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Abstract– Accurate spectrum sensing is critical for optimizing the coexistence of radar and communication systems in
dynamic wireless environments. While deep learning has emerged as a promising solution existing semantic segmentation
models often face a critical trade-off where high precision architectures are too resource intensive for real time applications
while lightweight models sacrifice accuracy especially in noisy conditions. To address these challenges this paper introduces
DeGS-Net a novel end-to-end framework designed for both high accuracy and computational efficiency. Its core innovation
centers on a synergistic multi-task paradigm where an auxiliary denoising task is strategically employed as a powerful
regularization mechanism to force the shared encoder to learn noise-invariant features. Through comprehensive experiments
on a synthetic dataset containing 5G new radio, long term evolution and radar signals DeGS-Net demonstrates superior
performance achieving a state-of-the-art mean intersection over union of 64.29%. Furthermore it proves to be highly efficient
delivering this high accuracy with only 1.51M parameters representing a significant reduction in complexity compared
to other high performance models. With a compact parameter footprint DeGS-Net offers a highly effective and scalable
solution for intelligent spectrum sensing in future wireless systems.
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1 Introduction

The ongoing evolution towards sixth generation wire-
less networks is poised to seamlessly fuse the physical
and digital worlds enabling a new frontier of intelligent
autonomous and immersive applications [1]. Nowhere
is this transformation more evident than in the auto-
motive sector where modern vehicles are evolving into
intelligent connected nodes [2]. This evolution driven
by the convergence of advanced driver assistance sys-
tems and vehicle to everything communication (V2X),
is creating an unprecedented demand for ultra reliable
spectrum access [3]. To address the resulting scarcity
of spectral resources the industry is moving towards
cognitive radio frameworks [4, 5]. In this specific high
mobility context the safety critical automotive Radar
systems operate as the incumbent primary users (PUs),
holding the highest priority for interference free op-
eration [6]. Conversely the dense fabric of V2X links
utilizing technologies like 5G New Radio, denoted
as 5G NR, and long term evolution (LTE), functions
as the opportunistic secondary users (SUs). This hier-
archy creates a stringent operational constraint where
the SUs must dynamically access the shared spectrum
without disrupting the vital sensing operations of the
PUs [7]. Consequently the ability to accurately identify
and delineate the bursty high power signature of a
Radar signal from continuous communication streams
is not merely a matter of spectral efficiency but a
direct safety prerequisite. Any failure by the SUs to
detect the active PUs jeopardizes the integrity of the

sensing mechanism potentially leading to catastrophic
navigational errors [8]. Therefore developing robust
and precise spectrum sensing (SS) techniques capable
of protecting the PUs while enabling efficient access
for SUs is a fundamental prerequisite for realizing
the vision of safe and efficient autonomous vehicular
networks [9].

The field of SS was initially dominated by classical
signal processing techniques, with energy detection,
matched filtering, and cyclostationary feature detec-
tion being the most prominent [5]. Built on well-
established mathematical principles, these methods ex-
cel in ideal scenarios, achieving optimal performance
when signal characteristics are known beforehand or
in high signal-to-noise ratio (SNR) environments. How-
ever, these techniques are fundamentally ill-suited for
the complexities of modern, dynamic spectral environ-
ments [10]. Their primary drawbacks include a sharp
performance degradation in low-SNR conditions and
an often impractical reliance on prior signal knowl-
edge [11, 12].

These collective limitations created a clear necessity
for more adaptive, data-driven approaches, leading
subsequent research to shift towards classical machine
learning (ML) paradigms. To enhance the adaptability
and precision of SS, ML-based models such as Sup-
port Vector Machines (SVMs), K-Nearest Neighbors
(KNN), and K-Means clustering leverage data-driven
techniques to learn complex signal patterns and dy-
namically adapt to spectrum variations [8]. By learning
complex decision boundaries in a high-dimensional
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feature space, these methods offer higher sensitivity in
detecting weak signals in low-SNR conditions where
traditional threshold-based methods are constrained.
However, the effectiveness of these ML approaches is
fundamentally constrained by their critical dependency
on handcrafted feature engineering. This process re-
quires significant domain expertise to manually select
features, and the resulting feature sets are often not ro-
bust enough to generalize across the diverse conditions
of modern wireless signals [13].

The dependency on expert-driven, inflexible features
was ultimately broken by the advent of deep learning
(DL), which fundamentally reshaped SS by enabling
automatic and hierarchical feature learning directly
from data. Recent deep learning methods have ad-
dressed radar-communication waveform classification
using CNN-Transformer hybrids [14], while YOLO-
based models have been used for signal localiza-
tion [15]. While these models successfully automated
feature engineering, their primary limitation was a lack
of precision; classification provides no spatial informa-
tion, while the coarse bounding boxes of object detec-
tion are insufficient for delineating the precise, irregular
boundaries of modern wireless signals [16]. This fun-
damental limitation spurred the adoption of semantic
segmentation as the state-of-the-art paradigm for high-
precision SS. Unlike object detection, semantic segmen-
tation assigns a class label to every pixel, enabling a
detailed understanding of spectrum occupancy and the
ability to delineate the exact, non-rectangular bound-
aries of multiple coexisting signals. Some architectures
such as DeepLabV3+ [17] and SRNet [6] have been
successfully adapted for this task, demonstrating signif-
icant improvements in segmentation accuracy. Despite
recent advancements current deep learning solutions
remain constrained by two fundamental limitations.
First there exists a rigid conflict between efficiency and
robustness where high capacity architectures exceed
the computational budget of resource limited hardware
while lightweight models suffer from severe degrada-
tion under interference. Second standard segmentation
frameworks lack intrinsic mechanisms to handle spec-
tral corruption often treating noise as valid texture
features rather than structural distortion. To address
this susceptibility conventional approaches often resort
to a disjoint cascaded pipeline where the signal is
first denoised by an independent network before being
passed to a segmentation model. While this sequential
strategy improves performance it incurs prohibitive la-
tency and computational redundancy. Furthermore op-
timizing the denoising module in isolation often leads
to the over smoothing of fine-grained signal boundaries
preventing the subsequent segmentation network from
recovering precise spatial details. This creates an ur-
gent need for a unified framework that simultaneously
achieves low latency operation and high noise resilience
through synergistic joint feature learning [9].

