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ABSTRACT

Airborne lidar provides an effective method for detection and localization of underwater objects, where the trans-
mitted laser beam can penetrate the air-water interface and illuminate the scatterers within the water column, and
the optical field generated by this scattering can be collected and processed. Here, we consider the use of lidar data
collected from different observation angles of a particular water volume to image objects of interest. Interpreting the
lidar returns as tomographic projections of a 3-D reflectivity field, we formulate the problem as a 3-D tomographic
image reconstruction problem. We show tomographic reconstructions from both real and synthetic data sets. The
real data was collected by a Lockheed-Sanders lidar system in a U.S. Navy field test. The synthetic data is produced
by using an accurate statistical model that incorporates multiple scattering.
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1. INTRODUCTION

Detection, localization and classification of underwater objects is an important problem in a variety of naval and
marine applications. Of particular military interest are detection and identification of underwater mines and sub-
marines. Sonar (sound navigation and ranging) has been a useful tool for this type of underwater reconnaissance.
In sonar processing, an acoustic excitation is propagated toward the water volume under inspection. The reflected
echoes from the scatterers inside this volume are captured by an array of acoustic sensors. These sensors, together
with the transmitter must be underwater, requiring either sea-borne or towed sonar systems, which limit the speed
of coverage to that of ocean-based platforms (including helicopter-towed sonars).

Airborne lidar (light detection and ranging) systems, on the other hand, can provide a mechanism for rapid data
acquisition, since this system is not subject to the limitations of motion through the water. Lidar systems use a laser
to generate a short, high-powered pulse of light. The transmitted laser beam can penetrate the air-water interface
and illuminate scatterers in the water column. The transmitted pulse experiences both scattering and absorption
within the water volume. The received backscattered light field can provide information about scatterers present in
the water column.

In a prototype system designed by Lockheed-Sanders for the U.S. Navy, an airborne lidar is used to detect and
locate underwater objects, such as ocean mines. In this system, an aircraft carries the laser transmitter and the
receiver assembly. The returned lidar signals are received by a photomultiplier tube (PMT) and a gate-intensified
charge-coupled device (CCD) imaging camera. The CCD image and the PMT return provide shape and depth
information, respectively, about objects that are in the illuminated water column. Both receiver outputs can be
analyzed and processed by a trained operator to classify the object and determine its depth and location.

The data acquired by the CCD and PMT are 2-D and 1-D, respectively. An improvement to the above method of
detection and imaging of underwater objects might be possible by collecting lidar returns from a specific 3-D volume
of water at various view angles. In this case, 3-D tomographic processing might produce 3-D reconstructions with
better resolution or provide an estimate of the shape or surface curvature of objects.

Tomography exploits data collected as linear and planar projections of a physical quantity via the use of projection-
slice theorems.1 Here we interpret the airborne PMT signals and CCD images as the 1-D and 2-D tomographic
projection functions of an underwater object, respectively, and reformulate the problem as a 3-D tomographic image
reconstruction problem. We perform reconstructions using real data from a previous study (1998 Competitive
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Evaluation Field Test (CEFT), Panama City, FL), which was collected by the prototype Lockheed-Sanders system
mentioned above. We also present reconstruction results from a synthetic data set. To produce the synthetic data
we use a sophisticated statistical model for lidar returns that includes multiple scattering, absorption and temporal
dispersion.2

