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Reliable transmission of medical images over wireless networks is essential for modern
telemedicine, yet the impact of channel impairments on deep-learning segmentation
accuracy remains underexplored. In this work, HUM-Net, a hybrid U-shaped architecture,
is proposed by integrating convolutional encoders with a Mamba-based Visual State Space
(VSS) bottleneck and State-Space Attention Gates (SSAG) for kidney tumor segmentation
in CT imagery. To evaluate its robustness under controlled physical-layer conditions, an
end-to-end physical-layer simulation framework is developed by subjecting each image to
representative wireless degradations, including Joint Photographic Experts Group (JPEG)
source coding (Q = 10-70), Gilbert—Elliott packet loss (0.1%-10%), additive white
Gaussian noise (Eb/NO = 0-30 dB), and four representative combined-stress conditions.
Using the KiTS23 dataset (6,289 curated 512 %512 slices), HUM-Net is evaluated on more
than 30,000 degraded images covering 24 distinct channel conditions. HUM-Net achieves
a baseline Dice Score (DSC) of 0.9562 and mean Intersection-over-Union (mloU) of
0.9569, while remaining highly robust to lossy compression. Furthermore, noise above 10
dB Eb/NO is fully recoverable, while severe noise (0 dB) reduces the DSC to 0.7116.
Packet loss, however, is severely disruptive: DSC drops to 0.8848 at just 0.2% loss and to
0.5275 at 1%. In combined-stress conditions, packet loss consistently dominates: DSC
values track the packet-loss-only curve rather than the noise-only curve, and the two
impairments interact only mildly (#2.6% DSC). Overall, these findings establish a clear
hierarchy of impairments and indicate that, within the simulated conditions, packet-loss
recovery warrants priority over compression mitigation and noise reduction in the design
of wireless medical imaging links, subject to confirmation on deployed systems.

1. INTRODUCTION

reaching the inference engine. Whether this transmission step
affects the accuracy of state-of-the-art segmentation models

Medical image segmentation has emerged as an essential
component of computer-aided diagnosis, particularly for the
early detection and quantitative analysis of solid tumors.
Computed tomography (CT) is one of the radiological
modalities whose resolution and contrast allow kidney lesions
to be outlined, yet manual annotation of such images is
tedious, observer-dependent, and increasingly impractical
given the growing volume of imaging data worldwide. Recent
deep-learning algorithms for segmentation have become a
scalable alternative, reaching expert-level performance on
benchmarks such as KiTS [1], LiTS [2], and BraTS [3]. These
models are now increasingly deployed in distributed and
mobile settings, such as 5G-enabled telemedicine, cloud-based
radiology, and remote diagnostic services [4, 5]. They operate
on imagery that has travelled through wireless networks before
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remains an open and largely unaddressed question.

Long-range contextual modelling has recently been used to
better delineate complex structures in medical segmentation
models [6-9]. The VMamba [10] and U-Mamba [11] are
examples of Mamba-based methods that provide alternative
efficient options for this. However, these models are generally
evaluated using pristine, locally stored images, leaving their
reliability after realistic wireless transmission largely
unknown. To overcome this limitation, HUM-Net uses a
Visual State Space (VSS) bottleneck for modelling global
dependencies and State-Space Attention Gates (SSAG)
modules for selectively refining skip-connected features.

A high percentage of published evaluations are conducted
on pristine images stored locally, implicitly assuming that the
transmission channel is lossless and noise-free [12, 13]. In
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practice, wireless medical imaging traffic is subject to a range
of impairments: lossy source coding to reduce bandwidth (e.g.,
Joint Photographic Experts Group (JPEG) and DICOM-
JPEG2000 gateways), bit errors from additive thermal noise
and fading, and packet erasures from congestion and handover
events. Surveys of 5G healthcare deployments report end-to-
end packet loss in the 0.1%-7.2% range under normal
operation [4], with bit error rates (BER) that depend strongly
on channel state, modulation, and coding. Most prior work has
focused on isolated effects, such as the impact of JPEG quality
on classification accuracy [14, 15] or additive Gaussian noise
on natural-image classifiers [16, 17], but limited studies have
simulated source coding, channel noise, and erasure loss
within a single physically grounded configuration, and almost
none have addressed medical segmentation.

This omission is consequential. Segmentation networks
operate on dense, pixel-level predictions and are therefore far
more sensitive to localised image corruption than
classification or detection networks. A single dropped packet
can erase a 4 x 4 image block and displace tumor boundaries
by several pixels, and a low-bit-rate JPEG approximation can
smooth precisely the edges that distinguish a lesion from
healthy parenchyma. Moreover, different impairment types
degrade images in qualitatively distinct ways: compression
introduces structured frequency-domain artifacts, channel
noise produces broadband random errors in the spatial domain,
and packet loss creates spatially contiguous blank regions.
Robustness of a given segmentation model to one impairment
does not imply robustness to another, and the interaction
between impairments under combined-stress conditions
remains uncharacterized. Therefore, the reliability of model
deployment for practical use in remote medical imaging
systems requires consideration of transmission, as high
accuracy on standard benchmark images may yield unreliable
tumor boundaries after wireless transmission.

Motivated by these gaps, this paper introduces two
interrelated contributions. First, we propose HUM-Net, a
hybrid U-shaped segmentation network that combines a
convolutional encoder—decoder with a Mamba-based VSS
bottleneck and SSA, delivering superior kidney tumor
segmentation compared with five established baselines on the
KiTS23 dataset. The VSS bottleneck allows for efficient
modelling of global spatial dependencies, and SSAG modules
selectively refine spatial features of the skip-connected
encoder to suppress irrelevant information and preserve the
tumor-related spatial details. Second, we design and validate
an end-to-end physical-layer simulation framework in which
each segmented image is corrupted by realistic wireless
channel degradations, namely: JPEG source coding, additive
white Gaussian noise (AWGN), Gilbert—Elliott packet loss,
and four combined-stress conditions within a single QPSK-
based transmitter—receiver pipeline that incorporates root-
raised-cosine (RRC) pulse shaping, pilot-aided LS channel
estimation, and minimum mean-square-error (MMSE)
equalisation. Within this framework, we evaluate HUM-Net
across 24 distinct channel conditions covering more than
30,000 degraded images, and report the resulting segmentation
accuracy in terms of Dice Score (DSC), mean Intersection-
over-Union (mloU), sensitivity, and HD95. The obtained
results show that HUM-Net is highly resilient to aggressive
lossy compression and to noise above 10 dB Eb/NO, yet is
severely degraded by even modest packet loss. In combined-
stress conditions, packet loss consistently dominates, with
direct implications for the design of channel coding,
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retransmission, and packet-recovery strategies in wireless
medical imaging systems.

The remainder of this paper is organised as follows. Section
2 reviews related work on medical image segmentation and on
the robustness of deep models to perturbations in the image
and transmission domains. Section 3 presents the proposed
HUM-Net architecture, the physical-layer simulation
framework, the dataset, and the experimental protocol. Section
4 reports the segmentation and channel-degradation results
and discusses their implications for system design. Section 5
concludes the paper and outlines future work.

