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Abstract: A new classification framework is developed to explicitly account for 
environmental dependence in the underwater mine classification problem. Information 
describing the local environment of each object is quantified in the form of a novel feature 
characterizing the seabed; this auxiliary feature is then used in the classifier construction 
stage to automatically adjust the relative contribution of each training data point to the 
learning process. Multiple classifiers are constructed, with each classifier associated with 
a particular range of environmental feature values. The class prediction for a new 
unlabeled data point is a weighted average of the classifiers’ outputs, with the relative 
weightings determined by environmental similarity. An extension to handle the case in 
which the environment is characterized by multiple features is also provided. Importantly, 
all algorithm parameters are learned automatically from the data itself, with no 
specialized tuning required. Experimental results on an underwater mine classification 
task using a large database of synthetic aperture sonar (SAS) imagery collected at sea 
demonstrate the promise of the proposed approach. 

Keywords: Classification, synthetic aperture sonar (SAS), environmental adaptation, 
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1. INTRODUCTION  

An implicit assumption made in most statistical learning algorithms is that the labeled 
data used to train a classifier will be representative of – i.e., generated by the same 
underlying distribution as – the unlabeled testing data for which predictions must 
subsequently be made. For the task of discriminating underwater mines from natural 
clutter objects in sonar imagery, this assumption of data homogeneity can be violated 
because of a strong dependence on the environment in which the data is collected. For 
instance, it is common to encounter different types of clutter objects at different 
geographical locations.  

Additionally, the seabed composition can also lead to mismatched feature distributions. 
For example, features that are based on the segmentation of an object’s shadows or 
highlights can be systematically distorted by the shadows and highlights associated with 
background sand ripples. The undesirable influence of the environment can also manifest 
in ostensibly robust features, such as those tied to physical properties of an object. 
Consider a feature that measures the height of an object on the seafloor (e.g., using 
interferometry data, or using geometry based on the length of the shadow cast and the 
range from, and altitude of, the imaging sonar). If a seabed is composed of soft mud, 
objects can sink into the seafloor and become partially buried, thereby decreasing the 
observable object height. In contrast, on a seabed of hard-packed sand, objects are likely 
to remain proud on the seafloor, so the measured heights will be correspondingly larger. 
The result is that the height-feature measurement for the same given object can be very 
different in these two environments. If the environmental characteristics causing 
fundamental mismatches between the data sets used for training and testing are not 
recognized and addressed, classification performance can suffer.  

In this work, we create a new classification framework that adroitly compensates for 
data mismatch by first quantifying the environmental conditions under which each data 
point is collected. This auxiliary information is then incorporated into a learning process 
that constructs multiple classifiers. The key is that the relative importance of each object 
(i.e., data point) during the learning phase for a given classifier is controlled via a 
modulating factor computed by comparing the object’s environment feature with an 
analogous environment feature assigned to each classifier.  

Substantial research has explored various versions of the transfer learning problem [1-
4], which seeks to improve classification performance when the underlying distributions 
generating training data and (future) testing data differ. However, to our knowledge, no 
one has addressed the specific scenario considered here: purely supervised classification in 
which no test data – neither features nor labels – are available during the training phase, 
but auxiliary information in the form of a meta-feature associated with each training data 
point is available. 

   The remainder of this paper is organized as follows. The proposed classification 
algorithm that exploits auxiliary environmental information is described in Sec. 2. 
Experimental results are shown in Sec. 3, before concluding remarks are made in Sec. 4. 

 
 
 
 



 

2. PROPOSED CLASSIFICATION ALGORITHM  

The proposed classification algorithm exploiting auxiliary environmental information is 
outlined in detail here. To avoid interrupting the flow of the derivation, a more thorough 
discussion explaining the rationale surrounding various aspects is withheld until Sec. 2.7. 
For the sake of clarity, we first present the algorithm assuming the environment is 
represented by a single scalar meta-feature; later in Sec. 2.6 we present the extension to 
the general case of a vector of meta-features. 

