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1. INTRODUCTION

Video classification is a pivotal task in computer vision [1], enabling the automatic interpretation of
dynamic visual content for a variety of applications, ranging from human activity recognition [2] to
autonomous systems, medical diagnosis [3], and video surveillance [4]. As video data typically involves both
spatial and temporal dimensions, the challenge of effectively processing and understanding these sequences
has become increasingly important. Traditional image classification techniques, which focus solely on spatial
features, fall short when it comes to interpreting video data, as they fail to capture the temporal dependencies
between frames that are crucial for understanding dynamic events. The complexity of video classification lies
in effectively capturing both spatial and temporal information from video sequences. Spatial features, such as
objects, textures, and environments, need to be extracted from each individual frame, while temporal
features, such as motion and interactions between objects, need to be modeled across frames. To address
these challenges, various deep learning models have been developed, and among these, long-term recurrent
convolutional networks (LRCNSs) have emerged as a prominent architecture for sequential data analysis.
LRCNSs combine the power of convolutional neural networks (CNNs) for the extraction of spatial features,
with long short-term memory (LSTM) networks for the modeling of temporal dependencies [5], thus
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enabling the model to handle both dimensions simultaneously. While LRCNs have achieved notable success
in video classification tasks, the standard architecture faces limitations when dealing with complex datasets
or dynamic actions that require more refined feature extraction capabilities. These challenges arise due to the
inherent variability in video content, including changes in scene composition, object motion, and
environmental context [6]. Furthermore, the standard LRCN architecture may struggle to extract finer, high-
level features when confronted with large-scale, diverse datasets. this study proposes an enhanced LRCN
model designed to improve temporal feature modeling and refine spatial feature extraction. Qur approach
introduces optimized filter configurations and architectural refinements to enhance the model’s capacity for
capturing fine-grained video dynamics. These maodifications contribute to a more accurate and robust
classification of complex video sequences. The significance of this study lies in its potential to advance video
classification by addressing the shortcomings of existing LRCN architectures. An efficient and precise
classification model is crucial for real-world applications such as intelligent surveillance, autonomous
navigation, and medical video analysis. Our enhanced LRCN model is extensively evaluated on three
benchmark datasets DynTex, UCF11, and UCF50 covering a diverse range of actions, textures, and
complexities. Experimental results demonstrate that the proposed model outperforms the standard LRCN
architecture, showcasing improved accuracy and robustness across different datasets. By introducing this
refined architecture, we aim to contribute to the ongoing advancements in video classification, providing a
more effective and scalable solution for analyzing complex video data. Our work lays the foundation for
future research in video understanding and classification, offering new directions for optimizing deep-
learning models in dynamic and large-scale video environments.

The organization of this paper is as follows: section 2 delivers a thorough review of the existing
literature to contextualize the study. In section 3 details the methodology, covering the datasets used, the
theoretical basis of standard LRCN architectures, and a full description of the proposed model. Section 4
presents the key results of evaluating our proposed model compared to the LRCN model, which
outperformed the ConvLSTM model discussed in our previous study [7], and other state-of-the-art methods
using various datasets. Finally, section 5 concludes the paper with a summary of the main findings and
insights, along with suggestions for future research directions.

