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Abstract: Pulse Doppler radar provides all-weather operational capability and enables simultaneous acquisition
of target range and velocity through Range-Doppler (RD) maps. In near-vertical flight scenarios, the geometric
structure of RD maps implicitly encodes key platform motion parameters, including altitude, velocity, and pitch
angle. However, these parameters are strongly coupled in the RD domain, making effective decoupling difficult
for traditional signal-processing-based inversion methods, particularly under complex terrain and near-vertical
incidence conditions. Although recent advances in deep learning have shown strong potential for motion
information sensing, multitask learning in this context still faces challenges in achieving both real-time
performance and high estimation accuracy. To address these issues, this study proposes a novel network
architecture, termed Range-Doppler Map Fusion Network (RDMFNet), that performs multirepresentation

information fusion via shared encoders and parallel decoders, along with a two-stage progressive training
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strategy to enhance parameter estimation accuracy. Experimental results show that RDMFNet achieves

estimation errors of 14.447 m for altitude, 4.635 m/s for velocity, and 0.755° for pitch angle, demonstrating its

effectiveness for high-precision, real-time perception.

Key words: Motion parameter estimation; Near-vertical scenario; Range-Doppler map; Multitask learning; Deep

learning
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Fig. 1 An illustration of a near-vertical radar scenario
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Fig. 2 A schematic illustration depicting isorange contours (in

blue) and isovelocity contours (in red) in a near-vertical scenario
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Fig. 3 Simulated RD maps of the same altitude and velocity with different pitch angles
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BET AT SRR TT &

4.4 FERLSCIS
4.4.1 MR ERISLIE
R UE BT HE P 2% 25 K 1 Rk, A SO 8 1 T

SRS . SEE6 K H Raw+Log-Scaled H#i AR,
I 1%k FHUCLossfE A 2k k% . RDMFNet7EA R4
a4 & N LI 4 R RS R .

HH SIS &5 W] W, B BRAT ] — My 2 38
B RE T B, 2R B S ABIAERFAE S B TOAT: 55
PR E M. [EEEFEERE, MZEBRRangeEncoder
Ja, BAMERETRRARE. XKW, FXRDAE
P G S ) B R A ) AR e T A2 T P B 4 B AR AIE
PRI BR NS B BE S 4 E R O, FEIRTHE
SR IO R YA R R YU R B 5 T B B DTk .
HybridEncoder B Hud it it G AR MEGR, JEEE-2
W 2 PERFAE AT B A AL PR . B BRHybridEncoder
2 PEURHE A R T HI 55, s2mifE B RE m8R .
AR HRAE SEI A 4E R B IS G T, TR T T g
FIJ5 AT ECE ) . BRERIER: H TR B ¥ 2 25 1)
FFAE AL BE R R R AR 18] () Rk s, Bzl s
B S PO R 22, X RS KR B2 7E CR R AIE
SEREVERNE BAL S T R 2 7 O ER

RIS BN R, e AL E b, p, v
Tl 77 I R B e . FEPIBT B 5, R G
FERILE ofilp ERMSER 5 T fe &5 5%, (HAER
FoEl ATy 2 2 A T R A G O . X — PR E
T SRR L A e TE A B S R RE .

4.4.2 HEYRRLERSCIG

AR B AT T R SO0 S S D 2% -5 T
T 38 1 P A 22 S AT S U A AT, DABRIE JE B 4 65
PR AAESS b (A RO E A A o kS g AL B A S
PEH A RN B DHE IR NILE R iD 4, b
SEYRAD AR £ (X) T fo(X) 43 0% N S H )N G
T ARHE gD, JF B AL ZAE . 7ERD-
MFNet. #HrB. Raw+Log-ScaledZH & 145 R
FLARAN R 6 7 , A FH L 5 4t AL SR 1) [0 5% 7 22 T
fabr EIPET AL g SR . EAASR UL, A L=
O e 25 PR R AN LA /N 2 80 (0.204 M vs
0.315 M) 5 HEBLRA](0.815 ms vs 1.554 ms), fE
STCHE S Bl v E AR ORFE T AR MR 2K,
FIRE L B LA A RMSE 4> 31 F4 K 2 14.820 m,

£ 5 BREMEPSFRDMFNetfiEitHiRE
Tab. 5 The RMSE of RDMFNet after the removal of each module

Range Hybrid Skip —bri Wik B
Encoder Encoder Connection h (m) v (m/s) P (°) h (m) v (m/s) p(°)
v N 23.177 9.178 0.790 15.551 4.950 0.792
N - v 15.679 9.887 0.787 15.031 4.460 0.769
N v 16.002 23.073 0.759 15.148 5.088 0.740
v v N 14.820 6.341 0.780 14.861 4.690 0.758
T ISR EAERE, T RISEEIOR S kR, -7 FoRERRIZEHR, C V7 FOREMZEIR.
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Tab. 6 Comparison of RMSE between shared encoding and independent encoding

