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Abstract: In this paper, we propose a method for estimating time-to-contact (TTC) of moving objects and cameras
in underwater environments. The time-to-contact is useful for navigating moving vehicles and for avoiding
collisions in the 3D space. The existing methods calculate time-to-contact from geometric features of objects

such as corners and edges. However, if the cameras and objects are in scattering media, such as fog and water,

the degradation of image intensity caused by light scattering makes it difficult to find geometric features in
images. Thus, in this paper we propose a method for estimating time-to-contact in scattering media by using
the change in image intensity caused by the camera motion.

1 INTRODUCTION

In this paper, we aim to extract 3D information from
images in scattering media, such as underwater im-
ages. In particular, we propose a method for estimat-
ing time-to-contact (TTC) of moving objects in scat-
tering media.

Time-to-contact represents the time remaining be-

fore collision (Cipolla and Blake, 1992; Horn et al., (Narasimhan and Nayar, 2003a; Narasimhan and Na-
2007). In the case of an object moving towards the yar 2003b; Narasimhan et al., 2005). For scattering
camera, or vice versa, time-to-contact is useful for 1,q4ia environments, Jeong et al. (Jeong et al., 2015)
navigation and collision 'avoidance of moving vehi- proposed a method for computing time-to-contact
cles in the 3D space. This method does not need cal-pa5ed on a photometric model in scattering media.
ibrated cameras, and does not require a full 3D re- foyever, their method requires a point light source
construction of the scene, freeing it from calibration gti5ched on the camera, and hence it is limited.
errors. , In this paper we propose a method for estimating
The existing methods calculate time-to-contact gime_to-contact in scattering media without using ac-
from geometric features of objects such as comersyye |ight. We consider underwater scattering media
and edges inimages (Cipolla and Blake, 1992). How- enyironments, and assume that the scene is illumi-
ever, if the cameras and objects are in a scattering me,4ieq naturally by ambient sunlight. Our approach
dia, the degradation of image intensity makes it diffi- | iilizes the change in intensity caused by the cam-
cult to find_ge(_)metric features in the captured image, g4 motion, which provides us relative distance be-
as shown in Fig. 1. tween the camera and the object for estimating time-
Recently, Watanabe et al. (Watanabe et al., 2015)_contact. We use the red channel prior proposed by
proposed a method for estimating time-to-contact Gaigran et al. (Galdran et al., 2015), a special case of
from image intensity. Their method can estimate e gark channel prior (He et al., 2011), which consid-
time-to-contact without extracting geometric features, g the quick degradation of intensity in red channel
but it only applies to clear environments without light i, ,nder water environments. While previous works
scattering effects. In situations where the cameras and,,geq these priors for recovering clear images from
objects are in scattering media, the standard photo-gcattering images, we use these priors for directly es-
metric model no longer holds, and we need a more timating time-to-contact in scattering media.
complex model to analyze the photometric properties

(a) Clear air (b) Underwater
Figure 1: Images in clear and scattering media.
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2 UNDERWATER IMAGE
FORMATION

Underwater images are blurry and unclear compared /\/\-»/\/\/\

to clear images, due to the microparticles contained
in the water that interfere with the light propagation

from the scene to the imaging device. A microparti- T S S

cle that comes into a light ray’s path may absorb the

light's intensity (absorption), as well as alter its path object z camera
(scattering). The combination of these effects atten- Figure 2: Underwater image formation model.

uate the overall light that is finally captured by the

camera. We can now calculate the direct component of

The effects of absorption and scattering in under- |ight based on the transmission of the water. Since
water images are characterized by certain coefficients,the coefficientc is wavelength dependent, the direct
which will be referred to as the absorption coefficient component can then be calculated as follows:
and scattering coefficient. The value of these coeffi-
cients are different depending on the body of water la(A) = lo(A).p(A).e~M)2 3)
(Smith and Baker, 1981; Ahn et al., 1992). Addition- ) _ ]
ally, the scattering and absorption coefficients in un- Where the termg annotates the intensity of the light
derwater environments are wavelength dependent. ~ source, ang is the reflectance of the object.

