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Abstract—Underwater acoustic communication data is expen-
sive to collect, often yielding experimental data sets that are
sufficient for proof-of-concept analysis, but are insufficient for
applications that demand orders of magnitude more channel
realizations, such as data-driven methods for outage-capacity
analysis, network simulation, or statistical regression of new
communication algorithms. For such applications, a realistic
synthetic dataset is a necessity for the successful generalization of
data-driven underwater acoustic (UWA) communication systems.
This paper investigates the application of diffusion models for
UWA data augmentation for such systems. Diffusion models, as
opposed to physics-based models such as BELLHOP or other
acoustic propagation tools, extract the essential characteristics of
the data without explicit knowledge of environmental parameters.
We demonstrate the capability of such models by generating data
whose multipath structure and spatiotemporal correlation match
those of the Kauai ACOMMS MURI 2011 (KAM11) experiment.

Index Terms—Underwater acoustics, channel impulse re-
sponses, diffusion model, data augmentation, multipath

I. INTRODUCTION

In underwater acoustic (UWA) communications, the com-
plex ocean environment, with multipath propagation and large
spatiotemporal variability, presents a host of challenges for
designing robust and effective digital communication systems
[1], [2]. Consequently, a realistic dataset that captures these ef-
fects is crucial for designing UWA communication algorithms.

As there is no standard model that accurately depicts
the intricate nature of UWA channels for general environ-
ments, experimental demonstration of candidate communi-
cation schemes has become the de facto standard [1], [3].
However, acquiring extensive field data is both expensive and
time-consuming. For applications where a prohibitively large
dataset is required for designing or evaluating UWA com-
munication algorithms, data augmentation methods that are
faithful to the underlying distribution of field measurements
are essential. To mimic the randomness of multipath effects
and spatiotemporal variability using physics-based models,
one may use a parameterized model and introduce randomness
into parameters, such as the surface profile, bathymetry, or

sound speed profile, though such methods are computation-
ally expensive and have not proven adequate. This motivates
the pursuit of data-driven generative models, which learn to
generate channel realizations by sampling from measured data.

Recently, deep generative models, particularly diffusion
models, have proven to be a powerful tool for generating
realistic datasets in image and audio synthesis [4], [5], and
have shown great promise for generating radio-frequency
digital communication signals [6] and learning ocean sound
speed field [7]. This paper exploits a diffusion model that is
compatible with UWA channel modeling applications. Gen-
erative models such as diffusion models can learn a distri-
bution over the sampled data that captures the randomness
exhibited therein. By sampling from that distribution (via
experimental measurements), we can realize new channels
from the distribution for that environment. We show the
efficacy of the proposed method by comparing the statistics of
the multipath arrival times in the generated impulse responses
to measurements.

II. METHODS

Generative models assume that data is created by an under-
lying probability distribution and create new data consistent
with that distribution [8]. Diffusion models have proven use-
ful in a variety of domains [4]. Conceptually, given a data
distribution x0 ∼ q(x0), a forward Markov process with
Gaussian transition kernel q(xr|xr−1) generates a random
variable sequence x1, x2, ..., xR can be generated from
available training data x0 ∼ q(x0) by using a forward Markov
process with Gaussian transition kernel q(xr|xr−1): [4]

q(xr|xr−1) = N (
√

1− βrxr−1, βrI), (1)

where βr ∈ (0, 1) is the hyperparameter. Letting αr := 1−βr

and ᾱr := Πr
s=0αs, it can be shown that [4], [9]

q(xr|x0) = N (
√
ᾱrx0, (1− ᾱr)I), (2)

which intuitively means we can obtain the noisy sample xr

by adding a Gaussian perturbation ϵ ∼ N (0, I) to x0 [4]

xr =
√
ᾱrx0 +

√
1− ᾱrϵ. (3)



xr is almost I.I.D. Gaussian when ᾱr ≈ 0.
The diffusion model used in this study is based on the

ν-objective diffusion model [10] for music [11], with
√
ᾱr

chosen to be cos(0.5πσr) and
√
1− ᾱr = sin(0.5πσr), where

σr ∼ U [0, 1]. During training stage, the ν-objective diffusion
model estimates a model for νσr

= 2
π

∂xr

∂σr
= cos(0.5πσr)ϵ −

sin(0.5πσr)x0 by minimizing the loss function [11]:

θ∗ = argmin
θ

Er,σr,xσr

[
∥fθ (xr, σr)− νσr

∥22
]
, (4)

where fθ is a model to be trained using a 1D U-Net archi-
tecture [11]. The denoising diffusion implicit models (DDIM)
sampler denoises the noisy signal xr to get estimated clean
data x̂0 by repeatedly applying [11], [12]

ν̂σr
= fθ∗(xr, σr),

x̂0 = cos(0.5πσr)xr − sin(0.5πσr)ν̂σr
,

ϵ̂r = sin(0.5πσr)xr + cos(0.5πσr)ν̂σr
,

x̂r−1 = cos(0.5πσr−1)xr + sin(0.5πσr−1)ϵ̂r,

(5)

to estimate initial data and noise at each step r. In the
generation stage, a new data sample can be generated by
replacing the xr in (5) with a random Gaussian noise. The
rest of this section explains how we prepare the training data
for the diffusion model.

