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Abstract— This paper presents a robust and efficient visual-
inertial simultaneous localization and mapping (SLAM) system,
which includes a region-based initialization strategy and a
lightweight Mobile-NetVLAD loop closure detection (LCD)
module. Specifically, the proposed initialization strategy divides
a prior map into structured regions, which facilitates effi-
cient candidate region retrieval and robust initialization across
complex environments. For the LCD module, the lightweight
Mobile-NetVLAD network is employed to extract keyframe
descriptors. To improve the LCD accuracy, historical keyframes
with significant position differences are filtered out by spatial
constraints. We integrate the above modules into VINS, and
evaluate the SLAM system on the public EuRoC dataset and
a self-collected dataset. Experimental results demonstrate that
the robustness of LCD and localization accuracy is superior
to state-of-the-art methods, while maintaining real-time per-
formance.

I. INTRODUCTION
Simultaneous localization and mapping (SLAM) is a fun-

damental capability for robots [1]–[5]. In recent years, visual-
inertial SLAM (VI-SLAM) and visual-inertial odometry
(VIO) have gained widespread attention [6]. The IMU sensor
can provide scale and motion information for a pure monoc-
ular VIO system, while visual constraints can compensate
for the integration drift of IMU when it is stationary. The
accuracy of localization can be improved by fusing data from
the two sensors. Although VI-SLAM has made remarkable
progress in terms of localization performance, they are still
faced with two challenges in practical applications, which
include the lack of initialization robustness and the general-
ization ability to detect loop closures.

The use of both visual and inertial sensors increases the
dimensionality of system states [7], [8]. Specifically, a typ-
ical VIO/VI-SLAM system at least includes 15 degrees-of-
freedoms, involving position, orientation, velocity, and bias
of the gyroscope and accelerometer, etc. To obtain a stable
estimate of the initial state, the system typically requires a
number of accumulated observations, which consequently
reduces the start-up speed [9]. In addition, most existing
initialization methods rely on local observations and do not
use global prior maps, making them less generally robust to
changing environments.

The existing mainstream VI-SLAM systems [10] currently
use the Bag-of-Words (BoW) [11] models for loop closure
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detection (LCD). Although the method is widely applied,
it relies heavily on matching local features among several
frames. It is sensitive to illumination, occlusion, and view-
point changes, which in practice easily lead to false loop
detections. In addition, the traditional vocabulary module
is built offline and is strongly coupled with training data,
making it difficult to adapt to new environments. Thus, it
hinders the generalization capability of localization systems.
Compared to BoW models, deep learning models, such
as NetVLAD [12], are more powerful in describing scene
appearances. But deep learning models may still generate
wrong matches between different locations with similar vi-
sual appearances, leading to failures in LCD.

To provide a solution to the aforementioned issues, we
propose a robust and efficient VI-SLAM system featuring a
region-based initialization strategy and a lightweight LCD
module based on Mobile-NetVLAD [13]. Our code is open-
sourced1. The main contributions of this work are summa-
rized as follows.

1) We present a region-based initialization method, in
which an environment is divided into multiple struc-
tured regions. This design allows efficient retrieval of
candidate regions and facilitates robust initialization.

2) We propose a LCD strategy, which integrates the
Mobile-NetVLAD model and combines spatial con-
sistency constraints. By filtering out keyframes with
significant spatial deviations, the system improves both
the accuracy and efficiency of LCD.

3) We develop a complete SLAM system by integrating
the initialization and LCD components into VINS [14].
The experimental results on both the EuRoc dataset
[15] and our self-collected dataset show improvements
in localization accuracy.

II. RELATED WORK
A. Visual-Inertial Odometry/SLAM

Visual-inertial odometry/SLAM systems [16] are gen-
erally divided into tightly coupled [17]–[20] and loosely
coupled [21]–[23]. The advantages of loosely coupled sys-
tems lie in their simple structure and strong modularity.
They model visual and inertial measurements separately and
combine their estimation results during the back-end stage.
This design limits the interaction between the two types
of sensors, making it difficult to fully take advantage of
their complementary information. They also encounter issues
such as timestamp misalignment, which degrades the overall

1https://github.com/lab-sun/RSC-VINS
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Fig. 1: The overall structure of our proposed system. It takes as input image sequences and IMU data, and outputs state
estimation. Our system is built on VINS [14]. The structure of our system mainly consists of the region-based initialization
module, the sliding-window optimization-based state estimator, and the Mobile-NetVLAD-based LCD module.

