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Abstract— Visual place recognition (VPR) is a challeng-
ing issue for robotics and autonomous systems, focusing on
utilizing visual information for robot localization. Currently,
hierarchical architecture is being employed by growing works,
which embraces RANSAC-based geometric verification for
re-ranking. However, RANSAC is time-consuming and only
employs geometric information while neglecting other potential
information that could be useful for re-ranking. Here we
propose a fast position consistency via local patch (PCLP)
algorithm to take the position of task-relevant patch-descriptor
into account. Without training, it only costs little time but
performs better than other re-ranking methods that rely on
geometric consistency verification. In this paper, we present
a unified place recognition framework that incorporates an
aggregation module to extract global features for retrieval
and a PCLP validation module to filter local patch for re-
ranking. Meanwhile, we propose a RANSAC-based tightly
coupled learning (R-TCL) strategy to discover the best positive
sample for training robust models. Unlike common sample
mining methods, we introduce RANSAC into the sample mining
process, achieving trade-off between efficiency and accuracy.
Due to improved positive sample mining strategy and novel
position validation module, our model is named as Pos’VPR.
Remarkably, Pos2VPR outperforms state-of-the-art methods on
four major datasets with extremely short running time.

I. INTRODUCTION

Visual Place Recognition (VPR) is an essential problem
in mobile robots and computer vision. Its objective is to
ascertain if the current place has been visited by a robot
and to acquire the geographical location [1]. Currently, there
are still two key-challenges that plague VPR systems: 1)
Variations in conditions (i.e. illumination and weather) and
viewpoints. 2) Perceptual aliasing [2].

VPR is commonly regarded as an image retrieval task [3].
Two common approaches are typically adopted to represent
place images in VPR tasks. Global features [4], [5] abstract
the entire image into a compact feature vector. These features
are treated as appearance-invariant but they often suffer from
perceptual aliasing due to the absence of spatial geometric
information [1]. Conversely, patch-level descriptors are con-
sidered as viewpoint-invariant [6]—-[8], which can be applied
for spatial matching with techniques like RANSAC [9].
Imperfectly, they are computationally intensive.
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Fig. 1. Position Consistency via Local Patch for Hierarchical Place
Recognition. PCLP module retain meaningful patch-descriptors and provide
strong re-ranking performance while requiring minimal running time.

Position Consistency Validation

To pursue complementary advantages of both descriptors,
hierarchical pipeline is employed [10]-[12], where it retrieve
top-k candidates with global features (Coarse-Retrieval) and
re-rank them by matching local features (Fine-Prediction).
Nevertheless, the algorithms in re-ranking stage are signif-
icantly time-consuming. To address it, we focus on spatial
information in coordinates of patch descriptors and propose
a novel validation of position consistency via local patch
(PCLP) module, as shown in Fig.1.

Leveraging assistance of large-scale VPR datasets with
noisy GPS label, most existing VPR methods are trained in a
weakly supervised manner [3], [6], [13]. However, proximity
in GPS cannot promise the sufficient co-visible regions in
sample images. Hence, we propose RANSAC-based tightly
coupled learning (R-TCL) strategy which make improve-
ments by replacing the local feature distance with image
similarity to find the best positive samples. This modification
leads to a faster and more effective sample mining strategy.
With a novel position validation and effective positive sample
mining strategy, we call our model as Pos>VPR.

In summary, our work makes the following contributions:

« We propose a hierarchical VPR architecture Pos*VPR,
which consists of an aggregation module to extract
global features for retrieving candidates, and a training-
free PCLP validation module to filter patch descriptor
for re-ranking, preserving higher matching accuracy
with an extremely short processing time.

o We propose a RANSAC-based tightly coupled learning
(R-TCL) strategy for triplet networks to mine best
positive sample. It guides network to learn features that
are more favorable for place recognition, thus improving
performance without additional burden.

e A series of comparison experiments have been con-
ducted to validate the effectiveness of every proposed
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module in Pos?VPR. Results demonstrate that our ap-
proach outperforms state-of-the-art methods, with la-
tency being less than half of AANet [14].

