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Abstract 
W e  constder a Bayeszan approach to the problem of znferrzng parameters of the SONAR envzronment gzven only 
the gathered szdescan zmage. A szmplzfied model of the process zs developed along wzth suztable pnor dzstrzbut~ons 
o n  the parameters, and a samplzng technzque zs utzlzsed to estzmate the parameters most lzkely gzven the data. A s  
a n  example, we apply thzs technzque to estzmatzon of a step-gazn TVG curve and use the results zn restoratton of 
legacy srdescan data. 

1. Introduction 
We attempt to  draw a distinction between processzng and analysts of SONAR data. Techn~ques for extracting 
information based on power spectra [I], fractals (21 and other statistical techniques 131 consider the surface statistics 
of the observed image, essentially treating the image as any other array of numbers with l~ t t le  regard to the creation 
process. Recently, attempts have been made by Beattie and Elder [4] and Dugelay et al 151 to extract more data, 
although in Beattie's case the approach is motivated by visual arguments, a11d in Dugelay's examples, the effects 
are applied to  very large scale processes where significant averaging has talten place 

We are more interested here in inferring parameters of the SONAR eiiviroment when the image considered 
was recorded, in an attempt to  extract useful detail with which to furthe1 our unde~standmg of the data These 
parameters do not have to  be recorded: anything which has a significant effect on the imaging plocess is implicit 
in the image created; all we have to do is devise a method with which to estimate the effect and hence infer the 
parameter value Essentially, we are attempt~ng to invert the SONAR imag~ng process, but given the complexity, a 
number of simphfications and assumptions have to be made. However, the assunlptions ale shown to he reasonable 
under normal operat~ng conditions for typical surveys, and in partrculai for t l ~ e  dataset wh~ch we use for the 
example 

The process of rnferring data in this manner IS quite general; we choose a stla~gl~tforward p~oblein of e s t ~ ~ n a t ~ n g  
the step gains and durations of a staircase style TVG process in legacy data given no othei infotmation as an 
example in this case. 

2. Data Description 
The dataset considered consists of output from a high frequency sidescan opeiating ~n shallow coastal waters off 
the south coast of the UK. The electronics pack was an early model, and consequently used a simple staircase 
TVG, with consequent vertical striping of the record (figure 1). As well a s  being annoying 011 visual mspection, 
this process renders the data significantly non-stationary and complicates fu~thel  analysis 

Unfortunately, this legacy data contains no record of the SONAR palameters, and even the first return time 
has been removed in an attempt to de-jitter the data and improve on storage Thus, the tnsk we consider is to 
estimate the relevant parameters, including the TVG step durations and galns with the intention of eventually 
removing the gain curve and replacing it with something more appropriate to avo~d the obselved aitifacts 

The gains steps are observed to be of regular period. Figure 2(a) shows estimates of column means in the image 
of figure 1 using a sliding windows of width five columns. The periodic spikes ale mole easily seen in the FFT 
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Figure 1: Example of staircase TVG on SONAR data. 
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Figure 2: Observed periodic gain structure in SONAR image. 

of the signal. This shows significant periodicity about the 14 sample period, equivalent to about 1.4111s with the 
10 kHz sampling rate used during digitisation. Such periodicity makes the effect unlikely to be natlual. confirming 
that the observed artifacts are caused by the TVG. 

The sections of data used in the analysis are 420 samples by 100 pings in size, aiid ale extlacted fionl a larger 
dataset essentially a t  random, under the constraint of satisfying the assumptions xnade in the next section. 

3. Modelling Methodology 
The technique used to extract information from SONAR images revolves a~ound n s~~i ip le  inodel of the energy 
return expected from the seabed and a sampler technique to allow consiutei~t esttinates to be generated In order 
to build a model which can be easily manipulated, a number of simplifying ~ss~~ l l lp t io~ l s  have to be made. 

