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Topics

1. What is DAFFS?
◮ How does DAFFS work?
◮ What was done to make it operational?
◮ How well does it perform?

2. Comparison of two classifiers.

3. What constitutes success?



Overview of DAFFS

◮ Three modules to characterize active regions:
◮ NWRA MAG parameterizes the photospheric magnetic field.
◮ NWRA MCT parameterizes a Magnetic Charge Topology

(MCT) model of the coronal magnetic field.
◮ NWRA PFF parameterizes the prior flare peak soft X-ray

flux.

◮ Parameters are given to a nonparametric discriminant analysis
code to make forecasts.

◮ Includes cross-validation and bootstrap.

The development of DAFFS as an operational flare forecasting
system was done under NOAA/SBIR contracts
WC-133R-13-CN-0079 and WC-133R-14-CN-0103.



Photospheric Magnetic Field Parameters

Description Formula Variable
Distribution of Magnetic Fields

moments of vertical magnetic field Bz = B·ez M(Bz )
total unsigned flux Φtot =

∑

|Bz | dA Φtot

absolute value of the net flux |Φnet| = |
∑

Bz dA| |Φnet|

moments of horizontal magnetic field Bh =
√

B2
x + B2

y M(Bh)

moments of inclination angle γ = tan−1(Bz/Bh) M(γ)
Distribution of Horizontal Gradients of the Fields

moments of total field gradients |∇hB| M(|∇hB|)
moments of vertical field gradients |∇hBz | M(|∇hBz |)
moments of horizontal field gradients |∇hBh| M(|∇hBh|)
Distribution of Vertical Current Density

moments of vertical current density Jz = C(
∂By
∂x

− ∂Bx
∂y

) M(Jz )

total unsigned vertical current Itot =
∑

|Jz | dA Itot
absolute value of the net vertical current |Inet| = |

∑

Jz dA| |Inet|
Distribution of Force-free Parameter

moments of force-free parameter α = CJz/Bz M(α)
best fit force-free parameter B = αff∇×B |αff |

Can be approximated from only the line of sight field.
Requires the vector magnetic field.



Photospheric Magnetic Field Parameters

Description Formula Variable
Distribution of Current Helicity

moments of current helicity hc = CBz (∂By/∂x − ∂Bx/∂y) M(hc )

total unsigned current helicity Htot

c =
∑

|hc | dA Htot

c
absolute value of net current helicity |Hnet

c | = |
∑

hc dA| |Hnet

c |
Distribution of Shear Angles

moments of 3-D shear angle Ψ = cos−1(Bp ·Bo/BpBo ) M(Ψ)
area with shear > Ψ0, Ψ0 = 45◦, 80◦ A(Ψ > Ψ0) =

∑

Ψ>Ψ0
dA A(Ψ > Ψ0)

moments of neutral-line shear angle ΨNL = cos−1(
Bp
NL

·Bo
NL

B
p
NL

Bo
NL

) M(ΨNL)

length of neutral line with shear > Ψ0 L(ΨNL > Ψ0) =
∑

ΨNL>Ψ0
dL L(ΨNL > Ψ0)

moments of horizontal shear angle ψ = cos−1(B
p
h
·Bo

h/B
p
h
Bo
h ) M(ψ)

area with horizontal shear > ψ0 A(ψ > ψ0) =
∑

ψ>ψ0
dA A(ψ > ψ0)

Distribution of Excess Magnetic Energy

moments of excess magnetic energy ρe = (Bp − Bo )2/8π M(ρe )
total excess magnetic energy Ee =

∑

ρe dA Ee
Strong Gradient Polarity Inversion Line Measure

Schrijver’s R — R

Can be approximated from only the line of sight field.
Requires the vector magnetic field.



Magnetic Charge Topology Model

Partition the vertical magnetic field on
the boundary into flux concentrations:

◮ Identify all local maxima in |Bz |.

◮ Use a down-hill gradient method to
assign a label to each pixel above a
threshold.

◮ Perform a saddle-point merging of
partitions to reduce the number of
same polarity sources in weak field
areas, while retaining opposite
polarity intrusions of flux.



Magnetic Charge Topology Model

Represent each partition by a single
point source, located at the
flux-weighted center of the partition,
with magnitude equal to the flux in the
partition.



