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Abstract The real-time status monitoring of key components of the converter valve affects the stable operation of 
high-voltage direct current transmission system. This paper proposes an adaptive dual-threshold edge detection 
algorithm for the limitations of traditional filtering algorithms in noise suppression and edge retention. By improving 
the convolutional kernel and dynamic thresholding strategy to improve the key components of the image signal 
feature localization accuracy. The Yolov5s model is adopted to realize efficient feature extraction and target 
detection of non-electrical signal images. And the model robustness is enhanced by combining the strategies of 
adaptive anchor frame calculation and Mosaic data enhancement. The results show that under the same noise 
density, the peak SNR of the edge detection algorithm in this paper is 29.67db and the SSIM is 94.25%. Under 
different noise densities, the peak SNR is always maintained at 30db-45db. 3 classes of image edge detection with 
4.28*107, 5.73*107, 5.87*107 edge connectivity. The loss value of the training process is stabilized at 0.005 around 
150 times and the recall is closer to 1, which has faster convergence speed and convergence stability. 
 
Index Terms adaptive filtering, edge detection, Yolov5s model, high-voltage DC converter valve, non-electrical 
signal features 

I. Introduction 
In recent years, in order to realize the optimal allocation of energy and build a smart grid system, China is 
implementing the development strategy of national interconnection, west-to-east transmission of electricity and 
north-to-south interconnection [1]. As a key means to achieve the above goals, UHV DC transmission technology 
can effectively improve transmission efficiency, save construction costs and line corridors, improve network structure, 
reduce transmission bottlenecks and optimize the allocation of resources on a wide scale, and has become one of 
China's strategic emerging industries during the “12th Five-Year Plan” period [2]-[4]. As the core equipment of 
AC/DC energy conversion, the high-voltage DC converter valve based on high-voltage and high-power power 
electronic devices has the technical characteristics of high technical difficulty, large integration, interdisciplinary 
fields and high reliability requirements [5]. At present, China has successfully developed 1100 kV high-voltage DC 
converter valves, which have passed the full set of type test programs specified in IEC60700-1 standard and formally 
put into commercial operation [6]. However, when the voltage level exceeds 1000 kV, it leads to a series of technical 
difficulties such as overvoltage and insulation coordination, electromagnetic compatibility, key component 
development, compactness, and nonlinear characteristics of equipment [7], [8]. 

In high-voltage DC transmission systems, overvoltages generated on key equipment in converter stations are 
mainly caused by electromagnetic transient processes resulting from operation, faults and lightning strikes in AC 
and DC transmission systems [9]. Compared with the AC system, in addition to shock, operation and lightning 
overvoltage, overvoltage can be caused by problems such as bus faults at converter stations, DC blocking and 
overshoots generated during startup and stoppage in DC systems [10]-[13]. The parameters such as waveform, 
amplitude and duration of transient overvoltages in DC transmission systems are affected by the composition of the 
line, converter station equipment, damping circuits, the system operation mode, the way DC switchyard is 
configured, the level of protection of surge arrester, and the DC control protection, etc [14]-[16]. Therefore, the 
overvoltage problem of DC transmission system is much more complex than that of AC system. The overvoltage 
distribution can be predicted and analyzed through circuit theory, simulation experiments, and operating experience, 
so that the voltage distribution under various overvoltages can be obtained and appropriate protection measures 
can be taken [17]-[20]. 

In this paper, adaptive dual-threshold edge detection algorithm is combined with lightweight Yolov5s model for 
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the extraction of non-electrical signal features of key components of high-voltage DC converter valve. The adaptive 
filtering technique is used to optimize the key element image noise suppression and edge retention ability, and the 
improved 5×5 convolution kernel is combined to enhance the feature localization accuracy. The effect of non-
electrical signal feature extraction is optimized using Mosaic data enhancement of Yolov5s model, CSP architecture 
and weighted NMS. The performance advantage of adaptive dual-threshold edge detection algorithm is studied 
through filtering experimental analysis and edge detection experimental analysis. Model convergence analysis is 
performed to judge its convergence speed and stability. 