We assume firstly that the geometry of the system is simple. The towfish is ~naii~titined at the same height about 
the seabed, and is assumed to be sufficiently stable not to affect the images cleated, if fish inotion 1s suspected, 
there are a number of techniques to improve the situation 16, 71. To avoid conlplications with beam-pattern effects, 
we assume that the beam is sufficiently wide and narrow to avoid spotlighting and spreactiug in the assnmed swathe 
width. The towfish for the dataset considered satisfies these conditions. 

To further simplify the geometry, we assume that the towfish is of suffiently high frequency to allow a ray based 
solution to the propagation equations, and also that the speed of sound is constant so that the rays propagate 
in straight lines. We justify these latter two assumptions by noting that typical surveying w ~ t h  sidescan does 
not normally entail propagating through deep columns, and hence there is little chance of a thermocline being 
introduced, and that even if one is present, there is little chance of there being sufficient distance in propagation 
to allow the effects to become significant. Using a simple ray tracing model and temperature data from an 
instrumented range in a river estuary, typical rays even through strongly varying profiles show a maximum distance 
error of just over 1% for the longest ray examined. Consequently, the effect is insignificant compared to the other 
approximations made in the model. 



The model includes spreading and absorbtion losses by assuming that t l ~ c  sound sl)rcads spherically and that 
absorbtion is exponential, based on the propagation path length. The cl~oicc of spreading model is motivated 
purely by mathematical convenience, although the absorbtion is based 011 morc accurate measurements [8]. 

Modelling of the seabed interaction is again motivated by mathematical convenience. We choose to simplify 
matters by using empirical justification of Lambert's Law (more correctly a "rule of thumb") [9] as a model, 
assuming that the seabed is a diffuse reflector, and considering only the   no no static scattering case for energy 
returned along the incident ray. More complex models such as those developed by Jackson et nl. [lo] could in 
theory be incorporated, but the manipulations would be much more difficult; in this pilot study, we opt to accept 
innacuracy in modelling as necessary to feasible implementation. A consequence of these modelling assumptions is 
that the point statistics of the observed image should be Rayleigh distributed [Ill, which can be shown by standard 
x2 testing on maximum likelihood fits of a Rayleigh distribution to estimated histograms from the dataset. 

The TVG observed in the previous section is modelled by a base gain and a time varying component as 
illustrated in figure 3. We choose to parameterise in terms of step durations and additive gain for mathematical 
convenience in developing the sampler code. The step-like function A,(z) is used to allow differentiation to talce 
place, but as a -t m, this curve converges to the unit step (since lim,,m dX,(x)/d~(,+o + 0, and if H ( x )  is the 
Hilbert step function, lim,+, J-: JH(x) - X,(x)Jdx = 0). 
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Figure 3: Staircase TVG curve used in modelling. 

We build the simplified model by concatenating all of these assumptions, modelling the expected return per 
pixel as p,, for the (i , j) th pixel. The return is a product of gain, absorbtion loss, spreading loss, and reflectivity 
a t  the seabed: 

where t,, = to ,  + j T  for samples of period T ,  and we allow that the first return time per ping may be variable. 
Some of the effects expected in the data cannot be distinguished from this model. For example, it is in~possible to 
determine the reflectivity coefficient distinctly from the overall gain, or an increase.in towfish height from a change 
in bottom depth. We assume, however, that these effects are not normally significant, and modelling potentially 
composite parameters is sufficient to gain further insight into the data. 

4. Bayesian Posterior Analysis and Model Development 
4.1. Sampler-based Approaches t o  Bayesian Analysis 
Attempting to fit this model directly would be extremely difficult due to the interactions between the parameters, 
the non-linearity of the description and the possibility of multiple solutions. In an attempt to resolve these 
difficulties, we utilise the Bayesian approach to data analysis in order to incorporate prior knowledge of likely 
parameter values (and thus constrain possible parameter combinations), and use a sampler based scheme to deal 
with the complexities that this process generates. 
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In this application, the model developed forms the likelihood function, ant1 we ~~nplement prior distributions 
on the parameters to complete the model. However, it would be almost cc~~tainly impossible to manipulate the 
posterior distribution analytically to determine the properties, and difficnlt c,ve~~ to l~nple~nent a numerical attack 
on the integrations required for determination of the marginal distrihutior~s re(111irt~d. The alte~native is to develop 
a Monte Carlo [12] scheme to estimate properties based on samples fro111 thc posteriol. 

