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Table 1 Simulation parameters
Parameter Simulation value
A/nm 523
n/m 0.01
w —5
2/m 1000
Width of phase screen L/m 0.5
Distance of phase screen //m 200
X1 /K*s™! 10 ‘~10"°

X, X ¢) X,=5.79% X.=6.42x10"
b) =1.12x10% 9x107® d) X, =6.42x107

(e) X,=2.48<10° () X,=8.47-10°

(a) Standard speckle image

(2) X,=9.32x10°%
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Fig. 1 Standard speckle images and speckle images under the influence of underwater turbulence of different intensities
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Table 2 X | performance indicators of different classification networks in simulated datasets

Model Temperature/°C Precision/ % Recall/ % Accuracy/ %
10°* 98.0 98.0
10°° 96.0 96.0
ResNet 10°° 97.92 94.0 97.2
1077 98.0 98.0
10°° 96.15 100.0
10°* 98.0 98.0
10°° 98.0 98.0
RTN 10°° 97.96 96.0 98.0
1077 100.0 98.0
10°° 96.15 100.0
10°* 100.0 100.0
107° 98.04 100.0
DRTN 107° 98.0 98.0 99.2
1077 100.0 100.0
107° 100.0 98.0
100.5 101 99
M Precision/% M Recall/% M Precision/% M Recall/% M Precision/% M Recall/%
100.0 100 98
99.5 99 97
99.0 98 96
98.5 97 95
98.0 96 94
97.5 95 93
97.0 94 92
ResNet RTN DRTN ResNet RTN DRTN ResNet RTN DRTN
(a) X, =10 (b) X,=10° () X=10°¢
100.5 — 101 99.5
M Precision/% W Recall/% M Precision/% HRecall/% M Accuracy/%
100.0 100 99.0
99.5 99 98.5
99.0 98 98.0
98.5 97 97.5
98.0 96 97.0
97.5 95 96.5
97.0 94 96.0
ResNet RTN DRTN ResNet RTN DRTN ResNet RTN  DRTN
(d) X,=107 (e) X =10 (f) Accuracy/%
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Fig. 8 The performance of different classification methods in terms of accuracy, precision, and recall
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Fig. 10  The classification accuracy curve and loss value curve of the experimental dataset on this model
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Fig. 11  The classification accuracy curve and loss value curve of the experimental dataset on this model
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Table 3 X, performance indicators of the experimental dataset in this network measurement

Model Temperature/C Precision/ % Recall/ % Accuracy/ %
107 100.0 100.0
10°° 98.0 98.0

DRTN 10°° 98.0 98.0 98.8
1077 98.04 100.0
107° 100.0 98.0
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Fig. 12 The performance of the experimental dataset in terms of accuracy and recall on this model
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Underwater Turbulence Detection Technology Based on Convolutional
Neural Networks

HE Fengtao, WU Qiangian, ZHANG Jianlei, YANG Yi, ZHANG Juan, YAO Xinyu,
ZHAO Weilin
(School of Electronic Engineering, Xi'an University of Posts and Telecommunications, Xi'an 710072, China)

Abstract: Underwater vehicles have broad application potential in underwater environments, such as
marine resource exploration, seabed geological survey, underwater operations, etc. However, underwater
turbulence has a serious impact on the navigation of underwater vehicles, leading to a decrease in their
ability to perceive and locate the surrounding environment, thereby affecting their task execution and
performance. Underwater turbulence can cause attitude disturbances of underwater vehicles. The turbulent
vortices and intense eddies cause significant changes in the flow velocity and direction, resulting in irregular
thrust and resistance on the drone, making it difficult to control its attitude changes. This can lead to
unstable attitude of drones, increasing the risk and difficulty of navigation. Turbulence has a negative impact
on the perception and positioning ability of underwater vehicles. Due to the complexity and unpredictability
of turbulence, it can cause optical speckle phenomena in underwater environments, making the images
perceived by drones blurry and distorted. This leads to a decrease in the perception ability of drones to the
surrounding environment, making it difficult to accurately identify and locate target objects, thereby
affecting the accuracy and efficiency of task execution.

