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using satellite remote sensing images has become a research hot spot in the fields of computer vision and remote sensing.
As neural rendering implicit 3D reconstruction becomes more widely applied in the field of remote sensing, research on
neural radiance field (NeRF) in remote sensing scenarios has expanded, and various neural rendering algorithms have
emerged. Concepts and models, such as urban planning, communication infrastructure construction, digital maps, and
smart cities, require large-scale 3D reconstruction methods to perform better in urban areas. Urban buildings frequently
exhibit structural regularities, typically presenting geometric structures, such as cuboids, cubes, and prisms. This impor-
tant prior knowledge has not been effectively utilized in previous remote sensing NeRF algorithms. Therefore, this study
aims to introduce geometric structure constraints that are specific to urban areas into remote sensing NeRF 3D reconstruc-
tion algorithms. In addition, the rendering method of NeRF and excessive parameters lead to extremely slow training and
rendering time. The number of sampling points is determined by the training data, which are responsible for the training
and optimization of the entire target space. Reducing the number of sampling points may degrade rendering quality. There-
fore, to achieve fast scene reconstruction, optimizing the network structure is necessary, along with reducing its layers and
dimensions to accelerate training and rendering. Method For the 3D reconstruction of complex urban buildings, this study
proposes an improved strategy for rendering complex structures more finely and ensuring flatter planes of artificial build-
ings. During preprocessing, the method adds two adjacent rays to each training ray that do not participate in backpropaga-
tion. After obtaining the density information of a scene through a multilayer network , the method inversely solves the depth
points of the three rays and determines the surface points of the target. Based on the surface points, a set of surface normals
is solved. By using the clustering information of these surface normals, the surface information of the scene and normals
perpendicular to the surface is restored and clustered under Manhattan conditions. The three major orthogonal clusters
within the Manhattan framework are solved based on the largest cluster, and backpropagation is performed in accordance
with constraints, such as orthogonality and normalization, ensuring that the reconstruction target meets Manhattan frame-
work conditions. Training speed is slow due to the extensive computations involved in rendering. To address this issue, the
method uses multilayer encoding to reduce the complexity of the neural network. For coarse network sampling points,
which must learn the entire scene’s 3D information, multi-resolution learnable positional encoding is used to map them into
high-dimensional space. For fine network sampling points, which must learn detailed texture information, hash encoding is
used. Hash encoding optimizes network input by interpolating sampling points through multi-resolution grids, finding the
corresponding hash encoding data, and integrating multiple resolution hash encodings before feeding them into a smaller
network for training. This improvement significantly reduces the training time of the radiance field, achieving fast and high-
precision reconstruction of complex urban buildings. This method is implemented on Quadro RTX 8000 graphics process-
ing unit by using the PyTorch Lightning framework. The initial learning rate is set to 5 X 107" and decreased after each
epoch, and the decreasing factor is set to 0. 9. Result Experiments were conducted on four scenes in the 2019 Data Fusion
Contest (DFC2019) dataset, compared with open-source projects NeRF, Shadow-NeRF, EO-NeRF, and SaTensoRF.
Evaluation metrics included peak signal-to-noise ratio (PSNR) , structural similarity index (SSIM) , and digital surface
model (DSM). The results indicated that the proposed method significantly reduced model training time and produced
superior DSM and new view renderings for complex urban buildings compared with other methods. In particular, training
time under the same number of iterations was only one-third of EO-NeRF and significantly less than those of other remote
sensing NeRF algorithms. In datasets with a high proportion of artificial buildings, the method achieved the best metrics
among several comparative algorithms. In the 068 dataset, it outperformed other remote sensing NeRF algorithms, with
PSNR increasing by 0. 67 dB and SSIM by 0. 038 7 compared with the best-performing Shadow-NeRF. Similarly, in the
214 dataset, PSNR increased by 0.71 dB and SSIM by 0. 052 6 compared with EO-NeRF. In the 260 dataset, PSNR
increased by 0. 27 dB and SSIM by 0. 013 5 compared with EO-NeRF. The generated DSM demonstrated good accuracy,
with errors within 3.2 m of the ground truth in the DFC2019 dataset and less than 1.4 m in the 068 dataset. Conclusion
This study proposes an efficient rendering and reconstruction method that combines Manhattan geometric constraints and
multi-resolution hash encoding. The Manhattan framework generates surface points during rendering and calculates surface
normals for supervision, ensuring that the entire rendering space meets Manhattan framework conditions. The multi-

resolution hash encoding module introduces hash tables and learnable positional encoding, reducing the layers and dimen-



