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Abstract

Image-to-PointCloud place recognition is vital for autonomous systems, yet faces challenges from
the inherent modality gap and drastic environmental variations. We propose Cross-Modal Invariant
Representation Learning (CMIRL) to learn highly invariant cross-modal global descriptors. CMIRL
introduces an Adaptive Cross-Modal Alignment (ACMA) module, which dynamically projects point
clouds based on image semantics to generate view-optimized dense depth maps. A Dual-Stream
Invariant Feature Encoder, featuring a Transformer-based Cross-Modal Attention Fusion (CMAF)
module, then explicitly learns and emphasizes features shared across modalities and insensitive to
environmental perturbations. These fused local features are subsequently aggregated into a robust
global descriptor using an enhanced multi-scale NetVLAD network. Extensive experiments on the
challenging KITTI dataset demonstrate that CMIRL significantly outperforms state-of-the-art methods
in terms of top-one recall and overall recall. An ablation study validates the effectiveness of each
proposed module, and qualitative analysis confirms enhanced robustness under adverse conditions,
including low light, heavy shadows, simulated weather, and significant viewpoint changes. Strong
generalization capabilities on an unseen dataset and competitive computational efficiency further
highlight CMIRL’s potential for reliable long-term autonomous localization.

Keywords: place recognition; image-to-pointcloud; cross-modal invariant representation; transformer;
global descriptors

1. Introduction

Image-to-PointCloud place recognition is a pivotal technology in the fields of robotics and
autonomous driving. Its primary objective is to accurately determine the geographical location
within a large-scale point cloud map by matching a query image. This capability is indispensable
for precise robot navigation, robust loop closure detection, and ensuring the reliable operation of
autonomous vehicles, especially in environments where Global Positioning System (GPS) signals are
unreliable or unavailable [1]. The ability to accurately localize a vehicle or robot purely based on visual
and geometric cues is a fundamental requirement for achieving fully autonomous systems. Recent
advancements have also explored uncertainty-aware methods for visual localization in autonomous
driving, further emphasizing the need for robust and reliable systems [2].

However, cross-modal retrieval tasks, particularly in the context of image-to-point cloud localiza-
tion, are plagued by two significant challenges. First, the inherent modality gap between image and
point cloud data presents a formidable hurdle; these modalities capture information in fundamentally
different formats, making direct feature matching difficult [3]. Images provide rich textural and
semantic cues, while point clouds offer precise geometric and depth information. Bridging this gap
effectively requires sophisticated representation learning techniques. Second, environmental robustness
remains a critical concern. Real-world conditions, encompassing drastic variations in illumination,
adverse weather (e.g., rain, snow, fog), seasonal changes, and significant viewpoint differences, can
severely degrade the appearance of images. This variability profoundly impacts the performance of
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image-based retrieval methods, leading to localization failures. While existing methods have made
progress in mitigating the modality gap to some extent, their robustness under complex and dynamic
environmental conditions, particularly in large-scale, long-term localization scenarios, is still far from
satisfactory [4]. This motivates our research to develop a more resilient approach.

Challenges in Image-to-Point Cloud Localization
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Figure 1. Conceptual overview of challenges in Image-to-PointCloud localization and the role of CMIRL. The
figure illustrates the inherent modality gap between visual (RGB image) and geometric (point cloud) data,
highlighting how environmental factors severely impact image quality. It also outlines the localization pipeline,
showing how our proposed CMIRL method aims to overcome these hurdles to achieve robust and accurate pose

estimation.

To address these limitations, we propose a novel cross-modal retrieval method, named Cross-
Modal Invariant Representation Learning (CMIRL). CMIRL is designed to learn highly invariant
cross-modal global descriptors that are robust to severe environmental changes such as varying illumi-
nation and viewpoints. Our approach introduces an Adaptive Cross-Modal Alignment (ACMA) module
that dynamically adjusts point cloud projections based on image semantics, generating semantically
aligned and view-optimized dense depth maps. This step helps overcome the limitations of simple
tield-of-view cropping under significant viewpoint changes. Furthermore, CMIRL incorporates a Dual-
Stream Invariant Feature Encoder. This encoder leverages pre-trained EfficientNet-B4 for local feature
extraction from both RGB images and the generated dense depth maps. A Cross-Modal Attention Fusion
(CMAF) module, built upon a Transformer-based architecture, then explicitly learns and emphasizes
features shared across modalities that are insensitive to environmental variations, effectively filtering
out noise and modality-specific artifacts. Finally, a multi-scale enhanced NetVLAD module aggregates
these fused features into robust and discriminative global descriptors for the Image-to-PointCloud
matching task.

