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Abstract—We propose the use of deep convolutional neural
networks (DCNNs) for human detection and activity classification
based on Doppler radar. Previously, proposed schemes for these
problems remained in the conventional supervised learning paradigm that relies on the design of handcrafted features. Whereas
these schemes attained high accuracy, the requirement for domain
knowledge of each problem limits the scalability of the proposed
schemes. In this letter, we present an alternative deep learning
approach. We apply the DCNN, one of the most successful deep
learning algorithms, directly to a raw micro-Doppler spectrogram
for both human detection and activity classification problem. The
DCNN can jointly learn the necessary features and classification
boundaries using the measured data without employing any explicit features on the micro-Doppler signals. We show that the
DCNN can achieve accuracy results of 97.6% for human detection
and 90.9% for human activity classification.
Index Terms—Convolutional neural network, deep learning,
human activity classification, human detection, micro-Doppler.

I. I NTRODUCTION

T

ARGET classification using micro-Doppler signatures has
found many applications in defense, surveillance, and private sector [1], [2]. Specifically, Doppler radar has been widely
used for moving-object detection and target classification because it can suppress clutter and detect only a nonstationary
target. To recognize and classify a target, micro-Doppler signatures produced from various non-rigid-body motions of a target
can be a key feature for exploitation [3]. Recently, the human
detection and tracking problem has been extensively addressed
in conjunction with the unique micro-Doppler signature. The
micro-Doppler signature that is time-varying can be clearly
observed in a joint time—frequency domain.
Several research efforts have been exerted to recognize
the micro-Doppler signatures for target classifications. In the
early study stage, spectral analysis of micro-Dopplers has been
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formation [4]. This method could identify targets that have
a distinctive Doppler shift compared with those of the other
methods. Then, the time-varying signatures extracted from a
spectrogram were exploited to recognize various human activities in [5]. The use of empirical mode decomposition was
also successful in recognizing target types [6]. The principal
component analysis and linear discriminant analysis have been
also used to extract feature vectors [7]. The linear predictive
code was also suggested for real-time processing because the
computational cost could be significantly reduced [8].
Whereas the aforementioned schemes achieved high accuracy results in the considered problems, their approach remained in the conventional supervised learning paradigm, i.e.,
they require preprocessing of raw micro-Doppler signals to
devise discriminative features necessary for the classification
algorithms. Such dependence on the domain knowledge of
micro-Doppler signals limits the scalability of the proposed
algorithms to other research problems. We therefore consider an
alternative deep learning approach to overcome such limitation.
In this letter, we propose the use of deep convolutional neural
networks (DCNNs) to recognize micro-Doppler signatures in
spectrograms for target classification problems. Deep learning
algorithms, which typically use hierarchical neural networks,
have recently revolutionized several applications such as image or speech recognition; they significantly outperform the
previous state-of-the-art schemes that mainly relied on domain
knowledge-based features. The main reason for such success is
the ability of deep learning algorithms to jointly learn the features and classification boundaries directly from raw input data.
The most informative features for a given classification problem
can be automatically learned from the data while possessing the
ability to capture these features that may otherwise be missed.
To that end, we directly apply the DCNN to a micro-Doppler
spectrogram with two objectives: 1) human detection and
2) human activity classification. For the first objective, targets,
which include a human, a dog, a horse, and a car, are measured
by Doppler radar, and the DCNN is trained for the classification
according to the generated spectrogram. Second, the same data
set used in [5] is tested for the human activity classification.
Seven different human activities measured by Doppler radar
are used as targets, and the DCNN classification performance
is investigated. To the best of our knowledge, the deep learning
approach has not been used in the radar community, particularly
for target recognition with Doppler signatures. We present
brief backgrounds on deep learning and CNN, application of
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Fig. 1. Convolution in the CNN.

the CNN to the Doppler data, our experimental results, and
discussions.

