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The informed dynamic scheduling (IDS) strategies for the low-density parity check (LDPC) decoding have shown superior
performance in error correction and convergence speed, particularly those based on reliability measures and residual belief
propagation (RBP). However, the search for the most unreliable variable nodes and the residual precomputation required for each
iteration of the IDS-LDPC increases the complexity of the decoding process which becomes more sequential, making it hard to
exploit the parallelism of signal processing algorithms available in multicore platforms. To overcome this problem, a new, low-
complexity scheduling system, called layered vicinal variable nodes scheduling (LWNS) is presented in this paper. With this
LWNS, each variable node is updated by exchanging intrinsic information with all its associated control and variable nodes before
moving to the next variable node updating. The proposed scheduling strategy is fixed by a preprocessing step of the parity control
matrix instead of calculation of the residuals values and by computation of the most influential variable node instead the most
unreliable metric. It also allows the parallel processing of independent Tanner graph subbranches identified and grouped in layers.
Our simulation results show that the LWNS BP have an attractive convergence rate and better error correction performance with
low complexity when compared to previous IDS decoders under the white Gaussian noise channel (AWGN).

1. Introduction

LDPC codes were introduced by Gallager [1] since 1962 and
rediscovered by Mckay and Neal [2] in 1996. LDPC codes
have attracted considerable attention because of their supe-
rior error correction capability in belief propagation decod-
ing (BP) [2]. BP decoding is conventionally performed by
the repetition of the flood schedule [3], where successively
all variable-to-check (V2C) and all check-to-variable (C2V)
messages are updated in parallel.

However, the convergence process is slowed down
because the latest updated information is not available
until the next iteration. To accelerate the convergence
and improve error correction performance, sequential
scheduling methods were presented, with both predeter-

mined and fixed sequence of updates. This sequential
scheduling strategy is different from flooding in a way that
the latest information is available in the current iteration.
The shuffled [4–6] and layered [7, 8] schedules are two
variants of this strategy and allow to speed up the a con-
vergence of the decoding twice as fast as the flooding
schedule. In order to achieve faster convergence perfor-
mance informed dynamic scheduling (IDS) strategies have
been introduced, among which residual belief propagation
(RBP) decoding [9, 10]. The RBP was used for LDPC
decoding by Casado et al. [9] after being introduced by
Elidan et al. [11] in 2006. It consists of a dynamically
adjusted order of message updates, based on the residual
value defined as the difference between the current and
old message values.
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Compared to the sequential and flooding algorithms, the
convergence speed of the RBP algorithm is faster, but it was
reported that the error correction capability after the first
iterations was unsatisfactory [9]; this is because the main
computing resources are allocated or focused on a few nodes
and edges with the maximum C2V residual; the RBP is then
qualified as a greedy algorithm [9]. In order to reduce this
greediness effect in of RBP, the node wise RBP (NW RBP)
algorithm has been introduced [10], in which all C2V mes-
sages of the C2V edges that are connected to the selected
control node with the maximum C2V residue are simulta-
neously propagated.

Based on different message selection and update strategies,
several dynamic decoding algorithms have been reported. The
variable to check- (VC-) RBP [12] where the priority of mes-
sage updates is given to the V2C message with the highest res-
idue; The VC-RBP has the advantage of having a lower
computation but the error correction performance was not
as good as that RBP, because some silent variable nodes with
a minimal V2C residual never contribute in the decoding pro-
cess. Then, a silent variable node-free (SVNF) RBP [13] has
been proposed where each variable node had a chance to con-
tribute its intrinsic messages throughout the edge with the
maximum C2V residual. The SVNF has the advantage of hav-
ing a faster convergence speed than RBP but higher computa-
tion complexity. The dynamic silent variable node-free
scheduling (D-SVNFS) algorithm proposed in the same paper
[13] refers to SVNF scheduling but allows a dynamic partici-
pation sequence of the variable nodes, which further improves
the convergence speed and requires more computation to
determine the next variable node to update. The tabu search-
based dynamic scheduling (TSDS) [14] algorithm remember
that some variable nodes are temporarily stored in a tabu list
according to the residual; the variable nodes thus stored can
not be updated until they are shifted out of their list after a
few number of iterations. This procedure of updating order
results in a noticeable reduction of the greediness effect but
it still exists keeping a poor error correction capability after
the first iterations. Also, in order to tackle this greediness lim-
itation, the residual decaying-based residual belief propagation
(RD RBP) [15] has been proposed. In this algorithm, the value
of C2V residuals will be gradually decayed according to the
update occurrence of the corresponding C2V messages. Con-
sequently, each edge had a chance to being selected in the
decoding process, thus mitigating the IDS greediness.

