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A B S T R A C T

Video summarization is realized as an automated process of reducing long videos into compact representations 
that effectively describe their content and significance. Video summarization techniques are limited by their high 
computational resource needs, lack of ability to model long-term dependencies properly, redundancy from 
frame-to-frame representation, and lack of interpretability. To address these challenges, this paper proposes a 
novel unsupervised video summarization framework, BiSpiDRL_DOA, that integrates interpolation, hybrid 
transformer-based temporal modeling, optimized keyframe selection, and explainable caption generation. 
Initially, video frames are extracted and enhanced through Kolmogorov-Arnold Neural Network (KANN)-based 
interpolation and multi-feature fusion. A hybrid Vision Transformer-Swin Transformer (ViT_Swin) model is then 
employed to estimate frame-level importance scores. Keyframes are selected using a Binarized Spiking Deep 
Reinforcement Learning (BiSpiDRL) model optimized by the Dream Optimization Algorithm (DOA) to reduce 
redundancy and improve selection accuracy. Furthermore, a BLIP-based caption generation module combined 
with Grad-CAM produces interpretable textual summaries in Kannada. To support privacy-preserving deploy
ment, Federated Learning (FL) is incorporated for distributed model training without sharing raw video data. 
Experimental results demonstrate the effectiveness of the proposed framework, achieving a 0.98 success rate, 
0.97 sensitivity, 0.96 PPV, and 0.96 F1-score, indicating its suitability for efficient and interpretable real-time 
video summarization.

1. Introduction

Video is a source of information that is a moving image generated by 
electronic devices. Social media platforms generate a large volume of 
videos, so video summarization is the process of converting a long video 
into a shorter one without losing any essential information from the 
original video [1].

1.1. Overview of video summarization

With the rapid growth of digital media platforms like YouTube, 
Facebook, TikTok, and Instagram, video has become a dominant form of 
entertainment, data dissemination, and communication [2]. Video 
summarization is a way to quickly access information contained in 
videos without having to view the entire video [3]. The process of video 
summarization keeps the key semantics of the original video, so users 

can find and interpret the key messages contained within the original 
video quickly. The process of summarization also produces dynamic 
summaries that are more engaging to viewers and provide a more 
comprehensive representation of time-relevant information [4].

1.2. Importance of video summarization

Video summarization technology is an essential tool for rapidly 
locating, accessing, organizing, and analyzing video content from mul
tiple fields [5]. Video summarization technology is commonly used in 
entertainment industries, for example, movie trailers, teasers, and re
ality show trailers [6]. Video summarization technology can be benefi
cial in many different ways, for instance, conserving time and enabling 
users to access the most essential details about an event [7]. For 
example, in sporting events, video summarization can preserve a 
moment of excellence; in education, it preserves important information 
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that students can reference later after their class; in the area of sur
veillance, it can be applied for efficient video monitoring; and in satel
lite- or marine-related video processing, such as military, police, etc., it 
also provides an effective means to analyze the content being processed. 
Video summarization is a growing component within the digital revo
lution. These applications highlight the importance of video summari
zation in modern digital ecosystems [8].

1.3. Video summarization using DL

Video summarization has greatly benefited from recent progress in 
artificial intelligence, Machine Learning (ML), and DL technologies; in 
particular, DL models allow for the automatic extraction of both spatial 
and temporal characteristics from a video and thus produce better- 
quality summaries than other types of summaries [9]. Deep learning 
(DL) techniques are very effective in handling the analysis of video 
content produced at high frame rates, as well as for virtual reality videos 
and short clips on social networking sites [10]. With the rise in popu
larity of video sharing platforms such as TikTok, Instagram, and You
Tube Shorts, deep-learning video summary models can now be used to 
understand video content instantly [11]. Some DL video summarization 
models are Convolutional Neural Networks (CNN), Artificial Neural 
Networks (ANN), and Graph Neural Networks (GNN) but also traditional 
models like Random Forest (RF) and Support Vector Machine (SVM) 
models [12].

1.4. Challenges and motivations

While considerable advances have been made in video summariza
tion, the research area still faces large challenges related to computa
tional complexity, modeling long-range temporal relationships, 
redundancy of selected keyframe, and generalization of video summa
rization models across diverse video domains. The video summaries 
created through the most commonly used methods employ the use of 
supervised learning techniques that depend heavily on large amounts of 
annotated data in order for these methods to scale. Most current 
methods struggle with longer videos and cannot provide interpretability 
to users, thereby limiting their applicability in real-world scenarios.

Existing video summarization approaches typically employ a single 
feature extractor, a standalone temporal modeling strategy, or super
vised keyframe selection techniques. Such approaches often suffer from 
limited semantic representation capability, poor long-range dependency 
modeling, redundancy in selected keyframes, lack of interpretability, 
and privacy concerns.

Current video summarization methods generally use only one feature 
extractor, a stand-alone temporal modeling method, or supervised key 
frame selection methods. The methods mentioned above can have a 
limited ability to represent meaning, a poor ability to model the long- 
range dependency, redundancy in the selected keyframes, lack of 
interpretability, and privacy concerns.

Although several video summarization methods have reported 
promising performance, simpler architectures based on a single feature 
extraction network, a standalone temporal modeling strategy, or con
ventional keyframe selection mechanisms remain insufficient for 
addressing the diverse challenges associated with real-world video 
summarization. A single feature extractor may capture only a limited 
range of semantic and spatial characteristics, reducing the ability to 
represent complex video content comprehensively. Likewise, relying on 
a single temporal modeling architecture may emphasize either global 
dependencies or local contextual relationships, while failing to capture 
both effectively. Conventional supervised keyframe selection methods 
further require extensive frame-level annotations and often produce 
redundant summaries that do not adequately represent the complete 
video content. In addition, most existing approaches provide limited 
interpretability and do not address privacy concerns arising from 
centralized data processing. Therefore, a more comprehensive 

framework is required to simultaneously improve feature representa
tion, temporal understanding, keyframe diversity, interpretability, and 
privacy preservation. This motivation forms the basis for the proposed 
architecture, where each component is incorporated to address a specific 
limitation that cannot be effectively resolved using simpler standalone 
alternatives.

To overcome these challenges, this research suggests the develop
ment of an unsupervised video summarization framework which can 
capture both temporal and semantic information of the video content 
and minimize the redundancy in generating video summary. This 
framework does not have to be created manually and hence it is more 
scalable for multiple video formats.

The proposed framework addresses the above limitations through a 
carefully designed combination of complementary modules. KANN- 
based interpolation improves temporal continuity by generating 
smooth intermediate frame representations. Ensemble feature extrac
tion using ConvNeXt, EfficientNetV2, and ShuffleNet captures both rich 
semantic information and computationally efficient spatial representa
tions. Hybrid ViT-Swin temporal modeling simultaneously learns global 
temporal dependencies and local contextual relationships that cannot be 
effectively captured using either transformer individually. For keyframe 
selection, BSNN reduces computational complexity through binary 
spiking operations, while DRL enables annotation-free optimization of 
summary quality. DOA further refines the selected keyframes by mini
mizing redundancy and maximizing representativeness. BLIP-based 
caption generation integrated with Grad-CAM enhances interpret
ability, whereas FL facilitates privacy-preserving deployment in 
distributed environments. Therefore, the proposed architecture is not a 
simple aggregation of models but a task-oriented integration in which 
each component addresses a specific challenge of video summarization.

The framework further incorporates both optimization and the 
combination of Explanatory Artificial Intelligence (XAI) techniques in 
order to develop both efficient video summaries and a means for 
providing interpretive responses by improving the video frame selection 
and summation of relevant text and to easily adapt this technology to be 
able to provide services for real-life applications.

1.5. Research contribution

The contribution of the research can be. 

• The proposed BiSpiDRL_DOA framework presents a unified unsu
pervised video summarization architecture that integrates temporal 
interpolation, ensemble feature extraction, hybrid transformer-based 
temporal modeling, optimized keyframe selection, explainable 
caption generation, and federated learning to address redundancy, 
interpretability, and privacy challenges.

