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Abstract

We integrated communication theory with advanced computer vision techniques to propose
a novel approach for fine-grained content extraction from short videos. Unlike methods fo-
cused on summarization or subtitle generation for longer videos, our approach emphasizes
extracting detailed content and understanding the intricate narrative structure of short
videos. By employing scene segmentation, similarity-based filtering algorithms, and sup-
port vector machines, the method identifies keyframes that capture precise visual details.
Further, it generates semantically accurate textual descriptions using the mPLUG model,
enabling an in-depth understanding of video content. Using a dataset of short videos from
the cultural and tourism domain, we validated the proposed method. Experimental results
demonstrate that our approach achieves high precision in identifying and understanding
detailed visual elements, effectively bridging the gap between visual representation and
semantic meaning. Additionally, the study explores the influence of different video content
types, interference factors, and image description models on fine-grained content extraction,
highlighting its potential for improving intelligent analysis of short-video data.

Keywords: short videos; computer vision; fine-grained video captioning; keyframe extraction;
multimodal learning; text generation

1. Background

With the rapid advancement of digital technology and the widespread adoption of
mobile internet, short-form mobile videos have emerged as a dominant medium for media
communication [1-3]. Platforms like TikTok, YouTube, and Douyin have become central
to how people consume and share information, offering creative, multimodal content that
influences communication, marketing, and public engagement strategies across industries.
Short-video platforms have also become important channels for disseminating content related
to sustainable development, including environmental protection, cultural heritage preserva-
tion, and rural revitalization. By 2023, there were approximately 5 billion social media users
globally, with over 1 billion users in China alone, contributing to an overwhelming volume
of unstructured and dynamic data. TikTok alone reported over 1.5 billion monthly active
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users as of early 2024 [4], with a majority of its audience comprising Generation Z. In the
U.S., over 80% of the population uses YouTube [5]. In China, short-video platforms see nearly
80 million new video uploads daily, spanning diverse content types that capture cultural,
economic, and societal trends. This scale of content production reflects both the democratiza-
tion of digital communication and the growing public awareness of sustainability-related
issues, from ecological conservation to the promotion of intangible cultural heritage.

The sheer volume of short-video content, however, poses significant challenges for
efficiently extracting fine-grained, actionable insights from the vast amounts of multimodal
data it generates, particularly for research and governance purposes related to sustain-
ability. These challenges are compounded by the transient and dynamic nature of short
videos, which often include rapid scene changes, complex narratives, and diverse symbolic
elements such as text overlays, visuals, and soundtracks. Traditional manual methods
of analyzing video data are ill-equipped to handle this complexity, being both inefficient
and prone to subjectivity [6,7]. The inability to efficiently process and understand such
content at scale limits the capacity of researchers, policymakers, and cultural institutions to
monitor sustainability narratives, evaluate public communication campaigns, and leverage
user-generated content for evidence-based decision-making. While much of the existing
research focuses on theoretical analyses or broad summarization techniques, there remains
a gap in developing computational methods that enable high-precision extraction and
understanding of intricate visual content within short videos [8].

To address this gap, our study proposes a novel method for fine-grained content
extraction and understanding in short videos. By leveraging computer vision and multi-
modal learning models, we aim to dissect and analyze the detailed visual and narrative
structure of short videos, focusing on key elements such as scene segmentation, symbolic
representations, and temporal continuity. The method is validated on a dataset of cul-
turally and tourism-oriented short videos from China’s Douyin platform, closely tied to
sustainability goals such as cultural preservation, rural economic development, and the
promotion of ecological tourism. The study employs automated video segmentation,
keyframe identification, and descriptive text generation to extract detailed semantic in-
formation. Furthermore, the study investigates how various interference factors, video
content types, and image description models affect the accuracy and expressiveness of the
extracted content, offering new insights for automated video analysis and its applications
in sustainability-oriented media and communication research. By enabling more efficient
and scalable analysis of video data, this work contributes to the broader goal of building
intelligent infrastructure that can support sustainable information ecosystems, cultural
documentation, and evidence-based public discourse.

2. Related Work

Video processing has become an essential tool in social science research, providing
insights into human behavior, public opinion, and media influence [9,10]. Ye et al. [11]
developed an emotion prediction model to understand the dynamic structure of video ads
by analyzing emotional changes and generating engaging text. Griffin [12] and Peng [8]
explored video data collection and automatic visual analysis for social media effects,
highlighting the importance of keyword extraction from videos. Fu [13] proposed the
WordlIllusion algorithm for adversarial text generation, offering insights for keyword
extraction from short videos. Bi [14] analyzed motivations behind short-video creation,
providing strategic guidance for text generation based on creator intentions. Mourchid [15]
introduced a multilayer network model to capture film narratives using scripts, subtitles,
and video content. Bu [16] designed a creative process-aware model designed to detect
fake news in short videos by analyzing material selection and editing characteristics.
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Apostolidis [17] summarized the recent approach to video text summarization. Re-
cent advancements in video summarization methods can be classified into several key
categories. These include extractive vs. abstractive summarization; extractive methods
select keyframes directly from the video [18-20], while abstractive methods generate new
content [21-23]. Supervised, unsupervised, and semi-supervised techniques are also com-
mon, with deep learning-based methods such as RNNs, LSTMs, and attention mechanisms
becoming popular for handling temporal dependencies and keyframe selection [24,25].
GAN s and reinforcement learning have been used to optimize summary quality and di-
versity [26,27]. Additionally, query-based and context-aware summarization allow for
more tailored summaries, while multimodal approaches combine visual, audio, and tex-
tual data for comprehensive summaries [28,29]. Lastly, graph-based and hybrid methods
offer powerful tools for capturing relationships between frames and improving overall
summarization accuracy [30,31].

