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Abstract 

With the proliferation of online media services, ad 

video has become an important way to promote various 

products, services and ideas. Several research efforts 

devoted to the contextual advertising but further 

recommendation and comprehensive introduction on ad 

videos are seldom exploited. In this paper, we build a 

semantic linking between ad video and relevant 

product/service online in a cross-media manner. First, 

we extract a representative image of the ad video and 

then conduct a three-step progressive search (visual 

search, tag aggregation and textual re-search) to link 

ad video with relevant Web service. We search visually 

similar product images, rank the context textual 

information by tags aggregation, and refine the results 

by textual re-search. Finally, several relevant  products 

will be recommended to users. Experiments on some 

popular E-commerce websites demonstrate the 

attractiveness and effectiveness of our approach. 

Keywords: Ad Analysis, Spectral Hashing, Video 

Search, Service Recommendation. 

1. Introduction 

The Internet is changing the way of our shopping 

with the spread of E-commerce websites. This brings 

high potential to develop the advertising industry on 

web and especially to find a viewer-friendly and 

advertiser-beneficial solution to launch ads. Ad video is 

less structured than sports video and is like movies in 

design style. Thus makes ad video representation fairly 

challenging in the context of semantic video analysis.  

It is a tedious job to find useful information on the 

Internet. The key to the vision of semantic Web is the 

ability to capture data and application semantics in 

ontologies across multiple domains and link them to 

interconnect related concepts [1]. As data of different 

media manners (ad video, ad image and ad text) is 

widely distributed on the Internet, which makes users 

difficult to search and find the related information 

about their interested products or services. Therefore, 

online ads recommendation through automatic linking 

ad videos with related products in a cross-media 

manner is very useful to assist consumers for decision-

making. As shown in Figure 1, we propose a scheme to 

link ad videos with product information across the 

Internet towards effective ad recommendation. 

The video may be about BlackBerry Cell Phone:

BlackBerry Curve 8300 – BlackBerry ... 
64 MB ROM, Keyboard, trackball, Lithium, 3.9 oz

Featuring clean lines and soft edges, the BlackBerry ...

BlackBerry 8700g - BlackBerry Handheld ... 
16 MB RAM, 64 MB ROM, Xscale PXA901, Keyboard, 4.7 oz

The BlackBerry 8700g Wireless Handheld elegantly ...

$200

$99

Other BlackBerry Cell Phones:

$65 to $872For More
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Figure 1. Semantic linking. 

2. Related Work 

Most relevant works in ad video focus on detection 

[2, 3], retrieval [4, 5], insertion [6-8] and categorization 

[9, 10]. Ad detection aims to locate and skip ads in 

video streams for effective browsing of TV programs. 

Ad retrieval is to identify and locate a particular ad 

from video streams or databases. For ad insertion, Mei 

et al. [6] associated relevant ad videos with the content 

of videos and to seamlessly insert the ads at proper 

points in video streams. Ad categorization is aimed at 

classifying ad videos into one of predefined classes. 

Now, product search has become a popular feature 

in many search engines. And the majority of image 

searches use little, if any, image information to rank 

images. Nie et al. [11] proposed an object-level vertical 

search engines to extract product objects including the 

attributes “name”, “image”, “description” and “price”. 

Jing and Baluja [12] modified the conventional Google 

PageRank algorithm for product image search based on 

image similarities estimated from local visual features. 
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Figure 2. Overall framework. 

Search-based image annotation is another related work. 

In [13], a novel framework called AnnoSearch was 

proposed to explore such Web-based resources for image 

annotation.  Although web-based methods overcome the 

insufficiency of training dataset, the annotations extracted 

from descriptions of web images are noisy and a 

refinement process is desired. However, its scalability of 

general images remains to be proved as quality of the 

expanded labels may depend on the image type and the 

availability of appropriate keywords. 

Image on the Web is unpredictable and diversified. 

