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Abstract: Radar systems emit a time-varying signal and measure the response of a radar-reflecting surface. In the case of narrowband, monostatic radar signal domain, all spatial information is projected into a Radar Cross Section (RCS) scalar. We address
the challenging problem of determining shape class using monostatic RCS estimates collected as a time series from a rotating
object tumbling with unknown motion parameters under detectability limitations and signal noise. Previous shape classification
methods have relied on image-like synthetic aperture radar (SAR) or multistatic (multiview) radar configurations with known geometry. Convolutional neural networks (CNNs) have revolutionized learning tasks in the computer vision domain by leveraging images
and video rich with high-resolution 2D or 3D spatial information. We show that a feed-forward CNN can be trained to successfully classify object shape using only noisy monostatic RCS signals with unknown motion. We construct datasets containing over
100, 000 simulated RCS signals belonging to different shape classes. We introduce deep neural network architectures that produce 2% classification error on testing data. We also introduce a refinement network that transforms simulated signals to appear
more realistic and improve training utility. The results are a pioneering step toward the recognition of more complex targets using
narrowband, monostatic radar.
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INTRODUCTION

When illuminated with a narrowband radar signal, an object reflects
incident energy and the reflectance depends on the object’s geometry and material properties. The amount of energy that is reflected
directly back toward the source of illumination is a function of its
monostatic RCS (Radar Cross Section). As an object changes orientation, the RCS changes as well. We wish to classify the 3D shape of
objects based only on a time series of monostatic RCS as the object
moves according to force-free rigid body motion. Our set of target
objects includes right circular cones, right circular cylinders, rectangular planes, spheroids, and trapezoidal prisms. The target object
set varies in size with respect to a geometric parameter for each class
(e.g. radius and height variation for cylinders). The chosen geometric
properties in the test set are selected by radar wavelength so that each
object is modeled as a Perfect Electrical Conductor (PEC). Labelled
data, i.e. RCS of known objects, are required to train and test our
supervised classifier. We create a large dataset of geometric objects
and their corresponding RCS time-series signals.
To simulate real-world conditions, the input signals for testing are
corrupted by Gaussian noise and Swerling dropout. The Swerling
Model [1] is a standard method for determining the detectability of
an object based on SNR and waveform characteristics. The instantaneous probability of detecting each object at at given time is
explicitly included in order to make the performance closer to real
world operation. If the Signal to Noise Ratio (SNR) at a given time
point is too small, a real-world radar system may be unable to separate the object from noise and will therefore be unable to detect the
object and estimate its RCS.
A subset of the generated signals are used to train a feed-forward
convolutional neural network classifier. We employ an end-to-end
learning architecture, where signal features and the classifier are
jointly solved for. The inputs are a series of RCS samples over time
as the object rotates through free space. These objects belong to one
of four shape families, illustrated in Figure 2. When the rotation is
simple and follows a known path (as shown in Figure 5, top row), the
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Fig. 1: Our goal is to correctly predict object shape family from a
noisy monostatic RCS signal. RCS is highly sensitive to motion, and
the rotation rates and viewing angles are unknown to the classifier.
For example, objects may be rotating very fast or very slow about
multiple axes. These signals contain added white Gaussian noise
and a Swerling detection model, where the probability of detection
is smaller for lower RCS values results in missing data points. A
convolutional neural network (CNN) is used to learn the separating
features that accurately recognize each object class overcoming the
challenge of noisy data, missing data and unknown trajectories.

problem is trivial. However, the problem becomes substantially more
difficult when the motion parameters are unknown (see Figure 5,
bottom row).

1