3. Theoretical Foundation

Our study builds the overall framework based on interrelated strands of communi-
cation scholarship that jointly motivate our analytical pipeline: visual narrative theory,
multimodal communication (social semiotics), and platform affordance theory. Rather
than invoking communication theory in a general sense, we specify how each strand
grounds a concrete component of the method: keyframe selection, image-to-text transfor-
mation, and the platform-specific interpretation of short-video content, respectively. Firstly,
drawing on visual narrative theory, when analyzing the content of short videos, we select
keyframes to represent the overall shot content. In short videos, each sub-shot usually
constitutes an independent narrative unit that conveys a specific plot or message [32,33].
Successive frames in a video often contain a large amount of redundant information, es-
pecially in sections with small content changes [34]. Studies have shown that the human
visual system is most sensitive to significant changes in a scene and tends to pay little
attention to continuous, similar visual information [35]. Shot switching points are usually
accompanied by significant changes in the scene; therefore, frames at these points are more
likely to attract the viewer’s attention and are regarded as the key content of the shot
and keyframes [36,37]. By selecting keyframes, the model is able to effectively capture and
retain the core content and major changes of the narrative unit, which in turn ensures the
integrity of the overall narrative structure of the short video [38]. In this sense, keyframe
extraction is not merely a technical sampling operation but an operationalization of how
visual narratives segment meaning into discrete, attention-salient units.

Secondly, the image is converted into a text summary for the extraction of key elements
in the short video. This step is grounded in multimodal communication and social semiotics,
which hold that meaning is distributed across, and can be re-articulated between, different
semiotic resources [39,40]. Although images and text belong to different symbol systems,
they are both capable of effectively conveying information and constructing meaning [41].
The conversion between the two symbol systems is mainly manifested in computer language
as the recoding of information, i.e., retaining the core meaning of information while adapting
it to different communication environments and audience needs, even if it is applicable to a
wider range of contexts [42]. Different symbolic modes (e.g., text, image, and sound) have
synergistic and transformational relationships in communication [43]. When information is
converted from one symbolic mode to another, the core content of the information can still be
retained and effectively transmitted despite the change in expression [44]. When these visual
elements are extracted and transformed into text, the text becomes another narrative tool,
capable of reproducing the narrative structure and core content in the image [37,45]. Framing
image-to-text generation as cross-modal transduction, rather than mere captioning, clarifies
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why semantic fidelity—not surface lexical overlap—is the appropriate criterion against which
the generated descriptions should ultimately be judged.

Thirdly, because our data are drawn from a single short-video platform, we situate
the analysis within platform affordance theory [46,47]. Affordances describe the action
possibilities that a technological environment makes available to its users, and short-video
platforms such as Douyin are characterized by a distinctive set of them: algorithmic
recommendation, vertical full-screen viewing, template-based editing, and influencer-
and commerce-oriented production. These affordances shape scene composition, editing
rhythm, and the visual conventions through which meaning is signaled and therefore di-
rectly condition what counts as a salient keyframe and how its content should be described.
Recognizing this, we treat our pipeline as a framework tuned to the affordances of platform-
native short video, rather than as a platform-neutral method, and we correspondingly limit
our empirical claims to the Douyin cultural- and tourism-oriented context studied here.

4. Data Source and Research Methods
Data Source

Our data was sourced from the Douyin platform, which primarily features short-
video content related to culture and tourism. To ensure diversity and representativeness,
22 opinion leaders and official accounts with broad influence were selected from Douyin.
A total of 8193 videos were collected between January 2022 and December 2024, from which
6554 videos were assigned to the training set (80%), with the remaining 1639 videos held
out as the test set (20%). Crucially, this partition was performed at the video level: all frames
extracted from a given video were assigned exclusively to either the training or the test set,
never split across both. This prevents the data leakage that would arise if near-duplicate
frames from the same shot appeared in both partitions. To extract key content, these videos
were processed using a video cutting algorithm, yielding approximately 127,021 extracted
frames in total (101,509 from the training videos and 25,512 from the test videos). This step
was undertaken to capture the keyframes from each video, serving as the foundation for
subsequent image annotation.

