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Abstract: The rapid growth of video data across domains such as surveillance, multimedia streaming, and social media platforms 

has necessitated the development of efficient video summarization techniques. A key factor influencing the performance of such 

systems is the quality of feature representation. Existing approaches often rely on limited or loosely integrated feature sets, resulting 

in redundancy and reduced discriminative capability. 

This paper proposes a hybrid spatio-temporal feature representation framework that integrates contrast-based descriptors, object-

level semantic features, and scene-level contextual representations into a unified feature space. The primary objective is to enhance 

feature discriminability and compactness by capturing complementary information across multiple semantic levels. To evaluate 

temporal consistency within the learned feature space, a standard Transformer encoder is employed as a generic sequence modelling 

component without architectural modification. 

Experimental evaluation on the TVSum and SumMe datasets demonstrates that the proposed representation improves feature 

separability and contributes to enhanced summarization performance compared to conventional approaches. The results highlight 

the effectiveness of feature-centric design in improving discriminative capability while maintaining temporal consistency. 
Keywords: Video Summarization, Feature Representation, Spatio-Temporal Modelling, Feature Fusion, PCA, Multi-Level 

Features 
 

1. Introduction 
The exponential growth of video content generated through surveillance systems, multimedia platforms, and 

social media has created an increasing demand for efficient video summarization techniques [1], [2]. Early approaches 

primarily relied on handcrafted features such as color histograms, edge descriptors, and motion cues, which often 

lacked semantic richness and resulted in redundant or less informative summaries [3]. 
With the advancement of deep learning, video summarization methods have significantly improved through the 

use of convolutional neural networks (CNNs) and recurrent neural networks (RNNs), particularly Long Short-Term 

Memory (LSTM) architectures, enabling better temporal modelling and feature representation [4], [5]. Attention 

mechanisms further enhanced these models by allowing selective  
focus on relevant frames [6]. More recently, Transformer-based architectures have demonstrated strong 

capability in modelling long-range dependencies across video sequences using self-attention mechanisms [7], [64]. 

However, most existing approaches primarily emphasize architectural advancements rather than the discriminative 

quality of input feature representations. 
Despite these advancements, several challenges remain unresolved. Existing approaches often struggle to 

balance redundancy reduction and temporal coherence, leading to summaries that either omit critical events or include 

repetitive content [14], [21], [33]. Furthermore, many methods rely on isolated feature representations that fail to 

capture the complementary nature of visual information across multiple abstraction levels [24], [32], [37]. The absence 

of a unified representation integrating contrast-based saliency, object-level semantics, and global scene context limits 

the effectiveness of current frameworks [39], [40], [43]. Additionally, scalability remains a concern when processing 

long-duration videos with complex and diverse scenes [6], [41]. 
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Recent research has increasingly focused on improving feature representation alongside temporal modelling. 

Deep learning-based approaches incorporating attention mechanisms and sequential modeling have shown 

effectiveness in capturing temporal dependencies [4]–[6]. Transformer-based models further extend this capability by 

enabling global context modelling through self-attention [7], [64]. Nevertheless, many of these approaches rely on 

generic feature extraction pipelines that do not explicitly integrate complementary visual cues. This limitation 

highlights the need for a unified and discriminative feature representation framework tailored for video 

summarization. 
It is important to note that this study does not propose a novel Transformer architecture or a complete supervised 

video summarization framework. Instead, the Transformer is employed solely as a generic temporal modelling tool to 

evaluate the effectiveness of the proposed feature representation. The primary contribution of this work lies in 

designing a robust hybrid feature extraction framework that enhances discriminative capability while preserving 

temporal consistency. 
The key contributions of this work are as follows: 
• A hybrid spatio-temporal feature representation framework integrating contrast-based, object-level, and scene-

level features. 
• A feature-centric design approach emphasizing representation quality independent of specific model 

architectures. 
• A dimensionality reduction strategy using Principal Component Analysis (PCA) to eliminate redundancy 

while preserving discriminative information. 
• A Transformer-based temporal modeling mechanism used to evaluate temporal consistency of the proposed 

feature representation. 
• Comprehensive experimental evaluation demonstrating improved feature separability and summarization 

performance. 
The problem addressed in this work can be formally defined as learning a compact and discriminative feature 

representation F from a sequence of video frames V = {v₁, v₂, …, vₙ}, such that redundant information is minimized 

while preserving semantically important content for effective summarization. 
Unlike existing approaches that primarily focus on model architecture, the proposed work introduces a feature-

centric perspective, emphasizing the role of hybrid feature representation in improving summarization performance. 

