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ABSTRACT 

Due to the restricted penetration depth of visible light, typical optical imaging and analysis methods are not 

always appropriate in submarine and underwater detection activities. Sonar imaging has replaced this as a favoured 

option. However, sonar pictures' visual quality unavoidably degrades due to the collection and transmission 

circumstances in complex and dynamic underwater settings, which may also prevent their further identification, 

analysis, and comprehension. We propose a task- and perception-oriented sonar image quality assessment (TPSIQA) 

method, in which a semi-reference (SR) approach is applied to adapt to the constrained bandwidth of underwater 

communication channels, to measure this quality decrease and provide a reliable quality indicator for sonar image 

enhancement. We specifically make use of the decreased visual qualities that are essential for sonar image object 

perception and recognition by humans. Through ensemble learning, which combines an ideal subset of many base 

learners to attain high accuracy and a high generalisation capacity, the final quality indicator is achieved. By 

employing a limited library of sonar pictures, we are able to create a condensed yet universal quality score. In 

comparison to the most recent picture quality measurements, experimental findings show that our technique 

performs competitively, efficiently, and robustly. 

 

1. INTRODUCTION 

In muddy and dark deep marine environments, object 

detection is generally achieved via sonar devices 

because their imaging principle does not require natural 

light. Due to this unique imaging process, sonar images 

are visually different from conventional natural scene 

images (NSIs), as depicted in the first row of Fig. 1. 

The main differences are that sonar images are 

grayscale images with relatively little detail and 

contrast, whereas NSIs exhibit rich color variations, 

thick lines and complex texture content. In addition, the 

typical acquisition approaches and primary application 

scenarios for these two types of images are also 

different, as illustrated in the second and third rows of 

Fig. 1. In consideration of the above discrepancies 

between sonar images and NSIs, new image processing 

techniques, e.g. image quality assessment (IQA) 

methods, are required to deal with sonar images. 

 

During capture and transmission, the deterioration in 

the underwater acoustic channels inevitably causes 

distortions in sonar images, which degrade the image 

quality and negatively impact oceanic information 

analysis. To evaluate and eliminate these distortions, it 

is essential to develop sonar IQA (SIQA) approaches, 

which must be specific to the capture equipment used 

because images obtained by different sonar devices 

have different characteristics. In this paper, we are 

mainly concerned with the quality assessment of images 

captured by advanced acoustic lenses and side-scan 

sonar devices, which have been widely used in 

underwater detection due to their sufficient precision 

and resolution [1]. 

 

           
Fig. 1. Differences between an NSI and a sonar image. 

 

Although IQA for sonar images is still a largely 

underexplored field, optical IQA has received 

considerable attention. Optical IQA methods can be 

classified based on the following two taxonomies, 

which also apply to SIQA. Depending on the 

accessibility of the reference information, IQA methods 

can be divided into three categories. In full-reference 

(FR) IQA methods, complete reference information is 

obtainable for comparison with the test image [2]-[4]. 

In contrast, no-reference (NR) methods do not consider 

any reference information in their algorithms [5]-[9]. If 
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an IQA method takes advantage of only a subset of 

reference information, it is called a semi-reference (SR) 

method [10]-[12]. Based on the philosophy applied 

when modeling features, IQA methods can also be 

classified into three categories. The first type in this 

classification is statistics-based modeling, in which a 

statistical model is typically employed to summarize 

intrinsic image characteristics from many perspectives. 

This can include the modeling of natural scene statistics 

(NSS) [13]-[14], structure and information [15]-[16], 

etc. The second type is perception-based modeling, 

which considers various perceptual characteristics of 

the human visual system (HVS).  

In essence, specific features are extracted to quantify 

visual attributes influencing image understanding and 

appreciation [17]-[20]. Deep-learning-based modeling 

is the third type. This type of method focuses on 

creating a relationship between the high-level features 

and perceived quality of images [21]-[25]. 

  

 
Fig. 2. The pipeline of the TPSIQA method. 

