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Concentration is crucial for children to nurture good personality and develop well. To 

observe teachers and children in concentration-oriented preschool education activities, it is 

necessary to analyze the video images of relevant activities. This paper the image 

segmentation and target extraction of preschool education activity space for improving 

children's concentration. After discussing the relationship between children's concentration 

and preschool educational activity intervention, the authors introduced the frequency-tuned 

saliency algorithm into the constructed Gaussian mixture model, constructed the spatial 

information of the images on the preschool educational activity space for improving 

children's concentration, and successfully segmented these images. Since the target children 

are small and numerous, have color overlap with the background, and face strong light 

interference, the ViBe algorithm with complex scenes, i.e., ViBe+, was selected to quickly 

detect the multiple child targets in complex preschool education activity environments. 

Experimental results verify the effectiveness of the proposed algorithm. 
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1. INTRODUCTION

Children's pointing and concentrate on specific things are 

examples of children's psychological activity, and these 

actions are referred to as children's concentration [1, 2]. 

Children's mental activity are said to be direct when they point 

away from one thing at a specific point and toward other 

objects, a sign of their selectivity [3-6]. Although it cannot be 

compared to a child's IQ, a child's intelligence will be 

somewhat impacted by their level of concentration. It might be 

stated that children's character development and excellent 

character formation depend on their ability to concentrate [7-

9]. 

The majority of the time, teachers will carry out preschool 

education activities based on the user's needs for concentration 

training, such as clapping games, operational activities, mirror 

games, and other enjoyable activities, or group dances, 

aerobics, cheerleading, stacking arhats, rubber band jumping, 

archery, and other sports activities, or develop independent 

activity plans in accordance with student individual 

differences [10-18]. It is necessary to analyze relevant activity 

video images to support the follow-up teachers in sorting out 

the principles and strategies for observing and analyzing 

children's behaviors in activities in order to achieve effective 

observation of teachers and children in preschool education 

activities intended to cultivate children's concentration. 

Children find it challenging to focus while learning online. 

Facial expressions are crucial for grabbing pupils' attention in 

the present, according to Yu and Luo [19]. The 

researchers build a student attention prediction model using 

the self-healing network (SCN) method and the random forest 

method based on C4.5 based on the facial expression data of 

students and the attention scores provided by teachers in online 

teaching activities in an elementary school. This model is then 

used in actual online teaching. Kokkalia et al. [20] investigated 

play that supported toddlers with cognitive, intellectual, 

physical, and literacy challenges. It also investigated how 

instructional video games can benefit brilliant youngsters and 

children with developmental disabilities like autism. Through 

the use of a smart watch device, Hosseini et al. [21] 

investigated the issue of recognizing children's activity. 

Bidirectional LSTM model and fully connected deep network 

are the two deep neural network models that are used, and the 

outcomes are contrasted with other models that are frequently 

employed in the field. In comparison to the baseline model, 

experimental results show that the proposed deep model can 

greatly improve the results. It also highlights the benefit of 

activity intensity level identification in health monitoring and 

confirms the suggested model's excellent performance in this 

task. Particularly for toddlers and young children, the current 

system does not account for all age ranges. To obtain 

benchmark results for various unimodal and multimodal 

settings, Basak et al. [22] compares the performance of 

currently available tools and algorithms. Children's faces are 

the simplest modality to record, according to the data, which 

also demonstrate great verification performance. 

Video surveillance, human-computer interaction, television 

and movies, the military, and sports are just a few of the many 

industries where segmentation and extraction of moving 

objects for dynamic scenarios are used. According to a survey 

of the literature, the majority of studies in the aforementioned 

applied research topics focus on object tracking, event 

monitoring, video content retrieval, and object categorization. 

Comparatively few studies have focused specifically on the 

examination of photographs of children's activity spaces. For 

the purpose of cultivating children's concentration, this study 
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performs research on the image segmentation and target 

extraction of preschool education activity space. The 

relationship between preschool educational activities and 

children's concentration is discussed in Section 2, and the 

frequency-tuned salience algorithm is introduced into the 

Gaussian mixture model created to realize the spatial images 

of preschool educational activities for the development of 

children's concentration, creation of spatial information and 

active segmentation of spatial images. In Section 3, the ViBe 

algorithm ViBe+ of complex scenes is chosen to realize the 

target recognition of multiple children in a complex preschool 

educational environment. This algorithm is targeted at issues 

like small target children, large numbers of target children, 

overlap of target children and background colors, or strong 

light interference, etc. The efficiency of the algorithm is 

confirmed by experimental data. 

