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Nuclear quadruple resonance (NQR) has excellent potential for the remote detection of nitrogen-
containing substances, such as trinitrotoluene (TNT). However, using NQR techniques in security systems
have some problems. For example, unknown temperature of the detecting explosives and low signal-to-
noise ratio (SNR) leads to a priori uncertainty of the parameters of the NQR signal. In the article, we use
machine learning methods for detecting the NQR signal. It allows us to increase speed and accuracy of
TNT NQR signal detection. We have shown that proposed method of NQR signal detecting is more accu-
rate and 100 times faster than alternative methods if temperature uncertainty is above 10 degrees. We
achieve probability of NQR signal detection about 95% for SNR �15 dB.

� 2019 Elsevier Inc. All rights reserved.
1. Introduction

One of the promising methods for detection of nitrogen-
containing explosives (such as TNT) is based on NQR spectroscopy
[1]. It allows to remotely detect the explosive into closed bags,
boxes etc. However, the methods based on the NQR have some
problems. The main problem is extremely low NQR signal energy.
It significantly decreases detection probability of signal due to the
external interference in NQR band [2]. Frequently used method of
signal detection in this case is method of a matching filtering. It
allows detecting of the NQR signal in laboratory conditions, when
all the parameters of a sample are known and controlled [3]. In real
cases, such as detecting landmines or explosives in public areas,
temperature and volume of samples are unknown. Works [4,5]
show that value and history of temperature visibly change NQR
spectrum. For example, the sample temperature is unknown in
tens degrees range. In addition, the signal amplitude is propor-
tional to the sample volume. It limits using of matching filtering.

There are some known methods for detection of signals with
unknown parameters: energy detection method (ED) [6], a set of
matched filters (SMF) [7], adaptive narrow-band filtering [8] and
various methods of quasi-likelihood estimates [9]. Energy detec-
tion method is to estimation of signal energy in the signal fre-
quency band. The method has low computational cost, but its
true detection probability is low when the signal energy is
unknown. External interference in the signal frequency band sig-
nificantly decrease detection probability also. Main problem of
SMF is to decreasing the detection probability with increasing
ranges of parameter uncertainty. The maximum likelihood estima-
tion methods are based on the solving of multidimensional opti-
mization problem. Calculating of likelihood function for several
thousand samples of the signal is difficult computation problem.
Hence, it is significantly increase signal detection time. These
methods of signal detection are not applicable in practice. It
explains by rich spectral composition of NQR signal.

Besides these methods neural networks are used for detection
[10,11] and classification [12,13] of weak and multifrequency sig-
nals. We propose to use machine learning methods for detecting
signals used in NQR-based devices for detecting TNT. The neural
network is trained on dataset, which consists of many cases of sig-
nals and noise parameters [14]. Using of machine learning allows
keeping true detection probability of NQR signal with unknown
parameters. Training requires large computational cost only one
time, subsequently using of trained network is faster than quasi-
likelihood methods.

2. Signal model

NQR detectors and spectrometers often use free induction
decay signal method [15]. Model of this signal is exponentially
damped sinusoids and additive noise:

y n½ � ¼ x n½ � þ n n½ �

¼
XK�1

k¼0

Aksin 2pf knDt þukð Þexp �cknDtð Þ þ n n½ �: ð1Þ

Here n = 0, 1, 2,. . ., N � 1, N is a number of signal samples
(N = 103), K is the signal multiplicity, fk is the frequency of the k-
th sinusoid, ck > 0 is the decay coefficient, uk is the initial phase,
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Table 1
Temperature dependences of spectral component frequencies of orthoclinic TNT NQR signal.

Sinusoid number, k 1 2 3 4 5 6

fk(T), kHz 0.12 T + 834 0.27 T + 784 0.2 T + 792 0.21 T + 783 0.14 T + 804 0.14 T + 798

Table 2
Parameters of the simulated TNT NQR signal and their
uncertainty ranges.

Signal
Parameter

Range of uncertainty

Temperature, K 253–323
Sinusoid amplitudes, Ak 0.16–1
Initial phase, uk 0–2p
SNR, dB –30 to 0
ck, s�1 (0–5) � 104
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Ak is the harmonic amplitude, n n½ � – normal white noise, Dt – sam-
pling time (Dt = 0.1 ls). Usually in spectrometers real and imagi-
nary part of the signal NQR is available. We analyze only real
part of NQR signals, which is described by model (1).

We use model of the NQR signal of orthoclinic TNT in the 800–
900 kHz frequency range with K = 6 obtained in real experiments.
We take the values of parameters and uncertainty ranges as close
as possible to real experimental data in the temperature range
253–323 K [4,5]. The temperature dependence of fk is linear and
well studied (see Table 1 [5]).

