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Abstract— Loop Closure Detection (LCD) is an essential
component of Simultaneous Localization and Mapping (SLAM),
helping to correct drift errors, facilitate map merging, or
both by identifying previously observed scenes. Despite its
importance, traditional LCD algorithms based on single sensor
such as camera or LiDAR exhibit degraded performance in
challenging scenarios due to their inherent limitations. To
address this issue, we propose a novel LCD method based on
camera-LiDAR fusion, exploiting the rich textural information
from cameras and the accurate geometric data from LiDAR
to ensure robustness and speed in challenging environments.
Specifically, we first employ deep hashing learning to encode
deep image features into binary image descriptors for extremely
fast loop candidate (LC) retrieval. Then, LiDAR points are
augmented with image color for accurate geometric verification.
Finally, we incorporate a spatial-temporal consistency check
that mandates an LC to have consistently matched neighbors
to be accepted as true. Our method is extensively verified
and compared with the state-of-the-art methods on various
datasets encompassing both indoor and outdoor environments.
Experimental results demonstrate that our method obtains the
best performance, increasing the maximum recall rate at 100%
precision by a significant margin of 20% while operating in
real-time at an average speed of 30 fps.

I. INTRODUCTION

Loop Closure Detection (LCD) plays a critical role in
both single-agent and multi-agent Simultaneous Localization
and Mapping (SLAM) systems. Through its ability to rec-
ognize whether a robot has returned to a pre-visited area,
LCD helps reduce accumulated errors and facilitates the
merging of maps constructed by different robots. Despite
significant progress made in LCD algorithms over the past
few decades, there are still certain scenarios where their
performance degrades. These scenarios are characterized by
abrupt changes in lighting, environments with little or no
texture, and perceptual aliasing, among others. Therefore,
immediate efforts are needed to address these issues.

Traditionally, two major types of LCD methods have
been studied: vision-based and LiDAR-based. Most vision-
based methods [1]-[3] rely on extracting visual features to
create global descriptors. Despite their high efficiency, global
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Fig. 1.  Challenging scenarios encountered in traditional LCD. Both
image pairs are taken from different places: (a) Visually similar places
with noticeable structural differences (cars, building columns, etc.); (b)
Geometrically indistinguishable corridors with evident texture and color
distinctions. We reject these false loops by leveraging both visual and
geometric information.

descriptors inevitably sacrifice image details and location
information for the sake of descriptor compactness, leading
to significant precision loss in the face of perceptual aliasing
environments. Conversely, LIDAR-based methods focus on
exploiting geometric characteristics, such as surface normal
[4], height [5], angle and distance [6] to form descriptors.
While these methods can precisely measure scene geometry,
the lack of textural information in point clouds poses huge
challenges when it comes to distinguishing places with
similar geometric structures, such as corridors and tunnels.

Recently, there has been significant interest in the fusion of
modalities for LCD, resulting in notable achievements [7]—
[11]. Specifically, Deep Neural Networks (DNNs) have been
introduced in [7]-[9] to extract a shared embedding space
across modalities and formulate a multi-modal descriptor.
However, these methods are more likely enhanced versions
of vision-based approaches rather than solid solutions that
well preserve the internal structure of a scene. Additionally,
these methods tend to be time-consuming as both modalities
need to be processed with DNNs. Therefore, designing an
LCD algorithm that is both fast and robust in complex real-
life applications remains an open problem.