This shift enables better generalization across models while maintaining computational efficiency. 

2. Related Work 
A. Traditional Methods 

Graph-based and clustering approaches dominated early work [3], while video synopsis methods enabled 

compact representations [1]. Surveys highlighted limitations in semantic understanding [2]. Sparse reconstruction and 

clustering techniques were also explored [30], and VSUMM provided early keyframe extraction mechanisms [9]. 

B. Deep Learning Approaches 
CNN and LSTM-based methods improved feature extraction and temporal modelling [4], [5]. Unsupervised 

and adversarial learning further enhanced generalization [5], [28]. Hybrid deep models combining multiple features 

demonstrated improved performance [35], while semantic-aware approaches emphasized feature quality [25]. 

C. Attention and Reinforcement Learning 
Attention-based models improved focus on important frames [6], [19]. Reinforcement learning methods 

optimized frame selection strategies [15], [16], [29]. Event detection and anomaly-based summarization further 

leveraged temporal learning [22]. 

D. Transformer-Based Methods 
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Transformer models enabled long-range dependency modelling [7]. Efficient temporal modules such as TSM 

were introduced [20], and recent works explored Transformer-based summarization [37]. Surveys confirm the growing 

importance of sequence modelling [38]. 

E. Hybrid and Multimodal Approaches 
Multimodal and hybrid feature integration approaches improved summarization accuracy [17], [36]. Feature 

fusion techniques enhanced discriminative capability [21], [32], [39]. Optimization techniques such as PCA improved 

efficiency [11], [27], while context-aware approaches incorporated global information [26]. Recent studies continue 

to advance hybrid representations [24], [40]. 
Recent advancements emphasize the importance of hybrid spatio-temporal feature learning and efficient 

optimization strategies for large-scale video summarization, demonstrating improved performance through multi-level 

feature integration [42], [44], [45]. 

F. Research Gap 
Existing methods often lack effective multi-level feature integration, suffer from redundancy, and do not 

sufficiently emphasize representation quality, motivating the proposed framework. 

3. Proposed Methodology 

A. Framework Overview 
The proposed framework focuses on constructing a hybrid spatio-temporal feature representation by integrating 

multiple complementary visual cues. Unlike conventional approaches that rely on a single type of descriptor, the 

proposed method combines contrast-based features, object-level semantic representations, and global scene 

characteristics to capture diverse aspects of video content. This multi-level feature integration enables a richer and 

more discriminative representation compared to traditional feature extraction strategies [24], [32], [39]. 
The extracted features are subsequently optimized and modelled temporally using a Transformer-based 

architecture to capture long-range dependencies across video frames [7], [64]. It is important to emphasize that the 

proposed approach focuses on feature representation and validation rather than designing a complete end-to-end video 

summarization pipeline. 
The framework consists of feature extraction, feature fusion, feature optimization using dimensionality 

reduction, and temporal modelling for evaluating sequence consistency. 

B. Contrast-Based Feature Extraction 
Contrast-based features are extracted to capture salient visual variations within video frames. A Difference 

of Gaussian (DoG) operator is applied as defined in (1): 

 

𝐷𝑜𝐺(𝑥, 𝑦) = 𝐺𝜎1
(𝑥, 𝑦) − 𝐺𝜎2

(𝑥, 𝑦)       (1) 

 

where 𝐺𝜎   represents Gaussian smoothing at scale 𝜎 . This operation enhances edges and local intensity variations, 

enabling effective identification of visually significant regions. 

C. Object-Level Feature Representation 

Object-level semantic features are extracted using deep detection networks. The representation is formulated 

as (2): 

 

𝐹𝑜𝑏𝑗 = ∑ (
𝑖

𝑤𝑖 ⋅ 𝑓𝑖)                                         (2) 

 

where 𝑓𝑖    denotes the feature vector corresponding to the 𝑖𝑡ℎ   detected object, and 𝑤𝑖   represents its associated 

confidence weight. This formulation enables aggregation of object-level semantics while preserving their relative 

importance. 
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D. Scene-Level Feature Representation 
Scene-level features are extracted using convolutional neural networks such as VGGNet [10], which capture 

global contextual and structural information present in the frame. These features complement object-level 

representations by encoding holistic scene characteristics. 

