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Abstract—We tackle the problem of improving the Surface-
Mount Technology (SMT) process planning in an automotive
manufacturing setting. Current simulations show low accu-
racy across production lines as the existing approach relies
on predefined setups rather than adapting to product-specific
configurations. We propose a hybrid framework that couples
machine learning with a genetic algorithm to generate product-
specific plans. Our solution involves three tasks: (i) assigning
boards to lines, (ii) allocating components to Pick-and-Place
(PnP) machines, and (iii) balancing workloads across machines.
Our hybrid pipeline embeds supervised learning in a genetic
optimizer. A multi-class classifier selects feasible PnP head con-
figurations per Bill of Materials (BOM) part number (precision
= 0.73). A genetic algorithm assigns components to compatible
feeder tables/machines, while a regression model estimates table
cycle times (R? = 0.88). The fitness jointly optimizes Components
Placed per Hour (CPH) and Line Balancing (LB) under process
constraints. Different mutation methods are explored, revealing
that mutation based on balancing the workload by leveling the
number of placements on the tables with minimum and maximum
cycle time results in an LB of 0.83, with a CPH of 0.37 and an
average delta cycle time of -3.27% across 105-part numbers.

Index Terms—Surface-Mount Technology (SMT), genetic algo-
rithm, regression models, process planning

I. INTRODUCTION

A Surface-Mount Technology (SMT) line is the end-to-end
sequence of machines and processes that assemble electronic
components onto printed circuit boards (PCBs).

SMT planning in automotive plants often relies on low-
fidelity simulations on fixed production lines, making it dif-
ficult to identify a configuration that jointly (1) minimizes
cycle time (CT), (2) achieves required components per hour
(CPH), and (3) balances workloads across modules (i.e., line
balancing, LB). In addition, planners are limited to use existing
lines rather than synthesizing a product-specific configuration,
leading to suboptimal throughput and resource utilization.

We address these limitations with a decision-support tool
that couples supervised learning with genetic optimization to
generate and evaluate product-specific line designs. The tool
streamlines monthly re-planning by: (i) proposing an “ideal”
line configuration tailored to the bill of materials (BOM) and
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Fig. 1. Two PnP machines in a SMT line

equipment constraints, and (ii) ranking the top three alterna-
tives drawn from existing lines. This focuses engineering effort
on a small set of high-quality candidates, reducing simulation
workload while improving decision quality.

II. INDUSTRIAL PRACTICE

With high speed and precision, the machines within an SMT
line process boards called panels and transmit them to the next
one for further processing. Such SMT line includes auxiliary
equipment such as loaders, solder paste printers, inspection
systems, and reflow ovens, but Pick-and-Place (PnP) machines
have the greatest impact on line performance. These machines
determine the cycle time of a product by performing placement
operations and are usually considered bottleneck machines.
Figure 1 shows PnP machines within a SMT line with key
components: front and rear cameras, feeder carts, heads, nozzle
heads, and conveyor moving panel between modules. Front
feeder cart includes a feeder slot with a component reel.

In case of one PCB type and multiple machines, differ-
ent factors must be considered, starting with the SMT part
numbers that must be allocated on the line. The part numbers
dictate the number of Pick-and-Place machines, consequently,
the head configurations. Knowing the information about every
machine on the line, each component part number can be allo-
cated to a module, more specifically to a table. The allocation
is based on compatibility with the head configuration.

399
Authorized licensed use limited to: Universitatea Tehnica din Cluj-Napoca. Downloaded on April 22,2026 at 09:59:44 UTC from |IEEE Xplore. Restrictions apply.



TABLE I
KEY PLANNING CONCEPTS IN AN SMT LINE

technology in which electronic components are mounted directly onto the surface of a printed circuit

distribution of placements across machines to avoid bottlenecks
list of components required to manufacture the product including side, components, quantities
array of PCBs manufactured together as a single unit to improve efficiency

verifies solder paste deposition for volume, height, and positional accuracy
heats the boards to melt solder paste and form electrical and mechanical joints
machine that picks components from feeders and places them onto PCB pads
vision system used for component alignment and placement verification

slot where reels are mounted, supplying components to the PnP head

mechanical arm of a PnP machine that picks and places components

specialized part of the PnP head that grips and holds components until placement

identifier for a panel (SMT part number) or for a component (component part number)
section of a PnP machine where a feeder cart is mounted; two tables available: front and rear

changes of a line in terms of head configuration, number of modules
CAD/CAM (Computer-Aided Design / Computer-Aided Manufacturing) software for NPI

engineering group that creates and maintains the configurations of the lines and placement programs
constraint controlling where a PN is authorized to run; a release can be internal within plant or customer

