Abstract
Directional Training for FDD Massive MIMO
by
Xing Zhang

To achieve the full array gain of massive MIMO in downlink transmission, the base station requires the knowledge of full downlink channel state
information (CSI). In the frequency-division duplexing (FDD) mode, full
channel training with feedback is required to obtain full downlink CSI and
the overhead scales with the number of antennas at the base station. As
a result, for large-antenna MIMO systems, the downlink CSI acquisition
overhead will consume a large amount of coherence time and lead to much
spectral efficiency loss.
In this thesis, to reduce the large downlink CSI acquisition overhead
and to let FDD still benefit from the array gain of massive MIMO, we
propose directional training for FDD massive MIMO systems. Directional
training exploits the fact that the number of angle-of-arrival/angle-ofdeparture (AoA/AoD) is independent of the number of antennas at the
base station. Also, based on our measured channel data, we note that the
number of AoA/AoD is much smaller than the number of antennas at the
base station. Directional training first leverages the AoA/AoD reciprocity
between uplink and downlink to locate the AoD set of downlink channel
utilizing uplink CSI and then trains the downlink channel using the AoD
set only. Therefore, the overhead of directional training will not scale with

the number of antennas at the base station and will be much smaller than
the overhead of full training.
We conduct extensive channel measurement employing a 64-antenna
base station at two di↵erent bands in the indoor environment to evaluate the downlink beamforming performance of directional training using
zero-forcing beamforming. The results show that in the perfect CSI case,
directional training performs close to full training in the line-of-sight scenarios and leads to about 17% achievable rate loss in the non-line-of-sight
scenarios when serving two mobiles. In contrast, for the imperfect CSI
case, directional training outperforms full training by 155% in the lineof-sight scenarios and 100% in the non-line-of-sight scenarios in terms of
spectral efficiency when serving two mobiles and the channel coherence
symbol length is 200. Hence, directional training is a promising scheme
for FDD massive MIMO systems to obtain downlink CSI at the base station.
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Chapter 1

Introduction

1.1

Motivation for FDD massive MIMO

Massive multi-input multi-output (MIMO), where the base station is equipped with a
large number of antennas, can improve the spectral efficiency manifold, which makes
massive MIMO a promising design for next generation wireless network [1, 2, 3,
4]. Full channel state information at the transmitter (CSIT) is required to obtain
the full array gain of massive MIMO. In the time-division duplexing (TDD) mode,
uplink/downlink channel reciprocity can be leveraged to obtain downlink channel
state information (CSI) at the base station by receiving training pilot from mobiles
through uplink. Existing platform such as many-antenna base station Argos in [5, 6]
acquires downlink CSIT based on uplink/downlink channel reciprocity. However,
most cellular networks still operate in frequency-division duplexing (FDD) mode.
Therefore, it is also important to study FDD massive MIMO to maintain backward
compatibility with the existing cellular network spectrum availability.
In FDD mode, uplink/downlink channel reciprocity cannot be harnessed, thus
to obtain downlink CSIT, the base station needs to perform full downlink channel
training with uplink feedback, which is denoted as full training in this thesis. When
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the base station is equipped with M antennas, the overhead that full training leads to
will be O (M ). As the base station being equipped with more antennas, the overhead
will get larger and consume a larger amount of coherence time, leading to much more
spectral efficiency loss. As a result, with full training, FDD cannot benefit from the
array gain of massive MIMO due to the large overhead that scales with the number of
antennas at the base station. Therefore, downlink CSI Acquisition in FDD massive
MIMO systems is still an open research problem[7]. Then we may ask a question that
can we reduce the overhead while still maintaining the array gain of massive MIMO
in FDD mode? More specifically, the goal is to obtain as accurate downlink CSI at
the base station as possible with much smaller overhead than the overhead that scales
with the number of antennas at the base station as in full training.

1.2

Solution for FDD Massive MIMO

We propose directional training to obtain downlink CSIT with angle-of-departure
set for FDD massive MIMO. Directional training exploits the fact that in massive MIMO regime, the number of angle-of-arrival/angle-of-departure (AoA/AoD1 ) is
much smaller than the number of antennas at the base station. We collected extensive channel measurement using a 64-antenna base station and show that a limited
number of AoD are enough for directional training.
However, there are two challenges to acquire downlink CSI with AoD set. First,
the base station needs to gain the knowledge of the AoD set of downlink channel
without any downlink channel information. Otherwise, the base station needs to
train all possible AoD set and the overhead will be even larger than the overhead
of full training. Directional training locates the downlink AoD set based on uplink
1

At the base station side, AoA refers to the angle of uplink channel and AoD refers to the angle
of downlink channel
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CSI only utilizing the AoA/AoD reciprocity between uplink channel and downlink
channel without adding more overhead.
Second, the base station needs to recover the channel corresponding to the AoD set
after training with AoD set. Due to the limited spatial resolution of the antenna array,
training beams corresponding to di↵erent AoD will interfere with each other during
training with AoD set. Directional training resolves all the possible interference by
utilizing the relationship between interest signal and interference signal.

1.3

Key Contributions and Results

Specifically, our contributions in this thesis are as follows:
• We propose directional training to obtain downlink CSI at the base station side
for FDD massive MIMO systems. Directional training first locates the AoD
set of downlink channel and then trains downlink channel with the AoD set
only. As a result, directional training consumes overhead that only depends on
the number of AoD and is independent of the number of antennas at the base
station.
• We conduct extensive channel measurements employing a 64-antenna base station with both Channel 1 and Channel 14 of 2.4 GHz ISM bands in a typical
office indoor environment. We show that 4 AoD are enough to perform direction
training without too much loss. Therefore, the number of AoD is much smaller
than the number of antennas at the base station in massive MIMO regime.
• We then investigate the downlink beamforming performance of directional training with zero-forcing beamforming in both perfect CSI case and imperfect CSI
case. In perfect CSI case, we observe that directional training performs close
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to full training in the line-of-sight scenarios and leads to about 17% achievable rate loss in the non-line-of-sight scenarios when serving two mobiles with
average receive SNR as 40 dB. In contrast, for the imperfect CSI case, directional training outperforms full training by 155% in the line-of-sight scenarios
and 100% in the non-line-of-sight scenarios in terms of spectral efficiency when
serving two mobiles and the channel coherence symbol length is 200.

1.4

Related Work

Several related works implement di↵erent schemes to reduce the downlink CSIT acquisition overhead for FDD massive MIMO [8, 9, 10]. Specifically, in [8], the scheme
groups mobiles with approximately the same channel covariance eigenspace and performs beamforming in a two-stage way with a prebeamforming matrix only depends
on the channel covariance matrix and the precoder only depends on the instantaneous
channel realization in the channel covariance eigenspace. In [9], the authors exploit
long-term channel statistics including temporal and spatial correlations and channel
prediction to reduce the overhead in downlink training phase. In [10], the authors
employ compressive sensing based on spatial correlation to reduce the channel feedback overhead. However, all the works in [8, 9, 10] are theoretical and assume the
long-term channel statistics or the channel correlations are known, but in a practical
scenario, obtaining accurate long-term channel statistics or the channel correlations
is not always possible, especially for FDD massive MIMO systems, even though longterm channel statistics reciprocity between uplink and downlink channel may exist. In
contrast, directional training exploits AoA/AoD reciprocity between uplink channel
and downlink channel which requires instantaneous channel state information only.
Also, directional training is inspired by and tested using experimental data.
There is also an experimental work in [11] trying to eliminate the downlink CSI
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acquisition overhead by inferring downlink CSI based on uplink CSI only for FDD
MIMO systems. However, the work in [11] is based on the experiment of small scale
MIMO (5-antenna) only and the frequency separation between uplink and downlink
channel is small (30 MHz). In contrast, we employ the experimental data based on a
64-antenna base station and our directional training scheme works for large frequency
separation (72 MHz) between uplink and downlink channel. Also, we show that our
directional training scheme performs better than the scheme in [11] based on our
experimental data with this large uplink/downlink frequency separation.

1.5

Outline of the Thesis

The rest of this thesis is organized as follows. In Chapter 2, we define the research
problem; Chapter 3 shows the channel characteristics with AoA/AoD set; Chapter 4
provides all the details of our channel measurement campaign; Chapter 5 details our
proposed directional training scheme for FDD massive MIMO; Chapter 6 presents
the downlink beamforming performance of directional training; finally, Chapter 7
concludes this thesis.

1.6

Notation

We use upper and lower boldface symbols for matrices and column vectors respectively. XT and X⇤ denote the transpose and conjugate of X. XH denotes the conjugate transpose of X and X

1

denotes the inverse/pseudoinverse of X. x ⇠ CN (µ, ⌃)

indicates that x is a complex circularly symmetric Gaussian vector with mean µ and
covariance matrix ⌃.

Chapter 2

Problem Definition

In this chapter, we describe the system model and then present details on the large
overhead issue of FDD massive MIMO that we solved in this thesis.

