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Abstract— We extend our previous work, PoCo [1], and present
a new algorithm, Cross-Source-Context Place Recognition
(CSCPR), for RGB-D indoor place recognition that integrates
global retrieval and reranking into an end-to-end model and
keeps the consistency of using Context-of-Clusters (CoCs) [2]
for feature processing. Unlike prior approaches that primarily
focus on the RGB domain for place recognition reranking,
CSCPR is designed to handle the RGB-D data. We apply the
CoCs to handle cross-sourced and cross-scaled RGB-D point
clouds and introduce two novel modules for reranking: the Self-
Context Cluster (SCC) and the Cross Source Context Cluster
(CSCC), which enhance feature representation and match
query-database pairs based on local features, respectively. We
also release two new datasets, ScanNetIPR and ARKitIPR.
Our experiments demonstrate that CSCPR significantly out-
performs state-of-the-art models on these datasets by at least
29.27% in Recall@1 on the ScanNet-PR dataset and 43.24% in
the new datasets. Website: https://github.com/jingGM/
PoCo-CCR.git

I. INTRODUCTION

Place recognition plays an important role in robotics [3],
[4], [5], [6], where given query frames the goal is to identify
matches from a database that share overlapping fields of
view with queries based on image similarities [7], [5],
[6]. It is used in various applications, such as augmented
reality [8], navigation [9], [6], SLAM [6], [10], etc. How-
ever, the place recognition problem is very challenging [5],
[6], [4] due to: (1) different sensors, RGB, RGB-D, Lidar,
etc., which require modality-specific feature processing; (2)
environmental challenges, such as illumination changes,
dynamic objects, occlusion, and scale variation; (3) the lack
of study around RGB-D indoor place recognition [11], [6],
[4], where most of the current approaches only use global
retrieval for place recognition [11], [12]. Our approach
focuses on the less explored domain of RGB-D indoor place
recognition and proposes an end-to-end architecture with a
reranking stage to handle the RGB-D place recognition task.

RGB-D indoor place recognition is not well studied:
Visual place recognition has been explored for many years,
especially in the RGB domain [4], [13]. However, the
potential of RGB-D data is overlooked; especially for indoor
environments, the depth information can be crucial for place
recognition [11], [12], [4]. For RGB-D place recognition, we
need to handle different modalities of perceptions (color and
geometry), so a good feature extractor is critical for the task.
The CoCs [2] method shows comparable performance to the
attention mechanism [14], and has been applied [1] to handle
different scales of features. Extending from our previous
work, PoCo [1], we propose a novel end-to-end architecture,
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Fig. 1: Real-world Experiment: We propose a novel ap-
proach, Cross-Source-Context Place Recognition (CSCPR),
for RGB-D indoor place recognition. Given a query frame,
global retrieval ranks the potentially matched frames, and
our novel place-recognition reranking model reranks the
candidates to achieve better recognition accuracy.

CSCPR, integrating global retrieval and reranking for RGB-
D indoor place recognition, and we also keep the consistency
of using the CoCs concept for feature processing.

RGB-D place-recognition reranking is not well studied:
Traditional learning-based RGB-D place recognition ap-
proaches [11], [15], [16], [6] rely on global retrieval, which
extracts global descriptors from each frame and ranks the
database frames by the similarities with the query frame.
Reranking, as a complement to global retrieval, is meant
to improve the accuracy by evaluating the matches of local
features between the query and database frames [13], [17],
[18]. Therefore, the reranking stage should be fast and ac-
curate in matching local features. The RANSAC-based [19]
methods are widely used for reranking by processing the
geometric information of query-database frames [17], [18],
[20]. However, RANSAC is not a deep-learning-based ap-
proach and cannot be empirically trained to calculate the
relationships among all local features. Recently, learning-
based approaches [13], [21] have been proposed that match
empirical local features. However, those approaches are all
for RGB-only place recognition. In this work, we generalize
the learning-based reranking concept to RGB-D point cloud
and propose a novel learning-based method for RGB-D
place-recognition reranking.