Surface-Mount Technology SMT
board (PCB)
Component CMP electronic part (raw material) placed on PCB
Printed Circuit Board PCB board that interconnects and supports electronic components
Cycle Time CT time required to manufacture a panel
Components per Hour CPH throughput of a pick-and-place (PnP) machine
Line Balancing LB
Bill of Material BOM
Panel PNL
SMT Loader SMTL feeds panels into the line and ensures continuous material
Solder Paste Printers SPP applies solder paste on PCBs pads through a stencil
Solder Paste Inspection SPI
Reflow Oven RO
Pick-and-Place machine/module PnP
Camera CAM
Feeder Cart FC storage unit holding feeders within the SMT line
Conveyor CNV transports panels between SMT machines
Feeder slot feeder
Reel RL roll containing components used during assembly
Head H
Nozzle NZL
Part Number PN
Table T
Theoretical CPH CPH, theoretical components placed per hour from vendor
New Product Introduction NPI current workflow when a new product is introduced
Line reconfiguration LR
UniCam Fx [1] UniCam
Numerical Control team NC team
Release REL
Systems, Applications, and Prod-  SAP [2] vendor of enterprise resource planning software

ucts in Data Processing

One challenge is selecting the number of modules and
allocating components to avoid machine overload. Cycle time
CT is the time to complete a manufacturing unit. Let M
the set of available machines. CT; is the max cycle time
for the front and rear tables within the machine: CT; =
max(CTiabie— front; CTiable—rear), Where 7 is the number of
Pick-and-Place machines within the line, 7 € [1, |M]]. CT to
produce an SMT PN: CT = max<;<|amCT;.

CT can also be measured per PCB, by diving C'T" by the
number of PCBs. C'T' is key factor in line efficiency, being part
of the key performance indicator (KPI) Components Placed
per Hour (CPH). Let X placements count and C'P H; vendor-
specified theoretical CPH. Formally: CPH = 360%3#

A balanced line ensures that machines are working at a sim-
- imi : (=M o)/ M|
ilar pace, and therefore, similar CT: LB = sEsl e,

The planning process comprises four steps: 1) Line As-
signment Problem (LAP): assigning part numbers to lines;
2) Component Allocation Problem (CAP): distributing com-
ponents of each part across modules; 3) Feeder Arrangement
Problem (FAP): identifying the feeder slot on module/table for
each component; 4) Component Sequencing Problem (CSP):
determining the optimal pick and place order of components.

In automotive SMT production, the line configuration
remains largely manual, relying on engineering expertise,
spreadsheets, and vendor-specific simulations. Despite equip-
ment advancements, New Product Introduction (NPI) and line
reconfiguration workflows are not automated and involve mul-
tiple disconnected tools and iterative part-specific simulations,

resulting in limited scalability and suboptimal solution.

New Product Introduction (NPI) involves following steps:

1) Extract BOM: Determine placements per side; prioritize
the side with highest placement count;

2) Select number of modules via component-module table;

3) Choose head configuration: NC programmers manually
inspect PCB layouts and component dimensions in Uni-
Cam FX [1] to decide the required head types;

4) Estimate CT per line: Engineers manually input number
of components and PCBs per panel into a spreadsheet

5) Select pool of lines: Based on releases and estimated CT;

6) Manual simulation: Vendor-specific tools validate config-
uration,with NC iteratively adjusting it until CT improves.

Once a line is chosen, changes are costly: adding/ removing
modules takes four days, head changes two weeks, rebuilding
virtual lines by deleting existing ones takes one day per PN.

These practices demonstrate that current SMT planning is
neither scalable nor data-driven. The heavy reliance on manual
fragmented practices makes it difficult to guarantee that se-
lected lines minimize cycle time (CT), meet components-per-
hour (CPH) targets, and maintain line balancing (LB). This gap
motivates the need for an automated decision-support tool that
evaluates existing lines, identifies the best-performing three,
and generates a product-driven line using historical data. It is
assumed that a part number (PN) is released on all lines.
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III. RELATED WORK

Line Assignment Problem has been researched to minimize
cycle time, setup time, capacity, and workload imbalance
using similarity-based heuristics [3, 4], integer linear program-
ming [5, 6], evolutionary [7], nature-inspired methods [8].
For Component Allocation Problem, prior work includes
regression-genetic algorithm approaches [9], and heuristic
methods such as brute force, local search [10].

Johnson et al. [11] classified SMT lines by PCB and
machine counts and their corresponding problem: i) one PCB
type and one machine (1-1): feeder arrangement, component
sequencing problem; ii) one PCB type and multiple machines
(1-M): component allocation to the modules; iii) multiple PCB
types and one machine (M-1); iv) multiple PCB types and
multiple machines (M-M): scheduling. Ho et al. [12] further
decomposed problems into: (i) setup management, (i.e. LAP
- assigning boards to lines) and (ii) process optimization:
CAP - allocating components, CSP - determining component
sequencing, FAP - assigning components to feeders.

For LAP, Jaccard-based PCB clustering [3] prohibits PCB
and component splitting across machines, limiting scalability,
while Group Technology (GT) [4] approach ignores LAP-CAP
interaction and assumes constant placement time.

