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Abstract

The development of oceanic remote sensing artificial intelligence has made possible to obtain valuable
information from amounts of massive data. Oceanic internal waves play a crucial role in oceanic activity. To
obtain oceanic internal wave stripes from synthetic aperture radar (SAR) images, a stripe segmentation algorithm
is proposed based on the TransUNet framework, which is a combination of U-Net and Transformer, which is also
optimized. Through adjusting the number of Transformer layer, multi-layer perceptron (MLP) channel, and
Dropout parameters, the influence of over-fitting on accuracy is significantly weakened, which is more conducive
to segmenting lightweight oceanic internal waves. The results show that the optimized algorithm can accurately
segment oceanic internal wave stripes. Moreover, the optimized algorithm can be trained on a microcomputer,
thus reducing the research threshold. The proposed algorithm can also change the complexity of the model to
adapt it to different date scales. Therefore, TransUNet has immense potential for segmenting oceanic internal

waves.
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1 Introduction

Oceanic internal waves are a wave phenomenon occurring in
a considerable part of ocean, which significantly impact the dy-
namic processes of the ocean and the safety of oceanic engineer-
ing structures (Lavrova et al., 2014). Therefore, it is necessary to
accurately determine the location of oceanic internal waves.

The microwave-band synthetic aperture radar (SAR) could
observe underwater oceanic internal waves from tens to hun-
dreds of meters. Owing to the change of ocean surface flow field
caused by the propagation of internal waves modulates the distri-
bution of ocean surface micro-scale waves, the ocean surface
roughness changed, which appears as bright and dark stripes in
SAR images (Alpers, 1985). Oceanic internal waves often gener-
ally propagate in the form of wave packets and internal solitary
waves. In the last 40 years, SAR has been widely used in earth re-
mote sensing. The amount of remote sensing data is increasing,
along with the demand for data processing. Therefore, to determ-
ine the locations of oceanic internal waves accurately, it is neces-
sary to develop an automated segmentation methodology for
oceanic internal waves in SAR images.

Several scholars have studied the detection of oceanic intern-
al waves. For example, Wang et al. (2019) extracted internal
waves from an unmanned aerial vehicle (UAV) image based on a
principal component analysis network, and detected them using
a support vector machine classifier. The method proposed by
Wang et al. can only mark the approximate regions of internal
waves, but cannot easily identify the precise locations quantitat-

ively. Similarly, Bao et al. (2020) used faster regions with a convo-
lutional neural network to detect oceanic internal waves in SAR
images, and the results showed that the approximate region of
the internal waves could be effectively identified. Zhang et al.
(2020) recognized internal waves based on the K-means cluster-
ing algorithm, which has the advantages of application conveni-
ence and fast convergence, however, has the disadvantages of
high requirements for data sets and limited scope of application.
Zheng et al. (2021) proposed an integrated algorithm for detect-
ing and recognizing of oceanic internal waves. Li et al. (2020) em-
ployed an optimized U-Net to obtain information on internal
waves from Himawari-8 satellite images. They aggregated the
three-layer output of the convolutional layer in the U-Net en-
coder into one layer and thus obtained good results for internal
wave extraction. Zheng et al. (2022) proposed a segmentation al-
gorithm for oceanic internal wave stripes in SAR images based on
SegNet. However, SegNet cannot fully utilize the relationship of
global context, which leads to the segmentation results not
enough fine.

