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DK-SLAM: Monocular Visual SLAM with Deep
Keypoints Adaptive Learning, Tracking and

Loop-Closing
Hao Qu, Lilian Zhang, Jun Mao, Junbo Tie, Xiaofeng He, Xiaoping Hu, Yifei Shi, Changhao Chen*

Abstract—Unreliable feature extraction and matching in hand-
crafted features undermine the performance of visual SLAM
in complex real-world scenarios. While learned local features,
leveraging CNNs, demonstrate proficiency in capturing high-level
information and excel in matching benchmarks, they encounter
challenges in continuous motion scenes, resulting in poor gen-
eralization and impacting loop detection accuracy. To address
these issues, we present DK-SLAM, a monocular visual SLAM
system with adaptive deep local features. MAML optimizes the
training of these features, and we introduce a coarse-to-fine
feature tracking approach. Initially, a direct method approx-
imates the relative pose between consecutive frames, followed
by a feature matching method for refined pose estimation. To
counter cumulative positioning errors, a novel online learning
binary feature-based online loop closure module identifies loop
nodes within a sequence. Experimental results underscore DK-
SLAM’s efficacy, outperforms representative SLAM solutions,
such as ORB-SLAM3 on publicly available datasets.

Index Terms—Monocular SLAM, Deep Learning, Feature
Extraction and Matching, Loop Closing.

I. INTRODUCTION

V ISUAL localization and mapping constitute crucial com-
ponents within intelligent mobile agents for motion

tracking and environment understanding, with diverse appli-
cations ranging from autonomous vehicles, unmanned aerial
vehicles (UAVs), and robots to immersive technologies such
as Virtual Reality (VR) and Augmented Reality (AR). The
imperative nature of achieving robust localization for un-
manned platforms across various environmental conditions has
garnered escalating attention within the research community.

A Visual Simultaneous Localization and Mapping (SLAM)
system comprises front-end perception and back-end optimiza-
tion. The front-end uses sensors for environmental percep-
tion, employing keypoint features in stages like extraction,
matching, outlier removal, and pose estimation. The back-
end includes loop detection and global map optimization,
refining the system state with geometric models. Visual SLAM
methods are categorized as keypoint-based and direct methods.
Direct methods optimize pixel-level photometric loss but can

The authors are with the College of Intelligence Science and Technology,
National University of Defense Technology, Changsha, 410073, China

*Corresponding author: Changhao Chen (changhao.chen66@outlook.com).
Hao Qu and Lilian Zhang contribute equally to this work.
This work was supported by National Natural Science Foundation of

China (NFSC) under the Grant Number of 62103427, 62073331, 62103430,
and Major Project of Natural Science Foundation of Hunan Province
(No.2021JC0004). Changhao Chen is funded by the Young Elite Scientist
Sponsorship Program by CAST (No. YESS20220181)

be unstable due to lighting variations [1]–[3]. Keypoint-based
methods, like ORB-SLAM2 and ORB-SLAM3 [4], [5], en-
hance stability by using detectors and descriptors, although
handcrafted descriptors are susceptible to lighting and texture
variations. Addressing these challenges is crucial for improv-
ing the reliability of visual localization and mapping systems
in diverse applications.

In recent years, deep learning has shown impressive per-
formance in image processing, particularly in image classifi-
cation and object detection. The application of deep learning
to VO/SLAM methods has gained attention, with two pre-
dominant approaches: end-to-end and learned features based
methods. End-to-end methods utilize Deep Neural Networks
(DNNs) to directly convert images into pose estimates [6].
However, they exhibit low interpretability and suboptimal gen-
eralization. In contrast, learned-feature-based SLAM replaces
local features, allowing deep learning to focus on feature
perception [7]–[10]. This approach combines the strengths
of deep learning and geometric models but may still face
challenges in generalization. Additionally, it may lack crucial
low-level keypoint information, impacting feature matching
performance. The training complexity of learned-feature-based
Bag-of-Words (BoW) adds further challenges, often requiring
offline training and exacerbating generalization issues.

