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A Novel Adaptive Keyframe Selection Method

with Multi-source Joint Constraints for Visual

SLAM

Abstract

The effectiveness of keyframe selection is crucial for visual Simultaneous Local-
ization and Mapping (SLAM) algorithms. Stability and adaptability of the
selection are challenging issues in complex environments. This paper introduces a
novel Adaptive Keyframe Selection method with Multi-Source Joint Constraints
(MSJCA-KS), which addresses the challenges by exploiting camera geometry,
real-time inertial measurement unit (IMU) data analysis, and effective point dis-
tribution constraints. Particularly, we used adaptive threshold conditions based
on camera geometry for the keyframe selection under varying scenes. A real-time
state detection mechanism is used to refine these thresholds by using IMU data
during rapid motion. Furthermore, a constraint mechanism is used to ensure a
balanced distribution of keyframes. Our keyframe selection method is integrated
into the ORB-SLAM3 framwork to perform SLAM tasks. The effectiveness of
our method is validated on the EuRoC dataset and the TUM dataset in terms of
Absolute Trajectory Error (ATE), keyframe quality, and computational efficiency.
When compared to the Photogrammetric Keyframe Selection (PKS) algorithm,
the proposed method achieves a 16% improvement in localization accuracy in the
EuRoC dataset and 27% and 23% in the TUM dataset for monocular and stereo
cameras, respectively.

Keywords: Visual SLAM, keyframe selection, multi-source joint constraints, adaptive
threshold, IMU data, localization accuracy

1 Introduction

Simultaneous Localization and Mapping (SLAM) technology has emerged as a cru-
cial research topic in modern robotics and intelligent industries [1, 2]. Visual SLAM
is particularly popular in intelligent perception for mobile robots due to its real-time
capability, cost-effectiveness, and ability to capture color texture information [3]. By
treating map points and poses from all frames as independent variables in nonlin-
ear optimization, the cumulative error of the front-end pose is minimized, leading to
improved positioning accuracy in visual SLAM [4]. However, optimizing visual SLAM
poses challenges in terms of computational complexity and real-time requirements,
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primarily due to the substantial amount of data involved [5]. To address this issue, it
is essential to reduce data redundancy while maintaining accuracy and reliability [6].
The selection of appropriate keyframes plays a vital role in improving the accuracy
and real-time performance of visual SLAM algorithms [7].

Existing keyframe selection methods often rely on heuristic thresholds, which
exhibit limited adaptability and precision in complex environments due to their sim-
plistic constraint conditions [8]. To overcome the limitations, the paper proposes a new
Multi-Source Joint Constraint Adaptive Keyframe Selection(MSJCA-KS) method,
which is then integrated into the ORB-SLAM3 framwork to perform SLAM tasks.

Our method makes three key contributions. Firstly, it utilizes camera geometry
to define a four-region spatial cone for keyframe selection, which could improve the
adaptability by tailoring the selection process to varying scenes. Secondly, a state
detection mechanism is used to activate the IMU fusion constraints, which could adapt
to rapid motion in complex environments and accordingly improve the robustness of
our method. Lastly, a uniform distribution of effective points is used to ensures the
stability of keyframe selection.

The remaining structure of this paper is outlined as follows: section 2 presents a
review of the related works on keyframe selection of visual SLAM. Section 3 introduces
the methods of the keyframe selection algorithm proposed in this paper, discussing
the rationale behind the adaptive threshold conditions, state detection mechanism,
and effective point distribution criteria. Section 4 provides a detailed description of
implementation of our method. Finally, section 5 summarizes the main contributions
of this paper.

2 Related works

The keyframe selection methods for visual SLAM are mainly classified into four
categories: keyframe selection methods based on motion patterns, data association,
appearance, and hybrid approaches [9]. In addition, some researchers considered the
use of deep neural networks for keyframe selection [10]. However, due to their heavy
dependence on training data, these approaches have received less attention in the
computer vision domain [11].

For motion based selection methods, PTAM [12], SVO [13], LSD-SLAM [14],
RGB-D SLAM [15], etc., employed specific time interval thresholds or spatial inter-
val thresholds for keyframe selection. The RANSAC method in FAST-SLAM [16]
introduced a keyframe selection approach based on average image pixel displacement,
utilizing a static threshold to control the displacement. Thormählen et al. [17] used
the Geometric Robust Information Criterion (GRIC) to reduce frame position esti-
mation errors. However, this criterion is applicable only to the initialization of frame
positions and cannot be used for tracking. OKVIS [18] and RD-SLAM [19] leveraged
the information of image overlap for keyframe selection. VINS-mono [20] proposed
two criteria, average disparity and tracking quality, for keyframe selection. Kerl [21]
and others employed the differential entropy of the multivariate normal distribution
to calculate the entropy between the motion estimates of last keyframe and current
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frame. This method performs well in textureless environments but is computation-
ally complex, and insufficient lighting can reduce its efficiency. In [22], keyframes were
chosen by considering the relative changes in camera’s orientation angles. Significant
pose changes increase the keyframe selection rate, while slight changes decrease the
keyframe selection rate. This method reduces 40-60% of redundant frames.

