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Abstract. To make weather/climate modeling computationally afford-
able, subgrid-scale physical processes in the numerical models are usually
represented by semi-empirical parameterization schemes. For example,
planetary boundary layer (PBL) parameterizations are used in atmo-
spheric models to represent the diurnal variation in the formation and
collapse of the atmospheric boundary layer—the lowest part of the atmo-
sphere. We consider the problem of developing an accurate alternative to
physics-based PBL parameterizations for speeding up the operation of
atmosphere modeling. Our contributions are twofold. The first contribu-
tion is to propose a deep neural network emulator, called DeepPE, that
focuses on simulating nonlocal closures in the PBL to capture cross-layer
large eddies. We also explore a transfer method to maintain accuracy
when applying a trained model to systems with different external forcing.
We provide a comparison with three data-driven approaches as well as
multi-task fine-tuning in predicting the PBL vertical profiles outputted by
the Yonsei University (YSU) parameterization in the Weather Research
Forecast (WRF) climate model over 16 locations. The experiment results
show that our method can better simulate the vertical profiles within the
boundary layer of velocities, temperature, wind speed, and water vapor
over the entire cycle. And they also indicate that it achieves a comparable
generalization performance with less computational cost.

Keywords: Neural networks · Supervised learning · Environmental sci-
ences

1 Introduction

Scientists use numerical models to understand complex earth systems and make
predictions [29], which work by dividing the components of the system into large
boxes, known as grid boxes. Most of the current climate and weather models
have typical horizontal grid resolution of O(100) km and O(10) km , respectively.
However, many important physical processes and mechanisms that take place on
smaller spatial scales, such as atmospheric and oceanic turbulent circulations,
are too small to be explicitly modelled, or some phenomena are not fully un-
derstood [30], and therefore model developers must resort to parameterizations
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Fig. 1. Parameterization in atmospheric model. The numerical model based on grid
boxes simulates atmospheric motion at the current spatial resolution (grid-scare), but
it receives variables that reflect the influence of the subgrid-scale physical processes.

(Fig. 1). That is, parameterization is a physical-based or semi-empirical approx-
imation of small-scale, subgrid processes in large-scale resolved processes [21].
While these parameterizations are designed to be computationally efficient, cal-
culation of a model physics (different from dynamic core with clear analytical
solutions, which contains all the subgrid processes using parameterization) pack-
age still takes a good portion of the total computational time. For example, in
the Community Atmospheric Model (CAM) developed by the National Center
for Atmospheric Research (NCAR), with a spatial resolution of approximately
300km and 26 vertical levels, the physical parameterizations account for about
70% of the total computational burden [16].

Moreover, an increasing need in the climate community is performing high
spatial-resolution simulations, which calls for exponential growth of computing
power [2], to assess risk and vulnerability due to climate variability at a local scale,
while generating large-ensemble simulations in order to address uncertainty in the
model projections. All these have caused great challenges to the time efficiency
of numerical model operation. Thus, developing novel and computationally
efficient emulators to parameterization [18], enabling researchers to generate finer
resolution simulations and more ensemble members, are urgently needed and are
at the forefront of research.

Since deep neural networks (DNNs) have excellent ability in nonlinear fitting,
we have a strong intuition in favor of the potential of DNNs in parameteriza-
tion emulation. In this work, we introduce an approach to emulate an existing
planetary boundary layer (PBL) parameterization using 22-year-long output of
16 different locations created by the Weather Research Forecast (WRF) climate
model through deep learning. The aim is to build an DNN-based algorithm to
empirically understand the process in the numerical weather/climate models
that could be used to replace the physics parameterizations that were derived
from observational studies. This method would be computationally efficient
and making the generation of large-ensemble simulations feasible at very high
spatial/temporal resolutions with limited computational resources.

