitoring of patients, supports elderly care, and facilitates rehabilitation [1]. Traditional HAR systems often
face challenges, including latency and accuracy issues, which hinder their effectiveness in real-time
applications. These systems are designed to automatically recognize physical activities by analyzing data
collected from sensors or video footage. However, existing approaches often face challenges in
simultaneously achieving high accuracy and low latency, both of which are critical for applications such as
continuous monitoring, timely intervention, and personalized healthcare [2]. A range of methods have been
explored to improve HAR performance, from traditional machine learning algorithms to advanced deep
learning models such as convolutional neural networks (CNNSs) [3] and recurrent neural networks (RNNSs) [4].
Current HAR systems face several significant limitations that affect their performance [5]. Achieving high
accuracy is one of the challenges, particularly in dynamic real-world conditions. The ultimate goal is to
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create a system capable of accurately recognizing human activities in real-time, which can be effectively
integrated into healthcare settings for continuous monitoring, timely interventions, and improved patient
outcomes. The study emphasizes the importance of the HAR dataset and enhancing human-computer
interaction (HCI), particularly in healthcare sectors. Our analysis focuses on the HMDB51 video dataset,
selecting six key medical activities such as fall_floor, walk, stand, eat, sit, and drink due to their importance
in healthcare. The proposed EfficientNetBO architecture and a convolutional extension of a long short-term
memory network (EfficientNetBOConvLSTM) model integrates EfficientNetBO for spatial feature extraction
and convolutional long short-term memory (ConvLSTM) for capturing temporal dependencies within activity
sequences. The model processes red, green, blue (RGB) video frames through the spatial stream, while
temporally stacked optical flow frames are processed through the temporal stream. For training, RGB video
frames are resized to 224%224 pixels to align with the model’s input requirements. The mini-batch size is
fixed at 16 due to hardware limitations. Both streams are trained with a learning rate of 102, and the Swish
activation function is integrated into the EfficientNetB0 architecture. Average pooling is employed in the
pooling layers, while the final output layer uses the SoftMax function, optimized with categorical
cross-entropy as the loss function. To mitigate the overfitting problem, a dropout rate of 0.20 is applied in
this research after the experiment.

The paper is structured into seven sections. Section 1 introduces the topic and reviews related work.
Section 2 describes the dataset and preprocessing steps. Section 3 outlines the proposed methodology.
Section 4 presents the experimental results, while section 5 discusses the real-time implementation. Section 6
highlights the limitations and suggests future research directions. Finally, section 7 concludes the paper,
followed by acknowledgments and references.

Table 1 summarizes key contributions in the field of HAR using deep learning approaches, with a
particular focus on studies that employ the HMDB51 dataset. Different deep-learning algorithms have been
utilized for HAR using the HMDB51 dataset, all of which have different strengths, accuracies, and research
gaps. Where CNN, long short-term memory (LSTM) networks, and hybrid models like the combination of
the CNN + LSTM are commonly used [6]. This analysis underscores the growing prominence of the
HMDB51 dataset in HAR research while also pointing out the broader trends in the field.

Table 1. HAR on the HMDB51 dataset (sorted by publication year)

Citations  Year Used methods Accuracy (%) Research gaps
[7] 2022  Semi-supervised temporal 75.91 Need for improved semi-supervised learning methods for
gradient learning action recognition in limited labeled data scenarios.
[8] 2022  Singular value thresholding 57.82 Lack of robust self-supervised models for action
(SVT) (linear) 67.21 recognition in video sequences.
SVT (fine-tune)
[9] 2022 Adapting vision 51.03 In particular, it emphasizes the need to improve the
transformers scalability and adaptability of vision transformers for
(Adaptformer) diverse real-world visual recognition tasks.
[10] 2023 SVFormer-S 59.71 The challenge of achieving high accuracy in action
SVFormer-B 68.22 recognition with limited labeled video data.
[11] 2023  Critical discourse analysis 79.38 Difficulty in handling complex dynamic activities with
(CDA) + CNN, traditional deep learning models.

Bidirectional gated
recurrent unit (GRU)

[12] 2024 CNN + CAM + AE 77.29 To improve human action recognition accuracy in low-
resolution frames while maintaining efficiency.

