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H I G H L I G H T S

• A LiDAR-based absolute pose regression network is proposed, which accurately and efficiently regress 6-DoF poses.

• A dual-branch architecture is designed to extract complementary information from raw point clouds and range images.

• A Feature Fusion Module is adopted to capture correlations between two types of data and achieve efficient feature fusion.

• Extensive experiments on the Oxford RobotCar dataset and the NCLT dataset, show that our network achieves good performance.
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A B S T R A C T

LiDAR localization is a critical component in fields like intelligent robotics and autonomous driving. Absolute pose 

regression (APR) techniques directly infer global poses from input point clouds through end-to-end regression, 

achieving superior computational efficiency. However, APR struggles with dynamic objects and environmental 

noise in large-scale scenarios. To address this, we propose an APR network called APR-BiCA to fuse complemen­ 

tary information from raw point clouds and range images, which aims to improve the localization accuracy of 

robots in large-scale autonomous driving scenarios. The APR-BiCA incorporates two distinct branches: one ex­ 

tracts features from the raw point cloud to capture key features and build global point relationships, while the 

other processes the range image derived from the point cloud to extracts robust structural features. Additionally, 

a bidirectional cross attention mechanism combined with a gating unit-based fusion module is designed to fa­ 

cilitate effective inter-modal feature interaction, thereby enhancing the feature representational capability to 

support efficient handling of large-scale environments. Experimental results on the Oxford RobotCar and NCLT 

datasets demonstrate the superior performance of APR-BiCA, while maintaining exceptional efficiency. This well-

balanced combination of accuracy and efficiency underscores its potential to advance LiDAR-based localization 

technology and drive its practical application in real-world autonomous driving systems.

1 . Introduction

In recent years, LiDAR has emerged as a crucial sensor for environ­ 

mental perception, owing to its robustness against lighting conditions, 

weather, and other environmental factors, as well as its capability to 

provide precise depth information. LiDAR-based localization, which in­ 

volves estimating the position and orientation from LiDAR point clouds, 

plays a pivotal role in a variety of applications, including autonomous 

driving [1], place recognition [2,3], and robot navigation [4].

A typical approach for LiDAR-based localization involves map-based 

retrieval methods that estimate a 6-DoF pose by matching features 

between a query point cloud and a 3D database or pre-built map, of­ 

fering accurate global pose estimation [1,5–9]. These methods usually 

require high costs for map storage and communication, and are more 

appropriate for offline situations than for real-time mobile applications. 

Different from that, absolute pose regression(APR) [10–13] directly esti­ 

mates the 6-DoF pose of the 3D query point cloud using deep regression 

networks, enabling LiDAR-based localization with a single forward pass. 

This approach helps alleviate the computational and storage burdens 

associated with map-based retrieval methods, enabling real-time pose 

regression to meet the localization needs of robotics, mobile apps, and 

autonomous vehicles.
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Although absolute pose regression methods have achieved initial 

success, they are susceptible to interference from dynamic objects and 

noise in autonomous driving scenarios. To solve this problem, the ro­ 

bustness of the model to disturbances needs to be further improved, 

especially in outdoor environments. The point cloud representation 

plays a key role. Various representation formats of LiDAR data have been 

utilized as the inputs for localization, including voxels [7], normal distri­ 

butions transform (NDT) cells [14], bird’s eye views [15,16], and range 

images [5,12,16,17]. Each representation has its unique advantages 

in capturing different characteristics of point cloud data. Therefore, 

how to choose the appropriate representation is crucial to improve the 

localization accuracy and robustness in large-scale autonomous driv­ 

ing scenarios. In this study, we try to explore the complementarity of 

multi-modal data and integrate their respective strengths. By fusing 

complementary modalities, we aim to enhance the algorithm’s robust­ 

ness against dynamic objects, sensor noise, and environmental variations 

in large-scale scenarios, addressing a critical limitation of single-modal 

APR methods.

Moreover, the efficiency–accuracy trade-off is a barrier to real-world 

applicability in large-scale scenarios. High-resolution LiDAR processing 

retains details but causes prohibitive computational overhead, while 

lightweight representations reduce latency but lose critical features, 

leading to localization drift. Inspired by prior work [47], we further 

design a lightweight multi-modal fusion framework to balance the ex­ 

pressive power of multi-modal data with optimized feature extraction, 

ensuring the algorithm meets on-board computing constraints while 

maintaining high precision.

Against this backdrop, the selection of appropriate LiDAR represen­ 

tations becomes a pivotal link in addressing both motivations. It serves 

as the foundation for multi-modal feature fusion and as a lever for 

controlling computational overhead.

In this paper, we propose APR-BiCA, an absolute pose regression 

network that leverages both raw point cloud and range image as com­ 

plementary inputs to achieve accurate and efficient localization. The 

raw point cloud preserves fine-grained 3D geometric relationships, and 

range images capture intuitive 2D structural and depth cues. Therefore, 

we design a dual branch structure to process these two kinds of data. 

