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Abstract—This paper addresses the challenging problem of

detecting Gaussian signals with jointly unknown statistical pa-
rameters (mean, variance) in the presence of additive white
Gaussian noise (AWGN) and low-resolution quantization. We
propose a novel detection scheme based on the Expectation-
Maximization (EM) algorithm, which iteratively estimates the
unknown parameters from the quantized observations. The un-
quantized received signal is treated as a latent variable, allowing for
a tractable derivation of the E-step and M-step. Subsequently, an
EM-based Generalized Likelihood Ratio Test (GLRT) detector is
formulated. The performance of the proposed detector is
analyzed through simulations, demonstrating its effectiveness in
various quantization scenarios and comparing it against
theoretical benchmarks. This work provides a robust solution for
signal  detection in power-constrained and high-frequency
communication systems, such as those envisioned for 6G, where
low-resolution analog-to-digital converters (ADCs) are prevalent.

Index Terms—Gaussian signals, EM algorithm, signal detec-
tion, unknown parameters, quantization, low-resolution ADC,
GLRT, 6G.

I. INTRODUCTION

Signal detection in wireless communication systems is a
fundamental task, often complicated by the presence of
noise and unknown signal characteristics. Traditional detection
theory frequently assumes perfect knowledge of signal and
noise parameters, or at least high-resolution observations.
However, emerging communication paradigms, particularly in
the context of 6G and massive Multiple-Input Multiple-Output
(MIMO) systems, increasingly rely on low-resolution analog- to-
digital converters (ADCs) to reduce hardware complexity,
power consumption, and cost [1], [2]. This introduces signif-
icant challenges, as quantization inherently distorts the signal
and obscures the underlying statistical parameters. This paper
focuses on the critical problem of detecting Gaussian signals
when both the signal and noise statistical parameters are jointly
unknown, and the observations are subject to low-resolution
quantization. We propose an adaptive detection framework
that leverages the Expectation-Maximization (EM) algorithm
[3] to iteratively estimate these unknown parameters from the
quantized data, thereby enabling robust signal detection.

Il. SYSTEM MODEL

We consider a binary hypothesis testing problem for the
detection of a Gaussian signal in the presence of additive
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white Gaussian noise (AWGN) when both the signal and
noise parameters are unknown. The observations are subjected to
low-resolution quantization, a common scenario in power-
constrained or high-frequency communication systems, such as
those envisioned for 6G.

A. Signal Model

Under hypothesis H; (signal present), the received signal
before quantization, denoted as x[n], is modeled as a Gaussian
random variable:

x[n] = s[n] + w[n]

where s[n] is the Gaussian signal and w[n] is the additive
white Gaussian noise. The signal s[n] is assumed to be a zero-
mean Gaussian random variable with unknown variance o2,,
i.e., s[n] ~ N(0,02%). For simplicity, we initially consider
a real-valued signal, but the framework can be extended to
complex signals. The unknown parameter for the signal is o2 .

B. Noise Model/

The additive noise w[n] is assumed to be independent
and identically distributed (i.i.d.) zero-mean AWGN with an
unknown variance o2, i.e., w[n] ~ N(0,02,). The unknown
parameter for the noise is a2,,,.

C. Observation Model- Low-Resolution Quantization

The continuous-valued received signal x[n] is passed
through a B-bit uniform quantizer. The output of the quantizer,
y[n], is the observed data. For a B-bit uniform quantizer with a
dynamic range [~Vmax, Vmax], the quantization levels are given
by ok = —Vmax +(k=1/2)A, for k = 1, . . ., 2%, where A =
2Vmax /28 is the quantization step size. The quantized output
y[n] is given by:

y[n] = Q(x[n])

where Q(:) denotes the quantization function. For a 1-bit
quantizer, the output is simply y[n] = sgn(x[n]). The quan-
tization process introduces a non-linearity that complicates
parameter estimation and detection.
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D. Hypothesis Formulation

The detection problem is formulated as a binary hypothesis
test:
Null Hypothesis (Ho): Only noise is present, i.e., x[n] =
w[n]. In this case, the observations x[n] are Gaussian with
mean 0 and variance o2,,. The signal variance o2, = 0.

- Alternative Hypothesis (H.): Signal and noise are
present, i.e., x[n] = s[n] + w[n]. In this case, the
observations x[n] are Gaussian with mean 0 and variance
02’5 + 0-2’W

The goal is to determine which hypothesis is true based on

the quantized observations y[n] over N samples, i.e.,y =
[y[1l. y[2]...., YINII", while simultaneously estimating
the unknown parameters 62 and o2,

111. EXPECTATION-MAXIMIZATION (EM) ALGORITHM
FOR PARAMETER ESTIMATION

The Expectation-Maximization (EM) algorithm is an itera-
tive method for finding maximum likelihood (ML) estimates of
parameters in statistical models, where the model depends on
unobserved latent variables. In our scenario, the quantized
observations y are the incomplete data, and the unquantized
received signal x serves as the complete data. The unknown
parameter vector is 8 = [02,,,02,,]".

