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ABSTRACT 

 

High resolution predictions, both temporally and spatially, remain a challenge for the predic- 

tion of thunderstorms and related impacts such as lightning strikes. The goal of this work is to 

improve and extend a machine learning method to predict thunderstorms at a 3km resolution with 

lead times of up to 15 hours. A deep learning neural networks (DLNN) was developed to post pro- 

cess deterministic High-Resolution Rapid Refresh (HRRR) numerical weather prediction (NWP) 

model output to develop DLNN thunderstorm prediction models (categorical and/or probabilistic 

output) with performance exceeding that of the HRRR and other models currently available to Na- 

tional Weather Service (NWS) operational forecasters. Notwithstanding the discovery that shallow 

neural network models can approximate any continuous function (provided the number of hidden 

layer neurons is sufficient), studies have demonstrated that DLNN models based on representation 

learning can perform superior to shallow models with respect to weather and air quality predic- 

tions. In particular, we use the method known as stacked autoencoder representation learning, yet 

more specifically, greedy layer-wise unsupervised pretraining. The training domain is slightly 

large specific area in Corpus Christi, Texas (CRP). The domain is separated into a grid of 13 × 22 

equidistant points with a grid spacing of 20 km. These points serve as boundaries/centres for 286 

20 × 20 km (400 km2 ) square regions. The strategy is that DLNN model train on whole boxes 

and test on three most important boxes to evaluate the model. The target refers to the existence, or 

non-existence, of thunderstorms (categorical). Cloud to Ground (CG) lightning was chosen as the 

proxy for thunderstorm occurrence. Logistic regression was then applied to SDAE output to train 

the predictive model. An iterative technique was used to determine the optimal SDAE architecture. 

The performance of the optimized DLNN classifiers exceeded that of the corresponding shallow 

neural network models developed by Collins and Tissot [12], a classifier via a combination of prin- 

cipal component analysis and logistic regression, and operational weather forecasters, based on the 

same dataset. 
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CHAPTER I: INTRODUCTION 

 

1.1 Motivation 

 

A thunderstorm or convective storm is a cumulonimbus cloud that produces the electric discharge 

known as lightning (which produces thunder) and typically generates heavy rainfall, gusty surface 

wind, and possibly hail [11]. The terms thunderstorm, convective storm, and convection are used 

interchangeably in this chapter to refer to thunderstorms. Thunderstorms adversely affect humans 

and infrastructure. An estimated 24,000 deaths and 240,000 injuries worldwide are attributable to 

lightning [33, 34]. In the USA, lightning is the third leading cause of storm-related deaths based 

on averages during the period 1985-2014 [11]. Additional hazards that can occur include large 

hail, flash flooding associated with heavy rainfall, and damage from wind from tornadoes and/or 

non-rotational (straight-line) wind. During the period 1980 − 2014, 70 severe thunderstorm events 

each totaling ≥ 1 billion US dollar damage occurred in the USA, which totaled to 156.3 billion US 

dollars (adjusted for inflation to 2014 dollars) [11]. Further, convection exacts an economic cost on 

aviation in terms of delays [101]. Given the adverse socioeconomic impact associated with thun- 

derstorms, there is motivation to predict thunderstorm occurrence and location to inform the public 

with sufficient lead time. However, the complexity of thunderstorm generation (hereafter convec- 

tive initiation, or CI), given the myriad of processes (operating on different scales) that influence 

the vertical thermodynamic structure of the atmosphere (that directly influences the thunderstorm 

development) and the CI itself [89], the characteristic Eulerian (with respect to a fixed point at the 

surface) time and linear space scales of individual thunderstorms [68], and the inherent predictabil- 

ity limitations of atmospheric phenomena on the scale of individual thunderstorms [56], renders 

the skillful prediction of thunderstorm occurrence, timing, and location very difficult. 
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1.2 Related Work 

 

There are four main techniques for thunderstorm prediction: (1) numerical weather prediction 

(NWP) models, (2) post-processing of NWP model ensemble output, (3) the post-processing of sin- 

gle deterministic NWP model output via statistical and artificial intelligence (AI)/machine learning 

(ML), and (4) classical statistical, AI/ML techniques. 

Predicting thunderstorm by NWP models are using the atmospheric variables/parameters which 

directly influence on thunderstorm development. Such models are based on determinism concept 

means future events are influenced by past condition, means predicting thunderstorm is based on 

initial condition of atmosphere. In fact, limitations of NWP models include limitations of pre- 

dictability of a chaotic atmosphere and this inherent model error growth [11]. NWP models based 

on ensembles techniques attempt to consider the uncertainty in the NWP model initial condition 

which is the main reason of predictability limitations in NWP models [53]. The post-processing of 

NWP model ensembles can generate useful probabilistic thunderstorm output. However, there is 

more computational cost for ensemble NWP models compared to single NWP model. 

On other hand, machine learning approaches involves a much lower computational cost relative 

to model ensembles. Our objective is to more accurately and skillfully predict the occurrence, time, 

and location of thunderstorms up to 15 hours in advance, on the horizontal space scale of a single 

convective storm post-processing of single deterministic NWP model output via deep learning 

models [11]. 

 
1.3 Purpose and Contribution 

 

Our strategy involves the post-processing of deterministic NWP model output to develop deep 

learning neural network (DLNN) models to predict thunderstorms. We seek to improve accuracy 

and skill further via DLNN models. The method is known as representation learning, yet more 

specifically, greedy layer-wise unsupervised pretraining, whereby unsupervised learning occurs 

across ≥ 2 hidden layers (one layer at a time) as pre-training step (to create an increasingly higher 
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order representation of the input data) followed by the hidden layer with the highest order repre- 

sentation serving as input into a supervised learning algorithm [25]. Notwithstanding the discovery 

that shallow neural network models can approximate any continuous function (provided the num- 

ber of hidden layer neurons is sufficient), studies have demonstrated that DLNN models based on 

representation learning can perform superior to shallow models with respect to weather and air 

quality predictions [28, 35, 54]. 

In summary, this work makes the following contributions: 

 
1. Develop a appropriate deep learning model as a post-process of single deterministic NWP 

model for thunderstorm prediction. 

2. Compare the deep learning model with a shallow neural network to assess the influence of 

deep layers and greedy-layer wise learning on the performance. 

3. Compare the stacked autoencoder model as nonlinear feature reduction with principal com- 

ponent analysis as a linear feature reduction technique to show the ability of deep learning 

models to model the nonlineatrity between predictors and prediction. 

4. Analyse the latent features generated by SDAE model and PCA to show the difference be- 

tween the features and why SDAE is better. 

 
1.4 Outline 

 

The following chapter 2 will address the theoretical background concerning this work, focusing on 

different model used for thunderstorm lightning prediction. After describing the taken methodol- 

ogy in chapter 3, the empirical data and the respective results of the experiments will be shown in 

chapter 4. Chapter 5 will discuss the results, critically review the taken approaches and methods as 

well as examine the validity and reliability of presented results. Finally, chapter 6 will summarize 

the work and give an outlook for possible future research and expansion on this topic. 
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CHAPTER II: Theoretical Background: Thunderstorm prediction methods 

 

In this section, different techniques used for thunderstorm prediction by researchers and the ad- 

vantageous and disadvantageous of them will be considered. 

 
2.1 Numerical Weather Prediction (NWP) models 

 

NWP models are based on the concept of determinism which explains that future states of a system 

influenced by earlier states relied on physical laws [11]. The atmospheric motion is described by 

a set of nonlinear equations include of partial differential conservation, the continuity equation, 

the equation of state and etc by meteorologist [43, 87] which can be solved mainly numerically. 

As discussed before, the NWP model prediction has an initial value problem. Data assimilation 

process is used to provide the requisite initial value for NWP model. In practice, data assimilation 

technique uses the balanced short-term output from an earlier NWP model run in combination of 

meteorological observations to serve as an initial condition for the NWP model [87]. The primary 

output variables include temperature, wind, pressure/height, mixing ratio, and precipitation are 

calculated in next step. A post-processing step is performed which includes the calculation of 

secondary variables/parameters (CAPE, relative humidity, etc.) and the development of techniques 

to remove model biases[43, 87]. 

