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ABSTRACT

An important role in component analysis with spectral methods has a spectral resolution of used tools. The most
useful and perspective methods to improve spectral resolution is decreasing of impulse response function (IRF) and
improving resolution using superresolution (SR) reconstruction methods. We have analyzed different types of neural
networks (convolution neural network, multilayered perceptron) for improving the spectral resolution of initial
absorption spectra. The used approach is based on an association of a high-resolution and a low-resolution spectrum.
The latter was constructed from high-resolution spectra to which IRF and some random noise were added. Highresolution spectra were generated using the HITRAN database. Most optimal architectures of neural networks to improve
spectral resolution were defined.
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1. INTRODUCTION
Superresolution is a method, which allows recovering a high-resolution (HR) image from a low-resolution (LR)
one. In general, low-resolution images 𝐼𝑥 can be modelled as output of the following degradation function [1]:
𝐼𝑥 = 𝐷(𝐼𝑦 ; 𝛿)

(1)

where D denotes degradation mapping function, 𝐼𝑦 – HR image, 𝛿 – degradation parameters, such as scaling coefficient,
noises, impulse response functions of equipment [2] and others. Generally, degradation function (e.g., D and 𝛿) are
unknown, and only LR images are provided. Also, in degradation function can be various nonlinear parameters such as
compression artifacts, anisotropic degradations. For model developing, researchers use downsampling operations as
degradation function:
𝐷(𝐼𝑦 ; 𝛿) = (𝐼𝑦 ) ↓𝑠 {𝑆} ⊂ 𝛿

(2)

where ↓𝑠 is downsampling operation with some scaling factor S., most datasets for generic SR are built based on this
pattern, and the most commonly used downsampling operation is bicubic interpolation with antialiasing. However, there
are other works [3] modeling degradation as a combination of several operations:
𝐷(𝐼𝑦 ; 𝛿) = (𝐼𝑦 ⊗ 𝑘) ↓𝑠 + 𝑛𝜍 {𝑘, 𝑠, 𝜍} ⊂ 𝛿

(2)

where (𝐼𝑦 ⊗ 𝑘) represents the convolution between a blur kernel 𝑘 and the HR image 𝐼𝑦 , and 𝑛𝜍 is some additive white
Gaussian noise with standard deviation 𝜍.
In general, the SR reconstruction approach has a wide range of real-world applications such as medical imaging
[4], [5], [6], surveillance, security [7], [8], lases spectroscopy [9][10] and others.
In this paper, several artificial neural network (ANN) architectures have been tested and compared, such as
multilayer perceptron and convolutional neural networks for a gas mixture absorption spectra SR reconstruction.

2. ANN TRAINING AND TESTING DATA GENERATION
For ANN training and testing, a dataset of high-resolution spectra with different values of concentrations for
various components was generated using the HITRAN database [11]. We used gas mixtures of C2H2, CS, CO, HI, HC1,
H2O, NH3, O3. Generated absorption spectra were limited by the following conditions:
1.
2.
3.
4.
5.
6.

Wavenumber range from 900 cm-1 to 7400 cm-1 (0,9091 − 7,4 𝜇𝑚);
Temperature T = 296 K;
Pressure P = 1 atm;
Profile: Voigt;
Wing: 50 HW;
Scut: 1e-28 cm/mol

Concentrations were randomized for creating a gas mixes dataset. An example of the generated absorption
spectrum of a gas mixture is shown in Figure 1.

Figure 1 – Generated high-resolution spectrum
For generating training and testing datasets with HR spectra and LR spectra, HR spectra were processed with a
degradation function. We used a Gaussian filter:
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(3)

where 𝜎 is the standard deviation. The result of the high-resolution spectrum transformation with the Gaussian filter is
shown in Figure 2.

Figure 2 – Generated low-resolution spectrum

3. NETWORKS ARCHITECTURE
Multilayered perceptron (MLP) and convolutional neural network architectures were chosen for simulation. The
developed MLP-architecture was shown in Figure 3.

Figure 3 – MLP architecture
The MLP input and output vector dimensions are the same to construct an association between a LR and a HR
spectrum. Six hidden layers with the ReLU activation function were used [12].
Autoencoder architecture based on deep convolutional neural networks (DCNN) is often used for solving audiosignal [13], [14], and image SR problems, so such architecture was chosen for testing and comparing. For comparing two
different implementations of autoencoder based on DCNN was developed. The difference is that the second neural
network use cross-connections and various types of layers. The architecture of the first network (CNN1) is shown in
Figure 4.

Figure 4 – CNN1 architecture

In this network, Conv2D and Conv2DTransposed layers were used. These layers work with 2-dimensional input
data, so the input vector for 6400 elements was reshaped to 80x80 matrix, which was reshaped to a single-dimensional
vector again after the neural network is finished its work. The ReLU activation function was used for all layers.
The second convolutional neural network was built using autoencoder architecture too, but it used
MaxPooling2D layer and UpSampling2D layer, which helps to determine and pick most important data for each step.
Also, these layers are used for downsampling (MaxPooling2D) and the next upsampling (UpSampling2D) of input data.
The second convolutional neural network (CNN2) architecture is shown in Figure 5.

Figure 5 – CNN2 architecture

4. NETWORKS TRAINING AND TESTING
For network training and testing, the dataset for 10000 absorption spectra was generated using described above
components with various concentrations. Then 10000 high-resolution spectra were transformed into low-resolution ones.
Network learning quality was tested on three different variants of training and testing sets ratio (70% / 30%,
80% / 20%, 60% / 40%).
The result of the work learned MLP (70x30) is shown in Figure 6.

Figure 6 – Result of MLP application for spectrum resolution reconstruction

For spectrum resolution quality estimation, a Pearson-like correlation coefficient was used [15]. This coefficient
shows how predicted by the neural network spectrum is close to the HR spectrum. The formula for the Pearson-like
correlation coefficient is as follows:
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(4)

where 𝑋𝑖 , 𝑌𝑖 – absorption coefficients of compared spectra at the same wavenumber. It's important to note that the
dimension of the compared spectra must be the same. The calculated Pearson-like correlation coefficient was converted
to a percentage scale, to show the efficiency of ANN work and shown in Table 1.

Table 1 – Comparison of neural networks efficiency

MLP
CNN1
CNN2
MLP
CNN1
CNN2
MLPа
CNN1
CNN2

Min (%)
Spectra split 70% by 30%
84,5
39
64,57
Spectra split 80% by 20%
84,64
34,62
67,22
Spectra split 60% by 40%
84,23
33,45
64,4

Max (%)

Average (%)

97,34
83,86
91,35

95,14
75,47
87,78

97,71
87,3
91,18

95,36
79,84
87,87

96,11
81,25
90,89

94,24
73,2
87,45

Distribution graph, which shows how the percentage of efficiency is distributed by testing dataset (1650 spectra)
is shown below:

Figure 7 – Neural network application efficiency distribution
On the left side of figure 7, the distribution of correlation between HR spectra and neural network prediction
results is shown, the distribution of the percentage of efficiency is on the right side. We can see that for the MLP
network, 98% of spectra is recovered for 95% efficiency.

5. CONCLUSION
The presented results show that a spectrum resolution improving quality using ANN is good enough. CNN,
which uses only on Conv2D layers, provides the average correlation coefficient of about 75%. CNN, which uses
MaxPooling2D and UpSampling2D, provides the average correlation coefficient of about 87%. The best result (95%) has
been obtained using MLP. The correlation coefficient distribution has a nonsymmetric shape with a right-shifted
maximum. It shows that there are fewer bad recovery results than good ones.
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