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ABSTRACT7

Reconnecting current sheets in the solar wind play an important role in the dynamics8

of the heliosphere and offer an opportunity to study magnetic reconnection exhausts9

under a wide variety of inflow and magnetic shear conditions. However, progress in10

understanding reconnection can be frustrated by the difficulty of finding events in very11

long time series of data. Here we describe a new method to detect magnetic recon-12

nection events in the solar wind based on machine learning, and apply it to Helios13

spacecraft data in the inner heliosphere. The method searches for known solar wind14

reconnection exhaust features, and parameters in the algorithm are optimized to maxi-15

mize the Matthews Correlation Coefficient using a training set of events and non-events.16

Applied to the whole Helios dataset, the trained algorithm generated a candidate set of17

events which were subsequently verified by hand, resulting in a database of 88 events.18

This approach offers a significant reduction in time needed to construct event databases19
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compared to purely manual approaches. The database contains events covering a range20

of heliospheric distances from ∼ 0.3 to ∼ 1 au, and a wide variety of magnetic shear an-21

gles, but is limited by the relatively coarse time resolution of the Helios data. Analysis22

of these events suggests that proton heating by reconnection in the inner heliosphere23

depends on the available magnetic energy in a manner consistent with observations in24

other regimes such as at the Earth’s magnetopause, suggesting this may be a universal25

feature of reconnection.26

Keywords: magnetic reconnection — Sun: solar wind — machine learning — Helios27

1. INTRODUCTION28

Solar wind reconnection is crucial for many aspects of heliospheric physics such as modification29

of the global heliospheric magnetic field topology, erosion of large-scale structures including coronal30

mass ejections, solar wind heating and energetic particle acceleration (e.g. Gosling 2012; Bale et al.31

2016; Kasper et al. 2016); it is therefore a science target for both Parker Solar Probe (Fox et al. 2016)32

and Solar Orbiter (Müller et al. 2013). Reconnection exhausts in the solar wind can grow to very large33

sizes, and exhausts have been encountered at a range of distances to the X-line (extending to 100s34

of Earth radii) (Phan et al. 2006, 2009; Eriksson et al. 2009; Gosling et al. 2007; Mistry et al. 2015,35

etc.), exceeding sizes typically observed in e.g. planetary magnetospheres. Furthermore, magnetic36

reconnection occurring across current sheets in the solar wind provides an excellent opportunity to37

study the physics of exhaust structure and plasma heating for a wide variety of inflow conditions and38

magnetic shear angles (Gosling et al. 2005; Drake et al. 2009; Phan et al. 2010; Eastwood et al. 2013).39

Reconnection in the inner heliosphere is likely to be characterized by lower plasma beta, which may40

affect exhaust structure, heating, and particle acceleration (Kontar et al. 2017; Drake & Swisdak41

2014).42

Whilst solar wind reconnection has been observed throughout the heliosphere, it has mainly been43

studied using data from spacecraft in the vicinity of 1 au. The majority of studies use direct inspection44

as the primary method of discovering magnetic reconnection events (e.g. Gosling et al. 2005; Phan45



MAGNETIC RECONNECTION MACHINE LEARNING 3

et al. 2010; Mistry et al. 2016, 2017b). Whilst most events can be discovered this way for small time46

frames (e.g., days or weeks), this approach becomes impractical for the analysis of long data sets,47

extending to many years or decades. Furthermore, an automatized detection algorithm will not suffer48

from bias or other human factors and will apply selection criteria consistently and uniformly.49

Here we describe a new method to facilitate the detection of magnetic reconnection in the so-50

lar wind. The approach characterizes standard and robust features of previously identified solar51

wind reconnection events in a series of parameters, and uses machine learning to optimize thresh-52

olds for new event identification within these parameters. In particular, the method described be-53

low uses a training dataset to determine the best possible parameters for the automation by grid-54

searching and/or random-searching parameters and finding their associated Matthews Correlation55

