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Abstract. Prediction and mitigation of extreme weather events are important scientific and societal challenges. Recently,
Miyoshi and Sun (2022) proposed a control simulation experiment framework that assesses the controllability of chaotic
systems under observational uncertainty, and within this framework, Sun et al. (2023) developed a method to prevent extreme
events in the Lorenz 96 model. However, since their method is primarily designed to apply control inputs to all grid variables,
the success rate decreases to approximately 60% when applied to a single site, at least in a specific setting. Herein, we propose
an approach that mitigates extreme events threugh-by updating local interventions based on multi-scenario ensemble forecasts.

odOur method achieves a high success rate,
reaching 94% even when applying interventions at one site per step, albeit with a moderate increase in the intervention cost.

Furthermore, the success rate increases to 99.4% during-for interventions at two sites. Unlike control-theoretic approaches
adopting a top—down strategy, which determine inputs by optimizing cost functions, our bottom—up approach mitigates extreme

events by effectively utilizing limited intervention options.

1 Introduction

Global warming has likely increased the frequency and intensity of extreme weather events worldwide, such as heatwaves and
heavy rainfall (IPCC, 2023). These threats are expected to escalate during the present century. Efforts to mitigate the risks posed
by extreme events include advancements in weather forecasting and the development of disaster-resilient infrastructures. More
ambitious projects have focused on active manipulation of weather systems. A prominent example is Project STORMFURY
conducted by the U.S. government from 1962 to 1983, which aimed to weaken tropical cyclones by seeding them with silver
iodide, although the initially promising results of this study were questioned in later studies (Willoughby et al., 1985).
Artificial weather control faces several fundamental challenges. First, meso- or synoptic-scale weather systems, such as
stationary rainbands and tropical cyclones, are significantly larger in scale than what we can feasibly influence through inter-
ventions. Second, weather systems are inherently chaotic and sensitive to the initial conditions, limiting system predictability.

Observational uncertainties and discrepancies between models and reality further increase the complexity (Palmer and Hage-
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dorn, 2006). Consequently, predicting the outcomes of interventions is inherently difficult. This paper proposes a mathematical
approach to alleviate these challenges.

Several mathematical algorithms have been proposed for mitigating extreme weather events through interventions. Hender-
son et al. (2005) proposed a method using the four-dimensional variational data assimilation to identify the smallest temperature
increments required for minimizing wind damage during a hurricane. Miyoshi and Sun (2022) proposed a framework called the
Control Simulation Experiment (CSE), which extends the concept of observing system simulation experiments to investigate
the controllability of dynamical systems under observational uncertainty. Their CSE successfully prevents regime transitions
in the Lorenz 63 model, whereas the CSE application of Sun et al. (2023) reduces the-namber-of-extreme events in the Lorenz
96 model. More recently, Kawasaki and Kotsuki (2024) introduced the model predictive control (MPC) within the CSE and
applied it to controlling the Lorenz 63 model (see also a paper by Nagai et al. (2024)). However, control methods such as the
MPC are computationally expensive. The computational cost of determining the optimal inputs can bottleneck practical appli-
cations of high-dimensional dynamical systems such as numerical weather predictions models. To overcome this bottleneck,
Sawada (2024a, b) introduced an ensemble Kalman filter—based control method, which efficiently finds local and intermittent
interventions, and applies it to controlling the Lorenz 63 and 96 models.

Following these previous works, we investigate—explore a mathematical algorithm that-mitigates—for mitigating extreme
events, using the Lorenz 96 model as a testbed. Practical weather control applications must be feasibly implementable. Given
the large scales of weather systems and the limited energy available for control, interventions will be typically constrained to
local sites and specific timepoints (Sawada, 2024b). The Lorenz 96 model is a minimal mathematical system for investigating
feasible control strategies in spatially extended chaotic systems (Lorenz, 1996; Sun et al., 2023; Sawada, 2024b). Sun et al.
(2023) proposed a method for mitigating extreme events in the Lorenz 96 model. Their method is primarily designed to apply

control inputs across all grid variables. When control is limited to a single site, ¢ the success rate

of their method declines to approximately 60%, at least in a specific setting. To improve the results of Sun et al. (2023), we
propose a new methodology that identifies effective local interventions.

