
1
© 2024 The Hong Kong Institution of Engineers HKIE Transactions   |   Vol. 31, No. 3, Article 20240031   •   https://doi.org/10.33430/V31N3THIE-2024-0031

ABSTRACT

This article studies the perceptual quality evaluation method of humanistic images based on the characteristics of human 
vision. First, this study obtained the disparity map of the human visual cultural image and used the edge map and saliency 
map to correct the weight of the disparity map. The weighted disparity map was then integrated into a perceptible score using 
a Minkowski fused deep neural network. A multi-scale method was employed to process the image to obtain the visual effect 
score. Taking Polytechnic University of Lausanne (EPFL) as an example, an experimental study was conducted on the three-
dimensional visual quality assessment method proposed in this article. The test results with the EPFL library show that the 
target score obtained by this method has good consistency and monotonicity with the subjective score of the EPFL library. 
The article's results verify the effectiveness of the visual effects and aesthetics evaluation method proposed in this article.
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algorithm to prove the rationality and practicality of the 
method proposed in this project.

2. Method

Figure 1. Perceptual quality evaluation algorithm. 

Compared with 2D imaging, 3D imaging pays more 
attention to the effect of stereoscopic imaging rather than 
simply focusing on 3D imaging and the degree of distortion 

1. Introduction

In recent years, with the rise of many industries, such 
as entertainment and the military, 3D imaging has been 
accepted by more and more people. Compared with 2D 
images, 3D images can bring more depth of field to viewers 
and provide them with an immersive visual experience. 
This helps people have a more detailed and accurate 
understanding of the content expressed in the image (Xin 
et al., 2022). How to evaluate it quickly, accurately and 
efficiently is an urgent problem that needs to be solved. 
However, factors unique to 3D imaging, such as crosstalk, 
adjustment-vergence conflict, step deformation, inconsistent 
depth of field, ghost effect, cardboard effect, etc., will also 
adversely impact the effect of 3D imaging. Therefore, 
there is a big difference in the quality evaluation of 3D 
and 2D images (Bonnen et al., 2021). Current research in 
this field is still in the process of exploration. There is no 
consensus among academic circles on the various factors 
involved in eye comfort. However, in the existing research 
results, the mechanisms of regulation–convergence conflict, 
crosstalk, staircase distortion, ghost effect, etc., are still 
unclear (Tsuneki, 2022). Existing research primarily uses 
eye-tracking instruments to evaluate human visual fatigue, 
which is challenging to detect effectively under non-human 
intervention conditions (Funke et al., 2021). This paper 
presents a detailed study of the three-dimensional imaging 
quality evaluation data in the EPFL system. A reference-free 
stereoscopic visual effect evaluation method was designed 
based on the characteristics of the human eye. Among them, 
technologies such as visual difference, edge extraction, 
saliency detection and multi-scale decomposition play a 
crucial role. Finally, the EPFL three-dimensional visual 
quality evaluation library was used to test the proposed 
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(Lago et al., 2021). Although the three-dimensional images 
captured in the wild under some special conditions can be 
said to be distortion-free, their three-dimensional effect 
is not perfect. Therefore, it is not appropriate to use non-
reference evaluation methods when evaluating the visual 
quality of 3D images. This article studies how to use 
the characteristics of the human eye to evaluate users' 
subjective feelings from a visual perspective. Figure 1 
shows the basic process of this algorithm (picture quoted 
from Shen et al., [2023]). The physical image here is 
presented in two views: left and right.

