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Abstract: Accurate and efficient modeling of the wind field is critical to effective mitigation of 6 

losses due to the tropical cyclone-related hazards. To this end, a knowledge-enhanced deep 7 

learning algorithm was developed in this study to simulate the wind field inside tropical cyclone 8 

boundary layer. More specifically, the machine-readable knowledge in terms of both physics-based 9 

equations and/or semi-empirical formulas was leveraged to enhance the regularization mechanism 10 

during the training of deep networks for dynamics of tropical cyclone boundary-layer winds. To 11 

comprehensively appreciate the high effectiveness of knowledge-enhanced deep learning to 12 

capture the complex dynamics using small datasets, two nonlinear flow systems governed 13 

respectively by 1D and 2D Navier-Stokes equations were first revisited. Then, a knowledge-14 

enhanced deep network was developed to simulate tropical cyclone boundary-layer winds using 15 

the storm parameters (e.g., spatial coordinates, storm size and intensity) as inputs. The reduced 3D 16 

Navier-Stokes equations based on several state-of-the-art semi-empirical formulas were employed 17 

in the construction of deep networks. Due to the effective utilization of the prior knowledge on the 18 

tropical cyclone boundary-layer winds, only a relatively small number of training datasets (either 19 

from field measurements or high-fidelity numerical simulations) are needed. With the trained 20 

knowledge-enhanced deep network, it has been demonstrated that the boundary-layer winds 21 

associated with various tropical cyclones can be accurately and efficiently predicted. 22 

Keywords: Knowledge-enhanced deep learning, Tropical cyclones, Boundary-layer winds. 23 
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1. Introduction 24 

Tropical cyclones, considered as warm-core and low-pressure systems, are responsible for 25 

inflicting severe economic losses and casualties through high wind, torrential rain and storm surge 26 

(e.g., Pielke et al. 2008; Czajkowski et al., 2011; Rappaport, 2014). This situation may become 27 

more complicated in light of changing climate and continued escalation of coastal population 28 

density (e.g., Snaiki and Wu 2018a). A mature tropical cyclone typically consists of a boundary-29 

layer region, a region above the boundary layer with no radial motion, an updraft region, and a 30 

quiescent eye (Carrier et al. 1971). The high wind in the boundary layer is deemed as the most 31 

important component contributing to the tropical cyclone-related hazards. 32 

The slab or depth-averaged wind model (e.g., Shapiro 1983; Vickery and Twisdale 1995; 33 

Smith and Vogl 2008) has been traditionally used in hurricane damage and loss estimation (e.g., 34 

Florida Hurricane Loss Projection Model and HAZUS-MH Hurricane Model) (Powell et al., 2005), 35 

where the Navier-Stokes equations are vertically averaged through a predefined boundary-layer 36 

depth. Since it assumes a constant boundary-layer height and estimates the surface wind speed 37 

based on empirical reduction factors, the depth-averaged wind model suffers from several 38 

shortcomings that may deteriorate the simulation accuracy (e.g., Kepert 2010a; 2010b). Hence, the 39 

height-resolving wind model has been treated as a superior alternative to the slab model (e.g., 40 

Khare et al. 2009; Kepert 2010a; Kepert 2010b). A simple and easy way to obtain the height-41 

resolving winds is to use the empirical (or semi-empirical) vertical profiles recently developed 42 

with a large amount of measurement data both over ocean (e.g., using GPS dropsondes) and 43 

overland (e.g., using Weather Surveillance Doppler Radar) (Vickery et al. 2009; Snaiki and Wu 44 

2018b). However, the use of predefined basis functions (e.g., polynomials, sines or cosines) in 45 

these vertical wind profiles may not be necessarily suitable for the accurate modeling of such a 46 

complex dynamic system. Over the past few decades, significant efforts have been made to acquire 47 
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the height-resolving winds by directly solving the linear or nonlinear governing equations with a 48 

parametrization of the turbulent fluxes and surface drag (e.g., Kepert and Wang 2001). The 49 

simplicity and computational efficiency of the linear height-resolving wind models have made 50 

them widely implemented in various engineering applications (e.g., risk analysis) (Rosenthal 1962; 51 

Yoshizumi 1968; Meng et al. 1995; Kepert 2001; Huang and Xu 2012; Snaiki and Wu 2017a; 52 