The major challenge is to understand media by bridging 

the semantic gap between the bit streams and the visual 

content interpretation by humans [14], while little 

research is focusing on the building of the semantic 

linking between video content understanding and related 

web information. In this paper, we present to link the ad 

videos to web products on E-commerce websites by 

content analysis of ad video and visual-textual search. 

3. Overview  

Figure 2 illustrates our overall semantic linking 

framework. It includes offline part and online part (① ad 

video analysis, ② visual search, ③ tag aggregation, ④ 

textual re-search, ⑤ service recommendation). 

We build a large dataset of product images from 

popular shopping websites and store them with related 

tags. Video analysis is to extract representative images 

from ad videos. Searching visually similar images works 

on selecting the stable features of images to search goods 

images via SH (Spectral Hashing) [15] based matching. 

Then the context text information is clustered by tag 

aggregation, and the results are further refined with 

textual re-search. We reorganize the raw search results 

and recommend more relevant products. 

4. Ad Video Content Analysis 

4.1.  Representative Ad Image Selection 

 We detect FMPI (Frame Marked with Production 

Information) images [2] of ad videos. As illustrated in 

Figure 3, FMPI image can be regarded as a kind of 

document images which are usually used to highlight the 

product. In practice, we obtain many FMPI images for 

the product is shown from different views. Inspired by 

the canonical images selection techniques [16], we select 

the representative ad images from FMPI images. Gist 

representation [17], a global descriptor that characterizes 

the shape of a scene, is used here. We cluster the gist 

descriptors of FMPI images by k-means algorithm and 

simply select one image as the representative ad image. 

(1) (2) (3)

(5) (6) (7)

(4)

(8)  
Figure 3. Examples of FMPI images. 

4.2. Visual Features Extraction 

For each image, we extract several local features and 

select the most stable n ones by the frequency of key 

points to search visually similar images. 

1) SURF [18]. We use a 4 × 4 region to describe the 

feature and the dimension is 64 for each key point. 

2) Shape-Context [19]. We randomly sample 100 points 

from the Canny edges and use 12 equally spaced 

angle bins and 6 equally spaced log-radius bins. 



 

 

3) Geometric-Blur [20]. 300 key points are extracted in 

each image. Specifically, key points are first 

randomly sampled on the edges. Each point is 

described by a 51 × 4-dimensional vector, which 

includes 4 oriented channels and 51 locations. 

    In addition, we also extract two global features: 

1) Color histogram. We transform color space from 

RGB to HSV and quantize the color by 18 hues, 3 

saturations, 3 values and 4 grays. Totally, 166-level 

quantized HSV color space was used. 

2) Grid Gabor texture. We use the Gabor filters with the 

parameters of 5 scales and 4 orientations. We apply a 

grid-layout method to partition the image into a 3×4 

grid sub-images, and the Gabor features are exacted 

in each sub-mages. Hence, we can obtain a 360-

dimension Grid Gabor texture to fully explore the 

spatial texture features. 

5. Semantic Linking from Ad Video to Web 

Service 

The existence of multiple semantically-disjoint clusters 

in real-world data highlights the applicability of efficient 

discard based search strategies. We present to build the 

semantic linking between ad video and web service by a 

progressive search. 

5.1. Nearest Neighbor Based Visual Search 

On the basis of stable global features and local key 

points, we search relevant product images collected from 

the Web. A NBNN (Naïve Bayes Nearest Neighbor) 

classifier [21] is employed to search visually similar 

images. Given an ad video v with a representative ad 

image 𝑄, our goal is to find the optimal product image set 

𝐶 matching with the video: 

𝐶∗ = 𝑎𝑟𝑔  𝑚𝑎𝑥 𝑃 𝐶 𝑄 = arg max
𝐶

  𝑓 𝑝𝑖 ,𝑝𝑗  

𝑗 ∈𝐼𝐾

𝑛

𝑖=1

 

 =  arg max
𝐶

  𝑓 𝑝𝑖 ,𝑝𝑗  

𝑛

𝑖=1𝑗∈𝐼𝐾

 

where 𝑝1 , … , 𝑝𝑛  denotes the set of stable local features in 

representative ad image Q.  𝑝𝑖   is a local key point in Q. 

