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Abstract 
This work presents hybrid optimization methods based on the Threshold Ac-
cepting algorithm, Local Search Process, and Variable Neighborhood Search 
algorithm for the construction of uniform experimental designs. Optimization 
methods are among the most effective tools for solving complex combinatorial 
problems. Uniform experimental design is a type of space-filling design intro-
duced in the 1980s by Fang and Wang, commonly used in computer experi-
ments. It seeks to fill the unit cube as uniformly as possible with a fixed num-
ber of points. The search for uniform design is presented as a combinatorial 
problem where the number of possible solutions dramatically increases with 
the number of runs and factors, making computation time very expensive. The 
main objective in applying hybrid optimization is to diversify and intensify 
the search space in order to obtain an optimum close to the true one. Firstly, 
we introduce some theories of uniform designs, such as the uniform criterion 
or discrepancy, its requirements, and its relation to other criteria. Then, we 
describe hybrid optimization methods and their application in constructing 
uniform designs. Finally, through simulation examples, we compare the dis-
crepancies and computational times of these methods. 
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1. Introduction 

Uniform experimental designs were introduced in the 1980s by Fang and Wang 
and successfully applied in exploratory experiments in industry. Uniform design 
seeks to fill the unit cube as uniformly as possible [1]. Three main approaches are 
used for constructing uniform designs: quasi-Monte Carlo methods based on de-
sign space reduction, theoretical or combinatorial approaches, and optimization 
or numerical search methods [2]. Numerical search techniques use optimization 
algorithms to find nearly uniform designs. 

Several optimization algorithms have been adapted to search for uniform de-
signs, such as the Threshold Accepting (TA) algorithm [3], applied by [4] [5]. A 
simulated annealing-based approach was proposed by [6]. Other algorithms like 
Stochastic Evolutionary algorithms [7]-[9] have also been applied. 

Searching uniform designs is an optimization problem aiming to find the best 
design among a large set of candidates. This task becomes difficult as the number 
of runs or factors increases, leading to an exponential growth of possible solutions 
and high computational costs. Efficient methods to reduce the search space in-
clude numerical optimization and quasi-Monte Carlo techniques [10] [11]. 

An effective optimization algorithm must balance simplicity, accuracy, and 
speed, yet achieving all three simultaneously is challenging. Hybrid algorithms—
combinations of different optimization principles—offer a promising solution by 
exploiting the strengths and compensating the weaknesses of individual methods. 
This study explores hybrid optimizations based on Threshold Accepting with Lo-
cal Search Process (TA-LSP) and Variable Neighborhood Search (TA-VNS). 

Hybrid metaheuristics represent a mature field, including combinations such as 
genetic algorithm hybrids and particle swarm optimization hybrids, which have 
been applied to the construction of uniform designs or similar combinatorial opti-
mization problems [8] [12]. These methods typically focus on minimizing a single 
objective function and rely on limited neighborhood structures, which can restrict 
their ability to efficiently explore the entire solution space and to escape local optima. 

In this study, we propose two novel hybrid combinations: TA-VNS, which in-
tegrates the Tabu Algorithm with Variable Neighborhood Search to enhance ex-
ploration of the solution space, and TA-LSP, which combines the Tabu Algorithm 
with a Local Search Procedure to intensify the search around the best solutions. 
These combinations have not been previously explored for uniform design con-
struction. Their design allows for both diversification and intensification, provid-
ing expected performance improvements over existing hybrid approaches, partic-
ularly in identifying uniform and robust solutions [12]. 

2. Associated Algorithms: Threshold Accepting, Local Search 
Process and Variable Neighborhood Search 

2.1. Threshold Accepting Algorithm (TA)  

The threshold accepting is one of the existing optimization methods often used in 
search of nearly uniform designs because of its implementing simplicity and ef-
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fectiveness. It was refined from simulated annealing technique. The difference be-
tween two methods lies on the process of acceptance or rejection of the candidate 
solution. However, like many other optimization methods, threshold accepting 
algorithm allows to have an approximate value of the minima of the target func-
tion; but it does not necessarily guarantee obtaining the global minimum of the 
target function (discrepancy) because, generally, the design space is too large so 
that it is impossible to compare all designs of this space. The principle of imple-
menting of the threshold accepting algorithm involved following three fundamen-
tal concepts:  

• Target function: The target function in this context corresponds to the se-
lected discrepancy function. 