The point cloud branch uses a point-based network and self-attention 

to capture key features and global point relationships, while the range 

image branch employs a residual network to extract robust structural 

features. Eventually, a fusion module with bidirectional cross-attention 

and a gating unit enables effective inter-modal interaction, presenting 

fused features for pose regression. By fusing the strengths of these two 

inputs, APR-BiCA effectively mitigates the shortcomings of single-modal 

representation, while avoiding the efficiency–accuracy tradeoff of con­ 

ventional multi-modal methods. This design enables the network to 

achieve robust, high-precision localization specifically tailored to the 

complexity of large-scale autonomous driving scenarios.

Our key contributions are summarized as follows:

• A lightweight, efficient multi-modal pose regression framework 

named APR-BiCA is proposed for LiDAR localization, addressing the 

tradeoff between real-time performance and robustness in large-scale 

scenarios.

• APR-BiCA adopts a dual-branch architecture: one extracts point 

cloud features via an attention-based module to dynamically weight 

point-wise features and model global point relationships, while the 

other extracts range image features to capture structural and depth 

cues. A bidirectional cross-attention mechanism combined with a 

gating unit-based fusion module fuses these heterogeneous features, 

enabling effective inter-modal interaction and reducing multi-source 

redundancy.

• Extensive experiments on two representative autonomous driving 

datasets, Oxford RobotCar and NCLT, demonstrate not only APR-

BiCA’s competitive localization performance but also its notable 

efficiency.

2 . Related work 

2.1 . Map-based LiDAR localization

Map-based LiDAR localization methods strive to recover the global 

pose of a query point cloud against a pre-built map by establishing 

a correspondence matching, which can be divided into local feature-

based [18–20] global feature-based [15,16], and semantic-based ones 

[21–24]. The local feature-based methods extract and match features 

between the query point cloud and the map, and these methods are pri­ 

marily suitable for scenarios where the scale of the query point cloud 

and the map are relatively consistent, such as indoor environments. The 

global feature-based methods such as BEVplace [15] and BEVPlace++ 

[16], first use place recognition to identify the most suitable keyframe 

or submap for the query, and then calculate the pose transformation 

matrix. The semantic-based methods first conduct object detection or se­ 

mantic segmentation, and then match the semantic features to achieve 

localization. For example, in [23], long-term static objects in the scene, 

such as poles and trunks, are extracted and registered into a semantic 

cluster map to enhance localization accuracy. However, the consider­ 

able expenses for map storage and communication present a barrier to 

the large-scale deployment of map-based methods.

2.2 . Attention for pose regression

The attention mechanism achieves great success in the field of 

NLP [25,26] and shows great potential in the field of computer vision 

[27–30,48] due to its strong capability for aggregating features. PointLoc 

[11] is a pioneering work in the field of LiDAR-based absolute pose re­ 

gression. This work adopts PointNet++ to learn global features from 

query point clouds and leverages a self-attention mechanism to further 

refine these features. TransAPR [31] designs spatial and temporal fusion 

modules based on Transformer architecture to enable comprehensive 

feature interaction among the neighboring images in the input sequence, 

achieving more robust localization under challenging environments. 

Similarly, STCLoc [34] employs attention-based feature aggregation to 

enhance features by integrating adjacent frames. The diverse viewpoints 

from different frames provide complementary contextual cues, thereby 

enhancing discriminative feature learning and reducing scene ambigu­ 

ities. The paper [32] employs two separate Transformers to focus on 

position and orientation features derived from a convolutional back­ 

bone. AtLoc [10] proves that the attention can be used to force the 

network to focus on objects and features that are more geometrically 

robust. DiffLoc [50] uses attention to construct the basic estimation 

module, thereby achieving position regression based on conditional 

generation of poses at the cost of extremely time-consuming training. 

However, compared to the aforementioned visual-based absolute pose 

regression, there are still limited studies on LiDAR-based absolute pose 

regression with attention.

2.3 . Absolute pose regression (APR)

Absolute pose regression uses deep learning networks to directly 

regress poses end-to-end without a pre-built map. Early APR methods 

primarily concentrated on the visual domain, leveraging convolutional 

neural networks to extract features from RGB images and directly regress 

camera poses [33]. However, with the widespread adoption of LiDAR 

technology and the advancements in point cloud data processing, LiDAR-

based APR methods are increasingly emerging as a prominent research 

focus. PointLoc [11] and the method in [13] are the earliest LiDAR-

based global pose regression frameworks. PointLoc’s contribution also 

lies in collecting and creating a new indoor LiDAR-visual sensor dataset, 

named vReLoc. The paper [13] introduces a universal encoding mecha­ 

nism to eliminate the need for redundant retraining of the entire network 

from scratch. STCLoc [34] uses attention-based feature aggregation to 

capture the correlation in LiDAR sequences and uses a classification 

task to regularize regression in the spatial dimension. SGLoc [35] sep­ 

arates the pose estimation process into two distinct tasks: regressing 
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Fig. 1. Overview of the proposed APR-BiCA, consisting of a point cloud and range image feature encoder to extract and align features, a feature fusion module based 

on bidirectional cross attention and gating unit to extract correlations among the features of two different inputs, and a pose regressor to return 6-DoF poses.

point cloud correspondences and estimating the pose based on these 

correspondences. NIDALoc [36] incorporates neurobiologically inspired 

mechanisms into deep networks to enhance the regularization of APR. 

