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Abstract

In this thesis, we present multiple methods for classifying wildland re-related (both wild-
res and prescribed burns) particles on the WSR-88D radar. The word smoke in this work
describes particles of sizes large enough to be sensed using the S-band WSR-88D sys-
tem. The rst method includes a new smoke class for the operational HCA method, the
fuzzy logic classi cation algorithm. The basis of this new class lies in statistical analysis
of key polarimetric variables for areas of smoke. Because of persistent challenges with
implementing a new class with this method, two others were explored as well. A new de-
tection and replacement algorithm was built based off the statistical analysis of areas of
smoke from various wild res and prescribed burns across the country. Areas detected as
smoke are assigned a new value in the original HCA output from the WSR-88D, effectively
creating a new separate class while maintaining the quality of the HCA output from the op-
erational algorithm. The output from this algorithm also provides truth data necessary for
machine learning models. A new dataset containing polarimetric variables, and the old and
new HCA outputs, were used as inputs into tree-based machine learning models. This work
shows the potential of machine learning for classi cation with further development. The
detection and replacement algorithm performed the best out of these methods and shows
promise for further applications with continued development. Through proposed future
work, the detection and replacement algorithm will provide additional situational aware-

ness for wild res and additional hazards related to smoke.

Xvili



Chapter 1

Introduction

1.1 Background and Motivation

In a changing climate, the three ingredients necessary for wild res (fuels, oxygen, and igni-
tion) are expected to be in uenced in a myriad of ways. With regards to the fuels necessary
for re for example, changing precipitation patterns are expected to in uence changes in
vegetation resilience and drought length and severity. This can lead to areas experiencing
prolonged droughts and having increased dry fuel loads available for wild res. Since 1983,
the National Interagency Coordination Center has collected data on the number of wild res
and the acres burned per year [1]. Figure 1.1 shows the number of res and acres burned,
per year. The yearly number of wild res has remained fairly constant since recordkeeping
began by this entity. However, the average acres burned per year has increased in the past
twenty ve years, nearly doubling, from an average of approximately 3 million acres prior

to 2000 to nearly 7 million since [1]. So with approximately the same number of wild res

on average, the average acres burned has increased dramatically. This can be attributed
to factors related to climate change, as well as, but not limited to, changes in population
density, and intense re suppression in the mid 20th century [2], [3], that has lead to build
up of fuel. In addition to wild res on the landscape, numerous agencies use prescribed

res for resource management and to improve the health of our land [4]. For example,



prescribed burning combats the build up of fuels and supports wild re hazard abatement.
Removing dense fuels via manual thinning or prescribed re can alter and reduce the in-
tensity and spatial spread of wild res that may occur in the area, though this is dependent
on the ecosystems and fuels being treated [5], [3]. Thus, a balance of re suppression and
using controlled prescribed burning is imperative for optimal resource management, hazard
reduction, and improved safety for increasing populations living in re-prone areas. The
scope of this work investigates both wild res and prescribed burns; these will be described

together hereafter using the term “wildland res”.

Figure 1.1: Yearly number and acres burned via wild res as reported by the National Inter-
agency Fire Center since 1983.The blue bars are the number of wild res reported and the
orange graph is the total acres burned during the year.

Due to their often remote nature, in-situ observations of smoke and re are dif cult to



collect. Remote sensing systems, like weather radars and satellites, are the most viable
options to monitor res and their evolution continuously. Satellites can monitor smoke
plumes and the returned intensity of heat from res across the country, but are often lim-
ited to being used during the day and in clear conditions. Radars can be operated 24/7
and can provide full volumetric scans every 5 minutes, but scan over a xed area only [6].
This area however, is typically collocated with population centers or are near U.S. National
Weather Service (NWS) of ces nationwide. Currently the NWS operates 159 radars in in
their network of Weather Surveillance Radar 1988 Doppler (WSR-88D, that cover a vast
majority of the central and eastern portions of the country with overlapping coverage [7].
The S-band (10-cm wavelength) frequency systems can observe res at distances exceed-
ing 100 kilometers and are sensitive to larger particles associated with re, which are often
called pyrometeors [8], or biomass, making them preferred candidates for smoke monitor-
ing [8]. Dual-polarization weather radars can aid in detection and classi cation of various
scatterers, as used the currently operational hydrometeor classi cation algorithm (HCA)
for NEXRAD radars [9]. With these radar systems available, understanding the nuances of
re, smoke, and pyrometeor presentation on radar data is also feasible and can be used for
tactical support for re ghting, communications with the public about health and safety
threats, and for potentially anticipating and tracking changes in re behavior.

