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Abstract: The classification of Fourier Transform Infrared spectra images is crucial in chemometrics. This paper
proposes an efficient model based on deep learning approaches for enhancement and classification of the Fourier
Transform Infrared Spectra (FTIR) images. The proposed model integrates three deep learning models including
ResNet101, EfficientNetB0, and Wavelet Scattering transform (WST) to extract several features from FTIR. Then the
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Infrared Images Spectra Multi-class Classification Model Based on Deep Learning

obtained features were fused in conjunction with standard statistical feature extraction. It followed by a subsequent
classification phase that employs a Convolutional Neural Network (CNN) architecture, which demonstrates high
accuracy in classifying the infrared spectra images into six different classes of ligands and their metal complexes.
During the training phase, the network’s weights are iteratively updated using the Adam optimization algorithm. This
model addresses the challenge of small and imbalanced datasets through an image oversampling process. Using random
over-sampling technique, it enhances the training process and overall classification performance. The extracted features
were analyzed using t-distributed Stochastic Neighbor Embedding (t-SNE) to visualize high-dimensional data in two
dimensions. The results of the proposed model show high classification accuracy of 0.91%, low error rate of 0.08%, a
sensitivity of 0.89% and a precision of 0.89%, false positive rate of 0.01%, F1 score of 0.89, Matthews Correlation
Coefficient of 0.87 and Kappa of 0.68.

Index Terms: Fourier Transform Infrared, Artificial Intelligence, Deep Learning, Chemometric, Convolutional Neural
Network.

1. Introduction

The field of chemometrics has long relied on the integration of artificial intelligence (Al) to combine knowledge
and capabilities in both chemical and analytical intelligence to predict chemical properties [1]. The state of the art for
predicting chemical properties has improved because of development in deep neural networks (DNNSs). Several property
predictions have shown increased in computational accuracy and speed, ranging from atomizing energies to protein-
ligand binding affinities [2]. Vibrational spectroscopy techniques are commonly employed in polymer analysis and
extensively utilized for the purpose of identifying unknown materials or characterizing their chemical compositions the
most widely employed one is FTIR spectroscopies [3]. For detecting the absorption of infrared light and providing a
high-quality spectrum, spectroscopic methods like FTIR spectroscopy is often used by chemists to determine the
chemical composition of a material. FTIR spectroscopy technique displays the infrared region of the electromagnetic
spectrum, where molecules' bonds commonly oscillate at frequencies between 4000 and 400 cm™. FTIR spectroscopy
spectra is regarded as very difficult datasets that are used to analyze the chemical composition of a material by
measuring the infrared light absorption and producing a high-quality spectrum. It is utilized in a variety of applications,
including advancing enzymatic reactions, enzymatic assays, identifying various molecular forms of many compounds,
characterization of complex materials and their dynamics to speed up the design of new materials [3]. It also shows the
molecular structure and composition of materials. Additionally, it is used in the fields of forensic investigation, food
and beverage production, environmental monitoring and medicines. It creates a distinctive spectral fingerprint to
recognize and describe different chemical substances. FTIR method provides more scans or spectral accumulations per
spectrum, which has a significant impact on spectral quality. Thus, it improves numerous levels of the signal-to-noise
ratio (SNR) and various baseline distortions, or interferences that impair spectral quality [4]. Besides, the necessary
spectral information is often unclear and unevenly dispersed throughout the whole spectrum, making it difficult to
forecast a specific attribute of compound spectra. As well as, human involvement in FTIR spectrum analysis is
advantageous, but it requires a fully automated method for identifying spectra and subsequently predicting complex
structures [5]. Hence, the present accessibility of diverse computer-based image processing techniques and artificial
intelligence facilitated by Artificial Neural Network (ANN) algorithms, designed to forecast FTIR spectroscopy
outcomes using high-performance computers, is now within reach at a reasonable expense. This achievement was
previously deemed unattainable merely a decade ago [6]. Significant advancements in deep learning networks can be
achieved by utilizing CNN. It has the capability to extract salient features from image sources, mirroring the human
brain's ability to interpret visual objects through feed-forward data processing. This approach surpasses the performance
of traditional ANN techniques when dealing with two-dimensional image data, allowing for the iterative creation of
distinct feature maps.