localization performance. In contrast, tightly coupled systems
jointly model visual and inertial measurements during back-
end optimization. They can obtain more accurate and robust
state estimation, and have become the mainstream solution
in this filed. However, the increased nonlinearity of the
localization system makes the initialization process more
difficult. In most cases, some observations are required to
achieve a stable initial estimate.
B. Initialization

To achieve robust and accurate initialization, many studies
rely on nonlinear optimization frameworks, where residuals
are minimized through a sliding window to estimate the full
state. VINS-Mono [14] combines sliding-window optimiza-
tion with a loosely coupled visual-inertial framework. ORB-
SLAM2 [24] utilizes IMU pre-integration and optimization
to estimate biases, gravity, and scale. Evangelidis et al. [25]
proposed closed-form initialization via direct triangulation.
However, these methods often require long observations and
show poor adaptability to changing environments, resulting
in degraded performance in low-texture or occluded sce-
narios. Recent works [26], [27] introduced prior maps by
matching keyframes and traditional descriptors from previ-
ously explored environments, enabling faster and more stable
initialization. Yet, traditional local descriptors are sensitive to
lighting and dynamic elements, leading to incorrect matches.
Thus, prior map–based initialization still needs improvement.
C. Loop Closure Detection

As a key component in SLAM, LCD has received wide
attention. It can eliminate accumulated localization drifts
during long-term operations. Many existing methods [28]
adopt the BoW model to achieve LCD through local feature
matching. The method has the advantages of high computa-
tional efficiency and easy deployment. However, the model is

sensitive to illumination, viewpoint changes, and occlusions,
which may easily generate false detections. In recent years,
global descriptor LCD methods based on deep learning have
been proposed [29], and many localization systems have in-
troduced data-driven LCD models to improve detection per-
formance. For example, D²SLAM [30] combines SuperPoint
[31] and NetVLAD models, which improves performance
but has a high hardware dependency on CUDA acceleration.
The NetVLAD-based LCD used in [32] does not utilize
spatial or motion constraints, and the descriptor matching
is completely open, leading to an excessive matching range
and an increased risk of mismatches. So, how to improve the
accuracy and robustness of deep learning-based LCD while
ensuring a low computational cost remains an open question.

To overcome the aforementioned challenges, we propose
a VI-SLAM system that features the region-based initial-
ization strategy and the spatially constrained loop closure
mechanism. The system structurally partitions prior maps to
enable efficient candidate retrieval and robust initialization.
Meanwhile, it integrates the spatial consistency filter with a
lightweight Mobile-NetVLAD descriptor to achieve accurate
and efficient loop closure, which ensures reliable localization
in complex environments.

III. THE PROPOSED METHOD
A. The Overall Architecture

The structure of the whole SLAM system is shown
in Fig. 1. We proposes a new region-based initialization
method, and a LCD method based on Mobile-NetVLAD
loop detection with the spatial consistency. The input to
the SLAM system includes continuous image sequences and
high-frequency IMU data. During initialization, the system
pre-loads the relevant map region according to a given prior
region ID. If no region ID is provided, the whole global
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map is loaded. After that, the NetVLAD descriptor of the
current image frame is used to search for similar frames in
the loaded map. We use their poses as the prior positions for
system initialization. Meanwhile, the LCD thread removes
false loop candidates that appear visually similar in the
images but are distant in physical space. Finally, Mobile-
NetVLAD is applied for similarity matching to perform
accurate and robust loop correction, which improves the
localization accuracy.
B. The Region-based Initialization

To provide robust and accurate initialization for VIO/VI-
SLAM systems, this paper proposes a region-based initial-
ization method, which is combined with a feature searching
method using multi-threading. This method improves the
initialization speed and robustness of the localization system.
In the prior map construction stage, the system collects
images and their corresponding pose data and assigns each
geographic region a unique region ID. Each region map patch
stores the NetVLAD features and the poses of all images in
this region separately. This information is saved in an HDF5
file structure, where each region ID corresponds to a group
in the file, which is convenient for loading data when needed.