A. Complete Data Likelihood

The complete data is the unquantized signal x =
[X[1], x[2],..., X[N]]". Under hypothesis H;, the elements of x
are i.i.d. Gaussian random variables with zero mean and
variance o2, = o2+ 02,. The complete data log-likelihood
function is given by:

N N
= —?ln(Qﬁ) -5 In(o? +07,)
N

1
— m Z :1?['.'1]2

Wipn=1

Inp(x; 8)

B. E-step (Expectation Step)

In the E-step, we compute the expected value of the
complete data log-likelihood function with respect to the
conditional distribution of the latent variables x given the
observed data y and the current parameter estimates 0@,
where i is the iteration index. The Q-function is defined as:

Q(e|e(i)) = Ex|y,9“) [Inp(x,e)]
Substituting the complete data log-likelihood, we get:

. N N
Q(G|B(”) =-5 In(27) — ?lu(af + 0'3)
1
(i)
ICET) ZE[J[?I] ly[n], 8]

The key computation in the E-step is evaluating the condi-
tional expectation E[x[n]?|y[n], ®"]. Since x[n] is Gaussian
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and y[n] is its quantized version, the conditional distribution
p(x[n]ly[n], @) is a truncated Gaussian distribution. Let
the quantization interval for y[n] be [l., u.]. The conditional
expectation is given by:

Lo, Jo®
1+ n(b(n/g )

E[z[n]?[y[n], 0] = (o) :

”( (un/o'l )
Un@(ity,/ 0'1- )
o (®(un /0D) — B(1,, /o))

where 0, = (02,)® + (02,)®, ¢(-) is the standard

normal probability density function (PDF), and ®(-) is the
standard normal cumulative distribution function (CDF).

C. M-step (Maximization Step)

In the M-step, we maximize the Q-function with respect to
the unknown parameters @ to obtain the updated estimates g
(i+1)-

gl — arg max Q616"

Taking the derivative of Q(8]8") with respect to the total
variance 02, = 02,4 + 0?2, and setting it to zero yields:

( (1+l)
1,‘

Z]E[J [n)?|y[n], 8]

Since we need to estimate both o2, and ©?,, we need an
additional constraint or assumption. A common approach in
such scenarios is to assume that the noise variance o2, can
be estimated during periods when the signal is known to be
absent (e.g., during a training or silent period). Let g, 2, be
the estimate of the noise variance obtained from signal-free
observations. Then, the signal variance estimate is updated as:

N
(02) D) = max (D_._ % Z E[x[n)?[y[n],0] — 6‘3)
n=1
The max(0, -) operation ensures that the variance estimate
remains non-negative. The algorithm iterates between the E-
step and M-step until convergence, i.e., until |(02,)(*D) -
(02,)M] <€, where € is a small threshold.

1V. EM-BASED GENERALIZED LIKELIHOOD RATIO TEST
(GLRT) DeTECTOR
To perform detection, we employ the Generalized Likeli-

hood Ratio Test (GLRT) principle. The GLRT is a powerful
statistical test used when unknown parameters are present in

the likelihood functions under both the null (Ho) and
alternative (H:) hypotheses. The GLRT statistic is defined as:
‘\(y) _ IJ[Y|?1-.HJ.)
p(y|6o, Ho)

where p(y| 8., Hy) is the maximized likelihood of the
observed data y under H; with parameters estimated by EM,
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and p(y| 80, Ho) is the maximized likelihood under H, with
its own parameter estimates.

A. Likelihood under H,

Under H,, the received signal x[n] has variance ¢2 = o2+
o2,,. The EM algorithm described in Section 3 provides the
ML estimates for o2,; and o2,,, which are used to form g,”2,, ;

0,72, 1 +0,72,, 1. The likelihood function for quantized data is
given by:

4 Up 1 =2
H 2" 277 g

N
5 €
n=1 !n A% o r
N

e ()2 ()

where ®(-) is the standard normal CDF. The maximized

p(yl€, H1) =

likelihood under H; is obtained by substituting the EM
estimates:
o U [
0..H))= I I P L Y Y
Py |61, Hy) n=1[ (a‘_}_l) (o‘u)}

