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Abstract—The ever-increasing need for real-time 3D perception
for autonomy has resulted in development of a new generation of
high-resolution perception sensors paired with powerful edge pro-
cessors and advanced perception algorithms. However, processing
of the large data volumes generated by such high-resolution sensors
still imposes a great challenge for resource-limited edge devices
and systems. In this work, we visit this problem in the context of
pedestrian gait analysis using high-resolution mm-Wave sensors
with application in autonomous driving. We propose reducing the
total computational load of a resource-limited perception system
by dynamically controlling the mm-Wave sensor’s resolution on
the fly. We provide results on three dynamic sensor adaptation ap-
proaches including an end-to-end Deep Q-Learning approach that
can overcome the resource and performance limitations inherent
to conventional static methods.

Index Terms—Deep neural networks, mm-wave sensing, gait
recognition, reinforcement learning.

I. INTRODUCTION

RADAR is one of the most versatile and robust perception
sensors used in robotics and autonomy applications today.

Radar’s unique ability to maintain range and Doppler resolution
over long distances makes it an ideal sensor for perception
tasks including pedestrian classification and traffic behaviour
analysis. However, the power and computational limitations of
perception systems limit the extent that the high dimensional
raw radar data can be processed at the edge. As a result, even
the state of the art automotive radars deployed on cars today
are usually used only for collision avoidance or as a localization
sensor. One approach for better utilisation of the high-resolution
capabilities of radar is to adapt the radar sensor’s settings (also
known as “waveforms”) on the fly to maximise the perception
performance and computational efficiency simultaneously.

A. Mm-Wave Gait Analysis

One problem that has proven to be challenging using vision-
based perception sensors is remote pedestrian classification and
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behaviour analysis over medium to far distances (see [1] for
a review). High-resolution mm-Wave radars on the other hand
are capable of providing rich feature-sets by analysis of small
body movements of pedestrians 10 s to 100 s of meters away.
These feature-sets are commonly known as gait micro-Doppler
signatures.

Micro-Doppler features are widely used in literature for appli-
cations like human identification [2], classification of cars from
pedestrians [3], classification of different activities like walking
or crawling in indoor and outdoor environments [4]–[6], dis-
tinguishing walking vs. running patterns using micro-Doppler
features [7], [8], identifying hand motions in gait micro-Doppler
signatures [9] and estimating height of pedestrians from micro-
Doppler signatures by directly estimating parameters of the
Boulic-Thalmann gait model [10]–[12]. The perception model
used in this letter uses the same principle to classify children
from adults based on the effect of the pedestrian’s height on the
micro-Doppler gait patterns.

B. Cognitive Radar

Changing the radar’s settings on the fly and in response to the
dynamics of a scene, has been subject of study in the field of
cognitive radar since the introduction of the concept by Haykin
in [13].

Although Haykin has used the term cognition very broadly
in his work, the body of literature following his work has
mainly focused on classical channel estimation and adapta-
tion methods with the goal of optimal spectrum allocation and
interference suppression in complex multi-radar or dynamic
environments.

Recent work in this field includes using Reinforcement Learn-
ing (RL) techniques for spectrum allocation [14]–[17], direct
control of the radar beam or waveform for optimum target detec-
tion performance [18]–[21] or using Q-Learning for optimising
tracking performance of a radar system in presence of interfering
communication systems or other radars [22]–[24].

In contrast, we focus on dynamically adapting the radar
settings to optimise the classification performance of a non-
linear deep perception model with computational load as the
main resource constraint (instead of spectrum or SINR). This
is a new angle to cognition in radar because unlike the meth-
ods used for classical radar tasks like detection and track-
ing, classifiers used for analysis of complex targets found
in modern urban environments are highly non-intuitive and
non-linear.
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II. WAVEFORM ADAPTATION METHODS

In this section we introduce three different approaches to
waveform adaptation for edge perception: A myopic open-loop
waveform design approach, a myopic closed-loop waveform
adaptation approach and an end-to-end Reinforcement Learning
approach. In our experiments we assume a simplified adaptation
space containing only two settings (waveforms): the low reso-
lution waveform WFLR (Doppler resolution of 75 cm/s), and
the high resolution waveform WFHR (Doppler resolution of
20 cm/s).

A. Myopic Approaches

1) Dynamic Open-Loop Approach: In conventional static
waveform design approaches the sensor is set to work in either
the high-resolution setting resulting in a high raw data volume
(and higher power and memory consumption) or a low resolution
setting resulting in lower accuracy.

