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Abstract: Recognizing and understanding human activities in real-time videos is a challenging
task due to the complex nature of video data and the need for efficient and accurate analysis. This
research pioneers a breakthrough in video activity recognition by introducing a robust framework
leveraging the power of a stacked Bidirectional Long Short-Term Memory (Bi-LSTM) and Gated
Recurrent Unit (GRU) architecture, harmonized within a fusion-based deep model. The stacked
Bi-LSTM-GRU model capitalizes on its dual recurrent architecture, capturing nuanced temporal
dependencies within video sequences. The fusion-based deep architecture synergizes spatial and
temporal features, enabling the model to discern intricate patterns in human activities. To further
enhance the discriminative power of the model, we introduce a fusion module in the proposed deep
architecture. The fusion module integrates multi-modal features extracted from different levels of
the network hierarchy, allowing for a more comprehensive representation of video activities. We
demonstrate the efficacy of our approach through rigorous experimentation on UCF50, UCF101,
and HMDB51 datasets. In experiments on the UCF50 dataset, our model achieves an accuracy of
97.01% and 95.86% on training and validation sets respectively, showcasing its proficiency in
discerning activities across a diverse range of scenarios. The evaluation extends to the UCF101
dataset, where the proposed approach achieves a competitive accuracy of 97.62% and 96.93% on
training and validation sets, surpassing previous benchmarks by a margin of approx 1%. Further-
more, on the challenging HMDBS51 dataset, the model demonstrates a robust accuracy of 89.71%
and 88.88% on training and validation sets, solidifying its efficacy in intricate action recognition
tasks.
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1 Introduction

Real-time video activity recognition plays a crucial role in various domains such as
surveillance, video analytics, human-computer interaction, and autonomous systems.
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The ability to automatically analyze and understand the activities depicted in video data is
essential for efficient decision-making and intelligent systems[Qiu et al. 2022]. However,
this task poses significant challenges due to the inherent complexity and variability of
video content.

Video activity recognition involves the task of detecting and classifying various
human actions, object interactions, and events depicted in video data. It requires the
development of sophisticated algorithms that can capture the temporal dynamics and
spatial configurations of activities, allowing machines to interpret and respond to visual
information in real time.

Traditional approaches to video activity recognition relied heavily on handcrafted
features, such as histograms of oriented gradients (HOG), scale-invariant feature trans-
form (SIFT), motion history images (MHI), Grey Level Co-occurrence Matrix (GLCM)
[Kuncan et al. 2022], and Local Binary Pattern (LBP) [Kuncan et al. 2019]. These meth-
ods often incorporated shallow classifiers, such as support vector machines (SVM) or
hidden Markov models (HMM), for activity classification. However, these techniques
suffered from limited representational power and struggled to capture the complex and
dynamic nature of video activities.

The advent of deep learning, particularly convolutional neural networks (CNNs)
and recurrent neural networks (RNNs), revolutionized video activity recognition. Deep
learning models have shown remarkable performance in automatically learning dis-
criminative features and modeling the temporal dynamics of video data. CNNs excel
at extracting spatial information by learning hierarchical representations, while RNNs
effectively capture temporal dependencies by processing sequences of frames [Soni et al.
2023, Vaibhav et al. 2023].

Real-time video activity recognition poses additional challenges due to the need for
efficient and low-latency processing. The processing speed becomes crucial, especially in
time-critical applications such as video surveillance and autonomous navigation, where
timely detection and response are paramount.

In recent years, researchers have explored various techniques to address the challenges
of real-time video activity recognition. These include the use of lightweight architectures,
optimization techniques such as network pruning and quantization, parallel processing
using GPUs or specialized hardware, and the integration of real-time feedback loops to
refine and adapt the recognition system on the fly.

The goal of this work is to propose an innovative approach for real-time video activity
recognition that combines the strengths of convolution operation, bi-directional Gated
Recurrence Unit (Bi-LSTM-GRU), and video frame fusion. The proposed method aims
to achieve high accuracy in activity recognition while maintaining low latency and
computational efficiency. Also, the proposed approach aims to overcome the limitations
of existing methods and improve the accuracy and efficiency of video activity recognition.

However, to capture the temporal dependencies in video sequences, the stacked
Bi-LSTM-GRU model is used. The Bi-LSTM-GRU architecture enables the model to
adequately simulate the dynamics and long-term interdependence in video activities
by allowing bidirectional processing of input frames. The model may capture increas-
ingly complex temporal patterns by stacking numerous Bi-LSTM-GRU layers, boosting
representation power.

Also, the model is extended with the inclusion of the fusion layer in the proposed
architecture to handle multiple video frames. It combines multi-modal elements derived
from several levels of the video frame structure. The model may capture complementary
features of video activities by combining both spatial and temporal information, resulting
in a more comprehensive and discriminative representation.
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The key contributions of this research paper are as follows:
1. Proposed a stacked Bi-LSTM-GRU model for real-time video activity recognition
2. Introduced a fusion layer for analyzing multiple video frames

3. Analyzed the integration of spatial and temporal information of Video activities
simultaneously

4. Conducting comprehensive experiments on benchmark datasets for real-time video
activity recognition

The remainder of this research paper is organized as follows: Section 2 provides an
overview of related work in video activity recognition. Section 3 describes the proposed
methodology, including the stacked Bi-LSTM-GRU model and fusion-based deep archi-
tecture. Section 4 presents the experimental setup and evaluation results. Finally, Section
5 concludes the paper and discusses future research directions.

2 Literature Survey

Video activity recognition is a research field that focuses on developing algorithms and
techniques to automatically detect, classify, and understand activities occurring in video
data. It has gained significant attention due to its wide range of applications in areas
such as surveillance, video analytics, human-computer interaction, and robotics [Saleem,
Usama, and Rana 2023, Yadav et al. 2021, Ullah et al. 2021].

Traditional approaches to video activity recognition relied on handcrafted features and
shallow classifiers. These methods involved extracting low-level features, such as motion
vectors [Vishnu et al. 2021], color and intensity histograms [Mahjoub and Mohamed
2016], and spatiotemporal interest points [Das, Debapratim, and Soharab 2016, Wang et
al. 2021], and designing specific rules or classifiers to recognize activities. For instance,
action recognition in videos could be achieved by representing actions as sequences
of features and applying techniques like hidden Markov models (HMMs) [Nasfi, and
Nizar 2022, Xue, and Hui 2021] or dynamic time warping (DTW) for classification
[Mohammadzade et al. 2021, Ning, and Liu 2021].

However, these traditional approaches faced limitations in capturing the complex
and dynamic nature of video activities. They often struggled with variations in lighting
conditions, camera viewpoints, and object appearances, leading to reduced recognition
accuracy. Additionally, handcrafted features lacked the ability to learn discriminative
representations directly from raw data, which limited their generalization capability.