Currently, an HCA is used operationally to determine what hydrometeor type is most
likely to be present in each resolution volume, as in [9]. A resolution volume is the smallest
volume space that can be resolved given the characteristics of the pulse(s) used, like pulse
length, receiver lter, and the beamwidth of the radar. All of the scatterers in this volume
in uence the nal value for polarimetric variables. The operational HCA uses fuzzy logic
membership functions and weights to determine a possible class for the scatterers present
based on values of polarimetric radar variables and textures of certain elds such as re-

ectivity and differential phase [9], to be explained further in Chapter 2. Smoke returns



produce distinctive values that are separate from meteorological scatterers such as low cor-
relation coef cient and differential re ectivity typically larger than O dB. However, elds

like re ectivity and local textures of differential phase and re ectivity may have similar
values and will result in overlapping membership functions. This is especially true for bi-
ological scatterers and ground clutter. It would thus be bene cial for a separate class to be
used for classi cation of smoke to mitigate misclassi cations between the typical classi -
cation of biological scatterers and an active re and smoke plume class, which are neither
meteorological nor biological. There are numerous studies that investigate the separation of
non-meteorological versus meteorological scatterers using fuzzy logic as well as machine
learning (ML) models [10], [11], [12]. A similar misclassi cation issue was observed due

to the overlap of membership functions for certain classes of liquid and frozen hydromete-
ors [9]. The original algorithm was improved upon by accounting for the melting layer in
the resolution volume, so that the liquid and frozen hydrometeor classes could be divided
(liquid below melting layer and frozen above) [9].

Changes in population density and urban expansion also impact the need for improved
smoke and pyrometeor detection via the current operational system. Urban expansion and
the movement of populations to suburban areas means that people are more frequently
living in areas that have been previously undeveloped. The wildlife-urban interface (WUI)
is de ned by the U.S. Fire Administration as a zone of transition between unoccupied land
and human development [13]. Communities in these areas are often at a higher risk of more
severe wild re hazards as this is the intersection of undeveloped land with fuels for res and
human development and the associated structures. Because of this intersection, the threat
to life and property is inherently elevated if proper management of surrounding fuels does
not occur. Studies on WUIs and wild res have shown that WUI res will likely increase
in the future, and societal impacts will be larger [14], [15]. In addition to the immediate

hazards from wild res, smoke and ash particulates that are small, can be hazardous to



health. Air quality monitoring and public health agencies have also shown that levels of
smoke and associated particulates such agdf8vid carbon monoxide are detrimental to
health especially in vulnerable groups [16—18]. The air pollutants associated with wild res
have been shown to have short term physical effects as well as potential long-term physical
and mental health effects, although the studies and data for this are sparse [19]. Thus,
early detection for the sake of public health and also to aid in timely re suppression is of
increasing importance. NEXRAD radars are typically positioned close to populated areas
and can provide advanced warnings for smoke and re for those living nearby or within the
radar's coverage area.

Arti cial intelligence and machine learning are currently being applied to similar clas-
si cation problems within the eld of radar meteorology. For example, a similar challenge
is present for separating birds and bugs from other biological scatterers (BS). This was ad-
dressed by using aridge classi er and decision tree classi ers in [20], to separate birds from
insects amongst the other biological scatterer elds as set in the current WSR-88D HCA.
They found that the ridge classi er performed best and used just polarimetric variables for
cases with different bird and insect patterns [20]. In aeroecology, radars have become in-
creasingly useful in bird studies, for example. Further discrimination between birds and
other biological scatterers is thus advantageous for numerous science elds. In [21], a ran-
dom forest model was developed to predict areas of speci ¢ bird and bat species, based
on polarimetric returns. They found the greatest distinction between meteorological and
biological scatterers. Within the biological scatterers, further distinction could be found
between arthropods and vertebrates. They noted that further work would be necessary,
especially as scattering properties of ying animals are lesser known that that of hydrom-
eteors. The same is true of ash and pyrometeors associated with wildland res. Machine
learning and convolutional neural networks have been applied to the task of dealiasing