2. DATA ACQUISITION

Here we describe the data collection scenario for an airborne lidar system; in particular, for the prototype system
used to collect the CEFT data. As depicted in Figure 1, a laser transmitter and a receiver are mounted externally
on an aircraft. The laser emits short, high-energy pulses of light at a 532-nm wavelength, with a large beam width,
corresponding to a spot size on the ocean surface of approximately 10 m in diameter. The penetration depth into the
water medium changes with wavelength. The 532-nm wavelength is among those which have the largest penetration
depth.3 The receiver optics is boresighted to the transmitter and uses a filter to admit only the returning laser
frequency. The system continuously scans a patch of ocean in the field of view over a rectangular search swath by
deflecting the laser beam with a scanning mirror. A wide area can be searched in this manner as the aircraft travels
along its flight path. Revisit scans can be performed if the system detects a possible target in the monitored data.
The receiver contains two types of sensors: a PMT, and a 64×64 element CCD array. The returned signals comprise
photons backscattered from objects, particles in the water, and the water itself. For each shot (that is, the process of
transmission of a laser pulse and reception of the return) the CCD and PMT data are stored, together with various
other position information, such as the location of the aircraft and the location of the beam spot on the surface of
the water.

The CCD array records 2-D data in the form of an image. The output of each element of the CCD array is the
signal at a given lateral position in the plane perpendicular to the line of sight (laser beam axis), integrated over
time, that is, integrated over depth in the direction of the line of sight. The integration window is determined by
a gate signal applied to the CCD camera. A mine-like object within the integration window appears as a bright
spot in a CCD image. If the mine is above the integration window, then it appears as a shadow. Figure 2 shows 6
CCD images from the CEFT database along with the image number, SNR, and beam axis orientation of the shot
in spherical angles θ and φ, respectively. The test mine is at approximately a 21 ft depth and is roughly 1 m in
diameter.

The PMT has five channels. The first channel is called the flash channel, and is used to detect the bright flash from
the air-water interface. This information is then used to align signals in the other channels. Each of the remaining
four channels collects backscattered energy from the corresponding quadrant of the water column. Backscattered
energy is optically divided by means of a beam splitter into a 2× 2 array of four channels. The output of the PMT
is displayed as a function of time or, equivalently, depth (in the direction of the line of sight). As the system scans
the field of view, an average return profile is formed. An object such as a mine can be highly reflective. Thus, a
larger return than average and a subsequent shadow can appear in the time history of the PMT output when a
mine-like opaque object is inside the laser path. The depth of the object can be estimated using PMT data. Figure
3 shows the PMT data corresponding to the fourth quadrant of the 5th CCD image from the CEFT database. As
seen in the 5th CCD image in Figure 2, the target appears as a bright spot in the fourth quadrant. The point A
in Figure 3 corresponds to the air-water interface, the bottom is indicated by point C, and the bump due to the
object is marked B. The vertical axis is logarithmic indicating the log of the number of photoelectrons in the PMT.
The PMT waveforms are sampled every 6 ns; using the location of the bump at point B, the depth of the mine can
be calculated. The depth resolution depends on the duration of the laser pulse; a 10 ns pulse has a 2.25 m spatial
extent. Thus, the length of the laser pulse is comparable to the size of a mine, resulting in useful depth resolution
for target localization, but poor resolution for estimating the shape or structure of the mine.

3. TOMOGRAPHIC INTERPRETATION OF LIDAR RETURNS

Because of the manner in which the sensors collect the reflected signal, the PMT and CCD outputs can be interpreted
in a tomographic framework, where the resulting linear and planar projections can be exploited via the use of
projection-slice theorems. In 3-D, the projection-slice theorems relate the Fourier transform of the 1-D and 2-D
projection functions of a 3-D quantity to the Fourier transform of this quantity1; in reflection tomography, this
quantity is the reflectivity.4



Let a 3-D reflectivity function be represented by g(x1, x2, x3), where the coordinates x1, x2, and x3 represent the
standard 3-D Cartesian geometry. Relating to Figure 1, the coordinates x1 and x2 represent lateral position on the
surface of the water, and the x3 axis represents the depth into the water. Define a rotated 3-D orthogonal coordinate
system with directions u1, u2, and u3. The vector x = [x1 x2 x3]

T is then related to the vector u = [u1 u2 u3]
T as

u = Ax, (1)

where

A =


 cos θ cosφ cos θ sinφ − sin θ

− sinφ cosφ 0
sin θ cosφ sin θ sinφ cos θ


 . (2)

The matrix A is a rotation matrix parametrized by the spherical angles θ and φ. With this choice of A, θ is the
angle between the x3-axis and the u3-axis, and φ is the angle between the x1-axis and the line that is the intersection
of the x1 −x2 plane with the u1−u3 plane. Note that for θ = 0 and φ = 0, the axes for u1, u2 and u3 are aligned with
the axes for x1, x2 and x3, respectively. Since A is an orthogonal matrix, its inverse is its transpose, i.e. A−1 = AT .