The alternative approach used as a baseline in this letter
is to randomly switch between the two settings based on a
pre-calculated prior corresponding to the desired operating point
for the perception system. This is a very simple strategy that
can result in a better efficiency than the high-resolution static
approach and better performance than statically selecting the
low-resolution waveform. However, such open-loop methods
can only yield in a linear trade-off between the average data-
volume generated by the sensor and the average perception
accuracy.

2) Dynamic Closed-Loop Approach: The proposed algo-
rithm for the Myopic baseline is shown in Algorithm 1. The
closed-loop algorithm uses the prediction results of the percep-
tion model at the previous m steps to estimate the most probable
class. It then compares the model’s confidence in the most
probable class with a preset confidence threshold. If the criteria
is met, then the algorithm reduces the resource consumption
by choosing a waveform with lower resource consumption.
Otherwise it switches to the waveform with the greatest average
expected accuracy (i.e. the high-resolution waveform). Using
this method one can trade accuracy and efficiency by choosing
the minimum confidence threshold parameter.

B. Reinforcement Learning Approach

The first step in our proposed Reinforcement Learning ap-
proach is to formulate the sensor adaptation task a Markov
Decision Process (MDP). Markov Decision Processes model
interaction of an agent with a dynamic environment through a
set of states S, a set of actions A, a transition probability P
defined over the state-space, and an immediate reward function
r corresponding to each state. Our goal is to find the optimum
policy π : S → A that can maximise the (discounted) sum of
rewards by selecting the optimum action at each state. In our
scenario we define the Markov Decision Process as follows:

a) State: We choose a 600 ms snapshot of the target’s Doppler
spectrogram as the state for the Markov Decision Pro-
cess. In principle, a radar system can adapt its waveform
much faster than the 600 ms window needed for the gait

analysis task. However, for the sake of simplicity we have
assumed that every snapshot contains data only from a
single waveform and therefore the maximum waveform
adaptation rate is the same as the perception rate.

b) Action: We define set of actions as the set of available
waveforms which control the Doppler resolution of the
radar, WFLR and WFHR, as explained above.

c) Reward: Since the value of each state should be a function
of both the performance of the perception model and the
resource consumed for achieving that performance, we
define the reward function for each state is as follows:

rt = 1[yp(st) = ytrue(t)]− αRCnorm(at) (1)

In which 1[·] is the indicator function, yp(st) is the la-
bel predicted by the perception model at given state st,
ytrue is the target ground truth label, and RCnorm is the
normalised Resource Consumption (RC) cost defined as:

RCnorm(at) =
RC(at)

maxa∈A(RC(a))
(2)

In this equation RC(a) is the resource consumption of
the system assuming that the sensor is operating with the
waveform corresponding to action a. The α coefficient
in Equation (1) can be used to to balance the perception
model’s expected accuracy and expected resource con-
sumption over the entire training set without explicitly
requiring a knowledge of the target’s true class or the
perception confidence level.

d) Transient Probability: The transient probability variable in
MDPs signifies the stochastic nature of the state variables
representing the dynamics of the observed environment.
In our experiments we include target trajectories that con-
stantly change direction in order to simulate the dynamics
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of the Doppler signatures in real-world scenarios. How-
ever, instead of explicitly modeling the transient probabil-
ity of the MDP, we use a model-free approach called Deep
Q-learning to directly find an optimum policy that yields
in the maximum reward.

e) Deep Q-learning: Based on the definitions of the MDP
above, the state value function can be defined as:

Vπ(s) = Eπ

[∑
t

γtrt|St = s

]
. (3)

In whichγ is the discount factor controlling relative impor-
tance of immediate and delayed rewards (γ = 0.99 in our
experiments). The Q-value can be defined as the expected
value of the state value function (Vπ) conditioned on action
a. In other words:

Qπ(s, a) = Eπ[Vπ(s)|St = s,At = a]. (4)

The Deep Q-Network (DQN) approach [25] proposes
using a deep neural network to find the mapping between
the observed (state, action) pair and the corresponding
Q-function. The learned Q-function can in turn be used to
find an optimum policy πopt : S → A simply by choosing
the action that maximises the Q-function at each state. A
step by step pseudo-code of the proposed DQN approach
is shown in Algorithm 2.

III. EXPERIMENTS AND RESULTS

The first step in comparison of the different approaches ex-
plained above is to set up a perception pipeline that can handle
data from both waveforms with minimal performance degrada-
tion. For this purpose we trained and validated a ResNet20 [26]

Fig. 1. Block diagram of the proposed Q-learning approach.

over a static dataset consisting of 600 ms snapshots of 3 classes of
pedestrians (Child, Adult, and Child accompanied with Adult),
walking on randomized straight lines, and observed using each
of the two waveforms. We then formed an independent dynamic
dataset by simulating 10 s episodes of pedestrians walking in
constant velocity circles with different speeds and locations.

