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Waves are crucial in ocean observation and research. Stereo vision-based wave measurement, offering non-contact, low-cost, and intelligent processing, is an emerging method. However, improving accuracy remains a challenge due to wave complexity. This paper presents a novel approach to measure wave height, period, and direction by combining deep learning-based stereo matching with feature matching techniques. To improve the discontinuity and low accuracy in disparity maps from traditional wave image matching algorithms, this paper proposes the use of a high-precision stereo matching method based on Pyramid Stereo Matching Network (PSM-Net).A 3D reconstruction method integrating Scale-Invariant Feature Transform (SIFT) with stereo matching was also introduced to overcome the limitations of template matching and interleaved spectrum methods, which only provide 2D data and fail to capture the full 3D motion of waves. This approach enables accurate wave direction measurement. Additionally, a six-degree-of-freedom platform was proposed to simulate waves, addressing the high costs and attenuation issues of traditional wave tank simulations. Experimental results show the prototype system achieves a wave height accuracy within 5%, period accuracy within 4%, and direction accuracy of ±2°, proving the method’s effectiveness and offering a new approach to stereo vision-based wave measurement.
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1 Introduction

With the advancement of marine scientific research and the increase in ocean development activities, the accurate measurement and monitoring of ocean waves have become increasingly important (Zhang et al., 2017; Chowdhury et al., 2021). Wave measurement techniques can be categorized into contact and non-contact methods. Contact measurement techniques (Li et al., 2012; Lin and Yang, 2020) rely on sensors that make direct contact with the sea surface to detect wave fluctuations. This technique high measurement accuracy and provides reliable wave data, making it widely used in wave measurement. However, such instruments are limited to collecting localized, single-point data, which prevents comprehensive analysis of the wave field. To minimize interference with the wave surface, non-contact measurement technologies, such as acoustic wave gauges (Yang et al., 2018), radar (Zhang et al., 2022; Zhang et al., 2024), satellite remote sensing (Gao et al., 2023b; Zhang et al., 2023), and stereo photogrammetry (Benetazzo, 2006; Nie, 2020), have emerged. These methods avoid the risk of equipment damage caused by contact with seawater. However, acoustic wave gauges can have their measurement accuracy compromised by water splashes; radar systems are expensive, difficult to install, retrieve, and maintain, and the interpretation of the data they collect is complex; satellite remote sensing offers low measurement accuracy, poor data reliability, is highly susceptible to weather conditions, and comes with high costs.

The basic working principle of stereo photogrammetry for wave measurement involves continuously capturing images of the sea surface using cameras, acquiring wave image data, and then processing these images with a computer to calculate the fundamental wave parameters. Compared to radar and satellite remote sensing technologies, stereo photogrammetry has the advantage of high-precision observation using only cameras, making it relatively low-cost, with simple and convenient installation and maintenance. This technology is already widely applied in other systems (Fan et al., 2020; Cao et al., 2022; He et al., 2022; Sun et al., 2022; Tani et al., 2023). The earliest efforts to develop a remote sensing system for wave measurement using stereo photogrammetry date back to the late 1980s, initiated by Shemding (Shemdin and Wu, 1988; Shemdin and Tran, 1992) and Banner et al (Banner et al., 1989). In recent years, the rapid advancements in computer and image processing technologies have led to the emergence of numerous methods for calculating wave parameters. In 2017, Yan L (Yan, 2017). applied template matching technology to measure wave height, enabling tsunami prediction. That same year, Bergamasco introduced WASS (Waves Acquisition Stereo System) (Bergamasco et al., 2017), an open-source software package for marine 3D reconstruction. WASS uses cutting-edge stereo technology to automate the generation of dense point clouds from stereo images, facilitating the reconstruction of the ocean’s three-dimensional shape. In 2019, Shi L (Shi et al., 2019). proposed a stereo vision method for obtaining ocean wave parameters, employing the Scale-Invariant Feature Transform (SIFT) (Lowe, 2004) stereo matching algorithm along with template matching techniques to calculate wave parameters. The final results indicated a maximum measurement error of 10% for wave height, a period accuracy of 0.5 seconds, and a wave direction accuracy of ±10°. In 2021, Wang Z (Wang, 2021). replaced SIFT with the Semi-Global Block Matching (SGBM) (Hirschmuller, 2007) algorithm for stereo matching to compute wave height and used interleaved spectrum and time delay to calculate wave direction. The final measurement results showed that the relative standard deviation of wave height ranged from 2.5% to 12.5%, with a maximum relative error of 4.97% for wave direction.

