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SS-NeRF: Physically Based Sparse Spectral
Rendering With Neural Radiance Field
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Abstract—In this paper, we propose SS-NeRF, the end-to-end
Neural Radiance Field (NeRF)-based architectures for high-quality
physically based rendering with sparse inputs. We modify the
classical spectral rendering into two main steps, 1) the genera-
tion of a series of spectrum maps spanning different wavelengths,
2) the combination of these spectrum maps for the RGB output. The
proposed architecture follows these two steps through the proposed
multi-layer perceptron (MLP)-based architecture (SpectralMLP)
and spectrum attention UNet (SAUNet). Given the ray origin and
the ray direction, the SpectralMLP constructs the spectral radiance
field to obtain spectrum maps of novel views, which are then sent
to the SAUNet to produce RGB images of white-light illumina-
tion. Applying NeRF to build up the spectral rendering is a more
physically-based way from the perspective of ray-tracing. Further,
the spectral radiance fields decompose difficult scenes and improve
the performance of NeRF-based methods. Previous baseline, such
as SpectralNeRF, outperforms recent methods in synthesizing novel
views but requires relatively dense viewpoints for accurate scene
reconstruction. To tackle this, we propose SS-NeRF to enhance the
detail of scene representation with sparse inputs. In SS-NeRF, we
first design the depth-aware continuity to optimize the reconstruc-
tion based on single-view depth predictions. Then, the geometric-
projected consistency is introduced to optimize the multi-view ge-
ometry alignment. Additionally, we introduce a superpixel-aligned
consistency to ensure that the average color within each superpixel
region remains consistent. Comprehensive experimental results
demonstrate that the proposed method is superior to recent state-
of-the-art methods when synthesizing new views on both synthetic
and real-world datasets.

Index Terms—Spectral rendering, neural radiance field, sparse
scene reconstruction.

1. INTRODUCTION

EWTON found that white light can be dispersed into a
series of spectrums with various colors from red to violet
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by passing light through the glass prism [1]. After that, the
research on spectral theory developed rapidly [2], [3]. Until now,
the application of spectral images has involved various aspects
of daily life, including object detection [4], face recognition [5],
and so on [6], [7]. Spectral images can record and reveal the elec-
tromagnetic radiation intensity information of objects, which is
an important interdisciplinary subject mainly involving physics
and chemistry [8].

Spectral rendering is a fundamental problem in computer
graphics, which can understand the absorption, reflection, and
other interactions with objects and has been used to generate
photo-realistic images [9]. Conventional spectral rendering in-
volves two transformations: 1) the spectral power distribution L
to the XYZ image, achieved by using integral operation through
the visible light; 2) the XYZ image to the RGB image, realized
by the conversion matrix [10]. Based on the transformations of L
— XYZ — RGB, physically-based spectral rendering has been
widely researched over the past decades [11], [12], [13] where
light transport is modeled with multiple wavelengths instead of
just using the red, green, and blue components. Such methods
predict photo-realistic rendering so that no effect that contributes
to the interaction of light with a scene is neglected. However,
they merely generate one image of the current viewpoint and are
limited in representing scenes.

Recently, Neural Radiance Field (NeRF) is designed to
render compelling images of 3D scenes from novel view-
points [14]. NeRF-based methods achieve photo-realistic ren-
dering of scenes by encoding the volumetric density and color
of a scene within the weights of a coordinate-based multi-layer
perceptron (MLP). Subsequently, a series of works focused on
recovering the radiance field using deep neural networks [15],
[16], [17], [18]. This approach has enabled significant progress
toward photo-realistic view synthesis and can solve the limita-
tion that spectral rendering cannot represent the overall scene.

Applying NeRF-based architecture to achieve the
physically-based spectral rendering involves constructing
the spectral radiance field for the scene information along
the ray, which facilitates the rendering process and keeps
the rendering pipeline simple yet effective by employing a
physically-based multi-spectral integral calculation for the L —
XYZ — RGB conversion. For spectral rendering, applying the
neural radiance field to learn the spectrum maps and using the
integration of spectral bands are more physically-based ways.
Spectral radiance fields model light transport across multiple
wavelengths, which captures the real-world interactions of light
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with different materials compared to traditional RGB-based
methods that rely on only three color channels. This allows our
method to preserve fine-grained characteristics. For NeRF-based
methods, decomposing scenes into multiple spectral
components helps disentangle complex scene structures,
which is superior to previous NeRF-based methods in terms of
geometry and texture reconstruction under complex scenes and
image quality of the novel viewpoint synthesis. The motivation,
that is, the need for spectral radiance fields is: spectral
information can provide more details on the material constitution
of objects in the scene, which has been utilized in classic vision
tasks, such as material classification [19]. The idea of importing
spectral information to rendering is a new perspective, which
may provide inspiration for rendering and vision tasks.

Following the variant rendering pipeline, we design an MLP-
based architecture, termed SpectralMLP, which maps a 5D input
coordinate (3D position and 2D viewing direction) to the scene
representation (volume density and spectral radiance). Volume
rendering is applied to compose these values into discrete spec-
trum maps. In order to better extract the spectral information,
the spectrum attention (SA) module is designed to explore the
correlations between spectrum maps. Then, SAUNet is proposed
to combine these spectrum maps into high-quality RGB images.

While SpectralNeRF [20] demonstrates the effectiveness of
incorporating spectral radiance fields for physically-based ren-
dering under dense input views, it relies heavily on the availabil-
ity of a number of training images to achieve high-quality re-
construction. This assumption is often impractical in real-world
scenarios, especially when capturing spectral images across
multiple wavelengths. Many researchers focus on addressing
this problem using sparse views through methods such as depth
regularization [21], [22], large-scale pre-training [23], [24], 2D
pre-trained models [25], [26], and frequency annealing [27],
making it a critical area of interest. However, these methods
mainly focus on RGB inputs and often rely on pre-training or
pre-trained models, which may not generalize well to spectral
data or lead to collapsed reconstructions and overly smooth
visual outcomes.

