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Abstract—Partial discharge (PD) is a dynamical system with nonlinear chaotic characteristics. Research on the time series of PD is helpful to extract the discharge mechanism. This paper takes a PD optical-UHF detection platform to detect the PD signals of typical defects. The optical and UHF signal are fused to avoid the insensitivity of single method in specific defects. The phases of PDs are taken as one-dimensional time series. The PD phase series are reconstructed in phase space and the attractors and the recurrence plots are presented. The attractors in phase space characteristic the PD system from predictability, stability, and complexity. The typical recurrence characteristics such as recurrence rate, determinism, laminarity, and entropy are extracted as evaluation parameters. Results show that the PD phase attractors are more random under low voltage and tends to be more ordered, stable, and complex when the applied voltage increases. The order of predictability, stability, and complexity of the four defect types from high to low is: point discharge, surface discharge, suspended discharge, air-gap discharge. The recognition accuracy based on recurrence characteristics achieves 100% with the most basic BPNNs.
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I. INTRODUCTION
D
[bookmark: OLE_LINK5]EFECTS in the insulation of power equipment may cause electric field distortion. When the distortion reaches a certain degree, it will cause local breakdown of the surrounding medium, which is called partial discharge (PD). On the one hand, the continuous occurrence of PD will lead to the final failure of insulation; on the other hand, when PD occurs, the pulse current, high-frequency electromagnetic field, light emission, sound generation and chemical reaction of surrounding medium are important information for detecting and evaluating PD. Although the UHF method has been widely used in the online monitoring of power equipment [1,2] because of its wide detection range and strong anti-corona interference ability, unfortunately, due to the complex electromagnetic resources in the field, as a band-pass electromagnetic signal detection sensor, the UHF antenna is easy to cause false detection and missed detection. The optical detection method has strong anti-electromagnetic interference ability, high sensitivity, and good signal-to-noise ratio, but the optical signal can be easily affected by the blocking of the propagation path. Considering the advantages and disadvantages, the UHF method and the optical methods are complementary in PD detection. The researchers combined the UHF method with the optical measurement method to carry out the optical-electrical combined detection of PD [3-6], but they mainly focus on the improvement of detection methods and the comparison of detection results. Usually, the optical signals and electrical signals are processed separately, and further feature extraction were done based on the signals detected by both at the same time. However, as different manifestations of the same discharge phenomenon, the two kinds of signals must be correlated in time series, which can be an important basis for PD identification. The connection between the two types of signals has not been established.
[bookmark: OLE_LINK2]The application of time series analysis to PD can effectively describe the correlation and mutual influence between PD continuous pulses, which cannot be reflected by the statistical features extracted from traditional PD patterns such as phase resolved partial discharge (PRPD) pattern. The time series analysis of PD pulses occurring continuously in a certain time period is helpful to extract PD characteristics and understand the different discharge mechanisms. Currently, there are few time-series analysis methods for PD, including pulse sequence analysis [7] (PSA), nonlinear time series analysis [8] (NLTSA) and chaotic analysis of partial discharge [9,10] (CAPD). The PSA method and NLTSA method are generally applicable to the case involving solid dielectrics, e.g. electrical trees, because the charge dissipation usually has a long time [11]. The CAPD method mainly proved that PD phenomena is not merely random process but the chaotic process possessing obscure regularity behind its randomness. These methods are only used for the analysis of signals obtained by single detection method. The PD process is a complex nonlinear dynamic system. with chaotic characteristics. The dynamic characteristics of different PD types are different [12], such as Lyapunov exponent, Kolmogorov entropy, fractal dimension, etc., which means that there are some inherent differences in the dynamic behavior of different types of PD processes. The recurrence phenomenon occurs in the phase space of a dynamical system and represents the approximate repetition of system states. The recurrence analysis method can reveal the internal structure of time series, show the recurrence phenomenon of the attractor trajectory reconstructed in the high-dimensional phase space intuitively, and analyze the attractor structure qualitatively and quantitatively.