Prior CAP work includes regression-GA methods [9] that
relies on exact component positions, which are difficult to
extract from image-based legacy vendors layouts and introduce
millimeter-scale inaccuracies. Other approaches use list-based
heuristic and branch-and-bound [13] to balance workloads, but
ignore component-to-head compatibility. GA-based methods
make unrealistic assumptions, such as: 1) enforce one head
type per component despite solving CAP, nozzle, and head
assignment [14]; 2) rely on synthetic data for multi-PCB
scenario [15] (GA combined with integer programming to
parallelize LB across PCBs) 3) use adaptive tuning to focus
on execution-level metric while omitting head constraint [16].

Some approaches combine all SMT optimization prob-
lems [8, 17], while others address CAP-CSP scheduling such
as Deep Q-Network (DQN) [18] method considering CT and
LB. However, all optimize CSP, which is handled by vendor
tools in practice, thus falling outside this paper’s scope.

To scale to real production, several gaps remain 1) limited
LAP-CAP interaction, even though decisions from line assign-
ment affect CT; 2) line selection based on PNs, rather than
actual machine configurations; 3) lack of joint optimization
of KPIs; 4) unnecessary inclusion of CSP, handled by vendor
software; 5) reliance on impractical data (e.g., PCB layouts).

This paper bridges the limitations by integrating LAP and
CAP into an unified pipeline driven by historical production
data. To our knowledge there is no existing approach that tries
to solve both problems and considers the mentioned KPIs. A
comparison with prior work is provided in Tables II and III.

IV. METHODOLOGY

Figure 2 shows the ideal-line workflow comprising three
main modules: (1), component-to-head configuration via

Get component part
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Fig. 2. Workflow for ideal production line configuration

multi-class classification; (2) cycle time estimation using a
regression model; (3) component allocation through GA.

A. Component to head configuration

To create the line, the head type for each component
in BOM is determined and used for head assignment onto
machines. With three possible heads (16, 8, 3), this becomes
a multi-class classification task. The dataset of 1,700 instances
combines: 1) SAP [2] raw material data: weight (NTGEW),
weight unit (GEWEI with the values: MG, G, KG), material
group (MATKL), standard price (STPRS), commodity code
(STAWN), and reel quantity (QTY); 2) historical placement
records: raw materials, assigned head, machine configuration
(line, module, table, feeder). For components compatible with
multiple heads, the most frequently used head is taken as label.

B. Cycle time estimator

To assess line efficiency, CT is estimated using non-linear,
non-parametric, gradient-based regression. Since per-module
CT is required for LB, a new dataset of 9,520 rows was
created by fusing CT history with line configurations. Features
include: setup and recipe names, part number, line number,
machine type, module number, table, head used, theoretical
CPH, component lists, required placements per component,
total placements, PCBs per board and CT. A script parses
machine vendor’s CSV files containing the CT estimates for
all production setups. Part number lists are replaced by one-hot
encoded columns generated from 10-dimensional Word2Vec
embeddings (window size 10). Association rule mining [20]
extracts relationships between components. The regressor pre-
dicts the continuous target CT using the mentioned variables.

C. Component allocation

Component Allocation aims to: (i) generate ideal line and
(ii) identify top three existing lines. Each goal has different
pre-processing steps, but both use GA from Algorithm 3.
Algorithm 1 shows the five steps for ideal line: 1) determine
head for BOM components, 2) assign heads to machines,
3) generate possible machine configurations, 4) find possible
machines per component, 5) apply GA to find the best line.

401
Authorized licensed use limited to: Universitatea Tehnica din Cluj-Napoca. Downloaded on April 22,2026 at 09:59:44 UTC from |IEEE Xplore. Restrictions apply.



TABLE I

COMPARATIVE ANALYSIS FOR LINE ASSIGNMENT PROBLEM (LAP)

Proposed Approach

Allows splitting across PnP machines; selects lines based
on machine configurations.

Estimates CT using a regressor; select lines with min CT.
Considers actual KPIs used in production such as: CT,
CPH, LB; maximizes LB and computes required number
of machines based on placements and head percentage.
Focuses on LAP-CAP, ignores CSP (handled by vendors).

Proposed Approach

Trains a regressor on historical setup data available in
the plant, avoiding geometric extraction. Uses GA that
minimizes CT while maximizing LB and CPH.

Uses historical production data (e.g: placements, machine
configurations, CTs), suitable for real SMT environments.
Incorporates CT, CPH, and LB, ensuring the solutions
remain aligned with real plant performance targets.
Simultaneously considers CT, CPH, and LB via a com-
bined fitness function aligned with real production KPIs.
Models head compatibility explicitly via a multi-class
classifier trained on historical placements to ensure fea-
sible allocations that match real machine constraints.
Focuses on planning rather than execution; uses historical
production data, integrates CT, LB, and CPH into the
fitness function; CSP is delegated to machine vendors
Head is determined via classification model trained on
historical data.

