Bulletin of Electrical Engineering and Informatics
Vol. 15, No. 4, August 2026, pp. 3146~3157
ISSN: 2302-9285, DOI: 10.11591/eei.v15i4.10944 O 3146

Video summarization based on multi level deep features using

convolutional neural network

Bineesh Balachandran Nair?, Sivarama Krishnan Shunmugan?
!Department of Computer Science, S.T. Hindu College (Affiliated to Manonmaniam Sundaranar University), Nagercoil, India
2Department of Computer Science and Research, S.T. Hindu College (Affiliated to Manonmaniam Sundaranar University),

Nagercoil, India

Article Info

ABSTRACT

Article history:

Received Jun 30, 2025
Revised Apr 10, 2026
Accepted Jun 18, 2026

Keywords:

Color score features
Complexity feature
Deep learning features
Keyframe extraction
Spearman coefficient
Video summarization

A video summarization (VIDE SUM) system can be used to condense long
hours of footage into short relevant summaries. Summaries generated
automatically may fail to capture this subjective relevance, resulting in
unsatisfactory summaries. To overcome this a novel, VIDE SUM has been
proposed for multi-level deep features-based VIDE SUM. It comprises five
main contributions, including deep learning (DL), spearman coefficient
(SC), entropy, HAECS, and complexity feature based on multi-quality
compression (CMQC). A convolutional neural network (CNN) is used to
extract the crucial spatial and semantic information from the frames. The
deep four features are extracted to support the effective keyframe selection.
The CMQC another innovative feature, is designed to determine the degree
of difficulty between two consecutive video frames. In fusing the selected
keyframes and relevant features, the resultant video summary preserves the
fundamental components of the original video. The proposed VIDE SUM
method generates the maximum F1-score of 0.8907, whereas the next-best

method, namely VS-GSDA, vyields 0.8518, which reveals the power of the
proposed method. The evaluation results prove the superiority of the
proposed method.
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1. INTRODUCTION

Video summarization (VIDE SUM) is the process of condensing and presenting the most fascinating
or educational content for prospective viewers in order to provide a brief synopsis of a larger video document
[1]. The main components of VS are activity feature summarization, keyframe selection, event detection, and
categorization [2]. A multimedia presentation integrates several content formats, including text, audio,
images, animations, and video, into an engaging and dynamic whole [3]. The video format is an arrangement
of images, or frames, that are recorded and then played back at a specific frequency [4]. A multimedia
application's video component provides a wealth of information in a brief amount of time [5]. Multimedia
applications can display real-world things with the use of digital video [6], [7]. VIDE SUM can be applied in
surveillance systems to condense long hours of footage into short relevant summaries [8].

Existing VIDE SUM methods often suffer from a semantic gap, where low-level visual features fail
to represent meaningful high-level events accurately [9], [10]. Many traditional and deep learning (DL)
approaches show limited keyframe retrieval accuracy that leads to incomplete or redundant summaries [11].
Additionally, some algorithms also require high computational time and complexity, making them inefficient
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for real-time applications [12]. Most existing methods still struggle with the semantic gap, where low-level

visual features fail to capture meaningful high-level events, leading to less informative summaries [13].

Furthermore, many approaches suffer from limited keyframe selection accuracy, often producing redundant

frames or missing important scenes. High computational complexity and time consumption are additional

drawbacks, making current models inefficient for real-time applications such as surveillance and mobile

environments [14]. Hence, there is a strong need for an improved framework that enhances semantic

relevance, keyframe precision, and execution efficiency, which motivates the proposed VIDE SUM approach

[15]. This paper proposes novel VIDE SUM method entitled VIDE SUM for multi level deep features based

VIDE SUM. The main contribution of this work is the development of a novel multi-level deep feature-based

VIDE SUM framework namely VIDE SUM that effectively bridges the semantic gap, improves keyframe

selection accuracy, and reduces computational complexity through the integration of convolutional neural

network (CNN) features with newly designed spearman coefficient (SC), HAECS, and complexity feature

based on multi quality based compression (CMQC) feature models. The key research contributions of the

VIDE SUM approach are highlighted below:

— This paper introduced a novel VIDE SUM framework, VIDE SUM based on multi-level deep feature
extraction for effective keyframe selection.