In this paper, we extend the SpectralNeRF [20] to Sparse
SpectralNeRF (SS-NeRF), which enables physically-based ren-
dering under sparse NeRF settings (Fig. 1(a)). SS-NeRF is
specifically motivated by the need to achieve high-fidelity novel
view synthesis under sparse input views, a much more challeng-
ing setting where traditional construction methods tend to suffer
from geometric collapse, blurry appearance, and inconsistent
color across views. SS-NeRF addresses the challenges of defec-
tive geometry and appearance caused by limited observations
using several key mechanisms in Fig. 1(b), including the depth-
aware continuity, the geometric-projected consistency, and the
superpixel-aligned constraint. The depth-aware continuity guar-
antees that the depth map predicted by NeRF remains consistent
with the depth prior generated by the DPT model [28], while
also preserving spatial smoothness within each single-view. The
geometric consistency ensures that the geometric structure is
accurately maintained across different views, reducing discrep-
ancies and enhancing the overall geometric coherence. Mean-
while, the superpixel-aligned harmony segments the images into
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Fig. 1. The SS-NeRF builds up the process of spectral rendering based on the
(a) sparse inputs. The first step in (c) samples spectrum points along the ray
and uses volume rendering to generate spectrum maps. The second step in (d)
fuses discrete spectrum maps to obtain RGB images. Considering the incomplete
supervision from sparse views, the SS-NeRF introduces the single-view depth
continuity mechanism and the multi-view geometric and appearance consistency
constraints in (b) to achieve more realistic and coherent renderings with sparse
inputs.

superpixels, guaranteeing consistent average color within each
region between different views.

The contribution of SpectralNeRF [20] includes:

® We propose SpectralNeRF, that builds up physically-based
rendering with NeRF from the spectral perspective, which
leads to mutual enhancement of spectral rendering and
NeRF-based methods.

® We design the SAUNet to fuse the discrete spectrum maps
to generate high-quality RGB images, which can approach
the integral calculation in spectral rendering.

® We render 8 spectral datasets and capture 2 real-world
scenes with spectrum maps and RGB images, and provide
comprehensive comparisons of these datasets with several
NeRF-based methods to demonstrate the superiority.

In comparison to SpectralNeRF, we make the following new

contributions in SS-NeRF:

® We propose SS-NeRF, a few-shot view synthesis frame-
work that builds upon SpectralNeRF to handle sparse input
views, addressing the challenges of limited observations
and improving the quality of scene representation.

e We design the depth-aware continuity that enforces the
spatial coherence within single-view depth maps, the
geometric-projected consistency that ensures multi-view
geometric alignment, and the superpixel-aligned constraint
that reduces color discrepancies.

e We further render 2 spectral datasets and capture 8 real-
world scenes with spectrum maps and RGB images, pro-
viding the detailed render configurations for the synthetic
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datasets and capture guidelines for the real-world scenes.
The effectiveness of SS-NeRF is validated on these datasets
through extensive experiments.

II. RELATED WORKS

Neural Radiance Field for 3D Scenes: Using the neural net-
work to represent a 3D scene and generate novel views with
weights of MLP or other network parameters has become a hot
topic. Previous methods address the issue with explicit discrete
representations [29], [30], [31]. These methods are limited in
applying gradient-based techniques to optimize mesh geometry
and topology. Since Mildenhall et al. introduced the differ-
entiable volumetric rendering technique to optimize a neural
radiance field [14], a number of studies have been carried out to
dive deeper into NeRF-based architecture, including the detail
preservation methods [15], [16], [32], the faster training and
inference of NeRF [33], [34], the extension from image to
video [35], [36], the refractive novel-view synthesis [37], the
dynamic scenes [38], the LiDAR scenes [39], the infrared and
spectral scenes [40], and the event cameras [41]. Poggi et al.
proposed X-NeRF to generate infrared and spectral images di-
rectly using MLP. However, they did not consider the process of
spectral rendering and the combination of spectral images [40].
It is challenging for these methods to represent scenes with
complex textures. To solve such problems, we present a novel
NeRF-based architecture, which introduces spectral information
into the radiance field to simplify complicated scenes.

3D Scene Reconstruction with Sparse Inputs: There is a grow-
ing number of NeRF-based studies concentrated on synthesizing
novel views from sparse inputs, which can mainly be divided
into three categories: 1) leveraging pre-trained models, which
train a NeRF model on pre-selected scenes and fine-tune on
the target scene [23], [24], [26]; 2) imposing constraints on the
continuity of object geometry and semantics [21], [22], [42];
and 3) incorporating depth supervision [43], [44], [45]. For
example, GeCoNeRF [46] leverages rendered depth maps at
unobserved viewpoints to warp sparse input images at the patch
level. This method improves consistency in geometry recon-
struction under sparse views. 3D Gaussian Splatting (3DGS)
is a recent technique for representing 3D scenes from multi-
ple camera perspectives by projecting data onto a volumetric
grid using Gaussian functions [47]. Recent advancements in
sparse GS-based reconstruction, such as DNGaussian [48] and
SparseGS [49], have enhanced sparse 3DGS through depth
regularization. FewViewGS [50] proposes a multi-stage training
scheme with pre-training and tuning to avoid overfitting. How-
ever, it struggles to render texture-rich regions accurately when
novel views diverge significantly from the input views, primarily
due to the absence of suitable appearance constraints. More-
over, sparse input views will result in insufficient optimization,
potentially leading to collapsed reconstructions. For instance,
GeCoNeRF [46], SparseNeRF [45], and DNGaussian [48] are
sensitive to incorrect depth cues and may overlook subtle local
depth variations. In this paper, we address these limitations by
introducing the depth-aware continuity, the geometric-projected
consistency, and the superpixel-aligned constraint, which

1017

effectively prevent inconsistencies across views and improve
reconstruction fidelity in scenarios with sparse inputs.

Spectral Rendering: With the development of comput-
ing power, various rendering technologies are proposed to
obtain photo-realistic images [51], [52], [53]. Spectral rendering
is a more physically correct technique that indeed models a
scene’s light transport with real wavelengths [54]. Over the
past decades, many physically-based spectral rendering methods
are proposed, including stochastic sampling over the visible
light[11], representing spectral information using Fourier coeffi-
cients [55], and sampling in the spatial domain [11]. These meth-
ods are designed for canonical ray-tracing rendering pipelines,
which might be time-consuming when rendering scenes with
complicated geometry. We consider the scene information along
the ray and take advantage of NeRF-based architecture to com-
bine the neural radiance field and spectral information to perform
physically-based spectral rendering.

