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Abstract

Aiming to address the problems of scale uncertainty and dynamic object interference in
monocular visual simultaneous localization and mapping (SLAM), this paper proposes
an absolute depth estimation network-based monocular visual SLAM method, namely,
ADEmono-SLAM. Firstly, some detail features including oriented fast and rotated brief
(ORB) features of input image are extracted. An object depth map is obtained through
an absolute depth estimation network, and some reliable feature points are obtained by a
dynamic interference filtering algorithm. Through these operations, the potential dynamic
interference points are eliminated. Secondly, the absolute depth image is obtained by
using the monocular depth estimation network, in which a dynamic point elimination
algorithm using target detection is designed to eliminate dynamic interference points.
Finally, the camera poses and map information are obtained by static feature point matching
optimization. Thus, the remote points are randomly filtered by combining the depth values
of the feature points. Experiments on the karlsruhe institute of technology and toyota
technological institute (KITTI) dataset, technical university of munich (TUM) dataset,
and mobile robot platform show that the proposed method can obtain sparse maps with
absolute scale and improve the pose estimation accuracy of monocular SLAM in various
scenarios. Compared with existing methods, the maximum error is reduced by about 80%,
which provides an effective method or idea for the application of monocular SLAM in the
complex environment.

Keywords: dynamic scene; monocular SLAM; depth estimation; pose estimation; feature
point matching

1. Introduction

Simultaneous localization and mapping (SLAM) has been a core research topic in
robotics in recent years [1,2]. It aims to enable robots to estimate their motion and simultane-
ously construct a map of unknown environments. SLAM maps are typically categorized as
sparse, semi-dense, or dense, depending on the density of reconstructed features. Sensors
used in SLAM include LiDAR, cameras, and odometers. Cameras can not only provide rich
environmental information, but also offer low cost, light weight, and compact size [3,4]. Vi-
sual SLAM relying on cameras as the primary sensor has gained popularity. Consequently,
visual SLAM has been widely applied in autonomous driving, service robots, and AR/VR.
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According to sensing modality, camera types can be divided into monocular, stereo,
and red green blue-depth (RGB-D) [5]. Monocular SLAM with only one camera achieves
the lowest cost, but suffers from the following three inherent scientific challenges [6-8].
(1) There is scale unobservability. Based on the pinhole projection model, a 2D pixel co-
ordinate (u, v) corresponds to infinitely many 3D points along the optical ray. The depth
Z cannot be uniquely determined, resulting in scale ambiguity. Even after initialization,
the relative scale drifts during long-distance motion due to the lack of metric constraints.
(2) There is some dynamic interference. In real-world scenes, moving objects (e.g., pedestri-
ans, vehicles) violate the static scene assumption. Their feature points introduce inconsistent
motion cues, which cause errors in motion estimation and data association. (3) There are
distant feature noises. Feature points with large depth values contribute weak geometric
constraints, while their depth estimation errors increase nonlinearly with distance. Fea-
ture points may introduce noise, but removing them entirely may result in insufficient
effective features.

Traditional geometric methods including PTAM [9], ORB-SLAM [10-12], and direct
sparse odometry (DSO) [13] treat above issues as engineering problems to be alleviated,
often by incorporating additional sensors such as inertial measurement units (IMUs). Unfor-
tunately, such solutions increase system complexity and still fail to resolve the fundamental
scientific limitations of monocular vision. In recent years, deep-learning-integrated ap-
proaches have made great progress [14,15]. Some end-to-end visual odometry (VO) models
such as DeepVO [16] and ESP-VO [17] learn motion patterns from large-scale data. How-
ever, the scale estimation lacks explicit metric constraints and generalizes poorly across
domains [18-22]. Hybrid methods combining semantic cues with geometry improve ro-
bustness in dynamic scenes [23]. Hybrid methods lack a principled integration of semantic
and geometric information, leading to unstable performance. Obviously, it is of great
significance to develop monocular SLAM frameworks that fundamentally resolve scale
ambiguity, dynamic interference, and distant feature noise using only visual information.

This paper proposes ADEmono-SLAM, a monocular SLAM system that integrates
absolute depth estimation into the traditional framework. The main contributions are
summarized as follows. (1) We propose an ADEmono-SLAM approach based on the
absolute depth estimation network. By incorporating metric depth produced from the
absolute depth estimation network, ADEmono-SLAM is able to resolve the inherent scale
ambiguity of monocular vision and significantly reduces scale drift in long distance mo-
tion. (2) A dynamic interference suppression approach is built for feature point detection.
A fusion mechanism including semantic and geometric is built to remove dynamic fea-
ture points, which can improve robustness in dynamic environments. (3) A probabilistic
distant feature filtering algorithm is proposed. A noise-aware strategy selectively filters
long-distance points, balancing noise suppression and feature completeness. (4) Some
comprehensive validations are performed on some datasets and a mobile robot platform.
Experiments on public datasets and the mobile robot platform demonstrate that ADEmono-
SLAM achieves superior accuracy and robustness compared with state-of-the-art monocular
SLAM and popular VO methods.

2. Related Work

In this section, we review the existing methods from the perspective of how they
address the core scientific challenges of monocular SLAM: scale unobservability, dynamic
interference, and distant feature noise.
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2.1. SLAM Based on Traditional Geometric Methods

Traditional geometric methods form the foundation of visual SLAM. With these meth-
ods, one can mitigate scale ambiguity and motion estimation errors. Davison proposed the
first real-time monocular SLAM system based on extended kalman filter (EKF), laying the
groundwork for monocular motion estimation [8]. However, this method could not resolve
the inherent scale unobservability of monocular vision, leading to uncontrolled drift in large-
scale scenes. Klein introduced parallel tracking and mapping (PTAM), which separated
tracking and mapping into parallel threads, establishing the classic front-end /back-end
framework [9]. While PTAM improved real-time performance, it still relied on relative
depth from stereo initialization, failing to address the scientific root of scale ambiguity:
the lack of metric constraints in monocular projection. Further, Mur-Artal developed the
ORB-SLAM series methods integrating IMU to alleviate scale drift [10,11]. However, these
approaches do not fundamentally solve scale unobservability. Instead, they transfer the
problem to IMU calibration and noise accumulation, which will lead to renewed drift when
IMU data degrades.

For dynamic scenes, ORB-SLAM3 relies on geometric consistency checks, which suffer
from high false-positive rates in low-texture regions where dynamic and static features
are indistinguishable [12]. Moreover, Engel proposed a direct method that minimizes
image brightness errors [13]. While avoiding feature extraction instability, the direct
method still faces scale ambiguity in monocular mode and lacks targeted handling of
distant features, where photometric errors accumulate due to low resolution and noise. In
summary, traditional geometric methods treat scale ambiguity as an engineering problem
to be mitigated via IMU fusion, and their handling of dynamic and distant features remains
empirically driven.

