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H I G H L I G H T S

• Monocular depth estimation is utilized to enhance place recognition.

• A thorough evaluation of preprocessing techniques is conducted to improve the depth maps.

• Fusion techniques are developed to leverage visual and geometric data.

• A model-agnostic approach that enhances the performance even without fine tuning.

• A robust method applicable across various scenarios and lighting conditions.
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A B S T R A C T

Omnidirectional cameras are a suitable and cost-effective choice for Visual Place Recognition (VPR), as they 

provide comprehensive information from the scene regardless of the robot orientation. However, vision sensors 

are vulnerable to environmental appearance changes (e.g., illumination, weather, season or moving objects). 

While multi-modal sensing approaches can overcome these challenges, they introduce significant cost and sys­

tem complexity. This paper introduces PDPR (Panoramic-Depth Place Recognition), a novel fusion framework 

that enhances the robustness of VPR methods by integrating visual data with geometric features derived from 

monocular depth estimation techniques, while using a single-camera setup. In the ablation study, both early 

and late fusion strategies are evaluated to optimally combine appearance-based and depth-derived features. The 

extensive evaluation on challenging, indoor and outdoor datasets demonstrates that PDPR consistently boosts 

retrieval performance across multiple state-of-the-art VPR models. Furthermore, this improvement is achieved 

without requiring any fine tuning, allowing our method to function as a pluggable module for pretrained models. 

Consequently, this work presents a powerful, practical and low-cost solution for robust VPR, with high potential 

to scale as monocular depth estimation and VPR models continue to improve. The project website can be found 

at https://marcosalfaro.github.io/projects-PDPR/.

1 . Introduction

Visual Place Recognition (VPR) aims to determine the location of a 

vehicle by matching a current query image against a database of previ­

ously visited places [1]. It has emerged as a cost-effective and scalable 

solution for applications that require localization or navigation capabil­

ities in the field of mobile robotics. To address this task, images provide 

rich semantic and textural information at a low cost [2]. Omnidirectional 

cameras, in particular, are highly suitable for this task, as their 360◦

field of view (FoV) offers comprehensive scene information and inherent 

viewpoint invariance [3].

Despite these advantages, the reliance on visual appearance makes 

VPR algorithms vulnerable to environmental changes, such as different 

illumination conditions, seasons, or the presence of dynamic objects. 

While modern deep learning encoders, based on Convolutional Neural 

Networks (CNNs) and Vision Transformers (ViTs), have significantly 

advanced the capabilities in VPR [4,5], they still struggle when facing 

these pronounced appearance shifts.
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To mitigate this, multi-modal approaches seek to improve robustness 

by fusing visual data with other sensory sources [6]. Information from 

LiDAR point clouds [7] or 3D depth sensors [8] is popular, as this geo­

metric data is inherently robust to natural illumination changes (being 

self-illuminating sensors). However, this solution introduces significant 

system complexity, calibration overhead and cost. While RGB-D sensors 

[9] are an alternative, their limited field of view hinders the recogni­

tion of the complete scene, and their integration with the 360◦ FoV of 

omnidirectional camera setups is not straightforward.

Recently, Monocular Depth Estimation (MDE) has emerged as a pow­

erful alternative, capable of generating dense, pixel-aligned depth maps 

from a single RGB image [10]. This technology provides a pathway to 

obtain rich geometric information about the scene without any addi­

tional sensing devices, perfectly complementing the existing camera. We 

hypothesize that fusing the geometric information from MDE-generated 

depth maps with visual data can significantly enhance VPR robustness 

against appearance changes, all while retaining a low-cost, single-

camera setup. Building on this, we propose PDPR (Panoramic-Depth 

Place Recognition), a novel fusion framework that leverages state-of-

the-art VPR models to encode panoramic images and their corresponding 

MDE-derived depth maps separately. These two embeddings —one cap­

turing visual appearance, the other geometric structure— are then 

merged using an efficient fusion strategy.

As our experimental validation demonstrates, the proposed approach 

consistently improves retrieval performance across diverse environ­

ments, regardless of the employed VPR backbone. Importantly, this 

improvement is achieved without any model fine-tuning, allowing PDPR 

to act as a lightweight, pluggable module for existing, pre-trained 

systems. Therefore, the main contributions of this paper are:

• A novel pseudo-multimodal place recognition framework is pro­

posed. It leverages both visual information from panoramic images 

and geometric data from MDE-generated depth maps, while using 

a low-cost and single-camera setup.

• A comprehensive evaluation of different fusion strategies (includ­

ing early and late fusion) and depth preprocessing techniques 

is performed for optimal alignment between visual and depth 

features.

• The proposed solution is pluggable and model-agnostic. The exper­

iments demonstrate that it increases the accuracy and robustness 

of existing VPR methods against pronounced changes in appear­

ance, such as lighting variations, without requiring any fine tuning 

process.

This manuscript is structured as follows. Section 2 reviews the state 

of the art. In Section 3, the proposed method is detailed. Section 4 de­

scribes the experiments and results. Finally, the conclusions and future 

work are discussed in Section 5.

2 . State of the art

This section reviews the most recent approaches in Visual Place 

Recognition (Section 2.1), monocular depth estimation (Section 2.2) and 

multi-modal place recognition (Section 2.3).