Control-theoretic methods such as MPC are top—down approaches that compute optimal control inputs by minimizing a cost

function subject to given constraints asaki suld : ietak : stk : Kawasaki and Kotsuki

. In contrast, the present study pursues a bottom—up approach to mitigate extreme events using a finite set of available inter-
vention options. We assume that the-number-ef-available options for human intervention in weather will remain limited for
the foreseeable future, given the time required for technological advancements. Hence, we generate ensemble forecasts for a
limited set of local intervention scenarios and implement the most effective intervention based on these forecasts. To account
for the chaotic uncertainty in predictions, the selection of the “best” scenario is updated over time. The large number of poten-
tial intervention scenarios is reduced to a manageable subset to ensure computational feasibility. Despite this constraint, our

method mitigates extreme events in the Lorenz 96 model with high

The remainder of this article is organized as follows. The Lorenz 96 model, the local ensemble transform Kalman filter

(LETKF)-based data assimilation method, and our control algorithm for extreme events are explained in Sections 2.1-2.3,
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Figure 1. Extreme events in the Lorenz 96 model: (a) spatiotemporal variations of X;j(t) over 365 d. The two arrows indicate extreme
events exceeding the threshold value 14:217. (b) Time series of the maximum value across 40 sites at each time step. The horizontal red
line represents the threshold 14.217. (c) Histogram of 6-h maxima, representing the maximum X-values across all the sites within each 6-h

period.

respectively. Section 3 presents the results, and Section 4 discusses the limitations and potential extensions of our method. We
also highlight the similarity between our method and the so-called rare event algorithms, which efficiently simulate events with

extremely low probabilities (Ragone et al., 2018; Wouters et al., 2023; Cini et al., 2024; Sauer et al., 2024).

2 Methods
2.1 Lorenz 96 model and extreme events

The toy model of weather systems proposed by Lorenz (1996) contains J variables, X1, ..., X3 and is governed by
dX;

— = (Xj+1

it Xj 2)Xj 1

Xj+|:;

where F is a constant parameter. Periodic boundary conditions X3 1 =X 1, X3 = Xp, Xj+1 = X1 are assumed. The vari-
ables Xj can be interpreted as unspecified meteorological quantities measured along a circle of constant latitude of the Earth.
For common parameter values J =40 and F = 8 (Lorenz and Emanuel, 1998), the dynamics are chaotic (Fig. 1a). The time
unit is commonly assumed as 5 days (d) (Lorenz and Emanuel, 1998). The error doubling time of the Lorenz 96 model is
then comparable to those of modern General Circulation Models. The Lorenz 96 equation is integrated using the forth-order
Runge—Kutta method with a time step of t = 0:01 corresponding to 1.2 hours (h).

The Lorenz 96 model exhibits sporadic “extreme events” characterized by very high values. The method of Sun et al. (2023)

aims to prevent values of the variable Xj above a threshold of 14.217. On average, the maximum values across all the sites
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during each 6-h period (hereafter referred to as@iemaxima will-exceed the threshold twice per year (Figs. 1a and b).
Herein, we adopt the same threshold (14.217) to enable a straightforward comparison between our results and theirs. The
histogram of 6-h maxima is shown in Fig. 1c.

2.2 Data assimilation method

Data assimilation combines model simulations and noisy observations to estimate the state of a dynamical system. Data as
similation is essential in weather forecasting and was thus employed in previous weather control Bilidiesig-apaper

by-Sun-etal(2023)eur-dataassimilationmethodusesthe LETKFAS in. ;

Herein, we brie y outline the LETKF (Hunt et al., 2007; Kotsuki and Bishop, 2022). Consider a dynamical systems model
providing ensemble forecasdtz ") g, , wherem is the number of ensemble members and the sbftands for background
or forecast. The LETKF transforms the ensemble foredastd) g™, into ananalysis ensembliex3() g™, , whose meax @

minimizes the following cost function:
J)=(x xBT(P") *(x xP)+(y HE)'R 'y HX);

wherex? is the forecast meat®  is the forecast-error covariance matyxandH denote the observation vector and obser-
vation operator, respectively, ailis the observational-error covariance matrix (here assumed as diagonal). The rst term in
J(x) penalizes deviations of the analysis mean from the forecast, weighted by the con dence in the forecast. The second term
penalizes deviations from the observations, weighted by the con dence in the observations.

