12 REV Journal on Electronics and Communications, Vol. 16, No. 1, January-March, 2026

Regular Article

CoDeX-Net: A Coordinate-Gated and Deformable Cross-Scale
Network for Efficient Waveform Classification in Integrated Radar-
Communication Systems

Thanh-Dat Tran, Minh-Thanh Le, Son Ngoc Truong, Ngoc-Ha Truong, Pham Ngoc Son, Hoc Phan,
Tan Do-Duy, Thien Huynh-The

Department of Electronics and Information Engineering
HCM City University of Technology and Engineering (HCM-UTE)

Correspondence: Thien Huynh-The, thienht@hcmute.edu.vn
Communication: received 18 Novemver 2025, revised 18 January 2026, accepted 08 February 2026
Online publication: 03 March 2026, Digital Object Identifier: 10.21553/rev-jec.428

Abstract— Accurate waveform classification in hybrid radar-communication environments remains challenging, particularly
under low-SNR conditions where structured interference and noise severely distort time-frequency signatures. Existing
lightweight CNN models often lack the capacity to capture axis-dependent patterns, whereas conventional vision backbones
are computationally prohibitive for edge-level deployment and fail to exploit the physical structure of spectrogram
data. To address these limitations, this work proposes CoDeX-Net, a compact dual-stream architecture composed of two
complementary modules: (i) PAUG, which performs intra-resolution refinement through coordinate-aware spatial gating
and channel-adaptive modulation, and (ii) CSDM, a cross-scale deformable mixer that aggregates coarse-resolution context
via offset-guided sampling and soft branch routing. Together, these modules enhance both local discriminability and
long-range spectral coherence while maintaining extremely low complexity. Extensive experiments on twelve radar and
communication waveforms demonstrate that CoDeX-Net achieves 91.01% average accuracy, outperforming state-of-the-art
CNN and lightweight radio frequency (RF) classifiers despite operating with only 51K parameters and 0.564 ms inference
latency. The results confirm that task-aligned architectural design provides substantive benefits over repurposed vision
models and enables practical deployment in real-time embedded RF systems.

Keywords— Deep learning, integrated radar-communications systems, time-frequency analysis, waveform classification.

1 INTRODUCTION

The explosive proliferation of next-generation wire-
less communication systems (fifth-generation/sixth-
generation) and the ubiquity of advanced sensor net-
works have precipitated an increasingly severe scarcity
and congestion of the electromagnetic spectrum [1]. The
spectral domain, a finite natural resource, has evolved
into a highly contested environment populated by a
myriad of heterogeneous transmitting devices. This
challenge is further exacerbated by the emergence of in-
tegrated radar-communication (IRC) systems [2, 3]. The
IRC paradigm aims to dissolve traditional frequency
boundaries, enabling radar and communication signals
to coexist and share the same physical bandwidth to
maximize spectral efficiency [4, 5]. This convergence
creates a highly complex, hybrid signal environment
where receivers must contend not only with back-
ground noise but also distinguish between target sig-
nals and diverse structured interferers. Consequently,
a robust waveform recognition mechanism capable of
accurately classifying both signal families under severe
noise conditions serves as a critical prerequisite for
enabling subsequent signal processing stages, such as
interference rejection or adaptive demodulation [6, 7].

Traditionally, waveform recognition has been ap-
proached through two primary paradigms: Likelihood-

Based (LB) methods and Feature-Based (FB) meth-
ods [8-10]. While LB approaches, such as the Average
Likelihood Ratio Test, achieve theoretical optimality
in the Bayesian sense, they suffer from computational
intractability and a heavy reliance on precise prior
knowledge of channel parameters—a requirement that
is rarely met in blind reconnaissance scenarios. Con-
versely, FB methods depend on hand-crafted statistical
signatures, such as higher-order cumulants, spectral
moments, or cyclostationary features [11]. However,
these rigid feature extractors often prove brittle, exhibit-
ing severe performance degradation when confronted
with non-Gaussian noise or complex multipath fading
characteristic of urban or hybrid IRC environments.

The advent of deep learning (DL) has catalyzed a
fundamental paradigm shift, replacing laborious man-
ual feature engineering with end-to-end representation
learning [12], [13]. Specifically, convolutional neural
networks (CNNs) have emerged as the dominant ar-
chitecture due to their powerful feature extraction ca-
pabilities [14]. By treating Time-Frequency Represen-
tations (TFR)-such as the Short-Time Fourier Trans-
form [15] or Choi-Williams Distribution [16]-as visual
images, CNNs leverage the translation invariance and
locality of convolutional kernels to automatically de-
compose complex signals into hierarchical abstractions.
This process enables the network to learn features

1859-378X-2026-0102 © 2026 REV



T. D. Tran et al.: Coordinate-Gated and Deformable Cross-Scale Network for Efficient Waveform Classification... 13

ranging from elementary edges and pulses in shallow
layers to abstract modulation morphologies in deeper
layers, thereby eliminating the need for domain exper-
tise while delivering superior robustness compared to
classical statistical classifiers [17].

