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MULTI-MEDIA IMAGE AND VIDEO OVERLAY TEXT EXTRACTION BASED ON
BAYESIAN CLASSIFICATION ALGORITHM

LIANGLIANG YIN*AND ZIQIANG WANGT

Abstract. With the continuous development of Internet technology, using multimedia for virtual application has become a
new way. In this paper, by introducing the bayesian classification algorithm, multimedia graphics and video for carding, testing
and implementation of edge image of fine processing, matching the corresponding text for quick positioning, at the same time use
the filter for image and video background picture, further classification, distinguish between background and text, the extraction of
superposition character. Simulation results show that the bayesian classification algorithm is effective and improves the efficiency
and accuracy of image and video processing.
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1. Introduction. With the continuous development of social economy, the presentation modes of mul-
timedia have become rich and diversified [1,2]. However, people have increasingly high requirements for the
quality of multimedia, so how to carry out effective text overlay and improve the readability of multimedia
images and videos has become a key difficulty [3,4,5]. Superimposing text on multimedia images and videos
makes it easier to read or view multimedia, and easier to spread it. In multimedia text extraction, often can be
divided into two categories according to the segmentation method, one is the use of static multimedia images
or video screenshots for detection and extraction; The other is to use dynamic, multi-frame multimedia images
and videos for text detection [6,7,8]. Bayesian classification method has solid mathematical theoretical founda-
tion and is a practical method for remote sensing image classification. However, Bayesian serial classification
algorithms based on CPU are very time-consuming when processing larger images.

Since the text in the multimedia video is artificially added in the later stage, the general existence period is
about 3 seconds in order to be recognizable [9,10]. Therefore, it is more important to extract text in multimedia
images and videos, that is, to extract text effectively within the 3-second time range when text appears. To
determine the importance of different key features extracted, some scholars build the corresponding weighting
function to calculate the different weights of each feature to distinguish the contributions of different feature
categories to improve the performance of the naive Bayes model. The industry has also made a lot of attempts,
such as the use of text matching algorithm for detection, first multimedia detection, then according to the
existing samples for monitoring, and finally achieve two-step text extraction; The similarity of gray value of
characters is used for quantitative calculation and differentiation, so as to search the text area, and multiple
multimedia videos or images are used for unified correction, so as to realize the text tracking. In addition, some
scholars use the linear analysis method to enlarge the relevant text in multimedia to reduce the difficulty of
recognition and improve the accuracy of recognition [11,12,13,14]. In recent years, many studies at home and
abroad have used GPU in the fields of remote sensing image fusion, hybrid image decomposition and real-time
target detection, to accelerate the processing of the algorithm and obtain efficient parallel computing power.
The graphics processor is computing intensive, highly parallel, small size and high cost performance, which
provides favorable conditions for solving data-intensive computing.

However, in general, these studies still have some limitations. For example, the computational amount is
relatively complex, especially for the global search, which is time-consuming and laborious, and the efficiency
cannot be improved. For a large number of multimedia backgrounds, it is still difficult to distinguish them well,
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especially for large similarity (small change in gray value), and quantitative filtering cannot be achieved [15].
Data analysis and mining have become the focus of research in the field of text classification. The classification
of naive Bayes algorithm is simple and efficient, but the classification effect of the algorithm reduces the effect
of the algorithm. Therefore, most scholars have done extensive research and improvement to improve the
classification performance of naive Bayes.

Therefore, for the static text in multimedia image and video, this paper introduces bayesian classification
algorithm, fast retrieval is built with new ways of tracking, secondly, using the corresponding matching edge
features, and then, according to quickly find mode fixing the beginning and end, according to the bayesian
classification to get the edge of the chart to distinguish, improve text region segmentation effect, Aims to
explore the superimposed text extraction of multimedia images and videos.

2. Bayesian classification algorithm. The bayesian classification algorithm is stable, simple and easy
to learn, and has good effect. It is widely used in various text classification. In particular, the feature words
in commodity description texts or critical texts are generally short and concentrated, which are suitable for
adopting naive Bayesian model. Bayesian classification method is a kind of classification method based on sta-
tistical model, and assumes the condition between each object, its principle is based on a local prior probability,
using the Bayesian formula to calculate the posterior probability, namely the area belongs to a certain class of
probability, choose the maximum posterior probability as the area belongs to the class.

The model is obtained from the learning of historical data, and then the model is used to judge the
classification of text[16-20]. Bayesian formula is one of the core algorithms of machine learning. The occurrence
of any event is not completely accidental, and is often based on the occurrence of other events. The general
conditional probability is to determine the effect from the cause, and the posterior probability is to determine
the cause from the effect. The Bayes formula in probability theory is shown in Equation 2.1:

o = PP o

Type of P(B|A) as the prior probability, said the incident occurred on the basis of the event B: the
probability P (B) as the A posteriori probability, is based on past experience and analysis of the probability of
event B.