II. RELATED WORK

Global Image Retrieval. In the early of VPR, most
methods employed global features to represent images and
retrieve place images [3], [15]. The current predominant
methods are based on deep learning, many VPR methods [5],
[16]-[18] have adopted deep features to achieve enhancing
performance. In recent study by Berton et al. [13], they in-
troduced a VPR benchmark and implemented various global-
retrieval-based methods within a unified framework.

Hierarchical Retrieval Pipeline. Recent SOTA methods
[6], [14], [19]-[21] introduced re-ranking module into VPR
that typically requires geometric consistency verification
[6], [11]. Patch-NetVLAD [6] adopted NetVLAD [3] for
global retrieval and applied RANSAC [9] based geometric
verification on multi-scale patch descriptors. AANet [14]
designed DALF algorithm to align local features for re-
ranking. Unlike them, to tackle significant time consumption
with re-ranking, we propose a strong, concise and efficient
position consistency verification algorithm that leverages the
positional information among local patch features.

Positive Sample Strategy. Larg-scale place datasets em-
bracing Pittsburgh [22] and MSLS [23] only provide weak
supervision approach with noisy GPS labels. To eliminate
false positives in training tuple, NetVLAD [3] mined the
simplest top-1 positive sample in triplet for training. This
strategy was also adopted by some subsequent works [6],
[11], [24]. But the top-1 sample doesn’t imply a enough co-
vision region with the query image, which can be detrimental
to the training of model. To address it, CRN [25] and SFRS
[26] mined hard positive samples for training satge. While
TCL [19] combined global and local descriptors for mining
the best positive sample by re-ranking mining candidate with
local distance. In contrast, we propose R-TCL strategy and
achieve balance between efficiency and performance.

ITII. PROPOSED METHOD
A. Overview and Place Representation

As shown in training stage of Fig.2, here we introduce
R-TCL strategy and PCLP module for training and testing
stages, respectively. Given a query and reference images,
we first extract their corresponding W x H x C dimensional
patch-level features. Then, for selecting mining candidate
images, the local features are aggregate into global features
to calculate L2 distance between the query and reference
images. As indicated by the red dashed box in Fig.2, the
mining candidates are utilized in the positive sample mining
process, where our R-TCL strategy is proposed to mine the
best positive sample for triplets. After acquiring triplet train-
ing tuple, DALF module [14] in local branch provides local
loss that is combined with global loss to jointly optimize
model. In right part of Fig.2, the testing stage of our retrieval
pipeline is depicted. We propose PCLP module by focusing
on positional correlation between patch-feature pairs during

the re-ranking stage. The top-K candidates of the query are
coarsely retrieved using global features, and then reordered
with PCLP module to get final retrieval result against the
query. Detailed information about the R-TCL strategy and
PCLP module will be presented in the following sections.

B. RANSAC-based Tightly Coupled Learning Strategy

When training with VPR dataset [22], [23], each query
image I, is accompanied with a set of potential positive
samples {p?} and definite negative samples{n?}, where
potential positives refer that there is at least one co-visible
image with the query. While the purpose of sample mining
is to identify the best positive sample among them. To tackle
this problem, we propose the RANSAC-based TCL strategy,
which prioritizes the co-visible region during the positive
sample mining process. This strategy aims to improve model
robustness without compromising training speed.

