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Abstract

Streaming video services have become a major channel for content distri-
bution owing to the rapid growth of over-the-top (OTT) platforms and web-
based media services. As a result, accurate video identification is increasingly
required for copyright protection, audience measurement, content manage-
ment, and search and recommendation services. However, conventional
feature point-based methods often show limited robustness against trans-
formations frequently observed in streaming environments, including com-
pression, resolution change, re-encoding, frame-rate reduction, aspect-ratio
conversion, overlays, rotation, and flipping. They also require the storage and
comparison of many local descriptors, which can limit retrieval efficiency in
large-scale content databases. In this paper, we propose a web-based stream-
ing video identification method using self-supervised structural embedding
and vector similarity search. The proposed method extracts representative
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frames from original and query videos, applies preprocessing, generates 512-
dimensional structural embeddings using a self-supervised copy detection
model, and performs cosine similarity search in a vector database. To improve
robustness against geometric transformations, transformed reference frames
are additionally registered. For query videos, multiple representative frames
are used, and the final video-level identification result is determined by
majority voting over frame-level retrieval results. Each frame is represented
by a fixed-length 512-dimensional vector, requiring 2048 bytes per frame
and 10,240 bytes for a five-frame query. Experiments on 4000 query videos
covering 14 transformation categories and 40 detailed transformation settings
show that the proposed method achieves a recognition rate of 99.23%, a
missed recognition rate of 0.38%, and a false recognition rate of 0.40%.
These results demonstrate the feasibility of the proposed method for iden-
tifying transformed copies of the same source video in web-based streaming
environments.

Keywords: Streaming video identification, self-supervised learning, struc-
tural embedding, vector similarity search, vector database.

1 Introduction

With the advancement of internet infrastructure and streaming technologies,
video-based content consumption has rapidly increased and has become one
of the dominant forms of media distribution [1]. In particular, OTT platforms
and web-based video services such as Netflix, YouTube, and other streaming
media platforms have changed how users access, consume, and share video
content. According to Sandvine’s Global Internet Phenomena Report, video
streaming continues to account for a substantial portion of global internet
traffic [2]. Nielsen’s The Gauge also reported that streaming accounted for
40.3% of total TV usage in June 2024 [3]. These trends indicate that stream-
ing media has become a central component of the modern web-based content
distribution environment.

As streaming services continue to expand, accurate video identifica-
tion has become increasingly important for copyright protection, audience
measurement, user behavior analysis, content management, and search and
recommendation services. In the broadcasting and media industries, identify-
ing what content is being watched, when it is watched, through which devices,
and for how long is essential for content scheduling, advertising optimization,
viewing-pattern analysis, and service planning [4, 5]. In addition, traditional
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audience measurement approaches have limitations in fully reflecting OTT
and cross-platform viewing behaviors, which increases the need for auto-
mated content identification in web-based streaming environments [5, 6].
Automatic Content Recognition (ACR) technologies have also been adopted
in smart TVs and streaming devices to identify displayed content and ana-
lyze viewing history, further emphasizing the importance of reliable video
identification [7].

However, video identification in streaming environments is challenging
because the same source content can appear in many different forms. During
web-based distribution or redistribution, video content may undergo com-
pression, re-encoding, resolution change, frame-rate reduction, aspect-ratio
conversion, brightness or contrast adjustment, grayscale conversion, logo
insertion, text overlay, rotation, or flipping. These transformations can change
the visual appearance of frames while preserving the underlying content
identity. Therefore, a practical streaming video identification method should
be robust to such transformations while maintaining efficient storage and
retrieval performance.

Conventional feature point-based methods such as SIFT, SURF, ORB,
and AKAZE have been widely used for image matching, video retrieval,
and copy detection tasks [8—11]. These methods detect local keypoints from
video frames and compare local descriptors to determine visual similarity.
Although they provide robustness against certain geometric and photomet-
ric transformations, they often generate a large number of descriptors per
frame. As a result, storage cost and matching complexity can increase when
they are applied to large video collections. In addition, their performance
may degrade under streaming-specific transformations such as strong com-
pression, resolution changes, frame loss, padding, overlays, and repeated
re-encoding.

