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Optimum MIMO Receiver Design for IEEE 802.11n System
Student: Jiun-Ying Wu Advisor: Dr. Wen-Rong Wu

Department of Communication Engineering

National Chiao-Tung University

Abstract

IEEE 802.11n uses the multiple input multiple output (MIMO) with
orthogonal frequency division multiplexing (OFDM) as its transmission
scheme. Compare with conventional wireless network system, IEEE
802.11n can provide a very high throughput. However, the receiver
design for MIMO systems remains a very challenging task. As we known,
the maximum-likelihood detector (MLD):is the optimum receiver, but the
cost of implementation is very highdueto its high complexity. In this
thesis, we propose a new algorithm to overcome the problem. The
proposed algorithm can achieve the‘performance of MLD, and reduce the
complexity significantly. Meanwhile,the throughput of the proposed
algorithm is constant, and it can be easy to change complexity by
modifying the parameter in our algorithm. Simulation with 802.11n
system shows that our proposed algorithm has significant gain compared
with conventional method.
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1 Introduction

In recent years, wireless data communication has been grown extensively.
As a result, existing wireless communication systems can not satisfy the
fast-growing demand. It is know that increasing the bandwidth can effec-
tively increase the data transmission rate. However, the resource for wireless
communication is limited. Thus, how to improve the spectrum efficiency of
wireless communication systems becomes an important issue.

One effectively way to improve capacity is to use the multiple transmit
and receive antennas, resulting in multi-input multi-output (MIMO) systems.
Conventionally, the communication systemsis implemented as a single-input
single-output (SISO) system.:In: 1998, Telartar-and Foschini have shown that
the MIMO channel capacity ean grow-approximately linearly with the num-
ber of antennas used [1], [2]. MIMO. technigues can basically group into two
categories. The first one aims to improve the power efficiency and transmis-
sion reliability by maximizing spatial diversity. One popular example of such
a system is the space-time block codes (STBC) [3]. The second category uses
a layered approach to increase capacity. One popular example is the vertical-
Bell Laboratories layered space-time (V-BLAST) architecture [4], [5]. In this
case, independent data streams are transmitted over different antennas to
increase the data rate.

Another way to enhance the spectrum efficiency is to use the orthog-
onal frequency division multiplexing (OFDM) technique. This technique,
proposed by Salzberg in 1967 [6], evolves to becomes a digital multi-carrier

modulation scheme. The main idea of ODEM is to spilt a high rate stream



into a number of low rate streams, and transmit them simultaneously over
different sub-carriers. Each sub-carrier is modulated with a conventional
modulation scheme, maintaining its data rate similar to conventional single-
carrier modulation scheme in the same bandwidth. The primary advantage
of OFDM is its ability to convert the multi-path frequency-selective fading
channel into a number of flat sub-channels. The receiver can easily adapt
to channel conditions with simple equalization. In implementation, OFDM
symbols can be generated by the efficient Fast Fourier transform (FFT) algo-
rithm. Nowadays, OFDM has developed into popular schemes for wideband
digital communication systems, such as terrestrial digital video broadcasting
(DVB-T), the IEEE 802.11a/g wireless|local area network (WLAN) and the
IEEE 802.16e Worldwide Interoperability for Microwave Access (WiMAX)
Wireless MANs. Combining with"the MIMO structure, OFDM can further
enhance the spectrum efficiency. The!MIMO-OFDM scheme has been con-
sidered as the main solution for enhancing the data rates in next-generation
wireless communication systems, such as IEEE 802.11n High Throughput
WLAN and the Fourth-Generation Cellular Communications System (4G).
However, the receiver design for MIMO systems between the cost-performance
tradeoff remains a very challenging task. The maximum-likelihood detector
(MLD) is the optimum receiver, but the cost of implementation is very high
due to its high complexity. Another popular approach is called sphere decod-
ing (SD) [7]; it can achieve the performance of MLD and significantly reduce
the computational complexity. But the disadvantage is that the through-
put of SD is not constant, it is difficult to have an efficient hardware im-

plementation. In this thesis, we propose a new algorithm to overcome the



problem. The proposed algorithm can reach the performance of MLD, and
reduce the complexity significantly. Meanwhile, the throughput of the pro-
posed algorithm is constant. We also extend this algorithm to accommodate
the MIMO soft-bit demapping problem. This will be very useful in modern
bit-interleaved coded modulation systems (BICM).

The rest of this thesis is organized as follows. In Chapter 2, we review the
specification of 802.11n Draft 2.0, and the transceiver structure of 802.11n.
In Chapter 3, we present the design of the receiver structure and describe
synchronization method. In Chapter 4, we discuss the MIMO detection al-
gorithm including MLLD, SD and. the proposéd algorithm. Also, we will show
the simulation results, condugt performance comparison, and analyze com-
putational complexity in thisschapter. In Chapter-5, we extend the proposed
algorithm to reduce the computational”complexity in the MIMO soft-bit
demapping problem. Finally, we give some conclusions and outline future

works in Chapter 6.



2 IEEE 802.11n Transmitter Overview
2.1 Introduction

IEEE802.11n is the next generation wireless local area networks (WLAN)
standard. The transmission technique is similar to the previous IEEE802.11a
standard, except for that the MIMO (multiple-input multiple-output) tech-
nology is introduced. The MIMO technology uses multiple transmitter and
receiver antennas to increase data throughput (with spatial multiplexing), or
increase range (with space-time coding).

The publication of the standard_is;eurrently expected in September 2008.
In this thesis, we will target ouithe latestsspecification "IEEE 802.11n Draft
2.00”.

Figure 1 shows the transmitter:block-diagram of the specification.
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Figure 1: 802.11n Block Diagram

2.2 Packet Format

There are three kinds of packet format shown in fig.2.

The elements of packets are:

L-STF: Legacy Short Training Field
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Figure 2: 802.11n Packet Format

L-LTF: Legacy Long Training Field

L-SIG: Legacy Singal Field

HT-SIG: High Throughput Singal Field
HT-STF: High Short Training Field

HT-LTF1: First High Long Training Field
HT-LTF’s: Additional High Long Traiming Field
Data: The Data Field

2.3 Cyeclic Shift

Cyclic shifts are used to prevent unintentional beamforming when the same
signal or scaled multiples of one signal are transmitted through different
spatial streams or transmit chains. A cyclic shift of duration TS on a signal

s(t) on interval 0 < ¢ < T is defined as follows,

. S(t — Tcs) Tes <t <T
Ses(t) = { s(t—=Tes+T) 0<t<Tes (1)

The cyclic shift is applied to each OFDM symbol in the packet separately.



Té‘;‘ values for the non-HT portion of the packet

Number of Tx
Chains

Cyclic shift for Tx
chain 1

‘Cyclic shift for Tx
chain 2

Cyclic shift for Tx
chain 3

Cyclic shift for Tx
chain 4

1

Ons

2

Ons

-200 ns

3

Ons

-100 ns

-200 ns

4

Ons

-50ns

-100 ns

-150ns

NOTE: With more than four TX chains. each cyclic shift on the additional TX chains shall not be less than
-200 ns nor greater than 0 ns.

Table 1: Cyclic shift for non- HT portion of the packet

T, (_'i‘s"x values for HT portion of the packet

Cyclic shift for
space fime stream

Cyclic shift for
space time stream
2

Cyclic shift for
space tilme stream

Crwclic shift for

N g .
umber of space space time stream

time streams

Ons -

1

2 Ons -400 ns

3 Ons -400 ns -200 ns

4 Ons -400 ns -200 ns -600 ns

Table 2: Cyclic shift for-HT portion-of the packet

Table 1 specifies the values for the cyclic shifts that are applied in the non-
HT short training field (in an HT mixed format packet), the non-HT long
training field, and non-HT SIGNAL field. It also applies to the HT SIGNAL
field in an HT mixed format packet. The values of the cyclic shifts to be
used during the HT portion of the HT mixed format preamble and the data

portion of the frame are specified in Table 2.