Initial efforts in DL-based automatic modulation clas-
sification primarily applied general vision backbones.
Architectures such as ResNet50 [18], MobileNetV2 [19],
and EfficientNetBO [20] were widely used as bench-
marks. Although these models possessed strong fea-
ture extraction capabilities, they were designed for
natural images and often failed to capture the spe-
cific time-frequency signatures of radio signals [21].
Their simple isotropic kernels processed all spatial di-
mensions equally, ignoring the distinct physical mean-
ings of the time and frequency axes in the spec-
trogram. Furthermore, the massive parameter count
rendered them unsuitable for edge deployment [22].
To address this issue, domain-specific architectures
with lightweight computation and attention mecha-
nisms have been actively explored [23]. For instance,
Huynh-The el al. [24] introduced a sophisticated CNN
design leveraging the Smoothed Pseudo Wigner-Ville
Distribution (SPWVD) to mitigate cross-term inter-
ference. The model employed the Rational Spectrum
Association module to extract discriminative features.
However, RadComNet relied on standard convolutions
and dense connections, leading to high memory con-
sumption and computational redundancy. To address
the efficiency bottleneck, WaveNet [25] was subse-
quently proposed as a lighter alternative. WaveNet
introduced the cost-efficient feature awareness mod-
ule, utilizing grouped-of-kernel-wise residual connec-
tions and Dual Asymmetric Channel Attention. By
decoupling attention along the time and frequency
axes, WaveNet achieved a reduction in model size
compared to RadComNet while improving accuracy.
However, both RadComNet and WaveNet were purely
CNN-based models. They suffered from the intrinsic
limitation of the convolution operator: a local and
fixed receptive field. This prevented them from ef-
fectively modeling long-range dependencies. Recently,
the frontier of this field shifted toward architectures
based on the Self-Attention mechanism, notably the
Vision Transformer [26] and hierarchical variants such
as the Swin Transformer [27]. These modern models
demonstrated that modeling global dependency via the
Attention mechanism yielded superior accuracy com-
pared to traditional CNNSs, particularly in distinguish-
ing signals with extended temporal structures. How-
ever, the standard Self-Attention mechanism incurred
a computational complexity that scaled quadratically
with the input sequence length (O(N?)). This resulted
in unacceptable inference latency for electronic war-
fare or real-time radar applications. Nevertheless, the
success of Transformers in computer vision inspired
hybrid architectures aimed at mitigating this drawback.
Tran el al. [28] proposed a core innovation with the
Decoupled Attention (DTA) mechanism, which split
attention into temporal, frequency, and channel streams
to reduce the quadratic complexity of standard Self-

Attention. Despite its high accuracy (91.11%), it still im-
posed a significant computational burden compared to
pure CNNs. Another direction was CMNet [29], which
leveraged State Space Models (Mamba) to achieve ultra-
fast inference speeds (0.059 ms) thanks to linear com-
plexity. However, the accuracy of CMNet (90.7%) was
slightly lower than that of Transformer-based hybrid
models, suggesting that although SSMs were efficient,
they struggled to filter heavy noise as effectively as
attention-based mechanisms in low signal-to- noise ra-
tio (SNR) regimes.

It is evident that none of the aforementioned ar-
chitectures possess the capability to dynamically align
features across different scales. The absence of such
mechanisms limits the ability to extract robust features
in noisy environments, varying frequencies, or complex
waveform structures. To effectively address these chal-
lenges and bridge the gap between performance and
efficiency, this paper proposes CoDeX-Net, a compact
yet robust time-frequency classifier. Our architecture is
built upon the synergistic interaction of two comple-
mentary mechanisms: intra-resolution refinement via
coordinate gating and cross-scale context aggregation
via deformable sampling. This hybrid design allows
the model to flexibly adapt to complex signal variations
and dynamic noise without incurring unnecessary com-
putational costs. The main contributions of this study
are summarized as follows:

o We propose CoDeX-Net, a lightweight architecture
for waveform classification in integrated radar-
communication systems. By leveraging SPWVD
to obtain high-resolution, interference-mitigated
time-frequency representations, the model achieves
superior trade-off between accuracy and efficiency.

e We develop two novel complementary modules:
the Pan-Axis Unified Gating (PAUG) module
for intra-resolution refinement via dynamic
routing and coordinate attention; and the Cross-
Scale Deformable Mixer (CSDM) module for
cross-resolution context aggregation via content-
adaptive deformable sampling. This combination
enables the network to effectively capture
both fine-grained local details and global
signal structures.

o Comprehensive experiments on a dataset com-
prising 12 waveforms demonstrate the superior
performance of CoDeX-Net. The model achieves
an average accuracy of 91.01% and impressive
noise robustness of 66.66% at -5 dB SNR , outper-
forming heavy vision backbones and specialized
lightweight models such as CMNet and DTANet,
while maintaining a compact size of 51K parame-
ters and a low inference latency of 0.564 ms.

The rest of this paper is structured as follows. Sec-
tion 2 details the proposed CoDeX-Net architecture
and its core components. Section 3 presents the ex-
perimental setup, comprehensive results analysis, and
a comparative study against state-of-the-art methods.
Finally, Section 4 concludes the paper and outlines
future research directions.
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Figure 1. Representative SPWVD spectrograms illustrating the distinct time-frequency signatures of the 12 considered radar-communication

waveform categories.

2 METHODOLOGY

2.1 Signal Modeling and TFR via SPWVD

We consider an IRC receiver tasked with identify-
ing radar and communication signals. The received
discrete-time complex signal y[k] is modeled as the
convolution of the transmitted waveform x[k| with an
unknown channel response hk|, corrupted by additive
white Gaussian noise (AWGN) n k]

y[k] =x[k] «h[k] +n[k], (1)

where k represents the time index and * denotes the
convolution operator. Our objective is to classify twelve
distinct waveform types, comprising four radar sig-
natures (LFM, Rect, Barker, StepFM) and eight com-
munication modulations (B-FM, BPSK, CPFSK, DSB-
AM, GFSK, PAM4, QPSK, 16-QAM), without prior
channel knowledge.

