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Abstract

Unmanned aerial vehicle can obtain high-resolution images quickly and accurately, which had
become one of the most important means of remote sensing data acquisition. In this paper, ob-
ject-oriented method of eCognition software is used to UAV ortho-images classification. ENVI
OneButton was used to generate UAV orthographic mosaic image. We selected the appropriate
multi-resolution segmentation parameters for image segmentation and optimal object feature
combination using optimization function of eCognition software. Finally, the nearest neighbor
method is used for classification. The results showed that the overall accuracy of the classification
was 83%, and the Kappa reached 0.8. The objected-oriented classification method of eCognition
software can obtain more accurate coverage information of ground objects. combined with UAV
technology and objected-oriented classification method, the surface information can be acquired
accurately by full use of the spectral ,shape, texture and other spatial information.
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Figure 1. Orthographic image of experimental area
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Figure 2. Segmentation results in different scale parameters
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Figure 3. Segmentation results in different shape parameters
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Figure 4. Segmentation results in different compactness parameters

4. TEIRMETHREILGR

AR, TR R, HAFGE IR .

LZEXNUARRES . BR. RHRES RN EIRCR, ARESHON 150, TBRSEMEREES
Hornl 03, 0.5 0, SEIMBCRESF. WiEH, b RSEMIBIRECVRIN, KA R EILFER . &
FE e ) 2 b A RE A 1t AR B ep 2 R, BRI (AR 1 BE B S ARt R L oKk . Al R
[FIRh A, AN R T 4 o I BUAS R 1% B

3.2. ®EIK

3.2.1. $FEEEE

YR B G — RIBIN REHE, AR RIS REEAMUEE GEE R ES TR, a8 E
FICHE R, AITIRAN 70 RAE S HERE oGS AL BT IS S B Bk, X ESREEA T DU ABG AR o
. eCognition £15%f FTi% (1) 73 FAFAEFEEA XS 5, T iR S RO 2 4 ek 45

TR E R, TEARSCIGH @GR . . KR R B, NS 8 AN, JRIERE B
(VK BEAE DA S e K 2257« JURIRHE R R BE LG TR SHOh I R R BE AN B, SRR o B 2K FE SR AR R
B35 R PEVE R EAT 2028 o TEIR BRSORRHIE R ZLEHIE R, 21— NSE4HE, eCognition 15 1)
B3N 2 . ZINARRHERZ , FEAR—E & . 7R 2 S BRIE TR, A,
PRI AR, BRSNS

eCognition FLA 73 REFIEIEFRAACKITIRE, 7EN TIEBIVRFER RS B PRI SE, TR AR
TR PR BS AR i gt R B R IR B IR KSR O, By, IR LA AR R LA S 4T B
IRFENER I RIS, AT Ve, WAt ds /NN R S A F M S5 & 1, Je N n] 40 BEES O 1.5592 (2 1).

DOI: 10.12677/gst.2018.63018 170 Wz kl2EH A


https://doi.org/10.12677/gst.2018.63018

o
I
i
4

3.2.2. k4R

eCognition H& 1 I A8 4 2835, KA N T 58 10 20 280 RAFE RN ZRREAREAS , [ Bhid SR A 23 ],
T A FRFAE AU, THEREAR S0 RAEE S, M7 2K, R B ok, — A5t REHE
X AZAFAE 2 (] P — AR, ARSI AEZSIA) G, 4 S U R R B T HOREAS o W SRR A A 22
(1) o S B — AN B S FORFAEAEL, SEPRFEAR IS, FEASYERFAE 23 8] P (R AE A B B 2 B 5 o B80T 2 2R AE AT
TE2S [ A 2 KRB R 5 S MG RE AR Z (R O BE B, K %A% 9 2850 R & BRI (E

EST I

MBI AR G5 R (K 5)RT AR KR X SRR B, KRR SE R, I FHE A H P $Rh

Table 1. Distance matrix between different classes

= 1. KBRS AR

el KAk R T8 % A H A A RS M HEN
KR 0 8.0445 5.8964 7.6494 6.7282 5.6001 10.4885 9.3781
it 8.0445 0 1.7256 5.2822 7.9406 3.8755 3.9128 6.2307
T8 % 5.8964 1.7256 0 6.8752 5.9144 29122 3.1726 3.3505
A H 7.6494 5.2822 6.8752 0 1.5739 1.7088 3.4885 2.8762
A 6.7282 7.9406 5.9144 1.5739 0 2.1432 3.2088 1.8511
i 5.6001 3.8755 2.9122 1.7088 2.1432 0 1.5592 2.3152
RS 10.4885 3.9128 3.1726 3.4885 3.2088 1.5592 0 2.9540

HEM 9.3781 6.2307 3.3505 2.8762 1.8511 2.3152 2.9540 0

@ HR

@ EFEH G

@EM

@ =R

@ #it

@ KH

L Top N

Ok

Figure 5. Nearest-neighbor classification
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Table 2. Confusion matrix
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Table 3. Classification accuracy of different classes and overall accuracy
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