2. RELATED WORKS

Video classification has witnessed rapid advancements, driven by the need to analyze diverse video
content across various domains. A wide array of methods has been proposed, each tailored to address specific
challenges related to spatiotemporal information extraction, multimodal data fusion, or classification tasks.
Bi-directional long short-term memory networks (BiLSTM) have been widely adopted for their ability to
model long-term dependencies in sequential data. For example, the BiLSTM-multimodal attention fusion
temporal classification (BiLSTM-MAFTC) integrates BILSTM with spatial and channel attention
mechanisms to fuse features from multiple modalities, capturing complementary information such as
movement trajectories and positional data [8]. Similarly, convolutional approaches, like deep convolutional
neural networks (DCNNs), have been explored for their capability to extract discriminative features from
video content. DCNNs have been applied alongside recurrent models like gated recurrent units (GRU) and
recurrent neural networks (RNNs) for categorizing video data based on textual metadata such as titles and
tags [9]. Transformer-based architectures have emerged as powerful tools for video classification. For
example, the multi-task video transformer network (MTVTNet) leverages the swin transformer architecture
to concurrently detect and classify multiple activities, making it highly effective for analyzing dynamic video
content such as construction site operations. Similarly, attention mechanisms and graph-based learning have
been integrated into frameworks like MALL-CNN [10], which not only models label co-occurrences but also
aggregates frame-level features into meaningful video-level representations for multi-label classification
tasks. Hybrid approaches combining CNNs and RNNs have also gained traction. For instance, in livestock
behavior analysis, 3D convolutional neural networks (C3D) are used to extract spatial features, which are
then processed by convolutional long short-term memory (ConvLSTM) networks to capture temporal
dependencies. This combination enhances the accuracy of behavior classification tasks. In environmental
monitoring, CNN-LSTM architectures have been applied to classify wave heights in ocean videos [11],
utilizing monoscopic video inputs and sequential modeling. Optimization-based ensemble methods have been
proposed to improve classification performance in challenging tasks like detecting video authenticity.
Weighted and evolving ensembles combining 3D CNNs and CNN-RNNs have been enhanced through
particle swarm optimization (PSO) [12], which optimizes network topologies and hyperparameters. These
approaches effectively balance spatial-temporal feature extraction and classification complexity. In medical
video analysis, ResNet-based architectures, such as ResNet-50 and ResNet-101, are used for detailed
classification of medical imaging videos [13]. Techniques like data augmentation and contrast enhancement
have been adopted to enhance the robustness of these models for specialized tasks, such as lesion
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classification. For traffic state classification, the interactive multiple model (IMM) filter offers a unique
approach by combining extended Kalman filters with a multi-class macroscopic model. This method avoids
traditional training phases and provides accurate state estimations and classifications, such as distinguishing
between free-flow and congested traffic states [14]. These varied methodologies illustrate the breadth of
video classification research, highlighting innovations that leverage advancements in deep learning,
optimization techniques, and domain-specific adaptations to tackle challenges across diverse application
areas. Despite these advancements, challenges persist in achieving high accuracy across diverse datasets and
efficiently handling complex video sequences. Recent studies have explored optimizing the LRCN
architecture through modifications in filter size, depth, and recurrent layers, aiming to improve its
effectiveness in video classification tasks. This work builds on these advancements by proposing an
enhanced LRCN model, addressing the limitations of the standard architecture, and demonstrating its
improved performance on three benchmark datasets: DynTex, UCF11, and UCF50.

3. METHOD

3.1. Dataset

To evaluate the effectiveness of our proposed model, we conducted experiments on three widely
recognized and diverse datasets, each designed to challenge different aspects of video classification
performance:

— DynTex: The dynamic texture dataset comprises videos that capture natural scenes with dynamic patterns
[15], such as flowing water, waving foliage, and flickering flames [15]. These videos emphasize the
temporal aspect of motion and require models to effectively capture fine-grained temporal dynamics.
The dataset is ideal for evaluating the capability of video classification models to recognize subtle and
continuous patterns across frames.

— UCF11: Also known as the YouTube action dataset, UCF11 contains 11 categories of human activities
[16] such as biking, diving, and walking. The videos in this dataset feature diverse environments [17],
camera angles, and action speeds, providing a balanced mix of spatial and temporal challenges. It serves
as a benchmark for models to classify human actions with moderate complexity.

— UCF50: This is a larger and more complex dataset compared to UCF11, featuring 50 action categories
[18] ranging from athletic activities like basketball and soccer to everyday actions such as brushing teeth
and playing guitar. The dataset includes significant variations in lighting conditions, background clutter,
camera motion, and action dynamics. These characteristics make UCF50 a rigorous benchmark for
evaluating a model’s ability to generalize across diverse and challenging scenarios.

Each dataset was selected to test the model’s performance at varying levels of complexity, from
recognizing subtle temporal patterns in dynamic textures to identifying intricate human activities under real-
world conditions. By using these datasets, we ensure a comprehensive evaluation of the proposed model,
highlighting its robustness and adaptability across different video classification tasks.

The datasets were preprocessed to standardize video resolution and frame rates, ensuring
compatibility with the input requirements of our model. For each dataset, we split the data into training,
validation, and testing sets to rigorously evaluate the model’s learning ability, generalization performance,
and resistance to overfitting. The diversity in these datasets allows for a detailed assessment of the model’s
strengths and limitations in video classification.