 

Despite the previously mentioned efforts, even state-of-

the art NSI quality methods are not suitable for sonar 

images [26]. The reasons are threefold. First, the 

statistical characteristics of sonar images are different 

from those of NSIs; thus, NSS based quality indicators 

cannot be used for SIQA. Second, the size of typical 

sonar image databases is limited because sonar image 

acquisition is much more difficult and expensive than 

NSI acquisition. Hence, popular deep-learning-based 

IQA methods may lead to serious overfitting on sonar 

images. Finally, quality evaluations of NSIs focus on 

perceptual quality, whereas we tend to assess utility 

quality for images with specific applications, such as 

sonar images. According to both the theoretical analysis 

and the experimental results in [27]-[28], perceptual 

quality is not a good substitute for utility quality. 

Task-oriented IQA methods have been explored for 

medical images, for which device-, operation- or 

application-relevant parameters are usually obtained 

[29]-[31]. Some task-oriented IQA methods have been 

proposed for synthetic aperture sonar and forward-

looking sonar images with low precision and resolution. 

Measurements of sonar platform motion, environmental 

characteristics, and the degree of navigation errors have 

been employed to represent the quality of synthetic 

aperture sonar images [32]-[33]. In [34], a forward-

looking sonar image quality method was proposed in 

which various low-level features are extracted to 

determine whether the image quality is sufficient for 

reliable obstacle recognition. However, new sonar 

imaging technologies have been emerging worldwide 

for complex detection tasks. An increasing number of 

sonar images require human decisions in practical 

applications.  

Hence, we have proposed a series of perception-

oriented SIQA methods in [35]-[37]. To achieve better 

estimation of utility quality for high-resolution sonar 

images, an SIQA method should be not only 

perception-oriented but also task-oriented 

 

1.2 PROPOSED SYSTEM 

This paper proposes an SR task- and perception-

oriented SIQA (TPSIQA) method, whose major 

contributions work as follows. 

1) Proposing an SR SIQA method that requires less 

reference information than state-of-the-art SIQA 

methods. This is of great practical significance because 

of the restricted bandwidth of underwater acoustic 

transmission.  

2) Proposing a task- and perception-oriented strategy 

that considers both the practical tasks and the visual 

characteristics of sonar images. By contrast, most NSI 

quality metrics consider only perception and show 

inferior performance on sonar images. 

3) Building multiple base learners with different subsets 

of features and then selectively pruning some of them 

before aggregation. In this way, the overfitting problem 

caused by limited data can be effectively mitigated. 

4) Conducting a robustness test of the proposed method 

with distorted reference information. 

 

2. LITERATURE SURVEY 

Sonar system of Jiaolong human-occupied vehicle 

The sonar system of Jiaolong human-occupied vehicle 

has nine types of sonar devices (16 devices in total) for 

communication, navigation, positioning, and detection. 

One of the four technical features of Jiaolong is the 

vehicle's advanced underwater acoustic digital 

communication and underwater micro-topography 

measurement capabilities. The underwater acoustic 

transmission of images, human voice, data and text 

from a depth of 7000 m to the ocean surface was 

accomplished for the first time by the acoustic 

communication system of Jiaolong. The micro-

topography was measured at a depth of 7000 m with 

high-resolution bathymetric side-scanning sonar, and a 

small area was mapped three-dimensionally in high 
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resolution in the Mariana Trench. In the periods from 

August to October 2009, May to July 2010, July to 

August 2011, and June to July 2012, tests were 

completed at depths of 1000, 3000, 5000, and 7000 m 

respectively, and the maximum dive depth reached was 

7062 m. A voyage was then undertaken over 113 days 

from June to September 2013 to test applications. The 

sea trials show that the advanced technology of the 

sonar system is reliable and realizes the designed 

performance. 

