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Abstract. Pile foundation scheduling of super-large engineering structure presents significant concerns and challenges due
to the dynamically triggered and evolved vibration exclusion zones generated by impact boring. However, conventional re-
source-constrained project scheduling theories often exhibit spatial blindness, resulting in cascading construction critical path
delays. Therefore, this study proposes a Topologically Adaptive Ant Colony Optimization (TA-ACO) algorithm embedded within
a state-dependent simulation environment. The algorithm employs a dual-colony cooperative mechanism to effectively de-
couple the adversarial resource coupling between piling crews and grouting crews. Specifically, a novel look-ahead heuristic
strategy is introduced, guiding crews to maximize spatial sparsity, which is analogous to solving the Maximum Independent
Set problem and avoiding topological deadlocks. Computational experiments demonstrate that TA-ACO effectively mitigates
spatial fragmentation and reduces the project makespan by 21.5% to 28.3% across different large-scale instances, compared
to the industry-standard greedy strategy. The engineering application results of large airports show that the proposed algo-
rithm compressed the construction period of a critical zone, which includes 97 pile foundations, from 47 days to 34 days, se-
curing a valuable 13-day lead time for subsequent superstructure assembly.

Keywords: intelligent construction, project scheduling, pile foundation, ant colony optimization, decision-dependent uncertainty, spatio-temporal con-

straints.
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1. Introduction

In mega-infrastructure projects, such as integrated airport
hubs and high-speed rail terminals, project managers must
shorten construction schedules while satisfying strict spa-
tio-temporal restrictions in subsurface operations. Conven-
tional project management theory, rooted in the classical
Resource-Constrained Project Scheduling Problem (RCPSP)
formally introduced in the 1960s (Mozhdehi et al., 2024;
Hartmann & Briskorn, 2022; Ding et al., 2023), predomi-
nantly postulates that time is the primary decision variable
while renewable resources constitute the limiting bottle-
necks. These models are effective for representing pre-
cedence relations, crew capacities, and equipment limita-
tions, where the feasibility of an activity is mainly deter-
mined by resource availability and temporal logic. How-
ever, they usually treat the physical workspace as a fixed

background condition rather than as a decision-sensitive
constraint that can alter the feasibility of subsequent ac-
tivities. Furthermore, this theoretical framework frequently
exhibits what has been termed spatial blindness, wherein
physical space is regarded merely as a static container for
activities rather than a constraint (Li et al, 2025; Zhang
et al., 2024). Unlike superstructure assembly, in the domain
of Pile Foundation Construction Scheduling Problem (PFC-
SP), physical space must be reconceptualized not as a pas-
sive vessel, but as a scarce, depletable, and dynamic re-
source that dictates the feasibility of execution sequences.

The problem undergoes a fundamental change when
geotechnical vibration constraints are introduced. Specifi-
cally, impact-bored piling generates intense shear waves
that can structurally compromise adjacent concrete during
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its critical early-age curing phase (Hong & Park, 2015; Zhu
et al,, 2025). This physical phenomenon manifests manage-
rially as a highly unusual constraint morphology: Endoge-
nous Spatio-Temporal Constraints (ESTC). Under ESTC, for-
bidden zones are not pre-defined static areas; rather, they
are dynamically triggered, positioned, and timed solely by
the scheduling decisions themselves. Consequently, the
scheduler is not merely navigating a static maze but is
dynamically constructing the walls of the maze with every
task assigned, creating a form of decision-dependent un-
certainty where a current action instantaneously reshapes
the feasible search space for all future tasks.

Despite the theoretical maturity of the classical RCP-
SP, its application to this domain is fundamentally lim-
ited by its reliance on idealized assumptions. As explic-
itly noted in the comprehensive survey by Hartmann and
Briskorn (2022), classical models are typically predicated
on exogenous constraints, limits that exist prior to proj-
ect commencement, rendering them structurally unable
to capture the decision-dependent dynamics of ESTC.
More recent extensions, such as the Multi-Skilled RCPSP,
have improved classical scheduling models by consider-
ing workforce flexibility, skill substitution, and collaborative
resource allocation. For example, recent heuristic and me-
ta-heuristic studies have focused on assigning heteroge-
neous workers to tasks more efficiently under skill-related
constraints (Vermeire & Vanhoucke, 2025; Hu et al., 2025).
However, these models mainly address the substitutability
of resources, whereas the PFCSP is governed by a different
type of coupling: piling crews generate vibration exclusion
zones, while grouting crews help release these constraints
by completing the subsequent curing-related process. The
PFCSP is not defined by resource flexibility, but by a strict
adversarial coupling of heterogeneous resources, a com-
plexity that transcends standard multi-skilled modeling
(Chen et al., 2026). In this context, piling crews act as con-
straint generators (creating vibration zones), while grout-
ing crews act as constraint relievers (completing tasks to
eventually lift restrictions). This bidirectional interaction
breaks the logic of traditional priority rules, necessitating
a specialized solver capable of managing dynamic topol-
ogy rather than static assignment.

To precisely position the research gap, we categorize
the spatio-temporal constraints found in the literature into
a hierarchy based on their dependency on scheduling de-
cisions.

The first level comprises Static Constraints, a category
extensively studied in manufacturing and site layout plan-
ning. In these domains, such as block assembly in ship-
building (Ge & Wang, 2021; Kwon & Lee, 2015) or precast
site layout (Yang et al., 2024), exclusion zones are deter-
ministic and fully defined prior to project commence-
ment (Abotaleb et al., 2016; Lei et al, 2026). Although
computationally demanding, the solution space in these
problems remains fixed, allowing algorithms to optimize
within a static geometric boundary. In such settings, the
spatial conflict relationships can be largely identified be-

fore scheduling, and a candidate sequence is evaluated
against a pre-defined conflict structure. This assumption
is not held in PFCSP, because the conflict structure is ac-
tivated only after specific piling and curing operations are
scheduled.

The second level involves Exogenous Dynamic Con-
straints. Here, resource availability or spatial accessibility
fluctuates over time, but these variations are dictated by
external factors independent of the scheduler’s actions.
Quintessential examples include calendar-based unavail-
ability (Pfitzner et al.,, 2025; Zhang et al., 2020), weath-
er-induced shutdowns in offshore construction (Kerkhove
& Vanhoucke, 2017), or tidal windows in port scheduling
(Zhong et al,, 2022). While the feasible domain is dynam-
ic, its evolution follows a predictable or stochastic pattern
that is exogenous to the optimization process itself. The
scheduler therefore responds to a changing environment,
but does not create the changing constraints. By contrast,
in impact-bored piling, each scheduling decision may itself
generate a temporary exclusion zone and thereby reshape
the feasible domain for subsequent decisions.

The third level, which is the focus of this study, involves
Endogenous Decision-Dependent Uncertainty. This repre-
sents the most complex constraint morphology, where the
emergence, location, and duration of constraints are direct
consequences of the scheduling decisions. While decision-
dependent uncertainty has garnered attention in diverse
fields, such as patient no-show probabilities in appoint-
ment scheduling (Cheng et al., 2024; Homem-de-Mello
et al,, 2022), risk profile changes in R&D portfolios (Han
et al,, 2024; Jing & Fu, 2026), and cascading failure sce-
narios in power grid hardening (He et al,, 2025; Ma et al.,
2025) — these studies mainly show that decisions can in-
fluence future uncertainty sets or system states through
changes in probabilities, risks, capacities, or scenario struc-
tures. In contrast, the PFCSP involves decision-induced
physical exclusion zones with explicit locations, durations,
and hard safety implications. Existing approaches, such as
those for construction scheduling (Pfitzner et al., 2025; Sal-
hab et al,, 2026), primarily focus on the resolution of sto-
chastic parameters or non-anticipativity. In contrast, the
PFCSP requires managing the deterministic generation of
transient exclusion zones.

