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Who we are

Sagi Alon

ZIv Krieger



...|w|||||t||’||||\nn\m\'\ "\"l\1lIi“ilim.l[l"hl”h.

SIPL

SIGNAL AND IMAGE PROCESSING LAB

§
i
:




e

SIPL

LLLLLLLLLLLLLLLLLLLLLLLLLL

Motivation

N - ?7 033473 F+ 34 7‘3179?
W TN DY72NDN DX BWI0NY TN NIV O-MA H7ZIN AN U ' QORIVIXAYIX'O NN




e

SIPL

LLLLLLLLLLLLLLLLLLLLLLLLLL

Motivation

A

20-02-2025-20:57: 25 \ )
— Hla\=t
4 f y : ’/" f-

| » ?7 033473 F+ 34 7‘;17(7’2 ~
WY TN Q'72NDA NX BIONW TWNANXYI Q-NA 7N AWIN YUY | 0'01RI0VIXD YIX! om'.'rn




-

Motivation - Assumptions

 Competitors - Computer Vision based Solutions

o High False Alarm rate

* Improvised Explosives Devices

o Explosives residuals on the bag
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Motivation - Solution

ENTRANCE SCANNING SYSTEM
CV MON'TOR SYSTEM Explosive Residue

Spectral Library

Gunpowder
Potassium Nitrate

Dynamite i
Ammonium o
05/
I
02
"c T 8

P20bj Table:

P20bjTable:
Head Identity E.Score Class O.Track Identity E.Score Class O.Track
Person 1 0XOABA 2567.9 Person1 0X0ABA 2567.9

OxOAB8 ~ 0104.4  Backpack  OXDABA ﬁ 0x0ABB  0104.4  Backpack  OXOABA

0x0AB9  9766.5 Plastic Bag M I1ISSin g 0x0AB9  9766.5 Plastic Bag  OXOABA
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How to detect explosives residuals?

Many variations:
o Background — Plastic bags, backpacks, suitcases..
o Changing lllumination

Our chosen problem

Robust residual material detection under complex illumination and
background conditions.
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2k Hyper Spectral Imaging

e Capturing the same scene in many wavelengths, resulting in a 3D of the
scene, called an HSI cube (x, vy, 4)

* Each pixel is a vector, holding the reflected light across wavelengths
* HSI is mostly used for material Identification

Flour or Cocaine?
Reflected light

intensity

Wavelength
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Material Identification

Small Residuals Identification is much more complex

[llumination

Plastic Ba
Pixel spectrum ""/\/_‘\—\ 5

Explosive




The Classic ML Approach

1. | Select Target materials
) % build a dataset material across various
‘ surfaces and illumination conditions
3. :> WCXEM Train on custom dataset per material

Inference on a cube

11
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SIPL :

1. | Select Target material

- L@_ hiiild a dataset material across variotis
The Core Problem

The material of today may not be the material tomorrow!

‘I—V - 1 1 1110 Wil WwWiw Swiill VIOV OCWVIwW W W IV\.-l 10 W1 W § WA

Inference on a cube
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The Classic ML Approach

izl Start Over!

build a dataset materia
surfaces and illumination

Select Tar

S various
itions

set per material
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SIPL : . .
Machine Education — Solution?

scientific reports
Dr. Shai Kendler

Hyperspectral imaging
for chemicals identification: ' -,
a human-inspired machine learning € | |

approach

Shai Kendler**™, Ziv Mano?, Ran Aharoni**, Raviv Raich? & Barak Fishbain®
I I I

= ' Prof Barak Fishbain

P’
e £

* Unlike classical ML, machine doesn’t learn statistical patterns
 Machine Education: Predict by learning a physical model

14
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SIPL - »
.......................... Intimate Mixing Model

y:iQRbQRm

Where y is the reflected light from the surface, i is the incident light, R}, € [0, 1] is the background
reflectance, R,,, € [0, 1]is the foreground reflectance and © is the Hadamard operator.

. b: background signature
I mu: foreground signature

i iob 7 2obeom

Foreground sub-mm thickness

15
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SIPL Paper Overview - Data

HSI for chemicals identification: a human-inspired machine learning approach

[JSilicon

Bl Polystyrene BSugar

Wood Cardboard Ceramic Ceramic Cardboard Wood Ceramic

Clean: Contaminated:

Foreground sub-mm thickness

16



Paper Overview — Machine Education

* Machine Education: Predict by learning a physical model

* Train Dataset:
Synthesized contaminated pixels
based on the physical model :

y=iOR, OR,

2500
<
N
317 28 25 19" = 48
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33“, 30 S — — Yenar ‘" : i
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p% Clean pixels
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p% Clean pixels

Paper Overview — Train Set

— \"'/\v} T

Synthetic PS samples
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I C;) ; Synthetic Si samples

SiSuPs

Synthetic Su samples

18
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p% Clean pixels
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Synthetic PS samples

Synthetic Si samples

Synthetic Su samples
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<o

Synthetic Synthetic Synthetic
PS SI SU
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b1 ¢ |d

Train DB

Train DB

Train DB

Multi cube classifier
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Paper Overview - Model

A
S

1

Multi cube classifier

Model 1 Model 2 Model 3 o000
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Paper Overview - Model

23
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SIPL Paper Overview - Model

96% Patch Classification success rate

24




The Multi-Cube Bottleneck

* No Static Scenes

* Significant Acquisition Overhead
— massive storage
—long train time
—high operational costs

* Patch level classifier

Can we do this with only a single cube?

