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Shot Boundary Detection (SBD) is an essential task in video content analysis but
accurately detecting both abrupt and gradual scene changes is still a problem due to
different lightings, camera motions, and varied scene contents. This paper introduces a
hybrid framework named GWO-ATDL-SBD that combines Grey Wolf Optimizer (GWO)
with adaptive temporal deep learning for performing robust shot boundary detection. At
first, multi-cue features such as edge energy difference, motion vector entropy, and color
histogram distance are extracted to represent different visual characteristics in
combination. These features are combined dynamically using weights obtained by GWO
and passed to a Bi-directional Long Short-Term Memory (Bi-LSTM) network to capture
the frame-wise temporal dependencies. In contrast to the traditional methods having
fixed thresholds, our method uses GWO not only to find the optimal feature fusion
weights and classifier parameters but also decision thresholds for adaptive and accurate
recognition of both cuts and transitions. Extensive experiments on standard video
datasets show that the proposed method substantially surpasses the existing SBD
methods in terms of precision, recall, and F1-score. The findings reveal the potential of
marrying evolutionary optimization with temporal deep learning for tackling complex
video transition detection problems.
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1. INTRODUCTION

The fast expansion of digital video content through multimedia platforms, surveillance systems, and online
streaming services inevitably leads to a larger need for efficient and trustworthy techniques of video content analysis.
SBD is a core step of preprocessing for video indexing, summarization, retrieval, and event detection, as it segments a
video sequence into semantically meaningful shots. Precisely recognizing shot boundaries has a great impact on the
effectiveness of higher-level video understanding tasks. On the contrary, strong detection of abrupt and gradual
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GWO-ATDL-SBD: A Grey Wolf Optimized Adaptive Temporal Deep Learning Framework for Robust Shot Boundary Detection

transitions is still a difficult issue because of illumination changes, camera motion, object dynamics, and complex scene
changes.

Shot boundary detection was initially achieved by algorithms working on basic visual features such as color
histograms, edge statistics, pixel-wise differences, etc., together with fixed or heuristic thresholds. Despite being very
fast, these methods are so sensitive to lighting variations or camera movement that they produce many false alarms. To
get rid of these problems, machine learning, based methods were developed, utilizing classifiers such as Support Vector
Machines and Hidden Markov Models, which allow learning from data. Today, deep learning models, especially
convolutional and recurrent neural networks, have revealed superior capability in understanding, visual patterns, and
temporal dependencies. However, the performance of deep learning, based SBD methods, which comes with a
considerably high computational cost, overfitting, and the requirement of manually tuned thresholds or huge annotated
datasets, is a constant concern.

Evolutionary optimization algorithms have been used to improve shot boundary detection by automatically
adjusting weights of features and parameters of decisions. One of these is GWO, which has been recognized by many due
to its simple architecture, rapid convergence, and good trade-off between exploration and exploitation. However, current
hybrid GWO-based SBD methods usually incorporate deep network training into the optimization cycle, causing an
extremely high computational complexity that hardly makes them suitable for practical use, in particular, for long video
sequences.

Driven by these issues, this study introduces a new hybrid framework called GWOATDL-SBD that combines Grey
Wolf Optimization with adaptive temporal deep learning for an effective and computationally efficient shot boundary
detection. Initially, the proposed method derives multi-cue features that are complementary to each other such as edge
energy difference, motion vector entropy, and color histogram divergence, representing changes in structure, motion,
and color between two consecutive frames. A Bi-LSTM network is trained only once to capture temporal dependencies
and produce frame-level transition probabilities. In order to decrease the computational cost and at the same time keep
the detection accuracy, the Grey Wolf Optimizer is used only for optimizing the weights of feature fusion and the adaptive
decision threshold instead of deep model retraining in the optimization loop.

The most significant contributions of this paper are the following:

1) Introducing a hybrid SBD framework that leverages adaptive temporal deep learning and Grey Wolf
Optimization to achieve a significantly low computational cost.

2) Proposing a multi-cue feature fusion method that integrates edge, motion, and color information in order to
accurately detect both sudden and gradual changes in the scene.

3) Developing an optimized GWO-based parameter tuning method that not only removes the need for manual
thresholding but also drastically lowers the time complexity.