2017b; Fang et al. 2018). However, there remain important phenomena that the physics-based 53 

linear schemes are not able to properly address due to their inherent limitations (e.g., 54 

underestimation of supergradient winds). While the physics-based nonlinear height-resolving wind 55 

models based on the fully-order Navier Stokes equations (e.g., Weather Research and Forecasting 56 

model) present improved simulation accuracy, they are impractical for the real-time forecasting 57 

and not suited for risk assessment due to the high computational demands.  58 

Alternatively, data-driven modeling or machine learning may be considered as an effective 59 

tool for rapid prediction of tropical cyclone boundary-layer winds. Machine learning techniques 60 

can be implemented to simulate nonlinear dynamic systems without committing to simplified 61 

assumptions or linearization. In particular, the artificial neural network (ANN), due partially to the 62 

solid mathematical foundation laid by Hornik et al. (1989) for a theorem stating that an ANN with 63 

a single layer of enough hidden units can approximate any multivariate continuous function with 64 

arbitrary accuracy, has been widely utilized in diverse scientific disciplines and applications during 65 

the last several decades. ANNs have also been applied to simulate the wind field inside tropical 66 

cyclones. Huang and Xu (2013) utilized the ANN to consider topography effects in the simulation 67 

of directional typhoon wind field at one location (i.e., Stonecutters Bridge in Hong Kong). Wei et 68 

al. (2018a) proposed an ANN model to predict the typhoon-induced wind speed at three stations 69 

in western Taiwan (i.e., Hsinchu Station, Wuqi Station and Kaohsiung Station) based on historical 70 

data. It is noted that both studies developed their ANN models for very limited localized points, 71 
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and hence are unable to simulate the spatial distribution of boundary-layer winds inside the tropical 72 

cyclones. To enhance the simulation performance by more effectively exploring and finding hidden 73 

information from data of nonlinear systems, the standard neural networks have recently been 74 

advanced to deep neural networks (DNNs) along with the rapid developments of central processing 75 

unit (CPU) and graphics processing unit (GPU) computing tools (LeCun et al. 2015). A large 76 

amount of high-fidelity input-output datasets are typically needed during the training process of 77 

deep learning. Unfortunately, big datasets may not be always available for an engineering 78 

application due partially to the high cost of data generation (using numerical/experimental/field-79 

measurement approach) (e.g., Swischuk et al. 2018).  80 

To alleviate the high demand of high-fidelity training datasets for the classical neural 81 

networks, a hybrid system consisting of neural-network and first-principle components has been 82 

developed (e.g., Psichogios and Ungar 1992; Beidokhti and Malek 2009). In addition to 83 

significantly reducing the amount of data that the purely data-driven models require, the hybrid 84 

scheme presents better interpolation and extrapolation results than those from the standard neural 85 

networks due to its physical constraints (Psichogios and Ungar 1992). Deep reinforcement learning 86 

(DRL), combining both the DNNs and reinforcement learning properties, could be considered as 87 

an improved, modern version of the conventional hybrid system (e.g., Schmidhuber, 2015; Sutton 88 

and Barto 2018; Wei et al. 2018b). Through their critic functions, DRLs maximize the system 89 

rewards based on a trial-and-error approach to achieve the best outcomes. Using the governing 90 

equations along with the boundary and initial conditions as the critics to penalize the loss function 91 

and regularize the learning process, Raissi et al. (2017a; 2017b) recently proposed a data-efficient, 92 

physics-informed deep learning to solve nonlinear partial differential equations (PDEs). The 93 

automatic differentiation, a generalized backpropagation algorithm, was used to facilitate the 94 

minimization of the loss function in the physics-informed deep learning (Baydin et al. 2018; van 95 
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Merriënboer et al. 2018). It is noted that the physics-informed deep learning is unable to simulate 96 

the tropical cyclone boundary-layer winds governed by the Navier-Stokes equations at high 97 

Reynolds numbers. 98 

In this study, a more general knowledge-enhanced deep learning algorithm will be 99 

developed to predict the spatial distribution of tropical cyclone boundary-layer winds with high 100 

computational efficiency and simulation accuracy. The reduced Navier-Stokes equations based on 101 

several state-of-the-art semi-empirical formulas are employed as part of the loss function in deep 102 

learning (fully connected, feedforward system) to provide machine-readable prior knowledge that 103 

facilitates the effective regularization of the neural networks. Unlike the data-driven 104 

solution/discovery applications developed by Raissi et al. (2017a; 2017b), essential parameters of 105 

the complex dynamic system are treated here as the network inputs. Accordingly, the developed 106 

knowledge-enhanced deep learning can be used to predict the spatial distribution of tropical 107 

cyclone boundary-layer winds for an arbitrary scenario with standard storm parameters available 108 

to public (e.g.,  provided by the National Hurricane Center), namely hurricane center location, 109 

central pressure difference, radius of maximum winds, translational speed, approach angle and 110 

surface roughness. The relatively small number of datasets needed for the training of the proposed 111 

knowledge-enhanced deep learning are generated using a recently developed hurricane wind 112 

model (Snaiki and Wu 2019, see Appendix A). It is demonstrated that the trained knowledge-113 

enhanced deep network provides accurate and efficient simulations of the boundary-layer winds 114 

inside tropical cyclones, and hence can be utilized as an effective tool for wind hazard prediction 115 

as part of the early warning system.  116 

2. Theoretical Background 117 

2.1 Deep neural network 118 

Machine learning technique is a form of artificial intelligence, first inspired by the human 119 
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biological nervous system, designed to establish complex mathematical relationships between 120 

input and output data (e.g., McCulloch and Pitts 1943; Hornik et al. 1989; Ghosh and Shin 1992; 121 