This paper integrates the UHF and optical methods for PD detection and further feature extraction. (1) The Silicon photomultiplier (SiPM) is used as optical sensor and the four-armed helical antenna is used as a UHF sensor to simultaneously obtain the optical signal and electromagnetic wave signal of PD in typical defects under different applied AC voltages. (2) A data fusion method of optical-UHF detection signals is proposed to form the combined PD signal under combined measurement. (3) The phase of the combined PD signal is extracted as a one-dimensional time series for further research. Phase space reconstructions on the PD phase series are performed and the attractors are presented. (4) the Recurrence Plot (RP) method is used to visualize the attractor structure in the high-dimensional phase space on a two-dimensional plane, and a series of recurrence characteristics are extracted by Recurrence quantification analysis (RQA) method. These characteristics are used to quantitatively evaluate the differences of PD time series of different defects, characterize the chaotic evolution of PD with the increase of applied voltage, and therefore explore the relationship between the performance of PD and the discharge mechanism.
II. Experiment Method
A. Experiment Platform
SiPM is a weak-light sensor which integrates thousands of single photon avalanche diodes (SPAD) and quench resistors. The SiPM is operated in Geiger-mode at reverse voltage around 30 V [13]. The quenching time of SiPM is several nanoseconds, which can satisfy the optical signal detection of PD. In order to improve the detection range of optical signals, fluorescent fiber is introduced as optical signal receiving probes in this paper.
[bookmark: OLE_LINK1]The SiPM used in this paper worked at standard output mode [14]. The detection wavelength ranges from 200 nm to 900 nm, and the recovery time is 130 ns, which meets the detection requirements of PD optical signal [15]. Four channels of the SiPM array were connected in parallel to increase the amplitude of the optical signal. The SiPM output is connected to a low-pass filter circuit to filter out the conducted electromagnetic interference that may exist in the circuit. The UHF antenna used in this paper is a quadrifilar helix antenna attached power division network designed by the research group, the gain of which maintains larger than 5.0dBi from 0.4 GHz to 2.0 GHz [6].
The PD detection system is shown in Figure 2. The SiPM and UHF antenna were fixed inside the detection cavity through the hand hole. All UHF signals, optical signals, and voltage signals were collected by DPO 4104 oscilloscope (four channels; analog bandwidth of 1 GHz; sampling rate of 5 GS/s). Previous studies have completed the calibration of the apparent discharge on the amplitude of optical signals (detected by a single channel of SiPM) and UHF signals. The amplitudes of the two signals are almost proportional to the apparent discharge [16].
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Figure 1.  Combining sensor [16]
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Figure 2. Diagram of PD detection system
[bookmark: _Hlk112942080][image: ]
(a) SiPM (single channel)  (b) quadrifilar helix antenna
Figure 3. Linear calibration test of the sensors[16]
B. Sample Preparation and Experimental Plan
The defect models designed in this paper are shown in Figure 4. In the surface discharge model, an epoxy resin plate with a diameter of 30 mm and a thickness of 1 mm is sandwiched between the high voltage (HV) electrode and the ground (GND) electrode. The diameter of the electrodes is 20 mm. In the air gap discharge model, three transparent epoxy resin sheets are sandwiched between the HV and ground electrodes to measure the optical signal in the air gap defect. The middle sheet has an air gap with a volume of 5×5×0.3 mm3. The diameter of the HV electrode is 5 mm, and the diameter of the ground electrode is 20 mm. In the suspension discharge model, an epoxy resin block is sandwiched between the HV electrode and the ground electrode, the thickness of which is 6 mm. The suspension electrode is located at the distance of 2 mm from the HV electrode on its side wall. The ground electrode of the point discharge model is hemispherical with a radius of 8 mm, the needle tip is placed at the center of the hemisphere, and the radius of curvature of the needle tip is 5 μm.
