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Abstract

Dynamic environments pose significant challenges for Visual Simultaneous Localization
and Mapping (VSLAM), as moving objects can introduce outlier observations that severely
degrade localization and mapping performance. To address this problem, we propose
YSAG-VINS, a VSLAM algorithm specifically designed for dynamic scenes. The system
integrates an enhanced YOLOv8 object detection network with an adaptive epipolar con-
straint strategy to effectively identify and suppress the impact of dynamic features. In
particular, a lightweight YOLOv8n model augmented with ODConv and UIB modules
is employed to balance detection accuracy with real-time efficiency. Based on semantic
detection results, images are divided into static background and potentially dynamic re-
gions, and the motion state of these regions is further verified using geometric constraints.
Features belonging to truly dynamic objects are then removed to enhance robustness.
Comprehensive experiments on multiple public datasets demonstrate that YSAG-VINS
achieves superior pose estimation accuracy compared with VINS-Fusion, VDO-SLAM, and
Dynamic-VINS. On three dynamic sequences of the KITTI dataset, the proposed method
achieves average RMSE improvement rates of 48.62%, 12.18%, and 13.50%, respectively.
These results confirm that YSAG-VINS provides robust and high-accuracy localization
performance in dynamic environments, making it a promising solution for real-world
applications such as autonomous driving, service robotics, and augmented reality.

Keywords: simultaneous localization and mapping; object detection; geometric constraints;
real-time; dynamic environments

1. Introduction
Simultaneous Localization and Mapping (SLAM) is a fundamental technology for

enabling situational awareness in mobile robots. It allows robots to estimate their position
within unknown environments, thereby supporting efficient navigation, path planning,
and autonomous decision-making. With the rapid development of camera technology and
computing systems in recent years, visual sensors have become not only cost-effective but
also capable of providing rich spatial and structural information [1]. This progress has
significantly enhanced the capability of robots to achieve accurate self-localization and

Appl. Sci. 2025, 15, 10595 https://doi.org/10.3390/app151910595

https://doi.org/10.3390/app151910595
https://doi.org/10.3390/app151910595
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0009-0003-3731-1638
https://orcid.org/0009-0002-5923-0575
https://doi.org/10.3390/app151910595
https://www.mdpi.com/article/10.3390/app151910595?type=check_update&version=2


Appl. Sci. 2025, 15, 10595 2 of 26

robust navigation. However, many established visual SLAM systems (e.g., PTAM [2], ORB-
SLAM2 [3], SVO [4], Kimera [5], VINS-Mono [6], LSD-SLAM [7]) were primarily designed
under the assumption of static environments, which often does not hold in real-world
applications. In dynamic settings, moving objects such as pedestrians, cyclists, and vehicles
introduce outlier measurements that can substantially degrade localization accuracy and
mapping consistency.

To overcome these challenges, researchers have increasingly explored approaches that
integrate geometric constraints with semantic perception. Deep learning techniques such as
semantic segmentation and object detection have been shown to improve the robustness of
SLAM in dynamic environments [8–11]. Nevertheless, existing methods still face important
limitations: (i) high computational overhead restricts deployment in resource-constrained
platforms; (ii) heuristic rules for handling dynamic objects often lack adaptability across
diverse scenarios; and (iii) limited robustness under severe occlusion or extreme dynamic
scenes reduces their practical applicability. These gaps highlight the need for a more
efficient, adaptive, and scalable strategy to suppress the influence of dynamic objects while
preserving real-time performance.

In this paper, we propose YSAG-VINS, a visual–inertial SLAM system that integrates
YOLOv8-based semantic detection with adaptive geometric constraints to enhance robust-
ness in dynamic environments. Unlike prior works such as DynaVINS or VDO-SLAM,
which either rely heavily on computationally expensive detectors or use fixed geometric
thresholds, YSAG-VINS introduces two key innovations: (i) a lightweight yet accurate
detector (YOLOv8n-ODUIB) optimized for real-time inference, and (ii) an adaptive epipolar-
geometry mechanism that dynamically adjusts thresholds based on background features,
thereby avoiding the over-removal of static information. Together, these innovations con-
tribute a more balanced solution that improves localization accuracy while maintaining
computational efficiency.

YSAG-VINS is particularly well-suited for real-world applications where both high
precision and real-time efficiency are critical, such as autonomous driving, urban delivery
robots, and service robots operating in crowded or dynamically changing environments. In
these scenarios, high localization accuracy ensures safe navigation and collision avoidance,
while real-time processing enables immediate decision-making and responsiveness to
dynamic obstacles. The adaptive design of YSAG-VINS allows the system to dynamically
modulate its reliance on semantic information depending on the scene conditions, making
it robust in situations with occlusions, low visibility, or high traffic density. Moreover,
the computational efficiency of the YOLOv8n-ODUIB detector facilitates deployment on
resource-constrained platforms, such as small autonomous vehicles or embedded robotic
systems, without compromising performance. By addressing both precision and efficiency
requirements, YSAG-VINS provides a practical and scalable solution for dynamic scene
SLAM in a variety of real-world applications.

The main contributions of this article are as follows:
(1) We design and integrate an enhanced YOLOv8n-ODUIB object detection net-

work into the VINS-Fusion framework. Unlike segmentation-based approaches such
as DynaVINS and VDO-LAM, our method provides real-time semantic awareness with
significantly lower computational cost, making it more suitable for deployment on resource-
constrained platforms while maintaining high detection accuracy.

(2) To address the false removal of static features in purely detection-based filtering, we
propose an adaptive geometry-guided strategy. Specifically, the threshold of the epipolar
constraint is dynamically adjusted according to static background features, enabling the
system to more reliably distinguish truly dynamic features from pseudo-dynamic ones.
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This design improves robustness and localization stability in challenging scenarios such as
occlusion and multi-object motion.

(3) We conduct extensive experiments, including (i) benchmarking the proposed
YOLOv8n-ODUIB against the baseline YOLOv8n on the BDD100K dataset for accuracy
and real-time performance, and (ii) comparing YSAG-VINS with VINS-Fusion and several
state-of-the-art dynamic SLAM systems on KITTI, M2DGR, and M2UD datasets. Results
demonstrate that YSAG-VINS achieves a novel balance between robustness and efficiency,
outperforming existing methods in dynamic environments.

2. Related Work
At present, most SLAM systems are designed under the assumption of a static envi-

ronment. Compared with visual SLAM in static scenes, the presence of dynamic objects
presents significant challenges to system stability and localization accuracy [12]. Regardless
of whether feature-based or direct methods are used, visual SLAM systems fundamentally
rely on feature correspondences in images to estimate camera pose. Motion inconsistency
between dynamic objects and the static background disrupts the geometric consistency
of these correspondences, leading to failures in data association, increased pose estima-
tion errors, or even system crashes [13]. Therefore, accurately detecting and suppressing
dynamic features is critical for improving SLAM performance in dynamic environments.
Existing research in this area can be broadly divided into two main approaches: geometry-
based methods and semantics-based methods., each with different trade-offs between
computational cost and robustness.

2.1. The Methods Based on Geometric Information

Geometry-based approaches detect motion by analyzing variations in spatial positions
and motion patterns of feature points, typically leveraging 3D coordinates and optical
flow information. Pablo et al. [14] proposed a stereo SLAM algorithm for dynamic scenes
that incorporates scene flow analysis by computing dense optical flow for each pixel and
identify dynamic regions using thresholding. Tan et al. [15] introduced an improved
adaptive RANSAC algorithm into the PTAM framework, combining geometric constraints
with object color information to distinguish dynamic objects. Wang et al. [16] combined
optical flow with clustering techniques to propose a dynamic scene SLAM method based
on RGB-D cameras. These methods are generally computationally efficient and thus
well-suited for real-time applications. However, their lack of semantic awareness makes
them vulnerable when dynamic objects dominate the scene or when motion patterns are
ambiguous, often leading to degraded accuracy or tracking failures.

