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Abstract—The forward-looking imaging sonar is a prospective
solution for underwater visual surveying because it allows long-
range visibility in turbid water, and provides a high frame rate.
However, the acoustic images are degraded by speckle noise. In
this paper, we propose an algorithm to reduce the noise in a series
of acoustic image frames obtained by using a forward-looking
imaging sonar. The time-series model of the acoustic images are
developed for predicting the changes in pixel coordinates. Also,
the Kalman filter estimates the noise-reduced pixels of the images
based on the acoustic image model. This recursive treatment is
suitable for the successive image frames.

I. INTRODUCTION

Underwater surveying is performed for various purposes,
such as scientific research, maintenance of artificial structures,
and investigations of underwater resource [1]. Although optical
imaging, which is the primary method of ground surveying,
can be applied for underwater surveying, the visibility of the
optical image suffers underwater because of the back scattering
and attenuation of visible light, as well as the turbidity of
water [2], [3]. In contrast, acoustic imaging allows long-range
visibility even though water is turbid. Therefore, acoustic
imaging is a prospective solution for underwater surveying [4].

However, the quality of an acoustic image is lower than
that of an optical image [5]. In particular, the acoustic image
is degraded by speckle noise, which is multiplicative noise that
appears in most acoustic images [6], [7]. To solve the problem
of the speckle noise, adaptive filtering and wavelet filtering
algorithms have been adopted [8], [9]. These algorithms focus
on one acoustic image frame obtained using side-scan sonar
that scans wide underwater areas. On the other hand, the
forward-looking imaging sonar provides a series of acoustic
images with high frame rate similar to that of an optical video
camera [10], [11].

Generally, the noise of any time-varying signal can be elim-
inated by recursively averaging the signal [12]. Therefore the
noise of pixels of successive acoustic images can be removed
by averaging each pixel of the images over time. However, this
strategy is only viable when there is no movement of objects
in the acoustic images. If objects are moving, the locations of
the pixels of the objects vary. In this case, therefore, averaging
pixel-by-pixel can cause the blurring of the resulting images
[13].

In this paper, we propose an acoustic image model to
predict the changing pixel coordinates under the assumption
that the imaging sonar is rotated in the yaw direction, which is
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the frequent motion for underwater object investigation [14].
On the basis of these models, we develop a speckle noise
reduction algorithm by using the Kalman filter (KF) [15].
In the proposed algorithm, the coordinates of each pixel are
tracked; thus, the predicted acoustic image can be derived.
Using the predicted image and a new measured image, the
estimated acoustic image is calculated. These processes are
repeated, and the noise-reduced acoustic images are obtained.

The performance of the proposed algorithm is verified
by an experiment conducted in an indoor water tank. Target
objects are located at the bottom of the water tank, and their
acoustic images are obtained using forward-looking imaging
sonar. While rotating the imaging sonar along its yaw axis, we
measured a series of acoustic image frame, and we applied the
proposed algorithm to these image frames. By comparing the
raw and processed acoustic image frames obtained using the
proposed algorithm, the performance of the proposed algorithm
is evaluated.

II. GEOMETRY OF ACOUSTIC IMAGE
A. Definition of Sonar Coordinate

In a spherical coordinate system, the coordinate of a given
position can be denoted as p; = [r « 8]7. As shown in
Fig. 1, the distance between the origin O and ps is denoted
as r, and the elevation and azimuth angles are given by
« and B, respectively [16]. The coordinate system of the
forward-looking imaging sonar, which is called the sonar
coordinate system, can be treated as a two-dimensional polar
coordinate system [16], [17]. Accordingly, p; is projected onto
the sonar coordinate as shown in Fig. 1. In this projection,
a is disregarded; thus, so the sonar coordinate is given by

T
pp = [r ]
B. Relationship between Sonar and Pixel Coordinates of
Acoustic Image

The acoustic image can be defined as an M x N matrix
as follows:
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where M and N are the vertical and horizontal resolutions,
respectively, of the acoustic image. A pixel value whose
coordinate is 7 and j is denoted as s;; [18].
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Fig. 1. Acoustic image coordinate of forward-looking imaging sonar.

