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Abstract— Recent studies have highlighted the promising
application of NeRF in autonomous driving contexts. However,
the complexity of outdoor environments, combined with the
restricted viewpoints in driving scenarios, complicates the task
of precisely reconstructing scene geometry. Such challenges
often lead to diminished quality in reconstructions and extended
durations for both training and rendering. To tackle these chal-
lenges, we present Lightning NeRF. It uses an efficient hybrid
scene representation that effectively utilizes the geometry prior
from LiDAR in autonomous driving scenarios. Lightning NeRF
significantly improves the novel view synthesis performance of
NeRF and reduces computational overheads. Through evalua-
tions on real-world datasets, such as KITTI-360, Argoverse2,
and our private dataset, we demonstrate that our approach not
only exceeds the current state-of-the-art in novel view synthesis
quality but also achieves a five-fold increase in training speed
and a ten-fold improvement in rendering speed. Codes are
available at https://github.com/VISION-SJTU/Lightning-NeRF.

I. INTRODUCTION

Neural Radiance Fields (NeRFs) [1] have paved a novel
pathway for novel view synthesis, exhibiting remarkable
results across various datasets. When dealing with outdoor
scenes, the vastness, complex structures, and fluctuating
lighting conditions considerably amplify the complexity of
scene reconstruction and substantially heighten the compu-
tational demands. Recently, several methods have emerged
to address the challenges of applying NeRF to outdoor envi-
ronments. Specifically, NeRF-W [2] incorporates a learnable
appearance embedding to address lighting variations. In the
context of autonomous driving, some techniques [3], [4],
[5], [6] integrate point clouds to deliver enhanced geometric
information, addressing the issue of representing complex
structures. However, these methods often overlook the effi-
ciency and computational overhead associated with training
and rendering. More complex modeling and larger scenes
invariably lead to extended model training times.

In this paper, we propose an efficient hybrid scene repre-
sentation. We separately model density and color in NeRF,
using explicit and implicit approaches respectively. For den-
sity, point clouds offer an effective initialization, substan-
tially reducing representational challenges. This allows us
to explicitly model density using a limited-resolution voxel
grid, eliminating the need for a Multi-Layer Perceptron
(MLP). For rendering image details, we retain the implicit
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Fig. 1. Training efficiency. These curves reflect the trend of training PSNR
with time. The values are obtained on sequence 133e2e0b of Argoverse2 [8].

modeled color MLP to ensure the capacity to accommodate
the highly variable real world. Moreover, we present a more
realistic model of the outdoor scene background and color
decomposition, further elevating the quality of novel view
synthesis and rendering efficiency. Comparative studies on
real-world autonomous driving datasets, including KITTI-
360 [7], Argoverse2 [8] and a private dataset, show that
our method not only surpasses current state-of-the-arts in
performance for novel view synthesis but also achieves a
five-fold improvement in training speed and a ten-fold boost
in rendering speed.

II. RELATED WORK

A. Neural Radiance Fields (NeRF)

NeRF [1] emerged as a groundbreaking approach to syn-
thesize novel views of a scene by fitting a neural radiance
field given calibrated RGB images, offering unprecedented
quality in scene representation. Recent works [9], [10], [11],
[12], [13], [14], [15], [16], [17] pursuit of more detailed
modeling, coupled with architectural innovations to push
the boundaries of NeRF. However, a significant challenge
associated with NeRF is its computational intensity. Specif-
ically, NeRF requires querying a deep MLP millions of
times, which results in slow training and rendering. Many
studies [18], [19] attempt to accelerate the process through
more efficient sampling [20], [21], [22], [23] or enhanced
data structures [24], [25], [26], [27], [28], [29], [30], [31],
[32], essentially trading space for time. However, when
applied to outdoor unbounded scenes, they often encounter
problems such as slow convergence, insufficient capacity, or
excessive memory overhead.

B. NeRF in Outdoor Scenes

Outdoor environments, with their expansive scales and
complex lighting dynamics, pose fresh challenges for NeRF.
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Fig. 2. Overview of the proposed framework. The red and green boxes represent the foreground and background in our proposed scene representation,
respectively. Given point cloud data from LiDAR observations, we first use LiDAR Initialization to initialize the scene geometry (see Sec. III-C). Then, we
query the volume density σ and the color embedding feature f of each sample point along a ray from the voxel grids (see Sec. III-B). We adopt separate
MLPs for modeling view-dependent (with the viewing direction d as an additional input) and view-independent colors. Combining the two components
achieves the final rendered image (see Sec. III-D).