2.2. The Methods Based on Semantic Information

With the rapid progress of deep learning in computer vision, semantic-based tech-
niques have emerged as a promising direction for dynamic SLAM. These approaches
can generally be divided into semantic segmentation networks and object detection net-
works. For instance, DynaSLAM, proposed by Berta Bescos et al. [17], combines the Mask
R-CNN semantic segmentation network with multi-view geometry to detect dynamic
objects and remove outliers. Runz et al. [18] introduced MaskFusion, which integrates
Mask R-CNN [19] to achieve pixel-level segmentation and tracking of dynamic objects.
Chang et al. [20] combined the real-time instance segmentation network YOLACT [21]
with geometric constraints and dense optical flow for dynamic object detection and back-
ground reconstruction. VDO-SLAM [22] combines Mask R-CNN, dense optical flow, and
rigid-body constraints to jointly estimate camera and object motion, improving robustness
but with high computational cost. In addition, studies [23–25] introduced lightweight
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semantic segmentation networks and dynamic detection modules with co-optimization to
further improve localization accuracy and robustness. Despite their accuracy, segmentation
networks impose heavy computational costs, making them difficult to deploy on real-time
or resource-constrained platforms.

In contrast, object detection-based methods offer better computational efficiency while
retaining semantic awareness capabilities. For instance, Cheng et al. [26] proposed SG-
SLAM, which employs a lightweight NCNN network for real-time object detection, com-
bined with epipolar constraints and semantic-weighted adaptive filtering of dynamic points.
This effectively addresses the threshold sensitivity problem inherent in traditional geomet-
ric methods. However, this approach relies on manually predefined weights based on prior
knowledge and lacks adaptability to dynamic scene changes. COEB-SLAM [27] identi-
fies dynamic objects by integrating object detection results with motion blur constraints
and removes dynamic feature points using epipolar geometry. DynaVINS [28] integrates
YOLOv3 detection with multi-hypothesis constraints, achieving real-time efficiency while
maintaining accuracy in dynamic environment. Sun et al. [29] employ a lightweight object
detector to generate semantic information, which is combined with geometric constraints
and a feature-depth-based RANSAC algorithm to mitigate the impact of dynamic features.
Moreover, study [30] proposed an improved version of the YOLOv5s detection network
and introduced a dynamic logic decision mechanism, retaining only static feature points
for subsequent pose estimation and map construction. Based on the characteristics and
limitations of these methods, we compare the main technical approaches and performance
of existing dynamic SLAM methods, as shown in Table 1.

Table 1. Comparison of existing dynamic SLAM methods.

Studies G/S Methods RT
Perf.

Pred.
Acc.

Occ.
Rob.

Dyn.
Rej.

HW
Cost

Scene
Gen.

[14] G Scene flow RT N/A N M L L
[15] G Adaptive RANSAC RT N/A N M L L
[16] G Optical flow + clustering RT N/A N M L L

DynaSLAM [17] S Mask R-CNN seg. + multi-view geom. Non-RT H H H H M
MaskFusion [18] S Mask R-CNN seg. Non-RT H H H VH M

[20] S YOLACT seg. + epipolar+ flow NRT M–H M H M–H M
VDO-SLAM

[22] S Mask R-CNN seg. + dense optical
flow + Rigid-body Constraint NRT M–H M H M–H M

[23–25] S Lightweight seg. + epipolar NRT M M M–H M M–H
SG-SLAM [26] S Lightweight det.+ epipolar RT M L M–H ML M

DynaVINS [27] S YOLOv3 Det. + multi-hypothesis
constraint RT M M H M M–H

COEB-SLAM [28] S Det.+ motion blur constraints +epipolar NRT M L M–H M M
[29] S YOLOv8s det. +Depth RANSAC RT M L M–H ML M

[30] S YOLOv5s det. + dynamic logic
decision mechanism RT M L H M–H M–H

YSAG-VINS
(Ours) S YOLOv8n-ODUIB det. + Adaptive

Geometric Constraints RT H H H L M–H

G/S: Geometry-based/Semantic-based method, RT Perf.: Real-time performance (RT = Real-time, NRT = Near
real-time, Non-RT = Non real-time), Pred. Acc.: Prediction Accuracy (H = High, M = Medium, L = Low,
N/A = Not applicable), Occ. Rob.: Occlusion robustness (N = No robustness), Dyn. Rej.: Dynamic feature
rejection (VH = Very high, M–H = Medium to High), HW Cost: Hardware resource cost, Scene Gen.: Scene
generalization ability.

Although the above methods have achieved promising results in enhancing SLAM
accuracy and robustness in dynamic environments, several limitations persist:

(1) The recognition failure of dynamic objects under occlusion: Object detection-
based approaches [26–28] are prone to missed detections in scenes with dynamic or static
occlusions (e.g., vehicles obscured by moving objects or static structures such as fences).
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This results in incomplete semantic representations of the environment. In dynamic regions,
the spatiotemporal continuity of features is disrupted, weakening the system’s ability to
establish stable feature correspondences across frames.

(2) The over-removal of feature information caused by fixed threshold strategies:
Most deep learning-based methods adopt fixed thresholds to remove all features within
detected dynamic object regions [20,25–28], based on geometric priors. However, in com-
plex outdoor scenes, such fixed strategies can lead to over-removal. For instance, stationary
vehicles may be mistakenly classified as dynamic and removed, reducing the number
of valid features for matching and optimization, thereby impairing the robustness and
completeness of the generated map.

(3) The insufficient real-time performance: Semantic-enhanced SLAM systems [17–24]
typically suffer from heavy network architectures, large parameter sizes, and computational
latency. Coupled with inefficient resource scheduling, these limitations make it difficult to
achieve high-frame-rate processing and limit deployment on real-time platforms such as
mobile robots.

3. System Overview
3.1. The System Architecture of the Proposed Algorithm of YSAG-VINS

The proposed system is built upon the VINS-Fusion framework, which is widely
regarded as one of the most comprehensive and robust open-source visual-inertial SLAM
algorithms. Leveraging VINS-Fusion as the core infrastructure enables YSAG-VINS to
achieve reliable global localization. As depicted in Figure 1, the overall architecture of
YSAG-VINS comprises three principal components: Model Training Subsystem, Perception
and Preprocessing, Initialization, and Back-End Optimization.

Figure 1. System Framework.

In the Perception and Preprocessing module, YSAG-VINS incorporates a dedicated
object detection thread operating in parallel with the tracking thread. This multithreaded
design significantly improves the system’s runtime efficiency. The primary objective of
introducing the object detection thread is to utilize a deep neural network to extract prior
semantic information, which forms the foundation of the system’s dynamic feature rejection
strategy. This mechanism enables the identification of potentially dynamic objects in the
scene, thereby improving tracking robustness in dynamic environments.

During system operation, RGB image frames captured by the camera are simultane-
ously fed into both the tracking thread and the object detection thread. The object detection
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thread performs object recognition on the input images, while the tracking thread con-
currently extracts point features from the same frames. Following feature extraction, the
tracking thread employs a pyramidal iterative Lucas-Kanade optical flow method to per-
form sparse feature tracking between consecutive frames. Subsequently, a RANSAC-based
seven-point algorithm is applied to estimate the fundamental matrix, which effectively
mitigates the adverse impact of incorrect feature associations in dynamic regions.

