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Toward a High-Throughput Automated
Materials Experimentation Platform:
Hybrid-Automata-Inspired Modeling and
Equipment Configuration Optimization
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Abstract—This paper presents an experimental-procedure-
driven method for modeling and equipment quantity
configuration of high-throughput automated materials
experimentation platforms. The method integrates a hybrid-
automata-inspired process model, a structured equipment
dictionary, and experimental-procedure-to-equipment mapping
to construct a unified platform model for timing and
dependency analysis under practical constraints. Based on
this model, equipment quantity configuration is formulated
as a constrained integer nonlinear optimization problem and
solved using an integer-coded differential evolution algorithm. A
thermal insulation coating case study demonstrates the modeling
procedure and resulting configuration scheme. The experiments
show reduced operation time relative to manual execution and
smaller standard deviations in coating transmittance. This study
focuses on equipment quantity configuration rather than full
platform layout and integration design.

Note to Practitioners—This work presents a practical
method for modeling high-throughput automated materials
experimentation platforms and configuring equipment quantities
under budget, footprint, and equipment-dependency constraints.
The proposed framework helps practitioners translate an
experimental procedure involving sample preparation, synthesis,
and characterization into a platform-level representation that
captures process states, equipment participation, execution
sequences, and timing logic. Based on this representation,

Received 18 December 2025; revised 13 April 2026 and 15 May 2026;
accepted 3 June 2026. Date of publication 22 June 2026; date of cur-
rent version 26 June 2026. This article was recommended for publication
by Associate Editor Y. Ding and Editor T. Nishi upon evaluation of the
reviewers’ comments. This work was supported in part by the Project of
Hetao Shenzhen—Hong Kong Science and Technology Innovation Cooperation
Zone under Grant HZQB-KCZYB-2020083, in part by the Innovation and
Technology Commission of Hong Kong under Grant ITC-CNERC14SCO1,
and in part by the HKUST Shenzhen-Hong Kong Collaborative Innovation
Research Institute. (Guoxiong Ma and Haozhe Cui contributed equally to this
work.) (Corresponding authors: Molong Duan; Jinglei Yang.)

Guoxiong Ma, Chun Yin Yip, and Weibin Zhang are with
the Department of Mechanical and Aerospace Engineering, The
Hong Kong University of Science and Technology, Hong Kong,
SAR, China  (e-mail: gmaac @connect.ust.hk;  cyyipai@connect.
ust.hk; wzhangbx @connect.ust.hk).

Haozhe Cui is with the Academy of Interdisciplinary Studies, The Hong
Kong University of Science and Technology, Hong Kong, SAR, China (e-mail:
hcuiad @connect.ust.hk).

Molong Duan and Jinglei Yang are with the Department of Mechanical
and Aerospace Engineering, The Hong Kong University of Science and
Technology, Hong Kong, SAR, and also with the HKUST Shenzhen-Hong
Kong Collaborative Innovation Research Institute, Shenzhen 518000, China
(e-mail: duan@ust.hk; maeyang @ust.hk).

This article has supplementary downloadable material available at
https://doi.org/10.1109/TASE.2026.3702087, provided by the authors.

Digital Object Identifier 10.1109/TASE.2026.3702087

the method supports more systematic equipment quantity
configuration than purely intuition-driven design. The current
study focuses on equipment quantity configuration rather than
full platform layout, control integration, or module assembly.
The case study demonstrates how the framework can support
the design of a compact and cost-aware automated platform for
thermal insulation coating experiments.

Index Terms—Hybrid automata, modeling, INLP optimiza-
tion, high-throughput experiment platform, material experiment
automation.

I. INTRODUCTION

IGH-THROUGHPUT automated experimentation has

become an increasingly important paradigm in materials
research, as it can accelerate sample preparation, charac-
terization, and iterative screening while improving process
repeatability and data consistency [1], [2], [3], [4]. Recent
advances in robotic experimentation, autonomous laboratories,
and data-driven materials discovery have further stimulated
the development of customized automated platforms for spe-
cific experimental workflows [4], [5], [6], [7]. Compared
with manual experimentation, such platforms provide more
standardized execution, reduce operator-dependent variability,
and shorten materials development and evaluation cycles.
Recent studies have also emphasized system-level performance
metrics, including throughput, reproducibility, autonomy,
operational robustness, and robotic capability assessment,
in self-driving platforms and automated laboratories [8],
[9].

Automated experimental platforms in chemistry and mate-
rials science have demonstrated clear benefits in efficiency,
consistency, and data quality. Representative examples include
robotic synthesis platforms, autonomous laboratories for
closed-loop materials discovery, and automated systems cou-
pled with machine learning for experiment planning and
optimization [10], [11], [12], [13], [14], [15], [16], [17]. These
studies show that automation can increase throughput, reduce
manual intervention, and generate more structured data for
subsequent modeling and optimization. However, most exist-
ing efforts focus on experiment execution, reaction-condition
optimization, workflow autonomy, robotic workflow execution,
or closed-loop decision-making after the platform architecture
has been determined, [4], [8], [18], [19]. By contrast, deter-
mining the required numbers of heterogeneous devices before
platform implementation is a design-stage planning problem
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that has received limited explicit attention. This problem is
practically important because equipment quantities directly
affect achievable throughput, device utilization, investment
cost, and the emergence of hidden workflow bottlenecks.
In particular, early-stage equipment configuration under bud-
get, footprint, and equipment-dependency constraints remains
insufficiently studied. Related work in adjacent engineering
domains and autonomous laboratory scheduling suggests that
multi-type equipment selection, resource allocation, quantity
optimization, and task scheduling can strongly affect system
efficiency, bottleneck formation, and capacity utilization under
resource constraints [20], [21]. Nevertheless, such studies
typically optimize task allocation or execution schedules for
given resources, whereas the design-stage determination of
equipment quantities before platform implementation remains
less explored. In practice, equipment planning for automated
experimental platforms is still often handled heuristically,
which may lead to resource waste, underutilized devices, or
throughput-limiting bottlenecks.