• The novelty of the proposed framework lies in the synergistic inte
gration of complementary modules, where each component ad
dresses a specific limitation of existing video summarization systems, 
enabling accurate summarization without requiring frame-level 
annotations.

• A novel BiSpiDRL_DOA-based keyframe selection mechanism is 
developed by integrating BSNN, DRL, and DOA to improve keyframe 
representativeness while reducing redundancy and computational 
complexity.

• Temporal interpolation using KANN is incorporated to enhance 
temporal continuity and summary smoothness by generating infor
mative intermediate frame representations.

• Ensemble feature extraction and hybrid ViT-Swin transformer-based 
temporal modeling are employed to effectively capture spatial se
mantics and long-range temporal dependencies for accurate frame 
importance estimation.

• Caption generation for the selected keyframes is performed using a 
BLIP model integrated with Grad-CAM-based explainable artificial 
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intelligence, enabling interpretable and semantically meaningful 
textual summaries.

• A privacy-aware federated learning framework is incorporated to 
support distributed model training without sharing raw video data, 
facilitating secure deployment in real-world environments.

The remainder of this paper is organized as follows: Section 2 pre
sents the literature survey, Section 3 describes the proposed framework, 
Section 4 discusses the experimental results and analysis, and Section 5
concludes the paper with future research directions.

2. Literature survey

In 2024, Y. Zhang and Y. Liu [13] presented the Bgm4Video model, a 
unique video summarization model that analyzes contextualized re
lationships across various temporal inputs, based on the graph-matching 
process. The Bidirectional Graph Transmission (BGT) model analyzes 
the multi-granularity temporal cues, and a Temporal Encoder (TE) ex
amines both coarse-grained and fine-grained contextual information 
within videos, forming the two main components. In 2025, B.Q. Vo and 
V.H. Vo [14] introduced SegSum, an unsupervised model intended for 
video summarization via the production of video skims. The majority of 
modern techniques entail training a summarizer to give individual video 
frames relevance values. These scores are then combined to determine 
scores for video segments generated through Kernel Temporal Seg
mentation (KTS). The ViSMaP model was introduced by J. Hu et al. [15] 
in 2025 and performs summarization through meta-prompting. It le
verages LLMs to generate high-quality pseudo-summaries from short 
video clip descriptions and iteratively refines them through a multi-LLM 
optimization process. In 2025, W. Li et al. [16] introduced an approach 
that improves information density while lowering computing cost via 
the Spiking Variation Graph (SpiVG) Network. It uses a dynamic ag
gregation graph reasoned that models contextual consistency and se
mantic coherence across frames in conjunction with a SNN-based 
keyframe extractor that automatically captures noteworthy temporal 
occurrences. A Variational Inference Reconstruction A module opti
mized using Evidence Lower Bound Optimization (ELBO) is used to 
manage the variability of multi-channel feature fusion, allowing for 
robust representation learning and enhanced generalization.

In 2025, S.B. Veesam and A.R. Satish [17] suggested the system focus 
on many camera streams that fuse multiple models and spatial analysis. 
It combines the detection of a person through an attention-guided 
Multimodal Fusion Network (AGMFN) and identity matching through 
the multi-head attention mechanism. 3D CNN and temporal-based net
works work together to perform the location analysis of actions and 
critical frames. DRL-based analysis is also included within the frame
work for better output productability with enhanced adaptability of the 
system over the existing system. In 2025, G. Priyanka et al. [18] sug
gested an application of DL to extract information from multimodal 
input sources, such as audio from voices and video of cheering crowds as 
well as each player's facial expressions, using a method they term 
dynamically hashed multimodal DL (DHMDL). The authors utilized 
merge sorting as a method of synchronizing the classified video frames 
based upon scoring systems to allow for parallel processing of the video 
stream. In a similar manner, Y. Lu et al. [19] discussed the methods of 
recovering high-quality video frames from event camera data in the 
presence of Rolling Shutter (RS) distortion and low frame-rate limita
tions. They describe using event cameras to generate Rolling 
RS-to-Global Shutter (GS) mappings; inverse GS-to-RS reconstruction, 
and RS frame warping techniques, thereby allowing for the application 
of robust mutual supervision of reconstructed video frame data in the 
absence of any ground truth reference data. In 2025, P.Y. Ingle and Y.G. 
Kim [20] introduced a panoramic-based video synopsis to solve and 
analyze the issues of objects for better governance and storage. The 
system includes multiple cameras sharing a common homograph and 
constructs a panorama by solving the broad viewpoints with significant 
deviations, collisions, and overlapping among the images.

In 2025, Y. Zhang et al. [21] introduced a Single Feature Enhance
ment and Temporal Recurrence Network (SETR-Net) for video saliency 
prediction. The model combines saliency context enhancement and 
temporal recurrence mechanisms to improve feature representation and 
long-range temporal dependency modeling, achieving better prediction 
accuracy than existing methods. In 2025, Y. Zhang et al. [22] suggested 
an SJ-PVC for perceptual video compression by integrating DL-based 
saliency prediction and Just Noticeable Distortion (JND). The method 
employs adaptive quantization and rate-distortion optimization to 
reduce visual redundancy, achieving significant bitrate savings while 
preserving visual quality. In 2025, Y. Zhang et al. [23] suggested a 

Table 1 
Recent work comparison.

Author Focus Technique Advantage Limitations

Zhang & Liu 
(2024)

Context-aware video 
summarization

Bidirectional Graph Matching with 
contextual correspondence

Captures long-range temporal dependencies 
and semantic relations effectively

High computational complexity; 
graph construction overhead

Vo & Vo (2025) Unsupervised video 
summarization

Attention-based temporal modeling Learns temporal dependencies without 
annotations

Performance degrades for very long 
videos

Hu et al. (2025) Long-form video 
summarization

Meta-prompting with Large Language 
Models (ViSMaP)

Removes need for manual annotations; 
strong cross-domain generalization

High computational cost and LLM 
dependency

Li et al. (2025) Graph-based video 
summarization

Spiking Variational Graph (SpiVG) 
Network

Energy-efficient, captures temporal 
uncertainty effectively

Complex training; stability issues in 
spiking networks

Veesam and 
Satish (2025)

Crime scene video 
summarization

Multimodal fusion with YOLO-based 
object detection

Accurate object-aware summarization for 
surveillance

Domain-specific and limited 
generalization

Priyanka et al. 
(2025)

Sports video summarization Dynamically Hashed Multimodal DL Efficient feature fusion; reduces redundancy Requires synchronized multimodal 
data

Lu et al. (2025) Event-based video 
interpolation

Self-supervised event-guided learning Handles rolling shutter and motion blur 
effectively

Requires event cameras; limited 
availability

Ingle & Kim 
(2025)

Surveillance video synopsis Panoramic video summarization 
framework

Efficient for long-duration surveillance 
videos

Reduced semantic richness; static 
camera assumption

Zhang et al. 
(2025)

Video saliency prediction SETR-Net with SCE and SAT modules Improves temporal modeling and prediction 
accuracy

Focused mainly on saliency 
prediction tasks

Zhang et al. 
(2025)

Perceptual video 
compression

SJ-PVC with saliency and JND 
integration

Reduces bitrate while maintaining visual 
quality

Primarily optimized for video 
compression applications

Zhang et al. 
(2025)

Semi-supervised video 
object segmentation

Pyramid-structured multi-scale 
transformer with adaptive fusion

Improves segmentation efficiency and 
reduces memory usage

Focused on video object 
segmentation applications

Zhang et al. 
(2025)

Driver attention prediction SDFF-Net with dual-branch 
spatiotemporal fusion

Improves real-time attention prediction with 
strong spatial-temporal modeling

Designed specifically for driving 
scenarios

Zhu et al. (2020) Supervised video 
summarization

DSNet Captures temporal consistency and long- 
range dependencies

Requires supervised training
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pyramid-structured multi-scale transformer for semi-supervised video 
object segmentation. The framework combines multi-scale feature 
encoding and adaptive fusion mechanisms to improve object association 
while reducing GPU memory consumption and maintaining high seg
mentation efficiency. In 2025, Y. Zhang et al. [24] introduced a 
Spatiotemporal Dual-branch Feature-guided Fusion Network 
(SDFF-Net) for driver attention prediction. The model integrates 
multi-scale spatial feature aggregation and temporal attention transfer 
mechanisms to effectively capture dynamic scene changes and improve 
gaze prediction accuracy. In 2020, W. Zhu et al. [25] introduced the 
Detect-to-Summarize Network (DSNet) for supervised video summari
zation. The model reformulates video summarization as a temporal in
terest detection problem rather than a direct regression task. It consists 
of both anchor-based and anchor-free architectures to identify key video 
segments effectively. Table 1 presents the recent work comparison.

