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Abstract: 
   An advertisement is a notice or announcement in a public medium 

promoting a product. Advertising plays significant role in the introduction 

of a new product in the market. It stimulates the people to purchase the 

product and provides an opportunity for e-commerce companies to 

recommend their products in videos. In this research, we propose a video 

advertising system to exhibit appropriate video product ads to particular 

users at proper time stamps. This takes into account video content 

(semantics or relation between video and products), and viewing behavior 

(user and video). In the proposed framework, the first stage will be 

analyzed video structure into its primary components. Next stage will be 

associations between users and videos and videos and products. Finally, the 

recommendation system is proposed to integrate key frame-product 

association and the important shot of original video to recommend 

appropriate video of product advertisement(ads) to user. The results of 

determining the video category by employing the Yolo deep learning 

model (Yolov5s) in precision. Thus, the proposed method is more accurate 

in getting the video content. The results of the recommendation and video 

advertising algorithm demonstrate that all the recommended videos are 

accurately classified and suggested to the actual type of viewing videos in 

the GWO algorithm. 
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1. Introduction  
 

   A tremendous amount of multimedia 

information including digital video is becoming 

prevailing as a result of the advances in 

multimedia computing technologies and high-

speed networks. 

The video can be defined as “a huge volume 

data object, it contains high redundancy and 

intensive information”, it has a complex 

structure that consists of scenes, shots, and 

frames. Figure 1 shows the structure of the 

video. 

Video e-Commerce, is presented for large scale 

online video advertising, which is able to 

exhibit appropriate product ads to particular 

users. In order to effectively mine the 

relationship among users, videos and products. 

In addition, E-commerce companies like 

Amazon.com and video content providers such 

as Netflix have made the recommended 

systems salient parts of their websites. 

However, few works pay attention to the online 

video advertising with the combination of 

recommendation and video content analysis. 

There are several problems in these systems: 

 The first is that most video ads inserted in 

video streams are intrusive and boring 

without considering user's attention.  

 The second is that traditional video ads are 

inserted in the middle of the program or in 

highlights of the sports video undermines the 

continuity of the video program. 

 The third is textual keywords used in online 

video advertising is not enough for 

measuring the relevancy of rich content 

videos. 

 

 

Figure 1: The structure of video [15] 
 

There are different researches in this side are 

sorted as in [1] recommender systems (RSs) 

have been proposed to collect opinions and 

preferences about a set of items, process such 

preferences and build a personalized 

information access. They proposed framework 

is built on top of a Distributed Ledger 

technology platform that runs without any 

centralized authority and it supports both 

decentralized ratings and ranking of different 

items. A preliminary evaluation on the test 

network demonstrates the feasibility of the 

framework in terms of performance and cost.  

In [2] they developed a method to jointly 

learn the index structure and user preference 

prediction model. They proposed joint 

optimization framework; the learning of index 

and user preference prediction model are 

carried out under a unified performance 

measure. Besides, we come up with a novel 

hierarchical user preference representation 

utilizing the tree index hierarchy. Experimental 

evaluations with two large-scale real-world 

datasets show that the proposed method 

improves recommendation accuracy 

significantly. Online A/B test results at a 

display advertising platform also demonstrate 

the effectiveness of the proposed method in 

production environments. 

In [3] they introduced an approach to 

increase the accuracy and to improve the 

performance of collaborative filtering 

recommender system. A hybrid approach is 

proposed to improve the performance of video 

collaborative filtering recommender system 

based on clustering and evolutionary algorithm. 

