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ENHANCING UAYV CLASSIFICATION WITH RADIO FREQUENCY SIGNALS USING

A HYBRID CONVOLUTIONAL-LSTM ARCHITECTURE

This research aims to automate the classification of small UAVs using radio frequency signals. The object of this research
is to classify UAVs by radio frequency signature using combined machine learning models. It focuses on a combination of
machine learning-based models to achieve better classification results when efficient learning and high accuracy are difficult
to achieve due to temporal dependency in complex signals. This study aims to enhance UAV classification models by opti-
mizing a convolutional neural network architecture with the addition of recurrent layers. Methods described in this research
propose a hybrid Convolutional Neural Network-Long Short-Term Memory (CNN-LSTM) model that combines convolutional
and recurrent layers to extract spatially and temporally dependent features from UAV RF signals. Compared to traditional
CNNs, the Convolutional Long-Short-Term Deep Neural Network (CLDNN) model reduces false positives across classes and
improves classification performance (recall) for closely related or noisy signal classes. However, the complexity and com-
putational costs of the CLDNN model are acknowledged, underscoring challenges for systems with limited processing power.
The tasks of this research are as follows: 1) to review the current state-of-the-art approaches in the classification of small
UAVs; 2) to outline the problem statement; 3) to create a test dataset for the proposed drone models; 4) to adapt CLDNN
model for drone classification tasks; 5) to provide a comparison between CNN baseline and the proposed model. Conclu-
sions. The experimental results show that the proposed CNN-LSTM model significantly improves classification accuracy
compared with the baseline CNN architecture, especially for classes prone to misclassification. The integration of convolu-
tional layers, which are effective at extracting local features, and recurrent LSTM layers, which are effective at modeling
sequential dependencies, enables the combined architecture to reduce false positives. Accordingly, this hybrid structure is
fairly effective for signal classification problems because it captures spatially localized features and temporal contextual
information within the input. This study confirms that the CNN-LSTM model is efficient at classifying UAV radio-frequency
signals and has great potential for practical applications. Possible future research directions include optimizing the model's
computational efficiency by handling greater interference and noisier data.

Keywords: classification; convolutional neural network; unmanned aerial vehicles; radio-frequency analysis, drones; neural

networks; machine learning.

1. Introduction

1.1. Motivation

With production scaling up and the cost of UAVs
for personal use decreasing, drones that were previously
accessible only to professionals are now available to al-
most everyone. With advancements in camera integration
and improved communication stability, drones can now
reach many previously hidden objects. Information that
could only be seen in low-resolution satellite images can
now be viewed in real time. This creates new security
challenges for counteracting small unmanned aerial ve-
hicles that can be operated even by amateur users.

The task is complex, requiring the determination of
the drone's location, classification, tracking, and destruc-
tion if necessary. One of the most common methods of
controlling drones is via radio channels, with many man-
ufacturers on the market and extensive experience in us-
age, adjustment, or customization, such as First Person
View (FPV) drones. Therefore, this type of drone may be
used more frequently than others due to its accessibility.
In radio control, each drone has a unique RF signature
during operation with a control station. This allows clas-
sification of drones using machine learning to automate

human efforts, especially when operators face swarms of
drones [1, 2], which significantly complicates threat
identification.

In this work, a method for improving the classifica-
tion of drones using a hybrid model capable of classify-
ing drones even when operating on the same frequency is
presented.

This approach, which allows distinguishing a spe-
cific type of drone among numerous similar devices, is
especially relevant in a congested radio frequency envi-
ronment where manual threat identification is no longer
effective. The method is also helpful for relatively calm
areas, where it is necessary to detect serial commercial
drones that are accessible to anyone on time. Regularly
updating datasets with new device samples maintains
high algorithm accuracy and enables the system to adapt
quickly to new models.

1.2. State-of-the-art

Given the security challenges posed by drones, re-
search on effective detection, classification, and counter-
measures is ongoing. Currently, modern systems face
challenges such as determining whether a drone is
friendly or hostile, whether it poses a security threat,
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identifying its unique characteristics, and distinguishing,
monitoring, and tracking it. Several available methods
can be used for both detection and classification tasks.
Methods such as optical, acoustic, radar, and radio fre-
quency provide engineers with options to choose a spe-
cific method or combine different ones for a more accu-
rate airspace assessment. The issue addressed in this
work is improving classification results based on one of
the sources of data, as a component of countermeasures
against drones for more detailed drone identification.