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(a) surface discharge defect     (b) air-gap discharge defect
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(c) suspended discharge defect    (d) point discharge defect
Figure 4. Defect models
The PD optical-UHF signal detection device is put inside the detection cavity. The distance between the sensor and the defect is 0.3 m. The signal conditioning circuit and acquisition device are arranged outside the cavity. To obtain the time series of PD signals, for each group of experiments, all PD signals within 1000 power frequency cycles (20 s) were collected at one time, with a sampling interval of 20 s and continuous collection of 10 min. A total of 15 groups of signals were obtained. To observe the effect of applied voltage on the discharge evolution, the applied voltages for each defect type were 1.1, 1.3, 1.5, 1.7 and 1.9 times the partial discharge inception voltage (PDIV), respectively.
[bookmark: OLE_LINK4]C. Data fusion Method
The measuring optical signal and UHF signal almost corresponds to each other. However, the optical measurement method is not effective for the detection of the internal discharge of the dielectric. Although the air-gap discharge model in this paper is made by transparent epoxy sample, the detection results are still affected by the propagation of the optical path blocked by the dielectric. 
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(a) air-gap discharge               (b) point discharge
Figure 5. Comparison of optic-electric measurement results
Figure 5 shows the distinct optical and UHF signals after denoising. As shown in Figure 5(a), for the air gap defect, compared with UHF signals, some optical signals are missed and the amplitude of the detected optical signals are relatively small. For the point discharge model, as shown in Figure 5(b), the UHF method is not sensitive to the detection of small and dense discharges occurring in the negative half cycle of point discharge, while the optical method is more comprehensive in detecting point discharge. For surface discharge and suspended discharge models, the sensitivity of both signals is high enough. 
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Figure 6. Linear fitting of optical signals and UHF signals
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(a1) 1.1 p.u. surface discharge  (a2) 1.9 p.u. surface discharge
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(b1) 1.1 p.u. air-gap discharge  (b2) 1.9 p.u. air-gap discharge
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(c1) 1.1 p.u. suspended discharge (c2) 1.9 p.u. suspended discharge
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(d1) 1.1 p.u. point discharge     (d1) 1.9 p.u. point discharge
Figure 7. PRPS of combined PD signal
In short, the situation PD can only be detected by one of the two sensing methods always exists during the entire experiment. So, the discharge signal obtained by combined detection can form complementary advantages for different defects. The Data fusion strategy is as follows: the optical signal is used as the main body to supplement the UHF signal missed by the optical measurement method to form the combined PD signal. If there is no optical signal at the phase corresponding to the existed UHF signal, the amplitude of the UHF signal should be converted into the amplitude of the optical signal and added to the combined signal. In order to convert the amplitude of the signal, a linear fitting is performed on the amplitudes of the two signals measured at the same time. The result shows that there is a linear relationship between the amplitudes of the optical signal and the UHF signal. 
In order to visually display the combined PD signal after fusion, take the AC voltage at power frequency of 1.1 times PDIV (1.1 p.u.) and 1.9 times PDIV (1.9 p.u.) as example to draw the phase resolved pulse sequence (PRPS) patterns of the combined PD signal in 5 power frequency cycles of four typical defects are shown in Figure 7. In general, with the increase of the applied voltage, the number of PDs of each defect increases, and the phase distribution of the discharge points has shifted and expanded. Comparing different defect types, the amplitude of point discharge increases with voltage while the amplitude of the other three discharge signals does not change much. The average discharge amplitude of point discharge is one order of magnitude smaller than the other three discharge types, but the number of discharges is one order of magnitude larger.
III. Recurrence Analysis of Experimental Results
In this paper, the time series of the PD signals are analyzed by the recurrence analysis method. Under the condition of AC voltage, the phase of PD must change periodically. Although there may be some systematic errors in the actual measurement, the recurrence analysis can play a similar effect to normalization. The amplitude of PD also contains important information, but it has a large variation range and strong randomness. The differences between different PD amplitude series are not as obvious as the phase series. In this paper, phase series are chosen as the original series for recurrence analysis. The steps are as follows: 1) Extracting one-dimensional time series. 2) Reconstructing the time series in phase space to form attractors. 3) Draw RPs according to the attractors. 4) Use RQA method to extract characteristics.
