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Introduction
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Material Segmentation
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Predict a dense segmentation map with material labels 

Classes: {
Metal, 
Plastic, 
Asphalt, 
…
}

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



Applications of material segmentation
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● Autonomous driving [2]

[2] Cai, S. et al. Rgb road scene material segmentation. ACCV 2022 (pp. 3051-3067)



Applications of material segmentation
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● 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).



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

[4] materobot: Material Recognition in Wearable Robotics for People with Visual Impairments



Applications of material segmentation
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● 3D imaging [5]

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



Applications of material segmentation
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● Image Editing [6]

[6] Sharma, Prafull, et al. "Materialistic: Selecting similar materials in images." (2023).
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Chess patterns look the same but 
are of different materials [6]

Classical approach to material segmentation
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Materials like plastic exhibit a 
wide range of appearances [6]

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



Each material exhibits a representative spectral signature, thus, 

enabling discrimination based on material properties
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Spectral Information: A Key Component



Image processing with attention mechanisms
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Vision Transformer

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



Anything you can tokenize, you can feed to Transformer 
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Vision Transformer

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



Efficient adaptation through learnable task-specific tokens
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Prompt Tuning

[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

Spectral Cube

RGB Encoder

Spectral 
Encoder

Decoder

Prediction
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Naive Approach for Material Segmentation
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Spectral 
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• 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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Naive Approach for Material Segmentation
RGB

Spectral Cube

RGB Encoder

Spectral 
Encoder

Decoder

Prediction

• 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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Objectives

0
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Objetivo General
Desarrollar y validar un algoritmo de segmentación 

de materiales basado en arquitecturas de 
Transformers de visión que integre información 

espectral sobre imágenes de color (RGB)

1. Identificar y 
seleccionar bases de 
datos de imágenes 

espectrales y de color 
(RGB) adecuadas 

para el entrenamiento 
y prueba del algoritmo 

2. Diseñar una 
arquitectura de 

transformer de visión 
que integre información 

espectral y de color 
(RGB) de una escena 
para segmentarla en 
distintos materiales

3. Implementar en 
Python la arquitectura 

de transformer de 
visión diseñada para la 
segmentación de los 

materiales de una 
escena

5. Validar 
cualitativamente el 
algoritmo sobre un 

conjunto de 
imágenes de color 
adquiridas con una 

cámara disponible en 
dispositivos 

electrónicos de 
consumo

Objetivos Específicos
4. Evaluar el 

desempeño del 
algoritmo desarrollado 
mediante métricas de 
rendimiento estándar 

en el área de 
segmentación
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Proposed Method
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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
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Architecture overview
Spectral image: RGB image: Prediction:
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Architecture overview
RGB image: Prediction:If spectral image 

is not available:
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Architecture overview
Spectral image: RGB image: Prediction:
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Architecture overview
Spectral image: RGB image: Prediction:
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Embeddings
Given a dataset: we calculate the embeddings as follow:
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Spectral Embeddings
Given a dataset: we calculate the spectral embeddings as follow:

Number of Patches Projection Matrix
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Spectral Embeddings
Given a dataset: we calculate the spectral embeddings as follow:

Number of Patches

Spectral Embeddings
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RGB Embeddings
Given a dataset: we calculate the RGB embeddings as follow:

Number of Patches

Embedding RGB Embeddings
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RGB Embeddings
Given a dataset: we calculate the RGB embeddings as follow:

RGB EmbeddingsSpectral Embeddings
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Architecture overview
Spectral image: RGB image: Prediction:
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Architecture overview
Spectral image: RGB image: Prediction:
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Architecture overview
Spectral image: RGB image: Prediction:
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Adaptive Spectral Prompts (ASP)
We define a set of learnable prompts for each block i in the model

Prompts at block i
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Adaptive Spectral Prompts (ASP)
We propose ASP to adapt spectral prompts with spectral information 

Prompts at block i-1

Spectral Embeddings
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Adaptive Spectral Prompts (ASP)
We propose ASP to adapt spectral prompts with spectral information 
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Adaptive Spectral Prompts (ASP)
We propose ASP to adapt spectral prompts with spectral information 

Multi-head self-attention

Attention
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Adaptive Spectral Prompts (ASP)
We propose ASP to adapt spectral prompts with spectral information 

