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Abstract

We introduce TDiff-HSI, a diffusion-based model that can generate hyperspectral images (HSIs) directly from RGB images and
material-wise segmentation masks. HSI provides both spatial (u, v) and spectral (1) information. The accompanying dataset that
we are releasing spans wavelengths in the range from 420 to 1728 nm, digitized into 512 channels. Directly handling this immense
three-dimensional dataset is computationally prohibitive and often leads to numerical errors. To address this challenge, TDiff-HSI
leverages Tucker decomposition to reduce dimensionality, enabling more stable and efficient processing. Moreover, spectral precision
is enhanced by combining RGB channels with a material segmentation mask.

To support this research, we constructed a new dataset using a hyperspectral camera. The dataset comprises 40014 RGB-HSI pairs
across 78 scenes, featuring 12 objects with corresponding polygonal segmentation labels. Experimental evaluation demonstrates that
TDiff-HSI achieves state-of-the-art performance verified on the existing dataset. For the new dataset that we are releasing, we establish

new benchmarks of MRAE 0.2169, RMSE 0.0192, PSNR 36.46 dB, SAM 0.0424, and SSIM 0.9327
Project and dataset are available at https://github.com/JaeikBae/TDiff- HSI

Keywords: diffusion model, hyperspectral image, Tucker decomposition

Nomenclature

AL Artificial intelligence
CNN:  Convolutional neural network
HSI: Hyperspectral image

LiDAR: Light detection and ranging
MRAE: Mean relative absolute error
RMSE: Root mean squared error
PSNR:  Peak signal-to-noise ratio

SAM:  Spectral angle mapper

SSIM:  Structural similarity index measure

u,v:  Spatial coordinates of an image pixel

A Wavelength

Xo ! Clean (ground-truth) data sample

Xt Noisy data sample at diffusion time step t
X0 : Predicted clean data sample

t: Diffusion time step

T: Total number of diffusion steps

B : Noise variance at time step t

€: Gaussian noise

X: Original hyperspectral image tensor

C: Core tensor in Tucker decomposition

Fn: Factor matrix of the nth mode in Tucker decomposition

1. Introduction

Hyperspectral images (HSIs) provide far richer spectral informa-
tion per pixel than conventional RGB imaging, offering high spec-
tral resolution across a broad wavelength range. HSIs are effective

in applications such as camouflage detection and material dis-
crimination tasks that are infeasible with RGB data alone. Con-
sequently, HSIs have found extensive applications in agriculture,
environmental monitoring, remote sensing, medical imaging, and
military purposes. In this study, we focus on HSI data spanning
420-1728 nm, divided into 512 spectral channels, forming a three-
dimensional structure defined by spatial coordinates (u, v) and
spectrum (A).

The widespread use of HSI remains challenging due to sev-
eral reasons. Acquiring HSI data require expensive equipment.
In addition, a 512-channel HSI demands nearly 170 times more
storage and computation than a three-channel RGB image. More-
over, most HSI cameras employ line-scan mechanisms, restrict-
ing data collection to controlled indoor environments. Satellite-
based HSI cameras offer broader coverage but suffer from lim-
ited spectral range or low spatial resolution. These challenges un-
derscore the need for methods that enhance the accessibility and
usability of high-dimensional HSI data. Recently, diffusion models
have emerged as powerful generative frameworks, capable of pro-
ducing high-resolution images via progressive denoising. Building
on this paradigm, we propose TDiff-HSI, a model that generates
HSI data directly from RGB images and material segmentation
masks. Naively generating all 512 spectral channels simultane-
ously requires high computational cost and numerical instability.
To overcome this, we employ Tucker decomposition, which fac-
torizes the high-dimensional data into a compact representation,
thereby improving stability and efficiency. By enabling the gener-
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ation of HSIs in environments where direct acquisition is difficult
or cost-prohibitive, the proposed method can contribute to a wide
range of computational design applications. For example, it can
be effectively applied to tasks such as material analysis, surface
appearance modeling, and optical simulation, where spectral in-
formation is essential but direct hyperspectral data acquisition is
challenging.
The main contributions of this paper are as follows:

1. To the best of our knowledge, this is the first work that di-
rectly generates complete 512-channel HSI data using diffu-
sion models conditioned on RGB images and segmentation
masks.

2. We introduce a novel application of Tucker decomposi-
tion to factorize high-dimensional HSI data into a low-
dimensional core matrix and factor matrices, substantially
improving both numerical stability and generation perfor-
mances.

3. We construct and release a new HSI dataset comprising 78
scenarios with 12 objects across nine material categories.
The datasetincludes RGB images, full-channel HSI data, and
material-wise segmentation in YOLO-style polygon format.
This dataset uses 512 channels, which is the largest among
available open datasets. We believe this dataset can be used
for future RGB-to-HSI research that utilizes the largest num-
ber of channels.