In contemporary times, the analysis of images and signals has become increasingly significant due to the valuable
information they encapsulate. This information can be found in each of the spatial and frequency domains, particularly
with the advent regarding advanced spatial frequency domain imaging technologies. Hence, it has become imperative in
the direction of concurrently assessing features from both domains that have the potential to enhance the representation
of image elements [7]. CNN employs spatial-based analysis in its initial layers and as it progresses deeper into its
architecture, the learnt filters generate convoluted features that exhibit spatial invariance [8]. To assure the
representational capacity of complex features, it is necessary to incorporate further information derived from the spatial
frequency domain of the image. The wavelet transformation is a method used in spatial-frequency domain analysis. It
involves representing signals as brief oscillations, which allows for compression and decompression with scaling
capabilities. This technique is particularly useful for capturing gradually changing signals that indicate sudden
alterations in images. Additionally, wavelet transform enables multi-resolution analysis of both spatial and frequency
domains [9]. The image can provide relevant information by capturing energy sub-bands that align with the desired
information scale. This cannot be achieved through a separate analysis in the spatial frequency domain. The application
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of wavelet transforms in image processing are diverse, encompassing tasks such as image denoising and the
representation of image features for not medical and medical signal analysis. Cardiac monitoring [10], earthquake
detection [11], wireless application systems [12] and climate analysis [13] are a few examples of these applications. By
incorporating wavelet coefficients, the existing CNN designs can benefit from the advantages of both domain analyses,
resulting in improved performance. This is achieved by introducing a more distinct set of characteristics to deal with
[14]. Nevertheless, while wavelet transform is a valuable tool for signal and image processing, its direct application to
images can result in notable disadvantages. These include sensitivity to shifts, limited directionality, and the absence of
phase information [15]. These shortcomings have a significant impact on the representation of the image's frequency
features that can be used. To mitigate this issue, the wavelet scattering technique, as proposed by [16], employs a
sequence of scattering orders through the convolution of wavelet transforms with lowpass filters. This process
facilitates temporal average, thereby introducing invariance to time-shifting. Consequently, the wavelet Scattering
method enhances insensitivity to phase shifts by stabilizing against time-warp deformations and translations. The
utilization of scattering transform coefficients can be employed for the development of resilient image classification
models, as translations and tiny visual deformations have no impact on class labels. The spatial-frequency domains of
images offer a means of analyzing images that is sensitive to small changes in intensity caused by variations in texture.
In the field of chemometrics, it is anticipated that WS coefficients will serve as effective descriptors for characterizing
the chemical composition of textures [17].

This paper proposed a multi-classification model with very limited number of images. This is achieved through
the extraction of significant textural features from the image, which are subsequently combined through automated
learned features derived from the CNN architecture. The un-equal distribution of input images in the dataset,
particularly for classes with smaller sample sizes, is a result of inadequate training data. For the limited number of
images, we have implemented an over sampling procedure to solve the imbalance of the data images over the classes.
The main contribution of this paper is summarized as follow.

. The spatial and frequency-based analysis via the WST network, along by high-level sparse demonstration via
CNN network, to features fusion.

« Applies image oversample process to solve the limitation of the number of input data images over the classes

« Classification of FTIR spectra images utilizing a blend of multiple textural feature

The remaining sections of this paper are structured as follows. Section 2 reviews the related work. Section 3
presents material and methods. Section 4 presents the proposed model. Section 5 describes the obtained experimental
results. Finally, Section 6 concludes the key findings of this paper.

2. Related Works

The FTIR spectroscopy is still a crucial analytical instrument for the identification and characterization of chemical
compounds. Numerous chemical industries, including petrochemicals and pharmaceuticals have found use for this
approach. However, spectral predictions are complicated, particularly in the 500-1500 cm™* fingerprint range. Chemical
compounds can be recognized based on various FTIR characteristics, including spectral peak position, absorption
intensity distribution and peak shape. This analytical approach has several advantages, such as non-destructiveness and
the absence of fluorescence interference. In conjunction with deep learning algorithms [18]. FTIR spectroscopy was
employed to swiftly identify and categorize several varieties of chemical compositions. Recent research has shown the
utility of FTIR in several domains, including the analysis of food and microplastics. These studies have focused on
employing FTIR to ascertain the chemical composition of materials found in food and microplastics, as evidenced by
the existing association of literature.