4) Thorough experimental testing on several datasets shows the proposed approach outperforms other state-of-
the-art methods in SBD.

The rest of the paper is structured in the following way. In section 2, we summarize previous literature on video
shot transition detection. Section 3 introduces our GWOATDL-SBD method along with the main components. In section
4, the authors explain the optimization technique and the related mathematical expressions. Section 5 shows the
experiments and evaluates the results. At last, section 6 finishes the paper and suggests the possible future research
areas.

2. RELATED WORK

Over the last several decades, video indexing, summarization, and retrieval have been heavily dependent on SBD
which has been studied thoroughly. The existing approaches fall broadly under four categories, namely classical feature-
based methods, machine learning, based techniques, deep learning, based models, and optimization-driven hybrid
frameworks.

The initial research on shot boundary detection was mainly concentrated on a low level of visual features like pixel
intensity differences, color histograms, and edge statistics. Techniques based on histograms calculate the dissimilarity
between consecutive frames by using measures like the Euclidean distance [1] or the chi-square distance [2], and they
detect abrupt transitions by applying preset thresholds [3]. Methods based on edges take advantage of the structural
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changes in the frames, and as a result, they are more robust to illumination changes than pixel-based methods [4, 5].
There were also motion-based methods that utilized optical flow or motion vectors to detect changes in the dynamic
scenes, especially gradual transitions [6].

Traditional methods, although very efficient computationally, are quite vulnerable to factors such as camera motion,
changes of lighting, and object movement. They usually produce a lot of false positives when dealing with complex videos.
Besides, their use of static thresholds makes it very difficult for them to adapt to different types of video content [7].

In order to break through the bottleneck posed by handcrafted threshold-based methods, the community stepped
up with supervised machine learning (ML) models for shot boundary detection. Support Vector Machines (SVMs) trained
on handcrafted features like color moments, texture descriptors, and edge information were able to yield significant
improvements in detection accuracy [8, 9]. Moreover, Hidden Markov Models (HMMs) and Conditional Random Fields
(CRFs) were employed to represent temporal relations of frames and transitions [10, 11]. Besides that, fuzzy logic and
rule-based classifiers were investigated to cater to gradual transition’s uncertainty [12].

Though approaches based on machine learning have shown better robustness over traditional methods, their
performance largely hinges on feature selection and the availability of labeled training data. Moreover, simple classifiers
usually are not able to model long-term temporal patterns that are natural in slow transitions [13].

The field of shot boundary detection has been majorly influenced by the recent progress of deep learning.
Researchers have used Convolutional Neural Networks (CNNs) to learn discriminative spatial features directly from raw
frames or frame differences [14, 15]. In order to model temporal sequences, Recurrent Neural Networks (RNNs),
especially Long Short-Term Memory (LSTM) and Bi-directional LSTM models, have been combined with CNN-based
feature extractors [16, 17]. Threedimensional CNNs (3D-CNNs) and temporal convolutional networks have been the two
main architectures exploiting the spatial as well as the temporal information and jointly very effectively thus leading to
the increased performance of the methods [18].

Deep learning, based SBD methods can get state-of-the-art accuracy but usually, they need a huge amount of
annotated data and the computational cost is quite high. Besides that, a lot of methods depend on manually set decision
thresholds or post-processing heuristics that make the method less generalizable to different video domains [19].

Evolutionary algorithms and swarm intelligence methods have been considered for solving feature weight
optimization, classifier parameter setting, and decision threshold selection problems in shot boundary detection. Genetic
Algorithms (GA), Particle Swarm Optimization (PSO), and Ant Colony Optimization (ACO) have been extensively used to
improve detection accuracy and simultaneously decrease false positives [20-22]. Out of these, the Grey Wolf Optimizer
(GWO) has attracted more attention because of its straightforward implementation, quick convergence, and well-
balanced exploration, exploitation nature [23].

Some hybrid methods integrating GWO with ML classifiers, e.g., neural networks and SVMs, for video transition
detection have been suggested in [24]. But a lot of hybrid models in the literature wrap the training of deep networks
inside the optimization loop, thus resulting in very high computational cost and scalability problems, mainly in the case
of long video sequences [25].

