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ABSTRACT

This research proposes using sparse coding as a preprocessing technique on insect lidar
based data. This preprocessing technique will be used in conjunction with the Adaptive
Boosting (AdaBoost), Random UnderSampling Boosting (RUSBoost), and neural network
algorithms to automatically detect insects. The project aims to increase the effectiveness
of these algorithms by using new images created by sparse coding. The K-Singular Value
Decomposition (KSVD) algorithm will be used to train a dictionary on images that contain
the majority class (non-insects). This trained dictionary will be used along with Orthogonal
Matching Pursuit (OMP) to reconstruct all lidar images. The difference between the original
image and the reconstructed image will be taken and processed by the feature extraction
function and then used to train and test the models. Using a complete and an overcomplete
dictionary our results show that the algorithms are able to detect insects at a higher rate.
Using an overcomplete dictionary we are able to classify 93.18% of insect containing images
in the testing dataset. Using the complete dictionary we were able to maintain 99.70% of
non-insect images while increasing the percentage of insects classified to 84.09%.
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INTRODUCTION

A healthy insect population is vital to the well-being of an ecosystem. Insects play

many roles in an ecosystem, from being pollinators and detritivores, to being important

food sources in the food chain [22]. With our ever-changing climate and, it is entomologists’

goal to reliably predict the health and possible changes of an ecosystem by looking at data

based on insect populations [21]. With the changing biodiversity of ecosystems [14, 35] it

is becoming ever more important for entomologists to gather spatial distributions of insects

in addition to sampling the populations [18]. The more efficiently entomologists can obtain

this data, the faster they can identify issues in an environment and implement conservation

techniques. Previous methods used to obtain data on insect populations include various traps

and nets [3, 42, 28]. These techniques are invasive to the insect population and environment

and time consuming when trying to spatially sample a population [18]. Certain techniques,

such as pitfall traps, are likely to only catch nonflying insects and not entirely capture

the local insect population. Lidar is a technique currently being utilized to observe flying

insect populations non-invasively and spatially [20]. Wingbeat modulation pulsed lidar is

one unique method for insect monitoring [31, 26, 30].

The goal of this work is to aid entomologists in effectively utilizing their time in the field

and in the lab by automating the detection of insects in lidar images. This will eliminate

the hours of time needed to sort through each individual lidar image and allow researchers

to manage resources efficiently.

The data used in this project was collected from the Hyalite Creek area near Bozeman,

Montana [38]. The pulsed lidar data was taken over a period of 4 evenings in September

2020. The visualization of this dataset and the previous train/test split is seen in Figure 1.1.
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Figure 1.1: Dataset used in this work

This data was captured in a field environment to effectively train algorithms in

insect classification. This research proposes the use of the sparse coding algorithm as a

preprocessing technique to improve upon previous models. The sparse coding algorithm,

K-Singular Value Decomposition (KSVD), will take a portion of the training data to train

a dictionary. The atoms of this dictionary will be the learned features, or basis functions

from the dataset. These features will be used in conjunction with a sparse vector, that has

been limited to a certain number of non-zero entries, to generate a reconstructed version of

the current image or signal. The sparse vector is optimized using the Orthogonal Matching

Pursuit (OMP) algorithm [36, 4] to find the best atoms that can approximate the original

signal. The difference between the original signal and the reconstructed signal is taken and

fed into a feature extraction algorithm. The difference between the two images is taken

to produce an image where the insect is more distinguishable. This image will follow the

previously defined pipeline in the work of Vannoy et al. [40]. This pipeline will be feature

in Figure 1.2.

KSVD is a tool used to implement sparse coding that is able to simultaneously train
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Figure 1.2: The previously defined pipeline from Vannoy et al.

a dictionary and optimize the sparse coefficients. KSVD allows for the optimization of the

sparse representation of the input data, which will eliminate the insect and noise from the

image. The difference image will have the feature extraction algorithm run on it to draw out

important frequency and time features. The extracted features and the generated difference

signal will then be used to train and test the previous models.

In summary, this thesis aims to improve upon past techniques by including a

preprocessing stage to the previously defined pipeline. This preprocessing stage utilizes the

sparse coding algorithm, KSVD, that will train three dictionaries capable of reconstructing

the data set. This will result in improvements in insect detection and classification, and aid

entomologists by automatically removing images that do not contain insects.
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BACKGROUND

Insect LiDAR

Light Detection and Ranging (LiDAR) is a technique used for remote sensing [7]. Lidar

is an approach that is comparable to radar, however instead of using radio waves to detect

objects and estimate their range [9], laser light is used. Lidar is commonly used to capture

three certain types of information. This information is spatial, spectral, and temporal [23].

Lidar instruments are commonly classified by these three types of information. However,

every lidar instrument is capable of collecting spatial data as this is the foundational purpose

of the device. Lidar works by taking time of flight measurements to obtain the spatial and

temporal information. The lidar system that was used to collect data for this project is

shown in Figure 2.1, this photo is provided courtesy of Trevor Vannoy. The photo seen

in Figure 2.2 highlights the lidar system being used in the testing environment at Hyalite

Creek, this photo is provided courtesy of Riley Logan.
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Figure 2.1: Photographs of the lidar system used to collect the training and testing data.
This photo is courtesy of Trevor Vannoy
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Figure 2.2: Photographs of the lidar system at the data collection site. This photo is
courtesy of Riley Logan
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In lidar measurements spatial information can be collected using three styles of systems

[23]. These lidar systems include the ability to find objects in one-dimensional systems,

two-dimensional systems, and three-dimensional systems. The 2D and 3D systems are

typically used in conjunction with optical deflecting systems [23]. These systems are able

to create point clouds that are able to be used in a variety of applications from computer

vision to surface reconstruction [41]. In these application spatial information is critical for

reconstructing the environment. 3D mapping and topology is an active area of research in

the remote sensing community and is being used for building detection and modeling [41].

In forestry, lidar is being used to measure canopy heights, reconstruct canopy topology, and

above ground biomass. Lidar systems typically use the multiple returns from light pulses to

estimate various structures of individual trees [2].

Spectral information in lidar systems is typically measured by measuring the laser return

intensity (LRI) [23]. The reflectance of a material type is unique and can be used to identify

a specific material type. Since LRI is unique and can be used to differentiate materials,

researchers have been using it in a variety of ways. One such remote sensing application

is being used by the USDA Forest Service [15]. The forest service is using the LRI to help

distinguish and differentiate tree species in a forest. Their findings were promising and the

results of the research aim to help manage and monitor our natural resources. Some of these

applications involve wildfire risk assessment and wildlife habitat assessment.

Temporal information in lidar systems is gathered using the repeated lidar strategy.

This technique is done by collecting data in a repeated fashion over a set amount of time.

This can be used detect changes in an environment over that set amount of time. This data

can be used to infer above ground biomass changes in forests [24]. Repeated lidar can also be

used to track the changes in a forest due to erosion [25]. By using repeated lidar researchers

were able to identify the dominant drivers of erosion after a wildfire has swept through an

area. Using temporal information in lidar systems has allowed many researchers to view
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changes of an environment, and highlights its effectiveness at modeling wide spans of area

remotely.

Lidar is capable of capturing many meaningful aspects of an environment or object. By

sending out laser light pulses systems are able to capture the spatial, spectral, and temporal

pieces of information. Systems can measure how long light takes to return, the return

intensity of that light, and the same environment multiple times. Using these key aspects of

lidar, it can be applied to the detection and monitoring of insects and their populations. One

method for monitoring insects with pulsed lidar is the utilization of wingbeat modulation.

