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Abstract—Situational cognition can help students to construct their 

knowledge to a great extent. In order to solve the problem of lack of situational 

cognition in College English teaching, this paper studies the validity of students' 

situational cognition in College English teaching based on the method of image 

block gain optimization. First, this paper analyses the general situation of 

situational cognition capacity in College English teaching in China at present, 

and puts forward the function of device image in constructing situational 

cognitive competence in teaching. Then, it divides device image into blocks 

under pseudo-haze conditions, and proposes the optimization method of block 

gain. Finally, on the basis of block gain, it makes an empirical test of situational 

cognitive competence in College English teaching. The empirical results show 

that image block gain optimization can effectively improve the construction of 

situational cognition capacity in College English teaching. With the help of this 

study, some new and useful ideas can be traced for the development of 

computer science and college English teaching, and also stimulate the further 

improvement of College English education in China. 

Keywords—College English, situational cognition, block gain, pseudo mist, 

optimization 

1 Introduction 

The surge of information technologies has ushered the higher education in a new 

era of innovative and technologic information-based teaching model, thus making 

sure the college teachers integrate the information technologies represented by multi-

media with situational cognition theory when designing pedagogical activities, in 

order to help students to better self-construct knowledge, and make these activities 

more efficient and practical. 

Many experts at home focus more on the study and analysis of English education 

information. Some scholars have argued in the study of higher English teaching that 

the way the situational cognition of students gets improved is to use the multimedia 

and other technologies for situational creation [1]. Guan et al. [2] states that in the 

higher English education, it is required to concern reasonable application of multime-

dia technology, and the situation should fit with the teaching content when the infor-

iJET ‒ Vol. 14, No. 18, 2019 53

https://doi.org/10.3991/ijet.v14i18.11183


Paper—Situational Cognition of College English Education Based on Image Block Gain Optimization … 

mational means is applied to create the situations. It is proposed by Wall that a real 

language world can be created by means of traditional teaching tools including wall 

maps and training aids, in addition to the information technologies that have been 

prevalent for creating the situations [3]. In the context of audiovisual and listening 

combination, the students' learning initiative will be maximized. In view of the im-

portance of the international video in English teaching, Compton [4] proposes that 

among various methods for creating teaching situations more suitable for native lan-

guage environment, videos may be more effective for creating situations due to its 

intuitiveness and audiovisuality. 

With the multimedia technologies represented by video application, classroom vid-

eo recording has become an important representation of current education information 

[5]. In the actual recording process, however, due to the lack of recording environ-

ment and equipment, the recorded videos have played a negative effect on students' 

development for situational cognition of teaching application. In addition, the teach-

ing image enhancement has a more important application value [6-7]. There are many 

studies that focus on the image enhancement, such as contrast-limited histogram 

equalization algorithm [8], Retinex algorithm based on human visual system [9]. Jon-

son et al. [10] also raises a multi-scale algorithm for improving the Retinex algorithm; 

He et al. [11] suggests a dark channel prior method, etc., that provides an effective 

solution for optimizing video definition. 

Based on the image block gain optimization, this paper examines the students' situ-

ational cognition capacity in college English teaching. First, we analyze the situational 

cognition profile in college English teaching at the present stage, and present what's 

the effect of equipment image on the teaching situation cognition construction; then 

divide the equipment image in pseudo-mist state into blocks, and propose the block 

gain optimization method; finally, based on the image block gain, we empirically test 

the situational cognition of college English teaching [12-25]. 

2 Analysis of Image Block Gain Optimization Technology in 

Pseudo-Mist State 

2.1 Overview of algorithm process 

When performing the enhancement on image blocks, the process of main algorithm 

is underlying as shown in Figure 1. 

As shown in Figure 1, it is found that the gain factor optimization has an important 

effect on the final image. Therefore, based on the study of the image block gain opti-

mization technology in the pseudo-mist state, the focus is on the gain factor to con-

struct the most optimized image block enhancement. 
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Fig. 1. Algorithm process 

2.2 Local contrast enhancement model based on unsharp mask  

In the local contrast enhancement for existing images, unsharp mask is a more 

common image processing model, where the enhanced model for the image is given 

as follows: 

  (1) 

where, S is the set of enhanced images, S={s1,s2,...,sn}, where A is the component 

of the source image P at the constant frequency, A={a1,a2,...,an}, then the image is 

composed of low and high frequency components, P-A is the component of the origi-

nal image at the high frequency. C is the gain factor for local contrast enhancement of 

the image. 

