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Introduction




Material Segmentation

Predict a dense segmentation map with material labels

Boliage

Classes: {
Metal,
Plastic,
Asphalt,

Rubber
Asphalt

[1] Paul et al. A dense material segmentation dataset for indoor and outdoor scene parsing. ECCV 2022.
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Applications of material segmentation

e Autonomous driving [2]
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Applications of material segmentation

e Real-world simulation [3]

[3] Brandao, M. et al. Material recognition cnns and hierarchical planning for biped robot locomotion on slippery terrain. Humanoids 2016 (pp. 81-88).

d NVIDIA AGX
: ‘ XAVIER

Fabian Perez




Applications of material segmentation

e Robot Navigation and decision [4]
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Applications of material segmentation

e 3D imaging [9]
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[5] Li, Zeyu, et al. "MaterialSeg3D: Segmenting Dense Materials from 2D Priors for 3D Assets." arXiv preprint arXiv:2404.13923 (2024).
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Applications of material segmentation

e Image Editing [6]
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Classical approach to material segmentation

General approach: Segment only with RGB images which can be deceptive due to
metamerism.

Chess patterns look the same but Materials like plastic exhibit a
are of different materials [6] wide range of appearances [6]
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Spectral Information: A Key Component

Each material exhibits a representative spectral signature, thus,

enabling discrimination based on material properties
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Vision Transformer
Image processing with attention mechanisms

Convolution of CNN Attention of Vision Transformer

Add & Norm
Feed
Forward

Nx Add & Norm

Multi-Head
Attention

——1 J
Positional &
Encoding

Input
Embedding
[5] Vaswani, A. "Attention is all you need." Advances in Neural Information Processing Systems (2017).

Inputs
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Vision Transformer

Anything you can tokenize, you can feed to Transformer

[6] LIMoE by B Mustafa, C Riquelme, J Puigcerver, R Jenatton, N Houlsby

Fabian Perez 9



Prompt Tuning

Efficient adaptation through learnable task-specific tokens

Head

Backbone

Input

¢ Tuned g% Frozen
_ Transformer Encoder Layer N _ Transformer Encoder Layer

Transformer Encoder Layer L2

Transformer Encoder Layer L,

Transformer Encoder Layer L2

Transformer Encoder Layer L,

________________________________________________________________________________________________

Xo Py | Eg

(a) Visual-Prompt Tuning: Deep (b) Visual-Prompt Tuning: Shallow

X Py E

[7] Jia, Menglin, et al. "Visual prompt tuning." European Conference on Computer Vision. Cham: Springer Nature Switzerland, 2022.
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Naive Approach for Material Segmentation

RGB Encoder Prediction

Decoder

Spectral
Encoder
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RGB Encoder Prediction
=

Decoder

Spectral
Encoder

« Significantly higher data acquisition and processing time
» Higher cost of implementation in practical systems
» Spectral sensors are not commonly available in consumer devices
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RGB Encoder Prediction
=

Decoder

Spectral
Encoder

« Significantly higher data acquisition and processing time
» Higher cost of implementation in practical systems
» Spectral sensors are not commonly available in consumer devices

This approach requires the spectral cube at training and inference time.
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Objetivo General

Desarrollar y validar un algoritmo de segmentacion
de materiales basado en arquitecturas de
Transformers de vision que integre informacion
espectral sobre imagenes de color (RGB)

Obijetivos Especificos
5. Validar

1. Identificar y S 4. Evaluar el cualitativamente el
" arquitectura de 3. Implementar en desempefio del algoritmo sobre un
seleccionar bases de s ) . g
datos de imé transformer de vision  Python la arquitectura algoritmo desarrollado conjunto de
a Of Ie |ma§]enels que integre informacion  de transformer de mediante métricas de imagenes de color
es%eél?r’a eds y de dco or espectral y de color visién disehada parala rendimiento estandar adquiridas con una
( ) adecua 1as (RGB) de una escena segmentacion de los en el area de camara disnonible en
para el entrenamiento : e p
ba del alaorit para segmentarla en materiales de una segmentacion dispositivos
y prueba del algoritmo o : oS
distintos materiales escena electrénicos de
consumo
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Proposed Method




Architecture overview

We propose a deep learning framework that bridges the gap between high-fidelity material

segmentation and the practical constraints of data acquisition
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Architecture overview
Spectral image: Ty € RIXWXB RGB image: Ip e REDWx3  Prediction: ¥ ¢ {1, ...,C}HXW
Y = f(My(Zg), Ny(Zs. P))