The scarcity of large-scale clean datasets is a notable
gap for RGB-D indoor place recognition: For indoor vi-
sion tasks, there are many datasets designed for object
classification, segmentation, etc. [22], [23]. However, those
datasets are not specifically designed for training RGB-D
place recognition tasks, which require positive and negative
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matched frames by overlap and a large scale for training
purposes [7]. HPointLoc [24] and ScanNet-PR [11] have
recently been published for RGB-D indoor place recognition
tasks, but their matched pairs are selected by the distance of
camera poses or point cloud distance instead of the overlap
of point clouds. This makes the dataset very noisy because of
some nearby point clouds with no overlap, and it decreases
the efficacy for training learning-based models. To bridge the
gap, we introduce two large-scale clean datasets for RGB-D
indoor place recognition by choosing frames with overlap.
Main Results: In this approach, we aim to solve the RGB-D
indoor place recognition problem. We extend our previous
work PoCo [1] with a reranking stage and integrate the two
stages into one end-to-end pipeline for place recognition.
We keep the consistency of applying the CoCs concept
for feature processing in the reranking stage and propose
novel models to process multi-scale and multi-source fea-
tures for RGB-D place recognition. The following describes
our contributions. Collectively, the contributions not only
push the boundaries of RGB-D indoor place recognition to
an integrated retrieval-reranking learning problem but also
equip the community with a data generation pipeline and
new datasets for the task.
1) Novel RGB-D Place-recognition Reranking: We

present a novel Self-Context Cluster (SCC) to enhance
local features by global information and a novel Cross
Source Context Cluster (CSCC) to process the local
matches between different point clouds (sources) for fast
and accurate reranking.

2) Curated Large-Scale RGB-D Indoor Place Recogni-
tion Datasets: To address the scarcity of suitable large-
scale RGB-D place-recognition datasets, we introduce
ARKitIPR and ScanNetIPR datasets. We also propose a
method to generate datasets by point-cloud overlap. The
datasets contain positive and negative frames, keyframes
for evaluation, poses, and semantic labels of point clouds.

3) Superior Performance Across Multiple Datasets: As
shown in Tab. III, our approach outperforms other SOTA
RGB-D indoor place recognition approaches by at least
29.27% in ScanNet-PR [11] and 43.75% in ScanNetIR
and ARKitIPR. Compared with other place-recognition
reranking methods, we improve at least 3.17 points in the
two novel datasets. We also demonstrate the effectiveness
of our approach in a real-world robot.

II. RELATED WORK

Place Recognition Features and Methods: Normally, place
recognition is handled by calculating the similarities/overlap
between the database and query frames. Traditional methods
rely on RGB image features, such as SIFT, SURF, BoW,
etc. [25], [26], [27], to compose descriptors for frame
matching. After convolutional networks [28] and attention
mechanisms [14] were proved to have better performance in
vision tasks, various methods [28], [29], [30] were proposed
to encode frame features to global descriptors for place
recognition, especially NetVLAD-based methods [15], [16],

which improve performance by combining convolutions
with VLAD cores for global retrieval. The introduction of
Context-of-Clusters (CoCs) [2] offers a comparably effective
alternative but with different scales of feature processing,
enhancing local features with global context. Our approach
uses this concept to process and aggregate features of RGB-
D point clouds.

