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Abstract— Human Action Recognition (HAR) has recently become 
an essential technology in contemporary computer vision, 

supporting important applications from fully automated video 

surveillance and anomaly detection to sophisticated human-

computer interaction and senior care monitoring. Nonetheless, 
precise recognition remains a challenging task due to the intricate 

relationship between spatial visual data and temporal motion 

patterns, as well as differences in camera viewpoints, illumination, 

and presence of background clutter. Conventional methods tend to 
fail in capturing long-term temporal dependencies or incur 

unaffordable computational complexity in 3D Convolutional Neural 

Networks(3D-CNNs). 
 

Human Action Recognition (HAR) has recently become an essential 

technology in contemporary computer vision, supporting crucial 

applications from fully automated video surveillance and anomaly 
detection to sophisticated human-computer interaction and senior 

care monitoring. Nonetheless, precise action recognition has been a 

challenging task due to the intricate coupling of spatial visual data 

and temporal motion patterns, as well as variations in camera 
viewpoints, illumination, and background complexity. Conventional 

methods have difficulty in capturing long-term temporal 

dependencies or incur unaffordable computational complexity in 3D 

Convolutional Neural Networks (3D-CNNs). 
 

Experimental evaluations conducted on the UCF-101 benchmark 

dataset demonstrate the efficacy of our approach. The proposed 

model achieves competitive classification accuracy while 
maintaining computational efficiency superior to fully 3D 

architectures. These results suggest that our attention-augmented 

CNN-LSTM framework offers a scalable and effective solution 

suitable for real-time action recognition in resource-constrained 
environments. 

     Keywords— Human Action Recognition (HAR), Convolutional 

Neural Networks (CNN), Long Short-Term Memory (LSTM), 

Spatiotemporal Feature Extraction, Attention Mechanism, 
Computer Vision, Deep Learning, Video Classification, Recurrent 

Neural Networks (RNN). 

I. INTRODUCTION  

In this stressful era, We are living in a world of visual data. Every 

day, millions of cameras around the world capture an unimaginable 

amount of video data, from closed-circuit television (CCTV) 

cameras in urban areas to personal videos posted on social media 
sites. As the amount of this digital data increases exponentially, the 

ability to automatically analyze and make sense of video data has 

become one of the most desirable goals of artificial intelligence. 

Computers have made tremendous progress in analyzing static 
images, from recognizing a "cat" or a "car" in a picture with ease, to 

more complex tasks. However, the analysis of human actions and 

behavior in videos is still a complex area. This particular area of 

research is called Human Action Recognition (HAR), and it is what 
this research aims to explore. 

The ultimate aim of action recognition is to allow computing 

machines to observe a video and identify the activity being 

performed in it, like "walking," "handshaking," "drinking," or 
"falling." Although this is a very simple task for the human eye, 

which has developed over thousands of years to recognize motion in 
an instant, it is a huge challenge for computing machines. A video 

is more than just a series of unrelated pictures. It is a dynamic flow 

of data where the significance is often not in the visible part of the 

picture but in the way shapes and objects change over time. For 
example, the difference between a person "sitting down" and 

"standing up" might be very small if one considers a single picture. 

The difference is only in the temporal orientation of the action. Thus, 

any recognition system must have the capability to perceive both 
spatial and temporal aspects at the same time. 

 

The list of potential applications of reliable action recognition 
systems is endless. In the area of public security, for example, 

intelligent surveillance systems could go from passive recording to 

active notification. Rather than a security officer watching a bank of 

monitors, an intelligent system could automatically identify 
suspicious activity, such as fighting or loitering, and notify the 

authorities in real-time. In the medical arena, particularly with the 

world’s population aging at such a breakneck pace, automated 

surveillance systems could be a paradigm shift for senior care. A 
smart surveillance system in a senior living facility could 

automatically detect whether a senior is down or seems to be in 

distress, alerting medical authorities in real-time without the senior 

having to wear invasive sensors. Lastly, in the entertainment and 
gaming industry, accurate action recognition makes possible more 

intuitive human-computer interaction, where game controllers are 

replaced by actual body movements.’ 

 
The list of potential applications of reliable action recognition 

systems is endless. In the area of public security, for example, 

intelligent surveillance systems could go from passive recording to 

active notification. Rather than a security officer watching a bank of 
monitors, an intelligent system could automatically identify 

suspicious activity, such as fighting or loitering, and notify the 

authorities in real-time. In the medical arena, particularly with the 

world’s population aging at such a breakneck pace, automated 
surveillance systems could be a paradigm shift for senior care.A 

smart surveillance system in a senior living community could 

automatically determine if a senior is lying down or appears to be in 

distress, alerting medical authorities in real-time without the senior 
being required to wear invasive sensors. Finally, in the 

entertainment and gaming sector, accurate action recognition 

enables more intuitive human-computer interaction, where game 

controllers are replaced by actual body movements. 

