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Abstract

This study develops a high-fidelity multi-objective static and dynamic scheduling model for dual-tunnel construction. To overcome
topological deadlocks in tightly restricted spaces, complemented by a fine-grained time-slice mapping mechanism to eliminate
resource fragmentation. At the static level, the optimization aims to minimize both the total make-span and the Weighted Resource
Fluctuation Standard Deviation. A Memetic Algorithm-based Hybrid Genetic Algorithm (HGA) is proposed to solve the NP-hard problem.
The algorithmic engine is fundamentally upgraded by incorporating an unbiased topological sequence initialization to expand the early
exploration space, a dynamic continuity penalty function to ensure intra-cycle operational fluidity, and an elite local search strategy to
overcome genetic hardening. Furthermore, the e-constraint method is utilized to extract the exact Pareto front. An application to a 100-
meter dual-tunnel engineering case demonstrates that the proposed HGA possess significant global optimization capabilities, while
the rolling-horizon dynamic scheduling exhibits superior computational efficiency. The static optimization reduced the construction
duration by 13.3% compared to the actual schedule, while the dynamic optimization achieved a 11.5% reduction under ideal conditions.

Furthermore, disturbance simulation experiments confirm that this dynamic scheduling mechanism maintains a linear and stable

increase in predicted duration across various disturbance scenarios, demonstrating excellent stability and robustness.
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1 Introduction
Over the past three decades, the construction of express-
ways has driven China's rapid development. As of the end
of 2024, the total mileage of highways in China reached
5.49 million kilometers, including 28724 highway tunnels
with a total length of 32.5966 million linear meters [1].
Among these, dual-tunnel configurations have become
the mainstream model for constructing long, large tunnels
due to their ability to effectively increase traffic capacity,
alleviate traffic pressure on single tunnels, and improve
operational safety. Therefore, dynamically adjusting tun-
nel construction schedules and balancing overall resource
demands while ensuring construction safety is of signifi-
cant research importance.

The scheduling of such linear infrastructure is clas-
sically referred to as the Repetitive Project Scheduling
Problem (RPSP). Early studies predominantly relied on

the Linear Scheduling Method (LSM) to describe oper-
ational relationships within a two-dimensional spatio-
temporal coordinate system [2]. While LSM provides an
intuitive representation, it lacks the ability to optimize
complex resource constraints effectively. To address this,
subsequent research introduced mathematical program-
ming and metaheuristic algorithms [3—5]. As engineer-
ing complexity increases, research focus has shifted from
single-objective to multi-objective optimization, aim-
ing to trade off conflicting goals such as time, cost, and
resources [6—15]. For instance, Dede et al. [9] have inte-
grated the NDS-II framework with best-mean-random
(BMR) and best-worst-random (BWR) strategies to min-
imize total project time and cost while reducing overall
safety risks. Similarly, strength Pareto-based Rao algo-
rithms (SP2-Rao-1 and -2) have been proposed as an
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effective approach to solving multi-objective time—cost—
quality problems in construction projects [10]. Algorithms
such as NSGA-II and MOPSO have been widely applied to
tunnel alignment optimization [11], renovation planning
for historic blocks [12], and the comprehensive trade-off
among resource-duration-cost [13—17]. Su and Aviles [6]
proposed a bi-objective optimization model to minimize
construction duration and resource fluctuations, develop-
ing an Improved Whale Optimization Algorithm (IWOA)
to solve it. Guo and Zhang [11] used the Non-dominated
Sorting Genetic Algorithm-II (NSGA-II) to optimize tun-
nel alignment, focusing on investment, spacing, and com-
fort. Ren and Zhang [12] proposed a multi-objective opti-
mization method for the renovation of historic and cultural
blocks, improving the NSGA-II algorithm with chaotic
mapping and differential mutation strategies.
Furthermore, as single algorithms struggle to adapt
to all engineering problems, novel swarm intelligence
algorithms—such as hybrid algorithms and multi-strat-
egy improved algorithms—continue to emerge across
diverse engineering domains [18-28]. In structural engi-
neering, a multi-objective colliding bodies optimization
(MOCBO) algorithm was proposed to solve the multi-ob-
jective optimization problems of truss structures [16].
Additionally, performance-based seismic optimization
design methods for steel frame structures have been pre-
sented, utilizing programming software to realize auto-
mated calculations [17]. To further enhance algorith-
mic efficiency in these performance-based problems,
Kaveh et al. [18] have employed NSGA-II using differen-
tial evolution operators. Hu et al. [21] proposed a hybrid
optimization method combining an improved Genetic
Algorithm (GA) with time-varying mutation rates and
Particle Swarm Optimization (PSO). Similarly, Zou and
Zhou [22] developed a scheduling model for beam erec-
tion engineering and proposed a hybrid Tabu-Variable
Neighborhood Genetic Algorithm incorporating multi-
ple strategies. Hybrid strategies have also been applied to
construction site layout planning, such as combining the
Dragonfly Algorithm (DA) with PSO [21], and integrating
the Gravitational Search Algorithm (GSA) with Thermal
Exchange Optimization (TEO) [22]. Additionally, a
Chaotic Improved Whale Optimization Algorithm with
Backpropagation (CIWOA-BP) was used to optimize the
welding sequence of complex structural components [24],
and a Sampling Heuristic Initialization-based Particle
Swarm (SHI-PSO) algorithm was developed to bal-
ance speed and quality in path planning [25]. Improved
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multi-strategy Snake Optimization algorithms [26] and
an adaptive version of the Snake Optimization (SO) algo-
rithm employing chaotic reverse learning and opposi-
tion-based learning [23] have achieved success in diverse
fields, ranging from unmanned aerial vehicle (UAV) path
planning to wireless sensor network node deployment and
any other engineering optimization tasks.

Despite significant progress in static optimization, tra-
ditional methods have limitations when applied to the
construction of dual tunnels. First, existing studies often
treat tunnels as independent units, inadequately modeling
the unique dual-tube interaction constraints. Specifically,
insufficient consideration of the particularities of dual-tun-
nel parallel construction makes it challenging to char-
acterize limitations, such as the coupling of operations
between the left and right tubes and the competition for
shared resources (e.g., equipment and specialized crews).
Second, tunnel construction is inherently uncertain and
frequently subject to dynamic disturbances such as abrupt
changes in geological conditions, equipment failures, or
policy-driven schedule compression. In such a volatile
environment, static schedules, however optimal theo-
retically, often become infeasible in practice, leading to
resource waste and safety risks.

To address construction uncertainty, dynamic sched-
uling methods based on Rolling Horizon Optimization
(RHO), Reinforcement Learning (RL), and improved heu-
ristic algorithms have gained attention in other fields [27—
32]. For example, RHO has been used to manage stochas-
tic loads in energy systems [27], and dynamic models have
been applied to earthwork equipment configuration [31].
Cheng et al. [29] adopted Rolling Horizon Optimization
to address the stochastic nature of loads and renewable
energy sources. Wei et al. [31] established a time-cost
multi-objective optimization model for critical equip-
ment configuration based on the NSGA-II algorithm and
entropy weight TOPSIS decision-making; they devel-
oped a comprehensive equipment configuration method
for the entire drill-and-blast tunnel construction pro-
cess, accounting for tunnel cross-section type, surround-
ing rock conditions, excavation length, and construction
schedule requirements. Khallaf et al. [33] introduced
a Mixed Integer Linear Programming (MILP) model to
determine the optimal configuration of heavy equipment
in earthwork operations, incorporating dynamic charac-
teristics to enable daily progress updates based on avail-
able resources. Wei et al. [34] developed a dynamic opti-
mization model for tunnel construction scheduling, which
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analyzes logical relationships, work continuity, spatiotem-
poral constraints, and resource variations.

