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Abstrakt  
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×ÖÙÖÝÕâÕąȭɯ5àÉÙâÕàɯÉàÓàɯËÐÍÌÙÌÕðÕąɯÔÌÛÖËàɯðÈÚÖÝńÊÏɯĪÈËȭɯ/ÙâÊÐɯÓáÌɯÙÖáËùÓÐÛɯËÖɯËÝÖÜɯðâÚÛąȭɯ

Prvnąɯ ðâÚÛɯ áÒÖÜÔâɯ ËÌÛÌÒÊÐɯ ÓÌÚÕąÊÏɯ ×ÖÝÙÊÏļɯ ×ÖÔÖÊąɯ ×ÌÙ-pixelových a sub-pixelových 

ÒÓÈÚÐÍÐÒÈðÕąÊÏɯÔÌÛÖËȭɯ*ÖÕÒÙõÛÕùɯÉàÓÖɯÜŉÐÛÖɯ×ÌÙ-×ÐßÌÓɯÒÓÈÚÐÍÐÒâÛÖÙļɯ-ÌÜÙÈÓɯ-ÌÛÞÖÙÒȮɯ2Ü××ÖÙÛɯ

Vector Machine a Maximum Likelihood, které byly mezi sebou ÝáâÑÌÔÕùɯotestovány a 

porovnáÕàɯ×ÙÖɯÙļáÕõɯÛà×àɯËÈÛɯȹÚɯÝàÚÖÒńÔɯ×ÙÖÚÛÖÙÖÝýÔɯÙÖáÓÐįÌÕąÔɯɬ Landsat a Sentinel; i 

ÝÌÓÔÐɯÝàÚÖÒńÔɯ×ÙÖÚÛÖÙÖÝńÔɯÙÖáÓÐįÌÕąÔɯɬ WorldView -2) pro detekci land cover ÊÏÙâÕùÕńÊÏɯ

území. Z ÝńįÌɯáÔąÕùÕńÊÏɯÒÓÈÚÐÍÐÒâÛÖÙļɯËÖÚÈÏÖÝÈÓɯÕÌÑÝàįįąɯ×ĪÌÚÕÖÚÛÐɯklasifikace Support 

Vector Machine. Z hlediska sub-×ÐßÌÓÖÝõɯÒÓÈÚÐÍÐÒÈÊÌɯÉàÓÖɯÝàÜŉÐÛÖɯ2×ÌÊÛÙÈÓɯ4ÕÔÐßÐÕÎɯÔÌÛÖË. 

KÖÕÒÙõÛÕù ÉàÓàɯ×ÙÖɯÛÝÖÙÉÜɯÍÙÈÒÊąɯ×ÖÝÙÊÏļ ÝàÉÙâÕàɯËÝù Machine Learning Regression metody 

ɬ Support 5ÌÊÛÖÙɯ1ÌÎÙÌÚÚÐÖÕɯÈɯ1ÈÕËÖÔɯ%ÖÙÌÚÛɯ1ÌÎÙÌÚÚÐÖÕȭɯ.ÉùɯáÒÖÜÔÈÕõɯmetody se jevily 

ÑÈÒÖɯÝÌÓÔÐɯĶðÐÕÕõɯ×ÙÖɯËÌÛÈÐÓÕąɯÚÛÈÕÖÝÌÕąɯÚÛÈÝÜɯÝÌÎÌÛÈÊÌ. Z obou testovaných metod se Support 

5ÌÊÛÖÙɯ1ÌÎÙÌÚÚÐÖÕɯÔÌÛÖËÈɯÑÌÝÐÓÈɯÑÈÒÖɯ×ĪÌÚÕùÑįąȭɯ#ÙÜÏâɯðâÚÛɯËÐÚÌÙÛÈðÕąɯ×ÙâÊÌɯÚÌɯáÈÖÉąÙâɯÜŉÐÛąÔɯ

dat Landsat a Sentinel-2 k ÛÝÖÙÉùɯðÈÚÖÝńÊÏɯĪÈËɯÚɯÝàÜŉÐÛąÔɯÝÌÎÌÛÈðÕąÊÏɯÐÕËÌßļȭɯ* tomu je 

ÝàÜŉÐÛÖɯÈɯËÌÛÈÐÓÕùɯ×ÖÙÖÝÕâÕÖɯÕùÒÖÓÐÒɯ×ÖÔùÙÖÝńÊÏɯÐɯÖÙÛÖÎÖÕâÓÕąÊÏɯÝÌÎÌÛÈðÕąÊÏɯÐÕËÌßļȭɯ

'ÓÈÝÕąÔɯÊąÓÌÔɯËÙÜÏõɯðâÚÛÐɯÉàÓÖɯÜÙðÐÛɯÝÏÖËÕõɯÝÌÎÌÛÈðÕąɯÐÕËÌßàɯÒɯËÌÛÌÒÊÐɯËÐÚÛÜÙÉÈÕÊąɯa stavu 

ÍâáÌɯÖÉÕÖÝàɯÓÌÚÈɯ×Öɯ×ÙÖÉùÏÓõɯËÐÚÛÜÙÉÈÕÊÐȭɯ/ÙÖ detekce disturbancí se jevily jako vhodné 

zejména indexy NDMI, NDVI a Tasseled Cap Wetness. Z hlediska pozorování  fáze obnovy 

ÓÌÚÈɯ×ÖɯËÐÚÛÜÙÉÈÕÊÐɯÚÌɯ-#,(ɯÐÕËÌßɯÑÌÝÐÓɯÑÈÒÖɯÕÌÑÝÏÖËÕùÑįąȮɯáÌÑÔõÕÈɯËąÒàɯÝàÜŉÐÛąɯ×âÚÔÈɯ26(1ȭɯ

(ÕËÌßɯ-#,(ɯÑÌɯÔÖŉÕõɯ×ÖÝÈŉÖÝÈÛɯÑÈÒÖɯÝàÚÖÊÌɯÙÌÓÌÝÈÕÛÕąɯ×ÙÖɯ×ÖáÖÙÖÝâÕąɯáÔùÕɯÓÌÚÕąɯÝÌÎÌÛÈÊÌȮɯ

ËÖÒâŉÌɯËÌÛÌÒÖÝÈÛɯÐɯ×ÙÝÖÛÕąɯÚÛâËÐÜÔɯÒļÙÖÝÊÖÝõɯÒÈÓÈÔÐÛàȭɯ/ÙÖɯÌÍÌÒÛÐÝÕąɯá×ÙÈÊÖÝâÕąɯðÈÚÖÝńÊÏɯ

ĪÈËɯÑÌɯáÈɯÚÖÜðÈÚÕõÏÖɯ×ÖÒÙÖÒÜɯÌÍÌÒÛÐÝÕąɯÝàÜŉąÝÈÛɯÊÓÖÜË-ÉÈÚÌËɯÛÌÊÏÕÖÓÖÎÐÌȮɯÒÛÌÙõɯÜÔÖŉĚÜÑąɯ

ÌÍÌÒÛÐÝÕąɯ×ĪąÚÛÜ×ɯÒ ËÈÛļÔɯÐ ×ĪÌË×ĪÐ×ÙÈÝÌÕńÔɯÍÜÕÒÊąÔɯ×ÙÖɯá×ÙÈÊÖÝâÕąɯðÈÚÖÝńÊÏɯĪÈËȭɯ5 této 

×ÙâÊÐɯÉàÓÈɯÜŉÐÛÈɯÈɯÖÛÌÚÛÖÝâÕÈɯ×ÓÈÛÍÖÙÔÈɯ2ÌÕÛÐÕÌÓɯ'ÜÉȭ 
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Abstract  
 

This dissertation thesis deals with the study of forest ecosystems in the central Europe with 

the time series of multispectral optical satellite data. These forest ecosystems have been 

influenced by biotic and abiotic disturbances for the last decade.  The time series of the satellite 

data with high spatial resolution allow the detection and analysis of forest disturbances. This 

thesis is mainly  focused primally on free available Landsat and Sentinel-2 data, these two data 

types were compared. From methods, the difference time series analyses / algorithms  were 

used. The whole thesis can be divided into two main parts. The first one analyses usability of 

classifiers for detection of forest ecosystems with per-pixel and sub-pixel methods. 

Specifically, the Neural Network, the Support Vector Machine and the Maximum Likelihood  

per-pixel classifiers were used and compared for different types of data (f or data with high 

spatial resolution ɬ Landsat or Sentinel-2; very high spatial resolution ɬ WorldView -2) and for 

classification of protected forest areas. The Support Vector Machine were selected as the most 

suitable method for forest classifications (wit h most accurate outputs) from the list of selected 

per-pixel classifiers. Also, Spectral Unmixing methods were used for sub-pixel classification. 

Specifically, two Machine Learning Regression methods were selected to create forest cover 

fractions ɬ the Support Vector Regression and the Random Forest Regression. Both studied 

methods were found as suitable for analyzing forest cover in detail, the Support Vector 

Regression method seemed more accurate. The second main part of this thesis is focused on 

using Landsat and Sentinel-2 data for creating time series charts. For this purpose, the 

difference and orthogonal vegetation indices were used. The main aim of this part was to find 

the most suitable vegetation indices for detection of disturbances and for  evaluating of  the 

different  of recovery phases. For the detection of disturbances, the NDMI, the NDVI and the 

Tasseled Cap Wetness indices were suitable. For the recovery phase detection, the NDMI 

index was most suitable, thanks to the abilities of SWIR band. The NDMI index were found as 

universal for observing the disturbances  / recovery phases. Additionally , the NDMI index was 

usable for detection of the initial stage of the bark beetle outbreak. For efficient time series 

processing, the cloud-based technologies can be used, which allow fast access to the data and 

pre-processed functions for creating time series charts and maps. From the cloud-based 

technologies, the Sentinel Hub platform was used and tested. 

 

Key words:  time series; Landsat; Sentinel-2; classification; vegetation index  
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NDMI   Normalized Difference Moisture Index  

NDVI   Normalized Difference Vegetation Index  

NN   Neural Network  

NP  Národní park  

OBIA  Object-based Image Analysis 

OLI/TIRS Operational Land Imager/Thermal Infrared Sensor  

PCA  Principal Component Analysis  

PIF  Pseudo-invariant Features 

PPN  Polynomial Post-nonlinear Model 

RFR  Random Forest Regression 

RIV  RejÚÛĪąÒɯÐÕÍÖÙÔÈÊąɯÖɯÝńÚÓÌËÊąÊÏ 

RMSE  Root Mean Square Error 

RRN  Relative Radiometric Normalization  

Sen2cor Atmosférická  ÒÖÙÌÒÊÌɯÈɯÖËÔÈÚÒÖÝâÕąɯÖÉÓÈðÕÖÚÛÐ pro data Sentinel-2 
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SFCM  Supervised Fuzzy C-means 

SLM  Simple Linear Mixture  

SMA  Spectral Mixture Analysis  

SR1  Surface Reflectance 

SR2  Simple Ratio 

SVM  Support Vector Machine 

SVR  Support Vector Regression 

SWIR  Short-wavelength Infrared  

TC  Tasseled Cap 

TCG  Tasseled Cap Greenness 

TCW  Tasseled Cap Wetness 

TM  Thematic Mapper 

TVI   Transformed Vegetation Index 

USGS  United States Geological Survey 

VO  Vojenský obvod 

wNDII   w ide-band Normalized Difference Infrared Index  
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1 Úvod  
 

#ÐÚÌÙÛÈðÕąɯ ×ÙâÊÌɯ ÚÌɯ áÈÉńÝâɯ á×ÙÈÊÖÝâÕąÔɯ Ö×ÛÐÊÒńÊÏɯ ËÙÜŉÐÊÖÝńÊÏɯ ËÈÛɯ ×ÙÖɯpozorování a 

ÏÖËÕÖÊÌÕąɯáÔùÕɯÓÌÚÕąÊÏɯÌÒÖÚàÚÛõÔļȭɯ/ÙâÊÌɯÑÌɯÎÌÖÎÙÈÍÐÊÒàɯáÈÔùĪÌÕÈɯÕÈɯÖÉÓÈÚÛɯÓÌÚļɯÚÛĪÌËÕąɯ

Evropy, které jsou v posledních letech pod vlivem abiotických (sucha, orkány) i biotických 

ËÐÚÛÜÙÉÈÕÊąɯȹÒļÙÖÝÊÖÝõɯÒÈÓÈÔÐÛàȮɯÔàÒĞáàȺȭɯ9ÌÑÔõÕÈɯ×ÈÒɯáÔùÕàɯÒÓÐÔatu a s ním spojené 

ÎÓÖÉâÓÕąɯÖÛÌ×ÓÖÝâÕąȮɯÔÈÑąɯ×ĪąÔńɯÝÓÐÝɯÕÈɯáÝńįÌÕńɯ×ÖðÌÛɯÛùÊÏÛÖɯËÐÚÛÜÙÉÈÕÊąɯÈɯÔÖÏÖÜɯÜÔÖÊĚÖÝÈÛɯ

ÑÌÑÐÊÏɯÚąÓÜȭɯ/ÙâÝùɯËâÓÒÖÝńɯ×ÙļáÒÜÔɯ9ÌÔùɯȹ#/9ȺɯÜÔÖŉĚÜÑÌɯÛàÛÖɯÑÌÝàɯáÒÖÜÔÈÛɯÈɯÏÖËÕÖÛÐÛɯ

ÙÖáÚÈÏȮɯÐÕÛÌÕáÐÛÜɯÈɯËÖ×ÈËàɯÛùÊÏÛÖɯÑÌÝļɯÕÈɯÓÌÚÕąɯÝÌÎÌÛÈÊÐȭɯ'ÓÈÝÕąÔɯĶÒÖÓÌÔɯÛõÛÖɯËÐÚÌÙÛÈðÕąɯ×ÙâÊÌɯ

je vývoj a testování metod pro detekci áÔùÕɯÓÌÚÕąÊÏɯÌÒÖÚàÚÛõÔļɯÈ pro hodnocení jejich 

áËÙÈÝÖÛÕąÏÖɯÚÛÈÝÜɯ×ÖÔÖÊąɯðÈÚÖÝńÊÏɯĪÈËȭɯ/ÙâÊÌɯÑÌɯ×ÙÐÔâÙÕùɯáÈÔùĪÌÕÈɯÕÈɯÝàÜŉÐÛąɯÝÖÓÕùɯ

dostupných dat s ÝàÚÖÒńÔɯ×ÙÖÚÛÖÙÖÝńÔɯÙÖáÓÐįÌÕąÔɯáɯÔÐÚe Landsat a Sentinel-ƖȮɯ×Īą×ÈËÕùɯÕÈɯ

jejich srovnání s ÑÐÕńÔÐɯáËÙÖÑÐɯËÈÛɯȹÕÈ×ĪȭɯËÈÛÈɯÚ ÝÌÓÔÐɯÝàÚÖÒńÔɯÙÖáÓÐįÌÕąÔɯ6ÖÙÓË5ÐÌÞ-2). 

 

"ąÓÌɯËÐÚÌÙÛÈðÕąɯ×ÙâÊÌȯ 

 

1. Vyhodnocení perspektivních metod klasifikací per -pixel (SVM, ML, NN) pro 

ÜÙðÌÕąɯÛĪąËɯÓÌÚÕąÊÏɯÌÒÖÚàÚÛõÔļɯÈɯÑÌÑÐÊÏɯáÔùÕɯÝ ðÈÚÌȭ 

2. 4ÙðÌÕąɯÝńÏÖËɯËÈÛ WorldView -2 s velmi vysokým prostorovým  ÙÖáÓÐįÌÕąÔ pro 

ËÌÛÌÒÊÐɯÓÖÒÈÓÐÛɯáÈÚÈŉÌÕńÊÏɯÒļÙÖÝÊÖÝÖÜɯÒÈÓÈÔÐÛÖÜɯÝÌɯÚÙÖÝÕâÕąɯÚ daty Landsat 8 

s ÝàÚÖÒńÔɯÙÖáÓÐįÌÕąÔȭɯ 

3. 5ÏÖËÕÖÚÛɯÜŉÐÛąɯÚÜÉ-pixelové klasifikace k detekci kļÙÖÝÊÖÝńÊÏɯÒÈÓÈÔÐÛɯȹÛÝÖÙÉÈɯ

frakcí lesního porostu pomocí Regression-based Unmixing metod; testování a 

porovnání metod RFR a SVR). 

4. 'ÖËÕÖÊÌÕąɯáÔùÕɯÓÌÚÕąÊÏɯÌÒÖÚàÚÛõÔļɯ×ÖÔÖÊąɯðÈÚÖÝńÊÏɯĪÈËɯËÈÛɯ+ÈÕËÚÈÛɯȹËÌÓįąɯ

ðÈÚÖÝõɯĪÈËàɯ20 a více let) a Sentinel-ƖɯȹÒÙÈÛįąɯðÈÚÖÝõɯĪÈËàɯƗɯÓÌÛȺȭ 

5. Testování ÙÌÓÈÛÐÝÕąɯÙÈËÐÖÔÌÛÙÐÊÒõɯÕÖÙÔÈÓÐáÈÊÌɯ/(%ɯ×ÙÖɯÌÓÐÔÐÕÈÊÐɯÖËÊÏàÓÌÒɯÔùĪÌÕąɯ

ÙļáÕńÔÐɯÚÌÕáÖÙàɯÔÐÚÌɯ+ÈÕËÚÈÛɯðÐɯÕÌÏÖÔÖÎÌÕÐÛàɯ×ÙÖÚÛĪÌËąɯȹ×ÙÖɯðÈÚÖÝõɯĪÈËàɯËÈÛɯ

s ÕÐŉįąÔɯÛÌÔ×ÖÙâÓÕąÔɯÙÖáÓÐįÌÕąÔ / s ÕÐŉįąɯÍÙÌÒÝÌÕÊąɯÜŉÐÛńÊÏɯÚÕąÔÒļ). 

6. Srovnání vývoje áËÙÈÝÖÛÕąÏÖɯÚÛÈÝÜɯÓÌÚÈɯÝÌɯÝàÉÙÈÕńÊÏɯÓÖÒÈÓÐÛâÊÏɯÝɯHÌÚÒÜɯÈɯÕÈɯ

2ÓÖÝÌÕÚÒÜɯ×ÖÔÖÊąɯðÈÚÖÝńÊÏɯĪÈËɯËÙÜŉÐÊÖÝńÊÏɯËÈÛɯ(s validací pomocí leteckých 

ÚÕąÔÒļȮɯÐÕ-ÚÐÛÜɯÔùĪÌÕąɯÈɯáâáÕÈÔļɯÔÈÕÈÎÌÔÌÕÛÜɯÕâÙÖËÕąÊÏɯ×ÈÙÒļ). 

7. 5ńÉùÙɯÝÏÖËÕõÏÖɯÝÌÎÌÛÈðÕąÏÖɯÐÕËÌßÜɯȹ×ÖÔùÙÖÝõÏÖɯðÐɯortogonálního) k detekci 

ÖËÓÐįÕńÊÏɯÝńÝÖÑÖÝńÊÏɯÚÛâËÐąɯËÐÚÛÜÙÉÈÕÊÌȮɯÍâáÌɯÖÉÕÖÝàɯÓÌÚÈɯ×ÖɯËÐÚÛÜÙÉÈÕÊÐɯðÐɯÓÖÒÈÓÐÛɯ

ÉÌáɯ×ÖįÒÖáÌÕąɯÓÌÚÈɯȹÜŉÐÛąɯËÈÛɯ+ÈÕËÚÈÛɯÈɯ2ÌÕÛÐÕÌÓ-2). 

8. Vyhodnocení výhod dat Landsat 8 a Sentinel-Ɩɯ×ÙÖɯÜÙðÌÕąɯ×ÖįÒÖáÌÕąɯÓÌÚÈɯáɯ

ÏÓÌËÐÚÒÈɯÙÖáËąÓļɯÚ×ÌÒÛÙâÓÕąÏÖȮɯ×ÙÖÚÛÖÙÖÝõÏÖɯÈɯÛÌÔ×ÖÙâÓÕąÏÖɯÙÖáÓÐįÌÕąȭ 

9. 5ńÝÖÑɯÈÓÎÖÙÐÛÔļɯÝɯ×ÙÖÚÛĪÌËąɯÊÓÖÜË-based platformy (Sentinel Hub) pro zpracování 

ðÈÚÖÝńÊÏɯĪÈËɯËÈÛɯ2ÌÕÛÐÕÌÓ-Ɩɯ×ÙÖɯĶðÌÓàɯÝàÏÖËÕÖÊÌÕąɯËÖ×ÈËÜɯËÐÚÛÜÙÉÈÕÊąɯÕÈɯÓÌÚÕąɯ

vegetaci. 



2 #ÐÍÌÙÌÕðÕąɯÔÌÛÖËàɯðÈÚÖÝńÊÏɯĪÈËɯËÙÜŉÐÊÖÝńÊÏɯÚÕąÔÒļ 
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2 DifeÙÌÕðÕąɯÔÌÛÖËàɯðÈÚÖÝńÊÏɯĪÈËɯËÙÜŉÐÊÖÝńÊÏɯÚÕąÔÒļ 
 

3õÔÈɯ ðÈÚÖÝńÊÏɯ ĪÈËɯ ȹÈÕÎÓȭɯ ÛÐÔÌɯ ÚÌÙÐÌÚȺɯ ËÙÜŉÐÊÖÝńÊÏɯ ÚÕąÔÒļɯ ÑÌɯ Ý ËÕÌįÕąɯ ËÖÉùɯ ÏÖÑÕùɯ

ËÐÚÒÜÛÖÝÈÕÖÜɯ×ÙÖÉÓÌÔÈÛÐÒÖÜȭɯ)ÌÑąɯÙÖáÝÖÑɯÜÔÖŉÕÐÓɯ×ĪÌËÌÝįąÔɯ×ÖÒÙÖÒɯÝ ÖÉÓÈÚÛÐɯ×ÖðąÛÈðÖÝńÊÏɯ

ÛÌÊÏÕÖÓÖÎÐąɯÈɯÖÛÌÝĪÌÕąɯÙÖáÚâÏÓńÊÏɯÈÙÊÏÐÝļ ËÙÜŉÐÊÖÝńÊÏɯËÈÛ (Wulder et al. 2012)ȭɯ,ÖŉÕÖÚÛɯ

pracovat s ËÈÛàɯÚɯÝàÚÖÒńÔɯ×ÙÖÚÛÖÙÖÝńÔɯÙÖáÓÐįÌÕąÔɯ×ÖÒÙńÝÈÑąÊąɯðÈÚÖÝõɯÙÖáÔÌáąɯÝ ĪâËÌÊÏɯ

ËÌÚÌÛÐÓÌÛąɯȹÕÈ×ĪȭɯÔÐÚÌɯ+ÈÕËÚÈÛȺȮɯÚÌɯ×ÖÚÛÜ×ÕùɯÚÛâÝâɯÝɯ#/9ɯÚÛÈÕËÈÙËÌÔɯȹÕÈ×Īȭɯ5ÖÎÌÓÌÙɯÌÛɯÈÓȭɯƖƔƕƜȮɯ

Wulder et al. 2012). MultiteÔ×ÖÙâÓÕąɯÚÛÙâÕÒÈɯ×ÙÖÉÓõÔÜɯ×ĪÐÕâįąɯÕÖÝõɯÔÌÛÖËàɯá×ÙÈÊÖÝâÕąɯ

ðÈÚÖÝńÊÏɯĪÈËȮɯÒÛÌÙõɯÚɯÚÌÉÖÜɯ×ĪÐÕâįÌÑąɯÊÌÓÖÜɯĪÈËÜɯÝńáÒÜÔÕńÊÏɯÝńáÌÝȮɯÒÛÌÙõɯÑÌɯÕÜÛÕÖɯĪÌįÐÛɯ×ÙÖɯ

kontinuální pozorování lokálních , ÙÌÎÐÖÕâÓÕąÊÏɯðÐɯÎÓÖÉâÓÕąÊÏɯÑÌÝļ, které se odehrávají ÕÈɯÕÈįąɯ

×ÓÈÕÌÛùɯȹ5ÖÎÌÓÌÙɯÌÛɯÈÓȭɯƖƔƕƜȮɯ'ÈÕÚÌÕɯÌÛɯÈÓȭɯƖƔƕƗȺȭɯ/ÙâÝùɯ×ÖÔÖÊąɯðÈÚÖÝńÊÏɯĪÈËɯËÙÜŉÐÊÖÝńÊÏɯ

ÚÕąÔÒļɯÑÌɯÔÖŉÕõɯáÒÖÜÔÈÛɯÕÌÑÙļáÕùÑįąɯÝńáÒÜÔÕõɯ×ÙÖÉÓÌÔÈÛÐÒàɯËÕÌįÕąɯËÖÉàȮɯÈĳɯÜŉɯÛÖɯÑÚÖÜɯ

×ÙÖÉÓõÔàɯËÌÎÙÈËÈÊÌɯÓÌÚÕąÊÏɯÌÒÖÚàÚÛõÔļȮɯáÕÌðÐįÛùÕąɯÖÝáËÜįąɯðÐɯÝÖËàȮɯÎÓÖÉâÓÕąɯÖÛÌ×ÓÖÝâÕąȮɯ

úbytky  ÓÌËÖÝÊļɯðÐɯÑÐÕõɯðÈÚÛÖɯÚÒÓÖĚÖÝÈÕõɯ×ÙÖÉÓõÔàȭɯ/ÙâÝùɯƖƕȭɯÚÛÖÓÌÛąɯ×ĪÐÕâįąɯÖÉËÖÉąɯõÙàɯÉÐÎɯËÈÛɯ

a cloud-based technologií. S ×ĪąÊÏÖËÌÔɯ×ÓÈÛÍÖÙÌÔɯ2ÌÕÛÐÕÌÓɯ'ÜÉɯa Google Earth Engine se 

×ÖÚÛÜ×Õùɯ ×ĪÌÚÖÜÝâɯ ×ÖËÚÛÈÛÈɯ #/9ɯ ÖËɯ á×ÙÈÊÖÝÈÛÌÓÚÒÖ-ÈÕÈÓàÛÐÊÒõɯ ðÐÕÕÖÚÛÐɯ Ò analytick o-

ÐÕÛÌÙ×ÙÌÛÈðÕąɯðÐÕÕÖÚÛÐȮɯÒÛÌÙâɯÝÌËÌɯÒ ÏÓÜÉįąÔÜɯ×ÖáÕâÕąɯÌÒÖÚàÚÛõÔļɯÈɯÑÌÝļɯÕÈɯÕÈįąɯ×ÓÈÕÌÛùȭɯ*Ìɯ

ÒÖÔ×ÓÌßÕąÔÜɯ ×ÖáÕâÕąɯ ÑÌɯ áÈ×ÖÛĪÌÉąɯ ÝàÜŉąÝÈÛɯ ÖÉÑÌÔÕâɯ ÔÕÖŉÚÛÝąɯ ÝÖÓÕùɯ ËÖÚÛÜ×ÕńÊÏɯ ËÈÛɯ

v ËÓÖÜÏõɯðÈÚÖÝõɯĪÈËùɯÜÔÖŉĚÜÑąÊąɯÌßÛÙÈÏÖÝÈÛɯ×ÖÛĪÌÉÕõɯÐÕÍÖÙÔÈÊÌɯÖɯáÒÖÜÔÈÕõÔɯÑÌÝÜɯȹ&Ömes 

et al. 2020). 

Díky bohatému archivu mise Landsat máme k  ËÐÚ×ÖáÐÊÐɯÝÌÓÔÐɯÜÕÐÒâÛÕąɯðÈÚÖÝÖÜɯĪÈËÜɯ

ËÈÛȮɯ×ÖÒÙńÝÈÑąÊąɯÝąÊÌɯÕÌŉɯƘƛɯÓÌÛɯËÙÜŉÐÊÖÝõÏÖɯÝńáÒÜÔÜɯÕÈįąɯ×ÓÈÕÌÛàɯȹ6ÜÓËÌÙɯÌÛɯÈÓȭɯƖƔƕƖȺȭɯ3ÈÛÖɯ

ÝÖÓÕùɯËÖÚÛÜ×ÕâɯðÈÚÖÝâɯĪÈËÈɯÑÌɯÝàÚÖÊÌɯÙÌÓÌÝÈÕÛÕąɯ×ÙÖɯÝńáÒÜÔÕõɯĶðÌÓàɯÈɯáâÙÖÝÌĚɯ×ĪÌËÚÛÈÝÜÑÌɯÐɯ

áÕÈðÕÖÜɯÝńáÝÜɯ×ÙÖɯËÌÛÈÐÓÕąɯá×ÙÈÊÖÝâÕąȭɯ3ÈÒÛÖɯÙÖáÚâÏÓõɯĪÈËàɯÝàŉÈËÜÑąɯ×ÖáÖÙÕÖÚÛ zejména z 

hlediska kompatibilní návaznosti dat jednotlivých misí Landsat.  

*ÙÖÔùɯÔÐÚÌɯ+ÈÕËÚÈÛɯ×ĪÐÕÌÚÓÈɯÙÌÝÖÓÜðÕąɯáÔùÕàɯÝ oblasti pozorování optických da t mise 

Sentinel-ƖȮɯÒÛÌÙâɯÖ×ÙÖÛÐɯÚÙÖÝÕÈÛÌÓÕõÔÜɯÚÌÕáÖÙÜɯ.+(ɤ3(12ɯÔÐÚÌɯ+ÈÕËÚÈÛɯƜɯËÐÚ×ÖÕÜÑÌɯÝàįįąÔɯ

×ÙÖÚÛÖÙÖÝńÔɯÙÖáÓÐįÌÕąÔɯÈɯ×ĪÐÕâįąɯÐɯËÐÈÔÌÛÙâÓÕùɯÝàįįąɯÛÌÔ×ÖÙâÓÕąɯÙÖáÓÐįÌÕąȭɯ,ÐÚÌɯ2ÌÕÛÐÕÌÓ-2 je 

áÈÓÖŉÌÕÈɯÕÈɯËÝÖÜɯËÙÜŉÐÊąÊÏɯȹ2ÌÕÛÐÕÌÓ-2A a Sentinel-Ɩ!ȺȮɯ×ĪÐɯÑÌÑÐÊÏɯkombinaci jsme schopni 

áąÚÒÈÛɯÛÌÔ×ÖÙâÓÕąɯÙÖáÓÐįÌÕąɯÕÐŉįąɯÕÌŉɯƙɯËÕļȭɯ*ÙÖÔùɯÛÖÏÖɯÔâɯÚÌÕáÖÙɯËÙÜŉÐÊÌɯ2ÌÕÛÐÕÌÓ-2 i více 

spektrálních pásem v oblasti red-edge. Velkou výzvou s vysoce ambiciózními cíli jsou i 

×ÙÖÑÌÒÛàɯÝàÜŉąÝÈÑąÊąɯËÈÛÖÝõɯÍĶáÌɯ2ÌÕÛÐÕÌÓ-2 a Landsat 8 (Shang a Zhu 2019, Claverie et al. 2017). 

Metody / algoritm y ×ÙÖɯá×ÙÈÊÖÝâÕąɯðÈÚÖÝńÊÏɯĪÈËɯËÈÛɯ+ÈÕËÚÈÛ lze dle 9ÏÜɯȹƖƔƕƛȺɯËùÓit  do 

įÌÚÛÐɯáâÒÓÈËÕąÊÏɯÒÈÛÌÎÖÙÐąȯɯȹƕȺɯThresholding , (2) Differencing , (3) Segmentation, (4) Trajectory, 

(5) Statistical Boundary  a (6) Regressionȭɯ#ÐÍÌÙÌÕðÕąɯÔÌÛÖËàɯðÈÚÖÝńÊÏɯĪÈËɯȹƖȺȮɯÕÈɯÒÛÌÙõɯÑÌɯ

ÝńáÒÜÔÕùɯ áÈÔùĪÌÕÈɯ ÛÈÛÖɯ ËÐÚÌÙÛÈðÕąɯ ×ÙâÊÌȮɯ ÓáÌɯ ËÓÌɯ 9ÏÜɯ ƖƔƕƛɯ ÙÖáËùÓÐÛɯ ÕÈɯ áâÒÓÈËùɯ ÑÌÑÐÊÏɯ

á×ÙÈÊÖÝâÕąɯËÖɯÛĪąɯÏÓÈÝÕąÊÏɯpodkategorií: (2.1) Classification (2.2) SMA a (2.3) Spectral / Index. 

/ĪÌÏÓÌË ËùÓÌÕąɯÔÌÛÖËɯje zobrazen v 3ÈÉȭɯƕȭɯ3ÖÛÖɯáÈÝÌËÌÕõɯËùÓÌÕąɯËÓÌɯ9ÏÜɯƖƔƕƛɯÉàÓÖɯÙÖáįąĪÌÕÖɯ

ÈÜÛÖÙÌÔɯ ÛõÛÖɯ ËÐÚÌÙÛÈðÕąɯ ×ÙâÊÌ o ËÈÓįą subkategorie ÈÓÎÖÙÐÛÔļɯ ÕÈɯ áâÒÓÈËùɯ ÝńÚÓÌËÒļɯ

Ìß×ÌÙÐÔÌÕÛâÓÕąÏÖɯÝńáÒÜÔÜɯÝàÜŉąÝÈÑąÊąɯ2, ɯȹƖȭƖȺɯÈɯSpectral / Index (2.3) metodyȭɯ1ÖáËùÓÌÕąɯ

ÉàÓÖɯ×ÙÖÝÌËÌÕÖɯËÓÌɯÑÌÑÐÊÏɯá×ļÚÖÉļɯá×ÙÈÊÖÝâÕąɯðÐɯ×ĪÌËá×ÙÈÊÖÝâÕąɯËÈÛȯɯȹƖȭƖȭƕȺɯLinear Unmixing, 

(2.2.2) Nonlinear Unmixing, (2.3.1) Raw Data, (2.3.2) Relative Radiometric Normalization, 

(2.3.3) Sensors Harmonization a (2.3.4) Sensors Cross-calibration. Dále jsou uvedeny detailní 

×Ö×ÐÚàɯËÐÍÌÙÌÕðÕąÊÏɯÈÓÎÖÙÐÛÔļɯðÈÚÖÝńÊÏɯĪÈËɯÚ ÒÖÕÒÙõÛÕąÔÐɯ×ĪąÒÓÈËàɯÚÛÜËÐąɯ×ÖáÖÙÖÝâÕąɯÈɯ

ÝàÏÖËÕÖÊÌÕąɯÝńÝÖÑÌɯÓÌÚÕąÊÏɯÌÒÖÚàÚÛõÔļȭ 



2 #ÐÍÌÙÌÕðÕąɯÔÌÛÖËàɯðÈÚÖÝńÊÏɯĪÈËɯËÙÜŉÐÊÖÝńÊÏɯÚÕąÔÒļ 
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3ÈÉȭɯƕɯ#ùÓÌÕąɯÔÌÛÖËɯá×ÙÈÊÖÝâÕąɯðÈÚÖÝńÊÏɯĪÈË 

Autor: /ĪÌÝáÈÛÖɯáÌɯÚÛÜËÐÌɯ9ÏÜɯƖƔƕƛɯÈɯËÖ×ÓÕùÕÖɯÝÓÈÚÛÕąm výzkumem pro oblast metod SMA 

a Spectral / Index. 

# 

#ùÓÌÕąɯËÓÌɯ9ÏÜɯƖƔƕƛɯ 
 #ùÓÌÕąɯËÓÌɯ9ÏÜɯƖƔƕƛɯËÖ×ÓÕùÕõɯ

autorem práce 

Level 1 (M ethod Group)  Level 2 (M ethod Subgroup)  
 Level 3 (Processing and Preprocessing 

Subgroup)  

1 Thresholding  -   

2 Differencing  

Classification 
 Per-pixel Classification 

 Object Classification 

SMA 
 Linear Unmixing  

 Nonlinear Unmixing  

Spectral / Index 

 Raw SR1 / BOA Data 

 Relative Radiometric Normalization 

 Sensors Harmonization 

 Sensors Cross-calibration 

3 Segmentation -   

4 Trajectory 
Hypothesized Trajectory   

Multi -date Classification   

5 Statistical Boundary  -   

6 Regression -   

/ÖáÕȭȯɯ/ÖËÙÖÉÕùÑįąɯðÓÌÕùÕąɯËÓÌɯÈÜÛÖÙÈɯËÐÚÌÙÛÈðÕąɯ×ÙâÊÌɯÉàÓÖɯáÈÔùĪÌÕÖɯ×ÖÜáÌɯÕÈɯËÐÍÌÙÌÕðÕąɯ

ÔÌÛÖËàɯðÈÚÖÝńÊÏɯĪÈËɯ+ÌÝÌÓɯƗȭɯ4ɯ+ÌÝÌÓɯƗɯÉàÓàɯÝàáÕÈðÌÕàɯÔÌÛÖËàɯ×ÙÌ×ÙÖÊÌÚÚÐÕÎÜɯÒÜÙáąÝÖÜɯÈɯ

metody processingu bez kurzívy.  

 

4ɯ×ÙÝÕąÏÖɯá×ļÚÖÉÜɯá×ÙÈÊÖÝâÕąɯËÐÍÌÙÌÕðÕąÊÏɯðÈÚÖÝńÊÏɯĪÈËɯÚÌɯÚÌÛÒâÝâÔÌɯÚ ÔÖŉÕÖÚÛÔÐɯ

ÒÓÈÚÐÍÐÒÈÊąɯ×ÙÖɯðÈÚÖÝõɯĪÈËàɯȹƖȭƕȺȮɯÒÛÌÙõɯÔļŉÌÔÌɯÙÖáËùÓÐÛɯÕÈɯ×ÌÙ-×ÐßÌÓɯȹƖȭƕȭƕȺɯðÐɯ×Īą×ÈËÕùɯÕÈɯ

ÖÉÑÌÒÛÖÝõɯÒÓÈÚÐÍÐÒÈÊÌɯȹƖȭƕȭƖȺȭɯ5ùÛįÐÕÖÜɯÑÌɯÝ ÛùÊÏÛÖɯ×Īą×ÈËÌÊÏɯÝàÜŉÐÛÈɯÛÝÖÙÉÈɯÒÝÈÓÐÛÈÛÐÝÕąÊÏɯ

ÝńÚÛÜ×ļɯÝ ×ÖËÖÉùɯÔÈ×ɯÕÈ×Īȭɯ#ÌÒÒÌÙɯÌÛɯÈÓȭɯƖƔƔƙɯÕÌÉÖɯ8ÜÈÕɯÌÛɯÈÓȭɯƖƔƔƙȮɯÒÛÌÙõɯÔÖÏÖÜɯÉńÛɯ

ÕÈÏÙÈáÌÕàɯ ɤɯ ËÖ×ÓÕùÕàɯ Ðɯ ÎÙÈÍàɯ ÈɯÛÈÉÜÓÒÈÔÐɯ ȹÕÈ×Īȭɯ Ý §ÛàÊÏɯ ÌÛɯ ÈÓȭɯ ƖƔƕƜȺȮɯ ÒÛÌÙõɯ ÝàÑÈËĪÜÑąɯ

kvantitativní charakteristiky lokalit . Do per-×ÐßÌÓɯÒÓÈÚÐÍÐÒÈÊąɯĪÈËąÔÌɯÉùŉÕõɯÒÓÈÚÐÍÐÒâÛÖÙàɯÑÈÒÖɯ

Maximum Likelihood, Support Vector Machine, Neural Network nebo v  ×ÖÚÓÌËÕąɯËÖÉùɯÏÖÑÕùɯ

ÜŉąÝÈÕńɯ1ÈÕËÖÔɯ%ÖÙÌÚÛɯȹÕÈ×Īȭɯ6ÈÕÎɯÌÛɯÈÓȭɯƖƔƕƙȺȭɯ2Ü×ÌÙÝÐÚÌËɯ×ÌÙ-pixel klasifikace (zejména 

ÜŉąÝÈÕõɯÜɯðÈÚÖÝńÊÏɯĪÈËȺɯÚÌɯÕÌÖÉÌÑËÖÜɯÉÌáɯÚÌÒÜÕËâÙÕąÏÖ ɤɯÙÌÍÌÙÌÕðÕąÏÖ áËÙÖÑÌɯËÈÛɯȹÕÈ×Īȭɯ

letecké snímky, in-situ). Druhým typem klasifikací , ÜŉąÝÈÕńÊÏɯ Ý ðÈÚÖÝńÊÏɯ ĪÈËâÊÏ, jsou 

objektové klÈÚÐÍÐÒÈÊÌɯȹÕÈ×Īȭɯ.!( ɯÝ Abbas et al. 2018). 

#ÙÜÏÖÜɯÒÈÛÌÎÖÙÐąɯËÐÍÌÙÌÕðÕąÊÏɯÔÌÛÖËɯÑÚÖÜɯÛáÝȭɯ2, ɯÔÌÛÖËàɯȹƖȭƖȺȮɯÝÌɯÒÛÌÙńÊÏɯÑÌɯÜŉąÝâÕÖɯ

Spectral Unmixing metod s odvozenou spektrální knihovnu z endmembers pro jednotlivé 

kategorie land cover ȹ2ÜÌÚÚɯÌÛɯÈÓȭɯƖƔƕƜȮɯ/ÖÞÌÓÓɯƖƔƔƜȺȭɯ)ÌËÕâɯÚÌɯÛÌËàɯÖɯĪąáÌÕÖÜɯÚÜÉ-pixelovou 

ÒÓÈÚÐÍÐÒÈÊÐȭɯ3ÜÛÖɯÒÈÛÌÎÖÙÐÐɯÓáÌɯËùÓÐÛɯÕÈɯLinear Unmixing (2.2.1) a Nonlinear Unmixing (2.2.2). 

Do skupiny Linear Unmixing  ÔļŉÌÔÌɯáÈĪÈËÐÛɯÈÓÎÖÙÐÛÔàɯÛà×Üɯ2+,ɯȹ!ÜÓÓÖÊÒɯÌÛɯÈÓȭɯƖƔƖƔÉȺȮɯ251ɯ

ȹ2ÌÕÍɯÌÛɯÈÓȭɯƖƔƖƔȺȮɯ1%1ɯȹ2ÌÕÍɯÌÛɯÈÓȭɯƖƔƖƔȺɯÈɯ%"+2ɯȹ8ÜɯÌÛɯÈÓȭɯƖƔƕƚȺȭɯ2ÒÜ×ÐÕÜɯÓÐÕÌâÙÕąÊÏɯÈÓÎÖÙÐÛÔļɯ

ÑÌɯÔÖŉÕÖɯËâÓÌɯÙÖáËùÓÐÛɯÕÈɯÈÓÎÖÙÐÛÔàɯÚÛÈÛÐÚÛÐÊÒõɯÈɯÎÌÖÔÌÛÙÐÊÒõɯȹnÈ×Īȭɯdle Parente 2010). Yu et 

ÈÓȭɯ ƖƔƕƚɯ ÕÈɯ ×ĪąÒÓÈËÜɯ ðÛàĪɯ ×ÖáÖÙÖÝÈÕńÊÏɯ ĶáÌÔąɯ ÑÌËÕÖÏÖɯ ÚÕąÔÒÜɯ +ÈÕËÚÈÛɯ 3,ɯ ËÌÛÈÐÓÕùɯ



2 #ÐÍÌÙÌÕðÕąɯÔÌÛÖËàɯðÈÚÖÝńÊÏɯĪÈËɯËÙÜŉÐÊÖÝńÊÏɯÚÕąÔÒļ 
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×ÖÙÖÝÕâÝâɯÖÉùɯ2, ɯÔÌÛÖËàȭɯ#Öɯnelineární skupiny dle Yu et al. 2016 spadají metody SVM, 

ANN, BFM, PPNM, SFCM.  

U SMA metod je nutná znalost pozorov aného území a sekundární / ÙÌÍÌÙÌÕðÕąɯáËÙÖÑɯ

ÐÕÍÖÙÔÈÊÌȮɯÒÛÌÙńɯÕâÔɯ×ÖÔļŉÌɯ×ĪÌÚÕùɯËÌÍÐÕÖÝÈÛɯËÈÕõɯÒÈÛÌÎÖÙÐÌɯÝ ×ÖáÖÙÖÝÈÕõÔɯðÈÚÖÝõÔɯ

ĶÚÌÒÜɯȹÕÈ×ĪȭɯÛÙÈËÐðÕąɯÓÌÛÌÊÒõ snímky  ðÐɯ"(1ɯÚÕąÔÒàȮɯÒÛÌÙõɯÝàÜŉąÝÈÑąɯÐÕÍÙÈðÌÙÝÌÕÖÜɯðâÚÛɯÚ×ÌÒÛÙÈɯ

ȹ)ÌÕÚÌÕɯƖƔƔƛȺȺȭɯ-âÚÓÌËÕùɯÚÌɯ×ÖÝÙÊÏɯÒÓÈÚÐÍÐÒÜÑÌɯÚɯ×ĪÌ×ÖðąÛâÕąÔɯËÈÕńÊÏɯÛà×ļɯ×ÖÝÙÊÏļɯÕÈɯ

jednotlivé fragmenty (procentuální zastoupení daného povrchu; jednotlivé povrchy jsou 

ÖáÕÈðÌÕàɯÑÈÒÖɯĶÙÖÝÕùɯɬ angl. levels). V ×ÙÈßÐɯÚÌɯðÈÚÛÖɯÜŉąÝÈÑąɯ×ÙÖɯÝÈÓÐËÈÊÐɯÈɯÛÝÖÙÉÜɯÛÙõÕÖÝÈÊąÏÖɯ

souboru in -situ data v ÒÖÔÉÐÕÈÊÐɯÚɯËÈÛàɯÓÌÛÌÊÒõÏÖɯÚÕąÔÒÖÝâÕąȭɯ ÓÛÌÙÕÈÛÐÝÕùɯÑÌɯÔÖŉÕõɯÝàÜŉąÛɯ

ÐɯËÙÜŉÐÊÖÝõɯÚÕąÔÒàɯÚ ÝÌÓÔÐɯÝàÚÖÒńÔɯÙÖáÓÐįÌÕąÔȮɯÕÈ×Īȭɯ2Òà2ÈÛȮɯ/ÓÈÕÌÛ2ÊÖ×ÌɯÕÌÉÖɯ6ÖÙÓË5ÐÌÞ-

Ƙȭɯ3àɯÝįÈÒɯÕÌÔÜÚąɯÉńÛɯÔÕÖÏËàɯÒ ËÐÚ×ÖáÐÊÐɯÈɯÑÌÑÐÊÏɯ×ÖĪąáÌÕąɯÔļŉÌɯÉńÛɯðÈÚÖÝùɯÐɯÍÐÕÈÕðÕùɯÕâÙÖðÕõȭɯ

Sub-pÐßÌÓÖÝõɯÒÓÈÚÐÍÐÒÈÊÌɯÓáÌɯÜŉąÛɯÑÈÒɯÝÌɯÍÖÙÔùɯÎÙÈÍļɯáÔùÕɯ×ÙÖÊÌÕÛÜâÓÕąÏÖɯáÈÚÛÖÜ×ÌÕąɯËÈÕõÏÖɯ

typu povrchu v  ËÈÕõÔɯ×ÐßÌÓÜɯɤɯ×Īą×ÈËÕùɯÝÌɯÚÒÜ×ÐÕùɯ×ÐßÌÓļɯȹðÈÚÛÖɯÚ×ÖðąÛâÕÖɯÈÙÐÛÔÌÛÐÊÒńÔɯðÐɯ

ÝâŉÌÕńÔɯ ×ÙļÔùÙÌÔȺȮɯ ÛÈÒɯ Ðɯ Ý ×ÖËÖÉùɯ ÔÈ×ÖÝńÊÏɯ ÝńÚÛÜ×ļɯ ×ÙÖɯ ÑÌËÕÖÛÓÐÝõɯ Ûà×àɯ×ÖÝÙÊÏļ. 

/Īą×ÈËÕùɯÓáÌɯÝàÜŉąÛɯÐɯ1&!ɯÚàÕÛõáàɯÈɯáÖÉÙÈáÐÛɯÛÈÒɯÛĪÐɯÙļáÕõɯĶÙÖÝÕùɯÚÜÉ-pixelové klasifikace 

ȹÕÈ×ĪȭɯÝ Senf et al. 2020: nelesní vegetace ɬ ÑÌÏÓÐðÕÈÛńɯÓÌÚɯɬ listnatý les).  