2586

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 7,Jul. 2025

sions of the original NeRF and significantly reducing training time. The experiments demonstrate that the algorithm signifi-

cantly improves modeling accuracy, enhances new view image generation quality, and reduces elevation estimation errors

in urban scenes, particularly in artificial building scenarios, while ensuring efficient training performance.
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Lo <2° <, (15)
X, 1, A ECE 3 BRG], 1, R B 43 5
2o
hy T AHAG 2203 BT G A RE A8 A i A 22
RSN 1 7 5 b A AR S T R SR
TSI A SCIIHESR il T HCRAE Iy R A
TR HEE | TC 1k A% S8 1 10 B H gk 17 2
IIBERRAE A SO HAB T 17— BT SRR R
W&o TR TR CRAERDGL R

r(¢)=o0+d (16)
d - Xend ~ Xgan (17)
|| Xend ~ Xtart 5

xR PG I ST 1R A A, 7R
PR B OCER F AUBR I IR AE R 0 AR I o s
AR A D RS SRR 25 ) 1 31 FHAE , LLORAIE 22 93 Bt
REEHS R W W 7RI B RS [R] b X T
AR SRAE A e, )1 IBOCHRAE R 10 e vy R AR A Y
e FRAEL , 8 I AR A0 O AR PR B3 55087 19 121 A aabb,
HAR Ny
aabb = ((min {x,}_ ;. min {y;}'_ ,,min {z,}}_,),
(max { &}, max {y,}/_ ,max {2} ) (18)
2.3 MHASHPERERBEREE
AT Z2 00 PEARIG A G i 0R0 B 2 PR
BEAY A B 0 46 A7 B S B I 24 R 22 4 01 7 22
JZBIHL (multilayer perceptron, MLP)ZH A%, @& 2
JIER B PAT IR QT < X5 T 45 2 19 4 I 2% 1) RA:

25 )45, B SE X028 ) HEAT 203 B AR 0 A0
()23 (37 B, SRAS A 23 R T I TG 44 P T
H AN 23 R B A bR ECH () sRAS T A A 1]
REITHEAT B , A5 BIRRAF [ 4y J5 PR AR IR
A ETR BRI 4 Ay X TRLIN 26 o g
FRANSRBE B AR A HERIZ T P45 38
e 2 A A (BB J2 6 ) A 1), DT ARSI
BT S5 HEAT 94 TH B RAE 40 1 5 2 AR A 1]
fiby. TERRZARETAHES R Ay B A— A2
HEREI A ZE 2% m (1, & ), Horr o F 9 46 v A5 )
N ENEEE S &
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3.1 XWiRE

245 32 BR FH AU/ IEEE GRSS Date Fusion Con-
test [ %3 £ (DFC2019) (Le 55, 2019) o i ] 1 5K
Quadro RTX 8000 [ GPU (graphics processing unit) X}
B GEAT N R, WA 7 ) R 5 x 107, IR
epoch J& HEAT I I8 , b I8 Al T M 0. 9 SEIETESS
3 YEAR A 5 50 Manhattan 855, A SR UEAR 7
— B, 2 PR A i Rk TP SO EICE
BEAE T = 2", K = 2,n = 16, X 258 S 5008 15 2 1
ZUT T AR, XTSRS 2
JERRZE 28T 5 L T 2200 BRI A G 512 O AE
ZRAETE, IS Y 8 )2 256 4R il 22 W 28 Bl B 4y 4 )22
128 4k 1A 28 B 2%, DRAIE T AN SERLAY I 2 ik
A% 3C 14 PyTorch-Lightning FE 42 , 12 HE 42 J2: X
PyTorch HE 42 i) 41 52 L KA 2k, 52 A AT e M e
5, PUGEE 5 vl B B AR R B 2 ) A A ), 75
g rh Ml TAH R I GPU LA K S B R . B
XL B9 77 V548 B T JT U3 H NeRF | Shadow-NeRF |
EO-NeRF SaTensoRF (Zhang #1Li,2023) .
3.2 iEMIERR