2.2. SLAM Based on Deep Learning Methods

In recent years, deep learning methods have been widely applied in various fields [14].
Beyond geometry-only pipelines, a broader perspective on SLAM with deep learning has
identified open challenges in scale recovery and dynamic scenes, which can provide a
taxonomy and research roadmap for learning-augmented localization and mapping [15].
Such design principles, though developed for service recommendation, offer insights into
balancing real-time performance and data security in SLAM deployment. Deep learning
has introduced new tools for addressing SLAM’s scientific challenges, but existing methods
still have limitations in tackling scale unobservability, dynamic interference, and distant
feature noise.

Among deep learning-based methods, end-to-end methods use recurrent convolu-
tional networks to learn motion patterns from data [16,17]. DeepVO outperforms traditional
vision odometers in some scenarios [16]. The scale estimation relies on implicit data-driven
patterns rather than explicit metric constraints, leading to poor generalization across do-
mains. Additionally, UndeepVO is able to recover absolute scale using spatial-temporal
loss [18]. The absolute scale is derived from relative depth transformation, which lacks
strict metric consistency and results in cumulative errors in large-scale scenes.

Recently, some methods combining geometry and deep learning have shown more
promise for addressing core scientific issues [19]. For instance, RAUM-VO is able to
adjust rotation via epipolar constraints and uses deep networks for keypoint matching [20].
This method improves pose accuracy but relies on relative depth, leaving scale ambiguity
unresolved in long-distance motion. In addition, TSformer-VO uses transformers for feature
extraction [21]. However, the handling of distant features has no targeted noise filtering,
and leads to performance degradation in large-scale outdoor scenes. Further, Zhu proposed
DeepAVO, which uses attention modules to refine pose estimates [22]. While enhancing
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feature discriminability, it does not address the fundamental scale unobservability of
monocular vision, so application in metric-required scenarios is limited. Ma proposed
the DSOD method that integrates semantic segmentation with DSO to handle dynamic
scenes [23]. While effective in some cases, DSOD does not establish a statistical relationship
between semantic labels and geometric motion consistency, leading to the over-filtering of
static features in semantically ambiguous regions such as stationary vehicles misclassified
as dynamic.

Basically, existing methods have three key shortcomings. Traditional methods avoid
rather than solve scale unobservability, while deep learning methods lack explicit metric
constraints, leading to unstable scale in large scenes. Moreover, geometric methods rely on
fragile consistency checks, while semantic methods lack a principled integration of semantic
and geometric cues, leading to either under- or over-filtering. No existing method explicitly
models the nonlinear growth of depth error with distance, resulting in either excessive
noise from retained distant features or insufficient features from aggressive filtering.

The key challenges of monocular SLAM originate from the inherent limitations of
single-camera vision in recovering 3D information. These limitations manifest as scale
ambiguity, dynamic interference, and distant feature noise. In monocular SLAM, the
projection from 3D world coordinates to 2D image coordinates is modeled by the pinhole
camera model [5]. The depth cannot be uniquely determined from a single 2D observation.
All feature points along the ray through the camera center and pixel correspond to the same
projection. This leads to scale unobservability, which lacks an absolute metric reference.

Besides that, dynamic objects violate the static scene assumption of SLAM. Their
feature displacements between frames contain both camera motion and object self-motion,
resulting in incorrect pose estimation when using purely geometric constraints. Traditional
random sample consensus (RANSAC)-based outlier rejection fails in low-texture regions,
while semantic segmentation-based approaches often over-filter static objects misclassified
as dynamic. Therefore, a more reliable semantic and geometric fusion strategy is needed to
identify and remove dynamic features while preserving valid static ones.

Feature points at large depth values contribute little to pose estimation, since their
parallax is minimal across adjacent frames. At the same time, their depth estimation
error grows nonlinearly with distance due to limited image resolution and sensitivity to
atmospheric scattering and sensor noise. Retaining such features introduces uncertainty,
while discarding all of them may cause insufficient constraints in texture-poor regions.
Existing methods typically apply empirical thresholds, without modeling the statistical
distribution of depth errors. This motivates a probabilistic filtering strategy that reduces
noise while maintaining feature completeness.

To fundamentally address these challenges, we propose an integrated ADEmono-
SLAM framework in this paper. In the framework, an absolute depth estimation network is
proposed by providing metric constraints to eliminate scale ambiguity. Further, we build a
semantic and geometric fusion method, which is able to statistically model dynamic inter-
ference through target detection and feature filtering. Additionally, a probabilistic distant
feature filtering approach is proposed through leveraging noise distribution characteristics
to balance noise suppression and feature completeness.

3. The Proposed Method

To address the challenges of monocular SLAM including scale ambiguity, dynamic
interference, and distant feature noise, this paper proposes ADEmono-SLAM. The overall
system is illustrated in Figure 1. The ADEmono-SLAM framework integrates absolute
depth estimation with geometric constraints. Input images are processed in parallel through
three procedures: objection detection, absolute depth estimation, and ORB feature point
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extraction. The feature points and their depth values produced by absolute depth estimation
and ORB feature point extraction are used as input for the long-distance point-filtering
module. Some interference points are removed by long-distance feature filtering. Moreover,
objection detection is tackled by the YOLOv5 network. After dynamic feature removal,
the outputs are fused for feature matching and pose optimization to obtain camera poses
and map points. For each input frame, ORB features and binary descriptors are extracted.
A monocular absolute depth estimator produces a depth map that supplies scale and
distance cues. Depth information is used to randomly filter distant or unreliable features.
Further, an object detection module identifies potentially dynamic objects so that feature
points on moving targets can be excluded. The remaining stable features are matched and
refined via nonlinear optimization to jointly optimize the camera trajectory and map points.
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Figure 1. Overall framework of ADEmono-SLAM.

3.1. Absolute Depth Estimation Network

The inability to recover absolute depth from 2D projections causes the fundamental
problem of scale ambiguity in monocular SLAM. To resolve this, an absolute depth estima-
tion network based on ZoeDepth [24] is built to provide metric depth for feature points
and converts the infinite solutions of monocular projection into unique metric solutions.
The overall architecture of the absolute depth estimation network is shown in Figure 2. By
providing absolute depth for feature points, ADEmono-SLAM resolves the inherent scale
ambiguity and ensures metrically consistent pose estimation.
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Figure 2. Framework of the absolute depth estimation network.

Depth image

BEiT3g4— L

Npins



Electronics 2025, 14, 4126

6 of 25

For a 3D point (X, Y, Z) in the camera frame, its projection (1, v) onto the image plane
is given by following equation.

1 fxr 0 ¢y X
v =5 0 fy ¢ |- |Y (@)
1 0 0 1 Z

where f, f, are focal lengths, and ¢y, ¢, is the principal point.

The absolute depth estimation network is designed in two stages, following the
staged optimization principle and supported by stability analyses of neural networks,
including those on fuzzy logic-based aggregation operators. These analyses, though
focused on decision-making, highlight the importance of robust feature fusion to meet a
core requirement for stable depth estimation in the absolute depth estimation network.

