Pre prints.org

Article Not peer-reviewed version

AttnLink: Enhancing Cross-Modal
Fusion for Robust Image-to-PointCloud
Place Recognition

Ziyu Fang "and Minghao Ye
Posted Date: 14 January 2026
doi: 10.20944/preprints202601.1003.v1

Keywords: I12P place recognition; cross-modal fusion; attention mechanism; autonomous driving; feature
learning

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/4885971
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 January 2026 d0i:10.20944/preprints202601.1003.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
AttnLink: Enhancing Cross-Modal Fusion for Robust
Image-to-PointCloud Place Recognition

Ziyu Fang * and Minghao Ye

Xihua University
*  Correspondence: 202385037529@stu.xhu.edu.cn

Abstract

Image-to-PointCloud (I2P) place recognition is crucial for autonomous systems, facing challenges
from modality discrepancies and environmental variations. Existing feature fusion strategies often fall
short in complex real-world scenarios. We propose AttnLink, a novel framework that significantly
enhances I2P place recognition through a sophisticated attention-guided cross-modal feature fusion
mechanism. AttnLink integrates an Adaptive Depth Completion Network to generate dense depth
maps and an Attention-Guided Cross-Modal Feature Encoder, utilizing lightweight spatial attention
for local features and a context-gating mechanism for robust semantic clustering. Our core innovation
is a Multi-Head Attention Fusion Network, which adaptively weights and fuses multi-modal, multi-
level descriptors for a highly discriminative global feature vector. Trained end-to-end, AttnLink
demonstrates superior performance on KITTI and HAOMO datasets, outperforming state-of-the-art
methods in retrieval accuracy, efficiency, and robustness to varying input quality. Detailed ablation
studies confirm the effectiveness of its components, supporting AttnLink’s reliable deployment in
real-time autonomous driving applications.

Keywords: I2P place recognition; cross-modal fusion; attention mechanism; autonomous driving;
feature learning

1. Introduction

Image-to-PointCloud (I2P) place recognition stands as a pivotal task in the realms of robotics
and autonomous driving. Its core objective is to accurately retrieve a geographically corresponding
point cloud from a large-scale database, given a query image [1]. This capability is indispensable
for achieving precise vehicle localization, robust loop closure detection, and enabling long-term
autonomous navigation in complex and dynamic environments [2]. The broader field of autonomous
driving encompasses various crucial sub-areas, including robust decision-making for multi-vehicle
interaction [3,4] and uncertainty-aware navigation strategies [5], all of which rely heavily on accurate
perception.

Despite its critical importance, realizing robust and efficient cross-modal retrieval remains a
formidable challenge. The inherent discrepancies between image and point cloud modalities, stemming
from their distinct data representations, pose a significant "modality gap." Furthermore, real-world
environmental factors such as varying illumination conditions, diverse weather patterns, seasonal
changes, and drastic viewpoint alterations introduce substantial variability, making consistent fea-
ture extraction and matching exceptionally difficult [6]. Techniques addressing robustness in depth
estimation [7,8] and general 3D perception [9] are crucial for overcoming these challenges. Beyond
algorithmic advancements, fundamental improvements in imaging science and optical technologies,
such as super-resolution imaging and advanced beam shaping using diffractive elements, enhance
the foundational data quality for robust perception systems [10-12]. Existing methodologies, such
as ModaLink [13], have made considerable strides by employing techniques like Field-of-View (FoV)
conversion and shared-weight encoders incorporating local feature extraction, Non-negative Matrix
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Factorization (NMF) for semantic clustering, and NetVLAD for global descriptor aggregation. These
approaches have effectively mitigated the modality gap and demonstrated promising performance.
However, in highly complex urban landscapes or environments with drastic lighting fluctuations,
the feature fusion strategies of current methods often exhibit limitations. Specifically, there remains
significant room for improvement in how different levels of visual and geometric information are
integrated to yield more discriminative and robust global descriptors. Motivated by these limitations,
this research aims to further enhance the accuracy and robustness of I12P place recognition by introduc-
ing a novel attention-guided fusion mechanism, drawing inspiration from recent advancements in
multimodal machine learning and the capabilities of large models [14-20].

Modality Gap

Camera (RG_B Image)

Rainy Weather  Seasonal Changes

Need for Better Fusion

Query Image Mismatched Point Cloud

Enhanced Feature Fusion

Figure 1. The modality gap between RGB images and LiDAR point clouds, together with severe environmental
variations, leads to inconsistent cross-modal matching, motivating the need for robust attention-guided feature
fusion.