3ĪÌÛąɯÚÒÜ×ÐÕÜɯËÐÍÌÙÌÕðÕąÊÏɯÔÌÛÖËɯðÈÚÖÝńÊÏɯĪÈËɯÛÝÖĪąɯÔÌÛÖËàɯÝàÜŉąÝÈÑąÊąɯÚ×ÌÒÛÙâÓÕąɯ

charÈÒÛÌÙÐÚÛÐÒàɯÈɯÐÕËÌßàɯȹƖȭƗȺȭɯ/ĪÐɯÛùÊÏÛÖɯÔÌÛÖËâÊÏɯÛà×ÐÊÒàɯÝáÕÐÒÈÑąɯÑÈÒÖɯÝńÚÛÜ×ɯÎÙÈÍàȮɯÒÛÌÙõɯ

ÒÝÈÕÛÐÛÈÛÐÝÕùɯ×ÖÙÖÝÕâÝÈÑąɯáÒÖÜÔÈÕńɯÑÌÝɯÝ ðÈÚÌɯȹ×Īą×ÈËÕùɯÐɯÚÖÜÏÙÕÕõɯÎÙÈÍàɯɤɯÉÖßɯ×ÓÖÛàȺȭɯ4ɯ

ÑÌËÕÖÛÓÐÝńÊÏɯÒĪÐÝÌÒɯÔÖÏÖÜɯÉńÛɯ×ÖðąÛâÕàɯÑÌÑÐÊÏɯÊÏÈÙÈÒÛÌÙÐÚÛÐÒàɯȹÕÈ×ĪȭɯÚÒÓÖÕȺȮɯÈÝįÈÒɯÕÌÕąɯ

×ÙÖÝâËùÕÈɯÚÌÎÔÌÕÛÈÊÌ ðÐɯÝń×ÖðÌÛɯÛÙÌÕËÜ (tyto kategorie 9ÏÜɯȹƖƔƕƛȺɯÝàðÓÌÕÐÓɯÑÈÒÖɯÚÈÔÖÚÛÈÛÕé 

a spadají do nich ÚÌÎÔÌÕÛÈðÕù-trendovací ÈÓÎÖÙÐÛÔàɯÑÈÒÖɯÑÌɯÕÈ×Īȭɯ+ÈÕË3ÙÌÕËÙɯȹ*ÌÕÕÌËàɯÌÛɯÈÓȭɯ

2010), BFAST nebo CCDC, kde ÑÚÖÜɯ ×ÙÐÔâÙÕùɯ ÝàÛÝâĪÌÕà trendy). 9âÒÓÈËÕąɯ ÔÖŉÕÖÚÛąɯ

á×ÙÈÊÖÝâÕąɯÒĪÐÝÌÒɯðÈÚÖÝńÊÏɯĪÈËɯÑÌɯ×ÖÔÖÊą Raw SR1 nebo BOA (tedy odrazivosti povrchu 

s ÈÛÔÖÚÍõÙÐÊÒÖÜɯÒÖÙÌÒÊąɯÝàÛÝÖĪÌnou ÕÈ×Īȭɯ×ÖÔÖÊąɯ+È21"Ȯɯ+$# /2ɯ×ÙÖɯ+ÈÕËÚÈÛɯÕÌÉÖɯ2ÌÕƖ"ÖÙɯ

pro Sentinel-2) dat (2.3.1) ÚɯÝàÚÖÒńÔɯÛÌÔ×ÖÙâÓÕąÔɯÙÖáÓÐįÌÕąÔɯ/ s vyÚÖÒÖÜɯÍÙÌÒÝÌÕÊąɯÜŉÐÛńÊÏɯ

ÚÕąÔÒļɯȹÕÈ×Ī. u Sentinel-2 dat ve studii Vrieling et al. 2018), kde je ×ÖÛĪÌÉÕõ ÔÐÕÐÔÜÔɯÒÙÖÒļɯ

×ÙÖɯ×ĪÌËá×ÙÈÊÖÝâÕąɯËÈÛ. Pozorována jsou ÔùĪÌÕą daného místa v ðÈÚÌ pomocí bodového grafu 

(body ÓáÌɯ×ÙÖ×ÖÑÐÛɯÕÈ×ĪȭɯÓÐÕÌâÙÕąɯinterpolací ; pro porovnání  s jinými lokalitami  lze doplnit 

ÙÌÎÙÌÚÕąɯÒĪÐÝÒÜ), kde je na ose ßɯðÈÚɯÈɯna ose àɯ×ÖáÖÙÖÝÈÕńɯÑÌÝɯȹÕÈ×ĪȭɯÝà×ÖðąÛÈÕõɯÏÖËÕÖÛàɯ

ÝÌÎÌÛÈðÕąÏÖɯÐÕËÌßÜȺ. 

#ÈÓįąɯÔÖŉÕÖÚÛąɯjsou metody  vyÜŉąÝÈÑąÊąɯdata s nízkou ðÐɯÚÛĪÌËÕąɯfrekvencąɯÜŉÐÛńÊÏ 

snímÒļɯ(z podobného období v roce; Ûà×ÐÊÒàɯÓÌÛÕąɯÖÉËÖÉąɯÔÌáÐɯðÌÙÝÌÕÊÌÔɯÈɯáâĪąÔȺȮɯÜɯÛùÊÏÛÖɯ

studií je ðÈÚÛÖ ÜŉÐÛ pouze ÑÌËÌÕɯ ÚÌÕáÖÙȮɯ ×Īą×ÈËÕù ÑÌɯ ÔÖŉÕõɯ ÜŉąÛɯvíce senzorļ s velmi 

×ÖËÖÉÕńÔÐɯðÐɯÛõÔùĪɯÚÛÌÑÕńÔÐɯÙÈËÐÖÔÌÛÙÐÊÒńÔÐɯÈɯÚ×ÌÒÛÙâÓÕąÔÐɯÝÓÈÚÛÕÖÚÛÔÐɯȹÕÈ×Īȭɯ)ÐÕɯÈɯ2ÈËÌÙɯ

ƖƔƔƙɯÕÌÉÖɯ-ÌÐÎÏɯÌÛɯÈÓȭɯƖƔƕƘȺȭɯ/ÙÖÉÓõÔÌÔɯÝįÈÒɯÔļŉÌɯÉńÛ ×ÙâÝù ÛÌÔ×ÖÙâÓÕąɯÙÖáÓÐįÌÕąȮɯkde ÕÈ×Īȭɯ

×ĪÐɯÙÌÈÓÐáÈÊÐɯðÈÚÖÝńÊÏɯĪÈËɯÔÐÚÌɯ+ÈÕËÚÈÛɯÔâÔÌɯÔÕÖÏËàɯÑÌÕɯÕùÒÖÓÐÒɯÔâÓÖɯÚÕąÔÒļɯáÈɯÙÖÒɯȹÕÈ×Īȭɯ

u pozorovaných míst v horách nebo v ÖÉÓÈÚÛÌÊÏɯËÌįÛÕńÊÏɯÓÌÚļ, kde je ×ÖáÖÙÖÝâÕąɯáÕÌÔÖŉÕùÕÖɯ

ðÈÚÛÖÜɯÖÉÓÈðÕÖÚÛí). Hasové ĪÈËy ÓáÌɯÒÙÖÔùɯÍÙÌÒÝÌÕÊÌɯÜŉÐÛąɯÚÕąÔÒļ ((1) vysoká, (2) ÚÛĪÌËÕąɯÈ (3) 

nízká frekvencÌɯÚÕąÔÒļ) ÙÖáËùÓÐÛɯÛõŉɯËÓÌɯËõÓÒàɯÚÈÔÖÛÕõɯðÈÚÖÝõɯĪÈËàȯɯȹƕȺɯÕÈɯÒÙâÛÒõɯȹÙÖÒɯðÐɯ

ÕùÒÖÓÐÒɯÓÌÛȺɯÈɯȹƖȺɯËÌÓįąɯðÈÚÖÝõɯĪÈËàɯȹÝąÊÌɯÕÌŉɯËÌÚÌÛɯÓÌÛȮɯðÐɯËÖÒÖÕÊÌɯdesítky let) . S ËõÓÒÖÜɯðÈÚÖÝõɯ

ĪÈËà pak souvisejí i problémy, které mohou ÔùĪÌÕąɯÈɯÝńÚÓÌËÒàɯðÈÚÖÝńÊÏɯĪÈË ovlivnit . 

4ɯ ËÌÓįąÊÏɯ ðÈÚÖÝńÊÏɯ ĪÈËɯÑÚÖÜɯ ÔÕÖÏËàɯ ÝàÜŉąÝâÕàɯ ËÙÜŉÐÊÌɯ ÝąÊÌɯ ÔÐÚąɯ ÚÌɯ ÚÌÕáÖÙàɯ

s ÙÖáËąÓÕńÔÐɯ×ÈÙÈÔÌÛÙàȭɯ#ÖɯĶÝÈÏɯÓáÌɯÛõŉɯÉÙâÛɯÐɯÚÛâÙÕÜÛąɯÛùÊÏÛÖɯÚÌÕáÖÙļɯȹChander et al. 2004). 

Dále ÔÜÚąÔÌɯ áÔąÕÐÛɯ Ðɯ ÊÏàÉàȮɯ ÒÛÌÙõɯ ÔÖÏÖÜɯ ÝáÕÐÒÕÖÜÛɯ ÕÌ×ĪÌÚÕÖÚÛąɯ ÔùĪÌÕąɯ ÑÌËÕÖÛÓÐÝńÊÏɯ

ÙÈËÐÖÔÌÛÙļɯȹÕÈ×ĪȭɯÊÐÛÓÐÝÖÚÛɯÚÕąÔÈðÌɯÈÛ×ȭȺȭɯ#ÈÓįąɯÍÈÒÛÖÙɯ×ĪÌËÚÛÈÝÜÑÌɯÐɯ×ĪÌÚÕÖÚÛɯ×ÙÝÖÛÕąÏÖɯ

á×ÙÈÊÖÝâÕąɯÚÕąÔÒļɯ×ÖÚÒàÛÖÝÈÛÌÓÌÔɯËÈÛɯȹ×ĪÌÝÖËɯÈɯá×ÙÈÊÖÝâÕąɯÚÜÙÖÝńÊÏɯËÈÛɯÈŉɯ×ÖɯĶÙÖÝÌĚɯ



2 #ÐÍÌÙÌÕðÕąɯÔÌÛÖËàɯðÈÚÖÝńÊÏɯĪÈËɯËÙÜŉÐÊÖÝńÊÏɯÚÕąÔÒļ 
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Level 1 nebo Level 2). Z ÏÓÌËÐÚÒÈɯÖËÚÛÙÈÕùÕąɯÝįÌÊÏɯÝńįÌɯáÔąÕùÕńÊÏɯÍÈÒÛÖÙļɯÈɯðÐÕÐÛÌÓļȮɯÑÌɯÔÖŉÕõɯ

ÙÖáÓÐįÐÛɯÔÕÖÏÖɯ×ĪąÚÛÜ×ļ ×ĪÌËá×ÙÈÊÖÝâÕąɯðÐ á×ÙÈÊÖÝâÕąɯËÙÜŉÐÊÖÝńÊÏɯËÈÛɯ×ÙÖɯÛÝÖÙÉÜɯðÈÚÖÝńÊÏɯ

ĪÈËȭɯ/ÖÒÜËɯÉÜËÌÔÌɯ×ÖÙÖÝÕâÝÈÛɯËÝÈɯËÙÜŉÐÊÖÝõɯÚÕąÔÒàɯá ÛõÏÖŉɯĶáÌÔąȮɯÑÌËÌÕɯá období, kde 

ÉàÓÖɯÝÌÓÒõɯÚÜÊÏÖȮɯÈɯÕÈÖ×ÈÒɯËÙÜÏńɯÚÕąÔÌÒȮɯÒËÌɯÉàÓÖɯËÌįÛÐÝõɯÖÉËÖÉąȮɯÉÜËÖÜɯÖÉÈɯÚÕąÔÒàɯ

vykazovat velké rozdíly z  ÏÓÌËÐÚÒÈɯÚ×ÌÒÛÙâÓÕąÊÏɯÊÏÈÙÈÒÛÌÙÐÚÛÐÒɯáÒÖÜÔÈÕõÏÖɯ×ÙÖÚÛĪÌËąɯȹ%ÈÕÎɯ

ƖƔƕƙȺȭɯ/ÖÒÜËɯ×ĪÌÝÌËÌÔÌɯáÔąÕùÕńɯ×ĪąÒÓÈËɯËÖɯ×ÙÖÉÓÌÔÈÛÐÒàɯÏÖËÕÖÊÌÕąɯÓÌÚÕąÊÏɯÌÒÖÚàÚÛõÔļȮɯ

ÉÜËÌɯÕÈÔùĪÌÕÖɯÖËÓÐįÕńÊÏɯÚ×ÌÒÛÙâÓÕąÊÏɯÊÏÈÙÈÒÛÌÙÐÚÛÐÒ ÓÐÚÛļɯðÐɯÑÌÏÓÐÊȭɯ2ɯÝàÜŉÐÛąÔɯÝÌÎÌÛÈðÕąÊÏɯ

indexļɯȹÕÈ×Īȭɯ-#5(Ȯɯ-#,(, TCW) pak ÔļŉÌÔÌɯÝ ËÈÛÌÊÏɯ×ÖáÖÙÖÝÈÛɯÝńÙÈáÕùÑįąɯÖËÊÏàÓÒàɯ

ÔùĪÌÕąɯÚ×ÖÑÌÕõɯÚɯÙļáÕńÔÐɯ×ÖËÔąÕÒÈÔÐɯ×ÈÕÜÑąÊąÔÐɯÝ ËÖÉùɯÔùĪÌÕąȭɯ9âÙÖÝÌĚȮɯ×ÖÒÜËɯÉÜËÌÔÌɯ

mít k  ËÐÚ×ÖáÐÊÐɯ×ÖÜáÌɯÑÌËÌÕɯÉÌáÖÉÓÈðÕńɯ×ÙÖɯ×ÖáÖÙÖÝÈÕńɯÙÖÒȮɯÔÖÏÖÜɯÚÕąÔÒà / ðÈÚÖÝõɯĪÈËàɯ

díky tomut ÖɯÈÚ×ÌÒÛÜɯÝàÒÈáÖÝÈÛɯÝÌÓÒõɯÙÖáËąÓàɯá×ļÚÖÉÌÕõɯÕÌÏÖÔÖÎÌÕÐÛÖÜɯ×ÙÖÚÛĪÌËąɯȹ%ÈÕÎɯ

ƖƔƕƙȺȭɯ3ùÔÛÖɯÈÚ×ÌÒÛļÔɯÑÌɯ×ÖÛĪÌÉÈɯÝùÕÖÝÈÛɯ×ÖáÖÙÕÖÚÛȮɯÑÌÓÐÒÖŉɯÑÌɯÕÜÛÕÖɯÔąÛɯ×ÖÝùËÖÔąɯÖɯÛÖÔȮɯ

áËÈÓÐɯ áÔùÕÈɯ ÏÖËÕÖÛɯ Ý ðÈÚÖÝńÊÏɯ ĪÈËâÊÏɯ ÉàÓÈɯ á×ļÚÖÉÌÕa áÔùÕÖÜɯ ÚÛÈÝÜɯ ÒÙÈÑÐÕàɯ ȹÕÈ×Īȭɯ

disturbancí) ðÐɯÝńÙÈáÕùɯÖËÓÐįÕńÔÐɯ×ÖËÔąÕÒÈÔÐɯÉùÏÌÔɯÔùĪÌÕą ȹÕÈ×Īȭɯ×ÖËÔąÕÒàɯ×ÙÖÚÛĪÌËąɯ

ÕÌÉÖɯÙļáÕâɯÍÌÕÖÓÖÎÐÊÒâɯÍâáÌȺȮɯ×Īą×ÈËÕùɯÖËÓÐįÕÖÚÛąɯÔùĪąÊąÊÏɯÈ×ÈÙâÛļȭɯ 

Tím se dostáváme k ÔÌÛÖËâÔɯĪÌįąÊąɯ×ÙâÝùɯÛàÛÖɯ×ÙÖÉÓõÔàɯÚ×ÖÑÌÕõɯÚ nehomogenitou 

×ÙÖÚÛĪÌËąɯÝ ðÈÚÌ ɤɯÜŉÐÛąɯÝąÊÌɯÚÌÕáÖÙļ ȹÛąÔɯÑÌɯÔàįÓÌÕÖɯáÌÑÔõÕÈɯÖËÓÐįÕõɯ×ÖËÔąÕÒàɯÝ ÈÛÔÖÚÍõĪÌȮɯ

áÔùÕàɯÝɯ×ÖðÈÚąȮɯáÔùÕàɯÚÓÜÕÌðÕąÊÏɯÊàÒÓļȮɯáÔùÕàɯÝ ÛÌ×ÓÖÛùȮɯÙļáÕâɯÙÈËÐÖÔÌÛÙÐÊÒâɯÈɯÚ×ÌÒÛÙâÓÕąɯ

ÙÖáÓÐįÖÝÈÊąɯÚÊÏÖ×ÕÖÚÛɯÙļáÕńÊÏɯÛà×ļɯÙÈËÐÖÔÌÛÙļɯÑÌËÕõɯÔÐÚÌɯÈÛ×ȭȺȭɯ/ÙÝÕąɯÔÖŉÕÖÚÛąɯÑÌɯÜŉÐÛąɯ

reÓÈÛÐÝÕąÊÏɯÙÈËÐÖÔÌÛÙÐÊÒńÊÏɯÕÖÙÔÈÓÐáÈÊąɯȹ11-ȰɯƖȭƗȭƖȺȭɯ3àÛÖɯ×ÖÚÛÜ×àɯÑÚÖÜɯÚ×ÌÊÐÍÐÊÒõɯÝàÜŉÐÛąÔɯ

lineární regrese ȹÙÌÎÙÌÚÌɯ ÕÌÕąɯ ÜŉÐÛÈɯ Ò ÛÝÖÙÉùɯ ÈÕÈÓńáàȰɯ ÈÕÈÓńáàɯ ÑÚÖÜɯ ĪÈáÌÕàɯ ËÖɯ ÚÒÜ×ÐÕàɯ

Regression (6) dle Zhu 2017) k ×ÖÙÖÝÕâÕąɯËÝÖÜɯÚÕąÔÒļɯÈɯÕâÚÓÌËÕõɯĶ×ÙÈÝùɯɤɯÕÖÙÔÈÓÐzaci na 

áâÒÓÈËùɯÑÌÑÐÊÏɯáÔùÕɯȹ2ÖÕÎɯÌÛɯÈÓȭɯƖƔƔƕȺȭɯ11-ɯÜÝÈŉÜÑąɯ×ÙÌ×ÙÖÊÌÚÐÕÎÖÝõɯĶ×ÙÈÝàɯËÙÜŉÐÊÖÝńÊÏɯ

ÚÕąÔÒļɯ×ÖÔÖÊąɯÚÒÙÐ×ÛļɯÕÈ×ĪȭɯÝɯ1ɯðÐɯ/àÛÏÖÕȮɯÕÌÑÚÖÜɯÛÌËàɯÉùŉÕùɯÚÖÜðâÚÛąɯÚÖÍÛÞÈÙļɯÑÈÒÖɯÑÌɯ

 ÙÊ&(2Ȯɯ0&(2Ȯɯ2- /ɯÕÌÉÖɯ$-5(ȭɯ11-ɯÜÔÖŉĚÜÑąɯÛÝÖÙÉÜ ÝáâÑÌÔÕùɯ×ÖÙÖÝÕÈÛÌÓÕńÊÏ dat 

ÜÙðÌÕńÊÏɯ×ÙÖɯÒÝÈÕÛÐÛÈÛÐÝÕąɯÈÕÈÓńáàɯÝɯðÈÚÌ ȹ×ÙÐÕÊÐ×ÌÔɯÛùÊÏÛÖɯÔÌÛÖËɯÑÌɯÛÌËàɯÖËÚÛÙÈÕÐÛɯðÐɯ×ÖÛÓÈðÐÛɯ

lokální krátkodobé výkyvy v  DN / SR1 ÏÖËÕÖÛâÊÏɯ Èɯ ×ÖÕÌÊÏÈÛɯ ×ÖÜáÌɯ áÕÈðÕõɯ áÔùÕàɯ ɤɯ

ËÐÚÛÜÙÉÈÕÊÌȺȭɯ'ÐÚÛÖÙÐÌɯÛùÊÏÛÖɯÔÌÛÖËɯÚÈÏâɯËÖɯƜƔȭɯÓÌÛɯÔÐÕÜÓõÏÖɯÚÛÖÓÌÛąȮɯÒËàɯÉàÓy tyto metody 

ÜŉąÝâÕàɯ ×ÙÖɯ ÛÝÖÙÉÜɯ ÙÌÓÈÛÐÝÕąÊÏɯ ÈÛÔÖÚÍõÙÐÊÒńÊÏɯ ÒÖÙÌÒÊąȮɯ ÑÈÒÖɯ ÈÓÛÌÙÕÈÛÐÝÈɯ Ò absolutním 

atmosférickým korekcím. Na jeden snímek bez korekcí byly pomocí RRN metod aplikovány 

vlastnosti druhého snímku s provedenou  absolutní atmosférickou korekcí (Schott et al. 1988, 

"ÏÌÕɯÌÛɯÈÓȭɯƖƔƔƙȮɯ'ÈÓÓɯÌÛɯÈÓȭɯƕƝƝƕȺȭɯ,ÌÛÖËàɯ11-ɯ×ÖÑąɯáÌÑÔõÕÈɯá×ÙÈÊÖÝÈÛÌÓÚÒńɯ×ĪąÚÛÜ×ɯáÈÓÖŉÌÕý 

ÕÈɯÏÓÌËâÕąɯáâÝÐÚÓÖÚÛÐɯÐÕÝÈÙÐÈÉÐÓÕąÊÏɯ×ÙÝÒļɯËÝÖÜɯ×ÖÙÖÝÕâÝÈÕńÊÏɯÚÕąÔÒļɯÛÖÛÖŉÕõɯÖÉÓÈÚÛÐȭɯ

2ÕąÔÒàɯÕùÒËàɯÖáÕÈðÜÑÌÔÌɯÑÈÒÖɯÙÌÍÌÙÌÕðÕąɯȹÔÈÚÛÌÙɯɤɯÉÈÚÌËȺɯa porovnávaný (slave / target) 

snímek. V ×ÙÈßÐɯ ÛÌËàɯ Üɯ ÚÕąÔÒļɯ ÏÓÌËâÔÌɯ ×ÙļÕÐÒɯ Ý ÖÉÓÈÚÛÐɯ ÐÕÝÈÙÐÈÉÐÓÕąÊÏɯ ×ÐßÌÓļȮɯ ÒÛÌÙõɯ

ÜÝÈŉÜÑÌÔÌɯ áÈɯ ÙÌÓÈÛÐÝÕùɯ ÕÌÔùÕÕõɯ ȹÐËÌâÓÕùɯ ÊÌÚÛàȮɯ ÚÛĪÌÊÏàɯ ÉÜËÖÝɯ Èɯ ËÈÓįąɯ Ûà×àɯ ×ÖÝÙÊÏļȺȭɯ

-âÚÓÌËÕùɯ×ÈÒɯ×ÙÖ×ÖðąÛâÔÌɯ×ÙÖɯÛàÛÖɯ×ÖÝÙÊÏàɯÑÌÑÐÊÏɯÓÐÕÌâÙÕą regresní závislost, z Õąŉɯ×ÙÖÝÌËÌÔÌɯ

áÔùÕÜɯ×ļÝÖËÕąÏÖɯÚÕąÔÒÜɯȹ"ÏÌÕɯÌÛɯÈÓȭɯƖƔƔƙȮɯ2ÖÕÎɯÌÛɯÈÓȭɯƖƔƔƕȮɯ2ÊÏÖÛÛɯÌÛɯÈÓȭɯƕƝƜƜȮɯ'ÈÓÓɯÌÛɯÈÓȭɯƕƝƝƕȮɯ

El 'ÈÑÑɯÌÛɯÈÓȭɯƖƔƔƜȮɯ,àÌÖÕÎɯÌÛɯÈÓȭɯƖƔƔƚȺȭɯ4ÒâáÒÜɯÈ×ÓÐÒÈÊÌɯ11-ɯÝɯ×ÙÈßÐɯÔļŉÌÔÌɯÝÐËùÛɯÕÈɯ.ÉÙȭɯƕȭɯ

/ÙÖɯÒÈŉËõɯ×âÚÔÖɯ×ÙÖÉąÏÈÑąɯÝń×ÖðÛàɯáÝÓâįĳȮɯÛÌËàɯÔÌÛÖËÖÜɯÉÈÕËɯÉàɯÉÈÕËɯȹÈÝįÈÒɯÚÌÛÒâÔÌɯÚÌɯÐɯ

s ×ĪąÒÓÈËàɯÕÖÙÔÈÓÐáÈÊąɯ×ĪąÔÖɯÕÈɯÝà×ÖðąÛÈÕõɯÝÌÎÌÛÈðÕąɯÐÕËÌßàȮɯÕÈ×Īȭɯ"ÏÌÕɯÌÛɯÈÓȭɯƖƔƔƙȺȭɯ11-ɯ

ÔÌÛÖËàɯÑÚÖÜɯËÕÌÚɯÝàÜŉąÝâÕàɯÕÌÑÌÕɯ×ÙÖɯ32ɯÈÕÈÓńáàȮɯÈÓÌɯÛÈÒõɯ×ÙÖɯ"ÏÈÕÎÌɯ#ÌÛÌÊÛÐÖÕɯðÐɯ×ÙÖɯÛÝÖÙÉÜɯ

ÉÌáÌįÝõɯÔÖáÈiky  z ÝąÊÌɯÚÕąÔÒļȭɯ11-ɯÔÌÛÖËɯÙÖáÓÐįÜÑÌÔÌɯÊÌÓÖÜɯĪÈËÜȮɯá ÝąÊÌɯáÕâÔńÊÏɯÈɯðÈÚÛùÑÐɯ

ÜŉąÝÈÕńÊÏɯÔļŉÌÔÌɯÑÔÌÕÖÝÈÛɯÔÌÛÖËÜɯ/(%ɯðÐɯ(1-MAD (Canty et al. 2008, Chen et al. 2005, Chen 

et al. 2018, Davies et al. 2016, Fang et al. 2019). 



2 #ÐÍÌÙÌÕðÕąɯÔÌÛÖËàɯðÈÚÖÝńÊÏɯĪÈËɯËÙÜŉÐÊÖÝńÊÏɯÚÕąÔÒļ 
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Obr. 1 Ukázka RRN na datech Landsat 

 ÜÛÖÙȯɯ)ÖÚÌÍɯ+ÈįÛÖÝÐðÒÈɯȹƖƔƖƔȺȭ 

/ÖáÕȭȯɯ5ÓÌÝÖɯÕÈÏÖĪÌɯÑÌɯÔÈÚÛÌÙɯÚÕąÔÌÒɯ+ÈÕËÚÈÛɯƙɯȹáɯƕƝȭɯðÌÙÝÌÕÊÌɯƖƔƔƚȺɯáÖÉÙÈáÌÕńɯÝ nepravých 

ÉÈÙÝâÊÏɯÒÖÔÉÐÕÈÊąɯ×âÚÌÔɯƘƗƖȮɯ×ÖËÓÌɯÕùÏÖŉɯÉàÓɯÕÖÙÔÈÓÐáÖÝâÕɯÚÓÈÝÌɯÚÕąÔÌÒɯ+ÈÕËÚÈÛɯƘɯȹƖƔȭɯ

ðÌÙÝÌÕÊÌɯƕƝƝƖȺɯÔÌÛÖËÖÜɯ/(%ɯȹÝ×ÙÈÝÖɯÕÈÏÖĪÌɯÑÌɯÚÕąÔÌÒɯ+ÈÕËÚÈÛɯƘɯ×ĪÌËɯ11-Ⱥȭɯ#ÖÓÌɯÑÌɯÝÐËùÛɯ

ÚÕąÔÌÒɯ+ÈÕËÚÈÛɯƘɯ×ÖɯÕÖÙÔÈÓÐáÈÊÐɯÔÌÛÖËÖÜɯ/(%ȭɯHÌÙÕõɯÖÉÓÈÚÛÐɯÑÚÖÜɯá×ļÚÖÉÌÕàɯÔÈÚÒÖÝâÕąÔɯ

ÖÉÓÈðÕÖÚÛÐɯÏÖËÕÖÛɯ×ÖÔÖÊąɯ%ÔÈÚÒ (jedná se o NaN hodnoty)ȭɯ4ɯÚÕąÔÒļɯÕÌÉàÓàɯÜ×ÙÈÝÌÕàɯ

histogramy. Zdroj ÚÕąÔÒļȯɯ2ÛàÊÏ et al. 2019c a Hladky et al. 2020 (ðÓâÕÒàɯÑÚÖÜɯÚÖÜðâÚÛí této 

ËÐÚÌÙÛÈðÕąɯ×ÙâÊÌȺȭ 

 

#ÙÜÏÖÜɯÔÖŉÕÖÚÛąɯÑÌɯÜŉÐÛąɯÏÈÙÔÖÕÐáÈðÕąÊÏɯÔÌÛÖËɯȹÝɯÕùÒÛÌÙõɯÓÐÛÌÙÈÛÜĪÌɯÖáÕÈðÖÝâÕÖɯÛõŉɯ

ÑÈÒÖɯÒÈÓÐÉÙÈðÕąÊÏȰɯƖȭƗȭƗȺȭɯ9ËÌɯËÖÊÏâáąɯÒÌɯÒÈÓÐÉÙÈÊÐɯÚÜÙÖÝńÊÏɯËÈÛɯ×ÖÔÖÊąɯÚÛÌÑÕõɯÙÈËÐÖÔÌÛÙÐÊÒõɯ

kÖÙÌÒÊÌɯɤɯÈÛÔÖÚÍõÙÐÊÒõÏÖɯÔÖËÌÓÜɯ×ÙÖɯËÝÈɯÚÕąÔÒàɯÖËÓÐįÕõɯÔÐÚÌɯ(s ×ĪÐÏÓõËÕÜÛąÔɯÒ jejich 

spektrálním a radiometrickým charakteristikám ). HÈÚÛÖ ÜŉąÝÈÕńÔ algoritmem je 

LandsatLinkr , který ÜÔÖŉĚÜÑe harmonizaci dat mise Landsat (od MSS po senzor OLI/TIRS), 

ÝÐáɯ5ÖÎÌÓÌÙɯÌÛɯÈÓȭɯƖƔƕƜȭɯ'ÈÙÔÖÕÐáÈðÕąɯÈ ÕÖÙÔÈÓÐáÈðÕąɯÔÌÛÖËàɯÕÌÝàŉÈËÜÑąɯÚÌÒÜÕËâÙÕąɯáËÙÖÑɯËÈÛɯ

a jejich korekce vychází pouze z dat primárních . 

4ɯÛĪÌÛąɯÒÈÛÌÎÖÙÐÌȮɯÛÌËàɯÜɯÊÙÖÚÚ-ÒÈÓÐÉÙÈðÕąÊÏɯÔÌÛÖËɯȹƖȭƗȭƘȺȮɯËÖÊÏâáąɯÒÌɯÒÈÓÐÉÙÈÊÐɯ×ļÝÖËÕąÊÏɯ

dat sekundární databází (ÕÈ×Īȭɯ9ÏÖÕÎɯÌÛɯÈÓȭɯƖƔƕƜȺȭɯ'ÈÙÔÖÕÐáÈÊÌɯðÈÚÖÝõɯĪÈËàɯÑÌɯ×ÙÖÝÌËÌÕÈɯÕÈɯ

áâÒÓÈËùɯ ÌßÛÌÙÕąÊÏɯ ĶËÈÑļɯ ÕÈ×Īȭɯ á×ÙļÔùÙÖÝÈÕńÔÐɯ ËÈÛà MODIS s ÝàįįąÔɯ ÛÌÔ×ÖÙâÓÕąÔɯ

ÙÖáÓÐįÌÕąÔ pro danou oblast (ðÐɯÚɯÝàįįąɯÍÙÌÒÝÌÕÊąɯÚÕąÔÒļȺȭɯ3ÖɯÝįÈÒɯ×ĪÐÕâįąɯĪÈËÜɯĶÚÒÈÓąȭɯ

9ÌÑÔõÕÈɯðÈÚÖÝõɯÙÖáÓÐįÌÕąȮɯÕÈ×ĪȭɯáÔąÕùÕńÊÏɯËÈÛɯ,.#(2ɯȹÚÕąÔâɯÖËɯ1999 a ÛÜËąŉɯÕÌÕąɯÔÖŉÕõ 

provést cross-ÒÈÓÐÉÙÈÊÌɯÚÛÈÙįąÊÏɯÚÕąÔÒļɯ+ÈÕËÚÈÛɯƘ, které byly  ×ÖĪąáÌÕà od roku 1982; ÖÉËÖÉÕù 

u Landsat 5 od roku 1984; ×Īą×ÈËÕù ÕÌÔÖŉÕÖÚÛɯÜŉÐÛą dokonce ÜɯÑÌįÛù ÚÛÈÙįąÊÏɯÔÐÚąɯÕÈ×Īȭɯ

+ÈÕËÚÈÛɯ,22ȺɯÈɯÛõŉɯ×ÙÖÚÛÖÙÖÝõɯÙÖáÓÐįÌÕąɯÔÐÚÌɯ,.#(2ȮɯÒÛÌÙõɯÕÌÕąɯ×ĪąÓÐįɯÝÏÖËÕõɯ×ÙÖɯ×ÙÖÚÛÖÙÖÝù-

ËÌÛÈÐÓÕąɯ×ÖáÖÙÖÝâÕąȭɯ3õÛÖɯÔÌÛÖËàɯÉàÓÖɯÝàÜŉÐÛÖɯÕÈ×ĪąÒÓÈËɯ×ĪÐɯÛÝÖÙÉùɯÏÈÙÔÖÕÐáÖÝÈÕńÊÏɯËÈÛɯ



2 #ÐÍÌÙÌÕðÕąɯÔÌÛÖËàɯðÈÚÖÝńÊÏɯĪÈËɯËÙÜŉÐÊÖÝńÊÏɯÚÕąÔÒļ 
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HLS, kde se v ÙâÔÊÐɯ×ÙÖÑÌÒÛÜɯ,Ü2+(ɯÝàÛÝÖĪÐÓɯËÈÛÈÚÌÛɯÔÌáÐ sebou kompatibilních dat Landsat 

8 a Sentinel-2 pomocí metody BRDF1 (Li et al. 2017).

 
1 BRDF metoda bývá ÖáÕÈðÖÝâna za normalizaciȮɯÈÝįÈÒɯÕÌÑÌËÕâɯÚÌɯÖɯ11-ɯÔÌÛÖËÜ. Pomocí této metody 

vznikla HLS  ËÈÛÈȮɯÒÛÌÙâɯÑÚÖÜɯÖáÕÈðÖÝâÕÈɯÑÈÒÖ harmonizovanáȮɯÈÝįÈÒɯÑÌËÕâɯÚÌɯÖɯÚ×ÌÊÐÍÐÊÒńɯÛà×ɯÊÙÖÚÚ-

kalibrovaných dat . 
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3 /ÖáÖÙÖÝâÕąɯ ÓÌÚÕąÊÏɯ ÌÒÖÚàÚÛõÔļɯ Èɯ ÑÌÑÐÊÏɯ ËÐÚÛÜÙÉÈÕÊąɯ

pomocí DPZ  
 

#/9ɯ ×ĪÌËÚÛÈÝÜÑÌɯ Ý ÚÖÜðÈÚÕõÔɯ ÎÓÖÉÈÓÐáÖÝÈÕõÔɯ ÚÝùÛùɯ ÕÌÕÈÏÙÈËÐÛÌÓÕõÏÖɯ ×ÖÔÖÊÕąÒÈɯ ÝÌɯ

áÒÖÜÔâÕąɯ ÙļáÕńÊÏɯ ×ĪąÙÖËÕąÊÏɯ Ðɯ ÈÕÛÙÖ×ÖÎÌÕÕąÊÏɯ ÑÌÝļȭɯPozorována je i oblast lesních 

ÌÒÖÚàÚÛõÔļȮɯÒÛÌÙâɯÑÌɯ×ÙÖɯŉÐÝÖÛɯÕÈɯÕÈįąɯ×ÓÈÕÌÛùɯÕÌËąÓÕÖÜɯÚÖÜðâÚÛąȭɯ&ÓÖÉâÓÕąÔÐɯáÔùÕÈÔÐɯÓÌÚļɯÚÌɯ

ÝÌɯÚÝõɯ×ÙâÊÐɯáÈÉńÝÈÑąɯ'ÈÕÚÌÕɯÌÛɯÈÓȭɯƖƔƕƗȮɯÒÛÌĪąɯ×ÙÖɯËÌÛÌÒÖÝâÕąɯáÔùÕɯÝàÜŉąÝÈÑąɯ×ÓÈÛÍÖÙÔàɯ&$$ɯ

ÈɯËÓÖÜÏõɯðÈÚÖÝõɯĪÈËàɯ+ÈÕËÚÈÛɯÔÌáÐɯÙÖÒàɯƖƔƔƔɯÈɯƖƔƕƖȭɯ9 ÑÌÑÐÊÏɯðÈÚÖÝńÊÏɯĪÈËɯÓáÌɯÝàÏÖËÕÖÛÐÛɯ

ÕÈ×ĪȭɯĶÉàÛÒàɯÓÌÚļɯÝÓÐÝÌÔɯÓÐËÚÒõɯðÐÕÕÖÚÛÐɯðÐɯÉÐÖÛÐÊÒńÊÏɯȹÙļáÕõɯËÙÜÏàɯÒļÙÖÝÊÖÝńÊÏɯËÐÚÛÜÙÉÈÕÊąȮɯ

mycelium, spory) a ÈÉÐÖÛÐÊÒńÊÏɯȹÝùÛÙÕõɯËÐÚÛÜÙÉÈÕÊÌȮɯÚÜÊÏÈȺɯËÐÚÛÜÙÉÈÕÊąɯɤɯÒÈÓÈÔÐÛȭ 

/ÙâÝù ÒļÙÖÝÊÖÝõɯÒÈÓÈÔÐÛàɯÈɯÑÌÑÐÊÏɯÝÓÐÝɯÕÈɯÓÌÚÕąɯ×ÓÖÊÏàɯÑÚÖÜɯÑÌËÕąÔɯá hlavních témat této 

ËÐÚÌÙÛÈðÕąɯ ×ÙâÊÌȭɯ 5 ÙâÔÊÐɯ ÕÈįÐÊÏɯ ÎÌÖÎÙÈÍÐÊÒńÊÏɯ ×ÖËÔąÕÌÒɯ ÚÌɯ ÈÜÛÖÙɯ ×ÙâÊÌɯ áÈÔùĪÐÓɯ ÕÈɯ

×ÙÖÉÓÌÔÈÛÐÒÜɯÓńÒÖŉÙÖÜÛÈɯÚÔÙÒÖÝõÏÖɯȹIps typographusȺȮɯÒÛÌÙńɯÔÖÔÌÕÛâÓÕùɯÚÜŉÜÑÌɯÖÉÓÈÚÛɯÚÛĪÌËÕí 

$ÝÙÖ×àȭɯ*ļÙÖÝÊÖÝÖÜɯÒÈÓÈÔÐÛÜɯÓáÌɯËÓÌɯ ÉËÜÓÓÈÏɯÌÛɯÈÓȭɯƖƔƕƝɯÙÖáËùÓÐÛɯËÖɯÛĪąɯðâÚÛąȯɯȹƕȺɯÎÙÌÌÕɯÈÛÛÈÊÒȮɯ

(2) red attack, (3) grey attack. Prvotní green attack fáze je velmi nenápadná, jedná se o 

×ÖðâÛÌðÕąɯÕâÒÈáÜɯÚÛÙÖÔļɯÉÙÖÜÒÌÔȮɯÒÛÌÙńɯÚÌɯáÈÝÙÛâɯ×ÖËɯÒļÙÜɯÚÛÙÖÔļȭɯNa fázi green attack 

ÕÈÝÈáÜÑÌɯÖÉËÖÉąɯÙÌËɯÈÛÛÈÊÒȮɯÒÛÌÙõɯÑÌɯÛà×ÐÊÒõɯáÔùÕÖÜɯÉÈÙÝàɯÑÌÏÓÐÊɯÈŉɯËÖɯÙÌáÈÝõɯÉÈÙÝàɯȹÝɯÛõÛÖɯ

fázi dochází k Ö×ÈËâÝâÕąɯÒļÙàɯÚÛÙÖÔļȮɯÒÛÌÙÈÒɯÜÝâËąɯ+ÜÉÖÑÈÊÒńɯÌÛɯÈÓɯƖƔƕƜȺȭɯ/ÖɯÙÌËɯÈÛÛÈÊÒɯ

navazuje fáze grey attack. Tato fáze je typická mrtvými uschlými stromy (Abdullah et al. 2019, 

+ÜÉÖÑÈÊÒńɯ ÌÛɯ ÈÓȭɯ ƖƔƕƜȺȭɯ /ÖÝùÛįÐÕÖÜɯ ÑÚÖÜɯ áÈÚÈŉÌÕõɯ ÚÛÙÖÔàɯ ÊÖɯ ÕÌÑËĪąÝÌɯ ÖËÛùŉÌÕàȭɯ 5ɯ

ÉÌááâÚÈÏÖÝńÊÏɯÓÖÒÈÓÐÛâÊÏɯȹÕÈ×Īȭɯ-/ɯ§ÜÔÈÝÈȺɯÑÌɯÖÉÕÖÝÈɯ×ÖÕÌÊÏâÕÈɯÚÈÔÖÝÖÓÕùȭɯ.ÉËÖÉąɯ×Öɯ

ËÐÚÛÜÙÉÈÕÊÐɯÑÌɯ×ÈÒɯÖÉÌÊÕùɯÖáÕÈðÖÝâÕÖɯÑÈÒÖɯÍâáÌɯÖÉÕÖÝy (angl. recovery phase; Obr. 2). 

 

 
Obr. 2 Obnova lesa v ÔąÚÛùɯÉÌááâÚÈÏÖÝõɯáĞÕàɯȹ-/ɯ§ÜÔÈÝÈȺ 

Autor: Radovan Hladký (2017).  

 

Lubojacký et al. 2018 ve své práci popisují rojení ÓńÒÖŉÙÖÜÛÈɯÚÔÙÒÖÝõÏÖɯÈɯÙàÊÏÓÖÚÛɯįąĪÌÕąɯ

ÒļÙÖÝÊÖÝńÊÏɯÒÈÓÈÔÐÛȭɯ*ÖÕÒÙõÛÕùɯLubojacký et al. 2018 definují rojení v ÕÈįÐÊÏɯÎÌÖÎÙÈÍÐÊÒńÊÏɯ

podmínkách na: (1) jarní rojení (typick é pro období dubna aŉ ÒÝùÛÕÈȺȮɯȹƖȺɯÓÌÛÕąɯÙÖÑÌÕąɯȹ×ĪÐÉÓÐŉÕùɯ

ðÌÙÝÌÕÌÊɯÈŉ srpen). V ÖÑÌËÐÕùÓńÊÏɯ×Īą×ÈËÌÊÏɯȹáÌÑÔõÕÈɯÝÓÐÝÌÔɯÛÌ×ÓÈɯÈɯÚÜÊÏÈȺɯ×ĪÐÊÏâáąɯÐɯȹƗȺɯ

podzimnąɯÙÖÑÌÕąȮɯÛÌËàɯÛĪÌÛąɯÙÖÑÌÕąɯÉùÏÌÔɯÑÌËÕÖÏÖɯÙÖÒÜɯȹÝɯÖÉËÖÉąɯÚÙ×ÕÈɯÈŉɯáâĪąȰɯ+ÜÉÖÑÈÊÒńɯÌÛɯ
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al. 2018). V ×ÖÚÓÌËÕąÊÏɯÓÌÛÌÊÏɯÑÌɯÛÖÛÖɯÙÖÑÌÕąɯðÈÚÛõɯÐɯ×ÙÖɯÓÌÚàɯÕÈįÐÊÏɯÎÌÖÎÙÈÍÐÊÒńÊÏɯ×ÖËÔąÕÌÒȭ 

+ÜÉÖÑÈÊÒńɯÌÛɯÈÓȭɯƖƔƕƜɯÜÝâËąȮɯŉÌɯÉùÏÌÔɯƕȭɯÙÖÑÌÕąɯÔļŉÌɯÝÌɯÚÛâËÐÜ green attack vàËÙŉÌÛɯÓÌÚɯÖË 

×ĪÐÉÓÐŉÕù ËÜÉÕÈɯËÖɯðÌÙÝÌÕÊÌɯȹÕÈÒÈŉÌÕńɯÓÌÚɯÔļŉÌɯ×ÖÚÛÜ×ÕùɯÔùÕÐÛɯÚÝÖÑÐ ÉÈÙÝÜɯÈŉɯËÖɯŉÓÜÛÈȺɯÈɯ

ÕâÚÓÌËÕù je ÖËɯÚÙ×ÕÈɯËÖɯáâĪąɯÝÌɯÚÛâËÐÜɯÙÌËɯÈÛÛÈÊÒ (pro tuto fázi je typická ŉÓÜÛâɯÈŉɯÙÌáÈÝâɯÉÈÙÝÈ 

ÑÌÏÓÐðą). Koncem podzimu  ÝÚÛÜ×ÜÑÌɯÕÈÒÈŉÌÕńɯÓÌÚɯËÖɯÎÙÌàɯattack fáze (v této fázi dochází ke 

ztrátù jehlic ÚÛÙÖÔļ; Lubojacký et al. 2018)ȭɯ#âÓÌɯ+ÜÉÖÑÈÊÒńɯÌÛɯÈÓȭɯƖƔƕƜɯÜÝâËąȮɯŉÌɯÝ ×Īą×ÈËùɯƖȭɯ

rojení ȹÖÉËÖÉÕùɯÐɯÜɯƗȭɯÙÖÑÌÕąȺ ÔļŉÖÜɯÕÈÒÈŉÌÕõɯÚÛÙÖÔàɯáļÚÛÈÛɯÝÌɯÍâáÐɯÙÌËɯÈÛÛÈÊÒɯÊÌÓÖÜɯáÐÔÜȮɯ

ÕâÚÓÌËÕùɯÚÌɯËÖÚÛâÝÈÑąɯËÖɯÎÙÌàɯÈÛÛÈÊÒɯÍâáÌɯÈŉɯÕÈɯÑÈĪÌɯËÈÓįąÏÖɯÙÖÒÜȭɯ)ÌɯÕÜÛÕõɯ×ÖËÖÛÒÕÖÜÛȮɯŉÌɯ

áÔąÕùÕâɯ ÖÉËÖÉąɯ ÑÚÖÜɯ ×ÓÈÛÕâɯ ×ÙÐÔâÙÕùɯ ×ÙÖɯ ÚÔÙÒɯ áÛÌ×ÐÓńɯ ȹPicea abiesȺɯ Èɯ ×ÙÖɯ ÓńÒÖŉÙÖÜÛÈɯ

ÚÔÙÒÖÝõÏÖȮɯÕÈɯÕùŉɯÉàÓÈɯ×ÙâÊÌɯáÈÔùĪÌÕÈȭɯ4ɯÑÐÕńÊÏɯÖËÖÓÕùÑįąÊÏɯËĪÌÝÐÕɯȹÕÈ×ĪȭɯÜɯÉÖÙÖÝÐÊȺȮɯÔļŉÌɯ

ÉńÛɯ×ÙļÉùÏɯÖËÓÐįÕńȭ 

2ÈÔÐðÒÈɯÓńÒÖŉÙÖÜÛÈɯÚÔÙÒÖÝõÏÖɯËÖÒâŉÌɯÕÈÒÓâÚÛɯÈŉɯƚƔɯÝÈÑąðÌÒɯÉùÏÌÔɯÑÌËÕÖÏÖɯÙÖÑÌÕąɯÈɯ

ÝńÝÖÑÖÝńɯÊàÒÓÜÚɯÛÙÝâɯ×ĪÐÉÓÐŉÕùɯƕƔɯÛńËÕļȭɯ5áÏÓÌËÌÔɯÈŉɯÒ trojnému rojení za rok, probíhá įąĪÌÕąɯ

×Ö×ÜÓÈÊÌɯÓńÒÖŉÙÖÜÛÈɯÎÌÖÔÌÛÙÐÊÒÖÜɯĪÈËÖÜȭɯ-È×ÈËâÕàɯÑÚÖÜɯáÌÑÔõÕÈɯ×ÖįÒÖáÌÕõɯɤɯÕÈÙÜįÌÕõɯ

ÚÛÙÖÔàȮɯÈÝįÈÒɯÝ ×Īą×ÈËùɯ×ĪÌÔÕÖŉÌÕąɯËÖÊÏâáąɯÒ napadení i zdravého lesa. Odchyty probíhají 

×ÖÔÖÊąɯÓÈ×ÈðļȮɯ×Īą×ÈËÕùɯ×ÖÔÖÊąɯÝðÈÚÕõÏÖɯÖËÛùŉÌÕąɯÚÛÙÖÔļȮɯÐËÌâÓÕùɯÉùÏÌÔɯ×ÙÝotní nákazy 

(Lubojacký et al. 2018)ȭɯ/ÖÒÜËɯÛÈÒɯÕÌÕąɯÜðÐÕùÕÖȮɯËÖÊÏâáąɯÒÌɯÚÕąŉÌÕąɯÔÖŉÕÖÚÛÐɯ×ÙÌÝÌÕÊÌ vzniku 

ÒÈÓÈÔÐÛàɯÈɯËÈÓįąÏÖɯįąĪÌÕą. Lubojacký et al. 2018 ×ÖÝÈŉÜÑąɯza rizikové lokality, které se nacházejí 

v ÉÓąáÒÖÚÛÐɯ ÑÐŉɯ ËÐÚÛÜÙÉÈÕÊąɯ ÖÝÓÐÝÕùÕńÊÏɯ ÓÌÚļɯ ȹ×ÖÓÖÔàȮɯ ÒļÙÖÝÊÖÝõɯ ÒÈÓÈÔÐÛàȮɯ ÕÌÖËÛùŉÌÕõɯ

ÕÈÒÈŉÌÕõɯÚÛÙÖÔàȮɯmísta ÚÒÓÈËÖÝâÕąɯÕÈÒÈŉÌÕńÊÏɯÚÛÙÖÔļȺȭɯ'ÓÈÝÕąɯ×ÙÌÝÌÕÊąɯ×ĪÌËɯÒÈÓÈÔÐÛÖÜɯÑÌɯ

ÛÈÒɯÝðÈÚÕõɯÖËÏÈÓÌÕąɯ×ÙÝÖÛÕąɯÕâÒÈáàȮɯÒ ÛÖÔÜɯÔÖÏÖÜɯÚÓÖÜŉÐÛɯ×ÙâÝùɯÔÌÛÖËàɯ&(2ɯÈ zejména pak 

DPZ. 

