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Abstract: The increasing discovery of underwater methane leakage underscores the importance of
monitoring methane emissions for environmental protection. Underwater remote sensing of methane
leakage is critical and meaningful to protect the environment. The construction of sensor arrays is
recognized as the most effective technique to increase the accuracy and sensitivity of underwater
remote sensing of methane leakage. With the aim of improving the reliability of underwater methane
remote-sensing sensor arrays, in this work, a deep learning method, specifically an explainable
sparse spatio-temporal transformer, is proposed for detecting the failures of the underwater methane
remote-sensing sensor arrays. The data input into the explainable sparse block could decrease the
time complexity and the computational complexity (O (n)). Spatio-temporal features are extracted on
various time scales by a spatio-temporal block automatically. In order to implement the data-driven
early warning system, the data-driven warning return mechanism contains a warning threshold
that is associated with physically disturbing information. Results show that the explainable sparse
spatio-temporal transformer improves the performance of the underwater methane remote-sensing
sensor array. A balanced F score (F1 score) of the model is put forward, and the anomaly accuracy
is 0.92, which is superior to other reconstructed models such as convolutional_autoencoder (CAE)
(0.81) and long-short term memory_autoencoder (LSTM-AE) (0.66).

Keywords: underwater remote sensing; methane; methane leakage; deep learning; transformer;
sensor arrays

1. Introduction

Combustible ice is a crystalline substance formed by methane and water under low
temperature and high pressure, which is similar to ice in shape. The methane content
of combustible ice can reach 99% at most, and one volume of combustible ice can store
100–200 times the volume of methane gas [1–3]. Combustible ice, often found in deep
ocean sediments, is a highly efficient green energy source [4,5]. Its energy, generated by
combustion, is ten times more than natural gas, gasoline, and coal, making it useful for
a low-carbon society [6,7]. In addition, some underwater methane leakage occurrences
create a negative influence on the environment, i.e., leakage from the Nordstream pipeline
has caused pollution to the environment [8–10]. Therefore, underwater remote sensing of
methane is of great importance for protecting the environment [11].

There are mainly two kinds of space methane telemetry: airborne and satellite detec-
tion [12]. The advantage of space methane telemetry is that it can detect methane in a large
area over water, but the disadvantage is that it cannot detect methane in water. However,
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in terms of the effectiveness of their long-term utilization for methane exploration and
pipeline leakage detection in the deep ocean, the output of a methane gas sensor could be
easily affected by environmental factors, such as sway, shake, temperature, and pressure,
as well as degradation of the sensor materials’ characteristics, such as heating of wires or
oxidation. The above factors give rise to the deviation of detection data from the true value
and the extraction of false data [13–15]. Aiming to improve the detection performance,
sensor arrays with anomaly detection mechanisms have proven to be an effective solution
in underwater methane remote sensing. For many years, researchers have been concerned
with the data fusion anomaly detection of gas sensor arrays, and a number of intelligent
sensors have been widely used in every field of the industry [16–18].

Anomaly detection is the observation value produced by the negligence error in the
process of observations or tests that destroys the original statistical regularity. Anomaly data
are generally significantly larger or smaller than other observations and are easily neglected.
Anomaly detection is mainly solved by three methods: statistical model methods, anormal
signal modeling methods, and reconstruction of normal signal methods. In anormal signal
modeling approaches, a great deal of anomaly training data are required to model the signal.
However, for anomaly data, their characteristics are generally complex and unknown, and
their number is exceedingly small. This dilemma leads to certain limitations to the anomaly
signal modeling methods, resulting in rare use for underwater methane remote sensing.

Statistical model methods, including the Gaussian regression method [19], Bayesian-
based method [20,21], and density estimations based on local outlier factors [22], may rely
on the data distribution in real conditions. Therefore, statistical models are also rarely
applied in underwater methane remote sensing [23]. In contrast, the reconstruction of
normal signal methods has relatively few restrictions [24–28]. Currently, the majority of
normal signal reconstruction methods are mainly used to extract the continuous or discrete
temporal features of the general signal [29–33]. A long-short term memory_autoencoder
(LSTM_AE) model was proposed by Pankaj Malhotra et al. (2016) to detect multi-sensor
abnormal data [34]. An unsupervised detection method was adopted by Xuan-hao Chen
et al. (2021) for abnormal multivariate time series [35].

However, most normal signal reconstructions seldom take the spatial correlation
of signals or images into consideration [36–40]. The temporal correlation information
extracted by most reconstruction methods can only include partial information, and other
abstract spatial information cannot be extracted. In complex industrial environments, such
as deep ocean energy exploitation and motor vehicle engine health detection, the spatial
analysis of these industrial signals may be unrecognized, and the signal reconstruction
would decrease the anomaly detection accuracy [41,42]. Hence, it is urgent to produce
an anomaly-monitoring model that can extract both temporal and spatial information in
underwater methane remote sensing.