A. Time Series of PD Signals and Phase Space Reconstruction Method
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（a）surface discharge         (b) air-gap discharge
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(c) suspended discharge        (d) point discharge
Figure 8. Time series of PD phase under 1.1p.u.
The phase of the combined signals within per 2 s are respectively extracted as one-dimensional time series XP(t) for analysis. XP(t) within 20 power frequency cycles at 1.1 p.u. are intercepted for display. Under the condition of power frequency AC voltage, the change of phase series all exhibits periodic characteristics.
The one-dimensional time series is usually reconstructed in phase space according to the Takens theorem [17] based on time delay. For the time series: 

		(1)
In m-dimensional phase space, it extends into a phase shape:

		(2)
In which the time delay τ = k·Δt (k =1,2,3……), Δt is the unit time interval, tn = tN - (m-1) τ. Each column of the phase shape represents the coordinates of a phase point in the phase space.
Embedding dimension m and time delay τ are important parameters that affect the results of phase space reconstruction. They are also two key parameters of RP. Usually, the false nearest neighbor (FNN) method [18,19] is used to calculate the embedding dimension, and the average mutual information (AMI) method [20,21] is used to calculate the delay time. In this paper, the optimal embedding dimension of all the discharge phase series is 3. Therefore, the phase series of the four types of discharges can be reconstructed and analyzed in 3-dimensional phase space. In Figure 9. The red dots represent each phase point formed by the reconstruction, and the phase points are connected by dotted lines in sequence to form the trajectory of attractors.
The attractor trajectories formed by the phase series moves clockwise, and each cycle reflects the change of the time extension structure of the phase within one power frequency cycle. The attractor is formed by repeated circular motion of multiple single-period trajectories. The attractor trajectories gradually converge with the increase of discharge time, and form a relatively stable structure. The higher the voltage, the more similar the attractor trajectories under each cycle. By analyzing the differences of phase attractor of different defects, it can be found that at low voltage, the attractor shapes are obviously different. Except for point discharge, the phase points and attractor trajectories of the other three discharges are scattered. When the applied voltage is higher, the phases of the four discharges all form several clusters of different shapes, and the attractor trajectories are respectively convergent and stable.
The attractors can reflect the changes in the time series of PD from two aspects: (1) The position of each phase point in a single-cycle. The phase points in a single cycle do not jump successively between the gathering areas, but stay in each gathering area for a while, reflecting the smooth change of the PD phase in some specific time periods. When the PD phase changes abruptly, the phase point will jump from one gathering area to the next gathering area. (2) The trajectories of each cycle are similar. However, even for the same type of discharge under the same voltage, the phases of each discharge in each cycle are not the same, so the attractor trajectories formed by the motion of the phase points do not overlap. 
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(a1) 1.1 p.u. surface discharge  (a2) 1.9 p.u. surface discharge
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(b1) 1.1 p.u. air-gap discharge  (b2) 1.9 p.u. air-gap discharge
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(c1) 1.1 p.u. suspended discharge (c2) 1.9 p.u. suspended discharge
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(d1) 1.1 p.u. point discharge     (d1) 1.9 p.u. point discharge
Figure 9.  Three dimensional attractors of combined PD phase series
B. Recurrence Plot
RP enables to visualize the high dimensional attractor in 2-dimension [22]. For the reconstructed phase form (shown in equation (2)), the Euclidean distance between the i-th point and the j-th point is defined as:
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Calculate the recurrence values Ri, j to form the recurrence matrix:
	[image: ]	(4)
Where the threshold  is the third key parameter of RP. 
 In this paper, according to the experimental results, threshold of the phase series are set to 0.25 times each standard deviation ().
