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Depth Map Super-Resolution Reconstruction Based on Deeply
Supervised Cross-Scale Attention Network
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Abstract: Depth maps captured by consumer depth cameras usually suffer from low spatial resolution. Depth map su-
per-resolution (SR) is an effective method to solve this problem. To improve the reconstruction performance, this paper pro-
poses a depth map super-resolution reconstruction algorithm based on deeply supervised cross-scale attention network. A
multi-stage up-sampling strategy is introduced. The loss function of the network contains the constraint on the output of
each stage for a deep supervision. A high-order cross-scale attention block is proposed to adaptively adjust multi-scale fea-
tures by integrating the in-scale and cross-scale correlations of multi-scale features with the attention mechanism. A bilayer
residual block, which contains inner wide-activated residual learning and outer basic residual learning, is used as the basic
component of network for more powerful ability of complex non-linear relationship learning. Experimental results demon-
strate the superiority of the proposed algorithm over several state-of-the-art depth map SR methods in terms of visual com-
parison and quantitative evaluation.
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block
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Proposed 60.33| 0.03763.05/0.008|58.41(0.025/61.02(0.026/60.730.029/60.14(0.025|54.02| 0.167|52.91| 0.255|51.16| 0.233/64.94/0.001|58.67/0.081

44

Bicubic |36.38| 5.507|44.05|1.465|45.80(1.488|40.52[2.75545.63(1.658/39.19(2.546|36.45| 7.207|39.04| 5.276(29.47|13.052/42.522.200(39.91}4.32

RCAN  [45.19] 0.470]52.80(0.125|49.35/0.315/49.45/0.308/50.93/0.295(48.00(0.265|41.61| 1.690/44.09| 2.204(37.15| 2.031{51.28|0.138|46.99/0.78

SAN 45.06| 0.565|52.90(0.128/49.70(0.31049.47(0.317|51.25/0.288|47.91|0.291|41.57| 1.804{44.38| 1.939|36.79| 2.236|51.06/0.175|47.01(0.81

ATGV-Net (44.52| 0.542(54.63|0.084{50.30(0.238|48.61|0.405|52.26|0.211{47.56|0.244/38.84| 2.670[44.70| 1.761|31.65| 4.697|58.05(0.041|47.11|1.09

DJFR  |36.73| 3.109|44.27|0.779|45.38|1.019/40.99|1.601{46.07(0.978/39.91|1.392|37.11| 4.570|39.22| 3.540(29.68| 8.252/43.32/0.993|40.27|2.62

JID 42.29| 1.238/49.73|0.417/48.56(0.61045.85/0.867|49.51/0.576|144.93|0.690|39.03| 3.157|43.18| 2.508|32.66| 4.699|49.38/0.427|44.51|1.52

MSG-Net |45.23| 0.550[54.94/0.08950.85(0.206/50.21]0.256|52.86(0.192(48.27|0.26039.85| 2.277|44.69| 1.581|35.48| 4.350|57.34/0.046/47.97(0.98

DepthSR-Net46.42| 0.224(52.35/0.056/49.97/0.152|50.22|0.161|51.54|0.157|48.40(0.137]40.77| 1.249|45.37| 1.12937.78| 1.171|52.01(0.014{47.48/0.45

RYNet [48.29| 0.236]57.11|0.049|52.66/0.160/52.06|0.161]|54.18|0.152{50.70(0.138|42.46| 1.193|45.48| 1.819|37.73| 1.286|60.28/0.019/50.10(0.52

Proposed |48.88| 0.219|57.13|0.047|52.37|0.150/52.96/0.138/54.30(0.146(51.63(0.136/45.17| 0.935(45.72| 1.966(40.01| 1.115/60.03/0.014(50.82(0.49

8 fix

Bicubic |33.39(10.534|40.79(3.098|42.75(3.075|37.38|5.600[42.23(3.610(36.144.967|33.29|12.932(35.99|10.268(26.31|20.858|39.354.454(36.76(7.94

RCAN  [38.67| 2.476|46.59|0.681/45.86/0.95542.98(1.366|46.88/0.912|141.40|1.189|35.38| 5.823|38.77| 5.798|30.30| 8.041|44.61/0.941|41.142.82