Doppler velocities, which was a task previously performed manually or via an algorithm



[22]. Previous works have shown that machine learning is a useful tool for classi cation
problems that occur within the eld of radar meteorology, and this work builds on that by
expanding the use of different ML models. Other misclassi cation issues are still present
with regards to clutter, chaff, and other non-meteorological scatterers, and are being ad-
dressed via algorithms and other ML models [23], [11], [10]. Evaluating if ML can or
cannot tackle smoke classi cation will help provide a new solution to an existing problem
for other biological scatterers or ground clutter/anomalous propagation (GC/AP) scatterers.
If ML modeling is successful for the smoke case, accurate identi cation on radar can help
with resource allocation for re suppression, better messaging to the public about impacts
for smoke, and the data could eventually be used as truth or label data for smoke modeling

data assimilation in the future.

1.2 Scope of the Thesis and Outline

The main contributions of this work are providing context and exploring methods for de-
tecting and classifying wildland re smoke and pyrometeors using the current operational
NEXRAD system. The scope includes statistical analysis of smoke plumes which provides
some characterization of scatterers using dual-polarization variables, in addition to three
methods of classifying smoke. First, new smoke membership functions were created for
an added smoke class to the legacy fuzzy logic classi cation method; second, empirically
derived range values are used as a base for a detection algorithm, which is applied to the
original legacy HCA product; and three, classi cation is done via various machine learn-
ing models that are suited for binary classi cation tasks. Additionally, different testing
methods will be used to determine the accuracy of the various methods for comparisons.
This thesis is organized as follows. Chapter 2 explores the current fuzzy logic classi-

cation method and implementation on the WSR-88D system. This section highlights the



main motivating challenge of the biological scatterers class and how we can create a new
smoke class for the current operational system. This chapter will also set the foundation
for the different machine learning models explored for this thesis, breaking down how the
training, testing, and mathematics apply to the new dataset created for this work. Chapter 3
presents the statistical analysis necessary for the fuzzy logic classi er and the results from
testing several cases. After this, the implementation of the new membership function will
be presented with results. The poor results of this method were the basis for the next model
to be presented in this chapter. The detection and replacement algorithm will be explained
with examples from a selected wild re case, and nally the chosen method, receiver operat-
ing characteristic (ROC) curves for testing the accuracy of the detection will be explained.
Chapter 4 discusses the machine learning component of this thesis, starting with the cre-
ation of a new dataset for the purpose of smoke classi cation. The training, testing, and
hyperparameter selection for each model will be discussed next, and metrics for the best
options for machine learning models will be presented. Chapter 5 is a synthesis of all of
the methods for selected cases from across the country. A general overview of the re will
be provided with geographical and meteorological context, if necessary. The detection and
replacement algorithm and the machine learning models will be the focus of discussion for
this chapter. Finally, Chapter 6 will summarize the ndings and contributions of this work.
Suggestions for further work and applications will also be provided, as well as the nal

outcome for which method performed the best out of the options presented.



Chapter 2

Review of Fuzzy Logic Classi cation and Machine Learning

Classi cation Models

2.1 Current Fuzzy Logic Classi cation Methodology

In the operational WSR-88D network, the classi cation of radar returns is determined using
a fuzzy logic classi cation algorithm. This method is used across numerous different sci-
enti ¢ elds to determine a nal outcome based on fuzzy boundaries for different variable
attributes. Fuzzy logic classi cation has three main steps, which are fuzzi cation, aggre-
gation, and defuzzi cation. They are discussed below for applications to weather radar.
Operationally, there are 14 classes in the hybrid hydrometeor classi cation algorithm, and
10 in the original HCA [9]. The classes from [9] are: 1) ground clutter and anomalous
propagation (GC/AP); 2) biological scatterers (BS); 3) dry aggregated snow (DS); 4) wet
snow (WS); 5) crystals of various orientations (CR); 6) graupel (GR); 7) “big drops” (BD);
8) light and moderate rain (RA); 9) heavy rain (HR); and 10) a mixture of rain and hail
(RH). This method is discussed in later sections to highlight the process of fuzzy logic
classi cation. However, the data used in this work is produced by the hybrid hydrometeor
classi cation algorithm, which also uses the Hail Size Discrimination algorithm [24] to
improve the hail and rain classes further, bringing the total number of classes up to 14. For

this study, ve radar variables are used as inputs for discrimination between the 14 classes.



