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Abstract: The electrification of road transport is expanding demand for dedicated battery-pack assembly capacity, and 

manufacturers increasingly seek to design, verify and rebalance such lines virtually before committing capital. This 

paper reports the design of a digital-twin layout for a modular cell-to-module-to-pack (C2M2P) assembly plant for a 

prismatic lithium-iron-phosphate (LFP) electric-vehicle battery pack of 3.2 V per cell, sixteen cells per module (16S) 

and three modules per pack (3S). A three-dimensional virtual entity was built in DELMIA against the actual two-

dimensional plant layout and organised as a five-dimension digital-twin model comprising physical entity, virtual 

entity, twin data, services and connections [9,10]. A provenance-labelled data layer classifies every quantity as source-

derived, engineering-reference, calculated or estimated, so that confirmed project data is not conflated with 

assumptions — the manual analogue of the data-integrity discipline that full digital twins enforce at scale. A discrete-

event throughput model localises the line constraint to the cell-stacking robot (≈30 modules h⁻¹) and the six-axis 

busbar-welding station (≈55 modules h⁻¹); a gravitational-load and NIOSH-based ergonomic screening justifies 

overhead handling for the 64 kg module and 192 kg pack; and a qualitative failure-mode assessment maps dominant 

risks to design mitigations. The study shows how a defensible, service-oriented digital-twin layout can be specified 

from incomplete concept-stage data, and it defines the connections that must be instrumented to advance the model 

from a digital shadow to a fully closed-loop twin [13]. 
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I. INTRODUCTION 

The transition from internal-combustion to battery-electric mobility is now a structural feature of the automotive 

industry, and national policy in large emerging markets explicitly targets high electric-vehicle (EV) penetration in 

commercial fleets within the decade [66]. Because the traction battery accounts for a large share of an EV’s cost and 

mass, the pack is simultaneously an electrical, thermal, structural and safety-critical subsystem, and the assembly 

system that builds it must reconcile all four requirements in a single production flow [47,52]. At the architectural level 

the industry is consolidating around fewer, larger prismatic cells and toward cell-to-module (C2M) and cell-to-pack 

(C2P) integration to raise gravimetric and volumetric efficiency [52,53], with lithium-iron-phosphate (LFP) chemistries 

dominant for cost- and safety-sensitive applications owing to their thermal stability and long cycle life [54,55]. 

Translating such an architecture into hardware requires controlled cell and module handling, adhesive dispensing and 

curing, busbar joining (predominantly laser welding for prismatic terminals [50,51]), module compression and 

strapping, and a sequence of electrical and pneumatic tests. As line complexity and capital intensity rise, manufacturers 

increasingly wish to design, verify and rebalance these lines virtually before physical commissioning. The digital twin 

— a virtual model kept in correspondence with a physical asset through data [1,3,5] — has become the reference 

paradigm for this ambition, and its five-dimension formulation (physical entity, virtual entity, services, twin data and 

connections) provides a concrete engineering structure for building one [9,10]. In battery production specifically, 

digital twins are being applied across the value chain to raise yield, cut scrap and shorten ramp-up [41,42,43,44,45]. 
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Despite this momentum, most published battery work addresses either the finished pack or a single unit process, while 

most digital-twin-for-layout work is demonstrated on generic machining or assembly cells rather than on a battery line 

built from a real plant drawing. Comparatively little connects the two at the concept-and-CAD stage, where design data 

is necessarily incomplete. The present study addresses that gap. Building on a CAD-based station-level design 

developed in a commercial-vehicle manufacturer’s project-planning office, it specifies a digital-twin layout for a 

complete C2M2P assembly plant and makes four contributions: (i) it instantiates the five-dimension digital-twin model 

concretely for a modular battery line; (ii) it embeds a provenance-labelled twin-data layer that keeps confirmed data 

separate from assumptions; (iii) it uses a discrete-event throughput model within the virtual entity to localise the line 

bottleneck; and (iv) it links a gravitational-load/ergonomic analysis and a failure-mode assessment to the twin’s service 

layer. The scope is explicitly design and analysis: no physical build, live data feed or finite-element validation is 

claimed. 

 
Fig. 1 Reference prismatic LFP cell used throughout the study: nominal 3.2 V, ≈4 kg — the fundamental building block 

of the 16-cell module and 48-cell pack. 