To tackle this challenge, we introduce a novel multi-stage
LCD framework that leverages the rich textural information
from cameras for fast retrieval and the precise geometric
information from LiDAR for accurate verification. As shown
in Fig. 1, only candidates with both visual and geometric
similarity are accepted. To be specific, we first employ a deep
hashing network to encode visual information into discrimi-
native binary descriptors, which are indexed for efficient loop
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candidate (LC) retrieval. Subsequently, we augment LiDAR
points with image color to perform colored Iterative Closet
Point (ICP) registration, which effectively eliminates false
loops by verifying their geometric similarity. Finally, we
check whether the proposed loops have consistently matched
spatial-temporal neighbors to ensure a precise selection of
LC. Our method is therefore capable of reliable performance
even in challenging environments. The contributions of our
work can be summarized as follows:

1) We propose a novel LCD method based on camera-
LiDAR fusion, leveraging deep image features and
accurate point cloud geometries to achieve efficient and
robust loop detection in challenging environments.

2) We incorporate a data-level fusion of visual and struc-
tural information by generating discriminative binary
descriptors and RGB-colored point clouds, facilitating
not only fast retrieval but also accurate verification.

3) We extensively evaluate our method on various indoor
and outdoor datasets, outperforming the state-of-the-
art algorithms by over 20% in terms of the maximum
recall rate at 100% precision while operating at 30 fps.

II. RELATED WORK

LCD is closely related to place recognition (PR) in that
they both aim to identify similar places. However, there exist
subtle differences between these two tasks. PR focuses on
retrieving as many visited places as possible from a large
database, with the primary objective of achieving high recall
rates [12]. Conversely, LCD emphasizes precision since an
incorrect loop may lead to catastrophic consequences for the
entire system. Additionally, LCD favors low computational
complexity and takes sequential data as input. Considering
the close relationship between these two fields, PR methods
that could be potentially adapted for LCD will also be
discussed.

A. Vision-based LCD and Deep Hashing

Vision-based LCD commonly relies on global features
extracted from images. One popular approach is the BoW
method and its variants [1], [2], [13]. Such methods usually
construct a vocabulary tree from visual words by clustering
local features such as SIFT or ORB. This vocabulary tree
is then used to generate a feature vector based on the
distribution of visual words.

Similarly, another category of methods known as the
Vector of Locally Aggregated Descriptors (VLAD), which
aggregates handcrafted local features using K-means clus-
tering [14], has reported competitive performance. Its deep-
learning version, the NetVLAD family [3], [15]-[17], is later
designed for visual place recognition (VPR) and LCD.

To boost computational and storage efficiency, many
works have resorted to deep hashing methods, which encode
high-dimensional features into compact binary codes using
fully connected (FC) layers and carefully designed loss func-
tions [18], [19]. These methods have been widely applied in
large-scale image retrieval tasks [20], [21] and also explored
in the context of VPR and LCD [22].

Despite their efficiency in candidate retrieval, LCD meth-
ods based on global features suffer from low precision in
perceptual aliasing environments due to their inability to
capture fine image details and accurate spatial structure. [23]
This problem is largely mitigated in our method through
geometric verification, which is discussed in Section III-B.

B. LiDAR-based LCD

Due to the strength of directly obtaining 3D structure,
LiDAR-based LCD methods have also been proposed. In
the early stage, the Normal Distribution Transform (NDT)
histogram has been investigated to represent a 3D point cloud
as a set of multivariate Gaussian distributions [4]. Another
well-known method, called Scan Context, partitions the point
cloud into bins and encodes the maximum point height
of each bin as a feature, achieving lateral and rotational
invariance [24]. Alternatively, LCD based on point cloud
segmentation is explored in [25], [26] since segmented
objects are noise-resistant and scale-invariant.

Similar to the vison-based counterpart, driven by DNN
techniques, PointNetVLAD [27] has been proposed for PR
based on point clouds, obtaining comparable performance
with NetVLAD. More recently, transformer-based methods
have been introduced to improve PR results by capturing
short-range local features and long-range contextual features
with attention mechanism [28], [29].

While LiDAR-based methods are robust to illumination
change or viewpoint variation, they struggle to distinguish
places with similar structures due to the lack of textural
information, thereby limiting their practical applicability.