For RGB-D place recognition tasks, NetVLAD [16],
ORB [31], etc. use RGB information for place recogni-
tion by comparing the global descriptors of images. Min-
kLoc3D [32] and Point-NetVLAD [15] process point clouds
and compare point-cloud global descriptors. CGis-Net [11]
applies KP-Conv [33] to encode the geometric information
and enhance the features by extracting the semantic infor-
mation from colors. However, these approaches typically
only assess the global descriptors of RGB-D frames. We
introduce a novel place-recognition reranking method to
improve the accuracy of RGB-D indoor place recognition.
Place-Recognition Reranking: The accuracy of place
recognition can be enhanced through a subsequent reranking
stage following global retrieval [13], [17], [34]. RANSAC-
based geometric verification [18], [17] is a popular choice
for reranking candidates. MAGSAC [35] uses a sample-
based method NAPSAC to sample the points and apply
a quality function to choose the matched pairs. PatchNet-
VLAD [17] uses RANSAC with scoring methods for rerank-
ing after NetVLAD [16]. Although RANSAC focuses on
geometric verification, it overlooks non-geometric informa-
tion. Similarly, registration tasks [36], [37], [38] also find
inliers, but those methods still attempt to match points
through geometric verification or rendering without empir-
ically learning frame similarities. Matching methods [39],
[40] like SuperGlue [40] identify inliers of the matching,
but cannot guarantee if the frames are overlapped. Lee et
al. [21] proposed CVNet-Rerank based on convolutional
neural networks to process image features and compare the
similarities among the features for reranking. R2Former [13]
used ViTs [41] to extract the local information of images
with higher attention values for reranking. However, those
methods are all for RGB place recognition. RGB-D point
cloud reranking still relies heavily on RANSAC-based geo-
metric verification [18], or registration methods [34]. These
approaches cannot use color and geometric information
jointly. We propose an end-to-end structure to jointly process
RGB and geometric information and we also integrate global
retrieval and reranking together for RGB-D indoor place
recognition.

III. METHOD

In this section, we first formulate the problem in Sec-
tion III-A. Then, in Section III-B we describe the overall
architecture of CSCPR, including the Self Context Cluster
(SCC) and Cross-Source Context Cluster (CSCC) modules.
Finally, the training strategies are described in Section III-C.

A. Problem Definition
As with other place recognition problems [5], [6], [13],

[16], the RGB-D indoor place recognition problem is de-



Fig. 2: Architecture of CSCPR: The blue box indicates Global Retrieval, and the yellow box represents Reranking. We
use PoCo [1] for global retrieval. After the database frames are ranked by comparing the global descriptors, vq and vd,
the reranking stage calculates the similarity of local features between query and database frames and reranks the database
frames. The reranking model composes two Self Context Clusters (SCC) to process multi-scale features of each frame and
a Cross Source Context Cluster (CSCC) to calculate the similarity of the local features between these two sorts of frames.

fined as a retrieval problem. It’s separated into two con-
secutive tasks, Global Retrieval [17], [15], [16], [11] and
Reranking [34], [13]. In the paper, we use “frame” as an
RGB-D colorized point cloud. As shown in Fig. 2, CSCPR
is an end-to-end structure to process the color and geometric
information of the frames jointly. The Global Retrieval (blue
box) is from our previous work, PoCo [1], with the same
input format. It calculates the global descriptors, vq of a
query frame Pq ∈ Q and vd of each of the database
frames Pd ∈ D. Then we compare the similarity between
vq and all vd to rank the database frames. However, the
Global Retrieval model only matches the global descriptors,
but some of the local information could be missed. The
Reranking stage (yellow box) reranks database frames based
on the similarities of local features, fqp and fdp , between Pq

and Pd. The learning objective is to ensure the similarity
between the (Q, Dp) is much bigger than the similarity
between (Q, Dn), where Dp ∈ D and Dn ∈ D correspond
to the positive and negative matches to Q.

B. Architecture of CSCPR

Considering that reranking is the second stage and com-
pares local features of frames, the structure should: 1.
effectively process the relation of the local features from
different frames; 2. be fast and light in parameters and
computation. To address these criteria, as shown in Fig. 2,
we 1. propose a novel Self Context Clusters (SCC) to pro-
cess multi-scale features and a novel Cross Source Context
Cluster (CSCC) model to process the relation between two
frames. 2. design a simple structure (yellow box) with only
three small but powerful modules (two SCC and one CSCC).

Self Context Cluster (SCC) performs two functions: 1.
Small memory usage: It downsamples the point features to
a smaller number of center features. 2. Multi-scale feature
processing: Because indoor RGB-D data have large vari-
ations w.r.t. perspectives, scales, and similar structures for
different rooms, SCC learns features from different scales:

local fine-scale feature fp ∈ RN×Dp with denser points and
coarse-scale feature fc ∈ RM×Dc with sparser center points,
where N > M are the numbers of points and centers. To
make the features more representative, we enhance each of
the center features with the global information (all point
features) of the frame.

