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Abstract. Activity recognition methods using Wi-Fi Channel State
Information (CSI) have been actively studied in the mobile and ubiq-
uitous computing community. Many prior studies on CSI-based context
recognition systems employ CSI data collected at a high and constant
sampling rate, resulting in always high computation costs for context
recognition. In this study, we propose a CSI-based activity recognition
method that adaptively adjusts the sampling rate using reinforcement
learning. In the proposed method, the “action” in the reinforcement
learning is defined as the selection of a sampling rate of CSI, and the
“state” is defined as an intermediate output of a neural network for
activity recognition in the environment, which is expected to include
information describing the complexity of the current activity. Moreover,
we design an activity recognition model that can accept CSI inputs col-
lected at an arbitrary sampling rate in principle, and extract sampling-
rate-independent intermediate representations in its intermediate layers,
enabling the reinforcement learning agent to switch to an appropriate
sampling rate regardless of the current sampling rate. We evaluated the
proposed approach using data collected in real environments.
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1 Introduction

With the development of sensing technology, research on recognizing human
activity by analyzing real-world sensor data has been actively studied. Activity
recognition is a technology that estimates an activity class of a target person
based on real-world sensor data, and can be applied to building various real-
world applications such as home automation and surveillance of elderly people
living alone. In addition to conventional methods using video data from cam-
eras and/or accelerometer data from wearable devices [5,6], activity recognition
methods using Wi-Fi Channel State Information (CSI) have been attracting
attention in recent years [8]. Wi-Fi CSI contains information about propagation
paths of Wi-Fi obtained from the physical layer between the transmitter and
receiver that perform wireless communication, and is composed of the ampli-
tude and phase of the complex channel information for each subcarrier between
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each transmit-receive antenna pair. The methods using Wi-Fi have the following
advantages over the conventional methods. (i) They do not suffer from privacy
problems caused by methods using camera images. (ii) They can recognize a
target’s activity even when the target is at the camera’s blind spot. (iii) No
wearable device is required. (iv) Commercially available Wi-Fi access points can
be used to construct a recognition system.

Because of the limited transmission range of Wi-Fi, multiple CSI-based activ-
ity recognition systems (i.e., transmitter and receiver pairs) are installed in an
environment, e.g., office and house. When the system is installed for each room,
for example, the amount of CSI data to process is proportional to the number
of systems, requiring significant computation costs when we assume large-scale
deployment of the systems. Because the computation costs of always-on moni-
toring systems are crucial for achieving green ICT, an energy-saving approach
that maintains precise activity recognition is necessary. Our solution proposed
in this study is to adaptively control the sampling rate of the CSI-based activity
recognition system according to a state of an environment in which the recogni-
tion system is installed. Prior studies on CSI-based context recognition systems
employ CSI data collected at a high and constant sampling rate [4,7]. However,
when a person in an environment of interest is sleeping, for example, the high
sampling rate CSI data is not required to recognize the simple activity.

Therefore, in this study, we propose a CSI-based activity recognition method
that adaptively adjusts the sampling rate according to the current state of an
environment of interest. The proposed method employs reinforcement learning
to adjust the sampling rate of CSI sensing by the recognition system.

2 Proposed CSI-Based Activity Recognition Method

2.1 Overview

In this study, we assume an indoor environment where a transmitter and a
receiver of Wi-Fi are installed. The transmitter transmits packets and the
receiver receives them and obtains CSI for each packet. The frequency of the
transmitter’s packet transmission corresponds to the sampling rate of the CSI in
this study. The proposed method estimates an activity class of a person in the
environment for each time window of data, and at the same time the method
determines the sampling rate to be used for the next time window. The sam-
pling rate of the CSI is either one of three: HIGH, MIDDLE, and LOW, 25 Hz
for HIGH, 5 Hz for MIDDLE, 1 Hz for LOW in our implementation.

The proposed method consists of an activity recognition model and a sam-
pling rate selection module, as shown in Fig. 1.