This paper addresses the design-stage equipment quantity
configuration problem for high-throughput automated materi-
als experimentation platforms. The problem is formulated as a
constrained optimization problem that balances experimental
throughput and equipment utilization under budget, footprint,
and inter-equipment dependency constraints. A central chal-
lenge is that platform design depends jointly on experimental
procedure structure, equipment behavior, timing logic, and
heterogeneous device parameters. Hybrid automata and related
hybrid-system models provide a useful perspective for repre-
senting systems that combine discrete logical transitions with
timing constraints or continuous dynamics [22]. Motivated
by this perspective, we develop a hybrid-automata-inspired
experimental-procedure-driven modeling framework that com-
bines process abstraction with equipment-level representation.
The framework describes procedure states, transitions, and
timing logic through a hybrid-automata-inspired process
model, and organizes heterogeneous equipment parameters
through a structured equipment dictionary. These components
are connected by experimental-procedure-to-equipment map-
ping functions to construct a unified platform model for timing
and dependency analysis. Based on this model, the equipment
configuration problem is formulated as an integer nonlinear
programming problem and solved using an integer-coded
differential evolution algorithm. Recent studies on discrete
differential evolution suggest that evolutionary search can be
effective for constrained and combinatorial decision spaces
[23], [24]. The scope of this study is limited to equipment
quantity configuration rather than full platform layout design,
hardware integration, or control synthesis.

The main contributions of this work are fourfold. First,
an experimental-procedure-driven modeling framework is
developed to connect experimental process abstraction with
equipment-level representation for high-throughput materials
experimentation. Second, a structured equipment dictio-
nary and an experimental-procedure-to-equipment mapping
mechanism are introduced to support unified timing and
dependency analysis. Third, equipment quantity configu-
ration is formulated as a constrained integer nonlinear
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optimization problem under budget, footprint, and equipment-
dependency constraints. Fourth, a thermal-insulation-coating
case study is conducted to evaluate the proposed frame-
work in terms of equipment configuration, throughput
improvement, equipment utilization, and automated workflow
execution.

II. HYBRID-AUTOMATA-INSPIRED
EXPERIMENTAL-PROCEDURE MODELING FOR
HIGH-THROUGHPUT EXPERIMENTAL PLATFORMS

A. Experimental-Procedure Abstraction Based on a
Hybrid-Automata-Inspired Representation

High-throughput automated experiments involve discrete
process transitions, time-dependent process behavior, coor-
dination among multiple devices, and repeated execution of
experimental steps. Directly modeling all device-level interac-
tions using a full hybrid automaton [25] would substantially
increase state complexity and make subsequent optimiza-
tion difficult to handle. To address this issue, we adopt a
hybrid-automata-inspired experimental-procedure abstraction,
in which each experimental step is represented as a process
node associated with transition events, variable constraints,
and continuous-time attributes. Instead of explicitly track-
ing every device state, the proposed abstraction focuses on
process-level behavior and inter-step transitions, thereby pro-
viding a compact representation for platform-level analysis and
optimization.

The abstract workflow model is defined as

F =(P,D,,Z,S ., Init,Inv, ., 04), (1)

where P denotes the set of experimental processes, D, the
labeled transitions between processes, X the event set, and S,
the set of continuous variables. The terms Init and Inv specify
initialization and process constraints, while d. and o, describe
continuous evolution and discrete updates. A complete symbol
definition and the case-specific instantiation are provided in the
supplementary material.

B. Equipment Dictionary and Resource Representation

To represent heterogeneous laboratory resources in a unified
manner, we introduce a structured equipment dictionary,

E = [es, e, €], )

where e, ¢,, and e, denote the dictionaries for storage,
operational, and experimental equipment, respectively. Storage
equipment is used as sample containers or carriers, operational
equipment provides transfer and positioning functions, and
experimental equipment performs procedure-specific opera-
tions. For each equipment category, the dictionary records
common design attributes as well as category-specific oper-
ational parameters. This unified representation supports tim-
ing evaluation, footprint estimation, cost aggregation, and
dependency-constrained optimization.

For the thermal-insulation-coating case study, the dictionary
includes sample containers and trays, transport and positioning
devices, and process units for dispensing, stirring, drying, and
characterization. Table I summarizes representative fields in
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Fig. 1. Overview of the hybrid-automata-inspired experimental-procedure modeling framework for the high-throughput experimental platform.