Haykin 1994). The state-of-the-art machine learning algorithms (e.g., deep convolutional and 122 

recurrent networks) have exhibited outstanding performances in capturing hidden patterns from 123 

the data as well as any inherent nonlinearities of the system. The recent success of deep neural 124 

networks (DNNs) is due mainly to the significant increase of large databases and computational 125 

power (e.g., Kutz 2017). A typical DNN structure consists of an input layer, an output layer and a 126 

number of hidden layers, as illustrated by Fig. 1. Each hidden layer is composed of multiple 127 

artificial neurons, the most fundamental elements in the DNN architecture. The output y  of an 128 

artificial neuron can be obtained through the following formula: 129 

 i ii
y f b w x    (1) 130 

where f = activation function (e.g., sigmoidal function, exponential linear unit, hyperbolic tangent 131 

function or rectified linear unit); b = bias; iw = weight associated with input ix . The weights and 132 

biases are calibrated during the training process based on the available input-output datasets. 133 

 134 

Fig. 1. Structure of artificial neurons used in DNNs 135 

Two essential operations are typically necessary for the DNN training, namely activation 136 

propagation (feedforward) and error propagation (back-propagation) as shown in Fig. 1. During 137 

the first stage, each neuron delivers an output signal based on Eq. (1). The resulting output is then 138 
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compared to the target one, and the obtained errors are backpropagated through the network during 139 

the second stage. The weights and biases are adjusted based on a selected optimizer algorithm (e.g., 140 

gradient-descent method) to minimize the predefined loss function (objective function) (Rumelhart 141 

et al. 1986; LeCun et al. 1989; 2012). Multiple iterations are needed during the supervised training 142 

process until a convergence criteria is satisfied. Advanced optimizer models (e.g., stochastic 143 

gradient-descent approach or Adam optimizer) have been developed in the literature to overcome 144 

the local minima convergence and slow learning rate of the standard backpropagation algorithm 145 

(Gurner 1997; Atakulreka and Sutivong 2007; Constantinescu et al. 2008; Ruder 2016). 146 

 The hyperparameters related to both model structure (e.g., number of inputs, number of 147 

layers, number of neurons per layer, activation function and weight initialization) and optimizer 148 

(e.g., learning rate and number of training iterations for the gradient-descent algorithm) should be 149 

carefully selected and tuned since they present strong influence on the training efficiency and 150 

network performance (e.g., Wu and Kareem 2011; Thornton et al. 2012; Bardenet et al. 2013). Due 151 

to a lack of general rules for the determination of optimum model structure, the tedious trial-and-152 

error approaches are usually adopted for each particular problem. Once the training phase is 153 

completed, the DNN provides output of the simulated system through a simple arithmetic 154 

operation with any desired input information and hence circumvents the extreme computational 155 

cost of classical numerical methods (e.g., finite element or finite difference).  156 

2.2 Knowledge-enhanced deep learning 157 

One challenge in the applications of DNNs to many engineering problems is that the large number 158 

of high-quality data needed for the training purpose may not be available. In addition, the fact of 159 

being merely black box makes the DNN not easy to reasonably interpret and to accurately 160 

interpolate/extrapolate. Hence, research efforts have been made to open the black box of DNN by 161 

integrating the prior knowledge of the target system into the model development. Accordingly, a 162 
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hybrid system consisting of neural-network and first-principle components has been developed 163 

(e.g., Psichogios and Ungar 1992; Beidokhti and Malek 2009). In the context of DRL, Raissi et al. 164 

(2017a; 2017b) proposed a data-efficient, physics-informed deep learning as an improved, modern 165 

version of the conventional hybrid scheme to solve nonlinear PDEs. In such a case, the loss 166 

function is penalized using the governing differential equations as constraints (Raissi et al. 2017a; 167 

2017b). In addition to the rationalism-based knowledge, the empiricism-based knowledge is also 168 

critical in an engineering setting. Hence, both the physics-based equations and the semi-empirical 169 

(or purely empirical) formulas are leveraged in this study together with the available 170 

numerical/experimental/field-measurement training data to form a more general knowledge-171 

enhanced deep learning. Figure 2 presents a schematic of the proposed knowledge-enhanced deep 172 

learning, where x   is system input coordinate; 'u  is system solution; p
xN   is rationalism-based 173 

system operator; e
xN  is empiricism-based system operator; and  is system parameters. 174 

 175 

Fig. 2. Schematic of knowledge-enhanced deep learning 176 

Accordingly, the total loss function of the knowledge-enhanced deep learning is expressed 177 

as: 178 

2 2 2

1 1 1
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 G N   is empiricism-based network; dN  , pN   and eN   are numbers of 182 

available training datasets, sampled points from physics-based equations and sampled points from 183 

semi-empirical (or empirical) formulas ( f p eN N N  ), respectively; and  = network weights and 184 

biases to be determined during the training process. Figure 3 illustrates the general algorithm of 185 

the knowledge-enhanced deep learning to approximate a given nonlinear system. According to Fig. 186 