To break the limit of single model capacity, Block NeRF [33]
strategically segments vast scenes into smaller subsections
for more manageable reconstruction. NeRF-W [2] introduces
an appearance embedding for each camera view to learn
the photometric differences caused by variations in lighting
and viewpoint. To enhance the reconstruction fidelity of
large scene geometry, some researches consider additional
supervisions, e.g., point cloud data [3], [5], [6], [34] or
semantic labels [35], [36]. However, the expansion of scene
doesn’t merely demand augmented model capacity; it also
precipitates a decline in both model convergence and render-
ing speed. To this end, we harness the geometry cues from
point clouds and integrate them with efficient hybrid scene
representation. Our method not only facilitates high-fidelity
reconstructions, but also effectively boosts the model’s con-
vergence and rendering pace.

III. METHOD

A. Preliminaries

NeRF [1] represents a scene with an implicit function
F(x,d), often parameterized by MLPs, that returns a color
value c and a volume density prediction σ for a random 3D
point x in the scene observed from a viewing direction d:

(σ,f) = M(den)(x), (1)

c = M(rgb)(f ,d), (2)

where M(den),M(rgb) are MLPs and f is a latent embed-
ding to assist the much shallower M(rgb) to learn c (see
NeRF++ [9] for detailed discussions). Volume rendering [37]
is used to synthesize novel views. Concretely, to render
a pixel, NeRF leverages hierarchical volume sampling to
generate N points along the ray r. The predicted density
{σi}Ni=1 and color feature {c}Ni=1 at these positions are
combined by accumulation:

Ĉ(r) =

N∑
i=1

Ti(1− exp(−σiδi))ci, Ti = exp(−
i−1∑
j=1

σjδj),

(3)

where δi is the distance between adjacent samples. This
process is fully differentiable. Hence, the mean squared error
between the predicted and ground-truth colors corresponding
to each ray is used to supervise the optimization of NeRF.

While NeRF exhibits superior performance in novel view
synthesis, it suffers long training time and slow rendering
speed, which is in part because of the inefficiency of its
sampling strategy. To this end, [19], [20], [27] maintain
a coarse occupancy grid during training and only sample
locations inside occupied volume. We use a similar sampling
strategy as these works to boost the efficiency of our model.

B. Hybrid Scene Representation

Hybrid volumetric representations [20], [27], [30] have
achieved fast optimization and rendering with a compact
model. In view of that, we adopt a hybrid voxel-grid repre-
sentation to model the radiance field for efficiency. Briefly,
we explicitly model the volume density by storing σ at
grid vertices while using shallow MLPs to decode color
embeddings f into final color c in an implicit way. To handle
the unbounded nature of outdoor environments, we split our
scene representation into two portions for foreground and
background separately, as shown in Fig. 2. Concretely, we
inspect the camera frustum in each frame from a trajectory
sequence and define the foreground bounding box so that it
tightly wraps all frustums in the aligned coordinate system.
The background box is obtained by enlarging the foreground
box proportionally along each dimension.
Voxel-grid Representation. A voxel-grid representation ex-
plicitly stores the scene properties (e.g., density, RGB color,
or feature) in its grid vertices to support efficient feature
queries. In this way, for a given 3D location x ∈ R3, we can
decode the corresponding property by tri-linear interpolation:

G(x) ≜ ψ(x,G) : (R3,RC×NG×NG×NG) → RC , (4)

where G(·) denotes the decoding operation, ψ(·) is the tri-
linear interpolation, and G is the voxel grid. C indicates the
dimension of the outputs and NG gives the grid resolution.
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Foreground. We set up two separate feature grids for
modeling density and color embedding in the foreground
region. Specifically, the density grid mapping G(den)

fg maps
positions into density scalars σ for volume rendering. For
the color-embedding grid mapping G(rgb)

fg , we instantiate
multiple voxel-grid at different resolution backup by a hash-
table, as in [19], to achieve finer details with affordable
memory overhead. The final color embedding f is obtained
by concatenating outputs over L resolution levels.
Background. Although the aforementioned foreground mod-
eling works well for radiance fields at an object level,
extending it to unbounded outdoor scenes is non-trivial.
Some related arts like NGP [19] directly expands its scene
bounding box so that the background region can be included,
while GANcraft [38] and URF [5] introduces a spherical
background radiance to handle this issue. However, the
former attempt leads to a waste of its capability as most
regions inside its scene box are for the background scene.
For the latter proposal, it may fail in handling sophisticated
panorama in urban scenes (e.g., undulating buildings or
complex landscapes) since it simply assumes the background
radiance is only conditioned on view directions.

