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Abstract. While surface normal estimation from point clouds is a fun-
damental problem in computer vision, there has been limited exploration
on LiDAR point clouds. Recent approaches adopt Transformer-based
models designed for large-scale point clouds to achieve single-step esti-
mation, still struggling to estimate surface normals with high computa-
tional efficiency and accuracy. In this paper, we propose an efficient sur-
face normal estimation method for LiDAR point clouds, termed ESNE.
It converts point clouds into a sequence data format and leverages a
state space model to capture long-range dependencies. To capture lo-
cal structure, the proposed method introduces a local attention module
incorporating an efficient and explicit search for neighboring points on
the sequence. Furthermore, the proposed method introduces a feature
refinement module using structural variability as guidance to enhance
the shape representations of local regions. Experimental results on large-
scale LiDAR point cloud datasets demonstrate that the proposed method
improves the mean accuracy by over 33.4% and achieves more than twice
the inference speed compared to state-of-the-art methods.

Keywords: Surface Normal Estimation · LiDAR Point Clouds · Vari-
ability Guidance

1 Introduction

Surface normal estimation of point clouds is a fundamental problem in computer
vision and graphics, aiming to determine normal vectors that represent the lo-
cal orientation of object surfaces. Accurate surface normals play a crucial role
in a wide range of applications, such as surface reconstruction [24, 26, 27, 48],
registration [9,53,58], and autonomous driving [7,50,79]. However, the inherent
nature of point clouds, including sparsity, irregularity, and geometric complexity,
along with locally uneven distributions and missing points, remains a significant
challenge that hinders accurate surface normal estimation.

Traditional surface normal estimation methods [1, 6, 22, 23, 28] estimate nor-
mals through geometric surface fitting techniques, such as principal component
analysis and local polynomial fitting on neighboring points. However, these meth-
ods are highly sensitive to noise and the selection of neighboring points. With
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advances in deep learning technology, learning-based methods have been intro-
duced and have demonstrated promising performance in surface normal estima-
tion [3, 11, 17, 32–35,71,81]. Most of these methods estimate the surface normal
at the center of a local patch composed of neighboring points, leveraging de-
tailed local geometric structures to achieve high accuracy. Nevertheless, they are
primarily designed and evaluated on object-level or small-scale scene datasets,
where point clouds are relatively densely and uniformly sampled. In contrast,
LiDAR point clouds with a sparse, non-uniform distribution make local patches
unreliable, degrading the performance of these methods.

Recently, a publicly available dataset and method designed to advance re-
search on surface normal estimation for LiDAR point clouds have been pro-
posed [47]. It is the first large-scale point cloud dataset with ground truth surface
normal labels. The method is able to estimate surface normals of LiDAR point
clouds in a single step without constructing local patches as a pre-processing
step. However, the model of this method depends on many stacked convolu-
tional and attention layers to achieve a wide receptive field, which can lead to
high parameter counts and high inference costs. Additionally, it is limited in its
ability to capture complex local structures since the model applies an attention
mechanism within local point groups without performing an explicit k-nearest
neighbor search. As a result, local structural variations that are important for
accurate surface normal estimation may be missed.

To address these challenges, we propose an efficient and accurate surface nor-
mal estimation method for LiDAR point clouds, termed ESNE. The proposed
method is a novel framework designed to effectively capture both global and local
structures from point clouds with various point densities and long-range spatial
distributions. The proposed method leverages the long-range modeling capabil-
ities of a state space model [15] to capture global structural context from point
clouds in a sequence data format. To model local surface details, the proposed
method introduces an efficient local attention based on an explicit k-nearest
neighbor search that exploits the spatial proximity of space-filling curves [55].
Furthermore, the proposed method introduces guidance based on structural vari-
ability to enhance local shape representations. This guidance is derived from the
local attention weights obtained in the previous step, enabling efficient compu-
tation. Evaluation experiments on large-scale LiDAR point cloud datasets show
that the proposed method achieves more accurate surface normal estimation
while providing more than twice the inference speed of state-of-the-art methods.

The main contributions of this research can be summarized as follows:
– We propose an efficient and accurate surface normal estimation method for

LiDAR point clouds, which effectively captures both global structural con-
text and local surface details.

– We design a local attention module that incorporates an efficient k-nearest
neighbor search operating on point clouds in sequence data format, enabling
effective modeling of local structures.

– We introduce a feature refinement module that leverages structural variabil-
ity based on attention weights as guidance to enhance shape representations
of local regions.
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– The experimental results demonstrate that the proposed method achieves
superior surface normal estimation accuracy while providing more than twice
the inference speed compared to state-of-the-art methods.

