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Abstract

The rapid development of the low-altitude economy is driving significant societal and industrial
transformation. Unmanned aerial vehicles (UAVs), as key enablers of this emerging domain, offer
substantial benefits in many applications. However, their unauthorized or malicious use poses serious
security, safety, and privacy risks, underscoring the critical need for reliable UAV detection technologies.
Among existing approaches, such as radar, acoustic, and vision-based methods, radio frequency (RF)-
based UAV detection has gained prominence due to its long detection range, robustness to lighting
and weather conditions, and capability to identify RF-emitting UAVs even when visually obscured.
Nevertheless, conventional RF-based approaches often suffer from limited feature representation
and poor generalization. In the past few years, convolutional neural networks (CNNs) have become
the mainstream solution for RF signal recognition. However, most real-valued CNNs (RV-CNNs)
process only the magnitude component of RF signals, discarding the phase information that carries
valuable discriminative characteristics, which may degrade recognition performance. To address this
limitation, this paper proposes a complex-valued CNN (CV-CNN) for UAV RF signal recognition,
which exploits the full complex-domain structure of RF signals to enhance recognition accuracy and
robustness. The proposed CV-CNN accounts for both the magnitude and phase components of RF
signals from UAVs, thereby enabling true complex-valued convolutional operations without loss of
phase information. The effectiveness of this approach is validated on the DroneRFa dataset, which
encompasses RF signals from 25 distinct UAV categories. The impact of model hyperparameters,
including network depth, convolutional kernel size, and dropout strategy on recognition performance
is investigated through a series of ablation experiments. Comparisons are also conducted between
the performance of CV-CNN with identical parameters and RV-CNN, both in noise-free and noisy
conditions. The experimental results demonstrate that the CV-CNN exhibits superior robustness and
interference resistance in comparison to its real-valued counterpart, maintaining high recognition
accuracy even under low signal-to-noise ratio (SNR) conditions.

Keywords: low-altitude economy; unmanned aerial vehicle; radio frequency; complex-valued convo-
lutional neural network; ablation experiments

1. Introduction

In recent years, the rapid development of the low-altitude economy has emerged as a powerful
driver of societal and industrial advancement [1]. At the heart of this transformation lies unmanned
aerial vehicle (UAV) technology, whose rapid advancements have led to a proliferation of applications
in both civilian and military domains, garnering considerable attention from academic and industrial
communities [2]. UAVs have become a vital technological tool across a wide range of sectors, owing to
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their high energy efficiency, environmentally benign profile, economically viable operational costs, and
superior endurance capabilities [3-5]. In practical applications, UAVs are extensively employed for
monitoring and surveillance [6], urban traffic monitoring [7], military reconnaissance [8], etc. [9-18].

Nevertheless, the dissemination and utilization of UAV technology have concomitantly engen-
dered a plethora of technical and security challenges [19]. As demonstrated by a substantial body
of research, UAVs have the potential to compromise multiple facets of public safety, privacy protec-
tion and social order. Such risks include, but are not limited to, the potential for espionage [20,21],
transportation of hazardous materials [22], disruption of power and communication facilities [23], etc.
[24-26]. This emerging trend signifies a novel method of operation for low-altitude security violations
and terrorist activities, thereby posing a significant challenge due to their stealthy nature and the
difficulty of their prevention [27,28].

The current absence of a comprehensive regulatory framework for UAVs has given rise to a series
of technical vulnerabilities, security risks, threats to public safety and concerns regarding personal
privacy breaches [29]. These challenges, whilst catalysing innovation across multiple industries,
underscore the urgent necessity for the establishment of robust regulatory frameworks to ensure the
safe integration of UAVs into our increasingly technologically interconnected world. The misuse of
UAUVs for illicit activities poses a significant threat to critical infrastructure and may also disrupt normal
societal activities such as civil aviation. This underscores the urgent need to strengthen regulatory
frameworks and technological safeguards.

In the context of the proliferation of UAVs and their pervasive utilization, the detection and recog-
nition of UAVs has emerged as a pivotal concern for ensuring low-altitude safety. As demonstrated
in the extant literature, research has been conducted on the utilization of acoustic sensors [30] and
visual sensors [31] for the detection and recognition of UAVs. However, both types of sensors have
very limited detection ranges. Acoustic sensors are highly susceptible to ambient noise, whilst visual
sensors are weather-dependent. Radar offers a comparatively longer detection range and performs
equally well under all weather conditions. However, the system is susceptible to interference from
obstacles and is costly to implement and maintain. As outlined in [32], the employment of RF signals
for the recognition of UAVs can effectively circumvent the limitations of the aforementioned three
approaches.

The efficacy of deep learning and machine learning in the field of UAV detection has been well-
documented in [33-35]. CNNs or their variants have achieved notable success in the domain of UAV
RF signal recognition tasks [36—40]. However, the majority of contemporary advanced researches
employ solely the amplitude component of the UAV RF signal’s complex spectrogram for detection
[41,42], frequently disregarding the phase component. The aforementioned studies have typically
failed to fully exploit the potential of this complex representation, either neglecting the imaginary part
or merely utilizing the magnitude of the complex modulus as an amplitude feature. Such an approach
has the potential to compromise the integrity of signal features, thereby reducing the recognition
capability of UAV RF signals. RV-CNNs have been observed to encounter difficulties in differentiating
between signals with similar amplitudes but significantly different phases. This phenomenon can
compromise the model’s resilience to interference [43]. The RF data from UAVs inherently exists in
complex form, phase information contains substantial critical features related to device hardware
characteristics, such as clock offset and oscillator non-linearity, which can effectively complement
amplitude information, thereby enhancing the accuracy of UAV detection and recognition [44]. The
significance of phase information is supported by both biological and signal processing fields. As
demonstrated in [45], by leveraging phase-encoded data embedded within images, effective retrieval
of amplitude-encoded information is facilitated. This is due to the phase process’s capacity to capture
salient visual attributes, including edges, shapes, and their respective orientations.