Trained and validated on real historical production data
with actual part numbers, configurations, and KPIs.

Methodology Paper  Limitations & Implications
Similarity-based (Jaccard)  [3] No splitting of PCB types or components; line selection
based on temporary PNs, limiting scalability.
Group Technology [4] Uses temporary PNs; assumes constant CT; ignores CAP.
Evolutionary  algorithms  [7] Selects line with lowest cost and theoretical throughput;
(GA) neglects LB; favors high-module lines even when fewer
modules suffice (line under-utilization).
Nature-inspired (HSMO) [8] Adds CSP complexity, already handled by vendor tools.
TABLE III
COMPARATIVE ANALYSIS FOR COMPONENT ALLOCATION PROBLEM (CAP)
Methodology Paper  Limitations & Implications
Evolutionary  algorithms  [9] Uses a position-dependent regressor; extracting coor-
(GA + Regressor) dinates from image-based PCB layouts may introduce
millimeter-scale errors, making CT estimation unreliable.
Mixed Linear Integer Pro-  [10] Requires unavailable parameters in real production (e.g:
gramming (MILP) average pick-and-place time and feeder-PCB distance).
Brute Force, Random, [19] Optimize only line balancing; no integration of other
Greedy, Local Search critical KPIs or scalability considerations.
Evolutionary  algorithms  [19] Tackles only LB; ignores CT and CPH; useful starting
(GA) point for representing a line configuration as an individual
Heuristic + Branch-and- [13] Splits components across machines to balance workload;
Bound ignores component-to-head compatibility, assuming any
head can place any component, unrealistic in practice.
Reinforcement [18] Addresses CAP and CSP to reduce CT and LB; solves
Learning—based CSP, already handled by vendor software; does not select
Scheduling (DQN) SMT lines or feasible configurations, and omits CPH
GA (Selective allocation) [14] Solves CAP, nozzle and head assignment, but restricts
each component type to a single nozzle/head type.
Multi-Model Evolutionary  [15] Evaluated on single PCB types; Multi-PCB experiments
Algorithm (MEA) use synthetic families instead of real production layouts
GA with adaptive param-  [16] Improves GA exploration/exploitation, but optimizes flow

eter tuning (Q-learning)
Two-stage  optimization
(CAP + FAP + CSP)

[17]

time after line selection; does not determine the line.
Additonal complexity from CSP, which in real SMT lines
is handled by vendor software.

Uses GA at the planning stage to jointly select line and
component allocation while optimizing CT, LB, CPH.
Excludes CSP; focuses on CAP+LAP integration and
KPI-driven decision making at planning stage.

Algorithm 1 Ideal SMT line configuration

Require: BOM components C, heads H, machines M
Ensure: Best line configuration L*
: for each component ¢ € C' do
Determine suitable head h. € H
: end for
: Assign heads to machines based on number of placements
Generate candidate machine configurations £
for each component ¢ € C do
Compute feasible machine set M. C M
end for
Use a GA over L (constrained by M) to find L*
: return L*

SORIDN LR

—_

Algorithm 2 Selection of top three lines

Require: BOM components C, heads H, machines M, candidate lines £ =
{L1,L2,..., L2}

Ensure: Top three lines L* = {L7, L3, L%}

: for each component ¢ € C' do
Determine suitable head h. € H

end for

Group lines £ by machine configurations to obtain G

Use a GA over G to find L*

: return L*

BARAE I S

Algorithm 2 outlines the selection process of the top three
lines: first, determine suitable heads for BOM components;
second, group lines by machine configuration; third, apply GA.

Algorithm 4 generates an individual representing an SMT
line configuration. First, a machine configuration is selected
from the available ones M. Second, a component-to-head ma-
trix DF € NICIXIH] ig created, with two new columns: R (re-
quired placements per component), and 7' (compatible tables
per component). Third, for each component ¢ € C, compatible
tables are determined based on intersection of its allowable
machines with chosen configuration (7. = Q[c] N m), after
which a random table ¢ € T, and random placements count
p < 1. are selected and assigned to DF|c, t]. Fourth, remaining
placements are randomly distributed until all required place-
ments are done. Finally, CTs, theoretical CPH,configuration,
placements per side, and head-change indices are stored.

Table IV illustrates uniform crossover between two indi-
viduals, each encoding an SMT line configuration , where
i) columns represent tables, ii) rows indices: tuples (s, ¢) where
s € {top, bottom}, ¢ € C, iii) cell values denote component
placements per table, iv) R column lists the required place-
ments per component, v) T’ contains indices of compatible
tables, having the predicted head. Gray columns indicate the
tables swapped during uniform crossover with prob. p..