Developing a fast PBL parameterization emulator is challenging. First, PBL
is the region adjacent to the earth’s surface where small-scale turbulence, which
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is difficult to be observed, fully understood, let alone modeled, is induced by
wind shear and/or thermal convection and occurs almost continuously in space
and time [7]. Secondly, the emulator is expected to have certain extrapolation
(i.e., genalization) ability, according to the First Law of Geography: “everything
is related to everything else, but near things are more related than distant
things.” [27] Nevertheless, the natural and anthropogenic variabilities cause non-
stationarities, which can limit the applicability of a data-driven model that is
trained with a dataset that contains a large amount of data but from a small
part of the non-stationary distribution in climate modeling [23].

To tackle these challenges, our method has two components. The first is
Deep parameterization emulator (DeepPE), taking account of ideas of traditional
physical methods, that can be used to replace the PBL parameterization in
the WRF model. The second component is a transfer mechanism to further
reduce the cost of calculations. Specifically, we hope that a trained model can
be applied to systems with different forcing (e.g., turbulence). This problem is
closely associated with two (or three) widely-studied topics: multi-task learning
(or transfer learning) and life-long learning, but has not been extensively addressed
in any of them. In life-long learning, different tasks are trained over time, and
the model accommodates new knowledge while retaining existing experience. [22].
However, data of all tasks is gained at the same time in our case. Our problem
is more similar to multi-task learning, where model can generalize better on
original task by sharing representations between related tasks [24], whereas in
our case reducing total training time, rather than improving performance, is
more concerned.

2 Related Work

Data-driven Parameterization Emulation. As far as we know from the
literature available, experts have tried to use shallow neural networks to accelerate
parameterization very early [15,4]. [17] utilized a single layer network to imitate
an atmospheric longwave radiation parameterization for the National Center
for Atmospheric Research (NCAR) Community Atmospheric Model (CAM) and
obtained a 50–80 times acceleration. Compared with our approach, they are
cruder and hardly competitive in accuracy when used for parameterization of
more complex physical processes.

In recent years, because of the superior performance in modeling the under-
lying nonlinear functional relationship between inputs and outputs of systems,
DNNs are particularly appealing for emulations of physical parameterization in
the numerical weather and climate modeling. DNNs have been used to fit a sim-
ple chaotic dynamical system to prove their feasibility for atmosphere modeling.
[8] used the two-time scale model proposed in [20], henceforth the L96 system,
which is a common baseline model for evaluating both parameterization and data
assimilation techniques due to its transparency and computational cheapness, as
a test bed to evaluate the performance of GAN in stochastic parameterization.
Coincidentally, almost at the same time [3] also used a simple fully connected
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Fig. 2. Three existing DNNs’ emulators: Fully connected feed-forward neural network
(FFN), hierarchically connected network with previous layer only connection (HPC)
and hierarchically connected network with all previous layers connected (HAC). FC
Block is the full-connected feature extraction block.

network to model the multi-scale L96 system [26] thus proving the performance
of DNNs in sub-grid parameterization. Our work simulates a practical parame-
terization scheme, the Yonsei University (YSU) scheme [12], in commonly used
WRF atmospheric model instead of a toy model, which is more applicable.

Fast emulation to PBL parameterization has been investigated for DNNs in
the seminal work of [28]. It introduced three types of networks employed as our
baseline methods (Fig. 2), and attempted to generalize the model trained by
data from a single location to its neighbors. However, although they also tried
to make the network capture the mixing between PBL vertical layers by using
domain knowledge to guide the design, only the effects of higher altitude layers
from previous layers are considered, which is inconsistent with the fact that in
the scenario of nonlocal mixing, the vertical exchange between PBL is mutual.
In addition, their experiments also show a serious decline in model performance
in partial locations.

Multi-task Learning. Transfer learning [25], as well as multi-task learning [31]
is widely studied, and it is out the scope of this paper to review all of them. We
briefly review the most representative and related works. Our case is similar to
multi-task learning in the sense that we also construct general representations
which are task-agnostic [6], though we focus on reducing the total training time
without decreasing the accuracy. Since all our datasets are labelled, Fine-tuning,
which starts with a pre-trained model on the source task and trains it further on
the target task, is arguably the most widely used approach [14]. In computer vision
tasks, the fine-tuning methods have been studied fruitfully: models have been able
to automatically determine which layers to fine-tune per target instance [10,11].
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Fig. 3. Deep parameterization emulator (DeepPE) architecture.