2.1. Single Shot Detection algorithm based on deep 
learning

The Single Shot Detection method can not only detect 
a single object but also realise the end-to-end detection of 
the object (Bakaev et al., 2023). This method has higher 
detection speed and efficiency than convolutional neural 
networks. The single-frame image detection method 
includes two levels: the underlying network and edge 
nodes. The auxiliary layer is a convolutional neural network 
with a decreasing scale, and the detected objects are 
detected simultaneously at multiple levels (Li et al., 2024). 
And the elements of perceptual characteristics at each level 
are also different. Single-frame image detection methods 
utilise multiple levels of feature maps. Default boxes and 
sensing areas were set at multiple scales. The dimensions of 
the default box at each level are represented in Equation (1).
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In Equation (1), is the default box size corresponding to the  level characteristic graphic.  and 
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It can be seen from Equation (4) that the characteristic graph will have six default boxes. After obtaining 
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In Equation (5),  is the forward sampling number of the prior box in the SDD algorithm.  is the 
numerical value of the expected classification confidence.  is the position prediction value of the bounding 
box corresponding to the prior box.  is the location parameter of the geographical path. According to 
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In Equation (1),  Rt is  the default  box size 
corresponding to the t level characteristic graphic. Rmin and 
Rmax represent the minimum and maximum dimensions of 
the default box. The value of n depends on the single-frame 
detection algorithm. It represents the height of the default 
box in Equation (2) (Marvasti-Zadeh et al., 2021).
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In Equation (2), 
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 is the default value set by the single 
shadow detection algorithm for the aspect ratio of the preset 
box. 
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 is the height of the default box. It represents the 
width of the default box in Equation (3).
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In Equation (3), 
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 is the width of the preset box. 
additional default boxes (Equation [4]) are added to the 
default box Rt.
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It can be seen from Equation (4) that the characteristic 
graph will have six default boxes. After obtaining the 
characteristic map of the object, a convolution operation 
is performed on the object to obtain the identification 
and detection results of the object (Zhou et al., 2022). 
The detected values are divided into class confidence and 
bounding box localisation. And the same convolution with 
all classification confidences and bounding box positions 
is conducted. The sum of the weights of the bounding box 
positioning error and the confidence positioning error is 
called the loss function. Equation (5) represents the loss 
function.
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In Equation (5), M is the forward sampling number of 
the prior box in the SDD algorithm. z is the numerical value 
of the expected classification confidence. H is the position 
prediction value of the bounding box corresponding to the 
prior box. f is the location parameter of the geographical 
path. According to Equation (5), the target object can 
be detected, and corresponding results can be generated 
(Castellano et al., 2021).

2.2. Modelling of the monocular sight distance 
measurement system

Monocular vision testing is a method that uses a 
camera to take photos of the object being tested and then 
uses the photos for actual measurement. Images captured by 
cameras carried by patrol robots are extracted. The camera's 
imaging is usually divided into two parts: lens imaging and 
hole imaging. Their working principle is shown in Figure 2.

Figure 2. Lens imaging and pinhole imaging.
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The projection equation of the camera in the pinhole 
image is derived using the principle of geometric similarity. 
This result is given in Equation (6).
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The projection equation of the camera in the pinhole image is derived using the principle of geometric 
similarity. This result is given in Equation (6). 
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From Equation (6), the orientation of the inspection robot's camera and the lateral distance between 
obstacles can be calculated. The lateral distance is expressed in Equation (7). 
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In Equation (7),  is the lateral distance between the position of the inspection robot's camera and the 
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From Equation (6), the orientation of the inspection 
robot's camera and the lateral distance between obstacles 
can be calculated. The lateral distance is expressed in 
Equation (7).

 

      
 
 
 
 

 
 

Equation (5), the target object can be detected, and corresponding results can be generated (Castellano et al., 
2021). 

 

2.2. Modelling of the monocular sight distance measurement system 
Monocular vision testing is a method that uses a camera to take photos of the object being tested and then 

uses the photos for actual measurement. Images captured by cameras carried by patrol robots are extracted. 
The camera's imaging is usually divided into two parts: lens imaging and hole imaging. Their working principle 
is shown in Figure 2. 

 
Figure 2. Lens imaging and pinhole imaging. 

The projection equation of the camera in the pinhole image is derived using the principle of geometric 
similarity. This result is given in Equation (6). 
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In Equation (7), S is the lateral distance between the 
position of the inspection robot's camera and the obstacle. 
Z represents the width of the obstruction to be measured 
(Zhang et al., 2021). Q represents the width of the obstacle 
in the image. P is the focus of the position when the patrol 
camera is mounted. The mutual transformation of the 
image coordinate system, imaging plane coordinate system, 
camera coordinate system, and sky and earth coordinate 
system is realised through the transformation of the image 
coordinate system and the sky and earth coordinate system. 
Equation (8) expresses the relationship between image and 
imaging plane coordinates.
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In Equation (13),  is the coordinate of the calibration point in the image coordinate system.  is the 
coordinate of the calibration point on the calibration plate (Liu et al., 2022). The limits of the camera's internal 
parameters can be obtained using the orthogonal relationship between the rotation matrix  and Equation 
(13). Finally, the internal parameters of the camera are found through restrictions. After obtaining the internal 
parameters, put the matrix into Equation (14) to obtain the external parameters. 
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Equation (9) represents the internal parameter matrix 
of the camera.
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; then, the transformation method from the 
obstacle image coordinate system to the world coordinate 
system is given by Equation (10).
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The camera's internal parameters can be expressed by 
Equation (11).
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The orthogonality between the two azimuth vectors 
can be obtained from the optical centre on the image axis 
and the two azimuth vectors. The orthogonal relationship is 
expressed in Equation (12).
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Then G can be expressed using Equation (13).
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In Equation (13), n is the coordinate of the calibration 
point in the image coordinate system. n' is the coordinate 
of the calibration point on the calibration plate (Liu et al., 
2022). The limits of the camera's internal parameters can 
be obtained using the orthogonal relationship between the 
rotation matrix R and Equation (13). Finally, the internal 
parameters of the camera are found through restrictions. 
After obtaining the internal parameters, put the matrix into 
Equation (14) to obtain the external parameters.
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 is the matrix used to find the internal parameters.  is consistent with Equation (15). 
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The camera is calibrated after determining the two parameters inside and outside the camera. 

