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Abstract

:

High-voltage power cables are crucial to the normal operation of all electrical equipment. The insulation surrounding these cables is subject to faults. The traditional methods for detecting cable insulation characteristics primarily focus on breakdown performance tests. However, the measurement precision is low, the risk coefficient is high, and the test cost is high. Additionally, it is difficult to precisely pinpoint high-voltage cable faults. Therefore, in this study, a method for inspecting high-voltage cable faults using infrared stereoscopic vision is proposed. This method enables non-contact remote safety measurements to be conducted. For a limited lens angle in an infrared camera, an area matching stitching method that incorporates feature point matching is developed. The key technologies for three-dimensional (3D) point cloud stitching include feature point extraction and image matching. To address the problem of the Harris algorithm not having scale invariance, Gaussian multi-scale transform parameters were added to the algorithm. During the matching process, a random sampling consistency algorithm is used to eliminate incorrect pairs of matching points. Subsequently, a 3D point cloud stitching experiment on infrared cable images was conducted. The feasibility of the stitching algorithm was verified through qualitative and quantitative analyses of the experimental results. Based on the mechanism by which thermal breakdowns occur, a method for detecting anomalous temperatures in cables is developed based on infrared stereoscopic vision. In this manuscript, the infrared technique, 3D point cloud stitching, and cables inspection are combined for the first time. The detection precision is high, which contributes to the development of high-voltage electrical equipment nondestructive testing.
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1. Introduction


With the implementation of smart-grid projects, industrial electricity has been vigorously developed worldwide [1,2]. Currently, the three major characteristics of electricity transmission are its long range, high capacity, and low loss [3]. These are also used to evaluate the electric power industry level in a given country [4]. High-voltage transmission is a key component of power operations, and the insulation characteristics of high-voltage cables directly determine the operating efficiency of electric power systems [5]. During the operation of electric power equipment, cable insulation breakdowns can have serious consequences. To ensure the normal operation of power systems, cable insulation safety must first be guaranteed [6]. However, the cable installation position is high, which requires testing personnel to attend to them. In addition, modern insulation materials do not exhibit significant temperature changes. Thus, in daily maintenance, the testing personnel cannot easily detect them [7,8]. If the insulation breaks down under normal conditions, then the points at which this occurs are small and difficult to distinguish. The most frequently used tools for measuring the temperatures of the cable surfaces are infrared thermometers [9]. However, their measurement precision is low and their security risk is higher. In contrast, using infrared stereoscopic vision to detect anomalous temperatures is a safe and effective method.



The operating principle of infrared stereoscopic vision is based on the fact that different surface temperatures produce infrared rays with different intensities [10]. According to the conversion of analog electronic signals in infrared cameras, different infrared images are shown, which contribute to follow-up testing. Infrared stereoscopic vision has many advantages, such as a high measurement efficiency, wide detection range, non-contact detection, and high safety factor. Therefore, infrared stereoscopic vision technology is widely used for the thermal detection of power equipment [11,12]. In the 1980s, the Luxtron Corporation in the USA developed a fluorescence fiber-optic colorimeter that could measure the surface temperature of high-voltage equipment, such as transformers, in real time. In addition, many electricity companies in Europe have developed a complete range of infrared detection standards for power equipment [13,14]. NDC Infrared Engineering in the USA has proposed that infrared thermal imagers can replace thermometers for power equipment detection [15,16]. Infrared thermal imagers offer the advantages of a wide detection range and low error rate, which improves the work efficiency [17]. High-voltage cables are commonly researched in infrared imaging technology because of the height of the transmission lines and their complex external environments. However, because of the angles involved, the working conditions of a long-distance cable cannot be displayed completely by a single image using traditional infrared detection technology [18,19]. The principle of 3D point cloud stitching is integrating the point cloud coordinates in all local coordinate systems to the same coordinate system. Hence, by combining infrared detection technology with image stitching technology, the working conditions of an entire high-voltage cable can be determined, enabling anomalous temperature detection to be more efficient.



