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Abstract—mm-wave communications use analog beamforming techniques, which steer the signal energy in a desired direction, to
overcome the high path-loss at such frequencies. To determine the direction in which to steer, mm-wave standards such as IEEE
802.11ad specify beam training mechanisms for both access points as well as client stations. However, the overhead of the beam
training limits scalability as the density of network deployments increases and mobile devices that require constant re-training are
supported. We design SPIDER, a low-overhead beam-training mechanism where only access points actively participate in the training
and stations perform passive compressive estimation of the angle-of-arrival. To this end, stations carry out phase-coherent
measurements by switching through multiple receive beam patterns on a time-scale of tens of nanoseconds when receiving a packet
preamble. Since no suitable testbed platforms exist that support such fast antenna reconfiguration, we design a high-performance,
full-bandwidth FPGA-based testbed platform for flexible mm-wave experimentation, that we make available as open source. The
performance analysis with this testbed shows that our algorithm achieves highly accurate angle estimation used to drive the beam
steering decisions and reduces overhead by an order of magnitude compared to IEEE 802.11ad beam training.
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1 INTRODUCTION

ILLIMETER wave (mm-wave) network technology
M such as the IEEE 802.11ad [2] and the upcoming
IEEE 802.11ay [3] standards for 60 GHz Wireless Local
Area Networks (WLANSs) can provide vastly higher data
rates than networks operating below 6 GHz, due to the
large bandwidth available at mm-wave frequencies. Thanks
to the small wavelength, mm-wave devices typically inte-
grate phased antenna arrays enabling analog beamforming.
The beamforming gains of the antenna compensate for the
higher path loss due to the smaller effective capture area of
the antenna elements [4]. The narrow beam patterns that are
possible with analog beamforming steer the signal in a de-
sired direction. This not only ensures a good link range but
also reduces interference and thus improves spatial reuse.
It introduces new challenges to establish (and maintain) a
high data rate communication link, since the the main lobes
of the phased arrays of the communicating devices need
to always be aligned, pointing towards the strongest multi-
path components of the channel.

Beam training mechanisms are critical for efficient com-
munication at mm-wave frequencies. With IEEE 802.11ad
[2] beam training, one device transmits frames using each
available antenna configuration, while a target device listens
with a quasi-omnidirectional beam pattern. This avoids the
complexity of training both ends simultaneously. The target
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device then provides feedback with the index of the antenna
configuration that offers the highest Signal-to-Noise Ratio
(SNR) [5]. IEEE 802.11ad also provides the option of a subse-
quent beam refinement to quickly probe several (narrower)
antenna sectors to further improve the beam alignment.
Such brute force or simple hierarchical beam training works
well for relatively static deployments of moderate density.
However, the overhead may become prohibitive in more
dense and dynamic scenarios.

Wireless access point and client densities are expected to
increase significantly, partly to achieve higher data rates [6]
and serve a higher number of connected devices per user,
and partly due to new communication scenarios such as
Internet-of-Things and Machine-Type Communication [7].
While current IoT networks are typically low rate, future
use cases for example for Industry 4.0 networks and the In-
ternet of Vehicles are expected to involve massive amounts
of data with very strict latency requirements to transmit
high definition video, sensor information from autonomous
vehicles, and support image-guided systems [8,9]. Mm-
wave technology is highly appealing for such future IoT
networks, since the latency is lower than that of sub-6GHz
systems, the ultra high bandwidth enables the data rates
required by such demanding applications, and directional
communication enables high levels of spatial reuse for many
concurrent devices [10,11]. Its low interference footprint
makes mm-wave technology extremely well suited for such
dense deployments. It is also part of 5G New Radio Access
Networks, where mobility plays a major role. In such use
cases, beam training is triggered much more frequently
than in simple static scenarios, incurring excessive training
overhead and reducing the efficiency of the communication.

Mechanisms that better handle network dynamics may
only probe sectors adjacent to the current sector [12,13]
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or other sectors predicted to work well [14,15], or
update the beam direction using out-of-band informa-
tion [16, 17,18, 19]. More complex hierarchical approaches
[20, 21, 22] further improve beam training performance and
in the ideal case their overhead scales logarithmically with
the number of antenna sectors. However, they usually re-
quire a large codebook and several feedback rounds which
introduce additional delay. Phase-coherent [23, 24] or non-
coherent [25, 26, 27] compressive beam training exploits the
sparsity of the mm-wave channel [28, 29] and achieve sim-
ilar overhead using only a single feedback round. Some of
these schemes also cope well with imperfect beam shapes
with side lobes. Of these, only the non-coherent works
from [25, 26, 27] have been evaluated in real scenarios. Even
better performance can be achieved by estimating the sparse
multi-path channel with a constant overhead per multi-path
component [30]. However, channel estimation from such
few measurements requires solving a complex non-convex
optimization problem using a genetic algorithm.

Besides handling network dynamics, another important
aspect is the scalability of beam training with respect to the
number of nodes in the network. A high node density sig-
nificantly increases training overhead (especially in combi-
nation with high network dynamics). While an Access Point
(AP) can beam train with multiple stations simultaneously
(i.e., its beam training messages are received by all of its
stations), the stations have to train one at a time, given that
current APs only have a single RF chain and cannot con-
currently receive from multiple stations. The beam training
overhead thus scales with the sum of the number of APs
and stations in the network. Even worse, whenever a station
has to connect to a new AP due to mobility or blockage, it
potentially needs to beam train with several or all of the APs
in its vicinity, since only after beam training does the station
know which AP provides the best link quality. If the number
of candidate APs increases with the AP density, the beam
training overhead scales with the product of the number of
APs and stations in the network. All of the above mentioned
beam training algorithms have in common that both APs
and stations actively participate in the beam training. Given
that networks usually have far more stations than APs, the
station beam training overhead is critical for scalability.

In this paper we design and implement a beam training
mechanism that eliminates station beam training overhead en-
tirely, so that the overhead scales only with the number of
APs and the network remains efficient even for very high
node densities and high mobility scenarios. Our mechanism
for Scalable Phase-Coherent Beam-Tralning for Dense Mil-
limetER-wave Networks (SPIDER) is able to work with un-
modified standard-compliant IEEE 802.11ad APs that send
out a beacon frames via each of their antenna sectors. A
station implementing SPIDER starts receiving those frames
with a quasi-omnidirectional antenna configuration like a
normal station would. However, as soon as a station detects
the start of a valid frame during the preamble reception, the
station starts to rapidly switch between different receive an-
tenna configurations on a time-scale of tens of nanoseconds.
The duration of this training takes only a small fraction
of the preamble without compromising the actual frame
decoding. Using the measurements taken with different re-
ceive beam patterns, we can extract accurate angle informa-

tion of the received signal. Based on the estimated Angle of
Arrival (AoA) to the AP, the station then determines which
of its own beam patterns to use for the current channel
and also gives feedback to the AP to indicate which AP
beam pattern provided the highest SNR. Beam switching on
a per symbol level is a prerequisite for 802.11ad beam re-
finement and for in-packet training mechanisms in 802.11ay
systems [31] and current devices already support this [32].
Our mechanism requires only minor changes in the signal
processing at the stations. In contrast to prior work based on
Received Signal Strength (RSS) [1], we use phase coherent
measurements taken for the different beam patterns over a
single preamble, which enable much more accurate angle es-
timation. Our phase-coherent approach can also estimate the
full multiple-path channel, whereas the approach in [1] only
provides the single strongest path. Furthermore, we design
a simple method to measure the normalized array response
of the beam patterns, which is a prerequisite to implement
SPIDER. With this design, legacy stations operating in the
network are not affected. The approach is also compatible
with compressive sector selection at the AP, where the AP
trains only a (small) subset of sectors to further reduce beam
training overhead. Finally, the design may be applicable in
future 5G and 6G networks at sub-THz frequencies that use
single-carrier modulation with sufficiently long correctable
sequences for channel estimation [33].