The final light intensity observed at the camerain
scattering media consists of three components, which2.2 Backscattering Component
are the direct componehy, the backscattering com-
ponently, and the forward scattering componénas The backscattering compondptis the light travel-
follows: ing from the light source that encounters a micropar-

| =lg+1lp+1s (2) ticle and is scattered directly into the camera without
arriving at the object. This does not contain any in-
formation about the object, and results into a veiling
effect. This component reduces image contrast and
obscures geometric features of the object. In natural
underwater environments particularly, the scattering
effects are higher in the longer wavelengths, resulting
in a bluish hue.

In our model we assume the scattering to follow a
. single scattering model such as in (Narasimhan et al.,
2.1 Direct Component 2005). In the single scattering model, light rays are

scattered to all directions from the micropatrticle. This
The direct componerhg is the ||ght traveling fromthe property is represented by using a phase funcfion
light source that arrives at the object and is reflected As in (Narasimhan et al., 2005), we use the first-order
directly back into the camera. This component con- approximation of the phase function, as follows:
tains direct information about the target object such
as color and shape. In underwater environments, this
I component becomes attenuated.

The amount of light that is able to arrive at the \yhereq is the angle between the incoming and re-
camera depends on the transmissiafithe medium.  flected light ray, ang € (—1, 1) to show the shape of
According to the Beer-Lambert law, the lightintensity - the phase function.
will decrease exponentially with respect to distance  ysing the phase functio(g,a), Ip can be de-
traveled, as follows: scribed as follows:

1T=e% ()

These three components are depicted in Fig. 2.
It is known that the effects of forward scattering
are small compared to the direct component and
backscattering component (Schechner and Karpel,
2005). Thus, we assume that the effectt;adre neg-
ligible, and only consider the direct compongnand
the backscattering compondpin Eq. (1).

P(g,0) = %T(lJrg.cosa) 4)

wherez denotes the distance of the object from the
camera, and is the attenuation coefficient. The coef-
ficientc is the sum of both the absorption coefficient After defining thely andl, components, we can

and the scattering coefficient. calculate the final amount of light that is captured by

lb(\) = / b(A)-lo(\). (g, 0).6 MXdx  (5)
x=0
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the camera as the sum of both components as follows:

I(\) lg(A

lo(A

~—

+1b(A)
P(N).e W2

~—

+ [ b(A).Io(M).P(g,a).e”*MXdx (6)

X

g\N

3 3D INFORMATIONIN
UNDERWATER IMAGES

Before further analysis, we attempt to simplify the
physical model in Egq. (6). In reality, the attenua-
tion is wavelength dependent, but since we are using
3-channel RGB images, we simplify the model to the

Time-to-Contact from Underwater Images

wherex denotes the pixel location in the image, and
Q(x) denotes the local patch of pixels around

The DCP was intended for scattering media in
the form of fog and smoke, and is not designed to
handle underwater environments. Due to the wave-
length dependent nature of attenuation in underwater
images, thelR channel is often very low in the en-
tire image, making the DCP invalid. In order to han-
dle this, more recent works have proposed modified
priors more suitable for underwater images, such as
the Underwater Dark Channel Prior (UDCP) (Drews
et al., 2013) and Red Channel Prior (RCP) (Galdran
etal., 2015). In our approach we use the Red Channel
Prior.

In order to handle the low R channel intensities,
the RCP (Galdran et al., 2015) replacEswith its
reciprocal channel+ JR. The RCP states that in clear

R, G, and B channels separately. We also solve thenon-degraded underwater images, for local patches of

integration in thd, component, arriving at Eq. (7).

b%.?(g,a)

I sc{RGB} _ lo.
cs

lo.(1—e %7

(1)
Next, we consider the ternﬁ’%.lo in the

ps.efcs.z_’_

backscattering component. This term can also be de-

scribed as the waterliglt. The waterlightA is the
intensity at a point where the light does not carry in-
formation of objects and originates solely from the
scattering effects. Finally, we represent the light re-
flected by the object as the original object color inten-
sity J° = lo.p®, and take the transmissiahas Eq. (2)

to arrive at the simplified equation for the observed
light, as follows:

|SSIRGB} — g8 15 4 AS (1—1°) (8)

Previous publications have used the image forma-
tion model shown in Eqg. (8) to try to recover the clear
scenel®. This problem is under-constrained if the in-
putis only a single underwater imatfe so additional
constraints are necessary to solve the equation.

