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The object of this study is spectroscopic data from chemical, 
organic compounds, and physical experiments, characterized by 
signal complexity, low signal-to-noise ratio, and significant vari-
ability of acquisition conditions. The problem addressed is to 
improve the accuracy and stability of spectral data analysis in the 
tasks of identification and quantification of components, in par-
ticular under conditions of noise, variable baselines, and exper-
imental parameters. The essence of the results is the designed 
optimized complex neural network model (CNN+LSTM), which 
provides high resistance to noise and variability of experimental 
parameters. The constructed neural network model of spectral 
analysis achieved concentration prediction accuracy at the level 
of R2 = 0.98 with RMSE less than 5 %, which significantly exceeds 
conventional methods. The implementation includes the use of 
modern optimizers for stable learning and software implementa-
tion in Python using the TensorFlow/Keras libraries. The features 
and differences that made it possible to solve the problem under 
consideration include development of the algorithm of automatic 
normalization of spectra, construction of synthetic training data 
set, adaptation of the model to low signal-to-noise ratio and resis-
tance to changes under experimental conditions. The results are 
explained by the ability of the proposed neural network archi-
tecture to model nonlinear dependences, automatically allo-
cate re levant features, and compensate for noise effects, which 
is critical for working with spectral data. The conditions of use 
in practice include pharmaceutical analysis tasks, environmen-
tal monitoring, physical and chemical analysis of complex multi-
component systems, especially with limited experimental resour
ces and variable external factors
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1. Introduction

Spectroscopy is one of the key tools of modern science 
and technology, enabling acquisition of accurate information 
about the composition, structure, and properties of materials. 
Its methods are widely used in pharmaceuticals for quality 
control of drugs and detection of impurities, in ecology for 
monitoring environmental pollution. In the chemical indus­
try, spectroscopic methods help determine the composition 
of raw materials and products, and in medicine they make 
it possible to diagnose diseases based on the analysis of bio­
logical tissues and fluids. In materials science, spectroscopic 
methods are used to study innovative materials. In addition, 
spectroscopic methods, such as infrared spectroscopy, Raman 
spectroscopy, ultraviolet spectroscopy, and mass spectrome­
try, are increasingly integrated into the concept of a "smart 
laboratory", where process automation becomes the basis for 
effective analysis. 

Despite the significant potential of spectroscopy, its prac­
tical use is accompanied by a number of challenges. Modern 
devices generate huge amounts of spectral data, the process­
ing of which in real time requires the introduction of new 
technologies. The interpretation of spectral signals is becom­
ing increasingly difficult due to overlapping peaks, which 
makes it difficult to extract useful information, especially in 

multicomponent systems. The presence of noise caused by 
instruments, background signals, or external influences also 
complicates analysis as it masks weak but important signals. 
In addition, conventional analysis methods, such as PCA 
and PLS, often require significant time and computational 
resources, which is impractical for large amounts of data [1]. 
The implementation of deep learning methods allows to 
significantly increase the accuracy and speed of spectral data 
processing, ensuring automatic extraction of key features and 
adaptation to changing experimental conditions [2]. However, 
the main problems are the dependence of neural networks on 
the quality of the training data set, the difficulty of working 
with signals with low signal-to-noise ratio and overlapping 
spectral bands [3]. To solve these problems, a number of 
works [3, 4] proposed the use of synthetic spectral data, which 
makes it possible to simulate real conditions and increase the 
stability of models to data variability.

Along with this, it should be noted that the efficiency of 
spectral analysis is significantly improved by combined methods  
that combine convolutional neural networks (CNNs) for ana­
lyzing local features of spectra and recurrent networks (LSTM) 
for processing global patterns, which makes it possible to take 
into account sequential dependences between parts of the 
spectrum [5]. This combination is a promising approach to 
overcome the limitations of classical methods of spectroscopic  
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analysis and opens up new opportunities for its application in 
pharmaceutical analysis, environmental monitoring, and the 
chemical industry. Therefore, research on devising effective 
methods for processing spectroscopic data using deep neural 
networks, in particular CNN and LSTM, is a relevant task that 
requires further study. The development of such approaches 
will ensure the accuracy and reliability of analysis even under 
difficult experimental conditions and will open up new oppor­
tunities for the automation of spectral analysis [6, 7].

2. Literature review and problem statement

In [1], conventional spectral analysis methods such as PCA  
and PLS were compared with deep neural networks; it was 
shown that the latter provide higher accuracy for nonlinear 
modeling tasks but require significant computational resources. 
In [2], the application of deep neural networks for spectral 
analysis was considered; their ability to extract key features 
in the data with high accuracy was revealed. It was also noted 
that there are difficulties in adapting to conditions with high 
noise levels and variable experimental parameters due to de­
pendence on the quality of the training set. In [3], the use of 
CNN for the analysis of local spectral features was investigated;  
it was shown that such models effectively process local fea­
tures, in particular peaks, but do not take into account global 
patterns, which is a limitation of their architecture. A solution 
to this problem may be the combination of CNN with LSTM, 
as proposed in [4], which describes the construction of a syn­
thetic dataset for testing machine learning models that classify 
spectroscopic data and determine the importance of nonlinear  
activation functions for categorization accuracy. In [5], an 
automatic normalization method of spectra is presented, 
which makes it possible to reduce the influence of noise and 
baseline shifts, but there is still the problem of modeling real 
conditions, such as changes in experimental equipment. The 
creation of synthetic spectra that take into account data vari­
ability and real analysis conditions is considered as a potential 
solution to this problem.