2 Related Work

2.1 Surface Normal Estimation

Early studies estimated surface normals by fitting a geometric surface to the
local neighboring points [1,22,23,28]. Among these approaches, Principal Com-
ponent Analysis (PCA) [22] is the most widely used method, which estimates the
surface normal as the direction of minimum variance within a local patch. Sev-
eral variants based on more complex surface models have also been proposed,
including moving least squares [30], jet fitting [6], and spherical fitting [16].
These methods rely on geometric priors for point cloud data and require careful
parameter tuning depending on the data type. To improve the performance of
surface fitting-based normal estimation, learning-based methods have been pro-
posed [3,5,11,29,32,76,80,81]. DeepFit [3] predicts point-wise weights and applies
weighted polynomial surface fitting to estimate local surfaces and their normals.
Subsequent works, such as AdaFit [81], GraphFit [32], and Du et al. [11], also use
learning-based approaches to improve the performance of local surface fitting.

Apart from the surface fitting, several studies have explored learning-based
methods that directly regress surface normals from point clouds [4,17,33–37,46,
47,64,71,72]. PCPNet [17] predicts surface normals from features extracted from
local patches with PointNet [56]. CMG-Net [71] addresses the ambiguity in scale
selection by introducing a network architecture that aggregates multi-scale local
features and fuses hierarchical geometric information. SHS-Net [34] extracts fea-
tures independently from local patches and a globally subsampled point set, and
predicts surface normals with an attention-weighted prediction module based on
the aggregation of these features. MSECNet [72] introduces edge detection based
on multi-scale feature fusion and edge conditioning to improve estimation accu-
racy in normal varying regions. However, many of these methods perform infer-
ence on a local patch basis, which makes them unsuitable for estimating surface
normals from large and irregularly distributed LiDAR point clouds. In contrast,
LiSu [47] enables surface normal estimation for LiDAR point clouds without
constructing local patches as a pre-processing step by utilizing the Point Trans-
former V3 [69]. Nevertheless, it performs attention mechanisms at the group
level without explicitly searching for neighboring points, which limits its ability
to model local structures that provide crucial cues for surface normal estimation.

2.2 Deep Learning on 3D Point Clouds

While PointNet [56] is a pioneering deep learning framework that directly takes
point clouds as input, it struggles to capture local structures. To enhance local
feature extraction, subsequent methods have proposed effective network archi-
tectures based on point convolution [38, 41, 62, 68] and graph convolution [42,
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Fig. 1: Overview of the proposed method. The input is a point cloud P = {pi ∈ R3}Ni=1,
and the output is the estimated surface normals Ŝ = {ŝi ∈ R3}Ni=1. The network archi-
tecture follows the U-Net framework, with each block comprising a State Space Model
(SSM) module and a Sequential Local Attention (SLA) module. A Variability-guided
Feature Refinement (VFR) module is introduced at a stage preceding the bottleneck.

59, 66, 73]. Subsequently, Transformer-based architectures that apply attention
mechanisms for feature extraction have been explored [18,61,65,69,70,74,78]. To
mitigate the quadratic computational complexity of global self-attention, most
approaches adopt local attention mechanisms restricted to spatially neighboring
points. Nevertheless, the computational complexity of local attention remains a
challenge. Recent studies have adopted a state space model for point clouds to ad-
dress the limitations of attention mechanisms, leveraging their ability to capture
long-range dependencies with linear complexity [19, 31, 39, 40, 43, 63, 67, 75, 77].
However, a state space model has limited ability to capture local structures in
point clouds. Although several methods address this issue by constructing local
patches using the farthest point sampling [12,49] and k-nearest neighbor search,
the high computational complexity of these operations limits their scalability to
large-scale point clouds. In contrast, the proposed method effectively captures
both long-range dependencies and local structure through a hybrid architecture
comprising a state space model and efficient local attention mechanisms.