2.1

System Model

In this thesis, we consider the scenario of a single cell, where one M -antenna base
station serves K single-antenna mobile stations at the same frequency band simultaneously in downlink. For downlink transmission, the received signals at the mobiles
side can be expressed by
y = HT Ws + z

(2.1)

where y 2 CK is the received signals of K mobiles; s 2 CK is the data vector
transmitted to the K mobiles; W 2 CM ⇥K is the beam weight of the precoder; z ⇠
CN (0, IK ) is the corresponding additive white Gaussian noise vector and H 2 CM ⇥K
is the downlink channel matrix and it can be written as


H = h1 h2 · · · hK

7
Tcoherence
Base Station

DATA

Tcoherence
Base Station

Downlink
Training

DATA

Ttraining

Mobile

Mobile

Uplink Feedback

Tfeedback

Ttraining Tfeedback

(a)

(b)

Figure 2.1: Full training in FDD mode: (a) MIMO when the number of antennas at the
base station is small (e.g. 4); (b) massive MIMO when the the number of antennas at the
base station is large (e.g. > 100). Yellow block stands for downlink training and green block
stands for uplink feedback; Ttraining is the downlink training overhead; Tfeedback is uplink
feedback overhead; Tcoherence is the channel coherence symbol length.

where hk 2 CM , k = 1, 2, ..., K is the downlink channel vector corresponding to kth
mobile.
The base station can serve more than one mobile simultaneously through multiuser beamforming. According to Equation (2.1), the base station needs to design
beam weight matrix W to e↵ectively achieve the array gain of massive MIMO. There
are several precoders to design beam weight W, including conjugate precoder, zeroforcing precoder, and minimal mean square error (MMSE) precoder. Among them,
conjugate precoder, with beam weight Wconj = H⇤ , is the simplest linear that aims
to maximize the received power at the mobiles. Zero-forcing precoder, with beam
weight WZF = H⇤ HT H⇤

1

, minimizes the received power at unintended mobiles

and has asymptotically optimal performance in the high signal-to-noise ratio (SNR)
regime. In this thesis, we employ both conjugate precoder and zero-forcing precoder
to evaluate the downlink beamforming performance of directional training.

2.2

Large Overhead of FDD Massive MIMO

To design the precoder for both conjugate beamforming and zero-forcing beamforming, the bases station first needs to obtain downlink CSI. Consider multi-user MIMO
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case, where one M -antenna base station serves K mobiles and the number of antennas at the base station is small. In FDD mode, downlink and uplink channel are not
reciprocal since they are transmitted at di↵erent frequency bands. Thus, the base
station performs full downlink channel training and then the mobile feeds back the
estimated downlink CSI to the base station, as shown in Fig. 2.1. In this thesis, we
denote this scheme as full training. In full training, first, the base station sends to all
mobiles M time orthogonal training pilot symbols corresponding to M antennas at
the base station so that each mobile can estimate the corresponding channel vector
hk 2 CM , k = 1, 2, ..., K. Then each mobile feeds back the corresponded channel
vector hk 2 CM , k = 1, 2, ..., K to the base station, which will take M symbols in the
multiplexing way. Therefore, full training brings in 2M symbols overhead when each
channel element training/feedback consumes one symbol only1 .
Let Tcoherence be the channel coherence symbols length. With one M -antenna base
station serving K mobiles, the downlink spectral efficiency will be

RSE =

✓

1

Ttrain + Tfeedback
Tcoherence

◆X
K

E [log(1 + SINRk )]

(2.2)

k=1

where Ttrain is the downlink training overhead; Ttrain is the uplink feedback overhead
and SINRk is the signal to interference and noise ratio of the kth mobile.
Full training will bring in 2M symbols overhead during downlink training and
uplink feedback, which means Ttrain + Tfeedback = 2M . When the number of antennas
at the base station M is small, then the overhead of full training will be small compared to the coherence symbol length, as shown in Fig. 2.1(a). However, in massive
MIMO regime, the number of antennas at the base station gets large, the overhead
2M of full training will consume a large amount of total coherence symbol length
1

For a simple comparison, we consider each channel element training/feedback costs one symbol
only for both full training and directional training in this thesis.
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Tcoherence , as illustrated in Fig. 2.1(b), since the coherence symbol length is constant
and only depends on the propagation environment. As a result, based on Equation
2.2, the large overhead 2M of full training will reduce spectral efficiency by multi⇣
⌘
2M
plying 1 Tcoherence
, making FDD cannot benefit from the array gain of massive
MIMO. Therefore, downlink CSI acquisition for FDD massive MIMO systems is still
an open research problem [7].

Chapter 3

Channel with Angle-of-arrival/angle-of-departure

We first provide the background of angle-of-arrival/angle-of-departure (AoA/AoD)
and then show that the number of AoA/AoD is much smaller than the number of
antennas at the base station for massive MIMO systems based on our channel measurement dataset. Therefore, training downlink channel with AoD set will reduce the
large downlink CSI acquisition overhead for FDD massive MIMO systems.

3.1

Angle-of-arrival/angle-of-departure

Here we review the concept of array response vector and AoA/AoD. Consider a plane
wave incident at angle (✓, '), where ✓ is the elevation angle and ' is the azimuth
angle, to a Mr -row Mc -column rectangular uniform plane array, as shown in Fig. 3.1,
the received signal at the array side can be characterized by the array response vector
2

6
6
6
6
a (✓, ') = 6
6
6
4

3

1
exp j

exp j 2⇡ ((Mr

2⇡

d sin ✓ cos '
..
.

1) d cos ✓ + (Mc

1) d sin ✓ cos ')

7
7
7
7
7
7
7
5

(3.1)
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x
!
θ
y

z

Figure 3.1: A signal arrives at the base station in AoA (✓, '), where ✓ is the elevation angle
and ' is the azimuth angle.

where

is the wavelength of the received signal and d the spacing between each

element. Thus with angle-of-arrival (✓, '), we can characterize the channel by

h = a(✓, ')

where

is a complex value representing the amplitude attenuation and phase shift

of the channel corresponding to the first antenna element.
In wireless propagation environment, there can be more than one AoA/AoD between the base station and the mobiles. We assume the base station is located at the
far field of all received signals, which can be true when the base station are far from
scatters as in cellular network. Then we can model the channel with AoA/AoD set
[12] as
h=

L
X

l a (✓l , 'l ) ,

l=1

where L is the number of spatial paths with di↵erent AoA/AoD; (✓l , 'l ) is the
AoA/AoD of the lth path and

l

is the corresponding complex channel value.

With the response vector a (✓, ') of angle (✓, '), the base station can form one
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Figure 3.2: Power angle spectrum (unit is dB) showing the direction beam pointing to
angle (90 , 90 ). The base station is equipped with 64-antenna uniform plane array with
half wavelength spacing.

directional beam to angle (✓, ') with beam weight at the base station as
W = a⇤ (✓, ') .

(3.2)

Fig. 3.2 shows the example that the base station forms the directional beam pointing to angle (90 , 90 ). The directional beamwidth is determined by the entire array
size in the corresponding dimension and the incident angle. More details of the array beamwidth can be found in [13]. The array beamwidth limits the resolution in
AoA/AoD domain, which will a↵ect AoA/AoD set estimation and AoD set training. We will show how directional training solves the beamwidth limitation e↵ect in
Chapter 5.

3.2

How many AoD are needed?

We propose to let the base station train downlink channel with AoD set. In this
case, the training overhead will depend on the number of AoD instead of the number
of antennas at the base station. Also, the number of AoD only depends on the
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channel propagation environment and is independent of the number of antennas at
the base station. However, it is not clear that how many AoD are enough for training
downlink channel with AoD set and whether the number of AoD is much smaller than
the number of antennas at the base station or not.
To investigate how many AoD are needed in massive MIMO scenario, we conduct
extensive channel measurement using Argos V2 platform [5][6] with 64-antenna uniform plane array. More details on our channel measurement procedures and results
are given in Chapter 4.
Using our channel dataset, we test how many AoD are needed for AoD set training.
To do this, we first estimate the downlink AoD set based on perfect downlink CSI
h 2 CM , then we apply di↵erent numbers of AoD to perform perfect AoD set training
to obtain downlink CSI at the base station. After that, the base station obtains the
estimated CSI ĥ 2 CM . To test the accuracy of estimated downlink CSI, we compute
the projection values as
ĥH h
⇢=

.
khk ĥ

When correlation is 1, it means the base station obtains perfect CSI. Larger correlation
value means more accurate channel estimation, which in turn will result in a better
beamforming performance.
We test how many AoD are needed utilizing all downlink subcarriers of all mobile
locations in our channel data set. Fig. 3.3 shows the cumulative distribution function
of the correlation value between estimated downlink CSI and perfect downlink CSI in
line-of-sight and non-line-of-sight scenario respectively. The estimated downlink CSI
is acquired by utilizing di↵erent numbers of AoD to perform perfect AoD set training.
In line-of-sight scenarios, we observe that two AoD are enough to achieve an average correlation value 0.85 and four AoD are enough to achieve an average correlation
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Figure 3.3: Cumulative distribution function of the correlation value between estimated
downlink CSI and perfect downlink CSI. The estimated downlink CSI is acquired by utilizing
di↵erent number of AoD to perform perfect AoD set training in (a) line-of-sight scenarios
and (b) non-line-of-sight scenarios.