25
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SIPL  Try current model on a single cube
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- [ none

B PS

[ silicon®
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<

A

Low Pixel classification accuracy

26
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SIPL : :
"%5& PrOJeCt Goal - The Conceptual Shift

Seeking a real-time and practical solution:

* On the fly: Machine Education on a single cube

* Pixel level classifier — High Confidence

The Bottom Line:
All you need is 1 cube + target materials
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Spoiler...
90% Pixel Accuracy

Results

Ground Truth

CONone [ Polystyrene [ Silicon B Sugar

28
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Inspiration - Denoising Problem

29
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SIPL  Can we treat lllumination and Background as “noise”?

SIGNAL AND IMAGE PROCESSING LAB
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HSI-ReconClsNet

ﬁ

Recon

. RawPiel) Net

Cleaned Reflectance

Loss: Cross-Corr

Cls Net

Loss: CE

——>

O
.
O

31



..|l|llil|li{'l}l“”uﬂ\h‘1 | \nu‘{»;””)qpuqun.

SIPL

SIGNAL AND IMAGE PROCESSING LAB

Reconstruction Example

[CORRECT] Sample 7176 | True: PS -> Pred: PS
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SIPL Raw Pixel Accuracy = 0.9005

Results

Ground Truth

CONone [ Polystyrene [ Silicon B Sugar .
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SIPL  HSI-ReconClsNet — Confusion Matrix

= 99.0% 19 0.7%
c
80
Material Num of Pixels
FE 0:2% 50 None 364K
©
: Polystyrene 32K
Z Silicon 56K
- 0.7% - 40 Sugar 28K
-20
s 41.6%
A
| ] i -0
none PS SI sugar
34

Predicted Label
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Summary — The Framework

* Single-Cube: No multi-scene datasets needed.

* Physics-Guided: Decouples material signatures from background

& lighting.

 Two-Stage Pipeline: Combined reconstruction-classification

network.

* On the fly model: No pre-training

35
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Summary — Key Impacts

High Accuracy: 90% pixel detection — Low False Alarm Rate.

Data-Efficient: Reliable residual detection without large train data.

Innovation: Practical Machine-Education model.

36
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What Next?

37
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Special Thanks

Prof Barak Fishbain Dr. Shai Kendler



Questions



...\|u\\|)|\‘i‘\HH‘ I

e

BE PROCESSING LAB

SIGNAL AND IMA

Real World Scenario

There are no patch borders
Contaminated pixels might be sampled to the clean DB

40
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SIGNAL AND IMA
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Real World Scenario
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There are no patch borders
Contaminated pixels might be sampled to the clean DB

41



-
SIPL S
‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ 5% Contamination




-«lwlnl'llinlllwnwH\"~\"4w'"l\hlll\ll'w-uu}v-
SIPL . .
““““““““““““““““““““““““““ Possible Solution - Dropout




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8: Problem Focus
	Slide 9: Hyper Spectral Imaging
	Slide 10
	Slide 11: The Classic ML Approach
	Slide 12: The Classic ML Approach
	Slide 13: The Classic ML Approach
	Slide 14: Machine Education – Solution?
	Slide 15: Intimate Mixing Model 
	Slide 16: Paper Overview - Data HSI for chemicals identification: a human-inspired machine learning approach
	Slide 17: Paper Overview – Machine Education   
	Slide 18: Paper Overview – Train Set
	Slide 19: Paper Overview – Train Set
	Slide 20: Paper Overview - Model
	Slide 21: Paper Overview - Model
	Slide 22: Paper Overview - Model
	Slide 23: Paper Overview - Model
	Slide 24: Paper Overview - Model
	Slide 25: The Multi-Cube Bottleneck
	Slide 26: Try current model on a single cube
	Slide 27: Project Goal - The Conceptual Shift
	Slide 28: Spoiler… 90% Pixel Accuracy
	Slide 29: Inspiration - Denoising Problem 
	Slide 30: Can we treat Illumination and Background as “noise”?
	Slide 31: HSI-ReconClsNet
	Slide 32: Reconstruction Example
	Slide 33
	Slide 34: HSI-ReconClsNet – Confusion Matrix
	Slide 35: Summary – The Framework
	Slide 36: Summary – Key Impacts
	Slide 37: What Next?
	Slide 38
	Slide 39: Questions
	Slide 40: Real World Scenario
	Slide 41: Real World Scenario
	Slide 42: 5% Contamination
	Slide 43: Possible Solution - Dropout


  x , y , 𝜆


  𝒚 = 𝒊 ⊙  𝑹 𝒃 ⊙  𝑹 𝒎


  𝒚


  𝒊


   𝑹 𝒃 ∈ [ 𝟎 , 𝟏 ]


   𝑹 𝒎 ∈ [ 𝟎 , 𝟏 ]


  ⊙


  𝒚 = 𝒊 ⊙  𝑹 𝒃 ⊙  𝑹 𝒎


  I ⊙ R b ⊙ P s


  I ⊙ R b ⊙ S i


  I ⊙ R b ⊙ S u


  I ⊙ R b ⊙ P s


  I ⊙ R b ⊙ S i


  I ⊙ R b ⊙ S u


  I ⊙  R B ⊙  R m  


  ( I ⊙  R B )


   R m


  ⊙