This technique utilizes the laser return intensity to obtain critical spectral information. As

an insect flies through the pulsed lidar beam its wings introduce a modulated signal. This

modulated signal is created by the changing the amount of light that is reflected back to the

system. This modulated signal captures the insects and the frequency at which it beats its

wings. This signal is time-limited as the insect does not tend to stay in the lidar pulse for an

extended period of time. This data was taken over four evenings from the Hyalite Creek area

near Bozeman, Montana and consists of 10,079 images. Each image contains 1024 pulses and

178 range bins, these are, respectively, the columns and rows in an image [38, 40]. Each row

has a range resolution of 0.75 meters and each full column represents 200ms in time. This

200ms is comprised of 1024 individual light pulses that took approximately .195 milliseconds

per pulse. An example of this image can be seen in Figure 2.3, this figure and caption were

provided courtesy of Vannoy et al. [37].
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Figure 2.3: Example lidar image showing an insect and a “hard” target. (a) Range vs.
time shown as a grayscale image. An insect, which is characterized by oscillations in
intensity, is highlighted by the manually placed solid blue rectangle; a “hard” target, which
could be a tree or shrub, is shown in the manually placed dashed green rectangle. (b)
Comparison of the time–domain waveforms for the insect and the “hard” target; although
the stationary object’s response oscillates, the insect’s waveform is easily distinguished by
pronounced oscillations over a finite time frame, indicating that the insect flew through the
lidar beam [37].

During the process of collecting data there are relatively few images that contain insects.

Due to this, the dataset contains a large class imbalance. This poses an issue for the

algorithms to correctly classify the desired class. To help solve this issue machine learning
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algorithms need to be regularized, such that one class is not predicted in every instance.

Previous work aimed to solve this problem by including a feature extraction technique

before training [40]. By extracting time and frequency domain features the algorithms can

classify insects with higher precision. The previous models included a neural network [27],

Adaptive Boosting algorithm (AdaBoost) [10, 11], Support Vector Machines (SVM) [6], and

the Random UnderSampling and Boosting algorithm (RUSBoost) [29]. The majority of

each individual lidar image contains either a hard target or noise. These portions of the data

typically do not have interesting frequency domain features. The desired class (insects), do

contain interesting time and frequency features as their wings introduce harmonic frequencies

into the data. This interesting phenomenon allows the algorithms to learn the proper

parameters capable of classifying the data.

The neural network algorithm [27] used in this project is a single layer neural network.

This single layer is referred to as the hidden layer and can contain a variable number of

nodes. Each of the individual nodes in the hidden layer are connected to each of the features

in the input layer. These features are the from the observed data point and are used to

find the optimal parameters for each node. Each node is connected to the output layer and

gives the output layer a value. The output layer takes every value from the hidden layer

to make a final classification on the observed data point. Nodes in the hidden layer use a

nonlinear activation function to transform the data before the weights and biases are learned

for each node. Each node takes the input features, transforms them non-linearly, makes a

decision, and outputs a value. This outputted value is then used by the output layer using

the softmax function to classify the current data point.

The AdaBoost algorithm [10] contains an ensemble of weak classifiers. Each weak linear

classifier learns its own parameters in the feature space. After training each classifier, the

congregate decision is made to make a string classifier. This algorithm depends on each weak

learners performance. As long as the weak learners perform better than random guessing a
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final strong classifier can emerge. The weak learners that are weighted the highest in the

final decision are the learners that either get everything correct, or everything incorrect. The

learners that are weighted the least are the weak classifiers that make a 50/50 decision. This

method uses the congregate decision from an ensemble of weak learners for classification.

A Support Vector Machine [6] is a supervised linear classifier that aims to maximize

the space between two classes with a dividing hyperplane. This hyperplane is placed in

the margin, the place where the greatest separation between the two classes is calculated.

This hyperplane can be tuned with a cost coefficient that helps determine how much each

misclassification is weighted. This algorithm is a tunable linear classifier that aims to find the

optimal separation between classes for classification. New examples are classified depending

on where they fall in the feature space. There are two cases of the SVM that are typically

used, the hard-margin SVM and the softy-margin SVM. The hard-margin variant is typically

used with linearly separable data. This data can first be non-linearly transformed using a

kernel, once its transformed the SVM linear classifier is then applied in this space. The soft-

margin SVM is used for non-linearly separable data and involves the use of the hinge-loss

function and the cost weight.

RUSBoost [29] follows the same general intuition as AdaBoost. It requires an ensemble

of weak learners being used in conjunction to make a final decision. However, instead of using

the entire dataset in each iteration to update the parameters of each learner, a smaller subset

is used. In each training iteration random examples from the majority class in the dataset

are removed to create a more balanced training environment for the weak learners. This may

also be done in conjunction with oversampling, where extra examples of the minority class

are added. Undersampling and oversampling are done until the desired class distribution is

reached. Once this class distribution is reached the weak learners then make their decision

and updated their weights and biases for every misclassified data point. This is done every

iteration and will result in a strong classifier that may be better at identifying the classes in
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a dataset.

A goal of this work was to merge a signal processing technique and apply it with

machine learning pipeline previously used on insect lidar data. The chosen signal processing

algorithm for the project was sparse coding. This algorithm learns and optimizes basis

functions/features from the data and uses them to reconstruct the original data. In this

process the original data is denoised, this is the preprocessing step for the work. This

technique, combined with time and frequency feature extraction, processes the lidar images

for the machine learning classifiers. A visual representation of sparse coding is represented

in Figure 2.4 [5].

Figure 2.4: Visual representation of sparse coding. The feature matrix (left) is factored
into the product of a dictionary matrix (center) and a sparse coefficient matrix (right) [5].
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To the researcher’s knowledge, sparse coding has not been used as a preprocessing

technique for lidar data with the goal of classification. Sparse coding has been used with

lidar for data restoration [19, 16] and denoising [13, 12]. Sparse coding is typically used for

these applications in a wide variety of areas. Sparse coding is a common tool used to denoise

data and fill gaps in data, in this work sparse coding is used for image denoising. These

denoised images played a critical role in the results of the project.

Sparse Coding

Sparse Coding is a regularization technique that aims to represent signals as a linear

combination of vectors. The goal of the technique is to find the hidden or underlying signal.

The algorithm optimizes this representation under the constraint of only allowing a few

nonzero coefficients. This new representation is known as the sparse representation of the

input signal. These nonzero coefficients methodically select important features from a learned

dictionary to reconstruct the original signal. There are three types of dictionaries that can

be used with sparse coding. The sizes of these dictionaries depend on the input data, this

is described in Figure 2.5. The input data resides in dimension N, in this work’s dataset

Figure 2.5: The variants of dictionaries used by this project
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the input data used by the dictionary has a dimension on 1024. Each column of the row

represents an individual light pulse sent out from the lidar system. Each row of an image

represents approximately 200 ms in time as the lidar beam is swept through the environment.

The first type of dictionary is an undercomplete dictionary. An undercomplete dictionary

will have a size of NxK. In this work the undercomplete dictionary has a dimension K of 512,

therefore the dictionary will be a matrix of size 1024x512. The complete dictionary variant

will contain the same amount of columns as the dimension of the input data, this will be a

matrix of size 1024x1024. The overcomplete dictionary will contain more columns than the

dimension of the input data, in this research the dictionary is 1024x2048. These dictionary

variants will be referenced as either the variant name or by the number of columns in the

dictionary. For example, the undercomplete dictionary may also be referred to as D512.

Dictionaries are used alongside a sparse vector to reconstruct any input signal. This

reconstructed version is known as a sparse representation. In this work the sparse

representation of the observed row in any lidar image can be represented as 4 scaled atoms

from a learned dictionary. This is visualized in Figure 2.6.

The process of learning the dictionary, D, and optimizing the sparse coefficients, ᾱ,

can be done using the K-Singular Value Decomposition (KSVD) algorithm [1]. KSVD is

an unsupervised, iterative approach to representing signals and learning features from data.

