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Abstract—In recent years oceans of data allow for deep 

learning models to reach expert level performance. Deep 

machine learning is the current state-of-the-art paradigm in 

image classification, with applications in face- and text detection, 

text recognition, as well as voice classification. However, data 

suitable for deep learning models requires a favorable ratio 

between dimensionality and limited labeled samples. To address 

high dimensional yet imbalanced datasets, in this paper, the 

integration of dimensionality reduction and data augmentation is 

proposed. We use three deep learning classifiers: MLP, CNN, 

and LSTM to evaluate the impact of our model. First, we 

establish a baseline using the original dataset. Second, we 

preprocess the dataset using principal component analysis 

(PCA). Third, we preprocess the dataset with PCA followed by 

our Gaussian data augmentation (GDA) technique. After that, we 

estimate the performance of our preprocessing modules by using 

k-fold cross-validation and calculating the confusion matrix and 

classification accuracy. Our experiments suggest superior 

classification accuracy of all three classifiers in the presence of 

our PCA+GDA approach. 

Keywords—Deep Learning, High dimensionality, limited 

labeled data, Principal Component Analysis, Data Augmentation, 

Multiclass Classification 

I. INTRODUCTION 

In recent years, oceans of datasets paved the path for 
expert-level performance in deep learning models. Deep 
learning has flooded journals and conferences with new 
approaches and applications. In the last decade deep machine 
learning has developed expert-level accuracy in image 
classification [1-3].  In [4], convolutional neural networks 
(CNNs) are able to produce dermatologist-level accuracy in 
skin cancer diagnosis. Moreover, [5] demonstrated the 
effectiveness of deep machine learning algorithms to the point 
of achieving ophthalmologist-level accuracy in the detection of 
referable diabetic retinopathy (RDR). 

Deep learning is a growing family of models. At its core 
these models enable a system to automatically discover 
patterns needed for feature detection or classification from the 

data without any preprocessing. Deep machine learning is 
nowadays the state-of-the-art classification technique with 
proven applications in a variety of fields ranging from 
medicine to remote sensing, and from text to voice recognition. 
Applicability of deep machine learning algorithms is fueled by 
data. The more data, the better learning. However, high 
dimensional and highly imbalance hyperspectral datasets put a 
stiff told on deep learning models. 

There are two traditional techniques to deal with this 
unfavorable ratio between high dimensional and limited 
labeled datasets: The first technique attempts to reduce the 
number of dimensions or features to a manageable size and the 
second technique seeks to increase the small number of 
samples to a more representative size. Regarding the first 
technique, dimensionality reduction presents a possible 
solution to reduce the high number of feature vectors. To this 
end, Principal Component Analysis (PCA) presents one of the 
most commonplace tools [6-8]. Moreover, in [9, 10] the 
authors present yet another approach to deal with the 
imbalanced hyperspectral datasets by adaptively extracting 
features based on their local and global characteristics. Now, 
about the second technique, Data Augmentation (DA) presents 
a well-known technique to expand the number of training 
samples from the limited number of labeled samples [11].  This 
has been implemented successfully in many fields from image 
processing [12] to molecular modelling [13]. Together PCA 
and DA thus prove a promising option to deal with the 
composite problem of high dimensional and limited labeled 
datasets in deep learning models.  

However, classic DA based on affine transformations 
cannot be directly applied to photo-thermal infrared images, 
because any flipping, rotating, or shifting of the original image 
would result in a different signature that corresponds to a 
different material. Pixel-wise transformations present an option 
to DA for photo-thermal infrared images, because a change in 
the level of noise, blur and contrast will not directly impact the 
signature of the image. Yet unbound, arbitrary pixel-wise 
changes may distort the underlining image to the point of 
chaos.  
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In this paper, we study how different DA techniques impact 
the performance of three deep learning classifiers: Multilayer 
Perceptron (MLP), Convolutional Neural Network (CNN) and 
a type of Recurrent Neural Network (RNN), namely, Long-
Short Term Memory (LSTM). The goal is to achieve better 
classification results with limited training data and thus reduce 
the need for more data. We also propose a new Gaussian Data 
Augmentation technique (GDA) which integrates signal-to-
noise ratio (SNR) with an Additive white Gaussian noise 
(AWGN) to generate derived data samples suited for multiclass 
classification in various deep neural networks models. The rest 
of this paper is organized as follows. In Section 2, the photo-
thermal infrared imaging data set is described. Section three 
presents each component of our proposed methodology and 
performance metrics. In Section 4, the experimental results are 
presented.  And in Section 5, the conclusions are given. 

