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Abstract—With the increasing interest in non-terrestrial net-
works, spectrum sensing at various altitudes has become an
active area of research, particularly in understanding how
spectrum occupancy differs from ground level. High-altitude
balloon platforms offer a cost-effective and promising solution
for collecting wide-area spectrum data at different elevations.
However, their limited processing power and storage impose
strict constraints on real-time signal detection and timestamping,
crucial for applications such as signal localisation, interference
mapping, or dynamic spectrum sharing.

This paper presents an initial study towards developing a
compact, low-power spectrum sensing probe for high-altitude
balloons. We focus on one of the key technical challenges:
accurately detecting radio transmissions and assigning precise
timestamps using energy-based methods. Specifically, we evalu-
ate and compare the performance of two energy-based packet
detection algorithms (the single sliding window and the double
sliding window) in terms of their timing accuracy and compu-
tational complexity using the USRP E320 platform. To validate
signal-agnosticism, we assess detection performance across three
diverse signal types (OFDM, ADS-B, and GFSK). We isolate and
characterise the intrinsic error introduced by different timing
error sources, independently of other system delays, offering a
clear benchmark of achievable accuracy. Our analysis reveals the
trade-offs between detection reliability, timestamping precision,
and implementation cost, providing a baseline for the design of
future high-altitude probes for spectrum sensing.

Index Terms—wireless, energy detection, timestamp, software-
defined radio

I. INTRODUCTION

The rapid growth of non-terrestrial networks, including
satellite systems and high-altitude platforms (HAPs), high-
lights the need for spectrum sensing and signal localisation
capabilities that operate reliably across a wide range of alti-
tudes. These capabilities are especially valuable to regulatory
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bodies, telecom operators, and research organisations that
seek to understand radio usage patterns beyond ground level,
for example, during emergency deployments, shared-spectrum
policy enforcement, or for monitoring and surveillance [1].
Compared to UAVs (e.g., drones), HAPs offer significantly
longer flight durations, wider coverage areas, and greater
endurance, making them suitable for passive, long-term RF
monitoring. Among HAPs, helium or hydrogen balloons offer
a cost-effective, lightweight, and energy-efficient solution for
large-scale radio environment monitoring [2], making them
attractive for applications such as interference mapping, spec-
trum occupancy surveys, and passive signal geolocation [1].

However, operating at high altitudes introduces several
challenges, including dynamic channel conditions, Doppler
shifts, fluctuating signal strengths, and limited hardware ca-
pabilities due to power, size, and weight constraints [3], [4].
In particular, the limited onboard storage and write speeds of
balloon-borne RF probes make it infeasible to continuously
record raw spectrum data. This necessitates onboard real-
time detection and timestamping of meaningful transmissions,
so only relevant signal events are stored and analysed. To
achieve this, a robust and flexible packet detection algorithm
is required.

Existing packet detection systems often rely on correlation-
based detection, which is highly accurate but requires prior
knowledge of the signal’s structure, an unrealistic assumption
in dynamic, shared-spectrum environments (e.g., ISM bands or
uncoordinated deployments). Instead, energy-based detection
offers a signal-agnostic approach that can handle diverse
modulation schemes and unknown packet formats, generally
at the cost of reduced accuracy and greater sensitivity to noise
and threshold settings, especially in low-SNR scenarios [5].

To address these challenges, we adopt a sliding window
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approach, single and double sliding window algorithms, that
perform the decision based on the cumulative energy through
one or two windows of samples. The sliding window makes
the energy detection more robust to noise and simplifies the
computation compared to non-sliding algorithms [6]. Their
performance depends on parameters such as window size and
thresholds, which influence not only detection rate but also
the accuracy of packet timing, a critical factor for time-based
applications.

Accurate timestamping of detected packets is essential for
a wide range of applications, especially localisation using
time-of-arrival (TOA) and time-difference-of-arrival (TDOA)
techniques [7], [8]. However, timing precision is also crucial
for reliable multi-sensor fusion, spectral occupancy tracking,
and distributed sensing coordination [9]. While timestamping
precision is widely recognised as critical, the specific role of
packet detection accuracy in determining timestamp fidelity,
and thereby localisation performance, has received limited
direct attention in the literature [10], [11].