M @encoder

Buippaquig
[eneds
(1>01g)

Segmentation
Result
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Architecture overview

1 . H W . . . ~ H W
If spectral image RGB image: ¢ gfxWxs  Prediction: v ¢ (1, c}#x

is not available:

Y = f(My(Zg),P)

M@@a@@d@r E}{
N ( Me Me Mo VB Mopecns ¥ p
0 Ly oy LY i1 aet| o
A B P B g5 @ B Bk
gg 6% (X XY > 6% 'O_ =3 +
g di - et
i O (| 3l O 2 78
- L% _3
Segmentation
P@ —| Pl —| P’i—l_ j\/bi_l Result
) F————=0
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Architecture overview

Spectral image: Tq € REXWXB RGB image: 7,crExWx3 Prediction: ¥ ¢ e

Y = f (Mp(ZR),Ny(Zs, P))

M@encoder
i M@h\El}z
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Architecture overview

Spectral image: Tq € REXWXB RGB image: 7,crExWx3 Prediction: ¥ ¢ e

Y = f (My(Zg), Ny(Zs, P))
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Embeddings

Given a dataset: D = (Ig,I}%,Yi)Z.]il we calculate the embeddings as follow:

Te € RHEXWxB Spatial-spectral patches
s i'S c R"X(ph'pw'pc)

(‘ Tuned
3‘&(% Frozen

Spectral Embeddings

[ — -
I — -
I - -

ES c Rnxd

Spatial patches RGB Embeddings

FEES i | o |
= ‘5'- — | o | |
o | o | |
ERERnXd

T € R @ pur3)
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Spectral Embeddings

Given a dataset: D = (Z%,I}'%,Yi)‘;\il we calculate the spectral embeddings as follow:

Spatial-spectral patches
Tg € R Prpuwpe) ‘ Tuned

Number of Patches Projection Matrix

n= (=) () (=)

Ph Pw Py

WS c ]R(ph‘Pw'Pc) xd
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Spectral Embeddings

Given a dataset: D = (ng, %,Yi)i\il we calculate the spectral embeddings as follow:

Spatial-spectral patches
j'.S € R”X(Ph'Pw'Pc)

Number of Patches er = W:gr-bk+ak, eL € Rd, k=1,2,....,n.
" — (E) ) (K) ) (E) Spectral Embeddings
Ph Pw Py

Eg={e] €eR|keN,1<k<n}

Fabian Perez Material Segmentation with Embedded Spectral Information from RGB-D




RGB Embeddings

Given a dataset: D = (I%,I}%,Yi)ijil we calculate the RGB embeddings as follow:

IR c RHXWX?) _
Q Spatial patches .
Q) . - RGB Embeddings
N ! : ng E | |
| —| Reshape — o oiomm ::} ]
[ ] =ﬁ = o -
nxd
7:'R e R™X®rr Py 3) Erp eR
Number of Patches q 3 &, = Eu(Pr), e € R k=12...,n
PprPy
e Ly (W — |
- Y - Embedding RGB Embeddings
Eul*) Ep={& €R%|keN,1<k<n}
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RGB Embeddings

Given a dataset: D = (I%,I}%,Yi)fil we calculate the RGB embeddings as follow:

Te € RH xW xB Spatial-spectral patches
o _’Z"S c Rnx (ph'pw'Pc)

& Tuned
3,‘1(5 Frozen

Spectral Embeddings

[ — -
I — -
I - -

ES c Rnxd

RGB Embeddings

I — | -
| —( e ] — ===
Tp € R Pur3) Ep € R
Spectral Embeddings RGB Embeddings
Eg={e) €eR!|keN1<k<n} Ep={&] eR% |keN1<k<n}
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Architecture overview

Spectral image: Tq € REXWXB RGB image: 7,crExWx3 Prediction: ¥ ¢ e

Y = f (My(Zg), Ny(Zs, P))
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Architecture overview

Spectral image: Tq € REXWXB RGB image: 7,crExWx3 Prediction: ¥ ¢ e

Y = f (Mp(ZR),Ny(Zs, P))
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Architecture overview

Spectral image: 7. cgExWxB  RGBimage: 7, cgrH#xWx3 Prediction: < ¢ e

Y = f (My(ZR), Ny(Zs, P))
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Adaptive Spectral Prompts (ASP)