To surmount these constraints, we propose DeGS-
Net, a unified framework that balances high precision
with low computational cost. By integrating an aux-
iliary denoising task as a regularization mechanism,

the network forces the shared encoder to learn ro-
bust noise-invariant features, which are then fused to
guide the segmentation decoder. Different from conven-
tional segmentation networks that directly learn from
noisy spectrograms, DeGS-Net introduces a geometric-
semantic consensus strategy in which the auxiliary
denoising task is used as a task-aware regularizer rather
than an isolated pre-processing step. The main advan-
tages of this design are threefold: improved robustness
under heavy interference, sharper boundary preserva-
tion through structural alignment, and low model com-
plexity suitable for efficient spectrum sensing. These
advantages are achieved through the coordinated de-
sign of the GCS, HLSM, and SGA modules. The main
contributions of this paper are summarized as follows:
• We introduce a synergistic architecture featuring

a Gradient Context Synergistic (GCS) block for
multi scale feature extraction and a Hierarchical
Lateral Shift Mixing (HLSM) block for efficient
reconstruction. Crucially we propose a Structural
Gradient Alignment (SGA) block that explicitly
aligns segmentation boundaries with clean struc-
tural priors.

• We design a joint optimization strategy that simul-
taneously minimizes segmentation and reconstruc-
tion errors ensuring the auxiliary branch gener-
ates high fidelity structural guidance for the pri-
mary task.

• Extensive simulations on a synthetic dataset con-
taining 5G NR LTE and radar signals demonstrate
that DeGS-Net achieves a state of the art mIoU
of 64.29% while requiring only 1.51M parameters
significantly outperforming existing heavy archi-
tectures in efficiency.

2 Related Works

2.1 Data-Driven Approaches for SS

The inherent limitations of classical signal processing
techniques prompted a shift towards more adaptive,
data-driven paradigms, leading to the adoption of clas-
sical ML models. This wave of research sought to
replace rigid, model-based rules with learned decision
boundaries, leveraging the ability of ML to learn com-
plex patterns from data. A wide array of supervised
and unsupervised algorithms have been explored for
this purpose. For instance, Shi et al. [18] successfully
employed models such as SVMs, KNN, and K-Means
clustering to precisely detect the state of multiple
primary users in cooperative non-orthogonal multiple
access systems. Furthermore, ML models have been
integrated into sophisticated hybrid frameworks. The
work in [4] demonstrates a system where a DL model
performs the initial SS, while an SVM classifier is sub-
sequently used to perform optimal channel allocation
for vehicular networks based on learning features like
vehicle density and network capacity. This highlights
the continued relevance of classical ML in modern com-
munication systems. However, while these ML models
offered a notable improvement, their efficacy is fun-
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damentally constrained by their critical dependency
on handcrafted feature engineering. This reliance on
expert-designed features, such as cyclostationary signa-
tures or wavelet coefficients, is not only labor-intensive
but also yields feature sets that are often brittle, failing
to generalize across the diverse and dynamic conditions
of modern wireless signals [19, 20].

This critical dependency on expert-driven, inflexible
features ultimately spurred the adoption of DL, which
enables automatic and hierarchical feature learning di-
rectly from data. A significant early advancement was
the application of DL-based object detection, which
revolutionized SS by reframing RF signal detection
as an image recognition problem. Frameworks such
as Faster R-CNN and YOLO variants have been suc-
cessfully employed for automated signal detection and
localization within wideband spectrograms [21, 22].
By treating spectral data as visual information, these
models offered a substantial improvement over simple
classification by enabling the localization of multiple co-
existing signals. Further advancements have focused on
enhancing these frameworks for the specific challenges
of SS. For instance, to improve localization accuracy
for signals of varying durations and bandwidths, some
works have incorporated specialized loss functions like
Generalized IoU [21]. The versatility of the YOLO
paradigm has also been demonstrated in creative appli-
cations beyond simple detection, such as for informa-
tion demodulation in frequency-hopping systems [23].
Other approaches have integrated object detectors into
more complex, hybrid architectures; a notable example
is the GAN-GRU-YOLO framework proposed by Gao et
al. [24], which combines generative data augmentation
with a YOLOv5 detector. To further improve real-time
performance and handle more complex scenarios, the
work in [25] leveraged even more modern architectures
like YOLOv7 for RF signal classification, enabling the
simultaneous localization of multiple, diverse signal
types within a single frame [25]. However, a fundamen-
tal limitation persists across all these models: they rely
on rectangular bounding boxes that assume regular sig-
nal boundaries. This assumption is often invalidated by
the noise, interference, and channel distortion present
in real-world scenarios, thus limiting their ability to
precisely capture irregular or overlapping signals, es-
pecially in low-SNR environments.

Beyond object detection, the research community has
explored a diverse range of advanced DL architectures
to address more specific challenges in SS. Recogniz-
ing that signals often occupy varying bandwidths and
exhibit multi-scale features, models like MDNN were
proposed to process multi-resolution spectrograms for
more effective open-set signal identification [26]. To
further enhance feature extraction, hybrid models like
SCBiGNet, introduced by Li et al. [27], have combined
CNNs with BiGRUs for the complex task of joint
channel estimation and signal detection. GANs have
also been employed in semi-supervised frameworks to
generate synthetic samples near decision boundaries
to improve training robustness [28]. Notably, some
works have explicitly recognized the critical challenge

of noise. The JDSS framework, for instance, represents
a significant step forward by integrating a UNet-based
denoising module with a CNN detector, enhanced by
self-attention, to improve robustness against fading
and interference [29]. However, despite their individ-
ual strengths, a common drawback of these diverse
approaches is their high computational cost, which
often limits their practicality for real-time, embedded
processing.

