Solving In erse Problems Ba esian Iterativ In ersion of orw ard Mo del with Applications to arameter Mapping using SMMR Remote Sensing Data Daniel T. Da vis, Zhengxiao Chen, Jenq-Neng Hw ang, Leung Tsang Departmen of Electrical Engineering, FT-10 Univ ersit of ashington Seattle, ashington 98195 da visd@ee.w ashington.edu and Eni Njoku Jet Propulsion Lab oratory California Institute of ec hnology asadena, California ABSTRA CT In erse problems ha een often considered ill-p osed, i.e., the statemen of the problem do es not thoroughly constrain the solution space. In this pap er tak adv an tage of this lac of information adding additional informativ constrain ts to the problem solution using Ba esian metho dology Ba esian mo deling gains uc of its er from its abilit to isolate and incorp orate causal mo dels as conditional probabilities. As causal mo dels are accurately represen ted forw ard mo dels, con ert implicit functional mo dels in to data driv en forw ard mo dels represen ted neural net orks, to used as engines in Ba esian mo deling setting. Remote sensing problems a�ord opp ortunities for inclusion of ground truth information, prior probabilities, noise distributions, and other informativ constrain ts within Ba esian probabilistic framew ork. �rst apply these Ba esian metho ds to syn thetic remote sensing problem, sho wing that the erformance is sup erior to previously published metho of iterativ in ersion of neural net orks. Next, micro brigh tness temp eratures obtained from the Scanning Multic hannel Micro Radiometer (SMMR) er the African con tinen are in erted. The alues of soil moisture, surface air temp erature and egetation moisture retriev ed from the in ersion pro duced con tours that agree with the exp ected trends for that region. In erse Problems In Remote Sensing Remote sensing problems are of the general class of in erse problems, where ha measuremen ector from whic wish to infer the parameter ector that ga rise to it. The in erse problem is di�cult for the follo wing reasons. First, the in erse mapping is ery often man y-to-one mapping, with more than one parameter whic could accoun for the observ ed measuremen Second, the relation et een remote sensing measuremen ts and the medium parameters is highly nonlinear. In the past, the simplifying appro ximation of single scattering is used so that the scattering measuremen ts are linearly related to the medium geoph ysical parameters, allo wing easy in ersion of parameter alues. Third, the linear in erse problem is often in the form of redholm equation of the �rst kind, making the metho ill-conditioned. arious tec hniques, suc as the regularization metho and the Bac kus-Gilb ert in erse tec hniques ha een used to obtain stable solution ]. ourth, the amoun of remote sensing measuremen ts is enormous so that it is desirable that the parameter mapping can done in sp eedy manner. Fifth, past solutions of in erse problems merely consisted of matc hing the remote sensing measuremen ts to the scattering mo del without using other information sources. Satellite remote sensing has the additional feature that whole set of er some region denoted ositions are to in erted to their resulting Figure details the di�eren quan tities and information sources ailable in remote sensing problem. The parameter ector and the measuremen ector are related some ph ysical pro cess ), or erhaps where denotes some hannel or sensor noise ector from the ph ysical pro cess. Remote sensing problems are esp ecially rip for Ba esian metho ds ecause the are in general not indep enden t, i.e., they ary smo othly according to their ositions. In addition, there often exist certain ground truth alues for an particular problem. This ground truth information tak es couple of distinctiv forms. One form is mo del ground truth. In general, will mo deled according to an appro ximate analytic mo del obtain mo del ground truth when ha exp erimen tal measuremen ts of link ed to the resulting Similarly ha con tour ground truth cg when kno the parameters for particular lo cations Ba esian metho dology allo ws meaningful and rigorous incorp oration of eac of these information sources in to the in erse problem solution. Recen tly neural net ork pro cesses ha een used for parameter retriev al ]. Scattering mo dels are used to train the neural net ork to the nonlinear relations et een parameters and computed brigh tness temp eratures and scattering co e�cien ts. Once the neural net ork is trained, parameter in ersion can erformed sp eedily The parameter ector and the measuremen ector are related ph ysical pro cess ). In initial ork with neural net orks, an explicit in erse pro cess as used ]. This assumes that for measuremen unique in erse exists that will yield This do es not ork ell where the mapping is man y-to-one. deal with the man y-to-one mapping, later used an iterativ constrained in ersion tec hnique ]. In the iterativ constrained in ersion, use the ultila er erceptron (MLP) neural net ork to facilitate solving the in erse