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Abstract: When side-scan sonars collect data, sonar energy attenuation, the residual of time varying
gain, beam patterns, angular responses, and sonar altitude variations occur, which lead to an uneven
gray level in side-scan sonar images. Therefore, gray scale correction is needed before further
processing of side-scan sonar images. In this paper, we introduce the causes of gray distortion in
side-scan sonar images and the commonly used optical and side-scan sonar gray scale correction
methods. As existing methods cannot effectively correct distortion, we propose a simple, yet effective
gray scale correction method for side-scan sonar images based on Retinex given the characteristics of
side-scan sonar images. Firstly, we smooth the original image and add a constant as an illumination
map. Then, we divide the original image by the illumination map to produce the reflection map.
Finally, we perform element-wise multiplication between the reflection map and a constant coefficient
to produce the final enhanced image. Two different schemes are used to implement our algorithm.
For gray scale correction of side-scan sonar images, the proposed method is more effective than the
latest similar methods based on the Retinex theory, and the proposed method is faster. Experiments
prove the validity of the proposed method.
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1. Introduction

With the continuous development of side-scan sonar technology, aspects of side-scan sonars, such
as data acquisition stability, sonar image resolution, and image clarity have been improved, providing
better technical support for hydrographic surveying and charting. Given the development of marine
resource, it is necessary to scan the seabed with side-scan sonars to grasp the general information
of the seabed scene and topography for many applications, such as offshore oil drilling, channel
dredging, submarine pipeline detection, seabed structure detection, marine environment detection,
marine archaeology, and detection and location of large-scale seabed targets [1–4].

In Figure 1, a side-scan sonar is scanning the seabed scene. The side-scan sonar transducer installed
on both sides of the Autonomous Underwater Vehicle (AUV) emits spherical acoustic signals. After
reflection from the seabed, the reflected signals are collected and received by the receiver according
to the transmission time of the sonar signal. A side-scan sonar image is formed by converting the
reflected signal intensity into the gray level. However, the energy of the sonar acoustic wave can
attenuate in water. There are three main types of attenuation. The first category is physical attenuation,
the second is the absorption of seawater and the third is echo attenuation [5–7]. In addition to the
causes of sonar energy attenuation, side-scan sonar image is also affected by beam patterns, angular
responses of different sediments, and changes in seabed topography [7–9]. Based on the above reasons,
the gray-scale of side-scan sonar images is uneven.
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which can be categorized into six kinds of methods. 

2.1. Time Variant Gain (TVG)  

 The TVG method is a commonly used method for gray scale correction of side-scan sonar 
images. The time variant gain method, adopted by Johnson et al., is based on the distance between each 
point of the seabed and the sonar array in the side-scan sonar image [9,13]. The side-scan sonar images 
are compensated using Equation (1): 
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the compensation. The TVG method is usually implemented using hardware. While the intensity can be 
compensated for, to a certain extent, it is impossible to mimic the same sonar energy attenuation process. 

Figure 1. Working schematic diagram of a side-scan sonar.

As shown in Figure 2, the original side-scan sonar image has uneven gray distribution, which
affects the interpretation of the side-scan sonar image and the subsequent image processing. Therefore,
gray scale correction should be conducted before processing the side-scan sonar image, such as image
matching, stitching, and target recognition [10–12].
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2. Current Gray Scale Correction Methods for Side-Scan Sonar Images

At present, many kinds of gray scale correction methods are available for side-scan sonar images,
which can be categorized into six kinds of methods.

2.1. Time Variant Gain (TVG)

The TVG method is a commonly used method for gray scale correction of side-scan sonar images.
The time variant gain method, adopted by Johnson et al., is based on the distance between each point
of the seabed and the sonar array in the side-scan sonar image [9,13]. The side-scan sonar images are
compensated using Equation (1):

EL = 2TL− TS = 30lgR + 2αR/103
− S f (1)

where EL is the compensation amount, TL is the energy loss caused by the propagation process, TS
is the target strength, R is the propagation distance, α is the absorption coefficient, Sf is the seabed
backscattering intensity. Since α and R cannot be easily obtained, their empirical values are required in
the compensation. The TVG method is usually implemented using hardware. While the intensity can
be compensated for, to a certain extent, it is impossible to mimic the same sonar energy attenuation
process. Sometimes unrealistic gain parameters cause secondary gray distortion. Two problems arise
if we use the algorithm in Equation (1) to gray correct side-scan sonar images. (1) It is difficult to
determine the specific values of the parameters in Equation (1) only using side-scan sonar images,
so imbalanced correction may occur. (2) Different side-scan sonar images require different parameters
in the TVG equation to achieve better image enhancement, so the algorithm is not universal.