Fig. 2 shows three examples of such dynamic episodes.The
red curve in Fig. 2 shows the performance of the proposed
DQN method with α = 0.45 in a scenario with both intra-class
dynamics (change of Doppler signature caused by change in
direction and location) and inter-class dynamics (change of the
target class). Comparing the blue and green curves it can be
seen the perception model’s confidence is highly variable as a
function of both the waveform and the dynamics of the episode.
However, the DQN model has learned to select the higher
resolution waveform in cases that the low-resolution waveform
would result in a low confidence prediction (for instance at t=7
to 9 seconds) and has decided to reduce the resolution to reduce
the data volume in cases that increasing the resolution would not
necessarily help with the perception model’s performance (for
instance at t=10 to 15 seconds).

Summarizing the performance of the three baselines over this
dynamic example, it can be seen that at the lowest resolution, the
perception model correctly classifies the target in only 16 out of
44 time steps. This results in confusion between the Child and
Adult classes even when the predictions are aggregated across
time. On the other hand, the DQN method has managed to double
the number of correct classifications (30 out of 44) resulting
in correct aggregated classification for all the three classes. A
static high-resolution waveform design approach would require
around 2.5X more computational resources to achieve the same
aggregated classification results.

A. Ablation Analysis

Each of the approaches introduced in previous section provide
access to a tunable parameter that controls the performance
versus efficiency trade-off in each of the waveform adaptation
schemes. In order to have a fair comparison for all the methods
over all the possible choices of the tuning parameters, we re-
trained the DQN method for α parameters between 0 and 1, and
swept the tunable parameters of the other baselines (Confidence
Threshold CT for the closed-loop approach and the waveform
prior probability P for the open-loop approach) over all the
possible values.

Fig. 3 shows the resulting average accuracy vs. (normalized)
data volume plot for over 1700 dynamic episodes sampled from
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Fig. 2. The proposed DQN approach in action. The DQN agent adapts the waveform in response to the dynamics of the scene to maximise the perception
performance while requiring minimal computational resources (α = 0.45).

Fig. 3. Accuracy versus resource consumption for different sensor adaptation
schemes.

TABLE I
LOWEST RESOURCE CONSUMPTION ACHIEVED BY EACH METHOD ASSUMING

MAXIMUM PERFORMANCE DROP OF 5%

57 different walking trajectories (30 episodes per walking trajec-
tory, 19 trajectories per class). As it was expected, the open-loop
approach only provides a linear improvement of accuracy for an
increase in the resolution (and data volume). But the closed-loop
approach can break this linear trade-off by dynamic adaptation
of resolution based on the expected perception performance.
The error bars show standard deviation of the average accuracy
over the entire test-set. It should be noted that the accuracy
numbers reported here (and in Table I) are single-snapshot
performance figures of the perception model. One could achieve

much higher accuracy figures by utilizing label aggregation and
filtering methods in post-processing (assuming that the system
is allowed to make a prediction after a longer time period). For
instance, a single-snapshot accuracy of 70% reported in this
work can translate to an expected aggregated accuracy of up to
99.97% for a 6 s (10-step) label memory. This is comparable with
observation windows commonly used for gait analysis tasks. As
an example see [12] and [8] using observation window sizes of
12 and 16 seconds respectively.

Table I provides a more quantitative view of the same results
by showing the lowest resource consumption achievable by each
method assuming that a single-snapshot accuracy drop of 5% is
acceptable to the perception system. As it can be seen, unlike
the Myopic approach that has marginal improvement over the
open-loop method, the proposed DQN approach can meet the
performance criteria with 21% to 48% less raw data volume.
We expect this gap to improve if the DQN method is provided
access to more degrees of freedom in waveforms or is trained
on longer dynamic episodes.

Since in our experiments the effect of the waveform on accu-
racy can be much smaller than the effect of co-factors (evident by
the standard deviation of curves shown in Fig. 3), the comparison
between the performance of the models for a fixed data volume
budget is challenging. We will investigate this angle further in
future work.

IV. CONCLUSION

In this work we demonstrated effect of trajectory-related
dynamic co-factors on performance of a mm-Wave gait anal-
ysis system and proposed a data-driven method to adapt the
waveform to mitigate the effect. The proposed DQN approach
enables better utilization of the state of the art mm-Wave sensors
and reduces the computational load of resource-limited percep-
tion systems by reducing the raw data volumes generated by
mm-Wave sensors.
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