Data association based methods have also been explored. Fanfani et al. [23] pro-
posed a keyframe selection approach based on high temporal disparity feature ratio.
Frames with large temporal disparities and corresponding uncertainties in three-
dimensional positions are selected as keyframes. Stalbaum et al. proposed a method
to maximize mutually visible features among multiple keyframes [24]. By employ-
ing a keyframe window, this method selects keyframes to enhance long-term feature
consistency. While it surpasses spatial or temporal threshold-based approaches in
robustness, the reliance on static thresholds for feature matching could limit algorithm
generalization in certain scenarios.

For appearance based keyframe selection methods, Engel et al. introduced a
method that incorporates variables such as gaze abruptness, camera offset, and
exposure time to determine keyframes [25]. The Loop Closure Detection for Sparse
Odometry (LDSO) method was developed to enhance the repeatability of feature
points while upholding the robustness of DSO [26]. Similarly, the Dense Scene
Model (DSM) approach was devised to establish a persistent map that manages re-
observations and diminishes redundancy within the system [27]. Nevertheless, these
approaches tend to overlook geometric constraints. In response to this gap, Dong et
al. introduced an adaptive keyframe selection technique [28] that aims to encompass
the entire spatial domain as a geometric constraint, while simultaneously minimiz-
ing content redundancy. However, this strategy mandates extensive offline training
procedures.

Hybrid keyframe selection methods combine different approaches. Chen et al. [29]
proposed utilizing the change in view and its rate between the current frame and
the most recent keyframe for keyframe selection. The change in view is estimated by
using a dynamic threshold designed by a proportional-differential controller. As this
method combines dynamic thresholds and geometric methods for keyframe extraction,
it exhibits good localization accuracy. However, the number of keyframes selected by
this method is relatively small, limiting the construction to a sparse map. Wang et
al. [30] proposed an intelligent hybrid keyframe extraction algorithm by combining
background difference method and SIFT feature matching algorithm. ORB-SLAM3
[31] employs a survival-of-the-fittest keyframe selection approach. The tracking thread
relaxes the filtering conditions, while the local mapping thread eliminates redundant
keyframes to reduce computation. Experimental results demonstrate the robustness
and effectiveness of the ORB-SLAM3 algorithm. Azimi et al. [9] introduced a pho-
togrammetric key-frame selection method (PKS) that enhances localization accuracy
without compromising real-time performance of the algorithm. Nonetheless, when con-
fronted with scenarios involving intense motion in intricate environments, the keyframe
selection process is susceptible to challenges such as missed or multiple selections.

In summary, the motion pattern-based keyframe selection method is straightfor-
ward and user-friendly but suffers from low adaptability and accuracy due to its
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reliance on static thresholds. This paper presents a method that combines multi-
source constraints from camera geometry and IMU measurement to adaptively adjust
the selection threshold, significantly enhancing stability and performance in com-
plex scenes. The data association-based approach improves feature point consistency;
however, its dependence on static thresholds limits generalization in dynamic environ-
ments. We reduce this dependency and enhance robustness through spatial cone point
and uniform distribution constraints. Appearance-based methods work well in illumi-
nation changes or sparse textures but often overlook geometric constraints, making
them less effective for rapid movements. Our approach integrates geometric infor-
mation, adaptive thresholding, and joint multi-source constraints to maintain stable
system performance in variable environments. While the hybrid method merges geo-
metric considerations with static thresholds, it remains less adaptable during rapid
motion or significant scene changes. In this paper, we dynamically adjust thresholds via
real-time state detection to better handle abrupt motions while improving keyframe
selection accuracy and system robustness.

3 Multi-Source Joint Constraint Adaptive
Keyframe Selection (MSJCA-KS)

This paper presents a novel keyframe selection method for visual SLAM, which lever-
ages multi-source fusion technology and photogrammetric techniques. The proposed
method, MSJCA-KS, addresses the problem of redundancy in video frames by incor-
porating multiple constraints and joint constraints from various sources [32]. This
approach improves the adaptability and stability of keyframe selection, leading to
enhanced performance in Visual SLAM systems [33]. The method utilizes both camera
and IMU sensors, employing triple constraints with threshold conditions for keyframe
selection. Fig. 1 illustrates the keyframe selection process of MSJCA-KS.