It is worth noting that object detection generally incurs higher computational overhead
compared to feature extraction and fundamental matrix estimation. Consequently, the
tracking thread must wait for the detection results after computing the fundamental matrix
before proceeding. However, since only object-level detection information (as opposed to
pixel-level semantic segmentation) is required, the waiting time remains relatively short,
thus preserving the system’s real-time performance. Once the detection results are available,
the tracking thread integrates the semantic information to distinguish potentially dynamic
regions from the static background. Epipolar constraints are then applied to the subset
of features associated with the static background, and the average epipolar deviation is
computed. This average deviation serves as an adaptive threshold for rejecting feature
points that are likely to belong to dynamic objects, thereby improving the accuracy of the
final camera pose estimation. The Initialization and Back-End Optimization components in
YSAG-VINS are fully inherited from the original VINS-Fusion framework, including its
sliding window-based local optimization and loop closure mechanisms, ensuring robust
and globally consistent mapping and localization.

3.2. The Optimization Algorithm of Object Detection Based on the Enhanced YOLOv8

An efficient real-time object detection algorithm is essential for enabling fast processing
of image data from the camera sensor and ensuring seamless integration with other SLAM
components, such as feature extraction, feature matching, and pose estimation. In this
work, we adopt the YOLOv8 object detection algorithm, known for its high inference speed.
However, in urban dynamic scenes, the presence of occlusions often leads to deformation
of potential dynamic targets, which can degrade detection accuracy. Such failures may
result in previously detected into the SLAM pipeline.

To overcome this limitation, the ODConv (Omni-Dimensional Dynamic Convolution)
and the C2f (Concatenate and Fuse) modules are used to improve the neural network struc-
ture of YOLOv8. The enhanced detection network, termed YOLOv8n-ODUIB, is shown
in Figure 2. It is specifically designed to improve detection robustness in dynamic and
occluded scenarios while maintaining computational efficiency. In the original YOLOv8
architecture, the network is divided into three main components: the backbone, the neck,
and the detection head. Traditional convolution operations rely on fixed kernel weights,
which limit the model’s ability to adapt to the diverse characteristics of input data. To
address this limitation, the ODConv module is introduced to significantly enhance the
network’s capability for dynamic feature extraction. Specifically, ODConv dynamically
adjusts the convolutional kernel weights along four dimensions of the input feature map,
enabling the convolution operation to better accommodate targets of varying scales and
shapes. This omni-dimensional adaptability allows the network to more effectively model
the fine-grained details of multi-scale objects, thereby improving detection performance in
complex scenes. As illustrated in Figure 2, the integration of ODConv into both the back-
bone and neck components enables the network to capture richer and more discriminative
representations of the input data. The definition and implementation of the ODConv are
as follows:

y =
n

∑
i=1

(aωi ⊙ a f i ⊙ aci ⊙ asi ⊙ Wi) ∗ x (1)
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where aω denotes the convolution parameters along the spatial dimensions, a f is the
corresponding parameters associated with the input channel dimension, ac pertains to
those along the output channel dimension, and as represents the parameters related to the
kernel’s spatial extent; Moreover, x denotes the input data, W is convolution kernel, and y
denotes the output data.

 

Figure 2. The YOLOv8n-ODUIB network architecture.

More specifically, Figure 3 illustrates the process of applying four-dimensional atten-
tion in the kernel space to the convolutional kernels [31]. This process involves adjusting
the convolutional weights along the kernel dimension, spatial dimension, input channel
dimension, and output channel dimension, respectively. These four attention mechanisms
complement and coordinate with each other, enabling the model to exert differentiated
influence across various dimensions of the input data. As a result, the convolutional neural
network becomes more adaptable to variations in input features and enables more flexible
convolution operations to handle complex and diverse data, thereby better accommodating
the complexity and dynamic nature of the target.

This dynamic adjustment feature not only improves the accuracy of feature extraction
but also enhances the network’s generalization capability in complex scenes. It effectively
optimizes the semantic recognition of dynamic objects, even in the presence of occlusion
deformation and motion blur. To address the attention of both shallow and deep features for
object recognition, the ODConv module is integrated into the YOLOv8 Backbone, applied
to all convolutional layers except the first layer, as well as all convolutional layers in the
Neck section.

In addition, the C2f module in YOLOv8 employs a relatively simple channel extraction
mechanism, which lacks the ability to dynamically emphasize critical channel features. This
limits the detection capability for objects, as it cannot fully capture global information in
complex scenes. Moreover, the C2f module has a high parameter count and computational
complexity, making it less suitable for deployment on resource-constrained devices. To
overcome these limitations, we propose a novel C2f_UIB structure, inspired by the UIB
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(Unified Inverted Bottleneck) design in MobileNetV4 [32]. The inverted bottleneck structure
of C2f_UIB enhances channel feature extraction by dynamically adjusting inter-channel
weights, thereby improving the network’s ability to capture key features. Furthermore, the
C2f_UIB introduces dilated convolutions, which enlarge the receptive field and improve
the ability to capture global information. Importantly, the C2f_UIB structure maintains
efficient feature extraction while significantly reducing parameter size and computational
complexity. This results in a lightweight improvement of the YOLOv8 model, making it
more suitable for deployment on devices with limited computational resources. The general
inverted bottleneck structure is shown in Figure 4. When a new image is captured by the
camera, the improved YOLOv8n-ODUIB model is employed to perform object detection.
Based on the detection results, the environment is divided into potential dynamic regions
and static background. The potential dynamic regions correspond to areas containing
movable object categories, such as pedestrians, vehicles (including parked cars), and riders.
In contrast, the static background includes all remaining areas outside the potential dynamic
regions, including elements such as grass, street lamps, and other immobile structures.

  
(a) spatial dimension (b) input channel dimension 

 
(c) output channel dimension (d) convolutional kernel dimension 

Figure 3. The applying process of ODConv.

Figure 4. General inverted bottleneck structure.

3.3. The Dynamic Feature Rejection Strategy Based on the Epipolar Constraint of
Dynamic Threshold

After obtaining semantic bounding boxes through object detection, feature points
located outside the bounding boxes are classified as static features, whereas those within
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the bounding boxes are initially treated as potential dynamic features. Static features,
due to their stable spatial positions relative to the scene, contribute to accurate pose
estimation in the SLAM system. In contrast, dynamic features, which move relative
to the world coordinate system, can introduce significant errors if included in the pose
estimation process.

To enhance the robustness of visual localization in dynamic environments, traditional
methods typically remove all feature points within potential dynamic regions. However,
this strategy has notable limitations: in scenes dominated by dynamic objects, the number
of static feature points outside the bounding boxes may be insufficient to support accurate
pose estimation, potentially resulting in tracking failure. To address this issue, the proposed
YSAG-VINS system employs the pyramidal iterative Lucas–Kanade optical flow method to
compute feature correspondences. Compared to conventional ORB-based matching, this
method offers significantly higher computational efficiency, meeting real-time processing
requirements while providing denser feature correspondences to enhance the robustness of
motion estimation. Notably, in highly dynamic scenes, the optical flow method exhibits
superior adaptability to fast object motion, effectively mitigating mismatches in ORB feature
point caused by viewpoint variation or motion blur.

