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Abstract: Accurate estimation of the background error covariance matrix denoted as B remains a critical challenge
in numerical weather prediction (NWP), directly influencing data assimilation (DA) performance and forecast
accuracy. Although hybrid ensemble-variational (EnVar) methods combine static and flow-dependent matrices to
improve assimilation, their effectiveness is constrained by empirically fixed weights. To address this limitation, we
propose DRL-EnVar, an adaptive hybrid EnVar DA method enhanced with deep reinforcement learning. DRL-EnVar
integrates deep learning (DL) components, including a novel cyclic convolution module to extract abstract features
The
system adaptively combines multiple ensemble-based flow-dependent matrices with one or more static matrices to

from data, and employs reinforcement learning (RL) to dynamically optimize hybrid weighting strategies.

construct a time-varying hybrid matrix B that better reflects real-time background errors. Experimental results
demonstrate that DRL-EnVar performs better than the traditional ensemble Kalman filter (EnKF) and hybrid
covariance DA (HCDA) methods, especially under sparse observations or transitional changes in state variables. It
achieves competitive or superior assimilation accuracy with lower computational cost, and can be flexibly integrated
into both three-dimensional variational assimilation (3DVar) and four-dimensional variational assimilation (4DVar)
frameworks. Overall, DRL-EnVar offers a novel and efficient approach to adaptive DA, particularly valuable for
improving forecast skill during transitional weather regimes.

Key words: Adaptive data assimilation; Hybrid ensemble—variational method; Background error covariance; Deep
reinforcement learning
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1 Introduction

Data assimilation (DA) is vital in numerical
weather prediction (NWP), climate monitoring, and
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environmental prediction (Sanz-Alonso et al., 2023).
It improves the initial state by combining observa-
tions with background information from numerical
models, improving the accuracy and reliability of
predictions. The background error covariance matrix
denoted as B plays a central role in DA, quantifying
the uncertainty in the background state, balancing
observations and model priors, and directly influ-
encing the performance of DA (Kalman, 1960). In
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scenarios with sparse observations and transitional
weather regimes, accurately estimating B to ensure
timely responses and precise evolution of background
error information remains a key challenge in high-
frequency DA research (James et al., 2022).

Among  classical DA methods,  three-
dimensional variational assimilation (3DVar) is
widely used in high-frequency assimilation due to
its timeliness (Yokota et al., 2024). In 3DVar, B
is typically estimated using the national meteoro-
logical center (NMC) method (Parrish and Derber,
1992). However, the NMC-derived B is static,
climatological, and isotropic (hereafter denoted
as B®) and fails to capture the flow-dependent
characteristics of the atmosphere (Bannister, 2008a,
2008b). To address this drawback, many operational
DA systems have adopted the hybrid ensemble—
variational (EnVar) assimilation method (Leng
et al., 2013), which uses ensemble forecast statistics
to derive a flow-dependent error covariance (denoted
as B®). A weighted average of B¢ and B® produces
the hybrid background error covariance B", which
is incorporated into the 3DVar cost function to
improve adaptability to flow variability (Bannister,
2017).

The core of the EnVar method is to combine the
strengths of B® and B® and aims to improve assimi-
lation accuracy while maintaining computational ef-
ficiency. However, it faces three main challenges:
first, the quality of the flow-dependent B depends on
the accuracy of the ensemble forecasts; second, the
computational cost is limited by the cost of collecting
ensemble samples; third, assimilation performance is
sensitive to the choice of hybrid weights.

Ensemble samples can be obtained using various
approaches. Common approaches include the en-
semble Kalman filter (EnKF) (Buehner et al., 2005),
time-lagged ensemble forecasting (Wang YB et al.,
2017; Yokota et al., 2024), and the empirical orthog-
onal function (EOF) technique (Chen et al., 2020).
The EnKF estimates B® by generating multiple en-
semble members, effectively capturing dynamic and
nonlinear flow features (Houtekamer et al., 1996).
However, the number of ensemble members is lim-
ited by computational cost. Operational NWP cen-
ters typically use 30-100 members—far fewer than
the dimensionality of the model state—resulting in a
rank-deficient B® with substantial sampling errors

and spurious long-range correlations. Valid-time-
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shifting (VTS) ensembles are economical approaches
to increasing ensemble size (Lorenc, 2017). VTS
includes two components: the valid-time-shifting
method for ensemble members (VTSM), which ac-
counts for sampling time and/or phase errors, and
the valid-time-shifting method for ensemble pertur-
bations (VTSP), which can be temporally smoothed
to reduce pseudo-covariances (Huang B and Wang,
2018; Gasperoni et al., 2022). Another efficient al-
ternative is time-lagged ensemble forecasting, which
directly uses forecasts for the same valid time but
with different initialization time from the DA sys-
tem’s historical forecast cycle. This significantly re-
duces computational and storage costs while cap-
turing evolving flow-dependent forecast error covari-
However, long-range forecasts may diverge
from truth, limiting the number of usable samples
(Wang YB et al., 2017). To further supplement en-
semble samples, the EOF technique selects historical
forecasts that match the target assimilation period
and region, termed optimal historical forecast sam-
ples. This method increases the ensemble size at low
computational cost while better reflecting current
flow-dependent characteristics (Chen et al., 2020).

alnces.

Although extensive research has shown that
EnVar outperforms either variational or ensemble
methods, it still has notable limitations. Specifically,
the combination of B® and B¢ is typically achieved
through linear weighting, with hybrid weights set as
fixed empirical parameters ranging from 0 to 1 (Ban-
nister, 2017). This approach presents two main is-
sues: first, it does not fully extract features from the
data; second, the choice of mixing parameters lacks
scientific justification. A more reasonable alterna-
tive would be to derive hybrid weights based on the
spatiotemporal characteristics of the data, enabling
them to adapt to evolving weather conditions.

In recent years, the “Al for Science” paradigm
based on deep learning (DL) has challenged tra-
in the
Conventional approaches rely on

ditional numerical simulation methods
Earth sciences.
mathematical-physical mechanisms, which are lim-
ited in expressiveness and susceptible to human
bias (Reichstein et al., 2019). DL, through multi-
layer neural networks, enables automatic feature ex-
traction and high-level abstraction, thereby improv-
ing prediction and classification performance (Le-
Cun et al., 2015). Although DA methods, such as
large-scale meteorological models, offer advantages
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in medium-range forecasting and inference accelera-
tion, they remain limited in predicting transitional
weather and have reduced accuracy and poor inter-
pretability (Lam et al., 2023). Although physics-
informed neural networks (PINNs) attempt to incor-
porate physical constraints, they may introduce ad-
ditional errors in complex, unresolved problems, po-
tentially degrading the overall performance (Cuomo
et al., 2022).

At the level of intelligent decision-making, tra-
ditional geoscience models rely on empirical param-
eters to ensure forecast usability, yet these param-
eters often lack a solid scientific basis. Reinforce-
ment learning (RL) provides a promising alterna-
tive by learning an optimal policy network that
maps environmental states to action choices (Kael-
bling et al., 1996). Unlike heuristic rules, RL-
based decisions are grounded in current state fea-
tures, thereby improving interpretability over con-
ventional black-box models. Through interaction
with the environment and a defined reward mech-
anism, RL enables scientifically-grounded and adap-
tive decision-making.