 

However, despite these promising uses, the task of building reliable 

HAR models is full of challenges. Video data is high-dimensional 

and noisy. A mere five-second video has hundreds of frames, and 
each frame is chock-full of thousands of pixels. This leads to a huge 

amount of data that conventional algorithms find difficult to handle 

efficiently. Furthermore, in real-world videos, things are rarely 

ideal. There is camera shake, lighting issues, background clutter, and 
occlusion, where the actor is partially hidden behind objects. A good 

system needs to be able to filter out all these distractions and 

concentrate solely on the human actor. The early approaches to deal 

with these challenges involved the use of "hand-crafted" features, 
where researchers designed mathematical formulas to encode 

motion (like Optical Flow histograms). These approaches were 
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grossly inadequate when they encountered the realities of video 

data. 

 
The arrival of Deep Learning changed this landscape entirely. 

Convolutional Neural Networks (CNNs) demonstrated an 

unprecedented ability to learn visual features directly from data, 

surpassing human performance on image classification tasks. 
Naturally, researchers attempted to apply CNNs to video. However, 

a standard 2D-CNN treats every video frame as an isolated island, 

completely ignoring the crucial element of time. To address this, 

3D-CNNs were introduced, effectively adding a third dimension to 
the convolution operation to capture time. While 3D-CNNs are 

powerful, they are incredibly computationally expensive, requiring 

vast amounts of memory and processing power that make them 

impractical for many real-world applications, especially those 
running on smaller devices or edge servers. 

 

This research proposes a more efficient, hybrid approach that 

combines the best of two worlds: spatial feature extraction and 
temporal sequence modeling. We utilize a standard 2D-CNN 

(specifically, the InceptionV3 architecture) to act as the "eyes" of 

the system. It processes video frames individually to understand the 

spatial environment—identifying limbs, objects, and scenes. To 
provide the "memory" required to understand motion, we feed these 

spatial features into a Long Short-Term Memory (LSTM) network. 

LSTMs are a specialized type of Recurrent Neural Network (RNN) 
designed to remember patterns over long sequences, making them 

ideal for handling time-series data like video. By decoupling the 

spatial and temporal components, our model achieves high accuracy 

without the massive computational overhead of full 3D networks. 
 

However, a standard CNN-LSTM architecture still has a weakness: 

it treats every frame in a video with equal importance. In reality, an 

action often occurs in a brief burst within a longer video clip. 
Consider a video of a baseball pitch; the winding up and the follow-

through are important, but the split-second release of the ball is the 

defining moment. The frames showing the pitcher just standing on 

the mound are largely irrelevant noise. To resolve this, we introduce 
a "Temporal Attention Mechanism" into our architecture. This 

mechanism mimics the human cognitive process of focusing 

attention. It allows the network to assign dynamic weights to 

different frames, effectively "paying attention" to the critical 
moments of motion while suppressing the irrelevant background 

frames. 

 

In summary, this paper presents a novel framework for Human 
Action Recognition that prioritizes both accuracy and efficiency. By 

integrating deep spatial features with attentive temporal modeling, 

we aim to build a system that is not only capable of distinguishing 

between complex human actions but is also robust enough to handle 
the variability inherent in video data. The subsequent sections of this 

paper will detail the specific architectural choices, the mathematical 

foundations of our attention mechanism, and the experimental 

results that validate the superiority of this approach against existing 
baselines. Through this work, we hope to contribute a meaningful 

step forward in the quest to make machines truly understand human 

behavior. 

 

II. LITERATURE REVIEW 

The field of Human Action Recognition (HAR) has witnessed a 

significant transformation over the past two decades, evolving 
from hand-crafted feature extraction to sophisticated deep 

learning architectures. This section reviews the seminal works 

that define the current state-of-the-art, categorizing them into 

traditional approaches, Convolutional Neural Networks (CNNs), 
sequence modeling with Recurrent Neural Networks (RNNs), 

and the recent advent of Attention Mechanisms. 