In recent years, the widespread application of deep learning across various fields has driven the development of related technologies. Within ocean data processing, deep learning techniques have been widely applied to tasks such as image classification, data processing, and scene reconstruction. For example, deep learning methods have shown notable success in ship detection and fish detection (Raveendran et al., 2021; Gao et al., 2023c; Gao et al., 2023a; Zhang et al., 2024). Additionally, these techniques have been broadly utilized in ocean science (Kandimalla et al., 2022; Cao et al., 2024; Gao et al., 2024). In these applications, deep learning’s robust feature extraction and adaptive capabilities have markedly enhanced the accuracy of image processing and analysis. The successful deployment of these technologies offers valuable guidance for the approach introduced in this paper.

Accurate estimation of wave parameters is essential for a wide range of oceanographic and engineering applications. However, existing computational methods for wave motion analysis still face significant challenges. Traditional stereo matching algorithms often generate disparities with substantial errors and noise, limiting the precision of wave direction and motion calculations. Furthermore, while methods like template matching and interleaved spectrum are effective for two-dimensional space, they fail to capture the complexities of wave motion in three-dimensional space, which is crucial for accurate three-dimensional wave motion analysis. Moreover, traditional wave tank testing is expensive and challenging, particularly when simulating multi-directional wave motion.

To address these limitations, this paper proposes a novel solution: replacing traditional stereo matching techniques with a deep learning-based Pyramid Stereo Matching Network (PSM-Net) (Chang and Chen, 2018). PSM-Net, with its ability to effectively handle large-scale disparities and complex textures, provides a more accurate and robust approach for wave motion estimation. Additionally, to further improve the accuracy of three-dimensional wave motion analysis, we combine the PSM-Net with the SIFT feature point matching algorithm, enabling precise calculation of wave parameters in three-dimensional space. And we propose using a six-degree-of-freedom platform as an alternative for indoor experiments, offering a cost-effective and feasible solution for validating the proposed algorithm. This innovative approach not only improves computational accuracy but also opens up new possibilities for ocean wave simulation and analysis.




2 Basic techniques for wave measurement using stereo vision

The system architecture is illustrated in Figure 1. The principle of wave measurement using stereo vision is based on stereo vision technology, employing two cameras to simultaneously capture images of the waves. After preprocessing the images, a stereo matching algorithm is used to compute the disparity map, and the depth of each pixel is calculated based on the principles of triangulation. This allows for the acquisition of the three-dimensional shape and motion parameters of the target. The overall system flowchart, shown in Figure 2, is divided into four main stages: preprocessing, stereo matching, three-dimensional reconstruction, and wave parameter estimation.




Figure 1 | System architecture diagram.






Figure 2 | Overall system workflow diagram.





2.1 Image preprocessing

Preprocessing of stereo images is a crucial step in stereo vision systems, as it enhances the accuracy and efficiency of subsequent processing. This step consists of two parts: calibration and image rectification. The first step in preprocessing is the calibration of the stereo cameras. In this study, the Zhang Z. calibration method (Zhang, 2000) is employed, which involves capturing images of a calibration board from various poses and detecting the corners of the board in each image to calculate the camera parameters. The preprocessing steps are illustrated in Figure 3. During image rectification, to address the issue of ensuring that the imaging planes are coplanar and aligned for three-dimensional coordinate reconstruction, this paper adopts distortion correction and epipolar rectification techniques. This transforms the image planes of the left and right cameras into a coplanar and aligned state, thereby simplifying the calculations involved in stereo matching.