As illustrated in Fig.3, we first calculate global feature
distances between the query and potential positive samples,
and then rank them accordingly. Note that, unlike TCL [19],
which utilizes [CLS] token as global feature. We employ
GEM [27] to aggregate local patch-level features in our
strategy. Here, we consider that top-ranked potential positive
samples in ranking list already exhibit sufficient co-visible
regions with the query. In second stage, we apply the pow-
erful RANSAC algorithm [9] to compare similarity between
the query and potential positive images. Image similarity is
defined as the number of inliers when estimating homogra-
phy based on matched patches with RANSAC algorithm. To
address time-consuming problem of RANSAC, as shown in
Fig.3, we mitigate computational burden by selecting only
top five images (i.e. mining candidate) in ranking list. We
then perform RANSAC verification on the candidate and re-
rank them in accordance with similarity. After that, top-1 in
mining candidate is regarded as the best positive sample p?.
We follow the common practice of previous works [3], [19]
to identify the negative samples. In this way, training tuple
(¢, p%, n9) embracing the best positive sample p{ is obtained.

To jointly optimize the model with triplets (g, pz, n?),
we apply triplet ranking loss in [3] for the global and local
branch, where the losses are given by:

Lyosat = Y max { (Dy (q.p1) +m =D, (¢.n%) ) .0} (1
J

Liocar = Y,max{ (Dy(q.p) +m=Di (¢.n) ) .0} @
J

Here, D, denotes global distance and D; is local distance
captured by DALF module. Then, total loss Ly is integrated
from global loss and local loss with weight A, that is:

Ly = Lglobal + AILlocal (3)

C. Validation of Position Consistency via Local Patch

To re-rank retrieval candidates in re-ranking stage, DALF
module [14] was proposed to align local features. How-
ever, in practice, we have found that performing brute-
force matching followed by verification on local features
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The overview of Pos?VPR. The left part is training stage where the R-TCL strategy is proposed to achieve positive sample mining. The right

part illustrates testing stage and the PCLP module is designed to re-rank the coarse retrieval candidates.
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Fig. 3. The depiction of the R-TCL strategy. It contains two stages, and
the sample in red dashed line is the best positive sample p.

yields higher accuracy. But traditional geometric verification
method like RANSAC [9] is highly time-consuming. In
order to chase a balance between accuracy and efficiency,
we observe that positional information of each patch-level
feature within the image also contains crucial information.
They reflect whether the content between image pairs is
distributed in the same spatial pattern. For example, if the
feature in top-left patch of query image is similar to that
in bottom-right patch of candidate image, but due to a
significant disparity in their positions, it is evident that
these features are mismatched. Based on this observation,
we propose a training-free and fast PCLP module, which
includes three parts: mutual matching, mask filtering and
position verification (visualized in Fig.1). The following
provides a detailed description.

The backbone is employed to obtain feature maps {f: f\': |
and {f} }’]yzlcorresponding the candidates I. and the query
image I,, where N represents number of patches. Then,
cosine similarity is adopted to measure the similarity SIM €

RV*N between local feature pairs which can be replaced by
the inner product as L2-normalized. Formally:

s, j) = (f)" (f), ijeN 4)

After calculating the similarity map, we obtain patch-level
descriptor pairs from mutual nearest neighbor matching set
MNN which is defined as:

MNN = {(a,b) :a =MS.(i,b),b =MS,(a,j)} (5

where MS. = argmax;SIM and MS, = argmax;SIM.It
presents that if the local feature f;’ is the most similar to
f& in I, and the local feature f is the most similar to fé’
within /. Then we consider the patch pair (a,b) to be part
of the nearest neighbor matching set.

To further reduce memory usage and speed up the match-
ing process, a relevance mask is estimated to selectively filter
features that are irrelevant for place recognition, defined as:

RV (m) = MinMaxNorm((F(m))),m € N (6)

Then we set threshold #,, if the value of RV (m) is below
the threshold #,,, the corresponding m'" patch is regarded as
a meaningless region and filtered out, as illustrated in gray
patch of Fig.4.

Then we propose a novel validation module to verify the
matched features. For P matched patch pairs (A, B), we can
obtain their positional coordinates (ap, b,) and (a;,, b;,) in
images I, and I, respectively. By calculating the Euclidean
distance between these two patches in the spatial domain,
we can infer whether they are located in close proximity to
each other.