The initial approach involved adapting powerful,
general-purpose segmentation architectures from the
computer vision domain. Foundational models like
U-Net became a cornerstone for this task, and were
quickly improved upon by variants such as U-Net++
which utilizes redesigned skip pathways to bridge the
semantic gap between the encoder and decoder [30].
Some advanced architectures such as PSPNet and
Transformer-based models like SegFormer were ex-
plored to capture more extensive contextual informa-
tion and long-range dependencies [31, 32]. In parallel,
recognizing the high computational cost of these mod-
els for real-time applications, other research focused on
developing architecturally efficient designs. A notable
example is BiSeNet, which introduced a novel two-
path architecture specifically to address the trade-off
between accuracy and inference speed, separating the
preservation of high-resolution spatial details from the
extraction of deep semantic context [33]. Building on
these general-purpose foundations, several specialized
networks were subsequently proposed to specifically
address the unique challenges of SS. The work by
Huynh-The et al. [17] pioneered this direction by suc-
cessfully applying the DeepLabV3+ architecture, while
other novel networks like SRNet were introduced to
further enhance performance through cutting-edge at-
tention and multi-scale feature extraction [6]. However,
while these diverse and advanced segmentation meth-
ods significantly improve precision and efficiency, they
share two critical limitations for practical deployment.
First, the pursuit of higher accuracy often still leads
to computationally expensive models that are ill-suited
for the low-latency processing required on vehicular
edge devices. Second, and more fundamentally, these
architectures are not explicitly designed to handle the
severe, non-structural noise prevalent in low-SNR spec-
trograms.

2.2 DL for Spectrogram Denoising

Spectrogram denoising is a critical and extensively
studied area, as the quality of the input representation
directly impacts the performance of any downstream
task like segmentation. Early DL approaches often uti-
lized variants of autoencoders to learn a compressed,
latent representation of clean signals. For instance,
a convolutional autoencoder network was developed
in [34] to remove unstructured noise from radar sig-
nals, and this concept was further advanced by models
like the Variational Denoising Autoencoder, proposed
in [35], to handle the complex characteristics of thrust
signals. However, a fundamental limitation of these
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standard encoder-decoder structures is the tendency
to produce overly smoothed results, losing the fine-
grained details critical for precise analysis due to the
information bottleneck. This limitation prompted the
development of more sophisticated architectures. A sig-
nificant breakthrough was DnCNN, which introduced
residual learning to predict the noise map directly [36].
This foundational concept continues to be enhanced
in modern hybrid models, as demonstrated by Li et
al. [37], who combined a DnCNN with a gated recur-
rent unit to accurately extract low-frequency signals.
Subsequently, UNet-like architectures became highly
popular for image restoration, as their characteristic
skip connections proved highly effective at preserving
the sharp signal boundaries and fine-grained details
critical for spectrogram analysis [38].

Building on these foundational architectures, the re-
search community has explored even more advanced
strategies to tackle the specific complexities of signal
data. Recognizing that signals and noise often ex-
hibit multi-scale features, various sophisticated strate-
gies have been developed. For instance, some works
have focused on multilayer decomposition denoising
approaches, where techniques like variational mode
decomposition are used to separate the signal into
different components prior to processing [39]. A more
integrated approach is the use of multi-stage networks,
which progressively refine the signal through a cascade
of denoising blocks, a principle successfully applied to
complex distributed acoustic sensing data [40]. Concur-
rently, attention mechanisms have been integrated into
denoising frameworks to allow models to intelligently
focus on the most salient features. A notable application
is the dual-channel CNN, which has been successfully
applied to mitigate interference and improve robustness
in carrier frequency offset estimation for communica-
tion signals [41]. The recent success of Transformers has
also been extended to this domain, with the work in [42]
demonstrating a transformer-based denoising network
designed to capture the complex dependencies inherent
in wireless communication signals for angle-of-arrival
estimation in NLoS environments.

In parallel with these architectural enhancements,
other advanced learning paradigms have been inves-
tigated to enhance data efficiency and the fidelity
of the denoising process. To address the critical de-
pendency on large, labeled datasets, self-supervised
learning has emerged as a powerful paradigm. Frame-
works have been proposed that leverage strategies like
Noise2Noise, which trains a network to map from
one noisy realization of a signal to another, thereby
learning to denoise without ever seeing a clean ref-
erence [43]. Furthermore, generative models have be-
come a dominant approach for high-fidelity signal
reconstruction, moving beyond traditional pixel-wise
losses to enforce perceptual realism. GANs employ
an adversarial training process to enforce perceptual
realism, moving beyond simple pixel-wise losses. This
forces the generator to create sharper, more detailed
outputs, a principle successfully applied in wireless
communication tasks like high-fidelity channel estima-

tion [44]. A particularly sophisticated application is
the TEM-NLnet framework, which uses a GAN not to
generate the clean signal directly, but to learn the com-
plex distribution of real-world noise for creating more
realistic training data [45]. More recently, DDPMs have
achieved state-of-the-art performance. By their very
nature, these models are trained to reverse a gradual
noising process, making them exceptionally powerful
for signal reconstruction and enhancement, particularly
in low-SNR wireless channels [46]. Their effectiveness
for offline signal enhancement prior to classification
has also been demonstrated in [47], and to address
their high computational cost, variants such as Latent
Diffusion models have been explored for complex tasks
like signal recovery in 3D wireless networks [48].