To facilitate CNN-based classification, we utilize
TFRs. The Wigner-Ville Distribution (WVD) is chosen
for its high resolution, defined for a signal s(t) as

WVD; (t, w) = /_oos (t+3)s (t-5)eTmar. @
However, for multi-component received signals y(t) =
s(t) + n(t), WVD sulffers from cross-term interference

WVD,, (t,w) = WVDs (t,w) + WVD;, (t, w)

+ 2R [WVDs , (£, w)],
where the cross-term 2R [WVDg,| can obscure gen-
uine signal features. To mitigate this, we employ
the SPWVD, as analyzed in recent deep learning frame-
works [30], which suppresses interference via inde-

pendent temporal (g(#)) and spectral (H(w)) smooth-
ing windows

e T
SPWVDy (t, w; @) :/ g H@)x (t+7)
* _ T\ —jwt
x (t 2) e 1Vt dt.
For discrete implementation with sequence length N,
this is computed as

®)

(4)

SPWVD [, k] = % g [n] H [kl x [’”%}
m=—N ) (5)
x x* [n — %} R,

We utilize Kaiser windows for both smoothing domains
to balance resolution and sidelobe suppression. The
coefficients are empirically set following [25] and are

given by
2
o (1= (s509)')
wn] = ,0<n<N, (6)

Io (7)
where Ij(-) is the zeroth-order modified Bessel func-
tion of the first kind, and < is the shape parameter
controlling spectral leakage. In this study, we generate
square SPWVD images of size 224 x 224 by aligning
the number of frequency bins with the time samples.
As illustrated in Figure 1, using Kaiser windows con-
figured with N = 40 and ¢ = 0.5 provides robust in-
terference suppression while preserving essential local
time-frequency details for the twelve waveform classes.
This selection of input representation is a deliberate
design choice. Although direct learning from raw 1/Q
data is feasible, it mandates that the network implicitly
approximate time-frequency transformations, thereby
imposing significant computational overhead. By inte-
grating SPWVD with Kaiser windows, the proposed
framework incorporates a strong inductive bias. The
deterministic suppression of cross-term interference
functions as a mathematical prior rather than heuristic
tuning, yielding a disentangled feature manifold. This
physics-aware decoupling effectively offloads the signal
transformation task, enabling CoDeX-Net to maintain
minimal parameter complexity while achieving high
classification accuracy.

2.2 CoDeX-Net: Coordinate-Gated and Deformable
Cross-Scale Network for Waveform Classification

In this paper, we introduce CoDeX-Net, a novel hy-
brid neural network architecture designed to address
the unique challenges of waveform classification in
IRC systems. Departing from standard computer vi-
sion backbones that treat inputs as spatially isotropic
images, CoDeX-Net adopts a physics-aware design to
explicitly leverage the anisotropic information inherent
in time-frequency domains. The architecture optimizes
feature learning via the synergy of two core mecha-
nisms, as illustrated in Figure 2, the PAUG for dynamic
intra-resolution refinement that mimics adaptive signal
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Figure 2. The overall architecture of the proposed CoDeX-Net. The network processes the input spectrogram through an initial stem, followed
by three cascaded stages. Each stage strategically alternates between a PAUG module for intra-resolution refinement and a CSDM module for
cross-resolution context aggregation, culminating in a compact classification head.
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Figure 3. Detailed architecture of the proposed PAUG module.

processing windows, and the CSDM for deformable
cross-scale mixing. This design enables the model to
simultaneously capture local details, axial long-range
relationships, and dynamic multi-scale context, thereby
overcoming the geometric rigidity of generic CNNs.

The backbone begins with an efficient stem for ag-
gressive spatial downsampling. It stacks two 3 x 3
convolutional (conv) layers, each with stride 2, yielding
a 4x reduction in spatial resolution. Each convolution
is followed by Batch Normalization (BN) and a Sigmoid
Linear Unit (SiLU) activation to stabilize training and
provide robust nonlinearity. This early reduction sub-
stantially lowers the compute of all subsequent blocks
while preserving essential edge and texture cues.

PAUG module: This is a sophisticated intra-
resolution feature refiner. Its primary function is to
process and enhance feature maps within a single
scale. It operates by executing two parallel process-
ing streams-one spatial and one channel-which are
subsequently fused intelligently, as detailed in Fig-
ure 3. The process begins with the input feature map
FglAUG e RHXWXC obtained from the initial conv
block. The extracted features are then forwarded into
two parallel branches. The first branch is dedicated
to spatial feature refinement. This process commences
by applying three parallel depthwise convs (dwconv)
to the input Fi, o, chosen to capture diverse, multi-

orientation spatial structures

DWiss (Filyug) , ifi=1
Ai=q DWs (Fliyg), ifi=2 @)
DWiys (Fhye), ifi=3,

where DWW represents an m x n depthwise convolution.
This operator is utilized for its high parameter effi-
ciency and significantly lower computational cost rela-
tive to a standard conv layer. To dynamically synthesize
these features, we introduce a Softmax Router. This
router is a lightweight MLP designed to first extract
a global context vector from the input Fi, ;- via global
average pooling (gap). This vector is subsequently pro-
cessed by an MLP and a softmax function to predict
three dynamic weights. The entire weight computation
process is summarized as

w =8 (fe (SiLU (fc (gap (FiAuc))))) . ®)
where S denotes the softmax function applied along
the feature dimension, ensuring the weights sum to
unity, and fc represents a fully connected layer. This
mechanism allows the model to dynamically learn to
select and balance the kernel combination—prioritizing
horizontal, vertical, or symmetric features—that is most
suitable for each input sample, rather than using
a static aggregation. The spatial feature map, Fs,
is then computed as a weighted summation of the
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parallel branches, where each weight w; € w is
spatially broadcast

