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Abstract

In real-world road scenes, diverse material properties
lead to complex light reflection phenomena, making ac-
curate color reproduction crucial for enhancing the real-
ism and safety of simulated driving environments. How-
ever, existing methods often struggle to capture the full
spectrum of lighting effects, particularly in dynamic sce-
narios where viewpoint changes induce significant mate-
rial color variations. To address this challenge, we in-
troduce NieR (Normal-Based Lighting Scene Rendering),
a novel framework that takes into account the nuances
of light reflection on diverse material surfaces, leading
to more precise rendering. To simulate the lighting syn-
thesis process, we present the LD (Light Decomposition)
module, which captures the lighting reflection characteris-
tics on surfaces. Furthermore, to address dynamic light-
ing scenes, we propose the HNGD (Hierarchical Normal
Gradient Densification) module to overcome the limita-
tions of sparse Gaussian representation. Specifically, we
dynamically adjust the Gaussian density based on nor-
mal gradients. Experimental evaluations demonstrate that
our method outperforms state-of-the-art (SOTA) methods
in terms of visual quality and exhibits significant advan-
tages in performance indicators. Codes are available at
https://wanghongsheng01.github.io/NieR/.

Keywords: Image rendering, 3D Gaussian, Lighting
scene.

Introduction

Recent advancements in 3D Gaussian Splatting technol-
ogy (e.g., [4]) have led to significant improvements in vi-
sual quality and rendering efficiency by employing pixel-
level Gaussian distributions for scene rendering. While
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existing methods demonstrate excellence in numerous ar-
eas, they still struggle with dynamic environmental lighting
changes [19], particularly when rendering challenging spec-
ular objects such as vehicles in autonomous driving scenar-
10s. This often leads to distortion and blurriness, underscor-
ing the ongoing challenge of achieving real-time and precise
rendering of lifelike images in this field.

In nature, when lighting hits on the surface, both spec-
ular reflection(refs. [7, 34]) and diffuse reflection (refs.
[36]) occur simultaneously. The core of 3D Gaussian ren-
dering relies on using a continuous, anisotropic Gaussian
function to process each point in an image(refs. [15, 33]).
However, specular reflection is a precise process, where the
direction of reflected light strictly depends on the angle at
which the light hits the surface and the angle at which we
observe it. The uniform smoothness of the Gaussian dis-
tribution makes it hard to accurately capture and represent
this complex interaction of lighting. Additionally, specu-
lar surfaces typically exhibit high brightness contrast. Tra-
ditional 3D Gaussian rendering techniques struggle to ef-
fectively handle such high dynamic range scenes, result-
ing in overexposure in highlight areas or lack of details. In
real-world environments, diffuse reflection is influenced not
only by direct illumination but also by various factors such
as ambient light and indirect light (e.g., reflected light). For
diffuse reflection, accurately simulating the complex inter-
actions between light sources and object surfaces is crucial,
while 3D Gaussian rendering often focuses on enhancing
visual effects through pixel-level Gaussian Splatting, fail-
ing to capture the complexity of scattered lighting.

The Normal-Based Lighting Scene Rendering model in-
troduces an optimized Physically Based Rendering (PBR)
method through lighting decomposition to enhance the
color synthesis and densification strategy of 3D Gaussian,
which was able to improve the rendering quality and real-
ism of 3D Gaussian for specular objects. Firstly, we pro-
pose Light Decomposition 3D Gaussian (LD) to optimize
the color synthesis method by decomposing the outgoing
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radiation into specular reflection and diffuse reflection by
means of surface normals. We also introduce the specu-
lar reflection coefficient attribute to consider the degree of
lighting reflection by materials, significantly enhancing the
accuracy of rendering specular objects and the realism of
lighting effects. However, due to the sparse Gaussian rep-
resentation of scenes in 3D Gaussian, significant large dis-
placement changes will occur during optimization. Describ-
ing bright details poses difficulty in capturing ample light-
ing information, particularly for highlights, making it chal-
lenging to ensure the overall quality of rendered images. To
address this deficiency, we introduce the Hierarchical Nor-
mal Gradient Densification (HNGD). NieR can adaptively
adjust the density of Gaussian points based on the chang-
ing gradients in the scene further improving the accuracy
of rendering specular reflective objects and effectively ad-
dressing the limitations of traditional sparse Gaussian rep-
resentations in capturing highlights details.