Within construction scheduling, the closest line of re-
search concerns workspace interference and spatial con-
flict management (Tao et al., 2018), for example, con-
sidered location and congestion effects in space-time
repetitive project scheduling, which provides an important
basis for incorporating spatial interactions into scheduling
models. However, such interference is generally formulat-
ed as a soft congestion cost or as a multi-objective trade-
off between workspace utilization and schedule efficiency.
This treatment is suitable when limited interference can be
tolerated or penalized. In contrast, vibration interference
in impact-bored piling is a hard safety constraint: once
a pile enters the early-age curing period, nearby piling
operations must be prohibited rather than simply penal-
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ized. Similarly, BIM-based automated planning methods,
such as proposed by Ostapska et al. (2025), are effective
for detecting geometric collisions or sequencing opera-
tions based on known spatial objects, but they generally
address pre-defined or directly observable spatial conflicts.
They do not explicitly model exclusion zones that are en-
dogenously triggered, propagated, and released by sched-
uling decisions.

Motivated by the above gap, this study formulates the
PFCSP as a scheduling problem with heterogeneous crews
and endogenously generated spatio-temporal exclusion
zones. To solve this problem, we develop a Topological-
ly Adaptive Ant Colony Optimization (TA-ACO) algorithm
embedded within a state-dependent simulation environ-
ment, so that the feasible workspace can be updated after
each scheduling decision. Unlike generic metaheuristics or
standard ACO variants applied to RCPSP (Ding et al., 2023),
TA-ACO is engineered with deep spatio-temporal insight:
it employs a novel look-ahead factor that guides piling
crews to maximize spatial sparsity, analogous to solving
the Maximum Independent Set problem, while directing
grouting crews to prioritize constraint relaxation. To vali-
date the proposed approach, we implemented the algo-
rithm within the scheduling management of a real-world
mega-airport hub project in Southwest China. Computa-
tional experiments demonstrate that the TA-ACO reduces
the project makespan by up to 28.3% against the industry-
standard greedy strategy. Microscopic analysis reveals that
this performance gain stems from the algorithm'’s capa-
bility to prevent spatial fragmentation, thereby maintain-
ing high active workfront density throughout the project
lifecycle. Furthermore, in a field application within a criti-
cal pilot zone, the optimized schedule successfully com-
pressed the construction period from 47 days to 34 days,
securing a valuable 13-day lead time for subsequent su-
perstructure assembly.

The remainder of this paper is organized as follows.
Section 2 formulates the PFCSP using a Mixed-Integer Lin-
ear Programming model. Section 3 details the proposed
TA-ACO algorithm. Section 4 presents computational ex-
periments and microscopic analysis based on a real-world
project. Section 5 discusses the mechanism of spatial frag-
mentation and managerial implications.

2. Problem formulation

To provide a precise and unambiguous definition of the
PFCSP, this chapter develops a comprehensive Mixed-In-
teger Linear Programming (MILP) model. This model for-
malizes the problem’s variables, objective function, and
the full set of operational constraints. By capturing the
problem'’s structure with mathematical rigor, this formula-
tion not only clarifies its inherent complexity but also pro-
vides the foundation for the exact solution method used
for performance benchmarking in our computational ex-
periments.
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2.1. Model components and notation

The mathematical model is constructed upon a defined set
of indices, parameters, and decision variables. These com-
ponents are detailed in Tables 1-3.

2.2. Mathematical model

The primary goal of the PFCSP is to complete the entire
construction project as quickly as possible. This is achieved
by minimizing the makespan, which is defined as the finish
time of the last-completed task in the project. The objec-
tive function is therefore:

Minimize C,__. . )]

The minimization of the objective function is subject to
the following sets of constraints that govern task assign-
ment, timing, precedence, crew routing, and the unique
spatio-temporal interactions.

D xe=1 VeT, @
ceCp
St e, o
cng
Cmaxzfj’ VvjeT: ©)
stg(j)Zf-, vjeT,, (6)
> Yo =1 Veed; )
JeT
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JeT

Z yUC=ch,VjeT, veed; ©)
€7y, j=i

Z Yije =X VIET, Ve €C; (10
jeTy =i
Stj 2 fl + Tiravet (i’j)_M'<1_yUc)'
VieTy, VjeT,i=j,VceC; (11)

f gstg(h)+M-(1—zih), Vi,heTP, i=h D, =1 (12)

st > Foypy + T —M(1—2,,),
Vihe TP, i=h, D, =1. (13)

The objective function (1) seeks to minimize the proj-
ect makespan, which represents the total time required to
complete all construction tasks. Assignment constraints (2)
and (3) ensure that each piling task is assigned to exact-
ly one piling crew, and each grouting task to exactly one
grouting crew. Task timing and makespan constraints are
established by (4) and (5). Constraint (4) defines the rela-
tionship between a task's start time, duration, and finish
time, while constraint (5) links the makespan to the finish
time of all individual tasks. The technological precedence
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Table 1. Set definitions

Symbol Description
P Set of piles, indexed by p.
T, T, Sets of piling tasks and grouting tasks, respectively, indexed by i, j.
T Sets of all real tasks.
T Set of all tasks including the virtual depot.
Cp Cy C Sets of piling crews, grouting crews, and all crews, respectively, indexed by c.

Table 2. Parameters

Parameters Description
d; The processing time of each taskj € T.
Tiravet (i J) | The travel time for any crew between the location of task i € 75 and task j € 7,

Teure The mandatory concrete curing time that must elapse after a grouting task is completed.

Dsae The minimum safety distance that must be maintained for any piling activity.

90) A mapping function, where for each piling task j € 7,, g(j) denotes its corresponding grouting task in T,.

Dy, A pre-calculated binary parameter for each pair of a piling task i € 7, and a grouting task j € 7. Dy, = 1 if the physical
distance between the piles associated with tasks i and j is less than or equal to Dy, and Dy, = 0 otherwise.

M A sufficiently large positive constant.

Table 3. Decision variables

Variables Description

st; The start time of each task j € 7.

fi The finish time of each task j € 7

Crnax The makespan of the project, defined as the completion time of the last task.

Xjc An assignment variable, where x;. = 1 if task j € T'is assigned to crew ¢ € C, and 0 otherwise.

Yije A sequencing variable, where y;. = 1 if crew ¢ € C performs task j € Timmediately after { € 7y, and 0 otherwise.

Zip A binary variable used to linearize the disjunctive ESTC constraint. z;, = 1 indicates that piling task i is scheduled after the
curing-related exclusion period of pile h; otherwise, piling task i must be completed before that exclusion period starts.

constraint (6) enforces the fundamental construction logic:
the grouting of any pile cannot commence until its corre-
sponding piling task has been completed.

Crew routing and sequencing constraints for (7) to (11)
manage the operational logic of the crews. Constraints (7)
and (8) ensure that each crew begins its work tour from
the virtual depot and returns to it upon completion of all
its assigned tasks. Constraints (9) and (10) are flow con-
servation equations that guarantee the continuity of each
crew's route. If a crew visits a task, it must have come
from a preceding location and must depart to a subse-
quent one. Constraint (11) is the crucial non-overlapping
condition for tasks performed by the same crew. It stipu-
lates that if task j is performed immediately after task i by
crew ¢, then the start time of j must be delayed enough to
account for the finish time of i and the travel time between
them. The big-M formulation ensures this constraint is ac-
tive only for consecutively scheduled tasks.

Finally, the dynamic ESTC (12) and (13) as shown in
Figure 1 model are the novel and most challenging as-
pects of the PFCSP. For any piling task { that is physically
close to a pile undergoing its construction-and-curing cy-

Figure 1. Schematic illustration of ESTC in pile foundation
construction

cle, a disjunctive condition applies. The piling work at lo-
cation { must either be fully completed before the cycle at
location j begins, or it must wait to start until after the cy-
cle atj is entirely finished. The auxiliary binary variable z;
and the big-M are used to linearize this “either-or” logic,
rigorously capturing the dynamic, decision-dependent na-
ture of the vibration exclusion zones.
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2.3. Computational complexity analysis

The PFCSP, as formulated in this chapter, belongs to the
class of NP-hard combinatorial optimization problems. Its
computational intractability can be formally established by
demonstrating that it is a generalization of the well-known
NP-hard RCPSP.

