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Abstract

This paper presents a novel two-phase design method for nearly perfect recon-
struction cosine-modulated filter banks, aimed at reducing filter order while
preserving signal fidelity. Traditional approaches increase the prototype filter
order to minimize distortion, which in turn increases complexity due to more
adders and multipliers. The proposed method overcomes this trade-off by first
optimizing filter banks with a small number of channels, and then extending the
design to a larger number of channels using a Farrow structure. The initial coef-
ficients of the Farrow structure are derived from the prototype filter designed for
the small number of channels, and then optimized for filter banks with a large
number of channels. This structured approach is particularly suitable for offline
application, also enabling an efficient scaling while maintaining low amplitude
and aliasing distortion. Implemented in MATLAB with minimal user input, the
method provides improvements over the existing techniques in terms of filter
order and reconstruction quality.
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1 Introduction

Cosine-modulated filter banks (CMFBs) represent an important type of filter banks

(FB) because of their ability to easily generate the entire bank by designing a single

prototype filter. Once the prototype filter is determined, the entire bank is obtained by

applying cosine modulation to it. They find a wide range of applications in numerous

fields: subband coding; image, video, or audio compression; transmultiplexer design;

electrocardiogram (ECG) signal processing and signal processing, see [8, 17, 19, 25].

The literature identifies two main categories of CMFBs: orthogonal filter banks

with approximate reconstruction (also referred to as NPR) and perfect reconstruction

(PR) FBs. In both cases, if the prototype filter’s impulse response exhibits even sym-

metry, the overall phase becomes linear, and the group delay remains constant. As

a result, phase distortion is absent, a characteristic adopted in this paper. However,

there are two other types of distortion: amplitude and aliasing distortions. These dis-

tortions determine the performance of the filter banks, and their quality depends on

the prototype filter applied in CMFB.

For lossless coding, PR FBs are applied. On the other hand, for lossy coding,

NPR FBs are applied, and they should produce smaller amplitude and aliasing errors

compared to those caused by coding. Besides, with NPR it is possible to achieve better

frequency selectivity of the channel filters than by PR, see [3].

This paper presents a novel design method for the maximally decimated M -band

near perfect reconstruction (NPR) orthogonal cosine-modulated filter banks. We have

designed algorithms for filter banks with a small number of channels and large number

of channels. For the small number of channels, the prescribed filter bank parame-

ters include filter order, number of channels, amplitude distortion, aliasing error, and

stopband attenuation. For a large number of channels, the input parameters are filter

order, number of channels, passband and stopband deviations.
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The novel design method is implemented using MATLAB with advanced parameter

tuning and new data structures. The proposed implementation requires minimal user

input; aside from the previously mentioned parameters, no other initial conditions are

needed. Furthermore, the proposed method enables the design of a FB with lower

amplitude or aliasing distortion maintaining or decreasing the filter order N whilst

keeping similar distortion values. By reducing the filter order, the number of multipliers

and adders in the prototype filter realization are also reduced. The prototype filter

in the proposed method is either Type I or Type II. In Type I N is even, in Type II

N is odd, and in both cases the filter coefficients have even symmetry. The efficient

realization of Type I filter, which exploits the coefficients symmetry, requires N/2+ 1

multipliers and N two-input adders. Similarly, for Type II filter it is required (N+1)/2

multipliers and N two-input adders.

1.1 Literature overview

This subsection surveys methods for generating NPR FBs that are currently present in

the literature. A significant body of work has been reported in developing filter banks

based on modulation, where a prototype filter is designed to meet the requirements of

the analysis and synthesis filter section ([5, 15, 21, 22]). A finite impulse response (FIR)

filter is often preferred over the infinite impulse response (IIR) filter for its design of

low-pass prototype filters that yield certain desirable features such as: linear phase,

inherent stability and negligible quantization noise ([20]). On the other hand, FIR

filters often have higher computational requirements in comparison with IIR filters.

Thus, many alternative design approaches have been developed such as sign power of

two, multiplierless design, and interpolated FIR filters (IFIR) ([10, 15, 16, 23]).

A computationally efficient way to design NPR orthogonal CMFB is to use the

window approach [7, 17, 18, 21, 25, 29]. In this approach, it is possible to minimize the

FB distortion by properly optimizing the cut-off frequency of the ideal filter. The main
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advantage of this method lies in the fact that only a small number of design parameters

are required, while the disadvantage is the lack of control over aliasing and distortion

errors. In most cases, these design methods take into account only the distortion caused

by two neighboring channels. In order to overcome the aforementioned drawbacks, the

symmetry of the prototype filter and the distortions should be taken into account in

a controlled manner, with upper bounds set for the distortion error.