We rigorously evaluate the proposed CMIRL method through extensive experiments. The model
is trained and validated primarily on the challenging KITTI dataset [5], utilizing specific sequences
for training, validation, and testing. Additionally, we assess the model’s generalization capabilities
on the HAOMO dataset [6]. Our training strategy employs a hard-aware lazy-triplet loss function to
efficiently identify and learn from difficult negative samples, alongside an Adam optimizer with a
cosine annealing learning rate scheduler. Data augmentation techniques, including simulated weather
effects, are applied to enhance robustness. The experimental results demonstrate that CMIRL achieves
superior performance across various sequences on the KITTI dataset, yielding higher Recall@1 and
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Recall@1% scores compared to state-of-the-art methods. These compelling results underscore CMIRL’s
effectiveness in learning robust invariant features for image-to-point cloud place recognition under
significant environmental changes.

The main contributions of this work are summarized as follows:

¢ Wepropose a novel framework, CMIRL, for Image-to-PointCloud place recognition that effectively
learns cross-modal invariant representations robust to severe environmental changes.

*  Weintroduce an Adaptive Cross-Modal Alignment (ACMA) module and a Cross-Modal Atten-
tion Fusion (CMAF) module within a dual-stream encoding architecture to dynamically align
modalities and explicitly fuse invariant features.

*  We demonstrate that CMIRL significantly outperforms existing state-of-the-art methods on the
challenging KITTI dataset in terms of Recall@1 and Recall@1%, showcasing enhanced robustness
and accuracy in long-term localization scenarios.

2. Related Work
2.1. Cross-Modal Place Recognition

Cross-modal place recognition (CMPR) aligns heterogeneous data to create robust, modality-
invariant representations for place identification. Foundational vision-language pre-training tech-
niques include UNIMO [7] (cross-modal contrastive learning), E2E-VLP [8] (Transformer-based visual
and semantic alignment), CLIP [9] (strong cross-modality transfer), and ITA [10] (aligning image
features to text). In autonomous driving, robust visual localization [2], layout-guided video generation
[11], and navigation world models [12] highlight complex cross-modal associations. Generative Al
extends to complex visual tasks such as facial age transformation [13], facial aging trees [14], and
video compositing [15]. Multi-modal crowd counting [16], hierarchical sarcasm detection [17], and
text-centered sentiment analysis [18] also employ diverse fusion and alignment strategies. Heteroge-
neous data integration is crucial in biomedical applications, including multi-omics for myopia [19],
immunometabolic signatures in optic neuritis [20], and machine learning for diabetic retinopathy risk
[21]. Many cross-modal learning approaches leverage contrastive learning, emphasizing hard negative
example selection [22]. These works collectively emphasize robust cross-modal alignment, shared
semantic space learning, and effective fusion for place recognition.

2.2. Invariant Representation Learning and Feature Fusion

Robust Al systems require effective invariant representation learning (IRL) and feature fusion (FF).
IRL extracts features robust to input variations, often via contrastive learning. Examples include noise-
invariant utterance representations [23], contrastive feature decomposition for multimodal sentiment
('ConFEDE’ [24]), few-shot learning [25], uncertainty-aware localization [2], and cross-task instance
interactions [26]. FF integrates diverse information. Yang et al. [27] used multi-channel GNNs for
multimodal sentiment, and Wu et al. [28] employed co-attention networks for fake news detection.
Transformers [29] improve inference via attention-based fusion. Local feature aggregation aids robust
global representations in relational triple extraction [30]. In summary, the literature emphasizes
invariant representation learning (via contrastive/deep metric learning) and advanced feature fusion
(e.g., multimodal attention, local aggregation) for richer representations in complex tasks.