2.4 High-Throughput Preamble

The high throughput (HT) preambles are defined in HT mixed and in green-
field formats to carry the required information to operate in a system with
multiple transmit and multiple receiver antennas.

In the mixed format, packets in this mode packets are transmitted with a



preamble compatible with the legacy mode. The legacy Short Training Field
(L-STF), the legacy Long Training Field (L-LTF) and the legacy signal field
are transmitted, so they can be decoded by legacy 802.11a/g devices. The
rest of the packet has a new format. In this mode, the receiver shall be able
to decode both the Mixed Mode packets and legacy packets.

In the greenfield format, all of the non-HT fields are omitted. The specific
HT fields used are:
- HT SIGNAL Field(HT-SIG): provides all the information required to in-
terpret the HT packet format,
- One HT Short Training Field (HT-STF) fotrautomatic gain control (AGC)
convergence, timing acquisition, and coarse frequency acquisition,
- One or several HT Long Training, Fields (HT-LTF): provided as a way for
the receiver to estimate the channel*between each spatial mapper input and
receive chain. The first HT-LTFs (Data HTLTFs) are necessary for demod-
ulation of the HT-Data portion of the PPDU, and are followed, for sounding
packets only, by optional HT-LTFs (Extension HT-LTFs) to sound extra

spatial dimensions of the MIMO channel.
2.4.1 HT SINGAL Field

The high-throughput signal field is used to carry information required to
interpret the HT packet formats. The fields of the HT SIGNAL field are
described in table

The HT-SIG is composed of two parts, HT-SIG1 and HT-SIG2, each
containing 24 bits, as shown in Figure 3 (Format of HT-SIG1 and HT-SIG2).
All the fields in the HT-SIG are transmitted LSB first, and HT-SIGI is
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Figure 3: HT Singal Field

transmitted before HT-SIG2.

The HT-SIG parts are encoded, interleaverd, BPSK mapped, and have
pliots inserted following the steps described in IEEE 802.11a standard. The
result of BPSK modulation constellation is rotated by 90 degree relative to
the traditional constellation shown in Figure 4

HTSIG g
+19-1

Figure 4: Constellation for Legacy Signal Field and the HT signal Field



2.4.2 HT-STF training symbol

The purpose of the HT STF training field is to improve AGC training in
a multi transmit and multi-receive system. The duration of the HT-STF
is 4pusec. The frequency sequence used to construct the HT-STF in 20MHz
transmission is identical to the legacy STF; in 40MHz transmission the HT-
STF is constructed from the 20MHz version by frequency shifting and dupli-

cating, and rotating the upper sub-carriers by 90X.
2.4.3 HT-LTF training symbol

The HT long training field provides means for the receiver to estimate the
channel between each spatialsstréam. -In order to estimate all the response
for each pass of the MIMO channel, the spatial-time mapping matrix is used.

The mapping matrix Pyrrre

1 ¥ Pt 1
1 1 -1 1

He=1 1 1 1 (2)
-1 1 1 1

2.5 Data Field
2.5.1 Scrambler

The DATA field shall be scrambled with a length-127 frame-synchronous
scrambler. The octets of the PSDU are placed in the transmit serial bit
stream, bit 0 first and bit 7 last. The frame synchronous scrambler uses the
generator polynomial S(x) as follows, and is illustrated in Figure 77.

The 127-bit sequence generated repeatedly by the scrambler shall be (left-
most used first), 00001110 11110010 11001001 00000010 00100110 00101110
10110110 00001100 11010100 11100111 10110100 00101010 11111010 01010001



Data In
(T

L’)ﬁ X8 x5 “,\f_\le X3 X2 X1 |-

Figure 5: Data Scrambler

Deserambled
Data Out

10111000 1111111, when the all ones initial state is used. The same scram-
bler is used to scramble transmit data and to descramble receive data. When
transmitting, the initial state of the scrambler will be set to a pseudo random
non-zero state. The seven LSBs of the SERVICE field will be set to all zeros
prior to scrambling to enable estimation of the.initial state of the scrambler

in the receiver.

2.5.2 FEC

Output Data A

Input Dat: Th Tb Th }»

Output Data B

Figure 6: Convolution Encoder

The mandatory coder is the convolutional code (CC) encoder and the
optional one is a low-density parity-check (LDPC) encoder. We only focus
our research in CC encoder. The CC encoder is defined by the Figure 6. A
single CC encoder is used when Ny, = 1 or Ny, = 2, two CC encoders are

used when N, = 3 or N, = 4.

10



Input Sequence |0 |1 |2 |3 |4 |0 |1 |2 |3 |4 |5
y
133 133,
1714 1714
Y v
Ayl A A Aql Ayl Ayl Asl Ayl A
Coded Seguence 0] T2 T84 o] A1| A2| Ag| A4l As
Bo| Bi| By| Bs| By Bo| Bi| B, B4| Bs
Punctured Sequence: AdBoA1B,AIB, AoBoAIA,BrAABAs
R=3/4
Input
nput Sequence ol 1| Iaf 13l lafdds] 6] 17] g
Y
133
1714
Coded Sequence Aol Al Aol Al Mgl Asl Ag| Al As
Bo| B| B, Byl Buf.Bo| B B| B,
\
Punctured Sequence: AoBoA1B2A3B3ABsAGBeA7Bg

Figure 7: Punture Process

If two encoders are used, the data scrambled bits are divided between the
encoders by sending alternating bits to different encoders.

The CC encoder output only provides the encoding output with % code
rate. In order to support a variable code rate, we can use puncture operation
after encoding. The procedure of puncturing is shown in Figure 7. There are

three kinds of code rates (3,3, 2) defined.

11



2.5.3 Stream Parser

After coding and puncturing, the data bit streams at the output of the CC en-
coders are parsed to multiple spatial streams. Define s = max{NB%S(i”), 1},
which is the number of bits assigned to a single axis (real or imaginary) in a
constellation point in spatial stream .

Consecutive blocks of s(iss) bits are assigned to different spatial streams
in a round robin fashion.

If two encoders are present, the output of each encoder is used alternately
for each round robin cycle, i.e., at the beginning bits from the output of first

encoder are fed into all spatial:streams, and then bits from the output of

second encoder are used and S0 on:
2.5.4 Frequency Interleaver

In order to have frequency diversity gain and reduce the sptial correlation
of the MIMO channel, the frequency interleaver is used. The interleaving
is defined with three permutations, and the interleaving block size (Ncppss
bits). Parameters are defined using a table (Table ?7). The first permutation
is defined by the rule:
7 = NROW(k mod NcoL) + ﬂOOI‘(k?/NCOL) (3)
k = 0,1,...,Noppss — 1
The second permutation is defined by the rule:
J = s(iss) x floor(i/s(iss)) (4)
+ (Z + NCBPSS('éss) — ﬂOOI"(NCOL X i/NCBpSS(iSS)))mOdS(iSS)
o= 0717"'7NC'BPSS_1

12



The third permutation is defined by the rule:

r = (J— ((iss — 1) x 2)mod3 + 3 X ((iss — 1/3) X Nror X Nppscs(iss))
Jj = 0,1,....Neppss — 1
2.5.5 QAM Mapping

The encoded and interleaved binary serial output data shall be divided into
groups of NgPSC' (1, 2, 4, or 6) bits for BPSK, QPSK, 16QAM and 64QAM.
The conversion shall be performed according to Gray-coded constellation
mappings, illustrated in Figure 8, with the input bit, by, being the earliest in
the stream.