 

Early research in HAR focused heavily on "hand-crafted" 
representations, where researchers manually designed 

mathematical descriptors to capture motion. Bobick and Davis 

[1] introduced the concept of Motion Energy Images (MEI) and 

Motion History Images (MHI), which collapsed 3D video data 
into 2D templates. While effective for simple gestures, these 

methods lost critical temporal information. To address this, 

Laptev et al. [2] extended the Harris corner detector to 3D space-

time interest points (STIPs), allowing for more robust feature 
detection in dynamic scenes. 

 

Further advancements included the use of Histogram of Oriented 

Gradients (HOG) and Histogram of Optical Flow (HOF) [3], 
which became standard descriptors for describing human shape 

and motion. Wang et al. [4] later proposed Dense Trajectories, 

which tracked feature points over time and remained the state-of-

the-art method for several years before the deep learning era. 
However, these traditional methods were limited by their 

inability to learn features from data directly, relying instead on 

rigid, pre-defined assumptions. 

 
The breakthrough of Convolutional Neural Networks (CNNs) in 

image classification [5] prompted researchers to apply similar 

architectures to video. Karpathy et al. [6] explored various fusion 

strategies for extending 2D CNNs to video classification on the 
Sports-1M dataset, though they found that CNNs struggled to 

capture motion as effectively as hand-crafted features initially. 

 

A major leap forward was the "Two-Stream" architecture 
proposed by Simonyan and Zisserman [7]. This model utilized 

two separate CNNs: a spatial stream taking RGB images and a 

temporal stream taking optical flow inputs. The predictions were 
then fused, significantly improving accuracy. Building on this, 

Tran et al. [8] introduced C3D (Convolutional 3D), which 

utilized 3D convolution kernels to extract spatiotemporal 

features simultaneously. While C3D [8] and its successor I3D 
(Two-Stream Inflated 3D ConvNets) [9] achieved impressive 

results, they are computationally expensive and require vast 

amounts of memory, making them difficult to deploy on 

resource-constrained devices. 
 

To mitigate the computational cost of 3D CNNs, researchers 

began treating video as a sequence of images, utilizing Recurrent 

Neural Networks (RNNs) to model temporal dynamics. Donahue 
et al. [10] proposed the Long-term Recurrent Convolutional 

Network (LRCN), which combined a generic CNN for visual 

feature extraction with LSTM cells for sequence learning. This 

hybrid approach allowed for end-to-end training and could 
handle variable-length video inputs. Similarly, Ng et al. [11] 

demonstrated that aggregating frame-level features using LSTMs 

outperformed simple temporal pooling methods. Despite their 

success, standard LSTMs often struggle with very long 
sequences due to the vanishing gradient problem. Integrating 

LSTMs with CNNs also raised questions about where to fuse the 

information—early fusion at the feature level or late fusion at the 

classification level [12]. 
 

The concept of "Attention," originally popularized in Natural 

Language Processing by Bahdanau et al. [13] and Vaswani et al. 

[14], has recently been adapted for computer vision. Attention 
mechanisms allow the model to focus on the most relevant parts 

of the input sequence, discarding noise. Sharma et al. [15] were 

among the first to apply a soft-attention mechanism to video 

captioning, allowing the model to weigh different spatial regions 
of a frame. More recently, Wang et al. [16] introduced Non-local 

Neural Networks, which capture long-range dependencies in 

space and time, effectively acting as a form of self-attention. For 

RNN-based architectures, Li et al. [17] proposed an Attentional 
LSTM that selects key frames for action recognition, proving that 

not all frames in a video are equally informative. Our work builds 

directly upon these foundations, combining the efficiency of the 

LRCN [10] architecture with the discriminative power of 
temporal attention [15], [17] to create a robust and lightweight 

recognition system. 

 

Table 1 summarizes major video action recognition approaches, 
outlining their methodologies, contributions, and limitations. 

Early handcrafted methods such as MEI/MHI and Dense 

Trajectories focused on motion representation but suffered from 

limited depth understanding and high computational cost. Deep 
learning models, including 2D CNNs, Two-Stream CNNs, C3D, 

and LRCN, improved spatiotemporal modeling but faced 
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challenges such as high complexity, slow inference, and 

difficulty in handling long-term dependencies. Transformers 

introduced self-attention for capturing long-range relationships, 
though originally designed for NLP. The proposed CNN + 

LSTM + Attention framework addresses these gaps by 

improving temporal focus while reducing computational 

complexity and enhancing accuracy. 
 