2.2. Histogram Equalization (HE)

Histogram equalization is used to improve the uniformity of the gray distribution of the side-scan
sonar image by adjusting the gray distribution of the entire image. The essence of histogram equalization
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involves enlarging the gray level difference of the image, and the overall contrast of the image is
improved after equalization. HE has been widely used because of its simplicity and directness [14].
However, HE often increases image noise, and because some gray scale merging results in blurring the
weak edges of the image, it leads to over-enhancement in the regions with large histogram peaks, which
is extremely disadvantageous to side-scan sonar image processing. Therefore, histogram equalization
is not the best method to address gray distortion in side-scan sonar images.

2.3. Nonlinear Compensation

Nonlinear compensation involves dividing the range of 0 to 255 gray levels into many parts,
and then to compensate the gray value of different parts with a piecewise function. However, this leads
to excessive gray correction in side-scan sonar images, which may distort the original information of
the side-scan sonar image [15].

2.4. Function Fitting

Function fitting method involves using N Ping side-scan sonar data as the selected image. Then,
according to the average value of pixels in the column of the selected sonar image, the gray change
curve is obtained in the row direction and it is fit with a function. Next, the image is compensated
and corrected according to the function obtained by fitting. The representative methods are mixed
exponential regression analysis (MIRA) [16] and the method was proposed by Al-Rawi et al. [17].
The MIRA method uses an exponential function, such as Equation (2), to fit the gray level change of
the side-scan sonar image, and then compensates the image by normalization.

f (z) = aebz + cedz (2)

where, a, b, c, and d are the four weights representing the echo decay for each ping signal, and z is the
spatial location (or index) of each sample within the ping. Shippey et al. [14] stated that the gray level
distribution of side-scan sonar image per ping is closer to a Rayleigh distribution than exponential
distribution. Therefore, the cubic spline model was used to compensate and correct the side-scan sonar
image by the fitting polynomial function.

2.5. Sonar Propagation Attenuation Model

Burguera et al. [18] analyzed the side-scan sonar propagation model, which can be expressed by

I(p) = K ·Φ(p) ·R(p) · cos(β(p)) (3)

where I(p) is the echo intensity, which is the received side-scan sonar data intensity; K is the normalized
coefficient; Φ(p) is the acoustic penetration intensity; R(p) is the reflection intensity of the acoustic
wave on the seabed; and β(p) is the incidence angle of the sonar. As the seabed reflection intensity is
needed, I(p) can be obtained from the propagation model formula. The acoustic penetration intensity
model can be derived from the sensitivity model proposed by Kleeman and Kuc [19], but the influence
of the incident angle of the sonar on the intensity of side-scan sonar is excluded in Burguera et al. [18].
Thus, the correction effect is not good, and the parameter information in the calculation equation
needs the parameter information and propagation information of side-scan sonar, so this method is
not suitable for gray scale correction of a single side-scan sonar image.

2.6. Beam Pattern

The beam pattern is determined by the working characteristics and physical design of the sonar
sensor array [7], but it is also one of the reasons for the uneven gray level of side-scan sonar images.
Chang and colleagues [6,7,9] determined the energy distribution function relative to the angle by
summing up the energy levels for each angle over the whole data series. Then, according to the
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statistical results, the average energy of each angle can be obtained. Finally, the inverse of this average
can be applied as a correcting factor to individual datum in the time series. However, this method
needs to consider the change in seabed topography and seabed sediments; otherwise, the correction
image will be poor.

3. Gray Scale Correction Method Based on Retinex

The image processing algorithm based on Retinex theory is a commonly used optical image
defogging and low illumination image enhancement algorithm, which was proposed by Land in
1963 [20]. It decomposes an image into an illumination map and a reflectance map, expressed as

S(x, y) = R(x, y) ∗ L(x, y) (4)

where, S(x,y) is the original image, R(x,y) is the reflectance map, L(x,y) is the illumination map, and the
operator * means element-wise multiplication. The reflectance map reflects the essential information of
the scene in the image, and the illuminated map reflects the brightness information of the environment
in the image. The change in brightness information results in the change in the gray value of the image.
Therefore, to ensure that the image can normally reflect the scene information, we need to reduce the
influence of illumination change on the original image.

The commonly used image enhancement methods based on Retinex include Single Scale Retinex
(SSR), Multi-Scale Retinex (MSR), Multi-Scale Retinex with Color Restoration (MSRCR), and Multiscale
Retinex with Chromaticity Preservation (MSRCP) [21–24].

The SSR method uses Retinex to deform Equation (4) by calculating the logarithm to produce the
reflection map:

r(x, y) = log R(x, y) = log(
S(x, y)
L(x, y)

) (5)

Firstly, we get the low-pass function that is calculated with Equation (6), then use the low-pass
function to estimate the illumination map that corresponds to the low frequency part of the original
image. Thus, the reflection map represented by the high frequency component of the original image
can be obtained with Equation (7). Finally, the obtained logarithmic reflectance map is restored to the
corrected image.

