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Abstract

Blind people, as a vulnerable group, deserve attention for their clothing, food, housing, and trans-
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portation, among which transportation issues are an important reason for the blind group to stay
away from society. This article proposes an improved depth estimation algorithm based on Den-
seNet to solve the problem of blind people being unable to perceive surrounding obstacles when
traveling. Firstly, information loss during the encoding and decoding process can lead to inaccu-
rate depth estimation. In order to reduce this problem, RHAG residual mixed attention groups are
introduced in the skip connection between the encoder and decoder to enhance the model’s abili-
ty to recognize detailed features and improve the accuracy of the model in restoring depth infor-
mation; then, the AdaBins post-processing module is used to optimize the depth map to better re-
cover the depth information of RGB scenes; finally, ACB asymmetric convolution is used to replace
the convolution of DenseBlock in DenseNet, enhancing the model’s feature extraction ability by
enhancing the convolution skeleton. The experimental results show that the accuracy of the im-
proved algorithm is improved by 3.04% and the root-mean-square deviation is reduced by 3.39%
compared with the original network. Compared with the current advanced depth estimation net-
work MonoDepth, the accuracy has been improved by about 2.2% and the absolute relative error
has been reduced by about 1.3%. The algorithm in this paper can obtain more accurate depth in-
formation when depth estimation is carried out through a single RGB image, which is superior to
the comparison algorithm and meets the requirements of edge computing devices, and has certain
practical value.
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CNN), I FH 4 et ROEE 28 KBS Al v 37 SR B2, P R AORS 40 RUBE I 25 AR Ak JR 45 2. 2015 4F, Liu 5%
N[TIHEH T IR E BRI R0 F sk RGB B IR FE AT Tl « 2016 4, Laina 55 A [8] 1 JCKs 7k 22 W
% (ResNet) W FH BITR FE Al v1-4008k, F ResNet 1E A 4nfid S P2 UG B+ & HFHERE, F R8sz bk = 3
FRTE (5 B - DenseNet [9]/2 LA ResNet ALl A, 52 3] ResNet 18 &, & WA N T8 FE A 114535k
2017 4, Jung %5 A [10145 A2 B X P 2% 51 NIRBEAG THE, AR AR ARAE 3 5 B AR OREE I, 0500 9%
I A R TR B RO EOSEIR B . 2021 4E RanFtl 28 A [11] 8 W3R A R0 5 A0 B AT 1
Transformer [12]45#) % et BRI W ZG R HURRAE , I8 I @l & =30 5 42 R TR = 0 RE S SR 15 B vk i M IR TE A5
B 2022 4, Yuan 2 A\[131M04L T 4 EBEA L7 (Conditional Random Field, CRF), i K A 4> Bl 2 A
W, WEAEEN CRF, MItBRZENEZ XK, EREM RS FIE T REFIER.

HAET, AT LR ERER, Wit smckgE 2, HEEROR, MELEIH TME
NHATHIA G4 b BT TR E AL TRE, FEHREUREE B L X R0z Ty T P
P, LA E N AT B34 BT B Sem PRI P, AR SCHR T —FhE T DenseNet fI5 H R BE Al 1
B, FETTERERE— T LA

O BRI AR % 2 B B ERE, 5]\ RHAG (Residual Hybrid Attention Group)sk Z R &
RN, BiEHE 2B E, 1Em iRt FE IR B L 2w A i uERf I, A R0 TR IR FE A THREFE .

@ TEfARRDESZ 53N AdaBins AEH i HARFAE EIEAT 42 R e it 4 A, a4 Jei A 2 A0 A i Hh AR FE
K, DAH IR E RGB EHE R EE E .

@ K5 R 2% B AR B ol ABC (Asymmetric Convolution Block)JE % Fr Al b, 1858 F5: AR 42
PE R BN PR AR 77, DLERFHR BEAN TR

2. DenseNet-169 PI4& 43

DenseNet-169 /4% 3= A% 4 /> DenseBlock 11 3 4™ Transition J2[14], il 1 FFRTR.
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Figure 1. DenseNet-169 network structure
[E] 1. DenseNet-169 M4& &5 H+[E
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K AANMEATAE I 715 E RIS BUR AR, R gmis 3 5 i 28 2 (B IRk BRIERE, Rle
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Figure 2. Overall network architecture
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Figure 3. The structure of RHAG
[ 3. RHAG %R ERAEE A

