Proceedings of the 11" North American International Conference on Industrial Engineering and Operations
Management, Milwaukee, Wisconsin, USA, June 8-11, 2026

Proceedings of the International Conference on Industrial Engineering and Operations Management

Publisher: IEOM Society International, USA DOI: 10.46254/NA11.20260050
Published: June 9, 2026

Smart Stamping Manufacturing for Cowl Panel Assembly:
Integration of Al, Advanced IloT, and Collaborative
Robotics in Stamped Sheet Metal Production

Kevin Patel
Independent Researcher
Chicago, IL USA
kevinm300369@gmail.com

Abstract

Cowl panel assembly represents one of the most demanding process chains in automotive stamped parts manufacturing,
requiring precise dimensional control across deep drawing, trimming, forming, hemming, and resistance spot welding
operations on advanced high-strength steel grades, while meeting strict GD&T tolerances of £0.1 to £0.5mm under
IATF 16949 supplier quality requirements. This paper presents a comprehensive smart manufacturing framework for
cowl assembly stamping operations, integrating artificial intelligence, advanced Industrial IoT, and collaborative
robotics into a unified production architecture. The framework addresses the full cowl stamping process chain from
coil preparation through 100% in-line dimensional inspection, with specific focus on Al-driven defect detection and
springback prediction, five-layer IloT data architecture for real-time press monitoring, predictive die and press
maintenance, and cobot-assisted sub-assembly under ISO/TS 15066:2016 human-robot collaboration standards. Four
comprehensive reference tables provide engineers with structured frameworks covering process parameters and sensor
systems by stamping stage, [IoT communication protocols and data platforms, a domain-specific defect taxonomy with
root causes and validated Al detection methods, and a twelve-metric KPI framework with conventional baselines and
smart manufacturing targets. Two analytical charts quantify OEE and defect rate improvement by process stage and
present a twelve-metric KPI profile comparing conventional and smart manufacturing performance. Validated results
from peer-reviewed literature indicate that integrated smart stamping systems achieve unplanned downtime reductions
of 87.56%, overall equipment effectiveness improvements of 15-25 percentage points, defect rates reduced to below
400 PPM, and springback prediction accuracies of +0.3° versus £1.5-3.0° achievable through conventional die try-
out. The paper contributes a domain-specific, practically grounded reference for production engineers, quality
managers, and capital investment decision-makers in cowl stamping and sheet metal assembly operations.

Keywords
Cowl Assembly, Sheet Metal Stamping, Artificial Intelligence, Industrial IoT, Collaborative Robots, Predictive
Maintenance

1. Introduction

The automotive cowl assembly — the structural sheet metal sub-assembly spanning the base of the windshield, housing
the wiper motor mount, fresh air vent apertures, and providing the critical datum interface between the hood/fender
envelope and the windshield aperture — is among the most geometrically complex and dimensionally demanding
stamped panel assemblies in vehicle body-in-white construction. A typical cowl sub-assembly comprises four to seven
individual stamped components: the outer cowl panel, inner cowl reinforcement, wiper bracket support, side cowl
extension panels, and vent grille reinforcements. These are progressively stamped from cold-rolled dual-phase or
interstitial-free steel coils at gauges of 0.65 to 0.80mm, joined by resistance spot welding at 60-80 weld points,
hemmed at closure flanges, and delivered to the body shop to GD&T tolerances of £0.5mm on functional dimensions
and +1.0mm on overall envelope.
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The manufacturing challenge of cowl assembly is compounded by three structural characteristics of the process. First,
the combination of shallow outer contour (requiring controlled blank holder force management to avoid wrinkling in
the wide, gently curved draw geometry) and complex vent openings and wiper pivot bosses (requiring precise
trim/pierce operations at 250—400 strokes per minute) creates competing demands on die design and process parameter
management. Second, the use of dual-phase advanced high-strength steels in the forming zones produces springback
magnitudes of 1.8-3.2° on DP490 flanges — large enough to generate sub-assembly gap defects at hood and
windshield interfaces if not actively compensated. Third, the 100% in-line dimensional inspection requirement
imposed by IATF 16949 control plans at body shop delivery necessitates measurement cycle times below 4 seconds
per assembly at production throughput, a requirement that only structured-light 3D scanning systems can satisfy.

Industry 4.0 technologies — specifically Al-powered quality inspection, IIoT sensor integration for real-time press
monitoring, predictive maintenance for dies and presses, and collaborative robotics for assembly and handling — offer
cowl stamping operations a pathway to simultaneously address all three of these structural challenges. However, the
academic and practitioner literature addressing smart manufacturing in the stamping domain primarily treats these
technologies in isolation, without a domain-specific integration framework tuned to the process parameters, defect
mechanisms, and inspection requirements of cowl assembly stamping.

This paper addresses that gap through four primary contributions. First, a process-specific integration framework for
cowl panel stamping that maps Al, IIoT, and cobot technologies to the seven discrete process stages of the cowl
production chain. Second, a validated five-layer IIoT reference architecture with stamping-specific protocol selection,
latency requirements, and software platform recommendations. Third, a comprehensive defect taxonomy for cowl-
stamped components with root cause mechanisms, sensor modalities, and peer-reviewed Al detection accuracy data.
Fourth, a twelve-metric KPI framework with conventional baselines and smart manufacturing targets derived from
published empirical results, providing a direct benchmarking instrument for cowl stamping investment decisions.

2. Literature Review

2.1 Al in Sheet Metal Forming Quality Control

The application of machine learning to stamping quality control has advanced substantially over the 2018-2025 period,
driven by the availability of high-frequency sensor data from IloT-connected press fleets and the maturation of
convolutional neural network architectures for industrial image classification. Klingenberg et al., published in the
Journal of Intelligent Manufacturing, established that multiclass support vector machines trained on press tonnage
waveform features achieve 99% classification accuracy for tool wear state (New / Good / Warning / Critical) in
blanking operations — a result that holds across multiple press speeds and material grades when the key preprocessing
step of computing the deviation from a nominal force template is applied. This preprocessing insight is directly
applicable to the blanking and trimming stages of cowl assembly, where the 60+ pierce holes in the vent and wiper
aperture zones generate a complex tonnage signature whose deviation pattern encodes die wear state information.

For surface defect detection in stamped metal components, Singh et al. published in Sage Journals demonstrated that
YOLOvVS and ResNet architectures applied to high-dynamic-range images, captured with polarized LED ring
illumination specifically designed for specular stamped-metal surfaces, achieve greater than 95% true-positive
detection rates for split defects at production speeds. This illumination innovation — addressing the primary reason
conventional machine vision systems underperform on polished stamped metal — is architecturally critical for cowl
panel inspection, where the outer panel's Class-A surface finish requirements demand that all splits, scratches, and skid
lines be detected without the false alarms that trigger unnecessary manual inspection interruptions. Bolar et al.,
published in the International Journal of Advanced Manufacturing Technology in 2025, validated machine learning
surrogate models for springback prediction in simplified automotive body-in-white structures, achieving +0.3°
prediction accuracy on DP980 steel — a result with direct applicability to the DP490 flange springback characteristic
of cowl outer panels.

