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Abstract
The smart buildings of the future need to understand the
movement and occupancy of the people in the environ-
ment. Using cameras to provide this context can be privacy-
invasive. Alternatively, installing dedicated hardware to sense
the environment can be cost-prohibitive and limit ubiqui-
tous adoption. WiFi-based sensing has hence been cham-
pioned to provide this building-scale sensing, as it allows
for both privacy and is ubiquitously deployed in most build-
ings. However, industry-translatable research in this space
has been challenging as no building-scale systems can pro-
vide WiFi sensing data. Consequently, many real-world chal-
lenges of deploying these sensing systems remain a mystery.
To overcome this veil of mystery, we develop and open-
source WiSenseHub, a building-scale WiFi-sensing system.
We build our system on commercially available WiFi radios,
deploy our backend services to collect data on infinitely
scalable AWS cloud or a local server desktop, and build a
front-end phone-based interface to collect diverse WiFi sens-
ing data. We deployed multiple WiFi radios in our building
and collected data for user devices for over 38 hours.

CCS Concepts
• Information systems→ Information integration; Lo-
cation based services; Sensor networks.
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1 Introduction
Ubiquitous Wi-Fi deployments have made Wi-Fi-based sens-
ing very popular for GPS-denied environments, specifically
for localization, navigation, and tracking. With the increas-
ing deployment of indoor robotics and home automation,
Wi-Fi-based sensing has become a leading research topic
for autonomous systems [3, 9, 13]. There is still a huge gap
between research and deployment of these Wi-Fi-based so-
lutions, specifically due to the lack of an open-sourced data
pipeline for streaming, processing, storage, and retrieval
of Wi-Fi sensing data for user devices and robot devices
that also ensure real-time deployment and is/are privacy-
preserving.
In contrast to existing Wi-Fi sensing systems, most ro-

botics sensor deployments like camera and LiDAR have
systematized data management pipelines and established
ROS (Robot Operating System) platforms, crucial for the re-
producibility of novel sensing algorithms. While our past
work developed a Wi-Fi sensing ROS wrapper [9] based on
Nexmon-CSI[7], it does not accommodate a seamless Wi-Fi
sensor data management pipeline. Unlike camera and LiDAR
sensors which are ego sensors 1 that measure the environ-
ment of the user or robot device,Wi-Fi data for a given device
(user device or robot) is collected at the servers connected
to infrastructure-deployed Wi-Fi Access Points (APs). These
third-party server systems that perform data management
demand (a) a centralized data-management server system

1provide inside-out perspective for the robot, where the robot measures
and estimates its surroundings

https://doi.org/10.1145/3636534.3697313
https://doi.org/10.1145/3636534.3697313
https://doi.org/10.1145/3636534.3697313
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Figure 1: WiSenseHub’s Architecture We design
WiSenseHub to ensure that we can collect both Wi-Fi
sensor data labeled device data: Gyroscope, Accelerom-
eter, and GPS (labeled IMU)

including real-time data streaming and preprocessing com-
pute (either on a cloud or local server), and (b) data privacy
of the data pipeline for a user device.

Many commercial players, such as Cisco-Spaces [16] and
Qualcomm’s Atheros Boards, have developed Wi-Fi-based
sensing platforms for data collection and development. Most
of these platforms require proprietary hardware or subscrip-
tions to their SaaS systems, which demands a need for open-
sourced data aggregation for Wi-Fi sensing research and
deployment. Many existing research-oriented open-sourced
toolboxes aid in extractingWi-Fi sensor data like PicoScenes [11],
Nexmon-CSI[7], WiROS [1] and SWAN [22]. These platforms
enable streaming data to an external port from the Wi-Fi
hardware, but the data needs to be aggregated and managed
by a third-party server for wider open-sourcing, research,
and development. In WiSenseHub, we try to bridge this final
gap in enabling scalable and deployable research platforms
for Wi-Fi sensing. We develop an open-source framework2
for scalable data collection across multiple infrastructure
Wi-Fi access points and user devices and demonstrate it via
an open-sourced Wi-Fi extraction toolbox [1] for the pur-
poses of this paper. WiSenseHub’s framework and WiROS’s
ROS wrapper are easily extendable to other open-sourced
toolboxes like PicoScenes [11], SWAN [22], Intel 802.11n
toolbox [8], or AXCSI [6].
WiSenseHub is a centralized server framework that inte-

grates user device data and Wi-Fi sensor data for a building-
scale infrastructure access point (AP) deployment. To achieve
this we design a data pipeline system that can, for a given
target user device:
(a) Collect Wi-Fi signatures of the device measured across
multiple Wi-Fi Access Points at a single cloud or local plat-
form.
(b) Collect the device ego-information like the accelerometer,
gyroscope, and GPS/GNSS location data from the user device
using the open-sourced SensorServer [17].