2.1 . Visual place recognition

Historically, Visual Place Recognition (VPR) was addressed with 

hand-crafted global-appearance descriptors, such as gist or HOG 

(Histogram of Oriented Gradients) [11], or with bags of words built 

with local descriptors [12]. With the rise of deep learning, these meth­

ods were replaced by a new generation of powerful image encoders. 

Convolutional Neural Networks (CNNs) like NetVLAD [13] and more 

recent Vision Transformer (ViT) architectures [14] have become the 

current standard for embedding images into compact, comprehensive 

embeddings.

Current research in VPR is focused on several key directions. One 

trend involves leveraging feature extraction backbones [15] from Vision 

Foundation Models (VFMs) like DINOv2 or Hiera [4,16,17], while an­

other trend seeks to develop and train specific-task models for VPR [18], 

using large-scale datasets tailored for VPR [13,18–20]. Others seek to 

elaborate efficient training techniques to enhance robustness against 

changes in visual appearance or viewpoint [21]. Concurrently, new 

feature aggregation modules like MixVPR or SALAD [22,23] and hierar­

chical re-ranking pipelines [24] aim to improve both the efficiency and 

accuracy of the retrieval process.

Despite these significant advances, modern VPR methods remain 

highly sensitive to severe appearance shifts caused by illumination, 

weather and seasonal changes. Furthermore, the majority of these mod­

els are trained and benchmarked on standard pinhole camera images, 

overlooking the advantages of omnidirectional vision. While some work 

exists in this field [25,26], the design of robust, appearance-invariant 

solutions for this sensor modality remains a significant challenge.

2.2 . Depth estimation

Monocular Depth Estimation (MDE), the task of predicting a dense 

depth map from a single RGB image, has seen remarkable progress in re­

cent years. Since the introduction of the foundational MiDaS model [27], 

various more accurate architectures have been proposed [28–32]. In 

particular, Depth Anything v2 [10] has achieved state-of-the-art results 

across numerous MDE benchmarks. Concerning the specific geometry of 

360◦ images, a parallel line of research has also emerged to develop MDE 

models specifically trained for panoramic and equirectangular images 

[33,34].

The high performance of MDE models has motivated their adop­

tion in various downstream robotics tasks. For instance, they have 

been successfully used for depth completion [35], to enable 3D recon­

struction from single images [36] and to serve as a geometric prior 

for Visual-SLAM systems [37]. This success in several related domains 

demonstrates that MDE can provide strong, yet largely unexplored, 

potential for enhancing VPR. Besides, other tasks like optical flow es­

timation benefit from geometric data for estimating motion from two 

images [38]. Furthermore, Han et al. [39] propose a transformer archi­

tecture with two different decoders, one for solving optical flow and the 

other for depth estimation.

2.3 . Data fusion

To overcome the brittleness of purely visual methods, multi-modal 

place recognition has become a popular research area [40]. The core 

idea is to fuse visual information, which captures rich texture and ap­

pearance, with data from other types of sensors like LiDAR or RGB-D 

cameras [41,42]. The information provided by such sensors is inherently 

robust to the illumination and seasonal changes that typically cause VPR 

to fail.

The literature explores various fusion strategies, which are often cat­

egorized by the stage at which information is combined. Early fusion 

methods combine raw sensor data at the input level [43,44], middle fu­

sion merges features within intermediate layers of a network [45,46] 

and late fusion combines the final 1-D descriptors from each modal­

ity [7,47]. Furthermore, related work in cross-modal place recognition 

has developed techniques to match data from different sensors, such as 

visual images to a LiDAR-based map [48,49].

3 . Methodology

The primary objective of PDPR is to enhance the robustness of 

VPR by creating a comprehensive descriptor that captures both visual 

(appearance) and geometric (structural) information. The core idea is 

to leverage a Monocular Depth Estimation (MDE) model to generate 

a depth map from a single panoramic image, effectively creating a 

“pseudo-multi-modal” system from a single sensor. Our pipeline, which 

is summarized in Fig. 1, processes these two inputs —the RGB image 

and the depth map— to produce a final, fused embedding. This section 

details each component of the process.
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Fig. 1. General outline of the proposed method. First, depth maps are obtained 

by means of Depth Anything v2 [10]. Second, these depth maps are processed to 

adapt them to frozen VPR models, originally trained with standard, RGB images. 

Next, panoramic images and depth maps are combined through two different fu­

sion approaches: early and late. The output is a global embedding that integrates 

both visual and depth data.

3.1 . Depth anything v2

Depth Anything v2 (DAv2) [10] is employed in the current approach 

as a model to extract geometric information from images. The architec­

ture of this state-of-the-art MDE model combines a DINOv2 encoder [17] 

with a Dense Prediction Transformer (DPT) decoder [50], and achieves 

outstanding performance across most MDE benchmarks.

The pre-trained DAv2-large model is employed, without any fine tun­

ing, to generate relative depth maps from the panoramic RGB images. 

The output is a single-channel, 8-bit image (0-255). It is important to 

note that the output of DAv2 is inversely proportional to depth: nearby 

objects are represented by high-intensity values, while distant objects 

take low values. Examples of these generated depth maps are shown in 

Fig. 2.