 

II. RELATED WORK 

2.1 Digital-twin concept, models and classification 

The digital-twin idea originates with Grieves, who framed a physical product, a virtual product and the bidirectional 

data linking them [1], later elaborated for complex-system behaviour with Vickers [2]; Glaessgen and Stargel 

introduced the paradigm to aerospace vehicle health management [3]. Tao and co-workers extended Grieves’ three-part 

construct into a five-dimension model — physical entity, virtual entity, services, twin data and connections — that has 

become the dominant engineering reference for building twins [4,8,9,10], and popularised the vision of pervasive 

twinning [5]. Comprehensive surveys map the state of the art [7,12,16,17,18], its enabling technologies [9], modelling 

practice [10], data methods [79] and its relationship to cyber-physical systems and Industry 4.0 [8,14]. Kritzinger et al. 

provide the classification the field has converged on, distinguishing a digital model (no automated data exchange), a 

digital shadow (automated one-way physical→virtual flow) and a digital twin (automated bidirectional flow) [13]; this 

taxonomy is central to the maturity assessment in Sect. 5. Systematic reviews by Jones et al. [15], Semeraro et al. [22] 

and Liu et al. [17], together with modelling-perspective analyses [20,21] and predictive formulations at scale [19], 

frame the open challenges of fidelity, data quality and closed-loop control that this study confronts at concept stage. 

2.2 Digital twins for factory layout, shop-floor and assembly lines 

Within manufacturing, digital twins have been applied to shop-floor management and control [4,32,33], rapid line 

reconfiguration [30,39], geometry assurance in assembly [31], decision support [35] and overall smart-manufacturing 

system design [25]. Boschert and Rosen [77] and Schleich et al. [78] emphasise simulation and a consistent 

product/production model as the twin’s backbone. For layout specifically, Choi and Kim propose a framework that 

couples optimisation, simulation and a digital twin for intelligent factory layout design [26], while Nafors et al. 

demonstrate hybrid digital twins for factory-layout planning using scanned as-is data [27]. Discrete-event simulation 

(DES) is the workhorse behind these layout twins: reviews document its central role in modelling dynamic material 

flow and identifying bottlenecks [36,38], line-balancing case studies quantify its value [37], and DES-driven layout 

optimisation has been reported to raise capacity and cut work-in-progress substantially [40]. Sun et al. show online 

DES analytics improving assembly-flow-line throughput in a twin setting [28], and Talkhestani et al. address the 
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synchronisation problem — keeping virtual and physical consistent through anchor points 

from a true twin [29]. Data-driven twin frameworks [23] and DES

methodological backdrop for Sect. 5. 

2.3 Digital twins in battery and electric-vehicle production

Digital twins are being adopted across the battery value chain. Reviews of EV

spanning raw material, cell and pack manufacturing, in

manufacturing quality assurance as a dominant driver [43]. In cell manufacturing, dedicated studies establish data

management and traceability foundations [42] and enumerate concrete twin use cases from a gigafactory cost 

perspective [41]. Recent work extends twins to battery management and charging optimisation [44,46] and to an AI

plus-simulation synthesis across the whole battery lifecycle [45]. In 

draws on documents the underlying unit processes: modular and reusable pack construction [47], structural adhesive 

bonding and its end-of-life penalty [48,49], laser and hybrid welding of tab

cell/pack format trade-offs [52], cell-to-body structural integration [53], LFP cell selection and fast

[54,55], pack thermal management [56,57,58,59,60], assembly

Ergonomic-intervention studies on vehicle

this backdrop, the contribution here is integrative: assembling these process facts into a single, service

twin layout grounded in a real modular-plant drawing.

III. THE PHYSICAL MODULAR BATTERY

The physical entity is a modular C2M2P assembly plant for a prismatic LFP EV pack. The reference cell (Fig.

nominal voltage of 3.2 V and a mass of ≈4 kg; six

form a 153.6 V pack (Fig. 2). The plant is modular in two senses relevant to a layout twin: the 

discrete, repeated module blocks, and the 

pack line P10–P140 — each of which can be modelled, duplicated or rebalanced independently in the virtual layout. 

This modularity is what makes the plant a natural candidate for a reconfigurable digital twin [

capacity was not stated in the project material it was estimated from cell mass and a representative prismatic

specific-energy band of 140–170 Wh kg⁻¹ [54]; at the mid

estimated capacity of ≈195 Ah that propagates deterministically to module and pack level (Table 1). A gravimetric 

cross-check closes the model: 29 952 Wh / 192 kg ≈ 156 Wh kg

Fig. 2 Cell-to-module-to-pack build-up: 16 series cells form a 51.2

≈29.95 kWh pack. Voltage, mass and quantities are source
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keeping virtual and physical consistent through anchor points — that separates a shadow 

driven twin frameworks [23] and DES–twin integration challenges [36] complete the 

vehicle production 

Digital twins are being adopted across the battery value chain. Reviews of EV-battery digital twins catalogue use cases 

g raw material, cell and pack manufacturing, in-service operation, second life and recycling, and identify 

manufacturing quality assurance as a dominant driver [43]. In cell manufacturing, dedicated studies establish data