II. DATASET 

The dataset was collected and normalized in [14]. The 
collection apparatus consisted of two parts. First, a quantum 
cascade laser causes the substance or analyte to be illuminated. 
And second, an infrared camera collects hundreds of images 
corresponding to different wavelength channels or intensities 
of light. Fig. 1 shows the entire system, from data collection by 
law enforcement officers and military personnel to detection 
and classification. 

 
Fig. 1. Quantum Cascade Laser and Infrared Camera 

 

By using this two-part apparatus, we collected a three-
dimensional array of images, which we called a hyperspectral 
cube, as shown in Fig. 2. For each pixel in the front image 
there are not only RGB values, but also layers corresponding to 
different infrared intensities. With this cube, it is possible to 
identify certain analytes and substrates based on the unique 
pattern of intensities. This pattern is called fingerprint or 
spectral signature. By matching this spectral signature, the 
underlying material or element can be uniquely identified. 

 

Fig. 2. Hyperspectral Cube 
 

The matching process is possible on pure pixels. Those are 
pixels with only one underlying material. Classification of pure 
material is achieved by simply matching their signatures. But 
when the resolution of the image is not high enough to produce 
pure pixels, single pixels can capture multiple signatures. The 
result pattern of intensities in each pixel will be a combination 
of two or more individual pure signatures.  

The dataset is highly-dimensional (1254 features) and and 
limited labeled (only 123 samples). It contains a total of eight 
classes, four explosive analytes and four non-explosive 
substrates. We focus on the multiclass classification problem of 
four analytes: AN, RDX, Sucrose and TNT. For further reading 
on the collection and normalization of this dataset, refer to 
[14].  

III. METHODOLOGY 

The proposed methodology is threefold. We first apply 
PCA. Second, we proposed a novel DA technique. Third, we 
explore the effects on various deep learning models for 
multiclass classification. 

A. Principal Component Analysis 

This section considers a well-known technique for 
dimensionality reduction. The main goal of using PCA is to 
reduce the high number of features yet maintain the majority of 
the variability [6]. PCA has been widely used to transform 
highly-dimensional data into a new space with lower 
dimensionality in a vast range of fields [7]. Data scientists find 
PCA very appealing mainly because PCs tend to represent the 
most significant patterns in the data while removing anomalies 
and outliers [8]. 

Fig. 3 depicts a collection of data points on its original XY 
space as dots and tiny triangles on the left hand side. And it 
also depicts the first and second principal components as lines 
on the right hand side. Note that these principal components 
are orthogonal to one another and together they manage to 
capture the majority of the variability of all data points.  

   

Fig. 3. Principal Component Analysis 
 

Let DATA[n][m] be a matrix that holds the raw data, where 
n is the number of samples and m is the number of features.  
Then we define the covariance Cov as the expected value of 
di*dj where the mean is equal to zero. The result is R[n][k], 
where k is the number of new features and k < m and usually k 
< n. 

The Scree Plot depicts the cumulative variance in 
percentage over the number of principal components. From the 
Scree Plot in Fig. 4, we observed that 18 principal components 
were enough to represent over 99.99% of the data variability.  



During the experiments, these 18 principal components were 
used.  

 

Fig 4. Scree Plot 

 

B. New Data Augmentation Method 

Traditional data augmentation has showed its capability to 
increase the accuracy of image classification tasks [11]. It is 
used to expand the limited samples to large scale data set by 
generating new, derived samples using different mathematical 
transformations. 

Some of these mathematical transformations consist of 
using a combination of equations or kernels to transform the 
original images [12]. For each image, we generate a derived 
image that is stretched shrunk, zoomed in/out, flipped, rotated, 
or colored with a different intensity. The two images (original 
and derived) are fed into the classification model. Moreover, 
affine transformations generate a derived image by flipping, 
rotating or shifting the original image. Pixel-wise 
transformations produce derived images by adding noise, 
increasing the contrast or/and blur on the original image. These 
basic transformations are depicted in Fig. 5. On the top left 
corner, we have the original image. The middle row shows 
higher contrast, blur and edges only. The bottom row depicts 
the flip transformation and it also shows the effects of 
stretching and shrinking the image over the horizontal axis. All 
nine images portray a person in front of a computer regardless 
of the transformation. 