Chen et al. [19] introduced an adaptive estimator utilizing the k-nearest neighbors (KNN) approach to differentiate
between four distinct types of microplastics, achieving a commendable accuracy rate of 97%. Henrique de Medeiros
Back et al. utilized support vector machine classifier (SVC) to classify the Kedzierski FTIR data into 14 distinct types
of microplastics. The classification achieved an accuracy rate of 94% [20].

In their study, Yan et al. [21] employed a combination of various machine learning methods, including partial least
squares judgment analysis, random forest and artificial neural network, to classify the Kedzierski dataset. This approach
yielded a classification accuracy of 91.74%. CNN has demonstrated their efficacy in various domains, including target
detection, face recognition, image classification and other related areas. When compared to other techniques, CNN
exhibits superior generalization abilities in the field of image processing.

In recent years, there has been a growing trend in converting one-dimensional spectra into two-dimensional images,
followed by the construction of classification models using CNN network. Zhang et al. [22] successfully transformed
one-dimensional near infrared spectroscopy (NIRS) data into two-dimensional spectral pictures. Additionally, they
introduced a novel identification approach for tobacco NIRS using CNN. The classification accuracy achieved a notable
improvement of 93.05%, surpassing the performance of conventional approaches. McGill et al. [23] utilized the training
approach of the Chemprop-IR prediction model involved utilizing a selection of chemicals obtained from PubChem to
generate a total of 85,232 computed spectra. These computed spectra are then utilized to pretrain a model. Subsequently,
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the parameters within the feedforward neural network are refined using 56,955 experimental spectra.

The utilization of image fusion in the development of classification models is advantageous due to its ability to
effectively leverage the features present in FTIR spectrum images. This is particularly valuable as these images
encompass diverse spatial information. In recent years, CNN has emerged as a significant catalyst in shaping the
advancement of image fusion. In contrast to conventional image fusion algorithms, CNN-based image fusion algorithms
have the capability to extract a greater amount of feature information, resulting in enhanced image quality. Moreover,
these algorithms are versatile and may be applied to various image fusion applications. Chen et al. [24] employed CNN
network to analyze time series data, visual imaging, language processing, face recognition and age prediction NIR
spectral data with accuracy 91.4%. Jung H et al. [25] developed a deep image fusion network (DIF-Net) utilizing CNN
for the purpose of fusing multiple types of images.

Previous research presented by Ailing Tan et al. [26] has integrated wavelet transform into the architecture of CNN.
However, this approach introduces additional computational time as the CNN needs to learn filter weightage from the
images and perform wavelet transform tasks simultaneously. Moreover, it also adds complexity to the overall pipeline.
In addition to the absence of phase shift information, traditional wavelet-based features have certain limitations. These
features were extracted from individual images per class, unlike the wavelet scattering approach which necessitates a
deep training process that establishes connections between all images' wavelets per class on its scalogram. This process
involved a connected filtering process, like the weight learning process in CNN architecture. In order to tackle this issue,
the present research proposes employing wavelet composition via wavelet scattering that is taught separately from the
CNN architecture, requiring only minimum additional training time. To the best of our current understanding, there is a
lack of comprehensive investigation into the utilization of WS coefficients as textural features in the classification of
chemical compositions using CNN. In addition, it is crucial to construct a robust system by minimizing the number of
training images and employing optimal feature selection using WS coefficients. Significant existing works regarding
FTIR spectrum classification and prediction are summarized in Table 1.