The primary idea of absolute depth estimation network remains two complementary
perspectives. Firstly, hybrid feature fusion incorporating relative depth prediction is per-
formed by federated learning for robust decision-making [25,26]. On this basis, an absolute
depth estimation network is built to combine hierarchical visual features to broaden depth
prediction generalization. At this point, we employ decision making technology to enhance
the depth prediction [27]. Secondly, hierarchical relation learning strategies are employed to
combine compressive sensing networks that optimize data transmission via layered feature
correlations [28]. The absolute depth estimation network’s encoder—decoder structure
leverages these hierarchical dependencies to capture multi-scale depth relationships. This
dual-inspiration framework balances cross-modal feature synergy and structural depth
learning, aligning with cutting-edge multi-source optimization paradigms [29-31]. The
encoder—decoder backbone is implemented using PyTorch 1.10.1 Image Models [32]. The
second stage refines depth using a metric bin module inspired using LocalBins [33].

In the absolute depth estimation network, pixel-wise depth prediction aligns with
point-by-point feature extraction methods [34]. Fine-grained feature analysis, similar to
depth map generation, is able to improve task-specific accuracy. Inspired by LocalBins [33]
and existing encoder—decoder architecture, we do not estimate the global distribution of
depth values for the input image while predicting the depth distribution within a local
range for each pixel. One can predict not only the output of the last layer of the decoder,
but also combine all layers of the decoder to predict the bin centers for each pixel. The final
depth value of a pixel is obtained by summing the linear products of the center values of
the bins and their predicted probabilities. In the bottleneck layer, each pixel predicts N;
different seed bins and then uses a classifier multi-layer perceptron (MLP) to split each bin
in two. After each layer of the decoder, the number of bin centers doubles. For instance,
at the n-th decoder layer, each pixel will have 2"N; bins. The softmax function is used to
predict the scores corresponding to each bin center, and the final depth of pixel i can be

obtained using Equation (2).
I\]sum
Zi= ) Pi(k)-Ci(k) )
k=1

where Ny = 2"-Ns. Ngym represents the number of sub-bins at a certain layer of the
decoder, P represents the softmax function prediction score for a certain pixel point, C
represents the corresponding center value of the sub-bin for a certain pixel point, and Z;
represents the final depth value of the i-th pixel point.

Due to the order of the bins themselves, the softmax method may result in significant
differences in probability values for similar pixels. To improve probability prediction, we
replace softmax with a log-binomial distribution shown in Equations (3) and (4). This
improvement can effectively align with hybrid feature processing, and multi-level fusion
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strengthens fine-grained estimation. It is reasonable that sequence modeling for the vision
odometer leverages long-term temporal consistency from sequential data to stabilize pre-
dictions [35]. The log-binomial distribution embeds implicit temporal priors such as depth
continuity to mitigate frame-wise noise. In addition, the probabilistic depth calculation
similarly enhances robustness under distribution shifts by explicitly modeling uncertainty.

1

P(i) = softmax{ (logt(Pl)) (ﬁ”?) } 4)

Among them, p; = P(i; Nsum, q), which represents the calculation of the binomial

P(i} Nsum, q) - (Ns'um>'qi'(1_‘J)Nsumi 3)

distribution value for the i-th warehouse center. q and t are predicted based on the decoder
features, representing the mode and temperature, respectively. To obtain the normalized
probability, the softmax function is still used. Then, the t-temperature is applied to control
the final distribution. P(i) indicates the final probability value of the z-th binary center, and
the final absolute depth value of the pixel is updated according to Equation (2).

It is crucial to tackle sequential tasks for visual SLAM due to the temporal consistency
problem [19]. Absolute depth estimation network training is solely based on single images,
aiming for metric-scale accuracy and zero-shot transfer. Its training includes relative depth
pre-training and metric depth fine-tuning but lacks consistency constraints on sequential
images. As single image depth estimation learns the depth based on stereo image pairs,
it does not suffer from the scale issue. To tackle this problem, a global absolute scale
extracting method is employed during absolute depth estimation network training [15].
Suppose that the estimated depth value in pixels from single-image depth estimation is
zs(i,j), and the estimated depth value in the same point from the absolute depth estimation
network is z,4,(i, j). The global scale factor can be computed as

m n Zs (i,j)
i=0 Lj=0 2, (i) (5)

mXxn

S global —

where m and 7 are the dimension of image I(i}).

As the absolute depth estimation network estimates depth based on image sequences,
the predicted depth map would be more accurately estimated once the scale is corrected.
Similar to the VO method [15], we also optimize the single image depth estimation by
minimizing the depth difference between z,4(i,j) and single image depth estimation
Sqlobal X Zade(i,]) — 25(i, j). A global consistency loss function is built to enforce the pre-
dicted depth maps from single image estimation be similar to that from the absolute depth
estimation network. By exploiting temporal sequence and spatial image pair simultane-
ously, their performance can mutually improve compared with predicting either of them
independently. The global consistency loss is defined as follows:

Lglob/zl = Zlm:() 7:0‘Dt7s(ir]') - Dt—ude(i/j) X Sglobﬂl (6)

where D;_(i,]) is the estimated depth map from the single image at time t. D;_,4.(i, j)
is the estimated depth map from absolute depth estimation network for the same input
image. Sgjopal is the global scale factor.

3.2. Dynamic Interference Point Removal

Moving objects such as pedestrians and bicycles violate the static scene assumption
and introduce inconsistent motion cues [36]. To deal with this problem, we address the
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issue of excluding interference from potential dynamic objects in images by designing a
dynamic interference point removal algorithm based on rapid object detection. It identifies
interference feature points among potential dynamic objects that are actually in motion,
thereby preventing these interference points from being included in subsequent matching
and optimization processes, and enhancing the system’s resilience to interference.

In order to extract ORB feature points from the input image, we employ a YOLOV5
network [37] as a fast object detection model to detect in real time whether there are any of
the priori objects while obtaining feature points. We train YOLOvV5 network using a public
image database that includes some partially occluded objects such as people, bicycles, cars,
motorcycles, buses, and trucks. The network is similar to other popular convolutional
neural network structures [38—42]. The ORB feature point extraction process is denoted by
the following equation:

0; = F(Iy) 7)

To further reduce the deviation between the depth values predicted by the depth
estimation network and their actual distances in different real-world scenarios, we de-
signed a feature point enhancement algorithm. Assuming the image after extracting
ORB feature points is R, with a width of w and a height of h, the set of feature points
isO;(i=1, 2, 3...N), where N is the total number of feature points extracted from the
current image. The depth image obtained from the depth estimation network is D, and
the depth corresponding to each feature point is D;(i =1, 2, 3...N). Then, the image
R is divided into equal-area segments similar to a quadtree structure, resulting in four
equal-area image blocks after one division that is described as follows:

Ry (0<x<w/2and0<y <h/2)
R — Ry (w/2<x<wand0<y<h/2) ®)
" IRy (w/2<x<wandh/2<y<h)

Ry (0<x<w/2andh/2 <y <h)

where R; represents four equal-area blocks; sequentially in the order of subscript: top left;
top right; bottom right; and bottom left image blocks. x and y are the coordinate values of
the pixel width and height, respectively.