In this paper, to improve assimilation perfor-
mance under sparse observations and during tran-
sitional phases in weather evolution, we propose a
deep reinforcement learning (DRL)-based ensemble—
variational (DRL-EnVar) hybrid DA method. Built
upon the traditional EnVar framework, this method
directly incorporates B°, estimated from ensemble
samples, into the variational cost function for iter-
To support high-frequency as-
similation, we primarily use the time-lagged ensem-
ble method for its significant time efficiency, supple-

ative assimilation.

mented by other cost-effective ensemble expansion
strategies. By integrating the powerful feature ex-
traction capabilities of DL and the adaptive decision-
making of RL, DRL-EnVar enhances assimilation
performance and provides a physically consistent op-
timal initial state for NWP models, thereby improv-
ing forecast accuracy. Our main contributions are as
follows:

1. Enhanced data processing and feature ex-
traction. A multi-layer cyclic convolution module
leverages neighboring spatial data to mitigate in-
formation loss in circular equatorial regions, ensur-
ing consistent representations regardless of segmen-
tation points. Meanwhile, DL. modules enhance spa-

tiotemporal feature extraction, improving feature
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completeness and the utilization of state variables
and matrices.

2. Intelligent and adaptive parameter optimiza-
tion. Hybrid parameter selection in EnVar is for-
mulated as an RIL-based decision-making problem,
replacing empirical rules with real-time optimiza-
tion and improving adaptability and assimilation
performance.

3. Framework flexibility and consistency. The
method preserves theoretical consistency by main-
taining flow-dependent B, supports both 3DVar and
4DVar frameworks with minimal adjustments, and
avoids DL-induced smoothing, ensuring dynamic
coherence.

4. Practicality and robustness. DRL-EnVar is
simple to implement and embeds the RL policy net-
work into the EnVar framework with low computa-
tional cost. Extensive experiments verify its demon-
strated transferability, stability, and robustness.

2 Preliminaries
2.1 EnVar

EnVar extends the traditional variational sys-
tem. For 3DVar, the cost function is expressed as

J@) = (@ — 2" (B") @~ a”) N
bW~ H@) R ("~ M),

where x is the state vector to be analyzed and in-
cludes model variables such as temperature, wind,
pressure, and humidity; " denotes the background
state, and y° represents the observations, in three
dimensions. To focus on the study of matrix B, the
nonlinear observation operator H is assumed to be
linear and fully known, simplified as H (= 0H /0x);
R is the observation error covariance matrix.

Notably, B", defined as a weighted average of
B® and B¢, effectively replaces B in the original
3DVar system:

B"=(1-$)B" + 3B, 2)
where 8 € [0,1] is a tunable factor.

2.2 DL

DL represents a potent and versatile approach
within artificial intelligence (AI), leveraging multi-
layer neural networks to model intricate patterns
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and representations in large-scale datasets (LeCun
et al., 2015). DL models typically consist of multiple
layers of nonlinear computational units, where each
layer takes the output of the previous one as its in-
put. This structure enables the automatic learning
of high-level abstract feature representations from
vast amounts of training data, effectively captur-
ing the distributed characteristics of the input. DL
has demonstrated remarkable performance in a wide
range of tasks, including image and speech recogni-
tion, as well as natural language processing. Among
many architectures, fully-connected neural networks
(FCNNs) (Sainath et al., 2015), convolutional neu-
ral networks (CNNs) (Ketkar and Moolayil, 2021),
and gated recurrent units (GRUs) (Cho et al., 2014),
i.e., a variant of recurrent neural networks (RNNs)
(Gregor et al., 2015), have attracted considerable at-
tention due to their effectiveness in handling specific
types of data and tasks.

FCNNs are a fundamental category of artificial
neural networks characterized by full connectivity
between layers. Each neuron in one layer connects
to every neuron in the next, enabling the FCNNs to
model complex, nonlinear relationships. This makes
them widely applicable in tasks such as classifica-
tion, regression, and pattern recognition. The multi-
layer perceptron (MLP) is a widely used type of the
FCNNs (Hornik et al., 1989).

CNNs are specifically engineered to handle grid-
like data structures, such as images. CNNs, inspired
by the visual cortex, use convolutional layers to adap-
tively learn spatial feature hierarchies from images.
These layers detect local patterns like edges and tex-
tures, and deeper layers combine them to recognize
complex structures and objects. This hierarchical
feature extraction empowers the CNNs to attain out-
standing performance in image recognition, object
detection, and related tasks.

RNNSs are designed for sequential data like time
series or natural language, and use recurrent cells to
process inputs and capture temporal dependencies.
However, standard RNNs struggle with vanishing or
exploding gradients, limiting long-term dependency
learning. GRUs, a refined RNN variant, use update
and reset gates to efficiently manage information
flow, improving performance in tasks like time-series
prediction, language modeling, and speech recogni-
tion by mitigating gradient issues while maintaining
robust sequence modeling capabilities.
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2.3 RL

RL focuses on training agents to make se-
quential decisions by interacting with environments
to maximize cumulative rewards (Kaelbling et al.,
1996).
cision process (MDP), characterized by the tu-
ple (S, A, P, R,v), where S is the state space, A is
the action space, P represents the state transition
probability, R is the reward function, and + is the
discount factor (Bellman, 1957).

This framework relies on the Markov de-

RL problems are primarily tackled using value-
and policy-based methods. Value-based methods,
like Q-learning and deep Q-network (Mnih et al.,
2015), optimize value functions to derive optimal
policies, suitable for discrete environments such as
Go. Policy-based methods, such as policy gradi-
ents, iteratively improve policies, making them ideal
for continuous action scenarios like robotic control.
The actor—critic framework, a notable approach in
RL, integrates both methods to address problems in
continuous action spaces and high-dimensional state
spaces. It employs two networks: the actor net-
work, which learns parameterized policies for action
generation, and the critic network, which evaluates
state-action pair values.
bines value function approximation with direct pol-

This dual structure com-

icy optimization, enhancing learning efficiency and
stability.

Proximal policy optimization (PPO) is an ad-
vanced RL algorithm that refines the actor—critic
framework by introducing a clipped surrogate ob-
jective function for stable policy updates. The PPO
addresses the high variance and instability issues of
traditional policy gradients, offering a balance be-
tween simplicity and performance, making it a pre-
ferred method for complex RL tasks.

3 Method

This study aims to develop an efficient and cost-
effective EnVar method. Unless stated otherwise, all
methods are based on the 3DVar framework. The
assimilation-forecast cycling system uses the Lorenz-
96 model (Lorenz and Emanuel, 1998), a classic toy
model for testing DA methods (see the Appendix).
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3.1 Problem description

The EnVar method integrates P and y°, using
their error covariance matrices B" and R, to produce
an optimal analysis state 2 at the i'! time for the
numerical forecast model. This enables the numer-
ical forecast model to have the optimal prediction
performance at the future time (denoted as the I*®
time) after this analysis state is taken as the initial
state. To directly assess the quality of the anal-
ysis state, this study assumes that the initialization
process can be omitted for the Lorenz-96 model, pro-
ceeding directly with subsequent forecasts. So, the
prediction results are close to the true state, denoted

as

|z — 2}

B (3)
where ' is the true state at the target time, wg =
M, 1(x?) is the forecast at time I, resulting from
the model M taking the analyzed state =i as the ini-
tial state, and the prediction time is I —i. According
to Eq. (1), * at time step ¢ is obtained by

af =z + W (y) — H(x7)), (4)

K3

where the weighting matrix W is defined as
W=[B""'+H'R'H] 'H'R™. (5

Herein, B" consists of multiple components:
B"=a,B5+- 4 a, B, + 1B+ -+ 3,BS, (6)

where B}, and B; are m static and n ensemble-
based background error matrices, respectively, and
the coefficients sum to one.

