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Abstract— Localization using a monocular camera in the pre-
built LiDAR point cloud map has drawn increasing attention in
the field of autonomous driving and mobile robotics. However,
there are still many challenges (e.g. difficulties of map storage,
poor localization robustness in large scenes) in accurately and
efficiently implementing cross-modal localization. To solve these
problems, a novel pipeline termed LHMap-loc is proposed,
which achieves accurate and efficient monocular localization
in LiDAR maps. Firstly, feature encoding is carried out on
the original LiDAR point cloud map by generating offline
heat point clouds, by which the size of the original LiDAR
map is compressed. Then, an end-to-end online pose regression
network is designed based on optical flow estimation and spatial
attention to achieve real-time monocular visual localization in
a pre-built map. In addition, a series of experiments have been
conducted to prove the effectiveness of the proposed method.
Qur code is available at: https://github.com/IRMVLab/LHMap-
loc.

I. INTRODUCTION

Localization is a critical technology [1] in autonomous
driving and robotics that underlies other downstream tasks,
such as navigation and control. Map-based localization is
often utilized to alleviate the error caused by satellite signal
blocking in GNSS localization methods [2]-[4] and the
accumulated drift in Simultaneous Location And Mapping
(SLAM) methods [5]-[7]. LiDAR is the primary sensor in
constructing the map because point clouds are not affected by
light changes in the environment. However, LiDAR sensors
are expensive and tend to be large in size, while monocular
cameras are small and inexpensive, making them easier to
be equipped on mobile devices. Therefore, the technology
of visual localization in LiDAR maps has broad application
prospects.

However, there are two main challenges regarding this
technology. The first is the large consumption of storage
and calculation for LiDAR maps. Since point clouds are
disordered, it usually requires heavy computation to extract
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Fig. 1. Monocular localization pipeline using LiDAR point cloud heat map
(LHMap). The pipeline consists of an offline LHMap generation network to
build LHMap, and an online pose regression network to achieve real-time
localization with pre-built LHMap.

features from original LiDAR maps. The second challenge
is the 3D-2D cross-modal feature matching. Since the point
cloud maps contain 3D coordinate information, while the
camera images contain 2D RGB pixels, feature matching
cannot be carried out directly between the camera images
and the point cloud maps. PnP based methods [8], [9] cannot
provide reasonable solutions because the correspondence
between 3D points and 2D pixel data is unknown. Besides,
methods that generate 3D point clouds from 2D images
for matching and regression [1], [10] suffer from depth
inaccuracies. Recent HD map based localization methods
[11]-[13] rely on specific geometric structures such as lane
lines, road signs which may not appear in some rural roads or
parks. Additionally, HD map annotations are time-consuming
and labour-intensive. Therefore, HD map based methods are
not suitable for all occasions.

To deal with the above problems, we propose a monocular
localization pipeline termed LHMap-loc as shown in Fig. 1.
We refer to the sorted and filtered LiDAR map as LiDAR
point cloud Heat Map (LHMap). In this pipeline, LHMap
generation is first conducted on the original LiDAR point
cloud through offline supervised training, retaining the key
features and compressing the point cloud map. Then, the
6 Degree-of-Freedom (DoF) poses are predicted by a pose
regression network based on optical flow prediction and
spatial attention weighting. In this end-to-end network, real-
time high-precision pose regression is realized. The main
contributions of this paper are as follows:

o« We propose a monocular visual localization pipeline
named LHMap-loc. This pipeline can compress and
encode the features of the point cloud map in an offline
way, and carry out monocular localization online. The
whole pipeline is realized by the deep learning method.

e A pose regression algorithm based on optical flow
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prediction and spatial attention weighting is designed.
The algorithm achieves a cross-modal fusion of 3D and
2D features, enabling end-to-end pose estimation.

o Numerous experiments have been conducted on the
automatic driving datasets, KITTI [14] and Argoverse
[15] datasets. In addition, we conduct real-world experi-
ments on our own wheeled vehicle platform. The results
show that the proposed LHMap-loc performs better in
terms of precision and efficiency than the state-of-the-
art (SOTA) methods [16]-[19].

II. RELATED WORK

3D-2D cross-modal localization has always been a chal-
lenging task in terms of autonomous driving and robotics.
The existing methods can be roughly divided into two
categories according to the way of pose regression. One is
the traditional methods which construct geometric residuals
and calculate pose through mathematical optimization, and
the other is the deep learning based methods which encode
cross-model feature through MLPs and regress pose from
neural networks.