We define a set of learnable prompts for each block i in the model

P={P" P . ... P"

PO - Pl - P’L -

Prompts at block i

P'={p] eR%|leN,1<I<;}
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Adaptive Spectral Prompts (ASP)

We propose ASP to adapt spectral prompts with spectral information

Adaptative Spectral Prompts

(if spectral tokens are missin AN )
Prompts at block i-1 p i I dv
Pi—l c Rli—l Xdi—l

> ol e, IG
n
Y ™ E!
Spectral Embeddings & =l )Ié K, N =_b;
S~
|

if spectral tokens are available

VSIN
Neld
NI

EZS—I c RnXdi_l
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Adaptive Spectral Prompts (ASP)

We propose ASP to adapt spectral prompts with spectral information

Adaptative Spectral Prompts
("if spectral tokens are missing Pilk &\

if spectral tokens are available

> Pi—l Qi>
n
nv, . ™
& c § K 5 e
Eg—1= X, > Z
[~
.T T 0 He
Pz—l Eg—l |
\_ J

P’ EY) = ASP;(XY%) = ASP,([P" L EL )
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Adaptive Spectral Prompts (ASP)

We propose ASP to adapt spectral prompts with spectral information

Adaptative Spectral Prompts

(i spectral tokens are missing Pi‘\ ‘\
pi-! 0 0
/ . Multi-head self-attention

if spectral tokens are available

pit Q. O_ A’ = MSA,(X%) = Concat(head!, . .., head’)W?,
‘ con head’ = Attention(Q', K', V'),
(]

dSV

. E = Attention(X{ W5, K', V?),

VSI
NEE
)
N1

A 4
\umoq / umoq /

Pi—l Eis—l .

- 0 Attention

.. _ _ ' . . . Attention(Q, K, V) = softmax (?};) Vv
[P, Ei] = LN/(FFN}(MSA’, (X%) + X)) :
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Adaptive Spectral Prompts (ASP)

We propose ASP to adapt spectral prompts with spectral information

Attention
. QKT>
. Attention(Q, K, V) = softmax A
QZ) (Q. K, V) ( Nn
Query
} K z -W-tQ E Rdi—IXdk Qt — X’fthQ c RnXdk
< .
C ) 2 —5 5
X, - > To reduce complexity we downsample Q and K
T Key Value
5 § Y0
~ . A n .
> K' = Reshape E, di_1-7) (XY%), V= Reshape ( —, di_1 - 7 ) (XY),
| r o r
K' = K'W, € RF% V! = V'Wi, e R
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Adaptive Spectral Prompts (ASP)

We propose ASP to adapt spectral prompts with spectral information

Q;
Feed-Forward Network
— 0y % E Z' = FFN¢(A ) = MLP*(GELU*(MLP*(A")))+.A
4N
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Adaptive Spectral Prompts (ASP)

We propose ASP to adapt spectral prompts with spectral information

Q, Layer Normalization

[P, E] = LN'(Z})

K Z ’ﬂ r‘ Layer Normalization Batch/Power Normalization
— » ]
> 1z 14
Normalizes across % i
— feature dimension £ g
%

7
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Adaptive Spectral Prompts (ASP)

We propose ASP to adapt spectral prompts with spectral information

Adaptative Spectral Prompts

(if spectral tokens are missing Pi‘\ 0
pi-t &
if spectral tokens are available

pi-t Q. I@

dSV

VSIN
N
N1

y
\utv\oq / umoQ /

E! X
o
Pi—l Ezs\ .

P!, E] = LN(FFN§(MSA, (X))

Fabian Perez
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Adaptive Spectral Prompts (ASP)

The output of the ASP module will be concatenated with RGB tokens

M
| O m e - -
B.@ E'@ |-3| | [PLES = ASP(P"ES )
.—>©—>.—> §3
= T O ;E Prompts + RGB tokens
U 2 ' | i—1] o w(l+n)xd
~ Xh = [PLES Y e RUAT
P o Output of model block |
c c
9 -0 LERY = Mei(X5)
E”‘ %& o— Input for next ASP block
S

X’IR _ [p?,’E%_l] c R(l+n)xd

Fabian Perez
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Architecture overview

Spectral image: Tq € REXWXB RGB image: 7,crExWx3 Prediction: ¥ ¢ e

Y = f (Mp(ZR),Ny(Zs, P))
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Modality Dropout