— CNN-based deep feature extraction is employed to capture crucial spatial and semantic information from
video frames, thereby improving shot segmentation and keyframe representation.

— SC feature is utilized to measure frame-to-frame similarity effectively using rank-based correlation,
ensuring accurate detection of meaningful transitions.

— HAECS color score feature is employed to enhance memorability and visual relevance by integrating
HSV color space, adaptive histogram equalization, and earth mover’s distance computation.

— CMQC complexity feature is utilized to quantify foreground object density through multi-quality
compression analysis, reducing redundant keyframes and improving summarization efficiency.

The main findings show that the proposed VIDE SUM framework significantly outperforms existing
VIDE SUM methods. The proposed VIDE SUM achieving higher precision and F1-score with reduced time
complexity, confirming its effectiveness in generating compact, accurate, and semantically meaningful video
summaries for real-time multimedia applications.

The remainder of this work is organized as follows. Section 2 reviews the recent advancements and
related works in VIDE SUM methodologies. Section 3 presents the proposed VIDE SUM framework,
detailing the multi-level deep feature extraction and novel feature models for keyframe selection. Section 4
describes the experimental setup, benchmark datasets, evaluation metrics, and performance comparison
results. Section 5 discusses the experimental findings and their implications. Finally, section 6 concludes the
paper and outlines future research directions.

2. RELATED WORKS

The passage of content-based image retrieval (CBIR) achievements attracts the researchers of image
processing/video processing field and induces them to publish their unique contribution in the research
papers. This section focuses some of the existing video-summarization methodologies.

Zhou et al. [16] described a character-based VIDE SUM method based on visuals and text. The
keyframes are combined to create the character-oriented summary. Hussain et al. [17] presented cloud-
assisted multi-view VIDE SUM using CNN and long short-term memory (LSTM). Dai et al. [18] developed
video scene segmentation by comparing the local backdrop data in regional scene border boxes in
neighboring frames using tensor-train faster region-based convolutional neural network (Faster R-CNN) for
multimedia internet of things (10T) systems. Zhao et al. [19] presented property-constrained dual learning for
VIDE SUM using recurrent neural networks (RNNs). Li et al. [20] depicted the meta learning for task-driven
VIDE SUM. Wang et al. [21] interpreted latency-aware adaptive VIDE SUM for mobile edge clouds. The
disadvantage is the dependency on network connections. Hussain et al. [22] presented a clever embedded
vision for the Industrial 10T that summarizes multi-view films. Savchenko and Makarov [23] suggested a
neural network model for analyzing student emotions in online learning through video. Yuan and Zhang [24]
presented shot-level semantics-based deep reinforcement learning for unsupervised VIDE SUM. This
technique produces more representative summarization results by combining reinforcement learning with a
shot-level function [25]. The present study considers and models in graphs the structural information
contained in each video frame's features in order to close the gap between the raw features of video frames.
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3. PROPOSED METHOD

This paper designs a new method for VIDE SUM. Figure 1 shows the block diagram of the
proposed method. In this work, “multi-level” refers to the extraction and aggregation of features from
multiple convolutional blocks of the CNN, where early layers capture low-level spatial information,
intermediate layers encode structural patterns, and deeper layers represent high-level semantic content. The
core features involved in this paper are: DL feature, novel SC feature, entropy feature, novel HAECS feature,
and novel CMQC feature. The proposed method is constructed by three stages of execution, such as shot
segmentation, keyframe extraction, and VIDE SUM.

Algorithm 1 presents the complete workflow of the proposed VIDE SUM framework for multi-level
deep feature-based VIDE SUM. The algorithm describes the sequential execution of the proposed approach,
beginning with video acquisition and preprocessing, followed by CNN-based deep feature extraction and shot
segmentation. Subsequently, representative keyframes are identified using the proposed SC, entropy,
HAECS, and CMQC features. Finally, redundant keyframes are eliminated through histogram-based
similarity analysis to generate a concise and informative video summary.