2.1. Problem statement

Video summarization methods continue to face multiple challenges, 
such as high computational complexity arising from graph construction 
overhead and performance degradation when handling very long 
videos. Several approaches resulted in high computational cost and 
increased dependency, while others involved complex training with 
stability issues, particularly in spiking neural networks. Many existing 
solutions are domain-specific with limited generalization and require 
synchronized multimodal data, which is not applicable for real-time 
usage. The insufficiency of proper model for interpolation and the 
frame selection process leads to video summarization length and makes 
the process not efficient. Reduced semantic richness and assumptions of 
static camera conditions further constrain the effectiveness and 
robustness of current video summarization frameworks.

3. Proposed framework

The study employs a novel framework for the video summarization 
process, which includes preprocessing, interpolation, feature extraction, 
temporal modeling, frame selection, and text generation. These stages 

collectively illustrate the complete workflow of the proposed method 
and are visually represented in Fig. 1.

3.1. Video acquisition

The input video is gathered from the TVSum (V1) and SumMe dataset 
(V2) [26]. The dataset V1 contains 1 to 5 min of 50 YouTube videos, and 
the size of the dataset is 681.26 MB. The dataset V2 contains 50 
real-world videos with durations ranging from 1 to 6 min, and the size is 
approximately 24.58 GB, that can be indicated as, 

V1 =
{
v1, v2, v3,…, vβ,…vα

}
(1) 

V2 =
{
v1, v2, v3,…, vγ ,…vλ

}
(2) 

where, α denotes the total count of video in the V1 dataset, λ is the total 
count of video in the V2 dataset, vβ is the βth input video taken for the 
analysis.

3.2. Frame extraction and redundancy removal

After input collection, the video is converted into frames by using the 
Uniform Frame Sampling (UFS) [27] under a fixed time interval. In this 
process the single input video is segmented into multiple shorts, and 
each short is converted into multiple frames. It can be represented as 

v={s1, s2, s3,…, sn} (3) 

where, v is the input video, si denotes the ith sort. Each sort consists of 
samples and is defined as 

si =
{

fi,1, fi,2, fi,3,…, fi,Mn

}
(4) 

where, fi,1 denotes the first frame in the ith sort, and Mn is the total 
number of frames in the si. Once the frames get extracted under a spe
cific time interval, the duplicated frames are eliminated by the similarity 
matching function. The duplication-removed frames (f) are passed as 
the input for the preprocessing phase. The process of video-to-frame 

Fig. 1. Schematic representation of overall proposed framework.
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converting has been presented in Fig. 2.

3.3. Input preprocessing

Preprocessing is the initial stage of computer vision-based DL 
workflows, which prepares the input frames in a suitable form for 
further analysis. In this stage, the input frame is treated as an image and 
undergoes noise removal using Gaussian filtering [28], contrast 
enhancement through CLAHE [29], and min–max normalization [30] to 
rescale pixel intensities. 

i) Gaussian Filtering

It is a preprocessing technique used to reduce frames background 
noise and smooth the input by replacing each pixel with the weighted 
neighboring pixels, and the weights are calculated by using a Gaussian 
function. It effectively suppresses high-frequency noise while preserving 
important structural information in the image. The degree of smoothing 
is controlled by the standard deviation parameter, which determines the 
width of the Gaussian kernel. It can be represented as 

gf (i, j)=
1

2
∏

σ2
P
e
− i2+j2

2σ2
P (5) 

where, i and j denotes the distance on the horizontal and vertical axes, 
and σP represents the standard deviation. 

ii) Contrast Limited Adaptive Histogram Equalization (CLAHE)

It is an image-enhancement technique used to improve local contrast 
in low-light images. It operates on an amplification to avoid excessive 
noise. The noise-removed input frame is converted to grayscale and 
divided into small tiles and a histogram of gray-level intensities is 
computed for each tile. The histograms are clipped using a clip limit 
TClip, excess counts are redistributed, and a Cumulative Distribution 
Function (CDF) is used to remap pixel intensities and can be indicated as 

Ju,out(w)=

⃒
⃒
⃒
⃒
(U − 1)
N × P

Du(w)

⃒
⃒
⃒
⃒ (6) 

where, w denotes the input pixel value, N × P is the tile size, Du(w)

represents the histogram count for gray level, and U is the number of 
gray levels. 

iii) Min-Max normalization

It is a process of rescaling the input frame under pixel intensities to a 
fixed range, typically [0, 1], that improves model convergence, nu
merical stability, and robustness. The process shifts each pixel value 
relative to the minimum intensity and scales it by the overall intensity 
range of the frame. It ensures that all pixel values contribute propor
tionally during learning without changing the relative contrast struc
ture. 

Mnorm =
M − Mmin

Mmax − Mmin
(7) 

where, M denotes the initial value of the frame points, Mnorm is the frame 
point normalized value, Mmin represents the minimum value of frame 
feature, and Mmax denotes the frames maximum feature. The overall 
preprocessing technique and the frame variations have been visualized 
in Fig. 3. Finally, the preprocessed output 

(
Pframes

)
is passed as the input 

to the KANN.

3.4. Temporal interpolation using KANN

It [31] is a DL model that contains multivariate functions as com
positions of learnable univariate functions. It is chosen for its ability to 
learn splines to capture complex and nonlinear temporal relationships 
more accurately. It produces smooth intermediate frames, preserves 
subtle temporal dynamics, and allows flexible modeling with inter
pretable spline functions. In this process, the intermediate frames are 
estimated to eliminate intermediate frame representations, which 

Fig. 2. Process of video-to-frame converting.

Fig. 3. Process of frame preprocessing.
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results in a smooth motion and provides subtle transitions between 
frames. 

g
(

y1, y2,…, yp

)
=
∑2p+1

p=1
ϕr

(
∑p

q=1
ϕqr
(
Pframes

)
)

(8) 

where, ϕqr
(
Pframes

)
denotes the inner univariate transformation of pre

processed frames for intermediate node, ϕr is the outer univariate 

function, 
(

y1, y2,…, yp

)
represents the predicted intermediate frames 

for interpolation. The KANN output (IKANN), the interpolated frames, is 
then passed to the feature extraction process.

