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Asset Tracking at Brambles VISION
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Data collection
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Embedded Vision for Asset Tracking
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Asset Tracking VISION

SUMMIT’

Improving our understanding of the flow of every asset by uniquely identifying individual pallets
through computer vision and QR codes

Serialize pallet
pool with unique
IDs

High quality
tracking data

Embedded vision : —_ . Reliable, scalable,

systems track : mature system
assets |

Support multiple Current

tag formats

implementation
uses QR tags
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Vision Based Approach for Asset Tracking

Brambles

Visibility into
start and end of
asset cycles

Embedded Vision
system to detect
and decode the
QR codes

Scans of QR tags
used to serialize
assets

Continually
capture data
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Scaling Embedded Vision in Industrial Environments

Continuous capture by vision
systems leads to many
images having very similar
scenes or irrelevant data

Filtering and deduplication
removes unintended biases
caused by oversampling

Large volume : (~10 devices
capture ~1 Million
images/day )

Challenging for effective
modeling and analysis.

Brambles
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Similar scenes

liall. &2

Large volume of data

Rapidly growing Undesired Bias

Skewed Representation
Misrepresents True Patterns

Limited Compute
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Objective VISION
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* High-quality subset selected from a
huge image pool

* Reduce upload volume and focus on
more meaningful data (Images with QR
code scans)

* Build balanced, relevant, diverse
training dataset of QR code images for
training and monitoring various
computer vision models (e.g.,
classification)
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Filtering Data at the Edge (1/2) V!EJ&?N

s 12g detection

e QR Codes

Discard uninformative images

e Images with odd aspect ratio
e Tags at the edge of the frame

mm Filter on tag area

Decoderate —

e QR code image crops below a certain size
are less likely to decode
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Filter Data at the Edge (2/2) VISION
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mm Data Sampling

e Systematic sampling to reduce volume of
data

o Data Compression

¢ JPEG/ PNG instead of raw image data

Bl Store Selective Data

¢ Selective data is stored to the cloud
e Used for various modeling tasks
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Deduplication VISION
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o]}

Source Hash Source Hash

; Meth'od 1: Perceptual ; ¥ DINOy2 "=
; . Hashing ) N ' ol
3 Easy, fast ENEEES N
Sensitive to
transforms

Method 2: DINOv2

Cryptographic Perceptual
based embeddings
Method 3: Custom embeddings EiiwtEsd et adigs dondlntarmal * Semantic
(Preferred approach) understanding
* Good for domain specific data  Robust to
 Dependency on other models to transforms
extract embeddings e Complex
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Image Quality Assessment

Overall Perceptual Quality

BRISQUE

* Measure of Natural
Scene Statistic

* Compute intensive

—

Effectiveness

s £ %
Q¥ queap/aclé :’r;e.gr DS

Yoy Qg

Blur detection technique

Brambles

mage clarity
Blur Detection (Preferred

approach)

Measure of sharpness
Address blurry images

Time

(ms)

£
(Qp/ 7&‘/7 Haar Rr

ac/é egf‘a o

" Wee,

Blur detection technique
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Input image
l
Assess image (Score
value)

Threshold
< Score?

No

l

Not Blurry
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Image Quality Assessment : lllumination V!USJ'QN

Average Pixel Intensity
* Overexpose
Losing detail in bright areas
* Underexposure
Losing detail due to insufficient light
*  Well-lit
Sufficient lighting

Over exposed well-lit Under exposed

14
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Image Enhancement

* Transformed images improve
human annotation accuracy and

can be used for data
augmentation

TN

y N

Histogram Equalization

Brambles
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Photometric
Transformation

Geometric
Transformation

Gamma HSV

Correction Equalized Rotations
. CLAHE .
Equalization Equalized Rescaling
) Perspective
Color Space YUV Equalized
Change
change
YCrCb ;
Fli
Equalized P
Padding
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Data Labeling and Review

* Annotations may contain errors

* Incorrect labels can impact model performance

* Quality checks are essential for reliable training;
labeling is expensive

Model V1

Get image data to label

l

Annotate the data

Vision

Annotations
Model

v

Label
Annotations = Model
Predictions

Predictions

Yes 4
Get Review

Use data
to train
models

Brambles
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== 7,000(70%)

Model V3

Models trained
on previously

/ datasets
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Total Label
Number of mages Annotations Review
Images to iabslediby = Model Annotations
g Annotators SRS
label Predictions
10,000 —— 10,000 »10,000(100%) N

Reduction in amount of
reviewed data

T % _—» 3,000(30%)
10,000 ——— 10,000 —

R |
10,000 —» 10,000 _€|->—> 6,000(60%)

\w_ﬁw_; 4,000(40%)

New sets of

/ Images that
10k images at Images didn't need Images that
each iteration Annotated review needed review
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Active Learning VISION
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. o Machine Learning
* Label efficiency — fewer labels needed Model

* Cost savings — reduce annotation effort ks i NOAY E i Uncedaiit

* Targeted improvement — focuses on hard cases F .

* Faster convergence — improves model quicker —— —________ | Unlabeled Pool
I g
* Human-in-the-loop — more control & feedback  Training Pol _ _ ! after Sel ==
Works with rare d o Active Learning :
° -_ |
orks with rare data — finds edge cases y Framework | :
|
. . . T : R |
Requires uncertainty estimation — can be tricky i Eonan e | | @

* Complex pipeline — harder to implement t ypp—. '
° Annotate Labels

Sampling bias risk — if query strategy is flawed Ado Tk Po r———
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Data Reduction Metrics VISION
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Full size images collected in 1 day(10 devices)

\ ~100,000 //Deduplicated Full size Images [ Images to Selection
Strategy label based on active
\ Number of Images // Operation [ ale learning
Tag scans cropped from the full size images Active Learning 40.000 12 000(30%)
\ ~200,000 /L/Images of Objseccatnosf) Interest (tags
Random
\ ~150,000 //Selected tag scan images at Edge Selection 40,000 20,000 (50%)

\ ~40,000 //Removed bad quality tag scan Images

\ ~54,000 / / Deduplicated tag scan images /
Number of .
\ Images // Operation [
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Conclusion VISION

SUMMIT

Efficient Data Management

» Systematic selection of relevant images helped in optimizing storage and processing

* Reduced redundancy while preserving valuable information for modeling
Improved Model Performance

* Curating high-quality and diverse datasets enhanced the accuracy and generalizability

* Aids in mitigating class imbalance and sheds light on areas of improvement
Scalability & Practical Impact

* Enables scalable solutions for real-time monitoring and predictive analytics
Future Work & Opportunities

* Exploring automated selection techniques using Al-driven active learning.

* Enhancing real-time edge processing for continuous model updates.
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