In summary, our main contributions are as follows:

e We proposed a lighting decomposition module LD to op-
timize the color synthesis method of 3D Gaussian.

e We introduced hierarchical normal gradient densifica-
tion to address the issue of insufficient lighting informa-
tion caused by sparse Gaussian points, further improving
the rendering quality of specular objects.

e Extensive experiments validate that the combination of
LD and HNGD methods can significantly enhance the de-
tails of scene rendering. Especially in handling specu-
lar reflections and complex lighting scenarios, our method
achieves the best visual quality compared with those of the
state-of-the-art (SOTA) methods.

1. Related Work
1.1. Traditional Physical Rendering Methods

Traditional physical reconstruction techniques [0, 37, 38,
42] strive to achieve highly realistic image rendering by
finely modeling the complex physics of the interaction be-
tween material surfaces and light. In the initial stages, tech-
niques such as the Lambertian [23] reflection model are
based on the assumption of ideal diffuse reflection surfaces
to achieve basic simulation of lighting effects. However,
this model is inadequate for representing more complex
phenomena such as highlights and anisotropic reflection.
Therefore, the field introduced the Phong [24] reflection
model and its improved version, the Blinn-Phong model,
which approximate lighting effects using empirical formu-
las and consider both reflected light and material properties,
significantly enhancing the ability to simulate lighting phe-
nomena.

A pivotal role in this domain is held by the Bidirec-
tional Reflectance Distribution Function [3, 35] (BRDF),
quantifying the scattering or reflection behavior of spe-

cific incident and reflected light directions, thereby of-
fering a theoretical foundation for simulating diverse sur-
face characteristics. The Cook-Torrance model [citation
needed], as an application, combines microfacet theory and
the Fresnel effect to provide accurate lighting simulations
for rough surfaces, while the Disney Principled BRDF [ci-
tation needed] simulates a wide range of materials with con-
trollable parameters (e.g., base color, metallicity, and rough-
ness), which further enhances fidelity and richness of detail
in image rendering.

1.2. implicit Rendering Methods

In contrast to traditional techniques, Neural Radiance
Fields (NeRF) [21] leverage implicit Multilayer Percep-
trons (MLPs) to render density and view-dependent col-
ors from three-dimensional coordinates and viewing direc-
tions [14, 29, 39], advancing the development of differen-
tiable volume rendering. In an extended study, a method is
introduced for reconstructing high-quality geometric shapes
and complex spatially varying BRDFs from a sparse im-
age datasets, which integrating and refining geometry and
BRDF by optimizing the latent space of a reflectance net-
work, significantly reducing photometric differences. This
approach also demonstrates practicality on sparse image
datasets and significant progress in acquiring high-quality
shapes and appearances. While NeRF exhibits unprece-
dented capabilities in reconstructing and rendering high-
quality 3D scenes, it still faces the challenge of high com-
putational costs in practical applications. [2, 12, 28, 30]

1.3. 3D Gaussian-based Methods

3D Gaussian Splatting [13] directly constructs 3D scenes
by employing a three-dimensional Gaussian distribution,
which significantly surpasses NeRF in rendering speed,
particularly in the optimization process of light synthe-
sis. Relightable [9] 3D Gaussian extends its functional-
ity by combining 3D Gaussian points with normals, global
and local quantities of incident light, and BRDF parame-
ters, refined through physics-based differentiable rendering.
This method also introduces an efficient visibility baking
technique based on boundary volume hierarchies [20, 31],
enabling real-time rendering and precise shadow effects.
GaussianShader [1 1] introduces a simplified shading func-
tion tailored for 3D Gaussians, focusing on enhancing the
rendering effects with scenes containing reflective surfaces
while ensuring the efficiency of both training and rendering
processes. By introducing an innovative normal estimation
framework, this method tightly associates shading param-
eters with the true geometric form of 3D Gaussians, sig-
nificantly improving the rendering quality, especially when
rendering specular objects. Nevertheless, challenges still
exist in accurately simulating light reflection effects, par-
ticularly in precisely capturing specular reflective objects,



occasionally leading to visual distortion and deformation
of reflective objects in reconstructed scenes. Our method
takes into account the differential effects brought about by
different reflections in the scene and separately handles the
reflective effects in the scene.