Yet because our model tries to simulate the correlation of the vertical profiles of
PBL, it is difficult to freeze parameters of partial layers. And, in our problem,
the sizes of the target dataset and source dataset have subtle differences, allowing
fine-tuning the whole network with low possibility of overfitting.

3 Methods

3.1 Problem Definition

The PBL parametric emulator aims to create a mapping of near-surface charac-
teristics (x) to vertical profiles of the model prognostic and diagnostic fields (y):

Y = F(x,Θ) (1)

where x ∈ RN and Y = [y1, y2, . . . , yL], yl ∈ RM (l = 1, 2, . . . , L). N , M and L
are the number of input characteristics, output atmospheric variables and vertical
layers. F is the parameterization method, here is DeepPE, and Θ denotes the
parameters of F . The observations of output variables are used as ground truth.

3.2 Deep Parameterization Emulator

As shown in Fig. 3, our DeepPE mainly consists two parts: bidirectional hierarchically
all previous connected network (BiHAC) and merge block. BiHAC is an extension
of HAC which akin to Dense block [13] but output layers are evenly lie in the
network instead of only at the end. More specifically, each basic feature extraction
module (FC block, Full Connected block) receives the output from all previous
modules and the network input as input feature. This procedure can be expressed
as:

yl = HFC,l([x, y1, . . . , yl−1]) (2)

where HFC,l denotes the operations of the l-th FC block. [x, y1, . . . , yl−1] refers
to the concat of the outputs produced by the input x and FC blocks HFC,1,
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. . ., HFC,(l−1), resulting in N + (l − 1)×M features. HFC,l can be a composite
function of operations, such as full-connected layer and rectified linear units
(ReLU) [9]. The motivation for designing this skip-connected structure is not only
back-propagation efficiency, but, from the physical process perspective, it takes
the nonlocal mixture between vertical layers in PBL into account. As reported
by [5], compared with solely local mixing processes, nonlocal mixing processes
are shown to perform more accurately in simulating deeper mixing within an
unstable PBL.

Although HAC consider the features transported from surface and all the
points that below the given points, unsurprisingly it is not sufficient. Effects of
currents or vertical eddies within the PBL are not unidirectional [5], hence when
we use the network layers to simulate the vertical exchange of PBL, we should
explore the upward and downward information transmission. We add the reverse
structure:

y′l = H ′FC,l([x, y
′
L, . . . , y

′
l+1]) (3)

where H ′FC,l denotes the l-th FC block of the reverse structure and y′l ∈ RM

is another output of l-th PBL, which contain information of top-down vertical
convective transfer.

At this stage, we have two output predictions, then the Merge block is utilized
to combine them up. The Merge operation can be simple addition, here we use
attention mechanism [1] to choose the final outputs:

YDtoT = [y1, . . . , yL] (4)

YTtoD = [y′1, . . . , y
′
L] (5)

Y = f(Y T
TtoDW

T
QWKYDtoT)Y T

DtoTW
T
V (6)

where WQ,WK ,WV ∈ Rm×m are three weight matrices to be learned, and f is
softmax function. The attention mechanism queries each reverse output layer for
each down-top output layer, and integrates the information of the bidirectional
chain into the final output with a weighted sum based on their relevance, which
is more flexible than direct addition.

3.3 Transfer Scheme

Unlike the traditional developing process of parameterization, most of the ex-
trapolation strategy for parameterization DNNs is training the model by data

Fig. 4. Transfer Framework of DeepPE. ⊕ denotes element-wise sum.
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from one location (source dataset) before applying it to other locations (target
datasets), or continue to fine-tuning using the data from target locations. Accord-
ing to the development paradigm of non-data-driven approach [21], simulations
of all small-scale processes are built upon the modeling of basic atmospheric
motion. In other words, our network should first summarize the general mapping
across locations, and then extract the specific features of individual location.
Therefore, we mix the data from all locations to train a general model, and then
use the data for different tasks to fine-tune it. We have K classes, and classifier
was added to distinguish task classes (Fig. 4), while a unique DeepPE and a
general DeepPE are respectively used to fit process in different locations and
extract common information among grids.