Optical classification methods can work within a
limited field of view. The simplicity of this approach is
that it relies on regular cameras, and the video processing
is performed by CNN models, as listed in [3, 4]. It is a
good choice for recognizing single and multiple objects
in multiple-object tracking. In [5], an approach for target
detection and tracking without prior knowledge of their
locations was based on YOLOV6. One of the main chal-
lenges in drone detection is the lack of a publicly availa-
ble dataset that could serve as a starting point for re-
search. The existence of such datasets [6] simplifies re-
searchers' work and provides more opportunities to ex-
plore new methods, thereby reducing the time required
for data collection.

An example of non-LOS operations is acoustic
methods for classifying noise sources, particularly
drones. Such acoustic hardware for data collection is very
cheap, making this a very effective and cost-efficient de-
tection method. Studies on acoustic approaches have
shown the efficacy of this method, for example, in [7, 8].

Radar-based approaches are typically more difficult
but offer advantages such as longer detection ranges and
more accurate trajectory and speed measurements. The
application of micro-Doppler methods has shown effi-
cient results as in [9], where the Fl-score reached 95%
and [10], which provided scores ranging from 85% to
95% depending on the experimental conditions.

The radio-frequency spectrum is used for the detec-
tion, identification, or classification of drones, offering
benefits such as high accuracy even when drones operate
on the same frequency. Furthermore, the long detection
range and all-weather functionality enable the identifica-
tion of both control mechanisms and video transmitters.
The data from [11] and [12] contributed to experiments
using many machine-learning methods available to re-
searchers. The DroneRF dataset served as an excellent
example in [13]. Further studies in [14] examined
XGBoost because of its merit over conventional CNNs
in the time-series data resolution. In addition, the utiliza-
tion of LSTM described above in [15] proved how effec-
tive such models could be in terms of applications. Based
on prior investigations, the decision was made to study
the various alternatives found with CLDNN blended sys-
tems as one of the things that take advantage of the fact
that these systems are CNN-like and the advantages of

LSTM. These will automate drone classification instead
of taking the long time required to train with the latter
models. Recent studies have further demonstrated the ef-
fectiveness of hybrid models for RF-based drone classi-
fication. Sazdic-Jotic et al. [16] proposed FLEDNet,
which combines fuzzy edge detection of RF spectro-
grams with CNN and convolutional recurrent networks.
The authors reported accuracy improvements of 4.87%,
13.41%, and 7.26% for drone detection, drone-type iden-
tification, and multiple-drone detection, respectively.
Rahman et al. [17] introduced a cascaded CNN-BiLSTM
model using STFT/PSD spectrograms and evaluated it in
the presence of WiFi and Bluetooth interference, report-
ing accuracies of 99.75%, 98.40%, and 99.57% for four,
ten, and ten UAV classes, respectively. Huang et al. [18]
proposed MD-Net, a lightweight MLP-LSTM dual-
branch architecture with Adaptive Time-Frequency
Masking, achieving an average accuracy of 85.58% on
DroneRF, which is 5.27 percentage points above its base-
line. Although these results were obtained using different
datasets and experimental protocols, they demonstrate
the value of time-frequency preprocessing, edge-based
feature enhancement, recurrent temporal modeling, and
feature fusion. These findings motivate the investigation
of a spectrogram-based CLDNN architecture for RF
drone classification in this study.