In this work, an explainable spatio-temporal transformer model was proposed for
methane sensor array anomaly detection in underwater methane remote-sensing applica-
tions. The model used a data transfer method to distinguish normal data and anomaly
data, which can significantly reduce the data required for the task. An attention block
was proposed to automatically capture the spatial features of the gas sensor array signal
and the temporal features, including temperature information, with a small amount of
data. Furthermore, due to the redundancy of sensor array information, interpretable sparse
attention is proposed, which can remove the time complexity during the modeling and
improve the computational efficiency. In addition, a data-driven early warning device was
added to our proposed model that could return the location of anomaly data. The key
highlights of our work are as follows:

(1) A classical self-attention mechanism was modified to lower the time complexity to
O (n) by an explainable sparse block. The sparse block takes inspiration from graph
sparsification methods and physical response features of sensor array data;

(2) The traditional self-attention block was replaced by a spatio-temporal-enhanced
attention block. This spatio-temporal attention block can automatically capture spatial
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characteristics of the gas sensor array signal with a query matrix and temporal features,
including temperature information. This is accomplished with a key matrix, which is
suitable for underwater methane remote sensing;

(3) The anomaly detection threshold technology was set as a data-driven early warning
system. This is an unsupervised method that removes the impact of the unknown
anomaly signals of industrial sensor arrays to improve anomaly detection accuracy.

The basic framework of the paper is as follows. Section 2 includes the theoretical
fundamentals, including the suggested deep learning neural network; Section 3 is a discus-
sion of the experiment and the results; the following sections include the conclusion and
future work.

2. Theoretical Fundamentals
2.1. Explainable Sparse Mask

Due to the computational complexity O (n2) of the original transformer [43,44], which
can improve the cost of training the model, some interesting attempts have been performed
to alleviate the quadratic dependency. The proposed explainable sparse mask was inspired
by Luong et al. (2015) [45]. The proposed mask can lower the computational complexity to
O (n) and is more suitable for industrial applications because of interpretable characteristics.

The first part is the window mask, displaying a large amount of locality of reference
(Figure 1a). Self-attention models have been demonstrated by Clark et al. (2019) [46], and a
measure of local connectivity of three was set as the clustering coefficient. According to
Clark et al. (2019) [46], while creating the local attention block, index j of each query block
serves as the key block, with the index being j − (w − 1)/2 to j + (w − 1)/2, where j is the
key. Figure 1a shows that w = 3 with block size 2 implies every query block j attending to a
key block (j− 1), j, (j + 1).
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(c) sparse window attention with T = 1/6; (d) combined explainable sparse mask.

The second piece of the mask is inspired by the global attention mechanism of Clark
et al. (2019) [46], shown in Figure 1b, which is critical for empirical performance. More
specifically, the importance of “global tokens” is adopted. Tokens that assist all tokens in
the sequence and to whom all tokens attend are called global tokens, as shown in Figure 1c.
The global tokens can be described as internal transformer construction (ITC). Several



Remote Sens. 2024, 16, 2415 4 of 19

tokens available are set as “global”; these are involved in the whole sequence. Specifically,
if a subset G of indices (with g: = |G|) is selected, for all i ∈ G, A(i, :) = 1 and A(:, i) = 1
will be obtained. In this paper, the model computes it according to blocks g = 1 with block
size 2.

The raised model is in view of the window mask and incorporates the characteristics
of the sensor response, which makes the methods interpretable (Figure 1c). According to
our original methane data, it can be found that the corresponding period is 50/300, our
mask is 8 × 8, and the mapping to the mask becomes 1.33. We take 1 unit, and we remove
the squares with the interval of 1 unit on the window mask, completing the construction of
the sparse mask for interpretability.

The final attention mechanism for the explainable sparse mask in Figure 1d has both
of these properties. W/2 tokens to the left and w/2 to the right of the location are attended
by each query, and g global tokens are contained.

Algorithm 1 shows the explainable sparse mask process. The details are described above.