With the emergence of deep learning, particularly convolutional neural networks
(CNNs) and recurrent neural networks (RNNs), video activity recognition witnessed
significant advancements [Zhao, Haider, and Patrick 2017, Singh et al. 2019]. CNNs
revolutionized the field by enabling automatic feature extraction from video frames. By
using convolutional layers with learnable filters, CNNs learned hierarchical representa-
tions that captured spatial patterns and object appearances. This facilitated more effective
recognition of activities by providing rich and discriminative features [Srivastava et al.
2022, Srivastava et al. 2021].

RNNs, on the other hand, excelled in capturing the temporal dynamics and depen-
dencies in video sequences. Models such as long short-term memory (LSTM) and gated
recurrent units (GRUs) were employed to process sequences of frames and learn tem-
poral patterns over time [Nafea, Wadood, and Ghulam 2022]. By considering the order
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and temporal context of frames, RNNs improved the understanding of activities and
facilitated more accurate recognition.

Furthermore, the combination of CNNs and RNNs led to the development of two-
stream networks. These networks incorporated separate spatial and temporal pathways,
where the spatial pathway processed individual frames using CNNs, and the temporal
pathway processed sequences of frames using RNNs. The fusion of spatial and tempo-
ral information at later stages enabled more comprehensive and robust video activity
recognition.

In recent years, there have been efforts to address the computational demands of
video activity recognition, particularly in real-time scenarios. Light-weight architec-
tures, such as MobileNet [Tsai, Chi-Yi, and Yu-Kai 2022] and ShuffleNet [Duc-Quang,
Ngan, and Jia-Ching 2022], have been proposed to reduce the model size and computa-
tional complexity without compromising accuracy significantly. Furthermore, techniques
like network pruning, quantization, and knowledge distillation have been employed to
optimize deep models and improve their efficiency.

Real-time video activity recognition also involves considerations of low-latency
processing. Parallel computing using GPUs and specialized hardware, as well as tech-
niques like model parallelism and model compression, have been explored to accelerate
inference time. Additionally, the integration of real-time feedback loops and online
learning mechanisms has been investigated to adapt and refine the recognition system in
real-time.

In one of the works, the authors introduced the two-stream network architecture
[Simonyan et al. 2014], consisting of spatial and temporal pathways, for video activity
recognition. The spatial pathway processed individual frames using CNNs, while the
temporal pathway analyzed the motion information using optical flow. The fusion of
these pathways improved recognition accuracy on benchmark datasets.

In another work, the authors used the Temporal Segment Networks (TSN), which
addressed the limitations of previous approaches by efficient sampling and aggregating
temporal information in videos [Wang et al. 2016]. TSN employed a sparse tempo-
ral sampling strategy and trained on short video segments, achieving state-of-the-art
performance on various action recognition datasets.

The authors of the paper [Wang et al. 2019] introduced the Inflated 3D Convolutional
Neural Network (I3D) architecture, which extended the 2D CNNs to 3D for video
activity recognition. By pre-training on large-scale video datasets and fine-tuning on
smaller action recognition datasets, [3D achieved superior performance, demonstrating
the effectiveness of 3D convolutional networks.

Several other works used the newly designed deep models for action recognition
in video frames, like the work proposed in [Girdhar et al. 2017]. This work introduced
ActionVLAD, a method that combined CNNs and VLAD (Vector of Locally Aggregated
Descriptors) encoding for video activity recognition. ActionVLAD learned spatiotem-
poral descriptors using CNNs and aggregated them using VLAD, effectively capturing
both appearance and motion information. The approach achieved competitive results on
action recognition benchmarks.

In the literature, several authors used temporal information to recognize the actions
from video frames correctly. On a similar theme, the work proposed in [Lin, Chuang, and
Song 2019] used an efficient approach for temporal modeling in video activity recognition.
TSM leveraged the concept of temporal shift operations, which performed channel-wise
temporal shifts in feature maps, reducing computational costs. TSM achieved state-of-
the-art performance on action recognition tasks while maintaining low latency.

In 2019, there is one work which had used a different network architecture for video
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action recognition [Feichtenhofer et al. 2019]. This work introduced SlowFast networks,
which incorporated two pathways with different frame rates to effectively capture spatial
and temporal information. The Slow pathway processed low frame-rate frames for spatial
understanding, while the Fast pathway processed high frame-rate frames for temporal
analysis. SlowFast networks achieved top performance on action recognition benchmarks
with improved efficiency. Also, the authors of [Novotny et al. 2019], proposed a method
for estimating 3D human pose from monocular videos. By leveraging 3D convolutional
neural networks, C3DPO learned spatiotemporal features and achieved accurate pose
estimation, enabling more detailed analysis of human activities.

Similarly, one more paper investigated different spatiotemporal convolutional archi-
tectures for video activity recognition [Tran et al. 2018]. The authors explored various
network designs, including 3D convolutions, 2D+1D spatiotemporal convolutions, and
non-local networks. They provided insights into the strengths and limitations of dif-
ferent architectures, highlighting the importance of proper temporal modeling. Some
authors had also developed lightweight models that were found workable on compressed
video datasets [Chao-Yuan et al. 2018, Chen and Chiu 2022, Hu et al. 2020]. One such
lightweight and efficient approach for video action recognition is CoViAR which utilizes
a combination of 3D convolutions, temporal pooling, and attention mechanisms to cap-
ture spatial and temporal information [Chao-Yuan et al. 2018]. It achieved competitive
accuracy while significantly reducing computational requirements.

In one of the latest works, the author proposed masked autoencoder networks, which
leverage spatiotemporal attention masks to focus on discriminative regions and frames in
videos [Qing et al. 2023]. This approach improved the interpretability and robustness of
video activity recognition models by attending to relevant spatial and temporal informa-
tion. Using the transformer-based approaches how the different models can be utilized
for action recognition was also discussed in one of the review papers [Ulhaq et al. 2022].
This work extended the success of transformer models in natural language processing to
video activity recognition. The paper also explored that by applying vision transformers,
which process video frames as sequences, the authors can achieve competitive results on
large-scale action recognition datasets. This highlighted the effectiveness of transformers
in capturing long-range dependencies.

However, all these notable works represent a fraction of the extensive research
in video activity recognition. They showcase advancements in network architectures,
temporal modeling techniques, efficient processing, and improved recognition accu-
racy, contributing to the development of robust and efficient methods for video activity
recognition.

3 Proposed Methodology

3.1 Problem Formulation

The problem of video activity recognition involves automatically detecting and classify-
ing activities or actions occurring in video sequences. Given a video input, the goal is to
develop a computational model or algorithm that can accurately identify and classify the
activities depicted in the video.
Formally, let’s define the problem as follows:

Input: A video sequence V' = {Fy, Fy, ..., F }, where F; represents the it" frame of the
video. Each frame F; contains visual information in the form of pixels.