Fig. 2. (a) Process of applying a 4 × 4 convolution filter to the input data
(in pink) to generate the output (in gray). (b) Examples of 2 × 2 pooling
(max or mean pooling) that reduces the data dimension by half.

II. DCNN S
Deep learning is a subfield of machine learning that has
recently gained large interest. In contrast to relying on the
extracted features from data, the deep learning algorithms can
find features and classification boundaries through optimizing a
certain loss function. For this purpose, these algorithms employ
a deep neural network structure, which stacks multiple layers of
simple neural network architecture, to extract hierarchical abstractions and generalization from the data. Whereas the main
concept of deep learning has been around for a few decades,
it has lately regained the spotlight owing to the achievement
of excellent empirical performance in several different domains
of applications such as speech recognition, image recognition,
and natural language processing [9]–[11]. The main reason for
such renaissance is attributed to several facts: the advent of
high-performance computing processors such as the Graphic
Processing Unit (GPU) and the continuation of algorithmic
innovation. For a more detailed overview of deep-learning
algorithms, we refer the readers to [12] and the references
therein.
DCNN is one of the most successful deep learning algorithms. It is based on the classical convolution neural network
devised by LeCun et al. [13] in the late 1980s. It is a supervised
learning algorithm that attempts to learn mapping between the
input data point and its corresponding label provided by human
annotators. The hierarchical structure of the DCNN, which is
exemplified in Fig. 1, is inspired by the visual cortex of a human
brain that efficiently recognizes objects. The DCNN consists of
three main components. The first component is the convolution
filter that works on small local receptive fields of input data
in a sliding-window fashion. Each filter can be considered as
a specific feature detector. In each layer, multiple convolution
filters exist that work in parallel. The second component is the
nonlinear activation function imposed on the convolution filter
output that enables nonlinear transformation of a data space
so that the discrimination among classes can become easier.
The conventional choice for the activation function was the
sigmoid function: f (x) = 1/(1 + exp(−x)). More recently,
the Restricted Linear Units (ReLU), i.e., f (x) = max(0, x),
was shown to achieve better empirical results when used as an
activation function [14]. The third component is the pooling that
reduces the data size. The final prediction can become robust
to the translation of input data through pooling. Fig. 2 shows
the schematic of the 4 × 4 convolution filter and the
2 × 2 pooling operation. The combination of convolution
filters, nonlinear activation, and pooling is regarded as one

Fig. 3. (a) Configuration of Doppler radar. (b) Photograph of the radar.

layer in the DCNN, and multiple layers (sometimes, more than
20) are consecutively employed in modern CNNs; hence, the
term deep CNN. When the DCNN is used as a classifier, the
final few layers assume the form of a usual perceptron, i.e.,
all input nodes of the layer are connected to all output nodes.
Fig. 1 shows a simple DCNN architecture with two convolution
layers and one final fully connected layer.
The DCNN parameters, i.e., the coefficients of convolution
filters and the final fully connected layers, are trained by
backpropagation with stochastic gradient descent (SGD). To
speed up the optimization process, a momentum method [15]
is used as a standard choice. In addition, to prevent overfitting,
dropout [16] is widely used as a regularization scheme; it randomly omits hidden nodes with a predefined probability that is
independent of each training sample. Through the dropout, coadaptation among the neural network nodes can be mitigated.
The DCNN has recently revolutionized the image recognition
community by significantly outperforming the previous stateof-the-art methods. However, most of the advanced DCNNs
developed so far have focused on the natural RGB image recognition, and the effectiveness of the DCNN in the recognition
of micro-Doppler signatures in a spectrogram has not been
extensively investigated yet.
III. R ADAR TARGET C LASSIFICATION T HROUGH
M ICRO -D OPPLER S IGNATURES U SING THE CNN
A. Human Detection
We applied the DCNN to the measured Doppler data to
classify target types. Several targets, including a human, a
dog, a horse, and a car, were measured by Doppler radar
operating at 7.25 GHz when the targets approached the radar.
The radar block diagram and a picture are shown in Fig. 3.
The measurements were performed in an outdoor environment
under a line-of-sight condition, as shown in Fig. 4. Each target
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TABLE I
A CCURACIES OF THE DCNN FOR E ACH F OLD AND T HEIR AVERAGE

Fig. 4. Outdoor measurements. (a) Human. (b) Dog. (c) Horse. (d) Car.

