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Passive ocean acoustic thermometry (POAT) needs long accumulation time to achieve high accuracy. This
article provides a machine learning-based method, Random Forest, to obtain the averaged sound speed
(AVSS). With supervised learning, the AVSS can be estimated from half an hour accumulated noise
cross-correlation functions (NCFs). Based on the feature importance analysis, an empirical equation is
proposed to briefly describe the relationships between the features. The results of estimations are com-
pared among different methods to demonstrate the advantage of the machine learning-based approach.

� 2021 Elsevier Ltd. All rights reserved.
1. Introduction

Ocean acoustic tomography (OAT) has been attracted much
attention over decades [1,2]. Similar to the method of seismology,
classical OAT inverts the ocean interior changes in sound speed by
measuring sound travel-time perturbations between active acous-
tic sources and receivers [3,4]. But the complexity of the experi-
ment greatly limits its application.

Passive ocean acoustic thermometry (POAT) provides an alter-
native remote sensing modality for detecting the ocean tempera-
ture based on the long time accumulated noise cross-correlation
functions (NCFs) between two separated hydrophones [5–7]. With
this method, Godin et al. [7] achieved the inversion of sound speed
profile in the deep ocean and Woolfe et al. [8] successfully esti-
mated the deep ocean temperature from one week accumulated
NCFs.

The desired long accumulation time [9,10] in acquiring NCF is
one of the main causes which limits the POAT’s application to
the fast-changing ocean. The acquisition of highly accurate ocean
sound speed estimation with a short accumulation time is the goal
for which always seeking [11,12]. Since only the noise sources in
the end-fire direction between two receivers contribute to the
NCFs [5,13], the beamforming technique is implemented on a ver-
tical array [14,15] and on two separated arrays [16–19] to improve
the convergence of the NCFs. By applying array signal processing, Li
et al. [20] reduced the NCF accumulation time to 2 h.

The machine learning approaches may discover specific trends
that would not be apparent and achieve more accurate predictions
[21,22]. This motivates us to investigate the machine learning-
based POAT with a short accumulation time.

The paper is organized as follows. The regular averaged sound
speed (AVSS) estimation method is given in Section 2.1. The theory
of the Random Forest (RF) and the detailed description of the
machine learning-based method are discussed in Sections 2.2
and 2.3. The experimental results in Section 3 demonstrate the per-
formance of the RF, the empirical equation, and the regular meth-
ods. In Section 4, the effect of features is analyzed and the physical
explanation of the results is also presented. The conclusion is given
in Section 5.

2. Method

2.1. Regular AVSS estimation from peak arrival time

Fig. 1(a) shows the sketch of POAT with two parallel horizontal
arrays, a vertical chain consisting of 38 Temperature Depth sensors
(TDs) is placed between the two arrays. The same beamforming
process in the reference [20] is used here. The acquired data of each
array are divided into K non-overlapping snapshots. Each snapshot
data is converted into frequency bins by fast Fourier transform. The

conventional beamforming output for the kth snapshot in h0 direc-
tion can be written as

Bk
i x; h0ð Þ ¼ Wy

i x; h0ð ÞPk
i xð Þ; ð1Þ
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Fig. 1. (a) Sketch of the POAT with two parallel horizontal arrays. (b) Simulation fluid model with parameters.
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where y denotes the Hermitian Conjugate of matrix,

Pk
i xð Þ ¼ p1

i xð Þ;p2
i xð Þ; . . .pN

i xð Þ� �
; i ¼ 1;2 denotes the frequency

domain signal of the ith array at the kth snapshot, N denotes the
number of array elements, and Wi x; h0ð Þ ¼ w1

i x; h0ð Þ; . . . ;�
wN

i x; h0ð Þ�; i ¼ 1;2 denotes the corresponding weighted vector,

where wj
i x; h0ð Þ ¼ exp �ixsj h0ð Þ� �

; h0 denotes the end-fire direction
of the first hydrophone of array 1 and the first hydrophone of
array 2.