value 0.9. By contrast, in non-line-of-sight scenarios, four AoD are needed to achieve
an average correlation value 0.75 and eight AoD are needed to achieve an average correlation value 0.85. Increasing the number of AoD will always improve the projective
value, but the improvement of correlation value by adding one AoD will decrease.
Therefore, based on the results, to achieve an average correlation value of 0.75, we
set the upper bound of AoD number for all cases as Lmax = 4. The upper bound for the
number of AoD Lmax is an empirical setting based on our channel dataset to achieve
an average correlation value of 0.75. And Lmax can be adjusted in di↵erent scenarios
to achieve di↵erent levels of channel estimation accuracy. Larger upper bound for
the number of AoD leads to more accurate downlink channel estimation at the base
station side, but the larger number of AoD will also bring in more training overhead.
Hence there is a tradeo↵ between downlink CSI estimation error and acquisition
overhead to determine the upper bound for the number of AoD. In this thesis, we
want to study how accurate downlink CSI the base station can obtain utilizing 4 AoD
only for all cases.
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3.3

Challenges for Training Channel in AoD Domain

We have shown that the number of AoD can be limited to Lmax = 4 based on our
channel dataset, so the number of AoD is much smaller than the number of antennas
at the base station for massive MIMO systems. Hence, for FDD massive MIMO
systems, the base station obtains downlink CSI via training with AoD set can reduce
the large downlink CSI acquisition overhead. But there are two challenges for training
downlink channel with AoD set.
First, the base station needs to locate the AoD set of downlink channel. Without
any knowledge of downlink AoD set information, the base station needs to send
training pilot in every possible AoD to train every possible AoD corresponding channel
component. In this case, the training overhead will be even larger than the overhead
of full training since the number of all possible AoD will be even larger than the
number of antennas at the base station. Therefore, locating the AoD set of downlink
channel is crucial for AoD set training to reduce the training overhead.
Second, after determining the AoD set, the base station needs to recover the channel values corresponding to the AoD set after AoD set training and feedback. Due
to a certain beamwidth of directional beams formed by the antenna array, as illustrated in Section 3.1, directional beams of di↵erent AoD will interfere with each other
during AoD set training. So resolving all the possible interference is also required to
perform training with AoD set. We illustrate how directional training solves the two
challenges in an e↵ective way in Chapter 5.

Chapter 4

Channel Measurements

We collect channel data employing a large antenna array base station in two di↵erent
bands to emulate the channel at the base station side of FDD massive MIMO systems.
We present the details of our channel measurements in this chapter and we utilize
this channel dataset across this entire thesis.

4.1

Channel Measurements Platform

We employ the Argos V2 platform [5, 6] as the base station and the WARP platform
[14] as the mobile node to conduct extensive channel measurement. The Argos base
station is connected to a 64-antenna rectangular array, and each antenna is spaced
by 2.5 inches, which approximately equals to a half wavelength of the 2.4 GHz band.
Fig. 4.1 shows the Argos platform we employed during channel measurements.

4.2

Channel Spectrum

Both the base station node and the mobile node can support orthogonal frequencydivision multiplexing (OFDM) transmission in the 2.4 GHz SIM band. Since there are
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Figure 4.1: Argos platform with a 64-antenna array.
72 MHz
Channel
1

Uplink

2.412 GHz

Downlink

Channel
14
2.484 GHz

Figure 4.2: Spectrum of Channel 1 and Channel 14 in 2.4GHz.
14 sub-channels in the 2.4 GHz ISM bands, to emulate the FDD mode and let uplink
channel and downlink channel have the largest frequency separation, we collected
channel data at both Channel 1 and Channel 14. Both Channel 1 and Channel 14
have bandwidth 20 MHz with 64 OFDM subcarriers, 52 of which are utilized and
measured during the experiment.
We utilize the measured channel dataset for FDD mode by assigning Channel 1
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(a)

(b)

Figure 4.3: Locations of the base station and the mobiles in a typical office indoor environment. (a) Floor 1; (b) Floor 2.

and Channel 14 as uplink band and downlink band respectively, as shown in Fig. 4.2.
Therefore, both uplink and downlink do OFDM transmission/reception, and the central frequency separation between uplink channel and downlink channel is 72 MHz,
which is comparable to the frequency separation of most cellular FDD bands.

4.3

Base Station and Mobiles Locations

All the channel measurements are conducted in the indoor environment. The exact
locations for the base station and the mobile nodes are shown in Fig. 4.3.
The indoor environment has richer scatters around the base station and will result
in more propagation paths compared to outdoor environment. Thus, indoor environment is a worse case for our proposed directional training compared to outdoor
environment.
We will show directional training is beneficial even in rich scatters scenarios as
the indoor environment. Also, we place mobiles in both line-of-sight scenarios and
non-line-of-sight scenarios to measure the corresponding channel. Line-of-sight scenarios will reduce the rich scattering e↵ect and will be close to the outdoor scenario
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with the base station far from the scatters, while non-line-of-sight scenario will su↵er
the rich scatters e↵ect. Thus the channel dataset we collected includes both best and
worst scenarios for directional training. Therefore, even though we propose directional training for the cellular network, conducting channel measurements in indoor
environment should also validate directional training in the outdoor environment.
Also, we will conduct similar channel measurement in the outdoor environment as a
part of future work.
For each mobile node location, we measure channel information at both Channel
1 and Channel 14 in uplink by sending pilots from the mobile node to the base
station node. We fist measure channel information at Channel 1, then both the base
station node and mobile node switch to Channel 14, followed by measuring channel
information at Channel 14. For both Channel 1 and Channel 14, we collected channel
data for 10 seconds respectively, which result in around 250 frames and 250 channel
realizations.
We conduct the channel measurement at night time when the environment is
roughly stable. Based on the results, both Channel 1 and Channel 14 are stable.
Therefore, we can consider that both Channel 1 and Channel 14 are measured at the
same time.

4.4

Phase Mismatch E↵ect and Calibration

In our channel measurement setup, each antenna element is connected to the individual radio-frequency chain, and each radio-frequency chain of the Argos base station
platform will incur an independent random phase in the phase-locked loop (PLL)
component when we power on the Argos base station or switch transmission band
each time. Thus, the phase mismatch brought into Channel 1 and Channel 14 will
be di↵erent. But we will utilize the AoA/AoD reciprocity of the air channel part in
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our proposed directional training scheme, so we need to remove the phase mismatch
e↵ect. Besides, the phase mismatch will a↵ect the AoA estimation of the air channel
part and make the channel power more distributed with more AoA.
Therefore, phase calibration is crucial for our channel measurement to evaluate
directional training. We perform calibration by putting a mobile node in front of
the antenna array around 10 meters away, and we take the node as calibration node.
In this way, the AoA of the calibration node will be 90 degrees in both azimuth
and elevation. During channel measurement stage, we always let the calibration node
transmit training pilot and then measure the channel state information corresponding
to the calibration node. Since the calibration node are far from the base station that
the base station is in the far field of the received signals and the actual angle of
arrival is known, we can determine the phase mismatch coefficient hcoe 2 CM of all
radio-frequency chains. Also, since the phase mismatch is stable over time as long
as the base station is powered on and the transmission frequency is not switched, we
use the same phase mismatch coefficient to perform calibration for one entire channel
measurement trace in one band.
With the phase mismatch coefficient determined, we get the calibrated channel
vector of each mobile hcal 2 CM by letting the measured channel vector divided by
corresponding phase mismatch coefficient hcoe 2 CM in an element-wise way. In this
thesis, we always utilize the calibrated channel vector hcal 2 CM to evaluate our
proposed directional training scheme.

Chapter 5

Proposed Directional Training for FDD Massive
MIMO

In this chapter, we present our proposed directional training scheme for FDD massive
MIMO systems. We first show how directional training solves the two challenges, one
is angle-of-departure (AoD) estimation and the other one is resolving all possible
interference during training with AoD set. Then we present the whole scheme of
directional training.