Figure 3 | Steps for preprocessing.



The detailed preprocessing steps are as follows:

	Design a calibration board of appropriate size, ensuring that its relative position to the camera can cover the entire field of view.

	Position the calibration board at different angles and locations within the cam-era’s field of view to capture multiple images. Make sure the board covers the entire visual range and that at least 20 pairs of images are collected for thorough calibration.

	Detect the corner points of the chessboard in the acquired images.

	Using the detected corner points and the specified dimensions of the calibration board, calculate the camera’s intrinsic parameter matrix. Next, compute the extrinsic parameter matrix between the two cameras using images taken together.

	By comparing the ideal and actual positions of the detected corner points, calculate the image reprojection error to obtain the distortion coefficients. Then, use these coefficients to correct the new images.

	Calculate the correction matrix with the camera parameters and apply geometric transformations to the two images for epipolar rectification.






2.2 Stereo matching algorithm

The stereo matching algorithm is a key component of stereo vision and plays an essential role in obtaining disparity maps for three-dimensional coordinate reconstruction. The effectiveness of a good stereo matching algorithm directly influences the quality of the 3D reconstruction. Given the complex textures present in ocean waves and the varying weather and lighting conditions outdoors, traditional dense stereo matching algorithms, such as SGBM, and sparse matching algorithms, like SIFT, often produce disparity maps that are not continuous and may exhibit significant deviations. To ad-dress this issue, this paper adopts a deep learning-based PSM-Net network to replace traditional algorithms for calculating image disparity.

The overall network structure is illustrated in Figure 4. PSM-Net is an end-to-end deep learning model. Initially, the left and right images are fed into two weight-shared Convolutional Neural Networks (CNNs) for feature extraction. The model then utilizes a pyramid structure to extract multi-scale features from the left and right images, which is particularly well-suited for handling the complex textures and dynamic changes of ocean surfaces. By capturing features at multiple scales, the pyramid structure ensures a more comprehensive representation of the intricate patterns and varying depths inherent in marine environments, thereby improving the accuracy of disparity estimation. Feature fusion is performed through convolutional layers, leveraging the pyramid structure to create a robust and enriched feature representation. Next, the model employs a cost volume for cost aggregation and regularization. Finally, a three-dimensional convolutional network integrates both global and local information to extract the final disparity map using a regression approach from the cost volume. This stepwise optimization method, progressing from global to local, effectively enhances the accuracy and robustness of stereo matching, resulting in high precision, high matching rates, and continuous, smooth disparity maps that improve measurement accuracy.




Figure 4 | PSM-Net structure.






2.3 3D reconstruction algorithm

After obtaining the camera parameters and the disparity map, the world coordinates of the pixel points can be inferred using the principle of triangulation. The schematic representation is illustrated in Figure 5, and the corresponding formula is given in Equation 1.




Figure 5 | Principle diagram of 3D reconstruction.



 

This leads to the formulation of Equation 2.

 

In this equation,   is the focal length and   is the baseline length, both calculated in Section 2.1. The disparity   has been determined in Section 2.2. With these parameters, the world coordinates of the pixel points   can be obtained.




2.4 Wave height and wave period algorithm

After the three-dimensional coordinates of the pixels have been acquired, selecting a measurement area. Then, computes the equation of the average sea level, and the distance from points to this plane is used to determine the height and period variations of the wave points. In this study, the calculation process for wave height and wave period is illustrated in Figure 6.




Figure 6 | Process diagram for calculating wave height and wave period.



The specific estimation steps are designed as follows:

	Read the three-dimensional reconstruction results of the current frame.

	Select n data points within the range of the water surface captured by the cam-era and compute the sea level equation.