The study is conducted in a context of sparse
and noisy observations, featuring year-long cycling
assimilation experiments that include a 1-month mu-
tation period during which state variables exceed cli-
matological levels. In Eq. (5), because the statistical
terms R and H are assumed to be known and fixed,
the accuracy of B" in representing background er-
rors and its ability to respond to flow changes directly
determine the quality of the analysis. As shown in
Eq. (6), this accuracy depends on the structure of
the combined B® and B® matrices, as well as the
appropriate choice of blending parameters o and .

To accurately reflect the real-time background
error, this study leverages all available data samples,
including historical data and time-lagged ensemble
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forecasts, without significantly increasing computa-
tional cost (Wang YB et al., 2017; Chen et al., 2020;
Yokota et al., 2024). The focus is on the intelligent
selection of blending parameters from different er-
ror sources, emphasizing real-time adaptability and
responsiveness to improve assimilation performance.

Based on the aforementioned description, we
formalize the task of real-time selection of hybrid
parameters in the hybrid assimilation-forecast cycle
as a decision-making problem that maps the current
state s; (analysis state) to an action a; (given a set
of parameters), that is,

'aam7B17/827"'7/6n]7 (7)

f(si) =a; =[a1,a,..

where i is the current time, and m and n are the
parameter counts of B® and B°.

This can be formulated as an MDP:

1. State s; = x? is a vector given by the EnVar
system at time 7.

2. Action a; comprises weighting factors con-
strained to sum to one.

3. Transition s;41 is the numerical solution that
minimizes the cost function (1) in our task and de-
noted as

Sit1

_ 0 (8)
=Misit1(8i) + W (y7 — H(Miit1(84))) -

4. Reward R(s;,a;, s;+1) is the direct reward of
taking action a; at state s; and arriving at the new
state s;41:

b
R=|s; —x}||. (9)

5. The discount factor v is set to 0.99 be-
cause our task involves long-term continuous plan-
ning, where future rewards resulting from continuous
actions are crucial.

This study retains the EnVar framework and
leverages the DRL to refine B", enabling effec-
tive transmission of flow-dependent information and
accurate detection of transitions, avoiding over-
smoothing. DRL-EnVar extracts data features by
DL to guide RL in training adaptive hybrid weights,
dynamically adjusting B" based on real-time states,
substantially improving assimilation performance.
Notably, the application of DRL in the DA re-
mains rare, unlike its extensive use in robotics and
autonomous driving. This work introduces DRL-
EnVar, an innovative method that adaptively selects
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hybrid weights according to the specific character-
istics of the DA. Rather than simple module in-
tegration, the approach combines novel and effec-
tive components to reduce the computational cost,
shorten training time, and extract meaningful infor-
mation from limited data, ensuring stable and effi-
cient assimilation-forecast cycling. In the following
subsections, we first outline the overall pipeline of
the model, and then provide a detailed description
of its unique components.

3.2 Overall pipeline

For clarity, the DRL-EnVar framework is di-
vided into two interdependent stages, illustrated in
Figs. 1 and 2, representing the DRL training and En-
Var assimilation processes respectively; these stages
form a closed feedback loop, with the output of each
stage cyclically informing the other, jointly enabling
a hybrid assimilation system.

In the DRL phase (Fig. 1), a DRL module is
designed to optimize an adaptive hybrid strategy
for constructing B". Within a task-specific simu-
lation environment derived from the EnVar system,
the agent observes the current state s;, defined as
the analysis state x? (step 1), and selects the cor-
responding action a; (step 3) using a policy net-

e

e

!!E!!!FL - -

Ll

P ——

_______________ N/
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work 7g, which is iteratively updated via the PPO
algorithm. The policy parameters 6 are periodi-
cally refined by sampling mini-batches from a replay
buffer that stores experience tuples (s;, a;, 74, Si+1)
collected during agent—environment rollouts (step 2).
This process enables continuous learning from accu-
mulated experiences and facilitates convergence to-
ward a reward-maximizing policy. To enhance state
representation, a multi-layer cyclic CNN (C-CNN)
is employed to capture spatial continuity in circular
data, while a GRU models temporal dependencies.
A softmax layer is applied to enforce simplex con-
straints, ensuring that the learned hybrid weights
are non-negative and sum to one.

In the EnVar phase (Fig. 2), the action a; gen-
erated by the DRL phase (step 1) is used to con-
struct B" (step 2). This hybrid involves three
static B matrices derived from historical samples
(denoted as Bjgni5, Bhs, and Biys), and two flow-
dependent matrices computed from modified time-
lagged ensemble samples (denoted as Bjg and BS,).
Details of the statistical computations are provided
in Section 3.3. The resulting B" is then applied in
the EnVar system for assimilation (step 3), and the
updated analysis state is fed back to the DRL mod-
ule as the next environment state (step 4). Each
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the DRL module, forming a closed adaptive learning loop.
to the temporal change of weights across a span of 1 year.

this figure

assimilation is followed by a 48-h forecast, with re-
sults saved every 3h and iteratively stacked to gen-
erate ensemble samples required for Bfg and BS,.

3.3 Model
description

architecture and algorithm

3.3.1 C-CNN

C-CNN is a specialized convolutional structure
designed for Earth system data, addressing modeling
challenges of circular physical spaces. The Lorenz-96
model used in our experiments features variables on
equidistant grid points along a latitude circle. Tra-
ditional 1D convolutions fail to capture these de-
pendencies, causing information loss and reduced

Note that the black and white stripes correspond
References to color refer to the online version of

model performance. The C-CNN incorporates circu-
lar symmetry, ensuring consistent representations re-
gardless of starting point and enabling high-level ab-
stract feature extraction (Johnson and Zhang, 2017).
It mitigates uneven error distribution in the analy-
sis state by leveraging neighbor information, alle-
viating inconsistencies from sparse, noisy observa-
tions, and imperfect background error covariance es-
timates. The C-CNN enhances feature completeness
and reduces disparities between variables with and
without assimilated observations.

Each cyclic convolution is followed by a rectified
linear unit (ReLU) activation to introduce nonlin-

earity (Glorot et al., 2011). The ReLU suppresses
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negative values and adds sparsity by deactivating
neurons while maintaining gradients for positives to
mitigate vanishing gradients. Combined with Batch-
Norm, it stabilizes training and accelerates conver-
gence. This approach enables the model to achieve
robust performance and efficiency, even with limited
data.

