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Abstract: The outbreak of the COVID-19 pandemic has led construction companies to prioritize
the intelligent and optimal scheduling of human resources in construction projects to reduce costs.
This study addresses the problem of heterogeneity in human resource scheduling in construction
projects, presents a mathematical model with generic human resources as an example, proposes
an improved artificial immune system (NAIS) algorithm to solve the problem, and verifies its
effectiveness. Experimental results show that the NAIS algorithm achieves the optimal duration
of 9 days in just 2 s using the Matrix Laboratory (MATLAB), which is significantly faster than
mathematical optimization technique software (CPLEX), thus confirming the feasibility of the NAIS
algorithm. Additionally, the average PD values for the NAIS algorithm, calculated for different
worker counts, skills, and the number of tasks, were lower compared to the comparison algorithm.
Overall, the NAIS algorithm effectively addresses the heterogeneous problem of human resource
scheduling in construction projects with multiple modes, thereby optimizing construction engineering
labor allocation.

Keywords: mathematical model; NAIS algorithm; construction engineering; human resource allocation

1. Introduction

The development of urbanization has driven the construction industry to become
one of the pillar industries of national economic development, and its total output value
is still growing even during the economic downturn [1]. As a labor-intensive industry,
the optimal allocation of human resources in large-scale projects is an important factor
affecting the development of the construction industry [2]. At the same time, the use
of computer technology to optimize human resource management is a necessary way to
adapt to the development of enterprises in the new era. Velasco-Maranan and Curbano
introduced a formulaic model, which utilizes quantitative analysis, to optimize human
resource scheduling within the construction industry. Additionally, they proposed a
multi-objective optimization model for static network-related planning to enhance overall
efficiency [3,4]. Lu et al. proposed an improved genetic-simulation-based correlation
annealing algorithm based on an optimized load model to improve the profitability of
building construction in complex environments [5]. However, the current scheduling
methods for human resources are difficult to adapt to the increasing number of multi-
skilled employees and have not maximized cost reduction. In this context, the study
constructs a mathematical model with generic human resources as an example and proposes
an improved artificial immune system (NAIS) algorithm based on it. Its purpose is to
effectively solve the problem of heterogeneity under multiple modes in the scheduling of
human resources in construction projects and to provide a theoretical basis for the optimal
allocation of rich multi-skilled human resources.

Processes 2023, 11, 1870. https://doi.org/10.3390/pr11071870 https://www.mdpi.com/journal/processes

https://doi.org/10.3390/pr11071870
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/processes
https://www.mdpi.com
https://doi.org/10.3390/pr11071870
https://www.mdpi.com/journal/processes
https://www.mdpi.com/article/10.3390/pr11071870?type=check_update&version=1


Processes 2023, 11, 1870 2 of 14

2. Related Work

The resource-constrained project scheduling problem refers to the scheduling and
rational allocation of resources via the production process when a project is in the con-
struction phase to meet the required time and resource constraints in order to achieve one
or more pre-defined optimization goals [6–8]. Among them, the multi-objective resource-
constrained scheduling problem mainly includes balancing duration cost, duration quality,
and cost quality [9–11]. Therefore, it has always been a focus of research both domesti-
cally and internationally. Song et al. proposed a new method for project control under
resource constraints by designing different scenarios for the problems related to resource
constraints in project control, thus effectively accelerating the project schedule with limited
resources [12]. Yunusoglu and Topaloglu addressed the problem of unrelated parallel
machine scheduling under multiple resource-constrained scenarios by proposing a new
constraint [13]. Sharma and Trivedi proposed a polynomial exact solution based on con-
strained planning, which effectively improved the efficiency of scheduling. Sharma and
Trivedi proposed an optimization model that balanced cost, quality, and safety based on
multimodal resource constraints to solve the resource scheduling problem in construc-
tion projects [14]. Mohammadi et al. proposed a polynomial exact solution based on
constrained planning, which effectively improved the efficiency of scheduling, and pro-
posed an innovative construction framework based on intelligent simulation for resource
scheduling in construction projects, which enhanced the optimal allocation of resources
considering resource constraints and, thus, improved construction efficiency [15]. Abuali-
gah and Alkhrabsheh proposed an improved hybrid polynomial algorithm combined with
a genetic algorithm by using virtual machines to effectively reduce the actual cost of project
scheduling and improve the efficiency of solving project-scheduling-related problems [16].