In 2012, the deep learning model (AlexNet) adopted by Kr-
izhevsky et al. (2017) won the Image Net image recognition com-
petition, which once again attracted significant attention from
the academic community. Subsequently, deep learning has rap-
idly developed. For example, Simonyan and Zisserman (2015)
proposed deep convolutional neural networks (CNN), Shel-
hamer et al. (2017) proposed fully convolutional networks (FCN),
and based on FCN, Ronneberger et al. (2015) achieved the seg-
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mentation of medical images using a U-Net fully convolutional
network. The CNN assumes that the elements are independent of
each other. However, many elements are connected in reality.
Therefore, Zaremba et al. (2014) proposed the Recurrent Neural
Networks (RNNs), which is recursive along the sequence direc-
tion. However, in RNNs, the processing of data is in series from
one level to the next, making it difficult to accelerate and parallel-
ize the training process. Vaswani et al. (2017) proposed a parallel
computing Transformer, which is composed of a multi-head at-
tention mechanism and feed-forward neural network, and
mainly used in the Sequence-to-Sequence natural language pro-
cessing. Inspired by the robust performance of Transformer, re-
searchers extended Transformer to the field of computer vision
and have achieved great success in this field. Dosovitskiy et al.
(2021) proposed a Vision Transformer (ViT) for image classifica-
tion, which achieved good results when directly applied to image
slice sequences. The above mentioned studies elucidate how
Transformer is a valuable tool in image detection and segmenta-
tion.

According to the advantages of Transformer in segmentation,
this study proposes an algorithm for stripe segmentation of
oceanic internal waves based on TransUNet. The proposed al-
gorithm has the advantages of both high-resolution spatial in-
formation of U-Net and feature learning from global contexts by
Transformer. The algorithm can identify specific internal wave
stripes and has a wide range of applications. This study optim-
ized the Transformer layer, multi-layer perceptron (MLP) chan-
nel, and dropout parameter of the TransUNet model to render it
more suitable for lightweight oceanic internal wave segmenta-
tion. The second section introduces the datasets and the model
proposed in this study; the third and fourth sections contain the
experimental results, analysis, discussion, respectively, and the
conclusion is drawn at the end.

2 Data and methods
2.1 Data

2.1.1 Data sources

In this study, the Environmental Satellite (Envisat), the first
European Remote Sensing Satellite (ERS-1), the second
European Remote Sensing Satellite (ERS-2), and the Advanced
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Land Observing Satellite (ALOS) were used as sources of SAR im-
age data. The red polygon in Fig. 1 represents the coverage area
of the downloaded image data.

2.1.2 Data set and annotation

The acquisition steps of the oceanic internal wave SAR im-
ages and corresponding label datasets were as follows.

(1) Download 5 817 SAR images, and select the data with
oceanic internal wave stripes.

(2) The single-look complex (SLC) image has more speckle
noise, it is thus necessary to perform multi-look processing and
filtering on the original data. Multi-look processing averages the
resolution of image along the distance direction and azimuth dir-
ection to suppress the speckle noise of the SAR image. Gamma
Map filtering with a window of 5 is used to reduce speckle noise
in SAR images. Subsequently, the geocoding is used to convert
the SAR image slant range projection into geographic coordinate
projection. The scattering intensity information is normalized by
radiometric calibration. The results of the pre-processing are
shown in Fig. 2. The imaging time is March 16, 1998. The center
point coordinates are near 6.796 3°N, 97.327 3°E. It is a single
look complex image with vertical polarization mode.

(3) Convert the images into TIFF format to obtain the intens-
ity value and geographic information of each pixel of the images.

(4) As shown in the red rectangular box in Fig. 2, the image
data of all TIFF formats are randomly cut to increase the amount
of data and saved in JPG format.

(5) Label the cropped JPG format data set with LabelMe (Rus-
sell et al., 2008) visualization software, and generate label data in
PNG format.

(6) Binarize the label data; the grey value of the stripe is selec-
ted as 255, and the grey value of the background is selected as 0.

Figure 3 shows a flowchart of the image data processing. La-
belme software was used to label each pixel of each image in the
dataset with the corresponding category label, and then the pixel
sample was converted into a binary image and 703 images were
produced. The crop dataset consists of randomly cropped image
data.

2.2 Method and optimization
Chen et al. (2021) proposed the TransUNet algorithm for se-
mantic segmentation, which is a deep neural network structure
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Fig. 1. Synthetic aperture radar (SAR) data area information.
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Fig. 2. Oceanic internal wave from synthetic aperture radar im-
age of ERS-2 satellite.

that combines U-Net and Transformer. TransUNet has both the
high-resolution spatial information of CNN and the global con-
text advantage of Transformer coding; thus, it exhibits superior
performance in the field of image segmentation (Chen et al.,
2021).