problem. The MLP is �rst trained to matc the input-output relationship of ph ysical mo del, with input of geoph ysical parameters and output of measuremen ts. With the trained MLP parametric represen tation is established so that the gradien ts of the geoph ysical parameters with resp ect to the measuremen ts can tak en, giving means to erform directed searc of the input space to lo cate set of geoph ysical parameters whic could accoun for the giv en set of measuremen ts. The pro cess of searc hing the input space of MLP using the gradien of the output error is kno wn as iterativ in ersion 10 ]. Iterativ in ersion allo ws use of man di�eren cost functions, and the imp osition of man di�eren constrain ts. The use of neural net ork also giv es the opp ortunit to incorp orate mo del ground truth data in to the training of the mo del, giving us syn thesis of theoretical and measured data in the trained forw ard mo del 11 ]. Iterativ in ersion of trained forw ard mo del as sho wn sup erior to using an explicit in erse to erform the in erse problem ]. While iterativ in ersion giv es impro ed erformance er an explicit in erse, it is in some ys unsatisfactory The mec hanisms ailable to con trol the iterativ in ersion pro cess, the starting oin t, cost function, and stopping criteria, app ear inadequate for the ultitude of informational sources ould lik to include in the pro cess. Iterativ in ersion of neural net ork has no straigh tforw ard to tak mo del mismatc error and sensor error in to accoun t, while incorp oration of priori kno wledge, suc as con tour ground truth data and smo othness constrain ts, can only erformed on ery ad ho basis. Finally the mec hanisms ha at our disp osal in the metho of iterativ in ersion of neural net ork ha no ph ysical signi�cance, so they can only adjusted through ad ho means. In this pap er, use Ba esian approac of parameter retriev al. Ba esian approac as �rst in tro duced Besag 12 in the con text of an image restoration problem. In the Ba esian approac h, the parameter retriev als are erformed maximizing the osterior probabilit The osterior probabilit is brok en do wn in to smaller, ph ysically meaningful conditional probabilities. Ba esian mo deling gains uc of its er from its abilit to isolate and incorp orate causal mo dels as conditional probabilities. As causal mo dels are accurately represen ted forw ard mo dels, con ert implicit functional mo dels in to data driv en forw ard mo dels that are represen ted neural net orks. These are then used in Ba esian mo deling setting. In Section 2, describ the Ba esian mo del in terms of conditional probabilities that tak in to accoun ground truth information and parameters determined at neigh oring sites. In Section 3, describ the metho ds of form ulating the di�eren conditional probabilities in the Ba esian mo del. In Section 4, sho examples of parameter retriev al based on syn thetic data and sho that the Ba esian metho has sup erior erformance to that of iterativ in ersion. In Section 5, erform parameter retriev al using SMMR (Scanning Multic hannel Micro Radiometer) data tak en er Africa. The micro emission mo del of Kerr and Njoku 13 is used to train the neural net ork and arious conditional probabilities are presen ted. The parameter mapping of soil moisture, egetation moisture, and surface air temp erature agree with exp ected trends in Africa. Ba esian Iterativ In ersion Using Neural Net ork Ba esian probabilistic framew ork allo ws incorp oration of arious informational sources in rigorous and ph ysically meaningful use maximum osterior (MAP) framew ork based on Ba esian analysis to estimate the optimal in erse geoph ysical parameters iterativ ely for the remote sensing applications. iterativ ely searc for the \optimal" in erse geoph ysical parameters giv en the measuremen ts the trained neural net ork represen tation (trained the data from the theoretical electromagnetic scattering mo del), the limited amoun of ground-truth data, the lo cal con tin uit prop ert of parameters (usually describ ed as Mark random �eld neigh orho form ulation), the sensor noise haracteristics of remote sensing measuremen ts, etc. The Ba esian framew ork allo ws incorp oration of man information sources, pro viding additional constrain ts for the ill osed in erse problem. The framew ork has close relationship with previous ork of Besag on Ba esian metho ds applied to an image restoration problem 12 ]. Let the index of the sites in the area of in terest. Let and resp ectiv ely the geoph ysical parameters and measuremen ts at the th site. The sets and denote the parameters and measuremen ts at the sites of in terest. Let the conditional probabilit of the set of parameters giv en the set of measuremen ts In Ba esian in ersion, an to �nd the whic maximizes the osterior probabilit ). This ma erformed iterativ ely if note that applying simple Ba esian analysis: gj (1) gj The second term is indep enden of so maximization of will alw ys monotonically increase ). If consider eac as the