TABLE I

REPRESENTATIVE FIELDS IN THE EQUIPMENT DICTIONARY
Category Field Symbol / key  Unit Example
All Quantity variable qi count q1,q7,q12
All Associated object Obj - e; —ef
Storage Capacity cap ml, sample/tray, tray/case 25 ml, 3 trays/case
Operational Maximum travel distance — x™** mm or rad 230 mm, 27
Operational Maximum speed YA mm/s or deg/s 10 mm/s, 15 deg/s
Experimental Maximum operation time 7™ S or min 0.4 min, 180 min
Selected devices  Footprint width lw mm robot arm width
Selected devices  Footprint length L mm feeder length
All Unit cost Ci HKD/unit bottle, turntable, feeder
All Dependency rule R(q:) - q3 = q1, 47 = 48 = g9 = Q15

the equipment dictionary, while the complete case-specific
entries and parameter values are provided in the supplementary
material. In Table I, the fields “Obj”, g;, and c¢; correspond
to the interaction target e, quantity attribute &;, and cost
attribute &, in the formal dictionary notation, respectively.
The geometric descriptor &, includes footprint-related dimen-
sions, such as width, length, and orientation parameters when

required by the layout model. In addition, the dependency rules
R(g;) encode coupled quantity constraints among equipment
categories, such as shared carriers, matched trays, and syn-
chronized module counts. The entries for storage, operational,
and experimental equipment are defined as follows:

€5 = <8d : {Gn’ln}» &gt NZO» Ec RZO, cap : capmaxV
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cap({chisy), &p : {eh) (3)
€oi = {&q : {On1n}, €41 Nxo, & 1 Ry, X1 XmaxV

x({eti), v 2 vimax V v(ekiLy), &g : e} 4)
ei ={&q {0, 1y}, &4 : Nxo, & 1 Roo, 7 TmaxV

T({cY)), &p: {eh) ®)

where cap, x, v, and T denote storage capacity, travel distance,
motion speed, and operation time, respectively.

C. Unified Platform Model for Timing and Dependency
Analysis

The experimental-procedure model and the equipment dic-
tionary are integrated into a unified platform model,

M=(F,E,MOV,EQP,Y, D;,, S..S,, Init’, InV,
50081, ©)

In this model, EQP(p) maps each process node to the equip-
ment participating in its execution, while MOV(p) decomposes
each process node into serial or parallel equipment-level
subprocesses. The transformed event set X' and edge set D),
characterize equipment-level transitions induced by process-
level events. The variables S, and S, denote experiment-
related and transport-related equipment variables, respectively,
whereas S denotes the maximum sample capacity that can
be processed by the platform over the procedure horizon.
The resulting model provides a unified representation of
process structure, equipment participation, execution timing,
and dependency relationships, thereby supporting equipment
quantity configuration analysis.

Based on this representation, the execution time of an
equipment-level subprocess is computed as

e.[7], if e €e,,
(e lx],(p',a,p")) .
He,p') = , ifeee,, 7
ep) S(eolxl, ) nese @
0, otherwise.

Here, the first case represents the operation time of exper-
imental equipment, the second case represents the transport
time of operational equipment, and the third case is used for
equipment that does not directly contribute to the subprocess
duration. This timing model provides the resource-coupling
and equipment-dependency information required for the sub-
sequent equipment quantity configuration problem.

For the thermal-insulation-coating case study, the
procedure-to-equipment mapping explicitly expands each
experimental stage into equipment-level subprocesses. For
example, the coating stage is decomposed into tray transition,
bottle handling, sheet handling, coating, position update,
and drying-related subprocesses. Some subprocesses must be
executed sequentially, whereas others can proceed in parallel.
In particular, after each coating cycle, the bottle-side and
sheet-side turntables can synchronously rotate to the next
bottle and glass positions, while the robotic arm continues
operating between fixed transfer points. This decomposition
enables the unified platform model to capture both timing
aggregation and inter-equipment dependencies in a form
suitable for subsequent optimization.
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To provide a concrete illustration of the procedure-to-
equipment mapping, the coating-stage process node can be
expanded into the following equipment-level subprocesses:

e bottle-tray transition — f{tray, turntable A, optional

carrier}, with serial or parallel-adjusted execution and
a duration determined by motion distance and transport
speed;

e sheet-tray transition — {sheet tray, turntable B, optional
carrier}, with serial or parallel-adjusted execution and a
duration determined by motion distance and transport
speed;

e coating — {bottle, sheet, robotic arm}, executed serially
with a duration determined by robotic transfer and action
time;

e position update — {turntable A, turntable B}, executed
in parallel with a duration determined by the maximum
branch time; and

e surface drying — {sheet, drying unit}, treated as a batch-
adjusted operation with a duration determined by the fixed
drying time.

This example illustrates how a process-level node is
expanded into equipment-level events and how serial, par-
allel, and batch-adjusted timing contributions are aggregated
within the unified platform model. More detailed examples
of formula application and schematic illustrations of the
procedure-to-equipment expansion process are provided in the
supplementary material.

D. Problem Formulation

The decision variable is the equipment-quantity vector

Qz{QI,CIZ’-u,CIn}’ (8)

where each ¢g; € Zyo denotes the selected quantity of an
equipment category and corresponds to the quantity attribute
g4 in the equipment dictionary.

The optimization objective is defined as

f(@) = wi (1= *TD) +wyR,(Q), )

where w; and w, are weighting coefficients, 7,(Q) denotes
the throughput term, R,(Q) denotes the utilization term, and
k controls the saturation rate of the throughput contribution.
The exponential transformation maps throughput to a bounded
range while preserving the monotonic preference for higher
throughput. Since the transformed term is strictly concave for
k > 0, the marginal gain of throughput decreases as throughput
increases. Thus, k regulates the sensitivity of the objective to
throughput variation and helps balance processing efficiency
and resource utilization. The weights w; and w, reflect the
design preference between throughput and utilization. In this
study, w; = wp = 0.5 is adopted as a neutral default setting
in the absence of task-specific Preferences, and k = 0.5 is
selected by empirical calibration to maintain sensitivity over
the expected throughput range. The effect of these parameter
choices is evaluated in Section IV-D.

