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Abstract— Visual SLAM is an essential tool in diverse
applications such as robot perception and extended reality,
where feature-based methods are prevalent due to their accu-
racy and robustness. However, existing methods employ either
hand-crafted or solely learnable point features and are thus
limited by the feature attributes. In this paper, we propose
incorporating hybrid point features efficiently into a single
system. By integrating hand-crafted and learnable features, we
seek to capitalize on their complementary attributes in both
key-point identification and descriptor expressiveness. To this
purpose, we design a pre-processing module, which includes
extraction, inter-class processing, and post-processing of hybrid
point features. We present an efficient matching approach to
exclusively perform the data association within the same class
of features. Moreover, we design a Hybrid Bag-of-Words (H-
BoW) model to deal with hybrid point features in matching and
loop-closure-detection. By integrating the proposed framework
into a modern feature-based system, we introduce HPF-SLAM.
We evaluate the system on EuRoC-MAV and TUM-RGBD
benchmarks. The experimental results show that our method
consistently surpasses the baseline at comparable speed.

I. INTRODUCTION

Visual Simultaneous Localization and Mapping (Visual
SLAM) aims to estimate the pose of a mobile agent and si-
multaneously reconstruct the surrounding environment based
on image information. It is a fundamental task in diverse
robotic applications, such as autonomous driving, extended
reality, and digital twins. Current research in visual SLAM
can be divided into two main categories: i) direct methods
[1], [2], and ii) feature-based methods [3], [18]. The lat-
ter has gained extensive attention due to its well-balanced
accuracy and efficiency. Traditional feature-based methods
mainly adopt hand-crafted features like SIFT [4] and ORB
[5]. These features can be computed efficiently on modern
CPUs and exhibit reliable attributes such as rotation- and
scale-invariance. However, these methods often struggle in
complex scenarios, e.g., varying illumination and viewpoints.
Recently, learnable visual features [6], [7], [8] have been
applied to robotics perception problems. These have demon-
strated competitive performance to hand-crafted features for
downstream tasks such as Structure from Motion (SfM) [9]
and Visual SLAM [10], [11]. However, learnable features
often lack scale information, which limits the performance.
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(a) Cross-Class Mismatching problem.

(b) Efficient processing of hybrid point features (ours).

Fig. 1. The core idea of this work. Firstly, we propose to leverage
both hand-crafted (green) and learnable features (blue) within a single
system. Secondly, we design an efficient scheme to perform feature matching
exclusively within the same feature class, thereby addressing the Cross-Class
Mismatching problem in a).

In addition, using learnable features with deep descriptors
often leads to large maps in terms of storage requirements,
which can be burdensome for map management, especially
in large-scale environments.

Instead of solely relying on either hand-crafted or learn-
able features, we propose integrating two classes of features
into one visual SLAM system. The purpose is to harness
the complementary advantages, which can be distilled into
two major aspects: i) complementary distribution of features,
and ii) complementary attributes of features. For instance,
the ORB features exhibit scale- and rotation-invariance com-
pared to most learnable features such as [6], [7], whereas
the latter exhibit better repetitiveness and more distinctive
descriptors. To leverage hybrid point features, we introduce
an efficient pre-processing module for the extraction, deep-
coupled merging, and post-processing of the hybrid point
features. This proposed module can be seamlessly integrated
into modern visual SLAM systems.

In feature-based visual SLAM systems like ORB-SLAM2,
matching feature points is an essential part of data association
and plays a fundamental role in the system’s overall perfor-
mance. To match hybrid feature points, a simple approach is
assigning an individual matcher for each class of the features,
e.g., use SuperGlue [13] to match SuperPoint [6]. However,
this approach is slow and leads to redundancy. To ensure
efficiency, we propose a single matching scheme to work
with the hybrid feature points. An critical issue here is the
incorrect matching between feature classes, which we refer
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to as Cross-Class Mismatching, depicted in Figure 1 a). Since
the data association between features relies on distance-based
similarity comparisons (e.g., Hamming distance), incorrect
matches can occur if the distance between features from
different classes is too low. Notice that their descriptors
are computed independently by the respective description
algorithms (e.g., Rotated BRIEF and deep descriptor).