3. Results 
However, the current research on stereoscopic image quality assessment at home and abroad is still in its 

infancy. The 3D image quality assessment database built by the Multimedia Information Processing Group 
(MMSPG) of the Polytechnic University of Lausanne (EPFL) in Switzerland is currently the only database 
that can be used for 3D imaging quality assessment (Alvarado, 2022). The database was constructed to 
eliminate all types of distortion and be of high quality. That is to say, the change in subjective quality score 
caused by the degradation of image quality can be reduced to a large extent. All 3D stereoscopic images in the 
EPFL library come from two high-definition cameras of the same model. The optical axes of the camera lenses 
are parallel to each other, ensuring that the distance between the two camera lenses is constantly adjusted. The 
adjustment range is 7 cm to 50 cm. Parallax can be achieved by adjusting the lateral distance between the two 
cameras. Due to changes in the lateral distance between the cameras, differences in the subjective ratings of 
stereoscopic images are caused. This method evaluates multiple stereo images in the EPFL library based on 
disparity. After obtaining the final target score, the quadratic index fitting formula predicts the relationship 
between the objective and subjective quality scores (MOS). Its expression is: 

            .                   (16) 

This article then compares the interrelationships between subjective and objective scores. This article uses 
three evaluation criteria: Pearson correlation, Spearman rank correlation coefficient (SROCC) and RMSE (Jiao 
et al., 2021). Table 1 shows the evaluation indices of some perceptual quality evaluation algorithms on the 
EPFL database. It can be seen from Table 1 that the algorithm described in this article has a higher Pearson 
correlation and a smaller RMSE. This shows high forecast accuracy. In addition, the larger the correlation 
coefficient between the Spearman rank and phase, the stronger the monotonicity of the prediction. Table 1 also 
compares the evaluation methods without adding specific HVS features. Here,  refers to the 

perceptual evaluation algorithm without adding saliency detection.  and  are assessment 

methods on single and multiple scales. Compared with the other two methods,  has a higher Pearson 

correlation coefficient and Spearman rank correlation coefficient and a more negligible root mean square 
difference. Saliency detection and multi-scale analysis are added to improve the accuracy and monotonicity of 
the model. 
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B is the matrix used to find the internal parameters.  
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The camera is calibrated after determining the two 
parameters inside and outside the camera.

3. Results

However, the current research on stereoscopic image 
quality assessment at home and abroad is still in its infancy. 
The 3D image quality assessment database built by the 
Multimedia Information Processing Group (MMSPG) 
of the Polytechnic University of Lausanne (EPFL) in 
Switzerland is currently the only database that can be used 
for 3D imaging quality assessment (Alvarado, 2022). The 
database was constructed to eliminate all types of distortion 
and be of high quality. That is to say, the change in 
subjective quality score caused by the degradation of image 
quality can be reduced to a large extent. All 3D stereoscopic 
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images in the EPFL library come from two high-definition 
cameras of the same model. The optical axes of the camera 
lenses are parallel to each other, ensuring that the distance 
between the two camera lenses is constantly adjusted. The 
adjustment range is 7 cm to 50 cm. Parallax can be achieved 
by adjusting the lateral distance between the two cameras. 
Due to changes in the lateral distance between the cameras, 
differences in the subjective ratings of stereoscopic images 
are caused. This method evaluates multiple stereo images in 
the EPFL library based on disparity. After obtaining the final 
target score, the quadratic index fitting formula predicts the 
relationship between the objective and subjective quality 
scores (MOS). Its expression is:
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This article then compares the interrelationships 
between subjective and objective scores. This article uses 
three evaluation criteria: Pearson correlation, Spearman 
rank correlation coefficient (SROCC) and RMSE (Jiao et 
al., 2021). Table 1 shows the evaluation indices of some 
perceptual quality evaluation algorithms on the EPFL 
database. It can be seen from Table 1 that the algorithm 
described in this article has a higher Pearson correlation 
and a smaller RMSE. This shows high forecast accuracy. In 
addition, the larger the correlation coefficient between the 
Spearman rank and phase, the stronger the monotonicity 
of the prediction. Table 1 also compares the evaluation 
methods without adding specific HVS features. Here, 
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 has 
a higher Pearson correlation coefficient and Spearman 
rank correlation coefficient and a more negligible root 
mean square difference. Saliency detection and multi-
scale analysis are added to improve the accuracy and 
monotonicity of the model.