2. Related Work

To approach or even outperform the performances of RBP
algorithms, some dynamic decoding algorithms based on
the residual message and other selection criteria have also
been proposed [16–18]. In the (RM RBP) [16], a reliability
metric is used to define the priority of message updates.
Firstly, the number of unsatisfied parity check equations
for each variable node is calculated; then, all variable nodes
are divided into two sets based on whether the number of
unsatisfied parity check equations is equal to its maximum
value or not. The set including the variable node with the
maximum value is a set of all most unreliable variable nodes;

the most reliable variable nodes are involved in the second set.
In the IVC RBP algorithm [17], the priority of message update
is given to themost unstable variable node, the variable node is
qualified as unstable if its sign before and after an update is
reversed, and the stability metric calculation increase the com-
putation. In the OV RBP [18], the stability metric based on the
number of unsatisfied parity check equations of each variable
node is used to select the scheduling order; the most unstable
variable node with the high number of unsatisfied parity check
equations is updated first.

These new dynamic decoding algorithms showed a sig-
nificant performance than the RBP prior arts when consid-
ering the BER convergence rate. However two major
drawbacks still exist. First, the greediness persists even if its
influences are reduced, because the variable nodes are
selected according to their metric or residual value, and con-
sequently, all the variable nodes do not have the same
chance of being selected. Second, the dynamic search for
the most unstable or/and unreliable variable nodes, and the
residual computation required for each iteration of the IDS
LDPC decoding increase the complexity of decoding and
then make the decoding process more sequential.

In order to reduce the decoding complexity, to increase the
convergence speed and to allow a parallel processing of decod-
ing, we suggest in this work the layered vicinal variable node
scheduling (LWNS) algorithm, in which every variable node
is forced to contribute with its intrinsic information after each
update without the residual value calculations, nor the most
unreliable variable node searching computations.

The decoding schedule is fixed and determined by a first
preprocessing step, executed outside the decoding process,
of the parity control matrix. This preprocessing phase is
aimed at identifying for each variable node the subgraph to
which it is attached and the influential metric in term of
the number of connection. This step is then followed by clas-
sifying the parallel subgraph according to the influential
metric and finally grouping the parallel subgraph in layers
allowing parallelization of the decoding process. The pro-
posed algorithm is tested on the quasicyclic irregular LDPC
codes (576, 288), (576,144), (1152, 576), and (2304, 1152)
constructed based on the IEEE 802.16e standard, under the
white Gaussian noise channel (AWGN), and our simulation
results show that the proposed LWNS achieves better
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Figure 1: Example of Tanner graph with N = 12 variable nodes vj
and M = 9 control nodes ci.
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convergence rate speed and error correcting performance
than IVC RBP and OV RBP.

The rest of the paper is organized as follows. Section 2
reviews the LLR BP, the RBP, the IVC RBP, and the OV
RBP algorithms. Section 3 introduces the proposed LWNS
BP decoding algorithms. Section 4 compares the error cor-
recting performance, the convergence rate, and the complex-
ity of the two proposed algorithms with those of the previous
works. Finally, Section 5 concludes the paper.

3. Basic Decoding LDPC Algorithms

3.1. LLR BP Decoding for LDPC Codes. A binary LDPC code
can be described using a Tanner graph of N variable and M
control nodes as illustrated in Figure 1, where vj denotes the
jth variable node and ci denotes the ith control node. When
the BP LLR decoding algorithm is used for the LDPC decod-
ing, the C2V messages mci⟶vj that propagate from ci to vj
are initialized at zero and the V2C messages mvj⟶ci that
propagates from vj to ci are initialized as follows:

m 0ð Þvj⟶ci = L 0ð Þvj = log
p yj/vj = 0
� �

p yj/vj = 1
� �

0
@

1
A, ð1Þ

where yj denotes the channel information of the jth var-
iable node and vj denotes the jth code bit.