In view of the statistical correlation that characteristically exists between the real and imaginary
parts of complex numbers, the utilization of complex-valued modeling approaches is more substanti-
ated. Complex-valued systems impose stronger mathematical constraints than real-valued systems,
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thereby facilitating the extraction of more intrinsic feature representations [46]. Despite the existence
of studies that propose the decomposition of complex values into two real components for the purpose
of separate processing, the supposition that a CV-CNN is equivalent to a two-dimensional RV-CNN is
erroneous. Research [47] demonstrated that the computational constraints introduced by complex mul-
tiplication limit the freedom of CV-CNNs in synaptic weighting, resulting in a fundamental difference
in representational capability compared to RV-CNNSs.

The employment of CV-CNN ensures the preservation of the algebraic structure inherent within
complex data, thus indicating its potential for facilitating the acquisition of more sophisticated feature
representations. Extensive research indicates that CV-CNN [48] outperforms traditional RV-CNN
[49-52] across multiple tasks. However, its adoption remains limited, partly due to the maturity of
complex-valued convolutional techniques lagging behind real-valued methods [53]. In recent years,
the feasibility of constructing and training CV-CNN has been significantly enhanced by mainstream
frameworks such as PyTorch, which have begun to support complex-valued convolutional operations
[54]. On that basis, this study proposed a CV-CNN model for recognizing UAV RF signal.

The main work and contributions of this paper are concluded as follows.

(1) The establishment of a CV-CNN model has enabled the recognition of RF signals belonging to
25 distinct categories of UAVs. As delineated within the model, the presence of complex convolutional
layers, complex batch normalization (CBN) layers, and complex rectified linear unit (CReLU) functions
is defined. The real-real, real-imaginary, imaginary-real and imaginary-imaginary components are
computed by four independent convolutional kernels, respectively. This satisfies the complex mul-
tiplication rule: (a+bi) (c+di) = (ac-bd) + i (ad + bc), thus achieving genuine complex convolutional
operations.

(2) The proposed CV-CNN model is validated and evaluated on the preprocessed DroneRFa
dataset [55]. A series of ablation experiments are conducted in order to investigate the impact of
network depth, kernel size, and dropout mode on model performance.

(3) A comparison is drawn between the performance of CV-CNN and RV-CNN models, which are
configured to have identical parameters, in both noise-free and noisy conditions. In light of the rapid
advancements being made in the field of UAV technology, coupled with the increasing prevalence of
these devices, there is an urgent need to develop intelligent models capable of performing automated
or semi-automated RF signal recognition of UAV. This study demonstrates that the employment of the
proposed CV-CNN model significantly improves the accuracy of RF signal recognition of UAV under
low SNR conditions.

The remainder of this paper is organized as follows. Section 2 introduces the system model.
Section 3 provides a detailed description of the proposed CV-CNN model. In Section 4, experimental
method and configuration are introduced, results and analysis from evaluations of the proposed
CV-CNN model on the DroneRFa dataset are discussed. Finally, we conclude our work in Section 5.

2. System Model

The proposed system model, as shown in Figure 1, is intended to address the classification of RF
signals from UAVs, with the objective of achieving this aim through the implementation of a three-stage
processing framework. The initial Section 2.1 provides an exposition of signal preprocessing and
time-frequency analysis. The subsequent Section 2.2 introduces complex-valued feature extraction
methods. Finally, Section 2.3 details the classification and decision process.
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Figure 1. The proposed system model.

2.1. Signal Preprocessing and Time-Frequency Analysis

The input data comprises dual-channel raw RF data stored in .mat files. The present dataset
comprises the in-phase components (RF0;, RF1;) and the quadrature components (RFOg, RF1g), with
the 'RF0’ channel data originating from the first channel of the RF receiver and the 'RF1” channel
data from the second channel. The letter ‘I’ is used to denote the in-phase (I) component value of the
baseband signal, while 'Q’ is used to denote the quadrature (Q) component value. The I/Q components
are then combined to form the analyzed signal which can be written as

RFO = RFO; + j - RFOg (1)
RF1 = RF1; +j-RFlg )

Then the continuous IQ data stream undergoes fixed-length segmentation, with each segment
comprising 5 million sample points. This is equivalent to a duration of 50 milliseconds at a sampling
rate of 100 MHz, thereby ensuring that the signal data contained within any two segments does not
overlap.

Time-frequency analysis is implemented using the short-time Fourier transform (STFT). For each
channel’s data, the STFT transform results are computed separately using the following equation

SO(trf) = STFT(RFoseg) 3)
Sq (t,f) = STFT(RFngg) (4)

where the STFT results for channels 0 and 1 are denoted by Sy(t, f) and S1 (¢, f). The segmented IQ
data for channels 0 and 1 is represented by RF0see and RF1, respectively. Subsequently, the complex
STFT results are converted to logarithmic power spectral density Py and P; which can be written as

Py = 101og;,(|So|?) (5)
P; = 101log,(|S1/?) (6)

and the time-frequency transformation operation 7 (RFseg) can be expressed as

T (RFseg) = 1010%10(|STFT<RF892%)|2) )
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2.2. Complex-Valued Feature Construction and Extraction

During the feature construction phase, the raw logarithmic power spectrum Py /P; is initially
treated as the real part, while the Sobel edge detection results from the spectral image are computed as
the imaginary part. In the specific implementation, the imaginary part feature is generated by

G(P) = \/(P+5:)2 + (Px5,)? (8)

where S, and Sy denote the horizontal and vertical convolutional kernels of the Sobel operator,
respectively, and * represents the convolutional operation. The complex-valued feature construction
operation, designated as ¥ (P), can be defined as

Y(P)=P+j-G(P) )

The feature extraction section is comprised of N, where N is an integer no less than 3, cascaded
complex convolutional blocks. Each constituent block is comprised of a complex convolutional layer, a
CBN layer, and a CReLU activation layer. The number of channels increases according to the pattern
32 — 64 — - -+ — 32 x 2"~ ultimately resulting in the output of feature maps via adaptive average
pooling.

