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Abstract— Low-resolution thermopile sensors have emerged as a promising solution for privacy-preserving indoor
localization. In this study, we investigate the localization performance of custom-designed thermopile sensors. We
systematically evaluate multiple ceiling- and wall-mounted configurations, addressing the limitations of prior works that
examined only a small number of sensors and fixed layout. A 2D CNN-LSTM regression model was trained and evaluated
with data collected from 8 participants achieving median localization errors between 0.17-0.22 m. Our findings indicate
a clear dependence of localization accuracy on the number and arrangement of sensors. Experimental benchmarking
against previous approaches indicates that the proposed algorithm provides improved localization accuracy. To assess
scalability, we deployed four ceiling-mounted sensors to cover a substantially larger area than the state-of-the art and
demonstrated that our proposed approach perform effectively in such a setting. All hardware design information and
code are made publicly available to support continued research.

Index Terms— Device-Free Localization (DFL), Human Sensing, Indoor Positioning System (IPS), Infrared Sensing,

Passive Localization, Thermopile Sensor

[. INTRODUCTION

UMAN sensing ranges from monitoring human pres-

ence, position, and movement, to analyzing human pos-
ture and identity [1]. It facilitates location based services [2]
and ambient assisted living [3], enabling applications in smart
environments that support more interactive, safe, and assisted
living. Indoor localization [4] is one such key application;
since GPS is unreliable indoors, a range of alternative methods
have been investigated.

Indoor localization techniques can be broadly categorized
as vision-based, device-based, and device-free. Vision-based
localization [5] can be highly accurate owing to the richness
of visual data, but it fails in low light and raises privacy
concerns. Device-based techniques [6] use wearables (e.g.,
smart watches, bracelets) or smartphones, but they rely on user
cooperation and require regular battery charging [7], which
limits their reliability and convenience.

Device-free systems mitigate these shortcomings and are
gaining popularity for their privacy-preserving nature and
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ability to leverage pre-existing sensing infrastructure [8] for
localization [4]. Many sensing modalities have been investi-
gated, each with distinct strengths and weaknesses.

Radio frequency (RF) or wireless based techniques are
the most widely explored device-free localization [9], [10]
approach, but concerns persist regarding their robustness, as
these systems typically require frequent recalibration [11].
Non-RF methods have received comparatively less attention
and merit further investigation. Researchers have proposed
using footstep-induced vibrations captured by seismic sensors
for human localization [12]. Smart floors based on triboelectric
[13] and capacitive [14] sensors have also been developed
for this purpose. In addition, wall mounted capacitive sensing
has also been explored for localization [15]. Other sensing
modalities for passive localization include visible light sens-
ing based systems [16]. Thermal sensing represents another
emerging modality, where passive detection of human Infrared
(IR) emissions enables device-free localization using Passive
Infrared (PIR) sensors [17] and Thermopiles [18].

PIR sensors, which use pyroelectric detection of IR changes
[19], are widely used in security alarms and automatic lighting,
and have also been applied to localization [17] and activity
detection [20]. However, effective human sensing typically re-
quires a much higher sensor density than security installations
provide, and detecting a stationary subject requires significant
sensor modification [21].

Thermopiles, thermocouple-based IR sensors [22], act
as thermal cameras and detect both stationary and mov-
ing subjects. High-resolution thermal cameras are costly
and, like regular cameras, can be perceived as privacy-
invasive, whereas low-resolution thermopiles are inexpensive
and privacy-preserving (Figure 1). Although less information-
rich, they have become popular for localization [4]. Their
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Fig. 1.
resolution (left) shows the inherent privacy-preserving aspect of low-
resolution thermopiles. For comparison, a capture of the same subject
from the same position with an 80x60 pixels resolution FLIR Radiometric
Lepton 2.5 is provided. As can be observed, the higher resolution
thermal camera can be perceived as not privacy-preserving.

Image of a person taken by a Grid-Eye having an 8 x 8 pixel

low resolution mitigates privacy concerns [18] and their light
processing load improves scalability, enabling deployment of
multiple sensor arrays as an integrated sensing network.

Il. LITERATURE REVIEW

Table I lists the previous studies on localization using
thermopile sensors. In the localization literature, the terms
accuracy and localization error are often used interchangeably.
Both refer to statistical measures based on the Euclidean
distance between the actual target position and the position
estimated by the localization system.

Kuki et al. [23] covered an area of 2.56 square meters
with a single ceiling mounted 4 x 4 thermopile sensor (Om-
ron D6T-44L). They achieved localization accuracy between
0.15 m and 0.35 m using a Support Vector Machine (SVM)-
based algorithm. Tariq et al. [24] used a ceiling mounted
4 x 4 resolution (Omron D6T-44L) thermopile to achieve a
0.096 m Root Mean Squared Error (RMSE). They trained
multiple neural network-based algorithms and found the One-
Dimensional Convolutional Neural Network (1D CNN) to be
the most accurate. Shetty et al. [28] used Grid-Eye images
for foreground target tracking of both stationary and moving
subjects but reported no quantitative accuracy. Chen et al. [26]
used a table-mounted Grid-Eye sensor to achieve a localization
RMSE of 0.19 m, extracting CNN features to train a support
vector machine. Faulkner et al. [27] used a single ceiling-
mounted Grid-Eye sensor to achieve accuracies between 0.03—
0.7 m, finding convolutional and recurrent networks most
accurate. All these studies used a single fixed sensor, with
coverage confined to 2-9 m?.

Chen et al. [25] used two wall-mounted 16 x 4 thermopile
sensors and estimated the Angle of Arrival (AOA) of each
sensor’s foreground temperature, achieving a mean error of
0.134 m. Faulkner et al. [18] employed up to three wall-
mounted Grid-Eye sensors to achieve median errors between
0.13 m and 0.20 m, training Multilayer Perceptron (MLP)
models to estimate the target’s angular and radial coordi-
nates relative to each sensor. Although multiple viewpoints
improved accuracy, the coverage of these studies, defined by
overlapping FoVs, remained small (approximately 7—12 m?),
making system scalability difficult to ascertain.

The AMGS88xx Grid-Eye family [29] is the most adopted
thermopile sensor for privacy-preserving human sensing ap-
plications. Other than localization (see Table I for examples),
it has been used for applications like movement tracking
[30], determining the direction of facing of a subject [26],
fall detection [31], [32], activity recognition [33], identifying
yoga poses [34]. Example of other low-resolution thermopile
includes MLX90620 (16 x 4 pixels resolution) which was
used localization and fall detection [25]. However, this device
has been discontinued, and the suggested replacement, the
MLX90640, offers a much higher 32 x 24 resolution. While
this enables richer data capture, the sensor can potentially be
intrusive to privacy. Alternatives such as the TPA81 (8 x 1
pixels) were used on people counting at doorways [35] and
D6T-44L (4 x 4 pixels) were used for localization studies [23],
[24]. However, their coarse resolution limits their suitability
for sophisticated human sensing tasks.

The Grid-Eye has a field of view (FoV) of 60° for both
horizontal and vertical directions [29]. When mounted on a
ceiling at the typical residential height of 2.5 m, this translates
to a sensing area of only 2.88 m x 2.88 m [27]. Expanding
coverage therefore requires deploying multiple sensors in a
network. However, prior studies have not demonstrated ro-
bust deployments involving more than three AMGS8833 units.
Moreover, in these works, additional thermopiles were used
primarily to overlap FoVs for improved feature extraction,
rather than to systematically expand coverage. At the hardware
level, most implementations rely on general-purpose platforms
rather than designs tailored for human sensing: a Raspberry Pi
Zero with a multiplexer driving three Grid-Eye sensors [36],
a single Grid-Eye on a Raspberry Pi 4B [37], a Grid-Eye
hardwired to an STM32F103 board [4], breadboarded WiPy2.0
wireless nodes [34], and evaluation kits such as the Atmel
ATmega324P [31] and Arduino Uno [26]. These platforms
include superfluous interfaces, require manual I2C wiring, and
lack robustness for scalable deployment. Faulkner et al. [18],
[27] utilized an STM32F103 microcontroller and a Grid-Eye
sensor to develop a bespoke, network-capable sensing module.
However, the design specifications required to reproduce this
hardware are not publicly available.