For the selection of annotators, two staff members with backgrounds in journalism
were chosen to ensure the professionalism and accuracy of the annotations. During the
annotation process, each annotator independently annotated every image and reviewed
the results as needed to ensure consistency. The annotation of image text summaries
followed strict criteria: the annotated text had to be completely accurate, covering the main
actions, all major objects, and the primary scenes depicted in the image. If no text met these
criteria, the annotators were required to select the “all incorrect” option [48]. Before formal
annotation, the two coders were trained on a shared codebook that defined each content
category and provided positive and negative examples; borderline cases—such as frames
containing several competing elements or transitional frames between two shots—were
resolved by a documented rule that the dominant element occupying the largest visual
area determines the primary category. Disagreements between the two annotators were
resolved through discussion, and any case that could not be reconciled was adjudicated by
a third senior researcher whose decision was final. Inter-annotator agreement was assessed
on a randomly selected subset of 1200 images that both coders annotated independently,
and the agreement statistics reported below are computed on this doubly-annotated subset.

Binary coding was employed to categorize the images in our study, ensuring that
classification was both concise and systematic, thereby facilitating subsequent data analysis.
The code represents five categories from left to right: natural scenery, folk culture, ancient
and modern architecture, food, and people. For example, “24” (binary 11,000) indicates
that the image belongs to the natural scenery and folk culture categories. Additionally,
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to help the model better understand the temporal continuity of video content, the similarity
between two neighboring images was also annotated. If two images were visually similar
and from the same shot, they were labeled “07; if they were significantly different or from
different shots, they were labeled “1”.

Strict quality control measures were implemented throughout the data annotation
process, including two-person annotation, review mechanisms, and sampling checks,
to ensure the accuracy and consistency of the data. To evaluate the consistency between
the two annotators, Cohen’s kappa was computed separately for each annotation variable.
The agreement was x = 0.83 for the binary keyframe/duplicate-frame label, ¥ = 0.81
for the five-category content-type label, and « = 0.84 for the text-summary correctness
judgment. All kappa values exceeded the 0.80 threshold conventionally interpreted as
substantial-to-almost-perfect agreement [49], demonstrating satisfactory inter-annotator
reliability. This ensures the reliability of the annotation process, the trustworthiness of the
data, and the scientific rigor of the research findings.

The distribution of image meta-elements and image types is shown in Figure 1,
where image types representing less than 1% are not displayed. The proportion of image
keyframes is shown in Figure 2.

Distribution of meta elements Distribution of image types

Contains culture human

Contains architecture

Contains food Contains natural 57.9%

scenery

22.8%

0.8% | scenery+architecture

food+people
1.3% food

architecture

2.4%

cultural relic

62.9%

scenery+human

Contains people scenery

others

Figure 1. Distribution of image types.

key frame

repeated frame

Figure 2. Distribution ratio of keyframes and repeated frames.
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5. Methods
5.1. Video Segmentation Algorithm

In the automated processing of videos, to efficiently extract representative keyframes,
we propose an algorithmic process based on scene change analysis and similarity filtering.
The core idea is to analyze the dynamic characteristics of a video by detecting scene
transitions and combining multiple similarity metrics for intelligent sampling of the video
content, enabling the extraction of keyframes that retain important visual elements, thereby
improving video processing efficiency.

The frequency of camera transitions reflects the rhythm and dynamic changes in the
video, which is critical for efficient sampling [50]. We use the PySceneDetect tool to detect
scene transitions in the video [51,52]. Specifically, we employ the content-aware detector
(ContentDetector), which flags a scene boundary when the weighted change in HSV color
space between consecutive frames exceeds a preset threshold. The detection threshold
was set to 27.0 (on the 0-255 scale, the tool’s default), with a minimum scene length of
15 frames to suppress spurious cuts caused by rapid motion or transient flicker; these values
were selected empirically on a held-out subset of 50 videos by comparing automatically
detected boundaries against manually identified ones. By analyzing these transition points,
the algorithm not only identifies moments where significant content changes occur but also
tracks the duration of each shot. This information forms the foundation for subsequent
sampling and threshold setting.

After detecting scene transitions, the algorithm determines the duration of the shortest
shot in the video. This represents the fastest-changing segment, typically involving scenes
with rapid camera movement or quick cuts. To ensure that enough visual information is
captured in these fast-paced scenes, we set a sampling threshold k lower than the duration
of the shortest shot. In practice, k was set to one-half of the shortest-shot duration (i.e.,
k = 0.5 X dmin, with a lower bound of k = 0.5 s to avoid over-sampling when an extremely
short shot was present), which guarantees that at least two frames are sampled from even
the briefest shot while limiting redundancy in longer ones. A sensitivity check varying
this ratio between 0.3 and 0.7 changed the number of candidate frames by less than 8%
and did not materially affect the downstream classification results. Based on threshold
k, the algorithm performs intelligent sampling within each shot, ensuring dense frame
capture in fast-changing scenes while minimizing the generation of redundant frames in
slower, smoother sequences.