1.3. Objective and Approach

The overall objective of this paper is to upgrade the
classification accuracy of the CNN-based methods of
existing models by proposing the inclusion of the layers
of the LSTM network into a CNN to exploit the time
dependency of the drone signal. By integrating the
relative strengths of CNNs and LSTMs, we aim to
achieve a more robust and informative feature
representation. The architecture leverages CNNs as an
effective mechanism for capturing spatial or spectral
features from the input data, thanks to convolutional
filtering, while LSTM is good at temporal relation
modeling by internally memorizing sequential input
events. Considering the discussion above, this paper is
structured around several sections. The proposed
architecture enhancement to the standard CNN is first
described in the "Materials and Methods of Research"”
section, beginning with an emphasis on the need to
implement LSTM layers and an explanation of the
overarching framework in detail. This includes
appropriate  hyperparameter  descriptions, various
network settings, and a strategy for input data
preprocessing. Second, a systematic comparison is made
between the proposed hybrid CNN-LSTM model and a
simple baseline CNN in the "Experiments" section.
Based on performance metrics such as accuracy,
precision, recall, and Fl-score, this comparison also
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explores computational complexity and training
convergence behavior. The effectiveness and practical
considerations of using the combined CNN-LSTM for
classifying drone signals are proven from this
comparative evaluation. Finally, in the sections
"Discussion" and "Conclusions," the applied approach is
briefly described, the experimental results are obtained,
and further research steps and development directions are
discussed.

2. Materials and research methods

The proposed approach uses a convolutional long
short-term memory deep neural network (CLDNN) ar-
chitecture [19] capable of performing multiclass classifi-
cation. The proposed architecture combines convolu-
tional processing, bidirectional recurrent learning, and
temporal attention. The convolutional layers identify lo-
cal patterns in the time-frequency representation,
whereas the recurrent layer models dependencies be-
tween successive time frames [20]. The convolutional
layers extract salient local patterns through their unique
filtering mechanisms, while the recurrent LSTM layers
preserve and exploit sequential information across suc-
cessive time steps. This synergy provides not only en-
hanced classification accuracy but also extends the do-
mains to which this approach applies, particularly those
characterized by dynamic, time-dependent data. Hence, a
more advanced hybrid CLDNN architecture with log-
power spectral density spectrogram is calculated using
the short-time Fourier transform, as shown in Fig. 1.
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Fig.1. The Enhanced CLDNN architecture

The proposed Spec-CLDNN classifies the recorded
drone signal using a short sequence of steps that follow
the architecture shown in Fig. 1. First, the input is a seg-
ment of the baseband I/Q signal recorded on the drone—

controller communication link. Second, using the short-
time Fourier transform, this segment is transformed into
a log-power spectral density (log-PSD) spectrogram, and
a complementary Sobel-edge channel is added to empha-
size the spectral contours, giving a two-channel time-fre-
quency image. Third, a convolutional block of three con-
secutive two-dimensional stages with 32, 64, and 128 fil-
ters extracts local time-frequency patterns; each stage ap-
plies a 3 x 3 Conv2D layer, batch normalization, ReLU
activation, and 2 x 2 max pooling. Fourth, adaptive aver-
age pooling is applied along the frequency axis, preserv-
ing the temporal dimension and producing a time-ordered
sequence of feature vectors. Fifth, this sequence is pro-
cessed by one bidirectional LSTM layer with 128 hidden
units in each direction, so that every time frame is mod-
eled from both its past and future contexts. Formula (1)
gives the gate update for each t-th time step:

f, =o(Wx P+ Ush,_{ +bp), (1)

where Wris a weight matrix applied to current input xP°°!
used in the calculation of the forget gate;

Ur is the additional weight matrix used in the forget
gate calculation for the previous hidden state hy.1;

br is bias vector related to the forget gate;

h; is the hidden state, which provides the output at
time t;

XPl is pooled input feature vector after applying a
pooling layer.

Sixth, a temporal attention layer assigns greater
weight to the most informative time frames and collapses
the sequence into a single fixed-length vector. This vec-
tor is then passed to a fully connected (Dense) layer with
128 neurons and a ReLU activation, followed by a drop-
out layer with a coefficient of 0.5 to prevent overfitting.
Finally, a softmax activation is applied to an output dense
layer whose number of neurons equals the number of
classes, which converts the outputs into a class-probabil-
ity distribution. The model is compiled with the Adam
optimizer at a low learning rate for stable convergence
and is trained with the categorical cross-entropy loss, a
proper measure for multiclass classification, given in for-
mula (2); the accuracy metric is used to monitor the over-
all performance.

K ek
L=-) yilog( ), )
k=1 q=1°
where y is the true label of a sample or segment of k class.