The average power for different modulation size should be normalized.
The output values, d, are formed by multiplying-the resulting (I+jQ) value

by a normalization factor K,,.q; as described in Equation 5.

d= ([+]Q) X Kmod (5)

The normalization factor, K,,.q, depends on the base modulation mode,

as prescribed in Table 8

Modulation | K04
BPSK 1
QPSK V2

16QAM | V10
64QAM | V42

Table 3: Normalization Factor

13
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Figure 8: QAM Modulation
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2.5.6 OFDM modulation

In 20MHz mode, each OFDM symbol contains 64 subcarrier. There are 56
tones being used(52 data tones and 4 pilot tones). The frequency index of
the data tones are -28 -22, -20 -8, -6 -1, 1 6, 8 20, 22 28, and the pilot tones
are -21,-7,7,21. The Oth subcarrier is DC, the subcarrier is null. The pilot

values are shown in Table 4

Ners | isrs | T '::_-‘: \P::rl k1 f:r\:: \F'[::Y: .
1 1 1 1 1 -1
2 1 1 1 -1 -1
2 2 1 -1 -1 1
3 1 1 1 1 1
3 2 1 -1 1 -1
3 1 1 1 -1
4 1 1 1 1 -1
4 1 1 -1 1
ul 1 -1 1 1
4 4 1 1 1 1

Table 4: Pliot Value for 20MHz

In 40MHz mode, each OFDM symbol contains 128 subcarrier. There are
114 tones is used (108 data tones and 6 pilot tones). The frequency index of
the data tones are -58 -54, -52 -26, -24 -12, -10 -2, 2 10, 12 24, 26 52, 54 58,
and the pilot tones are -53,-25,-11,11,25,53. The pilot values show in Table
5

2.6 Channel Model

There are six channel models, A, B, C, D, E and F, provided by TGn Sync

[15] for 802.11n. The environments for these channel models can be described
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Ners | dsrs | T :o-f Tl T] T:f:v ?f\k*_a ’ \P[: 4 ‘P(:
1 1 1 1 1 1 -1 1
2 1 1 1 -1 1 -1 -1
2z 2 1 1 1 1 1 1
3 1 1 1 1 1 -1 -1
3 2 1 1 1 1 i 1
3 3 1 1 1 1 -1 1
4 1 1 1 -1 1 1 1
4 2 1 1 1 1 1 1
4 3 1 1 1 1 -1 1
4 4 1 1 1 1 -1 1

Table 5: Pliot Value for 40MHz

as follows.
(Channel-A) a typical officezenvironment; non-lihe-of-sight (NLOS) condi-
tions, and 50 ns rms delay spread
(Channel-B) a typical large open‘spage-and office environments, NLOS con-
ditions, and 100 ns rms delay spread
(Channel-C) a large open space (indoor and outdoor), NLOS conditions, and
150 ns rms delay spread
(Channel-D) the same as model C, line-of-sight (LOS) conditions, and 140
ns rms delay spread (10 dB Ricean K-factor at the first delay
(Channel-E) a typical large open space (indoor and outdoor), NLOS condi-
tions, and 250 ns rms delay spread.

The time resolution of the channel model is 10ns, which is one-fifth of the
sampling period (3.2ms/64=>50ns). We oversample the transmitted signal by
a factor of 5 and interpolate it linearly in order to convolve with the response

generated by the channel model.
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3 IEEE 802.11n Receiver Design

3.1 Packet Detection

Packet detection is the task of finding an approximate estimate of the start
of the preamble for an incoming packet. The structure of L-LTF preamble
enables the receivers to use a very simple and efficient algorithm to detect the
packet. The algorithm we used is called the delay and correlate algorithm.
The method is illustrated in Figure 9, which shows the signal flow structure

of the delay and correlation algorithm. We define three parameter:

L1
Cre Z Tn+kr:+k+D (6)
k=0
L-1
Pn = Z Tn+k+Dr:+k+D (7)
k<0
[%’2
My = ——= 8

The figure shows two sliding windows C and P. The window C is used to
calculate the crosscorrelation between the received signal and a delay version
of received signal. The delay =% is equal to the period of the preamble.
In IEEE 802.11n, the delay D is 16. The window P is used to calculate the

received signal energy. The value of the P window is then used to normalize

yin)

Figure 9: Singal flow structure of the delay and correlation algorithm
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L-STF (Legacy Short Training Field)
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Figure 10: Process of Packet Detection

the decision statistic, so that it is not dependent on absolute received power
level.

The variable m,, is restricted between the range of [0,1]. If the received
signal only consists of noise, the output ¢, of the delayed crosscorrelation is
a zero-mean random variable. Once a packet is received, ¢, corresponds to
a crosscorrelation of two identical 'preambles. Thus, m,, jumps up quickly to
its maximum value. Figure 10 shows the operation of the algorithm.

The approach outlined above is useful for high to normal SNR. Unfor-
tunately, for low SNR, the decision statistic m,, may exceed the threshold
even no packet is present. Thus, the probability of the false alarm will be
increased. We can increase the threshold level; however, the probability of
missing will be increased also. Here, we propose a modification to solve this
problem. We add an extra window to accumulate the decision statistic. If
most decision statistics (may be three forth) in the window are higher than
the threshold, we then declare the detection of a packet. The rationale for
this approach is that if a packet actually arrives, the decision statistics m,,
will remain high until the end of preamble. Simulations show that the mod-

ified approach can have more robust detection performance.
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3.2 Frequency Synchronization

Both the transmitter and the receiver use their own oscillators to generate
carrier and sampling signals. Unfortunately, the signal generated from the
oscillator in the receiver will never have the same frequency as that from the
transmitter. The difference between the transmitter and receiver oscillator
frequencies is called frequency offset. The frequency offset can be divided
into two types: The carrier frequency and sampling frequency offsets.

One of the main drawbacks of OFDM is its sensitivity to carrier frequency
offset. The degradation is caused by two main phenomena: reduction of
amplitude of desired subcarriersand ICI caused-by neighboring carriers. The
amplitude loss occurs because the desired subcarrier is no longer sampled at
the peak of the sinc-functionof DFT:

Defined the baseband transmitted signaliis's,. The complex bandpass

signal y,, can be expressed as:
Yn = SnejzﬂfmnT5 (9)

where f;, is the transmitter carrier frequency, Ty is sampling period. The
receiver downconverts the signal with the carrier frequency f,,. If we ignore

the noise for the moment, the received complex baseband signal r,, will be

— J27 franTs 27 franTs
Yn = Sp€ e
= S ejQW(ftz_frm)nTs

n

— SnejQﬂ'(Mf)nTs (10)

Many algorithms have been developed to estimate the CFO in OFDM

systems. We use a data-aided scheme operating on the received time domain
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Figure 3: Preamble for CFO Estimation

Figure 11: Preamble for CFO Estimation

signal. The preamble is at least two consecutive repeated symbols. Let D
be the delay between the identical samples of the two repeated symbols and

define an intermediate variable z as

L—1
o *
z = ann_'_D
n=0
_ E : SneJZﬂ'ftznTs (Sn+De]27rfm(n+D)Ts)*

=S (5055 2l 2w DT
n

n=0

L-1
o—92pi(Mf) DT Z |5 |2 (11)
n=0

Equation (11) is a sum of complex variables with an angle proportional

to the frequency offset. Then, the frequency offset can be estimated as:

1
Af= _27TDT54Z (12)

where the £z takes the angle of its argument.