These studies have demonstrated remarkable achievements, however, 

compared to map-based localization methods, they still have significant 

room for improvement in accuracy.

3 . Methodology 

3.1 . Overall framework

In this section, we provide a detailed description of our framework. 

An overview of the APR-BiCA architecture is illustrated in Fig. 1. It con­ 

sists of three modules: a point cloud and range image feature encoder 

(PRFE), a feature fusion module based on bidirectional cross attention 

and gating unit (FFM), and a pose regressor. PRFE has two branches 

that extract features from the point cloud and range image, respectively. 

FFM extracts correlations among the features of two different inputs 

to achieve effective feature fusion. The pose regressor generates 6-DoF 

poses.

3.2 . Point cloud and range image feature encoder

Point cloud encoding module: We use PointNet++[34] to encode 

the point cloud into high-level features. PointNet++ resolves point 

cloud permutation invariance through symmetric function operators. 

Its hierarchical architecture contains three components: (1) Sampling 

layer, using iterative farthest point sampling to choose key points; (2) 

Grouping layer, forming clusters of points based on a radius around 

the sampled points; (3) PointNet [35] layer, extracting local features 

from each cluster. All extracted local features are then aggregated into 

a global feature 𝐹 . To further refine the point cloud features extracted 

by PointNet++, we propose an attention feature learning module that 

enhances point cloud global feature representations. This module oper­ 

ates in two stages. A multilayer perceptron (MLP) with shared weights 

first computes importance scores via Sigmoid activation, which are then 

multiplied element-wise with the original point features. Then we use 

a transformer [25] to learn the inter-feature dependencies captured by 

the self-attention mechanism. Attention feature learning module can be 

expressed as follows: 

𝐹 𝐿 = Transformer(𝜎(W 2 

ReLU(W 1 

F))F) (1)

where 𝑊 1 

 and 𝑊 2 

 are weight matrices of the MLP, 𝜎 denotes the sigmoid 

function.

Spherical view projecting and encoding module: Range images, 

which are dense but lightweight, can effectively preserve the distance 

information of the scene and perform well in many computer vision tasks 

[5,17,37,38]. A range image is generated from the point cloud through 

spherical projection [17], which converts the Cartesian coordinates of 

the point cloud into spherical coordinates, and map points to the pixel 

positions of the range image. A point 𝑝 = (𝑥, 𝑦, 𝑧) ∈ 𝑅 

3  can be projected 

to a range image 𝐼 ∈ 𝑅 

2  by Eq. (2), and its corresponding pixel value 

can be computed by Eq. (3). 

(

𝑢
𝑣

) 

= 

(

1
2

[ 

1 − arctan 2(𝑦, 𝑥)∕𝜋 

] 

𝑤
[ 

1 − 

( 

arcsin(𝑧∕𝑟) + 𝑓 𝑢𝑝 

) 

∕𝑓 

]

ℎ 

) 

(2)

𝐼 (𝑢, 𝑣) =
√

𝑥2 + 𝑦 

2 + 𝑧 

2 (3)

where 𝑤, ℎ, and 𝑟 are the width, height, and depth of the range image, 

respectively. The vertical field-of-view of the LiDAR sensor is defined as 

𝑓 = 𝑓 𝑢𝑝 

+𝑓 𝑑𝑜𝑤𝑛, where 𝑓 𝑢𝑝 

 and 𝑓 𝑑𝑜𝑤𝑛 are the upward and downward field-

of-view angles, respectively. Mature CNN architectures can be applied 

to quickly extract features from range images. Therefore, we use a pre-

trained ResNet34 [39] as the backbone to extract features.

It is worth noting that the features generated by the point cloud 

encoding module and ResNet34 have different sizes. This dimensional 

mismatch not only hinders the establishment of direct feature correspon­ 

dence but also compromises the representational consistency required 

for robust modality interaction. To guarantee the effective subsequent 

cross-modal interaction and feature fusion, we introduce a linear trans­ 

formation layer to map the range image features to the size same as the 

point cloud features. The alignment process preserves the original fea­ 

ture distribution while enabling subsequent cross-attention mechanisms 

to operate in a unified feature space.

