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   A R E A 	
  

Centered	
  at	
  the	
  upcoming	
  Kavango-­‐Zambezi	
  
Transfron6er	
  Conserva6on	
  Area	
  (KAZA	
  
TFCA)	
  
	
  
•  ~	
  3.7	
  Mio.	
  km²	
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  WRS-­‐2	
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Histogram-­‐based	
  method	
  	
  
à  Path	
  reflectance	
  ρp	
  over	
  the	
  darkest	
  targets	
  in	
  image	
  

Assump6on:	
  
signal	
  over	
  the	
  darkest	
  pixels	
  is	
  mainly	
  composed	
  of	
  sca\ered	
  radia6on,	
  i.e.	
  

•  Molecular	
  sca\ering	
  (Rayleigh	
  sca\ering	
  ​𝜏↓𝑟 =0.0088​∙𝜆↑
−4.15+0.2𝜆 )	
  

•  Forward	
  and	
  backward	
  sca\ering	
  at	
  aerosols	
   ​𝜏↓𝑎 ,	
  i.e.	
  AOD	
  
	
  à	
  	
  Total	
  op6cal	
  depth:	
  𝜏= ​𝜏↓𝑎 + ​𝜏↓𝑟 	
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Pre-­‐analysis	
  of	
  all	
  available	
  Landsat	
  DN	
  images	
  
•  Find	
  darkest	
  pixels	
  in	
  each	
  image	
  
•  Determine	
  the	
  dark	
  object	
  persistency	
  (DOP),	
  i.e.	
  the	
  percentage	
  of	
  the	
  6me	
  a	
  pixel	
  is	
  dark	
  

Atmospheric	
  correc6on:	
  ρp	
  is	
  determined	
  from	
  the	
  most	
  persistent	
  available	
  pixels	
  

Dark	
  Object	
  Persistency	
  
]2005,2015]	
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ViolaIon	
  of	
  assumpIons	
  
	
  
Dark	
  objects	
  are	
  not	
  available	
  in	
  every	
  scene	
  
	
  

1.  General	
  brightness	
  of	
  the	
  study	
  area	
  
	
  especially	
  in	
  the	
  savannas	
  in	
  Namibia	
  and	
  Botswana	
  

2.  Increasing	
  effect	
  in	
  the	
  dry	
  season	
  
•  landscape	
  brightness	
  is	
  increasing	
  
•  water	
  availability	
  is	
  decreasing	
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Environmental	
  seangs	
  
	
  
Aerosol	
  loading	
  is	
  not	
  constant	
  and	
  
inhibits	
  a	
  strong	
  variability	
  
	
  
1.  Pronounced	
  seasonality	
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Modelling	
  
	
  
à  Spa6o-­‐temporal	
  ρp	
  climatology	
  
	
  

•  On	
  basis	
  of	
  the	
  succesful	
  ρp	
  retrievals	
  
•  Fallback	
  strategy	
  when	
  actual	
  AOD	
  cannot	
  be	
  retrieved	
  from	
  dark	
  targets	
  

	
  ​𝝆↓𝐩,𝒃 = ​𝑐↓0 + ​𝑐↓1 𝑋+ ​𝑐↓2 𝑌+ ​𝑐↓3 𝑋𝑌+ ​𝑐↓4 ​𝑋↑2 + ​𝑐↓5 ​𝑌↑2 + ​𝑐↓6 (DOY)+ ​𝑐↓7 ​(DOY)↑2 +
	
  	
  

	
   	
   ​𝑐↓8 𝑋​sin ⁠(​2π(DOY)∕365 ) + ​𝑐↓9 𝑋​cos⁠(​2π(DOY)∕365 ) + 	
  	
  

	
   	
   ​𝑐↓10 𝑌​sin ⁠(​2π(DOY)∕365 ) + ​𝑐↓11 𝑌​cos⁠(​2π(DOY)∕365 ) +	
  

	
   	
   ​𝑐↓12 𝑋​sin ⁠(​4π(DOY)∕365 ) + ​𝑐↓13 𝑋​cos⁠(​4π(DOY)∕365 ) +	
  

	
   	
   ​𝑐↓14 𝑌​sin ⁠(​4π(DOY)∕365 ) + ​𝑐↓15 𝑌​cos⁠(​4π(DOY)∕365 ) + 	
  	
  

	
   	
   ​𝑐↓16 𝑋​sin ⁠(​6π(DOY)∕365 ) + ​𝑐↓17 𝑋​cos⁠(​6π(DOY)∕365 ) + 	
  	
  

	
   	
   ​𝑐↓18 𝑌​sin ⁠(​6π(DOY)∕365 ) + ​𝑐↓19 𝑌​cos⁠(​6π(DOY)∕365 ) 	
  	
  
	
  

	
  

Geoloca6on	
  (X,Y)	
  

Acquisi6on	
  DOY	
  

Weighted	
  least	
  squares	
  fifng;	
  cylic	
  predic6on;	
  weights:	
  Dark	
  Object	
  Persistency	
  (DOP)	
  of	
  input	
  ρp	
  
Frantz,	
  D.,	
  A.	
  Röder,	
  M.	
  Stellmes,	
  and	
  J.	
  Hill.	
  (2015).	
  “On	
  the	
  deriva6on	
  of	
  a	
  spa6ally	
  distributed	
  aerosol	
  climatology	
  for	
  its	
  incorpora6on	
  
in	
  a	
  radiometric	
  Landsat	
  pre-­‐processing	
  framework.”	
  Remote	
  Sensing	
  Le\ers	
  6	
  (8):	
  647-­‐658.	
  DOI:	
  10.1080/2150704X.2015.1070314	
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