F(x, y) = λe−
(x2+y2)

c2 (6)

r(x, y) = log S(x, y) − log[F(x, y) ⊗ S(x, y)] (7)

where c is the Gaussian circumference scale, λ is a scale, and ⊗ represents convolution operation.
The image corrected by the SSR algorithm may cause blurring and excessive correction, so the

original image is processed by multi-scale low-pass function in the MSR algorithm. The multi-scale
low-pass function is the weighted sum of multi-scale low-pass function in SSR algorithm. Thus, we can
implement the algorithm with Equation (8).

r(x, y) =
∑K

k
Wk

{
log S(x, y) − log[Fk(x, y) ⊗ S(x, y)]

}
(8)

where, K is the number of F(x,y), when K = 1, MSR is SSR. Wk is the weight. The value of K is usually 3
and W1 = W2 = W3 = 1/3.

As images processed with the MSR algorithm have a color imbalance, MSRCR and MSRCCP
algorithms were developed on the basis of MSR. The MSRCR algorithm uses a color restoration factor
to avoid the color imbalances caused by image local contrast enhancement. MSRCP uses the MSR
algorithm and intensity information of each channel of image to enhance image.

At present, some new algorithms are based on Retinex. Guo et al. [25] proposed a simplified
enhancement model called low-light image enhancement (LIME). They used max-RGB technology to
estimate the illumination map, which takes the maximum value of the three channels of color image R,
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G, and B, then uses structure to refine the illumination map, uses gamma correction to re-estimate the
non-linearity of the fine illumination map as the illumination map, and finally uses Retinex to obtain
the enhanced image. The naturalness preserved enhancement (NPE) [26] algorithm is a non-linear
uniform illumination map enhancement method. The image is decomposed into an illumination map
and a reflection map by a filter, then the illumination map is transformed, and finally the illumination
map and reflection map are merged again as the final enhancement image. Simultaneous reflection
and illumination estimation (SRIE) [27] is a weighted variable model for simultaneous estimation of
reflected and illuminated images. The estimated illuminated map is processed to enhance the image.
Fu et al. [28] proposed a multi-deviation fusion method (MF) to adjust the illumination by fusing
multiple derivations of the initially estimated illumination map.

4. Our Method

The key to the image enhancement algorithm based on Retinex lies in the acquisition of illumination
map and the restoration of the reflection map and image color. Firstly, we obtain the smoothed image by
smoothing the original image, and adding a constant value to the smoothed image as the illumination
map L(x,y). The constant value is added to avoid noise in the enhanced image. Then, the reflection
map R(x,y) is acquired based on an element-wise division according to Retinex with Equation (4).

As the gray value of the reflected map pixels obtained is low, we need to restore the illumination
and color of the reflected map. We multiply the reflected map R(x,y) directly by a constant coefficient.
The bigger the constant coefficient, the bigger the gray value of the corrected image, and the brighter
the enhanced image. Experiments were conducted afterward.

Side-scan sonar images are different from natural images, so we considered the following when
designing the image enhancement algorithm for side-scan sonar images: (1) Since the side-scan sonar
image is originally a gray-scale image and the color side-scan sonar image is the result of pseudo-color
processing, we did not use max-RGB technology to obtain illumination map, but directly converted
the pseudo-color sonar image into gray-scale. (2) As there is no large change in the gray gradient in
side-scan sonar images, we used the mean filter or bilateral filter to directly smooth the gray image of
the side-scan sonar image, which not only meets the requirements of gray scale correction of side-scan
sonar images, but also improves the speed of the algorithm. (3) In side-scan sonar images, there may
be a large area of black area nearby because of a hilltop or raised terrain. Therefore, we added a
constant to the smoothed image as the illumination image L that avoids much of the noise or “cartoon”
phenomena in the black area of the enhanced image. In summary, considering the characteristics of the
side-scan sonar image, we propose a side-scan sonar image enhancement algorithm based on Retinex.

According to our proposed algorithm, we use Equation (9) to correct the gray scale of side-scan
sonar images:

S′(x, y) = A
S(x, y)

(S(x, y) ⊗ F(x, y) + a)
(9)

where S(x,y) represents the original image, S(x, y) ⊗ F(x, y) + a is the illumination map L, F(x,y) is a
smoothing filter function, and a is a constant. The constant is mainly used to suppress noise. A is a
constant coefficient through which the gray value of the corrected image can be adjusted to change the
brightness of the corrected image.

The filtering function F(x,y) can be used in many filtering methods. Due to the characteristics of
side-scan sonar images and considering the time complexity of the algorithm, we choose two methods:
Mean filter and bilateral filter. Mean filter is the simplest linear filtering operation. Each pixel of the
output image is the average value of the corresponding pixel of the input image in the core window.
Mean filtering is the simplest linear filtering operation. Each pixel of the output image is the average
value of the corresponding pixel of the input image in the core window. The mean filtering is fast, but
does not protect image details well. Bilateral filtering is a non-linear filtering method that combines the
spatial proximity and the pixel value similarity of the image. It also considers the spatial information
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and gray level similarity. Its advantage is that the algorithm is simple and can protect the image edge,
but its disadvantage is that it is slower than mean filtering.

