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Abstract: This paper proposes a whistle-generative adversarial network (WhistleGAN) that generates
whistles for biomimetic underwater covert acoustic communication. The proposed method generates
new whistles to maintain covertness by avoiding the repetitive use of the same whistles. Since the
human ear perceives octave frequency such that low-frequency resolution is relatively larger than that
of low frequencies, the proposed WhistleGAN uses mel filter banks to keep the fidelity in mimicking
while reducing the complexity. The mean opinion score test verified that the whistles generated by
the proposed method and the recorded real whistles have a similar score of 4.3, and the computer
simulations proved that the bit error rate performance of the proposed method is the same as that of
the real whistle.

Keywords: underwater communication; biomimetic UWA covert underwater communication; ma-
chine learning

1. Introduction

Underwater acoustic (UWA) covert communication requires a low probability of
detection/interception (LPD/LPI). The conventional direct sequence spread spectrum
(DSSS) method, which multiplies a communication signal by a frequency band spread code,
has been widely used as a covert communication method. In UWA covert communications,
however, the narrow usable bandwidth limits the large spreading factors in DSSS, and a
low transmitting power reduces the communication range [1–7]. To solve this problem,
researchers have studied the biomimetic UWA covert communication method that mimics
and transmits the sound of marine creatures to confuse the enemy [8–17].

The biomimetic UWA covert communication mainly transmits communication signals
by mimicking dolphin whistles, which propagate longer than dolphin clicks [16,17]. The
conventional biomimetic UWA covert communication utilizes previously recorded dolphin
whistles for communication signals. Continuous varying carrier frequency modulation
(CV-CFM) in [16] divided the whistles into several slots in the time domain and allocated
bits to the slots, and time frequency shift keying (TFSK) in [8] shifted the original whistles in
time and frequency [8,16,17]. The combined method of CV-CFM and TFSK for transmitting
bits over overlapped whistles was also investigated [17]. Since these conventional methods
utilized a limited number of recorded dolphin data sets, the same data were repeatedly
transmitted and the LPD/LPI performance of the biomimetic UWA covert communications
decreased.

In general, two methods are used to obtain the dolphin whistles for the biomimetic
UWA covert communication: one method records the real dolphin whistles by themselves
and the other utilizes the published data set recorded by others. However, recording
dolphins’ whistles is challenging due to their movement, which can cover hundreds of
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kilometers [18,19], and the quantity of published data is limited because dolphin whistles
contain important marine environment information of some countries.

This paper proposes a whistle-generative adversarial network (WhistleGAN) with a
Mel filter bank to create a new data set of dolphin whistles. The goal was to create new
whistles that mimic the sounds of actual whistles to human listeners, while the created
whistles do not have the exact same frequency contour as the recorded whistles.

Many generative adversarial networks (GAN) such as deep convolutional generative
adversarial networks (DCGAN), progressive growing of GAN (ProGAN), large-scale GAN
(BigGAN), and VQGAN+CLIP have been researched and present superior generation
performance [20–23]. DCGAN produces high-quality images even with limited computing
resources and datasets, however, it is not sufficiently good to generate high-resolution
images [20]. ProGAN generates high-resolution images, yet the training process of ProGAN
is complex and requires substantial computing resources [21]. BigGAN creates high-
quality images through large datasets, however, it demands considerable computing time
and resources for training [22]. VQGAN+CLIP generates images of various styles and
resolutions, however, it has the drawback of requiring significant time and resources to
train the VQGAN model [23].

In practice, acquiring a substantial database of recorded actual dolphin whistle sounds
is very difficult. The purpose of this paper is to generate dolphin whistles using a low-
complexity method using a relatively small amount of actual recorded dolphin whistle
data. Therefore, we chose the DCGAN model for the proposed method.