Dyelp) =/ (ap —a,)* = (b, —}) )
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Fig. 4. Illustration of position consistency validation.Green patches pair
is retained for close proximity, while red pair is abandoned. The gray patch
is filtered out as irrelevant patch although their coordinates are close.

As shown in the red patch pairs in Fig.4, if distance be-
tween coordinates of the matched patches exceeds threshold,
it indicates that although the two patches exhibit high similar-
ity, the distribution of matched features shows disparity. This
suggests that it is a wrong match and thus abandoned. By
summing the number of patch-pairs whose distance between
coordinates is below the threshold 7., we obtain a validation
score. This validation score will be ultimately used as basis
for re-ranking the candidate images. That is:

P

Score = Z (Dge(p) <te), p€EP (8)
p=1

IV. EXPERIMENT
A. Implementation Details

Pos®VPR is implemented in PyTorch framework. During
both training and testing, the resolution of all input images
is resized to 384 x 384. As for default backbone, the CCT-
14 architecture is employed and initialized with off-the-shelf
pre-trained weights on ImageNet-1k. Patch size is set to 16 X
16. Additionally, we set the batch size to 4, and the model
is trained using the Adam optimizer with a learning rate
of 0.00001. The number of candidates for re-ranking is set
32. And the key-patch filtering threshold #,, is set to 0.2 in
practice and the distance threshold 7. in PCLP module is
assigned to 192, which is half the length of input image.
In triplet loss function, we assign weight A=1 and margin
m=0.1.

B. Datasets and Evaluation Metrics

To evaluate the generalization ability of Pos’VPR, we
conduct experiments on several benchmark datasets, in-
cluding Mapillary Street Level Sequences (MSLS) [23],
Pittsburgh (Pitts30k) [22], St Lucia [28] and follow public
split of validation/test sets. Table I provides the summary of

TABLE I
SUMMARY OF DATASET FOR TESTING

‘ Description ‘ Variation

Dataset —— - - -
‘Urban Suburban Natural ‘ Ilumination Viewpoint Dynamic

MSLS v v v ++ ++ ++

Pitts30k | v ++ +

StLucia| Vv + + +

datasets and we present the usage of each dataset, which
facilitates evaluation of the results.

We address Recall @N(N = 1,5,10) as evaluation metrics.
Following previous work, we set the tolerance for correct
localization as 25 meters for MSLS, Pitts30k and St_Lucia.
Furthermore, the latency and feature dimensions are also
presented in Table II.

C. Comparison with State-of-the-Art

We compare Pos?VPR with several SOTA methods, em-
bracing two global image representation methods: NetVLAD
[3] and GCL [29], and five two-stage models: SP-SuperGlue
[20], [30], Patch-NetVLAD [6], TCL [19], ETR [21]
and AANet [!4]. Among them, NetVLAD is trained on
Pittsburgh250k dataset, while GCL (ResNet152-GeM-PCA),
TCL (DeiT-S, TCL-R100), and AANet following optimal
configurations in their original works. For Patch-NetVLAD,
we test its both speed-focused and performance-focused
configurations. While ETR-D version which incorporates an
excellent re-ranking module is selected in our experiment.
The quantitative results of Pos’VPR compared with other
approaches are shown in Table II.

It can be observed that our method without re-ranking,
denoted as Pos?VPR (w/o re-ranking), convincingly outper-
forms the compared methods on all datasets even if our
feature dimension is more compact than that of NetVLAD
and GCL. When comparing R@1 with the NetVLAD, our
approach achieved absolute improvements of 19.9% on
MSLS _val, 25.5% on MSLS challenge, 0.8% on Pitts30k
dataset, and 47.5% on St Lucia.