Although the cross-class mismatches can be partly elim-
inated by outlier-rejection mechanisms such as RANSAC,
these rejection operations still reduce efficiency. Moreover,
the hybrid point features may merge into impure nodes
within the Bag-of-Words (BoW) model due to its distance-
based nature. The impurity of nodes seriously disrupts the
accuracy of the Indirect Index algorithm, which is an es-
sential part of re-localization and loop-closure-detection. An
approach to address this issue is to use only one descrip-
tion algorithm for hybrid features in the extraction stage.
However, this approach is quasi-hybrid, as it sacrifices the
complementary advantages of descriptors. To resolve the
cross-class mismatching issue while preserving all benefits
of hybrid points features, we present a novel and effi-
cient matching approach by utilizing class descriptors and
weighted Hamming distance. The novel matching approach
performs matching exclusively within the same feature class.
Moreover, we design a Hybrid BoW (H-BoW) model that
works properly with hybrid point features.

By integrating the proposed framework into the Collabora-
tive Visual SLAM system [15] (derived from ORB-SLAM2),
we build HPF-SLAM, a novel system that can efficiently
work with hybrid point features. Compared to ORB-SLAM2
or systems with pure learnable features, our hybrid system
demonstrates better robustness in tracking, given its two
classes of point features and respective feature pairs. HPF-
SLAM produces a denser map with a larger number of
robust landmarks (map-points) as it establishes more data
associations. By using our designed H-BoW model, the
system can effectively employ hybrid point features for
Direct- and Indirect-Index algorithms. Notice that the key
difference among the methods mentioned above [10], [11] is
the class of processed point features. From this perspective,
our method can be partly seen as an efficient deep coupling
of two systems. Additionally, through the multi-threading
architecture in the pre-processing module, our method also
ensures real-time performance at the camera frame-rate level.
The main contributions of this paper can be summarized as
follows:
• We design a real-time pre-processing module to extract

and integrate the hybrid point features, and post-process
their respective descriptors.

• We present a novel and efficient approach to address the
cross-class mismatching problem in data association and
introduce a H-BoW model for accelerating the search
process, e.g., in feature matching and re-localization.

• We further develop HPF-SLAM that works with hybrid
point features. We evaluate the system on EuRoc-MAV
and TUM-RGBD datasets. The experimental results
show the improved performance of HPF-SLAM over

baseline methods while yielding comparable speed.
The rest of the paper is organized as follows. We discuss

the related works in Section II and then illustrate the details
of our framework in Section III. We present the evaluation
in Section IV and conclude our work in Section V.

II. RELATED WORKS

A. Feature-Based Visual SLAM

Among feature-based methods, the family of ORB-SLAM
systems [18] stands out for its well-balanced accuracy and
efficiency. Given the input frame, ORB-SLAM2 begins
with the key-point detection and description within a pre-
processing module. Then, it divides the complete system
into three parallel threads: tracking, local mapping, and
loop closing. The multi-threading architecture is one of the
major novelties in ORB-SLAM2 and contributes significantly
to the overall efficiency. The data association in ORB-
SLAM2 is primarily based on the comparison of Hamming
distance between the feature descriptors. ORB-SLAM2 also
utilizes a BoW model to accelerate the search process in
loop-closure-detection, enabling ORB-SLAM2 to efficiently
mitigate accumulative errors. The proposed HPF-SLAM is
mainly based on ORB-SLAM2.

For the sake of efficiency, Fu et al. [20] proposed omitting
the descriptors computation in feature extraction. In their
work, the feature matching between successive frames is
conducted by a two-stage method: i) estimating key-point
correspondences via a motion model and pyramid-based
sparse optical flow, and ii) refining correspondences by
leveraging the constraints of motion smoothness and epipolar
geometry. Moreover, Ferrera et al. [3] pushed the principle
of multi-threading into a four-thread architecture (tracking,
mapping, state optimization, and loop closing). [3] ensures
the forced real-time condition, in other words, no frame
loss due to peak processing time. [3] can even be boosted
to a frame rate of several hundred Hz while maintaining
satisfactory accuracy. In our work, we also implement a
multi-threading mechanism in the framework to fulfill the
real-time requirement.