ph ysical cause of eac asso ciated ma write: (2) If let s=i denote the set of parameter ectors asso ciated with the neigh oring sites of the th site, and assume standard Mark random �eld assumption that is conditionally indep enden of an not con tained in the neigh orho set s=i standard Mark random �eld assumption ), ma conclude that s=i (3) rom (1)-(3), it follo ws that to maximize it is su�cien to iterativ ely select eac site and estimate the parameters whic maximize the osterior probabilit s=i ). The metho of maximizing through iterativ maximization of eac s=i is called iterated conditional mo des. By using Ba es theorem, con ert s=i in to um er of smaller, ph ysically meaningful conditional probabilities: max s=i s=i s=i s=i s=i s=i s=i where denotes prop ortional to. In (4), since the maximization is with resp ect to an terms without can dropp ed out. Note that are no left with simple maximization problem on s=i ). ast arra of searc tec hniques ma brough to ear, including sim ulated annealing, Gibbs sampling, conjugate gradien t, gradien descen t, and gradien descen with momen tum. The sim ulations in this pap er are erformed with gradien descen with momen tum. Construction of the Di�eren Conditional Probabilities in the Ba esian Mo del The three probabilit distributions, the sensor noise and mo del mismatc distribution ), the neigh- orho distribution s= ), and the prior distribution ), when ultiplied together, are prop ortional to s=i ), and so allo us to iterativ ely up date the Figure illustrates the functioning of the di�eren distributions. The neural net ork op erates within the sensor noise and mo del mismatc distribution. In the follo wing, describ ho these three probabilit distributions can constructed. 3.1 The Neigh orho Distribution s=i The neigh orho distribution, s=i ), can adopt the standard Mark random �eld (MRF) mo deling under the Gibbs distribution form ulation 14 or the probabilistic neural net ork mo deling prop osed Hw ang 15 ]. Once system is up and running whic repro duces terrains from measuremen ts, the reconstructed terrains could used to generate these densities through statistical densit estimation 16 ]. The distributions s=i and are used in com bination, since mo deling the full distribution s=i ould pro ery di�cult for the mo deler if one an ts to set all parameters according to ph ysically meaningful in tuition. In the sim ulations of this pap er, s=i is the collectiv set of parameters asso ciated with the eigh neigh ors whose geographical lo cations are adjacen to that of the -th site and s=i is mo deled as pro duct of indep enden Gaussian ), with mean mm and co ariance matrix mm for eac oin in s=i 3.2 The Prior The probabilit is called the prior distribution of It con tains information of the priori probabilit distribution of the parameters at the site Generally dep ends on the geographical osition of site In our sim ulations, mo del as Gaussian with mean and co ariance 3.3 The Sensor Noise and Mo del Mismatc Distribution is the conditional probabilit of the measuremen giv en the parameters Let the true ph ysical pro cess that ould giv in the absence of sensor noise. Th us where denotes noise in the remote sensing pro cess. Ho ev er, is di�cult to obtain in practice requiring exact solution of Maxw ell’s equations for ery complicated en vironmen ts of random media and random rough surface. Instead appro ximate simpler electromagnetic micro emission mo del. This electromagnetic mo del is further used to train neural net ork. The resulting neural net ork represen tation is denoted ). Th us there ould mo del mismatc error of ). mo del the measuremen noise and the mo del mismatc error as indep enden Gaussian pro cesses. Th us the conditional probabilit is Gaussian distribution on the measuremen with mean of the mo del output and co ariance matrix for whic and denote co ariance matrices for sensor error, ), and mo del mismatc error, ), resp ectiv ely Note that it is during the maximization of eac individual s=i that it ecomes necessary to tak the gradien of function of ). This is where neural net ork is applied in our algorithm. Sim ulation Results based on Syn thetic Data test the comparativ erformance of the prop osed Ba esian iterativ in ersion ersus con en tional iterativ in ersion, an arti�cial landscap of 2-d geoph ysical parameters is created at lo cations They are run through an arti�cial function and corrupted Gaussian noise to pro duce the asso ciated 2-d measuremen ts Eac output measuremen is created with indep enden Gaussian noise of zero mean and standard deviation 0.01, appro ximately 1% of the full range of eac co ordinate of Figure and Figure displa the original function ), and the original landscap of parameters, at lo cations resp ectiv ely 2-la er MLP is trained as forw ard mo del ), training from the geoph ysical parameters to the measuremen ts. The arious parameters for the Ba esian iterativ in erse metho are set according to statistics appropriately tak en from the giv en landscap and