Compared to the two-stage pipeline, Pos>VPR also
achieves the best results on MSLS validation, MSLS chal-
lenge and St Lucia datasets, which demonstrates effective-
ness of the R-TCL strategy and PCLP module. On the
Pitts30k dataset, R@1 of Pos*VPR obtains second-best per-
formance with a 1.7% lower than TCL model. We believe
the cause is that there is a large rotational variation in
images of Pitts30k. Compared to the BS-DTW in TCL for
aligning feature, our PCLP module focuses more on the
spatial positions of similar patch pairs. However, due to the
rotational variations in dataset, the distances between similar
patch pairs are more likely to exceed the threshold and be
filtered out by PCLP module. Nevertheless, benefit from
PCLP, Pos*VPR achieves a 4.4% higher R@1 value than
AANet on MSLS_val dataset and a 12.2% higher R@1 value
than ETR on MSLS_challenge dataset. The MSLS dataset has
rich perceptual aliasing and illumination variations, where
Pos?>VPR demonstrates impressive results compared to other
latest methods. This directly proves that our model is capable
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TABLE I
QUANTITATIVE RESULTS OF Pos>VPR WITH STATE-OF-THE-ART METHODS ON MAJOR VPR DATASET

Method Feature | Latency MSLS_val MSLS_Challenge Pitts30k _test St_Lucia
Dim (s) R@! R@5 R@I10 | R@l R@5 R@I10 | R@] R@5 R@10 | R@l R@5 R@I10
NetVLAD [3] 32768 0.033 60.8 743 79.5 315 421 46.2 819 912 93.7 49.0 68.1 76.2
GCL [29] 2048 0.087 783  85.0 86.9 - - - 756 915 92.6 69.4 5.1 80.6
Pos>VPR(w/o re-ranking) 384 0.016 80.7  90.1 924 57 75.2 80 82.7 92,0 94.3 96.5 99.2 99.7
SP-SuperGlue [20], [30] 256 7.340 78.1 819 84.3 50.6 569 58.3 872 948 96.4 86.5 921 93.4
Patch-NetVLAD-s [6] 512 0.97 71.8 843 86.5 48.1 594 62.3 875 945 96 90.2  93.6 95
Patch-NetVLAD-p [6] 4096 17.630 | 79.5 86.2 87.7 48.1 57.6 60.5 88.7 945 95.9 939 955 96.2
TCL [19] 384 - 787 825 85.3 - - - 90.5 959 97.5 - - -
ETR [21] 1024 - 793  88.0 89.6 50.6  62.1 65.8 842 916 93.8 98.7  99.0 99.2
AANet [14] 384 0.066 80.1 889 91.0 - - - 88.0 942 95.8 982  99.6 99.7
Pos’VPR(ours) 384 0.028 845 922 93.5 62.8 76.8 81.8 88.8 945 96.0 99.2  99.8 99.9
TABLE III

ABLATIONS ON DEGENERATE CONFIGURATIONS

Configurations | R-TCL PCLP Joint Loss | MSLS_val Pitts30k St_Lucia

OLS-GR-j X x v 753 81.9 96.3
OLS-RR-j X v v 81.5 86.1 98.6
RLS-GR-j v X v 80.7 82.7 96.5
RLS-RR-g v v x 81.4 86.9 95.5
Pos>’VPR v v v 84.2 88.8 99.2

of handling such challenges.

D. Ablation Study

We evaluate the impact of the proposed R-TCL strat-
egy, the PCLP algorithm, and the local loss in training
by conducting ablation studies between Pos*VPR and four
degenerate configurations:

¢ OLS-GR-j: Original triplet Learning Strategy & Global
Retrieval & joint loss.

e OLS-RR-j: Original triplet Learning Strategy & Re-
Ranking & joint loss.

¢ RLS-GR-j: RANSAC-based tightly coupled Learning
Strategy & Global Retrieval & joint loss.

o RLS-RR-g: R-TCL Strategy & Re-Ranking & global
loss (without local loss).

o Pos*VPR: R-TCL Strategy & Re-Ranking & joint loss.