[13] 2024 SICEC 88.70 Computational cost high in Al systems

[14] 2024 Bidirectional LSTM 76.30 Lack of dynamic HAR

(BiLSTM)

[15] 2024 DMSA-UNet 81.20 Lack of efficient methods for accurate medical image
segmentation in complex, low-contrast, and noisy scenarios

[16] 2024 STM 80.40 Need for better action recognition methods combining

spatiotemporal and motion encoding with efficiency.

The proposed works present findings, limitations, and proposed solutions that are novel
contributions, leading to the development of affordable, automated, and intelligent systems that are accessible
to all. Preventing false recognition is a significant challenge in intelligent surveillance systems. By improving
the accuracy of human activity detection, particularly in medical contexts, there is a direct reduction in the
likelihood of false identifications. To address these challenges, this study makes several key contributions.

Introduce an innovative hybrid algorithm combining EfficientNetB0 and ConvLSTM for intelligent
surveillance, and enhance the capabilities of the HAR system. Identify and address specific research gaps in
the HMDBS51 dataset, particularly concerning low accuracy in different medical classes. Contribute to the
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dataset selection and the medical class selection process. Design a deep learning model based on
EfficientNetBOConvLSTM, capable of classifying the selected six human activities. Select the most relevant
features from video data to reduce computational complexity and enhance model performance. Develop an
innovative hybrid model for a HAR-based recognition system with an average accuracy of 89.22%. Enhance
the ability to capture spatial features through CNNs and temporal dependencies through LSTMs with the
hybrid ENConvLSTM combination. Compare model performances across different deployment scenarios,
providing insights into the adaptability and robustness of the proposed method.

2. DATASET SELECTION AND ITS DESCRIPTION

The main focus of this analysis is on three criteria that are used to select the dataset. The proposed
activity recognition system's implementation is made easier by setting these criteria. The availability of the
activities listed in Table 2 serves as the primary selection criterion. The second criterion considers the
similarity between the selected activity videos and those specific to medical-related classes. The third
requirement focuses on the richness of features within the video datasets. Furthermore, this study examines
six HAR-related video datasets, which are summarized in Table 2.

Table 2. HAR datasets with representative activity classes

Dataset name Total samples data  Total classes List of class activities
ActivityNet [17] 21,313 200 drinking, eating, jumping, running, sitting, walking, and swimming
Charades [18] 66,493 157 drinking, eating, running, sitting, and walking
HMDB51 [19] 6,766 51 fall, floor, walk, stand, eat, sit, and drink
NTU RGB+D [20] 56,880 60 falling, vomiting, neck pain, and yawning
STAIR Actions [21] 1,09,478 100 eating, drinking, reading, sitting, and walking
UCF101 [22] 13,320 101 jumping, kicking, running, eating, and falling

Figure 1 presents the dataset analysis and selection process used in this study. It compares activity
overlaps among benchmark HAR datasets and highlights the selected HMDB51 dataset for healthcare-related
activity recognition. Figure 1(a) shows the overlap of activity classes among different HAR datasets.
ActivityNet and Charades exhibit higher overlap with HMDB51, while UCF101 and NTU RGB+D show
comparatively lower similarity. Figure 1(b) presents a sample screenshot of the selected HMDB51 dataset
used for the experiments.

Based on this analysis, the HMDB51 dataset is selected for our experiments. It comprises 6,766 video
clips with a total size of approximately 2 GB [23]. This widely used public dataset contains 51 action categories,
with each category including at least 101 video clips collected from diverse sources such as movies, YouTube,
and other online platforms [23]. For this study, we focus on six specific classes relevant to medical and
healthcare applications: fall_floor, walk, stand, eat, sit, and drink. These classes are chosen due to their
importance in healthcare scenarios, where accurate activity recognition can provide meaningful benefits.

drink eat sit
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E

fall_floor stand » walk
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Figure 1. Overview of the experimental datasets and dataset selection for analysis (a) class overlaps among
the experimental datasets and (b) screenshot of the dataset selected for analysis

2.1. Data preprocessing
The dataset preparation involves selecting the appropriate dataset and classes. Firstly, the video data
is converted to individual frames at 24 frames per second (FPS). Each frame is processed by resizing it to
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224x224 pixels with RGB color channels. Then, normalizing the image data, encodes it, and finally splits the
data into training, validation, and testing sets. This approach ensures that the model can effectively
learn temporal dynamics and spatial features necessary for accurate action recognition across a diverse
range of action categories. Subsection 3.3 meticulously details the data processing steps, which are
visually represented.