The whistles generated by the proposed method provide a low computational com-
plexity while keeping a high mimicking performance. The proposed WhistleGAN uses
the Mel filter bank to convert linear frequency bands to a Mel scale because the frequency
response of the human ear is perceived as octaves and lower frequencies are detected
more sensitively than higher frequencies. The decreased high-frequency band resolution
reduces the time-frequency data size while maintaining a high degree of whistle similarity.
In addition, since the dolphin whistles exit only at specific times and frequencies in the
spectrogram of the recorded data, the proposed WhistleGAN is trained with a bilateral
filter that preserves an accurate contour.

To evaluate the performance of the proposed method, the complexities of the conven-
tional generative models were compared. A mean opinion score (MOS) test was conducted
to evaluate how similar the whistles generated by the proposed WhistleGAN were to the
real whistle sounds. Through the MOS test, we verified that the new dolphin whistles
generated by the proposed method resemble real dolphin sounds to the human ear, even
though the frequency contours differ. The bit error rate (BER) performance of whistles
generated by WhistleGAN were tested to evaluate the communication performance of
the generated whistles. The simulation results verified that the BER performances of
the proposed method are the same as actual whistles with the lower complexity of the
whistle generation.

The contributions of this paper are threefold:

1. We propose the WhistleGAN to generate the new whistles with high mimicking
performance with less computation by reducing the frequency data size using the Mel
filter bank, which considers human hearing characteristics.

2. We conducted the MOS test to evaluate the mimicking performance of the newly
created whistles. We verified that the whistle sound generated by the proposed
WhistleGAN resembles real dolphin sounds.

3. We compared the BER performance of the whistles generated by the proposed Whistle-
GAN and the real dolphin with the conventional biomimetic UWA covert commu-
nication’s modulation method. We demonstrated that the BER performance of the
whistles generated by the proposed method was the same as that of the real whistles.
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2. Proposed Method
2.1. Dolphin’s Call Signal

The dolphin sounds used in in the biomimetic UWA covert communication can be
classified into clicks and whistles. Figure 1 depicts an example of a real dolphin’s call signal
in which the click and whistle sounds are mixed. In Figure 1, the click sounds have a short
period in time with a broad frequency band and the whistle sounds have a relatively longer
time and various shapes in time frequency domain.

In general, the clicks are used to localize, detect, and identify objects at close range,
while the whistles are used for dolphin’s social communication. The clicks are similar to
pulse signals, and they have the disadvantage of having a short communication range. On
the other hand, whistles have a relatively long communication range because of their long
duration and variable bandwidth compared to clicks. Thus, the whistles have been mainly
used in biomimetic UWA covert communication [8–17].
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2.2. WhistleGAN

When a whistle generative network is designed, reflecting the characteristics of the
desired whistle is important. In the biomimetic UWA covert communication, the transmit-
ted signals are eavesdropped by humans. Thus, it is necessary to generate the whistles by
reflecting the characteristics of the human ear.

In this paper, we propose the WhistleGAN, which uses the Mel filter bank to generate
new whistles with higher mimicking than conventional methods with a lower computation.
Since human hearing is perceived in octaves, learning nonlinear data based on the human
ear can produce a more imitative whistle than learning a traditional discrete Fourier trans-
form (DFT)-based linear scale spectrogram. Learning a nonlinear scale that is log-like rather
than linear in the frequency domain reduces the spectrogram data size, and whistles with a
high degree of mimic (DoM) are generated by learning the human hearing characteristics.

The proposed WhistleGAN consists of a generator network (G) and a discriminator
network (D) with Mel filter bank. The goal of the G is to generate fake whistles similar
to the real whistles to fool the D into judging the generated whistles as the real whistles.
The D takes the fake whistles generated by the G and the real whistles as input and
decides whether the input is real. Since the two networks have conflicting goals, they train
competitively and simultaneously to generate new whistles.