A. Geometric Optimization Based Localization

For the problem of monocular visual localization in pre-
built maps, Caselitz et al. [1] utilizes the feature points gen-
erated by ORB-SLAM [20] to obtain 3D points. Then they
utilize Iterative Closest Point (ICP) [21] methods to conduct
point registration and compute the real-time poses. Yu et al.
[22] first extract the line features in the monocular image
and point cloud. They then achieve cross-modal localization
by optimizing the distance and angle residuals between line
segments. Ye et al. [23], [24] re-build the original point
cloud as a Surfel map composed of Surfel descriptors, and
then construct the visual-Surfel residual to proceed pose
optimization. Similarly, Huang et al. [25] model map points
using a Gaussian Mixture Model. Recently, Zhang et al. [10]
propose to combine semantic point cloud for cross-modal
localization. They first construct point cloud maps containing
semantic information, and then perform registration and pose
regression with the semantic ORB feature points constructed
in real time. However, these methods have disadvantages.
Firstly, visual features such as feature points and line seg-
ments are greatly affected by the lighting condition and are
not robust enough, which is easy to cause mismatching. In
addition, dynamic objects and irregular noisy points have
a crucial impact on Surfel and GMM models during the
construction of LiDAR maps.

B. Deep Matching Based Localization

Due to the powerful feature coding capability of deep
learning networks, Zhou et al. [26] encode the features of
map points based on image heat maps, and then perform
monocular localization through online pose regression. [16]
propose the pose regression method based on 2D optical
flow estimation for the first time. Then, Chang et al. [18]
add LiDAR point cloud feature coding and voxel down-
sampling modules on the basis of the original CMRNet

[16]. CMRNet++ [17], [19] adds PnP module following
CMRNet [16]. They estimate the point cloud and pixel
matching relationship by 2D optical flow estimation, and then
respectively adopt the EPnP [9] and BPnP [27] method to get
the final pose. Miao et al. [28] propose a novel transformer-
based neural network to register images to LiIDAR maps, and
introduce pose queries to boost the certainty of networks.
However, these methods have some problems, such as ex-
cessive storage of point cloud maps, poor accuracy and low
efficiency of pose regression.

III. LHMAP-LOC METHOD
A. System Overview

As depicted in Fig. 2, the proposed LHMap-loc pipeline
aims to locate the monocular camera image I € R3*/xw
within the pre-built LiDAR point cloud map P € R3*",
where h and w represent the height and width of the
image, respectively, and n represents the number of 3D
points in the map. In this pipeline, we realize cross-modal
monocular localization through two main procedures: the
offline LHMap construction procedure and the online pose
regression procedure. Regarding the offline LHMap construc-
tion procedure, we feed the pre-built dense point cloud map
P and offline camera images into the network to construct the
LHMap. During this procedure, the dense point cloud map
is compressed while maintaining the key features used for
localization. This procedure is described in detail in Sec. III-
B. As for online pose regression, the LHMap and online RGB
images are fed into an end-to-end network to regress the 6-
DoF poses ¢ € H,t € R®, where ¢ represents the quaternion
and t is the translation vector. We achieve real-time cross-
modal localization based on 2D flow feature embedding and
spatial attention weighting. This procedure is detailed in Sec.
1I-C.

B. Offline LHMap Generation Network

As shown in Fig. 2, we use the offline LHMap generation
network to compress the pre-built LIDAR point cloud map.
It is realized through two stages.

In the first stage, we realize the point selection to compress
the dense map and pose supervision to refine the generated
local map. To satisfy the requirement for point selection
and map compression, the projected LiDAR depth Dg; is
used to construct an evaluation system for point clouds. It is
calculated as:

D" = 2%, (1)
(u,v, )T =K - (29,9 29 )T = K-T,;" - (,y,2,1)".
)

Here, (z,y,2) € P, K represents the camera intrinsics, and
T, € SE(3) represents the ground truth camera pose at
each frame. Additionally, the offline RGB image I;¢fiine
and projected LiDAR depth D,,,;; are used to perform pose
supervision. Based on the initial rough camera pose T}, €
SE(3) at each frame, which can be acquired by GPS or
visual odometry, D;,;; is calculated as:

Du,v _ Zinit7 (3)

init
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Fig. 2. Detailed pipeline of LHMap-loc. It includes the offline LHMap generation network and the online pose regression network. In stage 1 of the
offline network, Dy is used to generate heat feature H., and the coarse local LHMap M. is selected by the heat value calculated by Hc. D;yn;¢ and
Iof fiine are used to generate the flow embedding Ep. In stage 2, the initial coarse local LHMap Mémt and I, ¢ f1ine are used to generate the flow
embedding E'ps and the heat feature Hps. Both Ep and Ejs are used for pose supervision by spatial attention weighting. In the online pose regression

Flow Embedding \@%\

network, the real-time local LHMap M, and I,,;;ne are used to regress the real-time 6-DoF pose.