After the initial partitioning, each sub-block undergoes uniform processing. For the
top left image block Ry, the subset of feature points is Og ;(i =1, 2, 3... Np), where Ny
is the total number of feature points in that block, and the depth values of each feature
pointare Dy ;(i =1, 2, 3... Np). Additionally, specific weights are assigned to each feature
point based on its depth value and the Euclidean distance between pixel coordinates, with
the weight defined as the edge length between two points, denoted as W ;. Equation (9)
describes how to calculate the weight value.

WO ; ||M0x1 — MOXZHZ X PO/O

< exp{ (Do, — Min)/(Max — Min)} x Q% ®)

where, i = 1,2,3... Ny. Rg 1 is the starting point of the edge, and Rq_,» is the endpoint
of the edge, meaning that the above formula describes the weight value of the directed
edge from the starting point to the endpoint. Max and Min represent the maximum and
minimum depth values within this image block, respectively. P and Q are proportion
parameters that are reasonably adjusted based on the width and height of the input image.
Their values can be determined by image size.

Then, we set the feature point with the minimum depth value in the image block as
the starting point, and begin searching for the next point. During the search process, the
point with the maximum weight relative to the starting point is identified. The search
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(a) original image (b) feature point enhancement result

process is repeated until the number of identified feature points reaches 3/4 x N, at
which point the search stops and the remaining 1/4 x Ny points are filtered out. After all
four sub-blocks have been processed, each sub-block also undergoes the aforementioned
recursive operation to further enhance the robustness and randomness of the selected
point set, while ensuring the uniform distribution of the original feature points. Figure 3

describes the main process of this algorithm.

Figure 3. Feature point enhancement algorithm process.

As can be seen in Figure 3, after extracting feature points from the image, the first
block division is performed, followed by the elimination of some feature points. In the
second recursive block division, additional feature points are also removed. This algorithm
not only maintains the uniformity of the feature points after processing, but also further
selects more effective feature points based on the relative error of the absolute depth values,
providing a solid foundation for subsequent feature matching and pose optimization.

If target objects have appeared, a rectangle is drawn around the targets and their pixel
area calculated. The size of potential dynamic targets based on the area ratio of different
targets to the whole image will be then determined. Assume that the current frame with
dynamic target objects is M, and set a specific target as a mask point set mask, as shown in
Equation (10). Equation (11) describes the method for determining whether a pixel point is
within the mask, where (Py, P) represents the two-dimensional coordinates of the point to
be evaluated, and (P1_y, P1_y) and (P2_y, P>_y) represent the two-dimensional coordinates of
the top-left and bottom-right corners of the mask boundary rectangle. To avoid interference
from edge pixels of dynamic targets, the mask area is expanded outward by a distance of
d pixels.

Mi = Oi* Muskl-(Ol-) (10)

Mask; = {(Pi, Py)| P, ,—d<Py<P y+dand P, —d <Py <Py y+d} (11)

where d =/ (Pyy — Py_y)? + (Prx — Pp_o)* % 2%.

Since small targets often contain few feature points, all feature points within the small
target are removed. The feature points in the large target undergo a secondary determi-
nation of whether their real motion state is dynamic. Each feature point in the potential
dynamic large target is processed as follows. Assume that the feature points contained
are O;(i =1, 2, 3...N), the feature points in the target box are Mask;(i =1, 2, 3...P),
and the feature points in the background are B;(i =1, 2, 3...Q). After matching fea-
ture points between the current frame and the previous frame, the ¢ static points from
the current frame’s background that have the shortest Hamming distance to the previ-
ous frame’s binary descriptors are selected. The mean pixel distance difference between
the points to be judged in the current target box and these ¢ static points is calculated;
feature points with a difference greater than the threshold Dy;; are considered dynamic
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points. Equation (12) describes the set of feature points within a specific box that meet the

} (12)
where Oy; € Mask;, i =1,2,3...P.
Furthermore, in order to avoid the coincidence of moving objects moving consistently

preliminary static model.

1

oui = {0 1 x L [mask — P < Dus

in the projection direction, for feature points Oy (i =1, 2, 3... P’) within the threshold
Dg;s range, the current frame’s pose T, is obtained based on a constant velocity model.
Using the principles of epipolar geometry, the matching points are projected onto the
current image to obtain the projected points. If the pixel distance between the feature
point to be judged and the projected point exceeds a specific threshold D,,;,, it is also
considered a dynamic point. The remaining static points are combined with the target
external background points to serve as the final feature points for inter-frame matching.
The set of static points within the final frame is represented as follows:

OLi = {OMi

| 1K # T. % Pp— Oy | |2<Dmin,} (13)

where Or; € Op,i=1,2,3... P,

In this context, Op; represents static points within the target frame, K refers to the
camera’s intrinsic parameters, and P, corresponds to the three-dimensional coordinates
in the world coordinate system of matching points from the current frame to the previous
frame. Figure 4 illustrates the main process of the dynamic interference point removal algo-
rithm. Figure 4a shows target detection and differentiation between large and small targets.
Figure 4b addresses the classification processing of feature points among different targets,
where the green circles represent static feature points extracted from the static background-
these points are initially identified as potential reliable features before interference removal.
Figure 4c displays the feature points after the first removal, colored in yellow, and Figure 4d
shows the feature points after the second removal, colored in blue. Clearly, this mechanism
effectively eliminates motion ambiguity caused by dynamic objects. Its design principle
aligns with risk management frameworks for complex systems. Similar to how large-group
failure mode analysis identifies and mitigates critical risks, the dynamic feature removal
strategy isolates abnormal motion cues to preserve pose estimation stability.

3.3. Long-Distance Point Filtering

Feature points with large depth values (often greater than 30 m) provide weak ge-
ometric constraints, while their depth errors increase nonlinearly with distance. Large
depth values introduce noise, and small depth values reduce feature sufficiency. To balance
this trade-off, ADEmono-SLAM adopts a probabilistic filtering strategy. As the core of
probabilistic filtering strategy, the long-distance point filtering module proposed in this
paper, which is described in Algorithm 1 (Distant point filtering algorithm). Depth values
are obtained from the absolute depth estimation network and a threshold of Zth = 30 m
is applied. Then, 50% of the feature points will be randomly filtered using a time-based
random seed when Z > Zth. This approach is able to significantly preserve sufficient
constraints while reducing noise.

