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Abstract

Online videos play a central role in shaping political dis-
course and amplifying cyber social threats such as misinfor-
mation, propaganda, and radicalization. Detecting the most
impactful or “standout” moments in video content is crucial
for content moderation, summarization, and forensic analy-
sis. In this paper, we introduce PRISM (Perceptual Recog-
nition for Identifying Standout Moments), a lightweight
and perceptually-aligned framework for keyframe extraction.
PRISM operates in the CIELAB color space and uses per-
ceptual color difference metrics to identify frames that align
with human visual sensitivity. Unlike deep learning-based ap-
proaches, PRISM is interpretable, training-free, and compu-
tationally efficient, making it well suited for real-time and
resource-constrained environments. We evaluate PRISM on
four benchmark datasets: BBC, TVSum, SumMe, and Clip-
Shots, and demonstrate that it achieves strong accuracy and
fidelity while maintaining high compression ratios. These re-
sults highlight PRISM’s effectiveness in both structured and
unstructured video content, and its potential as a scalable tool
for analyzing and moderating harmful or politically sensitive
media in online platforms.

Introduction
Online platforms like YouTube, TikTok, and X have become
powerful engines for shaping public discourse, where video
content spreads political narratives, social ideologies, and
cyber threats at scale. Within this environment, identifying
standout moments, which are emotionally or ideologically
charged video segments, is crucial for moderating harmful
content and understanding its impact. Recent studies have
examined how algorithmic bias and emotional content shape
viewer exposure and engagement (Okeke et al. 2023; Cak-
mak et al. 2023a,b).

These segments are often amplified through algorithmic
curation and social sharing, and are frequently used to
mislead or incite during sensitive events (King and Wang
2023; Abdali, shaham, and Krishnamachari 2024; Kaur et al.
2024). As generative AI further obscures the line between
real and synthetic media, detecting perceptually significant
keyframes becomes vital for forensic analysis and misinfor-
mation detection.
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While NLP and network analysis are common in cy-
ber threat research, visual signals in video remain underex-
plored, despite their strong emotional and narrative power
(Amerini et al. 2025; Seo 2020; Cakmak et al. 2025; Bhat-
tacharya, Agarwal, and Poudel 2024; Shajari and Agarwal
2025). Keyframe extraction helps surface these signals by
condensing video into its most semantically relevant com-
ponents, enabling tasks like moderation, summarization, and
content indexing (Gurung, Agarwal, and Al-Taweel 2025).

In this paper, we propose PRISM (Perceptual Recog-
nition for Identifying Standout Moments), a lightweight,
perceptually-driven framework for extracting visually mean-
ingful frames. PRISM uses color-based perceptual metrics
and adaptive filtering to identify standout content without
training or heavy computation. As shown in Figure 1, we
evaluate PRISM across four diverse datasets and demon-
strate its effectiveness in accuracy, fidelity, and compression,
highlighting its potential for scalable and interpretable anal-
ysis of harmful media online.

Figure 1: The PRISM framework for perceptually-guided
keyframe extraction.

Literature Review
The surge in video content across online platforms has
driven demand for effective keyframe extraction methods
(Alp et al. 2022), essential for tasks such as summariza-
tion, indexing, and content retrieval. A variety of techniques
have been proposed in recent years, each balancing differ-
ent trade-offs between accuracy, complexity, and practical
deployment.

Deep learning-based approaches have dominated the
field, with frameworks like LMSKE (Tan et al. 2024) com-
bining models such as TransNetV2 and CLIP for shot seg-
mentation and semantic representation. Similarly, reinforce-
ment learning methods (Huang et al. 2022) have been ap-
plied in medical imaging scenarios to extract diagnostically



relevant frames. While these methods achieve high perfor-
mance, they are often computationally intensive, require
large annotated datasets, and are difficult to interpret or de-
ploy in real-time systems.

Clustering-based methods (Kaur, Kaur, and Lal 2024),
such as those using fuzzy C-means with metaheuristics, of-
fer a more lightweight alternative, but can suffer from sen-
sitivity to initialization and a lack of perceptual alignment.
Perceptual cues, including color-emotion links, have also
been explored (Cakmak, Shaik, and Agarwal 2024; Yousefi,
Cakmak, and Agarwal 2024). Entropy and information-
theoretic techniques (Zhang, Tian, and Li 2017) attempt to
select frames with high information content, though they
may misfire in noisy or visually subtle transitions. Motion-
based approaches (Dong et al. 2022) use temporal dynamics
to locate changes but can miss static yet semantically im-
portant scenes. Object detection-based strategies (Bharathi,
Senthilarasi, and Hari 2023) enhance semantic relevance but
are constrained by category-specific detectors. Visual pre-
sentation factors, such as thumbnails and their design have
also been shown to influence viewer engagement and al-
gorithmic behavior (Poudel, Cakmak, and Agarwal 2024).
Bias in Shorts thumbnails and topic drift in recommenda-
tions have also been documented (Cakmak et al. 2024; Cak-
mak and Agarwal 2025; Cakmak, Agarwal, and Oni 2024).