2. LITERATURE REVIEW

Modern healthcare systems rely on transmitting medical
images over various communication networks for remote
medical diagnosis. However, communication channels often
introduce interference, including packet loss, compression
distortions, and random noise, which reduces the quality of
transmitted images and consequently affects subsequent tasks
such as segmentation. Despite this, most studies still focus on
developing medical image segmentation algorithms through
various strategies, such as transformers, transfer learning, and
attentional mechanisms, without considering the network-
based medical imaging environment [18-21]. Thus, the
literature is reviewed thematically, including state space
segmentation, packet loss, compression, noise, and semantic
communication.

Recent state-space solutions have enabled very efficient
long-range dependency modelling in medical image
segmentation. U-Mamba introduces convolutional feature
extraction and selective state-space modelling to a self-
configuring biomedical segmentation framework [11], while
VM-UNet uses VSS blocks as key elements of a U-shaped
encoder—decoder architecture [22]. Swin-UMamba also
introduces an ImageNet pre-trained Mamba encoder and a
medical-image segmentation decoder, showing that transfer
learning is beneficial for state-space models (SSMs) [23].
Although these methods show good results, they are mainly
tested on clean benchmark images without communication-
induced image degradation. Hence, their improvements do not
guarantee state-space segmentation is reliable during image
transmission.

Regarding packet loss, several studies have examined its
impact on medical diagnostic efficiency. Chuprov et al. [24]
revealed that packet loss of 2—5% in transmitted X-ray images
negatively  affected deep-learning  performance by
approximately 20%. Similarly, Shiranthika et al. [25] observed
a sharp decline in U-Net segmentation when data-loss rates
became high. All of these studies show that packet loss can
negatively affect medical-image analysis [26]. But due to the
differences in imaging modality, task, range of lost packets,
and loss-injection technique, direct comparison is not possible,
and realistic packet erasures still have not been extensively
explored for state-space segmentation.

Compression robustness has also been widely investigated.
Chen et al. [27] employed JPEG and JPEG2000 techniques to
study their impact on medical-image segmentation and
detection, showing that substantial compression could
preserve most task performance. El Khoury et al. [28] found
that 3D U-Net was more resistant to pelvic CT compression
than its 2D counterpart. The results suggest that moderate
compression could help to retain task-relevant information



while more aggressive compression could lead to the loss of
important image information. In general, however,
compression is not measured in a full communication chain,
but in an isolated fashion.

Related studies have also explored the impact of added
noise across communication channels [29-31]. Jiu et al. [30]
reported performance deterioration in DeepLab, FPN, and U-
Net after Gaussian noise was added to X-ray images, while
Babaeipour et al. [32] found that enhanced vision-transformer
models were more robust than conventional CNNs. In general,
these studies show that robustness to noise is architecture-
dependent and is related to the level of degradation of the
content. Most, however, add the noise directly on top of the
images without propagating the noise through modulation,
channel estimation, equalisation, and reconstruction [33].

Semantic communication has also been considered as an
efficient task-based method for image transmission through
bandwidth-limited and noisy channels. Yuan et al. [34]
designed a generative system combining image reconstruction
and segmentation, while DiSC-Med wused semantic
representation and diffusion-based reconstruction for robust
medical CT transmission [35]. These works, however, focus
primarily on transmission efficiency, reconstruction quality, or
communication-oriented segmentation, but fail to assess the
strength of a medical segmentation network in the face of
compression, AWGN, packet loss, and their combination. As
a result, semantic communication research does not directly

segmentation model against multiple physical layer
impairments. The literature therefore focuses on a number of
more or less distinct themes, such as the notion of state-space
segmentation under clean conditions, robustness to the various
types of degradation, and semantic communication for
efficient transmission or reconstruction. There is a lack of
systematic research to assess the reliability of a task-level
medical segmentation model in a state-space framework for
various physical-layer impairments.

3. METHODOLOGY
3.1 Baseline segmentation models

In this work, 3D medical images are converted into 2D to
facilitate processing and model training. Accordingly, a set of
core image segmentation models was employed to understand
the context of these images in various ways, aiming to
accurately identify kidney tumor boundaries. Specifically,
experiments were conducted using five deep learning
segmentation models: U-Net, SEG-Net [36], FCNet [37], PSP-
Net [38], and DeepLabV2 [39]. During the evaluation, several
evaluation metrics were used to determine the best-performing
model as listed in Table 1. On this basis, some parameters can
be drawn to design the proposed structure, which will be
designed to accurately capture tumor details at the pixel level.

prove the robustness of an independently developed
Table 1. Architectural summary of the five baseline segmentation models
. . Inference Peak GPU
Model Arclr}lteceture Encoder/Backbone Param (M) Mo(?\:llglze GFLOPs Time Memory
yp (ms/Image) (MB)
Encoder—
U-Net Decoder + skip Custom CNN 31.04 124.17 90.03 59.58 1680
connection
Encoder—
SEG-Net Decoder + VGG-like CNN 29.47 112.5 80.10 61.33 1541
pooling indices
Pyramid pooling
PSP-Net + CNN ResNet-50 46.58 186.4 147.6 82.25 2283
Fully
Convolutional
FCNet Network (FCN- VGG16 backbone 131.3 525.1 221.7 97.13 2944
8)
Atrous
DeepLab V2 convolution + ResNet-101 44.6 178.1 177.2 102.9 2443
dilated CNN

3.2 The proposed segmentation model

Based on findings gained from the benchmarking process, a
novel approach was adopted, aiming to synergistically
integrate convolutional neural networks used for extracting
complex features with the Mamba framework. This
framework is based on long-range dependency modeling of
selective SSMs with limited computational complexity. The
proposed approach, termed 'HUM-Net', follows a symmetrical
encoder-decoder pattern ending in a dedicated bottleneck and
linked by gated connections, as illustrated in Figure 1. HUM-
Net is trained with a compact custom architecture with only
about 8.95 million parameters and a storage demand of 34 MB.
It was also analysed by the efficiency measures of FLOPs of
66.8, inference latency of 56.2 and peak GPU memory of
1280. This level of optimisation allows the design to be
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efficiently deployed on resource-constrained devices while
also achieving outstanding results in segmentation.

3.2.1 HUM-Net encoder

The proposed encoder side is basically used to extract fine-
grained hierarchical representations, including the complex
texture and boundaries of the kidney tumors. The input CT
image is defined as a tensor X = € RE*WXC where H and
W represent the dimensions of the tensor while C represents
the number of modalities. These images are passed to four
successive levels of downsampling stages. Each stage includes
aresidual convolution block that reduces the spatial dimension
of the tensor while doubling the channel capacity. The
proposed convolutional blocks comprise two sets of 3 x 3
convolutions followed by batch normalisation and ReLU
activations. The output of these sets is added to the residual



connection from the input to prevent the vanishing gradient
during the training phase. This process is concluded by
pooling with a stride of 2 to reduce the dimension of the

extracted features. By the fourth stage, the encoder produced
highly abstracted feature maps with 16 x 16 x 8 dimensions.