In text classification technology,B represents category and text feature. When B = {Bj, Bs,..., B,} is a
complete group, its sum is a complete set; A = {A;, Ao, ..., A} represents a set of text features. Convert
Equation 2.1 to the following form:

P(B >ﬁ P(44|B))
P(Bi|A1,A27...7Am): = l:m (22)
3 P 1 Py

Naive Bayesian model is to choose the highest posterior probability. From Equation 2.2, the denominator
is the same for all categories, so the numerator must be the largest in order to have the highest posteriori
probability. The naive Bayesian model is described as:

::13

Braz = argmaz[P(B, = B;) | | P(At|B: = B;)] (2.3)

t=1

Equation 2.3 indicates to find a value such that the value of P(B;) H P(A:|B;) is the largest at B, = B;.

The problem of zero probability may exist in actual data training. The so-called zero probability problem
is when the posterior probability is calculated, the component of an eigenvector never appears in the training
set, and the whole posterior probability is calculated to be zero. In Equation 2.2, as long as one P(A;|B;) in
m

I1 P(A¢|B;) is 0, it will cause the whole formula to be 0. To solve this problem, you do Laplacian smoothing,
t=1
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you add one to the vector that never happens, so Laplacian smoothing is also called plus one smoothing. It

can be expressed by Equation 2.4 :

o |DAt7B7‘, +1
|Dp,|+ N

P(A|By) (2.4)
where P(A;|B;) represents the probability that a feature A; belongs to B; ; Da,, B, represents the occurrence
times of A; of a certain feature under B; classification. Dp, represents the number of samples belonging to the
B; classification, and N represents the number of values of the characteristic J A;.

The more times the word appears in the corpus, the less important it is. Colloquial understanding is that
a word is not common (low IDF), but it appears in the article of high frequency (high TF), then it is likely to
be the key word of the article. Tf-idf algorithm is defined as follows:

TFIDF,; = TF,; « IDF, (2.5)

Equation 2.5 refers to the TF-IDF weighted value of a word in a file, where T'F} ; is the number of times
that a word c¢; appears in the file d;, which is represented by Equation 2.5; IDF; is the inverse frequency of
the word, indicated by the Equation 2.6.

TltJ'
>N

where n; ; is the number of times the word c; appears in the file, and NV; is the total number of words in the
file.

TF; = (2.6)

D]

IDF, =1
G e e dy 1

2.7)

As previously analyzed, if a word does not appear in the file, the denominator will be 0, so Laplace
smoothing is used to add 1. In general, the longer the word is, the more explicit the information it expresses.
Therefore, tF-IDF is improved by considering the weight of word length W;, W; which is the ratio of the word
length of this word to the longest length of feature words in the document, and Equation 2.8 is obtained.

; D L
t,j *log | | t

n
TFIDF, ; =TF, ; « IDF;, « W, =
t,j t,j * tx W5 ZN]’ |{j:Ct€dj}\+l*LmM

(2.8)

In the traditional Bayesian classification algorithm, all text feature vectors have the same status and are
equally important for classification decision. However, in practice, there are some redundant or modal words,
which are irrelevant to classification and are polluted by noise, which reduce the accuracy of classification.
In view of this situation, tF-IDF feature weighting is used to improve the traditional Bayesian classification
algorithm, and the following formula is obtained after taking logarithm:

Bnaz = argmaz[P(B, = B;) x > _(logP(A|B; = B;) + logTFIDF, ;)] (2.9)

=1

3. Fast tracking and segmentation of video text with multi-frame edge information. In order
to effectively extract the text of multimedia image and video overlay, this paper divides the Bayesian algorithm
to better extract the multimedia overlay text, which is mainly divided into two aspects: tracking and detection.
Specifically, it can be divided into three steps:

1. Multimedia image and video tracking, set a certain period of time, respectively calculate the Bayesian
classification method;

2. Track the superimposed text. If the superimposed text is detected in the first step, the starting and
ending position of the text will be tracked.

3. Multiple multimedia images and videos are fused so that more edge features can be extracted, which
is conducive to classification and segmentation.
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3.1. Text monitoring and verification. Calculate the overlapping area of the text region detected in
the two frames of multimedia. Set RA; as the ith text region of the reference frame, and RB; as the region
corresponding to the jth text region of the reference frame in the verification frame, then the overlap ratio .S,
of the text region of the two frames is shown in Equation 3.1:

S, = |RA; N RB;|/|RA;| (3.1)

Calculate the similarity S, of the Edge Map of the corresponding text area of the two frames, which can be
calculated by Equation 3.2 and Equation 3.3:

> (EMy(x,y) x EM;i10(,y))
(z,y)ERA;NRB;

g — 3.2
(z,y)ERA;NRB;

oy = L pixel(bXJ)iS edge, (3.3)
0, otherwise

The corresponding pixel brightness L;_10(,¥), ..., Li+10(x,y) of 10 frames before and after the reference
frame is fused as shown in Equation 3.4:

L (x,y) = min(Li—10(2,y), ..., Lip10(2,y)) (3.4)

The number of edges generated after edge detection will be greatly reduced, so the false detection will be
further reduced.

