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Abstract
Interplanetary coronal mass ejections (ICME) are the interplanetary manifestation of Coronal Mass Ejections (CME). They are generally identified by characteristics such as an enhanced and smoothly rotating magnetic field, low 
proton temperature, declining velocity profile and low plasma beta. However, these features are not all observed for each ICME due to their strong variability. Manual detection of ICMEs through visual inspection is thus a time-consuming 
and fastidious task biased by the observer interpretation leading to non exhaustive, subjective and hardly reproducible catalogs. Moreover, the use of empirical thresholds on all or a subset of these criteria to automatize the detection is not 
flexible enough and leads to lots of missed detection or false positives.

 Here, we use convolutional neural networks on different windows of data to provide a fast and automatic detection of ICMEs that uses no knowledge specific to ICMEs. The method was tested on the in-situ measurements provided by WIND 
between 1997 and 2015 and on the 657 ICMEs that were recorded during this period. In addition to providing automatic ICME catalogs with few errors and with a fair number of ICMEs, the method offers a unambiguous visual proxy of 
ICMEs. The method also has the advantage of improving its performance by just increasing the amount of input data. Finally, the generality of the method paves the way for automatic detection of many different event signatures in 

spacecraft measurements. 

2: Method

Dataset:
In-situ measurement of solar wind parameters (Magnetic field, velocity, density, 
temperature, proton fluxes) by WIND space craft from 1997 to 2015 (10 min sampling). 

Computation of additional physical parameters (Dynamic pressure, Beta, Fluctuation 
level)

Union of different WIND ICME lists (Richardson&Cane 2016; Lepping et al. 2006; Jian et 
al, 2006; Chi et al. 2016; Nieves-Chinchilla et al. 2018) + ICME-like events detected by 
our algorithm 

Algorithm:
The data is grouped into windows of different sizes that slide over the period we 
consider

Similarity between an ICME and a window:

Use convolutional neural networks tu estimate the similarity for each window size

 

1: ICMEs
Interplanetary manifestations of Coronal Mass 
ejections

Can eventually be 
preceded by a  
turbulent sheath 
and a shock

Mainly characterized by an enhanced magnetic 
field intensity with a smooth rotation of its 
vector components, a low plasma β and a low 
proton temperature (Burlaga 1991)

Figure 1 : in-situ measurement of the parameters of 
an ICME by WIND spacecraft

Non exhaustivity of the existing lists
Ambiguity on the ICMEs starting and ending time
Previous automatic identification attempts (Lepping et al. 
2005) too much ICME specific
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Figure 2: 2D expected and predicted 
similarity map between April 2012 and 
July 2012

Post processs:
Gaussian fits and peak detection on the summed similarity to generate an ICME list

Figure 3: From the predicted similarity to an ICME 
list (green rectangles) passing by  the reduced 
similarity (green line). Red rectangles represent 
the ICMEs of our list

3: Results

Metrics:
Recall: ratio of expected ICMEs that were detected
Precision: ratio of detected ICMEs that were expected
Jaccard :  global similarity between the two ICMEs lists

Figure 4: Precision as a 
function of the recall (top)   
and Average precision as a 
function of the number of 
ICMEs used to fit our CNNs 
(bottom)

4:Robustness Figure 5 :evolution 
of the jaccard as a 
function of the 
temporal size of the 
predicted ICME list 
(left). The vertical 
dashed lines 
represent the 
temporal size our 
Reference list in the 
considered period. 
The gray interval 
represent the 
confidence interval 
we have for the 
Jaccard between 
two existing ICME 
lists  and physical 
parameters (right) 
of our predicted 
list compared to 
our Reference List

5:Conclusion
Best recall : 84 ± 4.5%
Best relevant Precision: 84 ±2.6%
Best compromise : 75% recall, 75% precision
Large number of ICME-like False Positives
 Provide an interpretation of in-situ data consistent with what a human observer would 
give

Performance will improve with increasing data
Next work : adaptation to other missions (ACE, STEREO, Cluster, …), improvement of 
the algorithm (SSD, …), detectino of different events (sheaths, shocks, ...)
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