Magnetic Charge Topology Model

The connectivity matrix, ψij , is defined
as the flux connecting each pair of
sources.

◮ Construct the potential field due to
the collection of point sources.

◮ Trace field lines, initiated in
random directions from each
source.

◮ Estimate the connectivity from the
number of field lines connecting
each pair of sources.

Define flare forecasting parameters from the source and null
properties, and from the connectivity matrix.



Parameterizing the MCT Model

Description Formula Variable
Number of Sources

number of sources S

Distribution of Source Flux

moments of unsigned source flux M(|Φi |)
Magnetostatic Energy

Magnetostatic Energy EB =
∑

i<j

qi qj
|xi−xj |

EB

Number of Nulls

number of prone nulls Np0
number of upright nulls Nu0
number of coronal nulls Nc

Distribution of Connectivity

moments of number of connections per pole M(Ci )
total number of connections C =

∑

Ci C

number of connections to infinity C∞
Distribution of Domain Flux

moments of flux in each connection M(ψij )
Distribution of Flux Weighted Distance

moments of flux weighted distance between sources rij = |xi − xj | M(rij ,ψ)
Distribution of Flux per Distance

moments of flux per distance ϕij = ψij/|xi − xj | M(ϕij )
total flux per distance ϕtot =

∑

ϕij ϕtot

Flux Weighted Distribution of Tilt Angle

moments of flux weighted tilt angle ξij = tan−1 (yj−yi )

(xj−xi )
M(ξij ,ψ)



Parameterizing the Prior Flare Flux

Use the flare lists from NOAA, based on GOES data.

◮ Use the GOES class (peak soft X-ray flux) to determine a flare
index: C + 10×M + 100× X .

◮ Use this index evaluated over intervals from 6 hr to 24 hr prior
to the flare issuance time.

◮ Use the rate of change of this index.



Discriminant Analysis and Probability Forecasts

Use discriminant analysis to turn parameter values into a forecast.

The probability density function, fj , is
defined by

P(xa < x < xb) =

∫ xb

xa

fj(x) dx

where P is the probability that an
obvervation falls between xa and xb.

Forecast a region to flare whenever the probability density estimate
for flaring regions exceeds the probability density estimate for
nonflaring regions:

nf ff (x) ≥ nnfn(x) ⇒ predict a flare.
nf ff (x) < nnfn(x) ⇒ predict flare quiet.

where nj is the prior probability of belonging to population j ,
estimated as the sample size of population j .



Discriminant Analysis and Probability Forecasts

Use discriminant analysis to turn parameter values into a forecast.

The probability density function, fj , is
defined by

P(xa < x < xb) =

∫ xb

xa

fj(x) dx

where P is the probability that an
obvervation falls between xa and xb.

Alternatively, estimate the probability of a flare occurring as

Pf (x) =
nf ff (x)

nf ff (x) + nqfq(x)
.



Discriminant Analysis: Why and How?

Why use discriminant analysis?

◮ Can consider multiple variables and multiple populations
simultaneously.

◮ Minimizes the rate of incorrect classification (if the probability
density function is accurately known).

Parametric density estimates assume
a functional form for fj , typically a
Gaussian, and fit for the parameters.

Nonparametric density estimates
approximate the distribution directly
from the data.



What Was Done to Make DAFFS Operational?

◮ Remove MCT.
◮ Unnecessary computation for no significant improvement in

performance.

◮ Use NRT HMI data.
◮ NRT data have properties different from definitive data.
◮ Some NRT information is incomplete (e.g., NOAA region

assignments).

◮ Account for all sorts of data outages, missing data, etc.
◮ Need to always issue a forecast, not just skip that day.

◮ Separate training from forecast data.



What Does DAFFS Look Like?



What Does DAFFS Look Like?



Results from DAFFS for HMI Data

Best Brier skill scores, using cross-validation and bootstrap, for ∼
6 years of HMI data, one forecast per day, 24 hr validity, for 28,619
HARPs (not all distinct).