The throughput term is defined as

-1

THQ) =S| D T, | .

peP

(10)
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TABLE I

REPRESENTATIVE EQUIPMENT-DEPENDENCY
RULES IN THE COATING CASE STUDY

Relation Interpretation
q3 = q1 One sheet per sample
Qs = q2 Matched tray quantities

Coupled transport/characterization
Stirring/drying scale with samples

q7 = 48 = 49 = (15
q13 = q1, q14 = q1

where § is the maximum number of samples processed over
the procedure horizon, and 7,(Q) is the execution time of
process node p under equipment configuration Q. The process
time is obtained by aggregating equipment-level subprocess
durations under serial, parallel, and batch-adjusted execution
modes. Thus, the throughput term reflects the overall sample-
processing capacity of the configured platform.
The utilization term is defined as

1
R(Q) = 3U(Q), Y

where U(Q) aggregates the utilization of storage, operational,
and experimental equipment over the experimental procedure.
The factor % normalizes the aggregated utilization over the
three equipment classes. This term is introduced to discourage
configurations with severely underutilized equipment while
maintaining a throughput-oriented optimization objective.

E. Constraints

The equipment quantity configuration problem is subject
to three classes of constraints. First, equipment-dependency
constraints enforce feasible quantitative relationships among
interacting equipment categories:

0 € Qqy,

where O, denotes the feasible set induced by equipment
interaction, matching, and synchronization requirements.

Second, the total platform footprint must not exceed the
available workspace:

12)

A(Q) < Amaxs

where A(Q) denotes the total occupied area determined by the
selected equipment quantities.
Third, the total equipment cost must satisfy the budget limit:

C(Q) < Cinax (14)

where C(Q) denotes the total investment cost of the platform
configuration.

Together, these constraints ensure that the optimized solu-
tion is not only high-performing in terms of throughput and
utilization, but also physically deployable and economically
feasible. In the thermal-insulation-coating case study, the avail-
able laboratory table area is set to 0.54 m?, and the total budget
limit is set to $11,000.

Table II lists representative equipment-dependency rules
used in the case study. These rules capture matching relations
between samples and substrates, tray coordination require-
ments, and coupling relations among transport, processing,
and characterization resources. The complete constraint set
and parameter definitions are provided in the supplementary
material.

(13)
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TABLE III

DIFFERENTIAL EVOLUTION PARAMETER SETTINGS
Parameter Setting
Strategy best2bin
Decision dimension 15
Population multiplier 15
Approximate population size 225
Mutation factor [0.5, 1.0]

Crossover probability 0.7

Maximum generations 30000
Stopping tolerance 1075
Polishing Disabled
Independent runs 20
TABLE IV
REPEATED-RUN STATISTICS OF THE DE-BASED OPTIMIZER

Metric Value
Independent runs 20
Feasible runs 20
Feasible rate 100%
Unique final solutions 1

Best objective 0.70039
Mean objective 0.70039
Std. objective 1.14 x 1071¢
Best throughput 3.19810
Mean throughput 3.19810
Std. throughput 4.56 x 10716
Mean runtime (s) 89.61

Std. runtime (s) 56.11

F. Solution Method

The resulting optimization problem is discrete, nonlinear,
and constrained by coupled resource relationships. We there-
fore adopt a differential-evolution-based heuristic [27] with
integer quantity encoding to search for high-quality feasible
equipment configurations.

Each candidate solution is represented by an equipment-
quantity vector Q = [q1,42,--.,4q15], where each component
denotes the number of units selected for one equipment cate-
gory. Before optimization, each variable ¢; is assigned integer
lower and upper bounds. The lower bounds are determined by
process-feasibility and dependency requirements, whereas the
upper bounds are restricted to practically meaningful ranges
based on sample scale, budget, footprint, and preliminary trial
considerations. During optimization, the differential evolution
operators are applied to a real-valued intermediate vector. The
resulting vector is then converted into an integer equipment
configuration by floor-based discretization and bound clipping
before objective evaluation.

Constraint handling is performed using an exterior penalty
strategy. After integer conversion, each candidate configuration
is checked against the dependency, footprint, and budget con-
straints. Infeasible candidates are assigned a large penalized
objective value, whereas feasible candidates are evaluated
using the unified platform model. Since the differential evolu-
tion routine is implemented in minimization form, the negative
value of the maximization objective is returned for feasible
candidates. Table III summarizes the differential evolution
settings, and Table IV reports repeated-run statistics under
different random seeds.
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Fig. 2. Mapping of the coating workflow to the unified platform model M, showing process-level abstraction, equipment assignment, and timing-related

interactions.
TABLE V
REPRESENTATIVE HIGH-QUALITY FEASIBLE
EQUIPMENT CONFIGURATIONS

Solution f(Q) Th Cost Area
1 0.7004 3.1981 samples/h 10898.0 0.5215
2 0.6857 2.9468 samples/h 10849.5 0.4978
3 0.6688 2.6929 samples/h 10801.0 0.4754
4 0.6493 2.4363 samples/h 10752.5 0.4543
5 0.6268 2.1770 samples/h 10704.0 0.4347

Solution Equipment configuration [q1, g2, ..., q15]

1 [12,1,12,1,0,0,1,1,1,0,0, 1, 12, 12, 1]

2 [11, 1, 11,1,0,0, 1,1, 1,0, 0, 1, 11, 11, 1]

3 10, 1, 10, 1, 0,0, 1, 1, 1, 0, 0, 1, 10, 10, 1]

4 [9,1,9,1,0,0,1,1,1,0,0, 1,9, 9, 1]

5 8,1,8,1,0,0,1,1,1,0,0, 1, 8, 8, 1]

III. OPTIMIZATION RESULTS AND DESIGN INSIGHTS

Based on the proposed INLP formulation and the
differential-evolution solver, representative high-quality fea-
sible equipment configurations were obtained for the target
high-throughput experimental platform. These results illustrate
how throughput changes under coupled space and budget
constraints, and reveal the design trade-off between sample
parallelization and investment in supporting equipment.

