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We present Sensei, the first system designed to understand social interaction and learning in an early-childhood classroom
using a distributed sensor network. Our unobtrusive sensors measure proximity between each node in a dynamic range-based
mesh network. The sensors can be worn in the shoes, attached to selected landmarks in the classroom, and placed on
Montessori materials. This data, accessible to teachers in a web dashboard, enables teachers to derive deeper insights from
their classrooms. Sensei is currently deployed in three Montessori schools and we have evaluated the effectiveness of the
system with teachers. Our user studies have shown that the system enhances teachers’ capabilities and helps discover insights
that would have otherwise been lost. From our evaluation interviews, we have established three major use cases of the system.
Sensei augments teachers’ manual observations, helps them plan individualized curriculum for each student, and identifies
their needs for more interaction with some children. Further, the anonymized data can be used in large-scale research in early
childhood development.
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1 INTRODUCTION
Understanding early childhood development has been a subject of increasing interest over the past several decades.
Early childhood has been shown to be the most important time in development [9, 21, 28]. New methods and
techniques have been used to study development in children with a variety of different educational philosophies
[33, 34]. Our work presents a system to help educators and researchers develop a deeper understanding of early
childhood learning in the Montessori classroom.
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1.1 The Montessori Method
The Montessori Method is an educational approach that emphasizes independence and respect for a child’s natural
development process [19]. Montessori materials are a hallmark of the Montessori Method. These self-teaching
tools encourage exploration of concepts in the areas of mathematics, language, sensorial development, and
practical life, and allow children to direct their own learning with the light guidance of teachers and peers. In
randomized controlled studies, children who attend Montessori schools have been shown to perform better in
cognitive and socio-emotional measures than their peers in traditional schools [20].
The classrooms are a mixed-age environment with children and one or two teachers. Unlike a traditional

teacher, Montessori educators are primarily observers and facilitators for their students.
We interviewed a group of Montessori teachers and researchers in the early stage of our design and development

process. Teachers were interviewed about their teaching methods and challenges in the classroom, and they
revealed the use of manual observations in teaching as an important process.

1.2 Observation
Observation is central to the success of Montessori education, helping teachers assist students in their growth
[24].
There are three main types of observation [10]:

• Individual: Teachers observe a student’s progress with materials. For each material, they record the level of
difficulty, engagement, and stage of progress to assess when a student is ready to be shown a new lesson.

• Social: Teachers track clusters of students and study their evolution over time. They determine patterns of
social behavior to study how children learn a new material together or assist others.

• Classroom: Teachers record which materials or regions of the classroom are most often used and adjust the
class design to encourage students to explore new or important concepts.

It was apparent from our initial interview process (section 2.1) that given the different criteria for observation,
it is challenging for two teachers to accurately assess a busy classroom. Besides observing, teachers introduce
new materials to students, guide students who are having trouble, and intervene with students who are new to
the Montessori environment (Figure 1). Teachers currently use manual note-taking to record their observations.
From our interviews, we have found that this is time-consuming, prone to inaccuracies, and obscures large scale
insights.
Our work aids observation by introducing a proximity sensor network in the classroom.

1.3 Contributions
We present the following main contributions:

• Sensors designed to instrument a classroom to capture proximity and motion data in an accurate, low-
cost, and minimally-invasive manner. A carefully designed network event schedule scheme enables data
collection from these sensors at a reasonably high sampling rate in a battery-preserving manner.

• A smartphone application to control the data collection process and an interactive web application to
visualize social, material, and classroom interactions.

• Preliminary methods to reveal classroom dynamics from the proximity networks data that can inform
researchers’ and teachers’ understanding of independence among students.

• Technical and qualitative evaluation of the system to establish concrete use cases and to find out limitations
of the system and future work possibilities in this area.

With all the components together, the system allows the study of both social interaction and learning at scale.
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Fig. 1. Top view of part of a Montessori classroom. A teacher demonstrates a material to three seated students, while other
students engage in other activities. The independence of the children in the Montessori environment makes observation
difficult using traditional methods.

Fig. 2. Sensei’s design and development timeline.

2 SYSTEM DESIGN
Sensei was developed over one and a half years by collaborating closely with teachers and Montessori researchers.
Figure 2 shows an outline of our design and development process. Initially, the idea of Sensei was conceived and
motivated by interviewing teachers from Montessori schools. Interviews were designed to inquire into the nature
of classroom observations and the current limitations teachers face in their everyday classroom activities. By
aggregating and analyzing answers from all the interviews using thematic analysis [6], we came up with several
concrete issues that technology could potentially solve.

In the next phase, we designed and provided some observation cards to these teachers that they filled manually
over a few days during their school period. In the second round of interviews, we discussed the pros and cons
of the data collected from the filled cards with the teachers. This provided us further insights to solidify our
hypotheses about the type of data that would be prioritized by them. In this section, we detail our interview
process, along with the deployment of observation cards that informed the intended use cases of Sensei. We will
also describe the hardware and software development cycle.

The design decisions for the hardware, firmware, and visualization components were informed by subsequent
teacher feedback during our design iterations. The final round consisted of a 6-week pilot deployment in three
schools with 10 teachers. Two of them were our collaborators during the design phase, the rest were new to
using the system.

2.1 Initial Interviews
Five teachers and two Montessori researchers were recruited from three different institutions. They were all
females. The teachers were certified by the American Montessori Association to teach at the pre-K level. The
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children age ranges in the three schools were between 2 - 5. Each interview typically lasted for about an hour.
Handwritten notes on paper were taken during each interview, and the interviews were recorded on audio
recorders. The key answer parts were transcribed later into text. Teachers were usually given a general initial
prompt, and we let them speak about their individual classroom observation experience without asking too many
leading questions.

2.1.1 Summary of Key Themes. The goal of the interviews was to determine the key information teachers
look for day to day to gauge learning. There were also some common limitations of current observation methods
that they all pointed out.
Some key observations that were usually written down by the teachers were individual student work cycle,

group activity and its participants, activity level of themselves, difference between the movement of younger and
older children, how many materials did one child work on a day, etc. All teachers emphasized on the importance
of writing down observations on students and their activities. Lesson planning, how much time teachers spend
per student, individual child’s progress tracking, what category of lessons are children interested in, these were a
few common observation themes that concerned most teachers.
All teachers said that it was hard to glean the full picture of the classroom from the observation data that

recorded different moments. Additionally, it was also quite difficult to find time to go back to the notes and read
them, or to even find notes about a specific child or certain events. Teachers need to report progress to parents
periodically, and the observation notes serve an important role in such reports. Compiling such a report is also
troublesome from handwritten notes. The teachers were using their notes within a time window of a few days.
The notes and associated observations remain fresh in their minds only within that period, hence their planning
activities remain bounded to a week or two at maximum.