The position p,, on the sonar coordinate is mapped to the
discrete pixel value. To discuss the mechanism of mapping,
we must specify the field of view and range of the imaging
sonar, as shown in Fig. 2. The field of view is defined as
the lower and upper bounds of the azimuth angle, which are
Bmin and Bpqz, respectively. The range is defined by the
minimum and maximum distances, which are denoted as 7,5,
and 7,,4,, respectively. The area defined by the parameters
can be observed by the imaging sonar. On the basis of these
definitions, we define the followings:

€5 = ﬂmaz ]:7 Bmln (2)

and , e
max man (3)

M Y
where €g and ¢, are the resolutions of the field of view and
the range, respectively.
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Fig. 2. Relationship between sonar and pixel coordinates.

When the sonar coordinate  and 3 are given, there exists a
pixel s;; that corresponds to these coordinate only if the point
given by the sonar coordinates is located within the observable
area defined by the field of view and the range. That is, the
indices of s;; must satisfy the following conditions: 1 <4 <
M and 1 < j < N. Otherwise, the point given by the sonar

coordinates is outside of the observable area, and no pixel
corresponding to the coordinates exists. The sonar coordinates
can be converted to the pixel indices as follows:

i= (1) = V - TJ +1 )
and
j=fs(B) = V)_i’”J +1 (5)

where |x| denotes the nearest integer to x. Conversely, the
indices of the pixel are converted to sonar coordinates by the
following equations:

r= gr(z) = T'min T+ € (7' - 1) 5 (6)

and
B=98(]) = Bmin + € (j — 1) @)

for1<i<Mand1<j3<N.

III. MODELING OF SUCCESSIVE ACOUSTIC IMAGES
A. Model of Pixel Coordinate Change

Sonar imaging can be performed underwater using the
following motions: sway, surge, heave, roll, pitch, and yaw
[19]. In this paper, we consider only yaw and assume that no
other types of motion occur. Yaw involves rotating the aperture
of the forward-looking imaging sonar to the left or right, that
is, inducing rotation along the Z-axis. Yaw is particularly
important for underwater surveying [14]. The forward-looking
imaging sonar can be fixed on an autonomous underwater
robot (AUV). During investigation, the position, roll, and pitch
angles of the AUV can be fixed by its position-keeping control
to stabilize the AUV [19]. To search and investigate objects of
interest, only the yaw angle of the AUV is changed.

Suppose that the forward-looking imaging sonar yaws
during one sampling interval. In this situation, the sonar
coordinates are changed as follows:

r(t)y=r({t—-1) (8)
B(t) = Bt —1) + AB(R), ©)
where r(t) and 3(t) indicate the sonar coordinates at time ¢.
ApB(t) is the change in the yaw angle during one sampling
interval from ¢ — 1 to ¢, as shown in Fig. 3. Additionally, we

write the pixel value at time ¢ as s;;(t). Its sonar coordinates
can be calculated as follows:

r(t) = gr(2) (10)
B(t) = gs(j)- an

According to Equations (8) and (9), we derive the past sonar
coordinates at ¢ — 1 as follows:

r(t—1) =r(t) (12)

Bt —1) = B(t) — AB(1). (13)

Using r(t—1) and B(t—1), we calculate the indices as follows:
ip = fr(r(t—1)) (14)

Jp = fs(B(t = 1)), (15)



where ¢, and j, are the pixel indices of the past sonar
coordinates r(t — 1) and B(t — 1). Finally, we obtain the
following relationship:

sij(t) = si,j,(t—1).

This result enables us to predict the pixels of the acoustic
image at time ¢ using the pixel values of the acoustic image
at t — 1 and the change in the yaw angle between ¢ — 1 and
t. As mentioned in Section II, this equation is only applicable
when 1 < ¢, < M and 1 < j, < N. If these conditions
are not satisfied, there is no way to predict s;; (t), because its
corresponding pixel in the past acoustic image does not appear
within the the observable area of the forward-looking imaging
sonar.
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Fig. 3. Pixel coordinate transformation during yaw motion.

B. Model of Noisy Acoustic Image Pixels

Generally, the acoustic image is corrupted by the speckle
noise; thus, the measured acoustic image pixel r;; can be
modeled as [6]

rij(t) = 845 (t) X ny;(t), 17

where n;;(t) is the speckle noise. Equation (17) is in nonlinear
form; therefore, it cannot be directly applied to the KF, because
the KF is a linear estimation algorithm. By applying the natural
logarithm to Equation (17), we obtain [20]
In (r;(t)) = In (s45(£) X n;(t))
= In(si;(t) + In (ny;(1)) -
Therefore, we can write the following measurement equation
including additive noise:
Yig (t) = wij () + vij (1),
= In(ri; (%)), i5(t) = In(si;(t)), and vi;(t) =

(18)
19)

(20)

where y;;(t)
In (n;;(t)).