2Index Page for WiSenseHub: https://github.com/WS-UB/WiSenseHub

(c) Synchronize and anonymize the user and sensor data
across the Wi-Fi infrastructure to create user self-correlated
and privacy-compliant datasets.
To design a centralized server framework for data col-

lection we retrofit COTS ASUS routers [2] with the open-
sourced WiROS [9] platform that can publish Wi-Fi sensor
data using ROS. Unfortunately, the ROS publisher-subscriber
model is hard to scale for either cloud or local platforms. So,
we create a ROS to MQTT wrapper that creates a lightweight
MQTT publisher at each Wi-Fi router. We then design both
an open-sourced local framework and an AWS cloud frame-
work to create a dual-stage data storage platform that can
collect data for each user or robot device at distinct times-
tamps across multiple Wi-Fi APs at each frame.

We need ground truth location labeled data for any Wi-Fi
sensing application. While GPS data is not accurate indoors,
one can perform GPS and motion-based dead-reckoning for
accurate ground truth. So, we need to collect device-specific
data that includes accelerometer, gyroscope, and GPS data for
each instance of user or robot device. At the same time, this
device information has to be synchronized with the Wi-Fi
sensor data. So we modify the existing WiROS implementa-
tion to integrate the data coming from aWebSocket provided
by an open-source Android App [17]. This integrated data
is then streamed from one of the Wi-Fi APs via a Raspberry
Pi, and the Wi-Fi APs that do not receive the data from the
WebSocket stream only the Wi-Fi messages from WiROS.
Additionally, we use a hash function on the device hardware
MAC address of the user device to anonymize user identity
but at the same point use it as a unique key to store and
retrieve user or robot device data as required. In our system,
the entire process of data collection is only initiated through
the user or robot device using a Wi-Fi Ping. So, the user de-
vice or the robot is always in control of data flow to ensure
user or robot device data privacy.

Finally, we deployWiSenseHub usingASUS routersmounted
with RPi-4 that run both the WebSocket and WiROS node.
These modified WiROS nodes stream the Wi-Fi+device data
and Wi-Fi data to a local LINUX server and also an AWS
EC2 instance for cloud processing and storage. Utilizing this
setup, we deploy 4 different Wi-Fi APs and test them across
2 different Android phones. We then test to ensure that the
data collation is consistent over long periods and get an esti-
mate of the average packet rate or frames-per-second (FPS)
of data, which is about 20 received packets per second per
AP for Wi-Fi data integrated across 4 routers. We also send
the device’s motion sensors and GPS location information
used in a typical localization task. We estimate construction
of a typical localization dataset would use 2.1GB/Hour/User
of memory storing the data on our system and running a
localization server for a building in the cloud would cost
about 1.45 USD per hour with our system.

https://github.com/WS-UB/WiSenseHub
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Figure 2: Signal parameters measurable by CSI The
direct path’s (solid line) and multipath’s (dotted line)
angles of arrival and departure can be measured in the
local coordinates of the APs. The robot’s velocity may
also be measured.

2 Background
To understand the need for a distinct centralized server de-
ployment for labeled Wi-Fi sensor data collection, we first
give a quick overview of how most of the Wi-Fi sensing
systems are designed. As shown in Figure 2, Wi-Fi sensor
measurements that critically involve Wi-Fi connection infor-
mation include: the Hardware MAC address of the connected
device, the frequency of connection, channel of operation,
bandwidth, MIMO settings (number of Tx, number of Rx, and
number of streams), and quintessentially the received signal
strength (RSSI) and the channel state information (CSI). RSSI
and CSI are used to estimate the path parameters, like the An-
gle of Arrival (AoA), Angle of Departure (AoD), attenuation,
and delay 3, for both the directed and reflected paths. These
path parameters are then used for various localization and
sensing tasks [13]. Critically, that vast set of state-of-the-art
algorithms [1, 3, 12, 13, 18] uses angle-of-arrival (AoA) mea-
surements to perform localization, tracking, and navigation
estimation. These AoA measurements are estimated from
the CSI measurements made at the Access Points (AP). The
CSI measurement for a single packet can be up to 30kB, and
the algorithms to compute AoA can require significant com-
putation, meaning they are unfeasible to do at the edge. This
motivates the need for a centralized, building-scale sensing
pipeline.
Additionally, in contrast to camera and LiDAR sensors,