As shown in the green box of Fig. 2, inspired by the
attention mechanism [14], we transform the point features
by projecting them into two distinct branches in SCC,
reference point feature frp = ∥lr(fp)∥g and source point
feature fsp = ∥ls(fp)∥g , where lr and ls are different linear
layers to separate the point features into reference and
source features. ∥·∥g represents Group Norm. The geometric
information of the points is used to downsample the points to
a smaller number of centers by the Farthest Downsampling
method, and we find the K-nearest points for each center and
average neighbors’ features to a center feature fc. Thus, we
have reference and source center features as frc = mean

k
(frp )

and fsc = mean
k

(fsp ).
The current center features only contain local information

about the frame, and we need to enhance it with the frame’s
global information, which is introduced by all the point
features. Thus, we enhance the center features by calculating
similarities between each center and all point features and
aggregating the most globally similar point features to the
center. The global similarity is calculated as Eq. 1:

S = sig(α cos (frc , f
r
p ) + β), (1)

where α and β are trainable parameters. sig and cos are
Sigmoid and Cosine Similarity functions. The similarity
matrix is S ∈ RM×N . We threshold the similarity matrix
to Ŝ by only using the most similar center for each point
and setting other values as 0. To learn the sparse but
representative multi-scale feature f̃c for reranking, according
to the similarity matrix S, we aggregate the point features,
frp , of the reference branch to center features fsc of the source



branch and normalize them by the similarities:

f̃c,i = lc

 1

1 +
∑N

j=1 Ŝi,j

fsc,i +

N∑
j=1

Ŝi,j ∗ frp,j

 (2)

i, j are the indices of centers and points. lc(·) indicates
linear layers. As demonstrated in Table II, the learned “fine-
coarse” scale features f̃c are more effective and efficient than
Attention [14], which only processes single-scale features.

Cross Source Context Cluster (CSCC) captures cross-
source correlation between the query and database frames.
As in the red box of Fig. 2, the query and database
frames have sparse multi-modality and multiple-scale center
features f̃qc and f̃dc , output from SCC. To calculate the
correlation of the two frames, we use the same calculation
method as Eq. 1 but the points are from the same scale,
C = sig(α cos (f̃qc , f̃

d
c ) + β), where C ∈ RMq×Md is the

correlation matrix and Mq and Md are the center numbers
of query and the database frames. We choose the top
K = 500 center pairs according to the correlation matrix,
and other correlation values are masked out as 0. To fuse
the multi-sourced feature together for reranking, given the
masked correlation, we use it as weights to concatenate
the query and retrieved candidate features together, where
each concatenated feature is f̂i,j = lc(Ci,j [lq(f̃

q
c,i), ld(f̃

d
c,j)]),

where lc, lq, ld indicating different linear layers. Finally, the
aggregation function in Fig. 2 aggregates the most correlated
500 features to one reranking score, rs:

f̂c =
1

1 + cn

Md∑
j=1

(
1

1 + cm

Mq∑
i=1

f̂i,j) (3)

where cm =
∑Mq

i=1 Ci,j is the aggregation of the correlation
matrix along the dimension of query features and cn =
mean

i
(
∑Md

j=1 Ci,j) is the aggregation of the correlation ma-
trix along the dimension of database features and average in
the dimension of query features. Then we have the reranking
score of the database frames and the query frame to rerank
database frames: rs = sig(lf (f̂c)) , where lf indicates linear
layers. Our overall design is simple but effective in capturing
relationships between two RGB-D clouds (see Table II).

C. Training
Training the end-to-end place recognition, CSCPR, re-

quires multiple loss functions for Global Retrieval and
Reranking. A cosine annealing scheduler [42] and Adam
optimizer [43] are used to schedule the learning rates and
the learning rate changes from 10−4 to 10−7. Given ranked
candidates from global retrieval, in the reranking stage we
need to refine the rank by candidates’ local features, so
distinguishing between query and hard negatives is crucial
in this stage. Therefore, we apply hard negative mining [44]
in training and jointly train the two stages together.