The cross-correlation function between two arrays in h0 direc-
tion is given by

Ck xð Þ ¼ Bk
1 x; h0ð ÞBky

2 x; h0ð Þ
¼ Wy

1 x; h0ð ÞPk
1 xð ÞPky

2 xð ÞW2 x; h0ð Þ:
ð2Þ

With K snapshots accumulation, we can obtain the ensemble aver-
age time-domain NCF as

C sð Þ ¼
Z 1

�1

Xk¼K

k¼1

Ck xð Þ
 !

exp ixsð Þdx: ð3Þ

The Empirical Green Function (EGF) can be extracted from the time
derivative of the ensemble average time-domain NCF [23,24] as

G sð Þ � �dC sð Þ
ds

: ð4Þ

In realistic multi-path channel, the sound arrives at different times
because of the different path distances. The AVSS can be estimated
as the arithmetic mean of the travel distance divided by the arrival

time of the peak obtained from the EGF corresponding the ith path
[25]:

ĉ ¼
XN
i

Ri

spi
: ð5Þ

The AVSS can also be estimated as the inverse-variance weighted
average as

ĉ ¼ 1PN
i¼1r�2

i

XN
i¼1

Ri

spi
� r�2

i

� �
: ð6Þ

where Ri is the ith path travels distance between the two arrays, spi is
the corresponding peak arrival time, N is the number of the multi-

paths and ri denotes the variance of the ith peak arrival time. There
is no big difference between sound speeds estimated from Eqs. (5)
and (6), the inverse-variance weighted estimation’s accuracy is
slightly better than that of the arithmetic average. In the following
2

text, the inverse-variance weighted estimation is used as the regu-
lar method in comparison to the machine learning based method.

The ith path is estimated by the Bellhop model. And the param-
eters is shown in Fig. 1(b). The density of sediment material rb and
attenuation a are chosen based on the type of the adjacent seafloor.
And the sediment compressional speed cb is chosen from the refer-
ence [20].

2.2. Random forest

Formally, The RF regressor [26,27] trains several regression
decision trees (RDTs) from several input variables to predict the
value of a target.

The basic RDT is built sequentially by creating nodes that parti-
tion the data. The construction starts from the root node, each node
can be split into two child nodes on the feature that results in the
smaller cost function, then this splitting procedure is repeated at
each child node until the leaves pure (all samples of leaves contain
the same target).

Fig. 2 shows a simple RDT example. All input samples
Xn ¼ x1n; . . . ; x

i
n; . . . ; x

M
n

� �
;n 2 1;N½ �, where N denotes the number of

all training samples and M denotes the number of all features, at
tth node all belong to the same class as

Xn 2 c1 if xin > dt
;

Xn 2 c2 if xin 6 dt
:
ð7Þ

Here cj denotes the jth child node of the tth node, dt is the associated
threshold of the tth node that minimizes the cost function L as

dt ¼ argmin L dt
� 	

;

L dð Þ ¼
XNsplit

j¼1

ncj
np
H cj
� �

;
ð8Þ

where np is the total number of samples at the parent node, ncj is the

number of samples at the jth child node, Nsplit denotes the number of
child nodes and H �ð Þ is the impurity function as

H cj
� � ¼ 1

ncj

X
Xn2cj

ŷcj � y nð Þ
� 	2

ð9Þ

ŷcj ¼
1
ncj

X
Xn2cj

y nð Þ: ð10Þ

Here y nð Þ is the true target value of sample Xn, and ŷcj is the pre-
dicted target value of all samples at node cj.



Fig. 2. Regression tree example. (a) is the visualization of a regression tree. (b) is the result of regression. Here, we have 100 samples (N ¼ 100) divided into four labels with
one feature (Nf ¼ 1), dt here equals to 2.9, 4.3, 7.3, respectively.
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In practice, the RF algorithm firstly draws ntree bootstrap sam-
ples from the original input, grows an unpruned RDT for each of
the bootstrap samples [28], finally predicts new data by aggregat-
ing the predictions of the ntree trees [29].

And the root mean squared error (RMSE) over N samples is used
to quantify the prediction performance of the AVSS estimation as

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
i¼1

Cpi � Cti

� �2vuut ; ð11Þ

where Cpi and Cti denotes the predicted AVSS and the labelled truth
AVSS respectively.
Fig. 3. EGFs with an accumulation time of 2 h. The red line is the extracted EGF
from forward direction, the black line represents the extracted EGF from reverse
direction. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
2.3. Step-by-step description of the method

We give a step-by-step description of the method here.
1. Data processing. The recorded signals were divided into seg-

ments with an accumulation time of T. For each segment data, we
further divide the data into several snapshots with a length of 10s
and apply a 20–400 Hz band-pass filter [30,20] to the data. Follow-
ing Eqs. (1)–(4), we extract the EGFs from measured noises. The
reference sound speed of beamforming used in this work is
1526 m/s. It is chosen as the water sound speed close to the bottom
nearby.