=
z o Decoder head
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] B
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o
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(32) (32)
| Conv 3x3 + BN + RelLU | | Transposed Conv |
[ Conv 3x3 + BN ]—Ekip p | Concat (SSAG 1) |
[ Residual Add ] ‘;Z‘I'EI [ Conv 3x3 + BN + ReLU |
’ Rell ] E | LayerNorm |
[ MaxPool22 ] [ Multi-Scan (2D-to-1D) |
12 SSAG Module 1 SSAG Mamba (SB) |
Downsampling Stage 2 ; Signal 1
‘ .:'3}4] g Stag |Cu-nl:at (Encoder+Gating) ||€-------' Merge (1D-to-20) |
*
Conv 1x1
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Skip 3 o
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Figure 1. The proposed segmentation model (HUM-Net)

3.2.2 The Visual State Space bottleneck

The proposed HUM-Net includes a bottleneck module that
is built on the Mamba architecture. This module uses the VSS
instead of the conventional convolution or attention blocks to
effectively capture the global semantic relationship across the
kidney body and the overlayed tumor. The VSS architecture
was originally designed to work on 1D sequences, however the
received tensors are 2D. To perform the matching, a 2D to 1D
multi-scan mechanism is proposed to flatten the consecutive
tensors by scanning across four directional routes. The
resulting scans are passed to the Mamba selective scan
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algorithm (S6), which processes the received scans
independently by compressing related context while
neglecting the irrelevant background noise. After that, the
processed scans are merged and reshaped to its original 2D
spatial size and added with a residual connection to produce
the bottleneck output that is passed to the decoder.

3.2.3 State-Space Attention Gate

This active module is proposed to link the encoder stages
with the decoder using effective attention gates. These gates
are used to selectively filter the high-resolution output from



each stage of the encoder using gating signals generated by the
reconstructed semantic features from the decoder. The encoder
features and the gating signals are concatenated and passed to
a 1 x 1 convolution. The output is then normalized, flattened
and fed to the Mamba module, which continuously scan the
spatial dimensions of tensors to find significant regions
relevant to tumor class. Finally, the resulted output is reshaped
to its original 2D spatial size and passed through a Sigmoid
activation to generate continuous attention maps that
multiplied with encoder input and passed to the decoder
stages. This method guarantees that the decoder is rigorously
supplied with boundary and texture data associated with the
target class.

3.2.4 HUM-Net decoder
The decoder side progressively performs upsampling for the

compressed features that resulted from the bottleneck module
to eventually generate the pixelwise predictions with the
original resolution. More specifically, in each stage of the
decoder, the feature maps are upsampled by 2 using bilinear
interpolation. After that, a concatenated process is applied
with the gating signal and the results are passed to one set of
standard 3 x 3 convolutions followed by normalisation and
ReLU activation. Subsequently, a LayerNorm and Mamba
operation are applied to re-evaluate the long-range spatial
dependencies of the newly reconstructed features and prevent
the loss of the global context even as the resolution increases
during the upsampling process. Finally, the output of the
fourth upsampling stage is delivered to the decoder head,
which performs one set of 3 x 3 convolutions to refine the
upsampled artefacts, accompanied by pointwise convolution
and Sigmoid activation to densely predict the masks.

- hl \ . (+) 5
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) ] R [e ap— \
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! 0 cT ! HUM-Net M m ]
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l ! | I
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Figure 2. End-to-end physical-layer simulation framework used to evaluate HUM-Net robustness under wireless channel
impairments

3.3 Wireless channel simulation framework

The robustness of the proposed HUM-Net is examined
under controlled, physically grounded wireless transmission
conditions through the development of an end-to-end
physical-layer simulation framework. This framework applies
a full transmitter—channel-receiver chain to every kidney CT
image in the test set before the reconstructed image is passed
to the segmentation network for inference. The framework
operates at the bit level so that the effect of each physical-layer
block on the recovered image can be measured directly. A
complete overview of the pipeline is shown in Figure 2.

The simulation includes four independent degradation
blocks and one combined-stress block. Block 1 evaluates the
effect of lossy source coding over a clean transmission path
using JPEG compression at five quality factors (Q = 70, 50,
30, 20, 10). Block 2 evaluates Gilbert—Elliott packet erasure at
seven loss rates (0.1%, 0.2%, 0.5%, 0.75%, 1%, 5%, and 10%)
with a fixed packet block size of 4 x 4 pixels. Block 3 evaluates
AWGN at seven signal-to-noise ratios (SNR) (Ev/No = 0, 5,
10, 15, 20, 25, and 30 dB) without compression or packet loss.
Block 4 evaluates four combined-stress conditions in which
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Gilbert—Elliott packet loss (0.2% and 0.5%) is superposed on
AWGN noise (5 dB and 10 dB Eu/Np). This block design
enables each impairment to be characterised in isolation while
still capturing the cumulative effect of realistic combined
transmission stress.

3.3.1 Transmitter chain

Each input image is represented as a 512 x 512 unsigned-
integer-16 tensor and may optionally be passed through a
JPEG source encoder to produce a compressed bitstream. The
bitstream is then serialised in a 16-bit-per-pixel ordering. The
bits are mapped to QPSK symbols at a rate of 2 bits per
symbol, and pilot symbols (one per 16 data symbols) are
inserted to enable receiver-side channel estimation. The
resulting symbol stream is pulse-shaped by an RRC filter with
roll-off factor a = 0.35, span of 8 symbols, and oversampling
factor L = 4 samples per symbol. To isolate the effect of
channel impairments on segmentation accuracy without
confounding from forward error correction, the pipeline
operates as uncoded QPSK. Each pair of consecutive bits
(b’ by y1) is mapped to a unit-energy QPSK symbol s
according to:s



1
Sk = —2[(1 — 2byy) +j(1 = 2by41)] (1)

%

3.3.2 Channel model

The pulse-shaped waveform is transmitted through an
AWAGN channel in which the per-sample noise variance is set
as follows:

_ L-P
2 (Ey/No)iin - log, M

0.2

2

where, P; is the average power of the oversampled transmit
signal, L is the oversampling factor, M = 4 is the QPSK
constellation size, and (E,,/Ny);;, is the linear-scale SNR. The
oversampling factor L is included in the numerator to account
for the noise-bandwidth reduction introduced by the matched
filter at the receiver, ensuring that the post-filtering symbol
SNR corresponds to the configured Ey, /Nj.