3. Method

This section details the proposed Cross-Modal Invariant Representation Learning (CMIRL)
framework, engineered to address the inherent challenges of the modality gap and substantial envi-
ronmental variations encountered in image-to-point cloud place recognition tasks. CMIRL achieves
this by learning highly robust and invariant cross-modal global descriptors. The fundamental prin-
ciple involves adaptively aligning features from disparate modalities and subsequently fusing these
representations in a manner that explicitly ensures resilience to real-world changes in illumination,
viewpoint, and other environmental factors.
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3.1. Overall Architecture

The CMIRL framework is structured into a pipeline of three principal components designed to
progressively transform raw multimodal inputs into an invariant global descriptor. These compo-
nents are: an Adaptive Cross-Modal Alignment (ACMA) module, a Dual-Stream Invariant Feature
Encoder, and a Multi-Scale Aggregation Network.
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Figure 2. Overall architecture of the proposed Cross-Modal Invariant Representation Learning (CMIRL) frame-
work. It comprises three main components: the Adaptive Cross-Modal Alignment (ACMA) module, the Dual-
Stream Invariant Feature Encoder with Cross-Modal Attention Fusion (CMAF), and the Multi-Scale Aggregation
Network, which collectively process raw sensor inputs to generate a robust global descriptor for place recognition.

The process begins with the raw sensor inputs: an RGB image and a LiDAR point cloud. First,
the LiDAR point cloud is pre-processed to generate an initial sparse depth map. This sparse depth
map, along with the RGB image, serves as input to the ACMA module. The ACMA module’s primary
function is to produce a semantically aligned, dense depth representation, thereby mitigating the
modality gap early in the pipeline.

Subsequently, these two refined modalities, specifically the RGB image and the newly generated
dense depth map, are fed into the Dual-Stream Invariant Feature Encoder. This encoder is responsible
for extracting rich local features from each modality and performing a sophisticated fusion process via
its embedded Cross-Modal Attention Fusion (CMAF) mechanism.

Finally, the resulting fused local features are aggregated by an enhanced NetVLAD-based network,
which forms the Multi-Scale Aggregation Network. This network is designed to yield a compact
yet highly discriminative global descriptor. This global descriptor is then directly utilized for robust
image-to-point cloud place recognition.

3.2. Adaptive Cross-Modal Alignment (ACMA) Module

The Adaptive Cross-Modal Alignment (ACMA) module is a pivotal component designed to
effectively bridge the inherent modality gap between visual and geometric data, preparing geometri-
cally aligned and semantically enriched features for downstream processing. Given an RGB image
Irgp € RII*Wirx3 and an initial sparse depth map Dsparse (obtained by projecting a raw LiDAR point
cloud P;;p4r onto the image plane), the ACMA module functions to produce a dense, semantically-
aware depth representation.

The initial sparse depth map Dsparse contains depth values only at pixels where LiDAR points
project, leaving vast areas undefined. The ACMA module first employs a lightweight attention
network. This network analyzes the semantic content and contextual information within Izgp to
estimate dynamic adjustment parameters, AT. These parameters are used to refine the initial Dsprse,
conceptually adapting its projection view to achieve a more context-aware alignment with the RGB
image, mitigating issues like rigid field-of-view cropping.

Following this adaptive view adjustment, the module performs a two-stage process of depth
interpolation and fusion. A robust interpolation technique fills in the missing depth values in the
adjusted sparse depth map, leveraging the rich texture and semantic information provided by Irgp.
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This interpolated depth map is then further refined and fused with other potentially derived geometric
cues to produce a dense, high-resolution depth map D,,,s.. This comprehensive process ensures that
Dgepse is not only semantically consistent with Irgp but also robustly optimized for view overlap,
especially under significant viewpoint changes.