For Global Retrieval, we use the same loss functions
as [1] and we denote it as Lg . For Reranking, we use the
entropy loss function:

Lr = −(y ∗ log(rs) + (1− y) ∗ log(1− rs)) . (4)

where y is the label of the matching frames. y = 1 when
the database frame matches the query frame, and y = 0
when they are not matched. The total loss function is L =
βgLg + βrLr, where βg and βr are hyperparameters, and
we choose 1.0 in the training.

IV. DATASET GENERATION

Algorithm 1 Overlap is the major metric in dataset gen-
eration. The database frames are chosen by the overlap
of frames from the original datasets and the positive and
negative matches are chosen by overlaps with query frames.

Require: N consecutive frames,
Require: Fl ← {P0, p0}
Require: database = {Fl, }

while n < N do
Fn ← {Pn, pn}
if FrameOverlap(Fl, Fn) < Tc then

database.add(Fn)
Fl = Fn

end if
end while

FPF in ScanNetPR FPF in ScanNetIPR (Ours)

Fig. 3: Furthest Positive Frame (FPF) of ScanNetPR
vs. ScanNetIPR (ours): FPF depicts the least overlapping
matched frame to the query in both datasets. For the same
query frame (red), ScanNetPR using center distance to
determine matched frames leads to erroneous matching with
no overlapped areas. In ScanNetIPR, the overlap (green) is
the only criterion for matching; thus it is more accurate for
training and evaluating place recognition task.

There are not many RGB-D datasets for indoor place
recognition. ScanNetPR [11] tries to bridge the gap, but
because the matching frames are chosen by the distance
between frames’ centers, there is some noise in the dataset.
As shown in Fig. 3, there are cases in which point clouds are
very close, but they have no overlap. Without overlapping
areas, the model cannot tell whether the two point clouds
are in the same place, and it is also difficult to apply hard
negative mining with the ScanNet-PR directly, limiting the
final performance of the models. To solve this issue and
better evaluate the RGB-D indoor place recognition, we
propose a dataset generation method and two large-scaled
(in terms of the number of scenarios and frames) datasets,
ScanNetIPR and ARKitIPR, based on ScanNet-V2 [22] and
ARKit [23]. The generated ARKitIPR dataset has 5037
scenarios (4196 for training, 741 for evaluation, and 100
for testing) and 377625 frames of point clouds in total.
ScanNetIPR has 1605 scenarios (1193 for training, 312 for
evaluation, and 100 for testing) and 53201 frames of point
clouds in total. Both datasets contain 1. positive and negative
matching frames, 2. the pose of each frame, 3. database



keyframes for the testing datasets and for recall calculation,
and 4. point clouds that each contains positional x, y, z,
normal nx, ny, nz , color r, g, b information and semantic
labels. Because overlap of frames is the major reference for
place recognition, we use overlap to determine positively
and negatively matched cases for the dataset generation, as
shown in Alg. 1.

First, we generate database frames according to the cov-
erage of frames from original datasets, ARKit and ScanNet-
V2. In contrast to the odometry tasks, place recognition does
not require very close frames to estimate the transformation
matrices because those frames do not provide much different
information for place retrieval and add burden in training.
Therefore, the database frames are chosen by some overlap
threshold along the trajectory of the camera motion, where
if the current frame overlaps too much with the last frame
it will be dropped, as shown in Alg. 1. The overlap in this
step is calculated by the symmetric intersection of the union
(IoU) of the voxelized frames. The FrameOverlap() in Alg. 1
is as in Eq. 6, where Pn and Pl are points chosen by
frustums in the scenario. vn and vl are the voxels of the nth

frame and the last selected frame, respectively. Fn = pnPn

represents the point cloud transformed in the global frame.
The threshold Tc = 0.5 is used in the data generation task.

