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Abstract—An implementation of activity detection for grant-
free massive machine type communication is presented. The
implemented algorithm is based on coordinate descent which
shows a rapid convergence time. A number of modifications to
the original algorithm is proposed to allow efficient implemen-
tation in hardware. In addition, the implementation is based on
fixed-point representation, and, hence, exhaustive word length
simulations have been performed for the different processing
steps.

I. INTRODUCTION

Massive machine-type communications (mMTC) [1] is one
of the key requirements of future wireless networks where a
massive number of devices communicate in the network infras-
tructure in the same time-frequency resources. Applications
include supporting of massive connectivity in the internet of
things (IoT), providing wireless connectivity in smart cities,
transportation, battery-driven sensors placed in areas where
humans cannot reach etc. A key challenge with mMTC is that
the network should be able to support a massive number of
devices while keeping the battery lives of devices as long as
possible. Massive MIMO [2] is the key technology for 5G
and future wireless networks and is a promising technology
to support massive access connectivity [3].

A key feature of mMTC is sporadic traffic with very small
payloads where a small fraction of devices are active. Con-
ventional grant-based random access protocols, unfortunately,
fail for mMTC applications due to large access latency and
large signaling overhead for small payloads. To overcome
this limitation, grant-free random access techniques have been
proposed and studied, where the devices access the network
without a grant. The grant-free access schemes reduce the
access latency and signaling overhead at the expense of sophis-
ticated signal processing at the base station. Due to the large
number of devices to be supported in mMTC applications in
the limited coherence interval, assigning a unique orthogonal
pilot sequence to each device is not feasible. Hence, a unique
non-orthogonal signature sequence is associated with each
device and the devices use this sequence for transmission.
The received signal at the base station suffers from severe
co-channel interference and thus activity detection problem is
a challenging problem in grant-free random access schemes.

Due to the sporadic nature of mMTC, only certain devices
are active at any time instant. Thus the activity detection

problem can be posed as a compressive sensing (CS) problem
[4] by exploiting the sparse nature of the device activity
pattern. Algorithms based on approximate message parsing
(AMP) [5], [6], [7] are utilized to solve the CS activity
detection problem. An architecture based on the CS AMP
approach in [6] was proposed in [8].

A covariance-based approach is proposed in [9] for device
activity detection and is shown to perform better than CS-
based AMP approaches. The authors in [9] derived a simple
coordinate descent algorithm to solve a maximum likelihood
activity detection problem and showed that the network can
support more active devices, beyond the signature sequence
length. Coordinate descent approaches were used for joint
activity and data detection of mMTC in [10] and mMTC
activity detection in cell-free networks in [11].

In this paper, an architecture for grant-free random access
implementing covariance-based detection is proposed. The
architecture is time-multiplexed, scaling in both area and time
with the sequence length and in time with the number of users.
It is implemented using fixed-point arithmetic with optimized
word lengths. In addition, a simplified permutation sequence
generator is proposed removing the need for random number
generation. The architecture supports the approaches in [9],
[10] and with minor modifications it can support [11].

To the best of the authors’ knowledge, the only additional
mMTC activity detection implementation apart from [8] is
[15], [16], based on [17]. These are further discussed in
Section IV-D.

Notations: Bold, lowercase letters are used to denote vectors
and bold, uppercase letters are used to denote matrices. R and
C denote the set of real and complex numbers, respectively.
The operations (·)T and (·)H denotes transpose and Hermitian
transpose, respectively. CN (0, σ2) denotes a circularly sym-
metric complex Gaussian random variable with zero mean and
variance equal to σ2. IN represents the N×N identity matrix
and 0N represents a N × 1 null vector. The operation | · |
denotes the cardinality of the set.

II. MMTC SYSTEM MODEL

In this paper, we consider a single cell massive MIMO
wireless network as illustrated in Fig. 1 with a base station
equipped with M antennas serving K uniformly distributed
single antenna devices. We consider the channel model as



Fig. 1. Massive MIMO network model for mMTC.

block fading, where the channel is static in each coherence
block and varies among different blocks [12, Ch. 2]. In
each coherence block, due to the sporadic nature of mMTC
scenario, only a small fraction of devices are active, with
probability ε � 1. In grant-free random access of mMTC,
to support large number of users, typically K � τc, where
τc is the number of channel uses per coherence block, assign-
ing orthogonal pilot sequences to each user is not feasible.
Hence we assign a non-orthogonal unique signature sequences
ak ∈ CL×1 to each user k where L is the length of the
signature sequence such that L ≤ τc. Considering the practical
approach, in this paper, we consider the signature sequences
are generated independently and each element in ak is picked
from {+1,−1,+i,−i}. The complex channel gain from the
mth antenna at the BS to the kth user is given by

gmk =
√
βkhmk (1)

where βk is the large scale fading coefficient between the
BS and the user k and hmk ∼ CN (0, 1) is the small scale
fading coefficient. We assume that the antennas at the BS are
sufficiently spaced so that all the channels are independent and
there is no correlation between the users. We assume that all
the users are synchronized during transmission.