 

 

2. IMAGE SEGMENTATION 

 

 
 

Figure 1. Curve between children’s concentration and 

preschool education intervention 

 

Figure 1 depicts an inverted U-shaped link between 

preschool educational activity intervention and children's 

attention span. Children's concentration will improve with an 

increase in preschool education activity intervention within a 

specified range. Children's concentration will decline as the 

amount of preschool education activity intervention increases 

once it goes beyond a certain range. That is to say, preschool 

education activities' degree of intervention is too low to 

effectively affect children's concentration, and if the activities 

are excessively intervened, it would have a negative influence 

on the children's concentration. As a result, the development 

of children's concentration is greatly influenced by the 

appropriate intervention intensity of preschool education 

activities, i.e., the reasonable activity or sports form and 

activity intensity of preschool education activities, and 

teachers or other scholars urgently need to conduct in-depth 

research.  

This paper analyzes the relevant activity video images to 

provide theoretical reference and technology for teachers to 

observe and analyze the principles and strategies of children's 

behavior in activity support, in order to achieve effective 

observation of teachers and children in preschool education 

activities aimed at cultivating children's concentration. The 

correlation of pixel space in the target children's region must 

be taken into account in the spatial image processing of 

preschool education activities for the cultivation of children's 

concentration. The lack of continuity in the pixel segmentation 

process, the addition of spatial information, the easy loss of 

edge information, complex solutions, and time-consuming 

calculations are only a few of the issues with current image 

processing techniques. In light of the aforementioned issues, 

this research implements the building of the spatial 

information of the preschool educational activity spatial image 

and incorporates the frequency tuning saliency method into the 

developed image processing model. 

 

 
 

Figure 2. Flow of saliency extraction 

 

The preschool education activity space image's low-

frequency and high-frequency bands, respectively, correlate to 

the general information and specific information of the target 

children in the image. The approach removes the highest 

frequency information from the image of the preschool 

education activity space by smoothing the noise using a 5×5 

Gaussian window. The extraction process of spatial image 

saliency in preschool educational activities is depicted in 

Figure 2. Assuming that ai represents the k-th pixel in the 

activity space image, RGλ represents the mean feature vector 

of the activity space image in the Lab color feature space, 

RGqfd(ai) represents the corresponding activity space image 

pixel feature after the Gaussian blur operation, and ||.|| 

represents the L2 normal forms. Following are the formulas for 

determining the saliency map value of an activity space image 

pixel: 

 

( ) ( )
di qf iO a RG RG a= −  (1) 

 

This paper is based on the Gaussian mixture model GMM+ 

which introduces frequency-tuned salience to realize the 

image segmentation and target extraction of the preschool 

education activity space images for the cultivation of 

children's concentration. 

Assume that the i-th distribution function is represented by 

E(ai|ω), the total number of labels of different types is 

represented by L, the i-th distribution function is represented 

by E(ai|ωl), and the weight of each function in the overall 

model is represented by κl. Then, the finite mixture model can 

be expressed as: 

 

( ) ( )
1

| |
L

i l i l

l

E a E a  
=

=  (2) 

 

Since the distribution of pixels in an activity space image of 

a dynamic scene is usually characterized by a Gaussian 

distribution. Suppose the gray value of the sample is 

represented by a, the average value of the sample is 

represented by λ, the covariance value of the Gaussian 

distribution is represented by ∑, the exponential function 

based on the natural number p is represented by exp{·}, and 

the transposition of the vector is represented by R, and the 

input sample dimension is represented by Z. Then, the 

Gaussian distribution can be expressed as: 
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To unify and facilitate the processing of grayscale activity 

space images and RGB activity space images, the sample 

dimension is uniformly set to 2. Assume that the prior 

probability of pixel distribution, that is, the weight of the 

mixed components is expressed by Λ={κ1,κ2,...,κK}, which 

satisfies ∑K
j=1κj=1. Assume that the index value of the activity 

space image pixel is represented by i, and the index of the class 

label is represented by j, i={1,2,...,M}, j={1,2,...,K}, the mean 

and covariance of the j-th Gaussian distribution function are 

represented by ωj={λj,∑j}. Let Ψ={ω1,ω2,...,ωK} satisfy 

ωj={λj,∑j}. The set of parameters of the complete Gaussian 

distribution is denoted by Ψ. The total number of labels of 

different classes is represented by K. Then, the Gaussian 

mixture model can be expressed as: 

 

( ) ( )
1

| , |
K

i j i j

j

E a a 
=

  =   (4) 

 