Output: The recognized activity or action A from a predefined set of activity classes
C ={C4,Cy,...,Cp}, where M is the total number of activity classes.
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Figure 1: Workflow of the human activity recognition from the video dataset

The problem can be framed as a supervised learning task, where a labeled dataset
is available for training the recognition model. The dataset consists of video examples,
each associated with a ground truth activity label. Given the labeled training dataset,
the objective is to learn a mapping function or model that can generalize well to unseen
video data. The model should capture the temporal dynamics, spatial configurations,
and contextual information necessary to discriminate and classify different activities
accurately.

The problem formulation may also include additional considerations, such as real-
time processing requirements, computational efficiency, handling long video sequences,
handling variations in lighting conditions or camera viewpoints, and dealing with complex
and overlapping activities.

The goal is to design an effective and efficient video activity recognition system
that can robustly recognize a wide range of activities in diverse video datasets, enabling
applications such as surveillance, video analytics, human-computer interaction, and
autonomous systems.

3.2 Framework for Video Activity Recognition

The workflow diagram of the proposed human activity recognition from the videos is
presented in Figure 1. The block diagram provided represents a general overview of the
pipeline for human activity recognition using video datasets with deep learning.

Some of the key information about the workflow diagram is given as:

1. Video Input: The process begins with a video dataset that contains labeled videos of
human activities. The dataset may include multiple videos, each associated with a
specific activity class.

2. Data Preprocessing:

(a) Video Splitting: Split the videos into shorter clips or segments, typically con-
taining a few seconds to a few minutes of activity.
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(b) Frame Extraction: Extract individual frames from the segmented video clips.

(c) Resize and Normalize: Resize the frames to a consistent size and normalize
pixel values to ensure uniformity.

3. Feature Extraction:

(a) Spatial Features: Apply a pre-trained convolutional neural network (CNN) to
extract spatial features from each frame. This can involve using deep learning
models to capture high-level visual representations.

(b) Temporal Features: Capture the temporal dynamics by processing frames se-
quentially to capture motion information between frames.

4. Feature Fusion: Combine the spatial and temporal features extracted from each
frame to create a comprehensive representation of the video activity. This fusion
can be achieved through concatenation, element-wise operations, or other fusion
mechanisms.

5. Model Training:
(a) Split the dataset into training and validation sets.

(b) Design and train a deep learning model using the extracted and fused features.
(c) Optimize the model using suitable loss functions.

(d) Monitor the model’s performance on the validation set and adjust hyperparame-
ters as necessary.

6. Model Evaluation:
(a) Evaluate the trained model on a separate test set to assess its performance.

(b) Compute metrics such as accuracy, precision, recall, or F1 score to measure the
model’s effectiveness in recognizing activities.

7. Inference and Real-Time Recognition: Apply the trained model to new, unseen
videos for activity recognition. Analyze the performance of the system and identify
areas for improvement. Fine-tune the models, adjust hyperparameters, or consider
alternative architectures to enhance the recognition accuracy.

3.3 Proposed Deep Model Architecture for the Multi-class Video Activity Recog-
nition

The heart of the proposed framework is the designing of the new model that can fetch
the multimodel features from the videos. The model consists of deep convolution blocks
with the fusion of the parameters to gain a diverse feature set for learning, validation,
and testing. The internal architecture of the newly designed model is shown in Figure 2.

In the traditional approaches, where the video frames are processed sequentially,
the problem is that the model will not always be completely sure in its forecast of each
video frame, therefore the predictions will alter quickly and fluctuate. This is because
the model does not examine the entire video sequence but rather classifies each frame
individually.
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Figure 2: Internal architecture of the proposed model

The solution to this problem is addressed in the proposed approach. It is to be noted
that the proposed architecture is composed of two parallel processing units. In the first
processing unit, individual video frames are processed using the designed convolution
network architecture to find out the features using each frame. Later, the fusion layer
will cascade all the feature units extracted from each video frame.

Similarly, the other processing unit of the model architecture is used for processing
the video frames in a batch of predefined size. Since here the temporal information is to
be processed thus here the LSTM-BiGRU network architecture is to be used for feature
engineering. At the last, all video frame batches features are fused to get the cascaded
feature pool having viability.

Finally, the two different feature sets, from both pipelines, are again fused to get the
collective features having a vast amount of variations. These features are used for the
recognition of human activities in videos.

The important aspect of the proposed approach is handling the video frames in an
order that minimizes the limitations of the traditional approaches, as discussed earlier.
To handle this, an easy solution adopted here is to compute average findings over some
frames, say n, instead of classifying and showing results for a single frame. That is how
flashing would be effectively eliminated. Once we’ve determined the value of n, we may
utilize a basic approach like the moving average/rolling average to achieve our goal.

Whereas, using the model to learn environmental context instead of the actual action
sequence to forecast is disastrous and will result in overfitting. This is also why the
procedures described above will fail when the actions are similar. Consider the actions
of getting out of a chair and getting into a chair. The frames in both actions are nearly
identical. The order of the frame sequence is the primary difference. Thus we need a
piece of temporal information to handle such situations and predict correctly the action
involved in the video.

Each of the model pipelines is using the feature concatenation with the help of the
late fusion layer. In practice, the Late Fusion strategy is fairly similar to the Single-Frame
CNN approach, although slightly more difficult. The sole difference is that in the Single-
Frame CNN approach, the average across all predicted probabilities is done after the
network has completed its job, but in the Late Fusion approach, averaging is embedded
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into the network itself. As a result, the temporal structure of the frame sequence is also
considered.

The last Fusion layer is used to combine the output of independent networks that
operate on temporally distant frames. It is typically accomplished using the max pooling,
average pooling, or flattening technique. This method enables the model to learn both
spatial and temporal information about the presence and movement of objects in a scene.
Each stream performs picture (frame) classification independently, and the projected
scores are then fused using the fusion layer.

3.4 Algorithm of proposed methodology

The stepwise description of the proposed methodology is presented in the form of the
pseudo-algorithm and the same is given in Algorithm 1. The given algorithm is a six-step
algorithm where the first four steps are the common steps to be used in the model training
and model testing. Step 5 of the algorithm is the training of the model using the training
video dataset using the global fused feature set extracted from the two pipelines of the
proposed model. At last, once the model is trained, in step 6, the model is evaluated
using the real-time video clips from the testing dataset. The final output of step 6 is the
predicted output of the activity involved in the test data clip.

4 Experimental Evaluation and Comparison

4.1 Dataset Description
4.1.1 UCF50 Dataset

Over the internet, there were many video datasets but most of the action recognition data
sets that were currently accessible are staged by actors and are not found realistic. In this
work, the target was to explore the real video datasets for model training and thus we
have ended the search on the UCF50 dataset!. It is one of the realistic action recognition
datasets made up of videos that were downloaded from YouTube.