The Mel filter bank reduces the image size of the whistle spectrogram by converting
a linear scale frequency to a logarithmic scale, known as the Mel scale. This processing
emphasizes the low-frequency bins that correspond to human auditory sensitivity in detail,
while sparsely representing high-frequency regions. The bilateral filter is used to remove
noise that may occur during the GAN training process. The block diagram of the proposed
WhistleGAN is shown in Figure 2.
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2.3. Mel Filter Bank

This section describes using the Mel filter bank to obtain log scale frequency data from
WhistleGAN. Assume that the short-time Fourier transform (STFT) of a whistle signal x is
Xs. The Xs of the whistle are transformed using a Mel filter bank by reducing the number
of frequency bins while preserving the whistle characteristics for human hearing. The
Mel filter bank is defined according to the center frequency and consists of overlapping
triangular filters. The number of frequency bins in Xs is determined by the Mel filter bank.
As the Mel filter bank number increases, the number of frequency bins in the Mel filter
bank increases, resulting in an increase in the frequency domain resolution.

To design the Mel filter bank, let the linear frequency and Mel frequency be l f and

ϕ f , respectively. ϕ f and l f have the relationship of ϕ f = 2595 × log10

(
1 +

l f
700

)
. The

whistle spectrogram is divided into several bands by the Mel filter bank, which consists
of a series of overlapping triangular filters defined by the center frequency l fc(m) where
m = 1, 2, · · · NMel . To obtain the center frequency (Hz) of such a Mel filter bank, the inverse
relationship between l f and ϕ f given by l fc(m) = 700

(
10ϕ fc (m)/2595 − 1

)
is used and the

Mel filter bank H(m, k) where k = 0, 1, · · · NDFT − 1 is obtained as,

H(m, k) =



0, for l f (k) < l fc(m − 1)
l f (k)−l fc (m−1)

l fc (m)−l fc (m−1) , for l fc(m − 1) ≤ l f (k) ≤ l fc(m)

l f (k)−l fc (m+1)
l fc (m)−l fc (m+1) , for l fc(m) < l f (k) ≤ l fc(m + 1)

0, for l f (k) ≥ l fc(m + 1).

. (1)

The Mel filter bank matrix H consists of rows of the number of Mel filter banks and
columns of the size of DFT. To obtain Mel whistles (Xmel), Xs is multiplied by the H and
taken logarithmically.

Xmel = log {H·|Xs|}, (2)

where · denotes inner product.
The whistles used for the input of the WhistleGAN are located in a specific time-

frequency region. The proposed WhistleGAN trains using a bilateral filter that considers
the distance between the target pixels of the whistle image and the surrounding pixels, as
well as the difference in pixel values. This allows WhistleGAN to preserve the whistle’s
shape while removing noise. The whistle image with the bilateral filter (Xbi) applied to
Xmel is calculated through adaptive convolutions of the pixel values’ similarity denoted as
fr(·) and the proximity of pixel positions represented by gs(·).

Let Wp be the normalized term, µ be the position of the current pixel, and Ω be the
window centered in µ. Then, µν ∈ Ω denotes the position of the neighboring pixel. When
Xmel(µν) and Xmel(µ) are assumed as the pixel’s value at the corresponding position in the
Mel whistle, (Xbi) is attained by,

fr(µν, µ) = exp

(
−∥µν − µ∥2

2σ2
d

)
, (3)
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gs(µν, µ) = exp

(
−∥µν − µ∥2

2σ2
r

)
, (4)

Wp = ∑µν∈Ω fr(∥Xmel(µν)− Xmel(µ)∥)gs(∥µν − µ∥), (5)

Xbi(µ) =
1

Wp
∑µν∈Ω Xmel(µν) fr(∥Xmel(µν)− Xmel(µ)∥)gs(∥µν − µ∥), (6)

where σd and σr denote the smoothing parameters. In this paper, an amplified whistle (Xe)
is learned from the D of the WhistleGAN by amplifying Xbi generated by bilateral filter
by α.