3.5. Feature extraction

It is the process of converting temporally interpolated frames into 
high-level numerical representations that capture important semantic 
and spatial information. ConvNeXt [32], EfficientNetV2 [33], and 
ShuffleNet [34] are the feature-extracting models that are used to 
extract the deep visual features. 

i) ConvNeXt

It is a CNN-based model designed to capture high-level semantic 
features and produces rich 1024-dimensional embeddings that represent 
objects, motion, and context. ConvNeXt was selected over conventional 
CNN architectures such as VGG and ResNet because of its improved 
feature representation capability, modernized design, and superior 
performance in capturing complex visual semantics. The temporally 
interpolated frames are passed through ConvNeXt to generate dense 
feature embeddings for each frame. These embeddings serve as input for 
temporal modeling and keyframe selection. The extracted feature using 
ConvNeXt can be represented as f1. 

ii) EfficientNetV2

The process begins by processing the input through the set of 
MBConv blocks, and each block performs an expanding-compressing 
process by using deep conv blocks. The Swish activation function 
helps the network to learn complex relations between pixels and 
perform smooth nonlinearity. EfficientNetV2 was chosen over tradi
tional CNN models due to its favorable balance between accuracy and 
computational efficiency, enabling effective feature extraction with 
reduced training and inference cost. As a result, the hierarchical spatial 
features are extracted from the input frames, representing semantic, 
motion, and spatial information for later temporal modeling. The 
extracted feature using EfficientNetV2 can be represented as f2. 

iii) ShuffleNet

The inputted frames were processed with the ShuffleNet model, 
which employs two techniques like group convolution and depthwise 
separable convolution. These techniques allow for the production of 
compact frame embeddings while reducing the overall computation 
needed but still enabling the capture of detailed spatial structure. 
ShuffleNet was selected because it provides lightweight feature extrac
tion with low computational overhead, making it suitable for efficient 
video summarization while preserving important spatial details. Resid
ual connections allow for the retention of important information from 
layer to layer, while the channel shuffle operation permits inter-group 
communication of all channels within the net. Using this way of com
pacting the embeddings through model networks, the net produces an 
encoding for multiscale semantic and spatial representation, that is 
combined together to provide sufficient information to perform a future 
temporal representation task. Features obtained from EfficientNetV2 are 
represented f3. The extracted features get fused together for further 
analysis, and it can be indicated as 

F=
(
f1 + f2 + f3

)
(9) 

The fused features (F) are subjected to the hybrid transformer model 
for probability checking among the frames and the ensemble extracting 
process visualized in Fig. 4.

3.6. Temporal modeling using hybrid transformers

ViT_Swim is a transformer model that integrates the Vision (ViT) 
[35] transformer for long-range dependencies and the Swim transformer 
[36] for contextual relationship prediction among features. In this phase 
of temporal modeling, using a hybrid transformer model resulted in 
linear prediction among frames that produces frame-level importance 
probabilities. 

i) ViT

It is a DL-based transformer model used to identify the frame-level 
importance among the probabilities. Among other existing transformer 
models, ViT has the ability to capture long-range dependencies effec
tively. It can identify global contextual relationships across frame 
patches, improving accuracy in complex visual tasks. The input features 
of frames are split into fixed-size non-overlapping patches, and each 
patch is flattened and linearly projected into a lower-dimensional 
embedding with positional encoding. The transformer blocks contain 
Multi-Head Attention (MHA), normalization, Feed Forward Networks 
(FFN), and residual connections for the embedding process. It results in 
linear prediction among frames, producing frame-level importance 

Fig. 4. Process of feature extraction.
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probabilities. 

Attention(R, L,W)= SoftMax

(
RLU
̅̅̅
f

√

)

*W (10) 

where, R is the query, L denotes the key, values are represented by W, f 
denotes the dimensional between vector R and L. The softmax acts as an 
activation function, and dense layers with dropout layers are included 
on the final stage. 

ii) Swim

It is a hierarchical version of ViT, and it follows a shifted window 
mechanism that reduces computational complexity while enabling 
cross-window connections. It has the ability to capture both local and 
global contextual information efficiently, making it highly effective for 
visual tasks. Swin Transformer was selected over conventional trans
former architectures because its shifted-window attention mechanism 
efficiently captures local contextual relationships while maintaining 
lower computational complexity for high-resolution visual data. The ViT 
output frames are split into non-overlapping patches, and each of them 
is represented as a token for local features. These patches are linearly 
embedded and passed through Swin blocks, while the patch-merging 
layers perform downsampling, increasing channel dimensions and 
reducing spatial resolution. The α and δ, combined with λ, β and residual 
connections extract hierarchical features across the image. 

âm =α(β(am− 1)) + am− 1 (11) 

am = λ(β(âm)) + âm (12) 

âm+1 = δ(β(am)) + am (13) 

am +1= λ(β(âm+1)) + âm+1 (14) 

where, λ denotes the MLP, δ is the shifted window-based multi-head self- 
attention module, β represents the LayerNorm, α is the window-based 
multi-head self-attention module, am− 1 is the input probability, âm and 
am denotes the intermediate and final output block feature. Finally, the 
frame importance probability output 

(
Fpro
)

is subjected to the key frame 
selection process for summarization.

3.7. Optimized key frame selection using BiSpiDRL_DOA

The BiSpiDRL network is trained using conventional gradient-based 
optimization. After training, the candidate keyframes generated by 
BiSpiDRL are further refined using the Dream Optimization Algorithm 
(DOA), which performs global search-based keyframe subset optimiza
tion to reduce redundancy and improve summary quality. 

i) BiSpiDRL

It is an integration of a DL model named Binarized Spiking Neural 
Network (BSNN) [37] for the initial stage of frame selection and Deep 
Reinforcement Learning (DRL) [38] for full video summarization. BSNN 
is also the integration of a Spiking Neural Network and Binarized Neural 
Network.

3.7.1. BSNN
The model combines Spiking Neural Networks (SNN) and Binarized 

Neural Networks (BNN) to analyze event-driven spike communication 
and binary computation. It was selected for its ability to reduce 
computational cost while maintaining model effectiveness among 
existing models. Spike trains under the binary weights and activations, 
enabling faster, energy-efficient, and hardware-friendly implementa
tions. Within the framework, the input is encoded into spike trains, 

imitating bioelectric activities observed in biological neurons. Each 
spike modifies the internal membrane potential of the neuron, and when 
the threshold is exceeded, an output spike is generated. 

wj =

∫ ∑

k
Xj,kTk(u)du (15) 

where, wj is the membrane potential of neuron j, Xj,k denotes the syn
aptic weight, and Tk(u) denotes the is the spike train input. The binar
ization step then constrains both weights and activations to binary 
values ( − 1, + 1), replacing multiplications with bitwise XNOR oper
ations. 

yc = Sign(y)=
{
− 1 y < 0,
+1 Otherwise (16) 

where, y denotes the real-valued variables, and yc is the binarized form. 
During training, stochastic binarization is used to approximate gradients 
for back propagation. This introduces randomness based on a proba
bility function, making optimization feasible. 

σ(y)=min
(

1,max
(

0,
y + 1

2

))

(17) 

where, σ(y) denotes the sigmoid function. The BSNN initial stage of 
frame-selected output FSBSNN is subjected to DRL for the final stage of 
summarization.

3.7.2. DRL
It is a learning paradigm that integrates reinforcement learning with 

Deep Neural Networks (DNN) to empower agents to learn optimal 
decision-making policies directly from high-dimensional state repre
sentations via trial-and-error interactions with an environment. This 
DRL approach is preferred over traditional supervised learning ap
proaches because it efficiently captures long-term temporal de
pendencies, dynamically adapts to complex state transitions, and 
removes the need for expensive frame-level annotations. It allows 
optimal keyframe selection by maximizing long-term rewards while 
considering summary diversity, representativeness, and computational 
complexity in an unsupervised learning scenario. Since the framework 
operates in an unsupervised setting, no manual frame-level annotations 
or ground-truth keyframe labels are used during training. Instead, the 
DRL agent learns a keyframe selection policy through reward maximi
zation based on summary diversity, representativeness, temporal 
coverage, and redundancy reduction. The optimization objective is 
therefore formulated as a reward-driven learning process rather than 
supervised classification. The agent assesses its performance by accu
mulating rewards received from interactions with the environment. 

S(τ)=
∑U

u=0
su (18) 

S(τ)=
∑∞

u=0
γusu (19) 

where, S(τ) denotes the cumulative return over trajectory τ, and su is the 
reward received at time step u. To guide decision-making, the agent 
estimates the expected future rewards associated with states and state- 
action pairs. These value estimates enable the agent to evaluate long- 
term consequences of its actions. 

W(t)=Е

[
∑∞

l− 0
γlSu+1+l

⃒
⃒
⃒
⃒
⃒
Tu = t

]

(20) 

R(t, b)=Е

[
∑∞

l− 0

γlSu+1+l

⃒
⃒
⃒
⃒
⃒
Tu = t,Bu = b

]

(21) 
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where, W(t) denotes the state t expected return, and E[ ⋅] is the expec
tation over trajectories. To derive the optimal policy, the agent com
putes the maximum achievable expected return for each state and state- 
action pair. This formulation enables action selection that maximizes 
long-term rewards. 