In 802.11n system, we use short preambles for coarse CFO estimate, and
long preambles for fine CFO estimate. Figure 11 shows this approach.

A limitation of the CFO estimation method is its operation range, which

defines how large the CFO can be estimated. The range is directly related
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to the length of the repeated symbols(D). The angle of z is of the form
—2m (A f)DTs, which is unambiguously defined only in the range [—7, ).
Thus the absolute value of the CFO must be lager than the limit shown

below.

T 1
A < = 13
& fl= 2rDTg  2DT, (13)

For short training symbol, the sample time 7 is 50ns, and the length of
the repeated symbols is 16. Thus, the maximum frequency error that can be
estimated is 625kHz. This should'be compated with the maximum possible
frequency error in the 802.11usystem. -The transmitter center frequency tol-
erance shall be 20 ppm maximum for the 5GHz band and 25 ppm maximum
for the 2.4GHz band. If the transmitter and receiver clocks have the maxi-
mum allowed error, but with opposite signs.” The total amounts of frequency
error is 200kHz for the 5GHz band and 120kHz for the 2.4GHz band. The

maximum frequency offset is well within the range of the estimation.

3.3 Symbol Timing Offset

The objective of symbol timing offset (STO) estimation is to locate the edge
of an OFDM symbol. The result is used to define the DFT window, a set
of samples for the DFT operation. Since the preamble is available to the
receiver, it enables the receiver to use the simple correlation-based STO al-
gorithm. After the packet is detected, the start of the packet is roughly
located. The STO refines the precision to the sample-level. Thus, the packet

detection can be regarded as a coarse symbol timing synchronization, and
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Figure 12: Preamble for Symbol Timing

the symbol timing correction as a fine symbol timing synchronization. The
refinement is performed by calculating the crosscorrelation of the received

signal 7, and a known reference ty.

L-1

ty = argmax Z s it h]? (14)
k=0

Where L is the length of reference: We select the end of short training
symbol and the cyclic prefix«of long training symbol as the reference signal,
shown in Figure 14. The value of n'that corresponds to maximum absolute
value of the crosscorrelation is the symbol timing estimate. Thus, L equals

48 here.

3.4 Channel Estimation

The channel estimation is the task of estimating the frequency response of
the channel. Since we generally assume that the channel response in wire-
less LAN system is quasistationary, the channel response does not change
during one packet. Therefore, we only need to estimate the channel once in
one packet. We use the HT-LTF training symbol to estimate the channel
response.

After DFT processing, the time-domain receive signal will be transformed

to the frequency domain. The frequency domain received preamble for the
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k-th subcarrier can be expressed (without noise) as

€
X2
vy = Hy : (15)

«TNt

Where Hy, is a N, x N; MIMO channel response matrix we want to esti-

mate, and x1, s - - - xy, are corresponding preamble in k-th subcarrier. The

t
channel matrix contains N, x V; elements, but we only have N, equations. 77
Therefore, we need to collect more equations in different time. Review the
time-space mapping matrix and depend the. number of transmitted antenna,

we can generate (14) to the equations belows:

When two transmitted antennas are used, the equations can be incrased

as
&
Vi(n),yp(n + 1)} =Hj xl ' (16)
- 2 $2 -
T z 1" [ x | [ 2 o 1"
1~ | 1 T 1 T
PR GRS Bl Bl B
Since x1, x5 = +1, we then have
x a1 2 0
1~ | _
PR RACRSVI Al R A AT
Thus,
o~ "
o= 1/2 % Iy o+ 01| 2 0] (19)
i) T

Use the same method in three and four transmitted antennas. We can

have the channel estimation result as

T
Xy —I1 I X1

Hy =1/4 X [y (n),yr(n+1),y,(n+2),y,(n+3)] | 22 22 —22 9 (20)
T3 T3 I3 —x3
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and

X1 —I I T
T i —X T

—XT4 Ty Ty Ty
3.5 Phase Tracking

Frequency synchronization is not a perfect process, so there is always some
residual frequency error. The residual frequency offset will cause constellation
rotation, affecting signal detection. Here, we use the data-aided method
to eliminate the residual frequency error, In 802.11n, there are four pilot
subcarriers in 20 MHz bandwidth medey andeight pilot subcarriers in 40
MHz bandwidth mode. Using the known pilot-subcarrier and the estimated
channel, we can reestablish the received data of n-th received antenna in k-th

subcarrier y* without phase shift as

yh == vk (22)

n,m = m

where HELm is the estimated channel matrix in k-th subcarrier for the path
from m-th transmit antenna to n-th receive antenna, and Psi¥ is the pilot
value of m-th transmit antenna in k-th subcarrier.

Then, we can find the phase error by the difference of the phase between

received data RF and Y
6= LR (Y,)'] (23)

After calculating the phase error of all pilot tones in one OFDM symbol,
we take average of these phase, and then subtract it from the phase of the

receive signal in each tone.

24
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3.6 Sampling Frequency Offset

The sampling frequency offset (SFO) results from the mismatch between the
frequency of the digital to analog converter (DAC) at the transmitter, and
that of the analog to digital converter (ADC) at the receiver. The SFO will
have two main effects: (1) a slow drift of the symbol timing boundary, which
rotates the phase of the subcarriers similar to the timing offset, and (2) a
loss of the orthogonality of the subcarriers. This is due to the subcarriers are
not sampled at the optimum positions and ICI occurs. This will also result
in a loss of signal to noise ratio (SNR).

The sampling error is defined as

va e Ta:
A = T—t (24)
10}

where T, and T}, are the transmitter and receiver sampling periods. The

overall effect, after DF'T, on the received subcarrier R;j is shown as
Ry = ej%kml%xl,ksinc(ﬁktA)Hl,k + Wi+ Ciy (25)

where [ is the OFDM symbol index, k is the subcarrier index, 7T is the
duration of the total symbol, T, is the duration of the useful data portion,
Wi, is additive white noise and C, is the induced ICI due to the SFO.
Since the sampling error £ is very small, the ICI term can be ignored.
The remained item is ¢/2™*2'7: | This term shows the amount of rotation
angle experienced by the different subcarrier. Even though the term ¢, is
quite small, as [ increases, the rotation may eventually become so large that

correct demodulation is no longer possible. Therefore, it is necessary to

compensate for the error.
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The receiver only uses one oscillator to generate the carrier frequency and
sampling frequency. Thus, we can find sampling frequency error using the

estimated carrier frequency offset.

SFO _ f,

CFO |,

R S
fs s +SFO

(26)

(27)
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4 MIMO Detector

4.1 Problem Definition

We first consider a flat-fading MIMO system with Np transmit and Ng re-

ceive antennas. The complex baseband received vector, defined by y, =

[Y1, Y2, -, Ung|T, is given by:

y.=Hx.+w (28)
where x. = [x1, 29, ... ,q:NT]T is the x; transmitted signal vector , H. is a
N7 x Ng complex channel matrix, andw. = [wi,ws, ..., wy,]" is a iid.

complex Gaussian noise vectors Herepwe agsumie that each element in x, is
a quadrature amplitude modulation (QANM) signal.