The RP takes i and j as the horizontal and vertical coordinates. A recurrence point (Ri,j =1) is represented by a black point in the RP. and a non-recurrence point (Ri,j =0) is represented by a white point. The operator H( ) is the Heaviside function:
	[image: ]	(5)
There is a line of identity (LOI) in the RP, and RP is symmetrical along the LOI. According to the definition of RP, the extraction of recurrence characteristics can reflect the distribution law of the distance among phase points, and quantitatively express the temporal change of the discharge information contained in the attractors. 
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(a1) 1.1 p.u. surface discharge      (a2) 1.9 p.u. surface discharge
[image: ]                        [image: ]
(b1) 1.1 p.u. air-gap discharge      (b2) 1.9 p.u. air-gap discharge
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(c1) 1.1 p.u. suspended discharge  (c2) 1.9 p.u. suspended discharge
[image: ]                       [image: ]
(d1) 1.1 p.u. point discharge      (d2) 1.9 p.u. point discharge
Figure 10. RPs of combined PD phase series
The RPs are drawn according to the PD phase points in the attractor as shown in Figure 10. For the phase RPs of the four defects, at 1.1 p.u., the recurrence points are generally distributed along the diagonal direction, indicating that the phase attractors have periodic structure. However, the distribution of recurrence points is relatively scattered, indicating that the evolution of attractors is relatively disordered. The white cross area in the RPs represents the presence of short-term mutations in the attractor. The RP structures of the four defects at 1.1 p.u. are obviously different. However, the RPs at 1.9 p.u. all exhibit the multiple repetitions of the small units, forming regular structure with long diagonals. It shows that the PD phase series of the four defects has strong regularity and periodicity at high voltage levels, which is consistent with the conclusion drawn from the attractors. As the discharge develops, the recurrence points are more densely distributed.
C. Recurrence Quantification Analysis
Recurrence quantification analysis (RQA) method quantifies the distribution of recurrence points, diagonal structures, and vertical structures in RPs, reflecting the state of attractors in phase space, quantitatively express the temporal changes of the discharge information contained in the attractor.
Considering that different recurrence characteristics have commonalities in reflecting the evolution of phase space, this paper calculates four representative recurrence characteristics [23-25] for example, which are: Recurrence Rate (RR), Determinism (DET）, Laminarity (LAM) and Entropy (ENTR).
(1) RR represents the percentage of recurrence points in the RP plane to the total number of points that can be accommodated in the plane, and the expression is: 
	[image: ]	(6)
(2) DET represents the percentage of recurrence points participating in the diagonal structure in the recursion graph in all total recurrence points, and the expression is: 
	[image: ]	(7)
In the formula, lmin is the minimum threshold of the diagonal length, and the default value is 2. p(l) represents the number of diagonal lines of length l in the RP.
(3) LAM represents the percentage of recurrence points in the RP that participate in the vertical or horizontal line structure in all recurrence points, and the expression is:
	[image: ]	(8)
Where vmin is the minimum threshold of vertical line length, the default is 2. p(v) represents the number of vertical lines of length v in the RP:
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(4) ENTR is the Shannon entropy of the diagonal length distribution in the RP, and its expression is:
	[image: ]	(10)
where P(l) is the probability distribution density for different diagonal lengths:
	[image: ]	(11)
For 4 defect types under 5 different voltages, 150 groups of discharge phase series were extracted every 2 s. Perform recurrence quantitative analysis on each time series, calculate each RR, DET, LAM and ENTR, and count the mean and standard deviation of recurrence characteristics obtained in each group of experiments to form the recurrence analysis result.
RR reflects the concentration of attractors formed by a one-dimensional sequence after reconstruction in the phase space. In the high-dimensional phase space, the closer the attractor trajectories are to each other, the more recurrence points are formed, and the greater the RR is. As a feature based on the diagonal structure, DET characterizes the probability of repeated occurrence of a certain continuous evolution state of the attractor, reflecting the predictability of the PD attractors. As a feature based on the vertical line structure, LAM can reflect the situation the attractor trajectory returns and stay in a certain state, and characterize the response speed of the attractor state change, thus indicating its stability. ENTR characterizes the complexity of the deterministic structure of the attractor. The higher the complexity, the greater the variation range of the diagonal length in the RP, and the greater the value of ENTR. On the contrary, for the random structure with low complexity, the value of ENTR is smaller.