From the review above, one can see that on the one hand, classical methods are not robust and on the other hand,
the use of machine learning is limited by handcrafted features. Deep learning models, however, have a problem with
huge computational overload and parameter sensitivity. Although optimization-based hybrid frameworks, on the one
hand, increase the adaptability of the systems, on the other hand, their integration with deep learning models, in most
cases, causes impractical runtimes.

The above-mentioned restrictions are the reasons for creating a more computationally efficient hybrid model that
utilizes the temporal modeling ability of deep learning and evolutionary optimization only for a very small parameter
tuning. The new GWOATDL-SBD framework fills the void in that it runs the Bi-LSTM network for one time and uses the
Grey Wolf Optimization only for the feature fusion and adaptive threshold selection, thus, it can give a higher accuracy
level with a drastically lower computational expenditure.
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3. PROPOSED GWO-ATDL-SBD FRAMEWORK

The goal of the new model is to correctly identify sudden and slow changes of shot, at the same time, being fast for
computation and audacious to changes in lighting, camera movements, and varied scenes. Figure 1 shows the schematic

of the proposed framework.

Figure 1
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Figure 1 System Architecture of the Proposed System

Algorithm 1 breaks down the task of detecting shot boundaries into building features, estimating temporal
probabilities with a pre-trained Bi-LSTM, and automatically choosing parameters through Grey Wolf Optimization. The
method manages to identify both abrupt and gradual transitions effectively with the least amount of computation, by
limiting the optimizer only to the weights for feature fusion and the decision threshold and freezing temporal learning.
Stability and accuracy are further improved by constraint-aware updates and temporal post-processing.

Algorithm 1 GWO-ATDL-SBD: Grey Wolf Optimized Adaptive Temporal Deep Learning-based Shot Boundary

Detection

Require: Video sequence V = {F1,F2,..,FN}

Require: GWO population size P, maximum iterations T
Require: Bi-LSTM hyper parameters

Ensure: Detected shot boundaries S = {s1,s2,...,sK}

1V« {F1,F2,..FN}
:fort=2toNdo

: EED(t) « Ft - Ft-1
: end for

: X(t) = [EED(t), MV E(t), CHI(t)]
:fori=1toPdo
Xi={wl,iw2,iw,ibi}

:Enforcewl,i+w2,i+w3,i=1,

>Compute Edge Energy Difference

D> Initialize wolf position
0<0is<1

© N O U W N R

: end for

10:fori=1to P do

11: Fi(t) = w1,iEED(t) + w2,iMV E(t) + w3,iCHI(t)
12: P(t) > 6i

13: end for
14:foriter=1to T do

>Compute fused feature
>Primary Detection Condition

>Normalize feature matrix
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15: Identify alpha (a), beta (), and delta (6) wolves
l6:fori=1toPdo

17: Xl.(mﬂ) = w >Update position

18: Enforce constraints on w1,i,w2,i,w3,i,0i

19: end for

20: end for

21: X" = {wy{,w;,w3,0"} >Select best wolf

22: F*(t) = wiEED(t) + wo;MVE(t) + w3CHI(t) >Compute final fused feature
23:P(t) > 0" >Final Detection Condition

24: Output

25: return Final shot boundary set S

3.1. VIDEO PREPROCESSING AND FRAME EXTRACTION

Initially, the input video is decoded to extract frames at a fixed frame rate. To cut the processing time significantly a
little, each frame is changed into grayscale while retaining the structural characteristics that are closely connected to the
detection of the transition between scene boundaries. The preprocessing step achieves compatibility among various
video formats and resolutions and brings about efficient feature extraction.

3.2. MULTI-CUE FEATURE EXTRACTION

Three complementary low-level features are extracted from consecutive frames in order to robustly characterize
shot transitions. These features capture changes in structure, motion, and color.

3.2.1. EDGE ENERGY DIFFERENCE

Edge details work well for spotting the structural changes between frames. Sobel edge operators are applied to two
consecutive frames, and then the edge energy difference is calculated as

EED(t) = |Zx,yVFt(xly) —VFt—1(x:Y)| (1)

where VFt represents the gradient magnitude of the frame Ft. Abrupt transitions most of the time produce very large
changes in edge energy, on the other hand, gradual transitions show fairly smooth variations.