The 1-D projection function (or, planar projection) of g(x) is given by

p1(u3) =
∫∫

g(AT u) du1 du2 . (3)

The linear-trace projection-slice theorem states that

P1(U3) =
∫

p1(u3) exp (−jU3u3) du3

= G
(
AT [0 0 U3]

T
)

, (4)

where P1(U3) and G(X1, X2, X3) are the Fourier transforms of p1(u3) and g(x1, x2, x3), respectively. This relation
states that the Fourier transform of the 1-D projection is a linear trace of the 3-D Fourier transform of the reflectivity.
The linear trace is oriented in the u3 direction normal to the planes of integration in (3), that is, the u1 − u2 plane.

Because a PMT sensor converts the total reflected light field within a given quadrant into a single 1-D signal, it
effectively integrates spatially across the 2-D plane within the laser beam. A PMT output can then be considered as
a 1-D projection function of the 3-D reflectivity of the illuminated water column. In other words, a PMT output is
the planar projection along the u1 and u2 directions, as the u3 direction represents the beam axis. This is depicted
in Figure 4. From the linear-trace projection-slice theorem, the 1-D Fourier transform of the PMT output (after
correction for the receiver front end and water attenuation) yields a ray of the 3-D Fourier transform of the reflectivity
evaluated along the line of sight. This is only an approximation, since the laser pulse has a finite duration of spatial
extent comparable to the size of an underwater mine. However, for a larger underwater object, such as a submarine,
this tomographic interpretation of the PMT output is more accurate, i.e. when the pulse width is negligible in
comparison to the size of the object of interest.

The 2-D projection function (or, linear projection) of g(x) is given by

p2(u1, u2) =
∫

g(AT u) du3 . (5)

The planar projection-slice theorem states that

P2(U1, U2) =
∫∫

p2(u1, u2) exp (−j(U1u1 + U2u2)) du1 du2

= G
(
AT [U1 U2 0]T

)
, (6)

that is, the Fourier transform of the 2-D projection is a planar slice of the 3-D Fourier transform of the reflectivity.
The planar slice is oriented perpendicular to the u3 direction.

The CCD image can be interpreted as the 2-D projection function of the 3-D reflectivity of the illuminated
water column, that is, the CCD output is the projection, along the u3 direction, of the reflectivity. This is depicted
in Figure 5. Using the planar projection-slice theorem, the 2-D Fourier transform of the CCD output is a planar
slice, perpendicular to the projection direction, of the 3-D Fourier transform of the reflectivity. By combining data
from CCD and PMT projections, it is possible to build up a significant volume of the 3-D Fourier transform of the
reflectivity of an unknown object within the illuminated region.



4. IMAGE RECONSTRUCTION

Taking CCD and PMT measurements from various angles of orientation with respect to an underwater object, we
obtain different planar slices and linear traces of the 3-D Fourier transform of the reflectivity of the object of interest.
In practice, we have only samples of the Fourier data due to the discrete-time nature of the PMT waveforms and
the discrete-space (pixelized) nature of the CCD images. The samples from each planar slice and linear trace can be
placed in a 3-D grid representing the Fourier transform of the 3-D reflectivity. An image then can be formed by 3-D
inverse Fourier transformation.

In order to properly align the geometry of the various samples, before taking the Fourier transform of the CCD
images and PMT signals, they have to be registered. This is necessary because each CCD image or PMT signal does
not correspond to exactly the same water volume. If there is an object of interest, such as a mine, in the CCD image,
this object can be used as a reference point for the registration.