Despite the utility of NWP models, there exist fundamental limitations. The NWP is depen- 

dent on the system initial condition of atmosphere and clearly the atmosphere is chaotic and hard 

to predict[56]. Thus, minor errors between the initial atmospheric state and the NWP model rep- 

resentation of the initial state can result in a big mistake on future NWP prediction. Unfortunately, 

by using the state-of-the-art NWP models is hard to have a a true, exact, and complete representa- 

tion of the initial state of the atmosphere. Even with having the perfect reforestation of the initial 

atmospheric state by the NWP model, still the errors associated with imperfections inherent in 

model formulation and time integration is problematic. Also, accurately predicting the exact time 

file://///ad.tamucc.edu/Common/Graduate%20College/Audit%20Coordinator/aspeaker/1.%20Downloads%20for%20Esign/hamid.docx%23_bookmark53
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and location of thunderstorm in high-resolution ( 3 − 6hr) by using the NWP model is difficult[98]. 

 
2.2 Post processing of NWP model ensembles 

 

Another strategy to predict lightning is based on ensemble concept, which is a Monte Carlo ap- 

proximation to stochastic dynamical forecasting [95]. The modeler then conducts an NWP model 

run on each member of the ensemble, hence the term ensemble forecasting [95]. In practice, each 

member of the ensemble producing a unique combination of model initial condition, dynamics, 

and/or physics [85]. The advantage of using ensemble forecasting is assessing the level of fore- 

cast uncertainty over prediction with single deterministic NWP output. The ensemble model can 

be used as post-processing for probability prediction. The NWS Environmental Modeling Cen- ter 

developed a ensemble model to thunderstorm forecasting as the short-range ensemble forecast 

(SREF), a collection of selected output from an ensemble of 21 mesoscale (16-km) NWP model 

runs. One limitation of NWP ensembles to support operational forecasters is the tremendous com- 

putational cost necessary to run since each ensemble member is a separate NWP model run. An- 

other limitation is the realization that the true PD of the initial condition uncertainty is unknown 

and changes daily [95] . 

 
2.3 Post-processing of NWP model output using statistical and machine learning techniques 

 

Statistical and machine learning methods can be utilized to post-process NWP output to compen- 

sate the uncertainty of NWP model biases and to quantify the level of uncertainty in single NWP 

deterministic output. Statistical post-processing methods include model output statistics (MOS) 

[24] and logistic regression [95]. MOS involves the development of data-driven models to predict 

the future state of a target based on a data set of past NWP output (features/predictors) and the 

corresponding target/predictand. 

Specific AI/ML techniques involving the post-processing of NWP output include expert sys- 

tems [64], adaptive boosting [71], artificial neural networks [60, 12],  and random forests [63].  A 

random forest [6] a classifier resulting from an ensemble/forest of tree-structured classifiers, 
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whereby each tree is developed from independent random subsamples of the data set (including  a 

random selection of features from which the optimum individual tree predictors are selected) 

drawn from the original training set. 

 
2.4 Classical statistical and artificial intelligence/machine learning techniques 

 

Statistical and machine learning models not using the NWP model output that have been used with 

previous categories. 

In one study, the utility of both a graphical method and multiple regression was tested to pre- 

dict thunderstorms [73]. The multiple regression technique involved the stepwise screening of 274 

potential predictors to 9 remaining. Both prediction models provided thunderstorm predictions  in 

probabilistic terms. Objective techniques were applied to convert probabilistic predictions to 

binary predictions for the purpose of verification. An expert system was developed using the de- 

cision tree method to forecast the development of thunderstorms and severe thunderstorms [13]; 

the tree was based on physical reasoning using the observation of meteorological parameters con- 

sidered essential for convective development. An expert system named Thunderstorm Intelligence 

Prediction System (TIPS) was developed to predict thunderstorm occurrence [52]. 

The artificial neural network (ANN) has been used to predict thunderstorms. Thermody- namic 

data from Udine Italy rawinsondes, surface observations, and lightning data were used to 

train/optimize an ANN model to predict thunderstorms 6 h in advance over a 5000-km2 domain in 

the Friuli Venezia Giulia region [59]. An ANN model was developed (also using thermodynamic 

data) to predict severe thunderstorms over Kolkata India during the pre-monsoon season (April- 

May) [10]. Logistic regression was used to develop a binary classifier to predict thunderstorms 6-

12 h in advance within a 6825 km2 region in Spain [78]. A limitation of classical statistics to 

weather prediction is that utility is bi-modal in time;confined to very short time periods (less than 

a few hours) or long time periods (10 days) [95]. 

We seek a different strategy/paradigm to account for chaos in atmospheric prediction and er- 

rors in NWP output. Rather than post-process a set of unique NWP ensemble runs to predict the 
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future atmospheric state and/or atmospheric phenomena, we post-process NWP output from single 

deterministic runs by training and optimizing a model using ML, a strategy similar to that used by 

Collins and Tissot [11] wherein select NWP model output served as features to train and op- timize 

shallow neural network models to predict thunderstorms. Unlike Collins and Tissot ([11, 12]), we 

use the DLNN as the ML technique instead of shallow neural networks. Pathak et al, [70] 

demonstrated the utility of predicting the future state of chaotic dynamical systems by combining 

a dynamical model that describes the system with ML. Further, given that an ensemble of NWP 

runs is obviously computationally expensive relative to single deterministic runs, a prediction of 

thunderstorm occurrence by post-processing secondary output parameters from a single determin- 

istic NWP model integration with an accuracy/skill comparable to that of a model ensemble system 

would clearly possess high utility. A motivation for using deep learning to predict thunderstorms 

is the apparent performance enhancement of deep learning models relative to the shallow variety 

with respect to weather and air quality predictions ([28, 35, 54, 88]), These deep learning models 

are based on representation learning [25], whereby unsupervised learning occurs across ≥ 2 hidden 

layers as pre-training step in order to generate an increasingly higher order representation of the 

input features, with the final hidden layer (with the highest order representation) serving as input 

into a supervised learning algorithm. 

Thanks to the increasing availability of large data sets and affordable computational power deep 

learning algorithms can now model complex non linear relationships in the earth sciences([28, 22, 

49, 80, 74]). The introduction of DLNN’s in 2006 [29] has led to large changes in Artificial In- 

telligence (AI) and Machine Learning (ML) in many areas of research. Deep learning algorithms 

aim at learning high-level feature representations to solve complex problems while establishing re- 

lationships between problem predictors and predictands. DLNN has shown the ability to generate 

higher performance models as compared to traditional machine learning. The specific representa- 

tion learning based algorithm used in this study is the Stacked Denoising Auto-Encoder (SDAE) 

which involves an unsupervised greedy layer-wise pre-training process followed by the training of 

a predictive model [25]. 
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CHAPTER III: Methodology 

 

This section first describes the input data and target and then the DLNN model, the chosen features, 

the target, a detailed explanation of the SDAE method, and the description of the reference methods 

used to compare with the DLNN model developed in this study. 

 
3.1 Dataset 

 

The domain is slightly larger than the County Warning and Forecast Area (CWFA) of the U. S. 

National Weather Service (NWS) Weather Forecast Office (WFO) in Corpus Christi, Texas (CRP). 