Proposed approach combines k-means 

clustering algorithm and two different 

evolutionary algorithms which are Accelerated 

Particle Swarm Optimization Algorithm 

(APSO) and Forest Optimization Algorithm 

(FOA). The main aim of this paper is to 

increase the accuracy of recommendation of 

user-based collaborative filtering video 

recommender system. Evaluation and 

computational results on the Movie Lens 

dataset show that the proposed method has a 

better performance than the other related 

methods. 
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In [4] they adopted the grey wolf 

optimization (GWO) algorithm to select the 

optimal parameters of the proposed model, and 

they based on support vector machine 

regression model based on the grey wolf 

optimization algorithm (GWO-SVR). Three 

real bus lines were taken as examples to 

validate the model. The results show that the 

mean average percentage error is 14.47% and 

the mean average error is 0.7776. In addition, 

the estimation accuracy and training time of the 

proposed model are superior to the genetic 

algorithm-back propagation neural network 

model and grid-search support vector machine 

regression model. 

In [5] they enhanced Grey Wolf Optimizer 

(GWO) for designing the evolving 

Convolutional Neural Network-Long Short-

Term Memory (CNN-LSTM) networks for time 

series analysis. To overcome the probability of 

stagnation at local optima and a slow 

convergence rate of the classical GWO 

algorithm, the newly proposed variant 

incorporates four distinctive search 

mechanisms. The CNN-LSTM networks 

devised by the proposed (GWO) variant offer 

better representational capacities to not only 

capture the vital feature interactions, but also 

encapsulate the sophisticated dependencies in 

complex temporal contexts for undertaking 

time-series tasks. 

In [6] they proposed a novel advertising 

strategy for the rec/ads trade-off. To be 

specific, they developed an RL-based 

framework that can continuously update its 

advertising strategies and maximize reward in 

the long run. Given a recommendation list, they 

designed a novel Deep Qnetwork architecture 

that can determine three internally related tasks 

jointly, i.e., (i) whether to interpolate an ad or 

not in the recommendation list, and if yes, (ii) 

the optimal ad and (iii) the optimal location to 

interpolate. The experimental results based on 

real-world data demonstrate the effectiveness of 

the proposed framework. 

In [7] they described Video e-commerce, a 

method for online video advertising that is able 

to display relevant product adverts to specific 

consumers based on video content. In order to 

accurately model the connections between 

people, videos, and goods, the authors suggest 

using Co-Relation Regression, a Heterogeneous 

Information Network, and Video Scene 

Importance. This guarantees product variety, 

solves data sparsity and cold-start issues, and 

highlights the significance of the video. Finally, 

product recommendations are made using 

Heterogeneous Relation Matrix Factorization. 

Currently, this method is being tested on a 

publicly available dataset. It aims to propose 

product adverts to specific clients at optimal 

times. However, the speed of the complete 

framework may be improved by investigating 

the potential of large-scale web advertising and 

performing real-time updates for new items. 

In [8] they expanded their aforementioned 

previous work in [7] using an iterative Co-

Relation Regression (ICRR) model that can 

efficiently mine the associations between users, 

videos, and goods. To accommodate the need 

for massive amounts of internet advertising, the 

model effectively adjusts to new key frames or 

new things that decrease the complexity of 

time. In this way, the whole architecture can be 

tested in real time using data available online. 

One potential drawback of this work is the loss 

of personal privacy that may arise from a viral 

film being widely distributed online. In my 

perspective, secure communication techniques 

are necessary for this project. 

In this paper, improving the proposing a 

recommendation system to 

exhibit product advertising at proper time 

stamps of video has been proposed. It is totally 

presented as follows: Section 1 is introduction, 

Section 2 is the proposed method, Section 3 is 

method, Section 4 is results and discussion, and 

Section 5 is conclusion. 
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2.The Proposed Method  
 

The proposed system is based on video 

advertising system to exhibit appropriate video 

product ads to particular users at proper time 

stamps of videos, which takes into account 

video content (semantics or relation between 

video & products), and viewing behavior (user 

& video). In the proposed framework, first state 

will be video structure analysis into its primary 

components. Next state will be the associations 

between users and videos, videos and products. 

Lastly, a recommendation system is proposed 

to integrate key frame-product association, and 

video shot importance to recommend 

appropriate video of product ads to users. 