(’LL, v, l)T _ K~(xi"“, yinit’ Zimt, 1)T — K'Ti:nlt(xv Y, 2, 1)T.

“)
Here, (z,y,2)T € P. Both Dy, and D;y;; contain only the
depth information of point clouds.

Firstly, feature maps F7, Fp1, and Fpo with different
scales are extracted from I,y fine, Dgi, and Diy;y TESpec-
tively, through convolutional neural networks (CNN). Fp,
the CNN feature of the projected LiDAR depth Dg; is
used to generate the heat feature H.. The point clouds are
selected by evaluating heat value. Heat value is calculated by
heat feature H. which is generated by Fp;. Each element
hy? € He(i € {1,2,..,h},j € {1,2,...,w}) is used to
calculate heat value h*7 for point clouds evaluation as:

C
hid = Mask™ - 3" b, )
k=1
Y 0, M;/=0
Mask' = 7 el = 6
witi={ 1 0 ©

Here, C represents the number of channels of H,.. Subse-
quently, points exhibiting the highest heat values are selected
to constitute the coarse local LHMap, denoted as M..

M7 = TopN (h*7), (7
i DE G f b king top N
TopN(h?) = { 0 ” z)Jtchers e - ®

During the generation of M, the pose supervision is adopted
to guide the procedure. The pose supervision module incor-
porates two inputs: the heat feature H., and the optical flow
embedding Ep, which is derived from Fpe and F based
on the iterative optimization structure of PWCNet [29]. Pose
supervision is realized by pose calculation module, detailed
in Sec. III-C.

The single stage 1 learning fails to converge. Therefore,
we propose the second stage to refine LHMap. In the second
stage, we apply AT szwlt - Tyt to the coarse local
LHMap M, to recover the initial localization results. The
initial coarse local LHMap M"* and the offline RGB image
Loy 1ine are used for further pose supervision. Because both
stages share the same offline RGB image, they share the
same feature maps F7 of the RGB image naturally, while the
feature maps Fjs of the initial coarse local LHMap M "
are regenerated. Then, the heat feature H,; is generated by
Fy; and the flow embedding FEjs is generated by F); and
Fr. At last, they work together for pose supervision. Pose
supervision is realized by the pose calculation module which
is introduced in Sec. III-C. In this stage, we regress another
set of 6-DoF pose q1,%t;. Both qo,ty and q;,t; refine the
local LHMap by optimising the heat feature H..

The output of this network is the LiDAR point cloud
Heat Map (LHMap) combined by the refined local LHMap
at each frame. Though the local LHMap contains only the
depth information, by taking the inverse of the projection
formulation, we can obtain the 3D coordinates information
Py at each frame k. With the knowledge of the ground truth
camera pose “T}, at frame k and the points Py of frame k,
we can convert Pj, to the world frame:

YPy ="Ty - Py. )

Here, * P, represents the points at the frame & in the world
coordinate system. The LHMap is constructed by uniting all
the points ' P together through an union operation Uy:

LHMap = Up" Py, (10)

The loss function of the offline heat map generation
network is similar to CMRNet [16]. Let g4, and ¢, represent
the ground truth camera pose. The angular distance L,
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between quaternions is used to evaluate the rotation loss.
The L1-smooth loss L; is used to evaluate the translation
loss, which is defined as:

Lq(q, qq0) = D(g @) inv(gge)), (11)
D(q) = arctan((V/b? + 2 + d2, |al)), (12)
Li(t, tge) = Lismooth(t —tg), (13)

Here, {a,b, c,d} are the components of quaternion ¢ and )
is the multiplicative operation between two quaternions. The
pose loss is defined as:

L,=Li+ Mg, A > 1. (14)

The pose tg, go regressed by the pose supervision module in
stage 1 and the pose t1, q; regressed by the pose supervision
module in stage 2 are both taken into account for better
supervision. Therefore, the total loss is defined as:

LOSS, = aly + BLy, a+B=1..  (I5)

C. Online Pose Regression Network

This network is used for real-time monocular localization.
The inputs are the online RGB image [, and the real-
time LHMap M7". The M" is constructed by projecting *P
at each local LHMap stored in the first network to the image
plane according to the function in (4).