2.1 Preliminaries 

Let 𝒙𝑖 ∈ ℝ𝑑 denote a (column) vector of d features representing the ith object of a 
training set of N such objects. Let 𝑧𝑖 ∈ ℝ denote a scalar meta-feature that quantifies 
auxiliary information about the conditions under which the ith object was collected. We 
refer to this meta-feature as the environment feature. Let 𝑦𝑖 ∈ {+1,−1} denote the class 
label (e.g., mine or clutter) that corresponds to the ith object, 𝒙𝑖. Collect the N sets of 
object features, class labels, and environment features as 𝑿 = {𝒙𝑖}𝑖=1𝑁 , 𝑌 = {𝑦𝑖}𝑖=1𝑁 ,  and 
𝑍 = {𝑧𝑖}𝑖=1𝑁 , respectively. 

The objective is to perform binary classification using the training data {X, Y, Z} where 
the presence of the auxiliary environment information, Z, distinguishes the task from 
standard supervised classification tasks. It should be noted that the proposed algorithm is a 
purely supervised approach, assuming no knowledge of, or access to, the testing data on 
which classification is to be performed subsequently. 

2.2 Establishing Data Importance 

In the proposed algorithm, rather than learning a single classifier, a set of C>2 
classifiers are learned. The jth such classifier will be associated with an assigned 
environment feature value, 𝑧𝑗∗. The specification of C and the construction of the set 
𝑍∗ = �𝑧𝑗∗�𝑗=1

𝐶
will be addressed below shortly. 

A weight modulating the relative importance of the ith object during the learning of the 
jth classifier is calculated using the Boltzmann distribution:  

𝜔�𝑧𝑖 , 𝑧𝑗∗� =
exp {−𝑑(𝑧𝑖, 𝑧𝑗∗)/𝛽}

∑ exp {−𝑑(𝑧𝑖, 𝑧𝑘∗)/𝛽} 𝐶
𝑘=1

 
 

   (1) 

where β>0 is a fixed scaling parameter and 𝑑�𝑧𝑖, 𝑧𝑗∗� = �𝑧𝑖 − 𝑧𝑗∗� is the distance between 
the ith object’s environment feature and the environment feature associated with the jth 
classifier. It is here that the key auxiliary environment information is exploited. It should 
also be noted that the denominator in (1) is a normalizing constant ensuring 0 <
𝜔�𝑧𝑖, 𝑧𝑗∗� < 1. 
 



 

2.3 Parameter Selection 

The above formulation relies on three as-yet-unspecified quantities: C, the number of 
classifiers to be learned; 𝑍∗, the set containing the environment feature associated with 
each classifier; and the scaling parameter β. These quantities are determined in the 
following manner. The first and last elements of 𝑍∗ are set to be the smallest and largest 
values of the training set’s environment features, respectively: 𝑧1∗ = min𝑖 𝑧𝑖 and 
𝑧𝐶∗ = max𝑖 𝑧𝑖. The remaining C-2 elements, 𝑧𝑗∗, are then assigned values that divide 
[𝑧1∗, 𝑧𝐶∗] into equal partitions. By selecting the extrema of Z for inclusion in 𝑍∗, the learned 
classifiers will span the greatest range of potential testing data environment values (which 
are unknown a priori) for which training data exists. 

Next, 𝛽 ∈ ℝ+ and 𝐶 ∈ ℤ+ are determined jointly by performing a brute-force (yet very 
easy and fast) search to find the (β, C) pair that maximizes the entropy of the importance 
weights 𝜔�𝑧𝑖, 𝑧𝑗∗� calculated using all N training data points. (Recall that 𝜔�𝑧𝑖, 𝑧𝑗∗� 
depends on both β and C.) That is, for a given (β, C) pair, the entropy 

𝐻(𝜔|𝛽,𝐶) = −∑ 𝑝(𝜔𝑘)𝜔𝑘∈𝛺𝛥 log2 𝑝(𝜔𝑘)  (2) 

is calculated, where 𝑝(𝜔𝑘) is the relative frequency with which the (continuous-valued) 
weights 𝜔�𝑧𝑖, 𝑧𝑗∗�∀𝑖, 𝑗 are mapped to the kth element in the discrete alphabet of quantized 
weights 𝛺𝛥. The (β, C) pair that maximizes the entropy of the weights is then selected. 