 

Image quality assessment: from error visibility to 

structural similarity 

Objective methods for assessing perceptual image 

quality traditionally attempted to quantify the visibility 

of errors (differences) between a distorted image and a 

reference image using a variety of known properties of 

the human visual system. Under the assumption that 

human visual perception is highly adapted for 

extracting structural information from a scene, we 

introduce an alternative complementary framework for 

quality assessment based on the degradation of 

structural information. As a specific example of this 

concept, we develop a structural similarity index and 

demonstrate its promise through a set of intuitive 

examples, as well as comparison to both subjective 

ratings and state-of-the-art objective methods on a 

database of images compressed with JPEG and 

JPEG2000.  

 

Image quality assessment based on gradient 

similarity 
In this paper, we propose a new image quality 

assessment (IQA) scheme, with emphasis on gradient 

similarity. Gradients convey important visual 

information and are crucial to scene understanding. 

Using such information, structural and contrast changes 

can be effectively captured. Therefore, we use the 

gradient similarity to measure the change in contrast 

and structure in images. Apart from the 

structural/contrast changes, image quality is also 

affected by luminance changes, which must be also 

accounted for complete and more robust IQA. Hence, 

the proposed scheme considers both luminance and 

contrast-structural changes to effectively assess image 

quality. Furthermore, the proposed scheme is designed 

to follow the masking effect and visibility threshold 

more closely, i.e., the case when both masked and 

masking signals are small is more effectively tackled by 

the proposed scheme. Finally, the effects of the changes 

in luminance and contrast-structure are integrated via an 

adaptive method to obtain the overall image quality 

score. Extensive experiments conducted with six 

publicly available subject-rated databases (comprising 

of diverse images and distortion types) have confirmed 

the effectiveness, robustness, and efficiency of the 

proposed scheme in comparison with the relevant state-

of-the-art schemes. 

 

No-reference image sharpness assessment based on 

maximum gradient and variability of gradients 

Gradients are commonly used in image sharpness 

assessment methods. However, research has not fully 

addressed the direct relationship between gradients and 

the perceived sharpness. In this paper, we discover and 

validate through experiments that the maximum 

gradient is an effective indicator of the perceived image 

sharpness on a global or local scale. Based on these 

observations, we propose a novel and efficient no-

reference image quality assessment (NR-IQA) method 

for blurry images. Our method uses two elements to 

predict the quality of blurry images: the maximum 

gradient and the variability of gradients. The maximum 

gradient represents the sharpest spot in an image, and 

the variability of gradients shows variations within the 

content of the image. According to the characteristics of 

human visual systems, these factors are significant for 

humans when judging the quality of blurry images. The 

method was tested using blurry image datasets from 

five public IQA databases. Compared with nine other 

state-of-the-art NR-IQA methods for blurry images, the 

experimental results demonstrate that our method is 

more consistent with humans' subjective evaluations. 

 

No-reference image quality assessment using 

orthogonal color planes patterns 

This paper proposes a new general-purpose no-

reference image quality assessment (NR-IQA) method 

based on color texture analysis. Specifically, the 

proposed method uses the statistics of the orthogonal 

color planes pattern (OCPP) descriptor to characterize 

image quality. The OCPP descriptor, proposed in this 

paper, is an extension of the local binary pattern 

operator that incorporates color information. To make 

NR-IQA methods more generic, that is, more sensitivity 

to different types of degradation (e.g., color and 

contrast degradation), it is important to take into 

consideration the color information. In the proposed 

NR-IQA method, we use the statistics of the OCPP 

descriptor as an input vector to a regression algorithm, 

which models the nonlinear relationship between the 

OCPP statistics and the subjective opinion scores. 

Experimental results show that proposed IQA method is 

quite efficient when compared to popular state-of-the-

art NR-IQA methods. 

 

Learning a no-reference quality assessment model of 

enhanced images with big data 

In this paper, we investigate into the problem of image 

quality assessment (IQA) and enhancement via machine 

learning. This issue has long attracted a wide range of 

attention in computational intelligence and image 
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processing communities, since, for many practical 

applications, e.g., object detection and recognition, raw 

images are usually needed to be appropriately enhanced 

to raise the visual quality (e.g., visibility and contrast). 