However, research specifically targeting the dynamic
scheduling of dual-tunnel parallel construction remains
limited. There is an urgent need for an integrated dynamic
scheduling optimization framework capable of simultane-
ously generating a high-quality global baseline schedule
and robustly responding to real-time disturbances while
satisfying the complex spatiotemporal constraints of
dual-tunnel operations.

To address the aforementioned gaps and specifically
overcome the critical failure of generic metaheuristics in
highly constrained underground environments, this study
transcends traditional integrative applications by propos-
ing a customized, dual-layer static-dynamic scheduling
framework. The fundamental novelties and primary con-
tributions of this research are highlighted as follows:

1. Mathematical formulation of dual-tube spatiotem-
poral coupling constraints: Moving beyond generic
Resource-Constrained Project Scheduling Problem
(RCPSP) paradigms, this study explicitly formulates
the complex physical realities of dual-tunnel parallel
construction. By mathematically modeling the strict
spatial staggered distances, ¢.g., the 30 m safety lag
between left and right tubes, and the continuous spa-
tial boundary locks among excavation, invert, and
secondary lining, the proposed model perfectly cap-
tures the unique topological dependencies that stan-
dard independent-tunnel scheduling models inher-
ently fail to represent.

2. Architecture of a domain-specific Hybrid Genetic
Algorithm (HGA): Standard continuous
intelligence algorithms and generic discrete meta-

swarm

heuristics suffer from catastrophic topological fea-
sibility collapse when applied to rigid dual-tunnel
constraints. To conquer this, we structurally cus-
tomized the HGA with a Cycle-Aware Topological
Initialization and a Workflow-Similarity-Based
Smart Mutation. These domain-specific opera-
tors inherently immunize the evolutionary process
against cycle-breaking penalties, guaranteeing near
100% sequence feasibility and demonstrating over-
whelming algorithmic superiority over state-of-the-
art methods (e.g., MOWOA, PSO) in unlocking the
absolute physical minimum makespan.

3. Engineering-driven e-constraint multi-objective

strategy: We reveal and theoretically resolve the idle

penalty trap inherent in simultaneous bi-objective

optimization, e.g., NSGA-II, where algorithms arti-
ficially delay critical tasks merely to achieve mathe-
matical resource variance smoothing. By employing
a sequential two-stage e-constraint method coupled
with a high-resolution (0.1-hour) weighted resource
standard deviation metric, the framework strictly
confines the optimization search within absolute
engineering tolerance limits, yielding schedules that
are both resource-level and practically viable for
highly capital-intensive projects.

4. Resilient rolling-horizon dynamic scheduling mech-
anism: Bridging the gap between theoretical optimal
and execution reality, a dynamic scheduling mecha-
nism equipped with a precise multidimensional dis-
turbance propagation model is developed. By simu-
lating multi-scenario stochastic events, e.g., sudden
geological variations, equipment breakdowns, and
employing heuristic downstream task revocation,
the framework enables continuous real-time sched-
ule recovery and active makespan prediction, ensur-
ing robust and stable project delivery under chaotic
construction conditions.

2 Problem description and assumptions

2.1 Problem description

A dual-tunnel engineering project consists of S, longitudi-
nal segments. The excavation and initial support process
flow for the entire cross-section is executed across distinct
construction zones, the division of which is determined
by the specific excavation method. For instance, under the
three-bench seven-step excavation method, the cross-sec-
tion is sequentially divided into seven construction zones.
The set of construction zones is illustrated in Fig. 1 and
denoted by G, . Tunnel construction activities comprise
three distinct process flows: the excavation and initial sup-
port process flow, the inverted arch construction process
flow, and the secondary lining process flow, denoted as
wW. ,W, and W

Exc? Inv Lin

tains a set of fixed operations, denoted as 4. Specifically,

respectively. Each process flow con-

the fixed operations within the excavation and initial sup-
port process flow 4,, are classified into five tasks: survey-
ing, blasting/mechanical excavation, mucking and ventila-
tion, initial support, and temporary support.

The tunnel excavation proceeds in a cyclic man-
ner according to the construction zone sequence.
The advancement of all construction zones by one foot
length constitutes the completion of a single excavation
cycle . Within each construction zone, operations are
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Fig. 1 Schematic diagrams of tunnel: (a) cross-section and

(b) longitudinal section

performed cyclically following the sequence of fixed oper-
ations defined in the corresponding process flow set, as
illustrated in Fig. 2. Compared to single-tunnel schedul-
ing, dual-tunnel scheduling must additionally satisfy con-
straints regarding the minimum safety distance between
the tunnel faces of the two tubes and the staggered utiliza-
tion of shared resources.

2.2 Assumptions
The proposed scheduling model is developed under
the following practical assumptions, which define the
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Fig. 2 Tunnel construction cycle flowchart
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operational boundaries and resource sharing rules of the
dual-tunnel construction:

1. The dual-tunnel are of the separated type, and their
construction activities do not interfere with each
other under the conditions of maintaining a specific
mileage spacing of working faces and implementing
peak-shifting use of shared resources.

2. For each activity within the same activity flow,
the cyclic footage, duration, and resource demand
per linear meter are set as fixed values and remain
unchanged within a single cycle.

3. Different activity flows in a single tunnel can be con-
structed in parallel, while activities within the same
activity flow are not constructed in parallel.

4. The left and right tubes of the tunnel maintain par-
allel construction and only share part of the key
resources.

5. Tunnel construction is carried out as 24-hour con-
tinuous construction, adopting a three-shift system.

3 Mathematical model of scheduling optimization
based on the ¢-constraint method

3.1 Optimization objective 1: Minimizing total project
duration

As expressed in Eq. (1), the first objective function is
designed to minimize the total project duration:

minC, (M

where C

max

time of the project (i.e., the total project duration). This

denotes the predicted maximum completion

objective aims to minimize the total time required to com-
plete all tasks.

To fundamentally prevent the algorithm from artifi-
cially delaying consecutive tasks to achieve mathematical
resource smoothness—a phenomenon defined in this study
as the idle penalty trap—a Dynamic Continuity Penalty
Function (Penalty,, ) is introduced. In tunnel construc-
tion, operations within the same excavation cycle, e.g.,
drilling, mucking, support, must be executed seamlessly.

The penalized fitness makespan is mathematically
defined as

min F, = C,, +Penalty,,,
Penalty,,, = Z z max(O, S, —Cl.)-l
ceCi,jed,

where C__ is the absolute physical completion time; A4,
represents the set of adjacent continuous operations within
the same excavation cycle c; Sj and C, are the start and
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completion times of the successor and predecessor tasks,
respectively. The 4 is a dynamic penalty coefficient (1 = 5.0).
This mechanism fiercely penalizes any non-physical gaps
introduced between strictly continuous cyclic operations.

3.2 Constraints: Minimizing total project duration
3.2.1 General constraints

The total project duration must be greater than or
equal to the completion time of any individual activity.
Equation (2) formulates the fundamental duration con-
straint for each activity:

C,.2C, Viel @

max

where C, denotes the planned completion time of activity i,
and / represents the set of all activities. Each activity i € /
is uniquely identified by a six-dimensional tuple (d, s, w, g,
r, a), whose components represent the specific spatial and
operational attributes. The parameters are sequentially
defined as follows:

1. d € D: The tunnel indicator, where D = {L, R} rep-
resents the set of left and right tunnels.