C. Multi-Modal LCD

Numerous methods have been proposed to leverage the
complementary properties of cameras and LiDAR for im-
proved performance [7]-[9]. In [7], a convolutional frame-
work is introduced to transform image and LiDAR inputs
into a shared representation space to enable joint detec-
tion and description of keypoints. However, adapting it for
LCD will necessitate local matching of keypoints, which is
exceedingly time-consuming. Similarly, the work [8] trains
separate DNNs for each modality so that images and point
clouds from the same location will have similar descriptors.
However, this method only allows for matching images to
high-definition LiDAR maps, which is not typically available
in SLAM. In contrast, MinkLoc++ [9], conducts fusion in the
final stage, processing each modality independently before
concatenating the generated descriptors. Nonetheless, as this
network tends to focus on the modality with a larger overfit to
the training data, it often results in suboptimal performance.
Although metric learning can potentially alleviate this issue,
the network still lacks generalization ability.

In summary, the aforementioned methods adopt a
descriptor-based detection strategy, which only partially ad-
dresses the challenges faced by vision and LiDAR based
methods. Specifically, these methods fail to preserve the
internal geometric structure of the environment, which is
crucial for discriminating subtle differences between similar
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places, in favor of descriptor compactness and computational
efficiency. Consequently, the advantages offered by each
sensor are not fully leveraged. In contrast, our proposed
method combines deep visual features for a concise yet
distinctive representation of the environment, while preserv-
ing the integral structure of scenes in the colored point
clouds for geometric verification. This enables fast and robust
performance in various challenging scenarios.

III. THE PROPOSED METHOD

Figure 2 provides an overview of the proposed method,
which consists of three stages: visual retrieval based on deep
image feature, geometric verification, and spatial-temporal
consistency check. The system input is continuous frames
F = {F;}!_,, with F; containing aligned image I; and
point cloud P; € R3*™»  For each frame Fj, the first stage
retrieves a set of LCs LC; = {F); }?:1 C F and the following
stage iteratively refines the set to exclude false loops.

A. Deep Visual Retrieval With Binary Descriptor

Deep-learned image feature has been extensively studied
in the context of VPR [12]. Inspired by one of its recent ad-
vancements, namely CosPlace [30], we incorporate a hashing
layer to produce binary descriptors that largely accelerate the
retrieval process. Generated descriptors are then encoded in
a Faiss Index [31] for efficient similarity search. In the query
stage, the feature vector for the query image is generated by
the same network to retrieve the top-k similar candidates in
the index, thus forming the initial LC set. The details of our
network are elaborated below.

1) Dataset Preprocessing: LCD could be considered as
a classification problem, where images taken at nearby
locations are deemed to belong to a class. At training stage,
we group dataset images into classes and assign a label
to each class for supervised learning. For each image with
known position z,y and heading o, we assign its label as a
three-digit number [, by applying a spatial grid:

T o
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Fig. 3. Network architecture in the train and val/test/inference stage.

where |-] is the floor function, M is the length of the grid
cell and A determines the extent of each class in terms
of heading. However, due to the fact that Eq. 1 discretizes
continuous space, it is possible for similar image pairs taken
at nearly identical positions (but a few meters apart) to be
wrongly assigned to different classes.

To address this issue, we reorganize non-adjacent classes
into groups and train iteratively over them, so that there
are no mislabelled image pairs within any single group.
Formally, a group G, is defined as a set of classes:

Guvw = {labe | (a mod N = u) A

(bmod N =v) A (cmod L =w)}, @

where N and L are additional parameters controlling the
spatial and directional separation between classes. For any
two images belonging to different classes within a group,
their positional and directional difference are guaranteed to
be larger than M x (N — 1) and A x (L — 1), respectively.
This helps avoid confusion caused by discretization errors.
2) Network Design: Figure 3 illustrates the architecture of
our network. We utilize ResNet-50 as the backbone, followed
by a Generalized-mean (GeM) pooling and an FC layer. The
network outputs a real-valued feature vector x € R™. During
training stage, an additional FC layer is included after the
output as a classifier, which maps the feature vector to the
possibility distribution for each class, since the number of
classes is usually unequal to the feature dimension. During
val/test or inference stage, this classifier is discarded and we
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binarize the output with a sign function: h = sgn(x) € Z".
The final binary descriptor h is then used for retrieval.