3.2 . Depth maps preprocessing

Current VPR models are commonly trained with 3-channel RGB im­

ages as input. In the current approach, we need to feed the model with 

a raw, single-channel depth map. This situation typically produces low 

results in terms of VPR. In this section, we propose and test different 

variations to adapt the depth data to the expectations of the VPR en­

coder. The proposed techniques are described below and an example 

for each case is shown in Fig. 3:

• Raw depth map (Fig. 3(b)): The 8-bit output from DAv2 is used 

directly.

• Histogram equalization (Fig. 3(c)): This contrast-enhancement 

technique is applied to prevent high-intensity (very close) objects 

from dominating the dynamic range of the depth map.

• Depth map inversion (Fig. 3(d)): The map is inverted (𝐷′(𝑋, 𝑌 ) =
255−𝐷(𝑋, 𝑌 )) so that high pixel values correspond to greater depth.

• Sharpening (Fig. 3(e)): A 3 × 3 sharpening kernel is applied to en­

hance the edges of objects, emphasizing the structural outlines of 

the scene.

• False color map (Fig. 3(f)): The single-channel depth map is pro­

jected into a 3-channel representation using a color map, e.g., HSV 

(Hue-Saturation-Value). This creates a 3-channel image that struc­

turally resembles an RGB input, making it highly compatible with 

the pre-trained VPR encoder.

3.3 . VPR backbone encoder

A key hypothesis of this work is that geometric information 

can boost pre-trained VPR models without costly retraining or fine-

tuning processes, showing a model-agnostic performance improvement, 

which is crucial for practical applications (this property is assessed 

in Section 4.4.3). However, to ensure consistency during the ablation 

study, the CosPlace model [18] is selected for its strong performance 

and efficient architecture. In the experimental section, the proposed ap­

proach is evaluated in two different ways: by keeping the model frozen 

(i.e., the weights of the pre-trained model are not modified while ob­

taining the image and depth embeddings) and also by performing a fine 

tuning (i.e., the weights are modified). Among the available backbones, 

VGG-16 [51] is employed, with a descriptor size of 512.

3.4 . Data fusion approaches

In this paper, we posit that the geometric information that is present 

in depth maps can be a suitable addition to color, and textural data 

from standard images. Throughout the experimental section, two dif­

ferent families of fusion methods are proposed, which are depicted in 

Fig. 1: early fusion (combining inputs before the encoder) and late fusion 

(combining descriptors after the encoder).

3.4.1 . Early fusion

In this approach, the RGB image and the preprocessed depth map are 

merged at the channel level before being fed to the single VPR encoder. 

This requires modifying the input layer of the encoder to accept more 

than three channels (except for 3-channel variants which are described 

next).

Let 𝑅𝑐 , 𝐺𝑐 , 𝐵𝑐  be the channels of the color image, 𝐷𝑑  be the single-

channel preprocessed depth map (i.e., sharpened), 𝐻𝑑 , 𝑆𝑑 , 𝑉𝑑  be the 

Fig. 2. Examples of (a,b,c) panoramic images captured under different lighting conditions and (d,e,f) their corresponding depth maps obtained with Depth Anything 

v2 [10].
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Fig. 3. Examples of (a) a panoramic image from the COLD database, (b) a raw depth map obtained by Depth Anything v2 (no preprocessing), (c) the depth map after 

histogram equalization, (d) inverse, (e) sharpening and (f) application of HSV colormap.

channels of the false-color (HSV) depth map and let || denote channel-

wise concatenation. We evaluate:

• 3-Channel input (no model modification):

– 𝑅𝑐 ||𝐺𝑐 ||𝐷𝑑  (blue channel replaced)

– 𝑅𝑐 ||𝐺𝑐 ||(𝐵𝑐 +𝐷𝑑 )∕2 (blue and depth averaged)

– (𝑅𝑐 +𝐻𝑑 )∕2||(𝐺𝑐 + 𝑆𝑑 )∕2||(𝐵𝑐 + 𝑉𝑑 )∕2 (RGB and HSV averaged)

• 4-Channel input (modified input layer):

– 𝑅𝑐 ||𝐺𝑐 ||𝐵𝑐 ||𝐷𝑑  (image and grayscale depth map concatenated)

– The new 4th-channel weights are initialized as the average of the 

original RGB weights.

• 6-Channel input (modified input layer):

– 𝑅𝑐 ||𝐺𝑐 ||𝐵𝑐 ||𝐻𝑑 ||𝑆𝑑 ||𝑉𝑑  (image and colored depth map concate­

nated)

– The weights for the three new channels (4-6) are initialized as a 

copy of the original RGB channel weights (1-3).

3.4.2 . Late fusion

In this approach, the RGB image and the preprocessed depth map 

(i.e., the 3-channel false-color map) are processed independently by two 

instances of the same frozen VPR model. This produces two separate 

descriptors: 𝑑𝑖𝑚𝑎𝑔𝑒 and 𝑑𝑑𝑒𝑝𝑡ℎ. These descriptors are then merged to cre­

ate the final descriptor, 𝑑𝑓𝑢𝑠𝑒𝑑 . We evaluate the following late fusion 

techniques:

• Non-learnable methods:

– Concatenation: 𝑑𝑓𝑢𝑠𝑒𝑑 = [𝑑𝑖𝑚𝑎𝑔𝑒||𝑑𝑑𝑒𝑝𝑡ℎ]. The final descriptor size 

is 512 + 512 = 1024.