However, while the aforementioned methods demon-
strate high efficacy as standalone denoisers, their appli-
cation as pre-processing tools for a subsequent segmen-
tation task is not inherently optimal. Their architectural
sophistication is almost universally geared towards a
generic reconstruction objective, such as minimizing
pixel-wise error, rather than being explicitly tailored
to preserve or even enhance the specific spectral fea-
tures most critical for a segmentation model. When
integrated into a larger pipeline, this results in a de-
coupled, two-stage approach that is inherently limited.
The denoising process, being blind to the final segmen-
tation objective, may inadvertently suppress subtle but
critical signal boundaries. This prevents any synergistic,
end-to-end learning and highlights the critical research
gap that our work aims to fill: a unified framework
where the denoising process is not merely a pre-
processing step, but an active, regularizing force that is
co-optimized with and for the final segmentation task.

3 Methodology

3.1 Signal Model

The received-signal expression in this subsection fol-
lows the standard baseband signal model commonly
used in wireless communication systems, where the
transmitted waveform is distorted by the propagation
channel and additive noise. We mathematically model
the received baseband signal denoted as y(t) as the
convolution of the transmitted sequence x(t) with a
time varying channel impulse response h(t) superim-
posed with additive white Gaussian noise n(t). This
fundamental relationship is expressed as

y(t) = x(t) ∗ h(t) + n(t). (1)

In this framework the transmitted component x(t)
encapsulates diverse waveforms including 5G New
Radio Long Term Evolution and pulsed radar. The
channel response h(t) integrates critical propagation
phenomena such as multipath fading and Doppler
shifts adhering strictly to the specifications outlined
in 3GPP standards [49, 50]. To facilitate deep feature
extraction, the continuous signal is first discretized
into a sequence y[n] and subsequently transformed
into the time-frequency domain via the Short-Time
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Figure 1. The proposed DeGS-Net architecture. The framework synergizes a shared GCS encoder Ei with an auxiliary HLSM denoising branch
Di to guide the primary SGA segmentation stream via structural alignment, ensuring robust detection under heavy interference.

Fourier Transform. The STFT expression is included
here as a standard time-frequency transformation used
to construct the spectrogram input for the network. This
transformation is governed by the following expression

Y[m, k] =
N−1

∑
n=0

y[n + mH], w[n], e−j 2π
N kn, (2)

where w[n] represents the analysis window function
of length N while m and k denote the time frame
index and discrete frequency bin index respectively
with H representing the hop size between adjacent
frames. Finally the complex valued coefficients Y[m, k]
are converted into a logarithmic power spectrum gen-
erating the two dimensional visual input required for
the segmentation network.

3.2 Proposed Model

To effectively tackle the challenge of interference-
resilient spectrum sensing, we propose a unified frame-
work that synergizes deep feature extraction with struc-
tural denoising guidance. The overall architecture, as
illustrated in Figure 1, is orchestrated through three
strategic stages. First, the framework employs a context-
aware encoder powered by the GCS Block to resolve
the stability-plasticity dilemma. Complementing this,
an auxiliary denoising decoder utilizes the HLSM
Block to reconstruct clean geometric priors. Finally,
these streams are synthesized by the SGA Module,
a geometric-semantic fusion mechanism designed to
strictly align the segmentation output with the clean
structural reference.

GCS Block: The central component of our encoder
is the GCS block, as detailed in Figure 2, meticulously
designed to address the stability-plasticity dilemma in
spectrogram segmentation. It employs a dual-path ar-
chitecture that explicitly disentangles feature extraction
into two specialized parallel branches, specifically a Mi-
cro Gradient path for fine-grained temporal boundary
discovery and a Macro Context path for global spectro-
temporal aggregation. Formally, let Fin

GCS denote the
input feature map, where the horizontal and vertical
axes correspond to the frequency and time domains, re-
spectively. The GCS block processes this input through
the following coordinated stages:

Micro-Gradient Path: To capture short-duration, high-
bandwidth signal transients such as radar pulses while
proactively suppressing the background noise floor, the
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Figure 2. Structure of the proposed GCS block. The module syner-
gizes local transient discovery via the Micro-Gradient Path and global
spectral aggregation via the Macro-Context Path. The expanded view
illustrates the Filter block, which generates soft attention masks for
mutual feature modulation.

first branch functions as a learnable temporal edge de-
tector. Standard convolutions typically process spectral
intensity and contrast indiscriminately, often failing to
isolate weak transients from a uniform background. To
resolve this, we construct a differential operator that
explicitly models the local spectral contrast. Specifically,
we first project the input feature Fin

GCS into a calibrated
feature space F′ via a pointwise convolution to adapt
the channel dimensionality to the hierarchical stage
requirements. Subsequently, the micro-feature Fmicro is
obtained through a differential operation

Fmicro = C3×3
(
F̃
)
− ρ · C1×1

(
F̃
)

, (3)

with
F̃GCS = C1×1

(
Fin

GCS

)
, (4)

where Ck×k (·) denotes a standard convolution opera-
tion with kernel size k× k, and ρ is a learnable scalar
parameter. In this specific formulation, the standard
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spatial convolution functions as the primary feature ex-
tractor, whereas the derived pointwise operator repre-
sents the local intensity approximation obtained intrin-
sically from the primary kernel’s weight aggregation.
By adaptively subtracting this estimated background
intensity via the weighting factor ρ, the operation
effectively cancels out low-frequency components to
highlight high-frequency signal transients.

Macro-Context Path: Complementing the micro path,
the second branch focuses on harvesting long-range
dependencies across the time-frequency domain. This
is critical because, while radar signals occupy the en-
tire frequency bandwidth instantaneously, 5G and LTE
signals typically exhibit continuous transmission over
time, requiring a receptive field broader than what
a single local convolution can provide. This pathway
synergizes directional texture extraction with global
context aggregation. Specifically, it employs a cross-
shaped receptive field to capture directional spectral
textures. Simultaneously, it extends the receptive field
to the global scope via orthogonal strip pooling opera-
tions to explicitly model the spectral morphology along
both the frequency and time axes. The macro-feature
Fmacro is derived as

Fmacro = Across(F̃GCS) + C1×1
(
SH(F̃GCS) + SW(F̃GCS)

)
,

(5)
where Across (·) denotes the cross-anisotropic convo-
lution stack, mathematically defined as the composi-
tion of 1 × 3 and 3 × 1 depthwise kernels, designed
to capture directional textures with reduced compu-
tational cost. The terms SH (·) and SW (·) represent
strip-context operators along the frequency and time
axes, respectively, encapsulating a sequence of adaptive
average pooling followed by interpolation to broadcast
the global context back to the original spatial resolution.

