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Using deep convolutional neural networks as primary learners and a deep neural network as meta-learner, source
ranging is solved as a regression problem with the ensemble learning method. Simulated acoustic data from the
acoustic propagation model are used as the training data. Real data from an experiment in the South China Sea
are used as the test data to demonstrate the performance. The results indicate that in the direct zone of deep
water, signals received by a very deep receiver can be used to estimate the range of underwater sound source.
Within 30 km, the mean absolute error of the range predictions is 1.0 km and the mean absolute percentage error

is 7.9%.
PACS: 43.60.Np, 43.60.Jn, 43.30.Wi

Acoustic source ranging in ocean waveguides has
always been a concern in the field of underwater acous-
tics. As the transmission loss in the direct zone of deep
water is less than that in the shadow zone, and the
horizontal range of the direct zone increases with the
depth of the receiver,!'! signals received by a very deep
(near-bottom) hydrophone can be used for underwater
source ranging. As Lloyd’s mirror pattern exists and
can be described with relatively simple expressions,!”!
this pattern can be used for source ranging. A widely
used method is matched-field processing (MFP),l*]
which is achieved by matching replica fields with mea-
surements.

With the development of statistical learning theory
and computer technology, machine learning has made
breakthrough progress in speech recognition, image
processing and natural language processing. In the
last five years, AlexNet, VGGNet, InceptionNet and
ResNet[" =7 have greatly promoted the development of
deep neural networks, which has made more and more
fields begin to notice the potential of machine learning.
Techniques of using max pooling as the pooling func-
tion and ReLU function as the activation function,!”’
increasing the number of hidden layers, using small
size of kernels, designing networks with branches, and
using residual connections between hidden layers, "]
are helpful to improve the performance of the deep
neural networks in image recognition.

However, publications on machine learning in un-
derwater acoustics are still scarce. Since the 1990s,
machine learning, mainly neural networks, has been
used for underwater source localization,!®! and com-
bined with the MFP to simulate the range and depth
discrimination.l”) More recently, feed-forward neural
networks (FNN), support vector machines (SVM),
random forests (RF) and convolutional neural net-
works have been used for the range estimation of shal-
low water sound sources.'”'?l A single model has
been used in the above tasks, but in fact most ma-
chine learning tasks may achieve better performance
by ensemble learning such as averaging, voting and
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learning.[”]

In this Letter, stacking, an ensemble learning
method,['"] combined with some complex deep neural
networks are used for source ranging. Due to the defi-
cient real observations, the training data are generated
by the acoustic propagation model KRAKEN.!'"] The
experimental data received by a very deep hydrophone
are used to demonstrate the performance as the test
data. Tensorflow and Kerasl’! are used to build net-
works. Firstly, we give the main process for source
ranging. Secondly, we introduce the experimental en-
vironment and data preprocessing. Thirdly, we de-
sign the networks and analyze the ensemble learning
method. Finally, the results of primary learners and
the meta-learner are given.

The main process is shown in Fig.1. After pre-
processing, the normalized spectrograms of simulated
and experimental data are used as the training and
test data. Firstly, the training data are split into two
subsets. The first subset is used to train the primary
networks. Such networks are used to make predic-
tions on the second subset. A new training data set
is created using these predicted values as features and
used to train the meta-learner. After the two steps
of training, the test data set is used to examine the
performance.

The data during the South China Sea experiment
in 2016 are used to demonstrate the performance of
all models. The source depth is around 120 m and the
source center frequency is 300 Hz with the bandwidth
100 Hz. The receiving depth of the single hydrophone
is 4152m with the sampling rate 16kHz. The bot-
tom within the range of 30km is relatively flat with
an average depth of 4312m. The sound speed profile
(SSP) measured by XCTD is given in the left subplot
of Fig. 2, which shows that the sound channel axis is at
the depth of 1151 m and the speed is 1540m/s at the
surface and 1533 m/s at the bottom. Two-dimensional
transmission loss with depth and range within 90 km
is shown in the right subplot of Fig. 2, which is com-
puted by the RAM-PE model. As shown in Fig. 2, the
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range of the direct zone with a very deep receiver can
reach 30km. In this study, the range estimation in
the direct zone is investigated.
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Fig.1l. The main process including data preprocessing,
building, training and testing the networks.
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Fig.2. The sound speed profile (left), and the two-

dimensional transmission loss in the range of 90 km (right).
The black dotted line shows the receiver depth, which is
near the bottom.