To address the aforementioned challenges, we introduce
DK-SLAM, a novel Deep Keypoints based SLAM system
incorporating adaptive learning, coarse-to-fine feature track-
ing, and online loop-closing capabilities. This monocular
visual SLAM framework utilizes a modified MAML-based
training strategy for robust deep feature extraction. It enhances
feature matching precision by incorporating patch pixels and
constructs a photometric loss using adjacent frame patches
to optimize coarse relative pose estimates. An online BoW
model with binary deep features adapts dynamically to new
environments, mitigating generalization challenges in deep
learning, and improves adaptability without requiring addi-
tional training. Our proposed DK-SLAM outperforms the
representative baselines, e.g. ORB-SLAM3, LDSO and LIFT-
SLAM, on the public KITTI and EuRoC datasets.

Our contributions can be summarized as follows:
• We propose DK-SLAM, a monocular SLAM system

with adaptive deep keypoints learning. Our deep fea-
ture extractor, trained using a MAML strategy, enhances
adaptability to diverse scenes.

• Our method employs a coarse-to-fine feature matching
strategy, estimating relative poses through patch photo-
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metric loss optimization and refining them based on the
2D-3D relationship for improved accuracy.

• We introduce an deep keypoints online learning-based
Bag-of-Words (BoW) models that overcomes poor gener-
alization, ensuring correct loop detection in the sequence.

II. RELATED WORKS

A. Deep Feature Extractor for Visual SLAM

Mainstream handcrafted extractors, including ORB [11],
SIFT [12], and Shi-Thomas [13], are employed in visual
SLAMs like ORB-SLAM2 [4] and VINS-Mono [14]. How-
ever, these methods relying on gradient information face
challenges in dynamic lighting and low-texture environments.
To address these issues, researchers explored deep feature
extractors. Superpoint [15] employs a shared encoder for high-
level information and distinct decoders for keypoints and
descriptors, using synthesized labels for self-supervised train-
ing. D2-Net [16] eliminates the need for a separate keypoint
decoder, ensuring robustness. To enhance repeatability detec-
tion, [17] combines multi-scale gradients with depth feature
maps. Additionally, L2-Net [18] introduces a local matching
loss based on the L2 distance, improving feature matching
performance. Experimental results demonstrate the effective
feature matching performance of the learned local features
on public datasets. Despite their success, the mentioned deep
extractors exhibit inherent flaws in the face of diverse scenes,
leading to potential performance degradation.

B. Hybrid methods for Visual SLAM

Recent research explores hybrid SLAM methods to combine
deep learning and multi-view geometry advantages. GCNv2-
SLAM integrates GCN [19] into SLAM, constructing a com-
plete system with offline BoW training. In [20], knowledge
distillation from HF-Net [21] enhances feature detection in
a compact model. [22] uses a self-supervised thermal optical
flow tracking network, while [10] builds on Superpoint [15]
with edge and multi-scale information. Our proposed SLAM
methodology shares similarities with [8]. In [8], a LIFT
[23] extractor serves as the SLAM front-end, implementing
an adaptive feature matching strategy tailored to different
datasets. In contrast, our SLAM adopts a meta-learning based
training strategy, eliminating the need for separate hyperpa-
rameter designs for distinct datasets.

C. Loop Closure Module

Loop closure is a critical module of visual SLAM, responsi-
ble for detecting loop nodes and refining initial pose estimates.
The BoW model, such as DBow2, DBow3, and FBow [24],
relies on the binary descriptor BRIEF [25]. DBow utilizes a k-
d tree structure based on Hamming distance for descriptor stor-
age. However, conventional BoW methods require extensive
offline training data, prompting the introduction of iBow [26].
iBow achieves online word bag training using testing datasets,
demonstrating robust transfer performance across various sce-
narios and addressing adaptability concerns. Another closed-
loop detection method, akin to NetVLAD [27] in [9], [20],

is highly reliant on the training set. Substantial differences
between test and training sets may result in performance
degradation.