After obtaining the set of optical flow correspondence, the system employs the
RANSAC seven-point algorithm to estimate the essential matrix using the static feature
points located outside the detection bounding boxes, thereby establishing a reliable ge-
ometric constraint. This hierarchical processing strategy not only retains the positional
accuracy advantages of static features but also enhances the system’s robustness in dy-
namic environments through the dynamic feature filtering mechanism. As a result, the
system provides a more reliable and resilient solution for visual localization in complex
and dynamic scenarios.

According to the pinhole camera model, let the camera centers of two image frames
be O1 and O2. The plane determined by the spatial point P and these two camera centers is
the epipolar plane. The image planes H1 (previous frame) and H2 (current frame) intersect
this epipolar plane to form the epipolar lines L1 and L2, respectively. The projection of P on
H1 is P1, its theoretical projection on H2 is P2, while the projection of the displaced spatial
point P′ (caused by camera motion or target displacement) on H2 is P4, as illustrated in
Figure 5.

Figure 5. Epipolar constraint.
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The epipolar line L2 is determined by the fundamental matrix F:

L2 =

X
Y
Z

 = FP1 (2)

where X, Y and Z represent the components of the epipolar line vector. Based on the
relationship between corresponding feature points expressed by the fundamental matrix
PT

2 FP1 = 0, the epipolar constraint can be derived as follows:

PT
2 FP1 = PT

2 L2 = 0 (3)

The offset distance Di between the feature point Pi (i = 2, 4) in the current frame and
the corresponding epipolar line is given by:

Di =

∣∣PT
i FP1

∣∣
√

X2 + Y2
(4)

Ideally, if a feature point Pi belongs to the static background, its offset distance Di

should be zero. However, in practical scenarios, the offset distance Di is generally greater
than zero but remains below an empirical threshold ε, due to factors such as image noise,
feature localization inaccuracies, and camera calibration errors [25].

In outdoor scenarios, due to the rapid movement of the carrier, the offset distance in
the epipolar constraint is affected by the magnitude of the carrier’s motion [33]. Traditional
fixed empirical thresholds often fail to effectively eliminate dynamic points from potential
dynamic regions. To address this issue and enhance detection accuracy under varying
motion and scene conditions, this paper adopts an adaptive epipolar constraint method
that is based on dynamic threshold to discriminate dynamic feature points. The core idea
of the method is using the feature points of static background in current frame to real-time
calculate the threshold of epipolar constraint, and the threshold serve as a constraint to
effectively identify and reject potentially dynamic feature points. As shown in Figure 6.

Figure 6. Flowchart of the dynamic feature rejection strategy based on the epipolar constraint with a
dynamic threshold.

The average epipolar distance of the feature point set in static background of the
current frame is calculated, and the offset distance between the feature point of potential
dynamic regions and the corresponding epipolar line is also calculated. By comparing the
offset distance with the average epipolar distance, the dynamic characteristics of feature
points in potential dynamic regions can be determined. The equation to calculate the
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average epipolar distance of the feature point set in static background of the current frame
is constructed as follows:

Dave =

n
∑

i=1
DSi

n
(5)

For a feature point Pd = (Xd,Yd) in a potential dynamic region, its offset distance the
offset distance for feature points in the potential dynamic region is given by:

DA =

∣∣PT
d FP1

∣∣√
Xd

2 + Yd
2

(6)

The rule for dynamic feature identification is formally defined as follows:

Pd =

{
static i f DA ≤ Dave

dynamic i f DA > Dave
(7)

If DA < Dave, the Pd is considered as static feature point, otherwise, the Pd is identified
as dynamic feature points. And the identified dynamic feature point is eliminated. All the
feature points in potential dynamic regions are identified using this method to determine
whether they are dynamic feature points. The detailed implementation of this dynamic
feature rejection strategy is provided in Algorithm 1.

Algorithm 1 Dynamic feature rejection strategy

Input: Previous frame’s feature point P1, Current frame’s feature point P2, Bounding
BOX x1, y1, x2, y2

Output: The set of static feature points in the current frame, S
F = FindFundmentalMat (P2, P1, seven-point method based on RANSAC)
for each matched pair p1, p2 in P1, P2 do:
if (Bounding BOX exist) then
if (xp < x1||xp > x2||yp < y1||yp > y2) then
Append p2 to S & DSi = CalEpipolarLineDistance (p1, p2, F)
Traverse the number of feature points in S obtain i &&Dave = DSi /i
end if
else
DA = CalEpipolarLineDistance (p1, p2, F)
if (DA < Dave) then
Append p2 to S
end if
else
Append p2 to S
end if
end for

4. Experiments
To evaluate the performance of the proposed object detection model, the BDD100K

dataset [34] was employed for validation. In order to comprehensively assess the overall
accuracy of the proposed YSAG-VINS system in dynamic outdoor scenarios, a series of
systematic experiments were conducted using three benchmark datasets: KITTI dataset [35],
the M2DGR dataset [36], and the M2UD [37]. For convenience in recording, the data
sequences are denoted accordingly. All the experiments were conducted on a desktop
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workstation equipped with an NVIDIA RTX 4050 GPU (6 GB), a 13th Gen Intel(R) Core
(TM) i5-13500H CPU @ 2.60 GHz.

4.1. The Performance Evaluation of the Proposed Object Detection Model

The BDD100K dataset, released by the University of California, Berkeley, is one of
the largest and most diverse datasets for autonomous driving. In this experiment, over
60,000 images from the BDD100K dataset were partitioned into training, validation, and
test sets at a ratio of 7:2:1. The training process was configured with a batch size of 32,
using 1500 epochs, a weight decay rate of 0.0005, and the stochastic gradient descent
(SGD) optimizer. The initial learning rate was set to 1 × 10−2. To mitigate overfitting, an
early stopping strategy was applied, terminating training if no improvement in accuracy
was observed over 100 consecutive epochs. The object detection model was evaluated
using six key metrics: Precision (P), Recall (R), mAP@0.5 (mean average precision at IoU
threshold = 0.5), mAP@0.5:0.95 (mean average precision across IoU thresholds from 0.5 to
0.95), parameter count (Param), and computational complexity (GFLOPs). Among these,
mAP@0.5 was selected as the core performance indicator for this experiment.

To validate the effectiveness of the proposed improvements, four experimental Groups
were designed:

• Group 1: Baseline model using YOLOv8n.
• Group 2: YOLOv8n enhanced with the ODConv module.
• Group 3: YOLOv8n model incorporating the C2f module integrated with the proposed

UIB structure.
• Group 4: Integrated model combining both ODConv and C2f_UIB modifications,

under the same input conditions and hyperparameter settings as the other groups.

The comparative results of these configurations are presented in Table 2, which sum-
marizes the ablation study on object detection performance. In Table 2, it can be observed
that the baseline YOLOv8n (Group1) model achieves an mAP@0.5 and an mAP@0.5:0.95 of
only 89.6% and 63.7%, indicating room for improvement. Introducing the ODConv module
(Group 2) enhances the mAP@0.5 and mAP@0.5:0.95 to 92.4% and 66.9%, respectively,
albeit with increased computational overhead. The inclusion of the C2f module integrated
with the proposed UIB structure (Group 3) also yields noticeable performance gains, and
the mAP@0.5 and mAP@0.5:0.95 are increased to 92.0% and 66.2%, respectively. Notably,
when both enhancements are combined (Group 4), the model exhibits the most significant
performance improvement: with minimal changes in parameter count, GFLOPs decrease by
28.7%, Precision increases by 4.5%, Recall rises by 2.6%, and mAP@0.5 and mAP@0.5:0.95
improve by 3.3% and 6.9%, respectively.