Figure 2 showed the general overview of the 

proposed system: 

 

 
Figure 2: The general overview of the proposed system 

 

       

       As shown in Figure 3, the proposed system 

is implemented based on following main 

stages as follow: 

1. Important Shots and Video Summarization 

in order to find a proper time stamps of 

videos, and represent the associations 

between users and original videos.  

2. Class Detection and online Deep Learning 

model to obtain the content of the original 

video with YouTube search engine to find 

the relation between videos and products 

which are considered the first stages of 

recommended process.  

3. Building an online video advertising 

system by recommendation.  

       It is proposed to integrate key frame-

product association, and video shot 

importance to recommend appropriate 

product ADS to users. We faced several 

challenges and obstacles while 

implementing this system, including: 

1. Video content analysis and get high 

accuracy for object detection using yolo 

deep learning. 

2. The method of collecting information to 

determine the type of video through the 

frames, in other words, determining the 

type or content of the video through the 

objects in each frame. 

3. Dealing with YouTube, as it always gets 

updates that cause a problem in dealing due 

to YouTube policies. 

4. Obtaining a dataset or videos that represent 

the views of the user so that it contains 

multiple topics and not a specific topic, and 

this was the biggest challenge because 

most sites contain videos for a specific 

topic. Also, advertising videos do not have 
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free links to download them because they 

have a financial cost. 

5. The proposed system is implemented with 

Python programming language and 

YouTube API application So, the proposed 

system methods consist of the following 

implementation steps: 

 Step 1: Using the YouTube data API v 3.0 

to connect python with YouTube servers. 

 Step 2: Select the original video using GUI 

and analyze the video into its important 

components. 

 Step 3: Extract interested points (features) 

from each frame in the shot for an original 

video by using ORB algorithm and 

compute the similarity between features 

using FLANN, then summary using the 

entropy has been done to find the important 

shot and its key-frame in the video. 

 Step 4: object detection to obtain the 

content of the original video based on yolo 

deep learning model (Yolov5s) from 

https://github.com/ultralytics/yolov5/releas

es. It is clearly shown that the online deep 

learning model consists of many 

predefined models. it can predict the class 

type for the uploaded video.  

 Step 5: Searching the YouTube channel 

about the advertisement video to bring the 

ads videos similar to uploaded video. 
 

 

 Step 6: YouTube search engine will reply 

with list of videos. We analyze the 

YouTube search results and compare 

between the time of the suggested 

advertisement video and the main video 

time.  

 Step 7: In order to do the recommendation 

process, the used model entered the list of 

advertising videos that have been retrieved 

from YouTube channel on the 

recommendation algorithm based on an 

optimizer model for the purpose of 

returning the appropriate advertising video 

to the original video. You Tube search 

engine use the user Google account to 

optimize the search result, this information 

collected using the YouTube data API. In 

addition, other parameters can consider 

(the number of likes, ID of video, number 

of watching, and no. of comments). 

 Step 8: Play the main video and embed the 

advertisement video before the importance 

shot. 

 Step 9: Play the recommended 

advertisement video then play the rest of 

the main video.  

       Figure 3 shows the stages which 

demonstrates the methodology of the 

proposed framework which it is consist of 

summarization part and an online video 

advertising system by recommendation 

part. 

 

 

 

 

 

 



Journal of Kerbala University, Vol. 22, Issue 1, March , 2025 
 

80 

 
Figure 3: The proposed system stages 

 

 

2.1. Data set description 
 

   In this part, the datasets that were utilized to 

test the suggested system are described. We 

employed the widely used TVSum50 

Benchmark Dataset [9] in the suggested 

research for video summarization and shot 

extraction. This dataset contains 50 video 

sequences collected from YouTube using 10 

categories from the TRECVid MED task. These 

videos cover a wide range of topics, including 

flash mobs, news, video blogs, and more. A 

self-built video dataset that was gathered from 

the internet was used to verify the method's 

viability. We utilized the SumMe [10] dataset 

for additional testing, which was constructed as 

a standard for video summarizing. The 25 

videos in the collection cover sports, events, 

holidays, and other topics. The videos range in 

length from 1 to 6 minutes. 