Input Video Frame Extraction

SC Feature l
Extraction
< Short Segmentation
Foreground Keyframe =~ «— | Entrophy Feature Using DL Features
data <——| Extraction Extraction

determination

|

Histogram
Computation

HAECS Feature
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Figure 1. Proposed VIDE SUM method

Algorithm 1. Proposed VIDE SUM for multi-level deep feature based video summarization

Input: Raw input video V

Output: Summarized video frames S with representative keyframes

Step 1: Acquire the raw input video V from benchmark datasets and extract video frames sequentially.
Step 2: Preprocess each extracted frame by resizing to a fixed resolution and converting RGB frames into
grayscale format to reduce computational complexity.

Step 3: Perform deep feature extraction using a CNN to capture spatial and semantic information from
each video frame.

Step 3.1: Apply convolution, ReL U activation, and max-pooling layers iteratively.

Step 3.2: Convert the final convolutional feature maps into one-dimensional DL feature vectors.

Step 4: Conduct shot segmentation based on DL features by computing the mean square error (MSE)
between consecutive video frames.

Step 4.1: Normalize MSE values to the range [0,1].

Step 4.2: Identify shot boundaries by comparing normalized MSE values with a predefined threshold.

Step 5: Perform keyframe extraction from shot-segmented frames using multi-level handcrafted and
statistical features.

Step 5.1: Compute the SC to measure frame-to-frame similarity based on rank correlation.

Step 5.2: Extract entropy features to quantify texture randomness and information content.

Step 5.3: Apply the proposed HAECS feature by combining HSV color space conversion, adaptive
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histogram equalization, and dual-direction Earth Mover’s Distance to compute color score differences.
Step 5.4: Extract the proposed CMQC feature by analyzing frame complexity using multi-quality image
compression ratios.

Step 6: Determine keyframes using a rule-based decision model by comparing SC, HAECS, and CMQC
feature values against predefined thresholds.

Step 7: Perform video summarization by refining extracted keyframes using histogram-based similarity
and foreground data determination.

Step 7.1: Apply Otsu-based foreground binarization on keyframes.

Step 7.2: Compute histogram distances between successive keyframes using Euclidean distance.

Step 7.3: Select representative summarized frames based on dominant visual changes.

Step 8: Generate the final summarized video S by aggregating the selected summarized frames in
temporal order.

3.1. Feature extraction using convolutional neural network

In this phase the convolution neural network will extract features from the input framed images.
Three layers make up a CNN. The generic f* convolutional layer, with M-band input z/, yields an N-band
stack y/ computed as (1) and (2):

yl=u 2/ +k/ 1)
y'(n,.,)=SnuPmm,.,.)«zPm,.,.) + kP (n) )

Tensor u is an N-vector bias, and k is a collection of M convolutional M x (H x H) kernels with a H x H
spatial support (receptive field). Compactly technically these parameters ¢,2(u), k") are obtained during
the training stage.

x ) = dp(y0) = dy (P + 20 + kD)2l (2, ;) 3)

In this chain, each layer f provides a set of so-called feature maps, x/, which activate on local cues
in the early stages (small f), to become more and more representative of abstract and global phenomena in
subsequent ones (large f).

3.2. Shot segmentation
In this section, the shot segmentation separates the video frames based on the contents of the DL
features. This grayscale conversion is illustrated by (4):

Ios = 195 *0.299 + I3.p % 0.587 + I35 + 0.114 @)

Herein, the term I refers to the grayscale image, Ir;p refers to the red-green-blue (RGB) color frame, I2;5
refers to the red color channel, I3;5 refers to the green channel, and 3,5 refers to the blue channel.

1

MSE' = 5267 (VFL, — VF)’ (5)

In (5), the term MSE! refers to the MSE corresponding to the ith frame in response to the i — 1 frame, Cp,
refers to the count of the DL feature.