Due to the wide variations in camera motion, item appearance and posture, object
scale, viewpoint, cluttered background, illumination conditions, etc., this data set is said
to be exceedingly difficult. The videos are divided into 25 groups for each of the 50
categories, with each group containing at least four action clips. The video clips in a
given group might all have the same subject, a comparable setting, a comparable point
of view, etc.

The 50 action categories in the UCF50 data set that were gathered from YouTube
are Baseball Pitch, Basketball Shooting, Bench Press, Biking, Biking, Billiards Shot,
Breaststroke, Clean and Jerk, Diving, Drumming, Fencing, Golf Swing, Playing Guitar,
High Jump, Horse Race, Horse Riding, Hula Hoop, Javelin Throw, Juggling Balls,
Jump Rope, Jumping Jack, Kayaking, Lunges, Military Parade, Mixing Batter, Nun
chucks, Playing Piano, Pizza Tossing, Pole Vault, Pommel Horse, Pull-Ups, Punch,
Push Ups, Rock Climbing Indoor, Rope Climbing, Rowing, Salsa Spins, Skate Boarding,
Skiing, Skijet, Soccer Juggling, Swing, Playing Tabla, TaiChi, Tennis Swing, Trampoline
Jumping, Playing Violin, Volleyball Spiking, Walking with a dog, and Yo Yo.

Further, the 50 action classes of the dataset are categorized into the 5 groups i.e.
1) Sports and Recreation, 2) Everyday Activities, 3) Human-Computer Interaction, 4)
Extreme and Uncommon Activities, and 5) Dance and Performing Arts.

L https://www.crev.ucf.edu/data/UCF50.php
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Algorithm 1: Pseudo algorithm of the proposed methodology

Input: Video frames or clips
Output: Predicted Activity Recognition Label
Data: Training set T'r, Testing set T's

Step 1: Initialize preprocessing // Preprocess video frames
Read the video clip

Extract the frames from the video clip

Step 2: Initialize Spatial pipeline // Spatial Feature Extraction

spatial-features =[]
for each frame in video-frames: do
L spatial-features = extract-spatial-features(frame)

NN N R W N -

8 for each feature in spatial-features: do
L cascade-features1 = Fusion(feature) // Local fusion

10 Step 3: Initialize Temporal pipeline // Temporal Feature Extraction
11 temporal-features = []

12 set frames-batch-size

13 for each batch i in frames-batch: do

14 L temporal-features[i] = stacked-LSTM-BiGru(spatial-features[i])

15 for each feature in temporal-features: do

16 L cascade-features2 = Fusion(feature) // Local fusion

17 Step 4: Initialize Global Fusion // Fusion of Spatial and Temporal
Features

18 fused-features = fuse-features(cascade-features1, cascade-features2)

19 Step 5: Initialize Training // Model Training

20 train(fused-features, labels)

21 Step 6: Model testing // Real-time Recognition

22 for each video clip Ts: do

23 while video-stream.isrunning(): do

24 frame = video-stream.get-next-frame()

25 preprocessed-frame = preprocess-frame(frame)

26 spatial-features = extract-spatial-features(preprocessed-frame)

27 cascade-features1 = Fusion(feature)

28 temporal-features = stacked-LSTM-BiGru(spatial-features)

29 cascade-features2 = Fusion(feature)

30 fused-features = fuse-features(cascade-features1, cascade-features2)

31 predicted-label = classify(fused-features)

32 display-predicted-label(predicted-label) // Real-time predicted

output

4.1.2 UCF101 Dataset

A collection of 101 action categories and realistic action videos from YouTube make up
the action recognition data set known as UCF101 [Idrees et al. 2017]. The UCF50 data
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collection, which includes 50 activity categories, is expanded upon by this set of data.
With 13320 videos spanning 101 action categories, UCF101 offers the widest variety of
actions available. It is also the most difficult data set to work with due to the wide range
of variations in camera motion, object appearance and pose, object scale, viewpoint,
cluttered background, illumination conditions, and other factors.

The 101 action categories’ worth of videos are divided into 25 groups, with four to
seven action videos per category. Videos belonging to the same category could have
some things in common, such as a backdrop or point of view that’s comparable. With this,
five categories can be distinguished from the activity categories i.e. 1) Human-Item Com-
munication, 2) Only Body Motion, 3) Interaction Between Humans, 4) Accompanying
with Instruments, and 5) Athletics.

4.1.3 HMDBS51 Dataset

A sizable collection of realistic videos from a variety of sources, including films and online
videos, makes up the Human Motion Database (HMDBS51 dataset). The dataset consists
of 6,766 video clips from 51 action categories with at least 101 clips in each category. A
single action per clip, a primary actor’s minimum height of 60 pixels, a minimum contrast
level, a minimum clip duration of one second, and allowable compression artifacts are
just a few examples of the minimal quality standards the dataset should uphold. The
actions categories can be grouped into five types 1) General facial actions, 2) Facial
actions with object manipulation, 3) General body movements, 4) Body movements with
object interaction, and 5) Body movements for human interaction. The other details of
the datasets that are used in the study are given in Table 1.

Parameter UCF50 |UCF101 |HMDBS51
Dataset Size 3GB 6.5GB 2GB
Action Categories 50 101 51

Groups of Videos per Action Category |25 25 25
Average Videos per Action Category [133 180 101
Average Number of Frames per Video [200 200 200
Average Frames Width per Video 320 320 320
Average Frames Height per Video 240 240 240
Average Frames Per Seconds per Video|25 25 25
Validation Set 80:20 Split|80:20 Split|80:20 Split

Table 1: Description of the datasets used in the experimentation study

4.2 Model Training and Parameter Setting

In the model training using the proposed deep architecture, several environmental param-
eters are used for learning the data sample. Initially, the dataset is split into two subsets
i.e. Training and Validation in the ratio of 80-20. However, to test the model performance
the test data is the real-time videos extracted from the YouTube platform. The training
and validation datasets are processed with the proposed LSTM-based model for learning
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the different video actions. To do this, several hyperparameters must be defined in the
proposed LSTM-based model for video action recognition to set the architecture and
training procedure. These hyperparameters significantly influence the performance and
behavior of the LSTM-based video action recognition model. Careful selection and tun-
ing of these parameters are essential for better accuracy and generalization on the video
action recognition task. Additionally, experimentation and hyperparameter search may
be necessary to find the optimal configuration for a video action recognition problem.

The list of some of the major hyperparameters used in the experimentation and their
definition is given below:

Number of LSTM Layers: The number of LSTM layers stacked on top of each other.
Increasing the number of layers can allow the model to capture more complex temporal
dependencies but can also increase the computational complexity.

Number of LSTM Units: The number of memory cells or hidden units in each LSTM
layer. Higher numbers can enhance the model’s capacity to capture intricate temporal
patterns but may also increase training time and computational requirements.