For a practical implementation of SPIDER, we design
a mm-wave experimentation platform which integrates a
highly configurable FPGA baseband processor connected to
a 60 GHz RF front-end with a 16+16 element phased antenna
array. The testbed is able to transmit, receive and decode
custom as well as standard-compliant IEEE 802.11ad/ay
frames thanks to its multi giga-sampling rate capability.
To support beam training research, the testbed includes
real-time packet detection and fast antenna reconfiguration
blocks that can reconfigure the antenna on a per symbol-
level. The code and specifications of our testbed are made
available as open source to the research community [34].

We test the SPIDER station with off-the-shelf APs to
evaluate its performance in different static as well as mobile
scenarios. We show that our mechanism can switch through
10 receive beam patterns during a single preamble, without
compromising the detection accuracy or the frame decoding
for typical SNR values. Only 3 beam pattern changes are
required to accurately estimate the angles of the multi-path
components of the channel. We also compare the perfor-
mance of SPIDER to standard 802.11ad beam training and
to our previous work [1], which performs this estimation
based solely on RSS measurements. We further include
experiments that demonstrate the multi-path estimation ca-
pabilities, beam training with simultaneous AP and station
mobility, and more complex Line-of-Sight (LOS)/Non-Line-
of-Sight (NLOS) trajectories. SPIDER achieves a median
angle estimation error of 0.5° for static scenarios and 0.7°
for mobile scenarios which leads to very accurate beam
training decisions. Furthermore, we achieve a reduction in
overhead by a factor of 8.8 compared to standard 802.11ad
beam training with 7 stations (measured) and a factor of 25
for 64 stations (extrapolated).
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2 BACKGROUND

We first revisit 802.11ad beam training and preamble decod-
ing, which are prerequisites for our design.

2.1 |EEE 802.11ad beam training

To establish a directional link in mm-wave networks, IEEE
802.11ad devices implement a beam training mechanism as
shown in Fig. 1a. First, the AP performs a so-called Sector
Level Sweep (SLS), by sending beacon messages via each of
its antenna sectors [5], while the station is listening using
a quasi-omnidirectional beam pattern. Then, the station
performs its own SLS, sending sector sweep messages to
the AP via its different antenna sectors. These messages
include the ID of the AP sector received with the highest
SNR. finally, the AP replies with a Sector Sweep Feedback
that includes the ID of the strongest station sector, and the
station concludes with a Sector Sweep ACK. At this point,
both AP and station are aware of the best sector to use for
communication. Optionally, an additional Beam Refinement
Phase (BRP) can be carried out after the SLS, which allows
to quickly probe several sectors over the course of a single
packet and may be done with narrower antenna beams than
during SLS to improve the link quality.

2.2 |EEE 802.11ad preamble processing

The IEEE 802.11ad standard specifies different physical
layer modes: control, single carrier, OFDM and low-power
single carrier. However, only the control and single car-
rier modes are supported by current devices. The frame
structure shown in Fig. 2 is shared by all modes, with a
preamble composed of a Short Training Field (STF) and
Channel Estimation Field (CEF), a header containing in-
formation about the Modulation Coding Scheme (MCS),
data length, and other information, the data itself, and an
optional Beamforming Training (BFT) field.

IEEE 802.11ad beam training uses control frames sent
with the lowest MCS 0 (BPSK modulation with 1/2-rate
LDPC coding and a spreading factor of 32), which makes
them very resilient to noise. The STF part of the preamble
is used for frame detection, symbol synchronization, Carrier
Frequency Offset (CFO) estimation and compensation, and
coarse synchronization, whereas the CEF is used to estimate
the Channel Impulse Response (CIR) for the equalization
blocks and for fine frame synchronization. The STF of con-
trol frames consists of 48 repetitions of Golay sequences of
length 128 Gb95, followed by a single —Gbj2g and —Gajog
to detect the end of the STF [2]. The STF duration is 3.63 ps.
Frame detection is usually performed through Normalized
Auto Correlation (NAC), which avoids having to store the
Golay sequences in memory and simplifies hardware imple-
mentation [1, 35, 36]:
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where y is the vector of received IQ samples. A frame is
detected when the NAC output exceeds a configurable
threshold, which is adjusted to trade-off sensitivity and
false detection rate. The CFO estimation is based on the

NAC =

; ¢y

phase of the auto-correlation (the numerator in (1)). To
reduce noise and refine the estimate, phase measurements
are accumulated over multiple Golay sequences. In prac-
tice, accumulation over 7-8 Golay sequences (510 to 580
ns) is enough for a good estimate [37]. There are efficient
hardware implementations for the CFO estimation and
correction using the CORDIC algorithm [38]) and Direct
Digital Frequency Synthesizers (DDFSs) [39], respectively.
Symbol synchronization can be performed using multiple
parallel interpolation filters over a discrete number of phase
values [35], which reduce the processing time thanks to
the parallelization. Finally, the —Gb;25 sequence at the end
of the STF incurs a phase change in the correlation and
serves for boundary detection (coarse synchronization). The
CIR is computed in the CEF of the preamble. The CEF is
composed of complementary Golay sequences Gajzg and
Gb12g, which have the property that their auto-correlations
sum up to a 128 element vector with only one non-zero
entry. This facilitates channel estimation by providing an
unbiased, error-minimizing CIR estimator.

3 ALGORITHM DESIGN

The main motivation for our algorithm is to reduce the
beam training overhead in highly dynamic and dense en-
vironments. To this end, we design a single phase beam
training mechanism as depicted in Fig. 1b. Only the AP
performs SLS, and at the same time, all stations are trained
simultaneously by means of phase-coherent measurements
during the preambles of the received AP frames, taking
advantage of the sparse nature of the mm-wave channel
[28, 29] for compressed estimation.

3.1 SPIDER overview

During the SLS, an AP sends N beacon frames, each via
a different transmit sector, while the stations listen with a
quasi-omnidirectional receive pattern. As soon as a station
detects a frame, it starts switching through M (M < N)
different receive beam patterns while the preamble is being
received. The received I/Q samples are phase coherent for
the measurements over a single preamble. Moreover, each of
the M sequences of samples has different amplification and
phase offset only due to the different receive beam patterns.
With the complex gain information of the different receive
beam patterns, we can then estimate the AoA of the signal
arriving from the AP for each of the AP’s beacon frames that
is detected. We then estimate the full multi-path channel
based on efficient dimensionality reduction methods and
joint estimation over all received beacon frames.

Since the receiver switches through different beam pat-
terns only after frame detection (i.e., the preamble has served
its purpose), our method does not affect the detection prob-
ability. However, it is important that the beam reconfigura-
tions end before the end of the preamble, to not compromise
the decoding of the rest of the frame. To ensure that this is
the case, below we analyze the preamble processing tasks
and in Section 5 we also validate this experimentally. As
explained in Section 2.2, the 48 Golay sequences Gbiog
forming the STF of control frames last 3.49 ps and the frame
detection takes around 1000 samples (~0.56 us) for normal
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Figure 2: IEEE 802.11ad frame structure

SNR conditions (see Section 5). Besides, CFO estimation can
be performed accurately within 0.58 us and the symbol
synchronization using parallel interpolation filters can be
executed in 0.15 ps. Finally, the boundary detection can
be performed over the last 500 samples of the STF (0.29
1s) to not compromise the CEF and header decoding. This
leaves ~1.91 us which can be used for additional tasks to be
performed over the preamble. In this paper, we consider an
upper bound of 10 beam pattern changes, each lasting 72.7
ns which matches the duration of a single Gb25 sequence).
We thus require 727 ns or ~20% of the STF duration to
perform the 10 reconfigurations which is more than enough
for accurate AoA estimation, as shown in Section 5.