3.2.2. MOTION VECTOR ENTROPY

Indeed, motion information plays a major role in differentiating between the camera motion and the object
movement on one hand, and the actual shot transitions on the other. To quantify motion vector entropy, frame
differencing is employed, which is a method used to estimate the level of motion activity between two successive frames.

The entropy measure reflects how motion intensities are distributed and it is defined as

MVE(t) = — X;p;log (p;) (2)

where (pi) is the normalized motion intensity distribution. High entropy values are usually related to complex
motion patterns during transitions.
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3.2.3. COLOR HISTOGRAM CHI-SQUARE DISTANCE

Color distribution changes are quantified by measuring the chi-square distance between grayscale histograms of
subsequent frames:

_ 1y (uOhey )2
CHI(t) = 221 (he(@+he—1 (D)) ©)

where ht(i) represents the histogram bin values. This feature is especially good at identifying fade and dissolve
transitions.

3.3. ADAPTIVE TEMPORAL MODELING USING BI-LSTM

The extracted multi-cue features are temporally correlated and may have long-range dependencies, particularly
when there are gradual transitions. To model the temporal dynamics, a Bi-LSTM network is utilized. Bi-LSTM takes the
feature sequence in both forward and backward directions, allowing the network to use both past and future contextual
information.

The fused feature sequence is initially formed as
F(t) = EED(t) + MV E(t) + CHI(t) (4)

which is then normalized and given to the Bi-LSTM network. The network produces frame-level transition
probabilities P(t) € [0,1], which are the probabilities of a shot boundary at each frame. To make the process
computationally efficient, the Bi-LSTM model is only trained once using weak supervision coming from feature statistics,
and the trained network is used again during the optimization phase.

3.4. GREY WOLF OPTIMIZATION FOR FEATURE FUSION AND THRESHOLD SELECTION

Temporal modeling is capable of providing probabilistic transition cues, yet this alone is not sufficient for optimal
decision making which also requires the adaptation of feature fusion and threshold selection. GWO is used for finding
the best combination of feature fusion weights and decision threshold.

3.4.1 Feature Fusion Model
The final fused feature representation is defined as

Fw(t) = wlEED(t) + w2MV E(t) + w3CHI(t), (5)
sub to wl+w2+w3=1

The usage of weights {w1,w2,w3} is autonomously adjusted by GWO to heat the most discriminative features of
various video content.

3.5. ADAPTIVE THRESHOLD OPTIMIZATION

It is deemed that the frame t is a shot boundary if
P(t)>6 (6)

where 0 stands for an adaptive decision threshold, which is optimized by GWO. This means that there is no need for
manual threshold definition and the method generalizes better to different types of video sequences.
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The individual candidate solution vectors, are represented by grey wolves:
X ={wl,w2,w3,0} (7)

Each solution’s fitness is assessed by the F1-score that equally weights precision and recall, thus resulting in a
reliable detection performance.

3.6. FINAL SHOT BOUNDARY DETECTION

They get final shot boundary decisions by applying the optimized feature weights and threshold to the Bi-LSTM
output probabilities. They apply a simple post-processing step to remove isolated false detections by enforcing a
minimum temporal duration constraint between consecutive shot boundaries.

3.7. COMPUTATIONAL EFFICIENCY CONSIDERATIONS

The GWO-ATDL-SBD framework proposed here significantly reduces computational complexity, unlike other hybrid
frameworks that integrate deep network training into evolutionary optimization loops. The Bi-LSTM network is trained
only once, and GWO is applied to a low-dimensional parameter space only, which leads to faster convergence and
scalability to long video sequences.

4. EXPERIMENTAL RESULTS AND DISCUSSION

The proposed model is evaluated based on benchmark video datasets. The test results are then compared with those
obtained by existing state-of-the-art shot boundary detection methods in terms of detection accuracy, robustness, and
computational efficiency.

4.1. DATASETS

The strength of the method presented is confirmed through a thorough database which is a major performance
benchmark. This dataset combines carefully selected video sequences from the MY Dataset with the TRECVid 2001, 2007,
2008, and 2009 collections.