In [6], various architectures of artificial neural net­
works (ANNs), their applications for categorization and re­
gression, as well as a comparison with conventional chemo­
metric methods are considered. Significant advantages of 
ANNs in detecting complex patterns are shown, but high com­
putational costs and dependence on large training samples 
are indicated. In [7], machine learning methods are applied 
to the automatic identification and quantitative analysis of 
illegal substances using Raman spectroscopy. Such combined 
methods, including genetic algorithms and neural networks, 
demonstrate higher accuracy compared to conventional sta­
tistical approaches. Further development of approaches to 
spectral analysis is reported in [8], in which the use of CNN 
for the identification of chemical compounds based on Ra­
man spectroscopy is proposed. CNNs are shown to provide 
high categorization accuracy without pre-processing, outper­
forming other methods such as SVM. However, the problem 
of taking into account global patterns of spectral signals 
remains. Paper [9] describes the use of convolutional neural 
networks for parallel processing of spectral data by analyzing 
the eigenvalues of the Laplacian of the network, which makes 
it possible to increase the categorization accuracy by taking 
into account more complex patterns. And study [10] summa­
rizes the achievements of machine learning in chemistry, in 
particular in predicting the properties of molecules, studying 

reactivity, and optimizing synthesis. The importance of inte­
grating new approaches to neural networks and spectral data 
analysis is emphasized.

Our review of the literature reveals that conventional spec­
tral analysis methods have limited ability to detect complex 
patterns [1, 6], while deep neural networks provide higher 
accuracy but require significant resources and large samples. 
CNNs are effective for analyzing local features of the spec­
trum but do not take into account global signal patterns, 
which limits their application [3, 8]. Combining CNN with 
LSTM is a promising direction but requires improvement to 
increase resistance to variability of experimental conditions 
and noise [4, 7]. Modern methods of automatic normalization 
of spectra and generation of synthetic training data reduce 
the influence of experimental artifacts but do not provide 
full adaptation of models to changes in measurement con­
ditions [5, 9]. The importance of integrating deep learning 
methods into spectroscopic analysis has been recognized 
in a number of studies but universal solutions for working 
with a wide range of experimental data are still lacking [10]. 
Thus, research on the development of effective spectroscopic 
analysis models capable of ensuring high accuracy of research 
under variable experimental conditions is advisable.

3. The aim and objectives of the study

The aim of our study is to develop an optimized complex 
neural net work model (CNN+LSTM), which will enable ef­
fective spectroscopic research.

To achieve the goal, the following tasks were set:
– to develop an algorithm for preprocessing spectral data;
– to propose a scheme of a neural network model and an 

algorithm for its training;
– to programmatically implement and test the developed 

neural network model;
– to validate the model on real spectral data.

4. The study materials and methods 

4. 1. The object and hypothesis of the study
The object of our study is spectral data acquired by using 

various spectroscopy methods, as well as their analysis using 
neural networks. The main attention is focused on the tasks 
of categorization, regression, and detection of characteristic 
features in spectral signals.

The hypothesis of the study assumes that the use of deep 
neural networks makes it possible to increase the accuracy of 
identification and quantification of spectral data components. 
This approach provides resistance to noise, baseline variations 
and changes in experimental parameters, which is superior to 
conventional analysis methods.

The study assumes that spectral data contain sufficient 
information even under conditions of noise and peak overlap. 
Synthetic data adequately reflect real spectra, and the model 
trained on them is able to generalize patterns. Spectral data 
are considered as one-dimensional sequences, which makes it 
possible to use CNN and LSTM. Cases with very low signal-to-
noise ratio (<5) and adaptation to new types of spectrometers 
are not considered. The impact of the AdamW and RAdam 
optimizers on the architecture was not analyzed separately. 
These assumptions are important to consider when applying 
the results.
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4. 2. Justification of noise reduction methods
The effective application of machine learning in spectro­

scopy depends on the preparation of input data, in particular, 
normalization of spectra to reduce noise. Noise can arise due 
to the heterogeneity of measurement conditions or instru­
ment limitations. To eliminate them, minimax normalization, 
standard scaling, and baseline smoothing methods are used, 
which standardize spectra for further processing by machine 
learning models.

Let S(λ) be a spectrum, where λ represents the wave­
length, and S(λ) is the corresponding intensity. Normalization 
of the spectrum was implemented [11] by scaling the intensity 
to the standard interval [0,1]:

S
S S
S Snorm λ

λ( ) =
( ) −

−
min

max min
,	 (1)

where Smin = min(S(λ)), Smax = max(S(λ)). To eliminate noise, 
a smoothing algorithm was used, namely the Savitsky-Goley 
filter [12]:

S c S ksmooth k
k n

n
λ λ λ( ) = +( )

=−
∑ ∆ ,	 (2)

where ck are the coefficients of the smoothing filter, n is the 
width of the smoothing window.

The uniqueness of our study is the use of synthetic spectra 
to expand the training set, which simulates real conditions. 
This makes it possible to create spectra with variability cha
racteristic of rare materials or specific conditions. Synthetic 
spectra are formed by adding to the base spectrum S0(λ) the 
modeling noise ε(λ), generated according to a certain distri­
bution (normal – for modeling noise in typical physical sys­
tems; Poisson – for describing photon noise in spectroscopy):

S Ssint λ λ ε λ( ) = ( ) + ( )0 ,	 (3)

where ε(λ) ∼ N(0,σ2), and σ is the standard deviation that mo­
dels the noise level.