2. Related Works
2.1. Diffusion models

Diffusion models based on deep learning have recently achieved
remarkable progress across diverse modalities, including image,
video, audio, and 3D data generation. The Denoising Diffusion
Probabilistic Model (DDPM; Ho et al., 2020) introduced the forward-
reverse noise process, demonstrating superior generative quality
compared to Generative Adversarial Networks (GANs; Goodfellow
et al., 2020). However, the computational time to generate images
was too high. The Denoising Diffusion Implicit Model (DDIM; Song
etal., 2020) used deterministic, non-Markovian diffusion sampling,
giving rise to implicit models that generate high-quality samples
much faster. Later advancements such as Latent Diffusion Models
(LDMs) (Rombach et al., 2022) improved computational efficiency,
while GLIDE (Nichol et al., 2021) and Imagen (Saharia et al., 2022)
showcased strong performance in text-to-image generation. Dif-
fusion models have also been extended to video generation (Ho
et al.,, 2022), producing high-resolution text-to-video results. Be-
yond media content, domain-specific applications include fire and
smoke simulation in buildings (Zeng et al., 2024) and Al-powered
architectural design (Jo et al., 2024; Shi et al., 2024).

Despite these successes, most studies focused on RGB or text-
conditioned images. Efforts to generate HSIs have been rare. Prior
work such as R2H-CCD (Zhang et al., 2023) and DDSR (Chen et al,,
2024) attempted HSI generation but were limited to the nar
row visible spectrum (400-700 nm). Existing diffusion frameworks
are primarily optimized for low-dimensional RGB data and do
not scale well to high-dimensional, multi-channel spectral data,
where continuous spectral consistency is critical. To address this
challenge, our study applies Tucker decomposition to compress
hyperspectral data, enabling accurate spectral detail preservation
while improving computational stability.

2.2. Hyperspectral imaging

Hyperspectral imaging plays a crucial role in analyzing material-
specific spectral properties by providing fine-grained spatial and
spectral information. In geology, HSIs have been employed for soil
and rock classification, chemical composition analysis, and mon-
itoring erosion processes (Allegretta et al., 2022; Son et al., 2022).
In medicine, it has been used for brain tumor classification (Baig
etal., 2021), cellular analysis using hyperspectral endoscopy (Grig-
oroiu et al., 2020), and detection of pine wilt disease in forestry
(Lee et al., 2014). In the food and agriculture industries, HSIs have
been applied to pungency grading of red pepper powder (Choietal.,
2022) and quality assessment of beef (Park et al., 2023).

In object detection tasks, HSIs have also been used for tasks
that use RGB images. Representative studies include spectral-
domain segmentation using CNNs (Hu et al.,, 2015), object track-
ing in hyperspectral videos (Chen et al., 2016; Li et al., 2020; Liu
et al.,, 2021; Xiong et al., 2020), and detection of camouflaged or
microscopic objects (Hupel et al., 2022; Ling et al., 2022). To mit-
igate challenges of high dimensionality and sensor noise, vari-
ous approaches such as denoising (Dao et al., 2021), outlier detec-
tion (Kim et al., 2016), wavelet-based feature extraction (Hsu et al,,
2007), and PCA-driven dimensionality reduction (Ren et al., 2014)
have been explored.

Nevertheless, most existing studies focus on analyzing or aug-
menting HSI data rather than directly generating it. Earlier efforts
using datasets such as CAVE (Yasuma et al., 2010), ARAD-1k (Arad
etal., 2022), Foster (Nascimento et al., 2016), and KAUST-HS (Liet al.,
2021) targeted only 31-channel multispectral data in the 400-700
nm visible spectrum, essentially could be regarded as RGB chan-
nels augmented with interleaving finer channels. By contrast, our
work directly generates 512-channel HSI spanning 420-1728 nm,
addressing a substantially broader spectral range.

2.3. Sensor fusion with HSI

While spectral cues, their low spatial resolution, and structural
ambiguity limit standalone utility. Consequently, researchers have
explored fusing HSI with other modalities such as RGB or Li-
DAR. For instance, HSI-LiDAR fusion has enhanced land-cover
classification (Liao et al, 2014), and CNN-based hyperspectral-
multispectral fusion has restored high-resolution HSI (Fu et al,
2019). More recently, transformer-based cross-attention ap-
proaches have achieved efficient band selection with LiDAR guid-
ance, balancing accuracy and computational cost (Yang et al.,
2024).

Despite these advances, sensor fusion research has been con-
strained by the scarcity of high-quality HSI datasets. In this con-
text, our work proposes direct hyperspectral generation from
RGB images and segmentation masks, eliminating dependence on
costly HSI acquisition hardware and expanding the accessibility of
spectral data.

2.4. Tucker decomposition for high-dimensional
image representation

Tucker decomposition has been widely studied as an effective
technique for compactly representing high-dimensional tensor
data (Kolda et al., 2009). In image analysis and generation tasks, it
has been employed to reduce computational complexity, improve
numerical stability, and capture latent structures across multi-
ple dimensions (Cichocki et al., 2015). Prior studies have demon-
strated that tensor decomposition methods, including Tucker
decomposition, are particularly suitable for handling data with
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Figure 1: Examples from our dataset: (A) Single-object data, (B) Corresponding segmentation labels, and (C) Dual-object images (partially shown).

strong inter-dimensional correlations, such as spatial-spectral or
spatial-temporal relationships in images (Sidiropoulos et al., 2017).

Although direct applications of Tucker decomposition to HSI
generation remain limited, its effectiveness in high-dimensional
image representation motivates its adoption in this work. In con-
trast to conventional dimensionality reduction methods that flat-
ten or collapse spectral information, Tucker decomposition pre-
serves the multi-way structure of hyperspectral data while signif-
icantly reducing its dimensionality. This property makes it a nat-
ural choice for HSI generation, where maintaining spectral coher-
ence across hundreds of channels is critical.