Based on the above considerations, in this study, an infrared camera was used in place of a thermometer for measuring the temperature of high-voltage cables via infrared images [20,21]. Based on the infrared color depth, the cable surface temperature was obtained using the built-in function of the infrared camera. According to stereoscopic vision detection technology, the infrared cable images captured from multiple angles were combined to form a three-dimensional reconstruction [22,23]. Image stitching technology was used to restore the complete morphological characteristics of the tested cables [24]. Using the stitched images, the exact locations of the cable temperature anomalies were accurately located. If a cable malfunction occurs, the points at which the cable breaks down will be small and difficult to distinguish. Nevertheless, these points can be investigated using the previously detected anomalous temperatures [25,26]. In addition, the search range was decreased, which improved the detection efficiency of the cable breakdown points. These points can then be rectified using cable maintenance techniques, such as cold-shrinkage cable joint connections [27,28]. Furthermore, a series resonance power supply device (PSU) was built. For the infrared stereoscopic vision detection experiment, the cables were made of three typical insulation materials: pure low-density polyethylene (LDPE), nano-ZnO/LDPE, and nano-methylcyclopentadienyl manganese tricarbonyl (MMT)/LDPE. After electrification, the temperature anomalies in the high-voltage cables were accurately located, which demonstrates the method’s enhanced efficiency in cable temperature anomaly detection and maintenance.



The rest of this paper is organized as follows. Section 2 describes the key technology used to stitch infrared cable images. Section 3 explains the infrared stereo vision technique used to detect cable breakdown points. Finally, Section 4 contains the conclusions.




2. Key Stitching Technology of Infrared Cable Images


When a cable’s working condition is detected by an infrared camera, the restrictions inherent in the camera lens prevent the cable from being imaged at every angle in a single shot [29]. Instead, each three-dimensional (3D) measurement is processed by point cloud stitching, from which the complete image of the tested cable is restored. In this study, a stitching method with high stitching accuracy, fast speed, and easy calculation is proposed based on cable measurement characteristics. This method significantly improved the stitching efficiency of the infrared cable images.



2.1. Infrared Camera Calibration Experiment


In this study, the calibration experiment conducted on the infrared camera was based on Zhang’s calibration method, which incorporates corner subpixel-level extraction. Binocular stereo vision was selected as the camera measurement model. From Zhang’s self-calibration, the calibration template is taken from multiple angles. In the case of a stationary camera, the angles of calibration template can be changed optionally. In the calibration experiment, the internal reference of the infrared camera is a fixed quantity. The external reference is a variation. These references can be calculated by Equation (1).
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In Equation (1), M is the 3 × 4 order matrix combined by M1 and M2. M1 is the internal reference matrix of the infrared camera. This matrix relates to the structural parameters of the infrared camera, including αx, αy, u0, and v0. M2 is the external reference matrix of the infrared camera, which relates to the infrared camera external position in the measurement system. The external reference includes rotation matrix R and translation vector T. The essence of camera calibration is to calculate all internal and external references of the camera.



In this experiment, calibration board images were acquired using two infrared cameras, each of which captured 20 images. The calibration board had a hollow checkerboard pattern. During image acquisition, the calibration template was placed close to the heater tube. The temperatures in the hollowed-out and non-hollowed-out areas of the calibration board differed, and an obvious chromatic aberration was observed. When the infrared images were converted to grayscale images, the maximum values of the grayscale change were used as feature points. The infrared cameras were kept at consistent positions in the optical guideway. Subsequently, the location of the calibration board was changed. The experimental results were accurately calculated using the calibration toolbox in the MATLAB 2022 software package.



The process used to calibrate the infrared cameras was as follows.



	(1)

	
Data initialization. The memory space was partitioned (including the memory space for feature point coordinates and the calibration parameters of the infrared camera).




	(2)

	
Determination of corner point locations. Each infrared camera obtained 20 images at different angles. During the feature point extraction process, if the detection was successful, a nonzero result was returned, and the data for the feature points were stored. If the detection failed, zero was returned, and the program displayed an error and ended. Eighteen feature points were extracted from each calibration board.




	(3)

	
Feature point extraction. Feature points at the subpixel level were extracted.




	(4)

	
Coordinate storage. After the feature points at the subpixel level were extracted, the coordinate information was stored in the memory space.




	(5)

	
The image and spatial coordinate points were substituted into the linear constraint conditions. The intrinsic and extrinsic parameters of the infrared camera were calculated using the Zhang calibration method.




