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Fig.1 Part of training sample interpretation logo library
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Fig.2 Contrast picture of remote sensing images before

and after processing

Al A B TE ENVIS.3 H1 i 47, 2R H NNDiffuse
Pan Sharpening 575 #F 47 & Rl &, it 7 145 21 /Y
gk X F AR | ar BADE I (E B Y 6E S 2R G 1R

B RO A Rl & T i S BB . &A1 m oy
BER ) ZO0 IR (05 2R i b B 28 A Dy
T, DA 0 2 S5 3 35 A 00 AR 5C A5 SR B0 B
il R AN 3 R .

JRIG AR

MSS#fg |- »|  PAN¥{%

-DEM%Hi— RPCIEHHMZIE —DEMEdE—»

\J

\J

MSSIESHA% PANIES#(%
($Rfita ) (R PR
> NNDiffusefili &% <—,
[FlSE S ZE

3 MARER
Fig.3 Sharpening flow chart

F 50K 14 53 Ry 5 R 28 < TE A A A 550 357 3R £
FEZAS TR b Ay, HG v U W W) 0 9 s = AR R K AR R
Mo B B 525, T Inception-V3 AU E 1T 12 #5
2 > I WO 2R TE — BR8N B A B A — 2



% 2 4

B — A T R 4 o T R AL R g 40 1B BB B el SR 3K A S O i 317

iy, A s R AR TR S Y R R
A%, PR MG 0 203 ok RT3 B B R — SIS R ) Y
HE . M T Inception—V 3B B X} T & il R ~F A
— i BRI R R R RO R3S —h 1224 X
22418 K o I, T OREGE S 5 ) J R B A (1Y

() RIEBYRIRR

(b) RERTEHR

W5 N s B AT e £, 9F HL IR — 28 3 i s ¢y 17
AL E % BT B A BT A AR RIRRIE A 4
Oy S SRR RORE AR SRR i), FEh 1 4 (a) J T R TR
AR TR B s SRR 3, &L 4. (b) Ja T T AR A8 7 A 5 e v
PR SRR 1T 4Ce) & T/ INBY A R SRR 3

(©) NEIEF B

B4 EHHREEALEBRE]

Fig.4 Sample of different types of construction waste
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Fig.5 Contrast map of data volume of various ground

objects before and after data enhancement
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Fig.6 Data enhancement results

(take construction waste and buildings for example)
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Tablel Parameter setting of inception-V3
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Fig.8 Training curve of construction waste identification model
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Table2 Confusion matrix of model recognition effect
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Automatic Recognition Method of Construction Waste based on
Transfer Learning and Retraining Model and High—score
Remote Sensing Data

Zhu Yinuo',Gao Ting', Wang Shudong', Zhou Lei"*, Du Mingyi'*
(1.School of Geomatics and Urban Spatial Informatics, Beijing University of Civil Engineering and
Architecture, Beijing 102616, China;
2.Beijing Advanced Innovation Center for Future Urban Design, Beijing University of Civil Engineering and
Avrchitecture, Beijing 100044, China)

Abstract: At present, a quantity of urban construction waste is constantly produced and seriously accumulated,
and its utilization rate is low, which endanger the urban ecological environment. The recognition of construction
waste is the technical basis for the segmentation, extraction and monitoring of construction waste. However, it
is difficult to identify and monitor construction waste due to its complex characteristics, the scale difference and
spectral difference of remote sensing image. In this paper, a method of automatic identification of construction
waste based on transfer learning and retraining model is proposed. Firstly, a sample bank is constructed accord-
ing to the typical remote sensing features of construction waste. Then, based on the advanced international deep
learning environment Tensorflow, the Inception-V3 model is retrained by using transfer learning, and the rec-
ognition model of construction waste is obtained. After verification, the overall recognition accuracy of construc-
tion waste can reach 94.88% . Compared with the traditional manual identification methods such as aerial photo
monitoring and field investigation, the method studied in this paper has higher efficiency and recognition accura-
cy, which can provide a technical basis for real-time monitoring and accurate management of construction waste
in the whole process.

Key words: High-resolution remote sensing image ; Construction waste; Transfer learning ; Automatic recogni-

tion; Inception—V3