3 Proposed Method

Fig. 1 shows an overview of the proposed method. The input to the proposed
method is a point cloud P = {pi ∈ R3}Ni=1 containing only point coordinates,
and the output is the estimated surface normals Ŝ = {ŝi ∈ R3}Ni=1. The network
architecture of the proposed method follows the U-Net framework [57], which
consists of four-stage encoders and decoders. The proposed method first gener-
ates a mapping that converts the input point cloud into a sequence data format
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through serialization [69]. In this process, point coordinates are projected into a
discrete space using a grid size, generating integer codes that represent their or-
dering along a particular space-filling curve [55]. Sorting these codes establishes
a mapping to the order in the space-filling curve pattern. The embedding module
projects the coordinates of the point cloud ordered according to this mapping
into a high-dimensional feature representation. The processing blocks in the en-
coder and decoder at each stage consist of a State Space Model (SSM) module
and a Sequential Local Attention (SLA) module. Each block is repeated accord-
ing to a specific depth d. The proposed method introduces a Variability-guided
Feature Refinement (VFR) module at the stage preceding the bottleneck to in-
corporate structural variability information. As downsampling and upsampling
modules, the proposed method adopts grid pooling and grid unpooling [70] with
skip connections. The head module predicts the surface normals from point-wise
features obtained in the final decoder block. The Ground Truth (GT) of surface
normals S = {si ∈ R3}Ni=1 is used to compute the loss functions.

In the rest of this section, we describe the SSM, SLA, and VFR modules in
Sec. 3.1, Sec. 3.2, and Sec. 3.3, respectively. We also describe the loss functions
in Sec. 3.4 and the network architecture in Sec. 3.5.

3.1 State Space Model

SSM [15] represents continuous dynamical systems that capture the relationship
between input sequences and outputs through latent hidden states. Given an
input x(t) ∈ R, the model maintains a hidden state h(t) ∈ RM and generates an
output y(t) ∈ R with the linear ordinary differential equation:

h′(t) = Ah(t) +Bx(t), y(t) = Ch(t) +Dx(t), (1)

where A ∈ RM×M , B ∈ RM×1, and C ∈ R1×M are learnable parameters, and
D ∈ R1 represents the residual connection, and M indicate the dimension of the
hidden state. The continuous-time formulation is discretized using the zero-order
hold method with a fixed time step ∆:

Ā = exp(∆A), B̄ = (∆A)−1(exp(∆A− I)) ·∆B. (2)

From Eqs. (1) and (2), the discrete formulation is represented as follows:

ht = Āht−1 + B̄xt, yt = Cht +Dxt. (3)

This discretization enables SSM to model long-range dependencies in linear time.
We describe the structure of the SSM module shown in Fig. 1. This module

takes sequence data as input and first applies layer normalization [2]. To facili-
tate learning diverse contexts, a reverse sequence is generated from the forward
sequence and subsequently concatenated with it. These sequences are processed
sequentially through a linear layer, a Depth-Wise Convolution (DWConv) [8], a
Sigmoid Linear Unit (SiLU) activation [13], and a selective SSM [15]. A multipli-
cation gate mechanism is introduced through element-wise multiplication with
the result of applying SiLU activation to the output of the linear layer. The hid-
den states from the forward and reverse sequences are aggregated by summing
them after aligning their order. The aggregated hidden states are subjected to
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layer normalization and a linear projection layer for output. Finally, residual
connections to the output of the first layer normalization are applied.

3.2 Sequential Local Attention

While SSM excels at capturing long-range dependencies in one-dimensional se-
quence data, it is limited in modeling three-dimensional spatial structures. To
address this limitation, the proposed method incorporates a local attention mod-
ule that leverages k-nearest neighbor points to capture local structures. However,
k-nearest neighbor search algorithms based on spatial distance have high compu-
tational complexity, making them problematic when scaling to point clouds with
large numbers of points. To improve efficiency, the proposed method introduces
a k-nearest neighbor search based on index differences of points in a sequence
data format ordered through serialization. For clarity, we refer to this method
as sequential k-NN, while the spatial distance-based method is spatial k-NN.

Fig. 2: Illustration of the
sequential k-NN for k = 5.
Red, green, and white points
represent the query point,
neighboring points, and oth-
ers, respectively.

Let I = {i ∈ Z | 1 ≤ i ≤ Nl} denote the index
set of the point cloud in sequence data format, and
O = {i ∈ Z | −o ≤ i ≤ o} denote the set of index
offsets. Here, Nl represents the number of points in
the l-th stage. The index set of neighboring points
of the i-th point is represented as

N (i) = {j ∈ I | (j − i) ∈ O}, (4)

where |N (i)| = 2o+1, and we define k = 2o+ 1. At
the edges of the sequence data, replication padding
is applied. Fig. 2 illustrates sequential k-NN for
k = 5, which uses a Hilbert curve [21] as the se-
rialization pattern. The query point itself is also
included in the neighboring points. The sequen-
tial k-NN has the advantage of significantly higher
processing efficiency than the spatial k-NN, even
though it exhibits inferior spatial proximity.

