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Abstract—Automotive radar is attractive for perception in
adverse weather and lighting conditions, but semantic seg-
mentation on radar maps is still difficult. Objects in radar
heatmaps are sparse and noisy, appearing as extended blobs
or streaks rather than neat contours. Most existing CNN and
transformer backbones treat these maps like ordinary images
and rely on local filters or pairwise attention, which makes it
hard to capture the larger echo patterns that define objects.
We propose HyperEcho, a backbone that is tailored to radar
feature maps. Instead of reasoning only over individual pixels,
HyperEcho builds a simple hypergraph on top of the feature
map: it learns a few groups of positions along the range and
angle/Doppler axes that each capture an echo pattern, runs a
lightweight attention mechanism over these groups, and then
propagates the result back to the underlying pixels. This axial
hypergraph backbone can be used on its own or combined with
a lightweight contrastive loss that encourages consistent features
across radar views. On the CARRADA benchmark, HyperEcho
consistently improves semantic segmentation over strong CNN
and transformer baselines. Our best variant sets a new state of
the art on both Range-Doppler and Range—-Angle segmentation,
achieving 62.4% mloU on RD and 45.1% mloU on RA, showing
that explicitly modelling higher-order echo structure is beneficial
for radar scene understanding.

Index Terms—mmWave Radar, Semantic Segmentation, Auto-
motive, Hypergraphs

I. INTRODUCTION

Automotive radar has become an essential sensing modality
for perception in autonomous systems due to its robustness
to adverse weather, low cost, and ability to measure both
range and velocity [13], [8]. Recent radar—vision datasets [12],
[14] have enabled learning-based approaches for dense scene
understanding, including semantic segmentation [5], [3], [11],
[18], [2]. Despite this progress, radar segmentation remains
challenging: echoes are extremely sparse and noisy, object
signatures appear as fragmented structures spread across range,
angle, and Doppler, and the same object may give rise to
multiple disconnected reflections due to multipath, partial
visibility, or angular resolution limits.

Most existing radar segmentation networks handle these
difficulties using either local convolutional operators [5], [3]
or pairwise attention mechanisms [2]. While effective to a
degree, these architectures fundamentally model interactions
between individual pixels. This limits their ability to capture
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Fig. 1. Radar echoes from a single object often appear as multiple spatially
distant peaks in the range—angle map. Hypergraph aggregation groups these
scattered reflections into a single latent hyperedge (blue region marked with
‘car’), allowing the model to reason about them jointly rather than through
local or pairwise interactions only. This higher—order structure helps the
network form a coherent car mask despite the fragmented appearance of radar
measurements.

the higher—order echo patterns that are typical in radar: a
car may produce several spatially separate reflections in a
range—angle map, yet these reflections belong to the same
underlying object and should be processed jointly. Pairwise
operations struggle to associate such groups without many
layers, large receptive fields, or heavy computation.

In this work, we argue that radar perception benefits from
modelling groups of related positions directly. Hypergraphs
provide exactly this capability: a hyperedge can connect an
arbitrary set of spatial positions that together form an echo
pattern, enabling a single operation to aggregate and reason
over them jointly. This form of higher—order interaction is a
natural fit for the anisotropic and structured nature of radar
returns.



We therefore introduce HyperEcho, a new backbone for
radar semantic segmentation that performs learned hypergraph
aggregation along the physical axes of radar feature maps
(range and angle/Doppler). As shown in Figure 1, instead of
operating only on individual pixels, HyperEcho learns latent
hyperedges that capture coherent echo patterns and passes
messages through these higher—order units. This enables long-
range reasoning with far fewer layers than standard 2D convo-
lutions or pairwise attention, while respecting the directional
geometry of radar.