The Gaussian mixture model can divide the M pixels of the 

activity space image into L class labels, and introduce the 

spatial information reflected by the salient pixels of the active 

space image to the Gaussian mixture model by assigning 

appropriate weights. Assuming that the prior probability for 

the i-th pixel to be divided into the j-th class is represented by 

κij, the j-th Gaussian distribution is represented by E(an|Ψj), the 

neighborhood used to characterize ai is represented by Mi, the 

index value of the pixel in neighborhood Mi of ai is represented 

by n; the sum of saliency mapping values of all pixels in the 

neighborhood is denoted by Ti; the saliency mapping value of 

pixel an is denoted by O(an), and all parameter sets involved in 

the model are denoted by Φ, satisfying 

Φ={κ11,κ12,...,κ1L,κ21,κ22,...,κm1κm2,...,κmk,Ψ1,Ψ2,...,Ψk}. The 

corresponding mathematical model can be expressed as: 
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   (5) 

 

The EM algorithm is employed in this research to solve and 

optimize the model's parameters. The posterior probability, 

which gauges the likelihood of events connected to preschool 

education activities, is represented as αij under the assumption 

that W represents the objective function's logarithmic 

likelihood function. The complete data logarithmic likelihood 

function of the model's objective function can be given by: 

 

( )
( )
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   (6) 

 

The posterior probability of the r-th iteration is represented 

by α(r)
ij, and the prior probability of the r-th iteration is 

represented by κ(r)
ij, where the number of iterations is r. It is 

assumed that the r-th iteration is represented by r; the j-th 

distribution function is represented by E(an|ω(r)j). αij can be 

obtained by the following formula: 
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The parameter mean λ(r+1)
j and covariance ∑(r+1)

j can be 

respectively calculated by: 
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Let κ(r+1)
ij be the prior probability obtained by the region of 

the i-th pixel. Then, κij can be calculated by: 
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3. MULTI-OBJECTIVE DETECTION 

 

The setting for early childhood education activities targeted 

at developing children's attentiveness is fairly complicated, 

and the scene of the activity area image changes quickly. The 

background changes in the activity space image between the 

present active video frame and the preceding active video 

frame can be more accurately detected using the Gaussian 

mixture model. However, in the collected preschool education 

activity space image sequences for the development of 

children's concentration, Gaussian mixture is only appropriate 

for simple dynamic scenes with few target children, many 

target children, overlapping colors between the target children 

and background, or strong light interference. The results of the 

model's detection will be far less accurate. The speedy 

detection of many children's targets in the complicated 

preschool educational environment is a challenge that this 

research chooses to answer using the ViBe algorithm ViBe+ 

with complex sceneries (Figure 3). 

 

 
 

Figure 3. Flow of multitarget detection 

 

The proposed method is divided into three steps: foreground 

segmentation, target detection post-processing and eliminating 

false alarm targets. Foreground segmentation aims to 

characterize the dynamic changes of the current background. 
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Thus, the background complexity BF(a) corresponding to the 

target child pixel a to be detected is calculated as follows. 

Assuming that the position of pixel a in the neighborhood is 

represented by m, the pixel value of a in the neighborhood is 

represented by u(ai), and the mathematical expectation in the 

neighborhood of a is represented by U*. Then, we have 

 

( )
( )( )

2

1

9

m

ii
u a U

BF a



=
−

=


 (11) 

 

Then, according to the complexity of the background 

change of the activity space image, the threshold T used to 

segment the foreground object and the background of the 

image is adaptively adjusted based on the following formula, 

and the initial detection result map of the target child is further 

obtained. Assume that the global segmentation threshold is 

denoted by T0, the global threshold to measure background 

complexity is denoted by o, and the threshold adjustment 

parameter is denoted by TZ. Then, threshold T can be 

configured by: 

 

( )( ) ( )0

0

* ,

,

T TZ BF a o BF a o
T

T other

 + − 
= 


 (12) 

 

The post-processing step of target detection intends to solve 

the problems of internal holes, noise and edge breaks in the 

target area. This paper firstly processes the target child's initial 

detection result map obtained in the foreground segmentation 

step with mathematical morphology. Let the input preliminary 

inspection result map be represented by X, and the structural 

elements be represented by Y. Then, the discrete noise points 

are eliminated, and the closed operation for filling the internal 

cavity of the target area can be expressed as: 

 

( )X Y X Y Y =    (13) 

 

To achieve better smooth suppression of edge noise and 

highlight the information features of key areas such as 

contours and edges in the activity space image, this paper 

chooses the discrete differential Sobel operator combined with 

Gaussian smoothing and differential derivation, and completes 

the activity space image edge detection and edge enhancement. 

