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Abstract

Room-level occupancy information is essential for demand-driven HVAC control and space utilization
analytics, yet conventional solutions rely on PIR or camera systems that require dense instrumentation,
line-of-sight, and frequent maintenance. Wi-Fi Channel State Information (CSI) offers a passive
alternative: human presence perturbs the multipath structure of wireless channels in ways that can
be detected without additional hardware. This paper develops a formal CSI-occupancy modeling
framework and validates it experimentally using low-cost ESP32 nodes that expose CSI in the 2.4
GHz band. We model the complex CSI of each link as a superposition of environment-dependent
and occupancy-dependent components and cast room-level occupancy estimation as a multi-class
classification problem on CSI-derived features. A mathematically defined feature set based on per-
subcarrier amplitude statistics, Doppler-band energy, and inter-subcarrier correlation is combined
with three lightweight classifiers (logistic regression, gradient boosting, and a compact GRU network).
A multi-zone experimental campaign in three residential rooms and one small office zone yields more
than 250 hours of labeled data, with room occupancy (0, 1, >2 persons) obtained from door sensors
and schedule logs. The gradient-boosted model achieves zone-averaged F1-scores of 0.96 for binary
occupancy and 0.89 for three-class occupancy, with median inference latency of 38 ms on a Raspberry
Pi edge node. Cross-zone transfer experiments and a simple calibration scheme are analyzed, and a
theoretical upper bound on achievable accuracy under label noise is derived. The results demonstrate
that commodity ESP32-based Wi-Fi infrastructure can support mathematically grounded, room-level
occupancy sensing suitable for embedded smart building deployments.

Keywords: Wi-Fi sensing; channel state information; occupancy estimation; ESP32; smart buildings;
machine learning; wireless sensing

1. Introduction

Room-level occupancy information enables demand-controlled ventilation, adaptive lighting,
and space management, and is increasingly integrated into modern building automation systems [1,2].
Traditional approaches employ passive infrared (PIR) sensors, ultrasonic sensors, CO; monitors, or
cameras, each with limitations related to coverage, line-of-sight, privacy, and maintenance [3,4]. Wi-Fi
networks, by contrast, are already present in most buildings and offer a passive sensing channel via
Channel State Information (CSI) citeref5,ref6,ref66.

CSI captures fine-grained amplitude and phase responses of orthogonal frequency-division
multiplexing (OFDM) subcarriers. Human presence alters multipath propagation by introducing
additional scattering and absorption, which manifests as measurable changes in CSI statistics [5,7,19].
While numerous studies have leveraged CSI for activity recognition and localization, there is still a
need for mathematically grounded, lightweight methods tailored to room-level occupancy estimation
on microcontroller-class hardware such as ESP32 [24,25].
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1.1. Objectives
This work has two main objectives:

1.  To formalize the relationship between Wi-Fi CSI and room occupancy via a simple yet expressive
signal model, and to pose occupancy estimation as a well-defined multi-class classification
problem on CSI features.

2. To design and experimentally validate a practical ESP32-based implementation across multiple
zones, quantifying trade-offs between model complexity, accuracy, and compute requirements.

2. Theoretical Foundation
2.1. CSI Measurement Model

Consider a single Wi-Fi link between a transmitter and receiver operating at carrier frequency f.
with K OFDM subcarriers. The complex CSI on subcarrier k at time ¢ is

P
He(t) = ) ap(t)e 2wt ey
p=1

where P is the number of multipath components, a,(t) € C is the complex gain of path p, fy is the
subcarrier frequency, and 7,(t) is the path delay [8,12].
We decompose the path gains as

ap(t) = “;0) + leg,o)(t), )

(0) (0)

where &}, is the static environment component (walls, furniture) and «," () captures occupancy-
dependent contributions (human bodies).

2.2. Occupancy-Dependent CSI

Let O(t) denote the room occupancy state at time ¢, taking values in a finite set O (e.g., {0,1,2} or
{0, 1,> 2}). For a given state 0 € O, we define the corresponding mean CSI vector

#, =E[H()|O(t) = o] € C¥, ®)
where H(t) = [Hy(t),..., Hg(t)]" collects all subcarriers. The occupancy effect can then be written as

H(t) = pogyy +&(t), (4)

where &(f) is a zero-mean disturbance capturing small-scale fading, motion, and noise.
A classifier that observes features f(t) = g(H(t)) derived from CSI aims to approximate the
Bayes-optimal decision rule

o(t) = argmax p(O(t) = o | £(t)), (5)
0cO
which minimizes the expected misclassification probability.

2.3. Feature Definitions

For each time window W (e.g., 30 s) ending at time ¢, we collect CSI samples {Hy(n)} for
n=1,...,N and define amplitude A;(n) = |Hi(n)| and sanitized phase ¢ (1) [23]. We then construct
a feature vector f(t) € RP as follows.
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Amplitude statistics.
For each subcarrier k:
1 N
Hak = 5 Y Ax(n), (6)
n=1
2 1Y 2
TAk= N Y (A(n) — pag)? )
n=1
L (A) — ar)?
Yax = Ar(n) —pax)”, 8)
N U?‘l,k n=1
L (A) — ea)®
Kak = Ar(n) —pax)” —3. )
N Ufﬁl,k n=1
We aggregate across subcarriers by taking averages, e.g.,
K 1 K 5
E Z HAk =% kzl T4 ks (10)
and similarly for skewness and kurtosis.
Doppler-band energy.
For each subcarrier k, we compute the discrete-time Fourier transform over the window:
N .
=Y Ag(n)e 2N, (11)

and define low-frequency Doppler energy as

EDoppler =

K
ZZN& (12)

E]:D

NIH

where Fp is a set of low-frequency bins associated with human motion [5,19].