Algorithm 1 Explainable Sparse Mask

function Explainable Sparse Mask (Xinput)
| Qspatio ← Xinput
| Mask(δ) ← Sparse Matrix (8 ∗ 8)
| Qmask ← Qspatio ∗ Mask(δ)
| return Qmask

End

2.2. Explainable Sparse Spatio-Temporal Attention

A review of the attention mechanism can be found in Supplementary S1. The attention-
based framework of transformer can be found in Supplementary S2. Considering a lack of
concentration in attention can result in the failure of relevant information extraction, an
explainable sparse spatio-temporal transformer (ESST transformer) model is proposed. The
ESST transformer is a mixed end-to-end structure focused on learning the spatio-temporal
features based on time, which is an extension and expansion of the traditional transformer
with only O (n) computational complexity. The proposed ESST transformer has three
main procedures, which are the explainable sparse mask, time-distributed temporal feature
selection, and comprehensive spatial feature extraction. A schematic diagram of the ESST
transformer and a traditional self-attention module are shown in Figure 2.
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Figure 2. Traditional self-attention module and ESST attention mechanism.

Firstly, the holistic spatial features are extracted by the spatio attention block. The pool-
ing layer can compress the original data, reduce the calculation parameters of the model,
and improve the calculation efficiency. The spatio attention block learns the information
between sensor arrays through spatial feature extraction. One of the commonly used layers
is the average pooling layer; the other is the maximum pooling layer. The data processing
of the pooling layer is normally the feature map of the generated layer after processing of
the convolution layer.

For the spatio attention block by the pooling layer, the output size is

QSpatio = AvgPool
(

Qoriginal

)
(1)
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AvgPool =
(
xinput_size + 2 ∗ p− F

)
/s) + 1 (2)

QSpatio represents the size of the output, xinput_size represents the size of the input,
F represents the size of the kernel, p represents padding (Default 0), and s represents stride
(Default 1).

Then, the explainable sparse mask is used on QSpatio to reduce the computational
complexity:

Qmask = M
(
QSpatio

)
(3)

where M( ) represents the explainable sparse mask.
Temporal features are extracted after the softmax of the score between Qmask and Keys

by the LSTM network.

Temporal Block = LSTM
[
Softmax

(
Score

(
Qmask ∗ kT

))]
(4)

where Key is the classification information of the sensor array data.
The features mainly contain temperature drift information, which can influence the

sensing accuracy of underwater methane remote sensing.
The spatial and temporal features of the sensing array information are first combined

in this place. The combination of features can enhance the characteristics of spatio-temporal
information to extract more abstract information and increase the accuracy of methane data
reconstruction.

Enhanced spatio-temporal information is finally input into the matrix by V values
that contain the whole information of sensor arrays. The significance of this part is in the
integration of the enhanced spatio-temporal information with the initial global information.
The spatio-temporal block lets the proposed attention acquire the global vision and local
spatio-temporal vision. The formula of ESST attention is

ESST attention = Temporal Block ∗ v. (5)

The total ESST attention mechanism is defined as

ESST attention = LSTM
[
∑H

h=1 δ
(

AvgPool(Qh)·
(

Xn(i)

)
Kh

T
)]
·Vh (6)

where Qh is the query function, Kh is the key function, Vh represents the value function, δ
indicates a scoring function, such as softmax, and H is the number of heads, respectively.
XN(i) corresponds to the matrix of the sparse mask.

Algorithm 2 shows the whole process of explainable sparse spatio-temporal attention.
The details are described in Equations (1)–(5) above.

Algorithm 2 Explainable Sparse Spatio-Temporal Attention

function ESST Attention (Xinput)
| Q, K, V← XLinearized
| QSpatio ← AvgPool (Q) (1,2)
| Qmask ←M(QSpatio) (3)
| Scorespatio = Qmask ∗ KT (4)
| Temporal Block = LSTM [Softmax (ScoreSpatio)]
| E′= Temporal Block ∗ V (5)
| return E′

end

2.3. ESST Transformer Reconstruction Mechanism
2.3.1. ESST Transformer Model

Encoder: A pack of N = 3 identical layers is composed in the encoder. There are two
sub-layers in each layer. The multi-head spatio-temporal attention mechanism is used
in the first sublayer, and an effective and totally connected position-wise feed-forward
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network is applied in the second sublayer. A residual connection is utilized, and a layer
normalization follows around each of the two sub-layers. This means that Layer-Norm
(x + Sublayer(x)) is output, where the function validated by the sub-layer itself is noted as
Sublayer(x). All sub-layers including the embedding layers in the model generate outputs
with a dimension of dmodel = 16 to facilitate the residual connections

Decoder: A pack of identical layers of N = 3 is also composed in the decoder. Apart
from both sub-layers of each encoder layer, the third one is inserted in the decoder, per-
forming multi-head attention over the output of the encoder stack. Similarly, residual
connections around each of the sub-layers are also employed, and normalization of the
layers follows.

The spatio-temporal attention sub-layer is also modified in the decoder stack to
protect positions against assisting subsequent positions. Regarding the fact that the output
embeddings are counterbalanced by one position, this masking guarantees that position i
can be predicted only by the given outputs of the locations less than i. The Encoder-Decoder
block of anomaly detection is shown in Figure S1. The introduction of Figure S1 is shown
in Supplementary S2.