Table 1

Table 1 Statistical Analysis of Datasets TRECVid 2001 and 2007

Video Frame # Transition Sources
Abrupt  Gradual Total
D2 16586 42

12304 TRECVid 2001
31389
12510
13648

BG 3027 49815

BG 16336 2462 TRECVid 2007

BG 36136 29426

BG 37309 9639

BG 37770 15836

BG 8907 7551 87
BG 10523 9378 98 7 105 TRECVid 2008
BG 26797 3609 27 8 35
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BG 34413 11502 124 3 127

BG 36580 13635 33 12 45

BG 8910 5913 43 - 43

BG 14233 4518 37 14 5137 TRECVid 2009
BG 22678 10800 36

BG 24269 13536 88 - 88

BG 37235 9738 46 47

Clip 1 2500 37 37
Clip 2 3720 26 5 3128 MY Dataset
Clip 3 1361 16 13

Clip 4 3732 77 81

Clip 5 4883 65 - 35

In an effort to carry out a thorough assessment, the dataset was expanded with various film sequences that featured
dramatic changes in lighting and very fast motion. In particular, we added movie parts from Avatar, Transformers: Dark
of the Moon, Masoom, The Terminator, and Tron: Legacy. The entire set of experiments was run on an ASUS ROG Strix
G513IC system. Table 1 lays out in detail the video setting and features.

4.2. EVALUATION METRICS

The performance of the proposed GWO-ATDL-SBD framework has been measured by using the standard metrics in
shot boundary detection, such as Precision (P), Recall (R), and F1-Score (F1), which are mathematically defined as

p TP
TP+ FP (8)
TP+ FN (9)
2x R+ P
Fl=———
R+ P (10)

where TP, FP and FN are the numbers of true positives, false positives, and false negatives, respectively. To match
the predicted boundaries with the ground truth transitions, a detection tolerance window of +5 frames was used.

4.3. QUANTITATIVE PERFORMANCE ANALYSIS

Table 2 briefly shows the quantitative results of the proposed GWO-ATDL-SBD framework and the existing methods.
Table 2

Table 2 Evaluating the System’s Response to Threshold Adaptivity

Videos CNN LSTM Proposed
Rec Pre F1 Rec2 Pre F1 Rec Pre F1
D2 85.00 87.60 86.48 70.64 7213 7138 97.67 91.15 94.28
D3 86.00 88.15 87.26 93.00 95.00 | 94.00 98.60 92.53 95.40
D4 86.72 8845 87.57 9256 9440 9346 97.69 96.92 97.30
D5 87.88 89.00 8793 9340 94.10 | 93.74 100.0 95.67 97.74
D6 88.00 89.05 88.61 93.60 95.02 9431 99.76 91.15 95.25

Average 86.72 88.45 87.57 88.64 90.13 | 89.37 97.76 93.34 95.45
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The GWO-ATDL-SBD framework proposed in this paper produces better results than all other techniques causing
the Fl-score to reach a peak of 95.45%. The performance gain from the baseline CNN and LSTM model point to the
success of adaptive temporal modeling and optimized feature fusion. Most importantly, the Bi-LSTM module adds a lot
to the detection of gradual transitions that are usually neglected by frame-wise classifiers.

4.4. ABLATION STUDY

An ablation study was performed to evaluate the contribution of each component by gradually excluding modules
from the proposed framework.

Table 3

Table 3 Evaluating the System’s Response to Different Configurations

Videos Multi-cue features onli Bi-LSTM without GWO GWO without Proiosed

R P F1 R P F1 R P F1 R P F1

D3 8694 83.20 85.03 89.75 89.41 89.58 87.91 84.72  86.28 98.6 92.53  95.40

D5 88.56 83.00 85.69 9190 89.72 90.80 89.57 86.93 88.23 100.00 95.67 97.74

| b6 | 99.76  100.00

Avg 86.94 83.21 85.03 90.27 88.63 89.44 88.36 86.12 87.22 97.76 95.25 99.87

The table 3 clearly validates the architectural decisions of the proposed GWOATDL-SBD framework. Multi-cue
features provide essential low-level information, Bi-LSTM enables robust temporal modeling, and Grey Wolf
Optimization ensures adaptive and content-aware parameter tuning. The absence of any one component leads to
measurable performance degradation, confirming that the superior performance of the proposed method arises from
the complementary interaction of all three modules.