Latency 0hr 24hr 48hr

C1.0+
1-Var NPDA 0.38± 0.01 0.33± 0.01 0.29± 0.01
2-Var NPDA 0.45± 0.01 0.41± 0.01 0.38± 0.01

M1.0+
1-Var NPDA 0.21± 0.02 0.17± 0.02 0.12± 0.02
2-Var NPDA 0.30± 0.03 0.27± 0.01 0.23± 0.02

X1.0+
1-Var NPDA 0.12± 0.06 0.10± 0.06 0.09± 0.07
2-Var NPDA 0.15± 0.07 0.25± 0.06 0.14± 0.05

The two variable skill score values are likely overestimated because
of the small number of bootstrap samples and large number of
variable combinations.



Results from DAFFS for HMI Data

Best Brier skill scores, using cross-validation and bootstrap, for ∼ 6
years of HMI data, one forecast per day, 24 hr validity, for full-disk.

Latency 0hr 24hr 48hr

C1.0+
1-Var NPDA 0.37± 0.02 0.34± 0.02 0.27± 0.02
2-Var NPDA 0.42± 0.02 0.38± 0.02 0.31± 0.02

M1.0+
1-Var NPDA 0.23± 0.02 0.17± 0.02 0.12± 0.02
2-Var NPDA 0.31± 0.02 0.26± 0.02 0.19± 0.02

X1.0+
1-Var NPDA 0.12± 0.06 0.10± 0.06 0.07± 0.06
2-Var NPDA 0.16± 0.04 0.23± 0.05 0.12± 0.04

Using full-disk results for validation:

1. Makes it easier to compare different methods.

2. Avoids the issue of events not assigned to a region.



Results from DAFFS for HMI Data

Reliability (left) and ROC (right) plots for C1.0+, 0 hr latency,
24 hr validity, one variable NPDA.



Results from DAFFS for HMI Data

Reliability (left) and ROC (right) plots for M1.0+, 0 hr latency,
24 hr validity, one variable NPDA.



Results from DAFFS for HMI Data

Reliability (left) and ROC (right) plots for X1.0+, 0 hr latency,
24 hr validity, one variable NPDA.



Why Are We Not Doing Better?

Generally, forecasting methods are broken down into two steps:

1. Construct features characterizing the active region.

2. Apply a classifier to the features.

Either (or both) of these could be the limiting factor.

◮ Apply a different classifier to the same set of features and
compare the outcomes.

Much of this is similar to what Katarina showed yesterday.



Random Forest Classifier

An example tree.

FLUX_PER_DIST2_TOT <= 0.6365
gini = 0.1665

samples = 28619
value = [25996, 2623]

FL_24 <= -0.0691
gini = 0.0795

samples = 26058
value = [24978, 1080]

True

FL_24 <= 0.0206
gini = 0.479

samples = 2561
value = [1018, 1543]

False

gini = 0.0572
samples = 25051

value = [24313, 738]

gini = 0.4486
samples = 1007

value = [665, 342]

gini = 0.4847
samples = 1241

value = [729, 512]

gini = 0.342
samples = 1320

value = [289, 1031]

◮ The accuracy does not
significantly improve by
increasing the depth or by
adding more trees beyond
two or three.

◮ Nonparametric Discriminant
analysis results in a similar
accuracy.
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Effect of the depth on predictions

Accuracy as a function of the
maximum depth of tree (5 trees
in forest).

◮ Red line is the best two
variable NPDA accuracy.

◮ Black line is the best one
variable NPDA accuracy.

◮ Blue line is the accuracy
from predicting no event.



Random Forest Classifier

An example tree.

FLUX_PER_DIST2_TOT <= 0.6365
gini = 0.1665

samples = 28619
value = [25996, 2623]

FL_24 <= -0.0691
gini = 0.0795

samples = 26058
value = [24978, 1080]

True

FL_24 <= 0.0206
gini = 0.479

samples = 2561
value = [1018, 1543]

False

gini = 0.0572
samples = 25051

value = [24313, 738]

gini = 0.4486
samples = 1007

value = [665, 342]

gini = 0.4847
samples = 1241

value = [729, 512]

gini = 0.342
samples = 1320

value = [289, 1031]

◮ The accuracy does not
significantly improve by
increasing the depth or by
adding more trees beyond
two or three.

◮ Nonparametric Discriminant
analysis results in a similar
accuracy.
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Effect of the number of trees on predictions

Accuracy as a function of the
number of trees in the forest
(maximum depth 5).

◮ Red line is the best two
variable NPDA accuracy.

◮ Black line is the best one
variable NPDA accuracy.

◮ Blue line is the accuracy
from predicting no event.