B. Deep Learning for Visual SLAM

Learnable methods are intensively researched in the field
of visual SLAM. Teed et al. introduced an end-to-end
learnable solution, DROID-SLAM [19], which demonstrated
significant improvements in accuracy and robustness and
showcased the promising prospects of deep learning for
future research. Qiu et al. proposed utilizing information
of moving objects for dynamic SLAM and introduced Air-
DOS [21]. Specifically, they adopted semantic segmentation
and human pose detection to model the dynamic elements.
They then tracked the dynamic elements by rigid motion
constraints and used the dynamic information to rectify the
pose estimation.

Learnable feature processing, including extraction and
matching, is intensively researched in computer vision.
DeTone et al. proposed SuperPoint [6], an efficient self-
supervised extractor for joint detection and description of
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Fig. 2. System overview: given an input frame, we first adopt a multi-threaded pre-processing module to obtain hybrid point features. The subsequent
processing follows a structure akin to ORB-SLAM2. To simplify, we list only the key modules and the modules using our proposed matching scheme. We
also design an H-BoW model (right) to accelerate the search process (for both Direct- and Indirect-Index algorithms).

key-points. Jérôme et al. presented R2D2 [7] to further learn
the repeatability of key-points and the reliability of descrip-
tors. Moreover, Wang et al. introduced FeatureBooster [12],
a lightweight neural network to post-process the descriptors
to enhance their distinctiveness. It is important to note that
our framework is versatile and can be paired with multiple
learnable extractors as long as the extractor itself runs in
real-time or can be boosted to do so. For feature matching,
Sarlin et al. introduced SuperGlue [13], a Graph Neural
Network (GNN) architecture with attention mechanism to
match SuperPoint features. However, SuperGlue requires
intensive computation and is not running in real-time.

For visual SLAM, multiple works proposed modifications
to the pre-processing module with learnable feature extrac-
tors. Tang et al. introduced GCNv2 [11], a Convolutional
Neural Network (CNN)-based extractor with binary descrip-
tors, which can be easily integrated into ORB-SLAM2. Li
et al. presented DX-SLAM [10], where they utilized the
HF-Net [9] for feature extraction. DX-SLAM also uses the
global descriptors obtained from HF-Net for loop-closure-
detection and re-localization. However, it is important to note
that these methods adopted solely learnable features. These
detected features in [11], [10] are processed by the original
matching scheme in ORB-SLAM2, which is incapable of
simultaneously processing hybrid point features.

C. Hybrid Features for Visual SLAM

Existing methods with hybrid features mainly combine
point features with line features [22], or with plane features
[23], [24]. For instance, Xu et al. [22] introduced a hybrid vi-
sual odometry (VO) approach that combines learnable point
features with LSD line features. The matched point-pairs
are associated with line features to enhance line matching.
Zi et al. [23] combined point features with plane features,
where the point features are associated with corresponding
planes for refinement. The points and planes are jointly
used for pose estimation. Yang et al. [24] further integrated
points, lines, and planes in a RGBD-SLAM system. While
combining points with lines or planes brings complementary
benefits, it often requires additional matching steps and op-
timization methods due to the inherent differences in feature
types. In contrast, this paper proposes to combine points with
points, thus enabling efficient matching and optimization.

III. PROPOSED METHOD

In this section, we elaborate on the proposed framework
for efficiently processing hybrid point features. Figure 2 gives
an overview of the proposed HPF-SLAM. Given the input
frames, we use the pre-processing module to detect, integrate,
and post-process the hybrid point features. The extracted
hybrid point features are fed into an ORB-SLAM2-derived
system, where we utilize our proposed matching scheme for
data association.