CV-CNN performs feature extraction on G(P) through genuine complex-number operations, with
the complex convolutional operation adhering to the following mathematical definition which is given

by

Conv(X) = (W, + jW;) (Xy +jX;)

. (10)
= (W Xy — WiX;) + j(We X; + Wi Xr)

where the real and imaginary parts of the convolutional kernel weights are denoted by W, and W;,
respectively, while X, and X; represent the real and imaginary parts of the input features. CBN of the
input features can be defined as

Xy — tr . Xi— 4
co) = o Xt ) oy ot a
o7 +€ o +e

where i, and y; represent the mean values, 07 and 07 denote the squares of the standard deviations of
the real and imaginary parts, and v is the scaling factor.

The activation function adopts the CReLU form, which involves the application of a ReLU
nonlinear transformation to the magnitude of complex signals while preserving phase information.
This can be expressed as

CReLU(X) = ReLU(|X]) - e/ (12)

where jZ(X) denotes the phase angle of a complex signal.
The complete complex feature extraction network may be expressed as F¢ over the complex
domain C.

N
Fc=APo (@ CReLU o CBN o Conv) (13)
k=1

where the symbol o is used to emphasise the directionality of data flow, ® denotes the stacking of
convolutional blocks, and AP represents the pooling method. In the case of k < N, AP denotes
maximum pooling; in the case of k = N, AP denotes adaptive average pooling.
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2.3. Classification and Output

The classifier employs a fully connected (FC) layer architecture comprising 1024 — 512 — m
neurons, with Dropout regularization applied at the 512-dimensional hidden layer at a probability
p = 0.5. The system’s output layer generates an m-dimensional logits vector Z, corresponding to
binary encodings for m distinct UAV types. The classification decision formula may be expressed as

Ly = FCm o Dropout0'5 o FC512 o FC1024 (14)

Softmax is selected as the output function, and the final predicted category formula # can be
defined as

7 = argmax(softmax(Z,,)) (15)

The complete processing chain may be summarised as follows: The raw IQ signal is subjected to
STFT analysis, after which complex features are constructed and extracted. These are then fed into a
CV-CNN for classification.

The complete signal processing and classification workflow described by this system may be
abstracted as a multi-stage composite function transformation. The mathematical essence of this
process is to achieve an end-to-end mapping from raw IQ signals to UAV type identification through a
cascade of operations across four stages: time-frequency analysis, complex feature construction, feature
extraction, and classification decision-making. The system under discussion can be summarized as
formula K which can be written as

K =Zu(Fco¥oT (RFseg)) (16)

The system model’s core innovations can be categorised as follows: The preservation of the phase
information of RF signals throughout the process is to be achieved via complex-domain operations.
Secondly, the optimisation design of time-frequency analysis and deep learning is to be synergistic.
Thirdly, a hybrid feature engineering strategy is to be employed, combining traditional signal process-
ing (Sobel edge detection) with data-driven methods. This structured representation not only reveals
the mathematical essence of the system but also highlights its theoretical advantage in achieving
high-precision RF signal recognition under complex electromagnetic environments.

3. The Proposed CV-CNN Scheme

CV-CNN is a deep learning architecture that has been specifically designed for the purpose of
processing complex-valued data. The present study has demonstrated that the technology under
discussion finds extensive applications in fields requiring phase information preservation. Such fields
include radar signal processing, medical imaging (e.g. MRI) and wireless communications. The
proposed CV-CNN is principally comprised of a feature extraction module and a classifier module.
In comparison to conventional RV-CNN, CV-CNN meticulously adheres to intricate mathematical
principles in pivotal operations, thereby ensuring the model’s capacity to efficiently discern the
magnitude and phase characteristics of complex data.

3.1. Architecture

The architecture of CV-CNN proposed in this paper represents an enhancement of the model
introduced in [56], with its overall structure illustrated in Figure 2. The network under consideration
adopts a modular design, primarily consisting of two major modules: a feature extractor and a
classifier. The system has been engineered to facilitate efficient complex signal processing through the
implementation of meticulously designed complex operation layers.

Within the architecture of the input layer, the network is configured to receive complex tensors of
size [batch size, 2, 384, 288]. The first channel is responsible for storing the real-part information of
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the original spectrogram, while the second channel is responsible for storing the imaginary-part infor-
mation processed by Sobel edge detection. This dual-channel representation is capable of preserving
the complex nature of the signal, thereby establishing the mathematical foundation for subsequent

processing.
- FC1 FC2 FC3/Output
E]ock 1 B]ocl\ 2 Block N-1 BlockN

edge detection result
(imaginary part)

Logarithmic transformation result
(real part)

uopelg
2drTot
odzis

XeWYOS/DAST

Figure 2. Architecture of the proposed CV-CNN.

The feature extractor module consists of N (set to 3-6) stacked complex convolutional blocks,
each comprising four key components: The complex convolutional layer employs a four-branch real
convolutional to simulate complex multiplication. The complex arithmetic rule (a + bi)(c + di) =
(ac — bd) + (ad + be)i is implemented rigorously through the parallel branches conv(rr), conv(ri),
conv(ir), and conv(ii). This layer is responsible for preserving the spatial dimensions of the feature
map through padding operations, whilst only modifying the channel dimension which may be
increased to a maximum of 256 to prevent overfitting and computational explosion. The CBN layer, a
key component of the model, jointly normalizes the concatenated real and imaginary parts, thereby
preserving the consistency of complex feature distributions. The CReLU activation function is an
innovative implementation of a nonlinear transformation in the complex domain. It first calculates the
magnitude of the complex number and applies the ReLU operation, then reconstructs the complex
output by integrating the original phase information. The pooling layer employs a hybrid strategy,
whereby the first N-1 layers utilize 2 X 2 max pooling to halve the feature map size sequentially, while
the final layer switches to 6 x 6 adaptive average pooling to ensure the network can process inputs of
varying resolutions.