IV. PROPOSED ALGORITHM

State-space (SS) equations can represent dynamic systems
[15]. SS equations are composed of the system and measure-
ment equations. In this section, we develop the process and
measurement equations for a series of acoustic images. The
state of the SS equations is defined as the pixels of the acoustic
images, and they can be estimated by applying the KF.

A. Kalman Filter

The SS equations a linear time-invariant system are defined
as [15]
2y
(22)

x(t) = Ax(t — 1) + Bu(t) + w(t)
y(t) = Cx(t) + v (1),

where x(t) and y(t) are the state and measurement vectors.
A, B, and C are the system, input, and measurement matrices
of the SS equations. w(¢) and v(t) are the system and
measurement noises, respectively. When the noises are zero-
mean white Gaussian noise, the KF can be used to estimate
the optimal state vector of the SS equations [15]. With initial
conditions x*(0) and PT(0), the time-update formulas of the
KF are given by [15]

X (t) = AxT(t — 1) + Bu(t)
P~ (t) = APT(t — 1)AT + Q(1),

fort =1,2,---. Here, X7 (¢ — 1) is the estimated state vector
att—1, and X~ (t) is the predicted state vector at t. P+ (¢t —1)
and P~ (¢) are the estimation and prediction of the estimation
error covariance matrix at ¢ — 1 and ¢, respectively. Q(¢) is the
covariance matrix of the system noise vector. The measurement
update formulas of the KF are given by [15]

(23)
24

e(t) = y(t) — Cx (1) (25)
K(t) =P~ (t)CT (CP~()CT + R(1)) = (26)
X (1) = %F () + K(t)e(t) @7
P (1) = 1-K(t)C) P~ (1), (28)

where e(t) is the estimation error vector, and K(t) is the
Kalman gain. R(¢) is the measurement noise covariance
matrix. I is the identity matrix. The time and measurement
updates of the KF are recursively repeated, and the estimated
state vector converges to the optimal value [15].

B. State-space Equations of Acoustic Image Pixels

For the SS equations of acoustic image pixels, we define
the states as the logarithm of s;;(¢), i.e., x;;(t). Therefore, we
can directly define Equation (20) as the measurement equation.

Now, we discuss the system equation of the SS equations.
According to Equation (16), one of the past pixels at ¢ — 1 can
be substituted for a current pixel at ¢ if the pixel is within the
observed area of the imaging sonar. Otherwise, the current
pixel can not be predicted using the past pixel values. To
deal with these complex situations, we propose the following
system equation:

zij(t) = @i (t — 1) + uii(t) + wis(t), (29)

where wu;;(t) is treated as a force modifying x;;(t — 1), and
w;;(¢) is the system noise added in the pixel. To define w;; (%),



we apply the natural logarithm function to Equation (16),

obtaining:
In (Sij (t)) =1In (Sipjp (t - 1)) . (30)
Equation (30) can be rewritten as
Lij (t) = Tiyjp (t - 1)’ (31)

and is applicable when 1 < ¢, < M and 1 < j, < N. Oth-
erwise, we set x;;(t) as zero, because there is no information
to determine z,;(t). Consequently, we can define u;;(t) as

Jiipjp(t — 1) — $ij(t — 1),
wis (£) = if1<i,<Mand1<j, <N 32)
YU ) gt - ),
otherwise.

C. Proposed Noise Reduction Algorithm

The purpose of the noise reduction algorithm is to estimate
5i;(t) on the basis of the noisy measurements. The strategy
for the proposed algorithm is shown in Fig. 4. The proposed
algorithm has three stages: derivation of u;;(t), time update,
and measurement update using the KF.

Calculate pixel
coordinate change

\ Vul‘, (t)

‘ Time Update H

4-| Changed yaw angle |

A1)

Past pixel |

)

Predicted image
[EXC)
| Measurement Update |<-| Measurement

Estimated image

I

Fig. 4. Proposed strategy for acoustic image enhancement.