noise distribution. is set according to the noise of standard deviation 0.01, is set to zero (no mo del mismatc error), giving The mean and co ariance matrix of the prior are calculated from the as is mm the co ariance matrix of the neigh orho distribution. The initial starting oin ts for oth iterativ pro cesses are calculated from eigh ted erage of the 10 con tour ground truth oin ts (the ten corresp onding to 10 randomly selected con tour ground truth lo cations eigh ted according to distance to eac con tour ground truth oin t, as in ]. The syn thetic landscap is then reconstructed using the iterativ in ersion of the neural net ork and Ba esian iterativ in ersion. The results are displa ed in Figure and Figure 6, with the error et een the reconstructed and original landscap es lab eled at the top of eac plot. see that Ba esian iterativ in ersion, whic tak es adv an tage of prior probabilit of noise statistics, Mark random �eld prop erties, and con tour ground truth, has sup erior erformance to iterativ in ersion of neural net ork. Let us note, ho ev er, that the Ba esian metho dology used do es not en tirely oid the man to one problems inheren in in erse problems, it only reduces the lik eliho of man to one problems in tro ducing more informa- tional constrain ts through probabilit distributions. Note the large error in the neigh orho of 2) (1 0). It app ears that for oin ts in that region, the iterativ searc pro cess ecame trapp ed in minima signi�can tly re- mo ed from the \true" minima. Applying statistical searc metho ds instead of gradien descen ould certainly help alleviate those problems. Ho ev er, in the general case, when di�eren parameter sets accoun equally ell for the measuremen set, according to the criterion of selection used, there is de�nition no meaningful to ho ose et een the parameter sets. Hence the imp ortance of in tro ducing man informational constrain ts as ossible in to the problem form ulation, th us eliminating as man spurious solutions as ossible. Finally while the results are not displa ed here, an explicit in erse as applied to this problem, and it pro duced extremely or erformance. Application to arameter Retriev al using SMMR Data er Africa The problem of reco ering geoph ysical parameters from micro measuremen ts is next examined. ulti- la er erceptron (MLP) neural net ork as built, and then trained with data pro duced from passiv radiativ transfer mo del to giv ). 5.1 Micro Emission Mo del The mo del used to haracterize the micro emission as dev elop ed Kerr and Njoku 13 ]. This mo del is radiativ transfer mo del that tak es soil moisture, soil temp erature, and egetation moisture as input parameters and pro duces as output dual olarized brigh tness temp eratures at 6.6, 10.7, 18, and 37 GHz. These frequencies corresp ond to those recorded the satellite Scanning Multic hannel Micro Radiometer (SMMR). The micro mo del depicts the earth’s surface as three la er en tit y: soil la er, egetation la er, and an atmosphere la er. The brigh tness temp eratures observ ed the satellite can originate in emission from an of the three la ers. This emission can tra el up ard to ards the satellite, exp eriencing atten uation as it tra els through the la ers, or (in the case of atmosphere or canop emission), it can tra el do wn ard and ecome re ected up ard o� the soil oundary also undergoing atten uation as it tra els. The comp onen ts con tributing to the satellite observ ed micro brigh tness temp eratures are sho wn in Figure 7. The radiation comp onen ts are 1) up ard atmospheric emission, 2) up ard soil-surface emission atten uated through the canop and atmosphere, 3) do wn ard atmospheric emission re ected o� the soil surface and atten uated the atmosphere and egetation canop 4) up ard canop emission atten uated the atmosphere. 5) do wn ard canop emission re ected o� soil surface and atten uated through canop and atmosphere. Th us, the brigh tness temp erature can written as sum of these �v terms, (4) where au (5) exp au sp exp (6) exp au ad sk sp exp (7) (1 (1 exp )) exp au (8) (1 (1 exp )) exp exp au sp (9) and au and ad are up ard and do wn ard atmospheric opacities au and ad are up ard and do wn ard atmospheric radiation comp onen ts sk is cosmic bac kground radiation sp and sp are surface re ectivit and emissivit and sp sp is eigh ted soil temp erature including the e�ects of subsurface temp erature pro�les. and are canop temp erature, opacit and single-scattering alb edo In this pap er, four frequencies ere used (6.6, 10.7, 18 and 37GHz), and for these frequencies the atmosphere as assumed to ha no e�ect au ad au ad sk 0. With these assumptions, the resulting brigh tness temp erature is sp exp {z (1 (1 exp )) exp sp {z (1 (1 exp )) {z (10) compute the satellite brigh tness temp erature using the ab equation, the egetation state ust sp eci�ed in terms of its opacit and temp erature, while the soil ust giv en in terms of its emissivit and eigh ted temp erature Where canop exists, is assumed equal to the surface