After uniform crossover, some tables may have fewer or
more placements than required. Mutation is applied to restore
feasability. In Table IV, red values in the > column show
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Algorithm 3 Genetic Algorithm for SMT Line Optimization

Require: Population size N; max generations Gmax; crossover prob. pc;
mutation prob. p,,; tournament size k; mutation operator LB_mut; fitness
function Fit(z, s) for side s € {top, bottom}

Ensure: Best individual z*

1: Initialize random population Py = {z1,...,zN}
2: for each individual x € Py do
3: Evaluate fitness: f(x) < >, Fit(z, s)
4: end for
5: Initialize Hall of Fame HOF «+ ()
6: for g = 1 to Gmax do
7 Initialize next population Py < 0
8: while |Py| < N do
9: Select parents p1,p2 by tournament of size k
10: if rand() < pc then
11: o < UC_tables(p1, p2) > Perform crossover
12: else
13: o + argmax{f(p1), f(p2)} > No crossover
14: end if
15: if rand() < p,, or —Valid(o) then
16: 0 < LB_mut(o) > Apply mutation
17: Recompute fitness f(0) < > Fit(o, s)
18: end if
19: if Valid(o) then
20: Py Py U{o}
21: if [ HOF| < HOFpmqaa then
22 HOF «+ HOF U {o}
23: else if f(0) > minycyor f(z) then
24: Replace worst individual in HOF' with o
25: end if
26: end if
27: end while
28: end for

29: return z* = argmaxzcgor f(x)

TABLE IV
UNIFORM CROSSOVER

Parent

1
0 1 3 4 5 R T

SMT-1 1 0 0 0 3 0 0 3 [3, 4]
2 40 30 0 0 0 0 70 [0, 1, 2]
3 20 0 0 0 0 0 20 [0, 1, 2]

SMT-2 4 0 0 0 0 1 0 1 [3, 4]
5 10 0 0 0 0 0 10 [0, 1, 2]

6 0 0 0 6 6 0 12 [3, 4]

Parent 2
0 1 2 3 4 5 R

SMT-1 1 0 0 0 0 3 0 3 [3, 4]
2 30 40 0 0 0 0 70 [0, 1, 2]
4 0 0 20 0 0 0 20 [0, 1, 2]

SMT-2 4 0 0 0 0 1 0 1 (3, 4]
5 0 10 0 0 0 0 10 [0, 1, 2]

6 0 0 0 6 6 0 12 [3, 4]

Offspring 1

0 2 3 3 5 R T >

SMT-1 1 0 0 0 3 0 3 [3, 4] 6
2 40 30 0 0 0 0 70 [0, 1, 2] 70

3 20 0 20 0 0 0 20 [0, 1, 2] 40

SMT-2 4 0 0 0 0 1 0 1 [3, 4] 1
5 10 0 0 0 0 0 10 [0, 1, 2] 10

6 0 0 0 6 0 12 [3, 4] 12

Offspring 2

0 1 2 3 4 5 R T >

SMT-1 1 0 0 0 0 0 0 3 [3, 4] 0
2 30 40 0 0 0 0 70 [0, 1, 2] 70

3 0 0 0 0 0 0 20 [0, 1, 2] 0

SMT-2 4 0 0 0 0 1 0 1 3, 4] [
5 0 10 0 0 0 0 10 [0, 1, 2] 10

6 0 0 0 6 0 12 [3, 4] 12

Algorithm 4 Create Individual for SMT Line

Require: Machine M, components C, heads H, possible machines per
component Q

Ensure: Individual x with component-to-table assignments

1: Select one machine configuration m € M

2: Create component-to-head matrix DF € NICIx|H|

3: Add R (required placements per component) and 7" (tables) cols to DF
4: for each component ¢ € C do
5: Set compatible tables T, < Q[c] N'm
6
7
8
9

Select table ¢ € T, and placements p < R[c| at random
Update placements on the table: DF|[c, t] < p
: Compute remaining placements: 7. < R[c] — p
: end for
10: for each component ¢ € C with . > 0 do
11: while r. > 0 do

12: Randomly pick table ¢t € T and placements p < r¢
13: Assign p placements: DF[c, ¢] < DF[c, t] + p

14: Update remaining placements: r¢ <— re — p

15: end while

16: end for

17: Store additional info in individual (e.g: C'T")
18: return x

components whose total placement differ from the required
value from R. Various mutation approaches are applied to
balance workloads across tables: i) M utation;: random place-
ments on random compatible tables (Table V), ii) Mutations:
assigning a random placements to each table (Table VI),
iii) Mwutations: balancing based on tables with min and max
CTs for each head and side (Table VII). In Mutation,, for
each affected component c, placements are randomly redis-
tributed across compatible tables until required total is met
(X_ier, DFle, t] = Rle]). Mutationy distributes placements