In our algorithm, the parameters A and α are constant. We will provide experiments to analyze
the influence of the changes of A and α on the enhancement of side-scan sonar image, and how to
select and adjust their respective values.

Our method and SSR method have similarities and differences. The similarities are that both
methods are based on Retinex and use smoothing to obtain illumination map. The differences are as
follows: (1) Firstly, the SSR method calculates the logarithm of the original image, and then smooths
the image with a Gaussian low-pass function to obtain the illumination map. However, our method is
to directly smooth the original image with mean filtering or bilateral filtering to obtain the illumination
map. (2) The SSR method takes the anti-logarithm operations to restore the illumination of the image.
However, the enhanced image often looks unnatural and frequently appears to be over-enhanced.
Our method is to multiply the reflectance map directly by a constant to restore the illumination of
the image. (3) Our method adds a constant to the smoothed image as the illumination map, which
avoids a lot of noise in the enhanced image, while the SSR method fails to avoid the problem of
noise generation. Therefore, our method is more suitable for side-scan sonar image enhancement.
The following experiments support our conclusion.

Considering the time complexity of the algorithm and the characteristics of side-scan sonar images,
we implemented our method by means of mean filtering and bilateral filtering, then analyzed and
evaluated the two smoothing schemes through experiments.

5. Experiments and Analysis

In this section, we provide the overall framework of the proposed algorithm, as shown in Figure 3.
First, we obtain the gray image from the original side-scan sonar data, or gray the pseudo-color
side-scan sonar image to obtain the gray image of side-scan sonar image. Then, the gray image of the
side-scan-sonar image is filtered to obtain the smooth image. The constant coefficient a is added to
the smoothed image as the illumination map L in the Retinex model, and then the reflected map R is
obtained based on an element-wise division using Equation (4). The reflected map R is multiplied
by a constant coefficient A as the enhanced image. Finally, the enhanced gray image is pseudo-color
processed to obtain the final gray scale corrected side-scan sonar image.
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5.1. Experiments and Analysis of Parameter A

The constant coefficient A can be adjusted using this method. If a brighter gray scale correction
image is needed, the value of A can be set higher, and vice versa. We analyzed it through experiments.
In the experiment, the size of the original sonar image was 800 × 525 pixels. We set the constant a to 15.
Then, we smoothed the image using the mean filter. The size of the filter template was set to 1/17 of the
size of original image, and A was set to 80, 140, and 200.

The experimental results are shown in Figure 4. The results show that the side-scan sonar image
corrected using this method can correct the original gray distortion image, so that the image scene
information scanned by sonar can be displayed normally. The size of A only affects the overall
brightness of the enhanced image and does not cause secondary distortion of the enhanced image.
The enlarged detail image shown in Figure 5 shows that the gray distortion of the original image
is serious. After gray scale correction, the gray distortion of the image disappears, and the texture
information of the image is displayed normally. In the experiment, the bigger the value of A, the higher
the gray value of the corrected image, and the clearer the image. The adjustment of A does not affect the
overall gray distribution of the enhanced image, but only the overall brightness of the enhanced image.
However, when the value of A is set too large, the image is too bright, and the enhanced brightness is not
suitable for human perception. We did not fix A to a size. If different brightness enhancement images
are required, adjust the value of A. If A must have a fixed value, we recommend A = 140, because we
do a lot of experiments in Appendices A and B, A = 140 meets the experimental requirements.
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Figure 5. Local enlargement of Figure 4. (a) Original image and corrected image with (b) A = 80, (c) A
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5.2. Experiments and Analysis of Parameter a

In our algorithm, constant a is used to suppress the noise. We experimentally analyzed the
selection of the a value. In the experiment, we set the constant A to 140. Then, we smoothed the image
using the mean filter. The size of the filter template was set to 1/17 of the size of original image, and a
was set to 0, 5, 10, 15, 30, 40, and 60.

As shown in Figure 6, when we changed the value of a while the other parameters remained
unchanged, the noise in the dark area of the enhanced image was amplified with the decrease in the
value of a, and vice versa. However, since we add a to the smoothed original image as the illumination
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estimation of the original image, when a increases excessively, the estimated illumination cannot
accurately represent the illumination map of the original image. If the a value is too large, the effect of
image correction worsens, as supported by our experimental results. The parameters setting of the
side-scan sonar may be different in different batches of sonar data, which leads to differences in the
image characteristics of side-scan sonars. Thus, the value of a is an empirical value. According to
our experiment and as shown in the experimental results in Appendix B, the value of a is about 15.
The value of a does not need to be adjusted for the same batch of side-scan sonar images, and different
batches may require fine-tuning.
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5.3. Experiments and Analysis of Smoothing Function