Table 2. The statistics of ablation experiment of object detection for the four experimental Groups.

Group ODConv UIB P/% R/% mAP@0.5/% mAP@0.5:
0.95/% Param(M) GFLOPs FPS

1 88.4 94.1 89.6 63.7 3.20 8.7 132.04
2

√
92.8 95.3 92.4 66.9 4.20 7.3 128.93

3
√

90.9 96.5 92.0 66.2 2.18 5.3 180.63
4

√ √
92.4 96.6 92.6 68.1 3.38 6.2 157.81

√
indicates the presence of the feature.

In terms of real-time inference speed, the model in Group 4 achieves 157.81 FPS,
representing a 19.51% improvement over the baseline in Group 1. This considerable
enhancement in detection speed demonstrates the model’s potential for deployment in
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real-time applications such as SLAM systems, where low latency and stable performance
in dynamic environments are critical.

To further evaluate the recognition accuracy of the proposed object detection algorithm,
a time-series analysis of the mAP@0.5 and mAP@0.5:0.95 metrics across training epochs
was conducted for all four experimental groups. Figure 7 shows the time-series results
of mAP@0.5 and mAP@0.5:0.95 for the four Group. In Figure 7, it is evident that Group 1
(baseline YOLOv8n) consistently exhibits the lowest performance in both mAP@0.5 and
mAP@0.5:0.95 throughout the training process, with values gradually stabilizing as the
number of epochs increases. Group 2, which incorporates the ODConv module, achieves
higher detection accuracy than Group 1 across most of the training period. Notably, during
the 700–900 epoch range, Group 2 temporarily surpasses the proposed method in terms of
mAP@0.5. However, signs of overfitting begin to emerge in Group 2 beyond epoch 850,
leading to a relative decline in performance. Group 3, integrating the UIB structure in place
of the C2f module, demonstrates relatively stable performance throughout training, but its
final accuracy remains slightly below that of Group 2. In contrast, the proposed method
(Group 4), which combines both the ODConv and UIB modules, consistently outperforms
the other three configurations in terms of both mAP@0.5 and mAP@0.5:0.95 in the later
training stages. Specifically, the proposed method achieves an mAP@0.5 of 92.6%, and
under the stricter IoU threshold conditions, reaches an mAP@0.5:0.95 of 68.1%, representing
a 6.9% improvement over the baseline model in Group 1. These results demonstrate the
effectiveness of the dual-module integration strategy in enhancing detection accuracy while
maintaining robustness throughout the training process.

 
(a) The result of mAP@0.5 (b) The result of mAP@0.5:0.95 

Figure 7. The accuracy results of the metrics of mAP@0.5 and mAP@0.5:0.95 for the designed Groups
during the entire training epochs.

To assess the effectiveness of the proposed method in detecting dynamic targets across
different object categories, a detailed evaluation was conducted on three representative
dynamic classes: cars, cyclists, and pedestrians. Table 3 presents a comparative analysis of
the performance metrics for the baseline YOLOv8n and the improved YOLOv8n-ODUIB
model. As shown in Table 3, the proposed improvement led to consistent gains across all
evaluation indicators. For the “Car” category, the improved model achieves a 1.2% increase
in mAP@0.5 and a 3.3% increase in mAP@0.5:0.95. In the “Cyclist” category, the mAP@0.5
improves by 2.2%, while mAP@0.5:0.95 increases by 1.5%. The most notable enhancement
is observed in the “Pedestrian” category, where the model achieves substantial gains of
5.5% in mAP@0.5 and 8.9% in mAP@0.5:0.95. These results demonstrate that the proposed
algorithm can improve the detection performance of all designed dynamic object categories.
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Table 3. The comparative analysis of the performance metrics for the baseline YOLOv8n and the
improved YOLOv8n-ODUIB model (%).

Category
YOLOv8n OURS

P R mAP@0.5 mAP@0.5:0.95 P R mAP@0.5 mAP@0.5:0.95

Car 95.6 98.8 96.6 75.6 98.2 98.9 97.8 78.1
Cyclist 87.9 95.6 89.9 65.3 93.7 96.3 91.9 66.3

Pedestrian 81.6 87.7 83.0 50.2 85.3 89.6 87.6 54.7
all 88.4 94.1 89.6 63.7 92.4 96.6 92.6 68.1

Figure 8 presents a visual comparison of object detection results between the original
YOLOv8n model and the proposed YOLOv8n-ODUIB model. Four scenarios were used to
evaluate the recognition performance of the dynamic object. In Figure 8a, compared to the
detection result of the original YOLOv8n model, the vehicle in the bottom-left corner was
successfully detected by the proposed algorithm, and the detection confidence for the other
vehicles was enhanced by the proposed algorithm. In Figure 8b, although the dynamic
vehicles are in the shade, the detection confidence of these vehicles has been significantly
improved by the proposed algorithm, with the maximum confidence improvement reaching
36.2%. In Figure 8c, a dynamic vehicle is occluded by other vehicles. The original YOLOv8n
model fails to recognize the occluded vehicle, while the proposed algorithm successfully
detects it with a confidence of 0.75. In Figure 8d, there are many vehicles, and two vehicles
are severely occluded that are marked with the red box. Only one occluded vehicle is
detected by the original YOLOv8n model with a confidence of 0.45, whereas both occluded
vehicles are detected with higher confidence by the proposed YOLOv8n-ODUIB model. As
shown in Figure 7, the proposed YOLOv8n-ODUIB model exhibits a clear advantage in
dynamic objects detection of occlusion scenarios. Specifically, it demonstrates significantly
improved accuracy in detecting partially occluded objects, particularly vehicles that are
partially hidden by other objects or scene elements.

  
(a) Frame 1 (b) Frame 60 

  
(c) Frame 149 (d) Frame 1095 

Figure 8. Cont.
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Figure 8. The visual comparison of object detection results between the original YOLOv8n model
and the proposed YOLOv8n-ODUIB model.

4.2. The Performance Evaluation of Pose Estimation Based on the KITTI Dataset

The KITTI dataset, jointly released in 2012 by the Karlsruhe Institute of Technology and
the Toyota Technological Institute at Chicago, is a widely recognized benchmark for evalu-
ating algorithms in outdoor driving environments. To assess the accuracy and robustness of
the proposed YSAG-VINS system under purely visual conditions in dynamic environments,
three high-dynamic sequences from the KITTI dataset were selected for evaluation.

In this evaluation, the Absolute Trajectory Error (ATE) is adopted as the primary
metric to quantify the deviation between the estimated trajectory and the ground truth.
To demonstrate the effectiveness of the proposed method, a comparative analysis was
performed between YSAG-VINS and the baseline VINS-Fusion system.

Table 4 summarizes the statistics of ATE result of the YSAG-VINS and VINS-Fusion
systems for the three KITTI sequences. In Table 4, the RMSE, mean and standard deviation
(STD) of the YSAG-VINS for the 0930-0027 sequence are 0.5795 m, 0.5442 m, and 0.1991 m,
representing improvements over VINS-Fusion of 49.71%, 50.50%, and 55.47%, respectively.
The most substantial performance gain is observed in sequence 0930-0033, where the
YSAG-VINS reduces the RMSE, mean, and STD by 61.26%, 61.17%, and 61.45%, resulting in
final values of 2.2445 m, 1.8391 m, and 1.2866 m, respectively. For the 0930-0034 sequence,
the RMSE, mean and STD of the proposed algorithm are 1.4945m, 1.3281m and 0.6854m,
respectively, and the improvement rate achieves 43.05% (RMSE), 34.19% (mean), and
33.73% (STD) compared to VINS-Fusion. These experimental results clearly demonstrate
that the proposed YSAG-VINS system significantly enhances absolute pose estimation
accuracy compared to VINS-Fusion, particularly in dynamic outdoor scenarios where
conventional visual-inertial methods may struggle with moving objects and occlusions.