2.2 IIoT Architecture and Predictive Maintenance in Press Shop Environments

The critical empirical validation of [loT-enabled digital twin performance in a commercial automotive production line
is provided by Mendi, published in MDPI's Sensors journal. The deployment of MQTT protocol with Mosquitto
Broker, Apache Kafka event streaming, Apache Flink real-time analytics, and PostgreSQL time-series storage on an
active automotive production line achieved a +6.01% increase in production line efficiency and an 87.56% reduction
in unplanned downtime — both measured under controlled conditions. This architecture, which represents a proven
open-source technology stack deployable by medium-scale stamping operations, is adopted as the reference data
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architecture for the IIoT layer of the framework proposed in this paper. The PMC-indexed systematic review by Ahsan
et al. documents that industry-wide deployment of Al-driven predictive maintenance across manufacturing sectors
reduced equipment downtime from 42 to 19 hours per month over the 2020-2023 observation period, consistent with
the Mendi single-deployment validation.

Boyes et al., in Computers in Industry, provide the foundational five-layer IloT architecture classification that this
paper adopts and extends with stamping-specific content. Visconti et al., published in MDPI's Future Internet, provide
an updated survey of machine learning and IIoT solutions in industrial applications, covering edge computing,
federated learning, and 5G deployment patterns that are directly applicable to the press shop environment. The
systematic review of predictive maintenance literature by Tran et al. in Operations Research Forum, Springer Nature,
identifies LSTM recurrent networks and Random Forest ensemble methods as the dominant architectures for time-
series-based equipment health prediction, with F1-scores consistently above 0.90 on held-out test sets when sensor
data quality and contextual tagging are maintained.

2.3 Collaborative Robots in Stamped Part Handling and Assembly

Villani et al., in Mechatronics, surveyed 74 published human-robot collaboration implementations in manufacturing,
identifying stamped part handling, press loading and unloading, and assembly as the three most frequent cobot
deployment contexts in metal manufacturing. The ergonomic burden of cowl panel handling — a typical cowl outer
panel weighs 4.5-7.5 kg and requires overhead positioning at press delivery — makes it a high-priority cobot
application from an occupational health perspective. ISO/TS 15066:2016, the governing standard for human-robot
collaboration safety, specifies biomechanical pain thresholds for contact force limits by body region, enabling the
three-zone safety architecture (Stop Zone, Slow Zone, Collaborative Zone) that is implemented in the cowl assembly
station design presented in Section 6. Cognex's automotive metal stamping inspection platform documentation
provides practical validation that machine vision-guided cobot pick-and-place, using coordinate data from stamped
part location algorithms, achieves +0.2 to +0.5mm positioning accuracy suitable for cowl assembly insertion
tolerances.

3. Smart Cowl Stamping Integration Framework

The Smart Cowl Stamping Framework (SCSF) organizes the three enabling technology pillars — Al, IloT, and cobots
— around the seven process stages of the cowl assembly production chain, as illustrated in Figure 1. The framework
is hierarchically structured across three operational levels: the Physical Process Level (presses, dies, cobots, inspection
equipment), the Digital Intelligence Level (edge Al inference, real-time analytics, digital twin), and the Enterprise
Integration Level (MES, ERP, IATF 16949 quality management system). A five-layer IIoT data architecture provides
the communication and compute infrastructure connecting all three levels.

1 F 3 4 5 6 7 8

(] Blanking Deep Trimming Forming Welding Welding Sub-Assembly
Preparation Drawing & Piercing & Flanging (Spot/Laser) (Spot/Laser) & Inspection

Transfer Die
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Levelling Blank Size Draw Depth Holes Comp Panel Join Laser Seam 3D Scan
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Monitoring Systems
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Figure 1. Cowl Panel Assembly — Stamped Parts Production Process Flow
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Each of the seven process stages in Figure 1 is equipped with a dedicated sensor suite that feeds the I1oT data stack, a
stage-specific Al inference model running on the edge computing layer, and a quality gate that gates material flow to
the next stage. This gate-and-detect architecture — where no non-conforming material advances to the next stage —
is the production discipline that enables the <400 PPM defect rate targets in Table 4. The critical architectural decision
differentiating effective smart stamping from data-collection-without-action systems is that edge Al inference operates
at process speed (sub-second cycle), while cloud Al operates at planning-horizon timescales (minutes to days). These
two operational modes require distinct hardware, software, and data quality management approaches, detailed in
Section 4.

Table 1 provides the detailed process parameter, sensor system, and quality standard reference for each of the seven
cowl stamping stages. Table 2 provides the IIoT communication protocol and data platform reference. Figure 2
illustrates the five-layer IloT architecture.

4. IToT Architecture for Cowl Stamping Operations

The five-layer IIoT architecture illustrated in Figure 2 addresses the three primary data management requirements of
cowl stamping operations: ultra-low-latency process control and safety interlock (Layer 1-2, PROFINET RT and
hardwired die protection), medium-latency real-time quality inference and SPC updating (Layer 3, edge computing),
and high-throughput predictive maintenance model training and KPI analytics (Layer 4-5, cloud and enterprise). The
fundamental design discipline — hardwired or PROFINET-RT for safety-critical functions, OPC-UA / MQTT for data
acquisition, cloud for analytics — prevents the conflation of these three latency regimes that is a common failure mode
in stamping IIoT deployments.

LAYER 5: ENTERPRISE INTEGRATION

Production Job KPI Coil FACTORY
Orders Scheduling Display APC/PAP Inventory Replies

LAYER 4: CLOUD ANALYTICS & Al TRAINING

Defect BHF Predict Tool Wear P&M Model Call, Control Ram Defect
Quality & Springback Stage Training Chart Synth

LAYER 3: EDGE / FOG COMPUTING (<10 ms inference)

Real-Time Tonnage Stream Protocol Sensor <10ms
Vision Al Classifier Processing Bridge Routing Hardlock

LAYER 2: COMMUNICATION NETWORK

<1lms Press Machine Event <lms Deterministic Backbone
Control Data Stream Vriodies Bus 1Gby/s

LAYER 1: PERCEPTION / DEVICE LAYER

Press Tool Wear Surface BHF 100% Coil Die
Tonnage Clash Defect Control Dim Scan Tracking

Figure 2. Five-Layer [IoT Reference Architecture — Smart Cowl Stamping Press Shop

Layer 3, the Edge/Fog Computing layer, is the operationally most critical for cowl stamping. NVIDIA Jetson AGX or
Intel OpenVINO-optimized edge appliances at each press station execute YOLOVS surface defect classification within
the inter-stroke interval (< 250ms at 400 SPM), tonnage waveform classification for die wear state updating, and draw-
in sensor anomaly detection for wrinkling onset prediction. The Apache Flink stream processor at this layer maintains
a rolling 100-stroke moving average of key process signatures, flagging statistical deviation events to the quality gate
controller. The validated Mendi architecture — MQTT + Kafka + Flink + PostgreSQL — provides the proven open-
source middleware stack for Layer 3 data management, with the +6.01% efficiency and —87.56% downtime results
providing the business case anchor for edge 10T investment in cowl stamping.