W*(t)=max
b Е[s(t, b)+ γW*(tʹ)] (22) 

R*(t, b)=Е
[
s(t, b)+ γmax

bʹ R*(tʹ, bʹ)
]

(23) 

where, W*(t) denotes the optimal a state value, R*(t, b) is the optimal 
state-action value function, tʹ represents the next state after b, bʹ is the 
next possible action, and s(t, b) denotes the immediate reward. Rather 
than evaluating actions in isolation, the agent compares each action 
against the average expected value of the state. This comparison im
proves learning stability and reduces variance during policy updates. 

Bπ(t, b)=Rπ(t, b) − Wπ(t) (24) 

where, Bπ(t, b) denotes the advantage of state t with action b, Rπ(t, b) is 
the state-action value under policy π, and Wπ(t) is the state-value under 
π policy. The policy is optimized directly by maximizing the expected 
return using gradient-based updates. This approach allows learning 
stochastic policies suitable for complex and continuous action spaces. 

∇θK(πθ)= F

[
∑U

u=0
∇θ log πθ(bu|tu)S(τ)

]

(25) 

where, θ denotes the policy parameter, πθ(bu|tu) is the probability action 
between bu and tu, K(πθ) represents the policy objective function, ∇θ is 
the gradient with respect to θ, and S(τ) denotes the return trajectory τ. 
The trained BiSpiDRL model generates candidate keyframe importance 
scores. DOA is subsequently employed to search for an optimal subset of 
keyframes that minimizes redundancy while maximizing representa
tiveness. Fig. 5 presents the BiSpiDRL model architecture. 

ii) DOA

It [39] is a metaheuristic optimization method inspired by the 
cognitive mechanisms of human dreaming, including memory retention, 
forgetting, and information reorganization. It is chosen over other al
gorithms for its ability to adopt forgetting dimensions and 
dream-sharing mechanisms, which significantly enhance the ability to 
escape local optima. It has a strong global search capability, adaptive 
memory-based learning, and high flexibility in handling complex opti
mization landscapes. The output of the BiSpiDRL is minimized using 
Mean Squared Error (MSE) as the objective function to preserve essential 
motion and spatial information while reducing redundancy. To optimize 
the BiSpiDRL output during video frame selection, ensuring accurate 
prediction and preserving temporal features is the aim of the optimizer.

3.7.3. Initialization phase
In the initialization phase, DOA generates an initial population 

randomly within the search space. Let the population matrix be defined 
as: 

Fig. 5. Architecture of BiSpiDRL.
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I=

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎣

I1
I2
⋮
Ij
⋮
IP

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎦

=

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎣

i1,1 i1,2 ⋯ i1,k ⋯ y1,Dim
i2,1 i2,2 ⋯ i2,k ⋯ i2,Dim
⋮ ⋮ ⋮ ⋮ ⋮ ⋮
ij,1 ij,2 ⋯ ⋯ ij,Dim
⋮ ⋮ ⋮ ⋮ ⋮ ⋮

iP,1 iP,2 ⋯ iP,k ⋯ iP,Dim

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎦

(26) 

where, P denotes the population size, problem dimension can be rep
resented by Dim, I is the population position matrix, I1 represents the 
position of the ith individuals.

3.7.4. Fitness evaluation
It can be indicated as 

MSE=
1
B
∑B

b=1

(
OpBiSpiDRL − Opnew

)2
(27) 

where, B denotes the total number of input frames, Opnew is the new 
optimized output, and OpBiSpiDRL represents the previous stage output.

3.7.5. Exploration phase
In this phase, population is divided into five groups based on the 

memory capability under the iteration u = 0. Different number of 
dimension contained in the each group k = L1,L2,…,L. On the memory 
strategy, the each individual resets its initial position to get the best 
group for the individuals and it be defined as 

Iu+1
j = Iu

bests (28) 

where, Iu
bests denotes the best solution that obtained under iteration in the 

group s. Strategy of forgetting and supplementary, the selected random 
dimensions k = L1, L2,…, L position is updated as: 

iu+1
j,k = iubests,k +

(
im,k + rand×

(
iv,k − im,k

))
×

1
2

×

(

cos
(

π ×
u + Umax − Ue

Umax

)

+1
)

(29) 

where, u denotes the current iteration, Umax is the maximum number of 
iterations. This process enables a smooth transition from global search to 
local. In the dream sharing strategy, the individuals may acquire infor
mation from randomly selected individuals: 

yu+1
j,k =

{
yu+1

n,k n ≤ j
yu

n,k j < n ≤ P
(30) 

where, n ∈ [1,P], n ∕= j, and this process increases diversity and helps to 
escape from the local optima.

3.7.6. Exploitation phase
In this development phase, all individuals follow the global best 

solutions as from u = Ue to Umax, population grouping get removed. The 
best individual in the entire population 

(
Yu

best
)

on the memory strategy 
can be represented as, 

Yu+1
j =Yu

best (31) 

yu+1
j,k = yu

best,k +
(

ym,k + rand×
(

yv,k − ym,k

))
×

1
2
×

(

cos
(

π ×
u

Umax

)

+1
)

(32) 

Under strategy of forgetting and supplementation the local exploi
tation and accelerated convergences get intensified.

3.7.7. Re-evaluating fitness
The fitness is evaluated repeatedly until the system achieves the 

optimal condition.

3.7.8. Termination
The process terminates once the optimal state is reached. After the 

termination phase, optimized frame selection is achieved using the 
novel model, which can be represented as Opre− new. The selected key 
frames effectively preserve essential temporal and spatial information 
while minimizing redundancy and error.

3.8. Caption generation using XAI_BLIP

Caption generation is performed using an explainable vision
–language framework, which integrates the Bootstrapping Language–
Image Pre-training (BLIP) [40] model with an XAI named Grad-CAM 
[41]. BLIP generates semantically rich and fluent captions for the BiS
piDRL_DOA selected keyframe by jointly learning visual and textual 
representations. For interpretability, Grad CAM is employed to highlight 
the discriminative visual regions in each keyframe that most influence 
the generated captions. 

i) BLIP:

The key frames selected by the BiSpiDRL_DOA-based summarization 
module are forwarded to the BLIP captioning model for semantic 
description generation. It is a vision-language pre-trained model that 
jointly learns image-text representations and supports high-quality 
image captioning. BLIP was selected over conventional image 
captioning models because its vision-language pretraining enables 
richer semantic understanding and more contextually accurate caption 
generation. Given an input keyframe, BLIP encodes the visual content 
using a vision transformer and generates a corresponding natural lan
guage description through an autoregressive text decoder. The captions 
are generated using beam-search decoding and are constructed to be 
more fluent and semantically relevant than those generated using 
greedy decoding because beam-search decoding allows models to 
explore multiple candidate sequences at each decoding step and select 
the caption with the highest probability. To eliminate redundancy 
among generated summaries filtered out any generated captions that 
communicated similar semantic information through the use of cosine 
similarity calculations between the bag-of-words representation of the 
captions. If the cosine similarity value between two captions was greater 
than a specified threshold, it only retained one of the two captions. This 
redundancy removal process ensured that the generated captions had a 
greater level of diversity while preserving the important semantic ele
ments of video summary content. For interpretability analysis, the 
framework uses an XAI approach called Grad-CAM, which indicates the 
discriminative visual regions in each keyframe that contribute the most 
to the generated captions. To support regional language output, the 
English captions generated by the BLIP model are subsequently trans
lated into Kannada within the module. 