The high computational requirements of a direct-form FIR filter can be decreased

by a cascaded FIR filter realization in the sense of the frequency response masking

(FRM) ([4, 11, 27]) and IFIR ([20, 26]) techniques. These structures enable the design

of a narrow transition band filter with lower order filters as building blocks. In this

way, the number of parameters to optimize NPR CMFB decreases drastically, so the

FB can be designed for a large number of channels M .

Another approach, presented in [14] proposes a design for maximally-decimated

cosine-modulated filter banks by formulating the prototype filter design as a con-

vex optimization problem. The authors of this paper impose constraints to ensure

near-perfect reconstruction and use convex tools to optimize the prototype filter’s fre-

quency response, i.e., its stopband attenuation, reconstruction error. Their approach

allows systematic trade-offs and better performance than many earlier heuristic or

window-based designs, especially in controlling errors in amplitude and aliasing.

More recently, in [13] a method for designing prototype filters was proposed using

a constrained least-squares approach with single-parameter optimization. The method

ensures rapid convergence and achieves low distortion levels. Its effectiveness is demon-

strated through ECG signal sub-band coding, highlighting its potential in healthcare

and communication applications.

An alternative approach, based on a direct-form FIR filter, represents a sparse

prototype filter ([32]), whose advantage is a low number of non-zero coefficients in the

prototype filter. Consequently, the number of multipliers and adders is reduced.

4

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



Furthermore, various objective functions are used in optimization models, with

the purpose of simplifying the optimization problem at the cost of introducing some

amount of distortion e.g. [2, 6, 13, 14, 19, 21, 24, 28, 32].

1.2 Contributions

The contribution of this paper is the novel design method for the maximally deci-

mated orthogonal NPR CMFB and the corresponding MATLAB implementation. It

consists of two dedicated algorithms, the first one for filter banks with small number

of channels and the second one for the large number of channels. For the small num-

ber of channels, the prescribed filter bank parameters include filter order, number of

channels, amplitude distortion, aliasing error, and stopband attenuation. For a large

number of channels, the input parameters are filter order, number of channels, pass-

band, and stopband deviations. The Farrow structure is used and adapted for a higher

number of channels, which enables filter order reduction. FIR subfilters in the struc-

ture have a linear phase, and the Farrow structure could be referred to as the modified

Farrow structure, but we refer to it as the Farrow structure for simplicity. Several

design examples demonstrate the benefits of the proposed method over the existing

ones. Compared to the approach with sparse prototype filters and other related filter

design methods, the computational results presented in this paper demonstrate that

the filter order could be decreased, as well as the number of adders and multipliers,

maintaining the amplitude and reconstruction distortions at similar or lower values.

In conclusion, it is possible to design FB with high number of bands M , by using the

Farrow structure. The proposed solution can be used as a good initial prototype filter

with a lower M and then it could be implemented to generate FB with a large M .
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2 CMFB design setup

In this section, the basic theory behind CMBFs is presented, as well as the proposed

optimization method and prototype filter design technique.

Figure 1 depicts an M -channel maximally decimated FB with analysis FB (AFB)

filters Hk(z) and synthesis FB (SFB) filters Fk(z).

Fig. 1 M -channel maximally decimated FB ([3, 9])

The output signal of the filter bank depicted in the figure can be represented as:

Y (z) = T0(z)X(z) +
M−1∑
l=1

Tl(z)X(zW l
M ), (1)

where WM = exp(−ȷM2π). The distortion function is

T0(z) =
1

M

M−1∑
k=0

Fk(z)Hk(z), (2)

and the aliasing transfer functions are

Tl(z) =
1

M

M−1∑
k=0

Fk(z)Hk(zW
l
M ), l = 1, . . . ,M − 1. (3)
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For a PR FB, T0(z) = z−N and Tl(z) = 0, where N is the prototype filter order

and represents the FB delay.

Based on the prototype filter coefficients hp(n), the AFB and SFB filters are obtained

by the following formulae:

hk(n) = 2hp(n) cos

[
(2k + 1)

π

2M

(
n− N

2

)
+ (−1)k π

4

]
, (4)

fk(n) = 2hp(n) cos

[
(2k + 1)

π

2M

(
n− N

2

)
− (−1)k π

4

]
, (5)

where k = 0, . . . ,M − 1, see [3].

