
MULTI-VIEW RADAR SEMANTIC SEGMENTATION
ARTHUR OUAKNINE(1,2), ALASDAIR NEWSON(1), PATRICK PÉREZ(2),

FLORENCE TUPIN(1), JULIEN REBUT(2)

(1) TÉLÉCOM PARIS, (2) VALEO.AI, arthur.ouaknine@telecom-paris.fr

MOTIVATION & CONTRIBUTIONS
• Automotive radar: robust to adverse weather

conditions while providing the position and
radial velocity of surrounding objects.

• Contributions: architectures for multi-view
radar semantic segmentation; a combination of
losses adapted to objects’ signatures with spa-
tial coherence.

PROPOSED ARCHITECTURES

QUALITATIVE RESULTS ON THE CARRADA-TEST DATASET [5]
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COMBINATION OF LOSSES
Let fθ(x) = p be a segmentation model with pa-
rameters θ, input x, output p and y the ground
truth. Note M×N is the size of the view, such as
Ω = J1,MK× J1, NK; and K the number of classes.
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Coherence
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where ‖ · ‖F denotes the Frobenius norm; p̃RD, p̃RA the
highest probability maps of each range bin for each class.

Combination

L = λwCE(LRD
wCE + LRA

wCE) + λSDice(LRD
SDice + LRA

SDice)

+ λCoLLCoL

where λwCE, λSDice and λCoL are weighting factors.

ABLATION STUDIES
Let RD and RA be the range-Doppler and range-angle views.

View Method #Param.↓ mIoU ↑ mDice ↑

RD

MV-Net (baseline) 2.4M 29.0 39.8
MVA-Net (a) 3.6M 48.9 60.4
MVA-Net (b) 4.8M 52.9 64.3
TMVA-Net 5.6M 59.3 71.5

RA

MV-Net (baseline) 2.4M 26.8 28.5
MVA-Net (a) 3.6M 28.1 31.1
MVA-Net (b) 4.8M 36.7 43.9
TMVA-Net 5.6M 40.1 49.3

Table 1: Performances of the proposed architectures.

RD view RA view

Loss mIoU mDice mIoU mDice

CE 56.1 67.8 39.1 48.3
SDice 58.5 70.3 37.1 44.8
wCE 51.1 62.8 34.3 41.1
CE+SDice 45.2 54.0 38.8 46.9
wCE+SDice 59.3 71.5 40.1 49.3
wCE+SDice+CoL 58.7 70.9 41.3 51.0

Table 2: Performances of various loss combinations.

QUANTITATIVE RESULTS

View Method #Param.(M) ↓ mIoU ↑ mDice ↑

RD

FCN-8s [4] 134.3 54.7 66.3
U-Net [6] 17.3 55.4 68.0

DeepLabv3+ [1] 59.3 50.8 61.6
RSS-Net [3] 10.1 32.1 36.9

RAMP-CNN [2] 106.4 56.6 68.5
MV-Net (ours-base.) 2.4* 29.0 32.8

TMVA-Net (ours) 5.6* 58.7 70.9

RA

FCN-8s [4] 134.3 34.5 40.9
U-Net [6] 17.3 32.8 38.2

DeepLabv3+ [1] 59.3 32.7 38.3
RSS-Net [3] 10.1 32.1 37.8

RAMP-CNN [2] 106.4 27.9 30.5
MV-Net (ours-base.) 2.4* 26.8 28.5

TMVA-Net (ours) 5.6* 41.3 51.0

Table 3: Performances on the CARRADA-Test dataset [5]
for RD and RA views, (‘*’) corresponds to a single model
that segments both views.
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