2.2 Observation Cards
Based on our thematic analysis of the interviews, we designed an observation card template as a preliminary
measure to collect and codify some timestamped data from the classrooms. The intent was to check if teachers
see promise in collecting social interaction and lesson progress data in the classroom as a way to replicate and
augment their observations. Figure 3 shows our template. Each page had space for general notes, a chord diagram
to indicate social interactions between different people (including teachers), and further information about each
child and what they are working on.
These cards were deployed in two schools (of teachers who we interviewed in the first round) for three days.

We then collected and aggregated the cards and compiled some simple and preliminary charts for the teachers
based on this data. In the subsequent interviews, teachers expressed very positive reviews of charts of student
work cycles and social interaction summaries.

From these interviews and feedback, we came up with a few possible use cases for collecting similar data by
real time tracking of students. Tracking a student’s location relative to different learning areas and material
trays they take out from shelves can help teachers plan their personalized curriculum more efficiently. Tracking
proximity between students can provide insights on group activities and on teacher time distribution. We iterated
our designs and experiments based on this primary observation.

2.3 Design Iterations and Requirements
At this point in our design cycle, we tried a few methods (such as cameras and Kinect devices) to collect data and
reproduce a simple form of those charts. For reasons described in sections 3.2 and 8.2, these methods did not
produce clean and reliable data. After some preliminary testing and brainstorming, we decided to pursue radio
based technology to solve this problem.
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Fig. 3. Observation cards given to teachers. Each page (left) contained space for notes, marking social interactions on a chord
diagram, and individual observations about each child (right).

2.3.1 Design Requirements. During the course of our design cycle, we discovered some requirements for our
system from our mini test studies. The constraints mentioned by teachers were about maintenance, distraction
factor, and ability to check time distribution on the fly.
During the weekdays, teachers are usually busy and cannot commit time to collect the sensors and recharge

them. This meant that the radio based sensors needed to collect data for the whole week on a single charge.
This informed our choice of low power localization technology (Table 1, section 3.2), and our firmware’s event
schedule parameters are tuned to balance between energy and accuracy (details in section 3.5) in order to enable
week-long sensing.

Early-childhood environments place unique and specific constraints on the design of our sensors. Some off-
the-shelf Bluetooth/RF proximity units are available in the market in the form of badges/wristbands. During
the hardware feedback sessions, teachers expressed concern about sensor designs that distract children from
their work, including badges/wristbands. We also needed motion-sensing, programmable sensors to customize
networking, radio, and sampling properties and access RSSI data and sleeping properties. So, we decided to create
a custom minimal design with no LEDs, and had to make them small enough to be minimally invasive, shaped
and sized to fit in small shoe pockets. Section 3.3 covers hardware design details that took account of these
requirements and preferences over multiple design iterations and teacher feedback sessions.
Most teachers also suggested that the most important information they want to check in real time (during a

school day) is their distribution of time among different students. This posed a unique requirement to enable their
smartphone to interact with the sensors. Section 4 describes our smartphone app design and how it interfaces
with the sensor network.

The next sections (sections 3 - 5) describe the design iterations around the hardware, firmware, and software
design requirements of our system in detail. We extensively interviewed teachers at each stage to identify the
limitations and improve the next design cycle. Hardware iterations were more time consuming and took most
time to get right.
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Fig. 4. Proximity sensing and mesh network data collection overview. ST = shoe tracker, LT = lesson material tracker, RT =
region tracker.

3 HARDWARE AND SENSOR NETWORK DESIGN
The custom units we have developed are low cost, have a long battery life, and are small enough to be minimally
invasive in the environment. Sensei has three types of sensors: shoe sensors, region tracker sensors, and material
tracker sensors. Each sensor measures RSSI signal strength of incoming data packets to estimate proximity.
Instead of measuring accurate distance, we tune the radio power appropriately to sense another unit within
three to four feet distance. Shoe sensors approximate social interactions by this method. Region tracker sensors
sense where children spend their time through proximity. The Montessori classroom is organized spatially by
curriculum area, so region trackers can approximate time spent on a given subject. Material tracker sensors
measure how much time students are spending near a material when a material tray is taken out from a shelf.

3.1 Data Collection System
Figure 4 shows an overview of the proximity network’s data collection system. Shoe, region, and lesson material
tray trackers broadcast and receive BLE packets between each other. There is a sleep period of 9 seconds for each
node, and they wake up at the same time on the 10th second for one second to log proximity and transmit the
proximity data to the monitoring node through the mesh network.

There are two kinds of packets sent by each node, as described in detail in the mesh network protocol section.
One kind of packet is sent at a lower transmission power level as a way to limit noise and only log proximity
between nodes. The other kind of packet is sent as part of the mesh network protocol that synchronizes time
updates between nodes and transmits the proximity data of each round to the monitoring node. Since the nodes
can be farther apart and it is important for every node’s proximity log to reach the monitoring node, the radio is
tuned to the maximum power for the mesh packet distribution.
The monitoring node connects to a host (a Raspberry Pi or a tablet/smartphone) through a USB port, and

relays proximity data of each round to the host device. The host device then uploads the data to a server, which
provides the backend API for a web application that teachers can use to see data visualizations. The API can also
facilitate further analytics through a statistical modeling engine.
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Technology Low-power Proximity Accuracy ID Data Transfer Size Setup Cost
Active RFID 1 - 3m
Passive RFID 1m

Camera Few cm N/A
Ultra-WideBand (UWB) 10cm

iBeacon 2 - 3m
ZigBee (WSN) 1 - 2m

Sensei (radio tuned BLE) 1 - 2m
Table 1. Comparison of different sensing technologies applicable in the context of educational interactions in a classroom.

3.2 Comparison with Other Technology
There are several technologies that can be used in the context of Sensei. Different Real Time Localization Systems
(RTLS) and proximity detection systems have different pros and cons in the context of an early childhood
classroom. The hardware or tag needs to be small enough to fit in shoes, able to transfer proximity and other
sensing data to a remote hub, accurate enough to infer proximity, able to identify each person, and cheap to
deploy (for a small school’s budget).
Table 1 shows some sensing methods that are applicable in the context of what we want to capture in a

classroom. RFID tags are popular in many localization systems. Both active and passive RFID tags are able to
identify each person wearing them, and can localize each tag within 1 - 3m accuracy [27],[35]. However, a decent
localization development kit costs around $2000 or more for tracking in a single room, which is impractical for a
small school’s budget. Moreover, passive RFID tags cannot also capture and transfer additional information such
as the motion of the unit.