	Set a distance threshold l, and calculate the distance from each point to the sea level. Points with a distance less than l are recorded as inliers.

	Repeat the experiment m times to identify the inlier set with the maximum number of inliers. Use the coordinates of these inliers to recalculate the sea level equation, which will serve as the current sea level equation. After obtaining the results, read the next frame.

	Repeat steps 1-4 for N sets of images to derive N sea level equations. Calculate the mean of the coefficients to obtain the average sea level equation.

	Compute the distance from each point in the N sets of images to the average sea level, which represents the wave height for those images. Calculate the mean of all wave heights to get the average wave height.

	Select M fixed points and record their height variations over time. Apply smoothing filtering to process the curves, and use the zero-crossing method to calculate the wave period from the smoothed curves. Compute the mean wave period from all points to obtain the average wave period.






2.5 Feature point matching algorithm

Stereo matching focuses on identifying corresponding points in the left and right views to obtain depth information. However, in this section, feature matching is used to find correspondences between features in consecutive frames of the same scene. By com-paring the descriptors of these feature points, similar regions or corresponding points in the images can be identified. These points are typically significant and unique, providing important information about the structure of the images.

Waves are typically irregular and nonlinear, with their shape, size, and direction continuously changing. Different sizes of waves contain various scale features. Feature matching algorithms can extract multi-scale feature points and accurately find correspondences between feature points, even in the presence of noise and partial occlusion, effectively addressing the complex variations of wave characteristics. Therefore, this study employs the SIFT feature point matching algorithm to detect key point information in consecutive frames and combines it with the results of 3D reconstruction to calculate wave direction. Compared to traditional methods such as template matching and phase-shifting techniques, this approach integrates 3D information, allowing for a more accurate capture of wave motion characteristics and enhancing the robustness and precision of wave direction prediction.

The steps of the SIFT algorithm are illustrated in Figure 7, which divides the over-all process into three main stages: feature point detection, feature description, and feature matching. The principle of feature point detection is based on the detection of extrema in the scale space. First, a scale space is constructed by applying Gaussian blur for multi-scale processing, resulting in a scale space pyramid. After constructing the Gaussian pyramid of the image, subtracting adjacent layers produces a Difference of Gaussian (DoG) pyramid. Next, extrema points are identified within the DoG pyramid, which serve as the feature points. Feature description involves mathematically characterizing these feature points by capturing their position, scale, and orientation in-formation, resulting in the generation of keypoint descriptors. Finally, the feature matching step is completed by comparing the sets of keypoint descriptors from the two images and matching corresponding keypoints.




Figure 7 | The steps of the SIFT algorithm.



To address the issue that using template matching can only provide the two-dimensional motion direction of waves and cannot comprehensively reflect their movement in three-dimensional space, this paper employs the SIFT algorithm to calculate the feature descriptors of each keypoint and perform matching. By accurately determining the two-dimensional movement of keypoints between consecutive frames and integrating this with the results from stereo matching and three-dimensional re-construction, the two-dimensional movement of keypoints is extended to three-dimensional movement. This allows for the calculation of the three-dimensional motion direction of the waves. The specific design is illustrated in Figure 8. This meth-od ingeniously combines depth learning-based stereo matching technology with feature matching techniques, effectively integrating the two-dimensional movement of feature points with the results of three-dimensional reconstruction to provide a com-prehensive analysis of wave movement, thereby significantly enhancing the accuracy and reliability of wave direction parameter measurements.




Figure 8 | Integrated design of PSM-Net and SIFT.






2.6 Wave direction estimation algorithm

Building on the design from the previous section, this study employs the SIFT method to process two consecutive frames of images, matching the keypoints between them and calculating their two-dimensional positional changes within the images. By integrating the results from the three-dimensional reconstruction, the three-dimensional coordinate changes of the keypoints can be inferred, enabling the calculation of wave direction. The detailed flow of wave direction computation is illustrated in Figure 9.




Figure 9 | Process diagram for calculating wave direction.