5.1

Angle-of-departure Estimation

As illustrated in Section 3.1, wireless channel can be represented with AoA/AoD set
as
h=

L
X

l a (✓l , 'l ) ,

l=1

where L is the number of spatial paths with di↵erent AoA; (✓l , 'l ) is the AoA/AoD
of l-th path;

l

is the corresponding complex channel value of l-th path and a is the

response vector defined in Section 3.1.
In Chapter 3, based on our channel measurement dataset, we show that the num-
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ber of AoD can be limited to Lmax = 4 and is much smaller than the number of base
station antennas in the massive MIMO regime. Therefore, we propose directional
training for FDD massive MIMO systems to train the downlink channel with the
AoD set only to reduce the downlink CSI acquisition overhead.
To train the L AoD as in directional training, the base station first needs to
gain the knowledge of downlink AoD set before directional training. However, the
base station does not have any information of downlink channel before any downlink
training. Before any downlink training, the base station has the uplink CSI available
only. So we seek to determine the AoD set of downlink channel based on uplink CSI.
In FDD mode, uplink and downlink channel are not reciprocal because they are
transmitted at di↵erent bands and the frequency separation is larger than coherent
bandwidth. However, there is AoA/AoD reciprocity between uplink channel and
downlink channel. Uplink and downlink channel may share same AoA space. Intuitively thinking, uplink signal and downlink signal will go through the same scatters
and have the same set of multi-path. The authors in [15] did extensive channel measurement in the UMTS FDD bands using an 8-antenna uniform linear array, and they
arrived at the conclusion that the uplink/downlink dominant AoA deviation is minor and uplink/downlink power angle spectrum are highly correlated. However, the
authors in [16] conducted similar channel measurement as in [15] and they draw the
conclusion that uplink/downlink power angle spectrum are highly decorrelated. We
conjecture the reason behind those di↵erent conclusions is that even though uplink
signal and downlink signal have same multipath set, but the amplitude attenuation
and phase shift of each path will vary with frequency, which may result in the variations of estimated AoA set and power angle spectrum.
In this thesis, we investigate the AoA/AoD reciprocity based on our channel measurement dataset. Our channel dataset is collected employing one base station with a
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Figure 5.1: Power angle spectrum (PAS) estimated by MUSIC in one line-of-sight scenario.
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Figure 5.2: Power angle spectrum (PAS) estimated by MUSIC in one non-line-of-sight
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scenario. From left to right: the PAS of subcarrier 1 of channel 1, subcarrier 52 of channel
1, subcarrier 1 of channel 14, subcarrier 52 of channel 14 respectively.
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Figure 5.3: Power angle spectrum (PAS) estimated by MUSIC in one non-line-of-sight
scenario. From left to right: the PAS of subcarrier 1 of channel 1, subcarrier 52 of channel
1, subcarrier 1 of channel 14, subcarrier 52 of channel 14 respectively.

64-antenna uniform planar array. To observe the possible AoA/AoD reciprocity, we
estimate the power angle spectrum using MUSIC method [17] to show the estimated
AoA visually.
When di↵erent paths have distinct AoA and the power variation of each path
across di↵erent transmission frequency is small, we get almost the same estimated
AoA in all line-of-sight scenarios and part of non-line-of-sight scenarios, as shown
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Path 1

BS
Path 2

MS

Figure 5.4: Two paths arrive at the same AoA.
in Fig. 5.1 and Fig. 5.2 respectively. By contrast, when more than one path arrive
in approximately the same AoA, as illustrated in Fig. 5.4, and each path has phase
component that will vary with transmission frequency, which can result in large power
variation in that certain AoA because of the di↵erence between constructive addition
and destructive addition of more than one path. In this case, channels at di↵erent
transmission frequencies can lead to large di↵erence in terms of the main AoA set
(AoA with relatively strong power). We also observed the possible the main AoA set
variation in part non-line-of-sight scenarios based on our channel dataset, as shown in
Fig. 5.3. We can find out that the main AoA set varies with transmission frequency
even within 20MHz frequency separation in this non-line-of-sight scenario. Therefore,
the uplink/downlink main AoA/AoD set can be di↵erent, even though uplink and
downlink have same propagation paths.
In the non-reciprocal main AoA/AoD set case, the main AoA set of uplink and
downlink channel can have a large mismatch, which will result in a large loss for
directional training when directly apply the main AoA set of uplink channel to downlink AoD set training. To reduce the loss, we utilize the CSI of all uplink OFDM
subcarriers to estimate the common AoA set which has small power variation across
di↵erent transmission frequency so that they exist in most subcarriers of the uplink
channel. Thus the estimated common AoA set will also exist in the AoD set of most
downlink subcarriers channels.
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Therefore, directional training first estimates the common L  Lmax AoA set
based on the CSI of all uplink subcarriers and apply the common AoA set for downlink
AoD set training. Specifically, first, through uplink training, the base station obtains
uplink CSI corresponding to each mobile. Then for each mobile, the base station
estimate the corresponding AoA set. So consider one mobile, the base station has
uplink channel information corresponding to all subcarriers hi 2 CM , i = 1, 2, ..., I,
where I is the total number of OFDM subcarriers and M is the number of antennas
at the base station. And with the common AoA set uplink channel can be written as

hi =

L
X

i
l ai

(✓l , 'l ) ,

(5.1)

l=1

where L is the number of spatial paths with di↵erent angle-of-arrival;

i
l

is the complex

channel value corresponding to the ith subcarrier and the lth path, and (✓l , 'l ) is the
angle-of-arrival of the lth path, and ai is the array response vector of i subcarrier.
Now the base station estimate the common AoA set (✓l , 'l ) , l = 1, 2, ..., L based on
hi 2 CM , i = 1, 2, ..., I.
There are many AoA estimation methods in the array signal processing field [17],
including spectral methods, e.g. Bartlett beamformer, subspace-based methods, e.g.
MUSIC, and parametric methods, e.g. maximum likelihood estimator. In this thesis,
to have the most accurate AoA estimation based instantaneous CSI realization, we
employ the maximum likelihood estimator. More details of the maximum likelihood
estimator can be found in [17]. Here we outline the main steps of how to implement
maximum likelihood estimator for AoA estimation in our case. Rewrite Equation 5.1
in the matrix form as
hi = Ai bi ,
with Ai =



ai (✓1 , '1 ) ai (✓2 , '2 ) · · · ai (✓L , 'L ) and bi =

(5.2)


T
1

2

···

L

.
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Put all subcarriers together, Equation 5.2 will be converted to
e=A
e
e b,
h
where

2

2

and

(5.3)
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With Equation 5.3, now we want to find the common AoA set that fit the uplink CSI
best. So we form this problem as solving the following optimization problem

minimize
(✓l ,'l , li )

e
h

e
eb
A

2

.

(5.4)

e will be
e the solution of b
Since given the solution of matrix A,
e=A
e
e 1 h,
b

(5.5)
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e
where A

1

e with Equation
e Substitute b
stands for the pseudo-inverse matrix of A.

5.5 to Equation 5.4 and then we get

minimize
(✓l ,'l )

e
h

eA
e
A

1

e
h

2

.

(5.6)

Problem 5.6 is a non-convex optimization problem. So a good initial point is
required to get the global minimum point. We get the initial point from the peaks
locations of the estimated power angle spectrum estimated by MUSIC algorithm [17].
Then, with the initial point, we employ the interior-point method to find the common
AoA set corresponding to the minimum value. Since the number of AoA is unknown,
we increase L from 1 to Lmax until the value of the objective function is non-decreasing.
The output after solving Problem 5.6 will be AoA set (✓l , 'l ) , l = 1, 2, ..., L, where
L  Lmax .
Directional training locates the downlink AoD set for each mobile respectively,
then the base station will have the downlink AoD set for each mobile as (✓kl , 'kl ) , l =
1, 2, ..., Lk , Lk  Lmax , k = 1, 2, ..., K,, where K is the number of mobiles and Lk is
the number of AoD corresponding to the kth mobile.

5.2

Pilots Design of Directional Training

After determining the AoD set of downlink channel, the second of part of directional
training is to design the training pilots to perform directional training and feedback
to let the base station acquire the channel elements corresponding to AoD set. We
show the pilots design of directional training and how to recover the AoD channel
component at the base station side in both single user case and multi-user case. For
simplicity, we present our directional training scheme for one subcarrier only. For
downlink OFDM transmission with multiple subcarriers scenario, which is the case
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we consider in this thesis, directional training applies the same training scheme for all
subcarriers respectively, except that di↵erent subcarrier will have di↵erent response
vectors at the same AoD because of di↵erent signal wavelength.

5.2.1

Single User Case

Here we consider the scenario where one M -antenna base station serves one mobile
only, and the base station gains the knowledge of downlink AoD set in the AoD
estimation step. Let the AoD set (✓l , 'l ) , l = 1, 2, ..., L be the downlink AoD set.
Then the downlink channel in AoD set can be represented by

hDL =

L
X

l a (✓l , 'l ) ,

(5.7)

l=1

where L is the number of spatial paths with di↵erent angle-of-arrival;

l

is the complex

channel value of lth path, and (✓l , 'l ) is the angle-of-arrival of lth path, and a is the
array response vector. We rewrite Equation 5.7 in the matrix form as

hDL = Ab,

(5.8)



where A = a (✓1 , '1 ) a (✓2 , '2 ) · · · a (✓L , 'L ) is denoted as the AoD set matrix,

T
b = 1 2 · · · L is denoted as the channel vector corresponding to the AoA
set matrix.