Fs = wiA1 +wAj + w3As. 9)

By utilizing dynamic weights derived from the global
context, the network can dynamically prioritize and
balance the combination of spatial features (e.g., hor-
izontal, vertical, or symmetric) that is most suitable for
each input sample, creating a more flexible receptive
field compared to static aggregation. Subsequently, the
feature map F; is passed through a pointwise conv
(pwconv), BN, and SiLU sequence. This processing
block serves two purposes: it performs channel fusion
to mix information and learn cross-channel correlations
(which were kept separate by the preceding dwconvs),
and it applies a non-linear transformation to refine the
features before they are fed into the Coord Attention
block. Standard convolutions often struggle to capture
long-range, position-sensitive dependencies. To explic-
itly address this limitation, the Coord Attention module
is employed to capture these relationships. Instead of
computing an computationally expensive full 2D atten-
tion map, Coord Attention factorizes spatial attention
into two 1D vectors that independently encode informa-
tion along the two spatial axes. This process commences
by applying 1D gap along the horizontal and vertical di-
mensions to compress the input FiC”A into two separate
axis descriptors: a vertical-axis descriptor z;, € RF*1*¢
and a horizontal-axis descriptor z;, € RM*W*C. These
two vectors, which now embed position information
along their respective axes, are then concatenated and
passed through a shared encoding block. This step is
crucial, as it enables the model to learn interactions
between the positional information of the two axes,
producing a unified context representation f

f = SiLU (BN (cm ([zh, z;])» , (10)

where [-] denotes the concatenation operation, zj, in-
dicates that z, is permuted to match the spatial di-
mensions of z, prior to concatenation, and C denotes
a standard conv operator. The tensor f is then split
back into its horizontal and vertical components, f;
and f,. These components are passed through two
separate 1 x 1 conv layers and a sigmoid function (c)
to reconstruct the final attention masks

ay =0 (Coa (), aw=0(Cralfe)"). a1

out

The final output of the spatial branch, FZ'y, is obtained
by applying both attention masks element-wise to the
teature map F{,, expressed as

FOCLX = FiCnA ®a ©ay, (12)

where © denotes element-wise multiplication. The ef-
fect of this mechanism is that a; functions as a ver-
tical gating mechanism, re-weighting the importance
of each row. Similarly, a, re-weights the importance
of each column. Consequently, a feature at a given
location (h, w) is strongly emphasized only if both its
corresponding row h and its column w are deemed
contextually significant by the model, thereby achieving

a sophisticated, global-aware feature refinement with
minimal computational overhead.

After completing the spatial branch, the PAUG mod-
ule employs a channel refinement branch that focuses
on content-dependent modulation along the channel di-
mension. While the spatial branch models axis-aligned
spatial relationships in the 2D plane, the channel
branch is designed to enhance semantic discrimina-
tion and stabilize per-channel responses. It captures
complex nonlinear interactions across channels while
leveraging global contextual information to modulate
its output adaptively. This process consists of three
sub-mechanisms that operate in parallel and are later
merged. To first collect local spatial context, the input
feature map F?AUG is passed through a dwconv 3 x 3
convolution, producing an intermediate output X'. Im-
mediately afterward, we apply Global Response Nor-
malization (GRN) [31]. GRN is an advanced normal-
ization technique that enhances contrast and feature
selectivity by normalizing each channel’s response rel-
ative to its own global spatial energy. This creates a
competitive dynamic among channels by normalizing
the feature map X! according to its global response
magnitude g. As a result, weak channels are amplified
while overly dominant channels are suppressed. The
entire operation is expressed as a gated residual update,
summarized by

2! =X Xt 1B, (13)
with
1 1
=X X . (19
8 \/H>1<7W RPN (X})2+e
where € is a small constant added for numerical stabil-
ity, and 7, B € R'1*C are learnable per-channel scale
and bias parameters. This stage diffuses local informa-
tion within each channel while simultaneously regulat-
ing activation magnitudes, which is crucial before the
subsequent gating mechanisms that can further amplify
responses. In parallel, the channel branch employs a
pixel-wise MLP utilizing the GE-GLU (GELU-Gated
Linear Unit) mechanism [32] to model complex non-
linear inter-channel interactions. This is a variant of the
GLU, where the GELU (Gaussian Error Linear Unit)
activation is used as the non-linear gating function.
The process first normalizes the input using layer norm
(LN), followed by a linear projection (W) that is
decomposed into two components: D (the data compo-
nent) and B (the gating component). The intermediate
feature X? is then computed by the element-wise mul-
tiplication of the GELU-activated data component and
the gating component

X? = GeLU(D)®B, D,B=LN (F}?AUG) Wit (15)

The resulting feature X? is then projected back to the
original channel dimension via W to obtain the final
output Z2. This mechanism enables the model to learn
complex inter-channel relationships with high compu-
tational efficiency, as the entire transformation is ap-
plied independently at each spatial location. After the
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two main feature branches (Z! and Z?) are computed,
they are summed together. However, rather than utiliz-
ing this result directly, we apply a final dynamic mod-
ulation mechanism.This mechanism, known as FiLM
(Feature-wise Linear Modulation) [33], functions as a
control branch. It utilizes the global context of the
image to refine the output of the Channel Branch. First,
a global context vector v is extracted from the input
F?AUG via gap. This vector is then passed through a 2-
layer MLP (with SiLU) to predict two control vectors:
a scale vector s and a bias vector b, which are applied
as follows

s,b = fc (SiLU (fe (gap (Ffauc)))) - (16)