2. Methodology
2.1. Preliminary

3D Gaussian Splatting. Unlike traditional NeRF (Neural
Radiance Fields) implicit neural networks, 3D Gaussian
employs several three-dimensional Gaussian distributions
to explicitly represent scenes, thereby effectively improving
the rendering speed. In mathematics, a three-dimensional
Gaussian distribution can be defined by the following
formula:
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Among them, p is the center position, and ¥ is the
3D covariance matrix. In addition, 3D Gaussian Splitting
incorporates information on opacity o and color ¢ into each
Gaussian distribution for subsequent rendering work. In
our data, color c is represented by a fourth-order spherical
harmonic function [5, 25]. Subsequently, we project the
three-dimensional Gaussian onto a two-dimensional plane
to render the image.
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Among them, X/ is the 2D covariance matrix in the cam-
era coordinates, .J is the Jacobian matrix [40] of the affine
approximation projection transformation, and W is the
world-to-camera perspective transformation matrix. Given
the position of pixel z, we solve for its final color by mixing
N ordered points that overlap with the pixel.
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Here, « is obtained by multiplying the contribution of
opacity o with the 2D covariance calculated by Y’ and the
image’s spatial pixel coordinates.

Rendering equation The rendering equation [32] is
used to describe the interaction between light and surfaces
and is widely used in lighting models in the physical world.
It calculates the radiance at surface points x along the ob-
servation direction:
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Here, x is the surface point, n is the surface normal vec-

tor, f is the BRDF (Bidirectional Reflectance Distribution
Function) that describes the spatial reflection characteristics

of the surface, and L; is the ray incident from direction w;
onto point z, integrated over the hemisphere in direction €2
towards w;. When rendering 3D scenes, it is important to
choose the appropriate method for f and L; due to the com-
plex properties of materials and the differences in lighting
in different scenes.

2.2. LD: Light Decomposition 3D Gaussian

In the field of three-dimensional scene rendering, achieving
highly realistic visual effects not only mandates accurate
simulation of lighting effects but also demands a thorough
consideration of the differences between diffuse [36] reflec-
tion and specular [7] reflection lighting phenomena. This
requirement is particularly prominent when dealing with
materials that exhibit different lighting response character-
istics, such as rough wooden surfaces and smooth metallic
surfaces. However, current methods often overlook these
details, leading to significant discrepancies between the ren-
dered results on complex material surfaces and the real
world.

Therefore, when dealing with complex lighting scenar-
ios, the challenge lies in how to accurately capture the
different effects of diffuse reflection and specular reflec-
tion while ensuring computational efficiency, and take full
account of the interaction between the surfaces, changes
in lighting conditions and the diversity of material prop-
erties [41]. In this light, we propose an efficient three-
dimensional scene lighting framework that integrates dif-
fuse reflection, specular reflection, and incident light mod-
els. In this model, we employ a simplified incident lighting
model c to represent the impact of light on the scene.

c=V " Lgobal + Liocal o)

To enhance the realism and naturalness of the rendering
effects, we have refined the simulation of diffuse reflection
and specular reflection. Firstly, by combining spherical har-
monics and the cosine of the angle between the light ray and
the surface normal, we carefully adjust the contribution of
diffuse reflection to the lighting effects to ensure improved
naturalness and realism of the lighting effects from differ-
ent viewing angles. Additionally, we have further refined
the application of spherical harmonics in predicting spec-
ular reflection by more precisely controlling the direction
of lighting reflection and considering the influence of sur-
face properties on reflected lighting, that leads to a more
realistic specular highlights. Furthermore, considering the
differences in how different materials react to lighting, we
have carefully adjusted the balance between diffuse reflec-
tion and specular reflection in the rendering process. Specif-
ically, we utilize cy to calculate the final rendered color.