tions [42] and enumerate concrete twin use cases from a gigafactory cost 

perspective [41]. Recent work extends twins to battery management and charging optimisation [44,46] and to an AI

simulation synthesis across the whole battery lifecycle [45]. In parallel, the pack-assembly literature that this study 

draws on documents the underlying unit processes: modular and reusable pack construction [47], structural adhesive 

life penalty [48,49], laser and hybrid welding of tab-to-busbar interconnections [50,51], 

body structural integration [53], LFP cell selection and fast

[54,55], pack thermal management [56,57,58,59,60], assembly-process FMEA [61] and assembly automation [65

intervention studies on vehicle-assembly lines [62,63,64] motivate the manual-handling analysis. Against 

this backdrop, the contribution here is integrative: assembling these process facts into a single, service

plant drawing. 

 

III. THE PHYSICAL MODULAR BATTERY-ASSEMBLY PLANT 

The physical entity is a modular C2M2P assembly plant for a prismatic LFP EV pack. The reference cell (Fig.

 V and a mass of ≈4 kg; sixteen cells in series form a 51.2 V module and three modules in series 

 V pack (Fig. 2). The plant is modular in two senses relevant to a layout twin: the product

discrete, repeated module blocks, and the line is organised as self-contained stations — module line M10

each of which can be modelled, duplicated or rebalanced independently in the virtual layout. 

This modularity is what makes the plant a natural candidate for a reconfigurable digital twin [30,39]. Because cell 

capacity was not stated in the project material it was estimated from cell mass and a representative prismatic

¹ [54]; at the mid-band 155 Wh kg⁻¹ the cell energy is ≈620

 Ah that propagates deterministically to module and pack level (Table 1). A gravimetric 

 952 Wh / 192 kg ≈ 156 Wh kg⁻¹, consistent with the 155 Wh kg⁻¹ assumed at cell level.

up: 16 series cells form a 51.2 V module; three series modules form a 153.6 V, 

 kWh pack. Voltage, mass and quantities are source-derived; capacity and energy are engineering estimates.
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that separates a shadow 

n challenges [36] complete the 

battery digital twins catalogue use cases 

service operation, second life and recycling, and identify 

manufacturing quality assurance as a dominant driver [43]. In cell manufacturing, dedicated studies establish data-

tions [42] and enumerate concrete twin use cases from a gigafactory cost 

perspective [41]. Recent work extends twins to battery management and charging optimisation [44,46] and to an AI-

assembly literature that this study 

draws on documents the underlying unit processes: modular and reusable pack construction [47], structural adhesive 

interconnections [50,51], 

body structural integration [53], LFP cell selection and fast-charge architecture 

process FMEA [61] and assembly automation [65]. 

handling analysis. Against 

this backdrop, the contribution here is integrative: assembling these process facts into a single, service-oriented digital-

The physical entity is a modular C2M2P assembly plant for a prismatic LFP EV pack. The reference cell (Fig. 1) has a 

 V module and three modules in series 

product is built up in 

module line M10–M190 and 

each of which can be modelled, duplicated or rebalanced independently in the virtual layout. 

30,39]. Because cell 

capacity was not stated in the project material it was estimated from cell mass and a representative prismatic-LFP 

≈620 Wh, giving an 

 Ah that propagates deterministically to module and pack level (Table 1). A gravimetric 

¹ assumed at cell level. 

 
 V module; three series modules form a 153.6 V, 

derived; capacity and energy are engineering estimates. 
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Table 1 Cell/module/pack configuration and electrical summary held in the twin

quantities are source-derived; capacity and energy are engineering estimates derived from the specific

Level Voltage 

Single cell 3.2 V 

Module (16S) 51.2 V 

Pack (3S) 153.6 V 

*Capacity and energy require confirmation against the manufacturer cell datasheet; every downstream figure that 

depends on capacity inherits this estimate and would be rescaled once the datasheet value is available.

IV.   THE DIGITAL

The layout twin is organised as the five

instantiated for this plant in Fig. 3 and Table 2. The 

conveyors, KBK cranes, six-axis welders, gluing and test stati

DELMIA three-dimensional replica of that line, built from the two

reach envelopes, a discrete-event throughput model, and the ergonomic and structural re

services (Ss) layer turns the model into decisions 

dashboards, ergonomic screening, what-if capacity planning, virtual commissioning and design

The twin data (DD) layer fuses these under the provenance convention of Table

dimensions together. 