A. Pre-Processing Module

As shown in Figure 2, the pre-processing module consists
of four steps:

1) Parallel Feature Extraction.: Taking the gray-scale
image as input, we design a two-threading structure to extract
hybrid point features efficiently. In the first thread, the ORB
feature extraction is performed on a CPU, while in the second
thread, we utilize a neural network to jointly detect and
describe the learnable features on a GPU. To enhance the
feature distribution, we perform Non-Maximum-Suppression
(NMS) within each thread. By multi-threading and distribut-
ing the operations on CPU and GPU, the extraction step
maintains a similar speed as the ORB extractor.

2) Inter-Class Processing.: Despite the NMS in Step 1),
the features from different classes can be located too closely,
which leads to redundancy. To further improve the feature
distribution, we introduce an efficient method to deal with
too closely located features, as depicted in Algorithm 1. The
core concept is to either perform NMS across the feature
classes or merge them into a new ORB-like feature. The
criteria here are the distance threshold θd and the confidence
score θs of the learnable features.

3) Descriptor Refinement.: A preliminary pre-condition
of dealing with hybrid point features with a single matcher
is that the hybrid feature descriptors should have the same
shape and format (i.e., binary or float). This requirement
is initially not satisfied, as ORB descriptors are binary,
while learnable features consist of float values. To address
this problem, we propose harmonizing the descriptors for-
mat with an efficient post-processing step. We adopt the
lightweight FeatureBooster [12] to binarize the deep de-
scriptors (run-time less than 2 ms). By leveraging contextual
information of the key-points and an attention mechanism,
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Algorithm 1: Inter-Class Processing
Input: ORB Key-points and Descriptors: Korb, Dorb

Learnable ones with scores: Klr, Dlr, Slr
Threshold for score and distance: θs, θd

Output: Processed ORB and Learnable Features;
Merged features: Kmerged, Dmerged

1 for korb, dorb ∈Korb,Dorb do
2 for klr, dlr, slr ∈Klr,Dlr,Slr do
3 dist =

∥∥klr,posi− korb,posi
∥∥

4 if dist < θd then
5 if slr > θs then
6 delete korb,dorb from Korb, Korb
7 break;
8 else if slr < 0.2∗θs then
9 delete klr,dlr,slr from Klr, Dlr, Slr

10 break;
11 else if dist < 0.2∗θd then
12 knew,posi = klr,posi ∗ slr + korb,posi∗(1-slr)
13 knew,scale = korb,scale
14 delete klr,dlr,slr,korb,dorb,
15 insert knew to Kmerged,
16 break;
17 end
18 end
19 end
20 end

21 ComputeORBOrientation(Kmerged)
22 ComputeORBDescriptor(Kmerged)

FeatureBooster also enhances the distinctiveness of the deep
descriptors.

4) Class Description.: To efficiently address the cross-
class mismatching problem for hybrid point features, we also
describe the class of the feature points. Given the hybrid
key-points ki with the corresponding descriptors di ∈ RD,
i = {1, . . . , N}, where N is the feature size, we change the
first dimension of di (d1

i ) with a binary class-descriptor (1):

di,new =

{
di with d1

i = 0, for ki ∈ ORB;
di with d1

i = 1, for ki ∈ Deep.
(1)

Modifying the first dimension of di (despite the negligible
loss in information) aims to maintain the efficiency in
subsequent modules. Notice that the descriptor comparison
is performed for all kinds of point matching (both key-points
and map-points).

We acquire hybrid point features from a single frame by
utilizing the pre-processing module. The hybrid point fea-
tures have two classes of descriptors with class-description. It
is worth highlighting that the pre-processing module exhibits
versatility, as it can be integrated with diverse real-time
learnable feature extractors. Thanks to the binarization of
deep descriptors, we can further reduce the storage size of
the reconstructed map, which is critical for map management.

H-BoW:BoW : ORB Features
Deep Features

Fig. 3. Instead of mixing visual words with normal BoW models (left),
H-BoW (right) comprises two groups of pure nodes in the tree hierarchy,
which ensure the accuracy of searching with Indirect-Index algorithms.