The UWA channel models considered here are the discrete-
time baseband complex-valued time-domain impulse re-
sponses. The impulse response from one source to one of the
receiver locations zi with sampling rate Fs is denoted as a
matrix Hzi , where Hzi [tj , τk] denotes the element at jth row
and kth column of Hzi which represents the impulse response
value at time tj and delay τk. The available time range of the
training dataset is from t = 0 to D

Fs
, where D is the total

number of time samples. The desired time duration captured
in the generated impulse responses is ∆

Fs
, of maximum delay-

spread τN (the discrete-time impulse response length is N ).
Then L impulse responses evenly spaced in time range from
t = tj to tj +

∆
Fs

, for any j : 0 < tj < D−∆
Fs

in the training
data can be chosen as one training sample. Choosing all M
receivers, one vector of length NML can be constructed:

y0 =

[
Hz0 [tj , :] , ...,HzM−1

[tj , :],Hz0

[
tj +

∆

LFs
, :

]
,

...,HzM−1

[
tj +

(L− 1)∆

LFs
, :

]]T

,

(6)

where T denotes the transpose operation.
We found that the diffusion model captures the UWA chan-

nel responses spatiotemporal correlation better if the model is
trained on the Fourier transformed y0, i.e., x0 = Fy0. We
treat the real and imaginary parts of x0 as two input channels
for the diffusion model to yield an overall input shape of
(Nb, 2, NML), where Nb is the batch size (the number of
different training samples x0). By applying the Inverse Fourier
transform to a generated sample, we can recover the time-
domain impulse responses.

III. RESULTS

We used extracted channels derived from the Kauai
Acomms MURI 2011 (KAM11) dataset [13], [14] in a reposi-
tory of standard channel models that is currently under devel-
opment to train the diffusion model. We used M = 2 receivers
(the first and seventh hydrophones) to investigate the gener-
ative model’s multichannel learning capability. All baseband
impulse responses have a sampling rate of Fs = 6250 Hz and
length N = 64 (τN = 10.24 ms). The time duration captured
in the generated impulse responses is set to ∆

Fs
= 3.2 s, which

approximates the decorrelation time of impulse responses in
the training data. Time resolution ∆

LFs
= 0.4 s and L = 8.

The total measurement time range for the training data used
is around D

Fs
= 20 s.

The diffusion model architecture used in this paper is the
“audio-diffusion-pytorch”1 [5], [10], [11], [15] with no pre-
training, and 7 nested U-Net blocks with 32 channels in
each block ([32, 32, 32, 32, 32, 32, 32]) for which we
downsampled each time by 2 except the first two blocks ([1,
1, 2, 2, 2, 2, 2]). This downsampling process provides a 32
times compression factor that accelerates the training speed.
ResNet and modulation items with the repetitions [1, 2, 2,
2, 2, 2, 2] were used and no attention was used to allow
the learning of possibly long latent representations [11]. An
NVIDIA RTX A6000 was used to train the diffusion model.
Only 20 minutes of training (18,000 iterations) was used for
the model that generates the results in this section. Each
generated impulse response from the trained diffusion model
is less than 1 s. Considering the offline nature of the current
application, computational complexity is not a major issue in
using the current diffusion model for UWA channel response
regeneration.

Fig. 1: One of the measured and generated impulse responses.

To illustrate the impulse responses extracted from KAM11
dataset used in this work, Figure 1 shows one realization of
the measured and generated impulse responses at a random
time instance. Figures 2 and 3 show the magnitude of one
realization of the measured and generated UWA channel
impulse responses respectively. Each subplot shows the time-
varying impulse responses across ∆

Fs
= 3.2 s (time resolution

∆
LFs

= 0.4 s). It clearly shows the first two peaks around
0 ms and 4 ms. The arrival time of both peaks changes
slightly. Next, we show that the model successfully learns the

1https://github.com/archinetai/audio-diffusion-pytorch.git



Fig. 2: The magnitude of measured impulse responses.

Fig. 3: The magnitude of generated impulse responses.

distribution of the arrival time of peaks and spatiotemporal
correlation.

A. Distribution of Peak Arrival Times

One important characteristic of UWA channels is the mul-
tipath effects, which impact the communication algorithm
design [1], [2]. From Fig. 2, there are two time-varying peaks
in the impulse responses. Thus, estimates of the probability
mass function (PMF) of the arrival times for each of the two
peaks for both measured and generated impulse responses can
be compared. The arrival times of peaks in this section are
determined by finding the delay with the locally-maximum
time-domain magnitude.

