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Abstract—Wi-Fi Channel State Information (CSI) enables
device-free activity recognition in privacy-sensitive environments
such as hospitals and smart buildings, where camera-based sens-
ing is undesirable and raw data sharing is restricted. However,
models trained in one room often degrade sharply in unseen
environments due to layout changes, multipath variation, and
interference. Federated learning (FL) enables on-device retention
of raw CSI while supporting collaborative training. However,
standard aggregation methods struggle with heterogeneous, non-
identical signal distribution conditions, which in CSI are driven
by propagation physics rather than semantic variation. This
poster investigates whether server-side adaptive aggregation,
without modifying client models or sensing pipelines, can improve
cross-room robustness. Using the SHARP multi-room bench-
mark in a federated setup, replacing FedAvg with FedOpt-
Adam improves unseen-room accuracy to 71.11%, a +7.49%
gain over FedAvg and within 2.34% of centralised training,
while preserving data locality. We further compare against
non-FL generalisation baselines to contextualise these gains.
Finally, we evaluate memory usage and communication cost on
Raspberry Pi 4-class hardware and incorporate these parameters
into NVFLARE simulations. The results show that adaptive
server aggregation narrows the cross-room generalisation gap,
highlighting the promise and limits of FL for deployable, privacy-
preserving Wi-Fi sensing under real-world distribution shifts.

Index Terms—Federated Wi-Fi sensing, edge Al privacy-aware

I. INTRODUCTION

Wi-Fi Channel State Information (CSI) has emerged as a
practical modality for device-free human activity recognition
in privacy-sensitive spaces such as hospitals, offices, and smart
buildings. Momentum is growing around the IEEE 802.11bf
sensing standard, positioning Wi-Fi as a scalable sensing in-
frastructure [[1]. Yet despite this progress, CSI-based machine
learning models remain highly environment-dependent. Even
modest changes in layout, multipath structure, interference pat-
terns, or transceiver placement can reshape temporal-spectral
motion signatures, leading to sharp performance degradation
when models are deployed in unseen rooms, limiting scal-
ability. Pooling raw CSI across rooms can partially mitigate
these distribution shifts, but centralised aggregation introduces
governance and privacy concerns. Although CSI does not
contain visual imagery, it implicitly encodes occupancy pat-
terns, motion timing, and environmental characteristics that
organisations may be unwilling or unable to share across
sites. Federated Learning (FL) offers a promising alternative
by enabling collaborative training while retaining raw CSI
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Fig. 1: Proposed Federated Wi-Fi sensing workflow where clients
train locally on CSI features and server applies adaptive aggregation.

locally [2]. But standard aggregation strategies struggle under
the strong non-independent and identically distributed (i.i.d.)
conditions inherent to cross-room CSI, where each client’s
updates reflect its unique propagation environment.

This poster reframes cross-room Wi-Fi sensing as a pri-
vacy—generalisation trade-off problem. Rather than modifying
client models or sensing pipelines, we isolate a systems-level
design lever (server-side adaptive aggregation) and examine
whether replacing FedAvg with FedOpt-Adam can mean-
ingfully reduce unseen-room performance degradation while
preserving data locality. Using the SHARP multi-room bench-
mark and Raspberry Pi 4-class edge profiles, we quantify:
(1) the magnitude of cross-room degradation, (ii) the extent
to which adaptive aggregation narrows this gap relative to
centralised and non-FL generalisation baselines, and (iii) the
communication and resource overhead required to achieve it.
By explicitly measuring these trade-offs, we provide novel
insights into when federated Wi-Fi sensing improves deploy-
ability, where its limitations remain, and how aggregation
design shapes generalisation across different environments.

II. SYSTEM DESCRIPTION AND FEDERATED SETUP

A. Cross-Room Federated Configuration

Fig. [1] illustrates the cross-room federated learning setup.
Each room functions as an independent client with locally
collected CSI shaped by its unique multipath geometry. Raw
CSI is segmented into 1-second windows and transformed into



1000x30 Doppler spectrograms using the SHARP pipeline [2]]
to ensure consistent feature extraction across environments.
Clients then train identical lightweight classifiers and send
only model-parameter deltas to the server, keeping all CSI
strictly on-device. Federated training proceeds in synchronous
rounds. The server broadcasts the current global model; each
room performs four local epochs of optimisation (batch size:
32; learning rate: 10~%) and returns updated parameters for
aggregation. Training is performed for 20 federated rounds.

