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Review of monocular depth estimation based on deep learning

Luo Huilan" , Zhou Yifeng

School of Information Engineering, Jiangxi University of Science and Technology, Ganzhou 341000, China

Abstract: The development of computer technology promotes the development of computer vision. Nowadays, more
researchers focus on the field of 3D vision while monocular depth estimation is one of the basic tasks of 3D vision. Depth
estimation from a single image is a critical technology for obtaining scene depth information. This technology has important
research value because it has potential applications in intelligent vehicles, robot positioning, and other fields. Compared
with traditional depth acquisition methods, monocular depth estimation based on deep learning has the advantages of low
cost and simple operation. With the development of deep learning technology, many studies on monocular depth estimation
based on deep learning have emerged in recent years, and the performance of monocular depth estimation has made great
progress. The monocular depth estimation model needs a large a large amount of data to train the model. The commonly
used training data types include RGB and depth ( RGB-D) image pairs, stereo image pairs, and image sequences. The
depth estimation model training by RGB-D images first extracts the image features through convolutional neural network and

then predicts the depth map by using the method of continuous depth value regression. After predicting the depth map, sev-
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eral models use conditional random fields or other methods to optimize the depth map. Unsupervised learning is often used
to train the monocular depth estimation model when the training data types are stereo image pairs and image sequences. The
monocular estimation model training by stereo image pairs first predicts the disparity map and then estimates depth by using
the disparity map. When an image sequence is used to train the model, the model first predicts the depth map of an image
in the image sequence, and then the depth estimation model is optimized by images reconstructed by the depth map and other
images in the sequence. To improve the accuracy of depth estimation, several researchers use semantic tags, depth range,
and other auxiliary information to optimize depth maps. Several data sets can be used for multiple computer vision tasks
such as depth estimation and semantic segmentation. Several researchers improve the accuracy of depth estimation by learn-
ing depth estimation and semantic segmentation model jointly because depth estimation has a strong correlation with
semantic segmentation. When establishing the depth estimation data set, depth camera or light laser detection and ranging
(LiDAR) is used to obtain the scene depth. Depth camera and LiDAR are based on the principle that light and other prop-
agation media will reflect when they encounter objects. The depth range obtained by depth cameras and LiDAR is fixed
because the propagation medium is dissipated in the transmission, and depth cameras and LiDAR cannot measure depth
while the propagation medium energy is very small. Several models first divide the depth range into several depth intervals,
take the median value of the depth interval as the depth value of the interval, and then use the method of multiple classifi-
cations to predict the depth map. Different training data types not only result in different network model structures but also
affect the accuracy of depth estimation. In this review, the current monocular depth estimation methods based on deep
learning are surveyed from the perspective of the training data type used by the monocular depth estimation model. Moreo-
ver, the single-image training model, the multi-image training model, and the monocular depth estimation model of auxiliary
information optimization training are separately discussed. Furthermore, the latest research status of monocular depth
estimation is systematically analyzed, and the advantages and disadvantages of various methods are discussed. Finally, the
future research trends of monocular depth estimation are summarized.

Key words: monocular vision; scene perception; deep learning; 3D reconstruction; depth estimation

0 5

|1

NI 5 R R B A7 B TR L o ) At ]
TR VR (Wl s g 45,2019 ) FIBLAR A E fL
(Cadena % ,2016) S48 FH) 12 . SRR BE (R B,
R ESNRF ) © N BN OB LY B URILLE ¢/ &) i
TR ] TRDRff b SRR A B, 1HL H T i 4 D (R
ARAERAUN H] o, 55877 A L, kT R A T
Tﬁﬁﬂ‘&ﬁkmﬂ’]@ﬁ%?, Uit ZAA R R I RE

BENREGEE . Hib, 5T BRI AL B A
VYZE‘JW%“ RS CHE . i TR TR B Al T
g3 R BT H LSS R TR LA T 7 A ST AR
ANRER Z B R A7, WA, 5 H
P DA B PG b SRR SR BE AR B TS A o
BORIALT AR AR S 2 ’%ﬁfﬁﬂﬁ/\%%%
ARIR]— 3755 P IR P8 9% i X TG Wt PR iR A 7
e, FHIPCRCAE B BITR R B fﬁﬁiﬁjﬁﬁﬁﬂi
o ZE A PR I BE BE B AR BL A AR FE E 0, 2
AIARDLS B BAT B TR BE Ry S v, (E 26 A5 DR RC 1)