A. Contribution

To date, thermopile-based human localization studies have
largely been limited to small-scale proof-of-concept demon-
strations using custom hardware, a limited number of partici-
pants, and fixed sensor configurations. This work advances the
field along four directions.

First, we develop a dedicated open-source thermopile sens-
ing platform for human localization. To the best of our
knowledge, no publicly available hardware platform currently
exists for networked human sensing using Grid-Eye or simi-
lar low-resolution thermopile sensors. By releasing the PCB
schematics, firmware, and supporting software lowers the bar-
rier to reproducible experimentation. Second, the study moves
beyond the single-layout evaluations common in prior work
by systematically investigating multiple ceiling- and wall-
mounted configurations, providing guidance on deployment

Authorized licensed use limited to: Auckland University of Technology. Downloaded on September 03,2026 at 05:05:42 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Sensors Journal. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JSEN.2026.3727948

TABLE |
SUMMARY OF LOCALIZATION SYSTEMS USING LOW-RESOLUTION THERMOPILE SENSORS.

Author Sensor Model Resolution Number Coverage Accuracy (m) Number of Unseen
of Area (m?) Partici- User?
Sensors pants

Kuki et Omron 4x4 1 2.6 Accuracy: 0.15-0.35 4 No
al. [23] D6T-44L
Tariq et Omron 4x4 1 6.4 RMSE: 0.096 1 No
al. [24] D6T-44L
Chen et MLX90620 16 x 4 2 7.0 Mean: 0.134 1 No
al. [25]
Chen et Grid-Eye 8% 8 1 2.9 RMSE: 0.19 1 No
al. [26]

Faulkner et Grid-Eye 8 X8 1-3 12.0 Median: 0.13-0.20 5 Yes
al. [18]

Faulkner et Grid-Eye 8 X8 1 8.3 Median: 0.036-0.732 4 Yes
al. [27]

Proposed Grid-Eye 8 X8 4 5.8 RMSE: 0.369, Mean: 8 Yes
(Lab) 0.242, Median: 0.17

Proposed Grid-Eye 8 X8 2 5.8 RMSE: 0.388, Mean: 8 Yes
(Lab) 0.253, Median: 0.171

Proposed Grid-Eye 8x8 4 28.2 RMSE: 0.436, Mean: 1 No
(Foyer) 0.346, Median: 0.302

Note: Accuracy metrics are reported using the original definitions from each study (mean, RMSE, or median). All values

are expressed in meters.

trade-offs. Third, the system is evaluated using participant-
independent testing on data from eight participants, exceeding
the scale of many earlier studies and providing stronger
evidence of generalization to unseen users. Finally, we demon-
strate reliable operation over a substantially larger sensing area
than previously reported, shifting the focus from incremental
accuracy gains in small laboratory setups toward the scalability
and real-world deployment potential of distributed thermopile
sensing networks.

Ill. SENSOR DEVELOPMENT
A. Hardware

The STM32F415RGT6 microcontroller was selected as the
MCU unit for this design. It has IMB flash memory with
a moderate mapped number of pins (64 pins), a processing
speed of 168MHz, and a sufficient set of peripherals. The
High-Speed External clock (HSE) was utilized with a 16
MHz external crystal. In addition, the Low-Speed External
(LSE) clock was configured as a Real-Time Clock (RTC),
enabling the device to operate in stop and standby modes
with a 32.768 kHz crystal. Power is supplied through a
standard 5 V USB bus, while the MCU and AMGS8833
sensors operate at 3.3 V.A low-dropout (LDO) linear regulator
was therefore used for voltage conversion. Although switch-
mode regulators offer higher efficiency, linear regulation was
preferred because of its lower circuit complexity and reduced
switching noise and electromagnetic interference (EMI). Given
the modest current consumption of the sensing node (Table II),
the resulting power dissipation remained acceptable while
providing sufficient margin for future extensions such as
wireless communication modules. An AZ1084C regulator was

selected due to its adequate current handling capability and
stable operation under the expected load conditions.

TABLE Il

CURRENT ESTIMATION FOR ALL ESSENTIAL COMPONENTS OF THE
DESIGN [38], [39]

Unit Max. Current Average Current

Consumption Consumption
MCU 240mA Estimate < 120mA
AMGB8833 10mA 4.5mA
ESP32 Wi-Fi 790mA 160-240mA
Module*

Note: *For future extension enabling wireless data communication.

B. Circuit Design

The MCU power supply is decoupled with a bank of 1 uF,
100 nF, and 4.7 uF capacitors connected in parallel [38]. The
sensor circuit was designed following the manufacturer’s ref-
erence schematic [39]. The corresponding MCU pin mapping
is illustrated in Figure 2. In addition, the design incorporated
reset switches for device ID configuration, power line polarity
protection, and Electrostatic Discharge (ESD) safeguards.

C. PCB Layout

A four-layer PCB with a total thickness of 1.6 mm was
designed using Altium Designer. The top layer carried low-
speed signal traces, followed by a ground plane and a power
plane, while the bottom layer was dedicated to high-speed
signals. The crystal oscillator was placed in close proximity
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Initialization
System Clock();
MX_RTC();
MX_12C2();
MX_USART1_UART_Init();
MX_USB_DEVICE _Init();

4
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Fig. 2. High-level hardware interface architecture showing the in-

terconnections between the AMG8833 (Grid-Eye) thermopile sensor,
STM32F415 microcontroller, power regulation, USB communication,
and JTAG debugging interfaces.
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Fig. 3. Annotated photograph of the custom-designed sensing board,
showing the integrated AMG8833 (Grid-Eye) thermopile sensor, STM32
microcontroller unit, onboard voltage regulation, 16 MHz HSE and
32.768 kHz LSE crystal oscillators, and reserved footprint for future
ESP32-WROOM-32E Wi-Fi module integration.

to the MCU pins to minimize signal delay and noise cou-
pling [40]. Except for through-hole components, 0.8 mm vias
were employed for interlayer routing to simplify fabrication.
The Gerber files for each layer are available online'. Following
fabrication and component assembly, the completed sensor
module (Figure 3) was ready for firmware and software
development.

D. Firmware and Software

Figure 4 illustrates the embedded firmware data acquisition
and communication flow for the sensor module. It consists of
three major stages.

1) Initialization: The system initialization phase config-
ures the core peripherals required for sensing, timing, and
communication. System clock configuration was carried out
using the high-level graphical interface by selecting external
oscillators and re-scaling the parameters to achieve 168 MHz

'https://github.com/shengjunma/
thermopile-sensor—-pcb

MX_TIM3_Init();
| I

Main Function

Start Timer 3 in interrupt mode;
While (1){
Get RTC time stamp;
Read 128bytes rawpixel data;
Read 2bytes ambient temp;
HAL_Delay(10);

}
Fig. 4. Flow diagram of the onboard data acquisition and communica-
tion process comprising three main stages.

Interrupt Routine

Send Data
Via USB or UART

for the system clock, 48 MHz for the USB clock and 42 MHz
and 84 MHz for the peripheral clocks PCLK1. The RTC is
also externally sourced using a 32.768 kHz crystal. The I2C
interface was configured in master mode with 7-bit addressing
at 400 kbps for communication with the AMGS8833 sen-
sor. The Universal Synchronous and Asynchronous Receiver-
Transmitter (USART) was initialized for standard 115.2 kbps
serial transmission, while the USB interface was set to virtual
COM mode, enabling high-speed PC communication through
a simplified serial protocol.

2) Main Function Loop: After initialization, Timer 3 is
started in interrupt mode to ensure precise sampling inter-
vals. Within an infinite loop, the system obtains the current
timestamp from the RTC, reads 128 bytes of raw pixel
data from the AMGS8833 sensor via the I?C interface, then
reads 2 bytes representing the ambient temperature from the
AMGS8833 (which can be used for temperature compensation),
and introduces a short delay (10 ms) to maintain stable timing
and processing.