3. Dataset

To train and evaluate the proposed TDiff-HSI model, we con-
structed a new RGB-HSI dataset using a hyperspectral imaging
system. This dataset is released publicly and is intended to serve
as a benchmark for future research on RGB-to-HSI generation.

3.1. Data collection

The data used in this study were directly collected using an HSI
camera, AHS-003VIR (Aval Data Corporation, Japan). The equip-
ment divides a wavelength region of 420-1728 nm into 512 chan-
nels and stores a monochrome image corresponding to each
wavelength. Therefore, one scene is represented as a 512 x H x W
data cube, and the value of each pixel represents the intensity of
light reflected by the material at a specific wavelength. In order to
use it as an input condition for the generative model, RGB images
were taken for the same scene, and material-specific segmenta-
tion was produced by hand.

The raw HSIs captured by the AHS-003VIR camera have an orig-
inal spatial resolution of 640 x 512 (H x W). To remove unneces-
sary background regions and to center the target object within
the field of view, each hyperspectral cube was spatially cropped
to 320 x 320. For stable training and efficient processing within
the diffusion framework, the cropped data were further resized to
256 x 256 before being used as model inputs.

Figure 1 shows the composition of the dataset according to this
design. To enable the generation of various substances, this study
implemented nine types of materials. Although the current im-

plementation only uses nine types, our method does not theoret-
ically limit the number of types, and the user may incorporate
more materials if needed. There is no restriction on the num-
ber of objects per scene. Although only two objects were used for
data preparation, more can be added. Each object type refers to
a distinct geometry, while material type denotes its surface com-
position (e.g. metal, plastic, and glass). Accordingly, the dataset
includes 12 object geometries and nine material categories. Al-
together, the dataset has 78 scenes. There are 12 scenes with a
single object and 66 scenes with two objects. In addition, the term
‘matte’ is used here to denote a dull, non-reflective surface finish
(e.g. matte glass), in contrast to a clear finish. While the surface
appearance differs, the hyperspectral response is dominated by
the spectral properties of the material.

Figure 2 illustrates why segmentation is necessary for hy-
perspectral reconstruction from RGB inputs. The visible spec-
tral range (400-700 nm) can be extracted from RGB chan-
nels, but no direct information exists in the near-infrared and
shortwave-infrared region (700-1728 nm). Without additional
cues, these channels cannot be reconstructed. By incorporat-
ing segmentation-guided priors, the system can infer material
or class-dependent spectral properties, thereby compensating for
the missing information and enabling a complete hyperspectral
representation.

3.2. Data features

HSI utilizes material-specific spectra. Material-specific spectral
information spans the range of 512-channel images. As shown in
Figure 3, when the values of a specific pixel position (u, v) in the
HSI data are collected for 512 channels, it becomes spectral infor-
mation having a one-dimensional arrangement of 512 elements.
Using these spectral data, it is possible to distinguish which ma-
terial is located at the specific pixel position. The spectrum for
each material is represented as shown in Figure 4. When analyz-
ing such a spectrum, an important observation is the abrupt de-
cline of the intensity at a specific wavelength. This decline can
be used as a signature to identify specific materials. For example,
plastic exhibits spectral characteristics that absorb light with a
wavelength of approximately 1200 nm, iron absorbs light from 900
to 1200 nm, and water absorbs light at 1000 nm. On the contrary,
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Figure 2: Conceptual illustration showing the necessity of segmentation in RGB-to-HSI conversion. While RGB images provide spectral information
only in the visible range (400-700 nm), no direct information is available for the near-infrared and shortwave-infrared regions (700-1728 nm). To
compensate for this missing spectral information, a material-wise segmentation map is used as an additional input. The segmentation is represented
as a single-channel image, where each pixel encodes the material class at the corresponding spatial location, enabling the model to infer

material-dependent spectral characteristics beyond the visible spectrum.

Figure 3: Illustration of how to extract two-dimensional spectral data
from three-dimensional HSI data.

the bell-shaped shape that is common in each spectrum reflects
the characteristics of the AHS-003VIR camera used. This is due to
the fact that the sensor sensitivity of the AHS-003VIR camera is
the highest at approximately 1000-1200 nm. As such, the spectral
characteristics of each material appear depending on the atoms
constituting the material and its molecular structure. The result
is the appearance of strong signal only at a specific wavelength
or over a broad wavelength. In Figure 4, leather and rubber show
stronger noise than other materials because their dark color ab-
sorbs more light across the spectrum, causing the normalization
process to emphasize the noise. Nevertheless, their spectral signa-
tures remain identifiable. During acquisition, shadows of different
intensity and occasional vertical stripes appeared as artifacts of
illumination and line-scan sensing. However, these mainly cause
intensity reduction with little effect on spectral shape. For trans-
parent samples such as water, the spectrum is still dominated by
the material itself, as Figure 4 demonstrates.