Xof TR I A AR L AR T BT SR T LR
FH B9 1615 {5 M E (peak signal-to-noise ratio, PSNR) ,
2E R AL (structural similarity , SSIM ) F1 %% 7~ 3% 1]
#5174 (digital surface model, DSM ) /E & PFAf 58 72 it
HAYFEPR . PSNR J2& — i PE A B4R T 12 19 2 WL b
A H T Z RS, S A T 30~50 Z [H]
i, R B85 0 LY B AU AR B /N iR 22, A
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Fig. 2 Network flow chart of improved multi-resolution hash coding

3.3 KIMERKEXTLE
3.3. 1 YIZkita s Hr

AT VA T AR SCT B 9 BT AE DFC2019
(data fusion contest) %05 45 HL %) 4 >3 50 F A0 U1 2k
BT RIS B0 o AR EE T At ) 228 S 22 4 5
S AR SO I S e I R () 7 T e LR 4T
T 224 HE 50 7 i A 4 L SR R ik 31 TR
PRI bt (] L BB PR AR G 1 B i . HLAAR I Rt
) 4n 2R 1 R, H A B B AR =2 FE 10 X epoch T
SEMA IR o XF T IR NeRF 892, Holl 2 i [] 1k 51
8 h DA b HLE QRO — i, PR LA I A Jlkd7) 5¢
IR T 23, X} F Shadow-NeERF 53, 1 T
FOIMA T BB A ey Je i LA T W AR
T AR I F AR P 25 45 58 J2 JiL NeRF B IL 0 2 12
2, B ATETE Y] R T NeRF AL, 2 11 h
PL Lo EO-NeRF 2 B T 6 I8 (1) — 20k LK B 5% —
HE, IEAE VI LRI H] 5 Shadow-NeRF A8 #2301 .

SaTensoRF 512215 R A 5 B RRIE FH 2240 4 5 R 1
TR /D T 222 4 R, HoI R R Rk
/N

RSB TIAT 253 R 05 F i ik
5 NeRF M 25 1) 22 2 ) 48 FLASC ek /1N 3] 3 )2 128 1Y
W2, R AE VI s B ik TR £, YN kit 14 h
EO-NeRF 1 1/3 , A Lt T HoAth g B 28 4 S 7 il
AUk D T YN ZRBsf [] |, 33 158 BH A i R B A 7R - 3
Z 0 BERG A LR > T RIS A
R IR D T BT (R I R ], S 2R 3T InEseiR
3.3.2 JEPRCERT

A VAR T AR SCHT 2 H 1 575 7E DFC2019 £
i 4 BLAY 403 55 T B0 AR T eSO L L P 4
B3 512 PSNR 1 SSIM . 38 2 F158 3 Al 50, 4 L F
Al 3 JE P 28 A O 3 B, AR SCORD L 7E PSNR A
SSIM L AHXT &S o T AETE YL B Boin A T Manhat-
tan HESL (1Y 29 00, 763853 B 4R 19 5 5t rh R BT
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®1 TEDFC2019 ##EEE_ERYIZRET ] LL A4 R
Table 1 Comparison results of training time on DFC2019 dataset

Jrik 004 214 260
NeRF 8 h 15 min 8 h 52 min 9 h 43 min 9 h 03 min
Shadow-NeRF 11 h 25 min 12 h 43 min 14 h 05 min 12 h 05 min
EO-NeRF 15 h 43 min 16 h 30 min 18 h 21 min 16 h 07 min
SaTensoRF 5h 53 min 6 h 12 min 6 h 35 min 5h 43 min
AL 4 h 15 min 4 h 57 min 5 h 12 min 5 h 28 min