3.1 Keyframe Selection Process

The keyframe selection process in our method involves several steps. Firstly, we process
the input camera video data and IMU data using camera geometric constraints. This
step includes the recovery of three-dimensional map points and the definition of a
four-region spatial cone for these points. These points are known as the spatial cone
points. To establish an initial threshold, we make initial assumptions and optimize the
calculation.

Secondly, we employ a state detection mechanism to assess the current motion state
and determine if it is in a drastic motion state. Two criteria are used to discriminate
the state: the angular velocity measurement exceeding 0.35 (rad/s) or the acceleration
measurement surpassing 1m/s

2
. If either criterion is met, it indicates a drastic motion

state. Based on the criteria, we decide whether to activate camera and IMU joint
constraints. If the detected motion is not in a drastic motion state, the camera and
IMU joint constraints remain inactive, and only the adaptive threshold calculated from
camera geometric constraints is used as the keyframe selection criterion. If the current
motion is in a drastic motion state, the multi-source joint constraints are activated.
In this case, both camera and IMU constraints are considered for keyframe selection.
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Fig. 1 The keyframe selection process of MSJCA-KS.

Next, we apply effective point uniform distribution constraints. This step involves
dividing the image into grids and setting the effective points distribute matrix.

Finally, we compare the current frame with the last keyframe. We calculate the
change in the number of spatial cone points the center of gravity threshold, and the
Uniform Distribution (UD) criteria. If the change in the number of spatial cone points
exceeds the adaptive threshold and the UD is less than the center of gravity threshold,
we select the current frame as a keyframe. Otherwise, if these conditions are not met,
the current frame is skipped, and the calculation proceeds to the next frame.

3.2 Camera Geometric Constraint

The selection of keyframes in our method is inspired by the Image Network Designer
(IND) [34] and Photogrammetric Keyframe Selection (PKS) [9] methods. We employ
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adaptive thresholds based on real-time inter-frame matching conditions for keyframe
selection [35].

3.2.1 Four-region Spatial Cone

Referring to the PKS method, we first create a Four-region Spatial Cone [9] as shown
in Fig.2. The frames are categorized into four groups: the last keyframe, the reference
frame, ordinary frames, and the current frame. The four-region spatial cone is centered
on one of the map points with its main axis normal to the surface at the point location
and its zones separated from the cone’s main axis by 10 degree angles. Vectors from
matched points to map points are zoned based on their angles to the cone’s axis.
Frame movement alters these angles, prompting an adaptive threshold to determine
key-frame selection, based on the count of points with shifted sight lines. The points
with shifted sight lines are also called the changed spatial cone points.

Fig. 2 Four-region spatial cone

3.2.2 Initial Thresholds

Upon system initialization, only a limited number of video frames are available. It
becomes necessary to establish an initial threshold for keyframe selection. Refer to
the PKS initialization method [9],the system assumes that the current frame’s state
is similar to the reference frame. When the current frame is similar to the reference
frame, the number of feature points, the number of tracking points and the number of
changed spatial cone points are nearly identical in the both frames. To calculate the
initial threshold, we consider two factors: the number of tracked points and the number
of feature points. To balance the influence of all the extracted feature points and
tracked matches from both frames, the average value is taken as the initial threshold
to ensure the accuracy of the threshold.
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The initial threshold is defined as in equation (1):

Ti =
(Ec1 + Ec2)

2
. (1)

where Ti represents the initial value of the threshold. Ec1 and Ec2 show the number
of points in the current frame which their cone’s zone has changed from the last
key-frame.The definitions of Ec1 and Ec2 are given as in equation (2):

Ec1
∼=

Dc

Dr
Er, Ec2

∼=
Bc

Br
Er. (2)

Er represents the number of points in the reference frame where changes occurred
in the cone’s zone compared to the last keyframe. Dc represents the total number of
feature points in the current frame, Dr represents the total number of feature points
in the reference frame. Similarly, Bc represents the number of points tracked in the
current frame compared to the last keyframe, and Br represents the number of points
tracked in the reference frame compared to the last keyframe.