Figure 4 shows an estimate of the PMF (histogram) of
the arrival time of the first peak τp1

using the diffusion
model trained over 80,000 iterations. Since the diffusion model
generation starts from a randomly sampled Gaussian white
sequence, τp1 will be uniformly distributed in the beginning.
The PMF of τp1

gradually converges to that of the measured
data with more training iterations. In fact, after only 1800
iterations (around 2 minutes into the training process), the
generated impulse responses have a PMF of the arrival time
of the first peak τp1 close to that of the measured data. To
measure the similarity numerically, the Kullback-Leibler (KL)
divergence is also plotted in Fig. 4.

Figure 5 shows a comparison of the estimated PMF of
the arrival time of the first two peaks (τp1

and τp2
) in

both receivers between the measured and generated impulse
responses. The arrival time of the generated peaks in the
impulse responses has almost the same PMF compared with
the measurement data. The PMF of the difference of the
arrival time of the first and second peak (i.e., the PMF of

Fig. 4: Left plot shows the PMF of the arrival time for the
first peak in the first receiver. Generated responses use models
at different training iterations (and training time) are shown.
The KL divergence between the generated distribution and the
measured distribution is shown on the right.

Fig. 5: Comparison of the PMF of arrival times of two peaks in
the measured and generated UWA channel impulse responses.
The KL divergence between measured and generated distribu-
tions are 0.0002 and 0.001 bits for the first row and 0.091 bits
for both plots in the second row.

the δτp1,2
= τp2

− τp1
) is shown in Fig. 6. From Fig. 6, it is

clear that in the field measurement, although the arrival time
of both peaks is slightly changing across time t, the difference
δτ1,2 remains fairly constant. This illustrates how the trained
diffusion model learns the relationship between the different
peak arrivals exhibited in the training dataset.

B. Spatiotemporal Correlation

To investigate the similarities between the field measure-
ment and diffusion model generated impulse responses in
terms of the spatiotemporal correlation, their complex cor-
relation is computed. The complex correlation between the
impulse response of the i-th receiver location and j-th receiver



Fig. 6: Comparison of PMF of δτ1,2 in the measured and
generated underwater acoustic channel impulse responses. The
KL divergence between measured and generated distributions
are 0.222 and 0.185 bits respectively.

location is denoted as matrices Czi,zj , the ℓth row and mth
column of the matrix is denoted as Czi,zj [ηℓ, γm] and defined

Czi,zj [η, γ] = Et

[∑
τ

Hzi [t, τ ]H
∗
zj [t− η, τ − γ]

]
, (7)

where ∗ denotes complex conjugate, η denotes time difference,
and γ denotes the delay difference. When computing the corre-
lation function using the measured data, 10000 different tk are
randomly selected to estimate the expected correlation value.
When computing the correlation function using the generated
data, 10000 sets of impulse responses are randomly generated
to estimate the expected value. Each set of impulse responses
contains 2 receiver locations and 8 impulse responses for each
receiver location spanning 3.2 s in time and 10.24 ms in delay
which matches the dimension of measured data.

Fig. 7: The comparison of the magnitude of complex cor-
relation functions of the measured and generated impulse
responses.

Since we have two receiver locations z0 and z1, the com-
parison of the magnitude of correlation functions Cz0,z0 [η, γ],

Cz1,z1 [η, γ], and Cz0,z1 [η, γ] are plotted as the first, second,
and third row respectively in Fig. 7, illustrating that the
generated responses have a similar decrease in the correlation
function magnitude when the time difference η becomes
larger. Because of the first two peak arrivals, the correlation
magnitude is larger when the delay difference γ is around 0
and ±4 ms. Comparing the plots in Fig. 7 shows the trained
diffusion model learns the spatiotemporal correlation function
of the measured data. To better compare the correlation of
measured and generated responses, correlations Cz0,z0 [η, γ]
and Cz0,z1 [η, γ] when η = 0, 0.4, and 3.2 s respectively are
shown in Fig. 8. The generated responses have qualitatively
similar correlations compared with the measured responses.

Fig. 8: Comparison of the magnitude of some correlation
functions of the measured and generated underwater acoustic
channel impulse responses.

IV. CONCLUSION

In this article, a diffusion model trained on a UWA chan-
nel impulse response dataset was demonstrated to generate
realistic UWA channel impulse responses. The PMF of the
dominant arrival time peaks in generated responses was shown
to match the field measurement. The spatiotemporal corre-
lation functions also show a good match between the field
measurement and generated responses. The proposed method
can be used to augment field measurements for designing
underwater communication algorithms. Moreover, diffusion-
based generative models can serve as deep priors for tasks such
as channel estimation, equalization, or blind deconvolution.
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