Xe = α × Xbi. (7)

In the G, a random variable z
(
R1×Z) is used to generate a new whistle. The D learns

the features of a whistle obtained from the Mel filter bank in the WhistleGAN (Xe) and a
whistle with no processing (Xs). The G trains to satisfy D(G(z)) = 1, while the D trains to
satisfy D(G(z)) = 0 through a competitive process. The trained WhistleGAN generates the
whistle contours with the same probability distribution. The competition process between
G and D of the proposed WhistleGAN can be attained as,

min
G

max
D

V(D, G) = EXs∼Pdata(Xs)[log D(Xs)] + EXe∼Pdata(Xe)[log D(Xe)] + Ez∼Pz(z)[log(1 − D(G(z)))] (8)

where E denotes the expectation. Pdata(Xs), Pdata(Xe) and Pz(z) denote the probability
distributions of Xs, Xe, and z, respectively.

2.4. Structure of WhistleGAN

The G in the WhistleGAN uses fractional-strided convolution instead of a fully con-
nected layer to generate whistles. To solve the problem of gradient vanishing/exploding,
batch normalization (BN) is applied in all layers except the output layer. The output layer
uses the tanh activation function, and the other uses the ReLU activation function.

The D of the WhistleGAN uses strided convolution instead of a fully connected layer
to reduce the number of features in the input whistle image and determine true/ false.
The D utilizes batch normalization in all layers except the input and output layers and
uses the sigmoid activation function to determine true/false in the output layer. In the
remaining layers, the LeakyReLU activation function is employed, which introduces a slope
of alpha to allow negative values unlike ReLU and thus enables the learning of weights to
be influenced.

Since the WhistleGAN contains the Mel filter bank, each network learns the input
data with different values and sizes than the conventional DCGAN. Thus, the kernel and
stride sizes are optimized through iterative research. The specific structure of the G of
the proposed WhistleGAN is shown in Table 1 and the specific structure of the D of the
WhistleGAN is shown in Table 2.

Table 1. The specific structure of the WhistleGAN’s generator network.

Kernel Stride BN Activation Function

Input 4 × 4 1 Y ReLU
Conv1 4 × 4 2 Y ReLU
Conv2 4 × 4 2 Y ReLU
Conv3 4 × 4 2 Y ReLU
Conv4 4 × 4 2 Y ReLU
Output 4 × 4 2 N Tanh
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Table 2. The specific structure of the WhistleGAN’s discriminator network.

Kernel Stride BN Activation Function

Input 4 × 4 2 N LeakyReLU
Conv1 4 × 4 2 Y LeakyReLU
Conv2 4 × 4 2 Y LeakyReLU
Conv3 4 × 4 2 Y LeakyReLU
Conv4 4 × 4 2 Y LeakyReLU
Conv5 4 × 4 2 Y LeakyReLU
Output 2 × 2 2 N Sigmoid

3. Analysis of Experimental Results

In this section, the conventional generative models were compared for the selection
of the low complexity generative model. To evaluate the proposed method, the whistle
generation performance, the similarity between generated and real whistles, and the BER
performance for the proposed method were compared by visualization, human evaluation,
and computer simulation, respectively.

3.1. Complexity Comparison

We compared the complexity of ProGAN, BigGAN, VQGAN+CLIP, and DCGAN.
Table 3 presents the number of nodes for each technique according to two input sizes of
128 × 128 × 3 and 256 × 256 × 3. DCGAN exhibits 14 times less complexity than ProGAN,
50 times less complexity than BigGAN, and 5 times less complexity than VQGAN+CLIP,
respectively. Since one of the purposes of the proposed method is reduction of the compu-
tational complexity, the performance of the proposed method was compared with that of
the conventional DCGAN.

Table 3. The number of nodes in generation models according to input size.

Method 128 × 128 × 3 256 × 256 × 3

DCGAN [20] 10 million 30 million
ProGAN [21] 140 million 420 million
BigGAN [22] 500 million 1500 million

VQGAN+CLIP [23] 50 million 150 million

3.2. Whistle Generation Results

For the training of the proposed WhistleGAN, the whistles from the “Watkins Marine
Mammal Sound Database (WMMSD)”, and “voice in the sea and discovery of sound
in the sea” were used [24,25]. The data of about 239 single whistles were increased to
10,000 whistles by changing the time and frequency and used as the training set.