2. Defining the features. One hundred and ninety-six features
extracted from G sð Þ’s both in the time and frequency domain are
used. In the time domain, the extracted EGF is divided into 6 seg-
ments, including 4 envelopes, the part before 1st envelope, and the
part after 4th envelope. For each segment, the peak arrival time,
trough arrival time, maximum, minimum, mean, variance, skew-
ness, and kurtosis are used. In the frequency domain, the extracted
EGF is divided into 19 frequency bands (each frequency band cor-
responding to 20 Hz). For each frequency band, the maximum,
minimum, mean, variance, skewness, kurtosis, and entropy are
used. From the entire EGF, We extract the peak arrival time, the
trough arrival time, maximum, minimum, mean, variance, skew-
ness, and kurtosis in time domain again. And in the frequency
domain, we extract the maximum, minimum, mean, variance,
skewness, kurtosis, and entropy from the entire EGF.

3. Preparing the labels. To compensate for the lack of measured
data, the AVSS inverted from the 2-h accumulated NCF with
enough high SNR is interpolated as the ground truth, which is ver-
ified with the measured sound speed in reference [20].

4. Train-test split. In the experiment, we collected 1298 h of
acoustic data. The first contiguous 780 h of the data are selected
for training and the left contiguous 518 h are for testing.
3

5. Training and tuning the hyper-parameters of the model. With
the help of Scikit-learn [31], the grid search and k-fold cross-
validation are used to search for the optimal parameters. Dividing
the training set into k folds, a set of hyper-parameters is used to
model on every k� 1 folds and evaluated for its performance on
the rest fold. Therefore the hyper-parameters that maximize the
performance of models will finally be determined without
overfitting.

6. Prediction and assessment. The model parameters trained in
step 5 are used to predict the AVSS on the testing data and the pre-
diction error is reported by the RMSE.
3. Experiment result

3.1. EGF extraction and AVSS prediction

To testify the validity, an experiment was conducted in the
South China Sea. Two self-recorded horizontal arrays that consist
of 15 elements are deployed on the bottom in 97-m depth water.
The distance between these two horizontal arrays is 3.529 km.
Both arrays are about 84 m long. In our experiment, these two
arrays (array 1 and array 2) are physically connected by one cable.
The noise signals are recorded at a sampling frequency of 5 kHz
synchronously. The EGF with different accumulation time T can
be obtained from Eq. (4). With the beamforming technique, only
the signals from the pointing direction are retained, and the signals
from other directions are filtered out [17,20]. Different reference
sound speeds do not affect the extracted EGFs [20]. And the pertur-
bation of RMSE is negligible (less than 0.02 m/s) by choosing differ-
ent reference sound speeds.

The negative time delay part of NCF can be extracted by chang-
ing the direction to the opposite. Fig. 3 shows the extracted EGFs
from two opposite directions with an accumulation time of 2 h.



Fig. 4. EGFs for a total time of 96 h with an accumulation time of (a) 2 h, (b) 1 h, (c) 45 min and (d) 30 min. The pink line represents the first trough, black line represents the
second peak, the red line represents the third trough and the blue line represents the fourth peak. (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)

Fig. 6. AVSS predictions for a total time of 518 h with an accumulation time of (a)
1 h, (b) 45 min and (c) 30 min. The blue dot line represents the regular method
results, the red line represents the inverted AVSS from the RF, and the black line
represents the true AVSS. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)
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The red line is the extracted EGF from the forward direction and
the black line represents the extracted EGF from the reverse direc-
tion. It can been seen from Fig. 3 that EGFs from the reverse direc-
tion have inferior SNR because of the inhomogeneous ambient
noise distribution in the real environment. Fig. 4 shows EGFs for
96 consecutive hours with different accumulation times T. Fig. 5
shows a typical EGF extracted from measured noise vs. different
accumulation times T. It can be seen from the figure that SNR
increases as the accumulation time increases.

