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INTRODUCTION. The Magellan data set constitutes an example of the large volumes of data that today's 
instruments can collect, providing more detail of Venus than was previously available from Pioneer Venus, Venera 
15/16, or ground-based radar observations put together [I]. However, data analysis technology has not kept pace 
with data collection and storage technology. Due to the sheer size of the dam, complete and comprehensive scientific 
analysis of such large volumes of image data is no longer feasible without the use of computational aids. In this 
paper we report on our progress towards developing a pattern recognition system for aiding in the detection and 
cataloging of small-scale natural features in large collections of images. Combining classical image processing, 
machine learning, and a graphical user interface, we are initially targeting the detection of the "small-shield" 
volcanoes (less than 15km in diameter) that constitute the most abundant visible geologic feature [21 in the more 
that 30,000 synthetic aperture radar (SAR) images of the surface of Venus. Our eventual goal is to provide a 
general, trainable tool for locating small-scale features where scientists specify what to look for simply by providing 
examples and attributes of interest to measure. This contrasts with the traditional approach of developing problem- 
specific programs for detecting specific patterns. This paper reports on our approach and initial results in the specific 
context of locating small volcanoes. 

It is estimated, based on extrapolating from previous studies and knowledge of the underlying geologic processes, 
that there should be on the order of 1 6  to lo6 of these volcanoes visible in the Magellan data [3,4]. Identifying and 
studying these volcanoes is fundamental to a proper understanding of the geologic evolution of Venus. However, 
locating and parameterizing them in a manual manner is forbiddingly time-consuming. Hence, we have undertaken 
the development of techniques to partially automate this task The primary constraints for this particular problem 
are that the method must be reasonably robust and fast. Unlike most geological features, the small volcanoes of 
Venus can be ascribed to a basic process that produces features with a short list of readily defied characteristics 
differing simcantly tiom other surface features on Venus [2]. For pattern recognition purposes the relevant criteria 
include (1) a circular planimetric outline, (2) kaown diameter frequency distribution from prelmhry studies, (3) a 
limited number of basic morphological shapes, and (4) the common occurrence of a single, circular summit pit at the 
center of the editlce. 
THE APPROACH. There has been little prior work on detecting naturally occurring objects in remotely-sensed 
SAR images. Most pattern recognition algorithms are geared towards detecting straight edges or large changes in 
texturelreflectivity. While this works well for detecting man-made objects, edge detection and Hough transform 
approaches deal poorly with the variability and speckle noise present in SAR imagery [5,6]. This, along with the 
desirability of developing a general tool rather than manually programming each detection problem, led us to develop 
an approach based on the block diagram shown in Figure 1. 

Featme Vecto 

Training Examples - 
Figure 1. Overview of the Detection System 

The system consists of three main components: 
1. Focus of attention (FOA): this component is designed primarily for computational efficiency. Its 

function is to quickly scan an input image and roughly determine regions of interest (regions potentially 
containing objects similar to those specified by the scientist). It is thus an inaccurate detector and is expected 
to generate a large number of false detections Valse alarms) as long as it detects the majority of true regions of 
interest. It thus serves as a filter that reduces the number of pixels to consider by one or two orders of 
magnitude. 

2. Feature extraction (FE): On each of the regions of interest selected by the FOA component, we can now 
afford to perform more sophisticated computation. The FE component measures a set of general features of a 
region of interest (e.g. average intensity, area, relative areas of segments grown within the region, and so 

O Lunar and Planetary Institute Provided by the NASA Astrophysics Data System 



228 LPSC XMV 

PATTERN RECOGNITION SYSTEM: Burl M. C. et al. 

forth), as well as a host of problem-specific attributes defined by the scientist (if any). A scientist may have 
certain measures that are known to provide useful information in determining whether a detected object does 
indeed belong to the target class (e.g. eccentricity, expected brightness ratios, extent, and so forth). Using the 
standard and user-provided feature definitions, the FE component transforms each region of interest detected by 
the FOA component into a feature vector consisting of attribute measurements computed on the pixels in that 
region. 

3. Classification learning: The task of this component is to discriminate between false alarms and true 
detections. At this stage, the regions of interest have all been translated into feature vectors and the leaming 
component has to decide which feature vectors belong to which class based on the training data set provided by 
the user (see below). This component can employ any one of a variety of learning algorithms. Based on the 
training data, it produces a classifier that performs the dimimhtion task to disregard false alarms when the 
system is used to analyse a new set of images. 

The system functions in two modes: the training and the detection modes. In the training mode, a scientist brings 
up some images and labels regions in the image containing objects of interest. The labeling is performed via an 
interface we developed for Sun workstations that allows the user to simply point the mouse and select a region, 
specifying a symbolic name for the object contained in it (class), the extent of the region (size), and the probability 
associated with that class. The probability is given by selecting one of three confidence ranges. These ranges reflect 
the certainty of the scientist regarding the membership of an object in the class of interest. In addition, the scientist 
is able to provide definitions for features or attributes to be measured for each region of interest as d e s c r i i  above. 
The training data collected in this manner is then used to automatically produce a classifier that distinguishes 
between m e  detections and false alanns generated by the FOA component for the images fmm which the training 
data was drawn. We use three different types of leaming algorithms that generate three different types of classif~ers: 
decision trees [A, neural networks, and nearest-neighbour classifiers. The first two construct a model (classifier) 
based on the training data. The third simply classifies a feature vector based on the class of the nearest vector in the 
uaining data based on a distance measure defrned on the feature vectors. The FOA algorithm used is a simple 
statistical method known as constant false alarm rate (CFAR) detector. It performs well for detecting a bright center 
in a relatively darker surround. This detects the summit pits of volcanoes, which form a fairly bright compact 
center. False alarms are caused by craters, grabens, and other bright features in the data. In order to detect volcanoes 
of variable sizes (1-15km in diameter), the CFAR detector is applied at multiple resolutions of the same image [8]. 

In the detection mode, the system p m s e s  large amounts of image data by applying the FOA, the FE, and then 
the classifier to produce the finai list of detected volcanoes. Note that this list can be automatically produced as a 
catalog of all volcanoes detected, arranged by position and listing whatever properties are desirable for inclusion in 
the catalog. 
CURRENT STATUS AND RESULTS. We have constructed several training sets using F1-MIDR images (at the 
75mlpixel resolution) labeled by two of the authors (JCA and LSC) to get an initial estimate of the performance of 
the system. The FOA component, typically detects more than 80% of all the volcanoes, while generating 5-6 times 
as many false alarms. Using the neatest neighbour classifier, we can classify the regions of interest into volcanoes 
and false alarms with an estimated accuracy of 81%. Similar accuracy results are reported in [9]. It is important to 
clarify that these are initial results pending proper and general solutions to the FOA, FE, and classification 
problems. These early results are, however, encouraging. With further effort we hope to be able to significantly 
improve the accuracy rates for the volcano detection problem. Demonstrating the general applicability of this 
approach to the detection of other Venusian features as well as images from other missions will be the next step. So 
far our emphasis has been placed mainly on developing the computer tools to allow scientists to browse through 
images and produce training data sets (as well as partial catalogs) within a single integrated workstation environment. 
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