3.2.3 Threshold Optimization

This assumes that the current frame is similar to the reference frame. However, in
most cases, the current frame and the reference frame are not adjacent and the current
frame may differ significantly from the reference frame, directly applying the initial
threshold for keyframe selection reduces its effectiveness. In this case, the threshold
needs to be adjusted accordingly. To tackle this issue, Inspired by the PKS method [9],
our research focuses on optimizing the threshold by assigning coefficients based on the
system’s geometric relationships, thereby aligning it more accurately with real-world
scenarios.

Firstly, to ensure a more reasonable initial threshold, it becomes necessary to
reduce the number of matching points between the current frame and the reference
frame. This can be achieved by introducing a coefficient in percentage form, denoted
as α, which modifies the initial threshold. The coefficient is defined in the following
equation (3):

α =
Br −Bc

Br
. (3)

Secondly, refining keyframe selection by considering various scenarios.
Keyframe selection should take into account the following situations:
(1) If the current frame significantly deviates from the previous keyframe after

multiple frames, should the current frame be chosen as a keyframe?
(2) Whether the scene information in the current frame differs significantly from

the previous keyframe.
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These considerations directly impact the effectiveness and adaptability of keyframe
selection. To ensure the quality of selected keyframes, avoid the introduction of exces-
sive redundant information, and prevent tracking loss, this study refines the threshold
by introducing a second coefficient, denoted as η, which is multiplied by the initial
coefficient α. By adjusting the coefficient η, we simultaneously reduce the probability
of selecting frames immediately following the last keyframe as keyframes, as well as
the probability of selecting frames five frames after the last keyframe as keyframes.
Instead, we increase the likelihood of selecting keyframes approximately five frames
after the last keyframe. The coefficient η is defined in the following equation (4):

η =
5−∆d

3
. (4)

Where ∆d is the number of video frames between the current frame and the last
keyframe.

After multiple experiments and verification, it was found that the number of points
undergoing changes within the cone area of the current frame did not exceed the
previously calculated adaptive threshold. Consequently, selecting key frames became
impractical. To address this, an additional threshold was introduced to simplify the
initial threshold, enabling normal key frame selection. Moreover, considering that over
half of the matching points in the current frame experience changes within the cone
area, designating the current frame as a key frame is appropriate. Achieving this
requires increasing the ratio of change points in the cone area to the total number
of matching points. This approach enhances selection criteria stability in terms of
geometric relationships and ensures the threshold’s strictness.This condition is defined
by the third coefficient, denoted as φ, in equation (5):

φ =
(Ec1 + Ec2)

Bc
− 2Er +Br

2Br
. (5)

Finally, considering all the aforementioned factors, the initial threshold is adjusted
by incorporating the first and second coefficients as percentages, while subtracting the
third coefficient as a percentage. This modification results in the derivation of the final
adaptive threshold, expressed as shown in the equation (6):

Ta = Ti + αηTi − φTi. (6)

After optimizing the three coefficients mentioned above, the adaptive threshold is
refined to better align with the actual situation, effectively meeting the demands of
camera motion in practical scenarios.
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3.3 IMU Joint Constraints

When solely considering the geometric constraints of the camera, rapid camera move-
ments can lead to sudden changes in the field of view. In such cases, using the
aforementioned adaptive threshold as the condition for key frame selection may not
be stringent enough. This can result in a rapid increase or decrease in the number of
selected key frames, thereby compromising the overall performance of the SLAM sys-
tem. An excessive increase in the number of key frames will prolong the computation
time, while a significant decrease can lead to reduced accuracy or even tracking failure.
To address these challenges posed by complex motion scenarios, additional constraints
are introduced by incorporating IMU data.

Fig. 3 illustrates the design of a state detection mechanism. This mechanism iden-
tifies instances of drastic motion by detecting an overall angular velocity exceeding
0.35 (rad/s) or an overall acceleration surpassing 1m/s

2
. Upon such detection, the

IMU joint constraints are activated in conjunction with the camera geometric con-
straints. Consequently, the camera and IMU data are combined to update the adaptive
thresholds, thereby imposing more stringent criteria for key frame selection to accom-
modate the sudden motion conditions. Conversely, when the state detection indicates
non-drastic motion, the IMU joint constraints are bypassed, and the system proceeds
with the constraint of maintaining a uniform distribution of effective points.

Fig. 3 IMU joint constraint diagram.