In addition, Safikhani et al. proposed an optimal scheduling method by modeling
construction information in the context of resource constraints for problems related to
resource utilization and management in building construction, thus improving resource
utilization [17]. Cheng et al. proposed extensible scheduling related to communication
scheduling in the context of resource constraint scenarios in an industrial IoT based on
learning architecture to reduce the waste of communication resources and ensure real-time
communication [18]. Parsamehr et al. proposed a method to optimize scheduling using
a building information model in the context of resource-constrained schedule, cost, and
safety management in building construction, thus optimizing the scheduling of resources
while effectively building a construction decision framework [19]. Tavakolan and Nikoukar
proposed a hybrid meta-heuristic algorithm based on the analysis of project resources to
solve the multi-objective optimization problem in construction project planning [20].

From the studies of domestic and international scholars, it can be seen that the combi-
nation of multi-skilled human resource scheduling with multi-modality is less utilized in
solving the current resource-constrained project scheduling problem. Therefore, the study
of combining the scheduling of multimodal resources with the scheduling of multi-skilled
labor fills the gap of neglecting the different proficiency levels of main and non-main skills
in the past and expands the research field of human resource scheduling. At the same
time, the research has improved the algorithm of the artificial immune system, making
it innovative.

3. Improved Artificial Immune System Algorithm for Human Resource Optimization
in Engineering Projects
3.1. Mathematical Model for Optimal Allocation of Human Resources in Construction Projects

To solve the heterogeneous problem of human resources scheduling in construction
project engineering under multiple modes, this study introduces the improved artificial
immune system (NAIS) algorithm to solve the problem with generic human resources as
an example. In the actual construction project, the study mainly sets the technical level
workers as the object of analysis since the actual space available for scheduling is much
larger for the substantial amount of technical level workers than for the management level.
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Another issue to be addressed is how to minimize the duration by sequencing each process
and optimizing the distribution of employees in different periods while satisfying various
constraints in a situation in which a skilled worker has multiple skills, multiple modes
available to him/her, and two levels of skill proficiency. The constraints of the multi-
modal heterogeneity problem include logical relationships, resources, and skill proficiency.
Among them, the skill proficiency constraints in turn drive the problem under study to
become a heterogeneous problem, and therefore, under these three constraints, the study
uses multi-modal heterogeneity to construct a generalized mathematical model of human
resource allocation. Before the mathematical model is constructed, the contents of the
corresponding hypothesis conditions are shown in Figure 1.

Figure 1. Construction of a mathematical model for optimizing the allocation of heterogeneous
general human resources under multimodal conditions.

In Figure 1, the assumptions of the model contain five conditions: the task process
cannot be interrupted or occupied, a single skill performs the task with a time limit (only
one skill can be used for a period of time to complete a task), the resources are fixed, the
staff skills are available to complete the task and the skill level remains consistent, and the
project model is fixed. In addition, the equation expression of the main parameters of the
construction project is shown in Equations (1) and (2). Equation (1) is as follows:

H : H = {0, 1, 2, · · · , n, n + 1}
J : J = {0, 1, 2, · · · , C}

M : M = {0, 1, 2, · · · , l}
(1)

In Equation (1), H is the set of related activities, and n is its internal element; n is the
set of related skills, and C is its internal element; M is the set of related patterns, and l is its
internal element. {

G : G = {1, 2, · · · , q}
S : S = {1, 2, · · · , Smax}

(2)

In Equation (2), G denotes the relevant set of workers, and q is its internal element; S
denotes the relevant set of time, and Smax is the upper limit of time, which is generally the
maximum duration of each project. The mathematical model constructed based on these
five parameters is shown in Equations (3)–(14) for optimizing the manpower allocation in
actual construction projects.

MinX = t f inish
n+1 (3)
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Equation (3) is the objective function of the overall project, where t f inish
n+1 denotes the

time point for completing the project.