4. TDiff-HSI

4.1. Preliminaries

4.1.1. Diffusion process

Compared to existing generative Al algorithms such as GANs,
the diffusion algorithm demonstrates more efficient and stable
learning performance. Diffusion basically operates by predicting
the noise present in the current image. Specifically, the diffusion
model consists of a forward process and a backward process. In
the forward process, noise is gradually added to a clean data Zo,
and finally, complete noise data Zr that follows a nearly normal
distribution is generated. This process is illustrated in Figure 5,

and it is mathematically defined in Equation 1:

q(Ze|Zi—1):=N (Zt§ V1—=BZi1, ﬂtI) . (1)

Here, B: represents a small noise dispersion (intensity) accord-
ing to the time step t which is not a learnable parameter, and the
model uses a general scheduling method like linear or cosine to
vary this through each step. When the final step T is reached, the
data becomes completely noisy. Conversely, the reverse process is
a process of restoring a sample Zy close to the original data dis-
tribution while gradually removing noise, starting with this noisy
data Zr. The reverse process learns the conditional distribution
through the neural network u,(Z;, t), and it is expressed as Equa-
tion 2:

Po (Zi-11Zt) =N (Zio1; po (Ze, 1), Utzl) . 2)

The noise variance o can also be interpreted as the small noise
dispersion at the time step t. The noise variance can either be
learned or predefined. In this study, of is fixed as o7 = g, which
still ensures a valid diffusion process. Through the use of this
equation, the diffusion algorithm has previously shown excellent
performance in image generation applications. Based on this suc-
cess, the diffusion algorithm was used as the base generative al-
gorithm. In addition, Equation 3, which is the method of DDIM
(Song et al., 2020), a follow-up study of DDPM, was used to quickly
generate images and achieve high consistent generation quality.
Using this method, it is possible to generate images of comparable
quality even when the number of sampling iterations T is reduced
by 10-100 times. Furthermore, in long sampling iterations, Z, was
used as a conditional dictionary probability for the same initial
noise state, which enabled consistent generation:

T
Ao (Zr11Z0) =05 (Zt1Z0) [ | o (Z2-112¢, Zo). ©)

t=2

4.1.2. Tucker decomposition

As shown in Figure 6, Tucker decomposition decomposes a high-
dimensional tensor into a product of a core tensor and several
factor matrices. The HSI covered in this paper may be expressed
in the form of a three-dimensional tensor, and it can be expressed
as shown in Equation 4:

X e ﬂ?)‘XHXW. (4)
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Figure 4: Average spectral responses of each material, normalized to a 0-100 scale. Distinct reflectance patterns appear across wavelengths.
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Figure 5: Forward and backward diffusion processes.

Here, 2, H, and W represent the number of spectral bands, im-
age height, and image width of the HSI, respectively. After Tucker
decomposition, the original data X is approximated through Sin-
gular Value Decomposition (SVD) as follows:

X ~Cx Fy xFp)x Fs. (5)

Here, C € RR*R2xRs {g g Jow-dimensional core tensor, which im-
plicitly contains the core structure and important information of
the original data. F, € R"** (n=1,2,3) is a factor matrix corre-
sponding to each dimension and mainly contains the common
characteristics of the original dataset. R, (n =1, 2, 3) represents
each dimension, and generally serves to reduce the dimension of
the data by choosing a R, « I, where I, denotes the original size
of the nth dimension in the data tensor.

Through the above process, the size of the original data can
be effectively reduced, and data similar to the original can be
restored by matrix-multiplying the core matrix with the factor
matrix. In this paper, data were generated efficiently by using
this Tucker decomposition which significantly reduced the size of
the required data. For example, if trying to generate a tensor of
512 x 256 x 256, this amounts to 33, 554, 432 floats. However, if the
size of the core R, is set to 64 x 128 x 128, which is the value used
in this study, only (512 x 64) + (256 x 128) + (256 x 128) = 98, 304
real values are required when applying Tucker decomposition.
The reduction in the size of floats amounts to approximately

341 x . This has the effect of significantly reducing the overall
computational and memory burden.

The motivation for adopting Tucker decomposition lies in its
ability to compactly represent high-dimensional hyperspectral
data while preserving its intrinsic multidimensional structure.
HSIs consist of strong correlations across spectral, spatial height,
and spatial width dimensions, and directly modeling all channels
simultaneously often leads to high computational cost and nu-
merical instability.

By decomposing the hyperspectral tensor into a low-
dimensional core and factor matrices, Tucker decomposition
effectively reduces the dimensionality of the data while retaining
its essential spectral-spatial characteristics. This not only sta-
bilizes the diffusion-based generation process but also enables
efficient training and inference under limited computational
resources, making it particularly well suited for high-channel HSI
generation.

4.2. Architecture

The architecture of the TDiff-HSI model proposed in this study is
shown in Figure 7. In particular, it is designed to generate HSIs ef-
ficiently and accurately using RGB images and segmentation. The
model can divided mainly into four components: input, context
embedding, diffusion model (U-Net), and output.

First, RGB images, segmentation maps, and random noise are
given as inputs. RGB images contain three-channel information.
Segmentation consists of a single channel representing the spatial
distribution of the material. These two inputs are used to identify
the spatial distribution of each object and material. The random
noise serves as the initialization for the diffusion process.

Second, in the context embedding process, the RGB image and
segmentation information are combined to form contextual in-
formation. This contextual information helps the model to ac-
curately understand each object’s shape, location, and material
properties. At the same time, segmentation passes through a
lightweight residual and attention-based encoder to create mul-
tiple factors designed to capture the intrinsic spectral and struc-
tural properties of the material.
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Figure 7: Architecture of proposed model (TDiff-HSI).

Third, U-Net, the core of the diffusion model, performs a de-
noising process by receiving noisy HSI input and contextual in-
formation, simultaneously. This study is based on the DDPM and
further incorporates the DDIM for stable and efficient training and
sampling. The U-Net structure shows excellent performance in
gradually removing noise while preserving the satisfactory spa-
tial resolution of the input data.