Table 1 shows the parameters related to the anomaly detection. Considering the
complexity of the anomaly data, it is necessary for sufficient attention to learn the coherence
of data in the training process; hence, the head parameter is chopped to 2. The classical
transformer model was used in the middle layer without any modifications. The dropout
operation was employed in layer 3 and 4 to avoid the appearance of over fitting of the
model during training, which could lead to poor performance during testing.

Table 1. Different kinds of the ESST trans. models.

Layer Kind Layer Type Layer Description Dropout Mask Number

1 dff, dk, dv 128, 32, 32 no -
2 dmodel 16 no -
3 Multi-attention Head = 2 yes 2
4 Encoder N = 4 yes 2
5 Decoder N = 4 yes 2

2.3.2. Data Reconstruction by Generative ESST Trans.

The original data are compared with the anomaly data by a data transfer method. The
trained ESST model is adopted to reconstruct the signals with anomaly values. Figure 3
shows a signal reconstruction flowchart. Compared with unsupervised learning, such as
reinforcement learning, this method requires less labeled data to train and works well, so
as to reduce the data acquisition cost.
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It is demonstrated in Figure 3 that in the signal reconstruction process, signals are input
into the trained ESST transformer model and undergo each layer of the trained network
to produce the reconfigured signals. The raw signal flow, involving normal defect signals,
normal smooth signals, and anomaly signals, is fed into the first spatial encoder to select
the first-level spatial features. The extracted features are input into the second temporal
feature extractor along with the mean-pooled original signals. Correspondingly, the signal
flow manages to run through the other feature extraction layers and the data recovery
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layers of the network. Sequentially processed by the ESST transformer, the reconstructed
signals will be obtained.

2.4. Anomaly Signal Warning Systems
2.4.1. Traditional Anomaly Detection Methods

By contrasting the analyses of renewed signals and input signals, the defect signals
and anomaly signals can be identified by a core step in anomaly signal detection. One of
the factors affecting the detection accuracy rate is the design of an appropriate threshold.

The reconstructed error of each section can be obtained by Equation (7):

Ei = ∥Ai–Ci∥2 (7)

where Ai and Ci denote the ith input segment and the reconfigured segment, respectively,
and Ei denotes the ith reconstruction error.

2.4.2. Adaptive Dynamic Threshold Design

In this section, an adaptive dynamic threshold scheme is designed to rely on the
statistics of normal smooth signals and normal defect signals. This design has a strong
robustness of anomaly detection through the addition of a lot of restrictions on the function,
which avoids false alarms in the early warning process. At the same time, considering
the effect of environmental factors on the detection accuracy, the detection threshold
appropriately reduces the anomaly range so as to increase the anti-interference of the model
to environmental factors.

The reconstruction error of normal smooth signals without defects is defined as En,
and the values of anomaly signal reconstruction error are defined as Ea. In the threshold
function, 0.8 is a hyperparameter that is obtained by data observation. The threshold T is
determined by Equation (8):{

T = 1
2 (En + Ea), i f Ea > 0.8 and 2En < Ea

T = Ea, i f En < Ea
(8)

While the threshold T is obtained by (8), it is compared with the reconstruction error
(ET), and the evaluation of normal defect signals and anomaly signals can be realized by
Equation (9): {

ET > T : Anomaly signals
ET ≤ T : Normal signals

(9)

Algorithm 3 shows the entire Anomaly Signal Warning system. The details are de-
scribed in Formulas (8) and (9) above.

Algorithm 3 Anomaly Signal Warning Systems

function Anomaly Detection (Xa, Xn)
| Ea, En ← Xa, Xn
| for i, Ea in range (Xa) do
| | for i, En in range (Xn) do
| | | if Ea > 0.8 and 2 ∗ (En) < Ea: (8)
| | | T ← 1/2 ∗ (En + Ea)
| | | elif Ea > En: (8)
| | | T← Ea
| | end
| | if Ea > T: (9)
| | print (i, Ea)
| End

Return i, Ea
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3. Experiment, Results, and Discussion
3.1. Experiment Setup

The dataset was acquired by our experimental system set of methane sensor arrays
in this paper. Figure 4a shows the experimental system set of methane sensor arrays. The
experimental system of the gas sensor array is mainly used in laboratory conditions to
test and examine the sensitivity and temperature performance of the sensor array. When
the external stress is loaded onto the sensor array through the experimental system, the
stress value can be detected by the sensor in the system. When there is vibration, swing,
air pressure change, or temperature change in the simulation, the vibration sensor, pitch
sensor, air pressure sensor, and temperature sensor in the experimental system can detect
the stress change value in real time. The fan in the experimental system can simulate a
change in air flow movement, the heater can simulate a change in temperature, and the
humidifier can simulate a change in humidity. These change factors are applied to the
sensor array, and the environmental adaptability of the sensor array can be assessed.
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In practice, the system will be tested and trained to qualify the array of sensors,
mounted on an underwater vehicle for use. However, the experimental system in this
paper only plays the role of training and evaluating the sensors.