It should be emphasized that the formulas derived for the cosine-modulated filter bank

are valid for both odd and even prototype filter orders N . In the case of odd N , the

filters retain linear phase symmetry, although the center of symmetry lies between two

samples rather than at a single sample index.

2.1 Formulation of the optimization problem

For orthogonal NPR FBs, some tolerance is allowed in T0(z) and Tl(z), and the

problem of designing prototype filters can be stated as the least square or minimax

continuous optimization problem.

The problem formulation is as follows: find the prototype filter coefficients with

transfer function Hp(z) and coefficients symmetry property, i.e., hp(N − n) = hp(n):

Hp(z) =
N∑

n=0

hp(n)z
−n, (6)

that minimizes E2 (7) (in the case of least square optimization)

E2 =

∫ π

ωs

|Hp(e
ȷω)|2 dω, (7)

or E∞ (8) (in the case of minimax optimization),
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E∞ = max
ω∈[ωs,π]

|Hp(e
ȷω)| . (8)

while the given parameters are ωs =
(1 + ρ)π

2M
with ρ > 0, M and N , and ȷ denotes

the imaginary constant.

In both optimization problems, the following constraints are imposed:

||T0(e
ȷω)| − 1| ≤ δ1, for ω ∈ [0, π], (9)

|Tl(e
ȷω)| ≤ δ2, ω ∈ [0, π], l = 1, . . . ,M. (10)

The constraints are applied over the full frequency range to account for the com-

plete system behavior, including the combined image responses from all subbands. This

approach guarantees that both the distortion function T0(ω) and the aliasing terms

Tl(ω) are controlled across the entire spectrum, not just in their most critical bands.

Besides δ1 and δ2, other commonly used measurements of distortion are the ampli-

tude distortion function magnitude eam(ω) and the total aliasing transfer function

magnitude ea(ω), whose maximums are denoted as eam and ea, respectively ([32]):

eam = max
ω

{
1−

∣∣∣T0(e
ȷω)

∣∣∣} , (11)

ea = max
ω


[
M−1∑
l=1

|Tl(e
ȷω)|2

] 1
2

 , ω ∈ [0, π], l = 1, . . . ,M. (12)

2.2 The proposed optimization method for a low number of

channels

The design presented in this paper begins by solving the optimization problem for a

smaller number of channels, followed by adapting Farrow’s structure to solve it for

the target value of M . The choice of this smaller channel count depends on the user’s

8

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



time and hardware constraints. In this work, we define a “lower number of channels”

as cases where M ≤ 8.

In the proposed solution, the stopband edge is set to ωs =
π

M
and the transition

bandwidth is slightly lower than
π

2M
, as in [21]. The minimax optimization is applied

in a discrete manner, discretizing the frequency axis. In the proposed solution, 4N

equidistant points of Hp(e
ȷω) are used across the full frequency range [0, 2π], with a

proportionally smaller number of points in the specific range of interest for optimiza-

tion, i.e., [ωs, π]. The functions T0(e
ȷω) and Tl(e

ȷω) are discretized at N equidistant

points within the interval [0, π]. In contrast, [28] employs 20N equidistant points of

Hp(e
ȷω) in the range [ωs, π], and N points of T0(e

ȷω) and Tl(e
ȷω) in the segment[

0, π
M

]
. Since the existing literature does not provide an explicit rule for discretisation,

the choice of frequency resolution has been determined empirically.

We conducted experiments with different resolutions of the frequency axis, and the

results demonstrated that both reducing and increasing the number of discretization

points might degrade the solution quality, either by weakening numerical stability,

worsening the objective function under given constraints or prolonging the execu-

tion time. For example, in the case of M = 8 and N = 88 in the proposed method

(presented in Table 2 and Figure 3), using 2N points instead of 4N for the discretiza-

tion of Hp(e
ȷω) causes the algorithm to fail to converge. If we set 8N , we obtain

eam = 1.777 · 10−4, ea = 4.985 · 10−6 and as = 64.4 dB, which is very close to the

solution for the 4N case. However, the execution time increases from 30.7 s to 58.7 s,

thus reducing computational efficiency. Thus, the adopted discretization strategy was

selected as the most robust in terms of optimization efficiency and final reconstruction

quality.