Cameras are inexpensive and accurate in terms of understanding proximity, but it is hard to identify each person
under occlusion, different body angles and lighting [1]. UWB modules are well known for accurate localization
[15]. They, however, consume more power than usual sensing nodes, and are expensive (development kits start
from $1000 in the market, tags cost $40 or more). iBeacons have been used for proximity based applications in
many cases, e.g. [11]. However, data collection would require data logging inside the device, and subsequent
collection through another device within its range (which may be impractical for a large number of beacons).
ZigBee based wireless nodes are a natural choice in our case [17]. These can be set to low power, and the

radios can be tuned to sense proximity within a certain radius. Off-the-shelf modules are too big to fit in shoe
pockets, but custom fitting hardware modules can be developed. The development cost for such custom designs
would not be too expensive. The data transfer scheme and usability is robust as each node can pass on data from
other distant nodes to the monitoring node.

However, we decided to use a BLE mesh instead. Along with all the functionality that are listed under ZigBee
based wireless nodes, a BLE based protocol allows us to create additional packet monitoring interface for
teachers right from their smartphones. BLE advertisement packets sent from each node can be easily scanned
by a smartphone without needing additional hardware, and this gives us more flexibility for future usability
improvements. For example, the battery level for each node can be advertised from each node using custom
packets, that can help a teacher quickly scan the classroom to decide which nodes require maintenance. BLE
based research prototype we developed costs $24 per unit, which is scalable for a small school’s budget, with 15 -
20 children in a typical classroom.
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Fig. 5. Hardware iterations 1 and 2, and earlier placement of the sensor boards on the shoe (without cover).

3.3 Hardware Overview
3.3.1 Earlier Design Iterations. Initially, instead of sensors that can be embedded in shoes, we planned to

design a badge or a wristband that would house the same proximity tracking circuitry. Our interview participants
during a follow up meeting suggested that badges or wristbands may distract students from their normal activity
in the classroom. After some brainstorming sessions together, we decided that the school shoe could be a possible
candidate for placing a sensor board in a minimally invasive fashion. Children (in our partner schools) arrive to
school and change into their designated shoes for the rest of the day. Each child has their own designated shoes.
At the end of the day, they leave the shoes on a shoe rack before going home.

Figure 5 shows the earlier prototypes of Sensei hardware. In our very first iteration, we used an RFduino chip
that had a star network capability to talk with other nodes. We collected one day of data in a participant teacher’s
school using this protocol, while collecting manual observation notes to measure the network’s proximity tracking
performance. From this quick study and data collection, we realized that the RF characteristics of the chip did not
provide good performance and accuracy. We also found out that the internal clock in the chip did not keep all
nodes time synced over the course of the day.
In the next iteration, we discarded the RFduino chip and replaced it with Simblee [8], a transceiver module

with an integrated antenna and an nRF51 BLE chip. In our preliminary lab experiments, we found its RF and RSSI
characteristics were better than RFduino. In this version, we also added an SD card writing capability for data
collection over a long period, and a clock module to track time accurately. In the same way as our first iteration,
we tested this system over two days in the same school. With promising results for proximity, we decided to
iterate on this version further. Star network topology was not properly scalable, so we decided to shift to mesh
networking according to our original plan.
In teacher feedback sessions and also through our observations, we noticed that the enclosure designed for

these sensor nodes were not robust in a very dynamic classroom. Some would fall off despite being sewed to the
shoe, and some children would play with these enclosures and sensors out of curiosity, which gained negative
reviews from the teachers.

3.3.2 Current Design. In the final pilot deployment, each shoe was modified by cutting the velcro seam (figure
7), creating a pocket to insert the sensor PCB in a minimally invasive fashion. This worked well during the
deployment, with no reported incidents of student distractions or diversions from the teachers (section 7.3).
Figure 6(a) shows the shoe sensor: a 2 x 2.5cm PCB with a system-on-chip transceiver BLE chip (Simblee), a

real-time clock (RTC), a microphone, and an accelerometer. These are powered by lithium-polymer batteries,
enclosed in a custom made plastic enclosure for safety. Since we had a mesh network topology, we removed
the SD card capability to store data, and instead relied on the mesh data transfer to the monitoring node as our
primary way of saving data. Each node still saved proximity data in a compressed form, but the internal ROM
allowed only one day of data storage (approximately).
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Fig. 6. (a) Shoe sensor and (b) region/material tracker PCBs.

Fig. 7. Sensors are designed to be placed in a minimally invasive fashion in the classroom. (a) Shoe sensor concealed in strap,
(b) Region tracker in custom casing that can be mounted on the wall or under a shelf, and (c) Material tracker concealed in a
material/lesson tray.

The region tracker and material tracker sensors, illustrated in Figure 6(b), use the same PCB, but run different
firmware. A motion-sensing accelerometer enables the material tracker to sleep while the material is not in use
and scan its surroundings for other nodes when a student picks up the tray. These sensors are powered by larger
batteries so they can remain in the classroom for a longer amount of time without recharging.
Figure 7(a) shows how shoe sensors are worn inside the shoe strap. Region trackers are placed in a custom

enclosure that can be attached to shelves in the classroom without drawing any attention from the children, as
shown in Figure 7(b). Similarly, figure 7(c) illustrates how sensors fit in the material trays in a concealed manner.
Sensor nodes communicate the mesh data to a monitoring node (connected to a Raspberry Pi or a teacher’s

smartphone/tablet) in the classroom. The monitoring node PCB, shown in Figure 8(a), has the same transceiver
IC, and allows UART communication from the microcontroller to its host (if a smartphone is used, it needs to
have OTG host capabilities). All sensors recharge through a custom designed USB recharging strip, highlighted
in Figure 8(b).
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Fig. 8. Sensors are controlled by an app through a monitoring node and can be recharged. (a) Monitoring node circuit
attachable to smartphone or a Raspberry Pi. (b) USB Recharging strip for sensor nodes.

Fig. 9. Simplified data structure for general BLE and mesh broadcast packets.

3.4 Proximity and Mesh Network Protocol Design
The mesh network protocol layer is implemented using the nRF OpenMesh library [30]. The library implements a
version of the Trickle algorithm [18]. The algorithm works to save battery drain by exponentially increasing the
broadcast interval based on matching packet versions using density-aware local broadcasts. If packet versions
do not match, the nodes communicate quickly to resolve inconsistencies. The local broadcast feature allows
re-population, and makes the network robust to transience, loss, and disconnection. It also requires very little
state (4 - 11 bytes).
Figure 9 shows the packet structure for the local broadcasts. As mentioned before, our mesh network uses

two kinds of BLE packets to enable us to sense proximity and send the data over to the monitoring node. The
proximity is sensed by tuning the radio to a lower transmission power level (-12 dBm) and broadcasting BLE
advertisement packets at random intervals (continuous broadcast would not let the radio receive packets from
others). After collecting proximity data, we tune the transmission power to the maximum level allowed by the
chip (+4 dBm) and enable the trickle algorithm to transmit the proximity data (second row in the diagram) of
each node over the mesh. Each node also receives an updated time synchronized to the host (Raspberry Pi)
during mesh data transfer and can sync their own clock if it is off. The mesh and low power BLE packets are
differentiated by using separate service UUIDs.