3.2. Fast tracking algorithm for static text. After monitoring and verifying the text object, a new
text object is created. The text object is next tracked, and since there is no position change in the static text
area, there is no need to search in adjacent frames. In this paper, a method based on binary search method is
proposed to determine the start and end frames of text region. The similarity of edge bitmap is used as the
matching feature. If the similarity (Se) between the edge bitmap of the corresponding region in the current
frame and the edge bitmap of the literal object is greater than a certain threshold (7%), the match is considered
successful. In the following pseudo-code form, the process of searching forward text area for the end frame is
given. The algorithm of searching backward for the start frame only needs to reverse the search direction. The
algorithm first searches for the lower bound of the end frame and then searches for the lower bound of the end
frame.

@ First set end ref + track step, last match = ref to @);

2 Calculate the edge graph of Frameg,q and S, corresponding to the text area in Framere If , end = end +
track step, last match = end, turn to 2); otherwise, step = end last match, turn to 3);

@ step step/2 If step < tolerance Output last match as the forward boundary of the text object. Otherwise,
mid = last match + step, calculate the edge graph of frameid and S, corresponding to the text area
in frameref. If S, > T, last match = mid, otherwise end = mid, turn to ).

In the experiment, this paper takes the threshold T as 05, the step track step of searching the lower bound
is 150 frames, and the minimum step tolerance of searching the lower bound is 1.

4. Simulation experiment and analysis.

4.1. Experimental data set and evaluation criteria. The simulation experiment mainly includes
two parts: one is to detect the effectiveness of Bayesian classification algorithm, that is, to detect multiple
images or videos of multimedia; The other is to detect the detection results of superimposed text, especially
the matching results by using the classified edge features. According to the needs of simulation experiments,
different multimedia images and videos (3) are selected as data.

For the extraction of superimposed text, the following indicators are mainly used:
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Fig. 4.1: Video type and text object (data sample)
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Fig. 4.2: Experimental results of text detection and tracking

(1) Recall: the ratio between the number of superimposed characters detected by the method and the actual
number of characters.
(2) False alarm rate: that is, the ratio between the number of superimposed characters (false detection) detected
by the method and the actual number of characters.
For the evaluation of characters, character recognition rate and accuracy are mainly used. The recognition
rate is the ratio of the correct characters to the actual total number, and the accuracy is the ratio of the correct
characters to the total number.

4.2. Text object detection and tracking algorithm experiment. The Bayesian classification algo-
rithm is calculated and segmented for Figure 4.1. The specific results are shown in Figure 4.2. From the
results, the text detection effect of multimedia multi frame image or video is much greater than that of single
multimedia image. In addition, it can improve the accuracy of corresponding text positioning.

This paper compares the text calculated by Bayesian classification algorithm with the results of manual
annotation and uses the corresponding results to calculate the error between them. Due to the effectiveness of
Bayesian classification algorithm, the edge features provided are more accurate. Therefore, the error between
them is very small, that is, the judgment accuracy of starting position and ending position is very high.

4.3. Experiment of multi frame text region enhancement and segmentation algorithm. On
the basis of the above simulation experiment, continue to fuse multiple multimedia images or videos for su-
perimposed text extraction of Bayesian classification algorithm. The results of the simulation experiment are
shown in Figure 4.3. From the results, the recognition rate and accuracy extraction of superimposed text are
significantly improved after the fusion of multiple multimedia images.

The Bayesian classification method is used to distinguish the background and superimposed text of mul-
timedia images and videos, track and detect the superimposed text in the form of blocks, and segment the
superimposed text and image according to the threshold method. Specifically, as shown in Figure 4.4, a certain
threshold value is selected according to local or overall.
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Fig. 4.3: Experimental results of text segmentation
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Fig. 4.4: Performance comparison of algorithms
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Fig. 4.5: Different image segmentation capabilities

Through the establishment of Bayesian classification method, the text is segmented accordingly. Among
them, the text in multimedia image and video is divided into one kind and the other background is divided
into one kind by Bayesian classification method. On this basis, clustering processing is carried out. However,
it should be noted that if the background color of text is close to that of multimedia image and video, Further
classification is needed. The recognition results are shown in Figure 4.5. Bayesian classification algorithm
(CER) has high accuracy.

5. Conclusions. The Bayesian net is an important tool for processing uncertainty information, providing
a way to represent causal information that has been successfully used in medical diagnosis, statistical decision
making, expert systems, etc. With the continuous development of mobile Internet, people have higher and
higher requirements for multimedia video and images. In order to better provide high-quality services, this
paper attempts to introduce Bayesian classification algorithm. By combing the patterns of text extraction
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superimposed on multimedia images and videos, the two-stage model is determined by using the correlation
model, that is, the text is tracked first and then detected; Secondly, the search method is used to quickly
locate the beginning and end of the text; Finally, the background is filtered according to the edge feature
results obtained by Bayesian classification method to realize the effective extraction of superimposed text.
Simulation results show that Bayesian classification algorithm is effective, can improve the effect and accuracy
of segmentation, and lay a foundation for multimedia image and video processing. In further work, we can
explore the possibility of applying other Bayesian net types to target extraction, and then better represent the
relational constraints between target and environment.

Data Availability. The data used to support the findings of this study are available from the corresponding

author upon request.
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