In our work, we evaluate energy-based detection algo-
rithms on the USRP E320 platform, with a specific focus
on their timing accuracy and implementation cost, particularly
for resource-constrained balloon-based sensing devices. While
these packet detection algorithms have been studied in the
literature for specific technologies [6], prior studies have not
systematically analysed how detection behaviour affects times-
tamp precision across heterogeneous signals. Our contribution
addresses this gap through a comprehensive timing analysis
that isolates and quantifies the different sources of error in
timestamp-based systems. In particular:

o« We disentangle the intrinsic timing error introduced
by imperfect energy-based packet detection from other
sources of delay (e.g., software or hardware delays),
providing a clear understanding of the best achievable
timing accuracy purely from the detection algorithm. This
allows us to establish a baseline performance limit against
which other timing inaccuracies can be compared or
calibrated.

o« We demonstrate how detection and other processing
delays, often overlooked in detection systems and con-
sidered time-of-flight, can lead to significant timestamp
deviations, potentially resulting in substantial errors in
time-dependent applications, such as localisation errors
based on propagation delay measurements. We provide
a detailed characterisation of this system-induced timing
offset, using both experimental measurement and calibra-
tion.

o« We show that while double sliding window detection
improves robustness and timing precision across diverse
signal types, it also doubles the computational load, a key
trade-off for embedded systems.

« Finally, our experiments span three different signal types
(OFDM-like, ADSB-B-like, and GFSK-modulated), re-
vealing how detector performance generalises to het-
erogeneous environments, typical in real-world shared
spectrum scenarios.

The remainder of the paper is organised as follows. Section
IT describes the packet detection algorithms analysed in this
paper. Section III explains timestamping challenges in em-
bedded SDRs, focusing on the USRP E320 platform. Section
IV presents the experimental results of our study and timing
analysis. Finally, Section V gives our conclusions and future
directions.

II. ENERGY-BASED PACKET DETECTION

We consider two energy-based packet detection approaches:
the single sliding window and the double sliding window
mechanisms, as described in [6]. Both methods are based on a
decision variable m,, compared against a predefined threshold
Th to formulate a hypothesis for packet presence:

Hy : m, < Th = Packet is absent
H, : m,, > Th = Packet is present

These algorithms detect packets by monitoring signal energy,
which is low in the presence of noise and increases when a
packet arrives.

A. Single sliding window packet detection

The single sliding window algorithm detects the presence
of packets by monitoring variations in the received signal
energy over an observation window of length L. This window
slides sample-by-sample over the received signal to reduce
the number of operations, as shown in 1. At each instant n,
one new sample enters the window while one old value is
discarded. The decision variable m,, is computed as follows:

L—-1

My = Z 7| (D
k=0

Mp4+1 = My + |7ﬂn+1|2 - |T7L—L+1 2 (2)
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Fig. 1. Single sliding window algorithm

Figure 2 shows the simulation results of the single sliding
window over a random signal of 200 samples with an SNR
of approximately 5 dB. The figure compares the accumulated
energy values for various window sizes. Around index 600,
where the signal is injected, the value of the accumulated
energy increases. Both the window size and the threshold
influence the performance of this method. Larger windows
tend to smooth out the noise fluctuations but may also reduce
responsiveness to short packets. Moreover, as the decision
variable is directly derived from the received signal energy, the
method is sensitive to noise, which can lead to false detections
under low SNR conditions.
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Fig. 2. Simulation of single sliding window energy for different window sizes

B. Double sliding window packet detection

The double sliding window algorithm compares the energy
in two consecutive sliding windows A and B of lengths M
and L, respectively. The decision variable m,, is computed as
the ratio of the energy in the two windows as:

M—1
An = Z |7an7k:|2 (3)
k=0
L
by =Y |rnskl’ “)
k=1
an,
n —73 5
M =3 ©)

Where a,, is the accumulated energy over window A and
b, over window B. Figure 3 shows the expected response
of the double window algorithm. When a packet arrives, the
energy in window A increases while window B remains low,
resulting in the rise of m,, until it reaches a peak. As window B
starts to fill, the value of b, increases, making m,, decrease.
Theoretically, the maximum m,, occurs when window A is
filled with signal energy and window B still contains noise. In
this case, we can obtain the start of the packet by subtracting
the window size A from the maximum m,, index.