We devised two dropout modes (Standard and Reduced) as regularization strategies. The "Stan-
dard" mode employs a strategy of progressively increasing dropout rate, raising the rate by 0.1 for each
additional convolutional layer (initialized at 0.3). The “Reduced” mode employs the same increment
logic for the first three layers (initialized at 0.2); however, it forcibly disables dropout from the fourth
layer onwards. Ablation experiments demonstrated that this design effectively balanced the model’s
generalization capability and representational power.

The classifier module consists of three FC layers, the function of which is to flatten the four-
dimensional feature tensor [batch, C, H, W] into a two-dimensional matrix [batch, CxHxW]. The initial
FC layer compresses the high-dimensional features (e.g., 18432 dimensions) to 1024 dimensions, while
the subsequent layer reduces this further to 512 dimensions, ultimately producing 25-dimensional
category logits. The implementation of ReLU activation functions and dropout with a 0.5 probability
between each FC layer serves to effectively prevent overfitting.

Utilizing a model comprising four convolutional blocks, a kernel size of three, and a dropout
pattern of “Reduced” (4L, 3K, Reduced), the model architecture is illustrated in Table 1. The complete
forward propagation process demonstrates the dimensional changes in the data: The input complex
signal [batch, 2, 384, 288] undergoes processing through four convolutional blocks, transforming
into [batch, 256, 6, 6]. Subsequent to unfolding, this yields a feature vector of [batch, 9216], which is
progressively compressed through FC layers to produce an output of [batch, 25]. This architecture
design is capable of achieving efficient feature extraction and classification of complex signals while
maintaining the mathematical completeness of complex operations.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 1. Architecture configuration of the (4L, 3K, Reduced) CV-CNN model.

Layer type Layer parameter Activation
Input 1x2x384x288 -
CvConv1+CBN k=3x3, s=1, p=1 — 1x64x384x288 CReLU
MaxP MaxPool 2x2 — 1x64x192x144 -
Dropoutl p=0.3 -
CvConv2+CBN k=3x3, s=1, p=1 — 1x128x192x144 CReLU
MaxP MaxPool 2x2 — 1x128x96x72 -
Dropout2 p=0.4 -
CvConv3+CBN k=3x3, s=1, p=1 — 1x256x96x72 CReLU
MaxP MaxPool 2x2 — 1x256x48x36 -
Dropout3 p=0.5 -
CvConv4+CBN k=3x3, s=1, p=1 — 1x256x48x36 CReLU
AvgP AdaptiveAvgPool 6x6 — 1x256x6x6 -
Flatten 1x9216 -

FC1 9216 — 1024 ReLLU
DropoutFC p=0.5 -

FC2 1024 — 512 ReLU
DropoutFC p=0.5 -
FC3/Output 512 — 25 Softmax

3.2. Feature Extractor

The core components of the feature extractor of the present study comprise complex convolutional
layers, CBN layers, CReLU activation functions, and pooling layers, thereby achieving efficient complex
signal processing through a modular design.

3.2.1. Complex Convolutional Layer

The core operation of CV-CNN is complex-valued convolution, which is designed to process
complex input data. The mathematical foundation of this approach is predicated on the linear
separability of complex multiplication, thus exhibiting a fundamental distinction from real-valued
convolution, as shown in Table 2.

Table 2. Distinction between complex-valued and real-valued convolution.

Aspect Complex-valued Real-valued
convolution convolution
Input/Output Complex number Real number
Number of parameters 4 times real-valued Relatively few
Phase processing Preserving phase Phase loss

Frequency domain Correlation modeling Magnitude-only
Computational complexity Higher Lower

In the case of an input complex tensor x € RE*2XH*W where B denotes the batch size, 2 represents
the real part (channel 0) and the imaginary part (channel 1), and H and W denote the input height
and width, respectively, the tensor can be expressed in this form. It can be demonstrated that, for the
complex input z = a + bi and the convolutional kernel W = W, + W;, the output z’ can be expressed as

Z = (ax W, —bxW;)+ (a*x W; +bxW,)i (17)

In this context, the symbol * denotes the standard two-dimensional convolutional operation, with
W, and W; denoting the convolutional kernel weights for the real and imaginary parts, respectively. In
practical implementation, complex-valued convolution is approximated through parallel computation
using four real-valued convolutional kernels: conv,,(a) denotes the convolution of the real part

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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with the real kernel, conv,;(a) denotes the convolution of the real part with the imaginary kernel,
conv;, (b) denotes the convolution of the imaginary part with the real kernel, and conv;;(b) denotes
the convolution of the imaginary part with the imaginary kernel. The final output is obtained through
linear combination:

out_real = convy,(a) — conv;;(b) (18)

out_imag = conv,;(a) + conv;,(b) (19)

This design explicitly models the cross-coupling between the real and imaginary parts, rendering
it suitable for time-frequency analysis (e.g., STFT features) and coherent signal processing.

Complex-valued convolution offers several advantages over its real-valued counterpart. Firstly, it
preserves phase information, which in UAV RF signals carries target motion data, enabling effective
modeling of phase variations. Secondly, it exhibits frequency-domain filtering characteristics, with
complex kernels functioning as frequency-domain filters that better suit time-frequency analysis
tasks (such as STFT feature processing) than real-valued convolution. Thirdly, it offers physical
interpretability, as complex operations align with signal processing theory (e.g., analytic signals and
Hilbert transform).