In fact, proper enhancement can noticeably improve the 

quality of input images, even better than originally 

captured images, which are generally thought to be of 

the best quality. In this paper, we present two most 

important contributions. The first contribution is to 

develop a new no-reference (NR) IQA model. Given an 

image, our quality measure first extracts 17 features 

through analysis of contrast, sharpness, brightness and 

more, and then yields a measure of visual quality using 

a regression module, which is learned with big-data 

training samples that are much bigger than the size of 

relevant image data sets. The results of experiments on 

nine data sets validate the superiority and efficiency of 

our blind metric compared with typical state-of-the-art 

full-reference, reduced-reference and NA IQA methods. 

The second contribution is that a robust image 

enhancement framework is established based on quality 

optimization. For an input image, by the guidance of the 

proposed NR-IQA measure, we conduct histogram 

modification to successively rectify image brightness 

and contrast to a proper level. Thorough tests 

demonstrate that our framework can well enhance 

natural images, low-contrast images, low-light images, 

and dehazed images. 

 

Model based referenceless quality metric of 3D 

synthesized images using local image description 

New challenges have been brought out along with the 

emerging of 3D-related technologies, such as virtual 

reality, augmented reality (AR), and mixed reality. Free 

viewpoint video (FVV), due to its applications in 

remote surveillance, remote education, and so on, based 

on the flexible selection of direction and viewpoint, has 

been perceived as the development direction of next-

generation video technologies and has drawn a wide 

range of researchers' attention. Since FVV images are 

synthesized via a depth image-based rendering (DIBR) 

procedure in the “blind” environment (without 

reference images), a reliable real-time blind quality 

evaluation and monitoring system is urgently required. 

But existing assessment metrics do not render human 

judgments faithfully mainly because geometric 

distortions are generated by DIBR. To this end, this 

paper proposes a novel referenceless quality metric of 

DIBR-synthesized images using the autoregression 

(AR)-based local image description. It was found that, 

after the AR prediction, the reconstructed error between 

a DIBR-synthesized image and its AR-predicted image 

can accurately capture the geometry distortion. The 

visual saliency is then leveraged to modify the proposed 

blind quality metric to a sizable margin. Experiments 

validate the superiority of our no-reference quality 

method as compared with prevailing full-, reduced-, and 

no-reference models. 

 

Automatic contrast enhancement technology with 

saliency preservation 

In this paper, we investigate the problem of image 

contrast enhancement. Most existing relevant 

technologies often suffer from the drawback of 

excessive enhancement, thereby introducing 

noise/artifacts and changing visual attention regions. 

One frequently used solution is manual parameter 

tuning, which is, however, impractical for most 

applications since it is labor intensive and time 

consuming. In this research, we find that saliency 

preservation can help produce appropriately enhanced 

images, i.e., improved contrast without annoying 

artifacts. We therefore design an automatic contrast 

enhancement technology with a complete histogram 

modification framework and an automatic parameter 

selector. This framework combines the original image, 

its histogram equalized product, and its visually 

pleasing version created by a sigmoid transfer function 

that was developed in our recent work. Then, a visual 

quality judging criterion is developed based on the 

concept of saliency preservation, which assists the 

automatic parameters selection, and finally properly 

enhanced image can be generated accordingly. We test 

the proposed scheme on Kodak and Video Quality 

Experts Group databases, and compare with the 

classical histogram equalization technique and its 

variations as well as state-of-the-art contrast 

enhancement approaches. The experimental results 

demonstrate that our technique has superior saliency 

preservation ability and outstanding enhancement 

effect. 

 

3. PROPOSED METHODLOGY 

3.1 BLOCK DIAGRAM 

 
Fig. 5. A general framework for feature extraction. 

 

3.2 RELATED WORK 

It was believed that templates extracted from raw 

biometric data are not possible to be inverted back. 

However, it has been demonstrated that such inversion 

can be done on face [2], [3], fingerprint [4], and iris [5]. 