In Figure 9, the legend on the right indicates the position error. For the three KITTI
sequences, the proposed algorithm significantly reduced the maximum position errors
compared to the VINS-Fusion method. Specifically:

• Figure 9a: the maximum position error decreased from 2.097 m to 0.994 m, an improve-
ment of 52.6%.
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• Figure 9b: the maximum position error decreased from 12.296 m to 6.139 m, an
improvement of 50.1%.

• Figure 9c: the maximum position error decreased from 7.392 m to 5.012 m, an improve-
ment of 32.2%.

Table 4. The statistics of ATE result of the YSAG-VINS and VINS-Fusion systems for the three KITTI
sequences (m).

Sequences
VINS-Fusion YSAG-VINS(OURS) Improvements

RMSE Mean STD RMSE Mean STD RMSE Mean STD

0930-0027 1.1708 1.0821 0.4471 0.5795 0.5442 0.1991 49.71% 50.50% 55.47%
0930-0033 5.7936 4.7357 3.3376 2.2445 1.8391 1.2866 61.26% 61.17% 61.45%
0930-0034 2.6243 2.3275 1.2123 1.4945 1.3281 0.6854 43.05% 34.19% 33.73%
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Figure 9. The absolute trajectory poses error of the VINS-Fusion and YSAG-VINS algorithm for the
KITTI dataset.

The minimum position errors were also reduced by the proposed algorithm, reaching
0.184 m, 0.049 m, and 0.316 m for Figure 9a,b, and Figure 9c, respectively.

Figure 10 is the time series of trajectory for the VINS-Fusion and YSAG-VINS algorithm
in the X, Y, and Z directions. In Figure 10a–c the green curve represents the trajectory
sequence of the proposed algorithm, and the blue curve is that of VINS-Fusion. The
proposed algorithm and the VINS algorithm exhibit great consistency with the ground
truth trajectory in the X and Z directions. In the Y direction, the position trajectory of
the VINS algorithm shows a larger deviation from the ground truth compared to the
proposed algorithm.
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(a) 0930-0027 (b) 0930-0033 (c) 0930-0034 

Figure 10. The timeseries of trajectory for the VINS-Fusion and YSAG-VINS algorithm in the X, Y,
and Z directions.

To further validate the effectiveness of the proposed YSAG-VINS system, we con-
ducted a comparative analysis with two state-of-the-art SLAM systems, VDO-SLAM and
Dynamic-VINS [38], specifically designed for dynamic environments. Table 5 is the RMSE
statistics of ATE result of YSAG-VINS and the two baseline methods across multiple
KITTI sequences. In Table 5, YSAG-VINS consistently outperforms both VDO-SLAM
and Dynamic-VINS across all tested sequences. Compared to VDO-SLAM and Dynamic-
VINS, the RMSE by the proposed algorithm is improved by 30.4% and 26.8%, respectively,
for the 0930-0027 sequence. For the sequences 0930-0033 and 0930-0034, the RMSEs of
Dynamic-VINS are 2.4356 m and 1.5864 m, respectively. The accuracy is slightly improved
by VDO-SLAM, while the proposed algorithm obtains the optimal RMSEs for both datasets,
achieving 2.2445 m and 1.4945 m, respectively. These results indicate that the proposed
YSAG-VINS system is highly effective to handle feature point tracking in dynamic scenes,
thereby achieving more accurate pose estimation in challenging environments.

Table 5. Result of the RMSE of ATE result for the YSAG-VINS and VINS-Fusion systems on the three
KITTI sequences (m).

Sequences VDO-SLAM Dynamic-VINS YSAG-VINS

0930-0027 0.8324 0.7923 0.5795
0930-0033 2.3253 2.4356 2.2445
0930-0034 1.5357 1.5864 1.4945

4.3. The Performance Evaluation of Pose Estimation Based on the M2DGR and M2UD Datasets

To further evaluate the pose estimation performance of the proposed algorithm in
dynamic environments, additional experiments were conducted on sequences from the
M2DGR and M2UD datasets. Specifically, the rotation_01 sequence from the M2DGR
dataset, which includes dynamic objection in outdoor scenes, and the Urban_02, and
Urban_03 sequences from the M2UD dataset were used. The VINS-Fusion, DynaVINS
and the proposed algorithm were used to process these datasets. The ATE between the
estimated trajectory and the ground-truth trajectory was adopted as the metric to evaluate
the pose estimation accuracy. Table 6 is the statistics of ATE result for the three algorithms.

In Table 6, the RMSE, Mean and STD of the DynaVINS and YSAG-VINS are better
than that of the VINS-Fusion for all the datasets. Compared to VINS-Fusion, the maximum
improvement rates of RMSE for the DynaVINS and YSAG-VINS are 16.89% and 29.82%,
respectively, and the average improvement rates are 9.15% and 17.01%, respectively. Com-
pared to DynaVINS, the RMSEs of the proposed algorithm are improved by 15.56%, 9.72%
and 13.39% for the three sequences.
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Table 6. The statistics of ATE result of the YSAG-VINS and VINS-Fusion systems for the three KITTI
sequences (m).

Sequences
VINS-Fusion DynaVINS YSAG-VINS(OURS)

RMSE Mean STD RMSE Mean STD RMSE Mean STD

rotation_01 1.7228 1.4023 0.7822 1.4319 1.2352 0.7242 1.2090 1.0670 0.5685
Urban_02 6.7327 5.8551 3.3237 6.4968 5.6180 3.2628 5.8653 4.8862 3.0764
Urban_03 3.7253 3.1834 1.9349 3.5204 3.1054 1.8736 3.0490 3.0490 1.7156

4.4. Validation of the Adaptive Threshold Strategy

To further validate the effectiveness of the proposed adaptive threshold strategy in
dynamic feature point selection, we conducted comparative experiments on the KITTI,
M2DGR, and M2UD datasets to evaluate the localization accuracy of the SLAM system.
The experiments covered typical dynamic objects such as vehicles, pedestrians, and cyclists,
while also accounting for variations in scene complexity and dynamic levels. The control
group employed the fixed threshold ranges used in previous works, such as SG-SLAM [25],
to compare the performance under different threshold settings.

ε1 = W ∗ ε0 (8)

where ε0 denotes the initial threshold, typically set in the range of [0.01, 0.1] pixels, while W
represents the prior weight determined by the dynamic objects identified through semantic
information; a higher object motion probability corresponds to a larger W value. As an
example, in [25], the prior weight is set within the range of [1, 5]. ε1 denotes the final
threshold for determining dynamic objects, which is computed by combining the initial
threshold ε0 and the prior weight W. In the control group of this study, the threshold is set
according to the maximum dynamic probability, in order to fully evaluate the performance
of the fixed-threshold strategy under highly dynamic conditions, resulting in the threshold
εd value:

εd = 0.5 (9)

To ensure the fairness of the experiments, the control group using the Fixed Threshold
Strategy also employed the semantic feature selection method proposed in this work, with
the threshold set to the initial value ε0. The experimental results are shown in Table 7.

Table 7. The statistics of ATE result of the performance Comparison of the Our Method and Fixed
Threshold Strategy (m).