Objective Function: To improve the separability of
classes, we adopt Large Margin Cosine Loss (LMCL) [32],
an improved version of Cross Entropy Loss, as our objective
function. Given an image I; with its feature vector h;, and
label Y;, the function is formulated as:

es(cos(()yi 1)7m)

cos 9y L) )+ E escos(ej_’i)a
iV
(3)

where N is the number of training samples, m is the
separation margin, s is the norm of h; and 6;; is the angle
between h; and the weight vector of the j-th class. The
function enforces a large margin for different classes in the
cosine space, which is beneficial for the network to learn
more discriminative features.

Network Optimization: Directly optimizing the loss func-
tion above is difficult due to the vanishing gradient of binary
descriptor h;. To enable end-to-end training, we first employ
the hyperbolic tangent function to smooth the sign activation
originally applied to the final FC layer. Then, we approximate
the binary h; in Eq. 3 by the real-valued x; and add a
quantization loss:

Elmd h?a }/1

NZ

Lquant = Hl - |X‘HQ 4

This penalty term encourages the network to learn
sgn(x) = x, reducing the approximation error caused by
the sign function. The final loss function is the weighted
sum of the LMCL loss and the quantization loss:

L= Lime (Xi7 Y1) + Aﬁquant- )

B. Geometric Verification

While the initial LCs are visually similar to the query, their
geometric similarity is not guaranteed. We hence perform a
colored ICP registration [33] for accurate verification and to
eliminate false loops.

1) Camera-LiDAR Fusion: The color information from
the image is first projected into the point cloud to compensate
for its lack of textural information. With a transformation
matrix calibrated in advance, we acquire a mapping g : R3
Zf_ from the 3D point cloud to the 2D image. Those points
with corresponding pixels outside of the image are cropped.

Since the mapping ¢ is not bijective, some points in the
point cloud may share the same pixel. We assign the color of
the pixel to its nearest (projected) point and use a linearized
function to approximate the colors of the remaining points
[34]. Let Cp, be a continuous color function defined in the
vicinity of a point p with known color C (p). For any nearby
point q, its color is approximated as:

Cp(q) = C(p)+d, (f(q) — p), (6)

where dj, is the gradient of C, at p and f(q) is the projection
of q onto the tangent plane of p:

f(a)=q-np(q—p) np. (7

To estimate the gradient dp, at p, we fit it to the colors of
its local neighbors NV, using least squares regression:

d —argmln Z HC )+dp' (F(p')—p)—C(D)
P peN,

. (8)

2

2) Colored Point Cloud Registration: Having obtained the
colored point clouds, we measure their geometric similarity
by calculating the ratio of inlier points after point cloud regis-
tration. The objective function for the optimal transformation
T between two point clouds P and Q is formulated as:

E(T)=(1-0)Ec(T)+oEg(T), ©)

where o is a weight factor and E¢ and Eg denote the
photometric and geometric terms, respectively.

After i-th registration, a correspondence set K = {(p,q)}
is acquired, where p represents a point in P and q represents
a point in Q. Let q/ = Tq denote the transformed point of
q, the photometric term can be formulated as the sum of

squared color differences r(cp’q):

>V 3 |G

(p,a)el (p,q)€EK

Y

2
(10)
where Cp(+) is the continuous color function calculated in
Eq. 6 and f(+) is the projection function defined by Eq. 7.