3.3 . Feature fusion module based on bidirectional cross attention and 

gating unit

Direct concatenation of point cloud and range image features may 

lead to feature redundancy or conflicts, especially when there is a sig­ 

nificant difference in the distribution of the two features. An efficient 

fusion strategy is needed to simultaneously integrate point cloud and 

range image features. Inspired by the application of cross attention 

in multimodal fusion [42–44,49], we propose a feature fusion mod­ 

ule based on bidirectional cross attention and a gating unit (FFM). The 

FFM works collaboratively through bidirectional cross attention and an 

adaptive gating mechanism, using cross attention to capture the inter­ 

dependence between point cloud features and range image features, and 

dynamically weighting the features through a gating unit to obtain more 

robust feature representations, avoiding redundancy caused by direct 

concatenation or other simple methods.

Given the LiDAR point cloud features 𝐹 𝐿 

∈ 𝑅 

𝑁×𝐷  and the range 

image features 𝐹 𝑃 

∈ 𝑅 

𝑁×𝐷  extracted by the PRFE, the bidirectional 

cross attention computation for the point cloud features is formalized 

as:

ℎ 

𝐿→𝑃
𝑖 = softmax 

( 

(𝐹 𝐿𝑊 

𝑄 

𝑖 )(𝐹 𝑃𝑊 

𝐾
𝑖 ) 

𝑇

√ 

𝑑∕ℎ

) 

(𝐹 𝑃 

𝑊 

𝑉 

𝑖 ) (4)
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𝐹 

′
𝐿 = 𝐹 𝐿 

+ Concat 

( 

ℎ(𝐿→𝑃 )
1 ,… , ℎ(𝐿→𝑃 )

ℎ

) 

𝑊 

𝑜 (5)

and that for range image features is calculated as:

ℎ 

𝑃 →𝐿
𝑖 = sof tmax 

( 

(𝐹 𝑃𝑊 

𝑄
𝑖 )(𝐹 𝐿𝑊 

𝐾 

𝑖 ) 

⊤

√ 

𝑑∕ℎ

) 

(𝐹 𝐿 

𝑊 

𝑉 

𝑖 ) (6)

𝐹 

′
𝑃 = 𝐹 𝑃 + Concat 

( 

ℎ(𝑃 →𝐿) 

1 ,… , ℎ(𝑃 →𝐿)
ℎ

) 

𝑊 

𝑜 (7)

𝑄where 𝑊  

 , 𝑊 

𝐾 , 𝑊 

𝑉  are the weight matrices of the i-th attention head, 𝑖 𝑖 𝑖
𝑊 

𝑂 is the output weight matrix, ℎ is the number of attention heads, and 𝑖
𝑑 denotes the feature dimension.

To dynamically balance contributions from both modalities, a learn­ 

able gating unit is introduced. It concatenates the bidirectional cross 

attention outputs and generates adaptive weights by a sigmoid-activated 

linear layer to balance the contributions from both modalities:

𝜌 = 𝜎 

( 

𝑤𝑔(𝐹 ′
𝐿 ⊙ 𝐹 

′
𝑃 ) + 𝑏 𝑔 

) 

(8)

where 𝑤 𝑔 

 is the gating weight matrix, 𝜎 denotes the sigmoid function, 

and ⊙ represents feature concatenation.

We use gating weights to combine the enhanced features 𝐹 

′
𝐿 and 𝐹 

′
𝑃 

, 

enabling the network to automatically emphasize reliable features and 

suppress conflicting signals:

𝐹 𝑓 = 𝜌𝐹 ′
𝐿 + (1 − 𝜌)𝐹 ′

𝑃 (9) 

The fused features 𝐹 𝑓 

 are further processed by Layer Normalization 

(LN) and Feed-Forward Network (FFN):

𝐹𝐹 = 𝐿𝑁
(

𝐹𝑓
) 

+ 𝐹𝐹𝑁 

( 

𝐿𝑁
(

𝐹𝑓
)) 

(10)

The FFM module identifies the connections between the point cloud 

features and the image features by exploiting their spatial relationships, 

which significantly boosts the performance of our method.

3.4 . Pose regressor and loss function

The pose regressor contains three regression heads for point cloud 

features 𝐹 𝐿, range image features 𝐹 𝑃 

, and fused features 𝐹 𝐹 , respec­ 

tively. Each regression head contains a position regression branch and 

an orientation regression branch. Each branch consists of multiple fully 

connected layers, activation function layers and dropout layers. The pa­ 

rameters within the network are optimized using L1 loss based on the 

following loss function. 

𝑙 = ‖

‖ 

t − 
̂ t‖
‖

e 

−𝛼 + 𝛼 + ‖log𝑞 − log𝑞‖ e 

−𝛽 + 𝛽 (11)

For the regression results obtained from each of the three regression 

heads in the pose regressor, the loss is calculated separately to obtain the 

total loss of the absolute pose regression network, which is calculated as 

follows

𝑙 𝑡𝑜𝑡𝑎𝑙 

= 𝑙 𝐿 

+ 𝑙 𝑃 + 𝑙 𝐹 (12)

where (𝑡, 𝑞) represents the ground truth pose and (̂ 𝑡, 𝑞) the predicted one; 

𝛼 and 𝛽 are learnable factors to jointly learn translation and rotation.

