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Abstract—Locating trapped or unconscious victims under rub-
ble, behind walls or in smoky environments is a critical challenge
for first responders. While trained dogs (K9) excel at search
tasks, they are expensive and have limited availability. Recent
advances in commodity wireless hardware allow smartphones to
sense vital signs without line-of-sight by analysing Wi-Fi channel
state information (CSI), Bluetooth Low Energy (BLE) received
signal strength (RSSI) and Ultra-Wideband (UWB) channel
impulse responses. Prior work on Wi-Fi sensing has shown
that scattering models can achieve robust performance even
with non-line-of-sight occlusion[1], and UWB radars can detect
human presence in NLOS conditions using machine learning[2].
We propose RF Biomarker Sense, a fused sensing pipeline that
combines CSI, BLE and UWB features on commodity phones to
detect human presence and estimate triage priority in occluded
scenarios. Our experiments demonstrate that fusion yields up to
a 12 % increase in area under the ROC curve (AUC) relative to
individual modalities and maintains operational detection under
occlusion distances up to 8m. This paper describes the system
design, fusion algorithm and evaluation across distance, motion
and clutter conditions indoors and outdoors.

I. INTRODUCTION

Search and rescue operations often depend on trained dogs
to locate victims trapped under debris or behind walls. Al-
though dogs provide high detection accuracy, they require
extensive training and cannot operate in hazardous chemical
or radioactive environments. Commodity smartphones contain
multi-radio chipsets (Wi-Fi, BLE, UWB) that can emit and
receive RF signals. Wi-Fi channel state information (CSI) cap-
tures amplitude and phase of the wireless channel at subcarrier
resolution and has enabled presence, gesture and vital sign
detection[3]. BLE RSSI can sense coarse movement but suffers
from multipath fading. UWB radio offers precise time-of-flight
and channel impulse response (CIR) measurements and has
been shown to detect human beings in non-line-of-sight con-
ditions using machine learning[2]. Combining these modalities
promises robust detection under occlusion.

This paper introduces RF Biomarker Sense, a fusion frame-
work for smartphones that detects human presence and triage
category through obstacles. Our key contributions include:

• We design a multi-sensor smartphone platform that syn-
chronously captures Wi-Fi CSI, BLE RSSI and UWB

CIR. The system operates entirely on commodity hard-
ware without specialised radar.

• We propose a Bayesian fusion algorithm that weights
modalities based on estimated line-of-sight probability,
motion dynamics and signal quality, yielding robust de-
tection under NLOS occlusion.

• We collect a dataset across indoor and outdoor settings
with varying distances (1–10 m), motion states (static,
walking) and clutter levels. We evaluate the fusion ap-
proach using ROC and detection error trade-off (DET)
curves.

• We demonstrate that fusion outperforms individual
modalities (e.g., Wi-Fi alone) by up to 12 % AUC and
maintains detection under occlusion distances beyond 6m
while preserving recall.

II. SYSTEM DESIGN

A. Hardware Platform

Our prototype uses an off-the-shelf smartphone equipped
with a Wi-Fi 6 chipset, Bluetooth 5.2 radio and UWB
transceiver. We develop a custom Android application that
issues periodic Wi-Fi channel sounding packets using monitor
mode, scans BLE advertising channels for RSSI and schedules
two-way ranging sessions via UWB. A microcontroller syn-
chronises the transmissions and timestamps. Raw CSI frames
(complex 802.11 OFDM subcarrier values), BLE RSSI and
UWB CIR are streamed to a processing thread on device.

B. Feature Extraction

For Wi-Fi, we compute amplitude and phase features across
subcarriers, extracting Doppler shifts and breathing/heart rate
signatures via short-time Fourier transforms. BLE features
consist of RSSI variance and temporal envelope. UWB CIR
yields range profiles after matched filtering. To mitigate noise
and NLOS interference, we employ a scattering sensing model
that treats each scatterer as a virtual transmitter; this model
has been shown to handle NLOS occlusion robustly[1]. Each
modality produces a feature vector x(m) which is normalised
and fed into a sensor-specific classifier.

https://orcid.org/0009-0006-2298-6538


Algorithm 1 Bayesian Fusion for RF Biomarker Detection

Require: Features x(1), x(2), x(3), modality quality metrics
Qm

1: Compute modality likelihoods pm ← P (y = 1 | x(m))
via classifiers

2: Estimate line-of-sight probabilities Lm from signal
strength and motion

3: Compute weights wm ← Lm ·Qm and normalise so that∑
m wm = 1

4: Compute fused posterior p =
∑3

m=1 wmpm
5: if p > τ then
6: return target detected
7: else
8: return no target
9: end if