The linear-scale SNR used in Eq. (2) is obtained from the
specified decibel value as:

(By/Nodyy = 10/ Nodas/10 3)

3.3.3 Receiver chain

At the receiver, the noisy waveform is fed into a matched
RRC filter and downsampled to the symbol rate, with timing
alignment performed using the known group delay of the
cascaded transmit and receive filters. Channel estimation is
achieved through a pilot-aided least-squares (LS) approach, in
which channel coefficients at pilot positions are computed as
the ratio of received-to-transmitted pilot symbols, with the
channel response between pilots reconstructed by linear
interpolation. MMSE equalisation is then applied using the
estimated channel response. The equalised symbols are
demapped using hard-decision QPSK demodulation, and the
bits are subsequently reassembled into a 512 x 512 uintl6
image. If a non-zero packet-loss rate is configured, a Gilbert—
Elliott two-state Markov erasure model is applied directly in
the image domain after reconstruction, with the good-to-bad
transition probability set to the target loss rate and erased
blocks replaced by zero-valued 4 x 4-pixel patches. Channel
estimation is achieved through a pilot-aided LS approach.
Using the known pilot symbol p =1+ 0, the channel
coefficient at each pilot index k,, is estimated as:

T[kp]

p

Alk,] (4)

The estimated response is then applied through an MMSE
equaliser, which weights each received symbol 7] as:

S[k] ( 71 ) [k] ®)
S b — - |r
[H[K]I? +1/y
where the post-equalisation SNR is:
Y = (Ep/Noinlogs M (6)

Hard-decision QPSK demodulation recovers the in-phase
bit as (the quadrature bit is obtained analogously from the
imaginary component).
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~ 1
bai =5 (1 = sgn(R{S[k]}) ()

For an uncoded QPSK system in AWGN, the corresponding
bit-error probability follows the classical bound:

P, = Q(\/ 2Eb/NO)

Packet erasure is modelled by a two-state Gilbert—Elliott
Markov chain whose good-to-bad transition probability is set
to the target loss rate. Its steady-state bad-state probability is:

®)

Pcs

=—F 9
Pee t Pae ©

g

This is a formulation in the image domain that needs to be
clarified. The AWGN block already models bit-level
corruption, where thermal noise causes symbol errors that pass
through hard-decision demodulation as randomly distributed
bit-flips. The Gilbert-Elliott block represents the
complementary regime, where information is missing rather
than corrupted. The two regimes produce a different spatial
structure of damage: uncorrelated errors spread across the
image in one, contiguous regions of missing content in the
other, which is why they are modelled separately. The erasure
is applied after image reconstruction, since what matters for
segmentation is the spatial pattern of information reaching the
network, not the protocol layer at which the loss occurred; any
loss not recovered by lower-level mechanisms ultimately
manifests as missing image content after decoding. The 4 x 4-
pixel granularity reflects the payload units of packetized
medical image transport, such as JPEG2000 precincts and tiles
or DICOM frame fragments, and is chosen at the fine end of
this range so that the reported degradation is conservative,
since coarser granularity would produce worse degradation at
the same loss rate. Erased regions are zero-filled to represent
the absence of error concealment, isolating the intrinsic
robustness of the segmentation network from any specific
concealment algorithm, consistent with the uncoded design
adopted throughout this framework.

3.4 Dataset

The KiTS23 kidney tumor segmentation dataset was used
as the primary benchmark for analysing the effect of
communication channels on deep learning segmentation of
medical images. This dataset originally consisted of 3D CT
volumes, along with expert-annotated masks of the kidney,
tumor, and cyst regions. The applied preprocessing pipeline is
summarised in Figure 3.

Original Dataset

Convert 3D to 2D

3D Volume

30 CT Volume

Annotations. 2D Axial Shices

' - '

/ Remove Non-Essential Structures

! Fitered Mask (Kidney + Tumor)  Original Mask (Multi-ciass)

Figure 3. KiTS23 dataset processing pipeline



Figure 4. KiTS23 sample images and corresponding
segmentation masks

The first step involved converting the 3D volumes into 2D
axial slices. This process generated 95,000 image and mask
pairs. There were 6,289 image—mask pairs, excluding slices
without kidney structure and excluding cyst labels. The
retained annotations were converted into binary tumor—
background masks, in which the tumor was assigned to the
foreground and everything else to the background. There was
no filtering or balancing according to tumor size or foreground
proportion, and pixel-level imbalance was handled during
training by implementing focal Tversky and weighted cross-
entropy losses. Finally, these image samples and masks were
renamed and resized to a standard spatial resolution of 512 x
512 pixels. Figure 4 demonstrates a set of images and their
corresponding masks from the KiTS23 dataset.

3.5 Experimental protocol

In this work, the proposed architecture HUM-Net was built
using the TensorFlow and Keras deep learning environment.
All experiments were conducted on the Kaggle platform
equipped with dual high-end GPUs with 16 GB of memory.
The KiTS23 patient cases were split into training and testing
subsets at an 80:20 ratio, with patient identifiers chosen so that
all patient slices were included only in one subset.
Subsequently, data augmentation strategies, including
flipping, rotation, and intensity variations, were applied to the
training set to mitigate overfitting.

This model was systematically trained for a maximum of
100 epochs using a grid search strategy to determine the
optimal hyperparameters. This resulted in a batch size of §, an
Adam optimizer, and an initial learning rate of 10~*. Moreover,
the ReduceLROnPlateau technique was employed to gradually
decrease the learning rate. The model was trained using a
custom loss function that combines a weighted sum of focal
Tversky loss and weighted cross-entropy. Early stopping was
also utilised by monitoring the validation loss with a patience
of 15 epochs, and the weights at the minimum point of the
validation loss were saved. The convolutional kernels were
initialised by He normal, and the biases were initialized by
zeros. The settings were consistently applied to all models.

The computational efficiency was measured on 512 x 512
input images with a batch size of one. FLOPs were computed
for a single forward pass. To measure inference latency, 20
forward passes were made after 20 warm-up iterations on the
NVIDIA Tesla P100 GPU. The maximum memory
consumption of the GPU was noted during the inference stage.

The models were tested with the same hardware and
software configuration to ensure a fair comparison. The testing
procedure was performed on 1,258 test slices, producing more
than 30,000 degraded images across the 24 channel conditions.
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Each degraded image was processed by the trained HUM-Net
to obtain a predicted segmentation mask, which was compared
against the corresponding ground-truth mask using standard
segmentation metrics: the DSC coefficient, mloU, sensitivity,
specificity, precision, AUC, and the 95th-percentile Hausdorff
distance (HD95). The higher the value, the better for all but
the metric HD95, where a lower value represents closer
agreement of the boundary.

For each degraded image, four signal-quality metrics were
computed against the original uncompressed reference: BER,
peak signal-to-noise ratio (PSNR); structural similarity
(SSIM); and CR, defined as the size of the original uintl6
image divided by the size of the JPEG-encoded bitstream.
BER was reported only for the noise-only and combined-stress
blocks; for the compression-only block, it was set to NaN,
since JPEG is a lossy intra-frame transform whose bit-level
differences do not correspond to channel-induced errors. The
channel- and segmentation-side metrics were merged to study
the impact of the physical-layer impairments on downstream
segmentation accuracy.

Additionally, training stability was evaluated by training
each model five times with different random seeds. The same
split and hyperparameter values were used for all runs, with
weight initialisation, sample shuffling, and augmentation
randomness varied between runs. The results are reported as
mean =+ standard deviation.

4. EXPERIMENTAL RESULTS AND DISCUSSION

The cross-channel communication environment was
simulated and applied to the kiTS23 data. The five benchmark
models were evaluated using HUM-Net in both clean and
degraded channel conditions.