5ńÚÈËÉÈɯ ÕÌ×ļÝÖËÕąÏÖɯ ÚÔÙÒÜɯ áÛÌ×ÐÓõÏÖɯ ÕÈÏÙâÝâɯ ×ÙâÝùɯ ËÕÌįÕąÔɯ ÒļÙÖÝÊÖÝńÔɯ

kalamitám zejména v obdobích sucha a globálního oteplování. Vývoj lesních ploch mezi roky 

1845 a 2010 v HÌÚÒÜɯ×ÖáÖÙÜÑÌɯ2ÛàÊÏɯÌÛɯÈÓȭɯƖƔƕƝbȭɯ.ÉÌÊÕùɯÓáÌɯÔÌáÐɯÛùÔÐÛÖɯÙÖÒàɯÒÖÕÚÛÈÛÖÝÈÛɯ

×ÖáÐÛÐÝÕąɯÛÙÌÕËɯ×ÖÚÛÜ×ÕõÏÖɯÕâÙļÚÛÜɯÓÌÚÕąÊÏɯ×ÓÖÊÏɯÖ 4,8 % za posledních 165 let (Stych et al. 

2019b)ȭɯ.ÛâáÒÖÜɯÑÌȮɯÑÈÒɯÚÌɯÛÌÕÛÖɯÛÙÌÕËɯáÔùÕÐÓɯáÌÑÔõÕÈɯÖËɯÙÖÒÜɯƖƔƔƗȮɯÒËàɯbylo ÕÈįÌɯĶáÌÔąɯ

áÈÚÈŉÌÕÖɯÔÈÚÐÝÕąÔÐɯÒļÙÖÝÊÖÝńÔÐɯÒÈÓÈÔÐÛÈÔÐȭɯ/ÖɯÝùÛÙÕõɯÒÈÓÈÔÐÛùɯ*àÙÐÓɯÝ roce 2007 a Emma 

v ÙÖÊÌɯƖƔƔƜɯÚÌɯÒļÙÖÝÌÊɯáÈðÈÓɯÔÈÚÐÝÕùɯįąĪÐÛɯÕÈɯÔÕÖÏÈɯÔąÚÛÌÊÏɯHÌÚÒÈȭ 

V ÙâÔÊÐɯ #/9ɯ ÑÌɯ ÔÖŉÕõɯ ÝàÜŉąÛɯ ÊÌÓõɯ ĪÈËàɯ ËÈÛɯ ×ÙÖɯ ×ÖáÖÙÖÝâÕąɯ ËÐÚÛÜÙÉÈÕÊąɯ ÓÌÚÕąÊÏɯ

ÌÒÖÚàÚÛõÔļȮɯÒÛÌÙõɯ×ĪÐɯÈ×ÓÐÒÈÊÐɯÝÏÖËÕńÊÏɯÔÌÛÖËɯȹÐËÌâÓÕùɯðÈÚÖÝńÊÏɯĪÈËɯÝÐáɯÒÈ×ÐÛÖÓÈɯƖ) mohou 

áÓÌ×įÐÛɯÔÖÕÐÛÖÙÐÕÎɯÓÌÚļȭɯ9 ÔÖŉÕńÊÏɯÝÖÓÕùɯËÖÚÛÜ×ÕńÊÏɯËÈÛɯÚɯÝàÚÖÒńÔɯ×ÙÖÚÛÖÙÖÝńÔɯÙÖáÓÐįÌÕąÔɯ

ÓáÌɯ×ÖÜŉąÛ data +ÈÕËÚÈÛȮɯ×Īą×ÈËÕùɯ2ÌÕÛÐÕÌÓ-2 z ÔÐÚÌɯ"Ö×ÌÙÕÐÊÜÚȭɯ-Èɯ.ÉÙȭɯƗɯÑÌɯ×ÈÒɯÔÖŉÕõɯ

dokumentovat rozdíly  Ú×ÌÒÛÙâÓÕąÏÖɯÙÖáÓÐįÌÕą dat Landsat 7, 8 a Sentinel-2 (data mise Landsat 

a Copernicus ÚÌɯÛõŉɯÓÐįąɯÝ ×ÙÖÚÛÖÙÖÝõÔɯÙÖáÓÐįÌÕąɯȹ+ÈÚÛÖÝÐÊÒÈɯÌÛɯÈÓȭɯƖƔƖƔȺ). Perspektivu pro 

detekci lesních kalamit a pro ×ÖáÖÙÖÝâÕąɯáËÙÈÝÖÛÕąÏÖɯÚÛÈÝÜɯÓÌÚļɯ×ĪÌËÚÛÈÝÜÑąɯáÌÑÔõÕÈɯðÛàĪÐɯ

nová NIR pásma mise Sentinel-2, z ÕÐÊÏŉɯÛĪÐɯÓÌŉąɯÝ oblasti zvané red-edge (band 5-7), vhodné 

×ÙâÝùɯ×ÙÖɯËÌÛÌÒÊÐɯÙÌË ÈÛÛÈÊÒɯÍâáÌɯðÐɯÑÐÕńÊÏɯÚÛâËÐąɯ×ÖįÒÖáÌÕąɯÓÌÚÈɯȹLastovicka et al. 2020). 

Alternativu k  ÔÐÚÐɯ "Ö×ÌÙÕÐÊÜÚɯ Èɯ +ÈÕËÚÈÛɯ ÔļŉÌɯ ×ĪÌËÚÛÈÝÖÝÈÛɯ ÔÐÚÌɯ ,.#(2Ȯɯ ËÐÚ×ÖÕÜÑąÊąɯ

ÚÛĪÌËÕąÔɯ×ÙÖÚÛÖÙÖÝńÔɯÙÖáÓÐįÌÕąÔɯÝÏÖËÕńÔɯÒ pozorování zejména makroregionálnąÊÏɯÈŉɯ

ÎÓÖÉâÓÕąÊÏɯ áÔùÕȭɯ #ÈÛÈɯ ÔÐÚÌɯ "Ö×ÌÙÕÐÊÜÚɯ Èɯ +ÈÕËÚÈÛɯ ÓáÌɯ ×ÖÜŉąÛɯ ×ÙÖɯ ÙÌÎÐÖÕâÓÕąɯ Ðɯ ÓÖÒâÓÕąɯ

×ÖáÖÙÖÝâÕąȮɯÕÈɯÕùŉɯÑÌɯáÈÔùĪÌÕÈɯÛÈÛÖɯËÐÚÌÙÛÈðÕąɯ×ÙâÊÌȭ 
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.ÉÙȭɯƗɯ2×ÌÒÛÙâÓÕąɯÙÖáÓÐįÌÕąɯËÈÛɯ+ÈÕËÚÈÛɯƛȮɯƜɯÈɯ2ÌÕÛÐÕÌÓ-2 

 ÜÛÖÙȯɯ42&2ɯȹƖƔƖƔȺȮɯÚÛÈŉÌÕÖɯáȯɯhttps://www.usgs.gov/centers/eros/science/usgs-eros-archive-

sentinel-2-comparison-sentinel-2-and-landsat?qt-science_center_objects=0#qt-

science_center_objects 

 

-Èɯ .ÉÙȭɯ Ƙɯ ÑÌɯ ÔÖŉÕõɯ ÝÐËùÛɯ ÙÖáËąÓàɯ Ú×ÌÒÛÙâÓÕąÊÏɯ ÒĪÐÝÌÒɯ ÖËÙÈáÐÝÖÚÛÐɯ ÓÌÚÕąÊÏɯ ×ÓÖÊÏɯ

×ÖĪąáÌÕńÊÏɯËÈÛàɯ+ÈÕËÚÈÛɯƜɯÈɯ2ÌÕÛÐÕÌÓ-Ɩɯ×ÙÖɯÛĪÐɯÙļáÕõɯfáze lesa (viz Lastovicka et al. 2020). 

*ÖÕÒÙõÛÕùɯÚÌɯÑÌËÕâɯÖɯÓÖÒÈÓÐÛàɯÝ -/ɯ§ÜÔÈÝÈȯɯȹƕȺɯÒÖÕÌÊɯËÐÚÛÜÙÉÈÕÊÌɯɤɯ×ĪÌÊÏÖËɯËÖɯÍâáÌɯÖbnovy, 

ȹƖȺɯÍâáÌɯÖÉÕÖÝàɯ×ÖɯËÐÚÛÜÙÉÈÕÊÐɯÈɯȹƗȺɯÓÌÚɯÉÌáɯÝÓÐÝÜɯËÐÚÛÜÙÉÈÕÊÌȭɯɯ-ÈɯÛùÊÏÛÖɯÚÕąÔÊąÊÏɯÑÌɯ

ËÖÒÜÔÌÕÛÖÝâÕɯÐÕÍÖÙÔÈðÕąɯ×ÖÛÌÕÊÐâÓɯÑÌËÕÖÛÓÐÝńÊÏɯÙÌË-ÌËÎÌɯ×âÚÌÔȮɯÒÛÌÙõɯÜÔÖŉĚÜÑąɯÔùĪÌÕąɯ

v ÖÉÓÈÚÛÐɯ×ÖðâÛÌðÕąɯðâÚÛÐɯÉÓąáÒõɯÐÕÍÙÈðÌÙÝÌÕõɯðâÚÛÐɯÚ×ÌÒÛÙÈȭɯ-Èɯ.ÉÙȭɯƘɯÑÌɯÛõŉ ÔÖŉÕõɯáÈáÕÈÔÌÕÈÛɯ

ÛĪÐɯáâÒÓÈËÕąɯðâÚÛÐɯÚ×ÌÒÛÙÈȮɯÒÛÌÙâɯÑÚÖÜɯÝÏÖËÕâɯÒ ÜÙðÌÕąɯÚÛÈÝÜɯÈɯáÔùÕɯÝÌÎÌÛÈÊÌɯËÓÌɯ)ÌÕÚÌÕÈɯȹƖƔƔƚȺȯɯ

ȹƕȺɯ ×ÐÎÔÌÕÛÖÝâɯ ðâÚÛɯ- ×âÚÔÖɯ ÈÉÚÖÙ×ÊÌɯ ÌÓÌÒÛÙÖÔÈÎÕÌÛÐÊÒõÏÖɯ áâĪÌÕąɯ ÊÏÓÖÙÖÍàÓÌÔɯ Èɯ

karotenoidem v  ÜÓÛÙÈÍÐÈÓÖÝõɯÈŉ modré ðâÚÛÐ spektra (0,25-ƔȮƙƔɯϟm), absorpce chlorofylem 

v ðÌÙÝÌÕõɯðâÚÛÐɯÚ×ÌÒÛÙÈ (0,56-ƔȮƚƜɯϟÔȺ a ×âÚÔÖɯÕÐŉįąɯÈÉÚÖÙ×ÊÌɯÊÏÓÖÙÖÍàÓÌÔɯÝ áÌÓÌÕõɯðâÚÛÐɯ

spektra (0,50-ƔȮƙƚɯϟÔȺȰɯȹƖȺɯÖÉÓÈÚÛɯÉÜÕùðÕõɯÚÛÙÜÒÛÜÙàɯɬ ÝàÚÖÒâɯÖËÙÈáÐÝÖÚÛɯÝɯÉÓąáÒõɯÐÕÍÙÈðÌÙÝÌÕõɯ

ðâÚÛÐɯÚ×ÌÒÛÙÈɯȹƔȮƛƘɯɬ ƕȮƕƔɯϟÔȺȰɯȹƗȺɯÖÉÓÈÚÛɯÝÖËÕąÊÏɯÈÉÚÖÙ×ÊąɯÝÌɯÚÛĪÌËÕąɯÐÕÍÙÈðÌÙÝÌÕõɯðâÚÛÐɯÚ×ÌÒÛÙÈɯ

ȹÈÉÚÖÙ×ÊÌɯÕÈɯƕȮƘƙɯϟÔȮɯƕȮƝƙɯϟÔɯÈɯÛĪÌÛąɯ×ĪÐÉÓÐŉÕùɯƖȮƙƙɯϟÔȰɯÛĪÌÛąɯðâÚÛɯÈÉÚÖÙ×ÊÌɯÉńÝâɯÔÐÔÖɯ×âÚÔÈɯ

Ö×ÛÐÊÒńÊÏɯËÙÜŉÐÊÖÝńÊÏɯËÈÛȺȭɯ-ÈɯÚÕąÔÊąÊÏɯÔļŉÌÔÌɯÝÐËùÛɯĶÉàÛÌÒɯÖËÙÈáÐÝÖÚÛÐɯÓÌÚÕąɯÝÌÎÌÛÈÊÌɯÝɯ

ÖÉÓÈÚÛÐɯÉÜÕùðÕõɯÚÛÙÜÒÛÜÙàɯ×Öɯ×ÙÖÉùÏÓõɯÒÈÓÈÔÐÛùȭɯ-ÈÖ×ÈÒɯÕâÙļÚÛɯÖËÙÈáÐÝÖÚÛÐɯÙÌÎÐÚÛÙÜÑÌÔÌɯ

v ÖÉÓÈÚÛÌÊÏɯ ÈÉÚÖÙ×ÊÌɯ ÝÖËàɯ Èɯ ÊÏÓÖÙÖÍàÓÜȭɯ /ÙâÝùɯ ÛùÊÏÛÖɯ ÑÌÝļɯ ÑÌɯ ÝàÜŉÐÛÖɯ ×ĪÐɯ ×ÖáÖÙÖÝÈÕąɯ

ËÐÚÛÜÙÉÈÕÊąɯ×ÖÔÖÊąɯÝÌÎÌÛÈðÕąÊÏɯÐÕËÌßļȮɯÚàÕÛõáɯÕÌ×ÙÈÝńÊÏɯÉÈÙÌÝȮɯÒÓÈÚÐÍÐÒÈÊąɯÖÉÙÈáÜȮɯ/" ɯðÐɯ

TC analýz, které uÔÖŉĚÜÑą detekovat disturbance (ÕÈ×Īȭɯ2ÛàÊÏɯÌÛɯÈÓȭɯƖƔƕƝc, Hladky et al. 2020 

nebo Lastovicka et al. 2020). 

 

https://www.usgs.gov/centers/eros/science/usgs-eros-archive-sentinel-2-comparison-sentinel-2-and-landsat?qt-science_center_objects=0#qt-science_center_objects
https://www.usgs.gov/centers/eros/science/usgs-eros-archive-sentinel-2-comparison-sentinel-2-and-landsat?qt-science_center_objects=0#qt-science_center_objects
https://www.usgs.gov/centers/eros/science/usgs-eros-archive-sentinel-2-comparison-sentinel-2-and-landsat?qt-science_center_objects=0#qt-science_center_objects
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.ÉÙȭɯƘɯ*ĪÐÝÒàɯÚ×ÌÒÛÙâÓÕąɯÖËÙÈáÐÝÖÚÛi ÙļáÕńÊÏɯÚÛÈÝļ lesní vegetace 

 ÜÛÖÙȯɯ)ÖÚÌÍɯ+ÈįÛÖÝÐðÒÈɯȹƖƔƖƔȺȰɯÝàÛÝÖĪÌÕÖɯÝɯ&$$ȭ 

 

/ÙÖɯá×ÙÈÊÖÝâÕąɯðÈÚÖÝńÊÏɯĪÈËɯËÙÜŉÐÊÖÝńÊÏɯÚÕąÔÒļɯÓáÌɯÝàÜŉąÛɯÑÈÒɯËÌÚÒÛÖ×ÖÝõȮɯÛÈÒɯÐɯ

cloudové technologieȮɯÖÉÚÈÏÜÑąÊąɯįÐÙÖÒÖÜɯįÒâÓÜɯÕâÚÛÙÖÑļɯ×ÙÖɯËÌÛÌÒÊÐɯÓÌÚÕąÊÏɯÌÒÖÚàÚÛõÔļ. Pro 

ÔÕÖÏõɯ ÝńáÒÜÔÕõɯ ĶðÌÓàɯ ÝįÈÒɯ ×ĪÌËËÌÍÐÕÖÝÈÕõ softwarové nástroje ÕÌËÖÚÛÈðÜÑąȮ a tak je 

áÈ×ÖÛĪÌÉąɯ ÝàÜŉÐÛąɯ ×ÙÖÎÙÈÔÖÝÈÊąÊÏɯ ɤɯ ÚÒÙÐ×ÛÖÝÈÊąÊÏɯ ÕâÚÛÙÖÑļɯ ×ÙÖɯ ÝńÝÖÑɯ Ú×ÌÊÐÍÐÊÒńÊÏɯ

ÎÌÖÐÕÍÖÙÔÈðÕąÊÏɯÈÓÎÖÙÐÛÔļȭɯ'ÖÑÕùɯÚÌɯ×ÙÖɯÛàÛÖɯĶðÌÓàɯÝàÜŉąÝâɯ/àÛÏÖÕɯÝÏÖËÕńɯÕÈ×Īȭɯ×ÙÖɯ

software QGIS i ArcGIS. V ×ÖÚÓÌËÕąɯËÖÉùɯÑÌɯÛÈÒõɯðÈÚÛÖɯÝàÜŉąÝâÕÖɯ×ÙÖÚÛĪÌËąɯ1ɯȹÝɯÒÖÔbinaci 

s 12ÛÜËÐÖȺȭɯ-ÌÚÔąÔÌɯÛõŉɯÖ×ÖÔÌÕÖÜÛɯÕÈɯ×ÙÖÚÛĪÌËąɯÒÖÔÌÙðÕąÏÖɯÚÖÍÛÞÈÙÌɯ,ÈÛÓÈÉȮɯÒÛÌÙõɯÉàÓÖɯ

ÏÖÑÕùɯ ÝàÜŉąÝâÕÖɯ ×ÙÖɯ ÝńÝÖÑɯ Ú×ÌÊÐÍÐÊÒńÊÏɯ ÈÓÎÖÙÐÛÔļȮɯ ÕÈ×Īȭɯ ×ÙÖɯ ÙÌÓÈÛÐÝÕąɯ ÙÈËÐÖÔÌÛÙÐÊÒõɯ

normalizace. 
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Cloud -ÉÈÚÌËɯÛÌÊÏÕÖÓÖÎÐÌɯÑÚÖÜɯÔÖËÌÙÕąÔɯÈɯ×ÌÙÚ×ÌÒÛÐÝÕąÔɯ×ĪąÚÛÜ×ÌÔɯá×racování dat. 

Jednou z ×ÙÝÕąÊÏɯÈ×ÓÐÒÈÊąɯ×ÙÖɯÊÓÖÜËÖÝõɯá×ÙÈÊÖÝâÕąɯðÈÚÖÝńÊÏɯĪÈËɯÉàÓÈɯÈ×ÓÐÒÈÊÌɯ3ÐÔÌ2àÕÊɯ

ȹ"ÖÏÌÕɯÌÛɯÈÓȭɯƖƔƕƔȮɯ&ÙÈàɯÌÛɯÈÓȭɯƖƔƕƝȺȭɯ#ÕÌÚɯÝįÈÒɯÛÜÛÖɯÈ×ÓÐÒÈÊÐɯ×ĪÌËðÐÓàɯÝ ÔÕÖÏÈɯÖÏÓÌËÌÊÏɯËÝùɯ

ÙÖáįąĪÌÕõɯ×ÓÈÛÍÖÙÔàȭɯ/ÙÝÕąɯá nich je Sentinel Hub a druhou GEE. .ÉùɯáÔąÕùÕõɯ×ÓÈÛÍÖÙÔàɯ

ÜÔÖŉĚÜÑąɯ×ĪąÚÛÜ×ɯÒ įÐÙÖÒõɯįÒâÓÌɯÈÙÊÏÐÝÕąÊÏɯËÈÛɯȹÕÈ×ĪȭɯËÈÛÈɯ,.#(2Ȯɯ+ÈÕËÚÈÛȮɯ2ÌÕÛÐÕÌÓȺȭɯ.Éùɯ

×ÓÈÛÍÖÙÔàɯ ×ÈÒɯ ÜÔÖŉĚÜÑąɯ ÑÈÒɯ ×ĪąÚÛÜ×ɯ Ò ËÈÛļÔȮɯ ÛÈÒɯ Ðɯ ÑÌÑÐÊÏɯ á×ÙÈÊÖÝâÕąɯ ×ĪÌÚɯ ÚÒÙÐ×ÛÖÝÈÊąɯ

)ÈÝÈ2ÊÙÐ×ÛɯÙÖáÏÙÈÕąȭɯ4ɯ2ÌÕÛÐÕÌÓɯ'ÜÉɯÓáÌɯÝàÜŉąÝÈÛɯÓÐÔÐÛÖÝÈÕõÏÖɯÉÌá×ÓÈÛÕõÏÖɯÜŉÐÝÈÛÌÓÚÒõÏÖɯ

ÙÖáÏÙÈÕąȰɯÛõŉɯÓáÌɯÝàÜŉąÝÈÛɯ2ÌÕÛÐÕÌÓɯ'ÜÉɯÒÌɯÒÖÔÌÙðÕąÔɯĶðÌÓļÔ (po zakoupení licence). GEE 

ÜÔÖŉĚÜÑÌɯ×ĪÐ×ÖÑÌÕąɯËÖɯÙÖáÏÙÈÕąɯ12ÛÜËÐÖɯ×ÖÔÖÊąɯÒÕÐÏÖÝÕàɯÙÎÌÌȮɯÕâÚÓÌËÕùɯÑÌɯÛÌËàɯÔÖŉÕõɯ

×ÖÜŉąÝÈÛɯÐɯ×ĪąÒÈáàɯÝɯ1ȭɯ.Éùɯ×ÓÈÛÍÖÙÔàɯÜÔÖŉĚÜÑąɯÜŉąÝâÕą Ðɯ×ĪÌË×ĪÐ×ÙÈÝÌÕńÊÏɯÚÒÙÐ×Ûļȭɯ2ÌÕÛÐÕÌÓɯ

'ÜÉɯÚÐÊÌɯËÐÚ×ÖÕÜÑÌɯ×ĪąÝùÛÐÝùÑįąÔɯÜŉÐÝÈÛÌÓÚÒńÔɯÙÖáÏÙÈÕąÔȮɯÈÝįÈÒɯÖÉÚÈÏÜÑÌɯÔõÕùɯÍÜÕÒÊąɯÕÌŉɯ

GEE. Zejména v ÖÉÓÈÚÛÐɯÈÕÈÓńáàɯðÈÚÖÝńÊÏɯĪÈËɯÈɯÒÓÈÚÐÍÐÒÈÊąɯÑÌɯ&$$ɯÕâÚÛÙÖÑÖÝùɯÉÖÏÈÛįąȭɯ5 oblasti 

á×ÙÈÊÖÝâÕąɯðÈÚÖÝńÊÏɯĪÈËɯ&$$ɯÜÔÖŉĚÜÑÌɯÐÔ×ÓÌÔÌÕÛÈÊÐɯÚÌÎÔÌÕÛÈðÕąÏÖɯÈÓÎÖÙÐÛÔÜɯ+ÈÕË3ÙÌÕËÙɯ

×ÙÖɯËÈÛÈɯ+ÈÕËÚÈÛȮɯÒÛÌÙńɯÑÌɯÏÖÑÕùɯÝàÜŉąÝâÕɯȹ9ÏÜɯƖƔƕƛȺȭɯS LandTrendr se lze setkat i v ËÈÓįąÊÏɯ

platformách, je k dispozici pro  R, Python nebo MATLAB.  

Z ÏÓÌËÐÚÒÈɯÈÓÎÖÙÐÛÔļɯÑÌɯ×ÈÒɯÕÜÛÕÖɯáÔąÕÐÛɯÐɯÕùÒÛÌÙõɯËÈÓįąɯÏÖÑÕùɯÜŉąÝÈÕõ algoritmy  vhodné 

×ÙÖɯ ðÈÚÖÝõɯ ĪÈËà ȹ×ÖÜŉÐÛÌÓÕõɯ ×ÙÖɯ ×ÖáÖÙÖÝâÕąɯ ÓÌÚÕąÊÏɯ ËÐÚÛÜÙÉÈÕÊąȺ. #ÈÓįąÔɯ ÈÓÎÖÙÐÛÔÌÔɯ

áÈÔùĪÌÕńÔɯÕÈɯÏÈÙÔÖÕÐáÈÊÐɯËÈÛɯÑÌɯ+ÈÕËÚÈÛ+ÐÕÒÙȮɯÒÛÌÙńɯÑÌɯËÖÚÛÜpný pro R. LandsatLinkr 

ȹ5ÖÎÌÓÌÙɯ ÌÛɯ ÈÓȭɯ ƖƔƕƜȺɯÜÔÖŉĚÜÑÌɯ ÒÈÓÐÉÙÈÊÐɯ ËÈÛɯ+ÈÕËÚÈÛɯ ÚÌÕáÖÙÜɯ ,22Ȯɯ 3,Ȯɯ $3,Ƕɯ Èɯ .+(ȭɯ

Výsledkem je pak kalibrovaný produkt s  ÈÜÛÖÔÈÛÐÊÒàɯÝà×ÖðÛÌÕńÔÐ ÝÌÎÌÛÈðÕąÔÐɯÐÕËÌßàɯ

3ÈÚÚÌÓÌËɯ "È×ȭɯ #ÈÓįąÔɯÏÖÑÕùɯÜŉąÝÈÕńÔɯ ÈÓÎÖÙÐÛÔÌÔɯ ÑÌɯ (1-MAD (Canty a Ni elsen 2008), 

ÜÔÖŉĚÜÑąÊąɯÕÖÙÔÈÓÐáÈÊÐɯðÈÚÖÝõɯĪÈËàɯÝ R, Python a MATLAB. V  ÕÌ×ÖÚÓÌËÕąɯĪÈËùɯÕÜÛÕÖɯáÔąÕÐÛɯ

algoritm us !% 23ɯ×ÙÖɯÙÖáÏÙÈÕąɯ1ɯȹ5ÌÙÉÌÚÚÌÓÛɯÌÛɯÈÓȭɯƖƔƕƔȺȮɯÜÔÖŉĚÜÑąÊąɯÛÝÖÙÉÜɯÛÙÌÕËļɯðÈÚÖÝńÊÏɯ

ĪÈËɯÙļáÕńÊÏɯÛà×ļɯËÈÛȭɯ#ÈÓįąÔɯáÕâÔńÔɯÈÓÎÖÙÐÛÔÌÔɯÑÌɯÐ CCDC (Zhu a Woodcock 2014), který 

ÑÌɯÝÖÓÕùɯËÖÚÛÜ×Õńɯ×ÙÖɯ, 3+ !ɯÈɯ/àÛÏÖÕȭɯ!ÜÓÓÖÊÒɯÌÛɯÈÓȭɯƖƔƖƔÈɯÝÌɯÚÝõɯ×ÙâÊÐɯ×ĪÌËÚÛÈÝÜÑąɯÐɯÔõÕùɯ

áÕâÔõɯÈÓÎÖÙÐÛÔàɯ"424,ɯÈɯ"ÏÖÞɯ3ÌÚÛȮɯÜŉąÝÈÕõ ÑÐŉ od 60. let minulého století pro tvorbu 

ÛÙÌÕËļ, které ÓáÌɯÝÌÓÔÐɯÑÌËÕÖËÜįÌɯÐÔ×ÓÌÔÌÕÛÖÝÈÛɯ×ÙÖɯ,ÈÛÓÈÉȮɯ1ɯÐɯ/àÛÏÖÕȮɯ×Īą×ÈËÕùɯÑÌ lze 

ÑÌËÕÖËÜįÌ naprogramovat  i v ÙÖáÏÙÈÕąɯ2ÌÕÛÐÕÌÓɯ'ÜÉɯðÐɯ&$$ȭ
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4 Soubor publikací  
 

#ÐÚÌÙÛÈðÕąɯ×ÙâÊÌɯÑÌɯÝàËâÕÈɯÑÈÒÖɯÚÖÜÉÖÙɯ×ļÝÖËÕąÊÏɯ×ÜÉÓÐÒÈÊąȭɯ)ÌÑÐÊÏɯÏÓÈÝÕąɯnáplní  byl výzkum 

ðÈÚÖÝńÊÏɯĪÈËɯ×ÖÔÖÊąɯÙļáÕńÊÏɯÔÌÛÖËɯÈɯËÈÛɯ#/9. /ÙâÝùɯ×ÖÔÖÊąɯÛùÊÏÛÖɯÔÌÛÖËɯÈɯËÈÛ bylo snahou 

vyhodnotit stav a  ×Īą×ÈËÕõ áÔùÕàɯÓÌÚÕąɯÝÌÎÌÛÈÊÌɯ(á×ļÚÖÉÌÕõɯÙļáÕńÔÐɯÛà×àɯËÐÚÛÜÙÉÈÕÊą). 

Seznam vydaných publikací k  ËÐÚÌÙÛÈðÕąɯ×ÙâÊÐɯÑÌɯÜÝÌËÌÕɯÝ Tab. 2. 

 

Tab. 2 Seznam vydaných publikací k  ËÐÚÌÙÛÈðÕąɯ×ÙâÊÐ 

 ÜÛÖÙȯɯ)ÖÚÌÍɯ+ÈįÛÖÝÐðÒÈɯȹƖƔƖƔȺȭ 

# Citace Typ  IF 

(2018) 

Open 

Access 

1 §ÛàÊÏȮɯ/ȭȮɯ/ÈÓÜÉÈȮɯ#ȭȮɯ+ÈįÛÖÝÐðÒÈȮɯ)ȭȮɯ.ÜÛÙÈÛÈȮɯ#ȭȮɯ'ÓÈËÒńȮɯ1ȭȮɯ

ƖƔƕƜȭɯ 'ÖËÕÖÊÌÕąɯ áÔùÕɯ ÒÙÈÑÐÕÕõÏÖɯ ×ÖÒÙàÝÜɯ ÉńÝÈÓõÏÖɯ

vojenského újezdu Brdy pomocí ËâÓÒÖÝõÏÖɯ ×ÙļáÒÜÔÜɯ

9ÌÔùȭɯ!ÖÏÌÔÐÈɯÊÌÕÛȭɯƙƕɬ73. 

Recenzovaný 

ðÓâÕÌÒɯÝɯ1(5 

- Ano  

2 /ÈÓÜÉÈȮɯ #ȭȮɯ §ÛàÊÏȮɯ /ȭȮɯ +ÈįÛÖÝÐðÒÈȮɯ )ȭȮɯ ƖƔƕƜȭɯ 'ÖËÕÖÛÌÕÐÌɯ

ÔÌÛĞËɯÈɯËâÛɯ#/9ɯ×ÙÌɯĶðÌÓàɯÒÓÈÚÐÍÐÒâÊÐÌɯÒÙÈÑÐÕÕÌÑɯ×ÖÒÙńÝÒàɯ

na príklade bývalých vojenských obvodov Brdy a Ralsko. 

Kartogr . List. / Cartogr. Lett. 26, 76ɬ90. 

Recenzovaný 

ðÓâÕÌÒɯÝɯ1(5 

- Ano  

3 Stych, P., Jerabkova, B., Lastovicka, J., Riedl, M., Paluba, 

D., 2019a. A Comparison of Worldview -2 and Landsat 8 

Images for the Classification of Forests Affected by Bark 

Beetle Outbreaks Using a Support Vector Machine and a 

Neural Network: A Case Study in the Sumava Mountains. 

Geosci. 9. 

Recenzovaný 

ðÓâÕÌÒɯÝɯ2ÊÖ×ÜÚ 

- Ano  

4 2ÌÕÍȮɯ"ȭȮɯ+ÈįÛÖÝÐðÒÈȮɯ)ȭȮɯ.ÒÜÑÌÕÐȮɯ ȭȮɯ'ÌÜÙÐÊÏȮɯ,ȭȮɯÝÈÕɯËÌÙɯ

Linden, S., 2020. A generalized regression-based unmixing 

model for mapping forest cover fractions throughout three 

decades of Landsat data. Remote Sens. Environ. 240. 

Recenzovaný 

ðÓâÕÌÒɯÚɯ(% 

8.218 Ne 

5 Lastovicka, J., Svec, P., Paluba, D., Kobliuk, N., Svoboda, 

J., Hladky, R., Stych, P., 2020. Sentinel-2 Data in an 

Evaluation of the Impact of the Disturbances on Forest 

Vegetation. Remote Sens. 12. 

Recenzovaný 

Featured Paper 

s IF 

4.118 Ano  

6 Hladky, R., Lastovicka, J., Holman, L., Stych, P., 2020. 

Evaluation of the influence of disturbances on forest 

vegetation using Landsat time series; a case study of the 

Low Tatras National Park. Eur. J. Remote Sens. 53, 40ɬ66. 

Recenzovaný 

ðÓâÕÌÒɯÚɯ(% 

1.904 Ano  

7 Stych, P., Lastovicka, J., Hladky, R., Paluba, D., 2019c. 

Evaluation of the Infl uence of Disturbances on Forest 

Vegetation Using the Time Series of Landsat Data: A 

Comparison Study of the Low Tatras and Sumava 

National Parks. ISPRS Int. J. Geo-Information 8, 71. 

Recenzované 

Review s IF 

1.840 Ano  

 

"ąÓÌÔɯ×ÙÝÕąɯÚÛÜËÐÌɯȹ§ÛàÊÏɯÌÛɯÈÓȭɯ2018) byla klasifikace lesních ploch a detekce áÔùÕɯ

v ËÓÖÜÏÖËÖÉõÔɯ ÝńÝÖÑÐȭɯ  ÜÛÖĪÐɯ ÚÌɯ áÈÔùĪÐÓÐɯ ÕÈɯ ÝàÏÖËÕÖÊÌÕąɯ áÔùÕɯ ÓÈÕËɯ ÊÖÝÌÙɯ ×ÖÔÖÊąɯ

ÒÓÈÚÐÍÐÒÈÊÌɯ,ÈßÐÔÜÔɯ+ÐÒÌÓÐÏÖÖËɯÔÌáÐɯÙÖÒàɯƕƝƜƚɯÈŉɯƖƔƕƛɯ×ÖÔÖÊąɯËÈÛ mise Landsat pro území 

ÉńÝÈÓńÊÏɯÝÖÑÌÕÚÒńÊÏɯĶÑÌáËļȭ 
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Druhá práÊÌɯȹ/ÈÓÜÉÈɯÌÛɯÈÓȭɯƖƔƕƜȺɯÙÖáÝÐÑąɯÝńáÒÜÔÕÖÜɯÛõÔÈÛÐÒÜɯ×ÙÝÕąɯáÔÐĚÖÝÈÕõɯÚÛÜËÐÌȭɯ

9ɯÔÌÛÖËÐÊÒõÏÖɯÏÓÌËÐÚÒÈɯÚÌɯáÈÉńÝÈÓÈɯÛÌÚÛÖÝâÕąÔɯÔÖËÌÙÕąÊÏɯÒÓÈÚÐÍÐÒÈðÕąÊÏ per-pixel  metod 

ȹ25,ɯÈɯ,+ȺȮɯÒÛÌÙõɯÓáÌɯÝàÜŉąÛɯÝ ÖÉÓÈÚÛÐɯÏÖËÕÖÊÌÕąɯÚÛÈÝÜɯÈɯáÔùÕɯÓÈÕËɯÊÖÝÌÙɯȹÓÌÚÕąÊÏɯ×ÓÖÊÏȺȭɯ

KlasÐÍÐÒâÛÖÙàɯÉàÓàɯÏÖËÕÖÊÌÕàɯËÓÌɯËÖÚÈŉÌÕõɯ×ĪÌÚÕÖÚÛÐɯÒÓÈÚÐÍÐÒÈÊÌȭɯ,ÌÛÖËàɯÉàÓàɯÈ×ÓÐÒÖÝâÕàɯÕÈɯ

ËÝÈɯÙļáÕõɯÛà×àɯËÈÛɯɬ Landsat 8 a Sentinel-ƖȭɯHÓâÕÌÒɯÏÖËÕÖÛąɯÝÓÐÝɯÙÖáËąÓÕõÏÖɯÚ×ÌÒÛÙâÓÕąÏÖɯÈɯ

×ÙÖÚÛÖÙÖÝõÏÖɯÙÖáÓÐįÌÕąɯÝ kombinaci s ÝńÉùÙÌÔɯÒÓÈÚÐÍÐÒÈðÕąɯÔÌÛÖËàɯÕÈɯÝńÚÓÌËÌÒɯ×ĪÌÚÕÖÚÛÐɯ

ÒÓÈÚÐÍÐÒÈÊÌɯÓÈÕËɯÊÖÝÌÙɯĶáÌÔąɯÉńÝÈÓńÊÏɯÝÖÑÌÕÚÒńÊÏɯĶÑÌáËļȭ 

3ĪÌÛąɯ×ÙâÊÌɯ2ÛàÊÏɯÌÛɯÈÓȭɯƖƔƕƝa ÉàÓÈɯáÈÔùĪÌÕÈɯÕÈɯtestování ÝÓÐÝÜɯÙļáÕńÊÏɯ×ÙÖÚÛÖÙÖÝńÊÏɯ

ÙÖáÓÐįÌÕąɯ×ÖÜŉÐÛńÊÏɯËÈÛɯÕÈɯÝńÚÓÌËÌÒɯÒÓÈÚÐÍÐÒÈÊe pomocí ÒÓÈÚÐÍÐÒâÛÖÙļɯ--ɯÈɯ25,ȮɯáÈÓÖŉÌÕńÊÏɯ

na metodách strÖÑÖÝõÏÖɯ ÜðÌÕą. K ÛÌÚÛÖÝâÕąɯ ÉàÓÈɯ ÜŉÐÛÈɯ ÝÖÓÕùɯ ËÖÚÛÜ×Õâɯ ËÈÛÈɯ +ÈÕËÚÈÛ 8 

s ÝàÚÖÒńÔɯ ×ÙÖÚÛÖÙÖÝńÔɯ ÙÖáÓÐįÌÕąÔɯ Èɯ ÒÖÔÌÙðÕąɯ ÔÜÓÛÐÚ×ÌÒÛÙâÓÕąɯ ËÈÛÈɯ Úɯ ÝÌÓÔÐɯ ÝàÚÖÒńÔɯ

ÙÖáÓÐįÌÕąÔɯ6ÖÙÓË5ÐÌÞ-Ɩȭɯ/ÖáÖÙÖÝÈÕÖÜɯÛÌÚÛÖÝÈÕÖÜɯÖÉÓÈÚÛąɯÉàÓÖɯĶáÌÔąɯ§ÜÔÈÝàɯÚ výraznými 

dopady disturbancí na ÓÌÚÕąɯÌÒÖÚàÚÛõÔàȭɯ2ÛÜËÐÌɯÉàÓÈɯ×ÙÐÔâÙÕùɯáÈÔùĪÌÕÈɯÕÈɯÝàÏÖËÕÖÊÌÕąɯɤɯ

ËÌÛÌÒÊÐɯÙÖáÚÈÏÜɯįÒÖËɯÒļÙÖÝÊÖÝõɯÒÈÓÈÔÐÛàȭɯ 

-Èɯ áâÒÓÈËùɯ ÈÉÚÖÓÝÖÝÈÕõɯ áÈÏÙÈÕÐðÕąɯ ÚÛâŉÌɯ Ýɯ -ùÔÌÊÒÜɯ ȹ'ÜÔÉÖÓËÛÖÝÈɯ ÜÕÐÝÌÙáÐÛÈɯ

v !ÌÙÓąÕùȰɯ×ÖËɯÝÌËÌÕąÔɯ×ÙÖÍȭɯ/ÈÛÙÐÊÒÈɯ'ÖÚÛÌÙÛÈɯÈɯprof . Sebastiana van der Lindena) byla 

ÝàÛÝÖĪÌÕÈɯðÛÝÙÛâɯ×ÜÉÓÐÒÈÊÌɯ2ÌÕÍɯÌÛɯÈÓȭɯƖƔƖƔȭɯ/ÙâÊÌɯÚÌɯÝùÕÜÑÌɯÜŉÐÛąɯ2, ɯÔÌÛÖËɯðÈÚÖÝńÊÏɯĪÈËȭɯ

Hodnoceny byly sub -×ÐßÌÓÖÝõɯÒÓÈÚÐÍÐÒÈÊÌȮɯÛÌËàɯÛÝÖÙÉàɯÍÙÈÎÔÌÕÛļɯ×ÖÝÙÊÏļɯáąÚÒÈÕõɯ×ÖÔÖÊąɯ

Machine Learning Regression Modeling  metod. *ÖÕÒÙõÛÕùɯÉàÓàɯÛÌÚÛÖÝâÕàɯSpectral Unmixing 

ÔÌÛÖËàɯ251ɯÈɯ1%1ɯÕÈɯËÈÛÌÊÏɯ+ÈÕËÚÈÛɯ×ÙÖɯÕùÔÌÊÒÖÜɯðâÚÛɯ§ÜÔÈÝàɯáÈɯ×ÖÚÓÌËÕąÊÏɯƖƙɯÓÌÛȭɯ/ÙÖɯ

×ÙâÊÐɯÉàÓàɯÜŉÐÛàɯÑÈÒɯCIR, ÛÈÒɯÐɯÉùŉÕõɯÓÌÛÌÊÒõɯÚÕąÔÒàɯÒ ÏÖËÕÖÊÌÕąɯ×ĪÌÚÕÖÚÛÐɯÈɯÒÌɯÚÉùÙÜɯÝÚÛÜ×ÕąÊÏɯ

ËÈÛɯ×ÙÖɯÝàÛÝÖĪÌÕąɯÚ×ÌÒÛÙâÓÕąÊÏɯknihoven z endmembers. 

Pátá ×ÜÉÓÐÒÈÊÌɯ +ÈÚÛÖÝÐÊÒÈɯ ÌÛɯ ÈÓȭɯ ƖƔƖƔɯ ÑÌɯ áÈÔùĪÌÕÈɯ ÕÈɯ ÝàÏÖËÕÖÊÌÕąɯ ÛÌÔ×ÖÙâÓÕąÏÖȮɯ

×ÙÖÚÛÖÙÖÝõÏÖɯÐɯÚ×ÌÒÛÙâÓÕąÏÖɯÙÖáÓÐįÌÕąɯËÈÛɯ+ÈÕËÚÈÛɯÈɯ2ÌÕÛÐÕÌÓ-2. Data Sentinel-2 byla dále 

ÝàÜŉÐÛÈ k ÈÕÈÓńáÌɯðÈÚÖÝńÊÏɯĪÈËɯÚɯÝàÜŉÐÛąÔɯƘɯÛà×ļɯ×ÖÔùÙÖÝńÊÏɯÐɯÖÙÛÖÎÖÕâÓÕąÊÏɯÐÕËÌßļɯȹ-#5(Ȯɯ

-#,(Ȯɯ 3"&ɯ Èɯ 3"6Ⱥȭɯ /ÙâÊÌɯ ÝàÜŉąÝâɯ ËÖÚÛÜ×ÕÖÜɯ ðÈÚÖÝÖÜɯ ĪÈËÜɯ ÛĪąɯ ÓÌÛɯ ËÈÛɯ 2ÌÕÛÐÕÌÓ-2 

s atmosférickými korekcemi (Level 2A data). Zkoumanými oblastmi jsou vybrané lokality 

-ąáÒńÊÏɯ3ÈÛÌÙɯÈɯ§ÜÔÈÝàȭɯ5 ×ÙâÊÐɯÑÌɯÝàÜŉÐÛÖɯÔÖËÌÙÕąch cloud-based technologií pro rychlý 

×ĪąÚÛÜ×ɯÈɯá×ÙÈÊÖÝâÕą dat pomocí aplikace Sentinel Hub. Z výzkumného hlediska se studie 

áÈÔùĪÐÓÈɯÕÈɯËÌÛÌÒÊÐɯÑÌËÕÖÛÓÐÝńÊÏɯÍâáąɯÝńÝÖÑÌɯÓÌÚÈɯáÈÚÈŉÌÕõÏÖɯËÐÚÛÜÙÉÈÕÊemi ȹÕÈ×Īȭɯfinální fáze 

ËÐÚÛÜÙÉÈÕÊÌȮɯ×ÖðâÛÌðÕąɯÙÌÊÖÝÌÙàɯÈɯ×ÖÒÙÖðÐÓâɯÙÌÊÖÝÌÙà fáze). 

§ÌÚÛâ a sedmá práce (Hladky et al. 2020 a Stych et al. 2019cȺɯÚÌɯáÈÔùĪÜÑÌɯÕÈɯ×ÖÚÖÜáÌÕąɯ

ÝÏÖËÕõÏÖɯ ÝńÉùÙÜɯ ×ÖÔùÙÖÝńÊÏɯ ÝÌÎÌÛÈðÕąÊÏɯ ÐÕËÌßļɯ ×ÙÖɯ ÜÙðÌÕąɯ áÔùÕɯ áËÙÈÝÖÛÕąÏÖɯ ÚÛÈÝÜɯ

vegetace ve sledovaných národních parcích v HÌÚÒÜɯÈɯÕÈɯ2ÓÖÝÌÕÚÒÜȭɯ9 metodického hlediska 

bylo  ĪÌįeno testování ÔÌÛÖËɯÕÖÙÔÈÓÐáÈÊÌɯȹÔÌÛÖËÈɯ/(%ȺɯÈɯÕâÚÓÌËÕùɯÜŉÐÛąɯÕÖÙÔÈÓÐáÖÝÈÕńÊÏɯËÈÛɯ

Landsat v analýze ËÌÓįąɯðÈÚÖÝé ĪÈËàɯ(20 a více let) ×ÙÖɯÖÉùɯáâÑÔÖÝõɯÖÉÓÈÚÛÐȭɯ3ÈÛÖɯÚÛÜËÐÌɯ

navazuje ÕÈɯ×ĪÌËÌįÓõɯÝńÚÓÌËÒàɯ×ÜÉÓÐÒÈÊÌɯ+ÈÚÛÖÝÐÊÒÈɯÌÛɯÈÓȭɯƖƔƕƛȮɯÝɯÒÛÌré byly testovány 

základní RRN metody ɬ Ridge a PIFȭɯ,ÌÛÖËÈɯ/(%ɯÝàÒÈáÖÝÈÓÈɯÓÌ×įąÊÏɯÝńÚÓÌËÒļȭɯ/ÖɯÕÖÙÔÈÓÐáÈÊÐɯ

metodou PIF ÉàÓàɯÌÓÐÔÐÕÖÝâÕàɯÕÈ×ĪȭɯÕÌŉâËÖÜÊąɯÝÓÐÝàɯÖËÓÐįÕńÊÏɯÚÌÕáÖÙļɯ+ÈÕËÚÈÛȭɯ/ÙâÊÌɯmimo 

jiné zkoumala vliv metod RRN na  ðÈÚÖÝõɯĪÈËà dat Landsat 2ÜÙÍÈÊÌɯ1ÌÍÓÌÊÛÈÕÊÌɯȹ+ÌÝÌÓɯƖȮɯËĪąÝÌɯ

nazývané jako CDR). /ĪÌÏÓÌËɯÜŉÐÛńÊÏɯÔÌÛÖËȮɯËÈÛɯÈɯáÒÖÜÔÈÕńÊÏɯÓÖÒÈÓÐÛɯÑÌËÕÖÛÓÐÝńÊÏɯðÓâÕÒļ 

ËÐÚÌÙÛÈðÕąɯ×ÙâÊÌ ÑÌɯÔÖŉÕõɯÝÐËùÛɯÝ Tab. 3. 
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3ÈÉȭɯƗɯ/ĪÌÏÓÌËɯÜŉÐÛńÊÏɯÔÌÛÖË, dat a lokalit  u vydaných publikací k  ËÐÚÌÙÛÈðÕąɯ×ÙâÊÐ 

 ÜÛÖÙȯɯ)ÖÚÌÍɯ+ÈįÛÖÝÐðÒÈɯȹƖƔƖƔȺ; ËùÓÌÕąɯÔÌÛÖËɯinspirováno Zhu 2017. 