After each initialization, the updated C2V messages
mci⟶vj are generated according to

mci⟶vj = 2 tan h−1
Y

vb∈N cið Þ\vj
tanh

mvb⟶ci

2
� �0

@
1
A, ð2Þ

where NðciÞ \ vj denotes the neighboring variable
nodes that are connected to check node ci, excluding var-
iable node vj.

The updated of V2C messages mv j⟶ci are calculated as

mvj⟶ci = Cvj
+ 〠

ca∈N vjð Þ\ci
mca⟶vj, ð3Þ

where NðvjÞ \ ci denotes the neighboring check nodes that
are connected to variable node vj, except for check node ci.

After the generation and propagation of all the updated
V2C and C2V messages, a hard decision on the variable node
vj is taken based on the new LLR value LðvjÞ calculated as

L v j
� �

= Cvj + 〠
ca∈N v jð Þ

mca⟶v j, ð4Þ

where NðvjÞ denotes all the neighboring check nodes that
are connected to variable node vj.

The message propagation in the decoding process will
not stop until all the check equations are satisfied or the pre-
defined maximum number of iterations is reached.

3.2. Scheduling Strategies for LDPC Decoding. Flooding is the
simplest scheduling LLR BP algorithm, which first updates
all C2V messages using Equation (2) and then updates all
V2C messages using Equation (3). Therefore, the newly gen-
erated information in the current iteration can only be used
in the next iteration. This is slightly different from the
sequential scheduling algorithm where the new information
can be generated and immediately used in the same
iteration.

In these two cases, the messages updating follow a prede-
fined order.

In opposite, the IDS dynamically adjust the order of
message updates. The first RBP IDS algorithm determines
the order of message updating based on the C2V residual.
The C2V residual is defined as the magnitude of the differ-
ence between the C2V messages before and after an update.
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Figure 2: Subgraph of head variable node vj. The variable nodes v
k
b are the vicinal variable nodes of vj and the cki are the check nodes

connected to vj.
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The C2V residual can be defined [8] as

rci⟶vj = mpre
ci⟶vj −mci⟶vj

�� ��, ð5Þ

where mpre
ci⟶vj is the precomputation of the next updated

C2V message. As mentioned above, this algorithm only
updates the C2V edge with the maximum C2V message
residual.

Hence, at the beginning of the decoding process, all C2V
messages are calculated in order to identify the C2V edge
candidate for the update.

First, the precomputed C2V message of the maximum
C2V residual is propagated to variable nodes; then, the
V2C messages are updated and propagated to its neighbor
check node. The check nodes receiving the new V2C mes-
sages value actualize their precomputed C2V messages and
their residual value. Finally, the residual of the C2V mes-
sage being currently updated is set at 0, and the C2V mes-
sage with the largest residual is selected for the next
update.

In the IVC RBP algorithm [17], variable nodes are
divided into two groups formed by stable or an unstable
node.

After identifying the most unstable variable nodes, the
update of the selected messages is performed based on the
RBP procedure.

In addition, to this instability metric, the OV RBP
algorithm [18] scheduling strategy looks at the number
of unsatisfied parity check equations, defined for each var-
iable node as
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Figure 3: (a) Example of parity check matrix. (b) Its corresponding parity check equations, where ⊕ denotes a modulo 2 addition (i.e.,
XOR); the variable node v1 appear in c2, c5, and c7; the variable nodes fv2, v5, v12, v3, v8, v11, v4, v7g are the vicinal of v1.
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Figure 4: Cycle of length 4 between vj and their vicinal variable
nodes.
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Figure 5: Decoding step of the LWNS algorithm for each variable
node.
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U vjð Þ = 〠
ci∈N v jð Þ

T cið Þ, ð6Þ

where TðciÞ denotes the result of parity check node ci.
The more this check equation is not verified by a given
variable node, the more it is considered an unreliable var-
iable node. Hence, each set of unstable or stable variable
nodes is divided into two others sets based on whether
UðvÞ is equal to its maximum value or not.

After selecting the most unstable variable node with the
maximum number of unsatisfied parity check equations,
the update of the selected messages is performed based as
for the RBP.

The main computing resources are allocated specifically
for nodes and edges with the maximum value of metric
and residual; therefore, the greediness influence still occurs.

All judgment criteria seen above and the residual pre-
computation performed in each decoding iteration generate
additional calculations and consequently increase consider-
ably the complexity of the decoding.