5.2. Image Similarity Calculation

After the initial sampling of image frames, the algorithm further filters the sampled
frames to remove duplicate frames. This step is achieved by calculating the similarity
between neighboring frames. The algorithm uses three commonly used methods for
calculating image similarity, namely peak signal-to-noise ratio (PSNR), root mean square
error (RMSE), and structural similarity (SSIM). PSNR measures the similarity by comparing
the difference in pixel values of an image:

MAX,
PSNR = 20 x log;,

MSE @

where MAX, is the maximum possible value of the pixel values in the image. It is usually
255 for 8-bit images and 4095 for 12-bit images. It can be 1 if the image is of floating-point
type and the pixel value is between [0, 1]. MSE represents the mean square error between
the original image and the processed image. It measures the difference between the images
by calculating the squared mean of the difference in the corresponding pixel values of the
two images. The formula is
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18 :
MSE = ) (h(i) — h(i))* @)
i=1
RMSE reflects the error between images by calculating the square root of the pixel
differences:

RMSE = v MSE 3)

SSIM considers the brightness, contrast, and structural information of the images more

comprehensively to assess the similarity of the images in multiple dimensions:
(2xpty + C1) 20y + Co)

SSIM(x,y) = (B+u+c1)(F+o3+C)

4)

where i and 1, denote the mean values of images x and vy, respectively. 02 and (75 denote
the variance of images x and y, respectively. 0y, denotes the covariance between images
x and y. C; and C; are constants and usually take smaller values to avoid division by
Z€ro cases.

Eigenvectors x = [“PSNR”,”RMSE”,“SSIM”"| are constructed by calculating the
values of the above three metrics between each frame and its neighboring frames. These
eigenvectors can adequately describe the differences between frames. Rather than applying
fixed cut-off values to each metric independently, the three similarity scores were passed
jointly to the SVM classifier described in the next subsection, which learns the decision
boundary between near-duplicate and distinct frames from the annotated data. For refer-
ence, on the annotated training data, the typical ranges separating the two classes were
approximately PSNR > 30 dB, RMSE < 10, and SSIM > 0.90 for frame pairs labeled as
near-duplicates; these values are reported only to characterize the data and were not used
as hard thresholds.

5.3. SVM-Based Keyframe Classification

To train the SVM model, we frame the keyframe extraction problem as a binary classi-
fication task, determining whether a frame is a keyframe or not. Two classes of labels are
defined: the positive class (Label = 1) represents keyframes that should be retained—those
rich in information and representative of the main content of the current shot; the negative
class (Label = 0) represents non-keyframes that should be discarded—those redundant or
too similar to neighboring frames. To ensure the model’s generalization ability, the training
dataset includes a variety of samples with different scenes and degrees of change, and the
ratio of positive to negative samples is appropriately balanced.

Data preprocessing is essential before model training. In this study, feature data
were normalized by scaling individual feature values to a consistent range (e.g., 0-1) to
prevent any feature from disproportionately influencing the model. Additionally, a data
cleaning process was employed to remove outliers and noisy data, ensuring the quality
and reliability of the training data. The SVM classifier was trained and evaluated using the
video-level 8:2 partition described in the Data Source Section (6554 training videos/1639 test
videos). Feature vectors derived from all frames within a given video were kept in the same
partition so that no frame from a test video was ever seen during training. This ensures
that performance evaluation reflects genuine generalization to unseen videos rather than
memorization of near-duplicate frames.

After data preprocessing, the SVM model was trained using the training set. The suc-
cess of an SVM model hinges on selecting the appropriate kernel function and tuning
key model parameters (e.g., the penalty parameter C and kernel function parameter 7).
The radial basis function (RBF) kernel was chosen for its strong performance in handling
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nonlinear problems. Cross-validation was employed to divide the training set into multiple
subsets, cycling through them as validation and training sets, to assess the model’s perfor-
mance with different parameter configurations. Grid search was used to explore a range of
parameter combinations, identifying those that optimize model performance metrics (e.g.,
accuracy, precision, and recall). Through these methods, the optimal model parameters
were determined, enabling the SVM model to achieve the best classification results on the
training set.

The complete SVM configuration was as follows. The feature vector for each frame
combined the PSNR, RMSE, and SSIM similarity scores relative to the preceding sampled
frame, and all features were standardized to zero mean and unit variance before training.
An RBF kernel was used, and the two key hyperparameters were tuned by grid search
with 5-fold stratified cross-validation on the training set, optimizing the macro-averaged F1
score. The search grid spanned C € {0.1,1,10,100,1000} and v € {0.0001,0.001,0.01,0.1,1},
and the optimal configuration was C = 10 and <y = 0.01. Because keyframes (the positive
class) were less frequent than duplicate frames, class weights were set inversely propor-
tional to class frequency (the “balanced” scheme), which assigned a higher misclassification
cost to the minority keyframe class. To favor high recall for keyframes and thereby reduce
the risk of discarding informative frames, the decision threshold on the calibrated posterior
probability was lowered from the default 0.5 to 0.35. Probability estimates were obtained
through Platt scaling (sigmoid calibration) fitted on the cross-validation folds so that the
reported scores reflect calibrated confidence rather than raw decision-function margins.
We note that this recall-oriented threshold is a deliberate design choice: it is appropriate
for applications such as content monitoring or archival indexing, where missing a salient
frame is more costly than retaining a few redundant ones, but it can be tightened toward
the default for storage or precision-sensitive applications.