Fig. 3 Five-dimension digital-twin layout model MDT = (PE, VE, Ss, DD, CN)

assembly plant. At concept stage the physical

connections mark links to be instrumented to reach a closed
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ack configuration and electrical summary held in the twin-data layer. Voltage, mass and 

derived; capacity and energy are engineering estimates derived from the specific

 Capacity* Energy* Mass / W = mg

≈195 Ah ≈620 Wh 4 kg / 39.24 N

≈195 Ah ≈9.98 kWh 64

627.84

 ≈195 Ah ≈29.95 kWh 192

1883.52

confirmation against the manufacturer cell datasheet; every downstream figure that 

depends on capacity inherits this estimate and would be rescaled once the datasheet value is available.

 

IV.   THE DIGITAL-TWIN LAYOUT FRAMEWORK 

as the five-dimension model MDT = (PE, VE, Ss, DD, CN) of Tao et al. [9,10], 

 3 and Table 2. The physical entity (PE) is the modular line of Sect.

axis welders, gluing and test stations and their sensors. The virtual entity (VE)

dimensional replica of that line, built from the two-dimensional plant drawing and carrying geometry, 

event throughput model, and the ergonomic and structural relations used for analysis. The 

layer turns the model into decisions — bottleneck localisation, layout re-balancing, cycle

if capacity planning, virtual commissioning and design-for

layer fuses these under the provenance convention of Table 3, and the connections (CN)

twin layout model MDT = (PE, VE, Ss, DD, CN) instantiated for the modular battery

assembly plant. At concept stage the physical→virtual link is a manual (digital-model / shadow) flow; the dashed 

connections mark links to be instrumented to reach a closed-loop twin. 
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data layer. Voltage, mass and 

derived; capacity and energy are engineering estimates derived from the specific-energy band. 

Mass / W = mg 

 kg / 39.24 N 

64 kg / 

627.84 N 

192 kg / 

1883.52 N 

confirmation against the manufacturer cell datasheet; every downstream figure that 

depends on capacity inherits this estimate and would be rescaled once the datasheet value is available. 

dimension model MDT = (PE, VE, Ss, DD, CN) of Tao et al. [9,10], 

is the modular line of Sect. 3 with its 

virtual entity (VE) is the 

dimensional plant drawing and carrying geometry, 

lations used for analysis. The 

balancing, cycle-time and KPI 

for-recycling checks. 

connections (CN) bind the 

 
instantiated for the modular battery-

model / shadow) flow; the dashed 
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Table 2 The five digital-twin dimensions instantiated for the modular battery-assembly plant. 

Dimension Symbol Instantiation in this study Primary data source 

Physical entity PE Modular line M10–M190 and P10–P140; 

conveyors, KBK cranes, six-axis welders, gluing, 

compression, test rigs 

Plant layout drawing; 

project material 

Virtual entity VE DELMIA 3-D replica; DES throughput model; 

kinematic/clash, ergonomic and structural models 

CAD build; engineering 

models 

Services Ss Bottleneck localisation, layout re-balancing, KPI 

dashboards, NIOSH screening, what-if planning, 

virtual commissioning 

Derived analyses 

(Sect. 6) 

Twin data DD Provenance-labelled fusion of source-derived, 

reference, calculated and estimated quantities 

Table 3 convention 

Connections CN PE↔VE state/set-point flow; PE/VE↔DD; 

DD↔Ss (manual at concept stage; sensor-fed in 

target state) 

OCV, DCR, leak, vision 

sensors 

 

4.1 The twin-data (provenance) layer 

Because concept-stage industrial data is inherently incomplete, a full digital twin’s value depends less on any single 

number than on the integrity of its data layer [23,79]. This study therefore attaches a four-level provenance label to 

every quantity (Table 3), letting a reader distinguish a confirmed project value from an engineering-reference band, a 

deterministic calculation or an illustrative assumption. Where a value was absent it was estimated transparently from 

first principles and flagged, rather than silently invented. This convention is the manual, small-scale analogue of the 

traceability that MES-backed battery-production twins enforce automatically [42,45], and it is what allows the model to 

remain useful before datasheet values are released. 

Table 3 Data-provenance labelling convention applied to every quantity in the twin-data layer. 

Label Meaning Example in this study 

Source-derived Confirmed value recorded in the industrial 

project material 

Cell voltage 3.2 V; 16 

cells/module; 3 modules/pack; 4 kg 

cell mass 

Engineering 

reference 

Established handbook/standard value used where 

a project value is absent 

LFP specific energy 140–

170 Wh kg⁻¹; NIOSH ≈23 kg lift 

limit 

Calculated Derived deterministically from source or 

reference inputs 

Module weight W = mg = 627.8 N; 

51 weld joints per pack 

Estimated / 

assumed 

Illustrative value adopted to demonstrate a 

method, flagged for confirmation 

Adhesive bead 3 mm × 1.5 mm; 

weld time 3 s per joint 

 