3) Interrupt Routine: It handles non-blocking data trans-
mission and timing synchronization for the sensing node.
Timer-driven interrupts are used to maintain deterministic
communication intervals between the sensing module and the
host PC. Although the AMG8833 sensor internally updates at
10 Hz (100 ms interval), the host PC polls the sensing node
at 25 Hz (40 ms interval). This higher communication rate re-
duces latency between sensor updates and host-side visualiza-
tion and minimizes timing-window mismatches between data
acquisition and processing. As a result, the system achieves
more stable synchronization and lower communication latency
during continuous real-time sensing.

A python GUI was created to acquire data from the sensor
boards at 25 Hz over serial, display it graphically at 10 Hz, as
shown in Figure 5, and log it to a csv file as shown in Figure
6.

After completing the application development, the next
step involved configuring the network. Prior to deployment,
each sensor was individually tested. Since all sensing data
are processed on a central PC, a star-topology network was
adopted to provide reliable centralized communication and
simplified synchronization between sensing nodes. A USB
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_.I
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Fig. 5. Flow diagram of the GUI display process. The program iterates
through each sensor port, reads the latest data file, and refreshes the
corresponding subplot at 10 Hz.

1

Read Raw Data -

Get Com Ports

Get Device ID From

Every Port Parse Data

While True

Write Device ID And Write Sensor Data
Ports To File File

Call get_sensor_data
For Every Port

Write Log File -

Fig. 6. Program flow for data collection. It is used to create several
independent sessions to collect data from multiple devices, write the
data into separated log files, and also update the latest data frame from
all the sensor devices to data files for display purposes.

3.0 seven-port hub with an external power adapter was used
to interface multiple sensor boards with the PC. The USB-
based architecture also enabled simultaneous power delivery
and high-speed data communication using a single cable per
sensing node, simplifying deployment and debugging during
system development. To extend the communication range and
enable wider sensing coverage, a 10 m active USB cable was
employed between the PC and the hub. Each sensor device
was then connected to the hub using 5 m USB cables.

V. SYSTEM SETUP
A. Sensor Arrangements

Six thermopile sensors were deployed to capture localiza-
tion data in a laboratory environment. The sensor layout and
physical setup are shown in Figure 7. Two sensors (C; and
Cs) were mounted on a truss at a height of 2.3 m, emulating
ceiling-mounted units in a real deployment. The remaining
four sensors (W; — W) were placed on stands at a height of
1.3 m, representing wall-mounted sensors positioned around
the perimeter of a room. The number of thermopiles used in
this setup is likely much higher than what would be practical in
real-world deployments. This allows to assess how many units

are needed for adequate performance and to identify preferred
sensor placement. Results from the two best performing 4-
sensor arrangements and eight best 2-sensor arrangements are
presented. These combinations are:

e Combl, Comb2: Four-sensor configurations comprising
two ceiling-mounted sensors and one wall-mounted sen-
sor on the left wall (W4). For Combl, the remaining
sensor is mounted on the right wall (W), whereas for
Comb?2 it is mounted on the back wall (W3).

e Comb3: Two overhead sensors (C; and Cs).

¢ Comb4—-Comb7: Two-sensor configurations in which both
sensors are wall-mounted.Specifically, Comb4 uses Wy
and Wy; Comb5 uses W; and W3; Comb6 uses W4 and
W3; and Comb7 uses Wy and Wi.

e Comb8-Comb10: Comprising one overhead sensor and
one wall-mounted sensor; respectively (Ci, W3), (Co,
Wl) and (Cl, W4) .

The coverage area for these sensor arrangements is 2.4 m x
2.4 m, which, although modest, is consistent with prior studies.
In addition, we conducted a large-scale deployment spanning
28.2m?, representing a substantial increase in coverage com-
pared with earlier thermopile-based studies. This expanded
coverage is enabled by the capabilities of the proposed bespoke
sensor network. Four thermopile sensors were installed on
the ceiling of an office foyer at a height of 2.45m. At such
ceiling height, each Grid-Eye sensor provides an effective
coverage footprint of approximately 2.88 m x 2.88 m. To
ensure coverage and eliminate blind spots, adjacent sensor
footprints were intentionally designed to overlap by approxi-
mately 0.45 m. The resulting layout formed a uniform 2 x 2
grid, creating a square sensing array covering approximately
28.2m? (see Figure 8). This configuration is hereafter referred
to as the foyer setup. Given the room dimensions, a mobile
target could move beyond the effective detection range of
wall-mounted thermopiles. Operational and health-and-safety
restrictions precluded the use of stands for mounting the
sensors. Therefore, ceiling-mounted installation was adopted
as the only feasible configuration.

B. Data Collection

For the lab setup, data were collected from eight healthy
participants with ages ranging from 22 to 38 years and heights
varying from 1.65 m to 1.86 m. All participants provided
informed consent. Figures 9 and 10 show a participant
standing within the sensing area and the corresponding thermal
data captured by the six thermopile sensors respectively. Each
participant was instructed to walk two predefined trajectories:
a spiral and a zigzag. Examples of these paths, as captured by
the ground-truth system, are shown in Figures 11 and 12. To
ensure sufficient variability for training and evaluation of the
Machine Learning (ML) models, each participant completed
five repetitions of both paths.

For the foyer setup, a 1.65 m tall male volunteer walked five
continuous circles centered under each of the four sensors. The
actual trajectories as recorded by the ground truth system are
shown in Figure 13.
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Fig. 7. The sensor layout for the lab setup. Two ceiling-mounted

sensors (C1, C2) are installed at 2.3 m height with 1.65 m spacing. Four
wall-mounted sensors (W;—-W,) are placed at 1.3 m height around the
perimeter. The coverage area is 2.4m x 2.4m.

245m

531m
531m

Fig. 8. Layout of the 4 ceiling mounted sensors (C;—C4) for the foyer
setup at a height of 2.45 m. The coverage area is approximately 28 m2.

Fig. 9. Photograph of the lab setup showing a participant standing
within the sensing area. The thermopile sensors are mounted on tripod
stands (wall-mounted) and on the overhead truss (ceiling-mounted). The
participant’s face is anonymized for privacy.

W1

W3

c1

Fig. 10. Thermal data captured by the six thermopile sensors (W;—-Wy:
wall-mounted; C1, C2: ceiling-mounted) when a participant is standing
within the sensing area (as shown in Figure 9).

To provide ground truth reference for evaluating the sys-
tem’s positioning accuracy, a high-precision ultrasonic sensor
system, the Marvelmind Indoor Navigation System [41], was
deployed. According to the manufacturer specifications, the
system provides approximately =20 mm differential precision
under suitable operating conditions [41]. Independent bench-
marking studies have reported similar levels of positioning
accuracy [42]. Such ground-truth uncertainty is approximately
an order of magnitude smaller than the localization errors
reported in this work. Therefore, while the uncertainty of
the ground-truth system contributes to the overall reported
localization error, its overall influence is likely to be relatively
small. The ground-truth system used four ultrasonic beacons at
the corners of the test area, sampled at 10 Hz. Strict temporal
synchronization between the thermopile array and the ground-
truth system was achieved with a bespoke Python control
application that simultaneously initialized and triggered acqui-
sition across both systems. The ground-truth data were then
resampled to a common 10 Hz base by linear interpolation,
as for the thermal data (Section IV-C), but interpolating the
(z,y) coordinates rather than pixel values.

C. Data Processing

Raw data from each thermopile sensor are first background-
corrected and then temporally synchronized to a common time
base before being used for feature extraction and learning.

1) Background subtraction: Background temperature is
subtracted from the raw sensor data to isolate action-specific
thermal signatures. This is a standard technique in computer
vision and is commonly used for thermopile-based localization
[18].

For each thermopile sensor 4 and pixel (p, ¢) the background
thermal map is estimated by averaging over M frames cap-
tured when the monitored area is empty so that

M
BI_MJ — i bI_MZ 1
= 2 m) (1)
m=1
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Fig. 11. Example spiral trajectory of a participant in the lab setup,

recorded by the ground-truth system. C;, Cq are ceiling-mounted sen-
sors, and W;-W, are wall-mounted sensors.
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Fig. 12. Example zigzag trajectory of a participant in the lab setup,

recorded by the ground-truth system. C;, Cq are ceiling-mounted sen-
sors, and W;—-W, are wall-mounted sensors.