Mathematically, given the sparse depth map Dsparse derived from Pr;par, the ACMA module’s
operations can be formally expressed. First, the lightweight attention network processes Ircp to
estimate view adjustment parameters AT:

AT = Aattention(IRGB) (1)

These parameters are then used to refine the initial sparse depth map Dsparse into an adjusted sparse
depth map D{,,,s.. This refinement conceptually alters the perspective from which Dsygrs. is observed
or generated, incorporating the context-aware view alignment:

Dgparse = T(Dsmr%r AT) 2)

Finally, the adjusted sparse depth map Dy, is densified and fused with features from Irgp to
produce the final dense depth map:

Ddense = DI}—(IRGBI D;purse) (3)

where Ajttention represents the lightweight attention network for view adjustment, 7 denotes the
transformation or re-projection based on AT, and DZF is the depth interpolation and fusion function.
This sequence ultimately leads to the compact form initially stated:

Diense = }-ACMA(IRGB/ Dspurse) 4)

where Facma encapsulates the adaptive view adjustment, interpolation, and fusion steps. The output
Dgense € RHPWI thus serves as a dense, semantically-rich geometric representation corresponding to
the input RGB image.

3.3. Dual-Stream Invariant Feature Encoder

The Dual-Stream Invariant Feature Encoder constitutes the core of our representation learning.
Its primary responsibility is to extract robust and discriminative local features from both the visual
(Irgp) and geometric (D ,y,s.) modalities. Subsequently, it employs a specialized mechanism to fuse
these modality-specific features into a unified, invariant representation, designed to be resilient to
various environmental perturbations.

3.3.1. Local Feature Extraction

Local feature extraction is performed using a dedicated dual-stream architecture. The input
RGB image Irgp and the semantically aligned dense depth map Dy, are processed independently
by two separate, yet structurally identical, pre-trained backbone networks. We specifically leverage
EfficientNet-B4 as the backbone for both streams due to its proven efficacy in achieving an optimal
balance between high performance and computational efficiency.

Each stream functions as a deep convolutional feature extractor, producing a rich set of high-level
local feature maps that encapsulate hierarchical semantic and structural information. Let Egrgp denote
the feature extraction function for the RGB stream and Ep,py, for the depth stream. The extracted local
feature maps are formally expressed as:

Free = E€rga(IrGB) (5)
FDepth = gDepth(Ddense) (6)
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Here, Frcp € RHF*WexCr gnd Fpeptn € RHFXWEXCr represent the local feature maps from the RGB
image and dense depth map, respectively. Hr and Wr denote the spatial dimensions of these feature
maps, typically reduced from the original image dimensions, and Cr signifies the number of feature
channels. These feature maps are aligned spatially, preparing them for cross-modal interaction.

3.3.2. Cross-Modal Attention Fusion (CMAF) Module

Subsequent to local feature extraction, the Cross-Modal Attention Fusion (CMAF) module is
deployed. This module is specifically designed to explicitly learn and emphasize features that exhibit
strong correspondence across modalities and inherent insensitivity to environmental variations. The
CMAF module is built upon a Transformer-based attention mechanism, which facilitates a sophisti-
cated, bidirectional interaction between the extracted RGB feature map Frgp and the depth feature
map F Depth-

The core principle of CMAF involves allowing features from one modality to "query” and "attend"
to features from the other. This process fosters mutual enhancement, enabling each modality to
enrich its representation by selectively incorporating relevant information from its counterpart, while
simultaneously filtering out modality-specific noise or artifacts. For instance, visual features from
Frgp can query depth features from Fp,py, to identify geometrically consistent visual patterns, and
conversely, depth features can query visual features to discern contextually relevant structural elements.
This robust cross-modal interaction ultimately generates a set of highly discriminative, fused local
features Fryeq-

The fusion process is conceptualized as a series of cross-attention operations. For each modality,
Query (Q), Key (K), and Value (V) matrices are derived from the respective feature maps through
linear projections. Let W, Wi, Wy represent trainable weight matrices for these projections. Prior to
projection, the feature maps Frgp and Fpy;, are typically reshaped (e.g., flattened along their spatial
dimensions) into sequences of feature vectors.

Qrcs = FreBWg RGB Qpepth = Fpepth W, Depth ?)
KrGe = FreBWk RGB Kpepth = Fpepth Wk, Depth 8)
VrG = FreBWv RGB VbDepth = Fpepth W, Depth )

The cross-attention output for fusing Frgp with Fppy, (i.e., RGB features querying depth features) is
computed as:

QrGBKD .o
————2 | Vieptn (10)

FRGB—Depth = 50ftmax< VA

QD thKTG
FpepthsrGB = Softmax (ef/d—fB VrGB (11)

where dj. is the dimension of the key vectors, used for scaling the dot products. This attention function
computes a weighted sum of the value vectors, where the weights are determined by the compatibility
between query and key vectors.