SAN 39.21| 1.637/48.26(0.425/45.71/0.841|44.23|1.008|47.08|0.75242.36|0.784(35.58| 5.010[39.01| 5.377|30.59| 6.432|45.31(0.574{41.73|2.28

ATGV-Net (38.15| 2.829/47.50(0.630[45.65(0.990/142.71[2.139|47.18|0.850{41.86(1.092(33.90| 7.339|39.01| 5.520|26.87(12.184|{47.27(0.406/41.01/3.40

DJFR  |34.43| 5.463|41.48|1.544/43.27|1.976|38.45[2.928|42.54(2.132(37.12(2.559|32.39| 7.674(37.27| 6.077|25.11|14.445|41.22|1.843|37.334.66

JID 39.27| 1.794{47.81(0.602|46.16/0.992|42.74(1.483|46.61|1.003|41.16|1.185|35.04| 5.403|39.53| 4.984(28.42| 8.064{46.35/0.622|41.31[2.61

MSG-Net |40.45| 1.411|49.24(0.356|47.34|0.609/44.53|1.04448.70(0.508(43.24(0.744(35.61| 5.625(39.31| 4.550(29.62|10.05947.79/|0.294(42.58[2.52

DepthSR-Net|41.02| 0.892(49.03|0.212|47.21/0.469|45.81|0.64848.47|0.417|44.23|0.420[37.36| 3.797|40.16| 4.105|31.30| 5.990/47.26(0.194{43.19|1.71

RYNet |41.94| 0.795/50.88|0.215|48.40(0.441|46.47]0.581/49.96/0.388|45.13|0.354(37.68| 3.226(40.97| 3.665(31.44| 4.899/51.26/0.142(44.41|1.48

Proposed (42.58| 0.696/52.09(0.166/48.110.455|47.55/0.495|50.27|0.358/45.300.351{37.09| 3.729/40.03| 4.606|32.22| 3.846|52.82(0.113|44.81|1.48

®2 ARFEREEGSERSHREZELERA PSNR(AB)H PE(%)LL R
Art Book Dolls Laundry | Moebius | Reindeer Cones Teddy Tsukuba Venus Ty

Jrik:
PSNR| PE [PSNR| PE |PSRN| PE |[PSRN| PE [PSRN| PE |PSRN| PE [PSRN| PE |PSRN| PE [PSRN| PE [PSRN| PE |PSRN| PE

Bicubic  [31.42(9.075|34.57|3.995|34.96|3.813|33.52(5.093|34.92(3.896|32.93|5.264|31.36(9.493|32.97(7.455|25.85|15.353|34.01|5.336(32.65|6.877

RCAN  [35.75(2.229|42.54|0.540[40.55]0.954/39.12|1.424]41.55|0.906|38.71|1.015|32.40|5.565|35.94(3.718|27.99| 8.457|41.12|0.803|37.57|2.561

SAN 35.67(2.067|42.60|0.542(40.90|0.912|38.94|1.329|41.67|0.875|38.38|0.944(31.94|5.642(35.91|3.514|28.15| 7.978|41.59|0.742|37.58|2.455

ATGV-Net (35.01|2.876|40.70/0.714/40.19(0.875|37.96{1.199(40.35|0.960|37.84|1.145|32.78|5.540|35.84|3.810|26.70| 9.325|39.57|0.979|36.69|2.742

MSG-Net |35.46|2.393|40.89|0.584(40.24/0.819(38.29(1.091|39.84|1.000|37.89|1.281|32.88|5.468|36.02(3.389|27.15| 9.580|40.02|0.750/36.87(2.636

DepthSR-Net|36.17|1.611|41.77|0.420|41.07|0.623|39.33|0.722/41.35|0.687|38.72|0.733|33.53|4.407|36.43|2.847|27.50| 7.502|41.58]0.366|37.75|1.992

RYNet |37.33|1.197|42.66/0.351|42.23|0.465|40.29|0.633|42.67|0.531|39.55|0.620|34.613.455|37.37(2.403|28.34| 6.264(41.37|0.330|38.64(1.625

Proposed 36.22(1.998/42.21|0.535|40.83|0.812(39.20(0.984|41.46|0.847|38.68|0.916|32.99|4.997|36.27|3.261|28.80| 7.489/40.58/0.810[37.72|2.265
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2) JID J7ik
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) RCAN 71

