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The energy distribution of the far-field spot is uneven, and the background is complex. Therefore, the identification of far-field points and the positioning of the centre are difficult. This article proposes an algorithm for multi-scale Gaussian cyclic convolution for locating the centre of far-field spots. First, wavelet denoising is performed on the image of multiple far-field spots, and the images of adjacent frames are subtracted. Then, the absolute values of the differences are added. Due to the large size of the far-field spot, the Gaussian distribution of the laser energy is not obvious. Therefore, a multi-scale Gaussian convolution kernel is used to perform circular convolution on these images. To preserve low-scale Gaussian features, features are spliced between two convolutions. In this article, we also design multi-angle combination filters to filter the enhanced Gaussian distribution features. Finally, curved polynomials are fitted to the reconstructed Gaussian energy distribution to obtain the maximum value; at this point, the position where the maximum value lies is the centre of the far-field spot. The experiments showed that this method has better robustness.
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1 INTRODUCTION
The classic laser spot centre positioning methods include the Hough transform method [1], the circular fitting method [2], and the grey-scale centroid [3]. The aforementioned methods have some shortcomings in terms of positioning accuracy, computational complexity, and robustness. The Hough transform method requires a large amount of computation. The circular fitting method requires high integrity of far-field spots. The grey-scale centroid method is susceptible to the uniformity of the digital number (DN) value. Therefore, there is a need to devise more advanced algorithms for laser spot centre localisation.
To be specific, Zhou et al. used iterative thresholding for coarse localisation, followed by interpolation, to achieve the positioning of sub-pixels in the centre of the spot [4]. Liu et al. proposed a curve-fitting algorithm that was introduced to improve the positioning accuracy of the laser spot centre based on the centroid method, but the algorithm is only suitable for images that conform to the Gaussian distribution. Liu, Z. R., et al. proposed laser spot centre localisation accuracy, but the algorithm is only suitable for the case where the grey scale of the spot image conforms to a Gaussian distribution [5]. Zhang et al. proposed an algorithm for laser spot localisation based on a weighted interpolation algorithm; the principle is to use weighted processing for spot positioning, which not only improves the accuracy and stability of the positioning but also provides accurate positioning to the edge of the spot. However, the algorithm is computationally complex and susceptible to saturated image elements within the speckle [6]. Thomas et al. propose a simple approach for the estimation of the circular arc centre and its radius [7], which can be used for laser spot centring. The aforementioned algorithm relies on the image of the ideal spots.
In our study, we found that the far-field spot has a weak Gaussian distribution at multiple scales but not at other locations in the image [8]. To enhance this feature, a multi-scale convolution kernel is used to perform cyclic convolution on the image. Then, features are spliced between two convolutions. The presence of low-scale Gaussian features results in the high-scale convolutions. Finally, the binomials of the results are fitted to the Gaussian distribution; at this point, the position where the global maximum value lies is the coordinate of the centre point.
2 THEORETICAL ANALYSIS
2.1 Model for the energy distribution of laser beams
The energy distribution of laser beams has multiple stable modes, including fundamental and higher-order modes. The fundamental mode is the ideal Gaussian beam, which is usually represented as a plane wave, denoted by [image: image]. As shown in Figure 1A, red indicates the distribution points with high intensity, and blue indicates the spatial distribution of weak intensity; most of the energy is concentrated near the propagation axis to form an Airy spot [9]. The Gaussian beam is represented as the plane wave when [image: image] is equal to a constant. As shown in Figure 1B, the amplitude of the light field decreases gradually from the propagation axis to the edge as a Gaussian function [image: image]. When the amplitude is reduced to a central value of [image: image], [image: image] is defined as the radius of the spot. Therefore, the amplitude of the optical field A of a Gaussian beam at a certain cross section is expressed as follows:
[image: image]
[image: Figure 1]FIGURE 1 | Light intensity distribution of an ideal Gaussian beam. (A) Spatial distribution of laser light intensity. (B) Gaussian normal distribution model.