3.2.2. CBN Layer

The CBN layer performs independent normalization on the real and imaginary parts to ensure
training stability. For complex data z = a + bi, the normalization method is defined as

BN(z) = BN(a) + BN(b)i (20)
where BN denotes a standard BatchNorm2d, which can be expressed as

X—p
Vo?+e

This specific implementation method involves the calculation of i and ¢ separately for the real

BN(X) = (1)

and imaginary parts. CBN is a method that has been developed to address the issue of internal
covariate shifts in complex data. This process prevents optimization difficulties arising from scale
differences between real and imaginary components. The primary benefit of this approach is that
it stabilizes the distribution of complex features, thereby accelerating the convergence of training.
Additionally, it preserves the independence of the real and imaginary components.

3.2.3. CReLU Layer

CReLU is a nonlinear activation function that defines a magnitude activation while preserving
the phase in the complex domain. For a complex number z = a + bi, the magnitude |z| and phase ¢(z)
can be written as

Iz = Va2 +b2+e (e=107°) (22)

¢(z) = atan2(b, a) (23)
The application of a standard ReLU to the magnitude yields |z’|, which is given by

|z'| = ReLU(|z|) = max(0, |z|) (24)
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Finally, z must be reconstructed in order to derive the CReLU formula
(25)
CReLU(z) = |Z'| - cos ¢ +i(|Z| - sin¢) (26)

CReLU circumvents the phase distortion issues that arise from conventional real-imaginary
separation activation mechanisms by introducing a nonlinear transformation in the vicinity of the
origin whilst strictly preserving complex phase information.

3.2.4. Complex Pooling Layer

In CV-CNN, the complex pooling operation is of pivotal importance as a module for the reduction
of feature dimensionality, primarily employed to decrease the spatial resolution of feature maps while
enhancing translation invariance. In light of the properties inherent to complex data, it is imperative
that pooling operations process the real part and the imaginary part separately, thereby ensuring
the maintenance of mathematical consistency in complex arithmetic. The specific implementations
comprise max pooling and adaptive average pooling.

For the set of complex samples within the sliding window (win) {z; = a; + byi|k € win}, max
pooling independently selects the maximum value for both the real and imaginary parts, whereas
average pooling calculates the arithmetic mean. Max pooling and average pooling can be defined as

MaxPool(z;) = max z = max(ay) + i - max(by) 27)

kewin
AveragePool(zy) = —— Zp = —— a +i-— by 8
g winl 2o, % o] 2, o] @)

In the domain of signal processing, the max pooling operation, as a feature dimension reduction
method, derives its physical significance primarily from its ability to enhance locally salient features.
This approach effectively accentuates locally prominent features exhibiting strong responses, a char-
acteristic of considerable value in UAV RF signal recognition applications. Specifically, within the
domain of UAV RF signal processing, this method preserves both the amplitude and phase information
of RF signal from the target.

The primary benefit of average pooling is attributable to its capacity for spatial smoothing, a
property that is particularly advantageous for the processing of complex signals. The process of
averaging serves to effectively suppress random noise in local regions while preserving the overall
energy distribution characteristics of the signal. From an implementation perspective, complex average
pooling is equivalent to performing standard real-valued average pooling operations separately on the
real and imaginary components of the feature map. This approach is not only computationally efficient
but, more importantly, maintains the continuity of phase information in the output. In particular, the
phase value of the output feature is defined as the weighted average of all complex sample phases
within the specified window. This property makes it particularly suitable for applications that require
strict phase consistency, such as coherent signal processing and RF data analysis of UAVs.

3.3. Classifier

The classifier module is composed of a FC layer and an output layer, a design that is imperative
for processing complex features. The input to the proposed CV-CNN model is a flattened complex
feature vector z € R?N, composed of the real part a € RN and the imaginary part b € RY. For instance,
if the real and imaginary parts each possess 128 dimensions, the input z will have a dimension of 256.
The parameter configuration for this layer is defined by the weight matrix W € RM*2N which is a
matrix of real numbers with dimensions M x 2N, and the bias vector b € RM, which is a real number
with dimensions M. The output dimension is denoted by M.

In the actual implementation process, the real part a and the imaginary part b undergo indepen-
dent matrix multiplication operations (i.e., Wa and Wb), with the final results being merged. This
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design approach of separating computations effectively preserves the physical significance of complex
features, including both magnitude and phase information. It is particularly well-suited for processing
frequency-domain signals or the output features of complex convolutional layers.

The principal function of the FC layer is to map high-dimensional complex features (such as
the output of complex convolutional layers) onto the target dimensional space (such as the number
of categories in a classification task) and the separation of the real and imaginary components for
computation ensures the physical meaning of the complex features is preserved, thereby providing a
suitable feature representation for subsequent classification tasks.

The processing flow of the output layer is comprised of two key steps. Firstly, raw output values
(logits) € RC are generated through the final FC layer. Here, C denotes the number of categories in
the classification task. Secondly, these raw output values are converted into a probability distribution
p; via the Softmax function.

eYi

pi = S (29)

The numerator, e¥ of this function denotes the exponential operation applied to the output of
the i-th neuron, while the denominator sums the exponential scores across all classes, ensuring the
normalization property of the probability distribution -5 ; p; = 1. Physically interpreted, p; represents
the predicted probability that the input sample belongs to class i.

In practical programming, numerical overflow in exponential operations (such as ¢'°%) can be
avoided by employing the following equivalent form

C
logp; = y; —log ) e¥i (30)
=1

This logarithmic probability form is not only fully compatible with the cross-entropy loss function
but also exhibits superior numerical stability during gradient computation. The core function of the
Softmax operator lies in transforming the raw output values by neural networks into probability distri-
butions, thereby providing probabilistic grounds for multiclass classification tasks. As an optimized
implementation, Log-Softmax effectively resolves potential issues inherent in numerical computations.