RS2 B B A A BR R, DT 45 X AL 1 98 LA
BRI BRE . AR =, 5 B A R i@
SEMGRAATAHREE G B AR EHAMYE R L
Eﬁﬁﬁ?ﬁﬂ@ﬁﬁﬁﬁﬁ%ﬂﬁg%ﬁﬁwgﬂ,i?:‘?iﬁﬁi

HHTH AL ST R 2 —

I PEMZR AR R B 15 AR BT A 1 — A SR
@{%{ﬁ:u\%u{RF{ﬁ BRI ( Saxena 45,2005 , Fifi
%‘(ﬂ%fﬁ > B IRGER E , TR R A BRI 28 A B

PG B L ORI TR . TR B2 ST TE R H AR

PR EUR S E S ] B PR RE O 5 | ik 27 A R
RN I TR EAE T, M Eigen %A (2014 ) B UK
MZ 28 B ] TR A 1 24 B VGG ( Visual
Geometry Group ) ( Simonyan A1 Zisserman, 2015 ) |
ResNet( He 45,2016 ) 25 W 28 HEZR RN 25 i 25 FR ( Yu A1
Koltun,2016) %5 45 FRAG ) AR AR S 10, HY B T R &1
Hbﬁﬂ#ﬂ"]‘/ﬂ}#’fﬁﬁ‘méﬁ' WAL AR I Hid sk
st R E R R B0 LK S BHEARR Y 5
TTEI%B"J@EWE%*H [ (4, BT LA 5 TR EE A 2

ANRASE T H R TR BUR S TR R
YRR G RAFTE—XF Z2 B AT Re M, 51 A BB B 42

391



392

PEEREFFE

JOURNAL OF IMAGE AND GRAPHICS

Vol.27,No.2,Feb. 2022

TR BEAT 1K B 2 AR 2 BT 0 8L 3%

C 2RI Y R A AR R 7 I i S B
P, 5 S S 1 500 mT AR 208 B A 1
SR AHAEYI SR 2T I, A7 Bk Ry A A ER R
K25 ( Eigen 25,2014 ; Laina %5 ,2016) . WA 4
ZHFEHE N T ST AL RE i S2 AR BB (Go-
dard 25,2017 ; Ph AT 2,2020) B R )F 51 ( Yin A
Shi, 2018 ; Zhou %,2017 ; Zou % ,2018 ) IR & i ]
(Fu 55,2018 Lee 55,2019 ) R YI R A, AT, 7
FEAG T B F B 82 & NYU depth v2 ( Silberman
45 2012) % #E 5 A1 KITTI ( Karlsruhe Institute of
Technology and Toyota Technological Institute at Chi-
cago) ( Geiger 55 ,2012) B(#li4E . NYU depth v2 &3
4129 K~ Silberman H]BA# H Kinect ¥ B AHHLA
A IR B AU AR B 464 DN E NN
G0 JRIGORIN I 1 TR &L, A SR B LR 0.5 ~
10 m, KITTI Bod 48 Kotk R AR AT i R AR ROR (4
KM% BREEEI AT GPS (global positioning system ) 13 &
S5 D AR, AL AR IR T A A S R)/INE SR P
e I ZE SN R AR . SRR ISR
HRUSR AR AR 4 B0 32 19X 4% 0 b SR A IO 24 4 LI 2
Pl 28 S5 R TR 50, B T X AR AT 55 IR 454, O
XA HERAT A 2 AR R R0 TR S L K
T, Z2 EURIN R AL Sy 0 22 SR IS Bh 254
HAAOR A 2R A T A RS A e A 22
P, I 0 22 1 2 ] MR RO TR FE 18] 5 1 )y 2 1 i
BEAY R BEAG T I DL A TSR 1, 2
PRI 2 B H R B2 Al TR LA PR TR) 119 25 ] 56 &
BN G Z M 3 B TE VI R AT ZE MR 1Y
B BAA I ABARR A 5 3845, BT AAE R B s B b
YIZAT BN B Bz A PR BB . IR BV Lt m]
DUFARIN ARy | — 2 B [ T A TSR S R 3
U I HIOAL , AR AR A ARl 28 100 24 2 IR ) e A AV
MR R RTREEHL,