The parameter c has nonlinear temperature dependence [4,16].
It was experimentally demonstrated that Ak substantially depends
not only on the sample volume, but also on its temperature history
[17]. Therefore, the coefficients Ak in model (1) are dimensionless
and we chose it randomly and independently. Table 2 shows the
values of the parameters and their uncertainty ranges for the
TNT NQR signals modeled in accordance with model (1). SNR is
determined by formula:
Fig. 1. TNT NQR signal with different SNR: �15 dB (blue) and without noise (orange). S
references to colour in this figure legend, the reader is referred to the web version of th
SNR ¼ 10 lg Es=Enð Þ;
where Es is the total signal energy and En is the noise energy. Typical
form of simulated NQR signals is shown on Fig. 1. Here the ampli-
tude is normalized to the maximum of the NQR signal.

3. Standard fast methods for detecting a TNT NQR signals

In the study, we compared three fast methods for detecting a
TNT NQR signal: an energy detection method (ED), a method of
matched filters set (SMF), and the proposed method that uses a
neural network (NN).

The main ED method idea is comparing the signal energy Es
with the detection threshold. The signal y[n] in filtered by the
band-pass filter with cut-off frequencies of 830 and 900 kHz. The
signal energy Es is calculated from filtered signal samples y0 [n]
by the formula:

ES ¼
XN�1

n¼0

y0
2
n½ �:

If Es > d, then the signal is detected, otherwise not. The detection
threshold d is defined as:

d ¼
XN�1

n¼0

n2 n½ � þ 1
2
x2min n½ �

� �
;

where xmin is a signal with arbitrary frequencies, temperature and
initial phases from Table 2 and minimal energy parameters
(Ak = 0.16 and c = 5�104).

SMF method was tested with NSMF = 100 filters. The impulse
responses of these filters hj are the TNT x[n] (1) NQR signals with
ignals are normalized to TNT NQR signal without noise. (For interpretation of the
is article.)



Fig. 2. Architecture of the neural network.
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arbitrary parameters from Table 2. The analyzed signal y[n] is pro-
cessed by each of the created filters. The signal is detected with cri-
terion of an ideal observer [18] if any inequalities are true:

XN�1

n¼0

hj N � n� 1½ �y n½ � > 1
2

XN�1

n¼0

hj N � n� 1½ �hj n½ �: ð2Þ
4. The structure of the neural network and dataset

Two neural network’s layers types are most often used for prob-
lems of detection and classification: fully connected and convolu-
tion layers [13]. We have found that the mixed architecture
allows to achieve minimal true probability error with highest cal-
culation speed. Proposed neural net consist of two one-
dimensional convolution layers (Conv1D) and one fully connected
layer. Our model of deep convolutional neural network is shown on
Fig. 2. The net detail architecture is presented in Table 3. Main fea-
ture of convolutional network is large number of edges in compu-
tational graphs (about 1.2 ∙ 105) but low count of neuron weights
(3200).

Consider the signal transformation within the network layers.
At first layer the signal y[n] concatenates with L zeros before neural
net processing. This procedure allows us to make all signals of a
training set of same size (N = 1000). Adding zeros to the right or left
does not matter. This is a standard procedure, described, for exam-
ple, in [14]. The obtained signal Y 0ð Þ n½ � transforms by the first con-
volution layer in following way:

z 1ð Þ
r n½ � ¼ ReLU

XL�1

l¼0

w 1ð Þ
r l½ �Y 0ð Þ½lþ n� þ b 1ð Þ

r

 !
;

Table 3
Neural Network Architecture.

Layer

1 2 3

Type Conv1D Conv1D Fully connected
Neurons 10 20 1
Kernel, size � channels, stride 100 � 1, 1 10 � 10, 1 –
Max pooling, size, stride 10, 10 10, 10 –
Activation ReLU ReLU Sigmoid
where L is the length of the convolution filters, n = 0, 1,. . .N � 1,

z 1ð Þ
r n½ � is the signal from the output of the first layer, r = 0, 1,. . .,

R � 1, (R = 10 is the number of convolution filters), w 1ð Þ
i l½ � is impulse

responses of convolution filters, b 1ð Þ
r are the biases. The superscript

in parentheses denotes the network layer number. The ReLU(x)
function is defined as maximum between 0 and argument value x.
The second layer input signals Y 1ð Þ

r m½ � (m = 0, 1,. . ., N/S, S = 10 is size

of maximum pooling) are created from z 1ð Þ
r n½ � by pooling operation

[13] and L zeros padding.

