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Figure 1: AccelLumber demonstrates the technical feasibility of wireless smart wooden panels using commodity sensors,
electronics, and wireless power transfer systems. (a) Conceptual illustration of furniture built with AccelLumber panels,
wirelessly powered by RF transmitters embedded beneath the floor. (b) An AccelLumber panel equipped with embedded
receiver antennas that supply power to integrated components, including a microcontroller (MCU), Bluetooth Low Energy
(BLE) module, and sensors such as a 3-axis accelerometer. (c) A cushioned stool built with AccelLumber captures stress-related
behaviors such as leg shaking while seated. (d) The stool panel wirelessly harvests RF energy from the floor-embedded
transmitter. (e) Corresponding raw accelerometer data showing the detected leg-shaking activity.

Abstract
We explored the technical feasibility of wireless smart wooden
panels that integrate conventional sensors and electronics. Prior
work has explored either embedding wired, off-the-shelf electronic
components in wood or enabling wireless energy transfer, but
supporting both simultaneously using existing technology has re-
mained uncertain. Addressing this gap is important for moving
smart wooden panels from conceptual visions to practical applica-
tions. Following a validation-through-implementation approach,
we developed a prototype that leverages a commodity RF-based
wireless power transfer (WPT) system to continuously power off-
the-shelf sensors (e.g., accelerometers) and electronic components
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(e.g., MCUs, BLE modules) within wooden furniture panels. We
evaluate its performance across three dimensions: panel scalability
(how different-sized panels reliably operate embedded sensors),
power infrastructure requirements (the number and placement
of RF transmitters needed for continuous operation), and activity
recognition. Our results demonstrate that wireless smart wooden
panels are not merely a conceptual idea, but a viable approach to
realizing smart environments.

CCS Concepts
• Human-centered computing→ Interaction devices.

Keywords
Smart Environment, RF

ACM Reference Format:
Yuning Su, Bofan Yu, Tingyu Zhang, Yonghao Shi, Te-Yen Wu, and Xing-
Dong Yang. 2018. Development and Evaluation of Sensor-Powered Wireless
Smart Wooden Panels. In Proceedings of Graphics Interface 2026 (GI ’26).
ACM, New York, NY, USA, 14 pages. https://doi.org/XXXXXXX.XXXXXXX

https://orcid.org/0009-0004-9350-4060
https://orcid.org/0009-0008-1876-2472
https://orcid.org/0009-0000-6504-8900
https://orcid.org/0009-0002-2171-3491
https://orcid.org/0000-0003-3977-9093
https://orcid.org/0000-0002-6732-6748
https://doi.org/XXXXXXX.XXXXXXX
https://doi.org/XXXXXXX.XXXXXXX


GI ’26, June 9–12, 2026, Waterloo, Ontario, Canada Su et al.

1 INTRODUCTION
Recent advances in ubiquitous computing have sparked growing in-
terest in smart wooden panels [24, 26, 40, 43, 56, 68]. By embedding
sensors into wood surfaces, these panels can capture everyday activ-
ities, such as eating, working, through signals like vibration [56, 68]
and motion [63]. When integrated into furniture, they preserve the
familiar aesthetic and tactile qualities of wood while extending fur-
niture functionality through digital sensing. This approach offers
a promising path for ‘weaving’ sensing into everyday objects. Yet,
a key question remains: is it technically feasible to build sensor-
powered wooden panels with current technologies? Addressing
this question is critical for moving beyond conceptual visions and
toward practical applications.

Prior work has embedded sensors and core electronics, such as
microcontrollers (MCUs) and Bluetooth Low Energy (BLE) modules,
directly into wooden panels [24, 26, 43, 56, 68]. However, these
systems typically rely on wired power, making panels tethered,
cumbersome, and difficult to scale. More recent efforts explored
wireless operation via ultra–low-power platforms such as RFID
[58]. While this removes wiring, it limits functionality. Standard
electronics and conventional sensors, which demand higher power,
cannot be supported. Consequently, sensing modalities previously
demonstrated as useful in smart home applications, like motion
[56, 68, 74], are missing in these wireless systems. Beyond the inte-
gration of conventional components and power delivery, practical
considerations also remain open, particularly in furniture contexts,
such as determining the necessary power infrastructure (e.g., the
number and placement of wireless power transmitters) to ensure
continuous operation across a room space, and assessing how wire-
less wooden panels can be scaled to different shapes and sizes to
accommodate diverse furniture forms.

In this work, we validate the technical feasibility of the wire-
less wooden panel through a proof-of-concept implementation,
a common method for validating new concepts [22]. We demon-
strate how commodity RF-based wireless power transfer (WPT) de-
vices, though not originally designed for smart wooden panels, can
be leveraged to continuously power conventional motion sensors
(e.g., accelerometers) and components (e.g., MCUs, BLE) embedded
within them. Using standard, off-the-shelf sensors and components
offers several benefits. It increases flexibility for incorporating es-
tablished sensing techniques, supports on-board computation, and
enables secure wireless communication via standard platforms.
These capabilities could potentially simplify the development of
real-world applications for smart wooden panels.

Our prototype (called AccelLumber) was built on a commercial
WPT platform (Powercast [50]) and an accelerometer (ADXL335)
paired with a system-on-chip (nRF52840) integrating anMCU, ADC,
and BLEmodule. Receiver antennas were embedded in wooden pan-
els to harvest energy from RF transmitters at room-scale distances.
Through experiments examining the effect of receiver antenna
spacing on energy harvesting efficiency, we refined the system to
achieve improved performance.We used this prototype to character-
ize the performance of the AccelLumber panel when integrated into
common furniture with open-bottom flat surfaces, such as tables
and stools. Our studies addressed three key feasibility dimensions:
(1) Panel scalability - whether rectangular panels of varying sizes

can reliably power embedded sensors and components across di-
verse furniture designs (Section 4), (2) Power infrastructure require-
ments - the number and configuration of RF transmitters needed to
ensure the continuous operation of AccelLumber-powered furniture
across a room (Section 4), and (3) Activity recognition — whether
AccelLumber-powered furniture can accurately detect common
user activities motion sensing (Section 6).

In our study, we also considered practical power-infrastructure
scenarios, where power devices and wiring are often installed be-
neath floors or ceilings for safety and aesthetic reasons. We posi-
tioned the RF transmitter beneath the floor (Figure 1a), a strategic
decision, as floor placement could be as effective as ceiling place-
ment for RF transmitters but has been largely unexplored. Horizon-
tal furniture surfaces that are well-suited for integrating receiver
antennas, such as tabletops or stool seats, are often obstructed from
above (e.g., by objects on a table or by seated users), and in these
scenarios, under-floor transmitters can provide reliable coverage.