 

Referen

ce 

Methodolo

gy / 

Approach 

Key 

Contributi

on 

Limitation

s / 

Research 

Gap 
Bobick et 

al. [1] 

Motion 

Energy / 

History 

Images 

(MEI/MHI) 

Introduced 

temporal 

templates to 

represent 

motion 

patterns in 

2D form 

Limited 

depth 

representatio

n; fails under 

occlusion 

and complex 

scenes 

Wang et 

al. [4] 

Dense 

Trajectories 

(iDT) 

Utilized 

optical flow-

based feature 

tracking; 

strong pre-

deep learning 

baseline 

High 

computation

al cost; relies 

on hand-

crafted 

features 

Karpathy 

et al. [6] 

2D CNNs First large-

scale CNN-

based video 

classification 

(Sports-1M) 

Lacks long-

term 

temporal 

modeling 

Simonyan 

et al. [7] 

Two-Stream 

CNN 

Separate 

spatial and 

temporal 

learning via 

RGB and 

optical flow 

Optical flow 

computation 

is slow; 

separate 

training 

Tran et al. 

[8] 

C3D (3D 

CNN) 

Learned 

spatiotempor

al features 

using 3D 

convolutions 

Parameter-

heavy; slow 

inference; 

data-hungry 

Donahue 

et al. [10] 

LRCN (CNN 

+ LSTM) 

Combined 

spatial and 

temporal 

modeling 

LSTMs 

struggle with 

long 

sequences 

Vaswani 

et al. [14] 

Transformer Introduced 

self-attention 

for long-

range 

dependencies 

Originally 

designed for 

NLP 

Proposed 

Method 

CNN + 

LSTM + 

Attention 

Efficient 

spatiotempor

al modeling 

with 

improved 

temporal 

focus 

Reduces 

complexity 

while 

improving 

accuracy 

Table 1: Comparative Analysis of Video Action Recognition 
Approaches 

 

III. RESEARCH GAP 

Despite the significant advancements in Human Action 

Recognition (HAR) driven by deep learning, a critical 

analysis of the existing literature reveals several limitations 

and gaps that this research aims to address:  

 
While 3D Convolutional Neural Networks (such as C3D and 
I3D) currently represent the state-of-the-art in accuracy, they 

suffer from massive computational overhead. Extending 

convolution kernels into the temporal dimension increases the 

number of parameters exponentially. As noted in the literature, 
training these models requires vast datasets (like Kinetics-400) 

to avoid overfitting, and their inference speed is often too slow 

for real-time applications on standard hardware or edge devices. 

There is a clear need for a lighter architecture that maintains high 
accuracy without the crushing computational burden of full 3D 

convolutions. 

 

Many successful approaches, such as the Two-Stream networks, 
rely heavily on pre-computed Optical Flow to capture motion. 

However, calculating dense optical flow is a computationally 

expensive preprocessing step that cannot easily be done in real-

time. This creates a bottleneck for systems that need to react 
instantly, such as surveillance or autonomous driving. A gap 

exists for methods that can learn temporal dynamics directly 

from RGB frames without relying on external, slow motion-

calculation algorithms. 
 

While combining CNNs with LSTMs (the LRCN approach) 

addresses the efficiency problem, standard LSTMs have a major 

weakness: they treat every frame in a video sequence with equal 
importance. In many real-world actions, the defining motion 

occurs only in a small fraction of the video (e.g., the specific 

moment of a "punch" versus the seconds of "standing" before and 
after). Standard LSTMs often lose track of these critical moments 

over long sequences due to the vanishing gradient problem. 

Existing research often fails to include mechanisms that allow 

the network to dynamically "pay attention" to informative frames 
while suppressing irrelevant background noise. 
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Table 2: Summary of Research Gaps and Proposed 

Solutions 

 

IV. OBJECTIVE 

Based on the identified limitations in existing literature, the primary 
objective of this research is to develop a computationally efficient 
and robust deep learning framework for Human Action Recognition 
(HAR). Specifically, this study aims to: 

 

1. To Develop a Hybrid Deep Learning Architecture: To 
design and implement a unified model that combines 
Convolutional Neural Networks (CNNs) for spatial 
feature extraction with Long Short-Term Memory 
(LSTM) networks for temporal sequence modeling. This 
objective addresses the high computational cost of full 3D-
CNNs by decoupling spatial and temporal processing.To 
assess the role of AI-based quiz generation tools in 
supporting MCQ-based preparation for exams by allowing 
users to create quizzes based on topics, levels of difficulty, 
and number of questions. 

2. To Integrate a Temporal Attention Mechanism: To 

mathematically formulate and integrate a Self-Attention 

Mechanism into the LSTM network. The goal is to enable 
the model to automatically assign higher importance 

weights to discriminative frames (e.g., the specific 

moment of an action) while suppressing irrelevant 

background frames, thereby solving the "vanishing 
gradient" problem inherent in standard RNNs. 