2. s € S: The specific longitudinal segment of the
tunnel.

3. we W:Theprocess flow, where W={W, , W, W, 1}
represents the set of process flows (i.e., excavation
and initial support, inverted arch, and secondary lin-
ing, respectively).

4. g € G, : The construction zone for a specific pro-
cess flow w. The set G : is determined by the exca-
vation method. For instance, in the two-bench four-
step excavation method, the excavation zones are
GWEM. = {1,2,3,4} , whereas the inverted arch and
secondary lining each have only one zone, yielding
G, ={l} and G, ={1}.

5. r € R: The index of the 7" construction cycle.

6. a € A, : The standard operation, where 4  defines the
set of standard operations corresponding to process
flow w.

For activities that have not yet started, their completion
time equals their start time plus their duration according
to Eq. (3):

C, =S +p, Vieland U, =1 3

where S, denotes the planned start time of activity i € [
p, is the estimated duration of activity i € /; U, is a binary
parameter: it takes a value of 1 if activity i has not yet

started at time T, , and zero otherwise.

start’

3.2.2 Initial state constraints for rolling optimization
During the dynamic scheduling process, the temporal
boundary constraints must be categorized into three exe-
cution states to reflect the real-time construction status:

1. For completed activities:

S, =8 C,=C*"", Vieland iis completed (4)

Where Slf’“““l is the actual start time of activity i,
obtained from recorded historical data; Ci" is the
actual completion time of activity .

2. For ongoing activities:

1 1 i
S[ = SiaClua , C,' > Siaclua +Piremam’

Viel and iis on going

®)

R_remain _ Piupdated _ (TSlzm _ Siactual) (©6)

Where P*™" denotes the remaining duration of activity
i, which is input into the rolling optimization mecha-
nism as an input parameter; 2" is the updated esti-
mated duration of activity i. During dynamic schedul-
ing, events occurring in the previous cycle are reviewed:
if construction changes occur, P is updated; if no
is the start time of the
current rolling optimization cycle; T, — S rep-
resents the elapsed time from the actual start of activity

changes occur, PP =p. T

i to the start of the current rolling optimization cycle.

3. For all unstarted activities:

The start time of any activity must be after the comple-
tion of all its preceding activities, aligning the model's
calculation starting point with the project's actual status.

S >T,., U =1 Viel @)

S, >C, VieP, Vjel @®

Where P, denotes the set of all preceding activities of
activity i € L.

3.2.3 Internal logical constraints of activity flows
The feasibility of the construction schedule relies on adher-
ing to specific spatiotemporal restrictions. Section 3.2.3
details the internal logical constraints of the operations,
dividing them into intra-cycle technological sequences
and inter-section safety distance requirements:
1. Intra-cycle constraints for activities:
These constraints ensure that activities within the same
cycle follow the technological sequence (e.g., survey-
ing precedes excavation) and that the next cycle on the



same working face can only begin after the previous
cycle is completed.

S 2C

(d.s.w.g.r.a) = (d.s,w.g,r.a-1)? (9)
V(d,s,w,g,r,a) el, VweW, a>1
Where S, disowgora) and C(d’mg‘rﬂafl) respectively represent

the start time of activity a and the completion time of

activity a—1, both within the same activity flow, same

working section, and same cycle.

2. Internal logical constraints of the excavation flow:

+ Constraints for the initial phase of the excavation
flow before entering cycles:
To guarantee operational safety and prevent spa-
tial interference, strict spatiotemporal constraints
must be enforced between adjacent excavation
working sections. The internal logical relation-
ships of the excavation flow are modeled across
two distinct stages as follows:

+ Constraints for the initial phase of the excavation
flow before entering cycles:
Logical constraints between different excavation
working sections are established based on safety
distances. These constraints ensure that a subse-
quent working section can only begin after the
preceding working section has reached the safety
distance. For each working section g(g > 1) and its
preceding working section g, Eq. (10) defines the
internal activity constraints of the excavation flow:

S(d’ WExc’galal) 2 C(d7 WExcﬂg,5r*’alast) (10)

where 4, is the set of standard construction
activities within a single excavation cycle, and
4y, ={1,2,3,4,5}. Here, 1 represents survey-
ing, 2 represents blasting/mechanical excavation,
3 represents muck removal and ventilation, 4 rep-
resents initial support, and 5 represents temporary

support; * denotes the minimum cycle number

that satisfies the condition ZLk 2 Dist

ramp,g'g *
k=1
The first cycle of working section g can only start

after its preceding working section g’ has com-
pleted an advance exceeding the safety advance
distance Dist .; @, is the last activity in the
ramp,g'g’  last

excavation activity set 4, .

» Constraints for the steady-state phase of the exca-
vation flow after entering cycles
Constraints for the stable cycle phase take effect

after all working sections are initiated. The safety
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distance between the subsequent working sec-
tion g and its preceding working section g’ main-
tains the spacing from the initial phase, and each
activity in the excavation flow has the same foot-
age. At this point, the cycle is updated to » = 0.
For each working section g(g > 1), its preceding
working section g', and all cycles » and r":

S(d,WE“‘,g,r,l) 2 C(d,WE\.L g r—La,y) + tc (1 1)

where S( ) denotes the start time of the

d Wi .g.rl
first activity in cycle r for working section g;
C

(d Wy 8" =1
in the previous excavation cycle » — 1 for the pre-

) is the completion time of a
ceding working section g’; ¢, represents the con-
crete curing time.

3.2.4 Logical constraints between activity flows
Following the activity logic of excavation leads, invert fol-
lows closely, secondary lining lags behind, dependency
relationships between activity flows are established based
on safety distances. For example, invert construction can
only start after the excavation working face ahead of it
has exceeded the safety distance, enabling staggered syn-
chronous operation of different cross-sections. The types
of safety distances are as follows:

1. Safety distance between working face and invert flow:

POSILW/W Lfiggesl POSd,W/m

v olsSiast 1 (12)
<Dist,, , VdeD

8y ”

Where Pos,,, , denotes the working face posi-

tion of the first working section in the latest cycle

LTt

7. Of the excavation flow (i.e., the working face);
Pos,, . , is the working face position of the
working section in the latest cycle s, of the invert
flow; Dist

distance between the working face and the invert

last

. represents the maximum safety
ag,Inv

working face.
2. Safety distance between working face and second-

ary lining flow:
PosdvWE« sl POSd’WLm JLtgo1 (13)
<Dist, ,N¥deD

lagy;,

Where Pos,,, , denotes the working face posi-
of
the secondary lining flow; Dist, . is the maximum

ag,Lin
safety distance between the working face and the

tion of the working section in the latest cycle ¢

last

secondary lining working face.
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3.2.5 Resource constraints

To prevent resource conflicts and over-allocation during
the dual-tunnel construction, the schedule must strictly
adhere to resource capacity limits. The resource con-
straints are formulated through a three-step process:
defining the real-time execution status of each activity,
calculating the cumulative periodic resource demand, and
imposing an upper bound based on available capacity.
The details of this three-step process are as follows:

1. Definition of activity execution status:

S, <t+M-(1-y,)Viel, VteT (14)
C >(t+1)-M-(1-y,)Viel, VteT (15)
Sy, =p Viel (16)

teT

Where y, is a binary variable that equals 1 if activity i
is in progress at hour ¢, and 0 otherwise. If activity i has
not started or has been completed by hour ¢, y, = 0; M
is a sufficiently large positive number, used to linearize
the constraints.