A. Representative Feasible Configurations

Table V summarizes five representative high-quality feasible
solutions. The highest-ranked solution achieves the largest
throughput among the listed configurations while satisfying
both the budget and footprint constraints. The results show
that the numbers of stirring and drying units increase with the
number of sample containers, enabling greater parallel sample
processing during the corresponding stages. In contrast, sev-
eral auxiliary devices, such as the robotic arm and the two
electric turntables, remain single-unit resources. This suggests
that these auxiliary devices are not the dominant throughput
bottlenecks under the current procedure structure and timing
conditions.

B. Trade-off Analysis

A notable observation is that the tray-case and tray-carrier
variables are consistently assigned zero in the optimized

TYPE [
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Fig. 3. Visualization of representative feasible equipment configurations

obtained by the proposed optimization framework.

configurations. This indicates that, under the current budget
and space constraints, introducing the tray-based design does
not provide sufficient throughput improvement to justify its
additional equipment cost and footprint. Instead, the optimizer
improves throughput primarily by increasing the number of
sample containers and the corresponding stirring and drying
units. The monotonic decrease in throughput from Solution 1
to Solution 5 further confirms that the achievable throughput is
strongly associated with the degree of sample parallelization.
Within the current resource envelope, investing in sample-
linked processing capacity is therefore more effective than
expanding tray-related supporting resources.

To further interpret this design tendency, a parameter study
was conducted by varying the sample-container quantity q;
and tray quantity ¢,, while keeping the remaining equipment
quantities at their minimum feasible levels. Figure 4 shows
the corresponding changes in throughput, cost, and footprint.
The results indicate that increasing the tray quantity beyond
a moderate range substantially increases cost and occupied
area, whereas the throughput gain remains limited. By con-
trast, increasing the number of sample containers provides a
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Fig. 4. Effect of sample-container quantity and tray quantity on (a) throughput, (b) cost, and (c) footprint.

TABLE VI

COMPARISON BETWEEN THE GREEDY BASELINE AND THE DE-BASED
METHOD FOR THE PRESENT COATING-PLATFORM CASE

Metric Greedy baseline DE-based method
Objective value 0.7004 0.7004
Throughput 3.1981 3.1981
Utilization 0.6029 0.6029
Footprint 0.5215 0.5215

Cost 10898.0 10898.0
Mean runtime (s) 0.00124 89.61

TABLE VII

EXPANSION HISTORY OF THE GREEDY BASELINE
FOR THE PRESENT COATING-PLATFORM CASE

Step Action q1  Obj. Th Cost
1 Sample-line 4 04918 1.1119 10510.0
2 Sample-line 5 0.5343 1.3825 10558.5
3 Sample-line 6 0.5701 1.6501 10607.0
4 Sample-line 7 0.6006 19149 10655.5
5 Sample-line 8 0.6268 2.1770 10704.0
6  Sample-line 9 0.6493 2.4363 10752.5
7  Sample-line 10 0.6688 2.6929 10801.0
8  Sample-line 11 0.6857 2.9468 10849.5
9  Sample-line 12 0.7004 3.1981 10898.0

more favorable throughput improvement per unit of resource
consumption.

C. Comparison With a Baseline Design Heuristic

To provide a non-evolutionary reference, we
constructed a constraint-aware greedy baseline inspired
by fix—propagate-repair heuristics for feasibility-preserving
search under coupled constraints [28]. The baseline was
implemented using the same objective function, procedure
model, dependency constraints, budget limit, and area limit
as the proposed DE-based method. It serves as a structured
benchmark for the present design problem rather than as a
general-purpose optimizer.

The baseline starts from a minimum feasible configura-
tion and expands the design monotonically through a small
predefined action set. After each tentative move, dependent
decision variables are updated through a fix—propagate—repair
procedure to preserve structural consistency and feasibility.
Among all feasible candidate moves, the move with the largest
objective improvement is accepted. Because the action set is
intentionally restricted, the baseline represents a locally guided
expansion heuristic rather than a global search method.

TABLE VIII

REPRESENTATIVE COMPARISON BETWEEN BASELINE AND DE
METHODS UNDER EXTENDED RESOURCE LIMITS

Amax Cmax Baseline DE

Ob;. Th, Cost Ob;. T}, Cost
0.8 15000 | 0.7503 4.4157 11140.5]0.7950 8.6600 13402.0
1.2 15000 | 0.7800 5.8007 11431.5|0.8021 11.0429 13984.0
1.6 15000 | 0.7926 6.8914 11674.0 | 0.8049 13.1461 14566.0
1.6 30000 | 0.7926 6.8914 11674.0 | 0.7995 17.0344 26804.0

For the present coating-platform case, the greedy baseline
converged to the same final equipment configuration as the
DE-based method. Table VI summarizes the final comparison,
and Table VII reports the corresponding stepwise expansion
path of the greedy baseline. In this case, the baseline selected
the sample-line scaling action at every iteration, and no tray-
line scaling step was chosen before termination. The occupied
area also increased monotonically along the same path. These
results indicate that the feasible region of the present case
is highly structured and nearly monotonic, allowing a sim-
ple expansion heuristic to recover the same final design.
Accordingly, the baseline achieved the same objective value,
throughput, utilization, area, and cost as the DE-based method,
while requiring substantially less computation time.