Let ρk be the power transmitted by the user k when the
user is active, otherwise zero power is transmitted. The signal
received at the mth antenna of the BS ym ∈ CL×1 is given
by

ym =

K∑
k=1

√
ρkgmkak + zm (2)

= AD
1
2
ρgm + zm (3)

where A = [a1 a2 · · · aK ] ∈ CL×K is the collection of
all user signature sequences, Dρ = diag{ρ1, ρ2, . . . , ρK} ∈
RK×K , gm = [gm1 gm2 · · · gmK ]T ∈ CK×1 is the channel
vector from all users to the antenna m at the BS and zm ∼
CN (0, σ2IL) is the additive white Gaussian noise vector with
noise power σ2. The overall signal Y ∈ CL×M received at
the BS is given by

Y = AD
1
2
ρG + Z (4)

where G = [g1 g2 · · · gM ] ∈ CK×M is the channel matrix
and Z = [z1 z2 · · · zM ] ∈ CL×M is the noise matrix. We
can write G = D

1
2

βH, where Dβ = diag{β1, β2, . . . , βK} ∈

RK×K and H ∈ CK×M with each element in H distributed
as CN (0, 1). Thus, (4) can be equivalently written as

Y = AΓ
1
2 H + Z (5)

where Γ = DρDβ. Each column of Y in (5) is independent
and distributed as CN (0,Σ), where Σ = AΓAH + σ2IL.

Let γ = [γ1, γ2, . . . , γK ], where γk = ρkβk. Thus the
activity detection problem ρk > 0 of user k is equivalent to
γk > 0. Hence, given γ, the likelihood of Y is

P(Y|γ) =
M∏
m=1

1

|πΣ|
exp

(
−yH

mΣym
)

(6)

=
1

|πΣ|M
exp

(
−Tr

(
ΣYYH)) . (7)

Let Σy = 1
MYYH. The maximum likelihood (ML) estimate

of γ can be found by minimizing − log(P(Y|γ)) which is
equivalently given by

γ∗ = argmin
γ

(
log |Σ|+Tr

(
Σ−1Σy

))
subject to γ ≥ 0K .

(8)

The ML cost function in (8) is shown to be geodesic convex
[13] when AΓAH spans the whole set of L × L positive
semi-definite matrices [9, Th. 2] and a simple coordinate
descent algorithm to find the minimizer of (8) was presented
in [9]. To improve the computational efficiency, rank-1 update
of covariance matrix is considered and a faster algorithm
is proposed in [10]. Defining I = {1, 2, . . . , Ic} and K =
{1, 2, . . . ,K}, the coordinate descent algorithm for activity
detection with rank-1 updates using Ic iterations is given
as

Σ−1 ← 1
σ2 IL, γ̂ ← 0K , Σy ← 1

MYYH

for i ∈ I do
P ← random permutation of K.
for k ∈ P do
d← max

{
aH
kΣ−1ΣyΣ−1ak−aH

kΣ−1ak

(aH
kΣ−1ak)

2 ,−γ̂k
}

γ̂k ← γ̂k + d

Σ−1 ← Σ−1 + d
Σ−1akaH

kΣ−1

1+daH
kΣ−1ak

end for
end for
As the primary performance measure for activity detection,

the receiver operating characteristic (ROC) is used. Let A and
Â be the set of active users and set of estimated active users.
The probability of miss detection, pmd, and the probability of
false alarm, pfa, are defined as

pmd = 1− E

{
|A ∩ Â|
|A|

}
, pfa = E

{
|Â \ A|
K − |A|

}
. (9)

In addition, the error probability is defined as the value where
pmd = pfa.



TABLE I
PARAMETERS FOR CONSIDERED SCENARIO.

Parameter Value
Number of antennas, M 196
Number of users, K 2048
Message length, L 100
User activity, ε 0.1

III. PROPOSED ARCHITECTURE

The following section will outline and describe the proposed
architecture which is used to evaluate the coordinate descent
algorithm for activity detection.

The parameters considered in this implementation are shown
in Table I.

A. User Processing Order

In the coordinate descent algorithm for activity detection,
the user processing order P is chosen as a random permutation
of all users. Selecting coordinates at random is a common
strategy for coordinate descent algorithms and is shown to
have good convergence properties [14]. From a hardware
perspective, it is challenging to generate random sequences,
and, hence, a user processing order P of all users K in iteration
i is proposed as

pi,j = (2i− 1)j mod K, ∀i ∈ I, j ∈ K. (10)

If the number of users satisfy K = 2n, n ∈ N, the
modulo operation in (10) simply corresponds to using the n
least significant bits of the result. In Section IV-A, simulation
results are presented indicating that (10) barely impacts the
convergence compared to random selection.