After the SVM model training was completed, the feature vectors of all image
frames obtained from sampling were fed into the model to generate classification re-
sults. The model classified each frame as either a keyframe (positive class) or a duplicate
frame (negative class). Based on the prediction results, frames classified as keyframes were
retained, while duplicate frames were discarded.

To further optimize the selection of keyframes, several post-processing strategies were
employed. First, a confidence assessment was integrated, allowing the SVM model to
output a confidence score for each prediction. Keyframes were then filtered based on confi-
dence levels, ensuring that only frames with high representativeness and informativeness
were retained. Additionally, to maintain the temporal continuity of the video, a minimum
time interval between keyframes was established. This, along with other strategies, helped
prevent keyframes from being either overly concentrated or excessively dispersed, ensuring
a more uniform distribution of keyframes along the video timeline.

In our study, misclassifying negative classes as positive results only in increased image
summary computation, while misclassifying positive classes as negative leads to the loss of
key information. Therefore, special attention is given to reducing false negatives (FNs) and
increasing the recall rate. To achieve this, the weight of the positive class was increased in
the support vector machine (SVM) model, reducing the risk of misclassifying keyframes
as negative. Additionally, the decision threshold was adjusted to make the model more
aggressive in classifying frames as positive, which, while reducing FNs, may result in an
increase in false positives (FPs).

Through the combined evaluation of the SVMs described above, the algorithm is able
to identify image frames with too much similarity and remove them, ultimately retaining
the most representative keyframes in each shot, which accurately represent the main visual
content in the video. Compared with the original video, keyframes significantly reduce
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redundant information, providing a more efficient database for subsequent text generation
and content analysis. This intelligent sampling method based on shot switching frequency
and similarity filtering is not only able to effectively extract key elements in short videos
but may, in principle, be transferable to other types of video processing tasks such as news
and education. However, because all data in this study were drawn from a single platform
(Douyin) and a single thematic domain (culture and tourism), such cross-domain trans-
ferability remains a hypothesis to be tested rather than a demonstrated property, and we
therefore refrain from claiming that the method is universally applicable. In addition, our
algorithm achieves efficient segmentation and keyframe extraction of video content, which
significantly improves processing efficiency while ensuring the integrity of video content,
and innovatively achieves intelligent processing and analysis of video content.

5.4. Keyframe Image Description Algorithm

We employed a keyframe image description generation method based on the mPLUG
model, a multimodal learning framework capable of processing and generating both
image and text information simultaneously [53]. Specifically, we adopted the Chinese-
language mPLUG variant (mPLUG-base) released on the ModelScope platform, whose
visual encoder is a ViT-B/16 backbone and whose text decoder was pre-trained on large-
scale Chinese image—text corpora, making it well-suited to the Chinese cultural-tourism
content in our dataset. Rather than using the model in a zero-shot setting, we fine-tuned
it on the annotated keyframe—caption pairs from the training videos for 10 epochs using
the AdamW optimizer (learning rate 2 x 102, batch size 16, maximum sequence length
64 tokens), selecting the checkpoint with the best validation CIDEr score. Each training
image was paired with the single human-authored reference description produced during
annotation; the held-out evaluation images were each assigned three independent reference
descriptions to support more reliable automatic scoring. The input to the model was the raw
keyframe image together with a fixed Chinese task prompt instructing the model to describe
the main scene, objects, and actions. To mitigate hallucination, generation used beam search
(beam size 5) with a repetition penalty of 1.2 and a no-repeat-n-gram constraint, and any
generated description whose objects could not be grounded in the image during a manual
spot-check was flagged and excluded from the reported results. The model effectively
extracts rich semantic information from the keyframes of the video and accurately converts
it into textual descriptions through multilevel cross-modal fusion. As illustrated in Figure 3,
the mPLUG model comprises two independent unimodal encoders, a network of cross-
modal skip connections, and a decoder for text generation.

The unimodal encoder component of the mPLUG model processes the image in-
formation and the corresponding text information from the video keyframes separately.
The image encoder utilizes a Vision Transformer architecture, which chunks the image
into patches and encodes these patches into a serialized embedded representation. Unlike
traditional visual feature extraction methods, the Vision Transformer can process image
data more efficiently while preserving richer visual features. Additionally, each image
embedding sequence includes a special [CLS] token, which summarizes global information
about the entire image, providing a global context for subsequent cross-modal processing.
Simultaneously, the text encoder processes the input text data to generate a text embedding
sequence, analogous to the image embedding process, and similarly uses the [CLS] token
to summarize the textual information.

After the unimodal encoding is complete, the image and text embedding represen-
tations are fed into the cross-modal skip connection network of the mPLUG model. This
network is built around multiple cross-modal fusion blocks, each containing several asym-
metric co-attention layers. These blocks facilitate deep fusion of multimodal information
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through the skip connection mechanism. The core concept of cross-modal fusion is that
the model can effectively combine features from different modalities using an asymmetric
co-attention mechanism, allowing it to preserve the uniqueness of each modality while
enhancing the overall representation of the information. By recursively applying these
cross-modal fusion blocks, the model progressively improves its ability to capture complex
relationships between images and text, resulting in more accurate and semantically rich
cross-modal representations for subsequent text generation.