which measure the environment on the ego (inside-out mea-
surements) device that houses the sensor, Wi-Fi sensor mea-
surements of a user or robot device must be made at the
infrastructure deployed Wi-Fi routers, and typically require
CSI measurements made across multiple APs, which makes
a simple ROS wrapper like WiROS [13] difficult to use for
building-scale deployments. While there are 10-100s of APs
within a building the user or robot device is usually within
range for only for 3-4 APs for Wi-Fi sensing measurements

3absolute from 802.11mc [4] and relative from channel state information
(CSI)

as long as the APs are within an enterprise infrastructure. To
overcome, this we design WiSenseHub, a centralized server
framework using open-sourced toolboxes that can easily
scale to streaming data from multiple APs while being inde-
pendent of which of the building APs are sensing the user
or robot device data.

3 Design
We designWiSenseHub’s framework to enable simultaneous,
scalable, and privacy-preserving data collection. We create
the data-management framework as shown in Figure 3 using
both AWS and open-sourced toolboxes. Where theWi-Fi and
Phone data are recorded at the Raspberry Pi (RPI) connected
to the Wi-Fi as described further in section 3.2, which is then
streamed and stored in either the AWS cloud platform or a
local server deployment described in section 3.1. Finally, we
describe how the data is managed within the AWS server
and the local server in section 3.3.

3.1 High-level Workflow
The primary motivation to build WiSenseHub is to democra-
tize the deployment of large-scale WiFi sensing systems. In
this vein, we open source all our backend server and user-
facing frontend systems and build on inexpensive commer-
cially available hardware. An end-end workflow of WiSense-
Hub is provided in fig. 3. The example workflow showcases
𝑁 access points deployed in the environment. These access
points monitor over-the-air WiFi packets originating from
various clients. For each received packet, they compute the
channel state information (CSI), which contains rich and
fine-grained information about the interactions of the WiFi
signal with the environment [9]. The CSI data is transmit-
ted over Ethernet via a UDP socket to our cloud-connected
Raspberry Pi’s (RPI). We utilize openly available WiROS [9]
platform to stream this CSI information in real-time. Finally,
this data is uploaded to the cloud via an MQTT broker. We
specifically use AWS’s IOT core to ensure real-time and ro-
bust transmission of the WiFi CSI data to the cloud. This
AP + RPI framework is repeated across multiple APs which
can be deployed widely in any environment. To facilitate
easy bring up and monitoring of this infrastructure, we again
utilize AWS’s IOTCore to onboard new RPIs, set up security
keys, and monitor data upload across RPIs.
The APs [9] we deploy have the capability to measure

CSI on any 802.11ac compliant WiFi packets. However, we
find that for many scenarios, we need the transmission of
dedicated WiFi packets at specific WiFi channels, bandwidth,
MCS rate, or packet rate. Moreover, we need an efficient
way to tag the packets arriving from multiple clients and
associate the same packets received across multiple APs
(as shown in fig. 3). To facilitate these requirements, we
design an Android application to allow for the controlled
transmission of WiFi packets and a real-time database table
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Figure 3: WiSenseHub’s system block diagram: WiFi packets captured at the APs are offloaded to the Raspberry
Pi’s (RPI) connected at the edge. These RPIs push the data via the MQTT Core to the EC2 compute instance for
additional processing. In our example, we compute the user device’s location via triangulation. Raw and processed
WiFi information is stored in S3 (MinIO) for long-term storage, and tabulated meta-data about the packets and
user locations are stored in DynamoDB (ElasticSearch) for short-term storage and easy retrieval. API calls from
the user devices can access this information readily.
joining routine on the cloud to create a cohesive dataset
across multiple APs in real-time. In addition to this data
upload pipeline, we develop a data download pipeline to
query WiFi sensing information from the cloud to serve the
end-user on the phone. We achieve this by developing a
simple AWS Amplify API gateway and a serverless AWS
Lambda trigger to query the stored data. Additional details
of this front-end infrastructure are provided in section 3.2.
In the AWS cloud, we have three primary components.