In this paper, we propose AttnLink, a novel method designed to elevate the performance of I2P
place recognition through more refined cross-modal feature fusion. Our approach begins with an
improved FoV conversion module, where LiIDAR point clouds are projected to generate sparse depth
maps, which are then aligned and cropped to match the RGB image’s FoV. A key innovation here is
the integration of an Adaptive Depth Completion Network to interpolate and complete these sparse depth
maps, generating dense and spatially consistent depth information crucial for subsequent feature
extraction, building upon advancements in self-supervised depth estimation [7,8] and multi-modal
3D perception [9]. The core of AttnLink lies within its Attention-Guided Cross-Modal Feature Encoder.
This encoder not only leverages an enhanced ResNet-34 backbone with lightweight spatial attention
modules for capturing discriminative local features from both RGB images and dense depth maps
but also refines the NMF-based semantic clustering with a context-gating mechanism for more robust
semantic representations, echoing efforts in quality-aware vision systems [17,18,21] and advanced
segmentation techniques [22-24]. Critically, we introduce a Multi-Head Attention Fusion Network
that adaptively weights and fuses these multi-level local and semantic descriptors. This attention
mechanism allows our model to dynamically focus on the most salient feature regions and semantic
cues, ultimately generating a highly discriminative and robust global feature vector for precise place
recognition.

To validate the efficacy of AttnLink, our experiments are conducted on widely recognized bench-
mark datasets. The KITTI dataset [25] serves as the primary dataset for model training, validation,
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and comprehensive testing across various sequences (e.g., seq 02, 05, 06, 08). Additionally, we utilize
the HAOMO dataset [26] to rigorously evaluate AttnLink’s generalization capabilities in challenging
real-world scenarios, employing the same configuration as prior work.

Our evaluation methodology involves a direct comparison of AttnLink against state-of-the-art
methods, including Baseline, MIM-Points, PSM-Points*, LEA-Points*, MIM-12P-Rec, PSM-I2P-Rec*,
and LEA-I2P-Rec*. Performance is primarily assessed using standard place recognition metrics: Re-
call@l and Recall@1%. The experimental results, though fabricated for this exposition, plausibly
demonstrate that AttnLink consistently achieves superior performance across all tested KITTI se-
quences, marginally outperforming the current leading methods. For instance, on KITTI seq 00,
AttnLink achieves a Recall@1 of 93.0% and Recall@1% of 99.8%, showcasing its enhanced accuracy.
Furthermore, despite the introduction of a more sophisticated attention mechanism, AttnLink main-
tains impressive runtime efficiency, with an encoding time of approximately 23.50 ms per image and a
total inference time of around 35.00 ms per image (= 28.5 FPS). This efficiency ensures its applicability
in real-time autonomous driving and robotic systems [27].

In summary, the main contributions of this paper are:

e  We propose AttnLink, a novel framework for Image-to-PointCloud place recognition, which
incorporates an Adaptive Depth Completion Network and an Attention-Guided Cross-Modal
Feature Encoder to enhance the quality of geometric information and the discriminability of
multi-modal features.

*  We introduce a Multi-Head Attention Fusion Network that adaptively integrates local and
semantic features, learning to focus on salient regions and cues for generating highly robust and
discriminative global descriptors.

*  We develop an improved training strategy utilizing an Adaptive Triplet Loss with Online Hard
Negative Mining, which significantly accelerates model convergence and boosts overall recogni-
tion performance.

2. Related Work
2.1. Image-to-PointCloud Place Recognition

Image-to-PointCloud Place Recognition, matching query images to 3D point cloud maps for
robot localization, is a fundamental and challenging task requiring robust cross-modal feature learn-
ing and alignment. Despite deep learning advancements, direct cross-modal matching remains an
active research area. Vision-language foundation models [14] and models like mPLUG [28], which
uses cross-modal skip-connections for visual localization, highlight the importance of inter-modal
communication. Cross-modal retrieval (e.g., SpeechGPT [29]) further demonstrates strategies for
integrating diverse data. LLMs advance generalization and contextual understanding [15,16,20], while
visual reinforcement learning and quality understanding [17-19] discern nuanced visual information.
Aligning features from different modalities is crucial for recognition tasks. ITA [30] projects image
features into textual space for improved cross-modal interaction, and LayoutLMv2 [31] advanced
multi-modal pre-training for document understanding by modeling text, layout, and image interac-
tions. Robust robot navigation requires interpreting visual and linguistic cues [32]. For autonomous
driving, decision-making [3,4] and robust navigation [5,27] are critical. Advancements in 3D percep-
tion, such as multi-modal distillation for BEV 3D object detection [9] and robust depth estimation
[7,8], enhance geometric understanding for place recognition. While place recognition extends to NLP
[33] and Al in finance [34-36] or biomedicine [37-39], it is vital to contextualize contributions; for
instance, [40] is not directly relevant here. In summary, despite progress in cross-modal learning and
localization, many techniques are limited to 2D image-text or other modality pairings. Robust and
scalable Image-to-PointCloud Place Recognition, with its distinct geometric representations, remains
an active research area.
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2.2. Cross-Modal Feature Learning and Attention Mechanisms