B. Data Association with Hybrid Point Features

In this part, we elaborate on the details for matching
among hybrid points. Instead of utilizing two independent
matchers that are redundant and slow, or adopting one type
of descriptors (quasi-hybrid), we introduce a single matcher
for two kinds of descriptors. We achieve this by utilizing the
class information and weighted Hamming distance.

In systems like ORB-SLAM2, the establishment of feature
pairs is principally based on the comparison of descriptor
similarity. In this work, we use weighted Hamming distance
as the similarity metric to match hybrid binary descriptors.
Specifically, the distance C between two descriptors d1, d2 ∈
RD is computed with a weight w∈RD, as formulated in (2):

C(d1, d2) =
D

∑
i=1

wi ∗ (di
1⊕di

2), (2)

where D is the dimensionality of the descriptor, w1 = D and
wi = 1, for i = {2, . . . ,D}. As mentioned above, d1

1 and d1
2

represent the feature classes. Thus, the distance metric (2)
meets the condition (3):{

C(d1, d2)≥ D, if d1, d2 in different class;
C(d1, d2)≤ D−1, if d1, d2 in same class.

(3)

The distance between cross-class features is consistently
larger than the maximal distance of same-class features
and thus can be easily filtered out. It is worth highlighting
that distance comparison is the cornerstone for all kinds of
data association with points (2D-2D, 2D-3D, 3D-3D). The
utilization of Equation 2 is an efficient and effective solution
for the cross-class mismatching problem, as no additional
outlier-rejection mechanisms are required.

C. Hybrid Bag-of-Words

Bag-of-Words (BoW) are frequently adopted in visual
SLAM to accelerate the search process. To ensure the
performance, the nodes of BoW should be appropriately
assigned. However, traditional Bag-of-Words (BoW) models
encounter the cross-class mismatching problem when dealing
with hybrid point features, as their nodes become a mixture
of hybrid features during the training process. These impure
nodes can disrupt the Direct- and Indirect-Index algorithms,
further undermining the performance in feature matching, re-
localization, and loop-closure-detection. To solve this prob-
lem, we introduce the H-BoW model, depicted in Figure 3.
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We utilize the distance metric from Equation 2 in the K-
Means algorithm while constructing the tree model. This
ensures that the cluster centers at each level of the resulting
hierarchy are exclusively grouped and updated by visual
words from the same class. These nodes inherently carry
class information, meeting Condition (3). As a result, the
H-BoW covers the hybrid point features with two sets of
pure nodes at each level, as in Figure 3. In comparison to
traditional BoW models, the nodes in H-BoW ensure purity
and maintain distance between different feature classes. The
purity of H-BoW nodes plays a critical role in performance.
For instance, the efficiency of feature matching (Direct-
Index) and the accuracy of re-localization and loop-closure-
detection (Indirect-Index).

IV. EXPERIMENTAL EVALUATION

A. Experiment Setup

Datasets We evaluate the proposed HPF-SLAM on two
public datasets with different camera types: EuRoc-MAV
[25] and TUM-RGBD [26]. The EuRoc-MAV dataset is
recorded in a large ETH machine hall and two small rooms. It
is collected by a Micro Aerial Vehicle (MAV) equipped with
stereo cameras. EuRoc-MAV dataset contains 11 sequences
of different difficulty levels, annotated with accurate trajec-
tory ground truth. The TUM-RGBD is collected in multiple
scenarios with an RGBD camera. In the experiment, we com-
pare seven representative sequences from three scenarios.

Implementation Details We adopt the officially pretrained
SuperPoint midel [6] as the learnable feature extractor. Note
that we do not perform any fine-tuning for the sake of out-of-
domain ability. We conduct the quantitative experiments on a
setup with an Intel Core i9-13900K CPU, 64 GB RAM, and
a commercial-level NVIDIA RTX 4070 GPU. The proposed
framework is implemented in C++, on Ubuntu 20.04 LTS,
with supporting dependencies such as OpenCV, Eigen, g2o,
ROS, and LibTorch.