Synergistic Fusion: Finally, to integrate the disentan-
gled features, we employ a mutual gating mechanism
where each branch modulates the other. This strategy
relies on the intuition that global context filters out
local noise, while local gradients sharpen semantic
boundaries. The final fused output is computed as

Fout
GCS = C1×1 (Fmicro ⊙ G(Fmacro) + Fmacro ⊙ G(Fmicro)) ,

(6)
where ⊙ denotes the element-wise product. Here,
G(·) represents the gating operator, implemented as
a lightweight bottleneck sequence of pointwise convo-
lutions and non-linear activations. This module func-
tions to model inter-channel dependencies and generate
a soft sigmoid mask, effectively suppressing irrele-
vant information in the counterpart branch before the
final projection.

HLSM Block: Functioning as the computational key-
stone of the auxiliary denoising decoder, the HLSM
block, presented in Figure 3, is engineered to recon-
struct clean signal structures with minimal compu-
tational overhead. Unlike the primary segmentation
branch which demands deep semantic abstraction, this
auxiliary path acts as a structural anchor, guiding the
shared encoder to distinguish true signal transients
from noise. To fulfill this role without imposing a heavy

A

Shift up 

Shift down 

Shift left 

Shift right 

-
+

+
+

+

-
+
+

Split Concat conv

ZERO-PARAM SPATIAL MIXER

+
+

Figure 3. Structure of the proposed HLSM block. The module uti-
lizes a Zero-Param Spatial Mixer with deterministic shifts, where
structural difference maps gate the summation maps for efficient,
parameter-free reconstruction.

burden on the overall architecture, HLSM substitutes
standard convolutions with a paradigm of physical
shifting. Specifically, we employ a deterministic spatial
tokenization mechanism where the input tensor Fin

HLSM
is first split along the channel dimension into four dis-
tinct partitions. Each partition then undergoes a cyclic
spatial shift in a cardinal direction (top, bottom, left,
right), allowing pixel-level operations to access neigh-
boring contexts with significantly reduced memory
bandwidth.Building upon these shifted partitions, we
formulate an orthogonal differential interaction strat-
egy to explicitly decouple the feature space via linear
combinations of opposing views:

∆V = F̃HLSM↑ − F̃HLSM↓, ΣV = F̃HLSM↑+ F̃HLSM↓,
∆H = F̃HLSM←− F̃HLSM→, ΣH = F̃HLSM←+ F̃HLSM→,

(7)
where F̃HLSM↑, F̃HLSM↓, F̃HLSM←, F̃HLSM→ denote the
channel partitions cyclically shifted in the top, bottom,
left, and right directions, respectively. In this context,
the difference term ∆(·) functions as a structural gradi-
ent, approximating the first-order derivative to capture
high-frequency edges along the vertical V and horizon-
tal H axes. To resolve the potential spatial incoherence
where noise suppression in one direction might blur
edges in the other, we introduce a harmonic mutual
gating mechanism. This strategy utilizes the structural
gradients of one axis to spatially modulate the signal
context of the orthogonal axis, effectively preventing
texture bleeding. We define the harmonized feature
groups FV and FH as:

FV = [ΣV ⊙ σ(∆H), ∆V ] , (8)
FH = [ΣH ⊙ σ(∆V), ∆H ] , (9)

where [·] denotes channel concatenation and σ (·) is
the sigmoid activation. Finally, the denoised represen-
tation is synthesized by fusing these components via a
lightweight linear projection

Fout
HLSM = Fin

HLSM + C1×1 ([FV , FH ]) . (10)

SGA Block: While the primary decoder excels at
capturing semantic abstractions, it remains inherently
susceptible to noise-induced artifacts, often failing to
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Figure 4. Structure of the SGA module. The design utilizes explicit
Sobel-based gradient priors to align the segmentation stream Fseg
with the clean reference Fre f . A multiplicative gating mechanism
fuses these structural and semantic cues to generate the unified
attention map Fattn for residual feature rectification.

distinguish true object boundaries from high-frequency
interference. This limitation is critical in signal segmen-
tation, where imprecise edges can lead to catastrophic
misinterpretation. To overcome this, we introduce the
SGA module, visualized in Figure 4, which acts as a
geometric validator. Its core motivation is to enforce a
rigorous structural consensus: the segmentation stream
is allowed to propagate features only if they are geo-
metrically ratified by the clean auxiliary reference Fre f .
To operationalize this philosophy without introducing
learnable biases, we first project the latent feature
spaces into an explicit gradient domain. The Sobel-
based expression is used as a standard fixed gradient
operator to extract structural boundary information
from feature maps. This operation is defined as

Ψ(Fin
sob) =

∥∥∇Fin
sob

∥∥
2 =

√
(Kv ∗ Fin

sob)
2 + (Kh ∗ Fin

sob)
2 + ϵ,

(11)
where Fin

sob denotes an arbitrary input tensor, and
Kv, Kh represent the fixed vertical and horizontal So-
bel kernels, respectively. By applying Ψ(·), we effec-
tively strip away semantic variations to expose the
raw structural skeleton of the signal. Building upon
this geometric projection, we formulate a dual-gated
synergistic mechanism to generate a unified feature at-
tention map Fattn. Unlike standard fusion strategies that
combine features additively, we employ a multiplicative
consensus to strictly enforce that valid features must
satisfy consistency in both the structural and intensity
domains simultaneously

Fattn = G
([

Fseg, Fre f

])
⊙G

([
Ψ(Fseg), Ψ(Fre f )

])
. (12)

In this formulation, the first interaction term evaluates
the semantic coherence by comparing raw feature dis-
tributions, while the second term assesses the geometric
fidelity through the projected gradient representations.
Crucially, the integration of these two assessments im-
poses a strict consensus constraint: acting as a rigorous
validity filter, it suppresses the attention weight if either
the structural boundary or the intensity context fails
to align, thereby minimizing the propagation of noise-
induced hallucinations. Finally, the primary segmenta-

tion stream is rectified via a residual modulation

Fout
SGA = Fseg ⊙ (1 + Fattn) . (13)

In this formulation, the term (1 + Fattn) serves as a
selective amplifier. It preserves the original semantic in-
formation while significantly enhancing regions where
the multiplicative consensus is high, effectively trans-
forming the auxiliary branch into an active structural
supervisor that sharpens object boundaries with high
precision.