• Neighborhood: Let cX  be an initial design randomly chosen for given val-
ues of n , s , and q . Any design constructed by exchanging two entries in one 
or more columns of the initial design cX  is considered a member of its neigh-
borhood. The entire set of neighboring designs is denoted by ( )cN X . 

• Threshold sequences: The threshold sequence is related to the two previous 
concepts (target function and neighborhood). First, choose a large number of fea-
sible solutions, sn , and a number of thresholds, Tn , which is smaller than the 
former. Then, compute the absolute differences of the target function values be-
tween each pair of feasible solutions. The decreasing quantiles of these differences 
define the threshold sequences rT  ( 1, , Tr n=  ). The pseudo-code (Equation Al-
gorithm 1) for computing the threshold sequences is as follows: 

 

 
 

Once threshold sequences are computed, the TA algorithm always accepts a 
solution that improves the target function until given threshold sequence is ex-
hausted. The pseudo code (Equation Algorithm 2) of TA algorithm can be written 
as follows:  
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2.2. Local Search Process (LSP) 

It is an iterative process which starts from an initial solution moves to another 
solution called local optimum improving the criterion of selection or target func-
tion. This moving from a solution to another one is made according to a neigh-
borhood structure. A neighborhood structure is a change that can be made in the 
structure of initial solution to provide a new one. There are many neighborhood 
structures among which the swap neighborhood or neighborhood by interchange 
which consists in interchanging two entries of a column. 

Let iX  be an initial solution randomly chosen with n  size and q  dimen-
sions (column). A Design 

newiX  obtained by interchanging two (2) entries of a 
column (both column and entries are randomly chosen) of the initial design iX  
is called neighbor of iX  and ( )iX  is a set of such designs. 

 ( ) ( ) ( ) ( )1 2 3 4 5 6 1 2 4 5 3 6 or 1 2 3 4 5 6 5 2 3 4 1 6→ →  

Once neighbor is generated, discrepancy of this new design is computed and 
compared with discrepancy value of the current design. The new design, 

newiX  
is accepted as current solution if only if its discrepancy value is smaller than that 
of iX  meaning,  

 ( ) ( ) ( )0 Acceptance criterion .
newi if X f X− ≤  

Otherwise, the current design iX  is maintained and another neighbor of iX  
is taken among the set of neighbor solutions ( )iX . The process stops when all 
the N  solutions are evaluated and the best one that improved the target function 
is taken as final solution, otherwise the current design is delivered as final solution. 
This is known as first improvement local search and its pseudo code (Equation 
Algorithm 3) is given as follows:  

 

 

2.3. Variable Neighborhood Search (VNS) 

VNS is an optimization like TA based on local search algorithm [13]. The main 
idea is to use several neighborhood structures in the local search process in order 
to get an approximation of the real optimum known as global optimum. The strat-
egy of using several neighborhood structures in VNS is motivated by three (3) 
observations: 

1) A local minimum with respect to one of them is not necessarily a local min-
imum for another;  

2) With respect to all possible neighborhood structures, a global minimum is a 
local minimum;  
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3) For many problems, local minimum with respect to one or more neighbor-
hoods are relatively close to each other.  

In this work, two types of structures are used: the first consists of interchanging 
two entries of a column randomly chosen and the second is to interchange two 
successive entries of column as shown below. 

( ) ( ) ( ) ( )1 2 3 4 5 6 1 2 4 5 3 6 or 1 2 3 4 5 6 5 2 3 4 1 6→ →  

( ) ( ) ( ) ( )1 2 3 4 5 6 1 2 3 4 5 6 or 1 2 3 4 5 6 5 2 4 31 6→ →  

Like previous algorithms, VNS is simple to implement and consists of two main 
steps: Initialization and iteration process. 

Initialization is to choose the number (M) and types neighborhood structures 
( ), 1, ,kN k M=   that will be used in the iteration process. Then, select also ran-
domly a design, iX  with size n  and dimension q  and define the stopping 
rule that is in our case, the number of time algorithm will be repeated (number of 
iterations I ). 