Fig. 3a provides an example of a received IEEE 802.11ad
control frame, where 10 antenna reconfigurations have been
made over the preamble of the frame. The figure also
includes the other fields of the control frame. Fig. 3b is a
zoom into the preamble from Fig. 3a, to show the amplitude
pattern for the 10 different antenna configurations. As can
be seen from the graph, switching from one beam pattern
to the next is extremely fast and only affects very few 1Q
samples taken during the phase shifter reconfiguration.

3.2 Channel and transceiver model

To derive the algorithm to process the phase-coherent mea-
surements, we use a wide band geometrical channel model
with additive paths, each with a specific AoA, Angle of
Departure (AoD), complex gain and time of arrival. We
use the notation z, x, X for scalar, vector and matrix, respec-
tively. [x], denotes the ath element of a vector, x and X"
denote the Hermitian of a vector and a matrix, z*,x* are
the complex conjugate, and Re(x) is the real part of x. |z
and ||x|| are the absolute value and Euclidean norm and
X1 * Xg is the circular cross correlation with the fast Fourier
implementation ifft(fft(x;) ® fft(x2)*), where fft and ifft are
the fast Fourier transform and its inverse.

1. The number of reconfigurations is limited by the antenna switching
speed and the duration of a Golay sequence. Phased arrays with
switching speed of a few ns have been proposed [40], and shorter
sequences such as Gbgs can be used for channel estimation, although
they may lead to a noisier estimation.

The signal y, , received with beam-patterns ¢, € CX71
for reception and p, € CX#! for transmission is given by

L

YT,t = Z alCI;IaRX(el)aIl:Ix(qbl)ptx * 57’1,t + n,
=1

()

where K7/r is the number of antenna elements at the
transmitter (T) and receiver (R) arrays. The transmitter emits
the signal x that arrives at the transmit antennas with
the phase shifts of the selected beam-pattern p, and goes
into the channel at angle ¢;, i.e., it is multiplied by the
steering vector ary(¢;) € CX7:1. These two effects combined
are commonly called array factor all (¢;)p,. The channel
incurs a complex gain ;. At the receiver, the signal reaches
the antennas at angle 6, and is multiplied by the steering
vector apy(6;) € CEr:1 Tt enters the device via the selected
reception beam pattern with weights c,.. The signal is also
shifted in time according to the time of arrival 7; ;, which is
measured from the moment the first reception beam pattern
is selected. This shift depends on the packet detector delay
and this delay may be different for different beam patterns.
Therefore, 7;; is not the absolute time of arrival of the LOS
path, but the time differences of arrival of the paths are
constant and correspond to the different multi-path delays,
i.e., Ty ¢y — Tl t, = Tiy,ts — Tia,to- Lhe time shift is expressed
by a convolution * (in its continuous version) with the time
response vector of delay 7; 4, labeled d-, ,. As paths interact,
the received signal is the sum of the ones received through
each of the paths. The receive antennas also capture additive
white complex Gaussian noise W with variance o2 via the
receive beam-pattern c,, which gives n = c/'W. Since the
beam patterns are normalized to ||c.|| = 1, even though
the dimension of n differs from that of W, its distribution
remains unchanged. Note that the noise is independent and
different for each r, ¢ pair.

The objective of our algorithm is to estimate the angle of
arrival 6; of each path. The direction of the dominant path
yields the estimated AP direction and is used to determine
the best station beam pattern.

3.3 Fast channel estimation

Our channel estimation has to be performed using the
samples from the STF of IEEE 802.11ad control frames,
i.e., solely using Gbi2s Golay sequences. Therefore, classic
estimation techniques that take advantage of the correlation
properties of complementary Golay sequences Gajsg and
Gb1og cannot be used [41]. This makes channel estimation
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Figure 3: Received IEEE 802.11ad control frame with multiple antenna reconfigurations performed during the preamble.

more challenging and we present a novel channel estimation
algorithm that works well with Gb;25 Golay sequences.

We first discuss a simple greedy algorithm [42] to esti-
mate the dominant path from the receiver measurements
(2). This algorithm is iterative, and in the first iteration
estimates the parameters of the dominant path [ = 1 under
the assumption that the received signal y,, is the result
of only a single path. We then subtract this path from the
original signal, to obtain the information of the remaining
multi-path components and continue iterating to obtain all
multi-path components, until the noise level is reached.

For simplicity, we drop the index [ in (2) and group
the effects not related to the receiver in a variable 3; =
aarx(¢)p, € C and the ones corresponding to the receiving
radiation properties in b, (6) = clag, () to obtain

Yyt = Bebr(0)x * 6-, + n. 3)

Our problem consists of inferring the channel parameters
B¢, 0,7, that best fit the measured signal y,. ,. Since noise is
Gaussian we can formulate a minimum mean square error
problem (MMSE)

min th 1y, — Bebr(0)x % 67, ||, @)
We obtain a problem in three dimensions, ¢, 7, and the length
of x, that is hard to solve since decomposition methods
are typically designed for two dimensions. At a high level,
to solve (4) we find an expression for 3 and then reduce
the problem to that of comparing the entries of a matrix
to obtain 6 and 7;. Since the signal x contains only Gbjag
Golay sequences instead of complementary pairs, we cannot
use conventional channel estimation. Instead, we obtain a
solution by manipulating the expression in (4) to reduce its
dimensions from equations (5) to (6) and perform a joint
optimization over all receiver beam patterns in (7). Finally,
by solving the minimization problem for /3; in (8), we
transform (7) into a two-step element comparison problem,
with (9) for the first step over the time of arrival and (10) for
the second step over the angle.

Concretely, we develop the expression (4) and eliminate
the constant terms to obtain the equivalent problem with
reduced dimension

min Y |6i[2[0-(8)1* — 2Re(Bib,(8) (x  6:,)yi,). (5)
r,t

This exchanges the vector norm by two scalar terms, of
which the right one matches the angle radiation pattern with
the measurements, while the left one acts as a regularization
term. It converts the MMSE problem into an easier regular-
ized matching problem. Since the correlation in the second
term of (5) is acting on x but not on y, ,, we simplify the
problem to have a single signal in time. -

We apply the circular cross correlation property (x
5 0¥, = (X 0n) = (¥ #%8,) = (7, #%)" (7).
Note that the convolution result is often used as a CIR
estimator. This result provides a formula depending on a
CIR estimation (y,. , *x) € C Pl as

min Y B [0 (0)* — 2Re(Bebr (0)(y,., *X)" (7)), (6)
Tt

where P is the number of points in the inverse Fourier
transform. We provide an example of such CIRs in Fig. 4,
measured in our testbed from Gby2g sequences over a single
preamble, for several different receive beam patterns and a
fixed transmit sector.

We group the sum over the different receiver beam
patterns r and obtain the following expression

min Y _ |5:*[[b(9)|* — 2Re(Bezi!(r)b(6)),  (7)

where z;(;) € CM:1, b(0) € CM:! are the vertical concatena-
tions over the index  of (y, , * X)(7¢), brx,r(¢). We can now
solve the minimization problem for /3, since it spans only

over term ¢.
5 _ EHbO)"
b(6)]]?

Inserting the result in (7), the minimization problem be-
comes equivalent to the maximization of

®)

max 3|2 (7)b(0) 2, st b(0)zHEEZ§”. )




IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. XX, NO. XX, MONTH YEAR 6

0.4

k— Main Path '

0.3

0.2

Amplitude

0.1

100 120 140 160
Sample Index

Figure 4: Estimated CIR y,., * x at the receiver for different
receive beam patterns (shown in different colors)

Given the normalized array response per beam-pattern b(6)
(measured as discussed in Section 5.1), only 6 and 7 are
left to be computed. We estimate 6 by correlating against
the known complex gains of the receiver beam patterns on
a grid of K values, where K is given by the resolution of
of our angle estimation as explained in section 5.1. Denote
by B = [b(61),...,b(0x)] € CX the matrix containing
the complex gain information of all receive beam patterns
in the directions 61, ...,0x and let Z € CM-YN denote the
matrix in which the row Z; = [z;(1),...,z/(N)] = [(y, , *
x)', ..., (yg, * x)T]" represents the estimated CIR received
through the 7™ beam pattern. Maximizing over 7; in a joint
estimation over all transmitter sectors ¢

2, (10)

max Y max|[Z7B]., i
t

we estimate 6 as the 0 for which & maximizes (10).