3.1 Red Channel Prior

Without any other prior information, it is difficult to
extract depth information from a single image. For
foggy images, He et al. (He et al., 2011) proposed a
statistical prior named the Dark Channel Prior (DCP)
based on the physical observation of the image inten-
sities in clear images. The DCP states that in clear
outdoor images, for local patches of non-sky regions,
at least 1 channel iR, G, B} will have a very low
intensity, as follows:

DCP(x) = min

min J°
Jmn ()

sc{R,G,B}

) ~0 (9

non-water regions, at least 1 channelin- R,G,B}
will have a very low intensity, as follows:

RCP(x) = min(yggzi(r;)(l—JR(y)),yQWQi(Q)(JG(y)),
B
yggzl(r;)(J (¥))) =0
(10)

3.2 Waterlight Estimation

Intuitively, waterlightA can be found at the pixel at
maximum distance from the camera—¢ max), and

its color depends only on the scattering effects. As
mentioned in section 3.1, the red channel prior im-
plies thatRCP(x) ~ 0 at minimum distances — 0

in non-degraded underwater images. Inversely, the
maximum distance and the waterlight can therefore be
found where RCP becomes maximum (Galdran et al.,
2015).

Despite this intuition, in reality the waterlight is
not always correctly found using the above assump-
tion. It is more difficult while dealing with blue ob-
jects that are very similar to the waterlight. To handle
the erroneous estimated waterlight, we follow the so-
lution in (Galdran et al., 2015) by adding a user input
to select a general area of water, then the RCP is used
within that region to find the correct waterlight pixel.

3.3 Transmission Estimation

Based on the red channel prior in section 3.1, we can
now estimate the transmissiomf an underwater im-
age (Galdran et al., 2015). Taking the image intensi-
ties |S5{1-RGB} from Eq. (8), we divide them with
the waterlightA as follows:
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1-IR 16 |B r 1-JR R

[1—AR’E’E] - {T TR T (AT
G (11)

G J G\ B ‘]B B

T .E—F(l—T ), T .Ejt(l—r )

Next we take the local minimum for every channel
in Eq. (11), and take the overall minimum on both
sides of the equation, as follows:

min ( min il min 1 min "N =
Q (1—AR)7 fo) (AG)’ Q (AB) -
. I N L T (12)

T.min (rrgn(m),mdn(ﬁ),mdn(ﬁ))

+1-1
wheret in Eq. (12) represents the transmission of the
minimum channel.

object surface as follows. In section 3.3, the red chan-
nel prior is used to estimate the transmission in the
image. Since the distance information is encoded in
the transmission information as shown in Eq. (2), we
can define time-to-contact directly from the 2 consec-
utive observations of transmission.
Based omr = e %2, the distancez can be repre-
sented by using the transmissioas follows:
- logt

= (15)

If the camera then moves closer by a distance of
Az, the distance from the object beconzesAz, and
thus we have:

logT’
—C

z—Az= (16)

Since we have assumed the red channel prior to bewheret’ denotes the transmission at the second obser-

valid in underwater imagefCP = 0), it cancels out
the first term on the right hand side of Eq. (12), and
hence we have:

I L

E)a QO(

e 18
=1— __
T min (QO( 5)

(13)

1 AR AR)Jan(

vation. Az then can be described by using the trans-
mission as:
logt — logT’
—C
By substituting Eq. (15) and Eqg. (17) into Eq.
(14), the time-to-contact can be computed from the

Az= (17)

By using Eq.(13) we can estimate the transmission change in transmission estimated from the change in

T of the minimum channel from the image intendity
and the waterlighA.