Fig. 6. Setup for human activity measurements.

The usual sigmoid function was used as activation functions.
We used the MATLAB toolbox developed by Palm [19] for
the experiment, and the DCNN can be successfully trained in
MATLAB at a reasonable time cost. The number of epochs
was set to 100. Because the number of data and the size of
the CNN are not big, we used an Intel i5 2.27-GHz CPU with
a 4-GB memory. The training time was 127 s. The resulting
classification accuracy was 97.6%, as listed in Table I.
B. Human Activity Classification

Fig. 5. Sample spectrograms. (a) Human. (b) Dog. (c) Horse. (d) Car.

was measured ten times, and four spectrograms with a 2-s
time window were extracted, resulting in 40 data per target.
For a joint time—frequency analysis, the measured data were
processed with the short-time Fourier transform [17], and their
sample spectrograms are shown in Fig. 5. We set the fast Fourier
transform size to 256 ms and the overlapping time step to 10 ms
in this study considering the speed of human motions.
As shown by the spectrograms, different targets present their
own unique micro-Doppler signatures. In [18], human detection
among other targets has been addressed by investigating the
physical characteristics of the targets. The classification was
mainly based on the estimation of the length of a leg and stride
size. The limitation of the approach described in [18] was that
the technique could not discriminate a human against a horse
because they have similar leg lengths and strides, although the
micro-Dopplers show different features, as shown in Fig. 5.
To utilize the micro-Doppler signatures in this study, we
employed the 2-s spectrogram itself as input to the DCNN.
Thus, we interpret the spectrogram classification as an image
recognition problem. By using the 2-s window, the periodic
micro-Doppler signatures could be captured. The size of the
spectrogram was normalized to 100×100. Among the 160 data,
80% of the spectrograms of each target were used as the training
data set, and the other 20% were used as the validation data set.
Because the size of the training data set is not large, we used
relatively small CNNs for this experiment; we used two convolution layers, where each layer had four convolution filters of
size of 5 × 5. For pooling, we used the 2 × 2 max pooling for
the first layer and the 4 × 4 max pooling for the second layer.
Furthermore, we had one fully connected layer that directly
connects the output of the second pooling and the target classes.

We investigated the performance of the DCNN in the classification of human activities employing the data set used in [5].
The data were collected using a Doppler radar test bed operating at 2.4 GHz. A human being moving directly toward the
radar was measured in an indoor environment under line-ofsight conditions. Twelve humans were measured for 3 s as they
performed seven different activities. The activities consist of
(a) running, (b) walking, (c) walking while holding a stick,
(d) crawling, (e) boxing while moving forward, (f) boxing
while standing in place, and (g) sitting still. Each activity
was measured four times per subject, and three spectrograms
were extracted from each measurement, resulting in 1008 data
points. The size of the extracted spectrogram was 300 × 140.
The measurement setups are shown in Fig. 6, and the sample
spectrograms are shown in Fig. 7.
We used a fourfold cross validation to evaluate the classification performance of the DCNN, similar to that performed in [5].
The training and test sets in each fold contained 756 and 252
samples, respectively. The number of convolution filters in each
layer, size of the convolution filter, and number of hidden nodes
in the fully connected layer were hyperparameters chosen via
the cross validation. ReLU was used for the activation function,
and a 2 × 2 max pooling was used.
Because the data and network sizes we employed are significantly larger than those of the first experiment, we used
the open-source toolkit Caffe [20], which uses the NVIDIA
GPU and CUDA library (e.g., cuDNN [21]) to speed up the
computation. For learning, we used the mini-batch SGD with a
learning rate of 0.001 and a batch size of 84. The momentum
method was also used with a weight of 0.9, and dropout was
applied for the final fully connected layer with a probability of
0.5. We used the NVIDIA GeForce GTX Titan Black edition
GPU (with a 6-GB memory) and 2.5 GHz Intel Xeon CPU E52609 v2 in our experiments. The training time for each fold with
400 epochs was about 1420 s on average.
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Fig. 9. Accuracy results of Fold 1 with varying time window in the spectrogram data. Note that we do not lose much even by halving the time window of
the spectrogram.