In general, a realistic threat to biometric systems under 

template reconstruction attack is analogous to a chosen-

plaintext attack in cryptography, where the input 

biometric data and templates are regarded as plaintext 
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and ciphertext, respectively. To achieve the attack, the 

adversary typically requires the following knowledge: 

(a) The templates of the target subject (This is usually 

caused by either database leakage or insider attack). (b) 

The template of any input biometric data (This can be 

introduced by subscribing a (black-box) template 

extractor (biometric SDK) of the target system or 

standardized templates (e.g., fingerprint minutiae [28])). 

With the above knowledge, a typical strategy for an 

adversary is to first learn an inversion function of the 

template extractor by collecting biometric input data 

and then inverting the templates of the target [3]. 

A straightforward countermeasure for the template 

reconstruction attack is to strengthen the security of 

template databases to avoid the database leakage and 

the insider attack. However, even with strict security 

measures, it is impossible to avoid the database leakage 

completely10;11. To further protect biometric systems 

from template reconstruction attack, it is suggested to 

secure the templates using template protection schemes 

[11]–[13]. 

 

B. Biometric Template Protection 

Unlike traditional passwords that can be compared in 

their encrypted or hash form with standard ciphers (e.g., 

AES and SHA-3), biometric templates cannot be 

compared in such form due to typical intra-user 

variations [11], [13] and the avalanche effect of 

standard ciphers [6]. Biometric template protection 

[11]–[13] aims to create a secure form of the templates, 

and then the comparison can be performed in the secure 

form. Specifically, in the enrollment stage, biometric 

template protection schemes generate PI and AD from 

plaintext enrollment template and store them in the 

systems. In the query stage, PI* is first generated from 

the query template with the stored AD and then directly 

compared with the stored PI, without revealing the 

plaintext enrollment template.  

Biometric template protection schemes that are 

designed for compact binary or real-valued vectors can 

be categorized into feature transformation [17]–[19], 

biometric cryptosystems [20]–[24] and hybrid 

approaches [14]. In the feature transformation approach, 

templates are transformed via a oneway transformation 

function with a user-specific random key. Please refer 

to [11] for detail analysis about the security and 

cancellability of the biometric template protection 

schemes.  

A trade-off exists between verification performance and 

template security because of the two-stage process that 

uses template protection schemes after extraction of 

biometric templates. This trade-off exists because the 

biometric template extractors are generally optimized 

for improving template discriminability, whereas the 

security-related objective is often neglected and can 

only be improved in the module of template protection. 

Besides, the two-stage process is vulnerable because the 

modules of template extraction and protection can be 

attacked individually. 

 

4. METHODOLOGY 

To explore the features of sonar images, we collected 

typical images acquired with advanced acoustic lenses 

and side-scan sonar devices as important subjects for 

IQA. The objects in the selected images include the 

most common types of scenes that are the subjects of 

detection, such as swimmers, shipwrecks, underwater 

creatures, and the seabed. Further investigations and the 

algorithm design are elaborated as follows. 

 

 
Fig. 3. Two pairs consisting of an original sonar image 

and its global structure. 

 

A. Design of the SR SIQA Method 

As mentioned before, the applications of FR IQA are 

limited for scenarios in which unimpaired reference 

images are not available. Although most widely used 

IQA methods follow the FR approach because of its 

good performance, complete information is generally 

unavailable in underwater transmission scenarios. Since 

NR methods lose some prior knowledge of the content, 

they are universally inferior to IQA methods that 

consider reference information. Thus, the SR approach 

is selected in this paper as a trade-off between 

evaluation accuracy and the amount of reference data 

required.  

In addition, the performance of the current work on SR 

IQA is usually discussed without considering the 

degradation of the reference information, i.e., all 

evaluations adopt the lossless reference assumption. In 

fact, however, the reference information cannot always 
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be reliably transmitted due to the poor conditions of 

underwater acoustic channels. Consequently, the 

robustness of an SR SIQA method will significantly 

affect its performance. In this paper, we reduce the 

amount of reference information needed to ease the 

transmission burden. Moreover, the performance with 

lossless reference information and the robustness to 

distorted reference information of the proposed method 

are both tested. 