We tune the radio down to -12 dBm for proximity sensing because of two reasons. The first reason is battery
drain. Keeping the sensors alive on a single charge for a week is crucial in terms of our design requirements.
Secondly, and most importantly, tuning the power down essentially lets the radio transmit up to a certain distance
only, reducing RSSI noise in the process and increasing our confidence in eliminating false positives. Both of
these points are demonstrated in the experiments below.

3.4.1 Current Draw at Different Power Levels. Table 2 shows the average current expenditure at different power
levels by our latest version of the sensor node hardware. At +4 dBm, the current drawn is almost twice compared
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Transmission Power (dBm) Current Drawn (mA)
4 19.8
0 14.6
-4 12.5
-8 11.5
-12 10.8
-16 10.3
-20 10

Table 2. Comparison of average current expenditure at different transmission power levels.

Fig. 10. RSSI tally (average from five experiments) at +4 dBm and -12 dBm using our latest sensor units.

to -12 dBm. Reducing the power level further than -12 dBm reduces the effective range of communication from a
feet to a few cm, so -12 dBm is a better lower bound in terms of range.

3.4.2 RSSI Cutoff Experiment. A second experiment was conducted in the lab setting to characterize the RSSI
behavior of our sensor nodes with respect to distance. Along with this experiment, we discuss our system’s
proximity capturing performance in a real world setting in section 7. For this lab experiment, a researcher tied
a sensor to his shoe and walked around in concentric circles from a monitoring node at the center, which was
receiving broadcasts from the shoe node and storing the RSSI information. The circles were marked on the floor
at 1 feet resolution over 20 feet, using tape measure. To mimic a typical school environment, some furniture were
placed at random places inside the circles. The experiment was done five times, walking around at each circle
for 30 seconds in each round. The RSSI measurements were tallied for each distance (figure 10).

RSSI is a noisy measure for distance approximation, where reflection from multipath effects, LOS obstruction
by human body or furniture etc. can make it vary in different ways. Our aim is not to calculate exact distance
between nodes, but to figure out if two nodes are within 3 - 4 feet distance of each other. Based on this goal, if we
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Interrupt
t = 0 t = 1 t = 2

RTC Clock

Low-power Broadcast XXX

Accelerometer Read XXX

Microphone Read XXX

Mesh Broadcast (Trickle) XXX S/R XXX

Flash Memory XXX W XXX

Sleep XXX Sleep

Fig. 11. Node event schedule during data collection. The transceiver radio sends and receives (S/R) data and sensors measure
accelerometer values and ambient sound volume over a suitable time window. The recorded values are written (W) to memory
and lastly, the sensors sleep in an energy-efficient state until the next activity (10 seconds later).

choose to use full transmission power (+4 dBm), then establishing a baseline for a 4 feet range is impossible due to
the varied nature of RSSI over a large range of values. The reflections from different sources increase significantly
in this case. Any RSSI value cutoff may accrue many false positive proximity observation in this case.
On the other hand, using a -12 dBm power level gives us a more exponential fall-off with distance. An RSSI

cutoff at -77 should give us much fewer number of false positives (values lower than this will not be considered)
in this case. We do miss out some proximity data points that are within 4 feet but have lower RSSI, but we decided
to ignore the extra data for two reasons. Firstly, as demonstrated in section 7, an interaction or true proximity
tends to occur in bursts [22], i.e., continuous pings will show up in a series with occasional drops in the signal.
This property of RSSI based proximity sensing helps us cluster interactions despite missing data in the time
series. Secondly, our discussion with teachers and Montessori researchers on this topic informed us that it is
more preferable to exclude ephemeral interactions than to capture false group behavior.

3.5 Network Event Schedule
Time synchronized sampling is vital to achieving long battery life. Nodes must have their radios active at the
same time in order to transmit data, but keeping the radio alive for extended periods is battery inefficient. The
battery capacity and the low-cost RTC’s 1 sec time resolution impose unique constraints. Our scheme achieves
battery life of at least seven days. This is a design requirement based on our interviews as teachers would not
have time to recharge batteries during school days.

At the beginning of each day, teachers start the sensors from our smartphone application by sending a system
time to all the sensors through the monitoring node radio. Optionally, the Raspberry Pi based monitor node
can be set up to wake the sensors by sending the command every morning. We leverage the radio’s fast packet
transfer period of 3 ms to synchronize the time accurate to a few ms. The sensors then follow a simple event
schedule for the rest of the day before going back to sleep at the end of school period.

Figure 11 shows the event schedule for each sensor’s data collection process. Let time t be the second component
of the software clock modulo ten. The RTC 1 Hz interrupt, which drives a software clock, fires 500 milliseconds
out of phase with the rising edge of the RTC time. During data collection, at t = 0, the sensors wake from sleep
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Fig. 12. Node participation at time window length = 400 ms (left), 600 ms (middle), and 900 ms (right). The horizontal lines
show the total number of rounds in each experiment.

and probe the RTC for the rising edge of the following second. Then, the BLE radio broadcasts (low-power)
packets containing the sensor’s device ID and receives packets from other nearby sensors. The nodes also read
the accelerometer and microphone between data transmissions. After 100 milliseconds of proximity sensing, the
mesh network protocol is activated for a suitable time window, after which proximity data is written to memory
and the nodes go to a sleep state for 9 seconds. An appropriate choice for the length of this time window is
demonstrated with an experiment in the next section.
The power efficiency underlying our scheme enables shoe sensors to run for up to 7 - 8 school days on a

rechargeable 150 mAh battery. Lesson and region tracker sensors run for 25 - 30 days on a 500 mAh rechargeable
battery. When new sensors are introduced in the existing network, they receive the current time from other
nodes and stay synchronized because of the event scheduling scheme.

3.5.1 Mesh Time Window Sensitivity. An important variable in the event schedule scheme is the amount of
time for which the mesh network is active. It uses the highest transmission power to reach as many nodes as
possible, but keeping it active longer than what is needed will drain out the battery quickly. On the other hand, a
very short window will cause too many on-air collisions [18]. In a lab experiment, we characterized the efficiency
of the network under varying length of time windows.
For this experiment, we placed 25 nodes within a close range of each other. The goal was to investigate the

number of nodes that participates in each round of mesh network activity under ideal conditions. By varying
the time window length at 400 ms, 600 ms, and 900 ms (three experiments), a program in the monitoring node
calculated how many nodes were traced in each round.
A window length of 400 ms yields 84% participation from all nodes together, whereas 900 ms ensures almost

full participation from all nodes (figure 12). We decided to use 900 ms for our subsequent pilot deployments.
Similar experiments are demonstrated in section 7 to show the real world performance of the network at 900 ms
time window.