4. Proposed LWNS Algorithms

In order to bring down the greediness influences and reduce the
decoding complexity, with a better BER convergence perfor-
mance, we introduce the layered vicinal variable node schedul-
ing (LWNS) to be applied to classical LLR BP algorithm.

In contrast to different dynamic RBP scheduling algo-
rithms, in the LWNS, all the variable nodes will be updated
with the same chances, but the processing order is defined by
a parity check matrix preprocessing performed outside the
decoding sequence in order to define a fixed sequential
schedule.

4.1. Subgraph Vicinal Variable Nodes. In the LWNS, each
variable node vj is updated closely by exchanging intrinsic

information with all variable nodes vkb connected to variable

node vj through all check node cki connected to vj, except
the variable node vj. This set of variable nodes is said the vic-
inal variable nodes of vj and noted vðvjÞ.

Figure 2 shows the subgraph in which each variable node
vj update is operated. The purpose is to process each variable
node vj, closely in its subgraph; in this way, the latest
updated information directly related to vj is available during
it update, thus allowing a fast convergence of decoding.

Figure 3 presents an example of the parity check matrix
(a) and its related check equations (b); the variable node v1 is
updated by exchanging intrinsic information closely within
the check equations c2, c5, and c7 and the vicinal variable
nodes vðv1Þ = fv2, v5, v12, v3, v8, v11, v4, v7g.
4.2. The Most Influential Variable Node Metrics. Each vari-
able node generates its own subgraph; consequently, the
number of subgraphs is equal to the number N of variable
nodes.

To define the subgraph update order, we use the most
influential variable nodes metric concept instead of the
unstable variable nodes metric.

Given that the more neighbor’s a variable node has, the
more influenced it becomes.

For each variable node vj, we calculate the influence
metricsDðvjÞ as the number of edge between the vj and their
vicinal set:

D vj
� �

= dv vj
� �

+ 〠
dv

i=1
dc cið Þ − 1ð Þ, ð7Þ

where dvðvjÞ denotes the total number of check nodes
connected with the variable node vj and dcðciÞ denotes the
total number of variables nodes connected with the check
nodes ci. This metrics is calculated outside the decoding
processing.

1: Initialize all mci⟶vj = 0, mvj⟶ci = Lð0Þv jand Itermax

2: for i = 1 to Itermax do
3: for every vj ordered based on the influence metric do
4: for every ci ∈NðvjÞ do
5: for every vb ∈NðciÞ \ vj do
5: Generate and propagate mci⟶vb
6: end for line 5
7: end for line 4
8: for every vb ∈NðciÞ \ vj do
7: Calculate LðvbÞ
8: Generate and propagate mvb⟶ci
9: enf for line 8
10: Calculate LðvjÞ
11: end for line 3
12: if stopping rule is not satisfied then
13: Go back to line 3
14: end if
15: end for line 2

Algorithm 1: LWNS scheduling.
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Figure 6: Parallel layered scheduling. (a) Variable node vj and vi are parallel vðviÞ
T

vðvjÞ =∅. (b) Variable nodes vj and vi are

dependent vðviÞ
T

vðvjÞ = v4k.

1: for every vj from 0 to N − 1 do
2: Initialize all parallelðviÞ = −1, vicinalðvkÞ = −1
3: end for line 1
4: for every vi from 0 to N − 1 do
5: if parallelðviÞ = −1
6: parallelðviÞ = i, vicinalðviÞ = 1
7: Search vðviÞ and assigned to each vk de vðviÞvicinalðvkÞ = 1
8: for each vj from 0 to N − 1 do
9: if parallelðviÞ = −1
10: Search vðvjÞ
11: if there is no vd de vðvjÞ that vicinalðvdÞ = 1
12: parallelðvjÞ = i
13: end if line 11
13: end if line 9
16: end for line 8
13: end if line 5
17: end for line 4

Algorithm 2: Parallel layer variable nodes.
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Figure 7: Continued.
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When a variable node vj is connected to a vicinal node
v2b by two separate control nodes c1i and c2i, the value of
DðvjÞ increases, but the variable node does not have so much
influence because the messages oscillate in a closed cycle.

This is typically the case corresponding to the cycle of
length 4 in the matrix H, as shown in Figure 4. The length
of the cycle is defined as the number of crossed edges to quit
and return to a node without passing through the same
edges. This case is moved by eliminating the edges causing
cycle 4 [19].