To control the stopband attenuation of the prototype filter, additional constraints

are imposed; thus, the discretization of Hp(e
ȷω) is repeated using N points instead of

4N . The objective function is minimized similarly to [28], but the constraint functions

9
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differ significantly not only from those in [28], but also from all other previously

reported methods.

The fmincon function in MATLAB is applied, and the objective function is the

discretized version of (8). Similarly, by discretizing the expressions in (9) and (10) in

the manner described above, the constraint functions have been set – each discrete

frequency gives one constraint function for the distortion transfer function (TDF) and

each aliasing transfer function (ATF). In addition, each discrete frequency in the range

[ωs, π] produces a constraint function by setting the condition that the modulo of

Hp(e
ȷω) in the stopband should be less than a specific value, i.e. |Hp(e

ȷω| ≤ δ3 = 10
−as
20

for ω ∈ [ωs, π]. Since the optimization requires an initial prototype filter, it is created

as an equiripple FIR filter with a desired order N and weight coefficients set such that

the stopband attenuation is met. The pseudo code for the entire design is presented

in Algorithm 1.

We note here that the initial filter does not have to be exclusively equiripple for

the algorithm to converge. For example, one could design a filter using a window

function. To compare with the results obtained for M = 8 and N = 88 presented in

Table 2, we designed several initial filters with the Kaiser, Blackman and Hamming

window functions, specifying the filter order, cutoff frequency, and also β for Kaiser

window, so that the desired attenuation in the stopband is achieved, as in the case of

the equiripple filter. The choice of parameters, namely cutoff frequency (CF ) and β,

proved to be highly sensitive.

In the case of Kaiser window function, when CF = 0.8 · ωs and β = 5, or CF =

0.6 · ωs and β = 5, the algorithm converges. While for CF = 0.5 · ωs and β = 5, or

CF = 0.5 · ωs and β = 6, the algorithm does not converge.

When applying Blackman or Hamming window function, choosing CF = 0.55 · ωs

achieves the desired attenuation in the stopband, but in both cases, the algorithm

does not converge. The proposed method assumes ωs = 1/M and expects the user to
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input the desired attenuation in the stopband. The drawback of the window approach

is that the parameters used to design the window functions do not allow us to directly

control these values.

2.3 The proposed method of optimization for a large number

of channels

In [8], it has been shown that a FB with a high value of M could be generated by

the Farrow structure. However, like any regular filter design method, the number of

constraints increases with M , and the optimization becomes more demanding and

time consuming. The benefit of the method proposed in [8] is that it allows to make

the initial filter with a small value of M , and then conduct the optimization based on

that initial filter producing FB with allowed distortion level δ defined as follows:

|Hp(e
ȷω)| ≤ δ, for ω ∈ [ωs, π], (13)

|P (eȷω)− 1| ≤ δ, for ω ∈ [0,
π

M
]. (14)

Algorithm 1 Pseudo code for the proposed method

1: function Proposed method( )
2: if lower channel number M then
3: ⟨M,N, δ1 in, δ2 in, δ3 in⟩ ← Read( ) ▷ Input parameters
4: if N mod 2 = 0 then
5: solution← solve1(M,N, δ1 in, δ2 in, δ3 in)
6: else
7: solution← solve2(M,N, δ1 in, δ2 in, δ3 in)
8: end if
9: else

10: ⟨M,m, δ in,Ns⟩ ← Read( ) ▷ Input parameters, m < M
11: ▷ N ← m ·Ns +m− 1
12: solution← solve2(m, δ in,Ns) ▷ δ in = δ1 in = δ2 in = δ3 in
13: farrow coef ← ComputeFarrow(solution,m,Ns)
14: solution← solve3(M,Ns, δ in, farrow coef)
15: end if
16: return solution
17: end function
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Equation (14) is referred to as the power complementary property, where P is

defined as:

P (eȷω) = |Hp(e
ȷω)|2 + |Hp(e

ȷ(ω−π/M))|2 ≈ 1, for ω ∈ [0,
π

M
]. (15)

The input entered by the user corresponding to the Algorithm 1, where, in the case of

designing a bank with a small number of channels, the user enters M , N , the allowed

distortion (δ1 in, δ2 in), and the attenuation of the prototype filter (i.e., stopband

ripple δ3 in), as well as the ratio of the passband and stopband ripple. The user can

easily obtain this ratio, for example, through fvtool or filterDesigner in MATLAB

by setting the same order, band edge frequencies, and attenuation for the equiripple

filter (the initial filter in this stage) as the prototype.