The processed video clips in the HMDB51 dataset do not require any low-level filtering or
enhancement, indicating that the dataset is ready for direct training of the LSTM network [24]. The videos
are originally in .avi format and are converted into .jpg images for processing. The distribution shows a
sharp drop after 60 frames, similar to other classes. The original dataset contains 1,258 videos across six
classes (drink, eat, fall_floor, sit, stand, and walk). These videos have been converted into 18,785 images,
extracted frame by frame. The images are then divided into training (75%: 14,088 images), validation
(15%: 2,819 images), and test sets (10%: 1,878 images).

3.  PROPOSED EfficientNetBOConvLSTM MODEL

The proposed hybrid method, named EfficientNetBOConvLSTM, integrates the strengths of
EfficientNetBO and LSTM networks. EfficientNetB0, a CNN architecture, is employed for feature extraction.
The LSTM network is then used to capture temporal dependencies in the data, enhancing the
model's performance.

3.1. EfficientNetBO0 system architecture

This study proposed the EfficientNetBO model because it is the smallest and least computationally
demanding model in the EfficientNet family. Higher versions, such as EfficientNetB1, B2, B3, and B7,
contain more parameters and demand more processing power and memory [25]. Additionally, the
EfficientNetBO0 incorporates the Swish activation function that is defined by (1).

1
fswish = T7,7px 1)

Here, x is the input to the activation function, g is a hyperparameter that controls the smoothness of the swish
activation function (g) during the training of the CNN. The output layer is defined as (2) representing the
computation performed by a neural network layer during the forward pass. This process allows the neural
network to learn and represent complex relationships in the data, enabling it to make accurate predictions or

extract meaningful features [26].
Y=0(F W +b) (2)

Where Y is the output feature map, F is the input feature map, and W is the weighted matrix. The bias vector
b is an additional parameter that allows the model to fit the data better by providing each neuron with a
trainable constant that is added to the output of the weighted summation of inputs [27]. And the ¢ denotes the
Swish activation function.

3.2. Convolutional long short-term memory model

The ConvLSTM architecture is a variant of the traditional LSTM that incorporates convolutional
operations for processing spatial information in sequential data [28]. It is presented in Figure 2 by a control
flow diagram, where input (i.), forgets (f;), output gates (o.), and the (C;) are demonstrated. The (C;) is
updated using the input and forget gates, along with the candidate (C;) [29], [30]. For each gate, values (3) to
(6) are given as follows:

ip = oWy * Xy + Wi * he_q + by * by;) ©))
fe = oWip x Xy + wyp * he_q + bip x byy) 4
0p = 0(Wip * Xy + Wpo * hey + by * byo) ®)
C:=f; ©Ciq + iy Otanh (wy * X, + Wy * hy_q + by * by,) (6)

Here, wy;, wir, w;, and w;. are weights for the input-to-gate connections. wy,;, wy,z, wy, and wy, are weights
for the hidden-to-gate connections. by, bi, by, and b;. are the biases vector for the input-to-gate
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connections. by;, byr, by,, and by, are the biases vector for the hidden-to-gate connections. Also, X,
represents the input at time step t, h,_; and C,_,; denotes the hidden state and the cell state from the previous
time step, respectively [30]. These mechanisms enable ConvLSTM to capture spatial and temporal
dependencies in sequence data. The hidden state is computed using the output gate and the updated cell state,
which is a crucial part of the LSTM and ConvLSTM architectures, representing the calculation of the hidden
state h, at time step t, as expressed in (7).

h, = o, © tanh ( C,) (7

This hidden state is then propagated to the subsequent time step. These equations represent how
information flows through the ConvLSTM cell at each step. By incorporating convolutional operations, the
model effectively captures spatial dependencies within sequential data, making ConvLSTM well-suited for
tasks involving spatiotemporal patterns, such as video processing and HAR [31].

3.3. The proposed EfficientNetBOConvLSTM model

The combination of the EfficientNetBO0 architecture and the ConvLSTM network, here referred to as
EfficientNetBOConvLSTM. The proposed EfficientNetBOConvLSTM is a sophisticated deep-learning
architecture that integrates EfficientNetBO as a feature extractor with a ConvLSTM layer for sequential data
processing. EfficientNetBO, known for its efficiency and scalability, is employed to extract rich spatial
features from input images. The extracted feature map is then passed to the ConvLSTM layer, which captures
both spatial and temporal dependencies, making it suitable for tasks involving sequential data [32]. The
overall processing pipeline of the proposed EfficientNetBOConvLSTM model is mathematically formulated
in (8) to (10).
—  Feature extraction with EfficientNetB0: EfficientNetB0O, a CNN model, extracts feature from input

image I and is fed into EfficientNetBO, producing a feature map F.

