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Visual Odometer Based on Attention and LSTM
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Abstract: In recent years, the use of visual information to estimate the pose of the camera to realize the
positioning of unmanned vehicles has become a research hotspot. Visual odometry is an important part of
it. Traditional visual odometry requires complex processes such as feature extraction, feature matching,
and post-processing. It is difficult to solve the optimal situation. Therefore, a visual odometer that
combines attention and long short-term memory ( LSTM) was proposed in this paper. The convolutional
network was enhanced by the attention mechanism, which extracted motion features from the changes
between frames. Then, the long and short-term memory network was used for timing modeling. The input
was a sequence of RGB pictures, and a pose of end-to-end was output by the model. The experiment was
completed on the public unmanned driving KITTI data set and compared with other algorithms. Results
show that the error of the method in pose estimation is lower than that of other monocular algorithms, and
through qualitative analysis, it has good generalization ability.
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Fig.2 Basic framework
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®1 CNNHWEESH
Table 1 Parameters of each layer of CNN

W45)2 R PR R EEEE
Conv_l 7x7 2 3 64
Conv_2 5x5 2 3 128
Conv_3 5x5 2 2 256
Conv_4 5x5 2 2 256
Conv_5 3x3 1 1 512
Conv_6 3x3 2 1 512
Conv_7 3x3 1 1 512
Conv_8 3x3 2 1 512

ConvLSTM 7E LSTM Z544 ) 5Ehtl F#kA T T elodk | #AX
AR T Ok R & 4 it 5 R
1B T DLRE Gy b2 ) ] 9 2 ) RRAE.
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LR

L=0(W, X, + W, «H _ +W.oC,_, +b,)

fi=o (W, s X, + W, xH,_ +W,oC, | +b))
C,=f,°C,_, +1i, ctanh (ch * X, +W, «H _, +b,)

o,=c(W_ =X, + W,w «H _+W,_,°C, +b,)
H, =0, otanh C, (1)
K o 2 sigmoid {%Uﬁlzl’%‘ﬁl # NEFBE; o 2
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Fig.3  Attention model
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B RENIA BRI TR E KRR

Loss= X I[Py ~P 1348, 1 @, ~b,, 13+

| Py =Py 248, | @y =By I3 (7)
Kif P B YRR | R REAHE I R AR
FIUREAf 3 B, D, 43 WA 6k REAS $2300 1 B A B9 05
B, P, \@“,szJpzjﬁ‘%Uﬂﬂ Ground Truth FJ{iz
B RUEES. B, B, 4 1k I A 7 0 A0
FiiR2E R I T-

2 SLIGHR

RSB R R Nvidia GeForce 2080t 1)1l 2k
A CPU M Intel 298 E5-2673-V3. {EE
I HEZR Pytorch T HEATHH G B L MBI H]
Adam ( adaptive moment estimation ) ff; fk #5 #£ 17T 100
A~ epoch IR, F 2% 2 5 R 10 x 10 72, [R]ES
5| A Dropout F1 Early Stopping 4% AR B 1A= AY i 451
. i 4 e A TR BEIRT R R DR/ 1280 x
384 NZRmf & H] 2 B B3R GPU #E47 [R] ISk, Y1 5
1 /> epoch 7522 0.1 h £45.

2.1 ZLHRHIRE

KITTI Visual Odometry'"®'J& Geiger 25 T I A 7%
BB AR . AT TR & A VO BUE
SLAM %835, KITTI Bdls 4L/ 11 A7 31 {5 S ansk 2
F7.