For global feature, we can just take n=1 to transform it 

into local feature.  𝑓 𝑝𝑖 , 𝑝𝑗    measures the similarity 

between feature point 𝑝𝑖  in Q and point 𝑝𝑗  in a product 

image IK from the dataset: 

𝑓 𝑝𝑖 , 𝑝𝑗  =  
1, 𝑝𝑗 ∈ 𝑁𝑁𝑝𝑖

0, 𝑒𝑙𝑠𝑒
   

where 𝑝𝑗 ∈ 𝑁𝑁𝑝𝑖
 means that 𝑝𝑗  belongs to the nearest 𝑁 

neighbors of 𝑝𝑖 .  

NBNN is non-parametric and requires no training time. 

But we have to extract various features to assure the 

performance. It causes two problems: 1) how to find 

nearest 𝑁  neighbors in millions of points as soon as 

possible. 2) how to fuse the results of different features 

into a final optimal result. We employ SH to find nearest 

neighbors and design a new post processing method to 

fuse features based on their entropies, which will be 

introduced in the upcoming sections respectively. 

5.1.1. Spectral Hashing for Local Features. With large 

scale extracted local features, the pair wise similarity 

search is computational infeasible. SH is a promising 

approach to seek compact binary codes of data-points for 

similarity search and it alleviates computational cost in 

high-dimensional spaces to a very great extent. The basic 

idea is to formalize the data as a particular form of graph 

partitioning. By utilizing recent results on convergence of 

graph Laplacian eigenvectors to the Laplace-Beltrami 

eigenfunctions of manifolds, SH proposes a spectral 

method to code a novel data-point i.e., query points  by 

setting threshold to a  subset of  eigenvectors of the graph 

Laplacian of similarity graph [15]. Therefore, one can 

quickly get near neighbors by hashing the query point 

and retrieving the elements projected into the same bin. 

Table 1.  Time results (per point) of SH and DC 

Feature Points  Dimension DC  SH  

SC 1,992,344 72 3.19s 46ms 

SURF 1,877,891 64 2.82s 42ms 

GB 2,663,866 204 9.36s 51ms 

In Table 1 we compare SH (32 bins) with DC (Direct 

Computing) in querying by three local features: Shape 

Context (SC), SURF and Geometric-Blur (GB). We find 

that SH is very fast to query a single point. The 

experiment is taken on a PC with CPU 2.0 and 1G RAM.  

5.1.2. Visual Feature Fusion. An intuitive way to fusion 

is the linear weighted voting. But not all features are 

helpful and it is proper to dynamically adjust features’ 

weights. For example, shape feature is important for cell-

phone while  color feature is not. So we propose to 

dynamically select features for each query. 

In detail, for each query image q, there are 𝑁 neighbor 

images 𝑅1
𝑓

….  𝑅𝑁
𝑓

  by feature 𝑓 , and image 𝑚  is i
th

 

neighbor 𝑅𝑖
𝑓
. Hence the vote for image m in dataset is: 

𝑆𝑚 =  
𝑁 − 𝑖

𝐸𝑛𝑡𝑟𝑜𝑝𝑦𝑓 ,𝑞

𝐿

𝑓=1

 

in which 𝑁 − 𝑖 means the forward points will be set with 

higher scores.  𝐸𝑛𝑡𝑟𝑜𝑝𝑦𝑓 ,𝑞   presents the entropy  of  f  for 

each query q. It can be obtained as follows: 



 