# Citace Skupina metod  4ŉÐÛõɯÔÌÛÖËà Data Lokalita  

1 
§ÛàÊÏɯÌÛɯÈÓȭɯ

2018 

(2) Differencing  

(2.1) 

Classification 

Klasifikace ML 

ðÈÚÖÝõɯĪÈËà 
Landsat 5 a 8 

CHKO 

!ÙËàȮɯHÌÚÒÖ 

2 
Paluba et 

al. 2018 

(2) Differencing  

(2.1) 

Classification 

Testování klasifikace 

ML a SVM; 

porovnání dat  

Landsat 8 a Sentinel-2 

CHKO 

Ralsko a 

!ÙËàȮɯHÌÚÒÖ 

3 
Stych et al. 

2019a 

(2) Differencing  

(2.1) 

Classification 

Testování klasifikace 

SVM a NN; 

porovnání dat  

Landsat 8 a 

WorldView -2 

-/ɯ§ÜÔÈÝÈȮɯ

HÌÚÒÖ 

4 
Senf et al. 

2020 

(2) Differencing 

(2.2) SMA 

(2.2.1) Linear 

Unmixing  

Spectral Unmixing  

ðÈÚÖÝõɯĪÈËàɯ×ÖÔÖÊąɯ

SVR a RFR 
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Hodnocen² zmŊn krajinn®ho pokryvu bĨval®ho 
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Evaluation of the land cover changes in the former military 
training area Brdy using remote sensing  
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Katedra aplikovan® geoinformatiky a kartografie, PŚ²rodovŊdecká fakulta, Univerzita Karlova;  

e-mail: stych@natur.cuni.cz 

 
 

  
Ƴ Abstract. The development of Remote Sensing (RS) methods and data has brought new possibilities in 

evaluation of the changes in land cover. An evaluation of land cover changes of military training areas based 

on RS methods and data appears to be highly useful, because of the lack of traditional data on the landscape of 

these specific territories. The main objective of this study is to evaluate land cover changes in the former milit ary 

training area Brdy using freely available Landsat satellite data in the period of 1986ɬ2017. The landscape of the 

former military training area Brdy underwent significant changes in this period. Main trends were the increase 

of area of deciduous forest and the decrease of the share of built-up areas related to the decline of military 

activities. Land cover classification was performed using the Maximum Likelihood algorithm using Landsat 5 

and Landsat 8 data. The accuracy of the classification was verified based on aerial photographs, and always 

exceeded 90 % in the observed years 1986, 1998, 2011 and 2017. RS archive data have undoubtedly high 

information potential in the evaluation of landscape changes of the former military training areas. For purpose 

of an increase of the accuracy of classification, it is desirable to link RS methods with in-situ measurements. 

 

Ƴ Key words: Remote Sensing, Brdy, Protected Landscape Area, Land Cover, Landsat, Military Training Area 

 

Đvod a reġerġe 
 

5ÖÑÌÕÚÒõɯĶÑÌáËàɯ×ÙÖįÓàɯðÈÚÛÖɯÝńÙÈáÕùɯÖËÓÐįÕńÔɯÝńÝÖÑÌÔɯÒÙÈÑÐÕÕõÏÖɯ×ÖÒÙàÝÜɯÝÌɯÚÙÖÝÕâÕąɯ

s ÖÒÖÓÕąɯÒÙÈÑÐÕÖÜȮɯÊÖŉɯÉàÓÖɯáÈ×ĪąðÐÕùÕÖɯÚ×ÌÊÐÍÐÊÒńÔÐɯ×ÖËÔąÕÒÈÔÐɯÈ okolnostmi. Díky své 

ÜáÈÝĪÌÕÖÚÛÐɯÜÕÐÒÓàɯÉùŉÕùɯ×ļÚÖÉąÊąÔɯÍÈÒÛÖÙļÔɯÈɯÑÌÑÐÊÏɯÌÒÖÚàÚÛõÔàɯÜÛÝâĪÌÓàɯÈÚ×ÌÒÛàɯÚ×ÖÑÌÕõɯ

s vojenským výcvÐÒÌÔȭɯ5ÖÑÌÕÚÒõɯĶÑÌáËàɯȹ5¯ȺɯÛÈÒɯ×ĪÌËÚÛÈÝÜÑąɯÚ×ÌÊÐÍÐÊÒõɯÖÚÛÙļÝÒàɯÝɯÕÈįąɯ

ÒÙÈÑÐÕùȭɯ)ÌÑÐÊÏɯÒÙÈÑÐÕÕńɯ×ÖÒÙàÝɯÚÌɯÖËÓÐįÜÑÌɯÖËɯÖÒÖÓÕąÏÖɯ×ÙÖÚÛĪÌËąȮɯðąÔŉɯÜÔÖŉĚÜÑÌɯÝńÚÒàÛɯ

ÙÖáÓÐðÕńÊÏɯÏÈÉÐÛÈÛļɯȹ!ÜįÌÒɯȫɯ1ÌÐÍɯƖƔƕƛȺȭɯ$ßÐÚÛÜÑąɯÚÛÜËÐÌɯáÈÉńÝÈÑąÊąɯÚÌɯÌÕÝÐÙÖÕÔÌÕÛâÓÕąÔÐɯ

aspekty vÖÑÌÕÚÒńÊÏɯĶÑÌáËļɯɬ ÖÊÏÙÈÕÖÜɯ×ĪąÙÖËàɯȹ!ÜįÌÒɯȫɯ1ÌÐÍɯƖƔƕƛȺ a vlivem existence 

ÝÖÑÌÕÚÒńÊÏɯĶÑÌáËļɯÕÈɯ×ĪąÙÖËÜɯÈɯÑÌÑąɯÚÓÖŉky ('ÈÙÈÉÐįɯȫɯ#ÖÓÕńɯƖƔƕƜ, Zentelis et al. 2017a, 

Zentelis et al. 2017b, Lindenmayer et al. 2016, Bakker 2014, $ÕÎÚÛÖÝâɯȫɯ/ÌÛĪąðÌÒɯƖƔƔƜ, Hirst, 

Pywell & Putwain 2000Ⱥȭɯ*ÖÔ×ÓÌßÕąɯÈÕÈÓńáÜɯĶáÌÔąɯÉńÝÈÓõÏÖɯ5¯ɯ!ÙËàɯÚÌɯáĪÌÛÌÓÌÔɯÕÈɯÖÊÏÙÈÕÜɯ

×ĪąÙÖËàɯ×ÖÚÒàÛÜÑąɯ×ÜÉÓÐÒÈÊÌɯ ./* (AOPK 2013a, AOPK 2013b). Samotným vývojem land 

ÊÖÝÌÙɯÝÖÑÌÕÚÒńÊÏɯĶÑÌáËļɯH1ɯÚÌɯáÈÖÉąÙÈÓÐɯ2ÒÖÒÈÕÖÝâɯÌÛɯÈÓȭɯȹƖƔƕƛȺȭ 

*ÖÔ×ÓÌßÕąɯ×ĪÌÏÓÌËɯÖɯÝÖÑÌÕÚÒńÊÏɯĶÑÌáËÌÊÏɯHÌÚÒÖÚÓÖÝÌÕÚÒÈɯ×ÖÚÒàÛÜÑÌɯ§ÓÖÚÈÙɯÌÛɯÈÓȭɯȹƖƔƕƖȺ a 

újezdy v  ÙâÔÊÐɯ H1ɯ ×ÜÉÓÐÒÈÊÌɯ  H1ɯ Ú ÕâáÝÌÔɯ Ȭ2ÛÙÜðÕùɯ Öɯ HÌÚÒõɯ ÙÌ×ÜÉÓÐÊÌȮɯ ÈÙÔâËùɯ Èɯ

ÝńÊÝÐÒÖÝńÊÏɯáÈĪąáÌÕąÊÏɯÝÖÑÌÕÚÒõÏÖɯĶÑÌáËÜɁɯÝùÕÖÝÈÕõɯĶÑÌáËļÔɯ!ÖÓÌÛÐÊÌɯȹ1ÖÜįÈÙɯƖƔƔƙÈȺ, 

Libavá ȹ1ÖÜįÈÙɯƖƔƔƚÊȺȮɯ'ÙÈËÐįÛùɯȹ1ÖÜįÈÙɯƖƔƔƚÈȺȮɯ!ĪÌáÐÕâɯȹ1ÖÜįÈÙɯƖƔƔƚÉȺ a Brdy ȹ1ÖÜįÈÙɯƖƔƔƙÉȺ.  



5 'ÖËÕÖÊÌÕąɯáÔùÕɯÒÙÈÑÐÕÕõÏÖɯ×ÖÒÙàÝÜɯÉńÝÈÓõÏÖɯÝÖÑÌÕÚÒõÏÖɯĶÑÌáËÜɯ!ÙËàɯ×ÖÔÖÊąɯËâÓÒÖÝõÏÖɯ×ÙļáÒÜÔÜɯ9ÌÔù 

 27 

'ÖËÕÖÛÕńÔɯ×ĪąÒÓÈËÌÔɯÝńáÒÜÔÜɯÝÖÑÌÕÚÒńÊÏɯĶÑÌáËļɯÑÌɯÔÖÕÖÎÙÈÍÐÌɯ2ÉÖÙÕąÒÜɯ&ÌÖÎÙÈÍÐÌȮɯ

ÒÛÌÙâɯÝàįÓÈɯÝ ÙÖÊÌɯƕƝƝƜɯ×ÖɯáÙÜįÌÕąɯÝÖÑÌÕÚÒõÏÖɯĶÑÌáËÜɯ1ÈÓÚÒÖȭɯ ÜÛÖĪÐɯÚÌɯáÈÖÉąÙÈÑąɯÙļáÕńÔÐɯ

×ÙÖÉÓõÔàɯÖËɯÏÐÚÛÖÙÐÌɯÈɯ×ļÚÖÉÌÕą vojska na území VÚ (Komár 1998), revitalizací ȹ/ÖįÛÖÓÒÈɯ

1998), biologickými a environmentálními aspekty ȹ'ÖÕÊļɯƕƝƝƜȺ Èŉɯ×ÖɯĶáÌÔÕąɯ×ÓâÕÖÝâÕąɯ

ȹ#ÈĪąÓÒÖÝâɯƕƝƝƜȺȭɯ2ÌÐËÓɯȫɯ"ÏÙÖÔńɯȹƖƔƕƔȺɯÚÛÜËÜÑąɯÖÝÓÐÝÕùÕąɯįÐÙįąÏÖɯÙÌÎÐÖÕÜɯÝÖÑÌÕÚÒńÔɯĶÑÌáËÌÔɯ

Boletice a integraci tohoto marginálního území do regionálního systému. Outrata (2015) se 

zaobíral zkoumáním vývoje land cover VÚ Brdy a Ralsko v  ÙâÔÊÐɯÚÝõɯÉÈÒÈÓâĪÚÒõɯ×ÙâÊÌȭɯ'âÑÌÒɯ

ȹƖƔƕƗȺɯÚÛÜËÖÝÈÓɯáÔùÕàɯÒÙÈÑÐÕàɯÝɯáâáÌÔąɯÝÖÑÌÕÚÒńÊÏɯĶÑÌáËļɯ!ÙËàɯÈɯ'ÙÈËÐįÛùɯÖËɯ×ÖÓÖÝÐÕàɯƕƝȭɯ

stol. Hlavním zdrojem  ËÈÛɯÉàÓÈɯËÈÛÈÉâáÌɯ+4""ɯ"áÌÊÏÐÈȮɯÒÛÌÙâɯÖÉÚÈÏÜÑÌɯÐÕÍÖÙÔÈÊÌɯÖɯÝàÜŉÐÛąɯ

×ÓÖÊÏɯáɯÓÌÛɯƕƜƘƙȮɯƕƜƝƚȮɯƕƝƘƜȮɯƕƝƝƔɯÈɯƖƔƔƔȭɯ.ÉÑÌÒÛÌÔɯáÒÖÜÔâÕąɯÝįÈÒɯÕÌÉàÓÈɯ×ĪąÔÖɯ×ÓÖÊÏÈɯ5¯Ȯɯ

ÈÓÌɯÑÌÑÐÊÏɯáâáÌÔąɯÚÌɯáĪÌÛÌÓÌÔɯÕÈɯÛÖȮɯÒÛÌÙÈÒɯ×ĪąÛÖÔÕÖÚÛɯ5¯ɯÖÝÓÐÝĚÜÑÌɯÝàÜŉÐÛąɯ×ÓÖÊÏȭɯ5¯ɯáËÌɯÉàÓàɯ

zkoÜÔâÕàɯÑÈÒÖɯÉÈÙÐõÙÈɯÝńÝÖÑÌɯÚɯ×ĪÌË×ÖÒÓÈËÌÔɯÔÈÓńÊÏɯáÔùÕɯÝÌɯÝàÜŉÐÛąɯÒÙÈÑÐÕàȭɯ 

*ÖÔ×ÓÌßÕąɯÊÏÈÙÈÒÛÌÙÐÚÛÐÒÖÜɯÙÌÎÐÖÕÜɯ!ÙËàȮɯÏÓÈÝÕùɯ×ÈÒɯÖÉÓÈÚÛąɯÚÛĪÌËÕąÊÏɯ!ÙËɯÚÌɯáÈÖÉąÙÈÑąɯ

ÕÈ×ĪȭɯHâÒÈɯȹƕƝƝƜȺ a Cílek et al. (2005, 2015). Velmi významným zdrojem informací jsou studie 

ÙÖáÌÉąÙÈÑąÊąɯÝįÌÖÉÌÊÕÖÜɯÊÏÈÙÈÒÛÌÙÐÚÛÐÒÜɯÖÉÓÈÚÛÐɯȹÕÈ×Īȭ HâÒÈɯƖƔƔƙ, Nekut et al. 2005, -ùÔÌÊɯ

2005ȺȮɯÉÐÖÛÐÊÒÖÜɯÚÓÖŉÒÖÜɯ×ĪąÙÖËàɯȹSofron et al. 2005, §ÒÖËÈɯƖƔƔƙȺɯÈɯËÓÖÜÏÖËÖÉńɯÝÓÐÝɯðÓÖÝùÒÈɯÕÈɯ

×ĪąÙÖËÜɯȹ!ĪÌáÖÝÚÒńɯƖƔƔƙ, #ÌÑÔÈÓɯȫɯ/ÌÛĪąðÌÒɯƖƔƔƙ). Komplexní  územní studii vypracoval 

ÂÈÓÜËÈɯ ȹƖƔƕƚȺ a ,ÈÛÜįÒÖÝâɯ ȹƖƔƕƙȺɯ ÚÌɯ áÈÖÉąÙÈÓÈɯstrategickou transformaci VÚ. Problém 

ËÓÖÜÏÖËÖÉõɯÜËÙŉÐÛÌÓÕÖÚÛÐɯ×ùÚÛÖÝâÕąɯÚÔÙÒļɯÕÈɯĶáÌÔąɯÉńÝÈÓõÏÖɯ5¯ɯĪÌįÐÓɯ.ÉÌÙÔÈÑÌÙɯȹƖƔƕƚȺȮɯ

ÉÐÖÛÐÊÒõɯÙÐáÐÒÈɯËÌÛÈÐÓÕùɯÙÖáÌÉąÙÈÑąɯ+ÐįÒÈɯȫɯ,ÖËÓÐÕÎÌÙɯȹƖƔƕƚȺȭɯ1ÌÓÌÝÈÕÛÕąɯÑÚÖÜɯÛÈÒõɯÕùÒÛÌÙõɯ

ðÓâÕÒàɯ×ÖÙÛâÓÜɯ!ÙËÐÕÎɯáÈÖÉąÙÈÑąÊąɯÚÌɯÚÈÔÖÛÕńÔÐɯÝńÊÝÐÒÖÝńÔÐɯáÈĪąáÌÕąÔÐɯ5¯ɯ!ÙËàɯȹBrding 

2014a, 2014b, 2015, 2016, 2017). V ÕÌ×ÖÚÓÌËÕąɯĪÈËùɯÓáÌɯÜÝõÚÛɯÚÛÜËÐÐɯÖÉÓÖÏàɯÕÈËɯÉńÝÈÓńÔɯ5¯ɯ

Brdy, která je podle !ÈÙÌįÌȮɯ)ąÙàɯȫɯ,ÖÜËÙõɯȹƖƔƕƚȺ ÛõÔùĪɯÉÌáɯÚÝùÛÌÓÕõÏÖɯáÕÌðÐįÛùÕąȭ 

1ÖáÝÖÑɯÚÈÛÌÓÐÛÕąÊÏɯÚÕąÔÈðļɯ×ĪÐÕÌÚÓɯÕÖÝõɯÔÖŉÕÖÚÛÐɯÝɯÏÖËÕÖÊÌÕąɯáÔùÕɯÒÙÈÑÐÕÕõho pokryvu. 

/ÙÖÎÙÈÔɯ+ÈÕËÚÈÛȮɯÑÌÏÖŉɯ×ÙÝÕąɯËÙÜŉÐÊÌɯáÈðÈÓÈɯÚÕąÔÈÛɯ9ÌÔÐɯÝɯÙÖÊÌɯƕƝƛƖȮɯÜÔÖŉÕÜÑÌɯáąÚÒÈÛɯ

ÚÕąÔÒàɯÝàÚÖÒõÏÖɯ×ÙÖÚÛÖÙÖÝõÏÖɯÙÖáÓÐįÌÕąɯÝɯ×ÙÈÝÐËÌÓÕõÔɯÐÕÛÌÙÝÈÓÜɯƕƚɯËÕąɯȹ42&2ɯƖƔƕƚÉȺȭɯ

3õÔÈÛÐÒÈɯáÒÖÜÔâÕąɯáÔùÕɯÒÙÈÑÐÕàɯÝÖÑÌÕÚÒńÊÏɯĶÑÌáËļɯÕÈɯáâÒÓÈËùɯÔÌÛÖËɯ#/9ɯÚÌɯÝ tomto 

ohledu jeví jako ne zcela probádaná s ËÖ×ÖÚÜËɯÚ×ÖÙÈËÐÊÒńÔɯÝàÜŉÐÛąÔɯËÙÜŉÐÊÖÝńÊÏɯËÈÛȭɯ

V ÚÖÜðÈÚÕÖÚÛÐɯÔâÔÌɯÒ ËÐÚ×ÖáÐÊÐɯįÐÙÖÒÖÜɯįÒâÓÜɯËÙÜŉÐÊÖÝńÊÏɯËÈÛɯÈɯÒÓÈÚÐÍÐÒÈðÕąÊÏɯÈÓÎÖÙÐÛÔļȮɯ

ÒÛÌÙõɯÑÌɯÔÖŉÕõɯÝàÜŉąÛɯÒ ÏÖËÕÖÊÌÕąɯáÔùÕɯÓÈÕËɯÊÖÝÌÙɯȹ+"Ⱥȭɯ/ÖËÚÛÈÛÈɯÒÓÈÚÐÍÐÒÈÊÌɯÚ×ÖðąÝâɯÝɯ

ÙÖáËùÓÌÕąɯ ÕÈÔùĪÌÕõÏÖɯ ËÈÛÖÝõÏÖɯ ÚÖÜÉÖÙÜɯ ËÖɯ ÜÙðÐÛńÊÏɯ ÛĪąËɯ ×ÖËÓÌɯ ×ĪÌËÌÔɯ ËÌÍÐÕÖÝÈÕõÏÖɯ

ÒÓÈÚÐÍÐÒÈðÕąÏÖɯ×ÙÈÝÐËÓÈȭɯ*ÓÈÚÐÍÐÒÈðÕąɯ×ÙÈÝÐËÓÖɯÓáÌɯÚÛÈÕÖÝÐÛɯÕÈɯáâÒÓÈËùɯ×ĪąáÕÈÒļȮɯÊÖŉɯÑÚÖÜɯ

ÝńáÕÈðÕõɯÈɯÊÏÈÙÈÒÛÌÙÐÚÛÐÊÒõɯáÔùÕàɯÙÈËÐÖÔÌÛÙÐÊÒõɯÝÌÓÐðÐÕàɯÝɯáâÝÐÚÓÖÚÛÐɯÕÈɯáÔùÕùɯËÙÜÏÖÝõÏÖɯðÐɯ

ÚÛÈÝÖÝõÏÖɯ×ÈÙÈÔÌÛÙÜȭɯ1ÖáÌáÕâÝÈÑąɯÚÌɯðÛàĪÐɯÛà×àɯ×ĪąáÕÈÒļȮɯá ÕÐÊÏŉɯÑÚÖÜɯÕÌÑÝąÊÌɯÝàÜŉąÝâÕàɯ

×ĪąáÕÈÒàɯÚ×ÌÒÛÙâÓÕąȮɯËâÓÌɯÚÌɯÙÖáÓÐįÜÑąɯ×ĪąáÕÈÒàɯ×ÙÖÚÛÖÙÖÝõȮɯðÈÚÖÝõɯÈ ×ÖÓÈÙÐáÈðÕąɯȹ*ÖÓâĪɯƕƝƝƔȺȭɯ

Jedna z ÕÌÑÝàÜŉąÝÈÕùÑįąÊÏɯÒÓÈÚÐÍÐÒÈðÕąÊÏɯÈÓÎÖÙÐÛÔļɯÕÈËâÓÌɯáļÚÛâÝâɯ,ÈßÐÔÜÔɯ+ÐÒÌÓÐÏÖÖËɯȹ,+Ⱥɯ

(Mihai et al. 2017; Pal & Mather 2005) i ×ĪÌÚÛÖȮɯŉÌɯÚÌɯÚÛâÓÌɯðÈÚÛùÑÐɯÈ×ÓÐÒÜÑąɯÕÖÝõȮɯ×ÙÖÎÙÌÚąÝÕąɯ

ÒÓÈÚÐÍÐÒÈðÕąɯÈÓÎÖÙÐÛÔàȮɯÑÈÒÖɯÑÌɯÕÈ×Īȭɯ2Ü××ÖÙÛɯ5ÌÊÛÖÙɯ,ÈÊÏÐÕÌɯȹ25,ȺȮɯ-ÌÜÙÈÓɯ-ÌÛÞÖÙÒɯðÐɯ

1ÈÕËÖÔɯ%ÖÙÌÚÛɯȹ-ÖÐɯȫɯ*È××ÈÚɯƖƔƕƜȺȭɯ,ÐÏÈÐɯÌÛɯÈÓȭɯȹƖƔƕƛȺɯÚÌɯ×ÖÒÜÚÐÓÐɯÒÝÈÕÛÐÍÐÒÖÝÈÛɯáÔùÕÜɯ

lesního ×ÖÒÙàÝÜɯ ×ÖÏÖĪąɯ Ýɯ 1ÜÔÜÕÚÒÜɯ Ý ÒÖÕÛÌßÛÜɯ ÐÕÛÌÕáÐÍÐÒÈÊÌɯ ÖËÓÌÚÕùÕąɯ ÕÈɯ áâÒÓÈËùɯ

klasifikace dat DPZ algoritmem ML, kde získali velice uspokojivé výsledky. Metodicky 

×ÖÚÛÜ×ÖÝÈÓÐɯ ÖËɯ ×ĪÌËá×ÙÈÊÖÝâÕąɯ ËÈÛɯ Ò ÝàÛÝÖĪÌÕąɯ ÛÙõÕÐÕÒÖÝńÊÏɯ ×ÓÖÊÏȮɯ ÝàÛÝÖĪÌÕąɯÔÈ×ɯ +"ɯ

ËÈÕńÊÏɯÛĪąËɯ×ÙÖɯáÒÖÜÔÈÕõɯÖÉËÖÉąɯÈŉɯÒ ÏÖËÕÖÊÌÕąɯ×ĪÌÚÕÖÚÛÐɯÒÓÈÚÐÍÐÒÈÊÌɯÊÏàÉÖÝńÔÐɯÔÈÛÐÊÌÔÐȭ 

2ÓÌËÖÝâÕąÔɯáÔùÕɯÒÙÈÑÐÕÕõÏÖɯ×ÖÒÙàÝÜɯáÈɯ×ÖÔÖÊąɯÒÓÈÚÐÍÐÒÈÊÌɯÚÈÛÌÓÐÛÕąÊÏɯÚÕąÔÒļɯáɯ+ÈÕËÚÈÛɯ

na ĶáÌÔąɯHÌÚÒÈɯÚÌɯáÈÖÉąÙÈÓÈɯHÌÙÝÌÕâɯȹƖƔƕƔȺȮɯÒÛÌÙâɯáÒÖÜÔÈÓÈɯĶáÌÔąɯÖÒÙÌÚÜɯ-âÊÏÖËɯÝɯðÈÚÖÝńÊÏɯ

ÏÖÙÐáÖÕÛÌÊÏɯ ƕƝƛƝȮɯ ƕƝƝƕɯ Èɯ ƖƔƔƕȭɯ  ÜÛÖÙÒÈɯ ËÖ×ÖÙÜðÜÑÌɯ ×ÖÜŉÐÛąɯ ×ÖÔÖÊÕńÊÏɯ ËÈÛɯ Ýɯ ×ÖËÖÉù 



5 'ÖËÕÖÊÌÕąɯáÔùÕɯÒÙÈÑÐÕÕõÏÖɯ×ÖÒÙàÝÜɯÉńÝÈÓõÏÖɯÝÖÑÌÕÚÒõÏÖɯĶÑÌáËÜɯ!ÙËàɯ×ÖÔÖÊąɯËâÓÒÖÝõÏÖɯ×ÙļáÒÜÔÜɯ9ÌÔù 
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ÈÙÊÏÐÝÕąÊÏɯÓÌÛÌÊÒńÊÏɯÚÕąÔÒļɯðÐɯáɯÕÐÊÏɯÖËÝÖáÌÕńÊÏɯËÈÛȭ Vliv disturbancí na vývoj land cover 

v )ÌÚÌÕąÒâÊÏɯÔÌÛÖËÈÔÐɯËâÓÒÖÝõÏÖɯ×ÙļáÒÜÔÜɯ9ÌÔùɯÈɯ&(2ɯáÒÖÜÔÈÓÐɯ!ÖÖÙÐɯÌÛɯÈÓȭɯȹƖƔƕƘȺȭ 

'ÓÈÝÕąÔɯÊąÓÌÔɯÛõÛÖɯÚÛÜËÐÌɯÑÌɯÏÖËÕÖÊÌÕąɯáÔùÕɯÝÌÎÌÛÈðÕąÏÖɯÒÙàÛÜɯȹÓÈÕËɯÊÖÝÌÙȺɯÉńÝÈÓõÏo 

ÝÖÑÌÕÚÒõÏÖɯĶÑÌáËÜɯ!ÙËàɯ×ÖÔÖÊąɯÝÖÓÕùɯËÖÚÛÜ×ÕńÊÏɯËÙÜŉÐÊÖÝńÊÏɯËÈÛɯ+ÈÕËÚÈÛɯÝ období 1986ɬ

2017. V ÛõÛÖɯ ÚÖÜÝÐÚÓÖÚÛÐɯ ÑÚÖÜɯ È×ÓÐÒÖÝâÕÈɯ ËÈÛÈɯ Èɯ ÔÌÛÖËàɯ #/9ɯ Èɯ ËÐÚÒÜÛÖÝâÕàɯ ×ĪÌËÕÖÚÛÐɯ

ËÙÜŉÐÊÖÝńÊÏɯ ËÈÛɯ ×ÙÖɯ ĶðÌÓàɯ ÒÓÈÚÐÍÐÒÈÊÌɯ ÓÈÕËɯ ÊÖÝÌÙɯ È ÝàÏÖËÕÖÊÌÕąɯÑÌÑÐÊÏɯ áÔùÕȭɯ /ÙÖɯ ÓÌ×įąɯ

áÔÈ×ÖÝâÕąɯÈɯ×ÖÊÏÖ×ÌÕąɯáÔùÕɯÒÙÈÑÐÕàɯÑÚÔÌɯÚÌɯÝÌɯÝńÚÓÌËÊąÊÏɯÉÓąŉÌɯáÈÔùĪÐÓÐɯÕÈɯáÔùÕàɯÓÈÕËɯ

ÊÖÝÌÙɯÝàÉÙÈÕńÊÏɯÝÖÑÌÕÚÒńÊÏɯÝńÊÝÐÒÖÝńÊÏɯÈÙÌâÓļȯɯ)ÖÙËâÕȮɯ*ÖÓÝąÕȮɯ/ĪÌËÕąɯÈɯ9ÈËÕąɯ!ÈÏÕÈȭɯ

2ÛÜËÐÌɯÔâɯÛõŉɯáÈɯÊąÓɯÕÈÝÙÏÕÖÜÛɯÝÏÖËÕÖÜɯÓÌÎÌÕËÜɯÓÈÕËɯÊÖÝÌÙɯÈɯÝàÏÖËÕÖÛÐÛɯ×ĪÌÚÕÖÚÛɯ×ÖÜŉÐté 

ÒÓÈÚÐÍÐÒÈÊÌȭɯ-ÈɯáâÝùÙɯÑÌɯ×ĪÐ×ÖÑÌÕÈɯËÐÚÒÜÚÌɯÖÏÓÌËÕùɯ×ÖÛÌÕÊÐâÓÜɯÔÌÛÖËɯ#/9ɯ×ÙÖɯĶðÌÓàɯÖÊÏÙÈÕàɯ

×ĪąÙÖËàɯÈɯÒÙÈÑÐÕàȭ 

 
Pozorované území  
 

Bývalý vojenský újezd Brdy se nachází v ÑÐÏÖáâ×ÈËÕąɯðâÚÛÐɯHÌÚÒÈȭɯ*ÖÕÒÙõÛÕùɯÕÈɯÏÙÈÕÐÊÐɯ

/ÓáÌĚÚÒõÏÖɯÈɯ2ÛĪÌËÖðÌÚÒõÏÖɯÒÙÈÑÌɯȹ.ÉÙȭ ƕȺȭɯ9ÈÚÈÏÜÑÌɯÛÌËàɯËÖɯðÛàĪɯÖÒÙÌÚļɯȹ!ÌÙÖÜÕȮɯ/ÓáÌĚ-jih, 

/ĪąÉÙÈÔɯÈɯ1ÖÒàÊÈÕàȺɯÚ celkovou rozlohou 26 009 ha. Z ÊÌÓÒÖÝõɯ×ÓÖÊÏàɯÚÌɯÝįÈÒɯÒ vojenským 

ĶðÌÓļÔɯÜŉąÝÈÓÖɯ×ÖÜáÌɯƗ ƖƕƛɯÏÈȭɯ.ÚÛÈÛÕąɯ×ÓÖÊÏàɯÉàÓàɯÏÖÚ×ÖËâĪÚÒàɯÝàÜŉąÝâÕàɯ5ÖÑÌÕÚÒńÔÐɯÓÌÚàɯ

a statky (VLS) ȹ,.ɯH1ɯƖƔƕƚȺ. 

 

 
Obr. 1. 5àÔÌáÌÕąɯÉńÝÈÓõÏÖɯÝÖÑÌÕÚÒõÏÖɯĶÑÌáËÜɯ!ÙËàȭɯ9ËÙÖÑɯËÈÛȯɯ ÙÊH1ɯƙƔƔɯƗȭƖȮɯ ÙÊH1ɯƙƔƔɯƗȭƗȮɯ

.2,ɯH1ȭ 

Fig. 1. +ÖÊÈÛÐÖÕɯÖÍɯÛÏÌɯÍÖÙÔÌÙɯÔÐÓÐÛÈÙàɯÛÙÈÐÕÐÕÎɯÈÙÌÈɯ!ÙËàȭɯ#ÈÛÈɯÚÖÜÙÊÌȯɯ#ÈÛÈÉÈÚÌɯ ÙÊH1ɯƙƔƔɯ

ƗȭƖȮɯ ÙÊH1ɯƙƔƔɯƗȭƗȮɯ.2,ɯH1ȭ 

 
Území se nachází v ÕÈËÔÖĪÚÒõɯÝńįÊÌɯÖËɯƘƔƔɯËÖɯƜƛƔɯÔÌÛÙļȮɯÎÌÖÔÖÙÍÖÓÖÎÐÊÒàɯ×ÈÛĪąɯËÖɯ

ÚÛÌÑÕÖÑÔÌÕÕõÏÖɯ×ÖÏÖĪąɯ!ÙËàɯÚ ÕÌÑÝàįįąÔɯÝÙÊÏÖÓÌÔɯ3ÖÒɯȹƜƚƘȮƝɯÔɯn. m.), který se nachází 

v ÖÉÓÈÚÛÐɯ×ÙÖÛÐÛÈÕÒÖÝõɯÚÛĪÌÓÕÐÊÌɯ3ÖÒȭɯ-ÌÑÕÐŉįąɯÉÖËɯȹƘƔƛɯÔɯÕȭɯÔȭȺɯÚÌɯÕÈÊÏâáąɯÝ ÕÌÑÚÌÝÌÙÕùÑįąÔɯ

ÉÖËùɯĶáÌÔąɯÝ katastru obce Felbabka. Brdy jsou typické velmi specifickými klimatickými 

×ÖËÔąÕÒÈÔÐȭɯ 5ńįÌɯ ×ÖÓÖŉÌÕõɯ ÊÌÕÛÙâÓÕąɯ ÖÉÓÈÚÛÐɯ ×ĪÌËÚÛÈÝÜÑąɯ ÖÚÛÙÖÝɯ ÊÏÓÈËÕõÏÖɯ Èŉɯ ÝÓÏÒõÏÖɯ

klimatu horského charakteru. Pouze do okrajových oblastí, nacházejících se v ÕÐŉįąÊÏɯ

ÕÈËÔÖĪÚÒńÊÏɯÝńįÒâÊÏȮɯáÈÚÈÏÜÑąɯÝàįįąɯÛÌ×ÓÖÛàɯÈɯÊÌÓÒÖÝùɯÚÜįįąɯÒÓÐÔÈȮɯÒÛÌÙõɯÑÌɯÛà×ÐÊÒõɯ×ÙâÝùɯ×ÙÖɯ

įÐÙįąɯÖÒÖÓąȭɯ5 ĶËÖÓąÊÏɯÚÌɯÝÌɯÝÌÓÒõɯÔąĪÌɯ×ÙÖÑÌÝÜÑÌɯÐÕÝÌÙáÕąɯÊÏÈÙÈÒÛÌÙɯÒÓÐÔÈÛÜȭɯ*ÝļÓÐɯáËÌÑįąÔÜɯ

ÒÓÐÔÈÛÜɯÚÌɯáËÌɯÝàÚÒàÛÜÑąɯÙÖÚÛÓÐÕÕõɯÈɯŉÐÝÖðÐįÕõɯËÙÜÏàɯÛà×ÐÊÒõɯ×ÙÖɯÖÉÓÈÚÛÐɯÊÏÓÈËÕùÑįąÏÖɯÛà×ÜȮɯÈÓÌɯ



5 'ÖËÕÖÊÌÕąɯáÔùÕɯÒÙÈÑÐÕÕõÏÖɯ×ÖÒÙàÝÜɯÉńÝÈÓõÏÖɯÝÖÑÌÕÚÒõÏÖɯĶÑÌáËÜɯ!ÙËàɯ×ÖÔÖÊąɯËâÓÒÖÝõÏÖɯ×ÙļáÒÜÔÜɯ9ÌÔù 
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áâÙÖÝÌĚɯ Ðɯ Ú×ÖÓÌðÌÕÚÛÝÈȮɯ ÒÛÌÙâɯ ÑÚÖÜɯ Ûà×ÐÊÒâɯ ×ÙÖɯ ÖÉÓÈÚÛÐɯ ÔÕÖÏÌÔɯ ÛÌ×ÓÌÑįąÏÖɯ ÊÏÈÙÈÒÛÌÙÜȭɯ

Typickým jevem pro oblast Brd, jsou unikátní bezlesé plochy, které vznikly zejména 

ÝÖÑÌÕÚÒńÔÐɯÊÝÐðÌÕąÔÐȭɯ3à×ÐÊÒõɯÉàÓàɯðÈÚÛõɯ×ÖŉâÙàɯÝ ÛùÊÏÛÖɯÓÖÒÈÓÐÛâÊÏȭɯȹHâÒÈɯƖƔƔƙȮɯ-ùÔÌÊɯƖƔƔƙȮɯ

Sofron et. Al 2005) 

5ÖÑÌÕÚÒńɯĶÑÌáËɯ!ÙËàɯÉàÓɯáĪąáÌÕɯÕÈɯáâÒÓÈËùɯáâÒÖÕÈɯƕƚƝɤƕƝƘƝɯ2ÉȭɯÖɯÝÖÑÌÕÚÒńÊÏɯĶÑÌáËÌÊÏȭɯ

ZÈðâÛÌÒɯÏÐÚÛÖÙÐÌɯÝÖÑÌÕÚÒõÏÖɯĶÑÌáËÜɯÝįÈÒɯÚÈÏâɯËÖɯÔÕÖÏÌÔɯÚÛÈÙįąɯÏÐÚÛÖÙÐÌɯƖƔȭɯÓÌÛɯƖƔȭɯÚÛȭȮɯÒËàɯáËÌɯ

ÉàÓɯÐɯ×ĪÌÚɯÝÌÓÒõɯ×ÙÖÛÌÚÛàɯáËÌÑįąÏÖɯÖÉàÝÈÛÌÓÚÛÝÈɯÝ ÙÖÊÌɯƕƝƖƚɯÚÊÏÝâÓÌÕɯ×ÙÖÑÌÒÛɯËùÓÖÚÛĪÌÓÌÊÒõɯ

ÚÛĪÌÓÕÐÊÌȭɯ-âÚÓÌËÕùɯ×ÈÒɯÙÖÒÜɯƕƝƗƔɯÜŉɯÉàÓàɯ×ĪÐ×ÙÈÝÌÕàɯÝÖÑÌÕÚÒõɯÓÖÒÈÓÐÛà v Brdech pro výcvik 

ȹ1ÖÜįÈÙɯƖƔƔƙÉȺ. V ËÖÉùɯËÙÜÏõɯÚÝùÛÖÝõɯÝâÓÒàɯÈɯÉÌá×ÙÖÚÛĪÌËÕùɯ×ÖɯÕąɯÉàÓɯÕÈËâÓÌɯÙÖáįÐĪÖÝâÕɯ

vojenský újezd Brdy a ÛąÔɯËÖįÓÖɯÒ áâÕÐÒÜɯáËÌÑįąÊÏɯÖÉÊąɯÈɯáâÙÖÝÌĚɯÐɯÒɯËÌÔÖÓÐÊÐɯÈɯÕâÚÐÓÕõÔÜɯ

ÝàÚÛùÏÖÝâÕąɯÖÉàÝÈÛÌÓÚÛÝÈɯáÌɯáËÌÑįąÊÏɯÚąËÌÓȭɯ.ËɯÙÖÒÜɯƕƝƚƜɯÚÓÖÜŉÐÓàɯ×ÙÖÚÛÖÙàɯÒ výcviku i 

ÚÖÝùÛÚÒõɯÈÙÔâËàȭɯ/ÖɯÖËÊÏÖËÜɯÚÖÝùÛÚÒńÊÏɯÝÖÑÚÒɯÈɯáÔùÕùɯ×ÖÓÐÛÐÊÒõÏÖɯÙÌŉÐÔÜɯËÖÊÏâáÌÓÖɯ

k ×ÖÚÛÜ×ÕõÔÜɯĶÛÓÜÔÜɯÝÌɯÝÖÑÌÕÚÒõÔɯÝàÜŉąÝâÕąɯÛùÊÏÛÖɯÓÖÒÈÓÐÛȮɯÊÖŉɯÚÖÜÝÐÚÌÓÖɯÐɯÚÌɯáÙÜįÌÕąÔɯ

×ÖÝÐÕÕõɯÝÖÑÌÕÚÒõɯÚÓÜŉÉàȭɯ-ùÒÛÌÙõɯÓÖÒÈÓÐÛàɯ×ÙÖÛÖɯÉàÓàɯáakonzervovány a ×ĪÌÚÛÈÓàɯÚÌɯáÊÌÓÈɯ

ÝÖÑÌÕÚÒàɯÝàÜŉąÝÈÛɯȹ1ÖÜįÈÙɯƖƔƔƙÉȺ. 

5ÖÑÌÕÚÒńɯĶÑÌáËɯ!ÙËàɯáÈÕÐÒÓɯƕȭɯÓÌËÕÈɯƖƔƕƚɯáâÒÖÕÌÔɯðȭɯƕƙɤƖƔƕƙɯ2ÉȭɯÖɯáÙÜįÌÕąɯÝÖÑÌÕÚÒõÏÖɯ

ĶÑÌáËÜɯ !ÙËàȮɯ Öɯ ÚÛÈÕÖÝÌÕąɯ ÏÙÈÕÐÊɯ ÝÖÑÌÕÚÒńÊÏɯ ĶÑÌáËļȮɯ Öɯ áÔùÕùɯ ÏÙÈÕÐÊɯ ÒÙÈÑļɯ Èɯ Öɯ áÔùÕùɯ

souvisejících zákÖÕļɯȹáâÒÖÕɯÖɯÏÙÈÕÐÊąÊÏɯÝÖÑÌÕÚÒńÊÏɯĶÑÌáËļȺȭɯ-ÈɯÊÌÓõɯ×ÓÖįÌɯÝÖÑÌÕÚÒõÏÖɯĶÑÌáËÜɯ

ÝáÕÐÒÓÈɯ"'*.ɯ!ÙËàȭɯHâÚÛɯÝÖÑÌÕÚÒõÏÖɯĶÑÌáËÜɯÚÌɯÉÜËÌɯÕÈËâÓÌɯÝàÜŉąÝÈÛɯ×ÙÖɯÝńÊÝÐÒɯɬ vzniklo 

×ÖÚâËÒÖÝõɯÊÝÐðÐįÛùɯ)ÐÕÊÌɯÖɯÙÖáÓÖáÌɯƙƚƔɯÏÈɯȹ,.ɯH1ɯƖƔƕƚȺ. 

5ÌɯÝàÉÙÈÕńÊÏɯÓÖÒÈÓÐÛâÊÏɯ)ÖÙËâÕȮɯ*ÖÓÝąÕȮɯ/ĪÌËÕąɯÈɯ9ÈËÕąɯ!ÈÏÕÈɯÉàÓÈɯ×ÙÖÝÌËÌÕÈɯËÌÛÈÐÓÕąɯ

ÈÕÈÓńáÈɯáÔùÕɯÓÈÕËɯÊÖÝÌÙȭɯ#Ö×ÈËÖÝâɯ×ÓÖÊÏÈɯ)ÖÙËâÕɯÚÌɯÕÈÊÏâáąɯ×ĪÐÉÓÐŉÕùɯÝÌɯÚÛĪÌËÜɯÓÖÒÈÓÐÛàɯ5¯ɯ

!ÙËàɯ×ĪÐɯÝÙÊÏÖÓÜɯ'ÖÜ×âÒɯȹƛƝƘɯm n. m.) s ÙÖáÓÖÏÖÜɯƗƜƝɯÏÈȭɯ)ÖÙËâÕɯÉàÓɯÝÖÑÌÕÚÒàɯÝàÜŉąÝâÕɯÑÐŉɯ

od roku 1930 ȹHâÒÈɯƕƝƝƜȺ ÈɯÉàÓɯ×ÙÝÕąɯËÖ×ÈËÖÝÖÜɯ×ÓÖÊÏÖÜɯÕÈɯĶáÌÔąɯÛÌÏËàɯÑÌįÛùɯ#ùÓÖÚÛĪÌÓÌÊÒõɯ

ÚÛĪÌÓÕÐÊÌɯ!ÙËàɯȹ,ÐÕÈĪąÒɯƖƔƕƕȺȭɯ2×ÖÓÜɯÚ ËÖ×ÈËÖÝńÔÐɯ×ÓÖÊÏÈÔÐɯ!ÙËàɯÈɯ3ÖÒȮɯÒÛÌÙõɯÚÌɯáÈðÈÓàɯ

ÝàÜŉąÝÈÛɯÖɯÙÖÒɯ×ÖáËùÑÐȮɯÛÝÖĪÐÓàɯÏÓÈÝÕąɯÑâËÙÖɯ×ÙÖɯÝáÕÐÒɯ5ńÊÝÐÒÖÝõÏÖɯÛâÉÖÙÜɯ)ÐÕÊÌɯÈɯ×ÖáËùÑįąÏÖɯ

Vojenského újezdu Brdy ȹ§ÓÖÚÈÙɯÌÛɯÈÓȭɯƖƔƕƖȺ. V ×ÖÚÓÌËÕąɯËÖÉùɯÉàÓɯ)ÖÙËâÕɯÝàÜŉąÝâÕɯÑÈÒÖɯÓÌÛÌÊÒâɯ

áÒÜįÌÉÕąɯÚÛĪÌÓÕÐÊÌɯÒ ðÐÕÕÖÚÛÐɯÓÌÛÌÊÛÝÈɯ×ÙÖÛÐɯ×ÖáÌÔÕąÔɯÊąÓļÔɯÈɯÒÌɯáÒÖÜįÒâÔɯÕÖÝùɯÝàÝąÑÌÑąÊąÊÏɯ

ÚÌɯ×ÜÔȮɯÙÈÒÌÛɯÈɯÒÈÕÖÕļɯȹ,.ɯH1ɯ2006).  

V ÙÖÊÌɯƕƝƗƙɯȹHâÒÈɯƕƝƝƜȺɯÉàÓÖɯáÈÓÖŉÌÕÖɯÊÝÐðÐįÛùɯ!ÈÏÕÈɯÝ áâ×ÈËÕąɯðâÚÛÐɯĶÑÌáËÜɯÝ oblasti 

ÓÖÒÈÓÐÛàɯ*ÖÉàÓÈɯÈɯÕÈɯ!ÈÏÕÌÊÏȮɯÑÐŉÕùɯÖËɯÝÙÊÏÖÓÜɯ5ÓðɯȹƚƔƖɯÔɯÕȭɯÔȭȺȮɯÒÛÌÙõɯÉàÓÖɯÕâÚÓÌËÕùɯÙÖáįąĪÌÕÖȭɯ

9ÈÉąÙÈÓÖɯÛÈÒɯ×ÓÖÊÏÜɯƖƕƘɯÏÈȭɯ2ÒÓâËâɯÚÌɯáÌɯËÝÖÜɯÝńÊÝÐÒÖÝńÊÏɯáÈĪązení ɬ /ĪÌËÕąɯÈ Zadní Bahna. 

!ÈÏÕÈɯÉàÓÈɯÝàÜŉąÝâÕÈɯ×ÙÖɯįÐÙÖÒõɯÚ×ÌÒÛÙÜÔɯÊÝÐðÌÕąȮɯðÌÔÜŉɯÖË×ÖÝąËâɯÐɯÚÈÔÖÛÕõɯÙÖáËùÓÌÕąɯ

ÊÝÐðÐįÛùɯ!ÈÏÕÈɯÕÈɯÙļáÕâɯÝńÊÝÐÒÖÝâɯáÈĪąáÌÕąȭɯ-È×ĪąÒÓÈËɯ×ÙÖɯÚÛĪÌÓÕÐÊÌɯÉÖÑÖÝńÊÏɯÝÖáÐËÌÓȮɯÛÈÕÒÖ-

ÚÛĪÌÓÌÊÒõɯÊÝÐðÐįÛùȮɯ×ùÊÏÖÛÕąɯÚÛĪÌÓÕÐÊÌȮɯÓÖÒÈÓÐÛÈɯ×ÙÖɯÏâáÌÕąɯÙÜðÕąÊÏɯÎÙÈÕâÛļɯÕÌÉÖɯÊÝÐðÐįÛùɯĪąáÌÕąɯ

ÉÖÑÖÝńÊÏɯÝÖáÐËÌÓȭɯ.ËɯƝƔȭɯÓÌÛɯÔÐÕÜÓõÏÖɯÚÛÖÓÌÛąɯ×ÖÚÛÜ×ÕùɯËÖÊÏâáÌÓÖɯÒ ĶÛÓÜÔÜɯÝÖÑÌÕÚÒõɯðÐÕÕÖÚÛÐɯ

v ÛùÊÏÛÖɯÓÖÒÈÓÐÛâÊÏɯÈ k následnému zakonzervování (Brding 2014a)ȭɯHâÚÛɯ×ÙÖÚÛÖÜɯÉńÝÈÓõÏÖɯ

ÊÝÐðÐįÛùɯĪąáÌÕąɯÉÖÑÖÝńÊÏɯÝÖáÐËÌÓɯÕÈɯ9ÈËÕąÊÏɯ!ÈÏÕÌÊÏɯÚÌɯÖËɯÙÖÒÜɯƕƝƝƔɯÝàÜŉąÝâɯÒ ĶðÌÓļÔɯ

ÒÈŉËÖÙÖðÕùɯÖ×ÈÒÖÝÈÕõɯÈÒÊÌɯ!ÈÏÕa ɬ Den pozemního vojska.  