2.2 Activity Recognition Model

Here we introduce the activity recognition model used in the proposed method
shown in Fig. 1. The activity recognition model is a neural network trained to
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Fig. 1. Overview of proposed method

Fig. 2. Activity recognition model of proposed method

estimate an activity label of input CSI data. In the proposed method, the inter-
mediate output of the activity recognition model is used as the input of the
sampling rate selection module. The intermediate output of the activity recog-
nition model can be regarded as features extracted from CSI data for activity
recognition that contain information about the complexity of the current activ-
ity, and is useful for selecting the sampling rate. However, because the proposed
method assumes CSI acquired at different sampling rates as an input, it is nec-
essary to prepare a different activity recognition model for each sampling rate
in general. Because the intermediate output of each model is considered to have
different meanings, the intermediate outputs of the models cannot be simply
used as an input of the sampling rate selection module. To address this issue,
we design an activity recognition model that can process CSI data collected at
different sampling rates as shown in Fig. 2.
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Fig. 3. Experimental environments. T is the transmitter, R is the receiver, and C is
the camera for acquiring ground truth labels.

2.3 Sampling Rate Selection Module

The sampling rate selection module is implemented based on a reinforcement
learning model, Deep Q Network (DQN) [3]. In this study, the “action” in rein-
forcement learning is selection of a CSI sampling rate (HIGH, MIDDLE, or
LOW), and the “state” is the information obtained from the observed CSI (inter-
mediate output of the activity recognition model). In order to achieve recogni-
tion at a low sampling rate, a higher “reward” is given when the reinforcement
learning agent can correctly recognize an activity at a lower sampling rate.

Note that, to efficiently train the neural network, we modify the original
DQN in several ways according to [2].

3 Evaluation Experiment

3.1 Dataset

The datasets for the evaluation experiment were collected in two different envi-
ronments; Dataset 1 and Dataset 2. Dataset 1 consists of 12 sessions of labeled
CSI data acquired in the environment depicted in Fig. 3(a). In each session, a par-
ticipant performed a set of seven activities: walk, tooth brushing, using vacuum
cleaner, abdominal exercises, squat, jumping rope, and side-to-side jumping, in
a random order. Dataset 2 consists of 12 sessions of labeled CSI data acquired in
the environment shown in Fig. 3(b). In each session, a participant performed a
set of five activities; walk, sleeping on chairs, using a laptop, squat, and juggling
with a ball, in a random order. The duration of each activity is about 20 s.

The transmitter and receiver were PCs equipped with Intel 5300 NIC Wi-Fi
modules. We installed the CSI tool published by Halperin et al. [1] on each of
them and used it to acquire CSI data. The transmitter has three antennas, the
receiver has one antenna, and the number of subcarriers is 30.
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Fig. 4. Results of the comparison methods and proposed method

3.2 Evaluation Method

To verify the effectiveness of the proposed method, we prepared the following
comparison methods.

– HIGH: A method that constantly 25 Hz as the sampling rate
– MIDDLE: A method that constantly 5 Hz as the sampling rate
– LOW: A method that constantly 1 Hz as the sampling rate

In the experiment, we used 9-session data as training data for activity recog-
nition, 1-session data as training data for reinforcement learning, and the remain-
ing sessions as test data. For reinforcement learning, the 1-session training data
was used by randomly changing the order of activities per episode.

Since the above methods output an activity estimate for each window, the
macro-averaged F-measure (macro-f1 score) calculated with the estimates is used
as an evaluation metric for recognition performance. In addition, the total num-
ber of CSI samples processed for recognition in the test data is used as a metric
to evaluate the computational cost of recognition.

3.3 Results

Figure 4(a) shows the average F-measures of the comparison methods and the
proposed method for Datasets 1 and 2. The F-measures of the proposed method
were 0.87 for Dataset 1 and 0.79 for Dataset 2, which are almost identical to
those of MIDDLE. The average numbers of total samples used in the processing
of the comparison methods and the proposed method are shown in Fig. 4(b).
The total numbers of samples of the proposed method were 2287.5 for Dataset
1 and 2107.5 for Dataset 2.

As shown the results of Dataset 1 in Fig. 4(a) and 4(b), the proposed method
results in a reduction of the F-measure by only 2% compared to MIDDLE, while
the number of samples processed was reduced by 35%. For dataset 2, the F-
measure of the proposed method was identical to the F-measure of MIDDLE. In
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contrast, the number of samples processed was reduced by 10%. Therefore, we
can say that the proposed method could significantly reduce the computational
cost while maintaining the recognition accuracy.

4 Conclusion

In this study, we proposed a method to perform activity recognition with a
lower sampling rate while maintaining high accuracy by adaptively adjusting
the sampling rate according to the current state, and showed its effectiveness
through evaluation experiments in real environments. As a part of our future
study, we plan to construct a reinforcement learning agent that can work in any
environments without the necessity of environment-dependent training.
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