When designing a bank with a large number of channels, the first stage of designing

with a small number of channels should be applied first, where the allowed distortion

and attenuation of the filter are defined by a single parameter, δ in; i.e., δ1 in =

δ2 in = δ3 in = δ in. The other parameters are set as already described for the first

phase, taking into account that M and N are connected by the Farrow structure

parameter Ns, which is also chosen by the user and is the same for both phases. In the

second phase, when a bank with a large number of channels is designed, the prototype

filter obtained in the first phase serves as one of the input data (as an initial filter).

The other input data consist of the desired value M , the parameter Ns (to which N

is connected), and δ in. More precisely, we follow the following guideline:

• We choose the number of channels in the FB with a small number of channels and

the parameter Ns because they determine the number and order of FIR filters that

make up the Farrow structure. That is, the number of its coefficients. That number

does not change in any phase of the algorithm.
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• We design the initial filter by applying the algorithm for a small number of channels,

where the order of the filter is selected according to the chosen parameter Ns and

the number of channels according to the relationship given in the following text. In

doing so, δ1 in, δ2 in, and δ3 in are set to be equal to δ in.

• After the initial prototype filter is designed for a lower number of channels, the

initial Farrow coefficients are calculated from it.

• The desired large number of channels in the FB is selected, which together with

Ns determines the order of the prototype filter according to the same relationship

between the number of channels and Ns as in bullet point 2.

• Based on the initial Farrow coefficients and the desired amount of distortion δ in,

the optimization algorithm calculates the final Farrow coefficients and from them

the coefficients of the FB filter prototype with a large number of channels.

In this study, we demonstrate that the prototype filter, as described in Section

2.2, can serve as the initial filter in the algorithm to design large CMFBs M , which

represents one of the key contributions of this work. In addition, we have shown that

proper adjustment of the Farrow structure makes it possible to design a CMBF with

a lower value of N than in [8] while maintaining the same M and δ errors. The

coefficients of the Farrow structure are obtained from the prototype filter designed

for a small number of channels, which differs from the methods previously reported,

based on the time or frequency domain approach [1].

In [8], there are L + 1 subfilters of order Ns forming a Farrow structure. The

prototype filter order N and number of channels M are related as N = NsM +M −1.

The novelty of our method lies in the unique approach used to generate the initial

Farrow coefficients, which differs from previously reported techniques. These initial

coefficients are derived from a prototype filter designed using the procedure outlined in

Section 2.2 for a lower value ofM . The relation between the prototype filter coefficients

and the Farrow coefficients is defined by the system of equations hp(nM + m) =

13

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



L∑
k=0

sk(n)

(
−m

M
+

1

2
− 1

2M

)k

, where m = 0, 1, ...,M − 1 and sk(n) are coefficients in

the kth subfilter in the Farrow structure, see (28) in [8]. The choice L = M − 1 is

directly motivated by the structure of the governing equation, which leads to a square

system matrix with respect to the Farrow coefficients. This square form guarantees the

existence of a unique solution for the coefficient set. Furthermore, we can notice that

the number of prototype filter coefficients regarding the previously mention relation of

N and M is M(Ns +1), and the number of Farrow coefficients is (L+1)(Ns +1). By

setting L = M − 1 we can calculate the prototype filter coefficients from the Farrow

coefficients and vice versa. We emphasize the fact that M in this phase corresponds

to the lower value from the first phase of the algorithm. Once the Farrow coefficients

are obtained from the prototype filter for lower M , these coefficients are optimized in

order to obtain the prorotype filter coefficients for higherM . The previously mentioned

relation of prototype and Farrow coefficient is also valid for higher M , so the prototype

filter coefficients are still uniquely determined by the Farrow coefficient. The next step

is to conduct optimization of Farrow coefficients. The advantage of this approach is

that the number of optimization variables equals the number of the Farrow coefficients.

It is the same for lower and higher M and significantly smaller than the number of

prototype filter coefficients for higher M . The number of unknown Farrow coefficients

in an optimization procedure depends on L and Ns, and is given by (11) in [8]. By

selecting M = 4, we obtain the same L as in [8]. In our implementation, we set Ns to

11, while in [8] Ns is fixed to 15. Because of that, N is lower to the mentioned relation

of N and M , and there is also fewer unknown Farrow coefficients to optimize.