∑
m∈M

him = 1, ∀i ∈ H (4)

In Equation (4), him denotes one of the decision variables; i.e., its value is 1 if the project
i adopts the model m, and its value is 0 otherwise.{

Pimgs ≤ him, ∀i ∈ H, m ∈ M, g ∈ G, s ∈ S
Qimgj ≤ him, ∀i ∈ H, m ∈ M, g ∈ G, j ∈ J

(5)

Both rows of inequalities in Equation (5) represent the logical relationship between
decision-related variables, where Pimgs means that, if the mode used in the project i is m,
the worker g will be 1 when the execution starts at the time point s and will be 0 otherwise,
and Qimgj means that, if the mode used in the project i is m, the worker g will be 1 when
the execution is performed using the skill j and will be 0 otherwise.

∑
m∈M

∑
s∈S

Pimgs ≤ 1

∑
m∈M

∑
j∈J

Qimgs ≤ 1 (6)

In Equation (6), the first row of inequalities ensures that each worker assigned to the
project has at most one start time and one execution method. The second row of inequalities
ensures that a worker can use at most one method to perform a skill in a project.

Qimgj ≤ γgj (7)

Equation (7) ensures that a worker must have the skills to complete a particular project
when assigned to perform a particular skill in a particular mode of the project, where γ
indicates the actual proficiency of the worker for a particular skill.{

Qimgj · γgj + λ
(
1−Qimgj

)
≥ uimj·him

Qimgj·γgj + λ
(
1−Qimgj

)
≤ uimj·him

(8)

In Equation (8), λ represents a sufficiently large positive number; uimj represents the
proficiency of the skill j required for the project i to adopt the model m.

∑
g∈G

Qimgj = aimj·uim (9)

In Equation (9), aimj indicates the number of laborers with the skills j required for the
project i using the model m. 

∑
g∈G

∑
s∈S

Pimgs =

(
∑
j∈J

aimj

)
·uim

∑
i∈H

∑
m∈M

Pimgs ≤ 1

∑
s∈S

∑
m∈M

Pimgs = ∑
j∈J

∑
m∈M

Qimgs

(10)

In Equation (10), the first row ensures that the required and total assigned labor for
each project is balanced. The second row ensures that each worker in one mode can only
perform the project at most once. The third row indicates that the worker g needs to start
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working within the time frame actually required for the project assuming that they are
assigned to the project i and uses the skill j.

tstart
i ≥ t f inish

k ·bik, ∀i, k ∈ H

t f inish
k = tstart

i + ∑
m∈M

cimuim
(11)

In Equation (11), bik represents the parameter, which is the logical execution relation-
ship between project i and project k, and cim represents the duration of the mode m project
i.  tstart

i ≥ t·Pigms − λ
(
1− Pigms

)
tstart
i ≤ t·Pigms − λ

(
1− Pigms

) (12)

Equation (12) is essentially the relationship between the start time at engineering time
and the decision variable P. {

tstart
i , t f inish

i ≥ 0

uims, Pimgs, Qimgj ∈ {0, 1}
(13)

The first line of Equation (13) is essentially a constraint on the start time and end time
at the time of the project; the second line is essentially a decision variable from 0 to 1.

3.2. Solving the Human Resource Optimization Allocation Problem Using an Improved Artificial
Immune System Algorithm

Inputting the mathematical model proposed by the study into the mathematical
optimization technique software (CPLEX) can effectively validate the correctness of the
model. However, CPLEX is suitable for validating a small amount of data, so the study
introduces the artificial immune system algorithm for large data validation [21,22]. The
artificial immune system algorithm is constructed using the biological information system
as its biological basis. In an organism, the biological immune system is the primary defense
system, in which the mechanism of action and the internal distribution of the system are
very complex and are comparable in complexity to the nervous system of the brain [23,24].
The structural composition of the immune system is shown in Figure 2.

Figure 2. Schematic diagram of the structural composition of the immune system.