Our study results show that for typical furniture heights (e.g.,
50 cm for chairs, 80 cm for tables), only four receiver antennas
are sufficient to continuously power electronics (5.98 mW in our
implementation). AccelLumber panels with these arrays can be as
compact as 36𝑐𝑚 × 46𝑐𝑚 and scale to different sizes and shapes
with additional receivers, allowing flexible adaptation to varying
furniture dimensions. Moreover, AccelLumber panels can be pow-
ered with transmitters positioned outside the panel’s footprint. For
example, a tabletop panel with a 3 × 4 receiver array (72 cm wide
in our implementation) can be reliably powered anywhere in a
room using under-floor transmitters spaced roughly 1.2 m apart.
This suggests that in a typical 6𝑚 × 6𝑚 room, a 5 × 5 transmitter
array ensures continuous coverage. Finally, evaluations using a
smart desk and stool built with AccelLumber panels across 13 daily
activities, including appliance use, power tool operation, cooking,
and stress behaviors, such as leg shaking (Figure 1d), achieved 95%
recognition accuracy.

The main contribution of this work is the validation of the tech-
nical feasibility of wireless smart wooden panels that integrate
commodity sensors, electronics, and wireless power harvesting.
Our results demonstrate that wireless smart wooden panels are not
just a conceptual vision, as often assumed, but a technically viable
and promising approach for building future interactive furniture
and smart environments.

2 RELATEDWORK
This section reviews the existing research on the development of
smart environments, wood panels with integrated sensing capabili-
ties, and indoor energy harvesting techniques.

2.1 Development of Smart Environments
Smart environments are physical spaces embedded with compu-
tational elements and user interfaces designed to enhance quality
of life, optimize resource use, and deliver personalized services
[11, 44]. In the context of user interfaces, sensors are crucial as
they gather user input and activity data, which are essential for
enabling ubiquitous computing applications. Unlike approaches
that instrument the user’s body, such as wearing a smartwatch,
instrumenting the physical environment complements wearable



Development and Evaluation of Sensor-Powered Wireless Smart Wooden Panels GI ’26, June 9–12, 2026, Waterloo, Ontario, Canada

devices by addressing some of their key limitations. For example,
wearable sensors may struggle to detect activities that do not pri-
marily involve the movement of a specific body part (e.g., the hand)
or that may not involve any body movement at all, such as oper-
ating household appliances like a microwave. Instrumenting the
physical environment and furniture can also complement wearables
by sensing contextual information inherent to furniture, such as
distinguishing which piece of furniture the user has interacted with.
From a user experience perspective, instrumenting furniture has
the potential to free users from the need to wear devices in order
to capture their interactions with the environment.

The traditional approach to creating smart environments in-
volves instrumenting existing non-smart physical spaces with sen-
sors [16, 19, 23, 32, 74, 75]. Most existing work in this area follows
this method. Examples include installing electromagnetic (EM) sen-
sors [10, 16, 32, 55, 76], vibration sensors [23, 75], and light sensors
[30, 34, 71] to detect and monitor user interactions and activities.
Specifically, StarLight [34] uses photodiodes installed on the ground
to receive light signals and reconstruct human posture. Wall++ [76]
utilizes antennas and sensors embedded in walls to capture airborne
electromagnetic interference (EMI) signals, allowing for the detec-
tion and localization of house appliances. Vibration sensors have
been installed on ground and walls [75], as well as on plumbing,
gas, and HVAC infrastructure [74] to monitor user activities. Addi-
tionally, ElectriSense [16] instruments power outlets with sensors
to detect appliance usage based on electromagnetic interference in
power lines.

In the context of smart wood furniture, the common approach is
still to augment existing wooden objects or furniture with sensors
[14, 18, 25, 27, 28, 47, 59, 70]. For instance, research has investigated
detecting people falling by placing vibration sensors on wooden
floors [54]. Additionally, previous research has investigated the
creation of smart wooden tables or countertops by attaching vi-
bration sensors to these things to detect users’ touch or gesture
input [19, 46, 68, 69]. Similarly, commodity smart speakers, such as
the Amazon Echo, could potentially achieve comparable sensing
capabilities when placed within a physical environment. However,
like the approaches discussed above, these methods involve adding
external devices to the environment, which may not fully blend
into their surroundings.

2.2 Wood Panels with Integrated Sensing
Capabilities

Our research is situated within the broader field of computational
materials [2], which involves embedding computational capabilities
or sensors into everyday materials such as wood, paper, and textiles
[3, 6, 14, 45, 47, 49, 66, 67, 71]. Specifically, our work is most rele-
vant to the development of wood panels with integrated sensing
capabilities designed for creating interactive furniture and home
infrastructures [56, 58, 68].

Prior research primarily focuses on embedding sensors to cre-
ate interactive wooden surfaces that detect user input and inform
daily activities. For instance, iWood integrates vibration sensing
into plywood to identify activities like writing or food preparation
[68]. The initial prototype was vulnerable to electromagnetic noise

due to inadequate shielding. Later work addressed this limitation,
enhancing its suitability for real-world applications [56].

A significant limitation of this line of work is that they often
require wired connections and external power sources, such as bat-
teries, for sensor operation and data communication. This reliance
complicates the traditional woodworking process and demands
electrical wiring skills that woodworkers may lack. Additionally,
the need for battery charging creates further inconvenience. To
address these challenges, Su et al. [58] developed a smart wood
panel that functions wirelessly and without a battery, using a grid of
RFID tags. However, the limited power that can be harvested from
RFID constrains the sampling rate (capped at 2 Hz) and sensing
capabilities. The energy harvested is insufficient to power even a
basic sensor circuit with a microcontroller and wireless communi-
cation units. As a result, their plywood sensor can only detect the
presence of objects by monitoring changes in RF signal strength
due to occlusion of the RFID tags, with a sampling rate of 2 Hz or
lower.

Despite prior efforts, there is still no concrete evidence that
smart wooden panels have advanced beyond a conceptual idea. Our
research addresses this gap by presenting a functional prototype
and a series of experiments, demonstrating that wireless smart
wooden panels with commodity sensors and electronic devices are
technically feasible.

2.3 Indoor Energy Harvesting
Existing research on indoor energy harvesting explores diverse
methods. Our review focuses on solar and RF energy sources. Other
approaches frequently discussed in the literature, such as mechani-
cal motion [38], nano-vibrations using triboelectric nanogenerators
(TENG) [65], acoustic energy [48], thermoelectric generation [60],
and water or gas flow [20], are excluded from this discussion. These
methods typically yield only microwatt-scale power, insufficient
for high-rate data transmission (e.g., TENG-based [9] and acoustic
[51]), or depend on intermittent environmental events (e.g., mo-
tion [61] or water/gas flow [37]). As a result, they cannot reliably
support continuous sensing and real-time feedback in smart wood
panels.