Coefficient (Matthews 1975). Although verification of the algorithm output is subsequently required56

to identify and remove false positives, the method enables a considerably faster analysis of the data.57

The method is demonstrated by detecting new events in data from the Helios spacecraft (e.g. Marsch58

& Schwenn 1990, and references therein), which measured the solar wind in the inner heliosphere59

from 0.3 - 1 au. Previous inner heliosphere reconnection studies using Helios have been based on a60

set of 28 events identified by eye (Gosling et al. 2006). Applied to 14 years of Helios 1 and 2 data,61

77 new events were were detected, based on an initial training set derived from Gosling et al. (2006).62

However, we note that the time resolution of the Helios data is relatively coarse compared to other63

missions, and the true occurrence rate of solar wind reconnection in the inner heliosphere is likely64

to be higher since solar wind reconnection events lasting only a few seconds have been detected by65

spacecraft at 1 au (Gosling 2012). This has implications for novel high-time resolution observations66

by Parker Solar Probe and Solar Orbiter where the methodology presented here may find further67

application. This expanded database is used to examine some general properties of inner heliosphere68

magnetic reconnection, including the nature of ion heating which is found to be consistent with69

observations in other regimes, implying that heating by reconnection may follow a similar scaling law70

in a variety of environments.71
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The manuscript is structured as follows. In section 2 we describe the data sources and the anal-72

ysis method. In section 3 we show the results of the machine learning, example events found by73

the method, and statistics relating to the occurrence of solar wind reconnection in the inner helio-74

sphere. In section 4 we discuss the properties of solar wind reconnection exhaust heating in the inner75

heliosphere, and conclusions are presented in section 5.76

2. METHODOLOGY77

An overview of the event detection algorithm is summarized in Figure 1 as a flowchart. Following78

the initial data acquisition and processing, it is divided into three stages: correlation analysis; rotation79

into a local current sheet coordinate system; and further tests including the Walén test (Paschmann80

et al. 1979; Sonnerup et al. 1981).81

Each stage of the event detection algorithm requires parameters, such as the time intervals to be82

used for the correlation analysis, thresholds on the magnetic field variations, etc. For a study of83

individual events, these parameters would typically be chosen on an event by event basis. However,84

selecting parameters for every candidate event would be impractical for our statistical study, because85

we sought to analyse the entire Helios data set. Instead, a fixed set of parameters is chosen before86

searching the Helios data. We adopt a machine learning approach to fix these parameters, whereby87

we first consider a training set of known reconnection events and non-reconnection events in order to88

best ‘tune’ the parameters of the event detection algorithm. We vary the parameter values and their89

combinations, and then test the event detection algorithm on the training events for each variation,90

checking to see which choice of parameters most accurately classifies the training event set. To91

quantify the accuracy of the event detection algorithm during its training process, we utilize a metric92

called the Matthews Correlation Coefficient (MCC), which is explained in more detail in Section 3.93

Essentially, the MCC approaches a perfect score of +1.0 as more of the training events are correctly94

identified; thus, optimizing the MCC will yield an optimum set of parameters to use for searching95

the Helios1 data set. In particular we have used the reprocessed ‘corefit’ magnetic field and thermal96

1 available from http://helios-data.ssl.berkeley.edu

http://helios-data.ssl.berkeley.edu
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plasma dataset (Stansby et al. 2017, 2018) which is provided in the [R, T,N ] coordinate system.97

Helios 1 data is available from 1974-1984, and Helios 2 data from 1976-1980.98

Detection of Events

Download and
process data

Download data
using Heliopy

Format the data

Create new
columns if
necessary Check for events

in RTN
coordinates

Changes in magnetic
field and velocity

correlations?

YES
NO

Changes in the
average magnetic

field before and after
the 'event'?

NO Not an event

Create columns for
sum of correlations
and difference of

correlations

Change
coordinates to

XYZ coordinates

Check for events
in XYZ

coordinates

Are the changes in
amplitude or magnitude of
the magnetic field in the X
direction larger than in the

Y direction?