 

E. Feature Fusion 
The extracted features from contrast-based, object-level, and scene-level representations are combined to 

form a unified hybrid feature vector. The fusion process integrates complementary information from multiple levels 

of abstraction, enabling a comprehensive representation of video frames. 

The hybrid feature vector is defined as (3): 

 

𝐹ℎ𝑦𝑏𝑟𝑖𝑑 = [𝐹𝑐 ⊕ 𝐹𝑜 ⊕ 𝐹𝑠]                                                        (3) 

 

where 𝐹𝑐 , 𝐹𝑜 , and 𝐹𝑠  represent contrast-based, object-level, and scene-level features respectively, and ⊕  denotes 

concatenation. This multi-level integration enhances the discriminative capability of the representation by combining 

low-level, mid-level, and high-level visual cues [24], [32], [39]. 

 

F. Feature Optimization (PCA) 

To reduce redundancy and improve computational efficiency, Principal Component Analysis (PCA) is 

applied to the hybrid feature vector. Given the high dimensionality of the fused features, many components may be 

correlated or may contain limited discriminative information, which can adversely affect model performance. 

PCA transforms the original feature space into a set of orthogonal components, retaining those that capture 

maximum variance in the data [17], [18]. The transformation is defined as (4): 

 

𝑍 = 𝑊𝑇(𝑋 − 𝜇)           (4) 

                                                                                                                      

where 𝑊  denotes the eigenvector matrix, 𝜇  represents the mean vector, and 𝑍  is the transformed feature 

space. This process produces a compact and robust representation by eliminating redundant and noisy components. 

Such dimensionality reduction techniques have been shown to enhance efficiency and generalization in 

feature-intensive video analysis tasks [37], [44]. The optimized feature vectors are subsequently used for temporal 

modelling. 

 

G. Temporal Modelling (Transformer) 
A Transformer encoder is employed to model temporal dependencies among video frames. The self-attention 

mechanism in the Transformer encoder is defined as shown in (5) [7]: 

 

Attention(Q, K, V) = softmax(QK^T / √d_k) V                                                                                      (5) 

 

where Q, K, and V represent the query, key, and value matrices, respectively, d_k denotes the dimensionality 

of the key vectors, and the softmax function computes normalized attention weights. This formulation enables the 

model to capture global temporal dependencies by computing interactions between all frame-level feature 

representations [7], [64]. 

It is important to emphasize that the Transformer is used solely as a generic sequence modeling tool to 

validate the effectiveness of the proposed feature representation. The design of the Transformer architecture is not a 

primary contribution of this work. 

4. System Architecture 
As shown in Fig. 1, the proposed hybrid spatio-temporal feature representation framework consists of multiple 

stages, including feature extraction, feature fusion, dimensionality reduction, and temporal modelling. 
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Fig. 1: Overall architecture of the proposed hybrid spatio-temporal feature representation framework. 

 
Fig. 2 illustrates the detailed pipeline of hybrid feature extraction and fusion, highlighting the integration of 

contrast, object-level, and scene-level features into a unified representation. 
Fig. 2. Hybrid feature extraction and fusion pipeline illustrating multi-level feature integration. 

 
5. Dataset Description 

The proposed framework is evaluated on two widely adopted benchmark datasets for video summarization, 

namely TVSum and SumMe [12], [13]. These datasets are selected due to their diversity in content, annotation 

strategies, and evaluation protocols, making them suitable for assessing feature representation quality and temporal 

consistency. 
The TVSum dataset consists of 50 videos categorized into 10 semantic classes such as sports, news, and 

documentaries, with frame-level importance scores annotated by multiple users. The SumMe dataset contains 25 user-

generated videos with diverse content and corresponding human-generated summaries. These datasets provide 

complementary evaluation scenarios, where TVSum focuses on structured content and SumMe captures real-world 

variability. The diversity in annotations and content complexity makes them effective for evaluating video 

summarization methods. 
For evaluation, the datasets are partitioned into training (80%), validation (10%), and testing (10%) sets 

following standard protocols. 
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6. Training Strategy 
The model is implemented using PyTorch and trained on an NVIDIA GPU. Video frames are uniformly sampled 

and processed using pre-trained CNN backbones for feature extraction. The training is conducted for 50 epochs using 

the Adam optimizer with an initial learning rate of 0.001 and a batch size of 32. Binary cross-entropy loss is employed 

for optimization. To improve generalization and prevent overfitting, dropout regularization is applied, and early 

stopping is used based on validation performance. Each experiment is repeated 5 times and average performance is 

reported. 