Despite this variety, common challenges persist across
existing approaches, including poor interpretability, limited
perceptual sensitivity, and high resource demands. Many
techniques are ill-suited for real-time or large-scale appli-
cations where speed and simplicity are critical. Studies have
also highlighted how multimedia plays a key role in shap-
ing mobilization across sociopolitical contexts (Shaik et al.
2024).

In contrast, we propose PRISM, a perceptually-guided,
lightweight framework that selects standout frames using
color differences in the CIELAB space. Unlike deep or
heuristic systems, PRISM is training-free, interpretable, and
efficient, making it practical for real-world use in con-
strained or high-throughput environments.

Methodology
In this research, we propose a perceptually-guided method
for extracting standout keyframes from videos, using the
CIELAB color space to better align with human visual per-
ception.

Justification of CIELAB Color Space
Standard RGB spaces do not reflect human perception, as
they are designed for hardware representation rather than
perceptual uniformity. In contrast, CIELAB was specifically
developed to align with human color sensitivity, where equal
distances correspond to equal perceived differences. Using
CIELAB thus enables more perceptually accurate analysis
of color changes between frames.

Frame Conversion Procedure
The initial stage involves converting video frames from
RGB color space (stored as BGR in OpenCV) to CIELAB

color space. Mathematically, this transformation can be suc-
cinctly represented as

FLAB = cvtColor(FRGB ,COLOR BGR2LAB) (1)

This step ensures subsequent frame comparison compu-
tations reflect genuine perceptual differences, facilitating a
robust and meaningful analysis of standout frames.

Perceptual Color Difference Calculation
We use the CIEDE2000 metric (∆E00) (Pereira et al. 2019)
to measure color differences in a way that aligns with human
perception. Unlike basic Euclidean distance, it accounts for
variations in hue, chroma, and lightness. To simplify compu-
tation, we average the CIELAB values per frame and com-
pute the perceptual difference accordingly.

∆E00(Fi, Fi+1) = CIEDE2000
(
LAB(Fi), LAB(Fi+1)

)
(2)

Two-Stage Adaptive Thresholding for Keyframe
Identification
Our methodology utilizes an intricate two-stage adaptive
thresholding mechanism specifically designed to distinguish
significant perceptual changes from trivial variations.

Initial Just Noticeable Difference (JND) Thresholding
We first discard perceptual differences below the Just No-
ticeable Difference (JND), typically defined as a ∆E00 value
of 1 (CHNSpec 2024). Since CIEDE2000 is designed to re-
flect human color perception (ViewSonic 2021), this thresh-
old effectively filters out imperceptible variations from noise
or lighting, allowing the analysis to focus on meaningful
frame changes.

Table 1: Summary of ∆E Values and Their Interpretation

∆E Range Meaning

0.0 – 0.5 Invisible to slight; acceptable
0.5 – 2.0 Noticeable on inspection; often acceptable
2.0 – 4.0 Clear difference; conditionally acceptable

4.0 – 10.0 Obvious difference; often unacceptable
> 10.0 Strong contrast; unacceptable

Adaptive Statistical Thresholding Following JND filter-
ing, we apply adaptive statistical thresholding. Specifically,
we calculate the mean (µ) and standard deviation (σ) of the
perceptually significant ∆E00 values within each video se-
quence as follows:

µ =
1

N

N∑
i=1

∆E00(Fi, Fi+1), (3)

σ =

√√√√ 1

N

N∑
i=1

(∆E00(Fi, Fi+1)− µ)
2 (4)



Frames exhibiting perceptual differences exceeding the
adaptive threshold (µ+ σ) are identified as standout frames
or keyframes:

∆E00(Fi, Fi+1) > µ+ σ (5)

This thresholding approach assumes a roughly Gaussian
distribution of ∆E00 values. In such distributions, values
exceeding µ + σ represent statistically significant devia-
tions, commonly associated with meaningful outliers (Mont-
gomery 2007). This enables robust detection of perceptual
changes while preserving relevant content.

Our method improves keyframe extraction by mimicking
human perception and using adaptive thresholds to detect
meaningful changes. It’s a lightweight, efficient alternative
to deep models, ideal for summarization and retrieval in
resource-limited settings.

Experiments and Evaluation
This section evaluates the proposed PRISM framework us-
ing multiple benchmark datasets and a range of performance
metrics to assess its accuracy, fidelity, and efficiency.