4.5. SYSTEM PERFORMANCE

Selected videos from the datasets TRECVid 2001, 2007, 2008, 2009, and My Dataset had their performance are
analyzed in Table 4.

4.6. DISCUSSION

The algorithm we proposed has accurately identified the majority of the abrupt transitions in the video. The
suggested algorithm has excluded frames with changes in illumination and object motion.

Figure 2 depicts the problem of flashlight effects in videos, which can lead to frames being misclassified as abrupt
transitions. Our proposed approach successfully resolves this issue in shot boundary detection.

Table 4

Table 4 System Performance Using Different Datasets

Videos Parameter measure Computation Source
Recall Precession F1 Score Time
D2 97.67 91.15 94.28 638
D4 97.69 96.92 97.30 1397
D6 99.76 100.00 99.87 533
BG 3027 99.21 98.43 98.82 1547
BG 3097 98.90 100.00 99.45 1398 TRECVid 2007
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BG 16336 100.00 100.00 100.00 80

BG 28476 98.86 97.75 98.3 717
BG 36136 91.67 92.3 91.98 1815
BG 37309 100.00 100.00 100.00 409

BG 37770 97.14 94.59 95.85 856
BG 8907 100.00 96.67 98.31 252

BG 10523 98.97 92.38 95.56 328 TRECVid 2008

BG 26797 96.29 92.85 94.54 115
BG 34413 97.58 94.53 96.03 543
BG 36580 96.97 94.28 95.60 691
BG 8910 97.67 95.45 96.55 419
BG 10523 100.00 92.50 96.10 157 TRECVid 2009
BG 22678 100.00 94.73 97.29 443
BG 24269 95.45 93.33 94.38 711
BG 37235 97.82 93.75 95.65 562

Clip 1 97.30 94.73 96.00 133
Clip 2 100.00 100 100.00 183 MY Dataset
Clip 3 100.00 93.75 96.77 81
Clip 4 98.70 96.33 97.50 167

Clip 5 98.46 96.97 97.71 215
Average 98.32 95.28 96.73 569
Figure 2
b i L
o & |
&) M.
_;, _.;
2159 2162

, \
9756

9759
(b)

Figure 2 Demonstrating an Instance Of (A) Uniform Illumination and (B) Non-Uniform Illumination.

Videos D2 and D4 were selected for experimentation due to their sudden illumination and motion effects. As shown
in Table 3 the proposed method effectively addresses these challenges. A closer examination reveals that the F1 scores
for all videos in Table 3 improve as the precision of the proposed system increases. Figure 2 highlights significant
challenges like uniform and non-uniform illumination changes from videos D2 and D4, respectively, which are effectively
managed by our system. Dubey and Dubey (2026)
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Figure 3
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Figure 3 Instances of Obstruction in the Camera’s Perspective: (A) Across Multiple Frames, (B) Within a Single Frame

Figure 3 provides an example from video D4, where a large object (a fan) blocks the view of the object (a dummy
airplane) in front of the camera. Figures 4(a) and 4(b) illustrate the obstruction across multiple consecutive frames and
in a single frame, respectively. These issues are efficiently addressed during the confirmation stage of the proposed
system.

Figure 4

725 726 1162 1163
(b)

Figure 4 An Example of Correctly Detected Abrupt Transitions

As proposed below, our method discovered all the concealed cuts between the scenes or frames in Clips 1 and Clips
3, as shown in Figure 4. That is, the algorithm properly ensures accurate segmentation of a video by detecting sharp
changes or boundaries inside a video. According to both clips, the method demonstrates reliability and strength in
handling various illumination changes, making it suitable for tasks that require precise boundary identification.

