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Noise Removal of FMCW Scanning Radar for Single Sensor
Performance Improvement in Autonomous Driving
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Abstract: FMCW (Frequency Modulated Continuous Wave) radar system is widely used in auto-
nomous driving and navigation applications due to its high detection capabilities independent of
weather conditions and environments. However, radar signals can be easily contaminated by various
noises such as speckle noise, receiver saturation, and multipath reflection, which can worsen sensing
performance. To handle this problem, we propose a learning-free noise removal technique for radar to
enhance detection performance. The proposed method leverages adaptive thresholding to remove
speckle noise and receiver saturation, and wavelet transform to detect multipath reflection. After noise
removal, the radar image is reconstructed with the geometric structure of the surrounding environ-
ments. We verify that our method effectively eliminated noise and can be applied to autonomous
driving by improving the accuracy of odometry and place recognition.
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[ Candidate ] [ Model Detection ]
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[ Noise Removed Image ]

[Fig. 1] Overview of radar image level denoising method
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[Fig. 2] (a) Raw radar image. (b) Radar noise types in scanning
radar image: speckle noise, receiver saturation noise, multipath
reflection noise

3.1 glojy mo]= F5

273 wlolt Al ol A A8l hmo] 2= TR
A=, ol 23| E(Speckle) k=012, F417] A3l <
o]z, Th57d = WhAtel] o] 3l tmo]20] 3744] 1mo] =7}
oJth.

glolt] A A Huks F4 % W S ek
oA Mupr}ihghEof of 2] ek = WhAbE a1 A
dl, o3k S Eall Akt XdﬁH RNZ3} 917
AEPH Al Elof B ol A 23 E tmo] =24 vpehdt 23]
o] 2= WHARE = 3R o] AW o] 247 e S
AR, B4 NS AF 5ol A7k TR, A
9 A 7ol A L} Fol oa] T uhgahd, of wf Akt
ol A3fe] i) 7} At of S217)o)A AEE = A17)7)
2o}A] 7] w0 2252 10| 2= Hlo]r o]u] ] oA A%
o) sheah e Wel A EHk

5217) E8h= wlole] A7)0 B & Zahehs A E

o Zrlo] FA NS E A Al gl
w3}, A7) 3171 Aot uksko| A o] =41 Al
29 g o) 543 AAIRLel Al717F A2l FL s ¢
5]7] vl glol o]w|A] el A T4l o= e Mol Y=
xl/ﬂ isﬂgﬂi ra = 5]1:}

UEA R ) e Ak S48 F g
Fol o= Avke 2Ai3to] BAlel i3k 4 1E Washs glo]
vle] 54 ghizel] F91¢) WAkl o3 e
Ak 7 20] F7HE o)l A5 ejm|gi),

oy ojuA el A 7} o] =7} b= 9732 [Fig. 2]
of YeRl AT

= el
B o
2 N

=2
%0,
rr
I

i
R
g

ol
‘]F

T 7

O
13
‘2
ot
X

}mmlﬂm

F I
o
T oox
tjo
lo

>

3.2 28| F o] =9} Al 7] E 3o 2]} o] 2= A A

oA = 23l e



274 =353 =84 4187 A3E (2023.9)

(c) (d)
[Fig. 3] Radar images with different intensity threshold values.
(a) is an original image, (b) is an image with low threshold, (c)
is an image with high threshold, (d) is an image with our
proposed threshold. The proposed method efficiently removes
speckle noise and receiver saturation
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(d

% A5 ZH2E9] convex hullo] E21 4
o] ™3l Hough Transform®1&- #-g-3}o] R ela) &3] ar,
¥ F 2T A FAlE o] 2 Al Abo] 2471300
oA 1 Zo]7} F3] 11 7-5-oll ¥ reconstructionol] A

9= R dlo]g} #kal9dt) ReconstructionS 21835}
A= [Fig. 5101 YFERAATE ReconstructionS
185k o] 5-0] ojw|x|of| A vl & WhAte] 23k 5174 A7
g 0 = Qlal] Folxl W o] ThA] A4 E RG-S RISkt

g

il

RIS

4.1 37} oAl B Wy

37}l g3k vlofEl= glojd LW Er] e AT H7hE
218k glo] €] 191 Oxford RobotCar Dataset™ ¥} 2] o]t] Q T=w|
E 9 g4 Q14 A5 F7EE 918 dloE AQ] MulRan™&
A8t

Oxford B]o|EJ A2 76-77 GHz2] 35 7}X]+= Navtech
AFe] CTS350-X 25 elo]t) & o] &3t ©3= Flo[Ej Aol
CTS350-X R2o] H o 7H4] A2l 163 mo]aL, A #alls
20.0432 m, 9] ZF 2852 0.9°0| k. A= 4 Hz= 3] 13}
] 915 2708kaL, &k 270 3 400709] 3917}, 37687112] A
2] Hlol] u}-2 wlo]E] 7} = 3k o]n|A| & Pojxitt. Flolr



276 =y-sks) =24 4187 AZE (2023.9)

to]E1 <] ground truthi= GPSE ©]-8-5F S48}l on F=¢
Oxford?] L=A]el gk dlol8l & 3s}ar 9lrk

MulRan H|O|E A2 76-77 GHz2| 53155 7}A] = Navtech
AR] CIR204-H B9 #lo|t & 285 @& dlo]gAlo|th
CIR204-H 2.2 2] H o] 744] A]i=200 mo]™ A2 &8l e
0.06 m, "89] 7} 18l 52 0.9°0] ok, HH4 Hz = 3] 78k 9]
S 20k} g 270 2400719 917, 33607112] Al S
of] w2 o8 7} = H3E o WA & Hojxint. Hlold HiolH
<] ground truthi= GPSE- ©|-8-5tof 4313l o tixd 7HA
AEY(DCC), 7}0]2~E(KAIST), Riverside 2|l th3+ glo|H