III. DEEP KEYPOINT BASED MONOCULAR SLAM
An overview of our proposed DK-SLAM is depicted in Fig-

ure 2. We employ an adaptive local feature extractor, based on
Superpoint, for extracting keypoints across multi-scale image
pyramids. To balance the number of keypoints on varying scale
images, we implement an averaging distribution strategy. For
enhanced generalization, the local feature extractor undergoes
MAML during training. Subsequently, we optimize memory
consumption by converting floating descriptors into binary
hash codes. Lastly, an online BoW module is introduced to
establish a loop closure mechanism, facilitating closed-loop
detection and global map optimization.
A. Adaptive Local Feature Learning

1) Feature Extractor Network: Inspired by Superpoint,
our deep local feature extractor also utilizes VGG16 [28]
as the backbone. Different from Superpoint, we introduce
BatchNorm layers after each Convolutional Neural Network
(CNN) to enhance training convergence. Post the backbone,
two heads emerge, each comprising multi-layer CNNs. The
first, the detector head, generates a probability mask matching
the input image size. We posit that positions with a probability
surpassing a set threshold on the mask denote keypoint posi-
tions. The second head, the descriptor head, predicts feature
descriptors for keypoints, normalized to a dimension of 256
using the L2 norm.

2) Self-supervised Adaptive Feature Learning: Our network
undergoes self-supervised training, employing a multi-step
process. Initially, we obtain the homography-warped image
from current training image. To train keypoint detector, we
leverage the pre-trained MagicPoint network [15] to acquire
keypoint pseudo labels for both the original and warped
images. In both images, keypoint predictions and pseudo labels
contribute to the formation of detector loss, denoted as Lp

and Lwp, with CrossEntropy serving as the metric. Moving
on to descriptor training, we utilize the sparse descriptor
loss Ld proposed in [29]. This involves obtaining both the
warped image and pixel-wise correspondences. Descriptor
loss functions are then constructed solely for pseudo-labeled
keypoints, employing triplet loss. The sparse descriptor loss is
composed of two components: homography-matched descrip-
tor loss (Ldm) and non-matched descriptor loss (Ldn). The
homography-matched descriptor loss, represented by Equation
1, involves a subscript i ranging between (0, 1, ..., N), where
(pi, p̂i) denotes the N matched keypoint position pairs.

Ldm(pi) = ∥dI(pi)− dwI(p̂i)∥2 (1)

As depicted in Equation 2, we use M pairs of descriptors
from the vicinity of matched descriptors to formulate a non-
matched descriptor loss. The subscript j ranges from 0 to M ,
where (pi,p

′
j) represents unmatched keypoint position pairs.

Ldn(pi) =
1

M

M∑
j=1

(
∥∥dI(pi)− dwI(p

′
j)
∥∥2) (2)
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Fig. 1: An overview of our proposed DK-SLAM framework with adaptive keypoints, two-stage tracking and loop closure.

The descriptor loss Ld, illustrated in Equation 3 with z
representing the boundary margin, is expressed as:

Ld =
1

N

N∑
i=1

max(0, z + Ldm − Ldn) (3)

This descriptor loss Ld aims to minimize the feature dis-
tance between matching descriptors while maximizing the fea-
ture distance between non-matching descriptors. The overall
training loss is the sum of the aforementioned detector loss
and descriptor loss. Here, λ acts as a parameter to balance
these different losses.

Lall = (Lp + Lwp) + λLd (4)

3) MAML for Feature Extractor Training: Learning-based
local feature extractors face poor generalization due to vari-
ances in visual features across scenes. Significant feature dis-
parity between training and unseen datasets can lead to catas-
trophic forgetting. To address this, we leverage insights from
Model-Agnostic Meta-Learning (MAML), adapting network
parameters through meta-training for improved generalization
and rapid adaptation to new data while preventing catastrophic
forgetting. The MAML-based meta-training consists of inner
loop training and outer loop training. The training set is
partitioned into a support set Ds and a query set Dq , where
Ds is involved in inner loop training, and Dq participates in
outer loop training.