TABLE V
MUTATION WITH RANDOM PLACEMENTS ON RANDOM TABLES

Offspring 1 after mutation
1

0 2 3 4 5 R T >
SMT-T 1 0 0 0 0 3 0 3 3, 4] 3
2 40 30 0 0 0 0 70 [0,1,2] 70

310 4 6 0 0 0 20 [0,1,2] 20

SMT-2 4 0 0 0 0 1 0 1 13, 4] 1
5 10 0 0 0 0 10 [01,2] 10

6 0 0 0 6 0 12 3,4 12

TABLE VI

MUTATION WITH RANDOM PLACEMENTS ON EACH TABLE

Offspring 1 after mutation

0 1 2 3 4 5 R T >

SMT-1 1 0 0 0 2 1 0 3 [3, 4] 3
2 40 30 0 0 0 0 70 [0, 1, 2] 70

3 6 6 8 0 0 0 20 [0, 1, 2] 20

SMT-2 4 0 0 0 0 1 0 1 [3, 4] 1
5 10 0 0 0 0 0 10 [0, 1, 2] 10

6 0 0 0 6 6 0 12 [3, 4] 12

for each component across compatible tables in a ring manner,
with each table receiving a random share of placements p
constrained by: p < %ﬁ. According to feature importance of
the CT estimator, placements dominate. In Mutations, min
CT table (table 0, purple, 64 placements) and max CT table
(table 2: orange, 104 placements) are identified. The number of
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TABLE VII
MUTATION WITH MIN AND MAX CYCLE TIME TABLES FOR HEAD 16

TABLE IX

HYPERPARAMETER SEARCH SPACE AND OPTIMAL VALUES

Offspring before balancing for Slde 1 and Head 16 GB HistGB
0 2 3 5 6 7 R T Parameter Space Best Space Best
SMT-1 1 40 48 40 0 0 0 0 0 128 [0,12] LR (0.001,1) 0.71 (0.001,1) 031
2 124 40 40 0 0 0 0 0 104 [0, 1, 2] CR {’friedman_mse’, ’friedman_mse’ - -
3 0 0 24 0 0 0 0 0 24 [0, 1, 2] ‘squared ermr,}
4.0 0 0 0 6 10 0 0 16 [34 Squarec
5.0 0 0 0 0 0 14 10 24 [56] MD [3,20) 10 [3,20) 16
6 .0 0 0 14 6 0 0 0 20 [34] MSS [0.01,1) 0.013 - -
7.0 0 0 0 0 0 4 2 6 [S, 6] MSL [0.01,1) 0.01 [3,50) 6
Placements 16 64 88 104 MF {’sqrt’, ’log2’} sqrt (0.01,1) 057
Offspring after balancmg for Side 1 and Hedd 16 NE [100, 550) 450 — -
2 4 5 o6 r MB - - [2,255) 181
SMT-1 1 60 48 20 0 0 0 0 0 128 [0, 1,2]
2 24 40 40 0 0 0 0 0 104 [0, 1, 2]
3 0 0 24 0 0 0 0 0 24 [0, 1, 2]
4 0 0 0 0 6 10 0 0 16 [3.4 ) TABLE X
5 0 0 0 0 0 0 14 10 24 [5, 6] R?* SCORE COMPARISON OF REGRESSOR MODELS
6 0 0 0 14 6 0 0 0 20 [3, 4]
7 0 0 0O O O O 4 2 6 [5, 6] Regressor Training B2 Testing R
Placements ' 16 84 88 &4 Hist Gradient Boosting 0.86 0.88
Gradient Boosting 0.80 0.72
TABLE VIII

GRADIENT BOOSTING (GB) AND XGB0OOST (XGB) PERFORMANCE

Classifier Precision Recall F1-score

16 8 3 16 8 3 16 8 3
GB 078 058 080 | 093 034 079 | 085 043 0.80
XGB 079 050 071 | 0.89 036 0.74 | 0.84 042 0.72

placements to move is computed as avg. of both tables minus
min CT table placements. Components on max CT table are
sorted, and placements are moved to min CT table until target
is reached, yielding a balanced assignment (green columns).

V. RUNNING EXPERIMENTS
A. Component to head configuration

A multi-class classification problem was formulated to
predict head configurations (3, 8, 16), evaluating Gradient
Boosting (GB) and XGBoost (XGB) on a 70/30 train—test split
(Table VIII). Class imbalance (head 16: 178, head 8: 85, head
3: 57) was addressed with weighted metrics. Lower perfor-
mance for head 8 comes from hard labeling, as it represents
an intermediate head and multi-head components are often
assigned to head 3 or 16 based on historical usage, reducing
class separability. GB was selected for its higher weighted
precision (0.73) and more stable class-wise performance, with
no hyperparameter tuning required, as the model generalized
well with default settings. Although precision is sufficient for
pruning infeasible head-component combinations, misclassifi-
cations may restrict GA search space by reducing compatible
tables, thus multi-label classification is a promising extension.