Joint Optimization Objective: To enable end-to-end
learning, we formulate a multi-task objective that si-
multaneously minimizes the segmentation error and
the reconstruction discrepancy. The total loss function
Ltotal is defined as

Ltotal = Lseg + λ · Lrec, (14)

where Lseg denotes the standard multi-class cross-
entropy loss applied to the final segmentation mask,
and Lrec represents the mean squared error loss enforc-
ing structural fidelity in the auxiliary denoising branch.
The term λ serves as a balancing parameter to modulate
the contribution of the auxiliary supervision.

4 Simulations and Results

4.1 Dataset and Training Configurations
To evaluate the proposed framework, we generated

a dataset of 120, 000 synthetic spectrograms simulating
the coexistence of 5G NR, LTE, and radar signals. Fol-
lowing 3GPP standards [49, 50], the simulation operates
at a carrier frequency of 2.8 GHz with a sampling rate
of 61.44 MHz. To emulate diverse channel impairments,
we use signal-to-noise ratios from −10 to 30 dB and
Doppler shifts of {0, 5, 70, 500} Hz. The signal configu-
rations include 5G NR bandwidths from 10 to 50 MHz,
LTE bandwidths from 5 to 20 MHz, and 1 µs radar
pulses, all converted into 256× 256 RGB time-frequency
representations. Although the dataset is synthetically
generated, it is designed as a controlled but diverse
evaluation environment rather than a single-condition
benchmark. This design is motivated by the need for
reliable pixel-level ground-truth masks for overlapping
5G NR, LTE, and radar signals, which are difficult
to obtain from real over-the-air measurements without
synchronized access to all transmitters. To further test
generalization, the model is trained only on dual-signal
scenarios, such as 5G NR with radar or LTE with radar,
and evaluated on unseen triple-signal coexistence. This
protocol is intended to evaluate compositional general-
ization under unseen interference combinations and to
examine whether the proposed model can learn noise-
invariant features beyond the specific signal mixtures
observed during training. The network is optimized
using Adam with a learning rate of 10−4 for 60 epochs
and a batch size of 32 on a P100 GPU.

4.2 Results and Discussions
We first evaluate DeGS-Net under different SNR and

Doppler conditions, as shown in Figure 5. As expected,
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Figure 5. Segmentation performance under varying channel condi-
tions: (a) versus SNR and (b) versus Doppler shift.
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Figure 6. Visualization of segmentation results for the proposed
method at different SNR levels: (a) −10 dB and (b) 30 dB.

performance improves as SNR increases. The model
maintains a functional mIoU of 41.21% at the challeng-
ing −10 dB condition, then rises sharply to 64.98% at 0
dB and saturates at approximately 70.09% under higher
SNRs. This trend shows that DeGS-Net can recover
reliable segmentation once the signal becomes mod-
erately observable. Under Doppler shifts, the model
remains stable, with mIoU decreasing only from 64.48%
at 5 Hz to 62.17% at 500 Hz, confirming its robust-
ness in high-mobility scenarios. The qualitative results
in Figure 6 further illustrate the boundary condition
of the auxiliary denoising task. At 30 dB, DeGS-Net
produces sharp and complete signal regions, showing
that the denoising branch effectively suppresses non-
structural noise while preserving useful spectral geom-
etry. At −10 dB, however, some weak LTE structures
become partially discontinuous, indicating that very
weak signal traces may be smoothed when they are
nearly indistinguishable from the noise floor. There-
fore, the auxiliary task is most helpful when corrupted
signals still contain recoverable structural patterns, but
its benefit becomes limited under extremely low-SNR
conditions. Secondly, to validate the contribution of
each architectural component and identify the opti-
mal hyperparameters, we conducted ablation studies
as shown in Figure 7. We first examine the effect of
network depth, controlled by the number of encoder
stages n, on both accuracy and complexity. As shown in
Figure 7(a), increasing the depth consistently improves

mIoU across all SNR conditions. Moving from a 2-
stage to a 3-stage architecture increases the average
mIoU by approximately 3.25%, while expanding to four
stages provides a larger gain of 5.73%, especially under
low-SNR conditions. However, using five stages yields
only a marginal 1.09% improvement, while nearly qua-
drupling the parameter count and increasing inference
time. This indicates a point of diminishing returns,
where additional depth no longer provides a favorable
accuracy-complexity trade-off. We further assess the
contribution of each proposed module through the
module ablation results in Figure 7(b). The baseline
model M1, built with standard convolutions, achieves
an average mIoU of 50.17%. Replacing the standard
encoder with the proposed GCS blocks forms M2 and
improves the mIoU to 56.96%, confirming the benefit
of local-global spectrogram feature extraction. Adding
the auxiliary denoising branch with the HLSM block
further increases the mIoU to 59.24%, showing that
structural priors from the reconstruction task provide
useful guidance for segmentation. Finally, incorporat-
ing the SGA module forms the complete DeGS-Net and
raises the mIoU to 64.29%, an improvement of over 5%
compared withM3. This confirms that the explicit geo-
metric alignment between denoising and segmentation
streams is essential for effectively transferring clean
structural priors to the final segmentation task.