In the MAML training strategy, the original network pa-
rameter θa is initially duplicated to θb. Subsequently, both
parameters undergo training in both the inner and outer loops.
Within the inner loop, the support dataset Ds is utilized for
iterative updates to θb. This involves dividing a batch of
support dataset into n distinct tasks τ , performing m parameter
updates on each task. Consequently, within one inner loop, the
parameters are updated n ∗m times, resulting in the updated
parameter θn∗mb . After completing one iteration of inner loop
training, a complete batch of query set data is used to train the
network. Although the gradient ▽θn∗m

b
is calculated for θn∗mb

in the query set data, it is not used to update θn∗mb ; instead,
the original θa is updated.

PnP optimize

Coarse-to-Fine Tracking

Coarse Relative Pose Estimation Refined Relative Pose Estimation

Fig. 2: A diagram of our proposed Coarse-to-Fine Tracking.

4) Keypoint Distribution Strategy: Furthermore, we in-
corporate a keypoint distribution strategy during the feature
extraction stage. We uniformly distribute the entire set of
keypoints across a multi-scale image pyramid. Within each
layer of the image pyramid, a predefined number of keypoints
is distributed evenly within the grid of different regions on the
image. This distribution strategy ensures a balanced dispersion
of keypoints across all scales and corners within an image,
preventing concentration in specific areas.

B. Coarse-to-Fine Keypoint Matching and Tracking

Keypoint matching accuracy is crucial for visual SLAM per-
formance. Traditional methods like ORB-SLAM use a motion
tracking module based on adjacent frames, assuming a uniform
motion model. However, this assumption often fails, leading
to difficulties in finding correct matching correspondences and
complicating the optimization process.

1) Semi-direct Coarse Keypoint Tracking: Taking inspira-
tion from the semi-direct method [3], we introduce a coarse
tracking method based on photometric constraints. We assume
that the light intensity and texture around matching keypoints
are similar in adjacent frames. Map points from the last frame
are projected onto the current frame using the relative pose.
If the relative pose is accurate, the photometric loss of the
projected keypoint’s patch will be minimal. As depicted in
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equations 5 and 6, the pixels of the keypoint’s patch, the map
points in the last frame coordinate pl

i, and the relative pose of
adjacent frames ξcoarse

lc collectively form the photometric loss
Lp. Given the known map points and patch pixel values of the
last frame, we adjust the relative pose ξcoarse

lc to minimize the
photometric loss Lp.

ξcoarse
lc = arg min

ξcoarse
lc

1

2

∑
i∈χ

∥∥Lp

(
ξcoarse
lc ,pl

i

)∥∥2 (5)

Lp

(
ξcoarse
lc ,pl

i

)
= Ic

(
π
(
ξcoarse
lc · pl

i

))
− Il

(
π
(
pl
i

))
(6)

Here, π denotes the projection of the 3D map point from
camera coordinates to pixel coordinates. χ represents the set
of keypoint indices. The photometric loss is constructed using
the patches around the projected points.

2) Coarse-to-Fine Keypoint Tracking: Having obtained the
coarse relative pose in the initial stage, we proceed to match
map points between adjacent frames and refine the pose of the
current frame ξcw through the 3D-2D projection relationship.
Subsequently, leveraging the coarse relative pose ξcoarse

lc , we
project the 3D map points from the last frame’s coordinate
system to the pixel coordinate system of the current frame.
Subsequently, we search for matching keypoints within a fixed
radius range centered on the projection location, utilizing the
Hamming distance of the descriptors as the search criterion.

Upon establishing the 3D-2D matching relationships, we
construct a pose graph. As expressed in Equation 7, we employ
the coarse relative pose in conjunction with the last frame’s
pose to derive the initial pose of the current frame.