3.4. Loss Function and Backpropagation

During the training process of the CV-CNN model, the design and optimization of the loss
function are critical to achieving model convergence. The present study employs the cross-entropy
loss function as the optimization objective, the mathematical expression of which can be written as

C
L=-) yclog(p:) (31)

c=1

where y. denotes the one-hot encoded vector of the true label. This loss function provides explicit
guidance for optimizing model parameters by measuring the discrepancy between the predicted
distribution and the true distribution.
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The proposed CV-CNN model utilizes the Adam optimizer for parameter updates, whose update
rules encompass first-order moment estimation m;, second-order moment estimation v;, bias correction
iy and parameter update 6;,1, which can be written respectively as

my = Bymy_q + (1 — B1)g: (32)
ot = Bovp—1 + (1 — B2)g7 (33)
~ ny
iy = (34)
1B
01 =0 —1- ﬁ (35)

where 6; denotes the current parameter, g; represents the current gradient, and 7 is the learning rate.
B1 and B, are set to default values of 0.9 and 0.999, respectively, while € is a small constant introduced
to ensure numerical stability (default 1079).

This optimization scheme effectively mitigates gradient oscillation by incorporating first-order and
second-order moment estimation; subsequently addresses significant moment estimation bias during
the initial phase through a deviation correction mechanism; and finally achieves robust convergence
performance across varying parameter dimensions by employing an adaptive learning rate.

During backpropagation, the computation of gradients adheres to the chain rule which is given

by

oL d9L 0
oL _ 9% 9 (36)
oW  dy JIW

The unique structure exhibited by complex neural networks necessitates the separate computation
of gradients, taking into account the real and imaginary components. To elaborate further, the gradient
expressions for the weight matrices Wie, and Wimag can be written as

oL oL ) OYreal n oL ayimag

OWreal B a]/ real  OWreal ayimag ' OWreal
aE _ aE ) ayreal aﬁ ) ayimag
aI/V'imag 3]/ real aVvimag 3]/ imag d Wimag

(37)

(38)

This decoupled computational approach ensures that complex parameters retain their physical
significance throughout the optimization process, while effectively capturing the coupling relationship
between the real and imaginary parts.

4. Ablation Experiment

This section conducts ablation experiments on the proposed CV-CNN model under ideal condi-
tions (noise-free) using a spectrogram dataset generated from the raw IQ data within the DroneRFa
dataset [55]. The impact of various parameters on the model’s performance in UAV RF signal classifica-
tion was evaluated using accuracy. In addition, in order to provide a more comprehensive comparison
of the performance of CV-CNN with that of traditional RV-CNN models, ablation studies were also
conducted on the RV-CNN models. It is noteworthy that both RV-CNN and CV-CNN employed model
structures and training logic that were identical throughout the course of the aforementioned ablation
experiments.

In consideration of the pervasive presence of noise interference in practical application scenarios,
subsequent research in Section 4.2 will undertake a more profound analysis of the performance
differences between the two models under varying SNR conditions. This will facilitate a more
comprehensive evaluation of the applicability of CV-CNN and RV-CNN for real-world applications.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.1551.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 December 2025 d0i:10.20944/preprints202512.1551.v1

13 of 23

4.1. Experimental Method

The present study has devised a comprehensive experimental framework for CV-CNN with the
objective of identifying RF signals from UAVs, as shown in Figure 3. During the construction and
preprocessing of the data set, the DroneRFA data set was used, which comprises IQ data from 25
categories of RF signals from UAVs. The raw IQ data underwent fixed-length segmentation, with
each segment containing 5 x 10° samples corresponding to a 50ms duration at a 100 MHz sampling
rate. The signal data within any two segments did not overlap. Subsequently, each segmented IQ data
underwent STFT, with the following parameters being utilized: The 1024-point Hanning window, with
a 50% overlap, is utilized in conjunction with a 1024-point FFT operation, ensuring a consistent 100
MHZz sampling rate. This process yielded a dataset comprising 38480 spectrograms with a resolution
of 1250 x 938.

The preprocessing workflow encompasses four critical stages: during spectrogram processing,
the raw image (938 x 1250) undergoes effective region cropping; for spectrogram visualization, a 60 dB
dynamic range is set (referenced to maximum power), employing a Jet color palette, with the frequency
axis display range set to —50 MHz to 50 MHz to achieve centered display. Subsequently, a logarithmic
transformation enhances the discernibility of low-intensity signal features. The final output comprises
a 384 x 288 pixel PNG image, which serves as input for the RV-CNN and the real-part channel input
for the CV-CNN. Finally, the Sobel edge detection algorithm is applied to the PNG image to generate
the imaginary-part channel input, thereby constructing the complete complex representation for the
CV-CNN. A comparative analysis is conducted to assess the performance of the two models under
both noise-free and noisy conditions.

Logarithmic
Segmentation transformation
+ STFT +Croppmg RV-CN N
model
DroneRFa
Sobel operator 'FQ;,
edge detection Lty Versus

Imaginary part CV— CN N
—
model

Figure 3. Ablation experiment flowchart.

In terms of network architecture design, the proposed CV-CNN model comprises three core
components: the complex convolutional layer strictly adheres to complex multiplication rules to ensure
mathematical completeness of complex operations; the CBN layer performs independent normalization
on the real and imaginary parts to maintain feature numerical stability; and the CReLU activation
function implements nonlinear transformation based on complex magnitude while preserving phase
information. Specifically, the network employs a dynamic feature extractor design that allows flexible
adjustment of network depth based on the parameters of the ablation experiment.

The design of the ablation experiment employs a full-combination scheme of three factors in
order to systematically evaluate the impact of different network configurations on performance. The
first factor examines the influence of the number of convolutional layers (3, 4, 5, or 6 layers) on
feature extraction capability; the second factor compares the local feature capture ability of different
convolutional kernel sizes (3 x 3 and 5 x 5). The third factor contrasted two Dropout regularization
strategies. The "Standard" mode employed a progressively increasing dropout rate (0.3—-0.8) across
layers, whilst the “Reduced” mode applied a dropout rate increment strategy (0.2-0.4) exclusively to
the first three layers. This multi-factor experimental design provides exhaustive empirical evidence for
the optimization of model performance.
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4.2. Experimental Configuration

For the 25 categories of UAV RF signals, the experiment randomly partitioned the data into
training, validation, and test sets at a ratio of 0.7 : 0.15 : 0.15. The implementation of the neural
network model was accomplished through the utilization of the PyTorch framework on a Ubuntu
22.04.5 platform. The training, validation, and testing phases of the process were conducted on an
NVIDIA RTX 3090, utilizing the Adam optimizer and the cross-entropy loss function. The initial
learning rate, weight decay, batch size and training epoch were separately set to 0.001, 1 x 107>, 8 and
50.