The performance of the model during training and
validation is evaluated using the accuracy metric. The
softmax function outputs the probabilities for each class,
enabling multiclass classification, as described in for-
mula (3):
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where K is total number of classes in the classification
problem,;

sk is the output logit of the model for class k.

The dataset [21] contains baseband I/Q signal re-
cordings for radio control and video signals of 10 con-
sumer and prosumer drones. Figure 2 shows a visualiza-
tion of the I/Q sample. The recordings are presented in an
interleaved format (I1 Q1 12 Q2 I3 Q3 ...) with 16-bit
signed integers in little-endian format. Each recording
contains 100 million samples, corresponding to a 0.5-sec-
ond period.

Sample 1/Q Data

— In-phase (1)
—— Quadrature (Q)

Amplitude

T T T T T T T T
0 20 40 60 80 100 120 140
Sample Index

Fig. 2. Sample of RF drone’s signal

The input data consist of raw 1/Q samples repre-
senting as formula (4):

Xp =1, +1Qp, 4)
where X, is the n-th complex-valued sample;

I, is the in-phase (real) component of the n-th sam-
ple;

Qn is the quadrature (imaginary) component of the
n-th sample.

Each sample is extracted from the RF signal’s spec-
trum band through the communication link between the
drone and the flight controller. Let y € D, where D is the
number of drones detected in some area. For training, we
will need a prepared dataset represented as formula (5):

Z={(x1,y1»&p,¥2)--.(Xp.yp)}- (5)
The selection used for this case included some par-

ticular drone models that are most popular in the market
and are easily accessible online by an average buyer. Due

to the obsolescence of some drones, we decided to re-
move them from the sample and focus on a smaller num-
ber. This allowed training on mid-range machines with
up to 32 GB of memory capacity, which also positively
impacts the reproducibility of the experiment. The key
objective of this experimental study is to check the per-
formance of drone classification with CNN and LSTM
combined systems. The data include signal recordings of
small drones that one person can deploy and ready for
use. These drones weigh only 734-4,690 g, have a 335—
643 mm diagonal wheelbase, and share similar character-
istics for radio-control and video signals in the 2.4 GHz
or 5.8 GHz frequency bands.

To train and validate our model correctly, the da-
taset was normalized using the following formula (6):

_ X-wX)
norm o(X)
where p(X) is a mean value and o(X) is the standard de-
viation of the attribute X.

This approach, called Z-score normalization, con-
verts all the values of an attribute from 0 to the attribute’s
standard deviation.

An important part of data preprocessing is segmen-
tation, which involves dividing RF signals into small
fixed-length chunks. This process helps obtain fixed-di-
mension inputs. Subsequently, the dataset was parti-
tioned into training, validation, and test subsets, with pro-
portions of 60%, 20%, and 20%, respectively.

Using measures that handle edge cases to evaluate
the efficacy of the suggested CLDNN-based model for
drone classification is essential. Precision assesses the ac-
curacy of the positive predictions in formula (7). A false
positive occurs when the algorithm incorrectly classifies
an innocuous hobby drone as high-risk. This type of mis-
take could result in ineffective resource allocation and
unnecessary countermeasure activation. Hence, accuracy
is vital for the system’s alert dependability.

TP
+FP’

(6)

precision=

(7

where TP is the number of incorrectly detected class
k as positive, which is non-class k.
The second metric, expressed in formula (8) and referred
to as recall, evaluates the proficiency of the model in rec-
ognizing all relevant instances of a class. A false negative
occurs when the system fails to detect a specific drone
category that is indeed present. In a security context, this
error is often more critical because it implies that a po-
tential threat could be overlooked or handled inappropri-
ately.

TP

recall=——,
TP +FN

®)
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where FN is the number of wrongly detected class k,
which is class k.

The F1-score, represented in formula (9), is an eval-
uation metric that combines two competing metrics,
namely, the precision and recall scores of a model. An
innate trade-off exists between minimizing false posi-
tives and false negatives in drone classification. A model
that is too lenient might exhibit excellent recall but poor
precision. In contrast, an overly careful model may
achieve high precision at the cost of low recall.