In Figure 2, the immune system consists mainly of immune organs, cells, and active
substances. Since the algorithm of the artificial immune system analyzed in the study
mainly deals with the relevant properties of lymphocytes among the immune cells, the
study focuses on the most important of lymphocytes, T cells, and B cells. The process
underlying the immune response refers to the process of sterilization and disinfection by the
body’s immune system against foreign antigenic substances in two main ways: one being
the innate immune response and the other being the adaptive immune response [25,26].
The principle of the artificial immune system algorithm is the adaptive immune response,
in which T cells and B cells play a major role.
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The artificial immune algorithm is an intelligent bionic algorithm proposed with refer-
ence to the working principle of the human immune system, especially the actual working
process of adaptive immune response. Since the artificial immune system algorithm suffers
from the defects of slow convergence in the late stage or is prone to premature convergence
in the global search, and the current research overlooks the role of T cells in the immune
system response, the research has improved it by proposing the NAIS algorithm. The NAIS
algorithm uses three parts to form the substantial coding part based on the mathematical
model proposed by the research, which can be expressed by Equation (14):

ζ = {ζl, ζm, ζd} (14)

In Equation (14), ζl indicates the priority of project execution; ζm indicates the mode
of the project; ζd indicates the worker matching matrix. And in the decoding part, the steps
are shown in Figure 3.

Figure 3. Schematic diagram of decoding steps for NAIS algorithm.

From Figure 3, the decoding step of the NAIS algorithm firstly extracts ζl, ζm, and
ζd from the encoding, calculates the current projects that meet the prerequisites, and
arranges the project that meets the conditions and has the highest priority i. Next, the
execution mode of the current project is set to ςmi. Then, the actual number of workers is
calculated with different skills needed for the project i in ςmi mode, and the workers are
scheduled with high priority based on the worker matching matrix of the project i. Finally,
it is determined whether all activities have been scheduled or not, and, if they have, the
objective function is calculated, and if they have not, the tasks that are eligible and have the
highest priority are rescheduled. Based on this, the flow of the NAIS algorithm designed
by the study is shown in Figure 4.

Figure 4. Schematic diagram of NAIS algorithm flow.
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In Figure 4, the NAIS algorithm process first generates an initialized antibody pop-
ulation and calculates the affinity, while variable (diversity) joining (V (D) J) gene recom-
bination is performed. Secondly, we determine whether the T cells are acting. If so, the
mutation and type switching of the cells are performed to implement the secondary im-
mune response; if not, the refers are secreted to the immunoglobulin m (IgM) antibody
to implement the secondary immune response. Finally, the validity of the secondary im-
mune response is determined. The results are output if it is determined, and the process
is repeated with V (D) J gene recombination if it is not. The generation of an initialized
antibody population means that, at the beginning of the algorithm, a series of sequences
with arbitrary activity are randomly generated as the initial antibody population. The
number of B-cell populations is set to NB, and the number of T-cells is set to NT, while the
tightness of antibody–antigen binding is called affinity, and a higher affinity indicates the
stronger immunity of the antibody. In the NAIS algorithm, after studying the establishment
of an initial antibody population, the quality of the antibody is evaluated based on its
affinity. In this case, the calculated expression of affinity is shown in Equation (15):

ψ =
1
ω

(15)

In Equation (15), ψ denotes affinity; ω denotes the duration of work. In the final
secondary immune response, after the first immunization, B cells and T cells maintain
memory for certain antigens, and the memorized B cells engulf the antigens more efficiently
and deliver them to helper T cells, making the second immune response faster. The
method first considers the cells in the B/T cell that represent the normal order of activity
as memory cells and then eliminates the rest of the cells from the original order of activity
and reconstructs the new order. The generation is based on a standard order, and after
taking out NE activities, each activity is put back in the order in which it is taken out, and
the position of the put-back is determined according to the position that can produce the
minimum time cycle.

4. Performance Analysis of the Improved Artificial Immune System Algorithm

To verify the effectiveness of the NAIS algorithm, the study first used the proposed
mathematical model data as the basis for the calculation of the optimization scheme using
MATLAB. The project consisted of six tasks, with task numbers S1 to S6, and two modes
of task execution (denoted by M1 and M2). The skills required were force, carpentry,
reinforcement, and painters (denoted by L, M, G, and T), and the proficiency levels were
classified as skilled and average (denoted by A and B), with a total of five workers on site
(denoted by 1 to 5). Therefore, the task–logic relationship and other related contents as well
as the NAIS validation results are shown in Figure 5.