3.6 Monitoring Node
A monitoring node is responsible for setting the clock time for all nodes in the network, real-time network status
tracking, and wireless data collection. Teachers have the option to rely on the Raspberry Pi based host, or they
can use their smartphone to communicate to the monitoring node. The smartphone, other than the Raspberry
Pi, can be used in this way to communicate to all nodes in the classroom. If the teacher wishes to collect data
manually from individual nodes, s/he can do so through this monitor. It can request the contents of each device’s
memory by sending a command to request pages from the ROM of specific nodes, until each device acknowledges
a successful data transfer. One day of data typically requires 60 seconds to wirelessly transfer from the node to
the smartphone.
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Fig. 13. Teachers can control some aspects of the network through a smartphone application.

4 SMARTPHONE APPLICATION
To use Sensei, teachers have the option to interface with the network through a smartphone application. A
monitoring node attached to the Raspberry Pi can be set to do this too. However, our collaborator teachers
suggested us to have the option of turning the network on or off according to a teacher’s own preference and
schedule. Figure 13 shows the screen that teachers can use to collect data from the network, and an additional
visualization of their time spent with students. They can also turn the network on or off (putting the network to
sleep indefinitely until the next command sent from the smartphone) from the app. The smartphone app was not
the main interface through which teachers explored the data. It was developed as a controller interface for the
network only.

4.1 Starting the Network
At the beginning of each day, the teacher starts the sensors with a single button press. The teacher is presented
with a real-time view of which sensors are currently active in the classroom.

4.2 Collecting Data
The app also has an option for data collection. Every node stores a day worth of recent data in their ROM. This
can be downloaded by the teacher for immediate viewing of their time distribution with students. After pressing
the Collect Data button, the teacher sees a progress bar for the process. When the smartphone receives data from
all sensors, the phone sends the data to a secure database.

4.3 Viewing Data
After data collection, the teacher views a visualization of their time spent with each child. As mentioned before,
initial teacher interviews indicated that this graph would be the most helpful to the teachers to check daily, as
they can adjust their methods to address each individual child more equally. This screen is populated with the
data that has been most recently collected by the app. The app also allows teachers to check the battery life of
the sensors in their classroom. The web application allows teachers to explore the data in greater depth.
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Fig. 14. This visualization shows who children are spending time with in the classroom. In this chart, Dave spends most of
his day with Chris.

5 DASHBOARD AND VISUALIZATIONS
During our design iterations, we discussed visualization mockups with our collaborator teachers for the intended
use cases. The final visualization prototypes were deployed in a web application and other teachers were given
access to these prototypes during our longer pilot deployment. Teachers can access a classroom summary and
the visualizations from this application using their account credentials.

5.1 Visualizations
Our system provides six visualizations to quantify social interaction, region interaction, and material interaction.

We have constructed three visualizations to show social interaction in the classroom, varying time dimensions
as well as visualization techniques. Figure 14 shows a stacked bar chart where teachers select a student from
a dropdown menu and view that student’s interaction with other students in the class. The stacked bar chart
highlights periods when students are clustered together. This visualization clearly illuminates the periods when
the shoes are returned to a shoe rack at the start and end of the school day. Teachers can identify patterns during
other scheduled group activities.

To reveal which students teachers spend the least time with, we created a visualization, shown in Figure 15(a).
This shows the percentage of time two teachers spent with their students, so they can adjust accordingly. The
overlapping area shows how a teacher distributes their time with respect to the other teacher.
Figure 15(b) shows connections between students over a day of activity. This visualization shows how much

time students spend together through the thickness of each chord, allowing teachers to get a sense for aggregate
interaction.
Figure 16 shows the interaction data gathered from the region tracker sensors. As teachers hover over an

active area of the classroom, they can see which students spend the most time there. Montessori classrooms are
arranged by subject material, so a teacher can immediately see a student’s engagement with a given subject.

We can visualize how long one student spends time with a material, as shown in figure 17. Teachers can see a
spike when the material is introduced as a lesson and can use this to determine when a child has spent enough
time on a material. They can also use this data to decide when someone is ready to be shown a new lesson. Close
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Fig. 15. (a) This visualization helps teachers distribute their time more evenly. Here, both teachers are spending very little
time with Alice, Helen, Meg, Peter, and Quinn. (b) This visualization shows who children are spending time with over a day.
Here, Fred is spending the most time with George.

Fig. 16. The map on the left side of this visualization highlights the areas where region trackers have been placed. As a
teacher hovers over an area, they can see the students who have spent time there over a day.

proximity to a motion activated material tray does not always mean a student is focused, but our design principle
is that an approximate measure can be established in this way, and it provides the teachers additional information
when deciding if a particular material should be kept in the classroom every week. This is validated by our user
interviews in section 7.3.
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Fig. 17. (a) Teachers can see how long a child has spent with a material. (b) This histogram shows how active children are in
a classroom over a day. Here, Mike was the most active.

The accelerometer collects motion data that can be used to understand and cluster activity profiles of students
in the classroom. Figure 17 shows a visualization that shows velocity profile charts for different students. By
numerically integrating the acceleration data and calculating themagnitude of velocities over discrete time periods,
we can create a smoothed histogram visualization that informs teachers about students who are particularly
active on a day.

6 CLASSROOM DYNAMICS
The interactive visualizations in our web portal provide an overview of the classroom to the teachers. Additionally,
we can also leverage the proximity network data to extract other insights about the classroom dynamics over
time. The network collects data every 10 seconds, providing 2160 snapshots (over six hours) of every possible
pair of interactions among 10 - 15 people in the classroom. In a classroom of 15, this amounts to a maximum of
486000 pairs of social proximity records every day. Such high resolution data is valuable for both teachers and
early childhood education researchers.

6.1 Interaction Diversity and Independence
Montessori educators strive for independence and a sense of social responsibility among students in early
childhood [19]. As described before, in a busy classroom, it is often the case that teachers cannot keep track of
such detailed development of students. When they do (by keeping handwritten notes), the records tend to point
out major qualitative trends in the classroom. It is difficult to understand social development and independence
of every child in the classroom only using handwritten notes.

We use Sensei to help understand such aspects in the classroom. Hourwise accumulation of pairwise interaction
data can be used to create a social graph, and we can apply standard graph algorithms to reveal daily patterns
of social interaction in individual and group levels. Contacts that fall within a bursty set of RSSI records are
identified by clustering the time series. The clustering can be done very simply by looking for gaps in the RSSI
records over a fixed amount of time (1 minute in our case) to separate more frequent sequences of records. Within
each cluster, each contact every 10 seconds creates an edge ei j between persons i and j . The count of such contacts
over a particular hour can be summed and entered in a symmetric weighted adjacency matrix A ∈ Rn×n . A can
then be used to calculate centrality metrics like Pagerank on a weighted graph, and also to automatically detect
communities in the classroom using a modularity maximization method [7].
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Fig. 18. Centrality and community structure can reveal unique patterns of independence among children.