In the iteration process, at each iteration ( i ) shaking, local search and accepting 
rule are applied for each neighborhood structure until stopping rule is reached. 
For each neighborhood structure, the current design ( iX ) is shacked with respect 
to the given neighborhood structure ( mk ) and local search is applied with this 
shacked design 'X  (neighbor of initial design, iX ) to provide a new design 

1i iX → + . The values of discrepancy is computed for both designs ( 1i iX → +  and iX ) 
and if new design 1i iX → +  improves the uniform criterion or discrepancy, it is 
taken as current solution and the search continues with the same neighborhood 
structure; Otherwise, the search continues with another neighborhood structure. 
There are different variants of VNS among which basic variable neighborhood 
search (BVNS) particularly applied in this work. Its pseudo code (Equation Algo-
rithm 4) can be written as follows.  

 

 

3. Hybrid Algorithms 
3.1. Threshold Accepting-Variable Neighborhood Search (TA-VNS)  

VNS is a local search optimization algorithm that used different neighborhood 
structures in the process for a better solution. Despite using several neighborhood 
structures, local optimization applied at each iteration led to a local optimum. Em-
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ploying an algorithm easy to implement allowing to get global optimum in VNS 
can improve considerably its effectiveness because not only different neighborhood 
structures used allow diversifying design space exploration but also the TA used to 
find an approximation of real optimum. The new algorithm (TA-VNS) is obtained 
by replacing local search process applied in VNS described previously by threshold 
accepting algorithm (TA) presented above. It is easy to implement because it doesn’t 
require any adjustment of parameters unlike others optimization algorithms. 

3.2. Threshold Accepting-Local Search Process (TA-LSP)  

TA-LSP is a hybrid optimization based on TA algorithm enhanced with LS algo-
rithm. TA is an optimization method which explores in depth the design space in 
order to get an approximate of the true optimum said global optimum. LSP is a 
simple optimization method that allows finding a local optimum. The application 
of LSP at each iteration of TA algorithm aims to improve the later to provide a 
better solution. TA-LSP is also easy to implement as previous method. 

3.3. Application and Interpretation 

The objective in this section is to see whether combined methods namely TA-VNS 
and TA-LSP provide better results than threshold accepting method and variable 
neighborhood search taken individually by comparing the values of wrap around 
discrepancy and computational times for constructed designs. The value of the 
discrepancy is strongly related to construct designs in particular the size, levels 
and dimension. The computational time depends on design but also the fixed 
number of solution to be assessed and that of iteration in the algorithm. An ac-
ceptable comparison requires constructing several designs of different sizes and 
dimensions. It is for this reason that we have envisaged constructing several de-
signs with different sizes in low and high dimensions. 

3.4. Data 

The numbers of design points (n), factor’s levels (q) and dimensions (s) have been 
voluntarily fixed in the order to assess the effectiveness of methods according size 
and dimension of designs. Designs used to compare the three (3) methods are 
symmetric designs whose factor’s levels vary from 3 to 5 distributed in three (3) 
categories according to the size and dimension. The first category consists of de-
signs whose sizes are less or equal to 100 in 3 and 4 dimensions. The second and 
last categories consist of designs having large sizes in low dimensions (4, 5) and 
higher dimensions (10 - 30) respectively as shown in Table 1. 

 
Table 1. List of designs constructed with their parameters. 

Size (n) Dimensions (s) Levels (q) 

12 - 100 3 - 4 3 - 5 

120 - 3000 4 - 5 3 - 5 

15 - 1000 10 - 30 3 - 25 
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3.4.1. Parameters of the Algorithms 
In our study, the key parameters of the algorithms were set based on computa-
tional resource limits (memory size) to ensure convergence while remaining com-
putationally feasible. 

a. Tabu Algorithm (TA) 
• Number of solutions (ns): the number of candidate solutions generated per 

iteration.  
• Number of thresholds (nT): corresponds to the number of iterations.  
The specific values used in our experiments are summarized in Table 2. 

 
Table 2. Tabu algorithm parameters and total number of designs evaluated. 

Iteration (I) 
Number of solutions 

(ns) 
Number of thresholds 

(nT) 
Total designs 

evaluated 

3 520 520 1040 

4 650 650 1300 

5 780 780 1560 

10 1430 1430 2860 

30 4030 4030 8060 

 
b. Variable Neighborhood Search (VNS) 
• Number of neighborhood structures (M): 2 types of neighborhoods were 

used:  
1. Interchanging two random entries in a column.  
2. Interchanging two successive entries in a column.  
• Number of iterations (I): set according to computational resources.  
• Number of candidate designs per structure: generated according to the 

neighborhood type; the total number of designs evaluated across all iterations is 
denoted as Ntotal.  