Variables with Greatest Ability to Discriminate

The accuracy for the best
performing variables from NPDA.
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The relative importance of
variables in RFC.

◮ There is considerable overlap in the best variables from
discriminant analysis and the random forest classifier.



Correlations Among Variables

Two measures of the strong gradient
polarity inversion lines, R proposed
by Schrijver (2007) and WLSG2

proposed by Falconer et al. (2008).

The WLSG2 measure and the Beff

measure of the coronal magnetic
connectivity proposed by Georgoulis
& Rust (2007).

There are strong correlations among variables one might expect to
have independent information.



Summary of Classifier Comparison

◮ The Random Forest Classifier and Nonparametric
Discriminant Analysis result in similar accuracy (and other
metrics I didn’t show).

◮ Only a small number of features are needed to get the
majority of the predictive power.

◮ Different features have little independent information.

◮ The same features show up as important in both classifiers.

The two classifiers largely produce the same results.



What Makes for a Successful Forecast?

Discriminant Analysis with an 0.5 threshold (typically) maximizes
the accuracy (and Appleman SS):

M1.0+, 24 hr validity
observed

predicted event no event

event 33 18
no event 401 28167

Accuracy=0.985± 0.001
True SS=0.12± 0.03
Appleman SS=0.04± 0.02
Brier SS=0.21± 0.02



What Makes for a Successful Forecast?

Discriminant Analysis with an 0.5 threshold (typically) maximizes
the accuracy (and Appleman SS):

M1.0+, 24 hr validity
observed

predicted event no event

event 33 18
no event 401 28167

Accuracy=0.985± 0.001
True SS=0.12± 0.03
Appleman SS=0.04± 0.02
Brier SS=0.21± 0.02

This is achieved by predicting only a small number of events
because even at large Ee , there is a mix of events and non-events.



What Makes for a Successful Forecast?

Discriminant Analysis with an 0.5 threshold (typically) maximizes
the accuracy (and Appleman SS):

M1.0+, 24 hr validity
observed

predicted event no event

event 33 18
no event 401 28167

Accuracy=0.985± 0.001
True SS=0.12± 0.03
Appleman SS=0.04± 0.02
Brier SS=0.21± 0.02

But as noted by Katarina, there are many non-events at small
values of Ee which can be successfully forecast.



What Makes for a Successful Forecast?

Discriminant Analysis with an 0.5 threshold (typically) maximizes
the accuracy (and Appleman SS):

M1.0+, 24 hr validity
observed

predicted event no event

event 356 2738
no event 78 25447

Accuracy=0.901
True SS=0.72
Appleman SS=−5.49
Brier SS=−3.88

Treat the priors as equal, which approximately maximizes the TSS.
The result is a lower accuracy, and much lower Brier and
Appleman skill scores, but a much higher True Skill Statistic.



Conclusions

“What is the degree of stochasticity in flare occurrence? Can the
onset of flares and eruptions, in general, be predicted in a practical
manner?”

◮ I have no idea what the degree of stochasticity is.

◮ I would say no, we can not predict flares in a practical
manner. However. . .

◮ We can perhaps predict no flares in a practical manner.

◮ Much of what we are discussing isn’t “practical” in the sense
that it is done with data that aren’t always available in real
time.



Solar Physics Topical Issue on Flare Forecasting

Solicitation of Ideas for Topical Issues of Solar Physics

John Leibacher
30 August 2016

The journal Solar Physics publishes one or two Topical Issues (TIs) per
year dedicated to a focused topic, frequently with a small number of
survey articles introducing regular unsolicited articles, all of which benefit
from appearing together. Not infrequently, these stem from a
monothematic conference or conferences, but all articles submitted for
consideration for a TI are handled and refereed in the same way as
regular research papers, and submissions not associated with the
conference are solicited. Recent TIs include Solar and Stellar Flares:
Observations, Simulations, and Synergies (December 2015) and Probing
the Sun Inside and Out (November 2015). Sunspot Number
Recalibration should appear before the end of the year.

To aid in our planning, we solicit statements of interest from potential
Guest Editors of Topical Issues by 01 October 2016, via email to
john.leibacher.sola@gmail.com.

John Leibacher, Cristina Mandrini, Lidia van Driel-Gesztelyi, Michael
Wheatland