The specific estimation steps are designed as follows:

	Set the reference direction (typically North) as 0°.

	Use the SIFT algorithm to match feature points between the two images taken at different times and extract their two-dimensional coordinates.

	Convert the two-dimensional coordinates into the corresponding three-dimensional world coordinates using the calculations from Section 1.3.

	Subtract the old three-dimensional world coordinates from the new coordinates to obtain the displacement vector.

	Calculate the average displacement vector by taking the mean of the velocity vectors.

	Determine the azimuth of the average velocity vector to obtain the average wave direction at that moment.

	Repeat steps 2-4 for N sets of images until all time instances of wave direction are obtained, then calculate the mean to derive the average wave direction over this time period.







3 System development

The entire system consists of two main components: hardware and software. The hardware component includes the various hardware elements, while the software component encompasses the algorithm modules and their processing workflows. The following sections provide a detailed introduction to both components.



3.1 Hardware configuration

The overall composition of the system’s hardware is illustrated in Figure 10. The camera system consists of the Alvium G1-1236c camera paired with an LM6FC24M lens. The Alvium G1-1236c features a resolution of 4112 (H) × 3008 (V), providing high-resolution images that facilitate the capture of intricate details on the ocean sur-face, making it suitable for high-precision marine parameter collection. Compared to consumer-grade cameras, this camera offers advantages such as stable image trans-mission capabilities and high interference resistance, allowing it to operate reliably in complex environments. The LM6FC24M lens boasts a wide field of view, enabling coverage of a larger marine observation area. Its precision design effectively reduces im-age distortion while preserving color fidelity, making it well-suited for industrial ap-plications. The combination of these two components significantly enhances the over-all performance of the system.




Figure 10 | Hardware configuration of the system.



The camera is securely mounted using a tripod, a gimbal, and a stereo board. The tripod provides excellent support, ensuring stable camera operation under various conditions. The gimbal allows for precise adjustments and corrections of the camera’s angle and direction as needed. The stereo board facilitates quicker setup and adjustments, making it convenient and efficient to reposition the cameras. This entire mounting system effectively enhances the reliability of image acquisition, ensuring that the camera maintains a stable posture during the shooting process, thus allowing it to operate reliably in different environments. Finally, the system is equipped with a computer featuring a high-performance GPU for data processing, ensuring efficient handling of image data.




3.2 Software configuration

The overall module structure of the software is illustrated in Figure 11. The cam-era calibration module is responsible for image acquisition, calibration, and preprocessing, aiming to synchronize the left and right views of the same scene and transmit the image data to the computation unit. This module eliminates distortions in the im-ages and performs geometric correction based on calibration parameters to ensure the alignment of the left and right images.




Figure 11 | Software configuration of the system.



The stereo matching module calculates the disparity of each pixel in the left and right images, generating a disparity map to obtain depth information about the scene. The 3D reconstruction module utilizes the results from stereo matching to reconstruct the 3D information of each pixel, providing foundational data for subsequent analysis of the wave’s three-dimensional morphology. The wave height and wave period calculation module employs the results from the 3D reconstruction to calculate the wave height and wave period.

The feature matching algorithm is used to extract and match feature points in the front and rear frame images, identifying the positional changes of the waves at different time points and analyzing their dynamic characteristics. The wave direction calculation module combines feature matching and 3D reconstruction results to compute the wave direction.

These modules collaborate with each other to ultimately achieve the parameter calculation of the waves.

The software section is built in a coding environment that uses Python 3.7 or higher. The primary algorithm libraries utilized include Vmbpy for controlling the camera, OpenCV for image processing, PyTorch for establishing the stereo matching deep learning network, NumPy for scientific computing, Open3D for point cloud processing, Pandas for data manipulation, and Matplotlib for data visualization. These libraries collectively support the implementation of various algorithms required for the system’s functionality.