Furthermore, we investigated the influence of net-
work width, governed by the number of base chan-
nels N, as shown in Figure 7(c). Performance generally
improves as N increases. Doubling the base channels
from N = 8 to N = 16 yields an mIoU improvement
of 4.08%, and increasing N to 32 provides a further gain
of approximately 8.11%. However, this improvement
becomes inefficient at higher channel counts. Expand-
ing to N = 64 only increases mIoU by 0.88%, while
nearly quadrupling the parameter count from 1.51M
to 5.96M. This suggests that N = 32 offers the best
balance between accuracy and complexity. We also
evaluate the effect of input resolution, as shown in
Figure 7(d). Higher resolutions consistently improve
performance by preserving richer time-frequency de-
tails. The average mIoU increases from 43.56% with
64 × 64 inputs to 50.48% with 128 × 128 inputs, and
further reaches 64.29% at 256× 256. Although 512× 512
achieves the highest mIoU of 65.38%, the additional
gain of only 1.09% is outweighed by the increased
computational cost. Therefore, the final configuration
with n = 4, N = 32, and 256 × 256 input resolution
is selected as the best trade-off between segmentation
accuracy and computational efficiency. This result also
clarifies the trade-off between architectural specializa-
tion and performance gain. Although DeGS-Net intro-
duces three task-specific modules, namely GCS, HLSM,
and SGA, the complete model remains compact with
only 1.51M parameters. The improvement therefore
does not mainly come from simply scaling up the
network, but from assigning each module a targeted
function: GCS extracts local-global spectrogram struc-
tures, HLSM provides lightweight denoising guidance,
and SGA transfers clean geometric priors to the seg-
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Figure 7. Ablation study of DeGS-Net’s key components and hyperparameters. The impact of varying (a) number of encoder stages, (b) module
ablation configurations, (c) base channels, and (d) input image size.
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Figure 8. Performance comparison of segmentation models, detailing:
(a) results on raw noisy spectrograms and (b) results on spectrograms
pre-denoised by a DnCNN.

mentation stream. This leads to a favorable accuracy-
efficiency balance for resource-constrained spectrum
sensing.

Finally we benchmark the proposed DeGS Net
against seven state of the art semantic segmentation
models as illustrated in Figure 8(a). The analysis reveals

a distinct performance hierarchy driven largely by ar-
chitectural suitability for stochastic signal processing.
First distinct observation is that models relying on
extensive global context aggregation like BiSeNetV2
and SegFormer proved fundamentally ill suited for
spectrogram analysis in low Signal to Noise Ratio
regimes. Both architectures are optimized for natural
scenes where integrating background context aids ob-
ject recognition. However in the domain of wireless
signal processing the background consists primarily
of high power stochastic interference. Consequently
BiSeNetV2 via its global pooling layers and SegFormer
through its global self attention mechanism inadver-
tently assimilate this background noise into the feature
representation resulting in the lowest average mIoU
scores of 29.55% and 31.36% respectively. Intermedi-
ate improvements are observed with lightweight ar-
chitectures such as ESPNetv2 and DeepLabV3+ which
achieve average mIoU scores of 42.27% and 45.38%
respectively. While DeepLabV3+ leverages atrous spa-
tial pyramid pooling to capture multi scale features
its reliance on a lightweight MobileNet backbone
limits its capacity to disentangle weak signals from
heavy interference. Moving to the top tier baselines
UNet++, SpecDiff and SRNet demonstrate significantly
better resilience reaching average mIoU scores rang-
ing from 48.10% to 52.76%. Their superiority stems
from the utilization of dense nested skip pathways
in UNet++ and specialized attention mechanisms in
SRNet and SpecDiff which facilitate the retention of fine
grained features. Nevertheless this precision comes at
the cost of prohibitive computational complexity and
high parameter counts rendering them impractical for
resource constrained edge deployment. Furthermore, to
validate the benefit of the proposed synergistic multi-
task learning strategy, we also evaluate the baselines
using a cascaded pipeline where the input spectro-
grams are first pre-denoised by a standalone DnCNN,
as shown in Figure 8(b). While pre-denoising provides
noticeable recovery for some lightweight architectures,
it yields only marginal gains for stronger models such
as SRNet and UNet++ at higher SNR levels, where their
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Table I
PERFORMANCE BENCHMARK OF DeGS-Net AND COMPARISON WITH EXISTING METHODS

Model n GCS HLSM SGA N Image Size mAcc
(%)

mIoU
(%)

Params
(M)

Speed
(ms)

DeGS-Net (Figure 7(a)

2 ✓ ✓ ✓ 32 256× 256 71.63 55.31 0.12 10.5
3 ✓ ✓ ✓ 32 256× 256 75.79 58.56 0.47 17.4
4 ✓ ✓ ✓ 32 256× 256 77.11 64.29 1.51 20.3
5 ✓ ✓ ✓ 32 256× 256 78.23 65.38 6.01 26.8

M1
(Figure 7(b))M3

M4
DeGS-Net

4 ✗ ✗ ✗ 32 256× 256 65.08 50.17 0.52 12.1
4 ✓ ✗ ✗ 32 256× 256 71.22 56.96 1.12 15.3
4 ✓ ✓ ✗ 32 256× 256 72.95 59.24 1.14 16.7
4 ✓ ✓ ✓ 32 256× 256 77.11 64.29 1.51 20.3

DeGS-Net (Figure 7(c)

4 ✓ ✓ ✓ 8 256× 256 67.44 52.10 0.11 17.9
4 ✓ ✓ ✓ 16 256× 256 72.40 56.18 0.38 19.1
4 ✓ ✓ ✓ 32 256× 256 77.11 64.29 1.51 20.3
4 ✓ ✓ ✓ 64 256× 256 77.67 65.17 5.96 24.8

DeGS-Net (Figure 7(d)