In the SLA module shown in Fig. 1, the input feature vectors and coordinates
of the point cloud are denoted as F = {fi ∈ RDl}Nl

i=1 and P = {pi ∈ R3}Nl
i=1,

respectively. Here, Dl represents the channel dimension in the l-th stage. This
module first searches the neighboring point index set N (i) for each point with
sequential k-NN. Then, the expanded feature vector zij is generated by feeding
the concatenation of the feature vector and relative coordinates with a point-wise
Multi-Layer Perceptron (MLP) as follows:

zij = MLP(fi || pi − pj), ∀j ∈ N (i), (5)

where MLP consists of two linear layers with Rectified Linear Unit (ReLU) [14,
52] activations, and || denotes the concatenation operation. The feature vector
zij is passed through a linear layer parameterized by θ and normalized using the
softmax function. As a result, the weights wij that indicate the importance of
the j-th neighboring points to the i-th point are estimated as

wij = Softmax(Linearθ(zij)). (6)
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The feature vectors zij are also passed through a linear layer parameterized by
ϕ and aggregated as a weighted sum based on the weights wij , represented as

zi =
∑

j∈N (i)

wij · Linearϕ(zij). (7)

Then, the aggregated features are subjected to batch normalization [25] and
Gaussian Error Linear Unit (GELU) [20] activation. Finally, residual connec-
tions with the input feature vectors are applied. Let G = {gi ∈ RDl}Nl

i=1 and
W = (wij) ∈ RNl×k denote the set of feature vectors and weight matrix output
by the module, respectively.

3.3 Variability-guided Feature Refinement

Although local attention mechanisms are effective at capturing local structures,
they aggregate features through summation operations, leading to the loss of
higher-order statistics in the weight distribution that capture structural het-
erogeneity. To model the structural characteristics of local regions, the proposed
method introduces a variability-guided feature refinement. It learns to adaptively
adjust feature vectors based on the degree of structural variability, serving as a
refinement mechanism to enhance local shape representations.

In the VFR module shown in Fig. 1, the input feature vectors and weight
matrix are denoted as G = {gi ∈ RDl}Nl

i=1 and W = (wij) ∈ RNl×k, respectively.
This module derives the standard deviation σi ∈ R for each point over the spatial
dimension from the weight matrix W , which is given by

µi =
1

k

k∑
j=1

wij , σi =

√√√√1

k

k∑
j=1

(wij − µi)
2
. (8)

Since attention weights over homogeneous structures tend to be approximated
by a uniform distribution, the standard deviation reflects deviations from struc-
tural homogeneity. Therefore, the σi can be interpreted as a scalar feature en-
coding the degree of structural variability of the local region. That is, a small
σi indicates a homogeneous local structure, and a large σi indicates an inhomo-
geneous one. For numerical stability, min-max normalization is applied to the
σi on a batch basis, and the normalized standard deviation is denoted as σ̂i.

Fig. 3: Visualization of the
normalized variability.

Fig. 3 illustrates the degree of variability, show-
ing that it is higher in regions where the local
structure is inhomogeneous. The module feeds the
concatenation of gi and σ̂i into an MLP, applying
residual connections to refine features guided by
structural variability. Therefore, the refined fea-
ture vector ri ∈ RDl is given as

ri = gi +MLP(gi || σ̂i), (9)

where MLP consists of two linear layers with ReLU
activations, and || denotes the concatenation oper-
ation. The output of this module is refined feature
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vectors. Large standard deviations derived from the weight matrix at shallow
stages may arise from attention to noise and outliers rather than from inhomo-
geneous local structure. To address this concern, the proposed method introduces
the VFR module at the stage preceding the bottleneck, where these effects are
suppressed through downsampling.

3.4 Loss Functions

Similar to previous work [47], the model is trained using a combination of
Weighted Mean Absolute Error (WMAE) loss, Spatial Graph Total Variation
(SGTV) regularization, Temporal Graph Total Variation (TGTV) regulariza-
tion, and Eikonal regularization.