Considering the significant features for SR SIQA, we 

incorporate both practical task characteristics and visual 

characteristics. On the one hand, the evaluated quality 

of a sonar image should consider its utility for a specific 

application. Images containing clear and visually 

recognizable objects are 

considered high in quality for corresponding 

applications. On the other hand, human intervention is 

still necessary in some challenging tasks for which 

current image processing capabilities are insufficient. 

As a result, a combination of task and perception 

characteristics is finally utilized in our architecture. 

Since the global structure captures the main 

morphology of objects in a sonar image, we evaluate 

sonar image quality by measuring the variances of the 

global structure due to transmission. Given that the 

optimal scale for object recognition depends on the 

viewing conditions [38], the global structure is 

described using multiscale geometric analysis in this 

paper. The algorithm is summarized as follows. 

Step 1 Decomposing the pristine sonar image using the 

contourlet transform, whose coefficients formulate a 

concise representation of origin. 

Step 2 Extracting the statistical characteristics of those 

coefficients as reference features to reduce the amount 

of reference data needed. 

Step 3 Repeating the feature extraction process on the 

distorted sonar image. 

Step 4 Mapping the feature variance to subjective 

quality by means of selective ensemble-based support 

vector regression (SVR). 

The employed learning machine is characterized by a 

random subspace of features and learner pruning 

against overfitting. It is readily proven that employing 

multiple learners can improve the performance of a 

quality evaluation module in the case of a small training 

set [39]. 

 

B. Task- and Perception-Aware Feature Extraction 

Considering the requirements of object recognition, the 

extracted features should be relevant to the global 

structure. The importance of structural information to 

the HVS for utility quality has been verified by 

previous studies. The conclusion that image structure is 

important for real applications such as target 

recognition has been validated in [27] and [28]. A 

significant number of studies have been published on 

structure aware IQA approaches [51], [40]-[41]. These 

methods evaluate image quality according to both 

global (i.e., image contours) and local (i.e., image 

textures) structures. According to [42], most sonar 

image applications are related to object detection. It has 

been demonstrated that the global structure dominates 

the representation of objects, while the local structure 

can affect the visual effect of an image [37]. Thus, the 

global structure is preferred for SIQA. 

We have designed a subjective test to examine whether 

the above conclusion (i.e., the importance of structure 

to object detection) is still true for sonar images. 

Moreover, this conclusion is restricted to the claim that 

the global structure contains the most important 

information for target recognition. Fifty sonar images 

were selected as test samples, whose global structures 

were extracted [43] to form image pairs. We show two 

of the pairs as examples in Fig. 3. We invited 25 

viewers with basic knowledge of underwater target 

recognition to provide their personal opinions regarding 

whether the target could be recognized in the original 

image and the corresponding global structure. Then, the 

evaluation of each pair of images was considered as an 

event. A cost was assigned to each event under the 

minimal error probability criterion. In this subjective 

test, the final average cost of all events was 

approximately zero. It is evident that this result supports 

our conclusion. For the reasons discussed above, the 

contour information, which is one of the primary 

representations of global structure, is extracted as a 

quality indicator. 

 

 
Fig. 4. Nonlinear approximations of a sonar image  

using the M most significant coefficients in a subspace 

 

Visually, a contour is composed of discontinuity points 

and smooth curves. The discontinuities at edge points 

can be successfully isolated by means of 2-D wavelets. 