However, due to the complexity of the model, it is impossible to draw samples fiom the (very highly dimensional) 
posterior distribution. Therefore, we utilise the ideas of Monte Carlo Ma~ltov cllmn (MCMC) analysis 1131 to develop 
a Markov chain which has, as its limiting distribution, the posterior distribution This allows the samples to be 
generated by simple simulation of the chain, essentially swapping one large sampling task for a number of simple 
samplers. After an initial settling period, samples generated from the Marltov chain can be considered to be 
correlated samples from the distribution and thus can be used to estimate any required property of the posterior 

4.2. Sampler  Implementation 
We use the Gibbs sampler algorithm [14] to implement the MCMC ailalysi~ required The MCMC technique 
originated in statistical physics [15] where many different sampler algorithms are used, but is now used extensively 
in both image reconstruction (e.g., [16]) and more mainstream statistical analysis (e g , [17]), where variants of 
the Metropolis-Hastings algorithm are used. The Gibbs sampler is one such variant whe~e the Markov chain is 
induced by sampling from the conditional distributions of the variables, i e., f (s,lx,Vj # 7 )  

However, determining the conditional distributions under general conditions IS quite difficult. H e ~ e ,  we follow 
a simplification after Spiegelhalter et al. [18] where a graphical model is used to rep~esent the relationship between 
the variables, and assumptions of marginal independence of the variables are made to allow development of the 
conditional distributions. 

The graph representing the current model is shown in figure 4, where solid directed lines indicate statisti- 
cal dependence of parameters in the indicated direction, and broken adirectional lilies indicate a deterministic 
relationship. The relationships and distributions are summarised beside the giaph, where N ( p ,  a L )  is a normal 
distribution, and R(P) is a Rayleigh distribution. 

t,, = to, + j T  
tot - N(to, a;) 

Figure 4: TVG estimation model and defining equations for stochastic and determinlstic relationships 

Use of rectangles in the graph indicates independence, and hence the graph.here indicates that each ping is 
initially assumed to be marginally independent of all others (although, since they share a common ancestor in the 
to and gain parameters, they are not necessarily marginally independent in the posterior distributions), as are the 
samples within each ping This is required for consistency with the previous assumptions. The rectangles also 
represent a general variable, indicating that all of the pings have the same structure (so that, for example, the to, 
are marginally independent, but all depend on to in the same manner). 

The structures about to, are typical of models of this type (and are the same about the gain step durations, 
Jkr and y,,). The structure indicates that some variation is expected, but the degree of var~ation is unknown. 
Therefore the variance of the paramete is included as another parameter of the sampler, and is also estimated 
as part of the fitting process. In this example, the value of ut could be expected to be reasonable, indicating 
small variation in the fish height or bottom bathymetry; the values for u, and ua might be expected to be smaller 
since they depend mainly on the stability of the electronics pack on the towfish, which should be good They are, 
however, included for symmetry and so that this point can be determined by posterior marginal analysis. 



i Support ranges are for limits such that Jebp(x)dx = 0.99. 
ii Maximum gain is over 130 dB, based on deterministic estimates. 
iii Medwin's formula [19] at T = 4"C, S = 20ppt and z = 40m; variation of each 

parameter gives typical limits of 1420 - 1540 ms-'. 
iv Absorbtivity at 100 kHz at 4'C is 30dB /km [8] (c = 0.993). 
v i.e., a Gamma distribution, Q(r; a ,@)  = (@l?(a))-'(z/p)"-' exp(-ZIP). 
vi Inverse variance ("precision") is modelled to simplify the maths; the gamma dis- 

tribution is conjugate to the Gaussian linking densities, giving a closed form con- 
ditional distribution. 

vii Prior is intentionally vague since no information is available. 