The WMAE loss between the estimated surface normal and the corresponding
GT surface normal is formulated as

LWMAE =
1

N

N∑
i=1

wi∥si − ŝi∥1, (10)

where wi is a weight that is inversely proportional to the frequency of si.
The SGTV regularization term is introduced to spatially smooth the esti-

mated surface normals. It is defined using the set of edges E = {(i, j) | j ∈ N (i)}
of the spatial k-NN graph constructed from the point cloud P:

LSGTV =
1

|E|
∑

(i,j)∈E

wij∥ŝi − ŝj∥1, (11)

where wij is a weight decaying with the distance between points pi and pj .
The TGTV regularization term is introduced to enhance the temporal con-

sistency between two consecutive frames. Let the point clouds at time t and t+1,
transformed into a common coordinate system, be denoted as Pt = {pt

i ∈ R3}Nt

i=1

and Pt+1 = {pt+1
i ∈ R3}Nt+1

i=1 , respectively. Let the estimated surface normals
corresponding to them be Ŝt = {ŝti ∈ R3}Nt

i=1 and Ŝt+1 = {ŝt+1
i ∈ R3}Nt+1

i=1 , re-
spectively. The edge set in the spatial k-NN graph from Pt to Pt+1 is constructed
as Et→t+1 = {(i, j) | j ∈ N t→t+1(i)}. The TGTV regularization term is defined
as follows:

LTGTV =
1

|Et→t+1|
∑

(i,j)∈Et→t+1

wij∥ŝti − ŝt+1
j ∥1, (12)

where wij is a weight decaying with the distance between points pt
i and pt+1

j .
The Eikonal regularization term is introduced to impose a unit norm con-

straint on the estimated surface normals and is defined as

LEikonal =
1

N

N∑
i=1

(∥ŝi∥2 − 1)
2
. (13)

The total loss L is formulated as a weighted sum of the loss and regularization
terms:

L = LWMAE + α (LSGTV + LTGTV + LEikonal) , (14)
where α is a weight for adjusting the balance of terms.
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3.5 Network Architecture

We describe the details of the network architecture shown in Fig. 1. We set the
encoder channel dimensions to [64, 64, 128, 256, 512] and the decoder channel
dimensions to [64, 64, 128, 256]. The encoder depth is set to [1, 1, 2, 4, 1], and
the decoder depth is set to [1, 1, 1, 1]. The grid size for serialization is set to 0.1.
The grid size multiplier is set to 2 at all stages. The serialization patterns include
a Hilbert curve [21] that sequentially scans along the x, y, and z axes, as well
as variants that operate along the y, z, and x axes, and z, x, and y axes. Unlike
the previous study [47], Z-order curves [51] are not included in the serialization
patterns since they have low locality-preserving properties. The hidden state
dimension of the SSM module is set to M = 32. For sequential k-NN, k is set to
9. The embedding module is implemented as an SLA module excluding residual
connections. The output dimensions of the hidden layers of the MLP in Eqs. (5)
and (9) are set to be the same as the dimensions of the final output layer. The
prediction head is implemented as a point-wise MLP consisting of three linear
layers with ReLU [14, 52] activations, except for the final layer. The channel
dimensions of the prediction head are set to [64, 32, 16, 3].

4 Experiments

4.1 Experimental Setups

Datasets. As public LiDAR datasets with surface normal labels are limited,
the main dataset used to evaluate the proposed method is the LiSu dataset [47].
This dataset consists of large-scale LiDAR point clouds generated using the
CARLA [10] simulator from a variety of urban and rural environments, including
downtown areas, small towns, and highways. The LiDAR sensor is configured to
emit 64 laser beams at a frame rate of 10 Hz and capture approximately 100k
points per frame. Gaussian noise with a standard deviation of 0.02 meters is
introduced into the point clouds. Following [47], we downsampled the test set to
every fifth frame to allow for a fair comparison within a reasonable timeframe.
Baselines. We adopt traditional surface normal estimation methods, PCA [22]
and Jet [6], as baseline methods. The k-NN is set to k = 32 in these methods. We
also adopt state-of-the-art supervised learning-based methods, including PCP-
Net [17], GraphFit [32], Du et al. [11], NGLO [33], CMG-Net [71], SHS-Net [34],
MSECNet [72], and LiSu [47] as baseline methods. We trained models of these
supervised learning-based methods on the LiSu dataset according to the settings
described in [47]. For all methods except LiSu, the patch size is set to 32.
Evaluation Metrics. As evaluation metrics, we adopt the Mean, Median, and
Root Mean Square Error (RMSE) of the angle error in degrees. The Median
reflects the accuracy achieved for most points, and the Mean and RMSE capture
the overall error magnitude and the influence of large angular deviations. We
also adopt 5.0◦, 7.5◦, 11.5◦, 22.5◦, and 30.0◦ as evaluation metrics, indicating the
proportion of predictions with angular errors below each threshold. Furthermore,
we present the average inference time (Time) to evaluate the efficiency.
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Table 1: Quantitative performance comparison with state-of-the-art methods for sur-
face normal estimation. Time is reported in seconds. The symbols ↓/↑ indicate that
lower/higher values are better. Bold indicates the best result in each column.