Recently, self-supervised visual representation learning has shown strong
potential for robust content identification. In particular, Self-Supervised Copy
Detection (SSCD) learns feature representations that remain relatively stable
under various image transformations and has demonstrated effective perfor-
mance in copy detection and large-scale image retrieval tasks [12]. Unlike
local feature descriptors, SSCD-based embeddings represent each frame as a
fixed-length vector, which is suitable for vector similarity search. At the same
time, vector database technologies and approximate nearest neighbor search
algorithms enable efficient retrieval of high-dimensional embeddings in large
datasets [13, 14]. These developments provide a practical basis for applying
structural visual embeddings to streaming video identification.
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In this study, we propose a web-based streaming video identification
method using self-supervised structural embedding and vector similarity
search. The proposed method extracts representative frames from original and
query videos, applies preprocessing, generates 512-dimensional structural
embeddings, and performs cosine similarity search using a vector database. In
the reference registration stage, transformed versions of reference frames are
additionally registered to improve robustness against geometric transforma-
tions such as rotation and flipping. In the query identification stage, multiple
representative frames are sampled from a suspected streaming video, and the
final video-level decision is made by aggregating frame-level retrieval results
through majority voting.

It should be noted that this study does not aim to develop a new self-
supervised embedding backbone. Instead, the main focus is on adapting
self-supervised structural embeddings to web-based streaming video identifi-
cation through robustness-oriented reference registration, fixed-length vector
retrieval, and multi-frame video-level decision. In this paper, identical con-
tent refers to video content derived from the same source video through
transformations such as re-encoding, compression, resolution change, frame-
rate reduction, aspect-ratio conversion, overlay insertion, rotation, flipping,
grayscale conversion, and brightness or contrast adjustment. Heavily edited
videos involving scene insertion, scene deletion, long partial clips, or
semantic-level similarity between different videos are outside the current
experimental scope and remain future research topics.

The main contributions of this paper are summarized as follows.

First, we present a web-based streaming video identification method that rep-
resents video frames as fixed-length 512-dimensional structural embeddings
and performs content matching through vector similarity search.

Second, we introduce a robustness-oriented reference registration strategy
in which transformed frames are additionally stored to improve identifica-
tion performance against geometric transformations commonly observed in
redistributed streaming videos.

Third, we apply a multi-frame video-level decision procedure that aggregates
frame-level retrieval results, reducing the influence of temporary frame-level
retrieval failures caused by compression artifacts, overlays, padding, or low-
texture scenes.

Fourth, we evaluate the proposed method using 4000 query videos covering
14 transformation categories and 40 detailed transformation settings. The
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experimental results show a recognition rate of 99.23%, a missed recognition
rate of 0.38%, and a false recognition rate of 0.40%, demonstrating the
feasibility of the proposed method for identifying transformed copies of the
same source video under the evaluated streaming conditions.

The remainder of this paper is organized as follows. Section 2 reviews
related studies on video fingerprinting, copy detection, feature-based video
identification, self-supervised visual representation learning, and vector sim-
ilarity search. Section 3 describes the proposed web-based streaming video
identification method. Section 4 presents the experimental environment,
performance evaluation, comparison results, and component-level analysis.
Finally, Section 5 concludes the paper and discusses limitations and future
research directions.

2 Related Work

2.1 Feature-Based Video Content Identification Technology

Feature-based video content identification is a technique that extracts feature
information from video frames and determines whether videos are identical
or similar by comparing the similarity between contents based on feature
points. The overall process is illustrated in Figure 1.

In conventional video identification research, methods that detect fea-
ture points from video frames and represent them in the form of feature
descriptors have been widely used. These approaches provide a certain level
of robustness against transformations such as rotation, scale variation, and
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Figure 1 Existing image feature extraction methods.
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illumination changes, and have been applied in image retrieval and copy
detection tasks.