Figure 5. Validation results of NAIS algorithm.
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Figure 5 comprehensively shows that, in the actual CPLEX experiment, the optimal
duration obtained from its operation was 9 days, while NAIS obtained the same optimal
duration as the CPLEX experimental result, thus verifying the effectiveness of the NAIS
algorithm side-by-side. At the same time, due to the complexity of the multi-modal
heterogeneous problem in construction labor optimization, CPLEX took 61 s to calculate in
total, while, when the study used the NAIS algorithm, it took only 2s in the MATLAB run,
thus verifying that the NAIS algorithm took less time and was more suitable for solving
the multi-modal heterogeneous problem. Therefore, the study used the NAIS algorithm
for subsequent experiments. In the follow-up experiments, to verify the superiority of the
NAIS algorithm in dealing with the multi-modal heterogeneity problem in construction
engineering labor allocation optimization, the study introduced the genetic algorithm
(GA), variable neighborhood search (VNS), and the particle swarm optimization (PSO)
algorithm as the comparison algorithms (the three algorithms are denoted by a–b, and
NAIS is denoted by n). Among them, the relevant parameters are set as shown in Table 1.

Table 1. Research-related parameter-setting content.

- Number of Tasks Solution Time Stop Time

All algorithms 1/2 of tasks 0.5 × Number of tasks 12.5 s

- NR V (D) J gene recombination) NI (number of type
conversions)

NE (secondary
immune response) NT NB

NAIS 200 200 200 100 100
- W (inertia weight) C1 (learning factor 1) C2 (learning factor 2)

PSO 0.8 1.2 1.2
- P1 (cross probability) P2 (probability of variation)

GA 0.9 0.1

From Table 1, the NR, NI, and NE of the NAIS algorithm were 200, while both NT and
NR were 100; the inertia weight of the PSO algorithm was 0.8, while both learning factors
were 1.2; and the crossover probability and variation probability of the GA algorithm were
0.9 and 0.1, respectively. To test the applicability of the NAIS algorithm in diverse scenarios,
the study applied it to a large-scale case. Specifically, the experiment was designed such that
each worker possessed two skills, and there was a total of six skill type combinations and
four skill level combinations. This resulted in 24 possible skill combination cases for each
worker. Therefore, on the basis of this large-scale data, the study conducted simulations
for engineering projects with 10, 25, and 50 tasks. Also, because the arithmetic data was
too large, the study used random sampling to select 135 sets of arithmetic cases and ran
5 different sets of data in each set. In the experiment, the study evaluated the quality of
the solution by the average of the percent deviation (PD) of the five data sets in each set of
cases, which represented the difference between the duration value of each algorithm and
the minimum duration value obtained by solving the four algorithms as a percentage of
the minimum value. In this case, the results of the PD values of the different algorithms
under the workers possessing two and three skills at the number of tasks of 10 are shown
in Figure 6.

Figure 6 displays the number of workers in parentheses following each algorithm
and the arithmetic cases denoted by numbers 1 through 5. The comprehensive illustration
reveals that the average PD value of the NAIS algorithm was 2.04 for a scenario in which
10 workers possessed two skills. Meanwhile, the average PD value was 1.59 for a setting
with 20 workers, and it further decreased to 0.70 when the worker count was 30. In all
cases, the NAIS algorithm outperformed its comparison algorithms. Additionally, when
the number of workers possessing three skills was 10, the average PD value of the NAIS
algorithm was 0.25, while it was 0.36 and 0.43 with 20 and 30 workers, respectively, which
was again superior to the comparison algorithms. Overall, the proposed algorithm exhibits
significantly better performance than its counterparts. Similarly, Figure 7 depicts the PD
values of different algorithms for various scenarios with four workers possessing skills.
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Figure 6. PD value results of different algorithms for workers with 2 and 3 skills when the number of
tasks is 10.

Figure 7. PD value results of different algorithms for workers with 4 skills when the number of tasks
is 10.

In Figure 7, the four algorithms are shown from inside to outside for n, a, b, and c.
Combining Figure 7, after increasing the number of skills to four, the average PD value
of NAIS with 10 workers was 0.65, the average PD value of NAIS with 20 workers was
0.43, and the average PD value of NAIS with the 10 workers was 0.35. In addition, the
average PD values of NAIS algorithms with the number of skills of two, three, and four
were summed and averaged to obtain values of 1.14, 0.84, and 0.50, respectively, which
were much lower than the pairwise algorithms. The results of PD values for different
algorithms with workers having two and three skills when increasing the number of tasks
to 25 are shown in Figure 8.
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Figure 8. PD value results of different algorithms for workers with two and three skills when the
number of tasks is 25.