3.2. Long-term recurrent convolutional networks

The LRCN is a deep learning architecture that takes a sequential approach to video classification,
effectively integrating spatial and temporal analysis to interpret dynamic video content. LRCN combines two
powerful components: CNNs and LSTM networks. Initially, CNNs are employed to extract spatial features
from individual video frames [19]. CNNs are a class of neural networks specifically designed to recognize
visual patterns such as shapes, textures, edges, and objects by applying convolutional filters across the input
image. These spatial features provide critical information about the content and structure of each frame,
forming the foundation for subsequent temporal analysis. Unlike traditional methods that treat frames
independently, the extracted spatial features are then passed to an LSTM network [20], LSTM is a type of
RNN capable of modeling long-term temporal dependencies. It uses memory cells and gating mechanisms to
selectively retain or forget information over time, making it particularly suitable for sequential data such as
videos. This enables the LRCN to capture how visual information evolves across frames, including motion
patterns [20], object interactions [21], and sequential events [22]. Figure 1 illustrates the LRCN architecture,
showing the sequential flow from frame-wise CNN feature extraction to LSTM-based temporal modeling.

In recent advancements in video classification, architectures that combine convolutional layers with
sequential processing, like the LRCN, have demonstrated significant promise. Following our previous study
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[71, which showed that LRCN outperformed ConvLSTM in terms of both accuracy and robustness for video
classification tasks, we aimed to further refine the LRCN architecture to improve its performance on diverse
video datasets.

Visual Sequence
Input Features Learning  Output

Figure 1. The LRCN architectures

3.3. Our model

Our proposed model builds upon the foundational principles of LRCN, but introduces several key
enhancements to improve performance in video classification tasks. While LRCN combines CNNs and
LSTM networks [23], we focus on optimizing certain architectural elements to boost the model’s ability to
handle complex video datasets.

In our model, we have reconfigured the size of the convolutional filters. The standard LRCN
architecture typically uses fixed filter sizes, but we explore the impact of varying these filter sizes to better
capture spatial features at different granularities. Larger filters allow the network to capture broader spatial
patterns, while smaller filters help in focusing on finer details. This dynamic adjustment enables our model to
better adapt to the complexities of different video datasets. Similar to LRCN, our model utilizes time-
distributed convolutional layers. These layers operate independently on each frame of the video sequence,
ensuring that the spatial features are extracted frame by frame without disturbing the temporal order.
By maintaining the sequence’s integrity, we preserve the temporal dynamics between frames, which is
crucial for understanding motion and actions in videos. Figure 2 shows the overview of the proposed video
classification pipeline.
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Figure 2. Overview of the proposed video classification pipeline

As illustrated in Figure 2, the proposed video classification framework follows a structured pipeline
that integrates video preprocessing and deep spatio-temporal learning. The process starts with a raw video
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file, from which a fixed number of frames are extracted to preserve temporal consistency across all samples.
These frames are then subjected to preprocessing steps, including frame extraction, resizing, and
normalization, ensuring standardized input dimensions and stable training behavior.

After preprocessing, the processed frames are forwarded to the LRCN-based video classification
module. Each frame is independently processed using time-distributed convolutional layers, allowing spatial
feature extraction while maintaining the temporal order of the video sequence. The CNN encoder is
composed of multiple Conv2D layers with progressively increasing numbers of filters (e.g., 16, 32, 64, and
128), each followed by MaxPooling2D layers to reduce spatial resolution and computational complexity.
This hierarchical convolutional design enables the network to capture low-level features such as edges and
textures in early layers, while deeper layers focus on more abstract and discriminative spatial representations.

The extracted frame-level features are then flattened and arranged into a temporal feature sequence,
which is fed into an LSTM layer to model long-term temporal dependencies and motion dynamics across
frames. Finally, a dense layer followed by a classification layer produces the predicted class label for the
input video. This pipeline effectively combines spatial and temporal learning, providing a robust framework
for video classification. Figure 3 details the internal architecture of the proposed LRCN network, including
the convolutional blocks and the temporal modeling components.
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Figure 3. Detailed architecture of the proposed LRCN model

4. RESULTS AND DISCUSSION

The results demonstrate the effectiveness of the proposed model, which outperforms both
ConvLSTM and LRCN across all datasets DynTex, UCF11, and UCF50 achieving superior accuracy levels.
This underscores the robustness and adaptability of the proposed model in addressing diverse video
classification challenges. Table 1 shows the comparison of video classification methods.