These include 1) radar re ectivity fact@ from the horizontal polarization, 2) differential
re ectivity Zpg, 3) correlation coef cient of the horizontal and vertical polarization returns
h, 4) a texture parameter of tie eld, SD(Z), and 5) a texture parameter of the differ-
ential phase, pp, eld SD( pp). The texture parameters are calculated as described in [9]
and [25], speci cally using the texture along ray function in the Python Py-ART module
[26]. A 1-km running average window was used for Ep@nd a 2-km window was used
for SD( pp). In [25] and [9] it is explained that the variable, LKdp, or a logarithmic scale
version of the variabl& pp, speci c differential phase, is also use# pp is a difference
between propagation constants for horizontally and vertically polarized waves [27], and
can be directly calculated by using differential phase measurements at two different range
locations. However, [25] notes that LKdp does not have a diagnostic value for biological
scatterers, based on the weights in the BS class, and is neglected for this study.

The rst step of the fuzzy logic classi cation process is fuzzi cation. During this step,
membership functions for each class for various dual-polarization variables are used. Mem-
bership functions are found by applying typical range values for the different polarimetric
variables for each radar echo class. Fuzzy logic classi cation is applied at each resolution
volume, and thus precise values for the polarimetric variables of interest are used in the
membership functions. The main purpose is to place the precise values into fuzzy subsets
for the different class membership functions. Membership functions have a trapezoidal
shape with a maximum value of 1 and a minimum of 0, with four parameters that are
noted as«;, X, X3, andx, as shown in Figure 2.1. Park et. al [9] explains that the trape-
zoidal membership function approximates the shapes of the probability density functions
well enough for both symmetric and asymmetric distributions. Thus, they are used for this
work as well, with distributions fory,, and/orZpr being typically asymmetric for smoke as
well. Table 2.1 shows the parameter values for the classes and polarimetric variables of in-

terest for this work before smoke was investigated, speci cally for the hybrid hydrometeor



classi cation used in the NEXRAD network (for S-band).

Figure 2.1: Example of a trapezoidal membership function for some polarimetric variable.

For Zpr, some of the classes also include a dependence on re ectivity to improve the
accuracy. The dependency was chosen for a nonrectangular areadgraspace where

pairs of values correspond to a particular rain class [9]. These functions are:

fi(Z)= 050+2:50 103z +7:50 10 %z (2.1)
f,(Z)=0:68 481 10°2Z+2:92 10322 (2.2)
f3(Z)=1:42+6:67 102Z +4:85 10 %z2 (2.3)

The second step of the fuzzy logic classi cation methodology is the aggregation of the
values obtained after applying the membership functions. This can be accomplished by
using simple to complex cost functions that perform summation, multiplication, or some
combination of both. The current operational HCA uses an additive aggregation scheme,
as [9] notes that hybrid schemes are vulnerable to biases in re ectivity caused by miscal-

culation and/or attenuation. As described in [25], the simplest aggregation scheme might

10



GCIAP BS DS WS CR GR BD RA HR RH
P[Z(dBZ)]

x1 15 5 5 25 0 25 20 5 40 45

x, 20 10 10 30 5 35 25 10 45 50

x3 70 20 35 40 20 50 45 45 55 75

x, 80 30 40 50 25 55 50 50 60 80

P[Zpr (dB)]
X1 -4 0 -0.3 0.5 0.1 -0.3 f,-0.3 f;-0.3 f;-0.3 -0.3
Xo -2 2 0 1.0 0.4 0 f2 fl fl 0

X3 1 10 0.3 2.0 3.0 fl f3 f2 fz fl
X4 2 12 0.6 3.0 3.3 f;+0.3 f3+1.0 f,+0.5 f,+0.5 f,+0.5

P( hv)
X1 0.5 03 095 0.88 095 0.90 0.92 0.95 0.92 0.85
X2 0.6 05 098 092 098 0.97 0.95 0.97 0.95 0.90
X3 0.9 08 1.0 09 10 1.0 1.0 1.0 1.0 1.0
X4 095 083 101 098 101 1.01 1.01 1.01 1.01 1.01