TransUNet consists of an encoder and corresponding de-
coder, as shown in Fig. 4. The TransUNet encoder has a CNN-
Transformer hybrid architecture. A CNN was used to encode the
image into feature maps. Because the Transformer is an atten-

LabelMe
—
TIFF

Y
-I J_}

Fig. 3. Steps for collecting the ocean internal wave synthetic
aperture radar data sets.
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tion mechanism for Sequence-to-Sequence prediction, the fea-
tures of the images need to be serialized. In this study, the input
feature map was divided into a sequence of flattened 2D patches, and
each patch size was P x P. The sequence length was N = (HW)/P2
(H and W are the length and width of the input image, respect-
ively). The vectorized x,, (patch) was mapped into a potential D-
dimensional embedding space using trainable linear projection.
To encode the spatial information, specific location information
was added to each patch, as follows:

20 = [XyE;0F; .. XD E] + Epes, (1
where z, is the initial input to the Transformer; E represents the
embedded projection; and E,, represents the embedded posi-
tion.

There are [-layer Transformers in the encoder, each of which
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Fig. 4. TransUNet framework structure, Transformer structure (a) and Cross-network structure (b). The parameters in the bracket are
image size, image size and dimension, respectively. MSA: multihead self-attention; MLP: multi-layer perceptron; Conv: convolution

kernel; ReLU: activation function.
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consists of a multihead self-attention (MSA) and a MLP block.
Thus, the output of the I-th layer can be expressed as:

Z, =MSA (Lx (Z1-1)) + Z1—a, )

Z;=MLP (ILx (Z})) + Z;, A3)

where Ly is the layer normalization operator and Z, is the en-
coded image feature. The structure of the Transformer layer is il-
lustrated in Fig. 4a.

The output result of the /-th layer Transformer is the encod-
ing feature of a two-dimensional patch sequence in D-dimen-
sional space. To restore spatial order, the size of the encoded fea-
tures should be reshaped to the format before serialization. The
decoder is shown in Fig. 4b. The activation function in the de-
coder was ReLU. As shown in Fig. 4b, the encoded features were
up-sampled; that is, 2 x 2 convolution kernels were used to re-
duce the number of feature channels by half; the encoded fea-
tures were then aggregated with the features of the correspond-
ing resolution on the skip-connections, and the output results
were subjected to two 3 x 3 convolution operations. The above
process was performed three times. Finally, the step of aggregat-
ing features with the corresponding resolution on the skip con-
nections was omitted, and a 1 x 1 convolutional layer was used
for image classification.

The dice similarity coefficient (DSC) loss function of Tran-
sUNet is a measure of set similarity that is typically used to evalu-
ate the similarity between two samples. The DSC loss function is
defined as follows:

2Fp

DSClps =1 — ———2
loss Fp + 2Tp + Fy

4)

where Fj, is the false positive; T, is the true positive; and Fy is the
false negative.

In this study, when the original TransUNet was used to seg-
ment oceanic internal wave stripes, it was found that the seg-
mentation effect was slightly worse than that of CNN. Dosovitskiy
et al. (2021) experiment showed that the Transformer’s accuracy
was better than that of the CNN only when the data reached a
mega-scale. To make TransUNet more suitable for the segmenta-
tion of lightweight oceanic internal wave data and solve the over-
fitting problem caused by the high complexity of the model, this
study analyzed the two modules of the Transformer layer and
MLP channel, which mainly affect TransUNet complexity.