Measured image

Before applying the proposed algorithm, the initial values
1(0) and p;(0) must be defined. At the first stage, the change
in yaw angle, AS(t), is measured. The indices of the past
pixel that correspond to the current pixel can be calculated as
follows:

ip = fr(r(t)) (33)
Jp = f8(B(t) + AB(1)), (34)

where r(t) = g¢,(¢) and B(t) = gg(j). Then, u;;(t) can be
derived as

B, (1) — @t - 1),
ifl1<i, < Mand1<j5, <N
(1) = == =Jp = 35

otherwise.

At the second stage, the time-update of the KF is executed
as follows:

() = a5 (t = 1) 4w (t) (36)
pi;(t) = pfi(t = 1) + qi5(1), 37)
where g;;(t) is the system noise variance. When 1 <14, < M
and 1 < j, < N, g;;(t) is set to a moderated value. Otherwise,

q;;(t) must be set to a large positive value because #;;(t) has
high uncertainty.

At the third stage, the pixel value is obtained by the
imaging sonar. By taking the natural logarithm of the measured
pixel values, we obtain yij(t). Next, the estimation error is
calculated as follows:

€ij (t) = yij (t) — .’IA?;] (t) (38)
Then, the measurement update is performed using the follow-
ing equations:
1

9i5(t) = pi; (t) (pi; () + 745 (1)) (39)
&3 () = 2;(t) + gi (D)ei; (¢) (40)
P () = (1= gi; (1) py; (1), A1)

where 7;;(t) is the measurement noise variance. Finally, the
estimated pixel can be derived by taking the exponential
function of ijj (t). In consequence, the noise-reduced acoustic
image at time ¢, i.e., §;;(¢), is given by

§11 512 ce <§1N

N 521 S22 S2N

S = , 42)
Sm1 Sz SMN

where §;;(t) = exp (:i;;(t)) These processes are iteratively
executed for each individual pixel.

V. RESULTS
A. Settings

The experiment is conducted in an indoor water tank, as
shown in Fig. 5. Three kinds of objects — conical, cylindrical,
and spherical in shape, as shown in Fig. 6 — are located at
the bottom of the water tank. We equip an rotator to the
forward-looking imaging sonar so that the yaw angle of the
imaging sonar can be easily adjusted. The forward-looking
imaging sonar is installed on the top of the left side wall of the
water tank. In our experiment, 7,,;, and r,,,, are set to 0.838
and 3.338 m, respectively. The field of view of the forward-
looking imaging sonar is 29°, s0 Bnin and By,q. are -14.5° and
+14.5°, respectively. We set the forward-looking imaging sonar
to identification mode; consequently, the dimensions of the raw
acoustic image obtained by the imaging sonar are 512 x 96.



(a)

Fig. 5. Photographs of indoor water tank and experimental settings: (a) front
view, (b) rear view.

(b) (c)

Fig. 6. Photographs of objects used for experiment (unit: mm): (a) conical
object, (b) cylindrical object, (c) spherical object.

While yawing the forward-looking imaging sonar, we mea-
sure a series of acoustic image frames. We define the forward
direction of the imaging sonar as the positive direction of the
X-axis, as shown in Fig. 7. The instant yaw angle of the
imaging sonar is the angle between the X-axis and the instant
direction of the imaging sonar. The yaw angle of the imaging
sonar and its angular rate while acoustic images are measured
are graphed in Figs. 8 and 9, respectively. We specify three
check points — at 50, 75, and 140 frames — to evaluate the
performance of the proposed algorithm.

B. Performance of Noise Reduction

The proposed algorithm is applied to the series of acoustic
images. For the proposed algorithm, r;;(t) is set to 0.1.
However, ¢;; is dynamically specified. Under the condition
of 1 <i, < Mand1 < j, <N, g is set to 0.01. Otherwise,
g;j is set to 10. The initial values of the estimated pixels are
assigned to the pixel values of the first acoustic image frame.
The initial value of the estimation error variance is set to 1.

The raw and processed acoustic images obtained using
the proposed algorithm at check point 1, 2, and 3 are shown
in Figs. 10, 11, and 12, respectively. These frame-by-frame
comparisons indicate that the noise in the acoustic images
is slightly decreased compared to the raw acoustic images.
However, it seems that there is no significant improvement due
to the algorithm. This is because the proposed algorithm is not
a conventional spatial-domain filtering algorithm but rather a
recursive algorithm that works in the time-domain. To reveal
the true effect of the proposed algorithm, the raw and processed

Fig. 7.