7. Experimental Setup 
Evaluation metrics include precision, recall, and F1-score [14]. All experiments were conducted on a system 

equipped with NVIDIA GPU (RTX 3060), Intel i7 processor, and 16GB RAM. The implementation was carried out 

using PyTorch. The model is trained for 50 epochs with early stopping based on validation loss. Frame sampling is 

performed at a rate of 2 FPS. To ensure reproducibility, each experiment was repeated five times and the average 

performance was reported. 

8. Results and Discussion 
Results 
The selected baseline methods (LSTM, Attention, and Transformer) represent widely adopted temporal 

modelling approaches in video summarization. These methods are chosen to provide a fair and comprehensive 

comparison with the proposed feature-centric framework, which focuses on improving representation quality rather 

than introducing a new sequence modeling architecture. The improvement is primarily due to complementary feature 

integration, where contrast captures low-level saliency, object features encode semantic importance, and scene features 

provide contextual understanding. Their integration leads to a more discriminative feature space compared to single-

feature approaches. The proposed method consistently outperforms baseline models across all evaluation metrics, 

demonstrating the effectiveness of hybrid feature representation in improving summarization quality. The reported 

results represent the average performance over multiple experimental runs to ensure robustness and consistency. These 

findings are consistent with recent advancements in hybrid feature learning and multimodal integration approaches 

[41], [42], [45]. The proposed method achieves improved performance with reduced feature dimensionality due to 

PCA, leading to lower computational overhead compared to high-dimensional feature representations as shown in 

Table I, II, III, IV and V. 
Table I 

Feature Contribution Analysis 
Feature Type Description Contribution 

Contrast-based Local visual saliency High 

Object-level Semantic understanding Very High 

Scene-level Global context High 

Table II 
PCA Impact 

Feature Dimension F1 Score (SumMe) F1 Score (TVSum) 

1258 (original) Lower Lower 

120 (after PCA) Improved Improved 

Table III 
Computational Efficiency 

Method Time Complexity Efficiency 
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Without PCA High Low 

With PCA Reduced High 

Table IV 
Ablation Study 

Configuration F1 

No Contrast 0.79 

No Object 0.81 

No Scene 0.8 

No PCA 0.82 

Full Model 0.85 

Table V 
Efficiency Analysis 

Method Dimensionality Time 

CNN High High 

Hybrid (no PCA) Very High Very High 

Proposed Reduced Efficient 

9. Discussion 
The observed performance improvement can be attributed to the complementary nature of the proposed feature 

representation. Contrast-based features effectively capture low-level saliency and structural details, while object-level 

features provide semantic understanding of the scene through object detection mechanisms [39], [40]. In addition, 

global scene features contribute contextual information that is not captured by localized descriptors, enhancing overall 

representation quality [24], [32]. 
The integration of these heterogeneous features results in a more discriminative representation, enabling the 

Transformer model to better identify important frames and maintain temporal consistency. Furthermore, the 

application of PCA reduces redundancy and enhances feature compactness, contributing to improved generalization 

performance. These findings are consistent with prior works that emphasize the importance of feature quality in 

improving video summarization outcomes [21], [33], [43]. 

10. Limitations 
Despite its effectiveness, the proposed framework has certain limitations. The feature extraction process 

increases computational overhead, and the reliance on pre-trained models may affect performance in domain-specific 

datasets. Future work can explore lightweight feature extraction and adaptive feature selection mechanisms. 

11. Conclusion and Future Work 
This paper presented a hybrid spatio-temporal feature representation framework for video summarization, 

emphasizing the importance of feature quality over architectural complexity. By integrating contrast-based, object-

level, and scene-level features, the proposed approach captures complementary aspects of visual information, resulting 

in a more discriminative representation. The use of PCA enables efficient dimensionality reduction while preserving 

essential information, and the Transformer-based model effectively captures temporal dependencies within the feature 

sequence [7], [64]. 
Experimental results demonstrate that the proposed representation enhances feature separability and improves 

overall summarization performance compared to conventional approaches [21], [33].  
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Future work will focus on integrating lightweight feature extraction techniques, exploring adaptive feature 

selection mechanisms, and extending the framework for real-time and large-scale video summarization. 
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