The latitude/longitude pair of the SW, NW, NE and SE corners of the domain are 26.91000◦ N/ 

100.58000◦ W, 29.25613 N/100.58000 W, 29.17955 N/96.05539 W, and 26.86122 N/96.15182 

W, respectively. For this study, the domain is represented as a grid of 13 × 22 equidistant points 

with a horizontal grid spacing of 20 km. To create the foregoing domain, the position of each grid 

point was determined via the Inverse and Forward computer software programs provided by the 

US National Geodetic Survey. These points serve as boundaries/centres for 286 20 km × 20 km 

(400 km2 ) square regions. The amount of target data (discussed below) and the desire to reflect 

the diversity of thunderstorm triggering mechanisms was based on the proximity to Terminal Aero- 

drome Forecast (TAF) locations. The first box chosen was located in the northeastern sector of the 

domain (Box 238), a region with a relatively high frequency of cloud-to-ground (CG) lightning 

strikes, in order to maximize the amount of target data. Another box chosen was located in the far 

southwest sector adjacent to the Rio Grande River that borders Mexico (Box 73), which climato- 

logically has a much smaller frequency of CG lightning than the corresponding frequency over the 

northeastern section of the TANN domain; thus, the utility of the model with limited target data 

could be assessed. The third box chosen was located near the Gulf of Mexico just west of Corpus 

Christi (Box 103). Boxes 103 and 238 were located in the Western Gulf Coastal Plain region of 

Texas. Much of the thunderstorm activity initiated within the Coastal Plain is likely to be triggered 
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Figure 3.1: Grid domain. This grid is defined by 286 (20 km × 20 km square) regions (boxes). 

by coastal processes (e.g. sea breezes). A fraction of thunderstorms near Box 73 develops over the 

Sierra Madre Oriental mountain chain in Mexico and propagate into the box. Further, South Texas 

experiences thunderstorm development in association with synoptic scale features (fronts, upper 

level disturbances). However, on several occasions, even during synoptically favorable dy- namics, 

thunderstorm development will occur over Box 238, yet not over Boxes 73 and 103, due to the 

development of an elevated stable layer, possibly in response to the advection of warmer air 

(possibly due to compressional heating) from approximately southwest to northeast downwind 

from the Sierra Madre Oriental. Thus, the box regions chosen reflect the diversity with respect to 

thunderstorm mechanism and frequency. 

In this study, the target refers to the existence, or non-existence, of thunderstorms (categorical). 

CG lightning was chosen as the proxy for thunderstorm occurrence. The CG source data originated 
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Figure 3.2: Histogram (mean CG Lightning box-1 day-1 versus hour in UTC) of CG lightning 

strikes for the TANN domain during the period 1 January 2003 through 31 December 2011. Note 

that the greatest frequency of CG strikes occurs during the afternoon and evening hours [11] 

. 

 
from the National Lightning Detection Network (NLDN). The source data are discrete (number of 

CG lightning strikes per unit time and location) and are transformed to binary. 

Figure 3.2 depicts the histogram (mean CG lightning box-1 day-1 versus hour in UTC) of  CG 

lightning for the entire TANN domain (Figure 3.1) for the period 1 January 2003 through 31 

December 2011. Note that the majority of thunderstorm activity for the domain typically occurs 

during the afternoon and early evening hours. These results influenced the decision to predict 

thunderstorms only for the 2100 − 0300 UTC (±2 h) period. 

Table 3.1 depicts the quantity of data utilized in this project. The total number of cases over 

the study period was 1,148,576 with 939,510 cases used for model calibration and 209,066 cases 

contained in the 2007-2008 testing set. The strategy is training for whole dataset and test on three 

mentioned boxes. 
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Table 3.1: Quantity of data available to train models. 
 

Prediction hour training sample Positive target data Percent positive target 

9 663,519 22,139 3.3 

12 646,073 16,904 2.6 

15 659,801 12,682 1.9 

 

Features 

 

The features chosen originated from the North American Mesoscale Forecast System (NAM)[67] 

developed by the National Weather Service, National Centers for Environmental Prediction, En- 

vironmental Modeling Center (NWS/NCEP/EMC.) The NAM is a placeholder for the operational 

mesoscale model run on the North American domain. The training and testing sets were derived 

from the 2004 − 2012 period of the NAM, which includes the hydrostatic Eta [75] (1 March 2004 

to 19 June 2006), WRF-NMM (Weather Research and Forecasting Non-hydrostatic Mesoscale 

Model) [39] (29 June 2006 to 30 September 2011), and NEMS-NMMB (NOAA Environmental 

Modeling System Non-hydrostatic Multiscale Model on the Arakawa B-grid) (1 October 2011 to 

31 December 2012) model output. 

The features chosen were the NWP output variables/parameters in [12] and [11]. These predic- 

tors were retained based on the selection procedure used by [83] to identify those features predic- 

tive of thunderstorms, and those identified through a high random forest-based variable importance 

to thunderstorm development [62]. These NWP-based features chosen include the familiar atmo- 

spheric moisture, instability, and lift factors known to contribute to thunderstorm development, and 

factors that preclude convection. Tables 3.2 and 3.3 in both [12, 11] depict the specific features 

used to develop this study’s deep learning model and a brief discussion of the rationale for their 

selection. This information is reproduced in Table 1 and 2. Although model performance was 

assessed with regard to three (3) separate 400 km2 box regions, the model was trained/optimized 

over all 286 boxes. Non-meteorological features, location (lat/lon) and a seasonal function based 

on the Julian day (Table 3.4) was added the predictors. All 38 predictors and features were used as 

input features for the DLNN model.
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Table 3.2: Description NAM predictor variables/parameters used in DLNN. 
 

Abbreviation Description (units) Justification as thunderstorm predictor 

 

PWAT Total predictable water (mm) Atmospheric moisture proxy 

MR850 Mixing ratio at 850 hPa(gkg−1) 

RH850 Relative humidity at 850 hPa 

(%) 

 

CAPE Surface-based convective 

available potential energy 

(Jkg−1) 

Lower-level moisture necessary for con- 

vective cell to reach a horizontal scale of 

4km [46] 

When combined with CAPE, predictor of 

subsequent thunderstorm location inde- 

pendent of synoptic pattern [18]  

Instability proxy; the quantity (2CAPE)0.5 is 

the theoretical limit of thunderstorm updraft 

velocity [89] 

CIN Convective inhibition (Jkg−1) Surface-based convective updraft magni- 

tude must exceed (CIN)0.5 for parcels to reach 

level of free convection [89] 

LI Lifted index (K) Atmospheric instability proxy [26] 

ULEV EL,VLEV EL U,V wind components 

at        surface, 850hPa 

[LEVEL=surface, 850hPa] 

(ms−1) 

VVLEV EL Vertical velocity at 925, 700, 

500hPa [LEVEL=925, 700, 

500hPa] (Pas−1) 

DROPOFFPROXY Potential temperature dropoff 

proxy (K) 

Strong wind can modulate surface 

heterogeneity-induced mesoscale circula- 

tions ([15, 92]) 

 

Account for mesoscale and synoptic scale 

thunderstorm triggering mechanisms (sea 

breezes, fronts, upper level disturbances) 

that are resolved by the NAM Atmospheric  

instability  proxy; highly 

sensitive to CI [14] 

LCL Lifted condensation level (m) Proxy for cloud base height; positive cor- 

relation between cloud base height and CAPE 

to convective updraft conversion efficiency 

[97] 

TLCL Temperature at the LCL (K) TLCL 10◦C essential for presence of 

supercooled water in convective cloud es- 

sential for lightning via graupel-ice crys- tal 

collisional mechanism [79] 

CP Convective precipitation (kg 

m−2) 

 
                  VSHEARS8 Vertical wind shear: 10m to 

800hPa layer (103s−1) 

 
                  VSHEAR86 Vertical  wind  shear: 800- 

600hPa layer (103s−1) 

 

Byproduct of the Betts-Miller-Janjic convective 

parameterization scheme [39], when triggered 

The combination of horizontal vorticity   

(associated with ambient 0–2km vertical 

shear), and density current generated hor- 

izontal vorticity (associated with 0–2km 

vertical shear) can trigger new convection [76] 

Convective updraft must exceed vertical     

shear immediately above the boundary layer 

([14, 13]) 
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Table 3.3: Description NAM initialization predictor variables/parameters used in DLNN. 
 