The effects of the Transformer layer and MLP channel on DSC
accuracy are shown in Table 1. For lightweight oceanic internal
wave data, the accuracy increased primarily and then decreased
with an increase in the Transformer layer. When there were 2 lay-
ers, the average accuracy of the 5 MLP channels was the highest.
The model displayed good segmentation performance and was

Table 1. The effects of Transformer layer and multi-layer per-
ceptron (MLP) channel on dice similarity coefficient accuracy (%)

Transformer layer
1 2 4 8 12
MLP channel 128 84.13 84.18 82.35 82.64  75.22
MLP channel 256 84.15 83.75 83.49 82.50 72.92
MLP channel 512 83.73 84.57 84.19 82.61 73.73
MLP channel 768 84.09 83.95 80.37 82.49 77.2
MLP channel 1 024 84.00 84.89 80.54 82.66 76.6

advantageous in terms of computational efficiency. When there
were more than 8 layers, the segmentation accuracy decreased
rapidly. When the number of MLP channels was 512, the average
accuracy was the highest. To determine the influence of the MLP
channel and Transformer layer on the training process more
clearly, performance analysis charts with 2 layers and 512 chan-
nels were drawn.

Figure 5 shows the effect of the Transformer layer on the loss
rate. When the Epoch is 100, the sequence of convergence speed
is represented by the black line for one layer, the red line for two
layers, the blue line for four layers, the green line for eight layers,
and the purple line for 12 layers. At this time, the accuracy de-
creased as the number of Transformer layers increased. When
the Epoch was 200, the accuracy of the two layers was the best.
From the perspective of training duration, the sequence of the
time-consuming order is represented by the purple line for 12
layers, the black line for one layer, the red line for two layers, the
green line for eight layers, and the blue line for four layers. As
mentioned above, when there are 2 Transformer layers, the effi-
ciency and accuracy of TransUNet training is preferable.

The effect of the MLP channel on the loss rate is illustrated in
Fig. 6. The smaller the MLP channel, the more unstable is the loss
rate in the later training period. When the Epoch is 200, the ac-
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Fig. 5. The effect of Transformer layer on loss rate.

0s | 128 channels
’ ———256 channels
07 b ——— 512 channels
——— 768 channels
1 024 channels
06 |
L
5
w 05
2
£ 04
03 | ﬁ
| |
Wil L I
L TVRATRAVEN Ll
0.2 *,@ww MM@M il
01 1 1 1 1 1 1 J
0 50 100 150 200 250 300
Epoch

Fig. 6. The effect of multi-layer perceptron (MLP) channel on
loss rate.
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curacy of all five lines basically achieve optimal value and are
close to each other. Therefore, segmented oceanic internal wave
stripes were used to analyze the influence of the MLP channel on
the accuracy.

The test set segmentation results for the different MLP chan-
nels are shown in Fig. 7. When the MLP channel increased from
128 to 768, the contours of the segmentation results were precise
and complete for high-contrast images, and the segmentation
results were increasingly complete for low-contrast images (such
as the 8th plot of Fig. 7e). When the number of channels was 1 024,
some segmented stripes were broken. Therefore, the segmented
results were better when the number of channels was 768.

A Dropout (Srivastava et al., 2014) was used to solve the over-
fitting problem. Dropout is referred to as random inactivation.
During forward propagation, the activation values of some neur-
ons are stopped with a certain probability (p), which can signific-
antly reduce over-fitting. This study analyzed the influence of p
on the segmentation results.

The effect of Dropout on the loss rate is illustrated in Fig. 8.
When p is 1, the fitting effect of TransUNet is poor; with the
gradual decrease of p, the fitting effect improves; and when p is
between 0.05 and 0.2, the loss rate stabilizes. Therefore, Dropout
significantly reduces over-fitting and improves the training ac-
curacy.

Fig. 7. Test set segmentation results of different multi-layer per-
ceptron (MLP) channels. a is the original image; MLP channels
are 128 (b), 256 (c), 512 (d), 768 (e), and 1 024 (f).
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Fig. 8. The effect of Dropout on loss rate.

3 Results and discussion

3.1 Implementation details

To train the TransUNet network, the datasets were divided
into three parts: training, validation, and testing, as listed in
Table 2. As shown in Table 2, when the data distribution ratio was
8:1:1, after the model tests, the DSC loss value of the test set was
reduced to the lowest level, and the model effect was better. The
original image resolution size was 256 x 256, and it was resized
to 128 x 128 in the model.