To ensure stability, the scale vector s is normalized
using the sigmoid function. A critical reshape step
is then performed to enable the tensor broadcasting
mechanism. This ensures that the same scale value s,
and bias value b, are applied to all pixels (H, W) within
the same corresponding channel c. These vectors s and
b are not features themselves, but rather supplementary
coefficients used to modulate the fused result of the
other two branches. The final output of the entire Chan-
nel Branch, F"C”é, is the result of this FILM modulation

F = (2' +Z%) ©o(s) + . (17)

This mechanism allows the global context of the
image (via s and b) to determine how to refine (e.g., am-
plify or suppress) the mixed channel features. Finally,
the PAUG module completes its task with a fusion step,
merging the feature outputs from the Spatial Branch
(FOCIK) and the Channel Branch (F"C”}tl) to create a unified
feature map

Fpauc = FCA + FEi (18)
This feature map now combining both dynamically
routed spatial information and contextually modulated
channel information, completes the intra-resolution fea-
ture refinement process of the PAUG module.

CSDM module: While the PAUG module focuses on
intra-resolution refinement, the CSDM is designed to
flexibly integrate cross-resolution context in a content-
adaptive manner. Instead of operating at a single spatial
resolution, CSDM constructs three feature maps that
share the same channel dimensionality but differ in
spatial scale, and subsequently learns deformable sam-
pling operators that propagate information from coarse
resolutions back to the full-resolution grid. The overall
architecture of this module is illustrated in Figure 4.
Given the input feature map Fip,, € REXWXC the
module generates three spatial scales

full — resolution : Xg = Fif, € RIXWxC

half — resolution : Xy = D (Filis ) € R%x % %C

quater — resolution : Xo = D <F@15DM> e RT*%xC,

(19)

where D (-) denotes the adaptive average pooling
downsampling operator. Each level is then lightly re-
fined by a DS block (dwconv + pwconv + BN + SiLU)
to yield Py, P1,P;. Among them, Py preserves the full
spatial resolution and serves as the Query feature map

used to determine how information should be gathered
from the coarse scales. To establish a geometric cor-
respondence between the full-resolution grid and the
coarse scales, CSDM constructs two fixed base grids,
G; and G;. Each base grid Gi(h,w) € [—1,1]> maps
the position (h,w) on the full-resolution feature map
Py to its normalized coordinates on the corresponding
coarse feature map Py, for k € {1,2}. These grids
are non-learnable and encode the default sampling
coordinates that would be used if no deformation were
applied. They form the geometric foundation required
for stable deformable warping. From the full-resolution
query feature Q = Cix (Py), two prediction heads
(one for the half-resolution and one for the quarter-
resolution branch) jointly estimate offsets and attention
weights. A lightweight convolutional head processes Q
and produces

Aoy, Wi = ¢ (Q), (20)
where ¢y () denotes the lightweight convolutional pre-
diction head associated with scale k, Aoy € RHXWXKx2
contains K 2-D offsets per spatial position, and Wy €
REXWxK holds attention weights normalized by a soft-
max over the K samples. The raw offsets are then
normalized through a A-Norm step to constrain their
magnitude within a predefined radius 7,,x. This nor-
malization is applied independently to the horizontal
offset component Ax; and the vertical offset compo-
nent Axy, each predicted at every spatial location (h, w).
The normalized offsets are computed as

Axy = tanh (AX™) Tiax,  Ayg = tanh (AY™) Timax,
(1)
where Axj* and Ay;" denote the unbounded offset
predictions produced by the convolutional head. This
bounded mapping prevents excessively large spatial
shifts that could destabilize the subsequent deformable

sampling operation.

During deformable warping, the module simultane-
ously consumes two streams of data. The first stream
consists of the coarse feature map Py, which is reshaped
or replicated along the sample dimension to produce
P}¢; this tensor serves as the source data from which the
warped features will be drawn. The second stream is
the sampling grid, constructed by adding the normal-
ized offsets to the base grid and reshaping the result
along the K dimension to match the form expected by
the sampling operator. For each spatial position (h, w)
and each sample m € {1,.., K}, the actual sampling
coordinate on the coarse map is given by

G (h,w) = Gi(h,w) + Aog(h,w,m),  (22)

where bilinear sampling is performed to extract
S,((m)(h, w,:) = Sample ( i G]Sm) (h, w)) , (23)