During the initialization of the system, if a prior region
ID is obtained, the system only loads the corresponding
region map patch, which greatly reduces the scope of similar
frame retrieval and significantly improves overall matching
efficiency. If a prior ID is not available, the system loads
the global map to ensure the accuracy and robustness of
the initialization process. In order to achieve fast loading
and efficient retrieval of complex region maps, we develop a
multi-threaded system for NetVLAD descriptor loading and
index data construction. This module reads and efficiently
normalizes the descriptors and poses of each keyframe in par-
allel, which reduces the data processing delay. The method
balances the scalability of complex maps with the real-
time performance of the initialization process, and provides
the system with a robust and accurate initialization pose
even under challenging conditions. The detailed algorithmic
procedure is illustrated in Algorithm 1.
C. The Spatially Consistent LCD

The original VINS framework adopts the BoW model
for image description and matching. Our proposed system
replaces BoW with Mobile-NetVLAD. Although NetVLAD
can effectively generate global descriptors of images to
determine whether an image has been re-observed, it may
still make mistakes when different images have similar
appearances. Thus, LCD based on NetVLAD is prone to
mismatches in regions with different locations but similar
visual appearances. To alleviate this problem, we present
a LCD strategy with spatial consistency constraints, which
considers the visual similarity of images in relation to their
spatial locations.

During system operation, the LCD thread continuously
maintains the NetVLAD descriptors of keyframes and their
corresponding position information. The system takes the

Algorithm 1: Region-based Initialization
Input: Region ID , query descriptor 𝐯𝑞 , map file 
Output: Matched pose 𝐓∗ or failure
1. Parallel Loading and Normalization;
Initialize ,,  ← ∅;
foreach 𝐼𝑖 ∈  do

𝐯𝑖 ← [][𝐼𝑖][netvlad];
if ‖𝐯𝑖‖2 > 0 then

𝐯̂𝑖 ←
𝐯𝑖

‖𝐯𝑖‖2
;

𝐓𝑖 ← [][𝐼𝑖][pose];Append to ,,  ;
2. Build Index;
Initialize index index;
foreach 𝐯̂𝑖 ∈  do

index.add(𝐯̂𝑖);
3. Query;
𝐯̂𝑞 ←

𝐯𝑞
‖𝐯𝑞‖2

;
{idx𝑗}, {dist𝑗} ← index.search(𝐯̂𝑞 , 𝑘);
𝑗∗ ← argmin𝑗 dist𝑗 ;
return 𝐓∗ ←  [idx𝑗∗ ];

position of the keyframe to be detected as the center and
retrieves possible loop candidate frames only within a certain
spatial range around it. During candidate selection, the
system considers the similarity between the candidate frame
and the current frame, as well as the distance between
their positions. Based on this constraint, the loop thread
can determine whether a valid loop closure is formed, thus
significantly reducing the false detection rate in complex
scenarios such as those with repetitive structures.

Specifically, when the current keyframe 𝐹𝑖 enters the LCD
stage, the system first extracts its corresponding NetVLAD
descriptor 𝐯𝑖 ∈ ℝ4096, and stores the descriptor along with
its associated 3D position 𝐩𝑡 into a cache. To reduce false
positives caused by visual similarity, the system adopts
the spatial consistency constraint. Only those historical
keyframes whose euclidean distance to the current keyframe
is less than a predefined threshold 𝜏 are considered as
candidates, while also excluding temporally adjacent frames
to effectively suppress false matches between consecutive
frames. The candidate set 𝑡 is defined as:

𝑡 =
{

(𝐯𝑡, 𝐯𝑖) || ‖‖𝐩𝑖 − 𝐩𝑡‖‖ < 𝜏, 𝑡 < 𝑖 − 𝛿
}

, (1)
where 𝛿 denotes the minimum frame interval used to prevent
repeated matching between nearby frames. For each candi-
date frame in the set, its descriptor 𝐯𝑖 is compared with the
descriptor of the current frame 𝐯𝑡 to compute a similarity
score based on their inner product:

𝑠𝑖 = ⟨𝐯𝑡, 𝐯𝑖⟩ =
4096
∑

𝑗=1
𝑣𝑡,𝑗 ⋅ 𝑣𝑖,𝑗 , (2)

where 𝑠𝑖 represents the similarity score between the current
frame 𝐹𝑡 and candidate frame 𝐹𝑖. If the highest similarity
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TABLE I: Time cost (ms) for loading and retrieval of prior
maps with 100 images.

Method Map Loading Single Image
Retrieval

time 10 < 2 (4 threads)

TABLE II: Comparison of loop closure time (ms) between
Mobile-NetVLAD and the traditional BoW method.