Y ) TR W% Params (M) MAGs (G) Time (ms) h (m) v (m/s) p (°)
LY 0.204 0.51 0.815 14.820 6.341 0.780
BT GG 0.315 1.17 1.554 15.123 6.440 0.792

e IR EE R R R AL RE -

6.341 m/sF10.780°, HHIE T 3= gmhid 2% 7E1T T H
SR ZATSS 2 SR A Rt

4.4.3 KR BIHRLSIE

AATHE— BRI R R BOHAT TR . AT
0 UEUCLossfEAAE 55 H Bk, JATIETIAN T
S AL I HE, A H I (Dynam-
ic Loss Scaling, DLS) 77z X b, BPREANME S
i FHMSESi 2k, e Ly, (H 2RI 2% 0 —
)5 T A SRR B T SR 2 24, AR AR

Liise Lise Lise
Zhel " el sl

TERNFHDLSTR R R, AT = B A
AV — 400 B8 T Ak 35 B B RS 2 40 2k oR BN 3
1To HNRSEES CIE, X T ResNetFlTSCNet-mini
M5, Raw+Log-ScaledfE A A X i N A i s
MmXFrFRDMFNet, Raw+Log-ScaledflLog-
Scaled By M NS5 REIAS R AR . BRI, FRATTEE
XX Eed N E, X T UCLoss, DLSLoss#H
MSELoss 520

WmETHR, % FResNet, TSCNet-mini LA f H.
M BLll - FIRDMFENet, UCLoss¥)ZR I H iz L1 T
MEge. ELEHHBEMIAKRDMFENetH,
MSELossfERMSEfi 5 L& 5% . K&
DLSLosstlfE7r | RIF R RS, HAEZHELT,
HBRAMWMUCLoss, XHE—LIIE T 456554
— S AN E PR S R 2H A SRS R LR

SRR S, IEE RAESE T UCLossfE 21155
PHETINZR A A R, HEE AR R ZHE 0L T i
TR T VERE, SR AR Z AL S R
77
4.4.4 VIZRMHR KL

RIS IE AR SC T4 P I B I 5 5 s R B BRI 43 T
3 M epoch ¥ B 1A B, AT XA [ I 25k 5 g i3k
17 TIHRSELS . BR B BONZRRIA IR “p i
SR g Al, PRI T Ao
A CORMAE R AR R, LA A
[FRTAE A XS 5 2B BN 2535 B2

A+ 1B IZR100 N epoch,

Lpis =

BRI A LB S A 58 20 BOR I i 5E 2
SEL % 107 O R A AR S5 AT 0 o
KRG+ B B IR 10 epoch, A
re S TEEE AREAC) R 3T 55 24 AR A B A RIS
2 BOR A I R BN x 1074, R RZ
B KRIS AL x 107°
FIT A B S AE SRS E B R A A 1AL R aE
7. g g Rk s ox, i E -+
T T 58 1B B O i 88 LS 0T, 55 200 BUWoR s
R 7 ERATREIRK R &S AN HGIRIRE
Tab. 7 The RMSE of each method when using
different loss functions

TS Input Loss h (m) v (m/s) p(°)
0.851

ucC 15.886 6.530
ResNet R+L DLS 17.365 6.943 0.986
MSE 16.277 6.693 0.850

UcC 15.099 5.484 0.788
TSCNet R+L DLS 15.107 6.844 0.853
MSE 15.234 6.651 0.795

ucC 14.820 6.341 0.780
R+L DLS 19.741 7.900 0.890

RDMFNet MSE 21.471 8.329 0.787
(FBT B UC 15195 5.250 0.755
L DLS  21.932 6.025 0.736

MSE 20.906 5.958 0.742

UuC 14.861 4.690 0.758
R+L DLS 15.229 4.530 0.759

RDMFNet MSE 14767  4.861 0.755
(FFTEY) ucC 14.447 4.635 0.755
L DLS  14.441 4.585 0.767

MSE 14.432 4.525 0.742

e DB E RS B ERE, N R E SRR e

* 8 FRINZRIEHINSGIRIRE
Tab. 8 The RMSE of different training strategies

SR epoch h (m) v (m/s) » (%)
BB 100 14.820 6.341 0.780
PS4 33453 14.861 4.690 0.758
AU+ 100+48 15.362 7.097 0.811
KA+ 10+93 14.897 6.144 0.790
e DB R B ERE, N R R R R
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Fig. 7 Comparison of RMSE under different SNR settings
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