Table 1. Comparison of video classification methods

Method DynTex UCF11 UCF50

ConvLSTM [23] 0.56 0.62 0.79
LRCN [7] 0.71 0.77 0.93
BT-LSTM [24] N/A 0.85 N/A
DEEPEYE [25] N/A 0.86 N/A
TR-LSTM [26] N/A 0.87 N/A
KCP-LSTM [27] N/A 0.88 0.87
HT-LSTM [28] N/A N/A 0.76
Fusion feature [29] N/A N/A 0.91
Proposed model 0.90 0.92 0.94

The table provides a comprehensive comparison of multiple deep learning models evaluated on
three widely used video classification datasets: DynTex, UCF11, and UCF50. The models compared include
well-established baseline architectures such as ConvLSTM and LRCN, as well as more advanced and
specialized models, including BT-LSTM, DEEPEYE, TR-LSTM, KCP-LSTM, HT-LSTM, and fusion
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feature-based methods. Performance metrics are presented in terms of classification accuracy. On the
DynTex dataset, only two models ConvLSTM and LRCN report results, with classification accuracies of
0.56 and 0.71, respectively. These results demonstrate the limitations of earlier recurrent architectures in
capturing the subtle temporal dynamics of texture-based sequences. In contrast, the proposed model
significantly outperforms these methods with an accuracy of 0.90, suggesting its superior ability to model
temporal dependencies and spatial patterns inherent in dynamic textures. The UCF11 dataset sees broader
model coverage. Traditional methods like ConvLSTM and LRCN achieve accuracies of 0.62 and 0.77,
respectively, while more recent models such as BT-LSTM (0.85), DEEPEYE (0.86), TR-LSTM (0.87), and
KCP-LSTM (0.88) demonstrate incremental improvements by integrating deeper temporal modeling and
attention mechanisms. Nevertheless, the proposed model achieves the highest accuracy of 0.92, underscoring
its enhanced generalization and feature representation capabilities in the context of real-world human action
videos. On the more challenging UCF50 dataset, which includes a larger and more diverse set of action
classes, performance results continue to improve with more advanced architectures. LRCN achieves a strong
accuracy of 0.93, while KCP-LSTM and the fusion feature methods reach 0.87 and 0.91, respectively.
Notably, the proposed model leads again with the best overall performance of 0.94, indicating its robustness
and adaptability across different types of video data, even in the presence of intra-class variability and
complex motion patterns. Overall, the proposed model consistently outperforms all compared methods across
the three datasets. Its superior performance can be attributed to enhanced temporal modeling, better spatial-
temporal feature fusion, and possibly the use of more effective training strategies or architectural innovations.
These results validate the model’s effectiveness and make it a strong candidate for further applications in
video understanding tasks such as surveillance, activity recognition, and content-based video retrieval.

As illustrated in Figure 4, the comparison demonstrates that the proposed architecture consistently
outperforms the baseline LRCN across all evaluated datasets. On the DynTex dataset, the proposed
architecture achieves a substantial improvement in accuracy, highlighting its enhanced ability to capture
complex dynamic texture patterns. Similar significant gains are observed on the UCF11 dataset, reflecting
more effective temporal modeling of human actions. On the UCF50 dataset, although the improvement is
smaller, the proposed architecture still attains the highest accuracy, confirming its robustness on larger and
more diverse action categories. Overall, these results validate the effectiveness of the proposed architectural
enhancements and demonstrate their contribution to improved spatio-temporal feature representation in video
classification tasks.

Acclugacy Comparison between Baseline LRCN and Proposed Architecture

N Baseline LRCN
Proposed Architecture

0.8

0.6

Accuracy

0.4

0.2

0.0
DynTex UCF11 UCFS0
Datasets

Figure 4. Comparison between baseline LRCN and new proposed architecture

5. CONCLUSION AND FUTURE WORK

In this study, we proposed an enhanced LRCN for video classification. Through targeted
architectural refinements and improved temporal modeling, our model effectively captured detailed spatio-
temporal patterns. It achieved accuracies of 0.90 on DynTex (+26.8% over the standard LRCN), 0.92 on
UCF11 (+19.5%), and 0.94 on UCF50 (+1.1%), consistently outperforming ConvLSTM, LRCN, and other
state-of-the-art methods. These results demonstrate the robustness and versatility of the enhanced LRCN in
capturing complex spatial and temporal dynamics across diverse video datasets.

Looking ahead, future research could focus on integrating self-attention mechanisms or transformer
blocks into the LRCN architecture to further enhance temporal feature modeling. This integration would
allow the model to capture long-range dependencies more effectively across video frames, potentially
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improving action recognition in complex or long-duration sequences. Additionally, exploring cross-
domain transfer learning could evaluate the model’s generalization ability to unseen datasets and diverse
video types, directly addressing current limitations of the enhanced LRCN. Overall, these directions provide
promising avenues to advance the development of more accurate, adaptable, and efficient video classification
models.
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