3, the automatic differentiation is employed to compute the necessary derivatives of the output 187 

with respect to the input in the physics-based equations and/or semi-empirical formulas through 188 

the chain rule for effectively embedding prior knowledge of the simulated system. This technique 189 

is readily available in several machine learning packages such as Tensorflow (Abadi et al. 2016) 190 

used in this study. As one of the most popular and widely-used, open-source libraries for machine 191 

learning and high performance numerical computation, Tensorflow was originally developed by 192 

Google in C++ with a python interface (Abadi et al. 2016). 193 

 194 

Fig. 3. Knowledge-enhanced deep learning algorithm 195 

3.  Knowledge-Enhanced Deep Learning for 1D and 2D Flow Simulations 196 

To comprehensively appreciate the high effectiveness of knowledge-enhanced deep learning with 197 

various network structure (i.e., number of layers and number of neurons per each layer) to capture 198 

the complex dynamics using small datasets, two nonlinear flow systems, namely Burgers viscous 199 
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flow and Taylor-Green vortex flow governed respectively by 1D and 2D Navier-Stokes equations 200 

are revisited herein. The first example flow has been recently studied in a deep-learning setting 201 

(e.g., Raissi et al. 2017a, Wei et al. 2018b), however, only a unique value of kinematic viscosity 202 

was investigated. The viscosity is an important parameter that significantly changes the solution 203 

of Burgers equation, hence, it will be treated here as a network input in the knowledge-enhanced 204 

deep learning. Special focus will be given to the low viscosity values corresponding to high 205 

Reynolds numbers. While the effects of the sampled points from all governing equations fN  206 

(together with initial and boundary training data iN   and bN  , respectively) on the model 207 

performance will be evaluated based on the first case study, the effects of the available training 208 

data size dN  on the model predictive accuracy will be highlighted using the second case study of 209 

Taylor-Green vortex flow. The loss minimization will be achieved through the L-BFGS-B 210 

optimization algorithm due to its superior rate of convergence for a wide range of physical 211 

problems (Liu and Nocedal 1989; Byrd et al. 1995), together with the popular Xavier’s normal 212 

initialization scheme (Glorot and Bengio 2010) to properly initialize the weights of the deep neural 213 

network. The model accuracy results will be investigated on the 2L -norm basis.  214 

3.1 One-dimensional Burgers viscous flow 215 

The Burgers viscous flow is governed by 1D Navier-Stokes equation without the pressure gradient 216 

term (Burgers 1948): 217 

2

2
0

u u u
u

t x x
  

  
  

                                                                (3) 218 

where   = kinematic viscosity; ( , , )u t x   = fluid velocity at the time t and location x ( 0 1t   and219 

1 1x   ). In this case study, the initial condition of (0, , ) sin( )u x x   and boundary condition 220 

of ( , 1, ) ( ,1, )u t u t    were selected to solve Eq. (3). The solution ( , , )u t x   is approximated by a 221 

knowledge-enhanced deep network with a hyperbolic tangent activation function. The total cost 222 
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function (mean squared error loss) is then expressed as: 223 

2 2 2

1 1 1

1 1 1
( , , ) ( , , ) ( , , )

fi b
NN N

j j j j j j j j j j j
i i i i b b b b f f f

j j ji b f

u t x u u t x u f t x
N N N

  
  

       L   (4) 224 
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f f ft x   = 225 
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f u
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  and iN  , bN   and fN   are corresponding numbers of 226 

randomly distributed spatial-temporal datasets. The generalized parametric viscous Burgers 227 

equation was also numerically solved using the conventional spectral methods for comparison 228 

purpose (denoted as reference solution). More specifically, the solution was obtained using the 229 

Chebfun package (Driscoll et al. 2014), an open source software package that can be implemented 230 

with Matlab, with a spectral Fourier discretization of 512 modes and a fourth-order explicit Runge-231 

Kutta time integration. Equation (4) was integrated up to the final time 1t =  with a time step of232 

410  . The comparison of the spatio-temporal evolution of ( , , )u t x    between the reference and 233 

simulated solutions is presented in Fig. 4 for three different values of kinematic viscosity, namely 234 

0.003, 0.032 and 0.064. The employed baseline knowledge-enhanced deep learning possesses one 235 

input layer (with 3 inputs  , ,t x  ), four hidden layers (each with 25 neurons) and one output layer 236 

(with 1 output) (i.e., network architecture of 3-25-25-25-25-1) with 1000iN =  , 1000bN =  and 237 

20000fN = . The comparison was also carried out at two different time instants (i.e., 0.25t  and 238 

0.75t   ), as shown in Fig. 5. It is noted that excellent agreement between the reference and 239 

simulated solutions was achieved and the relative 2L  -norm value between the simulated and 240 

reference solutions is less than 310- . It is noted that the increase of Reynolds number (decrease of 241 

viscosity) facilitates the development of a shock profile around 0x = .  242 
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 243 