4 TIME-TO-CONTACT FROM
UNDERWATER IMAGES

image intensity caused by the camera motion. The
TTC from transmission can then be written as fol-
lows:

logt

TIC=—""——
logt — logt’

(18)

In the case of an object moving at a constant speed5 EXPERIMENTAL RESULTS

towards the observer, or vice versa (Horn et al., 2007;

Cipolla and Blake, 1992), time-to-contact can be es-
timated by the ratio between the distarcand the
change in distancéz at timet as follows:

z
TTC=—
Az

From Eq. (14) it is apparent that we need two con-
secutive observations at tihandt + 1 for computing

(14)

In order to evaluate the performance of the proposed
TTC estimation method proposed in section 4, we
conducted a series of experiments using both syn-
thetic and real underwater images.

Note that the proposed estimation method can
compute the time-to-contact from just a single point
on the object surface, but in order to account for the

time-to-contact. In clear environments, it is possible noise and error we consider an area of points on the

to use the geometric properties of the observed objectobject's surface. Even so, there is no need for exact

such as height, width or area. Since these geometricPointand line correspondences between observations,

properties change in relation to distargehey can as we only need to track the object area. In our work

be used for computing time-to-contact. However, in We assume that the region of interest (ROI) is prede-

the case of underwater environments, these geometfined.

ric properties are more difficult to extract due to the

image degradation. Thus we propose the following 5.1 Synthetic Images

time-to-contact estimation method using image inten-

sity. In the first step of our experiments, a set of synthetic
Suppose the target object has a surface facing theimages was generated simulating an object in an un-

camera, we can calculate the time-to-contact of the derwater environment at different distances from the
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(a) Object (b) 2m (c) 6m (d) 10m

(e) 14m (f) 16m (9) 20m (h) 24m
Figure 3: Synthetic underwater images.

Estimated TTC

—Real TTC

—e—Est TTC 8-bit images

-o- Est TTC16-bit images

0 é ]‘0 ]‘5 2‘0 25
Real TTC

——Real Transmission Figure 5: TTC estimated from transmission using 8-bit and
orf - = Bstimated Transmission 16-bit synthetic underwater images.

Table 1: Estimation error in synthetic images.

Im/s| 2m/s| 4mls
0.63 | 0.16 | 0.06

Transmission
°
g

time-to-contact estimation of the proposed TTC from
transmission. Using only 16-bit images, we estimate
the time-to-contact for the object moving at various
‘ ‘ speeds. The results are shown in Fig. 6.

Distance (m) N N The results show that even with the 16-bit im-

L
0 5

Figure 4: Transmission estimated from synthetic underwa- ages, the time-to-contact estimation starts to fail at
ter images. distances above 23 meters, especially in Fig. 6(a).

This is due to the scattering effects that eliminate al-
camera. Considering a flat object facing the cameramost all of the object details in images.
as shown in Fig. 3(a), we simulated the underwater [ astly, we calculate the standard error of the pro-

scattering effects based on the physical model in Eq. posed method. The standard error of estimates can be
(6) at distances between 0 to 24 meters (Fig. 3(b)-(h)). calculated as:

These synthetic images show simulated scattering ef-

fects according to the distance and wavelength. \/ S(TTCe—TTC,)2
Before estimating time-to-contact, we first ana- E= N

lyze the estimated transmission in the synthetic un- . ) )

derwater images according to Eq. (13). Since the WhereTTCe is the estimated TTCTTC, is the real

estimation is pixel-wise, we take the median value 11C: @ndN is the number of observations. The error

of transmission estimates from the region of interest. ©f TTC from transmission using simulated images is

The transmission estimation results compared to the Shown in Table 1. - _

real transmission can be seen in Fig. 4. It is appare_nt that the Stabl|.lty of the time-to-
With the transmission accurately estimated, we contact estimation improves at hlgher_speeds: due to

then calculated the time-to-contact from the synthetic € larger distances between observations. This larger

underwater images based on the TTC from transmis- d_|stance_ causes a Iarger observable chz_ingg in inten-

sion method proposed in section 4. Given that the ob- sity that improves the time-to-contact estimation.

ject is moving towards the camera at a constant speed

of 1 m/s from the distance of 24 to 1 meters, we cal- 5.2 Real Images

culated the TTC from both 8-bit and 16-bitimages, as

shown in Fig. 5. We further evaluate the TTC from transmission
The results in Fig. 5 show that the proposed method proposed in section 4 using real images taken

method is able to estimate time-to-contact well. How- in an experimental underwater environment. The im-

ever, since the estimation fails at smaller distances ages were captured using an action camera, which is

when we use 8-bit images due to quantization error, designed for capturing high-action shots. The action

it is desirable to use 16-bit representations to ensurecamera is shockproof and equipped with a waterproof

robustness. case, enabling us to use it to capture stable underwater
In the next experiment we once again evaluate the images.