2. Calculation of periodic resource usage:

u, = 1y, VkekK, VteT (17)

Viel

Where u,, denotes the total usage of resource & at hour
t; r,, is the hourly demand of resource £ for activity i;
K is the set of all renewable resources (equipment, con-
struction teams); 7T'is the set of discretized time periods,
where (T={1,2, ..., T _})(unit: hour).

3. Total resource constraint:
u,<Q,, 0,21, VkeKk, VteT (18)

Where Q, is the available quantity of resource k € K.

3.2.6 Spatial coordination constraints for dual-tunnel
construction

At any time, the longitudinal distance between the fore-
most working faces of the two tunnels shall not be less
than a certain distance AD_. .

|Pos, = POSg | 2 AD

min > (19)
o={locw,}, ¢={lgeq, |

L,s,0,8,r)

3.2.7 Definition of mileage calculation
To accurately track the spatial progression of the tunnel
construction, the specific mileage position of an activity at

the " cycle is determined by accumulating the lengths of
all preceding excavation footages, as formulated in Eq. (20):

POS(d,S.w,g,r,a) = ;Lk’ rez (20)
where L, denotes the footage length of the k™ excavation
cycle (unit: meter).

3.3 Optimization objective and constraints for
minimizing the weighted resource standard deviation
3.3.1 Optimization objective 2: Minimizing the
weighted resource standard deviation

Traditional resource optimization often targets the abso-
lute peak usage (U;™). However, minimizing only the
peak frequently leads to gradient distortion in multi-ob-
jective evolution, failing to penalize extreme day-to-day
fluctuations below the peak. Therefore, this study adopts
the Weighted Resource Standard Deviation to continu-
ously evaluate the smoothness of resource allocation:
minZ, = Z w, -0, 1)

keK

1 Tinax
O, = \/T_ Z(”kt — My )2 (22)

max (=1

where w, denotes the weight of resource £, signifying its
relative importance and scale constraint. The o, is the
standard deviation of the utilization of resource k over
the entire scheduling period, and g, is the average hourly
consumption of resource k. By minimizing this objective,
the algorithm mathematically flattens the resource usage
curves, preventing sharp operational peaks and valleys.

3.3.2 Constraints: Minimizing the weighted resource
standard deviation

Constraints for minimizing the weighted resource stan-
dard deviation include all constraints specified in Model 1.
As expressed in Eq. (23), the constraint function is
designed to limit the maximum resource usage.

DAY

Ur =y u, (23)
t

As expressed in Eq. (24), the e-constraint function is
designed to ensure that the total project duration does not
exceed its optimal value by more than the relaxation factor ¢:

C... <(l+¢)-C,

m;

24

ax

where C.  denotes the benchmark optimal duration
obtained from Model 1; ¢ is the duration tolerance coefficient,



a predefined dimensionless small value. It represents the
maximum percentage of the model's duration that can be
sacrificed in exchange for better resource leveling.

The adoption of this sequential e-constraint strategy,
rather than simultaneous bi-objective optimization, is
driven by the physical reality of underground construction.
In theoretical mathematics, simultaneous optimization algo-
rithms treat both objectives with equal weight. To achieve
a perfectly flat resource curve, such algorithms frequently
delay non-critical (and sometimes critical) excavation tasks,
creating artificial idle times. While the resource variance
appears mathematically excellent, the absolute project
duration extends far beyond acceptable engineering limits
(the idle penalty trap). By optimizing time first to find the
absolute minimum duration (C,,, ), and then enforcing the
e-constraint tolerance, this model forces the algorithm to
level resources strictly within an operationally viable time-
frame, ensuring engineering practicality.

4 Algorithm design

To address the complexity of tunnel construction sched-
uling, this paper proposes a combined static and dynamic
scheduling method, termed HGA-RHO (Hybrid Genetic
Algorithm - Rolling Horizon Optimization). In the initial
phase of the project, the HGA generates a static, globally
optimal initial schedule (the baseline schedule). During proj-
ect execution, a rolling-horizon optimization mechanism is
used to dynamically reschedule periodically, thereby adapt-
ing to uncertainties encountered during construction.

4.1 Static global optimization via hybrid genetic
algorithm (HGA)
While modern swarm intelligence metaheuristics (such
as Particle Swarm Optimization or Whale Optimization
Algorithm) have gained immense popularity in recent lit-
erature, our selection of a Genetic Algorithm (GA) frame-
work is strictly dictated by the discrete topological nature
of dual-tunnel construction. Continuous swarm algo-
rithms rely on position-to-sequence mapping mechanisms
(like Largest Order Value) for scheduling. When these
algorithms update their continuous velocities or positions,
they indiscriminately shatter the rigid spatial and physi-
cal locks of dual-tunnel construction, e.g., strict stagger
distances between left and right tubes, leading to a cata-
strophic collapse in topological feasibility.

In contrast, the GA framework is natively discrete,
allowing us to deeply embed domain-specific topologi-
cal repair mechanisms directly into its genetic operators.
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Built upon the NSGA-II framework, our proposed Hybrid
Genetic Algorithm (HGA) utilizes a customized prece-
dence-preserving crossover and a workflow-aware smart
mutation. It applies a local search strategy to elite individ-
uals to enhance convergence speed while strictly main-
taining the topological validity of the generated schedules.
The ultimate goal is to obtain a Pareto-optimal solution
set that minimizes both the total project duration and the
Weighted Resource Standard Deviation.

4.1.1 Encoding and heuristic initialization

The algorithm employs a task priority-based permuta-
tion encoding scheme. A chromosome is represented as
a sequence of task indices, where the position of a gene
indicates the task's priority within the schedule. The ini-
tial population is generated using a novel Cycle-Aware
Topological Initialization strategy. Conventional topolog-
ical sorting generates purely random feasible sequences,
which frequently fractures the tightly coupled operations
within a single tunnel excavation cycle. To counter this, our
initialization heuristically detects the cycle ID attribute of
tasks. Once an excavation cycle is initiated, the generator
strongly binds its subsequent intra-cycle tasks, e.g., muck-
ing, temporary support, to form contiguous priority gene
blocks in the chromosome. This domain-specific initializa-
tion not only guarantees to improve topological validity but
inherently immunizes the initial population against severe
gap-induced idle penalties from generation zero.

4.1.2 High-resolution decoding and generalized lag
mapping

The decoding process employs a refined Serial Schedule
Generation Scheme (SSGS) to transform the chromosome
priority sequence into a feasible schedule. To overcome the
discrete overlap bugs inherently caused by integer-hour
modeling in conventional RCPSP, this study develops
a High-Resolution Time Scale mechanism, configured at
a 0.1-hour minute precision.

First, all operations are initialized as unscheduled.
The earliest start time for each task is calculated utiliz-
ing a Generalized Lag Mapping framework, which con-
verts conventional Precedence Relations into a dictio-
nary matrix accommodating exact spatial lag times
(LagiJ). Specifically, the earliest start time ES/ for task j is
strictly bounded by max(C, + Lagl.J.) for all predecessors i.
Subsequently, an adaptive step-size mechanism performs
high-precision resource availability checks across the
0.1 hour resolution arrays. Upon completing scheduling,
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the algorithm decodes the absolute physical makespan and
calculates the fitness values based on the penalized dura-
tion and resource standard deviation.