T L SRR 5 8 B A2 2R

AR ST VA EE AL 3 R I T b X A2 2 R )
AL, 068 214 F1 260 5t i g A& BN Ir o 25
B B B85 A SN A 2, A v B D BB S R b T 3
#F & Manhattan HE 28 5 45 75 YL 0384 . 7F 068,214
1260 & 5 I, GBHE B A5 24> XF LUk th R L 45
bro 7E068 5t b, A SCHT 4 I B 0 T At 1Y
T SR 2 58 B 3 R B U 1) Shadow-NeRF
EL 7 0. 67 dB [ PSNR 0. 038 7 114 SSIM,, [A] A 1,
1E 214 35 |, L EO-NeRF & 1 0. 71 dB /it PSNR FlI
0. 052 6 1Y SSIM, 7£ 260 7 5t I+, [k EO-NeRF 5 )
0.27 dB %) PSNR F10. 013 5 [ SSIM, i 004 37 5 K
0 AR 2 /N TR SR B R R S PR Ry K A B
AR SR bR 0 R B AT 5 L ME LUK 316 &2 Man-
hattan HEZ2 i) H A , PRI AE 3 2080 4 B AR SCO7 i
(1) & 0 AH X T H Al A LA SRE T FRCR AN, 1
S M BARSR T AR ST 8 H 10 B0 R 30k T b DX 0 4%
N B Z WO T , o] ARG i A 0 H o ) T
Y fn) @,

&l 3 J&7E DFC2019 4 8 1 AT ML Ak 9 1 L 2%
B B 15482 AR s S . BExT
Jof B U2 35 R T AR AR R . TRLE AR S

&2 FEDFC2019##EE FHIPSNR LB 4R
Table 2 Comparison results of PSNR on DFC2019 dataset

PSNR/dB 1
Irik
004 068 214 260
NeRF 18.07 11.02 18.37 13.80
Shadow-NeRF 25.22 23.59 23.25 21.51
EO-NeRF 25.49 23.17 23.78 22.32
SaTensoRF 24.98 22.06 21.56 21.22
AL 25.29 24.26 24.49 22.59

TE IR F IR FROR & G B R R 1 7 R (R BT

&3 TEDFC2019##E5& LI SSIM LR E R
Table 3 Comparison results of SSIM on DFC2019 dataset

SSIM 1
Jrik
004 068 214 260
NeRF 04202 05696 0.8125 0.4020
Shadow-NeRF  0.8102  0.8652  0.9060  0.790 8
EO-NeRF 08556 0.8545 0.8902 0.8340
SaTensoRF 0.8056 08344 08671 0.8049
AR 0.8435 09039 0.9428 0.8475

TE N PR RIR S SRR T 7 RN (R

SRV AT DA B AR R L R T g IR AR A SRR
e L RE M HUS IR . 7F 068,214,260 ) 5%
I RSO REE AR AN R R AR S R o
WA 3 R, 3% 3 A B S 1 3 b T X, H g 4
T REMNGEERY T TIRZ R T
Hi T A5, L2 R 2 I — A | Manhattan HE 42
FEAD PR CRE F S i, 235 X 2645 & Manhattan F5#1F
() B AR AR LA T RS, TR b AT 3 R S 2 HLAT IE
2 ) G B AR AR AR BT (A5 A S A 2 1
FOIFHE GhZ SR, MTE 004375 |-, Manhat-
tan AITE B A VE FH IR I S, DO %37 S 36 AR ok
AR T IS4 KR MO A AN Manhat-
tan HEZE (AT HE A% 1 , AR TR ot B P A e HURB X P-4
{14 b, TR R /D50 43 B4 S LA R A AT, LAt 1 DX S
231 AE Manhattan 45 84 , -7 16 4 39 18] 9 50 B
U738 AT 2y, PRI LR R 3] — A A5 , (H
QURKEE ST

WK 4 78, LA DFC2019 B4 T 1Y 068 F1214
Y b, 50 1 AT 80 N 068 S75t v ) B B ) A 2
T, B 2 AT EE R 214 s AT T A XA RE 4
[l 858t L A SC 4t 9 Manhattan {235 . AT 04K
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Fig. 3 Rendering effect visualisation results