B. Cycle time estimator

Two gradient-based regressors- Histogram-based Gradient
Boosting (HistGB) and standard Gradient Boosting (GB)-
were evaluated using 70/30 train-test split. Due to continu-
ous and highly variable nature of CT, hyperparameters were
tuned using Bayesian Optimization with Hyperopt, optimizing
R? score via a 10-fold cross-validation. The hyperparame-
ter are abbreviated as follows: 1) LR = learning_rate,
2) CR = criterion, 3) MD = max_depth, 4) MSS =

min_samples_split, 5) MSL = min_samples_leaf,
6) MF =max_features, 7)) NE=n_estimators, 8 MB
=max_bins. Optimization was performed using fmin with:
i) objective function to minimize: negative R? score, ii) hyper-
parameter search space from Table IX, iii) optimization search
algorithm: tpe.suggest (Tree-structured Parzen Estima-
tor), iv) max number of evaluations: max_evals = 100.
A Trials object stores all evaluations. Optimal hyperparams
are shown in ’Best’ cols using fixed random_state = 42.
HistGB outperforms GB and generalizes better on testing
R? = 0.88, while GB exhibits overfitting (Table X). Accord-
ingly, HistGB is selected for the pipeline. Figure 3 shows close
alignment for HistGB predictions and actual CT in [20, 50] s
Performance reduces outside interval due to data imbalance.

C. Component allocation

1) Ideal production line configuration: Since the generated
lines do not exist in plant, direct validation is not feasible.
The ideal line represents a potential single-product scenario,
including following KPIs: table CT, line CT, CPH, LB.

2) Top three lines: A dataset of 105 most produced PNs
over three months and their assigned lines was used to compare
predicted and actual CTs, and to evaluate CPH, LB against
company targets (LBigrget = 0.8, CPHygrger = 0.42).

—— GradientBoosting

Hist Gradient Boosting
80

ﬂ ] My MJ
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Fig. 3. Actual vs. predicted outputs of regressor models
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First, define a fitness vector capturing the KPIs for panel
sides. The goal is to minimize CT, while meeting LB and
CPH targets. For each side s € {top, bottom}, the KPIs are
computed: 1) CTs: CT of side s to be minimized; 2) LB, —
LBigrger: deviation from target LB (> 0); 3) CPH, —
CPHgrger: deviation from target CPH (> 0). Formally:

CTbottom
LBbottom - LBtarget
C’-P]?bottom - CPHtarget‘
CTiop
LBtop - LBtarget
CPHtop - CPHtarget

F= (D

CT is directly influenced by the number of placements;
thus, fitness function prioritizes the side with more placements
via dynamic weight adjustment.Let P total placements, with
Bootom and B, per sides. CT receives a larger weight (30),
being used within KPI formulas. Formally, weight vector Wx:

Pugl 1) Pen 10\@‘,\](2)

10 [ Poottom| o)
[P]

10 [ Pottom|
[P

— bottom |
w 730‘1 ottom
|P|

[P -30

Weighted fitness score is obtained by multiplying weight W
with fitness F', combining multiple criteria into a single scalar.

Second, define GA parameters: i) population size N = 100,
ii) Hall of Fame size HO Fp,, = 5, iii) maximum generations
Guax = 10, iv) crossover probability p. = 0.1, v) mutation
probability p,, = 0.9, and vi) tournament size k = 3.

The fitness function is a weighted linear aggregation of mul-
tiple KPIs. The weights (e.g., 30 for CT, 10 for LB/CPH) are
not theoretical derived, but chosen based on domain expertise,
reflecting that: 1) CT is the primary business objective and
must dominate the scalar score; 2) CT operates on different
numerical scale (seconds) than LB and CPH (% indicators),
3) CT included in formulas for LB, CPH, further increasing the

overall performance; Placement scaling terms |Poogom|/|P|
|Pop|/|P| emphasize the side with the highest placement
count, where CT reductions have the greatest impact. We
acknowledge that the weights are manually chosen, an ablation
study to analyze KPIs sensitivity left as future work.

Third, evaluate mutations on the most produced PNs (Ta-
ble XII) to identify the one that line that meets all KPIs.

TABLE XII
TESTED SMT PART NUMBERS
PN PCBs Bottom  Top PN PCBs Bottom  Top
1 2 850 1012 7 2 832 832
2 2 934 640 8 2 708 802
3 24 1752 1032 9 16 1600 1600
4 12 876 1596 10 2 660 1058
5 4 1008 1008 11 2 676 1082
6 1 474 499
TABLE XIII
STATISTICAL SUMMARY OF MUTATION METHODS (11 PART NUMBERS)
Method Avg. CT . Avg Avg.  Avg. Avg.
dor (%) Std LB o (%) CPH dcpm (%)
Mutationy 2528 23.15 0.73 924 0.32 -24.00
Mutationg 2237 2059 0.74 -7.55 0.33 -22.00
Mutations -1.56 1335 0.82 2.45 0.39 -8.00

a) Cycle time Results: From Table XI, Mutations yields
the closest estimates, especially for PNs: 7-9. For PN 7
(equal placements on both sides), actual CT reflects bal-
ance, while estimates arise from uneven table distribution;
other methods perform worse, as randomization reduces bal-
ance. Mutation performance is evaluated via relative error
5CT(%) = (CTproduction - CTestimatad)/CTproduction~ As