Further, a collected video dataset that was 

gathered from the internet was used to verify 

the method's viability. The popular online video 

collections were utilized for getting 

advertisements and YouTube videos dataset 

from the most popular video sharing site. 

The proposed system methodology consists of 

Oriented Rotated Brief Very Fast Binary 

Descriptor (ORB) algorithm for feature 

extraction and matching techniques to 

important determine shots for all video. ORB 
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based on Fast Library for Approximate Nearest 

Neighbors (FLANN) technique to classify 

frames into tree and comparison among 

features. 
 
 

2.2.Analysis of the video structure into its 

primary components 
 

   This step involves splitting the video into its 

major components. The structure of the viewing 

video file will be analyzed in order to obtain its 

primary components (scenes, shots, frames) so 

as to apply the ORB method in the next step, 

and as the following steps: 

 Convert: Video to sequence of frames. 

 Transform: Frames (Bitmap color image (24 

bits) to 8-bits (Gray scale) by YCbCr Color 

Format. 

Color Layout Descriptor (CLD) is used to 

determine color spatial distribution. The frames 

are first taken from the video. The retrieved 

frames are color space transformed from RGB 

to YCbCr. Each YCbCr frame is divided into 

8x8 non-overlapping blocks.  

Gray scaling is the process of transforming an 

image (frame) from a color system such as Red, 

Green, and Blue (RGB) to shades of gray. RGB 

is the most common means of encoding a pixel 

in a color space. One of the motivations for 

choosing gray scale photographs rather than 

color images is to reduce the RGB color space 

to a single dimension description, i.e. 

 monochromatic. This is required to reduce 

calculation costs and simplify processing. Some 

applications do not require color images, and 

utilizing them may increase the number of 

training data required to get effective results. 

The SBD technique attempts to divide the video 

into temporal parts (shots). This stage seeks to 

identify the sequence of frames acquired by a 

single camera operation. Frames in the same 

picture frequently feature significant contrast. 

correlation, and the SBD step determines the 

boundaries between shots. 
 

2.3.Important shots and video 

summarization 
 

   There are two components to the video 

summarizing technique in our suggested study. 

Using shot boundary identification based on 

ORB characteristics, the entire video is first 

divided into separate video segments (scenes 

and shots). After that, a summary for each 

scene is applied such that each shot's key frame 

extraction is realized using the enhanced 

clustering technique based on entropy metric 

calculation. Finally, by organizing key frames 

sequentially, a summary of the video is 

produced. Notably, important frames in this 

study refer to the representative frames that can 

represent the framework of the video contents 

as shown in Figure 4. 

 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: Framework of detecting the 

important shot based on video 

summarization 
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2.4.Deep learning and video class detection 
 

    The class and object detection need to be 

determined to obtain the content of the original 

video based on the yolo deep learning model 

(Yolov5s). It is clearly shown that the online 

deep learning model consists of many 

predefined models. To make the video analysis 

process more comprehensive, it is necessary to 

collect the information of each shot in a single 

3D matrix. This matrix could be analyzed in 

many ways to obtain the highest possible 

accuracy to determine the category of the video 

by using a pre-trained model. The standard 

measures are the percentage of the object 

spread on the whole video. If the object is 

spread over the entire video, it is the real 

candidate and not the object being concentrated 

in one place. The frequency of appearance of 

this object within the video also needs to be 

taken into account. All of these metrics will 

help to determine the real category for the  

 
 

riginal video by analyzing its components as 

shown in Figure 5. 
 