ξ̂cw = ξcoarse
lc ξlw (7)

The current frame’s pose serves as the vertex in the graph,
with the number of vertices being subject to optimization. Map
points from the current frame and the reprojection loss of these
map points constitute the edges. We exclusively optimize the
pose within the tracking module. As detailed in Equation 8,
we iteratively refine the current frame pose ξ̂cw to minimize
the reprojection loss. The g2o [30] framework is employed
for optimizing the pose graph.

ξcw = argmin
ξ̂cw

1

2

∑
i∈χ

∥∥∥ui − π(ξ̂cw.p
w
i )

∥∥∥2 (8)

C. Deep Keypoints based Loop Closing

Our DK-SLAM’s loop closure module includes detection
and correction. To address poor generalization, we employ
online learning-based Bag of Words (BoW) for the loop
detector. Closed-loop nodes are identified, and the global map
is optimized using the loop relative pose.

1) Online learning based Binary Bow: Unlike handcrafted
descriptors, deep descriptors occupy a larger feature space.
Offline-trained BoW models may struggle to capture this
space, making it difficult to distinguish deep feature indices
in BoW leaf nodes. To tackle this, we introduce an online
learning-based BoW that uses features exclusively from testing
scene data. Constructing a tree-like structure with floating

Matched Descriptors

Constructing 
New Nodes

Unmatched Descriptors

keyframe t-1 keyframe t keyframe t+1

Fig. 3: Illustration of our proposed Online Learning based
Binary BoW. The BoW is constructed incrementally, with
matched descriptors in the keyframes database stored within
the same leaf node. In the presence of unmatched descriptors
in the current keyframe, a new leaf node is created.

descriptors is challenging, so, inspired by [31], we employ
binary hash transformation for processing deep features. As
depicted in Equation 9, for descriptor vector values di less
than 0, the processed d̂i is set to 0. For descriptor values
greater than 0, the processed d̂i is set to 1, where i ranges
from 0 to 256.

d̂i =

{
1 if di ≥ 0

0 if di < 0
(9)

2) Loop Node Detection: As shown in the Figure 3, the
loop closure thread receives keyframes filtered from the local
mapping thread, storing them in the inverted database to
construct a Bag-of-Words (BoW). The iBoW-LCD utilizes the
feature descriptors of the current frame Kc to match descrip-
tors stored in the database. In iBoW-LCD, each keyframe is
converted into a unique BoW vector for representation. We
compute the similarity score between the current keyframe
Kc and the BoW vectors of inverted keyframes to identify the
most similar candidate keyframe Kh. However, the candidate
keyframe Kh only considers differences in the numerical
values of descriptors and neglects differences in descriptor
positions, which may lead to mismatches.

Initially, we employ the Grid-Based Motion Statistics
(GMS) [32] based brute force matching method to match
keypoints between candidate closed-loop nodes. If the number
of matches is below 20, the candidate loop keyframe is
classified as a mismatch. GMS operates on the principle that
the number of keypoints near correctly matched feature points
should surpass the number near incorrectly matched keypoints.
Following a procedure similar to ORB-SLAM2, we compute
the similarity transformation matrix Tsim between candidate
closed-loop nodes through matched keypoints. Subsequently,
Tsim is applied to match map points between the current
keyframe Kc and the candidate keyframe Kh. Further op-
timization of the similarity transformation matrix Tsim is
conducted using the matched map points. If the number of
inliers in the optimization function exceeds 20, the candidate
keyframe Kh is deemed a matched keyframe Km.
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Fig. 4: The generated trajectories of our proposed DK-SLAM on the Sequence 00, 02, 05, 07, 09 and 10 of the KITTI dataset,
comparing with LDSO and ORB-SLAM3.

3) Global Map Correction by Loop Closure: Optimizing
the similarity transformation matrix Tsim refines the pose of
the current keyframe and its co-view related keyframes. Con-
currently, we update the positions of co-observed map points
across these keyframes. Next, we align the map points of
the matched keyframe Km and its connected keyframes with
those of the current keyframe Kc and its connected keyframes.
Updating the visibility graph between keyframes based on
matched map points follows. Utilizing Kc, Km, global map
points, and the visibility graph, we construct and optimize the
essential graph. Finally, a global bundle adjustment refines all
keyframes and map point positions within the global map.