B. Trajectory Evaluation

Like other methods, we measure tracking accuracy using
the Root Mean Square of Absolute Trajectory Error (RMS-
ATE). For each sequence in the two datasets, we conduct five
executions and report the median result. In the ORB SLAM2
baseline experiment, we employ the system from [15] with
1200 ORB features. Additionally, the proposed framework
also offers a working mode utilizing solely learnable fea-
tures. For comparison and ablation study, we also run the
framework with pure SuperPoint, denoted as HPF-SLAM
(SuperPoint), with a setup of 1000 features.

Results on EuRoc-MAV We compare the proposed frame-
work with other state-of-the-art methods, including VINS-
Mono [27], OV2-SLAM [3] (real-time condition), and learn-
able methods such as DF-SLAM [28], Attention-SLAM
[29] and LIFT [30]. The results are presented in Table I,
where “-" indicates unavailable value in literature and “X"
indicates tracking failures. We omit the experiments with
sequence V203, as most of the methods fail in this case. We
highlight the best performance among sequences in bold. The
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200

400

600

800

1000

1200

Average Number: Detected Features
ORB-SLAM2
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HPF-SLAM (ORB+SuperPoint)
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Fig. 4. Comparison on the number of detected features (above) and inliner
matches (below) with EuRoc-MAV. Using hybrid point features and the
proposed matching scheme, we achieve significantly more correct matches.

results show that HPF-SLAM (ORB+SuperPoint) achieves
the best accuracy in 6 out of the 10 sequences, indicating its
competitiveness. Compared to HPF-SLAM (SuperPoint) and
the baseline ORB-SLAM2, HPF-SLAM (ORB+SuperPoint)
brings improvements in 7 sequences, reflecting the comple-
mentary advantages. When using HPF-SLAM (SuperPoint),
the tracking exhibits improvements in 6 sequences, while
it fails in difficult sequence v103, which can be explained
by the performance limitation of SuperPoint (insufficient
features, as shown in Figure 4).

Results on TUM-RGBD We present the results on the
TUM+RGBD dataset in Table II. Compared to baseline
(ORB-SLAM2), HPF-SLAM (ORB+SuperPoint) improves
6 out of 7 sequences, consistently demonstrating the com-
plementary advantages. The method also shows competitive
results with the best accuracy in 4 sequences. Tracking
with pure SuperPoint encountered failures in 2 sequences
(fr1_desk and fr_desk2), which involve sudden and rapid
motion. Despite this, the complementary advantages are still
observable in sequences fr_desk and V103.

C. Extraction and Matching Performance

The count of correct matches established from feature
points is critical to system accuracy and robustness. In Figure
4, we compare the average number of detected features and
inliner matches with the EuRoc-MAV dataset. In the case
of ORB-SLAM2 with 1200 features, the system detects a
sufficient number of ORB features, but only a smaller portion
can be accurately associated. When using solely SuperPoint,
the number of detected features is limited, particularly in
challenging sequences (MH04, V103, V202). We explain
this pattern by the sensitivity of SuperPoint to motion blur.
Interestingly, despite fewer features, we still acquire more
matches than the ORB case, likely due to the repetitiveness of
SuperPoint. In the case of using 600 ORB + 600 SuperPoint,
we establish significantly more feature pairs.
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TABLE I
TRACKING ERROR RMS-ATE (M) ON EUROC-MAV DATASET, WITH LOOP-CLOSURE.

Sequences MH01 MH02 MH03 MH04 MH05 V101 V102 V103 V201 V202

VINS-Mono [27] 0.120 0.120 0.130 0.180 0.210 0.068 0.084 0.190 0.081 0.160
DF-SLAM [28] 0.037 0.043 0.046 0.063 0.042 0.086 0.064 0.065 0.058 0.058
Attention-SLAM [29] 0.045 0.034 0.037 0.057 0.047 0.095 0.063 0.102 0.058 0.057
LIFT [30] 0.044 0.053 0.049 - - 0.157 - - - -
OV2-SLAM [3] 0.040 0.040 0.040 0.060 0.070 0.090 0.070 0.090 0.070 0.060