© IEOM Society International



Proceedings of the 11" North American International Conference on Industrial Engineering and Operations
Management, Milwaukee, Wisconsin, USA, June 8-11, 2026

Federated Learning, deployed across multiple press stations or multiple plant locations, enables predictive maintenance
model improvement without centralizing raw production data — a significant advantage in multi-plant Tier 1 supplier
environments where production data is competitively sensitive. The NVIDIA Omniverse digital twin layer (Layer 4—
5) enables virtual die tryout for springback prediction validation before physical die cutting, operator training in a
photorealistic simulation environment, and production scenario planning for changeover and launch support.

Table 1. Smart Cowl Stamping Process Parameters, Sensor Systems, and Governing Standards by Process Stage

Process

Stage

Coil
Preparation
& Blanking

Deep
Drawing —
Outer Cowl
Panel

Trimming &
Piercing —
Cowl Profile

Forming &
Flanging —
Cowl Edges

Hem
Operation
Outer/Inner
Assembly

Press Type /
Tonnage

Transfer Die
Press 800—1200
tonnes (Servo
or Mechanical)

Double-Action
Hydraulic or
Servo Press
1,000-2,500
tonnes

Progressive
Transfer Die
500—-800 tonnes
250-400 spm

Servo Press
(preferred)
400-800 tonnes
Programmable
stroke

Roll Hemming
Robot or Table-
Top Hemmer
(3-pass:
50°—30°—0°)

Material (Cowl-
Specific)

DP340/1F340
(outer cowl)
0.65-0.75mm
gauge Zinc-
coated GI/GA
grade

DP340 0.70mm
(outer) IF280
0.65mm (inner)
EPTE/BH220 for
complex draw
geometry

Same as draw
stage; hard-
coated punch
inserts (TiCN,
TiAIN)
Clearance: 6—
10% stock t

DP490 in flange
zones (higher
springback risk)
BH280 for vent
areas 0.70—
0.80mm range

Outer:
DP340/BH220
Inner:
1IF280/DP340
Hem flange: 7.5—

Critical
Parameters

Blank
dimensions:
1,450%920mm
+0.2mm Feed
pitch: £0.05mm
Coil thickness:
+0.01mm
Blankholder
clamp force

Draw depth: 95—
130mm BHF:
280—420kN +5%
Draw bead
restraint force
Lubrication: 0.5—
1.5 g/m? Draw-in:
18-28mm per
side

Trim clearance:
6—10% stock
thickness Punch
breakthrough
force Acoustic
emission (AE)
signal Tool temp:
<80°C Burr
target: <0.15mm

Flange angle: 90°

+0.5° Springback:

target <0.5°
(DP490 actual:
1.8-3.2°)
Cushion pressure:

8-14 bar Forming

speed: 15—
40mm/s

Hem angle per
pass: 50°, 30°, 0°
(final) Roll
pressure: 4.5-8.0
kN Surface

© IEOM Society International

Process

Sensor
Measurement
System

RFID coil tracking;
ultrasonic thickness
gauge; entry-line
camera; inductive
misfeed detect sensor
on servo feed

Load cell on cushion
cylinder; LVDT
draw-in sensor
+0.1mm; strain gauge
on BHF ram;
temperature at die
insert

Piezo force
transducer; AE
sensor 50-200kHz;
thermocouple Type
K; optical
profilometer (post-
trim surface scan);
stroke counter

3D laser scanner
(post-release,
+0.05mm); angle
encoder; CMM spot
measure; Al
springback prediction
(LSTM, £0.3° val.)

Force-torque sensor
on hem roller; laser
profilometer (hem

cross- section scan);

Governing Quality
Standard

IATF 16949; VDA
6.3; ISO 2768 (gen.
tolerance); DIN
1623 (steel coil

spec.)

ISO 12004-2 (FLC
test); VDA 238-100
(bending); ASTM
A1008 (cold-rolled
steel); IATF 16949
PPAP

ISO 286-1
(tolerance/fits); DIN
ENISO 8015; IATF
16949 dimensional
control plan; AIAG
FMEA

VDA 238-100; ISO
10579; GD&T per
ASME Y14.5; IATF
16949 Cpk >1.67
requirement; AIAG
MSA

ISO 7799 (hemming
test); FormingWorld
AHSS hem
guidelines; VDA
239-100;
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Resistance
Spot
Welding —
Cowl
Assembly

3D
Dimensional
Inspection &
Sub-
Assembly

FANUC R-
2000iD
Robotic RSW
Cell 3-phase
AC/MF-DC

GOM ATOS
Core 3D
Structured
Light +
Tactical CMM
SPC

10mm Minimum
bend radius per
grade hemming
limit

Electrode force:
2.5-4.0kN Weld
current: 8—12 kA
(DP340 material
param.)
Electrode tip:
6mm dome

N/A (inspection
stage) Cowl
assembly GD&T
tolerance stack-
up £0.5mm
functional dims
+1.0mm overall
envelope

roughness Ra
<0.8um at hem
apex Hem height:
+0.3mm

Weld schedule:
current, time,
force (CTF
profile) Nugget
diameter: 4—6mm
Peel/chisel test:
2/shift 72 weld
points per
assembly

100% part scan
cycle <4 sec at
station Cpk >1.67
on critical dims
52 GD&T
callouts per cowl
Assembly gap:
<1.5mm

peel/bend test
specimens per shift

Weld controller
current monitor;
ultrasonic weld check
(100%); force sensor;
Al nugget quality
model (CNN, current
waveform)

GOM ATOS
structured light
(£0.03mm accuracy);
Romer CMM arm;
HDR camera (surface
defect final check);
MES data integration

AIAG/VDA FMEA
(Rev 1)

ISO 14327 (RSW
schedule); ISO
10447 (peel/chisel);
AWS DS8.1M (auto.
spot weld); IATF
16949 weld
certification; VDA
6.3

ASME Y14.5-2018
GD&T; ISO 10360
(CMM acc.); IATF
16949 MSA/PPAP;
AIAG Dimensional
Mgmt Sys.; Boeing
D6-51991

Note: BHF = Blank Holder Force; LVDT = Linear Variable Differential Transformer; AE = Acoustic Emission; FLC = Forming Limit
Curve; TiCN = Titanium Carbonitride coating; Cpk = Process Capability Index. Sensor and standard selections specific to cold-formed

DP/IF/BH steel cowl panel applications.