co=(1—a)-shc-cosh+ a- shc (6)



Decomposition

co=a-c1+(1—a) e

specular reflection

/)
LD
0

specular reflection

Ei é i \_l— n(z,w)

diffuse reflection

Normal Light

Densification

Sy, :Layered normal gradient, used to control density and size

%Q\g & @gg $

(5 00

LD3DG+NHGD

Figure 1. The pipeline of our method, with the LD module on the left and the HNGD module on the right

Where a is the weighting factor used to adjust the ratio
of the two reflection effects in the final result, when a = 1
means that favor towards full specular reflection and a =
0 indicates the pure diffuse reflection; shc is the spherical
harmonic coefficient used to calculate the colors for diffuse
and specular reflections; cos(f) takes into account the angle
between the direction of the lighting and the surface normal,
affecting the intensity of diffuse reflection.

2.3. HNGD : Hierarchical Normal Gradient Densi-
fication

The introduction of the spherical harmonic function al-
lows us to quickly estimate the light intensity in any di-
rection from precomputed coefficients, providing an effec-
tive means of approximating the lighting in complex scenes.
However, when these Gaussian points are too sparse, the
light prediction may produce large errors, especially in
specular reflections and highlight details, due to the lack of
sufficient local light information. To reduce this error and
optimize the lighting prediction, we introduce HNGD (Hi-
erarchical Normal Gradient Densification) for finer lighting
control to achieve higher quality rendering.

Hierarchical Gradient Densification. Under empirical
study, we found that simply increasing the number of Gaus-
sian points does not necessarily improving result accuracy.
On the contrary, this approach may lead to unnecessary ren-
dering errors due to the mutual interference between Gaus-

sian sampling distributions. In order to solve this problem,
we propose a hierarchical gradient densification approach,
which allows us to design different sizes of gradient defla-
tors for specific needs and features of the scene to further
improve the effectiveness of the densification process.

Specifically, during the experimental process, when the
fused gradient values of a certain region within the Gaus-
sian processed by LD reach the threshold for the next level,
we proceed with a splitting operation on the relevant Gaus-
sian. This operation involves dividing each Gaussian into
two, aiming to refine the distribution of Gaussian. By con-
trolling the number of Gaussian in a manner most benefi-
cial for the current region’s lighting representation, this ap-
proach allows for a more precise capture of lighting details
in complex scenes.

Normal Gradient Fusing. We adjust the densification
of the Gaussian points by using the gradient information.
However, since 3D Gaussian are more sparsely distributed
in space compared to traditional point cloud data, the geo-
metric gradient of the scene does not realistically represent
the shape changes. For this reason, we perform a weighted
fusion of geometric and normal vector gradients and use
adjustable weighting coefficients to meet different experi-
mental needs.

First, we use the center difference method for each vol-

ume point (X,y,z) in the scene to compute its gradient com-
ponents in the three directions X, Y, and Z.
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where V(x, y, z) is the density value located at (X,

¥, z). Next, we normalize the gradient vector G, =
(Gz, Gy, G,) to obtain the unit normal vector Gy, =

Gaue |Gey:ll = /GZ + G2 + GZ. Further, we compute

1Gay-”
the normal vector gradient G0, to capture the gradient
information induced by the change of normal vector:
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Combining the computed normal vector gradient compo-
nents AZ\Af,;, ANy, and ANZ, we obtain the normal vector
gradient vector AN = (AN,, AN,, AN,). The modulus
of AN is taken to obtain a scalar representation of the nor-
mal vector gradient strength: Gyorm = ||AN||. We use the
following formula for weighted fusion:
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where denom is the normalization factor and w is the fusion
weight, between 0 and 1, used to regulate the relative impor-
tance of the scene gradient (geometric gradient) (accumula-

tion of) G, » and the normal vector gradient (accumulation
of) G orm in the final fusion gradient Grad.