2.4 Learning of Classifiers 

With C selected, all 𝑧𝑗∗ are specified. With β determined, all 𝜔�𝑧𝑖, 𝑧𝑗∗� can be readily 
computed as well, via (1). Let 𝛺(𝑗) = �𝜔�𝑧𝑖 , 𝑧𝑗∗��𝑖=1

𝑁
 be the set of weights associated with 

the training data, {X, Y, Z}, for the jth classifier. The jth classifier is then learned using 
�𝑿,𝑌,𝛺(𝑗)� – the information contained in Z having been fully transferred to 𝛺(𝑗) – by 
modulating the contribution of the ith object, 𝒙𝑖, by 𝜔�𝑧𝑖, 𝑧𝑗∗� in the (base) classifier’s 
objective function. This weighting effectively controls the trust placed in each data point 
for the given classifier. 

Many standard classification algorithms can be employed here as the base classifier 
within this framework, but we do assume that the classifier used will produce probabilistic 
predictions. In the experiments presented here, we use a modified form of the relevance 
vector machine (RVM) [5] with no kernel, so the classifier parameters are weights on the 
features themselves rather than on basis functions. (This choice has the added benefit that 
the learned parameters can be analyzed in terms of feature selection.) The RVM is also 
convenient because it provides probabilistic predictions that can be easily combined. 
Moreover, employing the RVM requires only a minor modification to the original 
objective function and, for the learning phase, its gradient and Hessian with respect to the 
classifier parameters, 𝒘(𝑗). (This particular modification is straightforward and does not 
affect the theoretical properties of the RVM, but care must be taken to ensure the same if 
one chooses to use a different base classification method.) The modified RVM objective 
function to be maximized under the proposed framework for the jth classifier becomes  



 

𝐽(𝑗) = ∑ 𝜔�𝑧𝑖, 𝑧𝑗∗�𝑁
𝑖=1 log𝜎�𝑦𝑖𝒘(𝑗)

𝑇 𝒙𝑖� −
1
2
𝒘(𝑗)
𝑇 𝑨(𝑗)𝒘(𝑗)  (3) 

where 𝑨(𝑗) is a diagonal matrix of hyperparameters associated with the sparsity-promoting 
prior, 𝒘(𝑗) is the vector of classifier parameters to be learned, and 𝜎(𝑢) = (1 +
exp{−𝑢})−1 is the sigmoid function. (To recover the original objective function, one must 
simply remove the 𝜔�𝑧𝑖, 𝑧𝑗∗� factor.) Standard classifier learning is then undertaken as one 
normally would; the culmination of this process for the jth classifier is the vector of 
learned classifier parameters, 𝒘(𝑗). 

2.5 Prediction 

Let 𝑾 = �𝒘(𝑗)�𝑗=1
𝐶

 collect all of the learned classifiers. Then given a new unlabeled 
test object, 𝒙ℓ, with environment meta-feature 𝑧ℓ, class prediction is made using a 
weighted average of the C classifiers’ predictions; this weighting is again specified by 
𝜔�𝑧ℓ, 𝑧𝑗∗�, measuring the similarity of the test object’s environment feature with each 
classifier’s environment feature, computed using (1). Thus, the probability that test object 
𝒙ℓ belongs to class 𝑦ℓ = +1 is given by  

𝑝(𝑦ℓ = +1|𝒙ℓ, 𝑧ℓ,𝑾) = ∑ 𝜔�𝑧ℓ, 𝑧𝑗∗�𝑝�𝑦ℓ = +1�𝒙ℓ,𝒘(𝑗)�𝐶
𝑗=1 , (4) 

where 𝑝�𝑦ℓ = +1�𝒙ℓ,𝒘(𝑗)� is the prediction of the jth classifier. For the modified RVM 
used in this work, 𝑝�𝑦ℓ = +1�𝒙ℓ,𝒘(𝑗)� = 𝜎�𝒘(𝑗)

𝑇 𝒙ℓ�. 

2.6 Extension: Multiple Environment Meta-features 

The above algorithm can easily be extended to handle the case in which the 
environment is represented by multiple meta-features, rather than a single scalar meta-
feature. Let 𝒛𝑖 = [𝑧𝑖1 𝑧𝑖2    … 𝑧𝑖𝐹]𝑇 denote a vector of F meta-features that quantifies 
auxiliary information about the conditions under which the ith object was collected. 