In order to reconstruct the dominant path, we need to
obtain 7; and f3; as follows. 7; can be retrieved as the one
maximizing |[Z7 B| i|? and B, is given by (8) in terms of
[b(0)|l as B = [Z""B]?. ; / [p(O)].

3.4 Multi-path extension

We can extend this procedure to extract all the multi-path
components of the channel. While not strictly necessary for
beam training, it is of interest for path ranking, for example
to deal with blockage of the dominant path.

Once the parameters of the dominant path are estimated,
it is possible to reconstruct it as

$,, = [Z7B] ([B(0)],x* 5r,, an

and subtract its contribution to the received signal y, ,

ygﬂ,t = YT,t - yv‘,t’ (12)

y., contains the information of the remaining multi-path
components. We repeat the process given in (6) for the new

path variables 7/, ¢', 3, with the signal y;. ; in the problem
DB ()7 = 2Re(Bib,(0) (v, %) (7)), (13)
r,t

until we extract all visible paths from the measurements.

4 TESTBED DESIGN

One of the important contributions of this paper is to
provide a flexible testbed for full-bandwidth real-time
mm-wave experimentation (mm-FLEX). This not only al-
lows to experimentally validate our SPIDER mechanism,
but more importantly fills an important gap in available
testbed platforms for the research community. Although
Commercial-Off-The-Shelf (COTS) mm-wave hardware in-
cludes functionality to quickly change the antenna configu-
ration, the fact that this functionality cannot be accessed and
the beam training implementation itself cannot be modified
severely limits the usefulness of such devices for beam
training research. To the best of the authors knowledge,
prior to the proposed mm-FLEX design [1], there were no
experimentation platforms that offered the ability of fast
antenna reconfiguration. The whole design and all required
software is made available as open source [34].

We now present the testbed architecture and features,
and show how it can be used to implement mm-wave
protocols and specifically beam training algorithms.

4.1 Hardware components

The architecture follows the premise of using a limited
number of readily available hardware components, to make
it easy to build the platform. The proposed system is com-
posed of two main components, i) a powerful baseband
processor that can generate and capture baseband IQ sam-
ples at multiple Giga-sampling rates from a ii) 60 GHz RF
front-end integrating phased array antennas with analog
beam-forming capabilities, which performs direct up/down
conversion from/to the baseband samples, as shown in Fig.
5b. Fig. 5a provides a high-level block diagram of the experi-
mentation platform. While we describe the experimentation
platform with 60 GHz RF front-end for IEEE 802.11ad/ay
research, the basedband system supports different front-
ends, such as 28 GHz transceivers for 5G NR systems [43].

The baseband processor is built around a Vadatech chassis
which is able to host multiple slot cards. Specifically, we use
an i) AMC599 board, integrating a Xilinx Kintex Ultrascale
FPGA, high-speed AD/DA converters and DDR4 memory
banks, among other features [44] and ii) an AMC726 board
with an Intel Core i7 processor [45] which is connected to the
FPGA card through the chassis’ back-plane. The AMC599
board provides the Programmable Logic (PL) to implement
the hardware blocks for processing the IQ samples that are
sent to and captured from the converters and stored in
the on-board DDR memory. The AMC726 board provides
the Processing System (PS), serving as a management and
configuration processor for the FPGA, AD/DA converters
and RF front-end. The PL and PS subsystems communicate
through a PCle interface. The system can be extended to
a MIMO configuration by connecting additional AMC599
boards managed from the same PS, e.g., to support the IEEE
802.11ay standard [3].

For the RF front-end we use the EVK06002 development
kit from Sivers IMA [46] with 60 GHz up/down convert-
ers. It supports the frequencies and bandwidth of IEEE
802.11ad/ay channels and includes a 16+16 (Tx/Rx) element
phased array arranged in two linear array structures. The
kit provides 2D analog beam forming capabilities through
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phase shifters with 6 bit resolution for each antenna element.
The kit can be controlled via three different interfaces: USB,
SPI and GPIO pulses. We use the USB interface (connected
to the AMC726 processor) to configure the kit as transmit-
ter or receiver (at runtime), transfer the codebook, set the
antenna sector, and configure the GPIO control interface.
Given that those tasks are not time-critical, the latency intro-
duced by the USB interface does not affect the performance
of our system. In addition, the kit incorporates fast beam
switching capabilities through simple pulses via a GPIO in-
terface, that allow to switch beam patterns every 10 ns. The
kit has a maximum RF settling time of 35 ns when changing
beam patterns. The GPIO functionality is as follows: i) one
GPIO input is used to increment the pointer for the active
sector in the stored codebook for each received pulse; ii)
a second input is used to return to a predefined sector,
which can be freely configured from the USB interface.
The front-end supports codebooks containing 64 different
antenna sectors. The standard codebook consists of a quasi-
omnidirectional beam pattern and 63 directional ones with
main lobes at angles ranging from -45° to 45°. The upper
part of Fig. 3b shows examples of the predefined beam
patterns. The codebook can be freely configured, allowing
the user to design custom beam patterns as needed.

Finally, an external dual channel clock board is used to
generate independent sampling clock signals for the AD/DA
converters (i.e., we do not require that the communicating
transceivers are clock synchronized). The system specifica-
tions far exceed the bandwidth and processing requirements
for an IEEE 802.11ad compliant transceiver and offer enough
flexibility to be used for more powerful future mm-wave
communication standards.

4.2 Basic functionality

To ensure modularity, simplify extension of the design, fa-
cilitate block interconnection and avoid inter-block synchro-
nization issues, we adopt AXI-streams as the interface for
both data paths (Fig. 5a) to move the IQ samples through the
signal processing blocks. To be able to process IQ samples at
giga-sampling rates with an FPGA device, it is necessary

to adopt a Super Sample Rate (SSR) design. This allow
to process multiple IQ samples in parallel to stay within
the clock frequency range of the PL. Here, we adopt an
SSR of 16 parallel samples for full-bandwidth operation.
This parameter can be configured depending on the specific
design requirements, in favor of area reduction or timing
constraint relaxation. While the testbed can be used with
a wide range of sampling frequencies to support different
standard requirements, in the remainder of this paper the
sampling frequency for the DACs/ADCs is set to 3.52 Giga-
Samples per Second (GSPS), to support 1.76 Gsymbols/s at
2 samples/symbol, meeting the symbol rate requirements
of the IEEE 802.11ad/ay standards. This requires a clock
frequency of 220 MHz for both data paths, considering an
SSR of 16.

For communication between the PL and the PS, we
design a PCI-to-AXI IP block that enables fast large data
transfers from/to the on-board DDR memory, as required
due to the Giga sampling rates. Access to the DDR memory
from the PS and PL is done by means of custom-designed
DDR write and DDR read hardware blocks. These efficient
write/read operations to/from the on-board memory match
the SSR adopted for the AXI-stream data-width in the
design. Specifically, the DDR write core is user configurable
from the PS to operate in two different modes: i) simple writ-
ing, where the user directly triggers a configurable number
of IQ samples to be stored in memory in a single capture and
ii) burst saving, where the user specifies an external trigger
(e.g., the signal coming from a packet detector) to capture
a configurable number of IQ samples. Using this basic
functionality, the system can be operated in a hardware-in-
the-loop mode, streaming IQ samples directly from DDR
memory to the DACs, and writing the IQ samples from the
ADCs directly to DDR memory.