4.1 Segmentation results

Table 2 compares five commonly used models, namely U-
Net, SEG-Net, PSP-Net, FCNet, and DeepLab V2, along with
the proposed model, using identical settings. Furthermore, the
average and standard deviation values are reported over five
independent runs in Table 2. The statistical significance of the
results showed that the difference between HUM-Net and the
strongest baseline was evaluated by a paired Wilcoxon signed-

rank test (p < 0.05).
Based on the experimental results, the proposed HUM-Net
framework achieved the best overall segmentation

performance. Compared to the U-Net, the standard medical
baseline model, which achieved an mIoU 0f 0.9324 and a DSC
0f 0.9300, HUM-Net improved the mloU and DSC by 2.63%
and 2.82%, respectively. Similarly, the proposed framework
outperformed the highly complex model, DeepLab V2, by
3.97% in precision. However, these statistics only represent
the model's behaviour during the evaluation and do not cover
the learning behaviour of the model. Therefore, an additional
set of graphs is incorporated to provide a deeper understanding
of the learning dynamics with respect to the supplied inputs.
The training progress in terms of the IoU, loss, ROC, and
precision curves is illustrated in Figure 5.

The graphical representations in Figure 5 reflect a stable
learning process, with consistent improvement during the
training periods and high consistency between training and
validation outcomes. Additionally, Figure 6 shows a set of
qualitative samples from the KiTS23 dataset, their ground



truth, the predicted segmentation using

HUM-Net, and the

overlaid visualisation.

Table 2. Performance evaluation of segmentation models on the KiTS23 dataset over five independent runs (mean #+ standard

deviation)

Model mloU DSC Precision Recall HD95
U-Net 0.9324 +0.0042 0.9300 + 0.0049 0.9139 + 0.0049 0.9485 + 0.0048 7.8699 + 0.0049
SEG-Net 0.9227 +£0.0048 0.9191 + 0.0047 0.9088 + 0.0046 0.9296 + 0.0050 8.3122 +0.0048
PSP-Net 0.9267 +0.0049 0.9236 + 0.0050 0.9035 + 0.0049 0.9447 + 0.0051 8.4548 + 0.0044
FCNet 0.8722 +£0.0048 0.8587 = 0.0044 0.8922 + 0.0048 0.8276 +0.0041 11.512 +£0.0049
DeepLab V2 0.9314 +0.0044 0.9288 +0.0052 0.9196 = 0.0044 0.9383 +0.0043 7.9021 + 0.0058
HUM-Net 0.9569 + 0.0040 0.9562 £ 0.0043 0.9561 £+ 0.0047 0.9563 +0.0044 6.3565 +0.0052
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Figure 5. Training performance curves of the proposed HUM-Net model on the KiTS23 dataset

(b)

Figure 6. HUM-Net segmentation results: (a) the original
image, (b) the ground truth, (c) the prediction, and (d) the
overlaid samples

4.1.1 Ablation study

To quantify the contribution of each architectural
component, an ablation study was performed by progressively
replacing each component with a baseline model comprising a

residual convolutional network: (1) baseline with the VSS
bottleneck, (2) baseline with SSAG, (3) baseline with both
VSS and SSAG, and (4) complete HUM-Net with decoder-
side state-space refinement. Further replacement experiments
were conducted by replacing the VSS with a regular
convolutional bottleneck and replacing SSAG with a regular
attention gate, as presented in Table 3. Based on the results,
considering the residual CNN baseline as a reference, VSS
achieved a 0.70% increase in DSC, while SSAG achieved a
larger increase of 1.21% for the same metric. The interactions
of these two components led to an improvement in DSC by
1.96%, while the complete HUM-Net achieved the highest
gain of 2.30%, which confirms its complementary
improvements.

Table 3. Ablation study of the main components of HUM-

Net
Model mloU DSC Precision Recall
Residual (NN 9366 09346 09314 09379
Baseline

Baseline + VSS 0.9445  0.9431 0.9431 0.9457
Baseline + SSAG  0.9437  0.9418 0.9440 0.9397

Baseline + VSS+
SSAG 0.9538 0.9528 0.9519 0.9537
HUM-Net 0.9569 0.9562 0.9561 0.9563

Note: DSC = Dice Score, VSS = Visual State Space, SSAG = State-Space
Attention Gates.
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4.2 Communication channel effects on HUM-Net

segmentation performance

For AWGN, packet loss, JPEG compression, and combined
impairments, the clean channel results were taken as the
reference point.

4.2.1 Effect of the signal-to-noise ratio

Table 4 shows that AWGN substantially affected
segmentation only at very low SNR levels. At 0 dB, the mloU
index decreased by 19.8%, and similarly, the DSC decreased
by 25.5%, indicating severe image distortion during
transmission. Additionally, the boundaries of the regions of
interest were severely affected, as evidenced by a marked
increase in the HD95 metric. This performance degradation at
an SNR of 0 dB can be justified by the fact that the information
power becomes similar to the noise power, indicating
significant distortion of the structure of medical images and
thus reducing the efficiency of semantic segmentation. This
negative effect gradually diminishes once the ratio is increased
to 5 dB, as the segmentation performance improves
significantly. Accordingly, the DSC index deterioration
decreased by 1.18% compared to the baseline, indicating that
the HUM-Net model has the ability to resist moderate noise
levels. Subsequently, the test set was replaced with images
having an SNR of 10 dB, resulting in an increase in
segmentation efficiency to a near-perfect match with baseline
performance. Therefore, an SNR of 10 dB can be considered
the threshold beyond which added noise is insufficient to
affect the semantic features extracted from medical images.

The typical behaviour of HUM-Net under AWGN is shown
in Figure 7. As seen in Figure 7(a), segmentation accuracy
drops steeply between 0 dB and 5 dB Eu/No, then recovers to
baseline by 10 dB and stays approximately flat thereafter. This
transition occurs exactly when the BER in the channel is on
the cliff, as shown in Figure 7(b), which shows the BER
dropping from ~1.3 x 10t at 0 dB to 1.1 x 10* at 10 dB and
is effectively zero for Ey/No > 15 dB. These results can be
compared with some previous works on noise robustness of
medical segmentation. When applying Gaussian noise to chest
X-ray imagery, Jiu et al. [30] concluded that the DSC of
DeepLab, FPN and U-Net was 0.8430, while Deb et al. [31]

reported that the DSC of a conventional U-Net is acceptable
under various noise types when applied to spinal stenosis
imagery. Babaeipour et al. [32] noted that transformer-based
segmentation models maintained high DSC and low HD95
with high noise levels, while conventional CNN models
decreased more significantly. This is consistent with the latter
observation, where the hybrid design is able to recover
completely to baseline at or above Eb/NO = 10 dB, while
maintaining DSC = 0.9449 at Eb/NO = 5 dB. However, there
is a more fundamental question about the measurement of
noise. Previous studies add noise into the image domain,
usually in terms of the variance of the noise; noise levels are
not easily comparable across studies and cannot be matched to
a link budget. The present framework introduces noise at the
waveform level and reports the Eb/NO, thus allowing the
expression of robustness in the same units in which the
communication system is designed. The 10 dB threshold found
in the present context can thus be directly compared with the
operating point of a communication system.