The fused cross-modal representations are then fed into the mPLUG model’s decoder,
which is built on the Transformer architecture and is primarily designed for sequence-to-
sequence text generation tasks. The decoder utilizes a combination of causal self-attention
and cross-attention mechanisms, allowing the model to fully leverage the previously
fused cross-modal information when generating textual descriptions. This design ensures
coherence and contextual consistency throughout the text generation process. As a result,
mPLUG is capable of not only generating accurate text summaries that reflect the content
of the keyframes but also preserving the rich semantic information contained in the images,
leading to highly descriptive and precise generated text.

Ultimately, the initial text generated by the mPLUG model undergoes a series of post-
processing steps to ensure coherence and readability. First, the text is filtered to remove
any redundant information or repetitive descriptions, ensuring that it remains concise
and information-dense. Next, the text is processed using Jieba segmentation, followed by
de-duplication of stopwords, converting the text into lemmas for further analysis or use.

[ MaskLM | | 1T™

|
:.Q.Q.QQTQ_Q_Q_QI
/ C FFN D \
1

FFN
Self-Attn 1x

hy

Connected Attention

{_ Cross-Attn )

Mx

Causal Self-Attn

i B (oY oXe]e) ;
[ Text Encoder )

Figure 3. mPLUG process.

Visual Encoder

6. Results
6.1. Results of Keyframe Extraction

Figure 4 shows the relationship between the categories and the three performance
metrics (SSIM, RMSE, and PSNR), where the red dots represent category 0 and the blue
dots represent category 1. The boundary is relatively clear, indicating the possibility of
binary classification.

Figure 5 shows the learning curve of the support vector machine (SVM) model with
different sizes of training samples. The horizontal axis represents the number of samples in
the training set, while the vertical axis indicates the classification accuracy of the model.
The red curve represents the accuracy on the training set, and the green curve represents
the accuracy on the cross-validation set. From the learning curve, it can be observed
that the SVM model’s training accuracy and cross-validation accuracy begin to stabilize
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when the number of training samples reaches approximately 4500. When the number of
samples exceeds 6000, the training and validation accuracy curves show a consistent trend,
indicating that the model’s performance is stable and its generalization ability is good.

Figure 4. Relationship between SSIM, RMSE, PSNR, and categories.

Learning Curve (SVM)

0.782 :
—8— Training score

—e— Cross-validation score

0.780

0.778

0.776

Accuracy

0.774

0.772

0.770 ~

0.768 -

2000 4000 6000 8000 10000 12000 14000
Training Size
Figure 5. Learning curve of the support vector machine (SVM) model with different training
sample sizes.

To evaluate the effectiveness of the SVM model in the task of keyframe extraction,
performance testing was conducted using the test set. The classification performance of the
model was comprehensively evaluated using metrics such as accuracy, precision, recall,
and F1-score (as shown in Table 1), along with the confusion matrix (as shown in Figure 6).

In the SVM model’s test results, the model demonstrated good overall classification
performance, with an overall accuracy of 82%. In terms of classification precision, the model
achieved a precision of 95% for class 0 and 66% for class 1. It is important to note that
the lower precision for class 1 was intentional to reduce false negatives (FNs) and in-
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crease the recall rate for the positive class (class 1), thereby minimizing the risk of missing
keyframes and losing critical information. This strategy aims to maximize the identification
of keyframes, even though it may introduce more false positives (FPs), where negative
samples are incorrectly classified as positive.

The recall results highlight the model’s sensitivity in identifying the positive class
(class 1), prioritizing keyframe identification, even at the expense of some accuracy. This
strategy is crucial in video processing tasks, particularly in keyframe extraction, where
avoiding the omission of important information is essential. The F1-score further reflects
the model’s balance between precision and recall, indicating that despite the lower precision
in identifying positive samples, the overall performance remains balanced, aligning with
the study’s emphasis on minimizing false negatives.

Table 1. Classification performance metrics of the SVM model.

Category Precision Recall F1-Score Count
0 0.95 0.77 0.85 1570
1 0.66 0.91 0.77 774
Accuracy 0.82 2344
Macro Average 0.80 0.84 0.81 2344
Weighted Average 0.85 0.82 0.82 2344

Confusion Matrix
C=10, gamma=1

o TN 2182 FP 1095

True Label

- TP 1326

Predicted Label

Figure 6. Confusion matrix of SVM on the test set.

6.2. Results of Image Description
6.2.1. Results of the Image Description Across Different Categories

As shown in Figure 7, the image description algorithm produces good text summaries.