Find X, Y and Z
using hybrid
MVA analysis

NO

Not an event

YES

Are there at least two of the
following: sign of BX changes

after the event, BZ close to zero
before and after the event,
changes in vX larger than

changes in vY or vZ changes in
BX and vX are correlated on
one side of the event and
uncorrelated on the other?

YES

Walen test: is vX after the event
consistent with its predicted

value within some error range?

NO

YES

NO

Possible
reconnection

event

YES

Changes in
the magnetic
field before

and after the
'event'?

NO

YES

Figure 1. Flowchart summarizing the reconnection detection algorithm.
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2.1. Correlation Analysis99

Given the large extent of solar wind reconnection exhausts and the small size of the diffusion region,100

spacecraft typically observe crossings of the reconnection exhaust as it is convected past in the solar101

wind (Gosling et al. 2005). Reconnection events are characterized by a change in correlation of102

the magnetic field and velocity at the two exhaust edges, due to the Alfvénic disturbances of the103

exhaust being parallel to the magnetic field on one side of the exhaust, and anti-parallel on the other104

side (Gosling et al. 2005). The reconnecting component of the magnetic field changes sign across the105

exhaust; the duration depends both on the thickness of the exhaust (which varies with distance from106

the X-line) and the angle between the current sheet normal and the solar wind flow.107

The first part of the detection process therefore examines whether there are significant changes in108

correlation between the magnetic field B and the proton velocity v. To capture this, we construct a109

correlation metric C where110

C = ±
√

∆vR∆BR/σv,RσB,R

∆t
±
√

∆vT∆BT/σv,TσB,T

∆t
±
√

∆vN∆BN/σv,NσB,N

∆t
. (1)

Here ∆t is the time step and ∆Bi and ∆vi (i = R, T,N) are the changes during one time step of111

the ith component of B and v respectively. The parameters σv,i and σB,i are obtained by finding 〈Bi〉112

and 〈vi〉 over a sliding window of ten minutes duration, subtracting it from the corresponding Bi and113

vi, and then taking the standard deviation of the new time series. Each term in the sum of equation 1114

is treated as positive if the product under the square root is positive, and negative otherwise. Given115

the generally Alfvénic nature of the solar wind, we expect the sign of each term to be the same, and116

consequently, if B and v are correlated then C is positive, whereas if C is negative, this indicates an117

anti-correlation.118

Large changes in correlation were then defined as a function of the surrounding values of C and119

|dC/dt|. Each point p in the data set was compared to the values surrounding it over a window of120

±6.75 minutes (optimised by maximising the MCC) on each side. Reference points were then defined.121

For C outliers, the reference point was defined to be 0. (Note that in this case, three minutes on122

each side of p were removed. The window length was still 13.5 minutes, but with a gap close to123
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the potential event, allowing the algorithm to detect events even when a series of points are outliers124

compared to their surroundings.) For |dC/dt| outliers, the reference point was defined to be the125

median of the values in the window. If the values of C and |dC/dt| at p compared to the reference126

point exceeded σC or σ|dC/dt| by some threshold (again optimised by maximising the MCC), then127

the point was considered an outlier. This approach was found to satisfactorily capture only large128

changes in the correlation that correspond to magnetic reconnection events and avoids small changes129

corresponding to fluctuations in the ambient solar wind, as illustrated in Figure 2.130

Panels (a-c) show the R, T , and N components of B and v in pink and blue respectively. The131

reconnection exhaust was observed at just before 07:00 UT, and is primarily evident in the R and132

T components of the velocity. Figure 2(d-e) shows C and |dC/dt|, where the absolute value of the133

derivative is taken for convenience. C is large immediately adjacent to the reconnection exhaust,134

and changes from being strongly positive to strongly negative. Figure 2(f) shows the corresponding135

signatures in one component of the current sheet coordinate system, discussed in more detail below.136