Attention

Query

To reduce complexity we downsample Q and K

Key Value
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Adaptive Spectral Prompts (ASP)
We propose ASP to adapt spectral prompts with spectral information 

Feed-Forward Network
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Adaptive Spectral Prompts (ASP)
We propose ASP to adapt spectral prompts with spectral information 

Layer Normalization

Normalizes across 

feature dimension
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Adaptive Spectral Prompts (ASP)
We propose ASP to adapt spectral prompts with spectral information 
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Adaptive Spectral Prompts (ASP)
The output of the ASP module will be concatenated with RGB tokens

Prompts + RGB tokens

Output of model block i

Input for next ASP block
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Architecture overview
Spectral image: RGB image: Prediction:
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Modality Dropout
Given a dataset: , modality dropout allows the model to be able

to handle missing spectral situations during inference
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Architecture overview
Spectral image: RGB image: Prediction:

2.Diseñar una 
arquitectura de 

transformer de visión 
que integre 

información espectral 
y de color (RGB) de 

una escena para 
segmentarla en 

distintos materiales
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Architecture overview
Spectral image: RGB image: Prediction:

2. Diseñar una 
arquitectura de 

transformer de visión 
que integre 

información espectral 
y de color (RGB) de 

una escena para 
segmentarla en 

distintos materiales
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Simulations and 
Results

0
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Dataset
LIB-HSI is used as the default dataset for our experiments

 has a spatial resolution of 512x512 pixels and 204 

bands, spectral range from 400 to 1000 nm, 44 classes

To reduce computational complexity, 

we downsample to 64 bands using a 

moving average
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LIB-HSI-Fixed
We found that some classes were misrepresented in some splits in the dataset

Then, we remove this classes and images, and we propose a new split for the dataset 

called: LIB-HSI-FIXED
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LIB-HSI-Fixed
We found that some classes were misrepresented in some splits in the dataset
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LIB-HSI-Fixed
We found that some classes were misrepresented in some splits in the dataset
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Metrics

Absolute Accuracy

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

Mean Intersection over Union
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Simulations Setup
We validate the benefits of our proposed framework. We used segformer-3 as 

our base transform encoder-decoder

Lr-warm-up and 

cosine-scheduler for all 

experiments

We set Data 

Augmentations like: 

rotation, flip and shifting
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Simulations Setup
We validate the benefits of our proposed framework. We used segformer-3 as 

our base transform encoder-decoder

3. Implementar en Python la arquitectura 
de transformer de visión diseñada para la 
segmentación de los materiales de una 

escena.

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

We set Data 

Augmentations like: 

rotation, flip and shifting

Lr-warm-up and 

cosine-scheduler for all 

experiments
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Ablation Studies
We validate the benefits of our proposed framework
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Ablation with Missing Modality
We validate both cases, when spectral is available and when is not.
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Ablation with Missing Modality
We validate both cases, when spectral is available and when is not.

4. Evaluar el desempeño del algoritmo 
desarrollado mediante métricas de rendimiento 

estándar en el área de segmentación.
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Ablation with Missing Modality
We validate both cases, when spectral is available and when is not.

4. Evaluar el desempeño del algoritmo 
desarrollado mediante métricas de rendimiento 

estándar en el área de segmentación.
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Comparison 
against SOTA

0
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Comparison against SOTA
We compare with state-of-the-art methods
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Visual Results
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Visual Results
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Experimental Results
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Experimental Results

5. Validar 
cualitativamente el 
algoritmo sobre un 

conjunto de 
imágenes de color 
adquiridas con una 

cámara disponible en 
dispositivos 

electrónicos de 
consumo.
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Experimental Results

5. Validar 
cualitativamente el 
algoritmo sobre un 

conjunto de 
imágenes de color 
adquiridas con una 

cámara disponible en 
dispositivos 
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Conclusions
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Conclusions

Prompt tuning proves to be a 
highly efficient technique, 
enabling effective model 
adaptation with minimal 
trainable parameters. 

The integration of spectral 
information significantly 
enhances the quality of 
material segmentation, 

providing more accurate and 
detailed results. 

Embedded spectral 
information in the network 

architecture allows for robust 
performance even in 

scenarios where spectral data 
is unavailable during 

inference.
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