The first is the aforementioned Lambda instance to query
and serve WiFi sensing data to the end user. The second is an
Elastic Compute (EC2) instance to ingest WiFi sensing data
from the MQTT broker and process it in real-time. And third,
is a two-tiered storage system comprising DynamoDB and
Simple Storage Service (S3) to efficiently categorize and store
the WiFi data collected across multiple APs and clients. De-
tails about these building blocks are provided in section 3.3.

3.2 User and Infrastructure Frontend
Systems

We use the existing implementation of open-sourced WiROS
platform [9] that collected CSI of all packets within a specific
WiFi channel using monitor mode. We install WiROS across
all the Raspberry Pis (RPIs) connected to the APs we have
deployed. We also need the ground truth measurements from
the device for each of the Wi-Fi sensor measurements. A
simple way could be to send the data from the phone over
the internet to the server directly, but since the ROS server
on the RPIs and the AWS (local) server are not synchronized,
the data association would be more troublesome. So, instead,
if we can synchronize the Wi-Fi-sensor data and the IMU
data before it enters the server over the IOTCore we would
not have this issue.
So, we get the accelerometer, gyroscope, and GPS read-

ings of the device at one of the RPIs over the internet. To
implement this into our system, we use the SensorServer

application [17]4. This Android app allows us to stream real-
time sensor data from the phone to multiple WebSocket
clients, enabling them to monitor the device’s movement,
environment, and position in real time. Clients can connect
to the app using a WebSocket URL to receive data from var-
ious sensors, such as the accelerometer and gyroscope, in
JSON format. This data is then processed by a ROS node,
implemented in Python, which subscribes to the WebSocket
server and publishes the sensor data as ROS topic.

So now we have the new ROS node publishing the GPS, ac-
celerometer, and gyroscope measurements and WiROS also
publishes Wi-Fi messages using a ROS framework. We, then
implement a ROS node which plays a crucial role in synchro-
nizing IMU data with Wi-Fi messages. The node subscribes
to Wi-Fi and IMU data topics and publishes synchronized
data to designated ROS topics. Specifically, it listens to Wi-Fi
messages on the /csi topic and ground truth device data on
the /imu and /gps topics. Upon receiving new Wi-Fi data,
the node updates its internal state and publishes the Wi-Fi
message along with the most recent ground truth device
data to the /sync/csi, /sync/imu and /sync/gps topics,
respectively. These ROS topics are then subscribed to the
MQTT publisher that delivers them to the server over the
IOTCore API.
3.3 Backend Server Framework
In this subsection, we first describe the various components
of the AWS cloud framework for WiSenseHub’s framework
in section 3.3.1-3 and then describe the open-sourced tool-
boxes we use as alternatives for local server deployment in
section 3.3.4.
3.3.1 Lambda Data query:AWS Lambda is an event-driven
computing service, which is primarily used to perform spe-
cific individual tasks. For WiSenseHub, it serves to retrieve
the relevant information from the AWS storage. An exam-
ple data retrieval task we have implemented is to query the
4https://github.com/umer0586/SensorServer

https://github.com/umer0586/SensorServer


WiSenseHub: Architecture to deploy a building-scale WiFi-sensing system ACM MobiCom ’24, November 18–22, 2024, Washington D.C., DC, USA

phone’s location by utilizing WiFi-based localization and
displaying this location on the map. In this case, the Android
application utilizes Amplify’s gateway to trigger the Lambda
endpoint and requests location information for its user. The
locations, computed in the cloud using the WiFi sensing in-
formation, are tagged with this user’s unique application
key, and the request is served again via Amplify.

3.3.2 EC2 Post Processing Server: The Lambda endpoint
serves well to perform simple low-compute tasks. However,
for more involved processes, we require a scalable compute
resource. For this, we depend on AWS’s Elastic Cloud Com-
pute (EC2). The EC2 instance serves two primary purposes.
One, it runs an instance of WiROS’s processing node5. This
processing node is responsible for taking the raw CSI infor-
mation transmitted by the MQTT broker, calibrating and
sanitizing the CSI data, and computing the AoA-ToF pro-
file, which is often useful for various localization and WiFi
sensing applications [13]. Second, it is responsible for stor-
ing the processed and raw WiFisensing information in the
two-tiered storage system comprised of DynamoDB and S3.
In addition, this server instance can be extended to deploy
localization algorithms like SpotFi [12], MDTrack [21] or
DLoc [3] to test the validity of these localization systems in
building-scale scenarios.