Fig. 4. Comparison between reference (top) and simulated (lower) solutions of Burgers viscous flow for three 244 
different kinematic viscosity values: 0.003  (left), 0.032  (middle) and 0.064  (right) 245 

 246 

Fig. 5. Comparison between reference and simulated solutions of Burgers viscous flow at 0.25t   and 0.75t   for 247 
various kinematic viscosity values 248 

To investigate the effects of network architecture and sampled points from the governing 249 

equation fN  (together with iN   and bN  ) on the model performance, Fig. 6(a) reports the 250 

normalized 2L -norm values (by the highest 2L -norm value) for various number of hidden layers 251 

and neurons per each layer with 1000iN  , 1000bN   and 10000fN  . Clearly, the normalized 2L252 

-norm values decrease (and hence the simulation accuracy increases) with the number of layers 253 

and neurons. Figure 6(b) presents the normalized 2L  -norm for various iN  , bN  and fN   with a 254 

network architecture of 3-25-25-25-25-1. It is noted that the prediction accuracy generally increase 255 

with fN  (as well as iN  or bN ), indicating that the prior knowledge of the flow system in terms of 256 

u(
t,x

)
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governing equations enhances simulation fidelity of the deep neural network. 257 

 258 

Fig. 6. Normalized 2L -norm values for simulation of Burgers viscous flow: (a) various network architectures and (b) 259 

various datasets 260 

3.2 Two-dimensional Taylor-Green vortex flow 261 

The Taylor-Green vortex flow is governed by the 2D incompressible Navier-Stokes equations 262 

together with a continuity equation (Brachet et al. 1983; Canuto et al. 2007): 263 

2 2

2 2

1u u u p u u
u v

t x y x x y



      

            
                                                                (5a) 264 

2 2

2 2

1v v v p v v
u v

t x y y x y



      

            
                                                                (5b) 265 

0
u v

x y

 
 

 
                                                                (5c) 266 

where  ,u v = fluid velocity components; p = pressure; and = fluid density. With the imposed 267 

initial and periodic boundary conditions in both x  and y  directions, the exact closed-form solution 268 

(denoted as reference solution) of Taylor-Green vortex in a squared domain ( 0 , 2x y   ) is given 269 

as: 270 

( , , ) cos( )sin( )exp( 2 )u x y t x y t    (6a) 271 

( , , ) sin( )cos( )exp( 2 )v x y t x y t     (6b) 272 

(a) (b) 
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In addition, the pressure is given as  cos(2 ) cos(2 ) exp( 4 )
4

p x y t


   . The solutions ( , , )u x y t  and 273 

( , , )v x y t with 1 =  are approximated by a knowledge-enhanced deep learning with a hyperbolic 274 

tangent activation function and a network architecture of 3-50-50-50-50-2. The total cost function 275 

is then expressed as: 276 
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where 1f  , 2f   and 3f   are defined as  1

u v
f

x y
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2 2
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, respectively. The numbers of randomly distributed spatio-279 

temporal points in this example are 600iN   , 600bN    and 50000fN   , respectively. The 280 

comparison of the spatial evolution of solutions ( , , )u x y t  and ( , , )v x y t at 0.1t =  in terms of the total 281 

component 2 2U u v  between the reference and simulated solutions is presented in Fig. 7. It is 282 

noted that excellent agreement between the reference and simulated solutions was achieved, and 283 

the relative 2L -norm value (between the simulated and reference solutions) is less than 310 . 284 

 285 
Fig. 7. Comparison of reference (left) and simulated (right) solutions of Taylor-Green vortex flow 286 
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To investigate the effects of available training data retrieved from the closed-form solution 287 

of Eqs. (6a) and (6b) in this study on the performance of knowledge-enhanced deep network, Fig. 288 

8 reports the normalized 2L -norm values (by the highest 2L -norm value) for various sizes of dN . 289 

It is noted that the normalized 2L  -norm values decrease (and hence the simulation accuracy 290 

increases) with the number of training points. More specifically, the simulation accuracy has 291 

increased up to around 15%  by introducing the computational training points. This observation 292 

actually indicates that the knowledge-enhanced deep learning can be effectively trained using 293 

small datasets from numerical/experimental/field-measurement efforts, along with a large number 294 

of datasets from prior knowledge. 295 

 296 

Fig. 8. Normalized 2L -norm values for simulation of Taylor-Green vortex flow with various dN  297 

4.  Tropical Cyclone Boundary-Layer Wind 298 

4.1 Problem formalization 299 

In the boundary layer of a tropical cyclone, the weakly-coupled dynamics and thermodynamics 300 

are usually independently examined (e.g., Meng et al. 1995; Kepert 2001; Snaiki and Wu 2017a, 301 

b). Accordingly, the wind fields are governed by reduced 3D Navier-Stokes equations: 302 

 1
. 2 sin

v
v v k v Fp

t





        


