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ABSTRACT

In underwater sensing, there is a demand for high-speed,
high-resolution optical range imaging of objects in turbid
water. Our prior work adapted commercially available time-
of-flight (ToF) hardware to function in the unique optical
conditions imposed by the water medium- namely, high lev-
els of signal absorption and scattering. In this paper, we
propose an algorithm to denoise the distance data captured
with a ToF camera in turbid water conditions. To this effect,
we use a 2-parameter scale-space generated by the iterative
nonlocal means filter to denoise the DCS data. We then use
these denoised DCS data to reconstruct the denoised dis-
tance image. We test the algorithm on data obtained from a
simulated optical channel as well as real experimental ToF
data. Compared with the local denoising methods, the results
obtained with the proposed algorithm provide demonstrably
improved distance images.

Index Terms— Time-of-Flight (ToF), underwater Li-
DAR, backscatter, underwater optics, denoising

1. INTRODUCTION

In underwater sensing and situational awareness, there is a
need for high-resolution optical range imaging that can be
used to identify objects in turbid water. Even at short range,
underwater optical sensing is known to be challenging due
to the heavy light scattering, and absorption induced by sea-
water [1]. A wide range of technologies with varying capa-
bilities have been applied for such applications. These in-
clude consumer CCD cameras [2], laser line scanning systems
with high-speed source driver circuits, and sampling rates on
the order of GHz [2, 3]. Hardware solutions such as high-
speed [4] or chaotic [5] intensity modulators, specialized op-
tics [6,7], and beam shaping [8] methods have all been shown
to mitigate the effects of light scattering in turbid water. In

†Department of Mathematics, ∗Department of Electrical and Computer
Engineering.
This work is supported by Office of Naval Research grant N00014-18-1-
2291. Any opinions, findings, and conclusions or recommendations ex-
pressed in this material are those of the authors and do not necessarily reflect
the views of the Office of Naval Research.

recent years, many have also found success by applying ad-
vanced signal processing algorithms to filter [9], deconvolve
[10], or denoise [11] the received data. Furthermore, a com-
bination of hardware or optical improvements aided by signal
processing has also been effective [9, 12, 13].

In this work, we use an ESPROS epc660 ToF camera
modified for underwater use and a custom flood illuminator
with pulsed intensity modulation [14]. Images of an under-
water scene are captured at varying levels of measured water
clarity, or turbidity. An advantage of using the ToF camera
is that it provides distance information from underwater ob-
jects. Since an underwater scene may have low contrast, the
distance data obtained from the ToF camera is of particular
interest.

Images obtained by the ToF camera described above are
corrupted by blurring and shot noise [15]. In this paper, we
introduce an algorithm based on a two-parameter scale-space
to denoise the images obtained from the ToF camera. We
note that denoising algorithms with such 2-parameter scale-
space are not uncommon in image processing literature, a
well-known example being the bilateral filter [16]. Further-
more, there exist numerous iterative denoising algorithms in
the literature [17–19]. In particular, Wang et al. [20] propose
iterative application of the nonlocal means filtering for salt-
and-pepper denoising. We note that the parameter h is fixed
in [20], which generates a single parameter scale-space. We
demonstrate that for denoising underwater ToF data, the 2-
parameter scale-space generated by the nonlocal means filter
outperforms the compared local filtering methods.

The rest of the paper is organized as follows: Section 2
provides an overview of the ToF data demodulation and dis-
tance calculations. In Section 3, we propose the use of a 2-
parameter scale-space, generated by the nonlocal means filter,
for denoising. Section 4 discusses the results of the proposed
algorithm on both synthetically generated (Section 4.1) and
experimental ToF data (Section 4.2), for various levels of tur-
bidity. We present concluding remarks in Section 5.



2. PROBLEM STATEMENT

The goal of this work is to denoise the ToF distance data that
has been corrupted by the turbid underwater channel. The
received signal, xR(t), is given by,

xR(t) = Io+Iobj cos(2πfmodt+ φobj)

+IBS cos(2πfmodt+ φBS), (1)

where fmod is the illuminator modulation frequency, φobj is
the object induced phase shift, φBS is the phase shift due
to the backscatter (BS), and Io is the contribution from un-
modulated and ambient light. Iobj , and IBS are the intensity
of the object and backscatter return, respectively. The ES-
PROS epc660 demodulates the received signal, xR(t), with
four different demodulation signals. This results in four dif-
ferential correlation sample (DCS) data, denoted di for i ∈
{0, 1, 2, 3}. These can be compared to the familiar IQ sam-
ples from RADAR literature [21] with d0 = TmodQ, d1 =
−TmodI, d2 = −TmodQ, d3 = TmodI , and Tmod being the
modulation period. Note that there are two samples from each
channel, whose purpose is to help with hardware denoising
and ambient light rejection. The distance value for each pixel
can be computed from the DCS data by,