EA&G TR BRI M 2 HIREEAG T 7 A0
e, B H R AT R — sk IR B 3RS 5 5 i TR
JEAR R N G L 3 T, S SR B B A o HA
Ho 2014 FELUR R Z20T50 E R B 5 AL T
WEFE S0 TORIRI B B H R BE AR 58S, Khan 55 A
(2020) Fil Zhao % A (2020) LA R {6 FH W 2% 2] |
TCME A7 2] mlp W B A7 o SR A, X B B IR A T
WFRIEAT T 2Reiik, 5 FIREEARARE A SO ER

FI R E AR RR T I 2R B S R A ) 38, Xof a4
RFETIREE 2] 1 0 H IR BE AT TR T AT 2808 F
B H IR O7 00 0 BRI 2R | 2 PRI
SRR G AR R G B AL R AT, B AE
AR BRAT BN ZRA S RN B 15 B BRI
RIS |

1 BEGRENIZEE

B PG A A B IR TR DL B € TR Sy B
A SHERER BN WS IR 258 S R
Al el G & M B G 15 RIIRE K S,
AT DL ik — 2 Ak R BE A T AR LA AR
TS B
L1 HERWEMEUGRER

A R 22 0 288 4005 TR 2 181 ) O ik 2 fo P A R
2o M 2R AR IR AE J , R A e el AR 7
ARG IRE I 287 Bk e 1 32 THEORsE T
WGP N4 BE ) . BB TR T HoR
ke, BB T AlexNet ( Krizhevsky %,2017) . VGG
(Simonyan # Zisserman, 2015 ) F1 ResNet ( He %,
2016) FF LS LEHE . BT AL I 45 25 AL 4L /R0 T DO 288 1) T
JE SR RS RLAT LU IO & R R A
FI T4 G R B BRI RYRSFE . Eigen 5 A (2014) 44
AlexNet N T IREEAG TR, IF42 H R0 4 iy g 25 5
W P28 v A FREL 200 7 A RUBE 1 i 28 R 2%, o]
FRUBE P 25 AR B4 Jmy TR B 200 RUE TN 26 A R o 4%
b p BL At b T E R AN A RO 4% il
AlexNet PIZ5AE Ay 2+ W 45, fir AR (0 BR 20t
AlexNet 28 SEIURFIE | 33X SERFAE I 1 4> 7% 152 )23 e S
F oy PRI AR 174 WOHIIRE R, (E40 R
P2 ey A A AR B R 0 Jm) PR AR O 55 4 )
WIE R PHE 2 B RRARANRIEZRE . B Eigen
SEN(2014) H2 A R 25 /b EoRAEZE (A5 0 45 i
B TR R R A N Al R EE T 45 1 P F s R
AR BRAR DR BE AL TT BORG B AT e ik, 2014 4, 2
R T VGG M 4% ( Simonyan F1 Zisserman ,
2015) A2 A/ DB & MR AlexNet 1
RGP, IR T M4, AT 1 g teRg, 78
Eigen % A (2014) B 3EAt I, Eigen fl Fergus (2015)
K VGG M 28 $2 IR (9 R E, JF1E Eigen 55 A
(2014 ) £ 4 1) 190 28 445 44y F) BEAlt L i A = RUBE R4



$27%E/E28H8 /2022 F2 B

2=, BER / REFIRBREMITHATHE

2% i — DA | TRl R 26 g bR AR 2 4
fim 3 TR P PR RS i 3, A A JER Y 172,

Eigen 55 A (2014 ) fdf ] 42 % 45 2 A= IR A
ESURISWNEIE2 16 4 NSNSl 8o iU
o Shelhamer 55 A (2015) £ 4 fif P i X 53 ) [5]
U H ) 4 B LU 2% (fully convolutional networks,
FCN) Hfdt JARAE LB 2 i 3 i 25 21 80 R
RN RRAE 121540 D 30 g A R RO FE T D 2 80
WAV 00T AR T MR R RE 2 B R A i, T
BEEEAE I, Laina 28 A (2016 ) ¥ ResNet A1 FCN ¥
ZENLT A H TR BE AL T W 48 7R AR 32 B
ResNet50 42 IUR {0 8% 1 TR 2 F31E , FRAE 8 i
4 W bR o RO IR R 12 MR IE K JF
f# ] reverse Huber ( Owen, 2007 ; Zwald 1 Lambert-
Lacroix,2012 ) R X L, Y555 0 41 2% R I 5 TR
JEMSTIRG B . T ResNet 45 20 Z2 ff T 8% B2 1 2% ]
I Eigen 55 A (2014 ) $2H AR HY | Laina 55 A
(2016 ) HYRERY Y 4 Jry i 25 b AR, DR BEAG TG
JE I AR