Initially, the CCD images are scaled since the size of the beam spot on the surface of the water may be different
from shot to shot, depending on the altitude of the aircraft, the orientation of the beam axis, and the surface
conditions. Consequently, the dimensions of each CCD image collected by the system are different, even though
they have the same number of samples. Before the reconstruction, each image should be interpolated to a larger or
smaller grid to make the size of the images equal. This is an interpolation between two uniform rectangular grids,
and can be performed accurately by means of chirp-z interpolation.5

The CCD images are then circularly shifted so that the pixel corresponding to the center of the object is placed in
the center of the image. Centering the images assures that each CCD image represents a projection of the reflectivity
of the same water volume.

The section of a PMT return following the initial water surface reflection approximately follows the exponential
form exp (−2ζKlidar) /(H + ζ/m)2, where Klidar represents the lidar attenuation coefficient of the ocean water, ζ
represents the range in water, H is the altitude of the airborne lidar above the surface of the water, and m is the
refraction index of water.6–8,2 Compensating for the exponential characteristic gives a projection of the form (3).
The PMT projection signals are aligned so that the center of each of the PMT return corresponds to the center of
the object.

From the recorded orientation information the spherical angles θ and φ can be calculated, and then the rotation
matrix A in (2) can be computed for placing the planar slice or linear trace of the Fourier data in the 3-D discrete
Fourier grid. Since the Fourier data samples on a planar slice or linear trace do not exactly correspond to the
points of a 3-D Cartesian grid, it is necessary to employ interpolation of the data onto a Cartesian grid prior to
inverse Fourier transformation. In our reconstructions, we have used nearest-neighbor interpolation, which assigns
the nearest sample value from the planar slice or linear trace to the point in the Fourier domain grid that is to be
interpolated. This interpolation scheme becomes more accurate as the Fourier domain grid gets denser. Thus, in our
reconstruction we use a much denser grid for the Fourier domain than that we use to represent the spatial-domain.

Our image reconstruction process was based on Fourier inversion, which does not account for several factors
that are present in the actual imaging scenario. These and a few other related factors, which might improve the
reconstruction quality when they are accounted for, are as follows.

(1) The Fourier based reconstruction assumes the integral is a line integral through the object without taking
into account the opacity of the object.

(2) The tomographic model assumes that the contribution of a point reflector to a projection is independent of
the view angle. In practice, a Lambertian scattering model is probably more accurate, where the brightness falls off
with the cosine of the angle from the surface normal. Accounting for Lambertian scattering via a CLEAN approach
to image reconstruction can significantly improve 3-D image quality.9

(3) There is an exponential decay term in the integral for the CCD returns, because of the absorption in the
medium. In this case, the projection integral is known as an attenuated or exponential Radon transform.10,11 There
have been a number of studies on the inversion of this type of projection.12,13

(4) In the actual system, each CCD image has a different noise level. As such, a statistical formulation of
the reconstruction problem might better take such variations into account in the image formation process. Another
interesting problem is the automatic selection of appropriate images from a noisy collection to determine the optimum
set that will trade off angular diversity and the effects of noise.



5. SIMULATION OF LIDAR RETURNS

The theory that describes the propagation of electromagnetic energy in highly scattering media, such as ocean water,
is called radiative transport theory. The radiative transport equation, which is the counterpart of Maxwell’s equations,
can be derived using the conservation of energy principle. Via small-angle scattering approximations, the radiative
transport equation can be solved by Fourier transform methods. For oceanic hydrosols, particle dimensions are large
compared to the wavelength, and light scattered by such particles is confined to small angles about the ray axis.

To simulate the lidar returns incident on lidar receivers, we have worked with a lidar model fromWalker, McLean et
al.6–8 This lidar model exploits the small-angle scattering approximation, and takes into account multiple scattering
with time dispersion. The model provides analytical expressions for the lidar returns based on a statistical model
for the beam spread function. These expressions have been reported to be in agreement with multiple-scattering
Monte-Carlo simulations and real lidar data.