4.2.2 Effect of packet loss

Table 5 indicates that packet loss generated more significant
segmentation degradation than AWGN, as it discarded spatial
contiguous image data and caused the loss of important local
structural information. With a packet-loss ratio of 0.1%, the
mloU index reached 0.9326 compared to a baseline of 0.9569,
showing only a limited reduction in segmentation accuracy.
Similarly, the DSC index decreased by 2.76%, indicating that
the HUM-Net model is capable of maintaining stable
performance at low PL levels. However, increasing PL to
0.2% resulted in a significant drop in the segmentation
performance for the kidney tumor. Specifically, the DSC index
decreased by 7.46% compared to baseline performance, and
this applies to the other metrics as well. The increased
degradation suggests that higher packet loss can affect the
recovery of tumor-related features and reduce the accuracy of
segmentation results. At PL = 0.5%, the situation worsened as
the HD95 coefficient rose negatively to 13.4980, giving the
impression of a clear decrease in boundary prediction and poor
segmentation in general. This result further demonstrates that
severe packet loss has a stronger influence on boundary
localization and overall segmentation quality.

Table 4. Effect of the channel noise on medical image segmentation

Case mloU DSC Spec. Sens/Recall HD95 AUC Precision
No Effect 0.9569 0.9562 0.9989 0.9563 6.3565 0.9994 0.9561
SNR_00 dB 0.7669 0.7116 0.9845 0.8794 52.4025 0.9904 0.5976
SNR _05dB 0.9463 0.9449 0.9983 0.9535 8.4141 0.9992 0.9364
SNR _10dB 0.9569 0.9562 0.9988 0.9564 6.3444 0.9994 0.9560
SNR _15dB 0.9569 0.9562 0.9989 0.9563 6.3568 0.9994 0.9561
SNR _20dB 0.9569 0.9562 0.9989 0.9563 6.3568 0.9994 0.9561
SNR 25dB 0.9569 0.9562 0.9989 0.9563 6.3568 0.9994 0.9561
SNR 30dB 0.9569 0.9562 0.9989 0.9563 6.3565 0.9994 0.9561

Table 5. Effect of packet loss on medical image segmentation

Case mloU DSC Spec. Sens/Recall HD9S AUC Precision
No Effect 0.9569 0.9562 0.9989 0.9563 6.3565 0.9994 0.9561
PL_0010 pct 0.9326 0.9297 0.9990 0.9029 7.8699 0.9984 0.9582
PL_0020 pct 0.8939 0.8848 0.9991 0.8220 10.0093 0.9956 0.9579
PL _0050 pct 0.8035 0.7633 0.9993 0.6347 13.498 0.9849 0.9572
PL_0075 pct 0.7267 0.6370 0.9995 0.4769 16.8585 0.9762 0.9590
PL_01 pct 0.6707 0.5275 0.9995 0.3651 19.5706 0.9642 0.9497
PL_05 pct 0.4921 0.0186 1.0000 0.0094 33.1094 0.8341 0.8778
PL_10pct 0.4874 0.0007 1.0000 0.0004 84.4877 0.7781 0.8468
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Figure 8. HUM-Net vulnerability to Gilbert—Elliott packet loss (4 x 4-pixel blocks)

This decline continued gradually, with the most significant
deterioration occurring particularly at PL with rates of 5% and
10%. At the level of 10%, the DSC score almost disappeared,
reaching 0.0007, and sensitivity became virtually non-
existent, indicating a complete paralysis of the segmentation
system and hindering the detection of target tumor sites.
Figure 8 illustrates the dominant role of packet loss in HUM-
Net's degradation. A smooth, near-linear decrease in DSC is
seen in the range between 0.1% and 1%, with a catastrophic
decrease above 1% as seen in Figure 8(a). The DSC becomes
approximately 0 at 5% and 10% loss, and sensitivity drops
below 0.01, meaning that masks get very close to being empty.
Figure 8(b) depicts the image-domain BER as a function of the
packet-loss rate, and shows a linear behaviour as expected for
the Gilbert—Elliott erasure model, which is a physically
meaningful baseline for the segmentation collapse shown in
Figure 8(a). In particular, packet loss rates of even a few
hundredths of a percent are commonplace in 5G deployments
in the medical field [4] and yield significant degradation,
which is an incentive to develop explicit packet-recovery
mechanisms for wireless medical imaging systems. The level
of packet-loss effect seen here is significant, and should be
compared to previous work. Chuprov et al. [24] concluded that
packet-loss rates between 2-5% on a real wireless X-ray link
reduced deep-learning performance by about 20%, while
Shiranthika et al. [25] found that a split-federated U-Net was
quite resilient against packet loss up to 50%, and segmentation
quality dropped at higher rates. The present study, on the other
hand, shows that the accuracy of segmentation is impaired
even at 0.2% loss rate and rapidly goes to zero above this
value. This seeming paradox is resolved by the fact that loss is
applied at different points in each of the two. In Shiranthika et
al. [25], the losses are incurred just at the splitting location of
a federated network during the transmission of intermediate
feature maps and gradients; since the networks are based on
ReLU activations, the outputs are often 0, the loss value is
replaced by 0 when it is lost, which provides strong intrinsic
tolerance to the model. In the current setup, on the other hand,
loss is applied to the transmitted picture, causing a deleted area
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to lose information that a subsequent computation cannot
recover. The two studies therefore measure two different
phenomena: feature-domain loss during collaborative training,
and image-domain loss during transmission; the latter having
the lower tolerance reported here is expected. The impact is
compounded by two more factors. First, the tasks have
different levels of sensitivity: classification combines all
evidence from the entire image and can cope with corrupted
evidence in local areas, while dense pixel-wise segmentation
must give the correct label at each point, even if the evidence
that is actually present is corrupted at that point. Second, the
loss model employed here is intentionally unconcealed, since
the following are deliberately discontinued: lost regions are
filled with zeros and no interpolation/inpainting is performed;
there is no retransmission so that each loss event corresponds
directly to a loss of image content, spread out among many
small blocks that are likely to overlap the edge of the tumor
that determines the DSC.

The above observations indicate that the tolerance levels
reported in feature-domain loss, classification, or
concealment-equipped pipelines should not be applied to
image-domain segmentation using pipelines without
concealment, and that the operating margins for successful
segmentation over lossy links may be much narrower than
indicated by those studies.

4.2.3 Effect of JPEG compression

The results in Table 6 indicate that the JPEG compression
had only a slight influence on segmentation. At the highest
tested setting, Q = 10, the DSC metric decreased by 0.41% in
the highest compression level.

Similarly, the HD95 value did not increase significantly,
and no noticeable changes were observed in the specificity,
AUC, and precision metrics despite the high compression
level. However, increasing the compression level to 70
resulted in a negligible effect, and the metric values remained
consistent with baseline conditions. This performance stability
can be explained by the fact that changing the compression
level masks high-frequency information, which is less



important in semantic segmentation, a process that relies
primarily on structural patterns and semantic context.