3.3.3 Two-tiered Storage System:One of WiSenseHub’s pri-
mary deliverables is to provide researchers with an open-
source and easy-to-deploy WiFi sensing data collection solu-
tion for their research. An important part of this is to store
vast amounts of this data in an inexpensive yet easily acces-
sible manner. To balance between these two core properties
we chose to develop a two-tiered data storage solution. Dy-
namoDB is a serverless NoSQL database system that allows
for quick storage and retrieval of ordered data. It is often best
suited to track inventory lists for customers or store user
data. A key aspect of these applications is although there
may be millions of rows of data, each row contains limited
information (inventory quantity, description, and unique ID).

However, each CSI data can vary between 8 − 30 KB and
any additional processed transformation stored (eg. AoA-
ToF image) can double the row size. However, DynamoDB
becomes cost-ineffective when storing large row sizes. On
the other hand, we find that S3 (Simple Storage Solution)
provides an inexpensive but harder-to-access data storage
solution. Hence, to bring the best from both worlds, we store
in DynamoDB the universal file links to the WiFi sensing
data files stored in S3. This reduces the row’s data size while
also providing the quick lookup benefits of DynamoDB.

3.3.4 Local AWS deployment:To ensure the scalability of our
system we deploy the server locally on a docker. We leverage

5https://github.com/ucsdwcsng/wiros_processing_node

dockers to integrate the framework, where we take data from
multiple RPIs through MQTT. The MQTT core component is
responsible for collecting the received messages through the
publishers to the subscriber within the server. The server has
a pre-processing Python pipeline that processes the Wi-Fi
data and transfers the data to a long-term storage platform
managed through MinIO [14]. We use MinIO as the local
server alternative to the S3 buckets to organize the data
and upload it to the bucket for further querying. MinIO is
used to provide high-performance storage solutions for large
volumes of streaming data.

For querying the WiFi and User device data we are using
ElasticSearch for advanced querying and analysis, as an alter-
native to the DynamoDB and Lambda function-based query-
ing. Instead of DynamoDB-based indexing, ElasticSearch is
used to index and query the user data. Since both MinIO and
ElasticSearch are free open-sourced toolboxes compatible
with the AWS framework, the local server deployment can
also scale to build scale data collection platform for Wi-Fi
sensor data and the device data across multiple devices.

4 Evaluation
Wenow give a brief description of how the data looks like and
evaluate the consistency of the data streaming capabilities
of our server. We also provide the estimates in terms of USD
for costs incurred by running the AWS server, and also the
memory consumed for storage.

Table 1: Data Entries: Shows the data entries, their data
types, memory occupied, and description of the param-
eter. This table is only for one 𝐴𝑃𝑖 ’s Wi-Fi measure-
ments.
Variable Name Data Type Memory Description

User Dev ID String 17 B Hashed ID
(𝑇𝑋𝑀𝐴𝐶 )

Timestamp Decimal 20-28 B Unix Timestamp
Bucket Name String ∼ 20 B S3 Bucket
File Name String ∼ 40 B Binary File
Offset Decimal 10 B Offset in File
Sequence Decimal 8-12 B Packet Sequence
RSSI Decimal 7 B Signal Strength
𝑅𝑥 ID String 16-20 B Rx IP Addr

𝐴𝑃𝑖 Channel Decimal 5-8 B Channel
Number

𝐴𝑃𝑖 Bandwidth Decimal 4 B MHz
Accelerometer Float 24 B Float Array
Gyroscope Float 9 B Float Array
GPS Float 30 B Float Array
𝐴𝑃𝑖 CSI Float 8-30 KB Float Array

Total (no Floats) N/A ≤ 0.2 KB Entry Size
on DB

https://github.com/ucsdwcsng/wiros_processing_node
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Figure 4: (a-b) Data-Consistency Evaluation: Shows the frames rates (FPS) into the server storage of data collection
for the AWS and local server when collecting WiFi data across 1 AP and 3APs and plot the time-series of the
FPS per AP and the CDFs of the FPS per AP. (c-d) Data-Synchronization Evaluation: Shows the time difference
(deviation in seconds) for the arrival of the frames from different APs in both time series and CDF.