II. Feature extraction analysis of non-electrical signals based on adaptive filtering 
This chapter provides a systematic analysis of the principles, algorithms and models related to the feature extraction 
of non-electrical signals from key components of high-voltage DC converter valves. 
 
II. A. Principle of operation of high voltage DC converter valve 
II. A. 1) Principles of HVDC Transmission System Composition 
Figure 1 shows the overall framework of a high-voltage direct current (HVDC) transmission system. The system 
mainly consists of two alternating current (AC) systems, converters, HVDC cables/overhead lines (OHLs), and 
electrodes, and the synergy of the components in the system constitutes an efficient power transmission link. In 
practice, the HVDC transmission system utilizes a bipolar configuration, where the current is transmitted between 
two AC systems by a high voltage DC cable, and the converter is responsible for converting the AC to DC and 
inverting it at the other end. Between AC system 1 and AC system 2, each of the two converter stations has a series 
of thyristors that form the converter valves. The electrode section mainly handles the voltage balance and grounding 
of the system, and the voltage at the electrodes is usually maintained at ±550kV to ±850kV to ensure efficient and 
stable operation of the system. 
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Figure 1: Overall framework of the high-voltage direct current transmission system 

II. A. 2) Study of the operating characteristics of the converter valve 
Figure 2 shows the structure of the converter valve. The converter valve is responsible for converting alternating 
current (AC) to direct current (DC) in a high-voltage direct current (HVDC) transmission system and realizing efficient 
transmission of electrical energy by precisely controlling the rectification and inversion processes. In Fig. 2, the 
three-phase AC sources are labeled as , ,a b c   , which are inducted by inductors cL  to limit the short-circuit 

current inrush and to ensure the smooth change of the current of the commutator valve during the conduction period. 
The core component of the converter valve is the thyristors 1 2 3 4 5 6( , , , , , )V V V V V V  , which rectify the current by 

adjusting the phase angle of their trigger pulses. During the rectification stage, the currents , ,a b ci i i   enter the 

system through the corresponding thyristors to form the current paths of 1 2 3 4 5 6, , , , ,i i i i i i  respectively. The triggering 

sequence can be adjusted to control the conduction time of different thyristors, thus realizing the conversion from 
AC to DC. The operating frequency of the converter and the magnitude of the DC current dI  are closely related to 

the design of the system. The DC voltage dU  of the system can reach hundreds of kilovolts, and the design current 

of the converter valve can be as high as several dry amperes. Here, with a typical operating voltage range of ±550 
kV, the converter valves have a strong voltage tolerance and fast response characteristics to cope with dynamic 
changes in the power system. 
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Figure 2: Structure of the converter valve 

In actual operation, the operating characteristics of the converter valve also involve the optimization of the current 
waveform and the reduction of losses. Reasonable design of the trigger angle and control system can reduce the 
energy loss of the converter valve in the conduction and shutdown process, and improve the system efficiency. The 
energy loss formula of the converter valve is 

 2(1 cos )loss d d dP I V RI    (1) 

where, lossP  is the energy loss power of the converter valve, W; dI  is the DC current in the converter valve, A; 

dV  is the voltage on the DC side, V;   is the triggering angle of the converter valve, which controls the on-time 

of the thyristor, rad; R is the equivalent resistance of the thyristor in the converter valve,  ; cos  for the trigger 
angle affects the on-time of the converter valve, directly affecting the energy loss. 

The converter valve total harmonic distortion (THD) optimization equation is: 
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where THD is the total harmonic distortion generated by the converter valve, and the total value is dimensionless; 

nI   is the current component of the n  th harmonic, A, and iI   is the current component of the fundamental 

frequency (50Hz), A; and n  is the number of harmonics, which is a multiple of the harmonic frequency and the 
fundamental frequency. 

Reasonable design of the trigger angle and control algorithm of the converter valve can reduce the high harmonic 
components, thus reducing the total harmonic distortion (THD), optimizing the current waveform, and improving the 
transmission efficiency of the system. 

