
Both color classification methods show moderate improvement 
over previous work in which samples were classified with an overall 
accuracy of 63.3% and felsic, mafic, and intermediate were 
correctly identified with 71.7%, 55.8% and 59.5% accuracy, 
respectively [5]. Notably, classification of mafic samples improved 
nearly 14 percentage points using the Weka method. Our results 
give us confidence in our method and improvement through further 
investigation.!

We are developing a Geological Field Assistant (GFA) to autonomously identify geological samples using image and spectral data. 
We discuss the continued effort to improve image classification algorithms using high-resolution macro images. Higher resolution 
and magnification than in previous work allows our algorithms to consider fine-scale details that may be intrinsic to particular types 
of textures or rocks. In this study we focused on the classification of igneous rocks.!

1025+ Total Rock 
Images!
400+ Igneous Rock 
Images!

We re-imaged over 1025 geological samples, including over 400 igneous rocks using a Nikon D90 camera and an AF Nikkor 60mm 
lens to achieve 1:1 magnification. We took multiple images at different distances from the rock to produce a relatively in-focus image. 
We performed color and texture analysis to give unique, quantitative signatures to rocks. We then used the Weka machine learning 
library and a weighted k-nearest neighbor voting scheme to classify rocks based upon the database of signatures and corresponding 
ground truths.!
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As in previous work, we used Gabor filter 
decomposition for texture analysis [5,7]. 
However, we have fine-tuned our approach by 
validating our algorithms on a set of 57 Gabor 
filters generated by systematically varying 
parameters. Gabor filter decomposition 
involves mathematically convolving an image 
with each of a bank of Gabor filters and using 
the sum of each convolution as a component 
of a quantitative texture signature of a sample. 
Gabor filters are a family of functions perhaps 
best described as a Gaussian of two 
dimensions attenuated by a sine wave of one 
dimension. We used Gabor analysis to give 
texture signatures to and eventually classify 
igneous rocks as either volcanic or plutonic. !

As in previous work, we used mean shift 
color analysis to create color signatures for 
each rock image. Mean shift color analysis 
segments an image into  its dominant colors 
and identifies the quantities of those colors. 
The colors are then mapped into Lab color 
space where Euclidean distances correspond 
to human perceptual differences in color. The 
database of signatures was then used to 
classify igneous samples as either felsic, 
intermediate, or mafic. !
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Below are histograms summarizing our texture classification results. In the top graph, images reduced to 15% of original 
resolution for computational purposes and results yielded close to an 85% classification rate. Overall, the mean percent correct 
was 83.7% with a standard deviation of 4.55%.!

The Weka classifier identified felsic, intermediate, and mafic rocks with 71.7%, 57.8% and 71.6% accuracy, respectively, and 67.4% 
accuracy overall. The weighted k-nearest neighbor (KNN in Table 2) algorithm classified samples as mafic, felsic, or intermediate with 
an accuracy of 70.08±9.58%. !

While our results give us confidence in our color and reduced resolution texture classification methods, currently, our algorithms do not 
take full advantage of the information available in the high resolution images. Through further refinement, particularly in the selection of 
Gabor filter parameters, we expect to significantly improve classification results  at full resolution over that at low reduced resolution.!

Though the work presented here only considers igneous rocks, we plan to apply similar image classification techniques to our images of 
sedimentary and metamorphic samples. We plan to combine this image analysis work with previous work using automated mineral 
classification of Raman spectral data [6] to design an automated geological field assistant.   !
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Table 1. If we can autonomously classify an igneous rock sample as either mafic, felsic, or intermediate, and as either volcanic or plutonic , we 
have a very good idea of the rock type.  !

Once we had a database of rocks, their ground truths, and their quantitative color and texture signatures, we could begin testing 
classification schemes. We incorporated the built-in multilayer perceptron [1] of the Weka machine learning software library provided by 
the University of Waikato.  For the color classification, we also incorporated a weighted k-nearest neighbor voting scheme. Both 
classifiers had to be trained on a set of data to ʻlearnʼ the characteristics of particular classes and to identify a new sample. To do this, 
we used 90% of our dataset as a training set and the remaining 10% to test the accuracy of the algorithm, and then rotated the samples 
in a ʻleave one out approachʼ. The Weka multilayer perceptron is a network of biologically-inspired artificial neurons that can ʻlearnʼ the 
quantitative patterns corresponding to specific classes by adjusting parameters to minimize errors while classifying a training set of 
data. The weighted k-nearest neighbors algorithm works by first plotting the training set of color signatures in Lab color space. Then the 
test signature is plotted and k nearest signatures of the training vote on the class of the new sample, with closer signatures having a 
greater weight.  [Here distance, is defined as the Earth Moverʼs Distance between two signatures [3]].!

Table 2. Summary of color classification results. The top section is a confusion matrix that shows how 
often a sample of a given class was classified by Weka as each class. For example, intermediate rocks 
were classified as mafic 33 times. Also included are the k-nearest neighbor results (KNN).!

Due to time constraints and computational 
limitations, we applied only 27 of the 57 Gabor 
banks used for our reduced resolution  
classification tests towards full-resolution images. 
In doing so, we correctly classified full-resolution 
images with accuracies from 68 to 85 percent and 
a mean and standard deviation of 77.2% and 
5.03% (see histogram to the left).!
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Figure 1. (Above) For reduced resolution, 
certain Gabor parameters gave better results. 
Particularly important was the low frequency. 
High values of this parameter yielded  less 
accurate results, as summarized in the graph 
the below. !

These full resolution texture results are disappointing as we would expect improved classification with improved resolution. However, 
there are still many possibilities to explore. In particular, it is unclear how Gabor parameters should be changed with changing scale 
and resolution, and a systematic search for effective parameters may yield better classification results. !

Our reduced resolution texture classification results confirm the success of our previous 
experiments [5] in which we obtained classification rates of around 85% with less than 10% 
variance. Given that 44 of 57 different new tests returned percentages between 84 and 88 
percent in the same classification, we have confidence that our algorithmic approach is robust. 
Furthermore, 12 of the 13 results outside of the 84 to 88 percent range were the 12 results with 
the highest low frequency Gabor parameter (see Figure 1). Hence, we have discovered an 
effective range of Gabor parameters that yield strong classification results and improved upon 
previous work with a new classification rate of 86% and variance of less than 2%.!
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