We can establish this relationship by restriction. Con-
sider a simplified special case of the PFCSP under the fol-
lowing conditions: (1) all crews are of a single, homoge-
neous type, effectively removing the distinction between
piling and grouting crew; (2) all spatial constraints are nul-
lified by setting the safety distance Dg,f, = 0, which deac-
tivates the spatio-temporal constraints (12) and (13); (3)
all travel times are disregarded by setting T, (i, j) = 0.
The problem resulting from these restrictions is equivalent
to the classical RCPSP, which involves scheduling a set of
tasks subject to precedence and resource availability con-
straints to minimize makespan. Since the RCPSP is known
to be NP-hard, and it exists as a special case of the PFCSP,
the PFCSP is, by definition, also NP-hard.

Classifying the PFCSP as merely NP-hard significant-
ly understates its complexity, which stems primarily from
ESTC where the existence, location, and duration of vibra-
tion exclusion zones are direct consequences of sched-
uling decisions. Unlike standard exogenous constraints,
this decision-dependent uncertainty creates a highly non-
monotonic search landscape where locally optimal choices
often lead to global suboptimality. Furthermore, this tight
coupling renders problem representation inseparable from
solution evaluation, making traditional permutation-based
metaheuristics ill-suited since the feasibility and cost of
any decision are intrinsically bound to the precise tempo-
ral context in which it is made.
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3. TA-ACO algorithm
3.1. Overall framework of the TA-ACO

To effectively address the PFCSP, which is characterized
by heterogeneous resources and endogenously generat-
ed vibration exclusion zones, we depart from traditional
metaheuristic frameworks. Conventional algorithms typi-
cally employ an indirect, permutation-based decoding
approach, where a solution is represented as a static se-
quence of tasks and evaluated by a separate decoder (Pan
& Zhang, 2021). This separation proves critically inefficient
for the PFCSP: the feasibility and cost of a task are pro-
foundly dependent on the precise temporal execution of
preceding tasks. In such a dynamic environment, a deci-
sion made early in a permutation can unknowingly render
a vast portion of the subsequent solution space infeasi-
ble, leading to extensive backtracking or invalid solutions.

To overcome this blindness, we propose a state-de-
pendent constructive simulation framework as shown in
Figure 2. This architecture integrates the solution construc-
tion and evaluation processes, modeling the scheduling
problem as a discrete-event simulation where decisions
are made chronologically as resources become available.

Central to this framework is the shared global schedul-
ing state (SGSS). The SGSS functions not merely as a mem-
ory structure but as a dynamic environment that evolves in
real-time, capturing the instantaneous spatio-temporal to-
pology of the site (Xu et al., 2014). The SGSS encapsulates
four critical dimensions of the project snapshot:

1. Temporal State: The current Gantt chart, tracking

start and finish times for all scheduled tasks.
2. Resource State: The real-time availability and status
of every construction crew.

Figure 2. Topologically adaptive ACO framework
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3. Spatial State: A continuously updated registry of all
active vibration exclusion zones, defined by their
center coordinates, radii, and expiration times.

4. Logical State: The completion status of all techno-
logical precedence constraints.

In this state-dependent environment, TA-ACO uses two
ant colonies to reflect the two types of construction crews.
The piling colony selects piling tasks while considering ac-
tive and potential vibration exclusion zones. The grouting
colony selects grouting tasks to release precedence-relat-
ed constraints and reduce waiting time.

The solution construction unfolds as follows: At any
discrete decision point, all newly idle crews simultaneously
assess the current SGSS. Each ant evaluates its set of fea-
sible next tasks based on a multi-factor heuristic function
and its colony’s specific pheromone matrix. After a task is
selected, the SGSS is updated immediately. The selected
task is fixed in the schedule, the corresponding crew sta-
tus is updated, and a new vibration exclusion zone may
be activated. Therefore, subsequent decisions are made
based on the latest temporal, spatial, and logical state of
the project. This reduces the chance of generating infea-
sible schedules.

3.2. Solution construction and
multi-factor heuristic function

3.2.1. Solution construction

Within the time-driven direct scheduling framework,
a complete schedule is constructed incrementally through
a sequence of local decisions made by individual ants.
This section details the mechanics of this constructive pro-
cess, focusing on the sophisticated heuristic function that
guides the ants’ choices.

As established in Section 3.1, the scheduling process
unfolds as a discrete-event simulation. A decision-mak-
ing event is triggered whenever a crew completes its as-
signed task and becomes idle. At a given decision time ¢,
every idle crew ¢ € Ciy, consults the SGSS to determine
its candidate task set, denoted as J(t). A task j is consid-
ered a candidate for crew c if it satisfies all of the follow-
ing conditions: 1) task type compatibility: the task type
matches the crew type; 2) precedence feasibility: all pre-
cedence constraints for task j have been met; 3) spatio-
temporal feasibility: executing task j at its location must
be possible. Specifically for a piling task, its location must
not be within any active vibration exclusion zone at the
projected start time.

If the candidate set J(t) is not empty, crew ¢ probabi-
listically selects its next task j from this set. The selection
is governed by the standard ACO probabilistic transition
rule, which balances the learned knowledge stored in the
pheromone matrix (t) with the problem-specific heuristic

information (n):
(o4

B
N0,

© [
ric
Z [Tic(t),k

keJ(t)

P(jt)= L JET ), (14)

ﬂ,-c ).k (t)}

where: i(t) denote the last task completed by crew c be-
fore decision time t, and let r(c) € {p,g} denotes the beam
subset of feasible candidate tasks. P.(}, t) is the probability
of crew ¢ choosing task j at time t. T is the pheromone
value associated with assigning task j to a crew of the
same type as c. We maintain two independent matrices:
T for the piling colony and € for the grouting colony. n;
is the composite heuristic value for the task j, which is the
focus of the subsequent section. a and B are parameters
that control the relative importance of the pheromone trail
versus the heuristic information.

3.2.2. Multi-factor heuristic function

The heuristic function n; is the core intelligent compo-
nent guiding an ant's task selection. To navigate the com-
plex trade-offs in the PFCSP, we depart from a monolith-
ic, short-sighted heuristic. Instead, we design a composite
heuristic function that is a product of three distinct factors,
each targeting a different strategic aspect of the problem:

ny = (ke (n9R) (i) )

here, nS.C, r]S/R and nﬁ»A represent the local cost, task ur-
gency, and look-ahead factors, respectively. The exponents
84, &, 65 are weights that calibrate the relative influence
of each factor.

Local cost factor provides a fundamental, greedy mea-
surement of local efficiency. It favors tasks that can be
started and completed quickly, minimizing both travel
time and processing time. For an idle crew ¢ currently at
the location of its last task i, the local cost factor for a can-
didate task j is defined as the inverse of the sum of travel
and processing time:

1
Ttrave[ (i' J) + Tproc (j)

ni¢ = , (16)

where Ty (Lj) is the travel time for the crew from lo-
cation i to j, and Ty, (j) is the processing time of task .
This factor ensures that the algorithm maintains a baseline
of efficient resource utilization.

Task urgency factor is designed to mitigate workflow
bottlenecks, a common issue in multi-stage projects. In the
PFCSP, a significant risk is the accumulation of the com-
pleted piling tasks awaiting grouting, which can lead to
prolonged project duration. The urgency factor addresses
this by prioritizing grouting tasks that have been waiting
the longest. For a grouting p;, its urgency is proportional
to time elapsed since its preceding piling task d; was com-
pleted. For a piling task, this factor is neutral.

tcurrent —End (dj) P .
nUR — 1+ if j is a grouting task p;
;= cavg J,
max
1, if jis a piling task
(17)
where t. ent 1S the current decision time, End(d .| is the

completion time of the predecessor piling task, and C29
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is the running average of the makespan from previously
constructed solutions, serving as a dynamic normalization
constant. By prioritizing older waiting tasks, this factor ac-
tively promotes a smoother flow through the two-stage
construction process.