The LETKF optimizes the cost functiah(x) through an ensemble-based approach and localization principles. The back-
ground error covariance is approximatedmas —1-X P(X P)T, whereX  is the matrix of background ensemble pertur-
bations with thei-th column given byx®! xb. Equivalently, this expression can be writtenR8 Z°(Z?)T, where
Zb=X bP m 1. Based on observations, the analysis ensemble is updated in the reduced-dimensional subspace spanned b

Z ®. In particular, the LETKF updates the analysis on a grid by grid basis as

Xa = xb 1+2Z°T;
T

PAYDTRGEY HXD) 1+ m (P32

loc

Here, 1 is a row vector of ones, and® (H(X?) H(XDb) 1):p m 1. The matrixP? is derived a??= D 1 T
from eigenvalue decompositigf®) *=1+(YP)TR, 2yP= D T.Further, the square root Bf* is given agP ?)1=2 =

D 12 T The matrixR o is the localized observation-error covariance, which is alao diagonal. When updating at each grid

1

pointj, thei-th diagonal element & . is de ned as(R 1); exp “2—’2'2 ifji jj<2 % and zero otherwise. Here,
is the localization parameter. Localizing updates to relevant regions reduces the impact of spurious correlations in covariance

estimates. At sit¢, only thej -th row of the analysis ensemh¥e? is used in subsequent forecasts. Error covariance under-
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110 LETKF (Miyoshi, 2005).

Following apapetby-Sun et al. (2023), we observe the system at 6-h intervals (i.e., at every ve time stepstwith:01).
The observation is modeled ggt) = H (X (t))+ "; (t), where"; (t) is independent white Gaussian noise with zero mean and

(partial observations are considered in Section 3.4). Every 6 h, having obtained the obseyvatieassimilate the data using
115 the LETKF to obtain the analysis ensemble*() g™, , providing the initial condition of subsequent ensemble forecasts (cf.
Fig. 2b(i)). Unless otherwise stated, we set= 10, =6:0, =1:03 andR as the identity matrix. Applying LETKF with
these parameters, the root mean square error between the analysis mean and the true state is 0.1973, comparable to that of S
et al. (2023) (0.1989).

2.3 Intervention method for reducing extreme events

120 To mitigate extreme events in the Lorenz 96 model, we introduce an interventionuiiut ( uy(t); uo(t);:::;un (1) T into
the system as

ax; _

it (Xj+1 Xj 2)Xj 1 Xj+|: Uj(t)Z (1)

The sign precedingy; (t) is negative by default. To identify effective intervention inputs, we perform ensemble forecasts
assuming several sequences of intervention inp(t} calledintervention scenariof~ig. 2a). Theintervention-off scenario
125 plannedattimes-durings

t<s +6 his given by

ui(t)= uj(s) fors t<s +6h; andu;j(t)=0 fort s+6h: (2)

is switchedoff from t = s+6_h. Theone-site intervention scenarat sitej plannedattimes-durings

by
8
2u ifi=j;
130 u;i(t) = uj(s) fors t<s +6h; andui(t):> fort s+6h; (3)
70 ifi6]

The 6-h intervak  t<s +6 h corresponds to the period between successive observations, during which the input remains
constant at its value (s) determined in the previous 6-h interval. Within each 6-h interval, we evaluate intervention scenarios
implemented after 6 h. Variants of the one-site intervention scenarios are introduced in Sections 3.2 and 3.3.
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Figure 2. Method for reducing extreme events. (a) Intervention-off scenario and intervention scenarios at 40 possible intervention sites. Each

cross mark (* ") indicates the addition of a nonzero input at one of the 40 sites at each time step. In the intervention-off scenario (a-i),

(b-i) data assimilation using the LETKF, (b-ii) risk assessment ©fé ensemble forecast under the intervention-off scenario, and (b-iii)
multi-scenario ensemble forecasts and interventions. Under the best scenario (blue), the worst memBediartkemble forecast (thick

arrow) is most effectively mitigated. See text for details.