Representative feature extraction methods include SIFT, SURF, ORB,
and AKAZE, as shown in Figure 1 [8—11]. These methods first detect key-
points in video frames and then represent the visual characteristics at each
location as vectors. The similarity between these vectors is subsequently
calculated to determine whether the contents are identical. In particular, ORB
and AKAZE enable feature extraction with relatively low computational cost,
making them suitable for real-time processing environments.

However, feature point-based methods generate a large number of key-
points and descriptors for each frame, which increases both storage require-
ments and computational cost. Moreover, recognition performance may
degrade due to transformations frequently occurring in streaming environ-
ments, such as compression, resolution changes, frame loss, and screen
editing. Therefore, more robust feature extraction methods are required for
large-scale streaming environments.

2.2 Self-Supervised Video Feature Representation Learning

Recently, in the fields of video and image recognition, self-supervised visual
representation learning techniques have been actively studied to learn effec-
tive feature representations in large-scale data environments, as illustrated in
Figure 2.

Self-supervised learning is a method that learns features by utilizing
the structural relationships within the data itself without relying on explicit
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Figure 2 SSCD (Self-Supervised Copy Detection).
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ground-truth labels. This approach has demonstrated strong performance
across various visual recognition tasks. In particular, contrastive learning-
based self-supervised representation learning defines transformed samples
generated from the same video or image as positive pairs, while samples
generated from different contents are defined as negative pairs, and learns
the distance relationships in the embedding space accordingly. During this
process, feature vectors generated from the same content are trained to be
positioned close to each other, while feature vectors from different contents
are placed farther apart. This approach has the advantage of providing rela-
tively stable feature representations even under various visual transformations
such as compression, cropping, color changes, and resolution variations.

In video content identification tasks, such self-supervised feature repre-
sentations can be applied at the frame level. The embeddings generated from
each frame reflect the structural visual information of the video, and the sim-
ilarity between the original content and the query content can be computed
based on these embeddings. In particular, recently proposed self-supervised
copy detection models, as illustrated in Figure 2, generate embeddings that
are robust to various visual transformations and have been effectively utilized
for content identification and similarity retrieval tasks [12].

2.3 Vector Database-Based Similarity Search

In large-scale video data environments, similarity search techniques that can
efficiently store extracted feature vectors and enable fast retrieval are essen-
tial. Traditional relational databases are suitable for structured data queries;
however, they have limitations when handling high-dimensional vector-based
searches. To address this issue, vector database-based retrieval technologies
have recently been adopted, as illustrated in Figure 3 [13].

As shown in Figure 3, a vector database is a system designed to store
high-dimensional feature vectors and efficiently perform similarity-based
searches. In particular, by utilizing Approximate Nearest Neighbor (ANN)-
based search algorithms, fast retrieval can be achieved even in large-scale
vector datasets [14]. Vector database systems provide indexing techniques
such as IVF (Inverted File Index) and HNSW (Hierarchical Navigable Small
World), which support high-speed similarity searches over large volumes of
embedding vectors. These architectures have been widely applied in various
fields, including image retrieval, recommendation systems, and semantic
search, and they can also be applied to video content identification tasks in a
similar manner.
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Figure 3 Vector database architecture.

In video identification systems, feature embeddings generated from orig-
inal video frames are stored in a vector database, and similarity searches
are performed with feature vectors generated from a query video to find
the most similar content. This approach can provide high retrieval efficiency
even when dealing with large-scale original content databases. Therefore,
combining self-supervised feature embeddings with vector database-based
retrieval can be considered an effective approach for large-scale streaming
video identification problems.

3 Proposed Streaming Video Identification Method

3.1 Overview and Web-Based Data Flow

The overall procedure of the proposed web-based streaming video identifica-
tion method using self-supervised structural embedding and vector similarity
search is shown in Figure 4. The proposed method is designed to identify
whether a query streaming video is a transformed copy derived from a regis-
tered original video. To this end, representative frames are extracted from
videos, converted into fixed-length structural embeddings, and compared
with reference embeddings stored in a vector database.