3. Experimentation
3.1. Training Detail

Many advanced methods exist for reconstructing and ren-
dering real-world scenes (e.g., [16, 17, 27, 39]). We dis-
cuss related work in detail in Section 2. We implemented
our method using PyTorch and CUDA, leveraging a sin-
gle NVIDIA V100 GPU. Following the training protocol
of 3D Gaussian Splatting (3D GS) [27], all models were
trained for 30,000 iterations, with each scene reconstruction
requiring less than 3 hours. We extend 3D GS by introduc-
ing additional parameters to control the synthesis of diffuse
and specular reflections, enabling fine-grained control over
lighting components during the rendering process.

3.2. Results and Evaluation Results

To assess NieR’s ability to render scenes with realistic
lighting and fine details, we compare it against Gaussian
Splatting as the baseline method. We employ established
quantitative metrics, including Peak Signal-to-Noise Ratio
(PSNR) [10], Learned Perceptual Image Patch Similarity

(LPIPS) [26], and Structural Similarity Index (SSIM) [18].
These metrics evaluate the similarity between rendered im-
ages and ground truth data, quantifying visual fidelity and
detail preservation. we compare our method with Gaussian
Splatting, Mip-NeRF360 [1], InstantNGP, and Plenoxels on
seven scenes from the Mip-Nerf360 dataset [1] and two
scenes from the Tanks & Temples dataset [2017]. This di-
verse set of scenes includes both indoor environments with
stable lighting (living rooms, kitchens) and outdoor sce-
narios characterized by complex lighting conditions (play-
grounds, gardens). Quantitative comparisons are presented
in Table 1 and Table 2, while Figure 2 showcases qualitative
comparisons. NieR demonstrates competitive performance
against baselines across various scenes, particularly in sce-
narios characterized by complex lighting. Notably, our
method achieves substantial improvements in both quantita-
tive metrics and visual quality under such challenging con-
ditions, highlighting its effectiveness in rendering scenes
with realistic lighting and intricate details.

Comparisons with other Methods. As one of the most
competitive NeRF methods, the Mip-NeRF360 method esti-
mates color and brightness by integrating across anti-aliased
cone regions of lighting. However, it does not consider
the reflective properties of different materials, which leads
to suboptimal performance in scenes with specular objects.
Because of the 3D Gauss Splatting method represents the
scene using 3D Gaussians and performs interleaved opti-
mization and density control on these Gaussians, provid-
ing an accurate representation of the scene. Nevertheless,
its reliance solely on spherical harmonics for lighting pro-
cessing results in coarse rendering effects in complex light-
ing environments. Our model introduces a lighting synthe-
sis module and a hierarchical densification module, offer-
ing a more effective rendering method for complex lighting
scenes and maintaining strong competitiveness in scenes
with relatively stable lighting. As shown in Table 1, our
method achieves the highest level across all metrics. Com-
pared to Mip-NeRF, our method improves SSIM by 8.7
percent, and compared to 3D Gauss Splatting, it improves
SSIM by 4.7 percent. The result indicates that our method
not only effectively reproduces realistic lighting variations
but also reduces the interference of noise on image quality,
and realistic the restoration of picture colors.

To further explore the performance of our method in dif-
ferent scenes, we present the comparative results based on
the PSNR metric in Table 2. It can be observed that our
method shows significant improvements in outdoor scenes
like gardens and in scenes containing specular objects such
as trains and cars. Especially in the train scene with a large
number of specular objects, our method outperforms Gaus-
sian Splatting by 25.02 percent in terms of PSNR. This in-
dicates a substantial enhancement in rendering specular ob-
ject scenes with our proposed method. Additionally, our
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method surpasses our baseline method Gaussian Splatting
in all scenes. While Mip-NeRF can produce high-quality
results in some scenes, it requires an average training time
of 48 hours on the same device. In contrast, our method has
an average training time of 1 hour and 47 minutes. It shows
that our method not only achieves high-quality rendering
effects but also maintains low memory consumption and
rendering time.