However, this result should not be interpreted as evidence
that the baseline and the DE-based method are generally
equivalent. The current case is strongly simplified by a narrow
feasible region and a dominant monotonic expansion path.
Under such conditions, the final configuration can be reached
by repeatedly applying a small number of intuitive scaling
moves. By contrast, the DE-based method is designed for more
general configuration spaces, where multiple heterogeneous
devices, auxiliary units, and coupling relations may create
competing structural design patterns.

This distinction becomes clearer in the extended scenario
study. Table VIII reports representative comparisons between
the baseline and the DE-based method under selected area
and cost limits. In this table, throughput is reported as
the recovered original value 7j. The results show that, as
the feasible region becomes larger, the DE-based method
consistently identifies higher-quality configurations than the
baseline. More importantly, the DE solutions are not merely
scaled-up versions of the baseline design. As shown in
Table IX, under Ay.x = 0.8 and Cp.x = 15000, the
baseline solution is [17,1,17,1,0,0,1,1,1,0,0,1,17,17,1],
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TABLE IX

REPRESENTATIVE STRUCTURAL COMPARISON BETWEEN THE
BASELINE AND DE-BASED CONFIGURATIONS UNDER
Amax = 0.8 AND Cppax = 15000

Method Solution vector
Baseline [17,1,17,1,0,0,1,1,1,0,0,1,17,17,1]
DE-based [36,3,36,3,1,1,1,1,1,1,1,1, 36, 36, 1]

TABLE X
BASELINE PARAMETER SETTING FOR THE SENSITIVITY ANALYSIS

Parameter Baseline value
w1 0.5

wo 0.5

k 0.5
Footprint limit (1m2) 0.54
Cost limit (HKD) 11000

whereas the DE-based method identifies [36,3,36,3,1,1,
1,1,1,1,1,1,36,36, 1]. The latter corresponds to a multi-tray
configuration in which 36 vials are distributed over three trays,
together with the activation of tray-buffering and storage-
related units. By contrast, the baseline mainly follows a single
monotonic expansion path and therefore tends to increase the
carrying capacity of the existing line without introducing an
alternative tray-level design structure.

It is important to emphasize that the proposed DE-based
framework does not aim to guarantee a mathematically proven
global optimum for every instance. Rather, its role is to
identify high-quality feasible configurations under coupled
structural and resource constraints. This capability becomes
more important when the feasible space is larger and
structurally more diverse, because handcrafted monotonic
expansion heuristics may become restrictive and miss promis-
ing configuration patterns. Therefore, although the greedy
baseline is sufficient for the present tightly structured coating-
platform case, the DE-based framework provides stronger
exploration capability and better configuration quality in
broader design spaces.

D. Sensitivity Analysis of Design Parameters

To further assess the robustness of the proposed opti-
mization framework, a sensitivity analysis was conducted for
four groups of influential parameters: the objective weights
(w1, w2), the nonlinear throughput scaling parameter k, the area
limit, and the cost limit. For each scenario, the DE algorithm
was independently executed 20 times using different random
seeds. The reported statistics include the feasibility rate,
objective value, throughput, utilization, area, cost, runtime,
and the number of distinct optimized solutions. For scenarios
with infeasible runs, performance metrics were averaged over
feasible runs only, while the feasibility rate was computed over
all 20 independent runs. The baseline parameter setting used
in this analysis is summarized in Table X.

Table XI summarizes the sensitivity results for the objective-
related parameters, including the objective weights (wy, w;)
and the throughput scaling parameter k. In all tested scenarios,
the feasibility rate remained 100%, and the same optimized
configuration was obtained in all repeated runs. The through-
put, utilization, area, and cost values remained unchanged,
while only the scalar objective value varied due to the different
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TABLE XI

SENSITIVITY TO OBJECTIVE WEIGHTS AND SCALING PARAMETER

Scenario Feas. Obj. Th Util.

(w1 =0.1,w2 =0.9) 1.00 0.6224 3.1981 0.6029

(w1 =0.3,w2 =0.7) 1.00 0.6614 3.1981 0.6029

(w1 =0.5,w2 =0.5) 1.00 0.7004 3.1981 0.6029

(w1 =0.7,w2 =0.3) 1.00 0.7394 3.1981 0.6029

(w1 =0.9,w2 =0.1) 1.00 0.7784 3.1981 0.6029

k=0.2 1.00 0.5377 3.1981 0.6029

k=0.5 1.00 0.7004 3.1981 0.6029

k=1.0 1.00 0.7810 3.1981 0.6029

k=20 1.00 0.8006 3.1981 0.6029

TABLE XII
SENSITIVITY TO AREA AND COST CONSTRAINTS

Scenario Feas.  Obj. Ty, Util.  Footprint ~ Cost
Amax = 0.50 1.00  0.6857 2.9468 0.6005 0.4978 10849.5
Amax = 0.54 1.00 0.7004 3.1981 0.6029 0.5215 10898.0
Amax = 0.58 1.00 0.7132 3.4468 0.6049 0.5466 10946.5
Cmax = 10500 0.30 0.4405 0.8384 0.5385 0.3591 10461.5
Cmax = 11000 1.00 0.7004 3.1981 0.6029 0.5215 10898.0
Cmax = 11500 1.00 0.7004 3.1981 0.6029 0.5215 10898.0

weighting schemes or nonlinear throughput rescaling. This
result suggests that the proposed method is robust to moderate
variations in the objective aggregation formulation. For the
studied case, the ranking of feasible candidate designs appears
to be preserved under the tested objective preferences and
throughput scaling settings.