Similarly, the geometric term is calculated by accumulat-
in RO : (p,a)

g the squared point-to-plane distances r;, " between the
transformed point g/ and the tangent plane of p:

SV = > @ -p)np

(p,q)eX (p,a)EK

))—C(a)

|

The objective function is optimized following the Gauss-
Newton method. For each iteration, T is linearized around
the current estimate T* by a vector & = (a, 3,7, 7,¥, 2)
which represents a rotational and a translational component:

1 — B =z
|7 1 —a y|ax
T= -6 « 1 =z T, (12)
0 0 0 1

We calculate the Jacobian matrix J, of the objective
function with respect to £ and solve the linear system:

J, I =-J,"r, (13)

Note that both the Jacobian and the residual vector are
accumulated over all the correspondences and consist of
photometric and geometric parts:

3= >0 I Jee +3] 3 (14)
(p,a)ex

Z Jore+3] (15)
(p,9)eK

where r¢o and rg are the residuals defined in Eq. 10 and 11,
respectively, with overscript (p, q) omitted for brevity.
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Fig. 4. Precision-recall curves of our method and other state-of-the-art methods.

Specifically, the Jacobian matrices of the photometric term
and the geometric term with respect to £ are calculated as:

Jeo = VI—olaxd](I-npn)),d](I—nynl)], (16)
1x6 1x3 1x3

JrG - \/E[q X P, np]'
1x6 1x3 1x3

a7

C. Spatial-Temporal Consistency Check

Different from PR, LCD operates on sequential data,
which allows for further validation. Ideally, if an LC is suc-
cessfully matched to the current frame, its spatial-temporal
neighbors will also be matched. This effectively eliminates
the occasionally detected false loops.

Given a sequence of frames with sample rate f Hz and
average disposition d, we denote the timestamp, viewing
angle and position for the frame F; as {t;, a;, X;}. F; and
F; are defined as spatial-temporal neighbors (written as
F; ~ Fy) if they satisfy:

(tiftj <At) AN (|C¥7;70£j| <AC¥) A (HX17X]|| <A.’£) (18)

Following the definition given above, we may now give
the criterion of the spatial-temporal consistency check:

Given a query frame F, and m consecutive frames
{Fy=1,Fy—2, -+, Fy—m} before it, VF, € LC,, the loop
between Fy and candidate Fy, is considered valid only if
there exists F, € LCq_1,F. € LCy_2, -+ ,Fy € LCy,
where Fy ~ Fy, Fy ~ F.,--- , F,,_1 ~ Fp,.

The four hyperparameters At, Aa, Az and m control the
strictness of the check. Either decreasing the first three or
increasing the last one will result in a more stringent check.
We set At = 20/f, Aa = 25°, Az = 10d and m = 2 for
outdoor datasets but limiting Aa. = 10° in indoor datasets
since a large rotation of cameras in a confined space usually
results in a significant change of the scene.

IV. EXPERIMENTAL RESULTS
A. Implementation Details

Concerning the image feature extraction network, the
dimension of the binary descriptor is empirically set to 8k to
achieve the best results. We set m in Eq. 3 to 0.4, A in Eq. 5
to 0.01, respectively. The network is trained for 100 epochs
on two datasets: the San Francisco eXtra Large dataset [30]
for outdoor imagery and the InLoc dataset [35] for indoor
imagery.

In the visual retrieval stage, the top 10 candidates are
proposed for further geometric verification. For all point
clouds, we apply voxel downsampling and ground removal to
improve registration robustness. The colored ICP registration
is executed with a maximum of 30 iterations. Two point
clouds pass the verification if the inlier ratio exceeds 60%.

B. Evaluation Datasets

We evaluate our method on two widely-used public
datasets and one self-recorded dataset.

1) KITTI Dataset: The KITTI odometry dataset [36]
consists of high-resolution stereo images, 64-line lidar point
clouds, and precise ground truth poses. We use two se-
quences, KITTI 00 and 05, to examine algorithm perfor-
mance in outdoor environments.