Sequences
Fixed Threshold Strategy Our Method

RMSE Mean STD RMSE Mean STD

0930-0027 0.8325 0.7937 0.3146 0.5795 0.5442 0.1991
0930-0033 3.5631 2.7781 1.7369 2.2445 1.8391 1.2866
0930-0034 1.9372 1.7469 1.0237 1.4945 1.3281 0.6854

rotation_01 1.6324 1.3763 0.9651 1.2090 1.0670 0.5685
Urban_02 6.0235 5.3299 3.2691 5.8653 4.8862 3.0764
Urban_03 3.6836 3.1107 1.8749 3.0490 3.0490 1.7156

Bold values indicate improved results compared with the baseline method.

Table 7 presents the quantitative comparison between the Fixed Threshold Strategy
and the proposed adaptive threshold method across multiple sequences. For sequence
0930-0033, the Fixed Threshold Strategy achieves an RMSE of 3.5631, a mean error of 2.7781,
and a standard deviation of 1.7369, whereas the adaptive threshold method achieves an
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RMSE of 2.2445, a mean error of 1.8391, and a standard deviation of 1.2866, corresponding
to reductions of approximately 37%, 34%, and 26%, respectively. Across all other tested
sequences, the adaptive threshold consistently achieves lower RMSE, mean, and standard
deviation values.

These quantitative results confirm that the proposed method improves feature selec-
tion accuracy and system localization stability, demonstrating clear advantages over the
Fixed Threshold Strategy, particularly in highly dynamic environments.

4.5. The Effectiveness Evaluation of Dynamic Feature Removal Strategy

The proposed YSAG-VINS system integrates enhanced semantic information with
geometric methods to remove dynamic features, thereby leveraging the complementary
strengths of both approaches. To evaluate the effectiveness of this semantic-geometric
fusion strategy, and to analyze the individual contributions of its component, abla-
tion experiments were conducted on three dynamic sequences from the KITTI dataset.
Figure 11 presents the experimental results of dynamic feature removal across four
different configurations:

• VINS-Fusion (baseline);
• YSAG-VINS (S), which utilizes the original YOLOv8n model for semantic-based

feature removal;
• YSAG-VINS (SI), which employs the improved semantic detection model proposed in

this work;
• YSAG-VINS (SI+G), the full pipeline that integrates both the improved semantic model

and adaptive geometric constraints.

In Figure 11a, the feature points extracted by VINS-Fusion do not account for dynamic
and potential dynamic objects in the scene. As a result, the extracted feature points
come from static objects, dynamic objects, and potential dynamic objects. The feature
points extracted from dynamic objects will affect the system’s position estimation accuracy.
Figure 11b shows the result of the feature points extraction by YSAG-VINS (S) that the
semantic information from the original YOLOv8n model is used. The dynamic objection
(marked in red cycle) and most potential dynamic objects are identified, while one potential
dynamic object marked in blue cycle is still undetected. The feature points from the
identified dynamic and potential objects are removed, while some feature points are
extracted from the undetected potential dynamic object. Figure 11c is the result of the
feature points extraction by YSAG-VINS (SI), and the undetected potential dynamic object
in Figure 11d is also detected by the improved semantic model. The feature points from the
dynamic and potential dynamic objects are successfully removed. However, in scenes with
a large number of potential dynamic objects, removing all the feature points of potential
dynamic objects will result in an insufficient number of usable feature points, thereby
affecting the accuracy and stability of the system’s position estimation. Figure 11d is the
result of the feature points extraction by the proposed algorithm (YSAG-VINS (SI+G)), and
all the dynamic and potential dynamic objects are detected. For the proposed algorithm,
the feature points from dynamic objects are removed, while the feature points from robust
potential dynamic objects are retained as much as possible. This will enable more reliable
feature points to be extracted from the scene, thereby enhancing the reliability of the
system’s position estimation.
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Figure 11. The experimental results of dynamic feature removal for the four Groups.

These results validate the effectiveness and necessity of combining semantic and
geometric constraints, and highlight the critical role of the improved semantic model in
achieving precise and robust dynamic feature suppression in real-world environments.

Table 8 is the statistics of ATE result for the four Groups with the different strategy
of dynamic feature removal. In Table 8 the accuracy of pose estimation is significantly
enhanced when the improved semantic constraint (SI) strategy is introduced into VINS. For
the three sequences, compared to VINS-Fusion, the proposed SI-based method achieves
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19.09%, 54.10% and 34.19% reduction in RMSE, indicating a substantial improvement in
pose estimation. When compared to YSAG-VINS(S) which relies solely on the original
YOLOv8n model for semantic segmentation, the improved semantic model yields an addi-
tional 9.81%, 33.13%, and 14.75% reduction in RMSE for the three sequences, highlighting
the effectiveness of the proposed enhancements. Furthermore, by incorporating geometric
information, the proposed algorithm YSAG-VINS(SI+G) leads to a further 38.83%, 15.55%
and 13.46% improvement in RMSE over the YSAG-VINS(SI).

Table 8. Result of ATE for the four Groups with different strategy of dynamic feature removal (m).

Sequences
VINS-Fusion YSAG-VINS(S) YSAG-VINS(SI) YSAG-VINS(SI+G)

RMSE STD RMSE STD RMSE STD RMSE STD

0930-0027 1.1708 0.4471 0.8627 0.4505 0.9473 0.4763 0.5795 0.1991
0930-0033 5.7936 3.3376 3.9746 2.2575 2.6578 1.4299 2.2445 1.2866
0930-0034 2.6243 1.2123 2.0257 0.9850 1.7270 0.8034 1.4945 0.6854

Bold values indicate improved results compared with the baseline method.

To further validate the effectiveness of the proposed method, we conducted paired
t-tests on the RMSE metric across three sequences. The paired t-test is formulated as follows:

t =
d√

∑ (di−d)
2

n(n−1)

(10)

where di denotes the difference in RMSE between two compared methods on the i-th
sequence, d is the mean of these differences, and n is the number of paired samples. The
denominator corresponds to the standard error of the mean difference.

The results summarized in Table 9 indicate that all proposed YSAG-VINS configura-
tions significantly outperform the baseline VINS-Fusion.

Table 9. Paired t-test results on RMSE across three KITTI sequences.

Comparison t-Value p-Value Significance

YSAG-VINS(S)—VINS-Fusion 4.53 0.045 Significant (p < 0.05)
YSAG-VINS(SI)—VINS-Fusion 6.40 0.023 Significant (p < 0.05)

YSAG-VINS(SI+G)—VINS-Fusion 10.9 0.008 Highly significant (p < 0.05)
YSAG-VINS(SI)—YSAG-VINS(S) 2.81 0.106 Not significant

YSAG-VINS(SI+G)—YSAG-VINS(SI) 6.55 0.022 Significant (p < 0.05)

In Table 9, it can be observed that all proposed YSAG-VINS configurations outperform
the baseline VINS-Fusion with statistical significance. Specifically, YSAG-VINS(S) shows a
significant improvement over VINS-Fusion (t = 4.53, p = 0.045 < 0.05), while YSAG-VINS(SI)
achieves an even higher level of significance (t = 6.40, p = 0.023 < 0.05). Furthermore, YSAG-
VINS(SI+G) demonstrates a highly significant improvement compared to the baseline
(t = 10.9, p = 0.008 < 0.01).

When comparing different configurations within YSAG-VINS, the improvement
of YSAG-VINS(SI) over YSAG-VINS(S) does not reach statistical significance (t = 2.81,
p = 0.106). This is mainly because both methods adopt a purely semantic strategy, which
indiscriminately removes all feature points within the detected semantic bounding boxes.
Since YSAG-VINS(SI) has higher detection accuracy than YSAG-VINS(S), it tends to iden-
tify more objects, including some static ones. As a result, more feature points are removed,
leading to a smaller relative performance gain compared with YSAG-VINS(S).