Table 1. Evaluation indicators.

Metrics PCC SROCC RMSE
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The scatter plot shown in Figure 3 illustrates the 
correlation between the target score obtained by the 
algorithm given in this article and the subjective score 
obtained by the tester's score. Each point on the speckle 
diagram in the EPFL visual quality evaluation database 
represents the corresponding image. The horizontal axis 
in the scatter plot is the objective score obtained by the 
evaluation method proposed in this study, and the vertical 
axis is the subjective score of the Multimedia Information 

Processing Department of the University of Technology in 
Lausanne (Bayoudh et al., 2022). It can be seen from Figure 
3 that the vertical axis and the horizontal axis have a high 
degree of correlation, which also shows that the method 
that the paper proposes is effective. However, it can be seen 
from Figure 3 that there is very little data in the chart, so in 
a sense, the experimental results are not convincing. This is 
also related to the current research status, and the database 
for evaluating the perceptual quality of stereoscopic images 
still needs to be improved.

Figure 3. Comparison of objective scores and subjective 
scores.

4. Discussion

Judging from the current research results, the research 
on the visual information of images covers many fields, 
such as psychology, brain physiology, colour representation 
and emotion, line representation and emotion, etc. The 
quantitative factors of visualisation are challenging to 
quantify accurately, but fuzzy functions can characterise 
themes. The current international research on image 
visualisation mainly includes the following contents: (1) 
The visual information characteristics research object is 
the Visual Information Processing Laboratory at Florence 
College in Italy (Ghosh et al., 2023). The representative 
works have comprehensively reported the research 
results from 1996 to 1999. This project extracts visual 
information from images and videos at the semantic 
level. It is quantitatively analysed using the quantitative 
method of fuzzy sets. Then, it is applied to information 
representation and retrieval of text (Russell et al., 2021). 
At present, scholars at home and abroad have done a lot 
of research on the visual information characteristics of 
images, but they have not defined the information in them; 
and (2) With the continuous development of multimedia, 
the birth of MPEG-4 and MPEG-7 standards promoted the 
birth of the MPEG-7 standard. Some scholars have defined  
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MPEG-7 as an interface for describing multimedia 
information. This describes the characteristic parameters 
of each level, such as audio and images. The advent of 
MPEG-7 will significantly promote the development 
of the visualisation field. Existing research reports have 
pointed out that subjective judgement factors are introduced 
into video sequences to improve the video compression 
effect, and line structure extraction methods based on 
visual characteristics are introduced (Tung et al., 2022). 
It shows that objective evaluation and analysis of video 
content are essential. Eye disparity information is the most 
crucial external factor in human three-dimensional space. 
If the left and right viewpoint images are of high quality, 
but the binocular parallax is not correctly matched, the 
three-dimensional sense of the visual experience will be 
significantly reduced. Therefore, it is imperative to construct 
a three-dimensional evaluation method. This paper uses 
the absolute difference map method to perform three-
dimensional reconstruction. The research results show that 
the left and right viewpoint images contain rich similarities, 
especially the most significant visual differences at the 
boundaries of the target. Therefore, in the visual system, the 
image's rough outline is the absolute difference between the 
image of a pair of viewpoints and the standard parallax of 
the human eye. When the absolute value difference between 
the distorted image pair and the absolute value difference 
between the original image pair is more minor, the three-
dimensional effect of the image is better.

5. Conclusion

This project planned first to obtain the disparity and 
then solve the edge and saliency maps. Then, the weight is 
adjusted. Finally, Minkowski fusion technology integrates 
the final disparity images into a single visual score. A multi-
scale analysis method calculates the visual perception 
scores at each level and adds the weights. This obtains the 
final visual quality score. An experimental study of the 
proposed visual effect evaluation method was conducted 
using EPFL. A scatter plot of subjective and objective 
scores was obtained, analysing each criterion. This verifies 
the correctness of the method. Research has found that 
images' structural boundaries and salient areas play a more 
prominent role in stereoscopic vision generation than in 
other areas. In addition, multi-scale analysis methods can 
also improve the accuracy of visual quality assessment 
methods.
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