To simulate real-world conditions, intensity variations, 
baseline shifts, and the effect of hardware noise are included. 
Such effects can be taken into account by additional transfor­
mations:

S a S brealistic sync deviceλ λ λ ε λ( ) = ⋅ +( ) + + ( )∆ ,	 (4)

where a is the scale factor, Δλ is the wavelength shift, b is the 
baseline shift, εdevice(λ) is the noise inherent in a particular 
device. Such processing of input data makes it possible not 
only to ensure high quality of analysis but also to reduce the 
influence of systematic errors, which is an important factor 
for the implementation of machine learning methods in spec­
troscopic practice.

4. 3. Formalization of the neural network architec­
ture and selection of optimization methods

Below is a mathematical description of a combined neu­
ral network (CNN+LSTM) [13], which contains input data, 
a  convolution function, a recurrent transformation, a feature 
connection mechanism, training, and selection of the opti­
mizer, as well as a mechanism for preventing overtraining.

Input data. Let X∈Rn×d be a matrix of spectral data, where 
n is the number of spectra, and d is the number of points in 
each spectrum (wavelengths or masses).

Local processing (CNN). Convolutional layers are used to 
extract local features. The convolutional layer calculates:

h W X b( ) ( ) ( )Re ,  = ∗ +( )LU 	 (5)

where W(l) is the convolution kernel for layer l; b(l) is the shift; 
* is the convolution operation; ReLU(x) = max(0,x) is the acti­
vation function.

After several convolutional layers, subsampling layers (Pool­
ing) are applied to reduce the dimensionality:

p h( ) ( )( ), = maxpool 	 (6)

where maxpool takes the maximum values in local windows.
Global processing (LSTM). The convolutional features are 

fed to a recurrent layer (LSTM), which processes the sequence:

f W h c bt f t t f= ⋅   +( )−σ , ,1 	 (7)

i W h c bt i t t i= ⋅   +( )−σ , ,1 	 (8)

o W h c bt o t t o= ⋅   +( )−σ , ,1 	 (9)

c f c i W h bt t t t c t c= ⋅ + ⋅ ⋅ +( )−1 tanh ,	 (10)

h o ct t t= ⋅ ( )tanh ,	 (11)

where ft, it, ot are, respectively, signals of forgetting, input 
and output; ct – memory state; ht – LSTM output at time t; 
σ x e x( ) = +( )−1 1  – sigmoid; Wf, Wi, Wo, Wc – weights.

Connection of local and global features. The outputs of 
CNN p( )( ) and LSTM (ht) are combined via the formula:

z p ht= concat( , ),( ) 	 (12)

where concat is the concatenation operation. This makes it 
possible to combine local and global features.

Output layer. The combined features are fed to the fully 
connected layer according to the formula:

y W z b= ⋅ +( )softmax 0 0 ,	 (13)

where y is the initial probability for each class (or regres­
sion value).

Network training and optimization selection. Network train­
ing is performed using the error backpropagation method using 
the loss function, depending on the task:

– for categorization: L
n

y yij ij
j

k

i

n
= − ( )

==
∑∑1

11
log ,  where yij is 

the true probability, yij
  – the predicted probability;

– for regression: L
n

y yi i
i

n
= − −( )

=
∑1 2

1

 .

Effective training of deep neural networks largely depends 
on the choice of optimization algorithm [14]. The main idea 
of AdamW (Adaptive Moment Estimation with Weight Decay) 
is to separate the weight decay from the adaptive gradient 
update, which improves the overall generalization ability of 
the model. The formulas for parameter update are as follows:

m m gt t t= + −( )−β β1 1 11 ,	 (14)

v m gt t t= + −( )−β β2 1 2
21 ,	 (15)
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where gt is the gradient of the loss function at time t; mt, vt are the 
first and second moments of the gradient; β1, β2 are the damping 
coefficients (usually, β1 = 0.9, β2 = 0.999); η is the learning rate;  
λ is the weight damping coefficient; ε is a small additional value 
to avoid division by zero.

RAdam (Rectified Adam) is an improvement of the clas­
sical Adam, which adapts the learning process, taking into 
account the change in the step length at the initial stages 
of optimization, which makes it possible to avoid learning 
instability and improving convergence by calculating the cor­
rection for the scaling of the moments:

r t
tt =

−
−

2
4

, for t ≥ 4.	 (18)

Updating the parameters is modified as follows:

θ θ η
ε

t t t
t

t

r m

v
+ = −

+
1

�

�
,	 (19)

where rt is the correction factor, which depends on the step t. 
The advantages of RAdam include a stable start of training, 
even for complex models, and more efficient use of training 
data in the early stages.

Overtraining prevention. Overtraining in neural networks 
can be avoided using the regular weight update method, 
which combines weight decay and stochastic weight reloading. 
Weight decay reduces the weight values to simplify the model, 
and reloading with random noise helps avoid local minima 
and prevent overtraining [15].