To obtain the test data, the time-domain signals
received by a single hydrophone are transformed to the
normalized spectrograms before feeding into the net-
works. The complex pressure at frequency f obtained
by performing fast Fourier transform (FFT) on the
received time-domain signal is normalized according

to
lp(f)l
max [p(f)|”

p(f) = (1)
Since the experimental signals are hyperbolic fre-
quency modulated (HFM), the signal amplitudes are
not constant across the frequency band. Therefore,
segment normalization is performed with 10 Hz inter-
vals. Then the normalized spectrum is sampled every
1Hz in the frequency band 251-350 Hz to form the
test data.

The training data are simulated using KRAKEN.
Since the test data have a high signal-to-noise ratio
(SNR) of about 35dB, no noise is added to the train-
ing data. The environmental parameters are chosen
to simulate the South China Sea experiment!'®! with
the bottom sound speed ¢, = 1565m/s, the bottom
density pp, = 1.6g/cm?, and the attenuation coeffi-
cients ap, = 0.3dB/A. The source depth is from 110
to 130m with 1m increments. The receiver and bot-
tom depths are 4152 and 4312m, respectively. The
source frequency is 251-350 Hz, the same as the test
data. The range for the training data is from 0.1 to
30km with 10 m increments. The comparison of sim-
ulated and experimental data is shown in Fig. 3. The
result shows that the two are roughly consistent. The
interference fringes in Fig.3 are formed by Lloyd’s
mirror narrow band interference fringes with differ-

ent frequencies. The reverse small fringes in 25-30 km
may be caused by the negative waveguide invariants
of the refracting sound rays.!'”) These fringes can be
automatically learned by neural networks and used for
range prediction.
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Fig. 3. Comparison of simulation data (right) and exper-
imental data (left) by feature map of frequency and range.

One-dimensional convolutional networks (Conv-
1D) are used to build the primary models. Sup-
pose that the number of samples in the first train-
ing data subset is Vi, and the second one is Ns.
Each sample has m feature frequencies. The ith in-
put sample is denoted by x() = [:cgz),x(;), . ,:m(fl)]
and the total input data are designed as matrix X =
;2@ (V)]

The outputs y(? of the networks are the predicted
range value . which map the frequency spectrum

P
to the range (i.e., regression).

The number of feature frequencies is 100. There-
fore, the shape of the input layer is 100 x 1 and the
number of neurons in the output layer is 1.
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Fig. 4. Inception module with residual connection.

The hidden layers are designed by convolutional
layers (kernel size 5 and stride 1) with a final fully
connected layer. Inception modules and residual con-
nections shown in Fig. 4 are used to improve the per-
formance on the test data. Different network struc-
tures are listed in Table 1. The number of filters in
each layer is 128. The ReLU function is chosen as
the activation function and the Adam optimizer with
the initial learning rate 0.001 is chosen to train the
networks.[”] The maximum number of iterations is 100

044302-2


http://cpl.iphy.ac.cn

CHIN.PHYS.LETT. Vol. 36, No.4(2019) 044302

and the batch size is n = 32. Dropout is used to re-
duce overfitting with rate 0.5. Global average pooling
is used before the output layer and batch normaliza-
tion is used after each of the convolution layers, which
can help to improve the generalization capability.

The predicted output * and the desired output
t( are the range value of each sample. Therefore, the
mean square error is chosen as a loss function

Z (2)

A dense connection network is used as the meta-
learner. The predictions of the second training data
subset predicted by M different primary networks are
used to train the network. The size of the total input
data is Ny x M, with the number of sample N; and
the number of features M. The number of neurons
is therefore M for the input layer, and 1 for the out-
put layer. The hidden layers are designed to have two
dense connection layers with 32 neurons.
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Fig.5. Range predictions by (a) simple Conv-1D, (b)

Conv-1D with residual connections, (¢) Conv-1D with in-
ception modules, and (d) Conv-1D with both inception
modules and residual connections.

Suppose that the number of test data samples is
N, the true range of each sample is r, and the pre-
dicted range is r,. Three measures are used to quan-
tify the prediction performance of all models, named
as the mean square error (MSE), the mean absolute
error (MAE) and the mean absolute percentage error
(MAPE)
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Range predictions by different primary networks
are shown in Fig. 5, and the final results as well as the

absolute errors by the ensemble network are shown in
Fig.6. The performance of all models is listed in Ta-
ble 1. Parts (i)—(v) correspond to the results of simple
convolutional neural networks (CNN) (i), CNN with
residual connections (ii), CNN with inception modules
(iii), CNN with both residual connections and incep-
tion modules (iv), and the ensemble model (v). As
can be seen from Table 1, part (iv) gives the best
performance among the primary models, indicating
that the complex structure with residual connections
and inception modules are helpful to improve the per-
formance. Using the stacking method, the prediction
performance on MAPE decreases from 9.7% to 8.9%.
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Fig. 6. Range predictions and the absolute errors by the

ensemble network.