air temp erature air The micro parameters for canop opacit ere expressed in terms of geoph ysical parameters using form in tro duced Kirdiashev 17 and adjusted Kerr and Njoku 13 to correlate with empirical data published in the literature 00 sw sec =: (11) where is canop mo del co e�cien related to egetation yp e, is the micro frequency is the ater con ten er unit area (kg/m ), 00 sw is the imaginary part of the dielectric constan of saline ater in the egetation, and is the micro viewing angle. The expression for canop brigh tness temp erature can also incorp orate measure of canop co er to tak in to accoun the fractional co erage of egetation in semiarid regions. req. (1- (1- 6.6 air 0.875 0.95 0.0 1.7 10.7 air 0.87 0.953 0.14 1.5 18 air 0.887 0.957 0.26 0.7 37 air 0.903 0.965 0.31 0.01 able 1: The hosen alues of the surface air temp erature air and soil temp erature single scattering alb edo and the olarization factor and roughness heigh parameter The remaining micro parameter, soil re ectivit can lik ewise expressed for olarizations and sp Qr oq (1 op exp cos (12) where p; and and is olarization coupling factor, is roughness heigh parameter and op and oq are the resnel re ectivities of the and olarizations, resp ectiv ely The resulting form of the mo del allo ed sp eci�cation of three geoph ysical parameters as input parameters: egetation moisture, soil moisture, and surface air temp erature (assumed equal to canop temp erature). Where there is egetation canop the canop temp erature is set equal to the surface air temp erature. The output of the mo del generated four dual olarized brigh tness temp eratures (6.6, 10.7, 18, and 37 GHz). Th us, the mo del pro vided three input, output (four frequencies olarizations) system for haracterization of the African con tinen t. The di�erences et een air and are due to the fact that the soil thermal emission arises from eneath the soil surface. The di�erence is larger for lo er frequencies ecause of the deep er enetration in to the soil. The roughness parameters and are hosen so that the brigh tness temp erature measuremen ts are in agreemen with few sites er the region of the Sahara desert whic do not ha egetation co er. In the past, other parameters and ha een used 18 ], but they ere tak en er uc smaller region, whereas the SMMR data are tak en er uc larger fo otprin requiring di�eren set of and The egetation scattering alb edo alues of and are hosen so that the brigh tness temp erature measuremen ts agree with few sites er the Zaire region whic is co ered with forests and has no soil e�ect on the brigh tness temp eratures. 5.2 raining the Net ork train the net ork, input-output sets ere needed to determine the net ork eigh ts. These sets ere generated arying all three input parameters (soil moisture, surface air temp erature, and egetation moisture) er their ph ysical range, and utilizing the micro mo del to obtain corresp onding brigh tness temp eratures. or Africa it as assumed that the range for soil moisture as from 03 to g/cm surface air temp erature ranged from to 40 C, and egetation moisture aried et een 01 and 10 kg/m en discrete alues ere pro cessed for soil moisture and surface air temp erature, selected according to linear scale along the parameter ranges, and normalized to lie et een and for input to the neural net ork. Because of the greater dynamic range of egetation moisture, 16 discrete alues ere selected according to logscale along the parameter range, with the logscale alues linearly normalized to lie et een and for input to the neural net ork. th us pro duced 10 10 16 1600 input parameter ectors. The micro emission mo del pro duced the brigh tness measuremen ts, for olarizations at frequencies, corresp onding to the input parameter ectors. The resulting brigh tness measuremen ts ranged roughly et een 205K and 305K, and ere also normalized to lie et een and for use with the neural net ork. th us created 1600 normalized input-output pairs to train the neural net ork. The neural net ork hosen for the problem as ultila er erceptron (MLP). treatmen of the details of training MLP can found in 19 ]. The MLP used la ers of sigmoid neurons, fully in terconnected et een la ers, with 40 hidden neurons. The eigh ts ere randomly initialized with dynamic range in ersely prop ortional to the fan-in neuron size. The MLP as trained the standard bac k-propagation learning algorithm based on gradien descen searc with momen tum 20 ]. 5.3 The SMMR Data used SMMR data obtained et een the sixth and ten th da ys of Jan uary 1982. The brigh tness temp eratures ere from the African con tinen t. The SMMR imaging system is �v frequency dual olarized radiometer with conical cross-trac scan pro viding constan lo cal incidence angle of 50 Details of the instrumen t’s design and calibration can found in 21 and 22 ]. The SMMR data ere obtained as calibrated, gridded brigh tness temp eratures on TCT map tap es from the Go ddard Space Fligh Cen ter. The data ere gridded on 0.5 degree latitude-longitude grid at all frequencies, although the inheren spatial resolution of the data aried from appro ximately 30 km at 37 Ghz to 150 km at 6.6 GHz. Eac elemen in the grid corresp onds to brigh tness temp erature for particular frequency and olarization in ten ths of degree Kelvin. 