4 . Experiments 

4.1 . Benchmark datasets

The Oxford RobotCar dataset [40] is an outdoor autonomous driv­ 

ing dataset collected by the University of Oxford. It was collected in 

January 2019 over 32 times on a route in Oxford city center for a total 

of 280 km in various weather, traffic and lighting conditions. It includes 

image data, LiDAR data, GPS and INS data, and processed odometry 

data. The 3D LiDAR point cloud is captured by a Velodyne HDL-32 E, 

and ground truth pose is obtained through interpolation from the INS.

Table 1 

Dataset details on the Oxford dataset and the NCLT dataset.

 Scene Date Sky Use as Scene Date Sky Use as 

 Full-1 2019–01-11–14-02–26 sun

 Train

Seq-1 2012–01-22 cloud

Train

 

 Full-2 2019–01-14–12-05–52 overcast Seq-2 2012–02-02 sunny  

 Full-3 2019–01-14–14-48–55 overcast Seq-3 2012–02-18 sunny  

 Full-4 2019–01-18–15-20–12 overcast Seq-4 2012–05-11 sunny  

 Full-6 2019–01-10–11-46–21 rain

Test

Seq-6 2012–02-12 sunny

Test

 

 Full-7 2019–01-15–13-06–37 overcast Seq-7 2012–02-19 cloudy  

 Full-8 2019–01-17–14-03–00 sun Seq-8 2012–03-31 cloudy  

 Full-9 2019–01-18–14-14–42 overcast Seq-9 2012–05-26 sunny  

Table 2 

Detailed parameters of Pointnet++ encoder.

Layer Point num Radius Sample MLP

SA1 384 0.2 24 [64,64,128]

SA2 64 0.4 48 [128,128,256]

SA3 64 – – [256,512,1024]

The NCLT dataset [41] is a large-scale, long-term dataset collected 

by a Segway mobile robot at the University of Michigan North Campus, 

which contains one year’s worth of data, covering 27 different trajecto­ 

ries in a fixed route with varying seasons, traffic conditions, lighting, 

vegetation, and weather conditions, both in indoor and outdoor en­ 

vironments. It consists of data from the 3D LiDAR, planar LiDAR, 

omnidirectional camera, and GPS. The 3D LiDAR point cloud is collected 

by a Velodyne HDL-32 E, with ground truth pose obtained through the 

interpolation of SLAM.

We use the same training and testing sequences as the previous work 

on the two datasets[31][33][44], as shown in Table 1.

4.2 . Implementation details

The network is implemented with Pytorch [45] using an Adam [46] 

optimizer, an initial learning rate of 1 × 10 

−4 , and a weight decay of 

5 × 10 

−4 . All of our experiments are conducted on NVIDIA RTX 4090 

GPU. We reduce the point cloud to 4096 points using farthest point sam­ 

pling, and use all points within 80 metres to generate a range image. 

For the transformer module, we set the embedding dimension to 512 

and the number of heads to 4. For the bidirectional cross attention, the 

embedding dimension is set to 512 and the number of heads to 8. The de­ 

tailed parameters of the PointNet++ encoder for APR-BiCA are shown 

in Table 2. We train the network for 100 epochs. It takes about 9 min­ 

utes to train one epoch on the Oxford dataset and about 7 minutes on 

the NCLT dataset. 

4.3 . Baselines

We compare APR-BiCA with several recent absolute pose regres­ 

sion methods to demonstrate its validity and performance, includ­ 

ing PointLoc [11], PosePN [13], PosePN++ [13], PoseSOE [13], 

PoseMinkLoc [13], STCLoc [34], NIDALoc [36], and Diffloc [50]. All 

results are from the original paper or reported in the same environment 

using the source code.

4.4 . Main results

Same as the previous APR methods, we report the mean absolute 

position error (m) and mean absolute orientation error ( 

◦ ) on the Oxford 

dataset and NCLT dataset. To enable a more equitable comparison of 

performance across different models, we have additionally reported each 

algorithm’s parameter count and training duration.

Results on the Oxford Dataset: The comparison of the proposed 

APR-BiCA with other methods on the Oxford dataset test set is pre­ 

sented in Table 3 (where the best results are highlighted in bold and 

the second best are underlined). On this dataset, the DiffLoc achieves 
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Table 3 

Mean absolute position error (m) and orientation error ( 

◦ ) on the Oxford dataset. The best results are highlighted in bold and the second 

best are highlighted with an underline. APR-BiCA achieves the second-best performance in most metrics.