2TP

= ©)
2TP+FP+FN
3. Experiments

In this study, the proposed spectrogram-based
CLDNN (Spec-CLDNN) is evaluated against the original
CNN baseline and three reference models from the recent
literature: CNN-BiLSTM, MD-Net, and FLEDNet-
CRNN. All models were trained and evaluated using an
identical approach: a contiguous 60/20/20 split by time
position within each recording, per-segment normaliza-
tion, and a clean (noise-free) test set. The performance is
reported using standard classification metrics (precision,
recall, F1-score, accuracy, and area under the ROC curve
(AUQ)), along with confusion matrices.

Training and evaluation were conducted on the
Google Colab platform using an NVIDIA A100 GPU.
Data preprocessing followed the pipeline described in the
Materials and methods section, converting each I/Q seg-
ment into a log-power spectrogram with a complemen-
tary Sobel-edge channel. The original raw-1/Q CLDNN
baseline achieved an accuracy of 86.5%, a macro-aver-
aged F1-score of 0.866, and a mean AUC of 0.984 on the
clean test set (Table 1).

The baseline errors concentrate on the drones that
share the same frequency band, in particular
DJI matrice 210 5G (F1 0.85) and DJI matrice 100
(F10.86), which are the classes most often confused with
one another; the remaining classes are recognized more
reliably.

Table 1
Summary of the compared models
Model Precision | Recall F1-score
CNN 0.87 0.87 0.87
CNN-BIiLSTM 0.90 0.89 0.89
MD-Net 0.89 0.89 0.89
FLEDNet-CRNN 0.46 0.53 0.47
Spec-CLDNN 0.91 0.91 0.91

The proposed Spec-CLDNN, which operates on the

spectrogram representation and adds a bidirectional
LSTM with attention-based temporal pooling, clearly
outperformed the baseline, reaching an accuracy of
90.9%, a macro-averaged F1-score of 0.909, and a mean
area under the curve (AUC) of 0.995.

Across all evaluated models on clean data, the pro-
posed Spec-CLDNN ranked first (accuracy, 90.9%;
macro-F1, 0.909), ahead of the reference CNN-BiLSTM
(89.9%), MD-Net (89.8%) models, the CNN baseline
(86.5%), and FLEDNet-CRNN (52.7%), the last of
which lacks the capacity to separate the classes. The
Spec-CLDNN achieves this while remaining the most
compact of the learned models (391 K parameters, com-
pared with 2.42 M for CNN-BiLSTM and 2.13 M for the
raw-1/Q baseline). It also achieves the most balanced per-
class performance: even the two same-band 5.8 GHz
drones - DJI inspire 2 5G and DJI matrice 210 5G -
are separated with F1-scores of 0.91 and 0.90, well above
the 0.74-0.78 obtained by MD-Net and CNN-BiLSTM
for the same pair.

Combining convolutional feature extraction with a
recurrent layer and attention pooling over the spectro-
gram enables the model to exploit both the spectral struc-
ture and the temporal dependencies of the signal, yielding
higher and more uniform classification accuracy. The im-
provement is most pronounced for classes with overlap-
ping spectral characteristics, precisely where the baseline
and reference models struggle. For classification prob-
lems that require subtle time-dependent signal or object
analysis and similar feature profiles.

4. Discussion

The results of this study show that a spectrogram-
based CLDNN combining convolutional layers, a bidi-
rectional LSTM, and attention pooling can classify
closely related drone RF signals more accurately than
both the original raw-I/Q CLDNN and competing archi-
tectures from the literature. The largest gains appear for
classes that share the same frequency band and are there-
fore the hardest to distinguish, where the number of
cross-class errors is reduced by the attention-weighted
temporal representation.

More importantly, because the classification of
complex signals involved temporal dependencies is chal-
lenging in practice, especially when it comes to efficient
learning models with high accuracy and minimal pro-
cessing time, the results of this training are shown in Fig.
3:
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Fig. 3. Training and validation accuracy (left) and loss (right) of the proposed Spec-CLDNN across the training
epochs.

In summary, moving from raw I/Q to a spectrogram rep-
resentation and adding an attention-weighted recurrent
stage proved to be effective: the Spec-CLDNN increased
accuracy across the board, especially for the classes most
easily confused with one another, while keeping the num-
ber of false predictions low. Nevertheless, some caveats
of this approach should be mentioned.