This mechanism enables content-dependent, spatially
adaptive warping, allowing each full-resolution po-
sition to gather non-local information from appro-
priate coarse-scale neighborhoods. Instead of rely-
ing on a single sampled point, the CSDM employs
a Mix-K aggregation step to merge the K warped
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Figure 4. Detailed architecture of the proposed CSDM module.
Table I
PERFORMANCE BENCHMARK OF CODEX-NET AND METHOD COMPARISON
Waveform configurations Notations
[Type [Param.  [Range of value [[ Type [Param. | Range of value | [Param. [ Description |
N 1024 N 1024 N Total number of samples
Npw [512,1920] fe [fs/6, fs/5] Npw Samples for pulse width
LM | B [£:/20,£/16] || goner | o (k- folfe] = 1)/ f,k € {1,5} | |B Bandwidth
fe [fs/6, fs/5] Cpp {3,4,5,7,11} fe Center frequency
PRF fs/Npw PRF fs/((cw- fs) -cpp+1) fs Sampling frequency
Sweep Dir. | {Up, Down} Pw Pulse width
N 1024 N 1024 Cw Chip width
Npw [512,1920] Nee [512,1024] Cpp Cycles per phase code
Rect | po Npw/ fs StepFM | Ngteps | {3,4,5,7,11} PRF Pulse repetition frequency
fc [fs /6/ fs /5] fstep k x PRF/k € {L 2/ 3/ 4, 5} NCC Samples per pUIse
PRF fs/ Npw PRF fs/(Nee + AN), AN € [50,100] Nsteps | Number of frequency steps
fstep Frequency step size
AN Random sample offset for PRF
Table II d th h 1 . i
DATASET INFORMATION OF 12 WAVEFORM TYPES passed through a sma MLP to generate mixing coetti-
cients wg, a1, ap. The fused representation is obtained
[ Category [Waveform type [Abbr_[No. signals| by first forming a convex combination of the three
. |Rectangular Rect branches and then applying a 1 x 1 convolution
5 Linear frequency modulation LFM °
5] &
~ Barker Code Barker = Fout — anP aY wY 2
Step frequency modulation StepFM . CSDM Cl><1( oPo+a1Yy +az 2) ’ ( 5)
16-Quadrature amplitude modulation  |16-QAM p which adjusts the channel statistics and prepares the
g Binary phase-shift keying BPSK | f f b f th k. O 1
£ |Quadrature phase-shift keying QPSK 5 eatures tor su sequgnt st:.ages o .t e network. verall,
£ |Pulse amplitude modulation 4-level PAM4 - the CSDM module is a lightweight, content-adaptive
g |Gaussian frequency shift keying | GFSK 2 cross-scale mixer that injects coarse-level context into
g Continuous phase frequency shift keying | CPFSK 2 . . .
S |Broadcast frequency modulation B-EM full-resolution features via deformable sampling and
Double sideband amplitude modulation |DSB-AM soft routing, enriching high-resolution representations

samples according to the learned attention weights

K
Yi(h,w,:) = Z wi(h,w, m) S]((m)(h, w,:), (24)

m=1
where the weights satisfy YX_, wy(h,w,m) = 1. This
produces two full-resolution representations Yi,Yy €
RHXWXC “each carrying context propagated from the
half and quarter-resolution features, respectively, but
aligned to the full-resolution lattice. To complete the
fusion, CSDM aggregates the three pathways Py, Y1, Y>
via a global softmax router. The global average pooling
vectors of the three branches are concatenated and

with multi-scale information at modest computational
cost. At the end of the model, a compact classifica-
tion head, consisting of a gap layer, a fc layer, and
a final softmax operator, is employed to produce the
output predictions.

3 SIMULATIONS AND RESULTS

3.1 Dataset and Training Configurations

To conduct a controlled and reproducible evaluation,
we construct a large-scale synthetic dataset compris-
ing 12 waveform categories (detailed information is
reported in Table II), covering both radar and com-
munication modalities. Based on the radar waveform
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Figure 5. Performance evaluation: (a) classification accuracy versus
SNR for each waveform type, and (b) confusion matrix aggregated
across all SNR levels.

configurations in Table I, the radar subset includes
LFM, Rect, Barker, and StepFM signals, whose defining
parameters—such as pulse duration, sweep bandwidth,
chip count, and sweep direction-are randomly drawn
within operationally realistic bounds. The communi-
cation signals span eight representative modulation
formats, including digital schemes (BPSK, QPSK, 16-
QAM, PAM4), continuous-phase modulations (GFSK,
CPFSK), and analog waveforms (B-FM, DSB-AM). All
digitally modulated signals are pulse-shaped with a
root-raised-cosine filter of roll-off 0.35. Each waveform
propagates through a simulated Rician fading channel
characterized by a K-factor of 4, multipath delays of
[0,30,150, 310, 370,710,1090] ns, and associated aver-
age path gains of [0,—1.5,—1.4, —3.6, —0.6, —=9.1, —7.0]
dB. Mobility-induced distortions are modeled via
Doppler shifts selected from {0,4,70,300} Hz, while
communication signals additionally incorporate up
to 5 ppm clock offset. The entire corpus spans SNR
levels from —5 dB to 30 dB in steps of 5 dB, re-
sulting in a total of 384,000 waveform instances. Each
received signal is converted into a 224 x 224 SPWVD
time-frequency representation prior to network input.
CoDeX-Net is trained for 60 epochs using the Adam
optimizer with an initial learning rate of 0.001 and a
batch size of 32. All experiments are performed strictly

on the test partitions to ensure a fair comparison across
ablation settings and backbone baselines. Training and
inference are conducted on a workstation equipped
with a 3.80 GHz CPU, 64 GB RAM, and an NVIDIA
GeForce RTX 3060Ti GPU.

3.2 Results and Discussions

Classification robustness: In the first experiment,
we present the classification accuracy for 12 waveform
types across a range of SNRs, as illustrated in Fig-
ure 5(a). The results indicate that the recognition accu-
racy for all 12 waveform types steadily improves as the
SNR increases, reaching near-perfect levels (above 99%)
at high SNRs (20 dB and above). This confirms that
CoDeX-Net exhibits superior feature discrimination ca-
pabilities. However, the performance at low SNRs re-
veals a clear distinction in signal robustness. Wave-
forms with unique time-frequency structures, such
as LFM, DSB-AM, and Barker, demonstrate impres-
sive resilience, maintaining accuracies above 94% even

—5 dB. Conversely, digital modulations, particularly
those with complex constellations, prove more sensitive
to noise, making them prone to confusion as the noise
level increases. For example, at —5 dB, the accuracies
for 16-QAM, QPSK, and BPSK drop sharply below 25%
before rapidly recovering to near 100% as the SNR
improves. The confusion matrix in Figure 5(b) provides
further justification for this performance drop: confu-
sion at low SNRs occurs primarily between modula-
tions with similar constellation patterns (e.g., 16-QAM
and QPSK; BPSK and PAM4), whereas waveforms with
unique frequency sweep or coding structures (like LFM
and Barker) remain clearly separable. Overall, these
results demonstrate that CoDeX-Net achieves robust
performance across diverse waveform families, effec-
tively modeling both modulation-dependent features
and specific time-frequency signatures. This makes the
model particularly well-suited for practical radio envi-
ronments where SNR conditions can vary widely.