M = Max(MSE°ton-1) o
MSECton=1 = w -

In (6), the term M refers to the maximum value in the MSE array. The M value is used to set the range of the
MSE array from 0 to 1.

3.3. Keyframe extraction
The keyframe extraction is performed in stage-2 by four features such as SC, entropy, HAECS, and
CMQC. The i*" element of HISTys ; is filled by the continuous sum of 0 to i*" elements in HISTygy .

HISTics 1 = YR} HIST,g, ®)
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Liyg = AHE _enhancement (Iygy,) ©

Afterwards, a histogram is generated using the I,,r image via in (10). The resultant histogram is noted
as HIST 5.

HISThes , = LR22HIST )y (10)
This fusion process is performed using (11):
FCOM = 0.5 * Aso + 0.3 * A40 + 0.2 * AZO (11)

In (12), the term Fop quotes the complexity feature of a frame. The A,, is more dominant than the A,,,
hence, the weight value 0.3 is fixed to the A,y and 0.2 is fixed to the A, .

1,if VF, = intial frame
0, else FCS >= TCS &FCOM > TCOM

Herein, the term KF refers to the notification about keyframe, Ts. refers to the threshold about SC
features, Ty refers to the threshold about color score features, and T.o,, refers to the threshold about
complexity features.

3.4. Video summarization
The VIDE SUM process summarizes the keyframes into a short-listed form based on the dominant
changes between the successive keyframes. It can be shown using (13).

§ = \/zj?;(}(HIST,jKF — HIST),,)" (13)
C(1,if 6> Ty
SF _{ 0, else (14)

In (14), the term & refers to the distance between the two histograms and Tse refers to the threshold to
determine the summarized-frame.

Figure 2 (see Appendix) shows the VIDE SUM workflow: video frames are preprocessed and deep
features are extracted using a multi-level CNN for shot segmentation. Keyframes are selected using SC,
entropy, HAECS, and CMQC features, and combined to produce the final summarized video.

4. EXPERIMENTAL RESULTS

This research compares the proposed VIDE SUM method against the three benchmarked methods of
VIDE SUM to report an effective analysis. Figure 3 illustrates the keyframe selection process of the proposed
VIDE SUM framework for a cycling video. The top filmstrip represents the original video frames, where
temporal relationships between consecutive frames are analyzed using edge-weight similarity measures.
Based on clustering and feature evaluation, representative frames are selected as keyframes that redundant
background frames are discarded. The bottom strip shows the generated summary composed of the most
informative cycling events, effectively preserving the main storyline with minimal redundancy.

Figure 3. Keyframe-based VIDE SUM process for a cycling video
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4.1. Database

The proposed VIDE SUM framework is evaluated on two benchmark datasets: TVSum and SumMe.
TVSum contains 50 diverse YouTube videos (1-10 minutes) spanning categories such as news, sports, travel,
and documentaries. Each video is annotated with frame-level importance scores from multiple human
evaluators, enabling quantitative evaluation using precision, recall, and F1-score. SumMe includes 25 user-
generated videos (1-6 minutes) capturing everyday activities and events. Each video is annotated by at least
15 users who create keyframe-based summaries, forming ground truth references for robust performance
comparison against human perception.

Figure 4 illustrates representative sample frames from both datasets, with the first row
corresponding to TVSUM-DB videos and the second row depicting SUMME-DB videos. The
complementary nature of these datasets TVSum offering structured importance-score annotations and
SumMe providing diverse human-created summaries makes them highly suitable for validating the
robustness, generalizability, and semantic effectiveness of the proposed VIDE SUM framework.

Rail-Cross Cooking Eiffel-Tower

Figure 4. Sample videos from TVSUM-DB and SUMME-DB databases

All experiments were conducted in MATLAB 2022b using standard CPU/GPU resources. The
proposed VIDE SUM framework was evaluated on the TVSum and SumMe datasets. Videos were processed
frame-by-frame with resizing and grayscale conversion during preprocessing. The framework integrates
CNN-based shot segmentation with keyframe selection using SC, entropy, HAECS color score, and CMQC
complexity features under fixed thresholds. Performance was measured using precision, F1-score, time
complexity, and mean opinion score (MOS), and compared against VS-LPQF-SAE, VS-DCNN-HWF, and
VS-GSDA. All experimental settings and parameters were clearly documented to ensure reproducibility.