The algorithm then retains only events where there is a ‘significant’ change in correlation associated137

with ‘strong’ anti-correlations and correlations (as opposed to e.g., a strong correlation followed by138

a weaker one, which would still lead to a change in correlation). The meanings of ‘significant’ and139

‘strong’ were defined by maximizing the MCC (see section 3 below). If these conditions were fulfilled,140

the time at which this occurred was retained for further analysis.141

A further requirement is that the magnetic field changes from one stable orientation to another142

stable orientation either side of the change in correlation. The duration over which the average field143

was calculated was also optimized as part of the procedure described in section 3.144

2.2. Rotation to current sheet coordinate system145

Subsequent analysis of candidate solar wind reconnection exhausts is best performed in a local146

current sheet coordinate system [X, Y, Z], where X is aligned to the reconnecting field, Y is in the147

out-of-plane direction, and Z is normal to the current sheet. This is because the reconnection exhaust148

should be seen in the X direction, and the reversal in the magnetic field across the current sheet149

should also be confined to the X direction, with the Z component being negligible. This can be seen in150
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Figure 2. Solar wind reconnection exhaust observed by Helios 2 on 25 January 1978 at 06:56 UT. (a-c)

R, T, and N components of the magnetic field (pink) and proton velocity (blue - N.B. variability in vT is

assumed to be due to instrumental effects); (d-e) correlation metric C and its derivative; (f) local current

sheet X component of the magnetic field (pink) and proton velocity (blue). The blue dots in (d) and (e)

represent outliers in the data, while the gold dots in panel (f) represent the thresholds for vX suggested by

the Walén test.

Figure 2(f). Here we identify the [X, Y, Z] coordinate system using hybrid minimum variance analysis151

(hybrid MVA) applied to a ±30 minute interval centered on the exhaust (Sonnerup & Scheible 1998;152

Mistry et al. 2017a). X is obtained in the same way as in MVA, but Z is obtained by taking the153
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cross product of the magnetic fields of both incoming flows (therefore BZ is zero at the two edge154

points); Y is then the cross product of Z and X (Mistry et al. 2017a).155

2.3. Further tests including the Walén test156

Other tests are then applied to candidate events to increase the likelihood that a positively identi-157

fication is made. The following procedure is applied (Mistry 2016):158

• Require that the variation in BX is larger than in BY , both in amplitude and magnitude: we159

require either |B1,X–B2,X | > |B1,Y –B2,Y | or B2
1,X +B2

2,X > B2
1,Y +B2

2,Y ,160

• Check for a change in correlation between BX and vX ,161

• Ensure that the changes in vX are larger than the changes in vY and vZ ,162

• Require that BX changes sign across the exhaust,163

• Verify that B1,Z = B2,Z = 0.164

The first requirement ensures that the expected current sheet magnetic field geometry is present.165

It was found that to recover a sufficiently large number of events for visual verification, only two of166

the other four tests had to be satisfied for the candidate to be retained as a possible reconnection167

event. These checks were automated, and natural variability in the solar wind meant that the168

correct intervals were not always chosen for computing these values, which in turn meant that some169

tests ended up not being satisfied even though the event was a reconnection exhaust. A more170

optimal method would be to determine the intervals for each event, but such a method has not been171

implemented at this stage.172

Finally, we applied the Walén test (Paschmann et al. 1979; Sonnerup et al. 1981) to each candidate173

event. This provides a check as to whether the velocity of the exhaust is Alfvénic (Blagau et al.174

2015). In particular, one can write that (Blagau et al. 2015; Hudson 1970):175

∆v = ±∆vA = ±
(√

1

µ0ρ2
B2 −

√
1

µ0ρ1
B1

)
(2)
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where symbols have their usual meaning. The subscripts 1 and 2 are used to denote the two sides176

of the exhaust. Furthermore, since the reconnection exhaust is expected to be aligned to the X177

direction, equation 2 can be further simplified by only taking the X components of B and v into178

account.179

The Walén test is theoretically satisfied if equation 2 is fulfilled exactly. However, most of the time,180

the observed speed is typically within 30% of the predicted value (Sonnerup et al. 1981; Paschmann181

et al. 1986). The MCC procedure described below is used to optimize the threshold values for the182