	(6)

	
Measurement error. The tested 3D space coordinates of one feature point were converted and the corresponding coordinates in the dimensional images were obtained. These data were then compared to the actual coordinates in the dimensional images.







The feature point extraction results obtained from the infrared camera calibration experiment are shown in Figure 1.



The parameter calculation results for the two infrared cameras were as follows. First, the parameter calculation results for the infrared camera on the left side of the optical axis were


   A 1  =       1668.58    0    191.20      0    1617.74     143.64      0   0   1       



(2)






   T 1  =       − 110.99     − 35.89     1231.62        



(3)







The parameter calculation results for the infrared camera on the right side of the optical axis were


   A 2  =       1494.22    0    191.64      0    1476.59     144.56      0   0   1       



(4)






   R 2  =       − 0.011231     0.987524     − 0.043275       0.999889     0.010521     − 0.022417       − 0.010137     − 0.113217     − 0.989421        



(5)






   T 2  =       − 245.69     − 58.36     1194.45        



(6)







After calibration, the average error projection was used to evaluate the accuracy of the calibration results. The average error projections of the feature points are shown in Figure 2. The average calibration parameter errors of the two infrared cameras were 0.13617 and 0.13751 pixel, respectively. The measurement accuracy of this method was 17% and 11% higher than those of the direct linear method and Tsai’s two-step method [30], respectively.




2.2. Feature Point Detection Based on Multi-Scale Harris Operator


Corners, curvature maximum points, and line intersections are frequently used as feature points [31]. Because the tested cable surfaces were smooth and their appearances were homogeneous, the corners were selected for feature point extraction from the cable images. There are three common operators for extracting corners from 3D images: the Susan, Harris, and Moravec operators [32]. The corners extracted by the Susan operator had no obvious effect on the noise, and the detection accuracy was high. However, this algorithm is complex and its calculation time is long. The algorithm for extracting corners using the Moravec operator is simple and fast. However, it is easily affected by noise and its detection accuracy is low. The algorithm for extracting corners using the Harris operator is relatively simple and fast, and the extracted corners are uniformly distributed. Additionally, the corner quality is high, which can eliminate interference such as rotation and illumination. The corner extraction can also achieve accuracy at the subpixel level.



In this study, the corners of the infrared cable images were extracted using the Harris operator. If the gray value of one point varied widely from that of other nearby points, this point could be set as a corner [33]. The corners extracted by the Harris operator are expressed by


  R = det  C  − k t  r 2   C   



(7)




where


  C  x  =      I u 2   x             I  u v      x       I  u v      x             I v 2   x       



(8)




  det ( C )   and   t  r 2  ( C )   are the determinant and trace of the matrix   C ( x )  , respectively;    I u  ( x )   and    I v  ( x )   are the image point partial derivatives in  u  and  v  directions, respectively;    I  u v   ( x )   is a secondary mixed partial derivative; and  k  is an empirical constant in the range 0.04–0.06. Next, a threshold  T  is set. If   R > T  , this image point is extracted as a corner.



During the cable image stitching experiment, images of the tested cables were captured at different angles because the Harris operator does not exhibit scale invariance. However, the algorithm is sensitive to scaling and the rate at which the feature points are repeated is low, which is not suitable for image-matching experiments on infrared cables. To solve this problem, Gaussian multi-scale transform parameters were added to the Harris algorithm. The concrete steps used to extract the corners were as follows.



Gaussian multi-scale transform parameters were added to the infrared images. Next, a scale space was built. The extreme values in the local area were randomly selected. If the extreme value was higher than the set threshold, it was used as the original selection point.



The partial derivatives in the u- and v-directions of the original selection point were handled by a convolution operation with a Gaussian convolutional kernel (with a standard deviation of   s  σ n   ), which is expressed by


       I u    x , s  σ n    = I  x  ∗  G u    x , s  σ n         I v    x , s  σ n    = I  x  ∗  G v    x , s  σ n         



(9)




where s is a constant greater than one, and    G u    and    G v    are the Gaussian convolutional kernel of the partial derivatives in the u- and v-directions, respectively.