Firstly, feature maps F] and Fj, are extracted from
both inputs I,,;;ne and real-time local LHMap M" through
convolutional neural networks (CNN).

Then, the feature maps F7; are used to calculate the 2D
flow embedding E7j, along with the RGB image feature
maps I and to generate the heat feature Hj, alone. E},
here is calculated the same as PWCNet [29]. The usage of
the heat feature Hj, enables the pose regression to focus
on effective features. Therefore, the supervision of the 2D
flow embedding £, and the regression of 6-DoF pose can
achieve better performance. The cost volume V is then
calculated by feeding H7j, into the softmax layer to generate
the coefficients and multiplying the coefficients with E7j,.
The cost volume V' is calculated as:

Y = Z Ey o SOftma‘Thxw(H}rW)a

hxw

(16)

where ® means element-wise product, softmaxyx,, means
apply softmax to height and width dimensions of H7j,.

At last, the cost volume is fed into separate MLPs for pose
regression:

go = MLP,(V), t, = MLP,(V). (17)

The pose regression is realized by the pose calculation
module as shown in Fig. 3. The resolution of the flow feature
may be different from that of the heat feature. Therefore,
the flow feature is transferred to the up-sampled layers to
maintain the same resolution as the heat feature before being
multiplied with it. The multiplication result then accumulates
all the elements across the height and width dimensions
before being fed into fully connected layers, which are

Pose Calculation @ Up-sample layer

@ Softmax layer

O Element-wise product
Flow Embedding e o C © Summation along the
E h channel dimension
@ Fully connected layer
— 00— MLP &
q { D

Heat Feature / —
H MLP, Gor Lo

Fig. 3. The details of the regression part. Multiply flow embedding E and
up-sampled heat feature H as inputs, and then calculate weighted features.
The result is fed into M LP; and M LP; to regress 6-DoF poses

denoted as M LFP, and M LPF;. The outputs of this network
are 6-DoF poses t,, qo-

The loss function used here follows [30]. Adding two
trainable parameters w, and w,, the loss function is defined
as:

LOSSy; =e Lo+ wy +e 1Ly + wy. (18)

D. Training Details

We implement our network using PyTorch. For the offline
heat map generation network, it is trained for 120 epochs
using the ADAM optimizer, with a batch size of 8 and a
learning rate of le-4. We apply the loss function as defined
in (15), setting the parameters to A = 10, « = 0.6, and § =
0.4. The top 5000 point clouds are selected for storage and
further processing. For the online pose regression network,
it is trained for 150 epochs, utilizing the Adam optimizer
[31] with a batch size of 12 and a learning rate of le-4.
The loss function (18) is employed with the initial values
set to w, = 0 and w, = —2.5. All training and evaluation
activities are performed on a single NVIDIA GTX 2080 Ti.

IV. EXPERIMENTS

A. Datasets and Data Preprocessing

1) KITTI dataset [14]: The LiDAR maps, the ground
truth poses, and the initial poses are generated following CM-
RNet [16] and HyperMap [18]. KITTI Odometry sequences
03, 05, 06, 07, 08 and 09 are selected to be the training
set (11426 frames) and sequence 00 is the evaluation set
(4541 frames). The methods for generating LiDAR maps and
the projected LiDAR depth follow the same procedures as
outlined in CMRNet [16].

2) Argoverse dataset [15]: Images from the central for-
ward facing camera that provides 1920 x 1200 images are
used for localization on Argoverse dataset. These images
are down-sampled to 960 x 600 according to [17]. The
ground-truth maps are built with voxel resolutions of 0.1m.
Sequences trainl, train2, train3, train4 and val are used as
the training set (17614 frames), and the test sequence is used
as the evaluation set (4168 frames). Besides, following [18],
some frames affected dynamic objects are removed from the
training set.

We also apply an iterative refinement approach follow-
ing [16]. For the first iteration, we introduce uniformly
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Fig. 4. Qualitative results of LiDAR-image registration on KITTI [14] dataset.