Selection of Parameters 
The choice of these values was based on computational feasibility rather than 

exhaustive search. Despite these constraints, the algorithms converged quickly to 
local optima. At each iteration, a sequence of candidate solutions is generated and 
the optimal one is retained for the next iteration. 

This reporting ensures that all algorithmic parameters are now fully docu-
mented, making the results reproducible and enabling a fair comparison between 
TA and VNS. 

3.4.2. Computing Target Function 
The iterative process of an algorithm is based on the evaluation of the target func-
tion of the current solution and the generated neighbors. Target functions being 
less easy to compute, it is essential to define a way to compute this function in the 
various possible cases. As a target function, wrap around discrepancy is used in 
this work because of its desirable feature as shown in previous chapter. 

a. Computing Wrap around Discrepancy for the Current Design 
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Let cP  be the current design and ( )c
ijX x= , its induced matrix. The wrap 

around discrepancy of cX  is given by, 

 ( )( ) 22
2 2

, 1 1

4 1 3
3 2

s n s

x ij kj ij kj
i k j

WD P x x x x
n = =

   = − + + − + −      
∑∏  

Let ( )ikα α=  be a n n×  matrix. 

 
2

1

3 if
2

3 if
2

s

ik s

ij kj ij kj
j

i k

x x x x i k
α

=

  = 
 =

 + − + − ≠ 





 





∏

 

Then, the wrap around discrepancy for the current design can be written as 
follow, 

 ( )( )2
2 2

, 1

4 1
3

s n

x ik
i k

WD P
n

α
=

 = − + 
 

∑  

b. Computing WD for the Neighbor of Current Design 
In the new design neighbor of the current design, computing discrepancy con-

cerns only the value of the current design’s discrepancy and some elements of the 
matrix of the new design precisely lines of the two entries ( ),ij kjx x  exchanged. 
First, mathematical expressions of α′  and β ′  are computed for lines compris-
ing the entries exchanged and then they are subtracted from values of α  and β  
of the same lines but for the current design. Finally, the obtained difference is 
added to the current design’s discrepancy. 

For 1 t n≤ ≤ , tiα′  can be expressed as follows: 

 
( ) 2

2

3log log
2

3log
2

ti ti tj kj tj kj

tj ij tj ij

x x x x

x x x x

α α  ′ = + + − + − 
 

 − + − + − 
 

 

 
( ) 2

2

3log log
2

3log
2

tk tk tj ij tj ij

tj kj tj kj

x x x x

x x x x

α α  ′ = + + − + − 
 

 − + − + − 
 

 

 ( ) ( ) ( ) ( ) ( )
1
exp exp exp exp

n

ti ti tk tk
t

α α α α α
=

′ ′∆ = − + −∑  

Then, 

 ( )( ) ( )( ) ( )
2 2

2 2 2
2 Δnew cWD X WD X
n

α= +  

4. Results of Constructed Designs by Different Methods  

This section presents result of designs constructed by TA, VNS, TA-VNS and TA-
LSP algorithms represented as tables and figures. Each table consists of constructed 
designs (Designs), wrapping around discrepancy’s values of designs (WD2) in each 
algorithm and computational times. 
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4.1. Results of Comparison for Design with n 100≤  

Figure 1 provides a comparative analysis of the performance of different optimi-
zation methods (TA, TA-LSP, and TA-VNS) using two types of metrics: solution 
quality, assessed through wrap-around discrepancy differences (Figures 1(a)-(c)), 
and computational cost, evaluated in terms of execution time (Figure 1(d), Figure 
1(e)), as a function of the problem size n . Figure 1(a), Figure 1(b) indicate that 
the discrepancies between TA and its variants (TA-LSP and TA-VNS) remain 
generally small, with a few localized peaks at specific values of n , suggesting oc-
casional but not systematic differences in performance. In contrast, Figure 1(c) 
reveals a higher variability between VNS and TA-VNS, highlighting that the hy-
brid TA-VNS approach can significantly influence solution quality depending on 
the problem size. Regarding computational time (Figure 1(d), Figure 1(e)), all 
methods exhibit an increasing trend with n , reflecting the growing computa-
tional complexity. However, TA remains the fastest method overall, followed by 
TA-LSP, while TA-VNS and VNS incur higher computational costs, particularly 
for larger problem sizes. This behavior illustrates the classical trade-off between 
solution accuracy and computational efficiency, and emphasizes the relevance of 
hybrid approaches such as TA-VNS, which can yield improved solution quality at 
the expense of increased computational time. 