After obtaining the Farrow coefficients from an initial prototype filter, the CMBF

with the desired higher M and corresponding N is obtained by setting the objective

function as in (8). The objective function and the constraint functions are obtained

from the Farrow coefficients since the prototype filter coefficients are calculated from

them. In addition, minimax optimization is applied by discretizing the frequency axis

14
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in (8), where 4M equidistant points of Hp(e
ȷω) are used in the frequency range [0, 2π]

and proportionally less in the frequency range of interest for optimization – [ωs, π].

Note that, choosing 2M or 8M points results in the algorithm failing to converge, so

4M is empirically estimated to be an adequate choice. We set the constraint functions

as in (13) and (14), where 20M equidistant points are taken in the frequency range

[ωs, π] in (13) and M in the frequency range [0, π/M ] in (14). Through simulations,

we determined this number of frequency points, following the method described in

Section 2.2, as using lower or higher numbers leads to result degradation. An addi-

tional ablation analysis was performed to evaluate the role of the initialization phase

and constraint sets. The results indicate that using the proposed initialization leads to

faster convergence and lower filter order compared to trivial or random initialization,

while the distortion parameters directly control the trade-off between filter order and

performance. These findings confirm the necessity of the two-phase design.

2.4 Time complexity and sensitivity analysis

In this subsection, we provide an in-depth performance analysis of the proposed design.

Table 1 indicates that modifications to key input parameters influence the output

metrics in the desired fashion. See Section 3 for detailed comparisons. It should be

noted that parameters such as δin are not optimization targets, but upper bounds

in inequality constraints (cf. (9)–(10)). Consequently, the optimization process (e.g.,

fmincon) stops once a feasible local minimum of the objective function (8) is found

(not necessarily driving the constraints to equality). Therefore, in some cases the

achieved performance, e.g., δ or as, may be strictly better than the imposed bounds,

which explains situations such as the improvement of as when δ1 in or δ2 in or δ3 in

is relaxed while the optimizer finds a different local minimum.
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Key input parameters Key output metrics
δ1 in δ2 in δ3 in/as in[db] δ1 δ2 as [db]

Tuning δ3 in
10−4 10−6 0.001 / 60 1.0002× 10−4 1.0047× 10−6 63.2
10−4 10−6 0.002 / 54.0 1.0002× 10−4 1.0047× 10−6 64.2
10−4 10−6 0.005 / 46 1.0000× 10−4 1.6584× 10−6 64.3

Tuning δ2 in
10−4 10−6 0.001 / 60 1.0002× 10−4 1.0047× 10−6 63.2
10−4 5× 10−6 0.001 / 60 1.0000× 10−4 5.0006× 10−6 67.1
10−4 1.5× 10−5 0.001 / 60 1.0000× 10−4 1.5000× 10−5 68.2

Tuning δ1 in
10−4 10−6 0.001 / 60 1.0002× 10−4 1.0047× 10−6 63.2
4× 10−4 10−6 0.001 / 60 3.8583× 10−4 1.8470× 10−6 66.9
5× 10−2 10−6 0.001 / 60 5× 10−2 1.7800× 10−6 82.5

Table 1 Sensitivity analysis based on δi, i = 1, . . . 3 parameters, M = 4 and N = 88

The code was executed on a computer with the following specifications: CPU -

AMD Ryzen 7 3700X, RAM - 64GB (2x32GB in dual-channel, @3200MT/s), OS -

Manjaro Linux, Kernel 6.6 LTS. Parallel Computing Toolbox with 8 workers was

used in MATLAB R2022a. While not primarily intended for real-time operation, the

proposed method is well-suited to offline scenarios, with potential applications in tasks

such as channelization. Note that, depending on the system architecture the results

can slightly deviate.

To provide an overview of the time complexity, Figure 2 illustrates the relationship

between the execution time and M ×N . It can be observed that for both lower and

higher M values, time complexity curves exhibit approximately linear behavior. Note

that, although the range of M ×N is several order of magnitude higher for larger M ,

the execution times have a lower gradient, e.g., for M ×N = 704 the execution time

would be almost 32 seconds, whilst in phase 2, for M ×N = 760, it takes 2.3 seconds,

see Figure 2. Regarding memory usage, it was observed that it reaches approximately

0.5GB during Phase 1 and up to 2GB in Phase 2. These values indicate a moder-

ate memory footprint, which remains acceptable for modern computing systems and

suggests the method is feasible for practical applications involving larger-scale models.
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Fig. 2 Execution times for lower and higher M values with linear regression fit

