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➢
A regional, num

erical sim
ulation that accurately produces equatorial spread F (ESF) activity on a 

night-to-night basis is too com
putationally expensive to serve as a now

cast or forecast, 
m

otivating the developm
ent of a m

achine learning em
ulator.

➢
N

ew
ly im

plem
ented M

edium
 Pow

er ISR
 (M

PISR
) data from

 Jicam
arca R

adio O
bservatory 

(JR
O

) allow
s for near continuous observation of plasm

a drifts. 67 nights of sim
ulations driven 

w
ith M

PISR drifts form
 a training dataset for the em

ulator.
➢

D
im

ensionality reduction (C
A

E) and tim
e series forecasting (LSTM

) m
odels are paired to 

predict tim
e series in a reduced dim

ensional latent space.
➢

Em
ulator estim

ates of ESF activity show
 qualitative and quantitative accuracy across 30-60 

m
inutes w

ith over 40,000× speedup in evaluation tim
e relative to the sim

ulation.
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A regional, three-dim
ensional, data-driven 

sim
ulation [1] has been used to replicate 

plasm
a density irregularities associated w

ith 
ESF . Sim

ulation results have show
n 

accurate estim
ates w

hen com
pared to 

radar or satellite data [1,2]. C
om

putations 
include a finite-volum

e solver, and linear 
potential solver:

Figure 1: C
om

parison of radar observations and 
sim

ulated electron densities in the equatorial plane. 

JR
O

’s new
 M

PISR
 m

ode observes plasm
a 

drifts nearly every night. 67 nights of data 
from

 late 2023 have been used to drive the 
sim

ulation. Results w
ill act as training data 

for the m
ore efficient em

ulator.

The em
ulator m

odel consists of tw
o individual com

ponents that are coupled together during 
evaluation. First, a C

onvolutional A
utoencoder (C

A
E) is used to perform

 dim
ensionality 

reduction on sim
ulated electron densities, transform

ing to a latent space. Principal C
om

ponent 
Analysis (PC

A) w
as also utilized, but results w

ere w
orse (see D

im
ensionality Reduction section). 

N
ext, a Long-Short-Term

 M
em

ory (LSTM
) recurrent neural netw

ork is used to perform
 tim

e 
series forecasting in the latent space. Sim

ilarly structured em
ulators for global therm

osphere 
m

odels have show
n recent success [3,4].

Figure 2: Schem
atic of 

the em
ulator. 

C
om

ponents of the 
C

AE are highlighted in 
blue, w

hile the LSTM
 is 

highlighted in orange. 
D

ashed lines and boxes 
correspond to sections 
used during training 
only.
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Accuracy is quantified by w
eighing tw

o error 
m

etrics:
➢

M
ean R

elative Error (M
R

E): pixel-by-pixel 
error.

➢
Structural Sim

ilarity Index M
easure (SSIM

): 
sim

ilarity m
easure of tw

o im
age signals, 

com
posed of lum

inance, contrast, and 
structure scores [5].

PC
A

C
A

E

Error M
etric

Train
Validate

Test
Test (no 
O

ct. 20)
Train

Validate
Test

Test (no 
O

ct. 20)
M

RE
0.174

0.204
0.279

0.133
0.060

0.072
0.411

0.102
1-SSIM

0.030
0.036

0.039
0.023

0.005
0.006

0.035
0.011

Table 1: D
im

ensionality reduction reconstruction errors. O
ctober 20 w

as an outlier date w
ith particularly strong ESF.

Both principal com
ponent 

analysis (PC
A) and a 

convolutional autoencoder 
(C

AE) w
ere tested for reducing 

to a 20-dim
ensional latent 

space.

The C
A

E reliably produces 
m

ore accurate 
reconstructions, particularly 
capturing fine details of 
irregularities.

D
ue to its linearity, PC

A
 fails to 

capture steep density 
gradients, w

hich are the 
prim

ary nonlinear feature of 
interchange instabilities 
responsible for ESF [6].

The rem
ainder of results show

n 
utilize the C

AE.