The KSVD algorithm, in general, has two main steps, the sparse coding stage and the

dictionary update stage. The sparse coding stage utilizes a matching pursuit algorithm [17]

to find the best atoms in the current fixed dictionary to represent any given signal. The

dictionary update stage keeps the established sparse coefficients and uses the Singular Value

Decomposition (SVD) to update and optimize the current atoms in the dictionary. Matrix

A holds every sparse vector, ᾱi, that is used to reconstruct the corresponding data, x̄i, from

matrix X. This iterative process is repeated until the sparsity or error constraint is met; in

this work the sparsity constraint is used. The algorithm is optimized using the following
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Figure 2.6: The sparse representation of an input signal. D is the learned Dictionary that
the sparse coefficients select atoms from. ᾱ is the sparse vector whose coefficients are
optimized, and x̄ is the resulting sparse representation.

equation (refer to Figure 2.6 for visualization of variables):

min
D,A

∥X −DA∥2F s.t ∀i, ∥αi∥0 ≤ k (Sparisty Based Constraint) (2.1)

min
D,A

∑
i

∥xi∥0 s.t ∀i, ∥X −DA∥2F ≤ ϵ (Error Based Constraint) (2.2)

KSVD: Sparse Coding Stage

The sparse coding stage utilizes a pursuit algorithm. The algorithm typically used in

this application is a matching pursuit algorithm [17] that finds the optimal atoms from either
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a learned or redundant dictionary.

x ≈ x̂ :=
N∑

n=1

αndn

The original signal, x, is approximated using a finite number of atoms from the fixed

dictionary. The project uses a constraint of four non-zero coefficients, therefore N will be

equal to four. The αn is the scaling factor of each atom that optimizes our approximation of

the original signal, known as our sparse coefficients. These scalar values are updated later

using the least squares approach. The atoms that the matching pursuit algorithm chooses to

approximate the original signal are represented by d̄n, these atoms reside in the dictionary,

D. The combination of αnd̄n will create a scaled version of an atom, which is a learned feature

from the training data. Once the four representations of the original signal are computed,

they are linearly combined to create our approximation of the input signal, x̂. This will

reconstruction will be known as the ”sparse representation” of the signal. Each row will be

constructed using only four atoms.

Figure 2.7: Visual representation of OMP
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Using the overcomplete dictionary this means that only 4 atoms out of 2048 atoms

will be used to reconstruct any given row. ᾱn will be a sparse vector, in that it has 4

nonzero values and 2044 coefficients that correspond to zero. Each sparse representation will

be stored correspondingly until we have our final approximated lidar image X̂, previously

shown as DA. Where, A, holds the sparse vector for each observed signal, and D is the

dictionary that the atoms are selected from. The end goal of this technique is to minimize

the residual error under the constraint of a few nonzero coefficients:

min∥X − X̂∥2 s.t. ∀i, ∥αi∥0 ≤ k (2.3)

The algorithm used in this project was the Orthogonal Matching Pursuit (OMP)

algorithm [43]. The algorithm first evaluates all atoms in the fixed dictionary and calculates

the atom that best matches the original signal. If this atom meets the sparsity or error-

based threshold the algorithm ends. If the threshold is not met, then the next best atom

that minimizes the residual is chosen. Coefficients for these atoms are re-evaluated every

iteration by using least squares to get a more efficient solution.

α̃ := argmin
z∈Ri

∥x−D(i)z∥22 (2.4)

In this case D(i) represents the relevant columns of the dictionary and z is the least

squares solution to the relevant signal, x. This process repeats until the residual is sufficiently

small. Each signal has its own sparse representation and can be compared to the original.

Once the best sparse coefficients and atoms have been chosen for each signal, the results are

then given to the dictionary update stage.
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KSVD: Dictionary Update Stage

The sparse coefficients, in the matrix A, found in the previous stage are fixed in place

and the dictionary is systematically updated by checking each atom from the dictionary.

The atoms of the dictionary to be updated are updated one at a time. It is updated by

using the signals that have chosen the particular atom and used it for reconstruction. If

the k-th atom is used by five signals, then those five examples are used to update the k-th

atom. Before updating the atoms of the dictionary, the residual matrix must first be formed

from the examples using the k-th atom. To find the residual error, an outer product is

formed between the relevant sparse coefficients and the k-th atom. This is turned into a

minimization problem to minimize the residual error and update the k-th column in D.

min∥Ek − ᾱDT
k ∥ (2.5)

The update is then performed by using Singular Value Decomposition (SVD) [33] on

the resulting matrix. This update is done by multiplying EkX
T
k , and then computing the

singular value decomposition on this matrix. The updated atom is found by: Dk = UV T

[1]. The optimized and updated atoms are then stored, and the next atom is chosen. The

process repeats for each atom in the dictionary. The new dictionary is then fixed, and the

sparse coding stage begins anew. This iterative process is repeated until the sparsity or error

constraint is met.
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METHODS

This work will use the pipeline previously utilized by Vannoy et al. [40]. This previous

pipeline involves four major components. The data first goes through a feature extraction

process that finds important time and frequency features. The extracted time features

include the following [40]:

• The image mean subtracted from the observation mean

• The standard deviation of each observation

• The maximum absolute first difference

The frequency domain had many features extracted in this process. The spectral

information that the lidar system provides is paramount in the detection of insects in

lidar data. Oscillations induced by the insect in lidar data aids in separating it from non-

oscillating hard targets. These oscillations provide important frequencies and harmonics that

are extracted from the data. The features extracted from the frequency domain came from

the observation’s one-sided power spectral density [40] and consist of the observation’s:

• Mean

• Standard deviation

• Median

• Median absolute deviation

• Mean-centered skewedness

• Mean-centered kurtosis



20

Once the fundamental frequencies were computed, the features extracted for each harmonic

consist of each harmonic’s:

• Height

• Location

• Peak Prominence

• Half-prominence peak width

• Ratios of the heights for all combinations of harmonics

• Ratios of the widths for all combinations of harmonics

• Ratios of the prominences for all combinations of harmonics

Following the feature extraction process is the hyperparameter tuning. Once the

hyperparameters for each model are tuned, the models are then trained. These trained

models are then used with the testing dataset to get the testing results. These results are

valuable as the models are able to be used with data that has not been previously seen and

their performance can be measured. This project introduces a preprocessing stage that takes

place before the feature extraction process. This will be the sparse coding stage of the pipeline

and this will be where the dictionary is trained and the optimal sparse representations are

constructed. These reconstructed representations will be used alongside the original dataset

to generate difference images. These difference images will replace the original images and

will follow the same pipeline. The preprocessing stage is visualized in Figure 3.1.
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Figure 3.1: Visual representation of the sparse coding preprocessing stage.

To use sparse coding on the lidar dataset, a dictionary must first be trained on a subset

of images. To increase the robustness of the dictionary, and to help highlight insects in

the resulting images, it must be trained on 10% of the non-insect portion of the training

data. This dictionary is trained on only non-insect data such that the resulting atoms can

only reliably reconstruct features inherent to the background data. Sparse coding is very

valuable in representing low dimensional data, this was previously seen with image denoising

[8]. Insects are high dimensional in nature and therefore are hard to represent using a select

number of features. Due to the high dimensionality of insects and the dictionary being trained

on non-insect data, this creates an environment that is not conducive to reconstructing data

containing insects. This environment is used as an advantage in preprocessing data. This is

all described in Figure 3.2.
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Figure 3.2: Revised Pipeline for insect detection

Dictionary Training

The training dataset contains 8017 non-insect images and 128 insect images. 801 non-

insect images were chosen randomly from the dataset to be used as training examples for

KSVD. These images were used to train 3 different dictionaries to test the effectiveness of

each variant. Each dictionary’s training examples were individual rows from each image.