Given a dataset: D = (ig’I%,Yi)iiy modality dropout allows the model to be able

to handle missing spectral situations during inference

jS , con probabilidad 1 — py
0, con probabilidad py

9
&-08

Buippaq
[}

Fabian Perez 39




Architecture overview

RGB image: 7, cgHxWx3 Prediction:

Spectral image: 1 gHxWxB

Y = f (My(ZR), Ny(Zs, P))

_______________ ¢
T ¢ 2.Disenar una
g% - arquitectura de
== transformer de vision
________ que integre
Segmentation informacion espectral
_______ : y de color (RGB) de
S mTAzaeemess N \ una escena para
| P i ASP Adaptative Spectral Promptsi
gg > I i ‘ Tuned Parameters E Segmentarla en
g8 %‘ O e distintos materiales
2 | ST

&
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Architecture overview

RGB image: 7, cgHxWx3 Prediction:

Spectral image: 1 gHxWxB

¥ = 1 (My(Zg), Ny(Zs, P))

Y
- e 2. Disefiar una
g8 } arquitectura de
5E transformer de vision
________ que integre
@ Segmentation informacion espectral
_______ : y de color (RGB) de
- W oo \ una escena para
m _| Pt ASP Adaptative Spectral Promplsi
2w = 1 @ Tuncd Parameters | .sggmentarla .en
g8 2 JI | % FowPuamees distintos materiales

&

41
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Simulations and
Results




Dataset

LIB-HSI is used as the default dataset for our experiments N =513

0.8

Reflectance

0.2

0.0
0 10 20 30 40 50 60 0 10 20
Band Number

To reduce computational complexity,
has a spatial resolution of 512x512 pixels and 204 _

we downsample to 64 bands using a
bands, spectral range from 400 to 1000 nm, 44 classes

0 40 50 60

0.0 =
Band Number

moving average
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LIB-HSI-Fixed

We found that some classes were misrepresented in some splits in the dataset

Number of pixels

Class Images Train Validation Test
Wood Ground 1 116257 0 0
Door-plastic 2 177131 0 0

Then, we remove this classes and images, and we propose a new split for the dataset
called: LIB-HSI-FIXED

Fabian Perez
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LIB-HSI-Fixed

We found that some classes were misrepresented in some splits in the dataset

1. Identificar y

seleccionar bases de Number of pixels

datos de imagenes Class Images Train Validation Test
espectrales y de color Wood Ground 1 116257 0 0
(RGB) adecuadas Door-plastic 2 177131 0 0

para el entrenamiento
y prueba del algoritmo,

Then, we remove this classes and images, and we propose a new split for the dataset
called: LIB-HSI-FIXED

Fabian Perez
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LIB-HSI-Fixed

We found that some classes were misrepresented in some splits in the dataset

1. Identificar y

seleccionar bases de Number of pixels

datos de imagenes Class Images Train Validation Test
espectrales y de color Wood Ground 1 116257 0 0
(RGB) adecuadas Door-plastic 2 177131 0 0

para el entrenamiento
y prueba del algoritmo,

Then, we remove this classes and images, and we propose a new split for the dataset
called: LIB-HSI-FIXED
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Metrics

We use the same metrics as SOTA, this is: absolute accuracy and MloU

Mean Intersection over Union
Absolute Accuracy

o ToU, = (T'P)c |
> e1(TP)c (TP)e+ (FP). + (FN).
Acc = ;i .
1
mean loU = ol Z loU,
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Simulations Setup

We validate the benefits of our proposed framework. We used segformer-3 as

our base transform encoder-decoder 52
SegFormer-B5
h Twins
_ — _ SETR
Ph=8 p,=8 p,=16 /5
48 Swin Transformer
by =4 py =4 Bz
— 0.2 B ‘DeepLabV3+/R101
r=164,16,4,1] pqs=0. - .
» HRNet-W48 + OCR
Q PVT
w
<Dt 0 SemFPN
4
Lr-warm-up and We set Data mioU | params | FLOPs | Fps
cosine-scheduler for all Augmentations like: SegFormer-BO 374 | 37M | 84G| 505
FCN-R50 36.1 49.6M | 198.0G | 23.5
experiments rotation, flip and shifting 3 " SegFormer-B2 465 | 27.5M | 62.4G | 245
FCN-R50 DeeplabV3+/R101 | 44.1 62.7M | 255.1G | 14.1
HRNet-W48 + OCR | 43.0 70.5M | 164.8G | 17.0
SegFormer-B4 50.3 64.1M | 95.7G | 15.4
SETR 48.6 | 318.3M | 362.1G 5.4
32
0 50 100 150 200 250 300 350