5.4 Setting the Ph ysical arameters of Ba esian Iterativ In ersion The Ba esian metho dology requires estimates of ph ysical parameters to describ the arious probabilities and conditional probabilities. or the prior probabilit ), the mean and co ariance matrix ere estimated from con tour diagrams of egetation yp e, erage rainfall, and erage temp erature 24 ]. The means of the geoph ysical parameters are tak en as estimated in Figure 8, and the means are lo cation dep enden t. The co ariance is constan er all oin ts, indep enden in eac input dimension, and based on standard deviation of 0.1 in the normalized input parameters. The co ariance matrix asso ciated with the neigh orho distribution s=i as also set based on stan- dard deviation of 0.1 in eac of the normalized input parameters, with eac input parameter considered indep en- den of the others. The co ariance of the sensor error and mo del mismatc distribution as similarly set to corresp ond to indep enden noise in the brigh tness hannels. This time, allo ed for magnitudes of standard deviation, normalized alues of .02 and .05 (whic corresp ond to and K). smaller standard deviation represen ts more con�dence on the electromagnetic mo del. larger standard deviation will put more eigh on the prior distribution and the neigh orho distribution s=i ). 5.5 erforming Ba esian Iterativ In ersion The algorithm of iterated conditional mo des maximizes iterativ ely selects eac site and estimate the parameters whic maximize the osterior probabilit s=i ). Eac as initialized to equal to it’s prior mean (recall that the prior means are lo cation dep enden t). Since the prior distribution indicates our exp ectations efore receiv an data, it is only natural to use it as the initial alue. After initialization, the algorithm selected eac successize lo cation and maximized s=i gradien descen t. When all had een visited, called one completed iteration, the algorithm started bac at the �rst The pro cess as stopp ed when the total hange summed er all et een one completed iteration and the next as less than 1% of the hange et een the initial alues and the �rst completed iteration. 5.6 Results and Discussions In Figures 7,8, and 9, sho the results of applying the Ba esian iterativ in ersion to the SMMR data er Africa In Figure 7, sho the prior distribution for the three parameters: (a) egetation moisture, (b) surface air temp erature, and (c) soil moisture. All three parameters are normalized to the range of to 1. The actual ph ysical alues of the ranges are as follo ws. The moisture con ten of egetation is et een 0.01 =m to 10 =m log to the base 10 scale, i.e log 2) 3, where is the ph ysical alue of egetation moisture in =m while is the map alue normalized et een and 1. or surface air temp erature, the ph ysical alue range is et een degrees cen tigrade and 40 degrees cen tigrade. Th us 36 4, where is the ph ysical surface air temp erature in cen tigrade and is the map alue normalized et een and 1. Similarly for soil moisture, the range of ph ysical alue is et een 0.03 m=cm to 0.3 m=cm Th us 27 03 where and are resp ectiv ely the ph ysical alue m=cm and the map alue. In Figure and 9, sho resp ectiv ely the retriev ed maps for standard deviation of and for the brigh tness temp erature noise resp ectiv ely Figure sho ws the mean alues of the prior distribution. They are estimated from published maps of egetation yp e, rainfall, and Jan uary temp erature. Ho ev er, mak the geoph ysical distributions coarse for the purp ose of examining ho the retriev ed maps of Ba esian iteration metho compare with the prior. rough estimate as tak en of eac latitude longitude square area according to the geoph ysical maps, and the result as smo othly in terp olated et een the cen ters of the squares areas. In Figure 7a and 7c, sho resp ectiv ely the mean of the prior distribution for egetation moisture and soil moisture. They are assigned high alues for the forests of Zaire, and small alues for the Sahara desert. The Namib Desert is assigned small alue of soil moisture. In �gure 7b, sho the assigned alues of surface air temp erature for the prior distribution. In Jan uary the surface air temp erature is mo derate in cen tral Africa and decreases to ards the Sahara desert. In Figure 8, sho the retriev ed maps based on noise. This means that the computed brigh tness temp eratures of the micro emission mo del are assumed to correct to within 5K Gaussian noise. Using 5K noise instead of 2K noise means relativ ely more eigh is attac hed to the prior than to the micro thermal emission mo del. Although the retriev ed maps follo trends with the prior, the retriev ed maps bring out �ner scale features than those pro vided the coarse prior geographical distribution. Because the