Based on the Walker-McLean lidar model, we have developed lidar equations for a bistatic geometry where
the transmitter and receiver can be at different locations looking in different directions,4,2 as shown in Figure 6.
The bistatic lidar equations are the generalized form of monostatic (or collinear) lidar equations given by Walker,
McLean, et al., where the receiver is boresighted to the transmitter and is positioned at the same location with
the transmitter (or at a different location that is along the line of sight). While the monostatic lidar equations are
suitable for simulation of PMT returns, the bistatic lidar equations are needed for simulation of CCD returns. We
treat each CCD element as a separate receiver with appropriate position and direction offsets, and use the bistatic
lidar equations to compute the corresponding return. Our analysis assumes a flat ocean surface, which is practical
for the return from a calm ocean environment. Surface wave effects also can be incorporated into the lidar return
model.14,15

We can compute the PMT output using a monostatic setting of the transmitter and the PMT. A simulation
result is shown in Figure 7. The dashed curve is the background return from the water column without the object.
In Figure 8, an example simulation of a CCD return is shown, using the bistatic lidar return computation,2 where a
mesh surface is used to display the characteristics of the return. The simulated object is a sphere of 1 m diameter, at
a 6.4 m (21 ft) depth. The altitude of the airborne lidar system was 360 m. The object was simulated as a flat diffuse
circular surface of 1 m diameter, which corresponds to the upper hemisphere of the true (spherical) object. A more
elaborate simulation of the object would use concentric rings of flat diffuse surfaces placed deeper with increasing
radius. Use of a flat diffuse surface is appropriate for simulation of opaque objects illuminated by an airborne lidar
system from a small θ angle. In general, it is possible to simulate accurately an object of complicated shape at the
expense of computation.2 The water parameters such as absorption, scattering and backscattering coefficients were
chosen from a table given by Mobley3 for coastal ocean (a = 0.179, b = 0.219, bb = 0.0285, respectively), which are
tabulated also by Walker and McLean.8 The wavelength of the laser was 532 nm. The diameter of the beam spot
on the ocean surface was approximately 12 m. The in-water θ angle was about 8◦. The corresponding CCD return
from a real ocean lidar data set is shown in Figure 9. The real data set is from the CEFT trials, Panama City, FL.

Note that the simulated return does not account for noise. By adding Gaussian noise at 20 dB SNR to the
synthetic return in Figure 8, we produced the result in Figure 10. The real ocean data shown in Figure 9 contains
the effect of waves on the ocean surface, which cause blurring.15 The Gaussian noise added to the synthetic return
models the thermal noise well, but is not a good model for the effect of surface waves. An accurate simulation for
the surface wave effect would use blurring filters of Gaussian shape.15 The shape parameters of the filters can be
calculated from the height and slope statistics of surface waves.14

The synthetic lidar return appears to match the qualitative characteristics of the real data very well. Note the
Gaussian structure of the base of the mesh surfaces. This is due to the spatially Gaussian shape of the laser beam.16

6. EXPERIMENTAL RECONSTRUCTIONS

To validate the tomographic framework for lidar imaging, we performed reconstructions from both synthetic and
real data. In our simulations, we generally used the same system parameters as for the real data. One exception
was the angle θ. The simulations did not work well for the θ angles at which the real images were obtained. This
is because the analytic lidar return expressions are for the small-angle scattering scenario and require the incident
angle to be small. We generated synthetic data for θ angles that were 8 degrees offset from those of the real data.
This still provided a fair basis for comparison because the test object was circularly symmetric. For tomographic



reconstruction, angular diversity is important in providing high reconstruction quality. Therefore, we used the same
range of angles in both the synthetic- and real-data reconstructions. We assumed a CCD of size 32 × 32 for the
simulated data, and we decimated the real CCD images accordingly in our results that follow.