3 SYSTEM DESIGN AND IMPLEMENTATION
photovoltaic (PV) harvesting leverages light to power interactive
systems [36]. One research direction explores wireless laser power
delivery. For example, Su et al. [57] used lasers to wirelessly power
vibrotactile devices for AR/VR, where PV cells convert laser energy
into electricity. This approach eliminates batteries and electron-
ics, enabling compact haptic interfaces. In contrast, ambient-light
PV systems aim to harness naturally available light to create self-
sustaining environments. Pearce et al. [42] introduced PV-Tiles,
which combine PV harvesting with digital interface elements to
form aesthetically integrated, self-powered surfaces. Xu et al. [72]
developed OptoSense, a self-sustained system that uses ambient
light both for power and activity sensing. However, a key limitation
of PV systems, especially in our context, is occlusion. When PV
cells are embedded under wood, energy output drops substantially.
In our tests, covering an SP3-37 PV cell with wood grain paper (to
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Figure 2: (a) Labeled top view of AccelLumber’s electronic components, including the antenna, Powercast RF harvester (P2110),
power management unit (BQ25570), accelerometer (ADXL335), and SoC (nRF52840). For clarity, only one antenna and RF
harvester pair is shown (detached for better visibility). (b) Circuit diagram illustrating the major component blocks.

preserve a wood-like aesthetic) reduced its output to 0.6% of the
uncovered performance at 370 lux illumination.

RF-based approaches have also been widely adopted in self-
powered systems, particularly in IoT. Hsieh et al. [21] introduced
RFTouchPads, batteryless modular touch sensors powered by ultra-
high frequency RFID, which enable touch sensing without exter-
nal power. Similarly, Gupta et al. [15] developed ForceSticker, an
ultra-thin, flexible force sensor powered by RF energy. Their hy-
brid analog-digital backscatter method allows wireless, batteryless
force data transmission via RFID. Despite their promise, backscatter-
based harvesting presents several limitations for interactive systems
requiring commodity wireless data communication and onboard
computation. Communication typically depends on specialized
readers [1, 52, 73], which are uncommon in laptops and other con-
sumer devices. Security is also limited in many backscatter systems
[7, 52, 62], restricting deployment in real-world applications. Fur-
thermore, continuous onboard computation and bidirectional com-
munication, critical for real-time feedback, are difficult to achieve
with backscatter, leaving output capabilities largely unsupported.

Recent advances in wireless power transfer (WPT) have in-
creased the amount of power that can be wirelessly harvested,
with several commercial systems now available (e.g., Powercast
[50]). Resonant inductive coupling [4], common in smartphones,
and electromagnetic induction [33] are effective at short ranges but
quickly lose efficiency with distance. These FCC-approved methods
are widely adopted for close-range applications but less suitable for
furniture surfaces, such as tabletops positioned up to 80 cm above
the floor. In contrast, magneto-quasistatic coupling can deliver over
50 W across distances up to 1.5 m [53], offering strong potential for
fully wireless sensing and interactive systems in indoor environ-
ments.

We demonstrate the feasibility of wireless smart wood panels by
implementing AccelLumber on a commodity wireless power trans-
fer system (Powercast [50]). This platform was originally designed
for low-power applications without real-time sensing, output, or
data communication. While the harvested power is lower than sys-
tems such as [53], it is sufficient to operate the device at 5.98 mW.
Importantly, AccelLumber leverages an FCC-approved platform,
providing a practical pathway for wireless smart wood applications.

Our system integrates an energy-harvesting unit within the
wooden panel. This unit consists of an array of RF receiver anten-
nas that capture RF energy from underfloor transmitters, provid-
ing power to a low-power, 3-axis accelerometer (ADXL335) and
a system-on-chip (SoC, nRF52840) integrating BLE, an MCU, and
multiple 12-bit ADCs. Figure 2 shows the PCBs and schematic of
our prototype. To support the high sampling rate of the accelerom-
eter, the ADC operates at 1 kHz, capturing vibration signals up to
1 kHz per axis. For consistency and scalability, 12-bit ADC data
is padded to 16 bits, resulting in a total sensing throughput of
16𝑏𝑖𝑡𝑠 × 1𝑘𝐻𝑧 × 3 channels, yielding a data throughput of 48 kbps.
Total power consumption is approximately 5.98 mW (1.81 mA at 3.3
V), with 5.02 mW for the SoC and 0.96 mW for the accelerometer,
measured using the Power Profiler Kit II (Nordic). Specifically, the
SoC draws 5.02 mW with BLE active (TX power 0 dBm) and 3.56
mWwithout BLE. This 5.98 mW power budget supports continuous
operation of the entire system. Alternatively, the system can be
configured for periodic operation, pausing to charge whenever the
input power drops below this threshold. In our experiments, we
used the full 5.98 mW to characterize the system’s performance
under its maximum power requirements.

3.1 Antenna Array
The antenna array consists of Powercast 915MHz receiver antennas.
Each antenna is individually rectified using RF harvesters (Pow-
ercast P2110) and then DC-combined, which increases tolerance
to phase and angle variations. The resulting DC output charges
a 1 F supercapacitor via a power management unit (TI BQ25570),
providing energy to the SoC and accelerometer. The antennas are
arranged in a uniform grid layout, where spacing between neigh-
boring antennas is a key design consideration, as it directly affects
the array’s overall energy-harvesting efficiency. While larger spac-
ing may reduce interference, it also increases the array’s footprint,
potentially resulting in unnecessarily large panel sizes and limiting
the adaptability of AccelLumber panels for furniture components
of various sizes. We conducted two experiments to evaluate the
effect of receiver-antenna spacing on energy-harvesting efficiency
(see Appendix B for details). Based on the results, we adopted 23
cm longitudinal (long-axis) and 18 cm lateral (short-axis) center-to-
center spacing for our implementation. The receiver antennas are
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organized in a star topology with the SoC at the center, enabling
the panel to be cut into different sizes and shapes with minimal
impact on performance, as long as the central electronics remain
intact.

3.2 Wood Panel
For the final AccelLumber panel, we integrated antennas into a two-
layer plywood panel structure (Figure 3). The bottom layer, 1.27
cm thick, functions as the supporting base, with antennas securely
attached using both glue and mortise-and-tenon joints. Grooves
were also created to accommodate the antennas. The top layer,
made from a similar plywood panel, contains rectangular cutouts
that hold the patch antennas. These cutouts provide additional
support, ensuring the antennas remain securely positioned within
the plywood structure. We then used polystyrene boards to fill the
gaps between the antenna plates and the middle plywood layer to
reinforce the prototype’s structural integrity. Finally, wood-grain
contact paper (0.1 mm thick) was applied over the surface, giving
the prototype the appearance and texture of a wooden tile. Figure 3
illustrates different stages of the fabrication process. When in use,
the side coveredwith thewood-grain contact paper faces downward
toward the underfloor transmitter. The accelerometer and other
electronic components were mounted at the center of the panel on
the opposite side of the bottom layer and enclosed by an additional
thin wood panel.

