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ABSTRACT

Given its high specificity, the use of nuclear quadrupole reso-
nance (NQR) spectroscopy allows for a reliable identification
and quantification of substances containing quadrupolar nu-
clei, such as the 14N nucleus prevalent in many explosives,
medicines, and narcotics. Regrettably, the measured signals
are typically weak and suffers from interference signals of-
ten being several orders of magnitude stronger than the signal
of interest. In this work, we propose a two-channel setup al-
lowing for interference cancellation in applications such as
demining. The proposed techniques forms an estimate of the
interference using the secondary channel, and then removes
it from the primary channel. The improved performance of
the resulting detector is illustrated using real measurements
of NaNO2.

Index Terms— Interference cancellation, radio fre-
quency spectroscopy, multi-channel data

1. INTRODUCTION

Nuclear quadrupole resonance (NQR) is a radio frequency
(RF) spectroscopic technique which can be used to detect
the presence of quadrupolar nuclei, a requirement fulfilled
by roughly 50% of the elements in the periodic table (see,
e.g., [1]). The technique is similar to both nuclear magnetic
resonance (NMR) and magnetic resonance imaging (MRI),
but unlike these, NQR does not require a large static magnetic
field to split the energy levels of the nucleus, allowing for both
relatively cheap and portable sensor equipment. The acquired
NQR signals are highly specific, allowing for an unequivo-
cal identification of a large range of solid-state explosives and
narcotics, with obvious applications in the detection of ex-
plosives in landmines and unexploded ordnance, as well as
quantification of the content of many forms of medicines, for
instance allowing for the non-invasive detection of counter-
feit or substandard medicines [2–9]. Regrettably, the acquired
signals are often weak and suffers from the presence of strong
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RF interference (RFI), such as the spurious signals resulting
from piezoelectric- and magnetoacoustic responses or from
the radio transmissions present in RF band of interest. Such
RFI may often be several magnitudes stronger than the signal-
of-interest (SOI), necessitating efficient interference cancella-
tion to allow for a practically useable system. During recent
years, notable efforts have been made to improve experimen-
tal setups and to develop detection algorithms allowing both
for uncertainties in the model assumptions and in the temper-
ature of the observed substance, and for RFI cancellation us-
ing secondary data [10–17]. Reliable RFI cancellation is dif-
ficult both due to the magnitude of the RFI and by its highly
non-stationary nature. Furthermore, to allow for a reason-
able signal-to-noise ratio (SNR), it is often necessary to use
probes with a high Q factor, resulting in the excitation of only
a narrow band of frequencies, causing the RFI to be close or
even coinciding with the SOI frequencies. Efforts made to
cancel the interference using secondary data, such as those
in [18–21], although efficient, suffers from the rapidly chang-
ing nature of the RFI, especially in the high-Q case when RFI
components frequently occur close to, or even coincides, with
the SOI, while still varying too rapidly to allow for the use of
secondary data acquired while the spins relaxes back to their
original state. In this work, we develop a two-channel NQR
setup specifically tailored for this case. Multi-channel NQR
techniques have been proposed earlier (see, e.g., [12, 22]),
although these techniques assume that the RFI components
remain reasonably stationary over the acquisition. Here, we
instead introduce the use of the second channel as a way of
estimating the RFI impinging simultaneously on the primary
sensor, which will measure both the SOI and the RFI. Gen-
erally, the two sensors will have different gains, and although
impinging simultaneously on the both channels, the RFI will
be somewhat different in the two channels. The proposed
RFI cancellation algorithm tracks the time-varying gain be-
tween the sensors and subtracts the estimated RFI component
from the primary channel, thereby allowing for the presence
of rapidly varying RFI that may be close, or even coincide,
with the SOI. The improved performance of the resulting de-
tector is illustrated using measurements of NaNO2.



2. SIGNAL MODEL

For substances having a long spin-lattice relaxation time, such
as, e.g., the explosive TNT, measurements are generally ac-
quired using so-called pulse spin locking (PSL) sequences,
formed by a train of excitation pulses which aims at refocus-
ing the magnetization. The resulting signal constitutes a train
of decaying echoes, each being well modelled as a sum of
decaying sinusoids, with frequencies depending on the tem-
perature of the observed substance [14, 23]. For notational
simplicity, we will here denote the resulting N × 1 dimen-
sional SOI vector s(t; θ), with t denoting the echo number,
and θ the unknown parameters detailing the SOI. These typ-
ically include the temperature of the observed substance, the
decay rates of the echoes, as well as the echo train, as well as
further parameters not relevant for the present discussion [23].