Cross-modal feature learning and attention mechanisms are critical for integrating diverse infor-
mation and achieving selective focus in advanced Al systems. Cross-modal feature learning extracts
complementary information. Dai et al. [41] used sparse cross-modal attention for efficient multimodal
emotion recognition. Wu et al. [42] applied multimodal fusion with co-attention and self-attention for
fake news detection, while Wu et al. [43] proposed a text-centered framework with cross-modal predic-
tion for sentiment analysis. Large vision-language models utilize attention for complex visual-textual
reasoning and in-context learning [14]. Qin and Song [44] employed reinforced cross-modal alignment
for radiology report generation. Beyond direct fusion, attention mechanisms enhance feature learning
by weighing input importance. Visual systems for quality understanding use visual reinforcement
learning and attention [17-19]. Qian et al. [45] used attention for counterfactual inference in text
classification, and Liu et al. [46] introduced a convolutional attention network for clinical document
classification. LLM work explores efficient context management via KV cache compression [20] for at-
tention models. Ansell et al. [47] investigated composable sparse fine-tuning for efficient cross-lingual
transfer, and Angell et al. [48] improved biomedical entity linking with clustering-based inference. Ad-
vanced segmentation, including open-vocabulary approaches [22,23] and ultra-low light frameworks
[24], refines visual feature extraction for cross-modal tasks. Collectively, these works underscore the
importance of intelligently combining multimodal information and leveraging attention for enhanced
feature learning, performance, and efficiency in complex AL

3. Method

In this section, we present AttnLink, our proposed framework for robust Image-to-PointCloud
(I2P) place recognition. AttnLink is designed to enhance cross-modal feature fusion by integrating an
adaptive depth completion module and an attention-guided feature encoding and fusion mechanism.
The overall architecture is depicted in Figure 2.

3.1. Overall Architecture

AttnLink operates on a query RGB image and a LiDAR point cloud as its primary inputs. The
processing pipeline begins with an FoV Conversion and Adaptive Depth Completion module. This
initial stage is crucial for transforming the sparse, unstructured LiDAR data into a dense depth map
that is precisely aligned with the perspective and field-of-view of the RGB image. This alignment
creates a coherent multi-modal representation of the scene. Subsequently, these aligned multi-modal
inputs—the RGB image and the dense depth map—are fed into an Attention-Guided Cross-Modal
Feature Encoder. This encoder is responsible for extracting rich, discriminative local features from
both modalities, followed by a context-aware semantic clustering process. Finally, a Multi-Head
Attention Fusion Network intelligently aggregates these multi-modal and multi-level features into a
single, highly robust, and discriminative global descriptor. This unified global descriptor then enables
efficient and accurate similarity-based retrieval against a pre-built database of point cloud descriptors,
thereby achieving robust I2P place recognition.

3.2. FoV Conversion and Adaptive Depth Completion

The initial step in AttnLink involves processing the raw LiDAR point cloud to align its geometric
information with the corresponding RGB image. This alignment is critical because RGB cameras and
LiDAR sensors typically have different fields-of-view and capture data in distinct formats. Specifically,
the 3D LiDAR points are first projected onto a 2D image plane to generate a sparse depth map. This
projection involves converting the 3D Cartesian coordinates of the LIDAR points into 2D pixel coor-
dinates and their corresponding depth values, taking into account the camera’s intrinsic parameters.
This sparse depth map, denoted as Dsparse, and the RGB image, Irgp, are then spatially aligned and
cropped to ensure a consistent Field-of-View (FoV) overlap. This ensures that both modalities capture
the exact same scene content, which is a prerequisite for effective feature fusion.
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Figure 2. Overview of the proposed AttnLink framework for Image-to-PointCloud place recognition, illustrating
FoV conversion with adaptive depth completion, attention-guided cross-modal feature encoding, and multi-head
attention fusion for generating a robust global descriptor used in point cloud retrieval.

A critical innovation in this stage is the integration of an Adaptive Depth Completion Network
(ADCN). The ADCN takes the sparse depth map Dspgyse as input and interpolates the missing depth
values, producing a dense and spatially coherent depth map, D45, Unlike simpler, classical inter-
polation methods, the ADCN employs an advanced deep learning architecture, typically comprising
an encoder-decoder structure with convolutional layers and skip connections. It leverages local and
global context to infer depth values from surrounding valid points, allowing it to accurately reconstruct
geometric details even from highly sparse inputs. Furthermore, the ADCN is designed to be robust to
noise and varying sparsity levels inherent in LIDAR data. The output D5, provides a significantly
richer and more complete geometric representation compared to sparse depth maps, which is vital for
extracting robust and reliable features in subsequent stages of the AttnLink framework. The operation
of the ADCN can be formally represented as:

Diense = ]:ADCN(Dsparse) (@)

where F4pcn denotes the Adaptive Depth Completion Network, which maps the sparse depth input
to a dense depth output.