Walén test to be satisfied. All candidate events with an exhaust speed deemed consistent with the183

Walén test are retained.184

As a final check, the events produced by the detection algorithm were verified by hand. This leads185

to a final list of reconnection events that can be used for further analysis.186

3. APPLICATION OF MACHINE LEARNING TO IDENTIFYING SOLAR WIND187

RECONNECTION EXHAUSTS188

As noted above, several of the parameters in the algorithm described above were found by maximiz-189

ing the Matthews Correlation Coefficient (MCC) for a given set of events and non-events. The MCC190

is a way to determine how good a set of parameters is at giving true positives and true negatives (for191

a binary data set), by using the following equation (Matthews 1975):192

MCC =
TP× TN− FP× FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(3)

where TN, TP, FN and FP are the numbers of true negatives, true positives, false negatives and193

false positives respectively. The MCC can range from −1 to 1, with 1 being the optimal result, 0194

corresponding to random outcomes and −1 corresponding to a situation where the opposite results195

are given all the time (Hu & Pan 2007).196

Maximization of the MCC requires a training set; here we use 21 events previously identified197

by Gosling et al. (2006), and 20 non-reconnecting current sheets found by hand as the non-event198

set. The MCC was calculated for several sets and combinations of parameters, which form a grid199



MAGNETIC RECONNECTION MACHINE LEARNING 11

in n dimensions (where n is the number of parameters tested). Optimization of the parameters to200

maximize the MCC was first implemented with a grid search. Although relatively insensitive to201

grid resolution, this was found to be time consuming, taking several days to complete on a desktop202

machine when analyzing an extensive set of parameters. A random-search algorithm was therefore203

also implemented. While this method is less resistant to local maxima, it is much faster (taking a204

few hours) and does not restrict the search to the given parameters specified by the grid approach.205

The best overall MCC obtained with this method was +0.40 (TN = 20, TP = 6, FN = 15, FP =206

0), with the following parameter set and values found via random search:207

• An interval of ±6.75 minutes to analyze C and |dC/dt| on each side of the potential event,208

• A standard deviation of C, σC = 2.39,209

• A standard deviation of |dC/dt|, σ(|dC/dt|) = 2.91,210

• A magnetic field interval of ±4.91 minutes on each side to search for positive and negative B211

and the average of B on each side of the potential event,212

• Minimum and maximum Walén fractions of 0.99 and 1.14.213

The trained algorithm was then applied to the Helios 1 and 2 dataset. This resulted in a large214

database of several hundred candidate events which were then inspected by hand. This led to a215

database of 88 reconnection events which are listed in Table 1. Of these 88 events, 11 were previously216

found by Gosling et al. (2006), and formed part of the training set. This immediately illustrates an217

important limitation of the machine learning approach. Only if perfect performance can be achieved218

(i.e. MCC = 1) will the algorithm recover all the reconnection events in the training set, and by219

extension all similar events in the data. Nevertheless, this approach produced a roughly order-of-220

magnitude increase in the speed with which events could be identified, since it was necessary only to221

inspect the pre-selected candidates rather than the entire dataset during the parameter optimisation222

process.223

4. RESULTS224
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4.1. Statistical properties225

Figure 3(a-b) shows the number of events (panel a) and the dwell time (panel b) at different226

heliocentric distances. The occurrence rate of events is found to increase with distance from the227

Sun, except for 0.3-0.4 au, which does not follow the trend (see panel e). Figure 3(c-d) shows the228

occurrence of the events observed by Helios 1 (panel c) and Helios 2 (panel d) as a function of both229

time and distance from the Sun. In each case, the distance of the spacecraft from the Sun is shown in230

blue, and vertical blue bars mark data gaps. The occurrence of reconnection is shown in histogram231

format as grey bars, and also as black circles plotted on top of the heliospheric distance trace. This232

figure shows that although reconnection exhausts were observed throughout the range of heliocentric233

distances covered by the Helios orbit, they did not occur uniformly in time.234

Statistical analysis shows that most reconnection events at 1 au last less than 2 minutes (Mistry235