In this algorithm, the gray image from a side-scan sonar can be smoothed using many methods.
Bilateral filtering was used to smooth side-scan sonar images, which was compared with the
experimental results of mean filtering. In the contrast experiment, A was set to 140 and a to 15.
Figure 7 compares the experimental results produced when using the mean filter and bilateral filter.
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As shown in Figure 7, the enhanced images produced by these two methods are similar overall,
but in terms of image details, the experimental results show that the illumination map L produced
by bilateral filtering is clearer than the illumination map L obtained by mean filtering in the water
column area, and the mean filtering is blurred. The smoothed image obtained by bilateral filtering
reflects the illumination distribution of the original image better, and the corrected image obtained in
the experiment is more stable and clear. To see more clearly, we enlarged part of Figure 7. As shown in
Figure 8, because the gray image is smoothed with only the mean filter, the gray image after smoothing
has an unclear gray boundary in the region with a large gray gradient. The illumination map smoothed
by mean filter cannot accurately express the illumination distribution of the original image, especially
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around the region with a large gray gradient. Therefore, the corrected image obtained using the mean
filter will show some over-enhancement and the halo phenomena in the areas where the gray level of
the original image changes too much. The corrected image produced using the bilateral filter is more
normal, and there is no halo phenomenon because the map produced with bilateral filtering is more in
line with the actual gray distribution of the original image.

Figure 8. Comparison of experimental details: (a) smoothed image using mean filter, (b) mean method
results, (c) smoothed image using bilateral filter, and (d) bilateral method results.

5.4. Comparative Experiments and Analysis of Other Methods Based on Retinex

Considering several commonly used image enhancement methods based on Retinex, we used
different original side-scan sonar images to verify the stability and advantages of our proposed image
enhancement algorithm, and used SSR, MSR, MSRCR, and MSRCP of four commonly used image
enhancement methods based on Retinex for comparison with our methods. The parameters of bilateral
filter were set as follows: diameter range of each pixel neighborhood was set to 35, sigma-color is set to
one-seventh of the height of the original image, and sigma-color represented the sigma value of the
color space filter. The larger the value of this parameter, the wider the colors in the neighborhood of
the pixel are mixed together. Sigma-space was set to one-seventh of the width of the original image
and sigma-spaces represent the sigma values of filters in coordinate space. The larger the sigma values,
the more distant the pixels interact with each other. Our other experimental parameters were as
follows: A was set to 140 and a was set to 15. The results are shown in Figure 9. For better illustration
and display, we enlarged a local area of Figure 9, as shown in Figure 10.

Figure 9. Comparative experiment of common methods based on Retinex. Images enhanced with (a)
SSR, (b) MSR, (c) MSRCR, (d) MSRCP, and (e) using our bilateral filtering method.

Figure 10. Comparison of experimental details. Images enhanced with (a) SSR, (b) MSR, (c) MSRCR,
(d) MSRCP, and (e) using our bilateral filtering method.
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The experimental results show that SSR, MSR, MSRCR, and MSRCP produce considerable noise
and the image sharpness of the enhancement is very poor and the image corrected by the SSR method
cause blurred and excessive corrections. Therefore, these four methods are not suitable for gray
correction of side-scan sonar images. The enhanced image color produced using the MSRCR algorithm
is more consistent with the original side-scan sonar image color than using the MSR algorithm.
The enhancement effect of our method is better than that of the other four methods. The enlarged
detail map shows that the detail map of our method is more clear and stable.

To fairly evaluate the image enhancement algorithm, we used the peak signal-to-noise ratio
(PSNR), information entropy, standard deviation, and average gradient as the evaluation indexes.
PSNR represents the ability of an image enhancement algorithm to suppress noise. The larger the
value, the better the ability to noise suppression and the smaller the image distortion. PNSR can be
calculated with Equations (10) and (11).

MSE =
1

H ×W

H∑
i=1

W∑
j=1

(X(i, j) −Y(i, j))2 (10)

PSNR = 10 log10(
(2n
− 1)2

MSE
) (11)

where MSE represents the mean square error of the current image X and the reference image Y; H
and W are the height and width of the image, respectively; n is the number of bits per pixel, which is
generally 8, meaning the gray scale of the pixel is 256; and the unit of PSNR is dB.

Information entropy is a measure of image information richness and is calculated as

H(X) = −
L=1∑
k=0

PklgPk (12)

where L is the maximum gray level of image X, and Pk is the number of pixels whose gray value of
image X is K.

The standard deviation reflects the dispersion of all image pixel values to the mean value; the
smaller its value, the more balanced the gray distribution of the image. We can calculate standard
deviation using Equation (13), where v(xi) is the gray value of the pixels in the image, v(x) is the
average gray level of the image, and n is the number of pixel points in the image:

Istd =

√√
1
n

n∑
1

(v(xi) − v(x))
2

(13)

The average gradient represents the ability to express the details of the image, the image sharpness,
and texture changes. The bigger the average gradient, the sharper the edge of the image, and the
clearer the image. Average gradient can be calculated with

G =
1

M×N

M∑
i=1

N∑
j=1

√
∆I2

x + ∆I2
y

2
(14)

where ∆I2
x is the gradient in the horizontal direction, ∆I2

y is the gradient in the vertical direction, and M
and N are the height and width of the image, respectively.