ii) Grad CAM

It is an XAI technique used to interpret CNN-based models by iden
tifying the visual regions of an input frame that contribute most to a 
specific prediction. Grad-CAM was chosen because it provides intuitive 
visual explanations by highlighting the image regions that most influ
ence the generated captions, thereby improving model interpretability 
and user trust. It makes use of the gradient information of the final 
convolution layer, as these layers retain spatial and semantic informa
tion that is important for the understanding of textural information. By 
associating these gradients with feature map activations, XAI provides 
visual explanations for how certain regions influence the text generation 
process. The score-based gradients reflect the sensitivity of the output to 
different spatial regions in the frame. To aggregate this information, 
global average pooling is applied to the gradients to obtain importance 
weights for each feature map: 
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αd
l =

1
A
∑

j

∑

k

∂zd

∂Bl,jk
(33) 

where, αd
l denotes the contribution of lth the feature map to the target 

output, and Bl,jk is the activation at spatial location. The weighted 
feature maps are combined to emphasize the visual regions that most 

strongly influence the BLIP-based text generation process. A ReLU 
function is applied to retain only positive contributions, ensuring that 
only regions supporting the generated summary are highlighted: 

Md =ReLU

(
∑

l
αd

l B
l

)

(34) 

This activation map provides a coarse yet interpretable localization 
of visually salient content since the generated activation map has a 
lower spatial resolution than the original input frame; it is upsampled 
using bilinear interpolation to match the frame dimensions: 

Md
upsampled = interpolate

(
Md

nor, size=(I,X)
)

(35) 

where, Md
nor denotes the normalized map, and I,X corresponds to the 

original frame size. Finally, the framework uses Grad-CAM interpret
ability analysis and the BLIP-caption generation method for unsuper
vised video summaries. Redundant captions were discarded for more 
diverse and relevant generated descriptions, while all remaining unique 
captions were arranged in chronological order to create the final textual 
summary. Therefore, this created a final concise, coherent, and infor
mative summary that accurately illustrates the key video summarization 
elements.

3.9. Privacy-aware FL frameworks

FL is added at the deployment stage for training distributed and 
private models. The input data is centralized video data spread across 
numerous client machines, including edge nodes, and mobile systems, 
with privacy constraints precluding the sharing of raw data. All these 
parts of the proposed framework, such as preprocessing module, feature 
extraction module, temporal modelling module, and keyframe selection 
module, are trained locally on each client rather than sending videos to a 
central server. The locally updated model parameters are then sent to a 
central aggregation server where the parameters from all the models are 
federated averaged to create a global model. This model is distributed 
back to all clients globally for the purpose of further refining it, so that 
iterative collaborative learning can take place. The goal of this process is 
to ensure data privacy, minimize communication overhead and learn 
from different and large-scale real-world data sources. In the process, 
several rounds of communication between client and server, and peri
odic synchronization to ensure model consistency, are repeated. The 
system can be expanded to accommodate varying needs and conditions. 
The proposed Privacy-Aware FL Framework was implemented using five 
distributed client nodes and a central aggregation server. Local model 
training was performed for five epochs with a batch size of 32 at each 
client, after which the model parameters were aggregated using the 
Federated Averaging (FedAvg) algorithm. The global model was upda
ted and redistributed across clients for 50 communication rounds to 
ensure convergence and model consistency. The overall pseudocode of 
the proposed framework is summarized in Table 2.

4. Experimental results and discussion

This section proves the efficiency of the proposed model compared to 
previous ones by demonstrating that the DOA-based keyframe subset 
optimization improves summary quality compared with other meta
heuristic selection strategies. The proposed model is tested on the 
TVSum dataset, which contains 50 videos divided into 35 videos (70%) 
for training, 8 videos (15%) for testing, and 7 videos (15%) for valida
tion, while ensuring that the number of videos is an integer and the ratio 
of the split is maintained. The captioning process of the chosen key
frames is done by a model through XAI.

The system configuration used in implementing this work is shown in 
Table 3. The network configuration settings of the DL are shown in 
Table 4.

Table 2 
Pseudocode for the overall proposed framework.

START 
Input data = tvsum_dataset (video), summe_dataset (video) 

1. Frame Extraction and Preprocessing 
- Extract unique frames from input video
- Apply preprocessing (denoising, contrast enhancement, normalization)

2. Frame Interpolation 
- Perform KANN-based interpolation to enrich temporal consistency

3. Feature Extraction and Fusion 
- Extract deep features using ConvNeXt, EfficientNetV2, and ShuffleNet
- Fuse multi-model features into a unified feature representation

4. Temporal Importance Estimation 
- Apply ViT–Swin temporal model to compute frame importance scores

5. Keyframe Selection using Optimization 
- Initialize BiSpiDRL model and DOA optimizer
- Iteratively select candidate frames based on importance scores
- Optimize selection using fitness evaluation (error minimization)
- Obtain optimal keyframes from best DOA solution

6. Caption Generation and Explanation 
- Generate captions using BLIP model
- Translate captions to Kannada
- Generate Grad-CAM explanations for interpretability

7. Post-processing 
- Remove redundant captions using cosine similarity filtering
- Arrange captions in temporal order

8. Federated Learning Phase 
- Distribute local datasets across multiple client nodes
- Train local models at each client without sharing raw video data
- Transmit model parameters to the central aggregation server
- Aggregate local parameters using the FedAvg algorithm
- Update and redistribute the global model across clients
- Repeat the process for multiple communication rounds

Output: 
- Optimal keyframes
- Final summarized video captions (Kannada)
- Privacy-preserved global model
END

Table 3 
System Configurations.

Components Specifications

Operating System Windows 11 (64-bit)
Processor Intel Core i7 Processor
RAM 16 GB
Pythom 3.14.2
DL Frame PyTorch

Table 4 
Network Configuration settings.

Model Parameters Configurations

BSNN Learning Rate 0.0005
Activation Function Sigmoid
Batch Size 32
Optimizer Adam

DRL Learning Rate 0.0001
Activation Function ReLU
Batch Size 16
Dropout 0.2
Optimizer Adam

BLIP Learning Rate 0.00005
Batch Size 8
Activation Function GELU
Pooling Layer Global Average Pooling
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4.1. Performance analysis

The key performance indicators are success rate, PPV, sensitivity, F1- 
measure, error measures, and computational complexity, which are 
discussed to show the efficacy of the proposed model. The performance 
indicators discuss the learning behavior, efficiency, and robustness of 
the model during training, testing, and validation. The results validate 
the superior performance of the proposed BiSpiDRL_DOA with XAI_BLIP 
over the existing models. For evaluation purposes, the generated 

summaries are compared against reference summaries available in the 
TVSum and SumMe benchmark datasets. Although the proposed 
framework is trained in a fully unsupervised manner without utilizing 
manual frame-level annotations or keyframe labels, benchmark refer
ence summaries available in the TVSum and SumMe datasets are 
employed exclusively during the evaluation stage to compute Success 
Rate, PPV, Sensitivity, and F1-score.

Fig. 6 illustrates the training, testing, and validation performance of 
the proposed framework over 100 epochs. In Fig. 6(a), the reward 
analysis is presented. The training reward progressively increases from 
0.75 at epoch 20 to 0.93 at epoch 60 and reaches its maximum value at 
epoch 100. Similarly, the testing reward increases to 0.75 at epoch 40, 
0.85 at epoch 80, and 0.89 at epoch 100, while the validation reward 
reaches 0.79 at epoch 100. The continuous increase in reward demon
strates that the DRL agent gradually learns an effective keyframe se
lection policy through interaction with the environment.

Fig. 6(b) presents the loss analysis over 100 epochs. The training loss 
decreases from 0.10 at epoch 40 to 0.001 at epoch 100. Likewise, the 
testing loss decreases from 0.25 at epoch 50 to 0.15 at epoch 100, while 
the validation loss decreases from 0.30 at epoch 50 to 0.25 at epoch 100. 
The decreasing loss values indicate stable optimization and convergence 
of the proposed framework.

Since the proposed framework operates in an unsupervised setting, 
no manually annotated keyframe labels are utilized during training. 
Instead, the learning process is driven by reinforcement learning re
wards and optimization objectives based on summary diversity, repre
sentativeness, temporal coverage, and redundancy reduction. Therefore, 
the reported curves illustrate model convergence through reward 
maximization and loss minimization rather than supervised classifica
tion accuracy.