Method Descriptor
Computation

Loop
Detection Total

DBoW2 7.767 7.368 15.041
NetVLAD 22.047 1.364 23.411

score 𝑠𝑖∗ exceeds a predefined threshold 𝜃, the system consid-
ers the corresponding pair as a valid LCD result. Otherwise,
it is treated as a non-match.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS
We conduct experiments on the public EuRoC dataset

and a self-collected dataset. We first perform a statistical
analysis of the time cost for the prior map loading and LCD
based on Mobile-NetVLAD. Then, we compare our system
with the current mainstream SLAM frameworks on the
EuRoC dataset. Finally, we test our system on a self-collected
handheld dataset to validate its effectiveness in real-world
applications. All the algorithms run on a computer with an
Intel Core i7-14700F CPU and without GPU parallelization.
A. Efficiency Evaluation

To validate the real-time performance, we conduct detailed
time cost statistics of the prior map loading and retrieval
during the initialization stage, as well as the LCD method.
Specifically, the map loading and retrieval test is based on
a prior map containing 100 images. As shown in Tab. I,
the time cost to load 100 images is about 10 ms. With
four threads running, the retrieval time of a single image
is maintained within 2 ms. Note that the map loading is
completed before the localization system starts, so it does not
affect the online performance of the whole system. Thus, the
retrieval time meets the requirements of a real-time system.

Tab. II shows the time cost between Mobile-NetVLAD and
the traditional vocabulary-based method in LCD. Although
the descriptor computation time of Mobile-NetVLAD is
higher than that of the traditional method and accounts for
the majority of the LCD time, the retrieval stage requires
significantly less time cost, demonstrating an effective global
matching capability and efficient candidate filtering. On
the whole, although Mobile-NetVLAD has a higher time
cost in the feature extraction process, the overall LCD can
still maintain near real-time performance due to its strong
descriptive ability and high detection efficiency.
B. Comparative Experiments

The EuRoC dataset includes 11 sequences, covering chal-
lenging scenarios such as nighttime and low textureness. In
the experiments, we name and compare the systems under
different module combinations. Specifically, Ours-prior de-
notes a system that uses region-based initialization but does

TABLE III: The RMSE (m) of localization accuracy for
VINS-Mono and Ours-prior in the first 5 seconds of each
sequence. ↓ means reduced error, and ↑ means increased
error. Best in bold, second-best underlined.

Dataset VINS-Mono Ours-prior Improved
MH_01_easy 0.0093 0.0072 23.02% ↓
MH_02_easy 0.0095 0.0083 12.23% ↓

MH_03_medium 0.0099 0.0107 8.64% ↑
MH_04_medium 0.0161 0.0128 20.03% ↓
MH_05_difficult 0.0146 0.0192 23.91% ↑

V1_01_easy 0.0097 0.0067 31.37% ↓
V1_02_medium 0.0152 0.0150 0.74% ↓
V1_03_difficult 0.0145 0.0132 8.74% ↓

V2_01_easy 0.0068 0.0060 11.94% ↓
V2_02_medium 0.0207 0.0133 35.57% ↓
V3_03_difficult 0.0143 0.0154 8.18% ↑

TABLE IV: The RMSE (m) of localization accuracy for
VINS-Mono, Ours-loop, and Ours on the EuRoC. Best in
bold, second-best underlined.

Dataset VINS-Mono Ours-loop Ours
MH_01_easy 0.0690 0.0582 0.0597
MH_02_easy 0.0696 0.0536 0.0472

MH_03_medium 0.0749 0.0917 0.0835
MH_04_medium 0.1330 0.1170 0.1022
MH_05_difficult 0.1462 0.1351 0.1315

V1_01_easy 0.0693 0.0505 0.0427
V1_02_medium 0.0695 0.0574 0.0545
V1_03_difficult 0.1380 0.1293 0.1333

V2_01_easy 0.0470 0.0649 0.0675
V2_02_medium 0.0982 0.0865 0.0881
V3_03_difficult 0.2120 0.1566 0.1538

not use the Mobile-NetVLAD LCD. Ours-loop represents a
system that uses the Mobile-NetVLAD LCD but does not
introduce the proposed initialization. Ours integrates both of
these strategies. We compare these three configurations with
VINS-Mono [14] on the EuRoC to evaluate the impact of
each strategy on system performance.