Method Mean↓ Med.↓ RMSE↓ 5.0◦↑ 7.5◦↑ 11.25◦↑ 22.5◦↑ 30.0◦↑ Time↓
PCA [22] 72.75 29.64 107.96 40.47 44.27 47.85 52.08 53.85 0.10
Jet [6] 38.41 21.69 53.85 10.33 18.17 30.19 52.04 59.52 12.34
PCPNet [17] 10.83 1.74 22.03 66.36 70.17 73.82 80.74 84.27 11.82
GraphFit [32] 9.45 1.18 21.96 70.77 72.83 74.71 77.08 79.35 15.76
Du et al. [11] 9.40 1.15 21.64 71.35 73.21 75.07 77.51 80.01 16.15
NGLO [33] 10.54 1.48 22.16 73.45 76.81 78.71 80.26 83.33 24.86
CMG-Net [71] 12.42 2.61 24.63 64.81 69.71 73.09 74.93 77.16 34.49
SHS-Net [34] 7.88 0.83 19.32 77.37 79.38 82.01 86.46 89.10 22.79
MSECNet [72] 6.65 1.55 15.01 72.19 79.64 85.55 92.18 94.12 7.53
LiSu [47] 6.26 0.40 17.38 81.01 84.31 87.12 91.52 93.03 0.08
Ours 4.17 0.20 13.94 87.40 89.73 91.87 94.73 95.68 0.04

Implementation Details. We implement the proposed method using the Py-
Torch framework [54]. We train the model for 50 epochs with a batch size of 4
in mixed precision. We use the AdamW optimizer [45] with a maximum learning
rate of 0.0001 and weight decay of 0.005. The cosine annealing strategy [44] is
used for scheduling the learning rate. During training, we randomly downsam-
ple the point cloud to 70k points. We use data augmentation, including rotation,
scaling, jitter, flipping, and point shuffling. We apply random dropout with prob-
ability 0.3. In the k-NN graph for both SGTV and TGTV, k is set to 8 as in
previous work [47]. In Eq. (14), α is set to 0.1. All experiments are conducted
on a workstation equipped with two NVIDIA RTX 6000 Ada GPUs, an AMD
Ryzen Threadripper PRO 7985WX CPU (3.20 GHz), and 128 GB of RAM.

4.2 Comparison with State-of-the-art Methods

Quantitative Evaluation. Table 1 shows a comparison of surface normal es-
timation performance. It can be seen that the proposed method achieves supe-
rior performance over the baseline methods across all metrics, improving mean
accuracy by more than 33.4%, while being more than twice as fast in infer-
ence. Table 2 compares the number of model parameters (Params) with the
floating-point operations (FLOPs) and Peak Memory Usage (PMU) during in-
ference, for the proposed method and the second fastest method, LiSu [47].

Table 2: Comparison of efficiency.

LiSu [47] Ours
Params↓ 46.2 M 4.9 M
FLOPs↓ 1670.1 G 413.1 G
PMU↓ 1.01 GB 0.59 GB

The proposed method reduces the Params
by 89.4% and also shows superior effi-
ciency in terms of FLOPs and PMU, com-
pared to LiSu. The high computational ef-
ficiency of the proposed method opens up
the possibility of real-time processing for
surface normal estimation.
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Ours GTLiSu

SHS-Net MSECNetGraphFit

Fig. 4: Qualitative performance comparison with state-of-the-art methods on the LiSu
dataset. The colors of the points represent the normal vectors mapped to RGB values.
A legend sphere is shown in the bottom right. As highlighted by the red rectangle, the
proposed method estimates surface normals close to the GT, even for irregular points.

OursLiSuMSECNet

Fig. 5: Visualization of the angular errors of estimated normals. The colors of the points
represent the angular errors, which are mapped to RGB values using the colormap.