& Zgsta ek

=R A] Aok o] = AA PR ES] A5 Bt
7] 918 LErlE el A 14 QaelEel Aol A
A A4S skt @ EvlEe) 9 44 24 37l A}
§ B L AT DB PEE A a2, 43800 A
3] ekt

42 Q=rEe A5 W7}

o]z Al Bge] A8l ek e Ee] dare]Ee]

500

400 -

300 -

200 -

£
B
100
ot
-100
-200 . 2
-100 0 100 200 300 400 500 600
x(m)
(@
800
gt
PhaRaO
600 nr PhaRaO(ours)
400
E 200
>

200F SN

-400

-500 0 500 1000
x(m)

©

H7}oll = direct W% 7]RE] glojy LEWER LSl
PhaRaO™E o] 4591t} 23& 2 =HE S 913 Hlo]
ARl MulRan Hlo]E] A=} Oxford Hle|E] A4 Z1ed3}5] o
], o] = A Aol ARS-S slEk|E k& 217} DCC, KAIST,
Oxford A2~ 2.5, Riverside A A2E 22 A3}
A3t Az o} 017 ground truth 7 22 W) wa}3ict A =29
A== 303110014 ANQkeE Mo = @ ZHATE, Absolute
Trajectory Error)9} 3t #H4|] 2 XHRPE, Relative Pose Error)
= vwsle] Hratdnt A 29 A% 912+ ground truthe}
U A T n|wskedek AN A2 2 @ 2= [Fig. 6]
9 [Table 1] YERAATE

A A ERY o]z AA HEs 485 o] d) 4
2 99 A @4k9] RMSE #to] 7Haaglvh= AR S g
IEF3ATE 53] [Fig. 6]olA RIS 4= ol%0] ;o] =& A1A
5}7] o] ofl:= PhaRaO = 8- A] 3|4 & 04171 A
71 DCCe} o] 3]xdo] W& Alf oA A 27t 5013l HiF
= HRI W o]z | A o] ol = 31 a7t 7HAsgith

Direct "] 7|9ko] @ =r|Eg] ALk ¢are]F2 Hlo|H ol

600 [

T T T T T T T T
| = gt
500 - 1 V—— PhaRaO 1
e nr PhaRaO(ours)

< | \
400 - \.‘ \ | A\

\ \ N

300 \ >
\ [/
\ | /

200

t ‘ \ GE
> 100+ \ \ = \\
\ “ \
ol A\ )\
. 2T Nt B
\ I e — oA | N
-100 ¢ \ o —— i 7

=200}

-300

1000

gt
PhaRaO

800 - nr PhaRaO(ours) | 1

600 - /é
N

400

y(m)

200 1

o}

-200 |

-400
-800 -600 -400 -200 0 200 400

[Fig. 6] Evaluation of odometry; (a) DCC, (b) KAIST, (c) Riverside, (d) Oxford sequences. Results of original PhaRaO is shown in red
line, results of “nr PhaRaO”, which means “noise removed PhaRaO”, is shown in blue line. Ground truth of trajectory is shown in black line



A oM

[Table 1] Absolute trajectory errors and relative pose errors
with and without noise removal (RMSE in meters). Both ATE
and RPE decrease after noise removal

Sequence DCC KAIST |Riverside| Oxford

Path Length 42734 | 20185 | 6612.6 | 4457.6
PhaRaO 52.017 | 52938 | 82.231 | 86.511

ATE nr PhaRaO | 31.306 | 31.342 | 73.160 | 39.540
PhaRaO 14.048 | 10.432 | 15263 | 13.733

RPE nr PhaRaO | 13.347 | 10.214 | 12.735 | 13.363
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[Table 2] AUC and F1 score with and without proposed noise
removal algorithm. AUC and F1 scores are increased in most
sequences, which indicates that place recognition performance
improved

Sequence Method AUC F1 score
SC 0.960 0.885
DCC
nr SC 0.967 0.903
SC 0.991 0.979
KAIST
nr SC 0.996 0.988
o sC 0.945 0.894
Riverside
nr SC 0.947 0.890
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[Fig. 7] Precision-recall curve in MulRan dataset; (a) DCC, (b) KAIST, (c) Riverside sequence. “SC” means “Original Scan Context”
(red line), “nr SC” means “noise removed Scan Context” (blue line). With the proposed method, the precision at high recalls is improved
in Scan Context. The place recognition results obtained by noise removed data are substantially superior to those without noise removal
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[Fig. 8] Radar trajectories of oxford sequence calculated by
feature-based and direct -based method. After noise removal,
accuracy of both feature matching based odometry and direct
matching based odometry have improved

[Table 3] Absolute trajectory errors and relative pose errors
with and without noise removal in feature matching based
odometry (RMSE in meters). Cen means feature matching
based odometry algorithm

Sequence Oxford
Cen 83.005
ATE
nr Cen 58.809
Cen 11.641
RPE
nr Cen 11.452
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[Fig. 9] Radar feature (a) before noise removal (b) after noise
removal. False images (yellow circle) are not included in
detected radar feature after noise removal
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[Fig. 10] Matching inliers of radar feature (a) before noise
removal (b) after noise removal. In (b), false images (yellow
circle) are not included in detected matching inliers after noise
removal
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