 

Fig. 5. Data Augmentation Transformations 
 

Unfortunately, the above transformations cannot be directly 
applied to hyperspectral cubes because any stretching, 

shrinking, or flipping of the original pixel would result in a 
different signature. 

To solve this problem, we propose a Gaussian data 
augmentation (GDA) technique in which we use an additive 
white Gaussian noise (AWGN) to produce derived images. 
Inspired by the communication systems concept, the received 
signal, x(t) will be represented as the sent or original signal, 
y(t) contaminated with some noises, n(t) (Equation 1) [15]. 
While both the received signal x(t) and the original signal y(t) 
are random signals, the noises, n(t) is a Gaussian distribution 
with mean equal to zero (Equation 2). The variance, 𝜎2  is 
determined from the signal-to-noise ratio (SNR) formula 
presented in Equation 3. We performed an experiment to 
investigate the impact of SNR on the training accuracy of the 
PCA18 (PCA with 18 principal components) + GDA10 
(Gaussian data augmentation with 10 derived samples per each 
original sample, so that data will be 10 times larger) approach. 
The target value will not hinder the classification accuracy.  

 𝑥(𝑡) = 𝑦(𝑡) + 𝑛(𝑡) (1) 
 

 𝑝(𝑡) =
1
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 𝑆𝑁𝑅𝑑𝐵 = 20 ∙ 𝑙𝑜𝑔10

𝜎𝑠𝑖𝑔𝑛𝑎𝑙

𝜎𝑛𝑜𝑖𝑠𝑒

 (3) 

 

Gaussian data augmentation (GDA) has two parameters: 
SNR and the Multiplier. SNR serves as a noise tolerance limit. 
It tells us how much additive white Gaussian noise (AWGN) 
can be added to the original image without compromising 
classification accuracy. Preliminary experiments were used to 
determine the appropriate value of SNR. In Table I, the 
“Noise” column denotes the percentage of noise added to the 
original signal. For example, row 5, SNR=20 and Noise=10% 
denotes that the noise loudness is 10% of the signal’s loudness.  

TABLE I.  SIGNAL-TO-NOISY ANALYSIS 

SNR (dB) Noise (%) Training (%) Validation (%) Test (%) 

0 100% 99.03 96.73 86.96 

5 56.2% 99.27 97.09 86.96 

10 31.6% 99.52 98.91 91.30 

15 17.8% 99.64 100.00 95.65 

20 10.0% 99.76 100.00 100.00 

25 5.6% 99.88 100.00 100.00 

30 3.2% 100.00 100.00 100.00 

40 1.0% 100.00 100.00 100.00 

60 0.1% 100.00 100.00 100.00 

100 0.0% 100.00 100.00 100.00 

 

The second parameter, the multiplier values indicates how 
many additional samples will be generated by GDA. Based on 
[1], we set our Multiplier value equal to 100. With this value 



will provide sufficient augmented samples to achieve expert-
level classification accuracy. 

C. Deep Learning Models 

Deep learning, also known as deep structured learning is a 
technique that enables a system to automatically discover the 
features needed for feature detection or classification from raw 
data. A deep neural network (DNN) is an artificial neural 
network (ANN) with multiple hidden layers between the input 
and output layers. DNNs have the ability to model complex 
non-linear relationships. Three DNN models are studied. 

MLP is a basic deep learning model which consists of 
fully-connected feedforward layers with a ReLU activation 
function.  Fig. 6 shows our implementation of MLP. The input 
data is shown as a purple cube. The dense layers are shown in 
gray and the dropout layer in orange. The output consists of a 
softmax activation function for multiclass classification.  

 

Fig. 6. One-layer MLP for Multiclass Classification 
 

CNN is a convolutional neural network which consists of at 
least one convolution kernel with a ReLU activation function. 
Fig. 7 shows our implementation of CNN. The input data is 
shown as a purple cube. The convolutional layers are shown in 
blue, the pooling layers in green, and the dropout layer in 
orange. We flatten it and use two fully-connected layers before 
reaching the final softmax activation function for multiclass 
classification.  