D =
v

2

1

2πfmod

[
π + arctan

(
d2 − d0

d3 − d1

)]
+ doffset, (2)

where v is the speed of light in water, fmod is the source mod-
ulation frequency, and doffset is a distance offset from a cali-
bration step. In a low scattering scenario, the received signal
in (1) is corrupted by shot noise proportional to Iobj . How-
ever, in turbid waters, the received signal is dominated by the
backscatter return, burying the object in noise that is propor-
tional to IBS . This results in a loss of image contrast in ad-
dition to the forward scatter blurring, presenting a difficult
image processing challenge. The noisy received signal can be
written as,

x̃R(t) = xR(t) + η(t, λ) (3)

where η(t, λ) is a Poisson distributed random variable param-
eterized by λ = var

(
xR(t)

)
. As seen in (2) the distance data

is proportional to the arctan of the ratio
(
d2−d0
d3−d1

)
. When the

data di are noisy, this results in more pronounced variations
in the distance data, worsening the distance image quality.
Hence, instead of denoising the distance image, we choose to
denoise the 4 DCS data and use these denoised configurations
to obtain the distance data.

3. PROPOSED ALGORITHM

In this section we introduce a 2-parameter scale-space for de-
noising. We describe, in order, preprocessing, our method to
produce a 2-parameter scale-space, and how we use that for
denoising the data.

3.1. Preprocessing

The magnitude of the noise in the data di is comparable to
the received signal, resulting in outliers in the data. We de-
fine the outliers as data points whose values are more than 3
standard deviations away from the mean. We use the median
filtering to remove these outliers, i.e we replace the outliers
with median values of the neighbourhood values.

3.2. Producing a 2-parameter scale-space for nonlocal
means filtering

The resulting data after pre-processing still needs denoising.
The general idea behind denoising methods is to replace a
given data point with a denoised value, which is often ob-
tained based on its ‘local’ neighbourhood. Due to the low sig-
nal to noise ratio of the distance data, local denoising methods
are not well suited for our application. Instead, we propose
using nonlocal means filter [22, 23], where, given a data f on
a domain Ω ⊂ R2, a denoised image NL[f ](·, h) is obtained
using the following closed form equation:

NL[f ](x, h) =
1

C(x)

∫
Ω

e−
Ga∗‖f(x+·)−f(y+·)‖2

h2 f(y) dy.

In the above equation x ∈ Ω, Ga is a Gaussian kernel with
standard deviation a, h defines the degree of filtering, and
C(x) is the normalizing factor. This amounts to replacing ev-
ery pixel in the given image f with the weighted mean of the
values at points in its ‘nonlocal’ neighborhood. The param-
eter h affects the degree of smoothing. For a small value of
the parameter h fewer pixels are included in the computation
of the weighted nonlocal mean. On the other hand, for large
value of h more number of pixels (potentially all pixels in
the image) are considered in computing the mean. Buades et
al. [22] use the parameter h as some multiple of the standard
deviation, σ̂, of the estimated noise, i.e. h = ασ̂.

3.3. Denoising the distance data

For the distance images obtained using the ToF camera the
signal to noise ratio could be very low, and often negative
for the individual DCS data. Thus, algorithms to estimate
noise from the noisy data are often inaccurate. To circumvent
this issue, we produce images {dα,ni }α>0,n∈Z+ where α is a
suitable multiplier of the estimation of the standard deviation
of the noise, and n is the number of iterations. We note that
dα,ni is oversmoothed if either α, or n is increased indefinitely.
Thus, the family {dα,ni }α>0,n∈Z+

describes a 2-dimensional
scale-space, cf. [16, 17]. Hence, appropriate selection of α
and n is needed. Once we obtain the denoised DCS data, we
recover the denoised version of the distance data using (2).
We describe this procedure in Algorithm 1.



Algorithm 1: Denoising the DCS data to obtain the dis-
tance image.

1 Preprocess the DCS data d0, d1, d2, d3 to eliminate the
outliers (see section 3.1).

2 Compute σ̂2(di), the estimate of the noise variance in
the images di for i = 1, . . . 4

3 Set dα,0i = di for i = 1, . . . 4
4 for i = 1 to 4 do
5 for α > 0 fixed do
6 for j = 1 to n do
7 dα,ji = NL[dα,j−1

i ](·, ασ̂(di))
8 end
9 end

10 end
11 Set di = dα,ni for i = 1 to 4.
12 Obtain the distance image D using (2).

4. RESULTS

We test our algorithm on both synthetic and experimental
data to determine its effectiveness. We choose a subset of
the turbidity levels from experiments in [14] for denoising.
The selected levels are given in Table 1, which can also be
used to relate attenuation lengths (AL) to measured turbidity.
According to Beer’s Law, the beam attenuation coefficient c
describes the exponential power loss experienced when light
propagates a certain distance z through the channel. The at-
tenuation lengths given by AL = cz is a useful way to com-
pare experiments at different ranges and turbidity levels. We
compare the results of the denoising algorithm on simulation
data in Section 4.1. A depiction of the two-parameter scale-
space is given in Fig. 1. The experimental results are given
in Section 4.2. Simulation results can be compared to Fig.
2(a), while experimental results can be compared to Fig. 2(b).
These images represent the object in clear water for the sim-
ulations and the experiments, respectively.