Hyper-parameter investigation: To validate the de-
sign of CoDeX-Net and to determine the optimal con-
figuration, in the second experiment we carried out
a series of tests on the main hyperparameters: model
depth, input resolution, and robustness to Doppler
shift. First, Figure 6(a) illustrates the relationship be-
tween network depth, represented by the number of
PAUG-CSDM block pairs. When the number of module
pairs increases from 1 to 2, a clear jump in performance
is observed. Specifically, the accuracy rises from 89.04%
to 90.63%, corresponding to an increase of 1.59%, while
the number of parameters increases from 6.8K to 17.2K.
Adding a third module pair, raising the total number
of parameters to 51K, further improves the performance
t0 91.01%, an additional increase of 0.38%, which shows
that a deeper model is able to learn more complex
feature representations. However, a clear diminishing
return appears when a fourth module pair is added.
The accuracy gain from the fourth module pair is
negligible at only 0.10%, yet it incurs a dispropor-
tionate parameter cost, growing 3.6x to 186K. This
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Figure 6. Hyperparameter sensitivity and robustness analysis of CoDeX-Net: (a) impact of network depth (number of module pairs) on accuracy
and model size, (b) effect of input spectrogram resolution on recognition performance and inference latency, and (c) robustness assessment

under varying Doppler shift conditions.

demonstrates that the three module pair configuration,
with 91.01% accuracy and 51K parameters, achieves the
optimal trade-off between performance and complexity.

Next, the sensitivity of the model to the time-
frequency input resolution is analyzed in Figure 6(b).
The results show that very low resolutions (28 x 28
or 56 x 56) cause severe degradation due to the loss
of fine time-frequency structures, yielding only 82.73%
and 87.58% accuracy, respectively. When the resolution
increases to 112 x 112 and 224 x 224, the accuracy im-
proves significantly, reaching approximately 89 — 91%,
while the inference time increases only slightly (from
0.541 ms to 0.564 ms). This shows that radio wave-
forms contain characteristic details at both local and
global scales, and that maintaining sufficient resolu-
tion allows the CSDM and PAUG modules to exploit
these structures more effectively. It is noteworthy that
increasing the resolution to 448 x 448 does not yield
any substantial improvement in accuracy, remaining at
only 91.08%, but increases the latency to almost three
times (1.435 ms). Therefore, the 224 x 224 resolution
represents the optimal point between information reso-
lution and computational cost, suitable both for real-
time scenarios and for resource-constrained devices.
Finally, in Figure 6(c), we investigate Doppler robust-
ness, an important factor in communication environ-
ments with motion. Over the Doppler range from 0 Hz
to 300 Hz, the model performance remains stable and
even improves slightly, from 90.08% (0 Hz) to 92.59%
(300 Hz). These results show that the network does not
rely solely on absolute frequency positions but instead
learns time-frequency shape characteristics that remain
stable under frequency shifts. This provides important
evidence of the generalization capability of CoDeX-
Net in dynamic scenarios such as mobile radar, time-
selective fading channels, or communication systems in
which the transmitter and receiver experience motion.

Ablation study: In the third experiment, we per-
form an ablation study to quantify the individual and
combined contributions of the PAUG and CSDM mod-
ules. Table IIl summarizes the performance of four
model configurations under different SNR levels and
also reports the inference speed and the number of
parameters. The baseline configuration M, which does
not use PAUG or CSDM, yields the lowest results across

Table IIT
PERFORMANCE COMPARISON OF DIFFERENT MODEL CONFIGURATIONS IN
CoDeX-NET
Model Configurations S‘;CI:T;];T (%) Speed Size
PAUG CSDM | 5 10 30 |AV8| (ms) (params)
My X X |50.49 84.38 91.73(80.03| 0.161 7.2K
M; X v |65.25 94.14 99.57(89.94| 0.557 33K
M3 v X 16449 95.20 99.78(90.28| 0.474 25.4K
CoDeX-Net Vv v 66.66 96.16 99.83(91.01| 0.564 51K

all SNR levels, achieving only 50.49% accuracy at -5
dB and an average accuracy of 80.03%. This confirms
that a plain convolutional backbone is not sufficient for
reliable waveform discrimination, especially in highly
noisy environments. When only CSDM is added (M>),
the performance improves significantly: the accuracy
at -5 dB increases from 50.49% to 65.25%, and the
average accuracy reaches 89.94%. This shows that the
cross-scale deformable mixing mechanism in CSDM
can effectively capture coarse-to-fine spectral structures
that remain stable even under strong noise. In contrast,
when only PAUG is integrated (M3), the results also
improve compared with the baseline model, especially
at -5 dB (64.49%) and 10 dB (95.20%), which shows
that intra-resolution refinement and coordinate-based
gating enhance the separability of features at the native
resolution. The full CoDeX-Net model, which combines
both PAUG and CSDM, achieves the highest perfor-
mance at all SNR levels, including 66.66% accuracy
at -5 dB and 99.83% at 30 dB, corresponding to an
average accuracy of 91.01%. This demonstrates that the
two modules provide complementary benefits: PAUG
improves local and axis-aware feature representations,
whereas CSDM supplies long-range cross-scale context.
Notably, this combined design still maintains a compact
model size (51K parameters) and fast inference speed
(0.564 ms), which shows that the performance gain does
not come at the expense of a large computational cost.