Methods Training Time Params Full-6 Full-7 Full-8 Full-9 Average Ranks

PointLoc 125 h 13 M 13.81 m,1.53 

◦ 9.81 m,1.27 

◦ 11.51 m,1.34 

◦ 9.51 m,1.07 

◦ 11.16 m,1.30 

◦ 6/4

PosePN 5 h 4 M 16.32 m,2.43 

◦ 14.32 m,3.06 

◦ 13.48 m,2.60 

◦ 9.14 m,1.78 

◦ 13.32 m,2.47 

◦ 8/7

PosePN++ 11 h 5 M 10.64 m,1.78 

◦ 9.59 m,1.92 

◦ 9.01 m,1.51 

◦ 8.44 m,1.71 

◦ 9.42 m,1.73 

◦ 5/5

PoseSOE 15 h 5 M 8.81 m,2.04 

◦ 7.59 m,1.94 

◦ 12.35 m,2.46 

◦ 7.27 m,1.87 

◦ 8.22 m,1.99 

◦ 4/6

PoseMinkLoc 7 h 13 M 11.20 m,2.62 

◦ 14.69 m,2.90 

◦ 12.35 m,2.46 

◦ 10.06 m,2.15 

◦ 12.08 m,2.53 

◦ 7/8

STCLoc 20 h 9 M 7.68 m,1.30 

◦ 6.93 m,1.48 

◦ 7.44 m,1.24 

◦ 6.13 m,1.15 

◦ 7.05 m,1.29 

◦ 3/3

DiffLoc 145 h 40 M 3.65 m,0.68  

 

◦ 3.57 m,0.88 

◦ 4.03 m,0.70 

◦ 2.86 m,0.60 

◦ 3.53 m,0.72 

◦ 1/1

APR-BiCA 15 h 33 M 8.48 m,1.21 

◦ 7.05 m,1.08 

◦ 6.38 m,0.99 

◦ 3.92 m,0.69 

◦ 6.46 m,0.99 

◦ 2/2

Fig. 2. Trajectories of APR-BiCA and STCLoc on the Oxford dataset. The ground truth and the predicted results are shown in blue and red, respectively, with the star 

indicating the starting position.

the top performance across all metrics, with an average positional error 

of 3.53 m and an average angular error of 0.72 

◦ . Meanwhile, APR-

BiCA achieves second-place rankings in all average metrics, with an 

average positional error of 6.68 m and an average angular error of 

1.04 

◦ . This performance demonstrates strong competitiveness compared 

to the third-ranked STCLoc, which reports an average positional error of 

7.05 m and an average angular error of 1.29 

◦ . It is worth noting that the 

STCLoc outperforms our method in two positional errors. We attribute 

this to its spatio-temporal attention framework which we believe can 

eliminate environmental noise by comparing inter-frame consistency, 

supplement sparse texture information through historical frame fea­ 

tures, and therefore directly reduce position prediction errors. Notably, 

APR-BiCA maintains this competitive accuracy while balancing model 

efficiency. It has 33 M parameters and requires only 15 hours of train­ 

ing time, which is far less than DiffLoc (40 M parameters, 145 hours of 

training) and slightly more efficient than STCLoc (9 M parameters, 20 

hours of training).

The estimated trajectories of APR-BiCA and STCLoc on the Oxford 

dataset are shown in Fig. 2. The ground truth and predictions are shown 

in blue and red, respectively, with a star indicating the starting position. 

The APR-BiCA predicted trajectories overlap closely with the ground 

truth, demonstrating the accuracy of the localization.

Results on the NCLT Dataset: We also evaluated the APR-BiCA 

on the NCLT dataset, with results reported in Table 4 (following the 

same bold/underline annotation to indicate the top and second-best 

results). Similar to the Oxford dataset, DiffLoc demonstrates the best 

performance, with an average positional error of 1.06 m and an av­ 

erage angular error of 2.32 

◦ . The APR-BiCA again ranks second in 

all metrics, retaining strong accuracy with an average positional er­ 

ror of 2.56 m and an average angular error of 3.15 

◦ . Compared to key

competitor NIDALoc, the third-best method, with an average positional 

error of 4.47 m and an average angular error of 3.53 

◦ ), the APR-BiCA 

improves position estimation accuracy by 42.7 % and orientation esti­ 

mation accuracy by 10.8 %. Importantly, the APR-BiCA maintains this 

high localization accuracy while excelling in efficiency. The APR-BiCA 

requires only 12 hours of training time and has 33 M parameters, far 

more efficient than DiffLoc (100 hours of training, 40 M parameters).

Fig. 3 shows the estimated trajectories of APR-BiCA and NIDALoc on 

the NCLT dataset. It can be seen that our predictions are closer to the 

true values than the second best performing method, NIDALoc. 

As the point cloud can provide 3D spatial information while its cor­ 

responding range image can provide depth information, we use both of 

them as inputs, enabling more precise capture of object geometry. The 

feature fusion module based on bidirectional cross attention and gating 

unit enhances the accuracy and robustness of absolute pose regression, 

achieving or even exceeding the performance of multi-frame sequential 

techniques. The above results demonstrate that APR-BiCA is effective for 

localization in large-scale outdoor environments and mixed indoor and 

outdoor scenes.

Overall, these results confirm that APR-BiCA achieves reliable lo­ 

calization across both the Oxford dataset (outdoor urban scenes) and 

the NCLT dataset (mixed indoor-outdoor scenes), and its balanced accu­ 

racy and efficiency meet the practical deployment needs of real-world 

autonomous driving systems.