Combining the Equation (1), it can be found that when the gain factor C is a posi-

tive number, the enhancement effect is available when the image P is processed. The 

Equation (1) is processed to obtain the Equation (2) 

  (2) 

According to the image degradation model specification, when 
1

1+𝑐
 is included in 

(0, 1) interval, Equation (2) is designed as required by the image degradation model. 

However, it should be noted that, on the whole, there is a certain gap in the image 

information between different areas, which makes the partial image enhancement 

effect different when enhancing, as shown in Equation (2), even if the gain factor is 
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equal. Some image enhancement in some areas either does not measure up to a stand-

ard, or is overdone to lead the image information to missing. 

In summary, it is unlikely to adopt the constant gain fact for image enhancement 

when constructing the model, but gain factor should be set as required for different 

areas, thereby reaching the optimization on partial image enhancement. For an image 

block M required to be enhanced, the enhancement processing model is: 

  (3) 

As shown in Equation (3), when the enhancement is performed for the target image 

block, and the gain factor is set based on different areas, the contrast of the image 

block decreases as the value T increases during image enhancement. Therefore, it is 

required to pre-estimate the value T to determine the optimal value when performing 

image enhancement according to Equation (3), thereby ensuring that the resultant 

image block can maintain the maximum image contrast effect. 

2.3 Enhancement factor optimization 

As above, in the contrast process model setting of the color image, after the con-

trast of the RGB channels included in the color image is summed, it can be found that 

the contrast of the color image is the decrement function relevant to T, as shown in 

Equation (4). 

  (4) 

As shown in Equation (3), the maximum image contrast generates in the case that 

the value T is the minimum. To ensure that the enhancement is not overdone to make 

the image pixel run overt and image information lose, the value T should be con-

strained and the appropriate constraints are true. 

Based on the above analysis, the value T optimization model is processed to obtain 

the optimal value T calculation, as shown in Equation (5). 

 (5) 

It can be found from Equation (5) that, based on the optimal value T, the optimal 

gain factor for different image blocks can be available, and in the case when the gain 

factor is determined, the associated image block is enhanced to ensure that enhance-

ments are processed in an optimal state. 

In this process mode, although the gain factor is determined for the image block, 

the enhancement with general gain factor used originally in the image block is still 

different since there is a difference between the pixels that constitute image block. 

Especially when the image mode includes the marginal information type whose pixel 
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will change most obviously, it is most likely for the standardized gain factor to cause 

the incomplete performance of the marginal information, so that the available infor-

mation cannot be fully represented. 

In order to further achieve the optimization of gain factor, this paper will further 

optimize the gain factor to construct an optimal image block enhancement algorithm 

model. 

To optimize the algorithm, the guided filtering mode will be introduced to achieve 

further optimization for gain factor. In this mode, the pixels in the image block move 

with the filtering window, so that the pixel i in the image block exists in multiple 

windows. The pixel l in different windows takes different values, so does �̅�(𝑖) relevant 

to gain factor under this effect. 

To solve this problem, it is required to perform the variance treatment on the pixel 

values contained in the image block, and use the minimum variance as the optimal 

criterion for selecting windows, to evaluate �̅�(𝑖). It should also be noted that if there 

are multiple minimum variances, they should be averaged to determine the appropri-

ate values, in order to obtain the optimal assignment model for the value T, as shown 

in Equation (6). 

  (6) 

where, 𝛼𝑖 is the color value of the color image; 𝛽𝑖 is an offset. 

The T-optimal model determined by the Equation (6) is substituted into (3), to en-

hance the target image. On the other hand, according to the image enhancement prin-

ciple, it is found when the value T tends to zero, the original image at this time is 

more often in a relatively fuzzy low-frequency state, and according to the algorithm 

such as He, we can further infer that when the gain factor is lower, a distant phenom-

enon that magnifies the noise of the original image will appear. 