Fig. 3 illustrates a C-CNN with one input chan-
nel, eight convolution kernels (size 5), and eight out-
put channels. The circular convolution starts from
any point, moving counterclockwise. At each step,
the kernel multiplies and sums values at correspond-
ing positions. For example, the yellow dashed box in
the input is convolved with eight kernels, producing
eight output values forming the yellow dashed boxes
in the output. The kernel then shifts to the blue,
orange, and green positions, continuing until a full
cycle completes. Kernel values are learned and up-
dated during training with the policy network, and
adapt to task-specific needs.

Out channels

In channels Kernels

Fig. 3 Cyclic convolution neural network. References
to color refer to the online version of this figure

3.3.2 Statistical method

B® and B¢ are computed statistically with dis-
tinct techniques. B® is typically calculated via the
NMC method operationally (Bannister, 2008a). The
equation is formulated as

1
B~ 5 <(:l?48 o :1324)(:1348 o :D24)T> ,

' = Mo_,5(z?),

' = Mayas(x?).

(10)

The key to the NMC method lies in the compo-
sition of historical data samples. Three samples are
selected to represent different climate states. The
first aligns with the study’s background, featuring
1month of transition (the Lorenz-96 model forcing
term F' = 15.0) and 11 months of stability (F = 8.0)
per year. The second assumes continuous transi-
tions (F = 15.0) throughout the year, effectively

capturing historical data consistent with transition

characteristics to provide a stronger error correlation
for EnVar during transitions. The third assumes no
transitions (F = 8.0) and reflects background error
in stable conditions. Given the rarity of transitions
and the prevalence of stability, this information is
critical for the assimilation system.

To reduce computational cost and provide real-
time flow-dependent information, this study devel-
ops an improved method for time-lagged ensemble
sampling. First, inspired by the time-lagged en-
semble in variational assimilation (Wang CC et al.,
2022), the difference between forecast fields at the
same time with different forecast lead time is used,
such as the difference between the 24-h (blue high-
light) and 48-h (green highlight) forecasts in Fig. 2.
Second, motivated by the time-shifted ensemble
used in some ensemble-based assimilation (Gasper-
oni et al., 2023), temporal phase errors in model
forecasts are addressed by treating neighboring fore-
casts as valid for the target time, increasing ensem-
ble size and reducing errors. For example, 21-h and
27-h forecasts are treated as 24-h forecasts, whereas
45-h and 51-h forecasts are treated as 48-h forecasts.
Combining these two strategies, the ensemble sam-
ples used in this study are obtained. Specifically,
assimilation is performed every 6 h with a 48-h fore-
cast, saving results every 3h. The ensemble size
for BS, is 12, and for Bjg it is 24, with both com-
puted using the VTSP method (Huang B and Wang,
2018). These two samples, with distinct forecast lead
time and accumulated errors, provide diverse flow-
dependent error information for the EnVar system.

3.3.3 DRL-EnVar

DRL-EnVar is an intelligent hybrid assimilation
method designed to address the selection of real-
time adaptive mixing parameters in the EnVar cy-
cle. By dynamically adjusting the weights of mul-
tiple B® and B°, it effectively responds to evolving
observations and weather patterns. This task is for-
mulated as a continuous decision-making problem in
high-dimensional state spaces, aligning with classical
RL frameworks. The EnVar-customized RL environ-
ment F is detailed in Algorithm 1, whereas the stan-
dard training process is provided in Algorithm S1 in
the supplementary materials.

The initial background state xf of the Lorenz-
96 model is set as X; = F (j # 20) and X; =
1.001F (j = 20) (Lorenz and Emanuel, 1998). It
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is directly assigned to x§ as the initial environment
state without assimilation. B" consists of five com-
ponents, and the agent selects five blending weights
summing to one. The reward function combines two
metrics: the root mean square error RMSE,, mea-
suring the RMSE between the analysis state £ and
the true state ', and RMSE;, assessing the 48-h
forecast xlg and x!, with R = ~RMSE, — RMSE;.

The state transition rule T follows a year-long
(360-day) assimilation cycle, excluding 90 transient
days, totaling 450 days (Lorenz and Emanuel, 1998).
Numerical integration uses the fourth-order Runge—
Kutta (RK4) method with a 6-h time step (dt =
0.05), yielding 4 assimilations per day and 1800 it-
erations (Algorithm 1, line 7). A switch adjusts
the forcing term to 15.0 during transitions or 8.0
otherwise.

Updating flow-dependent Bjg and BS§, re-
quires eight assimilations (num_ DA =8).  For
num_ DA <8, experiments indicate that using cli-
matological Bygy5 provides optimal performance.
The environment returns states s;, action a;, and
reward r; for DRL-EnVar training.

Policy learning is conducted using PPO, cho-
sen for its robustness in continuous action spaces
(Arulkumaran et al., 2017). DRL-EnVar adopts an
actor—critic architecture, where both actor and critic
are MLPs. C-CNN is integrated to extract spa-
tiotemporal features from the evolving states. This
architecture enables the agent to adaptively adjust
hybrid weights based on system dynamics and obser-
vation patterns. Detailed training steps are provided
in Algorithm S1 in the supplementary materials.

4 Experimental setup
4.1 Basic configuration of the EnVar

The experiments use the widely adopted Lorenz-
96 chaotic model as the numerical model for assim-
ilation method studies (Lorenz and Emanuel, 1998;
Kurosawa and Poterjoy, 2023). The model’s initial
state is a state vector corresponding to a specified
number of variables IV, and the true state is derived
from the model’s evolution over the integration time
steps. The model’s forcing term is set to F' = 8.0
or F' = 15.0. The model integration similarly gener-
ates the short-term forecast state; however, to sim-
ulate the inherent forecast errors, the forcing term

Algorithm 1 Definition of EnVar custom environ-

ment

1: Input: mga y(c))a Ra Ha B%8M157 B%lSa B%S? MF87
MF15

2: Output: states s;, actions a;, rewards r;

3: Initialize environment state s + @3, &3 < x§

=W

: Define action space A as a vector containing 5
weights that sum to 1

: Define reward function R = —RMSE., — RMSE;

: Set the state transition rule according to Eq. (8)

: for iteration = 1, 2, ..., 1800 do

8i—1 < :1:?,1

Execute strategy mp for one timestep, and take
action a; = [an, oz, as, 1, B2]i // actor network
10:  if no turning point detected then

11: M — MF8

12: else

13: M MFP

14:  end if

15:  if num DA < 8 then

16: B" « Biguis

17: num DA < num DA +1

18:  else

19: num_DA < 0

20: Calculate Bjg and B3,

21: B" < a1 Bigyis + 02 Bhys + 03 Big + f1 Bis +
BBy

22:  end if

23 @} « xP + [(B")'+H'R'H] 'H'R .
(v0 — H(x}))
24: :l)flg — Mi+4s(w?)

25: Calculate the reward function r;
26: 8; +— a3
27: end for

28: Return: s;,a;,r;

of the Lorenz-96 model is adjusted to FF = 8.4 or
F =15.75 (F + AF, AF = 0.05F') during the fore-
casting process.