In Figure 8, the horizontal axes 1 to 12 indicate n, a, b, and c for the four algorithms
when the number of workers is 10, 20, and 30. Figure 8 comprehensively shows that the PD
value of the NAIS algorithm was 20.82 when the workers had two skills and the number of
workers was 10; the average PD value of the NAIS algorithm was 0.54 when the number
of workers was 20; and the average PD value of the NAIS algorithm was 0.59 when the
number of workers was 30. The average PD value of the NAIS algorithm was 0.59 when the
number of workers was 30, which was lower than the comparison algorithm. The average
PD of the NAIS algorithm was 0.28 when the number of skills was three and the number
of workers was 10; the average PD of the NAIS algorithm was 0.47 when the number of
workers was 20; and the average PD of the NAIS algorithm was 0.33 when the number of
workers was 30, which was also lower than the comparison algorithms. The results of PD
values of different algorithms when workers had under four skills are shown in Figure 9.

Figure 9. PD value results of different algorithms for workers with four skills when the number of
tasks is 25.
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In addition, the average PD values of the NAIS algorithms with two, three, and four
skills were summed and averaged to obtain values of 1.02, 0.89, and 1.23, respectively,
which were much lower than the pairwise algorithms. Combining Figures 6–9, the average
PD values and the summed average values of the NAIS algorithm were lower than those
of the comparison algorithms, indicating that it was better than the comparison algorithms.
Also, when the number of tasks and skills were constant, the average PD values of all
four algorithms gradually decreased as the number of workers grew, and the change was
more pronounced when the number of workers grew from 20 to 30. To further validate the
results, the study was conducted by increasing the number of tasks to 50. Among them, the
results for the number of skills of two and three are shown in Table 2.

Table 2. PD value results of different algorithms for workers with two and three skills when the
number of tasks is 50.

- n (10) a (10) b (10) c (10) n (20) a (20) b (20) c (20) n (30) a (30) b (30) c (30)

2

1 0.22 1.36 3.18 3.82 2.79 0.11 5.84 9.29 0.27 1.56 5.93 8.61
2 0.37 0.93 4.20 4.47 0.12 4.52 6.28 11.06 0.98 0.56 4.76 8.43
3 0.40 0.68 3.11 4.03 0.96 6.53 9.95 11.49 0.00 1.32 3.13 7.83
4 0.27 0.87 1.50 2.12 0.00 3.81 5.13 9.39 0.34 0.75 2.14 5.93
5 0.04 1.26 2.47 2.81 0.00 4.41 3.88 6.52 0.41 0.84 2.10 5.84

Ave. 0.26 1.02 2.89 3.45 0.77 3.88 6.22 9.55 0.40 1.01 3.61 7.33

3

1 0.40 3.47 5.39 9.41 0.95 1.27 4.66 8.89 0.20 2.34 6.25 8.04
2 2.19 0.23 3.52 8.14 0.70 1.26 4.98 8.69 0.13 0.98 2.69 5.24
3 0.81 2.15 2.21 5.65 0.37 1.84 3.84 7.94 0.29 1.55 3.64 6.44
4 0.56 1.58 3.34 5.74 0.25 1.45 2.74 5.59 0.21 1.48 2.13 5.76
5 0.00 2.32 8.64 10.97 0.18 3.13 6.54 8.40 0.00 2.43 4.50 6.94

Ave. 0.79 1.95 4.62 7.98 0.49 1.79 4.55 7.90 0.17 1.76 3.84 6.48

In Table 2, the average PD values of the NAIS algorithm both under two skills and
under three skills were the same as those at task number 10 and 25, which were lower than
those of the comparison algorithm. The results for when workers had four skills are shown
in Table 3.

Table 3. PD value results of different algorithms for workers with four skills when the number of
tasks is 50.