Therefore, the proposed algorithm demonstrates appropriate scalability with

respect to both the increasing number of channels and higher filter orders. As these

parameters increase, the algorithm maintains consistent computational performance

without exhibiting exponential increases in execution time or memory usage. This

indicates that the method is well-suited for applications involving high-dimensional

data or more complex filtering requirements. For larger values of M (M ≥ 32), direct

optimization is practically infeasible due to excessive execution time and high mem-

ory requirements. The proposed two-phase method, by contrast, provides a scalable

and efficient solution even for large M , demonstrating its practical advantage.

3 Simulation results and discussion

In this section, we present the achieved results and provide a comparison to the current

state of the art. We note that the comparisons may be affected by the platform on

which the codes were executed and by the stopping conditions. First, we demonstrate

the case when the number of channels M has lower values.

In [32] the sparse prototype filter design is considered. The advantage of [32]

over other optimization techniques, including the weighted constrained least square

algorithm (WCLS), the quantum-behaved particle swarm optimization algorithm

(QBPSO), and the gradient information algorithm (GI), refers to a lower number of

17
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nonzero taps of the filter keeping comparable levels of the distortions. In our work, we

do not re-implement the sparse filter design; instead, we compare our approach with

it. The main advantage of the sparse design lies in reducing the number of multipliers,

whereas in our method this reduction is achieved by lowering the filter order. In the

proposed method, the filter order can be equal or less to the number of nonzero taps

than in [32] while maintaining a similar level of distortion, as presented in Table 2.

From the table, we can observe that for M = 8, a filter of order N = 88 is obtained,

and according to the formulas from the introduction, it has (88/2)+1 = 45 multipli-

ers, 88 two-input adders, and 88 delay elements. The sparse filter with which we are

comparing is of order N = 160 and has 98 non-zero taps, which means that it has

(98/2)+1 = 50 multipliers, 98 two-input adders, and 160 delay elements. To ensure a

fair comparison, in Table 2, we calculated the errors according to the same definitions

as in the respective references, based on formulas (11) and (12).

Design method M N
Number of
nonzero taps

eam ea

WCLS 4 80 80 3.1× 10−3 1.06× 10−6

QBPSO 4 80 80 7.01× 10−4 8.49× 10−8

Xu et al. 4 140 62 1.7× 10−3 5.06× 10−7

Proposed method 4 62 62 1.10× 10−3 6.2156× 10−7

WCLS 8 144 144 1.80× 10−3 3.90× 10−7

QBPSO 8 132 132 2.14× 10−5 1.30× 10−5

Xu et al. 8 160 98 5.20× 10−4 9.85× 10−6

Proposed method 8 88 88 1.7773× 10−4 4.9604× 10−6

WCLS 16 224 224 1.30× 10−3 9.03× 10−7

QBPSO 16 256 256 4.73× 10−4 2.34× 10−6

Xu et al. 16 254 166 5.21× 10−4 4.24× 10−6

Proposed method 16 166 166 9.3672× 10−4 3.7248× 10−6

Table 2 Comparison of results with sparse prototype filters and other related filter design methods

The magnitude responses of the proposed prototype filters, in Table 2, are pre-

sented in Figure 3. In [32], we observe that in all three scenarios, the stopband

attenuation is less than 60 dB and the same is accomplished in the proposed method.
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In [18], CMFB is designed by the logarithmic window function, where the cut-

off frequency (ωc) of the prototype filter is optimized by the incremental ant colony

optimization with local search (IACOR - LS). The designed uniform CMFB has

lower aliasing errors and comparable amplitude distortion, compared to the previously

reported [18].

In [13], the prototype filter, obtained by a weighted constrained least square method

where the cutoff frequency is the only parameter to be optimized, exhibits minimized

maximum reconstruction errors, surpassing those from alternative methods reported

previously. Table 3 compares the proposed method and [13, 18] where M = 8. In [18],

authors proposed α, the window shape parameter, to be 4 or 5. In [13], the error ratio

k, referring to the prototype filter characteristics in the passband and stopband, varies

from 1 to 20. Accordingly, we choose to represent the results for k = 1 and k = 20 as

the final values and as is the stopband attenuation of the prototype filter. The results

show that the proposed method provides a significant reduction in the order of the

prototype filter while offering a competitive trade-off between amplitude and aliasing

distortion.