3. To Optimize for End-to-End Learning: To eliminate 

the dependency on computationally expensive pre-

processing steps, such as optical flow calculation. The 
objective is to learn temporal dynamics directly from raw 

RGB video sequences, making the system suitable for 

real-time inference. 

4. To Evaluate Performance on Benchmark Datasets: To 
rigorously test and validate the proposed model on 

standard datasets (specifically UCF-101), comparing its 

accuracy, precision, and computational efficiency against 

existing state-of-the-art methods (such as C3D and Two-
Stream networks). 

V. METHODOLOGY 

This section details the proposed deep learning framework for 
Human Action Recognition. Our approach follows a modular 
pipeline consisting of four key stages: (1) Data Preprocessing, (2) 
Spatial Feature Extraction using CNNs, (3) Temporal Sequence 
Modeling using LSTMs, and (4) A Temporal Attention Mechanism 
for feature refinement. 

A. System Overview 

The proposed architecture is a hybrid CNN-LSTM network. The 
system takes a raw video sequence as input and processes it frame-
by-frame. 

1. Spatial Encoding: A Convolutional Neural Network 
(CNN) acts as a feature extractor, converting each video 
frame into a high-dimensional feature vector. 

2. Temporal Modeling: These vectors are fed into a Long 
Short-Term Memory (LSTM) network, which learns the 
temporal dependencies and motion patterns. 

3. Attention Layer: A custom Attention mechanism assigns 
importance weights to each time step, allowing the model 
to focus on the most relevant frames. 

4. Classification: The final weighted features are passed 
through a fully connected layer to predict the action class. 

B. Data Preprocessing 

Raw video data is high-dimensional and contains redundant 
information. To ensure efficient processing, we apply the following 
preprocessing steps: 

1. Frame Extraction: Videos are sampled at a fixed rate 
(e.g., 5 frames per second) to reduce data redundancy while 
preserving motion context. 

2. Resizing: Each extracted frame is resized to a standard 
resolution of 224x224 pixels to match the input 
requirements of the CNN backbone. 

3. Normalization: Pixel values are normalized to the range 
[0, 1] and standardized using the mean and standard 
deviation of the ImageNet dataset, ensuring faster 
convergence during training. 

C. Spatial Feature Extraction (The CNN) 

To capture spatial information (e.g., the presence of objects, 
human pose, and background context), we utilize InceptionV3 
(or ResNet50) as our backbone network. We employ Transfer 
Learning by using weights pre-trained on the ImageNet 
dataset. The final classification layer of the CNN is removed, 
and we utilize the output of the penultimate Global Average 
Pooling layer. 

Mathematically, for a video sequence of T frames, the visual 
features xt for the t-th frame are obtained as: 

Existing 

Approach 

Key Limitation 

(Research Gap) 

Proposed 

Solution in 

this Work 

Hand-Crafted 

Features (e.g., 

HOG, HOF, 

iDT) 

Relies on manual 

feature 

engineering; fails 

to generalize to 

complex, 

unconstrained 

environments. 

Deep Learning 

(CNNs): 

Automatically 

learns robust 

spatial features 

from raw video 

data without 

manual design. 

3D 

Convolutional 

Networks (e.g., 

C3D, I3D) 

Computationally 

expensive; 

requires massive 

parameter sets and 

memory, making 

real-time 

deployment 

difficult. 

Hybrid 

Architecture 

(2D-CNN + 

LSTM): 

Decouples 

spatial and 

temporal 

processing, 

reducing 

computational 

cost while 

maintaining 

accuracy. 

Two-Stream 

Networks 

(RGB + Optical 

Flow) 

Preprocessing 

bottleneck; 

calculating dense 

optical flow is 

slow and 

computationally 

heavy. 

End-to-End 

Learning: 

Learns 

temporal 

dynamics 

directly from 

RGB frame 

sequences 

using LSTMs, 

eliminating 

optical flow 

computation. 

Standard RNNs 

/ LSTMs (e.g., 

LRCN) 

Lack of focus; 

treats every frame 

equally and 

suffers from 

vanishing gradient 

over long 

sequences. 

Temporal 

Attention 

Mechanism: 

Dynamically 

assigns weights 

to frames, 

focusing on 

critical motion 

while ignoring 

irrelevant 

background 

noise. 
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                         𝑥𝑡 = 𝐶𝑁𝑁(𝐼𝑡),    𝑡 ∈ {1,2, … , 𝑇}    

 

where xt E R2048 represents the spatial feature vector. 