In the formula, [image: image] is the distance from the centre of the spot. The energy of the laser, [image: image], is expressed as
[image: image]
Due to the long distance of the far-field spot, the following effects can occur.
2.1.1 Light spot drift
Due to the long distance of the far-field spot, there is an effect on the beam propagation, resulting in a certain change in the direction of propagation and a consequent change in the position of the spot. The effect on the beam is manifested in several ways, and the spot drift effect refers to the change in the spatial position of the spot. Furthermore, with time, the spot drift exhibits a certain superposition effect, which is the beam expansion. The effects of this phenomenon must be taken into account in applications such as optical tracking systems and targeted designs should be created.
2.1.2 Beam extension
Based on the previous analysis, it is clear that the superposition effect of spot drift over time creates a beam expansion. This results in a beam drift phenomenon, which means that the beam after passing through the medium has changed, resulting in an increase in the spot size trend. When beam expansion occurs, the spot size increases and the light intensity at the centre is reduced [10].
2.1.3 Intensity fluctuations of the laser
The transmission of the laser light over long distances is subjected to laser undulation, which is the random undulation of the laser. Affected by the light beam, scattering and other phenomena occur in the medium, resulting in continuous changes in the intensity of the receiving surface. This is known as the intensity fluctuations of the laser [11].
The aforementioned effects weaken the Gaussian characteristics of the laser spot, as shown in Figure 2.
[image: Figure 2]FIGURE 2 | Effect of the unprocessed far-field spot image.
2.2 Image pre-processing
2.2.1 Wavelet denoising
In this article, wavelet denoising is used to denoise the captured images to eliminate the effect of noise on positioning accuracy [12]. We believe that suppressing the high-frequency noise of the speckle helps resolve the inhomogeneity of the far-field spot and improve the accuracy of speckle image segmentation [13, 14]. The process can be expressed as shown in Figure 3. After image wavelet decomposition, the image noise is reflected in the high-frequency components, and the absolute value of the wavelet coefficient is small; however, the part with uniform laser energy is reflected in the high-frequency component, and the wavelet coefficient is large [15]. According to the idea of wavelet threshold denoising proposed by Johnstone, when the wavelet coefficient is less than a certain threshold, it is considered to be mainly noise components, and the part larger than the threshold is retained.
[image: Figure 3]FIGURE 3 | Diagrams of the orthogonal wavelet transform.
2.2.2 Background removal
Background removal is required for far-field spot images after wavelet denoising. Figure 4 represents the background removal process. Two adjacent frame images are subtracted, and the absolute value is calculated. Due to the frequency of the laser, there are four cases of adjacent frames: no laser spot in both frames; a laser spot in both preceding and following frames; a laser spot in the preceding frame and no laser spot in the following frame; and no laser spot in the preceding frame and a laser spot in the following frame. In the first and second cases, image subtraction results in zero, while in the third and fourth cases, image subtraction of the laser spot energy can be retained; however, the former has positive laser spot pixels and the latter has negative laser spot pixels. Finally, the spot pixels are unified to obtain a positive value by calculating the absolute value.
[image: Figure 4]FIGURE 4 | Background removal results.
2.3 Gaussian kernel
Due to the Gaussian nature of the laser, a two-dimensional Gaussian kernel needs to be selected to convolve the image. A one-dimensional Gaussian kernel can be obtained by solving the following equation.
The one-dimensional Gaussian kernel function is defined by
[image: image]
where [image: image] is the mean of [image: image] and [image: image] is the variance of [image: image]. Because when calculating the average, the centre point is the origin and [image: image] is equal to 0 by default, which then provides the following equation:
[image: image]
A two-dimensional Gaussian can then be derived as follows:
[image: image]
The value of [image: image] in the formula determines the width of the resulting Gaussian convolution kernel. The larger the value of [image: image], the wider the graph, the smaller the spikes, and the flatter the graph; the smaller the value of [image: image], the narrower and more concentrated the graph, the larger the spikes, and the more dramatic the graph changes. To ensure consistency in the transformation of images at different sizes in the Gaussian kernel, the value of [image: image] can be calculated using the following formula:
[image: image]
Figure 5 shows images of Gaussian kernels of different sizes according to the function.