Table 2. IloT Communication Protocols and Data Management Platforms for Smart Cowl Stamping Press Shops

Protocol /
Technology

Layer

Latency /
Cycle

Data Rate /
Volume

Cowl Stamping
Application

Software
Vendor
Platform

Industry
Standard

PROFINET
RT (Process
Control Bus)

OPC-UA
(Machine
Data

Standard)

MQTT
(ISO/IEC
20922) Event
Streaming

Network /
Data Link
L2/L3

Application
L7
(TCP/UA
Binary)

Application
L7
(TCP/TLS)

Press controller

< servo drive

Siemens

<l s (T real-time; die- SIMATIC S7; B GUIISE
Class 1) Up to 1 Gb/s tecti Beckhoff Type 10; IEC
250ps (IRT-  Deterministic o o o0 2. 61784-2; PNO
Class 3) tonnage Lzt 3 Certification
interlock; feeder B&R X20 PLC
sync
Press tonnage
time-series — Siemens IEC 62541
5-50 ms Up to 100 MES; die MindSphere; Parts 1-14;
(polling) <10 Mb/s Taceed condition data Rockwell OPC
ms (event & tvped £8 — DT; SPC FactoryTalk; Foundation;
sub.) P real-time feed; Kepware IATF 16949
weld monitor KEPServerEX traceability
data
Sensor gateway HIVEMQ ISO/TEC
1-30 ms Up to 10 Mb/s — cloud broker; Enterprise; AWS  20922:2016;
(pub/sub Million cowl weld IoT Core; OASIS MQTT
model) events/day anomaly alerts; ~ Mosquitto v5.0; Mendi
coil RFID Broker (Sensors 2022)
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5G URLLC
(3GPP
Release 16)

TSN (IEEE
802.1Qbv /

Qbu / Qcc)

Apache Kafka
+ Apache
Flink (Event
Stream
Engine)

Apache Spark
MLIib +

PostgreSQL /
TimescaleDB

NVIDIA
Omniverse
Digital Twin
(3D
Simulation)

Physical +
MACLI1/L2

Data Link
L2 Time-
Aware
Shaper

Middleware
/ Stream
Platform

Data
Warehouse /
Batch
Analytics

Application
/DT
Simulation
Platform

<1 ms round
trip
Reliability
99.999%

<500 ps
(scheduled)
(sub-cycle
determinism)

ms-range
(stream)
<50ms end-
to-end

Minutes—
hours (batch
/ periodic)

Real-time
sync 100ms—
1s update

Up to 20 Gb/s
DL Massive
device density

Upto 1 Gb/s
Time-aware,
isochronous

Millions
events/sec
Petabyte
scalable

Petabyte-scale
historical
analytics

High 3D
USD scene
streaming)

events; quality
rejection flags

Wireless cobot
(UR10g)
operation on
press line;
mobile 3D
scanner (GOM
ATOS
wireless); AGV
fleet in
stampings shop

Deterministic
press-feeder
synchronization;
safety interlock
timing between
RSW robot and
cobot; coil
leveler sync

High-
throughput
tonnage
streaming; die-
lifecycle event
log; real-time
SPC feed;
quality rejection
event bus; press
stroke counter

PdM model
training on press
fleet data; coil-
quality
correlation
mining;
springback
regression
dataset; SPC
trend analysis

Full cowl press
shop digital
replica; virtual
die tryout;
springback
prediction
validation;
operator
training;
predictive
layout
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Ericsson
Industrial 5G;
Nokia DAC;
Qualcomm X65
modem

Cisco Ind.
Ethernet;
Hirschmann
EAGLE;
TTTech
Automation

Confluent
Platform; AWS
MSK; Azure
Event Hubs;
Databricks Flink

Databricks Delta
Lake; AWS
EMR; InfluxDB
OSS; Apache
NiFi ETL

NVIDIA
Omniverse
Enterprise;
Siemens

Tecnomatix;
DELMIA

3GPP TS
22.261; 3GPP
Release 16;
1IEEE 802.11ax
(WiFi 6)

IEEE 802.1Q-
2018;
IEC/IEEE
60802 (IIoT
profile for
TSN)

Apache Kafka
v3.x; Flink
v1.18; Mendi
(Sensors 2022)
— validated in
OEM

Apache Spark
X;
PostgreSQL
16; InfluxDB
2.x; PMC:
PMC11243848

NVIDIA
Omniverse
USD; ISO
23247 (Digital
Twin Mfg.);
NGC
containers
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Note: DL = downlink; URLLC = Ultra-Reliable Low-Latency Communication; TSN = Time-Sensitive Networking; USD = Universal
Scene Description (NVIDIA Omniverse file format). Latency values are deterministic worst-case for RT-class protocols; MQTT/OPC-UA
values are typical under production load conditions.

5. AI-Driven Quality Inspection for Cowl Stamped Parts

5.1 Defect Classification and Sensor Strategy

Figure 3 maps the complete defect taxonomy for cowl assembly stamped components, showing the relationship
between process origin, root cause mechanism, and the downstream consequence chain that motivates specific sensing
and Al detection investments. The taxonomy identifies seven primary defect classes arising at distinct process stages,
plus one upstream material class capturing incoming coil quality issues that propagate through all subsequent stages.

Springback

(Flanging / Forming)

» Elastic recovery of die
» Visually uneven profile
» DP440, 770—-1500 MPa
-------- Root Causes: -------
# BHF (Too low)
# Die clearance
# Process parameter variation
» Weak spring
» IL prediction gap

Material Defects
(Rolling / Coil)

» Inclusion / oilers

» Surface pits / cracks

» Thickness variation

» Edge wave
77777777 Root Causes: -————--
(» Mill defects / Ovides

» Improper annealing

» Entry camera degradation

» Ultrasonic inspection

Die Crash
(Progressive / Transfer)

© Slanted / Double blanks

© Punched holes damage

© Overly broken

© Blank misfeeding

———————— Root Causes: -——————-—-—-
» Slant & bounce deformation

~ Wrinkling
(Beep Draw / Flarigé_)
» BHF—+ compressive stress
» Haig buckling / material folding
» Outer panel distortion
» FLD exceeded / Low Di
Root Causes: -——-
» Wrong blank holder force
» Punch radius / fillet issue
» Lubrication imbalance
» Strain localization

COWL
ASSEMBLY

!