Combined with the above analysis, in the optimized image processing model, the 

gain factor is subjected to the lower limit constraint processing, and the lower limit TO 

takes 0.1, so that the optimal image block enhancement algorithm model is available, 

as shown in Equation (7). 

  (7) 

where �̅�(𝑖) is the optimized gain factor. 

2.4 Validity check of algorithm 

To check the validity of the algorithm herein, two video sample images are chosen 

and compared with different algorithms, see Table 1. The results show that the image 

block gain optimization algorithm based on the pseudo-mist state renders better color 

retention and contrast enhancement for the image while reaching the defogging effect, 

moderate brightness and easy to view and other visual experience.  
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The proposed algorithm is compared to the Retinex and He qualitatively and quan-

titatively. The results show that this algorithm renders a better global illumination 

effect can be achieved while defogging with the enhancement, and better color reten-

tion and image contrast enhancement than the other two algorithms, in addition to the 

moderate enhancement effect suitable for observation. 

Table 1.  Evaluation indicators for sample teaching video image enhancement  

Test Indicator 
Video image sample1 

Original image Proposed algorithm He MC 

Mean 114.5347 137.4214 138.6354 137.3148 

Definition  0.1762 0.4653 0.4832 0.6235 

Mean of neighbor 

stan. devi. 
8.7638 26.6738 25.2374 28.7629 

Test Indicator 
Video image sample2 

Original image Proposed algorithm He MC 

Mean 124.3753 141.1762 139.0163 138.2572 

Definition  0.1762 0.4344 0.4754 0.5838 

Mean of neighbor 

stan. devi. 
8.6734 27.8923 28.7263 29.8739 

3 Analysis of Situational Cognition capacity of College English 

Education under Image Block Gain Optimization 

3.1 Test results from optimal comparison 

In order to better test how the situational cognition of college English education is 

subject to the image optimization in the video teaching mode of image block gain 

optimization algorithm, college sophomore students in the English major are chosen 

to participate in the test. The optimized and regular video images are used, respective-

ly. In order to ensure the scientific and effective results, in the specific composition of 

sample students, a basic course performance comparison is conducted among 60 stu-

dents from each class. The average scores as tested is shown in Table 2. 

Table 2.  Score comparison between sample students  

Comparison dimension 

Opti. group Control group 
Independent sample T-

TEST 

Mean (standard devia-

tion) 

Mean (standard devia-

tion) 
T Sig 

Average score 
Before test 62.14 (15.47) 61.97 (16.13) 0.139 0.879 

After test 73.42 (9.36) 65.73 (13.18) 3.178 0.001 

 

It can be seen from the test scores that the scores of the optimization and control 

groups participating in the test are basically equal before the test, and there is no sig-

nificant difference in the scores of the basic English course (Sig.=0.879). After the 

test, the optimization group has a mean score significantly different from the control 

group (Sig.=0.001), and higher than the latter. 
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It is thus obvious that after video image data processed by the image block optimi-

zation algorithm is adopted by the optimization group, the scores of the sample stu-

dents in the basic English course are greatly improved when compared with control 

group, suggesting that the image block gain optimization contributes to good English 

teaching results in colleges and universities. 

3.2 Investigation analysis of situational cognition of college English education 

under image block gain optimization 

Combined with sample test results and the analysis of the situational cognition ca-

pacity of English education, this paper decomposes the students' situational cognition 

of English and divides it into three dimensions: situational understanding, classroom 

interaction and self-construction. The content of the survey item is also designed to 

compare students' situational cognition by the results of the two groups of control 

samples. 

Situational understanding: In the analysis of students' situational understanding, 

the project indicators are refined, and the analysis contents are set to 4 indicators, i.e. 

Q1 (English situation understanding), Q2 (English knowledge construction), Q3 (Eng-

lish situation simulation), Q4 (English situation application), the independent sample 

T test results of the students’ situational understanding dimension control sample are 

shown in Table 3. 