[image: Figure 5]FIGURE 5 | Gaussian kernels of different sizes. (A) shows the Gaussian kernel generated by ksize/2, (B) shows the Gaussian kernel generated by ksize/4, (C) shows the Gaussian kernel generated by ksize/6, (D) shows the Gaussian kernel generated by ksize/8, (E) shows the Gaussian kernel generated by ksize/10, and (F) shows the Gaussian kernel generated by the function, which is the Gaussian kernel that best meets the algorithm’s needs.
2.4 Multi-scale Gaussian cyclic convolution
Deeper features in images rely heavily on convolution for extraction [16, 17]. The laser spot features in the pre-processed image are submerged in the background, which are still not extracted and localised, so a multi-scale Gaussian convolution is designed to suppress the background features and highlight the laser spot features. The structure diagram is as follows:
In this article, the Gaussian characteristics of the laser are combined with the choice of using multiple Gaussian convolution kernels of different sizes, i.e., weight matrices, to obtain the convolution feature results at different scales, and then all the feature results are normalised to finally extract the Gaussian features of the light spot image.
Figure 6 shows the effect of the image after multi-scale circular convolution. From the figure, it can be seen that the original image has no obvious spot features; the spot features are enhanced by 3 times of circular convolution, but the difference in the surrounding background is small; the Gaussian features in the spot area are more obvious by 6 times of circular convolution; and the difference between the Gaussian features of the spot and the surrounding Gaussian distribution can be clearly observed by 8 times of circular convolution and above. More detail of the source image is retained in the high-frequency features [18]. The multi-scale cyclic convolution method can effectively enhance the Gaussian characteristics of the spot and improve its distinctness.
[image: Figure 6]FIGURE 6 | Multi-scale Gaussian convolution before and after comparison and its histogram. Plot (A) represents the result of looping the convolution 1 time, plot (B) represents the result of looping 3 times, plot (C) represents the result of looping 5 times 5 times, and plot (D) represents the result of looping 7 times.
Gaussian features in the spot region are significantly improved after multi-scale cyclic convolution, and the background detail information in the darker regions of the spot image is improved, but the search for locating the centre of the spot requires the removal of information such as background detail that interferes with the experimental results. To solve this problem, a multi-angle-based combination filter is proposed to extract contour information and that information is subtracted from each iteration of the cycle. The rotation matrix [image: image] is used to construct the kernel function for the [image: image]th angle. Let [image: image] be the rotation angle of the kernel function; then, the rotation matrix A for the [image: image] th angle is as follows:
[image: image]
If [image: image] is a point on the kernel function under the coordinate system, the point [image: image] at the [image: image]th angle [image: image] coordinate after the rotation process is as follows:
[image: image]
In order to uniformly filter the spot background while extracting contour and detail information from the image, i.e., if the response of the background region (i.e., non-contour and detail information) after stencil filtering is zero, the filter kernel function [image: image] for the [image: image]th angle is defined as follows:
[image: image]
where a is the weight and b belongs to the neighbourhood. [image: image]; [image: image] is the number of grey values in the neighbourhood [image: image] at the [image: image]th angle; [image: image] is rounded; [image: image] is the [image: image] operator, which is used to extract the background detail information of each angle of the image [19].
Figure 7 shows the images and feature histograms before and after the multi-angle-based filter combined with multi-scale circular convolution processing. The comparison shows that the spot features are more pronounced after processing than before processing.
[image: Figure 7]FIGURE 7 | Image histograms and features before and after multi-angle combination filter processing.
The contrast of the laser spot image is significantly improved by comparison with the multi-angle-based combination filter. The background of the image is filtered out, while the Gaussian characteristics of the laser spot are enhanced.