According to the experimental results provided in Table 1, the proposed algorithm is superior
to the other four algorithms in PNSR, information entropy, image standard deviation, and average
gradient. So, we proved that the enhanced image produced using our algorithm is clearer, the ability
to suppress noise is stronger, the gray distribution is more balanced, the image information is richer,
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and the details of the image are enhanced. Therefore, the image enhancement algorithm in this paper
is better than the other three algorithms.

Table 1. Objective Evaluation Index of Image Enhancement Algorithms.

Method PSNR Information
Entropy

Standard
Deviation Average Gradient

Original image 6.81746 42.1187 5.89745
SSR 7.50039 6.80343 74.8485 6.4373
MSR 8.42826 5.8048 54.2663 9.2899

MSRCR 6.48304 6.54661 54.3578 6.29672
MSRCP 7.22485 5.66164 43.4622 5.42281

Ours 14.5954 7.58250 43.8442 9.48556

We compared the latest image enhancement algorithms based on Retinex theory. The experimental
parameters of the algorithms were obtained from the parameters set by the respective authors. We did
not change the parameters of the algorithm. We used the smoothing filter and bilateral filter to
implement our method, and the experimental parameters were the same as those used above.
The experimental code was realized using MATLAB (MathWorks, Natick, US). All the experiments
were conducted on a PC running Windows 10 (Microsoft, Redmond, US) OS with 4 G RAM and
a 2.4 GHz CPU. In this paper, three different side-scan sonar images were used for experiments,
representing three types of side-scan sonar images: (a) An image with a large area of black due to the
occlusion of seabed hills (Figure 11a), (b) an image with no black area and more texture (Figure 11b,c)
an image with black areas, textures, and hills (Figure 11c).
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area and more texture, and (c) image with black areas, textures, and hills.

Three different types of side-scan sonar images were compared using low-light image enhancement
(LIME), naturalness preserved enhancement (NPE), simultaneous reflection and illumination estimation
(SRIE), multi-deviation fusion method (MF), and our two methods with mean filtering and bilateral
filtering methods. The experimental results are shown in Figure 12. In terms of enhancement effect,
LIME, NPE, SRIE, MF, and the two methods in this paper obviously enhance side-scan sonar images,
but the image enhanced by NPS method produces a lot of noise in the dark area of the image. As
shown in Figure 13, we enlarged the images of different methods for the second side-scan sonar image.
The local enlarged image shows that there are some inadequate corrections at the left and right ends of
the image enhanced with the LIME, NPE, SRIE, and MF methods, but no such situation was observed
using the two methods in this paper.
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Figure 12. Side-scan sonar images enhanced using (a) LIME, (b) NPE, (c) SRIE, (d) MF, and our method
with (e) mean filtering, and (f) bilateral filtering.

Figure 13. Local enlargement of the second kind of enhanced image (a) LIME, (b) NPE, (c) SRIE, (d) MF,
and our method with (e) mean filtering, and (f) bilateral filtering.

As shown in Figure 14, the histogram gray value of the enlarged image of the four methods,
LIME, NPE, SRIE, and MF, has obvious peaks in the low gray part. However, the two methods in this
paper have no obvious peaks in the low gray part of the histogram. LIME, NPE, SRIE, and MF do
not effectively enhance the image at both ends and the enhancement effect is not as good as the two
methods in this paper.
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To better evaluate the performance of the algorithm, we used PSNR, information entropy, standard
deviation, average gradient, and algorithm running time to evaluate the image enhancement algorithm
as a whole. We calculated the index using the whole enhanced image instead of the local enlarged
image. The evaluation index table is shown in Table 2.

Table 2. Objective evaluation index of image enhancement algorithms.

Original
Image Algorithm PNSR Information

Entropy
Standard
Deviation

Average
Gradient

Algorithm Time-
Consuming(s)

Image1

LIME 12.8283 7.59424 54.9971 11.3484 2.15712
NPE 16.9553 7.21194 45.2014 8.33524 20.9530
SRIE 19.1414 7.28538 46.8345 7.37814 35.7950
MF 19.3875 7.23853 46.1300 8.39727 3.0470

our method of mean filter 14.8291 7.50084 45.5599 9.76665 0.5430
our method of bilateral filter 15.0356 7.50243 44.6718 9.06058 1.7860

Image2

LIME 12.5039 7.55372 53.4062 11.6171 2.0779
NPE 17.4068 7.17702 14.9912 8.01561 20.6560
SRIE 18.9174 7.26646 43.9448 7.51642 33.6090
MF 18.6418 7.25066 42.7528 8.66020 1.5150

our method of mean filter 14.3681 7.56064 44.7653 10.3218 0.5440
our method of bilateral filter 14.5954 7.58250 43.8442 9.48556 1.6880