                                                                (8) 303 
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where v= wind velocity; = rotation rate of the Earth;  = Latitude; k = unit vector in the vertical 304 

direction; and F  = frictional force. The above-mentioned horizontal momentum equations are 305 

typically solved with a prescribed Holland pressure expressed as (Holland 1980): 306 

 exp - /
B

c mp p p r r         (9) 307 

where cp = central pressure; p = central pressure difference; mr = radius of maximum winds; r = 308 

radial distance from the tropical cyclone center; and B is Holland’s radial pressure parameter ( 1B =  309 

in this study). Equation (8) is supplemented by the continuity equation which is expressed for the 310 

case of incompressible flow as .v = 0 . In a cylindrical coordinate system  , ,r z , Eq. (8) can be 311 

expressed as: 312 

 
2

2
2

1 1
22 sin m

u u v u u v p v
u w v K u u

t r r z r r r  
 

                          
  (10a) 313 

  2
2

2 sin
1

2m

v v v v v uv u
u w u K v v

t r r z r r
 

 
                      

  (10b) 314 

where  , ,u v w   = wind velocity components; and mK  = eddy viscosity. While a constant eddy 315 

viscosity is employed here, a more accurate consideration (e.g., spatially varying values) can be 316 

readily implemented in the simulation when data are available. Using the scale analysis (e.g., 317 

Snaiki and Wu 2017a; 2017b; Fang et al. 2018), Eqs. (10a) and (10b) can be further simplified as: 318 

 
2 2
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  (11a) 319 
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                                                                (11b) 320 

In addition, the continuity equation can be expressed in the cylindrical coordinates as: 321 

1 1
0

ru v w

r r r z
  

  
  

                                                                (11c) 322 
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To solve for the solutions of the wind field components, the boundary conditions at the 323 

upper atmosphere and near the surface are required. At the surface level, the widely-used bulk 324 

formulation with drag coefficient DC  is utilized as (e.g., Kepert and Wang 2001): 325 

2 2

0
m D

z

u
K C u u v
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                                                                (12a) 326 

2 2
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v
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                                                                (12b) 327 

At the top of the boundary-layer, it is assumed that the frictional wind components is negligible. 328 

Hence, the gradient wind balance is established as: 329 

 
2

0sin( )
2 sin

1
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v c p
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  (13) 330 

where gv = gradient wind speed; c = tropical cyclone translational wind speed; and 0 = approach 331 

angle (counterclockwise positive from the East). Therefore, the gradient wind speed can be 332 

analytically determined as: 333 
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  (14) 334 

In this study, the gradient wind level is set to occur at a height of 1500gz m . According to the 335 

governing equations, the tropical cyclone boundary-layer wind simulation requires both the spatial 336 

coordinates  , ,r z   and several parameters that essentially characterize the storm structure 337 

(denote by  0 0; ; ; ; ;mp r c z     here) as the inputs. The central pressure difference p , radius of 338 

maximum winds mr , translational speed c , approach angle 0  and hurricane center location   can 339 

be readily retrieved from the National Hurricane Center, and the surface roughness 0z  (to obtain 340 

the drag coefficient through   22
0ln 10DC z     and  = von Karman constant) can be obtained 341 



18 
 

using the available database on Land Use/Land Cover (e.g., Hansen 1993; Wieringa 1992; 1993). 342 

It should be noted that the unsteady term related to the gradient wind can be expressed as . gc v  , 343 

while the unsteady term related to the frictional wind can be ignored as it is significantly smaller 344 

than turbulence viscosity and inertia terms (e.g., Meng et al. 1995). 345 

4.2 Knowledge-enhanced deep learning for 3D wind simulation 346 

The tropical cyclone boundary-layer winds are approximated by a knowledge-enhanced deep 347 

learning with a hyperbolic tangent activation function and a network architecture of 9-100-100-348 

100-100-100-100-100-3, where the nine input parameters are r ,  , z , p , mr , c , 0 ,   and 0z . 349 

A simplified representation of the deep neural network architecture enhanced by an integration of 350 

both rationalism-based and empiricism-based knowledge is presented in Fig. 9.  351 

 352 

Fig. 9. Knowledge-enhanced deep network architecture for tropical cyclones 353 

The governing equation-based cost functions 1Cf , 2Cf , and 3Cf  are given as: 354 
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The boundary-condition based cost functions 4Cf , 5Cf  and 6Cf  are presented as: 358 
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The total cost function is then expressed as: 362 
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  (17) 363 

where the additional cost function 0 , , ,
( , ) ( , )

d d d dr z
Cf u v u v

 
    includes all the training data from 364 

field-measurements or numerical simulations; bsN   and btN   refer to the sampled points from 365 

surface and top boundary conditions, respectively. In this study, the training datasets contributing 366 

to the cost function 0Cf  are obtained based on a tropical cyclone wind model recently developed 367 

by Snaiki and Wu (2019), where the accurate and efficient considerations of supergradient winds 368 

are highlighted. An alternative is to employ the Weather Research Forecasting model, where the 369 

expensive fully-order Navier Stokes equations are numerically solved. While the Xavier’s normal 370 