– Element-wise sum: 𝑑𝑓𝑢𝑠𝑒𝑑 = 𝑑𝑖𝑚𝑎𝑔𝑒 + 𝑑𝑑𝑒𝑝𝑡ℎ. The size of the 

descriptor remains 512.

– Weighted sum: 𝑑𝑓𝑢𝑠𝑒𝑑 = 𝑤 ⋅𝑑𝑖𝑚𝑎𝑔𝑒 +(1−𝑤) ⋅𝑑𝑑𝑒𝑝𝑡ℎ. Various values 

for the weight 𝑤 are tested.

– Principal Component Analysis (PCA): The 𝑑𝑖𝑚𝑎𝑔𝑒 and 𝑑𝑑𝑒𝑝𝑡ℎ de­

scriptors are first concatenated (1024) and a PCA model is fitted 

to the training data. The descriptors are then projected onto a 

lower-dimensional space (e.g., 256).

• Learnable methods:

– Single-Layer Perceptron (SLP): A single fully-connected layer. 

This learns a more complex weighted sum of the concatenated 

descriptor with size 1024, outputting a descriptor with size 

𝑑𝑓𝑢𝑠𝑒𝑑 .

– Multi-Layer Perceptron (MLP): A small network of fully-

connected layers, allowing for a more complex, non-linear trans­

formation of the concatenated features into the final 𝑑𝑓𝑢𝑠𝑒𝑑 .

With regard to the monolayer and the multilayer perceptrons, they 

have been trained with 1000 training examples (Section 4.2.1 describes 

how the training samples are built and the rest of the implementation 

details). They receive the image and the depth descriptors concatenated 

as inputs and they output a new descriptor that combines both visual 

and depth information.

Table 1 

Image sets employed for training and evaluation from the COLD database.

Environment Train/Database Cloudy Test Cloudy Test Night Test Sunny

FR-A 556* 2595 2707 2114

FR-B 560 2008 – 1797

SA-A 586 2774 2267 –

SA-B 321 836 870 872

*
 Training set.

4 . Experiments

In this section, a comprehensive set of experiments is conducted to 

validate our central hypothesis: fusing visual data with geometric fea­

tures obtained from depth estimators can significantly enhance VPR 

robustness. For this purpose, the dataset is first presented in Section 4.1. 

Second, the implementation details are listed in Section 4.2. Finally, the 

experimental results are divided into the ablation study (Section 4.3) 

and further evaluation (Section 4.4).

4.1 . Dataset

The COLD database [52] is employed for our primary evaluation.1

It was captured in indoor facilities of two universities: the University 

of Freiburg (FR) and the University of Saarbrücken (SA). Different 

sequences are captured at each building, which cover different illumi­

nation conditions: cloudy, night and sunny.

As detailed in Table 1, the database (map) sequences consist of 

cloudy images. The test (query) sequences include cloudy (same con­

dition), night and sunny (cross-condition). This setup allows us to 

rigorously evaluate robustness to appearance changes. As for the learn­

able methods, a small training set is built exclusively from the FR-A 

cloudy sequence.

4.2 . Implementation details

4.2.1 . Training protocol

For the experiments that involve training, we employ a super­

vised contrastive triplet learning approach. We use an SGD (Stochastic 

Gradient Descent) optimizer (learning rate = 0.001) and the Batch 

Hard Loss [53], with a margin 𝑚 = 0.25 and batch size 𝑁 = 16. 

Positive/negative samples are determined by a distance threshold of 

𝑟 = 0.4𝑚. All experiments were conducted on an NVIDIA GeForce RTX 

4080 SUPER GPU.

4.2.2 . Evaluation metrics

Performance is measured using the standard VPR metrics Recall@1 

(𝑅@1) and Recall@1% (𝑅@1%).

1 More information can be found on their official project website https://

www.cas.kth.se/COLD/.
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• 𝑅@1: The percentage of queries for which the single best-matched 

database image is within a geometric error threshold 𝑑.

• 𝑅@1%: The percentage of queries for which at least one of the top 

1% retrieved database candidates is within the threshold 𝑑.

Following the COLD benchmark, a strict localization threshold of 𝑑 =
0.5 m is used.

4.3 . Ablation study

This section is structured into three different experiments: depth pre­

processing (Section 4.3.1), early fusion (Section 4.3.2) and late fusion 

evaluation (Section 4.3.3). For the ablation study, the CosPlace model 

[18] is employed as the default VPR encoder and DAv2 [10] is used 

as the MDE model. Unless otherwise specified, the weights of the VPR 

model are kept frozen to test the zero-shot capabilities of the method.

4.3.1 . Depth preprocessing

In this experiment, the preprocessing techniques described in 

Section 3.2 are evaluated. To this end, the CosPlace model computes 

the embeddings from the depth maps and place recognition is performed 

without using the visual information.