To facilitate the construction of larger furniture surfaces, we
reserved the margins at the edges of the module for screws or nails,
allowing attachment to adjacent boards or standard furniture com-
ponents such as underframes or legs. These margins and screw
zones are clearly marked to avoid damaging the antennas. Accel-
Lumber panels can seamlessly integrate with standard wood panels,
enabling sensing surfaces of various sizes and shapes. For instance,
in circular tabletops, an AccelLumber module can be placed at the
center, surrounded by regular wood panels to cover curved areas.
Our experiments (Section 6) show that activities on adjacent panels
are detected by the AccelLumber panel.

Figure 3: Fabrication process of an AccelLumber panel.(a) RF
antennas are affixed to the bottom plywood layer using adhe-
sive and mortise-and-tenon joints, with designated grooves
for the PCBs. Note that the spacing between the antennas
was determined based on the experimental results presented
in the Appendix B. (b) Patch antennas are then placed into
cutouts in the top layer, reinforced with polystyrene boards.
(c) A wood grain contact paper is applied to the surface to
provide the appearance of a wooden tile.

3.3 Underfloor Transmitter
To integrate the transmitter into the floor, we raised the lab floor
using several wooden forklift pallets, which were then covered with
plywood panels, a material commonly used in flooring applications.

The transmitter was placed inside the pallets, approximately 3 cm
below the plywood panels (Figure 4). This distance is the minimum
required between the transmitter and any covering to ensure proper
functionality. The underfloor transmitter (Powercast TX91501B
[12]) emits a Direct-Sequence Spread Spectrum (DSSS) RF carrier
centered at 915 MHz, with an Effective Isotropic Radiated Power
(EIRP) of 3 W. The system complies with Federal Communications
Commission (FCC) safety standards, and according to the World
Health Organization (WHO), exposure to low-level EM fields does
not pose a health risk [64]. Although providing continuous coverage
across the entire floor surface would require multiple transmitters,
for simplicity, we used a single transmitter our experiments.

Figure 4: The underfloor transmitter setup: (a) Our lab floor
was elevated using wooden forklift pallets covered with ply-
wood panels. (b) The transmitter is positioned within the
pallets, approximately 3 cm below the plywood panels.

4 EXPERIMENT 1: PERFORMANCE
CHARACTERIZATION

This experiment evaluated the performance of AccelLumber and
investigated its ability to reliably power sensors and electronic
components. We also explored how AccelLumber can be scaled
to different sizes by identifying the minimum number of receiver
antennas required for continuous operation and determining the
maximum transmitter coverage area, providing insights into power
infrastructure needs and overall practicality. Our study primarily
focused on desktops and stool seats, and therefore, the experiments
were conducted with the antenna array positioned at heights cor-
responding to the typical dimensions of these furniture items (i.e.,
up to 50 cm from the floor for stool seats and up to 80 cm from the
floor for desktops).

4.1 Apparatus
This experiment involved an antenna array positioned above and
facing a raised floor with an embedded transmitter. Four array sizes
were tested: 1 × 2, 1 × 4, 2 × 2, and 3 × 4 (rows × columns). The
corresponding footprints were 36 cm × 23 cm, 72 cm × 23 cm, 36
cm × 46 cm, and 72 cm × 69 cm (length × width), with margins
equal to half the spacing in each direction.

4.2 Procedure
To evaluate whether AccelLumber can reliably power its embedded
electronics, we measured energy harvesting performance with the
transmitter placed both within and beyond the footprints of the
tested antenna arrays. This setup reflects realistic scenarios where
the transmitter is not always perfectly centered. Measurements



GI ’26, June 9–12, 2026, Waterloo, Ontario, Canada Su et al.

Figure 5: The harvested power recorded with the transmitter
positioned 50cm below the tested AccelLumber panels. We
measured the energy harvested (in mW) by an underfloor
transmitter placed at different locations, both within and
beyond the footprint of the tested antenna arrays (the brown
grid): (a) 1 × 2, (b) 1 × 4, (c) 2 × 2, and (d) 3 × 4. The green
areas represent locations where the harvested power exceeds
the minimum required to operate the AccelLumber system
(5.98 mW). The white areas, marked with a number, indicate
locations where the harvested power falls just short of 5.98
mW. The footprint of the tested antenna arrays, along with
their length and width, is outlined in brown. Outside the
footprint boundaries, as marked in (b), each cell corresponds
to a 5cm step where power data was collected.

taken with the transmitter positioned outside the array footprints
also provided insight into the transmitter’s maximum coverage area.
Specifically, we divided each array footprint into a 3 × 3 grid and
measured harvested energy with the transmitter centered in each
subregion. When measuring with the transmitter near or outside
the footprint’s boundaries, we first positioned the transmitter along
the footprint’s edge, with half of the device inside the footprint, and
then moved it outward in 5 cm increments, recording harvested
energy until it dropped below 5.98 mW, the minimum required to
power the sensor and electronics. We repeated this procedure at
the panel corners along the diagonal. Additionally, we varied the
distance between the transmitter and the antenna array under two
conditions: 50cm and 80cm, corresponding to the typical heights
of a tabletop and a stool seat, respectively. For each combination
of antenna array size and distance, we recorded the voltage and
current outputs of the array.

4.3 Results
Our results showed that the harvested energy was approximately
symmetric along the four sides of the AccelLumber panel, so we
present data from one-quarter of the AccelLumber panel. Figure 5
and Figure 6 show the locations and harvested energy.

4.3.1 Panel Size Scalability.
We measured the scalability of AccelLumber panels by determining
the minimum number of receiver antennas required for continuous
operation. Among the tested configurations, the 1 × 2 configuration
could not harvest sufficient power at the distance of 80cm to meet
the system’s power requirements of 5.98mW (Figure 6a). However,
at 50cm, it successfully harvested enough power, both within and
beyond its footprint area (Figure 5a). When the transmitter was
placed outside the antenna’s footprint area, the antennas provided
adequate power up to 15cm in the longitudinal direction and 10cm
in the lateral direction. These results suggest that the smallest
AccelLumber panels, equipped with 1 × 2 antennas, can be as small
as 36 cm × 23 cm. Such panels are suitable for integration into
furniture surfaces, such as stools, chairs, and coffee tables, which
typically have a height of approximately 50 cm.

In contrast, the 1 × 4 and 2 × 2 configurations effectively har-
vested sufficient power at both 50cm and 80cm distances across
the array’s footprint and beyond (Figure 5b, c and Figure 6b, c).
This result suggests that four antennas are necessary to harvest
adequate power at a distance of 80cm from the underfloor trans-
mitter. The smallest rectangular panel of AccelLumber, consisting
of 2 × 2 antennas, can be as small as 36 cm × 46 cm, matching the
footprint of the antenna array. A square version can be created
by extending the short axis to 46cm, resulting in dimensions of
46cm by 46cm. Aside from shorter furniture like stools and chairs,
the AccelLumber panels, consisting of 1 × 4 and 2 × 2 arrays, are
well-suited for integration into taller surfaces such as tables and
desks, which typically have a height of approximately 80cm.