III. PRELIMINARIES OF SPECTRAL RENDERING

Given the CIE tristimulus values X, Y, and Z, the CIE color
matching functions fx (1), fy (%) and fz() involve the in-
fluence of light with wavelength A to the three values [56],
which were defined by measuring the mean color perception
of a sample of human observers over the visual range from
Aviolet = 380 to Areg = 780 nanometer (nm). The following
equation calculates the CIE X, Y, and Z values for light with
wavelength A:

X = 1Y fx (L)AL
Y =k 3 fy(M)L()AL (1)
Z =13 f2()L()A

where « is a normalizing constant, represents the summation
of visible light, AL represents the sampling interval, and L
denotes the spectral power distribution of the light source from
the direction (6, () of observation z:

L (2,00, 00,3) = / Jo (2.6,0,00, 00, 1) Bilz, 0,0, 1)
Q
cos fdw, (2)

where R; represents the radiance from direction (6, () to point
x, € is the hemispherical space on the surface where point z is
located, f, represents the bidirectional reflectance distribution
function (BRDF), which is determined by the reflection char-
acteristics of the material at point x, dw is a solid angle. Note
that, (1) is calculated with the form of summation to estimate
the original continuous integral.

To obtain a colorimetrically correct RGB image, the X, Y, and
Z values are transformed to the SRGB color space using:

R 3.133 —-1.616 —-0.490| [X
G| = |-0978 1.916 0.033 Y|. 3)
B 0.072 —-0.229 1.405 Z

Due to the inconsistency of application environments, there
are various XYZ — RGB conversion methods [10]. The matrix
M€ listed here is computationally convenient.
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Fig.2. The RGB spectrum maps of different wavelengths and the RGB image
of white-light illumination.

Obtaining L from the rendering machine is difficult. In order
to simplify the rendering pipeline of L. — XYZ — RGB, we
embed (3) to (1) to obtain the RGB spectrum maps correspond-
ing to the wavelengths. Linearly combining the two equations to
generate the RGB spectrum maps is reasonable on the one hand,
and is simple yet effective on the other hand. The RGB spectrum
maps corresponding to the wavelengths can be formulated as:

Ry = (M7, fx (M) +Miy fy (M) +Mis fz(A))L(A) AL
G = (M3, fx (M) +Msy fy (M) +M53f2(A))L(A) AL (4)
By = (M5, fx (M) + Mg, fy (A)+ M3 f2(1)) L(1) Ai.

Finally, the RGB spectrum maps are combined to generate
the RGB image of white-light illumination:

R:KZR)\
G:FCZGA (%)
B:KEB)L.

Fig. 2 shows an example that includes 11 RGB spectrum
maps and one RGB image rendered with our hypothesis by
Mitsuba [57]. The A. in Fig. 2 represents the center of the
sampling interval of spectral illuminants.

Furthermore, to verify the feasibility of the variant spec-
tral rendering pipeline in (4) and (5), considering the spectral
power difference and the physical theory, the least square (LSQ)
method is utilized to obtain the adapted weights for spectrum
maps of wavelength bands. Specifically, we acquire a linear
fit of the RGB image with spectrum maps by solving an op-
timization problem: arg min || Aw — b||?, where A is the stack
of vectors of flattened spectrum maps, w denotes the weight
vector to be solved, and b represents the vector of flattened target
RGB image. Then, the linear fit result Cyq can be calculated

through Ciyq = Z?‘“““wi -S;,, where i € {1,2,..., Aora } and
Aotal denotes the number of spectrum maps, S;, represents the
i spectrum map.

The estimated weights curve should be approximately pro-
portional to the spectral power distribution L(A) of D65 except
for bands near 380 nm and 780 nm which tend to be black.
Corresponding curves are shown in Fig. 3. The almost iden-
tical tendency of the spectral weights and the spectral power
distribution demonstrates the rationality of the proposed variant

spectral rendering pipeline. Fig. 4 further presents the visual
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Fig. 3. The correlations between the spectral power distribution of D65 and
the spectral weights.

Fig. 4. The first row shows the results of the least square method and the
second row is the rendered ground truth. They are similar, indicating that the
variant spectral rendering pipeline is reasonable and effective.

results of the linear weighted sum of spectrum maps and the
ground truth images. We can find that the least square method
is almost right. Even though there is a tiny color difference on
the scraper of the digger (red boxes), the linear weighted sum is
a decent approximation to the image rendered with white-light
illumination, which proves the correctness of our variant form
of spectral rendering.

IV. METHOD

We propose an end-to-end NeRF-based architecture to
achieve the physically-based spectral rendering with sparse in-
puts. As shown in Fig. 5, the baseline includes two modules
operating the RGB spectrum map rendering (Fig. 5(a)) and the
spectrum fusion (Fig. 5(c)). The first module is an MLP-based
network to produce spectrum maps according to the given ray
origin o and ray direction d. The second module fuses the
discrete spectrum maps to obtain an RGB image of white-light
illumination, which applies the attention mechanism to better
extract useful information from spectrum maps to approach
the integral calculation in spectral rendering. Note that, we
generate sp,y, discrete spectrum maps by uniform sampling
through the visible light 380nm—780nm. The overall color of
the generated spectrum maps conforms to the distribution of
the CIE color matching function in Fig. 5(b). Both spectral
rendering and NeRF-based methods will be improved through
the proposed pipeline. As for sparse input views, three com-
plementary constraints in Fig. 5(e), (f), and (g) are designed in
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An overview of the main architecture. We first design (a) SpectralMLP to construct the spectral radiance field and generate spym RGB spectrum maps with

novel views using volume rendering. The generated spectrum maps are constrained by the rendered spectral images. The color of the spectrum maps matches the
distribution of the CIE color matching function in (b). The (c) SAUNet combines the discrete spectrum maps to produce high-quality RGB outputs, constrained by the
rendered RGB images. As for sparse inputs, we design the (e) depth-aware continuity to enforce spatial smoothness with a single-view, the (f) geometric-projected
consistency to ensure the multi-view geometric coherence, and the (g) superpixel-aligned constraint to preserve texture and color integrity. o is the ray origin, d is

the ray direction and c represents the channels of different layers in SpectralMLP.