Packet

Fig. 3. Double sliding window algorithm

Figure 4 shows the simulation results using different win-
dow sizes. The signal is injected from index 1000 to 1200.
The results show that smaller window sizes produce sharper
peaks in the decision variable, facilitating the detection of the
maximum point. Larger windows tend to reduce the influence
of the noise but flatten the slope and introduce more ripple near
the peak. When the window length exceeds the packet duration
(e.g., M = L = 400), the decision variable curve becomes
flatter, making the detection unreliable. This algorithm is
more robust to noise than the single-window algorithm, as the
decision is based on a relative energy comparison rather than
an absolute value, making it suitable for low SNR conditions
at the expense of doubling the required computations.
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Fig. 4. Simulation of double sliding window energy for different window
sizes

III. ASPECTS OF TIMESTAMPING ACCURACY

Accurate timing is essential for time-based wireless appli-
cations. In particular, localisation techniques based on signal
propagation time, such as TOA and TDOA, rely on precise
reception timestamps to ensure accurate position estimation.

Timestamping assigns a time reference to a detected packet,
and its accuracy directly affects the precision of packet detec-
tion. There are mainly three types of timestamps: hardware-
based, software-based, and firmware-based (or hybrid) [12].
Hardware-based timestamping offers high precision but re-
quires specialised and often costly hardware. Software-based
timestamping suffers from significant inaccuracy due to vari-
able processing delays. Firmware-based timestamping pro-
vides a practical trade-off by offering precision and cost-
effectiveness using programmable platforms.

Timestamping should also occur as close as possible to
the medium to avoid non-deterministic delays introduced by
higher layers [13]. The timing accuracy of the timestamp is
affected by different factors:
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o Time base resolution: Defined by the internal clock
period. It determines the smallest time interval that can
be represented.

Timestamp resolution: This refers to the granularity with
which timestamps can be generated.

Clock imperfections: Variability in clock behaviour, in-
cluding skew and jitter, can introduce timestamping de-
viations.

In our experimental setup, timestamping is performed using
the timed commands in the UHD driver. This timestamp mech-
anism is firmware-based, performing the actual timestamping
in the programmable logic of the USRP. On the transmitter
side, the assigned timestamp refers to the moment in the
future when the packet exits the digital transmit chain. On the
receiver side, however, only the first sample in each received
buffer is timestamped. To obtain the timestamp corresponding
to any other sample in the buffer, we use the relation:

E:Tbuffer"'Ts'i (6)

, where T; is the time of the target sample, Ty, fer is the
timestamp of the first sample in the buffer, T is the sampling
period, and ¢ is the index of the sample within the buffer.
Any imperfections in the sampling clock will also affect the
accuracy of T;.

Several delays must be considered to determine the actual
time of packet reception start, as illustrated in Figure 5.
The FPGA delay refers to the internal latency between the
timestamp generation and the actual moment the packet is
transmitted or received, typically due to pipeline or queuing
delays within the digital logic. Analogue components in the
transmission and reception chains introduce the delay in the
RF frontend. Lastly, on the receiver side, the packet detection
delay is the latency introduced by the detection algorithm
itself.

TX Rx

FPGA | RF FE |Propagation delay | RF FE [FPGA | PD

\ 4
RXx timestamp

\ 4
Tx timestamp

Fig. 5. Delays from Tx to Rx

To characterise the delays in our USRP device, we use a
loopback configuration of the Tx and Rx channels via coaxial
cable. A square wave signal was transmitted to ensure a sharp
rising edge when the signal is received. To detect the signal
with high time accuracy, we selected a very low threshold
slightly above the noise variance level as shown in Figure 6,
so that the first sample exceeding the noise level could be
detected.