The weight modulating the relative importance of the ith object during the learning of 
the jth of C total classifiers is then modified to be calculated as  

𝜔�𝒛𝑖, 𝒛𝑗∗� =
exp {−∑ 𝑑(𝑧𝑖𝑓 , 𝑧𝑗𝑓∗ )/𝛽𝑓𝐹

𝑓=1 }
∑ exp {−∑ 𝑑(𝑧𝑖𝑓 , 𝑧𝑘𝑓∗ )/𝛽𝑓𝐹

𝑓=1 }𝐶
𝑘=1

 
 

(5) 

where 𝛽𝑓 > 0 is a fixed scaling parameter and 𝑑�𝑧𝑖𝑓 , 𝑧𝑗𝑓∗ � = �𝑧𝑖𝑓 − 𝑧𝑗𝑓∗ � is the distance 
between the ith object’s fth environment feature and the fth environment feature associated 
with the jth classifier. The distance calculation is made feature-by-feature, and a unique 
scaling parameter is included for each meta-feature, to prevent the contribution of one 
feature from unfairly dominating. 

In the case of a scalar meta-feature, C was the number of classifiers to be learned 
because there were C unique meta-feature values associated with the classifiers. When 



 

there is a vector of meta-features, 𝐶𝑓 will correspond to the number of unique classifier-
associated values of the fth meta-feature. The assumption is that the vector of meta-feature 
values associated with a given classifier will be formed from the Cartesian product of the 
individual meta-feature value sets. This means the total number of classifiers to be learned 
will be 𝐶 = ∏ 𝐶𝑓𝐹

𝑓=1 . Despite the unfavorable scaling, if the meta-feature dimension F is 
low, jointly learning the unknowns 𝐶𝑓 and 𝛽𝑓 for all f by maximizing the entropy of the 
weights will still be feasible. Once all 𝐶𝑓, 𝛽𝑓, and 𝑧.𝑓

∗  are obtained, classifier learning and 
prediction proceeds as in the scalar meta-feature case. 

2.7 Discussion 

The principal insight being leveraged in the proposed framework is that the values of 
features extracted to represent objects at a given site can be strongly influenced by (and 
correlated with) a meta-feature summarizing environmental properties of the area. This 
environmental dependence is exploited by learning multiple classifiers, each associated 
with a particular environment. The data that are used to learn each classifier are 
automatically weighted according to their relevance (i.e, similarity) to the environment 
under consideration. In this way, all available data are always used to learn each classifier, 
yet classifier diversity (across different environments) is still achievable via unique 
weightings. 

To enhance the rigor of this weighting, we appealed to the idea of Boltzmann 
distributions and the concept of energy states of a system. In this analogy, the probability 
that the system is in a specified state is equivalent to the contribution of an object to the 
learning process of the specified classifier. Just as low-energy states of a system are more 
probable, the contribution of an object to a classifier will be stronger when the 
environments associated with the object and classifier have low dissimilarity. 

It should be noted that the normalization in (1) ensures that the total (summed) weight 
associated with each data point is unity. That is, although a given data point may 
contribute a different amount to each classifier, each data point will, in aggregate, 
contribute the same amount to the overall training process. So, to paraphrase George 
Orwell, “All data are equal, but some data are more equal than others.” 

To determine the values of the scaling parameter β and the number of classifiers C, the 
entropy of the weights, 𝜔, was maximized. The rationale behind this decision is that when 
the entropy of the weights is maximized, the diversity of the different learned classifiers 
will tend to be large because the contributions (weights) associated with each data point 
will be highly varied. This classifier diversity is important because we want to encourage 
different classifiers to be learned in different environments (as much as the data can 
support such a result). If β is too small, each data point will have one weight near unity 
and all others near zero. In this case, effectively, each classifier would be learned using 
only a subset of the data (namely the data points whose environment is most similar to the 
classifier’s under consideration). If β is too large, each data point will have virtually equal 
contributions (weights) for each classifier. As a result, each classifier learned would be 
nearly identical, thereby eliminating any potential for improved performance. 