Finally, in the output step, the intermediate hyperspec-
tral representation generated by the U-Net is combined with
segmentation-derived factors through a matrix multiplication op-
eration (denoted as M). This fusion process ensures that the recon-
structed hyperspectral cube is not only spectrally accurate but
also spatially consistent with the semantic information. The fi-
nal output is a clean HSI, which closely approximates the ground-
truth HSI.

By using the method represented through the illustrated ar-
chitecture, this study overcomes the limitations of existing RGB-
based methods. It demonstrates that high-resolution, precise HSIs
can be generated efficiently by leveraging multimodal inputs and
matrix-based fusion.

4.3. Training
4.3.1. Train setup

The training of the diffusion model proposed in this study was
performed using eight NVIDIA A6000 (64GB) GPUs. For efficient
multi-GPU learning, distributed data parallelism (DDPs) of CUDA
12.8 and PyTorch 2.3.1 were constructed. In addition, to reduce
GPU memory usage and improve learning speed, the training was
performed with the FP16 (semi-precision floating point) opera-

tion by applying the Automatic Mixed Precision (AMP). Through
this setting, high-speed and stable model learning was achieved
while efficiently utilizing GPU resources, and the proposed config-
uration ensured scalability for handling large-scale hyperspectral
datasets.

4.3.2. Data preprocessing and training

This model aims to generate an HSI by inputting an RGB image
and segmentation. The data used in this study has a total of 512
channels, and each channel represents information in a specific
wavelength range of 420-1728 nm.

The core process of data preprocessing is to reduce the dimen-
sion of HSI data and preserve key information by using Tucker de-
composition. To this end, the HSI data in each folder is configured
as a stack of 512-channel data, normalized, and low-dimensional
data (core and factors) are generated through Tucker decomposi-
tion and later used for learning.

RGB image and segmentation are also finally used as inputs
to the learning model through a normalization process. For infer-
ence, only the RGB image and segmentation data are used without
Tucker decomposition to increase efficiency.

4.4. Inference
4.4.1. Denoising steps

The diffusion model proposed in this study uses a U-Net-based
structure that is directly implemented to generate a HSI by using
RGB image and segmentation as the context information. In the
diffusion process, the time step T was set to 500, but for a balance
between computational efficiency and performance during actual
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inference, the step interval A was set to 5, and only a total of 100
steps were used.

In this study, the DDIM structure was applied for efficient in-
ference of the diffusion model. DDIM is a method to solve the
constraints that the existing DDPM must go through T steps, by
adding random noise at each step. DDIM has the advantage of
generating excellent quality images while reducing inference time
through random noise addition and deterministic generation.

The core of DDIM is that at a given time step t, the model di-
rectly predicts a clean image Zj from which noise has been re-
moved. This enables inference beyond an arbitrary intermediate
step, effectively reducing the total number of steps. In our exper-
iments, noise intensity was balanced using cosine scheduling, as
it was similarly done in the learning stage.

5. Results
5.1. Quantitative results

In order to quantitatively evaluate the performance of the pro-
posed model, five metrics that are most commonly used in the
field of image generation and HSI evaluation were used. The first
metric, mean relative absolute error (MRAE), is an index obtained
by normalizing the absolute error |x; — ;| of the actual value x;
and the predicted value X; to the actual value x; of the correspond-
ing pixel. It can be calculated using Equation 7:

|Xi — )21'

MRAE =

)

Zl =
VMZ

Xi

[
N

1:

Because a ratio is used, it is not affected by the unit or scale
of the original data. It can be seen that the performance becomes
better when the values are closer to zero.

The second metric, root mean squared error (RMSE), is the
square root of the average value of the squared error between the
predicted value %; and the actual value x;. It is defined in Equa-
tion 8:

N
RMSE = 3 (i — &) @)
i=1

:

The overall stability of the prediction is evaluated using the
squared error. This metric captures both small errors and infre-
quent large errors. Lower values indicate better prediction perfor-
mance.

The third metric, the peak signal-to-noise ratio (PSNR), is a log
scale representation of the ratio of noise (error) intensity to max-
imum signal intensity based on RMSE. It can be calculated using
Equation 9:

©)

2
PSNR = 10log,, (MAX ) .

MSE
Here, MAX is the maximum value that a pixel can have, and
MSE = RMSE?. A larger value indicates less noise and better image
quality.
The fourth metric, structural similarity index measure (SSIM),
is a statistical measure that compares the structural similarity
between two images by dividing them as shown in Equation 10:

(2pxpz + C1) (2045 + Co)

SSIM = .
(42 + n2 4 1) (07 + 07 1 Co)

(10)

Here, 1 and o2 are the mean and variance of the actual value
x and the predicted value &, respectively. C; and C, are small con-
stants of about 0.01 and the reason for them are for enforcing

stability in the numerical calculations. SSIM denotes higher struc-
tural similarity when the value is closer to unity.

The fifth metric, the spectral angle mapper (SAM), considers the
spectrum of each pixel as a vector, measures the spectral angle
between the actual vector x; and the prediction vector ;, and is
calculated as shown in Equation 11 as an average value for all
pixels:

SAM = % i arccos <M> . (11)

ot il IRl

This metric uses the angles between vectors. As a result, it
emphasizes the similarity of spectral shape rather than absolute
brightness. A smaller SAM value is desirable for the matching
spectral shape. In this study, the angle is measured in radians.