IV. Discussion
A. Influence of voltage on recurrence characteristics of PD phase series
Figure 11 shows the variation trend of the recurrence feature quantities of the PD phase sequences of the four defects with the applied voltage. Figure 11(a) shows the variation of RR with applied voltage, reflecting the change in the overall structure of the phase attractor. The RRs of the four defects are all segmented at 1.5 p.u. with different trends, indicating that the phase point aggregation areas in the attractors have shifted to different degrees, or new aggregation areas have appeared.
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[bookmark: _Hlk115346110]（a）RR                                    （b）DET[image: ]
（c）LAM                                 （d）ENTR
Figure 11.  Curve of PD phase recurrence characteristics with voltage
As shown in Figure 11(b), for all defects, the DETs are the smallest at 1.1p.u., indicating that the distribution of phase points in the reconstructed attractor is more dispersed (see Figure 10. a1, b1, c1 d1), reflecting the strong randomness and high dispersion of the phase series. As the applied voltage increases, the DET gradually increases and approaches to 1, indicating that the proportion of the points participating in the formation of the diagonals increases, that is, the phase points have stronger aggregation and the trajectories of each cycle of the phase attractor are more similar. The movement of phase points within each aggregate area or between aggregate areas is more orderly. 
As shown in Figure 11(c), the LAMs of the defects are the smallest at 1.1p.u., which is due to the wider distribution of phase points and less aggregation in the specific state, indicating that the phase series changes unstably. With the increase of the applied voltage, the LAM gradually increases and approaches to 1, indicating that the proportion of the points participating in the formation of the vertical line increases, reflecting that the phase attractor structure is gradually stable, the scatter outside the aggregation area decreases, and the phase points return to several specific aggregation states more frequently.
As shown in Figure 11(d), as the applied voltage increases, the ENTR of the four defects also increases, indicating that the complexity of the deterministic structure in the phase recursion graph increases. The gathering area of the phase attractor is gradually stretched, and the PD phase occurs more continuously in a few specific states in each cycle.
The recurrence characteristics of the phase series show that changing the applied voltage influences the intensity of the discharge and thus changes the aggregation of the PD phase attractor structure. Under higher applied voltage, PD phase attractors have higher predictability and stability. When the applied voltage is greater than 1.5 p.u., the PD is more severe, and the complexity of the phase attractor continues to increase with voltage. The difference in phase recurrence characteristics helps to distinguish different developmental stages of the PD.
B. Differences in PD recurrence characteristics of different defects
For the recurrence characteristics of the PD phase series, the DET, LAM and ENTR values of the air-gap discharge are smaller than those of the other three discharges, indicating that the PD phase distributes randomly and the complexity of the phase attractor is low. The recurrence characteristics of point discharge are the most prominent, in which DET and LAM are always close to 1, and the ENTR value is also higher than the other three defects. Although the increase of the applied voltage will change the discharge form, it is still dominated by the dense discharge in the negative half cycle, and the phase attractor is always in a relatively regular state. In general, the air-gap discharge phase has the strongest randomness and the lowest complexity, followed by the suspension discharge. Compared with the suspension discharge, the surface discharge is slightly more stable and complex. The point discharge has the best predictability and stability and the highest complexity.
In addition, since the selected phase series RP can be approximately regarded as the repetition of the unit structure in the vertical and diagonal directions in the macroscopic view, the difference of RP units under a single power frequency cycle can intuitively illustrate the difference between the defects. Figure 12 shows the unit structure of the four defect discharge phase sequences located on the main diagonal of the recursion graph under 1.9 p.u. that is, the constituent units of the periodic structure of the phase RP shown in Figure 10 (a2, b2, c2, d2) can reflect the shape characteristics of a single cycle of the attractor. The attractor trajectories of different defects are different due to the number and the specific phase of the discharges in a single cycle, and the lengths of the diagonal and vertical lines formed in the corresponding RP unit structure are also different. These differences in unit structure can also be used for pattern recognition of PD types.