Qualitative Results. InstantNGP [22], Plenoxels [8],3D
Gaussian [13], and Mip-NeRF360 [1] rely solely on the
viewing direction for rendering, resulting in the loss of

some lighting information, which will cause the potential
boundary blurring and artifacts on the rendered object sur-
faces, as exemplified in the truck scene. While frameworks
such as Mip-NeRF360 can render the outline of a building
on the truck’s glass, it fails to capture details regarding the
floors and boundaries of the building. To address this de-
ficiency of lost lighting information, our framework intro-
duces specular and diffuse reflection information present on
the object surface. Our comparison shows that we can more
accurately reproduce the lighting changes and the clear out-
lines of building on the truck’s glass. 3D Gaussian utilizes



Table 1. The average metrics.We report the results of our model and other models compared on the Mip NeRF360 dataset and Tanks &
Temples dataset in all scenarios. The best number is highlighted in bold. 1 indicates that the larger the indicator, the better, | indicates that

the smaller the indicator, the better.

Model Mip NeRF360 ‘ Tanks & Temples

SSIMt | PSNR(dB) | LPIPS| | Train | SSIM? | PSNR(dB)? | LPIPS| | Train
Plenoxels 0.686 23.067 0.386 | 25m49s | 0.7180 21.08 0.343 25m5s
InstantNGP 0.724 25.381 0.336 5m37s | 0.7225 21.71 0.329 Sm26s
Mip-NeRF 0.823 27.585 0.219 48h 0.7575 22.21 0.256 48h
Gaussian-Splatting | 0.863 27.455 0.181 | 41m33s | 0.8400 23.14 0.182 | 26m54s
ours 0.910 30.524 0.153 | 1h36m | 0.9170 28.18 0.132 | 1h59m

Table 2. Our model and other comparison models have PSNR metrics for all scenarios in the Mip NeRF360 dataset and Tanks/Temples

dataset.

dataset ‘ Stump ‘ Room ‘ Kitchen ‘ Garden ‘ Counter ‘ Bonsai ‘ Bicycle ‘ truck ‘ train ‘ average
Plenoxels 20.677 | 27.574 | 23.433 | 23.503 | 23.636 | 24.710 | 21.897 | 23.231 | 18.944 | 23.067
InstantNGP 23.625 | 29.269 | 28.547 | 25.068 | 26.438 | 30.337 | 22.192 | 23.260 | 20.170 | 25.434
Mip-NeRF360 26.356 | 31.467 | 31.988 | 26.875 | 29.447 | 33.396 | 24.304 | 24911 | 19.522 | 27.585
Gaussian Splatting | 26.545 | 30.632 | 30.316 | 27.410 | 28.692 | 31.980 | 25.245 | 25.186 | 21.097 | 27.455
ours 30.984 | 30.886 | 33.484 | 29.661 | 32.573 | 33.369 | 27.398 | 29.993 | 26.376 | 30.524

Gaussian distribution for pixel smoothing during scene

rendering, leading to halo-like diffusion on surfaces
under complex lighting conditions. For example, the
“counter” scene in Figure 2, which smooth glare spots ap-
pear on the inner wall of the basin, lacking the expected
gloss and brightness in the central points. In order to miti-
gate the impact of Gaussian smoothing, our framework em-
ploys densification of Gaussian in areas with stronger light-
ing, resulting in brighter light spots on the basin surface. In
summary, these scenes demonstrate the advantages of our
framework in reproducing realistic lighting environments.
For instance, when generate color characteristics of ma-
terials such as metal and glass under lighting, our frame-
work provides surfaces with more gloss and brightness, ap-
proaching closer to the ground truth.

3.3. Ablation Studies

We segregate the algorithm into distinct modules and fur-
ther decomposed each module. Simultaneously, we design
a set of experiments to investigate the significance of each
module and its corresponding submodules on the model.
Ablation studies will be conducted on the LD and HNGD
modules.