The decoding process is performed in the descending
order of the influence metric value.

Figure 5 shows the decoding process followed in the
LWNS algorithm adopted for each variable node vj, classi-
fied in the descending order of the influence metric. In the
first step, using Equation (2), the messages mci⟶vb from
check nodes ci where ci ∈NðvjÞ to all vicinal variable nodes
vb ∈ vðvjÞ are generated by taking in consideration the vari-
able nodes vj and propagated to all vicinal variable nodes
vb. In the second step, using Equation (4), the LLR values
of the vicinal variables node vb are calculated, and using

Equation (3), all V2C messages are updated from the vicinal
variable nodes vb to all check nodes ci neighbor’s,
where ci ∈NðvjÞ. In the two first steps, the vicinal variable
nodes are updated taking in consideration the LLR value of
the variable node vj.

Then, in step 3, using Equation (2), the messages mci⟶vj

from check nodes ci where ci ∈NðvjÞ to variable nodes vj are
generated by taking in consideration all vicinal variable
nodes vðvjÞ and propagated to variable nodes vj. At the last,
the LLR values of the variables node vj are calculated using
Equation (4). In this way, the variable node vj is updated
taking on consideration the LLR value of the all vicinal var-
iable node vðvjÞ.

The detailed decoding process for the LWNS algorithm
with pseudocode is described in Algorithm 1.

5. The Proposed Layered Parallel Architecture

In parallel architectures, one has to avoid data dependencies
during the decoding process for a parallel memory accesses.

Table 1: Comparison of performance of OVRBP [18] and proposed LWNS algorithms.

Algorithms Code length Rate SNR (dB) Iavg FER BER

OVRBP [18] 576 0.5 3 1.3 8× 10-5 1.810-6

Proposed LWNS 576 0.5 3 1.3 1.3× 10-5 5.6× 10-7

OVRBP [18] 576 0.75 4 1 5.2× 10-5 1.7× 10-6

Proposed LWNS 576 0.75 4 1 4.1× 10-5 8.5× 10-7

OVRBP [18] 1152 0.5 2.4 2 5.5× 10-5 4.3× 10-6

Proposed LWNS 1152 0.5 2.4 1.9 9.1× 10-6 4.8× 10-7

Eb/No
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R

2 22.5 3.5 41.51

FER RHS
FER IVRBP

FER proposed LWNSFER Flooding
FER OVRBP

10–1

10–2

10–3

10–4
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100

(f) FER LDPC code (576, 144)

Figure 7: BER and FER vs. Eb/N0 of the decoding algorithms: flooding, HS, IVRBP, OVRBP, and LWNS for irregular LDPC (576, 288),
(1152, 576), and (576, 144) codes.
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The dependency of the variable nodes comes from the
parity check matrix H and from the scheduling strategy.

We define the parallel LWNS scheduling strategy as the
LWNS strategy where instead of updating only the variable
node with the largest influence metrics, k variable nodes
are updated at the same time.

Therefore, the parallel processing is allowed between k
variable nodes if their vicinal set does not share any variable
nodes; otherwise,

\
k element

v velementð Þ =∅ ð8Þ

For all variable nodes, we define two variables: “parallel”
and “vicinal.” The variable nodes satisfying Equation (8) are
parallel and have the same “parallel” value. The “vicinal”
value is set to one to mark that this variable node is already
belongs to the vicinal of another variable node.

Figure 6 shows the value of these variables whether the
variables nodes are linked through their vicinal nodes or
not. In Figure 6(a), the variable nodes vi and vj are parallel,
so the “parallel” variable of these two variable nodes is set
at the value of column i, and their “vicinal” variable is set
at 1 to indicate that this variable node has already been cov-
ered. In opposite, in Figure 6(b), the variable nodes vi and vj
are linked by their vicinal variable node v4k; in this case, vi
and vj are dependent, so the “parallel” and “vicinal” vari-
ables will not be changed.

Hence, all variable nodes are divided into parallel sub-
graphs; the detailed parallel variable node matrix prepro-
cessing with pseudocode is described in Algorithm 2.