However, the smoothness along contours cannot be 

represented in this way. Thus, only limited directional 

information can be captured by 2-D wavelets. To 

address this situation, contourlet construction has been 

proposed to describe both geometry and directionality 

in images [44]. Contourlets are more effective than 

wavelets in capturing the smooth contours and 

geometric structures in images since they provide richer 

sets of directions and shapes [45]. Fig. 4 shows images 

reconstructed using the M most significant contourlet 

coefficients in a subspace. It is obvious that the sketch 
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of the ship in the test sonar image quickly becomes 

more refined as the value of M increases. Moreover, the 

refinement of the reconstructed image mainly occurs in 

the vicinity of the contours. This observation yields the 

important information that contourlet construction can 

quickly and efficiently offer a good description of 

contours. The most significant coefficients tend to be 

distributed at points where the contourlets adapt to both 

the locations and directions of contours. 

The contourlet transform characterizes a discrete-

domain construction whose convergence can then be 

studied for expansion to the continuous domain. 

Specifically, a multiresolution and multidirectional 

expansion of a discrete domain is constructed using 

non-separable filter banks in the same way as the filter 

banks from which the wavelets are derived. Such a 

construction leads to a flexible multiresolution, local, 

and directional image expansion using contour 

segments. In detail, the contourlet transform consists of 

two major steps.  

A Laplacian pyramid is first used to capture point 

discontinuities, followed by a directional filter bank to 

link the point discontinuities to linear structures. The 

output of each stage of pyramidal and directional 

decomposition is defined as a subband in this paper. 

The number of subbands is determined by the pyramid 

level and the level of directional decomposition at each 

pyramid level. If the number of levels is zero, a 

critically sampled 2-D wavelet decomposition step is 

performed. 

Based on the above analysis, we employ the contourlet 

transform to represent contours in this paper. The 

general framework of the feature extraction process is 

shown in Fig. 5. As the first column of Fig. 5 shows, 

there will be 10 subbands in total for each image. 

  

 
Fig. 5. A general framework for feature extraction. 

 

The reference information about the contours is 

contained in these subbands. To compress the amount 

of reference information, statistical characteristics 

reflecting the amount of information, the energy 

fluctuation, and the amplitude magnitude of the 

contourlet transform coefficients are calculated for each 

subband. For the ith (i = [1; 10]) subband, the 

coefficient at position (x; y) is denoted by Ci(x; y), and 

the amount of information is expressed as shown in Eq. 

(1): 

 
where p(Ci(x; y)) represents the probability distribution 

of the coefficients in this subband and M x N is the size 

of this subband. Then, the energy fluctuation and 

amplitude magnitude are measured in the logarithmic 

domain as follows: 

 
 

 
The reference information extracted from the reference 

image can be stacked as shown in Eq. (4). Compared 

with existing SR SIQA methods, the amount of 

reference data needed is reduced in this paper. 

 
The information obtained from the test image in the 

same fashion as Fr is denoted by Fd. We define the 

feature vector from which the contour integrity can be 

inferred in Eq: 

 
When distortion is added to the test sonar image, 4F is 

related to the quality of the distorted sonar image. 

 

C. Selective Ensemble Learning 

The feature vector 4F includes 30 elements. Since not 

all features share the same importance for contour 

representation, only l elements (l < 30 in this case) are 

randomly selected for model training. An experiment 

was conducted to verify that using a subset of the 

features is superior to using all features. First, we 

randomly chose l elements from 4F 1000 times. Then, 

SVR was applied to relate the extracted elements to the 

corresponding mean opinion score (MOS) values. The 

prediction accuracy of SVR was measured using the 

root mean square error (RMSE). Finally, for each 

selected value of l, 1000 RMSE values were obtained, 

the distribution of which was depicted as a box plot, as 

shown in Fig. 6. The values of l were chosen from the 

sequence 5, 10, . . . , 30. From Fig. 6, we can conclude 

that directly employing the complete feature set for 

quality evaluation may be inferior to using only some of 

the features, since overfitting might be introduced when 

the entire feature set is used. In addition, a decrease in 

the length of the feature vector can lead to better 

performance. Hence, l is set to five in this paper based 

on Fig. 6. The process of feature selection is repeated 

50 times. As a result of feature selection, only partial 
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subsets of features are generated for the base learner 