 

Fig. 7. Three-layer CNN for Multiclass Classification 

 

LSTM is a recurrent neural network which consists of at 
least one long-short term memory layer with an activation 
function that uses tanh.  Fig. 8 shows our implementation of 
CNN-LSTM, for which the input transformations and recurrent 
transformations are both convolutional.  The core LSTM layers 
are shown in yellow. For consistency, the input data is shown 
as a purple cube. The convolutional layers are shown in blue, 
the pooling layers in green, and the dropout layer in orange.  
We still flatten it and use two fully-connected layers before 
reaching the final softmax activation function. 

 

Fig. 8. Two-layer CNN+LSTM for Multiclass Classification 

D. Performacne Metrics 

To evaluate the impact of our pre-processing approach on 
the classification accuracy, the confusion matrix was computed 
for each classifier without and with PCA, and without and with 
PCA+GDA. Table II presents the basic structure of the 
confusion matrix and depicts how true positives, true 
negatives, false positives and false negatives are defined. 

TABLE II.  CONFUSION MATRIX 

Predicted Class 

True Class Detected  Not Detected 

Detected 
True Positive 

(TP) 

False Negative 

(FN) 

Not Detect 
False Positive 

(FP) 

True Negative 

(TN) 

 
Another tabular performance metric is the classification 

report. Table III presents the basic structure of this report, 
which includes the Precision, Recall, F1-score and Support for 
each class, as well as their average values. To compile these 
metrics the below equation are used:  

 Precision is true positives over (true positives plus 
false positives).  

 Recall is true positives over (true positives plus false 
negatives).  

 F1-score is true positives over (true positives plus 
½false positives plus ½ false negatives).  

 Support is the total summation of true positives, true 
negatives, false positives and false negatives.  

TABLE III.  CLASSIFCATION REPORT 

Classes Precision Recall F1-score Support 

 

Classi 

 

TP 

(TP+FP) 

TP 

(TP+FN) 

TP 

(TP+ ½FP+ ½FN) 

 

TP+FP 

+ 

FN+TN 

 

 
Finally, the overall accuracy is calculated as the ratio 

between the correctly classified samples (true positives plus 
true negatives) over the total support.  To reduce the effect of 
overfitting, K-fold cross validation is used an accuracy is 
calculated for each run. Fig. 9 is a representation of the data 
partition for 5-fold cross validation, where 20 % of the total 
data is used for testing and 20% of the data is used for 
validation and 60% of the data is used for training the model. 
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Fig. 9. K-fold Cross Validation Partitions 

IV. EXPERIMENTAL RESULTS 

In this section all results are presented. We start with MLP, 
CNN and CNN+LSTM without any pre-processing. Then, we 
present the results of adding PCA to the models. And, we add 
our GDA approach to the models as a second layer of pre-
processing. Implementation was done using Python, Keras and 
TensorFlow [16]. Runtime platform was a Tesla k80 GPU, 
with 2496 CUDA cores, 12GB GDDR5 VRAM.  

A. Multilayer Perceptor (MLP) 

In this subsection, a baseline is established for MLP. Fig. 

10 shows the accuracy (right column) and loss (left column) as 

functions of the number of epochs for training samples in blue 

and validation samples in orange. One dropout was used to 

deal with overfitting as depict in section III.C.1. Note that 

MLP seems to suffer from overfitting. Yet we are interested 

only in the impact of PCA+GDA. 

 
Fig. 10. MLP for Multiclass Classification 

B. Convoluional Neural Network (CNN) 

In this subsection, a baseline is established for CNN. Fig. 

11 shows the accuracy (right column) and loss (left column) as 

functions of the number of epochs for training samples in blue 

and validation samples in orange. Three dropout layers were 

used to deal with overfitting as depict in section III.C.2.  

 
Fig. 11. Principal Component Analysis 

C. Long-Short Term Memory (LSTM) 

In this subsection, a baseline is established for LSTM. Fig. 

12 shows the accuracy (right column) and loss (left column) as 

functions of the number of epochs for training samples in blue 

and validation samples in orange. Two dropout layers were 

used to deal with overfitting. 

 
Fig. 12. Loss and accuracy for LSTM 

D. Deep Learning Models without Preprocessing 

To establish the classification accuracy without 

preprocessing, CNN was initially selected as the better 

classifier. Table IV presents the testing averages for Precision, 

Recall, F1-score and Support for CNN without Preprocessing. 

Values were collected from our 20-fold cross-validation 

experiments. The classification accuracy for each of our 

models without preprocessing is: 78%, 81% and 44%; (MLP, 

CNN and CNN+LSTM) correspondingly.  