 
II. B. Adaptive dual threshold edge detection algorithm 
II. B. 1) Bilateral filtering 
Bilateral filtering refers to the simultaneous consideration of the spatial distance between pixels and the similarity 
of gray values, and replaces the original pixel values with the average of spatially adjacent as well as gray-scaled 
similarity of pixels at each point of the image, so that the image reduces the noise while keeping the edges clear. 

 1( ) ( ) ( ) ( , ) ( ( ), ( ))h x w x f d x s f x f d   
 

 
    (3) 

where ( )h x   and ( )f    represent the output and input images, respectively, and ( )w x   represents the weight 

distribution function of the input image ( )f  . 

 ( ) ( , ) ( ( ), ( ))w x d x s f x f d  
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( , )d x   is a spatial distance-based Gaussian function computed as the spatial weight between the center point 

x  and the region's neighboring points  . The d  is the standard deviation of the spatial Gaussian kernel of the 

weight distribution function ( )w x , which controls the color smoothing in the grayscale image. 
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|| ( ) ( ) ||

( ( ), ( )) exp
2 r

f x f
s f x f
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

        
 (6) 

),( ( ) ( )s f x f   represents the grayscale similarity function between the center point x  and its regional neighbor 

 , calculated as the grayscale weight between x  and  ; r  is the standard deviation of the Gaussian kernel of 

the grayscale values of the weight distribution function ( )w x , which controls the degree of preservation of the 

grayscale image texture. 
In summary, bilateral filtering is a nonlinear, edge-preserving smoothing filter. It calculates a new pixel value for 

each pixel by combining spatial distance and gray value similarity. The spatial distance ensures that only 
neighboring pixels contribute to the new pixel value, while the gray value similarity ensures that only pixels with 
similar gray values to the centroid contribute to the new pixel value. 

 
II. B. 2) Customizing Convolutional Kernels 
The traditional Canny algorithm uses a 2×2 convolutional kernel to compute the image gradient. Compared to the 
2×2 convolutional kernel, the 5×5 convolutional kernel has a larger acceptance domain and therefore can better 
filter large-scale noise and interference. When detecting the edge position of an image, the 5×5 convolution kernel 
can also locate the center of the edge more accurately, resulting in more accurate edge detection results. Figure 3 
shows the 5×5 convolution kernel template. However, using a 5×5 convolution kernel also means that more 
operations need to be performed on each pixel, which will increase the computational cost and complexity. 
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Figure 3: 5×5 convolution kernel template 

A binomial expansion coefficient is used in defining the convolution template. The coefficients satisfy a Gaussian 
mean, i.e., a normal distribution. For different binomial powers n , let the coefficients of their corresponding terms 
k  be ( , )c k n , the size of the convolution kernel be  , and their corresponding optimal smoothing coefficients and 
optimal difference coefficients be ( )s k  and ( )k , respectively. 
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 (7) 

 ( ) ( , 1)s k c k    (8) 

 ( ) ( , 2) ( 1, 2)k c k c k        (9) 

When the convolutional kernel size   takes the value of 5, the corresponding optimal smoothing coefficient 
( )s k  and optimal difference coefficient ( )d k  are shown below: 

 (0) 1, (1) 4, (2) 6, (3) 4, (4) 1s s s s s      (10) 

 (0) 1, (1) 2, (2) 0, (3) 2, (4) 1            (11) 
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Combining the optimal smoothing coefficient ( )s x  in the x  direction with the optimal difference coefficient ( )y  

in the y  direction forms a 5×5 convolutional kernel template hC  in the horizontal direction. Similarly, the optimal 

smoothing coefficients ( )s y  in the y  direction are combined with the optimal difference coefficients ( )x  in the 

x   direction to form the 5×5 convolution kernel templates vC   in the vertical direction to finally obtain the 5×5 

convolution kernel templates for the horizontal and vertical directions. Figure 4 shows the final convolution kernel 
template. 
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Figure 4: 5×5 convolution kernel templates in the horizontal and vertical directions 

II. B. 3) Adaptive threshold selection 
For a grayscale image of m (total number of horizontal pixels) × n (total number of vertical pixels), a 3 × 3 matrix 
with smooth shifts in the image is first generated. Figure 5 shows the specific matrix structure. 
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Figure 5: 3×3 matrix template 