As shown in Table 1, TDiff-HSI achieved consistent improve-
ments on the KAUST and CAVE datasets, and outperformed prior
methods on ARAD-1k in terms of RMSE (0.0159), PSNR (36.12 dB),
and SAM (0.0439). In contrast, its MRAE (0.1720) and SSIM (0.9212)
were slightly lower than MST++. On MRAE, it was second best
slightly (only 3.1%) lower than the best result given by MST++.
On SSIMV, it was fifth among six cases. Although our method is
ranked second from the bottom in terms of SSIM (0.9212), it is
important to emphasize that the differences among the top five
methods are relatively small. Specifically, the SSIM values range
from 0.9212 to 0.9588, meaning that the absolute gap between our
approach and the highest-performing method is only 0.0376. Al-
though our method is numerically ranked second from the bot-
tom, the relative difference from the best-performing method
is less than 4%. This suggests that, in practical terms, all the
top methods-including ours-achieve highly comparable levels of
structural similarity. Importantly, given the closeness of these re-
sults, we argue that other metrics should be more emphasized.
From this broader perspective, our method’s balanced perfor-
mance better in terms of RMSE, PSNR, and SAM, makes it a rea-
sonable and promising choice despite its marginally lower SSIM.

The relatively lower performance observed on the ARAD-1k
dataset can be attributed to its higher level of complexity. Un-
like datasets such as CAVE, which are captured under controlled
illumination conditions, ARAD-1k consists of large-scale real-
world measurements with diverse materials, complex textures,
and non-uniform lighting. As a result, the performance degrada-
tion on ARAD-1k reflects the increased difficulty of the dataset
rather than an inherent limitation of the proposed model.

On our 512-channel dataset, TDiff-HSI obtained MRAE 0.2169,
RMSE 0.0192, PSNR 36.46 dB, SAM 0.0424, and SSIM 0.9327. De-
spite the number of channels being more than 16 times larger
than that of the 31-channel benchmarks, the performance degra-
dation was minor. For example, when we compare with the
31-channel ARAD-1k, the percentile difference was as follows:
MRAE (0.1720—0.2169, 25.58% degraded), RMSE (0.0159—0.0192,
20.75% degraded), PSNR (36.12—36.46, 0.94% improved), SAM
(0.0439—0.0424, 3.42% improved), SSIM (0.9212—0.9327, 1.25%
improved). Here, (%1—%2, %3) represents the change from the
baseline value (%1) to the new value (%2), and %3 is the ab-
solute percentile difference between them. This demonstrates
that Tucker decomposition remains effective even under large-
channel conditions and provides stable reconstruction capability.
Since the exact implementations of the other comparison meth-
ods were not available, and since they did not incorporate the ma-
terial mask layer, we were unable to perform a benchmark test on
our new dataset.
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Table 1: The average quantitative results on each dataset. The best values are in bold and underlined, and the second-best values are
underlined. For each dataset, the number in parentheses beneath its name denotes the number of image channels.

Method Datasets MRAE| RMSE| PSNR?t SAM| SSIM 1
EDSR (Lim et al.,, 2017) KAUST (31ch) 0.5315 0.0939 21.22 0.2298 0.5366
MPRNet (Mehri et al., 2021) 0.5352 0.1035 19.87 0.1998 0.5101
HINet (Chen et al., 2021) 0.6946 0.2336 12.84 0.1100 0.2093
Restormer (Zamir et al., 2022) 0.5605 0.1209 18.59 0.2400 0.5080
MST++ (Cai et al., 2022) 0.5018 0.0954 20.89 0.2698 0.5888
TDiff-HSI (Ours) 0.3944 0.0377 28.56 0.0857 0.7048
EDSR (Lim et al., 2017) CAVE (31ch) 0.4271 0.0419 27.56 0.0794 0.7800
MPRNet (Mehri et al., 2021) 0.4364 0.0433 27.27 0.0792 0.7580
HINet (Chen et al., 2021) 0.6724 0.1169 18.64 0.0773 0.4176
Restormer (Zamir et al., 2022) 0.4814 0.0424 27 44 0.0789 0.7077
MST++ (Cai et al., 2022) 0.4782 0.0463 26.69 0.0789 0.7159
TDiff-HSI (Ours) 0.4264 0.0306 3042 0.0648 0.8468
EDSR (Lim et al., 2017) ARAD-1k (31ch) 0.3335 0.0440 28.23 0.0988 0.8744
MPRNet (Mehri et al., 2021) 0.1881 0.0274 33.36 0.0902 0.9515
HINet (Chen et al., 2021) 0.2049 0.0305 32.48 0.0941 0.9381
Restormer (Zamir et al., 2022) 0.1867 0.0277 33.34 0.0984 0.9474
MST++ (Cai et al., 2022) 0.1665 0.0249 34.37 0.0941 0.9588
TDiff-HSI (Ours) 0.1720 0.0159 36.12 0.0439 0.9212
TDiff-HSI (Ours) Ours (512ch) 0.2169 0.0192 36.46 0.0424 0.9327

In summary, Tucker-based compression resulted in only lim-
ited degradations on a few sensitive metrics, while TDiff-HSI sur-
passed state-of-the-art methods in overall reconstruction accu-
racy (RMSE, PSNR) and spectral consistency (SAM). It also exhib-
ited robustness to channel scalability.