From an architectural point of view, the spectro-
gram front-end keeps the model compact: the proposed
Spec-CLDNN has only about 0.39 million parameters,
which is roughly one-sixth of the reference CNN-
BIiLSTM (2.42 M), so the added recurrent and attention
stages do not translate into a heavy computational or
memory burden. Instead, the main practical cost lies in
the input pipeline: forming the log-power spectrogram
and the Sobel-edge channel adds a short-time Fourier
transform and a per-segment normalization step ahead of
the network, which must be considered in real-time de-
ployment.

5. Conclusions

This study proposed a spectrogram-based CLDNN
for classifying radio-frequency signals emitted between
drones and their controllers. The scientific novelty lies in
coupling a convolutional feature extractor over a log-
power spectrogram (with a complementary edge channel)
with a bidirectional LSTM and an attention-based tem-
poral pooling stage to exploit both the spectral and the
temporal structure of the signal. The proposed model
achieved 90.9% accuracy and a 0.909 macro-averaged
F1-score, outperforming the original CNN and the refer-
ence models while being markedly more compact. This
approach is particularly effective at distinguishing
closely related classes that occupy the same frequency
band, a common weakness of classical CNN-based meth-
ods.

The practical significance of the results is twofold.
First, the compactness and accuracy of the Spec-CLDNN

make it well suited to the automated detection and iden-
tification of drone RF signals in security and surveillance
systems, where reliable and timely recognition is re-
quired. Second, the study provides empirical evidence
that the proposed spectrogram-based approach outper-
forms both the original CNN and competitive reference
architectures on the same data, supporting its adoption in
RF-based drone-recognition systems. By separating even
same-band drone models more reliably, the method re-
duces false alarms and misclassifications, thereby
strengthening its utility in real-world deployment.

Future work can extend the evaluation to noisy and
low-SNR conditions to further characterize robustness
and quantify statistical significance through multiple-
seed training. Additional directions include richer time-
frequency front-ends, transformer-based temporal mod-
eling, the broadening of the signal set to other communi-
cation or radar sources, and the optimization of the pipe-
line for real-time operation. These steps would help es-
tablish the proposed Spec-CLDNN as a robust and flexi-
ble framework for RF signal classification beyond drone
identification.

Another possible extension to this work would be to
implement Sensor Fusion, a concept in which decisions
or confidence levels regarding the presence of a drone
from multiple individual sensors [22] (for example, ra-
dio-frequency communication and acoustic micro-
phones) are combined in the last stages of signal pro-
cessing; then these consolidated assessments are com-
bined into the final decision. Because such diversity
among sensors can also lead to increased overall preci-
sion in the reliability of the whole detection system, the
late fusion will be crucial.
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MOKPAIIEHHS KJTACU®IKALIL BILTA 3A PAJIOYACTOTHAUMU CUTHAJIAMHU
3A JIOIIOMOTI' OO I'IBPUTHOI 3rOPTKOBO-PEKYPEHTHOI APXITEKTYPH
O. T. llleguenko, O. O. Be3conos, O. I. Pyoenko