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(a) 1.9 p.u. surface discharge  (b) 1.9 p.u. air-gap discharge
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(c) 1.9 p.u. suspended discharge  (d) 1.9 p.u. point discharge
Figure 12.  Units of RPs of PD phase series（at LOI）
C. Application of recurrence characteristics in pattern recognition
PD pattern recognition can be performed based on the statistical characteristics of PRPD and recurrence characteristics of time series. The statistical characteristics involve positive and negative two half cycles. According to Hq() distribution [26], the extracted 10 characteristics are as follows: discharge asymmetry Q, phase asymmetry , cross-correlation factor cc, modified cross-correlation factor mcc, Skewness Sk, Sk, Kurtosis Ku, Ku, and the number of local peaks Pe, Pe. These characteristics were used as the feature vectors, and the 4-layer back propagation (BP) neural network was used as the classifier for training. The ratio of training samples to test samples was 1:3. The pattern recognition results are shown in Table 1.
A total of 10 recurrence characteristics (RR, DET, ENTR, L, Lmax, LAM, Hmax, TT, 2, RPDE) were extracted from each time series of PD phase to form feature vectors. The same classifier was used for training and recognition. The recognition results are also shown in Table 1. The results show that, under the same conditions, the recurrence characteristics as input vectors have higher recognition accuracy than PRPD statistical characteristics for four typical defect types, indicating the recurrence characteristics better reflect the variation of the original discharge phase and can characterize the differences between PDs caused by different defects.
Table 1. Recognition results of PD
	Defect
	Total sample number
	Recognition accuracy of 
different characteristics (%)

	
	
	Statistical
	Recurrence
	Joint

	Surface discharge
	661
	88.98
	96.37
	99.70

	Air-gap discharge
	720
	99.01
	100
	100

	Suspended discharge
	750
	91.53
	99.88
	100

	Point discharge
	600
	99.48
	100
	100


The two kinds of characteristics are comprehensively selected for joint recognition. 10 characteristics are selected, including 5 recurrence characteristics (RR, DET, ENTR, LAM, 2) and 5 statistical characteristics (mcc, Sk, Sk, Ku, Ku) to form feature vectors. Combining the two kinds of characteristics for pattern recognition can make the recognition accuracy close to 100%.
V. Conclusion
In this paper, an optical-UHF combined PD detection system based on SiPM and UHF antenna is used to detect the optical signals and UHF signals of PD caused by four typical defects under AC voltage, and the data fusion method is proposed. The development of PD under different voltages and defect types are explained by recurrence analysis of the phase series of the combined signal. The conclusions are as follows: 
1) For the PD phases of all defect types, the RR appears segmented as the voltage increases due to the change of overall structure of the phase attractors. DET and LAM showed an upward trend with the increase of the applied voltage, indicating that the predictability and stability of the phase attractor increased. ENTR continued to increase with the voltage, reflecting the improvement of the complexity of the phase attractor.
2) The recurrence characteristics can effectively reflect the difference between PDs caused by different defects. For the PD phase series, the order of the predictability, stability, and complexity of four defect types are all as follows: point discharge is the highest, followed by surface discharge and suspension discharge, air-gap discharge is the lowest. 
[bookmark: _Hlk117350378]3) The recurrence characteristics can be used as the input vectors of BP neural network for PD pattern recognition, and the recognition accuracy of the four typical defects is higher than that of PRPD statistical characteristics. The accuracy of joint recognition is the best.
In the future, the amplitude and voltage of PD can be used as the original time series to further supplement the recurrence characteristics of PD and analyze the nonlinear dynamics of different kinds of PD.
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