Figure 5: Results of the C
AE-LSTM

 em
ulator for August 19, no ESF. (a) Latent space tim

e series w
ith black, blue, and red 

curves representing true, one step estim
ates, and dynam

ic estim
ates, respectively. (b) From

 left to right: sim
ulation 

results, true C
AE reconstruction, one step estim

ate reconstruction, dynam
ic estim

ate reconstruction. (c) M
RE (solid) and 

1
0
×
(1

−
𝑆
𝑆
𝐼𝑀

) (dashed) errors for true reconstructions, one step estim
ates, and dynam

ic estim
ates.

Figure 6: Results of the C
AE-LSTM

 em
ulator for O

ctober 15, topside ESF. Sam
e layout as Figure 5.

Figure 6: LSTM
 operation schem

atics for both (a) one step 
training, and (b) dynam

ic evaluation. G
reen, blue, and red 

boxes denote external drivers, true latent space values, 
and estim

ated latent space values, respectively.

➢
N

onlinear dim
ensionality reduction is necessary to 

capture nonlinear features of ESF irregularities.
➢

D
ynam

ic evaluation produces reasonable 30-60 
m

inute forecasts/now
casts of ESF developm

ent and 
relative intensity.

➢
Em

ulator estim
ates are evaluated in approxim

ately 2 
seconds, providing over 40,000× speedup.

➢
Larger training datasets are currently being developed 
using 2024-2026 M

PISR observations.
➢

Im
proved autoregressive tim

e series forecasting w
ill 

greatly benefit the m
odel.

➢
Lim

ited persistence of the PR
E [8] m

ay be a m
ajor 

roadblock in providing vertical drifts as a driver of the 
em

ulator.

A
n LSTM

 is used for tim
e series 

forecasting in the latent space. 
U

sing a w
indow

 of the previous 
𝑁
𝑊
𝑆  tim

e steps of latent space 
values and external drivers it 
estim

ates the latent values at the 
next tim

e step. W
e use 𝑁

𝑊
𝑆
=
5 

(6.25 m
inutes) and external 

drivers that are com
parable to the 

inputs used in the sim
ulation: 

D
O

Y, LT, Kp, F10.7, Vertical D
rifts, 

and H
orizontal W

inds.

➢
O

ne Step Training/Evaluation: 
True latent values are alw

ays 
used for predictions (Fig. 6a). 
This is optim

al for training, but 
not com

parable to forecast 
evaluations.

➢
D

ynam
ic Training/Evaluation: 

Estim
ated latent values are 

autoregressively used in future 
predictions (Fig. 6b). This w

as 
found to be unstable due to 
error accum

ulation w
hen used 

as a training algorithm
.

W
e introduce a new

 “noisy training” algorithm
 in w

hich the true latent values are injected w
ith 

G
aussian noise. The m

odel is then trained in a one step fashion w
ith noisy latent values. This 

procedure forces the m
odel to learn to correct its ow

n faults, lim
iting error accum

ulation.

Fig. 5 show
s em

ulator results for August 19, w
hen no ESF (or only bottom

-type irregularities) w
as observed. 

Tem
poral patterns of latent dim

ensions are generally captured by both evaluation strategies. N
o irregularities 

are produced in the topside. Errors rem
ain low

, w
ith the dynam

ic evaluation show
ing the largest error, 

likely due to error accum
ulation. Interestingly, the dynam

ic evaluation best captures the sm
all tilted 

w
avefronts indicative of bottom

-type irregularities [7].

Fig. 6 show
s em

ulator results for O
ctober 15, w

hen topside irregularities w
ere observed. D

ynam
ic evaluation 

fails to produce rapid fluctuations in latent space tim
e series suggesting the LSTM

 acts as a regulator. 
Estim

ated irregularities are clear and are produced at the correct zonal locations but are approxim
ately 

50-100km
 shorter than those observed and sim

ulated. All errors tend to grow
 beyond approxim

ately 40 
m

inutes suggesting dim
ensionality reduction is the prim

ary error source for topside ESF events. 

Figure 3: C
om

parison betw
een sim

ulations (left), PC
A reconstructions (m

iddle), and 
C

AE reconstructions (right), for three test nights w
ith differing levels of ESF activity.
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