After acquiring the AoD set of downlink channel, the base station perform directional training and feedback to obtain the channel vector in AoD domain b 2 CL .
During directional training, the base station forms L directional beams to the L corresponded AoD in the time orthogonal manner, and the beam weight at the base
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Figure 5.5: Possible inter-path interference during directional training.
station of all those L beams will be


Wt = a⇤ (✓1 , '1 ) a⇤ (✓2 , '2 ) · · · a⇤ (✓L , 'L ) .
With directional training, the mobile will get L complex channel values corresponding
to L beams training. We denote the L channel values at the mobile side in the vector
form as estimated AoD channel vector ht 2 CL , and ht 2 CL can be represented as
hTt = hTDL Wt = (Ab)T Wt .

(5.9)

Then the mobile feeds back the estimated AoD channel vector ht 2 CL to the base
station. After obtaining the estimated AoD channel vector ht 2 CL , the base station
needs to recover the actual AoD channel vector b 2 CL from ht 2 CL .
Since the array response vectors a (✓l , 'l ) are not orthogonal with each other,
especially when the corresponding AoD are within 3 dB beamwidth of the directional
beams [13]. For example, consider two close AoD (✓i , 'i ) and AoD (✓j , 'j ), as shown
in Fig. 5.5, when the base station form beam in AoD (✓i , 'i ), the beam will bring
in power in both AoD (✓i , 'i ) and AoD (✓j , 'j ). In this case, the mobile will receive
power from both AoD (✓i , 'i ) and AoD (✓j , 'j ), but the power received from AoD
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(✓j , 'j ), which we denote as inter-path interference, is unwanted. The inter-path
interference prevents the base station from acquiring the AoD channel vector b 2 CL
directly from the estimated AoD channel vector ht 2 CL .
However, based on the Equation 5.9, we can get the relationship between the
actual AoD channel vector b 2 CL and the estimated AoD channel vector ht 2 CL
as
ht = WtT Ab.

(5.10)

Because of the inter-path interference, the component WtT A will not be a identity
matrix. In directional training, the base station recovers the AoD channel vector
b 2 CL from the estimated AoD channel vector ht 2 CL by solving
b = WtT A

1

ht ,

(5.11)

which will remove the possible inter-path interference. Now with directional training
and feedback, the base station acquires the downlink AoD channel vector b 2 CL .
Combining the AoD set A 2 CM ⇥L obtained from the AoD estimation step and the
AoD channel vector b 2 CL obtained from the directional training, the base station
recovers the full downlink channel vector hDL 2 CM based on Equation 5.8.

5.2.2

Multi-user Case

Now we consider the scenario where one M -antenna base station serves K mobiles,
and the base station needs to obtain the downlink CSI H 2 CM ⇥K corresponding
to all the K mobiles. Here we provide two types of training pilots, including joint
pilots and time-orthogonal pilots, for di↵erent purposes. More details are shown in
the following two sections.
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5.2.2.1

Directional Training with Joint Pilots

Similarly to single user case, the base station first gains the knowledge of downlink
AoD set of each mobile in the AoD estimation step. Let the AoD set (✓kl , 'kl ) , l =
1, 2, ..., Lk be the downlink AoD set of the kth mobile. Then the downlink channel of
the kth mobile with AoD set can be represented by

hDLk =

Lk
X

kl a (✓kl , 'kl ) ,

(5.12)

l=1

where the index k stands for the kth mobile. We also rewrite Equation 5.12 in the
matrix form as
hDLk = Ak bk ,

(5.13)



where Ak = a (✓k1 , 'k1 ) a (✓k2 , 'k2 ) · · · a (✓kLk , 'kLk ) is denoted as the AoD set

T
matrix, bk = k1 k2 · · · kLk is denoted as the AoD channel vector of the kth
mobile corresponding to the AoD set.

Again, similarly to single user case, after acquiring the AoD set of downlink channel, the base station performs directional training with feedback to let the base station
obtain the AoD channel vector bk 2 CLk of all K mobiles. During directional training,
in single user case, the base station forms L directional beams to the L corresponded
AoD in the time orthogonal manner. In contrast, in multi-user case, the base station
P
needs to form K
k=1 Lk <= K ⇤ Lmax directional beams to all the corresponded AoD

of all K mobiles, where Lmax is the upper bound of the number of AoD. If all the
directional beams are formed in time orthogonal manner and each beam costs one
symbol, the training overhead will be up to K ⇤ Lmax and will scale with the number
of served mobiles.
However, we want to limit the overhead and let be the training overhead be at
most Lmax symbols as in the single mobile case. To limit the training overhead to be
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Figure 5.6: Time diagram of directional training with joint pilots.
Lmax , we propose to utilize joint pilots during directional training. In more details, the
base station has Lmax symbols available for directional training. For the l-th symbol,
the base station form K beams corresponding to K AoD (✓kl , 'kl ) , k = 1, 2, ..., K to
the K mobiles at the same time. Fig. 5.6 presents the time diagram of joint pilots.
Thus the beamweight for all Lmax symbols will be

Wt =



PK

⇤
k=1 a (✓k1 , 'k1 )

PK

⇤
k=1 a (✓k2 , 'k2 ) · · ·

PK

k=1

a⇤ (✓kLmax , 'kLmax ) ,

with the beamweight of l-th symbol as

wtl =

K
X

a⇤ (✓kl , 'kl )

(5.14)

k=1

.
When not all the K mobiles have Lmax AoD, for example, if the k-th mobile
only have Lk < Lmax AoD corresponding channel values to train. In this case, directional training will not form any directional beams intended to the k-th mobile
during (Lk + 1)-th to Lmax -th symbol interval. Thus, the corresponding part of the
beamweight will be assigned to zero vector as

a (✓kl , 'kl ) = 0, 8 l > Lk , k = 1, 2, ..., K.

(5.15)
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Figure 5.7: Possible inter-beam interference during directional training with joint pilots.
After directional training, then the mobile feeds back the estimated AoD channel
vector htk 2 CLmax to the base station in the multiplexing way, which will cost Lmax
symbols only1 . After obtaining the estimated AoD channel vector htk 2 CLmax , the
base station need to recover the actual AoD channel vector b 2 CLk from htk 2 CLmax .
During directional training with joint pilots, the mobile will also get the possible the
inter-path interference as in the single mobile case. Besides, the mobile will experience
possible inter-beam interference from other K

1 unintended beams that are formed

at the same time as shown in Fig. 5.7. Therefore, both the inter-path interference and
the inter-beam interference prevent the base station from acquiring the actual AoD
channel vector b 2 CLk directly from the estimated AoD channel vector htk 2 CLk .
Still, the base station can recover the AoD channel vector b 2 CLk from the
estimated AoD channel vector htk 2 CLmax based on their relationship
htk = WtT Ak bk .

(5.16)

by solving
bk = WtT Ak

1

htk .

(5.17)

Then the base station acquires the downlink AoD channel vector bk 2 CLk , k =
1

For a simple comparison, we consider each channel element training/feedback costs one symbol
only for both full training and directional training in this thesis.
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Figure 5.8: Possible AoD interference during directional training with joint pilots when
serving two mobiles. The AoD interference is represented by dashed lines.

1, 2, ..., K for all K mobiles. Therefore, combining the AoD set Ak 2 CM ⇥Lk obtained
from the AoD estimation step and the corresponding AoD channel vector bk 2 CLk
obtained from directional training step, the base station recover the downlink CSI
H 2 CM ⇥K based on channel with AoD set as shown in Equation 5.13.
5.2.2.2

Directional Training with Time-orthogonal Pilots

Let us revisit the downlink channel of the kth mobile with AoD set

hDLk =

Lk
X

kl a (✓kl , 'kl ) ,

l=1

where the index k stands for the kth mobile. In the ideal case, the kth mobile will only
receive power from its own AoD set (✓kl , 'kl ) , l = 1, 2, ..., Lk . However, the kth mobile
can also receive power from other mobiles AoD set, and this unintended power is not
coming from the inter-beam interference, but because of the fact that other mobiles
AoD set may also exist in the kth mobile AoD set but with limited corresponding
power. We denote this unintended power as AoD interference. A simple example of
two mobiles with AoD interference is illustrate in Fig. 5.8. With the AoD interference,
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Figure 5.9: Time diagram of directional training with time-orthogonal pilots.
we can rewrite the downlink channel of the k-th mobile with AoD set as

hDLk =

Lk
X

kl a (✓kl , 'kl )