(19)
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% 15F
£
III) 10
—Real TTC
-
o 5 10 Real TTC 15 20 25
(a) Speed 1 m/s
251 (a) Aerial View
=1
o 20
E
% 15
E
LI(,J) 101
) ) ) —e—EstTTC
0 5 10 Real TTC 15 20 25 :
b) Speed 2 m/: - -
; ‘( ) ‘ pee‘ rT15 ‘ (b) Frontal View
Figure 7: Experimental setup.
o
£
g,
©
E
& | (a) 6cm (b) 9cm (c) 12cm (d) 15cm
]
) ) ) ) ) ) ) —e—Est TTC
R Ceatet Tt (e)18cm  (f2lcm  (g)24cm  (h) 27cm
(c) Speed 4 m/s Figure 8: Captured images of object in 0.02% milk solution.
Figure 6: TTC estimated from synthetic underwater images
at various speeds. added turbidity to the water. We captured images us-

ing 2 different water solutions, which was a 0.02%
In order to Capture the experimenta| images1 a 30 milk solution with 2 ml of milk dissolved into the wa-
x 20 x 40 cm aquarium is placed in an sunny out- ter, as well as the same milk solution with added blue
door area. There is no additional light source aside food coloring. We then captured images of the object
from the natural ambient sunlight. The bottom and at distances ranging from 4 cm to 30 cm at an interval
sides of the aquarium are covered with a black rubber of 1 cm. The resulting images are shown in Fig. 8 and
non-reflecting material, in order to ensure the incom- Fig. 9.
ing light is coming from above only. The aquarium is As previously done with the synthetic images, we
then filled with 10 liters of water and both the camera first estimated the transmission in the real underwa-
and the object are submerged in the water, as shownter images based on Eq.(13). Once again we take the
in Fig. 7. median value of the transmission estimates in the re-
To obtain more visible scattering effects, we gion of interest. The results are shown in Fig. 10.
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(a) 6cm (b) 9cm (c) 12cm (d) 15cm E
E 201
©
g 15
i
(e) 18cm  (f) 21cm (9) 24cm  (h) 27cm o ——Real TTC
i . H i i i i —s—Est TTC 0.02% milk
gllggrbelfe %?)%tléggrlirglgages of object in 0.02% milk solution o e TTC ot biue color
" 5 10 15 Real TTC 20 25 30
o ‘ —Est‘Transmiss‘ion 0.02%‘milk i (a) Speed 1cmis
o ‘== Est Transmission 0.02% milk+blu ' ' '
18 il
50 I
e
g 0.4 l_a;) ol
g 03 g 101
0.2 m 8l
0.1 s
—Real TTC
L y L 4 —e—Est TTC 0.02% milk
° ° ° Distance (cm) - * ‘ | --o- EStTTC 0.02% milk + blue color
Figure 10: Transmission estimated from real underwater ‘ ) " RealTTC - “
images. (b) Speed 2 cm/s
Without information about the absorption and scatter- o
ing coefficients, we cannot compare the results with i
the ground truth. However, it can be observed that the
transmission decreases with a slope consistent with an g T
exponential decay function. 7
Next, we evaluate the performance of the pro- § at
posed TTC from transmission method using real im- g |
ages. The action camera used in this experiment is L L
only able to capture 8-bit images, but since we are 2 —RealTTC
dealing with small distances, the images are sufficient §2 o T 0a MK e color
for TTC estimation. Using the captured images at dif- A ; 5 : : : 7

ferent intervals, we simulate the object moving at var- s Rea'djc p

ious speeds. The TTC estimation results are shown in _ (c) Speed 4 cm/s _

Fig. 11. Figure 11: TTC estimated from real underwater images at
We can see from Fig. 11 that due to the natural various speeds.