From a technical perspective, the proposed method benefits
from the generative nature of diffusion models, which can effec-
tively capture complex nonlinear and high-dimensional correla-
tions between RGB and hyperspectral data through a progressive
denoising process. Compared to single-step regression-based ap-
proaches, this iterative generation mechanism allows the model
to internalize the underlying spectral structure better, resulting in
improved spectral consistency and reconstruction accuracy.

In addition, the use of Tucker decomposition significantly re-
duces the dimensionality of the hyperspectral representation,
which alleviates memory and computational constraints during
training. This dimensionality reduction makes it feasible to em-
ploy a larger diffusion model under limited GPU resources, indi-
rectly contributing to the overall performance improvements ob-
served in Table 1.

In addition to the quantitative evaluation, qualitative compar-
isons between the generated HSIs and real HSI data are provided
in Appendix A (Figures 11 and 12), where both single-object and
dual-object scenarios are visually analyzed.

6. Ablation Study

6.1. Tucker decomposition shapes

Figure 8 shows how the reconstruction error (RMSE) and size re-
duction change according to different compression configurations
determined by the selected core size in the Tucker decomposition.
The compression complexity is calculated on a logarithmic scale,
where Ry, Ry, and Rs denote the core dimensions of the Tucker de-
composition as defined in Figure 6. For example, if the core size is
(64 128 128), the compression complexity is log, (64 x 128 x 128) =
20.

As the compression complexity increases (shown in the loga-
rithmic scale), a monotonic decrease in RMSE and a correspond-
ing reduction in compression efficiency are observed. Each point
in the plot represents the mean RMSE and size-reduction ratio
averaged across all rank combinations at the same compression
level. The configuration marked with a red star, corresponding to
(64, 128, 128), achieves RMSE ~ 0.9777 and 96.32% size reduction
at the log two-base, log, = 20. The improvement in accuracy per
unit loss of compression efficiency drops below 0.01 RMSE per
1% size-reduction loss. This point therefore represents a quan-
titative threshold at which further accuracy gains are no longer
efficient, serving as a practical trade-off between reconstruction
fidelity and computational efficiency.

6.2. Effect of tucker decomposition

Table 2 summarizes the impact of Tucker decomposition on ten-
sor size and inference efficiency, and accuracy. Without Tucker de-
composition, the model contained 33.6 million tensor elements,
leading to an average inference time of 51.75 seconds and an ac-
curacy of 0.2589. By contrast, Tucker decomposition reduced the
effective tensor size to just 1.05 million elements (~3.1% of the
original), which enabled inference within only 2.22 seconds with
an accuracy of 0.2169. Under limited GPU resources (A6000, 48 GB),
the smaller input tensor made it possible to use a larger model,
which increased the number of model parameters (1.98 B — 3.01
B). The gain in generative ability from the larger model was greater
than the slight error increase caused by the Tucker approxima-
tion, resulting in overall better MRAE performance. These results
clearly demonstrate that Tucker decomposition yields substantial
improvements in both memory utilization and computational ef-
ficiency, achieving about 23 x faster while also improving recon-
struction accuracy (MRAE |).

7. Conclusions

This study proposes TDiff-HSI, which directly generates HSIs only
using the RGB and material-specific segmentation masks. Instead
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Figure 8: Mean squared error (RMSE) and size reduction vs parameter count for Tucker decomposition. Blue dots represent unique core size
configurations and red star indicates the selected configuration (64, 128, 128) that demonstrates an optimal balance between model complexity and

reconstruction accuracy.

Table 2: Effect of Tucker decomposition on efficiency. Tucker de-
composition compresses the tensor representation to 3.1% of its
original size and achieves over 20 x faster inference compared to
the baseline, while also improving accuracy.

Without Tucker ~ With Tucker Improvement
Model parameters 1.98B 3.01B -
Tensor elements 33554432 1048576 196.9%
Inference time 51.7504 2.2020 ~23x faster
Accuracy (MRAE) 0.2589 0.2169 10.0420

of generating high-dimensional HSIs in nalve procedures, it uti-
lizes low-dimensional expressions in the form of cores and fac-
tors by Tucker decomposition to secure learning stability and ef-
ficiency. It presents a practical solution to the computational and
stability problems when applying a diffusion-based generator to
multi-channel data such as HSL

Through experiments, the overall stable quantitative perfor-
mance was shown in single and dual object scenes. The model
maintained stable reconstruction performance across various
materials, with only slight local differences observed in a few
cases (see Appendix A). Error differences appeared only in some
local areas, and there was no consistent trend across wave-
lengths. Overall, the reconstructed spectra were consistent with
the ground truth for each material.

In terms of reasoning, DDIM was applied, and a practical rea-
soning path was presented by balancing quality and speed within
100 steps. In addition, an RGB-HSI-polygon segmentation dataset
consisting of a total of 78 scenarios consisting of nine materi-
als and 12 objects is constructed and disclosed to support repro-
ducibility and scalability of subsequent studies.

Taken together, TDiff-HSI suggests a new pathway for
lightweight inputs and information-rich outputs. This direct HSI
generation with only RGB with segmentation information demon-
strated its practicality through comprehensive data, model, and
inference design.