Weight decay. Weight updates taking into account weight 
decay are performed according to the formula:

θ θ η
θ

ηλθt t
t

t
L

+ = −
∂
∂

−1 ,	 (20)

where θt – weights at iteration t; η – learning rate; λ – weight 
decay coefficient; ∂ ∂L tθ  – gradient of the loss function. Weight 
decay helps minimize the regularization term:

Lreg t=
λ

θ
2

2 .	 (21)

Stochastic weight reloading. After every Treset iterations, the 
weights are modified according to the rule:

θ α θ λθ εt t+ = −( ) + +1 01 ,	 (22)

where α∈[0,1] is the reloading factor; θ0 is the initial weight 
values; ε ∼ N(0,σ2) is a random noise with mean zero and va­
riance σ2. This approach avoids the accumulation of artifacts 
in the weight coefficients and facilitates the exploration of 
new regions of the parameter space.

Combined weight update. The general formula for weight 
update is:

θ
θ η

θ
ηλθ

α θ αθ ε
t

t
t

t reset

t

L t T
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−
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− ≠

−( ) + +
1

0

0
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,  if  mod 

,  if

,

   mod t Treset =







 0.

	 (23)

5. Results of investigating effectiveness of the 
combined model for spectroscopic analysis based on 

deep neural networks

5. 1. Algorithm for preprocessing spectral data
Neural networks for spectroscopic analysis make it pos

sible to automate data processing, detect hidden patterns, and 
provide high accuracy and stability of analysis for spectral 
signals [16, 17]. To reduce the influence of noise, an algorithm 
for automatic normalization of spectra was developed, which 
is shown in Fig. 1.

 
Fig. 1. Spectral data preprocessing algorithm

The developed algorithm includes normalization, smooth­
ing, baseline correction, and noise removal, which ensures 
the preparation of spectra for further analysis, increasing 
the resistance to experimental shifts. Optionally (Fig. 2), the 
spectrum variability check and the formation of synthetic 
data (Data Augmentation) were added to the main algorithm. 
If the spectrum has significant deviations due to experimental 
factors, PCA is used to identify key features, and in the case 
of a small or unstable training set, synthetic variants of the 
spectra are generated (adding noise, changing the baseline).

A typical result of the algorithm on synthetic data is shown 
in Fig. 3. The baseline spectrum, represented by the black  
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line, is a simulated ideal signal without noise. The normalized 
spectrum, indicated by the blue dashed line, shows the result 
of reducing the intensities to the interval [0, 1]. The colored 
lines represent synthetic spectra created by adding noise to 
the normalized spectrum to simulate real-world conditions.

 

Fig. 2. Spectrum variability checking 	
and data generation algorithm

 

Fig. 3. Normalization and synthetic 	
spectra (software generated)

The use of this set has made it possible to increase the 
resistance to variations in the baseline and to the noise 
level. Additionally, the resistance to variable experimental 
conditions was assessed. The calculation results show the 
dependence of the algorithm’s accuracy on the noise level and 
variations in the baseline. With a standard deviation of Gauss­
ian noise of 0.05, the accuracy is 98.75 %, at 0.10–96.43 %, and  
at 0.15–93.21 %. For a baseline shift of 0.05 (relative change 
in intensity), the accuracy is 99.50 %, for 0.10–98.00 %, and  
for 0.15–96.50 %. These values indicate a high resistance of 
the algorithm to changes in external conditions, where the 
loss of accuracy is only 2–3 %.

5. 2. Schematic of the neural network model and its 
training algorithm

Fig. 4 shows a schematic of the neural network model 
for spectral signal analysis. The proposed model consists of 
several key modules.

The algorithm of the neural network model is as follows. 
The input layer receives 1D spectral signals of dimensiona
lity (n, m), where n is the number of spectra in the set, and  
m is the number of spectrum points (1024 was chosen). Next, 

in the preprocessing module, the spectra are normalized to 
the interval [0,1], Gaussian smoothing is applied to remove 
noise, and automatic baseline correction is performed to com­
pensate for experimental shifts. CNN is responsible for detect­
ing local features of the spectrum, such as peaks and intensity 
gradients. It includes two Conv1D layers (the first with 32 fil­
ters, the second with 64, both with a 5×1 kernel and ReLU 
activation), which sequentially extract and amplify local fea­
tures. MaxPooling1D (size 2×1) reduces the dimensionality of 
the representation by selecting the most significant features. 
Batch Normalization stabilizes learning by normalizing acti­
vations, and Dropout (0.3) prevents overtraining by randomly 
turning off some neurons. LSTM is used to analyze global 
patterns in the spectrum, taking into account dependen
ces between neighboring points. It contains an LSTM layer 
with 64 memory units, tanh activation, and return_sequen
ces = True to pass structural information to subsequent layers. 
Dropout (0.3) reduces overtraining and Flatten transforms 
the output data into a vector for further analysis. The Fully 
Connected Module (FC) combines information obtained from 
the convolutional and recurrent layers. It contains two Dense 
layers: the first with 128 neurons (ReLU activation) for feature 
integration, the second with 64 neurons (ReLU activation) for 
an additional level of nonlinear analysis. Dropout (0.2) helps 
prevent overtraining. The last layer has one output neuron 
with Linear activation for regression or Softmax/Sigmoid for 
categorization. It is worth noting that the described neural 
network configuration was chosen as optimal after a series of 
numerical experiments.