initialization algorithm (Glorot and Bengio 2010) can be adopted to initialize the network, a more 371 

efficient way (to accelerate convergence) utilized here is based on the initial weights and biases 372 

from a trained neural network of a linear tropical cyclone wind model (Snaiki and Wu 2017a). The 373 

numbers of randomly distributed spatial points within a region of 0 360   , 0 250r km  ,  and 374 
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0 1500z m    are 10,000dN   , 100,000fN   , 5000bsN   and 5000btN   . The L-BFGS-B 375 

optimization algorithm is selected to minimize the total loss function (Liu and Nocedal 1989; Byrd 376 

et al. 1995). 377 

4.3 Validation and application 378 

4.3.1 Model validation 379 

The trained knowledge-enhanced deep network for simulation of tropical cyclone boundary-layer 380 

winds is validated based on historically recorded data of Ivan (2004), Emily (2005), Earl (2010) 381 

and Irene (2011) hurricanes. The historical data are derived from the Hurricane Research 382 

Division’s H*Wind snapshots of the National Oceanic and Atmospheric Administration (Powell 383 

et al. 1998). It should be noted that the observations represent the 1-min surface wind speeds (m/s) 384 

for the marine exposure. The comparison of the four hurricanes between the observed and 385 

simulated results were carried out on the 0000 UTC 15 SEP 2004, 0929 UTC 19 JUL 2005, 1630 386 

UTC 02 SEP 2010, and 0130 UTC 25 AUG 2011, respectively, as shown in Fig. 10. In general, 387 

good agreement between the observations and simulations were obtained. While the shapes of 388 

modeled and observed wind fields present similar features, some discrepancies can be noted due 389 

mainly to the use of idealized pressure profile (Holland’s pressure). Furthermore, other 390 

environmental factors such as wind shear may also alter the spatial distribution of wind field, but 391 

are not considered in the current simulations. The observed maximum wind speeds at the radius of 392 

maximum winds are 61.7 m/s at 42.5mr km , 41.7 m/s at 61.0mr km , 56.6 m/s at 30.0mr km  and 393 

47.9 m/s at 22.2mr km  for hurricanes Ivan, Emily, Earl and Irene, respectively. The corresponding 394 

simulated wind speeds are 61 m/s, 43.7 m/s, 55.5 m/s and 46.3 m/s, respectively. 395 

 396 

 397 

 398 
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Ivan (2004) Emily (2005) Earl (2010) Irene (2011) 

 399 

 400 

 401 

 402 

Fig. 10. Comparison between observed (top) and simulated (bottom) surface wind fields of hurricanes Ivan (2004), 403 
Emily (2005), Earl (2010) and Irene (2011) [Note: wind speeds are provided in knots] 404 

4.3.2 Model application 405 

Once the developed knowledge-enhanced deep learning is trained and validated, it can be applied 406 

to efficiently simulate tropical cyclone boundary-layer winds of an arbitrary scenario. In this study, 407 

three tropical cyclone scenarios corresponding to storm parameters listed in Table 1 are 408 

investigated. 409 

Table 1. Storm parameters for wind field simulation 410 

 411 

Figure 11 depicts the 3D shaded surfaces of simulated wind speed along with the contours of 412 

simulated vertical wind profile at the East location (relative to the approach angle). The simulation 413 

results indicate that the height of maximum wind decreases with the wind speed. Furthermore, it 414 

is noted that an increase of surface roughness leads to a rapid decrease of wind speed near from 415 

Parameter (hpa) p  (km) mr  (m/s) c  0 ( )    ( )    0 (m)z  

scenario 1 100 50 8 70 30 0.001 
scenario 2 70 50 4 90 30 0.01 
scenario 3 50 50 3 110 30 0.1 
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Scenario 1 Scenario 2 Scenario 3 

Scenario 1 Scenario 2 Scenario 3 

the ground surface and an increase of central pressure difference results in an increase of wind 416 

speed. The supergradient winds, commonly observed in the tropical cyclone boundary layer, are 417 

also captured through the developed knowledge-enhanced deep learning since the contribution of 418 

horizontal advection, vertical advection and vertical diffusion is considered through the governing 419 

equations [i.e., Eqs. (11a) and (11b)].  420 

 421 

 422 

Fig. 11. Three-dimensional shaded surfaces of simulated wind speed and contours of simulated vertical wind profile 423 

Figure 12 further provides the spatial distribution of simulated wind speed at several heights, 424 

namely 10m, 500m, 1000m and 1500m. The tropical cyclone asymmetry presented in Fig. 12 is 425 

mainly due to the storm translation. The consideration of environmental wind shear (through 426 

parametric representations) and spatially varying surface roughness (through Land Use/Land 427 

Cover maps) in the developed knowledge-enhanced deep learning may further contribute to the 428 

asymmetry of tropical cyclone boundary-layer winds.  429 

 430 

 431 
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 432 

Fig. 12. Spatial distribution of simulated wind speed at 10m, 500m, 1000m and 1500m  433 