+

l=1

where

kjl

Lj
K X
X

kjl a (✓jl , 'jl ) ,

(5.18)

j6=k l=1

is the complex channel value of kth mobile in the lth AoD (✓jl , 'jl ) of jth

mobile.
When the AoD interference exists, the base station can still get accurate downlink
CSI via directional training with joint pilots, since the AoD interference is relatively
small. However, when the base station performs zero-forcing beamforming to cancel
inter-user interference, the unknown AoD interference can bring in unknown interuser interference, which will result in a large performance loss in high SNR regime.
To resolve the AoD interference e↵ect, we propose another design of training pilots,
which we denoted as time-orthogonal pilots.
As a result, with time-orthogonal training pilots, if the AoD set of kth mobile is
P
(✓kl , 'kl ) , l = 1, 2, ..., Lk , then the base station trains all the K
k=1 Lk <= K ⇤ Lmax
PK
AoD for each mobile. In this case, the base station needs to form
k=1 Lk <=

K ⇤ Lmax separately in the time orthogonal manner to let each mobile estimate the
corresponding AoD channel vector, as illustrated in Fig. 5.9.
PK
However, time-orthogonal pilots will take
k=1 Lk <= K ⇤ Lmax symbols for
training and this overhead scales with the number of served mobiles. To limit the
training overhead and let the time-orthogonal pilots take the same training overhead
as joint pilots, which is Lmax symbols, we let time-orthogonal pilots only includes

36
bLmax /Kc, where K  Lmax AoD set for each mobile. Then the total training overhead of time-orthogonal pilots will also be Lmax .
With limited AoD set from each mobile, the downlink channel can be rewritten
as
hDLk =

Lw
X
l=1

kl a (✓kl , 'kl )

+

K X
Lw
X

kjl a (✓jl , 'jl ) ,

(5.19)

j6=k l=1

where Lw = bLmax /Kc is the number of AoD set from each mobile. Then the base
station performs directional training with beam weights as


Wt = a⇤ (✓11 , '11 ) · · · a⇤ (✓1Lw , '1Lw ) · · · a⇤ (✓k1 , 'k1 ) · · · a⇤ (✓kLw , 'kLw ) .
The lth column of Wt is the beam weights corresponding to lth training symbol.
Then similar to the joint pilots case, after directional training, the base station will
get AoD set and the corresponding AoA channel vector to construct the downlink
CSI based on Equation 5.19.
Here given a certain training overhead Lmax symbols, we propose two designs
of training pilots for directional training, including joint pilots and time-orthogonal
pilots. However, there will be an optimal design between joint pilots and timeorthogonal pilots. Directional training with more AoD from each mobile as in joint
pilots training will result in more accurate channel estimation but will result in less
information on the AoD interference, and the unknown AoD interference will bring in
unknown inter-user interference. So, future work will involve with finding the optimal
training symbols allocation between joint pilots and time-orthogonal pilots.
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Figure 5.10: Three main steps in directional training.

5.3

Implementation of Directional Training

Combining the AoD estimation part and the training pilot design part, we develop
the directional training scheme for FDD massive MIMO systems. There are three
main steps in the directional training scheme. First, do AoD estimation based on
uplink CSI to locate the AoD set of downlink channel. Second, with the AoD set of
downlink channel, the base station performs directional training and then the mobile
feeds back the estimated AoD channel vector. Last, the base station recovers the
downlink CSI with downlink AoD set and the estimated channel vector. Fig. 5.10
shows all the three steps of directional training.
Consider the downlink channel training with feedback overhead, and each element
training and feedback consumes one symbol, directional training consumes only 2 ⇤
Lmax symbols. Therefore, the overhead of directional training will not scale with the
number of antennas at the base station and is much smaller than the overhead of full
training.
When implementing directional training in practical systems, since directional
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training utilizes the AoA/AoD reciprocity of the air channel part only, and assumes
the uplink and downlink channel are reciprocal in the hardware part, the base station
first needs to calibrate the uplink and downlink channel in the hardware part. Directional training can directly apply the calibration scheme in [5] for calibrating the
uplink/downlink channel mismatch in the hardware component.

Chapter 6

Downlink Beamforming Performance of
Directional Training

In this chapter, we evaluate the downlink beamforming performance of directional
training utilizing the channel dataset as shown in Chapter 4. We evaluate the performance of directional training in two cases: perfect CSI case and imperfect CSI
case. In the perfect CSI without the overhead case, we compare directional training
with full training to see how much achievable rate loss directional training will lead
to. While in the imperfect CSI with the overhead case, we compare directional training with full training to find out how much spectral efficiency directional training
can outperform full training in di↵erent propagation environment settings. Last, we
compare directional training with the scheme in [11] utilizing our channel dataset.

6.1

Perfect CSI Case

Since the goal of directional training is to reduce the downlink CSI acquisition overhead at the base station while not sacrificing too much achievable rate when performing downlink beamforming, to have a knowledge of how much loss directional
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training will bring in compared to full training, we assume perfect downlink training
and uplink feedback for both directional training and full training in this perfect CSI
without overhead case. Specifically, for directional training, first the base station gets
perfect uplink training and then locate downlink AoD set based on perfect uplink
CSI, followed by perfect AoD channel vectors htk 2 CLmax , k = 1, 2, ...K training
and feedback to the base station. Then the base station reconstructs downlink CSI
and performs downlink beamforming. For full training, the base station gets perfect
downlink CSI hk 2 CM , k = 1, 2, ...K because of perfect full downlink CSI training and feedback. After both directional training and full training, the base station
performs downlink beamforming respectively with both conjugate precoder and zeroforcing precoder. The beam weights in both directional training and full training are
normalized to have same transmission power. Then we compute the achievable rate
respectively based on
R=

K
X

E [log(1 + SINRk )] ,

k=1

where K is the number of served mobiles and SINRk is the received signal-to-interferenceand-noise ratio (SINR) of kth mobile. We evaluate the downlink beamforming performance of directional training in both single user case and multi-user case.

6.1.1

Single User

To see how e↵ective directional training is for each mobile, here we consider the
single user case where one 64-antenna base station servers one mobile, and the base
station will only apply conjugate precoder in this single user case. We compare
directional training with full training in both line-of-sight scenarios and non-lineof-sight scenarios respectively since the number of AoD varies in di↵erent types of
environment settings.
In our channel measurement dataset, we have 12 line-of-sight locations and 16
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Figure 6.1: Average achievable rates of full training, directional training and directional
training with actual downlink channel AoD set when serving one mobile in (a) line-of-sight
scenario and (b) non-line-of-sight scenario.

non-line-of-sight locations. In each location, we collected CSI data of around 250
frames. Also, downlink channel includes 52 measured OFDM subcarriers. Thus, the
results of line-of-sight case shown in Fig. 6.1(a) are based on 12 ⇤ 250 ⇤ 52 = 156, 000
channel instances and the results of non-line-of-sight case shown in Fig. 6.1(b) are
based on 16 ⇤ 250 ⇤ 52 = 208, 000 channel instances. All the channel vectors are
normalized together to let the expectation norm of the channel vector to be 1 as
E [h] = 1, h 2 CM , where M is the number of antennas at the base station, in
line-of-sight scenarios and non-line-of-sight scenarios respectively.
Fig. 6.1 illustrates the average achievable rate of both directional training and
full training varying with di↵erent signal-to-noise ratio (SNR) in both line-of-sight
scenario and non-line-of-sight scenario. The SNR here is defined as p/ 2 , where p
is transmission power and

2

is the noise power. Here we normalize all the channel

vector as E [h] = 1, thus SNR can also be treated as average receive SNR. In line-ofsight scenarios, as observed from Fig. 6.1(a), when SNR is 40 dB, directional training
performs very close to full training, leading to about average 3% achievable rate loss
and average 6% achievable rate loss when SNR is 20 dB. In contrast, in non-line-of-
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sight scenarios, compared to full training, directional training results in about average
12% achievable rate loss when average transmission SNR is 40 dB and about average
24% achievable rate loss when SNR is 20 dB as shown in Fig. 6.1(b).
The larger achievable rate loss that directional training leads to in non-line-of-sight
scenario comes from two sources: one is that there are more AoD in non-line-of-sight
scenario than that in line-of-sight scenario while the number of AoD training is limited
because of limited training overhead. This is illustrated in Chapter 3. The other
source comes from that directional training cannot locate the Lmax main AoD set for
all downlink subcarriers accurately when the main AoD set is nonreciprocal between
uplink and downlink channel, which will result in a certain mismatch between the
estimated AoD set and actual main AoD set of downlink channel. This AoD mismatch
bottleneck is determined by the propagation environment and cannot be solved by
directional training for all downlink subcarriers with limited AoD set training. We
can observe the AoD mismatch e↵ect by comparing the performance of directional
training with the performance of direction training using actual downlink channel
AoD set as shown in Fig. 6.1.
Therefore, with the base station located in the indoor environment as in our channel measurement campaign, there will exist a large AoA spread, especially for nonline-of-sight scenarios. As a result, the main AoA set can be nonreciprocal between
uplink channel and downlink channel. Then directional will lead to more achievable
rate loss because of the mismatch between the estimated AoD set and actual main
AoD set of downlink channel. Hence directional training will result in more achievable rate loss in the non-reciprocal main AoA/AoD set case. Nevertheless, when the
base station is far from scatters as in cellular work, we conjecture the number of AoD
will become smaller and the main AoA/AoD set will become more reciprocal, then
directional training will perform closer to full training in this perfect CSI without
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overhead case. Thus, with base station being far from scatters, directional training
will perform close to full training in perfect CSI case, similar as in the line-of-sight
scenario where we collect channel traces.

