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1. INTRODUCTION 4. DISCUSSION AND CONCLUSION
Land cover information plays an essential role for (1) The Google Earth Engine was used for data
: : : | 130 samples from field Classification Classification with non- PR . :
resource de\_/elopment, _envwonm_ental monitoring, survey TS T [ synthetic samples (Fig. 2) _acqwsmon and not_ for cIaSS|f|ca_t|on because the
and protection. Machine Ilearning approaches implemented algorithm of RF in Google Earth
based on remote sensing data are very suitable for Image pre-processing Landsat 8 median Engine is less transparent and more difficult to
C : : in GEE composite (fall 2018) _ _ _
efficient and accurate spatio-temporal mapping of adjust than in R. Further, there is no SMOTE-
land cover and change Qetectlon. However, mpst TR B 130 synthetic samples Classificatior syntﬁlee’:iscsgg:r?]tgl)ensvzg?g ) Algorithm available for the Google Earth Engine
real-world datasets are imbalanced and machine ' yet.
learning methods require sampling schemes with L . . .
ol hlgeven traininq cam Iepfreguenc Hence i 1 Workflow of this <tudv using the Gooale Earth Enaine and R (2) The classification with field samples (Fig. 2)
_ 1g. 1. VWOrKTiow O IS study using tne Googie car ngine . . . .
metghozi/s 0 reduce tr?e imbglanceqof datésets aré shows an overestimation of the majority classes
. . . while the minority classes are underestimated.
required. Synthetic sampling methods, such as the 3. RESULTS
Synthetic Minority Over-Sampling Technique ' (3) Using SMOTE does not provide much higher
(SMOTE, Chawla et al., 2004), were proposed to The classes 3, 4 and 5 are the minority classes The overall accuracy of the classification of the overall accuracy but the predictions of the
generate synthetic samples and balance the while class 1 and 2 can be considered as the original dataset is 0.6 and Cohen’s kappa is 0.41. minority classes gain in accuracy. The accuracy
dataset wused In many machine learning maijority classes (Tab.1). The confusion matrix (Tab. 2) shows that the minority of the predictions of the majority classes
applications for more reliable model assessment. classes have a higher class error rate than the decrease and are less overestimated. This is
Tab. 1: Precisi d Il of the cl ith and without SMOTE. - . | 1Fi |
D T TTREDIDR AE rReRT O T SEnees W ant e maijority classes. The overall accuracy of the SMOTE caused in the fact that most classifiers are built to
. MATERIALS AND METHODS g:tga:::r ELar::erofsamples 12 |3 | 4|5 lsum dataset is 0.63 and kappa is 0.53. Tab. 2 shows that create a preferably high overall accuracy which
Study area Proportion 037 | 036 | 01 | 042 | 0.05 the classes 3, 4 and 5 have a lower class error rate can be achieved through the optimization of the
. . L SMOTE | Number of samples | 26 | 26 | 26 | 26 | 26 | 130 when the SMOTE samples are used. The class error classifier for the majority classes.
 Agricultural landscape in the Guadalquivir valley Proportion 2 102 T o2 02 | o2 rate of class 1 and 2 increased |
in Andalusia, Spain (approximately 1000 km?) - (4) The spectral signatures of the Iapd.cov_er classes
: Tab. 2: Confusion matrix of the predictions with field samples (left) and In the StUdy area tend to be similar in autumn
The SMOTE algorithm produced 26 samples per with the SMOTE samples (right e
Datasets . and, therefore, are hard to distinguish. Seasonal
class. Due to the use of random samples in the g . .
| | . L eference Reference changes of the spectral signatures are very high
» Landsat 8 OLI, Median composite for 2018, SMOTE algorithm, the classification result and the 1|2 [3|4|5]| Errorrate 1]2]3]4]|s]| Erorrate o . .
! _ . . in this area wherefore further studies will focus on
created and downloaded via Google Earth accuracy vary. Therefore, we used 100 iterations 138/ 9 |1]0]0] 021 1165/ 4]0]0| 039 .. . .
Enaine. 7 predict bles (Band 2 to 7 and and computed the mean values of the accurac D 2014|302 1]0] 036 32 7 |9|5|2]|4] o066 classification approaches incorporating the
ngine, 7 predictor variables (Ban o/ an P _ . Y S 3/5|6|1/1]/0] 085 S 3] 2|2[19)/1]2] 02 seasonal land cover changes.
NDVI) kappa and confusion matrix. 2404 o|o]3] o044 S4lol1] 2185 o031
. i 503 (1/3]|0 1 5| 0 12|14 |19 0.28
* 130 ground truth points from field survey,
October 2018, with stratified random sampling
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