From the extracted EGF, most abovementioned features are
obtained in different time segments and frequency bands to ensure
cleanliness and effectiveness. Higher-order moments of the acous-
tic data, as well as the variance, skewness, and kurtosis, are used to
capture the evolution of the signal’s energy.

The estimations of the AVSS for three accumulation times (1 h,
45 min, 30 min) are shown in Fig. 6. Fig. 7 shows the comparison of
corresponding RMSEs between different estimation methods. The
blue line shows the RMSEs for the regular method and the purple
line shows the RMSEs for the RF. It can be seen from the figure that
the AVSS can be inverted accurately with the RF as the accumula-
tion time decreases to 30 min, while the regular method has a rel-
atively large RSME.

3.2. Feature importance and Empirical equation

With the feature importance technology, Fig. 8 gives the plot to
show the feature importance of the input variables. It can be
Fig. 5. an typical EGF with an accumulation time of (a) 2 h, (b) 1 h, (c) 45 min and
(d) 30 min.

Fig. 7. The RMSEs for different methods with different accumulation times. The
blue line represents the RMSEs for the regular method, the red line represents the
RMSEs for the feature selected method, the yellow line represents the RMSEs for
feature weighted method and the purple line represents the RMSEs for the RF. (For
interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)
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Fig. 8. shows the 10 most important features in the RF. Here tKurt denotes the
kurtosis in the time domain.
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observed that the most important feature is the arrival time of the
3rd trough, followed by the arrival time of the 4th peak, the arrival
time of 2nd peak, the arrival time of 1st trough, and so on. None of
the frequency-domain features is dominated. By averaging the fea-
ture importance between different accumulation times and nor-
malizing proportions, the relative weights of evaluation for the
four most important features are 38%, 30%, 23%, and 9%,
respectively.

Feature selection plays an important role in improving the
inversion accuracy. If we select the 4 most important features,
the corresponding sound speed can be estimated as

bC ¼ 1XN
i¼1

r�2
i

r�2
1

R1

st1
þ r�2

2
R2

sp2
þ r�2

3
R3

st3
þ r�2

4
R4

sp4

� �
; ð12Þ

which is called feature selected inverse-variance weighted estima-
tion. sti in Eq. (12) is the corresponding trough arrival time. The
inversion results from each feature are calibrated against the labels
to ensure Ri is corrected. If we further multiply st;pi by the weight
value proportional to the feature importance, an empirical equation,
which is called feature weighted estimation, can be obtained to esti-
mate the AVSS as

bC ¼ 0:09
R1

st1
þ 0:23

R2

sp2
þ 0:38

R3

st3
þ 0:3

R4

sp4
ð13Þ

For brevity, the results by Eqs. (12)–(13) are also shown in Fig. 7. It
can be seen that the RMSEs are reduced significantly compared with
those for the regular method.
Fig. 9. With an accumulation time of 30 min, inversion results of (a) 2nd peak, (b) 3rd t
linear regression of the predictions, and red dot line the upper and lower boundaries (lin
the references to color in this figure legend, the reader is referred to the web version of

5

4. Discussion

From Fig. 7, the RF has the smallest RMSE in comparison with
other estimations when the accumulation time is reduced from
2 h to 30 min. The RF performs better than other methods because
of the three reasons listed in Secs. 4.1–4.3. With the help of the RF,
we develop the empirical equation Eq. (13) which can estimate the
AVSS more accurately with a shorter accumulation time.

4.1. Feature selection

Machine learning recognizes the importance of features. The
use of the RF allows us to report the most important features in
our model and therefore enables us to gain a physical understand-
ing of the problem - besides higher performance, which is one of
the primary reasons why we choose to rely on these particular
models.

Fig. 8 reports the importance scores of ten most important fea-
ture and Fig. 4 also shows the four most important features on the
EGF. The four most features are different from traditional experi-
ence. We generally only consider the peak of the arrival signal,
not the trough of the arrival signal. However, the arrival times of
the first and third troughs are more important than the corre-
sponding peak arrival time. Physically, this can be explained as
the reversed-phase of the surface reflection. By selecting more suit-
able features, the AVSS can be inverted more accurately.