- n (10) a (10) b (10) c (10) n (20) a (20) b (20) c (20) n (30) a (30) b (30) c (30)

4

1 0.53 1.03 3.04 8.58 0.24 3.19 4.61 9.58 0.06 1.08 3.10 6.05
2 1.67 0.76 3.49 8.17 2.09 0.95 5.29 8.62 0.22 1.49 3.67 8.02
3 0.93 0.35 3.79 7.62 0.00 2.12 4.55 8.79 0.28 1.01 3.05 6.56
4 0.13 1.21 3.49 5.31 0.30 1.07 3.60 8.90 0.20 1.98 4.83 8.05
5 0.04 0.55 1.98 4.77 0.29 1.60 2.54 7.40 0.14 1.74 4.01 7.59

Ave. 0.66 0.78 3.16 6.89 0.58 1.79 4.12 8.66 0.18 1.46 3.73 7.25

In Table 3, the results for a skill number of four were the same as those for a skill num-
ber of three. In addition, the summed average PD values of NAIS obtained by combining
the results in Tables 2 and 3 were 0.57, 0.61, and 0.38 for the number of workers of 10, 20,
and 30, respectively, which were also lower than the comparison algorithms. Also, the
increasing and decreasing trends exhibited at the number of tasks of 50 was the same as
the trends at the number of tasks of 10 and 20. The PD values of the NAIS algorithm were
lower than those of the comparison algorithms when the number of tasks, workers, and
skills were changed, which indicated that the NAIS algorithm was more stable than the
other algorithms in solving the heterogeneous problem in multiple modes.
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5. Discussion
5.1. Research Limitation and Future Direction

The actual research results have, to some extent, solved the relevant problems en-
countered in project management in real life, but there are still limitations. Firstly, in the
research question, the setting of proficiency is divided into different levels and is fixed,
without considering that worker skill proficiency will increase over time, which means
that workers have the ability to learn. At the same time, there are many factors that can
affect the learning efficiency of workers. Therefore, further research is needed on how to
comprehensively consider these factors to better align with the actual situation.

Secondly, optimization is only carried out for the construction period, but in the
process of engineering project management, there are many goals that enterprises need
to achieve, such as cost, quality, resource balance, etc. At the same time, current projects
generally exist in the form of project clusters. In an enterprise, there may be many projects
carried out at one time, which leads to resource conflicts between projects. Thus, it is
necessary to consider developing multiple projects and objectives.

5.2. Managerial Insights and Practical Implications

In theory, the issue of worker proficiency should be fully considered in practical
engineering management. The combination of multimodal resource scheduling and multi-
skilled labor scheduling has expanded the field of human resource allocation optimization,
and the mathematical model and the improved artificial immune system algorithm con-
structed on this basis have improved the quality of problem solutions, greatly enriching
the theoretical significance of human resource scheduling problems.

In practical terms, the vast majority of project failures in engineering management
are attributed to chaotic management and work, so it is necessary to constantly consider
the issue of project delays in actual engineering management. Thus, via the selection of
modes and the reasonable allocation of multi-skilled employees, the positive significance
of improving human resource utilization, shortening construction periods, and enhancing
competitiveness can be achieved. Therefore, conducting experimental verification using
actual engineering project data as an example has strong practical significance.

6. Conclusions

To solve the heterogeneous problem of human resources scheduling in construction
projects under multiple modes, the study constructs a mathematical model with generic
human resources as an example and introduces the NAIS algorithm to solve the problem,
while its feasibility and superiority are verified using experiments. The experimental results
showed that, after using the NAIS algorithm, the optimal duration can be obtained in a
MATLAB run in only 2s, which was better than the CPLEX experimental verification. In
addition, in the comparison between NAIS and other algorithms, the average PD value of
the NAIS algorithm was 2.04 for a skill number of two and a worker number of 10, 1.59
for a worker number of 20, and 0.70 for a worker number of 30. Meanwhile, the average
PD values for the NAIS algorithms with two, three, and four skills were 1.02, 0.89, and
1.23, respectively, which were much lower than the pairwise algorithms and showed the
same results for 25 and 50 tasks. Meanwhile, when the number of tasks and skills were
constant, the average PD values of all four algorithms gradually decreased as the number
of workers grew, and the change was more obvious when the number of workers grew
from 20 to 30. Collectively, the NAIS algorithm proposed in the study has feasibility and
superiority in dealing with the heterogeneous problem of human resources scheduling in
construction projects under multiple modes, with the best stability performance. However,
the proficiency of workers in real life is not constant, so more factor changes need to be
considered subsequently.
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