Assuming that the convolution template of the Sobel operator 

in the horizontal direction is represented by Oa, and the 

convolution template in the vertical direction is represented by 

Ob. Then, the convolution algorithm implemented by the Sobel 

operator is as follows: 
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Assume that the horizontal gradient and vertical gradient of 

the activity space image are represented by ha(a,b) and hb(a,b), 

respectively, the gradient direction is represented by ω(a,b), 

and the neighborhood activity space image at the pixel point 

(a,b) is represented by g(a+θ,b+u). The related formula can be 

expressed as: 
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To obtain the shape edge features of the target child in the 

activity space image, this paper constructs an edge feature 

model corresponding to the foreground area in the original 

activity space image in the step of eliminating the false alarm 

target, so as to detect and eliminate the false alarm area of the 

image. To ensure that the identified target children's shape 

edges overlap with the actual image shape edges as much as 

possible, the histogram statistics and normalization processing 

are performed on ha(a,b) and hb(a,b), using the Canny operator. 

Assume that the number of foreground regions in the activity 

space image is represented by m, the feature model of the 

foreground region is represented by E, the vector storing the 

normalization parameter ai
* is represented by A, the feature 

model of the original motion region is represented by W, and 

the vector storing the normalization parameter is represented 

by B. Further, the E and W of the feature model can be 

constructed by: 

 

( ) ( )
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, ,...,
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Assuming that the two M-dimensional vectors of the 

marked edge and the actual edge are represented by A and B 

respectively, and the value range of aij and bij is [0,1]. Then, 

the feature model similarity Ri(Ai,Bi) can be calculated by: 
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It can be seen from the above formula that when A and B 

are non-zero vectors, and Ai=Bi, Ri(Ai,Bi)=1, according to the 

following formula, Ri(Ai,Bi)<1 when Ai≠Bi. If one of Ai and 

Bi is a zero vector, then Ri(Ai,Bi)=0. 
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False alarm target elimination: The degree of similarity 

between the foreground area characteristics of the extracted 

activity space image and the equivalent activity space area 

features of the original image can be determined when the 

similarity judgment of vectors A and B is complete. The 
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similarity between determinable quantity features increases as 

Ri(Ai,Bi) approaches 1. It is determined that the foreground 

area is not a false alarm area when Ri(Ai,Bi) is less than the 

similarity threshold T0, and all of the pixels' values in the 

foreground area are left alone. Otherwise, set all of the area's 

pixel values to zero. The technique for removing false alarm 

targets is depicted in Figure 4. 

 

 
 

Figure 4. Flow of false alarm target elimination 

 

 

4. EXPERIMENTS AND RESULTS ANALYSIS 

 

Follow the implementation plan of the children's home for 

preschool education activities, preschool education activity 

interventions were carried out in different sports forms 4 times 

a week for 6 weeks (1 time on Monday, 2 times on Tuesday, 1 

time on Wednesday, 2 times on Thursday, and 1 time on 

Friday). The specific preschool education activity intervention 

plan is shown in Table 1. 

Table 2 compares the image processing accuracy for 

different child targets. It can be seen that in practical 

applications, the improved Gaussian mixture model GMM+ 

for ordinary activity scenes and the improved ViBe algorithm 

ViBe+ for complex activity scenes perform better in both 

subjective vision and objective evaluation indices. Compared 

with the frame difference method and background difference 

method, the image segmentation and target detection results of 

the proposed algorithm are highly accurate and robust. 

Our algorithm effectively eliminates the false alarm area. 

To verify the superiority of our algorithm, frame difference 

method, background difference method, our GMM+, and our 

ViBe+ are designed based on the 7-frame continuous images 

in the video image sequence of preschool education activities. 

Figure 5 compares the performance of the four algorithms. It 

can be seen that our algorithms perform significantly better 

than the frame difference method and background difference 

method in different activity scenarios, which verifies the 

effectiveness and applicability of the GMM+ and ViBe+. 

To further disclose the development features of children of 

different ages in preschool education activities, this paper 

performs frequency counting and significance testing of the 

concentration behaviors of bottom, middle, and top class 

children in the preschool education activity scenarios, which 

are identified by the proposed image processing method.  