6.1.2

Multi-user

To investigate the e↵ect of all the possible interference brought up in Section 5.2 on
directional training, here we consider the scenario where one 64-antenna base station
serves two mobiles and the base station applies both conjugate precoder and zeroforcing precoder respectively. Since the directional training intends for the scenario
where the number of antennas at the base station is much larger than the number
of served mobiles, here we consider this two mobiles case only. Also, increasing the
number of mobiles will not a↵ect our conclusions here.
Similar to the single user case, we compare directional training with full training
in both line-of-sight and non-line-of-sight scenarios. But unlike the single mobile case,
we implement two types of directional training schemes, including joint-pilot directional training and time-orthogonal-pilot directional training, in this multiple mobiles
case. Here joint-pilot directional training and time-orthogonal-pilot directional training consume the same amount of overhead for downlink CSI acquisition. We provide
the performance of both joint-pilot directional training and time-orthogonal-pilot directional training to find out which one performs better in di↵erent system settings.
In line-of-sight scenarios, Fig. 6.2(a) shows the average achievable rate of different training schemes and di↵erent precoders at the base station. When the base
station employs the conjugate precoder, both joint-pilot directional training and timeorthogonal-pilot directional training perform close to full training, with 5% achievable
rate loss and 11% achievable rate loss respectively when SNR is high as 40 dB. So
joint-pilot directional training performs slightly better than time-orthogonal-pilot di-
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Figure 6.2: Average achievable rate of directional training and full training when serving
two mobiles from (a) di↵erent location groups and (b) same location group in line-of-sight
scenario. FT-ZF: full training and zero-forcing beamforming; JointDT-ZF: joint-pilot directional training and zero-forcing beamforming; TimeOrthoDT-ZF: time-orthogonal-pilot
directional training and zero-forcing beamforming; FT-Conj: full training and conjugate
beamforming; JointDT-Conj: joint-pilot directional training and conjugate beamforming;
TimeOrthoDT-Conj: time-orthogonal-pilot directional training and conjugate beamforming.

rectional training as SNR get larger. This is because of that joint-pilot directional
training trains more AoD from each mobile than time-orthogonal-pilot directional
training, which result in more accurate channel estimation.
In contrast, when the base station employs the zero-forcing precoder, time-orthogonalpilot directional training performs close to full training with only 4% achievable rate
loss respectively when SNR is high as 40 dB. While joint-pilot directional training
performs much worse, result in 37% achievable rate loss compared with full training.
The larger loss of joint-pilot directional training comes from the AoD interference as
illustrated in Chapter 5. However, time-orthogonal-pilot directional training resolves
the AoD interference by training the AoD interference for all mobiles. And like full
training, time-orthogonal-pilot directional training leads to achievable rate increasing
with SNR. So time-orthogonal-pilot directional training leads to 4% only achievable
rate loss when SNR is 40 dB.
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The results shown in Fig. 6.2(a) are based on serving mobiles from di↵erent location groups. As a comparison, Fig. 6.2(b) provides the results on serving mobiles
from same location group. Comparing Fig. 6.2(a) and Fig. 6.2(b), we find that both
joint-pilot directional training and time-orthogonal-pilot directional training results
in more achievable rate loss when two mobiles are close to each other, with 61% and
8% rate loss respectively compared to full training. The reason behind more rate loss
from directional training when serving mobiles located close to each other is that AoA
space will become more overlapped when the mobiles are located closer to each with.
Even though full CSI of nearby mobiles will also become correlated, directional training only obtains CSI in limited channel AoA space and will lead to more correlated
estimated CSI. As a result, directional training results in more rate loss when serving mobiles from same location group, especially for joint-pilot directional training.
Therefore, with directional training, severing mobiles from di↵erent location groups
is preferred.
We also evaluate the performance of both joint-pilot directional training and timeorthogonal-pilot directional training in non-line-sight scenario as in line-of-sight scenario. Similarly, we consider both serving two mobiles from same location group and
serving two mobiles from di↵erent location groups. Also, we evaluate the performance
by letting the base station performs both conjugate beamforming and zero-forcing
beamforming. All the related results are presented in Fig. 6.3.
We get similar conclusion here as in line-of-sight scenario, the only di↵erence is
that the gap between the achievable rate of directional training and achievable rate
of full training gets larger because of a limited number of AoD set training and
possible AoD set mismatch as illustrated in the single mobile case. As observed in
Fig. 6.3, when the base station employs the conjugate precoder, joint-pilot directional
training performs slightly better than time-orthogonal-pilot directional training, with
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Figure 6.3: Average achievable rate of directional training and full training when serving
two mobiles from (a) di↵erent location groups and (b) same location group in non-line-ofsight scenario. FT-ZF: full training and zero-forcing beamforming; JointDT-ZF: joint-pilot
directional training and zero-forcing beamforming; TimeOrthoDT-ZF: time-orthogonal-pilot
directional training and zero-forcing beamforming; FT-Conj: full training and conjugate
beamforming; JointDT-Conj: joint-pilot directional training and conjugate beamforming;
TimeOrthoDT-Conj: time-orthogonal-pilot directional training and conjugate beamforming.

25% rate loss and 35% rate loss respectively compared to full training. While when the
base station employs the conjugate precoder, time-orthogonal-pilot directional training
performs much better than joint-pilot directional training when SNR is 40 dB, with
17% rate loss and 56% rate loss respectively compared to full training.
When serving two mobiles from same location group in non-line-of-sight scenarios,
directional training loss will also su↵er more rate loss compared to full training than
when serving mobiles from di↵erent location group. But serving nearby mobiles
will not a↵ect too much performance for time-orthogonal-pilot directional training, as
observed from Fig. 6.2 and Fig. 6.3, because AoA space of become less overlapped in
non-line-of-sight scenario than in line-of-sight scenario.
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6.2

Imperfect CSI Case

The large overhead of full training that scales with the number of antennas at the
base station makes FDD massive MIMO not scalable. While directional training costs
limited constant overhead that only depends on the number of AoA space channel
elements, making FDD massive MIMO scalable and practical. To show the e↵ectiveness of directional training for FDD massive MIMO, in this imperfect with overhead
case, we include the downlink CSI acquisition overhead and consider estimated CSI
components for directional training, then we compare directional training with full
training to find out how much spectral efficiency improvement direction training will
bring in.
We employ the channel data from our channel measurement as the perfect CSI.
All the channel vectors are normalized together to let the expectation norm of the
channel vector to be 1 as E [h] = 1, h 2 CM , where M is the number of antennas at the
base station, in line-of-sight and non-line-of-sight scenario respectively. The uplink
transmission power is set as 1 dB smaller than the downlink transmission power, and
the noise power is set based on the downlink SNR, which is defined as p/ 2 , where p
is downlink transmission power and

2

is the noise power. In this imperfect CSI case,

both the base station and the mobiles estimate all CSI components utilizing minimal
mean square error (MMSE) estimator.
We apply both directional training and full training to obtain downlink CSI. The
downlink CSI acquisition overhead of full training is 2M , where M is the number
of antennas at the base station, while directional training costs 2Lmax for downlink
CSI acquisition, where Lmax is the number of AoA space training elements. After
obtaining the downlink CSI, the base station performs both conjugate beamforming
and zero-forcing beamforming, then we compute the spectral efficiency respectively
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Figure 6.4: Average spectral efficiencies of directional training and full training (a) varying
with SNR when coherence symbol length is 200 and (b) varying with coherence symbol
length when SNR is 40 dB when serving one mobile in line-of-sight scenario.

as
RSE =

✓

1

Ttraining + Tfeedback
Tcoherence

◆X
K

E [log(1 + SINRk )] ,

(6.1)

k=1

where Ttraining is the downlink training overhead; Tfeedback is the uplink feedback overhead; Tcoherence is the length of channel coherence symbols; K is the number of served
mobiles and SINRk is the received signal to interference and noise ratio of k-th mobile.
Similar to the perfect CSI case, here we also compare directional training with
full training in both single user case and multi-user case.