2016), and reconnection exhausts may last only a few seconds. It is possible that reconnection nearer236

the Sun may tend to be shorter in duration, and would not be as easily detected in the Helios data237

where the time resolution is of the order of 40 seconds. Further studies with higher time resolution238

data should resolve this question.239

Finally, in the solar wind, it has been demonstrated that the magnetic shear across the reconnec-240

tion exhaust can range from 180◦ (i.e., purely antiparallel) down to almost 0◦ (strong guide field241

reconnection) (Gosling 2012). Here we find that the database contains events with a wide variety242

of magnetic shear, as shown in Figure 4. This demonstrates the ability of the algorithm to detect243

even events with small magnetic shear where the reconnection jet is likely to be weaker than for244

antiparallel reconnection.245

4.2. Other events found as a by-product of the analysis procedure246

In the process of selecting candidate events, the algorithm may also produce events which are of247

interest but not directly the goal of the selection process. For example, Figure 5 shows a candidate248

event returned by the algorithm which is not included in the final list of exhaust crossings but is249

nevertheless of interest. Located at 0.96 au from the Sun, the current sheet is associated with what250
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Helios 1 Helios 2

DD/MM/YYYY HH:MM DD/MM/YYYY HH:MM DD/MM/YYYY HH:MM DD/MM/YYYY HH:MM

15/12/1974 08:32 19/01/1977 13:20 27/01/1976 07:04 22/02/1977 02:58

15/12/1974 20:01 29/01/1977 02:34 28/01/1976 05:11 27/02/1977 03:12

27/12/1974 00:32 03/02/1977 05:20 29/01/1976 13:40 31/03/1977 12:52

30/12/1974 23:03 20/02/1977 14:37 30/01/1976 01:46 18/04/1977 08:38

18/01/1975 13:44 15/04/1977 20:44 30/01/1976 03:32 23/11/1977 09:27

18/01/1975 15:26 30/10/1977 21:04 03/02/1976 08:55 04/12/1977 07:13

20/01/1975 23:15 25/11/1977 04:48 04/02/1976 00:09 04/12/1977 10:34

07/02/1975 01:22 03/03/1978 10:56 24/02/1976 15:47 05/12/1977 18:13

07/02/1975 12:06 10/12/1978 10:00 25/02/1976 19:50 09/12/1977 14:07

26/03/1975 00:54 23/12/1978 01:53 03/03/1976 21:27 16/12/1977 22:33

22/09/1975 03:46 19/01/1979 21:27 04/03/1976 09:41 31/12/1977 03:18

31/10/1975 14:42 10/03/1979 02:45 13/03/1976 11:56 31/12/1977 07:41

09/11/1975 21:17 28/01/1980 02:52 29/11/1976 23:10 21/01/1978 08:19

17/11/1975 00:52 09/02/1980 00:51 02/12/1976 19:21 25/01/1978 06:56

08/12/1975 02:08 17/02/1980 17:45 02/12/1976 23:43 27/01/1978 07:04

16/12/1975 22:56 27/04/1980 19:42 06/12/1976 06:03 28/01/1978 07:19

19/12/1975 20:59 29/05/1980 15:39 06/12/1976 06:37 23/02/1978 17:34

23/12/1975 03:33 30/06/1980 10:55 15/12/1976 01:36 22/04/1978 00:24

23/12/1975 05:42 02/11/1981 12:10 04/01/1977 01:45 22/04/1978 10:31

05/04/1976 01:58 16/01/1977 06:08 03/05/1978 14:56

01/11/1976 00:07 22/01/1977 04:29 26/08/1978 16:20

01/12/1976 05:49 31/01/1977 17:59 05/09/1978 01:53

15/01/1977 14:54 22/02/1977 02:01 28/11/1978 13:31

Table 1. Dates and times of reconnection events in the Helios 1 and 2 datasets, as found in this survey.