To isolate coordination effects under heterogeneous CSI,
we compare standard FedAvg against FedOpt-Adam, a server-
side adaptive aggregator that applies momentum and second-
moment scaling to reduce the impact of unstable room-
specific updates. Crucially, client models, sensing pipelines,
and hyperparameters remain unchanged, allowing aggregation
to be evaluated as a systems-level design lever.

B. Experimental Design, Baselines and System Profiling

We adopt a leave-one-room-out evaluation to quantify cross-
room generalisation. Baselines include: (i) Local-only (no
collaboration), (ii) Centralised pooled training (upper bound),
(iii) FedAvg, FedProx, SCAFFOLD, (iv) FedOpt-Adam (adap-
tive aggregation), (v) Non-FL generalisation techniques (fine-
tuning and statistical alignment). This design enables direct
measurement of the privacy—generalisation trade-off, compar-
ing FL against both centralised training and domain-adaptation
baselines rather than only against other FL variants.

The evaluation is designed to reflect a realistic indoor
deployment condition, where models trained in a limited
number of rooms must operate reliably across varying room
layouts and environmental changes. The five-class activity
recognition task captures both static (Empty room, Sitting)
and dynamic (Walking, Running, Jumping) motion patterns,
providing a balanced test of motion sensitivity and robustness.
By evaluating performance on both seen rooms and a held-out
room, we assess how well the trained global model transfers
to new physical environments, which is a key requirement in
practical multi-room Wi-Fi sensing deployments.

To quantify deployability, we profile compute latency, mem-
ory footprint, and communication cost on Raspberry Pi4-
class devices and inject these measurements into NVFLARE
simulations. This provides a realistic characterisation of per-
round latency and communication overhead using the same
model sizes and data flows as physical clients.

III. PRELIMINARY RESULTS & TRADE-OFF ANALYSIS
A. Cross-Room Generalisation Gap

Table [I| summarises cross-room performance. Centralised
training achieves 73.45% unseen-room accuracy, representing
the upper bound. FedAvg exhibits substantial degradation,
achieving only 63.62% accuracy. Substituting FedAvg with
FedOpt-Adam yields a +7.49-point improvement on unseen-
room performance and narrows the gap to centralised training
to 2.34 points. This quantifies a clear privacy—generalisation

TABLE I: Cross-environment performance.

Method Train Alter Unseen F1
Centralized (early stop) 9890 84.19 7345 0.74
FedOpt-Adam [3] 89.21 7931 71.11 0.71
FedAvg [4] 86.20 79.06 63.62 0.62
FedProx [3] 89.06 7454 60.40 0.60
SCAFFOLD 6] 8442 7469 5887 0.59

trade-off: adaptive FL substantially narrows cross-room degra-
dation while maintaining strict on-device data locality, al-
though measurable gap remains relative to centralised pooling.

B. Comparison, Convergence Stability and System Overhead

Including fine-tuning and statistical alignment baselines
shows that while domain-adaptation methods help, adaptive
aggregation achieves competitive robustness without central-
ising CSI. This provides a stronger privacy—utility balance
than post-hoc adaptation alone. Across altered-condition tests
(e.g., TX shift, new occupant), FedOpt-Adam also achieves
the strongest performance in Table [I| (79.31%), indicating
improved robustness under moderate environmental variation.

FedOpt-Adam adds server-side optimizer state (first and
second moments) but does not change the client model, com-
munication payload, or on-device inference cost. All methods
remain within memory and latency limits on Raspberry Pi,4-
class devices. By smoothing and rescaling aggregated up-
dates, the adaptive server rule reduces update variability and
improves stability under heterogeneous, room-dependent CSI
distributions, leading to stronger unseen-room robustness.

IV. CONCLUSION & FUTURE WORK

This poster reframes cross-room Wi-Fi sensing as a privacy—
generalisation trade-off rather than an architectural modelling
problem. By modifying only the server-side aggregation rule
and preserving on-device CSI processing, FedOpt-Adam im-
proves unseen-room accuracy over FedAvg by 7.49 points
and approaches centralised performance without requiring CSI
pooling. These findings underscore that aggregation design is
a critical systems lever for mitigating non-i.i.d. CSI effects
across rooms. Future work will evaluate partial participation,
communication-efficient aggregation, and multi-room physical
deployments to measure latency, energy consumption, and
scheduling behaviour under real-world constraints.
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