HyperEcho can be inserted into existing radar architectures
with minimal change and further benefits from a lightweight
multi-view contrastive regularizer that encourages consistency
across radar modalities. Across both RD and RA views on
CARRADA dataset, HyperEcho achieves state-of-the-art or
competitive performance, particularly on small and fragmented
foreground classes. In this work, we make the following
contributions:

o We introduce a radar-specific hypergraph backbone that
performs learned higher—order aggregation along range
and angle/Doppler axes, enabling compact modelling of
extended and fragmented echo patterns.

o We propose a multi-view contrastive regularizer that im-
proves feature consistency across radar modalities with-
out requiring additional sensors.

o We achieve state-of-the-art performance on CARRADA
and provide the first demonstration that hypergraph mes-
sage passing is effective for dense radar perception tasks.

II. RELATED WORKS

Recent radar—perception methods have mainly extended
image-based architectures to radar maps. TMVA-Net [11] is a
multi—view encoder—decoder built entirely from convolutional
layers and provides a strong baseline on RD and RA views.
RAMP-CNN [3] repurposes a 3D CNN originally designed for
RAD tensors, while T-RODNet [4] uses Swin Transformers [6]
but operates only on RA inputs. PeakConv [18] focuses the
receptive field around local signal peaks to better exploit
sparsity, at the cost of increased parameter count. In parallel,
sparse attention mechanisms such as ReLA [17] learn to
concentrate attention on informative locations or point sets.
These approaches improve robustness on noisy, sparse radar
data, but they still model interactions largely at the level
of individual pixels or pairs of pixels, rather than explicitly
capturing higher—order echo patterns, which is the focus of
our hypergraph formulation.

TransRadar [2] is the closest to our work. It introduces
an adaptive directional transformer for radar semantic seg-
mentation. HyperEcho follows the general multi-view en-
coder—fusion—decoder design of TransRadar , including axis-
aligned directional processing and multi-view supervision,
but replaces the Adaptive Directional Attention block with
a hypergraph aggregation backbone and augments it with a
contrastive projection head for view-consistent representations.
Empirically, this higher—order, hypergraph—based design yields

stronger performance, especially on small foreground classes
and on the more challenging RA view.

III. RADAR SEMANTIC SEGMENTATION

Automotive FMCW radar provides, at every time step,
several two—dimensional range—parameter maps (such as
range—Doppler or range—angle). Semantic segmentation in this
setting requires predicting, for each output view, a semantic
label for every pixel of the radar map. Given a sequence of
recent frames, the task is to infer the spatial layout of objects
directly from radar measurements, despite their sparsity, noise,
and anisotropy.

Formally, let X" € R¥*W denote the v-th radar view (e.g.
RD or RA) at time ¢, with v € {1,...,V}. We write

XOV = (X},

for the collection of all views at that time step, and use X"
when the explicit time index is not important. Given X V. the
goal of radar semantic segmentation is to assign a semantic
label to every pixel of each output view, using only the radar
measurements. Next, we introduce the necessary hypergraph
background, as it forms the basis of our approach to radar
semantic segmentation.

A. Hypergraph Background

Automotive radar measurements are sparse and highly struc-
tured: a single physical object often produces several reflec-
tions that are spread over non-adjacent pixels in range—angle
or range-Doppler space. For example, a car may generate
multiple bright returns at different angles and ranges due to
its metallic corners and curved surfaces. These reflections are
spatially distant on the radar grid, yet they arise from the
same object and should ideally be processed jointly. Figure 1
illustrates this effect: several separated peaks in the radar map
belong to the same car and should be grouped together before
downstream classification or segmentation.

a) Limitations of common alternatives.: Standard 2D
convolutions struggle with this behaviour because they aggre-
gate information only through small local windows; relating
distant but correlated peaks requires many stacked layers and
large receptive fields, which is computationally inefficient for
high-resolution radar maps. Transformers [4] alleviate this by
allowing pairwise interactions across the entire image, but they
do so through attention between individual pixels. Pairwise
attention is powerful but not object-centric: it cannot jointly
model a set of related reflections as a single unit, and its
quadratic cost in the number of pixels is prohibitive on dense
feature maps.

