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Figure 1: Panchromatic images produced by a physics-based raytracer (top) and a GAN (bottom).
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1 INTRODUCTION

Physics-based models for ocean dynamics and optical raytracing
are used extensively for rendering maritime scenes in computer
graphics [Darles et al. 2011]. Raytracing models can provide high-
fidelity representations of an ocean image with full control of the
underlying environmental conditions, sensor specifications, and
viewing geometry. However, the computational expense of render-
ing ocean scenes can be high. This work demonstrates an alterna-
tive approach to ocean raytracing via machine learning, specifically
Generative Adversarial Networks (GANs) [Goodfellow et al. 2014].
In this paper, we demonstrate that a GAN trained on several thou-
sand small scenes produced by a raytracing model can be used to
generate megapixel scenes roughly an order of magnitude faster
with a consistent wave spectrum and minimal processing artifacts.
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2 BACKGROUND

2.1 Ocean Optical Raytracing

High-fidelity images of the ocean’s surface are typically produced
by a physics-based numerical simulation. First, the surface elevation
field for wind-driven waves [Pierson, Jr. and Moskowitz 1964] is
produced along with locations of breaking waves (whitecaps) and
remnant foam [Callaghan et al. 2012]. Raytracing then includes
the effects of ocean surface roughness [Morel et al. 2002], white
water [Koepke 1984], and atmospheric effects [Berk et al. 2014].
Combining these components produces a two-dimensional map
of observed radiance (W/m2/sr) at an arbitrary sensor’s aperture.
While physically accurate, rendering ocean scenes in this manner
can be computationally expensive; we have estimated the amount
of time to generate a megapixel scene (1 km? at 1 m resolution) to
be about 20 s on a 10-node cluster.

2.2 Generative Adversarial Networks

A GAN is comprised of two deep convolutional neural networks
[LeCun et al. 2015]: a generator and a discriminator. The generator
network takes low-dimensional, real-valued input, and outputs
high-dimensional “fake” images. The role of the discriminator is to
distinguish whether an image is “real” or “fake,” so it is trained on
a mix of “real” training images and “fake” images produced by the
generator. Learning a GAN is essentially a minimax optimization
problem: maximize the performance of the generator by minimizing
the performance of the discriminator, and is typically learned using
stochastic gradient descent. The GAN is considered trained when
the discriminator performs near chance accuracy on a set of held-
out test images. From there, only the generator network needs to
be used to generate fake images for the problem of interest. In this
work, the problem of interest is to produce synthetic images of the
ocean’s surface.
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Figure 2: Comparison of the average Fourier spectra of
10,000 ocean images produced by a physics-based raytracing
code (left) and a GAN (right).

3 OUR APPROACH

A GAN was implemented using the TensorFlow Python library. The
discriminator had four convolutional layers (two with a kernel size
of four, followed by two with a kernel size of six) followed by two
fully-connected layers. The generator network began with a 64-unit
fully-connected layer, followed by six transpose convolution layers
(three with a kernel size of six, followed by three with a kernel
size of four). The intermediate layers for both networks used leaky
rectified linear (ReLU) activation and 40% dropout, while the output
layers used sigmoid activation. The training set consisted of 12,150
images (256 x 256 pixels) generated via physics-based simulation
at 1 m resolution for a 15 kt wind (+ 2 kt) blowing 150° clockwise
from North. The viewing geometry was such that the view point
was at the edge of the solar glitter pattern. Examples of the training
images and GAN-generated imagery are shown in Fig. 1.

Fourier analysis (Fig. 2) illustrates that the two-dimensional
spectra are mostly consistent between the raytraced and GAN-
generated images. The GAN successfully learned the direction of
principal wind waves and the spread of energy around that spectral
peak. There is a subtle checkerboard artifact due the GAN’s use of
2-D filters, evidenced by a grid of dim points in the spectrum. The
artifact has a strength of -15 dB near the main wind wave lobes,
and -32 dB in the higher frequencies. We believe it can be mitigated
by hyperparameter tuning or post hoc image processing.

Larger scenes may be produced as a mosaic of GAN-generated
images. Figs. 3 and 4 show 8x15 mosaics of the raytraced and
GAN-generated chips, respectively. Note the brightness has been
enhanced to highlight details at this lower resolution. Each image
produced by the GAN took about 0.17 s on a GPU, so to generate a
megapixel scene via tiling would take about 2.7 s - nearly an order of
magnitude improvement over raytracing. The subtle artifacts visible
at full resolution will be addressed in future work. We conclude
that simulating ocean images via GAN yields a reasonable tradeoff
between physical accuracy and computational efficiency.

4 FUTURE WORK

Adversarial autoencoders [Makhzani et al. 2015] show promise
for training GANSs to produce scenes over arbitrary environments
by way of a latent feature space. Conditional GANSs [Isola et al.
2017] also provide a straightforward means for inserting scene
elements, such as ships or clouds. We also intend to extend the GAN
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Figure 3: 8X15 mosaic of image chips produced by a physics-
based raytracing code (brightness enhanced).

Figure 4: 8X15 mosaic of image chips produced by a GAN
(brightness enhanced).

approach shown here to produce video with physically-realistic
ocean dynamics, including wave propagation, active wave breaking,
and foam decay.
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