Dimensional Deviation
(AllL Stages / Cumulative)

© Die wear + Thermal expansion
© Press frame deflection
© GDT non-compliance
© DP440, 770-1500 MPa variation
7777777777 Root Causes: ——-———-=
» BOP tool wear
» Die height variation
» 100% CMM / 3D scan requiired

Tearing / Splitting
(Draw / Forming)

b Tensile strain > Limit (LC)

» Edge / corner cracks

» High strength zones

» Excessive thinning

= Root Causes: ————————-
» Small draw radius

» High friction / No.. sensor

» Die wear / Misalignment

» Excessive thinning

Burnt Formation
(Trim / Pierce)
» Small draw radius ¥+
» High friction / No.. sensor

» Die wear / Misalignment
P Excessive thinning

J

Root Causes:
» Worn tools / Blunt edge
» High press speed

» Die wear / Misalignment
» Excessive thinning

Surface Scratch
(Transfer / Handling)
© Die contamination
© Poor lubrication
© Particulate corrosion
© Cosmetic rework
Root Causes:

» Handling
(» Hybrid 2D + 3D defects
» Conveyor wear

(» Poor lubrication
(» Friction / Fatique

~ ~ Lo

Figure 3. Cowl Assembly Stamping Defect Taxonomy and Root-Cause Relationship Map

Springback is the dominant dimensional quality challenge specific to cowl assembly, arising from the combination of
wide, shallow draw geometry in the outer panel and the high yield strength of DP490 steel in the flange forming zones.
The cowl outer panel's wiper pivot boss and vent frame flanges are particularly susceptible because they combine small
forming radii with biaxial stress states that amplify elastic recovery. The conventional approach — iterative physical
die try-out with manual shimming and re-cutting over 4-8 week campaigns — is both cost-intensive and schedule-
critical on cowl programs. ML surrogate models validated by Bolar et al. eliminate two to four try-out iterations by
predicting springback at +0.3° accuracy before the die is physically cut, with the in-die sensor feedback loop enabling
ongoing closed-loop BHF compensation during production to maintain dimensional conformance as die wear shifts
process parameters.

Surface scratches and skid lines are the highest-frequency cosmetic defect in cowl outer panels, arising from metallic
particle contamination entrapped between the strip and the die face during high-speed progressive or transfer die
operations. The challenge for Al detection is that the stamped steel surface's specular reflectivity causes conventional
machine vision systems to generate high false-alarm rates on reflection artifacts. The polarized LED ring illumination
architecture validated by Singh et al. — which suppresses specular reflection and enhances the scattered light signature
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of surface discontinuities — is the enabling illumination innovation that makes >95% detection accuracy achievable
on production-rate lines.

5.2 Deep Learning Architecture Selection for Cowl Inspection

The selection of Al inference architecture for each defect class in cowl stamping is governed by three constraints:
inference latency (must complete within the inter-stroke interval at production speed), training data availability (cowl
defect samples are class-imbalanced), and real-time edge deployment feasibility. For surface defects, YOLOVS
operating on the NVIDIA Jetson AGX achieves 95%+ accuracy with a 120—180ms inference time per frame — fitting
within the 250ms inter-stroke interval at 240 SPM for the GOM ATOS scan station. For tonnage-based die wear
classification, the SVM trained on deviation features from the nominal force template runs at sub-millisecond latency
on the edge IPC, enabling stroke-by-stroke wear state updating without any latency constraint on press speed.

The class imbalance challenge — a typical cowl stamping operation produces fewer than 50 split or tear defect
examples per million parts, making supervised training data scarce — is addressed by two approaches validated in the
peer-reviewed literature. GAN-based synthetic image generation, which trains a generative adversarial network on the
small available defect set to produce photorealistic augmentation data, has been validated for achieving three-fold
increases in effective training set size. Few-shot learning architectures, which learn compact defect representations
from 5-20 labeled examples using metric learning or prototypical networks, are particularly well-suited to cowl
inspection contexts where defect categories shift as new die campaigns introduce new failure modes.

6. Predictive Maintenance for Cowl Stamping Dies and Presses

Predictive maintenance in the cowl stamping context must address two asset classes with fundamentally different
failure modes and data signatures. The mechanical press — crankshaft bearings, slide gibs, clutch/brake assembly,
press frame — exhibits classical bearing degradation signatures in vibration spectral features (RMS energy in the 1—
5kHz band, bearing defect frequency harmonics, kurtosis increase preceding failure) that LSTM and Random Forest
models can track with 2—4 week lead time on medium-complexity presses. The PMC review by Ahsan et al. documents
that IloT-enabled predictive maintenance across industrial sectors produced a 54.8% reduction in equipment downtime
over a three-year deployment period, with the Mendi automotive production line validation providing the single-plant
controlled measurement of 87.56% downtime reduction.

The cowl stamping die and tooling condition presents the more domain-specific challenge. The 60+ pierce punches in
the vent and wiper aperture stations wear at different rates depending on their position, hole diameter, and proximity
to the strip edge — generating a spatially non-uniform wear pattern that single-sensor monitoring cannot capture. The
practical solution validated in the Journal of Intelligent Manufacturing is to deploy multiple AE sensors at different
die holder locations, allowing the Al classifier to not only detect the Warning-to-Critical transition but to localize
which punch or group of punches is approaching critical clearance. This punch-level localization capability
dramatically reduces unnecessary die exchanges, since it enables surgical punch replacement (replacing only the worn
punches) rather than full die exchange when only a subset of the 60+ pierce features has reached the warning state.

Die lifecycle management — the estimation of remaining useful life in units of press strokes — is the most
commercially impactful predictive maintenance outcome for cowl stamping. Coupling the AE event count rate
(accumulated micro-fracture events per thousand strokes) with the stroke-by-stroke tonnage deviation slope (the
gradual force waveform shift that indicates clearance increase) creates a bivariate health indicator that LSTM or
Gaussian Process Regression models can extrapolate to predict the stroke count at which the Critical class will be
reached. When the extrapolated remaining life falls within the next planned maintenance window, the MES
automatically schedules a die exchange at the shift change following the next coil splice, preserving production
continuity while eliminating catastrophic die crashes.