4.5 . Ablation study

We validate the effectiveness of each module through ablation ex­ 

periments. The results are shown in Table 5. Each module contributes 

to the improvement of estimation accuracy, especially the bidirectional 
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Table 4 

Mean absolute position error (m) and orientation error ( 

◦ ) on the NCLT dataset. The best results are highlighted in bold and the second 

best are highlighted with an underline. APR-BiCA achieves the second-best performance in all metrics.

Methods Training Time Params Seq-6 Seq-7 Seq-8 Seq-9 Average Ranks

PointLoc 125 h 13 M 7.23 m,4.88 

◦ 6.13 m,3.89 

◦ 6.71 m,4.32 

◦ 10.02 m,5.32 

◦ 7.57 m,4.60 

◦ 7/6 W

PosePN 5 h 4 M 9.45 m,7.47 

◦ 6.15 m,5.05 

◦ 5.79 m,5.28 

◦ 13.47 m,7.77 

◦ 8.72 m,6.39 

◦ 8/9

PosePN++ 11 h 5 M 4.97 m,3.75 

◦ 3.68 m,2.65 

◦ 4.35 m,3.38 

◦ 9.59 m,4.49 

◦ 5.65 m,3.57 

◦ 5/4

PoseSOE 15 h 5 M 13.09 m,8.05 

◦ 6.16 m,4.51 

◦ 5.24 m,4.56 

◦ 12.60 m,7.67 

◦ 9.27 m,6.20 

◦ 8/8

PoseMinkLoc 7 h 13 M 6.24 m,5.03 

◦ 4.87 m,3.94 

◦ 4.23 m,4.03 

◦ 10.32 m,6.52 

◦ 6.42 m,4.88 

◦ 6/7

STCLoc 20 h 9 M 4.91 m,4.34 

◦ 3.25 m,3.10 

◦ 3.75 m,4.04 

◦ 8.67 m,5.23 

◦ 5.15 m,4.18 

◦ 4/5

NIDALoc 14 h 8 M 4.48 m,3.59 

◦ 3.14 m,2.52 

◦ 3.67 m,3.46 

◦ 6.60 m,4.56 

◦ 4.47 m,3.53 

◦ 3/3

DiffLoc 100 h 40 M 0.99 m,2.40 

◦ 0.92 m,2.14 

◦ 0.98 m,2.27 

◦ 1.36 m,2.48 

◦ 1.06 m,2.32 

◦ 1/1

APR-BiCA 12 h 33 M 2.19 m,3.52 

◦ 2.02 m,2.50 

◦ 1.90 m,2.92 

◦ 4.16 m,3.27 

◦ 2.57 m,3.05 

◦ 2/2

Fig. 3. Trajectories of our network on the NCLT dataset. The ground truth and the predicted results are represented in blue and red, respectively, with the star 

indicating the starting position.

Table 5 

Ablation study of different proposed modules. The average errors of all trajectories on the Oxford datasets 

are reported.

No. Attention Feature Learning Module Bidirectional Cross Attention Gating Unit Mean Error (m, ◦ )

1 ✓ ✓ 6.89 m, 1.09 

◦

2 ✓ ✓ 6.93 m, 1.38 

◦

3 ✓ ✓ 6.60 m, 1.18 

◦

4 ✓ 7.80 m, 1.39 

◦

5 ✓ 7.54 m, 1.24 

◦

6 ✓ 7.10 m, 1.39 

◦

7 ✓ ✓ ✓ 6.46 m, 0.99 

◦

cross attention module which brings significant improvement in both 

position and orientation accuracies.

We also conduct ablation experiments on different branches. The re­ 

sults are shown in Table 6. The cumulative distributions of position and 

orientation errors on Full-8 trajectory are shown in Fig. 4. The cumula­ 

tive distributions of position and orientation errors on Seq-8 trajectory 

are shown in Fig. 5. We can observe that the localization performance 

achieved with fused features outperforms that achieved with only point 

cloud or range image features. This demonstrates the effectiveness of the 

feature fusion module and highlights the fact that the point cloud and 

range image focus on different aspects of information representation. 

The combination of both enhances the richness of feature representation.

To verify the necessity of our multi task loss strategy, we conducted 

ablation experiments and compared different loss configurations, as 

shown in Table 7. The results of Experiments No. 1, 2, and 3 collec­ 

tively clarify the critical role of range image branch loss supervision. 

Experiments No. 1 and No. 2 both failed to converge effectively due 

Table 6 

Ablation study of different proposed branches.

Different branches Oxford NCLT

point cloud feature 12.01 m,1.67 

◦ 8.85 m,6.56 

◦

range image feature 8.57 m,1.99 

◦ 2.57 m,3.76 

◦

fused feature 6.38 m,0.99 

◦ 1.90 m,2.92 

◦

to the lack of range image branch supervision, while Experiment No. 