To this end, we set up an additional background grid
model to keep the resolution in our foreground portion
unchanged. We adopt the scene parameterization in [9] for
the background with deliberate designs. First, unlike its
inverse sphere modeling, we use inverse cubic modeling
that replaces the ℓ2 norm with the ℓ∞ norm since we use
a voxel-grid representation. Second, we do not instantiate
additional MLPs for querying background color to save
memory. Specifically, we warp 3D background points into
4D by

x = (x1, x2, x3) → (x′1, x
′
2, x

′
3,

1

r
) = x′, (5)

where r = ∥x∥∞ and x′k = xk/r for k = {1, 2, 3}. Then,
similar to the grid mapping used in the foreground, we
query 4D grid G(den)

bg and G(rgb)
bg given x′ to obtain σ and f

for background locations. Note that G(rgb)
bg shares the same

numbers of levels L and output dimensions C with G(rgb)
fg .

In a nutshell, our hybrid scene representation (HSR)
outputs density scalars and color embeddings for any 3D
locations. The foreground and background decomposition
is based on the points’ relative positions to the fore-
ground bounding box. Therefore, for simplicity, we will
omit the subscript for the grid mapping operation and use
G(den),G(rgb) in the following sections.

C. LiDAR Initialization

With our hybrid scene representation, the model can
save computation and memory as we query density value
directly from the efficient voxel-grid representation rather
than the computationally intensive MLP M(den). However,
given the large-scale nature and complexity of urban scenes,
this lightweight representation easily gets trapped into local
minima in optimization due to the limited resolution of the
density grid. Fortunately, in autonomous driving scenarios,

w/o CD w/ CD
Fig. 3. Visual results in the extrapolation setting with or without the
proposed color decomposition (CD). Best viewed in color with zoomed-in.

most Self-Driving Vehicles (SDVs) are equipped with Li-
DAR sensors, which provide coarse geometry priors for
scene reconstruction. To this end, we propose to use the
LiDAR point clouds to initialize our density grid to alleviate
the handicap of the joint optimization of scene geometry as
well as the radiance. Specifically, we first load LiDAR point
clouds Ppc = {pi|pi ∈ R3}Npc

i and additionally create a
set of points Pbg = {pj |pj ∈ R3}Nbg

j scattering in the top,
front, left and right surfaces of the background box. Then, we
manually initialize the density value σ at the corresponding
location p ∈ Ppc ∪ Pbg to be a positive constant σ0 by
adjusting the values in the density grid. Meanwhile, we
also update the occupancy grid used for efficient sampling
based on the output of the initialized density mapping. This
initialization process ensures the sample locations are sparse
in the scene and cluster around the objects’ surfaces. We
find that this step is crucial to the rendering quality and
efficiency of our hybrid scene representation (see ablation
study in Tab. V).

D. Color Decomposition

The original NeRF [1] uses a view-dependent MLP
M(rgb) to model the color in the radiance field, which is
a simplification of the physical world where radiance is
composed of diffuse (view-independent) color and specular
(view-dependent) color [39], [40], [41], [42]. Besides, since
the final output color c is fully entangled with the viewing
direction d, it poses difficulties to render high-fidelity im-
ages in unseen views (i.e., extrapolation), as M(rgb) is not
optimized for viewing directions out of training domains.
However, this is the common case in autonomous driving
since single trip usually can only scan limited space. Thus,
we propose to decompose the color into view-dependent
factor cvd and view-independent factor cvi to better simulate
the physical world. In this way, when the model faces large
shifts in viewing directions, the view-independent factor can
still give a reasonable prediction for the final color. As shown
in Fig. 3, our method trained without color decomposition
(CD) fails in novel view synthesis in the extrapolation setting
(i.e., shift the viewing direction 2 meters left based on
training views) while ours with color decomposition gives
a plausible rendering result.

We introduce two lightweight MLPs, denoted as
M(rgb vd),M(rgb vi), for modeling view-dependent color
cvd and view-independent color cvi, respectively:

cvd = M(rgb vd)(f ,d), (6)

cvi = M(rgb vi)(f). (7)
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The final color at the sample location is the sum of these
two factors:

c = cvd + cvi. (8)

We then use the conventional volume rendering to obtain the
color for a pixel as in Eqn. (3).