Each row from the lidar images will be treated as a data point. The observed row contains

1024 columns of information as the lidar beam is pulsed through the environment. The

sparsity-based optimization for KSVD was chosen allowing for only 4 sparse coefficients.

The dictionary was initialized using the Overcomplete Discrete Cosine Transform (ODCT)

[1, 34]. The dictionary dimensions of each variant were 512, 1024, and 2048. An

undercomplete, a complete, and an overcomplete dictionary were each used to preprocess

the data before training on models. Using a smaller number of sparse coefficients is done

to denoise the images and prevent the dictionary from reconstructing insects properly.
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KSVD was run for 200 iterations as seen in Figure 3.3. As the dictionary atoms and

sparse coefficients were optimized during the training of KSVD, the root mean square error

converges to approximately .2825. This convergence occurs after roughly 60-80 iterations

in the overcomplete dictionary case. Running KSVD for longer than 200 iterations caused

minimal gains, even after 100 iterations minimal gains were observed. Since minimal gains

were observed in the last 100 iterations the decision was made to not extend the 200 iteration

count.

Figure 3.3: KSVD RMSE Convergence
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Generating Difference Images

After finalizing the learned dictionary, OMP was run using the dictionary on the rest

of the training data and the testing data. This step generates the reconstructed images

of the dataset. The difference between the original images and the reconstructed images

is taken. In Figure 3.4 the original (a,d), reconstructed (b,e), and difference (c,f) images

are displayed. The bottom row of images (d,e,f) demonstrate how non-insect images are

processed throughout the life cycle of the program. The top row (a,b,c) highlights how

an image containing an insect is treated. The white box in the image, placed manually,

highlights the insect that was captured in the image. The learned dictionary, combined with

the constraint of 4 sparse coefficients cannot properly reconstruct the insect and noise in

the data. The reconstructed images show the underlying hard targets and their reflections

in their range boxes without noise. This is the latent distribution of the lidar data. The

difference images show the added observed noise and the insect being removed from the

reconstruction.

The dictionary and OMP treat the insect as high dimensional noise and remove it when

reconstructing the image. This result is useful in that the difference image can be used as

data for the previous models to train on. Most of the image will remain unchanged as it

contains empty space or a hard target that the dictionary has been trained to reconstruct.

The position of the insect in the image had no affect on the algorithms ability to reconstruct

it. A few example images can be seen in Figure C.8 and C.10, the insects position varies in

each of these difference images and the hard target is removed each time. The hard targets

position also had no affect on OMP’s ability to reconstruct it. This can also be seen in the

difference images, as the noise that surrounds the hard target can still be observed. The

main differences between the original image and the reconstructed images are insects and

noise generated in the lidar measurement. This allows the feature extraction algorithm to
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Figure 3.4: Examples of input images, reconstructed images, and difference images: (a)
Original Insect Image (b) Reconstructed Insect Image (c) Insect Difference Image (d)
Original Non-Insect Image (e) Reconstructed Non-Insect Image (f) Non-Insect Difference
Image. All images are 256-bit grayscale (black = 0 and white = 255). Note that the
reconstruction of the insect image does not include the image, so the insect is preserved in
the difference image. The white box highlighting the insect was placed manually.

more efficiently find meaningful time and frequency features of the insects in the data. More

examples of difference images can be viewed in Appendix B, 5 non-insect images and 5 insect

images can be observed.
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Figure 3.5: Example of a difference image that contains an insect.

Figure 3.6: Another example of a difference image that contains an insect.

This sparse coding and difference image portion of the pipeline concludes the prepro-

cessing for the training portion of the work. Using the trained dictionaries this is performed

again with the testing set of data. OMP and the trained dictionaries are used on the testing

set to generate reconstructed versions. The difference images are then generated using the

same process of subtracting the reconstructed image from its doppelganger in the untouched

testing data. This difference image is again run through the feature extraction process. These
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extracted features and difference images now await the completed training of the classifiers.

Model Training

To properly train the AdaBoost, RUSBoost, and Neural Network algorithms, the data

needs to run through a feature extraction process. This process extracts important time

and frequency features that the models use to help identify insects. The produced difference

images are fed into this process and the resulting features are extracted. Applying difference

images with the feature extraction increases the insect detection rate by 28.11%. Noise has

no meaningful features as it is gaussian and does not provide any useful information in the

frequency domain. Insects have important frequency domain features that are captured by

the lidar measurement due to the insect and its wings beating in the measurement. This

allows the features of the insects to be further separated from the non-insect features.

The extracted features form the feature space that the machine learning classifiers work

in. In this feature space each classifier will be trained and will learn the optimal parameters

to classify the data. To ensure that classifier is given the best tools possible a few tuning

algorithms are first run [40].

The first of the tuning algorithms is used to find the undersampling ratio and the

number of synthetic insects; these are required to train the final models. This algorithm

performed an extensive grid search to find the optimal undersampling ratio and the optimal

number of synthetic insects. The role of the synthetic insects was to increase the number

of insect examples for each classifier. This data augmentation is important in the training

process as the more examples that the classifiers see of insects, the more effective they are at

distinguishing an image containing an insect. The undersampling ratio is used to randomly

sample the majority class so that the resulting dataset for the classifier has the desired ratio

of majority and minority classes.

The second of the tuning algorithms used pertains to the hyperparameters of each
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model. These hyper parameters can be tweaked to change the performance of the algorithm.

For example, the neural network has hyperparameters such as the number of nodes in a layer

and the activation function used with that layer. The sampling ratios and hyperparameters

were assumed to be relatively independent [40]. The hyperparameters were tuned by using

Bayesian optimization [32]. In this stage, and the previous, the MCC score was used to

evaluate the performance of the algorithm. Once the tuning algorithm finishes, the best

hyperparameters are saved and used to train the relevant models. An example of the results

from the hyperparameter tuning stage can be seen in Figure 3.7. The hyperparameters are

used to evaluate an objective function and show the improvements being found through the

search. This was done using MATLAB’s bayesopt function, with the setting of ”expected-

improvement-plus” function.

Finally, after the setup is complete for each classifier, training is able to begin. The

training step of the pipeline is performed by using a stratified 5-fold cross validation of the

training set [40]. This allows the individual classifier to see the same data multiple times

and relay a cross validation score for the hold out set during training. This score highlights

the classifiers predicted performance on testing set, even if it is optimistically biased. Once

training is completed the trained classifier is then saved and stored to be used later during

the testing phase.
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Figure 3.7: Hyperparameter Tuning Evaluations for RUSBoost using the Overcomplete
Dictionary

Model testing

Properly testing the models is done by using the trained classifiers and the previously

preprocessed data. The previously extracted features and difference images are used by

the classifiers to generate the results. These classifiers will attempt to classify the data to

the best of their ability and will generate a confusion matrix once finished. This confusion

matrix keeps track of the correctly classified and misclassified observations and images. The

result that we are interested in is the classifier’s performance on images. This performance
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is scored by extracting the 5 ratings discussed later. These scores include the classifiers

accuracy, precision, recall rate, the F2 score, and the Matthew’s Correlation Coefficient.

This work introduces a preprocessing stage into the previously defined pipeline. This

preprocessing stage makes the use of sparse coding to train a dictionary that learns important

features from data. This dictionary is trained by using the rows of an image as an input

and the dictionary is optimized to reconstruct any observed row. These observed rows

contain hard targets, the lidar artifacts of the hard target, noise, and empty space. The

images containing insects are excluded from the dictionary training process to increase the

robustness of the dictionary. This trained dictionary is then used with OMP to reconstruct

every remaining image in the training dataset. This reconstructed image is then subtracted

from its counterpart in the original dataset. This difference image then follows the pipeline.