The complex system model can”converted to an equivalent real-valued
model by separating a complex®signal to the real and image parts. Thus,

(??) can be rewritten as

y=Hx+w (29)
where
y = [Re{y.} Im{y}]" (30)
x = [Re{x.} Im{x.}]" (31)
g o— | BelHcp —Im{H} (32)

Im{H.}  Re{H.}

We will use the representation shown (29) in the following derivation. For

simplicity, we define 2Ny = 2N = N.
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4.2 Maximum Likelihood Detector

The optimum detector for a MIMO system is Maximum Likelihood (ML)
detector. For a received vector y, and the known channel matrix H, the ML
detector finds the transmitted vector x minimizing the distance from y to

Hx, ie..;:
Xy, = argmin ||y — Hx]|* (33)
[AS

where the set ¥ indicates all possible transmit vectors. The ML detector
needs an exhaustive search over the entire set of W. Let the QAM con-
stellation size be M. For the number of transmitted bit streams being N,
the computational complexity' of| MLi-detector is on the order of O(M?™N).
When M is large, the computational complexity of the ML detector be-
comes prohibited. Thus, many alternatives have been proposed to reduce
the computational complexity. The most well-known one may be the Sphere

Decoding(SD) algorithm.

4.3 Sphere Decoding
The main idea of sphere decoding is to search a subset of U, which satisfies
ly — Hx|* < (34)

If r is small, the required computational complexity will be effectively re-
duced. Using QR-decomposition, we can have H = QR, where Q is or-

thonormal matrix and R is a upper triangle matrix. Also,

i Ti2 - TN
0 r SRR &
R — . 2,2 . 2.7N (35)
: 0 .. :
0 e 0 NN
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Using the result, we can rewrite (34) as
ly — Hx|* = [y — QRx||* = |Q"y — Rx|* = |y’ - Rx|* <r*  (36)

Where y' = Q”y. Let the ith component of y’ be 3, and that of x be ;.

Using the upper triangle structure of R, we can further decompose (36) as

n

ly —Hx||> = > (0= ) rmptm)’
m=p

p=1

= (yy— TN,NxN)Z
+ (Yno1 — 'N-1,NTN — TN—I,N—lxN—1)2 + ...

< r? (37)

As we can see, the first summation term in (37) only depends on xy, the
second on zy and zx_1, and so, on"Thus, (37) can form a tree search
structure of z;, ¢ = N, N — 15...,1. The first-level of (34) can then be

written as

(yy — rvnen)? <r? (38)

We can find all possible zy’s satisfying (38). Then, for each candidate of
xn, we can find all zy_,’s satisfying the constraint (see (37)). Continue this
process, we can find all candidates of z ... z;. Thus, we only search possible
transmitted vectors, x, inside the sphere and output the one minimizing the
distance between y and Hx.

In the representation (36), we can see that the radius r is a very critical
parameter. If the radius is too large, there will be many candidates, and the
computational complexity will be high. On the other hand, if the radius is

too small, there may be no candidates can be found in certain level. In [9],
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a method to find a proper radius is suggested. The radius can be chosen as:
r? = C x |det(H)|™) (39)

Where C'is a constant, H is channel matrix.

Equation (36) can not guarantee that the number of candidates inside the
sphere is non-zero. When no candidates can be found, we can either enlarge
the radius and conduct the tree structure again (until at least one candi-
date is found), or randomly choose a candidate as the output. Apparently,
the former approach will have better result. However, the computational
complexity will be higher.

Although the SD algorithm requires lower computational complexity than
the ML detector, it has other:problems.“From the algorithm described above,
it is easy to see that the number"of candidates inside the sphere can have
large variation. It depends on the channel,"the noise level, and the radius r.
To have a better idea of this problem, we conduct simulations for the LSD
algorithm using a 4 x 4 system with 64-QAM transmission. We set the radius
as r? = 8 x |det(H)|*/% and have 10000 runs. Figure 13 shows the histogram
of the number of candidates in the SD algorithm. From the histogram, we
can see that the number of candidates inside the sphere has a large variation,
though the averaged number is not particularly high. This is property is not
desirable in hardware implementation. Other problems include the large
latency (due to the tree structure), and the difficulty in determination of the
radius (even with (39)). Here, we propose a new algorithm to overcome the

problems.
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Figure 13: Histogram of‘Number of Candidates

4.4 Proposed Method

Recall that the ML detection uses a exhausted search for all dimensions,
the complexity is then O(M?¥). The main idea of the proposed algorithm
is that we only conduct exhaustive search in a small number of dimensions
(maybe one or two dimension), and conduct optimum estimation in rest of
the dimensions. As a result, the required computational complexity is only
O(M) or O(M?).

For purpose of illustration, we first use a 2 x 2 4-PAM (real) system as
an example. Let the channel matrix be H and the receive signal vector be
x = |11 x9]T. The constellation of the receive signal, excluding noise, is Hx,

x1, 29 € {—3,—1,1,3}. If we let x5 be a continuous variable, there will be four

31



parallel lines in the constellation plot, corresponding to z; = {—3, —1,1, 3}.
Thus, to estimate zo for a given x;, we can project the received vector y
onto the corresponding line. In this case, we then have four candidate sets
of {x1,79}. We can then choose the one with the smallest ||y — Hx||? as the
output. Figure 14 shows the idea of the proposed algorithm.

15

10F-— ot

o ) A N

-15
-20

Figure 14: Projection in each group

We now generalize the idea to a N x N MIMO system. Recall our system
model in (29), the channel matrix is H = [hy, hy, ..., hy]. The transmitted
vectoris x =[xy z3... @ N]T, where x; is a PAM symbol. The possible values
of a PAM symbol is Spay = {—(M — 1), —(M —3),...,M — 1}, where M

is the size of PAM signal constellation. We can rewrite the system model as

y:h1x1+h2m2+...+thN—l—w (40)
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Let x, = sy, where sy = —(M —1)+2(k—1) and k =1,2,..., M. We can

rewrite (46) as

y = ho+...+hysp+... +hyoy +w

N terms
y—hysy = hz+...... +hyzy +w
N—-1 :G,el"ms
yr = Hxl+w (41)
where Sf]; = y_hpskv I:Ip = [hlv ) hp—la hp-‘rla T 7hN]7 and >~(]0 = [x17 Ty Tp—1,
Tpt1, 7xN]T‘

Now, we can project y’; ontetthe subspace spanned by I:Ip, and then
quantize the result to obtainsa estimated symbol in the constellation (cor-
responding to x, = si). Note that the project can be conducted with the
least-squares (LS) method. Let xf = af. . ok | @b ... ,ig\lf)]T be the

quantized vector of the projection”of F ;7 Then, we have
- i H,)'H, 7 42
14 Quan{( p P) P yp} ( )

where the operation Quan{-} indicates the quantization operations, assigning
a vector to the nearest constellation point. Note that the vector in (42) is of

dimension N — 1. Denote the complelte N-dimensional vector as V’;. Then,

x17”'7prfl?sk?j:];Jrla”'ui.?\[] (43)

Thus, v]; is a candidate for the ML solution. We can then repeat the process
for all &’s and obtain a set of candidates {vy!,---,vs*}. Choose the one
with the minimum distance and obtain the best exhausted-search solution

in the direction of x,. Now, we can now search L different dimensions to
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have better result where L < N. The computational complexity will then be
O(LM). The higher L indicates the higher computational complexity, but
the better performance. Thus, L can be chosen as a compromise between
the performance and the computational complexity.