P[SD(Z)(dB)]
Xg 2 1 0 0 0 0 0 0 0 0
X, 4 2 05 05 05 05 05 05 05 05
x3 10 4 3 3 3 3 3 3 3 3
xg 15 7 6 6 6 6 6 6 6 6
P[SD( op)(ded]
x; 30 8 0 0 O 0 0 0 0 0
X 40 10 1 1 1 1 1 1 1 1

X3 50 40 15 15 15 15 15 15 15 15
X4 60 60 30 30 30 30 30 30 30 30

Table 2.1: Parameters of the membership function for the hydrometeor classi cation algo-
rithm as outline in Park et. al (2009). The functidns f3 are de ned in Equation 2.1,
2.2,and 2.3.

look something like Equation 2.4 for the i-th class, whefeV, is the characterizing dis-

tributions ofV, dual-polarization variables, that is,

X .
A= POV (2.4)
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However, the addition of weights and a con dence vector or index can help to
strengthen the classi cation based on the membership functions. A matrix of weights is
used to represent the discriminating ef ciency of each variable with respect to a particu-
lar class [9]. For example, the low correlation coef cient values will likely increase the
potential for a correct classi cation of biological scatter (BS) or ground clutter/anomalous
propagation (GC/AP), when compared to another hydrometeor class. A vector or matrix of
weights can be used, with values ranging from 0 to 1. A 2-D matrix is used operationally,
as the weights used depended on both the polarimetric variable and the class. An example

of the weights used are included in Table 2.2.

Class | Z ZpbRr HV SD(Z) SD( Dp)
GC/AP| 0.2 04 1.0 0.6 0.8
BS 04 06 10 0.8 0.8
DS 1.0 0.8 0.6 0.2 0.2
WS |06 08 1.0 0.2 0.2
CR 1.0 06 04 0.2 0.2
GR 0.8 10 04 0.2 0.2
BD 08 10 0.6 0.2 0.2
RA 1.0 08 0.6 0.2 0.2
HR 1.0 08 0.6 0.2 0.2
RH 1.0 08 0.6 0.2 0.2

Table 2.2: Weights used in the current hydrometeor classi cation algorithm as in [9].

The con dence vector or index helps to improve the relationship that occurs between
the quality of radar echo classi cation and the measurements from the radars themselves.
There are six main factors that are included in this step that are related to the quality of
the measured radar variables. They include (1) radar miscalibration, (2) attenuation, (3)
nonuniform beam lling, (4) partial beam blockage, (5) the magnitudeypfand (6) the
receiver noise [9]. Park et al [9] explains in depth the necessary variables and methods
needed to include the con dence vector in the aggregation step. The con dence vector is

used to reduce the weight if an area falls within a compromised area of the returns. The
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con dence vector is:

Q=(Qz;Qzp::Q v Qsp(z): Qsd( 1 ))s (2.5)

and each variable quality component is de ned as the multiplication of all the factors from

the different measurement errors. That is,

Qj = I:attenuation I:ncl‘ I:rhv anr prb: (26)

So, with the addition of the weight matrix and the con dence vector, the nal equation

that is used in the aggregation step is:

P .
W QP (V).
ijWij .

The nal step is defuzzi cation, where all aggregation valuég from above) are

Ai = (27)

ranked and the maximum value from the cost function for each class is selected as the
most likely classi cation.

Itis important to note the current limitations for classi cation of smoke using the WSR-
88D system. Figure 2.2 shows an example of a wild re in the hybrid hydrometeor classi-
cation eld from the KSOX radar on January 7th, 2025. The current class for the smoke
related to the wild re (indicated in the red circle) is BS. This class includes a plethora of
other scatterers like birds, bats, insects, chaff, and sea clutter. So in large BS classi ed
areas, it is dif cult to highlight the areas of smoke in comparison to other returns and pro-
vide information to the public about the areal coverage of smoke. Improvements to the BS
classi cation and the detection of chaff, for example, have been explored using a variety
of techniques as in [11], [10]. The importance of having a smoke class drives the need for

improving the current classi cation algorithm and developing new techniques.
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Figure 2.2: An example of the current output of the hybrid hydrometeor classi cation
algorithm for the Palisades re from the KSOX radar on 01/07/2025 at 22:39:36 UTC. The
red circle indicates where there is a known wild re and smoke plume.