4.2. Video summarization results

In this research, the VIDE SUM is performed in three steps: DL feature-based shot segmentation,
keyframe extraction by multiple features, and foreground data-oriented histogram-based VIDE SUM.
Figure 5 reveals the VIDE SUM results of the input surveillance video. In the experiment result, the stage-1
process delivers 30 shot segmented frames as a result of using DL-based features.

Figure 5. VIDE SUM results by stage-3 process

Figure 6 reveals the VIDE SUM result for the input 'SUMME-DB-Liberty USA' video. The stage-2
process extracts 48 keyframes from the shot-segmented output. Figure 6 shows the final VIDE SUM result.
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Figure 6. VIDE SUM result for SUMME-DB-Liberty USA video

4.3. Performance evaluation

This paper makes a report of analysis on VIDE SUM using the standard analytic metrics to evaluate
the performance of the proposed VIDE SUM method. MOS is a smart analytic method that can show the
measurement of semantic relevance in the generated-summaries.

Figure 7 illustrates the classification performance of VIDE SUM across six video categories,
showing strong diagonal dominance that indicates high correct prediction rates. Most classes such as news,
BEE, and Eiffel-Tower achieve near-perfect recognition with minimal misclassification. The limited off-
diagonal values demonstrate the robustness of the proposed feature extraction and keyframe selection
strategy in preserving discriminative content across video categories.
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Figure 7. Confusion matrix of the VIDE SUM

Table 1 compares the proposed VIDE SUM with determinantal point process (DPP), deep
reinforcement learning-based deep summarization network (DR-DSN), and summarization generative
adversarial network (SUM-GAN) in terms of accuracy, precision, and recall. While determinantal point
process (DPP) shows limited performance due to handcrafted features, DR-DSN improves results using
reinforcement learning but with higher complexity, and SUM-GAN benefits from adversarial learning yet
faces computational overhead. In contrast, VIDE SUM achieves the best performance, attaining 98.85%
accuracy, 95.76% precision, and 94.92% recall, demonstrating its effectiveness in generating semantically
relevant and non-redundant summaries.

Table 1. Quantitative comparison with baseline VIDE SUM models

Method Accuracy (%)  Precision (%)  Recall (%)
DPP 89.42 86.31 84.95
DR-DSN 93.68 91.24 90.17
SUM-GAN 95.21 93.08 92.34
Proposed VIDE SUM 98.85 95.76 94.92
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The integration of multi-layer deep features with SC, HAECS, and CMQC strongly correlates with
higher F1-score and reduced redundancy in video summaries. The proposed method in this study tended to
have an inordinately higher proportion of semantically relevant and non-redundant keyframes, resulting in
improved accuracy and lower runtime compared to baseline models.

Table 2 shows the comparison of existing VIDE SUM models and the proposed VIDE SUM
framework based on the benchmark datasets. The proposed technique achieves an accuracy level of 98.85%
for VIDE SUM. The VIDE SUM model increases the overall accuracy by 6.51%, 4.67%, and 3.18% better
than V2xum-lIm, VS-DCNN-HWF, and VS-GSDA, respectively. The proposed VIDE SUM demonstrates
that its summarization accuracy is superior to existing methods due to the effective integration of CNN deep
features with SC, HAECS, and CMQC feature models. Our findings indicate that VIDE SUM generates more
accurate, compact, and semantically meaningful video summaries compared to other approaches.