Then by calculating the median pixel grayscale value within the 3×3 matrix as the adaptive threshold Th. 
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II. C. Yolov5s model analysis 
Currently the Yolov5 algorithm is divided into four templates because of the different sizes of the depth and width of 
its model network, i.e., Yolov5s, Yolov5m, Yolov5l, and the largest one, Yolov5x. During the process of using the 
model, the depth\_multiple and width\_multiple parameters of the model's code can be changed to realize the 
network's width and depth regulation and control. Among the above four categories, Yolov5s has the smallest 
network model. Combining the practical factors as well as the performance advantages, this paper chooses Yolov5s 
model as the main model for the study. It also has the smallest width and depth of the feature map. The following is 
an example of Yolov5s-6.0. 

According to the functional division, Yolov5s is divided into four functional parts: input, backbone network, middle 
layer and prediction layer. 

In the input layer, located at the input end, Yolov5s performs three processing procedures such as enhancement 
processing, adaptive anchor frame calculation and adaptive target scaling on the input HVDC converter valve key 
element working pictures through Mosaic data.The methods of Mosaic data enhancement mainly include the 
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operation of geometric transformation on the pictures, and then splicing them together, to enrich the detection 
dataset, and to enhance the robustness of the network. One of the geometric transformation operations includes 
random cropping, rotation and scaling. Then, the next step of adaptive anchor frame calculation is carried out to get 
the width and height of all the images in the dataset, shrinking them in equal proportion to the specified dimensions, 
converting the adaptive anchor frame coordinates to absolute coordinates, and then filtering the anchor frames with 
width and height of not less than 2 pixel points to get n anchors using k-means clustering. Multiple anchors were 
set around each data point to increase the similarity between nodes. Finally, a genetic algorithm was used to 
randomly mutate the anchor width and anchor height, and the fitness was calculated using anchorfitness, in order 
to evaluate the effect produced by the mutation. Finally adaptive target scaling is performed, Yolov5s proposed an 
adaptive target scaling, which automatically calculates the black edges of the images of the elements to be added 
from the original image size and the grid size to improve the inference speed. 

At the backbone network end, the Backbone contains three components Focus, CSPl-X and SSP Backbone 
contains three components Focus, CSP1-X and SSP Focus slices the 610 × 610 × 3 image into 305 × 305 × 12 
feature maps, which are then convolved into 305 × 305 × 32 feature maps. 

Figure 6 shows the CSPl-X structure. the CSPl-X structure consists of a CBS and X residual components 
(Bottleneck) after convolution and input direct convolution together with Concat, and then after BN (Batch 
Normalization, Normal Distribution) and Leaky activation, and finally a CBS, where the CBS is Conv + BN + Leaky, 
Concat is tensor splicing, expanding 2 tensor dimensions. Since this method has a large computational complexity 
when dealing with high dimensional data, an improved algorithm based on deep neural networks is proposed to 
solve this problem. The residual structure is added here with the aim of improving the backpropagation gradient so 
that it does not vanish, which enables the extraction of more fine-grained features. 

 

CSP_N CBS  

CBS

concat CBS

 CBS CBS CBS Conv BN SILU= -

Downsampling + 
channel doubling X residuals

 

Figure 6: Structure diagram of CSP1_X 

SPP refers to maximum pooling with 4 pooling kernels to perform multi-scale fusion. Figure 7 shows the SPP 
structure. This method saves more than half of the computational time than the traditional algorithm, but the use of 
four different pooling subspaces to characterize the image makes the results obtained after processing more 
accurate and objective. Here the dimensions of the four pooling kernels are 1×1, 4×4, 8×8, and 12×12. 
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Figure 7: Schematic diagram of the SPPF structure 

In the middle layer, Yolov5s uses the CSP2_X architecture to enhance network feature fusion. It has high 
computational efficiency and is insensitive to changes in the network structure, thus achieving good results in 
practical applications.The only difference between CSP2_X and CSPI_X is the number of residual structures. Figure 