4.1.3 Crossover and mutation operators

The algorithm adopts the Order Crossover (OX) operator.
A gene segment from parent chromosome P, is randomly
selected and directly inherited by offspring chromosome
C,. The remaining positions in C, are filled sequentially
with genes from the other parent (e.g., P,) that are not
included in the inherited segment. The dual offspring is
generated in the same manner by swapping the parents'
roles. This crossover method (Fig. 3) maximally preserves
the superior subsequence structures of the parents without
disrupting the relative order of tasks, significantly reduc-
ing the probability of generating infeasible solutions.

To preserve structural feasibility while maximizing
search explosiveness, a Workflow-Similarity-Based Smart
Mutation operator is proposed. Standard random point
mutations blindly swap task indices, frequently violating
the spatial sequences of tunneling and generating infeasible
chromosomes. Instead, our operator employs a dual-mech-
anism: with a 50% probability, it triggers a global shuf-
fle for aggressive exploration; with the remaining 50%, it
executes an intelligent homologous substitution. It identi-
fies the workflow attribute, e.g., left-tunnel excavation vs
right-tunnel excavation, of the target gene and exclusively
swaps its priority with another task belonging to the iden-
tical workflow type. This mechanically sound perturbation
allows the algorithm to safely heuristically alter resource
contention priorities between parallel tubes without rup-
turing the intra-tube physical sequences.

4.1.4 Elite local search strategy

The algorithm gives strict priority to minimizing the proj-
ect duration; reducing the Weighted Resource Standard
Deviation is considered only when the durations of candi-
date solutions are identical.

Randomly select a contiguous

gene segment Dual offspring

mli]2]3]a]s]e]7] [1]2]s]4a]s

C1

P2

Fig. 3 Chromosome crossover method

In the initial stages, the population fully explores the
solution space through crossover and mutation operators.
Upon reaching a specified generation count, elite indi-
viduals identified during the global search are selected
to undergo a Hill-Climbing local search, subject to a pre-
defined local search probability. The number of search iter-
ations is adaptive, effectively controlling the search depth.

The neighborhood operations alternately employ swap
moves and insert moves. Specifically, these operations
involve randomly swapping the positions of two tasks or
removing a task and inserting it into a different position
within the sequence. This strategy ensures sufficient pertur-
bation of the task sequence, facilitating the escape from local
optima and accelerating convergence towards high-qual-
ity solution regions. The acceptance criterion adopts
Lexicographical Order to evaluate the fitness of neighbor-
hood solutions. If a generated neighboring solution outper-
forms the original elite individual, the elite is replaced.

4.2 Dynamic scheduling optimization mechanism based
on rolling horizon
While static optimization yields an ideal, globally optimal
schedule, it is inadequate for addressing unforeseen external
disturbances encountered during actual construction, such
as abrupt changes in surrounding rock conditions or varia-
tions in construction efficiency due to equipment failures.
Therefore, this paper proposes a dynamic schedul-
ing optimization method based on the Rolling Horizon
approach. By integrating Discrete Event Simulation
(DES) with a heuristic resource-constrained scheduling
algorithm, the proposed method can simulate two distinct
dynamic scenarios: standard-duration disturbances and
sudden resource breakdowns. This framework facilitates
continuous decision-making in construction, alongside
dynamic schedule optimization, enabling the assessment
of the impact of disturbance events on project progress.

4.2.1 Simulation clock advancement and disturbance
injection in rolling horizon

The dynamic scheduling optimization framework employs
a simulated global clock that advances cyclically with
a fixed time step. At the commencement of each simu-
lation cycle, the status of project tasks is evaluated and
categorized into one of four mutually exclusive states:
Completed, In-process, Scheduled, or Unscheduled. When
one or more disturbance events are triggered, the system
selects the specific tasks to be disturbed by sorting them



based on spatiotemporal priority. Subsequently, distur-
bance parameters are injected to simulate real-world con-
ditions. The exact steps are as follows:

1. Disturbance triggering: The occurrence of a distur-
bance event is controlled by verifying whether its
predetermined trigger time, 7, is less than or equal
to the current simulation clock time.

2. Candidate selection: All tasks currently in the
In-process, Scheduled, or Unscheduled states at the
disturbance time point are aggregated to form a set
of candidate tasks.

3. Priority sorting: Candidate tasks undergo multidi-
mensional spatiotemporal priority sorting. Based on
this priority, the target task located within the distur-
bance event window is selected. Factors influencing
priority include task status, start time, and longitudi-
nal segment (mileage).

4. Parameter injection: The corresponding distur-
bance coefficients are injected into the selected tar-
get task. This mechanism ensures that disturbances
are invariably applied to the most immediate task,
thereby accurately simulating the physical process of
disturbances propagating along the tunnel face.

4.2.2 Disturbance response model

Section 4.2.2 introduces the disturbance response model
designed to simulate real-world uncertainties during the
construction process. Specifically, the model addresses
two primary categories of dynamic disruptions: variations
in production efficiency due to geological changes, and
temporary resource shortages caused by equipment fail-
ures. The detailed response mechanisms and propagation
rules for these two scenarios are formulated as follows:

1. Production efficiency disturbances and cascad-
ing propagation: To address disturbance events that
directly impact operation duration—such as abrupt
changes in surrounding rock class, forced work stop-
pages, and rework—and to simulate the physical
authenticity of these disturbances, specific distur-
bance events are defined using the following control
parameters: window hours, disruption factor (F), dis-
rupt time, and rework ratio. In particular, given that
disturbances caused by changes in geological condi-
tions exert varying degrees of impact depending on
the task status and excavation zone, an additional pen-
alty is applied explicitly on top of the baseline disrup-
tion factor F to reflect this heterogeneity. The specific
operation to be disturbed is identified by sequentially
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sorting candidate tasks based on spatiotemporal pri-
ority. Priority is assigned to tasks that are currently in
process, have earlier start times, are located at lower
mileage (earlier longitudinal segments), and appear
earlier in the process sequence. When a task's dura-
tion is extended, delaying its completion, the system
recursively checks all scheduled successor tasks. If a
conflict arises (i.e., the finish time of the disturbed
predecessor i exceeds the planned start time of its
successor j), the successor task is forcibly postponed.
This recursive check continues for the subsequent
successors, ensuring that the delay effect propagates
thoroughly throughout the precedence network.

2. Temporary resource shortage disturbance and task
cancellation mechanism: In response to a sudden
reduction in resource supply due to equipment fail-
ures, the affected resource's available capacity is
immediately reduced to the failure level, and a spe-
cific recovery time is designated.

For tasks currently in progress: If a task is currently
consuming the affected resource, a work stoppage (wait-
ing period) is immediately imposed until the resource
becomes available or recovers. For scheduled but unstarted
tasks: Regarding tasks that are planned but have not yet
commenced during the failure window, if their projected
resource demand exceeds the reduced capacity limit, their
status is reset to unscheduled. Consequently, all their suc-
cessor tasks are recursively revoked and returned to the
unscheduled pool. This mechanism effectively simulates
a partial schedule breakdown resulting from resource
shortages, necessitating the rescheduling of subsequent
tasks where appropriate.

4.2.3 Heuristic local scheduling strategy

The dynamic scheduling decision-making process focuses
exclusively on tasks scheduled to commence within the
current time window. Once the propagation of disturbance
effects is complete, tasks that have reverted to an unsched-
uled status are re-inserted into the timeline.

To minimize computational overhead, the full HGA
is not re-invoked during this phase. Instead, the method
adopts a strategy that mimics the population initialization
step in the HGA, using neighborhood heuristic rules to sort
candidate tasks. Priority is assigned to tasks located on the
critical path and those positioned earlier in the sequence.