The third and the most critical component of the heu-
ristic function is the look-ahead factor, designed to over-
come the myopic nature of standard constructive heuris-
tics. Unlike the local cost or urgency factors which evaluate
the desirability of a task based solely on the current state
S, this factor evaluates a candidate task by recursively sim-
ulating the optimal trajectory of the crew for a depth of
K = 3 steps to assess its long-term impact on the spatio-
temporal topology.

Specifically, at each recursive step, we employ a beam
search strategy with a width of B. Instead of expanding all
feasible tasks, the algorithm only selects the top-B most
promising tasks, ranked by a lightweight base heuristic, to
propagate into the next simulation level. This truncation
effectively prunes the search tree, reducing the complexity

from O ‘Q‘K] to O(B-K), ensuring the algorithm remains

efficient even in high-density instances.

To facilitate this calculation, we explicitly define the
global scheduling state at any decision step t as a tu-
ple St = <Mdone'Lcrews'Tavail'Zactive>' representing the task
completion status, crew locations, availability times, and
the set of active vibration exclusion zones. A determinis-
tic transition function Z(5:J:€) is employed to return the
new state resulting from crew ¢ executing task j, specifi-
cally capturing the endogenous activation of new exclu-
sion zones based on the task type.

For a piling crew c, the look-ahead factor né‘_‘ focus-

J

es on avoiding future spatial deadlocks. The key idea is to
temporarily simulate the execution of a candidate piling
task and then examine whether sufficient feasible work-
fronts remain in the following virtual steps. A candidate
that appears efficient in the current state may receive
a low look-ahead score if it is likely to isolate the remain-
ing piles or force the crew into idle waiting. Accordingly,
the factor is defined as the inverse of the minimum cumu-
lative cost over the 3-step horizon:
1
LA _
o, = Cost(Sy, j,0) ¢ (18)
The cumulative cost function is calculated via nested
recursion:

Cost = Cyps(Sg: S+ min |C, Sy k) +W(S,) +
Ztrans 70"/ Jtrans? T 77 L

(
kEQB(S1,c) trans

Step 1 (Real) Step 2 (Virtual)

- [cms(sz,l) 1 w(sz)] , (19)

€Qp(S;.0) Step 3 (Virtual)

here, S; and S, represent the sequential virtual states gen-
erated by the transition function, and Q4(S,¢) denotes the
set of beam subset. C,,,s represents the transition cost
(travel plus processing time). Crucially, a Deadlock Pen-
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alty Function Y(S) is integrated; if the set of feasible tasks
Qg(S,c) becomes empty in any virtual state due to spatial
locking, Y(S) assigns a prohibitive cost M, forcing the ant
to reject paths leading to unavoidable idleness.
Conversely, for a grouting crew g, the factor [n;‘_‘
J

to maximize the schedule’s unlocking potential. The heu-
ristic value is derived from the cumulative number of pil-
ing tasks released from potential blockage constraints over
the next three steps:

]aims

n;? =1+ Unlock(S,, j, 9). 0

The recursive gain function is defined as:

m = Nblocked (J | SO) +Yy- max Nb[ocked <k | 51) +

keQB<S1,g)

Y- max

21
1€0y(S,.9) @

(Nblocked ([ | 52)>

'

where Ny eq(task | S) calculates the number of feasible
piling tasks that would be covered by the exclusion zone
generated by the candidate task, and y € (0,1) is a discount
factor that weighs immediate unlocking higher than dis-
tant future gains. By integrating this predictive factor, the
algorithm effectively shifts from reactive selection to pro-
active planning, directly addressing the challenge of en-
dogenous constraints.

To clarify the role of the recursive look-ahead factor,
consider a decision point at which a piling crew can choose
from two candidate piles, denoted as A and B. Candidate
pile A may have the shortest travel distance and would
therefore be preferred by a purely local-cost rule. How-
ever, if the virtual execution of A generates a vibration ex-
clusion zone that covers several nearby unscheduled piles,
the candidate set in the next simulated state may become
very small or even empty. In this case, the deadlock pen-
alty in the look-ahead evaluation assigns a large cost to
this branch. Candidate pile B, although slightly farther
away, may leave the surrounding workfront more spatial-
ly open and preserve feasible piles for the next two virtu-
al steps. The look-ahead factor therefore gives B a higher
heuristic value because it maintains future constructabil-
ity rather than only minimizing the immediate travel cost.
The beam search strategy makes this evaluation computa-
tionally tractable: instead of expanding all possible future
sequences, only the top-B candidate branches ranked by
the base heuristic are propagated at each virtual level. For
grouting crews, the same principle is used in the opposite
direction: a grouting task receives a higher look-ahead val-
ue if its completion is expected to release more potentially
blocked piling tasks in the subsequent states.

3.2.3. Adaptive dynamic normalization mechanism

The three heuristic factors proposed, ntc, nUR, and ntA
possess distinct physical dimensions and varying orders
of magnitude. For instance, the value of ntA for grouting
crews is typically in the range of [1, 9], whereas n'C is of-
ten in the order of 1072
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Direct multiplication of these heterogeneous factors in
Eqn (15) would result in the factor with the largest mag-
nitude dominating the decision probability, rendering the
weight parameters & ineffective. To mitigate this scale bias
and ensure that & strictly reflects the relative sensitivity of
the algorithm to each factor, we implement an adaptive
normalization strategy within the local candidate set.

At each decision step t, for an idle crew ¢ with a fea-
sible candidate task set NV_(t), the raw heuristic values are
normalized relative to the maximum value present in the
current candidate set. The normalized heuristic factor ﬁéf
is calculated as follows:

k
Ny

"k
A ——
maxme/\/c(t)(nim)

n +e, (22)

where k € {LC,UR, LA} represents the type of heuristic fac-
tor, and e is a small constant to prevent zero probabilities.
Consequently, the composite heuristic function in Eqn (15)
is reformulated as:

n (&) = [EC1% - YR 1%2 - [REATP. 23)

3.3. Pheromone update mechanism

The pheromone update mechanism is the core learning
component of the TA-ACO algorithm, enabling it to it-
eratively refine its search strategy based on past perfor-
mance. The pheromone update mechanism allows the al-
gorithm to reinforce task transitions that appear in high-
quality schedules. A distinctive feature of our TA-ACO
is the maintenance of two separate and independent pher-
omone matrices: t° for the piling colony and t° for the
grouting colony. This partitioned learning structure mirrors
the problem’s heterogeneous resource division and allows
for specialized knowledge acquisition for each task type.
The update process, executed at the end of each iteration,
comprises two complementary phases: pheromone evapo-
ration and pheromone deposition.

To prevent premature convergence to a locally optimal
solution and to encourage exploration of the search space,
the pheromone values on all trails are first uniformly re-
duced. This process simulates the natural decay of old in-
formation, diminishing the influence of previously found
solutions and allowing the colonies to adapt to new, po-
tentially more promising search directions. The evapora-
tion is applied to both matrices as follows:

v (1-p)- 75, ¥(iJ), (24)

where T; represents the pheromone value on the trail con-
necting task i to task j, and pe(0,1] is the pheromone
evaporation rate.

Following evaporation, pheromone is deposited to re-
inforce the pathways that constitute high-quality solutions.
We use a global-best elitist strategy. In this strategy, only
the best schedule found so far is used for pheromone
deposition. In this strategy, only the single best solution
found so far across all iterations, denoted as the global-
best schedule Sy, with a makespan of Cgbest, is used to
deposit pheromone.

The amount of pheromone to be added, AT9best s in-
versely proportional to the quality of the global-best so-
lution, ensuring that better solutions provide stronger re-
inforcement:

ATgbest — Q. ) (25)
Cgbest
max

Critically, the deposition process respects the dual-
colony structure. The complete schedule Sy is decom-
posed, and pheromone is added only to the correspond-
ing matrices:

For the piling pheromone matrix: we iterate through the
task sequence of each individual piling crew within S

For every pair of consecutively executed piling tasks d,vdj
by the same crew, the pheromone on the corresponding
trail in t” is reinforced.

Figure 3. General framework of the proposed TA-ACO algorithm
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For the grouting pheromone matrix: similarly, for every
pair of consecutive grouting task P[,ij executed by the
same grouting crew, the trail in 1€ is reinforced.

