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An Automatic Three—Dimensional City Reconstruction Method with Space
Adaptive Division and Attention Guidance Based on Aerial Photography Data

LIANG Shuning, TAN Shihan, GE Wenyi, ZHONG Juan, WANG Lutao
(School of Computer Science, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract: Mainstream method for scene reconstruction based on urban neural radiation field (NeRF) is to divide the entire scene into multi-
ple regions. However, in unmanned aerial vehicle (UAV) aerial scenes, once the flight trajectory changes and the scene distribution is un-
even, the segmentation efficiency of existing methods is low, making it difficult to handle the details of images taken at different heights of the
same scene, resulting in poor rendering quality. Therefore, an end—to—end attention guidance framework is proposed. Firstly, utilizing camera
pose for adaptive spatial partitioning to address the efficiency issue of non—uniform scene segmentation; Secondly, extracting and fusing the
most relevant features of the target view from images at different heights to enhance details and solve the problem of high fidelity rendering in
aerial scenes. The experiment shows that the proposed model achieved the best performance on both the urban scene datasets 56L.eonardv and
SCUTic, with a rendering speed improvement of over 65% compared to the most efficient methods currently available.
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Fig.1 Process flow and visualization results
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Fig.2 Space adaptive partitioning and attention guided processing flow
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Fig. 3 Selection of boundary camera and similar camera
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Table 1 Performance of different methods on the 56Leonardv dataset

%1 56Leonardv##EE _FAREFEHIERE

Method PSNR 1 SSIM T LPIPS |
Mip-NeRF 23.337 0.709 0.354
Grid=NeRF 23.765 0.802 0.161

Switch-NeRF-2 24.162 0.562 0.496
Bungee—NeRF 24.513 0.815 0.160
Ours 25.302 0.835 0.149
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Ours Ground Truth

Fig. 6 Rendering results of SCUTic dataset
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Table 2 Performance comparison of different methods on

SCUTic dataset
%2 SCUTic#iE&E E AR EMRELE
Method Partitioning PSNR 1 SSIM T LPIPS |
Mip-NeRF X 22.401 0.716 0.319
Switch-NeRF %2 18.801 0.480 0.599
Ours [ERGIA 27.602 0.846 0.109
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ANE 5] BB e PR BE A
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WK 70 5 3951500 43R 24 XS, PSNR L SSIM 43531 P A1
6.292 dB.0.242 dB, LPIPS #£ 7} 0.339 dB; @ Jo i 5 ML i

o BT AL 0 FEARBUAR AL SR R oRe S B X
AR B, IR A 1E XA AL, PSNR L SSIM 43 i) B A%
3.231 dB.0.208 dB, LPIPS 4 F} 0.341 dB; @ JCFE1F $2 5L .
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Table 3 Results of ablation experiment

R3 HELRBER

Method PSNR 1 SSIM 1 LPIPS |
Jozs | 43X 19.010 0.593 0.488
Tl Fk st 22.071 0.627 0.490
TCRHESREL(N = 0) 22.971 0.727 0.288
Tei & J151F (Maxpooling) 23.520 0.741 0.262
SERE T 25.302 0.835 0.149
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