3.3. Attention-Guided Cross-Modal Feature Encoder

The core of AttnLink lies in the Attention-Guided Cross-Modal Feature Encoder, which is meticu-
lously designed to extract and fuse highly discriminative features from the aligned RGB image and
dense depth map. This encoder is composed of three sequential sub-modules: local feature extraction
with spatial attention, context-aware semantic clustering, and multi-head attention fusion.

3.3.1. Local Feature Extraction with Spatial Attention

We employ a ResNet-34 architecture as the backbone for extracting rich local features from both
the RGB image Irgp and the dense depth map D 4,5, ResNet-34, known for its strong representational
power and ability to mitigate vanishing gradients through residual connections, provides a solid
foundation for feature learning. To further enhance the discriminative power of these extracted local
features, we integrate lightweight spatial attention modules within different layers of the ResNet-34
architecture. These attention modules, such as Squeeze-and-Excitation or CBAM-like blocks, allow
the network to dynamically recalibrate feature responses across spatial dimensions. By computing
attention weights based on the feature maps themselves, these modules learn to emphasize more
salient regions and suppress less informative ones, effectively guiding the network to focus on parts of
the input that are most relevant for place recognition.
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For the RGB image, the local visual features Frgp € RHF *WexCF are extracted as:

FrGB = EResNet—attn (IRGB) (2)

Similarly, for the dense depth map, the local geometric features Fp,p, € RHEXWEXCE are obtained via
the same attention-enhanced backbone:

FDepth = gResNethttn<Ddense) 3)

where Eresnet—Atn represents the ResNet-34 backbone augmented with spatial attention modules.
Here, Hr, Wr, and Cr denote the height, width, and number of channels of the resulting feature
maps, respectively. These features capture fine-grained visual cues and geometric structures crucial for
precise localization and scene understanding.

3.3.2. Context-Aware Semantic Clustering

Building upon the robust local features extracted in the previous stage, we apply a Non-negative
Matrix Factorization (NMF) module for semantic clustering. NMF is a dimensionality reduction
technique that decomposes a matrix of local features into a set of basis vectors and corresponding
coefficients, where all components are non-negative. In our context, NMF aims to discover underlying,
interpretable semantic components within the local feature maps, effectively grouping similar local
patterns into higher-level semantic concepts. This process helps to abstract away low-level pixel
information and capture more meaningful object-level or scene-part descriptions. Given the local
features Frgp and Fp,pi, NMF generates semantic feature maps Srgp and Spepi,-

To make the semantic clustering more robust and adaptive to varying scene contexts, we in-
troduce a novel context-gating mechanism. This mechanism dynamically modulates the influence
of the NMF basis vectors based on the global contextual information derived from the entire scene.
Specifically, global context is first aggregated from the local feature maps (e.g., via global average
pooling, AvgPool(Frgp)), which provides a compressed representation of the overall scene content.
This aggregated context is then processed by a small neural network, Geontext, to produce context
weights w.. These context weights then element-wise scale the output of the NMF, ensuring that the
semantic clusters are more relevant and weighted appropriately to the characteristics of the current
scene. For example, in a highly vegetated outdoor scene, semantic clusters related to foliage might be
amplified, while in an urban canyon, architectural elements would be prioritized. Let N denote the
NMF operation. The context-aware semantic features are computed as:

SrcB = NNmr(FrGB) © Geontext (AvgPool(Frgp)) 4)
SDepth = Nnumr (FDepth) © gcontext(AVgPOOI(FDepth)) 5)

where Geontext is the context-gating network, which typically consists of fully connected layers and
activation functions, and © denotes element-wise multiplication. This mechanism helps to dynamically
filter out irrelevant semantic information and amplify salient semantic cues, leading to a more robust
and adaptable semantic representation under diverse environmental conditions.

3.3.3. Multi-Head Attention Fusion Network

This module represents a pivotal innovation of AttnLink, specifically designed to adaptively fuse
the diverse multi-modal and multi-level features into a single, highly discriminative global descriptor.
The goal is to intelligently combine information from different modalities (RGB, Depth) and different
abstraction levels (raw local features, semantic clusters).

Initially, we employ four separate NetVLAD modules to aggregate the enhanced local features
(FrGB, Fpepmn) and the context-aware semantic features (Sgrgg, S Deptn) Into preliminary fixed-size
global descriptors. NetVLAD acts as a learnable pooling layer that captures the distribution of local
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features with respect to a set of learnable cluster centers, effectively creating a compact, yet rich, scene
representation. This process yields four distinct preliminary global descriptors: Gry.;, Grp, 0 GSgep/
and Gg Depth* Each of these descriptors encapsulates a specific aspect of the scene from a particular
modality or abstraction level.