F = EfficientNetB0 (I) ®)

—  Feature map to ConvLSTM: the feature map F is reshaped to match the input requirements of the
ConvLSTM layer. Here, ConvLSTM, a convolutional extension of LSTM, processes the sequential data
and captures temporal dependencies along with spatial information [29]. Where F,_; is the feature map,
specifically, h;,_, and C,_, represent the hidden state and cell state carried over from the previous time
step, respectively, and h; is the updated state at the current step t.

{ht’ Ct} = ConvLSTM (Ft—ll ht—ll Ct—l) (9)

—  Classification: the output state h, from the final ConvLSTM layer is passed to a fully connected (dense)
layer for classification. This involves multiplying by weights (w) and then adding biases (b).

¥ = softmax {(w * hy) + b)} (10)

Here, w are the weights and b are the biases of the dense layer, and ¥ is the predicted probability distribution
over the classes. The EfficientNetBOConvLSTM model block integrates EfficientNetBO for efficient feature
extraction with ConvLSTM for sequence modeling, offering a powerful combination for tasks that require
processing both spatial and temporal information effectively [33].

Figure 2 presents the structure of the EfficientNetBOConvLSTM model. The output features from
the EfficientNetBO are then fed into ConvLSTM layers to capture temporal dependencies across frames in a
video or sequences in data. Each cell in a ConvLSTM layer performs convolution instead of the matrix
multiplication used in standard LSTM cells, which makes it suitable for tasks involving spatial information.
Moreover, the combination of EfficientNetB0O and ConvLSTM provides a powerful and efficient solution for
video classification, leveraging the spatial processing power of CNNs and the temporal modeling capability
of RNNs [34].

The proposed methodology is demonstrated in Figure 3, which is the comprehensive approach to
developing a deep learning model for healthcare activity classification, emphasizing the importance of
dataset preparation, feature extraction using EfficientNetBO, and thorough evaluation. The process begins
with the collection of video data showing various activities such as drinking, eating, walking, sitting, and
falling down. Then extract frames from the videos. This involves converting video sequences into a series of
images. We preprocess the data by normalizing, resizing, and augmenting the images. Then split the data into
training, validation, and test sets to ensure the model is trained and evaluated properly. In our study, we use
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the EfficientNetBO model as a feature extractor to extract spatial features from the images. The spatial
features are fed into ConvLSTM to capture temporal dependencies. Combined features from the
EfficientNetBOConvLSTM block are used to classify the activity. The model’s performance is assessed using
evaluation metrics, including accuracy, precision, and recall, along with the receiver operating characteristic
(ROC) curve to measure its overall effectiveness. The trained model is deployed for real-time testing, where
it processes live video feeds to classify activities in real-time. This process provides a systematic approach to
using a deep learning model for monitoring and classifying healthcare activities.
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Figure 2. Internal architecture of the EfficientNetBOConvLSTM model, which integrates EfficientNetBO0 for
spatial feature extraction and ConvLSTM for modeling temporal dependencies in video sequences
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In the proposed model, initially, it preprocesses the videos by converting them into sequences of
frames and organizing them into a data frame. Next, we split the dataset into training, validation, and testing
sets in a 75:15:10 ratio. We employ the EfficientNetBO model for feature extraction, feeding these features
into a ConvLSTM model, thereby integrating both models into the EfficientNetBOConvLSTM architecture.
This combines the model that refines the features and performs classification. During training, we use a
tuning technique over multiple epochs, aggregating batch-oriented predictions for both training and testing
phases to calculate the accuracy score. We evaluate the model's performance using model evaluation metrics
such as the confusion matrix, accuracy, and loss curves, and present the final results in terms of accuracy.

The system is evaluated in real time, allowing users to input any video for activity recognition. The
model processes the video frames by resizing and normalizing them before predicting activity classes using
an EfficientNetBOConvLSTM model. For each frame, the system draws a bounding box (yellow color)
around the detected region of interest where the activity is occurring. It then annotates the bounding box with
the predicted activity name and with its accuracy level.

