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Table 1 The expectation and uncertainty of 7 parameters in GOMS model
(D) ( )
nR? b R h/b Ah/b G c z G C z
0. 177 35 2.0 0.5 0. 154 0. 073 0.01 0. 506 0. 225 0. 045
0—0. 78 0—8 5 0.1—89 0—10.9 0—10 0—10 0—0. 07 0—10 0—10 0—0. 22
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Table 2 USM of GOMS model in the case of Table 1
nR? b/ R h/b An/b G c V4
60. 0000 1. 1683 0. 1563 0. 1676 0. 1533 0. 1890 13. 1395 0. 0855
46. 0000 1. 0643 0. 3348 0 1152 0. 0268 1. 2688 10. 9069 0. 0614
30. 0000 2. 0645 0. 5849 0. 2879 0 1861 1. 0393 10. 2908 0. 6476
15. 0000 3. 0440 0. 8180 0. 2536 0 2139 1. 3440 8 5673 1. 2235
0. 0000 4 0652 1. 1739 02332 0. 1761 2 0394 59914 1. 8145
—15. 0000 5. 3685 1. 5433 0. 2334 0. 1571 2. 0897 45142 2. 5451
—30. 0000 6. 6887 1. 7326 0 1747 0. 1705 L. 5645 42235 3. 2904
— 45. 0000 7. 8634 1. 7105 0. 0963 0. 2070 0. 8488 4. 4417 3. 9788
— 55. 0000 8. 3924 1. 5467 0. 0476 0. 2444 0. 4046 4. 7447 4 3168
60. 0000 1. 2967 0 1757 0. 1609 0. 1410 0. 0609 4. 2321 0. 0848
46. 0000 1. 1707 0. 3661 0. 1140 0. 0244 0. 4049 3. 4803 0. 0603
30. 0000 2 1175 0. 5850 0. 2777 0. 1641 0. 3207 3. 1757 0. 6160
15. 0000 2. 9653 0. 7686 0. 2383 0 1818 0. 3998 2. 5483 1. 1217
0. 0000 3. 7676 1. 0407 0. 2120 0. 1483 0. 5829 1. 7126 1. 5986
—15. 0000 4. 7546 1. 3090 0. 2043 0 1232 0. 5738 1. 23955 2 1539
—30. 0000 5. 7121 1. 4180 0 1477 0. 1292 0. 4150 1. 1202 2 6899
— 45. 0000 6.5193 1. 3525 0. 0790 0. 1524 0. 2187 1. 1443 3. 1594
—55. 0000 6. 8637 1. 1963 0. 0384 0. 1755 0. 1029 1. 2063 33827
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Table 3 Measured parameter values
(D) ( )
LAI u v 0 T O SKYL e T [ SKYL
2. 16 4. 203 1. 517 0. 12 0. 12 0. 07 0. 03 0. 46 0. 50 0. 12 0.05
4. 47 1. 935 2.593 0. 10 0. 10 0. 07 0. 03 0. 45 0. 51 0 12 0.05
4
Table 4 Measured parameter values
(G ( )
LAI u v ATA P T O SKYL P T Oy SKYL
2. 16 4. 203 1. 517 23. 86 0. 09 0. 11 0. 05 0. 10 0. 45 051 0. 12 0. 07
447 0 12 0. 10 0. 07 0. 45 0. 51 012
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Value #10 T % BaRt R N [ 3

Sparse Cotton -Cotton Soybean :Com
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Fig 2 Inverted results comparison using sensitive and non-sensitive measurement data sets

5 SAIL ( )
Table 5 The expectation and uncertainty of parameters in SAILmodel (Cotton)
NIR RED
LAI u v
0 T e, DKYL e T o, DKLY
3 3 1 45 51 10 5 10 10 5 8
1—5 1—5 013 43— 47 49—53 6— 14 1—9 8§—12 8§—12 1—9 4—12
6 SAIL ( )
Table 6 Inverted parameters using SAIL model (Cotton)

LAT u v e T [ SKYL ALA

NIR 2.40 312 225 43. 44 51. 02 6 1. 92 37.67

RED 2. 19 4. 59 1. 47 9. 59 10. 24 4.6 11. 98 21.78

NIR 2.03 2. 98 1. 96 44. 83 51. 14 10. 31 4. 93 35.70

RED 1. 49 3. 89 0. 80 8 68 10. 39 5. 81 80 17. 60
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Table 7 The expectation and uncertainty of parameters in SAILmodel (Soybean)
NIR RED
LAI u v
0 T O DKLY e T O DKLY
4 2 3 45 51 12 5 12 10 7 8
2—6 01—4 1.0—50 | 43—47 49—53 10— 14 1—9 10— 14 8§—12 5—9 4—12
8 ( )
Table 8 Comparison of inverted parameters with different in version strategy
LAI u v e T Oy SKYL ALA
NIR 4. 51 2.82 302 45. 02 50. 21 11. 96 5. 01 46. 51
RED 50 3.15 2.76 12. 02 10. 3 7.0 8 0 42. 0
NIR 4. 15 3.75 2.98 45. 02 50. 15 1211 5. 01 39. 89
RED 3. 99 4.13 2. 71 12. 02 10. 03 7.0 80 35.85
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Uncertainty and Sensitivity Matrix of Parameters in Inversion of Physical BRDF Model

Li Xiaowen Gao Feng
(Institute of Remote Sensing Application, CAS, Beijing 100101) (Nanjing Institute of Geography and Limnology, Nanjing 210008)
Wang Jindi Zhu Qijiang
(Institute of Remote Sensing App lication, CAS. Beijing 100101) ( Beijing Normal U niversity. Beijing 1000875))

Abstract Physical BRDF models are usually very complex and difficult to invert. We usually need to employ a
priori knowledge in this or that way, fix some parameter values and invert some others. Usually most of us agree
that non—sensitive parameters should be fixed. But there has not been any consen— sus on how to define the
sensitivity of aparameter in inversion. Li and Strahler, Li and Wang also suggested that only those the most sen-
sitive and most uncertain parameters should be inverted by using a subset of observations. But they failed to spell
out how to determine such “most sensitive and most uncertain” parameters and how to find such a subset of ob-
servations. This lacking of consensus and quantitative rules makes inversion of physical BRDF models a case—by
—case “trick” or an “art but science”

We tried to develop a general framew ork for BRDF model inversion. It is based on accumulation of know I-
edge and an inversion strategy which we called M ulti— stage, Sample— direction Dependent, Target—decisions
(MSDT) .

Presently, our knowledge include: 1) DTM; 2) previous land— cover classification; 3) seasonal change
pattern of these land— covers; 4) right model for every type of landcovers; 5) physical limitations (or none)
of each parameter in each model; 6) a best guess of each parameter value and the uncertainty of such guess.

Our MSDT inversion strategy is based on an Uncertainty and Sensitivity Matrix (USM ) of parameters at
given directions/ bands of observations. Its definition is somehow analogous to the partial derivative matrix used
in New ton methods for minimization, but there are three significant differences: suchguess. 1) The uncertainty
of the initial guess is taken into account; 2) It is less dependent on the initial guess; 3) All elements have the
same unit and therefore quantitatively comparable. An example of USM from Li— Strahler GOM'S model and
ASAS sampling will be presented, and it is obvious from the matrix what parameter should be inverted first,
and what subset of observations should be used. Another example of USM from SAIL model and hemispherical
sampling is also presented. Comparison between inversion errors of using different subsets of samples show USM
could be a helpful concept in BRDF inversion.

Key words Bidirectional reflectance, Inversion, Uncertainty, Sensitivity, Target— decision