Method comparison: In the final simulation, we
construct a state-of-the-art (SOTA) comparison table
to evaluate the performance of CoDeX-Net against
many popular CNN architectures as well as modern
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Table IV
PERFORMANCE COMPARISON WITH STATE-OF-THE-ART MODELS

Accuracy (%) .

Model SNR @B) [, S(ll’r‘fe)d ( S‘Z‘;

5 10 30 g. s) (params
ResNet50 [18] 63.73 93.42 99.67 | 89.35 | 2.073 23.5M
InceptionV3 [34] 65.13 93.94 99.56 | 89.84 | 1.351 21.8M
EfficientNetBO [20] | 64.47 93.59 99.73 | 89.49 | 1.137 M
MobileNetV2 [19] |65.31 94.64 99.69 | 89.91 | 0.825 2.2M
WaveNet [25] 65.75 94.63 99.64 | 90.25 | 0.611 140K
RadComNet [24] | 65.71 94.67 99.77 | 90.28 | 0.957 178K
CMNet [29] 65.81 94.95 99.60 | 90.43 | 0.582 38K
DTANet [28] 65.75 9549 99.69 | 90.42 | 0.585 75K
CoDeX-Net (Ours) | 66.66 96.16 99.83 | 91.01 | 0.564 51K

lightweight models. Table IV shows that CoDeX-Net
achieves an average accuracy of 91.01%, which is the
highest among all compared models. It can be seen
that common vision backbones such as ResNet50, In-
ceptionV3, EfficientNetB0, and MobileNetV2 do not
fully exploit the nature of time-frequency signals. These
models all remain around 89-90% average accuracy,
whereas CoDeX-Net surpasses them by about 1-2 per-
centage points with a much more compact architec-
ture. The advantage of CoDeX-Net is particularly ev-
ident in the low-SNR region. At -5 dB, the model
reaches 66.66%, higher than ResNet50 (63.73%) and
InceptionV3 (65.13%), and also better than special-
ized lightweight designs such as CMNet and DTANet
(around 65%). This is the most challenging operating
region, where most of the signal energy is masked
by noise. The fact that CoDeX-Net still maintains
a 2-3% margin over the baselines shows that the PAUG
and CSDM modules truly enable the model to cap-
ture more robust time-frequency structural cues, rather
than relying too heavily on instantaneous amplitude
patterns as in conventional CNNs. In other words, the
model is not only strong in the clean region (high
SNR) but also scores clearly in the challenging region
(low SNR), where practicality in radar-communication
systems is most important. At medium and high SNR
levels (10 dB and 30 dB), CoDeX-Net continues to match
or slightly exceed the other models, achieving 96.16%
and 99.83%, respectively. Although some models also
reach near-saturation at 30 dB, the consistently high
performance across all SNR levels shows that CoDeX-
Net not only has a high performance ceiling but also
maintains its advantage under challenging noise condi-
tions. With respect to computational cost, CoDeX-Net
exhibits clearly superior efficiency. With only 51K pa-
rameters, the model is smaller than ResNet50 by nearly
three orders of magnitude (23.5M parameters) and
still significantly smaller than EfficientNetB0, or Mo-
bileNetV2 (2.2-4M parameters). Nevertheless, CoDeX-
Net surpasses all of these models in both average
accuracy and inference speed, with 0.564 ms compared
with 0.825-2.073 ms. When compared with lightweight
architectures tailored for waveform classification such
as CMNet and DTANet, CoDeX-Net still retains its ad-
vantage. Although CMNet has fewer parameters (38K)
and DTANet is of similar scale (75K), both remain
around 90.4% average accuracy. CoDeX-Net improves

this by about 0.6 percentage points while maintaining
a comparable latency (0.564 ms versus 0.582-0.585 ms).
In summary, Table IV shows that CoDeX-Net not only
outperforms the other models numerically, but also
provides an architecturally optimal configuration from
a system perspective: high average accuracy, compact
model size, and very low latency. This confirms that
designing the architecture to match the characteristics
of radio frequency signals yields real benefits compared
with directly reusing vision backbones, and makes
CoDeX-Net a viable candidate for practical deployment
on embedded platforms or edge devices.

4 CONCLUSION

In this paper, we introduce CoDeX-Net, a lightweight
deep learning framework addressing the challenge of
waveform classification in IRC systems. By leveraging
high-resolution SPWVD representations, our method
bridges the gap between accuracy and computational
efficiency. The core of the architecture lies in the
synergy between two novel modules: the PAUG for
dynamic intra-resolution refinement, and the CSDM
for adaptive cross-resolution context aggregation. This
design effectively captures both local details and global
signal structures, overcoming the geometric rigidity of
standard CNNs. Extensive experimental results on a
diverse 12-class dataset demonstrate that CoDeX-Net
achieves SOTA performance. The model achieves an av-
erage accuracy of 91.01% and exhibits superior robust-
ness under severe noise conditions. Notably, CoDeX-
Net outperforms both heavy vision backbones and spe-
cialized lightweight models while maintaining a com-
pact size of only 51K parameters and a low inference
latency of 0.564 ms. These computational advantages
indicate CoDeX-Net’s potential suitability for deploy-
ment on resource-constrained edge devices in real-
time spectrum surveillance. However, acknowledging
that current simulations do not fully capture hardware
impairments and complex environmental interference,
our future work will prioritize validating the model on
real-world testbeds to bridge this sim-to-real gap.
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