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Abstract

This work aims to identify and remedy distinctive challenges in the preparation
of spectral data for machine learning. It does so by conducting a case study that
involves matching an airborne gamma-ray spectral survey of the San Francisco Bay
area to geological classifications provided by the United States Geological Survey.
Our investigation has revealed three key approaches for enhancing accuracy in this
task: 1) eliminating extraneous data segments unrelated to the main task, 2) aug-
menting minority classes to improve class balances, and 3) merging less pertinent
classes. By incorporating these methods, we were able to achieve a significant
increase in classification accuracy. Specifically, we increased the accuracy from
an initial 40.8% to approximately 72.7%. We plan to continue our work to further
enhance performance, with the goal of extending the applicability of these methods
to other data types and tasks. One potential future application is prospecting for
rare earth elements with aerial surveys.

1 Introduction

Spectral measurement devices are vital in scientific research, especially in remote sensing and
environmental monitoring [2, 3, 20]. With the rise of machine learning (ML), there is an increasing
push to optimize spectral data analysis using these techniques. Although ML has been used in various
domains, including coal composition [6] and geological mapping [7], spectral data often require
rigorous pre-processing before integration with ML.

This study explores the process of preparing gamma-ray spectral data for an ML model to classify
the spectra based on a geological map provided by the United States Geological Survey (USGS) [12].
We delve into the nuances of the spectral data, detailing strategies to enhance the efficacy of the ML
model. By employing these methods, the classification accuracy of our model increased from 40.8%
to 72.7%. We believe that further enhancements could be achieved through the continued refinement
of processing and learning techniques.

Problem statement. Our primary goal is to build a model, M, that takes physical spectral measure-
ments, D, and predicts classifications .S, optimizing metrics such as classification accuracy and F1
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Figure 1: Measured data points and their USGS Geologic Map classifications of the San Francisco
Bay area. Oakland (top right) predominantly displays alluvium and Artificial Fill. Measurements over
water and the area below the Oakland patch are omitted due to a lack of classification information
available w.r.t the USGS database.

score. Challenges stem from intricacies in D, and and limits of physical representativeness of S.
Our current focus lies in data preprocessing, with future scope towards advanced learning techniques.

Challenges & approaches. We identify three major challenges: (1) Gamma-ray emission spectra
are challenging due to weak ambiguous signals. Visually differentiating these spectra requires
specialized knowledge. Furthermore, the discrete nature of detector counts causes low-frequency
events to resemble noise. Many ML methods are not effective in handling such noisy data. (2)
Classes within the data set are highly imbalanced, a common challenge in many real-world scientific
applications [4, 15], which is further complicated by the existence of incoherent classes representing
unknown mixtures of multiple classes. (3) The influence of environmental factors such as altitude
and atmospheric changes in scientific measurements is unavoidable, and careful data selection is
crucial to mitigate the impact of these environmental variations.

Contributions. Our work elucidates the challenges in preparing spectral data for ML, such as data
noise and environmental influences. We propose a suite of techniques for spectral data refinement for
ML, combining empirical and physical insights, through which we achieved a classification accuracy
of 72.7% from an initial accuracy of 40.8%.

2 Methodology

To evaluate the application of machine learning techniques on spectral data, we construct a test
problem to classify geological formations with gamma-ray measurements obtained from an aerial
survey. This section details the data, the classification task, and its inherent complexities.

2.1 Classification problem

Our dataset encompasses an aerial survey of gamma-ray spectra (Figure 2) in the San Francisco Bay
area (Figure 1), along with altitude, time and geolocation. These data were collected from August
27 to 31, 2014 by the Aerial Measuring System (AMS) for the process of developing the Airborne
Radiological Enhanced Sensor System (ARES) [20], using a helicopter-mounted detector array using
standard methodology [14] (which constitutes flying over the target area in a lawnmower pattern).
Each data sample, which captures a one-second spectral measurement, spans 1022 bins of 3 KeV
each, with an energy range up to 3 MeV. Each bin accounts for the gamma-ray events detected in that
second within the specific energy range (Figure 2).



	Introduction
	Methodology
	Classification problem
	Model and input data

	Experimental evaluation
	Related Work
	Conclusions