[vn,vl] = voxelize([pnPn, plPl]), (5)

FrameOverlap(Pn,Pl) =
|vn

⋂
vl|

|vn
⋃
vl|

. (6)

Second, we choose the positive frames in the same
scenario and negative cases in all scenarios. Since this step
treats each frame as a query frame to calculate the overlap
with other frames in the scenario, the overlap is mostly w.r.t.
the query frame. Therefore, an asymmetric overlap metric
can be used:

Overlap(Pq,Pd) =
|vq

⋂
vo|

|vq|
, (7)

where Pq and Pd are query and database frames. vq and vd

are the voxels of these two frames with the same voxeliza-
tion as Eq. 6. Then the positive frames are selected by the
threshold Overlap > Tp. Negative frames can be selected by
Overlap <= Tn. Normally, the negative threshold Tn = 0.

Third, we extract the key frames of each scenario, where
we build a graph for each scenario using the positively
matched frames and choose the dominating nodes as the
keyframes of the scenario as [7].

V. EXPERIMENT

Our experimental design aims to evaluate the effective-
ness and efficiency of our CSCPR against SOTA methods
in RGB-D place recognition. To ensure a fair compari-
son, we conducted training and evaluation across multiple
datasets, including ScanNet-PR, which uses a 3m threshold
to select the database frames for place recognition, and
newly proposed datasets, ScanNetIPR and ARKitIPR, which
use overlap to select frames. For each dataset, we perform
both training and testing for all models. The models are

trained on 8 Tesla-V100 GPUs, and the input point clouds
of CSCPR are constrained to 3000 points by voxelization
downsampling. Evaluations are conducted in the device with
an NVIDIA RTX A5000 GPU and an Intel Xeon(R) W-
2255 CPU. The primary metric used for evaluation is the
Recall@1-3, which is the percentage of cases where at least
one within top-k candidates is positive. Our experiments are
structured into three distinct evaluations:
E1: Place-Recognition Reranking Evaluation This exper-
iment is to evaluate the performance of our innovations,
SCC and CSCC, on reranking. To make a fair comparison,
we compare all the place-recognition reranking approaches
with the same global retrieval stage. We quantitatively and
qualitatively demonstrate CSCPR’s superior reranking per-
formance in terms of accuracy and processing speed, which
are our design criteria, over various SOTA approaches.
Comparisons with Other Reranking Approaches: a.
classical RANSAC-based geometric verification, including
RGB-based MAGSAC [47] to fit the homography of im-
ages [17] and RGB-D-based RANSAC + Kabsch [45];
b. learning-based place recognition reranking approaches.
Because of the lack of learning-based place recognition
reranking works in the RGB-D domain, we adapt the SOTA
method, R2Former [13], from the RGB domain to RGB-D
point space by extending the pixel-position encoding method
to {x, y, z} positions. c. matching methods, including RGB-
based SuperGlue [40] and RGB-D-based URR [36] to
calculate the matching pairs and use the number of matched
pairs to determine if the frames overlap. d. registration meth-
ods [49], [46], [36], including TEASER++ [46], URR [36],
and PointMBF [49], which are mostly used for localization,
where given a pair of matched frames, the corresponding
features are extracted from overlapped areas and used to
calculate transformation matrices.

As shown in Tab I, we observe RGB-D-based approaches
outperform corresponding RGB-based approaches. Our ap-
proach outperforms all other approaches by at least 3.19
and 3.17 at Recall@1 in ARKitIPR and ScanNetIPR,
respectively. The learning-based approaches outperform
RANSAC-based approaches. We also observe our approach
has less inference time than other approaches by at least
20%, and this satisfies our design criterion; fast and effec-
tive. As shown in Fig 4, there are two scenarios. We compare
our approach, CSCPR, with the closest place-recognition
reranking R2Former and TEASER++. R2Former, based on
attention models, does not perform well in scenarios with
very different scales but with similar geometric features, as
shown in the first two rows of Fig. 4. TEASER++ cannot
match the color information of frames.
Ablation Study: As shown in Tab. II, we compare our
approach with three different modified versions to high-
light the benefits of our design. Attention [14] composes
a sequence of self-attention and cross-attention models to
substitute for our SCC and CSCC. The CoCs concept allows
for multi-scale feature processing by relating large-scale
environmental representations to small-scale object details,



Approaches Data Type Inference ARKitIPR ScanNetIPR
Time (ms) R@1 ↑ R@2 ↑ R@3 ↑ R@1 ↑ R@2 ↑ R@3 ↑