4.1. Results with synthetic data

We use the lighthouse image given in Fig.1(a) to demonstrate
the 2-parameter scale-space produced by the nonlocal means
filter. We add Poisson noise (also referred to as the shot noise)
with λ = 8000 to the image Fig.1(a) resulting in Fig.1(b) with
SNR = −37.27 dB. Fig. 1(c-f) depict representative images
in the 2-parameter scale-space of the nonlocal means filter.

We now demonstrate the denoising algorithm on a sim-
ulated object. To this effect, we simulate the blurring and
backscatter induced by the underwater channel using the
Waveform Response 3D (WR3D) simulator. WR3D is an an-
alytic simulator which solves the radiative transfer equation
and calculates the optical impulse response under a set of
assumptions [24]. We add shot noise, with λ equal to signal

(a) (b) (c)

(d) (e) (f)

Fig. 1. (a) Original image, (b) noisy image, (c) result of the
algorithm for α = 0.6, n = 1, (d) result of the algorithm for
α = 0.6, n = 3, (e) result of the algorithm for α = 0.6,
n = 5, (f) result of the algorithm for α = 0.6, n = 20.

variance as in (3), to the output from WR3D, and emulate the
hardware demodulation. The outcome is the simulated noisy
DCS data, with resulting amplitude image given in Fig. 2(a)
for clear water. As turbidity increases, the forward scatter
blurring becomes more pronounced, as depicted in Fig. 3(a)
with AL = 14.98 and no added noise. Fig. 3(b) shows the
effect of added shot noise to Fig. 3(a), resulting in an SNR
of −0.37dB. In Fig.3(f) we see the result of the proposed
algorithm on the distance data shown in Fig. 3(b). In the case
of synthetic data, the proposed algorithm was more effective
in denoising the distance data than local denoising methods,
such as bilateral filter [16], TV denoising [25], and TV flow
denoising [26] as seen in Fig. 3(c), (d), and (e), respectively.
Though blurring from forward scattered light is still present,

(a) (b)

Fig. 2. (a) Simulated object in clear water AL = 0.03, (b)
image of object from AL = 0.74 in the experimental dataset.
Note that both clear water images have good contrast and no
noticeable blurring.



Measured c (m−1) Attenuation Lengths (AL)

1.233 0.740
3.128 1.877
6.113 3.668
8.956 5.373

14.355 8.613
24.972 14.983

Table 1. Select experiment parameters from our previous
work

(a) (b) (c)

(d) (e) (f)

Fig. 3. (a) Original synthetic distance image at AL = 14.98,
(b) distance image with simulated noise added, (c) result of
the bilateral filter, (d) result of the TV regularization with
λ = 1, (e) result of the TV flow, (f) result of the proposed
algorithm for α = 4, n = 8.

the shot noise has effectively been removed.

4.2. Results with experimental ToF data

In Fig. 4 we see the results of the algorithm on real under-
water distance data obtained from the ToF camera. The ex-
periments were performed in a small-scale test tank with the
adapted ToF camera and a 4 cm tall object at a standoff dis-
tance of 0.7 m. More details about the experiment can be
found in [14]. We select a subset of the turbidity levels from
these experiments for denoising. The distance images dis-
played in Fig. 4 (a), (c), and (e) represent the raw noisy im-
ages taken at AL = 3.67, AL = 5.37, and AL = 8.61, re-
spectively. The denoised images, Fig. 4 (b), (d), and (f) show
a clear improvement and denoising of the underwater object,
without causing any further blurring of the edge features.

5. CONCLUSIONS

In this paper, we proposed an algorithm for denoising DCS
data and reconstruct the distance data, via a 2-parameter
scale-space using nonlocal means. We compared the pro-
posed algorithm to other established techniques by denoising

(a) (b)

(c) (d)

(e) (f)

Fig. 4. (a) Distance image obtained from the experimental
setup with AL = 3.67 and (b) result of the algorithm, (c)
Distance image obtained from the experimental setup with
AL = 5.37 and (d) result of the algorithm, (e) Distance im-
age obtained from the experimental setup with AL = 8.61,
(f) result of the algorithm. For all cases the algorithm used
α = 2, n = 5.

synthetically generated DCS data. In this work the value of
the parameters α and nwere empirically chosen. In our future
work, we aim to automate the selection of these parameters.
We also aim to test this algorithm on a new experimental
dataset, which will be captured at the large-scale testing fa-
cility at Clarkson University, which allows for object standoff
distances of up to 8 meters.
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