smo othing e�ects of the neigh orho distribution and the prior are eigh ted more for 5K noise ersus 2K noise, the retriev ed maps for 5K noise ha more gradual hanges of parameters from one region to another when compared with the retriev ed maps for 2K noise. On comparison with published maps, conclude that some of the encouraging features of the retriev ed map include (a) on the erage, the retriev ed map sho ws lo er temp erature than the prior (b) the retriev ed map sho ws higher temp erature for the Kalahari desert, (c) the micro emission mo del is for land rather than for cean and lak region. Those regions ha uc lo er brigh tness temp eratures. Th us the retriev ed map sho ws lo er temp eratures for the Lak Victoria, Lak angan yik regions as ell as the coastal regions. (d) it main tains the same high temp erature for Sudan, (e) it main tains practically zero egetation moisture for Sahara with sligh increase in soil moisture, (f it sho ws small alues of egetation moisture for the Namib Desert and the Kalahari desert, an impro emen er the prior, (g) it sho small soil moisture for more extended region around the Namib Desert and the Kalahari desert (h) it sho ws ev en smaller soil moisture for the sa annasa in Somalia (i),it sho ws ev en higher egetation moisture for Zaire and Congo. (j) it sho ws more egetation moisture in Zam bia. In Figure 9, sho the retriev ed maps based on 2K mo del noise. This means that more eigh is attac hed to the mo del than to the prior and neigh orho smo othing. The retriev ed maps sho substan tial di�erence from the prior .On comparison with the prior maps and the 2K maps, conclude the follo wing. (a) the egetation moisture map follo ws similar trend to the 5K case but with more extreme alues. It sho ws large egetation moisture in Zaire, Congo, Camero on and the Iv ory Coast. It sho ws ery small alue for the desert regions of Sahara Namib and Kalahari, as ell as Somalia, Ethiopia Ken and the inland region of anzania. (b) the temp erature map follo similar trend to the 5K case except for higher temp erature in the Sahara and lo er temp erature for the Kalahari desert, (c) the soil moisture sho ws the largest disagreemen with the 5K case. It giv es uc lo er alues for Botsw ana, Nam bia and the estern art of South Africa. Ho ev er, it giv es apparen tly erroneous alues of larger soil moisture for the Sahara region. Since the 2K case fa ors the micro emission mo del and the sahara has little egetation, this suggests that the roughness mo del or the roughness parameters ma not satisfactory The results of application of the Ba esian approac to SMMR data er Sahara indicate the in ersion of parameters from the measured brigh tness temp eratures do giv impro ed alues er the prior distribution, in particular, for the 5K case. Ho ev er, when more eigh is giv en to the mo del as in the 2K case, it can giv non-satisfactory results for some regions. This indicates that more accurate electromagnetic scattering and emission mo del ma necessary in order to giv etter results. On the other hand, the retriev al can also impro ed with more information sources that can built in to the Ba esian approac h. Conclusion Using Ba esian metho dology exploit information relev an to an in erse problem, helping to narro do wn the man in man y-to-one in erse problems. Ba esian mo deling gains uc of its er from its abilit to isolate and incorp orate causal mo dels as conditional probabilities. Remote sensing problems a�ord opp ortunities for inclusion of ground truth information, prior probabilities, noise distributions, and other informativ constrain ts within Ba esian probabilistic framew ork. The Ba esian metho dology also solv es some of the issues in in erse problems in remote sensing. The man y-to-one mapping problem is dealt with in tro ducing more informational constrain ts through probabilit distributions. The neural net ork training can deal with nonlinear relations e- een parameters and measuremen ts. The maximization of arious conditional probabilities serv es as smo othing pro cess so that the in ersion is stable. Since the forw ard mapping has een used to train the neural net orks, directed searc in the neural net ork can erformed sp eedily This pap er represen ts an e�ort at application of Ba esian iterativ in ersion to retriev al of geoph ysical parameters. Enhancemen to the metho fall in to categories: application sp eci�c re�nemen ts and algorithmic enhancemen ts. Problem sp eci�c re�nemen ts ould include more accurate and meaningful form ulation of priors, suc as enforcing relationships et een egetation moisture and soil moisture, and altering the ph ysical mo del to relax assumptions and include other parameters, suc as atmospheric emission and absorption. Algorithmic enhancemen ts include hanging the optimization metho from gradien descen to more sophisticated metho ds, suc as Gauss Newton or Gibbs sampling. References [1] G. Bac kus and F. Gilb ert, \Uniqueness in the In ersion of Inaccurate Gross Earth Data," Phil. rans. R. So