Tnhlo 1 .  C n m m > r x r  nf nrinr rlictrihr~tinna anrl narnmotorq fnr TVC mndd 

The prior distributions used in the model are summarised in table 1, and while the parameters of the distribu- 
tions are determined by physical constraints, the shape of the distributions are determined mainly for mathematical 
convenience. In most cases, the priors are fairly vague since only general constraints on the parameters are re- 
quired; the purpose is to  keep the sampler in a physically likely area of the parameter space, but to let it explore 
that region fairly freely. 

The full conditional distributions required for sampling can be determined as follows. Let V be the set of all 
nodes in the graph (i.e., parameters), let c, be the set of all chrldren of node v (i.e., all those which depend on 
it, collapsing deterministic links as required), and let p, be the set of parents of a node (i.e., those on which v 
depends). Then, Spiegelhalter e t  al. [20] show that the conditional is: 

f(vl.) = f (vIPV) n f (clpc) (6) 
cEC., 

where f (vl.) = f (vlV\ {v}); nodes without parents use the prior for f (vlpv) Thus, for example, the full conditional 
of to% can be read from the graph as: 

This level of complexity in full conditional distributions is common. In some cases the function may be a 
particular distribution (with conjugate priors), but this is not usual. In the case of log-concave distributions, the 
ARS algorithm [21] may be used, which automatically constructs an accept-reject envelope [22] for the variable 
using a numerical technique. However, many of the full conditionals in this model are not log-concave (or, a t  
least, cannot be proved to be unconditionally log-concave), and the more general ARMS algorithm is used [23]. 
Although conceptually simple, implementing ARMS is an exacting task; the authors are indebted to W. R. Gilks 
(contact: wally . gilks(9mrc-bsu. cam. ac .uk) for providing the code to implement this. 

5. Experimental Analysis 
Analysis with the sampler is a process of setting a suitable initialisation scheme, and then running the Gibbs 
sampler algorithm sufficiently long to  ensure that the induced Markov chain has settled to its final distribution. 
In this example, the data set shown in figure 1 is processed. 
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(8) FIE& return time density estimates 

Figure 5: Kernel density estimates of first return time and speed of saund. Estimates from last 1000 saniples of 
3000 in run. 

The initialisation scheme is not critical; in theory, any parameter set should be sufficieut under very weak 
conditions on the sampler. Experience with sampler algorithms suggests that starting the chain about the marginal 
posterior modes of the variables is as good an initialisation strategy as any, although it does not guarantee any 
better convergence rate for the sampler. The derived parameters (i.e., to., yh, and &A,) are sampled initially 
according to  their defining equations, ensuring that the values generated are p11,ysically possible (this is guaranteed 
on later samples by the construction method for the ARMS algorithm envelope). 

The question of how many samples to allow for settling of the sample1 (the ''burn-in" time) and how many 
samples from the sequence to use is still uncertain except in special cases. Our (very conservative) scheme is to 
simulate 3000samples from the chain and use only the very end of the run for estimation of properties. Judging from 
experience of other researchers (particularly [24]) and from traces of the parameter behaviour during development, 
convergence appears rapid and the estimates generated are stable. The only difficulty in this experiment is in the 
gain parameters for the last few stages of the TVG; the step parameters tend to settle sequentially from the first 
return side of the image, and longer runs are required to ensure sufficient time for all of the parameters to settle. 

However, kernel estimates of the &st return time and speed of sound, figure 5, show stable monomodal 
densities within the correct parmeter  range. Confirmation that the sampler is not simply sampling from the prior 
distributions is found in the fact that the first return time is significantly higher than first expected, and indeed 
is distinctly in the upper a i l  of the prior distribution. In addition, the posterior variances are n~uch smaller than 
the prior variances, indicating that the vague priors used do not affect the sampler significantly. The mean values 
of the two parameters give to = 41.1 ms and v = 1491.2 ms-', leading to a towfish height of 30.6 m, typical of 
100 lrHz surveys. 