In Fig. 3, the left plot displays the average angular velocity and acceleration along
the three axes, obtained by pre-integrating IMU measurements. In visual-inertial
SLAM systems, the IMU provides measurements of linear acceleration and angular
velocity relative to the body coordinate system at the current moment. Integration
of these measurements over time yields the average angular velocity and acceleration
between frames. To enhance accuracy, numerical processing is applied, considering fac-
tors such as zero-bias errors and scale factors. These refinements improve the modeling
of physical motion, accounting for measurement and calculation errors in practical
systems.
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3.3.1 Angular velocity optimization thresold

When the camera viewpoint experiences rapid changes, solely relying on the adaptive
threshold derived from camera geometry constraints in equation (6) as the keyframe
selection criterion results in a substantial rise in the number of selected keyframes.
These surplus redundant keyframes not only fail to improve the system’s accuracy
but also contribute to heightened computational complexity. To tackle this issue, we
introduce a coefficient γ, which is defined as shown in equation (7):

γ =
1

1− ω
. (7)

In the equation, ωT represents the angular velocity measurement in rad/s, which
acts as the indicator for rapid angular displacement during intense motion scenarios.
Its calculation incorporates the magnitude of the angular velocity of the gyroscope
in the IMU in three directions of pitch, yaw and roll; ωx , ωy and ωz are the angular
velocities around the x , y and z axes respectively. Taking the Euclidean norm of these
three directional angular velocities as the total angular velocity. This is defined as
shown in equation (8):

ωT =
√

ω2
x + ω2

y + ω2
z . (8)

Furthermore, we update the coefficient η to adjust the keyframe selection prob-
ability. Instead of the original setting of increasing the probability after five frames
from the previous keyframe, we now increase it after seven frames. This modification
is reflected in the updated equation (9), replacing the original equation (4):

η =
7−∆d

3
. (9)

The updated adaptive threshold is expressed as in equation (10):

Ta = γ (Ti + αηTi − φTi) . (10)

3.3.2 Acceleration optimization thresold

When the state detection mechanism identifies a rapid acceleration of the camera, a
coefficient λ is introduced, denoted as Equation (11):

λ =
1

10a
. (11)
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The symbol aT represents the acceleration measurement (m/s
2
), which serves

as an additional criterion for detecting rapid motion states. Its value considers the
magnitude of acceleration in the upward-downward, left-right, and forward-backward
directions of the accelerometers in the IMU;ax , ay , and az are the accelerations along
the x , y , and z axes respectively. The Euclidean norm of the acceleration in these
three directions is taken as the total acceleration, defined as in equation (12):

aT =
√

a2x + a2y + a2z. (12)

In conjunction with this, we apply further updates to the coefficient η to adjust the
keyframe selection probability. We now increase it after three frames. This adjustment
is aimed at optimizing the keyframe selection process. The updated expression is given
by equation (13):

η =
3−∆d

3
. (13)

To address the issue of a large acceleration a when activating the multi-source
joint constraints, we introduce the coefficient λ and update the coefficient η. This
aims to reduce the adaptive threshold, facilitating the selection of the current frame
as a keyframe. By doing so, we prevent a decrease in localization accuracy or tracking
failure caused by an excessive number of keyframes. The updated expression for the
adaptive threshold is provided in equation (14):

Ta = λ (Ti + αηTi − φTi) . (14)

The above-mentioned multi-source joint constraints significantly enhance the
adaptability and stability of the system in keyframe selection.

3.4 Uniform Distribution Constraint

To maintain the robustness of the keyframe selection mechanism, it is crucial to con-
sider the variability in the quantity of map points within the four-region space cone,
which can affect the alignment between consecutive frames and keyframes. The adop-
tion of a uniform distribution criterion for effective point dispersion is instrumental in
enhancing the stability of the selection process. This criterion stipulates that keyframes
should be extracted from frames exhibiting a balanced distribution of points. As illus-
trated in Fig. 4, each frame is subdivided into a nine-cell grid (three rows by three
columns)[35]. Points within each cell that manifest a change in the cone region beyond
a predefined angular threshold – empirically set at 30 degrees – qualify as effective
points, as referenced in [9]. A tally of these effective points is maintained for each cell.
Concurrently, this methodology generates a matrix corresponding to the grid for every
frame, with each element of the matrix denoting the count of effective points in its
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associated cell. This systematic approach ensures that the chosen keyframes reflect a
consistent and equitable distribution of points, thereby reinforcing the stability and
accuracy of the keyframe selection process.

Fig. 4 Generation of the matrix for the distribution of valid points.