Fuzzy logic has been the main choice of classi cation using dual-polarization data be-
cause it works well in domains where there is overlap between polarimetric variables, the
relative ease of implementation, and easy addition of con dence vectors [25]. There has
been much work in improving the current HCA and the implementation in the national
network. However, there have been other methods proposed that revolve around machine
learning and arti cial intelligence. These models require labeled inputs, which are the
veri cation or truth of the class at each resolution volume. Datasets used in machine learn-
ing models need to be quite large and they require intensive human inputs for the numer-

ous classes necessary for classi cation of hydrometeors and other scatterers with weather
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radars. This has limited the usage of machine learning in the past, in addition to more
limited statistical information for all of the scatterers of interest. However, the introduction
of smoke classi cation provides a new veri cation dataset, given that the statistics-based

algorithm(s) perform with reasonable accuracy.

2.2 Machine Learning Classi cation Models

For this work, we are testing the viability of implementing machine learning for the clas-

si cation of smoke using the most explainable methods rooted in previous literature. Hu-
man understandability varies as a function of model complexity (Figure 2.3), where more
complex models typically have lower human understandability and need more post-hoc
explainability methods. Based on Figure 2.3, choosing classi cation models like random
forest and those that are less complex means that we can use the current post-hoc methods
to increase human explainability for model output. The three main models for exploration

in this work are support vector machine (SVM) via the SGDClassi er model (stochastic
gradient descent classi er), decision trees of varying depth, and random forest. Thus, we
investigate a wide variety of model complexity, while still falling in the preferred range of

explainability.
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Figure 2.3: Chart for showing the intersections of explainability and model complexity for
common machine learning models. Those with high human understanding and lower model
complexity are bene cial for con rming the model is learning correct physical relationships
(from Flora et. al 2024 [28]).

2.2.1 SGDClassi er and Decision Trees
SGDClassi er

To start off testing different machine learning models for this classi cation beyond the ex-
plainability/model complexity, methods used in Jatau et. al [20] were explored as a base
and to provide comparisons to if necessary. In their article, they explored classi cation of
birds and insects, which also fall under the BS classi cation umbrella. Their input features
were normalized dual-polarization variables and their textures, in addition to a sector and
range interval analysis. Similar variables were tested for this study, and were used as the

features. Their classi cation methods included the SGDClassi er and DecisionTreeClas-
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si er from scikit-learn [29]. The rst method tested was the SGDClassi er class, which is
an estimator that uses stochastic gradient descent (SGD) and regularized linear models set
by the user. For this speci c case, the hinge loss function was selected. The hinge loss is

used typically for binary classi cation, and is represented by:

L(f(x);y) = max(0;1 vy ¥); (2.8)

wherelL is the loss function, thé (x) is the predicted value} is the predicted score or
output from the model, ang is the actual label (either -1 or 1). The hinge loss optimizes
the distance or margin from data and a decision boundary. The maximum in the function
helps to ensure and keep the largest margin between data points and the boundary while
penalizing misclassi cations. Incorrect classi cations are when the predictions are on the
wrong side of the decision boundary, where -1 is classed as 1 or vice versa. It also penalizes

correct classi cations that are close to the decision boundary (Figure 2.4).

Figure 2.4: An example hinge loss case that uses pluses and minuses to indicate samples
with regards to the decision boundary (orange line). Samples that would be missclassi ed
are noted in red.
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Additionally, the SGDClassi er uses a regularization term or a penalty, to help with
over tting. A regularization term helps generalize and reduce the complexity of the model.
The default and recommended regularization term for SGDClassi er is the L2 regulariza-
tion:

X

1 xn
Loss = - (yi W2+ w?; (2.9)
1 1

wherey; is the actual target valug, is the predicted target valul, is the number of data
points,m is the number of features,is the regularization parameter for the strength of the
regularization, ang; are the coef cients of the features.

The L2 or ridge classi er applies a penalty of the squared magnitude of the weights
and is recommended for linear SVMs. The L1 and elastic net regularization terms are also
options for this sklearn class. Both were tested and had little difference on the accuracy of
the model, so the L2 default was kept. SGDClassi er uses the stochastic gradient descent
optimizer. IT has updates for the different model parameters iteratively using each training
sample for a gradient descent. In comparison, the regular gradient descent uses all of
the samples to compute the gradient and update the model parameters. The training data
is shuf ed after each epoch which is suggested in the documentation for SGDClassi er.
SGDClassi er has an early stopping and adaptive learning rate option as well, to help

improve over tting and the speed at which the global minimum is found.