 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦𝑓 ,𝑞 =  −
𝐶𝑡

𝑁
𝑙𝑛

𝑇𝑦𝑝𝑒𝑁𝑢𝑚

𝑡=1

𝐶𝑡

𝑁
 

where 𝐶𝑡  denotes the number of neighbor images 

𝑅1
𝑓

….  𝑅𝑁
𝑓

 belong to Type of  𝑡 . It reflects the 

classification ability of 𝑓 to query 𝑞. Smaller 𝐸𝑛𝑡𝑟𝑜𝑝𝑦𝑓 ,𝑞  

means higher purity of 𝑁 neighbor images so this feature 

is more confident than others. Hence we use the 

reciprocal of  𝐸𝑛𝑡𝑟𝑜𝑝𝑦𝑓 ,𝑞  as weight of this feature. 

5.2. Tag Aggregation 

There are different kinds of product images in visual 

search results. We use the context text information 

around the product images to refine the results. There are 

two kinds of product tags: identification tags (name and 

attribute tags contain technical or material information) 

and other tags (other information users may care such as 

price). The former is used for tag aggregation while the 

latter will be only provided in the rich recommendation. 

With the visual search results, the K-lines-based 

clustering algorithm [22] is selected to organize the 

identification tags into some semantically consistent 

clusters. Each tag contains about 10-20 words with high 

distinguishing ability. We use VSM (Vector Space Model) 

to computing the similarity matrix of these tags, and the 

common weighting scheme – TF (Term Frequency) is 

selected. Generally, there will be more results belonging 

to the same class as the input image. For example, we 

input an image of cell phone and may get cell phone, 

MP3 and other products' images. However, there will be 

commonly most cell phone images. 

5.3. Textual Re-Search 

It is well known that the semantic gap between visual 

features and the real semantics limits the application of 

content-based search, so we will appeal to text-based 

search. With the tags of top-n classes provided by the 

clustering process, several key words for textual re-

search are selected. We calculate each word’s salience 

score through common weighed technique: TF-IDF 

(Term Frequency–Inverse Document Frequency). Key 

words are selected from the top-ranked words and they 

are employed for textual re-search in tag database to 

select the images with most similar tags. 

6. Service Recommendation 

With the help of various product tags we can make 

detailed and rich recommendation. We resort the final 

search results by brand – a crucial tag for product. Then 

we analyze the result products’ tags to verify their brands 

and further tried to discern their models. We put products 

with the same brands together, and sort them by their 

price or other very important attribute. 

7. Experiments 

We selected 13 popular classes of ad videos and about 

20~40 ad videos in each class. Our product database is 

mainly from eBay and Amazon. It includes about 40000 

information items which can be divided into 18 

categories.  

7.1. Experiment Results on Visual Search 

We evaluate the performance of our progressive search 

by MAP (Mean Average Precision). As shown in Figure 

4, we list five single feature results and the fusion result. 

Our approach has achieved promising results for top 1 in 

7 classes of ad videos and top 3 in 12 classes. The 

exceptional case of Women Shoes may be caused that 

each single feature is too weak, which makes our fusion 

approach work bad. Blur product appearance can lead to 

bad result and texture-rich images containing more 

feature points are easier to get good result. A class of 

products exhibiting several chief brands or more uniform 

shape such as cell phone tends to yield better results. 

We also make a simple experiment to compare the 

fusion scheme with single SURF local feature and global 

features used in [23] in 10 types of our products. Table 2 

shows the result, and we can see that the global feature is 

generally weaker than local feature, and our feature 

fusion method obtains the best results. 

Table 2. MAP@100 of 10 types products. 