A program-controlled relay, potentiometer, and voltage device are included in the
fault transmitter. The communication module is employed to realize data transmission
and two-way communication with the host computer. The main part of the test system is
integrated into the host computer to bring down control commands and receive all sorts
of temperature, humidity, sway, vibration, air pressure, and gas concentration detections
from the communication module, to collect the output signals of sensor arrays to extract
feature information, and to process fault data. The structure of the sensor signal detection
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circuit is displayed in Figure 4b. In addition, Figure 4c shows the cylinder core structure of
an MQ-6 gas sensor. All the programs are operated under a 2.8-GHz Intel CPU with 16 GB
of RAM running Windows 10.

In the anomaly detection task, the split curve and final curve are shown in Figure 5.
These curves’ information includes methane sensor array data in Figure 5d, anomaly point
information in Figure 5a, temperature information in Figure 5b, and simulated vibration
and swing information from the engine in Figure 5c that is operating in the deep-sea
environment. To evaluate the efficiency of the methods of anomaly detection, the heating
wire disconnection irregularity (HWDI) type of anomaly data and simulated anomaly
points were added to the original data, which is likely the situation before the sensor array
fault diagnosis. Assuming no existence of a single fault in the methane sensor array under
actual conditions, various anomaly points in each pattern at a different time were added to
simulate the situation under actual conditions. The proposed six-sensor array anomaly data
are as changeable as real situations, which can be a counterpart to the anomaly detection
task in reality. The temperature, sway, and noise in the background were also added to
simulate the complicated environment in Figure 5e. In total, 1800 points of methane sensor
array data were combined with 18 simulated anomaly points to constitute the type of
unbalanced data that were obtained in Figure 5f. The probability density and correlation of
normal and anomaly methane sensor array data are shown in Figures S2 and S3. As can
be seen from Figure S2, the probability distribution of normal data and anomaly data is
different, which also indicates that the data are very different, and it is difficult to verify the
model. As can be seen from Figure S2, the correlation of anomaly data is significantly lower
than that of normal data. This is determined by the data itself, and this low correlation
requires a higher detection ability of the model.
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3.2. Experimental Flowchart of Anomaly Warning Detection Systems

The ESST transformer model is considered to be a smart model for anomaly detection
according to the multi-sensor data for changeable operating circumstances. An experimen-
tal diagram of the proposed method is shown in Figure 6, and the detection process is
as follows.
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Step 1: In the training part, normal methane data were reconstructed, the time and
spatial information of the data were learned through the ESST transformer, and the loss of
training was minimized.

Step 2: In the data transfer part, the trained model parameters were decreased with
normal data information and transferred to an anomaly dataset.

Step 3: In the anomaly detection part, the loss value of the output of anomaly data
was calculated by using the proposed adaptive threshold method. The anomaly sensor and
time were then found.

3.3. Validation of Anomaly Detection Method and Inference
3.3.1. Anomaly Detection Evaluation Metrics

The evaluation metrics of anomaly detection methods are described in this segment.
The precision rate in (10), recall rate in (11), F measure in (12), and accuracy rate (Acc.) in (13)
are adopted to evaluate the anomaly detection.

Precision =
TP

TP + FP
(10)

Recall =
TP

TP + FN
(11)

F1 score =
(
1 + x2)× Precision× Recall

α2 × Precision× Recall
(12)

Acc =
TP + TN

TP + TN + FP + FN
(13)

where TP, FP, and FN and TN, FP, and FN denote the true positive, false positive, and false
negative rates of the samples. In particular, α = 1 is used in this paper.

The model performance is evaluated by the mean absolute error (MAE), mean squared
error (MSE), and root mean squared error (RMSE) of true targets and predicted targets. The
MAE, MSE, and RMSE are calculated by the following equations:

MAE =
1
n

n

∑
i=1

∣∣y_test − ypre
∣∣ (14)
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MSE =
1
n

n

∑
i=1

(y_test − y_pre)2 (15)

RMSE =

√
1
n

n

∑
i=1

(y_test − y_pre)2 (16)

where y_test and y_pre represent the true value and predicted value in the testing dataset,
respectively. Moreover, n is the number of testing samples.