4. EXPERIMENTAL RESULT

This section presents the experimental findings once the hardware and software have been
configured. The experiments aim to tackle the challenge of accurate activity detection. This is achieved by
training and testing deep learning architectures and applying the proposed model to the HAR challenge.

4.1. Experimental setup

Efficient training of the model largely depends on the underlying hardware configuration. In this
study, we utilize an AMD Ryzen 9 5900X 12-core processor with a base clock speed of 4.20 GHz, running
on a 64-bit system with Python 3.9.13 and CUDA 11.0. The setup includes an NVIDIA® GeForce RTX
3060 GAMING PC GPU with 6 GB of dedicated memory, 64 GB of RAM, and a 4 TB SSD to support
large-scale data storage and processing. This configuration supports the computational demands of deep
learning models and high-level interface libraries such as TensorFlow [35]. The proposed model is built
using Python, Keras, TensorFlow, and additional libraries, and demonstrates robust performance in HAR.

4.2. Result analysis

Figure 4 shows the performance of the proposed model is evaluated using two primary metrics: the
loss function and accuracy. These metrics are monitored during both the training and validation phases.
Figure 4(a) illustrates the model’s behavior during training, where both training and validation accuracy
improve progressively with an increasing number of epochs. Similarly, the corresponding loss curves show a
consistent downward trend. Figure 4(b) further confirms effective learning, as the decreasing loss indicates
that the model is gradually reducing the discrepancy between predicted outputs and true labels. The overall
data summary is provided in Table 3.

The training and validation metrics reveal a training accuracy of 89.22% and a validation accuracy
of 75.63%, with a training loss of 0.5842+0.101 and a validation loss of 3.1545+0.0486. The model's
performance in human activity classification is further illustrated by the normalized confusion matrix,
presented in Figure 5. This figure illustrates the classification performance of the proposed
EfficientNetBOConvLSTM model using confusion matrix analysis. Figure 5(a) presents the confusion matrix,
where diagonal elements indicate correctly classified samples and off-diagonal elements represent
misclassifications. Higher accuracy is observed for the “drink”, “eat”, and “walk™ classes. Figure 5(b) shows
the normalized confusion matrix in percentage form, providing clearer class-wise performance analysis. The
“walk” and “drink” classes achieve the highest recognition rates, while “fall floor” shows comparatively
lower accuracy. This matrix provides a granular view of class-specific accuracy, where the diagonal elements
represent correctly classified instances, and off-diagonal elements indicate misclassifications. Notably, the
classes “drink™, “eat”, and “walk” exhibit exceptional accuracy, while the remaining classes demonstrate
comparatively lower performance. Table 3 presents a summary of the standard classification metrics for the
HMDB51 dataset, with an overall average accuracy of 89.22% achieved in our experiments.

Figure 6 presents the evaluation analysis of the proposed model using optimizer performance and
precision-recall (PR) analysis. Figure 6(a) compares validation loss across Adam, stochastic gradient descent
(SGD), and root mean square propagation (RMSProp) optimizers. Adam achieves faster convergence and
lower validation loss, demonstrating superior performance. Figure 6(b) illustrates the PR curves for different
activity classes. The “drink” and “walk” classes achieve better PR performance, while “fall floor” shows
relatively lower performance. The results indicate that the Adam optimizer performs better than both SGD
and RMSProp. Overall, Adam emerges as the most effective optimizer among the three: Adam, SGD, and
RMSProp considered in this study. This superior performance can be attributed to its ability to combine the
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benefits of RMSProp and momentum, which enables faster and more stable convergence [36]. In addition,
Adam adaptively adjusts the learning rate during training while leveraging historical gradient information to
accelerate the learning process, making it highly efficient for deep learning applications [37]. Furthermore, it
achieves the highest validation accuracy and the lowest validation loss among all tested optimizers.
Therefore, the Adam optimizer is selected for this study. The PR curve is a crucial tool for understanding and
optimizing the performance of classification models, especially in cases where the positive class is much less
frequent than the negative class. It provides detailed insights into the PR trade-off, aids in threshold selection,
and facilitates comparative analysis of models. From Figure 6(b), we can understand that the “drink” and
“walk” classes have the best performance, staying closer to the top right corner, indicating high precision and
recall. The “fall_floor” class shows a noticeable drop in performance as recall increases, indicating a trade-off
with precision. Other classes like “eat”, “sit”, and “stand” have varying performances, with precision
decreasing as recall increases.