Fig. 7. Sample spectrograms of human activities. (a) Running. (b) Crawling.
(c) Boxing still. (d) Boxing forward.

TABLE II
A CCURACY R ESULTS OF THE DCNN FOR
E ACH F OLD AND T HEIR AVERAGE

Fig. 10. Test error curves for Fold 1 with varying time windows. The x-axis
index corresponds to training epochs, and the y-axis corresponds to the accuracy. Note that the test errors in Fold 1 converge at approximately 200 epochs.

Fig. 8. Visualization of the 20 convolution filters of size 5 × 5 in the first layer.

After a heuristic search, we report the result of the best
model: three convolution layers, where each layer has 20 filters
with a size of 5 × 5, and two fully connected layers with 500
hidden nodes in the first fully connected layer. Table II lists
the summary of the accuracy results we obtained from each
fold, as well as their average of 90.3%. Whereas our result is
slightly worse than that of [5], we believe that it shows the
potential of the DCNN in micro-Doppler-based target classification in that we have not used any preprocessing for feature
extraction and extensive hyperparameter tuning such as random
search [22].
We show the learned 20 convolution filters of the first layer
in Fig. 8. The visualization of the convolution filters indicates
hierarchical structures, whereas obtaining the physical insights
into our case is difficult. In our future research, we plan to
further attempt to visualize the higher layers’ convolution filters
as in [23], so that we may obtain better insights into the learned
representations of DCNNs.

Moreover, we varied the time window of the spectrogram
data and tested how it affects the classification accuracy. We
picked the Fold 1 training/test data and compared the test results
with the data with 140 (3.0 s), 118 (2.6 s), 100 (2.1 s), 70 (1.5 s),
50 (1.1 s), and 30 (0.6 s) time stamps from the beginning of the
spectrogram data. We trained the same data set for five times
and show the averaged accuracy in Fig. 9. We observe that
from only half of the data (i.e., 70 time stamps), 99.24% of
the accuracy of that using the full data can be achieved.
Finally, Fig. 10 shows the six test error curves of Fold 1 that
yielded the results shown in Fig. 9. We observe that at least
approximately 200 epochs are needed for the test errors to converge while avoiding significant overfitting. One phenomenon
we find is that the accuracy for 2.6 s is slightly higher than
that of 3.0 s around 100 epochs. While intriguing, we think the
phenomenon could be simply due to the variance in the data
since the gap is not very significant and the trend does not last
when the curve converges.
IV. C ONCLUSION
In this letter, the DCNN has been applied for target classification problems based on the micro-Doppler characteristics in a
spectrogram. The DCNN was employed to efficiently extract
and recognize micro-Doppler features. By using the DCNN,
human beings can be successfully classified with 97.6% accuracy among other targets, including dog, horse, and car. The
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seven human activities were successfully classified with 90.9%
accuracy. In this letter, we did not use any explicit domain
knowledge for extracting features, and the spectrogram itself
served as input data to the DCNN. We believe our results show
a potential of deep learning for a number of applications in radar
signal processing problems. The proposed method may also
have some limitations. Since the shape of the micro-Doppler
signature is the key for classification, the performance can degrade if there exist variations due to the irregularity in motions.
In addition, the computational complexity of DCNNs is usually
higher than that of data-driven models from regular machine
learning algorithms. Therefore, the computational complexity
of DCNNs should be carefully considered in applications that
require real-time processing.
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