Yclass = DeepPE(x, θclass) (7)

Ygeneral = DeepPE(x, θgeneral) (8)

Y = Yclass + Ygeneral (9)

Here, the function DeepPE(·, ·) is a shorthand for Eq.(2)–(6) and θ represents
all the parameters of DeepPE. The final outputs are concatenation of the outputs
from unique space and shared space. The linear classifier can estimate what kinds
of locations the data comes from:

Classifier(Yclass, θclassifier) = softmax(bclassifier +WclassifierYclass) (10)

3.4 Training

Given a training set
{
x(i), Ŷ (i)

}d

i=1
, where d is the number of training samples

(batch size) and Ŷ (i)is the ground truth observation of x(i), the optimization
objective is defined as:

arg min
Θ

(L(Θ)) (11)

We use MSE loss function to optimize DeepPE, while the parameters of the
network are trained to minimise the cross-entropy of the predicted and true
distributions on the task numbers. And inspired by [19], orthogonality constraints
can penalize redundant latent representations and encourages the unique and
general DeepPEs to extract different aspects of the inputs. Accordingly, the final
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loss function of our model can be written as:

L(Θ) =
1

d

d∑
i=1

∥∥∥Ŷ (i) − Y (i)
∥∥∥2

2

− λ1

d

d∑
i=1

K∑
j=1

ŷjclass log(yjclass)

+ γ
1

d

d∑
i=1

∥∥Y T
classYgeneral

∥∥2

F

(12)

where λ and γ are hyper-parameter. ŷjclass and yjclass are the ground-truth label as

well as prediction probabilities of task number. ‖·‖22 and ‖·‖2F are the Euclidean
norm and the squared Frobenius norm.

4 Experiments

This section describes the experiments performed to demonstrate the effectiveness
of DeepPE when applied to one location data and data from multiple locations.

4.1 Datasets

The data1 we used in this study is the PBL parameterization (YSU scheme,
in which the vertical diffusion equation term includes the nonlocal mixing by
convective eddies) dataset published by [28], which is a 22-year output from
the regional climate model WRF version 3.3.1, driven by NCEP-R2 for the
period 1984–2005. The input is 16 near surface characteristics, including 2m
water vapor(Q2) and air temperature(T2), 10 m zonal and meridional wind (U10,
V 10), ground heat flux (GRDFLX), incoming shortwave radiation (SWDOWN),
incoming longwave radiation (GLW), PBL height (PBLH), sensible heat flux
(HFX), latent heat flux (LH), surface friction velocity (UST), ground temperature
(TSK), soil temperature at 2m below the ground (TSLB), soil moisture at 0–0.3
cm below the ground (SMOIS), and a geostrophic wind component at 700 hPa
(Ug, V g). The results of WRF model simulations referred to as observations,
which contain 17 vertical profiles of the following five model prognostic and
diagnostic fields: temperature (tK), water vapor mixing ratio(QVAPOR), zonal
and meridional wind (U , V ), as well as vertical motions (W ).

The 22-year data was partitioned into three parts: a training set consisting of
20 years of 3-hourly data to train the model; a validation set consisting of 1 year
data used for tuning algorithm’s hyper-parameters and to control over-fitting;
and a test set consisting of 1-year records for prediction and evaluations. We use
data from a site in the midwestern United States (Logan, Kansas; 38.8701◦N,
100.9627◦W) to test the performance of DeepPE, and use it and data from 15
sites nearby (within a ∼ 1100km× 1100km area) for transfer experiments.

1 Retrieved from https://github.com/pbalapra/dl-pbl
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4.2 Experimental Setup

For the performance test of DeepPE, we apply a chronological 11-fold crossover
experiment, that is, the first experiment uses 1984 data to verify, 1985 data
to test, and 1986–2005 data to train; at the second run, 1985 data are used as
verification set, 1986 data as test set and left data as training set; etc. For the
transfer experiments, only the last fold setting is chosen. Our baselines are FFN,
HPC, HAC (section 2), all of them as well as DeepPE have 16 hidden units, and
2 full-connected layers in the FC Block.