4.3 Real-time enhancement

While the system can be extended to a full real-time trans-
ceiver, to keep it flexible we implement only the necessary
functionality in hardware, whereas packet encoding and
decoding is done in software. To support real-time beam
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training algorithms, we design packet detector and antenna
reconfiguration blocks that match the SSR factor and clock
frequency of the system. They include AXI-stream wrappers
for easy integration in the datapath (Fig. 5a).

o The packet detector block detects the periodic Golay se-
quences used in the STF. It implements the NAC algorithm
given in Eq. (1). In our implementation, we rearrange the
terms to avoid division and simplify the hardware imple-
mentation [37]. A valid frame is detected when the NAC
exceeds a programmable threshold (configurable by the user
at run-time from the PS). To improve the robustness and
reduce the amount of false packet detection, we add a stage
that counts the number of cycles during which the signal
exceeds the threshold. This introduces a small additional
latency in the detection. The output of the packet detector
serves as trigger for other IP blocks. We use it in conjunction
with the DDR write block to only write IQ samples that
belong to valid frames to the DDR memory.

e The antenna reconfiguration block enables fast real-time
beam steering of the antenna array from the PL by means
of GPIO pulses. These are sent to the antenna controller
to perform rapid phase-shifters reconfiguration. The block
implements a state machine which continuously waits for
a trigger signal to generate the corresponding pulses to the
RF front-end controller that change the beam-pattern. This
trigger can be sent from the PS or from other hardware
blocks in the PL (e.g., the packet detector output). Both the
number of beam-pattern changes per input trigger as well as
the separation between the pulses can be configured. For our
phase-coherent beam training algorithm, we configure the
block to perform 10 beam pattern changes with a spacing of
72.7ns (matching the duration of a Gb;2s Golay sequence).
The block can also be used for standard IEEE 802.11ad beam
training or in-packet training as used in IEEE 802.11ay [3, 31].

4.4 AD/DA converter to FPGA latency

The AMC599 board uses a JESD204B interface [47] for
data transfers between the AD/DA converters and the
FPGA. The interface serializes input at the transmitter side
to reduce the number of pins required for the link. This
introduces a deterministic latency, which critically impacts
our design, since we need to ensure that the beam pattern
changes occur at the right point in time during the preamble.

Through measurements we determine that the latency
introduced by the buffering and serialization process is 600
ns, and the overall latency is 700 ns due to the pipeline
registers used in the different processing blocks on the
receiver datapath to meet timing constraints in the design.
All the signal processing operations needed for our algo-
rithm have to terminate before the end of the STF, which
imposes tight timing constraints on the design. The antenna
reconfiguration block sends the GPIO pulses as soon as the
packet detector output goes high. To minimize the impact
of the JESD204B interface latency, we estimate the CFO
and SNR during this delay. The CFO estimation requires
580 ns while the interface latency is 700 ns. In parallel,
we estimate the SNR over the same Golay sequences used
for CFO estimation, by subtracting the I/Q samples of one
Golay sequence from the next, to obtain an estimate of the
noise variance. This is repeated over multiple sequences

for a more accurate estimate. Both CFO and SNR are thus
obtained before the changes in the signal due to the beam
pattern reconfigurations affect the received IQ samples.

4.5 |EEE 802.11ad software implementation

We develop the necessary functions to generate IEEE
802.11ad compliant frames for the different MCS (Single
Carrier and Control PHY) as well as the formatting func-
tions to load them into the testbed. Similarly, on the receiver
side we include the necessary software functions to separate
the received IQ samples into frames (based on the packet
detector flag from the hardware implementation), and do
preamble, header, and payload decoding. This allows to ex-
tract the MAC address of the AP, which is used in the eval-
uation section to identify the source of the beacon frames in
multi-APs scenarios. Of course the system can also transmit
and receive frames in a custom frame format defined by the
user. In this way, the user is able to generate and decode
frames with our experimentation platform in a hardware-in-
the-loop manner. The functionality is implemented offline in
software, and is based on the WLAN toolbox from MATLAB
[48] as well as custom functions.

5 EVALUATION

In this section, we first present the procedure to measure
the normalized array response of the receive beam patterns
which is needed for SPIDER. We then experimentally vali-
date that our design does not compromise frame decoding.
Finally, we present a series of experiments under differ-
ent conditions to validate the performance of our phase-
coherent algorithm in realistic scenarios.

5.1 Measuring the normalized antenna array response

To measure the normalized array response of the beam pat-
terns, we mount the phased array on a motorized pan/tilt
platform that mechanically steers over the whole azimuth.
We time the movement of the rotation table to wait for a
full SLS before moving to the next angle. We record n = 10
measurements of the signal for each receive beam pattern r
and transmit beam pattern ¢, respectively, obtaining

Y = Benb(8)x* 0, , +N, (14)

where 0 is the AoA determined by the pan/tilt platform,
and Y; ,, N is the vertical stack of the different Yrtn and
n, respectively, over r. The rotation table advances in steps
of 0.5°, giving approximately 0.5° maximum resolution in
our angle estimation. With the obtained measurements, we
use the following expression to obtain the normalized array
response of the beam patterns

E(Y:n Y.

t,n

Tt,n

(15)

Since the shape of (14) is such that Y; , is expressed as a
rank one matrix plus additive white Gaussian noise, the
maximum eigenvector of (15) converges to the normalized
version of the rank deficient matrix’s left vector b(f), the
normalized array response of the receive beam patterns.

While the 60 GHz front-end allows to freely configure
the codebook, in this paper we use the standard set of pre-
defined beam patterns, consisting of a quasi-omnidirectional
beam pattern and 63 directional ones with main lobes at
angles ranging from -45° to 45°.



IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. XX, NO. XX, MONTH YEAR 9
B Frame Detection [Ill ADC Latency s S R R 1
[__110 BP Changes [ Boundary Detection . Low SNR
051 | A S
SK\\\\\\\\\\QNO . ‘iii* 0.75
T < 80 -1 @ g =
£ 60 g, Baaad d ) =
£ a0 1 e T £ 05
B = High SNR 5
& 20 & . & = —e— SPIDER (CFO=8)
L .
0 8 12 0.5 1 B 0.25 —~— Baseline (CFO=8)
0 A Baseline (CFO=20)
—4-20 2 4 6 8101214 SNR (dB) 1 : . —s7— Baseline ( =
SNR (dB) 0@@@&.;;3_ oL I I I ]
2 4 6 8 10 12 14

(b) Fraction of undecod-
(a) Preamble processing time able SLS frames

Figure 6: Frame detection for different SNR values

5.2 Preliminary measurements

We now analyze how SPIDER affects the normal operation
of an IEEE 802.11ad receiver. It is critical that the sequence
of beam pattern changes of SPIDER terminates before the
end of the STF in the preamble, to not compromise packet
decoding. Therefore, frame detection has to occur suffi-
ciently early during the preamble. Detection time primarily
depends on the SNR. In Fig. 6a we stack the delay for frame
detection, the ADC-to-FPGA latency, the time required for
10 receive beam pattern changes, as well as the time for
boundary detection. We also include a line at 6400 samples
corresponding to the duration of the STF. We observe that
for SNR values from 14 to -4 dB the frame detection delay
indeed increases, but for all SNR values packet detection
occurs early enough for SPIDER to work. Moreover, as
shown in Fig. 6b, for SNR values below 2 dB, most of the
frames cannot be correctly detected. SLS frames are most
robust than data frames, so that data communication at
these SNR levels would be impossible. Thus, SPIDER does
not affect frame decoding.