In summary, the detection of underwater turbulence is crucial for the navigation decision—making and
performance of underwater vehicles. By accurately detecting turbulence and making corresponding
adjustments based on turbulence information, underwater vehicles can improve their navigation ability and
stability in turbulent environments, thereby better adapting to complex underwater work tasks and
environmental requirements. Therefore, this study proposes an innovative method for detecting underwater
turbulence based on Convolutional Neural Networks (CNN) to measure the temperature difference
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dissipation rate of underwater turbulence. The temperature difference dissipation rate of turbulence is an
important indicator to describe the intensity of turbulence and the degree of energy dissipation, which is
crucial for accurately understanding the characteristics of turbulence. By measuring the temperature
difference dissipation rate of turbulence, we can obtain critical turbulence information and provide accurate
guidance for the navigation decision—making and control of underwater unmanned aerial vehicles. By
training the CNN model, we can learn key features in underwater turbulence, thereby achieving accurate
measurement of temperature difference dissipation rate. This method utilizes the advantages of CNN in
image processing and feature extraction, and can fully explore the information in underwater turbulence
data, providing strong support for subsequent data processing and decision—making. In the experiment, we
generated a speckle image dataset with turbulent effects by simulating the power spectrum inversion
method and the Huygens Fresnel principle to provide a controllable experimental environment. In order to
extract key information from speckle images, we preprocessed the images. Firstly, we use Fourier
transform to analyze spectral information and capture the features of different frequency components in the
image. Secondly, we calculate the gradient information of the speckle image to capture the spatial changes
caused by turbulence. Finally, we also extracted texture information from speckle images to obtain local
structural features of the image. In order to comprehensively utilize these feature information, we
superimposed spectral information, gradient information, and texture information to form a multi feature
fusion image. This fusion image contains more comprehensive and rich image information, providing more
valuable input for CNN models. Our CNN model has adopted some key improvement strategies in its
design to better adapt to the feature extraction requirements of speckle images affected by turbulence.
Firstly, we introduced a convolutional layer called stdConv2d and a GroupNorm layer. Compared to
traditional 3X3 convolutions, stdConv2d uses deep separable convolutions. The depth separable
convolution separates the spatial convolution and channel convolution integral between channels, thus
reducing the number of parameters, improving the efficiency of the model and Receptive field. At the same
time, we will replace the traditional BatchNorm layer with the GroupNorm layer, which can better handle
the statistical characteristics in speckle images affected by turbulence and improve the robustness of the
model. Secondly, in the improved ResNet=50 network structure, we have made adjustments to the layout
of the blocks. Specifically, we have moved some blocks from the original stage4 to stage3 and increased the
number of repetitions for stage3. This adjustment can better adapt to the feature extraction requirements of
speckle images affected by turbulence, enabling the model to better capture the subtle changes and texture
features caused by turbulence. Finally, we introduced the ViT (Vision Transformer) model, which utilizes
self attention mechanism to model global contextual relationships in images. The self attention mechanism
can learn the correlation between different regions in an image and introduce global perception in the feature
extraction process, thereby better understanding the overall structure and contextual information in the
image. Through the above improvement strategy, our CNN model has stronger expressive ability and
adaptability in extracting feature information from speckle images affected by turbulence. These
improvement measures can enhance the model's ability to accurately capture key features in turbulent
images, and improve the accuracy and reliability of measuring the dissipation rate of underwater turbulent
temperature difference. Through on-site experimental verification, our method has achieved satisfactory
results in measuring the dissipation rate of underwater turbulent temperature difference. Compared with
traditional methods, our CNN method fully utilizes the richness and complexity of image features, and has
stronger expression ability and adaptability. Future research can further refine and expand the methods we
propose. Firstly, the structure and parameter settings of the CNN model can be further optimized to
improve measurement accuracy and stability. Secondly, we can consider introducing more data
enhancement and regularization technologies to enhance the generalization capability of the model. In
addition, other deep learning models or integration methods combining multiple models can be explored to
further improve the performance and robustness of underwater turbulence measurement.

Key words: Image processing; lLaser speckle; Neural network; Underwater turbulence; Temperature
difference dissipation rate
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