Graph-based models [16] provide another alternative, but
graphs still connect pairs of nodes and therefore encode
only binary relations. Radar echoes, however, often form
multi-point patterns—elongated streaks, curved contours, or
compact clusters—whose joint structure cannot be captured
by edge-based interactions alone.
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Fig. 2. HyperEcho architecture. Multi-view radar inputs (e.g., range-Doppler, range—angle, Doppler—angle) are encoded separately and their feature maps
are concatenated into a fused latent representation. This fused tensor is processed by a shared Hypergraph Attention backbone that captures higher-order echo
patterns; two augmented versions of the fused features are used to compute a contrastive 108S Lcongrastive- The backbone output is decoded into RD and RA
segmentation maps with lightweight decoders, trained using per-view segmentation losses Lseg and a multi-view consistency 10ss Lylti-view, as illustrated for

an example frame containing a car and a cyclist.

b) Motivation for hypergraphs.: Hypergraphs [19] gen-
eralise graphs by allowing a single hyperedge to connect
an arbitrary subset of positions. This enables the model to
treat an entire echo pattern—even when discontinuous or
spatially scattered—as a coherent higher-order entity. In the
radar setting, this is precisely what is needed: the reflections
marked in Figure 1 can be grouped under one hyperedge,
allowing information to flow between them as a single unit
before being returned to their original spatial locations.

¢) Minimal formalism used in later sections.: A hyper-
graph is defined as H = (V,&), where V = {1,...,T}
is a set of nodes (here: radar positions along an axis) and
& ={e1,...,en} is a set of hyperedges, each connecting an
arbitrary subset of nodes. We represent the connectivity using
an incidence matrix H € {0,1}7*™  where H,,, = 1 if node
1 belongs to hyperedge e,.

Given node features X € R7XC, a hypergraph message-
passing step aggregates information from nodes to hyperedges
and broadcasts it back:

E=H"X, X' =X+ H¢E), (1)

where E € RM*C are hyperedge features and ¢ is a learnable
transformation. This pattern captures higher-order interactions:
a hyperedge collects information from all its nodes, processes
them jointly, and returns a coordinated update to those same
positions.

In Section III-B we instantiate this mechanism directly on
radar feature maps. Instead of hand-constructed hyperedges,
HyperEcho learns a soft incidence matrix that groups positions
along range and angle/Doppler axes into latent hyperedges cor-
responding to coherent echo patterns. The forward—backward
structure in (1) is reused verbatim in the backbone, enabling
long-range aggregation through a small number of data-driven
hyperedges while preserving the original spatial layout.

B. HyperEcho Architecture

The design of HyperEcho is guided by the structure of
automotive radar data and the requirements of semantic seg-
mentation. Radar maps are extremely sparse and noisy, yet
objects appear as coherent echo patterns that extend along
physically meaningful axes (range, angle, Doppler). A good
backbone must therefore (i) extract robust low-level fea-



tures from each radar view, (ii) connect distant but related
echoes along these axes, and (iii) remain efficient enough
for real-time use. HyperEcho addresses these points with
three components: a multi—-view encoder and fusion stage, an
axial hypergraph backbone that implements the higher—order
updates from Section III-A, and lightweight decoders with
radar—aware training losses.

a) Multi-View Encoder and Fusion.: We start from the
per—acquisition radar views {X,}"_; defined in the problem
formulation (e.g. RD and RA). The goal of the encoder
stage is not to perform long-range reasoning, but to denoise
and compress each view into a common latent grid where
subsequent hypergraph operations can act.

For each view v we use a compact convolutional encoder
E, producing a feature map F,, = F,(X,) at a reduced spatial
resolution. We deliberately avoid heavy backbones (e.g. large
ResNets or full vision transformers), which would dominate
the computation and make it difficult to attribute improvements
to the hypergraph reasoning itself. A separate encoder per view
allows the network to adapt to view—specific artifacts (e.g.
sidelobes in RD vs. RA) without entangling them prematurely.