Figure 18 shows the Pagerank score of all students and teachers in a classroom on an hourly basis, along
with the detected communities. Combining these two results, one can reconstruct a clear picture of how the
classroom community evolves over a particular day. In this particular classroom where Sensei is deployed, 0 - 9
are students and 10 - 11 are teachers. An independent and more experienced student would occasionally spend
time with teachers to get new lessons, but would spend more time interacting and helping others or working on
materials together [20]. A relatively higher Pagerank score, along with greater presence in a community that
does not include teachers 10 - 11, could measure such independence. Judging by these criteria, student 2 clearly
demonstrates independence and social interaction diversity in the classroom. Diversity in this case can be defined
as the number of other people who came into proximity of someone, weighted by the number of contacts for
each person registered by the sensor. With a higher Pagerank score, but more presence in communities where
teachers are present, students 5 and 6 would be a contrast to student 2 in terms of independence, but they do
have diversity of connections.
We verified these predictions with their teachers. They were able to correctly point out the aforementioned

students based on their qualitative experience of the classroom (section 7 covers this interview in detail). However,
not every student can be noticed in a similar way in a busy classroom. We can combine the Pagerank scores
with the amount of time spent with teachers, creating an independence score for each student (based on our
observation of 2, 5, and 6).
The amount of time a student spends with teachers can be approximated by the number of contacts with a

teacher recorded in an hour. A significant number of contacts would increase the probability of student-teacher
interaction. Let the probability of interaction in a particular hour be p(xi ) for the student i .

p(xi ) =
∑

t σ
t
i,T∑

t σ
t
i, j

(1)

where σ t
i,T is the number of contacts student i has with teachers T at a particular instant t , and σ t

i, j is the total
number of contacts with everyone at t , including teachers. A simple modification to the centrality score Ci can
then be calculated by Ii = (1−p(xi )) ∗Ci . Note that in the case a student does not have any contact recorded with
a teacher over an hour, the above equation simply gives back the original centrality score Ci . A normalization
across all scores in the classroom can further adjust Ii .

Figure 19 shows the adjusted scores alongwith original scores. The original centrality score states the interaction
diversity among students, and a change in this score reflects a measure of dependence on teachers. Students 5 and
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Fig. 19. The adjusted centrality score can increase/decrease depending on the probability of interaction with a teacher.

6 have a lower adjusted centrality score for spending time with teachers, whereas 2 has the same or increased
score because of her independence. Thus a visual comparison between the original and adjusted centrality scores
can essentially capture similar inferences that were revealed using the community structures in Figure 18.
As seen in the example provided in this section, our system can augment qualitative observation with quan-

titative metrics regarding all students who often lack visibility in a dynamic classroom with a limited number
of teachers. Many larger scale insights can be extracted from this data that would otherwise have been lost.
Longitudinal data collection over a long period of time has the potential to reveal social dynamics and collective
learning patterns among all students, which we plan to do in our future work.

7 SYSTEM ASSESSMENT
To assess the effectiveness of Sensei, we conducted mesh data transfer robustness studies during a typical day in
a classroom, a proximity analysis using manual video annotation, and qualitative user feedback and use cases
interviews with Montessori teachers of the classrooms where we deployed Sensei for six weeks. These studies
characterize the system and help us establish its use cases.

7.1 Mesh Network Performance in Classroom
In this section, we show performance results from a classroom that was part of our pilot deployment program
over six weeks, and represents typical challenges we faced during the pilot. There were 30 nodes deployed, 14 on
children shoes, and the rest on specific landmarks or lesson material trays. Constraints due to space and teachers’
preferences made us set up the RPi monitoring node on one corner of the room (near the entrance). Because of
this constraint, some static landmark nodes (e.g. ID 1 and 61) were too far and obstructed to transmit data to the
monitoring node effectively. However, most of the other nodes performed relatively well, as seen in figure 20.

We tried both -4 dB and +4 dB for transmission power levels to assess the quality of data transfer during this
test. At +4 dB, overall participation increases to 84%. As a comparison, in an ideal lab setting with no obstructions
(figure 12), we achieved 98% participation rate at +4 dB.

Figure 21 shows how total number of nodes seen by the monitoring node varies at -4 dBm and +4 dBm. Children
mobility across the rooms affect how many nodes are seen in both cases, but at +4 dBm the total number of nodes
seen are consistent most of the times.

7.2 Proximity Analysis
To evaluate how well our system captures proximity, we used video cameras in the classroom and manually
annotated proximity for a few hours of video. The proximity records captured by the mesh network was then
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Fig. 20. (a) Deployment space sketch. There are more furniture and obstruction than what is depicted here. Node 1 is in the
toilet downstairs, and 61 is on the farthest corner of room from the RPi node. (b) Node participation performance over all
rounds when mesh data transmission power level = -4 dBm, and (c) transmission power level = +4 dBm.

Fig. 21. Total number of nodes observed over time at (a) -4 dB, and (b) +4 dB.

Fig. 22. Group activities in the classroom. (a) Snacks, and (b) music session.

analyzed to compare with the manual annotations. Figure 22 shows two group activity scenarios that we analyze
in this paper. Note that the IDs assigned in these group pictures and subsequent analysis are for demonstration
purposes only, they are not real node IDs assigned by our system.
Figure 23 shows a timeline of how many valid RSSI records are captured by the monitoring node for the IDs

mentioned in the pictures, from the viewpoint of two students. The timelines show the same period (from 16:00 -
16:55). The burstiness of RSSI records over time (when two entities are in proximity) is visible in both of these
timelines.

From student 0’s perspective, students 2 and 3 were sitting farther away during the music session, they do not
exhibit any bursty RSSI appearance during this period. 1 and 4 are sitting very close to 0 in the music session, these
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Fig. 23. Timeline of student 0 (left) and student 2 (right).

records show up appropriately. During snacks, 0 and 3 are sitting next to each other, and the RSSI records indicate
their proximity. Student 1 leaves early during snacks with his parents, so he is not present in the subsequent
timeline. Intermittent gaps in the records can be attributed to low RSSI packets (this can happen due to many
reasons, including posture of the shoes to obstruct line of sight) and also occasional drops when transferring data
to the monitoring node. Longer gaps tend to be occurring due to student mobility (getting away from the group
and coming back).

From student 2’s viewpoint, 4 and 5 were farther away from him during the music session. Consequently, there
are no records of them in that period. However, during snacks, 4 and 5 are sitting next to student 2, which shows
up in his timeline.

7.2.1 Proximity and Social Interaction. One limitation of our system is that proximity does not always represent
social interaction. To determine how often children are actually interacting, we studied how well proximity
maps to social activity. A typical Montessori classroom encourages social interactions among children, and we
quantified how often these interactions happen on a typical day. Three observers manually annotated the video
we recorded in the classroom, recording timestamps when they thought social interactions occurred between
children. Social interaction in this study was defined as two individuals talking or working together for at least
10 seconds continuously. To imitate our sensor network configuration, less than ten seconds of proximity were
ignored in the manual annotation.
The observers were trained to label the time and individuals interacting. After independently identifying

interaction instances, observers compared results and reconciled discrepancies by re-reviewing the video. They
also recorded when the children were in close proximity but were not interacting. Using aggregate values of
social interaction and proximity durations, we calculated that children were actually engaged in interaction 84.9%
of the time when they were in proximity. By tracking patterns over time and gathering more longitudinal data,
we can help alleviate this limitation of our system.