Analysis of the sampling variances indicates that there is sufficient evidence in the to, to conclude that the first 
return time varies on a ping by ping basis, but that there is no significant varlat~on between t l ~ a  galn duration and 
amplitudes. In subsequent rnns, the model could be simplified accordingly, 

The major test of this model, however, is in restoring the data set test image. The output from the last 1000 
samples of the chain were averaged to  give posterior estimates of the required variables, and these were used to 
remove the step gains and replace them with the TVG assumed in the model. The results, figure 6, show signifcant 
improvement from the original data, which is confirmed by the column mean estimates shown for original and 
processed images. 

6. Discussion and Extentions 
The results in figure 5 6  shaw that the system proposed can detect features of the SONAR environment from 
the images, and (since the values generated restore the image correctly) that the model developed has to be 
reasonably accurate for the data considered. The aim of this experiment, and similar techniques, is not necessarily 
to give a perfectly accurake physical model, merely one which is sufficiently close to approximate the data but also 
sufficiently flexible in support by its sampler to allow the imperfections to be compensated in fitting. 

Close examination of figure 6 shows that much significant detail is obscured in the original clata, particularly 
the gentle bathymetry in the middle of the swathe, which is very obvious in the restored image. Comparison of 
the befare and after images shows that the detail is present in the original, but is obscured by the step-gain effects. 



(a) Original data 

(b) Detected galn step locations 

(d) Orlglllill and restored data column meall estimates 

(c) Restored data 

Figure 6: Original and restored data, with column means. Column means, estimated with a window width of 
five samples show significantly less periodicity after restoration, corresponding to the smoother appearance of the 
restored image. 

This technique has a number of advantages over other analysis systems, not least that it can easily attack 
problems which would be difficult by other methods. The MCMC process makes it a simple task to specify the 
relationships between variables and then estimate their properties given the data, even when the variables were 
never measured. Although implementation may be computationally demanding, this has to rneasl~red against the 
observation that there often is no alternative estimation technique. 

The process is also intuitively satisfying. Many other techniques atterript to  infer properties of the seabed 
simply from the surface statistics, treating the data as simply another image Here, we have the ability to infer 
probability densities of the SONAR environment parameters, and the ~inderstailding of the dataset which is implicit 
in this process is very powerful. Although fairly lirnited through the assumptions made in cleveloplng the pilot 
model, this technique is a first step towards infering real knowledge from the images. 

Work on these techniques is continuing. We envision that the malor improvements requlred initially are 
inclusion of more general seabed surfaces, both in terms of bathymetry and multiple sedi~nent types Extention to 
self-shadowing of surfaces, discrete objects and targets, and better models of the phys~cal processes are also being 
considered in order to infer properties useful for fnrther analysis. 

7. Conclusions 
A method has been proposed for structuring the problem of inference of parametels in SONAR. We construct a 
simple model of SONAR physics, use the Bayesian method to inrorporate prior information on the parameters 
(to improve the stability of the system), and utilise a MCMC technique to nrunerically estilnate features of the 
(high dimensionality) Bayesian posterior distribution. These parameters are useful in their own right, infering 
information on the SONAR environment when the image was gathered, and may also be used to manipulate the 
image whence they were generated. 

In this particular example, a simple TVG restoration problem has been posed, ancl an example of the dataset 
has been processed The sampler outputs can be summarised to present probability density functions for variables 
of interest, or can be used to remove and replace the step TVG curve wlth d more appropriate smooth function 
which reduces the artifacts. The consequence of this is much better visual appearance, and better visibility of 
significant effects In the SONAR trace 
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It is possible to include a great deal of structuring information into a difficult problem, and hence to include 
complex statistical models without very complex analysis techniques. The specification of the model is simple, and 
although computationally demanding, implementation of the sampler system is quite straightforward. As well as 
adopting a more rigorous "investigative data analysis" approach to the problem, the system also builds inference 
on parameters that are otherwise difficult to obtain and leads to much better understanding of the process of 
image gathering. 

The model is being actively developed. Planned improvements include a better model of image formation 
including self-shadowing and irregular seafloors, and the inclusion of multiple sediment types. The ultimate goal is 
to develop a sampler which will infer relative reflectivities of each sediment, taking into account shadowing effects, 
and hence give sediment rather than texture maps of the surveyed area. 
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