The matrix   C  x    in the Harris operator is given by


  C   x ,  σ 1  ,  σ D    =  σ D 2  G    σ 1    ∗      I u 2    x ,  σ D             I  u v     x ,  σ D         I  u v     x ,  σ D           I v 2    x ,  σ D         



(10)




where    σ 1    and    σ D    represent the scaling parameter and differential scale, respectively;    σ 1  =  σ D  = s  σ n   ; and   G    σ 1      is a Gaussian function.



Comparing the values of R and T, the corners under the scale of    σ n    were calculated. Because all the cable surfaces were similar, the corners easily aggregated and dispersed unevenly. In this study, adjacent points were eliminated for corner extraction. A   3 × 3   pixel search area was used to extract the corners. If there was more than one corner within this area, the R values of these corners were compared. The corner with the maximum R value was the final corner selected. Examples of 3D stereoscopic infrared images of two adjacent cables are shown in Figure 3.



The experimental corner extraction results obtained using the multi-scale Harris operator are shown in Figure 4. According to the qualitative analysis, the corner extraction in the 3D stereoscopic infrared images of the cables was complete. Thus, the detection efficiency was excellent.




2.3. Stitching Method Combining Area Matching and Feature Points Matching


Common image stitching methods can be categorized as one of two types. One is based on area matching and the other is based on feature point matching. For area matching, the common areas between two stitching images are used as the reference template from which similar regions in the two stitching images are identified. This method is easy to implement and its matching speed is high. However, it is affected by illumination and rotation. There are many similar regions in infrared cable images. The random selection template block causes a significant matching error, which affects the stitching precision. In feature point matching, the feature is extracted primarily from a common area. First, the two stitched images are subjected to feature matching. Subsequently, the transformation relationship between the two images is calculated. These features can be classified as points, edges, and surfaces. Image matching based on feature point gray value changes is the most common method, as it involves simple calculations, its operational speed is high, and it is insensitive to changes in illumination. In 3D infrared cable images, each point is similar, and a mismatch between the feature points can occur. In summary, the two commonly used stitching methods exhibit disadvantages during the stitching process and do not satisfy the requirements of high-accuracy infrared cable image stitching experiments.



Using the characteristics of 3D point cloud stitching of infrared cable images, this study proposes an improved algorithm that combines area matching with feature point matching. The stitching process of this algorithm is illustrated in Figure 5.



The steps of this algorithm are summarized as follows. First, the feature points in the area common to two adjacent images are extracted. Subsequently, in one image, a template block with a suitable number of feature points is selected. In the other images, the common area is searched. Based on the principle of area matching, the matching block corresponding to the template block is determined and set as the initial matching value. According to the gray values of the image feature points, all feature points in the common area are matched accurately, after which the image stitching experiment is completed.




2.4. Area Matching of Feature Points


A model of the feature point area matching is shown in Figure 6. The common areas in the two stitched images are shown as shaded areas. In Figure 6a, the matching area is represented by the template block M. An adjacent image is shown in Figure 6b, in which the search area is represented as S. In the search area, a block of the same size as the template block M is shown, which is represented as    S j   . By comparing the feature similarity between M and    S j   , the accurate matching position in the search areas can be determined.



The concrete steps used in the feature point area matching process were as follows.



	(1)

	
In one tested image, the matching block range in the common area was set according to the feature point distribution characteristics in the stitching common area. The size of the matching block was determined based on the feature point arrangement density. An excessively large matching block affected the matching speed, and an excessively small matching block decreased the matching precision. Therefore, selecting an appropriately sized matching block was important. Under normal conditions, the number of matching blocks was set as an odd number. In general, there were 3–9 feature points in each matching block. Next, the feature point quantity N in the matching block, the value R in each feature point, and their exact locations were recorded accurately.




	(2)

	
The search range was limited to the common area of the matching images. During image acquisition, the movement of the two matching images was accurately recorded using a binocular vision-measuring instrument. The search range was determined from this movement, which decreased the computation time to a certain extent.