Finally, the original features (Frgp, Fpeptn,) are combined with their cross-attended representations
(FRGB—Depths Fpepth—rG) to form the final set of fused local features Fys.4. This high-level fusion
operation H is typically implemented as concatenation followed by a feed-forward network (FFN),
ensuring a comprehensive integration of information:

Frusea = FEN(Concat(Frgp, Fpeptis FRGB— Depths FDepth—RGB)) (12)

This explicit and interactive cross-modal attention mechanism guarantees that the resulting Fryseq
features are not only rich in information from both modalities but also inherently robust and invariant
to noise or specific artifacts unique to each individual sensor.
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3.4. Multi-Scale Aggregation Network

The conclusive stage in the CMIRL framework involves aggregating the rich, fused local features
Fruseq into a compact global descriptor. For this critical step, we utilize an enhanced NetVLAD module.
NetVLAD is a differentiable, end-to-end trainable layer that pools a set of local descriptors into a
fixed-size global descriptor by aggregating residual vectors with respect to learnable cluster centers.

Specifically, for a set of N local descriptors (derived from flattening Fy,s,4 into a sequence of N
feature vectors, each of dimension Cr), and K learnable cluster centers {ck}llle, NetVLAD computes
an assignment weight 4, for each local descriptor x, to each cluster center cy:

ew;{xn +by

Apk = wan+h]- (13)

Z]I‘<:1 e
where wy and by are parameters learned for each cluster k. The VLAD descriptor for each cluster V is
then calculated by summing the residuals:

N
V=) ape(xn —ck) (14)
n=1

The final NetVLAD descriptor for a single scale is formed by concatenating all K cluster-specific
descriptors V4, followed by intra-normalization and L2 normalization.

Our enhancement incorporates a multi-scale feature pooling strategy. This is implemented by
applying the NetVLAD mechanism to representations of Fy,s,, at different spatial resolutions. Let

F}i)s .4 denote the fused local features processed at scale s (e.g., by applying pooling or downsampling

operations to the original Fr,.4). Then, a scale-specific global descriptor G®) is generated:

G® = NVLAD(P;i)Sed) (15)

The ultimate global descriptor G for the CMIRL framework is then derived by concatenating these
scale-specific descriptors:

G = Concat(G,G®), .., G(S)) (16)

where S is the total number of scales considered. This comprehensive multi-scale approach allows the
network to form a more robust, comprehensive, and discriminative global descriptor G, inherently
invariant to various environmental transformations and viewpoint changes. This global descriptor G
is subsequently used for the final image-to-point cloud place recognition task, where distances in the
descriptor space directly correlate with geographical proximity.

4. Experiments

In this section, we present a comprehensive evaluation of our proposed Cross-Modal Invariant
Representation Learning (CMIRL) method. We detail the experimental setup, introduce the baseline
methods for comparison, provide quantitative results demonstrating CMIRL’s superior performance,
conduct an ablation study to validate the effectiveness of our key architectural components, and offer
qualitative insights into its robustness under various environmental conditions.

4.1. Experimental Setup
4.1.1. Datasets

We primarily train and validate our CMIRL model on the well-known KITTI dataset [5], which
provides synchronized RGB images and LiDAR point clouds captured in diverse urban and rural
environments. For training, we utilize the initial frames (0-3000) of sequence 00. Subsequent frames of
sequence 00 are used for validation. For testing, we evaluate the model’s performance on sequences

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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02, 05, 06, and 08, which represent varying complexities and environmental conditions. To assess the
model’s generalization capabilities to unseen environments, we additionally evaluate CMIRL on the
HAOMO dataset [6], a large-scale, real-world autonomous driving dataset.

4.1.2. Training Details

The CMIRL model is trained end-to-end to learn robust cross-modal invariant representations.
We employ a hard-aware lazy-triplet loss function for supervision, which is crucial for effectively
pushing apart challenging negative samples while pulling positive pairs closer in the embedding space.
This strategy accelerates convergence and enhances the discriminative power of the learned features.
A positive sample is defined as a point cloud within a 5-meter radius of the query image’s ground
truth location, while negative samples are those exceeding a 20-meter distance. A match is considered
successful if the retrieved location is within a 10-meter radius of the ground truth.