For these high-priority tasks, the system performs
a search using a small time step within the window
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to identify the earliest feasible start time that satisfies
resource constraints (accounting for resources currently
allocated to other scheduled tasks). This mechanism effec-
tively emulates the HGA's decoding process. Subsequently,
the simulation clock rolls forward by one time step, transi-
tioning the system into the next iteration cycle.

4.2.4 Real-time duration prediction and performance
evaluation

To ensure dynamic visibility of the project status, the sys-
tem predicts and records the final state of the entire proj-
ect. Upon completion of scheduling in each simulation
cycle, a rapid forward-pass calculation using the Critical
Path Method (CPM)—with relaxed resource constraints—
is performed for all remaining incomplete tasks based on
the currently scheduled tasks.

This process predicts the project's final completion time
and Weighted Resource Standard Deviation, which are
then recorded in the historical log. These records provide a
basis for subsequent analysis of schedule robustness, eval-
uation of duration deviations caused by disturbances, and
implementation of timely corrective actions.

5 Case verification

5.1 Case data

This study validates the proposed method using a specific
dual-tunnel highway project as a case study. The con-
struction organization design covers the sections from
ZK27+415 to ZK27+515 (Left Tube) and YK27+404 to
YK27+504 (Right Tube). The Two-Bench Four-Step exca-
vation method is adopted for construction. Consequently,
the workflow comprises four excavation construction
zones, five standard excavation operations, one inverted

arch construction zone, and one secondary lining con-
struction zone. The project involves a total of 3,412 oper-
ations: 3,360 excavation, 34 inverted arch, and 18 sec-
ondary lining. The project utilizes 12 distinct types
of resources. Based on the project's specific construc-
tion scheme and the Chinese standard "JTG F90-2015
Safety Technical Specifications for Highway Engineering
Construction" [35], the basic construction design parame-
ters are presented in Table 1. Furthermore, statistical data
derived from construction ledgers and design documents
regarding the average construction rate per linear meter,
resource demand, and resource capacity limits for each
operation are detailed in Table 2.

5.2 Static and dynamic optimization schemes

The proposed Hybrid Genetic Algorithm (HGA) and the
rolling optimization algorithm were executed with the
following parameter configurations: a population size of
120, 140 generations, a crossover probability of 0.8, and
a mutation probability of 0.2. Six sets of Pareto optimal
solutions (Pareto Front) were obtained from the optimi-
zation process. Each scheme represents a feasible opti-
mal solution derived under a specific trade-off preference
(balancing time and resources). The corresponding rela-
tionship between Total Duration and Weighted Resource
Standard Deviation is illustrated in Fig. 4.

Among the solutions obtained, Fig. 5 represents the opti-
mal solution characterized by the shortest duration, achiev-
ing a Fitness Makespan of 223.3 day, Physical Makespan of
122.2 day and the Weighted Resource Standard Deviation
of 37.88. Furthermore, project managers can select the most
appropriate scheme based on the specific urgency or trade-
off preferences regarding project duration versus resource

Table 1 Basic parameters of actual construction

Duration (h/m)
Safety distance Cycle footage Survevin Blasting/Mechanical ~ Mucking and Initial Concrete
ying excavation ventilation support curing

Excavation zone 1 1.2m 0.45 3.24 0.54 0.648 168

3~5m
Excavation zone 2 1.2m 0.45 1.62 0.27 0.324 0

2.5~3m

Excavation zone 3 1.2m 0.45 1.62 0.27 0.324 0

2~3m
Excavation zone 4 1.2m 0.4 1.68 0.27 0 0
Inverted arch zone Distance to face <40 m 6m 5
Secondary lining zone  Distance to face <60 m 12m 4
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Table 2 Resource requirements for labor, materials, and equipment

Resource Excavation Excavation Excavation Excavation Inverted arch Secondary Total resource
weight zone | zone 2 zone 3 zone 4 zone lining zone limit O,
Surveying team 0.1 1 0 0 0 0 1 4
Workers 0.2 9 4 4 3 12 12 130
Steel 0.05 868.4 104.7 104.7 0 1212.7 946.5 50000
Concrete 0.2 7.5 0.78 0.78 0 27.38 14.42 50000
Excavator 0.01 1 1 1 1 1 0 5
Loader 0.05 1 1 1 1 1 0 4
Mucking truck 0.05 4 4 4 4 4 0 16
Wet shotcrete machine 0.05 1 1 1 0 0 0 3
Concrete mixer truck 0.05 2 1 1 0 4 4 8
Excavation trolley 0.05 1 0 0 0 0 0 4
Waterproofing trolley 0.05 0 0 0 0 0 2 2
Lining gantry 0.05 0 0 0 0 0 2 2
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Fig. 5 The multi-objective convergence curve of the HGA algorithm

leveling. Linear scheduling method static optimization for
dual-tunnel construction scheduling is illustrated in Fig. 6.
As observed in Fig. 6, the construction progress curves for

the left and right tubes remain generally parallel, exhibit-
ing a coordinated construction rhythm and tight sequenc-
ing between operations. Furthermore, the constraints
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Fig. 6 Linear scheduling method static optimization for dual-tunnel construction scheduling

regarding the minimum safety distance between adjacent
operations are strictly satisfied, thereby demonstrating the
effectiveness of the spatiotemporal constraints incorpo-
rated into the proposed model.

5.3 Analysis of optimization strategies

To rigorously justify the adoption of the sequential e-con-
straint method over traditional simultaneous multi-objec-
tive optimization, a comparative analysis of their solu-
tion spaces was conducted. We evaluated a pure NSGA-II
approach—which simultaneously minimizes project
duration and resource standard deviation—against the
solutions derived from the proposed e-constraint HGA
(¢=10.15). As illustrated in Fig. 7, the simultaneous optimi-
zation approach generates a highly dispersed mathematical
Pareto front. To achieve marginal reductions in resource
fluctuations, pure NSGA-II frequently resorts to severely
extending the total project duration, which is completely
unviable in highly capital-intensive tunnel projects.

In the purely physical perspective illustrated in
Fig. 7 (a), despite a generous tolerance margin of approx-
imately 18 days between the minimum duration and the
e-tolerance limit, the optimal solutions generated by the
HGA do not disperse toward the right. Although this
15% physical relaxation mathematically permits sched-
ule delays for the sake of resource leveling, the workflow
interruptions induced by such delays incur exorbitant idle
penalties. Consequently, these discontinuous pseudo-opti-
mal schedules are rigorously eliminated during the com-
prehensive evaluation shown in Fig. 7 (b). Fig. 7 (b) reveals

the engineering reality through a comprehensive evalua-
tion perspective, which strictly incorporates idle penal-
ties to penalize workflow interruptions. Certain opti-
mal solutions derived from the e-constraint method left
of the minimum duration boundary. This phenomenon
arises because the first stage minimizes the comprehen-
sive makespan, which explicitly incorporates idle penal-
ties. During the second-stage search, the algorithm further
compresses the purely physical timeline through aggres-
sive task overlapping. However, this compression inevi-
tably induces more severe idle penalties. Since their total
comprehensive durations still remain within the permissi-
ble (1 + &) boundary, these solutions are preserved as valid
alternatives. Therefore, the e-constraint method compels
the HGA to level resources exclusively by fine-tuning the
priorities of parallel tasks while strictly preserving con-
struction continuity, ultimately achieving the lowest pos-
sible resource variance. This empirically proves that the
e-constraint method is fundamentally necessary to bridge
the gap between abstract mathematical optimality and the
strict spatiotemporal realities of dual-tunnel construction.