Design Method Filter order δ1 δ2 as

Keerthana et al., k = 1 144 9.77× 10−4 1.05× 10−6 -85dB
Keerthana et al., k = 20 144 9.77× 10−4 7.27× 10−7 -85dB
Proposed method 144 5.27× 10−4 1.73× 10−6 -95dB
Kumar and Sunkaria, α = 5 160 6.64× 10−3 3.00× 10−7 -
Kumar and Sunkaria, α = 4 160 7.42× 10−3 5.00× 10−7 -
Keerthana et al., k = 1 160 9.77× 10−4 9.83× 10−7 -80dB
Keerthana et al., k = 20 160 9.78× 10−4 6.46× 10−7 -80dB
Proposed method 160 4.48× 10−4 2.57× 10−6 -80dB

Table 3 Comparison of results with the windowing methods and the weighted constrained
least-square methods for prototype filter design
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Fig. 3 The magnitude responses of the proposed prototype filters for M = 4, N = 62 (top left);
M = 8, N = 88 (top right) and M = 16 and N = 166. The red dot denotes the stopband frequency.

Design method Filter order M Ns δ

Eghbali and Johansson 127 8 15 1.92× 10−3

Eghbali and Johansson 65535 4096 15 1.924× 10−3

Proposed method 95 8 11 1.5× 10−3

Proposed method 3071 256 11 1.92× 10−3

Proposed method 6143 512 11 1.924× 10−3

Table 4 Comparison of results between FBs design methods based on the Farrow structure

The magnitude response of the proposed prototype filter from Table 3 and with

N = 144 is presented in Figure 4. The remainder of this section is focused on higher

values of M .

In [8], the CMBF is created with M = 8, L = 3, and Ns = 15, leading to δ =

1.92 · 10−3. Based on that initial prototype filter, with a low M , another CMBF with

a high M can be created, such as the one with M = 4069. At the same time, the

relation between N and M remains unchanged ([8]):

N = Ns ·M +M − 1.
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Fig. 4 The magnitude response of the prototype filter for M = 8 and N = 144. The red dot denotes
the stopband frequency.

With the appropriate choice of M in the initial filter described in Section 2.3, CMBF

with the parameter Ns = 11 is created, leading to a reduction of filter order for

the same M by approximately 25%, while the filter order can be approximated as

N ≈ (Ns + 1)M . The reduction of filter order is indeed achieved by decreasing the

parameter Ns from 15 to 11, while maintaining the same or slightly lower δ distortion

compared to [8]. A comparison of the proposed method and [8] is presented in Table 4.

One can examine that for N = 127, there are 64 multipliers and 127 two-input adders

required, and for N = 95, 48 multipliers and 95 two-input adders are required.

4 Conclusion and future work

We have presented a novel design method and software implementation of the NPR

CMBF prototype filter design. The proposed method consists of two dedicated algo-

rithms: one for filter banks with a small number of channels, and another for those

with a large number of channels. One of the contributions is the introduction of a

new two-phase strategy for designing CMFB with a large number of channels. The

CMFB design for handling a high number of channels incorporates the Farrow struc-

ture, which is configured to achieve a prototype filter order that is approximately 25%
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lower than reported in [8]. By reducing the prototype filter order, the number of mul-

tipliers and adders in the CMFB realization becomes proportionally lower. We have

shown by means of examples for both cases, i.e., for low and high number of channels,

that the proposed design method results in a lower prototype filter order while main-

taining similar distortion error compared to the state of the art solutions. Conversely,

for a given prototype filter order, the proposed design method is capable of achieving

a lower distortion error compared to state of the art solutions. It is not best suited

for real-time result delivery and can require parameter tuning to balance the desired

output. However, it provides tangible improvement on existing solutions and a stable

hands-on solution for offline usage.

The proposed method can find application in channelization in 5G networks [12] and

cognitive radio. In [12], the CMBF is combined with code-division multiple access

(CDMA), where the data symbols are transmitted on different sub-bands and are also

spread in each sub-band by a CDMA code. In future work, the authors will examine

cyclic features of the signal obtained by combining CMBF and CDMA as a promis-

ing technique in future wireless communication networks, and the possibilities of its

detection and classification [30, 31] as part of spectrum sensing. Moreover, as part of

future work, the benefits of the proposed design will be demonstrated on digital signal

processing in communication systems mentioned above.
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