Qualitative Evaluation. Fig. 4 shows the surface normal estimation results
and the GT surface normals. The colors of the points represent the normal
vectors mapped to RGB values. As highlighted by the red rectangle, baseline
methods sometimes produce inaccurate estimation results of surface normals for
irregular and sparse LiDAR point clouds. In contrast, it can be confirmed that
the proposed method consistently achieves accurate surface normal estimation.
Visual Error Analysis. Fig. 5 visualizes the magnitude of the angular error
between the estimated surface normals and the GT normals. The colors of the
points represent the angular errors, which are mapped to RGB values using



12 K. Matsuzaki and K. Nonaka

OursLiSuMSECNet

GraphFit SHS-NetInput

Fig. 6: Qualitative evaluation on real-world LiDAR point clouds. The colors of the
points in the Input represent vertical heights, while in the other cases, they represent
normal vectors mapped to RGB values. A legend sphere is shown in the bottom right.
The red rectangle highlights that the proposed method estimates smoother normals.

the colormap. While baseline methods can estimate surface normals with high
accuracy in planar areas such as the ground, they suffer from large errors for
complex shapes such as street trees. The proposed method can estimate surface
normals with high accuracy across the entire scene, including complex shapes.
Generalization to Real-world Data. We verify the generalization ability of
the proposed method on LiDAR point clouds acquired in the real world. Fig. 6
shows the surface normal estimation results on the Waymo Open Dataset [60]
using models trained on the LiSu dataset. This figure does not include GT since
this dataset does not provide surface normal labels. Baseline methods are often
observed to estimate surface normals that are inconsistent with spatial structure,
as highlighted by the red rectangle. It can be seen that the proposed method
estimates surface normals with greater consistency and smoothness than the
baseline methods, demonstrating its generalization ability.

4.3 Ablation Study

Model Architecture. We evaluate the individual effectiveness of the main
components of the proposed method: SSM, SLA, and VFR. Table 3 shows the
results of the ablation study for these components. When ablating SLA, VFR
is also ablated since our VFR requires the weight matrix obtained from SLA.
Ablating SSM prevents the capture of global context, making accurate estima-
tion of spatially consistent surface normals challenging. The abolition of SLA
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Table 3: Ablation study. Time is reported in milliseconds. SSM: State Space Model.
SLA: Sequential Local Attention. VFR: Variability-guided Feature Refinement.

SSM SLA VFR Mean↓ Med.↓ RMSE↓ 5.0◦↑ 7.5◦↑ 11.25◦↑ 22.5◦↑ 30.0◦↑ Time↓

✓ ✓ 4.29 0.24 14.03 86.51 89.06 91.40 94.61 95.65 38.2
✓ 5.38 0.28 16.16 83.59 86.65 89.29 93.14 94.37 35.0
✓ ✓ 4.33 0.20 14.36 87.20 89.50 91.63 94.50 95.45 41.4
✓ ✓ ✓ 4.17 0.20 13.94 87.40 89.73 91.87 94.73 95.68 41.5

Table 4: Comparison of different k-nearest neighbor searches in the proposed method.
Time is reported in milliseconds.

Method Mean↓ Med.↓ RMSE↓ 5.0◦↑ 7.5◦↑ 11.25◦↑ 22.5◦↑ 30.0◦↑ Time↓

Sequential k-NN 4.17 0.20 13.94 87.40 89.73 91.87 94.73 95.68 41.5
Spatial k-NN 3.70 0.19 12.84 88.60 90.90 92.83 95.42 96.27 495.2

Table 5: Impact of difficulty.

Class Low Mid. High
Sequential k-NN 1.25 2.03 9.23
Spatial k-NN 1.09 1.80 8.21
Deg. rate [%] 14.7 12.8 12.4

Table 6: Sensitivity analysis of k for the SLA
module. Time is reported in milliseconds.

k 3 5 7 9 11 13 15

Mean ↓ 5.04 4.66 4.32 4.17 4.12 4.08 4.03
Time ↓ 37.6 38.9 40.4 41.5 43.9 46.1 51.0

makes it difficult to capture local structures, resulting in significant performance
degradation. Performance decreases when VFR is not included, due to the lack of
variability information. The proposed method including all components achieves
the best estimation accuracy, confirming the effectiveness of these components.
Effect of k-NN Search. In the proposed method, the sequential k-NN search
can be replaced with a spatial k-NN search. Table 4 compares the performance
of surface normal estimation when using these k-NN searches. When spatial
k-NN search is adopted, while the average inference time increases significantly,
the estimation accuracy improves. This is because the spatial proximity of the
k-nearest neighbors is improved by the spatially exact neighbor search. There-
fore, the proposed method can further improve estimation accuracy by adopting
the spatial k-NN search when inference time is not a primary constraint.
Impact on Challenging Cases. We also quantitatively evaluate the impact of
sequential k-NN search on performance in geometrically challenging cases. For
this purpose, we classified the points into Low, Middle, and High difficulty classes
based on the curvature calculated with PCA. Table 5 compares the Mean metric
of sequential k-NN search and spatial k-NN search. The degradation rate of
sequential k-NN search is lowest in the High class, confirming its adverse impact
on accuracy in geometrically challenging cases is not particularly significant.
Analysis of k for SLA Module. We analyze the sensitivity of k for the
SLA module. Table 6 shows the Mean and Time metrics for different k values,
indicating a trade-off between accuracy and inference speed. We chose k = 9
since the improvement in accuracy becomes less significant beyond this point.
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Table 7: Robustness.