In Section 4.4 we decided to estimate the CFO in the
time between our receiver sent the GPIO pulses to the
antenna controller and their effect appear in the received
signal. We present in Fig. 7 an analysis on how the number
of Golay repetitions used to compute the CFO, affects the
accuracy of the estimation. To this end, we use the designed
testbed to capture SLS from a COTS IEEE 802.11ad router
in different positions and distances. We classify the mea-
surements in low SNR (<10dB) and high SNR (> 10dB).
As can be seen from Fig. 7, the median relative error of
the CFO estimation considering 8 Golay sequences is 0.04
for both SNR scenarios. Furthermore, the different between
selecting 8 or 10 Golay sequences for the estimation is less
than 0.01 for both cases, which allow to confirm that no
significant deviation on the CFO estimation is introduced
using 8 Golay sequences compared with 10 sequences or
more. The relative error for this experiment was computed
using as reference the CFO estimation performed using 20
Golay Sequences.

As we stated in Section 3.1, it is very important that the
multiple antenna reconfigurations do not compromise the
frame decoding. To this end, it is important that the beam
pattern changes occurs during the STF without compromis-
ing the other signal processing tasks, as explained in Section
3.1. We confirm this fact by means of comparing the de-

Figure 7: CFO analysis
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Figure 8: Decoding probability

coding probability between the decoder implementing the
multiple antenna reconfigurations over the preamble and
the one without implementing SPIDER (baseline). For this
experiment, the number of antenna reconfigurations was set
to M = 10 and the number of Golay sequences used to com-
pute the CFO was set to 8. The baseline was implemented
using 8 and 20 Golay sequences for the CFO estimation to
account for this effect in the decoder behaviour. In all cases
we capture the SLS frames from a COTS IEEE 802.11ad AP
and decode them offline using a software-based decoder.
We consider a decoding failure if any parity check equation
of the payload “fails”. The results of both experiments are
presented in Fig. 8, where we can see that regarding the
CFO effect for the baseline approach, the results perfectly
match for all SNR values except for SNR< —6 dB where
the decoding probability is 1% lower. When implementing
SPIDER, the decoder behaviour match for SNR higher than
5dB, while the difference in the decoding probability is
lower than 2% for SNR higher than -6dB. Finally, only
for SNRs lower than -6dB, the difference in the decoding
probability is 10%. From these results we can conclude than
the implementation of SPIDER over the preamble of IEEE
802.11ad control packets does not compromise the decoding
performance over a wide range of SNR conditions.

5.3 Accuracy

We evaluate the accuracy of SPIDER under different condi-
tions: i) we study the impact of the number of reception
beam pattern changes (M) during the preamble and ii)
the number of sectors in the AP SLS used for the AoA
estimation. The specific reception beam patterns are chosen
heuristically using a structural similarity metric [49] to select
sectors that well cover the maximum angular range. For this
experiment we capture packets from a single AP. The station
is mounted on the pan/tilt platform and rotates between
—45° and 45° in steps of 2°. For each angle, we take static
measurements comprising 20 SLSs. We compare the phase-
coherent estimation of SPIDER with an estimation based
solely on RSS measurements [1, 26].

Fig. 9 shows the results for different receive beam pat-
terns. It include whisker plots with median, quartiles, ex-
tremes (+ 1.5 IQR) and outliers. SPIDER is able to determine
the direction of the AP with a median error of 0.5° with only
3 beam patterns (with one single outlier, and no outliers for
more than 3 patterns), as shown in Fig. 9 (top). In com-
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sufficiently low mean error, but even for a larger number
of beam patterns has remaining estimation errors.

Fig. 10a shows the Cumulative Distribution Function
(CDF) of the AoA estimation error when the station receives
32 SLS frames from the AP, the standard number of beam
training frames sent by the COTS APs we use. We compare
SPIDER and RSS approaches for M = 10 and M = 3 beam
pattern changes. For SPIDER with M = 10, the CDF curve
is well below 5° and thus within the half power beam width
of the antenna (~10°). The algorithm achieves less than 1°
error for 97% of the cases and a median angle estimation
error of 0.5°. Therefore, the selected beam pattern for com-
munication would always be the correct one. For M = 3,
SPIDER’s angle error exceeds the half power beam width
only in 2.3% of the cases and the selected beam pattern for
communication would (temporarily) be sub-optimal. This
level of accuracy is more than enough for good link perfor-
mance. In contrast, the RSS-based approach has significantly
more outliers and higher angle errors, highlighting the
importance of phase coherent estimation. We also consider
estimation using a lower number of SLS frames, as would
be the case with compressive beam training at the AP side
to reduce overhead [26]. As shown in Fig. 10b, with 14 SLS
frames the angle error degrades but SPIDER still works well.

(a) Estimated angles

(c) Experimental setup

Figure 12: Multi-path angle estimation

For both cases M = 10 and M = 3, the mean error remains
at 0.5° and the errors exceed 5° only in 3.3% and 5.5% of
the cases, respectively.

Whenever the estimated angle leads to the selection of a
sub-optimal beam pattern, the SNR of the link will decrease
by factor corresponding to the difference of gains of the
optimum versus the chosen antenna pattern at the true
angle. We compare the SNR loss of SPIDER and the RSS-
based approach with 10 receive beam patterns to standard
802.11ad beam training, which tests all beam patterns and
thus would always select the optimal one. To determine
SNR, we generate traffic from the AP to the station using
iperf. After angle estimation using the respective algorithms,
we configure the station to receive the data packets using the
beam pattern that provides the highest gain in the estimated
direction. We then decode the data packets to determine
the SNR.? The SNR loss of SPIDER and RSS compared to
exhaustive search is shown in Fig. 11. The mean SNR loss
for the phase-coherent approach is zero for any number of
receiver beam patterns, and has no non-zero outliers for
3 beam patterns or more. The RSS approach matches the
results of our proposal only for 5 beam patterns or more.

2. Since our FPGA implementation is not yet fully real-time capable
and frames are decoded offline, the ACK frames for the data packets
from the AP are sent by COTS station located next to the FPGA.
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Figure 13: Real-time rotation experiments for different patterns

5.4 Multi-path estimation

As stated in Section 3.4, our phase-coherent algorithm can
be extended to iteratively estimate all the multi-path com-
ponents of the channel. To this end, we set up an AP to
station link as described in the previous section, with the
phased antenna array mounted on the pan/tilt platform.
The system is deployed in a empty room as shown in Fig.
12.b, with the AP located 10 m away from the receiver. Fig.
12 shows that for the different rotation angles, it is possible
to identify not only the LOS path from the AP but also
reflections that follow a clear pattern for the different multi-
path components present in the environment. We are able
to identify four sources of such reflections, coming from the
walls, a metallic door and the rack in which the FPGA is
mounted (Fig. 5b). We also detect some spurious reflections,
as can be seen in Fig. 12.a, that likely correspond to paths
from the metallic window frames and similar room features,
but we were not able to clearly identify the reflectors.

5.5 Mobility

To verify the angle estimation accuracy of SPIDER in real-
time, we perform both tests with rotation at a fixed location
as well as several trajectories with actual mobility.

5.5.1 Rotation experiments

For these experiments we use a setup where the station is
static but rotates, to be able to tightly control the angles.
The phased antenna array connected to the FPGA system is
mounted on a pan/tilt platform. For this experiment we use
10 receive beam pattern changes. We deploy 5 APs in the
room to show that our system can reliably estimate angles
of multiple APs at the same time, as depicted in Fig. 13c.
We use different APs to show the compatibility with any
IEEE 802.11ad device: one Talon AD7200 router (AP1 at a
distance of 6 m from the station), three Dell D5000 Wireless
Docking stations (AP2 at 6.5 m, AP3 and AP5 at 4.7 m), and
a NETGEAR Nighthawk X10 (AP4 at 6.5 m).