Here b"Y denotes the raw reading at pixel (p,q) during the
background calibration period. p € {1,2,...,8} and ¢ €
{1,2,...,8} are the row and the column indices of the pixel.
Before the trials commenced, background data were collected
for 10 minutes from the unoccupied experimental area. At a
sampling rate of 10 Hz, this yielded a total of 6,000 frames
(M = 6000).

The background subtracted pixel value is then computed as

yP A (ti ) = 209 (i g) — 091 2

Here, timestamp for the i*" thermopile is i: {t;  };, and 22
is the raw temperature value captured at (p, ¢) pixel.

2) Synchronization: Due to minor jitter, the data streams
from the thermopile sensors are not perfectly aligned in time.

Temporal alignment is achieved by resampling the outputs
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Fig. 13. Trajectory for the foyer setup as captured by the ground-truth
system with four ceiling-mounted sensors (C1—Ca).

of the thermopile sensors (each producing 8 x 8 frames at
a nominal 10 Hz; an empirical analysis of the per-frame
timestamps across all recordings showed a mean effective rate
of 9.05 Hz) to a common 10 Hz time base. Because individual
sensors can produce frames with slightly different timestamps,
a global time domain [T}in, Timaz i defined, and a uniformly
spaced time vector, t,, is generated so that ¢,, = Ty, + nAt
with n = 0,1,2,..., N and At = 0.1s. For each t,, within
the original timestamp of ¢; j, < t,, < ¢; 141, the time aligned
pixel is generated as

97 (tn) = [L=wi 3 (tn)]y (i k) i (En) i (tiksr) ()

Here w!!(t,,) is the linear interpolation weight defined as

wf,’;f(tn) = (tn — tik)/(tik+1 — tik)- “4)

At the temporal boundaries of the data, bounded linear
extrapolation is applied to maintain signal continuity, with val-
ues clipped to the observed range. The resultant synchronized
dataset of 8 x 8 frames from all thermopiles is used for feature
extraction and subsequent regression for localization.

Additional experiments were conducted to assess the sensi-
tivity of the localization framework to the choice of temporal
resampling strategy. While nearest-neighbour resampling ex-
hibited a modest advantage in certain tail-error metrics, the
median localization accuracy obtained using nearest-neighbour
and linear interpolation was statistically indistinguishable.
These results suggest that the proposed framework is generally
robust to the choice of interpolation method under the observed
timing variability of the sensing system. A more comprehen-
sive investigation of synchronization and resampling strategies
remains an avenue for future research. Researchers adopting
the proposed sensing platform should consider this design
choice in applications where worst-case localization perfor-
mance is particularly important.

D. Machine Learning

In this study, machine learning is employed to address the
localization task through a regression framework. During the
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training phase, the regression model was trained on paired
datasets consisting of thermopile sensor measurements and
ground truth position coordinates. This enabled the model
to learn the functional mapping between thermal signatures
and actual spatial locations. Once trained, the model was
used in the inference stage to estimate the target’s position
from new thermopile measurements that were not used during
training. A 2D CNN-LSTM architecture was selected because
the localization problem contains both temporal and spatial
structure. CNN-LSTM architectures have previously demon-
strated strong performance in thermopile-based localization
studies [27]. Preliminary experimentation showed that purely
spatial architectures such as CNN-only models produced
substantially poorer localization performance than recurrent
architectures, indicating that temporal evolution of the thermal
patterns contains highly informative motion and trajectory
cues for localization. This is particularly important for low-
resolution thermopile sensing, where instantaneous spatial
information is limited. The LSTM component therefore plays
a central role by modeling temporal dependencies arising from
target motion across consecutive thermal frames. The convolu-
tional layers provide complementary spatial feature extraction
by learning localized thermal intensity distributions associated
with different target positions. Although temporal modeling
contributed most strongly to overall performance, combining
CNN-based spatial processing with LSTM-based temporal
modeling consistently improved localization robustness and
reduced large localization errors relative to purely recurrent
architectures. A full architectural ablation study presented
in Section V-D further validates the proposed CNN-LSTM
family. The architecture of the proposed 2D CNN-LSTM
network used for the lab setup is illustrated in Figure 14.

The foyer setup uses a variant of the proposed CNN-—
LSTM adapted to its single-image input geometry. In the foyer
deployment, the four ceiling-mounted sensors form a 2 x 2
spatial grid and are processed as a single 16x 16 thermal image
rather than four separate 8 x 8 channels. This permits a deeper
convolutional stack (three 3 x 3 blocks of 48, 96, and 192 filters
with one intermediate 2x 2 max-pooling) with a two-stage 1x 1
spatial-attention block (1x1 conv of 24 filters — ReLU — 1x1
conv of 1 filter — sigmoid — element-wise multiplication),
global average pooling, and a stacked two-layer LSTM head
(256 units returning a sequence then 128 units returning the
last step, with intermediate dropout of 0.3), followed by a
64-unit fully connected layer with ReLU and dropout of 0.2
before the two-unit regression output. The lab architecture in
Table III is retained for the laboratory configurations because
those sensors are mounted on different surfaces and do not
form a contiguous image that benefits from the deeper cross-
sensor convolutions. Both variants share the same CNN —
LSTM — regression backbone and differ only in conv-stack
depth, spatial attention, and LSTM stacking, tuned to the input
geometry of each deployment.

The algorithms were trained on a computer with an AMD
9950x CPU and an NVIDIA RTX PRO 6000 Blackwell
Max-Q GPU. A Bayesian optimizer was used to identify
a network structure suitable for both datasets and related
hyperparameter tuning. For the laboratory setup, data from

eight participants were split into 4-2-2 training, validation,
and test sets. This ensures that the algorithms are tested for
unseen users whose data was not used for training. Within
every fold, the train, validation, and test partitions are subject-
disjoint: no participant contributes data to more than one of
the three partitions of a given fold. Each participant therefore
appears in test for exactly one fold and never simultaneously
in training and test. The reported results are computed on per-
sample Euclidean errors pooled across the three fold-specific
held-out test sets (n = 836 samples per configuration); 95%
bootstrap confidence intervals (CI) on each cell are reported.

For the foyer setup, a frozen 60%-20%-20%
train/validation/test split of the time-series data was used; the
split indices are reused across all foyer experiments to allow
direct comparison of network variants on the same held-out
sequences. All data within each split were segmented into 1-s
sequences (10 samples) for training.

The optimizer evaluated 120 network configurations span-
ning the hyperparameter ranges in Table III. Each network
was trained for up to 200 epochs, with early stopping applied
when the validation error ceased improving for at least 30
epochs, returning the network with the lowest validation
error. Networks were trained independently on the laboratory
and foyer datasets, each minimizing the mean squared 2D
Euclidean localization error on its respective training set.

Following optimization, the top five candidate architectures
were evaluated using three-fold cross-validation on the full
dataset. The best-performing structure is reported in Table III.
This procedure provides a subject-independent performance
estimate and assesses generalization to unseen individuals.

All optimization and structure selection were performed
using four sensors in each environment to provide a structure
that can work in both environments. Since the two envi-
ronments differed in sensor density, the same architecture
was subsequently re-evaluated in the laboratory setup under
the two-sensor sub-configurations to assess the impact of a
sparser, and more realistic, deployment. All reported results
use the hyperparameter values used in Table III. Preliminary
observations indicate that, for the two-sensor laboratory setup,
reducing the LSTM size from 256 to 64 neurons does not
noticeably affect performance. This suggests potential for
future optimization of network size under sparser sensor
configurations.

Two of the people in the lab setup recorded data both wear-
ing jackets, and without jackets. The original hyperparameter
optimization, and later 3 fold results included this data to
fairly represent general performance under varying clothing
conditions.