Parallel variable nodes will be updated at the same time.
In order to synchronize the parallel processes and to avoid
waiting times, the parallel variable nodes must have the same
computational complexity to ensure that the parallel pro-
cessing end at the same time and to move on to the next
series. The k variable nodes that have the same influential
metrics are updated simultaneously.

6. Performance Evaluation

In order to evaluate the decoding performances of the pro-
posed LWNS algorithm, a comparison with other sequential
algorithms is performed, including flooding [3], horizontal
shuffle [5], IDS IVC-RBP [17], and VO-RBP [18]
algorithms.

A large number of simulations are used to obtain the
decoding performance of the proposed LWNS algorithm,
with millions of frames lunched in the CNRST/HPC-
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Figure 8: BER vs. Eb/N0 of the proposed LWNS decoding algorithm for irregular LDPC (576, 288), (1152, 576), and (2304, 1152) codes.
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Figure 9: BER vs. the maximum number of iteration of decoding
algorithms: flooding, HS, OVRBP, and LWNS for irregular LDPC
code (576, 288) at Eb/N0 = 2:5 dB.
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MARWAN platform [20]. The computation complexity of
these algorithms is evaluated according to the number of
computations required in each decoding step. All simula-
tions are performed on the AWGN channel with the BPSK
modulation. Codes ðN ,MÞ designates the codes used in the
simulation, where N is the block length and M denotes the
number of parity check bits. We used the codes (576, 288),
(576,144), (1152, 576), and (2304, 1152) which are the qua-
sicyclic irregular LDPC codes constructed based on the IEEE
802.16e standard [21].

The efficient memory parity check matrix optimization
proposed in [22, 23] is used to reduce the memory
requirement.

6.1. Error Correction Performance. Figures 7(a)–7(d) shows
the bit error ratio (BER) and the frame error ratio (FER) per-
formances of the decoding algorithms for LDPC codes of
coding rate R = 1/2 and, respectively, block lengths 576 and
1152.

It is clear that the error correcting performance of the
proposed algorithm is better than the others. As can be
observed, the performance advantage is preserved as the

signal to noise ratio increase to reaches 5:6 × 10−7 when
Eb/N0 = 3dB for block lengths 576 and 4:8 × 10−7 when
Eb/N0 = 2:4dB for block lengths 1152.

Figures 7(e) and 7(f) deals, respectively, with the BER
and FER performances of the irregular quasicyclic 576
LDPC code with the coding rate R = 3/4; the proposed
LWNS algorithm shows the best BER compared with the
OVRBP algorithm. Between Eb/N0 = 2dB and 3.5 dB, the
gain is more than 0.25 dB, and in Eb/N0 = 4dB the BER is
very low reaching 8.10-7.

In Table 1, a comparison between the OVRBP [18] algo-
rithms in terms of BER, FER, and the average of decoding
iteration number Iavg is presented. It can be seen that the
BER and FER performances in the proposed LWNS algo-
rithms are improved with the same decoding iteration
number.

To evaluate the proposed LWNS algorithm perfor-
mances versus the block length code, the BER and FER per-
formances for block length 576, 1152, and 2304 versus the
same range of signal to nose ratio (Eb/N0) are simulated
and reported in Figure 8,

It can clearly observe that the LWNS decoding algorithm
performances are getting more attractive as the length of
block codes increases, the BER and FER are reaching 6:9 ×
10−9 and 10-6, respectively, when Eb/N0 = 2:4dB; in other
words, for 138Mbits (1/6, 910−9 bits), only one bit will be
wrong.

In order to demonstrate that the proposed algorithm
converges more quickly, Figures 9 and 10 show the BER per-
formance versus the number of iterations for (576, 288)
LDPC codes at Eb/N0 = 2:5dB, and the (576, 144) LDPC
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Figure 10: BER vs. the maximum number of iteration of decoding algorithms: flooding, HS, OVRBP, and LWNS for irregular LDPC code
(576, 144) at Eb/N0 = 3:5 dB.

Table 2: Equivalent complexity of the proposed algorithm.

Step
Search

computations
V2C

computation
C2V

computation
r vð Þ

Step 1 0 0 dv: dc − 1ð Þ 0

Step 2 0 dv: dc − 1ð Þ 0 0

Step 3 0 0 dv 0

Step 4 0 dv 0 0
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codes at Eb/N0 = 3:5dB. The simulations for both of them
demonstrate that the proposed LWSN algorithm converge
faster than any others algorithms within about 15 iterations.
In other words, the LWSN not only has better error correc-
tion performance but also has faster convergence speed.