V. MATERIALS AND METHODS 

5.1 Building the virtual entity in DELMIA 

All CAD work was carried out in DELMIA (Dassault Systèmes) using the Part Design and Assembly Design 

workbenches [70]. Twenty-five station- and equipment-level components — frames, trays, fixtures, enclosures, 

manipulator links, the moving conveyor, the six-axis welding cell, the KBK overhead crane and the cell-stacking robot 

— were modelled from sketched profiles and combined into station assemblies with coincidence, contact and offset 
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constraints, then arranged to match the two

shown in Fig. 6. Interference was checked visually within each assembly, and degrees

reasoning was applied to the robot and crane; no

limitation is stated explicitly. In digital-twin terms the artefact produced is at this stage a high

shadow rather than a closed-loop twin [13,27].

Fig. 4 Two-dimensional plant layout of the battery

the virtual entity replicates. Call-outs identify cell loading and OCV/QR screening, insulation

loading, adhesive application and cell stacking, the M90 module

checking, laser marking, busbar welding and end
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match the two-dimensional plant layout (Fig. 4). Representative virtual

 6. Interference was checked visually within each assembly, and degrees-of-freedom and reach

reasoning was applied to the robot and crane; no formal DMU-Kinematics motion simulation was executed, and this 

twin terms the artefact produced is at this stage a high-fidelity digital 

loop twin [13,27]. 

dimensional plant layout of the battery-module assembly line (stations M10–M190), the primary reference 

outs identify cell loading and OCV/QR screening, insulation

adhesive application and cell stacking, the M90 module-curing zone (12 × 2 × 2 = 48 modules), dimension 

checking, laser marking, busbar welding and end-of-line testing. 
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 4). Representative virtual-entity concepts are 

freedom and reach-envelope 

Kinematics motion simulation was executed, and this 

fidelity digital model / 

 
M190), the primary reference 

outs identify cell loading and OCV/QR screening, insulation-pad and end-plate 

 × 2 × 2 = 48 modules), dimension 
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Fig. 5 Connected manufacturing flow abstracted from the module- and pack-line layouts and encoded as the discrete-

event routing of the virtual entity. The busbar-welding step (highlighted) is one of the two throughput-limiting 

operations identified in Sect. 6.1. 

 
 

Fig. 6 Representative DELMIA virtual-entity concepts: (top-left) cell/module moving conveyor; (top-right) six-axis 

robotic busbar-welding concept; (bottom-left) KBK overhead crane for module transfer; (bottom-right) cell pre-

stacking/stacking/trimming/shaping robot with rake end-effector. 

 

5.2 Discrete-event throughput model and analysis services 

Each station’s process description was converted into an estimated cycle time, combining fixed quantities that follow 

deterministically from the 16 × 3 configuration with clearly-labelled assumed process times, following standard DES 

practice for manufacturing lines [36,37,38]. For example, a 16-series module requires n − 1 = 15 inter-cell busbar joints 

plus two terminal joints — 17 welds per module and 51 per pack (a fixed quantity) — so with an assumed 3 s weld time 

and a 15 s indexing overhead the welding cycle is 66 s per module (≈55 modules h⁻¹). The same method was applied to 

cell stacking, gluing, compression/strapping, laser marking/ISO testing, OCV/QR screening, air-tightness and 

DCR/communication testing (Table 4). Four analysis services were then defined on the virtual entity: (i) a C2M2P 

electrical/mass model with an internal specific-energy cross-check; (ii) a station-level throughput and bottleneck 

service; (iii) a gravitational-load and manual-handling-energy service benchmarked against the revised NIOSH lifting 

equation [69]; and (iv) a qualitative failure-mode-and-effects (FMEA) service following the risk-prioritisation logic of 

recent battery-assembly FMEA work [61]. 

Table 4 Station-level cycle-time and throughput summary (the DES input encoded in the virtual entity). Fixed 

quantities follow from the confirmed 16 × 3 configuration; process times are engineering assumptions flagged for 

confirmation. 

Station Governing quantity Cycle time Throughput Level 

Cell stacking/trim/shape robot 7.5 s/cell × 16 120 s/module ≈30 mod h⁻¹ Module 

Six-axis busbar welding 17 welds × 3 s + 15 s 66 s/module ≈55 mod h⁻¹ Module 
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Station Governing quantity

Gluing (module) 7.2 mL bead + index

OCV / QR screening 2.0 s/cell × 16

Compression / strapping 18 s dwell

Laser marking / ISO test mark + scan + dwell

Bottom-cover glue robot 36 mL @ 20 mL min

Air-tightness (leak) test 30 s hold + 10 s

DCR / communication test handshake + pulse

6.1 Bottleneck localisation service 

Figure 7 plots the estimated module-level 

stacking/stacking/trimming/shaping robot (

other module-level station offers three- to ten

still. Under the modelled assumptions the line is therefore stacking

rational targets for cycle-time reduction or duplication if higher rates are re

decision a twin’s service layer exists to support [26,28,40]. The finding is robust to the weakest assumptions: the 51 

weld joints per pack are fixed by the configuration, so only the assumed 3

welding bar, and halving either would still leave welding among the two slowest stations. The result also corrects an 

intuitive but incorrect expectation that material handling would dominate 

numerous, are rarely the constraint [65]. 