For the 3 × 4 configuration, the harvested power peaked when
the transmitter was centrally positioned on the antenna array for
both 50cm and 80cm conditions. At 50cm (the height of stool seats),
the average harvested power within the footprint was 25.6mW (SD
= 4.3), while at 80cm (the height of tabletops), it was 16.4mW (SD =
0.6), across all nine locations (Figure 5 and 6). Despite some minor
variations in harvested power due to the uneven distribution of the
RF field, measurements remained relatively stable, particularly at
80cm.

4.3.2 Transmitter Coverage & Power Infrastructure Requirements.
Overall, it is promising that all tested antenna array configurations,
except the 1 × 2 configuration at 80 cm height, maintain sufficient
power even when the underfloor transmitter is positioned outside
the panel’s footprint area. For example, in the case of the 3×4 array
at the 80 cm condition, as shown in the figure, the array harvested
power exceeding the required 5.98 mW when the transmitter was
at least 25 cm from the panel edge (center-to-edge distance), with
this distance increasing to 30 cm near the central axis of the array.
The maximum coverage distance along the diagonal direction was
20 cm, which was shorter compared to other directions. In the 50
cm condition, the maximum safe center-to-edge distance for the
transmitter was 20 cm, though this distance could extend to 30
cm near the central axis of the array, following a similar trend as
observed in the 80 cm condition. Additionally, we found that the
harvested power decreased more significantly along the diagonal
direction, with the maximum coverage distance being 10 cm. The
increased coverage distance in the 80 cm condition, relative to the
50 cm condition, is attributed to the RF field’s reduced coverage
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Figure 6: The harvested power recorded with the transmitter
positioned 80cm below the tested AccelLumber panels. We
measured the energy harvested (in mW) by an underfloor
transmitter placed at different locations, both within and
beyond the footprint of the tested antenna arrays (the brown
grid): (a) 1 × 2, (b) 1 × 4, (c) 2 × 2, and (d) 3 × 4. The green
areas represent locations where the harvested power exceeds
the minimum required to operate the AccelLumber system
(5.98 mW). The white areas, marked with a number, indicate
locations where the harvested power falls just short of 5.98
mW. The footprint of the tested antenna arrays, along with
their length and width, is outlined in brown. Outside the
footprint boundaries, as marked in (b), each cell corresponds
to a 5cm step where power data was collected.

near the transmitter leading to fewer antennas harvesting energy
from it.

Considering the power infrastructure, AccelLumber envisions
a transmitter grid to provide room-scale coverage for continuous
operation (similar to [35, 41]). The study results on the maximum
coverage distance beyond the array’s footprint provide useful guid-
ance for determining appropriate transmitter spacing within the
grid. For instance, in the case of the 3 × 4 array at the 80 cm con-
dition, the center-to-edge coverage distance is 25 cm. Given the
edge of the transmitter is 16 cm, the edge-to-edge distance should
be 25 − 16/2 = 17𝑐𝑚. Therefore, the maximum distance of 17 cm
beyond the edge of an AccelLumber panel suggests a rough spacing
of one transmitter every 1.2 meters (i.e., 17𝑐𝑚 × 2 + 16𝑐𝑚 + 70𝑐𝑚,
center-to-center). In a room measuring 6𝑚 × 6𝑚, this would trans-
late to a 5×5 transmitter array to ensure continuous power delivery
to AccelLumber panels at any location within the room.

It is important to note that energy levels below 5.98 mW do not
imply system failure. Instead, they indicate that the harvested power
is insufficient to fully sustain the system’s continuous consumption
needs. In such scenarios, the system can operate temporarily but
will eventually require recharging. This approach aligns with use
cases involving intermittent rather than continuous activities. The

system can be configured to operate during active periods and
recharge in preparation for subsequent tasks. While this offers a
promising direction for optimizing system design, it lies beyond
the scope of this initial exploration, as our system, even without
optimization, already achieves adequate power across most tested
conditions.

5 DEMO APPLICATIONS
To illustrate the capability of AccelLumber as a building material,
we designed and constructed a desk, a drop-leaf table, and a stool
using AccelLumber panels with 3 × 4 receiver antennas. Building
these pieces involved woodworking operations such as joining
AccelLumber boards edge-to-edge and assembling them with other
furniture components, such as desk legs. The completed tables and
stool can detect a range of user activities, which we discuss in detail
in Section 6.

Desk.We constructed a desk with its surface made from Accel-
Lumber and off-the-shelf desk legs. The desk is 140cm in length,
70cm in depth, and 72cm in height. The desktop was assembled by
aligning an AccelLumber board and a standard plywood board edge-
to-edge with the aid of 7.7 cm flat brace brackets and #4 screws,
a common method for connecting wood panels in modular furni-
ture (Figure 7c). Two brace brackets were positioned 30cm apart
along the edge of the boards. Screws were inserted into the empty
margins, avoiding areas occupied by antennas. At the corners of
the completed desktop panel, we installed the desk legs by first
drilling pilot holes and then securing the legs with screws (Figure
7a). The final assembled desk is shown in (Figure 7b). As demon-
strated in our experiments in Section 6, activities occurring on the
uninstrumented plywood board can also be accurately detected.

Figure 7: Fabrication of a desk using AccelLumber panels.
(a) Attach the legs by screwing them into pre-drilled pilot
holes within an AccelLumber panel. (b) The completed desk
assembly. The dashed box indicates the location of the elec-
tronic components (power management, BLE, MCU, and ac-
celerometer) embedded within the panel. (c) The desktop was
constructed using two AccelLumber panels joined with flat
brace brackets.

Drop leaf table. Using a similar approach, we created a drop leaf
table. TheAccelLumber panel served as the drop leaf, attached to the
tabletop with two self-supporting hinges (Figure 8a). These hinges
were secured to the panels with #4 screws. The table leaf (Figure
8b) can be flipped open to create a flat surface (Figure 8c), and this
motion is detectable by the AccelLumber’s accelerometer. In this
example, the main tabletop surface itself was not instrumented
using AccelLumber.
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Figure 8: Fabrication of a drop-leaf table Using AccelLum-
ber panels. (a) The drop leaf was attached to the tabletop
with self-supporting hinges. (b) In the folded position, the
drop leaf rests downward. (c) When lifted, the leaf extends
to create a larger flat surface. The AccelLumber is capable
of detecting the open and close motion of the drop leaf. The
dashed box indicates the location of the electronics compo-
nents embedded within the panel.

Stool. The stool was created with an AccelLumber panel as the
seat, supported by four off-the-shelf chair legs, each 40 cm in height
(Figure 9a). To increase comfort, an 18 cm thick cushion has been
added to the seat (Figure 9c). Note that the placement of the cushion
does not impact energy harvesting, as the transmitter is positioned
beneath the seat, below the floor.

Figure 9: Fabrication of a stool using an AccelLumber panel.
(a) Attach the stool legs by fastening them into the pre-drilled
pilot holes in the AccelLumber panel. (b) The finished stool,
without a cushion. The dashed box indicates the location of
the electronic components embedded within the panel.(c)
The stool with a cushion placed on top, which does not ob-
struct the RF energy emitted from below.