Table 1. Comparison of different related work

Ref. | year Methods Dataset Accuracy Limitations
The NIR spectra of 100 samples
were collected using the visible
Support vector and near-infrared (VIS-NIR) The dataset is small to train and test
(18] | 2021 regression (SVR)  [spectrometer, which has a spectral 97.13% 10 98.82% model.
range of 300-1160 nm and 945
wavelengths.
KNN Four different datasets of MP_s ) Need to use different model where it
[19] | 2021 | Robust KNN model samples as PE, PET, PP, PS with 9}.9% with KNN was found that the KNN model
classifier more than 400 spectra were 97% with robust KNN model | performed not well on the samples
) applied with distortion feature,
-Imbalanced FTIR dataset. man?p%Ta??or:]nﬁaI;?gNrgltg: isr:w/ph;lc’t on
Ensemble learning - Kedzierski dataset containing % in first dataset SVM. whereas dataset imbalance h
[21] | 2022 | based on SVM, KNN 970 spectra, 94.19% in first datase » whereas dataset imbalance has 3
and RE - Jung dataset containing 798 94.% in second dataset greater impact on KNN ('SVM
spectra performs better than KNN in small
sample sizes).
Chemprop-IR based on| Four external data sources (NIST,
[23] | 2021 | DL and ensembling PNNL, AIST and Coblentz 96.9% Didn’t apply pre-processing on dataset
model Society)
[24] | 2020 CNN d;%%‘i?ammg The NIR spectral data 91.4% Need to enhance accuracy

3. Material and Methods

3.1. FTIR Instrument Measurements

The samples were assessed using attenuated total reflection (ATR)-FTIR spectroscopy with a Bruker Tensor 27
System (Bruker Optics GmbH) with a diamond platinum ATR-unit (Bruker Optics GmbH) in order to establish a
generic spectrum database. The absorbance spectra were captured using 32 scans at a resolution of 4 cm—1, covering the
range of 4000 to 400 cm™. Every measurement was carried out three times. A transmission mode measurement was
also performed on the chosen materials using a p FTIR microscope.

3.2. Preparation of Ligands and Metal Complexes

A total of 211 FTIR spectral images, representing three derivatives of organic compounds and their metal
complexes. There were synthesized by combining ethanolic solutions of different metal salts (MX2) with ethanolic
solutions of ligands. These samples were collected by the co-authors of this paper (Dr. Samar and Dr. Heba) and are
detailed in previous publications [27-31] as shown in Table 2.
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Table 2. Total FTIR classes and sample of them

Ref Year FTIR Class Name Number of Class Images
[27] 2019 Class1 Thiosemicarbazide ligand 6
[28] 2021 Class 2 Metal complexes of Thiosemicarbazide 55
[29] 2018 Class 3 Hydrazone 9
[31] 2021 Class 4 Antipyrine 14
[30] 2020 Class 5 Metal complexes of Hydrazone 61
[32] 2022 Class 6 Metal complexes of antipyrine 66

3.3. Deep Learning Models

The deep learning models employed include ResNet101, EfficientNetB0 and Wavelet scattering transform.

. ResNet101: It is an abbreviation for Residual Network. It is a CNN with 101 layers, which is specific type of
ResNet that has their specific residual block [33]. Instead of attempting to extract certain features, residual
learning extracts the residual. It has been demonstrated that training using these designs is more effective than
training with common deep CNN [34, 35]. The equation simplified representation of this model as shown in
equation 1.

y = Fx,wlw2|w3 + x 1)

where x is the input feature map to the block, w1, w2, w3 are the weights of the convolutions, respectively, F
is the composite function of these three convolutions with associated activation and batch normalization,
which the network will learn, y is the output feature map of the block.

. EfficientNetBO is a mobile network that employs a multi-objective network search to improve accuracy. It
depends on MobileNetv2. Also, employs a scaling procedure that consistently balances the width, depth, and
picture size dimensions utilizing an additive coefficient («, f, and y) [36, 37].

. Wavelet scattering transform network depicts its idea from deep neural networks, due to their shared
characteristics. Wavelets play a role in this process by providing a sparse representation of the input signal.
They achieve this by filtering out unnecessary information while retaining important details through a process
of averaging [38]. Formally, the scattering transform can be described with the equations as in [39]. The
equations below indicate the calculation of zero order, first order, and second order dispersion coefficients.