3.3.2. Results

During training, 50 training iterations of the ESST transformer model were performed.
The value of the batch size and the learning rate were set to 5 and 0.0001, which was the
dynamic learning speed. As the training epochs were increased, however, the learning
rates were dynamically reduced by 0.0005 every 10 epochs, in order to help the model to
find the global optimal solutions more quickly. Reconstructed data results by the ESST
trans. model are shown in Figure 7a,b. It can be seen that there is little difference between
the reconstruction graph with (0,1) regularization in Figure 7b and the original graph in
Figure 7a, which indicates that the model has learned the information of the sensor data
and reconstructed it well.
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The anomaly detection result by the proposed model is marked with a red rectangle in
Figure 8a, and the MSE loss of reconstructed anomaly data by the ESST trans. model with
red circles is shown in Figure 8b. It is shown that the model can distinguish all anomaly
data by manually setting the anomaly threshold to 0.8. It is shown that the MSE loss of
the anomaly data was totally up to the threshold at 0.8, which shows that the model can
all detect these anomaly data. In addition, the result for methane sensor array anomaly
detection by the ESST trans. is presented in Table 2. As can be seen from Table 2, all six
anomaly places have been detected by the ESST model, which is marked with a red circle
in Figure 8b.

To validate the characteristics of the given method, other related approaches were
chosen to evaluate the accuracy of anomaly detection. The comparative methods included
the convolutional neural network autoencoder (CAE) and the long short-term memory
autoencoder (LSTM_AE). The MSE loss of reconstructed anomaly data with the compared
models is shown in Figure 9. It was shown that the compared models can only distinguish
part of the anomaly data, which is more than threshold 0.7 and 0.8. It can be seen from
Figure 9a that 10 anomaly points (marked as red circles) are detected, which is greater than
the threshold value of 0.7. It can be seen from Figure 9b that 14 anomaly points (marked as
red circles) are detected, which is greater than the threshold of 0.8. The MSE loss values of
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the trained data and normal data training process with the comparison models are shown
in Figure S4. From Figure S4, it can be seen that the gradient value of the training loss
when trained by different models is different, which indicates that the models used in the
experiment are different.
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Table 2. Results on methane sensor array anomaly detection by ESST trans. method.

Location
Estimated Classes

Actual
Clean Outlier

Sen.1 (14) 0 1 Outlier
Sen.2 (82–87) 0 1 Outlier
Sen.3 (128) 0 1 Outlier
Sen.4 (181–182) 0 1 Outlier
Sen.5 (249) 0 1 Outlier
Sen.6 (295–301) 0 1 Outlier

A comparison between the MSE loss value of the trained original data and anomaly
data is displayed in Table 3. It can be seen that the MSE loss of abnormal points is
remarkably higher than the data value of normal points.
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Figure 9. MSE loss of reconstructed anomaly data by (a) LSTM-AE, (b) CAE. Different colored lines
represent each MSE loss of methane sensors (MQ-6), and the anomaly points are marked as red circles.

Table 3. MSE loss for the trained original data and anomaly data.

Location Sensor Data (V) ESST (MSE) LSTM-AE (MSE) CAE (MSE)

Original Anormal Clean Outliers Clean Outliers Clean Outliers
Sen.1 (14) ≈3.14 0.01 ≈0.25 ≈0.98 ≈0.05 ≈0.84 ≈ 0.22 ≈ 0.36
Sen.2 (82–87) ≈2.96 0.2 ≈0.05 ≈0.95 ≈ 0.2 ≈0.69 ≈ 0.2 ≈ 1.26
Sen.3 (128) ≈3.47 0.5 ≈0.01 ≈1.73 ≈ 0.03 ≈ 0.84 ≈ 0.29 ≈ 1.23
Sen.4 (181–182) ≈2.41 0.1 ≈0.15 ≈1.12 ≈ 0.2 ≈ 0.55 ≈ 0.01 ≈ 1.25
Sen.5 (249) ≈2.75 0.2 ≈0.01 ≈0.92 ≈ 0.51 ≈ 0.16 ≈ 0.01 ≈ 0.89
Sen.6 (295–301) ≈3.47 0.6 ≈0.1 ≈0.93 ≈ 0.12 ≈ 0.75 ≈ 0.1 ≈ 1.6

The anomaly detection metrics of the three methods are shown in Table 4. It can
be clearly seen that the LSTM_AE method has the lowest training time of 520 s, and
the proposed model has a higher F1 score of 0.92 as well as higher anomaly accuracy,
respectively. Due to the parallel computing ability of the transformer, the training time is
in the middle, and the proposed model has a higher F1 score and high precision, which
represents the anomaly detection accuracy.