The networks are trained using Adam optimizer on a 4-GPU machine and
each GPU has 16/64 (single/transfer) clips in a mini-batch (so in total with a
mini-batch size of 64/256 clips). We train models for 100 epochs in total, starting
with a learning rate of 0.001 and reducing it to 10e–5 follow the cosine annealing
strategy. For preprocessing, we applied StandardScaler (removes the mean and
scales each variable to unit variance) and MinMaxScaler (scales each variable
between 0 and 1) transformations before training, and we applied the inverse
transformation after prediction so that the evaluation metrics are computed on
the original scale. For the implementation, we use Pytorch (version 1.2.0) and
our code is available at https://github.com/shiwch/DeepPE Model.

We use mean absolute error (MAE), root mean squared error (RMSE), r2
score (r2) and Pearson correlation coefficient (PCC) to evaluate the performance
of various algorithms, where MAE and RMSE range from 0 to positive infinity,
the smaller the better; r2 and PCC range from negative infinity to 1 and negative
1 to positive 1, respectively, 0 indicates no skill and 1 is the perfect score.

5 Results

5.1 DeepPE Performance Analysis

Table 1 and 2 shows the average results of 11-fold crossover experiment and the
first four lines indicates that DeepPE achieves the best performance in terms of all
evaluation metrics on five predicted variables. Compared to the best performance
gained by three baseline approaches, our model respectively shows 2.9% ∼ 9.2%,
0.8% ∼ 11.1%, 4.0% ∼ 19.2%, 4.1% ∼ 21.7% and 0.8% ∼ 18.1% improvement
in terms of MAE, RMSE, PCC and r2 on U , V , W , tK and QVAPOR. Among
them the smallest improvement occurs in the PCC of V and QVAPOR (both
0.8%), this is because the baseline methods show greate results on all predicted
variables except vertical motions(W ) in the PCC, of which our model improves
19.2%. It is also worth noting that the increase in vertical wind direction and
wind speed of our model relative to HAC is more obvious than that of HAC
relative to HPC. All these appeals show that DeepPE has a better ability to fit
the vertical mixing.

In addition, we evaluate the effectiveness of merge component of DeepPE
with an ablation study. DeepPE-d represent only the merge block in DeepPE
is replaced by a simple element-wise addition operation. It can be seen that
its performance is between the DeepPE and HAC, which implies that the new

https://github.com/shiwch/DeepPE_Model


10 F. Xu et al.

Table 1. Comparison of predictive ability between four emulators in terms of U , V , W .

U V W

MAE RMSEPCC r2 MAE RMSEPCC r2 MAE RMSEPCC r2
FFN 3.638 4.563 0.000 -0.003 5.885 7.224 0.000 -0.004 3.003 5.245 0.000 -0.002
HPC 1.324 1.805 0.901 0.817 1.573 2.143 0.951 0.905 0.027 0.049 0.449 0.276
HAC 1.331 1.810 0.902 0.818 1.577 2.148 0.951 0.905 0.025 0.048 0.453 0.294

DeepPE 1.2081.6760.9160.842 1.4021.9600.9590.920 0.0240.0460.5400.351
DeepPE-d 1.255 1.729 0.910 0.832 1.475 2.039 0.956 0.914 0.025 0.048 0.473 0.304
HAC-32 1.286 1.762 0.907 0.827 1.521 2.086 0.954 0.911 0.025 0.048 0.468 0.301

DeepPE-8 1.231 1.706 0.911 0.836 1.433 1.994 0.957 0.917 0.024 0.047 0.515 0.333

Table 2. Comparison of predictive ability between four emulators in terms of tK,
QVAPOR.

tK QVAPOR

MAE RMSE PCC r2 MAE (×10−3) RMSE (×10−3) PCC r2
FFN 8.521 1.017 0.000 -0.007 3.109 3.641 0.000 -0.004
HPC 1.152 1.625 0.984 0.967 0.439 0.647 0.972 0.946
HAC 1.173 1.615 0.984 0.968 0.452 0.660 0.972 0.945