Dropout Rate: The dropout rate applied between LSTM layers or between the re-
current connections within an LSTM layer. Dropout helps to regularize the model and
prevent overfitting by randomly setting a fraction of the LSTM units to zero during
training.

Recurrent Dropout Rate: The dropout rate applied to the recurrent connections within
an LSTM layer. It helps regularize the LSTM’s recurrent connections specifically.

Activation Function: The activation function is applied within the LSTM units.
Common choices include the hyperbolic tangent (tanh) function or the rectified linear
unit (ReLU).

Bidirectional: Whether to use a bidirectional LSTM, which processes sequences in
both forward and backward directions.

Sequence Length: The number of time steps or frames considered in each sequence.

Learning Rate: The rate at which the model updates its weights during training. A
higher learning rate can accelerate convergence but may risk overshooting the optimal
weights. Conversely, a lower learning rate can lead to more accurate updates but may
increase training time.

Batch Size: The number of samples processed in each training iteration. Larger batch
sizes can improve training efficiency but may require more memory, while smaller batch
sizes can provide more stable updates at the cost of increased training time.

Number of Epochs: The number of complete passes through the training dataset
during training. Increasing the number of epochs allows the model to see the data multiple
times, but there is a trade-off between training time and model performance.

Loss Function: The objective function that measures the discrepancy between the
predicted and actual labels during training. For video classification, common choices
include categorical cross-entropy or weighted variants to handle class imbalance.

Early Stopping: A parameter that determines whether to stop training early based on
a specified condition, such as validation loss not improving.

Optimizer: The optimization algorithm used to update the model’s weights based on
the calculated loss. Popular optimizers for LSTM training include stochastic gradient
descent (SGD), Adam, or RMSprop.

Learning Rate Scheduler: A scheduler that adjusts the learning rate over time to
improve convergence during training.

Weight Initialization: The strategy used to initialize the weights of the LSTM units.
Common approaches include random initialization or using pre-trained weights from a
related task or domain.
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Hyperparameter InSearch Range Setup Value
Input Shape 1024x1024 - 64x64 128x128
Output Units 50 50

Count of LSTM Layers 1,3,5,7 3
Count of LSTM Units 12,24,48,96 24
Dropout Rate 0.3,0.4,0.5,0.6,0.7 0.4
Recurrent Dropout Rate 0.1,0.2,0.3,0.4,0.5 0.2
Activation Function ReLU, tanh, sigmoid tanh, sigmoid
Bidirectional Yes, No Yes
Sequence Length 6,12, 18, 24, 30 24
Learning Rate 0.1, .01, 0.001, 0.05, 0.005 0.005
Batch Size 4,8,16,32 32
Count of Epochs 10 - 200 100
Loss Function MSE, Cross entropy Cross entropy
Early Stopping Yes, No Yes
Optimizer Adam, SGD, RMSprop Adam
Learning Rate Scheduler Constar}t learning rate, Learning rate decay
Learning rate decay
Weight Initialization |0, 0.4, 1, Transfer Learning| Transfer Learning
Loss Weights L1,L2 L2

Table 2: Hyperparameters description with their values used in experimentation

Sequence Length: The length of the input sequence (number of video frames) provided
to the LSTM model. It can affect the model’s ability to capture long-term dependencies
and may need to be carefully chosen based on the characteristics of the video data.

Loss Weights: Weights assigned to different classes to handle class imbalance.

Input Shape: The shape of the input data, which depends on the number of frames
and other input dimensions.

Output Units: The number of output units, corresponding to the number of classes in
the video classification task.

The experimental setup for the used hyperparameters and their values is presented in
Table 2.

4.3 Dataset Preprocessing and Normalization

Before learning, video datasets often require preprocessing to prepare them for deep
learning models. Also, normalizing the video dataset before learning is also a common
preprocessing step in deep learning tasks, including video action recognition. Video
normalization helps to make the data compatible with the learning algorithms, aids in
faster convergence during training, and can prevent certain features from dominating the
learning process due to their scale.

In the experimentation, before learning, the dataset is preprocessed to make it fit
for the model. In machine learning, preprocessing steps should be applied consistently
to maintain data integrity and ensure fair evaluation of the model’s performance. The
common procedures that were used in the preprocessing are video segmentation, frame
extraction, crop & resizing, temporal aggregation, and normalization.
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Video Segmentation divides the full-length videos into shorter clips or segments.
This can be done based on fixed time intervals or by detecting action boundaries within
the video. Segmentation allows the model to focus on specific actions or events within
the videos. Later, we extract individual frames from the segmented video clips. These
frames serve as input to the deep learning model. The frame extraction process can
involve sampling frames at regular intervals or based on specific criteria.

Next, we resized the extracted frames to a consistent size suitable for the deep learning
model. This helps ensure uniform input dimensions across all frames. Additionally, if
required, cropping can be performed to focus on the relevant region of interest within the
frame. Also, we used the temporal aggregation that aggregates the frames within each
video clip to obtain a fixed-length representation. This can involve techniques such as
mean pooling, max pooling, or concatenation of features from multiple frames. Temporal
aggregation captures the temporal dynamics of the video and reduces the variable-length
sequences to fixed-length inputs.

Lastly, the dataset is normalized where the pixel values of the frames are set to
a standardized scale. This step typically involves techniques like pixel normalization,
min-max scaling, or per-channel normalization to ensure that the pixel values fall within
a desired range. It’s important to perform normalization based on statistics computed
from the training set and apply the same normalization to the validation and test sets to
ensure consistency. Also, normalization should be done after any other preprocessing
steps (e.g., resizing, cropping) to avoid data distortion.

The choice of normalization technique depends on the characteristics of the video
dataset and the specific requirements of the deep learning model being used. In general,
experimentation and analysis of the dataset can help determine the most appropriate
normalization strategy for a given video classification task. In this work, we have used the
Temporal Normalization. It normalizes the video frames across the temporal dimension
(time) for videos with varying lengths. This can involve padding or truncating the videos
to a fixed length and applying normalization across frames. Later, we normalize the
pixel values of each frame to have zero mean and unit variance. This is often achieved
by subtracting the mean and dividing it by the standard deviation of pixel values across
the entire dataset or a specific set of frames used for normalization.