Difference images first go through a feature extraction process and are then used to tune

the sampling ratios and the hyperparameters of each classifier. The classifiers: AdaBoost,

RUSBoost, and a single layer neural network, are then trained using the extracted features

and their optimal hyperparameters. Each classifier was then trained using a stratified 5-fold

cross validation of the training set [40]. Once training has completed, the model was stored

as a compact classifier and then used on the preprocessed testing set of data. The following

results, and their discussion, come from the classifier’s performance on the preprocessed

testing set.
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RESULTS

The results from this project are compared to the previous results of Vannoy et al.;

to prepare these results for comparison we used the newest version of the code available

on GitHub [39, 40]. In this work, the preprocessing was performed using a dictionary

with different dimensions. The results for the undercomplete, complete, and overcomplete

dictionaries will be compared to the best results of Vannoy et al. The important metrics that

are to be analyzed are the 5 scores given to each algorithm for its performance with varying

dictionaries. Figure 4.1 highlights the different confusion matrices. The previous AdaBoost

confusion matrix (a), can be compared to the two differing RUSBoost matrices. The results

of RUSBoost using the complete dictionary are shown in (b) and using the overcomplete

dictionary are shown in (c). The final tuned hyperparameter values for each classifier can

be seen in Tables 4.3, 4.4, and 4.5.
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Table 4.1: Test Set Image Results

D512 D1024 D2048 [40]

AdaBoost

Accuracy 0.9933 0.9943 0.9938 0.9917

Precision 0.8974 0.9714 0.8810 0.8889

Recall 0.7955 0.7727 0.8409 0.7273

F2 0.8140 0.8057 0.8486 0.7547

MCC 0.8415 0.8638 0.8575 0.8000

RUSBoost

Accuracy 0.9902 0.9943 0.9912 0.9840

Precision 0.8788 0.9024 0.7455 0.6066

Recall 0.6591 0.8409 0.9318 0.8409

F2 0.6938 0.8525 0.8874 0.7806

MCC 0.7564 0.8682 0.8292 0.7066

NNET

Accuracy 0.9891 0.9871 0.9866 0.9907

Precision 0.8108 0.8519 0.8000 0.9333

Recall 0.6818 0.5227 0.5455 0.6364

F2 0.7042 0.5665 0.5825 0.6796

MCC 0.7381 0.6616 0.6543 0.7666
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Figure 4.1: (a) Previous AdaBoost Confusion Matrix [39] (b) RUSBoost using Complete
(1024) Dictionary (c) RUSBoost using Overcomplete (2048) Dictionary

The test results can also be compared to the cross validation results found during the

training portion of the project. Cross validation results were found using a 5-fold stratified

approach that was discussed earlier. The cross validation results are found in Table 4.2.

High scores in individual metrics are highlighted in bold for the cross validation results.

The highest scores obtained in the cross validation stage mostly mirror the final test results

that were found. The only high score difference between the two results lies in the RUSBoost

algorithm preprocessed with the complete dictionary. In the cross validation stage it did

not score the highest accuracy and fell short by .0001, or .01%. However, this version

still maintained the highest MCC score during the cross validation stage. The RUSBoost

algorithm that was preprocessed by the overcomplete dictionary had the highest recall and
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Table 4.2: Cross Validation Image Results

D512 D1024 D2048

AdaBoost

Accuracy 0.9914 0.9917 0.9911

Precision 0.8916 0.9589 0.8387

Recall 0.5781 0.5469 0.6094

F2 0.6218 0.5983 0.6446

MCC 0.7142 0.7209 0.7107

RUSBoost

Accuracy 0.9886 0.9916 0.9901

Precision 0.7157 0.8750 0.7037

Recall 0.5703 0.6016 0.7422

F2 0.5945 0.6417 0.7342

MCC 0.6332 0.7217 0.7176

NNET

Accuracy 0.9882 0.9910 0.9876

Precision 0.7071 0.9559 0.6832

Recall 0.5469 0.5078 0.5391

F2 0.5728 0.5603 0.5628

MCC 0.6160 0.6933 0.6007
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F2 scores during the cross validation stage. These results also mirror the algorithm’s

performance in the testing phase as it also scored the highest marks in these categories.

using the complete dictionary as a preprocessing tool for AdaBoost allowed for AdaBoost

to score the highest accuracy and precision in the cross validation results, as well as, the

testing results. The highest marks in each metric mirrored each algorithms performance in

the testing results, as each algorithm was able to perform the best in the same metrics no

matter the phase of the project.

Results differ between the cross validation scores and the testing scores. The cross

validation scores are lower across the board for the ensemble methods. The neural network

scores for the complete and overcomplete dictionary cases scored similarly between the two

testing phases. The metrics do not differ too much and the precision score for the complete

dictionary case is higher in the cross validation case. The recall scores for every variant

of each algorithm scored lower in the cross validation set when compared to the results on

the testing set of data. These differing results come from the data that the algorithm uses.

When using the cross validation data the algorithms have already seen this data before and

we make decisions on how to tune the hyperparameters for the models based off of the

algorithms performance. This data is biased since models have used this data at one point

in the overall training process as a data point. Its performance on a data point that is has

seen before will therefore bias the results of the model. The testing dataset is used to find

the true unbiased performance of the final model. This dataset cannot be used to make

hyperparameter decisions as it will then bias our results and ruin the testing dataset. Once

the proper hyperparameters were tuned using the biased results of the cross validation stage

we were able to see the models performance on an unbiased dataset. This will show how the

models adapt to the real world and we can find the true error rate of our classifiers. The

classifiers performed better once the algorithms were able to see the unbiased testing data.

The final results and the cross validation results verify the effectiveness of using the
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complete and overcomplete dictionary as a preprocessing technique for lidar data. In both

testing incidences the complete dictionary in conjunction with RUSBoost found that this

ensemble method combined with this particular preprocessing dictionary found the best

overall performance of a classifier. The overcomplete dictionary with RUSBoost scored the

highest recall rate and allowed for the highest rate of insect detection in each phase of the

research. These results match between the two differing results and help verify that sparse

coding is an effective tool at preprocessing lidar data.

Table 4.3: Final AdaBoost Hyperparameter Values

Parameter Value

D512 D1024 D2048

Learning Cycles 187 303 132

Learning Rate .0407 .1414 .0513

Max Number of Splits 169510 138 13480

Min Leaf Size 11 613 65

Split Criterion gdi gdi gdi

FN Cost 13 14 12

Undersampling ratio .9000 0.3000 0.3000

# Synthetic Insects 750 750 250

The final hyperparameter values for AdaBoost are seen in Table 4.3. It can be seen

that the full grid search found that the Gini’s diversity index (gdi) was the best criterion

to split the classes. The learning cycles, max number of splits, and leaf sizes very between

algorithms. The undersampling ratios for the overcomplete and complete dictionaries were

identical. This ratio may have aided these algorithms in the their classifications and helped
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them score well in the metrics. The undercomplete and complete dictionary’s high number of

synthetic insects may have inversely aided these algorithms in their performance of classifying

non-insect images, since their recall scores are lower than the overcomplete dictionary results

which used only 250 synthetic insects. The higher false negative cost score for the complete

dictionary, penalized misclassifications the most from the three versions of the algorithm.

This higher misclassification cost may have increased its performance by improving its ability

to identify images that more than likely do not look like they contain an insect. This may

have aided it in scoring the highest precision score, as the algorithm learned what non-insect

images looked like and was able to classify them much easier than images that contained

insects. This also may attribute to its lower recall score, as images that contain an insect

near the hard target may have caused AdaBoost to mislabel them. The FN cost may have

had an affect on the classifiers and their performances, as the classifier with the highest FN

cost performed the best overall. The remaining hyperparameters may have aided this FN

cost, however with such varying hyperparameters between the three variants the parameters

that allowed the complete dictionary version to perform the best remain unclear.