We apply different activation functions to our experimental model and plot their performances in a
single chart, as presented in Figure 7. From this analysis, we observe that the rectified linear unit (ReLU)
activation function performs the best. For this purpose, we employ the ReLU activation function in our
model. This function is mathematically defined in (11). Figure 7 compares different activation functions in
terms of accuracy and loss performance. Figure 7(a) shows that the ReLU activation function achieves the
highest classification accuracy. Figure 7(b) demonstrates that ReLU also provides lower loss and more stable
convergence compared to other activation functions. Therefore, ReL U is selected for the proposed model.

r, vr>0
RelLU (r) = max O,r;{ ! 11
Q) Oy r =0 (11)
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Figure 5. Performance visualization of (a) confusion matrix and (b) its normalized representation
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Table 3. Classification result on the HMDB51 dataset
Class levels  Precision  Recall Fl-score  Support

drink 0.89 0.93 091 492
eat 0.89 0.95 0.92 315
fall_floor 0.84 0.69 0.76 405
sit 0.85 0.86 0.86 423
stand 091 0.79 0.85 444
walk 091 0.96 0.93 1645
Accuracy 0.89 3724
Macro avg 0.88 0.86 0.87 3724

Weighted avg 0.89 0.89 0.89 3724
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Figure 7. Comparison of different activation functions of (a) accuracy comparison and (b) loss comparison

Table 4 illustrates the performance metrics for various models tested on the HMDB51 dataset for
human action recognition. The results highlight that our proposed model, EfficientNetBOConvLSTM, attains
the highest accuracy of 89.22%. Among other notable models, BiLSTM achieves 76.30% accuracy, and
ViT+PBILSTM+DSMHA achieves 78.62%. The STM, attention-based LSTM and 3D CNN, and
EfficientNet models perform with an accuracy of 80.40%, 87.98%, and 88.70% respectively, in contrast,
earlier and other baseline models such as VicTR (ViT-B/16), SVT (Fine-tune), SVT (Linear), and LSTM
demonstrate relatively lower performance, achieving accuracies of 51.00%, 67.28%, 57.8%, and 73.75%,
separately. However, with the EfficientNetBOConvLSTM model, we propose only the selected 6 classes,
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which reach the highest performance, with an accuracy of 89.22%, precision of 88.12%, recall of 86.54%,
and an F1-score of 87.96%. We also tested other well-known models; the LSTM model achieves an accuracy
of 76.44%, with a precision of 75.96%, a recall of 76.42%, and an F1-score of 78.18%. The ConvLSTM
model performs an accuracy of 70.35%, with a precision of 71.07%, a recall of 73.33%, and an F1-score of
69.28%. The EfficientNetBO model performs with an accuracy of 72.57%, precision of 74.24%, recall of
72.57%, and an F1-score of 75.45%. Meanwhile, the EfficientNet model attains an accuracy of 76.75%, with
a precision of 74.48%, a recall of 71.73%, and an F1-score of 73.65%. Table 5 presents the detailed results,
clearly demonstrating that the proposed model achieves superior performance across all evaluation metrics.

Table 4. A quantitative comparison of the proposed method with state-of-the-art action recognition
techniques on the HMDBS51 dataset, organized by publication year

Citations Year  Accuracy (%)

Xiao et al. [7] 2022 75.91
Ranasinghe et al. [8] 2022 57.82

67.21
Chenetal. [9] 2022 51.03
Xing et al. [10] 2023 59.71

68.22
Ullah and Munir [11] 2023 79.38
Dastbaravardeh et al. [12] 2024 77.29
Barr et al. [13] 2024 88.70
Hussain et al. [14] 2024 76.30
Hassan et al. [15] 2024 81.20
Sun et al. [38] 2024 80.40
Proposed method 2025 89.22

Table 5. Comparative performance of tested models on the HMDB51 dataset in our experiments

Methods Accuracy (%)  Precision (%) Recall (%) Fl-score (%)
LSTM 76.44 75.96 76.42 78.18
ConvLSTM 70.35 71.07 73.33 69.28
EfficientNetBO 72.57 74.24 72.57 75.45
EfficientNet (B0-B7) 76.75 74.48 71.73 73.65
EfficientNetBOConvLSTM [Proposed] 89.22 88.12 86.54 87.96