Fig. 7 Estimated per-station throughput reported by the bottleneck service. The cell

station (highlighted) are the two slowest module

for context. All process times are labelled assumptions pending confirmation.

 

The electrical-test set-points scale deterministically with the series

targets held in the twin. Applying Ohm’s law with an assumed 0.4

the direct-current resistance rises from 0.4
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Governing quantity Cycle time Throughput 

 mL bead + index 40.8 s/module ≈88 mod h⁻¹ 

 s/cell × 16 32 s/module ≈112 mod h⁻¹ 

 s dwell 18 s/module ≈200 mod h⁻¹ 

mark + scan + dwell 12.1 s/module ≈297 mod h⁻¹ 

 mL @ 20 mL min⁻¹ 108 s/pack ≈33 pack h⁻¹ 

 s hold + 10 s 40 s/pack ≈90 pack h⁻¹ 

handshake + pulse 10 s/pack ≈360 pack h⁻¹ 

 

VI.  RESULTS 

level throughput of each station. The two slowest operations are the cell pre

stacking/stacking/trimming/shaping robot (≈30 modules h⁻¹) and the six-axis welding station (≈55 modules h

to ten-fold higher nominal capacity, and the pack-level test stations are faster 

still. Under the modelled assumptions the line is therefore stacking- and welding-limited, and these two stations are the 

time reduction or duplication if higher rates are required — precisely the kind of layout 

decision a twin’s service layer exists to support [26,28,40]. The finding is robust to the weakest assumptions: the 51 

weld joints per pack are fixed by the configuration, so only the assumed 3 s weld time and 15 s ove

welding bar, and halving either would still leave welding among the two slowest stations. The result also corrects an 

intuitive but incorrect expectation that material handling would dominate — handling and inspection stations, though 

station throughput reported by the bottleneck service. The cell-stacking robot and six

station (highlighted) are the two slowest module-level operations; pack-level test stations (grey) are shown in packs

for context. All process times are labelled assumptions pending confirmation. 

points scale deterministically with the series-cell count and therefore double as 

targets held in the twin. Applying Ohm’s law with an assumed 0.4 mΩ cell internal resistance and a 10

current resistance rises from 0.4 mΩ (4 mV) at cell level to 6.4 mΩ (64 mV) per module and 19.2 m
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Module 

Pack 
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Pack 

throughput of each station. The two slowest operations are the cell pre-

 modules h⁻¹); every 

level test stations are faster 

limited, and these two stations are the 

precisely the kind of layout 

decision a twin’s service layer exists to support [26,28,40]. The finding is robust to the weakest assumptions: the 51 

 s weld time and 15 s overhead move the 

welding bar, and halving either would still leave welding among the two slowest stations. The result also corrects an 

handling and inspection stations, though 

 
stacking robot and six-axis welding 

level test stations (grey) are shown in packs h⁻¹ 

cell count and therefore double as commissioning 

Ω cell internal resistance and a 10 A test current, 

 mV) per module and 19.2 mΩ 
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(192 mV) per pack (Fig. 8). Because DCR scales linearly with the 16 × 3 = 48 series

series/parallel arrangement rescales the target by the same rule 

remains useful even before the datasheet resistance is confirmed.

Fig. 8 Illustrative direct-current-resistance (DCR) scaling from cell to pack at a 10

0.4 mΩ cell resistance. The linear rise with series

DCR test station. 

 

6.2 Ergonomic-screening service 

The gravitational load on any handled item is W = mg with g = 9.81

module and pack carry 39.24 N, 627.84

dimensioned by the layout to 12 × 2 × 2 = 48 modules, implies a supported load of ≈30.1 kN, flagging the curing 

structure as a priority for detailed structural verification [67,68]. The

ceiling: the revised NIOSH lifting equation recommends a load constant of order 23

which sits far below both the 64 kg module and the 192 kg pack 

recommended range. Manual handling of a complete module or pack is therefore outside the guideline, which is why 

the overhead KBK cranes and the bottom

This quantitative link from a first-principles ergonomic limit to a specific equipment decision mirrors the intervention 

logic of recent vehicle-assembly ergonomics studies [62,63,64], and the ergonomic

explicit, auditable output of the twin. 
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 8). Because DCR scales linearly with the 16 × 3 = 48 series-cell count, any future change to the 

series/parallel arrangement rescales the target by the same rule — an example of how the provenance

sheet resistance is confirmed. 