It can been seen from Fig. 8 that other features like the high-
order moments or the frequency-domain features are not impor-
tant. That implies the energy fluctuation is not sensitive to varia-
tions in the sound speed of water column.

4.2. Feature importance weights

Machine learning provides the feature importance weights. Fea-
ture importance score represents the number of times a given fea-
ture was selected at a tree node by the algorithm. On most nodes of
the tree, the results are delineated by important features. Thus, the
good or bad results of the model will depend largely on the weight
of these good features in the model. Although it’s not rigorous
using this weighting method, the sound speed can be inverted
more accurately by the feature weighted average than the regular
average in Fig. 7.

In practice, the predictions of the arrival times tend to be biased
relative to the true AVSS. Eq. (12) is based on the inverse-variance
weighted average, the resulting weighted average will be biased if
some of the arrival times are biased. As shown in Fig. 9, the predic-
tions of the third trough and fourth peak have significantly fewer
rough and (c) 4th peak. Black Line represents the true AVSS, red line represents the
ear regression +/�1.5 m/s) that we use to determine outliers. (For interpretation of
this article.)
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outliers than the prediction of the second peak, but their magni-
tudes of the slope of linear regression are more deviant from the
true AVSS.

It is difficult to assess the risk of bias without actual measure-
ments, so the predictions of regular weighting methods tend to
deviate from true AVSS overall. With enough data to train, we
believe that the model can learn and reduce this bias. This is the
reason why the inverse-variance weighted average performs worse
than the feature weighted estimation Eq. (13).

Physically, the different feature importance may correspond to
the effects of different ocean fluctuations on different paths. The
machine learning approach can obtain relative importance among
the features, and the feature weighted average estimation will
have fewer outliers.

4.3. Decision tree mechanism

The decision tree can avoid outliers further. Fig. 10 shows an
overfit decision tree built from the top four most important fea-
tures. For example, there are some true AVSSs (like 1541.626 m/s
and 1541.456 m/s in Fig. 10), for which the arrival time of the sec-
ond peak should be after 2.32 s in the time window. However, this
arrival time drifts and has a wrong value in the extracted EGF. We
would get an outlier if we used this feature to invert AVSS.

In model training, it is impossible to reduce the RMSE by parti-
tioning the data on this feature. So the judgment condition in the
red box automatically determines that if the arrival time of the sec-
Fig. 10. a branch of the RDT in the RF built from the four most important features.

Fig. 11. Inversion results of the RF with an accumulation time of 30 min. Black Line
represents the true AVSS, red line represents the linear regression of the
predictions, and red dot line the upper and lower boundaries (linear regression +/
�1.5 m/s) that we use to determine outliers. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)
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ond peak has a wrong value (62.32 s), the model will use the arri-
val time of the fourth peak to predict this sample in the next step. It
can be seen from Fig. 11 that the judgment mechanism of RDTs
greatly reduces the occurrence of outliers in the prediction.

4.4. Sound speed profile inversion and deep learning

In our study, only AVSS is considered here. The sound speed
profile (SSP) inversion problem is more challenging, especially for
the SSP changes dramatically in a short time. And our model only
takes manufacturing features based on physical knowledge as
input. The accuracy of the prediction depends on the quality of
the features we extract from the EGF. We still hope to reduce our
reliance on the EGF and seek a better end-to-end solution in the
AVSS inversion problem.

To solve this problem, additional information may need to be
introduced. Although the Random Forest works well for data sets
in this paper, more complicated machine learning algorithms, such
as the Seq2Seq model with RNN or Attention, may be used to solve
problems by extracting features directly from the noise signal or
the EGF. Besides, more training data may be necessary for the
SSP inversion problem in a more complicated ocean environment.

5. Conclusion

To summarize, this paper presents an approach for the POAT
within a machine learning framework. By transforming the prob-
lem into a supervised learning problem, the AVSS can be estimated
accurately within half an hour of accumulation time. Besides, by
analyzing features and visualizing RDTs, an empirical equation is
introduced to calculate the AVSS instead of choosing peaks and
weights intuitively. The physical explanation of the results is also
presented. The arrival times of the troughs are more stable than
the corresponding peak arrival time, which can be explained as
the reversed-phase of the surface reflection. Due to the effects of
different ocean fluctuations on different paths, arrival times may
be biased so that the inverse-variance weights between different
features would be meaningless.
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