IV. EXPERIMENTS

A. Training Details and Datasets

1) Training Details: In MAML-based training, we set the
batch size to 8, with 4 batches dedicated to support sets and
4 batches to query sets. Each minibatch is treated as a task,
and 4 tasks are trained in the inner loop. The trained model
calculates gradients on the query set, updating raw model
parameters. The training spans 200k iterations, using the MS-
COCO dataset [33].

2) KITTI Odometry Dataset: The KITTI odometry dataset
[34] serves as a benchmark for self-driving scenarios, offering
stereo RGB and grayscale images, along with Lidar and pose

ground truth data. Grayscale images from sequences 00, 02,
05, 07, 09, and 10 are utilized for pose evaluation.

3) EuRoc MAV Dataset: The EuRoc dataset [35] represents
an indoor MAV flight dataset, encompassing stereo grayscale
images, IMU data, and Leica Vicon’s pose ground truth.
Grayscale images are collected at a frequency of 20Hz. Due to
space limitations, we focus on sequences MH01-05 and V101
for SLAM performance evaluation.

B. Pose Evaluation on the KITTI Dataset

To assess our SLAM’s effectiveness, we experimented with
the KITTI dataset using the official evaluation, computing
root-mean-square error (RMSE) for translation and rotation
vectors. The evaluation spanned sequences from 100m to
800m, providing an overall pose accuracy metric.

We thoroughly evaluated our SLAM’s tracking and loop
closure in complex environments, focusing on KITTI’s 00,
02, 05, 07, 09, and 10 sequences. Pose estimation comparisons
were made with LDSO [2], ORB-SLAM3 [12], VISO-M [36],
and LIFT-SLAM [8]. VISO-M exhibited the lowest accuracy,
facing failure scenarios, particularly in low-light conditions
where corner detection proved unstable. LDSO, featuring a
loop closure module, addressed accumulated errors in chal-
lenging scenes. ORB-SLAM3, an advanced keypoint-based
SLAM with FAST corner detection and BRIFE descriptors,
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TABLE I: The pose evaluation on the KITTI odometry dataset.

Method Sensor Metric 00 02 05 07 09 10 Avg

VISO-M Mono
trel 36.95 21.98 17.20 20.00 29.01 28.52 25.61

rrel 2.42 1.22 3.52 5.30 1.32 3.23 2.84

LDSO Mono
trel 2.84 4.91 2.07 12.76 23.14 9.20 9.15

rrel 0.36 0.74 0.24 5.13 0.21 0.21 1.15

ORB-SLAM3 Mono
trel 2.80 6.04 3.41 2.14 3.13 10.78 4.72

rrel 0.3 0.38 0.39 0.42 0.54 0.36 0.40

LIFT-SLAM Mono
trel 3.18 8.73 6.09 2.42 19.91 9.72 8.34

rrel 2.99 2.49 3.11 4.02 2.14 2.24 2.83

Ours Mono
trel 2.57 4.38 1.98 1.11 2.97 7.03 3.34

rrel 0.31 0.27 0.26 0.28 0.29 0.23 0.27

demonstrated exceptional performance across most scenes. Ta-
ble I highlights ORB-SLAM3’s excellent performance in most
sequences. However, a notable performance drop is observed
in sequence 10, attributed to a lack of reliable corner points
leading to unstable tracking and impacting overall pose estima-
tion accuracy. Contrastingly, LIFT-SLAM, relying on learning-
based local features, exhibits subpar performance across most
sequences. This underscores that learning-based features may
not universally surpass traditional features. ORB’s considera-
tion of scale, direction, and a traditional SLAM technique for
even keypoint distribution contribute to its competitive edge.

TABLE II: Comparison of absolute translation errors (in
meters) between the proposed DK-SLAM and other baselines
on the EuRoC dataset. Scaling with the ground truth is
necessary for evaluation due to the absence of absolute scale
in monocular visual SLAM methods, as noted in the table. ”-”
indicates performance failure.