First, the receiver is steered following a triangular angle
pattern sweeping to angles of 35° and -35° and back to
0°. The complete cycle of the movement takes 2.8 seconds.
After that, the system remains with the original orientation,

pointing towards AP1 at 0°. As can be seen from Fig. 13a,
the station is able to follow the triangular angle rotation
pattern for the 5 APs even at the extreme angles. We also
include a CDF of the angle error for the 5 APs in Fig. 13d.
The median error is 0.8° and all of the values are below the
HPBW of the antenna array. Given that our pan/tilt system
and FPGA setup are not perfectly time synchronized and 1°
error corresponds to only a 18 ms time shift, these results
are again within the measurement accuracy of our setup.

We perform an additional rotation test for a single AP-
station pair (AP1 from Fig. 13c). In this case, the station is
rotated following a pattern given by a gyroscope trace of a
walking person [50], while the AP is in a fixed position. The
results are presented in Fig. 13b, showing that the station
is able to follow the trajectory over the whole duration of
the experiment (8.3 s). As can be seen from the CDF shown
in Fig. 13d, the results are similar to the triangular pattern
case despite the randomness of the trajectory, achieving 0.8°
of median error and with all errors below the HPBW.

5.5.2 Simultaneous AP and station mobility

We perform experiments in a smaller laboratory of 7.5 x
6.5 m, where windows and office furniture (chairs, desks,
computers, etc.) create a richer multi-path environment. We
test the performance of the system for the extreme case of
both AP and station mobility. While the station is rotating
following the human walking pattern trace [50], the AP is
moving towards the direction of the station from P1 to P2 as
shown in Fig. 14c. The results in Fig. 14a show that the angle
pattern is similar to the one with only rotation (Fig. 13b) but
with an additional angle increase due to the AP movement.
Even with the additional challenge of movement at both
sides of the link, the CDF of the angle error shows a median
error of 0.67°, with the 96% of values below 2.4° and a single
outlier value beyond the HPBW of the antenna array.

5.5.3 Multi-AP trajectory

We also perform experiments with real-time human mo-
bility in which the station is moved manually at walking
speed along a trajectory that covers part of a corridor and
then goes into a laboratory, as shown in Fig. 15c. For this
experiment we deploy four APs, with three of them placed
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Figure 15: Multi-AP trajectory in a corridor-laboratory environment

in three of the corners of the laboratory while the fourth one
is located outside in the corridor. Due to the beam width
and the different orientations of the station, different APs are
observed during different parts of the trajectory, as shown in
Fig. 15a. We include in Fig. 15a the measured ground truth
angles for each AP as dashed lines. During the movement
from P1 to P2, the station is only able to locate AP1 (in the
corridor) until it is beyond -60°. In this part of the trajectory,
the station is also briefly able to detect AP4 (bottom-right
corner in Fig. 15¢) through the open door.

Once the station reaches P2, it rotates by 90°. It starts re-
ceiving frames from AP2 and AP1 through NLOS reflection
coming from the metal locker next to AP2. AP2 is visible
at 0° during the P2-P3 trajectory and the angle changes
when the station rotates at P3. At this point, it starts locating
AP3 and AP4 which are then successfully tracked until the
end of the trajectory. We include a CDF of the angle error
corresponding to the whole trajectory in Fig. 15b. Despite
the difficulties to get ground truth angle information and
the possible errors introduced by vibrations from the rack
wheels (Fig. 5b), we achieve 0.68° of median error and
100% of the values below the HPBW of the antenna. We
tried multiple trajectories obtaining similar results, which
demonstrates the accuracy of the proposed algorithm.

5.6 Beam training overhead reduction

We cannot test SPIDER in a dense deployment of stations,
since we only have two FPGA transceiver nodes. However,
since SPIDER is fully passive as discussed in Section 3, we

can we get a precise estimate of the overhead by means of
analyzing large standard IEEE 802.11ad deployments and
discounting the station overhead from such setups. The
beam training frequency is vendor specific, and most of the
time it depends on the data traffic and medium occupancy.
To account for this, we set up deployments with up to
22 Talon AD7200 routers, with 4 configured as APs, 16 as
stations and the other 2 are configured in monitor mode to
redundantly capture the beam training messages. All APs
use the same channel and use the standard CSMA/CA
for medium access. The beam training of the devices uses
32 beacon frames, one per beam pattern in the default
codebook, and takes around 1.6ms in total for one AP/STA
pair. The Talon routers are designed for static scenarios and
do beam training every 10 beacon intervals, but in scenar-
ios with mobility training might be needed each beacon
interval (i.e., every 100 ms). We add background traffic
of 250 MBit/s per station and compare the measured and
extrapolated overhead. To this end, we capture the traffic
between 1 AP/station pair and multiply the AP overhead
(DMG Beacon frames) by the number of APs and the station
overhead (Sector Sweep during A-BFT and DTI, Sector
Sweep Feedback, and Sector Sweep ACK) by the number
of stations. This latter setup corresponds to deployments
where the frequency of beam training cannot be reduced
due to network dynamics. To obtain the overhead reduction
achieved by SPIDER, we divide the total overhead by the
overhead caused by a station implementing SPIDER (DMG
Beacon, Sector Sweep Feedback, and Sector Sweep ACK).
Fig. 16a shows measured and extrapolated beam train-
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Figure 16: Beam training overhead (in ms) of IEEE 802.11ad compared to SPIDER (ratio on top of the bars)

ing overhead. For 1 AP and 1 station, AP overhead is
slightly larger than station overhead and IEEE 802.11ad
around 1.7 times the overhead of SPIDER). For 4 stations,
the extrapolated station overhead is exactly 4 times larger
and thus IEEE 802.11ad overhead is 3.6 x that of ours (left
bar). However, the Talon routers both slightly increase the
DMG Beacon frequency and significantly increase the sta-
tion beam training frequency so that actually measured IEEE
802.11ad overhead is higher by a factor of 4.1. For 7 stations,
the Talon routers reduce the beam training frequency due to
the increase in data traffic with that many stations, so that
measured and extrapolated overhead almost match. Note
that due to issues with the newest Talon firmware it is not
possible to connect 8 (or more) stations to one AP. For 4
APs with 1, 2, and 4 stations per AP, when extrapolating
the overhead we obtain an IEEE 802.11ad overhead of 9,
12 and 19 ms, respectively, whereas the Talon routers try to
maintain a relatively constant overhead of 6, 7 and 9 ms.
For these cases, SPIDER reduces the overhead by a factor
of 1.6 to 3.6. We see the effects of a reduction in beaconing
frequency as is done by the Talon routers in the time it takes
stations to connect to the network. For 4 APs and 4, 8, and
16 stations, the time it takes until the last station connects
increases from 6 to 10 to 13 seconds, respectively.

Fig. 16b shows the extrapolated overhead for the stan-
dard setting with 32 beacon frames per beam training for
IEEE 802.11ad and 10 beacon frames for SPIDER (right
columns), as well as a scenario for low end IoT devices
with only 4 beam patterns and thus 4 beacon frames (left
columns) for both the IEEE 802.11ad baseline and SPIDER.
We consider one AP and 2, 16, 64 and 256 stations. As
expected, the higher the number of stations, the higher the
beam training overhead for the baseline 802.11ad and the
higher the relative overhead reduction with SPIDER. For
standard devices with 32 beam patterns, the total beam
training time with 256 stations is 227 ms, and thus beam
training would only be feasible every few seconds. In dy-
namic scenarios, such infrequent beam training may lead
to significant outage time. With SPIDER, beam training can
still be done every 100 ms without excessive overhead,
consuming only 6 ms. For low end devices with only 4
beam patterns, the overhead in general is substantially
lower, as shown in the bars on the left. Nevertheless, with
the standard approach the total beam training time would

consume 32% of the total communication time (since the
beam training lasts 32 ms every 100 ms) with 256 stations.
Although this does not prohibit communication, the time
it takes significantly reduces the communication efficiency.
Our approach would reduce this by a factor of 6.8 to only
4%.