The assimilation framework is based on the
3DVar method, with simulated observational values
assimilated every 6h. The observations are gener-
ated by adding small Gaussian random perturba-
tions to the true state, with the Gaussian noise hav-
ing a mean of 0 and a covariance matrix specified
for the observation error. The observation error
is assumed to be spatially independent and uncor-
related, represented by a proportional relationship
with the identity matrix I, with the standard devi-
ation of the observation error set to 1.0 by default
(R = oyoI). The hybrid background error covari-
ance matrix B® employs a combination of various
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mixed background error covariance schemes, with
detailed configurations provided in the comparative
experimental setup. The verification period for the
cycling assimilation system is set to 1 year, preceded
by a 90-day spin-up period.

4.2 Setup of the comparative experiments

Two comparative experiments are conducted to
validate the method.

The first experiment evaluates EnVar schemes
that combine B® and B°, with mixing weights adap-
tively selected via DRL. It tests whether matri-
ces B¢, derived from modified time-lagged ensem-
ble forecasts, effectively capture flow-dependent fea-
tures and enhance assimilation performance when
hybridized with B® using DRL-driven parameters.

The second experiment targets mutational peri-
ods under sparse observations. It evaluates whether
hybrid covariance schemes, blending static and mod-
ified time-lagged ensemble covariances, can dynami-
cally adjust mixing weights via DRL to capture real-
time background error dynamics. The focus is on en-
hancing assimilation during mutational periods and
across the annual cycle, with comparisons validating
adaptability and responsiveness to evolving meteo-
rological conditions.

Six comparative methods are implemented in
both experimental settings:

1. Pure 3DVar;

2. CTL-EnVar (Wang YB et al., 2017; Yokota
et al., 2024), a time-lagged hybrid assimilation
method with a constant weight;

3. EnKF;

4. MLP-EnVar (Huang LL et al., 2025), a hybrid
assimilation method employing DRL with MLPs for
feature extraction;

5. DRL-EnVar, the proposed C-CNN-based
DRL method;

6. Hybrid covariance DA (HCDA) (Yang and
Wang, 2024), the classical hybrid covariance DA
method.

To address sampling errors and spurious cor-
relations from a limited ensemble size, all methods
except pure 3DVar applied localization to the en-
semble covariance using the Gaspari-Cohn function,
a Gaussian-like fifth-order rational function with
weights decaying from 1 to 0 within a defined radius
(Gaspari and Cohn, 1999).

4.2.1 Experiment 1: comparison experimental setup
under sparse observations without a mutational
phase

In this experiment, observations are sparsified
using a uniform mask that removes one value for ev-
ery n state variables. In the Lorenz-96 model with
40 state variables, n = 9, 4, 3, and 1 correspond
to observation coverage ratios of 10%, 20%, 25%,
and 50%, respectively. The system remains steady
(F = 8.0), without transitional weather processes.
This setup assesses whether modified time-lagged
ensembles, derived from the assimilation cycle, can
capture flow-dependent structures and propagate ob-
servational information to unobserved variables un-
der sparse conditions. It also investigates whether
RL, combined with DL-based feature extraction,
can optimize hybrid weights based on long-term re-
wards, thereby enhancing background error utiliza-
tion and improving assimilation accuracy. The de-
sign integrates modified time-lagged covariance with
DRL to boost performance under sparse observation
scenarios.

4.2.2 Experiment 2: comparison experimental setup
under sparse observation with a mutational period

This experiment builds on uniformly-masked
observations by introducing a 30-day abrupt change
period (June 15-July 15) to simulate the East Asian
rainy season (Ding and Chan, 2005). During this
phase, state variables deviate markedly, with the
forcing term set to F' = 15.0, compared to ' = 8.0
during stable periods including spin-up. This muta-
tional phase alters climatic characteristics, requiring
background error covariance analysis across two con-
trasting climate states: Bpgys and Byys.

4.3 Selection of empirical parameters for ex-
isting assimilation methods: pre-experiments

The fixed mixing parameters for the three meth-
ods were reproduced using the enumeration approach
adopted by each method, aimed at identifying the
optimal fixed parameters.

4.3.1 CTL-EnVar

B" in CTL-EnVar is computed as

B" = (1 - a)Byc + aBfy, (11)



Huang et al. / Front Inform Technol Electron Eng 2025 26(12):2583-2603

in which By, and B, denote the static B derived
from the NMC method and the ensemble-based B
estimated from time-lagged (TL) ensemble members,
respectively.

The proposed method generates time-lagged en-
semble members during 3DVar assimilation using
historical forecasts at the same time with varying
lead time. Assimilation and 48-h forecasts are per-
formed every 3 h, storing outputs at 3-h intervals to
form 16 members and 120 forecast difference sam-
ples. For consistency with other methods, the assim-
ilation interval was set to 6 h, and B® was computed
using the NMC method. The original hybrid param-
eters («=0.25, 0.5, 0.75, 1.0) were extended to 0-1
with a step size of 0.1, yielding 10 candidates, each
tested 10 times with averages used. The initial re-
sults identified «=0.1 as the optimal. Further refine-
ment narrowed a to 0.01-0.1 (step 0.01), 0.001-0.01
(step 0.001), and 0.0001-0.001 (step 0.0001), with
the optimal range found between 0.0001 and 0.01,
depending on observation sparsity and experimental
conditions, for the Lorenz-96 model.

4.3.2 EnKF

EnKF serves as a benchmark to evaluate
whether DRL-EnVar could match EnKF’s perfor-
mance at significantly lower computational costs.
The goal is to determine the optimal ensemble size
under various experimental setups. Ensemble sizes
are evaluated from 5 to 40, in increments of 5, with
40 chosen as the upper limit, matching the number
of state variables in the Lorenz-96 model. A 1:1
variable-to-ensemble ratio is impractical for opera-
Each
configuration is tested 10 times, and the average re-

tional EnKF applications due to high cost.

sult is reported.

4.3.3 HCDA

HCDA is benchmarked to evaluate whether
EnVar could achieve comparable performance with
lower computational cost. Key parameters include
ensemble size (5-40, step 5) and the weight param-
eter between static and ensemble B (0-1,  step
0.1). Results (Fig. 4) reveal the joint effects of
these parameters on HCDA performance. Increasing
the weight initially improves the performance but
later causes a decline, whereas increasing the ensem-
ble size had minimal impact under low observation
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masking. Based on these findings, the ensemble size
range was refined to 2-5 (step 1), with the weight
parameter range unchanged. Each configuration is
tested 10 times, and averages are reported.

4.4 Model performance evaluation metrics

Two metrics are used for performance evalua-
tion. One is RMSE,, which measures the RMSE be-
tween 2 and x*. Another is RMSE¢, which assesses
the forecast x' against x'. Forecasts are generated
every 3h up to 48h, with the average performance
being evaluated at each interval. All experiments
are repeated 50 times, and the average results are
reported. Further evaluation during the mutation
period (1-h forecast performance) for Experiment 2
is included in Fig. S1 in the supplementary materials.

5 Experimental results

This study integrates DL for feature extraction
and RL for decision-making to enhance the EnVar.
A novel adaptive hybrid assimilation method is pro-
posed to avoid overly smooth results from purely
data-driven approaches while efficiently capturing
flow-dependent information with minimal computa-
tional cost. This approach replaces traditional enu-
meration with intelligent hybrid strategies. Focusing
on state transitions, the method’s performance is
validated using the Lorenz-96 model.
results demonstrate its potential to improve assimi-
lation performance. In the future, the method can
be extended to operational DA systems.