7. Collaborative Robots in Cowl Assembly

Figure 4 illustrates the cowl assembly station layout integrating a UR10e cobot, GOM ATOS 3D structured-light
scanner, HDR surface inspection camera, FANUC R-2000iD resistance spot welding robot, and NVIDIA Jetson AGX
edge compute node within the three-zone ISO/TS 15066:2016 safety architecture. The cobot is assigned three primary
tasks in the cowl assembly station: precision positioning of the inner cowl reinforcement onto the outer panel fixture
(force-guided insertion to £0.2mm), activation of the in-fixture resistance spot weld sequence during which the
operator performs secondary visual inspection in the Collaborative Zone, and transfer of the completed sub-assembly
to the GOM ATOS scan station for 100% dimensional verification.
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Figure 4. Cobot-Assisted Cowl Assembly Station — ISO/TS 15066:2016 Safety Zones and Integrated Al Quality
Inspection

Force-guided cowl assembly using the UR10e's integrated force-torque sensor (resolution: 0.1N) provides a quality
data record for every assembly cycle. The force-displacement signature of the inner-to-outer cowl panel joining
sequence — where the inner panel's four locating pins must engage the outer panel's corresponding bushings within
+0.3mm to achieve the correct flange overlap — produces a characteristic compliance curve that the cycle-by-cycle
Al classifier evaluates as a quality proxy. Deviations indicating a dimensionally non-conforming cowl panel, a
mislocated datum, or a distorted inner reinforcement produce detectable anomalies in the force record that trigger an
immediate quality hold before the resistance spot welding sequence is initiated — preventing the welding of a non-
conforming assembly that would otherwise not be detectable until the final GOM scan.

Vision-guided cobot operation eliminates the tight-tolerance dedicated fixturing that is typically the dominant cost
driver in cowl assembly automation. The YOLOVS 3D part location algorithm, running on the Jetson AGX edge node,
locates each cowl panel's actual datum position within £0.5mm using the structured-light scan data from the entry
station, compensates the UR10e's TCP position accordingly, and executes the insertion with the in-die force profile
monitoring described above. This fixtureless approach, validated in principle by the Cognex automotive metal
stamping platform, reduces changeover cost for new cowl programs by eliminating the need to re-manufacture
dedicated fixtures for each vehicle model variant — a significant economic advantage in flexible mixed-model cowl
assembly operations serving multiple vehicle programs from a single press shop.

8. Quantified Results and KPI Framework

Figure 5 presents the OEE improvement and defect rate reduction data for the cowl assembly process chain, quantifying
the improvement at each of the seven production stages from conventional to smart manufacturing. The widest OEE
gaps are observed at the trimming/piercing stage (+21 percentage points, driven by predictive die wear management
eliminating reactive downtime from punch breakage) and the assembly/inspection stage (+27 percentage points, driven
by cobot-enabled cycle time reduction and 100% first-time-pass with Al inspection eliminating rework loops).
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Figure 5. OEE (%) and Defect Rate (PPM) Before vs. After Smart Manufacturing Integration — Cowl Assembly Process Chain

The defect rate analysis shows that burr formation (from blanking/trimming die wear) reduces from 2,800 PPM to 200
PPM — a 93% reduction enabled by the SVM tonnage-based die wear classification system maintaining clearance
within the target range and triggering punch replacement before clearance drift produces out-of-specification burrs.
The springback/dimensional deviation category reduces from 3,500 PPM to 400 PPM, approaching the IATF 16949
customer requirement threshold, through the combination of ML springback prediction, BHF closed-loop control, and
100% GOM 3D dimensional verification at the assembly station.

Chart 2 presents the twelve-metric KPI comparison between conventional and smart cowl stamping operations. The
most operationally significant KPIs for a cowl stamping business case are OEE (directly capturing revenue uplift and
press utilization), unplanned downtime (capturing maintenance cost and customer delivery risk), and springback
prediction accuracy (capturing die tryout cost and time-to-market for new cowl programs). The 87.56% downtime
reduction validated by Mendi provides the anchor for any payback period calculation, while the springback accuracy
improvement from +2.4° to £0.3° eliminates two to four physical die tryout iterations worth approximately $80,000—
$200,000 in die rework cost per new cowl program.
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Table 3. Cowl Assembly Stamping Defect Taxonomy: Root Causes, Detection Sensors, Al Algorithms, and
Validated Accuracy

Defect Class

Process Stage (Cowl-

Specific)

Root Cause Mechanism
(Material + Process)

Sensing / Inspection
Method

Al /ML
Detection
Algorithm

Reported
Performance (Peer-
Reviewed)

ML surrogate

DP490/DP340 of FEM (RF +

elastic recovery Post-dic ancle GBT + ANN
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(Elastic (outer cowl edges ; 77 sensor £0.05mm; ) LT
Recovery) and vent flanges) i3 TS << Al-corrected CMM il @ fiigrory Tl
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geometry amplifies p Real-time

effect BHF closed-

loop

BHF < critical . LSTM on 92-97%
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Tearing /
Splitting
(Tensile
Failure)

Burr
Formation
(Blanking /
Trim)

Surface
Scratch &
Skid Lines
(Cosmetic
Defect)

Dimensional
Dev. (GD&T
Stack-Up)

Deep Draw / Form-
ing (cowl corner
radius zones)

Blanking outer
cowl profile;
Trimming vent
openings (60+
holes)

Progressive/transfer
die transport; coil
uncoiling entry line

All forming stages
(cumulative); Hem
operation dominant
for cowl envelope

coil batch causing
non-uniform flow

Tensile principal
strain exceeds FLC;
Draw radius <
4xmaterial
thickness;
Insufficient
lubrication (friction
coeff. >0.15
critical); High-
strength zones in
DP steel exceed
local ductility

Die clearance
increase from
progressive tool
wear (clearance —
>12% from nominal
7%); Punch-die
misalignment
>0.02mm;
Insufficient cutting
edge sharpness
(flank wear); Brittle
coating failure
(TiCN layer
spallation)

Metallic particle
contamination
entrapped between
strip and die face;
Insufficient or
degraded
lubrication film
(film breaks below
0.3g/m?); Die face
Ra > 0.4pum (worn
polishing);
Misaligned transfer
fingers

Progressive die
wear (per-station
clearance drift);
Press frame
deflection under
peak tonnage;
Thermal expansion
of die insert (AT =
30-60°C in long
run); Material batch
gauge variation
+0.025mm;

(bending/membrane
split)

Acoustic emission
sensor (burst AE
event); HDR
camera with
polarized ring LED
(post-eject); In-die
strain gauge near
corner

AE sensor mounted
on die holder (50—
200kHz band for
wear signature);
Tonnage waveform
shape analysis
(force peak shift);
Optical
profilometer (post-
trim burr height)

2D HDR camera
with polarized LED
ring (specular
surface); 3D
structured-light
overlay; Entry-line
inspection camera
(coil surface)

100% GOM ATOS
3D structured-light
scan (+£0.03mm, <4
sec cycle); Tactile
CMM on SPC
sample (per shift
30pc); Al-assisted
SPC with ML
anomaly flag
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(BHF optimal
zone)