5.4 Comprehensive Algorithm Benchmarking and
Mechanism Analysis

To rigorously evaluate the superiority and necessity of
the proposed Customized HGA, a comprehensive bench-
mark was conducted against four representative optimi-
zation algorithms: Standard NSGA-II, Multi-Objective
Whale Optimization Algorithm (MOWOA), Simulated
Annealing (SA), and Particle Swarm Optimization (PSO).
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To ensure absolute computational fairness, all algorithms
utilized identical population sizes, generation limits, and
decoding scheme.

Benchmarking results as Fig. 8 reveal a critical incom-
patibility between continuous swarm intelligence algo-
rithms and strict precedence-constrained scheduling:

1. Topological feasibility collapse: As shown in
Fig. 8 (a), MOWOA and PSO exhibit a near-zero fea-
sibility rate throughout the iterations. Their contin-
uous position updating mechanisms, when mapped
back to discrete sequences, fundamentally shat-
ter the complex topological network of dual-tun-
nel construction. They exhaust vast computational
resources evaluating invalid sequence combinations.

2. The idle penalty bottleneck: Fig. 8 (b) illustrates the
convergence of the fitness makespan (incorporating
penalties for resource waiting). Standard discrete
algorithms (NSGA-II and SA) bypass the continuous
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mapping trap but struggle to eliminate high idle pen-
alties. Their generic random mutation operators fre-
quently fragment the tightly coupled sequential tasks
within a single excavation cycle, causing dependent
tasks to be interrupted by other out-of-order activ-
ities. In stark contrast, the proposed HGA consis-
tently dominates the benchmark, maintaining a high
feasibility rate and ultimately converging to the abso-
lute optimal physical makespan as Fig. 8 (c). This
overwhelming superiority is strictly attributed to its
domain-specific genetic operators. The Cycle-aware
Topological Initialization inherently immunizes the
population against gap-induced idle penalties, while
the Workflow-Similarity-based Smart Mutation
restricts genetic swaps to tasks with equivalent engi-
neering logic. This equips the HGA with aggressive
exploratory power while acting as an impenetrable
shield against cycle-breaking penalties.
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5.5 Comprehensive performance comparison of static
and dynamic optimization algorithms

The static optimization results serve as the theoretical
benchmark, whereas the rolling-horizon dynamic opti-
mization simulates the periodic dynamic updating of
the schedule and duration forecasts as construction pro-
gresses. For the rolling horizon dynamic scheduling strat-
egy, the time step was set to 1 day. Under ideal conditions
without disturbances, the predicted total project duration
is 125.6 days. To evaluate the solution quality, efficiency,
and stability of the proposed algorithms, a comparative
analysis was conducted among the Genetic Algorithm
(GA), Hybrid Genetic Algorithm (HGA), and the Rolling
Horizon algorithm using the aforementioned case study.
The statistical results of 25 independent runs for each
algorithm are shown in Table 3.

The results demonstrate that the HGA exhibits a sig-
nificant improvement in optimization stability regarding
project duration compared to the standard GA. The roll-
ing-horizon dynamic scheduling optimization is signifi-
cantly superior to the HGA in terms of stability and com-
putational cost, though it is slightly inferior in global
optimality. Nevertheless, compared to the actual project
completion duration of 139 days, the two methods achieved
duration reductions of 13.3% and 11.5%, respectively.

5.5.1 Sensitivity analysis of disturbance timing

To investigate the adaptability of scheduling schemes
under different conditions and the sensitivity of distur-
bance timing, four distinct disturbance scenarios were
defined and injected at three different stages of the proj-
ect lifecycle: Early, Middle, and Late (measured in days).
These scenarios were compared against the Ideal Scenario
(free of external disturbances) to analyze the dynamic
response characteristics of the rolling horizon optimiza-
tion in handling sudden disturbances. The experiment
examines the system's immediate reaction to disturbance
shocks, the evolutionary trajectory of long-term predic-
tions, and the stability of resource utilization.

Table 3 Comparison of results between static and dynamic optimization

Weighted
Duration Resource Computing Standard
(days) Standard time (s) deviation
Deviation
GA 148.72 36.08 689.62 12.61
HGA 123.10 38.88 671.09 1.87
RH (Ideal) 125.60 47.16 28.40 0

The parameters for the construction disturbance sce-
narios are as follows: Scenario A (Geological Change):
a reduction in construction rate due to sudden changes
in geological conditions. The disturbance impact factor
F is set to 1.5 (the duration of affected tasks is extended
to 1.5 times the original planned duration). Scenario B
(Forced Stoppage): Construction stagnation caused by a
forced work stoppage. The stoppage duration is 48 hours,
with a disturbance event window of 1 hour. Scenario C
(Quality Rework): Rework caused by quality non-confor-
mance. The rework ratio is 0.5 (the duration of affected
tasks is extended by 50% of the original planned dura-
tion)—scenario D (Equipment Failure): A decrease in effi-
ciency caused by equipment failure. The failure is sim-
ulated on an excavator, resulting in a 50% reduction in
total production capacity. Note: The disturbance event
windows for Scenarios A, C, and D are all set to 72 hours.

Fig. 9 illustrates the spatiotemporal-resource coupling
characteristics of dual-tube tunnel construction based
on rolling horizon optimization under ideal scenarios.
The chart maps the Linear Scheduling Method (LSM) dia-
gram and the predicted resource smoothness onto a shared
time axis. This multidimensional visual integration intui-
tively reveals the dynamic squeezing effect of spatial topo-
logical constraints on global resource scheduling flexibil-
ity during the construction process.

The evolutionary trajectory of resource smoothness
exhibits a high degree of causal coupling with the spatial
unlocking process of the working faces. This evolution
can be primarily delineated into three stages:

1. Initial high-degree-of-freedom peak-shaving period
(Days 0-20): During the early construction phase,
only the excavation of the left tunnel face (L-Tunnel
Excavation) proceeds as a single workflow. Devoid
of spatial entanglements from subsequent activities,
the heuristic algorithm possesses significant sched-
uling elasticity (slack time) within the rolling hori-
zon. Through staggered scheduling, the algorithm
successfully achieves peak-shaving and valley-fill-
ing within the working parts, driving the resource
standard deviation down sharply from an initial 48
to a nadir of approximately 31, thereby reaching
a theoretically optimal state of resource equilibrium.

2. Spatial constraint triggering and resource deterio-
ration period (Days 20—80): As the excavation mile-
age accumulates, a series of rigid physical constraints
are triggered. Around Day 20 and Day 40, having
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Fig. 9 Dynamic evolution analysis of spatiotemporal-resource coupling in the dual-tube tunnel under the ideal scenario

satisfied the single-tube maximum lag constraints
(preventing operational detachment) and the dual-
tube minimum stagger constraints (preventing blast-
ing interference), the invert and lining activities of
both tunnels are mandatorily unlocked in succession.
As depicted in Fig. 9, the take-off of each new activity
line in the background precisely corresponds to a step-
like leap in the upper bright orange curve. This phe-
nomenon indicates that, to satisfy the stringent topo-
logical shackles, high-energy-consuming tasks are
forced into overlapping time windows. Consequently,
the algorithm's peak-shaving solution space under-
goes step-wise compression, leading to an irreversible
physical deterioration of resource smoothness.