	(3)

	
The corresponding matching block was searched in other tested images, and the test results were validated. The feature point quantity N in the matching block was compared to the feature point quantity Ni in the search area of the other tested images. Then, a threshold  T  was set. If    N i  − N ≥ T  , the matching block area detected errors, and matching block detection must be performed. If    N i  − N ≤ T  , the test results must be verified further. In the matching blocks of the two areas, the feature point quantity and R value of each feature point were compared. When the information was identical, the search range was successfully matched.







After area matching, the matching speed of the 3D infrared cable image was boosted, which satisfied industrial measurement demands. The feature point area matching results for the 3D stereoscopic infrared cable images are shown in Figure 7. There are three feature points in the matching block.




2.5. Exact Matching of Feature Points


After the area matching of the feature points, the matching positions of the two images were generally determined. For the exact matching of the feature points, all feature points in the matching block were matched individually, through which the exact location of the image stitching was located. The exact matching of the feature points was then realized.



In this study, the normalized cross-correlation (NCC) method was used for exact feature point matching. In this method, image matching was based on the gray value similarity between feature point neighborhood pixels. This method is insensitive to brightness changes and satisfies the demands of image stitching at different angles.



In the matching block, one of the feature points was randomly selected as the center point. In its neighborhood, a     2 N + 1   ×   2 M + 1     detection window was defined, where  N  and  M  are constants. Then, the feature points in the matching block were matched one by one. In one image, the feature point was p1 and its neighborhood detection window was W1. In the other image, the feature point was p2 and its neighborhood detection window was W2. The two window sizes were equal. The average gray values of the two windows were u1 and u2, and      x 1  ,  y 1      and      x 2  ,  y 2      were the image coordinates of the two feature points. The NCC is expressed as


  N C C =    ∑    W 1     x 1  ,  y 1    −  u 1       W 2     x 1  ,  y 1    −  u 2        ∑      W 1     x 1  ,  y 1    −  u 1     2   ∑       W 2     x 1  ,  y 1    −  u 2     2          



(11)







The single feature point with the maximum correlation coefficient was the matching point. Some incorrect pairs of matching points appeared in the matching process, which affected the stitching precision. An appropriate threshold 0.65 was set to eliminate incorrectly matched point pairs [34]. This threshold was used as the reference value for the maximum correlation coefficient. If the maximum correlation coefficient was less than the threshold, the matching point pairs were considered incorrect and were removed. Next, the feature point reverse matching method was used to further eliminate incorrect point pairs. The matching results for the two tested images are shown in Figure 8.



According to Figure 8, the number of incorrectly matched point pairs decreased to a certain extent. The remaining incorrectly matched point pairs were caused by false assumptions and measurement factors. Therefore, a random sampling consistency algorithm was used. In this algorithm, denoising was performed iteratively. According to the robust matching, incorrect matching point pairs were completely eliminated. The image matching was then completed.



The experimental results of the feature point exact matching are shown in Figure 9. Thereafter, 3D point cloud stitching of the adjacent infrared cable images was performed.





3. Infrared Stereo Vision Detection of Cable Fault Points


In this study, pure low-density polyethylene (LDPE), nano-ZnO/LDPE, and nano-methylcyclopentadienyl manganese tricarbonyl (MMT)/LDPE samples were subjected to dielectric spectroscopy. The breakdown properties of different cable insulation materials were evaluated macroscopically. Based on the combination of the thermal breakdown formation mechanism and anomalous temperature measurements in the infrared cable images, the thermal breakdown properties of different cable insulation materials were further verified. Long-distance infrared cable images were acquired in two steps. First, feature points were extracted using a multi-scale Harris operator. Second, 3D point cloud stitching was performed. The experimental results were then qualitatively analyzed.



3.1. Thermal Breakdown Property Test of Different Cable Insulation Materials


As cable working hours elapse, thermal breakdown occurs in the cable insulation material because of dielectric losses in the material. Under the effect of an external electric field, the temperature of the material increases. As a result, the insulation performance of the material becomes poor. The three main factors that cause thermal breakdown are the external voltage, working time, and material temperature. The thermal breakdown properties of different cable insulation materials can be evaluated using dielectric spectrum experiments.