The measured delays are shown in Figure 7. These delays
represent the processing and frontend delays in both Tx and
Rx, as well as the propagation delay through the coaxial cable.
The master clock frequency used in this case was Forx =

12
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Fig. 6. Threshold selection rule

50M Hz, so the minimum time step that can be measured
is Tepxk = 20ns. The estimated mean delay is 7 = 3.35us
with a standard deviation of o = 17.3ns. Other measurements
we conducted at different clock frequencies revealed that the
observed delay is not solely affected by time resolution but is
also significantly influenced by the clock frequency itself. This
indicates that the FPGA-related delay is frequency-dependent;
therefore, delay calibration must be performed at the specific
frequency used in the actual measurements. The delay in the
coaxial cable was also characterised using a VNA, obtaining
an average value of 35.62ns.

1e7 RX-Tx delay distribution for USRP E320
[ [ ]
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Delay(s)
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Fig. 7. Characterisation of delay between Tx and Rx in USRP E320 measured
at 50MHz.

IV. EXPERIMENTAL RESULTS

We evaluated the packet detection algorithms using a USRP
E320 in a loopback setup, ensuring the same master clock
between Tx and Rx, and avoiding synchronisation issues.
Packet transmissions were scheduled periodically using UHD
timed commands, and the timestamps were logged. On the
receiver side, the incoming signal buffers and their associated
timestamps were stored.

To assess the generalizability across different communica-
tion protocols, we generated datasets based on three signal
types:

o OFDM-like packets: these packets exhibit high peak-

to-average power ratios and frequency-domain sparsity.
Each packet contains 200 samples.
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o ADS-B-like packets: these signals are characterised by
sharp transitions between symbols and a return-to-zero
structure. Each packet contains 256 samples.

o GFSK-modulated packets: these signals have smooth
phase transitions and relatively constant envelope prop-
erties. Each packet contains 248 samples.

Each dataset includes approximately 115 transmissions dis-
tributed over a time span of 30 seconds.

Single sliding window
This algorithm estimates the packet start at the first index
exceeding a predefined threshold, making detection accuracy
highly dependent on the threshold level. In this study, the
threshold (1) was empirically selected as a fixed fraction
of the power within the window, allowing for the controlled
evaluation of its influence on timing accuracy. We selected
threshold levels at 10% and 50% to represent low and high
sensitivity detection regimes. The window size also affects the
accuracy, as larger windows increase uncertainty in pinpoint-
ing the exact start index.

In a practical deployment, the threshold should adapt dy-
namically to the actual signal and noise conditions to maintain
reliable detection across varying SNR levels. The imple-
mentation of adaptive thresholding mechanisms is therefore
considered as future work.

Double sliding window
In this method, we estimate the packet detection time by
locating the maximum point of the decision variable within
the interval defined by a threshold. The packet start index is
then:

- M 7)

The corresponding packet start time is derived from the
index pqcker timestamp. Here, the threshold only defines the
search interval and does not impact timing accuracy. To assess
this, we tested different thresholds, and the detected peak
remained consistent. This indicates that the algorithm yields a
clear peak, and the point is to determine the accuracy of this
peak within the window.

tpacket = tmax

A. Detection time accuracy

Figure 8 shows the detection time errors for each method.
‘SW’ and ‘DW’ refer to the single window and double window
algorithms, ‘Th’ indicates the threshold level (as a percentage
of signal power), and ‘w’ denotes the window size. The
detection error for each of the K = 115 transmissions is
computed as:

®)

where Tppy, is the time estimated by the packet detector for
the k" packet, and Tz}, is the ground truth time of the packet
k, obtained as the first sample above the noise as shown in
Figure 6. Note that these detections are discrete and inherently
subject to quantisation error due to the sampling period.
This error represents only the packet detection error, without
considering other delays. While absolute values are plotted, the
errors of the double window algorithm can also be negative.