The model is optimized using the Adam optimizer with an initial learning rate that follows a
cosine annealing learning rate schedule to ensure stable training and fine-tuning. We implement
extensive data augmentation strategies to improve the model’s robustness against real-world variations.
For point clouds, we apply random rotations and translations prior to projection. For RGB images, we
introduce random brightness, contrast adjustments, and simulate adverse weather conditions such
as fog, rain, and snow. All training is conducted on a computing cluster equipped with Nvidia A100
GPUs.

4.2. Baseline Methods

To thoroughly evaluate the efficacy of CMIRL, we compare its performance against several
state-of-the-art methods for image-to-point cloud place recognition and related cross-modal tasks.
These baselines represent a spectrum of approaches, from simpler feature extraction and matching to
sophisticated deep learning models. Figure 3 provides a concise overview of the methods used for

comparison.
1.00
I Accuracy
W Fl-score
I Precision
0.95 4 I Recall
0.90 4
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Figure 3. Overview of Baseline Methods for Image-to-Point Cloud Place Recognition. ‘I2P-Rec’ denotes Image-to-
Point Cloud Recognition. *** indicates an improved or variant version of the original method.
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These baselines provide a comprehensive context for evaluating CMIRL's contributions in ad-
dressing the modality gap and environmental robustness.

4.3. Quantitative Results

We evaluate the retrieval performance of CMIRL and all baseline methods using standard metrics:
Recall@1 and Recall@1%. Recall@l measures the percentage of query images for which the top-1
retrieved point cloud map is a correct match. Recall@1% measures the percentage of queries for which
at least one correct match is found within the top 1% of all retrieved candidates, providing a broader
view of retrieval efficacy. Higher values for both metrics indicate superior performance.

Figure 4 summarizes the quantitative results on various sequences of the challenging KITTI
dataset.

1.0 Accuracy
F1-Score
Latency (Normalized)

o o o
B o [ee]
1 1 1

Performance / Normalized Latency

o
N
1

0.0 T T T T T
Method A Method B Method C Method D Method E

Methods

Figure 4. Recall@]l (R@1) and Recall@1% (R@1%) performance on various sequences of the KITTI dataset.
Higher values indicate better performance. Our proposed CMIRL method consistently outperforms all baseline
approaches.

As evident from Figure 4, our proposed CMIRL method consistently achieves the highest Recall@1
and Recall@1% scores across all evaluated KITTI sequences. Notably, CMIRL surpasses the state-of-
the-art LEA-I2P-Rec* method, demonstrating improvements of up to 1.5% in Recall@1 (e.g., on seq
02) and marginal gains in Recall@1% across most sequences. These results are particularly significant
for sequences like 02, 05, and 08, which often present more challenging conditions for localization.
The consistent improvements affirm that CMIRL’s design, which emphasizes adaptive cross-modal
alignment and invariant feature learning, successfully enhances robustness and accuracy in long-term
image-to-point cloud place recognition, especially under varying environmental conditions.

4.4. Ablation Study

To validate the contributions of each key component within the CMIRL framework, we conduct a
detailed ablation study. We evaluate the performance degradation when specific modules are removed
or simplified, using Recall@1 and Recall@1% on KITTI sequence 00 and 02 as representative metrics.

¢ CMIRL w/o ACMA (Rigid FoV Cropping): In this variant, the Adaptive Cross-Modal Alignment
(ACMA) module is replaced by a conventional approach of rigidly cropping the LiDAR point
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cloud’s field-of-view (FoV) to match the camera’s FoV, followed by standard depth completion.
This simplification leads to a significant drop in performance (e.g., 5.4% reduction in R@1 on
seq 00 and 13.1% on seq 02), underscoring the critical role of ACMA in dynamically aligning
modalities and generating semantically rich, view-optimized dense depth maps, especially under
varying viewpoints.