114 3 fiox, RHAG 5 %2> HAB (Hybrid Attention Block)JR-&73: & /15, —~ OCAB (Overlapping
Cross-Attention Block) B8 & 58 S yF & S — AN 7k 22 1842 10 3 x 3 BAZ[15]. HAB B & [ B iE
B IHLHFEE R LRI R, I8 45 A AN R AL i = USRS SE 2 R 2, RIS e R
SRER, COEFERSIR. £ HAB Y, B NIRRT 0 — AL BE, AR B D3 = ALK
FHEERI Y B TN RASE O, HFESAE O AT R EERE T, a7 DU I R R S R 50 X )5S Bk
BE. BTk, Wik @EEE v s NS RE R, R RS BRMEMEEAT IR, MG E 2142,
B Je B B VAR R WL R R v R 0L B BRI, R R i B S N RFIEAR . OCAB 5k
WA EINEESLGERNE, FHEOWBOEGERE BT ER, @ E O oER:, LA
EAIFIERIBIIRE ST, TR IR P Al TS5 HI M B

3.2. AdaBins &

HHREAG T, BT St R R DORIR AT R, Bildn: 207, BARSEEEH RS
IR AR SRR 50 AT AE — BNV A, 17 2 R T 37 5 £ P A5 55 R P 5 W] BE MR 2% S
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FE M5 Aifi . AdaBins BEERIEEH U] 4 From o

R
i —

3x3 Conv 1x1 Conv Output:
Depth image
hxwxI
t 1x1 kernels
o 4
Bin widths:b
— gl Transformer aaall MIP [
Input:
hxwx128
16x16
Conv

Figure 4. The structure of AdaBins
4. AdaBins Z5#4[E

HA mini-Vit Block 24 Transformer 514, 256 RIB&HE B2 R AME S, TR EEHE 5 ] fg
ML Z B AR TR B4\ 3 mini-Vit Block, 2258 p x p K/ A 2037 (Embedding Conv)#% 54
B AN (RSP 5K, ARy Transformer [%iIA[16]. 2 JEid@id MLP 2 H—1b 5 IR EE BRI N
HENREX AR T, A RITH DR EEE (b, ) THE A HO8:

b it
C(bi)=ymin"-(ymax_ymin)[zl-'-_Z1 j] (2)
=
A Y A Y i 70 1T B A F TSR B 1) e KB A B /M

ZEki R EIET A 1 x 1L EBUZ 3 x 3 EFIZRSRIGEFEZ /1B R (Range attention
maps). ZJa, JuHEEEIE R A 1 x 1 HEFIZMAE] N @iE, HdET softmax Bul, WM BNRERIGH
OAER MR IMAR[17]. &5, H5 softmax 13 B FIRER AR R IcH 0 (b)) RIEA SRR MER
I 2R A

9=Zc(bk)Ek ?3)

M
k=1

A E RS kOEIE, Hr R MEERIEE Y B R AR AL SR kA IX TR

3.3. ACB EXFREFRIR

ACB FEXI R AT LB AR R 135 7 T d > d BAU%, TEHERLR BOAR TR BRI TH AR 1)
AIEE R, TR MHERIZE. ACB Hi(d x d). (1 xd). (dx D) =MEBUZAMR, —AFA7 AT At
JI T RIE I B G AT 1 53 o

XETHINRHER 1, e HO M LB, HO MBS, PSS REETINERREIR, 5HO
AIH @ B2 RN A | BT AR B 45 002 —Bur[18]. @) Fr, X 7 htt4 ACB 4k
X PR AR REAE IR I 1R AR A (R R, SOASIE I o9 255 HE PR BN B A AT o B
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Figure 5. Asymmetric convolution block

&l 5. ACB FESTHREFAILRL

4. IRERE S
4.1. BIEsE

SIS HCHE S 12 H AT 532 5w I A EE SR NYU Depth V2 [19], [EJFER F 1285040 2 dk A7 o7
AR XA B s 2 A2 AR Kinect ) RGB A Depth A4S0 1C 3% AOME AT 71 41 R, T 2 Y L 9 0.5~10 m,
4 407,024 i RGB-D E1§ %}, Ho 1449 fkbrik i RGB EUG AL, KE 3 My, w5 464 4
WS, PRI 640 x 480, b 795 i RGB-D % H FI1%%, 654 1F RGB-D E{§ % FH Tk .