- Zero order:
Sox(t) = x = @(t) 2

where x is the input signal, * denotes convolution, and ¢ is a low pass filter.

- First order:
S1x(t, A1) = |x x A, | * $(t) @)
where A, is a wavelet at scale 4.
- Second order:
Spx(t, A1, A44) = [|x * A, |+ P = @ (2) (4)

3.4. Traditional Image Analysis Techniques for Feature Extraction

The research also includes a set of four features are utilized such as Intensity Histogram, Gray-Level Co-
occurrence Matrix (GLCM), Gray Level Run Length Matrix (GLRLM) and Invariant Moments. The objective is to
extract high-level and distinctive features suitable for classification tasks, as explained in the following details.

. Intensity Histogram: An intensity histogram represents the distribution of pixel intensities (gray levels) in an
image. It captures the underlying intensity characteristics. The histogram provides insights about the contrast,
brightness, and intensity distribution of an image [40]. The general formulation of it can be defined in equation
5 as follows:
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n;
pi== ()

where Pi is the probability of an intensity level i, n; represents the number of pixels that have an intensity
level of i, N represents the total number of pixels present in the image.

« The GLCM feature is employed to calculate various textural features of an image. These extracted features
include contrast, correlation, homogeneity, and several others. It's a powerful tool for texture analysis [41].

. The GLRLM feature captures the distribution of runs (consecutive pixels) of specific gray levels and lengths
in an image. It enables the computation of various texture features, including short run emphasis, long run
emphasis, run length non-uniformity, gray level non-uniformity and more. GLRLM provides another
perspective on the texture of an image [42].

. Invariant Moments: are a collection of seven moments that are invariant to image transformations, such as
translation, rotation, and scaling. These moments are particularly valuable in recognizing or describing a shape
in an image, regardless of its orientation, size, or position [43].

4. The Proposed Infrared Images Spectra Multi-class Classification Model

This section discusses in detail the proposed classification model for FTIR spectra images. The architecture of the
proposed model is shown in Fig.1. The proposed model involves three phases to enhance the model ability to accurately

differentiate between six classes of spectral data.
.I 2048 features

RaiseNet 101

Concentrated Features
4.[ 1280 features
Image Oversampling Effiecient NetB0 o
.[ 27 features
L

Input Images
Wavelet Scattering
Transform
Intensity histogram
GLCM 46 features
N GLRLM
Invariant Moments
Features Extraction Phase
| Thiosemcarbazide lig }
Metal complexes of
_ - - -
thiosemcarbazide ligands figures E
L (=3
=]
£
Hydrazone ligand R — =
2]
&
I
=
[ Antipyrine ligand ]4— =
=
]
=1
Metal complexes of
hydrazone ligands
Metal complexes of |
antipyrine ligands

Fig.1. The proposed classification model for FTIR spectra data

4.1. Phase 1: Image Oversampling

The initial phase addresses the common issue of class imbalance in the dataset. Due to the imbalanced nature of
input FTIR spectra images dataset and limited training data, especially for the smaller number classes. In this phase, the
model applies an image oversampling process. This involves randomly iterating the minority classes to equalize them
with the majority classes, by generating additional synthetic images for the less-represented samples. The random
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oversampling technique balances the representation of minority classes before feature extraction phase as indicated in
[44].

4.2. Phase 2: Feature Extraction

The second phase involves processing the FTIR spectra image data through multiple deep learning models as well
as traditional image analysis techniques. The deep learning models used include ResNet101, EfficientNetB0, and
Wavelet Scattering Transform. ResNet101 is a CNN with 101 layers that extracts 2048 distinct features from each
image. EfficientNetBO0 is a mobile network that extracts 1280 features. The Wavelet Scattering Transform extracts 27
features by filtering out unnecessary information and retaining important details through averaging. Traditional image
analysis techniques contribute an additional 46 features. These techniques include the Intensity Histogram, which
captures 6 features, the GLCM with 22 features, the GLRLM with 11 features, and Invariant Moments with 7 features.
The features extracted from both deep learning models and traditional techniques result in a concentrated set of 6000
features for each image.