2) TUM RGB-D Dataset: The TUM RGB-D dataset
[37] provides synchronized RGB-D sensor data, along with
ground truth camera poses from a motion-capture system.
We use the fr2/large_with_loop sequence, which is a
long trajectory captured in a low-texture environment.

3) Self-recorded Dataset: We record another indoor se-
quence with Intel Realsense L515 in the city art gallery. The
camera is mounted on a handheld device and moved through
two exhibition halls with very similar layouts. The sequence
is thus challenging and suitable for evaluating algorithm
robustness against perceptual aliasing.

C. Loop Detection Performance

In this section, our method is benchmarked and com-
pared with the state-of-the-art LCD or PR methods, which
include DBoW2 [13], a classic and widely used BoW method
based on ORB feature; Patch NetVLAD [15], an advanced
version of NetVLAD that incorporates patch-level features;
Scan Context [24], a popular LiDAR-based LCD with
handcrafted feature based on point height; MinkLoc++ [9],
a recent multi-modal PR method using deep-learned features.

The performance of LCD is evaluated in terms of max-
imum recall rate at 100% precision and precision-recall
(P-R) curves. However, literature adopts two ways in P-R
calculation, which we define as frame-wise or pair-wise.
Consider a simple scenario where [, is the only query
frame and is a loop to Fy, Fj41, Fi42, and the algorithm only
retrieves F) as a candidate.

The frame-wise method would consider the recall rate
as 100% since the total amount of query frames is 1 and
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TABLE I
MAXIMUM RECALL RATE AT 100% PRECISION BY FRAME-WISE (FW)
AND PAIR-WISE(PW) EVALUATION (%)

Methods | KITTIO0 | KITTIOS | TUM | Self-recorded
S

| PW FW | PW FW | PW FW | PW FW
DBoW2 235 396 | 174 338 | 832 273 | 0.24 6.21
Patch NetVLAD | 285 91.7 | 23.1 859 | 205 833 | 542 37.3
Scan Context 812 828 | 384 783 | 0.03 0.03 | 3.84 12.7
MinkLoc++ 15.1 842 | 243 772 122 194 1.4 10.1
Ours 503 91.1 | 489 83.0 | 243 84.7 | 22.6 42.7

F, is correctly identified. However, the pair-wise method
calculates it as 33.3% because it aims to retrieve all loop
pairs. While the frame-wise method is most commonly used,
we argue that the pair-wise method is rather important as
the quality of Fj, Fiy1, Fiyo could be different in terms of
optimizing the SLAM system, which will be proved in the
following section. This suggests that a higher pair-wise recall
helps to find more reliable loops. We present both methods
in Table I but only the pair-wise method in Fig. 4 since the
trend of the curve is similar for both methods.

The results show that our method outperforms the existing
methods on both indoor and outdoor datasets in terms of
Pair-wise evaluation, increasing the maximum recall rate
by a significant margin of 20%. In frame-wise evaluation,
our method also achieves the highest recall rate on indoor
datasets but is slightly inferior to Patch NetVLAD on outdoor
datasets. We attribute this to the fact that Patch-NetVLAD is
specially designed for outdoor VPR and has very high top-k
recalls, which suits the frame-wise evaluation better.

However, our method focuses more on robustness and
accuracy. Figure 5(a) illustrates how Patch NetVLAD, de-
spite utilizing patch-level features to enhance image details,
consistently generates false loops due to perceptual aliasing.
While applying a stricter threshold could eliminate these
false loops, it would also compromise stability.

It is also noteworthy that both Scan Context and Min-
kLoc++ perform poorly in the indoor datasets. This is
attributed to their primary design or training for outdoor
environments characterized by open scenes and sparse point
clouds. However, as depicted in Fig. 5(b), the indoor point
clouds are dense and relatively homogeneous, posing a
substantial challenge for these methods. Our method achieves
comparable performance in both environments due to our
utilization of visual cues for primary retrieval and the appli-
cability of colored ICP registration to both data types.