For the model, based on previous experience (Chen et al.,
2021) and the model tests, the SGD optimizer with learning a rate
0f 0.001, momentum of 0.9, and weight decay 1 x 10~* was used
for training. All tests were conducted using a Precision Tower
7920 with a single NvidiaRTX3060GPU. Windows was used as the
operating system. The algorithm was implemented on the Sen-
tinel Application Platform and Python Platforms.

3.2 Model evaluation

The model tests were carried out on BatchSize 8, 16 and 32. It
was found that more time would be taken and convergence was
not unfavourable if the BatchSize was too small, and that the
gradient direction of different batches did not change, making it
easy to fall into local minimum if the batch size was too large.
Therefore, the BatchSize was set to 16. The tests also indicated
that the size of the PatchSize has little effect on the accuracy. Ac-
cording to the Dosovitskiy et al. (2021) setting, the PatchSize was
set to 16.

To better segment the lightweight oceanic internal wave
stripes, TransUNet was optimized to reduce the degree of over-
fitting. In the experiment, the Transformer layer was changed to
2, the MLP channel was set to 768, and p of dropout was set to
0.2. Other default parameters were as follows: BatchSize was set
to 16, PatchSize was set to 16, and default training Epochs was set
to 500. The patience was set to 50 to prevent over-fitting (training
was stopped if the loss rate of the test set did not decrease 50 con-
secutive times).

The model performance analysis of the original TransUNet
and optimized TransUNet is shown in Fig. 9. As shown in
Fig. 9a, at the 379th Epoch, the original TransUNet achieved the
best training model; the DSC loss value of the training set was re-
duced to 0.267, and the loss value of the test set was reduced to
0.228. As shown in Fig. 9b, at the 189th Epoch, the optimized
TransUNet achieved the best training model, the DSC loss value
of the training set was reduced to 0.136, and the loss value of the
test set was reduced to 0.154. The optimized TransUNet was
found to be more suitable for segmenting lightweight oceanic in-
ternal wave stripes in terms of both accuracy and efficiency.

3.3 Visual analysis

To evaluate the segmentation effect of the optimized Tran-
sUNet, the segmentation results of the original TransUNet, op-
timized TransUNet, and U-Net models are shown in Fig. 10. The
DSC segmentation accuracies were 0.770, 0.846, and 0.828, re-
spectively. When the stripes were segmented by the original
TransUNet, most of the wave packets were broken and incom-

Table 2. Model training performance at different rates

Rate Training loss Test loss
6:2:2 0.1797 0.3191
7:1.5:1.5 0.190 2 0.280 6
8:1:1 0.1575 0.203 9
9:0.5:0.5 0.156 4 0.258 5
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Fig. 9. Model performance analysis of the original TransUNet (a)
and the optimized TransUNet (b). DSC: dice similarity coeffi-
cient.

plete, and the internal solitary waves could not even be segmen-
ted. When the stripes segmented using U-Net were relatively
complete, the wave packets could be effectively segmented.
However, images with the internal solitary waves and low-con-
trast encounter the problem of incomplete segmentation, as
shown in the 6th plot of Fig. 10d. With optimized TransUNet, seg-
mentation results were complete and unbroken, whether for
wave packets or the internal solitary waves. The tests demon-
strate that the optimized TransUNet can more precisely segment
lightweight oceanic internal wave stripes and retain detailed pos-
ition information.

The segmentation results of the entire SAR image with a resol-
ution of 4 903 x 5 151 pixels are shown in Fig. 11. As shown in
Fig. 11, for segmenting large-scale internal wave images, the pro-
posed algorithm can only segment the internal waves on the right
side of the image. However, the recognition effect of the subtle
internal wave stripes on the left side of the image is slightly insuf-

Fig. 10. Qualitative comparison of different approaches by visu-
alization. The original image (a), different approaches by original
TransUNet (b), optimized TransUNet (c) and U-Net (d).

ficient. Therefore, the subtle internal waves in Fig. 11 are cropped
and segmented in this study. The small-scale SAR image seg-
mentation results are shown in Fig. 12. As shown in Fig. 12, the
segmentation results of two small-scale images are good. The
segmentation effect is better if the resolution of the input image is
small-scale; however, it is probably encountered that the oceanic
internal waves cannot be identified if the resolution of the input
image is large-scale. Therefore, the proposed algorithm has ad-
vantages in recognition of ocean internal waves, the effect of seg-
mentation, however is affected by the resolution of the input im-
age. Because the sample resolution trained in this study is 128 x
128, it is better for the recognition of small-scale image. If a com-
puter with a more robust graphics processing unit is employed to
directly train large-scale SAR images, the final segmentation ac-
curacy will be improved and the oceanic internal wave positions
will be obtained more conveniently.