ATppr =Tprpr — Tars,

13

This occurs when the peak is detected before window A is
filled, causing an underestimation of the true start index after
subtracting M.

The results show that the detection accuracy is usually con-
sistent across signal types, making both algorithms suitable for
heterogeneous signal environments. As expected, the threshold
level and window size significantly impact the accuracy of the
single-window algorithm, with time errors reaching up to 3us.
Lower thresholds detect earlier but are more prone to false
detections, while higher thresholds yield more stable detection
at the cost of increased latency. This highlights the need for
careful threshold calibration.

In contrast, the double sliding window method demonstrates
better performance, with errors typically in the range of
100 — 200 ns, and it is also more robust to changes in win-
dow size. In general, larger window sizes do not necessarily
improve accuracy; in fact, they may blur the packet start by
introducing ripple around the peak. However, at lower SNRs,
larger windows can provide better noise averaging, potentially
improving reliability at the cost of timing precision.

We also evaluated the timing offset between the detected
packet and the scheduled transmission time. Since packet
detector timestamps include hardware-induced delays (Figure
5), we compensate by subtracting the mean hardware delay
measured in our setup (Figure 7), improving the approximation
of the true arrival time. However, since the hardware delay
exhibits some degree of non-determinism, using a fixed mean
also introduces some error. Table I summarises the average
detection times relative to the ground truth, the transmission
time, and the transmission time after compensation using
the mean delay (7 = 3.35us). The results show that using
Tpp—T, without compensation yields large errors (in ps) due
to the fixed hardware delay, while compensation significantly
reduces them, bringing values closer to the ground truth.
Note that the double window often underestimates packet
start time (having negative Tpp — Tgr), so subtracting 7 can
increase its error. As a result, the single window may appear
more accurate post-compensation, despite the double window
being inherently more precise. This highlights the need for
precise calibration, and potential correction of the systematic
underestimation in the double window method may further
improve the accuracy.

To better understand the practical implications of the packet
detection timing errors, we translated them into the equivalent
localisation errors, assuming propagation time measurement-
based methods. The error in the estimation of time-of-flight is
translated to distance by

Ad=c- At €))

, where Ad is the distance error, At is the timing error,
and ¢ ~ 3 x 10%m/s is the speed of light. For TOA
systems, this error directly affects the position estimate at each
receiver. For instance, the single window with window 10 has
typical packet detection time errors around 300-500 ns, which
corresponds to a localisation error of 90-150 meters, while the
double sliding window has time differences around 150-200
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Packet detection time errors
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Fig. 8. Comparison of packet detection time errors. 'SW’ stands for Single Window and "DW’ for Double Window, the number following *Th’ is the threshold

percentage, and the number following 'w’ represents the window size

TABLE I
COMPARISON OF TIMING ERRORS. O’, A’, AND G’ DENOTE OFDM,
ADS-B, AND GFSK SIGNALS, RESPECTIVELY.

H Packet detector Tpp — Tar Tpp — Ty Tepp —Tgr — T H

O: 1.465us O: 4.726 s 0O: 1.376us
SW TH50 W50 A:1.626us A:4.919us A: 1.569us
G:1.432us G:4.605us G: 1.255us
0O: 515.2ns O: 3.776us 0O: 426.2ns
SW TH10 W50 A:387.4ns A: 3.68us A: 330.35ns
G: 502.5ns G: 3.676us G: 325.8ns
0: 336.2ns O: 3.597us O: 247.2ns
SW TH10 W20 A: 162.8ns A: 3.456us A: 105.79ns
G: 364.2ns G: 3.538us G: 187.5ns
O: —171ns O: 3.09us O: —260ns
DW W100 A: —158.6ns | A: 3.135us A:—215.48ns
G: —178.6ns G: 2.99us G: —355.2ns
0O: —156.9ns | O: 3.104us 0O: —245.86ns
DW W50 A:—226.2ns A:3.067us A:—283.1ns
G: —171.9ns | G: 3.001us G: —348.6ns
0O: —146.5ns | O: 3.114us 0O: —235.5ns
DW W20 A:—189.7Tns A:3.103us A: —246.6ns
G: —146.3ns | G: 3.027us G: —323ns