3 achieved stable convergence. This contrast confirms that range im­ 

age supervision is indispensable for extracting high-quality 2D structural 

cues. Additionally, Experiment No. 4 which incorporates all three losses 

attained the optimal performance, with an average position/orientation 

error of 6.46 m/0.99 

◦ . This highlights that multitasking strategies ensure 

hierarchical optimization. A single loss refines modality specific fea­ 

tures, while the fusion loss guides the FFM to integrate these high-quality 
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Fig. 4. Cumulative distributions of position errors (m) and angle errors ( 

◦ ) on Oxford dataset. The x-axis represents the error, and the y-axis represents the percentage 

of point clouds with errors less than the value.

Fig. 5. Cumulative distributions of position errors (m) and angle errors ( 

◦ ) on NCLT dataset. The x-axis represents the error, and the y-axis represents the percentage 

of point clouds with errors less than the value.

Table 7 

Ablation study of different loss combinations. The average errors of all trajecto­ 

ries on the Oxford datasets are reported.

No. Fussion 

loss

Lidar 

loss

Range 

image loss

Average Training 

Convergence

1 ✓ 434.55 m,90.25 

◦ Failed

2 ✓ ✓ 434.48 m,89.48 

◦ Failed

3 ✓ ✓ 7.60 m,1.84 

◦ Converged

4 ✓ ✓ ✓ 6.46 m,0.99 

◦ Converged

single-modal features via bidirectional cross-attention and gating unit. 

The results clearly confirm that multi task supervision is indispensable 

for stable convergence and accurate attitude regression.

To enhance the APR-BiCA’s robustness and interpretability, we con­ 

ducted ablation experiments on the Oxford RobotCar dataset, focusing 

on two core hyperparameters: the FFM’s attention head count for 

inter-modal fusion and the PRFE downsampled LiDAR point count for 

geometric detail retention. The results are shown in Table 8.

With the number of PRFE downsampled points fixed at 4096, the 

configuration with 16 attention heads in FFM results in redundant 

inter-modal correlation calculations, while the 4-head configuration 

fails to capture adequate inter-modal correlations. In contrast, the 8-

head configuration balances correlation granularity and computational 

efficiency, achieving the lowest average error (6.46 m/0.99 

◦ ) in this 

experimental group.

With the number of FFM attention heads fixed at 8, the configuration 

with 2048 PRFE downsampled points suffered from insufficient geomet­ 

ric details, resulting in an average error of 8.03 m/1.82 

◦ . The 8192-point 

configuration introduced redundant noise, leading to an average error 

Table 8 

Ablation study of different hyperparameters. The aver­ 

age errors of all trajectories on the Oxford datasets are 

reported.

No. Number head Number sampled Average

1 16 4096 7.20 m,1.10 

◦

2 4 4096 7.65 m,1.08 

◦

3 8 4096 6.46 m,0.99 

◦

4 8 2048 8.03 m,1.82 

◦

of 7.89 m/1.74 

◦ . Different from that, the 4096-point configuration 

balanced geometric detail retention and noise suppression.

4.6 . Computational time

The runtime is crucial for the localization framework and it is rec­ 

ommended that the processing time per frame be shorter than the 

acquisition interval of the sensor. The LiDAR scanning frequencies for 

the Oxford and NCLT datasets are 20 Hz [40] and 10 Hz [41], respec­ 

tively. Our network takes only 1.3 ms per frame to run from input to 

output on the Oxford dataset, and 1.5 ms on the NCLT dataset (note that 

this is for frames sampled to 4096 points). Thus, APR-BiCA can achieve 

real-time localization with good performance.

5 . Conclusion

This study presents a LiDAR-based absolute pose regression (APR) 

framework APR-BiCA for real-time and robust autonomous driving lo­ 

calization, mainly consisting of a dual-branch Point Cloud and Range 

Image Feature Encoder (PRFE), a Feature Fusion Module (FFM), and a 
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multi-head pose regressor. The PRFE is designed to address the incom­ 

pleteness of single-modal feature representation through a dual-branch 

structure. The FFM captures correlations between two types of data and 

balances the contribution of each modality to avoid conflicting signals. 

The multi-head pose regressor paired with L1 loss further optimizes the 

accuracy of 6-DoF pose estimation by jointly learning translation and 

rotation. Ablation experiments on the Oxford dataset fully validate each 

core module’s effectiveness. Extensive experiments on two benchmark 

datasets confirm its effectiveness. On the Oxford dataset, it achieves an 

average position error of 6.68 m and an orientation error of 1.04 

◦ . On 

the NCLT dataset, these errors drop to 2.56 m and 3.15 

◦ , respectively. 

Notably, the APR-BiCA maintains high accuracy with low computational 

costs as its training time is one ninth that of DiffLoc. This balance of 

performance and efficiency validates its practical value for real-world 

autonomous driving systems, while also laying a foundation for future 

research on cross-scene APR generalization. It is worth noting that our 

algorithm still has significant room for improvement in terms of er­ 

ror performance, which will be the focus of our further research in the 

future.
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