noise in the real images, the estimation shows a level

e a i Table 2: Estimation error in real images.
of error. However, from the results we can still distin-

guish a slope that follows the correct time-to-contact. _Speed lem/s| 2cemis| 4cmis
Aside from the natural environmental noise, the er- milk solution 448 | 123 | 0.87
ror in estimation could also be caused by human error | Milk + blue color| 5.88 | 2.31 | 0.91

during the process of image capture.
Finally, we calculate the standard error of esti-
mates using Eq.(19). The error of TTC from trans- § CONCLUSION AND FUTURE
mission using simulated images is shown in Table 2. WORK
In the case of real images, the time-to-contact estima-

tion also improves at higher speeds. . .
P ¢ P In this paper, we proposed a novel method for estimat-

ing time-to-contact from underwater images, namely
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TTC from transmission. Our method does not require restorationJournal of Visual Communication and Im-
a dedicated light source nor camera calibration. The age Representation, 26:132-145.
proposed method uses the image intensity and the emHe, K., Sun, J., and Tang, X. (2011). Single image haze
bedded scattering effects to extract 3D distance infor- ;emoval USClng datrk c\l;a_nnel pé'%;t:?IOC-RI EEE Ctpn-

H H erence on Computer vision an ern recognition
mation from the image. . (CVPR), pages 1956-1963. IEEE.

We have tested these methods using both syn- : .

. . L Horn, B., Fang, Y., and Masaki, I. (2007). Time to con-
thetic and real underwater images. The synthetic im-

. tact relative to a planar surface. Rroc. Intelligent
ages were generated based on an underwater light  \ehicles Symposium, pages 68-74.

propagation model, and the real underwater images jeong, w,, Rahadianti, L., Sakaue, F., and Sato, J. (2015).
were taken in an experimental underwater environ- Time-to-contact in scattering media. Rvoc. IEEE
ment. The proposed method is able to accurately esti- Conference on Computer Vision Theory and Applica-
mate TTC in synthetic underwater images and shows tions, pages 658—663.

promising results for real underwater images. The dif- Narasimhan, S., Nayar, S., Sun, B., and Koppal, S. (2005).
ference that occurs with the real images is due to the Structured light in scattering media. Rroc. Interna-

real natural noise and possibly due to human error in ﬂggigt;nference on Computer Vision (ICCV), pages

the image capture process. Even so, the TTC estima- '

tion shows a slope that follows the correct TTC val- Narasimhan, S. G. and Nayar, S. (2003a). Interactive
deweathering of an image using physical models.

ues. . . . . . In Proc. |[EEE Workshop on Color and Photometric
Itis mentioned in this paper that the waterlight es- Methods in Computer Vision.

timation outlined in section 3.2 requires an additional Narasimhan, S. G. and Nayar, S. K. (2003b). Contrast
user input to ensure correct waterlightis used. The red restoration of weather degraded imagHSEE PAMI,

channel prior assumption used in the waterlight esti- 25(6):713 —724.

mation is sometimes hindered by bright areas or ob- Schechner, Y. Y. and Karpel, N. (2005). Recovery of under-
jects with a reflectance similar to the waterlight. This water visibility and structure by polarization analysis.
albedo-airlight ambiguity is an ongoing issue for vi- ES%EE Journal of Oceanic Engineering, 30(3):570-

sion in scattering media.

For the next step in our work, we will address this SR NS (GRS, ENECOIE EPRsaprepertics

of the clearest natural waters (200—800 niipplied

albedo-airlight ambiguity problem in underwater vi- Optics, 20(2):177—184.

sion. We aim to arrive at a solution for better wa- \yatanape, Y., Sakaue, F., and Sato, J. (2015). Time-to-
terl'ght estimation I’eSU|tS, Wh'Ch In turn W|” |ead to contact from |mage |ntens|ty IRroc. |EEE Con-

an improved transmission and 3D distance estimation. ference on Computer Vision and Pattern Recognition
Furthermore, we will examine the possibility of more (CVPR), pages 4176-4183.

novel and improved methods for extracting 3D infor-

mation from underwater images, which can then be
applied to TTC estimation, 3D shape reconstruction,
as well as to other underwater vision applications.
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