The update rule for deposition is therefore:

T T, + AT9best, consecutive pairs (i,j) ) (26)

ij gbest*

As comprehensively illustrated in Figure 3, the general
framework of the proposed TA-ACO algorithm seamlessly
integrates the dual-colony state-dependent construction
process, multi-factor heuristics, partitioned pheromone
updates, and problem-specific local search into a unified
iterative optimization loop.

3.4. Problem-specific local
search enhancement

Metaheuristic algorithms like ACO are powerful at explor-
ing a vast search space to identify promising regions, but
they may lack the fine-tuning capability to pinpoint the lo-
cal optimum within those regions. To address this, we em-
bed a local search module within the TA-ACO framework,
which is applied to the best solution generated in each it-
eration. This module does not employ generic neighbor-
hood operators; instead, it consists of two highly special-
ized operators, each designed to mitigate a specific source
of the inefficiency inherent in the PFCSP.

The first operator focuses on the critical path. In
makespan minimization, reducing the project duration
usually requires shortening the sequence of activities that
determines the final completion time. We first identify this
path by a backward pass from the last-finishing task and
by tracing zero-slack predecessors.

After the critical path is identified, two neighborhood
moves are tested. The first move swaps two adjacent criti-
cal tasks performed by the same crew. The second move
relocates a critical task to another position in the same
crew sequence, especially when non-critical tasks provide
available slack. Each move is followed by a schedule re-
evaluation because small sequence changes may affect
subsequent task timings. A first-improvement rule is used:
once a move reduces the makespan, it is accepted and the
search restarts from the improved schedule.

Another operator is tailored to address the most
unique and challenging constraint of the PFCSP: the forced
idle time imposed upon piling crews by the dynamic vi-
bration exclusion zones. Such idle periods are a primary
source of inefficiency. The operator’s procedure begins by
systematically scanning the schedule of each piling crew
to detect idle windows, periods of forced inactivity where
a crew must wait for a vibration zone to dissipate at its
next task’s location. Upon identifying such a window, the
operator searches for a suitable opportunistic task from
later in the same crew’s schedule to insert into this gap.
A task is deemed a viable candidate if it satisfies both tem-
poral and spatial feasibility: its entire operation, including
travel, must fit within the idle window, and its location
must be clear of any vibration zones during the proposed
execution time. Should multiple candidates exist, the op-

erator employs a best improvement criterion, selecting the
relocation that yields the maximum reduction in the over-
all project makespan. By executing this logic, the operator
effectively transforms periods of constraint-induced inef-
ficiency into productive work, significantly improving the
quality of the final schedule.

3.5. Exact algorithm for
performance benchmarking

To systematically evaluate the solution quality of the pro-
posed TA-ACO algorithm and to establish an absolute per-
formance benchmark, we employed an exact optimization
method for solving problem instances. This approach pro-
vides a theoretical performance ceiling against which the
heuristic solutions can be rigorously compared. This com-
prehensive MILP model detailed in Section 2 was then
implemented and solved using the state-of-the-art com-
mercial optimization solver, Gurobi Optimizer. Gurobi is
widely recognized as one of the most powerful tools for
tackling large-scale MILP problems, integrating a sophisti-
cated suite of algorithms that includes advanced presolv-
ing techniques, cutting-plane methods, and an efficient
branch-and-bound engine. For the computational experi-
ments, we imposed a uniform computational time of 3600
CPU seconds for Gurobi on each test instance. The ob-
jective function value of a proven optimal solution found
within this timeframe, or the best feasible solution found
if the time limit was exhausted, was recorded. This value
serves as the definitive optimal or near-optimal bench-
mark for that specific instance, providing a solid founda-
tion for quantifying the optimality gap of the TA-ACO al-
gorithm.

4. Computational experiments
4.1. Case study

The empirical data for this study is derived from a mega-
integrated transportation hub project in Southwest Chi-
na. As shown in Figure 4, integrating an airport terminal,
a high-speed railway station, and a global traffic center
(GTC), the project is characterized by the profound cou-
pling of its underground spaces. Specifically, high-speed
rail and subway lines traverse longitudinally beneath the
terminal’s foundation, creating an intricate three-dimen-
sional intersection. This high-density spatial integration
channels all superstructure development into a singular
spatio-temporal bottleneck: the massive pile foundation
construction phase.

Due to complex geological conditions, the project em-
ploys impact bored piling. The intense vibrations gener-
ated by this process introduce rigorous ESTC. Construc-
tion must adhere to strict skip-piling protocols: the initial
curing period of a newly cast pile endogenously triggers
a dynamic vibration exclusion zone. These zones emerge
as a direct consequence of scheduling decisions and dis-
sipate over time, resulting in a highly volatile feasible re-
gion for the scheduling problem.
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Figure 4. Overview of the mega-integrated transportation hub case study: geographical location, project layout,
and 3D structural model of the pile foundation

To validate algorithm performance across different di-
mensions, we constructed a high-fidelity instance set with
three distinct gradients based on real engineering data.
The spatial distribution of piles and constraint characteris-
tics are directly mapped from the actual construction sce-
narios:
= Small-scale instances (S-01-S-04, 12-27 piles): se-
lected from spatially isolated single concourse ar-
eas. These smaller-scale instances are designed to
verify the logical correctness and optimization pre-
cision of the TA-ACO algorithm by comparing its re-
sults against exact solutions obtained from the com-
mercial solver, Gurobi.
= Medium-scale instances (M-01-M-04, 37-62 piles):
derived from typical intersection zones between the
terminal and the GTC, characterized by extremely
high pile density and complex structural interference.
These instances aim to test the computational effi-
ciency and scalability of the algorithm under strong
coupling constraints compared to the exact solver.

= Large-scale instances (L-01-L-02, 143-197piles): en-
compassing the complete pile foundation works of
the main terminal’s core area. Representing the full
magnitude of the real-world engineering challenge,
this set evaluates the practical utility of the algorithm
in coordinating massive task volumes with multiple
construction crews, focusing on the magnitude of
makespan reduction relative to traditional heuristic
strategies.

4.2. Parameter tuning and sensitivity analysis

The performance of the proposed TA-ACO algorithm is
significantly influenced by a series of key parameters,

which collectively govern the algorithm'’s search behavior,
particularly the balance between exploration and exploi-
tation. To ensure the algorithm exhibits robust and effi-
cient performance across problem instances with diverse
characteristics, and to establish a fair and rational parame-
ter configuration for the subsequent computational exper-
iments, we selected representative medium-scale instances
to conduct a systematic parameter tuning and sensitivity
analysis. The parameters identified for analysis are the core
components critical to the TA-ACO algorithm: the phero-
mone importance factor a, the heuristic information im-
portance factor B, the pheromone evaporation rate p, and
the weights for the heuristic factors &, &,, 3.

The relative magnitude of a and B directly determines
the extent to which ants rely on historical experience ver-
sus current heuristic information during path selection.
Figure 5 illustrates the algorithm’s convergence behavior
under different parameter combinations. The experimen-
tal results indicate that when the value of a is excessively
large, the algorithm relies too heavily on paths generat-
ed in the early stages. This leads to a rapid depletion of

Figure 5. Sensitivity analysis: impact of a and
on solution quality



Journal of Civil Engineering and Management, 2026, 32(7), 973-991

population diversity, causing the algorithm to premature-
ly converge to local optima. The results demonstrate that
the combination of a = 1.0, B = 6.0 achieves the optimal
balance between solution quality and convergence speed.
This observation underscores a critical insight: in problems
characterized by strong dynamic constraints, such as the
PFCSP, heuristic information is more critical than histori-
cal information.

Building upon the adaptive dynamic normalization
mechanism introduced in Section 3.2.3, the sensitivity
analysis presented here reflects the algorithm’s intrinsic
behavioral response to different heuristic components,
rather than mere magnitude corrections. Since the heuris-
tic values are normalized to a unified scale of (0, 1], the hy-
perparameters &4, 6,, 83 strictly represent the relative im-
portance of local efficiency, task urgency, and look-ahead
topology, respectively. This structural decoupling ensures
the robustness of the following parameter tuning process.