. Fully-loaded steady state and tail-end convergence

period (Day 80 to completion): After Day 80, the red
and blue lines representing the six core workflows
of both tunnels fully intertwine, indicating that the
tunnel construction has entered a fully-loaded steady
state. At this point, the complexity of the spatial net-
work topology reaches its peak, and the resource fluc-
tuation forms an oscillating plateau in the high-value
range of 45-50. In the tail-end period of the project
(after Day 100), as the excavation operations suc-
cessively achieve breakthrough, the most stringent
face-pulling constraints are lifted. The withdrawal of
high-energy-consuming equipment releases schedul-
ing elasticity, prompting a gentle downward conver-
gence of the resource standard deviation curve.

Figs. 1012 illustrate the trends in the predicted total dura-
tion, the duration deviation between the ideal and disturbed
scenarios, and the Weighted Resource Standard Deviation as
the rolling-horizon simulation clock advances under different
disturbance types and timings. Figs. 1012 intuitively reflect
the optimization strategy of dynamic scheduling: compen-
sating for the impact of disturbances by re-coordinating the
duration and resource usage of various operations.

When a disturbance is applied during the early con-
struction phase (as illustrated in Fig. 7, where it occurs at
T = 30), its impact propagates widely across subsequent
operations. Although the immediate rescheduling of sub-
sequent tasks is prompt and subtle, the magnitude of the
impact progressively amplifies as time advances.

This phenomenon can be attributed to the fact that early
disturbances primarily affect tunnel excavation tasks. Since
the duration of a single excavation cycle is relatively short,
short-term coordination is manageable. However, as the
project progresses and an increasing number of operations
commence simultaneous execution, the accumulation of ini-
tially minor impacts results in more significant fluctuations.

Nevertheless, since resource utilization has not yet
reached its peak capacity at this stage, the heuristic sched-
uling strategy can effectively leverage resource buffers and
the free float (slack time) of non-critical tasks to absorb the
shock. This demonstrates the proposed dynamic schedul-
ing approach's ability to recover from disturbances during
the carly stages.

When disturbances are introduced during the intermedi-
ate construction phase (at 7= 60, as illustrated in Fig. 8), the
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Fig. 10 (a) Prediction of duration and (b) Weighted resource leveling,
and (c) Duration variation analysis under disturbance on Day 30

variations in both project duration and weighted resource
standard deviations within the current time window are sig-
nificantly amplified. This phenomenon is attributed to the
concurrent advancement of multiple operations, includ-
ing excavation, inverted arch construction, and second-
ary lining. Consequently, a substantial variety and quan-
tity of resources are currently occupied, causing the system
to operate in a state nearing its resource capacity limits.
Under such tight constraints, even minor disturbances trig-
ger extensive adjustments to subsequent tasks, exerting a
relatively severe impact on the overall construction process.

When disturbances are introduced during the late
construction phase (at 7 = 100, as shown in Fig. 8), the
fluctuation in project duration decreases compared to
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Fig. 11 (a) Prediction of duration and (b) Weighted resource leveling,
and (c) Duration variation analysis under disturbance on Day 60

the intermediate phase but remains significant. This is
attributed to the fact that the construction of the left tube
has been fully completed by this stage, leaving only the
tasks for the right tube to be executed. Consequently, the
number of tasks available for scheduling is reduced, and
resource demand becomes relatively concentrated. Under
these conditions, the impact of disturbances on extending
the project duration remains pronounced.

Table 4 reveals that under complex spatial constraints,
the impact of dynamic disruptions on the total makespan
exhibits
The magnitude of the impact depends not on the absolute

highly nonlinear temporal characteristics.
severity of the disruption, but rather relies heavily on the

spatiotemporal network state at the time of triggering:
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Fig. 12 (a) Prediction of duration and (b) Weighted resource leveling,

and (c) Duration variation analysis under disturbance on Day 100

L.

High-degree-of-freedom period (T = 30): Perturbation
optimization effect. During the early construction
phase, the system possesses abundant slack time.
Disruptions (e.g., Scenarios A and D) do not cause
delays but act as perturbation operators, forcing the
heuristic algorithm to escape local optima, dynam-
ically reorder the cut-in sequence of the subsequent
invert and lining activities. Capitalizing on the high
initial degrees of freedom, the algorithm not only
absorbs the disruption entirely but also serendipi-
tously discovers a more compact resource-leveling
sequence, achieving perturbation optimization.

. Fully-loaded steady state (T = 60): Day 60 represents

the fully-loaded steady state, where all six work-
flows of the dual tubes comprehensively intertwine.
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Table 4 Predicted duration values under four scenarios at three distinct
disturbance time points

Scenario A Scenario B Scenario C  Scenario D

Disrupted

=130 124.7 125.6 125.6 1247
Difference

from ideal -1.8 0 0 -1.8
case

Disrupted

T=60 125.6 124.6 124.6 126.1
Difference

from ideal 32 -1.9 -1.9 0.5
case

Disrupted

T=100 125.6 127.5 125.6 125.6
Difference

from ideal 0 1.9 0 0

case

Synchronization barrier effect. At this stage, the dual-
tube spatial stagger constraints strictly compress the
scheduling solution space. While efficiency drops
cause significant delays, specific forced stoppages
(e.g., Scenarios B and C) physically act as synchro-
nization barriers. These barriers forcefully align the
spatial steps of subsequent working faces, effectively
reducing future fragmented idle time within the sys-
tem, thereby triggering makespan reductions again.

3. Tail-end convergence period (T = 100). At Day 100,
the tunnel face excavation is essentially broken
through, high-energy-consuming equipment is with-
drawn, and the project enters the wrap-up phase
dominated by invert and lining operations. Since
excavation is complete, disruptions targeting exca-
vation efficiency (A), rework (C), or excavator avail-
ability (D) fail to impact the critical path and are
effectively neutralized. However, Scenario B is an
indiscriminate safety stoppage. In the final stage
of the project, almost all remaining tasks reside on
the critical path. With a forced 48-hour standstill,
the system is left with zero subsequent slack time
to absorb the delay. Consequently, this 48-hour stop-
page is converted at a nearly 1:1 ratio into an irre-
versible makespan delay.

6 Conclusions

Addressing the characteristics of multi-cycle operations
and multi-spatial constraints in dual-tunnel construction,
this paper develops a high-fidelity multi-objective sched-
uling optimization model to minimize both the total proj-
ect duration and Weighted Resource Standard Deviations,
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the traditional fixed duration—resource leveling problem
is re-engineered through a micro-spatiotemporal lens.
A comprehensive tunnel scheduling optimization frame-
work is established by integrating HGA-based static opti-
mization with Rolling Horizon-based dynamic scheduling.
The specific conclusions are summarized as follows:

1. The proposed Hybrid Genetic Algorithm (HGA)
successfully eliminates the pervasive issue of topo-
logical deadlocks in narrow spaces. Furthermore,
a fine-grained time-slice mapping mechanism is
embedded to eradicate microscopic resource frag-
mentation. Algorithmically, the HGA significantly
enhances the global exploration boundary through
an unbiased topological sequence initialization,
while ensuring intra-cycle operational continu-
ity via a dynamic penalty function. By integrating
elite local search operators, the algorithm effectively
overcomes genetic hardening. The static optimiza-
tion results for the 100 m dual-tunnel case reduced
the construction duration by 13.3% compared to the
actual duration, generating a uniformly distributed
Pareto front that offers a diverse trade-off between
speed and resource leveling.
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