TABLE I
QUANTITATIVE LOCALIZATION RESULTS OF TRAINING AND TESTING ON SINGLE KITTI [14] AND ARGOVERSE [15] DATASET

CMRNet [16] HyperMap [18] PosesAsQueires [28] Ours
Transl.[m] Rot.[deg] Transl.[m] Rot.[deg] Transl.[m] Rot.[deg] Transl.[m] Rot.[deg]
KITTI [14] Iterl 0.51 1.39 0.48 1.42 0.41 1.39 0.21 0.94
Iter2 0.31 1.09 - - 0.20 0.90 0.06 0.35
Iter3 0.27 1.07 - - 0.20 0.79 0.03 0.33
Argoverse [15] Tterl 0.90 1.78 0.58 0.93 - - 0.20 0.99
Iter2 0.80 1.56 - - - - 0.10 0.66
Iter3 0.67 1.52 - - - - 0.09 0.57
TABLE II

QUANTITATIVE RESULTS OF METHODS USING SHARING WEIGHTS ON KITTI [14] AND ARGOVERSE [15] DATASET

CMRNet++ [17] T2D-Loc [19] Ours
Transl.[m] Rot.[deg] failure rate[%] Transl.[m] Rot.[deg] failure rate[%] Transl.[m] Rot.[deg] failure rate[%]
RITTI [14] 0355 146 218 0.17 0.70 16l 0.26 150 0
Argoverse [15] 0.80 1.55 6.24 047 0.71 752 0.29 1.69 0
TABLE III . .
ABLATION EXPERIMENTS ON POSE REGRESSION AND ToP N can also achieve robust pose regression thanks to the pre-
SELECTION. built LHMap and the spatial attention weighting algorithm.
Method Top N Transl.[m] Rot.[deg] Table I shows the quantitative monocular localization
CMENet ours |N T/a“ N = 10k N = 5k 1\36537“ Mg‘;lfn l\f%%n Mle(;gan results of different methods under 3 iterations. For a fair
v v 031 026 199 183 comparison, all methods listed in the table follow the same
v v Y 8'%‘ 023 i?& 127 selection of the training set and the test set. With regard to the
v 1025 021 104 094 KITTT dataset and Argoverse dataset, our pipeline enables
more accurate monocular localization evaluated by both
TABLE IV translation and rotation errors by a large margin compared
PERFORMANCE COMPARISON OF DIFFERENT SOURCES OF HEAT FETURE. ~ With the SOTA methods: CMRNet [16], HyperMap [18],
Teat Map Generation Transl.[m] Rotldeg] and PosesAsQueires [28]. Moreover, one iteration of our

Randomly RGB image LiDAR depth | Mean Median Mean Median
v I.15 - .74 -
v 030 025 162 1.32
v 025 021 1.04 0.94

distributed noise ranging from [—2m,2m]| for translation
and [—10°,10°] for rotation to the ground truth poses Hg;.
Subsequent noise levels are set to [—1m, 1m| with [—2°,2°]
for the second iteration, and [—0.6m,0.6m] with [—1°,1°]
for the third iteration.

B. Performance

As for qualitative results, Fig. 4 exhibits the results of
LiDAR-image registration using predicted poses between
camera images and projected LiDAR depths. Compared
with [16], our method can achieve better LiDAR-image
registration with overlap patterns more similar to the ground-
truth. Moreover, in regions with sparse features, our pipeline

method yields even higher localization accuracy than three
iterations of CMRNet. In addition, our method achieves
a more significant accuracy improvement during iterative
optimization.

Besides, Fig. 5 displays the visualisation results of the
point cloud map on KITTI sequence 00 with the voxel size
equals to 0.1m. As shown in Fig. 5, the generated LHMap
retains the main structural features of the point cloud. Com-
pared with the original map, our LHMap compresses the map
by 80%. Meanwhile, LHMap achieves better performance for
monocular localization due to its effective feature extraction.

We also conduct experiments on projecting the RGB
image and the projected LiDAR depth to the normalization
plane, which aims to achieve mapping and monocular lo-
calization with different cameras. In this procedure, we first
convert every pixel in the RGB image and every point in
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(a) Map of KITTI 00, 511MB

(b) LHMap of KITTI 00, 109MB

Fig. 5. 3D point cloud map of KITTI sequence 00. (a) Original LiDAR
point cloud map. (b) LHMap.