V. RESULTS AND DISCUSSIONS

In this work, localization performance is evaluated using
multiple statistical metrics. The median localization error
serves as the indicator of typical accuracy. Localization error
distributions are often right-skewed and contain occasional
large outliers making the median a robust measure of central
tendency. The Root Mean Squared Error (RMSE) is reported
as a complementary measure that is more sensitive to large
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Fig. 14. Architecture of the proposed 2D CNN-LSTM network. The network consists of three convolutional blocks with skip connections (showed
using dotted lines) followed by a fully connected layer, an LSTM layer with 256 units, and a final output layer for position estimation. Each
convolutional block includes batch normalization (BN) and ReLU activation.

TABLE IlI

HYPERPARAMETER SEARCH SPACE AND FINAL VALUES FOR THE 2D
CNN-LSTM (LAB VARIANT).

Hyperparameter (search range) Final value

CNN section depth: [1, 4] 3
Filter size: [2, 4] 3
Number of filters (block 1): 2381 32
Number of filters (block 2): 2381 64

Number of filters (block 3): 21381 128
Spatial attention: {yes, no} no
Channel attention: {yes, no} no
Skip connections: {yes, no} yes
Pooling: {yes, no} no
Pre-LSTM FC neurons: 213100 256
LSTM section depth: [1,2] 1
LSTM neurons: 2%:10] 256
Dropout: [0, 0.5] 0.2

deviations, so two systems with similar medians can differ
substantially in RMSE. The 90th and 95th percentile errors
(Pyo and Pys) characterize the tail of the distribution and the
frequency of large errors, which is particularly important for
practical deployments where occasional large errors degrade
reliability.

The localization results for both setups are shown in Ta-
ble IV. The results indicate that increasing the sensor count
from two to four does not yield a uniform improvement
across all localization metrics. While the four-sensor config-
urations (Combl and Comb2) achieve some of the lowest
mean, RMSE, and Py, errors, several two-sensor configu-
rations exhibit comparable or even superior median local-
ization accuracy. For example, Comb7 achieves the lowest
median error (0.168 m), slightly outperforming both four-
sensor configurations. However, the four-sensor configurations
generally demonstrate stronger robustness against large local-
ization errors, particularly Comb2, which achieves the lowest
Pyo (0.434 m) and Pys (0.580 m) values. These observations

suggest that sensor placement and coverage geometry may
be as important as sensor count in determining localization
performance.

For the four-sensor Comb1 configuration, the median error
is 0.177 m [95% CI 0.168-0.186], for the two-sensor ceiling-
only Comb3 it is 0.171 m [0.159-0.182], and for the two-
sensor wall-only Comb4 it is 0.198 m [0.186-0.211]. The
confidence intervals for Combl and Comb3 overlap sub-
stantially, indicating broadly comparable median localization
accuracy. In contrast, the Comb4 interval is shifted upward and
exhibits only limited overlap with the ceiling-based configura-
tions, suggesting poorer localization performance for the wall-
mounted arrangement. While Comb3 achieves a slightly lower
median error than Combl, the four-sensor configurations gen-
erally achieve lower tail-error statistics, indicating improved
robustness against large localization failures.

As a sensitivity check, paired permutation tests were ad-
ditionally performed on the per-sample errors of a single
representative fold (fold 1) for the proposed CNN-LSTM.
These tests yielded median differences of —41 mm between
Combl and Comb3 (p < 0.001), —18 mm between Combl
and Comb4 (p = 0.051), and +23 mm between Comb3
and Comb4 (p = 0.029). The single-fold significance pattern
is broadly consistent with the bootstrap confidence intervals.
Although some pairwise differences are statistically detectable,
the effect sizes between the four-sensor and ceiling-only con-
figurations remain modest. In contrast, the wall-mounted two-
sensor configuration consistently exhibits poorer localization
performance. Taken together, these analyses suggest that the
principal performance trends are unlikely to be attributable
solely to statistical noise, while also indicating that several
of the observed differences should be interpreted cautiously
given the limited participant cohort.

For the foyer setup, which covered a substantially larger
sensing area the proposed approach achieved a median local-
ization error of 0.302 m and an RMSE of 0.436 m. Although
the localization errors are higher than those observed in the
laboratory setup, the degradation is relatively modest given
that the monitored area is almost five times larger. These
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results demonstrate that the proposed sensing framework re-
mains effective when scaled beyond small-room environments
and provide evidence that thermopile-based localization can
be extended to larger deployment areas through networked
sensing.

The results presented in Tables I and IV provide a broad
comparison with earlier thermopile-based localization studies.
However, direct numerical comparison between studies should
be interpreted with caution because the reported results are
obtained under substantially different experimental conditions,
including differences in sensor layouts, sensing coverage,
participant counts, evaluation metrics, and train—test protocols.
In particular, many earlier studies do not report participant-
independent evaluation using unseen users, making it difficult
to assess their ability to generalize beyond the training sub-
jects.

Nevertheless, Table I still provides useful qualitative insight
into the progression of thermopile-based localization systems
in terms of sensing scale, deployment complexity, and evalua-
tion methodology. The proposed approach demonstrates com-
petitive localization performance while employing participant-
independent testing and substantially larger sensing coverage
than most prior works.

Considering the foyer setup, we observe a clear advance-
ment in the scalability of low-resolution thermopile localiza-
tion systems. Previous works mostly relied on a single ceiling-
mounted sensor (e.g., Kuki et al. [23], Tariq et al. [24]) or
small multi-sensor configurations with overlapping fields of
view limited to less than 12 m? (Faulkner et al. [18]). In con-
trast, our reported foyer setup employs four sensors covering
more than twice the sensing area of the next largest reported
deployment while maintaining high localization accuracy.

Going forward, three of the laboratory configurations —
Combl, Comb3, and Comb4 — are adopted as the running
benchmark set for all subsequent analyses (Faulkner-baseline
benchmarking, ablation, jacket sensitivity, and per-subject
within-subject tests). Together they span the three mounting-
geometry archetypes evaluated in this work: the best-
performing four-sensor mixed-mount arrangement (Combl,
{Cq, Ca, Wy, W4}, the canonical two-sensor ceiling-only
arrangement (Comb3, {Cy, C3}), and the canonical two-sensor
opposing-wall arrangement (Comb4, {W3y, W,4}). Restricting
downstream analyses to this triplet probes the contributions of
sensor count, mounting height, and viewpoint diversity without
proliferating combinatorial sub-experiments.

A. Experimental Benchmarking

To provide a fairer comparison with prior thermopile local-
ization approaches, we implemented representative algorithms
from earlier studies and evaluated them using our datasets and
experimental setups. All benchmarked models were retrained
using identical training, validation, and test splits as the
proposed approach.

1) Two sensor combinations: Table V benchmarks the
proposed approach against the CNN-LSTM method reported
by Faulkner et al. [27], which was the best-performing model
in their study. For a fair comparison, the network was retrained

using our dataset for the Comb3 and Comb4 sensor configu-
rations, employing identical training, validation, and test splits
as the proposed method.

Under the three-fold subject-disjoint cross-validation
methodology adopted in this work, the proposed approach
outperforms the CNN-LSTM approach of Faulkner et al. [27]
on all reported metrics for both the Comb3 and Comb4
configurations. For the ceiling-mounted Comb3 configuration,
the proposed approach achieves a median localization error
of 0.171 m compared with 0.188 m for Faulkner et al.,
and lower mean (0.253 m vs. 0.295 m), Pyy (0.479 m vs.
0.650 m), and FPys (0.768 m vs. 0.861 m) errors as well.
For the wall-mounted Comb4 configuration, the gap is wider:
median 0.198 m vs. 0.266 m, with consistent improvements
on every other metric.

2) Four sensor combinations: Table VI presents the corre-
sponding benchmark for four-sensor configurations. As shown
in the table, the proposed approach consistently achieves the
best performance across all reported statistical metrics in the
laboratory setup, achieving median errors of 0.177 m and
0.190 m for Combl and Comb2 respectively, compared with
0.250 m and 0.226 m for Faulkner et al. The proposed method
also outperforms the Faulkner baseline in the large-scale
foyer setup, with median error 0.302 m versus 0.341 m, and
consistently lower errors across all other reported statistics.
The foyer evaluation uses a deeper variant of the proposed
CNN-LSTM architecture (see Section IV-D) to take advantage
of the spatial adjacency of the four ceiling-mounted sensors
as a single 16 x 16 thermal image; the lab evaluation uses
the per-sensor 8 x 8 x N, channel architecture described in
Table III.