The tuned hyperparameters for RUSBoost are highlighted in Table 4.4. The exhaustive

grid search found that the number of synthetic insects required for RUSBoost was much lower

than the the other algorithms. AdaBoost had two versions with 750 synthetic insects and

the neural network had two versions with 1000+ synthetic insects. The number of synthetic

insects may not affect the performance of the algorithms by very much. The FN cost for the

complete and overcomplete dictionary versions were the highest of the ensemble methods.

The number of learning cycles for the three variants were on the higher end for the ensemble

methods, with all three having a higher number of iterations when compared to AdaBoost.

The undercomplete variant had 395 iterations, while the complete and overcomplete had

493 and 490 learning cycles respectively. The higher number of learning cycles may have

aided these two variants in obtaining their high scores. Learning cycles allow each algorithm
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Table 4.4: Final RUSBoost Hyperparameter Values

Parameter Value

D512 D1024 D2048

Learning Cycles 395 493 490

Learning Rate .7991 .0503 .6168

Max Number of Splits 35 144203 17

Min Leaf Size 15 3 2

Split Criterion gdi gdi deviance

FN Cost 2 15 20

Undersampling ratio 0.1500 0.6000 0.9000

# Synthetic Insects 250 250 0

to see the data multiple times and allow it to optimize the parameters for the classifier.

The learning rates, maximum number of splits, and undersampling ratios varied between

each of the algorithms. The split criterion was also a varied between the algorithms with

the overcomplete variant using a deviance split criterion versus the gdi criterion the other

versions used. The minimum leaf size was on the lower end for the complete and overcomplete

versions with the algorithms only using 3 and 2 leaf sizes respectively. The undersampling

ratios were also varied among the three, with complete and overcomplete versions using the

highest ratios among the ensemble methods. The combination of these hyperparameters for

each of the algorithms as unique to each algorithm. By using an exhaustive grid search by

evaluating the MCC score, each hyperparameter was chosen because it was able to optimize

this MCC score. For RUSBoost the higher undersampling ratios, lower number of synthetics

insect, high number of learning cycles, and the high FN cost were able to be used by each
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algorithm to produce exceptional results.

Table 4.5: Final Neural Network Hyperparameter Values

Parameter Value

D512 D1024 D2048

Layer Size 10 51 13

Lambda 3.0953e-08 8.8358e-06 9.0011e-12

Activation relu tanh relu

Undersampling Ratio 0.6000 0.6000 0.3000

# Synthetic Insects 1000 0 1250

Figure 4.5, shows the final tuned hyperparameters for the neural network algorithm.

The neural network in this research is a single hidden layer network with varying numbers

of nodes. The layer size defines the number of nodes in the hidden layer of the neural

network. The number of nodes varies among the three variants with the undercomplete

and overcomplete versions of the neural network only containing 10 and 13 nodes. The

neural network that utilized the complete dictionary had 51 nodes in its hidden layer. The

addition of extra nodes did not increase the overall performance of the algorithm. The neural

network that used the least amount of nodes, the undercomplete variant with 10 nodes,

actually performed the best out of the neural networks. However the ”best” performance

still had a lower MCC score than the previous AdaBoost results, as well as the previous

neural network results. The nonlinear activation functions used by each neural network were

either the rectified linear unit (relu) function or the hyperbolic tangent (tanh) function.

The relu function was found to work the best with the undercomplete and overcomplete

dictionaries, whereas the complete dictionary version found the tanh function to give the
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best results. The lambda parameter, otherwise known as the regularization term strength,

varied between the three versions with the complete dictionary having the largest strength.

The undersampling ratios were either 0.6000 or 0.3000. These ratios did not appear to have

any large impact on the results as the undercomplete and complete variations used the same

ratio with differing MCC scores. The number of synthetic insects were also observed to be

different for each classifier as the complete dictionary neural network used no synthetic insects

and the undercomplete and overcomplete networks used 1000 and 1250. However, these

synthetic insect containing versions had varying performances overall with the undercomplete

version scoring an MCC score of .7381 and the overcomplete scoring a .6543. The varying

hyperparameters for each neural network show no clear indication on what may or may not

have affected the effectiveness of each classifier.

The cost weighting hyperparameter may be the most important tool for the ensemble

methods. In each of the algorithms the versions with the highest FN cost were capable

of scoring the highest in each of the metric categories. The AdaBoost model using the

complete dictionary had the highest FN cost of its three variants. This version was able

to perform the best of the three, boasting the highest MCC score of the variants, as

well as, scoring the highest accuracy and precision scores in the research. The RUSBoost

models using the complete and overcomplete dictionaries had higher FN cost scores than

the AdaBoost’s highest FN cost of 14. These two variants managed to score the best

MCC, accuracy, recall, and F2 scores in the project. The cost weighting of misclassifications

may have been a very important parameter for these algorithms and allowed them to learn

parameters to classify the data in an efficient manner. Another important example of this

was the undercomplete dictionary variant of RUSBoost. This variant had the lowest FN

score of the ensemble methods and it correspondingly had the lowest MCC score, also

interpreted as having the lowest overall performance. This algorithm also had the lowest

undersampling ratio, meaning that there were many more examples of the majority class
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when compared to the minority class. This may have also affected the performance of

this algorithm. The undersampling ratios may have aided classifiers in detecting insects

by somewhat balancing the dataset. The RUSBoost algorithm that was preprocessed with

the overcomplete dictionary had an undersampling ratio of 90%. This correlates to 90%

of the majority class (7216 insect containing images) being removed prior to training. The

algorithm likely trained on approximately 721 ± a few non-insect images and 128 insect

containing images. This closer to ”balanced” dataset highlights the large class imbalance

that this dataset imposes. After the training set was reduced by 10% during KSVD training,

and then further reduced by undersampling the 7216 non-insect images, there are still many

more examples of non-insect containing images.

Misclassified images can be seen in Figures 4.2 and 4.3. Image (a) highlights an image

that was misclassified by every classifier. This image may have contained too much noise in

the same row as the insect. It can be seen that in the same row as the insect the data on

the left hand side of the image appears to also follow the same time limited aspects of an

insect. This noise is lower in magnitude but may have introduced some misleading harmonics

when the frequency domain features were extracted. This seemingly time limited noise may

have also interfered with the time domain features and increased the standard deviation of

the insect row and place it closer to non-insect images in the feature space. Image (b) was

misclassified by the ensemble methods. This image contained noise throughout the image,

especially near the top of the image. This concentrated noise at the top of the image came

from a lidar observation where the hard target was closer to the system. This band of

concentrated noise may have had some aspects that introduced some features that placed it

closer to insect images. More examples of misclassified images are in Appendix C.

Vannoy et al., previously found that the AdaBoost algorithm performed the best out

of the three algorithms. It was able to correctly classify 72.73% of images that contained

insects and was able to reduce 98.14% of the images that are required for the entomologist to



42

Figure 4.2: Image, preprocessed by the complete dictionary, that was misclassified by
every algorithm.

Figure 4.3: Image misclassified by RUSBoost and AdaBoost originally preprocessed with
the complete dictionary

evaluate. The best results from this research can correctly classify 93.18% of insect containing

images using the overcomplete dictionary with RUSBoost. Using the complete dictionary

with RUSBoost the algorithm was able to maintain a non-insect image classification rate of

99.7% while increasing the classification of insect images to 84.09%.

AdaBoost boasts the best average MCC score of .8542 between all three variations.
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The AdaBoost algorithm was consistently able to produce great results no matter the

dimensions of the dictionary. AdaBoost obtained the next three highest MCC scores after

the RUSBoost’s high MCC score of .8682. The complete dictionary gave the best results in

conjunction with AdaBoost. It boasted top scores in precision, and tied with the highest

accuracy score. Using sparse coding as a preprocessing technique enable AdaBoost to have

a 7.9% increase in overall performance, when comparing MCC scores. AdaBoost combined

with the overcomplete dictionary scored the highest F2 and recall scores among the three

dictionaries, enabling AdaBoost to classify the most insect images in the test data set. The

overcomplete dictionary was able to detect 15.61% more insects than the previous AdaBoost

results. The only score that did not increase with sparse coding was the precision score

of the overcomplete dictionary. However, the precision score only decreased by .0079, from

.8889 to .8810 or .89%.