6 EXPERIMENT 2: ACTIVITY RECOGNITION
This experiment aimed to evaluate the activity recognition capa-
bilities of AccelLumber in a furniture context. Previous research
has demonstrated the feasibility of using accelerometer data for
activity recognition [39]. Building on this, our study focuses on two
key objectives unique to AccelLumber: (1) evaluating the recogni-
tion accuracy of AccelLumber when embedded within a desk and
stool, and (2) assessing recognition accuracy when activities are
performed on an adjacent, non-sensing panel connected to the pow-
ered AccelLumber panel. The entire study was conducted with the
full system, including sensing and data communication, powered
wirelessly.

We conducted our study using the desk and stool presented
in our demo applications (Section 5). The activities selected for
the study were carefully chosen to align with those frequently
explored in prior research on activity recognition, which spans
diverse contexts such as kitchen [23], office workspaces [29] and

workshop [31]. Importantly, these activities remain undetectable
by existing battery-free smart wood panels, such as Tagnoo [58].

The desk-related tasks included appliance usage (e.g., water
boiler), power tool operations (e.g., drill), cooking activities (e.g.,
chopping), and work-related activities (e.g., stapling). Continuous
operation of the sensor is important for many of these tasks, as it is
often necessary tomonitor their duration, rather thanmerely detect-
ing their occurrence [31]. We also incorporated three stool-based
actions: sitting, standing, and leg-shaking. Transitions between sit-
ting and standing are particularly relevant for assessing prolonged
sitting patterns, which are useful for understanding sedentary be-
havior and promoting healthier work practices [5]. Additionally,
leg-shaking, a common fidgeting behavior, has been shown to be
useful in identifying signs of restlessness or stress [17]. While the
accelerometer can track AccelLumber’s own movements (e.g., open-
ing a drop-leaf table), we excluded these events, as raw data alone
suffices for detection without machine learning. The study was con-
ducted with our system powered entirely by harvested RF energy.

6.1 Apparatus
The stool was placed in front of the desk, and the transmitter was
positioned between the stool and the desk’s left AccelLumber panel
to power both the stool and that panel, which captured activity
data associated with the desk.

6.2 Objects
We identified several power tools (e.g., sender, jigsaw, drill), appli-
ances (e.g., water boiler, microwave), cooking actions (e.g., chop-
ping, slicing), and work-related events (e.g., writing, erasing, sta-
pling) that are representative of typical events occurring on desk
surfaces. Additionally, we included actions performed on stools
(e.g., sitting down, standing up, shaking legs while seated).

Figure 10: The tested activities and their frequency signatures
on the X, Y, and Z directions of the accelerometer. In the
signal plots, the X-axis represents frequency and the Y-axis
represents magnitude.
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Figure 11: (a) t-SNE plot of the activity data. (b) Confusion matrix showing classification accuracy in the within-user scenario.
(c) Confusion matrix showing classification accuracy in the cross-user scenario. All results are based on a model trained using
data collected from the desk and stool.

6.3 Data Collection
We recruited 10 participants (5 males and 5 females), aged 24 to 29
years. For each class, we captured 5 seconds of data, with 20 samples
collected per participant. In each trial, an activity was randomly
selected and performed at random locations and orientations within
the testing area. The activities conducted at the desk were carried
out 10 times each on both the AccelLumber panel and the adjacent
regular wood panel. However, data was recorded only from the
accelerometer of the powered panel. The activities performed on
the stool were performed 10 times each, both with and without the
cushion. For each repetition, participants used a different orienta-
tion of the stool. We did not control for environmental factors, such
as people walking around tables and stools, to simulate real-world
conditions. Figure 10 provides images of each class along with their
corresponding frequency signatures. For each class, a total of 200
samples were collected (20 samples × 10 participants).

6.4 Data Pre-processing and Machine Learning
We employ a preprocessing pipeline to improve the quality of raw
accelerometer signals and prepare them for machine learning. First,
the DC components of the X, Y, and Z axes are removed to elimi-
nate offsets. Next, a Butterworth low-pass filter with a 450Hz cutoff
frequency is applied to preserve activity-relevant frequency compo-
nents while reducing noise. Using the collected dataset, we trained
a machine-learning model with a Random Forest consisting of 1000
decision trees. Based on our observation and initial tests, we de-
rived 33 features per axis across both time and frequency domains.
A summary of these features is provided in the appendix.

6.5 Results
The study was successfully completed, with the entire system pow-
ered by harvested RF energy. We trained a model using data col-
lected from both the desk and the stool, intentionally diverging
from the common approach of training separate models for each
item (e.g., one for the desk and one for the stool). This decision was

made to push the boundaries of model generalization. This section
presents the classification performance of the model, evaluated in
terms of both within-user and cross-user accuracy.

6.5.1 Within-User Accuracy. Within-user accuracy represents the
prediction accuracy for the model when both the training and test-
ing data were derived from the same user. To evaluate this, we
conducted a five-fold cross-validation for each participant, allocat-
ing 80% of the data for training and 20% for testing.

The model achieved an accuracy of 95.8% (SD = 4.2%), as shown
in Figure 11a. This outcome confirms that most activities associ-
ated with the desk and stool produce distinguishable acceleration
signals. This is particularly true for activities involving appliances
or power tools, which generate distinct signal patterns compared
to the user activities performed on the stool. However, the model
encountered more difficulties distinguishing stool-related activities,
such as Standing and Sitting, which were frequently misclassified
as one another and, in some cases, as desk-related activities like
Drilling. While we anticipated some confusion between Sitting and
Standing due to subtle differences in their signal characteristics, it
was unexpected that they were also misclassified as Drilling. We
hypothesize that this issue could be mitigated with additional train-
ing data. Despite this challenge, several classes, including Boiling,
Microwave, Jigsaw-Cutting, Sanding, Drilling, Chopping, Slicing,
Stapling, and Writing, achieved an accuracy near or above 95%,
which is promising.

The model was trained using data collected from the stool both
with and without the cushion, indicating that the cushion’s influ-
ence on activity signals is minimal. This is particularly promising, as
we initially hypothesized that the cushion, especially the thick one
used in our study, might act as a damper and significantly alter the
vibration signal patterns, potentially affecting classification accu-
racy. However, our results demonstrate that the machine-learning
model effectively handled these variations in the vibration signals.

Furthermore, our model was trained on data collected from both
AccelLumber and regular wood panels and still accurately classified
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the activities carried out on the regular wood panels. This provides
evidence that the AccelLumber panels can be integrated with reg-
ular wood panels to form a larger surface while still accurately
detecting activities across the entire surface, regardless of whether
they occur on or outside the AccelLumber panel.

6.5.2 Cross-User Accuracy.
We further evaluated the performance of our model across differ-
ent users using a leave-one-subject-out cross-validation. In this
approach, data from nine participants were used for training, while
the data from the remaining participant served as the test set.