0 10000 20000 30000 40000 50000 60000 70000 80000
Time (sec)

0

20

40

60

80

100

120

Pa
ck

et
 R

at
e 

(H
z)

Single Device
All Devices

Figure 5:MACAddressAssociation: Shows howaverage
FPS changes when the server blindly listens to all the
packets, but using WiSenseHub’s MAC address hash-
ing we can still associate them irrespective of MAC
randomization of the user device.

4.1 Table Entries
Firstly, in Table 1 we list out all the table entries received for
each frame for a user device, the description of the data, data
type, memory required for each entry, and description of
the entry. These table entries are indexed using the Hashed
Device ID and the timestamp of the data collected. The en-
tries in Table 1 are only for one Wi-Fi AP in the environment
(𝐴𝑃𝑖 ), and a typical Wi-Fi sensing algorithm requires data
across 3 to 4 APs, and most of the time only 3 to 4 APs are
within the range of the user device that can measure the
device’s Wi-Fi signals, and only one of the APs receiving the
device data.

4.2 Building level Scalability
We further evaluate the consistency of our data collection
platform as a test of the performance of our system, we have
run the data collection pipeline on both AWS and the local

server for multiple long-term runs to evaluate the synchro-
nization of data across multiple APs, and steady rate data
collection from multiple APs and the user devices data. In
total, we have run the local and AWS servers for 40 Hrs. We
first evaluate the claim of WiSenseHub being scalable to the
building level. To demonstrate that we scale the number of
APs simultaneously measuring Wi-Fi data. As mentioned
earlier most of the algorithms need at least 3 APs and in most
realistic deployments, the user device is in range for only
3 APs at best, we demonstrate the change in average FPS
across 1 AP and 3 AP data collection scenarios as shown in
Figure 4(a-b). To evaluate streaming consistency and scalabil-
ity, we calculate the mean Frames/entries stored per second
(FPS) per AP within the S3 storage bucket (MinIO storage).
We can see here that irrespective of using 1 APs or 3APs
the FPS per AP remains almost the same. This demonstrates
that scaling to multiple APs across the building should not
adversely affect the performance of WiSenseHub. We can
also further see from Figure 4(b), where the average FPS
does not change significantly, except due to localized drops
from transient interference, demonstrating the scalability of
WiSenseHub.

4.3 Data-Synchronization Consistency
To then evaluate data-synchronization consistency, we look
at a few consecutive data samples across time for the same
packet sent. We then measure the time difference between
the minimum and maximum of the timestamps between the
data samples coming from all the APs and the phone for a
given user device’s transmission. That is we are in essence
measuring the time taken to get all the data corresponding
to one data point within our dataset. We then plot the time
series and CDF of the difference in time to measure all the
data for one point as shown in Figure 4(c) and Figure 4(d)
respectively. We can see from Figure 4(d) that on average,
it takes about 9 msec to get all the data for one single data
point. Further, from the time series in Figure 4(c), we can
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see that it takes only 25 msec to collect one data point using
WiSenseHub. This shows that the user is quasi-static for each
data-sample making the data across each point consistent
for a given user location.

4.4 User device Privacy Vs Track-ability
As discussed previously, since Wi-Fi data is being collected
by a third party, we need to ensure that the user device is
the one in control of disseminating the information. While
the GPS and other device data is shared at the user device’s
discretion the Wi-Fi sensor data is collected by the Wi-Fi
APs. So to enable user-centered data collection, WiSenseHub
is also designed to ensure that data collection only happens
when the user pings the router and not at all times. Further,
we only use an anonymized hash of the user’s MAC address
to identify a user’s device. To further verify that we extract
a given user’s data from the data collected across all the user
devices and show the FPS as shown in Figure 5.Wherewe can
see that WiROS can publish and the server ingests data up to
100 FPS on average per AP. In contrast, with WiSenseHub’s
filtering with the user device pinging at a constant rate of
5Hz, the data ingestion rate within the server is restricted to
10− 20 FPS depending on the amount of channel contention.

Table 2: Projected Costs: Shows the rate of memory
dump you get from a single Wi-Fi AP @20 FPS and a
single user device data @100 FPS. The costs are shown
in terms of AWS S3 storage, and the amount of local
memory consumed per hour of data collection.