4 ✓ ✓ ✓ 32 64× 64 61.56 43.56 1.51 19.0
4 ✓ ✓ ✓ 32 128× 128 66.98 50.48 1.51 19.5
4 ✓ ✓ ✓ 32 256× 256 77.11 64.29 1.51 20.3
4 ✓ ✓ ✓ 32 512× 512 78.30 65.38 1.51 25.1

BiSeNet [33] – MobileNetV2 
(Figure 8(a))

SegFormer [32] – MiT_B1
ESPNetv2 [51]
DeeplabV3+ [17] – MobileNetV2
UNet++ [30] – MobileNetV2
SpecDiff [52]
SRNet [6] – MobileNetV2
DeGS-Net (proposed)

256× 256 46.19 29.55 4.31 18.5
256× 256 48.79 31.36 13.63 21.9
256× 256 57.80 42.27 1.49 20.2
256× 256 59.52 45.38 4.37 18.9
256× 256 62.35 48.10 6.82 19.7
256× 256 63.19 49.05 9.72 22.6
256× 256 66.79 52.76 10.72 19.4
256× 256 77.11 64.29 1.51 20.3

DnCNN [36] + BiSeNet [33] – MobileNetV2 
(Figure 8(b))

DnCNN [36] + SegFormer [32] – MiT_B1
DnCNN [36] + ESPNetv2 [51]
DnCNN [36] + DeeplabV3+ [17] – MobileNetV2
DnCNN [36] + UNet++ [30] – MobileNetV2
DnCNN [36] + SpecDiff [52]
DnCNN [36] + SRNet [6] – MobileNetV2
DeGS-Net (proposed)

256× 256 54.21 39.23 4.81 20.5
256× 256 50.28 35.28 14.13 23.9
256× 256 57.80 42.27 1.49 20.2
256× 256 66.16 52.63 4.87 20.9
256× 256 63.55 53.68 7.32 21.7
256× 256 64.73 54.23 10.22 24.6
256× 256 67.13 55.07 11.22 21.4
256× 256 77.11 64.29 1.51 20.3

performance tends to saturate. More importantly, under
the severe −10 dB condition, the decoupled denoiser
still fails to prevent performance degradation across the
baselines. This suggests that generic denoising, when
optimized independently from the segmentation objec-
tive, may remove not only noise but also weak signal
details that are important for pixel-level prediction. In
contrast, DeGS-Net treats denoising as a task-aware
regularizer rather than an isolated pre-processing step.
The auxiliary branch encourages the encoder to learn
noise-invariant structural features, while the SGA mod-
ule transfers such guidance only when the denoised
reference and segmentation features are geometrically
consistent. As a result, DeGS-Net maintains an mIoU of
41.21% even at −10 dB and consistently outperforms all
compared models. Nevertheless, this result also reveals
a boundary condition of the auxiliary denoising strat-
egy: when weak signals are almost submerged by noise,
some subtle structures may still be partially smoothed
or missed.

Table I summarizes the comprehensive performance
of DeGS-Net across various configurations and against
other state of the art methods. Our ablation studies
confirm that the final configuration is a carefully op-
timized architecture with each proposed module incre-
mentally improving performance. While the optimized
DeGS-Net achieves a competitive inference time of
approximately 20.3 ms comparable to top tier models
like SRNet a crucial distinction lies in its efficiency.
DeGS-Net maintains a remarkably small footprint of

only 1.51M parameters a significant reduction com-
pared to other high performance models like SRNet
with 11.22M parameters and SegFormer with 14.13M
parameters. More specifically, Table I can be inter-
preted from three complementary perspectives. First,
the module ablation results show the progressive con-
tribution of the proposed components, where GCS im-
proves feature extraction, HLSM introduces denoising
guidance, and SGA further enhances segmentation by
aligning semantic features with clean geometric priors.
Second, the hyperparameter analysis indicates that the
setting n = 4, N = 32, and 256 × 256 input reso-
lution provides a practical balance between accuracy
and computational cost. Third, the comparison with
existing segmentation models confirms that DeGS-Net
achieves the highest mIoU of 64.29% while maintain-
ing only 1.51M parameters, demonstrating a favorable
accuracy-efficiency trade-off.

5 Conclusion

In this paper, we proposed DeGS-Net, a novel end-
to-end framework for robust and efficient spectrogram
segmentation. The core innovation lies in a synergistic
multi-task design, where an auxiliary denoising task
acts as a regularization mechanism through specialized
modules for multi-scale analysis and feature fusion.
Experiments on a synthetic dataset of 5G NR, LTE,
and radar signals show that DeGS-Net achieves a state-
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of-the-art mIoU of 64.29% with only 1.51 million pa-
rameters, demonstrating strong robustness and effi-
ciency compared with other high-performance models.
The results also confirm that the final configuration is
the outcome of deliberate design choices, with each
proposed component contributing incrementally to the
overall performance. Nevertheless, we acknowledge
that the current validation is still based on simulated
RF spectrograms. Although the simulation follows stan-
dardized waveform and channel configurations and
includes diverse SNR, Doppler, bandwidth, and inter-
ference conditions, real-world RF environments may
introduce additional impairments, such as hardware
nonlinearity, phase noise, I/Q imbalance, synchroniza-
tion mismatch, calibration errors, and non-Gaussian in-
terference. These factors may lead to a synthetic-to-real
gap that cannot be fully resolved by simulation alone.
Although DeGS-Net is developed for 5G NR, LTE, and
radar spectrogram segmentation, its core design is not
limited to these specific signal types. Since the proposed
modules operate on general time-frequency structures,
the framework can potentially be adapted to related
tasks such as RF interference localization, anomaly
segmentation, and spectrogram-based sensing for other
wireless protocols. Nevertheless, applying DeGS-Net to
substantially different signal modalities may require
task-specific retraining, calibration, and hyperparame-
ter adjustment. Future work will focus on leveraging
unlabeled real-world RF data through semi-supervised
learning, optimizing the model for edge deployment
using quantization and pruning, and extending the
framework to additional RF signals such as WiFi and
emerging IoT protocols.
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