For the evaluation of the initialization strategy, only the
first 5 seconds of each sequence are chosen for the calcula-
tion. This is because the system completes its initialization
during this period. The pre-run period reflects the short-term
stability and accuracy of the initialization, so as to avoid
the cumulative errors from interfering with the evaluation of
the initialization results. The results of the specific accuracy
comparison are shown in Tab. III. In most of the sequences,
the accuracy of the region-based initialization is higher than
that of VINS-Mono. For example, in sequences V1_01_easy
and V2_02_medium, the accuracy of the first 5-second
trajectory is improved by 31.37% and 35.57% compared with
that of VINS, respectively. Meanwhile, The overall accuracy
on EuRoC is improved by 8.68%. The box plot of the first 5-
second trajectories for all sequences is shown in Fig. 2, and
Ours-prior performs better in the most of the sequences.

Tab. IV displays the evaluation results on each whole
trajectory of EuRoC. Ours-loop and Ours are generally better
than VINS-Mono in terms of localization accuracy. The
MH_05_difficult sequence is recorded in a black night scene.
Ours shows a significant localization accuracy improvement
(roughly 10.08%) in this scene. In V1_01_easy sequence,
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Fig. 2: Boxplot of region-based initialization. Most sequences show reduced errors, indicating that the proposed
initialization method performs better.
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Fig. 3: Boxplot of VINS-Mono, Ours-loop and Ours in whole
trajectory on EuRoC. Overall, Ours-loop yields slightly lower
errors than VINS-Mono, and Ours performs marginally
better than Ours-loop.
where the sequence is recorded in a room containing white
walls, both Ours-loop and Ours localization accuracy have
been improved by 27.08% and 38.26%. Fig. 3 displays the
box plots of some of the sequences. Different initializations
lead to varying error propagation, causing differences in loop
closure pose estimates and thus resulting in varying trajectory
optimization outcomes. Therefore, the performance of Ours-
loop is better than Ours for some sequences in Tab. IV.
C. Practical Test

Three trajectories with approximate lengths of 979.30 m,
184.74 m, and 247.74 m are captured in real environments
using an Intel RealSense D435i camera. As shown in Fig. 4,
each trajectory starts from a specific location and even-
tually returns to its corresponding starting point, forming
a complete closed loop. This setup provides a practical
scenario to evaluate the performance of LCD in the absence
of real ground truth for trajectories as a reference. We
evaluate the overall robustness and accuracy of the proposed
system according to whether it can successfully complete
LCD as well as the localization accuracy when returning to
the starting point. The experimental results show that the
proposed method not only detects loop closure more quickly
but also corrects the accumulated error more accurately.

Tab. V compares the Loop Closure Median Drift (LCMD)
between our method and VINS across three scenarios. We ex-
tract the first and last N frames from the trajectory. For each
segment, we compute its geometric center and then calculate
the coordinate-wise median of these points to obtain robust
start and end positions. LCMD is defined as the Euclidean
distance between these two robust positions. In particular, in

TABLE V: The LCMD (m) for 5, 10, 20 frames, and the
trajectory lengths in the three scenes.

Scene Length
(m) Method LCMD

(5)
LCMD

(10)
LCMD

(20)
Scene 1 979.30 VINS 25.633 25.650 25.670

Ours 0.414 0.456 0.477
Scene 2 184.74 VINS 1.788 1.044 1.236

Ours 0.193 0.206 0.201
Scene 3 247.74 VINS 2.471 2.429 2.377

Ours 0.425 0.350 0.362

Scene 1 with long-distance loop closure, the drift of VINS-
Mono is more than 25 meters, while our method maintains
the error within 0.5 meters, which fully demonstrates the high
accuracy and strong convergence ability of the proposed loop
closure strategy. In shorter trajectories, such as Scenarios 2
and 3, although the error of VINS-Mono is already relatively
small, our method still shows clear advantages. This shows
that the system has excellent robustness and stability in both
extreme cases and regular medium-distance trajectories. In
summary, the experimental results verify that the proposed
loop closure strategy can achieve reliable and accurate LCD
and drift correction in various environments.

V. CONCLUSIONS AND FUTURE WORK
This paper presents a robust and efficient VI-SLAM sys-

tem featuring a region-based initialization and a lightweight
Mobile-NetVLAD loop closure module. Experimental results
demonstrate our superior localization accuracy and real-time
performance compared to existing methods. Future work will
focus on network optimization and system evaluation to more
complex environments.
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