 

Table 1. Intervention plans 

 
Activity Content Duration Load Intervention cycle Intervention frequency 

Group dance A Girl Picking up Mushrooms×2 ≧10min 

Moderate 6 weeks 7 times/ week Cheerleading Children's Cheerleading×2 ≧12min 

Arching 8vs8 half court confrontation ≧20min 

 

Table 2. Comparison of image processing accuracies 

 

Target 1 

 frame difference method background difference method Our GMM+ Our ViBe+ 

PA 0.5281 0.7485 0.7958 0.9581 

Dice 0.5741 0.5782 0.5908 0.6739 

Target 2 

 frame difference method background difference method GMM+ ViBe+ 

PA 0.6135 0.8631 0.8547 0.8526 

Dice 0.6489 0.7152 0.7282 0.7629 

Target 3 

 frame difference method background difference method GMM+ ViBe+ 

PA 0.6392 0.6938 0.7847 0.7429 

Dice 0.5367 0.5612 0.5478 0.6958 

Target 4 

 frame difference method background difference method GMM+ ViBe+ 

PA 0.6415 0.8586 0.7695 0.9142 

Dice 0.6748 0.8475 0.6241 0.9485 

 

Table 3. Frequency of concentration behaviors of children of different ages  

 

Variable 
Age 

Total 
Bottom class Percentage Middle class Percentage Top class Percentage 

Attentive 51 22.36% 69 36.29% 71 31.25% 185 

Focused 47 24.81% 61 30.41% 76 39.47% 162 

Serious 92 20.39% 183 35.27% 229 41.29% 415 

Anti-interference 27 28.41% 39 39.26% 41 48.72% 174 

Listening 90 41.26% 65 34.49% 56 21.36% 261 
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(1) (2) 

 

Figure 5. Performance comparison of the four algorithms 

 

Table 4. Chi-squared test results 

 
Variables X2 df sig 

Attentive 6.258 3 0.052* 

Focused 7.162 3 0.069*** 

Serious 36.295 3 0.024* 

Anti-interference 6.581 3 0.062** 

Listening 15.347 3 0.085*** 

The relevant experimental results are shown in Tables 3 and 

4. It can be seen that the children reached the significant levels 

on the five concentration behaviors, including attentive, 

focusing, serious, anti-interference, and listening. In the 

background of preschool education activities, the children’s 

thinking gradually increases with concentration behaviors, as 

they get older and older. 

 

Table 5. Descriptive statistics on concentration behaviors at different levels of intervention 

 

Intervention level Attentive Focused 
(Standard deviation/mean) 

Serious 
Anti-interference Listening 

Ⅰ 0.958/3.529 16.351/52.619 7.629/4.301 1.639/0.427 9.328/24.518 

Ⅱ 1.274/3.614 10.251/62.352 3.958/4.749 0.528/0.531 13.526/27.485 

Ⅲ 2.925/3.747 17.241/74.367 7.621/5.628 0.596/0.516 12.528/29.634 

Ⅳ 1.928/3.728 19.628/73.582 7.514/5.693 0.345/0.662 15.284/28.306 

Ⅴ 1.037/3.925 8.954/78.265 3.258/4.247 1.528/0.627 8.625/23.614 

Ⅵ 1.847/3.128 9.107/65.637 3.695/1.204 0.629/0.391 8.297/15.378 

 

Table 5 presents the descriptive statistics of each 

concentration behavior under different intervention levels. It 

can be seen that under the intervention levels of preschool 

education activities, which are ranked from high to low, the 

mean values of the five concentration behaviors are mostly 

close, but the 5 concentration behaviors under the two middle 

intervention levels of III and IV are relatively close. The scores 

of the five attention behaviors were higher, and the scores of 

the five attention behaviors were lower under excessively high 

or low intervention. It has been verified that the intervention 

intensity of appropriate preschool education activities will 

help children improve their concentration. 

 

 

5. CONCLUSIONS 

 

In order to cultivate children's attentiveness, this study 

performs research on image segmentation and target extraction 

of activity space in preschool education. Preschool educational 

activity intervention and children's concentration are related, 

and the frequency-tuned saliency algorithm is added to the 

created Gaussian mixture model to realize the construction of 

spatial information of preschool educational activity space 

images for the development of children's concentration and 

Activity space image segmentation. The ViBe algorithm with 

complex scenes ViBe+ is chosen to realize the rapid detection 

of multiple child targets in complex preschool educational 

activity environments. This algorithm targets issues like small 

target children, large numbers of target children, color overlap 

between the target children and the background, or strong light 

interference. 

The intervention plans for different preschool education 

activities were formulated through experiments. The image 

processing accuracies on different children targets were 

compared. It was found that our algorithm achieved more 

accurate and robust effect in image segmentation and target 

detection than frame difference method and background 

difference method. In addition, this paper performs frequency 

counting and significance testing of the concentration 

behaviors of bottom, middle, and top class children in the 

preschool education activity scenarios, and further discloses 

the development features of children of different ages in 

preschool education activities. 
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