By avoiding both over-filtering and under-filtering, this strategy stabilizes pose esti-
mation in large-scale outdoor scenes, anchored in two complementary theoretical pillars.
Firstly, dynamic noise mitigation from sequence modeling can filter noisy medical data to
boost diagnostic reliability [38]. The probabilistic filtering targets distant feature noise and
suppresses irrelevant signals to stabilize convergence. This noise-controlled system can
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enhance the geometric pose estimation. Secondly, a hybrid feature prioritization from geo-
physical inversion can balance local-global features for resistivity inversion by prioritizing
trustworthy inputs. The proposed method filters long-range points while retaining geomet-
rically stable features. By bridging these two domains, the proposed strategy harmonizes
noise resilience and feature reliability.

Algorithm 1: Distant point filtering algorithm

Input: Image to be processed M
Set Depth Threshold fd
Output: Filter to get reliable feature points for feature matching
1: All feature points KP of the monocular image M output in the previous stage
M predicts each pixel of the current image through the absolute depth
estimation network to obtain a depth map D
Set a random seed with respect to time
for the i feature point:
Calculate the corresponding depth value d; according to the
two-dimensional pixel coordinates of the feature point
if(d; > fa)
Obtain a random number num; from 0 to 1
if(num; < 0.5)
Eliminate long-distance feature points with unreliable depth values KP;
10: else;
11: else;
12: Return(KP — KP;)

Figure 4. The processing of dynamic interference point removal. (a) Object detection; (b) different
object classification; (c) first stage of interference point removal; (d) second stage of interference
point removal.
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4. Experiment and Analysis

In order to evaluate the performance of the proposed method, some experiments
were carried out on the outdoor public dataset KITTI [6], the indoor public dataset TUM
RGBD [7] and a mobile robot platform. To eliminate random errors in the system, each
experiment was repeated 5 times, and the median was used as the final result. The
experimental environment was as follows: an Intel Core i9-9900 CPU (Intel Corporation,
Santa Clara, CA, USA) with 3.1 GHz, memory with 64 G and NVIDIA Quadro P2200 GPU
(NVIDIA Corporation, Santa Clara, CA, USA). All experiments were conducted in the
Ubuntul8.04 operating system (Canonical Ltd., London, UK).

To fairly compare the results of various methods, we adopted the measurement method
of pose and trajectory evaluation commonly used in SLAM, which is consistent with the
absolute translation root mean square error (RMSE) t,,; used in ORB-SLAM2 [11]. The
calculation method of this index is shown in Equation (14).

| N 1/2
taps = <Z | I trans(F; )| |> (14)
N i=1
where F; = Tgft,lfSTgstli, T¢t represents the ground truth trajectory, Test represents the

estimated trajectory, S represents the similarity transformation matrix between Tg; and
Test, F; represents the absolute trajectory error of step i, and trans(F; ) represents the scalar
value of the translation part in the brackets.

4.1. Experiments on KITTI Odometer Image Dataset

The KITTI odometer image dataset is a public outdoor dataset commonly used in the
field of autonomous driving and SLAM [6]. It typically includes some cities and highway
scenes in Germany. The dataset was recorded by a vehicle-mounted stereo camera with
an image resolution of 1240 x 376. The odometer data of the KITTI dataset organizes
images and trajectory information for different sequences. Different sequences contain
different real-life scenarios. For example, the sequence 00-10 is urban, highway, urban,
country, country, country, urban, urban, urban, urban, and country, respectively, as shown
in Figure 5. In our experiment, nine sequences were employed, among which sequences 00,
02, 05, 06, 07, and 09 contained loop closure.

Figure 5. KITTI image dataset.

In order to measure the performance of our approach, we compared ADEmono-SLAM
with some typical geometric methods including ORB-SLAM2 and ORB-SLAMS variants.
ORB-SLAMS includes two variants: ORB-SLAMS3 (short version) and ORB-SLAM3 (full
version). ORB-SLAMS3 (short version) does not have loop detection, while ORB-SLAMS3 (full
version) and ORB-SLAM2 have loop detection. ADEmono-SLAM has no loop detection.
Table 1 shows the results of different methods on various sequences.
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Table 1. t,;,; of several methods on KITTI dataset.

Sequence ADEmono-SLAM  ORB-SLAMS3 (Short Version) [12] ORB-SLAMS3 (Full Version) [12] ORB-SLAM2 [11]
00 20.89 81.85 6.95 6.20
02 22.99 38.17 27.47 29.97
03 3.70 1.69 1.31 0.97
05 5.18 41.98 5.27 5.20
06 4.33 50.61 15.05 13.27
07 221 17.42 3.17 1.88
08 14.51 51.94 56.97 51.83
09 9.88 57.46 7.68 62.17
10 4.06 7.83 7.33 7.61
Average t 9.75 38.77 14.58 19.90

Bold values in Table 1 highlight the relatively optimal f,,; results for each sequence or the average among the
compared methods, facilitating quick comparison and identification of superior performance.

The t,; of ADEmono-SLAM on sequences 08 and 10 are 14.51 and 4.06, respectively,
which are the lowest values among these methods. The t,;; on the above two sequences
was significantly reduced by 72.06% and 48.15%, respectively, compared with ORB-SLAM3
(short version). On sequences 02, 05, and 06, the t,,; of ADEmono-SLAM are 22.99, 5.18, and
4.33, respectively, which are also the best results among these methods. Specifically, the t
of ADEmono-SLAM reduced by 16.30%, 1.70%, and 71.23% compared with ORB-SLAM3
(full version).

For sequence 00 and 07, the t,,; of ADEmono-SLAM is 20.89 and 2.21, which is higher
than ORB-SLAMS3 (full version) and ORB-SLAM?2, among which ORB-SLAM?2 achieved the
lowest absolute translation RMSE of 6.20 and 1.88, respectively. On sequence 03 and 09, the
taps of ADEmono-SLAM is 3.70 and 9.88, which is higher than ORB-SLAMS3 (full version)
that achieved the best result. The reason may be the fact that most of these sequences
contain loop closure, while our method does not have loop detection. In addition, most of
these sequence images are in urban areas, where environmental and lighting interference is
significant. Nevertheless, the average t,;; of the proposed method is 9.75 in all sequences,
which is the lowest among these methods. Compared with ORB-SLAM3 (short version), it
has also been greatly improved on some sequences. The experimental results show that the
traditional method has a large absolute translation RMSE in large-scale outdoor scenes due
to scale drift.

In order to qualitatively analyze the trajectory results of our approach, a trajectory
comparison of ADEmono-SLAM and ORB-SLAMS3 (short version) was carried out on
sequences 00, 05, 06, 07, 08, and 09. The results are shown in Figure 6. The gray dotted
line represents the real trajectory, and the blue line represents the method of comparison.
Figure 6a—f show the trajectory of sequences 00, 05, 06, 07, 08, and 09. The upper row in
each subplot represents the trajectory of ADEmono-SLAM. The second row in each subplot
represents the trajectory of ORB-SLAMS3 (short version). From these results, ADEmono-
SLAM is obviously closer to the real trajectory than ORB-SLAMS3 (short version), which
implies that the proposed approach has quite good robustness.