The encoded views are then fused by channel-wise con-
catenation, yielding a single latent tensor F' aligned in range
and angle (or range and Doppler). We chose concatenation
over additive fusion or early cross—attention so that each view
retains its own feature subspace while still sharing a common
spatial grid.

b) Axial Hypergraph Backbone.: Once the multi—view
features are fused, the main challenge is to link scattered
echoes into coherent object hypotheses. Standard 2D convo-
Iutions can only do this gradually, via many layers and large
receptive fields, while full image—level transformers are too
expensive for high-resolution radar maps. Moreover, neither
is tailored to the fact that echoes tend to organise along range
and angle/Doppler axes rather than isotropically.

To exploit this structure, HyperEcho employs a stack of
L axial hypergraph blocks. Each block applies the message—
passing pattern of Equation (1) along one spatial axis at a time.
Intuitively, we treat each row or column of the fused feature
map as a one—dimensional sequence of nodes, let the model
discover a small number of latent hyperedges that capture echo
patterns along that axis, and then send messages back from
those hyperedges to the original positions.

Axial view. Rather than building a hypergraph over the
full Hy x Wy grid, we construct simpler one—dimensional
hypergraphs. Inspired by TransRadar [2], we operate along
the physical axes. Let F' € REXCxHaxWa denote the fused
feature map, where B is the batch size, C' the number of
channels, and H;, W, the downsampled spatial dimensions.
For the range axis, we reinterpret each column of F' as a se-
quence of T' = Hy nodes with C—dimensional features; for the
angle/Doppler axis, we do the same with each row (T' = Wy).
This is implemented by permuting and reshaping F' so that
the last two dimensions are “position along the chosen axis”
and “feature channel”, matching the node representation in

Section III-A. This axial construction is a compromise between
full 2D hypergraphs (too expensive) and standard axial self-
attention (which still only models pairwise interactions).

Hyperedge interactions and scattering. For each 1D node
sequence obtained from the fused feature map F' along a
range or angle/Doppler axis we write Fj;, € R7*C for the
corresponding T positions with C'-dimensional features. Using
the learned incidence matrix H € RT*M | we first aggregate
node features into M latent hyperedges

E= HTFaxis» (2)

and process these hyperedge features with a lightweight trans-
former block: multi-head self—attention across hyperedges,
followed by a feed—forward network, yields updated features
E. We then scatter the result back to the node sequence via
the same incidence matrix,

AF‘axis = HE7 (3)
and add it with a gated residual connection Fatis = Fls +
v (AFyis), where 1) is a linear projection and ~y is a scalar
gate initialised to zero. Thus each block behaves as an identity
at the start of training and only gradually introduces higher—
order interactions, which stabilises optimisation and prevents
the hypergraph machinery from overriding reliable low—level
cues too early.

The same procedure is applied to 1D sequences along both
spatial axes inside each block

c) Decoders and Training Objective.: Starting from the
shared latent map F™* produced by the axial hypergraph
backbone, we attach a small decoder D,, for each output view
v € Vour. Each decoder simply upsamples F™* back to the radar
resolution obtain semantic logits S, = D, (F*) as required in
the problem formulation. We deliberately keep the decoders
lightweight so that most of the capacity is concentrated in the
shared backbone.

Training uses a composite loss tailored to radar segmen-
tation. A standard per-pixel segmentation loss (cross-entropy
or Dice [9]) is complemented by (i) a foreground/background
term to counteract the extreme sparsity and class imbalance
of radar returns, and (ii) a multi-view consistency term that
encourages RD and RA predictions to agree along their shared
range axis. These components encourage features that are both
pixel-wise discriminative and geometrically consistent across
views.

For the variants that use contrastive regularisation, we add
a lightweight projection head on top of the backbone features
that compresses each radar view into a single embedding per
sample. During training, we apply an InfoNCE contrastive loss
[10]: embeddings from different radar views of the same scene
are treated as positives, while embeddings from other scenes in
the mini—batch act as negatives, encouraging features that are
consistent across radar modalities yet well separated between
scenes.