4.3. Results and Analysis
4.3.1. Impact of Parameters on CV-CNN

In this section, the impact of network depth, kernel size, and dropout mode on the classification
accuracy of the CV-CNN model was evaluated based on the results of the ablation experiments shown

in Table 3.
Table 3. Accuracy of CV-CNN model under different parameter configurations.
Network depth Kernel size Dropout mode Accuracy (%)
3 3 Standard 96.08
3 3 Reduced 98.35
3 5 Standard 95.88
3 5 Reduced 96.53
4 3 Standard 99.74
4 3 Reduced 99.90
4 5 Standard 99.98
4 5 Reduced 100.00
5 3 Standard 99.98
5 3 Reduced 8.52
5 5 Standard 99.79
5 5 Reduced 100.00
6 3 Standard 76.33
6 3 Reduced 9.23
6 5 Standard 7.52
6 5 Reduced 7.52

Experimental results indicated that network depth is the most substantial factor influencing the
performance of the CV-CNN model. As shown in Figure 4, the performance of the model notably
improved with an increase in network depth from 3 to 4 layers. This suggests that an increase in
depth effectively enhances the model’s capacity for feature extraction. However, when the depth
was increased to five layers, the marginal benefit diminished, with performance even showing slight
deterioration. In the (5, 3, Reduced) configuration, the accuracy of the model decreased to 8.52%, which
demonstrates the model’s extreme sensitivity to parameter combinations within this range and its
susceptibility to training instability. As the depth was increased to six layers, the model demonstrated
a significant deterioration in performance, with accuracy falling below 10% in the majority of configu-
rations. This finding suggests that the network has become excessively deep, which has resulted in
substantial gradient-related issues or the overfitting of the model. Consequently, subsequent analyses
in this section exclude models with a depth of 6 and the (5, 3, Reduced) configuration.
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Figure 4. Impact of network depth on accuracy.

The impact of kernel size on CV-CNN performance is relatively minor, exhibiting no discernible
pattern, as illustrated in Figure 5. When the network depth was set at 3, models utilizing 3 x 3
convolutional kernels exhibited marginally superior performance in comparison to those employing
5 x 5 kernels. At a depth of 4, 5 x 5 kernel-based models demonstrated slightly superior performance
compared to their 3 X 3 counterparts. However, at a depth of 5, the 3 x 3 kernel-based models once
again exhibited slight superiority over the 5 x 5 kernel-based models, suggesting a transition in the
relative effectiveness of the two kernels as the network depth increases. This phenomenon suggests
that the influence of kernel size may be modulated by interactions with other parameters, rather than
being an independent dominant factor.
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Figure 5. Impact of kernel size on accuracy.

The impact of dropout mode on model performance is highly correlated with network depth, as
shown in Figure 6. When model complexity was moderate (network depth=3, 4), the 'Reduced’ mode
often yielded a slight performance improvement, such as an increase from 96.08% for (3, 3, Standard)
to0 98.35% for (3, 3, Reduced). However, as the complexity of the model increased, the 'Reduced’” mode
was shown to significantly exacerbate overfitting due to insufficient regularization strength, leading to
a performance collapse. For instance, the configuration (5, 3, Reduced) attained an accuracy of a mere

8.52%.
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Figure 6. Impact of dropout mode on accuracy.

4.3.2. Comparison of Model Performance in Noise-Free Conditions

This section drew parallels between the performance of CV-CNN and RV-CNN models operating
under identical experimental and training protocols in the absence of noise, as illustrated in Table 4.

Table 4. Comparison of accuracy between CV-CNN and RV-CNN models.

Network Kernel Dropout CV-CNN RV-CNN
Depth Size Mode Accuracy(%) Accuracy(%)
3 3 Standard 96.08 99.88
3 3 Reduced 98.35 99.98
3 5 Standard 95.88 99.97
3 5 Reduced 96.53 100
4 3 Standard 99.74 98.35
4 3 Reduced 99.9 100
4 5 Standard 99.98 100
4 5 Reduced 100 100
5 3 Standard 99.98 99.62
5 3 Reduced 8.52 100
5 5 Standard 99.79 100
5 5 Reduced 100 100
6 3 Standard 76.33 99.98
6 3 Reduced 9.23 54.12
6 5 Standard 7.52 84.13
6 5 Reduced 7.52 10.93
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Comparison of the performance of the two model types reveals that both can achieve near-
100% accuracy under optimal configurations (e.g. network depth=4 or 5 in most cases), indicating
comparable theoretical upper limits. However, RV-CNN requires lower parameter tuning costs to
achieve equivalent performance and demonstrates significant advantages in terms of model stability.
As shown in Figure 7, CV-CNN demonstrated variability in performance when the network depth
ranged from 3 to 5, while RV-CNN exhibited consistent and superior performance. For instance, under
the configuration (5, 3, Reduced), RV-CNN achieved 100% accuracy, whereas CV-CNN registered
only 8.52%. Furthermore, RV-CNN demonstrated greater fault tolerance to increased network depth,
as shown in Figure 7(b). When the network depth was designated as 6, the performance of CV-
CNN was significantly compromised (often falling below 10% accuracy), while RV-CNN exhibited
notable resilience with certain configurations. For instance, under (6, 3, Standard) and (6, 5, Standard)
configurations, RV-CNN achieved accuracies of 99.98% and 84.13%, respectively.

| |
.
hie

3 3 3 3 3 4 5 13
Number of Conv Layers Number of Conv Layers

(a) (b)
Figure 7. Performance comparison of (a) CV-CNN and (b) RV-CNN at different network depth.