Image3

LIME 12.9156 7.52301 56.4356 11.98260 2.40157
NPE 18.0214 7.36287 45.1654 8.42337 20.5220
SRIE 19.3221 7.37251 47.1540 7.91938 35.2410
MF 19.0227 7.33752 46.9760 8.49770 1.4690

our method of mean filter 14.9149 7.57515 46.7814 10.30420 0.6860
our method of bilateral filter 15.1388 7.61042 45.8554 9.41506 1.5670

Among the PSNR, information entropy, standard deviation and average gradient of the evaluation
indexes, our algorithm in this paper is similar to the other four latest algorithms. The information
entropy of image enhancement based on bilateral smoothing is the highest, and the information
entropy of image enhancement based on mean filtering method is the second. Our algorithm is faster.
Our mean filter is the fastest, followed by our bilateral filter, then the MF algorithm, in which our mean
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filter method is at least twice as fast as the other methods. The speed of our bilateral filtering method
is equal to MF, which is faster than LIME, NPE, and SRIE. We can use the mean filter and bilateral filter
to smooth the gray image of side-scan sonar image separately and use the two schemes to enhance
side-scan sonar images. The evaluation index shows that the enhancement effect of the bilateral
filtering method in this paper is slightly better than that of the mean filtering method, but the mean
filtering method takes less time than that of the bilateral filtering method. Therefore, the mean filtering
enhancement algorithm is more suitable for online processing situations when the image processing
speed is more important, and the bilateral filtering method is more suitable for side-scan sonar image
enhancement that requires better image enhancement during offline processing. The side-scan sonar
image enhancement algorithm in this paper is simple but not inferior to other high-quality algorithms.
The reasons for this situation are as follows: (1) The original side-scan sonar image is a gray-scale
image, and there are no R, G, and B channels. The color side-scan sonar image is pretreated by
pseudo-color application, so we do not need to use max-RGB technology to obtain the illumination
map of the original side-scan sonar image. (2) The key to using the Retinex image enhancement
algorithm is to obtain an accurate illumination map. The illumination map needs to smooth the details
of the original image as much as possible while maintaining the boundaries of the gray distribution of
the original image. So, the other four methods use more complex algorithms to obtain an accurate
illumination map, which results in an increase in the running time. However, side-scan sonar images
are different from natural illumination images. The gray gradient of the side-scan sonar image changes
little, and there is no case of too large a gray gradient. Therefore, it is not necessary to use a complex
algorithm to obtain a fine illumination image to ensure that the enhanced image does not display a
halo phenomenon. To suppress halo generation, we can achieve the desired effect by increasing the
value of A. (3) The illumination map produced by the other four methods is not smooth enough, which
leads to poor gray level correction and enhancement effect on the left and right ends of the side-scan
sonar waterfall image.

5.5. Comparative Experiments and Analysis of Gray Scale Correction Methods for Side-Scan Sonar Images

The existing gray level correction methods for side-scan sonar images are realized by experiments.
As the TVG method and sonar propagation attenuation model needs to know some side-scan sonar
parameters, we only compared the histogram method, the non-linear gray level compensation method,
and the function fitting method with our mean filtering method. Figure 15 shows that various methods
improve the gray distortion of the original side-scan sonar image after gray correction. The corrected
images obtained by the histogram and non-linear compensation methods show that some areas of
the image are too strong, then the left and right ends of the image are too weak, which leads to an
unsatisfactory enhancement effect of the whole corrected image. The function fitting method and the
method proposed in this paper are better than the other two methods.

Figure 15. Comparison experiments of common methods used to correct side-scan sonar images: (a)
The original side-scan sonar image, (b) histogram, (c) non-linear compensation, (d) function fitting,
and (e) our method.

Figure 16 depicts a histogram comparison of the enhanced images. The histogram correction
method results in overweight correction, which produces a particularly high gray value in some areas
of the image. The non-linear compensation and function fitting methods have too many parts with low
gray values, which proves that the image correction is inadequate. The histogram of the side-scan
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sonar image enhancement method proposed in this paper shows that the gray value distribution
of the side-scan sonar image after correction is uniform, and the correction result of the algorithm
is satisfactory.Remote Sens. 2019, 11, x FOR PEER REVIEW 16 of 22 
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To better analyze the contrast effect of the different enhancement methods, we enlarged the
enhanced image locally. The enlarged image is shown in Figure 17. We found that the texture of the
side-scan sonar image is destroyed by the function fitting method. The enhanced side-scan sonar
images obtained by function fitting, histogram, and non-linear compensation methods have low gray
values at the left and right ends of the image, and the effect of gray correction is not obvious. However,
our method still enhances the local enlargement image very clearly.
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Only visually observing the corrected image may not be sufficient to differentiate the methods.
We also contrasted the image enhancement indexes for the local enlarged image, as shown in
Table 3. The enhanced image in this paper is superior to other methods in information entropy and
average gradient.