Table 1. MAPE, MAE, MSE statistics of CNN predic-
tions.

Number of  Eymape  EvmAe  Euse
layers (%) (km)  (km?2)
; 3 14.7 1.5 4.4
7 11.2 1.3 4.6
.. 7 10.5 1.2 3.5
" 9 11.1 1.3 3.8
8 11.2 1.5 3.9
m 15 10.0 1.3 3.2
iv 15 9.7 1.1 3.0
v 8.9 1.1 2.4

Figure 6 shows that the absolute errors between
the range 19 and 23km are relatively high. Degra-
dation of the localization performance at these dis-
tances may be caused by the mismatch of the bot-
tom parameters. Therefore, more complex bottom
parameters are chosen to generate additional training
data. A double-layer bottom model is used to increase
training set with cp; = 1548 m/s, pp; = 1.53g/cm?,
ap; = 0.2dB/)\, H = 35m, ¢pe = 1600m/s, ppy =
1.69g/cm?, apes = 0.25dB/\, where H is the thick-
ness of sediment.

Table 2 gives the performance of all networks
trained by the new training set D; and Ds. Here
D; is generated by a double-layer bottom model, and
Dy is generated by both a single-layer bottom model
and a double-layer bottom model. As the networks
with residual connections and inception modules have
the better performance, the module shown in Fig. 4 is
used in all networks given in Table 2. All the details
of primary models and meta-learner are the same as
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the previous models. Part (i) gives the results trained
by D1, and part (ii) by Dy. Part (iii) is the results
by the new ensemble network. As can be seen from

Table 2, Dy has no significant improvement compared
to the previous training set but D5 has.

Table 2. MAPE, MAE, MSE statistics of CNN predictions. Data simulated by the single-layer bottom model
and the double-layer bottom model are used to train these networks.

Number of modules Number of layers  Eyapr(%) Eumar (km)  Fusg (km?)
R 2 15 10.4 1.3 3.8
! 4 29 10.5 1.3 3.6
2 15 104 1.3 3.3
ii 3 22 9.7 1.2 2.9
4 29 9.6 1.3 3.2
iii 7.9 1.0 2.4
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Fig. 7. Range predictions using more training data with
statistical errors Eyisg = 2.4km?2, Eyiape = 7.9% and
Eymag = 1.0km, and the comparison of the absolute er-
rors.

Range predictions by the new ensemble network
using more training data and the comparison of the
absolute errors are shown in Fig. 7. The results show
that the prediction performance on MAPE decreases
from 8.9% to 7.9%, and the proportion of predictions
with the absolute error less than 2km increases from
88% to 91%. It is demonstrated that one potential
approach to mitigate the effects of the environmental
uncertainty and to improve prediction performance is
to use multiple sets of simulation data by varying the
bottom parameters.

The training data are simulated based on one SSP
of water column, one receiver depth and different
source depths of 110-130 m. Therefore, the networks
trained by such training data can only be used un-
der the above conditions. The reason for considering
only one SSP of water column is that the SSP is rel-
atively stable for this deep water experimental data.
When the sound speed of the water column changes
drastically, such as the sound speed in a shallow water
environment or an environment with internal waves,
more training data generated from different SSPs of
water column may be required.

The computational loads of each epoch are com-
pared on Intel i7-7700 CPU. The processor base fre-
quency is 3.60 GHz. The CPU time for each primary
model is less than 392s, and for meta-learner is less
than 56s. Therefore, the CPU time of the ensemble
network mainly depends on the number of primary
models.

In summary, in the direct zone of deep water,
the signals received by a very deep hydrophone are
used to estimate the ranges of underwater sources

over long distances via ensemble deep neural networks.
The ranging task is posed as a regression problem
and solved by the one-dimensional convolutional neu-
ral networks with different structures. An ensemble
learning method is proposed to integrate such net-
works. The results on the experimental data show
that within the range of 30km, the networks with
inception modules and residual connections have the
best performance on test data among all the primary
networks. Using the stacking method, the ensemble
network has the performance with Eygy = 2.4km?,
Eyviare = 8.9% and Eyag = 1.1km. For the un-
certain environment, multiple sets of simulation data
with different bottom parameters can be used to train
the networks, and the final model has better perfor-
mance with Eysg = 2.4km2, Evare = 7.9% and
EMAE = 1.0km.

We thank all the staff for their help in the experi-
ment of South China Sea in 2016.
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