First, the optimal way to represent the single-channel depth map as 

an input for the three-channel, VPR encoder, must be determined. To 

this end, VPR is performed using only the depth maps, processed in five 

different ways as described in Section 3.2. Table 2 includes the global 

𝑅@1 and 𝑅@1% results on the COLD dataset.

The results in Table 2 reveal a clear trend. The information pro­

vided by the original depth maps is not correctly perceived by the 

model, which was originally trained with color images. However, apply­

ing a false-color (HSV) map (Fig. 3(f)) or, to a lesser extent, sharpening 

(Fig. 3(e)), significantly boosts performance. These techniques re-format 

the geometric data into a representation that the RGB-trained encoder 

can better understand, with the 3-channel false-color map yielding 

the best results. Based on this, we use the sharpened (1-channel) and 

HSV-colored (3-channel) maps for subsequent fusion experiments.

4.3.2 . Early fusion

Next, we evaluated the early fusion methods detailed in 

Section 3.4.1. The results are presented in Table 3.

Without any fine tuning, all early fusion methods failed to outper­

form the baseline (RGB-only). This is expected, as the weights from the 

Table 2 

Evaluation of different inputs to the CosPlace model on the 

COLD database.

Model input R@1 (%) R@1% (%)

RGB 84.00 94.85

Raw depth maps 62.24 78.42

+Equalized histogram 67.52 83.07

+Inverted 67.69 83.84

+Sharpening 76.84 91.93

+False color (HSV) 78.71 92.33

Table 3 

Performance of early fusion methods before and after training.

N. channels Method w∖o training w∖ training

R@1 (%) R@1% (%) R@1 (%) R@1% (%)

3 RGB 84.00 94.85 84.35 95.53

6 RGB||HSV 81.67 94.29 83.03 95.25

4 RGB||D 83.02 94.35 84.63 95.66

3 R||G||D 83.02 94.00 84.71 95.56

3 R||G||(B+D)/2 83.65 94.65 84.40 95.07

3 (RGB + HSV)/2 81.01 93.57 83.18 95.29

Table 4 

Performance of late fusion methods before and after training.

Method w∖o training w∖ training

R@1 (%) R@1% (%) R@1 (%) R@1% (%)

RGB 84.00 94.85 84.35 95.53

Concat 85.78 95.92 86.51 96.97

Sum 84.97 95.66 86.00 96.66

Weighted sum (𝑤 = 0.6) 85.12 95.64 85.90 96.54

PCA (𝑛 = 256) 85.75 95.90 86.47 96.95

MLP BottNeck 81.32 94.33 83.82 96.00

MLP InvBottNeck 83.61 95.22 86.03 96.80

MP 1024→1024 84.37 95.42 86.15 96.87

first layer of the model are optimized for natural RGB images, and con­

catenating new channels (like depth) disrupts this. While fine tuning 

(right side of Table 3) closes this gap and provides a certain improve­

ment for some configurations (e.g., 𝑅||𝐺||𝐷), the overall performance 

gain is not pronounced.

4.3.3 . Late fusion

In this section, the different late fusion methods proposed in 

Section 3.4.2 are evaluated. Table 4 displays the 𝑅@1 and 𝑅@1% re­

sults achieved with each method before and after training. To perform 

training, two independent CosPlace models are fine tuned, one of the 

models with RGB images and the other one with depth maps, which are 

specific to each modality. It must be noted that the learnable methods, 

i.e., the perceptrons, are always trained. Therefore, the expression “w∖o 

training” only refers to the VPR model.

In contrast with early fusion approaches, the late fusion methods 

(Table 4) show a significant and immediate improvement. The key find­

ing is that simple, non-learnable fusion techniques (Concatenation and 

PCA) substantially outperform the non-fusion baseline (RGB), even with 

zero fine tuning. Concatenation proved to be the most effective, yield­

ing the highest 𝑅@1 and 𝑅@1% (left side of Table 4). Interestingly, the 

learnable methods (e.g., MLPs) did not provide additional benefits, sug­

gesting that the descriptors from the frozen models are already in a 

highly descriptive space. Given these results, we select concatenation 

without fine tuning as the default proposed fusion method owing to its 

high performance.

4.4 . Further evaluation

Having established the optimal late fusion strategy, a deeper analysis 

is now conducted to validate its robustness and generalizability. From 

this point, we will refer to this optimal configuration as PDPR.

4.4.1 . Robustness against illumination shifts

First, the invariance of PDPR against pronounced changes in appear­

ance, mainly due to lighting variations, is analyzed. Fig. 4 depicts the 

performance of our fusion approach compared to the baseline (RGB 

without depth enhancement or fusion) across different lighting scenarios 

from the COLD dataset: cloudy, night and sunny. In this figure, both the 

𝑅@1 and the 𝑅@1% are expressed as a percentage. Prior to analyzing 

the results, it must be noted that the database sequence from each en­

vironment was captured under cloudy conditions. Therefore, night and 

sunny tests are the most challenging conditions. Besides, for the FR-B 

and SA-A environments, the results are not provided for certain light­

ing conditions because there are no available sequences on the dataset 

website.