Abbreviation Description (units) Justification as thunderstorm predictor 

ULEV EL,VLEV EL U, V wind at the surface, 900, 

800, 700, 600, 500 hPa levels 
[LEVEL=surface,  900,  800, 

700, 600, 500] (ms−1) 

Thunderstorm profile modification owing 

to veering of wind (warming) or backing 

of wind (cooling); backing (veering) of 

wind in the lowest 300hPa can suppress 

(enhance) convective development [20] 

HILOW Humidity index (C) Both a constraint on afternoon convection 

and an atmospheric control on the interac- 

tion between soil moisture and convection 

[20] 

CT Pproxy Proxy for convective trigger- 

ing potential (dimensionless) 

 

VSHEARS7 Vertical wind shear: surface 

to 700hPa layer (103s−1) 

VSHEAR75 Vertical  wind  shear: 700- 

500hPa layer (103s−1) 

Both a constraint on afternoon convection 

and an atmospheric control on the interac- 

tion between soil moisture and convection 

[20] 

Both a Strong vertical shear in the lowest 

300hPa can suppress convective develop- 

ment [20] 

Convective updraft must exceed vertical 

shear immediately above the boundary 

layer for successful thunderstorm devel- 

opment ([14, 13]) 
 

 

Table 3.4: Miscellaneous variables/parameters used in DLNN. 
 

Abbreviation Description Justification 

 

JD Julian day (day) Periodic function providing information 

to the DLNN regarding thunderstorm oc- 

currence as a function of season 

Location latitude and longitude Providing information to the DLNN re- 

garding thunderstorm occurrence as a 

function of location 
 

 
 

Target 

 

Cloud-to-ground (CG) lightning was used as the proxy for thunderstorm occurrence and was ob- 

tained from the terrestrial-based National Lightning Data Network (NLDN) [69]. A target vector 

was created which contained the number of CG lightning strikes per date/hour/box for the study 
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duration (2004 − 2012.) The target is defined as: t 

 

 

 
d,h 

= 
0, L = 0 

1, L /= 

0 

 

 
where d and h represent the 

date and hour (in UTC), respectively. The value L represents the quantity of CG lightning strikes 

per hour within a given 400 km2 box region. 

 
3.2 Methodology 

 

This section describes the DLNN model, the chosen features, the target, a detailed explanation of 

the SDAE method, and the description of the reference methods used to compare with the DLNN 

model developed in this study. 

 
Feature Extraction 

 

 
 

Figure 3.3: A Venn diagram showing how deep learning is a kind of representation learning, and 

subset of machine learning and AI 
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While most of the machine learning models are working with raw input features, their per- 

formance are influenced by the number of features and variables. Sometimes the performance is 

degraded by increasing the number of features. This problem known as the course of dimension- 

ality [9]. To solve this problem, manually engineering of features started which was doing by an 

expert. This technique was time-consuming and error-prone. Automated feature selection method 

were soon available to reduce the dimension of input space, selecting the best subset of features 

[91]. But this methodology considers the importance of each feature independently to select or 

eliminate them, which may in combination with other features, provide useful information. Fea- 

ture extraction or feature construction [55] is the best alternative to reduce the dimension of input 

feature space. There are several feature extraction techniques which mainly trying to find a bet- 

ter representation of input features by extracting linear combination of the original ones (known 

as linear dimensionality reduction techniques like Principal Component Analysis (PCA) [40] or 

linear discriminant analysis [82]) or nonlinear combination of original ones (known as nonlinear 

dimensionality reduction techniques such as Kernel PCA, AutoEncoders [91]). 

Today, Artificial Intelligence (AI) is a succeed field with massive practical application re- 

search topics such as intelligent automation of understanding speech or images, medicines and 

disease detection and many other basic scientific research [8, 1, 72, 45]. AI trying to tackle and 

solve problems that are intellectually difficult for human beings but understandable for machines 

by using list of formula and mathematical rules. AI is a function to learn from experience and 

understand the pattern of data without human involvement in hierarchy manner. The hierarchy 

manner of learning enables the machines to learn complicated concepts in automated way. AI sys- 

tem need to learn their own knowledge from data automatically, by extracting patterns from raw 

data, this capability is known as Machine Learning (ML). Figure 3.3. shows a Venn diagram 

which illustrates deep learning is a subset of representation algorithms and in higher level a subset 

of machine learning and AI. 

So, the performance of ML algorithms depends on the representation of the raw data. Each 

piece of information included in the representation of the data is known as features [25]. This 
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dependency of ML on representation is the main phenomenon to deal with and the choice of repre- 

sentation has an enormous impact on the performance of machine learning models. For many ML 

algorithms, tasks can be solved by providing the right set of features to extract. But, unfortunately, 

it is difficult to providing the right features manually and also takes too much time with a lot error 

sources [91, 25]. One of the best solution to understand features and extract them automatically is 

representation learning, which not only learn the mapping from representation to output but also 

learn the representation itself. Automatic learning representation often results in much better 

performance than hand-crafting design for discovering the representation. In fact, the representa- 

tion learning algorithm can discover a good set of features related to task which is so much easier 

and productive to manually designing features. As a matter of fact, extracting high level of rep- 

resentation of features from raw data is difficult because of the existence various nonlinearity and 

complexity in raw data which sometimes it is head even for ML models. Deep Learning (DL) 

solves this central problem by using more sophisticated representation algorithm. Deep learning 

as a subset of machine learning is able to learn by experience and acquire skills in unsupervised or 

supervised way without human involvement from a large amounts of data. 

One of the best example of a representation algorithm is the AutoEncoder (AE) model [91, 

25]. An AE is the combination of an encoder function and decoder function. Encoder converts the 

input data into a different level of representation, and a decoder turn the representation back to the 

original data. AEs are trained into different ways depends on the goal of task, either to preserve 

highest level of information from input data through encoder or to make the new representation 

with enough and nice features for the task. In continue, two main models for feature extraction 

will be explained, PCA as linear model and stacked AEs as nonlinear deep learning model. 

 
PCA 

 

PCA is one of the oldest and the best known of technique for reducing the dimension of feature 

space which preserving as much variability as possible [100]. Based on this assumption that there 

are a large number of interrelated variables between features, PCA is trying to reduce the dimen- 
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sionality of a data while retaining as much as possible variation in features. The central strategy of 

PCA is transforming the variables to a new set of variables which are not correlated. The new set 

of variables based on their variability are ordered so that the first few retain variable present the 

most variation in all of the original variables [41]. Computation of PCA is straightforward and 

based on eigenvalue-eigenvector concepts. So, PCA for given dataset find a linear subspace of 

dimension than original data which attempt to maintain most of the variability of the data. 

In summary, to implement the PCA analysis we need to do following steps: 

 
1. calculating the mean value for predictors and subtract them from the mean. In fact, by 

subtracting the mean the coordinate system is transferred to the location of the mean. 

2. calculate the covariance matrix, since the non-diagonal elements in this covariance matrix 

are positive, there is high correlation between predictors. 

3. calculating the eigenvalues and eigenvectors of the covariance matrix. these values are so 

important because they propose very important information about the pattern of in the data. 

The first eigenvector shows the most important pattern in the data, the second the less impor- 

tant and so on. By extracting the eigenvectors of the eigenvalues of the covariance matrix, 

the PAC model is able to extract lines that characterise the data. 

4. Choosing components and forming a feature vector. In this step, the dimensionality reduc- 

tion can come in by choosing the eigenvector with the highest eigenvalues as the principal 

component of the data. 

So, basically by using the PCA the data is transformed to eigenvectors lines, by choosing the 

highest term of pattern between data or highest component of data, where the patterns are the lines 

to describe the relationship between the data. 
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    AutoEncoders Model 
 

Basic structure of AEs 

 
Generally, there are four different major deep learning models: Unsupervised Pretrained Networks 

(UPNs), Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs) and Recur- 

sive Neural Networks. Diagram in Figure 3.4. depict all different deep learning models with short 

summary about them. AEs are the one of the best up-supervised learning model act as nonlinear 

dimensionality reduction technique due to take advantages of greedy-layer wise learning strategy. 