B. Likelihood under Hy,

Under Ho, only noise is present, so x[n] = w[n], and the
signal variance 62,; = 0. The variance of x[n] is simply 2,,,. We
need to estimate 02,, under Ho. A separate EM estimation can
be run for this, or if 02, is assumed to be known from prior
measurements (e.g., during silent periods), that value can be
used. Let 0,2, , be the estimated noise variance under Ho. The
maximized likelihood under Hy is:

[ ( 0 5 ) ( 5 )}
0 w,0 0 w,0

The GLRT decision rule is to compare the likelihood ratio
A(y) to a threshold n:

N
I’(Y|90=Hn) = H

n=1

H,
Ay) 21

8]

Equivalently, taking the logarithm, we compare the log-
likelihood ratio to a threshold:
Up ln
(75) 2 ()
P

N D (L
InAy) = r;ln o ( - ) -

T 0

H,
Z 7
H[J

The threshold y is chosen to achieve a desired probability of
false alarm (Pra ). This threshold is typically determined
through simulations, as the distribution of the GLRT statistic is
often complex, especially with quantization. The EM algo- rithm
is run twice for each observation vector y: once under
H, to estimate ~ 8;, and once under H, to estimate ~ 8, (if 02,

is also unknown under Ho).
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V. SIMULATION RESULTS AND DISCUSSION

In this section, we present the simulation results to evaluate
the performance of the proposed EM-based GLRT detector
and the associated parameter estimation. We consider a 2- bit

uniform quantizer with a dynamic range Vmax = 3.0. The
number of samples is set to N = 100. The simulation
parameters are summarized in Table I.
TABLE 1|
SIMULATION PARAMETERS

Parameter Value

Number of Samples (N) 100

Quantization Bits (B) 2

Quantizer Dynamic Range (Vmax) 3.0

Noise Variance (02 ,) 1.0

SNR Range (dB) -10 to 20

Number of Monte Carlo Trials 500

A. Detection Performance (ROC Curves)

The detection performance is assessed using Receiver Oper-
ating Characteristic (ROC) curves, which plot the probability of
detection (Pp ) against the probability of false alarm (Pga ).
Figure 1 shows the ROC curves for various signal-to-noise
ratios (SNRs) ranging from -5 dB to 10 dB.

FOC Curves for El-based GLAT Dateciar [-bit Quantiurssn)

Fig. 1. ROC curves for the EM-based GLRT detector with 2-bit quantization
across different SNR levels.

As expected, the detection performance improves signifi-
cantly with increasing SNR. At SNR = 10 dB, the detector
achieves near-perfect detection even at very low false alarm
rates. Even at a low SNR of -5 dB, the EM-based GLRT
detector demonstrates a clear advantage over random guess-
ing, indicating its ability to extract signal information from
coarsely quantized data.

B. Estimation Performance (MSE)

The accuracy of the EM-based parameter estimation is
evaluated using the Mean Squared Error (MSE) for the total
variance estimate. Figure 2 compares the MSE of the EM
estimator (using quantized data) with the sample variance cal-
culated from unquantized data, which serves as a performance
benchmark.
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Fig. 2. MSE of the EM estimator for total variance with 2-bit quantization
compared to the unquantized sample variance.

The results show that while quantization inevitably increases
the estimation error, the EM algorithm provides a robust esti-
mate that tracks the true variance across a wide range of SNRs.
The performance gap between the quantized EM estimator
and the unquantized sample variance remains relatively stable,
demonstrating the efficiency of the EM approach in recovering
latent signal information from quantized observations.

C. Discussion

The simulation results validate the theoretical framework
derived in the previous sections. The EM algorithm [3] ef-
fectively handles the non-linearity introduced by quantization by
treating the unquantized signal as a latent variable. This
iterative approach allows for maximum likelihood estimation in
scenarios where closed-form solutions are unavailable. The
resulting GLRT detector is adaptive to unknown signal and
noise statistics, making it highly suitable for practical
communication systems where these parameters may fluctuate

(41 [8]-

V1. CONCLUSION

This paper presented an adaptive detection framework for
Gaussian signals with jointly unknown statistical parame-
ters in low-resolution quantized systems. By employing the
Expectation-Maximization (EM) algorithm, we derived itera-
tive procedures for estimating signal and noise variances from
quantized observations. The EM-based Generalized Likelihood
Ratio Test (GLRT) detector provides a robust solution for
challenging detection scenarios prevalent in modern communi-
cation systems. Future work will involve extensive simulations to
verify the theoretical derivations and compare the detector’s
performance with existing methods and theoretical limits, with a
particular focus on the impact of different quantization levels and
signal-to-noise ratios.
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