Výcvikový komplex Kolvín se nacházel v  ÑÐÏÖáâ×ÈËÕąɯðâÚÛÐɯĶÑÌáËÜɯÕÈɯáâ×ÈËɯÖËɯ/ÈËÙĳÚÒńÊÏɯ

ÙàÉÕąÒļȭɯ+ÖÒÈÓÐÛÈɯÔâɯÙÖáÓÖÏÜɯƗƖƖɯÏÈȭɯ5áÕÐÒÓÈɯÚ×ÖÓÌðÕùɯÚÌɯÚÛĪÌÓÕÐÊąɯ/ÈËÙĳɯÝ roce 1977 na území, 

o které se v ÙÖÊÌɯƕƝƙƖɯÙÖáįąĪÐÓɯÝÖÑÌÕÚÒńɯĶÑÌáËȮ a v ÙÖÊÌɯƕƝƙƗɯ×ÙÖÉùÏÓÖɯÝàÚąËÓÌÕąɯ×ļÝÖËÕąÊÏɯ

ÖÉàÝÈÛÌÓȭɯ-âÚÓÌËÕùɯÉàÓàɯÖÉÊÌɯÚÙÖÝÕâÕàɯÚÌɯáÌÔąȭɯ2ÛĪÌÓÕÐÊÌɯ*ÖÓÝąÕɯÉàÓÈɯÙÖáËùÓÌÕâɯÕÈɯÚÛĪÌÓÕÐÊÐɯ

bojových vozidel Kolvín -sever, která byla zakonzervována a ÕÌÝàÜŉąÝâÕÈɯÖËɯƝƔȭɯÓÌÛɯÔÐÕÜÓõÏÖɯ

století (Brding 2014) a dále ×ÈÒɯÕÈɯ×ùÊÏÖÛÕąɯÚÛĪÌÓÕÐÊÐɯ*ÖÓÝąÕ-jih. 
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Data a metodika  
 

Data 
 

Druģicov® sn²mky 
 

/ÙÖɯÒÓÈÚÐÍÐÒÈÊÐɯÓÈÕËɯÊÖÝÌÙɯáâÑÔÖÝńÊÏɯĶáÌÔąɯÉàÓàɯÝàÜŉÐÛàɯÚÈÛÌÓÐÛÕąɯÚÕąÔÒàɯËÙÜŉÐÊÖÝõɯÔÐÚÌɯ

+ÈÕËÚÈÛȭɯ5àÉÙâÕàɯÉàÓàɯáÌÑÔõÕÈɯáɯËļÝÖËÜɯÝÖÓÕõɯËÖÚÛÜ×ÕÖÚÛÐɯÈ dobrému temporálnímu 

a prostÖÙÖÝõÔÜɯÙÖáÓÐįÌÕąȭɯ*ÖÕÒÙõÛÕùɯÚÌɯÑÌËÕâɯÖɯËÈÛÈɯ×ÖÚÒàÛÖÝÈÕõɯÚ×ÖÓÌðÕÖÚÛąɯ42&2ȮɯÒÛÌÙâɯ

ÉàÓÈɯÚÛÈŉÌÕÈɯá ÏÜÉÜɯ$ÈÙÛÏɯ$ß×ÓÖÙÌÙɯȹÏÛÛ×ÚȯɤɤÌÈÙÛÏÌß×ÓÖÙÌÙȭÜÚÎÚȭÎÖÝȺȭɯ5àÜŉÐÛàɯÉàÓàɯÚÕąÔÒàɯ

+ÈÕËÚÈÛɯƙɯ3,ɯÈɯ+ÈÕËÚÈÛɯƜɯ.+(ɤ3(12ȭɯ/ÙÖɯĶáÌÔąɯÉàÓÈɯ×ÖÜŉÐÛÈɯËÈÛÈɯÛà×Üɯ+ÌÝÌÓ-2, tedy tzv. SR 

ȹ2ÜÙÍÈÊÌɯ1ÌÍÓÌÊÛÈÕÊÌȮɯËĪąÝÌɯáÕâÔâɯÑÈÒÖɯ"#1ɯɬ "ÓÐÔÈÛÌɯ#ÈÛÈɯ1ÌÊÖÙËȺȮɯÒÛÌÙâɯÖÉÚÈÏÜÑąɯÑÐŉɯ

×ÙÖÝÌËÌÕõɯÎÌÖÔÌÛÙÐÊÒõɯÈɯÈÛÔÖÚÍõÙÐÊÒõɯÒÖÙÌÒÊÌɯÈɯÏÖËÕÖÛàɯ×ĪÌËÚÛÈÝÜÑąɯÚ×ÌÒÛÙâÓÕąɯÖËÙÈáÐÝÖÚÛɯ

povrchu. Landsat 5 data byla generována ze specializovaného softwaru Landsat Ecosystem 

Disturbance Adaptive Processing System (LEDAPS), který aplikoval atmosférické korekce na 

data typu Level -1 pomocí dat MODIS (USGS 2018). Landsat 8 data jsou generována z tzv. 

Landsat Surface Reflection Code (LaSRC) algoritmu (USGS 2018a)ȭɯ /ÖÜŉÐÛâɯ ËÈÛÈɯ ÔùÓÈɯ

×ÙÖÚÛÖÙÖÝõɯÙÖáÓÐįÌÕąɯƗƔɯÔɯÈ byla poskytnuta v  ÚÖÜĪÈËÕÐÊÖÝõɯÚàÚÛõÔÜɯ43,ɤÌÓÐ×ÚÖÐËɯ6&2ɯƜƘɯ

ȹ42&2ɯƖƔƕƚÉȺȭɯ/ÖÜŉÐÛõɯÚÕąÔÒàɯȹÝÐáɯ3ÈÉȭɯƕȺɯÉàÓàɯÝàÉÙâÕàɯÑÈÒÖɯÉÌáÖÉÓÈðÕõȭɯ.ÉÓÈðÕÖÚÛɯÉàÓÈɯ

kontrolována pomocí algoritmu Fmask (Woodcock et al. 2012).  

 
Tab. 1. /ÖÜŉÐÛõɯÚÈÛÌÓÐÛÕąɯÚÕąÔÒàɯ+ÈÕËÚÈÛȭ 

Tab. 1. The list of the used Landsat data. 

 

Datum  Název snímku  

05.05.1986 LT051920251986050501T1-SC20171026140502 

07.06.1998 LT051920251998081001T1-SC20171026140846 

26.05.2011 LT051920252011052601T1-SC20171026140500 

30.08.2017 LC081920252017083001T1-SC20171026142451 

 

 
 
Letecké snímky  
 

/ÙÖɯĶðÌÓàɯÚÉùÙÜɯÛÙõÕÖÝÈÊąÊÏɯÈɯÒÖÕÛÙÖÓÕąÊÏɯ×ÓÖÊÏɯÉàÓàɯÜŉÐÛàɯÓÌÛÌÊÒõɯÚÕąÔÒàȭɯ*ÖÕÒÙõÛÕùɯÚÌɯ

ÑÌËÕÈÓÖɯÖɯÈÙÊÏÐÝÕąɯÖÙÛÖÍÖÛÈɯȹÙÖÒɯƕƝƝƝɯÈɯƖƔƕƕȺɯÈɯÕÌÑÕÖÝùÑįąɯÖÙÛÖÍÖÛÈɯȹÙÖÒɯƖƔƕƙȺȮɯÒÛÌÙâɯjsou 

×ÖÚÒàÛÖÝâÕÈɯÍÖÙÔÖÜɯ6,2ɯÚÓÜŉÉàɯHÌÚÒõÏÖɯĶĪÈËÜɯáÌÔùÔùĪÐðÚÒõÏÖɯÈɯÒÈÛÈÚÛÙâÓÕąÏÖɯȹH¯9*ɯ

ƖƔƕƚÈȮɯH¯9*ɯƖƔƕƚÉȺȭɯ/ÙÖÚÛÖÙÖÝõɯÙÖáÓÐįÌÕąɯÚÕąÔÒļɯÉàÓÖɯƖƙɯÊÔɯÜɯÉÈÙÌÝÕńÊÏɯÚÕąÔÒļɯÝ ×Īą×ÈËùɯ

ortofot z  6,2ɯH¯9*ȮɯðÌÙÕÖÉąÓõɯÚÕąÔÒàɯá ÙÖÒÜɯƕƝƝƝɯÔùÓàɯÙÖáÓÐįÌÕąɯƙƔɯÊÔȭɯ#âÓÌɯÉàÓàɯÝàÜŉÐÛàɯ

ÈÙÊÏÐÝÕąɯÓÌÛÌÊÒõɯÚÕąÔÒàɯÖËɯÚ×ÖÓÌðÕÖÚÛÐɯ5ÖÑÌÕÚÒńɯÎÌÖÎÙÈÍÐÊÒńɯÈ ÏàËÙÖÔÌÛÌÖÙÖÓÖÎÐÊÒńɯĶĪÈËɯ

v #ÖÉÙÜįÊÌɯȹ5&',¯ĪȺȭɯ*ÖÕÒÙõÛÕùɯ×ÈÒɯƕƙɯðÌÙÕÖÉąÓńÊÏɯÓÌÛÌÊÒńÊÏɯÚÕąÔÒļɯá roku 1986 pro 

ĶáÌÔąɯ!ÙËɯÚɯ×ÙÖÚÛÖÙÖÝńÔɯÙÖáÓÐįÌÕąÔɯƙƔɯÊÔȭɯ)ÌËÌÕɯÚÕąÔÌÒɯ×ÖÒÙńÝâɯĶáÌÔąɯƚȮƙɯǺɯƚȮƙɯkm a jedná 

ÚÌɯ Öɯ ÕÈÚÒÌÕÖÝÈÕõɯ ×ļÝÖËÕùɯ ÈÕÈÓÖÎÖÝõɯ ÚÕąÔÒàȭɯ 3àÛÖɯ ÚÕąÔÒàɯ ÉàÓàɯ ÎÌÖÙÌÍÌÙÌÕÊÖÝâÕàɯ

(rektifikovány) v  26ɯ ÙÊ&(2ɯÚɯ×ĪÌÚÕÖÚÛąɯ1,2ɯËÖɯƖɯÔȭ 
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Metodika  
 

Vymezené zájmového území  

'ÙÈÕÐÊÌɯáâÑÔÖÝõÏÖɯĶáÌÔąɯÉàÓÈɯÝàÛÝÖĪÌÕÈɯáÈɯÝàÜŉÐÛą ËÈÛÈÉâáÌɯ ÙÊH1ɯƙƔƔɯÝÌÙáÌɯƗȭƖɯod 

Ú×ÖÓÌðÕÖÚÛÐɯ 1"# 3 ɯ/ÙÈÏÈȭ 

 
Klasifikaļn² legenda 

/ÙÝÕąÔɯ ÒÙÖÒÌÔɯ ×ĪÌËɯ ÚÈÔÖÛÕÖÜɯ ÒÓÈÚÐÍÐÒÈÊÐɯ ÉàÓÈɯ ÕÜÛÕâɯ ËÌÍÐÕÐÊÌɯ ÒÓÈÚÐÍÐÒÈðÕąÊÏɯ ÛĪąËȭɯ /ÙÖɯ

ÚÛÈÕÖÝÌÕąɯÛĪąËɯÉàÓÈɯÝàÜŉÐÛÈɯÒÓÈÚÐÍÐÒÈðÕąɯÕÖÔÌÕÒÓÈÛÜÙÈɯáÕâÔõɯËÈÛÈÉâáÌɯ".1(-$ɯ+ÈÕËɯ"ÖÝÌÙɯ

ȹ"Ö×ÌÙÕÐÊÜÚɯƖƔƕƜȺȭɯ ÝįÈÒɯĪÌįÌÕõɯĶáÌÔąɯÔâɯÜÙðÐÛâɯÚ×ÌÊÐÍÐÒÈȮɯÈɯÛÈÒɯÔÜÚÌÓÈɯÉńÛɯÝàÛÝÖĪÌÕÈɯ

modifikovaná legenda, která brala v  ×ÖÛÈáɯÚ×ÌÊÐÍÐÊÒõȮɯÈÝįÈÒɯ×ÙÖɯÕÈįÐɯÈÕÈÓńáÜɯÙÌÓÌÝÈÕÛÕąɯÛĪąËàȮɯ

ÕÈ×ĪȭɯĪąËÒâɯÝÌÎÌÛÈÊÌȭɯ#ÌÍÐÕÖÝâÕàɯÕÈÒÖÕÌÊɯÉàÓàɯÕâÚÓÌËÜÑąÊąɯÛĪąËàȯ 
 

¶ ZastavŊn® plochy 

¶ Travní porosty 

¶ Listnaté lesy 

¶ Jehliļnat® lesy 

¶ ř²dk§ vegetace 

¶ Bez vegetace 

¶ Vodní plochy 

 

9ËÌɯÉÓÐŉįąɯ×Ö×ÐÚɯÈɯÕâÝÈáÕÖÚÛɯÕÈɯ".1(-$ɯÕÖÔÌÕÒÓÈÛÜÙÜȯ 

 

9ÈÚÛÈÝùÕõɯ×ÓÖÊÏà 

#ÖɯÛõÛÖɯÛĪąËàɯÉàÓàɯáÈÏÙÕÜÛàɯÕâÚÓÌËÜÑąÊąɯÛĪąËàɯËÌÍÐÕÖÝÈÕõɯËÓÌɯ".1(-$ɯȹ"Ö×ÌÙÕÐÊÜÚɯƖƔƕƜȺȯɯƕȭƕȭƕɯ

souvislá zástavba, 1ȭƕȭƖɯÕÌÚÖÜÝÐÚÓâɯáâÚÛÈÝÉÈȮɯƕȭƖȭƕɯ×ÙļÔàÚÓÖÝâɯÈ ÒÖÔÌÙðÕąɯáâÚÛÈÝÉÈȮɯƕȭƖȭƘɯ

ÈÙÌâÓàɯÓÌÛÐįĳȮɯƕȭƗɯÛùŉÌÉÕąɯÈÙÌâÓàȮɯÚÒÓâËÒàɯÈɯƕȭƘȭƖɯÈÙÌâÓàɯÚ×ÖÙÛÜɯÈ ÝÖÓÕõÏÖɯðÈÚÜɯȹÕÈ×ĪȭɯÍÖÛÉÈÓÖÝńɯ

ÚÛÈËÐÖÕȺȭɯ-ÌÑÝąÊÌɯ×ÓÖÊÏɯ×ĪÐ×ÈËÓÖɯÕÈɯÚÖÜÝÐÚÓńɯÈɯÕÌÚÖÜÝÐÚÓńɯÛà×ɯáâÚÛÈÝÉàȭɯ 

 

Travní porosty  

/ĪÐɯÛÝÖÙÉùɯÛõÛÖɯÛĪąËàɯÉàÓÖɯÜŉÐÛÖɯáÌÑÔõÕÈɯÛĪąËàɯ".1(-$ɯƖȭƗȭƕɯÓÖÜÒàɯÈɯ×ÈÚÌÒàɯÈɯËâÓÌɯƗȭƖȭƕɯ

×ĪÐÙÖáÌÕõɯÓÖÜÒàȭɯ+ÖÜÒàɯÈɯ×ÈÚÌÒàɯÚÌɯÝàÚÒàÛÖÝÈÓàɯÏÓÈÝÕùɯÕÈɯÏÙÈÕÐÊąÊÏɯĶáÌÔąɯÝ blízkosti 

ÖÒÖÓÕąÊÏɯÖÉÊąɯÈɯÕÈɯÖÑÌËÐÕùÓńÊÏɯÔąÚÛÌÊÏɯÜÝÕÐÛĪɯ5¯ȭɯ-ÈÖ×ÈÒɯ×ĪÐÙÖáÌÕõɯÓÖÜÒàɯÚÌɯÝàÚÒàÛÖvaly 

ÜÝÕÐÛĪɯÝÖÑÌÕÚÒńÊÏɯĶáÌÔąɯɬ tedy v  ÖÉÓÈÚÛÌÊÏɯÚÛĪÌÓÕÐÊȮɯËÖ×ÈËÖÝńÊÏɯĶáÌÔąɯÈ×ÖËȭɯ 

 

Listnaté lesy  

/ÙÖɯÛÜÛÖɯÛĪąËÜɯÉàÓÖɯ×ÖÜŉÐÛÖɯÛĪąËàɯ".1(-$ȭɯ9ÈĪÈáÖÝÈÓÈɯÚÌɯĶáÌÔąȮɯÒËÌɯ×ĪÌÝÓâËÈÓàɯÓÐÚÛÕÈÛõɯÓÌÚàȭ 

 

)ÌÏÓÐðÕÈÛõɯÓÌÚà 

V ×Īą×ÈËùɯ ÑÌÏÓÐðÕÈÛńÊÏɯ ÓÌÚļɯ ÚÌɯ ÙÖáÏÖËÖÝÈÓÖɯ ×ÖËÖÉÕùɯ ÑÈÒÖɯ ×ĪÐɯ ÛĪąËùɯ ÓÐÚÛÕÈÛńÊÏɯ ÓÌÚļɯɬ 

ÙÖáÏÖËÖÝÈÓÖɯÚÌɯÕÈɯáâÒÓÈËùɯ×ĪÌÝÈŉÜÑąÊąɯáÈÚÛÖÜ×ÌÕąɯÑÌÏÓÐðÕÈÛńÊÏɯËĪÌÝÐÕȭɯ9ÈÚÛÖÜ×ÌÕąɯÚÔąįÌÕńÊÏɯ

ÓÌÚļɯÑÌɯÝ ĶáÌÔąɯÔÈÙÎÐÕâÓÕąȮɯÕÌÉàÓÈɯÛÈÒɯÝàÛÝÖĪÌÕÈɯÚÈÔÖÚÛÈÛÕâɯÛĪąËÈȭɯ 

 

¢ąËÒâɯÝÌÎÌÛÈÊÌ 

3ÈÛÖɯÛĪąËÈɯÑÌɯÊÏÈÙÈÒÛÌÙÐÚÛÐÊÒâɯĪąËÒńÔɯáÈÚÛÖÜ×ÌÕąÔɯËĪÌÝÐÕɯðÐɯÚÌɯáËÌɯÝàÚÒàÛÜÑÌɯËĪÌÝÐÕÕńɯ×ÖÙÖÚÛɯ

ÕąáÒõɯÝńįÒàȭɯ3ĪąËÈɯĪąËÒâɯÝÌÎÌÛÈÊÌɯÚÌɯÝàÔÌáÐÓÈɯÑÈÒÖɯÚÜÒÊÌÚÕąɯÝÌÎÌÛÈÊÌȮɯÒÛÌÙâɯÉàÓÈɯ×ĪąÛÖÔÕâɯ

v ÔąÚÛÌÊÏɯ×ĪÌÊÏÖËÜɯÕÖÝùɯÝáÕÐÒÈÑąÊąÏÖɯÓÌÚÈɯáɯÛÙÈÝÕąÊÏɯ×ÖÙÖÚÛļȮɯÈɯ×ÈÒɯÝ áÈÙļÚÛÈÑąÊąÊÏɯÖÉÓÈÚÛÌÊÏɯ

vykáceného lesa. Do této ÛĪąËàɯÚ×ÈËÈÑąɯÐɯ×ÓÖÊÏàɯÓÌÚÕąÊÏɯįÒÖÓÌÒɯÈɯÔÓÈËńÊÏɯ×ÖÙÖÚÛļȭɯ 
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Bez vegetace 

/ÓÖÊÏàɯÉÌáɯÝÌÎÌÛÈÊÌɯ×ĪÌËÚÛÈÝÜÑąɯÔąÚÛÈȮɯÒËÌɯ×ÖÒÙàÝɯ×ļËàɯÝÌÎÌÛÈÊąɯÑÌɯÕÐŉįąɯÕÌŉɯƕƔɯǔȭɯ5 ÕÈįÌÔɯ

×Īą×ÈËùɯÚÌɯÑÌËÕâɯÖɯËÖ×ÈËÖÝõɯ×ÓÖÊÏàȮɯ×Īą×ÈËÕùɯ×ÈÒɯÖɯ×ÓÖÊÏàɯÚÛĪÌÓÕÐÊɯÕÌÉÖɯÔąÚÛɯ×ÖɯÝÌÓÒÖ×ÓÖįÕõɯ

tùŉÉùɯÚÛÙÖÔļȭɯ 

 

Vodní plochy  

3ÈÛÖɯÛĪąËÈɯ×ĪÌËÚÛÈÝÜÑÌɯÝÖËÕąɯ×ÓÖÊÏàɯáÒÖÜÔÈÕõÏÖɯĶáÌÔąȭɯ5 ÔąÚÛùɯÝÖÑÌÕÚÒõÏÖɯĶÑÌáËÜɯÚÌɯ

ÕÈÊÏâáąɯÐɯÝÖËÕąɯÛÖÒàȮɯÑÌÑÐÊÏɯįąĪÒÈɯÝįÈÒɯÕÌÉàÓÈɯÝáÏÓÌËÌÔɯÒ ×ÙÖÚÛÖÙÖÝõÔÜɯÙÖáÓÐįÌÕąɯËÈÛɯ+ÈÕËÚÈÛɯ

ȹƗƔɯÔȺɯËÖÚÛÈÛÌðÕâɯ×ÙÖɯ×ĪÌÚÕÖÜɯËÌÛÌÒÊÐȭ 

 
Trénovací plochy  

 

/ÙÖɯÒÓÈÚÐÍÐÒÈÊÐɯÉàÓÖɯËļÓÌŉÐÛõɯÝàÛÝÖĪÌÕąɯÚąÛùɯÛÙõÕÖÝÈÊąÊÏɯ×ÓÖÊÏȭɯ/ĪÐɯÑÌÑÐÊÏɯÛÝÖÙÉùɯÚÌɯËÉÈÓÖɯ

zejména na následující kritéria: 

 

¶ Vġechny klasifikaļn² tŚ²dy jsou rozm²stŊn® rovnomŊrnŊ po cel®m pozorovan®m ¼zem² 

¶ Jednotlivé trénovací plochy obsahuj² pixely jen jedn® tŚ²dy ï nezasahuj² tedy do pixelŢ okoln²ch tŚ²d 

a minim§ln² poļet byl stanoven na 5 pixelŢ.  

 

/ĪÐɯÚÉùÙÜɯÉàÓÖɯÝàÜŉÐÛÖɯÚÖÍÛÞÈÙÜɯ ÙÊ&(2ȮɯÒËÌɯÉàÓÈɯÝàÛÝÖĪÌÕÈɯÝÌÒÛÖÙÖÝâɯ×ÖÓàÎÖÕÖÝâɯÝÙÚÛÝÈɯ

×ÙÖɯÑÌËÕÖÛÓÐÝõɯÛÙõÕÖÝÈÊąɯ×ÓÖÊÏàȭɯ/ÙÖɯËÖÚÈŉÌÕąɯÕÌÑÝàįįąɯ×ĪÌÚÕÖÚÛÐɯÝàÔÌáÌÕąɯ×ÓÖÊÏɯÉàÓÖɯÝàÜŉÐÛÖɯ

ÉÈÙÌÝÕńÊÏɯÈɯðÌÙÕÖÉąÓńÊÏɯÓÌÛÌÊÒńÊÏɯÚÕąÔÒļȭɯ#âÓÌɯÉàÓÈɯÝàÜŉÐÛÈɯËÈÛÈɯ+ÈÕËÚÈÛȮɯ×ÙÖɯáÝńÙÈáÕùÕąɯ

ÕùÒÛÌÙńÊÏɯÛĪąËȭɯ-â×ÖÔÖÊÕõɯÉàÓÖɯÝàÜŉÐÛąɯÔÌÛÖËàɯȬ×ÙÈÏÖÝâÕąɁɯ×ÙÖɯáÝńÙÈáÕùÕąɯÝÖËÕąÊÏɯ×ÓÖÊÏɯ

s Ķ×ÙÈÝÖÜɯÙÖá×ùÛąɯÏÐÚÛÖÎÙÈÔÜɯÉÓąáÒõÏÖɯÐÕÍÙÈðÌÙÝÌÕõÏÖɯÚ×ÌÒÛÙÈȭɯ!àÓÖɯÐɯÜŉÐÛÖɯÉÈÙÌÝÕńÊÏɯÚàÕÛõáɯ

×ÙÖɯáÖÉÙÈáÌÕąɯËÙÜŉÐÊÖÝńÊÏɯÚÕąÔÒļɯÝ ÕÌ×ÙÈÝńÊÏɯÉÈÙÝâÊÏȭɯ*ÖÕÒÙõÛÕùɯÉàÓàɯÝàÜŉÐÛàɯÛàÛÖɯ1&!ɯ

syntézy: 432 (respektive 543 pro Landsat 8) k detekci a ÙÖáÓÐįÌÕąɯÑÌÏÓÐðÕÈÛńÊÏɯÈ listnatých 

ÚÛÙÖÔļȮɯ×Īą×ÈËÕùɯ×ÈÒɯÚàÕÛõáàɯƛƘƖɯȹÙÌÚ×ȭɯƜƙƗȺȮɯÒÛÌÙâɯÉàÓÈɯÜŉÐÛÌðÕâɯÐ ×ÙÖɯËÌÛÌÒÊÐɯÖÚÛÈÛÕąÊÏɯÛĪąËȭ 

/ÙÖɯÕùÒÛÌÙõɯ×ÙÖÉÓÌÔÈÛÐðÛùÑÐɯÐËÌÕÛÐÍÐÒÖÝÈÛÌÓÕõɯÛĪąËàɯÉàÓÖɯ×ÖÛĪÌÉÈɯÝàÛÝÖĪÐÛɯÝąÊÌɯÛÙõÕÖÝÈÊąÊÏɯ

ÛĪąËȭɯ)ÌËÕÈÓÖɯÚÌɯÏÓÈÝÕùɯÖɯÛĪąËàɯÉÌáɯÝÌÎÌÛÈÊÌȮɯĪąËÒõɯÝÌÎÌÛÈÊÌɯÈɯÛÙÈÝÕąÏÖɯ×ÖÙÖÚÛÜȮɯÛÈÒÛõŉɯÖɯÓÐÚÛÕaté 

ÈɯÑÌÏÓÐðÕÈÛõɯÓÌÚàȭ 

/ÖɯÝàÛÝÖĪÌÕąɯËÖÚÛÈÛÌðÕõÏÖɯÔÕÖŉÚÛÝąɯÛÙõÕÖÝÈÊąÊÏɯ×ÓÖÊÏɯȹ3ÈÉȭɯƖȺɯÙÖáÔąÚÛùÕńÊÏɯÙÖÝÕÖÔùÙÕùɯ

×ÖɯÊÌÓõÔɯáÒÖÜÔÈÕõÔɯĶáÌÔąɯÉàÓÈɯÝàÛÝÖĪÌÕâɯÝÌÒÛÖÙÖÝâɯ×ÖÓàÎÖÕÖÝâɯÝÙÚÛÝÈɯÕÈÐÔ×ÖÙÛÖÝâÕÈɯËÖɯ

ÚÖÍÛÞÈÙÜɯ$-5(ɯƙȭƘȭɯ-âÚÓÌËÕùɯÉàÓÈɯ×ĪÌÝÌËÌÕÈɯÍÜÕÒÊąɯ5ÌÊÛÖÙɯÛÖɯ1.(ɯ×ÙÖɯÔÖŉÕÖÚÛÐɯÜŉÐÛąɯ

ÛÙõÕÖÝÈÊąÊÏɯ ×ÓÖÊÏɯ ×ÙÖɯ ÒÓÈÚÐÍÐÒÈÊÐȭɯ #âÓÌɯ ÉàÓÈɯ ×ÙÖÝÌËÌÕÈɯ ÒÖÕÛÙÖÓÈɯ ÕÖÙÔâÓÕąÏÖɯ ÙÖáËùÓÌÕąɯ

Ú×ÌÒÛÙâÓÕąÊÏɯ ÝÓÈÚÛÕÖÚÛąɯ ÑÌËÕÖÛÓÐÝńÊÏɯ Ûà×ļɯ ×ÖÝÙÊÏÜɯ ×ÖÔÖÊąɯ ÎÙÈÍÐÊÒõÏÖɯ áÕâáÖÙÕùÕąɯ

a ÐÕÛÌÙ×ÙÌÛÈÊÌɯÏÐÚÛÖÎÙÈÔļɯÝÌɯÝįÌÊÏɯÚ×ÌÒÛÙâÓÕąÊÏɯ×âÚÔÌÊÏȭɯ/ÖÒÜËɯÕÌÉàÓÖɯáÑÐįÛùÕÖɯÕÖÙÔâÓÕąÏÖɯ

ÙÖáËùÓÌÕąȮɯÉàÓɯ×ÙÖÝÌËÌÕɯÖ×ùÛÖÝÕńɯÚÉùÙɯ×ÐßÌÓļɯÛÙõÕÖÝÈÊąÊÏɯÔÕÖŉÐÕɯȹ×ÙÖÊÌÚɯÉàÓɯÐÛÌÙÖÝâÕȮɯËÖÒÜËɯ

ÕÌÉàÓÖɯáÈÑÐįÛùÕÖɯÕÖÙÔâÓÕąɯÙÖáËùÓÌÕąɯ×ÖáÖÙÖÝÈÕõÏÖɯÏÐÚÛÖÎÙÈÔÜɯÝįÌÊÏɯáâÚÛÜ×ÊļɯÛĪąËȺȭ 
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Tab. 2. /ÖðÌÛɯÛÙõÕÖÝÈÊąÊÏɯ×ÓÖÊÏɯ×ÙÖɯáÒÖÜÔÈÕõɯĶáÌÔąȭɯ9ËÙÖÑȯɯÝÓÈÚÛÕąɯÝń×ÖðÌÛȭ 

Tab. 2. Number of training areas in the observed area. Source: Own calculation. 

 

/ÖðÌÛɯÛÙõÕÖÝÈÊąÊÏɯ×ÓÖÊÏ 

  1986 1998 2011 2017 

Vodní plochy  11 6 8 11 

Listnaté lesy 8 15 16 13 

)ÌÏÓÐðÕÈÛõɯÓÌÚà 9 15 18 27 

9ÈÚÛÈÝùÕõɯ×ÓÖÊÏà 8 10 9 10 

Travní porosty  20 13 16 17 

¢ąËÒâɯÝÌÎÌÛÈÊÌ 13 8 19 15 

Bez vegetace 28 26 30 33 

 
Klasifikace  
 

2ÈÔÖÛÕâɯ ÒÓÈÚÐÍÐÒÈÊÌɯ ÉàÓÈɯ ×ÙÖÝÌËÌÕÈɯ Ýɯ ÚÖÍÛÞÈÙÜɯ $-5(ɯ ƙȭƘɯ ×ÖÔÖÊąɯ ×ĪÌËËÌÍÐÕÖÝÈÕõÏÖɯ

ÜŉÐÝÈÛÌÓÚÒõÏÖɯÙÖáÏÙÈÕąɯ"ÓÈÚÚÐÍÐÊÈÛÐÖÕɯ6ÖÙÒÍÓÖÞȭɯ-ÈËɯÚÕąÔÒàɯ+ÈÕËÚÈÛɯƙɯÈɯƜɯÉàÓɯ×ÖÔÖÊąɯ

×ĪÌËÌÔɯËÌÍÐÕÖÝÈÕńÊÏɯÛÙõÕÖÝÈÊąÊÏɯ×ÓÖÊÏɯ×ÖÜŉÐÛɯÈÓÎÖÙÐÛÔÜÚɯ,ÈßÐÔÜÔɯ+ÐÒÌÓÐÏÖÖËȮɯ×ĪÐɯÒÛÌÙõɯ

byl práÏɯáÈĪÈáÌÕąɯȹ/ÙÖÉÈÉÐÓÐÛàɯ3ÙÌÚÏÖÓËȺɯÕÈÚÛÈÝÌÕɯÕÈɯƔȮɯÈÉàɯÝįÌÊÏÕàɯ×ÐßÌÓàɯÉàÓàɯáÈĪÈáÌÕàɯËÖɯ

ÛĪąËȭɯ/ÙÖɯÒÓÈÚÐÍÐÒÈÊÐɯÉàÓÈɯÝàÉÙâÕÈɯÝįÌÊÏÕÈɯÚ×ÌÒÛÙâÓÕąɯ×âÚÔÈȮɯÒÛÌÙâɯÉàÓÈɯÖÉÚÈŉÌÕÈɯÝ ËÈÛÖÝõɯÚÈËùɯ

Level-2.  

 
Post -klasifikaļn² ¼pravy a hodnocen² pŚesnosti klasifikace 
 

Po provedení klasifikací následovaly post -ÒÓÈÚÐÍÐÒÈðÕąɯ Ķ×ÙÈÝàȮɯ ÒÛÌÙõɯ Ú×ÖðąÝÈÓàɯ

v ÎÌÕÌÙÈÓÐáÈÊÐɯ ×ÖÓàÎÖÕļɯ ÔÌÕįąÊÏɯ ÕÌŉɯ ƔȮƙɯ ÏÈȭɯ * ÛÖÔÜɯ ÉàÓÖɯ ÝàÜŉÐÛÖɯ ÍÜÕÒÊÌɯ "ÓÌÈÕɯ 4×ɯ

Classification Results ve áÔąÕùÕõÔɯÜŉÐÝÈÛÌÓÚÒõÔɯÙÖáÏÙÈÕąɯÚ ÔÖŉÕÖÚÛąɯÕÈÚÛÈÝÌÕąɯÝùÛįÐÕÖÝõÏÖɯ

nízkofrekvÌÕðÕąÏÖɯÍÐÓÛÙÜɯÈɯÔÐÕÐÔâÓÕąɯÔÈ×ÖÝÈÊąɯÑÌËÕÖÛÒàȭɯ5 ÕÈįÌÔɯ×Īą×ÈËùɯÉàÓÈɯ×ÙÖɯÝįÌÊÏÕàɯ

ÝńÚÓÌËÕõɯÒÓÈÚÐÍÐÒÈÊÌɯÝàÉÙâÕÈɯÏÖËÕÖÛÈɯƗɯǺɯƗɯÝùÛįÐÕÖÝõÏÖɯÍÐÓÛÙÜɯÈɯÑÈÒÖɯÔÐÕÐÔâÓÕąɯÔÈ×ÖÝÈÊąɯ

ÑÌËÕÖÛÒÈɯƚɯ×ÐßÌÓļȮɯÊÖŉɯ×ĪÌËÚÛÈÝÜÑÌɯƔȮƙƘɯÏÈȭ 

-âÚÓÌËÕùɯÉàÓàɯ×ÙÖÝÌËÌÕàɯÈÎÙÌÎÈÊÌɯÕùÒÛÌÙńÊÏɯÒÓÈÚÐÍÐÒÖÝÈÕńÊÏɯÚ×ÌÒÛÙâÓÕąÊÏɯÛĪąËɯÕÈɯáâÒÓÈËùɯ

ÑÌÑÐÊÏɯ×ĪąÚÓÜįÕÖÚÛÐɯËÖɯÛĪąËàɯÒÓÈÚÐÍÐÒÈðÕąȭɯ* ÛÖÔÜɯÉàÓÖɯÝàÜŉÐÛÖɯÙÌÒÓÈÚÐÍÐÒÈðÕąɯÍÜÕÒÊÌɯ$-5(ɯ

"ÖÔÉÐÕÌɯ"ÓÈÚÚÌÚȮɯÒÛÌÙâɯÝàÉÙÈÕõɯÛĪąËàɯÚ×ÖÑÐÓÈɯÝɯÑÌËÕÜȭɯ5àÏÖÛÖÝÌÕÖÜɯÒÓÈÚÐÍÐÒÈÊÐɯÑÚÔÌɯ×ÈÒɯ

ÕâÚÓÌËÕùɯÕÈÐÔ×ÖÙÛÖÝÈÓÐɯËÖɯÚÖÍÛÞÈÙÜɯ rcMap pro prvotní vizuální kontrolu. Po vizuální 

ÒÖÕÛÙÖÓÌɯÉàÓÖɯ×ĪÐÚÛÖÜ×ÌÕÖɯÒ ÏÖËÕÖÊÌÕąɯ×ĪÌÚÕÖÚÛÐɯÒÓÈÚÐÍÐÒÈÊÌȭ 

K ÚÈÔÖÛÕõÔÜɯ ÏÖËÕÖÊÌÕąɯ ÉàÓÖɯ ÜŉÐÛÖɯ ÊÏàÉÖÝõɯ ÔÈÛÐÊÌȭɯ /ÖÔÖÊąɯ ÍÜÕÒÊÌɯ $-5(ɯ &ÌÕÌÙÈÛÌɯ

1ÈÕËÖÔɯ2ÈÔ×ÓÌɯ4ÚÐÕÎɯ&ÙÖÜÕËɯ3ÙÜÛÏɯ(ÔÈÎÌɯÉàÓÖɯ×ÙÖɯÒÈŉËÖÜɯÛĪąËÜɯÝàÛÝÖĪÌÕo padesát 

ÕâÏÖËÕùɯÝàÎÌÕÌÙÖÝÈÕńÊÏɯÉÖËļȮɯÜɯÒÛÌÙńÊÏɯ×ÙÖÉùÏÓÈɯÒÖÕÛÙÖÓÈɯÚ×ÙâÝÕõÏÖɯáÈĪÈáÌÕąɯáÈɯ×ÖÔÖÊÐɯ

ÓÌÛÌÊÒńÊÏɯÚÕąÔÒļɯÝɯ ÙÊ,È×ȭɯ-ÈɯáâÒÓÈËùɯÛÖÏÖÛÖɯÚÖÜÉÖÙÜɯÉàÓÈɯÝàÛÝÖĪÌÕÈɯÊÏàÉÖÝâɯÔÈÛÐÊÌɯ×ÙÖɯ

ÏÖËÕÖÊÌÕąɯÊÌÓÒÖÝõȮɯÜŉÐÝÈÛÌÓÚÒõɯÈ á×ÙÈÊÖÝÈÛÌÓÚÒõɯ×ĪÌÚÕÖÚÛÐɯÒÓÈÚÐÍÐÒÈÊÌȭ 

 
Výsledky a diskuse  
 

"ÌÓÒÖÝâɯ×ĪÌÚÕÖÚÛɯÒÓÈÚÐÍÐÒÈÊąɯ×ÙÖɯÑÌËÕÖÛÓÐÝâɯÖÉËÖÉąɯȹÝÐáɯ3ÈÉȭɯƗȺɯ×ĪÌËÚÛÈÝÖÝÈÓÈɯÏÖËÕÖÛàɯ

kolem 95 ǔȮɯÊÖŉɯÑÌɯÔÖŉÕÖɯ×ÖÝÈŉÖÝÈÛɯáÈɯÝÌÓÔÐɯËÖÉÙõɯÝńÚÓÌËÒàȭɯ/ÖÒÜËɯÚÌɯÝįÈÒɯ×ÖËąÝâÔÌɯÕÈɯ

ËÖÚÈŉÌÕÖÜɯ×ĪÌÚÕÖÚÛɯÑÌËÕÖÛÓÐÝńÊÏɯÛĪąËɯȹ3ÈÉȭɯƘȺȮɯÑÌɯÕÜÛÕÖɯ×ÖËÖÛÒÕÖÜÛȮɯŉÌɯ×ĪÌÚÕÖÚÛɯÒÓÈÚÐÍÐÒÈÊÌɯ

ÕùÒÛÌÙńÊÏɯÓÈÕËɯÊÖÝÌÙɯÛĪąËɯÕÌËÖÚÈÏÜÑÌɯÛÈÒɯÝàÚÖÒńÊÏɯÏÖËÕÖÛȭɯ)ÌËÕâɯÚÌɯáÌÑÔõÕÈɯÖɯÛĪąËàȮɯÒÛÌÙõɯ
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ÔÈÑąɯ ÙÖáÔÈÕÐÛùÑįąɯ ÚÛÙÜÒÛÜÙÜȮɯ ×Īą×ÈËÕùɯ ÑÚÖÜɯ ÖÉÛąŉÕùÑÐɯ ÒÓÈÚÐÍÐÒÖÝÈÕõɯ ÒÝļÓÐɯ ÕÐŉįąÔÜɯ

×ÙÖÚÛÖÙÖÝõÔÜɯÙÖáÓÐįÌÕąɯËÈÛɯ+ÈÕËÚÈÛȮɯÑÈÒÖɯÕÈ×ĪȭɯÙÖáÛÙÖÜįÌÕâ áâÚÛÈÝÉÈɯðÐɯĪąËÒâɯÝÌÎÌÛÈÊÌȭɯ

V ×Īą×ÈËùɯÛùÊÏÛÖɯ×ÙÖÉÓÌÔÈÛÐÊÒńÊÏɯÛĪąËɯËÖÊÏâáąɯÒ áâÔùÕâÔɯÈɯÒÌɯÚÕąŉÌÕąɯ×ĪÌÚÕÖÚÛÐɯÒÓÈÚÐÍÐÒÈÊÌȭɯ

3àÛÖɯÈÚ×ÌÒÛàɯÚÌɯÔÖÏÖÜɯÕÌÎÈÛÐÝÕùɯ×ÙÖÔąÛÕÖÜÛɯËÖɯËÖÚÈŉÌÕńÊÏɯÝńÚÓÌËÒļȭɯ/ĪąÒÓÈËÌÔɯÔļŉÌɯÉńÛɯ

ÛĪąËÈɯáÈÚÛÈÝùÕõɯ×ÓÖÊÏàɯȹÕÌÚÖÜÝÐÚÓâɯáâÚÛÈÝÉÈȺȮɯÒÛÌÙâɯÔâɯÛÌÕËÌÕÊÐɯáÈÔùĚÖÝÈÛɯÚÌɯÚ oblastmi 

s ĪąËÒÖÜɯÝÌÎÌÛÈÊąɯÈɯÚɯÝÖËÕąÔÐɯ×ÓÖÊÏÈÔÐȭɯ3ÌÕÛÖɯÈÚ×ÌÒÛɯÔùÓɯ×ÈÛÙÕùɯÝÓÐÝɯÕÈɯÕÌ×ÈÛÙÕõɯáÝńįÌÕąɯ

×ÖËąÓÜɯáÈÚÛÈÝùÕńÊÏɯ×ÓÖÊÏɯȹÖɯƔȮƔƜɯǔȺɯÝ ÙÖÊÌɯƖƔƕƛȮɯÒÛÌÙõɯÉàÓÖɯá×ļÚÖÉÌÕÖɯáÈĪÈáÌÕąÔɯÕùÒÛÌÙńÊÏɯ

drobných vodních ploch a ploch s  ĪąËÒÖÜɯÝÌÎÌÛÈÊąɯËÖɯÛĪąËàɯáÈÚÛÈÝùÕńÊÏɯ×ÓÖÊÏȭ 

 

Tab. 3. "ÌÓÒÖÝâɯ×ĪÌÚÕÖÚÛɯÒÓÈÚÐÍÐÒÈÊąȭɯ9ËÙÖÑȯɯÝÓÈÚÛÕąɯÝń×ÖðÌÛ 

Tab. 3. Overall accuracy of the classifications. Source: Own calculation. 

 

Sledované roky  
"ÌÓÒÖÝâɯ×ĪÌÚÕÖÚÛɯ

klasifikace (v %)  

1986 94,86 

1998 95,71 

2011 95,43 

2017 95,43 

 

Tab. 4. Chybová matice klasifikace k roku 2017. 9ËÙÖÑȯɯÝÓÈÚÛÕąɯÝń×ÖðÌÛȭ 

Tab. 4. Confusion Matrix for observed year 2017. Source: Own calculation. 
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Vodní plochy  50 0 0 3 0 0 0 53 94.3 

Listnaté lesy 0 47 0 0 0 0 0 47 100.0 

)ÌÏÓÐðÕÈÛõɯÓÌÚà 0 3 50 1 0 0 0 54 92.6 

9ÈÚÛÈÝùÕõɯ×ÓÖÊÏà 0 0 0 39 0 0 0 39 100.0 

Travní porosty  0 0 0 0 50 1 0 51 98.0 

¢ąËÒâɯÝÌÎÌÛÈÊÌ 0 0 0 0 0 49 1 50 98.0 

Bez vegetace 0 0 0 7 0 0 49 56 87.5 

"ÌÓÒÖÝńɯ×ÖðÌÛɯÉÖËļ 50 50 50 50 50 50 50 350   

/ĪÌÚÕÖÚÛɯÜŉÐÝÈÛÌÓÌɯȹÝɯǔȺ 100 94.0 100.0 78.0 100.0 98.0 98.0 95.43   

Kappa index:  0.947 "ÌÓÒÖÝâɯ×ĪÌÚÕÖÚÛȯ 0.95      

/ÖáÕȭȯɯ 3ÈÉȭɯ Ƙɯ ×ĪÌËÚÛÈÝÜÑÌɯ ÝńÚÓÌËÌÒɯ ÒÖÕÛÙÖÓàɯ ×ĪÌÚÕÖÚÛÐɯ ÒÓÈÚÐÍÐÒÈÊÌȮɯ ÒËÌɯ ÚÌɯ Üɯ ÝįÌÊÏɯ ÛĪąËɯ

×ÖÙÖÝÕâÝÈÓàɯÏÖËÕÖÛàɯáɯÝńÚÓÌËÕõɯÒÓÈÚÐÍÐÒÈÊÌɯȹÚÓÖÜ×ÊÌȺɯÚɯÙÌÍÌÕðÕńÔÐɯÉÖËàɯȹĪâËÒàȺɯÝɯÕâÏÖËÕùɯ

ÝàÉÙÈÕńÊÏɯÔąÚÛÌÊÏȭɯ5àáÕÈðÌÕõɯÏÖËÕÖÛàɯÕÈɯËÐÈÎÖÕâÓÌɯ×ĪÌËÚÛÈÝÜÑąɯÚ×ÙâÝÕùɯÝàÒÓÈÚÐÍÐÒÖÝÈÕõɯ

ÉÖËàɯÝɯËÈÕõɯÛĪąËùȭ 
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Note: Tab. 4 is a result of the classification accuracy assessment. The results of classification of 

all the classes (columns) were compared with validation data (rows) in the randomly selected 

locations. Values on the diagonal represent correctly classified points in the given class. 

 

Tab. 5. /ÖËąÓàɯÑÌËÕÖÛÓÐÝńÊÏɯÛĪąËɯÒÙÈÑÐÕÕõÏÖɯ×ÖÒÙàÝÜɯÝÌɯáÒÖÜÔÈÕõÔɯÖÉËÖÉąɯȹÝɯǔȺȭ 

Zdroj: Data Landsat/USGS, vlastní Ýń×ÖðÌÛȭ 

Tab. 5. Shares of the individual categories of land cover in the observed period (%). Source: 

Landsat data/USGS and own calculation. 
 