In this work, particularly the stacked autoencoder (SAE) model is backbone of model for training 

the raw input and predict the thunderstorm lightning. 

Figure 3.4: There are four major group of deep learning algorithms. Unsupervised pretrained 

models are trying generate the raw input data as much as accurate in unsupervised manner. They 

are powerful models for understanding the most important futures from raw input in lower 

dimension. Convolutional based models mainly used for data with spatial structure like image due 

to using convolution for learning features. Recurrent and recursive neural networks are using for 

sequential data with two different strategy for training the model 

. 

 
An AutoEncoder (AE) network is a specific type of Feed-Forward Neural Network with sym- 
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metric structure, which attempts to resemble the inputs as closely as possible to its output. An 
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AE is constructed based on two main modules,  an encoder function to map the input data and    a 

decoder function to reconstruct the original data [2, 91]. Internally, an AE has a hidden layer 

known as bottleneck to represent the input used by encoder function. The basic structure of an AE, 

as shown in Figure 3.5, includes an input x, and encoder function (function f ) responsible to map 

the input onto the encoding y (encoding section of AE for learning the latent features) and r the 

reconstructed features computed using decoder function g. Both x and r must have the same 

dimension. The dimension of the encoding y is selected based on the properties desired, it can be 

less than the input dimension known as undercomplete AE, or higher than the the input dimension 

known as overcomplete AE. The simplest AE consists of just one hidden layer, and is defined by 

two weight matrices and two bias vectors [9]: 

 
y = f (x) = S1(W1x + b1) (3.1) 

 

 
r = g(x) = S2(W2x + b2) (3.2) 

 
where, W1 and W2 are weight matrices, b is bias, x is the input data and S1 and S2 denote the 

activation functions. 

Traditionally, AEs have been used as dimensionality reduction method or feature extraction 

technique [2, 91]. To reduce the dimension of input feature by AEs, needs to constrain the dimen- 

sion of bottleneck (layer y in Figure 3.5) to have  a smaller dimension than input features (layer  x 

in Figure 3.5) known as undercomplete AEs. Undercomplete representation strategy forces the 

AEs to learn the most latent features of the input data to minimize a loss function. 

Γ(w, b; S) = ∑ L(x, g( f (x))) (3.3) 
x∈S 

Where for weights (w) and bias (b), L is a loss function to minimize the difference between the 

original input (x) form the set of input S and its reconstruction g( f (x)), such as the mean squared 

error [93] (LMSE , Equation 4) or cross entropy [3] (LCE , Equation 5). Back-propagation is using to 

update weights and biases for minimizing the reconstruction error[30]. With linear activation 
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Figure 3.5: The basic structure of an AE with one variable encoding layer, includes an input x 

which is mapped onto the encoding y via an encoder, represented as function f. This encoding is 

in turn mapped to the reconstruction r by means of a decoder, represented as function g. 

 
function for encoder and the mean squared error loss function, by extracting the layer y from an 

undercomplete AE, each node can now be treated as a variable in the same way variables are 

mapped by PCA [40]. But, an undercomplete AE with nonlinear activation function for encoder 

and decoder functions can learn the most salient features of data distribution compared to PCA 

(such AEs model describes a nonlinear generalization of PCA, which known as nonlinear PCA) 

[48]. 

LMSE (r, x) = Ir − xI2 (3.4) 

 

 

d 

LCE (r, x) = ∑ rklog(xk) + (1 rk)log(1 xk) (3.5) 
k=1 

Where r is reconstructed output, x is input, d is set of samples, k is iteration. 

 

Common activation function in use for AEs 

 
In AEs architecture for each hidden layer there is a unit known as activation function, which 

receives input from the previous layer to compute the ”weighted sum” of these inputs, adds a bias 
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and then decides whether this neurons should fired (activated) or not (Formula 3.6.). 

 
 

Y = ∑(weight ∗ input) + bias (3.6) 

The value of Y can be anything from −in f to +in f , and the activation function decides to trans- 

form it to the specific range and make a decision to activate it or not. The behaviour of the model is 

rely on choosing the activation function, which can be nonlinear behaviour by selecting nonlinear 

activation function or linear behaviour. Generally, there are six different most popular activation 

functions include of Linear activation function, Binary or Boolean , Rectified Linear Units 

(ReLU), Logistic, Tanh and Scaled Exponential Linear Units (SELU). Figure 3.6 present dif- 

ferent activation functions. 

 

Figure 3.6: Common activation functions [9]. 

 

 

• Linear activation function: This activation function is a straight line function (A = cX , 

where A is activation function, X is input and c is constant value), which the output of acti- 

vation function is proportional to input, the weighted sum of inputs. Obviously, the deriva- 
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• tive of linear activation function is a constant value (c), means the gradient for optimization 
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process would has no relationship with input data, so no matter how many layer there is in 

model. So, this activation function would not be a good choice for AEs model since it rarely 

provide useful representation. 

• Binary or Boolean activation function : There are several Boolean functions (NOT, OR, 

AND, XOR), which are mostly utilized for educational uses, also they have some application 

in data hashing. 

• ReLU: The ReLU function is one of the most popular activation function for deep learning 

models. This activation function gives an output if input is positive and 0 otherwise. The 

function is A(x) = max(0, x), where x is input. This function tends to degrade the AEs perfor- 

mance since it always output 0 for all negative inputs, although it is one of the best nonlinear 

activation function. This is a downside of ReLU function known as ”dying ReLU”, because 

the slope for negative section of ReLU function is zero, once a neuron get negative value it 

will died and never can recover it. As we learned, the main goal of AEs is reconstruction the 

input as much as close to output. So, by removing the negative inputs by ReLU function the 

performance of reconstruction process. 

 

• Logistic : Sigmoid activation function is the most appropriate activation for AEs. It is a 

nonlinear function (A = 1 
1 

−x , for input x), and combination of them would be nonlinear as 
 

+e 

well. It is a smooth gradient which its derivative provides enough strong gradients. Unlike 

linear activation function, the output of sigmoid function is in range of 0 and 1. But, the 

gradient in end of the sigmoid function tend to be small and has less response to change in 

input (x), known as vanishing problem. But, still this activation function is very popular for 

classification and for AEs model. 

• Tanh: This function is very similar to sigmoid function, known as scaled sigmoid function 

(tanh(x) = 
1   

2 − 1 = 2sigmoid(2x) − 1). It is similarly has nonlinear characteristic. one 
 

+e−2x 

point to mention is that tanh activation function has a stronger gradient than sigmoid, so the 

derivatives are steeper. 



25 

 

• SELU : SELU activation function is an improved ReLU function, by adding some slope for 

negative values. In fact, it designed to combine the good parts of ReLU and allowing to some 

negative values to participate in learning process, and solving the dying problem of ReLU 

function. 

 
AE network structures 

 
As we learned, AEs are a symmetrical structure, which the encoder and decoder have the same 

number of layers and same number of neurons for each layers in both side. Depending on the 

dimensionality of bottleneck layer, AEs are categorized into two main structure: 

• undercomplete: if the encoding layer at bottleneck has a lower dimension than input fea- 

tures, it is undercomplete structure of AEs (Figure 3.7.a. ). This strategy force the network 

to learn higher level of representation. 

• overcomplete: when encoding layer at bottleneck has higher dimension than input features, 

the structure is overcomplete structure (Figure 3.7.b.). This architecture simply trying to 

learn the identity function, same features of input as output. In combination of overcomplete 

structure some limitation as regularization process is needed to avoid falling into overfitting 

problem. 

 

 
Regularized AEs 

 
like many other machine learning models, AEs are prone to overfitting of the training dataset re- 

sulting in poor out-of-sample performance [84]. To avoid the overfitting issue, in addition to limit 

the model capacity by choosing the undercomplete structure for the model, some regularization 

terms can be added to the loss function to encourage the model to learn other properties of input 

data. Regularization means control the capacity of encoder and decoder based on the complexity 

of the input data distribution. Regularization can be achieved by adding a penalization like weight 
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decay or sparsity in representation. Weight decay enhance the generalization of training by ampli- 



27 

 

i 

 

a) Undercomplete structure. b) Overcomplete structure. 