ns, corresponding to 45-60 meters. These results highlight that
even sub-microsecond timing inaccuracies can significantly
degrade localisation performance in non-terrestrial systems,
especially when precise positioning is required. In TDOA
systems, since the position estimate relies on time differences
between receivers, some components of the packet detection
timing error, particularly systematic or correlated ones, may
partially cancel out. As a result, the impact of detection timing
inaccuracies on localisation accuracy is often lower compared
to TOA-based approaches. However, uncorrelated or jitter-
induced errors can still contribute to localisation uncertainty.

B. Computational complexity

To evaluate the computational complexity of the detec-
tion algorithms, we measured the execution time required to
process one of the collected datasets for each sliding win-
dow algorithm. The dataset consists of 750 million samples,
corresponding to 30 seconds of transmission sampled at 25
MSPS. Both the single and double sliding window algorithms
were evaluated using the same window sizes to ensure a
fair comparison. The execution time was measured using the
cProfile tool, and each test was repeated four times. The
average values are presented in Table II.

All computations were performed offline on a general-
purpose server to isolate the algorithmic cost. The absolute
execution times are not directly relevant in this context, as
they depend on various parameters, such as the hardware’s
computational capabilities, programming language, or dataset
size. However, the relative comparison provides meaningful
insight. Results show that the double window algorithm re-
quires approximately twice the computation time of the single
window algorithm, highlighting the key trade-off between
detection accuracy and processing cost.

Although the exact computational capabilities of the USRP
E320 are not characterised in this study and are left for future
work, the observed ratios provide a scalable indication of
relative complexity. This information is directly applicable to
embedded or FPGA-based implementations, where processing
resources and power budget are limited. In such scenarios,
the proportional increase in computational demand observed
for the double sliding window algorithm would likely trans-
late into a similar rise in power consumption and hardware
resource usage.

The impact of different window sizes on computational

14
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TABLE II
COMPUTATION TIME

H Packet detection algorithm ‘ Running time avg (s) H

402.25
812

Single window

Double window

I Ratio DW/SW \

time was not evaluated, as both algorithms are optimised
with sliding windows. In this approach, only one new sample
is added and one old sample is removed at each iteration,
avoiding recalculation over the whole window. Therefore, in
a streaming scenario, the number of operations per iteration
remains constant regardless of the window sizes.

V. CONCLUSIONS AND FUTURE WORK

This work presents a detailed evaluation of two energy-
based packet detection algorithms - the single sliding window
and double sliding window - focusing on the timestamping
accuracy for time-based applications, such as localisation, in
signal-agnostic spectrum sensing systems.

The results demonstrate that while the single sliding win-
dow approach is more computationally simpler and faster, its
detection time accuracy is strongly influenced by the choice
of threshold and window size. In contrast, the double sliding
window offers improved detection time accuracy and is more
robust to noise and parameter variations, but at the cost of
increased computational complexity.

We validated both methods using real captured signals on
the USRP E320, characterised internal delays, and proposed
a timestamping compensation for hardware constraints. Ex-
periments across multiple signal types (OFDM, ADS-B, and
GFSK packets) confirmed the algorithm’s protocol-agnostic
performance of both algorithms and quantified the trade-offs
between detection and computational load.

As future work, we plan to explore adaptive thresholding
techniques, including machine learning-based approaches to
enhance detection robustness under varying conditions. We
also aim to evaluate the performance of the algorithms in
more realistic wireless environments, particularly under low-
SNR, multipath, and mobile scenarios. Additionally, extending
the framework to multi-device setups with unsynchronised
clocks will allow us to assess synchronisation robustness
in distributed systems. Finally, implementing the detection
algorithms directly on the FPGA will be considered to reduce
latency and improve scalability for real-time scenarios, while
also analysing the energy consumption and real-time compu-
tational performance of the algorithms on the USRP E320
probe to assess their feasibility for long-duration balloon-based
missions.
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