  1986 1998 2011 2017 

vodní plochy  0,70 0,61 0,63 0,63 

listnaté lesy 6,03 8,32 7,85 11,48 

ÑÌÏÓÐðÕÈÛõɯÓÌÚà 70,30 70,73 71,63 70,81 

áÈÚÛÈÝùÕõɯ×ÓÖÊÏà 0,65 0,30 0,19 0,28 

travní porosty  1,88 2,94 1,60 1,85 

ĪąËÒâɯÝÌÎÌÛÈÊÌ 12,40 8,52 15,56 7,49 

bez vegetace 7,90 8,59 2,54 7,46 

 

/ÖÒÜËɯÚÌɯ×ÖËąÝâÔÌɯÕÈɯÊÏÈÙÈÒÛÌÙɯÈɯáÔùÕàɯÒÙÈÑÐÕÕõÏÖɯ×ÖÒÙàÝÜȮɯÛÈÒɯÓáÌɯÒÖÕÚÛÈÛÖÝÈÛȮɯŉÌɯÝÌɯ

ÝÖÑÌÕÚÒõÔɯĶÑÌáËÜɯ!ÙËàɯÛÝÖĪÐÓàɯÓÌÚàɯËÖÔÐÕÈÕÛÕąɯ×ÓÖÊÏàɯ×ÖɯÊÌÓõɯáÒÖÜÔÈÕõɯÖÉËÖÉąȭɯ-ÈɯáÈðâÛÒÜɯ

zkoumaného období, v ÙÖÊÌɯƕƝƜƚȮɯÛÝÖĪÐÓàɯƛƚȮƗɯǔɯÊÌÓõÏÖɯĶáÌÔąɯÈɯÝ ÙÖÊÌɯƖƔƕƛɯÑÐŉɯƜƖȮ3 % (Tab. 5 

Èɯ.ÉÙȭɯƖȺȭɯ"ÌÓÒÖÝńɯÙļÚÛɯÙÖáÓÖÏàɯÓÌÚļɯ×ÖɯÙÖÊÌɯƕƝƝƔɯÑÌɯÔÖŉÕÖɯáËļÝÖËÕÐÛɯáÌÑÔõÕÈɯ×ÖÚÛÜ×ÕńÔɯ

ĶÛÓÜÔÌÔɯ ÝÖÑÌÕÚÒńÊÏɯ ÈÒÛÐÝÐÛȭɯ 5àÚÖÒńɯ ×ÖËąÓɯ ÓÌÚÕąÊÏɯ ×ÓÖÊÏɯ ÑÌɯ ËâÕɯ ÛąÔȮɯ ŉÌɯ ÒÙÖÔùɯ ĶáÌÔąɯ

ÝńÊÝÐÒÖÝńÊÏɯ×ÓÖÊÏɯÚÌɯÑÌËÕÈÓÖɯÖɯÕÌ×ĪąÓÐįɯÐÕÛÌÕáÐÝÕùɯÝàÜŉąÝÈÕÖÜɯÒÙÈÑÐÕÜɯðÓÖÝùkem. Významná 

ÖÔÌáÌÕąɯÈÕÛÙÖ×ÖÎÌÕÕąɯðÐÕÕÖÚÛÐɯÑÌįÛùɯ×ĪÌËɯÝàÛÝÖĪÌÕąÔɯ5¯ɯ×ĪÌËÚÛÈÝÖÝÈÓàɯáÌÑÔõÕÈɯÕÌ×ĪąáÕÐÝõɯ

ÒÓÐÔÈÛÐÊÒõɯ×ÖËÔąÕÒàɯÈɯÕąáÒâɯĶÙÖËÕÖÚÛɯ×ļËɯÛÖÏÖÛÖɯĶáÌÔąȭɯ5ɯÊÌÓõÔɯÚÓÌËÖÝÈÕõÔɯÖÉËÖÉąɯÝŉËàɯ

ËÖÔÐÕÖÝÈÓàɯÑÌÏÓÐðÕÈÛõɯÓÌÚàɯȹÛõÔùĪɯÒÖÕÚÛÈÕÛÕąɯ×ÖËąÓàɯÝ rozmezí 70,3 aŉɯƛƔȮƜɯǔȺȮɯÒÛÌÙõɯÝįÈÒɯ

×ĪÌËÚÛÈÝÜÑąɯÕÌ×ļÝÖËÕąȮɯðÓÖÝùÒÌÔɯÖÚâáÌÕõɯÝÌÎÌÛÈðÕąɯ×ÓÖÊÏàȭɯ/ļÝÖËÕąɯÓÌÚÕąɯÚ×ÖÓÌðÌÕÚÛÝÈɯÚÌɯ

v ÛõÛÖɯÓÖÒÈÓÐÛùɯÛõÔùĪɯÕÌÝàÚÒàÛÜÑąȮɯ×ÙÖÛÖŉÌɯ×ÖÚÛÜ×ÕùɯÖËɯ×ÖÓÖÝÐÕàɯƕƜȭɯÚÛȭȮɯÒËàɯËÖÊÏâáÌÓÖɯ

k áÈÓÌÚĚÖÝâÕąɯÈɯÖÉÕÖÝùɯÓÌÚļɯðÓÖÝùÒÌÔȮɯáËÌɯÉàÓɯËÖÔÐÕÈÕÛÕùɯÝàsazován smrk ztepilý a dále 

v ÔÌÕįąɯÔąĪÌɯÛÈÒõɯÔÖËĪąÕɯÌÝÙÖ×ÚÒńɯÕÈɯĶÒÖÙɯ×ļÝÖËÕąÊÏɯÚÔąįÌÕńÊÏɯÓÌÚļɯÚ ×ĪÌÝÈÏÖÜɯÉÜÒļɯÈɯ

jedlí (Sofron et al. 2005 a AOPK 2013b). V ÚÖÜðÈÚÕõɯËÖÉùɯÕÈËâÓÌɯ×ÙÖÉąÏâɯÓÌÚÕąɯÏÖÚ×ÖËÈĪÌÕąɯÚÌɯ

áÈÔùĪÌÕąÔɯÕÈɯ×ùÚÛÖÝâÕąɯÚÔÙÒÜɯáÛÌ×ÐÓõÏÖȮɯÈÝįÈÒɯÚÌɯÚÕÈÏÖÜɯÝąÊÌɯÝàÚÈáÖÝÈÛɯÈɯáÝàįÖÝÈÛɯÛÈÒɯ×ÖËąÓɯ

ÓÐÚÛÕÈÛńÊÏɯÓÌÚļɯÝ ÛõÛÖɯÓÖÒÈÓÐÛùȭɯ5 ÓÐÚÛÕÈÛńÊÏɯÓÌÚąÊÏɯÔâɯÕÌÑÝàįįąɯáÈÚÛÖÜ×ÌÕąɯÉÜÒɯÓÌÚÕąɯȹ ./*ɯ

ƖƔƕƗÉȺȭɯ/ÖËąÓɯÓÐÚÛÕÈÛńÊÏɯÓÌÚļɯÚÌɯÝ ×ÖáÖÙÖÝÈÕõÔɯÖÉËÖÉąɯ×ÖÚÛÜ×ÕùɯáÝàįÖÝÈÓȭɯ5 roce 1986 

×ĪÌËÚÛÈÝÖÝÈÓàɯÓÐÚÛÕÈÛõɯÓÌÚàɯƚɯǔɯÊÌÓÒÖvé plochy, v ÙÖÊÌɯƖƔƕƛɯÛõÔùĪɯƕƕȮƙɯǔȭɯ1ÖáËąÓɯÖ×ÙÖÛÐɯ

áÝàįÜÑąÊąÔÜɯÚÌɯÛÙÌÕËÜɯ×ÖËąÓÜɯÓÐÚÛÕÈÛńÊÏɯÚÛÙÖÔļɯÝàÒÈáÜÑÌɯÕÌ×ÈÛÙÕõɯÚÕąŉÌÕąɯ×ÖËąÓÜɯÝ roce 2011 

ȹƛȮƝɯǔȺɯÖ×ÙÖÛÐɯÙÖÒÜɯƕƝƝƜɯȹƜȮƗɯǔȺȭɯ3àÛÖɯáÑÐįÛùÕõɯÙÖáËąÓàɯÔÖÏÖÜɯÉńÛɯá×ļÚÖÉÌÕõɯÕÐŉįąɯ×ĪÌÚÕÖÚÛąɯ

klasifikace v ËļÚÓÌËÒÜɯ×ÖÜŉÐÛąɯÖËÓÐįÕńÊÏɯ×ÖËÒÓÈËÖÝńÊÏɯËÈÛɯ×ÙÖɯÛÙõÕÖÝÈÊąɯ×ÓÖÊÏàɯÒÓÈÚÐÍÐÒÈÊÌȮɯ

kdy v  ÙÖÊÌɯƕƝƝƜɯÉàÓàɯ×ÖÜŉÐÛàɯðÌÙÕÖÉąÓõɯÓÌÛÌÊÒõɯÚÕąÔÒàȮɯÕâÚÓÌËÕùɯ×ÈÒɯÖËɯÙÖÒÜɯƖƔƕƕɯÉàÓàɯ

k ËÐÚ×ÖáÐÊÐɯÑÐŉɯÚÕąÔÒàɯÉÈÙÌÝÕõȭɯ1ÖáįÐĪÖÝâÕąɯÓÐÚÛÕÈÛńÊÏɯÓÌÚļɯÑÌɯ×ÈÛÙÕõɯÝ oblasti na západ od 

/ÈËÙĳÚÒńÊÏɯÙàÉÕąÒļȮɯÝ ÖÒÖÓąɯÉńÝÈÓõɯÚÛĪÌÓÕÐÊÌɯ*ÖÓÝąÕȮɯÕÈɯÚÌÝÌÙɯÈɯÝńÊÏÖËɯÖËɯËÖ×ÈËÖÝõɯ×ÓÖÊÏàɯ

Brdy a v ÖÒÖÓąɯÝÖÑÌÕÚÒõÏÖɯ×ÙÖÚÛÖÙÜɯ5ÌÓÊąɯȹÝÐáɯ.ÉÙȭɯƗȺȭɯ1ÖáÚâÏÓÌÑįąɯ×ÓÖÊÏàɯÓÐÚÛÕÈÛńÊÏɯÓÌÚļɯÑÌɯ

ÔÖŉÕõɯ×ÖáÖÙÖÝÈÛɯÐ ÚÌÝÌÙÖÝńÊÏÖËÕùɯÖËɯËÖ×ÈËÖÝõɯ×ÓÖÊÏàɯ)ÖÙËâÕȮɯÕÈɯÚÝÈáąÊÏɯÝÙÊÏÜɯ.ÒÙouhlík 

a v ÖÒÖÓąɯ*ÖÕąðÒÈɯÜɯ)ÐÕÊļȭɯ/ÙâÝùɯÓÐÚÛÕÈÛõɯ×ÖÙÖÚÛàɯÕÈɯÚÝÈáąÊÏɯ.ÒÙÖÜÏÓąÒÈɯÈɯ*ÖÕąðÒÈɯÉàÓàɯÕÈɯ

áâÒÓÈËùɯÒÙÐÛõÙÐąɯ×ĪąÙÖËÕąÊÏɯÏÖËÕÖÛɯĶáÌÔąɯáÈĪÈáÌÕàɯËÖɯÚÌÎÔÌÕÛļɯ×ÙÝÕąɯáĞÕàȮɯÙÌÚ×ÌÒÛÐÝÌɯËÖɯ

áĞÕȮɯÒÛÌÙõɯ×ĪÌËÚÛÈÝÜÑąɯÕÌÑÏÖËÕÖÛÕùÑįąɯÓÌÚÕąɯ×ÖÙÖÚÛàɯá hlediska dochovaného stavu lesního 
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ÌÒÖÚàÚÛõÔÜȮɯ×Īą×ÈËÕùɯá hlediska fauny a flóry. V  ÕÖÝùɯÝáÕÐÒÓõɯ"'*.ɯÔÈÑąɯÚÓÖÜŉÐÛɯ×ĪÌÝâŉÕùɯ

k ÔÐÔÖ×ÙÖËÜÒðÕąɯÍÜÕÒÊÐɯȹ ./*ɯƖƔƕƗÈȺȭ 

 

 

Obr. 2. /ÙÖÊÌÕÛÜâÓÕąɯ×ÖËąÓàɯÑÌËÕÖÛÓÐÝńÊÏɯÛĪąËɯÒÙÈÑÐÕÕõÏÖɯ×ÖÒÙàÝÜɯÝÌɯ5¯ɯ!ÙËàɯÝÌɯáÒÖÜÔÈÕõÔɯ

období 1986ɬƖƔƕƛȭɯ9ËÙÖÑȯɯ#ÈÛÈɯ+ÈÕËÚÈÛɤ42&2ȮɯÝÓÈÚÛÕąɯÝń×ÖðÌÛȭ 

Fig. 2. Shares of the individual categories of land cover in the former military training area 

Brdy in the observed period 1986ɬ2017. Source: Landsat data/USGS and own calculation. 

 

5ÖËÚÛÝÖɯÉàÓÖɯÉùÏÌÔɯÊÌÓõÏÖɯáÒÖÜÔÈÕõÏÖɯÖÉËÖÉąɯÕÌÑÚÛÈÉÐÓÕùÑįąɯÛĪąËÖÜɯȹƔȮƚɯǔɯ×ÓÖÊÏàɯĶÑÌáËÜȺȮɯ

×ÙÖÛÖŉÌɯ ÕÌËÖÊÏâáÌÓÖɯ Ý zájmovém území k ÝńÙÈáÕùÑįąÔÜɯ áâÕÐÒÜɯ ðÐɯ ÛÝÖÙÉùɯ ÕÖÝńÊÏȮɯ

ÙÖáÚâÏÓÌÑįąÊÏɯ ÝÖËÕąÊÏ ×ÓÖÊÏȭɯ  ÝįÈÒɯ ÑÈÒɯ ÉàÓÖɯ ĪÌðÌÕÖɯ ÝńįÌɯ Ý ÔÌÛÖËÐÊÌȮɯ ÒÝļÓÐɯ ×ÙÖÚÛÖÙÖÝõɯ

ÙÖáÓÐįÖÝÈÊąɯÚÊÏÖ×ÕÖÚÛÐɯ×ÖÜŉÐÛńÊÏɯËÙÜŉÐÊÖÝńÊÏɯÚÕąÔÒļɯȹƗƔɯÔȺɯÚÌɯËÙÖÉÕõɯÝÖËÕąɯÛÖÒàɤ×ÓÖÊÏàɯÈɯ

ÑÌÑÐÊÏɯáÔùÕàɯÛùŉÒÖɯËÌÛÌÒÖÝÈÓàȭɯ-ÌÒÓÈÚÐÍÐÒÖÝÈÓàɯÚÌɯÛÈÒɯ×ÖÝùÛįÐÕÖÜɯÔÈÓõɯÝÖËÕąɯÕâËÙŉÌȮɯÒÛÌÙńÊÏɯ

je na území ĶÑÌáËÜɯÈÚÐɯƖƔɯȹ ./*ɯƖƔƕƗÉȺȭɯ-ÌÑÝùÛįąÔÐɯÝÖËÕąÔÐɯ×ÓÖÊÏÈÔÐɯÑÚÖÜɯ'ÖĪÌÑįąɯÈɯ#ÖÓÌÑįąɯ

/ÈËÙĳÚÒńɯÙàÉÕąÒȮɯÒÛÌÙõɯÑÚÖÜɯÝ ÚÖÜðÈÚÕÖÚÛÐɯÜŉąÝâÕàɯÒ chovu ryb. Dále pak i vodní díla Láz, 

.ÓÌįÕâɯÈɯ/ÐÓÚÒâȮɯÒÛÌÙâɯÑÚÖÜɯÜŉąÝâÕÈɯÑÈÒÖɯáËÙÖÑÌɯ×ÐÛÕõɯÝÖËàȭ 

5ąÊÌÔõÕùɯÒÖÕÚÛÈÕÛÕąɯ×ÖËąÓɯÉàÓɯáÈáÕÈÔÌÕâÕɯÜɯáÈÚÛÈÝùÕńÊÏɯ×ÓÖÊÏȭɯ.ÉÊÌɯÌßÐÚÛÜÑąÊąɯ×ĪÌËɯ

vznikem VÚ byly srovnány se zemí, proto je tedy podíl zástavby jen minimální (pod 1 % celé 

rozlohy). K  ÛÖÔÜɯÑÌįÛùɯÚÌɯ×ÖÚÛÜ×ÌÔɯðÈÚÜɯÚÛÈÓàɯÕùÒÛÌÙõɯÝÖÑÌÕÚÒõɯÉÜËÖÝàɯÕÌÝàÜŉąÝÈÕõɯÈɯÉàÓàɯ

áÉÖÜÙâÕàȮɯÕÈ×ĪȭɯÝįÌÊÏÕàɯÖÉÑÌÒÛàɯÕÈɯĶáÌÔąɯÉńÝÈÓõɯ×ÙÖÛÐÛÈÕÒÖÝõɯÚÛĪÌÓÕÐÊÌɯ/ÈËÙĳɯÉàÓàɯÝ roce 

ƖƔƕƖɯáÕÐðÌÕàɯȹ!ÙËÐÕÎɯƖƔƕƘȺȭɯ#âÓÌɯÚÌɯáÔÌÕįÖÝÈÓàɯáÈÚÛÈÝùÕõɯ×ÓÖÊÏàɯÐɯÕÈɯĶáÌÔąɯÊÝÐðÐįĳɯ)ÐÕÊÌɯÈɯ

Velcí v ÚÌÝÌÙÕąɯ ðâÚÛÐɯ 5¯ȭɯ -ùÒÛÌÙõɯ ÔÈÓÖ×ÓÖįÕõɯ áÔùÕàɯ ÕÌÉàÓàɯ áÈáÕÈÔÌÕâÕàɯ ÒÝļÓÐɯ ÕąáÒõɯ

prostorové roáÓÐįÖÝÈÊąɯÚÊÏÖ×ÕÖÚÛÐɯ×ÖÜŉÐÛńÊÏɯËÙÜŉÐÊÖÝńÊÏɯÚÕąÔÒļɯȹƗƔɯǺɯƗƔɯÔȺȭɯ5ńáÕÈÔÕâɯ

áÔùÕÈȮɯÒÛÌÙâɯÑÌɯ×ÈÛÙÕâɯÝ ÕÈįÐÊÏɯÝńÚÛÜ×ÌÊÏɯȹ.ÉÙȭɯƗȺȮɯÉàÓÈɯáÔùÕÈɯÓÈÕËɯÊÖÝÌÙɯÖÝÓÐÝÕùÕâɯËÌÔÖÓÐÊąɯ

ÝńÊÝÐÒÖÝõÏÖɯáÈĪąáÌÕąɯ%ÌÓÉÈÉÒÈɯÖɯ×ÓÖįÌɯ×ĪÐÉÓÐŉÕùɯƜɯÏÈɯÝ ÚÌÝÌÙÖáâ×ÈËÕąɯðâÚÛÐɯ5¯ɯÕÈɯ×ÖðâÛÒÜɯƖƕ. 

ÚÛÖÓÌÛąȭɯ9ĪÌÑÔõɯÑÚÖÜɯÐɯÝńáÕÈÔÕõɯÒÖÔÜÕÐÒÈÊÌȮɯÑÈÒÖɯÕÈ×Īȭɯá×ÌÝÕùÕâɯÒÖÔÜÕÐÒÈÊÌɯÝ oblasti 

ÉńÝÈÓõÏÖɯÓÌÛÐįÛùɯ'ÌÑÓâÒȮɯÚÌÝÌÙÖÝńÊÏÖËÕąɯðâÚÛÐɯ/ĪÌËÕąÊÏɯ!ÈÏÌÕɯÈɯÑÐÕõȭɯ3àÛÖɯ×ÓÖÊÏàɯÉàÓàɯÝńÙÈáÕõɯ
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ÐɯÝɯÑÐÕńÊÏɯðâÚÛÌÊÏɯĶÑÌáËÜɯáÌÑÔõÕÈɯÝ roce 1986, kdy byly hlavní výcvikové pl ÖÊÏàɯÐÕÛÌÕáąÝÕùɯ

ÝàÜŉąÝâÕàȭ 

 

 
Obr. 3. Krajinný pokryv v  jednotlivých letech ve VÚ Brdy. Zdroj: Data Landsat/USGS, vlastní 

Ýń×ÖðÌÛȭ 

Fig. 3. Land cover in the observed years in the former military training area Brdy. Source: 

Landsat data/USGS and own calculation. 

 
"ÌÓÒÖÝńɯ×ÖËąÓɯÛÙÈÝÕąÊÏɯ×ÖÙÖÚÛļɯÚÌɯáÈɯÊÌÓõɯáÒÖÜÔÈÕõɯÖÉËÖÉąɯÜËÙŉÌÓɯÕÈɯ×ĪÐÉÓÐŉÕùɯÚÛÌÑÕõɯ

ĶÙÖÝÕÐɯȹ×ÖËɯƖɯǔȺȮɯÈÝįÈÒɯÚ ÝńÙÈáÕùÑįąÔȮɯËÖðÈÚÕńÔɯáÝńįÌÕąÔɯ×ÖËąÓÜɯáÈáÕÈÔÌÕÈÕõÏÖɯÝ roce 

ƕƝƝƜȭɯ9×ļÚÖÉÐÓÈɯÛÖɯ×ÈÛÙÕùɯÌß×ÈÕáÌɯÛÙÈÝÕąÊÏɯ×ÖÙÖÚÛļɯÕÈɯÕÌÝàÜŉąÝÈÕõɯÝńÊÝÐÒÖÝõɯ×ÓÖchy, kdy 

Ö×ÜįÛùÕõɯÖÉÓÈÚÛÐɯÝńÊÝÐÒÜɯÚÌɯáÕÐðÌÕÖÜɯÝÌÎÌÛÈÊąɯáÈðÈÓàɯ×ÖÚÛÜ×ÕùɯáÈÙļÚÛÈÛɯÛÙÈÝÕąÔɯ×ÖÙÖÚÛÌÔȮɯ

ÕâÚÓÌËÕùɯ×ÙÖÊÏâáÌÓàɯÙļáÕńÔÐɯÍâáÌÔÐɯÚÜÒÊÌÚÌȭɯ/ÖɯÙÖÊÌɯƕƝƝƜɯÉàÓɯáÈáÕÈÔÌÕâÕɯÕÐŉįąɯ×ÖËąÓɯ

ÛÙÈÝÕąÊÏɯ×ÖÙÖÚÛļɯÈɯÑÌÑÐÊÏɯ×ĪÌÔùÕÈɯÝ ÚÜÒÊÌÚÕąȮɯÒĪÖÝÐÕÈÛńɯ×ÖÙÖÚÛɯÈɯÕâÚÓÌËÕùɯv ÓÌÚàȭɯ#ÓÌɯÕÈįÐÊÏɯ

ÝńÚÓÌËÒļɯÚÌɯ×ÖËąÓɯÛÙÈÝÕąÊÏɯ×ÖÙÖÚÛļɯÕâÚÓÌËÕùɯÚÕąŉÐÓɯ×ÖËɯƖɯǔȭɯ'ÖÚ×ÖËâĪÚÒàɯÝàÜŉąÝÈÕõɯÛÙÝÈÓõɯ

travní porosty se nacházejí v ÖÉÓÈÚÛÐɯáÝÈÕâɯ2ÒÌÓÕâɯ'Üĳɯ×ĪÐÉÓÐŉÕùɯÔÌáÐɯÝÖËÕąÔÐɯÕâËÙŉÌÔÐɯ+âáɯ

Èɯ/ÐÓÚÒâȮɯËâÓÌɯ×ĪÐɯÖÉÊąÊÏɯ)ÐÕÊÌȮɯ.ÉÌÊÕÐÊÌȮɯ-Ì×ÖÔÜÒȮɯ/ÈÕðÈÝÈȮɯ3ùÕùɯÈ v okolí i jiných obcí na 

ÖÒÙÈÑÐɯ5¯ȭɯ5ùÛįąɯ×ÓÖÊÏàɯÛÙÈÝÕąÊÏɯ×ÖÙÖÚÛļɯÜÝÕÐÛĪɯ5¯ɯÚÌɯÕÈÊÏâáÌÓàɯÑÌÕɯÕÈɯĶáÌÔąɯÉńÝÈÓńÊÏɯÊÝÐðÐįĳɯ

ÈɯËÖ×ÈËÖÝńÊÏɯ×ÓÖÊÏȭɯ)ÌÑÐÊÏɯ×ÖÚÛÜ×ÕõɯÖ×ÖÜįÛùÕąɯá×ļÚÖÉÐÓÖɯ×ÖÒÓÌÚɯÑÌÑÐÊÏɯ×ÖËąÓÜɯÕÈɯÊÌÓÒÖÝõɯ×ÓÖįÌɯ

ĶáÌÔąȭɯ-ÌÑÝùÛįąɯ×ÓÖÊÏÜɯÛÙÈÝÕąÊÏɯ×ÖÙÖÚÛļɯÔļŉÌÔÌɯ×ÖáÖÙÖÝÈÛɯÝ ÓÖÒÈÓÐÛùɯÊÝÐðÐįÛùɯ/ÈËÙĳɯÈɯ*ÖÓÝąÕȭ 
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Obr. 4. *ÙÈÑÐÕÕńɯ×ÖÒÙàÝɯáÈɯÑÌËÕÖÛÓÐÝõɯÚÓÌËÖÝÈÕõɯÙÖÒàɯÝÌɯÝÖÑÌÕÚÒõÔɯáÈĪąáÌÕąɯ)ÖÙËâÕȭ 

9ËÙÖÑȯɯ#ÈÛÈɯ+ÈÕËÚÈÛɤ42&2ȮɯÝÓÈÚÛÕąɯÝń×ÖðÌÛȭ 
 

Fig. 4. Land cover in the observed years in the former training a rea Jordán. 

Source: Landsat data/USGS and own calculation. 

 

Obr. 5. /ÙÖÊÌÕÛÜâÓÕąɯ×ÖËąÓàɯÑÌËÕÖÛÓÐÝńÊÏɯÛĪąËɯÒÙÈÑÐÕÕõÏÖɯ×ÖÒÙàÝÜɯÝÌɯÝÖÑÌÕÚÒõÔɯáÈĪąáÌÕąɯ

Jordán ve zkoumaném období 1986ɬƖƔƕƛȭɯ9ËÙÖÑȯɯ#ÈÛÈɯ+ÈÕËÚÈÛɤ42&2ȮɯÝÓÈÚÛÕąɯÝń×ÖðÌÛ 
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Fig. 5. Shares of the individual categories of land cover in the former training area Jordan in 

the observed period 1986ɬ2017. Source: Landsat data/USGS and own calculation. 

 
/ÖËąÓɯ×ÓÖÊÏɯÛĪąËàɯĪąËÒâɯÝÌÎÌÛÈÊÌɯÈɯÉÌáɯÝÌÎÌÛÈÊÌɯÚÖÜÝÐÚąɯ×ĪÌËÌÝįąÔɯÚ ÓÌÚÕąÔɯÏÖÚ×ÖËÈĪÌÕąÔȮɯ

ÒËàɯÕÌÑÝàįįąɯ×ÖËąÓɯáÈÜÑąÔÈÑąɯ×ÓÖÊÏàɯ×ÖɯÏÖÚ×ÖËâĪÚÒõɯÛùŉÉùɯÓÌÚÈɯȹÖËÛùŉÌÕõɯ×ÓÖÊÏàȺȭɯ/ÓâÕÖÝÈÕÖÜɯ

ÛùŉÉÖÜɯ ðÐɯ ×Öɯ ÙļáÕńÊÏɯ ËÐÚÛÜÙÉÈÕðÕąÊÏɯ ÜËâÓÖÚÛÌÊÏɯ ÖÝÓÐÝÕùÕńÊÏɯ ÈÉÐÖÛÐÊÒńÔÐɯ Èɯ ÉÐotickými 

ÍÈÒÛÖÙàȮɯÉàÓàɯÓÌÚàɯÝàÒâÊÌÕàȮɯÖËÛùŉÌÕàɯÈɯÉàÓàɯÒÖÕÛÙÖÓÖÝÈÕùɯáÈÓÌÚĚÖÝâÕàȭɯ5 ×Īą×ÈËùɯÛÖÏÖÛÖɯ

území ÚÌɯÖÉÑÌÝÜÑÌɯÐɯÚÜÒÊÌÚÕąɯ×ÖÙÖÚÛȮɯÒÛÌÙńɯÚÌɯ×ÖÚÛÜ×Õùɯ×ÙÖÔùĚÜÑÌɯÝ ÓÐÚÛÕÈÛńɯÕÌÉÖɯÑÌÏÓÐðÕÈÛńɯ

ÓÌÚȭɯ/ÖÒÜËɯÉàÊÏÖÔɯÔùÓÐɯÜÝõÚÛɯÕùÑÈÒÖÜɯÒÈÓÈÔÐÛÕąɯÜËâÓÖÚÛȮɯÒÛÌÙâɯÚÖÜÝÐsí s ÖÉËÖÉąÔɯÕÈįÌÏÖɯ

×ÖáÖÙÖÝâÕąȮɯÕÌÚÔąÔÌɯÖ×ÖÔÌÕÖÜÛɯÕÈɯ×ĪÌÔÕÖŉÌÕąɯÉÌÒàÕùɯÔÕÐįÒàȭɯ*ÖÕÒÙõÛÕùɯ×ÈÒɯÝ roce 1992ɬ

ƕƝƝƙɯÉàÓÖɯÕÈ×ÈËÕÜÛÖɯÉÌÒàÕąɯÔÕÐįÒÖÜɯÝąÊÌɯÑÈÒɯƕƔɯƔƔƔɯÏÈɯÉÙËÚÒńÊÏɯÓÌÚļɯȹ+ÐįÒÈɯȫɯ,ÖËÓÐÕÎÌÙɯ

2016)ȭɯ#ÐÚÛÜÙÉÈÕÊÌɯÕÈɯáÒÖÜÔÈÕõÔɯĶáÌÔąɯÚÌɯ×ĪÐ×ÐÚÜÑąɯÐɯÝùÛÙÜȮɯÚÕùÏÜȮɯÕâÔÙÈáâÔɯÈɯÚÜÊÏÜȭɯ

-ÌÑÝùÛįąɯįÒÖËàɯÉàÓàɯá×ļÚÖÉÌÕàɯÕâÔÙÈáÖÜɯÕÈɯÙÖáÏÙÈÕąɯÓÌÛɯƕƝƝƙɯÈɯƕƝƝƚȮɯÒÝļÓÐɯðÌÔÜŉɯÉàÓÖɯÝ roce 

ƕƝƝƚɯÖËÚÛÙÈÕùÕÖɯƕƖƕɯÛÐÚąÊɯÔ3 ×ÖįÒÖáÌÕńÊÏɯÚÛÙÖÔļɯȹ ./*ɯƖƔƕƗÉȮɯ§ÒÖËÈɯƖƔƔƙȺȭɯ3àÛÖɯįÒÖËàɯÑÚÖÜɯ

patrné z ÝàįįąÏÖɯáÈÚÛÖÜ×ÌÕąɯÛĪąËàɯÉÌáɯÝÌÎÌÛÈÊÌɯÝ ÙÖÊÌɯƕƝƝƜɯÈɯ×ÈÒɯáɯÝàįįąÏÖɯáÈÚÛÖÜ×ÌÕąɯĪąËÒõɯ

vegetace v ÙÖÊÌɯƖƔƕƕȮɯÑÈÒÖɯÖÉÕÖÝÜÑąÊąɯÚÌɯ×ÖÙÖÚÛȭɯ5ÌÓÒõɯ×ÖÓÖÔàɯá×ļÚÖÉÐÓà ÝÐÊÏĪÐÊÌɯÝ letech 1984, 

1985, 1990 a ƖƔƔƛɯȹ ./*ɯƖƔƕƗÉȮɯ§ÒÖËÈɯƖƔƔƙȮɯ+ÐįÒÈɯȫɯ,ÖËÓÐÕÎÌÙɯƖƔƕƚȺȭɯ5ɯÙÖÊÌɯƖƔƔƘȮɯ×Öɯ

ËÓÖÜÏÖÛÙÝÈÑąÊąÔɯÚÜÊÏÜɯËÖįÓÖɯÛÈÒõɯÒ ×ĪÌÔÕÖŉÌÕąɯÓńÒÖŉÙÖÜÛÈȮɯÕâÚÓÌËÕùɯ×ÈÒɯÖÙÒâÕɯ*àÙÐÓɯÝ roce 

ƖƔƔƛɯá×ļÚÖÉÐÓɯ×ÖįÒÖáÌÕąɯÓÌÚļɯÈɯËÈÓįąɯ×Ö×ÜÓÈðÕąɯÕâÙļÚÛɯÓńÒÖŉÙÖÜÛÈȭɯToto období od roku 2004 

ËÖɯÙÖÒÜɯƖƔƔƝɯÚÌɯ×ÖÝÈŉÜÑÌɯáÈɯÖÉËÖÉąɯÏÐÚÛÖÙÐÊÒàɯÕÌÑÝùÛįąÏÖɯ×ÖÕÐðÌÕąɯÔąÚÛÕąÊÏɯÓÌÚļɯÓńÒÖŉÙÖÜÛÌÔɯ

ȹ+ÐįÒÈɯȫɯ,ÖËÓÐÕÎÌÙɯƖƔƕƚȺȭɯ3àÛÖɯÜËâÓÖÚÛÐɯÙÖÝÕùŉɯ×ĪÐÚ×ùÓàɯÒ áÝńįÌÕõÔÜɯ×ÖËąÓÜɯĪąËÒõɯÝÌÎÌÛÈÊÌɯ

zaznamenaného v roce 2011. 

 

 
Obr. 6. KrÈÑÐÕÕńɯ×ÖÒÙàÝɯáÈɯÑÌËÕÖÛÓÐÝõɯÚÓÌËÖÝÈÕõɯÙÖÒàɯÝÌɯÝÖÑÌÕÚÒńÊÏɯáÈĪąáÌÕąÊÏɯ/ĪÌËÕąɯÈ Zadní 

!ÈÏÕÈȭɯ9ËÙÖÑȯɯ#ÈÛÈɯ+ÈÕËÚÈÛɤ42&2ȮɯÝÓÈÚÛÕąɯÝń×ÖðÌÛȭ 
 

Fig. 6. +ÈÕËɯÊÖÝÌÙɯÐÕɯÛÏÌɯÖÉÚÌÙÝÌËɯàÌÈÙÚɯÐÕɯÛÏÌɯÍÖÙÔÌÙɯÛÙÈÐÕÐÕÎɯÈÙÌÈÚɯ/ĪÌËÕąɯÈÕËɯ9ÈËÕąɯ!ÈÏÕÈȭɯ

Source: Landsat data/USGS and own calculation  
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Výrazným procesem v  ÔąÚÛÕąɯ ÒÙÈÑÐÕùɯ ÉàÓÖɯ ×ÖÚÛÜ×Õõɯ įąĪÌÕąɯ ĪąËÒõɯ ÝÌÎÌÛÈÊÌɯ Ý místech 

ÉńÝÈÓńÊÏɯÝÖÑÌÕÚÒńÊÏɯÝńÊÝÐÒļɯÚɯÕâÚÓÌËÕńÔɯ×ÖáÝÖÓÕńÔȮɯÚÜÒÊÌÚÕąÔɯ×ĪÌÊÏÖËÌÔɯËÖɯÓÌÚÕąÊÏɯ

×ÖÙÖÚÛļȭɯ/ÙÖɯÓÌ×įąɯÜÒâáÒÜɯÈɯ×ÖÊÏÖ×ÌÕąɯÛùÊÏÛÖɯ×ÙÖÊÌÚļɯÉàÓàɯ×ÙÖÝÌËÌÕàɯËÌÛÈÐÓÕąɯÈÕÈÓńáàɯáÔùÕɯ

ÕÈɯËąÓðąÊÏɯÝńÊÝÐÒÖÝńÊÏɯáÈĪąáÌÕąÊÏɯ5¯ɯɬ Jordán, *ÖÓÝąÕɯÈɯ/ĪÌËÕąɯÈɯ9ÈËÕąɯ!ÈÏÕÈɯȹ.ÉÙȭɯƘɯÈŉɯƝȺȭɯ

Z ÛùÊÏÛÖɯ ÝàÑÔÌÕÖÝÈÕńÊÏɯ ĶáÌÔąɯ ÉàÓàɯ áÈáÕÈÔÌÕâÕàɯ ÕÌÑÔÌÕįąɯ áÔùÕàɯ ÓÈÕËɯ ÊÖÝÌÙɯ ÝÌɯ

ÝńÊÝÐÒÖÝõÔɯáÈĪąáÌÕąɯ)ÖÙËâÕɯȹ.ÉÙȭɯƙȺȮɯÒÛÌÙõɯÉàÓÖɯá ÝàÉÙÈÕńÊÏɯÛĪąɯĶáÌÔąɯÕÌÑËõÓÌɯÝàÜŉąÝâÕÖȭɯ

V ÑÐÏÖáâ×ÈËÕąɯðâÚÛÐɯÑÌɯ×ÈÛÙÕõɯÙÖáįÐĪÖÝâÕąɯÑÌÏÓÐðÕÈÛńÊÏɯÓÌÚļɯÈɯ×ÙÖÕÐÒâÕąɯÓÐÚÛÕÈÛńÊÏɯÓÌÚļɯÝ ÑÐŉÕąɯ

ðâÚÛÐɯȹÖÉÙȭɯƘȺȮɯðąÔŉɯÓÌÚàɯÝ ÛõÛÖɯÖÉÓÈÚÛÐɯáÝùÛįÐÓàɯÚÝÖÑÐɯÙÖáÓÖÏÜɯáÌ 197 ha (50,7 % plochy) v roce 

1986 na 285 ha (73,2 %) v ÙÖÊÌɯƖƔƕƛȭɯ/ÓÖÊÏàɯĪąËÒõɯÝÌÎÌÛÈÊÌɯÈɯÉÌáɯÝÌÎÌÛÈÊÌɯÚÌɯ×ÖÚÛÜ×Õùɯ

áÔÌÕįÖÝÈÓàȭɯ5ɯÖÉÓÈÚÛÐɯÝÖÑÌÕÚÒõÏÖɯáÈĪąáÌÕąɯ!ÈÏÕÈɯÝ ÙÖÊÌɯƕƝƜƚɯ×ĪÌËÚÛÈÝÖÝÈÓÈɯÛĪąËÈɯÉÌáɯÝÌÎÌÛÈÊÌɯ

ÈɯĪąËÒâɯÝÌÎÌÛÈÊÌɯƝƘɯǔɯ×ÖÝÙÊÏÜȮɯá ðÌÏÖɯƙƘɯǔɯ×ĪÐ×ÈËÈÓÖɯÕÈɯ×ÓÖÊÏàɯÉÌáɯÝÌÎÌÛÈÊÌɯȹ.ÉÙȭɯƛȺȭɯ3àÛÖɯ

×ÖËąÓàɯÚÌɯ×ÖÚÛÜ×ÕùɯáÔÌÕįÖÝÈÓàɯÈ v ÚÖÜðÈÚÕÖÚÛÐɯ×ĪÌËÚÛÈÝÜÑąɯƘƜɯǔɯ×ÓÖÊÏàȮɯ×ĪÐðÌÔŉɯÓÌÚÕąɯ×ÓÖÊÏàɯ

áÈÉąÙÈÑąɯÑÐŉɯÛõÔùĪɯƘƛɯǔɯĶáÌÔąȭɯ-ÈɯĶáÌÔąɯ/ĪÌËÕąÊÏɯ!ÈÏÌÕɯ×ÖÚÛÜ×Õùɯ×ĪÌÊÏâáÌÓàɯ×ÓÖÊÏàɯÉÌáɯ

vegetace v ÚÜÒÊÌÚÕąɯÝÌÎÌÛÈÊÐȮɯÒÛÌÙâɯÚÌɯÕâÚÓÌËÕùɯ×ĪÌÔùÕÐÓÈɯÝɯÓÐÚÛÕÈÛõɯÓÌÚàȭɯ3ÌÕÛÖɯ×ÙÖÊÌÚɯÉàÓɯ

×ÖÔÈÓÌÑįąɯÝ oblasti 9ÈËÕąÊÏɯ!ÈÏÌÕȮɯÒËÌɯÔùÓÈɯÝàÚÖÒńɯ×ÖËąÓɯÐɯÛĪąËÈɯÉÌáɯÝÌÎÌÛÈÊÌɯȹ.ÉÙȭɯƚȺȭɯ-Èɯ

×ùÊÏÖÛÕąɯÚÛĪÌÓÕÐÊÐɯ*ÖÓÝąÕɯ×ĪÌÝÈŉÖÝÈÓàɯÕÈɯ×ÖðâÛÒÜɯáÒÖÜÔÈÕõÏÖɯÖÉËÖÉąɯÛÙÈÝÕąɯ×ÖÙÖÚÛàɯȹƙƔȮƙ % 

×ÓÖÊÏàȺȮɯÈÝįÈÒɯÝ ÙÖÊÌɯƖƔƕƛɯÑÐŉɯËÖÔÐÕÖÝÈÓàɯÓÐÚÛÕÈÛõɯÓÌÚàɯȹƘƛȮƝɯǔȺȭ 

 

 

Obr. 7. /ÙÖÊÌÕÛÜâÓÕąɯ×ÖËąÓàɯÑÌËÕÖÛÓÐÝńÊÏɯÛĪąËɯÒÙÈÑÐÕÕõÏÖɯ×ÖÒÙàÝÜɯÝÌɯÝÖÑÌÕÚÒńÊÏɯáÈĪąáÌÕąÊÏɯ

/ĪÌËÕąɯÈɯ9ÈËÕąɯ!ÈÏÕÈɯÝÌɯáÒÖÜÔÈÕõÔɯÖÉËÖÉąɯƕƝƜƚɬ2017. Zdroj: Data Landsat/USGS, vlastní 

Ýń×ÖðÌÛȭ 

Fig. 7. Shares of the individual categories of land cover in the former traini ÕÎɯÈÙÌÈÚɯ/ĪÌËÕąɯÈÕËɯ

Zadní Bahna in the observed period 1986ɬ2017. Source: Landsat data/USGS and own 

calculation. 
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Obr. 8. *ÙÈÑÐÕÕńɯ×ÖÒÙàÝɯáÈɯÑÌËÕÖÛÓÐÝõɯÚÓÌËÖÝÈÕõɯÙÖÒàɯÝÌɯÝÖÑÌÕÚÒõÔɯáÈĪąáÌÕąɯ*ÖÓÝąÕȭ 

9ËÙÖÑȯɯ#ÈÛÈɯ+ÈÕËÚÈÛɤ42&2ȮɯÝÓÈÚÛÕąɯÝń×ÖðÌÛȭ 
 

Fig. 8. Land cover in the observed years in the former training area Kolvín.  

Source: Landsat data/USGS and own calculation. 

 

 

Obr. 9. /ÙÖÊÌÕÛÜâÓÕąɯ×ÖËąÓàɯÑÌËÕÖÛÓÐÝńÊÏɯÛĪąËɯÒÙÈÑÐÕÕõÏÖɯ×ÖÒÙàÝÜɯÝÌɯÝÖÑÌÕÚÒõÔɯáÈĪąáÌÕąɯ

Kolvín ve zkoumaném období 1986ɬ2017. 9ËÙÖÑȯɯ#ÈÛÈɯ+ÈÕËÚÈÛɤ42&2ȮɯÝÓÈÚÛÕąɯÝń×ÖðÌÛȭ 
 

Fig. 9. Shares of the individual categories of land cover in the former training area Kolvín i n 

the observed period 1986ɬ2017. Source: Landsat data/USGS and own calculation. 
Z§vŊr 
 

#ÖÔÐÕÈÕÛÕąÔɯÒÙÈÑÐÕÕńÔɯ×ÖÒÙàÝÌÔɯÉńÝÈÓõÏÖɯÝÖÑÌÕÚÒõÏÖɯĶÑÌáËÜɯÈɯÚÖÜðÈÚÕõɯ"'*.ɯ!ÙËàɯÉàÓàɯ

ÈɯËÖ×ÖÚÜËɯáļÚÛâÝÈÑąɯÓÌÚàȮɯÒÛÌÙõɯÕÈɯáÈðâÛÒÜɯáÒÖÜÔÈÕõÏÖɯÖÉËÖÉąȮɯÝ ÙÖÊÌɯƕƝƜƚȮɯÛÝÖĪÐÓàɯƛƚ,3 % 

celého území a v ÙÖÊÌɯƖƔƕƛɯÙÖáÓÖÏÈɯ×ĪÌÒÙÖðÐÓÈɯƜƔɯǔȭɯ ðÒÖÓÐÝɯÕÈ ÊÌÓÒÖÝõɯÙÖáÓÖáÌɯÝįÌÊÏɯÓÌÚļɯ

ÑÌÏÓÐðÕÈÛõɯ ×ÖÙÖÚÛàɯ ÝŉËàɯ ËÖÔÐÕÖÝÈÓàɯ ȹ×ÖËąÓɯ ÖÚÊÐÓÜÑąÊąɯ ÖËɯ ƛƔȮƗɯ Èŉɯ ƛƔȮƜɯ ǔȺȮɯ Ý posledních 

ÚÓÌËÖÝÈÕńÊÏɯÓÌÛÌÊÏɯÚÝļÑɯ×ÖËąÓɯáÝàįÖÝÈÓàɯÏÓÈÝÕùɯÓÌÚàɯÓÐÚÛÕÈÛõɯȹÝɯÙÖÊÌɯƖƔƕƛɯÉàÓÈɯ×ĪÌÒÙÖðÌÕÈɯ

hranice 10 % na celkové rozloze). Z ÌÒÖÓÖÎÐÊÒõÏÖɯÏÓÌËÐÚÒÈɯÓáÌɯ×ÖÝÈŉÖÝÈÛɯÛÌÕÛÖɯÛÙÌÕËɯáÈɯ

×ÖáÐÛÐÝÕąȮɯÕÌÉÖĳɯÑÌÏÓÐðÕÈÛõɯÓÌÚàɯ×ĪÌËÚÛÈÝÜÑąɯÕÌ×ļÝÖËÕąɯÒÙÈÑÐÕÕńɯ×ÖÒÙàÝɯÚ ÕÐŉįąɯÌÒÖÓÖÎÐÊÒÖÜɯ

ÚÛÈÉÐÓÐÛÖÜɯÈɯÝàįįąɯÕâÊÏàÓÕÖÚÛąɯÕÈɯÈÉÐÖÛÐÊÒõɯðÐɯÉÐÖÛÐÊÒõɯËÐÚÛÜÙÉÈÕÊÌȭɯ5âŉÕùÑįąɯÓÌÚÕąɯÒÈÓÈÔÐÛàɯÕÈɯ
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áÒÖÜÔÈÕõÔɯĶáÌÔąɯÚÌɯ×ĪÐ×ÐÚÜÑąɯÏÓÈÝÕùɯÝùÛÙÜȮɯÚÕùÏÜɯÈɯÕâÔÙÈáâÔɯÚ ÕâÚÓÌËÕńÔɯ×ĪÌÔÕÖŉÌÕąÔɯ

ÓńÒÖŉÙÖÜÛÈɯÈɯÑÐÕõÏÖɯÏÔàáÜɯȹ ./*ɯƖƔƕƗÉȮɯ§ÒÖËÈɯƖƔƔƙȮɯ+ÐįÒÈɯȫɯ,ÖËÓÐÕÎÌÙɯƖƔƕƚȺȭɯ3àÛÖɯ×ÖÓÖÔàɯ

Èɯ×ÓâÕÖÝÈÕâɯÏÖÚ×ÖËâĪÚÒâɯÛùŉÉÈ áÈ×ĪąðÐÕÐÓàɯ×ÖÕùÒÜËɯÝàįįąɯáÈÚÛÖÜ×ÌÕąɯÛĪąËàɯÉÌáɯÝÌÎÌÛÈÊÌɯ

v ÙÖÊÌɯƕƝƝƜɯÕÈɯĶÒÖÙɯ×ļÝÖËÕąÏÖɯÓÌÚÈɯÈɯÕâÚÓÌËÕùɯ×ÈÒɯÝàįįąɯáÈÚÛÖÜ×ÌÕąɯĪąËÒõɯÝÌÎÌÛÈÊÌɯÝ roce 

2011, jako obnovující se lesní porost. Na druhou stranu, lze v území nalézt dlouholeté listnaté 

ÓÌÚÕąɯ×ÖÙÖÚÛàɯȹÕÈ×ĪȭɯÕÈɯÚÝÈáąÊÏɯ.ÒÙÖÜÏÓąÒÈɯÈɯ*ÖÕąðÒÈȺȮɯÒÛÌÙõɯÓáÌɯ×ÖÝÈŉÖÝÈÛɯáÈɯÌÒÖÓÖÎÐÊÒàɯ

ÊÌÕÕõɯ Èɯ ÉàÓàɯ ÛÈÒɯ ÕÈɯ áâÒÓÈËùɯ ÒÙÐÛõÙÐąɯ ×ĪąÙÖËÕąÊÏɯ ÏÖËÕÖÛɯ ĶáÌÔąɯ áÈĪÈáÌÕàɯ ËÖɯ áĞÕȮɯ ÒÛÌÙõɯ

×ĪÌËÚÛÈÝÜÑąɯÕÌÑÏÖËÕÖÛÕùÑįąɯÓÌÚÕąɯ×ÖÙÖÚÛàɯá hlediska dochovaného stavu (AOPK 2013a). 

