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It takes a village o
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Goals of presentation o

* Introduce an objective method to quantify the similarity
between two outsole impressions.

* Show that algorithm is accurate and reliable even when outsoles
share class characteristics and degree of wear.

e Show that algorithm is robust even when one image is degraded
and partially observed.
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The forensic question o

e Could the shoe on the
left be the source of the
impression on the right?

Q= questioned
* K=known

Challenging!

Research funded by the Center for Statistics and Applications in Forensic Evidence (CSAFE) - forensicstats.org



The state of the art o

* At present, practitioners rely on training and experience to:
- Identify features of interest that can be used to compare
outsoles.

- Subjectively determine whether outsoles are “similar
enough” to suggest same source.
- Use 7-scale decisions (SWGTREAD)

* Two implicit assessments:
- How similar are the outsoles?
- How probative is observed degree of similarity.
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Objective of this project o

* Develop a score that quantifies the degree of similarity"--.
between two outsole 2D images.

e Contributors to the score

Outsole Design*
Size* ‘ Overall
Score

Wear Pattern

RAC
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Data collection 1 o

* CSAFE constructed a longitudinal database of 2D shoe (
outsole impressions.

e 160 participants were recruited and received a pair of
new shoes.

e Participants were asked to use the shoes and return to
CSAFE every eight weeks, for six months.

NIKE Winflow 4 Adidas Seeley Skateboard
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Data collection 2 o

Can you visually find the differences?

Mates: (1) and (2) & Non-mates: (1) and (3)
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Algorithm Il - Alignment o

* Maximum clique from the graph theory

Imagel Image?2 Imagel Image?
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R-package: Shoeprintr o

* Delicately developed for image matching using
maximum clique

e Parallelized maximum clique with smart sampling

* Visit https://github.com/CSAFE-ISU/shoeprintr

-

= READMEmd

Shoeprint Boosted

= How-To
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Aligned images

Mates-before aligning

Mates-after aligning Nonmates-before aligning Nonmates-after aligning
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Source prediction performance .-

* Prediction result by the RF method

Truth
Prediction Mates Non-mates
Predicted same shoe 277 8
Predicted different shoe 11 196
Total 288 204

* 96% Sensitivity and 96% Specificity
* 4% Error rate
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Sensitivity (TPR)
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Degraded impressions

Often, the latent print at the crime scene is blurry or

partially observed.
Q (partial and blurry) vs. K ( full and clean)
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Performance on degraded Q o

* ROC curves

 Q (toe area and level 10 degraded) vs. K (full and c/eah)

- False positive rate: 3% -- Incorrectly conclude same shoe
- False negative rate: 9% -- Incorrectly conclude diff shoe

deg=10
V] .
1.00 _
0.75 r
Methods

=y
= RF-SURF
= 050
< — =Overlap(SURF)
e POC-R

0.25

0.00

1.00 075 050 0.25 0.00

specificity

Research funded by the Center for Statistics and Applications in Forensic Evidence (CSAFE) - forensicstats.org



Summary '

 Automatically finding interesting points in an outsoIeIUSing
SURF appears promising.

* When both impressions are of reasonably good quality, an
algorithm based on three features has excellent performance,
at least for Nike Airflows and Adidas Steeley.

* When Qs degraded, features no longer serve to predict
whether Q and K were made by same shoe.

* Exception is % points that overlap; this feature is robust on
degraded and partially observed images.
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Open questions o

e Will algorithms continue to perform well when:
- We include other brands of shoes (we think yes).
- Qis degraded in some other way (we need more research).

e Black-box study: compare the outcome of the automated
method to the scores produced by a trained examiner.

e Similarity algorithm using convolutional neural network.
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Thanks! o

e Please find me at:

sypark@iastate.edu

e  Qur website:
www.forensicstats.org
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