Laina 55 A (2016) $ t 1Y X 45 155 BUAE TR W) A E
ARFH /NP BRI TN 14310 SFASOAS) 45 0] T, — L B
FEERBLPE BT I 4B Y Hu 45 A (2019) A
AN RUBE AR BT A 2 AN TR R B AR S 2 T X 4>
WL, Hu 58N (2019) R 5 Laina %5 A (2016) 3&
U =T M4 AR RO AR R R R 5 3T
P 2% 110 i L Rl A e B TR B R, 243 ] Rees-
Net , DenseNet ( Huang 4§, 2017 ) fl SENet ( Hu 4§,
2020 ) FEHURFAE , Horp SENet AR EE At RO B M A
o MERFEoRlG 2 RBERHE , A R 5 1 I ]
JRER A, e TR AR . 5 Hu B A
(2019) IFiE A A, Zhao 2 N (2019) ] Shi 45 A
(2016) $2 1 1 AR R B Rl G 22 RUBEAFAE, B2 = 8
BUXT AT TR BIRE Sy . A T S Wik SAb iy
TREEAGTIRE L , U 2 N (2020 ) 56 2 i i 45 44 12
T — PRI AR fE FoRFEFIR R AR R
HOIA R ERIC AR S i i RV AL 5 2 1Y bR A
0 2 Fi o R RT3 ey v 11 A A5 e ) T s 2>
T WA B LR 22 X R EEAG RS2 S T 1A
RSB
1.2 FABRGHERLRER

145 R 28 B Rk 45 3 T 1, AT AR
i A PR DI R RO B8 25 RTAR B B )R ik

— AR EE L, 3 v R GO AR R A TR B 4]
By A ZAEBENLI ( conditional random field
CRF) ( Lafferty %,2001 ), Liu %5 A (2015) A &
A6 rFOREARL DX 355 19 R R 30T, AR 4l R %) DX 3 AL
i HLE S AR RENLA AR BE I, 5 o, B R )
G RZA X AR SR G 2 2 Al
R R TR PE A, JTAR 5 AH &8 M5 2% AE UM B
PEACTREE AT, 78 CREF fAI R R AE Ry BB AY
BT A, B AR R TR B S pR BN U 3R, 19
SUBIREZE R oIl v 3RoR , oI s Yy 5 ] 1
AHARLBE | 5 R 22 ) 25 3 ok 4k U Fn VX AN bR
B A A AEARLRE e B R AR R A AL TR B (R, A
ULy R N AR ER B AIR R B 0k o 76 JiR
E rp R RS B Sy — oIt U IR, 4l 6
FRZ T4 1 2 4 I i 0 A8 A5 38 J50 0 XoF oL ) 8 B
B, NEBGREA K AASEIREN, K A5 E
XFERREARL B ZH SR AP RE R — TR o 1 X 2% LA
L,y 2k s gk, — oI DL CRF $it 2k #4710k .
1 W 28 A5 AL 5 B AR R B TR S AR AR & (R A AH
U TR AR ™ EE T LU FE A T A 45 SR LA
AR R A B AT T R BE Ak T RS BE 7 R A
b, Lin 88 A (2016) £ H 02 e 1582, o 14
BRI ENBIGEENBERERZ, RakB
23 B AR R AR (AT B 5 % A MR 7 B A R
MIGR LI R S AR R R Z 456 1 R — Mg
IR EEE - S VR AR R IR A, PR kAT
ZMBENLA AL . TR 2R 2% N B A Al
BEDREE, M sl R 24T,