"ÌÓÒÖÝńɯ×ÖËąÓɯÛÙÈÝÕąÊÏɯ×ÖÙÖÚÛļɯÚÐɯáÒÖÜÔÈÕõɯĶáÌÔąɯÜËÙŉÌÓÖɯÊÊÈɯÕÈɯÚÛÌÑÕõɯĶÙÖÝÕÐɯȹÛáÕȭɯƖɯǔȺɯ

s ËÖðÈÚÕńÔɯ ÝàįįąÔɯ ×ÖËąÓÌÔɯ ËÖÚÈŉÌÕńÔɯ Ýɯ ÙÖÊÌ ƕƝƝƜȭɯ 3ÌÕÛÖɯ ËÖðÈÚÕńɯ ÕâÙļÚÛɯ ÔÖÏÓɯ ÉńÛɯ

áÈ×ĪąðÐÕùÕɯÚÕąŉÌÕąÔɯÝÖÑÌÕÚÒõɯÈÒÛÐÝÐÛàɯÕÈɯáÒÖÜÔÈÕõÔɯĶáÌÔąȮɯÒËàɯÖÉÕÈŉÌÕõɯÝÖÑÌÕÚÒõɯ×ÓÖÊÏàɯ

áÈðÈÓàɯáÈÙļÚÛÈÛɯÛÙÈÝÕąÔɯ×ÖÙÖÚÛÌÔȭɯ5 ËÈÓįąÊÏɯÓÌÛÌÊÏɯÛàÛÖɯ×ÓÖÊÏàɯ×ÙÖÊÏâáÌÓàɯÕâÚÓÌËÕńÔÐɯÍâáÌÔÐɯ

ÚÜÒÊÌÚÌɯÈɯÉàÓÖɯáÈáÕÈÔÌÕâÕÖɯáÝńįÌÕąɯ×ÖËąÓÜɯÚ×ąįÌɯÒĪÖÝÐÕÕõÏÖɯÚÜÒÊÌÚÕąÏÖɯ×ÖÙÖÚÛÜɯȹĪąËÒõɯ

ÝÌÎÌÛÈÊÌɯÈɯÓÌÚļȺȭɯ5ùÛįąɯ×ÓÖÊÏàɯÛÙÈÝÕąÊÏɯ×ÖÙÖÚÛļɯ5¯ɯÚÌɯÕÈÊÏâáÌÓàɯÕÈɯĶáÌÔąɯÊÝÐðÐįĳɯ/ÈËÙĳɯ

a Kolvín.  

Za nejvíce stabilnąɤÕÌÔùÕÕÖÜɯÛĪąËÜɯÓáÌɯ×ÖÝÈŉÖÝÈÛɯÝÖËÕąɯ×ÓÖÊÏàȭɯ3ĪąËÈɯáÈÚÛÈÝùÕńÊÏɯ×ÓÖÊÏɯ

ÉàÓÈɯÖÝÓÐÝÕùÕÈɯáÌÑÔõÕÈɯÝńÙÈáÕńÔÐɯáÔùÕÈÔÐɯÝÖÑÌÕÚÒńÊÏɯÈÒÛÐÝÐÛɯ×ÖɯÙÖÊÌɯƕƝƝƔȭɯ/ÖÚÛÜ×ÌÔɯðÈÚÜɯ

ÚÌɯÚÛÈÓàɯÔÕÖÏõɯÝÖÑÌÕÚÒõɯÉÜËÖÝàɯÕÌÝàÜŉąÝÈÕõɯÈɯÉàÓàɯáÉÖÜÙâÕàȮɯÕÈ×ĪȭɯÝįÌÊÏÕàɯÖÉÑÌÒÛàɯÕÈɯ

území bývalé pÙÖÛÐÛÈÕÒÖÝõɯÚÛĪÌÓÕÐÊÌɯ/ÈËÙĳɯȹ!ÙËÐÕÎɯƖƔƕƘȺȭɯ9ĪÌÑÔõɯÑÌȮɯŉÌɯáÈÚÛÈÝùÕõɯ×ÓÖÊÏàɯÚÌɯ

áÔÌÕįÖÝÈÓàɯÐɯÕÈɯĶáÌÔąɯÊÝÐðÐįĳɯ)ÐÕÊÌɯÈɯ5ÌÓÊąɯÝ ÚÌÝÌÙÕąɯðâÚÛÐɯ5¯ȭɯ/ÈÛÙÕâɯÉàÓÈɯáÔùÕÈɯĶáÌÔąɯ

ÖÝÓÐÝÕùÕâɯËÌÔÖÓÐÊąɯÝńÊÝÐÒÖÝõÏÖɯáÈĪąáÌÕąɯ%ÌÓÉÈÉÒÈɯÖɯ×ÓÖįÌɯ×ĪÐÉÓÐŉÕùɯƜɯÏÈɯÝ severozápadní 

ðâÚÛÐɯ5¯ɯÕÈɯ×ÖðâÛÒÜɯƖƕȭɯÚÛÖÓÌÛąȭɯ 

"ÌÓÒÖÝâɯ×ĪÌÚÕÖÚÛɯÒÓÈÚÐÍÐÒÈÊąɯ×ÙÖɯÑÌËÕÖÛÓÐÝâɯÖÉËÖÉąɯ×ĪÌËÚÛÈÝÖÝÈÓÈɯÏÖËÕÖÛàɯÒÖÓÌÔɯƝƙɯǔȮɯÊÖŉɯ

ÑÌɯÔÖŉÕÖɯ×ÖÝÈŉÖÝÈÛɯáÈɯÝÌÓÔÐɯÒÝÈÓÐÛÕąɯÝńÚÓÌËÒàȭɯ/ÖÒÜËɯÚÌɯÝįÈÒɯ×ÖËąÝâÔÌɯÕÈɯËÖÚÈŉÌÕÖÜɯ

×ĪÌÚÕÖÚÛɯÑÌËÕÖÛÓÐÝńÊÏɯÛĪąËȮɯÛÈÒɯÑÌɯÕÈɯÔąÚÛùɯáÔąÕÐÛȮɯŉÌɯ×ĪÌÚÕÖÚÛɯÒÓÈÚÐÍÐÒÈÊÌɯÕùÒÛÌÙńÊÏɯÓÈÕËɯÊÖÝÌÙɯ
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HODNOTENIE  METÓD  A DÁT DPZ PRE ĐĻELY 

KLASIFIKÁCIE KRAJINNEJ POKRÝVKY NA 

PRÍKLADE BÝVALÝCH  VOJENSKÝCH  

OBVODOV BRDY A  RALSKO  

Daniel PALUBA, PŚemysl ĠTYCH, Josef LAĠTOVIĻKA 

Evaluation of remote sensing methods and data for land cover classification: case studies of former 
military training areas  Brdy and Ralsko 

Abstract: Taking advantage of Earth Observation data for monitoring land cover has attracted the 
attention of a broad spectrum of researchers and end-users in recent decades. The main reason of 
increased interest in Earth Observation can be found mainly in open data of Landsat and Sentinel 
archive. The main objective of this study is to evaluate the accuracy of the classification algorithms 
Maximum Likelihood (ML) and Support Vector Machine (SVM) using Landsat 8 and Sentinel-2 data 
in the case studies of the former military training areas Brdy and Ralsko, which have undergone a very 
specific land cover development. The study evaluates the land cover in both case studies in 2016 and 
based on the obtained results discussing a usefulness of the selected data and methods. The results of 
the land cover classification achieved satisfactory accuracy ï the overall accuracy was higher than 85%. 
Based on the expectation, the results of accuracy based on SVM algorithm are higher than results 
obtained by ML algorithm. The highest accuracy has reached in the land cover classes of water bodies 
and coniferous forests, on the contrary, the lowest accuracy in built-up areas, sparse vegetation and bare 
soil. 

Keywords: Earth Observation, Support Vector Machine, Maximum Likelihood, Czechia, Sentinel-2, 
Landsat 8 

Úvod 

V s¼ļasnosti m§me k dispoz²cii ġirok¼ ġk§lu klasifikaļnĨch algoritmov, ktor® je moģn® vyuģiŠ k 
hodnoteniu krajinnej pokrĨvky. KlasifikaļnĨ algoritmus sa vol² na z§klade viacerĨch krit®ri², napr. podŎa 
charakteristiky krajinn®ho krytu sk¼man®ho ¼zemia, vstupnĨch d§t, dostupnosti a kvality referenļnĨch d§t 
a sk¼senost² analytika. Jeden z najvyuģ²vanejġ²ch algoritmov je Maximum Likelihood (ML) [1], [15], [20], 
a to najmª vŅaka robustnosti a Ŏahk®mu pr²stupu v takmer kaģdom softvéri na spracovanie obrazu [14]. 
Canaz, Aliefendioĵlu a Tanrēvermiĸ [4] ho pouģili vo svojej ġt¼dii s argumentom, ģe dosahuje najvyġġie 
presnosti spomedzi klasifikátorov. Support Vector Machine (SVM) od zaļiatku 21. storoļia predstavuje 
alternat²vu s lepġou presnosŠou klasifik§cie v porovnan² s dovtedy hojne vyuģ²vanĨmi algoritmami [20]. 
ML sa zaļal vyuģ²vaŠ hlavne na porovnanie s ostatnĨmi algoritmami. Khatami, Mountrakis a Stehman 
[11] vytvorili meta-analĨzu 266 ļl§nkov, v ktorej porovn§vali klasifikaļn® algoritmy a manipul§ciu so 
vstupnĨmi d§tami a zistili, ģe takmer vo vġetkĨch ġt¼di§ch SVM prekonal ostatn® algoritmy. Napriek 
dok§zanej vyġġej presnosti klasifikaļn®ho algoritmu SVM sa Mihai et al. [15] pok¼sili kvantifikovaŠ 
zmenu lesnej pokrĨvky pohoria Iezer v Rumunsku v kontexte intenzifik§cie odlesŔovania na z§klade 
klasifik§cie d§t diaŎkov®ho prieskumu Zeme (DPZ) algoritmom ML. Hlavn§ vĨskumn§ ot§zka smerovala 
k dynamike zmeny lesa v sledovanom obdob² a k vhodnosti vyuģitia d§t s priestorovĨm rozl²ġen²m 30 m. 
Autori dospeli k z§veru, ģe ĂanalĨza detekcie zmeny pri priestorovom rozl²ġen² 30 m vyhovuje 
poģiadavk§m na  mapovanie a hodnoteniu zmien  lesnĨch porastov  na lok§lnej  ¼rovniñ  [15, s. 2173]. 
Rujoiu-Mare et al. [21] s algoritmom ML dosiahli presnosŠ 98,65 %, a to hlavne kvôli 
vhodnému výberu algoritmu pre takmer homogénne územie podkarpatskej oblasti. 
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Existuje veŎkĨ poļet ġt¼di², ktoré sa zaoberajú porovnávaním jednotlivých klasifikaļnĨch algoritmov 
navzájom. Sanchez-Hernandez et al. [22] porovnávali výkon klasifikátorov SVM a ML na príklade 
mapovania ġpecifickĨch stanov²ġŠ pouģit²m d§t Landsat 5 ETM+ v okrese North Norfolk vo VeŎkej 
Brit§nii. Pri pouģit² SVM sa ich vĨsledky zlepġili o takmer 28 percentu§lnych bodov oproti vĨsledkom 
z²skanĨch algoritmom ML. Karan a Samadder [10] zistili, ģe algoritmus SVM m§ o 3 aģ 6 percentu§lnych 
bodov vyġġiu presnosŠ klasifik§cie sn²mok Landsat 5 a Landsat 8, resp. SVM prekonal ML hlavne pri 
rieġen² Šaģkej vĨzvy ï klasifik§cii prvkov, ktor® maj¼ podobn¼ odrazivosŠ. Topaloĵlu, Sertel a Musaoĵlu 
[24] porovn§vali presnosŠ klasifik§cie krajinnej pokrĨvky Istanbulu z d§t Sentinel-2 a Landsat 8 s vyuģit²m 
obidvoch klasifikaļnĨch met·d ï ML a SVM s cieŎom porovnaŠ vĨsledn¼ presnosŠ. Doġli k z§veru, ģe 
klasifik§cia algoritmom SVM je presnejġia pre d§ta Landsat i Sentinel, vyġġiu presnosŠ dosiahli 
klasifikácie na dátach Sentinel-2. To sa d§ vysvetliŠ aj tĨm, ģe sledovan® ¼zemia mali heterog®nnejġie 
d§ta, ktor® SVM lepġie spracúva. 

HlavnĨm cieŎom naġej ġt¼die je porovnaŠ presnosŠ v s¼ļasnosti najzn§mejġ²ch klasifikaļnĨch 
algoritmov (ML a SVM) na dvoch typoch vstupných dát (Landsat 8 a Sentinel-2) s rozliļnĨm spektr§lnym 
a priestorovĨm rozl²ġen²m na ¼zemiach zaniknutĨch vojenskĨch obvodov (VO) Brdy a Ralsko. 
Predpokladalo sa, ģe algoritmus SVM a z§roveŔ klasifik§cie sn²mok Sentinel-2 bud¼ maŠ vyġġiu presnosŠ 
neģ algoritmus ML, resp. d§ta z Landsat 8. S novou ponukou d§t misie Sentinel a dynamickým rozvojom 
klasifikaļnĨch met·d ide o t®mu vysoko relevantn¼, keŅģe ukazuje na siln® a slab® str§nky pouģ²vanĨch 
dát Sentinel-2 a Landsat 8 a vz§jomne hodnot² dosiahnut® presnosti ļasto pouģ²vanĨch klasifikátorov. 

1. Teoretický rámec 

Predpokladom ¼speġnej klasifik§cie krajinnej pokrĨvky pomocou d§t DPZ je vhodnĨ n§vrh proced¼r 
spracovania satelitnej  snímky  [14].  Proces  klasifikácie  je  komplexný  mechanizmus, v ktorom sa majú 
braŠ do ¼vahy viacer® faktory od vĨberu d§t na klasifik§ciu, referenļnĨch d§t, predspracovania obrazu, 
stanovenia klasifikaļnĨch tried, identifik§cie a vyznaļenia tr®novac²ch pl¹ch, vĨberu vhodn®ho 
klasifikaļn®ho algoritmu aģ po post-klasifikaļn® ¼pravy a hodnotenie spr§vnosti, resp. presnosti 
klasifikácie [11]. 

1.1 Vstupné dáta pre klasifikáciu 

JednĨm z najd¹leģitejġ²ch krokov klasifik§cie d§t DPZ je vhodnĨ vĨber vstupnĨch d§t. VĨber je 
ovplyvnenĨ r¹znymi faktormi, ktorĨmi s¼ napr. potreby pouģ²vateŎa, mierka a charakteristika sk¼man®ho 
územia, dostupnosŠ rozliļnĨch snímok a ich charakteristika, ļasov® a finanļn® náklady s nimi spojené a 
pracovn® sk¼senosti analytika s vybranĨm typom sn²mky. Za najd¹leģitejġie sa povaģuj¼ rozl²ġenie sn²mky 
(GSD ï efekt²vne rozl²ġenie na zemskom povrchu) a potreby pouģ²vateŎa [14]. Pri vĨbere typu d§t pre 
urļit® aplik§cie treba dbaŠ aj na charakteristiku vstupnĨch d§t.   V naġom prípade to bola aj ich voŎn§ 
dostupnosŠ, preto sme vybrali dáta Sentinel-2 a Landsat 8. 

1.2 Trénovacie plochy 

ńalġ²m nevyhnutnĨm krokom kontrolovanej klasifikácie je vytvorenie trénovacích plôch [10]. 
Tr®novacie d§ta sa najļastejġie zbieraj¼ z pozemnĨch meran² alebo sa vyznaļuj¼ nad vrstvou leteckĨch 
alebo druģicovĨch sn²mok s vysokĨm rozl²ġen²m alebo pomocou inĨch referenļnĨch d§t (napr. [15], [18]). 
Probl®mom m¹ģu byŠ napr. nevyv§ģen® tr®novacie d§ta, keŅ poļet tr®novac²ch pl¹ch (alebo pixelov) 
urļitej klasifikaļnej triedy je menġ² alebo vªļġ² neģ v ostatnĨch triedach. Klasifikovanie takĨchto d§t m¹ģe 
byŠ problematick® pre niektor® klasifikaļn® algoritmy z hŎadiska vĨslednej presnosti [28]. 

1.3 Opis pouģitĨch klasifikaļnĨch algoritmov 

Maximum Likelihood je dobre zn§my algoritmus kontrolovanej klasifik§cie. Poļ²ta pravdepodobnosti, 
s ktorou sa d§ danĨ pixel zaradiŠ do urļitej triedy krajinnej pokrývky a následne ho priradí k triede s 
najvyġġou hodnotou, resp. neprirad² k ģiadnej, keŅ hodnota pravdepodobnosti je niģġia ako vopred 
stanovený prah (threshold) [1]. ML je závislý na pravdepodobnosti rozdelenia tried prvkov. Výhodou je, 
ģe zohŎadŔuje variaļnĨ koeficient v rozdeleniach tried a pre norm§lne rozdelenie m§ ML niekedy lepġie 
vĨsledky neģ ostatn® parametrick® klasifik§tory (napr. [21]). Pre d§ta, ktor® nemaj¼ norm§lne rozdelenie, 
m¹ģe produkovaŠ neuspokojiv® vĨsledky. 
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Support Vector Machine je neparametrickĨ kontrolovanĨ klasifik§tor s cieŎom n§jsŠ nadrovinu 
(hyperplane), ktor§ priestor pr²znakov optim§lne rozdel² tak, ģe tr®novacie plochy patriace do odliġnĨch 
tried leģia v opaļnĨch polpriestoroch [5]. VĨznamnou pr§cou aplikujúcou metódu SVM pri klasifikácii 
d§t DPZ je Pal a Mather [20]. Mountrakis, Im a Ogole [17] sa zamerali na s¼ļasn® ġt¼die publikovan® v 8 
hlavnĨch ļasopisoch o problematike DPZ (spolu 108 ġt¼di²) zaoberaj¼ce sa implement§ciou algoritmu 
SVM. Zistili, ģe SVM, na rozdiel od ML, nie je senzit²vny na veŎkosŠ tr®novac²ch pl¹ch a potvrdilo sa, ģe 
SVM pracuje dobre aj s tr®novac²mi plochami s limitovanou kvalitou i kvantitou, avġak na druhej strane 
treba vhodne nastaviŠ parametre klasifikátora. 

1.4 Hodnotenie presnosti 

PoslednĨm d¹leģitĨm krokom klasifikaļn®ho procesu je hodnotenie vĨsledkov klasifik§cie. Na 
hodnotenie presnosti klasifik§cie sa najbeģnejġie pouģ²va met·da priestorov®ho porovnania vĨslednej 
klasifik§cie, ktor§ d§ta s niģġ²m priestorovĨm rozl²ġen²m porovn§va s d§tami s vyġġ²m priestorovĨm 
rozl²ġen²m. CieŎom je kvantifikovaŠ celkov¼ presnosŠ z²skan®ho vĨsledku a aj presnosŠ kaģdej 
klasifikaļnej triedy. Existuje veŎk® mnoģstvo met·d a techn²k na hodnotenie presnosti klasifik§cie, 
najrozġ²renejġie s¼: chybov® matice, vĨpoļet celkovej presnosti a kappa indexu (napr. [1], [8], [15], [18], 
[19], [21], [24]). 

2. Záujmové územia 

Z§ujmov® ¼zemia v tejto ġt¼dii tvorili zaniknut® VO Brdy a Ralsko. BĨvalĨ VO Brdy sa nach§dzal v 
juhoz§padnej ļasti Ļeskej republiky (ĻR), konkr®tne na hranici PlzeŔsk®ho kraja a StŚedoļesk®ho kraja 
(obr. 1) s celkovou vĨmerou 26 009 ha. Z nej sa pre vojensk® ¼ļely vyuģ²valo len 3 217 ha v tzv. vojenskom 
výcvikom priestore (VVP) Jince. Ostatné plochy boli hospodársky vyuģ²van® VojenskĨmi lesy a statky 
(VLS) ĻR [16]. VO Brdy bol zriadenĨ v roku 1949 a zanikol 
1. janu§ra 2016. Na celej ploche VO vznikla Chr§nen§ krajinn§ oblasŠ Brdy. ĻasŠ VO sa bude na- 
Ņalej vyuģ²vaŠ pre vĨcvik ï vzniklo pos§dkov® cviļisko Jince s rozlohou 560 ha [16]. 

VO Ralsko sa nach§dzal v severovĨchodnej ļasti ĻR, konkr®tne na hranici StŚedoļesk®ho kraja a 
Libereck®ho kraja (obr. 1). Z celkovej vĨmery 24 942 ha bolo na vojenskĨ vĨcvik vo VVP MimoŔ 
urļenĨch 5 522 ha, teda vyġe 22 % plochy [23]. Na vªļġine vojensky nevyuģitĨch pozemkoch VO Ralsko 
p¹sobili, a aj v s¼ļasnosti p¹sobia, VLS ĻR. VVP MimoŔ vznikol v roku 1950   a v roku 1991 bol zruġenĨ. 

3. Pouģit® d§ta a metodika 

3.1 Satelitné snímky 

Na spracovanie klasifikácie krajinnej pokrývky v záujmovĨch ¼zemiach maj¼ voŎne dostupn® satelitn® 
sn²mky druģicovĨch misi² Landsat a Sentinel vyhovuj¼ce tempor§lne a priestorov® rozl²ġenie. Sn²mky 
misie Landsat, poskytované US Geological Survey (USGS), sme získali z portálu EarthExplorer a dáta 
Sentinel, poskytované European Space Agency (ESA), z portálu Copernicus Open Access Hub. Pre 
z§ujmov®  ¼zemia boli vybran® bezoblaļn® sn²mky z druģ²c Sentinel-2 a Landsat 8 snímané v rovnaký 
deŔ, 27. 8. 2016. 

Landsat 8 
Z misie Landsat sme vyuģili sn²mky senzoru Landsat 8 OLI/TIRS, a to dáta typu Level-2 SR (Surface 

Reflectance), ktor® s¼ uģ pripraven® na pouģitie, napr. na monitorovanie krajinnej pokrĨvky. Ide o d§ta s 
blízkym odhadom spektrálnej odrazivosti zemského povrchu (Bottom of Atmosphere ï BOA), akoby 
snímané priamo nad zemským povrchom s absenciou atmosférického rozptylu alebo absorpcie, aj 
odstr§nen²m ruġivĨch vplyvov osvetlenia a geometrie [26]. Multispektr§lne d§ta Landsat 8 s¼ sn²man® v 
11 spektrálnych pásmach senzormi Operational Land Imager (OLI) a Thermal Infrared Senzor (TIRS) s 
priestorovĨm rozl²ġen²m 30 a 100 m (tab. 1). D§tov§ sada Level-2 SR obsahuje len 7 p§siem. Za 1 deŔ 
sn²ma Landsat 8 vyġe 400 sn²mok so ġ²rkou sc®ny 185 km, tempor§lne rozl²ġenie je 16 dn² a r§diometrick® 
12 bitov [13]. 
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Obr. 1 Poloha z§ujmovĨch ¼zem² v r§mci ĻR 
(d§tov® zdroje: ArcĻR 500 3.2, ArcĻR 500 3.3, WMS Ortofoto ĻĐZK, 2018) 

 

Sentinel-2 
Na základe ESA [7] je Sentinel-2 ġirokop§smov§, multispektr§lna sn²mkovacia misia s vysokĨm 

rozl²ġen²m podporuj¼ca Copernicus Land Monitoring aplik§cie, zahrŔuje monitorovanie veget§cie, 
pôdneho krytu, vodných plôch a tokov. Od roku 2017 v misii Sentinel-2 pracuj¼ s¼ļasne 2 identick® 
satelity posunut® o 180Á, umiestnen® na pol§rnej, slneļne-synchr·nnej obeģnej dr§he vo vĨġke 786 km, 
kv¹li ļomu sa tempor§lne rozl²ġenie d§t zn²ģilo z 10 na 5 dn². Sn²mky s¼ sn²man®  v 13 spektr§lnych 
p§smach, z toho 4 maj¼ 10 metrov® priestorov® rozl²ġenie, 6 p§siem s 20 metrovĨm a 3 p§sma so 60 
metrovĨm rozl²ġen²m (tab. 1). Ġ²rka jedn®ho p§sma predstavuje 290 km. R§diometrick® rozl²ġenie maj¼ 
rovnaké ako Landsat 8 dáta ï 12 bitové. Z portálu Copernicus Open Access Hub boli získané snímky 
Sentinel-2 vo form§te Level 1C TOA (Top of atmosphere), ktor® bolo treba n§sledne upraviŠ na formát 
Level 2A SR na porovnanie so snímkami Landsat 8. 

3.2 Referenļn® d§ta 

Na identifik§ciu tr®novac²ch pl¹ch a n§sledn¼ kontrolu spr§vnosti klasifik§cie sme pouģili leteck® 
sn²mky. Konkr®tne ortofotomapa od spoloļnosti TopGIS poskytnut§ na vyģiadanie vo forme sluģby WMS. 
Jej priestorov® rozl²ġenie bolo 12,5 cm, zdrojov® sn²mky pre z§padn¼ ļasŠ ĻR boli sn²man® v roku 2016, 
konkrétne medzi 28. a 31. augustom v oblasti VO Brdy (rozdiel medzi satelitnými snímkami a 
ortofotomapou maximálne 4 dni) a v oblasti VO Ralsko 24. j¼na (rozdiel pribliģne 2 mesiace) a mal§ ļasŠ 
31. augusta [25]. 

Pri identifikácii trénovacích plôch a následne aj kontrole presnosti klasifikácie v oblasti VO Ralsko a 
rozhodovaní sa medzi ornou pôdou a trvalým trávnym porastom vo funkcii podpornĨch referenļnĨch d§t 
sme zvolili VeŚejnĨ registr pŢdy LPIS, ktor®ho online datab§za obsahuje nielen s¼ļasnĨ stav a 
charakteristiku jednotlivĨch hospod§rsky vyuģ²vanĨch p¹d, ale aj d§ta z predoġlĨch registrovanĨch 
období. 
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Tab. 1 Porovnanie spektrálnych pásiem dát Sentinel-2 a Landsat 8 

Spektrálne 
pásmo  

Rozsah vlnovej  
dŌģky (Õm) 

Priestorové  
rozl²ġenie 

(m) 

 

Spektrálne pásmo  
Rozsah 

vlnovej dŌģky 
(µm) 

Priestorové 
rozl²ġenie 

(m) 

Sentinel -2 Landsat 8  

1 ï Coastal 
/Aerosol 0,43ï0,46 60 1 Coastal/Aerosol  0,43ï0,45 30 

2 ï Blue  0,44ï0,54 10 2 Blue  0,45ï0,51 30 

3 ï Green 0,54ï0,58 10 3 Green 0,53ï0,59 30 

4 ï Red 0,65ï0,68 10 4 Red 0,64ï0,67 30 

5 ï NIR 2 0,69ï0,71 20 - - - 

6 ï NIR 3 0,73ï0,75 20 - - - 

7 ï NIR 4 0,77ï0,80 20 - - - 

8 ï NIR 1) 0,77ï0,91 10 - - - 
8a ï NIR 5 0,85ï0,88 20 5 Near Infrared (NIR)  0,85ï0,88 30 

9 ï Water vapour 0,93ï0,96 60 - - - 
10 ï Cirrus 1,34ï1,41 60 9 Cirrus 1,36ï1,38 30 

11 ï SWIR 1 1,54ï1,68 20 6 SWIR 1 1,57ï1,65 30 

12 ï SWIR 2 2,08ï2,32 20 7 SWIR 2 2,11ï2,29 30 

- - - 8 Panchromatic 0,50ï0,68 15 

- - - 10 Thermal Infrared (TIRS) 1 10,60ï
11,19 

100 

- - - 11 Thermal Infrared (TIRS) 2 11,50ï12,51 100 

Zdroje dát: [6], [12], [27], * spektr§lne p§sma pouģit® v klasifikácii 

 
3.3 Metodika práce 

Metodiku pr§ce ilustruje obr. 2. Zaļala z²skan²m potrebnĨch satelitnĨch sn²mok z port§lov Earth 
Explorer a Copernicus Open Access Hub, ortofotmapy TopGIS a hraníc bývalých VO. Nasledovalo 
predspracovanie satelitných snímok v softvéroch ENVI a SNAP, atmosférické korekcie dát Sentinel-2 
pomocou n§stroja Sen2Cor, ļ²m sme z²skali d§ta Sentinel-2 Level 2A BOA, prevzorkovali sme dáta  s 10  
metrovĨm priestorovĨm rozl²ġen²m,  vybrali vhodn® spektr§lne p§sma (tab. 1) a sn²mky orezali hranicami 
sk¼manĨch ¼zem². Pred samotnĨm procesom klasifik§cie bolo treba stanoviŠ,  ktor®  triedy  krajinnej  
pokrývky  chceme  z²skaŠ  klasifik§ciou.  Triedy  sme  prevzali  z nomenklat¼ry CORINE Land Cover na 
tretej hierarchickej úrovni [3], nápomocná bola aj nomenklatúra EAGLE [2]. Následne sme vytvorili 
modifikovan¼ legendu, kde sme brali do ¼vahy netradiļn®, ale pre naġu analýzu relevantné triedy, napr. 
sukces²vne porasty. Vybrali sme 8 tried (tab. 2): vodn® plochy, listnat® lesy, ihliļnat® lesy, zastavan® 
plochy, trávnatý porast, riedku vegetáciu, plochy bez vegetácie a ornú pôdu (len v prípade VO Ralsko). Po 
stanovení vhodnĨch tried sme tr®novacie plochy identifikovali a n§sledne vyznaļili nad vrstvou satelitnĨch 
sn²mok, tieģ pomocou z²skanĨch ortofotom§p. Pri vyznaļovan² sme dbali na to, aby jednotliv® tr®novacie 
plochy nezasahovali do okolitých pixelov, teda obsahovali len pixely jednej triedy. Minim§lnu veŎkosŠ 
sme stanovili na 5 pixelov (pre Landsat 8 d§ta) so snahou zachovaŠ vyv§ģenosŠ tr®novac²ch pl¹ch (cca 
220 pixelov/trieda pre Landsat 8 a 1 400 pixelov/trieda pre Sentinel-2) s tĨm, ģe museli byŠ rovnak® pre 
Landsat 8 i Sentinel-2 d§ta. Tr®novacie plochy mohli vstupovaŠ do klasifik§cie aģ po ġtatistickej valid§cii, 
teda kontrole norm§lneho rozdelenia pre jednotliv® triedy a testovan² oddeliteŎnosti tried na z§klade 
metódy Jeffries-Matusita vzdialenosti a transformovaných divergencií (JM). Po kontrole vhodnosti 
trénovacích plôch sme klasifikovali krajinnú pokrývku pomocou algoritmov ML a SVM  v softvéri ENVI 
5.1 a post-klasifikaļnĨmi ¼pravami v softv®ri ArcMap. V post-klasifikaļnĨch ¼prav§ch sme agregovali 
vġetky klasifikovan® plochy menġie ako 0,25 ha, resp. 0,5 ha (minim§lna mapovacia jednotka) pre d§ta 
Sentinel-2, resp. Landsat 8. V algoritme SVM sme pouģili polynomick® jadro 6. stupŔa s hodnotami 0,125 
pre parameter C a 100 pre ɔ. Aby sa dali vĨsledky klasifik§cie porovnaŠ, bola potreba vyhodnotiŠ jej 
presnosŠ. Vytvorili sme preto chybov® matice, vypoļ²tali celkov¼, pouģ²vateŎsk¼ a spracovateŎsk¼ 
presnosŠ, Kappa koeficient s n§slednĨm vypoļ²tan²m podielov pl¹ch jednotlivĨch tried krajinnej pokrývky. 
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Obr. 2 Metodika práce 

 

Tab. 2 Charakteristika klasifikaļnĨch tried 

Klasifikaļn® 
triedy  

CLC/EAGLE  
ekvivalent  

Opis 
triedy  

vodné plochy 5.2.1. vodné plochy jazer§ a vodn® n§drģe vo vn¼trozem² 

listnaté lesy 3.1.1. listnaté lesy ¼zemia aspoŔ s 30% pokryt²m korunami listnatých lesov* 

ihliļnat® lesy   3.1.2. ihliļnat® lesy ¼zemia aspoŔ s 30% pokryt²m korunami ihliļnatĨch lesov* 

zastavané 
plochy 

1.1.1. súvislá zástavba 

1.1.2. nesúvislá zástavba 

1.2.4. areály letísk 

súvislý a nesúvislý typ zástavby, z dopravnej infraġtrukt¼ry to 
boli len areály letísk 

trávnaté porasty 2.3.1. lúky a pasienky 
3.2.1. prirodzené lúky 

oblasti hustého pokrytia trávnatým porastom, ktoré sú 
poŎnohospod§rsky vyuģ²van® na kosenie a pastvu dobytka 
alebo areály prirodzených trávnych porastov s rozptýlenými 
kríkmi 

orná pôda 2.1.1. nezavlaģovan§ 
orná pôda 

vġetky poŎnohospod§rske p¹dy, na ktorĨch sa pestovali 
obilniny, strukoviny, priemyslové plodiny, okopaniny a krmivá 

riedka vegetácia 3.2.2. vresoviská a slatiny 
3.2.4. prechodné lesokroviny 
3.3.3. areály s riedkou 

vegetáciou 

sukcesívna vegetácia prítomná v miestach prechodu novo 
vznikajúceho lesa z trávnatého porastu, hlavne v miestach 
nevyuģ²vanĨch vojenskĨch priestorov, v oblastiach 
vyŠaģen®ho lesa a na miestach významných vresovísk a 
krovísk na územiach bývalých dopadových plôch; do tejto 
triedy spadaj¼ aj plochy lesnĨch ġk¹lok a mladĨch porastov 
charakteristické riedkym zastúpením drevín resp. výskytom 
drev²n n²zkej vĨġky 

bez vegetácie **EAGLE: 1.2.4. holé pôdy dopadové plochy a plochy strelníc pokryté holou pôdou bez 
veget§cie (zast¼penie veget§cie niģġie ako 10 %), resp. 
miesta po Šaģbe stromov 

Zdroj: [2] a [3], * v pr²pade zmieġanĨch lesov sa o zaraden² do urļitej triedy rozhodovalo na z§klade prevaģuj¼ceho 

zastúpenia dreviny, ** trieda odpovedá triede 1.2.4 holé pôdy z nomenklatúry EAGLE  
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4. Výsledky 

Vġetky klasifik§cie krajinnej pokrĨvky dosiahli celkov¼ presnosŠ vyġġiu ako 85 %, ļo sa d§ povaģovaŠ 
za veŎmi dobrĨ výsledok (tab. 3). Na základe predpokladov a v úvode spomenutých výskumov sa 
oļak§vala vyġġia presnosŠ klasifik§cie algoritmom SVM oproti ML. Tento predpoklad sa naplnil, keŅģe 
vo VO Ralsko sme algoritmom SVM dosiahli vyġġie presnosti oproti ML  (o 5,25 percentuálneho bodu 
pre d§ta Landsat 8, pri pouģit² d§t Sentinel-2 o 0,5 percentu§lneho bodu). Pri pouģit² dvoch typov d§t s 
rozliļnĨm spektr§lnym a priestorovĨm rozl²ġen²m sme predpokladali  vyġġie  presnosti  klasifik§cie  pri  
dátach  Sentinel-2  s  vyġġ²m  priestorovĨm  (10  m)  a spektr§lnym (9 vstupnĨch p§siem) rozl²ġen²m oproti 
dátam Landsat 8 (30 m a 6 pásiem). Zistili sme, ģe pouģit²m rozliļnĨch vstupných dát a z§roveŔ rovnakého 
algoritmu sa výsledky klasifikácie na území VO Brdy menia len nevýznamne. Naopak, na území VO 
Ralsko pri pouģit² algoritmu SVM nad oboma typmi d§t sa prejavil vĨznamnĨ rozdiel (o 3,75 
percentu§lneho bodu v prospech d§t Landsat 8), teda sa n§ġ predpoklad nepotvrdil. Aj keŅ celkov® 
presnosti dosiahnuté v klasifikáciách s¼ dostatoļne vysok®, pri sk¼man² presnost² jednotlivĨch 
klasifikaļnĨch tried treba poznamenaŠ, ģe niektor® triedy dosahuj¼ niģġiu presnosŠ. 
 

Tab. 3 PresnosŠ klasifik§cie v % nad d§tami Landsat 8 a Sentinel-2 algoritmami ML a SVM na 

územiach VO Brdy a Ralsko 
 

Územie 

Vstupné dáta a algoritmy  

Landsat 8  Sentinel -2 

ML SVM ML SVM 

VO Brdy 88,86 92,57 88,29 93,43 

VO Ralsko 86,00 91,25 87,00 87,50 

 
Pri hodnotení výsledkov porovnaním jednotlivých tried krajinnej pokrývky sa na území VO Ralsko 

prejavili podobnosti vĨsledkov pouģit²m rovnak®ho algoritmu (ML aj SVM) nad oboma typmi d§t, a to v 
celkovej presnosti (tab. 3), pouģ²vateŎskĨch presnostiach (pr²loha 1 aģ 4), aj v percentu§lnych zast¼peniach 
jednotlivých tried krajinnej pokrývky (tab. 4). 

 

Tab. 4 Podiel jednotlivých tried krajinnej pokrývky v %  

 
Trieda krajinnej 

pokrývky  

VO Brdy  VO Ralsko  

Landsat 8  Sentinel -2 Landsat 8  Sentinel -2 

ML SVM ML SVM ML SVM ML SVM 

vodné plochy 0,62 0,62 0,52 0,61 0,19 0,18 0,16 0,16 

listnaté lesy 9,15 14,99 20,18 20,90 12,76 9,34 13,60 9,72 

ihliļnat® lesy 69,76 69,67 62,93 64,10 64,32 69,92 64,23 71,02 

zastavané plochy 0,20 0,08 0,44 0,07 2,91 1,55 3,32 1,83 

trávnatý porast 2,64 2,51 2,58 2,56 8,70 8,42 8,59 8,98 

orná pôda - - - - 0,71 0,94 0,73 0,93 

riedka vegetácia 13,13 10,30 9,48 9,51 4,84 7,93 4,70 5,92 

bez vegetácie 4,50 1,83 3,87 2,25 5,57 1,71 4,67 1,44 

 
V pouģ²vateŎskĨch presnostiach pouģit²m algoritmu ML bol rozdiel maxim§lne 4 percentu§lne body, 

(len v pr²pade listnatĨch lesov 6 percentu§lnych bodov). PodobnosŠ je zrejm§ aj z vizu§lneho vĨstupu 
klasifikácie krajinnej pokrývky (obr. 3), konkrétne v oblastiach listnatých lesov HradļanskĨch buļ²n a 
HradļanskĨch stŊn v z§padnej ļasti VO, v okol² vrchov Velk§ Bukov§ a Mal§ Bukov§ pribliģne v strede 
VO a v oblasti bĨvalej Šaģby ur§nu, na juh od obce Str§ģ pod Ralskem, v severoz§padnej ļasti VO. BadaŠ 
aj niģġie zast¼penie pl¹ch bez veget§cie vytvorenĨch algoritmom ML v oblasti bĨval®ho vojensk®ho 
cviļiska Ģidlov a z§roveŔ vyġġie zast¼penie pl¹ch bez veget§cie nerovnomerne rozmiestnen® po celom 
¼zem² VO. Len klasifik§cia vodnĨch pl¹ch m§ veŎmi podobn® vĨsledky s pouģit²m rovnakĨch d§t a 
rozliļnĨch algoritmov. 
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Obr. 3 Výstupy klasifikácie krajinnej pokrývky VO Ralsko v roku 2016 zo snímok Landsat 8 a Sentinel-2 algoritmami 
Maximum Likelihood a Support Vector Machine 

 

Na území VO Brdy sa tak vĨraznĨ trend podobnosti neprejavil, avġak podobnosti s¼ aj v tomto pr²pade, 
napr. pouģit²m jedn®ho typu d§t s¼ veŎmi podobn® podiely pl¹ch listnatĨch a ihliļnatĨch lesov (tab. 3 a 4, 
pr²loha 5 aģ 8). Konkr®tne ide o listnat® lesy klasifikovan® z d§t Sentinel-2, ktoré pri metóde ML i SVM 
dosiahli hodnoty podielu rozlohy v rozmedzí 20 ï 21 % a ihliļnatĨch lesov z d§t Landsat 8 ï 70 %, resp. 
Sentinel-2 ï 63 aģ 64 % (tab. 4). Podiel listnatĨch lesov (d§ta 
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Landsat 8) je niģġ² hlavne kv¹li niģġiemu priestorov®mu rozl²ġeniu d§t, ktor® ovplyvnilo klasifik§ciu 
malĨch pl¹ch listnatĨch lesov, resp. boli agregovan® pre nesplnenie podmienky najmenġej mapovacej 
jednotky. T§to skutoļnosŠ je oļividn§ na celom ¼zem² VO Brdy (obr. 3). Je viditeŎn® aj takmer rovnaké 
priestorov® rozloģenie pl¹ch bez veget§cie z klasifik§ci² d§t Sentinel-2. BadateŎn® je vyġġie zast¼penie 
zastavanĨch pl¹ch a pl¹ch bez veget§cie pri pouģit² algoritmu ML v porovnan² s algoritmom SVM. 

4. Diskusia a záver 

V naġej ġt¼dii bolo cieŎom porovnaŠ vĨsledn® presnosti klasifik§cie krajinnej pokrĨvky vytvoren® 
klasifikaļnĨmi algoritmami SVM a ML s vyuģit²m voŎne dostupnĨch satelitnĨch sn²mok Landsat 8 a 
Sentinel-2. Zhodnotili a charakterizovali sme jednotlivé kroky procesu klasifikácie     a posúdili jednotlivé  
faktory ovplyvŔuj¼ce spr§vny  vĨber  a pouģitie zvolenĨch  met·d. JednĨm  z najd¹leģitejġ²ch krokov 
klasifik§cie krajinnej pokrĨvky je vhodn§ identifik§cia a vyznaļenie tr®novac²ch pl¹ch pre klasifik§ciu. 
Po ich vyznaļen² sa musia ġtatisticky vyhodnotiŠ oddeliteŎnosti jednotlivĨch tried, podŎa n§s 
najvhodnejġie met·dou JM. Jej spojenie s analĨzami priemernĨch hodn¹t spektr§lnych odrazivost² tried a 
ich smerodajných odchýlok v jednotlivých spektrálnych pásmach poskytuje takmer komplexný pohŎad na 
nami vyznaļen® tr®novacie plochy a na ich moģn® spr§vanie sa v procese klasifikácie. 

Výsledky klasifikácií krajinnej pokrývky boli relatívne uspokojivé ï celkov® presnosti boli vyġġie neģ 
85 %. PodŎa predpokladu algoritmus SVM celkovou presnosŠou prekonal algoritmus ML vo vġetkĨch 
klasifik§ci§ch. Predpoklad o vyġġej presnosti klasifik§ci² z d§t Sentinel-2 s vyġġ²m priestorovĨm a 
spektr§lnym rozl²ġen²m oproti d§tam Landsat 8 sa naplnil len ļiastoļne. Na detailnejġiu analĨzu vĨsledkov 
je d¹leģit® braŠ do ¼vahy aj presnosti jednotlivĨch tried krajinnej pokrĨvky a ich priestorov® rozloģenie. 

Porovnávaním podielu plôch jednotlivých tried krajinnej pokrývky na celom území VO sme zistili tieto 
fakty. Na ¼zem² VO Ralsko pouģit²m rovnak®ho algoritmu nad r¹znymi dátami sa objavili podobnosti 
vĨsledkov nielen v celkovej a pouģ²vateŎskej presnosti jednotlivĨch tried, ale aj  v percentu§lnych 
zast¼peniach tried krajinnej pokrĨvky. Niektor® podiely pl¹ch boli veŎmi podobn®. T§to podobnosŠ je 
zrejm§ nielen z tabuŎkovĨch hodn¹t, ale aj priestorov®ho rozloģenia pl¹ch zn§zornen® na vĨstupoch 
klasifik§cie krajinnej pokrĨvky. Na ¼zem² VO Brdy sa tento trend neobjavil, avġak sa vyskytli podobnosti 
na z§klade pouģitĨch satelitnĨch sn²mok, napr. v podieloch ihliļnatĨch a listnatĨch lesov pouģit²m 
rozliļnĨch algoritmov nad tou istou sn²mkou. Z porovn§vania je zrejm® aj to, ģe kv¹li niģġiemu 
priestorov®mu, a zrejme aj spektr§lnemu rozl²ġeniu d§t Landsat 8, sa na ¼zem² VO Brdy klasifikoval menġ² 
podiel listnatého lesa v porovnaní s dátami Sentinel-2. Na odhalenie bliģġ²ch s¼vislost² s¼ potrebn® Ņalġie 
vĨskumy v oblastiach zaniknutĨch i s¼ļasnĨch VO spoloļnou aplik§ciou d§t Sentinel-2 a Landsat 8. 
Celkovo presnejġie vĨsledky dosiahnut® vo VO Brdy moģno prip²saŠ homog®nnejġiemu ¼zemiu s niģġ²m 
z§sahom Ŏudskej ļinnosti, bez ornĨch p¹d, vĨrazne menġ²m podielom zastavanĨch pl¹ch (bez ¼zemia so 
solárnymi panelmi) a viac jednotvárnymi lesnými plochami oproti VO Ralsko. 

Na základe dosiahnutých výsledkov sa klasifikátor SVM javí lepġ²m a presnejġ²m, ale na z²skanie eġte 
presnejġ²ch vĨsledkov s¼ treba merania in-situ pre detailn® zameranie konkr®tnych typov pl¹ch, keŅģe 
neboli dostaļuj¼ce ani farebn® ortofotosn²mky. Opakovan® tr®novanie a oprava tr®novac²ch pl¹ch, ktor® 
vedú k ich eġte lepġej oddeliteŎnosti, m¹ģu byŠ Ņalġ²m kŎ¼ļom k dosiahnutiu vyġġej presnosti. V odbornej 
literatúre sa pre SVM zd¹razŔuje vhodné nastavenie parametrov vstupujúcich do klasifikácie, preto je 
d¹leģit® aj testovanie r¹znych nastaven². Pr§ve k tomuto testovaniu dát Sentinel-2 s rôznym 
prevzorkovaním alebo výberom iných spektrálnych pásiem by mohol smerovaŠ Ņalġ² výskum. 

Autori Ņakuj¼ Grantov® agentuŚe Univerzity Karlovy, konkr®tne projektu ĂHodnocen² vlivu 
disturbancí na lesní ekosystémy v Ļesku a na Slovensku pomocí metod DPZñ (ID 512217), v rámci ktorého 
bol tento vĨskum realizovanĨ, spoloļnosti TopGis, s.r.o. z  poskytnutie sluģb WMS a Krajskému ¼Śadu 
Libereckého kraje za poskytnutie hraníc bývalého vojenského obvodu Ralsko. 