4.3. Phase 3: CNN Architecture-based Classification

After feature extraction, the third phase involves using the CNN architecture for classification. The concentrated
features output is passed to the CNN architecture for classification. As depicted in Fig. 2, the CNN architecture
includes the following sequence of layers:

. Feature Input Layer: This layer initializes the input size, taking the features as input and normalizing them
using z-score normalization. This layer is responsible for preparing the input data for further processing. Let’s
represent the input vector as X is which has a size of "Numfeatures".

X = [xlﬂxZ' -y XNumfeatures ] (6)

«  Fully connected layers: These layers are responsible for learning complex patterns in the input features. Each
neuron in these layers is connected to all neurons in the previous layer, enabling them to learn from all features
simultaneously. This layer contains 500 neurons.

A =W, XX +b @

Where W is a 500 Numfeatures weight matrix. Each row of this matrix corresponds to a neuron in a neural
network, and each column corresponds to a weight for each input feature, b, is a bias vector of size 500 X1,
A is the output vector of size 5001 matrix before applying the activation function.

. Dropout layers: Each fully connected layer is combined with dropout layers for regularization and batch
normalization layers to stabilize and speed up the training. A dropout layer with a dropout rate of 0.5
randomly deactivates half of the neurons in the previous layer during training, helping to prevent overfitting.

. The batch normalization layers: These layers normalize the activations of the previous layer and reducing the
internal covariate shift during training. Batch normalization is performed in smaller batches rather than using
the entire dataset. It is accomplished by fixing the means ug and variance o3 of each input layer during the
normalization step as shown in two equations below.

Hp = — XM x; ®)

of =~ (x; — p)? ©)

where B denotes the mini batch of the size m of the whole training set.

« The ReLU layers: The rectified linear unit (ReLU) is an activation function introducing non-linearity. The
adoption of ReLU prevents the neural network's computation from growing exponentially. It also avoids the
vanishing gradient problem. The ReLU layer returns O if any negative input is received; even though the
function returns the positive value it receives for x as shown in equation 10 below.

0 forx<0

x forx=0 (10)

R(x) :{

. The SoftMax Layer: is used in multi-class classification task. It is typically applied to the output of the last
fully connected layer of a CNN architecture. It transforms the raw output values, represented as a vector of
logits Z , into probability scores for each of the six classes. The probability of a data point belonging to each
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individual class is provided by the SoftMax Activation function as shown in equation 11 below. These
probabilities are the model predictions for each of the six classes.

eZi

.
o(z); = S

(1)

where Z is the input vector, e is the exponential function for input vector, K is the number of classes, e? is
the exponential function for output vector.

. Classification Layer: This layer produces the final classification results in a multi-output classification task. It
classifies the input into one of six distinct classes:

Thiosemcarbazide ligands

Metal complexes of thiosemcarbazide ligands figures

Hydrazone ligand
Antipyrine ligand

Metal complexes of hydrazone ligands
Metal complexes of antipyrine ligands

Feature Input Layer
(NumFeatures, "Normalization, "zscore’)

]

| Fully Connected Layer (500} ‘

Dropout layer (0.5)

Dropout layer {0.5)

[ Fully Connected Layer (50)

]

Dropout layer {0.5)

| Fully Connected Layer (100) ‘ |

Fully Connected Layer (50)

Batch Normalization layer

Dropout layer (0.5)

RelLU layer

[ Fully Connected Layer (50}

Batch Normalization layer

Fully Connected Layer (50)

RelU layer

| Fully Connected LayerinumClasses)

.

Softmax Layer

|

[ Batch Normalization layer ] | Batch Normalization layer | [
RelU layer RelU layer
i
| ) l .
[ Fully Connected Layer{100) ] | Fully Connected Layer{100) | .

Fig.2. The proposed CNN architecture

The CNN architecture was trained using the Adam optimizer, which iteratively updates the network weights during
training [45]. As shown in Table 3, several parameters were employed to train the model. The initial learning rate was
set to 0.001, indicating the step size at which the weights are adjusted. This learning rate was reduced by a factor of 0.5
every 5 epochs. The training process reach over 200 epochs. The neural network training process involved using a batch

Classification Layer

size of 16, which determined the number of samples utilized in each epoch.