PoCo [1] RGB-D - 45.12 57.10 62.14 58.10 70.33 75.95
Kabsch [45] RGB-D 93 53.00 59.37 65.59 66.07 74.89 80.99

TEASER [46] RGB-D 107 56.03 62.35 66.75 69.40 80.94 82.82
R2Former [13] RGB-D 5 71.94 76.95 79.24 80.05 82.09 85.02
MAGSAC [47] RGB 18 20.60 33.03 38.49 41.00 47.25 52.30
SuperGlue [40] RGB 40 49.19 55.50 59.44 69.84 75.83 78.72
SelaVPR [48] RGB 11.4 56.32 63.81 67.56 67.31 76.47 80.60

URR [36] RGB-D 90 31.86 40.03 46.57 46.50 56.10 62.28
PointMBF [49] RGB-D 300 50.12 57.30 63.47 61.27 70.92 77.40

Ours RGB-D 4 75.13 80.24 82.33 83.22 87.76 89.30

TABLE I: Quantitative Reranking Results: PoCo [1] is the global retrieval baseline. Our place-recognition reranking
method outperforms other reranking approaches by at least 3.19 points in Recall@1.

Approaches Data Type Inference ARKitIPR ScanNetIPR
Time (ms) R@1 ↑ R@2 ↑ R@3 ↑ R@1 ↑ R@2 ↑ R@3 ↑

Attention [14] RGB-D 11 64.14 67.65 68.81 74.95 82.94 86.22
Ours/SCC RGB-D 3 65.56 68.39 69.11 76.52 80.03 81.03

Ours/Correlation RGB-D 4 45.56 60.18 66.06 47.33 65.99 74.95
Ours RGB-D 4 75.13 80.24 82.33 83.22 87.76 89.30

TABLE II: Reranking Ablation Study: Ours, Ours/SCC, and Ours/Correlation represent our complete reranking, without
SCC and without the correlation matrix, respectively. Attention represents the method with a sequence of self-cross attention
blocks [14]. The table shows effectiveness of our components and the outperformance w.r.t. an attention-based alternative
by at least 11% in ARKitIPR and ScanNetIPR.

Query Frames PoCo [1] CSCPR R2former TEASER++

Fig. 4: Qualitative Comparisons: 1st and 3rd rows show RGB images corresponding to point clouds in 2nd and 4th
rows. The red circles mark the overlapping areas between query frames (1st column) and later Recall@1 frames from
different approaches. R2Former performs closest to our approach, but it does not perform well in different scaled frames.
Our overall algorithm (CSCPR) balances the geometric and RGB information well and achieves the best performance, even
for the scenarios that have very small overlapping areas.

unlike attention mechanisms, which operate at a single scale
without multi-scale interactions. Therefore, our design based
on the CoCs concept is faster and outperforms attention-
based alternatives by at least 11% on ARKitIPR and Scan-
NetIPR in Recall@1. The attention model costs 12.5 Mb
and 4.42 GMACs for a single batch, but our CSCPR costs
10 Mb and 3.01 GMACs, which is more computationally

efficient. For the performance of single components, SCC
improves the performance by at least 9% on the two datasets
by enhancing the local features with global information. We
also observe the correlation matrix is critical in reranking
and improves by at least 65% on two datasets, as discussed
in Section III-B, which provides the relationship between
two frames. These results demonstrate the efficacy of our