Sensor Data Bandwidth
(KB/s)

AWS S3 Cost
(USD/hr)

Local Memory
per hour (B)

Wi-Fi (1APs) 620𝑘𝐵/𝑠 0.05 2.1𝐺𝐵
User Device 12.8𝑘𝐵/𝑠 0.0012 46.0𝑀𝐵

4.5 Memory and Costs
Finally, we also give an estimate of the costs incurred by this
data collection framework provided byWiSenseHub in terms
of both price and memory required. We give an estimate
based on the CSI frames stored when we run WiSenseHub
for 1 hour. We show a memory estimate for the data col-
lected over 1 hour for a single Wi-Fi AP as shown in Table 2,
which can be used to linearly scale the memory consumed
during the data collection. We also estimate the memory
consumed during the AWS data storage and convert that
to the cost incurred in USD which is also shown in Table 2.
Thus, in WiSenseHub we provide a rough order of magni-
tude (ROM) costs that anyone can use to estimate their costs
before deploying WiSenseHub to scale for their building for
Wi-Fi-based sensing algorithms for researchers and devel-
opers. Note that storage of the CSI is only necessary for
evaluation or model training purposes and is not necessary
for location inference.

5 Related Work

Wireless sensing researchers commonly rely on open-sourced
datasets or COTS systems that furnish physical-layer WiFi
channel state information. However, we find the datasets
and systems, for example the Human activity recognition
datasets [19, 23–26] or localization datasets [3, 5], in place
today do not allow researchers to quickly bring up building-
scale testbeds to conduct and verify their research.
To enable more freedom, existing WiFi sensing systems

can be deployed instead of relying on open-sourced datasets.
These systems can be categorized into those which provide
non-real-time and real-time CSI information.
WiFi measurement tools: There are two widely used open-
source WiFi measurement toolkits [8, 20] which support
the IEEE 802.11n protocol. However, this protocol is out-
dated and consequently not as widely supported in current
WiFi deployments. Alternatively, newer toolkits that lever-
age the IEEE 802.11ac [7] and IEEE 802.11ax [6, 11] exist.
Unfortunately, these systems do not expose WiFi measure-
ments in real time; instead, they store them on the device
in specialized files. This requires additional post-processing
and time-synchronization, precluding real-time system in-
tegration, which is necessary for debugging and building
real-world systems.
ROS-supported Tools: To circumvent these challenges, a
few tools integrate WiFi measurements into MQTT-based
frameworks (Robot operating system, ROS, specifically). [15]
provides only the WiFi signal strength (RSSI) measurements
in real-time via an MQTT-topic, which can be used as a
proxy between a transmitter and receiver. However, RSSI is
a very coarse-grained, environment-sensitive measurement,
whereas richer WiFi measurements exist that can expand the
use of WiFi sensors. These richer measurements (channel
state information, CSI) are exposed in the tools above and
help determine the arrival and departure angles of a WiFi
signal, the velocity of the WiFi sensor, or even fine-grained
information about the environment [13]. Figure 2 details
these physical measurements. A recent work [10] looked at
providing real-time support for the 802.11n chipsets [8, 20]
mentioned previously. However, this system requires ac-
tive collaboration with the WiFi infrastructure, requiring de-
ployed WiFi APs to perform ‘round-robin’ packet exchanges.
This active involvement by the infrastructure creates ad-
ditional overhead in the congested network and precludes
ubiquitous deployment of WiFi sensing in indoor environ-
ments. Recently, WiROS [1] overcomes some challenges to
develop a “monitor” based CSI acquisition framework. Their
system is primarily focused on providing CSI at a single
robot client. Instead, many infrastructure-centric sensors re-
quire CSI collection at multiple APs deployed in the building.
WiROS, however, cannot be deployed at a building scale.
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WiSenseHub primarily seeks to bridge the gap in research
by open-sourcing an infrastructure framework, built on off-
the-shelf hardware and software, to quickly, efficiently, and
cost-effectively bring up building-scale test beds to help fur-
ther the state-of-art in WiFi-based sensing.

6 Discussion and Conclusion
So, in WiSenseHub, we design and open-sourced our code
bases 6 for creating local and AWS servers and also the web
app extension for WiROS that can stream device data in tan-
dem with Wi-Fi sensor data from across APs. WiSenseHub’s
framework is easily scalable to building scale of Wi-Fi APs,
with the help of RPI-enabled ASUS routers. We deployed
WiSenseHub on cloud and local servers to demonstrate the
stability of WiSenseHub’s data collection rate and ensure
that the data collected is user-defined and device data secure.
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