From Fig. 4, it can be noticed that PDPR outperforms the baseline 

in every scenario in terms of 𝑅@1 and 𝑅@1%. Importantly, the per­

formance gap is most pronounced under the more challenging sunny 
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Fig. 4. Performance of PDPR in terms of 𝑅@1 and 𝑅@1% across diverse light­

ing conditions from the COLD dataset: cloudy (top), sunny (middle) and night 

(bottom).

(+1.18% 𝑅@1 without training and +1.76% with training) and night con­

ditions (+3.58% 𝑅@1 without training and +4.33% with training), where 

standard VPR approaches struggle due to the cross condition.

It is important to note that the proposed method is not fully invariant 

to illumination changes, which is an inherent limitation of RGB-based 

VPR models due to their sensitivity to appearance shifts. However, the 

experimental results demonstrate that PDPR enhances the robustness of 

these approaches against lighting variations.

4.4.2 . Robustness against noise

In this subsection, the robustness of PDPR against Gaussian noise is 

evaluated. The primary objective is to assess, qualitatively and quan­

titatively, whether the noise added to the RGB images is propagated 

to depth maps, and potentially compromises the performance of PDPR. 

To illustrate this, Fig. 5 includes several examples of a panoramic im­

age subjected to varying levels of additive Gaussian noise (𝜎), whereas 

Fig. 6 shows the overall performance of PDPR with respect to the base­

line CosPlace model (only RGB information) on the COLD dataset for 

every value of 𝜎. 

From Fig. 5, it can be noticed that the quality of depth maps remains 

fairly stable when Gaussian noise is added to the original image. A loss of 

detail becomes discernible only in the images when noise is pronounced 

(𝜎 ≥ 20). In quantitative terms (Fig. 6), a progressive decline in per­

formance is observed. The method is barely affected by lower values 

of 𝜎, and only drops significantly with very high values (𝜎 = 50). It 

must be noted that such high noise values are very uncommon in real 

setups, so it is unlikely that noise becomes a major obstacle for the pro­

posed approach. Crucially, the performance advantage over the baseline 

is maintained across the noise spectrum. This indicates that the pro­

posed approach does not compromise the stability of the model, as it 

degrades in parallel with the original VPR model rather than becoming 

more sensitive.

4.4.3 . Model-agnostic property

Next, the hypothesis that PDPR is model-agnostic is validated. The 

CosPlace encoder is replaced with a variety of different state-of-the-art 

VPR models (EigenPlaces, MixVPR, SALAD) and our zero-shot late fu­

sion strategy is applied. Table 5 contains the results obtained with the 

baseline (RGB images are fed to the frozen VPR models) and with PDPR 

(late fusion between RGB images and depth maps).

Table 5 shows that PDPR consistently improves the performance of 

every model tested. This finding is critical, as it proves that the proposed 

framework is a solution that does not need to be intensely tuned for one 

specific architecture. Instead, it is a general, pluggable module that can 

be added to any pre-trained VPR model to enhance its robustness.

4.4.4 . Evaluation with other datasets

To demonstrate generalizability beyond the COLD dataset, PDPR is 

evaluated with the 360Loc dataset [54].2 This dataset contains equirect­

angular images from a 360 ◦ camera in a mixed indoor-outdoor campus 

environment, with challenging day/night sequences. Fig. 7 includes 

some examples of images from the 360Loc dataset and their corre­

sponding depth maps obtained with DAv2 [10] and our preprocessing 

method.

To perform evaluation in this dataset, the mapping sequences are em­

ployed as the database (always captured under day conditions) and the 

query_360 sequences are used as queries (captured under both day and 

night conditions). The test is conducted across all available sequences 

and lighting conditions. Fig. 8 displays a comparative evaluation be­

tween PDPR and the baseline (RGB-only). For inference, the CosPlace 

model is employed.

The results in Fig. 8 mirror our findings with the COLD dataset 

(please refer to Section 4.4.1). The proposed fusion approach provides 

a clear performance boost in most environments, especially in the diffi­

cult cross-illumination tests (i.e., “day” database vs. “night” query). This 

confirms that PDPR is robust not only to indoor lighting shifts but also 

to extreme day/night changes in outdoor scenarios.

4.4.5 . Computational cost

In order to assess the feasibility of integrating this method into a 

real-time system, time and memory requirements are analyzed. Table 6 

includes the memory requirements and inference time for every compo­

nent of PDPR (late fusion).

As revealed in Table 6, the memory needed to run PDPR is fairly small 

(around 2.3GB in practice, considering internal calculations of the mod­

els), which is affordable for the majority of standard onboard devices. 

With regard to the time requirements, the average duration of a train­

ing process, which consists of 50k triplet samples seen by the model, 

is 285 s on an NVIDIA GeForce RTX 4080 SUPER GPU with 24GB of 

VRAM. Meanwhile, the inference time depends on the image resolution, 

ranging from 96 ms with the images from 360Loc to 249 ms with COLD. 

Although this latency is higher than that of highly efficient methods like 

CosPlace, it is still reasonable for real-time VPR applications that usually 

2 Additional information can be found on their official project website https:

//huajianup.github.io/research/360Loc/.
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Fig. 5. Examples of an image from the COLD dataset (left) and its corresponding depth map (right) for different values (𝜎) of Gaussian noise: without noise (a,b), 

𝜎 = 10 (c,d), 𝜎 = 20 (e,f) and 𝜎 = 50 (g,h).