4.2. SKEWHE ST IR

ARSI HET Ubuntu 20.04.1 #:/E R4, WRIEH WA K/NN 24 G 1) NVIDIA GeForce GTX 3090,
python A< A 3.7, cuda iR A< Jy 11.2, %] Pytorch 1.7.1 HE4 ., 2% >] %4 B > 0.0001, batch size & & N 4,
epoch % &~ 20,

B IR FEAR TR PPAN PR AR 2 B T BT R B S SR P AR AR R . H BTN
AT PR BMERS I (a,8,,8, ) BITTIRIRZE (RMSE) . X B T ARIR 22 ( Loy )~ AEXTANS iR 22
(AbsRel), FHARAKUTA:

(A
max(i$J =a <1.25' 5)
d 4,
B aR 2
18 - v
RMSE = Wi;(di—di) 6)

it
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X HY IR R 2
Liogi0 =%2igN log,, d; —log,, di‘ )
A0 AT 1R 22
AbsRel :iz ‘di _ di‘ ®)
IN[i&

Hop N REERAL o BRI MR BTSRRI TR T
4.3. SRREER

4.3.1. jHRASCIS

N T BEUE AR SR HA I SR Sk SR T B R VR RE R S, DA SCREANE LA &P, 7E NYU Depth V2
ot 5 EEAT I RS X EE AT .

ME 1 ATRAEH, S5EMZMHELL, 51N ACB B, HEMZFRSET: 74 0.3%, RZE T 74 0.2%,
IGAE T ACB JEXT R B A HUE T @5 5] N RHAG B2 J& , #R B{E #ER 70 ) LT+ T 1.41%.0.9%-
0.1%, HITHRIRZE TRET 2.7%, XTEITREZERD T 0.3%, Z0AH Rz T 1.2%, Uil T 7ESw
Fith 8 AN AL 2 22 1) (O BRI IE B2 B NIR 2R A VE R DALRE A SR THRALRS FE . 51\ AdaBins fibk s, 7Y
BB RS FEHETT T 1.62%. 0.82%. 0.2%, HJ7iidinzs NFE 1 1.9%, XHIYTTHRGEZE T T 0.29%, X AH
SFIRZEFEE T 1.67%, Uil T IEMASHARE R G, 43l AdaBins Ja B 5 BE S 4T DK 2 3% iR
GO [FIR B S A A, BV RESSIF 2] THRTE, RIB RN =AM 5 AR 5 T e
PRIk BIRAR, E—DURUE T A SCHE 1 S0t SR ms R AR U (1 B2 PR R R FE Al v R RE AR 1k

Table 1. Results of ablation experiment
1. HRSLIg AR

Groups Methods a a, a, RMSE Liog1o AbsRel
0 Ji X 2% 0.8652 0.9712 0.9932 0.4612 0.0539 0.1298
1 +ACB 0.8684 0.9745 0.9933 0.4588 0.0545 0.1285
2 +RHAG 0.8793 0.9803 0.9945 0.4337 0.0508 0.1176
3 +AdaBins 0.8814 0.9794 0.9952 0.4419 0.0510 0.1131
4 +ACB + RHAG 0.8806 0.9810 0.9945 0.4324 0.0506 0.1167
5 +ACB + AdaBins 0.8838 0.9799 0.9948 0.4414 0.0508 0.1129
6 +RHAG + AdaBins 0.8943 0.9841 0.9962 0.4298 0.0493 0.1019
7 +ACB + RHAG + AdaBins 0.8956 0.9845 0.9965 0.4273 0.0489 0.1013

432. FEERZH

N T D IR AR SCHRE H ) S A SR (R A B, L SCHR AR AN R R SR AT T IR A R L
SRS, SAAE AR F 1 2R 48 NYU Depth V2 BEATIIZR, Widk 2 BioR, @sEseserf, SCRR[20132 4 1 —FhoF
FAIER 2 ) LA Bl 7 R R P Al TH IO 50, 5 SCHR[20] 9 VPN R bR AT X L, BUEAS % oy, a,, 8, 2003
TFT 4.96%. 1.1%. 0.25%, HJTARIZZEN T 3.7%, WEIITRIRZER DT 0.4%, 4ixf HRHR 2R
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DT 2.17%, WS T REFIIZE R . XFEE MonoDepth [21], BMEAS B a, $-TF T 2.2%, ZEXtARXHE 2D T
1.3%. ME BT (1 A FEUE I 1 AR SCRUVR A R, @ P BRSO, AE I Tk RGB MR 3R
BT REHA TR

Table 2. Comparison of different methods on the NYU Depth V2
52 2. NYU Depth V2 #iim&E ERE773A%TEE

Methods a a, a, RMSE Liog1o AbsRel
Eigen [6] 0.769 0.950 0.988 0.641 - 0.158
Laina [8] 0.811 0.953 0.988 0.573 0.055 0.127