TABLE I
SEMANTIC SEGMENTATION PERFORMANCE ON THE TEST SPLIT OF THE CARRADA DATASET, SHOWN FOR THE RD (RANGE-DOPPLER) AND RA
(RANGE-ANGLE) VIEWS. COLUMNS FROM LEFT TO RIGHT ARE THE VIEW (RD/RA), THE NAME OF THE METHOD, THE NUMBER OF PARAMETERS IN
MILLIONS, THE INTERSECTION-OVER-UNION (I0U) SCORE OF THE FOUR DIFFERENT CLASSES WITH THEIR MEAN, AND THE DICE SCORE FOR THE SAME

CLASSES.
View Method IoU (%) Dice (%)

Bkg. Ped. Cycl. Car mloU | Bkg. Ped. Cycl. Car mDice

FCN-8s [7] 99.7 47.7 18.7 52.9 54.7 99.8 64.8 16.5 26.9 66.3

U-Net [15] 99.7 51.1 334 37.7 554 99.8 67.5 50.0 54.7 68.0
DeepLabv3+ [1]  99.7 43.2 11.2 49.2 50.8 99.9 60.3 20.2 66.0 61.6
RSS-Net [5] 99.3 0.1 4.1 25.0 32.1 99.7 0.2 7.9 40.0 36.9

RD RAMP-CNN [3]  99.7 48.8 232 54.7 56.6 99.9 65.6 37.7 70.8 68.5
MVNet [11] 98.0 0.0 3.8 14.1 29.0 99.0 0.0 7.3 24.8 32.8
TMVA-Net [11] 99.7 52.6 29.0 534 58.7 99.8 68.9 45.0 69.6 70.9
PeakConv [18] - - - - 60.7 - - - - 72.5
TransRadar [2] 99.7  56.68 3022 61.71 62.09 99.8 7235 4641 7632 7343
HyperEchoyg 99.7 5526 20.76 57.87 584 99.8  71.18 3438 7331 69.68
HyperEcho¢y, 99.7 577 3136 5766 61.6 99.8  73.16 47775 73.14 7348
HyperEcho 99.7 6033 31.86 577 62.42 99.8 7526 4832 7321 74.16

FCN-8s [7] 99.8 14.8 0.0 233 34.5 99.9 25.8 0.0 37.8 40.9

U-Net [15] 99.8 224 8.8 0.0 32.8 99.9 25.8 0.0 37.8 40.9
DeepLabv3+ [1]  99.9 34 59 21.8 32.7 99.9 6.5 11.1 35.7 383
RSS-Net [5] 99.5 7.3 5.6 15.8 32.1 99.8 13.7 10.5 274 37.8

RA RAMP-CNN [3]  99.8 1.7 2.6 7.2 27.9 99.9 34 5.1 13.5 30.5
MVNet [11] 98.8 0.1 1.1 6.2 26.8 99.0 0.0 7.3 24.8 28.5
TMVA-Net [11] 99.8 26.0 8.6 30.7 41.3 99.9 41.3 15.9 47.0 51.0
PeakConv [18] - - - - 42.9 - - - - 53.3
TransRadar [2] 99.86 29.88 650 3528 4288 | 9990 46.01 1220 52.16  52.58
HyperEchoyg 99.86 31.26 10.55 38.74 4510 | 9934 47.63 19.09 5585  55.62
HyperEcho, 99.86 2292  8.11 30.37 4032 | 9993 3729 1501 4659  49.70
HyperEcho 99.86 26.12 1196 3125 4230 | 9993 4143 2323 47.62 5250

IV. EXPERIMENTAL EVALUATION

A. Dataset, Metrics, and Model Variants

a) Dataset.: We evaluate HyperEcho on the CARRADA
dataset [11], which contains synchronized FMCW radar and
camera recordings from a roadside automotive scenario. Fol-
lowing the standard protocol, we consider the RD (range—
Doppler) and RA (range—angle) radar views and predict dense
semantic labels for four classes: background, pedestrian, cy-
clist, and car. All methods are trained on the official training
split and evaluated on the test split, using only radar inputs at
test time.

b) Metrics.: Performance is reported using class-wise
intersection-over-union (IoU) and Dice scores for each of
the four classes, together with their mean values (mloU and
mDice). IoU measures the overlap between predicted and
ground-truth regions and is particularly sensitive to false
positives, while Dice emphasises overlap for small objects
and is more forgiving to boundary noise. Both metrics are
computed per class on RD and RA views separately, and
then averaged over the foreground classes to obtain mloU and
mDice shown in Table 1.