DeepPE 0.922 1.327 0.988 0.977 0.372 0.559 0.980 0.961
DeepPE-d 1.032 1.445 0.987 0.973 0.413 0.614 0.975 0.951
HAC-32 1.091 1.514 0.986 0.972 0.437 0.645 0.974 0.948

DeepPE-8 0.956 1.370 0.988 0.975 0.382 0.573 0.979 0.958

reverse path is beneficial to the PBL variables fitting. However, compared to the
layer-by-layer accumulation with adaptive weights based on attention mechanism,
addition turns up to be rigid to merge bidirectional paths.

In order to verify that the advancement of DeepPE in modeling physical
processes is attributed to the design of network structure rather than the increased
number of neurons, we provide comparison models DeepPE-8 and HAC-32, having
8 as well as 32 units in each hidden layer respectively, and both have 2 full-
connected layers in the FC Block which is the same as other experimental methods.
Our network maintains performance even with fewer parameters (last two lines

Table 3. Training details of emulators.

Training time per
fold (s/100epoch)

Test Time
(s)

Total
parameters

FFN 3 103.18 0.008 3 4 307
HPC 3 147.28 0.013 7 6 533
HAC 3 228.60 0.009 0 17 493

DeepPE 4 580.97 0.011 8 41 827
HAC-32 3 223.96 0.009 2 35 925

DeepPE-8 4 590.12 0.011 5 24 563
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(a) MAE of V (b) r2 of V

(c) MAE of W (d) r2 of W

Fig. 5. Performance of HAC, HPC and BiHAC-8 in each vertical layer on vertical wind.

of Table 1 2 and 3). Nonetheless, it has no advantage in training time, even with
fewer parameters. Fortunately, the model is mainly doing interference rather than
training in application, and the interference time of DeepPE does not increase
much.

Fig. 3 further shows how DeepPE benefits from the added reverse chain. We
find that it has a prominent contribution to the high layers which are difficult
to predict. In addition, the bidirectional propagating features also make its
performance slides more smooth between two adjacent layer, rather like HPC

Table 4. Comparison of predictive ability between four emulators.

U V W tK QVAPOR

MAE r2 MAE r2 MAE r2 MAE r2 MAE (×10−4) r2
DeepPE-tran 1.409 0.835 1.544 0.877 0.028 0.263 1.033 0.971 4.286 0.946
DeepPE-test 1.428 0.830 1.547 0.873 0.028 0.291 1.036 0.971 4.397 0.938
DeepPE-tune 1.291 0.842 1.386 0.884 0.027 0.310 0.827 0.978 3.555 0.957
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and HAC (more obvious in a specific location experiment, please refer to Fig. 6
for details)

5.2 Transfer Analysis

Similarly, we also verified the transfer method (Table 4). In order not to increase
the training time, we use a subset of mixed data for training, which has the
same number of samples as a single site dataset. Meanwhile, because our transfer
scheme contains two DeepPEs, we halve the number of neurons in each layer, thus
the training has a similar training duration (4395.87s). We see that our transfer
strategy (DeepPE-tran) has achieved better results than directly testing original
DeepPE trained by mixed sub-dataset (DeepPE-test). When we put another 10
epoch fine-tuning (DeepPE-tune) based on each site data, the performance will
be further improved.

(a) MAE of V (b) r2 of V

(c) MAE of W (d) r2 of W

Fig. 6. Performance of HAC, HPC and BiHAC-8 in the fourth experiment of 11-fold
crossover.
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6 Conclusion

In this work, we introduce an approach to emulate existing physical parameteriza-
tions in atmospheric models through deep learning. A bidirectional network takes
into account the domain-specific features: there are different local and nonlocal
closure approximations in use in non-data-driven method for the small, locally
generated turbulent eddies as well as cross-layer large eddies. This computation-
ally efficient PBL parameterization emulator can quickly predict the variables
with decent accuracy. Experiments show that our emulator is superior to others.
In addition, we propose a transfer scheme to enable the emulator to have better
generalization capabilities without increasing the calculation.
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