E. Training Loss

We modify the photometric loss with a re-scaling weight
wi to optimize our model to focus on the hard samples for
fast convergence. The weight coefficient is defined as:

wi = clamp(w̃i), (9)

where clamp(·) means to clip the value into [1, 10] and

w̃i =
∥Ĉ(ri)− C(ri)∥22

mini∈{1,...,N}(∥Ĉ(ri)− C(ri)∥22)
. (10)

Our weighted photometric loss is written as:

Lp =
1

N

N∑
i=1

⟨wi⟩ · ∥Ĉ(ri)− C(ri)∥22, (11)

where Ĉ(r), C(r) are the predicted and the ground-truth
color, ⟨·⟩ denotes the stop-gradient [43] operation. We ad-
ditionally regularize the view-dependent color cvd with a ℓ1
regularizer during training:

Lr =
1

M

M∑
j=1

∥cvd,j∥1. (12)

The total loss function is:

L = Lp + λLr, (13)

where λ is a weight parameter for balancing the two losses.

IV. EXPERIMENTS

A. Experimental Setup

Datasets. Three urban datasets are considered in our experi-
ments. Two of them are public-available, i.e., KITTI-360 [7]
and Argoverse2 [8], while the remaining one is a private
dataset used for evaluation on long trajectories. For KITTI-
360, we follow [3] to select 5 scenes mainly containing static
objects. Note that LiDAR sensors used in KITTI-360 only
capture near-ground objects due to a limited vertical field
of view. The incomplete LiDAR data inevitably hampers the
optimization of our model. To test our method with complete
LiDAR data, we use Argoverse2 and the private dataset. We
select 6 sequences from Argoverse2 Sensor Dataset and 2
trajectories from the private dataset. We select every 10th
image in the sequences as the test data for these two datasets
and take the rest as the training data.
Implementation Details. Our model is based on the NeRF-
Studio framework [46]. During training, we use RAdam [47]
optimizer for the density and color embedding grids with an
initial learning rate of 1.0. The MLP networks are optimized
via Adam [48] optimizer with an initial learning rate of 0.01.
λ in Eqn. (13) is set to be 0.01. We use a batch size of 65,536

TABLE I
QUANTITATIVE RESULTS ON THE KITTI-360.

Method Input PSNR ↑ SSIM ↑ LPIPS ↓

NeRF-W [2] I 22.77 79.40 44.60
NGP [19]+L [5] I+L 23.36 85.05 35.63
TensoRF [30] I 23.55 85.14 36.37
K-Planes [44] I 23.63 84.94 37.00
Point-NeRF [23] I+L 21.54 79.30 40.60
Tetra-NeRF [45] I+L 21.73 80.22 43.60
Mip-NeRF 360 [13] I 23.27 83.60 35.50
DNMP [3] I+L 23.41 84.60 30.50

Ours I+L 23.71 85.21 34.27

TABLE II
QUANTITATIVE RESULTS ON THE ARGOVERSE2.

Method Input PSNR ↑ SSIM ↑ LPIPS ↓

NGP [19] I 28.40 83.74 40.71
NGP [19]+L [5] I+L 28.64 84.07 40.37
TensoRF [30] I 30.05 84.09 42.31
K-Planes [44] I 29.26 83.56 41.86
Tetra-NeRF [45] I+L 29.59 84.33 42.68

Ours I+L 30.62 85.59 38.32

rays for training 30k iterations unless otherwise specified. All
experiments are conducted on an NVIDIA RTX 3090 GPU.
Evaluation Metrics. Following previous works [1], [3], [13],
we evaluate the novel view synthesis performance based on
three commonly-used metrics, i.e., peak signal-to-noise ratio
(PSNR), structural similarity index measure (SSIM) [49], and
the learned perceptual image patch similarity (LPIPS) [50].

B. Comparisons with the State-of-the-art Methods

Quality of Novel View Synthesis. To analyze the rendering
quality of our model, we present the novel view synthesis
metrics on KITTI-360 and Argoverse2 in Tab. I and Tab. II.
Due to the truncation of height in KITTI-360’s point clouds,
there’s a significant portion of missing coverage. This re-
sults in many foreground areas remaining uninitialized after
LiDAR initialization. Despite the challenge, we still surpass
the state-of-the-art methods in terms of PSNR and SSIM. It
should be noted that training DNMP [3] is far less efficient
than ours as it requires a mesh optimization stage before
training the NeRF. In contrast to the KITTI-360, the point
cloud coverage of Argoverse2 is much more comprehensive.
Consequently, our method exhibits clear superiority across
all metrics. We also display the rendered images and depth
maps in Fig. 4 for a qualitative comparison. Our depth
maps offer richer details with more consistent transitions,
effectively capitalizing on the prior information provided by
the point clouds. Furthermore, in Fig. 5, we showcase the
extrapolation results of our method. Extrapolation is essential
for closed-loop simulation systems. When SDVs exhibit be-
haviors different from the recorded data, the simulator should
be capable of generating observations from corresponding
views. Thanks to the refined depth and color decomposition
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Ground Truth K-Planes [44] NGP [19]+L [5] Tetra-NeRF [45] Ours
Fig. 4. Qualitative results on the Argoverse2. The first row shows rendered images and the second row shows depth maps. Best viewed in color.