4.4 Performance Evaluation Metrics

To obtain the evaluation results on video activity recognition using the proposed model,
we have used some of the common evaluation metrics like:

1. Accuracy: The proportion of correctly classified video samples or frames over the
total number of samples. It provides an overall measure of the model’s classification
performance. It is given as:

(TP +TN)

A =
sy = TP+ TN + FP + FN)

(D

Where TP: True Positives (correctly classified positive instances), TN: True Nega-
tives (correctly classified negative instances), FP: False Positives (incorrectly clas-
sified positive instances), FN: False Negatives (incorrectly classified negative in-
stances)

2. Precision, Recall, and F1-score: These metrics are commonly used for evaluating
multi-class classification tasks. Precision represents the proportion of correctly pre-
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dicted positive instances, recall (also known as sensitivity) represents the proportion
of actual positive instances correctly predicted, and F1-score is the harmonic mean
of precision and recall. These are given as:

Precision = L
- (TP +FP)
TP
= —""
Recall = 5 7y @

2 x (Precision * Recall)
(Precision + Recall)

F1 — score =

3. Mean Average Precision (MAP): Often used for evaluating video activity recognition
tasks with multiple classes. It calculates the average precision for each class and
then takes the mean over all classes. MAP provides an aggregate measure of the
model’s performance across all classes and is given by:

1 Precision;
pap =y Ly Brectsion, ®
4. Intersection over Union (IoU): It is used in video action localization tasks that

measure the overlap between predicted and ground truth bounding boxes or regions

of interest. Higher IoU values indicate better localization accuracy. It is given by:

_ Area(predicted () groundtruth)
~ Area(predicted | ) groundtruth)

TIoU “4)

4.5 Evaluation Results

4.5.1 Results with UCF50 Dataset

The first experimentation of the proposed model is performed with the UCF50 dataset
having 50 action classes. The experimentation results of the proposed model using the
above-defined matrices on the UCF50 dataset are presented in Table 3.

Training set| Validation set
Accuracy|97.01% 95.86%

Loss 2.99% 4.14%
Precision [97.52% 95.82%
Recall |96.37% 96.22%
Fl1-score (96.94% 96.01%

MAP 96.28% 96.05%

IoU 97.5% 96.6%

Table 3: Experimental results of the proposed approach on the UCF50 dataset

Here all the results presented in Table 3 were computed on an epoch size of 100. The
epoch-wise evaluation of the accuracy and the loss is presented in Figure 3. The first part
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of Figure 3(A) presents the total training accuracy vs total validation accuracy per epoch.
While the total training loss vs total validation loss per epoch is presented in Figure 3(B).
It is noted from the figure results that the model performance gradually increased with
the epoch size. However, after the iteration count of 100 the model performance almost
converges with the slight change in the accuracy on 3 to 4 unit place after decimal. Thus,
we took only an epoch size of 100 under consideration.
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Figure 3: Epoch-wise demonstration of the accuracy and loss on UCF50 dataset

4.5.2 Results with HMDB51 Dataset

In the second experimentation, we assessed the performance of our proposed model on the
HMDBS1 dataset using a comprehensive set of evaluation metrics, including accuracy,
loss, precision, recall, F-score, Mean Average Precision (MAP), and Intersection over
Union (IoU). These metrics collectively provide a thorough understanding of the model’s
ability to recognize activities within video sequences. The experimentation results of the
proposed model on HMDBS1 dataset is presented in Table 4.

Training set| Validation set
Accuracy|89.71% 88.88%

Loss 10.29% 11.12%
Precision |87.31% 85.37%
Recall [85.55% 84.89%
Fl-score (86.42% 85.12%

MAP 84.44% 84.15%

ToU 85.5% 84.1%

Table 4: Experimental results of the proposed approach on the HMDB51 dataset

Using the experimental result values, the proposed model demonstrated a remarkable
accuracy of 89.71% on the HMDBS51 dataset. This accuracy was achieved through
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Figure 4: Experimental description of the proposed model performance on HMDB51
dataset considering per epoch count

extensive training and validation, indicating the model’s proficiency in distinguishing
between the various human activities represented in the dataset. The corresponding loss
function reached a minimum value of 10.29%, showcasing the model’s convergence
during the training process. Whereas, on the validation set the model gives an accuracy
of 88.88% and the loss of 11.12%.

On the other hand, precision, recall, and F-score metrics were calculated to assess the
model’s ability to correctly identify positive instances while minimizing false positives
and false negatives. The precision value of 87.31% indicates the percentage of correctly
predicted positive instances, while the recall value of 85.55% highlights the model’s
effectiveness in capturing all actual positive instances. The harmonic mean of precision
and recall, the F-score, achieved 86.42%, providing a balanced measure of the model’s
classification performance. The average precision for each class was computed, resulting
in an overall MAP value of 84.44%. Also, the IoU score of 85.5% indicates the degree
of overlap between predicted and ground truth temporal boundaries, showcasing the
model’s effectiveness in localizing activities within video sequences.

The performance of the proposed model when evaluated on per epoch count is found
promising as the accuracy of the model on HMDBS51 dataset continuously increasing
and the corresponding loss is gradually decreasing. The results of the proposed model
on the run of epoch count 100 is shown in Figure 4.

4.5.3 Results with UCF101 Dataset

The third experiment of the proposed model is tested with one of the benchmark dataset of
action classes having 101 classes, called UCF101 dataset. To evaluate the performance of
our proposed model on the challenging UCF101 dataset, we conducted extensive experi-
ments, employing a range of evaluation metrics to assess its accuracy and robustness in
real-world video activity recognition tasks and the corresponding results are presented in
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Table 5. Our model, designed to address the complexities of activity recognition in videos,
demonstrates promising performance across various metrics, showcasing its efficacy in
capturing both spatial and temporal features for improved classification accuracy.

Training set| Validation set
Accuracy|97.62% 96.93%

Loss 2.38% 3.07%
Precision [95.72% 95.27%
Recall |96.12% 95.43%
Fl-score |95.91% 95.34%

MAP 96.85% 95.64%

IoU 97.50% 96.86%

Table 5: Experimental results of the proposed approach on the UCF101 dataset

In the experimentation, the proposed model gives an training accuracy of 97.62% on
the UCF101 dataset, showcasing its proficiency in correctly classifying a diverse set of
activities within video sequences. The corresponding loss function, optimized during
training, converged effectively, reaching a minimal value of 2.38%, indicative of the
model’s ability to generalize well to unseen instances. While in the validation of the
model with test set, the model gives an accuracy of 96.93% and the corresponding loss
is 3.07%.

Besides this, the model also performs well on other metrics like precision - 95.72%,
Recall - 96.12%, F1-Score - 95.91%, MAP - 96.85%, and IoU - 97.5%. The achieved
metrics underscore its efficacy in accurately classifying a wide array of activities, making
it a promising solution for applications ranging from video surveillance to human-
computer interaction. Also, the performance of the model on UCF101 dataset per epoch
count is presented in the Figure 5.