For 3-D reconstruction from the real data, we chose 6 CCD images from the CEFT data, which contained a
large number of shots of a particular underwater mine from various angles. The test object was a mine with a 1-m
diameter, at a depth of 21 ft. We chose shots with high SNR and, at the same time, tried to maintain high angular
diversity. All 6 CCD images of the object from the CEFT data are shown in Figure 2, along with image number,
SNR, and orientation of the shot in θ and φ. In-water θ angles for the shots were 17.67◦, 17.42◦, 16.76◦, 13.16◦,
14.42◦, 16.15◦, respectively, and φ angles were 140.45◦, 138.79◦, 168.35◦, 183.23◦, 179.62◦, 201.95◦, respectively. The
average size of the beam spot on the water surface was 11.6 m. The reconstruction results are shown in Figure 11(a).
The images are the cross sections of the reconstructed 3-D volume at x1 = 0, x2 = 0, and x3 = 0, displayed at the
top, middle and bottom rows, respectively. For comparison, the reconstruction from the synthetic data is shown in
Figure 11(b). The reconstruction from the synthetic data with 20 dB of Gaussian noise is shown in Figure 11(c). In
these reconstructions, we used only CCD data; we did not include any PMT data. This is due to the limited value of
the PMT data in the reconstruction, since the spatial length of the laser pulse was comparable to the object size.17

The reconstructions from both simulated and real data display similar characteristics. Reconstruction from the
simulated noisy data is closer to the real case. The reconstruction from the real data, however, is more smeared
out compared to that of the simulated data due to the the wavy ocean surface, which usually produces a defocusing
of the image plane.15 The range of angles in θ and φ were approximately 4.5◦ and 63.2◦, respectively. Since the
angular diversity is large in the φ dimension, we obtained good resolution in the x1 − x2 plane.

7. CONCLUSIONS

We have formulated underwater lidar imaging as a 3-D tomographic reconstruction problem by modeling the airborne
CCD/PMT returns as tomographic projections of the underwater object. From CCD/PMT data collected at various
angular orientations with respect to the object, a 3-D tomographic reconstruction can be produced. This framework
for image formation was tested on a real data set from a previous study (1998 Competitive Evaluation Field Test
(CEFT), Panama City, FL), made available to us by the U.S. Navy. For comparison, we simulated lidar returns
received by the PMT and CCD sensors, taking into account the bistatic geometry, multiple scattering and absorption.
Based on the resulting reconstructions, the synthetic data appeared to match the qualitative characteristics of the
real data. This process can be improved, since our image reconstruction process was based on Fourier inversion,
and does not account for several factors that are present in the actual imaging scenario. However, the resulting 3-D
images were of sufficient quality to indicate potential for such tomographic methods in underwater lidar imaging.
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Figure 1. Data collection geometry for lidar imaging of underwater objects.
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Figure 2. CCD images from CEFT database along with image number, SNR, and orientation of the shot in θ and
φ.
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Figure 3. Real PMT data (CEFT database, shot 5, fourth quadrant).
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Figure 9. Real CCD return from CEFT data.
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Figure 10. Simulated CCD return with noise.



x
3

x 2

5 10 15 20 25 30

5

10

15

20

25

30

x
3

x 2

5 10 15 20 25 30

5

10

15

20

25

30

x
3

x 2

5 10 15 20 25 30

5

10

15

20

25

30

x
3

x 1

5 10 15 20 25 30

5

10

15

20

25

30

x
3

x 1

5 10 15 20 25 30

5

10

15

20

25

30

x
3

x 1

5 10 15 20 25 30

5

10

15

20

25

30

x
2

x 1

5 10 15 20 25 30

5

10

15

20

25

30

x
2

x 1

5 10 15 20 25 30

5

10

15

20

25

30

x
2

x 1

5 10 15 20 25 30

5

10

15

20

25

30

(a) (b) (c)

Figure 11. Reconstruction from real data (column a), synthetic data (column b), and synthetic data with added
noise (column c). Displayed images are the cross sections of the reconstructed 3-D volume at x1 = 0 (top row),
x2 = 0 (middle row), and x3 = 0 (bottom row).