Fig. 8.

Fig. 9.
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acoustic images must be compared with respect to the time-
domain.

(a) (b)

Fig. 10. Comparison between the raw image and processed image at check
point 1: (a) raw image, (b) processed image.

(a) (b)

Fig. 11. Comparison between the raw image and processed image at check
point 2: (a) raw image, (b) processed image.

To verify the performance of the proposed algorithm over
time, we define the difference image as follow:

di1(t)  di2(t) din(t)
do1(t)  daa(t) dan (%)

- ™ : R )
dM‘l (t) dM'Q (1) dun(t)

where d;;(t) = |8;;(t) — 8;;(t — 1)|. The pixel values of the
difference images at check point 1, 2, and 3 are represented
in Figs. 13, 14, and 15, respectively. At check point 1, the
forward-looking imaging sonar is fixed; thus, there is no pixel
coordinate change. Therefore, the pixel values of the difference
image in this situation are ideally expected to be close to
zero, but because of the speckle noise, the pixel values rather
high, as shown in Fig. 13 (a). On the other hand, the pixels
of the processed difference image have low values that are
close to zero; this is also shown in Fig. 13 (b). These results

(a) (b)

Fig. 12. Comparison between the raw image and processed image at check
point 3: (a) raw image, (b) processed image.

indicate that the proposed algorithm can effectively eliminate
the speckle noise.

pixel value

Fig. 13. Graph of raw and processed difference images at check point 1: (a)
raw image, (b) processed image.

pixel value

Fig. 14. Graph of raw and processed difference images at check point 2: (a)
raw image, (b) processed image.

pixel value

Fig. 15. Graph of raw and processed difference images at check point 3: (a)
raw image, (b) processed image.

At check points 2 and 3, the forward-looking imaging sonar



is rotated; therefore, the pixel values of the difference images
are higher than those at check point 1, as shown in Figs. 14 (a)
and 15 (a). This is because the rotation causes a change in pixel
coordinates. Although the pixels are changed by the rotation,
the difference images processed by the proposed algorithm
have lower pixel values than the raw difference images, as
shown in Figs. 14 (b) and 15 (b). These results indicate that the
proposed algorithm can used to reduce the speckle noise over
time, even if the forward-looking imaging sonar is yawing.

C. Feasibility of Pixel Tracking

As shown in Figs. 11 (b) and 12 (b), the proposed algorithm
can be used to derive the processed image without image
distortion such as blurring even if the forward-looking imaging
sonar is yawing. Therefore, the proposed algorithm can be used
to accurately track the change of pixel coordinates on the basis
of the prediction model.

To illustrate this ability of the proposed algorithm, we apply
the proposed algorithm in the same manner as in the previous
experiment but altering the value of the change in yawing
angle AS(t). In this experiment, we set AS(t) to zero for
every iteration. This means that the pixel coordinate prediction
executed in the time update is not used; only the measurement
update is performed.

The results of this experiment are shown in Fig. 16. At
check point 1, the processed image — as shown in Fig. 16 (a)
— appears identical to the processed image in Fig. 10 (b). This
is the expected result because there is no change in yaw angle
until check point 1. However, the processed image at check
point 2 is blurred, as shown in Fig. 16 (b). This is because
the changed yaw angle is not used for the algorithm, even
if the imaging sonar is rotating at check point 2. Therefore,
the image prediction of the proposed algorithm is essential for
treating the rotation. If the image prediction is not applied, the
noise reduction algorithm in the time domain can be only used
for the acoustic images obtained using fixed imaging sonar.

(a) (b)

Fig. 16.
change.

Processed acoustic images without prediction of pixel coordinate

VI. CONCLUSION

In this paper, we propose a speckle noise reduction algo-
rithm for sonar imaging. A series of acoustic image frames

similar to optical video images is obtained using the imaging
sonar. The proposed algorithm is based on the KF, which is a
recursive estimation algorithm in the time domain; therefore,
the variation of pixels of the successive acoustic images can
be treated in real time. For the proposed algorithm, the pixel
coordinate change is modeled to track the variation of pixels
when the imaging sonar is yawing. Consequently, the proposed
algorithm can be applied in underwater surveying that requires
the yaw motion to search and investigate surrounding objects.
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