TABLE XI
PERFORMANCE COMPARISON OF MUTATION METHODS ACROSS CT, LB, AND CPH ON 11 PART NUMBERS
PN  Prod. line SMT Side | Real CT CT, CT, CTs LB, LB, LBs | CPH; CPH, CPHjs
1 L20260 1 14.80 16.64 16.54 16.18 .84 .84 .82 .35 .35 .36
1 L20260 2 17.06 29.30 29.19 18.34 .55 .53 .81 23 24 37
2 L20250 1 20.50 19.28 19.85 19.34 78 .79 78 42 41 42
2 L20250 2 14.00 21.38 18.01 14.95 .64 75 .84 .26 31 .37
3 L1070 1 1.65 2.11 2.14 1.90 73 5 .81 .38 37 42
3 L1070 2 1.25 1.97 1.79 1.61 .68 .67 71 24 .26 .29
4 L1030 1 2.70 2.47 2.67 2.28 .88 .86 .90 33 .30 .36
4 L1030 2 3.90 4.82 4.86 3.67 71 .66 .80 31 31 40
5 L1180 1 6.70 8.24 8.24 7.02 80  0.84 .86 32 32 .38
5 L1180 2 9.95 9.06 9.25 6.43 1 .70 91 24 24 .34
6 L1080 1 25.50 2791 2791 28.00 .90 .90 .90 .38 .38 .38
6 L1080 2 26.77 38.02 38.02 29.02 .81 .81 92 .29 .29 .38
7 L1110 1 18.80 19.00 19.29 18.46 .79 74 77 .38 .38 .39
7 L1110 2 18.80 23.62 2214 18.92 .67 .69 74 31 33 .38
8 L1100 1 14.97 15.22 15.03 14.04 .88 .90 91 46 46 .50
8 L1100 2 17.80 22.72  20.03 15.14 72 .78 98 35 .40 53
8 L1110 1 16.80 16.86 16.86 16.26 .80 .80 .82 37 37 .38
8 L1110 2 18.80 30.58 30.58 18.00 .55 .55 75 23 23 .39
9 L1040 1 2.70 2.89 3.14 2.41 73 .80 .90 .36 33 44
9 L1040 2 2.70 3.76 3.64 2.61 .64 .63 .84 28 .29 40
10 L1140 1 14.30 16.89 16.82 16.04 78 17 78 32 32 .34
10 L1140 2 21.53 30.66 24.71 22.35 .58 .68 72 .28 35 .39
11 L1150 1 13.06 16.90 16.40 16.22 .82 72 75 31 32 32
11 L1150 2 19.80 30.58 31.17 22.37 .55 .59 .65 27 27 .37
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shown in Table XIII, Mutations exhibits near-zero mean 4,
indicating minimal bias and higher consistency.

b) LB Results: Mutations achieves the peak LB of 0.98,
while other methods drop to 0.53 (Table XI). 6y, p is similarly
ComPUted3 6LB(%) = (LBestimated - LBtarget)/LBtarget~
From Table XIII, Mutations attains an avg. LB of 0.82,
exceeding the target, while the rest remain below it.

c¢) CPH Results: Table XI shows that Mutationg yields
higher CPH values ([0.34,0.53]) with some cases meeting
or exceeding target, while others are skewed towards under-
performance in [0.28,0.46], and [0.24,0.46]. dcpy (%) =
(CPHestimated - CPHtarget)/Ctharget

d) Overall Results: Mutations performs best overall,
satisfying the requirements: 1) minimizes CT; 2) achieves avg.
LB = 0.82; 3) approaches target CPH (avg. CPH = 0.39).
As a result, the approach is applied to whole dataset. Results
were forwarded to the planners for further analysis. Results
show an avg. dor = —3.26%, avg. LB = 0.83, and avg.
CPH = 0.37, indicating good balance (exceeds target) and
CT performance with room for improvement for CPH.

VI. CONCLUSION

We aimed here the generation of an ideal SMT line and the
selection of the top three lines in an automotive manufacturing
setting, reducing the exhaustive simulations across all lines.

We introduced an SMT line optimization framework that in-
tegrates head configuration prediction into a genetic algorithm.
Head types are predicted via multi-class classification using
SAP data (precision of 0.73), while component allocation
quality is evaluated with a histogram-based gradient boosting
regressor (R? = 0.88). Line performance was assessed using
cycle time, components per hour (CPH), and line balancing
(LB). On a dataset of 105-part number, the approach achieves
an avg. LB = 0.83 (above target), an average dor = —3.26%
and a CPH = 0.37, demonstrating the effectiveness of jointly
optimizing KPIs. Future work will extent the method to
families of part numbers, estimating the KPIs at PN level.
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