The result derived above can now be expressed as:

= arg min [ly — x|, (k = 1.2+, M); (4

=Vp

(p=p1p2 - ,pL)pi € {1,2,..., N}, py # pj) (45)

The scheme proposed above can be generalized such that the exhausted
search can be conducted in D directions: (dimensions) where D =1,2,... N.
In other words, M® projectiongthave toshereonducted in the chosen directions.
If D = 1, this is the algorithm we described above. If D = N, it will be
equivalent to the ML detector, Forithesystems we considered here, we found
that D = 2 will approach the ML solution very well. For each projection, we
can choose fixed values from any two dimensions {z, = si,x, = s,;} where

p # q. Then,

y = hlxl‘|‘""|‘hp$k+"‘+hq3j‘|‘"'+hN$N+W

N tgrms
— hpSk — hqu = hlib'l + R hN$1\L+W

v~

N-—2 terms

Vo = HpgXpqtw (46)

where yp’J =y —hps; — hys;, and I:IM is a matrix consisting of columns of
H with hp and flp removed, and x,, is a vector consisting of elements of x
with z;, and z, removed. Let x; ’J be the quantized vector of the projection

of X, . Using the similar method in (42), we can find X}/ as

’j = Quan{(H Hp a)” Hp Y», q} (47)
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"k,j _ "kv.j Vk’j
Then, let X7 = [277,---, 2] and

VEI = [ s sy, BN, (48)

We can see that V];:Z is a candidate for the ML solution. Now, we can choose
L combinations of (p, ¢) to conduct the exhausted search. In other words, we
conduct L exhausted search in D dimensions. The computational complexity
will be O(LM?). Finally, we can choose one vector minimizing the distance

from y to Hx, i.e,

X = arg min ly — Hx||?, (k,j = 1,25::2, M; (p, q) = L combinations) (49)
X=Vpy

Note that (p, ¢) has N(N—1)/2 combinations.*As we can see, we only have
to use a small L and the result can approach the ML solution very well. The
choice of the combinations dogs not*have a specific rule. From simulations,

we found that if (p,¢) can be chosen’such that z, and z, correspond to the

real and complex component of a symbol, good performance can be achieved.

4.5 Complexity Analysis

In this paragraph, we will compare the computational complexity for the
algorithms considered. Here, we only consider the number of multiplica-
tions used. For a N; x N, MIMO system with M2-QAM transmission, the
ML detector requires (2N,2 + 3N,;) x M?Nt multiplications in the evaluation
of (33). The proposed algorithm requires (4N? — 2N; - D) x 2P L multipli-
cations in (42), and (2N,® + 3N;) x MPL multiplications in (44). There
is a matrix inverse operation in (42). However note that the matrix does

not have to be recomputed when a new exhausted search is initiated. The
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matrix differs from its previous one only be D columns, and some fast al-
gorithm has been proposed to reduce the computational complexity of the
inversion. We can use the fast algorithm proposed in [10], which requires
24N} + 12N? x L multiplications. Thus, the proposed algorithm requires
(6N? +3N; — 2N, D)MPL + 4N} + 12N? x L multiplications in total. Com-
plexity comparison for the 2 x 2,3 x 3 and 4 x 4 with the 64-QAM is shown
in the Table 6. As we can see, the proposed algorithm has a remarkable
reduction in computational complexity.

Since the throughput of the SD algorithm is variable, it is very difficult to
evaluate its computational compléxity analytically. Thus, we use the com-
puter simulation to actually ¢ount how many multiplications are conducted
for each run. We simulate SD for 10000 runs, and-find the averaged and top
one percent averaged results.

Table 7 shows the complexity comparison of the SD and the proposed al-
gorithm. The computational complexities of the proposed algorithm shown
are maximum ones in (6). From the table, we can see that the computa-
tional complexity of the proposed algorithm is still much lower than the SD
algorithm.

Note that the result show in Table 7 for the SD algorithm is an averaged
result. It is highly possible that in some cases, the candidates in the radius is
very large, and in others is very small. This property makes efficient hardware
implementation difficult. The other advantage of the proposed algorithm is
that it allows a tradeoff between the complexity and performance. When
the complexity is the main concern, we can use smaller D and L. On the

contrary, when the performance is the main concern, those parameters can
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Nrx Ny | D=1] D=1 | D=1 | D=2 | D=2 | D=2 ML
(N=2Ng) || L=1 |L=N/2 | L=N | L=1 | L=2 | L=4
2 x 2 248 | 432 | 800 | 1,040 | - - 57,344
3 x 3 600 | 1,368 | 2,520 | 2,148 | 4,080 | - | 7.07 x 10°
Ax4 1,168 | 3,136 | 5,760 | 3,712 | 6,912 | 13,312 | 7.38 x 10°

Table 6: Number of Multiplications required in proposed and ML algorithm

N7 x Nt || Proposed Method SD SD

(N =2Nr) (maximum) (averaged) | (top 1 % averaged)
2x2 1,040 1,015 2,853
3 %3 4,080 3,602 9,599
4 x4 13,312 13,683 33,340

Table 7: Number of Multiplications required in proposed and SD algorithm

be enlarged.

4.6 Simulations

In the section, we report simulation results demonstrating the performance
of the proposed algorithm. We consider the 2 x 2, 3 x 3 and 4 x 4 MIMO
systems with 16-QAM and 64-QAM transmission. The channel is a Rayleigh
flat-fading channel. The bit error rate (BER) is used as the performance
measure. Three algorithms are compared, namely, the ML, SD and proposed
algorithms. The radius of the SD method is set as 8 x |det(H)|(/N).

Figure 15-20 show the results for 2 x 2, 3 x 3 and 4 x 4 MIMO systems
with 16-QAM modulation. From Figure 15 and 16, we can see that for 2 x 2
systems, the performance of the proposed algorithm with D=1 and L=4 is
worse than that of the ML detector. When D=2 and L=1, the performance
of the proposed algorithm is almost as good as that of the ML algorithm.

From Figure 17 and 18, we can see that for 3 x 3 systems, the performance of
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proposed algorithm with D=1 and L=6 is worse than that of the ML detector.
However, it can achieve the ML bound when D=2 and L=2. Figure 19 and
20 shows the result for 4 x 4 systems. As we can see, the proposed algorithm
can achieve the ML performance when D=2 and L=4.

We then evaluate the performance of the proposed algorithm in 64-QAM
transmission. Figure 21 and 22 show the simulation results for 2 x 2 systems.
As we can see, the performance of the proposed algorithm with D=2 and L=1
can achieve the same performance as the ML detector. Also, with D=1 and
L=4, the performance is also very close to that of the ML detector. Figure
23 and 24 show the simulation resiilts for the 3 x 3 systems. From Figure 23,
we can see that the performance of our algorithm with D=1 and L=6 has a
small deviation from that ofithe ML detector. From Figure 24, we see that
when D=2 and L=2, the propesed-algorithm. performs the same as that of
the ML detector. Finally, Figure 25 and 26'show the result for 4 x 4 systems.
As we can see, when D=1 and L=8, the proposed algorithm is worse than
that of the ML detector. However, it can achieve ML performance when
D=2 and L=4. Note that in all cases, the SD algorithm can have almost the
same performance as that of the ML detector. Note that the price to pay is
a higher computational complexity since a larger radius has to be used.

Compare the simulation results for 16-QAM and 64-QAM transmission.
We can find that the proposed algorithm can have more advantages when a

high QAM size is used.
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5 MIMO Soft Bit Demapping

5.1 Bit-interleaved Coded Modulation

Originally proposed by Zehavi [8], BICM inserts a bit-level interleaver be-
tween the encoder and modulator. With this operation, bursty bit errors
can be reduced, and the correction capability of the decoder can be en-
hanced. As a result, BICM is suited to the fast fading channel environment.
For non-fading frequency-selective channels, BICM can be cooperated with
OFDM to have frequency diversity gain. Besides, when the MIMO structure
is added, spatial diversity can be achieved as well. Conventional, it uses a
MMSE equalizer to suppress the interference arising in the MIMO system,
and then transfer the MIMO: system into multiple SISO systems. Then, it
applies one-dimensional soft-hit demappers-obtaining soft-bit information for

the received signal.