Xu 88N (2017 ) B 25 A BEAL I 1 Jy i ST 149 I 2%
O3 3 T T A~ H A B 2 X 2% i 5 R B ML 3 20
AR BE AL T I 2%, 2 R 25 I 4% i ) 445 FHL ) 4%
FEAE TR IR AE L SR R 2% rpols S [) R R A R A
BURTR BE T2 2 4 A S5 B RS , 45 BIKG BE 34 20 i
ETREE R, 5 AR LA DA TR B R 5 12
AN, Li 55N (2017 ) R GRS BE AR B AR AL TR B2
flitt Bt 7 —AN 37 43 578 5342 BT A R A
FERROE, I 5 R EE A TRl & aX 200 AL TR B & 1y B
1, Lee 5 A (2018 ) 48 i —Fh7EAT R Hr 43 #4326 TR
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Table 1 Summary of typical single image training models
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Fig. 1 The framework of MonoDepth( Godard et al. ,2017)
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Fig.2 The framework of SfMLearner( Zhou et al. ,2017)
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FHABMIRIA A P B B AR,y 1 v IR SR BR
P, Godard % A (2019 ) K F U-Net ( Ronneberger 4,
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Table 2 Summary of typical multi-image training models

SCHk BERILER FE TR
Godard % A (2017) SR % SR FHST ARG I 25 B VR BEAG TSR
Repala 1 Dubey(2019) LRI 2% XU R 248 53 Ak a4 25 P 2 ik DR T
PN 55 N (2020) SR %% R 2 RO AR AEAR SR 2 ROBE G R K
Zhou % A (2017) L e e P& this sh g B AR MG T 5 I 2R ip H R A TSR
Johnston il Carneiro(2020) ey AN fifi 1 A 3 S B i 22 AR RS AR
Yin 1 Shi(2018) LB % DGR W28 23 S 37 55 Th ) S A R S P A ) TR B
Zhan %5 A (2018) LB RIS A ST R PRV 51 AV R AR [ L ) 5200

3 BEEXRMBEREEARLR
Bt

B PR B DR A7 TR MR e 22 1 4 42 B
A SRR A IR [, 22 RS o H TR B Al ad i
W22V Flz S 25K S T IR TR . O 1 it —
AR R, F 2050 45 B i e
s TR JEE U L 25 A 8 oR B A B 4 A TR B2 A 3
3.1 HHIBEXSEISREMT

SO ES DEATHRITRHLLSE B P
AAL S5 N G 5 B 1 S &b R
G U AT AE TRV R 1T 3 M) PR N R O R K 22 18
2, IITUE 55 BA R S AR DG, 45 & AT Il 2l

P ) RIS BA5 B, DT S e R BE Al T B P fE
1117 ELM U 55 AT LA 22— 321 [ 2% a1 2R
WL S50, B F 2 45 515 X
OrE S WA TR B R AT RCR

Wang %5 A (2015) B IR 3 H 76 28 HE 2R B
M MR AR B, B 152 TR A TR Lo
FIRBOR . PIZRESH AN TR 3 B, 42 ey 4 FRp 22 0
2R LIRS R AE Ry i A [ IR 3 i PR Y TR
P RITE: SCHIER ] X 3l 45 B A 22 X 25 DU over-seg-
mentation ( Liu 45,2011) B 40 B 1) KR Rk A,
ATV — AR BE AR RN 1 SUPRZE . SR JE F IR
R BITREE 5T bR % | USRB A TR 51 bR %
AR UG B SR R IR0 35 5C R 2 o0 J2 2R AR REAIL
Y, WRHRE R MR R G AR B X R 5
B 16 28 B A5 & #E (loopy belief propagation,



$Eo7E/E2H/2022F2 8

2=, BER / REFIRBREMITHATHE

LBP) 5 Al 4~ MR B T8 SOhR %, -6 ek
JE AR B A A T PG e rp B A BRI b
2 TEARTRE RS, il it LBP Sk Al [ R
HRL TR BE AR AR A R, 2456 DX Il s AR R 46 At 31

C EmEB
L e

Y

[ ammm
W%

AU — PR AR, 2R A PR B A 2 X R B A 2Rl et
R/MEXUZ CRF BEG Al TH8E SOARZE MR |, 5853
AT BG5S TR AR S IR A B A5 5]
T—ERT,

- i it
WEL:  ——

iy, I EERES

AR

eSS TIR)

IR
it

3 EEAFHINLG M S5 R R T B (Wang 55 ,2015)
Fig.3 The framework of hierarchical conditional random field( Wang et al. ,2015)
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Table 3 Summary of typical auxiliary information training models
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Table 4 Quantitative evaluation of some single image training models