It is worth noting that the CNN-LSTM approach of
Faulkner et al. [27] experiences a noticeable degradation
in performance in our two- and four-sensor configurations
compared to the single-sensor setup reported in their original
study, where a median error of 0.036 m was achieved. This
observation highlights the challenges associated with scaling
thermopile localization systems to larger sensing areas and
more complex multi-sensor configurations. In contrast, the
proposed approach is specifically designed and evaluated for
distributed multi-sensor deployments operating over substan-
tially larger coverage areas.

We also implemented the neural network proposed by Tariq
et al. [24]. However, the model performed poorly in our exper-
imental setting, with median localization errors exceeding one
meter in both setups. A likely reason is that the network was
originally designed for single-sensor 4x4 thermal images and
therefore may lack the representational capacity required for
the larger and more complex inputs produced by our sensing
network.

The models proposed in [18] require substantially larger
amounts of training data and therefore could not be fairly
trained or evaluated using our dataset. Unfortunately, several
other prior studies do not provide sufficient architectural
or training details to enable reliable re-implementation and
retraining under our experimental conditions.
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TABLE IV
POOLED-PER-SAMPLE LOCALIZATION ERROR STATISTICS AND 95% BOOTSTRAP CONFIDENCE INTERVALS FOR THE PROPOSED CNN-LSTM IN
THE LABORATORY AND FOYER SETUPS. LABORATORY RESULTS ARE COMPUTED FROM THE COMBINED PREDICTIONS OF THREE SUBJECT-DISJOINT
CROSS-VALIDATION FOLDS. SEE SECTION IV-A FOR DETAILS OF THE SENSOR ARRANGEMENT COMBINATIONS.

Median (m) Mean (m) RMSE (m) Py (m) Pgy5 (m)

Config Point [95% CI] Point [95% CI] Point [95% CI] Point [95% CI] Point [95% CI]

Combl  0.177 [0.168, 0.186] 0.242 [0.223, 0.260] 0.369 [0.324, 0.414] 0.444 [0.397, 0.487] 0.727 [0.551, 0.862]
Comb2  0.190 [0.183, 0.200] 0.237 [0.223, 0.253] 0.327 [0.295, 0.360] 0.434 [0.397, 0.464] 0.580 [0.491, 0.644]
Comb3  0.171 [0.159, 0.182] 0.253 [0.233, 0.273] 0.388 [0.343, 0.433] 0.479 [0.427, 0.514] 0.768 [0.611, 0.882]
Comb4  0.198 [0.186, 0.211] 0.272 [0.254, 0.293] 0.399 [0.356, 0.441] 0.509 [0.463, 0.568] 0.732 [0.622, 0.996]
Comb5  0.192 [0.182, 0.203] 0.254 [0.237, 0.271] 0.357 [0.321, 0.394] 0.478 [0.438, 0.527] 0.678 [0.598, 0.744]
Comb6  0.196 [0.189, 0.201] 0.251 [0.235, 0.267] 0.349 [0.314, 0.383] 0.450 [0.418, 0.502] 0.676 [0.559, 0.810]
Comb7 0.168 [0.158, 0.179] 0.258 [0.238, 0.278] 0.395 [0.353, 0.437] 0.495 [0.434, 0.546] 0.855 [0.656, 1.098]
Comb8  0.207 [0.189, 0.217] 0.290 [0.272, 0.309] 0.402 [0.365, 0.439] 0.574 [0.529, 0.621] 0.762 [0.685, 0.848]
Comb9  0.195 [0.184, 0.209] 0.282 [0.265, 0.299] 0.380 [0.350, 0.410] 0.549 [0.503, 0.644] 0.787 [0.710, 0.899]
Combl10 0.221 [0.214, 0.231] 0.305 [0.288, 0.324] 0.407 [0.375, 0.440] 0.621 [0.555, 0.670] 0.833 [0.727, 0.925]
Foyer 0.302 [0.284, 0.318] 0.346 [0.336, 0.356] 0.436 [0.421, 0.451] 0.655 [0.627, 0.676] 0.824 [0.802, 0.837]

Note: Confidence intervals are obtained using 10,000 bootstrap resamples of the pooled per-sample errors. As a separate
fold-variance diagnostic, the standard deviation of the per-fold median localization error ranges from 16 to 62 mm across

configurations.

TABLE V
BENCHMARKING OF TWO-SENSOR LABORATORY CONFIGURATIONS
USING POOLED-PER-SAMPLE LOCALIZATION ERROR STATISTICS AND
95% BOOTSTRAP CONFIDENCE INTERVALS. RESULTS ARE COMPUTED
FROM THE COMBINED PREDICTIONS OF THREE SUBJECT-DISJOINT
CROSS-VALIDATION FOLDS.

Metric Proposed Faulkner et al. [27]
Comb3 (two ceiling-mounted sensors)

RMSE  0.388 [0.343, 0433]  0.434 [0.394, 0.476]
Mean  0.253 [0.233,0273]  0.295 [0.273, 0.316]
Median 0.171 [0.159, 0.182]  0.188 [0.176, 0.200]
Py 0.479 [0.427, 0.514]  0.650 [0.609, 0.703]
Pos 0.768 [0.611, 0.882]  0.861 [0.749, 1.013]

Comb4 (two wall-mounted sensors)

RMSE  0.399 [0.356, 0.441]  0.462 [0.431, 0.494]
Mean  0.272 [0.254, 0.293]  0.357 [0.337, 0.377]
Median 0.198 [0.186, 0.211]  0.266 [0.246, 0.287]
Py 0.509 [0.463, 0.568]  0.739 [0.711, 0.760]
Pys 0.732 [0.622, 0.996]  0.825 [0.791, 0.899]

Note: For each metric and sensor arrangement, the best (lowest) error
between the proposed method and Faulkner et al. [27] is highlighted in bold.

B. Benchmarking against other modalities

Localization performance reported across different sensing
modalities varies widely in terms of accuracy and coverage
(see Table VII). Performance spans from capacitive methods
that achieve high accuracy within limited spatial areas to RF-
based approaches that provide wider coverage at the expense
of increased localization error. The thermopile-based system
proposed in our work achieves a balanced compromise be-
tween these extremes. It maintains adequate spatial accuracy
while supporting a practical sensing range suitable for real-
world implementation.

C. Impact of Clothing

Thermopile sensors operate by capturing the IR emission of
the human body. Thick clothing can attenuate this emission,

thereby degrading sensor measurements and localization ac-
curacy. In climate-controlled environments, large variations in
clothing are unlikely. However, this assumption does not hold
universally. It is therefore important to investigate the impact
of clothing on localization performance.

As noted in Section IV-D, two participants in the lab setup
contributed data both while wearing jackets and without jack-
ets. Figure 15 illustrates the difference in thermal signatures
captured by the sensors when a participant is wearing a jacket
versus without one. The attenuation of IR emission due to
the jacket is clearly noticeable in terms of reduced thermal
contrast.

To investigate the impact of clothing on localization per-
formance, a dedicated evaluation protocol was adopted. The
clothing-effect results summarized in Table X were obtained
by retraining the network on data from the six participants who
contributed only no-jacket data (with a 10% randomly drawn
internal validation split used for early stopping). The two
participants who provided data under both jacket and no-jacket
conditions (Subject A and Subject B) were excluded entirely
from training and used exclusively for testing. This evalua-
tion was conducted using the Combl, Comb3, and Comb4
sensor configurations. The same subject-disjoint protocol also
underpins the complementary per-subject within-subject and
leave-one-jacket-subject-out analyses summarized below. By
ensuring that Subject A and Subject B appeared only in the
test set, the clothing-effect estimates are free from any leakage
of participant-specific thermal signatures through the training
data, thereby providing a cleaner assessment of the impact of
clothing on localization performance.