TABLE V
COMPARISON OF TIME CONSUMPTION IN EACH METHOD

Time/ms CMRNet CMRNet++ 12D-loc PosesAsQueries Ours
Pre-process Time 101.890 - - - 1.844
Inference Time 6.868 1250. 80. - 11.079
Total 109910  >1250. >80. 14.925 13.402

the point cloud map to the normalization frame. Then we
map {(z,y)| — 0.8 < z < 0.8,-0.4 < y < 0.4} in the
normalization coordinate to the image plane {(u,v)|0 < u <
768,0 < v < 384}. Then, we train the pipeline on KITTI
sequences 03, 05, 06, 07, 08, 09 and Argoverse sequences
Trainl, Train2, Train3, and test on KITTI sequence 00 and
Argoverse sequence Train4 following [19]. The results are
shown in Table II. According to CMRNet++ [17], we define
the situation as a failure if the translation error is larger
than 4m. The results demonstrate that our methods achieve
competitive localization accuracy especially on Argoverse.
Remarkably, our failure rate is zero on both KITTI and
Argoverse. It is demonstrated that our method is more robust
to challenging environments such as rural roads lacking
structured geometry features.

C. Ablation Study

To verify the contribution of key modules in our LHMap-
loc pipeline, a series of ablation experiments are designed.
The experiments are mainly carried out from three aspects:
the strategy of heat map generation, the density of LHMap
and the method of pose regression. We thoroughly evaluate
all methods on the KITTI dataset [14] with one iteration.
And the results are as shown in Table III and Table IV.

First of all, in Table III different pose regression modules
are tested in the online pose regression network using dif-
ferent Top N mapping points per frame. We select N = all,
N = 10000 and N = 5000 points separately and N =
5000 achieves even better localization results than the other
two cases. The pose regression module is also replaced by
CMRNet, and the results demonstrate that our improvements
are effective.

Additionally, we test on different ways to generate
LHMap. In Table IV, heat features generated by the RGB
image are leveraged instead of the projected LiDAR depth to
construct LHMap. Offline maps are also generated by ran-
dom selection. The experiments demonstrate that our LHMap
generation strategy achieves better localization accuracy.

D. Time Consumption

Localization has a strict requirement for real-time perfor-
mance, therefore we test the time consumption in the process

Fig. 6. (a) The wheeled vehicle for SJTU-dataset collection. (b) One
scenario of SJITU-dataset.
TABLE VI
LOCALIZATION RESULTS IN SJTU-DATASET
Transl.[m] Rot.[deg] .
Mean Median Mean Median Map size
CMRNet(All Points)  0.95 0.86 1.66 1.42 197.99MB
Ours (All Points) 1.02 0.95 0.72 0.64 197.99MB
Ours (5k Points) 0.22 0.19 1.01 0.85 39.51MB

of pose regression. The pre-process time, which includes
the time for data loading, projecting and occlusion filtering
and inference time are evaluated and displayed in Table V.
Every sample is tested and averaged on KITTI sequence
00 with batch size equals to 1. The results demonstrate our
network can perform pose regression at about 77 frames per
second (FPS), while CMRNet spends much more time in
pre-processing data. In conclusion, our methods spend much
less time in localization than [16], [17], [19] and [28].

E. Real-world Experiments

To validate our methods in real-world scenarios, we collect
data using a Hesai PandarXT-16 LiDAR and an industrial
camera (MV-CAO013-21UC) at Shanghai Jiao Tong Univer-
sity (SJTU), specifically around the lake and the administra-
tion building. The data is further processed by FAST-LIO [5]
and RTK to acquire ground truth poses and the pre-built point
cloud map. It is noteworthy that the collected scenarios are
challenging. Because these scenarios are primarily composed
of trees and shrubbery, while lacking the buildings like
KITTI and Argoverse. Meanwhile, the equipment is carried
on a low-speed, remote-controlled vehicle, as shown in Fig.
6, which means the field of view of the LIDAR and camera
is entirely different from that of KITTI and Argoverse. In the
SJTU dataset, our methods also achieve extremely accurate
localization results, as shown in Table VI, not affected
by changing scenarios. Overall, our methods demonstrate
robustness in facing the challenges of real-world scenarios.

V. CONCLUSION

This paper uses offline heat map generation network to
construct LHMap. Further, online pose regression is realized
by an end-to-end pose regression network for LHMap and
real-time RGB images. Through extensive experimental re-
sults, the effectiveness of LHMap is demonstrated in improv-
ing localization accuracy and reducing the size of LiDAR
maps. Overall, to our knowledge, the proposed LHMap-loc
in this paper achieves higher accuracy and is more robust
than SOTA learning-based monocular localization.
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