We now outline our method for reducing extreme events (Fig. 2). The implementation steps of the method are given in
Appendix A. At 6-h intervals, we observe the system and update the analysis ensemble using the LETKF (Fig. 2b(i)). The
updated analysis ensemlilecemegervesas the initial conditionsf for hoth the risk assessment (F&p(ii)) andthe multi-

scenario ensemble forecasts (R(iii)) duringthefollowing-6-h-Fhenextobservationarethenobtained(seebelow), which

A binary ag “ALERT" signals the need for control operations. If ALERTOFF and an extreme event exceeding the upper
thresholdl4:217is predicted withinl d in any ensemble member, we set ALERTON. If ALERT = ON and the maximum
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value across all the ensemble members withid is below the lower thresholii3:5, we set ALERT= OFF. Otherwise the
ag is unchanged.
multi-seenarioMulti-scenarioensemble forecasts and local interventidine action taken depends on the risk assessment

result. If ALERT= OFF, we operate the intervention-off scenario given by Egs. (1) and (2) in both the nature run and the
ensemble forecast in the data assimilation using the LETKF. If ALERON, we performT-d ensemble forecasts under
possible intervention scenarios (Fig. 2b(iii)). These multi-scenario ensemble forecasts are conducted less frequently (at 24-
h intervals) than the 6-h data assimilation because multi-scenario ensemble forecasts are computationally expensive and th
forecast results change relatively infrequently. When planning a one-site intervention among the 40 sites, 400 forecasts with
different combinations of 10 ensemble members and 40 intervention scenarios (i.e., sites) are performed. In each scenario
we obtain 10 outcomes corresponding to the 10 ensemble members. From the perspective of risk hedging, we assume the

the best intervention scenario minimizes the maximum value across all the sites and ensemble members over ihe next

intervention-off scenario, the intervention-off scenario becomes the best scenario. The selected best scenario is then operate

from the next 6-h cycle.

3 Results

samplingapproachn which onehundredl00-yrsamplesareextractedrom the 1000-yrseriesusinga 10-yr sliding window).

As the error doubling time is 0.42 units, i.e., 42 steps, the segments are effectively independent. Following Sun et al. (2023),
the simulation run controlled by intervention inputs is calleddbetrolled nature run

Our control strategies are evaluated in terms of three metrics. The rst metric sitvess ratede ned as follows (Sun
etal., 2023):

(number of 6-h intervals in 100 y with extreme ever{te)mber of 6-h intervals in 100 yr with extreme events)
200 200 '

success rate 1

Here, the denominator is set to 200 because two extreme events per year are expected at a threshold of 14.217. Alternatively
the success rate can be de ned by the ratio of extreme event frequencies with and without control, but both de nitions yield
nearly identical results. The second metric is ittervention energgle ned by the sum of displacement norms induced by
intervention inputs (Sun et al., 2023). It is mathematically written akX inervenedt + ) X uninterveneft +  t)k, where

X intervenedt + 1) and X yninterveneft + ) are one-step-ahead values for the cases with and without intervention inputs,
respectively, both computed from the controlled nature Xuferventior(t). FOr one-site intervention, this metric is roughly
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estimated as
intervention energy u t (number of steps with nonzero intervention)

The third metric is thenumber of scenario changels measures the frequency of changes in the control input vacfoy,
per year in the controlled nature run, serving as a measure of operational cost. This metric is particularly relevant when

implementing interventions bstaticobstacles requiring no energy postplacement.

3.1 One-site intervention among 40 sites

First, we consider the simplest intervention case at a single site among the 40 sites at each time step. Figure 3 presents a
example snapshot of the CSE with a prediction horizoT af 7 d. An extreme event exceeding the 14.217 threshold is
detected in the 7-d ensemble forecast conductéd4a23, triggering ALERT= ON (Fig. 3a). Next, 7-d ensemble forecasts
intervention at site 35 most effectively minimized the maximum across the sites and ensemble members over the ensuing 7 d.
Therefore, the intervention at site 35 is implemented from the next 6-h cycle (Fig. 3dppEnhetionsareperfermedat-6-h
intervalsasleseribedn-MethedsTheoptimalinterventionsiteis updatecat 24 h intervals. Theinterventionis stoppecbnceall

7-d ensembldorecastdall belowthe lower thresholdof 13.5.As aresult,the 6-h maxima of the controlled nature run (blue)

were successfully maintained below the upper threshold of 14.217 (Fig. 3e).
Figure 4 compares the histograms of 6-h maxima in the controlled and uncontrolled nature run for an inpu side®f

and a prediction horizon of =7 d. The extreme events are mitigated at a success rate of 94%, largely exceedingi¥e

the perturbation-size coef cient. MaintainingT =7 d, the success rate initially increases with increasing inputisiaed
eventually saturates at around 94% whieexceeds 1:6 (Fig. 5a). However, increasing the input sizencreases the required
intervention energy because a larger force induces a greater displacement of the state, highlighting a success—cost trade-of