Figure 3.7: AEs model based on it structure. 

fying smaller weights that produce good reconstruction [30]. In equation 6, the weight decay term 

is added that λ attempts to determine the magnitude of the decay and limit the weight growth, the 

resulting loss function could be: 

Γ(w, b; S) = ∑ L(x, g( 

f (x))) + λ ∑w2
 

(3.7) 

x∈S i 

where wi are transverses all the weights in W. Also, the regularization can be sparsity known as 

sparse autoencoder [102]. In sparse autoencoder units in hidden layer usually do not fire to satisfy 

the low values in average for activation of the encoding layer [102]. Another strategy to force the 

AEs to learn the best latent features is Denoising AEs (DAEs) [91]. A DAE learns to generate 

robust features from input by reconstruction from potentially noisy instances. The structure for 

DAEs is same as AEs and the parameter will be the same as well, just for DAEs during the training 

file://///ad.tamucc.edu/Common/Graduate%20College/Audit%20Coordinator/aspeaker/1.%20Downloads%20for%20Esign/hamid.docx%23_bookmark68
file://///ad.tamucc.edu/Common/Graduate%20College/Audit%20Coordinator/aspeaker/1.%20Downloads%20for%20Esign/hamid.docx%23_bookmark121
file://///ad.tamucc.edu/Common/Graduate%20College/Audit%20Coordinator/aspeaker/1.%20Downloads%20for%20Esign/hamid.docx%23_bookmark121
file://///ad.tamucc.edu/Common/Graduate%20College/Audit%20Coordinator/aspeaker/1.%20Downloads%20for%20Esign/hamid.docx%23_bookmark113


28 

 

stochastic corruption of the input data will applied. Based on the concept behind the denoising 
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technique, the obtained representations and latent features are more robust and informative and in 

turn more useful for reconstruction. 

 
Stacked AutoEncoder 

 
As with any neural network there is the flexibility to construct the AE with different number of 

hidden layers and number of nodes. Stacked AE (SAE) is an autoencoder with more than one 

hidden layer. A stacked autoencoder takes advantage of all the benefits of any deep network with 

higher expressive power and computes features based on the greedy layer-wise training method 

([30, 3]). In this training method, the first layer of neurons, which ingests the raw input, is trained 

to obtain weight and biases that allow for a good reconstruction of the input layer. The output of 

the first layer is then used by the second layer to obtain its own set of weights and biases with the 

target to reproduce the output of the first layer. The process is repeated for potential additional 

layers using the output of each layer as input for the next and computing sets of weights and biases 

to reproduce the output that previous layer [3]. Based on this strategy, the parameters of each layer 

are trained individually. Unlike supervised learning that tends to train models directly by gradient 

descent starting from randomly-initialized parameters, the greedy layer-wise based model is using 

unsupervised learning to pre-train each layer and leads to progressively higher level representations 

based on the lower-level representation output of the previous layer [3]. 

Hinton and Salakhutdinov pointed out that ”Gradient descent can be used for fine-tuning the 

weights in such AE networks, but this works well only if the initial weights are close to a good 

solution. They describe an effective way of initializing the weights that allows deep autoencoder 

networks to learn low-dimensional codes (Greedy-layer wise approach) that work much better than 

principal components analysis as a tool to reduce the dimensionality of data” [30]. Regarding 

randomly initializing the weights, optimizing the weights in nonlinear autoencoders is difficult be- 

cause with large initial weights AE is not able to find local minima, and with small initial weights 

there is potential for the gradient vanishing problem. The Greedy-layer wise technique or pretrain- 

ing approach was the solution to solve the training of AE proposed by Hinton and Salakhutdinov 
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[30]. There is a global fine-tuning stage to replace stochastic by deterministic, real-valued prob- 

abilities by using the backpropagation through the whole AE to update the weights for optimal 

reconstruction. Each layer in an AE extracts high-order correlation between features in the two 

layers. For a wide variety of data AE is able to reveal a low-dimensional nonlinear structure of the 

original data. 

 
3.3 Experiment and Results 

DLNN Model Setup 

DLNN models were developed to predict thunderstorm occurrence within three 400 km2  box do- 

mains (box numbers 73, 103, and 238 in Figure 1) for three prediction hours (9, 12 and 15hr 

±2hr). The data for the periods of 2004 − 2006 and 2009 − 2013 were used for training the model. 

The data for the period of 2007 − 2008 were used for testing. For each prediction hour (9hr, 12hr, 

and 15hr), DLNN models were trained over all 286 400-km2 continuous domains. This approach 

increases the number of thunderstorm cases (td,h = 1; Section 2.12) and total instances sufficient to 

justify the use of deep learning. For 9hr prediction, there are 663519 instances in the training sam- 

ple, 22139 (3.34%) of which are positive target data (td,h = 1). The corresponding values for 12hr 

prediction are 646073 instances with 16904 (2.62%) positive target. For 15hr, there are 659802 

instances in the training sample, 12682 (1.92%) of which are positive target data (td,h = 1). 

The development of the DLNN model began with the determination of the SDAE architecture. 

As discussed in the previous section, the number of predictor variables (X) (the input layer) for the 

SDAE model is 38. SDAE with different undercomplete and overcomplete architectures were 

tested. The output of the SDAE is fed into a logistic classifier consisting of 2 neurons and resulting 

in a binary classification, zero for non-lightning and one for lightning. The SDAE is trained based 

on stochastic gradient descend and experiments are repeated 50 times to assess the variability of 

the process. The trained model is finally evaluated based on the independent test dataset. In this 

experiment, we vary the number of neurons in the hidden layers from 1 − 100 to determine the 
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optimum number while also varying the number of hidden layers from 1 to 3. Table 3.5 depicts the 

selected topology, including the number of layers, number of neurons for each layer, optimization 

technique, etc. 

Table 3.5: Hyper-parameters of SDAE model. 
 

Architecture Hyper-parameter Value 

Stacked Denoising AE Number of hidden layer 2 3 

Number of neurons 1 100 

Activation functions sigmoid 

Loss function Cross entropy 

Optimization technique SGD 

Noise mask 15%; 0; 0 

Regularization parameter λ 0.1 0.001 

Learning rate 0.0001 

Training epochs 500 

 
For determining the optimum number of neurons we utilized a 95% confidence interval based 

on the PSS metric and the standard error estimated based on the 50 iterations [11]. Figure 3.8. 

depicts the results for the bottleneck layer which it is more important one as this layer determines 

the number of latent features which will be the input data for the supervised classifier. The optimum 

number of hidden layer neurons is selected on the maximum PSS while also avoiding an overlap 

in the standard errors with a solution for a smaller number of hidden neurons. A bottleneck layer 

with 3 neurons provided the maximum PSS with no overlap in standard error with solutions with 

1 or 2 hidden neurons. Based on the same strategy 30 neurons were selected for the first layer. 

Hence, the result is an undercomplete architecture shown in Figure 3.9. 

Conceptually, for the purpose of binary classification or prediction, fine-tuning using back- 

propagation can be applied by tuning the parameters for all layers and it is common to discard the 

”decoding” layers of a stacked autoencoder and link the last hidden layer (bottleneck) to the 

softmax classifier [91, 23, 77]. Then, the gradients from the softmax classification or prediction 

error will be back-propagated into the encoding layers [91]. As a softmax classifier for fine-tuning 

the whole network, logistic regression (logistic function) is applied on top of the network. To avoid 

overfitting in our model (model 38 − 30 − 3 − 2), 15% noise is added only for first layer to force 
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Figure 3.8: Determination of the optimum number of hidden layer neurons for the Box 238 12 hr 

prediction SDAE model. The box plot shows the median, and interquartile ranges estimated based 

on the 50 iterations. This graph is for the bottleneck layer. The number of hidden layer neurons, 

3, is selected based on the maximum PSS while insuring that there is not overlap with solutions 

including less hidden neurons. 

 
the SDAE model to better understand latent features. Also a regularization term is added to further 

decrease the likelihood of overfitting based on formula 5. By trial and error λ is set to 0.001. 