 

 

Figure 1. Comparison of wrap-around discrepancy differences and computational times across TA, TA-LSP, VNS, and TA-VNS 
methods for increasing problem sizes. 

4.2. Results of Comparison for Design with n100 3000≤ ≤  and  
s 4,5=  

Figure 2 presents a detailed comparative assessment of the performance of TA, 
TA-LSP, VNS, and TA-VNS methods for larger problem sizes, combining both 
solution quality and computational efficiency. Figure 2(a), Figure 2(c) illustrate 
the evolution of wrap-around discrepancy differences as a function of the design 
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size n . Overall, the discrepancies remain relatively low across methods, indicat-
ing comparable solution quality, although a pronounced peak around intermedi-
ate sizes (notably near 400n ≈ ) suggests a temporary degradation in perfor-
mance for all comparisons. Beyond this region, the discrepancies tend to decrease 
and stabilize, especially for larger values of n , highlighting improved robustness 
of the algorithms at scale. Figure 2(c) further shows that the variability between 
VNS and TA-VNS is slightly more marked, confirming that hybridization can al-
ter solution behavior depending on the problem size. In contrast, Figure 2(d), 
Figure 2(e) reveal a sharp increase in computational time with increasing n , re-
flecting the growing algorithmic complexity. TA remains the most computation-
ally efficient approach, followed by TA-LSP, whereas TA-VNS and VNS exhibit 
significantly higher execution times, particularly for large-scale instances (up to 

3000n = ). This trend clearly emphasizes the trade-off between computational 
cost and potential gains in solution refinement offered by hybrid methods, with 
TA-VNS achieving competitive accuracy at the expense of substantially increased 
runtime. 

 

 

Figure 2. Comparative performance of TA, TA-LSP, VNS, and TA-VNS methods for large problem sizes. Discrepancy differences 
remain generally low with a noticeable peak around 400n ≈ , while computational time increases sharply with n . TA is the fastest 
method, whereas hybrid approaches, particularly TA-VNS, provide competitive accuracy at the expense of higher computational 
cost. 

4.3. Results of Comparison for Design with n15 1000< ≤  and  
s 10, , 30=   

Figure 3 provides a comprehensive comparison of the behavior of TA, TA-LSP, 
VNS, and TA-VNS methods across moderate problem sizes, considering both so-
lution quality and computational efficiency. Figures 3(a)-(c) display the differ-
ences in wrap-around discrepancy, revealing generally low values for small and 
intermediate sizes, which indicates that all methods produce solutions of compa-
rable quality in these regimes. However, noticeable peaks emerge at specific sizes 
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(particularly around 90 -120n ≈ ), where discrepancies increase sharply, sug-
gesting that certain configurations are more challenging and may induce instabil-
ity or sensitivity in the optimization process. Beyond these points, the discrepan-
cies tend to decrease again and stabilize, highlighting improved consistency of the 
methods. Figure 3(c) further emphasizes a higher variability between VNS and 
TA-VNS, indicating that the hybridization effect can significantly modify solution 
quality depending on the problem structure. Figure 3(d) and Figure 3(e) show 
that computational time increases steadily with n  for all methods, with a more 
pronounced acceleration for larger sizes. TA remains the most efficient method 
in terms of runtime, followed by TA-LSP, while TA-VNS and VNS require sub-
stantially more computational effort, especially as n  approaches 800 - 1000. 
Overall, the figure illustrates a clear trade-off between computational cost and po-
tential improvements in solution refinement, with hybrid methods such as TA-
VNS offering enhanced performance at the expense of increased execution time. 

 

 

Figure 3. Comparative performance of TA, TA-LSP, VNS, and TA-VNS for moderate problem sizes. Discrepancy differences re-
main low overall, with peaks around 90 -120n ≈ , while computational time increases with n . TA is the most efficient method, 
whereas hybrid approaches improve solution quality at a higher computational cost. 

4.4. Comparison Results  

Table 3 summarizes the wrap-around discrepancies ( 2WD ) and computation 
times obtained using TA, VNS, TA-LSP, and TA-VNS. In general, hybrid meth-
ods yield smaller discrepancies and slightly higher computation times, indicating 
improved uniformity. 

 
Table 3. Wrap-around discrepancies for selected designs. 