SS-NeRF to improve the reconstruction quality under limited
supervision.

A. Spectral Radiance Field

We represent the scene as spectral radiance fields within
bounded 3D volumes. For a given ray origin o = (z,y, 2) and
ray direction d = (6, ¢), we propose the SpectralMLP Fg to
generate the spectral radiance s;, and the density o of the ray
r(t) = o+ td. SpectralMLP Fg achieves the mapping from
(0,d) to (sy,, o), which is defined as:

(s)»i?g) =rle (’Y(O)?'Y(d)) ) (6)

where i € {1,2,...,Sum}, 7y represents the positional encod-
ing [58] that maps the inputs into higher dimensional frequency
space, which is applied separately to each of the three coordinate
values in x and to the three components of the direction unit
vector d. The sy, is set to 11 to achieve the balance between
performance and efficiency.

The SpectralMLP finally outputs s,,, spectral radiance and
one o value. As for different wavelength A, the density of each
point is same, but the spectral radiance is different. Volume
rendering [59] is then applied to render the spectral radiance
s;, of each ray passing through the scene. The spectrum value
§,\i (r) of ray r(t) is computed as:

Sy (r) Q)

/t f T(t)o(r(t))s:, (r(t),d)dt,

n

where T'(t) = exp(— ft p))dp), t denotes a position along
the ray, t and ty are the near and far boundary.

B. SAUNet

Theoretically, according to (5), directly combining the spec-
trum maps of every wavelength among the visible light is prac-
ticable. However, in our implementation, such an operation is
insufficient because the spectral datasets are extremely sparse.
Therefore, we propose the spectrum attention UNet (SAUNet)
(Fig. 6(a)) to learn the correlations of spectrum maps and gener-
ate high-quality RGB outputs. Applying the SAUNet can imitate
the original integral operation better and produce results close
to the ground truth. We first introduce the attention gate [60]
(Fig. 6(c)) to refine features from the encoder. The high-level
features before outputting to the next decoder stage are guided
by the low-level features from the encoder using the attention
mechanism. We further design a spectrum attention (SA) module
to better explore the correlations of spectrum maps.

The standard residual convolutional network is insufficient
for extracting the spectral dependencies [61]. We modify the
standard residual blocks and introduce the SA module (Fig. 6(b))
to better combine the discrete spectrum maps to make the
results close to the integral calculation in spectral rendering.
Specifically, three 1 x 1 convolutional blocks are first used to
reorganize and reweight the importance of spectrum maps. The
channel attention (CA) [62] is then introduced to focus on
inter-spectral feature fusion by the attention mechanism in the
channel dimension.

SAUNet contains 3 encoders and 3 decoders. Skip connec-
tions with attention gates pass feature maps from each encoder
to decoder. Feature maps from low-levels contain more detailed
information of spectrum maps. The SA module is placed in the
first two encoders to best use the spectral information because
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Fig. 6. The detailed architecture of SAUNet. The SA module is applied to the

first two encoders to better explore the correlations between spectrum maps.

higher-level features are more abstract, which may affect the
ability of the network to explore the correlations. The fusion
process is defined as:

C = SAUNet (8, ). @®)
where C represents the final output RGB image.

C. Depth-Aware Continuity

Precise geometry facilitates both spectral and color prediction
in the radiance fields. The depth-aware continuity first uses
the depth maps predicted from a pre-trained monocular depth
estimator as supervision to encourage geometric accuracy within
the single-view. Specifically, the pre-trained dense prediction
Transformer (DPT) is used to generate the monocular depth
map D for each training view [28]. Subsequently, to alleviate
the constraint posed by inconsistencies in absolute depth values,
a softened depth constraint based on Pearson correlation [63] is
introduced, which mitigates the scale ambiguity between the
rendered depth D, and the estimated depth D.:

Cov (Drena Dest)
\/Val" (Dren) Var (DSSI) .

The monocular depth constraint guarantees that the predicted
depth map estimated by NeRF is consistent with the depth map
form DPT. However, it does not enforce spatial continuity of
the depth map. Therefore, we incorporate spatial continuity
priors from the depth model DPT. If two neighboring pixels
exhibit similar depth values in the DPT output, we constrain
their corresponding depth values predicted by NeRF to also be

S —
DAC —

(€))
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continuous, as shown in Fig. 5(e). The spatial continuity is given
by:

DAC :Z Z

P1 DP2eKNN(DE})

est est

max (|DPL — DP2

ren renl

m,0),

(10)
where p; and ps are randomly sampled depth pixels, m is a small
margin that tolerates minor variations in neighboring depths.
KNN(-) returns k-nearest neighbors measured by depth values
within a superpixel. In our implementation, we set m to 1.0 x
1074

The depth-aware continuity combines the single-view depth
supervision and spatial continuity term:

(1)

where L}, enforces the depth accuracy, and Lf,- promotes
local smoothness guided by spatial priors.

S C
Lpac = Lpac + Lpacs

D. Geometric-Projected Consistency

The geometric-projected consistency is introduced to ensure
geometric accuracy by quantifying the discrepancy between
corresponding rays. Ideally, the ray r 4 and rp should intersect
in the 3D space if the camera parameters are correctly calibrated.
However, misalignment errors will result in a measurable dis-
tance between the rays, as shown in Fig. 5(f). Let 4 represent a
point in 3D space along ray r,, parameterized as: x4 (t4) =
oa +tada, and xp represent a corresponding point in 3D
space along ray r g, parameterized as: x5 (t5) = o + tpds.
The shortest distance between these two rays can be expressed
as:

|(OB + tgpdp — OA) X dA|
l[dall®

To calculate a normalized distance that reflects geometric
consistency in the image planes, we project the 3D points x 4
and zp onto images Iiya and [,p. This accounts for the
correspondence of the projected points to their respective image
pixels p4 and pp. The projected distance is defined as:

d:

12)

_ lma(z) — pal + lm5(za) — ps|
= 5 ,
where 7(+) represents a projection function that ensures equal
contribution from each correspondence, regardless of their dis-
tance from the cameras. A smaller Lgpc implies better alignment
between the 3D points and their image correspondences, indi-
cating higher geometric consistency across views.