The proposed method is divided into two main procedures: reference
content registration and query content identification. The reference content
registration procedure is performed in advance to construct the reference vec-
tor database. First, I-frames are extracted from original videos using FFmpeg.
The extracted frames are resized and preprocessed, and transformed versions
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Figure 4 Web-based identification method for streaming videos using self-supervised struc-
tural embedding and vector similarity search.

of the frames are additionally generated to improve robustness against rota-
tion and flipping. The original and transformed frames are then converted
into 512-dimensional structural embeddings using a self-supervised copy
detection model. Finally, the generated embeddings are stored in the vec-
tor database together with metadata such as video ID, frame index, and
transformation type.

The query content identification procedure is performed when a suspected
streaming video or query video is given. Representative frames are sampled
from the query video according to temporal intervals. The sampled frames are
resized, preprocessed, and converted into 512-dimensional embeddings using
the same procedure as the reference frames. The generated query embeddings
are used for cosine similarity search against the reference embeddings stored
in the vector database. For each query frame, the Top-1 search result is
obtained as a frame-level identification result.

The frame-level results are then aggregated to determine the final video-
level identification result. In this study, multiple representative frames are
used instead of a single frame, and the query video is identified as the corre-
sponding reference video when a sufficient number of frames are matched to
the same video ID. This multi-frame decision procedure improves identifica-
tion stability by reducing the effect of temporary frame-level retrieval failures
caused by compression artifacts, overlays, padding, low-texture scenes, or
other distortions.

In a practical web-based environment, the query processing can be per-
formed either on the client side or on the server side depending on service
requirements. When client-side processing is used, only representative frame
embeddings and metadata such as timestamps need to be transmitted to
the server through standard HTTPS-based REST APIs. For near-real-time
monitoring, WebSocket-based communication can also be used to transmit
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sampled embeddings while the video is being played. Therefore, the proposed
method does not require the entire video stream to be transmitted to the server
for identification.

The proposed method focuses on identifying transformed copies derived
from the same source video. In this study, the target transformations include
compression, re-encoding, resolution change, frame-rate reduction, aspect-
ratio conversion, logo or text overlay, grayscale conversion, brightness and
contrast adjustment, rotation, and flipping. Heavily edited videos involving
scene insertion, scene deletion, long partial clips, or semantic-level similarity
between different videos are outside the current experimental scope.

3.2 Frame Extraction and Preprocessing

The reference content registration procedure corresponds to the left part of
Figure 4. In this procedure, original videos are converted into frame-level
structural embeddings and stored in the vector database as reference data
for query identification. As shown in Figure 4, the procedure consists of I-
frame extraction, transformed-frame generation, preprocessing, embedding
generation, and vector database registration.

First, I-frames are extracted from each original video using FFmpeg with
the -skip_frame nokey option. I-frames are used because they contain inde-
pendently decodable visual information and provide stable visual structures
for reference registration. The extracted frames are resized to 288 x 288
before preprocessing and embedding generation.

The set of I-frames extracted from a reference video is defined as shown
in Equation (1).

FT:{f17f27"'7fN} (1)

At this time, the sampling time ¢;can be defined as shown in Equation (2).
1

tk:ts+A(k2>, k=2,...,6 2)

In the preprocessing stage, noise suppression, local contrast enhancement,
and edge enhancement are applied to the extracted frame . Specifically,
in the original content registration stage, Gaussian blur, median filtering,
contrast-limited adaptive histogram equalization (CLAHE), and sharpening
are sequentially applied. The same preprocessing procedure is also performed
in the query stage. If this process is represented by a preprocessing function
P(+), it can be defined as shown in Equation (3).

I = P(I) 3)
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The preprocessed frames are subsequently used in the embedding gener-
ation stage, and the input channel normalization is performed as defined in
Equation (4).

Ii(c,hw)
Xi(e,h,w) = —25 ¢ fe 4)
Oc

Here, 1 = [0.485,0.456,0.406] and o = [0.229,0.224,0.225] denote
the channel-wise mean and standard deviation, respectively. The same
normalization parameters are also used in the actual experiments.