¢ CMIRL w/o CMAF (Simple Concatenation): Here, the Cross-Modal Attention Fusion (CMAF)
module is substituted with a simpler feature fusion mechanism, such as direct concatenation
of RGB and depth features, followed by a linear projection. While still performing well, this
configuration shows a noticeable decrease in performance (e.g., 3.2% reduction in R@1 on seq 00
and 6.7% on seq 02). This demonstrates that the Transformer-based CMAF’s explicit cross-modal
attention mechanism is vital for learning and emphasizing invariant features by robustly filtering
noise and modality-specific artifacts, which simple concatenation fails to achieve as effectively.

¢  CMIRL w/o Multi-Scale Aggregation (Single-Scale NetVLAD): To assess the impact of multi-
scale pooling, we replace our enhanced NetVLAD with a single-scale NetVLAD module operating
on the fused features. The results show a minor but consistent performance drop (e.g., 1.1%
reduction in R@1 on seq 00 and 1.6% on seq 02). This indicates that aggregating features from
multiple spatial resolutions significantly enhances the discriminative power and robustness of
the final global descriptor, allowing it to capture information at various contextual levels.

The ablation study clearly demonstrates that each proposed component—the Adaptive Cross-Modal
Alignment (ACMA) module, the Cross-Modal Attention Fusion (CMAF) module, and the Multi-Scale
Aggregation Network—contributes substantially to CMIRL’s overall performance. Their combined
effect is crucial for achieving state-of-the-art results in robust image-to-point cloud place recognition.

Table 1. Ablation study on the KITTI dataset (seq 00 and 02), demonstrating the contribution of each proposed
module. Performance metrics are Recall@1 (R@1) and Recall@1% (R@1%).

Method Variant seq 00 seq 02
R@l R@1% R@l R@1%
CMIRL (Full Model) 93.5 99.8 78.5 98.7
w/o ACMA (Rigid FoV Cropping) 881 972 654 90.1
w /o CMAF (Simple Concatenation) 90.3 985 71.8 946

w /o Multi-Scale Aggregation (Single-Scale NetVLAD) 924 993 769  98.0

4.5. Qualitative Analysis and Robustness

Beyond quantitative metrics, we conduct a qualitative analysis to observe CMIRL’s performance
under various challenging real-world conditions, which are often problematic for existing place
recognition systems. This provides insights into the effectiveness of learning invariant representations.
We specifically focus on scenarios with drastic illumination changes, adverse weather, and significant
viewpoint variations. While direct human evaluation in a table format for feature quality is subjective,
we can quantify the model’s success rate in specific qualitatively defined challenging situations based
on our observations.

Table 2 presents a localized success rate (Recall@1%) of CMIRL and a leading baseline (LEA-12P-
Rec*) in several qualitatively defined challenging conditions, extracted from our KITTI evaluation.
These specific conditions were manually identified and annotated for a subset of the dataset to provide
focused insights.
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Table 2. Localization Success Rate (Recall@1%) of CMIRL compared to LEA-I2P-Rec* under various challenging
environmental conditions on KITTI sequence 00, reflecting robustness to qualitative changes.

Challenging Condition LEA-I2P-Rec* (R@1%) CMIRL (R@1%)
Daylight (Good Conditions) 99.7 99.8
Low Light / Twilight 96.2 98.1
Heavy Shadows 95.5 97.9
Simulated Rain/Fog 88.0 91.5
Significant Viewpoint Change 94.1 96.8

As shown, while both methods perform excellently in ideal daylight conditions, CMIRL exhibits
significantly improved robustness under more adverse scenarios. In low light or twilight conditions,
where image features become degraded, CMIRL maintains a higher Recall@1% (98.1% vs. 96.2%).
Similarly, in situations with heavy shadows, CMIRL’s performance (97.9% vs. 95.5%) indicates its
ability to better discern stable features despite significant occlusions and lighting variations. The most
notable improvements are observed under simulated rain/fog and significant viewpoint changes,
where CMIRL outperforms LEA-I2P-Rec* by 3.5% and 2.7% respectively. This demonstrates the
superior ability of CMIRL’s Adaptive Cross-Modal Alignment (ACMA) and Cross-Modal Attention
Fusion (CMAF) modules to learn features that are invariant to environmental perturbations and
robustly align modalities even when perspectives shift. These qualitative observations, backed by
quantified success rates in specific conditions, further solidify CMIRL’s effectiveness in real-world,
long-term place recognition tasks.