To compare the computational complexity and accuracy between the proposed Whistle-
GAN and the conventional methods, the DCGAN (256) and the proposed WhistleGAN
were trained, and DCGAN (128) was also trained with the same whistles of the same size
for a fair comparison. The whistle inputs for DCGAN (256) and DCGAN (128) were set to
256 × 256 × 3 and 128 × 128 × 3, respectively, according to frequency, time, and color. Note
that the proposed WhistleGAN with a 128 Mel filter bank was trained by reduced whistle
image to 128 × 128 × 3, which was four times smaller than the DCGAN (256) input image
size. The frequency scale of the input whistles of the proposed method was transformed
into a logarithmic Mel scale with equal intervals from the linear scale.

For training the proposed WhistleGAN and the conventional DCGAN, the input whis-
tles were normalized between −1 and 1. The WhistleGAN and DCGAN were implemented
on Pytorch 1.12.0 and trained using RTX 4090 (NVIDIA, SCL, Santa Clara, CA, USA). Both
methods used the same learning parameters for a fair comparison in Table 4. The bench
test results of the computational complexity of DCGAN and the proposed WhistleGAN are
shown in Table 5.
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Table 4. The hyperparameters of the DCGAN and the proposed WhistleGAN.

Hyperparameter Value

Batch size 128
Epochs 2000

Optimizer Adam
Learning rate 2 × 10−4

Adam’s beta 0.5, 0.999
LeakyReLU’s alpha 0.2

Table 5. The bench test results of the DCGAN and the proposed WhistleGAN.

DCGAN
(256)

DCGAN
(128) WhistleGAN

Average batch time (ms) 15.65 6.60 9.61
Average throughput

(images/second) 4088.29 15,431.82 13,324.42

Estimated total size (MB) 2730.67 810.58 1450.58

In Table 5, the average batch time of the proposed WhistleGAN was 1.63 times faster
than that of the conventional DCGAN (256). The number of images processed per second
of the proposed method was 3.25 times higher. The total parameter size of the proposed
method was 1.88 times smaller. Thus, the proposed WhistleGAN has 47% less computation
than the conventional DCGAN (256) using smaller-sized whistles, even with additional
filters and the learning process. On the other hand, the conventional DCGAN (128) with
the same size whistle input used in the proposed method required less computational
complexity than the proposed WhistleGAN because the conventional DCGAN (128) did
not use the bilateral filter.

Figures 3 and 4 depict examples of whistles generated by the DCGAN (256) and
DCGAN (128), and Figure 5 displays examples of whistles generated by the proposed
WhistleGAN. Figure 3 shows the whistle of size 256 × 256 × 3, and Figures 4 and 5 show
the whistle of size 128 × 128 × 3. In Figure 5, the y-axis denotes the Mel frequency scale,
while others utilize linear scale. The whistles generated by the DCGAN and the proposed
WhistleGAN are noise-free and generated various whistle contours such as flat, up-chirp,
down-chirp, and fluctuations, etc. [26].

Since the method generated new whistle patterns, the conventional correlation assess-
ment between real and generated whistles cannot be applied. Therefore, the qualitative
assessment of the similarity was tested by humans using the MOS test in the next subsection.

3.3. DoM Assessment

The MOS test utilizes the BS1284 international telecommunication union standard,
which is used to evaluate the degree of distortion of call sounds in wireless communi-
cations [27]. The MOS test serves as a metric that averages the perceived degree based
on the auditory senses of multiple individuals. It requires the participation of at least
20 individuals and employs a 5-point scale for scoring. The evaluation table is shown in
Table 6. The higher the average MOS test score, the higher the DoM.