4.7. COMPARISON

To establish a comprehensive performance baseline, Table 5 features a comparison against a wide spectrum of
contemporary techniques, including methods such as Bifold stage SBD [7], Kernel-dependent SBD [26], the Automated
Framework for illumination and motion [27], Stationary wavelet [28], Fast Preprocessing Frame-work [29], Hybrid
optimisation technique(s) (SBD) [30], Spatio temporal convolutional neural network-SBD [31], Automatic SBD
illumination and motion effect [32], Low-Rank and Updating [33], and the Multi-layer perception [34].
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Table 5 Comparative Anatomy of Latest Methodologies

Algorithm Parameters Videos Average
Proposed Rec 97.6 98.6 97.6 99.7 98.4
F1 94.2 95.4 97.3 99.8 96.7

Bifold stage [7] 92.9 87.2 86.8 95.0
100.0 100.0 97.8 100.0
96.3 93.20 92.0 97.4
Kernel dependent sbhd [26] Rec 97.0 82.0 88.0 95.0 90.5
85.0 86.0 90.0 97.0 90.0
91.0 84.0 89.0 96.0 90.0
Automated framework 78.0 92.0
for illumination 96.0 84.0
and motion [27 86.0 88.0
Stationary wavelet [28] Rec 97.0 97.0 93.0 100.0 97.0
F1 12.0 16.0 13.0 16.0 14.0
Fast Preprocessing frame-work [29] 57.0 46.0 75.0 89.0
100.0 100.0 98.0 100.0
72.0 63.0 85.0 94.0

Hybrid optimization technique (sbd) [30] Rec 97.0 92.0 100.0 100.0 97.0
Pre 82.0 100.0 89.0 100.0 92.0
F1 89.0 96.0 94.0 100.0 94.0

Spatio-temporal convolutional neural networks [31] 92.0 85.0 87.0
100.0 100.0 100.0
96.0 92.0 93.0

Automatic SBD Rec 90.0 89.0 89.0 92.0 90.0

illumination 100.0 100.0 94.0 97.0 98.0

and motion effect [32 95.0 94.0 92.0 94.0 94.0
Low rank and 91.8 100.0
Updating [33] 93.7 100.0
93.2 100.0

Multi-layer Rec 88.1 97.4 87.8 97.5 92.7

perceptron [34]

F1 91.4 92.7 89.6 95.1 92.2

The tabulated data decisively indicates that the proposed system consistently exceeds the performance of all
existing methods, registering superior F1-scores and affirming its exceptional accuracy and robustness.

5. CONCLUSION AND FUTURE WORK

This paper proposes a new hybrid framework, GWO-ATDL-SBD, which combines adaptive temporal deep learning
with Grey Wolf Optimization to achieve the two objectives of robustness and computational efficiency for shot boundary
detection. Our approach takes advantage of three complementary multi-cue visual descript or sedge energy difference,
motion vector entropy, and color histogram divergence. These features are then passed to a Bi-directional Long Short-
Term Memory network which helps in capturing the temporal relationships between the video frames. In order to
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remove the need for manual parameter tuning and improve the generalization performance on diverse video content,
the Grey Wolf Optimizer was used for the adaptive optimization of feature fusion weights and decision thresholds.

Experiments carried out on standard video datasets clearly show that the framework we propose outperforms the
traditional feature-based, machine learning, based, and hybrid methods for shot boundary detection. The findings
revealed that the model was able to improve precision, recall, and F1-score metrics even in the most difficult scenarios
of gradual transitions and dynamic scene variations. Ablation studies revealed that multi-cue feature representation,
adaptive temporal modelling, and evolutionary optimization, when combined, generate synergistic effects that lead to a
well-balanced enhancement in detection accuracy and robustness. Furthermore, by separating deep learning training
from the optimization loop, our framework substantially reduces computational complexity as compared to the
traditional hybrid evolutionary deep learning methods.

Even though it is a well-performing venture, future research has many avenues. To begin with, the existing
architecture is based on the manual development of low-level features that might be constrained by videos with a
complicated semantic transition. The future directions will focus on incorporating the deep visual feature extractors e.g.
convolutional neural networks to allow end-to-end learning of features. Second, the Bi-LSTM network can be further
supervised, and then accurately supervised with the help of an annotated video dataset to train the weakly supervised
training strategy of the network. Third, the optimization strategy suggested can be generalized to multi-objective
evolutionary models to co-optimize the detection accuracy and the computational cost. Lastly, the real-time deployment
and hardware-aware model compression methods will also be explored so that real-time applications can be
implemented in large-scale video surveillance and multimedia retrieval systems.
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