TABLE II
ABSOLUTE TRAJECTORY ERROR OF OUR METHOD AND ORB SLAM?2
ON TWO DATASETS (UNIT: M)

KITTI 00 TUM
Methods
MIN RMSE MAX MIN RMSE MAX
ORB SLAM2  0.145 1.363 3738  0.044 0.226 0.438
Ours 0.072 1.291 3.577  0.019 0.087 0.186

(b) False loop detected by Scan Context in the self-recorded dataset

Fig. 5. Examples of false loops detected by other methods. The retrieved
candidate in (a) shares similar image features on the left side, but the
right part is different. Our method rules it out by geometric verification.
Indoor scenes in (b) have almost identical geometric structures, failing the
LiDAR-based methods. The image features are nevertheless different so the
candidate is rejected by our method in the first stage.

D. Quality of Loop Candidates

While higher recall rates suggest better performance,
detected loops are utilized for trajectory optimization and
generally, a single good loop is adequate to correct ac-
cumulated errors, rendering additional candidates unused
and justifying frame-wise evaluation. However, we argue
that the qualities of LCs are nevertheless different, and the
additional candidates are important as they may provide
better optimization opportunities. Therefore, we calculate the
absolute trajectory error (ATE) after loop closure, which is
defined as the positional difference between the ground truth
and the estimated trajectory, to illustrate the quality of LCs.

Given the fact that our method can detect more loops than
others, it would be impractical to expect them to outperform
us. Therefore, we choose to exclusively evaluate our method
against DBoW2, and the performance of other methods
should be somewhere in between. We replace the LCD
module of ORB SLAM?2 by DBow2 and our method while
keeping the rest of the system unchanged. Representative
results are listed in Table II.

Due to the optimization mechanism of ORB SLAM?2,
only a fixed number of global adjustments are performed
(4 times in KITTI 00 and 1 time in TUM) even though
our method provides more loop opportunities. Nonetheless,
our method’s ATE is up to 60% lower than that of ORB
SLAM?2, indicating the superior quality of our loops. Note
that our method performs significantly better in the low-
texture indoor dataset, where handcrafted ORB features are
less effective than deep-learned counterparts.
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TABLE III
ABLATION STUDY ON FOUR DATASETS

\ KITTI 00 \ KITTI 05 \ TUM \ Self-Recorded
Methods

| LC FL  Prec. Rec. | LC FL Prec. Rec. | LC FL Prec. Rec. | LC FL Prec. Rec.
Baseline (pure visual retrieval) 1656 426 74.2 62.4 810 440 447 928 | 275 20 92.7 16.1 125 19 84.8 20.3
Ours (visual retrieval + consistency check) 1474 288 80.4 602 | 680 320 529 92.3 | 238 14 94.1 14.2 111 4 95.4 20.3
Ours (visual retrieval + vanilla ICP) 287 4 98.2 14.3 37 1 97.2 9.23 53 2 96.2 3.23 57 0 100 10.9
Ours (visual retrieval + colored ICP ) 335 9 973 165 52 3 942 125 | 143 6 958  8.68 72 0 100 13.7
Ours (complete method) \ 330 4 98.7 16.5 \ 49 1 979 123 \ 94 3 968 5.70 \ 72 0 100 13.7

E. Ablation Study

To evaluate the effectiveness of each component in our
method, we conduct an ablation study on four datasets.
We compare the following variations of our method:
Baseline, which includes only the visual retrieval stage
without any further verification; Visual retrieval
with consistency check, which adds the spatial-
temporal consistency check module but employs no geo-
metric data for verification; Visual retrieval with
vanilla ICP, which sets ¢ = 1 in Eq. 9 and reduces
the objective function to mere geometric terms (equivalent
to vanilla ICP); Visual retrieval with colored
ICP, which sets 0 = 0.96 to add photometric terms;
Complete method, which includes all three stages elab-
orated in Section III. For all variations, the threshold for
geometric verification is set to 40%.