Fig. 7 visualizes the dataset distribution analysis datasets in terms of 
the number of videos, average duration, and average frames extracted 
per video. The first dataset with durations of 1 to 5 min, for the 50 
videos, and 600 frames were extracted per video. The second dataset 
also contains 50 videos, and durations of 1 to 6 min and 720 frames were 
extracted per video.

Fig. 8 shows the Frame Selection Ratio (FSR) over the epochs. The 
video is converted into frames after that. At the end of epochs, the 
frames are collected. In epoch 1, FSR with 0.065; 0.051 at epoch 2; 
0.052 at epoch 3; 0.054 at epoch 4; and 0.053 at the epochs 5.

Fig. 9 shows the existing and proposed model comparison for the 
modules within it; this highlights the effectiveness of choosing the 
proposed model over the existing models. In (a), it shows the models 
used in the interpolation process in the summarization. The existing 
model CNN has the accuracy of 0.83, ANN has 0.87, and Feedforwarded 
Neural Networks (FNN) has the accuracy of 0.89; while the proposed 
KANN model has the accuracy of 0.95 among the existing. This high
lights the reason why KANN is chosen over the existing models in the 
interpolation. In (b), it shows the optimization comparison over the 

Fig. 6. Training, testing, and validation reward and loss analysis: (a) Reward (b) loss.

Fig. 7. Dataset analysis.

Fig. 8. Ratio of frame selection.
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iterations. The existing optimization model GA has the loss value of 
0.11, LEO has the loss value of 0.1, and PSO has the value of 0.3; while 
the proposed model DOA has the lowest loss value of 0.01. It highlights 
that the proposed model effectiveness has been increased by using the 
DOA optimization as an optimizer.

Fig. 10 shows the DRL-based analysis in the video summarization 
process, illustrating overall changes in the reinforcement function over 
five epochs. In (a) it shows the diversity rewards: 32.4 at epoch 1, 31.5 at 
epoch 2, 30.8 at epoch 3, 32.5 at epoch 4, and 31.5 at epoch 5. In (b) it 
shows the representativeness rewards over the epochs: 0.2 × 10− 9 at 
epoch 0, 0.1 × 10− 9 at epoch 1, 0.2 × 10− 9 at epoch 2, approximately 
the same at epoch 3, 1.9 × 10− 9 at epoch 4, and 0.3 × 10− 9 at epoch 5. In 
(c) it shows the total rewards: − 51 at epoch 0, − 62 at epoch 1, − 69 at 
epochs 2 and 3, − 64 at epoch 4, and − 66 at epoch 5.

Fig. 11 shows the performance comparison of existing models and 
the proposed BiSpiDRL_DOA method for video summarization. In sub
figure (a), the success rate of BNN is 0.78, GNN is 0.81, and BiLSTM is 
0.84, whereas the proposed model achieves a higher success rate of 0.96. 
The PPV value for BNN is 0.79, GNN is 0.79, and BiLSTM is 0.83, while 
BiSpiDRL_DOA attains 0.95. In sensitivity analysis, the values of BNN, 
GNN, and BiLSTM are 0.76, 0.80, and 0.81, which are significantly lower 
than the proposed model value of 0.94. The F1 measures are 0.80 for 
BNN, 0.83 for GNN, and 0.84 for BiLSTM, while 0.95 for the proposed 
approach. In (b), it shows the error analysis among models like BNN, 
which has an MSE of 0.04 and an MAE of 0.03; GNN, which has an MSE 
of 0.03 and an MAE of 0.03; and BiLSTM, which has an MSE of 0.028 and 
an MAE of 0.02, while the proposed model overcomes the existing 
models' performance by achieving an MSE of 0.01 and an MAE of 0.01.

Fig. 9. Performance comparison (a) interpolation models (b) keyframe selection optimization comparison.

Fig. 10. DRL based Analysis over epochs (a) Diversity Reward (b) Representativeness Reward (c) Total Rewards.
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Fig. 12 illustrates the performance comparison of caption generation 
models integrated within the full video summarization framework. Since 
caption generation operates as a component of the complete BiSpiDRL- 
based video summarization model, its performance directly reflects the 
effectiveness of semantic understanding in the summarized video 
output. In subfigure (a), the Contrastive Language–Image Pre-training 
(CLIP) model achieves a success rate of 0.74, PPV of 0.75, sensitivity 
of 0.7689, and an F1-measure of 0.8043, while BLIP improves these 
values to 0.81, 0.83, 0.8017, and 0.8356, respectively. The proposed 
XAI_BLIP model performs much better than both, with a success rate of 
0.9863, PPV of 0.96, sensitivity of 0.97, and F1-measure of 0.965. In 
subfigure (b), the error measures again confirm the effectiveness of the 
proposed method. CLIP has higher errors with an MSE of 0.055 and MAE 
of 0.030, whereas BLIP decreases the error to an MSE of 0.026 and MAE 
of 0.020. The XAI_BLIP model again has the lowest error measures with 

MSE of 0.013 and MAE of 0.011, indicating better captioning accuracy 
and semantic correctness.

Fig. 13 illustrates the performance analysis of the model. In (a), it 
compares the computational complexity analysis models. The existing 
model BNN has an execution time of 42 s, GNN has 35 s, and BiLSTM 
model has 28 s, whereas the proposed model has the lowest execution 
time of 18 s. In (b), it illustrates the ROC analysis. The proposed model 
has a steadily increasing trend, showing that the model has a better 
discrimination power. When the true positive rate is increased from 0.2, 
the ROC curve is close to the upper-left corner of the ideal region, 
showing that the model has the capability to classify the relevant and 
non-relevant video segments.

Table 5 presents the visualization outcome of the TVSum dataset and 
Table 6 presents the outcome of SumMe dataset.

Table 7 shows a comparison of recent video summarization 

Fig. 11. Existing and proposed model comparison Video summarization:(a) Performance Metrics (b) Error Metrics Analysis.

Fig. 12. Comparison for Caption generation Models: (a) Performance Metrics (b) Error Metrics Analysis.

Fig. 13. Performance analysis (a) computational complexity analysis (b) ROC analysis.
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techniques on the most popular video benchmark datasets in their 
respective experimental protocols. A report is generated for each old 
method performed, with the dataset it was originally validated with, 
which allows them to be fairly compared with different evaluation set
tings. The proposed BiSpiDRL_DOA + XAI_BLIP model is tested on a 
combined TVSum + SumMe data and attains Success Rate of 0.96, PPV 
of 0.95, Sensitivity of 0.95, and F1-score of 0.95 which is better 
compared to all the compared methods. This shows great effectiveness of 
the proposed scheme in the management of multiple video character
istics and in the quality of the selection of the key frames.

To compare the most recent video summarization models to date, we 
have conducted experiments on two video summarization benchmark 
sets (TVSum and SumMe) using the same experimental protocol, as 
shown in Table 8. Evaluations are conducted in the same evaluation 
environment, making for an equitable comparison of the methods. The 
results demonstrate that the proposed BiSpiDRL_DOA framework 
consistently achieves better results compared with the current 

approaches on both the datasets. It gets better values of Success Rate, 
PPV, Sensitivity and F1-score compared with recent models, and it has 
better quality of keyframe selection and better temporal representation 
learning.

Table 5 
Visualization outcome of TvSum dataset.

Table 6 
Visualization outcome of SumMe dataset.

Table 7 
Dataset-wise comparison of summarization methods.

Methods Dataset Success 
Rate

PPV Sensitivity F1- 
score

SegSum TVSum 0.72 0.69 0.71 0.71
SpiVG ActivityNet 0.73 0.71 0.69 0.69
AGMFN SumMe 0.78 0.76 0. 0.75
DHMDL YouTube 

Highlights
0.84 0.83 0.82 0.81

Proposed 
(BiSpiDRL_DOA +
XAI_BLIP)

TVSum +
SumMe

0.96 0.95 0.95 0.95
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Table 9 presents the performance and privacy analysis of the 
Federated Learning framework. The results demonstrate that the pro
posed Privacy-Aware FL framework achieves performance comparable 
to centralized learning, with a Success Rate of 0.96, PPV of 0.95, 
Sensitivity of 0.95, and F1-score of 0.95, while ensuring enhanced pri
vacy by eliminating raw data sharing between clients and the central 
server.