 

Fig. 4. Neural network model diagram

Thus, the combined architecture of the neural network 
model in a generalized form contains at the input X∈Rn×d, lo­
cal and global features are processed by CNN layers (X → p(l)) 
and LSTM layers (X → ht), the merging is performed by 
z = concat(p(l), ht), and z → y is used to implement the fully 
connected layer.

Optimization and training of the model is carried out us­
ing the Mean Squared Error (MSE) loss function for regression  
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or Categorical Crossentropy for multi-class categorization. 
AdamW is used as the optimizer, which provides adaptive 
updating of weights. The model quality is assessed by the 
metrics R2 and RMSE in the case of regression and Accura­
cy for categorization. Training lasts from 50 to 100 epochs 
with the use of early stopping to prevent overtraining. The 
algorithm for implementing optimization and training is 
shown in Fig. 5.

 

Fig. 5. Neural network model training algorithm

The advantages of the algorithm include the avoidance 
of local minima since stochastic reloading of weights makes 
it possible to avoid stagnation in local minima of the loss 
function. Overtraining prevention is also implemented since 
weight damping controls the value of the weights, preventing 
them from increasing too much. In addition, the algorithm is 
adaptive, since the parameters Treset, α and σ can be adjusted 
according to the specific problem. The presented algorithm 
provides a kind of "jumping" between local minima, allowing 
us to find better global minima, which leads to a decrease in 
the loss function in a wider range.

5. 3. Software implementation of the neural net­
work model, performance evaluation, and comparative 
analysis

The software implementation of the neural network mo
del was carried out in Python using the TensorFlow/Keras 
libraries. The program code fragments that implement the 
combined neural network architecture for the main modu
les (Fig. 4) are given below.

The basic architecture of the neural network:

def create_cnn_lstm_model(input_shape):
input_layer=Input(shape=input_shape)
cnn=Conv1D(filters=32, kernel_size=5, activation=’relu’, 
padding=’same’)(input_layer)
cnn=MaxPooling1D(pool_size=2)(cnn)
cnn=Conv1D(filters=64, kernel_size=5, activation=’relu’, 
padding=’same’)(cnn)
cnn=MaxPooling1D(pool_size=2)(cnn)
cnn=Flatten()(cnn)
lstm=LSTM(units=64, return_sequences=False) 
(input_layer)
combined=Concatenate()([cnn, lstm])
output_layer=Dense(units=1, activation=’linear’)
(combined) # Наприклад, для регресії
model=Model(inputs=input_layer, outputs=output_layer)
model.compile(optimizer=’adam’, loss=’mean_squared_
error’, metrics=[‘mae’])
return model
model=create_cnn_lstm_model(input_shape).

The input layer accepts one-dimensional data (a spectrum 
of 1000 points is used). The CNN module uses convolutional 
layers (Conv1D) to detect local features such as spectrum 
peaks, and subsampling layers (MaxPooling1D) reduce the 
dimensionality and highlight important features. The LSTM 
module analyzes global dependences in the spectrum, model­
ing trends, and baseline changes. The local and global features 
are combined using the Concatenate layer. The output layer 
provides a prediction for the regression problem.

Adaptive neural network learning:

def create_adaptive_model(input_shape):
input_layer=Input(shape=input_shape)
cnn=Conv1D(filters=32, kernel_size=5, activation=’relu’, 
padding=’same’)(input_layer)
cnn=MaxPooling1D(pool_size=2)(cnn)
cnn=Conv1D(filters=64, kernel_size=5, activation=’relu’, 
padding=’same’)(cnn)
cnn=MaxPooling1D(pool_size=2)(cnn)
cnn=Flatten()(cnn)
lstm=LSTM(units=64, return_sequences=False, 
dropout=0.2, recurrent_dropout=0.2)(input_layer)
combined=Concatenate()([cnn, lstm])
dropout=Dropout(0.5)(combined) # Dropout to prevent 
overtraining
output_layer=Dense(units=1, activation=’linear’)
(dropout)
model=Model(inputs=input_layer, outputs=output_layer)
optimizer=Adam(learning_rate=0.001) # You can use 
AdamW or RAdam
model.compile(optimizer=optimizer, loss=’mean_
squared_error’, metrics=[‘mae’])
return model
input_shape=(1000, 1)
model=create_adaptive_model(input_shape)
batch_size=32
epochs=50
# adaptive reduction of learning speed
from tensorflow.keras.callbacks import 
ReduceLROnPlateau
lr_scheduler=ReduceLROnPlateau(monitor=’val_loss’, 
factor=0.5, patience=5, min_lr=1e-6, verbose=1).
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Here, the adaptive optimizer Adam automatically ad­
justs the learning rate for each parameter, and for greater 
flexibility it can be replaced with AdamW or RAdam. 
Dropout performs random "turning off" of neurons, which 
prevents overtraining. ReduceLROnPlateau dynamically re­
duces the learning rate if the model stops improving on the 
validation data. The model easily adapts to regression or 
categorization tasks by changing the output layer and the  
loss function.