As shown, all three configurations exhibit measurable degra-
dation in localization performance when the test subject is
wearing a jacket. The median and mean increases are modest
in absolute terms (between —5 and +91 mm depending on
configuration and subject). However, a per-subject within-
subject permutation analysis (10,000-permutation two-sample
tests), corroborated by a leave-one-jacket-subject-out sensitiv-
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TABLE VI
BENCHMARKING OF FOUR SENSOR ARRANGEMENTS. ALL LOCALIZATION ERROR STATISTICS ARE REPORTED IN METERS AND ARE
POOLED-PER-SAMPLE POINT ESTIMATES AGGREGATED ACROSS THREE PARTICIPANT-INDEPENDENT CROSS-VALIDATION FOLDS (LAB) OR THE
SINGLE TRAINING RUN (FOYER), WITH 95% BOOTSTRAP CIS IN BRACKETS.

Combl1 (2 ceiling + left & right wall-mounted sensors)

Comb2 (2 ceiling + front & back wall-mounted sensors)

Foyer

Metric Proposed Faulkner et al. [27] Proposed Faulkner et al. [27] Proposed Faulkner et al. [27]
RMSE  0.369 (0324, 0.414] 0.485 [0.447, 0.527) 0.327 [0.295, 0.360] 0.410 [0.374, 0.449] 0.436 [0.421, 0.451] 0.649 [0.619, 0.679]
Mean 0.242 [0.223, 0.260] 0.348 [0.325, 0.371] 0.237 [0.223, 0.253] 0.299 [0.280, 0.318] 0.346 [0.336, 0.356] 0.472 [0.455, 0.489]
Median  0.177 [0.168, 0.186] 0.250 [0.231, 0.270] 0.190 [0.183, 0.200] 0.226 [0.219, 0.236] 0.302 [0.284, 0.318] 0.341 {0323, 0.360]
Pyg 0.444 (0.397. 0.487] 0.680 [0.612, 0.770] 0.434 [0.397. 0.464] 0.618 [0.547, 0.698] 0.655 [0.627. 0.676] 0.924 [0.874, 0.978]
Py5 0.727 [0.551, 0.862] 0.999 [0.866, 1.171] 0.580 [0.491, 0.644] 0.820 [0.744, 0.946] 0.824 [0.802, 0.837] 1.388 [1.263, 1.521]

Note: For each metric and sensor arrangement, the best (lowest) error between the proposed method and Faulkner et al. [27] is highlighted in bold.

(a) Participant wearing a jacket

(b) Participant without a jacket

Fig. 15. Comparison of thermal signatures captured by six thermopile sensors (W;—W,: wall-mounted; C;, Cs: ceiling-mounted) for the same
participant with and without a jacket. The colorbar indicates temperature difference from background in °C. Wearing a jacket attenuates the IR

emission, resulting in lower thermal contrast.

TABLE VII
COMPARISON OF LOCALIZATION SYSTEMS ACROSS COMMON SENSING
MODALITIES
Author Mode ROI Accuracy (m)
(sqm)
WoW [43] Visible 6.8  Median: 0.12
Light
Fieldlight [16] Visible 28-56 Median: 0.68-1.2
Light
DeepPIRATES  PIR 25-65 Mean 0.37-0.54
[44]
Ngamakeur et PIR 9 Mean: 0.2379
al. [45]
SpringLoc [46] RF (RSSI) 25-44 Median: 0.6-1.2
Hi-loc [10] RF (CSI) 120  Mean: 0.65-1.03
Mirshekari et al. Vibration 20  Median 0.38
[12]
Alajlouni et al.  Vibration 26 80 pct: 0.7
[47]
CapLoc [14] Capacitive 2.9 Median: 0.026
Tariq et al. [15] Capacitive 3.24 Mean: 0.307, RMSE:
0.251
Proposed Thermopile 28.2 Median: 0.30, Mean:

0.35, RMSE: 0.44

ity check, confirms that the median effect is statistically signif-
icant (p < 0.040; effect sizes of roughly 440 to 4100 mm) for
both held-out participants under the ceiling-mounted (Comb3)
and four-sensor (Comb1) configurations. For the wall-mounted
(Comb4) configuration, the median effect on individual sub-

jects does not consistently reach significance. Heavy clothing
such as a jacket attenuates IR radiation from the human
body, reducing the thermal contrast captured by the thermopile
sensors particularly as the sensor—target distance increases.
The resulting degradation is concentrated in the tail of the
error distribution: the Pyy—Pys metrics increase substantially
across all three sensor configurations, indicating that wearing
a jacket reliably increases the likelihood of large localization
errors.

D. Ablation Study

As discussed in Section IV-D, combining convolutional
feature extraction with temporal modelling consistently im-
proved robustness relative to purely recurrent architectures.
Two complementary ablations probe what the CNN layers
contribute. In a pixel-shuffle ablation (randomly permuting
the 64 pixels within each 8 x 8 frame before training and
inference), the median localization error changed by less than
10 mm across configurations (between —9 and +5 mm),
i.e. essentially identical performance. The convolutional lay-
ers, therefore, do not exploit local 2D spatial adjacency as
conventional natural-image CNNs do. Rather, they act as
a complementary nonlinear feature extractor over structured
thermal distributions while the LSTM captures the dominant
temporal dynamics. A complementary channel-shuffle ablation
(permuting the sensor-to-channel ordering while preserving
each 8 x 8 frame) produced only a modest degradation for
the four-sensor configuration (4+8.3% median) and negligible
change for the two-sensor configurations. This indicates that

Authorized licensed use limited to: Auckland University of Technology. Downloaded on September 03,2026 at 05:05:42 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Sensors Journal. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JSEN.2026.3727948

TABLE VI
ARCHITECTURAL ABLATION STUDY ON THREE REPRESENTATIVE
LABORATORY CONFIGURATIONS. THE RESULTS ARE COMPUTED FROM
THE COMBINED PREDICTIONS OF THREE SUBJECT-DISJOINT
CROSS-VALIDATION FOLDS.

Architecture Median (m) Py5 (m)

Combl1 (4-sensors : 2 ceiling + left & right wall-mounted)

Ridge regression 0.338 0.994
MLP 0.490 1.160
2D CNN only 0.410 1.242
LSTM only 0.256 0.731
1D CNN over time 0.384 1.080
Transformer encoder 0.831 1.424
Proposed CNN-LSTM 0.177 0.727

Comb3 (2 ceiling-mounted sensors)

Ridge regression 0.520 1.207
MLP 0.486 1.358
2D CNN only 0.397 1.144
LSTM only 0.245 0.832
1D CNN over time 0.394 1.186
Transformer encoder 0.827 1.432
Proposed CNN-LSTM 0.171 0.768

Comb4 (2 wall-mounted sensors)

Ridge regression 0.448 1.255
MLP 0.481 1.083
2D CNN only 0.354 0.945
LSTM only 0.260 0.800
1D CNN over time 0.457 1.167
Transformer encoder 0.827 1.432
Proposed CNN-LSTM 0.198 0.732

Note: Seven architectures are trained under identical splits. Lowest
median and Pys per configuration in bold.

fixed sensor identity contributes only weakly and that temporal
information remains the dominant discriminative cue.

To validate the choice of the CNN-LSTM family, seven
representative architectures were trained on the running bench-
mark set of three laboratory sensor configurations (Combl,
Comb3, and Comb4) introduced at the start of Section V,
under identical training, validation, and test splits. The re-
sults are reported in Table VIII. The proposed CNN-LSTM
achieves the lowest median errors, with the LSTM-only model
a clear second and the purely spatial architectures (2D-CNN-
only, MLP, and Ridge regression) together with the Trans-
former encoder producing substantially larger median and tail
errors. This confirms that temporal modelling is the dominant
contributor to localization accuracy.

The analogous foyer ablation (single 16 x 16 x 1 image,
saved 60/20/20 split) is reported in Table IX. The same
architectures were trained from scratch on the foyer setup
under identical training budgets to the lab ablation in Ta-
ble VIII. On the foyer input geometry, the higher-capacity
lab-variant networks collapse to near-mean prediction (median
error close to the geometric centroid distance of 1.85 m)
and are therefore omitted from Table IX, whereas the hybrid

TABLE IX
FOYER-ENVIRONMENT ARCHITECTURAL ABLATION RESULTS.