Because the environmental meta-feature is a continuous variable, we quantize this 
space into C discrete values. The discretization is particularly important because if C is too 
small, the classifiers will not be tailored finely enough to the environment of interest. 
Similarly, if C is too large, the contribution of each data point to learning each classifier 
will be weakened, in turn decreasing the data set diversity among the classifiers, and the 



 

resulting classifiers will be too similar. In the Boltzmann distribution analogy referenced 
earlier, C, the number of different environments possible, is the number of possible states 
of the system. 

3. EXPERIMENTAL RESULTS 

All of the data used in this study were collected by CMRE’s MUSCLE autonomous 
underwater vehicle (AUV), which is equipped with a synthetic aperture sonar (SAS) 
system. The data, which spans eight different geographical sites, encompasses diverse 
environments in terms of seafloor characteristics, including flat hard-packed sand, soft 
mud, seabed characterized by sand ripples, and seabed covered in posidonia. 

The detection algorithm described in [6] was applied to a huge database of SAS 
imagery containing over a thousand views of various man-made mine-like targets. A set of 
27 object features was then extracted for each alarm (i.e., detection). In addition, two 
environment meta-features were also extracted for each alarm. The two environment 
features considered measure the anisotropy and complexity of the seabed. These features 
were introduced in [7], but they are computed here using the modifications described in 
[8]. The anisotropy feature can discern the presence of sand ripples, while the complexity 
feature can characterize the amount of background clutter in an area. All of this data was 
then used to perform binary classification with the goal of discriminating mine-like targets 
from clutter.  

The experiments considered here exploit the extension of Sec. 2.6 permitting the use 
of multiple environment meta-features (here, anisotropy and complexity). (Similar results 
were obtained when only the seabed anisotropy feature was used.) We compare the 
classification performance of five approaches: (i) a standard classifier constructed on the 
27-d feature data; (ii) a classifier constructed on the augmented 29-d feature space (FS) 
that includes the two environment meta-features as additional features; (iii) weight 
aggregation (or “wagging”) [9], which learns C different classifiers after adding Gaussian 
noise to the contribution of each data point, and then averages the C predictions; (iv) the 
proposed method; and (v) a method that treats an alarm’s score from the detection stage as 
its final classification prediction. A modified RVM with no kernel is employed as the base 
classifier for all methods in these experiments. For the case of wagging, the noise added to 
each weight is mean zero with a standard deviation of 2, as suggested in [9]; for direct 
comparisons, C is set to the value learned by the proposed method. The alternative 
methods are considered to demonstrate that performance gains achieved by the proposed 
approach are due to the comprehensive algorithm architecture as a whole, rather than one 
particular component (such as the use of multiple classifiers or the availability of 
additional environment features).  

For each experiment, data from seven different sites are used as training data and then 
data from an eighth site are used as testing data. Each of the sites was treated as the test 
site once, for a total of eight experiments. The performance of the five methods is shown 
in terms of receiver operating characteristic (ROC) curves in Fig. 1 for two representative 
cases. (Space constraints prevent showing the results from all eight experiments here.) In 
Fig. 1(a), the test site (from the Colossus 2 sea trial) spans both benign flat seabed as well 
as seabed characterized by sand ripples; in Fig. 1(b), the test site (from the AMiCa sea 
trial) consists of only flat seabed. The training sites are characterized by multiple, different 
environments. As can be seen from the figures, the proposed method achieves superior 
performance. When the environment of the test data is diverse – and hence the 



 

classification problem is more challenging – the gains in performance are more 
pronounced.  

 
                         (a)                                                                 (b) 

Fig. 1: Classification performance for (a) a case in which the test data spanned both flat 
and rippled seabeds, and (b) a case for which test data was exclusively from flat seabed. 

 
 

4. CONCLUSION 

A new classification framework that incorporates auxiliary information about the 
environment in which the data has been collected was introduced. One of the particularly 
attractive aspects of the proposed algorithm is that there are no free parameters (“knobs”) 
that must be tuned or tweaked. All of the necessary quantities are automatically learned 
from the data by the algorithm itself. Experimental results on an underwater mine 
classification task using SAS data demonstrated the superiority of the approach over 
alternative methods in which the environmental information is ignored or used differently. 
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