2.5. API YouTube channels and similar 

videos 

   After detecting the type of the entire video 

based on the video class detection in section 

2.4, the YouTube channel is then searched for 

the advertisement video. The YouTube videos 

and its related metadata, i.e., user 

comments/opinions have become a treasure of 

the data. This data could be used in various 

fields of research especially in online video 

advertising. 

The proposed framework consists of five steps 

as shown in Figure 6: 

 Input parameters (video category, channel               

ID, and API key).  

 Searching in the YouTube channel about the       

advertisement video. 

 Collecting the similar ads videos. 

 Video metadata collection. 

 Replay list of videos with its meta data. 

 
 

2.6.  Recommendation based on grey wolf 

optimizer algorithm (GWO) 

 

The concept of this algorithm depends on 

filtering or filtering the videos obtained through 

the two previous processes (object detection & 

you tube search engine) to find the closest ad 

video that is similar or appropriate to the 

original video content, in addition to having 

suitable parameters such as (likes, comments, 

index, and views). In other words, the (GWO) 

algorithm classifies advertising videos in a 

hierarchical manner, where the top of the 

pyramid is the most appropriate video.There are 

several stopping conditions for this algorithm 

as in following: 

 

Figure 5: Video class detection algorithm 

based on yolo deep learning model 
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Figure 6: A frame work of collecting the similar ads videos and related meta data based on 

YouTube API 

  

 Reaching a fixed number of iterations (i). 

 Access to determined specifications such as 

(Fitness <= specific number). 

 The difference between one iteration (i) and 

 

 

 another is very small.  Figure 7 illustrates the 

framework of selecting the best ads ad for 

video using (GWO)    algorithm.

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

Figure 7: A framework of selecting the best ads ad for video using GWO algorithm 
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2.7. Online video advertising 
 

     Video Advertising and display appropriate 

product ads to users by embedding it at a proper 

Timestamp in the importance shot of video 

which it considered the final stage of the 

recommended process. 

207. The first step is user-watching video 

relation, which indicates the commonalities 

between viewers and key frames. It is used to 

determine the best insert product adverts 

position using the summarizing approach. 

208. The second one, known as key frame-

product relation, is the relationship between key 

frames and products. It combines user 

preference with video semantics based on deep 

learning and YouTube search engine.  

209. The third one is a recommendation for 

an item based on recent user watching and 

video content as shown in Figure 8. 

 

 
Figure 8: A frame work of an online video advertising display process 

 

 

210. Results and Discussion 
 

   The proposed system of important shots 

based on video pre-processing, as it showed in 

Figure 9 after each frame of the video stream 

and the template image are first processed in 

gray scale as following: 
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Figure 9: Converting a video to sequence of true color image (frames) 

 

In order to verify the processing efficiency of 

the algorithm, we calculated the running speed 

of video summarization in frames per second. 

The results are shown in Table 1. Table 2 

compares the feature extraction speed with 

SIFT based algorithms by [11, 12]. 

 

Table 1: Running efficiency of our method 

Extraction of Key Frames Detection of Shots 

1045.18 frames/s Feature Matching Feature Extraction 

 30.62 frames/s 43.25 frames/s 

 

Table 2: Comparison of running efficiency 

Feature Extraction Speed Frames Methods 

43.25 frames/s 1357 Proposed  

41.20 frames/s 1351 [11] 

26.40 frames/s 1920 [12] 

 

It can be seen from the results that the speed of 

our algorithm in ORB feature point extraction 

is 43.25 frames per second, which faster than 

[11] and faster than [12], therefore, the ORB 

based algorithm has a speed advantage over 

SIFT based algorithm. 

Recall and precision were used for evaluation 

metrics. Recall represents the ratio of the 

number of true positive shots to the total 

number of shots. Precision refers to the rate of 

the true shots that are detected. 

In order to verify the effect of this algorithm on 

shot boundary detection, we tested the recall 

and precision under different types of videos, in 

comparison with the algorithms by [11-14] as 

shown in Table 3. 