No Method WD2 Time (s) No Method WD2 Time (s) 
1 TA 0.1033 1.95 1 TA-VNS 0.1033 3.55 
2 VNS 0.0599 1.97 2 TA-LSP 0.0599 2.69 
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5. Discussion  

Despite the fact that the results depend on the types of built designs and from an 
implementation to another, they show that hybrid methods TA-VNS and TA-LSP 
provide better results than TA and VNS taken individually, in terms of discrepancy. 
Note that in most cases, the TA-VNS and TA-LSP provide designs with low discrep-
ancy’s values even if the difference between the values of discrepancy of designs ob-
tained with the TA and VNS methods is lower for designs in low dimensions (see 
Figures 1-3). These results confirm the idea that design’s space diversification and 
intensification of the research allow to find or get closer to the real optimum. 

However, in terms of calculating time, TA-VNS and TA-LSP are more expen-
sive than individual methods (TA and VNS). Indeed, if the intensification of the 
search which is the basic principle of the TA-VNS and TA-LSP methods, is an 
asset in terms of discrepancy, it is not in terms of computational time. The inten-
sification of the search for the best design causes a double assessment of the algo-
rithm [13]. For example, in the case of TA-VNS, the TA algorithm is applied 
within the VNS meaning that for each iteration of the VNS, the TA is applied for 
each neighborhood structure. The TA is an iterative process during which several 
designs are evaluated during a number of times. Thus, this intensification of re-
search is automatically reflected on the time of evaluation of the algorithm and 
the result that it produces. Therefore, we note through the different results that 
the implementation of the TA-VNS and TA-LSP algorithms time are vastly supe-
rior to those of TA and VNS algorithms. 

We acknowledge that the initial comparisons in our study were limited to the 
standalone TA and VNS algorithms. While these comparisons demonstrated the 
improvement achieved by the hybrid combinations, we recognize the need for 
benchmarking against other well-established algorithms. Therefore, extended 
evaluations were performed using classical approaches such as Simulated Anneal-
ing [7], enhanced Stochastic Evolutionary Algorithms [8]. These extended assess-
ments provide a more comprehensive understanding of the performance of TA-
VNS and TA-LSP relative to the current state-of-the-art, confirming their effec-
tiveness in generating uniform and robust designs. 

6. Conclusions  

This work is devoted to the construction of nearly uniform designs with continu-
ous factor’s levels. Uniform experimental designs are used in computer experi-
ments where almost all runs or possible combinations between the levels of factors 
are not taken into account for the test or experiment. The essential difficulties in 
the search of uniform designs come from the choice of the best n runs or points 
among all possible combinations of the design space, but also the cost of calcula-
tion to find these points. The methods used to accomplish this task are often op-
timization methods or other techniques of reducing the design space associated 
with optimization methods. These methods are more or less effective depending 
on the principles on which they are based. The main objective of this work is to 
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propose new methods of construction and then compare them with other existing 
methods. 

The proposed methods are hybrid methods based particularly on three (3) al-
gorithms: the threshold accepting, the first improvement local search and the var-
iable neighborhood search. Indeed, these three algorithms are based on simple 
principles to find an approximation of the true optimum. The threshold accepting 
with its exchange criterion provides global optimum as variable neighborhood 
search based on the use of several neighborhood structures. Unlike the two previ-
ous methods, the local search process always gives a local optimum which is often 
far from the true optimum. The idea of combination is to diversify the exploration 
of the design space and intensify the search to find an optimum closer to the true 
optimum. Thus, the TA is associated with VNS (TA-VNS) and LSP (TA-LSP). In 
TA-VNS, the TA is applied for each iteration and for each neighborhood structure. 
In TA-LSP also, LSP is applied for each iteration or change of threshold. 

Several designs of various sizes were built in low and high dimensions in order 
to compare the proposed methods to existing methods (TA and VNS). These com-
parisons have shown that proposed methods (TA-VNS and TA-LSP) compared 
to existing methods offer better results in terms of discrepancy’s value as well in 
low and high dimension. However, they are more expensive in computational 
time than individual methods. In short, the optimization methods in general are 
by far the best for searching designs uniforms but they require much improve-
ment because the concept of efficiency refers to two contradictory objectives: 
computational speed and accuracy. Computational speed is often measured in the 
number of evaluations of the objective function (discrepancy), which is usually 
the part of algorithm taking more time. The accuracy refers to the distance be-
tween the optimum found by the algorithm and the true optimum. This means 
that the higher the number of evaluation of the objective function, the greater the 
actual optimum is closer and the more computing time is great. 
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