TABLE III
COMPARISON OF TRAINING AND RENDERING SPEED WITH OTHER

METHODS. IN THE TABLE, “TT” REFERS TO THE TRAINING TIME, AND

“R-FPS” REFERS TO THE RENDERING FPS.

Method 133e2e0b (156m) 2aea7bd1 (139m) b1a98ad6 (106m)
TT(m) R-FPS TT(m) R-FPS TT(m) R-FPS

NGP [19] 2.62 0.19 4.32 0.19 3.61 0.17
NGP [19]+L [5] 2.27 0.22 3.88 0.23 3.17 0.19
TensoRF [30] 7.65 0.15 7.10 0.15 8.64 0.15
K-Planes [44] 13.13 0.23 12.92 0.23 10.74 0.23
Tetra-NeRF [45] 44.64 0.02 129.98 0.02 60.01 0.02

Ours 0.76 2.30 1.07 2.56 0.88 2.18

achieved by our method, our extrapolation results are con-
siderably superior compared to other techniques.
Training & Rendering Cost. Tab. III showcases the ad-
vantages of our proposed method in terms of training and
rendering speed. For a fair comparison of training speed,
we report the training time for each method to converge to
the same PSNR as NGP [19]. Specifically, we choose 3 se-
quences from Argoverse2 [8] in this section for comparisons.
For sequences 133e2e0b, 2aea7bd1, and b1a98ad6, we use
PSNR values of 28.5, 27.0, and 28.0, respectively, to report
the training time. We achieve significant speed improvements
in all test scenes. As can be seen from the table, the combi-
nation of our proposed LiDAR Initialization (LI) and Hybrid
Scene Representation (HSR) yields more than 4 times boost
in terms of convergence speed of our method compared with
NGP [19]. Additionally, because we model the occupancy
information explicitly, our instructive sampling reduces the
number of sample points during rendering and saves time
on MLP inference, thereby achieving a rendering speed that
is 10 times faster. We will discuss in detail the impact
of each component on speed in the following Sec. IV-C.
We also show the results in the private dataset in Tab. IV
to demonstrate the advantage of training speed on large-
scale scenes. For the 600m scene, the proposed method
trained within 1 minute exceeds the performance of NGP+L

TABLE IV
RESULTS ON THE PRIVATE DATASET. WE PRESENTED METRICS FOR

1-MINUTE AND 5-MINUTE TRAINING.

1min 5min
v1 (600m) PSNR ↑ LPIPS ↓ PSNR ↑ LPIPS ↓

NGP [19]+L [5] 27.95 41.68 29.03 38.43
Ours 30.48 37.14 31.69 33.14

v2 (1000m) PSNR ↑ LPIPS ↓ PSNR ↑ LPIPS ↓

NGP [19]+L [5] 27.34 45.06 29.27 41.33
Ours 28.79 40.65 30.04 36.83

trained for 5 minutes. These results convincingly verify the
efficiency of our proposed method.

C. Ablation Study

Analysis on Proposed Components. To analyze the roles
of different components, we present the novel view synthesis
quality and efficiency in Tab V. The PSNR values in the table
are obtained under the standard training setting on test sets,
while the training time reflects how long the models converge
to the same PSNR as NGP [19], same as in Tab. III. Based on
our method, we respectively remove corresponding modules
to analyze the differences in outcomes, including Hybrid
Scene Representation (HSR), LiDAR Initialization (LI), and
Color Decomposition (CD). From the table, it’s evident that
the most significant impacts on training and rendering speed
come from HSR and LI. Specifically, when HSR is ablated,
the model uses NGP’s multi-scale hash grids to store features
and uses separate MLPs to implicitly model both volume
density and color. In large-scale scenes, high-resolution hash
grids cause severe hash collisions. NGP typically relies
on MLPs to handle these collisions, making the spatial
representation ambiguous and leading to declines in novel
view synthesis performance. Additionally, the density MLP
introduces prediction overheads, resulting in a significant
drop in training and rendering speeds. On the other hand,
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Reference View K-Planes [44] NGP [19]+L [5] Tetra-NeRF [45] Ours
Fig. 5. Extrapolation results on the Argoverse2. Based on the reference view, we moved the camera 2 meters to the left.