The greediness influences of the OVRBP algorithm is
showed in Figures 9 and 10, and the error correction perfor-
mance after the first five iterations was reported to be low. In
contrast, the BER of the proposed LWNS algorithm grow
with increasing the number of iterations, to reach a stable
value after 15 iterations, 3.10-6 at Eb/N0 = 3:5dB, instead of
3.10-5 for the OVRBP algorithm for instance, the most rapid
of the used algorithms for comparison.

6.2. Complexity Analysis. In this subsection, we evaluated the
decoding complexity of the proposed algorithm in terms of
the number of C2V and V2C updates required in each
decoding iteration.

For some decoding algorithms, the residual calculation is
necessary for updating. The precomputational complexity of
this part is added to the C2V computation. In addition, if an
algorithm needs to find the most unstable variable nodes
among all variable nodes, a certain amount of searching
computations is required.

This complexity is inherent to each iteration of LDPC
decoding, where one iteration means the process of selecting
and updating all edges in the Tanner graph. The total num-
ber of edges in the entire Tanner graph is E = dc:M = dv:N ,
where dc and dv denote the average degree of check nodes
and variable nodes, respectively.

Table 2 presents the updating complexity calculation of
the proposed algorithm, which consists of the number of
V2C updating, C2V updating by step shown in Figure 5.

For each variable node vj, in step 1, there are dv:ðdc − 1Þ
C2V messages calculated to update the vicinal variable
nodes, and then in step 2, these vicinal variable nodes calcu-
late dv:ðdc − 1Þ V2C messages to update the check nodes
connected to them. In step 3, the updated check node gener-
ate and propagate dv C2V to be used to update the variable
node vj; in step 4, finally, the LLR value of the variable node
vj is updated and dv V2C messages are propagated to the
check nodes connected to vj.

Hence, for each LWSN iteration, the required number of
V2C, C2V updates is fN:½dv + dv:ðdc − 1Þ�g = E:dc.

In Table 3, the updating complexity for different decod-
ing algorithms is presented. The LWSN algorithm replace
the computations of the residual values and the computa-

tions for updating the most unreliable variable by a prepro-
cessing step not included in decoding processing.

Because of the search computations required for deter-
mining the most unstable variable node in each iteration,
the complexity of the IVRBP and OVRBP algorithms can
be expressed as OðM2Þ and OðN2Þ, respectively, while the
complexity of the LWNS algorithm is about OðEÞ.

The proposed LWSN algorithm clearly reduces complex-
ity compared to the IDS IVRBP and OVRBP algorithms.

In addition, the proposed LWNS algorithm can operate
in parallel fashion, by updating the variable nodes by layer.
Each set of variable nodes that are labeled by the same vari-
able “parallel” is updated as shown in the Algorithm 1 in a
parallel way.

Therefore, the complexity can highly be reduced
depending on the multicore platform and the level of the
adopted parallelism.

7. Conclusion

In this paper, we present an innovative layered algorithm,
LWNS, in order to decrease the decoding complexity with
the same performance obtained by the IDS algorithms. In
the LWNS algorithm, all variable nodes participate with
the same opportunity to the update processing to overcome
the greediness of IDS. The search of the unreliable messages
and the residual computation are replaced by the matrix H
preprocessing. The proposed algorithm achieves much bet-
ter BER, FER performance and convergence speed; the
BER and FER are reaching 6:9 × 10−9 and 10-6, respectively,
when Eb/N0 = 2:4dB and the complexity is reduced to OðEÞ.
In addition, the complexity of the LWSN algorithm can be
significantly decreased in the platforms where parallelization
is possible. Our simulation results and analysis show that the
proposed algorithms behaves much better than the other
reported algorithms in the literature when considering the
BER, convergence rate, and decoding complexity as a whole.
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Table 3: Equivalent complexity of different decoding algorithms.

Schedules Search computations V2C computations C2V computations

Flooding 0 E E

HS 0 E:dv E

IVRBP M M:dc − 1ð Þ E dv − 1ð Þ + dc − 1ð Þ½ � E dv − 1ð Þ dc − 1ð Þ
OVRBP N N − 1ð Þ E E:dc

Proposed LWNS 0 E:dc E:dc
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