B. Implemented Algorithm

The algorithm described in this section is the implemented
coordinate descent algorithm for activity detection. It differs
from the original algorithm described in Section II only in the
selection of user coordinates, k, which are chosen based on
(10). Furthermore, redundant computations are removed and
the computational order is clarified.

Initialization: Σ−1 ← 1
σ2 IL, γ̂ ← 0K

Σy ← 1
MYYH

for i ∈ I do
for j ∈ K do
k = (2i− 1)j mod K
b← Σ−1ak
c← aH

kb

e← bHΣyb−c
c2

f ← γ̂k + e
d← if f ≥ 0 then e else − γ̂k
γ̂k ← if f ≥ 0 then f else 0
Σ−1 ← Σ−1 + d bbH

1+dc
end for

end for
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Fig. 2. Illustration of word length determination for node bHΣyb: (a)
maximum node value to determine the number of integer bits and (b) ROC
curves for different number of fractional bits, SNR = 10dB.

C. Word Length Optimization

In order to minimize design power consumption and chip
area, data path word lengths in the fixed-point architecture
have been analyzed and minimized. The optimization strategy
used to determine word lengths, analyzes and optimizes one
node at a time.

First, the integer bits required to span every nodes entire
dynamical range is extracted. This is done by simulating a
floating-point model of the system, where each maximum
node value is stored and analyzed. Figure 2a illustrates this
process and shows the maximum node value of bHΣyb for
some different number of active users. In it we can see that
23 integer bits are required to not overflow this node when
building a system based on the parameters in Table I. This
method is used to analyze the maximum node values of all
nodes in the design.

Second, the fractional bits required for enough precision
to not degrade performance is extracted. This is done by
quantizing one node at a time and comparing the performance
against a floating-point model of the system. This is illustrated
in Fig. 2b, where the node bHΣyb is quantized to different
fractional word lengths. For this node, we can see that 9 or
more fractional bits are required to not noticeably degrade
performance of the algorithm.

D. Architecture

The proposed time-multiplexed architecture consist of 1)
L = 100 complex valued multiply and accumulate (MAC)
process elements, 2) one real valued scalar process element, 3)
an L-input complex-valued adder and 4) memories for storing
the matrices Y, Σy , A and Σ−1.

The algorithm is evaluated in the following manner: indi-
vidual elements of b are computed by taking one row from
Σ−1 (L elements), rotating the values based on ak, and accu-
mulating. Both the rotation and accumulation is supported in
the L-input adder. Once the first element of b is ready, c starts
accumulating in the scalar process element in parallel with the
computation of remaining elements in b. Each element of b is
stored in a shift register. One element of b is computed each
clock cycle for the L first clock cycles.

In parallel to this, Σyb is determined by multiplying each
newly computed element of b is multiplied with a column



TABLE II
MEMORY SIZES.

Memory Depth Parallel words Word length
A 2048 100 2
Y 196 100 9 + 9
Σy 100 100 15 + 15
Σ−1 100 100 37 + 37

of Σy in the L MAC units, starting after one clock cycle
when the first element is available. After L clock cycles, Σyb
is complete and bHΣyb can be calculated in two additional
cycles by, first, element-wise multiplication with bH from
the shift-register, and, second, accumulation of all MAC data
through the L-input adder to form bHΣyb.

With bHΣyb ready on the output of the L-input adder and c
accumulated in the scalar process element, the scalar process
element evaluates the remaining scalar operands. This takes
20 clock cycles, dominated by the two division, determining
e and d

1+dc , which are implemented using a pipelined divider
and must be implemented sequentially.

Now, one element of b is multiplied by d
1+dc in the scalar

multiplier. In the next cycle, the product is multiplied by all
elements in b in the MAC unit to form one row of d bbH

1+dc . The
adder in the MAC unit is used to add a row of Σ−1, to form
one row of the updated Σ−1. This goes on for L clock cycles.
In total, the current implementation, require 2L + 25 = 225
clock cycles to implement one coordinate update.

Before a new detection begins, Σy has to be computed
once and stored. The matrix multiplications can be performed
completely with the MAC process elements in LM clock
cycles.

The memory sizes and word lengths can be seen in Table II.
Note that the high parallelism of the computations leads to that
the complete Σy and Σ−1 matrices are stored and that the
Hermitian property of these matrices is not utilized in neither
the storage nor the computations.