Preliminary experiments indicated that the sys-
tem’s performance is relatively robust to variations in the
Urgency Factor weight (6,) within the range [0.5, 2.0].
While &, shows lower sensitivity regarding the makespan
in the parameter sweep, it plays a necessary role in pre-
venting the starvation of grouting tasks, a function that
will be further verified in the subsequent ablation study.
Therefore, we fixed &, = 1.0 to conduct a focused bivari-
ate sensitivity analysis on the interaction between the local
cost weight (84) and the look-ahead weight (83).

Figure 6 illustrates the interplay between the local cost
weight (81) and the look-ahead weight (83) on the proj-
ect makespan. A distinct saturation behavior is observed
along the vertical axis: as 83 increases from 0.0 to 5.0, the
makespan declines precipitously, confirming that the co-
operative look-ahead mechanism is the dominant driver

for resolving endogenous spatial constraints; however, this
performance gain diminishes and stabilizes beyond &5 =
4.0, indicating that the algorithm effectively reaches its to-
pological optimization capacity. Concurrently, the system
exhibits a convex, basin-shaped response to the Local Cost
weight. While a moderate &4 (range [0.0, 5.0]) is essential
for maintaining basic travel efficiency, excessive emphasis
on this factor (§; > 3.5) induces myopic behavior, where
ants prioritize immediate proximity over long-term spatial
connectivity, ironically leading to severe spatial fragmen-
tation and inferior global outcomes. The optimal perfor-
mance, represented by the deep blue valley in the heat-
map, is achieved where the strong cooperative guidance
(63 =~ 4.0) is balanced by a moderate sensitivity to local
costs (81 ~ 2.0). Based on this empirical equilibrium, and
fixing the robust Urgency Factor at &, = 1.0, we determine
the final parameter configuration for the TA-ACO as &, =
2.0, &, = 1.0, and &5 = 4.0. The final parameter configura-
tion is shown in Table 4.

Table 4. TA-ACO algorithm parameters

Parameter symbol Description Value
Nants Population Size 20
o Pheromone Factor 1.0
B Heuristic Factor 6.0
B Beam Width 15
p Evaporation Rate 0.1
Q Pheromone Constant 100
&4 Weight for Local Cost 2.0
&, Weight for Urgency 1.0
83 Weight for Look-ahead 4.0
Kiter Max Iterations 500

Figure 6. Sensitivity analysis of heuristic components weight
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4.3. Comparison of results
4.3.1. Validation against exact solver

Prior to presenting the large-scale experimental results, we
analyze a simplified 12-pile instance to elucidate the fun-
damental complexity introduced by ESTC. In this pilot sce-
nario, parameterized with a uniform processing time of 18
hours and a mandatory curing period of 36 hours, the im-
pact of scheduling logic on project duration is isolated and
visibly amplified. Figures 7 and 8 illustrate the construc-
tion trajectories of a Greedy Strategy versus the Optimal
Strategy, respectively. As depicted in Figure 7, the Greedy
algorithm, driven solely by distance minimization, adopts
a path that appears locally efficient in the initial stages.
However, this myopic sequencing leads to a severe spatial
blockage: the consecutive execution of piles No. 9 and No.
10 triggers overlapping vibration exclusion zones that si-
multaneously cover the locations of the remaining pend-
ing piles. This creates a spatial deadlock where the crew
is forced into idleness, unable to operate until the cur-
ing periods expire. In sharp contrast, the Optimal Strategy
shown in Figure 8 demonstrates a topologically aware se-
quence. By strategically staggering the spatial execution
order, it ensures that active exclusion zones never com-
pletely blockade the remaining workfront. The quantita-
tive disparity is significant: the improper sequencing by the
greedy approach extends the makespan to 247.3 hours,
whereas the optimal strategy completes the project in
224.5 hours. This illustrative example underscores a criti-
cal premise: in the presence of endogenous constraints,
myopic decisions are not merely inefficient — they are fatal
to the continuous flow of construction, inducing dispro-
portionate delays that cannot be recovered in later stages.

a) b)

e)

To evaluate the global optimization capability of the
TA-ACO algorithm, we first benchmarked it against the
commercial solver Gurobi (v10) using the small-scale in-
stance set. As presented in Table 5, TA-ACO successfully
identified makespans identical to those obtained by Gu-
robi across all small-scale test cases. This result robustly
validates the logical correctness of the TA-ACO algorithm,
demonstrating that its dual-population cooperative mech-
anism is capable of effectively pinpointing the global opti-
mal solution within the solution space.

However, as the problem size expands, the computa-
tional complexity of the PFCSP exhibits the exponential es-
calation characteristic of NP-Hard problems. For medium-
scale instances, Gurobi failed to prove optimality within
the imposed 3600-second time limit, yielding only the best
feasible solution found so far. In contrast, TA-ACO demon-
strates exceptional scalability, converging to high-quality
feasible solutions within approximately 500 seconds. On
some test sets, it achieved results superior to the solutions
reported by Gurobi.

To validate the algorithm'’s performance in a complex,
real-world engineering context, we utilized the large-scale
instance L-02, which was constructed based on actual
data from the core area of the T2 Terminal. We bench-
marked the proposed TA-ACO against the industry-stan-
dard Greedy strategy and three mainstream metaheuristic
algorithms: Simulated Annealing (SA), Hybrid Genetic Al-
gorithm (HGA), and Adaptive Large Neighborhood Search
(ALNS). As illustrated in Figure 9, TA-ACO exhibits signifi-
cant superiority in both convergence speed and final solu-
tion quality, achieving the lowest makespan of 608.4 hours.
This represents a distinct advantage over the next best al-
gorithm, ALNS (638.6 hours), and a substantial improve-
ment over HGA and SA.

<)

d)

Figure 7. Greedy construction route diagram for 12 piles

a) b)

<)

Figure 8. Optimal construction route diagram for 12 piles
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Table 5. Comparison of results between the Gurobi solver and TA-ACO

Gurobi TA-ACO
ID Piles Crews Gap
Obj(h) CPU(s) Obj(h) CPU(s)

S-01 12 1 224.5 48 224.5 6.4 0.00%
S-02 15 1 280.0 6.7 280.0 9.8 0.00%
S-03 23 2 21222 45.2 2122 45.5 0.00%
S-04 27 2 2543 245.6 255.5 62.3 0.47%
M-01 37 3 2664 1880.3 268.5 117.9 0.78%
M-02 48 3 310.0* 3600 309.2 249.5 -0.25%
M-03 55 3 398.5* 3600 382.6 328.6 -3.99%
M-04 62 4 445.0* 3600 427.5 4917 -3.93%
L-01 143 5 - N/A 720.5 880.9 -
L-02 197 8 - N/A 608.4 1036.2 -

Note: 1. The computational upper bound for CPU time is set at 3600 seconds. 2. * indicates that Gurobi was unable to prove optimality;
in such cases, the comparison is based on the current best solution reported by the solver.

Figure 9. Convergence curve diagram of five algorithms

In contrast, the Greedy strategy, which is widely ad-
opted in current on-site engineering practices, yields the
poorest performance with a makespan of 849.7 hours. Its
fundamental limitation lies in the myopic logic of always
prioritizing the nearest available pile. While computation-
ally simple, this approach frequently traps the machin-
ery in local optima: after clearing immediate tasks, the rig
often faces a situation where no reachable piles remain
nearby due to exclusion constraints, forcing unproductive
long-distance transfers. Furthermore, this lack of global
planning tends to cause an accumulation of uncompleted
piles in the final stages, resulting in deadlocks where re-
maining tasks are clustered or mutually exclusive, severely
hindering parallel operations.