Params (Millions)
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Simulations Setup
We validate the benefits of our proposed framework. We used segformer-3 as

our base transform encoder-decoder

Encoder Decoder i

1
ph — 8 pw — 8 pb — 16 ) ﬁxix(‘, ﬁxﬁx(,‘ .’inx(}3 ﬂ-xr-'-xf" ! '_'xﬁx'ﬂ,' LENRLANTY)

e o R T e TR T 32385 404 naad

i

ph/ :4 pw/ :4

)
dN

40019
sewIoEUR)L

z¥og
soucysUeI]

sBuippaqu3
yoed depenp
i
L o0g
SBLUIOIEUR|

r=1[64,16,4,1] pg=02

g %X%XC, %x?‘%xc Ex%xc
Lr-warm-up and We set Data gg % §§ i :
cosine-scheduler for all Augmentations like: § ] 3 = g
experiments rotation, flip and shifting =
xN

We trained all models on a GPU RTX 3090 over 200 epochs
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Simulations Setup
We validate the benefits of our proposed framework. We used segformer-3 as

our base transform encoder-decoder , Encoder b Decoder

now._ . oW % 250 oW Ew u,w
=X =X =X =X, =X =X0; X X0 =X —x4C =X = XN
4 4 8 8 - 16 16 32 32 4 4 4 4

Ph=8 Py, =8 p,=106

sbuippaquy

yoed depsnQ
1 $0ig
dN

ph/ :4 pw/ :4

I
I
.| [uewu3
[Nz

=

r=1[64,16,4,1] pg=02

Lr-warm-up and We set Data 3. Implementar en Python la arquitectura
: : : de transformer de vision disefiada para la
cosine-scheduler for all Augmentations like: . .
segmentacion de los materiales de una
experiments rotation, flip and shifting escena.

We trained all models on a GPU RTX 3090 over 200 epochs
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Simulations Setup
We validate the benefits of our proposed framework. We used segformer-3 as

our base transform encoder-decoder , Encoder b Decoder

now._ . oW % 250 oW Ew u,w
=X =X =X =X, =X =X0; X X0 =X —x4C =X = XN
4 4 8 8 - 16 16 32 32 4 4 4 4

Ph=8 Py, =8 p,=106

sbuippaquy

yoed depsnQ
1 $0ig
dN

ph/ :4 pw/ :4

I
I
.| [uewu3
[Nz

=

r=1[64,16,4,1] pg=02

Lr-warm-up and We set Data 3. Implementar en Python la arquitectura
: . . de transformer de vision disenada para la
cosine-scheduler for all Augmentations like: . .
segmentacion de los materiales de una
experiments rotation, flip and shifting escena.

We trained all models on a GPU RTX 3090 over 200 epochs
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Ablation Studies

We validate the benefits of our proposed framework

Average per class

Method Acc loU Parameters

Full Fine-tuning 85,94 46,98 44.7 millones
Prompt-tuning RGB 86,4 54,92 3,3 millones
Ours (w/o modality dropout) 88,16 54,95 11 millones

Ours (Prompt Tuning Spectral) 88,54 56,84 11 millones

Fabian Perez
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Ablation with Missing Modality

We validate both cases, when spectral is available and when is not.

Average per clasas

Input Acc loU
RGB 88,54 56,84
RGB + Spectral 88,63 56,95

Fabian Perez 52




Ablation with Missing Modality

We validate both cases, when spectral is available and when is not.

Average per clasas

Input Acc loU
RGB 88,54 56,84
RGB + Spectral 88,63 56,95

4. Evaluar el desempeno del algoritmo
desarrollado mediante métricas de rendimiento
estandar en el area de segmentacion.
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Ablation with Missing Modality

We validate both cases, when spectral is available and when is not.