Architecture Median (m) Py5 (m)
Ridge regression 1.7847 2.7961
MLP 0.737 1.615
2D CNN only 0.375 1.255
LSTM only 0.381 1.339
1D CNN over time 0.391 1.680
Transformer encoder 1.8491 2.6331
Proposed CNN-LSTM 0.302 0.824

Note: T indicates collapse to near-mean prediction. The bottom row
shows the proposed CNN-LSTM reported in the main text.

TABLE X

IMPACT OF CLOTHING ON LOCALIZATION PERFORMANCE. ALL LOCAL-
IZATION ERROR STATISTICS ARE REPORTED IN METERS.

Metric  Jacket On Jacket Off
Combl1 (2 ceiling + left & right wall-mounted sensors)
RMSE 0.33 0.26
Mean 0.27 0.21
Median 0.21 0.18
Pyo 0.52 0.40
Pos 0.62 0.49
Comb3 (2 ceiling-mounted sensors)
RMSE 0.42 0.29
Mean 0.33 0.21
Median 0.26 0.18
Pyo 0.62 0.36
Pos 0.73 0.45
Comb4 (2 wall-mounted sensors)
RMSE 0.35 0.27
Mean 0.29 0.22
Median 0.25 0.19
Poyo 0.57 0.42
Pos 0.70 0.46

foyer variant introduced in Section IV-D attains a median of
0.302 m, providing empirical justification for the dual-variant
design.

E. Computational Scalability and Real-time Performance

The proposed 2D CNN-LSTM contains approximately
2.7 x 106 trainable parameters in the four-sensor configuration,
of which about 96% lie in the fixed-size pre-LSTM fully
connected layer and the 256-unit LSTM; both are independent
of the number of sensors N, so doubling N, from four to eight
increases the parameter count by less than 0.1%. Consistent
with this, the median per-sequence inference latency on the
workstation GPU is essentially unchanged (1.62 ms at N.=4
versus 1.64 ms at N.=8), and across workstation, desktop, and
embedded (NVIDIA Jetson Xavier NX) targets the network
meets the 111 ms real-time budget with between 30x and 68 x
headroom. On commodity CPUs the latency approaches the
sampling period and would benefit from model compression.

Communication overhead from each Grid-Eye sensor is
approximately 2.3 kB/s in 32-bit float representation (0.6 kB/s
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with 8-bit quantization), so even deployments of order 30 sen-
sors require well under 100 kB/s of aggregate bandwidth. The
architecture and I/O pipeline therefore both scale efficiently
with sensor count, and the real-time margin established here
extends to moderately larger deployments without changes
to the model or communication layer; beyond approximately
30 sensors, sensor-selection or attention mechanisms and a
transition from a star USB topology to Ethernet or wireless
connectivity would be beneficial (see Future Work).

VI. CONCLUSION AND FUTURE WORK

This paper presented the design, implementation, and eval-
uation of a bespoke thermopile-based indoor localization
system using low-resolution AMG8833 Grid-Eye sensors. A
functional sensing network comprising up to six sensors was
successfully deployed, and localization was performed using
a 2D CNN-LSTM regression model.

A. Summary of Findings

For the laboratory setup covering 2.4m x 2.4m, no single
sensor arrangement was uniformly superior across all local-
ization metrics. While the four-sensor configurations (Combl
and Comb2) achieved some of the lowest RMSE, Py, and
Pys errors, indicating improved robustness against large lo-
calization failures, several two-sensor configurations exhibited
comparable or even superior median localization accuracy. In
particular, the ceiling-mounted Comb3 configuration achieved
a median error comparable to the four-sensor arrangements,
whereas the wall-mounted Comb4 configuration exhibited a
somewhat higher median error. The proposed method con-
sistently outperformed algorithms reported in earlier studies,
particularly in reducing large localization errors as reflected
by the improved Py and Pys statistics.

Several practical deployment observations follow from these
results. Configurations with overlapping fields of view consis-
tently exhibited lower Pyy and Pys errors, as overlap reduces
blind spots and large-error events. Ceiling-mounted config-
urations performed consistently well as overhead placement
maintains uniform target visibility. Also from a real-world
perspective, such arrangements are more robust to occlusion by
furniture or other occupants, and are preferable in larger rooms
where wall-mounted sensors can exceed their effective range.
Nevertheless, appropriately positioned wall-mounted configu-
rations also remained competitive, and combining complemen-
tary ceiling and wall viewpoints reduced geometric ambiguity
in the thermal patterns. Overall, practical thermopile deploy-
ments should prioritize sufficient spatial coverage, overlapping
sensor footprints, and complementary viewing perspectives to
minimize large localization errors.

The impact of clothing on localization performance was
investigated. A per-subject within-subject analysis on the two
held-out participants showed that wearing a jacket produces a
statistically significant degradation of the median localization
error under the ceiling-mounted and four-sensor configura-
tions, and a substantial degradation of the Pyy—Pys tail metrics
across all three sensor configurations. This is consistent with
jacket-induced attenuation of infrared radiation emitted by the

human body. This finding is important for practical deploy-
ments in environments where clothing variations are expected.

The foyer deployment further demonstrated the scalability
of the proposed approach. Despite covering a substantially
larger sensing area of approximately 28.2m?, the system
maintained a median localization error of 0.302 m, indicating
that useful localization accuracy can be preserved when the
sensing network is expanded beyond small laboratory environ-
ments. The benchmarking results demonstrated that algorithms
proposed by others for single-sensor setups suffer significant
degradation when applied to larger multi-sensor deployments,
highlighting the importance of our multi-sensor approach.

Compared to other sensing modalities, the proposed ther-
mopile system achieves a balanced trade-off between localiza-
tion accuracy and coverage area. The system offers advantages
including privacy preservation, device-free operation, and ro-
bustness to lighting conditions.

B. Future Work

Several directions for future research have been identi-
fied. First, the current implementation addresses single-person
localization only. Future studies can extend the proposed
approach to handle multi-target scenarios, which requires
addressing the additional challenges of thermal signature over-
lapping and multi-target data association.

The system was evaluated in two environments. Future
research could evaluate the performance across a broader
range of scenarios with varying environmental conditions,
furniture layouts, and participant demographics to validate the
generalization capability more thoroughly.

It should be noted that the reported between-configuration
significance analysis was conducted on a representative fold
and is intended as a sensitivity study. A comprehensive statis-
tical framework that aggregates uncertainty across all cross-
validation folds remains a topic for future investigation.

The experiments reported in this work were conducted
under relatively controlled indoor environmental conditions.
In long-term real-world deployments, factors such as ambient
temperature drift, direct sunlight exposure through windows,
HVAC-induced thermal fluctuations, and other environmental
heat sources may alter the background thermal distribution and
reduce the thermal contrast between occupants and the envi-
ronment. Such effects could potentially increase localization
uncertainty, particularly during prolonged operation. Future
work may therefore benefit from adaptive background mod-
elling, periodic recalibration, and environmental compensation
strategies to improve robustness under dynamically changing
thermal conditions.

Connectivity improvements are possible. While the current
USB-based architecture provides reliable high-speed commu-
nication and simplified deployment for centralized sensing, it
has inherent scalability limitations in terms of cable length
and hub size. Standard USB-based communication typically
supports cable lengths of approximately 5 m [48]. Ethernet-
based connectivity could extend this to 100 m [49], enabling
larger-scale distributed sensing deployments. Alternatively,
wireless networking using the ESP32 Wi-Fi module, which is

Authorized licensed use limited to: Auckland University of Technology. Downloaded on September 03,2026 at 05:05:42 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Sensors Journal. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JSEN.2026.3727948

already provisioned on the PCB, could support more flexible
and easily reconfigurable installations.

Finally, the developed thermopile system can be extended to
other human sensing tasks. Our preliminary results show 100%
occupancy detection accuracy. Future studies can explore oc-
cupancy estimation (counting multiple individuals) and activ-
ity recognition, areas where low-resolution thermopile-based
research remains limited.
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