Appl. Sci. 2025, 15, 10595 22 of 26

However, adding adaptive geometric constraints (G) to YSAG-VINS(SI) leads to a
statistically significant performance enhancement (t = 6.55, p = 0.022 < 0.05), highlighting
the critical role of the global constraint module in improving overall system accuracy.

This additional gain illustrates the synergistic effect of combining semantic perception
with adaptive geometric constraint, effectively mitigating cumulative drift and enhancing
the stability and robustness of the estimated trajectory in dynamic environments.

4.6. Timing Analysis

The speed of a SLAM system directly affects the efficiency of executing more complex
tasks. Therefore, we evaluated the average processing time of per frame for the proposed
YSAG-VINS and compared it with other systems. The systems of VINS-Fusion, DynaVINS,
Dynamic-VINS, VDO-SLAM, YSAG-VINS(S), YSAG-VINS(SI) and the proposed YSAG-
VINS(SI+G) are used to analyze the computational performance. These systems are oper-
ated in the hardware platform Intel i5-13500H, Nvidia RTX4050(6G). Table 10 is the average
processing time of per frame for these compared systems.

Table 10. The processing time of per frame for these compared systems (ms).

Systems Average Processing Time of per Frame

VINS-Fusion 34.37
YSAG-VINS(S) 38.15
YSAG-VINS(SI) 37.53

YSAG-VINS(SI+G) 37.75
DynaVINS 68.54

Dynamic-VINS 56.23
VDO-SLAM 121.32

In Table 10, among the compared methods, VDO-SLAM incurs the highest time cost
due to its reliance on a pixel-level semantic segmentation network, which significantly in-
creases per-frame computational overhead. In contrast, the proposed YSAG-VINS employs
a dedicated object inference thread and adopts TensorRT-based model semi-parametrization
techniques to effectively improve processing speed, and the per-frame processing time
is 37.75ms. This reflects that the proposed YSAG-VINS achieves an effective trade-off
between semantic accuracy, pose estimation accuracy and real-time performance.

5. Discussion
The proposed YSAG-VINS system demonstrates significant advancements in address-

ing the long-standing challenges of SLAM in dynamic environments, particularly in terms
of robustness and localization accuracy. Existing dynamic SLAM methods still face several
limitations: first, when dynamic objects are occluded, semantic information can be incor-
rectly obtained, leading to errors in dynamic feature removal [26–28]; second, traditional
geometry-based methods with fixed thresholds cannot accurately identify and remove
dynamic objects in complex outdoor scenes, which reduces localization accuracy [20,25–28].
In addition, these methods often have high computational costs, making deployment on
resource-constrained platforms challenging.

Regarding neural network architecture design, several findings from this study are gen-
eralizable: full-dimensional dynamic convolution effectively captures multi-scale, context-
aware features; the UIB-enhanced C2f module demonstrates that balancing information
bottlenecks with feature fusion can improve feature discrimination while maintaining com-
putational efficiency; and strategies for multi-module integration and context enhancement
provide useful guidance for other VSLAM or dynamic perception systems, especially in
scenarios requiring both high accuracy and real-time performance. These findings are
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consistent with prior studies on efficient CNN design and embedded vision tasks [19,21],
further validating the effectiveness of context-aware features and feature fusion strategies in
improving system robustness and accuracy. For researchers in the field, this study suggests
focusing on multi-scale context modeling, balancing information bottlenecks and feature
fusion, and controlling computational cost to achieve both performance and efficiency in
dynamic scene understanding and VSLAM systems.

YSAG-VINS addresses these limitations by introducing full-dimensional dynamic
convolution and an improved UIB-enhanced C2f module into the object detection frame-
work, which enhances feature representation and improves the extraction of salient visual
cues. Combined with an optimized YOLOv8 detector trained on the BDD100K dataset,
the system achieves a balanced trade-off between high detection accuracy and real-time
inference capability. Furthermore, integrating semantic information into the VINS-Fusion
framework and employing a dynamic suppression strategy based on epipolar constraints
effectively mitigates the negative impact of dynamic objects. This semantic-geometric
fusion strengthens system resilience in complex scenarios, ensuring reliable pose estimation
where existing dynamic SLAM methods often fail.

Experimental evaluations on the KITTI, M2DGR, and M2UD datasets show that
YSAG-VINS consistently outperforms robust baselines in pose accuracy and resilience to
dynamic objects. To improve clarity, key results can be summarized in concise compara-
tive tables or figures, highlighting improvements without overwhelming the reader with
numerical details.

6. Conclusions
To address the limitations of conventional SLAM systems in dynamic environments,

particularly their insufficient robustness and localization accuracy, this paper proposes
YSAG-VINS, a real-time dynamic semantic visual-inertial SLAM system tailored for such
challenging conditions. First, in the object detection module, we enhance the standard con-
volution layers with full-dimensional dynamic convolution and improve the C2f module
with a UIB structure. These improvements enable the neural network to more effectively
extract channel-wise features, dynamically adjust inter-channel dependencies, and capture
salient visual information. As a result, the detection model achieves better feature repre-
sentation and training accuracy. The improved YOLOv8 neural network is subsequently
trained, validated, and tested on the BDD100K dataset, yielding a model that balances high
detection accuracy with real-time performance.

Subsequently, the optimized YOLOv8 detector is integrated into the VINS-Fusion
framework to provide prior semantic information. A dynamic suppression strategy,
grounded in epipolar geometry constraints, is employed to eliminate feature points associ-
ated with dynamic objects. This semantic-geometric fusion approach significantly enhances
the system’s robustness, accuracy, and real-time capability in dynamic scenes.

Extensive experiments validate the effectiveness of the proposed system. In particular,
evaluations on three sequences from the KITTI dataset demonstrate that YSAG-VINS
reduces the RMSE of trajectory estimation by 43.05% to 61.26% compared to the VINS-
Fusion method. Additionally, the system achieves competitive inference speed, making it
well-suited for real-world applications where both precision and efficiency are critical.

However, experimental evaluations also reveal certain limitations. The effectiveness
of YSAG-VINS is closely tied to the quality of semantic information, which may degrade in
environments with poor visibility or underexposed imagery. In such cases, the robustness
of object detection can be compromised, leading to less reliable feature suppression and,
consequently, reduced localization accuracy. Moreover, although the system achieves
competitive real-time performance, the computational cost of integrating an enhanced
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deep learning detector could pose challenges for deployment on resource-constrained
platforms. Future work will focus on addressing these limitations by exploring lightweight
yet robust network architectures for semantic extraction, as well as adaptive strategies that
can dynamically adjust the reliance on semantic information depending on scene quality.
Additionally, extending the framework to incorporate temporal semantic consistency across
frames may further mitigate detection failures in visually degraded conditions, paving the
way for broader applicability of YSAG-VINS in real-world scenarios.
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Abbreviations
The following abbreviations are used in this manuscript:

SLAM Simultaneous localization and mapping
ODConv Omni-dimensional dynamic convolution
C2f Concatenate and fuse
UIB Unified inverted bottleneck
SGD Stochastic gradient descent
mAP@0.5 mean average precision at IoU threshold = 0.5
mAP@0.5:0.95 mean average precision across IoU thresholds from 0.5 to 0.95
Param parameter count
GLOPs Giga Floating Point Operations per Second
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