Table 2. Author comparison of existing approaches and proposed approach

Authors Methods Accuracy (%)
Hua et al. (2025) [9] V2xum-lim 92.34
Veerasamy et al. (2020) [12] VS-DCNN-HWF 94.18
Chai et al. (2021) [13] VS-GSDA 95.67
Proposed VIDE SUM 98.85

The runtime comparison shows that the proposed VIDE SUM method achieves the lowest
computational cost among all evaluated approaches. As shown in the Table 3, VIDE SUM requires only
10.28 s for feature extraction and 3.94 s for summarization, resulting in a total runtime of 14.22 s per video.
In contrast, DPP consumes 17.57 s, while the DL-intensive methods DR-DSN and SUM-GAN require
significantly higher runtimes of 25.80 s and 29.05 s, respectively. These results demonstrate that VIDE SUM
is computationally efficient and more suitable for real-time and resource-constrained VIDE SUM
applications.

Table 3. Comparison of runtime and computational cost analysis

Method Feature extraction time (s)  Summarization time (s)  Total runtime per video (s)
DPP 13.42 4.15 17.57
DR-DSN 18.96 6.84 25.80
SUM-GAN 21.43 7.62 29.05
Proposed VIDE SUM 10.28 3.94 14.22

Table 4 presents the ablation study of VIDE SUM, demonstrating the progressive performance
improvement achieved by integrating each component. The single-layer CNN achieved 93.42% accuracy,
which improved to 95.63% with a multi-layer CNN. Incorporating the SC and entropy further enhanced
performance, followed by additional gains from the HAECS color feature and CMQC complexity feature.
The complete VIDE SUM framework with optimal clustering achieved the best results, reaching 98.85%
accuracy, 95.76% precision, 94.92% recall, and a 95.33% F1-score, confirming the effectiveness of the
integrated multi-level components.

Table 4. Ablation study of the proposed VIDE SUM

Configuration Accuracy (%)  Precision (%) Recall (%) F1-score (%)
Single-layer CNN features only 93.42 90.18 89.76 89.97
Multi-layer CNN features only 95.63 92.41 91.85 92.12
Multi-layer+SC 96.78 93.26 92.94 93.10
Multi-layer+SC+entropy 97.32 94.08 93.51 93.79
Multi-layer+SC+HAECS 97.84 94.72 94.01 94.36
Multi-layer+SC+HAECS+CMQC (without clustering 98.21 95.12 94.37 94.74
refinement)
Full proposed VIDE SUM 98.85 95.76 94.92 95.33
(multilayer+SC+entropy+HAECS+CMQC+optimal
clustering)

5. DISCUSSION
This study introduced the VIDE SUM framework for efficient and accurate VIDE SUM by
integrating CNN-based shot segmentation with multi-level handcrafted features, including SC for frame
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similarity, HAECS for visual relevance, and CMQC for compression-based redundancy reduction. The
proposed method achieved superior performance, obtaining an F1-score of 0.8907 and precision of 0.8885,
outperforming VS-LPQF-SAE, VS-DCNN-HWF, and VS-GSDA. Evaluations on the TVSum and SumMe
datasets demonstrate strong summarization accuracy and practical potential for applications such as
surveillance, sports highlights, medical review, and content-based retrieval. Future work will focus on
large-scale validation, real-time optimization for edge and mobile platforms, and incorporating
transformer-based representations and adaptive threshold learning to enhance generalizability and
deployment in real-world intelligent systems.

6. CONCLUSION

This research proposes VIDE SUM, a hybrid VIDE SUM framework that integrates deep
CNN-based shot segmentation with handcrafted feature extraction for effective keyframe selection. The
method utilizes complementary features, including SC, entropy, HAECS color features, and CMQC
complexity measures, along with histogram-based similarity analysis to generate concise and informative
summaries. Experimental evaluation on benchmark datasets demonstrates superior performance in terms of
precision, Fl-score, time complexity, and MOS. VIDE SUM achieves an overall accuracy of 98.85%,
outperforming existing approaches such as VS-LPQF-SAE, VS-DCNN-HWF, and VS-GSDA. Future work
will focus on transformer-based temporal modeling, real-time edge deployment, and user-adaptive or
explainable summarization mechanisms to further enhance practical applicability.
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