In an optimal arrangement, the two largest values within a matrix, MAX1 and
MAX2 , are positioned at the maximum possible separation from each other. To quan-
tify this spatial relationship, we introduce the Uniform Distribution (UD) criterion,
which yields a value of 1 when MAX1 and MAX2 are at this ideal distance. For any
other distribution, the UD value is computed to fall between 0 and 1, reflecting the
degree of uniformity in the points’ spacing. The initial formulation of the UD criterion,
as specified in Equation (15):

UD =
di×MAX2

2
√
2MAX1

. (15)

considers the relative positions of MAX1 and MAX2 within the matrix grid. In this
formulation, 2

√
2 represents the maximum cell-to-cell distance in the matrix, while

di denotes the actual distance between MAX1 and MAX2 .
In dense data point configurations, traditional uniform distribution criteria fail

to provide adequate constraints. This inadequacy is evidenced by the proximity of
the matrix’s largest (MAX1 ) and second-largest (MAX2 ) elements, which are often
contiguous, yielding a minimal difference (di) compared to the maximum inter-cell
distance. This agglomeration of points into a grid-like formation significantly skews
the uniform distribution (UD) value, undermining keyframe selection processes. To
counter this, an improved uniform distribution criterion is proposed, which includes
a discriminant condition: should MAX1 surpass double the value of MAX2 , the UD
formula is recalibrated as presented in Equation (16):

UD =
di× (MAX1 −MAX2)

2
√
2MAX1

. (16)

To facilitate this criterion, a threshold is established by computing the matrix’s
center of gravity within a three-row, three-column grid matrix, following Equation
(17):
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Th =
√

x2
c + y2c . (17)

The coordinates xc and yc represent the matrix’s center of gravity. A UD value
falling below this threshold signifies an acceptable distribution of valid points, and
thus, the frame is deemed sufficiently stable to qualify as a keyframe.

4 Experiments and results

The experiment utilized the EuRoC micro aerial vehicle (MAV) dataset and the
TUM VI dataset to evaluate the performance of the proposed keyframe selection
method [36]. The EuRoC dataset is widely acknowledged as a benchmark for assess-
ing computer vision algorithms in autonomous navigation scenarios. Each sequence
in this dataset includes stereo images, synchronized IMU measurements, and ground
truth motion trajectories. Similarly, the TUM VI dataset provides high-quality image
sequences, synchronised IMU measurements and precise camera motion trajectories,
facilitating the evaluation and comparison of various visual inertial navigation sys-
tems. To comprehensively evaluate the proposed method, MSJCA-KS, in comparison
to ORB-SLAM3 [31] and PKS [9], the absolute trajectory error (ATE) was calculated
by comparing the estimated trajectories with the ground truth trajectories. The eval-
uations were conducted in both monocular inertial and stereo inertial modes. The
experiments were performed on an Intel(R) Core i5-8300H CPU (8 cores @ 2.3GHz)
with 16GB RAM. Each dataset was run 10 times, and the average results were used
to mitigate random errors in the outcomes.

4.1 Localization Accuracy

Localization accuracy is evaluated by using the root mean square error of the absolute
trajectory (RMSE AT) as a metric. Table 1 and Table 2 illustrate that the RMSE AT
of the proposed MSJCA-KS is smaller in both monocular and stereo inertial modes
compared to the other two algorithms for most sequences. Notably, the performance
improvement is particularly obvious in the monocular-inertial mode. Experimental
results show that the estimated trajectories by the proposed MSJCA-KS are closely
consistent with the ground truth trajectories. In both monocular inertial and stereo-
scopic inertial modes, the localization accuracy surpasses that of the PKS algorithm
by 16% in monocular and stereoscopic modes in the EuRoC dataset. In the monocular
inertial mode, the localization accuracy surpasses that of the PKS algorithm by 27%,
while in the stereoscopic inertial mode, the positioning accuracy exceeds that of the
PKS algorithm by 23% in the TUM VI dataset.

To qualitatively validate the proposed keyframe selection method, MSJCA-KS,
the experiments were conducted on the EuRoC dataset sequences MH02 and MH05
in both monocular and stereo-inertial modes. The estimated trajectories and ground
truth trajectories of three algorithms, namely MSJCA-KS, ORB-SLAM3, and PKS,
were illustrated as follows: Fig. 5 and Fig. 6 are the projected plane trajectories for
the MH02 dataset, Fig. 7 and Fig. 8 are the projected plane trajectories for the MH05

13



Table 1 The RMSE AT for both monocular-inertial and stereo-inertial modes in the EuRoC (m).

Mono-Inertial Stereo-Inertial

Sequence ORB-SLAM3 PKS MSJCA-KS ORB-SLAM3 PKS MSJCA-KS

MH01 0.038 0.020 0.017 0.025 0.024 0.019
MH02 0.068 0.029 0.018 0.031 0.039 0.026
MH03 0.050 0.033 0.025 0.030 0.041 0.031
MH04 0.056 0.054 0.053 0.051 0.044 0.044
MH05 0.083 0.054 0.046 0.044 0.043 0.040
Total 0.059 0.038 0.032 0.036 0.038 0.032

Table 2 The RMSE AT for both monocular-inertial and stereo-inertial modes in the TUM VI (m).