4 Wave simulation experiment design based on a six-degree-of-freedom plat-form

To verify the accuracy of the algorithms, this paper innovatively proposes a solution using a six-degree-of-freedom platform to simulate waves, addressing the issues of attenuation and the difficulty of simulating multi-directional waves commonly found in traditional wave tanks. The parameters of the six-degree-of-freedom platform are shown in Table 1. The overall plan is as follows: First, the six-degree-of-freedom plat-form is restored to the neutral position, serving as the average sea level. An object is placed on this level to simulate the cur-rent wave state, and the distance from the object to the average sea level is calculated and compared with the actual height to verify the accuracy of the average sea level and wave height algorithms. Next, the platform is returned to the mid-position, and a fixed periodic back-and-forth motion around the axis is set to simulate the cyclical fluctuations of waves. The computed period is compared with the set period to verify the accuracy of the wave period algorithm. Finally, the platform is again restored to the mid-position, and it is set to move in any direction to simulate the wave propagation direction. The computed wave direction is compared with the actual motion di-rection to validate the accuracy of the wave direction algorithm. Compared to traditional wave tanks, the six-degree-of-freedom platform can accurately simulate com-plex multi-directional wave movements, avoiding attenuation during motion and eliminating the high costs associated with wave tank devices, thereby providing a more economical and efficient solution for research.


Table 1 | Main technical parameters of the six-degree-of-freedom platform.



The platform setup is illustrated in Figure 12, where a support is used to fix the camera in a position that covers the entire motion area of the six-degree-of-freedom platform, which is connected to a computer for data processing. Objects are placed on the six-degree-of-freedom platform, and after capturing images, algorithms are used to calculate the platform’s motion parameters. By comparing these with the actual motion parameters, the accuracy and reliability of the 3D reconstruction algorithm and the wave parameter algorithm are evaluated.




Figure 12 | Platform setup.





4.1 Wave height and period experiment

In order to validate the effectiveness of the method proposed in this paper, a laboratory scene was chosen, where disparity maps were generated for both an initial flat plane and a plane with objects placed on it, using SGBM and PSM-Net trained with the Scene Flow dataset (Mayer et al., 2016). The height of the objects in relation to the initial plane was calculated and compared to the actual object heights to assess the accuracy and reliability of the 3D reconstruction and sea-level estimation algorithms. The disparity map generation results are shown in Figure 13, and the object heights calculated via 3D reconstruction using the camera parameters are presented in Table 2.




Figure 13 | Experimental results of height measurements. (A) Disparity Map of the Baseline Plane (SGBM), (B) Disparity Map of the Baseline Plane (PSM-Net), (C) Disparity Map of the Object (SGBM), (D) Disparity Map of the Object (PSM-Net).




Table 2 | Height measurement results of the six-degree-of-freedom platform.



The disparity maps show that, in comparison to traditional algorithms, the disparity maps generated by PSM-Net are more continuous and smoother, effectively avoiding the discontinuities often encountered in traditional methods. From the experimental results, it can be seen that the object height measured by the 3D reconstruction algorithm has an error within 2%, confirming the algorithm’s high accuracy in wave height measurement. PSM-Net, in particular, achieves higher precision, highlighting its advantages over conventional algorithms.

The six-degree-of-freedom platform is set to perform periodic reciprocating motion for 20 seconds, capturing a total of 201 images over 67 seconds at a rate of 3 frames per second. A target area is selected, and the average sea level equation is calculated. Seven random points within the selected area are chosen, and the distances from these points to the average plane are tracked, recording the height variations. The height data is converted into the time domain, and a curve graph is plotted. This curve is processed using smoothing filters. The time difference between two zero crossings is calculated using the zero-crossing method, yielding the wave period. The mean of the calculated periods is taken as the average motion period, which is then compared with the actual period to compute the system error. The selected target area, point locations, obtained disparity maps, curves, and the curves smoothed using the Savitzky-Golay filter are shown in Figure 14. The results are presented in Table 3.