5.2 Log Likelihood Ratio

Due to use of BICM system, we have to demap a QAM symbol to its corre-
sponding bits before decoding. The operation is called bit demapping. There
are two kind of bits can be dempped: hard and soft bits. Hard bits are the
detected bits being equals to “0” or “1”. Soft bits corresponds to proba-
bilities of being equal to “0” or “1”. It is well know that soft bits in the
BICM scheme can have much better performance. The computation of soft
bit demapping in the SISO systems is low. In the MIMO systems; however,
its computational complexity is very high, comparable to the ML detector.

In this section, we will extend the algorithm proposed in the previous section
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to overcome the problem. In soft demapping, Log-Likelihood Ratio(LLR) is
generally used instead of probability to represent the soft information. Let
y be the received signal vector, b, ;, be the kth bit of its nth component, and

x be the transmit signal vector. The LLR of bit b, is defined as

Plbny =1
LLR(by) = mM
ZC ES(I) P[X - C1|Y]
= In (50)

>, es®) Plx = coly]

(v ;. denotes the set comprising all the symbols with b, ; = 1, and so

where S
(0)
does Sn, N
Applying Bayes rule and .assuming the transmit symbols being equally
probable, we can have (50) as
n chesr(ii P[le = ¢
2ieregeyPlyx = col

LLR(b,y) =1 (51)

Since the noise is Gaussin, each term in the summation of (51) has an
exponential form. This can be simplified by the log-sum approximation.
Thus,

ma. CES(I)P[ |X:C1]

LLR(bys) = In (52)
ma coesff;cPMX = ¢

From Gaussian distribution, we have the conditional PDF P(x|y) as
1 2
P(X|Y) o6 exp(— o ly-Hx ) (53)

Using (53) in (52), we can obtain

1
LLR(bns) = { min ly-Hx|* = min [ly-Hx|*} < 5 (54)
st 5 202

n, k n,k
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With the QAM mapper, we can derive two sets, 51(1111 and ST(B,)C, and find one
symbol minimizing the distance from y to Hx in each set. The difference of
the two distances is the LLR we desire. The term # can be considered as
a weighting factor. If the variance of noise is low, the weighting of the LLR

is high. That means this LLR is reliable, and vice versa.

5.3 List Sphere Decoding

In previous section, we review the sphere decoding algorithm. Sphere decod-
ing is a detection algorithm used to reduce the computational complexity of
the ML detector. We can use similar idea.of sphere decoding and extend
it to conduct soft bit demapping. The algorithm is called list sphere de-
coding (LSD), and described-below. First; reserve all the symbols lie inside
the sphere |ly-Hx||*> < r?, yieldiug @ ¢andidate list. Then, separate these
candidates into two sets, one with b= 1'and the other b,; = 0. Finally,
find the one minimizing the distance from y to Hx in each set, and take the
difference of the two distances to obtain the LLR. This LSD does not increase
the computational complexity of the original SD algorithm too much. The
LSD inherent the variable throughput problem associated with the SD. In
addition, the LSD induce another problem that it cannot guarantee at least
one symbol in each set. That is to say, it is possible that one of the sets is
empty. A suboptimum approach is to give an extreme value to represent the
LLR of the bit. If we want to avoid the case, we must enlarge the radius
and raise the number of candidate. The computational complexity will be

increased also. This is a performance-complexity trade-off.
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5.4 Soft Output of Proposed Algorithm

The proposed in the previous section can also be extended to conduct soft

bit demapping. As we can see, the parameter L is used to define the number

of exhausted searches. When L is chosen as %, the search can cover all

dimensions (thought separately, not jointly). As we can see, with this setting,

the proposed algorithm can achieve the ML performance for 4 x 4 systems.
N

For 2 x 2 and 3 x 3 systems, L can be chosen as less than 3. Thus, we

consider these two cases.

N
D>

For the first case where L = all dimensions are searched. Thus, it
guarantee at least one point can be found in two sets, SSZ: and Sff,)g. With
the proposed algorithm, we can_have an efficient-method to find LLRs. For
the ease of description, we consider a“N; XV, system (where N = 2N, with
16-QAM transmission in a noise-free environment. The received signal can

be expressed as (real-value model)
y = Hx (55)

where y = [y1 v2...yn]?, and x = [z 25...2n]T. For each element of x,
the possible amplitude is —3,—1,1,3, and the corresponding mapped bits
are {00}, {01}, {11},{10}. Recalling (43), we can have projected vectors as
V’;’S, where £ = 1,2,3,4, for x,. It is simple to see that for k = 1,2, the
first bit of x, is 0, and for k = 3,4, the first bit of z,, is 1. It is equivalent
to say that two candidates are also available for b,; = 0 and b,; = 1 Define

Ly = |ly — HvE|]?. From (54), we can then approximate the LLR of b, as

LLR(by;) = min{L,* L'} — min{L}, L>} (56)
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Similarly, for £ = 1,4, the second bit of z, is 0, and for k = 2,3, the
second bit of z, is 1. Using the similar method, we can have the LLR of b,

as
LLR(by») = min{L,* L} —min{L, "', L} (57)

Similarly, we can derive the LLR corresponding to the 64-QAM system

of z,:

LLR(b,y) = min{L.",L.° L L'}
LLR(b,s) =+ min{l, " [L.2.L5 LT}

n

§T min{L;?)a L7_117 Liw LS} (59)

n

LLR(b,3) = min{Ly 5k, WL, LT}

n

— ‘min{L;? L% L2 L) (60)

n

As shown above, the soft demapping is simple in the proposed algorithm.
The above approach for the LLR calculation is for D = 1. It is straightfor-
ward to generalize the result for case of D = 2.

For the second case is where L < %, there is no symmetric property can
be explored and we can not guarantee at least one candidate can be found for
SS) and Sff,i. In this case, we can use the similar idea in the LSD algorithm.
We can construct a candidate list with the vectors we select in (43) or (48),
correspond to the case of D = 1 or D = 2. Then, we also partition these
candidates into two sets, one with b, ;, = 1 and the other with b, , = 0. Then,
we can find the one minimizing the distance from y to Hx in each set, and

take the difference of the two distances to obtain the LLR. Note that the size
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of candidates is LM or LM?, a function of L. This is contrast to the LSD

algorithm in which the number of candidates cannot be controlled.

5.5 Simulations

In the section, we will report simulation results demonstrating the perfor-
mance of the proposed algorithm. Similar to the last section, We consider
2x2,3x3 and 4 x4 MIMO systems with 16-QAM and 64-QAM transmission.
The channel is again a Rayleigh flat-fading channel. A convolutional code
with a constraint length of 7 is used in the transmitter, and soft decoding is
conducted.

Two algorithms are compared, namely, the [LSD and proposed algorithms.
The radius of the LSD method is set as-8 x |det (FL)|(/N).

Figure 27-32 show the results for 16-QAM transmission. Figure 27 and
28 show the result of 2 x 2 systemsy+let the target BER be 1073. From
the figures, we can see the performance of the proposed algorithm with D=1
and L=4 is 0.5dB better than that of the LSD algorithm, and 2.5dB better
than that of the LSD algorithm when D=2 and L=1. Figure 29 and 30 show
the simulation result of 3 x 3 systems. When D=2 and L=1, the proposed
algorithm can achieve the performance of that of the LSD algorithm. When
D=2 and L=2, The performance of the proposed algorithm is 1.5 dB better
than that of LSD. The result of 4 x 4 16-QAM system is shown in Figure 31
and 32. Performance of proposed algorithm with D=2 and L=1 is approx-
imately the same as the of the LSD algorithm. When D=2 and L=2, the
proposed algorithm outperform the LSD algorithm about 0.5 dB.