To investigate the noise effects on simulation accuracy, all the training data of 10,000dN 434 

were corrupted with 1%, 3% and 5% uncorrelated Gaussian noise, respectively, for the simulation 435 

scenario of 80p hpa  , 50mr km , 8c m s , 0 100   , 30    and 0 0.0001z m . The relative 2L436 

-norm was computed for these three noise cases with respect to the noise-free simulation, and the 437 

obtained values are 0.0055, 0.0071 and 0.0093 for the 1%, 3% and 5% uncorrelated Gaussian noise, 438 

respectively. This results indicate that a moderate noise in the field-measurement data may not 439 

substantially deteriorate the simulation results based on the developed knowledge-enhanced deep 440 

network. 441 

 While the training of the knowledge-enhanced deep learning discussed here can take on a 442 

regular personal computer (CPU @ 3.20 GHz) up to 500,000 seconds, the trained model can 443 

rapidly predict the entire wind field within an arbitrary tropical cyclone boundary layer. The 444 

execution time of wind prediction depends primarily on the selected spatial resolution, as listed in 445 

Table 2. 446 

Table 2. Execution time corresponding to various spatial resolution (CPU @ 3.20 GHz) 447 
(km) dr  ( ) d   (m) dz  Wall-clock time (s) 

10 10 100 0.58 
10 10 50 1.04 
5 10 50 1.99 
5 10 10 9.5 

 448 

5. Concluding remarks 449 

In the applications of machine learning (e.g., deep neural network) to engineering problems, it is 450 

vital to reduce the demand of big datasets to small datasets considering the high-cost of data 451 

generation (using numerical/experimental/field-measurement approach). To this end, the first-step 452 

effort is to develop methodologies that leverage rationalism-/empiricism-based knowledge to 453 
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enhance the purely data-driven approach. Then, the second-step effort is to establish theories as a 454 

guide to numerical (e.g., computational-fluid-dynamics), experimental (e.g., wind-tunnel) or field-455 

measurement design for generation of required small datasets for the enhanced machine learning. 456 

As preliminary research work of the first-step effort, a knowledge-enhanced deep learning has 457 

been proposed in this study to effectively fuse machine-readable prior knowledge in terms of both 458 

physics-based equations and semi-empirical formulas governing the wind field inside tropical 459 

cyclone boundary layer. The developed knowledge-enhanced deep learning can provide the 3D 460 

boundary-layer wind field with high computational efficiency and accuracy for an arbitrary 461 

tropical cyclone using the standard storm parameters (i.e., central pressure difference, radius of 462 

maximum winds, translational speed, approach angle, latitude of hurricane center and surface 463 

roughness), hence, it can be readily utilized in conjunction with the risk analysis framework of 464 

tropical cyclone hazards and effectively implemented as part of early system warning. In addition 465 

to the refinement of training data and network topology, advances in both scientific knowledge 466 

(e.g., proper coupling of tropical cyclone dynamics and thermodynamics) and engineering 467 

knowledge (e.g., proper parametrization of pressure, wind shear and friction force) will also 468 

contribute to a better performance of the developed knowledge-enhanced deep learning for 469 

simulation of tropical cyclone boundary-layer winds. 470 
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Appendix A. A simplified Nonlinear Hurricane Wind Model 474 

To solve Eq. (8), the decomposition method is utilized where the wind velocity (v) is expressed as 475 

the summation of the gradient wind (vg) and the frictional one (v’). While the solution of the 476 
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gradient wind speed is straightforwardly obtained [i.e., Eq. 14], determining the frictional 477 

components needs to numerically solve the nonlinear equations. To save computational cost, the 478 

nonlinear governing equation are simplified using the scale analysis approach (e.g., Snaiki and Wu 479 

2017a), and only the nonlinear terms corresponding to the vertical advections, namely 
u

w
z

 


and 480 

v
w

z

 


 are retained in the analysis. Accordingly, the following system of equations is obtained: 481 
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To obtain the analytical solutions of the governing equations [Eqs. (A.1a), (A.1b)] involving the 484 

vertical advection terms (nonlinear terms), a constant value of w    is assumed. While this 485 

assumption is reasonably valid near and above the supergradient region based on field 486 

measurement and results of numerical models (e.g., Kepert and Wang 2001; Vogl 2009), it is 487 

obviously not correct near the surface. However, the vertical wind speed at the very low altitudes 488 

(near surface) is negligible compared to the one near and above the supergradient region, and hence 489 

the vertical advection can be accordingly neglected. After several mathematical manipulations, the 490 

solution of the system of equations is determined as: 491 

     1 2exp 2 2 cos 2 sin 2mu w K x z D y z D y z              (A.2a) 492 

     1 2exp 2 2 sin 2 cos 2mv w K x z D yz D yz             (A.2b) 493 

where 
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     . 1D  , 2D  , 494 

x  and y  are given as: 495 
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The constant value of w  is determined based on the continuity equation. Since the vertical and 500 

horizontal wind speed are mutually dependent, the iteration approach is utilized in the computation. 501 

 502 
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