Lapc

(13)

E. Superpixel-Aligned Constraint

In addition to the geometric-projected consistency, we in-
troduce the superpixel-aligned constraint to ensure appearance
consistency across different perspectives. This constraint ad-
dresses the challenges posed by subtle color variations between
camera views. The process begins with a rough alignment step to
mitigate perspective inconsistencies, where the real view [, p 1S
warped to align with Iy 4. This initial alignment, which serves
as a foundation for further refinement, is achieved by using
SuperPoint [64] for feature extraction, LightGlue [65] for feature
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matching, and RANSAC [66] for outliers rejection. Then, we
minimize the color differences between warped real view I}, 5
and the real view Iieq1a.

While this rough alignment helps reduce large-scale incon-
sistencies, directly constraining pixel-wise differences is un-
reasonable due to minor color variations between different
views [14]. To address this, we employ superpixel-aligned seg-
mentation as a preprocessing step for both the warped view
I¥,5 and the reference view Ireqa, as illustrated in Fig. 5(g).
Specifically, we utilize the Simple Linear Iterative Clustering
(SLIC) algorithm [67], which segments images into uniformly
sized regions, with uniform color, brightness, and texture. The
superpixel-aligned constraint calculates the differences of the
average values among superpixel region S, :

M
1
Lonc= 3" llave (S (Ian) — ave (S (Fean)) .
m=1

(14)
where M denotes the total number of superpixels. In our
implementation, we segment images into 400 superpixels to
achieve a balance between computational efficiency and spatial
coherence. Unlike GeCoNeRF [46], which operates at a regular
patch-wise level, our superpixel-based constraint offers a more
compact and perceptually aligned representation of the appear-
ance distribution by enforcing consistency at the irregular region
level. This formulation better captures semantic boundaries and
reduces color discrepancies across views. An ablation study of
comparing the superpixel-based constraint with a patch-based
alternative is provided in Section VI-C. In addition, by focusing
on region-level features rather than individual pixel values, the
superpixel-aligned constraint enforces the rationality of appear-
ance alignment.

F. Optimization

The objective function includes the following five items:
1) the weighted spectrum map reconstruction 1oss Lpeciral, Which
pushes the SpectralMLP to produce desired spectrum maps;
2) the RGB reconstruction loss Lrge, which optimizes the
SAUNet to generate high-quality RGB images; 3) the depth-
aware continuity loss Lpac, which guarantees that the rendered
depth map remains consistent with the predicted depth map,
while also preserving spatial smoothness within the rendered
depth map; 4) the geometric-projected consistency Lgpc, which
minimizes the discrepancies in 3D geometric consistency; and
5) the superpixel-aligned constraint Lgac, which enhances the
appearance coherence between different views. The full objec-
tive function is described as:

L= Lopectral +ArGBLRGB +ApacLpac +AcprcLape +AsacLsacs
15)
where Arge, Apac, Agpc, and Agac are hyper-parameters to
balance the contributions of the different components. In our
implementation, we empirically set Argg = 1.1, Apac = 0.02,
)‘GPC = 0.01 and )\SAC =0.1.
Weighted Spectrum Map Reconstruction Loss: We found the
image quality of generated spectrum maps is different, with
its power concentrated in wavelength near 380nm and 780nm
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Fig. 7.  We increase the weight in the middle range of the wavelengths while
decreasing it at two ends for the compensation of SpectralMLP.

tends to be black, resulting in higher PSNR scores and closer
L, distance. Therefore, we propose the weighted spectral re-
construction 108 Lgpeciral to better acquire useful information
from more informative spectrum maps distributed in the middle
of visible light. Similar to NeRF, we simultaneously optimize
a coarse model and a fine model. The weighted spectrum map
reconstruction loss is defined as:

£speclral = Zws : Z (H/S\;;1 (I‘) - SM (I')H%
i reR(P)

+187,x) = 1. (13)

where spum is the number of spectrum maps, S, represents the
spectrum maps, R (P) is a set of camera rays at target position P,
Scand S7 represent the spectrum maps generated in the coarse
stage and fine stage, and w; are the weights that are correlated
to the PSNR scores of spectrum maps:

(16)

Wy = 2Pm:1x/PA7 (17)

where Py« is the maximum PSNR value of s, spectrum maps,
and P, is the PSNR value of wavelength A. Fig. 7 illustrates
the distributions of the PSNR, the £, pixel distance, and the
weights. We give more penalties to the SpectralMLP network
if it cannot satisfactorily reconstruct these informative spectrum
maps distributed in the middle of the visible light.

RGB Reconstruction Loss: The RGB reconstruction loss
LrGB I}\linimizes the difference between the predicted RGB
image C' and the rendered RGB ground truth C'. The £, distance
is adopted as the loss function, written as:

Lres = ||C — C| 3. (18)

V. DATASETS AND IMPLEMENTATIONS
A. Datasets

Spectral Illumination: We render our synthetic scenes with
multiple spectral illuminants to generate spectral images. To
acquire spectral illuminants, we divide the wavelength range
of the light source spectrum in Mitsuba [57] from 360 nm to
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Fig. 8. The spectral power distribution of CIE standard illuminant D65 and
11 spectral illuminants. A. represents the midpoint of each interval.

830 nm into 11 adjacent intervals. As for the first 10 spectral
intervals, the relative power at the midpoint A.. is set to a certain
value. The maximum power of the last interval (760 nm to
830 nm) is set at 780 nm because 780 nm is a commonly used
termination value of visible light. Simultaneously, the power
at two endpoints for each interval is set to 0. After a simple
linear interpolation, we obtain 11 curves as the spectral power
distributions of the spectral illuminants. In addition, we use the
CIE standard illuminant D65 as the default white light source
for scenes in our dataset. The D65 light source is an artificial
light source that simulates daylight, and its emission spectrum
conforms to the average midday light of European and Pacific
countries. The spectral power distributions of the 11 spectral
illuminants and the D65 is illustrated in Fig. 8.