Figure 33-38 show the result of 64-QAM transmission. From Figure 33
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and Figure 34, we can see the result of 2 x 2 systems. When D=1 and L=2,
the proposed algorithm can have the same performance as that of the LSD
algorithm, and when D=2 and L=1, the proposed algorithm can outperform
the LSD algorithm about 3 dB. Figure 35 and 36 show the results for 3 x 3
systems. From Figure 35, we can see when D=1 the proposed algorithm
cannot better than the LSD algorithm. From Figure 36, we found that to
outperform the LSD algorithm, at least the setting of D=2 and L=2 must
be used. Finally, Figure 37 and 38 show the result for 4 x 4 systems. When
D=2 and L=2, the proposed and LSD algorithm have the same performance.
With D=2 and L=4, the proposéd method eutperform the LSD algorithm
by 1 dB.

To realize how much performance gain we can ebtain with the soft decod-
ing, we conduct another set of simtilations. Figure 39 and 40 show the results
of hard and soft decoding, Figure 39'foria 83x 3/64-QAM, and Figure 40 for a
4 x 4/64-QAM system. Note that in soft decoding, MIMO soft demapping is
required. As we can see, in 3 X 3 systems, the gap between the LSD and SD
algorithm is approximately 2.5 dB. For the proposed algorithm with D=2
and L=2, the gap is about 3.5 dB. In 4 x 4 systems, the gap of the LSD and
SD algorithms is 1.5 dB, and 2.2 dB of the proposed algorithm when D=2
and L=4.
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Figure 28: BER comparison of soft demapping for 2 x 2 16-QAM system(II)
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Figure 30: BER comparison of soft demapping for 3 x 3 16-QAM system(II)
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Figure 34: BER comparison of soft demapping for 2 x 2 64-QAM system(II)
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Figure 36: BER comparison of soft demapping for 3 x 3 64-QAM system(II)
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Figure 38: BER comparison of soft demapping for 4 x 4 64-QAM system(II)
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6 Simulations With IEEE 802.11n System

In this chapter, we apply the proposed MIMO detection algorithm in the
IEEE 802.11n system, and evaluate its performance. For simplicity, we only
consider the channelization bandwidth of 20MHz (56 occupied sub-channels).
To achieve the highest throughput, we set the number of transmitted anten-
nas as 4 (Ny = 4), the number of the received antennas is also 4 (Nr = 4),
the code rate of the convolution coder is 5/6, and the QAM size is 64. Note
that this is the most challenging scenario in the IEEE 802.11n system. In
order to compare the effect of different,code rate, we simulate the system
4 x 4 64-QAM with 1/2 code rate. Besides,ave also consider the common use
mode 2 x 2 16-QAM with 1/2 code rate.

Packet error rate (PER) is-usedias the-performance measure. The payload
in a packet is fixed as 1000 bits.. ‘According to the specification, a PER of
0.1 is required. We consider three receiver structures. The first one is the
conventional approach that a MMSE equalizer is first used to decouple the
MIMO channel into multiple SISO channels, and then a SISO soft-demapper
is applied for each SISO channels. The second and the third use MIMO soft-
bit demapping directly, one with the LSD algorithm, and the other with the
proposed algorithm.

Three different MIMO channel models, defined in the specification, are
used in our simulations (TGn Sync Channel B, TGn Sync Channel D, and
Rayleigh uncorrelated Channel). We also assume that the frequency offset
and timing offset have been perfectly compensated in the receiver. The

channel characteristics introduced in Chapter 2.7.
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From Figure 41 to Figure 43 show the simulation results in different chan-
nel. We can see that our proposed algorithm with D=2 and L=4 significantly
outperforms the conventional approach about 14dB in these three channel.
When D=1 and L=8, the performance of proposed algorithm is still 10 dB
better than the conventional approach in these three channel. Compared
with LSD, the performance of our proposed algorithm when D=2 and L=4
is near that of LSD in channel B, 0.5dB better in channel D and 1.5dB better
in uncorrelated channel. As we can see, our proposed algorithm have better
performance in uncorrelated channel.

Figure 44 shows the result ofih X 4 64-QAM with 1/2 code rate in un-
corrected channel. We can see that performance of our proposed algorithm
with D=2 and L=4 is only 7dB better-than that of MMSE equalizer. When
D=1 and L=8, our proposed algorithm is“6dB.better than that of MMSE
equalizer, and close to that of LSD.*When the coding rate is low, the gap of
our proposed algorithm and conventional MMSE equalizer become smaller.

The result of the common use mode 2 x 2 16-QAM with 1/2 code rate
is shown in Figure 45. We can see that our proposed algorithm performs
6dB better than MMSE equalizer when D=2 and L=2, 5 dB when D=1 and
L=4.

In conclusion, compared with conventional method, our proposed algo-

rithm can have better performance in higher throughput mode.

60



Channel B

W0 ; ; ; ; ; ; ; ; ;
26 28 30 32 34 36 38 40 42 44 46

Figure 41: PER comparisons of Proposed Algorithm, LSD and MMSE
(20MHz, 4 x 4, 64QAM, 5/6 code rate, Channel B)
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Figure 42: PER comparisons of Proposed Algorithm, LSD and MMSE
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Figure 43: PER comparisons of Proposed Algorithm, LSD and MMSE
(20MHz, 4 x 4, 64QAM, 5/6 code rate, Rayleigth uncorrelated Channel)
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(20MHz, 2 x 2, 16QAM, 1/2 code rate, Rayleigth uncorrelated Channel)
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7 Conclusions
7.1 Conclusion

In this thesis, we consider the optimum receiver design in the IEEE 802.11n
system. The system uses the MIMO-OFDM scheme to provide a high through-
put wireless transmission. The optimum hard-decision MIMO detector, known
as the ML detector, can provide superior performance; however, its compu-
tational complexity is known to be very high. We then propose a new MIMO
detection algorithm to overcome the problem. The proposed algorithm can
significantly reduce the computational complexity of the ML algorithm, while
the performance remains the same. Theproposed algorithm is extended to
include soft-decision scenarios. | Similar t6 the hard-decision case, the pro-
posed can greatly reduce the‘computational-complexity of optimum MIMO
demapping. Although the SD/LSDralgorithm can also reduce the computa-
tional complexity of optimum detectors, their throughputs are not constant.
This is a serious drawback in real-world implementation. Simulation results
with IEEE 802.11n system show that (with different QAM sizes and differ-
ent spatial streams) the proposed algorithm is significantly better than the
conventional approach, a MMSE equalizer combined with a SISO demapper.
The more spatial streams and the larger QAM size a system has, the more

computations the proposed algorithms can save.

7.2 Future Work

Although the complexity of the proposed algorithms is much lower than that
of the ML /optimum MIMO demapper, it is still higher than the MMSE algo-
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rithm. How to further reduce the computational complexity of the proposed
algorithms worth further studying. In this thesis, we only consider the case
where the number of transmit antenna equals to that of the received an-
tenna. With minor modification, the proposed algorithm can be applied in
the case where the number of transmit antenna is large than the number of
received antenna. Finally, we may also consider the hardware structure that

can efficiently implement proposed algorithms.
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