ensemble. Using each aforementioned partial feature 

subset, a base learner can be obtained. We repeat the 

feature selection and base learner training process m 

times. Accordingly, m base learners can be obtained for 

the ensemble. However, not all obtainable learners will 

offer the same contribution to the performance of the 

ensemble due to their performance differences [46]. In 

this paper, a selection technique is utilized to exclude 

base learners with insufficient performance. We employ 

the generalization error as a performance indicator and 

derive a corresponding performance threshold. A base 

learner with a generalization error larger than this 

threshold is considered a negative base learner to be 

excluded. Accordingly, the positive base learners 

constitute the remaining base learners for the ensemble.  

The output of the ith base learner is Li(s), where i 𝜖 

[1;m]. s follows a distribution Ψ(s), the expected and 

actual outputs of which are es and Li(s), respectively. 

Then, the output of the ensemble on s can be defined as  

 
where 

 
are used to denote the generalization error of the ith 

base learner on s and the generalization error of the 

ensemble on s, respectively. The definitions of Eri(s) 

and cEr(s) are shown in Eqs. (7) and (8): 

 

 
Then, the generalization errors Eri and cEr of the ith 

base learner and the ensemble on the distribution Ψ (s) 

can be expressed as 

 

 
The correlation between the ith and jth base learners is 

 
It is easy to prove that corrij = corrji and corrii = Eri. 

According to Eqs. (6)-(8), cEr(s) becomes 

 

 

 
Fig. 7. The general framework of the selective ensemble 

learning technique. 

 

 
Combining Eqs. (10)-(12), we obtain 

 
In this paper, we initialize identical weights for all base 

learners, that is, 𝜔i = 1/m (i = 1; 2; . .  ;m). Hence, we 

rewrite Eq. (13) as 

 
Then, each learner is examined to determine whether it 

should be excluded. When the kth learner is examined, 

the generalization error after excluding this learner is 

 
From Eqs. (14) and (15), we obtain 

 
If the exclusion of the _th base learner will make the 

final ensemble better, cEr should not be smaller than 

Er
+
, that is, 

 
Considering Eqs. (14)-(16), it can be derived from Eq. 

(17) that 

 
The above equation can be further simplified by 

substituting in Eq. (14): 

 
based on which the threshold Thrk is defined as 
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If the generalization error of the kth base learner is 

larger than Thr_, that is, Erk > Thrk, then this base 

learner should be excluded. After the pruning of the 

negative base learners, the ensemble is implemented by 

averaging the outputs of the remaining positive base 

learners. Fig. 7 depicts the general framework of the 

selective ensemble learning technique, where fi denotes 

one component of 4F extracted from all training 

images. Since there are 30 components in ∆F, i 𝜖 [1; 

30]. Fi (i 𝜖 [1;m]) represents the selected feature group, 

where each group includes five kinds of features. Li (i 𝜖 

[1;m]) denotes the base learner trained using the ith 

selected feature group, and ^ Si (i 𝜖 [1; k]) is the ith 

selected positive base learner. 

 

SIMULATION RESULTS  

 

     
 

     
 

    
 

 
 

CONCLUSION 

This research suggests a task- and perception-

oriented SR SIQA approach based on detection-related 

applications. This approach makes use of the variations 

in global structure before and after distortion to assess 

the quality of the sonar picture. The amplitude, energy, 

and entropy of contourlet transform coefficients 

extracted at various scales and in various directions are 

used to depict the global structure. Then, in order to 

prevent overfitting, an ensemble made up of several 

ideal SVR-based base learners trained on different 

subsets of features is chosen. The TPSIQA approach is 

undeniably superior than the current state-of-the-art FR 

IQA methods and frequently used SR IQA methods for 

NSIs and SCIs, according to extensive trials performed 

on the SIQD database. Additionally, it competes 

favourably with FR and SR SIQA techniques. The 

robustness of the suggested approach is then addressed, 

providing fresh insight into undersea applications that 

are task- and perception-driven.  
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