Table 3.  Comparison in students’ situational understanding dimension 

Dimension content Indicator 
Control group Opti. group T-TEST 

Mean Mean T-value Sig 

Students’ situational under-
standing 

Q1 3.47 4.21 -4.243** .000 

Q2 3.45 4.13 -3.246** .002 

Q3 4.18 4.14 .464 .612 

Q4 4.17 4.21 -1.083 .263 

Note: **p<0.01 

Based on the results in Table 3, there are significant differences between the two 

groups of test samples in Q1 and Q2. This also shows that the optimization group 

students have a higher cognition of English situation understanding and knowledge 

construction significantly than the control group, which implies that the video teach-

ing content after image optimization has a positive effect on improving students' situa-

tion understanding. However, there is no significant difference (p>0.05) between the 

two groups of test samples in Q3 and Q4, which also shows that the video teaching 

content after image optimization has an insignificant effect on two items, and thus on 

students' situation understanding. 

Students’ classroom interaction: In the analysis of students' classroom interac-

tion, the item indicators are refined, and the analysis contents are set to 4 indicators, 

i.e. Q5 (communication and interaction), Q6 (English classroom learning interest), Q7 

(English learning desire), Q8 (improvement of learning effect). The independent sam-

ple T test results of the control sample in student classroom interaction dimension are 

shown in Table 4. 
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Table 4.  Comparison in students’ classroom interaction dimension 

Dimension content Indicator 
Control group Opti. group T-TEST 

Mean Mean T-value Sig 

Students’ classroom interaction 

Q5 3.42 4.43 .000 1.000 

Q6 3.86 3.91 -.272 .764 

Q7 3.69 3.72 -.127 .892 

Q8 3.18 3.42 -1.136 .267 

 

Based on the results in Table 4, it can be found that the student classroom interac-

tion dimension has no significant difference (p>0.05) between the two groups in Q5, 

Q6, Q7, and Q8, which also explains that during the English education, the optimiza-

tion of video images does not have a significantly positive effect on these four indica-

tors. However, in the means of the four indicators Q5, Q6, Q7, and Q8, the optimiza-

tion group is higher than the control group, which also shows that compared with the 

control group, the optimization group can more effectively increase the communica-

tion and interaction between students during the learning process by the optimized 

video image materials, and the more optimized images can render more clear learning 

content and scope for the students. However, the mean values in this dimension are 

generally not high, which also presents that image optimization is not sufficient to 

improve students' cognition of classroom interaction. 

Students’ self-construction: In the analysis of students' self-construction, the item 

indicators are refined, and the analysis contents are set to 3 indicators, i.e. Q9 (inte-

gration of English listening, speaking, reading and writing), Q10 (self-correction), 

Q11 (memory of English classroom learning). The independent sample T test results 

of control samples in the students’ self-construction dimension are shown in Table 5. 

Based on the results in Table 5, there are significant differences between the two 

groups in Q9 and Q11, which also implies that optimization group has a significantly 

higher cognition of Q9 and Q11 than control group. This also illustrates that the video 

teaching content after image optimization has a positive effect on improving students' 

self-construction. On the self-correction indicator, there is no significant difference 

(p>0.05) between the two groups of test samples, which also shows that the video 

teaching content after image optimization has no significant effect on the self-

correction of students. 

Table 5.  Comparison in students’ self-construction dimension 

Dimension content Indicator 
Control group Opti. group T-TEST 

Mean Mean T Value Sig 

Students’ situational understanding 
Q9 3.57 4.23 -4.162** .000 

Q10 4.21 4.32 -1.045 .244 

 Q11 3.64 4.27 -3.168** .002 

Note: **p<0.01 

The above analysis shows that the optimization of teaching video images can im-

prove students' situational cognition of the English education to a certain extent, 

thereby achieving the elevation of students’ situational understanding, classroom 

interaction, and self-construction and other capabilities, thus enhancing students' in-
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teraction and interest in learning, and playing a significant effect on students in the 

basic English courses. 

4 Conclusion 

Situational cognition can help students to self-construction of knowledge to a large 

extent. Due to lack of situational cognition capacity in college English education, the 

image block gain optimization is underlying to study the validity of situational cogni-

tion in college English education. The empirical findings show that the image block 

gain optimization can effectively improve the construction of situational cognition of 

English in college education. This study tries to put forward the new useful ideas for 

the development of computer science and college English education in China, thus 

giving a great push to it. 
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