Concurrently, we observed that the Genetic Algorithm
and its variants typically rely on permutation-based encod-
ing. This mechanism, which decouples sequencing from
scheduling, renders the algorithm unable to perceive the
dynamic vibration exclusion zones, which are endogenous-
ly triggered by decisions — at the precise moment of deci-
sion-making. This separation inevitably leads to significant
forced waiting times during the decoding process. In con-

trast, the TA-ACO algorithm, incorporating the look-ahead
factor, demonstrates superior spatio-temporal planning
capabilities. Piling ants shift their focus from merely mini-
mizing travel distance to adopting a sparsity maximization
strategy. Subject to safety distance constraints, the algo-
rithm guides crews to prioritize pile locations that impose
minimal interference on surrounding potential tasks. This
strategy is essentially analogous to dynamically solving the
Maximum Independent Set problem in graph theory, en-
suring that the site can accommodate the maximum num-
ber of concurrent crews within any given time window. By
strategically sacrificing local travel efficiency, TA-ACO se-
cures the maximization of global parallelism, thereby sig-
nificantly shortening the overall project duration.

4.3.2. Comparative evaluation against state-of-the-art
metaheuristics

To intuitively visualize the divergent behaviors of different
algorithms in managing complex endogenous constraints,
we tracked the construction snapshots of the large-scale
instance L-01 (comprising 143 piles, 5 piling crews, and
3 grouting crews) across its lifecycle. As illustrated in Fig-
ure 10, the distinction between the baseline ALNS (Left
Column) and the proposed TA-ACO (Right Column) is in-
itially subtle but progressively stark. In the early phase
(Figure 10a), the abundance of available pile positions al-
lows both algorithms to operate without significant inter-
ference; the spatial distribution of completed tasks and
active crews appears uniform, as the relatively low con-
straint density masks the strategic differences between
the two approaches. However, as the project advances to
the intermediate stage (Figure 10b), a fundamental dis-
parity in spatial planning emerges. The ALNS snapshot re-
veals the formation of several isolated islands (highlight-
ed in red dashed circles), where clusters of uncompleted
piles are surrounded by completed ones. This pattern in-
dicates that the ALNS strategy greedily exhausts periph-
eral or easy-to-access nodes, leaving behind fragmented
clusters that are spatially disconnected. In sharp contrast,
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a)

b)

9}

d)

e)

f)

Figure 10. A microscopic comparison between ALNS and TA-ACO: a—c — Snapshots of the construction process using the ALNS algorithm
at early, middle, and late stages, respectively; d—f — Snapshots of the construction process using the TA-ACO algorithm at early, middle,
and late stages, respectively

the topology maintained by TA-ACO remains significantly
more connected; the uncompleted piles are fewer and ef-
fectively dispersed, ensuring that crews consistently main-
tain a high workfront density with feasible adjacent nodes
for transfer, thereby avoiding non-productive relocation.
The consequences of these intermediate spatial pat-
terns fully manifest in the final stage (Figure 10c), where
the scheduling efficiency of ALNS collapses due to se-
vere spatial deadlocks. In the ALNS solution, the remain-
ing piles are concentrated in dense, island-like clusters.
Governed by the strict skip-piling constraint, executing
any single pile within these clusters instantaneously gen-
erates a vibration exclusion zone that renders all imme-
diate neighbors infeasible for the duration of the curing
period. This physical bottleneck forces multiple crews into
involuntary idleness, as they must wait for constraints to
dissipate before accessing the adjacent tasks. Conversely,
the TA-ACO schedule avoids this pitfall entirely; thanks to
the look-ahead mechanism applied in earlier stages, the
remaining tasks are spatially sparse and satisfy safety dis-
tance requirements. This strategic sparsity allows multiple
crews to work in parallel on the final set of piles with-

out mutual interference, facilitating a smooth and efficient
project close-out.

The performance gap observed in the microscop-
ic evolution can be attributed to the fundamental differ-
ence in how the two algorithms perceive and handle ESTC.
ALNS relies on destroy and repair operators, which typical-
ly manipulate the solution in the permutation space rather
than the physical space. When a heuristic operator inserts
a task into a sequence, it is often blind to the dynamic vi-
bration zones generated by that insertion, leading to the
construction of sequences that unknowingly violate spa-
tial constraints and necessitate costly delays. On the other
hand, TA-ACO operates as a constructive method embed-
ded with a forward-looking spatial awareness. By explic-
itly evaluating the future topological impact of potential
moves via the look-ahead factor, the algorithm simulates
the generation of vibration zones before finalizing a deci-
sion. This allows TA-ACO to treat physical space as a de-
pletable resource, prioritizing the preservation of connec-
tivity and sparsity over immediate local optimality, thus
proactively preventing the formation of spatial deadlocks.
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4.4. Ablation study

To thoroughly evaluate the effectiveness of each core
component within the TA-ACO algorithm and quantify the
marginal contributions and synergistic effects of different
heuristic strategies in addressing key constraints of the
PFCSP, we designed and implemented an ablation study
comprising seven distinct configurations. The experiments
were conducted on the large-scale instance L-01, charac-
terized by high spatio-temporal coupling, with each vari-
ant run independently 20 times. The variants are defined
as shown in Table 6.

To quantify the marginal contribution of each mod-
ule, we conducted an ablation study on the large-scale
instance L-01, as summarized in Table 6 and Figure 11.
The results unequivocally identify the Dual-colony Struc-
ture (Variant 4) and the look-ahead Factor (&5, Variant 3)
as the two absolute cornerstones of the TA-ACO's perfor-
mance; their removal resulted in the most precipitous de-
terioration in solution quality. Specifically, the degradation
observed in Variant 4 (Single Colony), where the makespan
spiked to 825.9 hours, highlights the necessity of decou-
pling heterogeneous resources. When piling and grouting
crews are forced to share a single pheromone matrix, the
distinct topological requirements of space-filling and con-
straint-unlocking become conflated. This leads to phero-
mone confusion, where conflicting guidance signals pre-
vent the algorithm from learning specialized strategies for
different crew types. Similarly, Variant 3 exhibited a sig-
nificant performance drop. Without the predictive guid-
ance of &3, the crews reverted to myopic behavior. This
regression reproduced the specific failure mode observed
in the ALNS algorithm: the construction of isolated islands
of piles. The absence of the look-ahead mechanism meant
crews failed to perceive the risk of self-entrapment, lead-
ing to severe spatial fragmentation and unavoidable de-
lays in the later stages of the schedule.

The contribution of the remaining heuristic factors,
while less dominant than the core structural components,
proves essential for fine-tuning the solution to global op-
timality. As evidenced by Variant 1 and Variant 2, removing
these factors resulted in moderate makespan increases to
738 h and 742.6 h, respectively. This confirms that while

Table 6. Design of the ablation study

987

Figure 11. Bar chart of project duration distribution

topological planning is the primary driver, mechanisms for
balancing task aging and minimizing travel distance re-
main requisite for eliminating local inefficiencies. Addition-
ally, the local search module reduced the project dura-
tion by approximately 1.62%, while significantly decreasing
the standard deviation of the schedule. Finally, regarding
computational efficiency, we report a transparent trade-
off: variants incorporating the beam-search-based look-
ahead mechanism incur a higher computational overhead,
requiring approximately twice the CPU time compared to
the simplified Variant 3. However, even with this increased
complexity, the full TA-ACO algorithm consistently con-
verges to high-quality solutions within 1200 seconds. Giv-
en the scale of the problem, where a 21.46% reduction in
makespan translates to weeks of saved construction time,
this computational investment is highly cost-effective and
falls well within the acceptable time window for static proj-
ect scheduling.

4.5. Field implementation

To bridge the gap between the theoretical TA-ACO algo-
rithm and on-site engineering management, we developed
a web-based decision support system, named Alpha-Pile.
This system encapsulates the complex optimization engine

Variant name Description Average makespan Standard deviation Gap
Baseline 1 Greedy algorithm 9174 422 21.46%
Baseline 2 Simulated Annealing 800.9 25.2 10.04%
Baseline 3 Hybrid genetic algorithm 779.6 19.7 7.58%
Baseline 4 Adaptive Large Neighborhood Search 753.5 22.8 4.38%
Variant 1 No urgency factor 7381 19.2 2.38%
Variant 2 No cost factor 742.6 10.5 2.97%
Variant 3 No look-ahead factor 805.7 30.5 10.57%
Variant 4 Single colony 825.9 36.1 12.76%
Variant 5 No local search enhancement 7324 26.9 1.62%
TA-ACO The proposed algorithm 7205 144 -
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into a user-friendly interface, enabling project managers to
utilize advanced scheduling strategies without requiring
expertise in metaheuristics.