Fig. 6. Performance of PDPR in terms of 𝑅@1 (left) and 𝑅@1% (right) with Gaussian noise of different magnitude (𝜎).

work with a frequency of 2–10 Hz. The main bottleneck of the method 

is the depth estimator, but this issue can be tackled by replacing the 

model with one of its distilled versions (small or base). Fig. 9 shows 

the trade-off between inference speed and 𝑅@1 performance for these 

variants.

Fig. 9 reveals that the performance remains stable when using 

smaller versions of DAv2. Without fine tuning, there is a small decrease 

of 1.6% in 𝑅@1 on the COLD dataset when using the small and base 

models. At 360Loc, the base version exhibits a decrease of 2% rela­

tive to the large model, whereas the performance with DAv2-Small is 

around 3.4% lower in terms of 𝑅@1. In terms of inference speed, the 

base model and the small model are 2.3x and 4x faster than DAv2-

Large, respectively. Consequently, for applications where high recall is 

required and inference speed is not critical, the large version of DAv2 is 

Table 5 

Evaluation of the performance of different VPR models without (left) and with 

PDPR (right).

Model RGB PDPR

R@1 (%) R@1% (%) R@1 (%) R@1% (%)

CosPlace [18] 84.00 94.85 85.78 (+1.78%) 95.92 (+1.07%)
EigenPlaces [21] 84.55 94.97 85.74 (+1.19%) 96.10 (+1.13%)
MixVPR [22] 85.16 95.31 86.13 (+0.97%) 96.09 (+0.76%)
SALAD [23] 83.16 95.81 84.18 (+1.02%) 96.17 (+0.36%)

the most suitable choice. Otherwise, if a high-speed solution is needed,

DAv2-Small and DAv2-Base achieve competitive accuracy with signifi­

cantly lower latency.
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Fig. 7. Examples of (a,b,c) equirectangular images from the 360Loc dataset [54] and (d,e,f) their corresponding depth maps obtained with Depth Anything v2 [10] 

(on false color).

Fig. 8. Performance of PDPR in terms of 𝑅@1 (left) and 𝑅@1% (right) across diverse environments (top) and lighting conditions (bottom) in the 360Loc dataset.
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Table 6 

Computational cost of PDPR: inference time and memory requirements.

Inference time Memory

COLD 360Loc

DAv2-L 245 ms 92 ms 1.3GB

CosPlace 1 ms 1 ms 59MB

Image preprocessing 1 ms 1 ms X

Query embedding 1x1024 (float32) X X 4KB

Database embeddings 1x1024 (float32) X X 2MB

Total PDPR time 249 ms 96 ms 1.36GB

Fig. 9. Trade-off between inference speed and performance of PDPR with 

different DAv2 backbones (Small, Base and Large).

Table 7 

Evaluation of different geometric-based inputs 

within the PDPR method on the COLD dataset.

Model input R@1 (%) R@1% (%)

Baseline (RGB) 84.00 94.85

Depth maps 85.78 95.92

Gradient magnitude 84.38 95.11

Surface normals 85.06 95.79

4.4.6 . Analysis of depth features

The aim of this section is to establish and measure the benefits of 

adding depth information to the model. Additionally, we analyze the 

features that the models are extracting from the depth maps. First, a 

comparison among three different geometric-based inputs is performed: 

depth maps obtained with DAv2, gradient magnitude of the image 

and surface normals representation. Table 7 includes the 𝑅@1 and 

𝑅@1% results of the late fusion between RGB images and the different 

geometric-based inputs.

Furthermore, we analyze the feature maps obtained by both CNN-

based (e.g., CosPlace [18]) and transformer-based (e.g., SALAD [23]) 

VPR models using RGB images and depth maps. For the CosPlace model, 

EigenCAM is employed [55]. This tool projects the first PCA component 

of the feature maps from a specified layer onto the input image. The 

result is a heatmap that highlights the discriminative regions on which 

the model focuses. In our case, we apply EigenCAM to the last convo­

lutional layer of the CosPlace models that have been trained with RGB 

images and depth maps (see Fig. 10). Concerning the SALAD model, 

since EigenCAM is not supported for transformer-based architectures, 

PCA with 𝑛 = 3 is applied to the features from the last transformer block 

of DINOv2 [17], the SALAD encoder, and these PCA representations are 

depicted as false color maps. In these maps, regions with similar colors 

are semantically aligned for the model (see Fig. 11).

In the examples shown in Fig. 10, it can be observed that the model 

trained with RGB images focuses more on the textures of the ground, oc­

casionally treating the robot chassis as an artifact. Conversely, the model 

that processes depth maps mainly focuses its attention on horizontal and 

vertical edges of doors or windows, and distinct elements like chairs or 

people. In Fig. 11, we notice that both modalities show a similar pat­

tern distribution. The first component (red) corresponds mainly to the 

floor, the second (green) to the edges and the third (blue) to the objects 

and the background. However, several differences can be appreciated. 