The model achieved a cross-user accuracy of 92.8% (SD = 6.8%),
as illustrated in Figure 11b. Activities involving appliances and
power tools, such as Boiling, Microwave, Jigsaw-Cutting, Sand-
ing, Stapling, and Writing, exhibited accuracies greater than 95%.
This can be attributed to the distinct and consistent acceleration
patterns generated by the machine, which were more easily dis-
tinguishable across different users. As anticipated, user-dependent
activities, particularly those involving subtle vibrations such as
Sitting, Standing, and Leg Shaking, showed lower accuracy when
compared to within-user accuracy. Additionally, there was a higher
rate of confusion between desk-related and stool-related activities.
Nevertheless, the model maintained relatively high accuracy for
most other activities, which is encouraging.

7 LIMITATIONS AND FUTUREWORK
Wedemonstrated the technical feasibility of awireless smart wooden
panel that integrates conventional sensors and electronic compo-
nents. In this section, we reflect on the limitations of our approach,
discuss the lessons learned from our research, and suggest promis-
ing directions for future research.

New Sensors. Our current implementation achieves a 1 kHz sam-
pling and communication rate, supporting the integration of a
wide variety of sensors beyond the accelerometer used in this
study. Leveraging the MCU, both commodity analog and digital
sensors can be incorporated, including light, temperature, humidity,
force, gyroscope, and gas sensors. Future work will explore expand-
ing these sensing capabilities, which will allow the detection of a
broader range of activities and open new opportunities for smart
wooden panels.

Antenna Alignment. Our current implementation requires the
transmitter and receiver antennas to be relatively well aligned. A
promising direction for future work is to explore techniques that
alleviate this requirement. We are investigating alternative power-
ing methods, such as beamforming or omnidirectional transmitter
arrays [8, 13], which could potentially allow the system to operate
effectively without alignment of the antennas’ spatial orientation
or polarization characteristics. Future work should also systemat-
ically characterize the system’s tolerance to practical installation
errors, such as lateral offset, angular rotation, and height variation
between transmitter and receiver antennas. In addition, it will be
important to evaluate how nearby materials and objects, such as
metal frames, appliances, or surrounding furniture components,
affect RF power transfer performance in real-world environments.

Compatible Furniture. Beyond the desk and stool demonstrated in
this work, the floor-mounted transmitter setup supports a broader
range of furniture with open-bottom structures that are exposed to

open air, such as couches, beds, benches, and TV stands. However,
we have not explored furniture items with more complex structures.
For instance, multi-tier furniture such as shelving units could have
shelf boards below 80 cm that receive sufficient RF exposure within
the transmitter grid coverage, as each shelf would be exposed to
at least one transmitter. Shelf boards positioned above 80 cm may
still harvest RF power, but likely not enough to surpass the 5.98
mW threshold required for continuous operation. Future work
will investigate integrating RF transmitters into ceilings or walls
to evaluate the effectiveness of this approach for furniture with
more complex structures, including those containing drawers. We
also plan to examine how specific structural factors, such as multi-
level surfaces and larger unsupported spans, influence antenna
placement, RF exposure, and sensing reliability. This would help
establish a broader design space for wireless smart furniture beyond
the relatively simple form factors explored in the current paper.

Installation. Our work provide an initial estimate of the trans-
mitter density required for room-scale operation. Future work will
explore a deployment-oriented study that compares several installa-
tion strategies, such as underfloor and ceiling-mounted layouts, in
terms of material cost, installation time, wiring effort, maintenance
accessibility, and required expertise. Such a study could combine
quantitative measures with qualitative feedback from woodworkers
or installers to clarify the feasibility of our system.

Module Usability. The primary user group for AccelLumber con-
sists of woodworkers, who will utilize AccelLumber panels to create
furniture. In our initial investigation, the usability of the AccelLum-
ber, such as its shape, size, and ease of use in assembling various
types of furniture, has not yet been validated by woodworkers. Fu-
ture research will focus on collecting feedback from woodworkers
to refine and validate the current design and inform improvements
to the usability of AccelLumber panels.

Long-term Stability. Our work demonstrates that the system
can continuously power sensing and communication under the
tested conditions, but it does not evaluate multi-day or multi-week
deployment. In long-term use, several factors may affect stability,
including variation in harvested power over time, supercapacitor
aging, drift in electronic performance, and gradual changes in the
furniture structure or surrounding environment. A useful next step
would be a deployment in which instrumented furniture operates
continuously over an extended period, while logging harvested
power, charge state, sensing uptime, packet loss, and recognition
performance. Such a study would clarify whether the current design
is sufficiently stable for everyday use and would help reveal failure
modes that are difficult to observe in short laboratory evaluations.

Activity Recognition. Our exploration of activity recognition
demonstrates the feasibility of AccelLumber, but there is substantial
potential for improvement. For example, we assessed recognition
performance on two furniture types, desks and stools, but future
research could extend this to include other common furniture with
large horizontal surfaces, such as coffee tables and beds. Although
we trained a general machine learning model for desks and stools,
future studies should aim to develop a generalized model that can
accommodate a broader range of furniture types with varying struc-
tures and form factors. Furthermore, while we evaluated recognition
accuracy with a 70 cm × 70 cm panel, future investigations should
examine different panel sizes and shapes supported by our system
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to assess their performance in recognizing both seen and unseen
activities. This will provide useful insights into the robustness and
generalizability of our system. Finally, we plan to investigate the
impact of wood types on accelerometer signals. While we do not
anticipate a significant effect on machine learning performance,
this remains an important area for further exploration.

Design Opportunities. Finally, while our evaluation focuses on
technical feasibility and activity recognition, wireless smart furni-
ture could support a broader range of application scenarios. Beyond
recognizing short interaction events, such furniture may enable
longer-term behavioral sensing in homes and workplaces, such
as detecting stress-related behaviors, or providing context-aware
support around everyday activities. Future work will conduct for-
mative design studies, such as workshops or co-design sessions
with furniture designers, woodworkers, and end users, to explore
how wireless smart wooden panels could be embodied in different
furniture forms and everyday settings.

8 CONCLUSION
In this paper, we took a validation-by-implementation [22] ap-
proach to demonstrate the technical feasibility of fully wireless,
sensor-powered smart wooden panels capable of supporting con-
ventional off-the-shelf sensors and electronic components, includ-
ing MCUs and BLE modules. We show that these panels can scale
from small configurations with just four receiver antennas to larger
panels, enabling integration into furniture surfaces of varying sizes.
Furthermore, we demonstrate that the power infrastructure sup-
porting these panels is efficient, requiring fewer RF transmitters
than might be anticipated. With activity recognition accuracy ex-
ceeding 90% across a range of activities, our work highlights the
potential to transform everyday furniture into interactive surfaces.