8. Limitation and Discussion

This study is limited to data collected in a laboratory environ-
ment with close proximity. In other words, it does not consider
the wavelength-dependentlight attenuation due to scattering and
absorption in the air in the far-field. As the experimental scene
remains in a single or dual object composition, the generaliza-
tion verification for complex multi-object and composite mate-
rial scenes is additionally required. Furthermore, the evaluation
was conducted for thin objects and with perpendicular orthogonal
projection. Performance degradation may occur under conditions
where geometric optical effects such as thick translucent objects
or self-shaded and strong reflections are dominant. In addition,
this study aims to generate a HSI of 420-1728 nm as an RGB im-
age in the visible light region. Precise material-wise segmentation
is essential to generate information on wavelengths outside the
visible light region, and currently, only manual annotations are
available.
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Appendix A. Qualitative Results

The qualitative performance of the proposed TDiff-HSI was ex-
amined through spectral and spatial analyses. In Figure 9, the
model reliably reproduced characteristic absorption bands. For in-
stance, the absorption of plastic near 1200 nm, iron between 900
and 1200 nm, and water around 1000 nm was consistently re-
covered, demonstrating close agreement with the ground truth,
which is denoted by a red circle. Although RGB images contain
information within the visible spectrum (approximately 400-700
nm), this information is inherently compressed into three chan-
nels and does not fully preserve the fine-grained spectral vari-
ations required for hyperspectral reconstruction at 2-3 nm res-
olution. In addition, the mapping between RGB and hyperspec-
tral data is not one-to-one, which can lead to residual discrep-
ancies from the ground truth even within the visible wavelength
range.

Figure 10 shows the reconstruction error maps of various ma-
terial samples. Most samples exhibit low reconstruction errors,
indicating that the Tucker-based approximation accurately cap-
tures the overall diffusion structure. In Figure 10 (A), the iron
sample shows slightly higher errors along its edge (around RMSE
0.3162). This is not a problem with the model itself, but rather
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Figure 9: Comparison of generated spectra for each material. The orange curve denotes the ground truth, and the blue curve denotes the generated
spectrum. Red circles indicate three representative regions where the characteristic spectral features of each material are most distinct.

a minor local error that appeared during reconstruction. In Fig-
ure 10 (B), horizontal and vertical line patterns appear across sev-
eral samples. These lines formed as small errors become am-
plified during the multiplication of the decomposed core tensor
and factor matrices, which corresponds to the ‘Matrix Multipli-
cation’ process illustrated in Figure 6. Overall, the results show
that while the model reconstructs the global structure well, minor
direction-aligned artifacts can appear as a side effect of the Tucker
decomposition.

Figure 11 shows channel-wise spatial visualization of all single
object scenes. In each row, upper side shows ground truth. And
lower side shows generated image. Here, the ground truth (GT)
images correspond to HSIs directly captured by the real HSI cam-

era. [t demonstrates the model’s ability to generate high-quality
images even at object edges and in shadow regions.

Figure 12 shows channel-wise spatial visualization of all dual
object scenes. It also demonstrates the overall model’s ability to
generate high-quality images.

In summary, three main conclusions emerge. First, the core
spectral signatures of each material exhibited strong fidelity to
the ground truth. Second, spatial quality remained stable over-
all, with only localized degradation under challenging illumina-
tion or boundary conditions. These findings are consistent with
the quantitative evaluation and confirm that the proposed model
effectively restores meaningful spectral cues from RGB and seg-
mentation inputs.

920z Aey | uo Jasn ABojouyoa | B 8ouslog 10 a1nisu| N Buems) Aq | Z64SY8/26L/2/E L/ojonie/epal/woo dnooiwsepeoe//:sdiy woll papeojumod



Journal of Computational Design and Engineering, 2026, 13(2), 197-212 | 209

wood_block rubber rock

(A) High-error edge

wood_column

leather glass_matte waker (B) Horizontal / vertical line artifacts

plastic

Figure 10: Reconstruction error maps for different materials in a single object. (A) High-error edge in the iron sample (RMSE ~ 0.3162). (B) Horizontal
and vertical line artifacts are commonly observed across samples.
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Figure 11: Channel-wise visualization of HSI generation. Each row corresponds to different materials, and each column shows representative spectral

channels. Ground truth and predicted images are compared to illustrate the restoration performance of TDiff-HSI.
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Figure 12: Material-specific spatial comparisons between ground truth (GT, upper) and predicted spectra (PRED, lower). Blue and red bounding boxes
denote GT and prediction, respectively. The results demonstrate that the proposed model stably recovers material-dependent absorption while

preserving object boundaries.

Appendix B. Analysis of Quantitative
Results by Material

Figure 13 presents the quantitative reconstruction performance of
the proposed method across different materials. Unlike Table 1,
which summarizes results at the sample level, this figure pro-
vides material-level statistics to analyze how reconstruction qual-
ity varies by material type.

In this analysis, dual-object samples are included in the re-

sults of both constituent materials to ensure fair comparison.
For example, a sample labeled plastic_rubber contributes to

both the plastic and rubber categories when computing the
material-wise averages. As a result, some numerical differences
compared to Table 1 are expected, since overlapping samples
are intentionally counted more than once for material-level
evaluation.
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Figure 13: Quantitative evaluation results for dual-object samples. Each bar represents the reconstruction quality for a specific material. Dual-object
samples (e.g. plastic_rubber) are counted once for each constituent material to evaluate per-material performance trends. Metrics include MRAE |,
RMSE |, PSNR 1, SAM |, and SSIM 1, where arrows indicate the desirable direction of improvement.
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