AdaBoost using the undercomplete dictionary was able to retain 79.55% of insect

containing images, eliminate 1895 out of 1942 images (97.57%), and correctly classify 99.78%

of images containing no insects. The complete dictionary was able to retain 77.27% of

insect containing images, eliminate 1899 out of 1942 images (97.78%), and correctly classify

99.94% of non-insect images. The overcomplete dictionary retained 84.09% of insect images,

eliminated 1892 (97.42%) images, and classified 99.73% of non-insect images correctly. The

previously found results retained 72.72% of images containing insects, eliminated 1898

(97.73%) of images in the test set, and correctly classified 99.78% of the non-insect images.

Each of the AdaBoost variants show an increase in the retention of the insect containing

images and an increase in the correct classification of non-insect images. This is true

except for the overcomplete variant, where one more non-insect image was incorrectly

classified and this percentage decreased. However, this version of AdaBoost boasts the

second highest accuracy rate, meaning that it was able to correctly classify 1992 (99.38%)

images. The average accuracy score among the three variants scored the highest of the
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three algorithms at 99.38%. Utilizing sparse coding as a preprocessing technique has shown

increased performance in insect detection while also maintaining a high accuracy rate overall.

RUSBoost had overall improvements across the three variants. The average MCC score

for RUSBoost was 0.8179. The only scores that did not improve were the F2 and the

recall scores of the undercomplete variant. Similar to the neural network the undercomplete

dictionary in conjunction with RUSBoost caused an increase of the misclassification of insect

images. The F2 score is a weighted combination of the precision and recall scores, giving

more weight to the recall score. Therefore the lower F2 score can be be attributed to the

lower recall score, since it carries more importance in the F2 score. The only other score that

showed no improvement and maintained the same value is the recall score for the complete

dictionary alternative. The difference between the RUSBoost’s top score and the AdaBoost

top MCC score was .0044. RUSBoost classified the same number of insect images while

increasing the other scores. It was able to correctly classify more of the non-insect images

which allows for the elimination of images that will need to be inspected. This will increase

the accuracy, precision, F2, and MCC scores all while maintaining the same recall rate as

the previous results. This is an important improvement as it shows the effectiveness of using

sparse coding as a preprocessing technique. By training KSVD and utilizing the resulting

dictionary properly, the detection rate of a minority class in lidar data can be increased. For

this research, the complete dictionary’s overall score of the algorithm increased the overall

performance of RUSBoost by 22.87%. This correlates to the best MCC and accuracy score

of the research. The complete dictionary with RUSBoost obtained the best results in the

four confusion matrix categories.

RUSBoost preprocessed with the overcomplete dictionary had an overall increase of

17.35%, when comparing the MCC scores. It obtained the best recall and F2 scores in the

project. This points to the highest number of correctly classified insect images. From the

test set the overcomplete dictionary allowed RUSBoost to correctly classify 93.18% of the
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insect images. AdaBoost with the overcomplete dictionary, RUSBoost with the complete

dictionary, and RUSBoost from the previous results scored the second best recall rate of

.8409. RUSBoost with the overcomplete dictionary was able to correctly classify 10.80% more

insects. When comparing this to previous results best performing algorithm, AdaBoost, the

recall rate was increased by 28.11%. This result means that when sparse coding is used as

a preprocessing technique, the RUSBoost algorithm is able to classify 28.11% more images

containing insects than previously found. However, this high recall came at a trade off. The

algorithm had a lower precision score than the other variants of the dictionary. This indicates

that the algorithm falsely labeled more non-insect images. As seen in matrix (c) from 4.1,

there were 14 mislabelled non-insect images. The algorithm is likely placing more weight on

identifying any image that appears to have an insect, rather than correctly identifying more

of the majority class.

RUSBoost using the undercomplete dictionary was able to retain 65.91% of insect

containing images. This algorithm was capable of eliminating 1901 (97.88%) of images

in the testing dataset, and correctly classify 99.78% of non-insect containing images. The

RUSBoost variant preprocessed by the complete dictionary was able to retain 84.09% of

insect images. This variant was also capable of automatically removing 1893 (97.47%) images

from the dataset and could correctly classify 99.78% of non-insect containing images. Finally,

the RUSBoost version preprocessed by the overcomplete dictionary was able to retain, the

research’s best, 93.18% of insect containing images. This version automatically removed 1879

(96.75%) images from the dataset and correctly classified (99.25%) of non-insect images. The

results verify that using sparse coding as a preprocessing technique has show improvements

upon previous results and was able to classify 28.11% more insects than the previous research

done in this field.

The neural network performed worse overall compared to previous results with an

average MCC score of 0.6846. The results show little difference between the neural
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networks preprocessed by the complete and overcomplete dictionaries. The neural network

preprocessed by the undercomplete dictionary performed the best of the variants with a MCC

score of .7381 when compared to the other MCC scores of .6616 and .6543 from the complete

and overcomplete variants. This model is the only method that showed no improvements

when in comparison to the previous results. The AdaBoost and RUSBoost models showed

improvements in each score when using the varying dictionaries. The worst results for those

ensemble models still managed to have a higher overall score when compared to the highest

MCC score of the neural network. The results appear to have an inverse affect compared to

the other models. If the dimensions of the dictionary increase the neural network is unable

to classify insects better. This is an interesting result, since the other classifiers were able

to increase detection rate with the complete and overcomplete dictionaries. Those models

performed worse utilizing the undercomplete dictionary as the difference image likely had

more noise in the resulting image. However the neural network in combination with the

undercomplete dictionary was able to correctly classify 68.18% of insect images. This was

an increase of 7.1% when compared to the previous results for the neural network. However,

this is at the cost of incorrectly classifying more non-insect images. The previous precision

was .9333, if compared to the precision value of .8108 this means an increase of incorrectly

classified non-insect images.

A single layer neural network preprocessed by the undercomplete dictionary was able

to retain 68.18% of insect containing images. This version was able to eliminate 1897

(97.68%)images and correctly classify 99.62% of non-insect images. The neural network

variant using the complete dictionary was able to retain 52.27%, the research’s worst,

of insect containing images. This network automatically removed 1907 (98.19%) images

from the dataset and correctly classified 99.78% of non-insect images. The neural network

preprocessed by the overcomplete dictionary was only able to retain 54.55% of insect

containing images. This version of the neural network was able to remove 1904 (98.04%)
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images from the testing dataset, and correctly classify 99.68% on non-insect images. The

results for the neural network were not improved by using sparse coding as a preprocessing

technique.

The new research suggests that the neural network does not perform as well when

analyzing sparse coding reconstruction images with the preprocessed data and its results were

worse overall. With the undercomplete dictionary the AdaBoost outperformed most of the

previous results and was able to classify more images containing insects than the previously

used AdaBoost. The RUSBoost algorithm performed the best out of the algorithms used.

Using the complete dictionary, RUSBoost was able to achieve the highest MCC and Accuracy

scores. The previous research used the MCC score as the main component to analyze how

well the algorithm performed. The MCC score increased to 0.8682, compared to the previous

best score of 0.8000. The recall score is another important metric to consider when analyzing

the performance of the algorithms. It is important to have a high recall rate since the value of

identifying insects is of high significance. The RUSBoost using the overcomplete dictionary

achieved this metric and comparatively had the best F2 score. Ensemble methods appear to

be able to perform well in the environment produced by sparse coding, whereas the single

layer neural network did not perform well in the feature space.
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CONCLUSION

In this research the ensemble methods, AdaBoost and RUSBoost, scored the four

highest MCCs and each had high scores in every score category. The neural network,

performed worse overall when compared to previous results. RUSBoost scored the highest

MCC and increased the insect detection rate by 28.11% and achieve a recall score of .9318.