Method MH01 MH02 MH03 MH04 MH05 Avg

DSO 0.046 0.046 0.172 3.810 0.110 0.8368

SVO 0.100 0.120 0.410 0.430 0.300 0.2720

DSM 0.039 0.036 0.055 0.057 0.067 0.0508

ORB-SLAM3 0.016 0.027 0.028 0.138 0.072 0.0562

LIFT-SLAM 0.044 0.053 0.049 - - -

Ours 0.013 0.013 0.027 0.077 0.055 0.0370

Learning-based local features perform well in matching
benchmarks, but face challenges in SLAM due to correlated
keypoints in dynamic scenes. Ignoring these correlations limits
the exploitation of learning-based features’ advantages. Ad-
ditionally, the feature space of learning-based features differs
from handcrafted ones. Offline Bag-of-Words (BoWs) classify
input features quickly, but traditional descriptors like BRIEF
have a limited description space. Learning-based feature train-
ing is a ”black box,” complicating understanding, and testing
performance depends on the training set’s distribution, hinder-
ing the acquisition of a generalized BoW.

Our proposed SLAM excels in most KITTI sequences,
employing a coarse-to-fine matching strategy using keypoint-
surrounding patches. Pose estimation optimization leverages

Ours1

Ours3

Fig. 5: The samples of keypoints detection and matching.
Up: matching without two-stage strategy (Ours1). Bottom:
matching with two-stage strategy (Ours3).

the 3D-2D matching relationship. Online training constructs a
learning-based feature BoW using prior experienced data, lim-
iting the BoW’s feature description space. Results confirm the
online BoW’s effectiveness in loop scene detection, with the
loop closure module accurately rectifying cumulative errors.

C. Pose Evaluation on the EuRoC Dataset

We validate our proposed DK-SLAM on the EuRoC dataset,
addressing scale ambiguity with umeyama alignment [37]
for monocular vision methods. Comparisons include ORB-
SLAM3, DSO, DSM [38], SVO, and LIFE-SLAM [8]. Results,
derived from [6] for ORB-SLAM3, DSO, DSM, and SVO, and
[8] for LIFE-SLAM, utilize absolute translation error as the
experiment metric . The proposed SLAM exhibits exceptional
positioning performance, leveraging a two-stage tracking strat-
egy for precise feature point location and reduced incorrect
matching. Learnt features demonstrate robust detection in
low-light environments, fostering stable feature tracking. The
online learning-based deep BoW excels in loop detection,
evident in MH02 where the proposed SLAM outperforms
ORB-SLAM3. This advantage is attributed to learned features
constructing BoW, providing detailed scene distinction, and
online training for swift adaptation to varying environments.

D. Ablation Study

Table III summarizes the results of our ablation study,
assessing the impact of our MAML-based deep feature training
and coarse-to-fine feature tracking. In ”Ours1,” lacking a
coarse-to-fine tracking strategy, reliance on a constant velocity
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TABLE III: The ablation study into our DK-SLAM modules.

Method MAML Two-Stage Metric 00 02 05 07 09 10 Avg

Ours1 ✓
trel 2.88 - 2.80 1.76 2.70 - -

rrel 0.41 - 0.35 0.64 0.24 - -

Ours2 ✓
trel 2.92 4.42 2.48 2.11 4.03 8.48 4.07

rrel 0.38 0.34 0.34 0.46 0.20 0.23 0.325

Ours3 ✓ ✓
trel 2.57 4.38 1.98 1.11 2.97 7.03 3.34

rrel 0.31 0.27 0.26 0.28 0.29 0.23 0.27

motion model for keypoint matching leads to errors, result-
ing in inaccurate correspondence and tracking failure. Both
”Ours1” and ”Ours3” use a keypoint search radius of 7.