The Spectral Reflectance and the Camera Response: Spectral
rendering refers to a physically correct modeling approach for
a scene’s light transport process, which constructs light source
emission and object material reflectance with real wavelengths,
just the same as how the color works in the real world. We choose
Mitsuba as the renderer to synthesize our spectral datasets be-
cause Mitsuba is a research-oriented rendering system with spe-
cific support for spectral rendering. Other common traditional
renderers, such as Eevee and Cycles in Blender [68], render
a scene with simply red, green, and blue components, whose
rendering pipeline is a crude approximation of the physical
color system. According to (2), when rendering our spectral
datasets, some materials are assigned with the generated random
spectral responses and the bidirectional scattering distribution
function (BSDF) of the plastics and the metals. Other materials
are physically-based rendering image textures and assigned with
plausible smooth spectral responses corresponding to each color
using spectral upsampling algorithms in Mitsuba. The camera
sensor response is fixed as the normal RGB sensitivity curves.
The measured spectral power distributions are converted to the
linear RGB values based on the CIE 1931 XYZ color matching
curves. Then, the spectrum maps of multiple wavelengths are
rendered by ray-tracing rendering algorithms in Mitsuba while
changing the spectral power distribution of light sources.

Synthetic Scenes: As shown in Fig. 9, we first render 8 scenes
with models located in the middle of the field, among which 4
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scenes are designed without background and their viewpoints
are captured on a sphere surrounding the models (the first two
columns of Fig. 9). One case with different wavelengths is
shown in the top row of Fig. 10. The following 4 scenes use
texture to construct the walls and floors, and their viewpoints are
sampled on the upper hemisphere. The second row of Fig. 10
shows one such example across different wavelengths. Then, we
render 2 indoor forward-facing scenes in the fifth column, where
the camera viewpoints are spatially constrained and limited in
perspective. The example is presented in the third row of Fig. 10.

Real-world Scenes: We capture 10 forward-facing real
datasets in a sealed room (the last five columns of Fig. 9) using
a camera and 8 color absorbers whose center wavelengths range
from 400nm to 750nm with the interval of 50nm. Different
color absorbers are covered to the camera lens to obtain the
spectral images. Their camera poses are generated using the
COLMAP [69]. The last row of Fig. 10 presents the captured
wavelengths of one real-world scene.

B. Implementation Details

We implement the SpectralMLP on top of NeRF [14], which
uses an eight-layer MLP with 256 channels and ReLU activation
to predict the density o, and following two fully-connected
layers with 128 and 3 X sp,y, channels to obtain the spectral
radiance. We use a batch of 2048 rays, and sample 64 points
along each ray in the coarse model and 128 points in the fine
model, respectively. We use PyTorch [70] to implement our
model and train it using the Adam optimizer [71] with learning
rate of 5 x 10~%and 0.001 for the SpectralMLP and the SAUNet,
respectively. Other Adam hyperparameters are left at default
values of 31 = 0.9, 85 = 0.999, and € = 0.7.

Similar to general sparse methods, we use 8 training views for
360° scenes designed without background, 24 training views
for 360° scenes with background, and 6 training views for
forward-facing scenes. DPT Hybrid [28] model is selected as
the monocular depth estimator for the depth-aware continuity.
All experiments are conducted on a single NVIDIA GeForce
RTX 3090 GPU.

VI. EXPERIMENTS

We conduct comprehensive experiments to verify the effec-
tiveness of our methods. Specifically, we compare SS-NeRF
with: 1) FreeNeRF [72], a Frequency regularized method; 2)
SparseNeRF [45], which exploits depth priors from real-world
inaccurate observations; and 3) DNGaussian [48], a recent
3DGS-based sparse method.

A. Quantitative Comparisons

We report quantitative performance using PSNR (higher is
better), SSIM (higher is better), as well as LPIPS [73] (lower
is better). Table I shows the comparison results of SS-NeRF
with several representative NeRF-based and GS-based methods.
NeRF-based baselines, although yielding relatively low errors
in certain regions, often result in overly smooth synthesized
views. In contrast, GS-based methods generally perform well
on synthetic datasets but often struggle to accurately reconstruct
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Our datasets with different wavelengths.

complex geometries in real-world scenes, frequently producing
blurred or ambiguous outputs. By incorporating the designed
mechanisms, SS-NeRF achieves superior average scores, ex-
celling in both geometric fidelity and detailed appearance re-
construction. The results demonstrate its ability to produce
high-quality outputs and maintain consistency across different
viewpoints in sparse input scenarios.

B. Qualitative Comparisons

Fig. 11 shows the visual comparisons with representative
sparse reconstruction methods. The FreeNeRF [72], while dif-
fering less from ground truth in the error maps, often interpolates
colors to unknown viewpoints, generating smooth synthesized
views that lack high-frequency details. DNGaussian [48] strug-
gles to maintain the consistency of the geometry at the edges
or other unobserved angles, leading to significant differences
compared to the real image. In contrast, the proposed SS-NeRF
effectively addresses these challenges and captures fine details.

We then present several generated spectrum maps in Fig. 12.
Fig. 13 further provides comparisons in the CIE 1931 xy

A =400 A =450 A =500 A =550 A =600 A =650 A =700 A =750

chromaticity space, which offers a perceptually meaningful view
of color reproduction accuracy. The synthesized RGB images are
first linearized and then converted to the CIE XYZ color space
using the standard SRGB — XYZ transformation [74], followed
by projection onto the 2D xy chromaticity plane. As shown in
Fig. 13, the RGB-based methods exhibit deviations from the
ground truth, especially in regions with complex materials. In
contrast, our method achieves xy distributions that are more
tightly clustered around the ground truth.

C. Ablation Studies

The effectiveness of Main Components: We conduct ablations
on several components to understand how these modules work,
including syum, attention gate, and SA module. The results
are shown in Table II. First, as shown in Table II(a) and (b),
introducing the spectral radiance fields can effectively improve
the performance. Second, as shown in Table II(f) and (g), re-
moving the attention gate (AG) will degrade the results. Third,
Table II(c), (d), (e), and (g) show the results when embedding
the SA module to different encoder blocks. The SA module is

Authorized licensed use limited to: Harbin Institute of Technology. Downloaded on December 12,2025 at 06:34:36 UTC from IEEE Xplore. Restrictions apply.