To further validate the performance of our approach, we compared ADEmono-SLAM
with the popular deep learning methods ESP-VO [17], UndeepVO [18], LSTM-VO [19],
DSOD [23], DeepAVO [22], RAUM-VO [20], and TSformer-VO [21]. Among these methods,
ESP-VO applies recurrent convolutional networks for probabilistic visual odometry. Un-
deepVO recovers scale using unsupervised deep learning. LSTM-VO leverages recurrent
neural networks for motion learning. DSOD integrates semantic segmentation with direct
methods. DeepAVO refines pose with feature distillation. RAUM-VO adjusts rotation via
epipolar constraints. TSformer-VO employs transformers for feature extraction. The results
are shown in Table 2. t_,,; denotes the average translational RMSE drift (%) at a length of
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100 m-800 m. r_,, represents the average rotational RMSE drift (°/100 m) at a length of
100 m-800 m. The best results are highlighted in bold. *-” denotes that the paper did not

provide experimental results.
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Figure 6. Trajectory of ADEmono-SLAM and ORB-SLAMS3 (short version) on several sequences.

On sequence 03, 05, 06, 07, 08, and 10, the average translational RMSE drift of
ADEmono-SLAM is 2.55, 1.73, 1.89, 1.51, 2.97, and 2.09, respectively, which is obviously
lower than other deep learning methods. For sequence 00, 02, and 09, ADEmono-SLAM
achieved the second-lowest accuracy. Specifically, the average translational RMSE drift of
ADEmono-SLAM is 3.20, 3.58, and 3.09, which is slightly higher than RAUM-VO, which
achieved the lowest t_,,;. However, ADmono-SLAM achieved the lowest average value of

t_r; among these methods.

For average rotational RMSE drift, ADmono-SLAM achieved the best results on
sequences 02, 03, 05, 06, 07, 08, and 10. Specifically, the r,,; is 0.47, 0.27, 0.33, 0.60, 0.31,
0.44, and 0.44, respectively, for these sequences. The RAUM-VO method achieved the
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best r,,; values on sequence 00 and 09 at 0.77 and 0.31, respectively. The reason may be
that RAUM-VO is a frame-to-frame motion estimation method based on a model-free
epipolar constraint, which can utilize deep networks to match 2D keypoints between
consecutive frames, while training the network for depth and pose estimation using an
unsupervised training protocol. However, the average r,,; is 0.46 on all sequence images,
which is obviously lower than the other methods.

Table 2. Comparison results of deep learning methods on the KITTI dataset.

Sequence

Method 00 02 03 05 06 07 08 09 10 ‘veraseValue
UndeepVO [18] 414 558 - 340 - 315 408 - } 4.07
ESP-VO [17] _ - 672 335 724 352 - - 977 6.12
LSTMVO [19] 119 691 - 715 - 875 765 - ; 8.47
to DSOD [23] - 150 163 144 146 155 151 138 135 14.7
(%) DeepAVO [22] : - 364 257 496 336 - - 549 4.00
RAUM-VO[20] 254 257 321 304 303 239 363 292 584 3.24
TSformer-VO [21]  4.64 473 128 125 289 229 432 545 160 12.47
ADmono-SLAM 320 358 255 173 1.89 151 297 3.09 2.9 2.51
UndeepVO[18] 192 244 - 150 - 248 179 - ] 2.03
ESP-VO [17] ; - 276 121 150 171 - - 204 1.84
LSTMVO [19] 429 199 - 236 - 354 197 - - 2.83
rei(°)  DeepAVO [22] . - 189 116 134 215 - - 249 1.80
RAUM-VO[20] 077 058 133 115 083 103 107 031 0.8 0.86
TSformer-VO [21]  1.89 156 575 513 883 115 167 208 516 4.84
ADmono-SLAM 093 047 027 033 060 031 044 035 044 0.46
RAUM-VO[20] 162 161 260 174 923 216 163 8.66 122 11.20
tas(m) TSformer-VO[21] 465 552 141 613 883 314 264 236 226 41.04
ADmono-SLAM 208 229 370 518 433 221 145 988 4.06 9.72

Bold values in the table indicate the best performance among the compared methods for each sequence, facilitating
quick identification of optimal results.

We then measured the absolute translation RMSE for three popular methods on all
sequence images. The t,;,; of ADmono-SLAM is 5.18, 4.33, 2.21, 14.5, and 4.06 on sequence 05,
06, 07, 08, and 10, respectively, which is lower than the other methods. RAUM-VO achieved
the lowest t,;,; on sequence 00, 02, 03, and 09. The reason may be the good performance of
RAUM-VO in addressing issues such as scale drift and degeneracy motion. The average t,s
of ADmono-SLAM is 9.72, which is also the best result among these methods. From above
experimental results, ADEmono-SLAM tended to achieve the lowest average error across
most sequences, which suggests that the proposed method outperforms both end-to-end
and hybrid approaches.

4.2. Experiments on TUM RGBD Dataset

The TUM RGBD dataset contains indoor RGB images and depth maps at a reso-
lution of 640 x 480 [7]. This dataset includes sequences with handheld motion, robot
motion, dynamic objects, and validation files. Four image sequences were used in our
experiments. In sequence freiburg3_walking_static, two persons walk through an office
scene. The Asus Xtion sensor (AsusTek Computer Inc., Taipei, Taiwan, China) is kept
in place manually. This sequence is intended to evaluate the robustness of visual SLAM
and odometry algorithms to quickly moving dynamic objects in large parts of the visible
scene. In sequence freiburg3_walking_xyz, two persons walk through an office scene. The
Asus Xtion sensor is manually moved along three directions (xyz) while keeping the same
orientation. This sequence is intended to evaluate the robustness of visual SLAM and
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odometry algorithms to quickly moving dynamic objects in large parts of the visible scene.
In sequence freiburg3_walking_halfsphere, two persons walk through an office scene. The
Asus Xtion sensor is moved on a small half-sphere of approximately one meter diameter.
This sequence is intended to evaluate the robustness of visual SLAM and odometry algo-
rithms to quickly moving dynamic objects in large parts of the visible scene. In sequence
freiburg3_walking_rpy, two persons walk through an office scene. The Asus Xtion sensor
is rotated along the principal axes (roll-pitch-yaw) at the same position. This sequence is
intended to evaluate the robustness of visual SLAM and odometry algorithms to quickly
moving dynamic objects in large parts of the visible scene. Some typical images are shown
in Figure 7.

Figure 7. TUM RGBD dataset.