Table 3. Indicators comparison of local magnification maps.

Method PSNR Information
Entropy

Standard
Deviation Average Gradient

Original image 6.1333 11.0744 2.55545
HE 9.82301 7.26025 45.695 9.87564

Non-linear compensation 11.4153 7.17749 45.9537 8.71157
Function fitting 9.91988 6.67453 48.7124 8.34709

Our method 8.41441 7.41057 38.7549 13.6594

Our method was compared with the commonly used gray level correction method for side-scan
sonar images. According to the experimental results, our method is superior to the other methods.
Compared with other common methods and the latest optical image methods based on Retinex,
the gray scale correction effect of side-scan sonar images using our method is better than those of these
methods, as shown by the experimental results and data indicators.
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6. Expansion of Our Method

The proposed method is not only suitable for gray level correction of side-scan sonar images,
but can also be used to enhance low illumination optical color images. The steps for low illumination
color image enhancement are shown in Figure 18. Firstly, we separate the three channels of the color
image into R, G, and B channels. Then, we use the above-mentioned method (gray image smoothing
filtering), and add a constant a as the illumination image L. Using Equation (15), the three channels are
separately removed from the illumination image L and multiplied by constant coefficient A to obtain
the enhanced images of the three channels. Finally, the three channels are merged into the final color
enhanced image.

S′rgb = A ∗
Srgb

L
(15)

To verify the speed of our proposed algorithm for low illumination color image enhancement,
we conducted an experiment. The smoothing method used in the experiment was mean filtering.
The size of the filter template was one-seventh of the original image. A was set to 160 and a was set to
17. All the experiments were conducted on a PC running Windows 10 (Microsoft, Redmond, US) OS
with 8 G RAM and a 3.7 GHz CPU. Our code was implemented using C++ and OpenCV, which is an
image processing library.

As shown in Figure 19, we selected four low illumination color images of different sizes for
enhancement. Table 4 shows the time required for low illumination color image enhancement with
different-sized images. Because of its speed, this algorithm can meet the real-time video processing
requirements. If GPU is used to accelerate the processing, the algorithm will be faster.Remote Sens. 2019, 11, x FOR PEER REVIEW 18 of 22 
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Figure 19. Enhancement effect of four low illumination color scene images: (a) scene 1, (b) scene 2,
(c) scene 3, and (d) scene 4.

Table 4. Time required to enhance different-sized low illumination color images.

Scene Image Size Image Occupied Storage Time-Consuming (s)

1 370 × 415 450 KB 0.035
2 560 × 420 689 KB 0.061
3 720 × 610 1.4 MB 0.104
4 1024 × 683 963 KB 0.206

As shown in Figure 19, the first three low-illumination color images are better enhanced by our
image enhancement method, but the fourth image is enhanced with an obvious halo phenomenon.
The halo phenomenon occurs after the image is enhanced in areas where the gray gradient changes
greatly. This mainly occurs because the smoothing method adopted in this paper is too simple,
which results in the obtained illumination map being too rough and the illumination distribution of
the original image is not well expressed. Thus, our enhancement method is more suitable for side-scan
sonar images that where the gray gradients changes are not so abrupt.

7. Conclusions

Side-scan sonars are widely used in ocean exploration. As the original side-scan sonar images
are affected by gray distortion, gray scale correction is needed before any further image processing.
Considering the difference between side-scan sonar images and visible images, we proposed a gray
correction method for side-scan sonar images based on Retinex, which is simple and easy to implement.
Compared with the commonly used gray scale correction methods for side-scan sonar images, this
method avoids the limitations of the current gray scale correction methods, such as the need to know
the side-scan sonar parameters, the need to recalculate or reset the parameters for different side-scan
sonar image processing, and the poor image enhancement effect. Compared with the latest image
enhancement algorithms based on Retinex, our proposed methods have similar image enhancement
indexes, and our method is the fastest. When it is necessary to adjust the brightness of the corrected
image, only the magnitude of constant coefficient A in the algorithm needs to be adjusted. Our method
can also be used to enhance low illumination color images, and the experimental results show that the
algorithm is fast.
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Appendix A

To verify the generality of our method, we used our method (bilateral filtering) to enhance several
original side-scan sonar images and fixed A to 140 and a to 15. The results are shown in the following.

Appendix B

To verify that our method is also suitable for correction of side-scan sonar images in other
batches, we used our algorithm (bilateral filtering) to enhance them. Because we lacked other batches
of side-scan sonar images, we were only able to obtain images by clipping them from previous
studies [7–9] and the quality of the side-scan sonar images was poor. However, the effects of the
enhanced images verified the adaptivity of our algorithm.
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Figure A1. Side-scan sonar image enhancement from Zhao, J et al. [9]: (a) original image with changes
in sediments and (b) enhanced image (bilateral filtering, A = 140, a = 17).
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