Lle Oocniodcenns cnpamosane na asmomamusayio kiacugixayii manux BIIJIA 3a ix padiowacmomuumu cueHanamu.
06'ekmom Oocnioxncenns € npoyec xknacugixayii BIIJIA 3a padiowacmommuoro cuenamypoio 3 UKOPUCHAHHAM KOMOIHOBAHUX
MoOenell MawiunHo2o Haguauus. IIpeomemom oOocuiodicenns € KOMOIHY8anHs mooeneil HA OCHO8I MAWUHHO20 HABYAHHA OJsl
00CsACHEHHA Kpawjux pe3yibmamie Kiacu@ikayii 6 ymoeax, Ko epexmusHe HASYAHHA YCKIAOHEHe, A BUCOKA MOYHICHb
00¢s12a€MbCsl yepes 4aco8y 3aaedcHicmy ckiaonux cuenanie. Memorto yiei po6omu € s0ockonanenns mooenetl knacugpixayii BITIIA
WAAXOM ONMUMI3AYTT apXimeKmypu 320pmK0o80i HelpOHHOI Mepedrci WIAXOM 000A8aHHA peKypeHnmuux wapie. Memoou, onucari
8 YbOMY 00CNIONCEHHI, 00NOMA2alomMs CIMEoOpumuy 2iOpUOHy MOOeb HA OCHOBI 320pMKO80I ma 00620i KOPOMKOYACHOI nam ’ami
mooeneii (CNN-LSTM) winsaxom no€OHaHHs 320pMKOGUX WIAPI6 3 PEKYPEHMHUMU WUAPAMU, W00 MAMU MONCTUBICING BUMAZY8AMU
npoOCmMopo8o-4acosi 03uaku 3 padiowacmomuux cueranie bIIJIA. [lopieHano 3 mpaouyiiHumMu wmyyHUMU HEeUp OHHUMU MEPENCaAMU
(LLIIHM), 320pmkoea Heliponna mepedca 00620i kKopomkouachoi nam'smi CLDNN 3menwuna KintbKicmb NOMUIKOSUX
CHPaybo8y6aHb y PI3HUX KAACAX | NIOGUWULA eeKmMUSHICMb Kiacu@ixayii 0 K1acie cueHanis, siki micHo noe's3awi mixc cobor
abo micmamo wym. OOHaK, CKnaoHicmv [ obuucmosanvhi eumpamu, nog'sizani 3 mooennio CLDNN, eusnaromwvcs, wo
NIOKpecuiooms nNpodaemMu Ol CUCEM 3 00MENHCEHOT0 00UUCTIOBATILHOI NOMY*CHICMIO. 3adaui docnioxcenus: 1) 02nao cyyacnux
nioxodie oo knacugixayii manux BIIJIA; 2) nocmanoska 3a0aui; 3) cmeopenuss mecmoso2o Habopy OaHUX Ol 3aNpPONOHOBAHUX
MoOeneil besninomuuxia, 4) aoanmayis modeni CLDNN ons 3a0au knacugixayii 6esniiomuuxis; 5) nopienanua 6a3080i mooeni
CNN ma 3anpononogaroi modeni. Bucnoexu. Excnepumenmansvha nepesipka 00600umau, wo sanponorogana mooens CNN-LSTM
3HAYHO NOKpAWye mMouHicmy Kiacu@ixayii nopisHsno 3 6azosor apximexmypoio CNN, ocobnueo 6 knacax, sxi € Oinvud
epasusumMu 00 NOMUNIOK HenpasuibHoi Kiacugixayii. Inmezpayis 3eopmrosux wapie, SAKi 000pe GUOLIAIOMb JOKANbHI
ocobnusocmi, i pexypenmuux LSTM-wapis, sxi 0006pe Mooenioroms noCiio06HI 3a1enCHOCI, 0036015€ KOMOTHOBAHIT apXimeKmypi
SMEHWUMU YACMONTY NOMUIKOBUX CHPAybo8ysans. Bionosiono, maxa 2ibpuona cmpykmypa 8UAGIACMbCs 00CUMb eheKmusHOI0
ona 3a0ay Knacu@ixayii CucHanie, OCKIIbKU B0HA 3AXONMIOE He MINbKU NPOCMOPOBO JNOKANI308AHI O3HAKU, ale i Yacosy
KOHMeKCmHy iHghopmayiio Ha 6x00i. IIposedene docniodxcents niomseepoxcye egpexmugnicmo mooeni CNN-LSTM ons knacugpixayii
BIIJIA ma ocHogi padiouacmomuux cucHanie ma NiOKpecmoe ii nomeHyian 01a GUKOPUCIAHHA 8 NPAKMUYHUX O0O0AMKAX.
Maiidymui HanpamKu 00CAi0NHCeHb GKAIOYAIMb ONMUMIZAYII0 0OYUCTIOBATLHOT eheKmusHOCmI MO0, 3ACMOCY8AHHA Ol
6inbulol KiTbKOCMI 34640 i 3AUYMIEHUX OAHUX.

Kuarouogi cnoBa: knacugixayis,; 32opmroea Heliponna mepesica,; 6e3ninomui 1IimatsHi anapamu, padiouacmomHuil aHaiz;
OPOHU; HEUPOHHI MEPeC, MAUUHHE HAGYAHHS.
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