The ablation study as given in Table 10 is a controlled analysis to 
assess the contribution of each module in the proposed framework. To 
examine the individual contribution to its overall performance, each 
component (KANN, ViT_Swin, BiSpiDRL and BLIP) is systematically 
removed. The outcomes are clearly showing the consistent reduction of 
the performance measures if any module is removed, which shows the 
effectiveness and necessity of each module.

4.2. Discussion

The framework illustrates an efficient and robust framework for 
unsupervised video summarization by incorporating in the pipeline. 
Interpolation and frame selection in the BiSpiDRL_DOA framework 
preserve the temporal and semantic information and minimize the 
duplication in the video content. The Hybrid Transformer Network ar
chitecture used by the model allows real-time estimation of frame 

importance through the capture of both local and global context de
pendencies. Together with the adaptive optimization process, spiking 
computations, and weighing through DRL, models consistently outper
form the previous ones. The use of XAI in interpreting the generated 
video summarization increases the chances of the end-user under
standing the intended semantics of the video, which paves the way for 
using the technique in real world applications like surveillance video 
applications, content summarization for the media and intelligent video 
content analysis. It is worth to note that the proposed framework is 
tested with benchmark datasets (Kaggle based offline video streams), 
and the experiments are therefore performed for controlled, pre- 
recorded, video scenarios rather than for real-time video acquisition 
scenarios. Moreover, the framework can be expanded to include an FL to 
enable distributed and privacy-preserving model training on multiple 
devices, further increasing its applicability to real-world, data-intensive 
environments.

5. Conclusion

This study proposes a novel video summarization system that in
tegrates interpolation, deep feature fusion, temporal modeling, optimal 
keyframe selection, and text captioning. After video preprocessing, the 
video frames are merged through interpolation to generate intermediate 
video frames. Based on the intermediate frames, a semantic represen
tation of the video content is obtained through an ensemble of feature 
extraction networks. The fused features are modeled in the temporal 
domain using a hybrid ViT_Swin transformer to predict the importance 
probabilities of the frames. Keyframe selection was done, and captioning 
was also integrated into the system. The summarization achieves a high 
PPV of 0.95 with low error values, an MSE of 0.015, and an MAE of 
0.012. Additionally, the caption generation module using XAI_BLIP 
attained a PPV of 0.96 while maintaining very low errors of an MSE of 
0.013 and an MAE of 0.011, highlighting its strong descriptive and 
contextual understanding capability.

5.1. Research limitations and future works

The limitation of the current research work is that it uses benchmark 
datasets with offline video streams rather than addressing the issues and 
difficulties of capturing live video streams and real-time data acquisi
tion. In addition to that, the research work has not assessed the method 
on hardware resource-limited platforms, and the deployment efficacy on 
edge devices has not been explored. The future directions include 
extending the model to handle live videos through online inference 
mechanisms, incorporating audio and multi-modal inputs for more 
elaborately phrased captions, and further optimizing the model for 
deployment on hardware-friendly setups for streaming applications.

CRediT authorship contribution statement
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Table 8 
Comparison of existing and proposed video summarization methods on datasets.

Methods TVSum Dataset SumMe Dataset

Success rate PPV Sensitivity F1-score Success rate PPV Sensitivity F1-score

SegSum (2025) 0.84 0.83 0.82 0.83 0.81 0.80 0.79 0.80
SpiVG (2025) 0.86 0.85 0.84 0.85 0.83 0.82 0.81 0.83
AGMFN (2025) 0.88 0.87 0.86 0.87 0.85 0.84 0.83 0.85
DHMDL (2025) 0.87 0.86 0.85 0.86 0.83 0.82 0.81 0.83
SETR-Net (2025) 0.89 0.88 0.87 0.88 0.86 0.85 0.84 0.86
SJ-PVC (2025) 0.88 0.87 0.86 0.87 0.85 0.84 0.83 0.85
SDFF-Net (2025) 0.90 0.89 0.88 0.89 0.87 0.86 0.85 0.87
Proposed (BiSpiDRL_DOA + XAI_BLIP) 0.96 0.95 0.94 0.95 0.95 0.94 0.93 0.95

Table 9 
Federated learning performance and privacy analysis.

Method Success 
Rate

PPV Sensitivity F1- 
Score

Privacy 
Level

Raw 
Data 
Sharing

Centralized 
Learning

0.87 0.85 0.86 0.88 Low Yes

Conventional 
FL (FedAvg)

0.90 0.91 0.87 0.84 High No

Proposed 
Privacy- 
Aware FL 
Framework

0.96 0.95 0.95 0.95 Very 
High

No

Table 10 
Ablation study.

Model Configuration Success 
Rate

PPV Sensitivity F1- 
measure

Full Model (BiSpiDRL_DOA +
XAI_BLIP)

0.98 0.96 0.97 0.96

Without BLIP (No Captioning 
Module)

0.93 0.91 0.90 0.91

Without BiSpiDRL (Replaced with 
standard RL)

0.90 0.88 0.87 0.88

Without ViT_Swin (Replaced with 
simple temporal model)

0.86 0.84 0.83 0.84

Without KANN (No interpolation 
module)

0.80 0.78 0.76 0.77

Ensemble Feature Extraction Only 
(Base Model)

0.54 0.52 0.51 0.52

A.S. Hiremath and R.M. Kagalkar                                                                                                                                                                                                          Array 32 (2026) 101181 

15 



Funding

Not applicable.

Declaration of competing interests

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper.

Data availability

The datasets used in this study, namely TVSum and SumMe, are 
publicly available benchmark datasets. TVSum is available at 
https://github.com/yalesong/tvsum and SumMe at https://gyglim. 
github.io/me/vsum/index.html.

References

[1] Yu Q, Yu H, Sun Y, Ding D, Jian M. Unsupervised video summarization based on 
the diffusion model of feature fusion. IEEE Trans Comput Social Syst 2024;11(5): 
6010–21.

[2] Negi A, Kumar K, Saini P. Object of interest and unsupervised learning-based 
framework for an effective video summarization using deep learning. IETE J Res 
2024;70(5):5019–30.

[3] Khan H, Hussain T, Khan SU, Khan ZA, Baik SW. Deep multi-scale pyramidal 
features network for supervised video summarization. Expert Syst Appl 2024;237: 
121288.

[4] Wu G, Song S, Wang X, Zhang J. Reconstructive network under contrastive graph 
rewards for video summarization. Expert Syst Appl 2024;250:123860.

[5] Kashid S, Awasthi LK, Berwal K, Saini P. STVS: Spatio-temporal feature fusion for 
video summarization. IEEE Multimedia 2024.

[6] Huang J, Xin Y, Qian J, Dong Y. Multi-Temporal Granularity Concept Induction for 
semantically driven video summarization. Expert Syst Appl 2025;276:127128.

[7] Benoughidene A, Titouna F, Boughida A. Static video summarization based on 
genetic algorithm and deep learning approach. Multimed Tool Appl 2025;84(13): 
12487–512.

[8] Sharma S, Khunteta A, Goyal D. DeepK-Means: a fusion of DCNN and K-Means 
clustering for video summarization. Int J Algorithm Comput Math 2025;11(1):1.

[9] Wu L, Ye K, Gao H, Jiang H, Zhang H. Video frame interpolation based on 
invertible neural network for internet of things. Digital Communications and 
Networks 2025.

[10] Sartinas EG, Psarakis EZ, Kosmopoulos DI. A 3D wrist motion-based sign language 
video summarization technique. Pattern Recognit Lett 2025;189:23–30.

[11] Li Q, Zhan Z, Li Y, Bhanu B. Spatial–temporal multi-scale interaction for few-shot 
video summarization. Eng Appl Artif Intell 2025;142:109883.
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