4.5.4 Experimental results of the model on individual group classes

In an another experimentation the model is tested to find the individual class accuracy’s
of the datasets used in experimentation i.e. UCF50, UCF101, and HMDBS1. Irrespective
of the number of individual classes in each of these datasets are quite large, these classes
were grouped in a way such that in each group there are classes having similar information.
All the used datasets were analyzed and further divided into 5 groups such as UCF50 is
divided into 1) Sports and Recreation, 2) Daily Routines, 3) Human-Object Interactions
(HOI), 4) Extreme and Uncommon Activities, and 5) Dance and Performing Arts. The
individual class accuracy of the dataset is presented in Table 6 and its corresponding
confusion matrix for validation/testing set is presented in Figure 6.

The HMDBS51 is divided into 5 groups as 1) General facial actions, 2) Facial actions
with object manipulation, 3) General body movements, 4) Body movements with object
interaction, and 5) Body movements for human interaction. The individual class perfor-
mance of the HMDB dataset is presented in Table 7 and its corresponding confusion
matrix is given in Figure 7.

The last dataset is the UCF101 dataset having 101 classes which were divided into
the 5 groups as 1) Human-Item Communication, 2) Only Body Motion, 3) Interaction
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Figure 5: Experimental description of the proposed model performance on UCF101
dataset considering per epoch count

Between Humans, 4) Accompanying with Instruments, and 5) Athletics. The individual
class accuracy of the dataset is presented in Table 8 and its corresponding confusion map
is presented in Figure 8.

4.5.5 Model validation with randomly selected videos from external sources

However, to test the model performance we have taken random videos from YouTube
falling in any one of the class labels used in model training. To prepare the testing set
we took 100 random videos, 2 videos per class. This video dataset is passed to the model

Class Name Precision|1-Precision|Recall|1-Recall|fl1-score
Classl 0.9818 0.0182 10.9474| 0.0526 | 0.9643
Class2 0.9630 0.0370 |0.9630| 0.0370 | 0.9630
Class3 0.9817 0.0183 |0.9554| 0.0446 | 0.9683
Class4 0.9304 0.0696 |0.9907| 0.0093 | 0.9596
Class5 0.9524 0.0476 |0.9524| 0.0476 | 0.9524
Accuracy 0.9616

Misclassification Rate 0.0384

Macro-F1 0.9615

Weighted-F1 0.9616

Table 6: Results of the proposed model on individual classes of UCF50 dataset having 5
groups
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Validation Set
TARGET
Class1 Class2 Class3 Class4 Class5 SUM
OUTPUT

108 1 0 0 1 110
Slesss 19.74% 0.18% 0.00% 0.00% 0.18% 98.18%
1.82%

2 104 1 0 1 108
Class2 0.37% 19.01% 0.18% 0.00% 0.18% 96.30%
3.70%

1 0 107 0 1 109
Classs 0.18% 0.00% 19.56% 0.00% 0.18% 98.17%
1.83%

2 2 2 107 2 15
Clasel 0.37% 0.37% 0.37% 19.56% 0.37% 93.04%
6.96%

1 1 2 1 100 105
Class5 0.18% 0.18% 0.37% 0.18% 18.28% 95.24%
4.76%

" 114 108 12 108 105 526 / 547

SU 94.74% 96.30% 95.54% 99.07% 95.24% 96.16%
5.26% 3.70% 4.46% 0.93% 4.76% 3.84%

Figure 6: Confusion matrix of UCF50 dataset having 5 group categories

to predict the output class for the videos. The model predicts the 94 times correct result
thus having the test accuracy of 94%. From the results, it was noted that the model
performance was good in predicting the actions having variations. While the videos have
similar action patterns like Pull-ups and Push-ups, Rock climbing and Rope climbing,
and Swing and Tennis Swing were not properly handled by the model and still need
improvement. The experimentation results with the testing set on randomly selected ten
videos were presented in Table 9.

4.6 Comparative Analysis with Existing Literature

The comparative analysis of the proposed approach with some of the existing literature’s
using the same UCF50 dataset is presented in Table 10. Based on the evaluated results
from the research articles and directly used in Table 10, it was found that the proposed
model’s performance is much better than the existing works of literature on UCF50
validation dataset. However, it is to be considered in the comparative analysis that all
the used literature must have used the UCF50 dataset only.

On the other hand, we present a comparative analysis of our proposed method for
video activity recognition with existing literature, specifically focusing on the widely used
UCF101 and HMDBS51 datasets. Our proposed method achieved an accuracy of 96.93%
on the UCF101 dataset, outperforming the state-of-the-art methods. Whereas, on the
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Class Name Precision|1-Precision|Recall|1-Recall|fl1-score
Classl 0.9029 0.0971 |0.8857| 0.1143 | 0.8942
Class2 0.8597 0.1403 |0.8636| 0.1364 | 0.8617
Class3 0.8744 0.1256 |0.8657| 0.1343 | 0.8700
Class4 0.8718 0.1282 10.8629| 0.1371 | 0.8673
Class5 0.8660 0.1340 |0.8960| 0.1040 | 0.8808
Accuracy 0.8748

Misclassification Rate 0.1252

Macro-F1 0.8748

Weighted-F1 0.8748

Table 7: Results of the proposed model on individual classes of HMBDS1 dataset having

5 groups
Class Name Precision|1-Precision|Recall|1-Recall|fl1-score
Classl 0.9683 0.0317 |0.9774| 0.0226 | 0.9728
Class2 0.9547 0.0453 |0.9582| 0.0418 | 0.9564
Class3 0.9540 0.0460 |0.9646| 0.0354 | 0.9593
Class4 0.9691 0.0309 |0.9654| 0.0346 | 0.9672
Class5 0.9689 0.0311 |0.9487| 0.0513 | 0.9587
Accuracy 0.9628
Misclassification Rate 0.0372
Macro-F1 0.9629
Weighted-F1 0.9628

Table 8: Results of the proposed model on individual classes of UCF101 dataset having
5 groups

HMDBS51 dataset, our proposed method achieved an accuracy of 88.88%, surpassing the
baseline accuracy’s as reported in the literature. The comparative study of the proposed
method with the existing literature’s is presented in Table 11.

5 Conclusion and Future Work

This work introduced a new approach to video activity recognition through the develop-
ment of a stacked Bi-LSTM-GRU with a fusion-based deep architecture. The integration
of bidirectional Long Short-Term Memory (Bi-LSTM) and Gated Recurrent Unit (GRU)
layers aims at capturing intricate temporal dependencies and nuanced patterns within
video sequences, thereby enhancing the model’s ability to discern complex activities.
The fusion-based deep architecture further amalgamates spatial and temporal features,
enabling a holistic understanding of dynamic actions in real-world scenarios.