6.2.1

Single User

Here one 64-antenna base station serves one mobile only. Fig. 6.4 shows the spectral
efficiency of directional training and full training in line-of-sight scenarios. When
the coherence symbol length is 200 and training overhead is included, as observed in
Fig. 6.4(a), direction training shows 155% improvement over full training in terms
of spectral efficiency when downlink SNR is 40 dB. The coherence symbol length
depends on the channel coherence time and coherence bandwidth. Both coherence
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time and coherence bandwidth are determined by the environment. Here coherence
symbol length 200 corresponds to highly mobile environment. When the environment
gets more stable and coherence symbol length increases, as shown in Fig. 6.4(b), full
training will perform closer to directional training. However, larger coherence symbol
length means more stable environment. Also, when the base station is equipped with
more antennas, due to constant downlink CSI acquisition overhead rather than the
overhead that scales with the number of antennas at the base station as in full training,
directional training will lead to larger improvement over full training. Therefore,
compared with full training, directional training is preferred in mobile environment
scenario and massive MIMO regime.
We also find that when downlink SNR is low and less than 20 dB, directional
training even performs better than full training without taking account of the overhead e↵ect. Compared with full training, directional training will results in higher
receive SNR at the mobile during downlink training. Hence directional training will
have more accurate channel elements estimation at the mobile side during training,
especially when downlink SNR is low. Therefore, directional training outperforms
directional training even without taking account of the overhead e↵ect when SNR is
low.
When the mobile is located in non-line-of-sight scenarios, we get similar findings as
in line-of-sight scenario, as observed in Fig. 6.5. However, compared with line-of-sight
scenarios, the performance of directional training will be worse in non-line-of-sight
scenarios, and the reason behind this is the same as in the perfect CSI case. In more
details, when the coherence symbol length is 200 and training overhead is included, as
observed in Fig. 6.5(a), direction training shows 123% improvement over full training
in terms of spectral efficiency when downlink SNR is 40 dB. Also, when downlink
SNR is low and less than 15 dB, directional training even performs almost same as
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Figure 6.5: Average spectral efficiencies of directional training and full training (a) varying
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Figure 6.6: Average spectral efficiencies of directional training and full training (a) varying
with SNR when coherence symbol length is 200 and (b) varying with coherence symbol
length when SNR is 40 dB when serving two mobiles in line-of-sight scenario. FT: full
training; JointDT: joint-pilot directional training, TimeOrthoDT: time-orthogonal-pilot directional training.

full training without taking account of the overhead e↵ect.

6.2.2

Multi-user

Here we consider that one 64-antenna base station serves two mobiles. Like the perfect
CSI case, we almost implement two types of directional training schemes, including
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Figure 6.7: Average spectral efficiencies of directional training and full training (a) varying with SNR when coherence symbol length is 200 and (b) varying with coherence symbol length when SNR is 40 dB serving two mobiles in non-line-of-sight scenario. FT: full
training; JointDT: joint-pilot directional training, TimeOrthoDT: time-orthogonal-pilot directional training.

joint-pilot directional training and time-orthogonal-pilot directional training, in this
multiple mobiles scenario. We also consider line-of-sight scenarios and non-line-ofsight scenarios separately. Since we have shown that serving two mobiles that from
di↵erent locations groups is preferred over serving two mobiles from the same location
group for directional training in the perfect CSI case, here we only let the base station
serve two mobiles from di↵erent location groups.
Fig. 6.6 shows the spectral efficiency of directional training and full training in
line-of-sight scenarios. We get two main findings from Fig. 6.6(a). First, when the
coherence symbol length is 200 and training overhead is included, direction training
shows 155% improvement over full training in terms of spectral efficiency when downlink SNR is 40 dB. Second, when downlink SNR is low and less than 20 dB, directional
training even outperform full training without taking account of the overhead e↵ect.
Therefore, we get similar findings as in the single mobile case and the reasons behind
the findings are same.
Non-line-of-sight scenario also shows similar results as in line-of-scenario, as ob-
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Table 6.1: Spectral efficiency improvement of time-orthogonal-pilot directional training over full training when coherence symbol length is 200 and downlink SNR is
40 dB.
Settings
Line-of-sight non-Line-of-sight
Single mobile
155%
123%
Two mobiles
155%
100%
served in Fig. 6.7. So we put all the spectral efficiency improvement of directional
training in di↵erent scenarios together and list the results in Table 6.1 to show the
di↵erence.

6.3

Comparison with Existing Work

As mentioned in Chapter 1, there is one experimental work in [11] trying to eliminate
the downlink CSI acquisition overhead by inferring downlink CSI based on uplink CSI
only for FDD MIMO systems. The R2-F2 scheme in [11] is evaluated by experiment
data based on small scale MIMO (5-antenna) only and the frequency separation
between uplink and downlink channel is 30 MHz. More details on the R2-F2 scheme
can be found in [11].
In this work, we employ the experiment data based on a 64-antenna base station,
with uplink channel and downlink channel separated by 72 MHz, to evaluate our
directional training scheme. So, to observe the performance of directional training
compared to R2-F2 in this large uplink/downlink frequency separation scenario, we
evaluate both directional training and R2-F2 utilizing our channel dataset. The
results of serving single user case are shown in Fig. 6.8.
We find that directional training outperforms R2-F2 in both line-of-sight scenarios
and non-line-of-sight scenarios. Compared to full training, directional training leads
to about 3% achievable rate loss in line-of-sight scenarios and about 12% rate loss in
non-line-of-sight scenarios when SNR is 40 dB. In contrast, R2-F2 results in about
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Figure 6.8: Average achievable rates of directional training, R2-F2 and full training when
serving one user in (a) line-of-sight scenario and (b) non-line-of-sight scenario.

11% achievable rate loss in line-of-sight scenarios and about 25% rate loss in non-lineof-sight scenarios. Therefore, R2-F2 results in more than two times larger loss than
directional training in this large uplink/downlink frequency separation scenario.
We exploit the reason behind the larger loss of R2-F2 by observing the channel
model from R2-F2. In the R2-F2 scheme, it assumes that the channels of di↵erent
transmission frequencies can be modeled as

hi =

L
X

bl e

j2⇡

dl
i

+j

l

ai (✓l , 'l ) ,

(6.2)

l=1

where i is the channel index of di↵erent frequencies, bl is the amplitude of lth path,
dl is propagation distance of lth path;
The channel model in Equation 6.2 assumes that the channels of di↵erent transmission frequencies have the same number of propagation paths. Also, for each path,
the channels of di↵erent transmission frequencies have the same amplitude attenuation b, same phase shift

except the phase di↵erence resulting from the propagation

distance and same AoA (✓, '). However, both the amplitude attenuation bl and the
phase shift

l

will vary with frequency due to the interaction between propagation
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electromagnetic waves and di↵erent types of materials. With small uplink/downlink
frequency separation, the variation of amplitude attenuation and phase shift over frequency is small and can be ignored, thus R2-F2 infer downlink CSI accurately from
uplink CSI as in [11].
But, with large uplink/downlink frequency separation, the variation of amplitude
attenuation and phase shift over frequency can be large. So R2-F2 results in a large
loss. Directional training trains the amplitude attenuation and phase shift of downlink
with a small amount of overhead and results in better performance than R2-F2.
Hence, directional training performs better than R2-F2 in the large uplink/downlink
frequency separation scenario when the variation of amplitude attenuation and phase
shift over frequency is large.
Therefore, with large uplink/downlink frequency separation, inferring downlink
CSI from uplink CSI based on channel model in Equation 6.2 as in R2-F2 can result
in large downlink CSI estimation error. Hence, in the large uplink/downlink frequency
separation scenario, directional training is preferred to obtain downlink CSI at the
base station.

Chapter 7

Conclusion

The large overhead for downlink CSI acquisition makes FDD massive MIMO an open
research problem. To reduce the large downlink CSI acquisition overhead, in this thesis, we developed directional training for FDD massive MIMO. Directional training
utilizes the fact that the number of AoD is much smaller than the number of antennas at the base station in massive MIMO regime. We conducted extensive channel
measurement using a 64-antenna base station and show that 4 AoD are enough for
directional training to acquire downlink CSI at the base station. Directional training
first utilizes the AoA/AoD reciprocity between uplink and downlink channel to locate
the downlink channel AoD set and then performs directional training and feedback
to let the base station acquire downlink CSI. Directional training consumes a small
amount of overhead, which is independent of the number of antennas at the base
station.
Using our channel dataset, we evaluate the downlink beamforming performance
of directional training in both perfect CSI case and imperfect CSI case. In perfect
CSI case, we observe that directional training performs close to full training, leading
to about 4% achievable rate loss when the base station serves two mobiles and the
average receive SNR is 40dB in line-of-sight scenarios. While in non-line-of-sight
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scenarios, direction training results in about 17% achievable rate loss compared to
full training. The larger loss in non-line-of-sight scenarios coming from rich scattering
and possible main AoA/AoD set mismatch between uplink channel and downlink
channel. In imperfect CSI case, directional training outperforms full training by
155% in line-of-sight scenarios and 100% in non-line-of-sight scenarios in terms of
spectral efficiency when serving two mobiles with the coherence symbol length as
200. Therefore, directional training is a promising design for FDD massive MIMO
systems.
Last, we show that selecting mobiles from di↵erent location group rather than
same locating group reduces the achievable rate gap between direction training and
full training. Hence, when applying directional training in a practical scenario, optimized user selection can further improve the performance of direction training, which
will be part of future work. Also, the training pilots optimization for directional
training will be investigated in future work.
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