Dynamic scene sequences were selected to compare ADEmono-SLAM with popular
ORB-SLAMS3 RGBD [19]. We employed absolute translation RMSE to evaluate performance.
The trajectories of both methods are not scaled, and neither has loop closure detection.
Table 3 shows some comparison results for the TUM RGBD dataset. The t,,; of ADEmono-
SLAM on sequence walking_halfsphere, walking_rpy, walking_static, and walking_xyz
is 0.043, 0.109, 0.014, and 0.066, respectively. These experimental values are typically
lower than ORB-SLAM3 RGBD. Basically, ADEmono-SLAM reduces error by at least 80%
compared with ORB-SLAM3 RGBD. The comparison results suggest that ADEmono-SLAM
has excellent performance in tracking the trajectories of dynamic targets.

Table 3. t,,; on TUM RGBD dataset.

Sequence ADEmono-SLAM ORB-SLAMS3 RGBD [19]
fr3/walking_halfsphere 0.043 0.319
fr3/walking_rpy 0.109 0.671
fr3/walking_static 0.014 0.361
fr3/walking_xyz 0.066 0.622

Bold values in Table 3 represent the performance values of the proposed ADEmono-SLAM method, which are
highlighted to facilitate the quick identification of its superior results compared with ORB-SLAM3 RGBD.

Some qualitative comparisons are illustrated in Figure 8. In these experiments, our
approach remains close to the ground truth even in the presence of dynamic interference.
At the same time, each sequence includes a comparison of camera motion trajectories,
variations in camera coordinates over time, and changes in camera Euler angles. The yellow
curve represents ORB-SLAM3 RGBD, the blue curve represents ADEmono-SLAM, and
the gray dotted line represents the real trajectory. The leftmost sub-figure of each graph
represents the comparison of camera trajectories, the middle sub-figure shows the changes
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in camera coordinates over time, and the rightmost sub-figure illustrates the changes in
camera Euler angles over time. From the three comparative figures of each sequence, it
can be seen that the ORB-SLAM3 RGB-D method experiences significant drift, both in
static and dynamic states, whereas the algorithm presented in this paper maintains strong
robustness against interference, even in the presence of multiple dynamic objects, and the
computation of camera pose is more accurate and stable. The experimental results suggest
that ADEmono-SLAM involving dynamic interference suppression can not only effectively
perform feature point detection, but also remove dynamic features. This mechanism
is able to effectively improve robustness in dynamic environments. This also indicates
that dynamic interference point removal is very important, as various types of dynamic
interference exist in real-world environments, which can reduce system robustness.
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Figure 8. Trajectory comparison on four sequences.
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—— ORB-SLAM3 RGBD
—— ADmono-SLAM

To further verify scale stability, validation sequences without ground-truth trajectories
from the TUM RGB-D dataset were selected for testing. The experimental results are shown
in Figure 9. The red curve represents ORB-SLAM3 RGBD, and the blue curve represents
ADEmono-SLAM. The leftmost sub-figure of each graph represents the comparison of
camera trajectories, the middle sub-figure shows the changes in camera coordinates over
time, and the rightmost sub-figure illustrates the changes in camera Euler angles over time.
It is not difficult to conclude from the six comparative figures that, without any scaling of
the trajectories, the scales of the two trajectories are similar, which indicates that the scale of
the method proposed in this paper has good determinacy and stability. The reason is that
ADEmono-SLAM incorporating an absolute depth estimation network is able to resolve
the inherent scale ambiguity of monocular vision and significantly reduces scale drift in
long-distance motion. By changing the camera’s coordinate position and Euler angles, the
issue of simulating target scale uncertainty is expected to be addressed. Despite changes in
target scale, ADEmono-SLAM was still able to achieve stable trajectories, indicating that the
absolute depth estimation network played a significant role. The experimental results reveal
that ADEmono-SLAM maintains consistent scale compared with ORB-SLAM3 RGBD.
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Figure 9. Comparison results on two sequences without real trajectories.

4.3. Experiments on Mobile Robot Platform

To further validate the generalization ability of the proposed approach beyond public
benchmarks, we built a mobile robot platform (shown in Figure 10). We implemented
the ADEmono-SLAM algorithm on the mobile robot platform. The mobile robot platform
is equipped with an OAK-D RGB camera (Luxonis, Pittsburgh, PA, USA) (640 x 360,
5-6 Hz), an RS-LiDAR-16 sensor (RoboSense, Shenzhen, Guangdong, China) (10 Hz) for
ground-truth acquisition, and a laptop with an AMD Ryzen 7 5800H processor (Advanced
Micro Devices, Inc., Santa Clara, CA, USA) (3.1 GHz) and 16 GB RAM. Ground-truth
trajectories are generated using Lego-LOAM [43]. RGB images are captured using an OAK-
D camera with a Sony IMX378 RGB module (Sony Semiconductor Solutions Corporation,
Tokyo, Japan) (12 MP) and built-in Myriad X vector processing unit (VPU) for edge vision
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processing. Though only RGB monocular input is used, calibrated intrinsic and distortion
parameters ensure reliable depth estimation and reconstruction. High-precision 6 degrees of
freedom (6DoF) trajectories generated by a Robosense RS-LiDAR-16 (RoboSense, Shenzhen,
Guangdong, China) combined with the Lego-LOAM algorithm serve as ground truth. Lego-
LOAM, widely used for laser SLAM truth acquisition due to its robustness and real-time
performance, enabled the validation of our method’s localization accuracy in large dynamic
scenes via visual-laser trajectory comparisons.

RS-LiDAR-16

( OAK-D Camera

Figure 10. Mobile robot platform.

The mobile robot platform can provide a reproducible system for integrating absolute
depth estimation with SLAM in both indoor and outdoor scenarios. This setup demon-
strates the feasibility of deploying the proposed system in real-world conditions, bridging
the gap between simulation and practice. Camera intrinsic parameter calibration was
performed using the calibration functions included in OpenCV library 4.5.1, by capturing
multiple images of a 7 x 5 chessboard and taking the average. Some images after capturing
and calibration processing are shown in Figure 11.

e

i e

B, |

Figure 11. Camera calibration on checkerboard.

To quantitatively assess the contribution of dynamic removal to SLAM localization and
mapping quality, evaluate the impact of long-distance filtering on localization, and analyze
the interaction between the two modules, some ablation experiments were conducted
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using the mobile robot platform. Figure 12 shows the feature point detection results of
the method in an outdoor environment, in this figure, the green circles represent key
static feature points retained after screening, when a significant number of feature points
appear within the bounding box of potential dynamic objects, the moving feature points
are recognized as dynamic points, while the feature points in the background are static
points. Figure 12a shows that when both static and dynamic objects appear in the scene
(vehicles at rest and pedestrians in motion), most of the feature points extracted from static
objects are identified as static points (light blue points), while dynamic targets can still
detect dynamic points (red points), even if they have fewer feature points. Figure 12b
presents the feature point detection results for static objects, where it can be seen that a
large number of feature points are detected in the static vehicle area. Figure 12c shows the
feature point detection results for dynamic targets; when a significant number of feature
points appear within the bounding box of potential dynamic objects, the moving feature
points are recognized as dynamic points, while the feature points in the background are
static points. Figure 12d illustrates that when small dynamic objects are present, regardless
of whether these objects are in motion or at rest, all feature points need to be eliminated.
In real scenarios, some small dynamic points are long-range feature points, and these
long-range feature points are relatively less important for trajectory generation. ADEmono-
SLAM involving a probabilistic distant feature filtering module has noise-aware selectivity
in terms of long-distance points, which can significantly balance noise suppression and

feature completeness.