resistance (DCR) scaling from cell to pack at a 10 A test current, using an assumed 

Ω cell resistance. The linear rise with series-cell count gives the twin a checkable commissioning target for the 

The gravitational load on any handled item is W = mg with g = 9.81 m s⁻²; across the confirmed masses the single cell, 

4 N and 1883.52 N respectively (Fig. 9). The module-curing (M90) zone, 

 × 2 × 2 = 48 modules, implies a supported load of ≈30.1 kN, flagging the curing 

structure as a priority for detailed structural verification [67,68]. The decisive ergonomic result, however, is the load 

ceiling: the revised NIOSH lifting equation recommends a load constant of order 23 kg for a single unassisted lift [69], 

 kg module and the 192 kg pack — a factor of roughly three to eight over the 

recommended range. Manual handling of a complete module or pack is therefore outside the guideline, which is why 

the overhead KBK cranes and the bottom-cover trolley are load-bearing design necessities rather than conveniences. 

principles ergonomic limit to a specific equipment decision mirrors the intervention 

assembly ergonomics studies [62,63,64], and the ergonomic-screening service makes it an 
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Fig. 9 Gravitational load W = mg at cell, module and pack level (bars, log scale) with the pack

check (line). The ≈23 kg NIOSH single-

justifying the overhead-handling equipment.

 

6.3 Failure-mode service and twin-maturity assessment

A qualitative FMEA service connects dominant failure modes to design mitigations across three families 

(frame deflection, fastener loosening, conveyor misalignment, bearing wear), process (mis

adhesive under/over-application, jams) and battery

measurement faults) — rated on a High/Medium/Low scale (Table

concepts exist precisely to remove manual movement of cells and modules and so reduce impact and mishandling risk, 

while the intrinsic thermal stability of LFP lowers the

[54]. Finally, Table 6 assesses each subsystem against the Kritzinger integration levels [13]: today every connection is a 

manual digital model or, where a sensor already exists (OCV, DCR, l

closed-loop twin requires instrumenting the physical

it is these connections — not further geometry 

Table 5 Qualitative failure-mode-and-effects summary exposed by the FMEA service (engineering assessment; S = 

severity, O = occurrence, D = detection, on a High/Medium/Low scale).

System Failure mode

Moving conveyor Belt/roller misalignment

KBK crane / trolley Load-attachment slip

Gluing / compression / 

strapping 

Adhesive or strap

variation

Laser marking / ISO station Laser exposure to operator

DCR / OCV / leak test 

stations 

Faulty connection or seal
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Gravitational load W = mg at cell, module and pack level (bars, log scale) with the pack-level specific

-person lifting limit (dashed) lies far below the module and pack loads, 

handling equipment. 

maturity assessment 

A qualitative FMEA service connects dominant failure modes to design mitigations across three families 

(frame deflection, fastener loosening, conveyor misalignment, bearing wear), process (mis-transfer, mis

application, jams) and battery-specific (impact or case damage, insulation damage, short

rated on a High/Medium/Low scale (Table 5) [61]. The conveyor and robotic

concepts exist precisely to remove manual movement of cells and modules and so reduce impact and mishandling risk, 

while the intrinsic thermal stability of LFP lowers the consequence of a mechanical insult relative to other chemistries 

 6 assesses each subsystem against the Kritzinger integration levels [13]: today every connection is a 

manual digital model or, where a sensor already exists (OCV, DCR, leak, vision), a potential digital shadow; reaching a 

loop twin requires instrumenting the physical→virtual and virtual→physical connections marked as targets, and 

not further geometry — that define the remaining work. 

effects summary exposed by the FMEA service (engineering assessment; S = 

severity, O = occurrence, D = detection, on a High/Medium/Low scale). 

Failure mode S / O / D Mitigation (design intent)

Belt/roller misalignment M / M / M Guarding, presence sensors, 

planned maintenance

attachment slip H / L / M Rated hoist, secure attachment, 

safe-load limits 

Adhesive or strap-tension 

variation 

M / M / M Controlled 

dispensing/compression, 

inspection step 

Laser exposure to operator H / L / M Enclosure, interlocks, restricted 

access 

Faulty connection or seal M–H / L–M 

/ M 

Fixture design, grounding, 

pass/fail interlock 
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level specific-energy 

odule and pack loads, 

A qualitative FMEA service connects dominant failure modes to design mitigations across three families — mechanical 

transfer, mis-positioning, 

specific (impact or case damage, insulation damage, short-circuit or 

 5) [61]. The conveyor and robotic-handling 

concepts exist precisely to remove manual movement of cells and modules and so reduce impact and mishandling risk, 

consequence of a mechanical insult relative to other chemistries 

 6 assesses each subsystem against the Kritzinger integration levels [13]: today every connection is a 

eak, vision), a potential digital shadow; reaching a 

→virtual and virtual→physical connections marked as targets, and 

effects summary exposed by the FMEA service (engineering assessment; S = 

Mitigation (design intent) 