The Receiver Operating Characteristics (ROC) curve [5] is a technique for visualizing the skill 

of binary classifiers. To determine the model that optimizes performance, we created a ROC curve 

by adjusting the decision threshold at an iteration of SDAE output range and calculating the POD 

and F at each iteration. Based on the best performance for PSS metric, the threshold is chosen. 

Figure 3.10 depicts ROC curve associated with the development of the SDAE model for the 12hr 

thunderstorm prediction in box 238. 

 
  Feature Reduction Comparison and Model Performance Assessment 
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blueFigure 3.11 compares the importance of the first ten PCA variables sorted by their ranking. The 
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Figure 3.9: SDAE architecture applied for thunderstorm prediction. 

 
first ten variables explain approximately %90 of the variability, but the first three PCA components 

already provide more than 70% of the variability of the original data. Inputs consisting of both the 

first three and the first ten PCA components were tested to predict lightning using a logistic 

regression classifier. Results were very close to each other indicating that using only a simpler 

input with three PCA components gives a good representation of the performance of this method. 

Using three PCA components also allows to compare more directly with the SDAE methods which 

also uses three latent features. 

As applied here, the SDAE is learning low-dimensional representations of the data through 

dimensionality reduction controlled by the number of hidden neurons in the bottleneck layer. The 

information from the bottleneck is then used as input to the classifier resulting in improved perfor- 

mance by focusing the model on the most relevant information in the input features [R33]. SDAE 

can detect repetitive and redundant structures, consolidate them into lower dimensionality latent 

features resulting in more distinguishable and more informative features. To better understand how 
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Figure 3.10: ROC curve generated over the training set to select the logistic classifier threshold 

based on maximizing PSS (0.73). 
 

Figure 3.11: Feature importance of PCA model for the training dataset. 

 
dimension reduction may lead to better performance the SDAE output for three latent features is 

compared with the results of dimension reduction using the linear PCA technique. The compar- 

isons are presented in blueFigure 3.12. The point cloud illustrated in blueFigure 3.12.a. shows the 

result for the SDAE model, and (blueFigure 3.12.b) presents the result for PCA. Lightning cases 

are displayed in blue while non lightning cases are displayed in orange for the 3D visualization. 

Also, density maps for the lightning cases are shown at the bottom of each figure. For the 3D 

analysis of the SDAE point cloud, one can see that the lightning cases are located along the outer- 

most layer of the feature space forming a wedge around the non lightning cases. Similarly for the 
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a) Visualization of SDAE latent features. b) Visualization of PCA latent features. 

Figure 3.12: Representation of latent features generated by SDAE and PCA models. 3D scatter of 

latent features for SDAE and PCA at top and 2D density map only for lightning cases at the 

bottom. 

 
related 2D density analysis, the lightning cases are mapped in the corner and edges. Such segmen- 

tation is more distinguishable than the one illustrated for PCA in (blueFigure 3.12.b) [R100]. For 

both the 3D and the 2D cases of the PCA dimension reduction, the lightning cases are restricted to 

a portion of the feature space but they are surrounded and mixed in with non lightning cases. 

Another advantage of the SDAE dimension reduction method is the better use of the feature space 

as the PCA point cloud does not fill the same cube as thoroughly. The comparisons between the 

2D and 3D SDAE dimension reduction also illustrate the need for at least three latent features as 

the lightning cases are well clustered in a wedge like shape area for the 3D case while being more 

spread throughout the feature space for the 2D case. 

 
DLNN Model Evaluation 

 

To evaluate the performance of the DLNN model, the model is applied to the independent dataset 

(2007 − 2008.) Based on the confusion matrix for binary classes, 8 different metrics were calcu- 

lated. The formulation of the confusion matrix and performance metrics are shown in Tables 3.6 
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Table 3.6: Confusion matrix for calculating scalar performance metrics. 
 

Forecast Yes No Total 

Yes a(hit) b(false alarm) a+b 

No c(miss) d(correct rejection) c+d 

Total a+c b+d a+b+c+d =n 

Table 3.7: Evaluation Metrics. 
 

Performance metric Symbol Equation 

Probability of detection [0, 1] POD a/(a+c) 

False alarm rate [0, 1] F b/(b+d) 

False alarm ratio [0, 1] FAR b/(a+b) 

Critical Success Index [0, 1] CSI a/(a+b+c) 

Peirce Skill Score [-1, 1] PSS (ad-bc)/(b+d)(a+c) 

Heidke Skill Score [-1, 1] HSS 2(ad-bc)/ [(a+c)(c+d)+ (a+b)(b+d)] 

Odds-ratio skill score [-1, 1] ORSS (ad-bc)/(ad+bc) 

Clayton Skill Score[-1, 1] CSS (ad-bc)/(a+b)(c+d) 

 
and 3.7, respectively. The metrics include PSS, critical success index (CSI), Heidke skill score 

(HSS), odds-ratio skill score (ORSS) and so on. See ([95, 32]) for more detailed information about 

the utility of these metrics. Table 3.8-3.10 depict the performance results of the DLNN, shallow 

neural network, and PCA-based classifiers, and the corresponding performance of the operational 

forecasters, for boxes 73, 103 and 238. 

With respect to the 9 hour prediction Table 3.8, there is a significant improvement in the value of 

the selected performance metrics for the DLNN models over the CT2016 model [11]. For box 73, 

the CSI metric increased from 0.19 (CT2016) to 0.55 (DLNN), and there is a large improvement 

of the DLNN models over the CT2016 models for the HSS (0.25 to 0.54), the CSS (0.19 to 0.58), 

and for the ORSS, POD and PSS. The F and FAR metrics are substantially improved; F decreases 

from 0.22 (CT2016) to 0.10 (DLNN), and FAR decreased from 0.81 to 0.44. For box 103, there is 

improvement of the DLNN models over the CT2016 models for the metrics CSI (0.13 to 0.53), 

PSS (0.62 to 0.75), HSS (0.15 to 0.52) and CSS (0.12 to 0.51).  Also, F and FAR have been 

decreased from 0.31 (CT2016) to 0.08 (DLNN) and 0.87 to 0.43, respectively. For box 238, the 

superior performance of the DLNN over CT2016 is similar to the performance improvements at 
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Table 3.8: Performance results of the deep learning neural network (SDAE) and principal 

component analysis (PCA) based classifiers developed in this study, the shallow neural network 

of [11] (CT2016), and the corresponding performance of the operational forecasters (NDFD) for 

9hr prediction. 
 

 POD F FAR CSI PSS HSS ORSS CSS 

Box 73         

SDAE 0.91 0.10 0.44 0.55 0.75 0.54 0.96 0.58 

CT2016 0.94 0.22 0.81 0.19 0.71 0.25 0.96 0.19 

NDFD 0.91 0.26 0.83 0.16 0.65 0.21 0.93 0.16 

PCA 0.89 0.36 0.94 0.05 0.50 0.06 0.86 0.05 

Box 103         

SDAE 0.93 0.08 0.43 0.53 0.75 0.52 0.96 0.51 

CT2016 0.93 0.31 0.87 0.13 0.62 0.15 0.93 0.12 

NDFD 1.00 0.31 0.85 0.15 0.69 0.19 1.00 0.15 

PCA 0.85 0.40 0.96 0.03 0.45 0.04 0.79 0.03 

Box 238         

SDAE 0.89 0.09 0.39 0.55 0.73 0.57 0.96 0.53 

CT2016 0.94 0.30 0.80 0.20 0.63 0.24 0.94 0.19 

NDFD 0.94 0.35 0.81 0.19 0.59 0.21 0.93 0.18 

PCA 0.83 0.37 0.94 0.05 0.45 0.06 0.78 0.05 

 
the other locations. In general, the DLNN models outperformed the PCA-based models and the 

operational weather forecasters. 