The segmentation results of the entire SAR image with a resol-

Fig. 11. Results of the entire synthetic aperture radar image segmentation (resolution size is 4 903 x 5 151).
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Fig. 12. Small-scale synthetic aperture radar image segmentation results (a), resolution sizes are 334 x 305 (b) and 282 x 348 (c). d is

the segmentation result of b, e is the segmentation result of c.

ution of 9 501 x 7 915 pixels are shown in Fig. 13. The image date
is February 8, 2007. The coordinates of the center point are near
6.385 1°N, 96.802 2°E. It is a single look complex product with HH
polarization mode. As can be seen from Fig. 13, it is better to
identify the bright stripes on the left of the image. While for the
subtle internal waves on the right, some stripes cannot be seg-
mented. On the one hand, the reason is the quality of SAR im-
ages; on the other hand, it is difficult for the human eye to accur-
ately identify the subtle internal waves when labeling, resulting in
the inability to identify the subtle internal wave stripes effectively.
Therefore, it is understandable to have some incomplete seg-
mentations in large-scale images.

4 Discussion
In this study, TransUNet was applied to segment oceanic in-

ternal waves, and the Transformer layer, MLP channel, and Dro-
pout were optimized to solve the over-fitting problem. The seg-
mentation results of the original TransUNet, optimized TransUN-
et, and U-Net were compared. It was found that the optimized
TransUNet could better segment and retain location information.
Li et al. (2020) employed an optimized U-Net to segment oceanic
internal waves and achieved good results in detection thereof.
Compared with Li et al. (2020) results, it can be found that the
location of oceanic internal waves identified by the algorithm in
this study were relatively accurate. Zheng et al. (2021) used
SegNet to accurately segment the specific location of oceanic in-
ternal waves; however, the complexity of the SegNet model was
fixed. The TransUNet selected in this study can adjust the model
complexity by changing the number of Transformer layers, which
is convenient for training data of different scales. Owing to the

Fig. 13. Results of the entire synthetic aperture radar image segmentation.
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limitations in computer performance, the effect of the present al-
gorithm in identifying large-scale images is inadequate. There-
fore, the proposed algorithm is suitable for small-scale image
segmentation at present. With the advent of the big data era,
TransUNet will have immense potential for oceanic internal wave
segmentation.

5 Conclusions

Based on TransUNet, this study proposes an algorithm for
lightweight oceanic internal wave stripe segmentation. In the
proposed algorithm, the Transformer layer, MLP channel, and
Dropout parameters that affect the complexity of the TransUNet
model are optimized to effectively solve the over-fitting problem.
The research results show that the optimized TransUNet can take
advantage of the Transformer’s global encoding of image feature
sequences, creating more complete segmented results. The op-
timized algorithm can be trained on a microcomputer, which sig-
nificantly reduces the research threshold. With the development
of remote sensing technology, SAR image data will become in-
creasingly available, and the original TransUNet will be at train-
ing massive data. The segmentation algorithm proposed in this
study can obtain the specific location information of each intern-
al wave in the image, which is helpful for the further study of
oceanic internal waves in SAR images. The optimized model can
effectively segment the small-scale images, while some mistaken
segmentations for large-scale images are encountered. The
small-scale images are trained in this study. If a more robust
computer is applied to directly train large-scale images, the ef-
fect of large-scale image segmentation should be improved. In
addition, it is difficult for the human eye to identify subtle intern-
al waves when labelling accurately. Therefore, it is understand-
able to have some incomplete segmentation in large-scale im-
ages.
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