We evaluated the quality of text generation for image descriptions using metrics such
as BLEU [54], BertScore [55], SPICE [56], CIDEr [57], and CHR-F [58] (shown in Table 2).
Each metric assesses text similarity from different levels, providing a comprehensive
analysis of the generated text. BertScore showed high semantic consistency for descriptions
involving people, while the score was lower for natural scenery due to the diversity of
descriptions. SPICE and CIDEr also performed well in capturing semantic content for
people and architecture, but lower scores were noted for natural scenery and folk culture
due to their complexity. BLEU scores were low, attributed to the flexible grammar and word
order in Chinese, making n-gram matching more challenging. CHR-F scores, particularly
suitable for Chinese, also indicated room for improvement in character-level matching.
Overall, the model excelled in categories with more focused semantic content, like people
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and architecture, but struggled with categories requiring more descriptive diversity, such
as natural scenery and food.

B U5
(a)A close-up of purple (b) A group of fish (c) A womanin a blue dress raising her
and yellow flowers swimming underwater handin front of a group of children

(d) Awoman in a costume applying makeup (e) A group of people riding horses in the snow

(f) A close-up of a bowl of food (g) A small tower on the top of a mountain
Figure 7. Results of the image description algorithm across different categories.

Table 2. Results of various metrics across different categories.

Metric Natural Scenery  Folk Culture Architecture Food People Overall
BertScore-P 0.6427 0.6885 0.7902 0.7665 0.8514  0.7901
BertScore-R 0.7004 0.7032 0.8093 0.8169 0.8611  0.8288
BertScore-F1 0.6779 0.6995 0.7844 0.7902  0.8536  0.8149
SPICE 0.5972 0.6038 0.7321 0.6552  0.7946  0.7498
BLEU 0.4516 0.5254 0.6312 0.5014 0.7210  0.6662
CIDEr 4.8384 5.0720 6.1496 53998 7.0055 = 6.5043
CHR-F 0.6020 0.6223 0.7255 0.6459  0.8007  0.7519

6.2.2. Results of the Image Description Under Different Interference Conditions

We examined the impact of different interference factors on the performance of image
classification. A total of six types of interference were defined. As shown in Figure 8,
(a) represents portrait mode without interference, (b) represents portrait mode with solid
color border interference, (c) represents portrait mode with translucent border interference,
(d) represents portrait mode with image border interference, (e) represents landscape mode
without interference, and (f) represents floating text interference.
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(a)_Arj anc_ient stone (b) Lights on a city street at night (c) A dead tree in the desert (d) A woman performing a
building situated on a Chinese dance on stage
green hillside

(e) A garden with many flowers of different colors (f) A group of people performing on stage

Figure 8. Partial results of the image description algorithm without interference.

The experimental results are shown in Table 3, indicating significant differences in
the impact of various types of interference on image classification performance. In the
absence of any interference, the model performed well in both portrait and landscape
images, with landscape mode without interference performing slightly better than portrait
mode without interference. This is because landscape images provide a wider field of view,
allowing the model to capture more contextual information.

Table 3. Results of various metrics for the image description algorithm under different interfer-
ence conditions.

Landscape Portrait Portrait Portrait Portrait Floating
Metric No No Translucent Solid Color Image Text
Interference Interference Border Border Border Interference

BertScore-P 0.8039 0.8002 0.6029 0.6856 0.6231 0.6984
BertScore-R 0.8226 0.8212 0.6395 0.7284 0.6180 0.6526
BertScore-F1 0.8157 0.8109 0.5853 0.6945 0.5916 0.6640
SPICE 0.7503 0.7496 0.6300 0.6993 0.6792 0.6582
BLEU 0.6601 0.6748 0.5475 0.6238 0.5319 0.5991
CIDEr 6.6859 6.5822 4.7635 5.7735 4.8914 5.4382
CHR-F 0.7554 0.7525 0.6584 0.7358 0.6115 0.7133

When interference is present, classification performance decreases, particularly when
borders are added to the images. The metrics significantly dropped under the condition
of portrait mode with translucent border interference, as the translucent border increased
the model’s confusion between the main subject and the background, making it difficult
for the model to accurately distinguish key features in the image. Similarly, performance
decreased under the conditions of portrait mode with solid color borders and image
borders, indicating that although the borders themselves do not directly obscure image
content, they still reduce the amount of useful image information, leading to a decline in
classification performance.
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The interference caused by floating text has a more complex impact on the model’s
performance. Experimental results show that while the impact of floating text on some
metrics is slightly lower compared to border interference, it has a more significant effect on
metrics such as CIDEr and BLEU. This effect likely stems from the model misinterpreting
large floating text as a “sign” in the image or performing simple text recognition, leading to
substantial semantic misunderstandings. For example, the model may mistake the floating
text in the image as part of the main content, and this effect becomes more pronounced
when the text covers a large area. As a result, the presence of floating text tends to disrupt
the model’s correct interpretation of the image’s semantics, particularly in tasks related to
text generation and word frequency matching. This misrecognition can lead to significant
deviations, which in turn affect the performance of semantic and word frequency-related
metrics, such as SPICE and CIDEr.