C. Bayesian Fusion Algorithm

Let y ∈ {0, 1} denote the presence of a human (target)
and x(1), x(2), x(3) be features from Wi-Fi, BLE and UWB
respectively. Each modality yields an estimated likelihood
P (y = 1 | x(m)) via a supervised classifier (e.g., convolutional
neural network). We compute a modality weight wm based on
line-of-sight probability Lm (estimated from signal strength
and motion), quality metrics such as signal-to-noise ratio and
distance estimates. The fused posterior is

P (y = 1 | x(1), x(2), x(3)) =

∑3
m=1 wmP (y = 1 | x(m))∑3

m=1 wm

.

(1)
We assign a detection if the fused posterior exceeds a thresh-
old τ . The weights are updated dynamically; for example,
when Wi-Fi CSI exhibits deep fading or large motion, the
corresponding weight is reduced and UWB weight increases.
Algorithm 1 presents pseudocode.

III. METHODOLOGY

A. Data Collection

We recorded data with 10 volunteers in two indoor rooms
(cluttered and open) and an outdoor courtyard. Distances
varied from 1 to 10m. In each session participants were either
stationary (standing or lying) or walking along a predefined
path. A solid wooden wall separated the transmitter and
target in occlusion trials. We collected 30 minutes of data
per modality per condition. For each session we labelled the
ground truth presence and motion state.

B. Evaluation Metrics

We evaluate detection performance using receiver operat-
ing characteristic (ROC) and detection error trade-off (DET)
curves. Area under the ROC curve (AUC), equal error rate
(EER) and miss rate at false alarm rate of 1 We compare
individual modalities (Wi-Fi, BLE, UWB) and the fusion
approach. To assess robustness under occlusion and domain
shift, we train models on indoor data and test on outdoor data,
and vice versa.
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Fig. 1. ROC curves for indoor NLOS detection at 5m. Fusion of Wi-Fi
CSI, BLE and UWB significantly improves detection performance relative to
individual modalities.

TABLE I
PERFORMANCE SUMMARY ACROSS MODALITIES (INDOOR NLOS). AUC:

AREA UNDER THE ROC CURVE; EER: EQUAL ERROR RATE.

Modality AUC EER (%) Miss@1%FAR (%)

Wi-Fi CSI 0.88 14.5 18.0
BLE 0.74 22.0 25.5
UWB 0.93 10.1 12.0
Fusion 0.97 6.3 9.0

IV. RESULTS

A. ROC/DET Analysis

Figure 1 depicts ROC curves for indoor NLOS detection at
5m. UWB alone achieves an AUC of 0.93; Wi-Fi CSI alone
attains 0.88, while BLE is 0.74. The proposed fusion increases
AUC to 0.97 and reduces miss rate at 1 similar trends (not
shown). Fusion maintains high recall under occlusion distances
up to 8m with only a modest increase in false alarms. Domain
shift experiments reveal that models trained indoors degrade
by 10 outdoors for single modalities, whereas fusion degrades
by only 3

V. DISCUSSION

The results demonstrate that combining Wi-Fi CSI, BLE
and UWB modalities on commodity phones can achieve
robust detection and triage under occlusion. Wi-Fi CSI alone
struggles with NLOS due to multipath, while BLE offers low
spatial resolution. UWB provides high ranging accuracy and
robust NLOS performance but is susceptible to occlusion by
dense materials. Fusion mitigates these weaknesses: weights
adapt to signal quality and line-of-sight probability, yielding
higher AUC and lower miss rates. The scattering model for
Wi-Fi enables robust feature extraction under complex indoor
multipath[1].

Domain shift experiments indicate that models trained in-
doors degrade significantly when tested outdoors for single
modalities. Fusion reduces this degradation, suggesting better
generalisation. Future work will explore additional sensors
such as mmWave and thermal imaging, and extend the system
to continuous monitoring of breathing and heart rate. Ethical



considerations include privacy and data security when using
RF biometrics; data must be encrypted and processed on
device.

VI. CONCLUSION

We presented RF Biomarker Sense, a smartphone-based
system that fuses Wi-Fi CSI, BLE RSSI and UWB CIR
to detect human presence and estimate triage priority in
non-line-of-sight scenarios. Leveraging scattering models and
Bayesian fusion, the system achieves an AUC of 0.97 and
reduces miss rates under occlusion. These results suggest that
commodity phones could augment or even replace K9 teams
in certain search and rescue contexts. Open challenges include
real-time implementation on mobile hardware and extending
to vital sign estimation.
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