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Problem Statement & Motivations
Detection and classification of underwater targets from sonar imagery is complicated 
due to various factors such as variations in operating and environmental conditions, 
competing man-made and natural clutter, variations in target shapes, compositions 
and orientation.

Motivations:
! In a real environment, the decision about the presence and type of an object is usually 

made based on the properties of the target signature such as highlight and shadow 
structures. 

! For detection purposes, detector should discover a measure to distinguish between the 
hypothesis of noise only or the hypothesis of signal plus noise

! For classification purposes, the feature extraction process should discover a small set of 
features that 
! carries discriminatory target/non-target information.
! remains robust to environmental and operating variations.
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Proposed Method
Idea:  The presence of a target yields similar coherence measures between columns in an 
Region of Interest (ROI) and these coherence patterns are different than those of the non-
target objects yielding a method for detection and classification.

   Why Principal Components or Canonical Correlations?
! Coherence analysis between columns can easily be performed by mapping the data to 

their principal components and using the eigenvalues (PCA) or canonical coordinates and 
using the canonical correlations (CCA).

- Both use second order statistics 
- Provide an elegant framework for feature extraction and classification
- Higher eigenvalue change between columns is higher for an ROI over a target then 

over a background for PCA
- Coherence between columns is higher for an ROI over a target then over a 

background for CCA

! Both eigenvalues and canonical correlations extracted from ROIÕs are used for both 
detection and classification
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Principal Component Analysis - An Overview
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rx(m) = E [x(n)x(n ! m)]

Rxx! k = " k! k, k ! [0, M " 1]

! H Rxx ! = diag[γ0, · · · , γM ! 1], γ0 > γ1 > · · · > γM ! 1

One-channel data: 

Covariance matrix:

Form Principal Components via                     , where      contains the orthonormalized 
eigenvectors of  

Diagonalize Rxx

Then,                          , can be used as features for both detection and classification γi , i : 1, · · · , k
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Two-channel data: 

Composite covariance matrix:

SVD of the Coherence Matrix  

u: Canonical coordinates of x  

v: Canonical coordinates of y

Composite covariance matrix of u and v:

The diagonal matrix K is the canonical correlation matrix of canonical correlations      

The top N diagonal elements of K (arranged in descending order) are used as features.

and

Canonical Coordinate Analysis - An Overview
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Pre-Processing and Feature Extraction
! Serpentine Forward-Backward Filter Normalization (Dobeck, SPIE 2005) was first 

applied to reduce the variability of the local mean and enhance target shadow and 
highlight. 

!  After normalization, the first 120 pixels corresponding to the sonar altitude which is 
1/10th of its range, were discarded.

! Each image was then partitioned into M x N Regions of Interest (ROI) of size 12 x 34 
experimentally determined based on average target size.

!  50% overlapping to avoid splitting of target amongst ROIÕs.
!  Each ROI is then channelized column-wise (8-dimensional) with 50% channel overlap.
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! A detection measure was then formed for each 
ROI based on the top 2 eigenvalues.

! Based on this measure, a threshold was 
experimentally chosen to make decisions.

!  Same was done for CCA with top 2 canonical 
correlations
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Pre-Processing and Feature Extraction (cont.)
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Sonar Image Database
! Provided by the NSWC - PC
! Contains 512 Images with 293 images containing 310 targets.
! Set was separated into 3 cases; Easy, Medium, and Hard

! Easy - low background variation and an overall smooth bottom with 
targets that are easily identifiable by a skilled operator

! Medium - contain background clutter and more difficult bottom 
condition

! Hard - difficult to detect and classify the targets from a visual 
inspection due to a high variability of background clutter and very 
difficult bottom conditions

! To show the separability of the eigenvalues and canonical correlations a 
test was conducted on the entire target set and a random set of same size 
of random background from all three cases.
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! Dominant correlations exhibit good separability i.e. more coherence between    and    
over a target versus background.
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! Eigenvalues exhibit greater change over target regions then over background and exhibit 
good separability.



!   Using the top 2 eigenvalues canonical correlations the detection scalar measures were 
formed and a threshold of 3 for PCA and 0.3 for CCA was determined from sample set. 
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Detection Results

PCA
Easy Cases

- 186 Images containing 201 Targets
- Detected 199 Targets
- Averaged 347 Detections per image

Medium Cases
- 86 Images containing 89 Targets
- Detected 86 Targets
- Averaged 726 Detections per image

Hard Cases
- 21 Images containing 21 Targets
- Detected 21 Targets
- Averaged 966 Detections per image
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CCA
Easy Cases

- 186 Images containing 201 Targets
- Detected 200 Targets
- Averaged 116 Detections per image

Medium Cases
- 86 Images containing 89 Targets
- Detected 88 Targets
- Averaged 200 Detections per image

Hard Cases
- 21 Images containing 21 Targets
- Detected 20 Targets
- Averaged 213 Detections per image



Classification
! Classification performed with either eigenvalues or canonical correlations
! Training Set

! 1/2 of targets and same size non targets
! Testing Set

! 1/2 of targets and rest of non targets
! Classifier

! 2 Layer Back Propagation Neural Network (BPNN)
! 8 Inputs, 20 neurons in the hidden layer, 2 outputs

! PCA Classifier
! Overall on Testing Set 84% PCC / 16% PFA

! CCA Classifier
! Overall on Testing Set 90% PCC / 10% PFA
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Classification Results
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Detection and Classification Fusion
Easy Cases

- 186 Images containing 201 Targets
- Detected 199 Targets
- Averaged 70 Detections per image

Medium Cases
- 86 Images containing 89 Targets
- Detected 82 Targets
- Averaged 180 Detections per image

Hard Cases
- 21 Images containing 21 Targets
- Detected 20 Targets
- Averaged 283 Detections per image

- Detection Fused with simple a 
AND function
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Classification Fused with BPNN 
Neural Network, on Testing set 

89% PCC / 11% PFA
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Conclusions and Future Work
! PCA CCA were used as detectors to detect underwater targets in high-resolution side-

looking sonar imagery. The basic idea is that presence of an object (target or non-
target) in an ROI changes the coherence level compared to the case when there is no 
object. 

! Detection only relies on dominant principal component or canonical correlation's 

! Our experimental results on NSWC database demonstrated excellent separability of the 
eigenvalues and canonical correlations of targets and non-targets extracted over ROI's.

! CCA performs better than PCA in both detection and classification, but fusing gives 
overall better results.

! Future Work
- Explore different ÔcleverÕ channelization method to improve the separability of both 

principal components and canonical correlations.
- Adaptive threshold selection that depends on background clutter, range-band, etc.
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