Regularly updating weights to avoid overtraining:

class RegularizedModel(tf.keras.Model):
def __init__(self, base_model, weight_decay=1e-4, reset_
interval=10, reset_noise=1e-3):
super(RegularizedModel, self).__init__()
self.base_model=base_model
self.weight_decay=weight_decay
self.reset_interval=reset_interval
self.reset_noise=reset_noise
self.step=0 # Step counter
def train_step(self, data):
x, y=data
# Updating weights taking into account weight decay
with tf.GradientTape() as tape:
predictions=self.base_model(x, training=True)
loss=self.compiled_loss(y, predictions)
for layer in self.base_model.layers:
if hasattr(layer, ‘kernel’):
loss+=self.weight_decay * tf.reduce_sum(tf.square(layer.
kernel))
# Calculating and applying gradients
gradients=tape.gradient(loss, self.base_model.trainable_
variables)
self.optimizer.apply_gradients(zip(gradients, self.base_
model.trainable_variables))
self.compiled_metrics.update_state(y, predictions)
# Reload weights every ‘reset_interval’ steps
self.step+=1
if self.step % self.reset_interval==0:
for layer in self.base_model.layers:
if hasattr(layer, ‘kernel’):
noise=tf.random.normal(layer.kernel.shape, stddev=self.
reset_noise)
layer.kernel.assign_add(noise)
return {m.name: m.result() for m in self.metrics}
def create_base_model(input_shape):
input_layer=Input(shape=input_shape)
x=Dense(128, activation=’relu’)(input_layer)
x=Dense(64, activation=’relu’)(x)
output_layer=Dense(1, activation=’linear’)(x)
return Model(inputs=input_layer, outputs=output_layer)
input_shape=(100,)
batch_size=32
epochs=20
# =Creating a base model and wrapping it in 
a  RegularizedModel
base_model=create_base_model(input_shape)
regularized_model=RegularizedModel(base_model, 
weight_decay=1e-4, reset_interval=10, reset_noise=1e-3)
regularized_model.compile(optimizer=’adam’, 
loss=’mean_squared_error’, metrics=[‘mae’])
regularized_model.fit(X_train, y_train, batch_
size=batch_size, epochs=epochs, validation_data= 
(X_val, y_val)).

In this code, weight decay adds a regularization term 
proportional to the square of the weights of each layer to the 
loss function. Stochastic resetting of weights is performed at 
a given step interval, namely every 10 steps, adding a small 
random noise to the weights to prevent overfitting and exiting 
local minima. The parameters weight_decay, reset_interval 
and reset_noise can be adjusted according to the specificity 
of the task.

Performance evaluation and comparative analysis. A se­
ries of numerical experiments were conducted to evaluate 
the performance of the neural network. The purpose of the 
experiments was to determine the optimal configuration 
of the developed model for spectroscopic analysis. Various 
combinations of parameters were investigated, including the 
number of CNN and LSTM layers, the size of the filters, the 
number of memory units in the LSTM, as well as training 
hyperparameters such as learning rate, activation functions, 
and optimization algorithms. In total, more than 10 different 
configurations of the neural network were tested in the fol­
lowing parameter range:

– number of convolutional layers (CNN): from 1 to 4;
– number of filters in CNN: from 16 to 128;
– convolution kernel size: from 3×1 to 7×1;
– number of LSTM layers: from 1 to 3;
– number of memory units in LSTM: from 32 to 256;
– Dropout: from 0.2 to 0.5;
– optimizers: Adam, AdamW, RMSprop.
The choice of this range of parameters is due to the ba lance 

between the expressiveness of the model, the stability of train­
ing, and computational efficiency. Based on the analysis of our 
results, three configurations were selected (Table 1), which 
demonstrate the best accuracy and performance indicators. 
The selection of optimal neural network configurations was 
carried out based on the analysis of prediction accuracy (R2), 
root mean square error (RMSE), and noise resistance and 
variability of experimental parameters. For each configura­
tion, training was carried out on spectral data with subsequent 
verification on the test set, which allowed us to evaluate not 
only the accuracy of categorization and regression but also the 
stability of the results under variable conditions.

Table 1

Selected neural network configuration options

Parameter Configu­
ration 1

Configu
ration 2

Configu­
ration 3

CNN layers 2 Conv1D 3 Conv1D 1 Conv1D
Number of CNN filters 32, 64 16, 32, 64 32

Convolution kernel size 5×1 3×1, 5×1, 
7×1 5×1

LSTM layers 1 2 1
Number of LSTM memory units 64 128, 64 32
Activation functions ReLU LeakyReLU ReLU
Dropout (regularization) 0.5 0.3 0.2
Optimizer AdamW RAdam Adam
Learning rate 0.001 0.0005 0.001
R2 (model accuracy) 0.98 0.96 0.92
RMSE (%) <5 % ~7 % ~10 %
Training time (epochs) 50 80 40

Configuration 1 (CNN: 32, 64; LSTM: 64) was chosen as 
the main one, which provided the highest prediction accura­
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cy (R2 = 0.98) with RMSE<5 %. The selected main configuration 
is recommended for most spectroscopic analysis tasks. Confi
guration 2 (balanced) is recommended for cases where there are 
enough computing resources, and it is necessary to maximize 
the generalization ability. As for configuration 3 (simplified),  
it should be used in mobile or resource-dependent systems 
where speed is more important than accuracy.
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Fig. 6. Comparative analysis of model performance results

Additionally, a comparative analysis was conducted, un­
der normal and variable conditions, with the classical PCA 
and PLS methods based on linear transformations. The results 
of the comparative analysis are shown in Fig. 6. The basic 
configuration of the neural network demonstrated a signifi­
cantly higher prediction accuracy: R2 = 0.98 versus R2 = 0.85 for 
PLS and R2 = 0.80 for PCA, which confirms its effectiveness in 
spectroscopic analysis tasks. Comparison with conventional 
methods shows that the proposed approach exceeds the accu­
racy of the PCA+PLS methods by approximately 7 %.