By contrast, the optimization outcome is more sensitive
to resource constraints, as shown in Table XII. When the
area limit increased from 0.50 to 0.58, the mean throughput
increased monotonically from 2.9468 to 3.4468, accompanied
by moderate increases in utilization, occupied area, and cost.
Inspection of the optimized solutions further showed that the
overall architecture pattern remained unchanged, while the
main scale-related decision variables increased monotonically
with the available area budget. This suggests that the area
constraint does not alter the preferred system structure in the
present case, but instead determines the admissible scale level
of that structure.

The cost limit exhibited an even stronger impact. When
the budget was reduced to 10500, the feasibility rate dropped
to 30%, and the mean throughput decreased to 0.8384. By
contrast, increasing the budget from 11000 to 11500 did
not change the optimized configuration or the achieved per-
formance. This indicates the presence of a practical cost
threshold: once the budget exceeds the cost required by the
preferred design, additional budget does not lead to further
improvement. Therefore, compared with the objective-related
parameters, the admissible resource budget, especially the cost
bound, plays a more decisive role in shaping the final design
outcome.

Figure 5 provides a visual summary of the resource-
constraint sensitivity analysis. Figure 5(a) shows that the
throughput and objective value increase steadily as the area
limit is relaxed, confirming that additional area budget enables
a larger-scale yet structurally similar design. Figure 5(b) shows
that the cost limit produces a threshold effect: tightening the
budget to 10500 substantially reduces both throughput and
feasibility rate, whereas further budget increases beyond 11000
yield no additional gain.
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Fig. 5. Sensitivity of optimization performance to resource constraints:
(a) effect of area limit on throughput and objective value; (b) effect of cost
limit on throughput and feasibility rate.

Overall, the sensitivity analysis shows that the proposed
optimization framework is robust to the specification of the
objective weights and the throughput scaling parameter in the
present case. By contrast, the optimized configuration is more
sensitive to the admissible resource budget, particularly the
cost limit. These results suggest that, for the studied design
problem, resource constraints play a more decisive role than
moderate variations in objective aggregation.

E. Discussion of Container-Based Vs. Tray-Based
Parallelization

The trade-off analysis provides a direct explanation for the
optimizer’s preference for container-based parallelization over
tray-based expansion in the present case. Increasing the num-
ber of trays requires not only additional tray-handling capacity,
but also matched supporting resources such as turntables, car-
riers, and storage-related units. These additions increase both
cost and footprint through coupled structural requirements,
while the resulting throughput improvement remains limited
under the current resource bounds. By contrast, increasing
the number of sample containers makes more effective use
of the core processing resources and supports a higher level
of parallel sample handling with lower marginal resource
consumption.

This result suggests that, for the studied coating work-
flow, throughput improvement is influenced more strongly
by the number of simultaneously processed samples than by
the expansion of tray-handling units alone. More broadly,
it illustrates the value of the proposed modeling and opti-
mization framework in revealing design preferences that may
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Fig. 6. Automated high-throughput platform for thermal insulation coating
preparation and characterization.

not be obvious from intuition alone. In particular, when
multiple resource couplings and auxiliary-unit dependencies
are present, intuitive expansion strategies may overestimate
the benefit of adding visible transport or tray-handling
components, whereas the optimization model can identify
configuration directions that deliver better overall system per-
formance under explicit cost and footprint constraints.

IV. EXPERIMENTAL VALIDATION ON THERMAL
INSULATION FILM COATING

To evaluate the practical performance of the optimized plat-
form in a representative coating workflow, thermal-insulation
film coating experiments were conducted using both manual
operation and the automated platform under the same formu-
lation and measurement conditions. The validation focused on
two aspects: workflow efficiency and optical transmittance.
The main evaluation metrics included active operation time,
process hold time, and transmittance at selected wavelengths.

A. Experimental Setup

Figure 6 shows the automated high-throughput platform
used for thermal-insulation coating preparation and charac-
terization. In the manual workflow, an experienced operator
prepared coating samples using the doctor-blade method
and completed the subsequent characterization steps. In the
automated workflow, the optimized platform executed the
corresponding dispensing, coating, drying, and characteriza-
tion sequence. For direct comparison, both workflows were
evaluated using three samples under the same formulation,
measurement conditions, and time-accounting rule.

The reported active operation time included all human
intervention required before and during execution, including
setup, consumable handling, instrument-readiness confirma-
tion, reagent handling, sample transfer, and measurement-
related operations. Passive waiting periods were excluded
from this metric. In the manual workflow, the preparation
stage included bench arrangement, instrument-readiness con-
firmation, consumable preparation, and reagent preparation,
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Fig. 7. Active operation time as a function of batch size for manual processing
and the automated platform.