Events previously identified by Gosling et al. (2006) are shown in bold.

appears to be a bi-directional jet which as expected is most prominent in Figure 5(g) showing BX251

and vx. A significant increase in the temperature is also observed during the current sheet crossing.252

There is also a bipolar variation in BZ during the crossing, which could be suggestive of an X-line253
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Figure 3. Occurrence of reconnection events. (a) Time spent by Helios 1 and 2 at different heliocentric

distances. (b) Number of reconnection events as a function of distance from the Sun. (c-d) Events as a

function of distance from the Sun and time for Helios 1 and 2. The grey lines represent the fraction of events

normalised by the maximum number of events, and the blue shaded regions represent missing data. The

area of the circles is proportional to the number of events per day for each month. Note that the Helios 1

data is shown only through 1981 as no events were detected after this point. (e) Number of reconnection

events per day at different distances from the Sun.
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Figure 4. Histogram of the frequency of the magnetic shear angle for each reconnection event listed in

Table 1

crossing, although the change in sign of BZ is less clear. BZ is the most difficult parameter to measure254

in reconnection because it is usually small, and therefore sensitive to small changes in the coordinate255

system (unlike BX or BY ).256

The strength of the machine learning approach is that it enables a much more rapid survey of257

the data, whereas human skill allows for new, interesting and potentially unanticipated events to be258

identified. This event illustrates the strength of an approach which combines machine learning with259

human intervention.260

4.3. Reconnection heating261

According to theory, the proton heating due to reconnection, ∆Tp, should correspond to 1
3
mpv

2
A,262

where mp is the proton mass and vA is the Alfvén speed (Drake et al. 2009). The mpv
2
A scaling of the263

change in temperature is related to the magnetic energy per particle that is available in the inflow.264

However, several studies show that the temperature increase inside the exhaust is much lower than265

expected (Drake et al. 2009; Phan et al. 2014; Mistry 2016). Drake et al. (2009) found a scaling266

coefficient of 0.13 when examining 22 solar wind events at 1 au. Mistry et al. (2017a) subsequently267

found a similar number (0.12) based on 188 solar wind events at 1 au, while Phan et al. (2014) found268

a coefficient of 0.13 at Earth’s magnetopause.269
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Figure 5. A possible X-line crossing detected by Helios 2 on 5 February 1977. (a) Proton number density; (b)

proton perpendicular (pink) and parallel (blue) temperature (c-f) R, T, and N components, and magnitude,

of the magnetic field (pink) and proton velocity (blue); (c-f) X, Y, and Z components of the magnetic field

(pink) and proton velocity (blue) in the local current sheet coordinate system.
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These lower than expected scaling coefficients are not yet fully understood. It has been suggested270

that this could be due to a slowing potential in the exhaust where an electric potential can develop271

and limit the energy gain of the particles (Haggerty et al. 2015). This potential decreases the speed of272

ions injected in the exhaust to below the Alfvén speed, which could then reduce the gradient to below273

1
3

(Haggerty et al. 2015). However, the study by Phan et al. (2014) suggests that both sub-Alfvénic274

and Alfvénic jets show the same kind of gradient when their speed is compared to ∆Tp.275

The Helios database presented here offers an opportunity to extend this investigation into the inner276

heliosphere. Figure 6 shows ∆Tp plotted as a function of mpv
2
A. Both the Alfvén speed and the inflow277

temperature were obtained as in the Phan et al. (2014) study, while the exhaust temperature was278

obtained by taking the 90th percentile of the temperature within the exhaust. This characterizes the279

amount of heating without being unduly influenced by outliers as the Helios data can be noisy, and280

is consistent with previous approaches (Mistry 2016). We find that ∆Tp = 0.13mpv
2
A (see Figure 6),281

with a correlation coefficient of 0.63, in remarkable agreement with previous studies.282