Table 3.9 summarizes performance comparisons for 12hr predictions. For box 103, there is an 

approximately 89%, 88% and 91% improvement of the DLNN models over the CT2016 models for 

CSI, HSS and CSS metrics, respectively. Also, for the DLNN model, the number of false predic- 

tions and the false prediction alarm rate decrease significantly. For box 238, there is approximately 

87% , 84% and 89% improvements of the DLNN models over the CT2016 models for the CSI, 

HSS and CSS metrics, and the F metric decreased from 0.28 (CT2016) to 0.07 (DLNN), and FAR 

decreased from 0.93 to 0.37. DLNN improvements over the PCA-based models and operational 

forecasters continue. 

Table 3.10 summarizes the 15hr prediction performance. The performance improvement of the 

DLNN over the CT2016 models continues; the F metric for boxes 73, 103 and 238 decreased 68%, 

66% and 65%, respectively. Also, FAR decreased by 56%, 60% and 62% for boxes 73, 103 and 
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Table 3.9: Performance results of the deep learning neural network (SDAE) and principal 

component analysis (PCA) based classifiers developed in this study, the shallow neural network 

of [11] (CT2016), and the corresponding performance of the operational forecasters (NDFD) for 

12hr prediction. 
 

 POD F FAR CSI PSS HSS ORSS CSS 

Box 73         

SDAE 0.82 0.07 0.36 0.55 0.74 0.66 0.96 0.60 

CT2016 0.86 0.29 0.90 0.10 0.57 0.12 0.88 0.09 

NDFD 0.91 0.23 0.86 0.14 0.68 0.19 0.94 0.14 

PCA 0.89 0.42 0.94 0.05 0.48 0.05 0.84 0.05 

Box 103         

SDAE 0.80 0.06 0.34 0.49 0.76 0.62 0.97 0.60 

CT2016 0.80 0.23 0.95 0.05 0.58 0.07 0.87 0.05 

NDFD 0.80 0.24 0.94 0.06 0.56 0.08 0.86 0.06 

PCA 0.85 0.36 0.96 0.03 0.48 0.04 0.82 0.04 

Box 238         

SDAE 0.81 0.07 0.37 0.55 0.74 0.59 0.96 0.59 

CT2016 0.81 0.28 0.93 0.07 0.53 0.09 0.83 0.06 

NDFD 0.67 0.28 0.92 0.07 0.39 0.08 0.67 0.06 

PCA 0.83 0.33 0.93 0.06 0.49 0.07 0.81 0.05 

 
Table 3.10: Performance results of the deep learning neural network (SDAE) and principal 

component analysis (PCA) based classifiers developed in this study, the shallow neural network 

of [11] (CT2016), and the corresponding performance of the operational forecasters (NDFD) for 

15hr prediction. 
 

 POD F FAR CSI PSS HSS ORSS CSS 

Box 73         

SDAE 0.86 0.07 0.40 0.57 0.73 0.54 0.95 0.56 

CT2016 0.92 0.25 0.93 0.07 0.68 0.10 0.95 0.07 

NDFD 0.86 0.24 0.93 0.07 0.61 0.01 0.89 0.07 

PCA 0.82 0.34 0.94 0.05 0.47 0.07 0.79 0.05 

Box 103         

SDAE 0.91 0.07 0.38 0.56 0.78 0.58 0.97 0.58 

CT2016 0.83 0.21 0.96 0.04 0.62 0.05 0.90 0.03 

NDFD 1.00 0.19 0.96 0.04 0.81 0.07 1.00 0.04 

PCA 0.75 0.25 0.95 0.04 0.49 0.06 0.79 0.04 

Box 238         

SDAE 0.84 0.08 0.36 0.59 0.72 0.57 0.95 0.60 

CT2016 0.64 0.23 0.95 0.05 0.41 0.06 0.71 0.03 

NDFD 0.92 0.23 0.92 0.08 0.69 0.11 0.95 0.07 

PCA 0.70 0.20 0.91 0.08 0.50 0.11 0.80 0.07 
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238, respectively. For CSI, HSS and CSS there are 87%, 81% and 87% improvement for box 73. 

The improvement of CSI, HSS and CSS continue for boxes 103 and 238. Continued improvement 

of the DLNN models over that of the PCA-based variety and the operational forecasters was noted. 

As mentioned earlier, and depicted in Tables 3.8-3.10, the DLNN classifiers provided greater 

performance than the PCA-based models (with respect to all performance metrics). Another di- 

mension reduction approach was attempted in CT2016, minimum Redundancy, Maximum Rele- 

vance [4], to select a few predictors. This dimension reduction method did not lead to improvement 

in performance as compared to the results presented Tables 3.8-3.10 either. This is true for all pre- 

diction times and all test boxes. These results demonstrate that latent features generated by SDAE 

are more informative and distinguishable than those provided by PCA and another dimension re- 

duction method. These results show that SDAE (by using nonlinear activation functions and greedy 

layer-wise learning) is able to model the complexity and nonlinearity of original predictors in order 

to achieve better performance. While PCA is limited to learning the linear relationship between 

the original predictors and the latent features. 
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CHAPTER IV: FUTURE WORK and CONCLUSION 

 

DLNN models were developed to predict thunderstorms ≤ 15hr in advance within 400 km2 square 

regions in a south Texas domain (United States.) The DLNN models were constructed via features 

originating from NWP model output variables/parameters that influence and preclude convective 

development and from location (latitude/longitude) and Julian day variables in order to train the 

models to predict thunderstorms as a function of location and season. Cloud-to-ground lightning 

served as the thunderstorm proxy and as the target. The particular deep learning technique used 

was SDAE, a type of representation learning, whereby unsupervised learning occurs across a mul- 

titude of hidden layers in order to create a higher order representation of the original features as  a 

pre-training step. The highest order representation of the output served as features used to train 

predictive models via logistic regression. DLNN model performance exceeded substantially that 

of corresponding shallow neural network models developed by [11]. 2016 developed shallow feed- 

forward multilayer perceptron (MLP) models using a second-order learning algorithm, and using 

an iterative process to determine the number of hidden layer neurons that optimize performance. 

We speculate that the superior performance of the DLNN classifiers over the shallow neural 

network classifiers is due to the ability of SDAE to identify the non-linear combination of the 

initial features that optimizes the performance of the subsequent predictive model. The DLNN 

(SDAE/logistic regression) predictive models were also compared with predictive models devel- 

oped using Principal Component Analysis (PCA) as the pre-training step (PCA/logistic regres- 

sion.) The SDAE based models performed superior to that of the PCA based models. The low 

optimal dimensionality of the resulting latent features (three) associated with SDAE allowed for 

visual comparison between the results of the SDAE non-linear dimension reduction and latent 

variables generated by the linear PCA. This comparison illustrates the better clustering of the two 

categories (lightning and non-lightning) by the non-linear method and provides an explanation for 

the superior performance of SDAE over PCA. 
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With respect to the skill-based performance metrics HSS and PSS, the performance of the 

DLNN models in this study generally exceeded substantially the corresponding performance of 

operational forecasters (NDFD in Tables  11 − 13 in [12], and reproduced in Tables  7 − 9 in this 

study.) This superior thunderstorm predictive performance of the DLNN models developed in this 

study demonstrates the predictive power of representation learning (SDAE combined with logis- 

tic regression) and suggests future improvement in operational thunderstorm forecasting (small 

sample size notwithstanding.) Such forecast improvements would benefit society greatly given the 

adverse socio-economic impacts of thunderstorms to specific industries such as aviation [101]; 

[17], and to human life [33], [34], [66]. We plan to conduct an additional assessment of DLNN 

model performance in a future study by comparing to the well-known ensemble approach used in 

operational meteorology, mentioned in the Introduction section. 
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