Figure 9 shows that HUM-Net is extremely resistant to
lossy source coding. Note that even at the highest tested JPEG
aggressiveness (Q = 10), DSC is within 0.4% of baseline
(0.9523 vs. 0.9562), as seen in Figure 9(a). The mloU and
sensitivity curves are also flat in all the Q = 10-90 range. The
compression ratio is plotted as a function of Q in Figure 9(b),
increasing from ~10x at Q = 90 to >56x at Q = 10. The
addition of stable segmentation accuracy and high bandwidth
reduction indicates that HUM-Net can be used without
retraining or specialised preprocessing for aggressive JPEG
compression to reduce the transmission load in wireless
medical imaging. These results can be compared with those of
previous compression results. Chen et al. [27] reported that
digital-pathology images could be compressed by 85% while
retaining about 95% of downstream deep-learning

performance, and Neena and Anil Kumar [29] reported that
classification accuracy in MRI was preserved at a 6:1 ratio, but
dropped significantly at a 25:1 ratio. El Khoury et al. [28]
reported promising results for a 2D U-Net on pelvic CT with
a DSC of 0.7 at 50% compression. The present results add to
this picture: at Q = 10 (or compression ratio = 56:1), HUM-
Net still has a DSC of 0.9523 compared to a baseline of
0.9562, a 0.4% reduction. The tolerance that was observed
here is therefore much higher than the previously reported
tolerances. A possible reason could be that JPEG quantization
sorts out the high-frequency details, while low-frequency
intensity variations are more important for delineating the
large, high-contrast kidney and tumor regions targeted in this
study. Tasks requiring fine texture, like the histopathology and
classification tasks noted in the above studies, would be
expected to deteriorate earlier, and this is consistent with the
lower thresholds reported in these studies.

Table 6. Effect of compression on medical image segmentation

Case mloU DSC Spec. Sens/Recall HD95 AUC Precision
JPEG 10 0.9532 0.9523 0.9988 0.9512 7.2151 0.9994 0.9534
JPEG 20 0.9566 0.9559 0.9988 0.9567 6.5727 0.9994 0.9550
JPEG 30 0.9567 0.956 0.9988 0.9574 6.4154 0.9994 0.9547
JPEG 50 0.9569 0.9562 0.9988 0.9565 6.3557 0.9994 0.9559
JPEG 70 0.9568 0.9561 0.9988 0.9565 6.2533 0.9994 0.9557
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Figure 9. HUM-Net robustness to JPEG compression
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Table 7. Combined effect of packet loss and channel noise (AWGN) on medical image segmentation.

Case mloU DSC Spec. Sens/Recall HD95 AUC Precision
Combined PL 0020bp SNR 05dB 0.8976 0.8893 0.9987 0.8395 10.5129 0.9940 0.9454
Combined PL_0020bp SNR_10dB 0.8961 0.8874 0.9990 0.8271 9.81740 0.9955 0.9572
Combined PL_0050bp SNR_05dB 0.7864 0.7373 0.9990 0.6055 14.7890 0.9733 0.9425
Combined PL 0050bp SNR 10dB 0.7965 0.7528 0.9993 0.6209 14.2927 0.9861 0.9559

4.2.4 The combined effect of PL and signal-to-noise ratios

Table 7 compares the combined effects of packet loss and
AWGN. At PL = 0.2% and SNR = 5 dB, mloU and DSC
decreased to 0.8976 and 0.8893, respectively, while the HD95
metric increased to 10.5129. Notably, these values are
essentially identical to the PL = 0.2% standalone case (DSC =
0.8848), indicating that packet loss, and not the added 5 dB
channel noise, is the dominant impairment in this regime.
Similarly, increasing the SNR level from 5 to 10 dB while
keeping the PL level constant resulted in only a slight change
(DSC = 0.8874), confirming that once a non-trivial PL rate is
present, additional channel-noise mitigation yields
diminishing returns. In the same manner, the test set was
evaluated using the proposed model with a PL of 0.5% and an
SNR of 5 dB. This combination resulted in a sharp decline in
performance, with the DSC score dropping by 22.8%
compared to the baseline and the sensitivity decreasing to
0.6055, indicating an inaccurate prediction of the anatomical
structures in the kidney images. Importantly, this DSC
(0.7373) again tracks the PL = 0.5% standalone value (0.7633)
far more closely than the SNR = 5 dB standalone value
(0.9449), reinforcing the dominance of packet loss over
channel noise under combined stress.

Finally, the SNR was increased to 10 dB while maintaining
the PL level at 0.5%. This scenario yielded a slight
improvement compared to the previous case, where HD95
decreased from 14.7890 to 14.2927. In both cases, the
segmentation quality remained low compared to the baseline
situation. In summary, the combined effect does not amplify
the impact of either impairment beyond what is observed in
isolation. Instead, the resulting DSC scores track the packet-
loss-only curve much more closely than the noise-only curve
(a £2.6% DSC difference across all four combined
conditions), establishing packet loss as the dominant
degradation factor under realistic combined transmission
stress. This highlights the critical need for reliable packet-
recovery mechanisms in terms of channel coding,
retransmission, or  application-layer interleaving in
communication-based medical imaging systems. The
hierarchy of dominance is quantified in Figure 10. The three
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left-most bars (PL alone, PL + 5 dB AWGN, PL + 10 dB
AWGN) are almost identical, while the right-most bar (5 dB
AWGN alone) is significantly higher. Similarly, it is the case
that channel-side noise mitigation is not sufficient to achieve
HUM-Net's baseline performance unless packet erasures are
first solved. It is the main practical result of the wireless-
robustness study.

4.2.5 Baseline comparison under channel degradation

Figure 11 compares HUM-Net and U-Net with the same
degraded images to see if the observed hierarchy of
impairments is architecture-specific. The results demonstrate
the same pattern of impairments for both models. For AWGN
noise (Figure 11(a)), both recover from a low-SNR minimum
to a high-SNR plateau and show a sharp transition at about 5
dB for both. In both cases, both fall off smoothly into the sub-
percent domain and are close to zero when packet loss is larger
than 1% (Figure 11(b)). With JPEG compression (Figure
11(c)), both are near their clean baselines over the range of
quality. Thus, the ordering of the severity of the impairment is
reproduced by U-Net, which indicates that it is a property of
the wireless channel and segmentation problem, but not of the
HUM-Net architecture.

Meanwhile, HUM-Net maintains its consistent performance
gain over U-Net at all the conditions explored. The advantage
is at its minimum when the stress applied to both models is
minimal, in the noise plateau and throughout the compression
range, where both models are operating near baseline (the
DSC margin of ~0.011 and ~0.026 respectively), but the
advantage is largest under the most severe stress: at 0 dB, the
margin between HUM-Net and U-Net is 0.112 DSC, and at the
onset of packet loss, the difference is 0.080 DSC. This means
that the hybrid state-space design is optimal in the most
degraded channel, the place where robustness is most needed,
and neither of the designs is immune to the fundamental
problem of packet loss. The implication that follows in the
next subsections, which is that packet-loss recovery should be
a design priority, does not restrict the segmentation model to
the architecture proposed here but is, rather, a general one for
any system.