Guarding, presence sensors, 

planned maintenance 

Rated hoist, secure attachment, 

dispensing/compression, 

Enclosure, interlocks, restricted 

Fixture design, grounding, 
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System Failure mode S / O / D Mitigation (design intent) 

Storage racks / gantry Overload / instability H / L / L–M Load- and CG-based design, 

rated-capacity confirmation 

 

Table 6 Digital-twin integration maturity (after Kritzinger et al. [13]) per subsystem — current state achievable from 

concept-stage data versus the target state and the connection that must be instrumented. 

Subsystem Current level Target level Enabling connection to 

instrument 

Six-axis welding cell Digital model Digital twin Weld count/time + quality 

feedback → rebalance 

Cell-stacking robot Digital model Digital twin Cycle-time & jam telemetry → 

rate control 

OCV / DCR / leak tests Digital shadow Digital twin Live pass/fail + set-point write-

back 

Conveyor & KBK handling Digital model Digital shadow Position/interlock sensing → 

flow sync 

M90 curing zone Digital model Digital shadow Occupancy + dwell timers → 

WIP tracking 

 

VII. DISCUSSION 

Three results carry engineering significance beyond the individual concepts.  

Embedding a discrete-event throughput model in the virtual entity localises the line constraint to the cell-stacking and 

busbar-welding stations, giving a data-grounded priority for any capacity increase; this is the canonical layout-twin 

service reported in the literature [26,28,40], here demonstrated on a real battery-line drawing rather than a generic cell.  

The ergonomic service converts a generic safety principle into a specific, auditable equipment decision by 

benchmarking module and pack masses against the NIOSH limit [62,63,64,69]. Third, and most importantly for a twin, 

the provenance-labelled data layer shows that a single transparent estimate can propagate consistently through the 

whole model while remaining honestly labelled — the manual analogue of the data-integrity discipline that MES-

backed battery twins enforce automatically [23,42,45,79].  

The design also embodies trends the literature independently supports: reliance on structural adhesive aligns with 

production practice while inheriting the disassembly penalty a design-for-recycling revision must weigh [48,49]; the 

six-axis laser-welding concept matches the consensus on prismatic-terminal joining [50,51]; and the integrated coolant 

leak test reflects the centrality of liquid cooling to pack thermal management [56,57,59,60].  

The limitations follow directly from the concept stage and from the Kritzinger taxonomy [13]: what has been built is a 

high-fidelity digital model/shadow, not yet a closed-loop twin. No kinematic or finite-element validation was run; 

structural grades and load ratings are provisional; and every throughput and set-point figure that depends on an 

assumed process time or the estimated cell capacity must be re-evaluated once released specifications and live sensor 

streams are connected. 

 

VIII. CONCLUSION AND FUTURE SCOPE 

This paper has specified a digital-twin layout for a modular cell-to-module-to-pack battery-assembly plant for a 

prismatic LFP EV pack of 3.2 V/16S/3S architecture. Working from an actual industrial plant drawing, a DELMIA 

virtual entity of twenty-five station concepts was organised as a five-dimension digital-twin model with a provenance-
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labelled data layer, and four analysis services were defined on it. The throughput service localised the constraint to the 

cell-stacking (≈30 modules h⁻¹) and welding (≈55 modules h⁻¹) stations; the ergonomic service justified overhead 

handling against the ≈23 kg NIOSH limit for the 64 kg module and 192 kg pack; and the FMEA and maturity services 

mapped risks and integration gaps to concrete design and instrumentation actions. The principal contribution is 

methodological: a defensible, service-oriented digital-twin layout can be specified from incomplete concept-stage data 

provided the provenance of every quantity is explicit.  

Future work follows from the maturity assessment of Table 6: (i) instrument the physical→virtual and virtual→physical 

connections so the model advances from digital shadow to closed-loop twin [13,29]; (ii) build and run DMU-

Kinematics mechanisms for the welding robot and KBK crane with automated clash detection; (iii) couple the discrete-

event model to live station telemetry for online rebalancing [28,40]; (iv) confirm the cell datasheet so all capacity-

dependent set-points, adhesive volumes and weld counts can be rescaled; and (v) extend the twin toward energy, 

thermal and design-for-recycling services across the pack lifecycle [45,49]. 
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