Ad Video 

Class 

MAP@100 

 (Fusion) 

MAP@100 

 (SURF) 

MAP@100 

[23] 
Cell Phone 0.43 0.29 0.11 

Chocolate 0.46 0.27 0.21 

Coffee 0.24 0.13 0.18 

Digital Camera 0.17 0.13 0.08 

Electric Shaver 0.16 0.24 0.21 

Mp3 0.23 0.2 0.09 

Printer 0.24 0.06 0.10 

Shampoo 0.35 0.14 0.06 

Television 0.17 0.09 0 

Wristwatch 0.31 0.06 0.10 

7.2. Experiment Results on Textual Re-Search 

Figure 5 show us the progressive search MAP of top-

50 results. The blue columns represent the results of 

visual search and the red ones show MAPs of top-10 of 

15 clustered classes. In short, we classify the tags of 

image in visual search results and rank these classes by 

the descending order of item numbers.  Items in the same 

class keep their origin relative order. After we extracted 

keywords from these high-ranked classes’ tags, we do 

textual re-search with these key words. The re-search 

results are shown by green columns in the two charts. 



 

 

Figure 4. Visual search results with different features with top 100 results.

Figure 5. MAP for 13 kinds of ad videos with top-50 results in different words of progressive search. 

 
Figure 6. Results on three kinds of MAP with representative images in different AP ranges.

    It can be seen that the MAPs in three steps increases as 

carrying out the progressive search. MAPs of all ad 

videos in the three stages are (0.26, 0.28, 0.4) in top-50 

results.  It reflects our approach is effective to understand 

ad video and give precise recommendation of products. 

However, search results on some types of products are 

not very desirable, such as Television. There are mainly 

two main reasons. 

    First reason is the low visual MAP. As we stated 

before, visual search is the engine of textual re-search 

and provides key words. Therefore, bad visual results 

will not lead high re-search MAPs. To illustrate the 

interrelation between visual and textual search, we give 

Figure 6. For each ad video, we calculate its results’ APs, 

and simply partition these videos into 13 parts by their 

APs. Each part has an interval AP of 0.05 (the largest AP 

is less than 0.6). We compute each part’s three kinds of 

MAP: visual search, tag cluster and textual re-search. 

From the chart we can see that the powerful performance 

of text-based search makes itself a double-edged sword. 

That is, the outcomes of visual search decide the MAP of 

textual re-search. 

Another reason affecting the textual results is the tags 

used for search from the E-commerce websites: they are 

not very standard. In addition, different types of products 

have very different types of tags. Some kinds of product 

have many typical keywords, such as t-mobile and nokia 

for Cell Phone. Products with tags containing such words 

will be easily and correctly recognized and get better 

textual re-search results.  

7.3. Experiment Results on Service 

Recommendation 

We implement the service recommendation by linking 

ad videos with web services. When users watch a digital 

camera ad video, the recommendation will be as Figure 7. 

...

The video may be about Nikon digital camera:

Nikon Coolpix S550 10.0 Megapixel
Smart, and fast 10 megapixel camera with the 

smallest body in the world for its class...

BRAND NEW Nikon Coolpix S60 10 MP 
The compact, slimmer and sleeker COOLPIX 5200 

designed to emphasize Nikon's status as a ...

$134.39

$227.50

Other Nikon digital cameras:

$65.99 to $ 2588

Canon:

For More

For More $31.75 to $ 3499.9

Sony:

For More $20.50 to $ 694.89

Other digital cameras:

 

Figure 7. An example of recommendation. 



 

 

We first give users a representative image and the 

semantic comprehension. Then we recommend users 

some most relevant products in our database which are 

arranged by their categories, brands or models to the 

convenience of users. Besides the product images, our 

scheme can equip viewers with other useful product 

information such as detailed description and prices. In 

addition, users can also click hyperlinks of the product’ 

image to access the origin web page to find more details. 

8. Conclusion 

An online product recommendation system relating 

with ad video is introduced in this paper. It combines 

various techniques in video analysis, image retrieval and 

multimodal fusion. We link ad video with relevant 

product information across E-commerce websites 

towards ad recommendation in a cross-media manner. In 

future we will improve the performance of ad 

recommendation by fusing visual and text information.  

In particular, such kind of linking can be combined with 

our proposed multimodal approach in [2] to furnish more 

comprehensive ad video categorization by products. 
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