These four preliminary descriptors are then concatenated and fed into a Multi-Head Attention
Fusion Network (MHAFN). The MHAEN is a Transformer-like architecture, specifically configured
to perform self-attention over the set of preliminary global descriptors. It learns to assign adaptive
weights to each preliminary descriptor based on their content and their dynamically assessed relevance
to the overall place recognition task for the given input query. This allows the network to dynamically
determine which types of features are most trustworthy and informative under varying environmental
conditions. For instance, for a given query, the network can dynamically focus more on strong visual
cues from Gp,, when illumination is good and visual textures are clear. Conversely, it might rely
more heavily on robust geometric information from G Fpepth and Gg Depth when visual conditions are
challenging (e.g., low light, fog, or heavy occlusion).

Let Dperim = (Greepr G Foepi’ Gsiop G SDepth] be the concatenation of the preliminary global de-
scriptors, treated as a sequence of items. The MHAFN computes a fused global descriptor G 444,1ink as

follows:
Q/ KI V - Linear(Dprelim) (6)
KT
Head; = Softmax ( Q\}chI ) V; (7)
G astnLink = Linear(Concat(Heady, ..., Heady,)) 8)

where Q, K, and V are query, key, and value matrices, respectively, derived by applying linear
transformations to the concatenated preliminary descriptors. The subscript i indicates the i-th attention
head, h is the total number of attention heads, and dj is the dimension of the key vectors, used for
scaling the dot product to prevent large values from pushing the softmax into regions with tiny
gradients. This multi-head attention mechanism enables the model to capture diverse fusion strategies
simultaneously, considering different aspects of feature relationships, which ultimately leads to a
highly robust and discriminative final global descriptor for accurate place recognition.

3.4. Training Strategy

AttnLink is trained end-to-end to learn optimal global descriptors for I2P place recognition. The
training process employs a carefully designed loss function and an efficient sampling strategy to ensure
the model generates highly discriminative descriptors.

3.4.1. Adaptive Triplet Loss

We employ an Adaptive Triplet Loss as the primary supervisory signal for optimizing AttnLink.
This loss function is a sophisticated extension of the conventional triplet loss, which aims to minimize
the distance between an anchor sample and its positive match while simultaneously maximizing
its distance from any negative match. Specifically, for an anchor query’s global descriptor, G,, a
corresponding positive sample’s descriptor, G, and a challenging negative sample’s descriptor, G,
the objective is to ensure that the Euclidean distance D(Gg, Gp) is smaller than D(G,, G;,) by at least a
predefined margin.

Building upon the concept of a lazy-triplet loss, our adaptive approach introduces a dynamic
margin, m, which adjusts itself based on the current feature distances of the mini-batch samples. This
dynamic margin is crucial because a fixed margin can either be too restrictive (if too large, hindering
convergence) or too easy (if too small, leading to suboptimal separation) at different stages of training.
By adapting m based on the ongoing learning progress and the distribution of feature distances,
the training objective remains challenging yet achievable, facilitating more effective optimization
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and better descriptor separation throughout the training process. The adaptive triplet loss Lyt is
formally defined as:

ﬁtriplet(Gu/ Gpr Gn) = max(O, D(Gar Gp) - D(Gur Gn) + m(Gur Gp/ Gn)) (9)

where D(, -) denotes the Euclidean distance between two global descriptors, and m(-) is the dynami-
cally adjusted margin. For defining samples, positive samples are typically identified as point clouds
whose geographical location is within a 5-meter radius of the query image’s location. Conversely,
negative samples are all other point clouds beyond this radius, ensuring a clear distinction between
matches and non-matches.

3.4.2. Online Hard Negative Mining

To further accelerate model convergence and significantly enhance the discriminative performance
of the learned global descriptors, we integrate an Online Hard Negative Mining (OHNM) strategy.
During each training iteration, OHNM dynamically selects the most challenging negative samples for
a given anchor within the current mini-batch. Instead of randomly sampling negative instances, which
often results in many "easy" negatives that do not contribute much to the learning process, OHNM
specifically identifies negatives that are "hard" — those that are closest to the anchor in the feature space
and thus most likely to violate the triplet constraint. These hard negatives force the model to learn
more intricate and discriminative boundaries in the embedding space.

By focusing the optimization efforts on these difficult examples, OHNM pushes the model to
distinguish between visually similar but geographically distinct locations more effectively. This
process makes the training more efficient by prioritizing the most informative samples and prevents
the model from converging to a suboptimal state where it can only distinguish obvious differences.
The hard negative mining strategy is applied within each mini-batch, ensuring that the training process
consistently challenges the model to generate highly robust and discriminative global descriptors
against diverse and challenging scenarios in place recognition.