TABLE V
ABLATION STUDIES FOR PROPOSED COMPONENTS ON THE ARGOVERSE2.

Variant 133e2e0b 2aea7bd1 b1a98ad6
PSNR #Sample/Ray TT(m) R-FPS PSNR #Sample/Ray TT(m) R-FPS PSNR #Sample/Ray TT(m) R-FPS

w/o HSR 29.23 77.12 3.93 0.34 26.36 51.73 8.71 0.56 28.89 64.01 4.56 0.40
w/o LI 25.65 39.42 Inf. 0.72 25.86 34.48 Inf. 0.76 24.61 47.19 Inf. 0.60
w/o CD 31.86 27.07 0.57 1.29 30.42 21.40 0.70 1.53 31.42 24.06 0.82 1.27
Ours 31.74 12.06 0.76 2.30 30.04 11.26 1.07 2.56 31.55 12.61 0.88 2.18

TABLE VI
ABLATION STUDIES FOR BACKGROUND MODELING IN TERMS OF PSNR.

Background Modeling 133e2e0b 2aea7bd1 b1a98ad6

Enlarged Scene Box [19] 31.43 24.46 30.02
Sphere Background [5] 30.94 26.34 29.21
Ours 31.74 30.04 31.55

without LI, plus the absence of an MLP in our model to fit
density, it cannot converge to NGP’s PSNR. This results in
the training time being shown as “Inf.”. Furthermore, due
to the absence of initialization and fitting capabilities, the
model struggles to represent space sparsely, leading to a
substantial number of samples per ray. This, in turn, leads
to a noticeable decline in both rendering speed and quality.
Finally, CD enables the model to focus its representation
on most non-translucent and non-reflective areas without
requiring excessive sample points for description. However,
unsupervised decomposition slightly increases the fitting
complexity, leading to a minor drop in PSNR. This represents
a trade-off between performance and efficiency.
Analysis on Background Modeling. Here, we compare our
background modeling strategy with the aforementioned pro-
posals, i.e., “Enlarged Scene Box” used by [19] and “Shpere
Background” adopted by [5]. The comparative results are
shown in Tab. VI. From the table, it is observed that our
background modeling approach consistently outperforms the
others by a clear margin, which verifies the advantage of our
proposed strategy in autonomous driving scenarios.
Analysis on Color Modeling. Some recent work [26], [28]
propose to use spherical harmonic (SH) to model scene
appearance explicitly for efficiency, avoiding the need for
a color MLP. To compare the effectiveness of our proposed
color modeling with SH representations, we conduct ablation
studies and show the results in Tab. VII. It is observed that
SH representations achieve fast rendering speed thanks to

TABLE VII
ABLATION STUDIES FOR COLOR MODELING.

Color Modeling 133e2e0b 2aea7bd1 b1a98ad6
PSNR R-FPS PSNR R-FPS PSNR R-FPS

SH (degree=0) 27.42 3.83 22.80 3.91 28.25 3.64
SH (degree=1) 29.06 3.33 24.33 3.43 28.98 2.96
SH (degree=2) 29.14 2.64 24.68 2.79 29.29 2.43
Ours 31.74 2.30 30.04 2.56 31.55 2.18

explicit color modeling. However, due to the complexity
inherited from large-scale scenarios, SH with limited grid
resolution cannot achieve fine rendering quality compared
with our hybrid representations. In summary, our method
enjoys efficient training and rendering via explicit modeling
of scene geometry while maintaining rich expression ability
for scene appearance via implicit color modeling.

V. CONCLUSION

This paper introduces Lightning NeRF, an efficient novel
view synthesis framework for outdoor scenes that integrates
point clouds and images. The proposed method utilizes
point clouds for a swift initialization of a sparse represen-
tation of the scene, achieving significant performance and
speed enhancements. By modeling the background more
effectively, we reduce the representational strain on the
foreground. Finally, through color decomposition, we model
view-dependent and view-independent colors separately, en-
hancing the model’s extrapolation capability. Extensive ex-
periments on various autonomous driving datasets demon-
strate that our method outperforms the previous state-of-the-
art techniques in both performance and efficiency.
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