6.2.3. Results of Different Image Description Algorithms

Table 4 presents the performance of different image description algorithms across
various evaluation metrics, where those marked with “*” represent the results of Chinese
image description algorithms translated into English. To ensure a controlled comparison,
the four image description models (mPLUG (Chinese), BLIP, mPLUG (English), and vit-
gpt-diffusion-zh) were all evaluated on the same keyframes produced by our pipeline
(scene segmentation, similarity-based filtering, and SVM selection), with the same single-
frame image input; only the final description generation module differs between them. All
models were used in a zero-shot setting without task-specific fine-tuning. This isolates
the effect of the description model itself, while we note that the English-language models
(BLIP, mPLUG (English), and vit-gpt2) are evaluated on machine-translated output, which
is a limitation of this part of the comparison. Fine-grained attribute coverage calculates
the percentage of elements identified by the algorithm compared to the total number of
elements present in the video. For example, if a video contains 20 distinguishable elements
(e.g., objects, actions, and scenes) and the algorithm identifies 18, the fine-grained attribute
coverage would be 90%. This metric highlights the algorithm’s ability to comprehensively
extract details from videos. The results indicate that the mPLUG (Chinese) algorithm
achieves the strongest scores across these metrics among the models compared under this
shared-pipeline setting. The BLIP [59] and vit-gpt2 [60] image description algorithms show
a decline in semantic-related metrics due to the loss during the translation process into
Chinese. The vit-gpt-diffusion-zh, which is also a Chinese algorithm, lags behind in all
metrics, suggesting that its poor performance in the image description task may be related
to the specificity of its model architecture and pretraining data.

When compared to algorithms like S2VT [61] and LTX-Video, which focus on video
captioning through sequence-to-sequence models, the proposed algorithm demonstrates
stronger performance in fine-grained content understanding. Unlike the image description
models above, S2VT and LTX-Video are end-to-end video-to-text models that take the
complete video clip as input rather than the keyframes extracted by our pipeline; their
input type therefore differs, and they are not directly comparable to the shared-pipeline
models. For this reason, they are reported only on fine-grained attribute coverage, the single
metric that is meaningful across both settings, and the image-specific metrics are marked
“-" as not applicable. These video-to-text models primarily generate captions by modeling
temporal sequences in videos but lack the capability to comprehensively extract and analyze
detailed visual elements within individual frames. In contrast, the proposed method excels
in identifying intricate details such as objects, actions, and scene composition, as evidenced
by its high fine-grained attribute coverage.
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Table 4. Comparison of metrics for different image description algorithms. Models marked
produce Chinese output evaluated after translation into English. The first four models share our
keyframe extraction pipeline and identical single-frame input, differing only in the description
module; all models are zero-shot. S2VT and LTX-Video are end-to-end video-to-text models with
full-video input and are therefore reported only on fine-grained attribute coverage; “-” denotes
metrics that are not applicable to this setting.

*

Metric :Iéilirlics,;e) BLIP (?riéllljsﬁ) vit-gpt2  vit-gpt-diffusion-zh * S2VT LTX-Video
BertScore-P 0.7901 0.7832  0.6811 0.6742 0.4813 - -
BertScore-R 0.8288 0.8096  0.6975 0.6994 0.5072 - -
BertScore-F1 0.8149 0.8070  0.6703 0.6901 0.4985 - -

SPICE 0.7498 0.6948  0.6210 0.6527 0.5402 - -

BLEU 0.6662 0.6693  0.5876 0.5825 0.5548 - -

CIDEr 6.5043 6.3715 55715 5.3918 0.9001 - -

CHR-F 0.7519 0.7045  0.7160 0.6874 0.5291 - -

Fine-Grained 0.9322 0.8517  0.8921 0.8274 0.7759 0.8126 0.8518
Attribute Coverage

7. Conclusions

We propose a method for fine-grained content extraction and text description gen-
eration tailored for short videos. Using a short-video dataset of literature and tourism
collected and annotated from the Douyin platform, we conducted systematic experimental
validation. The results demonstrate the method’s effectiveness in accurately extracting
key elements and generating semantically rich descriptions across the diverse cultural-
and tourism-related scenarios represented in our Douyin dataset. Furthermore, this study
provides a comprehensive analysis of the method’s performance under different conditions,
offering valuable insights into its strengths and limitations and paving the way for more
precise automated analysis and application of short-video content.

Looking ahead, future work will prioritize enhancing the algorithm’s precision and
robustness. This includes addressing visual interference more effectively, developing ad-
vanced preprocessing techniques to automatically identify and mitigate irrelevant visual
noise, and improving the descriptive richness and semantic accuracy of text generation,
particularly in complex categories like landscapes. The study will also examine the role
of visual attributes (e.g., brightness and color) in influencing text generation and explore
adaptive image enhancement strategies to optimize results. Efforts will focus on strength-
ening the model’s multimodal learning capabilities by integrating diverse data streams
(e.g., speech, text, and visuals) to achieve more holistic analysis. Additionally, we aim to
expand the model’s applicability to various video types, including other short videos and
long-form documentaries, in order to assess whether consistent and scalable performance
can be achieved beyond the present setting and, where possible, to work toward broadening
its practical utility and adaptability across diverse media contexts.
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