Setting Mean↓
Default 4.17
Z-order [51] 4.23
Rotation 4.25
Noise 4.32

Stage of VFR Module. We evaluate the impact of introducing the VFR mod-
ule at different stages. Fig. 7 shows the Mean metric when the VFR module is
introduced in each of stages 1 to 4. The results show that the best performance is
achieved in the fourth stage, supporting the effectiveness of our network design.
Variation of Point Density. We evaluate performance under varying densities.
Fig. 8 shows the Mean metric when random sampling is applied to the test set
at different rates. The proposed method achieves a Mean metric of 5.0 or less at
sampling rates down to 30%, confirming its robustness to varying point densities.
Robustness Evaluation. Table 7 summarizes the robustness evaluation un-
der different settings. The first row represents the default settings. The second
row specifies a variant that uses the Z-order curve [51] instead of the Hilbert
curve [21] as the serialization pattern. The third and fourth rows represent set-
tings that apply random rotation around the vertical axis and Gaussian noise
with a standard deviation of σ = 0.01 to the test set, respectively. The results
demonstrate the robustness of the proposed method against these factors.

4.4 Evaluation on Surface Reconstruction

We further evaluate the effectiveness of the proposed method on surface recon-
struction, an important downstream task of surface normal estimation. For sur-
face reconstruction, we adopt NKSR [24], a neural surface reconstruction frame-
work that takes point clouds associated with surface normals as input. We use the
pre-trained NKSR model provided in the official repository. Following [24], we
conduct experiments on the CARLA (Original) and CARLA (Novel) datasets,
which consist of LiDAR point clouds captured in outdoor scenes. Quantitative
evaluation metrics include Chamfer Distance based on the L1 norm (CD-L1),
Normal Consistency (NC), and F-Score (FS).

Table 8 summarizes the surface reconstruction performance using surface nor-
mals estimated by the baseline methods and the proposed method. The final row
of this table reports the results obtained when using the GT normals as input,
provided as a reference. The proposed method achieves the best surface recon-
struction performance that is closest to the results of GT normals, highlighting
the high accuracy of surface normal estimation. Fig. 9 shows the reconstructed
surfaces for qualitative evaluation. The colors of mesh faces represent their nor-
mal vectors mapped to RGB values. It can be seen that the proposed method
reconstructs smooth surfaces with high fidelity, confirming its effectiveness.
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Table 8: Surface reconstruction performance using estimated surface normals. CD-L1:
Chamfer Distance based on the L1 norm. NC: Normal Consistency. FS: F-Score

CARLA (Original) CARLA (Novel)

Method CD-L1↓ NC↑ FS↑ CD-L1↓ NC↑ FS↑
MSECNet [72] 0.0374 0.939 0.927 0.0322 0.954 0.948
LiSu [47] 0.0362 0.948 0.932 0.0307 0.965 0.952
Ours 0.0357 0.951 0.934 0.0306 0.966 0.953

GT normals 0.0340 0.960 0.941 0.0290 0.974 0.961

GT normalsOursLiSuMSECNet

Fig. 9: Visualization of surface reconstruction results using estimated surface normals.

5 Conclusion

In this paper, we propose ESNE, a novel surface normal estimation method for
LiDAR point clouds. The proposed method enables efficient and accurate sur-
face normal estimation from point clouds converted to a sequence data format
with a meticulously designed network architecture. Furthermore, the proposed
method enhances local shape representations through feature refinement under
the guidance of structural variability in local regions. Quantitative and quali-
tative evaluation experiments demonstrate that the proposed method achieves
state-of-the-art performance in both efficiency and accuracy. The evaluation re-
sults on generalization to real-world data and surface reconstruction also support
the robustness of the proposed method.

The proposed method has some limitations, which also suggest directions to
be explored in future work. Although the sequential k-NN preserves a certain
degree of spatial proximity, it does not guarantee an accurate identification of
neighboring points. In addition, the proposed method still has room for accel-
eration through more effective placement and configuration of its constituent
modules. We will address these limitations to improve performance and work on
estimation for broader types of point clouds.
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