((a) ground truth; (b) NeRF; (c) Shadow-NeRF; (d) EO-NeRF; (e) SaTensoRF; (f) ours)

4 3T U A SCRETE X A SR ) 548 Ak
7R AR, TE 068 37 50 T, A U pk 7 b J A
SR G I RO S, ARG A B 12, e A% B A S0 T
YIS AN A B BRI £ Manhattan 2514,
[Fi 1oy 3 8% {72 A 90 1D S NP8 o 7 NeRF ok Ak
HOER R AL, B LIS et BL T A, Shadow-NeRF %

(b) NeRF

(c) Shadow-NeRF (d) EO-NeRF (e) SaTensoRF

TR T oK LB RER , SaTensoRF 431 445 % T 22 A 4
PR G5 M, 3R Vi YL i 2 T A U — B — AP
L EE R . EO-NeRF 767 Y i o B0 T 355 28 3R
T8 T BT 14 ) [ B, T AR SCORE A REAT 5 Ak 2 LA
AL i Y M R R R T A AR

K4 068 F214 5 94015 AT MLALSE R
Fig. 4 Detail visualization results in 068 and 214 scenes

((a) ground truth; (b) NeRF; (¢) Shadow-NeRF; (d) EO-NeRF; (e) SaTensoRF; () ours)
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214 1260 5, 13X 3437 50 P A7 A Manhattan
HEZR Y N S 2 AR SO s8R B . 25, Herp
068375 iR 2ZE/NT 1.4 m, K52 DFC2019 K4
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A5 1) B0 3 TSR 1) P Ak 25 R, L i 1) X
Sl AR e H PR BTG, 1€ B 2T 11 X 3R 3 HL g A ik
o MBI A s al LUE AR SO LR
XN i g 0 Ak B B AT AR K P B, e R AR
DFC2019 45 4 1Y 068 . 214 F1260 37 57 . AT
PR ZERAT LA 1, B T3 B AR 2T E i il
T HEAT T kR A5, P L T A 2 T B 2R 3 T —
AR HTE b A SRS TRl IR A B2
IZEALT Shadow-NeRF 532t H B4 2 8] v (9 D 52
METEY . Hw, WEAHE& Tl LUE 1
DFC2019 Fdli 45 19 260 Y5t e m 2SR i 47
B A5 AH .38 S TR 1, 220 e VA AR AN B
AR ey Hbu v G R i A B, AR SO I AR A DSM
AT DAAR B S i 3 4% I B IR, PR ORI R A%
h PR AE AR Y b g 2 XA T Manhattan 2544 . 28 b FT
A SCRRAE H AR SR 3R 18 A AL 3R AR 75, 7E
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Table 4 Comparison results of digital surface model
quality on DFC2019 dataset

DSM/m |
Ik

004 068 214 260
NeRF 5.607  7.627 8.035 11.97
Shadow-NeRF 2.031 1.663  4.418 3.449
EO-NeRF 1.456 1497  3.923 2.235
SaTensoRF 2.125 1.857  4.265 2.954
AL 1.602 1372 3.190 1.874

T LA I R AR | 7 FR (EB N

Sy 55 B R R THT AT VE Y I SRS 4, 1 T ) A
ST AR T A X SR R B S . R,
B b T2 (8] (0 7% 22 E YA AR GF , AIE 6 the] LUE
HE 0 DAL 65 BE A T et O 3 4, T AR A X FE
SRR A DI (R MY . TR 214 5t
b AEXT IR AT R B AU A AR TR T
YUy ARGFH R TR, SR R R T AR
TIORS 40, 33 150 B A% SCA5 7 %) Manhattan AE 22 763X SR
R e HAEAL R 7 B R3] TR K MPE R

R (e) AL

(d) SaTensoRF

K5 ForRmsiaa sALSs R

Fig. 5

Digital surface model visualisation results ((a) NeRF; (b) Shadow-NeRF; (¢) EO-NeRF; (d) SaTensoRF; (e) ours)
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Fig. 6 Comparison results of detail parts of digital surface model

((a) NeRF; (b) Shadow-NeRF; (¢) EO-NeRF; (d) SaTensoRF; (e) ours)
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