IV. RESULTS

A. User Processing Order

Figure 3 shows the convergence of the activity detection
algorithm when using the proposed user processing order
described by (10). It also demonstrates convergence of a
counting cyclic scheme (labeled sequential in figure) when
used as a user processing order. Clearly, a fully random
permutation engine makes the algorithm converge fastest, but
due to the few iterations needed to reach convergence, we
can see that six iterations are needed to reach maximum
performance for both the fully random scheme and for the
proposed user processing order.

It is clear that the proposed user processing order described
in (10) is preferable when compared to a fully random permu-
tation engine, due to the simple implementation thereof. It is
apparent that, for the application at hand, the proposed order
in (10) is a good enough random permutation for reasonable
algorithm convergence.
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Fig. 3. Error probabilities for different user processing orders.
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Fig. 4. ROC curves of implemented fixed-point architecture and reference
floating-point realization, SNR = 10dB.

B. Fixed-Point Detection

The resulting performance of the word length optimized
fixed-point implementation is shown in Fig. 4. A minor
degradation in detection accuracy can be seen for the fixed-
point-design compared to a floating-point reference.

C. Implementation Results

The design has been synthesized to a 28 nm FD-SOI CMOS
standard cell library, for a core voltage of 1.0 V at 125◦C in the
slow-slow process corner. The design chip area is 1.14 mm2

with a maximum clock frequency of fclk = 800 MHz. The
results do not include memories for storing A, Y, Σy and
Σ−1, as described in Table II

Each coordinate update takes 225 clock cycles to compute
making a full algorithm iteration take 225 × 2048 = 460800
cycles. Performing the six iterations needed to reach con-
vergence for the given scenario yields a detection rate of
about 289 detections/s, at a power consumption of 1.29 W
or 4.5 mJ/detection. The design results are summarized in
Table III in addition to results from previous works.

D. Comparison with Previous Works

The two other implementations of an mMTC detector are
[8] based on the algorithm in [6] and [15], [16] based on the
approach in [17]. A number of key implementation parame-
ters are shown in Table III. The implementation results are,
however, not directly comparable and, therefore, care should
be taken before drawing conclusions based on the table alone.
The table may more reflect the complexity of the underlying
algorithms than the actual implementations. On the other hand,
all cases are implemented in the same standard cell process,
so no technology normalization is required.

In [8], each user can transmit more than one sequence
and the detection algorithm takes benefit of this. The current



TABLE III
IMPLEMENTATION RESULTS FOR PROPOSED ARCHITECTURE AND

PREVIOUS WORKS.

Parameter Proposed Tran [8] Sarband [15], [16]
Scenario Random pilot Random pilot Pilot hopping
Users 2048 128 1024
Sequences/user 1 16 1
Total sequences 2048 2048 1024
Sequence length 100 50 8× 16 = 128
Antennas 196 96 96
Detections/s 289 ≈ 11600 1000000
Area 1.14 mm2 5.1 mm2 0.33 mm2

Power 1.29 W 1.52 W 0.07 W
Energy/det. 4.5 mJ 0.13 mJ 70 nJ

implementation can handle an identical scenario, as suggested
in [10], but the algorithm does not consider this explicitly.
However, the main reason for preferring the proposed imple-
mentation is that covariance-based methods have much better
detection performance when the number of active users is
larger than the sequence length.

The architectures in [15], [16] are for pilot-hopping se-
quence detection, where each user transmits a number of pilot
sequences, where each pilot sequence is mutually orthogonal
to all the others. However, several users may transmit the
same pilot sequence at the same time and the total number of
pilot sequences transmitted are not enough to guarantee that
the combined sequences are orthogonal. As such it cannot be
used to detect the same type of signature sequences considered
here. While the underlying algorithm is simple and allow fully
parallel implementation of each iteration, the detection quality
is lower than the proposed architecture. In addition, while the
fully parallel implementation can be heavily simplified and
leads to high detection rates, it is not possible to easily change
the user sequences.

To summarize, while the other approaches show more
promising results in primarily the detection rate and energy per
detection, the detection quality of the proposed implementation
is significantly higher, especially when the number of active
users is higher than the sequence length.

V. CONCLUSION

In this work, an architecture for evaluating coordinate
descent to estimate active users in a single cell massive
MIMO network where devices communicate on an grant-free
basis has been introduced. The architecture is time-multiplexed
and uses fixed-point arithmetic with optimized word lengths.
A hardware friendly user processing order is suggested to
mitigate usage of a random permutation engine. By utilizing
a 45◦ rotated 4-QAM code book, the design is able to reduce
the amount of multiplication significantly.

The design is implemented in a 28 nm FD-SOI CMOS
standard cell library yielding a final detection rate of ≈ 289 de-
tections/s at a power consumption of 1.29 W.
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