 

 

 
 

From Table 3, we can see that our method 

shows the advantages in recall rate on collected 

datasets, the TVSum50 dataset and SumMe 

dataset. 
 
 

Table 3: Comparison of shot detection methods 

SumMe TVSum50 Methods Collected Dataset Methods 

Precision Recall Precision Recall 
proposed 

Precision Recall 
proposed 

93.20% 96.33% 90.87% 97.81% 95.30% 98.20% 

     95.79% 94.45% [12] 

     95.81% 96.40% [13] 

     95% 97% [14] 

  87% 95%  93.30% 97.20% [11] 
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211. Experimental Results of The 

Recommendation and Video Advertising  

Algorithm 

The evaluation measure (MSE and RMSE) for 

recommendation algorithm to suggest the 

appropriate recommender type of video 

advertisement for the actual type of viewing 

video is illustrated in Table 4. 

 

 
 

Table 4: The Evaluation Measure for Recommendation Using (GWO) Algorithm 

video no. actual type Recommended 

type 

error sqr error mean sqrt 

error 

root mean 

sqrt error 

1 sporty Sporty 0.0 0.0 0.0 0.0 

2 sporty Sporty 0.0 0.0 

3 sporty Sporty 0.0 0.0 

4 sporty Sporty 0.0 0.0 

5 sporty Sporty 0.0 0.0 

6 sporty Sporty 0.0 0.0 

7 trans Trans 0 0 0..67 0.818 

8 trans Trans 0 0 

9 trans Sporty 1 1 

10 trans Trans 0 0 

11 trans Trans 0 0 

12 trans Trans 0 0 

13 cooking Cooking 0 0 0 0 

14  cooking Cooking 0 0 

15 cooking Cooking 0 0 

16 cooking Cooking 0 0 

17 cooking Cooking 0 0 

18 cooking Cooking 0 0,67 

19 animal animal 0 0 0 0 

20 animal animal 0 0 

21 animal animal 0 0 

22 animal animal 0 0 

23 animal animal 0 0 

24 animal animal 0 0 
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           As shown in table 4, we can see that all 

the recommended videos are accurately 

classified and suggested to the actual type 

of viewing videos. There is one error in 

recommended appropriate video ad for 

viewing video 9. On the other hand, when 

applying the same measures above to the 

comprehensive search algorithm, we have 

found that the error rate is completely zero, 

because it depends on searching and 

choosing between each ad and another in a 

sequential manner. So it is more 

appropriate with a few ad videos and takes 

more time complexity. This proves that the 

GWO results are realistic and more 

accurate. 

 
 

212. Conclusion  

           The proposed system has more than one 

of main stages; firstly, video shot 

extraction based on video summarization in 

order to find a proper time stamps of 

videos. The second stage is to obtain the 

content of the original video base on deep 

learning with YouTube search engine  to 

find the relation between  videos and 

products. Finally, online video advertising 

system by recommendation is constructed. 

The results of the proposed system are: 

213. ORB and FLANN local feature descriptors 

and matching can provide a good 

representation of the frame image. Despite 

the fact that these features have some 

limitations, their combination gives 

additional robustness for feature extraction. 

Also, combination (ORB) and (FLANN) 

with image enhancement improves feature 

extraction and matching to recognize the 

boundaries of shot or scene. 
 

 

214. The suggested system is able to display 

suitable items (ads) to specific users at the 

appropriate time.  
 

215. GWO results are realistic and more 

accurate in the case of the number of 

advertising videos being very large. 

216. The suggested system is able to display 

suitable items (ad) to specific users at the 

appropriate time. For further development 

of the current research, the following 

suggestions are important to implement in 

the future: 

217. Another method, such as graph mining, can 

be utilized to give a good video summary 

and detect the most important shot. 

218. Exploring online advertisements at the 

large scale and performing real-time 

updates for new objects will enable the 

framework as a whole to perform 

effectively in real time. 

219. Designing and implementing a security 

method in order to guarantee the user's 

privacy.  
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