First, a clearer scene layout can be observed from depth map PCA, as 

the color-based PCA aligns some textural information with the second 

component (edges). Second, in the depth-based PCA, the scene objects 

are more distinguishable due to their light blue color. In general terms, 

these PCA-based visualizations reinforce the initial hypothesis of this 

manuscript. The combination of visual and depth information for robust 

VPR is highly effective, as RGB images provide textural information from 

the scene, whereas depth maps contribute with geometric structure from 

specific objects and the general layout.

4.4.7 . Qualitative results

To provide a clearer understanding of our method’s robustness, we 

present several qualitative examples in Figs. 12 (COLD dataset) and 

Fig. 13 (360Loc dataset) where the baseline VPR model (CosPlace with­

out fusion) fails, but PDPR successfully localizes the query. In these 

figures, a green frame indicates a correctly retrieved image, and red 

frames indicate an incorrect retrieval.3

From these examples, it can be observed that PDPR exhibits robust­

ness against especially challenging situations, such as natural spotlights 

(Fig. 12, 2nd row) and shadows (Fig. 13, 2nd row), mirror reflections 

(Fig. 12, 3rd row), visual aliasing (Fig. 13, fourth row) or even extreme 

appearance shifts due to illumination (Fig. 13, 3rd row). These examples 

demonstrate the strength of our method against all these situations that 

frequently occur during the navigation of the vehicle.

4.4.8 . Limitations

Finally, the limitations of the proposed method are discussed. 

Figs. 14 and 15 contain several examples from both the COLD and 

the 360Loc datasets, respectively, in which PDPR failed to retrieve the 

correct location.

From Figs. 14 and 15, it can be observed that PDPR struggles when 

faced with particularly challenging situations. In the first example of 

Fig. 14, an extreme ambiguity between the query and the retrieved po­

sition can be noticed, with the presence of highly similar objects in 

both images, and a relatively high difference between the query and 

the ground truth due to the different lighting conditions. In the second 

example of Fig. 14, poor conditions cause the query image to contain 

some noise, which is propagated into the generated depth map. In the 

first case of Fig. 15, dynamic elements are present. Large, unmapped 

dynamic elements (e.g., people, moved furniture) break the assumption 

that geometric information is always robust against appearance changes, 

introducing geometric noise that does not match the database. Finally, in 

the second example of Fig. 15, some artifacts are generated by the DAv2 

model. Artificial illumination can cause the model to hallucinate and 

generate false structures (e.g., a “false ceiling”), introducing geometric 

errors that lead to a mismatch.

We note that most of these failures also occur in the baseline method, 

suggesting PDPR is not able to resolve the errors under extremely 

challenging conditions. However, this analysis confirms that the per­

formance of our method is intrinsically linked to the performance of the 

original VPR model and the robustness of the depth estimator. This fact 

leads to the conclusion that the proposed method is not fully invariant to 

illumination shifts, as the proposed method still depends on RGB images 

and the generated depth maps are conditioned by the quality of these 

images. Nevertheless, the experiments demonstrate that the proposed 

approach improves the robustness of current VPR approaches. Besides, 

3 More qualitative results can be found on our project website https://

marcosalfaro.github.io/projects-PDPR/.
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Fig. 10. EigenCAM representations of the last convolutional layer from CosPlace, obtained from RGB images (left) and depth maps (right).

Fig. 11. PCA representations of the last transformer block from SALAD, obtained from RGB images (left) and depth maps (right).

Fig. 12. Qualitative results from the COLD dataset.
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Fig. 13. Qualitative results from the 360Loc dataset.

Fig. 14. Several examples from the COLD dataset where PDPR fails to retrieve the query image.

Fig. 15. Several examples from the 360Loc dataset where PDPR fails to retrieve the query image.
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with future developments in the MDE field, the performance of PDPR 

will improve as well.

5 . Conclusions

This paper demonstrates that fusing visual data with MDE-derived 

geometric features provides a significant, low-cost enhancement to 

VPR robustness. The experiments have shown that PDPR, acting as a 

pluggable, zero-shot module, consistently improves the retrieval per­

formance of multiple state-of-the-art VPR models. Moreover, this ap­

proach is particularly effective at increasing their robustness against 

pronounced illumination changes. Our ablation studies also confirmed 

that proper depth-map preprocessing (e.g., false-color mapping) is a crit­

ical step for aligning geometric data with RGB-trained encoders. Besides, 

late fusion approaches have proven to be more effective than the early 

approaches.

The experimental results also highlight that the fusion performance 

is intrinsically bound to the quality of the MDE model. As demonstrated 

in our limitations analysis, MDE failures from noisy images or poor illu­

mination conditions propagate into localization errors. This points to a 

clear and promising direction for future work: uncertainty-aware fusion. 

By integrating the uncertainty of the MDE model output, a future frame­

work could learn to adaptively down-weight the depth descriptor when 

it is predicted to be unreliable (e.g., in poor-quality outputs or highly 

dynamic scenes), thus focusing more on the visual descriptor.

In conclusion, PDPR provides a practical path for robust robotic 

localization without the cost and complexity of additional hardware de­

vices. The principles demonstrated here are not limited to VPR; future 

work will explore the integration of visual and MDE-derived geomet­

ric data for other navigation tasks, such as 3D object detection and 

traversable-area segmentation.
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