D. Temporal Sequence Modeling (The LSTM) 

The sequence of spatial features X ={x1, x2, ..., xt} is fed into 
an LSTM network. Unlike standard Recurrent Neural 
Networks (RNNs), LSTMs are designed to mitigate the 
vanishing gradient problem, making them suitable for learning 
long-term dependencies in videos.At each time step t, the 
LSTM updates its hidden state ht based on the current input xt 
and the previous hidden state ht-1: 

              

ℎ𝑡, 𝐶𝑡 = 𝐿𝑆𝑇𝑀(𝑥𝑡, ℎ𝑡−1, 𝐶𝑡−1) 

 

where ct is the cell state (memory) and ht is the output vector 
capturing the motion context up to time t. 

 

E. Temporal Attention Mechanism 

A standard LSTM treats all frames as equally important. 
However, in many actions (e.g., "cricket bowling"), only a few 
specific frames (the release of the ball) are discriminative. To 
address this, we introduce a Temporal Attention Layer. 

The attention mechanism computes a weight alpha_t for each 
time step, representing the "importance" of that frame. 

Score Calculation: We first compute an energy score et for 
the hidden state ht: 

                              et = tanh (Wαht + bα) 

 

where Wa and ba are learnable parameters. 

Attention Weights: These scores are normalized using a 
Softmax function to obtain probability weights alpha_t 

𝛼𝑡 =
𝑒𝑥𝑝(𝑒𝑡)

∑ 𝑒𝑥𝑝(𝑒𝑘)𝑇
𝑘=1

 

 

Context Vector: The final video representation V is 
computed as the weighted sum of the LSTM outputs: 

 

𝑣 = ∑ 𝛼𝑡ℎ𝑡

𝑇

𝑡=1

 

 

This process allows the network to effectively "watch" only 
the important parts of the video while ignoring static or blurry 
frames. 

V. F. Classification 

The context vector V, which contains the distilled 
spatiotemporal information, is passed through a final Fully 
Connected (Dense) layer followed by a Softmax activation 
function to obtain the probability distribution over the C action 
classes: 

                                   y = Softmax (WcV + bc) 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: The overall architecture of the proposed Attention-
based CNN-LSTM framework. 

 

Fig. 1. The overall architecture of the proposed Attention-based 
CNN-LSTM framework. The model consists of three main 
components: (1) A Spatial Encoder (InceptionV3) that extracts 
feature vectors from video frames; (2) A Temporal Decoder (LSTM) 
that models the sequence of motion; and (3) A Temporal Attention 
Module that assigns importance weights to discriminative frames 
before the final classification. 

VI. WORKING MECHANISMS 

The operational flow of the proposed Human Action 

Recognition system is divided into three distinct phases: (A) 

Feature Engineering, (B) Temporal Learning, and (C) 

Attentive Classification. This section details the step-by-step 

data transformation from raw video input to final class 

prediction. 

 

A. Phase 1: Feature Engineering (Spatial) 

The process begins with the ingestion of a raw video file V. 

1. Frame Extraction: The video is decomposed into a 

sequence of frames F = {f1, f2, ..., fn}. To ensure 

computational efficiency, we utilize a sampling rate 

of ꝋ frames per second (e.g., 5 fps). 

2. Preprocessing: Each frame fi is resized to 224 times 

224 pixels and normalized. 

3. Feature Extraction: The pre-processed frames are 

passed through the InceptionV3 CNN backbone. 

We extract the output from the final Global Average 

Pooling layer. This converts the high-dimensional 

image (pixels) into a compact feature vector vi of 

size 2048 times 1. 

 

B. Phase 2: Temporal Learning (Sequential) 

The sequence of feature vectors S = {v1, v2, ..., vt} represents 

the video's content over time. 

1. LSTM Processing: This sequence is fed into the 

LSTM layer. At each time step t, the LSTM cell 

takes the current feature vector vt and the previous 

hidden state ht-1. 

2. State Update: The LSTM updates its internal "cell 

state" (long-term memory) and outputs a new hidden 

state ht (short-term memory). This ht contains the 

summarized motion information up to that specific 

moment. 

 

C. Phase 3: Attentive Classification 

This is the core contribution of our work. instead of simply 

taking the final output of the LSTM (which might forget early 

details), we apply the Attention Mechanism. 

1. Weight Calculation: The system calculates an 

"importance score" (Attention Weight alpha_t) for 

every frame based on its hidden state. Frames with 
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significant motion (e.g., a hand raising) receive high 

weights; static frames receive low weights. 