1024

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 48, NO. 1, JANUARY 2026

TABLE I
QUANTITATIVE COMPARISONS OF SS-NERF WITH OTHER NERF-BASED AND GS-BASED SPARSE METHODS IN TERMS OF PSNR, SSIM, AND LPIPS. ORANGE
INDICATES THE BEST PERFORMANCE AND YELLOW REFERS TO THE SECOND BEST RESULT

Spaceship Rover Car Digger Piano
PSNRT  SSIMt LPIPS| | PSNRT SSIM{ LPIPS| | PSNRT SSIMf LPIPS| | PSNRT SSIMt LPIPS|
FreeNeRF 24302  0.8832 0.0982 23.801 0.8803 0.0994 25.528  0.8952 0.0901 24729  0.8859 0.0925
SparseNeRF | 24.011 0.8770 0.1131 23479  0.8711 0.1216 25.196  0.8913 0.1015 24210  0.8790 0.1072
DNGaussian | 24.336  0.8867 0.0886 23.715 0.8765 0.0957 25.605 0.8970  0.0852 24725  0.8891 0.0868
SS-NeRF 24.861 0.8973 0.0855 24.048  0.8866 0.0898 26.113  0.9095 0.0826 24914  0.8917 0.0872
Vintage Car Cartoon Knight Old House Modern House
PSNRT  SSIMt LPIPS| | PSNRT SSIMt LPIPS| | PSNRT SSIMf LPIPS| | PSNRT SSIMt LPIPS|
FreeNeRF 24.855  0.7093 0.3058 24896  0.7132 0.2987 21.755 0.6823 0.3301 23.281 0.7480 0.2234
SparseNeRF | 25.024  0.7273 0.2952 24.973 0.7268 0.2928 21.896  0.6856 0.3285 23.356  0.7495 0.2209
DNGaussian | 25.569  0.7725 0.2187 25.893  0.7753 0.2102 22.991 0.7312  0.2445 24.158  0.7556 0.2182
SS-NeRF 25.787  0.7784 0.2057 25968 0.7716 0.2025 22.880  0.7347 0.2325 24240  0.7562 0.2192
Kitchen Living Room Bag Chicken Doll
PSNRT  SSIMT LPIPS| | PSNRT SSIMf LPIPS| | PSNRT SSIMf LPIPS| | PSNRT SSIMt LPIPS|
FreeNeRF 24.735  0.8277 0.1884 24.523 0.8323 0.1968 23.899  0.7639 0.2004 23.590  0.7468 0.2125
SparseNeRF | 24.881 0.8342 0.1756 24.715 0.8229 0.1823 24.083  0.7650  0.2009 23.712  0.7455 0.2019
DNGaussian | 23.881 0.7889 0.2045 23.291 0.7932 0.2127 23910  0.7528 0.2181 23.939  0.7470 0.2101
SS-NeRF 25.576  0.8562 0.1631 25260  0.8527 0.1727 24516  0.7714  0.1933 23.935 = 0.7521 0.1974
Projector Dog Doll Dragon Doll Headphone
PSNRT  SSIMt LPIPS| | PSNRT SSIMf LPIPS| | PSNRT SSIMf LPIPS| | PSNRT SSIMt LPIPS|
FreeNeRF 23.832  0.7792 0.1754 19.655 0.6119 0.2228 24.735 0.8234  0.1587 24.191 0.8067 0.1712
SparseNeRF | 23.758  0.7846 0.2021 19.876  0.6243 0.2495 24.672  0.8191 0.1654 24.025  0.8024 0.1768
DNGaussian | 22.589  0.7657 0.1985 19.137  0.5925 0.2544 23.171 0.7896 0.1789 23.061 0.7713 0.1893
SS-NeRF 24.379  0.8249 0.1763 20415 0.7116 0.2080 25.168  0.8319 0.1399 24.575  0.8142 0.1521
Stitch1 Stitch2 Bear Green Car
PSNRT  SSIMt LPIPS| | PSNRT SSIMf LPIPS| | PSNRT SSIMf LPIPS| | PSNRT SSIMT LPIPS|
FreeNeRF 23.517  0.7953 0.1819 23.767  0.7996 0.1701 23.669  0.8001 0.1838 24.893  0.8186 0.1636
SparseNeRF | 23.684  0.7967 0.1882 24.165 = 0.8105 0.1621 23.651 0.8007 0.1816 24919  0.8181 0.1528
DNGaussian | 23.226  0.7899 0.1994 23.385 0.8023 0.1615 22912  0.7926 0.1957 23.129  0.8052 0.1687
SS-NeRF 24.096  0.8054 0.1775 24394  0.8070 0.1598 23.855  0.8035 0.1825 25.206  0.8221 0.1472
TABLE II TABLE III

ABLATION STUDIES OF DIFFERENT COMPONENTS. AG IS THE ATTENTION
GATE. SA IS THE SPECTRUM ATTENTION MODULE. E1, E2, AND E3 ARE THE
FIRST, SECOND, AND THIRD ENCODER BLOCKS

| swum  AG SA PSNRT SSIM{ LPIPS|
@] o 23317 08265  0.2014
b | 11 24578  0.8343  0.1809
© | 11 v 24692  0.8357  0.1688
@ | 1 v El 24755 0.8359  0.1691
e | 11 v EI1+E2+E3 24930 08360  0.1690
® | 1 E1+E2 25079  0.8389  0.1572
© | 11 v El+E2 25.151 0.8392  0.1577

PERFORMANCE WITH DIFFERENT CONFIGURATIONS IN SS-NERF

Methods | DAC GPC  SAC w, | PSNR+ SSIM T LPIPS |
(a) V| 24147 08219 0.1943
(b) v V| 24252 08263 0.1941
© v v | 24944 08315 01807
) Vv | 25112 08341 01691
© v vV 24993 08332 01715
() v v v | 25129 08388 01577
(@ v v v v | 25151 08392 01577

placed in the first two encoders to best explore the correlations
of spectrum maps.