Decision Trees

A second method tested in Jatau et. al [20] was decision trees. Decision trees use recursive
partitioning of data based on values of the selected attributes, and split and group data
together based on an internal decision, which creates branches. If the value of a specic

featurej is below a threshold then, the left branch of the tree is followed, otherwise it
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follows the right [30]. Further splits can occur until a stopping criteria is met, and at the
end we reach the leaf nodes or the decisions for classi cation. The splitting criteria, or
how “good” the split for a nodes is, decides how splitting is completed. The Gini impurity
was used for decision trees in this work, which will be explained further in Chapter 4. The
equation for the Gini impurity is given by:

x x

le=  p@ p)=1 oF (2.10)
1 1

wherep; is the proportion of samples that belong to a cl&dor a speci ¢ node.

This index goes from 0 to 0.5 with 0.5 being the mostimpure, and is the likelihood that a
randomly selected sample would be misclassi ed by that node. A node is where a splitting
decision is made, and can be a root, decision or parent, or leaf node. The root node is the
base of the tree, with the decision nodes branching off of that. Leaf nodes are the nal,
terminal nodes in the tree, where the predictions occur. The nal class prediction at the
leaf nodes are based on the majority class of the training data that is split to that particular
leaf, via the previous decision splits. The more decision nodes there are, the deeper the
tree becomes. Decision trees are prone to over tting and with too much depth, can learn
relationships that are speci c to the training data. This means that the model will not be
generalized to be used on the testing or validation datasets. There are numerous methods
for tackling over tting which include pruning, limiting tree depth, feature engineering,

setting minimum number of samples in each leaf node, and cross validation.

2.2.2 Random Forest

Decision trees are considered to be weak learners, and are inherently simple and prone to
over tting. Trying complicated and computationally expensive methods like deep neural

networks could yield better results, given a suf cient amount of labeled data. However, en-
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semble methods are a good way to tackle the weak learner aspect of decision trees. Whereas
the decision tree uses one single tree to describe the patterns and relationships in the train-
ing data, the random forest uses numerous low-accuracy trees that are shallow, which are
then combined. Random forests use bagging to create subset copies of the training data,
using random selections to create different, unique datasets for trees to be trained on. It can
help to reduce the variance, and make the shallower trees less correlated and more general-
ized overall. Sklearns's RandomForestClassi er was used for this project, which builds on
the DecisionTreeClassi er mentioned above, but for a speci c number of trees. Bootstrap-
ping aggregation (another name for bagging and a hyperparameter that can be speci ed) is
used to construct a number of subsets of training data as discussed above. A decision tree
model is then created based on each of unique datasets. When a random forest is given a
classi cation prediction task, each decision tree is used to make a nal class decision, as
discussed in Section 2.2.1. The nal results from all of the decision trees are combined via
averaging or majority voting to have a nal value or prediction. To help with hyperparamter
selection, GridSearchCV was used to nd the the number of trees, the minimum samples
for a leaf, the minimum samples for a split, and the criterion to determine the quality of the

split. This is explored further in Chapter 4.

20



Chapter 3

Detection and Classi cation of Plumes

3.1 Statistical Analysis of Smoke Plumes

3.1.1 Data

The data for this work comes from the WSR-88D data archive, accessed via the National
Centers for Environmental Information. Initial cases selected come from the literature that
discusses the re of interest in depth, ensuring that the signatures analyzed come from a
con rmed wild re. Figure 3.1 shows the radars used for the cases studied in this work with
red stars indicating wild res and green stars indicating what is likely a prescribed burn. It
should be noted that there are radars like the operational KTLX WSR-88D in Oklahoma
City, where multiple re cases from different years were obtained. During the 2024 and
2025 spring burn windows, a few res were also noted via satellite imagery and were
cross-referenced to the nearest WSR-88D radar. Additionally, wild res were brought to
the attention of the author by colleagues and peers and were added to the list if suf ciently
close to a WSR-88D (indicated with red stars). Having both wild res and prescribed burns
ensures that a wide variety of topography, fuels, and seasons are used to provide the most
general statistical overview of smoke plumes. A robust set of unique res will give better

results for new cases that are added to the list in the future.
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