2. Context Aggregation: The system calculates a 

weighted sum of all LSTM outputs to create a single 

Context Vector C. 

3. Prediction: This Context Vector is passed through 

a dense layer with a Softmax activation function, 

producing a probability distribution over the action 

classes (e.g., Walking: 0.1, Running: 0.8, Jumping: 

0.1). 

 

Algorithm 1: Training Procedure for Attention-Based 

CNN-LSTM 

Below is the logical flow of the training process, formatted as 

a standard research algorithm. 

Input: Video Dataset D ={(Vi, yi)}
N

i=1, Learning Rate n, 

Epochs E. 

Output: Trained Action Recognition Model M. 

1. Initialize CNN parameters 0cnn (pre-trained on 

ImageNet). 

2. Initialize LSTM parameters 0lstm and Attention 

weights Wα, bα 

3. For each epoch e = 1 to E do: 

4. For each batch B E D do: 

5. Extract frames F from video batch V. 

6. Step 1: Spatial Features 

7. X ← CNN(F) (Extract 2048d vectors) 

8. Step 2: Temporal Encoding 
9. H ← LSTM X (Get hidden states h1...ht) 

10. Step 3: Apply Attention 
11. Calculate energies: et = tanh Wa ht + ba) 

12. Calculate weights: αt = Softmax et 

13. Compute context: C = ∑ αt ht 

14. Step 4: Classification 
15. Predicted label y= Softmax (Wc C + bc)      

16. Step 5: Backpropagation 
17. Compute Loss L = CrossEntropy(y, ў) 

18. Update parameters ɵ using Adam Optimizer. 

19. End Batch 

20. End Epoch 
21. Return Trained Model M 

 
Stage Module 

/Component 

Description 

User 

Access 

User Module Any registered user can create 

quizzes or participate in 
existing quizzes on the 

platform. 

Quiz 

Creation 

Quiz Creation 

Module 

Quiz creator can create a quiz 

manually or generate 

questions using AI by 

specifying topic, difficulty 
level and number of 

questions. 

Quiz 

Pricing 

Quiz Settings The creator can set the quiz as 

free or paid. Paid quizzes 

require an entry fee to 

participate. 

Wallet 

Recharge 

Wallet & Payment 

Gateway 

Users can add money to their 

wallet using an integrated 
payment gateway. 

Entry Fee 

Payment 

Wallet Module For paid quizzes, participants 

pay the entry fee directly 

from their wallet balance. 

Quiz 

Validation 

Backend 

Validation Engine 

Submitted quizzes are 

automatically checked for 

validity. Valid quizzes are 

approved instantly while 
invalid quizzes are marked as 

pending. 

Admin 
Review 

Admin Dashboard Pending quizzes are reviewed 
manually by the admin and 

approved or rejected 

accordingly. 

War 

Room 

Creation 

Live 

Collaboration 

Module 

Any user can create a war 

room and share the room link 

with others. 

Live 

Participati
on 

War Room 

Engine 

Participants join the war room 

generate quizzes using AI and 
compete in real time with 

synchronized progress. 

Anti-

Cheating 

Security & 

Monitoring 

Module 

Features such as question 

shuffling, option shuffling, 

tab switch detection and time 

limits are applied during 
quizzes. 

Scoring Scoring Engine Quiz submissions are 
evaluated based on 

correctness, difficulty level 

and time taken. 

Result 

Display 

Result & 

Analytics Module 

Results and detailed 

performance analysis are 

generated after submission. 

Leaderboa

rd 

Leaderboard 

Engine 

A dynamic leaderboard ranks 

participants based on their 
performance. 

Reward 

Distributi

on 

Prize Distribution 

Engine 

Rewards are distributed to top 

performers and quiz creators 

according to the selected 

prize. 

Wallet 

Credit & 
Withdraw

al 

Wallet Module Rewards are credited to 

wallets and users can 
withdraw funds after reaching 

the minimum withdrawal 

limit. 

                   Table 3: End-to-End Functional Workflow 

VII. RESULT AND DISCUSSION RESULTS 

This section presents the quantitative and qualitative evaluation of 
the proposed Attention-based CNN-LSTM framework. We utilized 
the UCF-101 dataset, which consists of 13,320 videos across 101 
action categories, to benchmark our model.  