7.3 Deployment and Use Cases Interviews
In order to determine the usefulness of Sensei, we conducted user interviews with Montessori teachers who used
Sensei for a period of six weeks. We found that teachers used Sensei to augment their observations with data,
track learning in their classrooms, and identify needs for increased interaction. We also interviewed teachers to
identify shortcomings with the system, which has informed much of our future work.
Our participants were ten teachers from three types of classrooms where Sensei is currently deployed: ages

1.5-3, ages 3-6, and bilingual schools. All teachers are certified Montessori educators. Two teachers from a
classroom with students aged 3 - 6 were part of our initial interviews and design iteration process, but the rest
were using the system for the first time. All teachers were given instructions about how to recharge batteries
weekly and put the sensors back in appropriate landmarks or shoes after recharging. They were also shown how

Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies, Vol. 1, No. 4, Article 161. Publication date:
December 2017.



161:22 • N. Saquib et al.

to use the smartphone app with a monitoring node to send the mesh wake command every morning, and how
to check daily time distribution with each student from the app. A brief introduction to each visualization in
the web application was given to each teacher on the first day of deployment. They were also requested to keep
notes about any issues that they faced with the system during the deployment. Any other questions about using
the system were answered over email, texts and phone call. However, we did not get many questions to detect
any major problematic trend.

After six weeks, we conducted interviews individually with each teacher. They were asked about the different
types of visualizations discussed in section 5 to determine their usefulness to their classroom, and also about
any possible difficulty associated with operating and maintaining Sensei. We recorded videos of the 30-minute
interviews, capturing both the teachers’ understanding of the visualizations and their comments. The main
use cases highlighted in the interviews are described in this section. These findings modified and sometimes
enhanced our intended use case scenarios.

7.3.1 Augmenting Observations with Data. Overall, the teachers were very interested in being able “to have
specific quantifying elements" to augment their observations. Every teacher commented on the ability of the
sensor network to capture what they are unable to observe in the classroom and felt that the system would help
them improve their own methods.

One teacher from a 3-6 year old classroom said that this data was particularly useful for her, as her classroom
is divided with walls (which limits her observations). Another teacher from a 1.5-3 year old classroom mentioned
that this data was especially helpful for younger students. Younger children are often more inclined to abandon
lessons, rapidly move to different regions of the room, and socialize. These classrooms are even more difficult to
observe, and teachers are usually more active in the classroom, restricting their time to record notes. Another
teacher commented that this system “is especially meaningful around parent-teacher check-in time", as they can
now have more meaningful conversations about the children.
Although Montessori teachers are hesitant about using traditional technology like tablets in the classroom,

they were not concerned about Sensei. The system did not substantially change the experience in the classroom
during the day. Students rarely recognized the sensors in the classroom. Maintaining/recharging the shoe sensors
on a weekly basis, or collecting data and browsing the web application did not prove to be challenging for any
teacher.

7.3.2 Tracking Learning. Teachers from 3-6 year old classrooms were very interested in the data gathered
from sensors located around the room and on material trays. This information can assist teachers in determining
what to introduce to children to further learning outcomes in the classroom.

When asked about the visualization using material interaction data (Figure 17), teachers who taught older
classrooms said they were using this to inform their weekly lesson planning. They were also interested in this
data to inform them when they should introduce a new lesson into the classroom: “If these materials aren’t
being used at all, then my class is done with them". Teachers who taught the 1.5-3 year old classrooms were less
interested in the data, as children of that age spend less time working on specific lessons.

Teachers were also interested in identifying a child’s specific interest. One teacher described a scenario where
a child chooses a lesson material, removes it from the shelf, but then returns it when it is too advanced for them.
By seeing proximity data from this scenario, they can recognize these often quick interactions and choose to
present the lesson to the child.
When using the visualization of classroom interaction data (Figure 16), teachers were drawn to the pie chart

depicting a child’s time spent in an area of the classroom. For those who taught the 3-6 year old classrooms, they
remarked on how this information would help them determine when a child should be encouraged to explore a
new subject area.
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Some teachers raised questions on how Sensei can measure a student’s actual focus on a material. Although a
student might be in close proximity to the material, their attention might be divided. We plan to partially address
this complex problem by analyzing voice data from microphone arrays. If a child is near a material and is quiet,
we can show with greater confidence that the student is working on that material.

7.3.3 Needs for Increased Interaction. When asked about the three visualizations using social interaction
data (Figures 14 and 15), teachers were drawn to identifying clusters of children. Nearly every teacher drew
comparisons between the visualizations and their own classroom. Teachers were also concerned about children
who spent more time alone and identified these children as ones they would reach out to.

All of the teachers were drawn to the data about their own interactions, which reflected our findings in our
initial teacher interviews. One teacher reflected on how much time was spent with children: “I need to get these
two kids more independent from us. One of the key Montessori principles is independence." In the bilingual
classroom, teachers were interested in seeing which students spent more time with the Spanish-speaking teacher
vs. the English-speaking teacher. With this visualization, teachers can self-reflect on their own methods in the
classroom.

Other than the interactive visualizations in our web portal, teachers were enthusiastic to explore the network
diagrams we produced that show community evolution over individual days (figure 18). For example, the particular
teachers of the classroom in the diagram were able to correctly predict the top Pagerank scorers (2, 5, and 6)
based on their experience with the children. Every teacher stressed on the importance of independence among
children, and generally received the quantitative way to represent independence positively. Even though the top
Pagerank scorers could be spotted with qualitative experience, teachers appreciated the fact that there was a
relative independence score assigned to other students.

7.4 Lessons Learned from Deployment and Interviews
Based on our deployment experience and evaluation interviews with teachers, we are able to point out some key
takeaways.
Teachers from different classrooms (in terms of age range and bilingualism) used the system to augment

their observation methods differently. Each classroom has unique observation problems based on age range,
language, and preparedness of its students. Even the interior design of the classroom may hamper a teacher’s
daily observation routine (for example, walls that divide the classroom space). Sensei helped teachers get more
information about difficult scenarios (for example, one child working on a lesson material and wandering away,
and someone else deciding to finish it).
Sensing different aspects of classroom dynamics reliably can provide valuable information to the teachers to

personalize the curriculum for each student. Sensei is a step towards understanding such complicated dynamics in
a detailed manner, but there is great potential in this area for future work. All participating teachers’ willingness to
adapt and diligently do the maintenance of a very new technology in the classroom over 6 weeks is a reflection of
that need. We did not see any significant drops in our data (an indicator of proper battery and sensor maintenance)
during our pilot in all classrooms.