Generally, the sensors’ gain will be different, as well as
vary slowly over time due to the sensors heating up during the
measurements. In order to allow for this, the system is set up
to measure two sets of data for each channel; initially, both
channels measure the background, prior to the actual sens-
ing, thereby allowing for measurements useful to estimate the
gain difference between the sensors. Then, when exposed to
the substance of interest, the primary sensor will record the
contribution of the SOI, whereas the secondary sensor, due
to the spatial offset to the substance, will only measure the
noise and interference. The signal measured on the primary
channel, yp(t), may thus be modelled as

yp(t) = s(t; θ) + rp(t) + ep(t) (1)

where rp(t) denotes a sum of rapidly time-varying narrow-
band RFI components, and ep(t) an unstructured thermal
(Johnson) noise, often assumed to be white circularly sym-
metric Gaussian distributed (see also [13, 14]). Similarly, the
signal measured on the secondary channel, ys(t), may be
modelled as

ys(t) = rs(t) + es(t) (2)

where rs(t) denotes the RFI as observed from the second
sensor, which typically shares some of its spectral support
with rp(t), and es(t) the sensor noise. The corresponding
measurements made before being exposed to the substance
of interest, the so-called pre-measurements, termed zs(t) and
zp(t), have a similar composition, although the primary chan-
nel in this case lacks the contribution of the SOI.

3. INTERFERENCE CANCELLATION

Due to the rapidly varying nature of the RFI, one should not
use the overall power of the sensors in order to estimate the
gain between the sensors, as this will be rapidly varying with
frequency for the two sensors. Instead, we focus on the most
dominant RFI component present, as at least this is likely to
be present in both channels. In order to determine the relative
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Fig. 1. Relative gain between the channels for the dominant
component of the pre-measurements.

gain between the sensors, we thus proceed to determine the
strongest spectral component in the excitation band of either
of the two channels; this may be done in various ways, but
is here simply done using the maximum of the periodogram
within the band. We then estimate the corresponding spectral
amplitude of the other channel at the same frequency as this
dominant component using least squares (LS). Terming the
resulting magnitude estimate of the dominant spectral com-
ponent αp(t) and αs(t) for the primary and secondary sensor
at data block t, respectively, the relative gain ratio between
the sensors are then estimated for each data block as

ρ(t) =
αp(t)

αs(t)
(3)

for all measured data blocks in the pre-measurements. Fig-
ure 1 shows the time-varying gain of a typical experimental
setup, clearly illustrating both the rapidly varying nature of
the RFI, and the instability of the resulting gain estimate. As
ρ(t) will typically vary noticeably, as illustrated in Figure 1,
we proceed to compute the overall gain as as the median of
the available ρ(t) estimates, terming the result gain ratio ρ̂.

Proceeding, we then strive to remove the dominant RFI
components from the primary channel using the RFI detected
on the secondary channel. For each data block, this is done
by estimating the most dominant component in ys(t); we
term the frequency and amplitude of this component fs(t)
and βs(t), respectively. As the phase of the RFI at the differ-
ent channels seem to vary significantly and seemingly with-
out any pattern, we proceed to estimate the phase of the cor-
responding spectral amplitude in the primary channel, at the
frequency fs(t), here termed φ̂p(t), using LS, and then form

qp(t) = ρ̂ |βs(t)| e2πifs(t)−2πiφ̂p(t) (4)
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Fig. 2. The ROC for the discussed interference cancella-
tion algorithms, when used in combination with ETAML, for
(simplistic) simulation data.

which is thus an estimate of the RFI contribution at frequency
fs(t) in the primary channel, scaled with the relative gain ra-
tio to be of the appropriate scale, and aligned to have the same
phase as the RFI component in the primary channel. To en-
sure that one does not subtract more power than is present in
the primary channel at this frequency, let

q̃p(t) = min
{
|qp(t)| , |βp(t)|

}
(5)

where βp(t) denotes the LS estimate of the (complex-valued)
amplitude of the primary data at frequency fs(t), such that

βp(t) =
(
a∗faf

)−1
a∗fyp(t) (6)

with (·)∗ denoting the conjugate transpose, and

af =
[

1 e2πifs(t) . . . e2πifs(t)(N−1)
]T

(7)

This ensures that q̃p(t) does not contain more power than
what is present in the primary channel at frequency fs(t). To
further allow for the unreliable gain estimate, and take the
estimation errors of the phase and amplitudes into account,
we proceed to form the cleaned version of the primary data,
y
(1)
p (t), as

y(1)
p (t) = yp(t)− νq̃p(t)af (8)

where 0 < ν ≤ 1 is a user parameter determining how re-
liable one deems the estimated RFI component. In order to
ensure that one does not fully remove a possible SOI contri-
bution, ν is typically selected somewhat lower than unity; in
this work, we have from several experimental studies selected
ν = 0.95 as being a suitable value. If further RFI components
are deemed present in both the primary and secondary chan-
nels, one may then proceed to remove further components by
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Fig. 3. The ROC for the discussed interference cancellation
algorithms, when used in combination with ETAML, for mea-
sured NaNO2 data.

repeating the above procedure, forming y
(2)
p (t) by extracting

the second largest RFI component from y
(1)
p (t), and so forth.