As illustrated in Figure 12, the system features a cen-
tralized human-machine interface tailored for the specific
workflow of the aviation hub project, which is deployed in
the on-site management center. Bridging the optimized
theoretical schedule with actual field execution, the inter-
face provides project managers with a real-time dynam-
ic visualization of the physical construction process. This
live feedback module displays vertical operational profiles,
critical depth indicators, and instantaneous mix status, al-
lowing engineers to intuitively verify that the ongoing ma-
chinery operations strictly adhere to the spatio-temporal
constraints dictated by the TA-ACO algorithm. Further-
more, the integrated control panel serves as the opera-
tional command center, enabling management personnel
to seamlessly configure project parameters, integrate sen-
sor data, and coordinate construction activities without
disrupting the on-site workflow.

The system was deployed in a critical pilot zone of the
T2 Terminal foundation works, comprising 97 pile founda-
tions and characterized by high-density structural interfer-
ence. According to the original baseline schedule gener-
ated using the traditional nearest-neighbor strategy, the
projected construction duration for this zone was 47 days.
By strictly adhering to the optimized schedule, the con-
struction team successfully navigated the ESTC and com-
pleted the piling works in 34 days. This achievement repre-
sents a significant lead time of 13 days ahead of schedule.
This empirical efficiency gain, which closely aligns with the
simulation results presented in Section 4.3, provided a cru-

cial time buffer for the subsequent superstructure assem-
bly, thereby validating the practical robustness and value
of the TA-ACO algorithm in a real-world engineering en-
vironment.

5. Discussion

The experimental results, particularly the microscopic com-
parison in Figure 10, reveal a counter-intuitive phenom-
enon inherent to the PFCSP: strategies that maximize lo-
cal travel efficiency often yield inferior global outcomes.
This study identifies this as the paradox of local efficien-
cy under endogenous constraints. Empirical evidence from
the large-scale instance L-01 demonstrates this starkly:
while the Greedy strategy prioritized immediate proxim-
ity, it resulted in a prolonged makespan of 917.4 hours.
In comparison, the proposed TA-ACO algorithm achieved
a makespan of 720.5 hours on instance L-01, representing
a substantial 21.4% reduction.

Traditional heuristics operate on the premise that mini-
mizing non-productive travel time directly contributes to
makespan reduction. However, in the presence of ESTC,
myopic distance minimization creates a spatial overdraft.
As observed in the ALNS simulation (Figure 10b), by rap-
idly consuming accessible clusters of piles, heuristic crews
inadvertently construct spatial islands—isolated enclaves
of uncompleted tasks surrounded by active vibration ex-
clusion zones. This structural flaw forces crews into un-
avoidable idleness in the later stages, resulting in a sub-
optimal makespan of 753.5 hours compared to TA-ACO.

In contrast, the TA-ACO algorithm, driven by the look-
ahead factor, functions similarly to a dynamic solver for

Figure 12. User interface of the system implemented at the construction site
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the Maximum Independent Set problem. It strategically
sacrifices immediate travel efficiency to preserve topolog-
ical connectivity. The ablation study confirms the pivotal
role of this mechanism: removing the look-ahead factor
(Variant 3) caused the makespan to deteriorate signifi-
cantly to 805.7 hours, mimicking the fragmentation failure
mode. By maintaining a sparse distribution of active tasks,
the algorithm ensures that the active workfront density re-
mains high throughout the project lifecycle, preventing the
late-stage bottlenecks that cripple traditional schedules.

The ablation study further underscores the critical ne-
cessity of the dual-colony structure. This necessity arises
from the adversarial nature of the heterogeneous resourc-
es involved. Piling crews act as constraint generators, cre-
ating vibration zones that lock the search space, whereas
grouting crews act as constraint relievers, whose comple-
tion of tasks eventually unlocks these zones. Attempting to
guide these opposing roles with a unified learning mech-
anism leads to pheromone confusion, as evidenced by
Variant 4, which yielded a poor makespan of 825.9 hours.
In this single-matrix configuration, the drive to maximize
sparsity (for piling) conflicts with the drive to maximize ur-
gency (for grouting). The TA-ACO successfully decouples
these objectives. The piling colony focuses on topological
preservation, while the grouting colony focuses on bot-
tleneck elimination. This specialized division of labor al-
lows the system to navigate the non-monotonic search
landscape where a good decision for one resource type
might be a bad decision for the other if not properly co-
ordinated.

6. Conclusions

This study addressed the decision-dependent uncertainty
in subsurface engineering by formulating the PFCSP with
ESTC. By integrating a MILP model with the TA-ACO, we
successfully bridged the gap between theoretical sched-
uling and the dynamic physical realities of construction
sites. The core findings and contributions are summarized
as follows:

(1) The proposed TA-ACO algorithm shows stable per-
formance across varying problem scales. In small-scale in-
stances, it matches the global optimality of the exact solv-
er. Crucially, in large-scale scenarios where exact methods
fail to converge, TA-ACO establishes a new performance
benchmark. In the rigorous test of Instance L-02, the al-
gorithm achieved a makespan of 608.4 hours, significantly
outperforming the industry-standard Greedy strategy and
the ALNS. This corresponds to a project duration reduc-
tion of approximately 21.5% to 28.3% compared to base-
line heuristics.

(2) The results indicate that the root cause of schedul-
ing inefficiency under ESTC is spatial fragmentation rather
than resource scarcity. Microscopic analysis reveals that
traditional nearest-neighbor strategies inadvertently con-
struct isolated work islands, leading to unavoidable dead-
locks. The TA-ACO's success stems from its look-ahead
factor, which acts as a dynamic sparsity maximizer. By
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treating physical space as a depletable resource and pri-
oritizing topological connectivity, the algorithm maintains
a high active workfront density, ensuring parallel opera-
tions can be sustained throughout the project lifecycle.

(3) This research proves that heterogeneous resources
in PFCSP - piling and grouting — possess adversarial cou-
pling that creates a non-monotonic search landscape. The
ablation study confirms that a unified learning mechanism
leads to pheromone confusion and suboptimal results.
The dual-colony structure of TA-ACO effectively resolves
this by decoupling the optimization objectives: the Piling
Colony focuses on preventing spatial blockage, while the
Grouting Colony targets the relaxation of temporal bottle-
necks, achieving a synergistic global balance.

(4) The theoretical contributions have been translated
into practice through the Alpha-Pile decision support sys-
tem. Field implementation at a mega-aviation hub demon-
strated that the optimized schedule reduced the construc-
tion period of a critical zone from a projected 47 days to
34 days, securing a 13-day lead time for subsequent su-
perstructure assembly. These results suggest that, in com-
plex subsurface projects, topologically aware algorithmic
scheduling can provide useful support for reducing myo-
pic decisions and improving schedule reliability.

Despite these results, several limitations remain. First,
the current model assumes deterministic task durations
and fixed curing requirements, whereas actual construc-
tion may be affected by weather, equipment breakdowns,
material supply, crew availability, and geological variability.
Future work could incorporate stochastic or robust sched-
uling formulations to improve schedule reliability under
execution uncertainty. Second, the beam-search-based
look-ahead mechanism improves spatial planning but in-
creases computational overhead. Although the current
runtime is acceptable for static pre-construction schedul-
ing, faster strategies such as parallel computing, rolling-
horizon optimization, or incremental schedule repair will
be required for real-time adaptive scheduling. Third, the
present objective focuses on makespan minimization. Fu-
ture studies could extend the framework to multi-objec-
tive scheduling by considering crew idle time, equipment
travel distance, safety buffers, and schedule robustness.
Finally, the Alpha-Pile system could be further developed
into a digital-twin-based platform, where real-time sensor
and progress data are used to trigger dynamic reschedul-
ing in response to on-site deviations.
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