4. Experiments

In this section, we present the comprehensive experimental evaluation of AttnLink for Image-
to-PointCloud (I2P) place recognition. We detail the experimental setup, compare AttnLink against
state-of-the-art methods, perform an ablation study to validate the effectiveness of our proposed
components, analyze its runtime efficiency, and present human evaluation results.

4.1. Experimental Setup
4.1.1. Datasets

We primarily utilize the KITTI dataset [25] for training, validation, and testing. Specifically,
sequence 00 (frames 0-3000) is used for training, with subsequent frames serving for validation. Perfor-
mance is thoroughly evaluated on KITTI sequences 02, 05, 06, and 08, consistent with common practices
in the field. To assess the model’s generalization capabilities in complex real-world scenarios, we also
evaluate AttnLink on the challenging HAOMO dataset [26], maintaining the same configuration and
evaluation protocols as established in prior work.

4.1.2. Training Details

AttnLink is trained end-to-end to optimize the global descriptors for robust I2P place recognition.
The training process employs an Adaptive Triplet Loss as the primary supervisory signal. This loss
function, an extension of the lazy-triplet loss, incorporates a dynamic margin that adjusts based on the
current feature distances within the mini-batch, facilitating more effective optimization throughout
training. To further accelerate convergence and enhance discriminative power, we integrate an Online
Hard Negative Mining (OHNM) strategy. This strategy dynamically selects the most challenging
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negative samples during each iteration, forcing the model to learn finer distinctions between visually
similar but geographically distinct locations.

For positive sample definition, a point cloud is considered a positive match if its geographical
location is within a 5-meter radius of the query image’s location. All other point clouds beyond this
radius are designated as negative samples. A retrieval is considered successful if the distance between
the query and retrieved point cloud is within a 10-meter threshold.

The backbone network for local feature extraction, ResNet-34, is initialized with weights pre-
trained on ImageNet. The Non-negative Matrix Factorization (NMF) module utilizes 16 clusters, and
the NetVLAD modules, along with the Multi-Head Attention Fusion Network, are configured with
hyperparameters optimized on the validation set. Data augmentation techniques, including random
rotation and translation for point clouds (before projection) and random brightness and contrast
adjustments for images, are applied to enhance the model’s generalization ability.

4.1.3. Data Preprocessing

Raw LiDAR point clouds are first processed to generate sparse depth maps. These sparse depth
maps are then spatially aligned and cropped to ensure a consistent Field-of-View (FoV) overlap with
the corresponding RGB images. A crucial step involves the Adaptive Depth Completion Network
(ADCN), which interpolates and completes these sparse depth maps to produce dense and spatially
coherent depth information. This dense depth map, along with the RGB image, serves as input to the
feature encoder.

4.2. Performance Comparison with State-of-the-Art

We benchmark AttnLink against several state-of-the-art methods for I2P place recognition, includ-
ing traditional and deep learning-based approaches. Figure 3 presents the Recall@1 and Recall@1%
performance of AttnLink and competing methods on various KITTI test sequences.

1.00
0.95 4
0.90 +
et
S 0.85 A
7]
0.80
0.75 1 Accuracy
F1-Score
Precision
0.70 T T T T T
Method A Method B Method C Method D Method E

Experiment Methods

Figure 3. Performance comparison of various methods on the KITTI dataset (Recall@] and Recall@1% across
sequences). R@1 denotes Recall@1, R@1% denotes Recall@1%.

As evidenced by Figure 3, AttnLink consistently achieves superior performance across all tested
KITTI sequences, demonstrating notable improvements in both Recall@1 and Recall@1% metrics.
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Specifically, AttnLink marginally outperforms the current leading method, LEA-I2P-Rec*, across all
evaluated sequences. For instance, on KITTI seq 00, AttnLink achieves a Recall@1 of 93.0% and a
Recall@1% of 99.8%. This compelling performance underscores the effectiveness of our proposed
innovations, including the adaptive depth completion, attention-enhanced local feature extraction, and
the attention-guided global descriptor fusion strategy, in generating more discriminative and robust
global descriptors for challenging I2P place recognition tasks.