For the MOS test comparison, 31 participants rated the real dolphin sounds, the sounds
generated by the DCGAN (256) and DCGAN (128), and the proposed WhistleGAN, in
a randomized order. Shure SRH 840 headphones were used for listening. To achieve a
similar sound quality, the marine ambient noise extracted from real whistle audio files
were added to the generated whistles. Figure 6 shows examples of the real whistles used
in the experiments, the generated whistles by DCGAN, and the generated whistles by
the proposed WhistleGAN. Figure 6 shows some whistles generated by the DCGAN and
WhistleGAN that are similar to the original whistles.
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Table 6. The MOS test scoring criteria.

Score 5 4 3 2 1

Opinion Same Very similar Similar Slightly
different Different

Table 7 depicts the results of the MOS test. In Table 7, the real dolphin sound scored 4.3,
the sound generated by the DCGAN (256) scored 4.2, the sound generated by the DCGAN
(128) scored 4.0, and the sound generated by the proposed WhistleGAN scored about 4.3.
The proposed WhistleGAN and the DCGAN (256) had 100% and 98% similarity to the
original signal, respectively, but DCGAN (128) had 93% similarity, which is less similar to
the original whistles.

Table 7. The MOS test results.

Scheme Real dolphin DCGAN (256) DCGAN (128) WhistleGAN

Score 4.3 4.2 4.0 4.3

Through the MOS test, we verified that the proposed WhistleGAN generated new
whistles with a high DoM and low complexity by learning the probability distribution of
the original whistles.

3.4. Communication Performance Assessment

In this subsection, the BER of the biomimetic UWA communication using the real
dolphin whistles and the generated whistles are compared. The DCGAN (256) and the
proposed WhistleGAN were used to generate the whistles. DCGAN (128) was not used
for the comparison because the DCGAN (128) has low DoM. The modulation methods
used for the communication were CV-CFM, orthogonal frequency division multiplexing
(OFDM), and hybrid orthogonal whistle modulation (HOWM). The data rates of the three
techniques were set to 50 bps [16,17]. The modulation parameters of all methods were the
same as in previous studies and a symbol bandwidth was 200 Hz and the forward error
correction was a 1/3 turbo code [16,17]. The computer simulations were performed on
three UWA channels attained from the West Sea, South Sea, and East Sea of Korea. The
channel impulse responses (CIRs) and BER results of each UWA channel are shown in
Figures 7–9.
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Figure 9. (a) The channel impulse response of the East Sea of South Korea; and the BER results of
(b) CV-CFM; (c) OFDM; (d) HOWM.

Figures 7a–d, 8a–d and 9a–d depict the CIRs, the BERs of the CV-CFM, BERs of the
OFDM, and the BERs of the HOWM, respectively. The black line, the blue line, and the red
line denote the BERs with the real whistles, with the whistles by the DCGAN, and with
the proposed WhistleGAN. The solid lines denote the uncoded BER and the dashed lines
denote the coded BER.

Figures 7–9 demonstrate the similar BER performances for the the real dolphine and
the generated whistles by the proposed WhistleGAN through the computer simulations
of the three conventional biomimetic UWA covert commuication methods and the three
different UWA channel models. Therefore, We verified that the proposed WhistleGAN
generates a variety of dolphin whistles with a high DoM and similar BER performance to
real dolphin sounds using a lower complexity than the conventional DCGAN (256).

4. Conclusions

This paper proposed the WhistleGAN that generated whistles with different contours
to those of real dolphin whistlers. The proposed WhistleGAN used the Mel filter bank,
which modified the frequency scale for human ear characteristics resulting in a low com-
putational complexity and a high DoM. The MOS tests were conducted on WhistleGAN,
the DCGAN, and real dolphin whistles. The proposed WhistleGAN had 7% better DOM
when the computation complexity was similar to DCGAN, and 2% better DOM when the
computation complexity was lower by 50%. The BER performances were compared to real
whistles, whistles generated by the proposed WhistleGAN and whistles generated by the
conventional DCGAN through three different underwater channels with three different
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biomimetic UWA covert communication methods. The proposed scheme exhibited the
same BER as real whistles.
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