3.3.1 Light Decomposition

Comparisons with Baseline It would fail to accurately
reconstruct details in scenarios involving diffuse or specu-
lar reflections, due to the limitation of 3D Gaussian Splat-

ting, which relies solely on spherical harmonics for han-
dling surface lighting.To validate the ability of the lighting
decomposition module to recreate different lighting condi-
tions in a scene, we conducted experiments on the train and
truck scenarios, as shown in Figure 3 (left column shows
the rendering results of 3D Gaussian Splatting, while the
right column displays our results). Firstly, Compared with
images (a) and (b), our framework eliminates the shadow
artifacts cast by deep green trees on the white steel frame,
revealing clearer outlines of the steel structure. Secondly,
for the windows of the house shown in images (c) and
(d), representing reflections on specular material objects un-
der complex lighting conditions, our module not only re-
constructs the tree information with real light and shadow
changes in the left window but also renders bright light-
ing information distinct from other objects in the right win-
dow. Finally, after multiple comparisons of rendered im-
ages from different perspectives, it was observed that our
framework can faithfully reproduce the color character-
istics of object surfaces, whether in scenarios involving dif-
fuse reflections or more pronounced specular reflections,
which proves the effectiveness of integrating diffuse reflec-
tion, specular reflection, and incident light models as input
information.

Quantitative Results To quantitatively evaluate the ren-
dering capability of the LD module in addressing dynamic
lighting perception, we conducted an ablation experiment
on the original scheme by removing the LD module to ob-



Figure 3. The top left image (a) shows the result of removing dif-
fuse light intensity, while the top right image (b) shows the com-
plete result. The left image (c) shows the result of removing specu-
lar reflection, while the right image (d) shows the complete result.

serve changes in metrics. As shown in Table 3, after the
LD module is removed, the PSNR and SSIM metrics
decreased by 5.5 percent and 12.8 percent , while the
LPIPS metric increased by 17.6 percent. The signifi-
cant changes in LPIPS and SSIM metrics resulting from
the removal of the LD module, indicate that the introduc-
tion of lighting information can produce images closer to
the ground truth in terms of human visual perception, and
accurately simulating the color characteristics of object sur-
faces under complex lighting conditions.

Table 3. Ablation studies on NeRF360 datasets using our proposed
methods.

Model | PSNR(dB)T | SSIM? | LPIPS|
Ours w/o LD and HNGD | 0.878 25.186 | 0.147
Ours w/o HNGD 0.929 28.886 | 0.125
ours 0.945 30.19 | 0.090

Analysis on the Lights To validate the capability of the
LD module in simulating real lighting scenarios, we com-
pared the scene without the diffuse reflection effect and
without the specular reflection effect by adjusting the pa-
rameters in the LD module. It was observed that when re-
moving either the diffuse reflection effect or the specular
reflection effect, the metrics of the model will decline. This
further emphasizes the effectiveness and importance of the
LD module in simulating lighting effects(especially specu-
lar reflection). Additionally, by comparing the changes in
the LPIPS metric during the ablation process, we found that
the complete LD module better preserves the contours and
colors of buildings in specular reflections, making the ren-
dered images closer to the original ground truth.

3.3.2 Hierarchical Densification

Effects of HNGD module Furthermore, we explored the
role of the hierarchical densification module in addressing
lighting variations. In Figure 4, we present visual compar-
ison results of three methods: without hierarchical densi-
fication strategy (b), sparse hierarchical densification strat-
egy (c), and dense hierarchical densification strategy (d). In
the experiment, we introduced a predefined threshold range
[1, 1.5, 2, 2.5, 3, 3.5] as the discriminative thresholds for
the sparse splitting hierarchical strategy, with values greater
than 3.5 being considered for the dense splitting hierarchi-
cal strategy. It was observed that the method without the ad-
dition of the hierarchical densification module struggled to
render high-quality results, as seen in image(b). Compared
with the ground truth revealed issues such as the fogging of
the station skeleton in the upper left corner and the trees to
the right, significant blurriness at the boundaries of mapped
trees, subtle variations in brightness, unclear color patches
in the darker leaf area at the bottom right of the mirror, and
a loss of hierarchical relationships with shadows.