A. Experimental Setup 

The model was implemented using the PyTorch framework on an 
NVIDIA Tesla T4 GPU (16GB VRAM). The training parameters 
were set as follows: 

 Optimizer: Adam ( lr = 1e-4) 

 Loss Function: Categorical Cross-Entropy 

 Batch Size: 16 

 Epochs: 50 

 Dropout: 0.5 (to prevent overfitting) 

 

B. Quantitative Analysis 

Table IV compares our method against state-of-the-art baselines. Our 
proposed Attention-CNN-LSTM achieved a top-1 accuracy of 
88.4%, outperforming the standard CNN-LSTM (LRCN) baseline 
by 4.2%. 
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Metho

d 

Backbone Modalit

y 

Accurac

y (%) 

Inferenc

e Speed 

(FPS) 

C3D [8] 3D-

ConvNet 

RGB 82.3% 35 

Two-

Stream 

[7] 

VGG-16 RGB + 

Flow 

88.0% 14 

LRCN 

[10] 

InceptionV

3 

RGB 84.2% 55 

Propose

d 

Method 

InceptionV

3 + Attn 

RGB 88.4% 52 

                                         Table 4: Results 

 

The results indicate that while Two-Stream networks achieve similar 
accuracy, they are significantly slower (14 FPS) due to optical flow 
computation. Our method matches their accuracy while maintaining 
real-time performance (52 FPS). 

C. Ablation Study 

To validate the contribution of the Attention Mechanism, we trained 
the model with and without the attention block. 

 Without Attention: The model struggled to differentiate 
between "Apply Eye Makeup" and "Apply Lipstick" 
(Accuracy: 79%). 

 With Attention: The model focused on the specific hand-
to-eye motion, improving classification accuracy for fine-
grained actions to 86%. 

 

D. Discussion 

The experimental results presented in Section V validate the 
effectiveness of the proposed Attention-based CNN-LSTM 
architecture for Human Action Recognition. Achieving a top-
1 accuracy of 88.4% on the UCF-101 dataset, our model 
demonstrates a clear advantage over traditional approaches. 

A critical finding of this study is the substantial impact of the 
Temporal Attention Mechanism. The baseline LSTM model 
(without attention) struggled with long video sequences, often 
misclassifying actions where the key movement was brief or 
subtle (e.g., distinguishing "Applying Makeup" from 
"Applying Lipstick"). By introducing attention weights, the 
model successfully learned to prioritize discriminative frames 
focusing on the specific hand-to-face interaction while 
suppressing irrelevant background frames. This confirms our 
hypothesis that not all video frames contribute equally to 
action recognition. 

Furthermore, the comparison with 3D-CNN architectures 
(C3D, I3D) highlights a significant efficiency gain. While 3D-
CNNs offer high accuracy, their computational cost (FLOPs) 
is prohibitive for real-time applications. Our hybrid approach, 
which decouples spatial feature extraction (via InceptionV3) 
from temporal modeling, achieves competitive accuracy with 
a fraction of the computational parameters. This efficiency 
makes the proposed model highly suitable for deployment on 
edge devices like the NVIDIA Jetson Nano or Raspberry Pi 
for real time surveillance. 

However, limitations remain. The model occasionally 
confuses visually similar actions that share identical 
backgrounds (e.g., "Walking" vs. "Running" in a park). This 
suggests that while the model captures temporal dynamics 
well, it may over-rely on background context. Future work 
could address this by integrating skeletal pose data to 

explicitly model limb geometry, further enhancing robustness 
against background clutter. 

VIII. CONCLUSION 

This paper presented a robust and computationally efficient deep 
learning framework for Human Action Recognition (HAR) by 
integrating Convolutional Neural Networks (CNNs) with 
Attention-augmented Long Short-Term Memory (LSTM) 
networks. Addressing the limitations of high computational cost in 
3D-CNNs and the lack of temporal focus in standard RNNs, our 
proposed architecture successfully decouples spatial feature 
extraction from temporal modeling. 

Experimental results on the UCF-101 dataset demonstrate that the 
proposed method achieves a competitive accuracy of 88.4%, 
outperforming traditional baseline models. The integration of the 
Temporal Attention Mechanism proved critical, enabling the 
network to dynamically prioritize discriminative frames and suppress 
irrelevant background noise, thereby mitigating the vanishing 
gradient problem inherent in long video sequences. Furthermore, by 
eliminating the need for computationally expensive optical flow 
preprocessing, our approach offers a viable solution for real-time 
applications on resource constrained edge devices. 

Future work will focus on two key areas: (1) Integrating skeletal pose 
data to further improve robustness against background clutter and 
view variations, and (2) deploying the optimized model onto 
embedded systems such as the NVIDIA Jetson Nano to validate its 
performance in real-world surveillance scenarios. 
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