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What is HGCal

HL-LHC will operate at 5 x 103* cm~2s~1 with pileup of ~140 events.
Existing CMS endcap calorimeters cannot cope with the expected radiation or pileup.

HGCal (High Granularity Calorimeter) is the new endcap calorimeter of the CMS experiment at the HL-LHC
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HGCal Assembly process
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Why image recognition matters in HGCal assembly

Quahty control before bondlng

Component Module Assembly Module
by Gantry Wire-bonding Encapsulation Module Testing

Quallty control after bondlng

Before bonding :

Glue leakage or contaminants in bonding holes — reduces bonding success rate

After bonding:

Wire defects (breakage, bending, missing) — affects electrical reliability

\_ normal glue leakage / \__ normal bad wire ~/
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Why image recognition matters in HGCal assembly

Traditional approach:

Taking 98 photos Inspection by eye Writing reports

I
5mins 10mins
manual inspection: Inefficient, subjective, inconsistent

Goal:

Automatic Defect
|dentification

Taking 98 photos

5mins <15s

Develop automated image recognition systems using machine learning

@ ' Suyun Huang | Spring 2026 IHEP ML Workshop 15 April 2026 5



Method roadmap: YOLO and PatchCore

YOLO (You Only Look Once) PatchCore (Anomalib)
Type : Supervised object detection Unsupervised anomaly detection
Core principle : One-pass prediction of location + class Learns normal feature distribution
Deployment : Fast, easy Slower, more complex
Data : Requires labeled defect samples Requires only normal samples
use case - Known, common defect types Rare, unknown, defects

e Before bonding: (1) YOLO  (2) YOLO-seg+PatchCore
After bonding: (1) YOLO (2) PatchCore (3) YOLO+PatchCore
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Before bonding: YOLO

Label tool: l[abellimg v1.8.6 (YOLO format)

Class: 1 (“glue”)
Total images: 10,948 (no data augmentation)

Image Source: Taken by OGP smartscope

Dataset:
Class_|Train___|val__|Test
glue 308 38 39
normal 7727 969 958
total 8035 1007 997

glue leakage
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Before bonding: YOLO Performance

Precision-Recall Curve

1.0
0.8 1
0.6
c
o
n
z .
g Highest\Recall
0.4 1
0.2 1
—— glue 0.805
= all classes 0.805 MAP@0.5
0.0 T T T
0.0 0.2 0.4 0.6 0.8 1.0

Recall

True

normal -

glue -

Precision

Conf=0.1

Test Set Con

1
normal

,I0U=0.5

fusion Matrix

32

glue

Predicted

:0.9474

Recall : 0.7500

800

600

- 400

-200

\& Suyun Huang | Spring 2026 IHEP ML Workshop

15 April 2026



Before bonding: YOLO Performance

Ignore pollutants that are not in the training labels !
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Before bonding: YOLO-seg+ PatchCore

The YOLO model ignores pollutants not in the training set — YOLO + Unsupervised training method.
Model: yolo26n-seg.pt

Input images
dataset: 143

oY |
\

| Train ¢« YOLO hole detection

‘ All holes

Yes

\ 4

Hole cropping

Score =1
v Train
Normal Holes

Anomaly detection

Model: PatchCore Score < Threshold Score > Threshold

dataset: 3150

normal abnormal
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Before bonding: YOLO vs. YOLO + PatchCore

Conf=0.05,I0U=0.5
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* The hybrid workflow is therefore the safer screening choice.
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" Finished end-to-end pipeline
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After bonding: a harder problem

Key challenges :

e Wires are thin and occupy very small regions
o Defects are subtle and hard to distinguish

o Need high labeling cost

o Severe data imbalance : Only ~100 abnormal in ~20,000 images

Bad wire
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Attempt 1-YOLOVS training

Label tool: labellmg v1.8.6 (YOLO format)
Class: 1 (“wire”)

abnormal: 67+67*7 (data augmentation)
normal: 1000 (To avoid training bias)

Image Source: Taken by OGP smartscope

Dataset:

class |Train_|Val _|Test
wire 424 56 56
normal 800 100 100
total 1224 156 156

Highest Recall
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Attempt 2-Patchcore training

Dataset:5000 normal images

Results:

many normal images classified as abnormal
Scores overlap a lot

Analysis:

Background variation >> wire feature variation

Model learns both background and wire itself
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After bonding: YOLO + PatchCore

Model : yolo8n.pt
dataset : 2467
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Precision

After bonding: current model status

Conf=0.05,Score=0.95

PatchCore Precision-Recall Curve PatchCore Confusion Matrix (threshold=0.95)
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Results are evaluated on the same production batch
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After bonding: current model status

Wire Anomaly Report - 320MLF3WCIH0201_after_bonding_front
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The model becomes nearly ineffective when evaluated on a different batch due to lighting changes
Not a low recall issue, precision collapses
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Summary

YOLO + PatchCore combines precise region localization with label-efficient anomaly detection, enabling
accurate and scalable quality inspection even with scarce defect data.

Before bonding:
YOLO + PatchCore model has already been deployed to the production line.
After bonding :

Performance drops significantly under different batches (lighting variations).

Future outlook:
Improve the after bonding model to handle batch variations.

Enable real-time recognition directly on OGP.

=
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THANKS



Augmentation

90° rotation

90° +vertical

i g ”

90° +horizontal 90° +vertical+horizontal
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