Preliminary

Before evaluating the proposed method quanti-
tatively, we first present results from two benchmark
experiments. Fig. 5 presents EnKF assimilation re-
sults with the ensemble size from 5 to 40. Fig. ba
corresponds to Experiment 1 (no mutation period),
while Fig. 5b shows Experiment 2 (mutation period).
Colored lines indicate results for varying observation
ratios. In both subplots, solid lines represent the
annual mean (AM) RMSE between x and «*, while
the dashed line in Fig. 5b indicates the 1-month mean
RMSE during the mutation period (MPm). Values
in Fig. ba serve as references for subsequent compar-
isons. Light gray bars in both subplots show compu-
tational costs for different ensemble sizes across the
assimilation cycle.

Fig. 4 displays heatmaps of HCDA annual as-
similation results under two experimental setups.
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Fig. 4 HCDA assimilation performance heatmaps.

Results are shown from left to right for 90% y°, 80%

y°, 75% y°, and 50% y°. The gray heatmap represents the computational cost. Figs. 4a—4d correspond to

Experiment 1 (without mutation), and Figs. 4e—4h correspond to Experiment 2 (with mutation).

Index 1

represents the AM RMSE (line 2), and index 2 represents the RMSE during the mutation period (MPm)
(line 3). References to color refer to the online version of this figure

The z axis represents the ensemble size, while the
y axis shows the weight of B¢ in B". Color shad-
ing indicates the average RMSE between * and x*,
with lighter colors representing better performance
(lower RMSE) and darker colors representing worse
performance (higher RMSE). Columns indicate dif-
ferent observation coverage ratios: 90%, 80%, 75%,
and 50%. Values within red boxes are highlighted for
detailed discussion in subsequent comparisons. At
the bottom, computational costs for a single HCDA
run are shown, averaging over 50 repetitions per en-
semble size. Darker gray indicates higher cost, with
all results representing 50-trial averages.

5.1 Quantitative comparison of assimilation
performance under sparse observations with-
out a mutation period

Table 1 summarizes the average assimilation
performance of each method over a 1l-year cycle
under varying observation coverage ratios. Key find-
ings are listed as follows:

1. B° matrices driven by modified lagged en-
semble forecasts effectively capture flow-dependent
information. The three methods using time-
lagged ensemble forecasts for B" outperform pure
3DVar, demonstrating their ability to capture flow-
dependent information and enhance assimilation.

2.  Observation sparsity impacts assimilation
performance. As observation sparsity increases, the
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Fig. 5 EnKF annual cycle assimilation results: (a) without mutation period; (b) with mutation period. Results
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The solid line represents the AM RMSE between x? and xt, while the dashed

orange represents 90% y°.

°, and

line represents the mean RMSE during the MPm. All results are the averages of 50 repeated experiments.
References to color refer to the online version of this figure

Table 1 AM and the standard deviation for different methods, along with the percentage improvement in the
performance of the three methods relative to the pure 3DVar method

Observation ratio

AM+standard deviation

Pure 3DVar CTL-EnVar MLP-EnVar DRL-EnVar (ours)
90% 0.5792 +0.0085  0.5611 + 0.0052 (3.13%) 0.5505 + 0.0050 (4.96%) 0.5480 + 0.0054 (5.39%)
80% 0.6439 +0.0130  0.6088 + 0.0084 (5.45%) 0.5850 + 0.0067 (9.15%) 0.5831 + 0.0079 (9.44%)
75% 0.6695 +0.0131  0.6239 %+ 0.0085 (6.81%) 0.6022 4+ 0.0106 (10.05%) 0.5995 =+ 0.0089 (10.46%)
50% 2.8550 £0.0992  2.4770+0.1099 (13.24%)  2.1890 + 0.1019 (23.33%) 2.0698 + 0.0833 (27.50%)
Cost (s) 24.87 36.82 (1.48) 35.91 (1.44) 31.17 (1.25)

The final row lists the computational cost for each method, as well as the computational cost multiples relative to the pure
3DVar in the bracket. The best results are in bold and the sub-optimal results are underlined

performance of all three methods improves signifi-
cantly, emphasizing the critical role of B in deliver-
ing flow-dependent information.

3. DRL-EnVar outperforms other methods in
assimilation performance improvement. DRL-EnVar
is superior to others across all observation sparsity
levels (bolded in Table 1). Higher observation cover-
age ratios yield greater performance gains with min-
imal computational cost increases.

4. DRL-EnVar achieves a comparable or su-
perior performance to EnKF while requiring lower
computational cost. As shown in Fig. 5a, under
90% observation coverage, DRL-EnVar matches the

performance of EnKF with 15 ensemble members
(EnKF-15, orange triangle) but at a fraction of the
computational cost (1.25x vs. 8.66x of pure 3DVar).
At 80% and 75% coverage, it performs comparably
to EnKF-40, with significantly lower costs (1.25x
vs. 11.67x). Under 50% coverage, DRL-EnVar out-
performs EnKF, even with sufficient ensemble mem-
bers. These results show that DRL-EnVar perfor-
mance matches or exceeds EnKF performance under
sparse observations with significantly lower compu-
tational cost.

5. HCDA attains a performance comparable
to that of DRL-EnVar but with significantly higher
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computational expense. As shown in Figs. 4a—4d,
the marked values in black are the RMSE values for
HCDA and are equal to or lower than those of DRL-
EnVar. However, increasing ensemble members un-
der sparse observations does not necessarily improve
HCDA performance. The hybrid weight between
B® and BF€ is critical, highlighting the importance
of intelligent weight selection in this study. Red
boxes in the figure indicate configurations achieving
comparable performance to DRL-EnVar with mini-
mal computational cost. Notably, HCDA with only
two ensemble members and a suitable hybrid weight
matches DRL-EnVar performance but still incurs sig-
nificantly higher computational costs—17.69 times
that of 3DVar.

Although Table 1 reports the computational
cost during the inference stage, we recognize the im-
portance of disclosing the training cost for trans-
parency and reproducibility. The MLP-EnVar and
DRL-EnVar methods involve training compact pol-
icy networks with approximately 66 432 and 58 572
trainable parameters, respectively. Both models
are trained for 10 million steps (i.e., interactions
with the Lorenz-96 simulation environment) using
standard hyperparameters (see the supplementary
materials for details).
a workstation equipped with an NVIDIA GeForce
RTX 3090GPU (approximately 35.7 TFLOPS FP32)
and an AMD EPYC 7H12 CPU, requiring approxi-
mately 15h and 27 min for MLP-EnVar and 13 h and
55 min for DRL-EnVar. DRL-based methods require
substantial computational resources during training
due to extensive environment interaction and pol-
icy optimization—a well-recognized characteristic of
DRL (Silver et al., 2017). However, this cost con-
stitutes a one-time investment during model devel-
opment. Once training is complete, the inference
phase involves only a single forward pass through
a compact neural network, as reflected in Table 1.