TABLE IV.  CLASSIFICATION REPORT WITHOUT PREPROCESSING 

No Preprocessing 

Classes Precision Recall F1-score Support 

AN 1.00 0.57 0.73 7 

RDX 0.44 1.00 0.62 4 

Sucrose 1.00 0.83 0.91 6 

TNT 1.00 0.88 0.93 8 

 

E. Deep Learning Models with PCA 

To evaluate the classification accuracy with PCA 

preprocessing, CNN was initially explored. Table V presents 

the testing averages for Precision, Recall, F1-score and 

Support for CNN+PCA. Values were collected from our 20-

fold cross-validation experiments. The classification accuracy 

for each of our models with PCA are: 78%, 84% and 60%; 

(MLP, CNN and CNN+LSTM) correspondingly.  

TABLE V.  CLASSIFICATION REPORT WITH PCA 

Principal Components 

Classes Precision Recall F1-score Support 

AN 1.00 0.67 0.80 6 

RDX 0.78 0.88 0.82 8 

Sucrose 1.00 1.00 1.00 8 

TNT 0.50 0.67 0.57 3 

 

F. Deep Learning Models with PCA and GDA 

To establish the classification accuracy with PCA and 

GDA preprocessing, CNN was initially evaluated. Table VI 

presents the testing averages for Precision, Recall, F1-score 

and Support for CNN+PCA+GPA. Values were collected 

from our 20-fold cross-validation experiments. The 

classification accuracy for each of our models with PCA and 

Entire Dataset

Validation
set

Fold 1

Test
set

Fold 2 Fold 4 Fold 5Fold 3

Training
Set



our GDA are: 94%, 99% and 96%; (MLP, CNN and 

CNN+LSTM) correspondingly.  

TABLE VI.  CLASSIFICATION REPORT WITH PCA+GDA 

Augmented Components 

Classes Precision Recall F1-score Support 

AN 1.00 1.00 1.00 5 

RDX 1.00 1.00 1.00 6 

Sucrose 1.00 1.00 1.00 6 

TNT 1.00 1.00 1.00 8 

 

Table VII presents a comparison of the classification 

accuracy for all deep learning models and different 

preprocessing approaches Each cell in the table is the 

arithmetic mean plus-minus the standard deviation of the 

cross-validation results. Our experimental results suggest that 

the addition of PCA helps remove anomalies and outliers. 

Moreover, our experimental results also suggest that the use of 

PCA coupled with our GDA approach helps improve 

robustness to new never-seen-before data. 

TABLE VII.  CLASSIFICATION ACCURACY COMPARISON 

Pre-

Processing 
MLP CNN LSTM 

No preprocess 78.0 ± 9.0 80.7 ± 9.1 44.0 ± 9.2 

PCA 77.6 ± 6.9 84.0 ± 6.5 60.0 ± 6.7 

PCA + GDA 93.6 ± 4.7 99.0 ± 2.9 96.0 ± 3.8 

 

The ideal confusion matrix will only have nonzero values 

on the main diagonal. Values greater than zero on the main 

diagonal are true positives and true negatives. Any nonzero 

value on the upper right corner is a false negative while any 

nonzero value on the lower left corner is a false positive.  Fig. 

13 shows the Confusion Matrix for MLP (left hand side chart), 

CNN (middle chart) and CNN+LSTM (right hand side chart). 

For all three models, classification accuracy showed an 

improvement in terms of classification accuracy with the 

addition of our preprocessing PCA+GDA approach.  

 
Fig. 13. Confusion Matrix for MLP, CNN and LSTM 

 

V. CONCLUSION 

Principal Component Analysis and our Gaussian Data 
Augmentation in deep learning models were explored on a 
highly dimensional and limited labeled dataset. Both PCA and 
GPA methods were used to preprocess multiclass classification 

input. Initially, three deep learning models were built. A 
baseline was established for each model. Then PCA was 
applied to the dataset as a preprocessing step to the deep 
learning models. Then both PCA and GDA were also applied 
as a two-step preprocessing. 

The experimental results, presented in this paper, suggest 
that our PCA+GDA approach has a positive impact in deep 
learning classification, particularly in the presence of highly 
dimensional, limited labeled data. In the future, PCA+GDA 
should be further explored on different types of datasets, 
including CT scans, MRI images, and remote sensing datasets.  
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