Table 3. Parameters value utilized by adam optimizer

Evaluation Measures

Testing Results

Accuracy 0.9111
Error Rate 0.0889
Sensitivity 0.8963
Precision 0.8963
False Positive Rate 0.0176
Accuracy 0.9111

Volume 16 (2024), Issue 4

The proposed image classification network combines traditional feature extraction methods with a robust CNN
architecture to achieve high accuracy in classifying images into specific chemical ligand classes.
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5. Experimental Results and Evaluations

The results of the proposed model and evaluation metrics of the experiments are presented in this section. The
experiments were conducted using a GPU optimized for MATLAB R2022b software. All experimental tasks were
managed by the GPU on a computer equipped with a core i7 processor and 16 GB of RAM.

5.1. Dataset Preparation and Oversampling

Initially, after collecting the dataset, the FTIR spectra images were resized to ensure uniformity across all image
files. To address the class imbalance in the image data, an oversampling process was employed. The initial dataset
consisted of 211 image files with an uneven number of samples across different classes. To achieve a balanced
distribution, additional copies of image files were created within the underrepresented classes through oversampling.
This increased the total number of image files to 294, with each class containing 49 samples. The before and after states
of the oversampling process are illustrated in Fig.3 below.

50 T

40

Frequency

10

40

Frequency
g

N
=3

10

(b)

Fig.3. The oversampling process. (a) Before oversampling. (b) After oversampling

5.2. Classification Results

Fig.4 shows the evaluation of accuracy results for six classes using a confusion matrix. The confusion matrix
shows the performance of a multi-output classification provides a visual representation for each class. The model
achieved an overall accuracy of 91.11%, indicating well performance. Also, all classes have a true positive rate of 100%,
indicating that the model is able to accurately classify images of these classes.
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Fig.4. The confusion matrix of six classes in testing accuracy results

5.3. Evaluation Metrics

Table 4 summarizes the evaluation results of the proposed model in testing results. Several metrics are employed
to measure the performance such as accuracy, Error, Sensitivity, precision, False Positive Rate, F1_score, F-Measure,
Matthews Correlation Coefficient and Kappa. The definitions of the metrics are as follows:

TP+TN

Accuracy = TPITNIFNTFP (12)
Error_Rate = il (13)

N

ppr s TP
Sensitivity = —— (14)
Precision = — (15)

TP+FP
False Positive Rate = —— (16)

TN+FP
F1_Score = S L1 — 17)
2TP+FP+FN
. .. TPXTN—FPXFN

Matthews Correlation Coef ficient = N R T TR (18)
Kappa = Z—Ph (19)

1-pr

where TP is the True Positive, FP is the False Positive, FN is the False Negative, TN is the True Negative, N is the
total number of cases, p, is the relative observed agreement among raters, p;, is the hypothetical probability of chance
agreement.

The high accuracy (0.9111) indicates that the model correctly predicted outcomes in most cases. The low error rate
(0.0889) shows minimal errors. High sensitivity (0.8963) and precision (0.8963) indicate effective identification of
positive cases and correct positive predictions, respectively. The low false positive rate (0.0176) proposes accurate
identification of negative cases. The F1 score (0.8963), Matthew's correlation coefficient (0.8787), and Kappa value
(0.6800) further confirm the model's robust performance and reliable agreement between predicted and actual outcomes.

Volume 16 (2024), Issue 4 31



Infrared Images Spectra Multi-class Classification Model Based on Deep Learning

Table 4. Overall results of evaluation

Evaluation Measures Testing Results
Accuracy 0.9111
Error Rate 0.0889
Sensitivity 0.8963
Precision 0.8963
False Positive Rate 0.0176
F1_score 0.8963
Matthews Correlation Coefficient 0.8787
Kappa 0.6800

5.4. Training Progress

The FTIR spectra images dataset was split into training (70%), validation (15%), and testing (15%) sets to evaluate
the proposed model performance. Fig.5 shows the training accuracy versus loss curve, indicating model performance
during training. Training was performed over 200 epochs each including 6 iterations and summing up to a total of 1200
iterations. The model achieved high training accuracy (0.9111), indicating effective learning of underlying patterns
from data. The total training time was 46 seconds. This indicates that the model was updated frequently during training
contributing to high accuracy. The validation frequency of 30 iterations allowed for regular monitoring of the model
performance on unseen data, which is important for preventing overfitting.