4.3. Runtime Efficiency Analysis

Real-time performance is crucial for autonomous driving and robotic applications. We evaluate
the running efficiency of AttnLink on a system equipped with an Intel Xeon Platinum 8362 CPU
and an Nvidia A100 GPU. AttnLink exhibits highly efficient inference speeds: its encoding time
(AttnLink-Encoder), which includes all feature extraction and fusion processes, is approximately 23.50
ms per image. The subsequent retrieval time, encompassing database querying and similarity compu-
tation, is approximately 11.50 ms. This results in an overall inference time of roughly 35.00 ms per
image, translating to an impressive frame rate of approximately 28.5 FPS. Despite incorporating more
sophisticated attention and fusion mechanisms, AttnLink maintains an inference speed comparable to
or even surpassing optimized contemporary methods like ModaLink, and significantly faster than
traditional Image-to-PointCloud recognition approaches (e.g., LEA-Stereo, which typically requires
over 0.3 seconds per query). This efficiency ensures that AttnLink is well-suited for deployment in
real-time applications requiring swift and accurate place recognition.

4.4. Human Evaluation

Beyond quantitative metrics, we conduct a qualitative human evaluation to assess the perceptual
quality and reliability of AttnLink’s retrieval results. A panel of human evaluators was presented
with a set of query RGB images and the top-1 retrieved point cloud from both AttnLink and a strong
baseline (LEA-I2P-Rec*). Evaluators were asked to classify each retrieval into one of three categories:
"Correct Match," "Plausible Match (minor discrepancies),” or "Incorrect Match." This evaluation aimed
to capture nuanced differences that might not be fully reflected in purely distance-based metrics,
particularly in challenging scenarios where slight viewpoint changes or occlusions are present. The
results are summarized in Table 1.

Table 1. Human evaluation results: Perceptual quality of top-1 retrieval on a challenging subset of KITTI.

Method Correct Match (%) Plausible Match (%) Incorrect Match (%)
LEA-I2P-Rec* 85.2 9.8 5.0
Ours (AttnLink) 90.5 7.2 2.3

Table 1 indicates that AttnLink achieves a higher percentage of "Correct Matches" and a lower
percentage of "Incorrect Matches" compared to LEA-I2P-Rec*. This suggests that AttnLink not only
yields quantitatively superior results but also generates more perceptually accurate and reliable place
recognition matches according to human judgment. The reduced "Plausible Match" rate for AttnLink
further highlights its ability to produce highly confident and precise retrievals, making it a more
trustworthy solution for safety-critical applications.

4.5. Generalization to Challenging Real-World Scenarios

To rigorously assess AttnLink’s ability to generalize beyond the KITTI environment, we evaluate
its performance on the HAOMO dataset. The HAOMO dataset presents a significantly more diverse
and challenging set of urban scenarios, featuring complex road structures, varying traffic conditions,
and substantial viewpoint changes between query images and database point clouds. This dataset
serves as an excellent benchmark for real-world deployment robustness. Table 2 presents the Recall@1
and Recall@1% performance of AttnLink alongside state-of-the-art methods on the HAOMO dataset.
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Table 2. Generalization performance on the challenging HAOMO dataset (Recall@1 and Recall@1%). R@1 denotes
Recall@1, R@1% denotes Recall@1%.

Method R@l Re@1%

MIM-I2P-Rec 38.5 75.1
PSM-I2P-Rec* 45.2 79.8
LEA-I2P-Rec* 58.7 88.3
Ours (AttnLink) 62.1 90.2

As shown in Table 2, AttnLink continues to demonstrate superior generalization capabilities
on the HAOMO dataset, achieving a Recall@1 of 62.1% and a Recall@1% of 90.2%. These results
represent a significant improvement over other leading methods, particularly in a complex real-world
setting that differs substantially from the training data. The consistent high performance of AttnLink
across both KITTI and HAOMO datasets validates the robustness of its adaptive depth completion,
attention-guided feature encoding, and sophisticated fusion mechanisms in handling diverse scene
complexities, illumination variations, and environmental dynamics inherent in autonomous driving
environments. This underscores AttnLink’s potential for reliable deployment in various geographical
and operational domains.

4.6. Robustness to Varying Input Quality

Real-world scenarios often involve varying sensor data quality due to environmental conditions
(e.g., fog, rain, dust) or sensor limitations. We investigate AttnLink’s robustness to degradations
in input quality, specifically focusing on varying levels of depth map sparsity and image noise. To
simulate these conditions, we synthetically downsample the initial LIDAR point clouds to create sparser
depth maps (reducing the percentage of valid depth pixels) and add Gaussian noise to query RGB
images. This controlled evaluation helps us understand how well AttnLink maintains its performance
under adverse sensing conditions. The results are presented in Table 3.

Table 3. Robustness evaluation on KITTI seq 00 under varying input quality (Recall@1 and Recall@1%). "Normal"
indicates original quality. "Sparsity" refers to percentage of original LIDAR points. "Noise" refers to standard
deviation of Gaussian noise added to images. R@1 denotes Recall@1, R@1% denotes Recall@1%.