c. London Ser. A266, pp. 123-192, 1970. [2] A. N. Tik ono v. \Regularization of incorrectly osed problems", Dokl. Ak ad. Nauk SSSR 153, 49; So viet Math Dokl. 4, 145-147. [3] A. Ishimaru, \W Propagation and Scattering in Random Media", ol. 2, Academic Press, 1978. [4] Chang, A.T.C., Tsang, L,, "A Neural Net ork Approac to In ersion of Sno ater Equiv alen for assiv Micro Measuremen ts", Nordic Hydrology 23, pp 173-182, 1992 [5] D. T. Da vis, Z. Chen, L. Tsang, J. N. Hw ang, A. T. C. Chang. \Retriev al of sno parameters iterativ in ersion of neural net ork", IEEE rans. on Geoscience and Remote Sensing, ol. 31, Num er 4, pp. 842-852, July 1993. [6] L. Tsang, Z. Chen, Seho Oh, R.J. Marks I, and A.T.C. Chang, \In ersion of Sno arameters from assiv Micro Remote Sensing Measuremen ts Neural Net ork rained with Multiple Scattering Mo del", IEEE rans. on Geoscience and Remote Sensing, ol 30, no. 5, pp. 1015-1024, Sept., 1992. [7] M. S. Da wson, A. K. ung. ’Neural Net orks and Their Applications to arameter Retriev al and Classi�ca- tion", IEEE Geoscience and Remote Sensing Sensing So ciet Newsletter, pp 6-14, Septem er 1993. [8] L. Zurk, D. Da vis, E. G. Njoku, L. Tsang, J. N. Hw ang. \In ersion of parameters for semiarid regions neural net ork", IEEE In ternational Geoscience and Remote Sensing Symp osium, pp. 1075-1077, Houston, exas, Ma 1992. [9] J. N. Hw ang and C.H. Chan, \Iterativ constrained in ersion and its applications", 24th. Conf. on Information Systems and Sciences, Princeton, pp. 754-759, Marc 1990. [10] A. Linden and J. Kindermann. \In ersion of ultila er nets", In Pro c. In t’l Join Conf. on Neural Net orks, 425-430, ashington D.C., June 1989. [11] J. N. Hw ang, D. T. Da vis, L. Tsang. \Lo cally tuned neural net orks for ground truth incorp oration", IEEE In ternational Geoscience and Remote Sensing Symp osium, pp. 1064-1066, Houston, exas, Ma 1992. [12] J. Besag. \On the statistical analysis of dirt pictures", J. R. Statist. So c., series B, (48):259-302, 1986 [13] Y. Kerr and E. Njoku, "A semiempirical mo del for in terpreting micro emission from semiarid land surfaces as seen from sopspace", IEEE. rans on Geoscience and Remote Sensing, ol. 28 ma 1990, p384- 393 [14] S. Geman and D. Geman. \Sto hastic relaxation, Gibbs distribution, and the Ba esian restoration of images" IEEE rans. on AMI, 6:721-741, 1984. [15] J.N. Hw ang and T.Y. Chen. \Gibbs Sampling for extured Image Segmen tation via Neural Net ork MRF Mo deling", IEEE In t’l Conference on Neural Net orks, pp. 1702-1707, San rancisco, CA, Marc 1993. [16] J.N. Hw ang, S.R. La A. Lippmann. \Unsup ervised learning for ultiv ariate probabilit densit estimation: radial basis and pro jection pursuit", IEEE In t’l Conference on Neural Net orks, San rancisco CA, Marc 1993. (T app ear in IEEE ransactions on Signal Pro cessing, in press.) [17] K. Kirdy ashev, A. A. Ch ukhlan tsev, and A. M. Sh utk o,"Micro radiation of the Earth’s surface in the presence of egetation co er", Radio Eng. Electron Ph ys., ol.24, pp. 37-44, 1979 [18] T. Mo, T. J. Sc hm ugge, and J. R. ang. \Calculations of the Brigh tness emp erature of Rough Soil Surfaces: Bare Field", IEEE rans. Geosci. Remote Sensing, ol. GE-25, pp. 47-54, 1987. [19] S. Ha ykin, Neural Net orks: Comprehensiv oundation, MacMillan College Publishing Co. Inc., New ork, 1994. [20] D. E. Rumelhart, G. E. Hin ton, and R. J. Williams. \Learning in ternal represen tations error propagation. arallel Distributed Pro cessing (PDP): Exploration in the Microstructure of Cognition", ol. 1, Chapter 8, pp. 318-362. MIT Press, Cam bridge, Massac usetts, 1986. [21] Glo ersen and F.T.Barath, "A scanning ultic hannel micro radiometer for Nim bus-7 and Seasat-A", IEEE J. Oceanic Eng., ol. OE-2, pp. 172-180, 1977 [22] E. G. Njoku, J. M. Stacey and F. T. Barath, "The Seasat SMMR: Instrumen description and erformance", IEE J. Oceanic Eng., ol OE-5, pp. 100-115, 1980 [23] E. G. Njoku, E. J. Christensen, and R. E. Co�eld, "The Seasat scanning ultic hannel micro radiometer (SMMR): An tenna pattern corrections dev elopmen and implemen tation", IEEE J. Oceanic Eng.,v ol. OE-5, pp. 125-137, 1980 [24] Encyclop edia Britannica Macrop edia. ol. 1, 15 th Ed., 1977, pp. 188-193. Figure 1: Information sources ailable in remote sensing problem. Figure 2: The Pieces of the Ba esian Mo del: the sensor noise and mo del mismatc distribution ), the neigh orho distribution s=i ), and the prior distribution ). Figure 3: Arti�cial unction Mo deling \Ph ysical Pro cess" Figure 4: Arti�cial Landscap of \Geoph ysical arameters" Figure 5: Landscap Reconstructed Iterativ In ersion of Neural Net ork Figure 6: Landscap Reconstructed Ba esian Iterativ In ersion of Neural Net ork Figure 7: Comp onen ts con tributing to the satellite observ ed micro brigh tness temp eratures. Figure 8: Priors of geoph ysical parameters. Figure 9: Reconstruction using corresp onding to an error standard deviation of 5K. Figure 10: Reconstruction using corresp onding to an error standard deviation of 2K.