Training Progress (15-Sep-2023 00:47:08) Results
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Fig.5. Training progress accuracy and loss curves for the proposed model

5.5. ROC Curve Analysis

Receiver Operating Characteristic (ROC) curve analysis was performed on the testing dataset to evaluate model
performance. As displayed in Fig. 6, the x- axis represent false positive rate (1-specificity), and another y- axis is the
true positive rate (sensitivity). The ROC curve illustrates the trade-off between sensitivity and specificity [46].

5.6. Histogram Visualization of Weights and Biases

Histogram visualization of Weights for FC 500 Layer provide visualization of the distribution of weights and
biases in a fully connected layer with 500 neurons [47]. In Fig.7, The x- axis represents weight value and y-axis
represents frequency. This can be effective for understanding the spread and range of weights within the layer, which
can give insights into the learning process. Also, in Fig.8, The x- axis represents biases value and y-axis represents
frequency. This help to give insights into the distribution of biases and help in understanding the behaviour of the layer.
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5.7. t-SNE Feature Analysis

The The extracted features were analyzed using t-distributed Stochastic Neighbor Embedding (t-SNE) to visualize
high-dimensional data in two dimensions [48]. Fig. 9. shows the 2D t-SNE visualization of the feature space, indicating
that most classes are well separated. However, the poor separation of " Class 3 - hydrazone ligand " and " Class 4 -
Metal complex Hydrazone ligand ", indicating that some shared features or similarities.

10'0 2D t-SNE Visualization of the Feature Space
15 T T T
*  Class 2 Metal complexes of thicsemcazide 12-9-2023 | i
®  Class 3 hydrazone kgand 12-9-2023 "
Class 8 metal complex of anbipyrine 13-9-2023 :
*®  Class1 Thiosemicarbazide ligand 12-9-2023 i ]
*  Class4 Metal complex Hydrazone ligand 12-9-2023 oo ]
1 ClassS ligand of antipyrine 13.9-2023 '{ - &
b
N | . -
2 0
=]
@
g
£ N .
[a] - e
= el ® 5 . Vagee
g o o o ot
< K . i’!{la
. ™
05 -
1 1 1 1 1
3 25 2 15 -1 05 0 05
t-SNE Dimension 1 1010

Fig.9. The 2D t-SNE visualization of the feature Space indicating relationships between classes

The discussion of the above results presented in this section is summarized in the following. The challenge of
interpreting spectral data for chemical compounds is a big problem facing chemists for classification and prediction of
classes. The feature extraction phase from the data simplifies the complexity. It helps increase the performance of the
analysis process from FTIR spectra images dataset, com-pared to traditional methods used by chemists. In addition, the
proposed classification model for FTIR spectra images in chemometrics field, effectively classifies images based on six
ligand and metal complex classes. Despite the limitation of the availability of large and diverse FTIR image datasets,
the proposed model demonstrates significant promise for future applications in chemometrics and other fields requiring
precise chemical compound characterization.

6. Conclusion and Future Work

This paper presents an efficient model for classifying FTIR spectra images using integrated deep learning models.
Combining ResNet101, EfficientNetBO, and Wavelet Scattering Transform (WST) with traditional image analysis
techniques ensures the extraction of high-dimensional, distinctive features from FTIR spectra images. The CNN-based
classification model successfully categorizes these images into six classes, demonstrating higher accuracy. The
proposed model addresses the essential challenges of small and imbalanced datasets through an effective image
oversampling technique, thus optimizing the training process. Despite the limitations of the availability of large and
diverse FTIR image datasets, the proposed model shows significant promise for future applications in chemometrics
and other fields requiring precise chemical compound characterization. Future research will focus on extending the
model to classify additional FTIR spectroscopy images based on their chemical characteristics.
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