,,,,,,,,,,,,,,,,,,,,, 0.9449 _ _ _ _ _ _ Baseline

=0.9562
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Figure 10. Combined-stress dominance: grouped comparison of Dice Score (DSC) at PL = 0.2% and PL = 0.5%, each evaluated
alone, combined with 5 dB AWGN, combined with 10 dB AWGN, and compared against 5 dB AWGN alone (reference)
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(a) AWGN channel noise
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Figure 11. Baseline comparison of HUM-Net and U-Net under channel degradation: (a) AWGN channel noise, (b) Gilbert—
Elliott packet loss, and (c) JPEG compression. Both models follow the same impairment hierarchy, while HUM-Net retains a
consistent advantage across all conditions

4.3 Cross-domain quality analysis

For every condition, a physical-layer metric (PSNR, SSIM,
or BER) was paired with the HUM-Net DSC to see if
conventional channel-quality measures can predict the
segmentation accuracy. The channel quality-segmentation
accuracy relationship is strongly dependent on the impairment
type, as illustrated in Figure 12. As can be seen in panel (a),
even as PSNR decreases to 26 dB, DSC is retained at 0.95. At
the same PSNR, however, noise produces a steep DSC drop
(panel b), whereas packet loss in panel (c) yields a markedly
different DSC, confirming that identical PSNR values map to
very different segmentation outcomes depending on the
impairment type. The lesson learned is that channel-quality
metrics need to be combined with impairment-type
information to predict the outcomes of segmentation, which is
beyond PSNR.
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The most direct relationship between physical-layer error
rates and segmentation outcomes is available in Figure 13. For
AWGN (panel a), DSC recovers to baseline as the channel
BER falls from 1.3 x 107! to 1 x 10™%, as expected from the
textbook QPSK curve. But under packet loss (panel b), the
same BER range corresponds to a much larger DSC range,
ranging from 0.93 to almost zero, which shows that BER alone
is not sufficient to determine the quality of segmentation.
These curves can be directly linked from achieved channel
BER to expected segmentation accuracy and provide an initial
quantitative reference for the choice of modulation, coding and
packet-recovery schemes in wireless medical imaging links,
subject to validation on deployed links.

The correlation between the metrics collected on the
channel side and the accuracy of the segmentation has not been
described before, to the best of our knowledge. The medical-
imaging studies presented in Section 2 report task performance
under individual impairments; in earlier work, it was shown
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that image-quality degradation impacts the performance of
deep classifiers; however, none of these studies correlate
measures of physical-layer impairments, like bit error rate, or
reconstruction impairments, like PSNR and SSIM, with the
quality of segmentation downstream. The present results show
that PSNR, SSIM and BER are not reliable measures of
segmentation reliability, because the same channel-side value
can correspond to very different DSC depending on the type
of impairment, most strikingly between compression and
erasure, which yield similar PSNR or SSIM yet very different
segmentation quality. This also suggests that there is a need
for segmentation-aware quality-of-service indicators, as
discussed in Section 5. Figure 14 summarises the wireless-
robustness study in a single visual. The Figure is the main
message of this work: Design effort should focus on packet-
loss recovery rather than compression mitigation or channel-
noise reduction, both of which HUM-Net tolerates across the
ranges examined.

DSC = 0.0007 (A = 0.9555)

1 1

Figure 14. Hierarchy of wireless impairments
Note: Worst-case Dice Score (DSC) drop from baseline (A = 0.9562 — DSC observed) for each impairment category, sorted from least to most damaging.

4.4 Assumptions and limitations

The framework is an abstraction of a deployed wireless link;
the boundaries of the framework should be explicitly stated.
The channel is assumed to be AWGN and thus does not
consider multipath fading, Doppler, and shadowing. No
coding, no forward error correction or hybrid ARQ and
retransmission, and no adaptive modulation and coding are
used. Co-channel interference, scheduling and handover
dynamics are not considered; it is a single-user link. Apart
from the compensation for the cascaded filter group delay, this
is idealised synchronisation without any induction of carrier
frequency offset, carrier phase noise and timing jitter. The
transport and application protocol stack is not modelled, nor is
latency. Finally, the packet loss and noise processes are
independent processes, compared to a real link where they are
both influenced by the same channel state. The nature of these
simplifications varies. The degradation reported does not
account for the protection provided by channel coding and
retransmission, and would be significantly lower in a coded
system at a given raw SNR. If fading is not included, on the
other hand, it is optimistic as compared to a mobile channel
with deep fades. The framework is therefore designed to be
applied to a segmentation model, with controlled and
repeatable impairments, and is not designed to predict the end-
to-end performance of a specific deployed network. The
evaluation was simulation-only, as no measurement was taken
on real communication devices and end-to-end latency, one of
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the key factors in interactive telemedicine, was not modelled.
The cost of inference was not profiled on the edge or
embedded hardware that would be wused with such
deployments. Lastly, segmentation accuracy was compared
with reference annotations on a single public dataset, and
clinical validation was not performed; whether the observed
accuracy decreases lead to a diagnostic error, and what
constitutes an acceptable threshold, remains to be determined
and would require reader studies with clinical endpoints.
These results should thus be interpreted as describing the
inherent sensitivity of a segmentation model to common
channel impairments, and as an impetus for deployment-level
and clinical testing rather than a replacement for such testing.
A natural extension is to incorporate a full JPEG2000
codestream packetization layer with DICOM transport syntax
and standardised error concealment, which would refine the
present conservative bounds into codec-specific operating
curves.

5. CONCLUSION

In this work, we proposed HUM-Net, a lightweight U-
Mamba segmentation architecture, and a physically grounded
end-to-end simulation framework for robust assessment of
deep medical image segmentation under realistic wireless
channel impairments. The proposed architecture, along with
the proposed evaluation framework, together offer a consistent



way of assessing not only the performance of a segmentation
model with clean data, but also its performance degradation
with the same data received via a JPEG-encoded and noisy
wireless link that is lossy. On the KiTS23 test set with 1,258
slices, the baseline performance of HUM-Net was: DSC
coefficient of 0.9562, HD95 of 6.36, and mloU of 0.9569,
which were better than the U-Net baseline, SEG-Net baseline,
FCNet baseline, PSP-Net baseline, and DeepLab V2 baseline.
The wireless-robustness study showed that across 24 different
channel conditions covering over 30,000 degraded images,
there is a definite order of impairments from worst to best. The
DSC score for HUM-Net was not noticeably affected by lossy
JPEG compression, even at a value of Q = 10 (compression
ratio 56x). Channels with noise levels above 10 dB Eb/No were
completely recoverable, while for high noise levels (around 0
dB Eb/No), the DSC went down to 0.7116 with a sharp
transition around 5 dB. In contrast, the most disruptive
impairment was packet loss, and as packet loss increased, the
DSC dropped to 0.8848 at 0.2%, and dropped close to zero
when the packet loss rate was above 1% segmentation
accuracy. For the combined-stress block, packet loss always
dominated channel noise; the combined DSC scores followed
the packet-loss-only curve much more closely than the noise-
only curve, and the interaction between the two impairments
was only mild (£2.6% DSC). Importantly, the cross-domain
analysis also revealed that traditional metrics of channel
quality (PSNR, SSIM, and BER) are not good indicators of the
segmentation accuracy: packet loss in particular results in
significant segmentation collapse at PSNR and SSIM values
that would be considered acceptable. These findings
collectively suggest design priorities for wireless medical
imaging systems. The results suggest that HUM-Net may
tolerate modest link margins and aggressive bandwidth
reduction without retraining or specialized pre-processing for
lossy compression and moderate channel noise. However,
channel coding, retransmission, or application-layer
interleaving are indicated as countermeasures warranting
investigation, even at rates of packet loss that are relatively
small, say in the sub-percent range. The results highlight the
need for further research into segmentation-aware quality-of-
service metrics to reflect the operational effect of physical-
layer impairments on downstream clinical activities in future
work.
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