TABLE XIII

PER-SAMPLE COMPARISON OF MANUAL AND AUTOMATED WORKFLOW
TIMING UNDER THE SAME ACCOUNTING RULE

Step (s/sample) Manual  Automated
Preparation 201.3 20.0

Dispensing 237.3 33.0 £ 0.1
Coating and drying-related manipulation 71.3 203 £ 0.6
Characterization-related operation 20.0 373 £ 0.6
Total active operation time 5299 110.6 + 0.6
Process hold time 36000 36000

corresponding to 201.3 s per sample. In the automated work-
flow, preparation consisted mainly of platform startup and
consumable placement before execution, corresponding to
approximately 20.0 s per sample under the present three-
sample validation setting.

The execution-stage time included active intervention
associated with dispensing, coating- and drying-related manip-
ulation, sample transfer, and characterization. The automated
workflow was repeated three times, and the correspond-
ing timing values are reported on a per-sample basis as
mean and standard deviation. The stirring stage, which lasted
approximately 36000 s, did not require continuous operator
intervention and was therefore reported separately as process
hold time rather than being included in the total active
operation time. Optical measurements were performed using
a UV-Vis spectrometer at wavelengths of 365 nm, 760 nm,
and 940 nm.

B. Workflow Efficiency Comparison

Table XIII summarizes the workflow timing results under
the same accounting rule. Compared with manual process-
ing, the automated platform required substantially less active
operator intervention during preparation, dispensing, and
coating-related manipulation. For the three-sample validation
batch, the total active operation time was reduced from
1589.7 s for manual processing to 331.8 s for the automated
workflow, corresponding to an approximately 79.1% reduction.
On a per-sample basis, this corresponds to a decrease from
5299 s to 110.6 s. From the batch-size scaling shown in
Figure 7, the relative time saving gradually converges to about
72.6% as the batch size increases. The process hold time
remained identical for both workflows at 36000 s and was
therefore excluded from the active-operation-time reduction.
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Fig. 8. Representative coating results obtained by (a) manual preparation and
(b) automated platform preparation.

The reduction mainly originated from the automation
of repetitive dispensing and coating-related handling steps,
together with the lower preparation burden enabled by
batch-based operation. The small variation across repeated
automated runs further indicates good execution consistency.

C. Coating and Optical Characterization Results

To evaluate the effect of manual and automated workflow
execution on the optical performance of the coating process,
an additional formulation study was conducted by varying
the infrared filler concentration in steps of 0.25 g mL™' over
the tested range. The formulations consisted of UV filler, IR
filler, matrix, and diluent. In total, ten coated formulation
conditions were investigated, together with one uncoated glass
reference. For each workflow, the full set of ten coated
formulations was prepared in three independent experimental
runs, yielding three samples for each formulation condition
and 30 coated samples for each preparation mode. Each
sample was characterized at 365 nm, 760 nm, and 940 nm
using a UV-Vis spectrometer. The uncoated glass substrate
was measured separately as the baseline reference. Figure 8
shows representative coatings produced by manual and auto-
mated preparation, while Figure 9 presents the corresponding
transmittance results.

As shown in Figure 9, both preparation modes produced the
expected wavelength-dependent transmittance trends across
the investigated formulation range. The uncoated glass refer-
ence exhibited the baseline optical response of the substrate.
Overall, coatings prepared by the automated platform showed
higher mean transmittance than those prepared manually. In
addition, the automated platform generally yielded smaller
standard deviations across most tested conditions, indicating
a narrower spread among independently prepared samples.
These results suggest that the automated approach improves
coating-preparation uniformity while maintaining the intended
optical response of the formulation system. Taken together,
the experimental validation demonstrates that the optimized
automated platform can substantially reduce active human
intervention while producing coatings with higher average
transmittance and smaller sample-to-sample variation than
manual operation in the studied thermal-insulation coating
workflow.
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V. CONCLUSION REFERENCES

This paper presented an experimental-procedure-driven
modeling and equipment quantity configuration frame-
work for high-throughput automated materials experiments.
The framework integrates a hybrid-automata-inspired pro-
cess abstraction, a structured equipment dictionary, and a
procedure-to-equipment mapping mechanism to construct a
unified platform model for timing and dependency analysis.
Based on this model, equipment quantity configuration was
formulated as a constrained integer nonlinear optimization
problem under budget, footprint, and equipment-dependency
constraints.

A thermal-insulation coating case study was conducted to
demonstrate the proposed framework. The optimization results
showed that the framework can identify high-quality feasible
equipment configurations and reveal design trade-offs between
sample parallelization and supporting-equipment investment.
In the studied case, the optimized design favored container-
based parallelization over tray-based expansion under the
given resource constraints. Sensitivity analysis further indi-
cated that the optimized configuration was robust to moderate
variations in objective weights and throughput scaling, while
being more strongly influenced by admissible resource bud-
gets, especially the cost limit.

Experimental validation on a representative thermal-
insulation coating workflow showed that the optimized
automated platform substantially reduced active human inter-
vention compared with manual operation. In addition, the
automated workflow yielded higher average optical trans-
mittance and smaller standard deviations across the tested
formulation conditions, indicating improved preparation con-
sistency while maintaining the intended optical response.

This work focuses on equipment quantity configuration
rather than full platform layout, hardware integration, or
control synthesis. Future work will extend the framework to
a wider range of experimental procedures, incorporate layout-
aware configuration and scheduling, and investigate integration
with automated experiment orchestration and closed-loop
materials discovery.
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