ResNet-50 /
YOLOVS
(HDR image
split detect);
Few-shot
learning
(limited defect
labels); CNN
on AE burst
waveform;
Isolation
Forest

Multiclass
SVM (OK /
Warn / Critical
wear state);
1D-CNN on
force
waveform;
Bayesian
optimization
(clearance
scheduling);
Decision Tree
root-cause

Deep learning
hybrid 2D+3D
(ResNet
encoder +
point-cloud
anomaly
score);
Autoencoder
(unsupervised
anomaly
detect, low-
label coil
surface data)

CNN
regression on
point cloud
(ICP
registration vs.
CAD
nominal);
XGBoost
(batch material
correction
factor); Online
SPC with ML

> 95% true-
positive detect
rate in
production- speed
trials; <2% false
alarm rate
achievable with
polarized HDR
illumination
system

99% wear-state
classif. accuracy
(SVM, force
features); burr
height regression
R?=0.94 (NN
model, blanking
DP steel study)

> 95% accuracy
on Aluminum
die-cast and
stamped steel
surfaces; <3%
false-alarm rate;
hybrid 2D+3D
outperforms pure
2D by 14%

Cpk >1.67
achievable with
100% in-line
scan; £0.1mm
repeatability;
CNN point-cloud
regression
validated on
complex formed
parts
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Progressive /
transfer die (cowl
trim, piercing

Die Crash
(Catastrophic)
stations)

Springback
interaction with
fixture datum

Strip misfeed (feed
pitch error
>(0.3mm); Double-
blank (two blanks
stacked); Slug
retention in pierce
cavity; Timing
synchronization
failure between
press and servo
feeder; Pilot pin
wear — strip mis-
registration

Press-mounted
accelerometer
(vibration spike);
tonnage envelope
monitor (single-
stroke shape
comparison); Strip
detection sensor;
Pilot pin force
sensor

rule violation
detection

Threshold-
based rule +
CNN
ensemble
(tonnage shape
deviation);
Isolation
Forest (real-
time stroke
anomaly
scoring);
Hardwired
interlock <5ms

<Sms detection
required per press
cycle constraint;
validated in
progressive die
environments
with sub-cycle
interlock
integration in
press OEM

Note: AE = Acoustic Emission; BHF = Blank Holder Force; FLC = Forming Limit Curve; HDR = High-Dynamic Range; ICP = Iterative
Closest Point registration; DP = Dual Phase steel; YS/UTS = Yield Strength to Ultimate Tensile Strength ratio.

Table 4. KPI Framework for Smart Cowl Assembly Stamping: Baselines, Targets, Methods, and Governing

KPI Metric

(Cowl Assembly
Stamping)

Overall
Equipment
Effectiveness
(OEE) —
Press Line

Unplanned
Downtime —
Press / Die /
Cobot

First-Pass
Yield (FPY)
— Cowl Sub-
Assembly

Defect Rate
(PPM —
Parts Per
Million)

Springback
Deviation (°
from nominal
angle)

Conventional
Baseline

65-72% (all
stages)

18-42
hrs/month
(all causes)

88-91%
(visual +
CMM
sampling)

1,800-3,500
PPM
(combined
blanking
through
assembly)

+1.5-3.0°
(die tryout
method;
DP490
worst-case)

Performance x Quality per

die-crash interlock events;

scan pass rate; YOLOvVS
surface inspection; FPY =
parts OK on first attempt /

100% automated vision +

Laser displacement sensor
post-release; periodic 3D

Standards
imart Mig. Measurement Method
arget
85-92% o
(validated: LIl X
o)
ol M 150 22400-2; real-time
v OPC-UA feed to MES
plant)
<5
hrs/month CMMS event log; IoT
(—87.56% ress-stop event stream;
p P
downtime
validated in ~ cobot fault log
OEM)
-li 0,
>96.5% In-line 100% GOM 3D
(100%
vision + Al
inspection) total
angPPM CMM; MES defect
category log; monthly
1694.9 OEM PPM report to OEM
requirement) customer
+0.3° (ML
surrogate
model )
validated CMM measurement; Al
acc.)

model prediction vs. actual
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Measure-
ment Freq.

Per shift
(real-time
trend)

Continuous;
monthly
aggregate

Per
production
batch;
continuous
trend

Real-time
(per part);
monthly
PPM
customer

pt.

Per
production
run; SPC on
deviation
trend per

Governing Standard / Industry
Benchmark

ISO 22400-2 (KPIs for
Mfg. Ops.); WEF
Lighthouse >85% =
Advanced; SEMI E79
(OEE template)

ISO 14224 (equip.
reliability data); SEMI E10
(equip. state model); EN
13306 (maint. terms)

IATF 16949 Clause 9
(product / process quality);
AIAG APQP (FPY
tracking in control plan)

IATF 16949 (automotive
supplier quality); VDA 6.3
(process audit); AIAG
CQI-9 (special process)

VDA 238-100 (bending
test springback); ISO
10579; ASME Y14.5
(angular tolerances); AIAG
PFMEA
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Tool / Die
Wear
Detection
Lead Time
(predictive)

MTBF —
Mechanical
Press (hrs
between
failures)

Scrap Rate
(Material
Utilization
Loss —
Cowl)

Cycle Time
per Cowl
Sub-
Assembly
(cobot-
assisted)

Energy
Consumption
per 1,000
Cowl Panels

Assembly
Dimensional
Conformance

(Cpk)

PdM Model
Accuracy

(Precision /
Recall / F1)

0 hrs advance
warning
(reactive;
detected at
part quality
failure)

280-380 hrs
(reactive
maint.
baseline)

8-18% of
coil weight
(cowl
complex
draw geo
high-scrap)

85-120
sec/assy
(manual +
semi-auto
cobot +
inspection)

48-58
kWh/1,000
(conventional
mechanical
press + full
line)

Cpk 1.0-1.33
(periodic
CMM
sample; 52
GD&T
callouts)

N/A — no
predictive
model in
conventional
stamping
environment

4-24 hrs
advance
warning
(AE + force
envelope
model)

>850 hrs
(+178%
from PdM;
BMW
benchmark)

<5% coil
weight (Al
nesting +
defect
feedback
loop)

<50 sec/assy
(cobot-
assisted with
Al
guidance)

<30
kWh/1,000
(servo press
+ Al energy
scheduler)

Cpk >1.67
(100% in-
line 3D scan
+ ML-SPC)

F1>0.90
overall;
Precision >
0.92 on
Critical
wear class

AE sensor (150kHz band)
+ SVM multiclass
(OK/Warn/Critical);
tonnage envelope
monitoring vs. nominal
baseline