Training is conducted on

This training-inference decoupling principle has been
widely adopted in large-scale DRL frameworks (Es-
peholt et al., 2018), enabling real-time deployment
with relatively low and stable runtime overhead,
which demonstrates the practical feasibility of our
approach as validated in the Lorenz-96 model. To
further ensure transparency and reproducibility, we
provide a comprehensive description of the computa-
tional environment in the supplementary materials,
including hardware specifications, software versions,

Huang et al. / Front Inform Technol Electron Eng 2025 26(12):2583-2603

and detailed hyperparameter settings.

The primary goal of DA is to provide high-
precision initial states for numerical forecasts. In this
study, the analysis states that four time points (0, 6,
12, 18 h) on the 15¢ and 15" of each month over a 1-
year cycle are used as the initial states for the Lorenz-
96 model. Given the model’s simplicity, these states
require no additional initialization. A 48-h forecast
is performed, with forecasts saved every 3h, gener-
ating 96 samples repeated 50 times per experiment.
Mean RMSE (line 1) and ACC (line 2) are calculated
at 3-h intervals and plotted in Figs. 6a-6d. Index 1
represents the RMSE between af and z*, and index 2
shows the ACC. Results indicate that DRL-EnVar
consistently delivers the best performance (red solid
circular markers), particularly under 50% observa-
tion sparsity, where its initial states lead to signifi-
cantly superior forecasts.

In summary, based on the quantitative results
of Experiment 1, our method achieves superior as-
similation performance with reduced computational
cost under sparse observations, eliminating the need
for parameter tuning by enumeration. Unlike CTL-
EnVar and HCDA, which require re-enumeration and
empirical optimization of hybrid weights when sys-
tem settings change (e.g., varying observation spar-
sity), our approach adapts seamlessly.

5.2 Quantitative comparison of assimilation
performance under sparse observations and
with a mutation period

Fig. 7 presents the AM (yellow-orange solid line,
AM) and mutation period average (dark blue dashed
line, MPm) RMSE between * and «* for various DA
methods under different observation sparsity ratios,
with a 1-month mutation during the assimilation cy-
cle. The error bar for each value is marked. Key
findings are as follows:

1. DRL-EnVar outperforms all sparsity levels.
Consistent with Experiment 1, DRL-EnVar achieves
the smallest AM and MPm across all sparsity set-
tings (bold) in Experiment 2.

2. DRL-EnVar demonstrates an enhanced per-
formance during mutation periods.
DRL-EnVar shows superior per-

Compared to
Experiment 1,
formance, particularly during mutation periods.
Although MLP-EnVar is generally the second-best,
CTL-EnVar outperforms it at 90% and 75% sparsity
levels but suffers from poor stability, as indicated
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The solid yellow-orange line represents the AM, while the dashed dark blue line represents the MPm.

Error bars are shown for each value. References to color refer to the online version of this figure

by larger error bars. The comparison highlights the
effectiveness of the C-CNN module in DRL-EnVar,
with its advantages becoming more pronounced at
higher sparsity levels.

3. EnKF underperforms DRL-EnVar in sparse
and mutation conditions. As shown in Fig. 5b, EnKF
fails to achieve ideal performance under sparse ob-
servations and mutation conditions, even with many
ensemble members. EnKF lags significantly behind
DRL-EnVar in AM and MPm results, indicating that
increasing ensemble size alone cannot resolve issues
like filter divergence, even with localization. Ad-
dressing these limitations in EnKF warrants further
investigation.

4. HCDA relies on weight enumeration and large
ensembles, increasing computational cost. Figs. 4e—
4h show HCDA AM (index 1, line 2) and MPm
(index 2, line 3) results across ensemble sizes (z
axis) and B¢ weights (y axis). Values matching or
outperforming those of DRL-EnVar are highlighted,
with red boxes marking the minimal ensemble size

meeting this criterion. DRL-EnVar matches HCDA
performance with 10 or more ensemble members
(e.g., at 90% observation sparsity, it approximates
HCDA-E10W0.8; at 80% sparsity, HCDA-E30W0.7;
at 75% and 50%, HCDA-E30WO0.7 and HCDA-
E40W0.9, respectively). However, HCDA’s compu-
tational cost exceeds 200s, far higher than that of
DRL-EnVar. Furthermore, HCDA’s reliance on enu-
merated weights, sensitive to factors like model type,
ensemble method, and observation sparsity, neces-
sitates re-enumeration for the optimal performance
under changing conditions, lacking robust theoreti-
cal support.

Based on 3-h forecast results, DRL-EnVar con-
sistently achieves a near-optimal performance in the
RMSE and ACC between zf and z!, as shown by
comparisons for both AM (Fig. 6, lines 3-4) and
MPm (Fig. 6, lines 5-6), with pronounced advan-
tages during mutation periods.

In conclusion, our proposed DRL-EnVar method
leverages the feature extraction capabilities of a
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hybrid C-CNN and MLP architecture to provide a
robust representation of spatiotemporal data. Com-
bined with RL-driven decision-making, it enables
optimal hybrid weight selection and ensures consis-
tently high assimilation performance across both sta-
ble and mutation periods.

5.3 Qualitative analysis of DRL-EnVar

Fig. 8 depicts the evolution of background er-
ror covariance weights over 360 days under 50% ob-
servation sparsity, with a mutation period. The re-
sults, following model convergence on the test set, re-
veal time-dependent changes in weight selection. As
shown in the method model diagram, the weights for
matrix B exhibit temporal variation throughout the
assimilation forecast cycle, with all matrix weights
non-zero, indicating continuous contribution to B
(o corresponds to the weight of Bigy s, 02 to By,
a3 to Byg, 1 to BS,, and (B2 to Big).

Mutation period

Q

0.6
Q.
: 05 _
)
a, 049
033
B, | 0.2

| |
gL JUIEN JREELT ]I

30 60 90 120 150 180 210 240 270 300 330 360
Day

Fig. 8 Heatmap of variable weights at different time
steps during the annual assimilation cycle. The gradi-
ent from light blue to dark blue represents the weight
variation, with light colors indicating low weights and
dark colors indicating high weights. The red rectangle
highlights the weight variation patterns of variables
during the mutation period. References to color refer
to the online version of this figure

DRL-EnVar dynamically adjusts the weights of
each covariance matrix after each assimilation, based
Over the 360-d period,
every 8 cycles yield 5 weight selections per action,
totaling 225 weight updates. These selections exhibit

on evolving state variables.

significant fluctuations throughout the assimilation
cycle, highlighting the method’s capacity to adapt to
variations in background error covariances.

The red rectangular box in the figure highlights
weight changes during the mutation period, illustrat-
ing the method’s idealized response. Notably, during
this period, the weights of Bj,; and Bjg increase
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significantly, dominating the total weight. This be-
havior confirms the DRL-EnVar method’s ability
to swiftly respond to mutations in state variables,
adjusting mixed weights and updating B". Such
adjustments allow the method to more accurately
represent error correlations and effectively handle
abrupt changes in state variables.