Evaluation Datasets
We evaluated the effectiveness of the proposed PRISM
framework on a diverse set of publicly available video
datasets that vary in length, content type, and annotation
style. This allowed us to assess the model’s generalizability
across different keyframe extraction scenarios, from user-
generated clips to professionally edited documentaries.

The TVSum20 dataset (Tan et al. 2024) contained 20
videos across 10 categories, each annotated with frame-
level importance scores derived from crowdsourced feed-
back. SumMe (Gygli et al. 2014) included 25 user-generated
videos, each paired with multiple human-generated sum-
maries, enabling evaluation on subjective content. To test
PRISM on long-form, high-resolution material, we used 10
selected episodes from the BBC Planet Earth series (Baraldi,
Grana, and Cucchiara 2016), which featured rich visuals and
complex transitions. We also included a subset of the Clip-
Shots dataset (Tang et al. 2018), composed of thousands
of short videos with annotated shot boundaries, to evaluate
PRISM’s robustness in fast-paced and diverse video content.

These datasets provided a strong benchmark for evaluat-
ing PRISM’s scalability and efficiency, supported by prior
work on large-scale transcript processing (Cakmak et al.
2023c; Cakmak and Agarwal 2024).

Evaluation Metrics
To fairly evaluate PRISM across videos of varying length
and frame rate, we employed a dynamic frame-matching
threshold that adapted to each video’s properties. Fixed
thresholds often disadvantage longer or high-fps videos, so
our method scaled the tolerance window based on frame rate
and total frame count.

As described in Algorithm 1, a predicted keyframe is con-
sidered correct if it falls within a computed range of any
ground-truth keyframe. The final score reflects the percent-
age of matched predictions.

Algorithm 1: Frame Matching with FPS-Scaled Threshold
Require: Row with actual frame number,

predicted frame number, frame count, fps
Ensure: Matching percentage
1: actual← row.actual frame number
2: predicted← row.predicted frame number
3: frame count← row.frame count
4: fps← row.fps
5: if predicted is empty OR fps is 0 OR frame count is 0 then
6: return 0.0
7: end if
8: max time window← 10.0
9: alpha← 10

10: time scaling← max time window × fps
fps+alpha

11: threshold← int(fps × time scaling)
12: min threshold← 30
13: max threshold← int(frame count × 0.03)
14: threshold← clamp(threshold, min threshold, max threshold)
15: match count← 0
16: for all pred in predicted do
17: if any |pred - act| ≤ threshold for act in actual then
18: match count← match count + 1
19: end if
20: end for
21: return round

(
match count

len(predicted) × 100, 2
)

This adaptive strategy provided a balanced comparison
across diverse datasets and video styles, from fast-paced
clips to slow, documentary footage.

In addition to frame-matching accuracy (Algorithm 1), we
evaluated PRISM using two complementary metrics: fidelity
and compression ratio, which capture representativeness and
efficiency, respectively.

Fidelity measures how well the selected keyframes pre-
served the visual content of the original video. We com-
puted it using cosine similarity between normalized color
histograms of predicted and ground-truth keyframes, follow-
ing the approach in (Tan et al. 2024). For each predicted
frame, we found the most similar ground-truth frame, and
defined the final score as

Fidelity = 1−max
i

(
min
j

CosSim(ki, gj)

)
(6)

Compression ratio is defined as

Compression Ratio =
Total frames

Selected keyframes
(7)

Higher fidelity indicates better content preservation, while
a higher compression ratio reflects greater summarization ef-
ficiency. These metrics naturally trade off: fewer keyframes
yield better compression but may reduce fidelity. PRISM
aims to balance this trade-off by selecting a minimal yet per-
ceptually meaningful set of frames.

Evaluation Results
Table 2 presents PRISM’s performance across four bench-
mark video datasets, evaluated in terms of accuracy, fidelity,
and compression ratio (CR). PRISM consistently achieves



high compression ratios (above 98.8%) while maintaining
strong accuracy and perceptual fidelity.

Table 2: Evaluation results of PRISM across four benchmark
datasets. (CR: Compression Ratio)

Dataset Accuracy (%) Fidelity (%) CR (%)

BBC 99.50 75.70 99.50
TVSum 78.40 74.85 99.20
ClipShots 66.24 68.31 99.42
SumMe 96.16 64.35 98.80

The highest accuracy (99.50%) and fidelity (75.70%)
were observed on the BBC dataset, which contains
structured, long-form documentary footage, well-suited to
PRISM’s perceptual approach. On TVSum, PRISM showed
balanced performance (78.40% accuracy, 74.85% fidelity),
reflecting its robustness across varied genres. In contrast,
SumMe’s subjective, user-generated content led to a higher
accuracy (96.16%) but lower fidelity (64.35%), revealing
limitations when semantic importance is weakly correlated
with visual cues.