Since both geometric verification and spatial-temporal
consistency check are performed on previously retrieved
results, it will inevitability increase precision and reduce
recall. To provide a comprehensive evaluation, we have thus
chosen to present the total number of loop candidates (LC)
and the number of false loops (FL) included in addition to
precision and recall rates. The results are shown in Table III.

It is notable that adding geometric verification significantly
reduces the number of false loops. The colored ICP yields
slightly better results than vanilla ICP by providing dozens
more loop opportunities at the cost of including only few
false loops. The colored ICP performs particularly well in
indoor sequences where geometric constraints are relatively
insufficient, which helps improve the recall rate without
any precision loss in our self-recorded dataset. With spatial-
temporal consistency check enabled, the complete method
achieves the highest precision while preserving a fairly
large number of correct loops for trajectory optimization,
demonstrating the effectiveness of each component.

F. Computational Efficiency

The binary descriptor in our method is extremely efficient
for storage and query. Compared to its real-valued counter-
part (produced without sign activation, equivalent to original
CosPlace descriptor), it is 32x smaller (boolean vs float32)
in size and up to 20x faster to query (Hamming distance
vs Euclidean distance). Although binary descriptors are less
accurate than real-valued ones with the same dimension, a
higher dimension can compensate for this while preserving
superior efficiency. Table IV shows that the 8k-dimensional

binary descriptor outperforms 2k-dimensional real-valued
descriptors in terms of both speed and accuracy.

TABLE IV
COMPARISON OF BINARY AND REAL-VALUED DESCRIPTORS

Type Rec.@100%Prec.!  Add to index (ms)? Query by index (ms)?
2k Float 50.3 31.7 5.85
8k Bool 51.9 291 1.99

! measured on KITTI 00; 2 on an index size of 10k

TABLE V
AVERAGE EXECUTION TIME OF DIFFERENT METHODS (UNIT: MS)

Methods Feature Extraction = Query  Verification Total
DBoW2 12.51 3.82 2.44 18.77
Patch NetVLAD 42.13 37.89 N/A 80.02
Scan Context 113.29 8.07 N/A 121.36
MinkLoc++ 77.63 0.01 N/A 77.64
Ours 1591 0.01 13.36 29.28

We further measure the time consumption of the whole
system on KITTI 00 and compare it against the aforemen-
tioned methods. We split a typical LCD framework into
two or three stages: feature extraction, candidate query, and
optionally, candidate verification. The average time con-
sumption for each stage is shown in Table V.

Due to the lightweight network and efficient descriptor, our
method achieves real-time performance at an average frame
rate of 30 Hz, which is 2-3 times faster than other deep-
learning-based methods. Although DBoW2 is the fastest
method so far, it is also the least accurate. Our approach
strikes a favorable balance between speed and accuracy.
Furthermore, the execution time does not significantly in-
crease as the database grows larger due to the non-exhaustive
nature of the Faiss Index and the fixed number of proposed
candidates for verification. Additionally, the colored ICP
registration can be easily parallelized since each candidate
is verified independently.

V. CONCLUSIONS

In this paper, we propose a novel algorithm for fast and
robust LCD via synergizing deep visual retrieval and accurate
geometric verification. The proposed method extracts deep-
learned binary descriptors from images for efficient candidate
retrieval before fusing RGB information with structural data
from point clouds to verify geometric similarity, enabling
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reliable performance in challenging environments. Exper-
imental results demonstrate that our method outperforms
existing methods in both indoor and outdoor environments
by a significant margin. The detected loop candidates are
proved to be of better quality to reduce trajectory errors. The
whole system achieves real-time performance and could be
hopefully integrated into SLAM systems soon. Future work
will focus on algorithm robustness in extremely dynamic
conditions and optimization for different sensor types and
hardware configurations.
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