5. 4. Validation of the model on real spectral data
Within the framework of the task set, regarding the pro­

cessing of experimental data [18–22], the proposed model ef­
fectively processes also spectral signals with a signal-to-noise 
ratio less than 10, demonstrating a significant improvement in 
the extraction of characteristic features.

To assess the accuracy of gas identification, experimental 
data were taken from [18]. The results of numerical experi­
ments on the model are given in Table 2. The experimental 
data relate to the identification of nitrogen (N), oxygen (O), 
and hydrogen (H) in the plasma between tungsten electrodes at 
atmospheric pressure. The spectral lines of nitrogen (N I, N II)  
in the range of 332.97–1002.32 nm, oxygen (O⋅I) at 777.19, 
844.63, 926.60 nm, and hydrogen (Hα) at 656.27 nm were 
analyzed. These gases are the main components of the ana­
lyzed plasma, and their spectral characteristics were used to 
evaluate the model’s performance.

Table 2 demonstrates that the model returns stable results, 
confirming its effectiveness in the task of identifying spectra. 
The average performance indicators of the model for identify­
ing gases in spectroscopic data demonstrate high efficiency. The 
categorization accuracy is 95.6 %, the average Precision value is 
94.8 %, and Recall reaches 96.2 %, which indicates the ability of 
the model to correctly recognize spectral features. The F1-score 
value is 95.5 %, which indicates a balance between accuracy 
and sensitivity. The average absolute error in determining wave­
lengths does not exceed ±0.42 nm. These results demonstrate 
the high efficiency of the proposed model for analyzing spec­
tral data in the task of identifying plasma emissions of gases. 

Table 2

Results of model performance for gas identification

Numerical 
experiment 

Accuracy 
(%)

Precision 
(%)

Recall 
(%)

F1-score 
(%)

Abs.error 
(nm)

1 96.1 95.2 96.8 96.0 0.40
2 95.4 94.6 96.0 95.3 0.43
3 95.9 95.1 96.5 95.7 0.41
4 96.2 95.3 96.9 96.1 0.39
5 95.5 94.7 96.1 95.4 0.44
6 95.8 94.9 96.3 95.6 0.42
7 96.0 95.0 96.6 95.8 0.41
8 95.6 94.8 96.2 95.5 0.43
9 95.7 94.7 96.3 95.5 0.42

10 95.3 94.5 96.0 95.2 0.45

The model built was also validated on the experimental 
results reported in [21, 22]. Experimental data were analyzed, 
in particular, the absorption spectra of CH4 in the range of  
3000–2850 cm–1 and the dependence of the position of the 
maxima on the angle of inclination of the Fabry-Perot interfe
rometer. The plot in Fig. 7 shows the dependence of the shift of 
the spectral maxima on the angle of inclination of the interfe
rometer. The actual data demonstrate a linear trend with minor 
variations, while the predicted values obtained using the neural 
network model are in good agreement with the experimental 
points. The deviations between the real and predicted values are 
minimal, which indicates the high accuracy of the model and 
its ability to correctly reflect the main patterns of dependence.

 
Fig. 7. Modelling of transmission peak shift using 

CNN+LSTM (software generated)

The model results shown in Fig. 7 demonstrate the fact 
that the integration of neural networks will also open up the 
possibility of automating the optimization of Fabry-Perot inter­
ferometry parameters to maximize sensitivity to specific gases.

6. Discussion of results based on investigating the 
integration of modern deep learning methods 

for  solving spectroscopic analysis problems

The developed algorithm for automatic normalization of 
spectra and creation of synthetic data, described by formu­
las (1) to (4) and illustrated in Fig. 1, 2, made it possible to re­
duce the influence of noise and baseline shifts, increasing the 
stability of the model. High stability of the model, in contrast 
to [17], in which an automatic algorithm for approximating 
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parametric spectral models was used, is achieved due to auto­
matic normalization of spectra, which reduces the influence 
of baselines and noise. The creation of synthetic data simu­
lates real conditions, increasing the generalization ability of 
the model even with a limited amount of real data. The results 
of numerical experiments have shown that such processing 
increases the accuracy of further analysis by 12–15 % due to 
the reduction of the influence of experimental shifts.

The efficiency of the combined neural network is explained 
by the use of convolutional and recurrent layers to extract local 
and global features of the spectra, which is reflected in formu­
las (5)–(13), ensuring high accuracy even under conditions of 
noise and variable experimental parameters. Unlike [8, 9], in 
which CNN is used and [1, 6], in which ANN and PLS are used 
separately, our neural network architecture makes it possible to 
effectively consider complex dependences in spectral signals, 
which improves the results. The use of modern optimizers 
AdamW and RAdam, according to formulas (14)–(19), allowed 
us to stabilize training and achieve rapid convergence. This is 
explained by the adaptability of the optimizers to the uneven 
distribution of gradients, which is typical for spectroscopic data. 
All this confirms the effectiveness of the selected solutions. A se­
ries of numerical experiments conducted to optimize the model 
configuration made it possible to choose the best one. The ar­
chitecture with two convolutional layers (32 and 64 filters), one 
LSTM layer (64 memory units), and ReLU activation function 
showed effective results. This has made it possible to achieve 
a prediction accuracy R2 = 0.98 at RMSE<5 %, which is signifi­
cantly superior to PCA, PLS, which demonstrated R2<0.85.