3 VERIFICATION OF THE ACCURACY OF THE CENTRAL POSITIONING ALGORITHM
3.1 Selection of evaluation indicators
Commonly evaluated metrics for laser spot-centring algorithms are repeatability verification and accuracy verification. Repeatability means that the spot is photographed and measured several times in the same position with a stable far-field spot, and the individual measurements are analysed in comparison with the maximum difference between the average values of the measurements. Accuracy is the difference between the measured value of the laser position coordinates and the true value [20]. In practice, however, it is not possible to know the definitive true value of the laser position coordinates, so straightness is used to evaluate the accuracy of the positioning algorithm. When the laser beam moves along a certain straight line, the movement of the spot centre coordinates must be a straight line, and the straightness of the fitted line is chosen as the evaluation index. The smaller the straightness, the better the accuracy of the positioning algorithm.
3.2 Repetitive experimental results
Eight randomly selected far-field spot images with different noises added were taken at the same location, and the spot centre should remain the same. The effect of the spot after the algorithm is shown in Figure 8.
[image: Figure 8]FIGURE 8 | Corresponding light spot effect after adding different noise images and algorithm processing, (A–F) images with speckle noise added for (0.02, 0.04, 0.06, 0.08, 0.1, 0.12 noise parameters, respectively).
The coordinates of the spot centres calculated by several positioning algorithms are shown in Table 1.
TABLE 1 | Coordinates of spot centres calculated by several positioning algorithms.
[image: Table 1]The comparison results show that the standard deviation of the algorithm proposed in this paper is smaller, and its stability and accuracy are higher than those of other classical algorithms.
3.3 Accuracy experiment results
The far-field spot image is panned to obtain five frames, and the same level of noise is added. As only horizontal panning is performed, the spot centre coordinates should only change on the y-axis. The results of the far-field spot panning and positioning are shown in Figure 9.
When moving in the horizontal direction, the centre of the extracted spot must also be a straight line in the vertical direction, and the straightness of this line is used as a criterion to evaluate the accuracy of the localisation algorithm. Figure 9 shows the straightness results for several localisation algorithms at different step sizes.
[image: Figure 9]FIGURE 9 | Far-field spot translation and positioning results. The (A–E) image represents the image after moving 20, 40, 60, 80, 100 units to the X-axis respectively.
The results of each algorithm were linearly fitted, and the results of the fit are shown in Figure 10A. The three coloured lines in the figure indicate the fitting results for several algorithms in the horizontal direction. Figure 10B shows the fit results for several algorithms in the horizontal direction.
[image: Figure 10]FIGURE 10 | Centre coordinate connections calculated by several algorithms. (A) represents a graph of the effect of several light-point localisation algorithms after panning the image, (B) represents a line graph of the variation of several light-point localisation algorithms on the Y-axis after panning the image.
From the aforementioned data, it is intuitively clear that our method is the best fit, meaning that each coordinate is very close to the trajectory of the motion, which matches the trajectory of the laser. The Hough transform method is the second most effective method, with coordinates that are essentially identical to the trajectory of the motion, and the residual sum of squares in the circular fitting method transformation is the largest.
4 CONCLUSION
The main research in this paper is an algorithm based on multi-scale Gaussian convolution for locating the centre of the far-field spot. To improve the accuracy of the segmentation, several methods are proposed in this paper. First, wavelet denoising is performed on images of multiple far-field spots, and the images of adjacent frames are subtracted. Second, due to the large size of the far-field spots, the Gaussian distribution of the laser energy is not obvious, so a multi-scale Gaussian convolution kernel is used to perform circular convolution on the denoised images. We also designed a multi-angle-based combination filter to filter the enhanced Gaussian distribution features. Finally, a bending polynomial is fitted to the reconstructed Gaussian energy distribution to obtain the maximum value; i.e., the location where the maximum value lies is the centre of the far-field point. In this article, three classical algorithms are chosen for comparison, and the proposed algorithm is more stable and accurate than the other three classical algorithms. Thus, the algorithm in this paper demonstrates that a laser point centre localisation algorithm based on multi-scale Gaussian convolution can be applied to the detection of far-field spot centres.
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