The Impact of DAC, GPC, SAC, and ws: We further perform
ablation studies to validate the effectiveness of the key modules
in SS-NeRF, including the Depth-Aware Continuity (DAC),
the Geometric-Projected Consistency (GPC), the Superpixel-
Aligned Constraint (SAC), and the spectral weights w; in (16).
First, results in Table III(a) and (b) demonstrate the effective-
ness of DAC in improving depth prediction and reconstruction
quality. Second, Table III(a) and (c) show that incorporating
GPC leads to better structural accuracy by enhancing alignment
between the predicted images and the ground truth. Furthermore,

Table I1I(a) and (d) highlight the importance of the SAC in pre-
serving appearance fidelity across views, maintaining the visual
integrity of textures and colors. Their complementary contribu-
tions in Table ITI(e) and (f) enable high-quality reconstructions
and enhance the performance of SS-NeRF. Finally, as shown
in Table III(e) and (g), removing the weights w; in (16) also
degrades the performance of novel view synthesis. This confirms
that emphasizing the contribution of perceptually informative
spectrum bands can learn more meaningful representations.
The Influence of Different Materials: We also conduct the
ablation study when selecting different materials to construct
the 3D models. Fig. 14 shows the Digger model with different
materials, among which the first one is the original model,
the second one applies the PNG decals to the objects, and the
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Fig. 11. Comparisons between SS-NeRF and sparse scene reconstruction methods on real-world and synthetic datasets. The top two cases are real-world scenes,
the middle two cases are 360° scenes with background, and the bottom two cases are 360° scenes without background.
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Fig. 12. Comparisons between the generated spectrum maps and the ground truth for the synthetic dataset (left) and the real-world dataset (right), illustrating

the high fidelity of spectral reconstruction.

last one indicates that we randomly assign spectral materials
to objects, which will greatly increase the complexity of 3D
models. Table IV shows the quantitative performance. The re-
sults of the 3D model with PNG decals and the mixed materials
are obviously inferior to the default material. The performance

of mixed materials is lower than the PNG decals because the
reflectance of PNG decals is first defined using RGB values and
then converted to spectral characteristics by a low-dimensional
parametric model [75]. The operation makes the PNG decals
contain less information than the mixed native spectral materials
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Fig. 13. Comparisons between SS-NeRF and sparse scene reconstruction
methods in the CIE 1931 xy chromaticity space.

Fig. 14. The Digger model with original materials, PNG decals, and mixed
materials.
TABLE IV
ABLATION EXPERIMENTS OF DIFFERENT MATERIALS
Ours with Ours with
NeRF+ Ours PNG decals mixed materials
PSNR 1 22.583 24.048 23.663 23.159
SSIM 1 0.8792  0.8866 0.8848 0.8817
LPIPS | | 0.1215  0.0898 0.0935 0.1018
TABLE V

RESULTS WITH DIFFERENT Apac, AGpCs AND Asac VALUES

| >‘DAC7 >‘GPC and )‘SAC | PSNR T SSIM T LPIPS J,
(a) | 0.01, 0.01, and 0.1 25.091 0.8385 0.1574
(b) | 0.05,0.01, and 0.1 24.942 0.8377 0.1612
(c) | 0.02, 0.005, and 0.1 24.730 0.8370 0.1603
(d) | 0.02,0.05, and 0.1 24.960 0.8381 0.1626
(e) | 0.02,0.01, and 0.05 24.821 0.8367 0.1611
() | 0.02, 0.01, and 0.5 24.815 0.8372 0.1605
(g) | 0.02,0.01, and 0.1 (Ours) 25.151 0.8392 0.1577

and is easier for networks to learn. Note that NeRF+ refers
to the original NeRF enhanced with our techniques, such as
DAC, GPC, and SAC, enabling it to handle sparse input views.
However, its performance across all three material types remains
inferior to our proposed SS-NeRF.

The Selection of Hyperparameters: We conduct additional ab-
lation experiments to assess the impact of different hyperparam-
eter settings for the Apac, Agpc, and Agac. Results demonstrate
that the optimal configuration is Apac = 0.02, Agpc = 0.01, and
Asac = 0.1. As shown in Table V(a), (b), and (g), changing
Apac from the optimal 0.02 to 0.01 or 0.05 leads to performance
degradation, indicating the sensitivity of depth-aware regulariza-
tion. Similarly, Table V(c), (d), and (g) illustrate that modifying
Agpc to 0.005 or 0.5 also leads to suboptimal performance,
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TABLE VI
COMPARISONS OF SUPERPIXEL-BASED SEGMENTATION AND PATCH-BASED
SEGMENTATION
| PSNRT SSIM 1 LPIPS |
Patch-based segmentation 24.825 0.8377 0.1624
Superpixel-based segmentation 25.151 0.8392 0.1577

showing that improper geometric constraints negatively impact
structural consistency. Furthermore, as shown in Table V(e),
(f), and (g), we observe that both too small Agac (e.g., 0.05)
and too large Asac (e.g., 0.5) appearance weights degrade the
rendering quality. These findings suggest that inaccurate settings
can adversely affect the overall rendering fidelity. The optimal
configuration achieves a good trade-off among depth alignment,
geometric consistency, and appearance coherence.

The Effectiveness of Superpixel-based Segmentation:
Superpixel-based segmentation plays a crucial role in improving
the perceptual consistency and spatial coherence of appearance
modeling. Unlike regular patch-wise constraints [46] that
enforce consistency over uniformly sampled, fixed-size regions
(generally 15 x 15), superpixel-based methods adaptively
group pixels based on low-level visual features such as color
and texture. This results in spatially coherent and semantically
meaningful regions that often align well with object contours
and material boundaries. Results in Table VI demonstrate the
effectiveness of superpixel-based segmentation.

VII. CONCLUSION

We have proposed the SS-NeRF, an end-to-end NeRF-based
architecture designed for physically-based spectral rendering
with sparse inputs. We modified the traditional spectral ren-
dering pipeline into two steps and designed SpectralMLP and
SAUNet to build up the two steps. Furthermore, we incorporated
the depth-aware continuity, the geometric-projected consistency,
and the superpixel-aligned constraint to enhance the scene re-
construction. The proposed methods can generate high-quality
RGB output of white-light illumination. Comprehensive ex-
periments have demonstrated the superiority of the SS-NeRF.
In the future, we plan to extend the NeRF-based architectures
by integrating advanced frameworks like Gaussian splatting to
further enhance reconstruction accuracy and rendering speed,
facilitating broader real-time applications.
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