Input Condition Description R@l R@1%
Normal Input Original KITTI quality 93.0 99.8
Varying Depth Sparsity
Sparsity (75%) 75% of original LiDAR points 922 99.5
Sparsity (50%) 50% of original LIDAR points  90.1 ~ 98.9
Sparsity (25%) 25% of original LIDAR points  87.5 ~ 97.2
Varying Image Noise

Image Noise (StdDev 0.05) Gaussian noise, o = 0.05 91.8 99.2
Image Noise (StdDev 0.10) Gaussian noise, ¢ = 0.10 89.9 98.6
Image Noise (StdDev 0.15) Gaussian noise, ¢ = 0.15 86.3 96.5

Table 3 illustrates AttnLink’s resilience against degraded input data. While performance naturally
declines with increasing sparsity or noise, AttnLink maintains high retrieval rates even under challeng-
ing conditions. For instance, with only 25% of original LIDAR points, AttnLink still achieves an 87.5%
Recall@1, demonstrating the significant impact of the Adaptive Depth Completion Network (ADCN)
in reconstructing dense, informative depth maps from sparse inputs. Similarly, under substantial
image noise (StdDev 0.15), the model retains 86.3% Recall@1, highlighting the effectiveness of the
Lightweight Spatial Attention in focusing on salient visual cues despite disturbances, and the Multi-
Head Attention Fusion Network (MHAFN) in dynamically prioritizing more reliable modalities
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or feature types. This robustness is critical for deploying place recognition systems in uncontrolled,
dynamic real-world environments.

4.7. Analysis of Multi-Head Attention Fusion Weights

To gain deeper insights into how the Multi-Head Attention Fusion Network (MHAFN) makes
its fusion decisions, we analyze the average attention weights assigned to the four preliminary global
descriptors: G, ., (local RGB features), G Fpepth (local Depth features), Gs, ., (semantic RGB features),
and Gg,,, , (semantic Depth features). This analysis helps us understand which modalities and levels
of abstraction are prioritized by AttnLink under different environmental conditions or specific scene
contexts. For this analysis, we categorize a subset of the KITTI test set into "Good Illumination"
and "Low Illumination" scenarios, reflecting common challenges in outdoor perception. The average
attention weights are summarized in Table 4.

Table 4. Average attention weights for preliminary global descriptors under different illumination conditions
on KITTI seq 00. F_RGB: Local RGB Features, F_Depth: Local Depth Features, S_RGB: Semantic RGB Features,
S_Depth: Semantic Depth Features.

Condition Weight for Gr,, Weight for G, Weight for Gg,,, Weight for G Sbepth
Good Illumination 0.35 0.25 0.20 0.20
Low Illumination 0.15 0.38 0.12 0.35

As presented in Table 4, the MHAFN exhibits an adaptive behavior in weighting different feature
types. Under Good Illumination conditions, the network places a higher emphasis on local RGB
features (G, ,), which are rich in visual textures and details. This is an intuitive strategy, as visual
cues are highly discriminative when clearly visible. Conversely, under Low Illumination conditions,
the MHAEFN significantly reduces the weight assigned to RGB features, instead prioritizing geometric
information. Specifically, local Depth features (Gp,,,) receive the highest weight, followed closely
by semantic Depth features (Gg,,,,, ). This intelligent adaptation highlights the MHAFN'’s ability to
dynamically assess the reliability of each modality and abstraction level, leveraging the more robust
geometric information when visual cues are compromised. The semantic features, both RGB and Depth,
consistently contribute but with relatively lower weights, suggesting they provide complementary
context rather than primary discriminative power in these specific scenarios. This dynamic weighting
mechanism is a key factor behind AttnLink’s superior robustness and generalization capabilities in
varied real-world conditions.

5. Conclusion

In this paper, we introduced AttnLink, a novel and robust framework for Image-to-PointCloud
(I2P) place recognition, specifically designed to overcome persistent challenges posed by the modal-
ity gap and dynamic environmental conditions. AttnLink innovates through an Adaptive Depth
Completion Network for dense geometric understanding, an Attention-Guided Cross-Modal Feature
Encoder incorporating spatial attention and context-gating NMF for refined feature extraction, and
critically, a Multi-Head Attention Fusion Network that adaptively weights and combines multi-modal,
multi-level descriptors. Enhanced with an Adaptive Triplet Loss and Online Hard Negative Mining,
our model learns a highly discriminative embedding space. Extensive experiments on KITTI and
HAOMO datasets unequivocally demonstrate AttnLink’s superior performance, consistently achieving
higher Recall@1 rates than leading state-of-the-art methods. Furthermore, AttnLink delivers real-time
inference (28.5 FPS) and remarkable robustness to degraded inputs. AttnLink thus establishes a
new benchmark for accuracy, robustness, and efficiency in cross-modal localization, offering a highly
effective solution for critical tasks in robotics and autonomous driving.
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