In conclusion, the RV-CNN models offer enhanced stability and resistance to overfitting, while
exhibiting comparable peak performance to the CV-CNN models. This renders the RV-CNN models a
more reliable choice.

However, it should be noted that the aforementioned conclusions are obtained under ideal
experimental conditions, devoid of noise. In view of the pervasive presence of noise interference in
practical application scenarios, we will further analyze the performance differences between the two
models under varying SNRs in the subsequent section. This extensive investigation will provide a more
comprehensive assessment of the suitability of CV-CNN and RV-CNN for real-world applications.

4.3.3. Comparison of model performance in different SNRs

In this section, a systematic comparison was made between the recognition accuracy of the
CV-CNN model and the traditional RV-CNN model under varying SNRs through experimental
evaluation. The performance of both models was comprehensively assessed across an SNR range from
-20dB to 20dB. As indicated by the findings in Section 4.3.1, both the CV-CNN and RV-CNN models
demonstrated substantial degradation when the network depth reached six layers. Consequently, we
abandoned analysis of models with a depth of six layers.

The experimental results revealed a conspicuous discrepancy in performance between the two
models, particularly in regions characterised by low SNR, as shown in Figure 8. At extremely low
SNR levels (-20 dB to -10 dB), the two models demonstrated fundamental discrepancies in their
performance. As shown in Figure 8(a), all configurations of the CV-CNN model demonstrated
substandard performance at -20 dB. However, certain models, including the (5, 5, Standard) and
(5, 5, Reduced) models, exhibited foundational classification capabilities, attaining accuracy rates
that significantly exceeded random guessing levels. When SNR improved to -10 dB, the CV-CNN
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models demonstrated substantial performance gains, with most configurations achieving accuracy
rates exceeding 80%. When subject to low-SNR conditions that were identical in all respects, failure of
the RV-CNN models was complete, as shown in Figure 8(b). At both -20 dB and -10 dB, the RV-CNN
models demonstrated an accuracy rate of less than 10%, indicating an inability to extract effective
features for classification in the presence of strong noise.

g
2

# & & -@*’ & & & & & » & » &
. N

(@ (b)
Figure 8. Accuracy comparison of (a) CV-CNN and (b) RV-CNN at different SNRs.

Within the SNR range of -10 dB to 0 dB, the CV-CNN demonstrated its most pronounced per-
formance advantage. At an SNR of 0 dB, the CV-CNN approached near-complete convergence. The
majority of model configurations achieved accuracy rates in excess of 95%, with configurations such
as (5, 5, Standard) and (4, 5, Standard) attaining or approaching 100% accuracy. In contrast, the
performance of RV-CNN in this range exhibited a considerable delay. Even at 0 dB, the accuracy of all
RV-CNN models remained below 10%, indicating a substantial discrepancy compared to CV-CNN
models.

As SNR continued to increase, the performance of the RV-CNN models began to improve rapidly.
Beyond an SNR exceeding 10 dB, the accuracy of all CV-CNN and RV-CNN models approached
saturation, reaching or approaching the ultimate performance threshold of 100%. This finding indicated
that, in conditions of high SNR, both models demonstrate the capacity to leverage the unique signal
characteristics in their entirety.

In summary, CV-CNN demonstrated overwhelming superiority over RV-CNN under low SNR
conditions. CV-CNN has been shown to maintain effective feature extraction and classification
capabilities even in extremely low SNR environments (as low as -20 dB), where RV-CNN has been
demonstrated to fail, thus demonstrating the robust noise resilience of CNN-CNN. Concurrently,
CV-CNN exhibited a higher performance threshold, achieving near-perfect classification performance
at 0 dB SNR, whereas RV-CNN remained virtually inoperable at this SNR level. Due to its intrinsic
capacity to completely preserve and process both signal phase and amplitude, CV-CNN possesses
distinct advantages in the handling of low-SNR, non-stationary signals. This renders it exceptionally
well-suited for tasks involving poor signal quality in practical scenarios such as communications, radar,
and RF applications.

In practical applications, when the anticipated SNR in the working environment is below 10dB, the
CV-CNN architecture should be prioritised. Conversely, in high SNR environments (more than 10dB),
the performance discrepancy between the two models is significantly reduced, enabling selection
based on computational efficiency and other factors. The anomalous performance observed at five
layers and the comprehensive degradation at six layers provide crucial avenues for future research.
This finding necessitates further investigation into the optimal depth constraints for CV-CNN and the
underlying mechanisms governing their interaction with regularisation strategies.
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5. Conclusion

This study aims to implement CV-CNN in recognizing RF signals from UAVs. In order to leverage
phase information, a CV-CNN incorporating complex convolutional layer, CBN, CReLU, complex
pooling, and complex backpropagation algorithms is proposed. A series of ablation experiments were
conducted on the DroneRFa dataset, with the aim of comparing the performance of the proposed
CV-CNN with that of a RV-CNN sharing the same architecture. The experimental results demonstrate
that the CV-CNN exhibits superior robustness and interference resistance in comparison to RV-CNN
of identical architecture, maintaining high recognition accuracy even under low SNR conditions. This
research provides a foundation for the broad application of CV-CNN in the domain of UAV RF signal
recognition.
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Abbreviations

The following abbreviations are used in this manuscript:

UAV Unmanned aerial vehicle
RF Radio frequency
CNN Convolution neural network

CV-CNN Complex-valued convolution neural network
RV-CNN  Complex-valued convolution neural network

SNR Signal-to-noise ratio

CBN Complex batch normalization
CReLU Complex rectified linear unit
STFT Short-time Fourier Transform
FC Fully connected layer
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