In our test set this correlates to correctly classifying 41 out of 44 images containing insects.

AdaBoost, with a complete dictionary, had the highest precision score at .9714 and the

highest accuracy at .9943. These scores show the algorithms good performance in correctly

classifying 1889/1890 of images containing no insects. In this work the recall score is weighted

more than the precision score due to a goal of the project to find all images containing insects.

Having a low precision score is not a major issue in this work, as long as the recall rate is a

sufficiently high. The goal is to classify any image that contains an insect, if some non-insect

images get incorrectly classified they can be easily spotted by an expert. Eliminating easily

classifiable images was one of the main goals of the project, as we want to use entomologists

time more efficiently. Using this metric the project was successfully able to eliminate 1879

out of 1942 images (96.75% ) of images and require only manual inspection of 55 images. The

project was able to retain 93.18% of insect containing images. The results of this project will

allow entomologists to utilize their time effectively by eliminating the amount of time spent

going through each individual lidar image searching for an insect. Instead of spending hours

searching through each of the 1942 images, the entomologist can instead look through only

63 images that will help sample an insect population. This was only possible through the

use of sparse coding as a preprocessing technique, along with the RUSBoost and AdaBoost

ensemble learners.

Having a dictionary with many atoms is beneficial to reconstructing the lidar images.

Each lidar image contains a hard target, its reflection, empty space, or an insect. The more
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atoms that can be optimized to reconstruct the hard target and its reflection, the better

the feature extraction and classifying models are able to perform. Each observation in a

lidar image contains noise; this noise will creep into other range boxes that would normally

contain empty space. Since every observation contains some noise, this means that the hard

target in every image will look slightly different and could look different from image to image.

Having a complete, or an overcomplete, dictionary helps to alleviate this issue. The more

atoms that are available to choose from means that these slight differences can hopefully

be modeled. Modeling the hard target and its reflection is vital to generating the difference

images. If these can both be eliminated in the difference image, then the only differences

that can make it to the final signal are noise and insects. Having the ability to model the

variances on the hard target allows for the use of only four nonzero coefficients to reconstruct

all images. This allows for the high dimensional portions of the image to stand out in the

difference image. Since the feature extraction algorithm uses these images as inputs, it allows

it to further separate the insects from the noise in the feature space. This feature space is

where the machine learning models are then trained and are able to learn the parameters to

classify the data.

The results verify the benefit of using sparse coding as a technique to process lidar data.

Training KSVD on non-insect data allows the dictionary to learn features from the majority

class in the data. This allows for the sparse vector to reconstruct a relevant signal from

basis functions in the learned dictionary. Due to the low dimensionality of lidar data, sparse

coding can reproduce non-insect lidar images, without noise, using only 4 features from a

learned dictionary. Sparse coding struggles to reconstruct the high dimensional portions of

lidar data. These portions of the data include gaussian noise and the modulated signal from

the insect and its wings. The learned dictionary does not contain the appropriate learned

features to reconstruct the insect signal. Thus, analyzing the sparse coding difference images

is conducive to detecting insects, outperforming machine learning methods applied on the
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original input images.

Future Work

Future work includes the testing of a linear classifier, a deep neural network, and using

a convolutional neural network using the preprocessed data. Using the difference images may

increase the separation of the insect data from non-insect data in the feature space. The use

of a linear classifier such as a support vector machine may prove to be beneficial for detecting

insects. Having a deep/multilayer neural network may provide another option that could

boost results. A single layer neural network performed poorly using the preprocessed images,

so the addition of multiple layers may increase the algorithms performance. With the added

depth of the neural networks more complex relationships can be found through non-linear

mappings and allow for improved insect detection. Using a convolutional neural network

with the processed images should increase the insect detection rate as they are typically

used with images. The CNN should take in the difference images created by this work since

most of the image should contain noise, except for the insects that make it through to the

difference image. The insect’s higher magnitude and distinct waveform can be used in a

CNN as they should be able to find these portions of the image. CNNs are also known to

have translational invariance, this will be effective in finding insects that appear in differing

places between images.
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CONFUSION MATRICES
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The following confusion matrices represent the results of the classifiers on the test data

set. The results for the image classification are shown for each classifier. Three dictionaries

were used with each of the classifiers. The undercomplete, complete, and overcomplete

dictionaries combined with each classifier are shown. The first confusion matrix represents

the previous results best performing classifier. Then the AdaBoost, RUSBoost, and neural

network results for this work are shown.

Figure A.1: Previous AdaBoost Confusion Matrix [40]

Figure A.2: AdaBoost Confusion Matrix Using the Undercomplete (D512) Dictionary

Figure A.3: AdaBoost Confusion Matrix Using the Complete (D1024) Dictionary
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Figure A.4: AdaBoost Confusion Matrix Using the Overcomplete (D2048) Dictionary

Figure A.5: RUSBoost Confusion Matrix Using the Undercomplete (D512) Dictionary

Figure A.6: RUSBoost Confusion Matrix Using the Complete (D1024) Dictionary
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Figure A.7: RUSBoost Confusion Matrix Using the Overcomplete (D2048) Dictionary

Figure A.8: Neural Network Confusion Matrix Using the Undercomplete (D512)
Dictionary

Figure A.9: Neural Network Confusion Matrix Using the Complete (D1024) Dictionary

Figure A.10: Neural Network Confusion Matrix Using the Overcomplete (D2048)
Dictionary
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EXAMPLE IMAGES
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The following images were selected randomly from the respective classes in the difference

image dataset. These example images are to show that the signals in each lidar image vary.

The insect’s position and signal vary between images, and the hard targets also vary in

position and signal between images. Some images contain a lot of noise whereas some images

have a relatively low noise observation. Five images from each class will be highlighted here.

The insect images will precede the non-insect images.

Figure B.1: Example of a difference image that contains an insect.
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Figure B.2: Another example of a difference image that contains an insect.

Figure B.3: Example of a difference image that contains an insect.
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Figure B.4: Another example of a difference image that contains an insect.

Figure B.5: Another example of a difference image that contains an insect.
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Figure B.6: Example of a difference image that does not contain an insect.

Figure B.7: Another example of a difference image that does not contain an insect.
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Figure B.8: Another example of a difference image that does not contain an insect.

Figure B.9: Another example of a difference image that does not contain an insect.
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Figure B.10: Another example of a difference image that does not contain an insect.
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MISCLASSIFIED IMAGES
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The following images are examples of misclassified images from the testing dataset. The

difference images that were used in the pipeline will be shown here. Some of these images

were misclassified by all algorithms and the rest of the images were either misclassified by

two of the methods or just one method. These misclassified images come from both classes as

some insect images were incorrectly classified and some non-insect images were misclassified.

Ten of these misclassified images will be presented.

Figure C.1: Example of a difference image that was misclassified by AdaBoost.
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Figure C.2: Example of an image misclassified by the Neural Network

Figure C.3: Example of an image misclassified by RUSBoost.
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Figure C.4: Another example of an image misclassified by the Neural Network

Figure C.5: Example of an image misclassified by all algorithms.
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Figure C.6: Another example of an image misclassified by all algorithms.

Figure C.7: Another example of an image misclassified by all algorithms.
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Figure C.8: Example of an image misclassified by AdaBoost and the Neural Network.

Figure C.9: Another example of an image misclassified by AdaBoost and the Neural
Network.
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Figure C.10: Another example of an image misclassified by RUSBoost.
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