The heating of the insulation materials is caused by dielectric losses. Dielectric losses include leakage currents, structural losses, polarization losses, and gas ionization losses. As the temperature increases, the thermal breakdown strength of the insulation materials decreases significantly. This occurs because the internal current loss generates heat that cannot be rejected completely and in a timely manner. Electrical treeing occurs in the insulation materials and causes thermal distortions. Finally, thermal breakdown occurs when the material temperature increases continuously. Therefore, dielectric loss detection can be used to effectively evaluate the thermal breakdown strength of insulation materials. The dielectric constant is the main parameter used to define the dielectric losses. In the dielectric frequency spectrum experiments conducted in this study, the test materials were pure LDPE, nano-ZnO/LDPE, and nano-MMT/LDPE. The test frequency of the dielectric frequency spectrum was set to 1–105 Hz. When the frequency of the dielectric frequency spectrum changed, the relative dielectric constant of the polymers also changed to a certain degree. The tangent of the dielectric loss angle also changed. The trilateral position exhibited a positive correlation. The relationship between the relative dielectric constant of the materials and the test frequency is shown in Figure 10.



According to Figure 10, as the frequency of the dielectric frequency spectrum increased, the relative dielectric constant ε of the three test samples decreased. The trends in these samples were consistent. According to the polarization establishment process, the properties of the three test materials were similar. The dielectric constants of nano-ZnO/LDPE and nano-MMT/LDPE are lower than those of pure LDPE. Under the applied electric field, the dielectric loss of nano-ZnO/LDPE was the lowest. This material maintained good thermal breakdown strength and insulation properties. From another perspective, the abnormal temperatures in the cable insulation layer were caused by dielectric losses. The probabilities of thermal breakdown at these points were very high. Abnormal temperatures were detected using infrared images, which can remove the hidden danger of thermal breakdown in the cable insulation layer.




3.2. Experimental Device Construction


The thermal breakdown conditions of the different high-voltage cables were tested. A stable high-voltage power supply and a series of resonant devices were used. This test environment was relatively simple and safe. Resonance phenomena occur as the frequency range, resonant reactor, and capacitor are adjusted. A high-voltage current was generated in the tested cables. Wiring schematics of the cable series resonance are shown in Figure 11.



After the series resonant device was constructed, the tested cables were energized. For the 3D stereoscopic infrared vision cable measurements, the hardware device included two infrared cameras, a double camera tripod, and a computer. The on-site setup of the system is shown in Figure 12. With the software development of MATLAB, the temperature abnormal points in collected infrared images can be identified and extracted directly according to brightness.



To compare the thermal breakdown conditions of the three different cable insulation layers, the cables were fixed on one fixture. The three test cables were energized simultaneously using the series resonant device. The test voltage was set to 320 kV.




3.3. Stitching Experiment and Abnormal Temperature Detection


Owing to the 6 mm infrared camera lens boundedness (the shooting range is less than 40 m), the test cables were measured in segments A and B. From three angles, information on the high-voltage cables was fully collected using an infrared camera. A comparison of the debugging effects showed that the measurement effect had the most impact when the infrared camera acquired images at a rotation angle of 120°. The 3D stereoscopic reconstruction results for the segment A and B cables at the three angles are shown in Figure 13 and Figure 14, respectively.



According to the 3D reconstruction results for the infrared cable images, there were a number of abnormal temperatures in the cables that caused thermal breakdown. To accurately locate these points, an infrared stitching experiment was conducted.



High-voltage cables are large objects with identical surface shapes. It was difficult to determine the exact locations of the abnormal temperatures in the entire cable using the tested single-segment cable images. For experimental practicality, after single-segment cable image stitching, the 3D stereoscopic images of all the single-segment cables were processed with length stitching. Consequently, the abnormal temperatures in the cables were located quickly. The stitched infrared images of the segment A cables at each angle are shown in Figure 15.



Because the diameter of the measured object was small, the infrared stereoscopic image stitching from three angles completely captured the entire information of the segment A cables. The stitching results for the segment A cable images taken from the three angles are shown in Figure 16.



To reflect the stitching effect, the entire cable was divided into two segments for the measurements. If the stitching effect is satisfactory, the stitching technology can be used in large-scale cable detection. The stitched infrared images of the segment B cables at each angle are shown in Figure 17.



The stitching results for the segment B cable images taken from the three angles are shown in Figure 18. The 3D infrared images of the two cable segments were subjected to length stitching. The feature point matching effect is shown in Figure 19.