Figure 5 shows a failure case for ”Ours1” in accurate feature
matching due to uniform motion model challenges. In contrast,
”Ours3” uses a two-stage strategy for stable tracking, com-
bining a semi-direct method for coarse pose estimation and
refined feature matching. ”Ours2” with the original Superpoint
strategy performs slightly worse than ”Ours3” trained with
MAML. In ”Ours3,” MAML is applied to train the local
feature extractor by iteratively enhancing generalization on
support and query sets, resulting in a robust and adaptable de-
tector. The enhanced SLAM performance attributed to MAML
is primarily observed in feature matching, as depicted in Figure
6. Using Superpoints for matching increases the number of
matches, addressing ORB-SLAM3’s limitations in texture-less
areas. ORB-SLAM3’s descriptors, describing lighting changes
around corners, are susceptible to environmental variations. In
contrast, learning-based local feature methods like Superpoint
capture robust deep features unaffected by lighting changes,
ensuring stable tracking across consecutive frames.

Table IV presents the average number of matching points
for ORB-SLAM3, Ours2, and Ours3 on Sequence 00, 05, 09,
and 10 of the KITTI dataset. Setting the total number of key-
points to 3000 and pyramid level to 3, MAML-based training
significantly improves the feature detection performance of
superpoints, allowing them to acquire more robust features
and enhancing SLAM accuracy.

TABLE IV: The average number of matching points for ORB-
SLAM3, and DK-SLAM without (Ours2) or with MAML
feature training (Ours3).

Seq ORB-SLAM3 Ours2 Ours3

K00 228.3 352.6 376.7

K05 219.5 371.2 383.1

K09 150.4 258.0 265.3

K10 171.4 306.0 323.1

We perform ablation studies on the proposed loop closure
method to assess its performance. Precision-Recall metrics on
KITTI 00, 05, and 06 sequences are illustrated in Figure 7,
with additional evaluation at 100% precision. The quantita-
tive results, presented in Table V, reveal our deep BoW’s
superior recall rate compared to traditional BoWs. Notably,
in the KITTI 06 sequence, our BoW achieves a remarkable

ORB3

Ours2

Ours3

Fig. 6: The samples of keypoints detection and matching. From
top to bottom: ORB-SLAM3 matching (ORB3), DK-SLAM
without (Ours2) or with MAML feature training (Ours3).
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Fig. 7: Precision-Recall curves depicting the performance of
the Bag-of-Words (BoW) approach in the proposed DK-SLAM
on Sequences 00, 05, and 06 of the KITTI dataset.

TABLE V: Performance comparison of loop-closing with the
maximum recalls across various methods, all achieving 100%
precision. The numerical data presented in this table is sourced
from [26], [39], and [40].

Seq FAB-MAP2 Emilio Milford seqSLAM iBoW Ours

K00 0.49 0.90 0.67 0.67 0.77 0.98

K05 0.32 0.76 0.41 0.36 0.26 0.87

K06 0.55 0.95 0.65 0.65 0.96 1

100% recall rate. In contrast, the recall rate of the iBoW,
belonging to the traditional BoW category, is significantly
lower, suggesting that handcrafted descriptors might struggle
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to accurately identify loop nodes in a sequence. The learned
local descriptor captures high-level information, enhancing
robustness across diverse environments. This feature stabil-
ity, unaffected by lighting changes, results in superior loop
detection performance.

V. CONCLUSION

This work presents DK-SLAM, a monocular visual SLAM
with adaptive learning features, featuring a learned local
feature detector, a coarse-to-fine matching strategy, and an
online binary learned feature BoW. To enhance generalization,
we employ MAML for adaptive training, yielding an extractor
with robust capabilities. Coarse relative poses between frames
are estimated via a semi-direct method for accurate feature
point matching. An online binary learned feature BoW cor-
rects SLAM accumulation errors. Our proposed DK-SLAM
outperforms representative baselines, e.g. ORB-SLAM3, on
the KITTI and EuRoC datasets. However, the GPU-based
online front-end faces efficiency challenges during information
transmission to the CPU-based back-end. Future work will
explore knowledge distillation for parameter compression and
SLAM framework modifications to enhance efficiency.
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