Mono-Inertial Stereo-Inertial

Sequence ORB-SLAM3 PKS MSJCA-KS ORB-SLAM3 PKS MSJCA-KS

Room1 0.012 0.013 0.009 0.0075 0.0083 0.0083
Room2 0.044 0.010 0.008 0.0062 0.0059 0.0057
Room3 0.053 0.015 0.012 0.0079 0.0089 0.0073
Room4 0.035 0.0094 0.0089 0.0087 0.0107 0.0088
Slides1 0.672 0.573 0.456 0.399 0.439 0.276
Slides2 0.595 0.681 0.462 0.185 0.398 0.357
Total 0.235 0.217 0.159 0.102 0.145 0.111

dataset, while Fig. 9 and Fig. 10 show the time-varying trajectories for the Room2
and Room3 in the TUM VI respectively. The comparison demonstrates that the esti-
mated trajectory generated by the proposed MSJCA-KS closely aligns with the actual
trajectory and the other three algorithms exhibit deviations from the ground truth. In
both turning and straight-line motions, this algorithm exhibits superior performance
compared to the ORB-SLAM3 and PKS algorithms.

Fig. 5 Comparison of the projected plane trajectories in Monocular-Inertial mode for MH02 in the
EuRoC dataset.
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Fig. 6 Comparison of the projected plane trajectories in Stereo-Inertial mode for MH02 in the
EuRoC dataset.

Fig. 7 Comparison of the projected plane trajectories in Monocular -Inertial mode for MH05 in the
EuRoC dataset.

Fig. 8 Comparison of the projected plane trajectories in Stereo-Inertial mode for MH05 in the
EuRoC dataset.
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Fig. 9 Comparison of time-varying trajectories in Monocular-Inertial mode for Room2 in the
TUM VI dataset.

Fig. 10 Comparison of time-varying trajectories in Monocular-Inertial mode for Room3 in the
TUM VI dataset.
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4.2 Keyframe comparison

To evaluate the performance of the keyframe selection method proposed in this paper,
the MH04 dataset is used to compare with ORB-SLAM3 and PKS algorithms in terms
of keyframe quality and quantity. The distribution of selected keyframes in the trajec-
tories of the three algorithms is depicted in Fig. 11 and Fig. 12, with (a) ORB-SLAM3,
(b) PKS, and (c) the proposed MSJCA-KS. Notably, Fig. 11 and Fig. 12 reveal that the
keyframes of MSJCA-KS exhibit a more uniform distribution compared to the other
two algorithms. The disadvantage of the ORB-SLAM3 and PKS algorithms is that
they failed to capture some keyframes during fast linear motion, resulting in excessively
large intervals between adjacent keyframes. Furthermore, especially during corner
motion, both the ORB-SLAM3 and PKS algorithms exhibit keyframe oversampling.
The proposed MSJCA-KS ensures better coverage and representation of keyframes,
enhancing the overall performance and accuracy of the trajectory estimation.

Fig. 11 Comparison of keyframe selection distribution in Stereo-Inertial mode in the EuRoC dataset.
(a) ORB-SLAM3, (b) PKS,and (c) the proposed MSJCA-KS

Fig. 12 Comparison of keyframe selection distribution in Monocular-Inertial mode in the EuRoC
dataset. (a) ORB-SLAM3, (b) PKS,and (c) the proposed MSJCA-KS

The comparison of keyframe selection among the three methods is presented as fol-
lowed, with the number of keyframes selected by each algorithm recorded for different
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scenarios. To minimize the impact of random errors, each experiment was repeated 10
times, and the average was calculated. Fig. 13 illustrates the number of keyframes for
five scenes. In the monocular inertial mode, the proposed MSJCA-KS algorithm con-
sistently selects fewer keyframes compared to the ORB-SLAM3 and PKS algorithms.
This outcome strongly demonstrates the superiority of the MSJCA-KS algorithm in
terms of keyframe selection accuracy, as well as positioning accuracy and stability. In
the stereo-inertial mode, both the PKS algorithm and the proposed MSJCA-KS algo-
rithm select more keyframes than ORB-SLAM3. This can be attributed to the fact that
the stereo mode provides stereoscopic vision information, facilitating depth estimation
through camera disparities. Consequently, the ORB-SLAM3 system can more easily
estimate camera motion, reducing the necessity for keyframes. In the stereo-inertial
mode, for both the PKS algorithm and the MSJCA-KS method, keyframe selection
primarily relies on photogrammetry and camera geometric constraints, thereby mit-
igating the influence of depth information on keyframe selection to some extent. It
is important to note that, compared to the PKS algorithm, the proposed MSJCA-
KS algorithm incorporates a real-time motion monitoring mechanism and utilizes the
IMU to optimize and adjust the adaptive threshold. This effectively enhances the algo-
rithm’s performance in challenging motion scenarios. And the method proposed in
this paper has lower number of selected keyframes compared to the PKS algorithm,
while achieving higher accuracy.