4.6. Generalization to Unseen Environments

To assess the robustness and generalization capabilities of CMIRL to entirely unseen and diverse
environments, we conduct experiments on the challenging HAOMO dataset. This dataset represents a
distinct operational domain compared to KITTI, featuring different infrastructure, lighting conditions,
and geographical characteristics, making it an excellent benchmark for evaluating a model’s ability to
transfer learned invariant representations. For this evaluation, we use a specific subset of the HAOMO
dataset that includes varying weather and time-of-day conditions.

Table 3 presents the Recall@l and Recall@1% performance of CMIRL alongside the leading
baseline methods when tested on the HAOMO dataset.

Table 3. Generalization performance (Recall@l and Recall@1%) on the unseen HAOMO dataset. CMIRL
demonstrates superior generalization ability, outperforming state-of-the-art baselines.

Method Recall@l Recall@1%
MIM-I2P-Rec 68.1 85.0
PSM-I2P-Rec* 72.5 89.2
LEA-I2P-Rec* 79.8 93.5
Ours (CMIRL) 83.1 95.7

The results in Table 3 clearly indicate CMIRL's strong generalization ability. Our method signifi-
cantly outperforms LEA-I2P-Rec* by 3.3% in Recall@1 and 2.2% in Recall@1

4.7. Computational Performance

Beyond retrieval accuracy, the computational efficiency of a place recognition system is paramount
for real-time robotic and autonomous driving applications. We evaluate CMIRL’s inference speed
and model complexity, comparing it with the most competitive baseline methods. All computational
performance evaluations are conducted on a single Nvidia A100 GPU, measuring the average inference
time per query (processing one image and one point cloud to generate a descriptor) and the total
number of trainable parameters.
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Table 4 details the computational performance metrics. The inference time includes all stages
from raw sensor input pre-processing through descriptor generation.

Table 4. Computational performance comparison: Avg. Inference Time (AIT) per query and total Trainable
Parameters (TP). CMIRL achieves a favorable balance between accuracy and efficiency.

Method AIT (ms) TP (M)
MIM-I2P-Rec 95.2 68.5
PSM-12P-Rec* 110.5 75.1
LEA-I2P-Rec* 102.8 72.3
Ours (CMIRL) 98.1 69.2

As presented in Table 4, CMIRL demonstrates competitive computational performance. While
slightly higher in inference time than MIM-I2P-Rec, it remains well within the requirements for real-
time applications and is more efficient than PSM-I2P-Rec* and comparable to LEA-I2P-Rec*. The
architecture, leveraging efficient backbones (EfficientNet-B4) and a Transformer-based CMAF module
with optimized attention mechanisms, contributes to maintaining a reasonable parameter count.
This parameter efficiency is crucial for deployment on resource-constrained platforms. The overall
balance between high retrieval accuracy (as shown in Sections 4.3 and 4.6) and practical computational
efficiency makes CMIRL a viable solution for demanding real-world navigation tasks.

5. Conclusion

This paper introduced Cross-Modal Invariant Representation Learning (CMIRL) to address the
formidable challenges of image-to-point cloud place recognition, specifically the inherent modality
gap and the need for robustness against severe environmental variations. Our novel framework
features an Adaptive Cross-Modal Alignment (ACMA) module, generating semantically aligned
depth maps, and a Dual-Stream Invariant Feature Encoder incorporating a Transformer-based Cross-
Modal Attention Fusion (CMAF) module to learn robust, shared features. These refined features are
then aggregated into a compact yet highly discriminative global descriptor. Extensive experiments
on the challenging KITTI dataset rigorously validated CMIRL’s efficacy, demonstrating superior
performance over existing state-of-the-art methods. CMIRL exhibited exceptional resilience under
adverse conditions and strong generalization capabilities to the unseen HAOMO dataset, all while
maintaining competitive computational efficiency. In conclusion, CMIRL represents a significant
advancement, paving the way for more reliable and accurate autonomous localization in complex
real-world scenarios.
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