%45 A% 11 9 T RRFFIR Vol. 45 No. 11
2022 4 11 A Journal of Chongqing University Nov. 2022

doi: 10.11835/5.issn.1000-582X.2022.11.010

KT Segnet B 45 FLERS 7 > i 4% 515 X 5545 28 AL Al

AR E B R RT
(IL.ERARIRF BELHFRIAEAFR,ENW 650093:2. = A3 RSRILR TN E
MAF KRN AT P, R 650093)

HEMANREABLETEEARSZATHRE S LT AEMNE E G P A, & H—F KL T Segnet

YA d AP AT R YL TGN T %, B4 HKIELETSUNAMI 2 47 7 )| 4 5F 2+ 4%
%Lﬂ‘ > F )2 55 R JE KB Segnet M & 3F 4 5 A R AR 3E 4715 U 2], & )5 235 U o B 4 R AT
EMEL AR EREFBFRFHERN, TRARBULZTHREEZ. RARAMAZ, L5
¥ M F % (SVM , support vector machine) VAR % F ik 271X 2 AR JH AT L LI, H —47F
B2 A A 65.1%.72.1% A= 81.4% s 5 — 132 64 M5 5 A A 66.5%0.70.6%.82.2% , %
LREAVRBO T EEAIZHERAMNEE, THARTESHE RETEEFRER R L,

KFEE :Segnet ML ;T A3 3 ;4T AR HAL; TiEN; L HaEMN

RE S ES P237 XHEkARAERD A X EHS:1000-582X(2022)11-100-08

Complex street scene change detection based on segnet network

and migration learning

YU Xiaona', HUANG Liang'**, CHEN Pengdi*
(1. Faculty of Land Resource Engineering, Kunming University of Science and Technology,
Kunming 650093, P. R. China; 2. Surveying and Mapping Geo-Informatics Technology Research Center
on Plateau Mountains of Yunnan Higher Education, Kunming 650093, P. R. China)

Abstract: The use of multi-temporal panoramic block images is of great significance for monitoring urban
development and assisting government decision-making. However, due to the influence of solar rays,
ground spectrum and shooting angle during the process of collecting data, it is difficult to obtain high
precision by traditional methods. Complex neighborhood changes information. To this end, this paper
proposes a method for detecting image change in panoramic blocks based on Segnet and migration
learning. Firstly, the data set “TSUNAMI” is pre-trained and the training set is classified and merged.
Then, the Segnet network is used to semantically segment the panoramic block image, and the semantic
segmentation result is subjected to difference calculation to obtain the change result map and evaluate the

accuracy. Experiments were carried out to select two groups of panoramic block images. The maximum
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likelihood method, the support vector machine method and the method proposed in this paper were used to
compare the two groups of data. The accuracy of the first group was 65.1%, 72.1% and 81.4%.,
respectively. The accuracy of the second group was 66.5%, 70.6%, and 82.2%, respectively. The
experimental results show that the proposed method has higher detection accuracy and can provide technical
support for urban violation investigation, post-disaster reconstruction, and ancient cultural relics
restoration.

Keywords: Segnet network; migration learning; panoramic block image; change detection; support

vector machines
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Fig 2 Segnet neural network structure
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Fig 3 Schematic diagram of migration learning
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Fig 5 Data of the second experiment
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Fig 6 The first set of experimental results
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Fig 7 The second set of experimental results
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