(d)

Figure 12. Feature point detection in the outdoor environment. (a) Feature point detection that
simultaneously exists for static and dynamic targets; (b) static target feature point detection; (c) feature
point detection of dynamic targets; (d) detection of feature points of small dynamic objects.

The quantitative results for the absolute translation RMSE are summarized in Table 4.
The t;,s of ADEmono-SLAM is 0.381 and 1.209 in the indoor and outdoor environment,
respectively. ORB-SLAM3 RGBD achieved 0.419 and 2.165 of ., respectively. From this
result, ADEmono-SLAM achieves comparable accuracy to ORB-SLAM3 (short) [43] and
significantly outperforms it in the outdoor dataset, where long-distance feature filtering
becomes critical. Further, we measured the trajectory accuracy using ADEmono-SLAM
without the dynamic interference point removal module and long-distance point filtering
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module. The t,;, of ADEmono-SLAM without dynamic interference point removal is 0.507
and 1.986. ADEmono-SLAM without long-distance point filtering achieved t,; values of
0.466 and 2.372, respectively. When dynamic interference point removal and long-distance
point filtering are not used, the ¢, is quite high at 1.131 and 4.625, respectively.

Table 4. t,;; on mobile robot platform.

Method Indoor Environment Outdoor Environment
ADEmono-SLAM 0.381 1.209
ORB-SLAM3 RGBD [19] 0.419 2.165
ADEmono-SLAM without dynamic interference point removal 0.507 1.986
ADEmono-SLAM without long-distance point filtering 0.466 2.372

ADEmono-SLAM without dynamic interference point

1.131 4.625

removal and long-distance point filtering

Bold values in Table 4 represent the performance values of the proposed ADEmono-SLAM method, which are
highlighted to facilitate the quick identification of its superior results in different environments compared with
other methods or variants.

From the ablation experiments, dynamic removal should significantly reduce absolute
errors and map noise in high-dynamic scenarios. However, if it is too aggressive, it may
inadvertently delete static features, leading to incomplete maps or degraded localization.
In scenes with long-distance noise, long-distance filtering can improve matching stability
and reduce computational costs, but filtering too many stable features at long distances can
impair relocalization ability. The two modules are complementary in most scenarios, but
in close-range situations, the impact of long-distance filtering may be minimal, requiring
adaptive switching or threshold adjustments based on the scene.

To provide a more intuitive comparison, Figure 13 displays the trajectory comparisons
of two algorithms in indoor and outdoor environments without scaling. Figure 13a shows
the indoor environment image, while Figure 13b’s left column presents the comparison of
the ground truth trajectory, the proposed algorithm, and the ORB-SLAM3 planar trajectory.
The right column of Figure 13b shows the variation in the camera’s 3D coordinates over
time. Figure 13c depicts the outdoor environment image, and Figure 13d’s left column
compares the ground truth trajectory, the proposed algorithm, and the ORB-SLAM3 planar
trajectory, while the right column of Figure 13d illustrates the change in the camera’s 3D
coordinates over time. In the experiments, both comparison algorithms were only aligned
with the true trajectory without scaling and did not utilize loop closure detection.

From Figure 13, it can be seen that the planar coordinates of the proposed algorithm
are closer to the true trajectory, while the trajectory of the ORB-SLAMS3 algorithm is signifi-
cantly affected by the environment, resulting in considerable deviation and frequent jitter.
Furthermore, the x-axis and y-axis coordinates of the proposed algorithm remain highly
consistent with the true values. Notably, due to the laboratory floor being level without
significant height differences, there are even drifts in the true values along the z-axis,
while the proposed algorithm demonstrates a relatively smooth performance, remaining at
around 0 m throughout the process.

We also measured the runtime of our approach on the mobile robot platform. The
absolute depth estimation network can process images at a speed of 15 frames per second,
which is almost real-time computational efficiency. The time of YOLOV5 detection is 100 ms
for a 640 x 360 image. The ORB feature extraction algorithm uses the rotation-invariant
BRIEF descriptor to generate binary strings by comparing the grayscale values of pixel pairs
in the neighborhood of feature points. Therefore, the ORB feature extraction algorithm is
very fast, with a computation time of about 10 ms for a 640 x 360 image. Basically, all of
the algorithms can meet real-time SLAM requirements.



Electronics 2025, 14, 4126 22 of 25

-

(a) Indoor environment

5
/ —— ground_truth .
4 —— Our method ’ﬁ_\_
0 —

ORB-SLAM3(RGB-D)

X (m)

5 6
— 4  — ground_truth Es4
E —— Our method ™
> 3  — ORB-SLAM3(RGB-D) B
2 0.4
_. 02
' E
e 0.0
0
0.2 :
-4 -2 0 2 4 6
X (m) 100 125 150 175 200 225 250 275

t(s) +1.704891x10°

(b) Trajectory comparisons in the indoor environment

_E, = ground_truth
x

= —— Our method
0 ORB-SLAM3(RGB-D) =

=3 —— ground_truth E 5
E —— Our method >
3 = —— ORB-SLAM3(RGB-D) )
1
0.5
0 —
E
~ 00
-2 0 2 4 6 8 -
X (m) -0.5 o~
600 625 650 675 700 725 750 775 9
t(s) +1.704891 x10

(d) Trajectory comparisons in the outdoor environment
Figure 13. The trajectory comparison of the two algorithms.

5. Conclusions

In this paper, we addressed the problems of scale uncertainty and dynamic envi-
ronment interference in monocular SLAM. We proposed the ADEmono-SLAM approach
that integrates an absolute depth estimation network with geometric optimization. The
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integration of an object detection network enables dynamic interference removal, enhanc-
ing system stability in complex scenarios. A long-distance feature point filtering strategy
was designed to improve feature matching quality and back-end optimization robustness.
Experimental results on both public datasets and mobile robot platform demonstrate that
ADEmono-SLAM can usually achieve quite good performance, while showing signifi-
cant advantages in large-scale environments. Although the proposed method can handle
dynamic interference targets and trajectory generation tasks with partial occlusion, its
robustness under special visual conditions such as reflections, transparent surfaces, and
complex occlusions still needs to be verified. Furthermore, ADEmono-SLAM includes
modules for absolute depth estimation, dynamic interference removal, and long-distance
feature point filtering, but the integrated optimization framework requires further design
to better validate its feasibility for application on embedded platforms.
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