(d) SANJTH: () ATGV-Net 775 (f) DJFR )7

(h) MSG-Net 71

i) DepthSR-Net ¥k () RYNet ik (k) ARSCH ¥k

Fl5 Tl G IR Venus 845 23 Bl T AL SR A ILSE LL gL

REHLER . HAEA5] 20 DepthSR-Net Al RYNet J7
O A BB A S O T B R [ B 5k RCAN,
SAN Fll ATGV-Net, & W% (.05 B 5| AAT B T30l R
JE MG I AR SO Ik BAREEA SR A5 B EAT
IREUAS T e RCAN, SAN 1 ATGV-Net 5 )i #) PSNR #11
PE {H , *F-¥ PSNR {H £ 2 L HAT # A 5] 519 MSG-Net J7
PARE T 0. 85 dB, 1 PEH H MSG-Net [ T 0.371.
5 6 45 T 45 AR X MR 7 R K1E Tsukuba 8 £ %11
HHEGERK . A Z A5 50 DepthSR-Net Il RYNet J7
2 A P v B R S G B R R O L T AR S
AU SN S T W A VML IE i 2% .
b LA % WA A AL D8 BT B, UE S5 1 5310 X MR 7S A
k.
4.2.3 REBGESITXE

J T VAR R G R RE L A = AR BB 4
Middlebury, ToFMark FI NYU_Depth I JFJ& T 4 5% T
P E S . N 3 s, B R a5 i R E BIRE
# )5 ¥, 4 MSG-Net . DepthSR-Net #l RYNet, 75 £ %k 15
W EAVEBENL T RCAN, SAN Fll ATGV-Net. 73074
BRI A5 %, 78 Middlebury 1 ToFMark 7 £ K%
£ LA EUAS T 5 = PSNR {E A1 fIK PEE, 76 NYU_

Depth T B B % E ALK F RYNet, B 848 T H 4
k.
4.2.4 HBRLIE

AR/ INTS 8 3 Rl S R 43 BT I 2R PR R
DUHR , A% SC I 45 2 B2 PR A4 < s B B R T R ) A
P RG22 PR Z PR MBS . X RPN 4L n] LA
A ORI 28 B, e 4 B T 5 R A AR R
I 45 e B (C1~C5). C1 Ay LA Bk 22 B 21 B iy L A L e
W28 5 C27E C1 BEAl 38 i T v B 8 R e 3 e
C3 NIPKE 5% 25 B 4l T AUZ sk 25 8 C4 [RIIHE T T /=
By 5 R T o 7 B U2 5% 22 e 5 €5 2 A SC R 2% 1Y
SERELERY .

W4 PR, 5 CLATE, C2 F1 C3 BY-F- 14 PSNR {ELFI
V-1 PEAE# A BRI el RS T e s RUBE 3 5
BEHR R XZ 5% 25 4% A 1A &Lk, T C4 734 PSNR {H
FISF- 15 PEAE 3 — 20 S8 B0 E 1 e B i RS 3 2
B FIRZ 5% 22 B 45 A b . CS B T s i
PSNR A AR A B PE AR, 520 H TR W B 1 22 ik 24 31
B BB A LRI i 22 e A . TR
FEATYGUE T A S5 45 LA 0 A5 25501 0 A
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M ¥ 2% il 2023 4F

(d) SANJT¥: (e) ATGV-Net 77 4=

() MSG-Net J5 i (g) DepthSR-Net J5 % (h) RYNet J7¥k (i) ASCHB:

FEl6 AT TR P4 Tsukuba 8 256 403 90 B0 e 2 SO WS LU B
F3 =AREEREE R LR PSNR(IB)H PE(%)HL 84 15) oK 22 il PSNR 781k h 26, DLBGTE I 2Rl Stk . ANl &
- Middlebury | ToFMark | NYU Depth | ¥4 AR A ML, HIE 7 o LR T 2 6%
PSNR| PE |PSNR| PE |PSRN| PE |PSRN| PE KR PSNR Z8 (b i 28 . R 7 0] LLF H L b5 4
Bicubic 37.27 |3.516| 40.00 | 3.204 | 41.44 | 2.643 | 41.27 | 2.68 1Jﬁ E"]i j]ﬂ ’Eg}( PSNR Hﬁ%ﬁ%%ﬁglﬁﬁ%1ﬁ E‘]{ﬁ
RCAN 47.34 10.575|45.43 [ 0.656 | 45.84 | 1.023 | 45.90 | 1.00 ij , fﬂ E'MKE'EEJQJ_}I‘E/J)«%% , HEQI} 50~60 epochs Z,
SAN 47.39 10.606 | 45.58 [ 0.694 | 46.10 | 0.986 | 46.15 | 0.97 E;i@ﬁ%%ﬂ&ﬁiﬁ’ﬂk?‘.} %,Eﬁjﬁﬂ”%ﬁt&ﬁjﬂi@
ATGV-Net |47.34|0.787|45.23 |10.677 | 46.31 | 1.050 | 46.35 | 1.04 E'Affﬁﬂ/‘].
MSG-Net | 48.07 [0.691 | 45.47 [0.735|46.18 | 1.018 | 46.25 | 1.00 s N N . . N
DepthSR-Net | 47.84 | 0.369 | 45.59 [ 0.545| 45.88 | 0.830 | 45.96 | 0.81 %?1@4‘{5#[5‘]5&tK@E@%/ﬁE@&Q@,E@E%T
RYNet 50.34 | 0.354 | 46.75 | 0.554 | 48.02 | 0.694 | 48.10 | 0.68 62
Proposed 50.89 [ 0.342 | 47.15 | 0.525| 47.73 | 0.772 | 47.85 | 0.75 601
R4 HRMWREGE) sl
ETi] Cl c2 c3 C4 c5 sl
FES RS R | x N x N N g
AR 2 e x x N J J z 34
TR WA X X X X J = 520 i
SE45 PSNR 41.14 | 43.15 | 43.37 | 43.73 | 44.81 sol :X,}sﬁ?jﬁw
15 PE 2.82 | 206 | 199 | 180 | 1.48 — NYU Depth
4.2.5 ERUSHE 1T E) R SH BT T ooy 00 ®

FIE A TR 254X Cepoch ) Bif B 2 45 32 (1) PSNR {1 W7 AR RSB I A0 i T 45 5 PSNR 2k
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NVIDIA RTX 2080Ti GPU #il Intel Core i9 3.5 GHz CPU i
B ML L, X Middlebury F' 1080x1320 ¥4 J3 K44 7E4 7
R, SEREERNGR 5 PR . AR SO E st TR Ta) F4y B i
ik F 75 ¥ SAN, DJFR, JID il DepthSR-Net; 5 RCAN,

ATGV-Net,MSG-Net fIl RY Net # ., A< ¢ 7 vk AR T

FEVERSIRI R 2%, HI3kAS THERE LT . iesh, s
WFNAET UM SRR M SR BAF TR . RSO
WA KT DepthSR-Net A RY Net.

®5 REBGEZNTHETHEG)MEFAFHMB)LE

Tk RCAN SAN ATGV-Net DJFR JID

P[] 0.45 4.99 0.39 5.62 869.60
S AFIF A 16 15.7 — 0.5 —

ik MSG-Net DepthSR-Net RYNet Proposed —

I i) 0.37 1.87 0.71 1.17 —
WAEIT A 0.8 433 62.7 20.5 —

5 #Fit5HIT
ARSCHRE T — e R M I R T 2 T 445 11

JE RGO 4y HER L 2B T Rk is R
BEVE B B i 2 ) 22 ROBERRAE 5 ROBE AN RUBEE Y
B4R S PSR A3 e i 2 AN, SR 22 RUBEARFAIE 1Y 1 38 3
VRIE , DT 4 12 IO 2 A0 T BE 7 5 B30 1k A ) o Tm)ﬂﬁ
It UZ 5% 222 ) SR R 4 R e 2 2
AR W N TS 43 G N ] S S %—ij
iy AR S AT R, SEIR B I H Y . IR RE  AR
SCTEERUS T B PSNR FT PE 2 WL PEAN (8, I S 30
B0 AR R . XA e R T v B Y
TR R, PR B LA A v A S
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