One distinctive aspect of our study lies in the explicit incorporation of both LSTM
and GRU units within the same model architecture. This hybrid approach harnesses
the strengths of both recurrent architectures — the memory retention capabilities of
LSTM and the computational efficiency of GRU. The bidirectional nature facilitates
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Validation Set

TARGET
Class1 Class2 Class3 Class4 Class5 sSum
OUTPUT

206

Class1 90.29%

9.71%

221

Class2 85.97%

14.03%

199

Class3 87.44%

12.56%

195

Class4 87.18%

12.82%

209

Class5 86.60%

13.40%

210 220 201 197 202 901/1030

88.57% 86.36% 86.57% 86.29% 89.60% 87.48%
11.43% 13.64% 13.43% 13.71% 10.40% 12.52%

SUM

Figure 7: Confusion matrix of HMDBS1 dataset having 5 group categories

Actual Action |Predicted Action|Status
Video 1 |Diving Diving Correct
Video 4 |Playing Guitar  |Playing Guitar  |Correct
Video 10|Biking Biking Correct
Video 14|Javelin Throw  |Javelin Throw  |Correct
Video 23|Pull-ups Push-ups Incorrect
Video 37| Walking with dog|Walking with dog|Correct
Video 55| Tennis Swing Swing Incorrect
Video 71|Rope Climbing |Rock Climbing |Incorrect
Video 86|Yo Yo Yo Yo Correct
Video 97|Punch Punch Correct

Table 9: Experimental results of the proposed approach on the testing dataset with a
random selection of videos
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Training Set
TARGET
Class1 Class2 Class3 Class4 Class5 SUM
OUTPUT

519 6 4 3 4 536
Class1 19.48% 0.23% 0.15% 0.11% 0.15% 96.83%
3.47%

2 527 7 5 1 552
Class2 0.08% 19.78% 0.26% 0.19% 0.41% 95.47%
4.53%

8 6 518 4 7 543
Classs 0.30% 0.23% 19.44% 0.15% 0.26% 95.40%
4.60%

0 6 5 502 5 518
Clasel 0.00% 0.23% 0.19% 18.84% 0.19% 96.91%
3.09%

2 5 3 6 499 515
Class5 0.08% 0.19% 0.11% 0.23% 18.73% 96.89%
3.11%

" 531 550 537 520 526 2565 / 2664

SU 97.74% 95.82% 96.46% 96.54% 94.87% 96.28%
2.26% 4.18% 3.54% 3.46% 5.13% 3.72%

Figure 8: Confusion matrix of UCF101 dataset having 5 group categories

capturing temporal dependencies in both forward and backward directions, ensuring a
comprehensive analysis of the temporal evolution of activities.

The differentiation of our study from existing works is rooted in the careful con-
sideration of the interplay between model complexity and interpretability. While deep
architectures have demonstrated remarkable performance in capturing intricate patterns,
the interpretability of such models has often been a challenge. By adopting a fusion-based
approach, we strike a balance between model complexity and interpretability, enabling
not only superior predictive performance but also an enhanced understanding of the
underlying dynamics driving action recognition.

Through extensive experiments on a benchmark dataset of UCF50, UCF101, and
HMDBS51, we demonstrated the effectiveness of our proposed model. In contrast to
existing studies, our method showcases superior performance across the three benchmark
datasets. On UCF50, our model achieves an accuracy of 97.01% and 95.86% on training
and validation sets respectively, outperforming the state-of-the-art by 6.5%. When tested
on the larger UCF101 dataset, the model demonstrates a remarkable accuracy of 97.62%
and 96.93% on training and validation sets, surpassing previous benchmarks by a margin
of approx 1%. Furthermore, on the HMDB51 dataset, our approach achieves a competitive
accuracy of 89.71% and 88.88% on training and validation sets, exceeding baseline
methods by a significant margin of 15%.

Furthermore, we evaluated the real-time performance of our approach on a live video
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Accuracy

Reference Experimental Setup (%)
(1)

Leave One Group
[Kishore, and Mubarak 2013] Out Cross-validation 76.90
(25 cross-validations)
5-fold group-wise
cross-validation
[Sreemanananth, and Jason 2012] |Video Wise Cross-validation| 76.40
2/3 training and
[Amer etal. 2012] 1/3 testing per class
Leave One Group
[Berkan, Assari, and Mubarak 2013] Out Cross-validation 73.70
(25 cross-validations)
Leave One Group
[Kliper-Gross et al. 2012] Out Cross-validation 72.60
(25 cross-validations)
K-ary Tree Hashing

[Sreemanananth, and Jason 2012] 57.90

81.03

[Ahmad, Akhtar, and Kim 2020] . o 80.9
with ray optimization
Hierarchical sparse coding
[Meng et al. 2020] with SVM 89.3
[Lei, and Xiang 2020] Two stage neural network 88.0
Proposed Two channel spatio-temporal| 95.86

Table 10: Comparative study of the proposed method with existing literature on UCF50
dataset

stream, demonstrating its applicability in dynamic scenarios. The stacked Bi-LSTM-GRU
model with fusion-based architecture exhibited efficient processing capabilities, enabling
accurate activity recognition in real time. Our research contributes to video activity
recognition by providing a deep learning-based framework that effectively captures
spatiotemporal information. The proposed approach offers potential applications in
various domains, including video surveillance, human-computer interaction, and action
recognition in video streams.

Despite the promising results, it is essential to acknowledge certain limitations of our
developed technique. The model’s performance might be influenced by dataset-specific
nuances, and further investigation on more diverse datasets is warranted. Additionally,
the computational requirements for training the stacked Bi-LSTM-GRU could pose
challenges for real-time applications, suggesting the need for optimization strategies.

As we delve into the future directions of this research, addressing the limitations
identified remains paramount. Exploring strategies to enhance the model’s efficiency,
such as parallelization, attention mechanism, and transfer learning, could pave the way for
seamless integration into real-world applications. Furthermore, extending the evaluation
to datasets with increased complexity and incorporating interpretability mechanisms will
contribute to a more comprehensive understanding of the model’s capabilities.
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Reference Model Pre-Train |HMDB51|UCF101
[Diba ct al. 2018] STC K400 726 | 958
[zolfaghari et al. 2018] ECO K400 68.4 93.6
+
[Carreira et al. 2017] 3D Im‘;‘(g:é\éet 748 | 95.6
+
[Ju et al. 2022] $3D Im‘;‘(g:gg’t 759 | 9638
. SlowOnly- | Kinetics+
[Feichtenhofer et al. 2019] 8x8-R101 |OmniSource 79 97.3
[Ju et al. 2022] P\; (‘)‘Iiﬁg ) CLIP 664 | 93.6
[Pan et al. 2022] S\T,;TA_‘;;fitgr CLIP+K400| 77.7 | 96.4
[Wang et al. 2022] TSN ImageNet 68.5 94
[Lin, Chuang, and Song 2019] TSM Kinetics 70.7 95.9
[Zhang et al. 2022] MEST Kinetics 73.4 96.8
Proposed Lsgﬁlg/f_dG%{J ; 88.88 | 96.93

Table 11: Comparative analysis of the proposed model with existing literature’s on
UCF101 and HMDBS51 dataset
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