KITTI VO benchmark 4154 22 g5t E A,
BN R S A AUH S BT — R 5 A
A AREASC R E SR E R EHE . H

&2 KITTI HEEHF5100-10 58
Table 2 Information of sequences 00-10 in KITTI

52l FArag KEARRST  BRKE/m

00 4541 1241 x376 3724
01 1101 1241 x376 2453
02 4661 1241 x376 5067
03 801 1241 x376 560
04 271 1226 x370 393
05 2761 1226 x370 2205
06 1101 1226 x370 1232
07 1101 1226 x370 694
08 4071 1226 x370 3222
09 1591 1226 x370 1705
10 1201 1226 x370 919

H1F 51 00—03 (19 A RSTR 1241 x376, )75 04—
10 AP A IRSE 1226 x 370, 09 1 756 9 45 Xt iy A8
P ER B A R i RS IR 32 Sk 1280 x 384.
22 ANFHI R A 1 AL T A B 7 R
NSRS 11 970 #7775 = as AR S oY 2 TOE /RN
AR T B ) dob 2 A 4 S 43 s P R A T B R v
ik 90 km/h. SVAME BN 2 FR.

2 R 3 i A TN E A 1 T R R R A, AR S
8170 08 LIRTHYFEZI X ALC-VO BERIFEAT IS, 33k
P B B AT I E , SR 5 08,09 .10 J#
FIXF ALC-VO BRI T, I k8 A6 4R 1) T
A R ¥ oS E ARBILHR 8 ZE AL AT R 2.

2.2 il&EiE

B, B e R AL (S 502 2T R m, Loss
Mz &l 4 proR. ASLmd n gk & 4 [0.40,
0.20, 0.10, 0.05, 0.01], Loss H£&RIJT 44 T P45
R, Jo T = o ABEAL R} 8 5 e Al » = 0. 40
Loss M E A3 AEH B &, ;X AR 9 S 505 I ik i 15
W 265 3% 5 5 4 1 1k B TR RE R o R/ (i
0.01) , IS AW SIGH & 7] B8 23 K02, T 22 5 K 1 B[]
AT BT 1) M 25 B4
2.3 REDW

N ZRAF 9 ALC-VO £ B ZE UK 4R 5 51 08 |
09 .10 #4700, OF 5 Hl Je i 1) VO REe kAT
Fe# it KITTI VO/SLAM ‘B J7 BT 97 A7
PP . B2 K BE Sl 100 ~ 800 m, i H.V5 45 3 & A A
W (Rt R 4 s R H R ) |, BF 4 48 F5 A
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K o0 CCLHJ\SC-SFNIIeanuﬂinjE?ﬁ&,ﬁEﬁﬁ]’Zijtf%ﬂﬁﬂﬁ
R\ AT, ST ERA FLOW-VO (A RATHI I, X
730 ey RS aen) U i e o EAN X b/ R L K B
7000 e FH Ol AL - Fr 32 5 %ﬁ%%ﬂlﬁiﬁfﬁﬁ@a‘ﬂ%
aTe VIS02-S-VO 5 VIS02-M-VO ¥4 % FI1& 58 )5
4 R Loss 25 R VO BSEIL, PIE AR Z AR LT VIS02-M-VO
Fiﬁ‘l Iirﬁzimﬁlzmgte AR, VIS02-S-VO WA . T Al

PR 1R 22 e e i 25 AU 44 J5 AR IR 22 (RMSE) . fE

WET R PBIREH AL, r IR 2 4 53R
RH
t:SlS—Sp (8)
r—% (9)

KHes ﬁﬂﬁﬁ%%ﬁﬂ'wy o NIRRT
Mﬁﬂ@ﬁgﬂmﬁwmm%mﬁ
ARV BRI b BASRBLNER 3 o,

B2 071 W SEEROR B VIS02-S-VO 5 VIS02-M-VO
FE KITTI 0 4 1 3 5 b i AT K. Wl S i,
BT SAy A S 7 e B A VO 75 ) 6 728 K i 0t
TR R £ B 09 - RMSE. 7] LA 3|78 3¢
B4 5 2 He VISO2-M A H VO BB E s (H
JE L VIS02-S-VO MR REEAL. IWEIACKE | B
THAHB VIS02-S-VO , A SR ALERL T HAR 1
H5. (HREE LIS S BN, ALC-VO 113
ZH MRS R 2 ?%EP@%/MJJJL_
JE R PREAREAS , PR I I 45 76 T30 5 252 3l T S A% A
T i S I AR A 1 3% 22 T K.