Research on adaptive filtering algorithm for feature extraction of non-electrical signals of key components of high-voltage DC converter valve 

2683 

8 shows the CSP2_X architecture.The innovation of the Neck part of Yolov5s is to propose the structure of the PAN, 
which is used for feature fusion.The PAN system is similar to the FPN system as the FPN system uses the fusion 
of deep and shallow feature maps. This has the advantage of transferring high-level semantic information from the 
deep feature map to the planar feature map and integrating it there. However, it has the disadvantage of transferring 
weaker location information from the deep feature map. Therefore, the PAN system adds the fusion of shallow and 
deep feature maps after the sampling of the FPN system so that the strong location information from the shallow 
feature map can be transferred to the deep feature map. 

CSP2_3 CBS*3

CBS

concat CBS

=

 

Figure 8: Structural diagram of CSP2_3 

At the prediction layer, Yolov5s loss function components are class loss, z-confidence loss, and location loss. The 
confidence loss and class loss are based on the binary cross-entropy loss (BCE) function. For but labeled binary 
classification, the Loss formula is as follows: 

  
1

1
log (1 ) log(1 )

n

i i i i
i

loss w y x y x
N 

      (15) 

where the number of samples is denoted by N and the hyperparameters are denoted by w. 
For multi-label binary classification, the Loss formula is as follows: 

 
1 1 1
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N M
i i i i
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n i i

loss w y x y x
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        (16) 

In the above equation, M characterizes the number of possible labels for a sample and w is used to solve the 
sample imbalance between labels. The location loss is calculated using CIOU_Loss for positive samples with the 
following equation: 
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 (17) 
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where IOU (intersection and merge ratio) indicates the ratio of the intersection area of the prediction frame and the 
target frame to the area of the merge, Distance_2 refers to the existence of a Euclidean distance between the center 
point of this prediction frame and this target frame, Distance_C refers to the minimum outer rectangle diagonal 
distance between this prediction frame and this target frame, gtw  refers to the width of the target frame, and pw  

is the prediction frame width. The formula is obtained as follows: 

 2 2 2
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 (19) 

Obviously, through the formula we can find that when w  and h  is in the very small value, the value of 
2 2

1

w h
 

will be extremely large, which will lead to the phenomenon of the gradient explosion easily, set the size of the 
CIOU_Loss l, can be very effective to avoid this problem. When detecting a target object, the phenomenon of the 
algorithm detecting the same target multiple times may occur, and non-maximal suppression (NMS) has been 
introduced to be able to suppress this type of phenomenon; there are two main types of NMS: har-NMS and soft-
NMS. The har-NMS algorithm is designed to detect the same target multiple times. The algorithm removes 
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candidate images larger than the threshold directly, and the task of the generated dense detection image is to refine 
the preset target. 

Yolov5s suppresses the target boxes using Weighted Non-Maximal Suppression (Weighted NMS).Weighted NMS 
differs from the traditional non-maximal suppression in that instead of directly excluding the boxes that have the 
same category as the current rectangular box and have an IOU greater than the threshold, the exclusion process 
of the rectangular boxes is weighted according to the confidence level of the prediction network in order to create a 
new rectangular box that will be used as the final predicted rectangular box, and then exclude those boxes. 

III. Algorithm and model performance validation 
This chapter validates the image feature extraction performance of the proposed adaptive dual-valve edge detection 
algorithm and the Yolov5 model, and analyzes its practical application effect in non-electrical signal feature 
extraction of key components of high-voltage DC converter valves. 
 
III. A. Tracking effect of adaptive filters 
Extracting the non-electrical signal characteristics of the key components of a high voltage DC converter valve using 
an adaptive filtering algorithm requires first ensuring that the tracking of the filter used is good under different 
operating scenarios of the converter valve. The average peak APCEE  is used to reflect the degree of oscillation of 

the filter tracking response map. When the target is disturbed, the value of APCEE  decreases, the degree of 

oscillation of the response map is larger, the single peak is not obvious, and the reliability of the response is lower 
at this time; and vice versa. The APCEE  mathematical expression is: 

 

2
max min

2
, min

,

)

| |

(

APCE

w h
w h

F F
E

mean F F




 
 
 
 
  (20) 

where maxF   and minF   are the maximum and minimum values in the response map, respectively, ,w hF   is the 

response value at the response map ( , )w h , and ( )mean   indicates averaging. 