However, our experimental studies indicate that it is difficult
to appropriately select the number of such components re-
liably, given their rapidly time-varying nature, and we have
here, for now, thus restricted the interference cancellation to
remove only the most dominant RFI component. We will in
our continued work strive to determine a suitable estimator
for the appropriate RFI model order.

4. NUMERICAL RESULTS

We proceed to examine the proposed RFI cancellation scheme
when applied to both simulated and measured NQR data. For
the simulation setup, we generate an NQR signal mimick-
ing the echo train signal resulting from an PSL excitation of
NaNO2, adding white circular Gaussian noise to model the
thermal noise (the precise details of the signal are not rele-
vant to the discussion here and are therefore omitted in the
interest of brevity; the reader is referred to [14] for further de-
tails on the used model). To simulate a simplistic stationary
RFI component, we then add a sinusoid with random ampli-
tude coinciding with the frequency of the NQR response from
NaNO2. To allow for the difference in gain, we allow the am-
plitudes to differ somewhat between the channels. The real
measurements were formed using PSL sequences on a sample
of NaNO2, with both the pre- and actual measurements con-
taining 256 data blocks, each being N = 128 samples long1.
The experiment was repeated 140 times to allow for compu-

1Here, each of these measurements were constructed using the phase-
cycling of eight measurements, to allow for an efficient cancellation of the
ring-down effects; see [24] for a further discussion on this aspect.
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Fig. 4. The power of primary sensor for the pre- and actual
measurements, as a function of the echo number.

tation of receiver operating characteristic (ROC) curves.
Figures 2 and 3 show the ROC curves for the proposed

RFI cancellation algorithm, here termed the dual-channel
EPIC (DEPIC) approach, when used in combination with
the ETAML detection algorithm presented in [14], for the
case of simulated and measured data, respectively. As can be
seen from the figures, the proposed RFI cancellation scheme
is clearly able to improve the performance as compared to
when only the ETAML detector is used. As a comparison,
we show the performance of the EPIC algorithm presented
in [21], which iteratively subtracts the interference occur-
ring in both the pre- and actual measurements of the primary
channel. This method, which in [21] was shown to offer
preferable performance as compared to several other cancel-
lation schemes, is designed to use secondary data measured
from the same sensor, assuming the RFI to be reasonably sta-
tionary over the measurements. As can be seen in Figure 2,
EPIC is able to cancel the (fully stationary) RFI component in
the simulated data, as may be expected due to the simplistic
(and unrealistic) nature of the setup. The DEPIC method is
on the other hand unable to cancel the RFI as well as EPIC,
due the random difference in amplitude between the two
channels, causing a loss in performance. Clearly, if the RFI
components can be assumed to be stationary over the pre-
and the actual measurements, one should therefore use the
secondary data from the same channel to cancel the RFI.

Regrettably, the assumption of stationarity does not seem
to hold sufficiently well in a practical setup, and, as can be
seen in Figure 3, the RFI cancellation for real measurements
using EPIC does not improve the performance of the detector
at all as compared to when not using any RFI cancellation.
Notably, the performance actually becomes worse than guess-
ing for several false alarm probabilities; this counterintuitive
result occurs due the rapidly varying nature of the RFI.
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Fig. 5. Spectrogram of the pre- and actual measurements for
the primary sensor, as a function of the echo number.

Figure 4 illustrates the power measured over the pre- and
actual measurements (here shown as in the left and the right
part of the figure, with the gap indicating the delay incurred
when changing the setup), as a function of the data block
index; as can be seen in the figure, the power of the sensor
varies rapidly over time. Similarly, Figure 5 shows the spec-
trogram of the measured signal, clearly indicating the time
varying nature of the RFI. It is worth noting that the desired
SOI, which ought to appear as a single common tone in the
actual measurement data (the second part of the figure), is
completely hidden by the RFI. As a result of time-varying
RFI, the spectral subtraction performed by EPIC fails to sub-
tract the appropriate RFI component from the data, and often
thereby instead cancels the SOI, or even create an artificial
RFI component due to slight phase mismatches in the spec-
tral subtraction, causing the somewhat odd ROC curve.

A similar problem will occur for the existing multi-
channel RFI cancellation techniques, such as the methods
presented in [12, 22]. These, as well as the methods com-
pared to in those works, are all based on the assumption that
the RFI does not vary too rapidly over the echo train, and will
therefore suffer from a similar breakdown as EPIC.

5. CONCLUSIONS

In this work, we have introduced a practical dual-channel
interference cancellation technique for NQR measurements
prone to strong and rapidly time-varying interference signals.
The method estimates the interference using the secondary
channel and then, compensating for the gain difference be-
tween the sensors, subtracts it from the primary channel. The
method is in this way able to remove strong interference close
to, or at, the NQR frequency. The performance of the method
is verified using real measurements of NaNO2.
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