Our work contributes to research on smart materials and en-
vironments in multiple ways. First, integrating conventional sen-
sors, electronic components, and wireless energy-harvesting mech-
anisms into wooden panels opens new opportunities for exploring
diverse sensor types and applications. Second, AccelLumber can be
realized in different shapes and sizes, enabling larger and more com-
plex interactive environments beyond the table and stool we tested.
Finally, embedding the MCU within the panel enables closed-loop
interactions by incorporating output mechanisms, fostering more
intuitive and engaging smart environments. Overall, we see this
research as an important step toward the development of smart
furniture and connected living spaces.
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A Appendix: Machine Learning Features

Domain Features

Frequency

abs energy, absolute maximum, last location of max-
imum, first location of maximum, maximum, mean,
mean abs change, mean change, mean second de-
rivative central, median, minimum, absolute sum of
changes, mean n absolute max(3), variance larger
than standard deviation, count above mean

Time

rms, zero crossing rate, slope changes, skewness,
kurtosis, signal duration, count positive pulses,
count negative pulses, average positive pulse in-
tensity, average negative pulse intensity

Table 1: Features used to train our machine learning models.

B Appendix: Antenna Spacing Experiments
Our experiments aimed to investigate how the spacing of receiver
antennas affects energy harvesting efficiency, with the goal of in-
forming and improving our implementation. In theory, adjacent
antennas should be spaced at least half a wavelength apart (𝜆/2)
to reduce mutual interference. At our operating frequency of 915
MHz, this distance is approximately 16.4 cm. However, the receiver

antenna is 18 cm along its long edge, making 𝜆/2 spacing infeasible.
Simply placing the antennas side by side would likely exacerbate
interference (as shown in our experiments). To address this, we sys-
tematically explored a range of antenna spacings and their influence
on energy harvesting performance.

Given the vast number of potential antenna configurations, ex-
haustive testing was not feasible. To simplify the approach, we
adopted a method similar to prior work [58], employing a test
setup with a simplified array of three antennas arranged in either
a column or a row. This configuration allowed us to assess the
interference between adjacent antennas by measuring the power
harvested by the central antenna.

Figure 12: The experiment setup for (a) a 3 × 1 antenna array
and (b) a 1 × 3 antenna array.

We evaluated energy harvesting efficiency while also account-
ing for the antenna array’s footprint, which directly influences the
overall panel size. Specifically, we assessed efficiency in terms of
the array’s power density (mW/m2), which is defined as the total
power harvested by the array divided by the surface area of the
wood panel that it occupies. This metric measures how effectively
the array utilizes its allocated area. A higher power density indi-
cates more efficient use of the antenna array relative to its physical
coverage, even though it may not necessarily correspond to the ab-
solute maximum harvested power. In our calculations, the footprint
includes margins of half the spacing in both the longitudinal and
lateral directions (Figure 12). Incorporating these margins ensures
that the power density results can be generalized to larger antenna
arrays extended along either direction.

B.1 Experiment 3: Effect of Spacing Along the
Longitudinal Axis

This experiment examined how varying the spacing distance be-
tween adjacent antennas along the longitudinal axis affects both
the adjacent antenna interference and power density.

B.1.1 Apparatus.
The study involved using a simplified version of prototype with
only three antennas (Powercast 915 MHz, 18𝑐𝑚 × 5𝑐𝑚) arranged
in a 3 × 1 (row × column) (Figure 12a) configuration, with both
the receiver and transmitter antennas aligned in parallel. The an-
tenna array was placed on a desk, with the transmitter mounted
approximately 1.5 meters above the array’s center. For simplicity,
we did not position the transmitter beneath the floor, as our primary
goal was to investigate trends in interference and power density
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variations. These trends are not expected to be strongly influenced
by changes in the transmitter’s placement. Similarly, while other
distances between the transmitter and the array could also be suit-
able, we expect the overall trends to remain consistent regardless of
the specific distance chosen. We used a multimeter (Fluke F17B+)
and power profiler (Nordic Power Profiler Kit II) to measure the
voltage and current of the antenna array.

B.1.2 Procedure.
We varied the center-to-center distance between adjacent antennas
from 19cm to 38cm in 1cm increments. For each tested distance, we
measured the total energy harvested by all three antennas and calcu-
lated the corresponding power density. Additionally, we measured
the energy harvested by the central antenna, which was primarily
influenced by interference from the other two antennas.

Figure 13: The effect of longitudinal spacing on the energy
harvested by the central antenna (green bars, y-axis on the
right), and power density (blue line, y-axis on the left) for
the 3-antenna array.

B.1.3 Results.
Figure 13 illustrates the energy harvested by the central antenna
and the normalized power density. The results indicate that inter-
ference persists even when the spacing distance exceeds half the
wavelength (16.8 cm). However, the interference diminishes when
the spacing exceeds a relatively long distance of 33 cm, though
this is also the point where the power density approaches its min-
imum. In contrast, the power density peaks at spacing distances
between 20 cm and 23 cm, followed by a steady decline beyond
23 cm. The results illustrate the trade-off involved in prioritizing
power density, which is relatively minor, as the interference at the
peak power density is slightly higher than the minimal interfer-
ence observed at distances of 33 cm or greater. At a 33 cm spacing,
the harvested power is reduced by only 9.1% compared to a 23 cm
spacing. Although the power density is similar at 20 cm and 23
cm spacings, the reduced interference at 23 cm may enable greater
energy harvesting. Therefore, we selected a longitudinal spacing of
23 cm for our final implementation and all experiments.

B.2 Experiment 4: Effect of Spacing Along the
Lateral Axis

The goal of this experiment was to evaluate how the spacing be-
tween adjacent antennas along the lateral axis influences interfer-
ence and power density.

B.2.1 Apparatus. The study apparatus was similar to that used in
Experiment 1, with the difference being the configuration of the
antenna arrays, which were arranged in a 1 × 3 (row × column)
format (Figure 12b).

B.2.2 Procedure. We varied the center-to-center distance between
the antennas from 17cm to 25cm in 1cm increments. This range was
chosen to exclude distances smaller than half the wavelength (16.8
cm), as such distances are known to introduce strong interference.

Figure 14: The effect of lateral spacing on the energy har-
vested by the central antenna (green bars, y-axis on the right)
and power density (blue line, y-axis on the left) for the 3-
antenna array.

B.2.3 Results. Figure 14 illustrates the energy harvested by the
central antenna and the normalized power density. The power den-
sity reaches its peak at 18 cm, decreases, and begins to stabilize
beyond 22cm. The interference to the central antenna continues to
decrease beyond half the wavelength, extending up to 24cm, as the
power harvested by the central antenna increases. The tradeoff of
prioritizing power density by selecting an 18 cm spacing results in a
24.3% reduction in harvested energy compared to the 24 cm spacing,
which yields the maximum power among the tested distances. How-
ever, the 18 cm spacing offers the advantage of a smaller footprint,
allowing for more compact designs of AccelLumber panels. Addi-
tionally, it facilitates the integration of more antennas within a fixed
panel size, which can increase the total harvested power. Therefore,
we selected a lateral spacing of 18 cm for our final implementation
and all experiments.
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