In the query stage, frames are first normalized to a resolution of
288 x 288, followed by preprocessing steps including Gaussian blur, median
filtering, CLAHE, and sharpening. In the original content registration stage,
rotated and flipped transformed frames are additionally generated before
applying the same preprocessing pipeline.

3.3 Feature Embedding Generation

The preprocessed frames are input into an SSCD-based embedding model,
where they are transformed into high-dimensional structural feature vectors.
In this study, an SSCD model in TorchScript format is used, and the input
tensor is fed into the model with a batch dimension included. The feature
embedding f; for frame i can be defined as shown in Equation (5).

fi=E(Xi) (5)

Here, E(-) denotes the SSCD-based embedding function, and f; € R512
represents a 512-dimensional feature vector. In the query stage implementa-
tion, multiple frames are processed in batch units, and a 512-dimensional
embedding is generated for each frame. The generated vectors are L2-
normalized to improve the stability of cosine-based similarity search. The
normalized vector f; can be defined as shown in Equation (6).

Fy ={E(P(v(l;))) |veV} (6)

Here, V' = {“original”,“rotate90”, rotate270”,“flip_ud”,“flip_lr"}. The
generated embeddings are stored sequentially in the same order.

3.4 Vector Database-Based Video Retrieval

The generated feature embeddings are stored in a vector database and used
for nearest neighbor searches with query vectors. In this study, a collection
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containing the video ID and a 512-dimensional embedding vector is created,

where the embedding vector is stored as a FLOAT_VECTOR type. The

search index uses IVF_FLAT, and the similarity metric is set to COSINE.

In addition, nprobe = 10 is applied during the search process to control the

exploration range of candidate partitions. The similarity between the query

frame vector ¢; and the reference frame vector 7; in the database is defined
using cosine similarity, as shown in Equation (7).
SN (R |

S 1) = gl | @

For each query frame, only the highest similarity score among all candi-

date frames in the database is used. Therefore, the representative matching

score s;for query frame ican be defined as shown in Equation (8).

s; = max; Sim(qg;, ;) (8)

In this study, Top-1 retrieval is performed using the query vector as input,
returning the most similar video ID and its corresponding similarity score,
which are used as the frame-level search results. The video-level aggregation
score between the query video () and the reference video R is defined as the
average of the highest similarity scores for each query frame, as shown in
Equation (9).

1 N
S(QR) =D _si ©)
=1

Here, N denotes the number of representative frames extracted from the
query video and, in this study, N = 5 is used.

3.5 Video Identification Method

In web-based streaming environments, determining content similarity based
on a single frame may lead to misrecognition due to various transforma-
tions. To reduce this issue, this study applies a multi-frame-based decision
approach. As defined in Equation (10), if the highest similarity score s; of
a frame exceeds a predefined threshold 7, the frame is determined to be a

matched frame.
1, S; Z T
m; = (10)
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After that, if the number of matched frames among the total N represen-
tative frames is greater than or equal to the threshold value K, the query video
and the reference video are determined to be the same content.

N
1, mi > K
D(Q.R) = ; (11
0, otherunse

In Equation (11), D(Q, R) = 1 indicates that the query video @ is
identified as the same content as the reference video R. In this study, the
number of representative frames is set to five, and a majority voting scheme is
applied in which the content is finally determined to be identical if K = 3 or
more frames are matched. This multi-frame-based decision strategy reduces
the impact of search failures in individual frames on the overall video-
level identification result. It also helps ensure the real-time performance and
robustness required in web-based streaming environments.