Figure 14 | Experimental results of period measurements. (A) Randomly Selected Points in the Area, (B) Disparity Map of the Area, (C) Distance Variation over Time, (D) Smoothed Data.




Table 3 | Six-degree-of-freedom platform period measurement results.



The analysis of the data reveals that the errors in the periods measured by the period algorithm range from 0.55% to 4.00%. These results indicate that the period algorithm performs well in indoor experiments, demonstrating high accuracy and reliability.




4.2 Wave direction experiment

The initial position and motion trajectory parameters of the six-degree-of-freedom platform are set, with the reference direction defined as the positive y-axis of the plat-form. The calculations are carried out using the template matching algorithm, SIFT, and the proposed method. The computed results are compared to the actual motion parameters to assess the validity and effectiveness of the algorithm, proving the superiority of the method used in this paper. Figure 15 shows the matched points obtained by SIFT and the matching results from the template matching algorithm. The experimental results are summarized in Table 4.




Figure 15 | Experimental results of direction measurements. (A) Move Along the Positive Y-Axis (SIFT), (B) Move Along the Positive Y-Axis (Template Matching), (C) Move Along the Negative Y-Axis (SIFT), (D) Move Along the Negative Y-Axis (Template Matching), (E) Move Along the Positive X-Axis (SIFT), (F) Move Along the Positive X-Axis (Template Matching), (G) Move Along the Negative X-axis (SIFT), (H) Move Along the Negative X-axis (Template Matching).




Table 4 | Comparison of wave direction measurement results on the six-degree-of-freedom platform.



The experimental results shown in Figure 15 and the data in Table 4 clearly indicate that the proposed method has a significant advantage in the accuracy of wave direction calculation, especially when there is a change in the depth (X-axis) of the six-degree-of-freedom platform. The results demonstrate that the proposed method maintains higher accuracy during platform depth adjustments or in complex motion scenarios. Future research could further explore the algorithm’s applicability in more complex environments, aiming to promote its application and development in real-world engineering.





5 Conclusions

This paper presents a method for calculating wave parameters using the principles of binocular vision. To address the issues of discontinuity in disparity maps and insufficient accuracy generated by traditional stereo matching methods, this study proposes the use of the PSM-Net, based on deep learning, for stereo matching to obtain high-precision depth maps and enhance overall accuracy. To overcome the limitation of template matching in providing only the two-dimensional motion direction of waves and failing to comprehensively reflect their movement in three-dimensional space, this study introduces the use of the SIFT algorithm in conjunction with stereo matching and three-dimensional reconstruction results to analyze the changes in the three-dimensional coordinates of feature points, thereby inferring the three-dimensional motion direction of the waves. To tackle the high cost and difficulty of simulating multi-directional waves with traditional wave flumes, this paper pro-poses replacing the flume with a six-degree-of-freedom platform to simulate wave motion. Experimental data analysis indicates that the algorithm can accurately estimate wave parameters simulated by the six-degree-of-freedom platform, yielding results with a maximum wave height error of <5%, a maximum period error of <4%, and a wave direction error of <2°, demonstrating high reliability. The successful experiments conducted in the indoor six-degree-of-freedom platform showcase its potential for re-al-world applications, providing a solid foundation for further research and development of binocular vision-based wave parameter measurement technology.

Although this study has achieved preliminary results, there are still several areas that require further exploration and improvement. Firstly, the current methods primarily focus on indoor wave simulation. While the six-degree-of-freedom platform experiment effectively simulates certain wave motion scenarios, real-world marine observations often face challenges such as adverse weather conditions, which can degrade camera image quality and affect image processing algorithms. Additionally, although the proposed method demonstrates high accuracy, real-time processing of stereo images remains a challenge in large-scale marine environments. Future work could focus on improving real-time wave parameter estimation through hardware acceleration or algorithm optimization. In conclusion, this research offers an effective solution for wave parameter measurement, yet there is significant potential for further development to enable broader application in real-world conditions.
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