5. REAL-TIME IMPLEMENTATION AND TESTING

The performance of the proposed HAR system in the laboratory experiment is satisfactory.
However, there are always some differences between laboratory and real-time scenarios. The system utilizes
an Imou Ranger 2 WiFi closed-circuit camera, designed for indoor use, providing high-resolution video
monitoring and ensuring comprehensive surveillance and security for the home environment. This configures
the camera to operate at 24 FPS. To minimize delays from wireless networks, we use a USB cable for a direct
connection. The camera is linked to a computer where our program is installed. This setup is crucial for
achieving accurate and timely observations and analyses in the study. The experimental results presented in
this paper are measured at a 360-degree angle, and the camera is positioned at the Digipod TR-462 camera
tripod stand for capturing video data, and passed to our proposed model to detect human activity with its
predicted accuracy.

5.1. Insight and evaluation

The performance of the proposed algorithm in real-time is illustrated in Figure 8. The performance
is observed over seconds, where a patient/human does within these classes, the proposed algorithm
effectively identifies the target incidents consequently. Expect these six classes; this model can’t predict the
class level. Based on the ratio of the laboratory experiment and real-time activity identification, a
performance score is generated. The performance score is calculated using the equation defined in (12).
Where, n =1, 2, 3, 4, 5, 6 (1= fall_floor, 2= walk, 3= stand, 4= eat, 5= sit, 6= drink).

Real_time_Experiment (12)

Score, = -
Laboratory_Experiment y

The performance scores for the experimental incidents, based on real-time observations, are listed in
Table 6. The proposed algorithm, EfficientNetBOConvLSTM, is a system that is effective in detecting human
activity in the medical sector based on its performance score. The performance is a little bit degraded when
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real-time testing is captured. For real-time testing, we collect data from “Majumder Clinic”, located in
Dayarampur, Natore, Bangladesh. The clinic's authority granted permission for the collection of real-time
data from its patients.

I eat [.90]

Figure 8. Performance on the real-time testing with testing accuracy score left: “stand”, middle: “eat”,
“drink”, “fall_floor”, “sit” and right: “walk”

Table 6. Class-wise performance evaluation based on observational analysis

Actual class Real-world observation Laboratory Real-time Calculate  Real-time
accuracy (%)  accuracy (%)  score (%)  Loss (%)
fall_floor Person falling to the ground 89.00 87.00 97.75 2.00
walk Person walking 95.00 91.00 95.79 4.00
stand Person standing still 79.00 77.00 97.47 2.00
eat Person eating 94.00 90.00 95.74 4.00
sit Person sitting 86.00 82.00 95.35 4.00
drink Person drinking 92.00 88.00 95.65 4.00
Average score 89.22 85.83 96.29 3.33

6. LIMITATION AND FUTURE RESEARCH SCOPE

The proposed system has certain limitations, which highlight potential directions for future research.
It struggles with subjects that are either too close (15 cm) or too far (25 m) from the camera, affecting
performance. The system has only been tested in well-lit conditions, leaving night vision performance
unexamined. It currently handles only six medical classes due to data constraints, indicating the need for
more diverse datasets and class expansion. Environmental factors, such as lighting and clutter, can impact
accuracy, and the combined use of deep learning models increases computational demands, requiring robust
hardware for real-time operation. Addressing these limitations could enhance system robustness
and versatility.

7. CONCLUSION

In this study, a hybrid EfficientNetBO-ConvLSTM framework was proposed for HAR, aiming to
reduce computational complexity while enhancing overall performance. The model integrates EfficientNetBO
for spatial feature extraction and ConvLSTM for temporal classification, achieving an accuracy of 89.22%,
precision of 88.12%, recall of 86.54%, and an F1-score of 87.96% across six medically relevant classes from
the HMDB51 dataset. The approach eliminates the need for additional equipment, relying on standard CCTV
or webcams for activity recognition, making it suitable for healthcare and security applications. Real-time
experiments demonstrated the system's adaptability in dynamic environments, confirming its reliability in
monitoring activities with high confidence scores. Despite its strong performance, limitations such as
sensitivity to subject position, environmental conditions, and night-vision challenges were identified,
highlighting opportunities for further optimization. These insights pave the way for future advancements in
affordable, efficient, and accessible HAR systems.
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