6 RELATED WORK

We first discuss available mm-wave testbeds and then prior
work on beam training. Since the advent of mm-wave com-
munication systems, different experimentation platforms
have been proposed, each trying to cover different types
of experiments. These solutions differ vastly in cost, per-
formance, and flexibility. Platforms using USRP software-
defined radios [39,51] are bandwidth constrained which
limits their applicability to narrow-band experiments. Nev-
ertheless, their low cost makes them a good solution for
simple experiments that do not require high performance.
The X60 testbed [52] fulfills the bandwidth requirements of
the IEEE 802.11ad standard, but with limited flexibility re-
garding the fast real-time configuration of the antenna array
and relatively high device cost. OpenMili from [53] increases
the bandwidth capabilities compared to [39,51], but still
does not meet the requirements of IEEE 802.11ad. Besides,
the custom phased array only includes very coarse phase
control and its antenna reconfigurability is limited. Also
COTS devices have been modified to perform mm-wave
experiments [26]. While they are both low cost and stan-
dard compliant, they do not provide access to the physical
and lower MAC layers, which are important to develop
and validate new MAC and signal processing solutions.
In contrast, our experimental platform with its fast real-
time antenna reconfiguration provides unique capabilities
for mm-wave experimentation with high mobility, where
fast beam steering is important. It offers the flexibility to
implement custom algorithms such as SPIDER, which no
other available testbed platform can support. The platform
allows to implement not only IEEE 802.11ad-based systems
but also other mm-wave standards such as IEEE 802.11ay,
which requires fast beam steering for its beam training
mechanism and to track station movement during the data
communication phase [31].
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We now review existing beam training approaches. The
IEEE 802.11ad beam training mechanism [2] selects the
antenna sector that provides the highest SNR by exchanging
SLS frames using beam patterns from a predefined code-
book, as discussed in more detail in Section 2.1. Commercial
devices typically have codebooks with up to 64 predefined
sectors [5]. Beam training for such codebook sizes typically
takes several milliseconds, but can take up to seconds in
dense AP deployments [17, 32, 54]. It also incurs unaccept-
able latency and a very high beam training overhead in
mobile scenarios [55, 56, 57].

The IEEE 802.11ay amendment [3] introduces the con-
cept of in-packet training, where TRN fields are appended
to the beacon frames. These fields allow to test different
beam pattern configurations within a single packet [31].
However, each TRN field comprises several complemen-
tary Golay sequences, i.e., they are longer than the single
Golay sequence per beam pattern change used in SPIDER.
Besides, IEEE 802.11ay training requires additional fields,
whereas SPIDER uses the existing frame preamble, preserv-
ing 802.11ad compatibility.

More efficient beam training mechanism are mainly
based on compressed beam training techniques, since the
sparsity of the mm-wave channel makes it amenable to
sparse estimation. Compressed sensing approaches reduce
the number of sectors that are probed to O(K log N), where
N is the size of the codebook and K is the number of
dominant paths in the mm-wave channel [28,29]. Phase
coherent compressive beam training mechanisms [23, 24]
require phase coherence among the training frames, which
is not supported by current COTS devices. For this reason,
the authors only present simulation results for large an-
tenna arrays. More recent approaches [25,26,27] use RSS
information, which avoids the phase coherence requirement
across frames and makes them implementable on current
hardware. The approach in [27] divides the beam search
space into narrow sectors and uses carefully designed multi-
armed beam patterns which explore the different sectors
similar to a hashing algorithm. A voting process returns
the desired direction with a probability that depends on
the specific hash functions and on the beam pattern shapes
used. Current consumer devices with low resolution phase
shifters, hardware imperfections and strong side-lobes will
incur significant errors in this estimation. Compressed beam
training can even be implemented on COTS devices using
the (imperfect) beam patterns of the default codebook [26].
A subset of M out of the N beam patterns are probed
(M < N), and the RSS measurements are correlated with
the known radiation patterns of the default sectors of the
devices. The authors report fluctuations in measuring the
SNR which they address by estimation over multiple RSS
measurements. The algorithm determines the maximum
of the weighted sum of the radiation patterns over the
search space, and the angle where this maximum is reached
corresponds to the estimated direction. They show that 14
beam patterns suffice for reliable angle estimation.

Recent work proposes a new method for channel esti-
mation using a linear block code [58], which reduces the
number of measurements required. However, the algorithm
is only tested in simulations with ideal beam patterns and
therefore does not take into account hardware limitations.

It may fail in multi-path channels where paths have com-
parable strength. A similar idea is presented in [59] with
a two-phase algorithm that can estimate a sparse multi-
path channel from RSS measurements, as opposed to the
authors” own prior work [25] that estimates only the domi-
nant path. However, again only simulations with ideal beam
patterns are presented. The components of a sparse multi-
path channel can even be estimated with an overhead that
only scales with the number of multi-path components of
the channel but not the number of antenna patterns [30].
However, this approach requires solving a complex non-
convex optimization problem via a genetic algorithm that
is difficult run on consumer hardware in real-time. It also
requires multiple packet transmissions from both the AP
and the stations, whereas with SPIDER the measurements
taken over a single packet preamble from the AP suffice.

An approach that changes the beam pattern once in the
middle of a preamble to a custom multi-lobe beam pattern
with a phase shift among the lobes is presented in [60]. This
mechanism allows to track the direction of simple device
rotation and achieves zero-overhead device tracking with
an angle error of less than 5° in most cases.

Few prior works address simultaneous station beam
training [61, 62]. In [61], the authors propose a modification
to 802.11ad where for station beam training, APs transmit
omni-directionally while stations switch through their dif-
ferent receive beam patterns. However, such an approach is
not compatible with 802.11ad. Beam training with multiple
APs is feasible but requires coordinating the beam training
of all nodes of the network. Also [62] proposes a simultane-
ous beam training mechanism which is not compatible with
legacy 802.11ad devices.

The main difference to our work is that SPIDER provides
better scalability by eliminating station beam training over-
head entirely, whereas prior work requires active station
beam training. It is orthogonal to compressive beam training
mechanisms that reduce the number of sectors trained by
the AP, and can be used jointly with them to further reduce
the overhead. Furthermore, our approach is compatible
with current 802.11ad deployments, does not affect legacy
stations, and can be implemented on current devices.

7 CONCLUSIONS

In this paper we introduce and implement SPIDER, a beam
training mechanism that improves the scalability of IEEE
802.11ad systems for dense deployments. It makes use
of rapid receive beam pattern changes during preamble
reception for passive channel estimation at the stations,
while an AP is performing standard beam training. The
preamble measurements are phase-coherent, which allows
to rapidly estimate the full multi-path channel based on
dimensionality reduction methods and joint estimation over
all received frames. To implement and validate SPIDER, we
design a flexible full-bandwidth experimentation platform
that is compatible with IEEE 802.11ad and allows to test our
SPIDER station implementation with commercial APs. The
testbed design and source code are made available to the
research community as open source. Our evaluation shows
that SPIDER provides extremely accurate angle measure-
ments at the station that indicate the best beam pattern to
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be used. Besides, it reduces the beam training overhead
by an order of magnitude compared to IEEE 802.11ad.
SPIDER also works for asymmetric arrays where transmit
and receive array geometry differ, as long as the estimated
angle can be mapped to an antenna sector.

Our mechanism can be further improved by designing
custom beam patterns on the fly, that maximize the an-
tenna gain in the estimated direction, rather than selecting
from a pre-defined codebook. Furthermore, SPIDER can be
used during data transmission in addition to the SLS, to
continuously update the beam direction in highly dynamic
scenarios. While data frame preambles are shorter than
those of control frames, we show that even with a very
low number of receive beam pattern changes it is possible
to accurately track the AoA of the received signal. SPIDER
can also be integrated at the AP side to further reduce the
overhead. Angle estimation is then carried out whenever
control messages from a station are received, and AP bea-
coning would only be necessary to allow new stations to
join the network within a reasonable amount of time and to
support legacy stations.
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