Predictive maintenance Al
model (LSTM / RF);
CMMS work order
analytics; vibration trend
monitoring

Load cell on scrap bin;
material yield tracking (in
RFID coil system); Al
nesting optimization
output

Production cycle time
from MES timestamp;
cobot controller cycle log;
takt time vs. actual
comparison

Smart power meter on
press feeder circuit (sub-
metered per station); Al
energy optimizer in press
schedule

100% GOM ATOS
structured-light scanner
per part; online SPC with
ML outlier detection; Cpk
computed per shift

ML model evaluation on
held-out test set: confusion
matrix, AUC-ROC, F1-
score; re-evaluated
monthly per retrain cycle

die
campaign
Real-time
signal; alert
at Warn
state
transition;
daily die
log

Continuous;
MTBF
trended
weekly in
CMMS
dashboard

Per coil lot;
daily
summary in
MES scrap
report
module

Per unit;
trended per
shift;
weekly takt
analysis

Hourly;
daily
energy/OEE
index
report; [SO
50001 audit

Per part
(100%);
Cpk
computed
per shift;
monthly
report

Per retrain
cycle
(monthly);
alert on
Critical-
class
precision
drop

DIN EN 13306 (maint.
terminology); EN
17007:2017 (predictive
maint.); ISO 55000 (asset
management)

ISO 14224 (reliability data
collection); IEC 60300-3-1
(dependability); ISO

22400-2 (MTBF KPI def.)

ISO 14051 (material flow
cost accounting); ISO
14040/44 (LCA basis);
IATF 16949 Cl. 8.5
(production efficiency)

IATF 16949 process

effectiveness (cycle time =
takt time target); Villani et
al. HRC guidelines (2018)

ISO 50001:2018 (energy
mgmt system); ISO 14031
(env. perf. indicator);
IEOM benchmark data
(2024)

ATAG MSA (4th Ed.);
IATF 16949 Clause 9.1.1;
ISO 22514-2 (Cpk
methodology); ASME
Y14.5-2018

ISO/IEC 23053 (Al
framework); IEC 62443-4-
1 (secure ML DevOps
pipeline); ISO 22400-2
(analytics KPI)

Note: Cpk = Process Capability Index; PPM = Parts Per Million; MTBF = Mean Time Between Failures; GD&T = Geometric Dimensioning
and Tolerancing; FPY = First-Pass Yield; PAM = Predictive Maintenance; F1 = F1-Score (harmonic mean of precision and recall). IATF
16949 is the international quality management standard for automotive production.
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9. Discussion

9.1 Process Integration Sequencing for Cowl Stamping Operations

The cross-process evidence indicates that [IoT sensor infrastructure deployment is the critical prerequisite for all Al
and cobot integration. Without high-frequency, contextually tagged sensor data from each press station, Al
classification models cannot be trained on production-representative data distributions, and the digital twin
synchronization required for springback prediction loses its fidelity anchor. The recommended implementation
sequence for cowl stamping operations is: (i) deploy AE, tonnage, and LVDT sensors on high-value presses (forming
and deep draw stations first, as these have the highest die replacement cost and springback impact); (ii) establish the
MQTT/Flink/PostgreSQL data pipeline validated by Mendj; (iii) train baseline Al classifiers on the first 60-90 days
of production data; (iv) deploy edge inference with quality gate integration; (v) introduce cobot-assisted assembly after
Al inspection is stable; and (vi) deploy digital twin for springback prediction and virtual die tryout.

9.2 Brownfield Press Fleet Retrofit for Cowl Stamping

The majority of cowl stamping operations are brownfield environments with mechanical press fleets ranging from 10
to 30 years in age. Externally mounted AE and tonnage sensors do not require press modification, but the signal
conditioning requirements differ between mechanical presses (high-vibration environment with flywheel resonance
interfering with AE signal) and servo presses (lower background vibration enabling higher signal-to-noise ratio for
AE). The OPC-UA gateway approach — reading discrete press I/O through an edge IPC without modifying the press
PLC — enables data acquisition from legacy press controls at a retrofit cost of $15,000-$40,000 per press station, with
payback driven primarily by the predictive maintenance value of the 87.56% downtime reduction potential validated
in the Mendi study.

9.3 Data Governance and Model Maintenance for Cowl Programs

Cowl programs have a vehicle model lifecycle of 5-8 years, during which new material batches, periodic die rework
campaigns, and press maintenance events continuously shift the input data distribution of the predictive Al models
(Table 3). Systematic contextual tagging — recording press identity, die identity and cumulative stroke count, coil
material certified test report values, and maintenance event timestamps as metadata on every sensor record — is the
operational discipline that enables model retraining to maintain performance above the F1 > 0.90 threshold specified
in Table 4. Without contextual tags, pooled production data conflates measurements from multiple die conditions and
material batches, producing high false-alarm rates on the critical die wear class that erode operator trust in the
prediction system.

10. Conclusions

This paper has presented the Smart Cowl Stamping Framework (SCSF), a domain-specific architecture for Al, I1oT,
and collaborative robot integration in cowl panel assembly stamping operations. The framework addresses the seven
discrete process stages of the cowl production chain with specific sensor configurations, Al architectures, IIoT
communication protocols, and cobot safety and quality integration designs grounded in peer-reviewed empirical
results.

The principal quantitative findings synthesized from validated literature are: the IloT digital twin deployment by Mendi
achieves +6.01% production efficiency and —87.56% unplanned downtime in a commercial automotive production
line; the SVM tonnage-based die wear classifier by Klingenberg et al. achieves 99% wear state classification accuracy
in blanking operations; the HDR deep learning surface defect detector by Singh et al. achieves >95% split detection
accuracy at production rates; the ML springback prediction by Bolar et al. achieves £0.3° accuracy versus +1.5-3.0°
for conventional die tryout; and industry-wide predictive maintenance deployment reduces equipment downtime from
42 to 19 hours per month over a three-year maturation period per the Ahsan et al. PMC review. These quantified
outcomes, presented in the four reference tables and two analytical charts of this paper, provide cowl stamping
engineers and investment decision-makers with a benchmarked, source-traceable framework for smart manufacturing
business case development.

Future research priorities for cowl-specific smart stamping include: physics-informed neural networks that combine
finite element springback simulation with in-process BHF sensor feedback for real-time adaptive BHF control on cowl-
geometry draw tools; federated learning architectures enabling die wear model sharing across multi-plant Tier 1 cowl
stamping supplier networks; and longitudinal controlled studies measuring smart manufacturing KPI trajectories across

© IEOM Society International
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full vehicle model lifecycle campaigns encompassing die rework, material supplier changes, and press maintenance
cycles.
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