Table 4. Ablation studies on the impact of lighting

Model | PSNR(B)! | SSIM? | LPIPS|
Light Synthesis w/o Diffuse Reflection | 0.928 28.791 | 0.129
Light Synthesis w/o specular 0.905 26.771 | 0.161
Full Light Synthesis 0.929 28.88 | 0.125

Our framework effectively addresses this issue by em-
ploying the hierarchical densification module, which can
selectively generate more Gaussian in regions with strong
brightness variations. Compared with Figure 4(a), (b), and
(c) reveals that even with the use of sparse hierarchical den-
sification strategy, we can accurately render a station with a
brighter skeleton and surrounding leaves, as well as bring
out the tree leaves in the lower right area of the mirror
from the dark shadow. Additionally, compared with Fig-
ure 4(a), (c), and (d), we observe that as the densification
level of Gaussian points increases, the trees on the win-
dows exhibit clearer brightness variations against a bright
sky background, and capture more light spots projected be-
tween the leaves. Analysis of the above comparative exper-
imental results, we have a significant observation that light-
ing scenes without using our HNGD module, there is often
a phenomenon of objects blending together and resulting in
color fog. However, when we adjust the Gaussian density
using HNGD, we render scenes with realistic hierarchical
details, demonstrating the effectiveness of our method in
achieving realism in rendering.

To quantitatively evaluate the impact of the hierarchical
densification module on enhancing the rendering capability
for dynamic lighting perception, we demonstrated the gains
brought by this module in terms of metrics by removing it



(a) Ground Truth

Figure 4. From left to right (a) shows Ground Truth, (b) shows no
hierarchical densification result, (c) shows sparse splitting hierar-
chical densification result, and (d) shows dense splitting hierarchi-
cal densification result.

from the existing method. As shown in Table 5, our method
shows improvements in multiple metrics compared to the
method without the densification module. Specifically, the
method using dense hierarchical strategy experiences a 30.9
percent decrease in LPIPS metric, demonstrate the restora-
tion capability of this module in lighting scenes.

Table 5. Ablation studies on the effect of hierarchical strategy to
densification

Model | PSNR(dB)? | SSIM? | LPIPS|
ours w/o hierarchical strategy 0.928 28.791 | 0.129
ours with sparse splitting hierarchical strategy | 0.938 29.592 | 0.106
ours with dense splitting hierarchical strategy | 0.945 30.195 | 0.090

Effects of Different Hierarchical Strategies To validate
the influence of our hierarchical densification module on
perceiving different lighting variations through hierarchical
adjustments, we dynamically adjust the densification levels
in the lighting variation module to observe the effects of dif-
ferent settings in handling various lighting scenarios. The
image in the red box in Figure 4 shows that, although dense
densification has a better build-up of the structure of reflec-
tive objects such as the base station, there is no significant
change for the deep shadow parts of the tree leaves com-
pared to sparse densification. This result guides us to adap-
tively adjust the densification strategy based on the strength
of lighting in the scene to save unnecessary time and mem-
ory overhead. In conclusion, as the level of densification
perceived by the module increases in areas with significant
lighting, it notably enhances the presence of stronger bright-
ness variations in corresponding positions in the rendered
images.

4. Conclusion

This paper presents NieR, a novel rendering method that in-
corporates both diffuse and specular reflection information.
NieR addresses regions with significant illumination varia-
tions through a hierarchical densification strategy, leading
to demonstrably improved rendering accuracy and realism.
This is particularly evident for objects with specular prop-
erties and complex scenes. Our work paves the way for
incorporating lighting information into 3D scenes rendered
using the Gaussian field representation. Future work will
focus on exploring NieR’s applicability in dynamic light-
ing scenarios and investigating its potential integration with
other rendering techniques for further performance gains.
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