Figure 6. Proton temperature change, ∆Ti, as a function of inflow magnetic energy per particle, mpv
2
A, in

reconnection exhausts observed by Helios.
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To explore the role of magnetic shear, the data have been further subdivided into low (θ < 90◦),283

medium (90◦ < θ < 135◦), and high (θ > 135◦) shear events. For high shear events the scaling284

coefficient stayed the same, at 0.131, but decreased to 0.009 when only low shear angles were taken285

into account. The worst correlation coefficient was obtained with small shear angles (0.40), while286

medium shear angles (between 90◦ and 135◦) showed the best correlation coefficient (0.69). In287

contrast, at the magnetopause, Phan et al. (2014) did not observe as strong a sensitivity to shear288

angle.289

The Helios data can also be used to investigate heating parallel and perpendicular to the magnetic290

field. Here we find the scaling coefficients between mpv
2
A and ∆Tperp and ∆Tpar to be 0.10 and 0.22291

respectively. These values are again close to those found previously in the Phan et al. (2014) study of292

magnetopause reconnection, who found scaling coefficients of 0.10 and 0.20. However, the coefficient293

of proportionality between ∆Tpar and ∆Tperp was found to be 0.28 (with a correlation coefficient of294

0.70). This is lower than the value (∼ 0.5) one may expect based on the scaling of the parallel and295

perpendicular temperatures, as well as different from Phan et al. (2014) who found a value of 0.51,296

and appears to be due to the larger scatter found in the Helios data. We note the the main difference297

between the two studies is the typical change in temperature during the events, which are higher in298

the Phan et al. (2014) study. This may indicate that ∆Tperp is less enhanced by reconnection if the299

overall temperature change is lower, or that heating in the inner heliosphere is more variable, but300

this requires further investigation.301

5. CONCLUSIONS302

In this work we have used machine learning to optimize an algorithm to detect reconnection ex-303

hausts in the solar wind. The algorithm is based on well-established generic features of solar wind304

reconnection such as changes in the correlation of the magnetic field and the solar wind velocity. It is305

trained by adjusting a variety of parameters so as to maximize the Matthews Correlation Coefficient.306

Here the training uses previously published reconnection events identified by hand. The output of307

the algorithm requires human intervention to finalize the list of events; in this way a database of 88308

events was constructed from 14 years of Helios observations in the inner heliosphere. Running on309
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a standard desktop computer, the time taken for both training the algorithm and surveying the 14310

years of Helios data is of the order of hours. Even taking account of the need to manually verify311

the algorithm output, this offers a very significant improvement compared to standard approaches312

requiring all the data to be inspected by hand.313

More specifically, in this application a blended approach using machine learning and human in-314

tervention is found to be optimal. The machine learning aspect significantly reduces the amount of315

data under consideration. Even with moderate performance, it is a very effective tool for rapidly316

identifying enough events to draw meaningful conclusions about the properties of reconnection in317

the solar wind. The human intervention also allows for serendipitous discovery and identification of318

other events that might otherwise be missed, as illustrated in Figure 5. Changes to the algorithm319

such as using different methodologies, optimization techniques and parameter choices could all im-320

prove its efficiency, but it is unclear as to whether an algorithm capable of detecting every solar wind321

reconnection event is fundamentally feasible. This underlines the fact that such surveys should be322

used with care when trying to establish the absolute prevalence of reconnection.323

Applied to the Helios dataset, events in the database occur over the full range of heliocentric324

distances covered by Helios, and a full range of magnetic shear angles. Analysis of the temperature325

increase shows that in the inner heliosphere a remarkably similar scaling coefficient is found as in326

other environments such as at the Earth’s magnetopause and at 1 au. However, the time resolution327

of the Helios data is relatively coarse, and this limits the number of reconnection events that can328

be observed. The analysis has also now been successfully applied to the Ulysses dataset, and future329

application of this and similar techniques to other datasets, including those from Solar Orbiter and330

Parker Solar Probe, should provide further insight.331
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