  



6 HodnotenÐÌɯÔÌÛĞËɯÈɯËâÛɯ#/9ɯ×ÙÌɯĶðÌÓàɯÒÓÈÚÐÍÐÒâÊÐÌɯÒÙÈÑÐÕÕÌÑɯ×ÖÒÙńÝÒàɯÕÈɯ×ÙąÒÓÈËÌɯÉńÝÈÓńÊÏɯÝÖÑÌÕÚÒńÊÏɯ

obvodov Brdy a Ralsko 

 55 

le
s
y
 

p
lo

c
h
y
 

p
o
ra

s
t 

v
e
g
e
tá

c
ia

 

 

 

 

 

Prílohy 1ï8 Chybové matice výsledku klasifikácií Príloha 1: 

Landsat 8 s algoritmom ML vo VO Brdy 

 

 
Trieda krajinnej pokrývky  
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(v
 %

) 

vodné plochy 50 0 0 0 0 0 0 50 100 

listnaté lesy 0 44 4 0 0 2 0 50 88 

ihliļnat® lesy 0 0 50 0 0 0 0 50 100 

zastavané plochy 3 1 3 38 0 0 5 50 76 

trávnatý porast 0 1 0 0 45 4 0 50 90 

riedka vegetácia 1 6 2 0 1 40 0 50 80 

bez vegetácie 0 0 0 4 1 1 44 50 88 

celkom 54 52 59 42 47 47 49 350 
 

PresnosŠ spracovateŎa (v %) 93 85 85 90 96 85 90 
 

*88,86 

Kappa koeficient 0.87 

*celkov§ presnosŠ 

 
Príloha 2: Landsat 8 s algoritmom SVM vo VO Brdy 

 

 

 
Trieda krajinnej pokrývky  
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vodné plochy 50 0 0 0 0 0 0 50 100 

listnaté lesy 0 44 3 0 0 3 0 50 88 

ihliļnat® lesy 0 4 46 0 0 0 0 50 92 

zastavané plochy 0 0 0 46 0 0 4 50 92 

trávnatý porast 0 0 0 0 48 2 0 50 96 

riedka vegetácia 0 2 2 0 2 44 0 50 88 

bez vegetácie 0 0 3 1 0 0 46 50 92 

celkom 50 50 54 47 50 49 50 350 
 

PresnosŠ spracovateŎa (v %) 100 88 85 98 96 90 92 
 

92,57 

Kappa koeficient 0.913 
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Príloha 3: Sentinel-2 s algoritmom ML vo VO Brdy 
 

 

 
Trieda krajinnej pokrývky  
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(v
 %

) 

vodné plochy 50 0 0 0 0 0 0 50 100 

listnaté lesy 0 44 4 0 0 2 0 50 88 

ihliļnat® lesy 0 1 49 0 0 0 0 50 98 

zastavané plochy 8 0 2 26 0 0 14 50 52 

trávnatý porast 0 0 0 0 44 6 0 50 88 

riedka vegetácia 0 1 0 0 1 48 0 50 96 

bez vegetácie 0 0 0 1 0 1 48 50 96 

celkom 58 46 55 27 45 57 62 350 
 

PresnosŠ spracovateŎa (v %) 86 96 89 96 98 84 77 
 

88,29 

Kappa koeficient 0.863 

 
Príloha 4: Sentinel-2 s algoritmom SVM vo VO Brdy 

 

 

 

Trieda krajinnej pokrývky  
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vodné plochy 50 0 0 0 0 0 0 50 100 

listnaté lesy 0 44 2 0 0 4 0 50 88 

ihliļnat® lesy 0 0 50 0 0 0 0 50 100 

zastavané plochy 0 0 0 45 0 0 5 50 90 

trávnatý porast 0 0 0 0 47 3 0 50 94 

riedka vegetácia 0 1 2 0 1 45 1 50 90 

bez vegetácie 0 0 1 1 0 2 46 50 92 

celkom 50 45 55 46 48 54 52 350 
 

PresnosŠ spracovateŎa (v %) 100 98 91 98 98 83 88 
 

93,43 

Kappa koeficient 0.923 
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Príloha 5: Landsat 8 s algoritmom ML vo VO Ralsko 
 

 

 
Trieda krajinnej pokrývky  
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 %
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vodné plochy 50 0 0 0 0 0 0 0 50 100 

listnaté lesy 0 43 6 0 0 0 1 0 50 86 

ihliļnat® lesy 0 2 48 0 0 0 0 0 50 96 

zastavané plochy 1 0 1 33 5 4 2 4 50 66 

trávnatý porast 0 0 0 0 44 5 1 0 50 88 

orná pôda 0 0 0 0 0 50 0 0 50 100 

riedka vegetácia 0 4 2 0 5 0 39 0 50 78 

bez vegetácie 0 0 0 8 0 3 2 37 50 74 

celkom 51 49 57 41 54 62 45 41 400 
 

PresnosŠ spracovateŎa (v %) 98 88 84 80 81 81 87 90 
 

86,00 

Kappa koeficient 0.84 

 
Príloha 6: Landsat 8 s algoritmom SVM vo VO Ralsko 
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vodné plochy 49 0 0 1 0 0 0 0 50 98 

listnaté lesy 0 48 2 0 0 0 0 0 50 96 

ihliļnat® lesy 0 1 49 0 0 0 0 0 50 98 

zastavané plochy 0 0 0 45 2 0 0 3 50 90 

trávnatý porast 0 1 0 0 45 3 1 0 50 90 

orná pôda 0 0 0 0 1 48 0 1 50 96 

riedka vegetácia 0 6 0 0 7 0 37 0 50 74 

bez vegetácie 0 0 0 1 1 4 0 44 50 88 

celkom 49 56 51 47 56 55 38 48 400 
 

PresnosŠ spracovateŎa (v %) 100 86 96 96 80 87 97 92 
 

91,25 

Kappa koeficient 0.9 
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Príloha 7: Sentinel-2 s algoritmom ML vo VO Ralsko 
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vodné plochy 50 0 0 0 0 0 0 0 50 100 

listnaté lesy 0 46 0 0 1 0 3 0 50 92 

ihliļnat® lesy 0 0 50 0 0 0 0 0 50 100 

zastavané plochy 1 0 0 33 3 3 1 9 50 66 

trávnatý porast 0 0 0 0 46 2 2 0 50 92 

orná pôda 0 0 0 0 2 48 0 0 50 96 

riedka vegetácia 0 6 2 0 4 0 38 0 50 76 

bez vegetácie 0 0 1 4 2 4 2 37 50 74 

celkom 51 52 53 37 58 57 46 46 400 
 

PresnosŠ spracovateŎa (v %) 98 88 94 89 79 84 83 80 
 

87,00 

Kappa koeficient 0.851 

 
Príloha 8: Sentinel-2 s algoritmom SVM vo VO Ralsko 
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vodné plochy 46 0 0 3 0 0 0 1 50 92 

listnaté lesy 0 46 1 0 0 0 3 0 50 92 

ihliļnat® lesy 0 2 48 0 0 0 0 0 50 96 

zastavané plochy 0 0 0 39 2 1 1 7 50 78 

trávnatý porast 0 0 0 0 47 1 2 0 50 94 

orná pôda 0 0 0 0 1 47 0 2 50 94 

riedka vegetácia 0 4 3 1 4 0 38 0 50 76 

bez vegetácie 0 0 0 1 0 10 0 39 50 78 

celkom 46 52 52 44 54 59 44 49 400 
 

PresnosŠ spracovateŎa (v %) 100 88 92 89 87 80 86 80 
 

87,50 

Kappa koeficient 0.857 
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S u m m a r y 

Evaluation of remote sensing methods and data for land cover classification: case studies of 

former military training areas Brdy and Ralsko  

The main goal of this study was to cross-compare accuracies of land cover classifications using Maximum 
Likelihood and Support Vector Machine classifiers with different data: Landsat 8 and Sentinel-2. As study areas were 
chosen military training areas Brdy and Ralsko in Czechia (Fig. 1 and Fig. 2). Starting with data acquisition, through 
data pre-processing, we paid attention to carefully choose classes of land cover, collect training areas and then to 
statistical test of these data. Methods Jeffries-Matusita distance and transformed divergences were evaluated as the 
best approaches to the statistical testing of training areas. Then we passed to the classification process in software 
ENVI using mentioned supervised classifiers and continued with post-processing by eliminating salt-and-pepper noise 
and smoothing the results according to minimal mapping unit ï we set minimal mapping unit to 0.25 ha for Sentinel-
2 and 0.5 ha for Landsat 8 data. The last step of the processing was accuracy assessment. In this step we generated 50 
random points from every class of the result and we compared them with orthophotos, then results were summarised 
in error matrix, counting overall accuracies, user and producers accuracy and Kappa index (Appendixes 1ï8). 

The results were relatively satisfying ï overall accuracies were higher than 85%, but we need to consider partial 
accuracies of separate classes, too. Overall more accurate results were released in military training area Brdy what we 
can attribute to his more homogenous area with lower human impact without arable lands, lower rate of built-up areas 
(without solar power plants) and more monotonous forest areas than in military training area Ralsko (Fig. 3). 
According to our hypothesis, classification results with SVM classifier overtook the results with ML in all cases. The 
second hypothesis, better results by Sentinel-2 data than with Landsat 8, was proved partially ï only in the case of ML 
classifier. 

 
Fig. 1 Location of study areas within Czechia Fig. 2 

Methodology 

Fig. 3 Land cover classification outputs using Maximum Likelihood and Support Vector Machine classifiers with 
Landsat 8 and Sentinel-2 data for military training areas Brdy and Ralsko in 2016 

Tab. 1 Comparison of Sentinel-2 and Landsat 8 spectral bands Tab. 2 

Description of classification classes 

Tab. 3 Classification accuracy (in %) above Landsat 8 and Sentinel-2 data by ML and SVM classifiers in military 
training areas Brdy and Ralsko 

Tab. 4 Share of individual land cover classes (in %) Appendixes 1ï8 

Error matrix of the classifications assessment 
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Abstract: The objective of this paper is to assess WorldView-2 (WV2) and Landsat OLI (L8) images in 

the detection of bark beetle outbreaks in the Sumava National Park. WV2 and L8 images were used 

for the classification of forests infected by bark beetle outbreaks using a Support Vector Machine (SVM) 

and a Neural Network (NN). After evaluating all the available results , the SVM can be considered the 

best method used in this study. This classifier achieved the highest overall accuracy and Kappa index 

for both classified images. In the cases of WV2 and L8, total overall accuracies of 86% and 71% and 

Kappa indices of 0.84 and 0.66 were achieved with SVM, respectively. The NN algorithm using WV2 

also produced very promising results, with over 80% overall accuracy and a Kappa index of 0.79. The 

methods used in this study may be inspirational for testing other types of satelli te data (e.g., Sentinel-

2) or other classification algorithms such as the Random Forest Classifier. 

Keywords: neural network; support vector machine; Landsat 8; WorldView -2; Czechia; forest 

disturbances 

 

1. Introduction  

The use of remote sensing methods for the monitoring of forests represents a very widespread and 

traditional discipline. Remote sensing (RS) is used for a number of reasons, including the acquisition of 

compatible data on large territorial units and the possibility of using multisp ectral information to 

determine the health status of vegetation and its development [1,2]. RS also allows for the mapping of 

forested and deforested areas, biomass estimation, forest stand classification, fire damage detection or 

damaged and dry forest identification [3,4]. Monitoring forest stands by remote sensing enables one to 

record data even from hard-to-reach places unsuitable for field research. Measurements can also be 

repeated periodically, ensuring not only the timeliness of the data but also the  ability to evaluate 

changes that have occurred in the area [5]. Currently, a wide range of different types of satellite data is 

available, which differ in spatial, temporal and spectral resolution (e.g., Landsat, Sentinel, MODIS). This 

offers numerous opportunities for testing the individual types of satellite data for monitoring forest 

vegetation [6]. 

Evaluations of the state of and the changes in forest vegetation using RS have been presented by 

many studies in various regions of Europe, e.g., Slovakia, such as [7], or in the High Tatras National 

Park and its surroundings (e.g., [8]). Complex evaluations of the changes in forest areas and their 

consequences in the Carpathian region have been presented by, e.g., [9ɬ11]. Landsat data were used in 

the above-mentioned studies. Landsat images are freely accessible and useful in the analysis of large-

mailto:stych@natur.cuni.cz
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scale forest ecosystems. On the other hand, high spatial resolution data, e.g., WorldView-2 (WV2), make 

it possible to detect more details in the forest landscape such as forest density and forest roads. Immitzer 

and Atzberger [12] used WV2 and the Random Forest algorithm for forest classification in the Austrian 

province of Burgenland. Carle et al. [13] evaluated the benefit of WV-2 spectral bands for mapping 

vegetation in a small river delta in coastal Louisiana, USA.  

The dramatic die-off of spruce stands (Norway spruce, Picea abies (L.) Karst.) resulting from bark 

beetle Ips typhograpus outbreaks is a phenomenon experienced in many mountainous regions of Europe 

[14]. Both airborne [15] and satellite images (e.g., [16]) are used to evaluate forest stands after an insect 

attack. An example of the use of WV2 is a work on the early detection of a bark beetle invasion in central 

Austria [12]. The researchers conducted a Random Forest classification determining the areas of forests 

that were healthy, under attack or dead. The Sumava National Park in Czechia has been struggling with 

long-term problems with disturbances, whether they be wind calamities or subsequent bark bee tle 

invasions in Czechia. This national park, thanks to its overlap into the German Bavarian Forest, is very 

often examined by Czech authors [17ɬ20] as well as foreign authors (e.g., [21]). 

Choosing the appropriate classification method and defining a suit able definition of categories is 

an important aspect in assessing the condition and extent of the damaged forest. Many studies primarily 

focus on the pixel method used by Meddens et al. [15] or White et al. [22], who used it to detect a bark 

beetle red-attack. DeRose et al. [23] evaluated the affected forest with vegetation indexes from Landsat 

images, and the subsequent pixel classification achieved a total accuracy of 80ɬ82%. Hicke and Logan 

[24] focused on the classification of 3 categories using the maximum probability classifier: healthy trees, 

damaged trees and grasslands. The study successfully separated the red attack trees from the healthy 

trees and the grasslands, thanks to the RGI (Red Green Index) index and the use of reflectivity in the 

green zone. The overall classification accuracy was 86%. In recent years, the area of state-of-the-art 

classifiers, such as Support Vector Machines (SVMs), Neural Networks (NNs) or Object-Based 

Classification (OBIA), has been intensively developed in connection wi th the development and 

availability of data with better spatial and spectral resolutions. Latifi et al. [25] used OBIA to classify 

Landsat images for an 11-year period in the Bavarian National Park to map the related forest mortality 

classes. The SVM method was successfully used by Hart and Veblen [26], who classified a bark beetle 

forest from satellite and aerial photographs.  

The objective of our study was to evaluate the usefulness of very high spatial resolution images 

(1.84-m WV2) and high spatial resolution images (30-m Landsat 8) to identify bark beetle outbreaks 

from satellite data using advanced per-pixel methods based on machine learning methods. The main 

aims are based on the current topics discussed in the literature, which focus on testing the individual 

types of data and classification methods [27ɬ29]. This study fills a gap that earlier studies have not 

handled: using WV2 in such a forest affected by bark beetle outbreaks. The long-term impact of the 

forest attack by the spruce bark beetle in the Sumava National Park offers an ideal opportunity to test 

different classification approaches and to assess the forest stand damage using remote sensing data of 

various spatial and spectral resolutions. The reason for comparing Landsat 8 (L8) and WV2 data was 

the unique timing of the acquisition of both types of data. Both images were acquired within one month 

in the autumn of 2015. The classification methods used are SVM and NN, which have been tested for 

input parameters, training areas, and other import ant parameters (e.g., number of iterations and 

background layers). The monitored categories are determined on the basis of field research, the 

suitability of the data inputs, a search for relevant studies and also the requirements of potential end 

users, such as hydrologists, foresters or management employees of the Sumava National Park. The next 

goal is to calculate the total area of the classified categories and to evaluate a spatial distribution of the 

categories in the case study. To recapitulate, the study deals with these goals: 

¶ to evaluate and compare the applicability of the commercial, very high spatial resolution images 

(1.84-m WV2) with the freely downloaded, high spatial resolution images (30 -m L8) for the 

identification of forest damage (affected by the bark beetle outbreaks);  

¶ to compare the results of the classification of forest vegetation using the advanced classification 

algorithms of SVM and NN based on machine learning methods;  
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¶ to define the most relevant parameters of SVM and NN (e.g., number of iterations, background 

layers, kernel function, penalty parameter) for the highest accuracy to be achieved in the 

classification of land cover; 

¶ to propose a classification system with definitions of categories to distinguish between the 

individual stages of decay and forest regeneration after a spruce bark beetle attack;  

¶ to interpret the results of the classification and define the positives and weaknesses of the used 

data and classification methods. 

 

2. Area of Interest  

The area of interest in this study is the central part of the Sumava National Park, focusing on sites 

with a significant amount of decay of mountain spruce trees due to the overgrowth of the spruce bark 

beetle. The Sumava National Park, situated in the south to south-west of Czechia, is the largest national 

park in Czechia, established in 1991, and has a total area of 680 km2. The surveyed area in the Sumava 

National Park copies the boundary of the provided WV2 image and covers 105 km 2 (see Figure 1). 

 

Figure 1. Study area. 

The elevation in the area of interest reaches, on average, 1100ɬ1200 m above sea level. The main 

landscape cover in the Sumava National Park is mountain spruce forests, peat bogs and mountain 

meadows. Most of the landscape has been influenced to a greater or lesser extent by the economic 

management of forests in the past, in particular by logging or livestock grazing. Although these 

activities lasted for a long time, we can still find scattered forest remains in the Sumava National Park 

[20]. The natural representation of spruce in the Sumava NP used to be around 51% but, during the last 

250 years, the activity of spruce has gradually increased to about 80%. Spruce, thus, prevails in 

conditions where fir and beech trees prevailed in natural forests. In addition to s pruce trees, there are 

many other specific plant and animal species in the Sumava NP; therefore, a special environmental 

protection regime has been established. 
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The core area of Sumava has been influenced by spruce bark beetle attacks for a long time. After 

1990, the range of assaults began to rise mainly due to the recurring calamities and a series of dry and 

ÞÈÙÔɯàÌÈÙÚɯÛÏÈÛɯÚÐÎÕÐÍÐÊÈÕÛÓàɯÙÌËÜÊÌËɯÛÏÌɯÍÖÙÌÚÛɀÚɯÙÌÚÐÓÐÌÕÊÌȭɯ3ÏÌɯÌßÛÙÌÔÌÓàɯËÙàɯÈÕËɯÞÈÙÔɯÞÌÈÛÏÌÙɯÖÍɯ

2003 was favorable for the development of the bark beetle and led to a re-weakening of spruce stands 

[3]. There was a large number of fallen trees that succumbed to the windstorm Kyril in January 2007. 

The fallen trees then became a suitable place for bark beetle attacks, and their populations increased 

radically [3]. The current state of the forest stands is strongly influenced by these calamities. 

 

3. Materials and Methods  

3.1. The Satellite Data Used 

The first data source in our study is the multispectral images of WorldView -2, taken on 17 

September 2015, under a cloudless sky. The acquisition of the WV2 data was finally successful in 

autumn 2015, since the first request for the acquisition of the WV2 data for Sumava was submitted in 

March 2013 to the official distributor of WV2 data. The re sulting composite image was embedded in the 

UTM coordinate system (band 33) of the WGS-84 ellipsoid in the Ortho -Ready Standard (OR2A) 

version. WV2 offers a very high spatial resolution with 8 spectral bands. These 8 spectral bands are 

coastal, blue, green, yellow, red, red edge, 2 near infrared (NIR) bands. The spatial resolution is 46 cm 

for a panchromatic image and 1.84 m for a multispectral image (Table 1). 

The second type of data used was Landsat 8 (L1TP) with a panchromatic spatial resolution of 15 m 

for multispectral images of 30 m. Landsat images, due to their availability since 1972 and their free 

distribution, are among the most widely used remote sensing data images for RS. For this reason, the 

Landsat data were used in order to compare them with the commercial data of WV2. The L8 image used 

was taken on 12 October 2015, i.e., less than one month after WV-2 acquisition. Landsat 8 OLI has 7 

spectral bands, including 4 visible bands (coastal, blue, green and red), 1 NIR and 2 short-wave infrared 

bands (SWIR 1 and SWIR 2), see Table 2. 

Table 1. Spectral bands of WorldView -2. 

Band Name of Band 1ÈÕÎÌɯÍÙÖÔɯȹϟÔȺ 1ÈÕÎÌɯÛÖɯȹϟÔȺ 

1 COASTAL 0.40 0.45 

2 BLUE 0.45 0.51 

3 GREEN 0.51 0.58 

4 YELLOW 0.59 0.63 

5 RED 0.63 0.69 

6 RED EDGE 0.71 0.75 

7 NIR 1 0.77 0.90 

8 NIR 2 0.86 1.04 

Table 2. Spectral bands of Landsat 8. 

Band Name of Band 1ÈÕÎÌɯÍÙÖÔɯȹϟÔȺ 1ÈÕÎÌɯÛÖɯȹϟÔȺ 

1 COASTAL 0.43 0.45 

2 BLUE 0.45 0.51 

3 GREEN 0.52 0.6 

4 RED 0.63 0.68 

5 NIR 0.85 0.89 

6 SWIR 1 1.56 1.66 

7 SWIR 2 2.1 2.3 

3.2. Classification System 

The area under investigation is of a very heterogeneous nature with a large number of different 

forest forms, whether bark beetle-affected or healthy. Prior to classifying the images, it was necessary 

to specify a classification system (legend) and define each class in detail. The designated definition of 

categories was based primarily on the literary sources [17,20] dealing with a similar theme, field 
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research and the requirements of foresters and workers of the Sumava National Park. Above all, by 

using the Landsat multispectral data or WV2 with high spatial resolution, the effort was made to 

establish detailed definitions of categories depicting the individual species and health of the forest trees. 

A total of 9 categories were determined, of which 3 categories are non-forest, and 6 categories classify 

the forest vegetation. A detailed description of the categories is presented in Appendix 1.  

3.3. Data Preprocessing 

3.3.1. Orthorectification 

The provided WV2 data were supplied by the p rovider at the Ortho -Ready Standard (OR2A) level. 

The data were radiometrically and geometrically corrected. However, at the OR2A level, no correction 

for the topographic relief is performed. For this reason, the image had to be ortho -rectified before use. 

A method of rational polynomial functions was used. The principle of this method is the approximation 

of the orbital satellite model using multidimensional polynomial functions. The input parameter values 

are supplied together with the satellite data in t he form of special metadata as Rational Polynomial 

Coefficients (RPCs). This method can be performed with or without a very small number of control 

points. Since the obtained data already contained an added coefficient file (* rpb), this method of ortho -

rectification was performed in the ENVI software, where ortho -rectification can be performed by 

rational function coefficients directly for the WorldView sensor (RPC Orthorectification workflow). A 

digital terrain model is needed to perform the function. For  the purpose of this study, the digital terrain 

model (DMR 5G) from the Czech Office for Surveying, Mapping and Cadastre was selected. The model 

is based on the data acquired by altimetry airborne laser scanning with an accuracy (mean height error) 

of 0.3 m [30].  

3.3.2. The In-Situ Data 

A field survey was carried out in the case study at a similar time to when both datasets were 

acquired. The field data collection took place from 8 to 9 October 2015, i.e., 21 days after the WV2 image 

was received. The control points for each type of forest cover/class were determined and tracked by a 

GPS (Global Position System). The points were collected using the Trimble Geoexplorer 6000 Geo XT 

GPS with an accuracy of ±0.5 m. For the purposes of accuracy assessment, 80 points were collected 

representing different types of forest. The land cover of the points, collected in the field, was defined 

based on the classification system (see Appendix 1) and subsequently checked using a publicly available 

orthophoto acquired in 2015 (WMS orthophoto services). Only the points that clearly characterized the 

category were included.  

3.3.3. Classification Methods 

Per-pixel classification approaches were used for this study. As the name suggests, the basic image 

element entering the classification is the pixel, to which each decision rule applies. In this study, 

advanced classification algorithms of neural networks and support vectors were used [31]. Both 

algorithms are also controlled by non -parametric classifications, which means that there is no 

presumption of a normal data distribution. This fact is the biggest advantage of the given classifications 

[32]. One of the basic principles of SVM is the conversion of the input space into multidimensional space, 

where the classes can be separated from each other linearly. The SVM algorithm seeks to find the 

optimal hyperplane that separates the data into a predefined number of classes according to the training 

set [33]. In essence, the SVM is a binary classifier, but there are procedures by which a method can be 

adapted to query multiple classes. We call these two approaches one versus one and one versus all 

[31,34]. 

The use of the Support Vector Machine classifier includes not only a suitable selection of the 

training set but also a selection of suitable parameters entering the classification. In the ENVI software, 

it is possible to select the type of kernel function (linear, radial basis function -RBF, sigmoid and 

×ÖÓàÕÖÔÐÈÓȺȮɯÈÕËɯÐÛɯÐÚɯÈÓÚÖɯ×ÖÚÚÐÉÓÌɯÛÖɯÚÌÛɯÛÏÌɯϖɯÝÈÓÜÌɯÖÍɯÛÏÌɯ×ÈÙÈÔÌÛÌÙɯȹÍÖÙɯÛÏÌɯÓinear and RBF functions), 
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the penalty parameter and the threshold value. The parameters chosen for the process in this work (see 

Table 3) are mainly based on our own testing as well as combinations used in previous studies, e.g., 

[35,37].  

Table 3. Applied  support vector machine (SVM) parameters for Landsat 8 (L8) and WorldView -2 (WV2) 

images. 

Combination  Kernel Function  Gamma Parameter Penalty Parameter Threshold  Polynomy  

1 RBF 10 50 0 - 

2 RBF Default 1 90 0 - 

3 RBF Default 1 100 0 - 

4 polynomial  Default 1 90 0 6 

5 polynomial  Default 1 100 0 6 

1 Default valueɭÚÕÈ×ÚÏÖÛɯ+ÈÕËÚÈÛɯƜȮɯϖɯǻɯƔȭƕƘƗȮɯÚÕÈ×ÚÏÖÛɯ6ÖÙÓË5ÐÌÞ-ƖȮɯϖɯǻɯƔȭƕƖƙȭ 

Neural networks represent algorithms that try to mimic processes occurring in the nervous system, 

where a network of specialized neural cells, neurons, processes the signal and converts it into 

information [32]. The neural network classification method forms a layer of neurons according to the 

input spectral bands that enter it. The output layer then consists of neurons, each of which is one of the 

classified classes. The neural network classification uses the back-propagation algorithm for training. 

The ENVI program [36], where the classification was conducted, allows one to select the following 

parameters that can influence the outcome and neural networking process: Training Threshold 

Contribution (TTC), Training Rate (TR), and Training Momentum (TM).  

The parameters in question greatly influence the behavior of the entire process, so sufficient 

attention has been paid to their selection. The parameters chosen for the processing of data in this work 

(see Table 4) are mainly based on our own testing as well as inspired by a study carried out in 2012 

using SPOT data [37]. Testing the values of iterations and the TTC parameter was the most significant 

point for the definition of the combinations used in this study.  

All the spectral bands of WV2 and L8 OLI, except coastal and panchromatic, entered the 

classification. So, a wide multispectral potential was used for bo th datasets: visible bands, NIR bands, 

the red edge of WV2 and the SWIR of L8. The coastal band is useful for imaging shallow water and 

tracking fine atmospheric/aerosol particles like dust and smoke [2] so is not a relevant band for the 

purpose of this study. The training set for the classification was collected using the orthophoto. The 

selection of points was then also verified using vegetation indices and combinations of spectral bands 

of satellite images (mainly using WV2). Representative points were found for each class of the 

classification. The number of training points for each class ranged from 11 (for the classes of C2, E and 

F) to 27 for the class of dead forest (see Table 5 and Appendix 10). 

Due to the very heterogeneous character of the landscape, the resulting classification using WV2 

images manifested the so-called salt and pepper effect with a high number of isolated pixels. For this 

reason, a filtering was applicated on WV2 classification because of its suppression of the salt and pepper 

effect. After testing the individual filter methods, the median filter with a 5 × 5 grid was used.  

Table 4. Applied neural network (NN) parameters to L8 and WV2 images.  

Combination  
Training Threshold 

Contribution (TTC)  

Training 

Rate (TR) 

Training 

,ÖÔÌÕÛÜÔɯɚ 
Iterations  

Number of 

Background Layers  

1 0.2 0.2 0.4 1000 1 

2 0.3 0.2 0.5 1000 1 

3 0.1 0.2 0.5 1000 1 

4 0.2 0.2 0.4 5000 1 

5 0.3 0.2 0.5 5000 1 

3.3.4. Accuracy Assessment and Result Presentation 

Classification accuracy was assessed based on error matrices (overall accuracy, producer accuracy, 

user accuracy and the Kappa index). The accuracy of the classifications was evaluated using the points 

collected in the field, which can be used in the SW ENVI 4.7 for Ground Truth ROIs. Field measurements 
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were focused on the forest categories (healthy forest, affected forest, regenerating forest, dead forest 

and clear-cut forest). The categories of wetlands, permanent grasslands, water bodies and artificial 

surfaces were generated over the orthophoto and WV2 data using a visual interpretation. So, 80 points 

were collected by in-situ collection and 29 points by visual interpretation of the orthophoto and WV2 

data. For the number of points for all the classes, see Table 5 and Appendixes 2,3 and 10. 

Table 5. Training and control points.  

Class A1 A2 A3 A4 B C1 C2 E F Total  

Number of Training Points  25 24 20 27 16 23 11 11 11 168 

Number of Control Points  20 16 12 17 10 15 6 7 6 109 

Note: The points of water bodies (Category E) were excluded from the accuracy assessment of the 

Landsat classification because the water bodies were not classified by Landsat (low spatial resolution of 

Landsat). 

Finally, the total area of the individual classes and the ratio of the  class area to the total area of the 

case study were calculated, and a spatial distribution of the classification classes was evaluated using a 

comparison of the classification maps.  

 

4. Results 

In this chapter, the results of the WV2 and L8 multispectral  image classifications are described and 

compared. The classification was performed using the SWM and NN algorithms to define the 

parameters for the most accurate results. 

4.1. Evaluating the Accuracy of Classifications 

The overall classification accuracy and the calculated Kappa index for each parameter combination 

are given in Tables 6 and 7. 

Table 6. Overall accuracy and Kappa index classification of SVMs. 

SVM  Parameters  WorldView -2 Landsat 8 

Combination  Kernel Function  Gamma Parameter Penalty Parameter Polyonomy  Overall Accuracy (%)  Kappa Index  Overall Accuracy (%)  Kappa Index  

1 RBF 10 50 - 76.15 0.73 68.63 0.64 

2 RBF Default 1 90 - 84.40 0.82 69.61 0.65 

3 RBF Default 1 100 - 84.40 0.82 70.59 0.66 

4 polynomial  Default 1 90 6 84.40 0.82 70.59 0.66 

5 polynomial  Default 1 100 6 86.24 0.84 70.59 0.66 

1 Default Valueɭ+ÈÕËÚÈÛɯƜȮɯϖɯǻɯƔȭƕƘƗȮɯ6ÖÙÓË5ÐÌÞ-ƖȮɯϖɯǻɯƔȭƕƖƙ 

Table 7. Overall accuracy and Kappa index classification of NNs.  

NN  Parameters  WorldView -2 Landsat 8 

Combination  Training Threshold Contribution  Training Rate  Training Momentum  Iteration  
Overall 

Accuracy (%) 
Kappa Index  

Overall 

Accuracy (%) 
Kappa Index  

1 0.2 0.2 0.4 1000 80.73 0.78 67.65 0.63 

2 0.3 0.2 0.5 1000 81.65 0.79 68.63 0.64 

3 0.1 0.2 0.5 1000 81.65 0.79 69.61 0.65 

4 0.2 0.2 0.4 5000 81.65 0.79 64.71 0.59 

5 0.3 0.2 0.5 5000 78.90 0.76 65.69 0.60 

The overall SVM classification accuracy varies between 76.15% and 86.24% for WV2 and between 

68.63% and 70.59% for L8 according to the selected parameter combination. As we can see, the best 

results were achieved using Combination 5, where a polynomial function was applied. The worst results 

are shown in Combination 1, where the gamma parameter and the parameter penalty have been 

significantly adjusted for the RBF function. If we compare the accuracy of the satellite data used, the 

accuracy is higher in the WV2 image than in the L8 image. 

If we compare the results of the SVM algorithm with the NN algorithm (Tables 6 and 7), we can 

see that the overall accuracy values of NN are generally 2.5% lower on average. For both images, the 

highest overall accuracy and Kappa index were achieved when Combination 3 was selected. Very 

similar overall accuracy values were achieved by both the images of WV2 and Combinations 2 and 4, 

respectively. As can be seen, despite the increase in the number of iterations, there was no improvement 
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in the results and, thus, no higher accuracy. Conversely, in Combination 5, WV2 has the overall lowest 

accuracy. 

It is clear from the results of the classification that categories A1ɬ4 are the worst separable classes 

(see Appendixes 2 and 3). The A2 class of forest was, in many cases, confused with the category of dead 

forest A4. This fact is, of course, associated with a very wide (fuzzy) boundary between the two classes, 

mainly in terms of class definition (spectral characteristics, see Appendix 9). The best user accuracy 

results for the A3 category were achieved by the SVM method applied to the WV2 image. For the 

category of regenerating forest A3, classes A1, A4 and C1 or C2 were most commonly confused. SVM 

and NN classifications based on WV2 distinguished class B with nearly 100% accuracy. On the other 

hand, a lower accuracy was achieved using the L8 image.  

4.2. Comparison of the Area and Spatial Distribution of the Classification Classes 

The relative representation of classes is given by the ratio of the class area to the total area of the 

classified area. The percentages of the representation of the individual land cover classes of the resulting 

WV2 image classifications are shown in Figure 2. As we can see in this figure, the biggest differences 

between the classification results can be found in categories A2, A3, A4 and C1. Both the A1 and A2 

categories are similar in both classifications SVM and NN. Class A3 is about 6% lower in the SVM than 

the NN. However, at the expense of this category, the area of forestry clearings and openings C1 is 

increased. For the SVM and NN algorithms, we see that category E is highly overestimated. This fact 

can be explained by the numerous shadows in the image that were included in the water surface. 

 

Figure 2. Relative representations of classes in SVM and NN classifications. 

When comparing the resulting areas for L8 and WV2 data (see Figure 2 and Appendixes 4ɬ8), it is 

evident that the largest area on the classified data is occupied by the category A3, and the smallest area 

by C2 and F. There is a high variation in the size of class B. The area of category B is almost doubled on 

the classified L8 images compared to the WV2 ones. This phenomenon is probably due to the specificity 

of this category, which does not reach large areas, and could be defined by the data with a high spatial 

resolution. The Landsat data with a lower spatial  resolution could not accurately detect this category. 

As a result, the relative area of category A1, A2, or A4, which is mostly in the vicinity of class B, is 

dropped and part of its area is assigned to this class. The strong drought phenomenon also played a 
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role, with category B (normally occurring soil moisture) in the images having almost identical spectral 

characteristics to category A1 and A3. 

 

5. Discussion 

The main aim of the study was to evaluate the possibilities for the classification of forest stands 

affected by disturbances in the Sumava National Park. For this purpose, WV2 and L8 satellite images 

taken at a very similar time in 2015 were selected and compared. The next goal was to evaluate and 

compare the results of SVM and NN classifications based on the input satellite data. 

The resulting classification is based on a definition of categories that was primarily designed to 

distinguish between the observed stages of decay and forest regeneration after the spruce bark beetle 

attack. The classification classes, thus, reflect the state of vegetation in the Sumava National Park in 

2015, and their definition is based on findings from a field survey, results of similar studies and experts 

from the Sumava National Park. The forest stands were divided in to the following categories: A healthy 

forest, an affected forest, a dead forest, a regenerating forest and a clear-cut forest. This distinction is 

important from an environmental point of view, from the perspective of decision -making processes in 

forestry , and in nature and landscape protection. The most important aspect in determining the classes 

was the purpose of using the classification outputs. In the case of this study, the requirements of 

foresters and conservationists for forest stand monitoring an d the requirements of physical geographers 

and hydrologists were accepted. 

This study proved a high potential of the multispectral satellite data for research on forest vegetation 

affected by bark beetle outbreaks. Near infrared (NIR) and short-wave infrar ed (SWIR) bands are crucial for 

distinguishing the individual forest categories and for the evaluation of the health of forest vegetation [1,17]. 

From the point of view of evaluating the accuracy of the classification of individual classes, a problematic 

classification was assumed for the classes of the affected (A2), dead (A4) and regenerating forest (A3). In 

these classes, the spectral characteristics may be similar, making it more likely to be confused among 

themselves or, for example, with the category of clear-cut forest (C1). This assumption was confirmed; 

however, the classification of WV2, which has a higher spatial resolution, brought better results than L8. 

Most precisely, these categories were distinguished by the SMV classification based on WV2, see the error 

matrix tables in Appendix 2. Besides, due to the small area/size of local water bodies, it was not possible to 

classify these areas with respect to the Landsat 30 × 30 m spatial resolution. When classifying a Landsat image 

with a lower spatia l resolution, the water bodies class could not be classified. From the point of view of the 

classification, negatives of higher resolution data are shadows, which are more visible in the WV2 image. 

For the classification methods, the SVM and NN methods wer e selected for classification based on 

previous studies that dealt with forest classification, e.g., [9,15,37]. These methods were applied to the 

WV2 and L8 satellite imageries (commercially × freely downloaded date). After evaluating all the 

available results, the SVM can be considered a better method than NN. This classifier achieved the 

highest overall accuracy and Kappa index for both classified images. In the case of WV2 and L8, total 

overall accuracies of 86% and 71% and Kappa indices of 0.84 and 0.66 were achieved with SVM, 

respectively. The NN algorithm using WV2 also produced very promising results, with over 80% overall 

accuracy and a Kappa index of 0.79. Due to the very heterogenic character of the forest in the case study, 

the achieved accuracy could be considered as acceptable, although some previous studies e.g., [24] 

achieved a higher accuracy. However, these studies did not focus on such damaged and heterogenic 

forests. 

The testing of the appropriate parameters for the classification of both algorithms became an 

important step. The choice of the parameters for the SVM and NN classifiers was based primarily on 

our own testing and the studies already carried out to address a similar topic in the given area. Some of 

the results reported [37] were confirmed in this study based on different data, especially, the fact that 

accelerating the process of training the NN network does not lead to better results. The highest accuracy 

of NN brought the adjustment of the Training Threshold Contribution to 0.1 and 1000 Iterations. In the 

SVM algorithm, the choice of values for the parameters offered was mainly influenced by the selected 

Kernel function. RBF and polynomial functions were selected for testing. The polynomial function 
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provided a better accuracy than RBF. After evaluating all the available results, SVM can be considered 

as a better method than NN. This classifier achieved the highest overall accuracy and Kappa index for 

both classified images. Similarly, in the case of the most important classes from the perspective of forest 

growth (forest management) A1ɬ4, using SVM, the best results were achieved for both the user and the 

processing accuracy. The NN algorithm of WV2 also produced very good results, with over 80% overall 

accuracy. In the L8 image, the effect of the lower spatial resolution in class B and F classifications is 

evident.  

An important part of the classification is certainly the creation of a training set and control points. 

It is essential that the training points for each class are evenly spatially distributed. At the same time, it 

is also necessary that the control points of the classification are measured at the similar time as the 

acquisition [32]. In the case of this work, the control points of the forest categories were collected several 

days after the acquisition of the WV2 data. The calculation of the accuracy of the classifications was 

based on the control points that were measured using a GPS device (80 points were measured in the 

forest vegetation). These points were supplemented by the points derived from the orthophoto and 

WV2 multispectral data, e.g., water bodies, artificial areas. The final number of checkpoints was 109 

points for WV2 and 102 for Landsat 8. In order to verify the results of this study, it would be useful to 

consider collecting more control points in the future, especially for forest stands.  

The disadvantage of pixel classification is the so-called salt and pepper effect. For some 

suppression of this effect, a median filter with a 5 × 5 grid was used. However, this method did not 

remove all the small areas (single pixels), and its implications could influence the resulting scores in the 

accuracy assessment and the comparison of L8 and WV2 images. This is one of the great advantages of 

the OBIA object classification, where it is not necessary to solve the problem of single pixels thanks to 

the initial segmentation.  

Comparing the results of the classification and accuracy assessment of the WW2 and L8 images, 

the effect of the better spatial resolution is evident for the WV2 image. The SVM classification of this 

image achieved better accuracy for the forest classes (A1ɬ4) as well as the other classes than the 

classification based on L8. In particular, the forest categories (healthy, affected, regenerating and dead 

forests) are very relevant from the ecological and forest management point of view, so the ability of 

WV2 to separate these categories is very significant. A combination of the very high spatial resolution 

and the suitable spectral resolution, with 8 visible  and near infrared bands in the WV2 image, seems to 

be crucial for the classification of the forest categories affected by disturbances. On the other hand, the 

archive of Landsat data is free and provides a long-time series of data (since the 1970s). So, it is possible 

to analyze L8 data using time series methods and to investigate changes in forests based on the 

multitemporal data of L8.  

Based on the results of our case study, it was confirmed that WV2 data had better abilities in the 

classification of di sturbed forest than L8 data. WV2 is useful in small-scale case studies due to the better 

spatial resolution with a suitable spectral resolution (visible, red edge and NIR bands) see [12,13]. 

According to the results of many studies [9,11,17], Landsat data are suitable for large-scale case 

studies/regions. Landsat data also enable the evaluation of changes in the forest vegetation over a long-

term period. In general, the most important factors for an evaluation of the data used in a classification 

are the purposes and objectives of the study (classification system, scale, requirements of the end-users 

etc.). Obviously, WV2 data were more significant and useful than L8 for the purposes of this study.  

With regard to the application of the classification methods  to the Sumava National Park, it is not 

possible to say with certainty whether similar results would be achieved in other territories. In order to 

generalize the presented conclusions, it would be necessary to test the whole procedure on more than 

one area of interest. The best transferable method could be the SVM algorithm, which requires an 

appropriate training set, and within which it is relatively easy to define input parameters. NN methods, 

meanwhile, require more experience of the processor especially in terms of detailed knowledge of data 

and territory. Anyway, it would be useful to test other combinations of parameters with the 

classification methods in different case studies. An evaluation of vegetation indices as input data in 

classification could be another way of investigating this thematic in depth.  
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As for testing other types of data, it would undoubtedly be useful to include Sentinel -2 or 

Planet.com data (PlanetScope, SkySat) in the testing. The availability of new types of data since 2015, 

when the data used for this study were collected, has increased dramatically. So, this study can be taken 

as an inspiration for future studies that will use more modern data types or different classification 

algorithms such as the Random Forest Classifier. 

 

6. Conclusions  

The objective of this paper was to assess the WorldView-2 and Landsat 8 images along with the 

Support Vector Machine and a Neural Network classifier in the detection of bark beetle outbreaks in 

the Sumava National Park. Based on the accuracy assessment and achieved results, the Support Vector 

Machine can be considered as a more suitable method than the Neural Network. The most relevant 

parameter leading to the highest accuracy is the Kernel function in the SVM algorithm. The polynomial 

of the Kernel function provided a better accuracy than RBF. The classification system used was 

primarily designed to distinguish between the observed stages of decay and forest regeneration after a 

spruce bark beetle attack. This distinction is important from an e nvironmental point of view, from the 

perspective of decision-making processes in forestry and nature and landscape protection. The methods 

used in this study may be inspirational for testing other types of satellite data (e.g., Sentinel -2) or other 

classification algorithms in different case studies.  
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Appendix 1  

Healthy forest (Class A1) 

This class is a healthy, undamaged forest, where no signs of damage or attack by the bark beetle are 

evident. The forest vegetation in this category includes trees with a higher representation densityɭcrowns 

form a continuous canopy. As a result, trees from approximately 5 m in height are included in the category. 

Not only a coniferous but also a deciduous forest was found in the studied area. 

  

Figure A1. Aerial photo and photo of class A1.  

Affected forest (Class A2) 

The category of affected forest vegetation includes mature spruce trees that already show 

significant signs of bark beetle damage. Trees in this category have a higher representation density 

(about 50ɬ70%), but a large proportion of branches/needles are already infected. The class includes the 

red-attack and gray-attack phases. In most cases, the red-attack stage is at the time of its transition to 

the gray-attack phase. The dying trees (rusty and brownish) are surrounded by mostly dead, gray trees. 

The bedrock of the attacked forest is formed by grasses, fallen branches or trunks, moss growths and 

blueberries. 

  

Figure A2. Aerial photo and photo of class A2.  

Regenerating forest (Class A3) 

The regenerating forest class is very heterogeneous in terms of the whole territory. It is generally 

characterized by small spruce trees at a density of about 10 trees per 0.25 ha. These young trees, up to 

about 5 m tall, are unevenly spread between the isolated stumps of dead trees, and the canopy of crowns 

is not yet visible. The underlying ground is mostly composed of tall grasses, mosses, and fallen logs. 
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Figure A3. Aerial photo and photo of class A3.  

Dead forest (Class A4) 

The forest stands in the dead forest are characterized by stumps of dead mature trees that no longer 

have any living branches and are very sporadically distributed over a given area. There are a large 

number of dead trunks, branches, and windblown material on the ground. Dry trees are largely due to 

the strong winds. The underlying ground i s made up of high grasses. 

  

Figure A4. Aerial photo and photo of class A4.  

Wetlands (Class B) 

Mountain peat bogs or moors (wetlands) are a specific class for the Sumava National Park. The 

dominating vegetation in the meadows is dwarf mountain pines and water-loving plants. The area of 

the wetlands is waterlogged and typically has a specific oval or round shape since the vegetation lines 

the sprawling water surface.  
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Figure A5. Aerial photo and photo of class B. 

Clear-cut forest (Class C1) 

Forest clearings and meadows characterize wild grasses on areas without any living trees. Stumps 

or dry branches can be found in the areas. The areas of the forest clear cut by foresters are also included 

in the class. 

  

Figure A6. Aerial photo and photo of class C1.  

Permanent grasslands (Class C2) 

In the category of meadows, we use agriculturally used areas of mowed grasslands mostly in the 

vicinity of the development.  

  

Figure A7. Aerial photo and photo of class C2. 
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Water bodies (Class E) 

This category includes larger streams and watercourses in the image areas. Above all, it is the 

Roklanský stream or the Vydra and the small lakes. The category also includes shadows appearing on 

the image, due to similar spectral characteristics. 

  

Figure A8. Aerial photo and photo of class E. 

Artificial surfaces (Class F) 

The area is located in a relatively small area, mostly in a scattered form. The category also includes 

paved areas, e.g., parking or communication areas. 

  

Figure A9. Aerial photo and photo of class F. 
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Appendix 2  

Table A1. Accuracy Assessment Matrix SVMɭCombination 5. 

WorldView -2 

Reference/ 
A1 A2 A3 A4 B C1 C2 E F Total  Percent 

Classified Data  

A1 18 0 1 0 0 0 0 0 0 19 17.43 

A2 0 11 0 1 0 0 0 0 0 12 11.01 

A3 2 0 9 0 0 1 0 0 0 12 11.01 

A4 0 5 1 15 0 1 0 0 0 22 20.18 

B 0 0 1 0 10 0 0 0 0 11 10.09 

C1 0 0 0 1 0 13 1 0 0 15 13.76 

C2 0 0 0 0 0 0 5 0 0 5 4.59 

E 0 0 0 0 0 0 0 7 0 7 6.42 

F 0 0 0 0 0 0 0 0 6 6 5.50 

Total  20 16 12 17 10 15 6 7 6 109 100.00 

Percent 18.35 14.68 11.01 15.60 9.17 13.76 5.50 6.42 5.50 100.00   

Landsat 8 

Reference/ 
A1 A2 A3 A4 B C1 C2 F Total  Percent 

Classified Data  

A1 13 0 0 0 0 0 0 0 13 12.75 

A2 0 14 0 3 0 0 0 1 18 17.65 

A3 4 0 11 4 1 1 0 0 21 20.59 

A4 0 2 0 8 0 3 0 0 13 12.75 

B 3 0 1 0 9 0 0 0 13 12.75 

C1 0 0 0 2 0 10 3 1 16 15.69 

C2 0 0 0 0 0 1 3 0 4 3.92 

F 0 0 0 0 0 0 0 4 4 3.92 

Total  20 16 12 17 10 15 6 6 102 100.00 

Percent 19.61 15.69 11.76 16.67 9.80 14.71 5.88 5.88 100.00   

 

Appendix 3  

Table A2. Accuracy Assessment Matrix NNɭCombination 3. 

WorldView -2 

Reference/ 
A1 A2 A3 A4 B C1 C2 E F Total  Percent 

Classified Data  

A1 18 0 0 0 0 0 0 0 0 18 16.51 

A2 0 11 0 2 0 0 0 0 0 13 11.93 

A3 2 3 10 2 1 1 0 0 0 19 17.43 

A4 0 2 2 10 0 1 0 0 0 15 13.76 

B 0 0 0 0 9 0 0 0 0 9 8.26 

C1 0 0 0 2 0 13 1 0 0 16 14.68 

C2 0 0 0 0 0 0 5 0 0 5 4.59 

E 0 0 0 0 0 0 0 7 0 7 6.42 

F 0 0 0 1 0 0 0 0 6 7 6.42 

Total  20 16 12 17 10 15 6 7 6 109 100.00 

Percent 18.35 14.68 11.01 15.60 9.17 13.76 5.50 6.42 5.50 100.00   

Landsat 8 

Reference/ 
A1 A2 A3 A4 B C1 C2 F Total  Percent 

Classified Data  

A1 11 0 0 0 0 0 0 0 11 10.78 

A2 0 14 0 3 0 0 0 1 18 17.65 

A3 4 0 10 4 1 1 0 0 20 19.61 

A4 0 2 2 7 0 1 0 0 12 11.76 

B 5 0 0 0 9 0 0 0 14 13.73 

C1 0 0 0 1 0 11 2 0 14 13.73 

C2 0 0 0 0 0 2 4 0 6 5.88 

F 0 0 0 2 0 0 0 5 7 6.86 

Total  20 16 12 17 10 15 6 6 102 100.00 

Percent 19.61 15.69 11.76 16.67 9.80 14.71 5.88 5.88 100.00   
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Appendix 4  

 

Figure A10. Classification SVM, WorldView -2, 2016, NP Sumava. 
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Appendix 5  

 

Figure A11. Classification NN, WorldView -2, 2016, NP Sumava. 

  
























































































































































































































































