Table 4. Anomaly detection results by different methods under industrial conditions.

Models Training Time
(s)

F1 Score
(0~1)

Recall
(%)

Precision
(%)

Anomaly Acc.
(%)

CAE 600 0.81 94.44 70.83 94.44
LSTM_AE 520 0.66 55.56 76.92 55.56
ESST Trans. 560 0.92 100 85.71 100
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3.4. Attention Visualization for Anomaly Detection in Training Process

Figure 10 shows a thermodynamic diagrammatic sketch of the attention mechanism
during the training process of anomaly detection. Thermodynamic diagrams of attention
after training 5 epochs, 10 epochs, 30 epochs, and 50 epochs are presented, respectively. To
reflect the visualization of the attention mechanism in the training, the visualization results
were divided into two parts, which are presented in forms (300,6) and (6,300), respectively,
and four attention process graphs in each form are presented.
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Figure 10. Attention visualization for normal data reconstruction task in two forms, (6,300) and
(300,6), respectively. (a) Epoch 5, MSE 2.15; (b) Epoch 10, MSE 1.08; (c) Epoch 30, MSE 0.95; (d) Epoch
50, MSE 0.40; (e) Epoch 5, MSE 2.42; (f) Epoch 10, MSE 1.21; (g) Epoch 30, MSE 0.82; (h) Epoch 50,
MSE 0.42.

From (300,6) and (6,300), we can observe that with the increase in epochs, the attention
visualization map of the proposed model gradually tends to the final sensor array data’s
map. This trend proves that the model has convergence.

3.5. Contrast of Time Complexity with Different Models

Time complexity was reduced with several related efforts listed in Table 5. Three
parallel models are adopted, i.e., Dai et al. (2019) [47], Child et al. (2019) [48], and Kitaev
et al. (2020) [49]. It can be seen that the ESST trans. The model minimizes the time
complexity to O (n). The model used fixed patterns or combinations of fixed patterns
to remove the time complexity to O (n). The effect of the model is fancy, without any
performance degradation.
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Table 5. Summary of efficient transformer models.

Model/Paper Complexity Decode Class

Trans.-XL (Dai et al., 2019) [47] O (n2) √ RC
Sparse Trans. (Child et al., 2019) [48] O

(
n
√

n ) √ FP
Reformer (Kitaev et al., 2020) [49] O (n·log n) √ LP

ESST Trans. O (n) √ FP
Ps: FP, fixed patterns or combinations of fixed patterns; LP, learnable pattern; RC, recurrence.

3.6. Discussion

The ESST transformer model proposed in this paper is an end-to-end structure that
can learn the information of spatio-temporal characteristics and solve the problem of out-
lier detection by explaining the three processes of sparse mask, sparse spatio-temporal
attention mechanism, and anomaly warning system. ESST enables the transformer network
to automatically focus on other locations related to the current position when processing
different locations in the sequence, giving different weights to these locations, and assign-
ing greater weights to important features. At runtime, the ESST transformer model can
dynamically adjust the weights according to the context, helping the transformer model
to better focus on important information when processing sequence data, thus improving
the outlier detection capability. This was proven through a comparison of CAE, LSTM_AE,
and ESST trans. The F1 score of the algorithm is 0.92, and the accuracy of outlier detection
is 85.71%. This shows that the constructed ESST transformer model has good advancement
and applicability in solving the problem of methane sensor array outlier detection.

The interpretability method shows the characteristics of the middle layer of the net-
work, which is used to understand and explain the features learned by the model. The
explainable sparse spatio-temporal feature attention mechanism proposed in this paper
can effectively improve the accuracy of outlier detection of the network. In order to bet-
ter understand and explain the training process of abnormal detection of the attention
mechanism, the interpretability method is used to show the process of the spatial attention
mechanism. The idea of this method is to add an interpretable sparse spatio-temporal
feature attention mechanism to the transformer model structure and follow the network
to complete the training. The feature map of the attention mechanism is obtained and
enlarged to form a heat map to understand and explain the process of the attention mech-
anism. The experimental results show the heat map of attention training for 5 epochs,
10 epochs, 30 epochs, and 50 epochs. In order to reflect the visualization of the attention
mechanism process in training, the interpretable results are presented in the form of (300,6)
and (6,300), and each form has four attention process graphs. With the increase in epochs,
the attention process graph gradually tends to the final sensor array data graph, showing
more accurate feature expression of the target, strong guidance abilities for feature learning
of the model, and more comprehensive coverage of the main area of the target, so that it can
more accurately identify the sensor outlier target. This trend proves that the interpretable
sparse spatio-temporal feature attention mechanism model has excellent convergence.