innovative components (SCC and CSCC) in RGB-D place
recognition reranking.
E2: End-to-End Solution Evaluation As mentioned in
Section I, RGB-D indoor place recognition reranking is
not well explored, and we also did not find any integrated
approaches with two stages for RGB-D place recognition.
To make a fair comparison, we compare SOTA RGB-D
approaches with global retrieval with CSCPR in ScanNet-
PR [11], as shown in Tab. III. Our approach outperforms
other approaches by at least 29.27% in Recall@1. This
experiment also evaluates the performance of new RGB-D
point cloud-based datasets, ScanNetIPR and ARKitIPR, as
shown in Tab. IV. We observe at least 43.24% improvement
over other approaches in Recall@1 in the datasets.
E3: Proposed Dataset Analysis This experiment is to vali-
date the performance of CSCPR but also to contribute valu-
able datasets to the community, facilitating further advance-
ments in RGB-D indoor place recognition. Fig. 3 shows the
benefits of our datasets with less noise in the datasets. From
the comparison of Tab. III and IV, we observe approaches
in our ScanNetIPR dataset have lower recall, meaning our
ScanNetIPR dataset is more difficult than ScanNet-PR. The
reason is ScanNetPR has more positive frames, 19.94, on
average for each frame in each scenario than ScanNetIPR,
which has 15.98 on average. From Tab. IV, we show our
new generated datasets are valid for RGB-D indoor place
recognition with performance comparable to the results in
Tab. III.

ScanNet-PR Data Type R@1 ↑ R@2 ↑ R@3 ↑
SIFT [25] + BoW [50] RGB 16.16 21.17 24.38

NetVLAD [16] RGB 21.77 33.81 41.49
PointNetVLAD [15] Point Cloud 27.10 32.10 37.01

MinkLoc3D [32] Point Cloud 15.21 19.25 22.79
Indoor DH3D [12] RGB-D 16.10 21.92 25.30

CGiS-Net [11] RGB-D 61.12 70.23 75.06
PoCo [1] RGB-D 64.63 75.02 80.09

AEGIS-NET [51] RGB-D 65.09 74.26 79.06
CGiS-Net w/o color [11] Point Cloud 39.62 50.92 56.14

PoCo [1] w/o color Point Cloud 44.34 54.27 59.78
CSCPR w/o color Point Cloud 60.58 73.59 78.29

CSCPR RGB-D 84.14 89.82 91.25

TABLE III: Quantitative Results: Compared with other
SOTA methods, our approach CSCPR with reranking im-
proved the Recall@1 performance by at least 29.27%.

VI. CONCLUSION, LIMITATIONS, AND FUTURE WORK

We explored RGB-D place recognition with an integrated
pipeline with both global retrieval and reranking. By devel-
oping a fast and effective reranking model, we close the gap
between RGB-D place recognition reranking and learning-
based algorithms. We generalized the CoCs concept to noisy
colorized point cloud feature processing and demonstrated
better performance in place recognition tasks. We handle the
scarcity of RGB-D place recognition datasets and propose a
data generation pipeline for the community to explore more
datasets. We introduce two large-scale RGB-D datasets for
training and testing purposes. We push forward the boundary
of RGB-D indoor place recognition accuracy by demonstrat-
ing that our design outperforms other SOTA approaches by

Approaches Data Type R@1 ↑ R@2 ↑ R@3 ↑

Sc
an

N
et

IP
R PointNetVLAD Point Cloud 22.43 30.81 36.58

MinkLoc3D Point Cloud 10.13 16.63 20.80
CGiS-Net RGB-D 57.89 69.95 75.51

AEGIS-NET [51] RGB-D 58.00 69.12 74.79
PoCo [1] RGB-D 58.10 70.33 75.95
CSCPR RGB-D 83.22 87.76 89.30

A
R

K
itI

PR

PointNetVLAD Point Cloud 11.04 16.57 20.57
MinkLoc3D Point Cloud 8.14 10.95 13.79
CGiS-Net RGB-D 39.80 49.30 55.64

AEGIS-NET [51] RGB-D 45.71 57.71 63.34
PoCo [1] RGB-D 45.12 57.10 62.14
CSCPR RGB-D 75.13 80.24 82.33

TABLE IV: Comparisons in New ScanNetIPR and ARK-
itIPR: The ScanNetIPR is more difficult than ScanNetPR,
where methods have relatively smaller Recall@1. Our
method still outperforms other approaches for both RGB-D
and pure point-cloud place recognition in both ScanNetIPR
and ARKitIPR by at least 43.24% in Recall@1.

at least 29.27% in Recall@1 in the ScanNet-PR dataset.
For limitations, if the overlapping areas do not have many
features, our method may not work well. As part of future
work, we would like to apply semantic pretraining to the
model to improve its understanding of the environment.
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