Inter-subcarrier correlation.

For adjacent subcarriers,

L (Ax(n) — pas)(Arsr(n) — pagsr)

pk,k+1 = ’ (13)

\/Zn(Ak(”) — 1a))? L (A1 (n) = Hagi1)?

and we aggregate via
1 k=1
P =K1 Pk (14)
The full feature vector concatenates these descriptors, i.e.,
s =2 o~ = T D

£(t) = [fia, 04, YA, %4, EDoppler/ 0, - - -] € R7. (15)

3. Methodology
3.1. Hardware and Multi-Zone Deployment

We deploy ESP32-WROOM-32 modules as Wi-Fi AP-STA pairs in four zones: three residential
rooms and one small office. Each pair operates at 2.4 GHz, 20 MHz bandwidth, and extracts CSI for
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K = 30 subcarriers at a sampling rate of 50 Hz using a Wi-ESP-style firmware [10]. CSI packets are
forwarded over UDP to a Raspberry Pi 4 edge node.

3.2. Occupancy Labels

We define occupancy states O € O = {0, 1,2}, representing empty, single occupant, and multiple
occupants (> 2), respectively. Ground truth is derived from door contact sensors and schedule logs; we
assume label noise probability #7 < 0.1 due to occasional misalignment, which will be used later for a
theoretical bound.

3.3. Classification Problem

Given feature vectors f(t) and labels O(t), we seek a classifier h : RP — O that approximates
Eq. (5). We consider:

Logistic regression.

T
pO=o0f)= - ZPWafrly) (16)
Yoreo eXp(Wy f +by)
with cross-entropy loss.
Gradient boosting (XGBoost).
An ensemble of T regression trees approximating the log-odds:
T
FO(f) = th,O(f)' (17)
t=1
" (5, (6)
exp(F,
O =0 f = . 18
HO=0 = 5 ol (6) o
Compact GRU.

A GRU processes a sequence of coarse per-second features {zT}fVZv within the 30 s window:

h: = GRU(z;,hr—1), p(O =o0|{z:}) = softmax(Whr, +b). (19)

3.4. Performance Metrics

For each class 0, we compute precision, recall, and F1-score:

Precision, = %, (20)
Recall, = %, (21)
L= e e
We report macro-averaged F1:
Flmacro = |10| Z F1,. (23)

0@

4. Results
4.1. Binary Occupancy

For binary occupancy O € {0, occ} where occ merges 1 and 2, XGBoost achieves zone-averaged
Flmacro = 0.96, with precision and recall above 0.95 for both classes. Logistic regression reaches
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Flmacro & 0.92, while the compact GRU matches XGBoost in accuracy but requires roughly 2.1x the
inference time.

4.2. Three-Class Occupancy

For three-class occupancy, XGBoost achieves Flmacro ~ 0.89 across zones, with most confusion
between 1 and 2 occupants. Empty-room detection remains highly reliable with class-specific F1
exceeding 0.95, which is most critical for HVAC setback strategies.

4.3. Cross-Zone Transfer and Simple Calibration

When training on one room and testing on another without adaptation, Flmacro can drop by 10-20
percentage points, especially across significantly different layouts. Introducing a simple calibration
step—fine-tuning XGBoost with a small labeled subset from the target room (e.g., 2—4 hours)—recovers
most performance, improving Flmacro by 8-15 points and approaching within 3-4 points of fully
trained per-room models [13,14].

4.4. Upper Bound Under Label Noise

If occupancy labels have independent symmetric noise rate # (probability of mislabeling), the
Bayes-optimal classifier under noise achieves expected accuracy upper-bounded by

Amax <1—1. (24)

With our estimated # < 0.1 from door-sensor comparisons, the ceiling is Amax < 0.9 for three-class

classification. The observed macro-F1 of ~ 0.89 is consistent with this bound, suggesting that further
gains may require improved labeling or additional sensing modalities.

4.5. Inference Latency

On the Raspberry Pi edge node, feature extraction plus XGBoost inference per 30 s window incurs
a median latency of approximately 38 ms, supporting occupancy updates at 0.5-1 Hz. The GRU
model requires around 80 ms per window, which is still feasible but less attractive given the marginal
accuracy gains.

5. Discussion

The formal CSI-occupancy model and feature definitions provide a principled basis for designing
classifiers and interpreting results. The experiments show that even with a single ESP32 AP-STA
pair per room and lightweight models, high-quality room-level occupancy estimates are achievable in
realistic residential and office environments. The theoretical upper bound under label noise clarifies
how annotation quality constrains achievable performance.

Recent work has demonstrated complementary capabilities of ESP32-based CSI sensing, including
joint temperature and humidity monitoring[24] and 2D thermal field mapping[25], suggesting potential
for unified multi-modal environmental sensing platforms. These developments indicate that ESP32
infrastructure can serve multiple sensing functions beyond occupancy detection.

Limitations include reliance on single-link CSI per zone, limited diversity of building types,
and simplified three-class occupancy labels. Future work will consider multi-link and multi-AP
configurations, joint occupancy—environmental sensing, and more advanced domain adaptation
methods to reduce calibration effort.

6. Conclusion

This paper developed a mathematically grounded framework for room-level occupancy estima-
tion using Wi-Fi CSI from ESP32 nodes and validated it in multi-zone residential and office deploy-
ments. By combining a simple CSI-occupancy model with well-defined features and lightweight
classifiers, we achieved high F1-scores and low inference latency suitable for embedded smart building
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scenarios. The approach demonstrates that existing Wi-Fi infrastructure, augmented with low-cost
ESP32 devices, can function as a practical, privacy-preserving occupancy sensing layer without cameras
or wearables.
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