Xu [22] 0.811 0.954 0.987 0.586 0.052 0.121

Fu [23] 0.828 0.965 0.992 0.509 0.051 0.115
Alhashim [20] 0.846 0.974 0.994 0.465 0.053 0.123
MonoDepth [21] 0.880 0.962 0.982 0.473 0.054 0.114
Ours 0.895 0.984 0.996 0.427 0.048 0.101

an.
2
i

(@) JHEK (b) MonoDepth (c) SCHR[20] (d) Ours

Figure 6. Comparison of depth estimation results
6. RERITLERITEL
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TEE BT b, T B BRASOTVERR S, 1 6 s T A T77%Y5 MonoDepth 13
R [20] /) J7 2 000 R B R g AT xS b, et g R . B — %R R LR RGB H, JE = AR IR
MonoDepth. SCHR[201F1 A SCe0dk 503253 M BEAT R BEAL TH R A3 B TR BE L, B HR AT LA B AR SOV BRI
R E s P A 585, I BAES = W s A BN B, B e AR AR X I, ST
F0T He AT LB B R AR SRR TR FEAS B ORI o 28 — AT bR v R M 6L 55 1A M 22+,
MonoDepth K& SCRR[20] B0 1 70 Ab BE ) 45 RABOR . 238 AT b RIA G RSFIA R+, &K
CEEESRE BT IR AR s S AT R T A v R, MRS AR RN T, AR SCRIE AR
IR VD RER T BIATT s SEVUAT AR kR IR+ 2R L, R A SCRE R H B S s R i 2
I
4.4. ASTIHRMIR

WE 7 R, FESEBR s A SO IR 2 AT UR FE AL TF, R I R, IR
HET DL R ORISR, TR A S RERE I K S A GG R, T2 RN TR .

HIE L S T A, ASCOR R R RAFIIZACRE ST, T DR EF BTN E A B AT Hh Rl 21 o Behs 4 e B
B, BA—Emse .

(a) ESEH 5

i

(b) TR FE

Figure 7. Real scenario test results
7. ELIGFEMAER

5. RGBT 5 aBEEIE

N PR AR S O B R IR A T A SE bR TAR RIS, RS A EISRTE BUE HE
FI ST AR EAAT S . SEIRFE T = RS NVIDIA Xavier NX i1+ St it 7 32 AR kE A B
BTN RS, TiR& N NX, MiEk& N Airg20 AIFEEIR Range Pi. b, NX 3247355 HARiRH] .
BE RS T DA S B AR 5 B2, Air820 f 7 GPS EAr FRfElkaill. Fiksifs . 24T LD3320 1)
BE LIRS, FRIRST 5T 5C U RUFHIThEE. & 8 NEEA RAHITFEHE R o

FEASCHR I SRR AN H B FE Al TH FE A SRR AR RE AT I 47 RGP A7 XS EESkER, T
TR B T, XU H VR BEAS T ESLARIUCIC R B 2% 7 KRB T, HEeik B> 4 Wik A, A
SCH R BEEREA B 21 MR A I EE, 2 TR N AT, O RS e U i S SR PR S 1 A AR
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Figure 8. Flow diagram of monitoring system
8. MEMARGURIZHERE

6. FRIE

NT ERE NHEAT I, ARSCHR T — P T DenseNet 5L H IR FEfh v by, A T E RGB
B R EEAE S, ARG S AL A BR S o S8 AR 4 A5 < 1A SLBRER I 51 N RHAG 7R 72 TR
BERAA, SEARMEEAIE, MAREMEREE, REERE TG EM KRR, SCIE
I AR FER R ROR s 51N AdaBins AEHRT AT 40 1 AORFAIE B HEAT fo A BE, S 4R e T R FE AT
R FENE B HEP USRS, BRI IEIR BRE /), SRTHIRIE AT RS . S
SEILRA, T O SO B VR TE B ALy 89.5%, ZaXTAHXT R 2y 0.101, PRIz A BE S BT
(K1 H IR B TR o [R50 308 BIA AR I L4 NVIDIA Xavier NX i 2 5 A AT I 547
PR SEI I 2R, B — B S OME . R SR AR 5 R IR P i TR R ) L 2k T, [
I PRI T SREAE 0 8 BIA S N IS AR, SRTHE SRR, I B ek, SCBEE A
I H AT IS R ) ) e DU P B 420 o

E&InE
SO FEREAE FT(E SR B ) T B B RS FEA-ZK [2021] 5 A4 001 % B,
&E ik
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