4 Experiments and Results

4.1 Experimental Environment

To evaluate the performance of the proposed streaming video identification
method, an experimental environment was constructed consisting of original
content registration, query video processing, and vector database retrieval.
In the original content registration stage, I-frames were extracted from the
input videos, and SSCD-based feature embeddings were generated after
preprocessing and then stored in a vector database. In this process, the
FFmpeg-skip_frame nokey option was used to extract only I-frames, and the
extracted frames were normalized to a resolution of 288 x 288. Subsequently,
preprocessing steps including Gaussian blur, median filtering, CLAHE, and
sharpening were applied, and 512-dimensional feature vectors were gener-
ated using the SSCD TorchScript model. In addition, during the original
content registration stage, not only the original frames but also transformed
frames including 90° rotation, 270° rotation, vertical flipping, and horizontal
flipping were generated to improve the robustness of the original feature
representations.

In the query video processing stage, up to five frames were sampled based
on temporal intervals to ensure representative coverage of the entire query
video. Each frame was normalized to a resolution of 288 x 288, followed
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by the same preprocessing procedure, and feature embedding vectors were
generated in batch units.

4.2 Dataset and Transformation Conditions

The experiments were conducted using original content and query content
with various transformations applied. A total of 100 original videos were used
to construct the reference vector database, and the frame feature embedding
vectors extracted from each original video were stored in the vector database.
The query videos consisted of transformed versions generated from the origi-
nal videos. In total, 4000 test videos were used, including the original videos
and 14 different types of transformations. The transformation conditions
were designed to reflect the types of variations that may occur in web-based
streaming environments, and the dataset configuration is presented in Table 1.

4.3 Evaluation Metrics

To evaluate the performance of the proposed method, recognition rate, false
recognition rate, and missed recognition rate were measured. The recognition
rate represents the proportion of query videos that were correctly identified
as their corresponding original content among all query videos, as defined in
Equation (12).
Recognition Rate = M x 100 12)
total
Here, Ncorrect denotes the number of correctly identified query videos,
and Ny represents the total number of query videos. The false recognition
rate represents the proportion of query videos that were incorrectly identified
as a different original content, as defined in Equation (13).

N, .
Miss Recognition Rate = ——= x 100 (13)
total

Here, Ny,jss denotes the number of query videos that were matched
with an incorrect original ID. The missed recognition rate represents the
proportion of query videos that were not identified as any original content,
as defined in Equation (14).

N
False Recognition Rate = “alse 100 (14)
total

In addition, to evaluate storage efficiency, the vector size per frame was
calculated. In this study, the SSCD feature vector has 512 dimensions, and
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Table 1 Dataset configuration and transformation conditions

1207

Robustness Type Robustness Details Video Count
Original Original 100
Logo insertion Opacity 100% 100
Text insertion Font size 12 100
Font size 16 100
Font size 20 100
Video compression DivX 512 Kbps 100
DivX 700 Kbps 100
Codec conversion MPEG-4/AVC 100
WMV 100
Xvid 100
HEVC/H.265 100
Aspect ratio conversion 16:9 — 4:3 (top and bottom black bars) 100
4:3 — 16:9 (left and right black bars) 100
Frame rate reduction 20 fps 100
Rotation Rotate 90° 100
Rotate 180° 100
Rotate 270° (—90°) 100
Flip Horizontal flip 100
Vertical flip 100
Grayscale conversion I=0.299xR + 0.587xG + 0.114xB 100
Brightness adjustment 9% 100
—18% 100
—9% 100
18% 100
Contrast adjustment Contrast (137%) 100
Contrast (62%) 100
Combined transformation DivX 512 Kbps/H.264/Font size 16 100
DivX 512 Kbps/Xvid/Font size 16 100
DivX 512 Kbps/WMV/Font size 16 100
DivX 700 Kbps/H.264/Font size 16 100
DivX 700 Kbps/Xvid/Font size 16 100
DivX 700 Kbps/WMV/Font size 16 100
DivX 512 Kbps/H.265/Font size 16 100
DivX 700 Kbps/H.265/Font size 16 100
Resolution change 320 x 240 100
640 x 480 100
800 x 480 100
1,920 x 1,080 (FHD) — 640 x 480 (VGA) 100
1,920 x 1,080 (FHD) — 1,280 x 720 (HD) 100
1,920 x 1,080 (FHD) — 3,840 x 2,160 (UHD) 100
Total 4000
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Table 2 Experimental results