K3 BAEFBMEERE

Table 3 Translation and rotation errors of each method

ALC-VO SCHR[19] Deep-VO-Feat CC SC-SFM Learner
741 r/ r/ r/ r/ r/
t/ % . /% . t/ % o /% . /% o
((®)m™) ((°)m™) ((°)m™) ((®)m™) ((?)m™)
08 5.91 0.0150 13.42  0.0420 9.15 0.0364 8.46 0.038 1 8.55 0.0354
09 9.12 0.0350 11.34  0.0408 9.07 0.0380 7.71 0.0232 7.60 0.0219
10 7.88 0.0343 15.26  0.0412 9. 60 0.034 1 9.87 0.0447 10.77 0.046 3
SEIE 7.63 0.028 1 13.34 0.0413 9.27 0.0361 8. 68 0.0353 8.97 0.0345
VIS02-S-VO VISO02-M-VO PCNN-VO FLOW-VO SVR-VO
5]l r/ r/ r/ r/ r/
t/ % B /% . B o /% .
((°)m™) ((°)m™) ((°)rm™") ((°)m™) ((°)rm™)
08 5. 65 0.0127 19. 39 0.0393 7.60 0.0187 9.98 0.0544 14.44  0.0300
09 8. 80 0.0336 9.26  0.0279 6.75 0.0252 12.64 0.080 4 8.70  0.0266
10 7.56 0.0321 27.55 0.0409 21.23 0.0405 11.65 0.0728 18. 81 0.0265
SE4{E 7.33 0.026 1 18.73 0.0366 11.86 0.0282 11.42 0.069 2 13.98 0.0280

2.4 HTATHNK

Y BRI AT E 4B, B ALC-VO | VISO2-
S-VO ,VIS02-M-VO ,PCNN-VO ,FLOW-VO SVR-VO
TEFH1 09 .10 Ak T 0932 sl 47 7 nl Ak b
A 6 . Bl i S B 7 A R

Wﬁmiﬁ@ AL 5 PR RS AR

FLLE Sl IR, T ALC-VO BEEAE /4 1
/JTEM: F VIS02-M-VO ,PCNN-VO ,FLOW-VO  SVR-
VO, BHE TIHSHLE. HZ ALC-VO IR B2 mE
fisF VIS02-S-VO. JF A —, VIS02-S-VO J& W H 5
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Fig.5 Errors of different algorithms based on four indices
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2.5 JHBLEIR
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AR YN LR LA k. SCsi 25 R an sk 4 iR,

CNN B LW FB iR ZEN 12.32%, e R E N
0. 046 0°/m W7 & ) 450 Hplie A3 CNN o -
FEIRZEFRANE 8. 25% , HEFE TR 25 R#AK 2 0. 035 0°/m),
BSUE T LSTM Z5H AT 25, % LSTM 4544 Btk
AZE] CNN Bk SF iR 2 IR 2 8. 83% , e iR
ZEREARE 0. 037 0°/m, B0 IE T A SCHE B ik 4 Rk 2
PR, K 2 N5 R A S CNN Bk
FEIRZERFINE 7. 63% |, e R 2= N Z 0. 028 1°/m, 55
UE T AR SCRR L AT .
2.6 IBfTIEREXTLE

TS, R B T T G (4 R ] AR SO A ] 39
HEAT T X b, BRI N 5 s, MR LR AR
SCEEFTEFER I EME T SVR-VO A1 PCNN-VO, {2
ST FLOW-VO. 7EFRERBUR T AR LS E T
FLOW-VO M4 254, [R) B A% SORE RIS T 2 0
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Fig.6  Motion trajectories generated by different algorithms on sequence 09 and 10
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Table 4 Error results of different network structures
ALC-VO CNN +LSTM CNN +1EE T CNN
Fr31
t/ % r/((°)-m™") t/ % r/((°)-m™") t/ % r/((°)-m™") t/ % /((°)m™")
SER{H 7.63 0.028 1 8.83 0.0370 8.25 0.0350 12.32 0.0460
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Table 5 Time comparison results of different methods

Jrik WA T ]/ ms
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