6 Discussion
6.1 Transferability of DRL-EnVar to 4DVar

To explore whether the DRL-EnVar frame-
work can generalize beyond 3DVar,
a preliminary test by embedding DRL-based hy-
brid weight selection into a 4DVar system (denoted
DRL-En4DVar). Under similar experimental set-
tings, DRL-En4DVar achieves the best or second-
best assimilation performance across multiple ob-
servation sparsity ratios, particularly under high-
sparsity conditions.

we conduct

These results suggest that the
core DRL-based decision framework is compatible
with 4DVar and retains its adaptability advantages.
further optimization is needed to fully
leverage 4DVar’s temporal assimilation characteris-
tics during regime transitions. Detailed results and

However,

discussion are provided in Fig. S2 in the supplemen-
tary materials.

6.2 Data sample selection and theoretical jus-
tification for constructing B

In DA, the true state variables are inaccessi-
ble, making direct computation of background error
information impossible. Thus, background error es-
timation relies on assumptions and approximations,
such as the innovation covariance method (Buehner
et al., 2005), NMC method, and ensemble methods.
Due to sparse observations in this study, the innova-
tion covariance method is not applicable. The NMC
method simulates background errors using the dif-
ferences between model predictions at different lead
time, whereas the ensemble method averages the dif-
ferences among ensemble members, offering a more
realistic reflection of background errors.

Both NMC and ensemble methods depend on
background error information within data samples.
For this study, data samples were selected based
on climate state and real-time modified time-lagged
samples (Section 3.3), focusing on DL for feature
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extraction and RL for decision-making, minimizing
computational cost. Although the sample selection
process was informed by literature and expert judg-
ment, future research should focus on a more rigor-
ous approach to sample selection and a quantitative
evaluation of different B’s impact on assimilation
performance.

6.3 Observation masking uniformity

This study employs a uniform masking strat-
egy tailored to the Lorenz-96 model, although
real-world observational sparsity is typically non-
uniform. This raises concerns about whether the
DRL-EnVar method will maintain its performance
when applied to real-world data. However, the core
DRL approach in DA—extracting data features via
DL and making decisions with RL—remains un-
changed. The C-CNN module in DRL-EnVar ex-
tracts features based on the Lorenz-96 model’s cyclic
characteristics, which align with the spherical fea-
tures of real-world data (e.g., latitude and longi-
tude). Extending the 2D C-CNN to a 3D version
is sufficient for real-world validation.

However, non-uniform observational sparsity
may degrade C-CNN performance in real-world ap-
plications, necessitating further validation. Addi-
tionally, this sparsity may introduce other chal-
lenges, requiring adjustments based on the model’s
specific characteristics. Despite these issues, the
framework of data feature-based intelligent decision-
making remains robust, and the application of DRL

in DA holds significant promise for future research.
6.4 Complexity of the mutation period

This study aims to assess whether DRL can en-
hance hybrid DA methods within computational lim-
its and improve assimilation performance, with a fo-
cus on hybrid assimilation innovations. Experiments
are conducted using the Lorenz-96 model. Although
DRL-EnVar shows significant improvements in an-
nual cycle assimilation, especially during mutation
periods, the experimental setup is simpler than real-
world meteorological phenomena.

In contrast to the Lorenz-96 model, which in-
volves a single variable with limited complexity, real-
world systems, such as the East Asian rainy season,
exhibit high seasonal variability and complex covari-

ance relationships among multiple variables. The

variation patterns of real atmospheric systems are
far more complex and nonlinear, especially during
mutation periods in the rainy season.

Future work will apply DRL-powered DA meth-
ods to real-world scenarios, such as the rainy season,
to verify their practical effectiveness. The goal is
to optimize regional assimilation performance while
ensuring timeliness and improving forecasts of atmo-
spheric variables like humidity and precipitation.

6.5 Real-world adaptability

The DRL-EnVar has demonstrated effectiveness
in the Lorenz-96 model, yet its applicability to op-
The
core paradigm—DL for feature extraction, RL for

erational NWP remains an open challenge.

decision-making, and the B matrix for transmit-
ting flow-dependent information—provides a trans-
ferable foundation for extension to more complex
meteorological settings. However, this transition
from low-dimensional, uniformly sampled Lorenz-96
states to high-dimensional, multivariate real-world
states (e.g., temperature, wind, and humidity) in-
troduces challenges, particularly with heterogeneous
data sources such as gridded reanalysis, remote sens-
ing imagery, and point clouds. The C-CNN module,
designed for 1D cyclic data, may be insufficient for
such inputs, motivating the adoption of alternative
architectures like Earthformer for spatiotemporal
fields (Gao et al., 2022) and PointNet for non-
Euclidean data structures (Qi et al., 2017).

Additionally, the action space, defined by hy-
brid weights, must align with the parameterization
used in operational DA systems (e.g., WRFDA),
where control variable transforms (CVT) represent
B. This necessitates redefining actions as spatially
and temporally adaptive hybrid parameters for the
CVT-based components of B—including variances,
eigenvectors, eigenvalues, and horizontal/vertical
length scales—ensuring compatibility with opera-
tional DA formulations and improving assimila-
tion under heterogeneous observational coverage and
flow-dependent uncertainties. Building on the cur-
rent model-based success, future work will aim to val-
idate DRL-EnVar in realistic NWP environments by
incorporating multimodal data and model character-
istics, with sensitivity analysis guiding the evolution
of the feature extraction pipeline and action design
to ensure scalability and robustness in operational
use.
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7 Conclusions

Traditionally, the performance of variational
DA has been enhanced by linearly combining static
and ensemble background error covariance matri-
ces. However, conventional EnVar hybrid assimi-
lation methods are computationally expensive and
lack transferability. To address these issues, we pro-
pose a novel DRL-based hybrid assimilation method,
DRL-EnVar. This approach frames the selection of
hybrid parameters as an intelligent decision-making
task, using an innovative cyclic convolution module
and an MLP to extract data features. RMSE is used
as a reward function to optimize the mixing weights,
generating a real-time background error covariance
matrix B", which effectively improves assimilation
performance under sparse observations and during
rapid transitions in weather conditions.

Experimental validation shows that DRL-EnVar
significantly outperforms traditional methods at a
lower computational cost. Specifically, at 50% ob-
servation coverage, the computational cost is only
1.25 times that of pure 3DVar, yet the performance
is comparable to that of EnKF-15. Furthermore,
under sparse observation and during rapid state
transitions, DRL-EnVar intelligently selects mixing
weights using DRL, optimizes the spatiotemporal
adaptability of the background error covariance, and
significantly enhances assimilation stability and ef-
ficiency. Compared to traditional methods that
rely on large ensemble members, DRL-EnVar re-
duces computational costs while improving assimi-
lation performance, offering a more competitive so-
lution for handling complex state transitions.

Overall, this work empowers traditional varia-
tional assimilation with DRL, alleviating smoothing
issues in large-scale weather models by enhancing
the flow-dependent characteristics of background er-
rors. The successful validation of this method in toy
models lays the foundation for its application in real-
world weather assimilation, indicating a promising
future for research and application in this field.
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Appendix: The Lorenz-96 model

The Lorenz-96 model is a typical nonlinear sys-
tem, whose governing equation is

dx;

& - (Xjt1 = Xj2) Xjo1 — X; + F,

2603

where 7 = 1,2,..., J. J = 40 denotes the scalar
state variables on 40 equally spaced grid points
around a latitude circle. F = 8.0 and an RK4
scheme with a time step d¢ = 0.05 (counting as
6h) are used for solving the equations numerically.
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