Miss False

Recog. Miss Recog. False Recog.
Robustness Type Total Recog. Rate Recog. Rate  Recog. Rate
Original 100 100 100.00% 0 0.00% 0 0.00%
Logo insertion 100 99 99.00% 0 0.00% 1 1.00%
Text insertion 300 297 99.00% 1 0.33% 2 0.67%
Video compression 200 199 99.50% 1 0.50% 0 0.00%
Codec conversion 400 399 99.75% 1 0.25% 0 0.00%
Aspect ratio conversion 200 195 97.50% 2 1.00% 3 1.50%
Frame rate reduction 100 99 99.00% 1 1.00% 0 0.00%
Rotation 300 298 99.33% 0 0.00% 2 0.67%
Flip 200 200 100.00% 0 0.00% 0 0.00%
Grayscale conversion 100 98 98.00% 0 0.00% 2 2.00%
Brightness adjustment 400 397 99.25% 1 0.25% 2 0.50%
Contrast adjustment 200 200 100.00% 0 0.00% 0 0.00%
Combined transformation 800 799 99.88% 0 0.00% 1 0.13%
Resolution change 600 589 98.17% 8 1.33% 3 0.50%
Total 4000 3,969  99.23% 15 0.38% 16 0.40 %

each dimension uses 4 bytes in the FLOAT_VECTOR format. Therefore, the
vector size per frame can be defined as shown in Equation (15).

Virame = 512 x 4 = 2048 bytes (15)

When five representative frames are used for each query video, the vector
size per query can be defined as shown in Equation (16).

Viguery = 5 X 2048 = 10,240 bytes (16)

4.4 Experimental Results

Experiments were conducted on a total of 4000 query videos using the pro-
posed method. The results showed a recognition rate of 99.23%, indicating
that most query videos were correctly identified as their corresponding origi-
nal content. In addition, the false recognition rate was measured at 0.38%,
while the missed recognition rate was 0.40%. These results demonstrate
that most query videos were correctly identified even under various video
transformation conditions. Table 2 presents the experimental results for each
transformation type.
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From the perspective of vector size, the feature embeddings used in this
study have a relatively fixed size of 2048 bytes per frame and 10,240 bytes
per query video. Unlike conventional methods that require storing hundreds
to thousands of feature points per frame, the proposed approach maintains a
simpler storage and retrieval structure, making it well suited for large-scale
vector database-based search environments.

5 Conclusion

In this paper, we proposed a web-based streaming video identification method
using self-supervised structural embedding and vector similarity search. The
proposed method extracts frames from both original and query videos, gen-
erates structural feature embeddings through a preprocessing process, and
determines content similarity by storing and retrieving these embeddings in a
vector database. In addition, a multi-frame-based decision method is applied
to query videos to reduce misrecognition caused by errors in individual
frames and to enable stable identification at the video level.

Experiments were conducted using a total of 4000 query videos, including
the original videos and 14 types of transformations. The results showed that
the proposed method achieved a recognition rate of 99.23%, a false recogni-
tion rate of 0.38%, and a missed recognition rate of 0.40%, demonstrating
strong robustness under various video transformation conditions. Further-
more, by using a fixed-length 512-dimensional feature vector, the storage size
per frame could be maintained at a constant level, which is advantageous for
storage and retrieval efficiency in large-scale content environments.

These results indicate that the proposed method can simultaneously
provide high accuracy and practical processing efficiency in web-based
streaming monitoring environments. Through this study, it was experimen-
tally verified that combining self-supervised feature representation learning
with a vector database-based retrieval structure enables stable identification
even in real-world streaming environments where various transformations
exist.

For future work, it will be necessary to enhance the sampling strategy
for selecting representative frames from query videos. Currently, a fixed
number of representative frames is used; however, applying an adaptive frame
selection strategy that reflects scene changes or the amount of visual informa-
tion could further reduce misrecognition results and improve identification
stability.
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