Figure 9 shows the peak variation and target response of the filter in different scenarios. When the peak value is 
between 16.65-45.32, the single peak of the tracking response plot is more obvious, which indicates that the filter 
used still maintains a good tracking effect at the corresponding interference level. However, when the interference 
level is too large, the peaks are closer together. In the actual use of the filter for tracking different scenarios of the 
converter valve, attention should be paid to the size of the external interference to ensure that the filter can 
successfully collect the corresponding signals. 

 

Figure 9: APCE changes and target responses 
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III. B. Performance analysis of filtering algorithm for image feature extraction 
III. B. 1) Filtering Experimental Analysis 
Filtering experiments are carried out on the collected working images of the key components of the high-voltage 
DC converter valve in different scenarios to compare the filtering effect of Gaussian filtering with the adaptive dual-
value edge detection algorithm in this paper. Gaussian noise with a mean value of 0.5 and a standard deviation of 
30 is added to the image, and then filtered using Gaussian filtering and this paper's algorithm respectively. Table 1 
shows the comparison of the Gaussian noise filtering effect of different algorithms. From the comparison of 2 
objective indexes, peak signal-to-noise ratio (PSNR) and structural similarity (SSIM), this paper's algorithm has a 
better effect of Gaussian noise removal in 3 types of images with different working scenarios. The PSNR of this 
paper's algorithm is up to 29.67db and the SSIM is up to 94.25%, which is higher than the 29.10db and 91.43% of 
the Gaussian filtering algorithm. At the same time, combined with the specific image noise removal effect, it is found 
that the algorithm in this paper not only has better noise reduction effect, and does not make the image become 
blurred, which is also better than the Gaussian filtering algorithm in this aspect. 

Table 1: Comparison of Gaussian noise filtering effect 

Picture types 
PSNR (db) SSIM (%) 

Gaussian filtering Article algorithm Gaussian filtering Article algorithm 

1 26.84 27.63 86.11 90.09 

2 29.10 29.67 90.20 94.25 

3 28.01 29.92 91.43 93.17 

 
Further compare the filtering effects of different filtering algorithms on Gaussian noise with different densities. 

Firstly, a variety of noises with densities of 0.15-0.95 are added to the initial image respectively (increasing in units 
of 0.1), and then the images are filtered using mean filtering, median filtering, adaptive median filtering, and the 
adaptive dual threshold edge detection algorithm in this paper. Table 2 shows the comparison results of the peak 
signal-to-noise ratios of different filtering algorithms at different noise densities. In the comparison of four filtering 
algorithms and nine noise densities, the peak SNR of this paper's algorithm is 44.48, 43.94, 42.36, 41.57, 39.85, 
38.26, 36.73, 35.12, 34.57 db. No matter how much the noise density is, the peak SNR of this paper's algorithm is 
always higher than that of the comparison algorithm. And the peak signal-to-noise ratio of this paper's algorithm 
always stays within the range of 30db-45db with the maximum of noise density, and the fluctuation is smaller than 
that of the comparison algorithm. 

Table 2: Comparison of PSNR of algorithms under different densities 

Noise density 0.15 0.25 0.35 0.45 0.55 0.65 0.75 0.85 0.95 

Mean filtering 23.90 20.51 18.37 16.73 15.36 14.32 13.35 12.41 11.67 

Median filtering 38.81 35.20 33.86 30.84 25.32 19.28 14.06 13.04 9.46 

Adaptive median filtering 43.23 42.72 41.63 40.06 36.85 32.89 27.33 22.76 16.22 

Article algorithm 44.48 43.94 42.36 41.57 39.85 38.26 36.73 35.12 34.57 

 
III. B. 2) Experimental analysis of edge detection 
In order to verify the image edge detection effect of this paper's algorithm, traditional edge detection algorithm, 
Sobel operator edge detection, and improved edge detection algorithm are selected as comparison algorithms to 
detect the edges of images in three different types of working scenarios. Table 3 shows the comparison results of 
edge connectivity of different edge detection algorithms for different image edge detection. For 3 classes of images 
with different resolutions, this paper's algorithm has an edge connectivity of 4.28*107, 5.73*107, 5.87*107, which has 
better edge detection effect compared to other 3 classes of comparative algorithms, and can effectively extract the 
edge features of the key components of the converter valve. 