R AN BB T f Bt 22
Tk IR
AR SQ ML LRMS RMS 8<1.25 &§<1.25° &<1.25
Eigen %5 A (2014) NYU 0.215 0.212 - 0.285  0.907 0.611 0.887 0.971
Liu % A.(2015) NYU  0.23 - 0. 095 - 0.824 0.614 0.883 0.971
Laina %5 A (2016) NYU  0.127 - 0.055 0.195 0.573 0.811 0.953 0.988
Xu % A (2017) NYU  0.121 - 0.052 - 0.586 0.811 0.954 0.987
Li %8 A (2017) NYU  0.143 - 0. 063 - 0. 635 0.788 0.958 0.991
Lee % A (2018) NYU  0.139  0.09 - 0.193  0.572 0.815 0.963 0.991
Hu %5 A.(2019) NYU  0.115 - 0. 050 - 0.530 0. 866 0.975 0.993

T =7 R EOSCIOR SR AR
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Table 5 Quantitative evaluation of some multi-image training models

\ . ot i IR 0w %
ok A KA AR S0 ML LRMS RMS 8<1.25 §<1.25 §<1.25
. < I. < 1.
Godard %5 A (2017) KITTT S 0.148 1.344 -  0.247 5.927  0.803 0.922 0. 964
Repala Fl Dubey(2019) KITTT S 0.122 1.306 - 0.213 6.069  0.841 0.939 0.976
ThEH 45N (2020) KITTT S 0.099 0.965 -  0.184 5.333  0.875 0.957 0.985
Zhou % A\.(2017) KITTI M 0.208 1.768 -  0.283 6.856  0.678 0.885 0.957
Yin 1 Shi(2018) KITTI M 0.155 1.296 -  0.233 5.857  0.793 0.931 0.973
Zou % A\ (2018) KITTT M 0.15 1.124 -  0.223 5.507  0.806 0.933 0.973
Ranjan %5 A (2019) KITTT M 0.14 1.07 - 0.217 5326  0.826 0.941 0.975
Godard 45 A (2019) KITTT M 0.115 0.903 -  0.193 4.863  0.877 0. 959 0.981
Johnston Hl Carneiro(2020)  KITTI M 0.106 0.861  —  0.185 4.699  0.889 0. 962 0.982
Zhan % A\ (2018) KITTI  MS 0.135 1.132 -  0.229 5.585  0.82 0.933 0.971

T =7 R EOSCERR SR
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R6 EDO BN B BRIP4 B
Table 6 Quantitative evaluation of some auxiliary information training models
R NIRRT B s
Tk LGS
AR SQ ML LRMS  RMS 0 <1.25 6 <1.25° &< 1.25
Wang 55 A (2015) NYU  0.220 - 0.094 0.262 0.745 0. 605 0. 890 0.970
Jiao 55 A (2018) NYU  0.098 - 0.040 0.125 0.329 0.917 0.983 0. 996
Lee %5 A (2019) NYU 0.110 0.066 0.047 0.142  0.392 0. 885 0.978 0.99%4
Wang 5 A (2020) NYU  0.128 - - 0.174  0.497 0. 845 0. 966 0. 990
Cao ¢ A\ (2018) KITTI  0.115 - - 0.198 4.712 0. 887 0. 963 0.982
Fu % A (2018) KITTI ~ 0.072  0.307 - 0.120 2.727 0.932 0.984 0.994
Chen % A (2019) KITTT 0.112  0.673 - 0.198  3.871 0.852 0.951 0.980
Su I Zhang(2020) KITTT ~ 0.102 - - 0.183  4.051 0.901 0.973 0.99%4

T =7 FRBUCHOR SR
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Carneiro(2020) /75 Zhou %5 A\ (2017) J5 B ) 45
SAHLE , PO 52 22 W] B AI . AN 6 RO AT L&
B, 38 ) 4 B A B AL TR BE A )5, MR REAH L
4 FR s PERBIAKRKIEF, % 6 1 Chen A
(2019) B9 RMS 53 5 ' Repala #1 Dubey (2019 ) 15
RIAA L, BRI T 2. 198, Wang %5 A (2015) £ %1 5
% 4 1 Eigen 4 A (2014 ) BE 89 A0 o, RMS [ A%
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