4. Conclusions

Sensor outliers refer to individual values in the detection data that seriously deviate
from the observed values of other objects. There is an essential difference between abnormal
data and incomplete data generated by interference, noise, and error, and the generation of
abnormal data is related to the failure of the functional components of the sensor itself. The
generation of abnormal sensor data sometimes represents potential laws and trends, which
is intrinsically related to the occurrence and failure laws of sensor faults. In most practical
scenarios, the exception data themselves are unlabeled and difficult to identify.

In view of the importance of outlier detection, this paper proposes a deep learning
method based on an interpretable sparse spatio-temporal transformer model for anomaly
data detection of an underwater methane remote-sensing sensor array. Firstly, the classical
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self-attention mechanism is improved. Sparse blocks are established based on the graph
sparsification method and physical response characteristics of the sensor array data, and
the time complexity is reduced to O (n) through interpretable sparse blocks. Secondly, the
traditional self-attention block is improved, and the spatio-temporal enhanced attention
block is established. The spatio-temporal attention block can automatically capture the
spatio-temporal characteristics of gas sensor array signals at different time scales through
the query matrix and automatically capture the temporal characteristics including tempera-
ture information through the key matrix, which is used for outlier detection of methane
sensor array data. Finally, the anomaly detection threshold technology is set as a data-
driven early warning system, and the data-driven alert return mechanism contains the alert
threshold associated with the physical disturbance information. This is an unsupervised
learning method, which can eliminate the influence on the sensor array from environmental
interference signals such as ambient temperature, vibration, and sway and improve the
accuracy of anomaly detection. In order to realize a data-driven early warning system, the
proposed model is a data-based transfer unsupervised learning method, which has low
data acquisition cost and is more suitable for industry promotion and application.

The results show that the interpretable sparse space-time converter improves the
anomaly detection behavior of the underwater methane remote-sensing sensor array. The
F1 score of the proposed model is 0.92, which is better than other reconstruction models
(Convolutional_AE, LSTM_AE) such as convolution autoencoder (0.81) and long short-
term memory autoencoder (0.66). Moreover, our work is superior in terms of O (n) time
complexity only, compared to the O (n2) time complexity of the original transformer model.
The results verify that the ESST model provides an idea for the anomaly detection of an
underwater methane remote-sensing sensor array, and it can be used for outlier detection.
It has the advantages of low computational complexity, high speed, and high precision in
the online application of an underwater methane remote-sensing sensor array.

5. Future Work

This paper mainly uses the generated model to address the issue of anomaly detection.
However, although the calculation of the proposed model is reduced to O (n), there are
still cases in which the calculation of the model is too complicated. We will increase more
interpreted blocks of the model in order to reduce the complexity. These blocks will increase
the interpretability of the model and reduce unnecessary calculations. The accuracy of
anomaly detection will remain the same as in the ESST model.

(1). The generation of abnormal values in the methane sensor array is related to the
functional composition of the composed gas sensors. The semiconductor methane gas
sensor used in this study is a suspended structure; hence, its ability to withstand objective
environmental factors is weak. Abnormal and sudden changes in environmental conditions
such as mechanical shock and external vibration can cause measurement anomalies in
gas sensor arrays. Therefore, improving the integrated structure design of sensors and
adopting more advanced thin-film integrated sensors can effectively enhance the overall
resistance of sensor arrays to environmental interference, which will be an effective way to
reduce the occurrence of outliers in sensor array operation.

(2). The generation of abnormal values in the methane sensor array is related to the
performance of the gas sensor signal acquisition circuit. The signal acquisition circuit used
in this study is a Wheatstone bridge circuit with DC power supply, which has insufficient
processing ability for high-frequency signals, impulse signals, electromagnetic pulse signals,
and other interference signals. Once these interference signals appear, they can also cause
abnormal values in the sensor array. Therefore, designing more advanced low-pass filter
circuits that can suppress high-frequency noise and improve the performance of sensor
signal acquisition circuits will effectively enhance the sensor array’s ability to resist external
interference signals. This is an effective way to reduce the occurrence of outliers in sensor
array operation.
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(3). To improve the credibility of the transformer model and make model decisions
more transparent, it is necessary to strengthen the visualization of feature importance and
decision tree visualization research and to deeply explore association rules, which will help
the interpretability of the model. The transformer model uses an attention mechanism to
handle global dependencies between inputs and outputs. However, an attention module
that requires a large amount of matrix operations leads to the complexity and computational
time cost of the model. Studying advanced variants of multi-head self-attention, improving
the spatial resolution of attention mechanisms, and enhancing the generalization ability of
models are effective ways to improve the efficiency and accuracy of anomaly detection.
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