c) HyperEcho variants.: To disentangle the contributions
of the hypergraph backbone and the contrastive objective, we
evaluate three flavours of our model. HyperEchoy replaces
the TransRadar attention blocks with the axial hypergraph
backbone described in Section III-B, but is trained only
with the segmentation and multi-view consistency losses.
HyperEcho. keeps a lightweight directional backbone (Sec-
tion III-B) and augments it with the projection head g4 and
an InfoNCE contrastive loss applied to embeddings from two
stochastic views of the same radar sample; no hypergraph
reasoning is used in this variant. Finally, HyperEcho combines
both components: the axial hypergraph backbone is regularised
by the same contrastive objective, yielding the full model
reported as HyperEcho in Table 1.

B. Results on CARRADA

Table I summarises semantic segmentation performance on
the CARRADA test split. On the RD view, generic CNN
baselines (FCN-8s, U-Net, DeepLabv3+) achieve high back-
ground IoU but struggle on pedestrians and cyclists, while
radar-specific architectures (RSS-Net, RAMP-CNN, MVNet,
TMVA-Net, PeakConv) close part of this gap. TransRadar



further improves foreground performance and sets a strong
reference, particularly for cars.

Our HyperEcho variants match or surpass this refer-
ence while keeping a similar parameter budget. On RD,
HyperEchoy already reaches 58.4mloU and 69.68 mDice,
demonstrating that replacing pairwise attention by axial hyper-
graph aggregation is competitive on its own. HyperEcho; im-
proves rare classes, especially cyclist, and achieves 61.6 mloU
and 73.48 mDice, indicating that aligning embeddings from
different views of the same radar sample helps stabilise the
learned features. The full model HyperEcho attains the best
overall RD scores with 62.42 mloU and 74.16 mDice, slightly
outperforming TransRadar (62.09 mloU, 73.43 mDice). The
largest gains are on pedestrians and cyclists, indicating that
the combination of hypergraph reasoning and contrastive reg-
ularisation helps the network better separate small, structured
foreground echoes from background clutter.

On the RA view, which is substantially more challenging,
the benefits of the hypergraph backbone are even clearer.
HyperEchoy achieves 45.10mloU and 55.62 mDice, improv-
ing over TransRadar by +2.22mloU and +3.04 mDice and
yielding the best RA performance among all methods. It
consistently boosts all foreground classes, with noticeable
gains for pedestrians and cars. In contrast, HyperEcho., alone
underperforms on RA, suggesting that contrastive supervision
without higher-order aggregation is insufficient in this very
sparse, elongated representation. The full HyperEcho model
recovers part of this gap and achieves the best cyclist Dice, but
the strongest RA performance is obtained when the hypergraph
backbone is present.

Overall, these results show that axial hypergraph aggrega-
tion is the primary driver of accuracy gains, particularly on the
harder RA view and on small foreground classes, while the
contrastive objective provides complementary regularisation
that is most beneficial on the RD view.

C. Computational Cost and Runtime

We compare the computational footprint of our method
against TransRadar in terms of FLOPs, inference throughput
(FPS), and peak GPU memory usage. The results in Table II
indicate that our approach achieves slightly lower GFLOPs
and GPU memory while improving FPS.

TABLE 11
COMPUTATIONAL FOOTPRINT. LOWER GFLOPS AND GPU MEMORY ARE
BETTER; HIGHER FPS IS BETTER.

Model GFLOPs FPS GPU Memory (GBs)
TransRadar [2] 1138.57 9.6 3.25
HypeEcho 1132.13 10.55 3.18

V. CONCLUSION

HyperEcho introduces axis-aligned hypergraph aggregation
as an efficient way to capture the structured echo patterns of
automotive radar. By grouping distant reflections, HyperEcho
achieves state-of-the-art results on CARRADA. This suggests
that explicitly modelling higher—order structure is a valuable
direction for future radar perception systems.
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