Table 3: Edge connectivity comparison results 

Algorithm Image 1 Image 2 Image 3 

Traditional edge detection algorithms 3.45*107 5.33*107 5.04*107 

Sobel operator edge detection 3.73*107 5.60*107 4.81*107 

Improve the edge detection algorithm 3.62*107 5.71*107 5.32*107 

Article algorithm 4.28*107 5.73*107 5.87*107 
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III. C. Yolov5s model convergence analysis 
In order to verify the convergence performance of the Yolov5s model selected in this paper, the same type of Yolov5x 
is selected for comparison experiments. The datasets collected and constructed in this paper are used to train them, 
and the metrics corresponding to each epoch (the process in which all training samples pass through the model 
intact once for forward propagation and backpropagation) during their training are plotted as two curves under the 
same coordinate system through MATLAB for convergence comparison, respectively, with the dark-orange curves 
representing the Yolov5x model and the light-orange curves representing the Yolov5s model. The convergence 
performance is visualized with 2 metrics represented by training loss and recall. 

Figure 10 shows the convergence of the 2 models in different metrics. With the increase of convergence times, 
the rectangular box loss value of the Yolov5s model chosen in this paper in the training set shows a rapid decreasing 
trend, and basically stabilizes below 0.005 at about 150 times, which is smaller than that of the Yolov5x model of 
0.01. It can be deduced from this that the same type of validation set of the rectangular box loss value, confidence 
loss value, and classification loss value have a similar decreasing trend. The Yolov5s model converges faster and 
has smaller loss values. Moreover, the recall of the Yolov5s model is closer to 1 during convergence and fluctuates 
less than the Yolov5x model, so it can be judged that the Yolov5s model has better convergence stability at the 
same time. 

  

(a) Train-loss (b) Recall 

Figure 10: The convergence of the two models in different indicators 

Figure 11 shows the comparison of the total loss of the two models in 350 convergence. The total loss of the 
Yolov5s model decreases sharply before the epoch of 35 and converges faster; the fluctuation of the curve is 
improved in the process of flattening out after 35, and the total loss is stabilized at 0.0189 to reach the optimal state. 
Compared with the Yolov5x model, the Yolov5s model has a faster convergence speed and a smaller total loss 
value. 

 

Figure 11: Comparison of total loss situations 
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IV. Conclusion 
In this paper, adaptive dual-threshold edge detection algorithm and lightweight Yolov5s model are fused to take into 
account the speed, accuracy and stability of non-electrical signal feature extraction. Adding the same density of 
Gaussian noise in the working images of three types of key components, the peak signal-to-noise ratio and structural 
similarity of this paper's adaptive dual-threshold edge detection algorithm reach 29.67db and 94.25%, respectively, 
which are higher than that of the comparison algorithm's 29.10db and 91.43%. Adding nine different densities of 
Gaussian noise respectively, the peak signal-to-noise ratios of this paper's algorithm are 44.48, 43.94, 42.36, 41.57, 
39.85, 38.26, 36.73, 35.12, and 34.57db, which are better than the comparison algorithm. The algorithm in this 
paper has edge connectivity of 4.28*107, 5.73*107, 5.87*107, with better edge detection.The total loss value of 
Yolov5s model achieves fluctuation smoothness after 35 times of convergence, and finally stabilizes at 0.0189, 
which has faster convergence speed and higher convergence stability. Future research can further optimize the 
real-time performance of the adaptive filtering algorithm to improve the efficiency of the state monitoring of key 
components of the converter valve. 
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