Even though each classroom has different set of observation needs, some needs overlapped across all classrooms
when using Sensei. Notable among these were teachers’ time distribution with students and keeping track of
group learning activities even when the teachers could not observe or take notes about individual progress.

Consequently, the visualizations that were most helpful were the time distribution chart (figure 16), individual
lesson progress tracking (figure 17), and the aggregated social interaction chart (figure 14, for keeping track of
group activity). However, certain visualizations did not prove to be useful in some settings. For example, proper
lesson progress tracking was not important to teachers who taught 1.5 - 3 year olds, but time distribution was
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useful. The evaluation interviews thus point towards developing a custom visualization suite for each classroom
separately, adding or subtracting visualizations based on individual teacher preferences.

8 RELATED WORK
Sensing educational interactions have been carried out in different forms mostly to understand student behavior
at a higher age level than the range in which we are interested (2 - 6). RFID based student activity tracking [36],
or enabling multimodal learning analytics of tasks that require certain hand gestures by using video camera
and depth sensing [5] are a few examples of innovative technology that help teachers/instructors and students
in getting more quantitative information about learning interactions. We are not aware of any other system
that tracks social interactions (or group activities) and lesson material interaction in an early childhood learning
environment. Schools for young children tend to have more exploratory nature, and the freedom of movement and
interactions in these classrooms suggest that our system should be equally applicable outside of the Montessori
environment for early childhood. In this section, we state a few other sensing and analytics systems that use
frameworks similar to our system, but in different application scenarios.

8.1 Wearable Electronics and Software for Contact Networks
The Sociometric Badge and Sociopatterns proximity sensor establish logging of proximity data between groups
of people [3, 25]. The Sociometric Badge is a wearable badge that measures proximity during meetings and
conferences. Bluetooth modules scan for similar modules in their proximity and use the RSSI signal strength of
the data packets to establish a metric for proximity. Smartphones have also been used as proximity sensors in
some studies. The authors of [32] used Bluetooth RSSI signal strength between phones to understand proximity
and create a social interaction network of students in the Copenhagen Network Study.

A challenge of using these sensors in an early childhood classroom setting is the power requirement and the
consequent effect on the size of the circuitry. The batteries tend to be larger than coin cells, and using a big badge
or smartphone in early education classrooms is discouraged by Montessori educators and teachers. Our sensors
are small and discreet in nature, which does not disrupt the classroom experience.

8.2 Computer Vision in the Classroom
A review of the literature on people tracking is well beyond the scope of this paper, we will only mention a
few examples of the related work here. [4] demonstrated, among many, that it is possible to track people in a
mildly cluttered scene when people are intersecting their tracks in a video. In the recent years, multilayer neural
networks have become popular in recognizing and segmenting objects in a video. [1] provides a survey of several
methods inspired by this technique. Depth sensing imaging devices like Kinect has been used widely to detect
and track multiple human figures. Thermal imaging was used in [16] to improve human figure detection, and
infrared motion tracking systems exist [37] that require the users to wear a tracker occasionally.
The main problem that we have faced with cameras in the classroom is privacy concerns from teachers and

parents. If a parent wants his/her children to opt out from the intervention without any trace of data, it is hard
to clean video data to meet that demand. Also, most computer vision algorithms still require good lighting
conditions and are challenged by occlusion limits. It is difficult to track 15 - 20 children of small heights in a
cluttered classroom environment where tables and furniture act as major occlusion in the scene. Kinect and
similar stereo based camera systems have a maximum range within which they are accurate (5m for Kinect) [14],
and Kinect can track only up to a finite number of human figures simultaneously. Thermal and infrared camera
systems also require multiple cameras. Moreover, they are typically very expensive and are not suitable for a
small school’s budget. Our sensors are low-cost, uniquely identifiable, easily removable from the system, and do
not require changing the classroom design to install a camera system.
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8.3 Proximity Data Visualization
Visualization platforms for proximity data are limited to understanding social and organizational behavior.
Data from Sociometric badges have been used to identify important social factors in organizational design
and management. The authors of [25] used the badges to study and visualize longitudinal social interaction
patterns over weeks. Sociopattern proximity sensors have been used in a high school [23, 31] to demonstrate the
superiority of proximity data compared to observation diaries and friendship surveys. However, to our knowledge,
no visualization framework exists that is accessible to a non-technical person in the context of proximity data.
No system currently enables a teacher or a parent to understand changes in social behavior in an early childhood
classroom and track lesson progress of children.

9 FUTURE WORK
Other than the classroom dynamics demonstrated in this paper, the Sensei API will also facilitate early childhood
learning research in many different ways. A unique dataset collected over a longer period of time will be used
to create robust models of social and learning interaction. For example, using Hidden Markov Models [29], we
can classify "hidden states" underlying children’s learning patterns based on lesson activity. Maria Montessori
and other early childhood researchers have observed that children have "sensitive periods" in which they are
particularly open to learning a certain subject [19]. HMMs can help to understand and quantify these sensitive
periods.
Given a set of child-lesson dyads, we can use algorithms like probabilistic latent semantic indexing [13] to

uncover latent themes in the curriculum and in children. This can be extended over multiple schools.
Even though the social network produced from our proximity data is an undirected graph, we can treat it as a

directed graph based on who is speaking in a group (captured from microphone arrays [2]). This allows us to
analyze the network using directed and temporal eigenvector centrality algorithms [12, 26]. Augmented with
community structure evolution, the more accurate centrality metrics can help to understand the social influence
of different children in the classroom.

10 CONCLUSION
We have designed a system based on a dynamic range-based sensor network to study interactions between
students, teachers, and lessons in early childhood environments. The sensors, visualizations, and data analysis
are optimized for classrooms where children have freedom of movement and independence, such as Montessori
schools. Teachers can use a smartphone application and web application to individualize their own teaching
methods. We evaluated the usage of this system with a group of Montessori educators and determined three
major use cases. According to our interviews, teachers suggested that parents can also benefit from such data to
understand the progress of their children beyond traditional means.

The deployment experience and data evaluations informed the limitations of our system too. Certain visualiza-
tions did not prove to be useful in some settings. Additionally, proximity does not always warrant an interaction
with other children or materials. To tackle this issue, we plan to improve our sensing techniques to include
microphone arrays (to infer who’s speaking) and 3D hand gesture tracking over material trays using low cost
electric field based proximity sensors embedded in the trays.

Other than providing teachers important data and tools to learn about students’ behavior and plan individualized
curriculum, Sensei can provide valuable data and insights to early childhood development researchers. Large-scale
quantitative insights can be found with longitudinal datasets collected over months or years. We hope to expand
the capabilities of the system and deploy in more schools in the future.
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