Fig. 13 Comparison of the number of selected keyframes in the EuRoC dataset.
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4.3 Running time comparison

The real-time computing capabilities is crucial for visual SLAM systems. To assess the
algorithm’s performance, we tested the MH01 and MH04 in the EuRoC dataset, and
executed each method 10 times in different modes and recorded the average time. The
evaluation maintained a time measurement accuracy of 0.1 seconds. Fig. 14 illustrates
that both PKS and the proposed method involve the intricate process of establishing
a spatial cone for map points, thereby increasing the complexity of keyframe selection
compared to the ORB-SLAM3 algorithm, which utilizes a fixed threshold. Although
the PKS and proposed MSJCA-KS methods exhibit greater complexity in keyframe
selection, the proposed MSJCA-KS method processes fewer keyframes, resulting in
a slightly shorter runtime than the PKS algorithm. Nevertheless, these additional
computations have a negligible impact on real-time execution, allowing the algorithm
to meet the required real-time constraints.

Fig. 14 Comparison of running time(s).

4.4 Ablation experiment

To evaluate the impact of the proposed MSJCA-KS method, we conducted a series of
ablation experiments. The RMSE AT is used as a measure of positioning accuracy. The
results show that when only camera geometry constraint is used, or only camera geom-
etry and UD constraints are used, the positioning accuracy of the MSJCA-KS method
is essentially the same as that of the ORB-SLAM3 or PKS algorithms. However, when
the IMU joint constraints are used into the MSJCA-KS method, the positioning accu-
racy is significantly improved, surpassing the performance of the ORB-SLAM3 or PKS
algorithms. These results provide compelling evidence for the effectiveness of IMU
joint constraints in improving the accuracy of this method. The experimental results
in Table 3, Fig. 15 and Fig. 16 show that the RMSE value gradually decreases as the
number of constraints increases, and the estimated trajectory is closer to the ground
truth trajectory. This trend indicates the system stability is improved and the posi-
tioning accuracy becomes high. Therefore, it can be inferred that all three constraints
are essential, as the absence of any one of them could adversely affect the accuracy
and stability of the system.
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Table 3 RMSE AT results for different combinations(m).

MH05 MH02

Sequence Mono-Inertial Stereo-Inertial Mono-Inertial Stereo-Inertial

Camera+ IMU +UD 0.046 0.040 0.018 0.026
Camera+ IMU 0.047 0.041 0.020 0.026
Camera+ UD 0.052 0.044 0.031 0.033

Camera 0.055 0.045 0.033 0.034

Fig. 15 Comparison of trajectories in different combinations under the MH02 sequence in the EuRoC
dataset (monocular mode on the left, stereo mode on the right).

Fig. 16 Comparison of trajectories in different combinations under the MH05 sequence in the EuRoC
dataset (monocular mode on the left, stereo mode on the right).

5 Conclusions

This paper proposed a new keyframe selection method for visual SLAM algorithms.
It consists of three constraints, including a camera geometric constraint based on the
definition of a four-region spatial cone across multiple consecutive frames to improve
the adaptability to varying scenes, an IMU joint constraint to improve the robustness
when facing rapid camera motions, and an uniform distribution constraint to ensure
high quality keyframe selection to improve the stability of SLAM algorithms. The
experiments and analyses were conducted by using various sequences from the EuRoC
dataset and TUM dataset in both monocular and stereo inertial modes. The results
demonstrate that the proposed method significantly improve the positioning accu-
racy of the visual SLAM system by ensuring adaptability and stability in keyframe
selection, particularly in complex environments. Although the real-time performance
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of the method slightly lags behind that of ORB-SLAM3 and the influence of depth
information on keyframe selection is somewhat diminished, future research can focus
on reducing computational complexity to bolster real-time capabilities, and integrat-
ing depth information into stereo inertial mode to further improve the positioning
accuracy.
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