Here, we only use R@1 to evaluate the performance of
each degenerate model. According to results in Table III,
adopting R-TCL strategy leads to a significant improvement
compared to OLS-GR-j. Similarly, Pos?VPR outperforms
OLS-RR-j, illustrating that R-TCL strategy can improve
performance, regardless of whether re-ranking is performed.
Likewise, since OLS-RR-j outperforms OLS-GR-j while
Pos®VPR is better than RLS-GR-j. There are obvious im-
provements after introducing PCLP module with or without
the R-TCL strategy. Above results demonstrate effectiveness
of R-TCL strategy and PCLP module in improving perfor-
mance for VPR.

Due to non-differentiability of PCLP module, we introduce
DALF module into training to provide local loss. Here, we
also investigate necessity of local loss. From last two rows
of Table III, Pos?VPR outperforms RLS-RR-g when training

with joint loss. It also indicates the success of introducing
local loss for joint optimization.

Furthermore, the improvement on the MSLS dataset is
higher compared to that on the Pitts30k dataset, with
Pos®’VPR achieving an absolute improvement of over 8%
on msls_val compared to OLS-GR-j. We attribute this phe-
nomenon to the presence of more prominent appearance
variations in the MSLS dataset. While networks trained
with R-TCL are better equipped to handle such appearance
variations than those trained with original learning strategy.
And MSLS dataset provides more detailed information that
benefits spatial position verification.

E. Latency Performance Analysis

To analyze efficiency, we evaluate runtime for processing
a single query on Pitts30k test dataset which includes both
the feature extraction time and the matching time. NetVLAD
and GCL are used to compare the retrieval time (first-
stage) against Pos>VPR. As shown in Table II, our Pos?VPR
exhibits significantly lower runtime compared to NetVLAD
and GCL, which can be attributed to usage of lower feature
dimensions. Instead of 32768-D in NetVLAD and 2048-D in
GCL, our model uses 384-D feature and results in a notable
advantage in terms of computational efficiency.

Additionally, we compared the total latency against SP-
SuperGlue, Patch-NetVLAD, and AANet. According to Ta-
ble 11, Pos?VPR is several orders of magnitude faster than
Patch-NetVLAD-p and SP-SuperGlue and is also 30 times
faster than the speed-focused version of Patch-NetVLAD.
Moreover, the runtime of our model is less than half of
AANet’s that is considered as fast model. The latency indi-
cates that PCLP module presents exceptional computational
efficiency. The reason is that PCLP module only utilizes the
coordinates of similar patch pairs for verification. Thanks
to the powerful parallel computing capability of GPUs, the
computation time required for this multiplication operation
is significantly reduced. In contrast with AANet, which uses
DALF to align local features, our approach is simpler but
more efficient, resulting in lower latency. Hence, it is more
suitable for real-world scenarios.
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V. CONCLUSION

We present Pos>VPR, a novel hierarchical VPR architec-
ture that leverages an aggregation module to extract global
features for candidate retrieval and incorporates the PCLP
module to filter similar patch pairs based on their coordi-
nates for re-ranking. The proposed PCLP re-ranking module
explores the rich information contained in spatial relationship
between task-relevant patch pairs and is applicable to other
transformer backbones without training. Additionally, we in-
troduce the R-TCL strategy to mine the best positive samples
for training a more robust model. By retaining a small set
of potential positive image samples, we achieve a trade-
off between accuracy and efficiency using the RANSAC
algorithm, addressing the limitations of training network
solely rely on simple triplets. Remarkably, in comparison to
the state-of-the-art methods, experimental results on multiple
benchmark datasets demonstrate that our Pos?VPR achieves
higher accuracy and efficiency. The results also prove that
Pos*VPR possesses powerful performance to tackle the chal-
lenges for VPR in real-world scenarios.
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