At u & 0.5, theinterventionenergyislargerin-our methodthanin the meth odby-Sun-etal{(2023put-doesnetexeeedour

re ecting the corresponding magnitude increase of the interventions (Fig. 5¢). The frequency of scenario changes is reasonably
small (20-27 per year).
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Figure 3. A snapshot of the CSE with input sime= 1 and prediction horizofi =7 d: (a) 7-d forecast from dal23 under the intervention-
off scenario. The 10 lines represent the time evolution of the maximum values across the 4@aites, 40 X (t), for each of the 10

ensemble members. As one ensemble member crosses the threshold 14.217, ALERT is set to ON. (b) Same as (a) but for 40 differen

each 6-h cycle. Note that the actual intervention is implemented 6 h after the forecast, and the optimal intervention site is updated at 24 h

intervals. (e) Controlled nature run, successfully maintained below the threshold of 14.217.



Figure 4. CSE result of intervening at a single site among 40 sites. Plotted are histograms of the 6-h maxima during the controlled (blue) and
uncontrolled (white) nature runs. The input sizes 1:6. The vertical red line represents the 14.217 threshold below which the state variables

are intended to be maintained. The success rate is 94.2%.

Figure 5. Performance metrics versus input sizef the proposed control method at a single intervention site: (a) success rate, (b) interven-

barsindicateone standard deviaticemengacross 10 experimental resultsderwith different initial conditions. The horizontal dashed lines

show the reference scores obtained under a speci ¢ setting in the work by Sun et al. (2023).

Next, the performance dependence on the prediction hoflizwas examined for a xed input siae Increasing the predic-
tion horizonT generally increases the success rate (Fig. 6a) but disadvantageably increases both the intervention energy anc

number of scenario changes (Figs. 6b and c), again highlighting the success—cost trade-off.

3.2 One-site intervention near the predicted extreme

10
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Figure 6. Performance metrics versus prediction horiZoof the proposed control method at a single intervention site: (a) success rate, (b)
intervention energy, and (c) number of scenario changes. Results are shown for different inputsizek 6, and 2. The horizontal dashed
lines are the reference scores obtained under a speci ¢ setting in the work by Sun et al. (2023).

Figure 7. Performance of the proposed control method versus number of intervention-eligible sites at a single intervention site: (a) Success

rate, (b) intervention energy, and (c) number of scenario change®. andT =7 d.

predicted extreme event under the intervention-off scenario. Figure 7 plots the three control-performance measures for dif-
ferent numbers of neighboring sites where interventions are allée] 7; 11; 21; 31; 40g. Interestingly, the success rate is
maximized when the neighborhood size is 21, approximately half the total number of Bites this result, we inferred that

restricting the number of intervention sites prevents ineffective interventions at sites far from the extreme event.

11
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Figure 8. CSE result of intervening at two sites near a predicted weather extreme. Plotted are histograms of 6-h maxima during the controlled
natural (blue) and uncontrolled (white) nature runs with 2:0 andT =7 d. The vertical red line represents the 14.217 threshold below

which the state variables are intended to be maintained. The success rate is 99.4%.

3.3 Two-site intervention in the vicinity of a predicted extreme

vention sites, 11 single-site interventions, and the no-intervention scenario. The success rate reaches 99.4%. Surprisingly, onl
a slight increase in the input dimensions ef ciently improves the control performance.

Next, we examine the sensitivity of the results to number of intervention-eligible sites (Fig. 9). The success rate remains at
98%-99% when the number of intervention-eligible sites is ve or higher and remains high (92vé#yhen the eligible-site
number declines to three. Meanwhile, the interaction energy of multisite intervention increases by only around 15%—25% from

that of single-site interaction (compare Fig. 9 with Fig. 7).
3.4 Partial observation

In real-world applications, complete observations of all state variables are often lacking. Therefore, this section investigates
the performance of our method under partial observations. Follotkimgesearcheby-Sun et al. (2023) and Sawada (2024b),
we assume that the state of the system can be observed at 20 sites with odd indices.

We rst consider eligible intervention at a single site among 40 sites. Figure 10 compares the performance results of the

at most ove0 u 2, while increasing the intervention energy and number of scenario changes by 57% and 68% at most,

respectively.
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