According to Figure 19, the feature point matching effect of the 3D stereoscopic infrared cable images is satisfactory, as reflected by the fact that it effectively removed the noise interference. Therefore, long-distance cables can be handled using length stitching. The final experimental stitching results are shown in Figure 20.



According to Figure 20, the stitching effect was satisfactory. The stitching surface curve was smooth and efficiently reflected the stereoscopic characteristics of the infrared cable images. Based on these experimental results, the stitching technology can be used for large-scale cable detection.



The three tested cables were fastened to a fixture. From left to right, the cable insulation materials were pure LDPE, nano-MMT/LDPE, and nano-ZnO/LDPE. In the long-distance 3D stereoscopic infrared cable image stitching experiment, there were abnormal temperatures in each cable. This occurred because the dielectric loss of the material decreased the conductivity. In addition, heat generated over time could not be excluded. Electrical treeing occurred in the insulation materials, which generated thermal distortions. Therefore, the temperature of the materials increased continuously. The infrared images were gray processed using MATLAB software. According to the change in the gray values, the crimson areas (which represented abnormal temperatures) were extracted. This is illustrated in Figure 21. The number of abnormal temperatures and the ratio of abnormal temperature areas in the cables are shown in Table 1.



According to the abnormal temperature detection results, the quantity and ratio of abnormal temperatures were the highest for the pure LDPE cables. According to the dielectric constant calculations, the thermal breakdown strength of the pure LDPE was the lowest. Therefore, during normal operations, thermal breakdown occurred easily in the LDPE cable insulation layers. However, for the nano-ZnO/LDPE composites, the quantity and ratio of abnormal temperatures were lower. The thermal breakdown strength of pure LDPE was higher. Therefore, the thermal breakdown ratio of the nano-ZnO/LDPE was lower. For the nano-MMT/LDPE composites, the number and ratio of abnormal temperatures were the lowest, and the thermal breakdown strength of this material was the highest.





4. Conclusions


In this study, to achieve online detection of cable insulation properties, cable thermal breakdown detection was carried out using infrared stereoscopic vision measurements. Three-dimensional reconstruction was performed, and infrared images were point cloud stitched. Infrared camera calibration, image correction, feature point extraction, and image stereo matching were also conducted. The conclusions of this study are as follows.



	(1)

	
A self-calibration algorithm based on subpixel feature point extraction was explored, and an experimental template for the infrared camera calibration was designed. The infrared images were corrected using a coplanar line alignment. According to the experimental results, line alignment was observed in the corrected images, and the correction was satisfactory.




	(2)

	
A multi-scale Harris operator was used to extract 3D image feature points. These feature points exhibited high precision and a uniform distribution, which met the stitching requirements. Rough matching was performed using a region-matching algorithm, which was used to search for the approximate stitching position. Accurate matching of feature points was performed using the normalized cross-correlation method. The error-matching points were eliminated using a random sampling consistency algorithm. According to the qualitative observations, after image stitching, the stitching surface exhibited smooth edges and a complete structure.




	(3)

	
Pure LDPE, nano-ZnO/LDPE, and nano-MMT/LDPE were subjected to dielectric spectroscopy. From a macroscopic perspective, the thermal breakdown strength of the nano-MMT/LDPE was the highest. Electricity was supplied to the tested cables using a cable series device. Subsequently, an infrared detection experiment on the cable insulation layers was conducted. According to the test results, the number of abnormal temperatures in the nano-MMT/LDPE was the lowest.
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Figure 1. Renderings of the feature point extraction of the infrared calibration board: (a) position 1; (b) position 2; (c) position 3; (d) position 4. 
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Figure 2. Re-projection error diagram of the image points: (a) reprojection error diagram of the left panel; (b) reprojection error diagram of the right panel. 
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Figure 3. 3D stereoscopic infrared images of adjacent cables. 
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Figure 4. Corner points extracted using the multi-scale Harris operator. 
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Figure 5. Proposed stitching method based on the combination of area matching and feature point matching. 
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Figure 6. Region matching model: (a) reference image; (b) search image. 
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Figure 7. Region matching result of infrared cables image. 
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