ClipShots posed the greatest challenge due to fast edit-
ing and noise, yet PRISM still achieved reasonable fidelity
(68.31%) and the highest compression ratio (99.42%). These
results underscore PRISM’s effectiveness for both struc-
tured and unstructured content, validating its utility as a
lightweight and generalizable keyframe extraction frame-
work.

Table 3: Average evaluation metrics for PRISM and other
keyframe extraction models for the four datasets.

Model Accuracy (%) Fidelity (%) CR (%)

PRISM (Ours) 85.58 70.30 99.23
LiveLight 72.30 80.00 90.00
DSVS 66.00 75.00 95.00
MKFE 58.00 — —
VSLS 41.40 — 98.60

To assess the overall effectiveness of PRISM, we com-
pare its average performance across four benchmark datasets
(TVSum, SumMe, ClipShots, and BBC Planet Earth) using
three key metrics: accuracy, fidelity, and compression ratio
(CR). As shown in Table 3, PRISM achieves the highest
average accuracy at 85.58%, surpassing established meth-
ods such as LiveLight (Zhao and Xing 2014) (72.30%) and
DSVS (Cong, Yuan, and Luo 2011) (66.00%). It also of-
fers an exceptional compression ratio of 99.23%, signifi-
cantly reducing video length while retaining critical content.
Although PRISM’s fidelity (70.30%) is slightly lower than
that of LiveLight (80.00%), this reflects a deliberate trade-
off favoring correctness and compactness over broader vi-
sual coverage. In scenarios where frame accuracy and com-
pression are prioritized, such as indexing, summarization, or
constrained environments, PRISM offers a highly effective
solution.

Some values for models like MKFE (Asim et al. 2018)

and VSLS (Guo et al. 2025) are not available, as the orig-
inal publications did not report fidelity or CR metrics.
Nonetheless, the inclusion of these models provides histori-
cal and methodological context for comparing PRISM’s per-
formance against both traditional and modern approaches.

Time Complexity
To assess the computational efficiency of PRISM, we com-
pare its frame processing speed (FPS) with prior models
across multiple datasets. Here, FPS refers to the number of
video frames processed per second by the model, not the
frame rate of the video itself. A higher FPS indicates faster
analysis and better suitability for real-time or large-scale ap-
plications.

As shown in Table 4, PRISM outperforms all baselines,
achieving up to 454 FPS on ClipShots and over 130 FPS on
other datasets, confirming its lightweight and efficient de-
sign.

Table 4: FPS performance comparison of PRISM and prior
models across benchmark datasets.

Dataset Model FPS Dataset Model FPS

TVSum

PRISM (Ours) 167

SumMe

PRISM (Ours) 131
FIVT 56 FIVT 58
LiveLight 25–30 LiveLight 25–30
D-KTS 15 D-KTS 15

ClipShots

PRISM (Ours) 454

BBC

PRISM (Ours) 185
DeepSBD 382 TransNet V2 25–30
FastShot 25 MFSBD 31
TransNet V2 30 DASBD 125
DASBD 125 FFmpeg 165

Compared models include FIVT (Hsu, Liao, and Huang
2021), LiveLight (Zhao and Xing 2014), and D-KTS (Ke
et al. 2022), as well as recent and competitive baselines
like DeepSBD (Tang et al. 2018), TransNet V2 (Souček,
Moravec, and Lokoč 2019), FastShot (Apostolidis and
Mezaris 2014), DASBD (Esteve Brotons et al. 2023), and
MFSBD (Gushchin, Antsiferova, and Vatolin 2021). Many
of these methods rely on deep learning or handcrafted fea-
tures, which often introduce latency. In contrast, PRISM
remains training-free and perceptually grounded, enabling
real-time speeds without compromising performance.

These findings highlight PRISM’s practicality for deploy-
ment in systems requiring fast, interpretable, and scalable
video analysis.

Conclusion
We introduced PRISM, a lightweight and perceptually-
driven framework for keyframe extraction that operates
without training or labeled data. By leveraging perceptual
color differences in the CIELAB space, PRISM selects vi-
sually meaningful frames aligned with human perception.

Experiments across four diverse datasets show that
PRISM achieves strong accuracy and fidelity while main-
taining high compression, making it suitable for real-time



and resource-constrained applications. PRISM also signifi-
cantly outperforms prior methods in processing speed, con-
firming its practicality for large-scale and time-sensitive
video analysis.

Future work will explore integrating semantic cues and
temporal dynamics to further enhance performance in more
complex or subjective video scenarios.
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