Baseline (ORB-SLAM2) 0.030 0.038 0.049 0.178 0.094 0.039 0.038 0.064 0.064 0.090
HPF-SLAM (SuperPoint) 0.028 0.023 0.039 0.212 0.094 0.035 0.032 X 0.057 0.099
HPF-SLAM (ORB+SuperPoint) 0.025 0.023 0.030 0.167 0.116 0.035 0.030 0.053 0.060 0.090

TABLE II
TRACKING ERROR RMS-ATE (M) ON TUM-RGBD DATASET, WITH LOOP-CLOSURE.

Sequences fr1_xyz fr1_desk fr1_desk2 fr2_xyz fr2_desk fr3_office fr3_nst

RGBD-SLAM2 [31] 0.014 0.026 0.025 0.026 0.057 - -
ElasticFusion [32] 0.016 0.020 0.048 0.011 0.071 0.017 0.018
Kintinuous [33] 0.018 0.037 0.071 0.029 0.034 0.030 0.031
SM-SLAM[34] 0.010 - - 0.002 0.015 0.026 0.068
Fu et al. [35] 0.011 0.020 0.009 0.007 0.009 0.018 0.021

Baseline (ORB-SLAM2) 0.010 0.022 0.029 0.005 0.017 0.036 0.035
HPF-SLAM (SuperPoint) 0.009 X X 0.005 0.016 0.023 0.017
HPF-SLAM (ORB+SuperPoint) 0.009 0.019 0.035 0.004 0.011 0.013 0.030

(a) ORB-SLAM2 (b) HP-SLAM(ORB+SuperPoint)

Fig. 5. Visualization of map generated from sequence V102, EuRoc-MAV:
ORB-SLAM2 (left), HPF-SLAM (ORB+SuperPoint) in right.

D. Comparison on Maps

In Figure 5 we visualize the maps reconstructed from se-
quence V102 of the EuRoc-MAV dataset. Compared to ORB-
SLAM2 (left), HPF-SLAM (ORB+SuperPoint) reconstructs
a much denser map with significantly more landmarks. With
more environmental information, the denser map can further
benefit the map reuse. Due to more keyframes and map-
points, the map size in storage is larger than in ORB-SLAM2.
Despite this, it’s much smaller than in other learnable sys-
tems with deep (float) descriptors [10], as the 2D and 3D
features in the map are with binarized descriptors.

E. Run-Time Evaluation

In Table III, we present the run-time evaluation of HPF-
SLAM (ORB+SuperPoint). The experimental results show
that the tracking operations in HPF-SLAM maintain real-
time performance on both datasets. Since the EuRoc-MAV
dataset is equipped with a stereo camera, the pre-processing
time is longer for additional processes such as stereo-

TABLE III
FRAME LEVEL RUN-TIME EVALUATION.

Dataset EuRoc-MAV TUM-RGBD

Camera Type Stereo Camera RGBD Camera
Image Resolution 752×480 640×480

Frame Rate 20 30

Run-Time (ms) mean std mean std

Pre-Processing 27.27 1.39 9.71 1.83
Pose Prediction 1.75 0.71 3.05 0.85
Track LocalMap 3.49 1.46 5.16 0.91

Total Processing Time 34.09 3.29 19.47 2.61

matching. Despite this, the proposed framework still works
in real-time at the camera frame level.

V. CONCLUSIONS

In this work, we presented HPF-SLAM, an efficient
system leveraging both hand-crafted and learnable features
for visual SLAM. We designed a real-time pre-processing
module to acquire the hybrid point features. We further
introduced an efficient matching scheme to process these
hybrid point features and address the cross-class mismatch-
ing problem. Through extensive evaluation, we presented the
complementary advantages, competitiveness, and efficiency
of HPF-SLAM. In future work, we aim to improve the
versatility of the system by integrating new features. We pro-
pose improving the fusion scheme of hybrid point features.
We also plan to explore Semantic SLAM by incorporating
respective information of learnable features.
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