z 2ð Þ
r m½ � ¼ ReLU

XL�1

l¼0

XR�1

r0¼0

w 2ð Þ
rr0 l½ �Y 1ð Þ

r0 ½lþm� þ b 2ð Þ
r

 !
;

where w 2ð Þ
rr0 m½ � are impulse responses of convolution filters in the

second layer, b 2ð Þ
r are biases of the second layer filters. After the sec-

ond convolution layer, pooling is performed again, to create 1-D
flatten array Y 2ð Þ q½ � (q = 0, 1,. . ., Q � 1, Q = RN/S2 is the length of

the flatten array Y 2ð Þ q½ �, from z 2ð Þ
r m½ � for the third layer input. The last

fully connected layer can be described by the formula:

p̂ ¼ 1þ exp �b 3ð Þ �
XQ�1

q¼0

w 3ð Þ
q Y ð2Þ½q�

 ! !�1

;

here p̂ is estimated quasi-probability of the NQR signal detection,

wð3Þ
q , bð3Þ are weights and biases of fully connected layer,

respectively.
The weights, impulse responses and biases (w and b) of all lay-

ers are adjusted during the learning process. This process consists
of minimizing the loss function, which in the case of a binary clas-
sification is average cross entropy for all dataset signals:

L hð Þ ¼ � 1
M

XM
i�1

pilogp̂iðhÞ þ ð1þ piÞlogð1� p̂iðhÞÞð Þ

Here M is the number of signals in the dataset, h is the param-
eters array (weights w and biases b) of the neural network, pi is
marker equal to ‘‘1” if signal consist TNT and ‘‘0” otherwise, p̂i is
the neural network’s estimate of the probability of x[n] being pre-
sent on the y signal.



Fig. 3. Comparison of methods for two different ranges of temperature uncertainty DT: NN – black, SMF – yellow, ED – green lines. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 4. ROC-curves for DT = 7 K and different SNR: NN – black, SMF – yellow, ED – green lines. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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Dataset consists of 2000 signals without NQR and 2000 TNT
NQR model (1) signals (total count is M = 4000). Other model
parameters are evenly distributed in the ranges defined by Table 2.
Also the dataset is randomly divided into two equal size parts:
training and test sets. The test set is used to calculate accuracy of
trained neural network detector. A variation of the gradient des-
cent method, the Adam method [19], is used to train the neural
network. We use batches with 100 signals to accelerate training
speed and to prevent overfitting of neural network model.

5. Experimental results

We compared the proposed method at different noise levels, for
different ranges of temperature uncertainty of the TNT sample in
three ranges 288 ± 0.5 K, 288 ± 7 K, 288 ± 35 K. In this case, the
neural network in all experiments is trained in 253–323 K temper-
ature range.

We study detection methods in SNR ranges from �30 dB to
�5 dB. Low bound is defined as value then probability of correct
detection is equal 0.5 for SMF. High bound is chosen as noise level
when signal can be detected by spectrum maxima method. Depen-
dencies of detection probability versus SNR for each method in two
different ranges of temperature uncertainty are shown in Fig. 3. ED
has low accuracy in any studied temperature range. Now we can
see on Fig. 3 that NN is more accurately than ED if SNR > �20 dB
but methods are same otherwise. SMF is more efficient than NN
if SNR > �15 dB. NN is the best detection method if SNR < �10 dB
and in lower temperature uncertainty case DT = 7 K.

ROC-curves are used to estimate efficiency of detection meth-
ods [20]. ROC-curve is dependence probability of detection versus
probability of false alarm. More effective detection method has lar-
ger area under curve. The ROC-curves for the studied methods for
DT = 7 K is shown on Fig. 4.

NN probability of detection is 85% with 1% probability of false
alarm for SNR = �15 dB. SMF probability of detection is 35% for
the same conditions, but areas under the ROC-curves are approxi-
mately equal. It means that efficiency of NN and SMF methods is
equal if false alarm is not critical. All of these methods are not effi-
cient for SNR < �20 dB. The methods are implemented on Python
3.5 and tested on i5 8600 CPU. Calculation times for each method
are SMF – 0.35 s, ED – 0.01 s and NN – 0.015 s.

The python scripts that we used to calculate and implement the
neural network detector are published in the github repository
[21].

6. Conclusions

The method based on machine learning is more effective than
alternative methods for detecting the TNT NQR signal with a large
uncertainty of parameters. We achieved probability of NQR signal
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detection about 95% for SNR �15 dB. Our investigation has shown
that for our dataset, detection using neural networks is more effec-
tive for weaker signal, when the temperature of the substance is
unknown. Neural network also minimizes interference error in
task of NQR signal detection. We note that the described method
does not require structural changes in the NQR detector equip-
ment. Obviously, similar conclusions will be valid for the task of
detecting the NQR signal of any substance. The neural network
method of signals processing with uncertain parameters in strong
noise can be used for signals of any kind, for example, spin echo
signals. However, it should be noted that even in the described
experiments, overfitting cannot be ruled out. Described approach
can be improved in future research by optimization of training
parameters and using robust dropouts or mixed pooling for overfit-
ting cancellation.
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