The software implementation, implemented in the Python 
environment, allowed us to compare the performance of diffe
rent configurations. The optimized configuration of the model, 
which was trained for 50 epochs, was selected. Dynamic ad­
justment of the learning rate (ReduceLROnPlateau) allowed 
us to reduce the training time by 25 %, while maintaining high 
accuracy. The main advantage of the proposed architecture 
over PCA and PLS used in [1] is the ability to take into account 
nonlinear dependences and adapt to complex conditions.

The results of testing the model on real spectra showed 
that the proposed model provides correct feature extraction 
even at low signal-to-noise ratio (<10). The model demon­
strates high efficiency in gas identification: accuracy – 95.6 %, 
Precision – 94.8 %, Recall – 96.2 %, F1-score – 95.5 %, average 
error – ±0.42 nm. This confirms its ability to accurately recog
nize spectral features. It is also shown that the integration of 
neural networks will open up the possibility of automating 
the optimization of Fabry-Perot interferometry parameters. 
The analysis of gas mixtures confirmed the model’s stability 
to changes in experimental conditions: the maximum decrease 
in accuracy did not exceed 3 %, while in conventional methods 
this figure reached 15 %. These advantages are obtained due 
to the fact that the model was trained on synthetic data that 
simulate a wide range of experimental situations. Therefore, 
every aspect of our results is based on a combination of ar­
chitecture optimization, high-quality data preparation, and 
taking into account the specificity of spectroscopic analysis.

The uniqueness and advantages of the work are the pro­
posed solutions that are provided by combining convolutional 
and recurrent neural networks, as well as the use of modern 
optimizers. The creation of synthetic training data increases 
the resistance to noise and variability of real conditions, and 
automatic normalization of spectra reduces the impact of 
experimental changes. Software implementation on Tensor­
Flow/Keras provides scalability for working with big data.

The main limitation of our study is the focus only on the 
CNN+LSTM architecture without analyzing alternative mo
dels, such as transformers. There is also limited availability of 
spectral data, which may affect the generalization ability of the 
model, and testing under certain conditions, which does not 
guarantee equally high efficiency in strong noise or non-stan­
dard situations.

The main disadvantages are the dependence of the model 
on the quality of the training data and the high computational 
cost. In addition, the complexity of the architecture requires 
significant resources for training, which may complicate its 
implementation in environments with limited computing 
capabilities. Another drawback is the limited robustness to sig­
nificant changes in the external experimental conditions (e.g., 
changing the spectrometer type or significantly changing the 
imaging conditions).

Further research may focus on improving synthetic data 
generation, using transfer learning to adapt the model to new 
tasks, optimizing the architecture to reduce computational 
costs, integrating cloud computing for real-time big data pro­
cessing, and developing interpretive tools to increase model 
transparency. Prospects also include exploring adaptive learn­
ing mechanisms and using hybrid models to improve accura­
cy and reduce the need for big data.

7. Conclusions

1. An algorithm for automatic normalization of spectra has 
been developed, which includes minimax normalization, base­
line correction, and noise removal using the Savitsky-Goley filter. 
An algorithm for generating synthetic spectra (as an option) was 
additionally proposed, which models experimental variations, 
including intensity changes, noise effects, and baseline shift. 
As a result, the use of synthetic data increased the accuracy of 
analysis by 12–15 % by reducing the influence of the variability 
of the experimental parameters. The algorithm demonstrates 
high resistance to variations in the baseline and noise levels.  
In particular, even with significant changes in external condi­
tions, its accuracy remained at the level of 93–99 %. This indi­
cates the ability of the algorithm to maintain high efficiency un­
der real conditions, where accuracy losses do not exceed 2–3 %.

2. The proposed CNN+LSTM architecture effectively com­
bines two technologies: CNN for extracting local features of 
the spectrum, such as peaks and gradients, and LSTM for ana
lyzing global patterns in spectral signals. The use of modern 
optimizers AdamW and RAdam ensured stable learning and 
fast model convergence.

3. The software implementation of the model was per­
formed in the Python environment (TensorFlow/Keras), which 
provided the possibility of scalable and efficient learning. Test­
ing over 10 neural network configurations allowed us to find the 
optimal balance between performance and accuracy. The basic 
network configuration demonstrated fast learning (50 epochs) 
and stability under conditions of changing experimental param­
eters. Comparison with conventional PCA and PLS methods 
showed the advantage of the neural network in prediction accu­
racy: R2 = 0.98 versus R2 = 0.85 (PLS) and R2 = 0.80 (PCA).

4. Experimental verification of the model on real spectral 
data has confirmed its effectiveness. The model successfully 
works with spectra with a signal-to-noise ratio <10, providing 
a feature extraction accuracy 30 % higher than PCA and PLS. 
For the tasks of gas identification in plasma, the accuracy of 
the model reached 95.6 %, and the average error in determining  
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wavelengths does not exceed ±0.42 nm. Testing on the task of 
analyzing the shift of spectral maxima of Fabry-Perot interfe
rometry showed that the neural network accurately reflects 
the main patterns of dependences, demonstrating high con­
sistency with experimental data.
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