Average per clasas

Input Acc loU
RGB 88,54 56,84
RGB + Spectral 88,63 56,95

4. Evaluar el desempefio del algoritmo
desarrollado mediante métricas de rendimiento
estandar en el area de segmentacion.
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Comparison
against SOTA




Comparison against SOTA

We compare with state-of-the-art methods

Average per class

Method Acc loU
FCN'Y< 82,9 44. 3
SFM+HRnet''3 86,47 48, 37
CSSF+DeeplLabV3''4 - — - 51,2

Ours (Prompt Tuning Spectral) 88,36 53,28

Fabian Perez
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Visual Results
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Visual Results
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Experimental Results

Segmentation

Brick wall

Vegetation plant

Soil

S T Em o mm Em omm o o oEm o om,

Concrete ground

Concrete wall

Metal Profiled door
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@
. Vegetation ground
-
-

1
|
|
|
|
|
1
|
|
1
|
|
1
|
|
|
|
|
|
|
|
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Experimental Results

Segmentation

5. Validar Brick wall

cualitativamente el
algoritmo sobre un
conjunto de
imagenes de color
adquiridas con una
camara disponible en

Vegetation plant

Soil

dispositivos Concrete ground
electronicos de
consumo. Concrete wall

@
O
. Vegetation ground
@
@

Metal Profiled door

NN NN NN NN NN BN M BN NN BN BN BN BN BN M M N M M
N BN BN BN BN BN BN NN BN BN BN BN BN BN B B B e e e e
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Experimental Results

Segmentation

5. Validar Brick wall

cualitativamente el
algoritmo sobre un
conjunto de
imagenes de color
adquiridas con una
camara disponible en

Vegetation plant

Soil

dispositivos Concrete ground
electronicos de
consumo. Concrete wall

@
O
. Vegetation ground
@
@

Metal Profiled door

NN NN NN NN NN BN M BN NN BN BN BN BN BN M M N M M
N BN BN BN BN BN BN NN BN BN BN BN BN BN B B B e e e e

Fabian Perez 60




Conclusions




Conclusions

. : Embedded spectral
: The integration of spectral inf ion in th K
" gy efficent teohniaue, information significantly architocuure allows for robust
eﬂagling effective mgdel’ Stlneinees e gueliy ef performance even in
; : . material segmentation .
’ h I
adaptatlon with minimal Droviding morelaccurateland scenarios where spect_ra data
trainable parameters. detailed result is unavailable during
etaied resufts. inference.
E E

Segmentation
Result

‘ é (‘ Tuned Parameters :
|
+ i s Frozen Parameters

2886 @ «
e

Buippaquiz

—_——_— e — — ———

&

Fabian Perez

62



Additional Impact

Ths G Worcbop g e U A e, e byl Uy Vies ot

e il bl

i swailsble om (FF Xpiees.

Beyond Material with Spectral
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Abstract

I the rrsim of computer vision, matericl sogmentation

prosches ofien rely o RGR images. which con be deceptive
siven the variablry in appeanances due to differens gkt

speciral imagery, offer o more peliable saterial differenéi-
ation b thetr cost and accessibility restrict their everyday
g I this wark, we progase a decp learning framework
that bridges the gp beiween high fdeiity material seg-

eired G speciral s 1 imcorpormie pecird info
mation directly within the newral neswork This encoding

process i foxilinted by a Spectral Feature Magyer (SFM)

Layer. o meved module thai embeds aniue speciral charc-

materials froes standand RGB-1) images. Once trained, the
rmexiel allones 40 covwbact material segmentation o widely
avatlable devices without the need for direct spectral duta
it I ackision, we generate the 313 point clow froen the
RGB-D image pair, 4o provide @ ricker spatial context for
scenc undersianding. Throush simulations wsing available

1. Introduction

tiple: homogeacous rozioes, with cach region exhibiting
similar I partcular, material segmentation
scxks 0 cloesfy thee piscis bt on the objects” muac-
rinl rather han in terme of the objocts theasseclwes, it i
the case in semantic segmentation. This task is valuable

ek

T § (v of b ipamg prvces e rskn. oot v
P p o secomstrec

Sk A st closd in then cocaicd usig, s vy projoction.

2 it provides: the. Kombations] blocks for varios. spplics-
tions such as haptics (9], robotic mavigation [31]. acous:
tic simulation |21, and grasping |©]. Unlike scmantic scz

In coatrast, RGI images ase uhigertous, and color sen
s are within e reach of ou hand. Noacheles, 1

racing matcrial from just 3 chancls i challcagiog, if ot
impassible. and unreliable. With the advent of decp learn
ing, some allcmsives were progeeesd o do malcrial wg-
mentation from RGR images. Examples imclude: UPeNet
detection, semantic segmen
tation, amd macrial sepmentation 0 el overl per-
Foemance, DMS-25 [73] that leverages the Ianged demcly
‘annotated material segmentation dataset 1 date, and MAC
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